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Preface

IbPRIA 2011 (Iberian Conference on Pattern Recognition and Image Analysis)
was the fifth edition of a series of similar events co-organized every two years
by AERFAI (Asociación Española de Reconocimiento de Formas y Análisis de
Imágenes) and APRP (Associação Portuguesa de Reconhecimento de Padrões).
Previous editions took place in Andraxt, Spain (2003), Estoril, Portugal (2005),
Girona, Spain (2007) and Póvoa de Varzim, Portugal (2009). In 2011 the event
was held in Las Palmas de Gran Canaria, Spain, hosted by the Universidad de
Las Palmas de Gran Canaria (ULPGC) and with the support of the ULPGC
and ULPGC’s Institute SIANI (Institute for Intelligent Systems and Numerical
Applications in Engineering).

IbPRIA is a single-track conference that provides an international forum for
presentation of ongoing work and new-frontier research in pattern recognition,
computer vision, image processing and analysis, speech recognition and applica-
tions. It acts as a meeting point for research groups, engineers and practitioners
to present recent results, algorithmic improvements, experimental evaluations
and promising future directions in related topics.

The response to the call for papers was positive. From 158 full papers sub-
mitted, 92 were accepted, 34 for oral presentation and 58 as posters. A high-level
international Program Committee carried out the review stage, where each sub-
mission was reviewed in a double-blind process by at least two reviewers. We are
especially grateful to the Program Committee and to the additional reviewers
for the effort and high quality of the reviews, which have been instrumental in
preparing this book. We also thank the very valuable contribution of the au-
thors, in answering the call and sharing their work, hopes and enthusiasm to
make IbPRIA2011 a successful event.

The conference benefited from the collaboration of three invited speakers:
Marcello Pelillo from the Dipartimento di Informatica of Università Ca ‘Foscari
di Venezia, Irfan Essa from the School of Interactive Computing, Georgia Tech
University, Atlanta, USA, and Sven Dickinson from the Department of Computer
Science, University of Toronto, Canada. We would like to express our sincere
gratitude for their participation.

The work of the eight Area Co-chairs, two for each of the four Conference
Areas, was also very valuable. Furthermore, we are very grateful to all members
of the Organizing Committee. Their work led to a successful conclusion of both
the conference and these proceedings.



VI Preface

Finally, we hope that this book will provide a broad yet comprehensive
overview of the research presented at the conference, both for attendees and
readers, laying the groundwork for new challenges in our area.

June 2011 J. Vitrià
J. Sanches

M. Hernández
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Lúıs Corte-Real

And-Or Graph Grammar for Architectural Floor Plan Representation,
Learning and Recognition. A Semantic, Structural and Hierarchical
Model. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 17
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Pedro Latorre Carmona, José M. Sotoca, Filiberto Pla,
Frederick K.H. Phoa, and José Bioucas-Dias
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An Online Metric Learning Approach through Margin Maximization . . . 500
Adrian Perez-Suay, Francesc J. Ferri, and Jesús V. Albert
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Miroslav Štrba, Adam Herout, and Jǐŕı Havel
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Abstract. This paper presents a new model for the description and
recognition of distorted shapes, where the image is represented by a
pixel density distribution based on the Blurred Shape Model combined
with a non-linear image deformation model. This leads to an adaptive
structure able to capture elastic deformations in shapes. This method
has been evaluated using thee different datasets where deformations are
present, showing the robustness and good performance of the new model.
Moreover, we show that incorporating deformation and flexibility, the
new model outperforms the BSM approach when classifying shapes with
high variability of appearance.

Keywords: Shape Recognition, Deformation Model, Statistical Repre-
sentation.

1 Introduction

Object recognition is one of the classic problems in Computer Vision. Differ-
ent visual cues can be used to describe and identify objects. Color, texture or
shape are some of them, being the last one probably the most widely consid-
ered. However, shape descriptors also have to face important challenges, for
instance, elastic deformations. Therefore, they should be robust enough in order
to guarantee intra-class compactness and inter-class separability in the presence
of deformation.

In our case, we are interested in shape descriptors that could be applied to
handwriting recognition. This is one of the applications where a large variability
poses a big challenge to shape descriptors. Several descriptors have been applied
to this field [11]. Two well-known examples are Shape context [1] or SIFT descrip-
tor [8]. In the particular context of hand-drawn symbol recognition, the Blurred
Shape Model (BSM) [4] has been introduced as a robust descriptor to classify
deformed symbols. It is based on computing the spatial distribution of shape
pixels in a set of pre-defined image sub-regions taking into account the influence
of neighboring regions. The use of neighborhood information permits to handle
a certain degree of deformation. However, due to the rigidity of the model, it
has an open problem when large deformations may cause high differences in the
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spatial information encoded by the BSM. For this reason, a deformable model
able to capture the deformations of the shape arises as an appealing alternative.

Several deformable models can be found in the literature [5] with different
characteristics to manage deformations. Some models [2,3] are based on a trade-
off between forces, which leads to an energy-minimization problem. It consists in
a compromise between adjusting the model to the given image, and restoring the
model to the original position. Another group of models approaches to deforma-
tions as a non-linear process. An example is the Image Distortion Model (IDM)
by Keysers et al. [6] which is based on a local pixel matching. This is the model
that we have selected to be combined with the BSM because their integration
into a unified framework seems a straightforward process. BSM computes a local
description based on the grid representation. Therefore, the local pixel matching
of the IDM can be adapted to work with this local grid-based representation.

Considering this, the main contribution of this work is the combination of
the BSM descriptor with the IDM in order to build a new descriptor capable
to deal with deformations. For this purpose, first, we modify the BSM grid-
based representation to provide more flexibility and an easily deformation, and
then, we adapt the IDM matching process to this new representation. Finally,
we evaluate the proposed method using three datasets where deformations are
present, comparing the new model with the original BSM.

The rest of the paper is organized as follows: Section 2 is devoted to explain the
background on which the work has been based, while Section 3 explains the pro-
posed model. Experimental results, which include comparisons that demonstrate
the improved performance of the proposed method over the original approach,
are conducted in Section 4. Finally, Section 5 concludes the paper.

2 Background

The background of this work has two main components. First, we are going to
introduce the main characteristics of the Blurred Shape Model. And then, we
are going to describe the deformation model selected to be combined with the
BSM: the Image Distortion Model.

2.1 Blurred Shape Model

The main idea of the BSM descriptor [4] is to describe a given shape by a prob-
ability density function encoding the probability of pixel densities of a certain
number of image sub-regions. Given a set of points forming the shape of a par-
ticular symbol, each point contributes to compute the BSM descriptor. This is
done by dividing the given image in a n × n grid with equal-sized sub-regions
(cells). Then, each cell receives votes from the shape pixels located inside its cor-
responding cell, but also from those located in the adjacent cells. Thereby, every
pixel contributes to the density measure of its sub-region cell, and its neighbor-
ing ones. This contribution is weighted according to the distance between the
point and the centroid of the cell receiving the vote. In Fig. 1 an example of the
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(a) (b)

Fig. 1. BSM density estimation example. (a) Distances of a given shape pixel to the
neighboring centroids. (b) Vector descriptor update using distances of (a).

contribution for a given pixel is shown. The output is a vector histogram, where
each position contains the accumulated value of each sub-region, and contains
the spatial distribution in the context of the sub-region and its neighbors.

2.2 Image Distortion Model

The Image Distortion Model (IDM) is introduced by Keysers et al. in [6]. It
is a non-linear image deformation model for the task of image recognition. It
consists in, given a test and a reference images, determining for each pixel in the
test image the best matching pixel within a region of size w×w defined around
the corresponding position in the reference image. Matching is based on the
difference between a feature vector computed from the context (neighborhood)
of both pixels. A final distance between two given images is simply computed
summing the context differences between the mapped pixels.

Due to its simplicity and efficiency, this model has been described indepen-
dently in the literature several times with different names. However, the novelty
introduced by Keysers is the incorporation of pixel contexts to determine the
best matching pixel. Among other possibilities, context that reported the low-
est error rate in the data sets tested by Keysers is to compute the vertical and
horizontal gradients in a sub-image of 3 × 3 around the concerned pixel. This
leads to a vector of dimension U = 18 computed for each pixel. An example of
the matching process applied to USPS digit images is shown in Fig. 2.

Fig. 2. Example of matching applied to the USPS digit images using the IDM. Image
extracted from [6].
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3 Deformable Blurred Shape Model (DBSM)

We now turn to the central problem addressed by this paper: the integration
of the BSM descriptor and the IDM in a new deformable shape model. This
new model will be based on deforming the grid structure of the BSM in order to
adapt it to the given shape. Therefore, the first step is to modify the original grid-
based representation in order to make it flexible and easily deformable (Sec. 3.1).
Then, we will adapt the matching process of the IDM model using this new
representation (Sec. 3.2).

3.1 DBSM Focus Representation

As it has been explained, BSM is based on placing a fixed regular grid over the
image and accumulating votes of neighboring pixels on the centroid of each cell.
In order to allow deformations of the grid we must adopt a slightly different
representation. Instead of a regular grid of size k × k we will place over the
image a set of k × k points, equidistantly distributed. These points, denoted as
focuses, will correspond to the centroids of the original regular grid and, as in
the original approach, will accumulate votes of the neighboring pixels weighted
by their distance. Instead of defining the neighborhood as a set of fixed cells of
the grid, it will be defined as an arbitrary influence area centered on the focus,
in order to provide flexibility. The deformation of the grid will be obtained by
moving independently each of the focuses along with their respective influence
area. In order to limit the amount of deformation, each focus will be allowed to
move only inside a pre-defined deformation area. In Fig. 3 we show an example
of the focus representation and their influence and deformation areas. This re-
sulting representation provides more flexibility and allows the focus deformation
tracking.

(a) (b) (c)

Fig. 3. (a) Focuses representation. (b) Influence area. (c) Deformation area.

3.2 Deformation Process

Using this new representation the adaptation of the original IDM is relatively
straightforward. In the IDM, every pixel in the test image is moved inside a
certain region to find the best matching pixel in the reference image. In an
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analog way, we will move every focus in the test image inside the deformation
area to find the best matching focus in the reference image according to the BSM
value obtained by accumulating votes from pixels in their respective influence
areas.

The deformation model can be applied not only in the classification step to
match two images, but also in the training step to adapt the initial representa-
tion of the focuses to the actual shape of the symbol. Thus, for every reference
image in the training set, every focus will be moved independently inside the
deformation area to maximize the accumulated BSM value. Therefore, the final
position of each focus will be the local maximum of the density measure within
its deformation area. Figure 4 shows an example of this process. As a result
every image in the training set will be represented with two output descriptors:

– A vector histogram v ∈ �k2
which contains the density measure of nearby

pixels of each focus.
– A vector p ∈ �2k2

, which contains x and y coordinates of each focus.

(a) (b) (c)

Fig. 4. Example of the focuses deformation. (a) Initial position of the focuses. (b)
Final position of the focuses after the maximization of their values. (c) Deformation
area used.

Concerning the matching step, given a sample image I from the training set,
and a test image J , we move the focuses in the test image inside the deformation
area to optimize a certain matching criterion with the corresponding focuses in
the reference image. For this purpose, we have defined two different criteria with
different characteristics, whose performance will be compared experimentally.

– DBSMmin : Every focus in J will be deformed in order to minimize the
difference of its BSM with that of its correspondent focus of I.

– DBSMmax : Analog to training, every focus in J will be moved to maximize
its BSM value, independently of the value of its correspondent focus in I.

Both criterion result in two vectors (vI and vJ) containing the BSM value
of the focuses of I and J , and two vectors (pI and pJ) containing the position
coordinates of the focuses. Thus, after normalizing the vectors, the distance
between two images is computed using the following equation:



6 J. Almazán, E. Valveny, and A. Fornés

distance(I, J) = d(vI,vJ) · θ + d(pI,pJ) · (1− θ) (1)

where d is the euclidean distance between two vectors, and θ is a factor for
weighting the contribution.

4 Experiments

We now show experimentally the benefits of the model proposed in section 3.
First, in section 4.1, we will describe the datasets that will be used in our exper-
iments and then, in section 4.2, we will report and discuss the results obtained.

4.1 Datasets

We run our experiments in three different datasets (Fig. 5): MNIST, NicIcon
and a database composed of handwritten symbols from floor plans. Following,
we describe these datasets as well as the experimental protocol used in each one.

(a) (b) (c)

Fig. 5. Image samples of the three datasets. (a) MNIST. (b) NicIcon. (c) Floor plan
symbol sketches.

MNIST. The MNIST [7] is a database of handwritten digits from different
writers and it is divided in a training set of 60.000 examples, and a test set of
10.000 examples. The digit size is normalized and centered in a fixed-size image
of 28× 28 pixels. We have re-centered the digits by their bounding box, as it is
reported in [7] to improve error rates.
NicIcon. NicIcon [10] is composed of 26163 handwritten symbols of 14 classes
from 34 different writers. On-line and off-line data is available. The dataset is
divided in three subsets (training, validation and test) for both writer dependent
and independent settings. We have selected the off-line writer dependent config-
uration as benchmark to test our method. Every symbol in the off-line data has
been cropped in an image of 240× 240 pixels.
Floor plan symbols. This dataset [9] contains 7414 sketched symbols from
architectural floor plans, divided in 50 classes, with an average of 150 symbols
per class. Symbols have been centered in 128 × 128 fixed-size images. The ex-
perimental protocol selected is a 10-fold cross-validation.
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4.2 Results and Analysis

Experiments have been done using a Nearest Neighbor classifier over the three
datasets. We compare the three methods (the original BSM and the proposed
DBSM using the two different criteria for matching) in terms of accuracy in
classification. Before running the final experiments on the test set, we have opti-
mized all the parameters of the different methods, which include the number of
regions/focuses, the size of the influence and deformation areas, and the weight
θ to compute the final distance, using a training set for each dataset. The final
results of the experiments on the test set for each dataset are shown in Table 1.

Table 1. Accuracy rate of the compared methods in classification over the datasets
selected

DBSMmin DBSMmax BSM

MNIST 94’3 94’4 92’6
NicIcon 81’7 82’3 80’4
Floorplans 99’2 99’2 98’8

As we can see, DBSM outperforms the original approach when classifying
in the three tested datasets. Although the results for the MNIST dataset are
below the current state-of-the-art, this is due to the low accuracy of the BSM
descriptor with this dataset. We can see that DBSM clearly improves the BSM
approach. Furthermore, it is noteworthy that approaches with highest accuracy
rate in MNIST use some pre-processing or classification methods which could
considerably improve the performance of our approach. Thus, we can conclude
that the integration of deformations to the fixed grid-based representation leads
to a higher accuracy rate in all the databases.

Regarding both DBSM criteria, we notice that DBSMmax has a slightly higher
accuracy rate, although the difference is not enough significant. However, the
main advantage of the DBSMmax over DBSMmin is that the testing process is
computationally faster because, given a test image, DBSMmin has to perform the
matching process for every reference image in the training set. On the contrary,
DBSMmax only has to run the deformation process once for every test image,
obtaining a vector descriptor that is used to compare with all reference images.
Moreover, this description could be used to train any classifier, and it is not only
limited to the k-NN classifier as in the case of DBSMmin.

5 Conclusions

We have designed and developed a new model for shape recognition, integrating
a deformable model with the Blurred Shape Model. We have shown, using three
different datasets with deformations, that the resulting model is able to capture
and deal with elastic distortions. Furthermore, the new model outperforms the
original BSM approach in terms of accuracy rate in classification tasks.
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As future work, we are going to work on improving one of the weaknesses of
our model, its lack of rotation invariance. We have considered to use a different
representation, instead of the rectangular grid based on the BSM. For example,
a circular grid, will provide the model a way to deal with rotations. Furthermore,
we have considered applying other deformation models with different character-
istics or extending this work to other shape descriptors.
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Abstract. This paper describes an approach based on the shortest path
method for the detection and tracking of vibrating lines. The detection
and tracking of vibrating structures, such as lines and cables, is of great
importance in areas such as civil engineering, but the specificities of
these scenarios make it a hard problem to tackle. We propose a two-
step approach consisting of line detection and subsequent tracking. The
automatic detection of the lines avoids manual initialization - a typical
problem of these scenarios - and favors tracking. The additional informa-
tion provided by the line detection enables the improvement of existing
algorithms and extends their application to a larger set of scenarios.

Keywords: Computer vision, vibrating lines, detection, tracking.

1 Introduction

The monitoring of vibrating structures is important in several areas including
mechanics and civil engineering. The observation of structures like cable-stayed
bridges, antennas or electricity distribution systems is vital for the extension
of their life-span and for the reduction of system failures and consequent costs.
Past approaches made use of devices, such as accelerometers or load cells (de-
vices which translate force into an electrical signal), placed at the structures to
be monitored [5,2,7]. Although the use of such techniques has produced accu-
rate results, the installation of this type of equipment may easily become very
expensive. Moreover, in many cases such as antennas or even some cable-stayed
bridges it may not be possible to install such devices. Hence, there is a desire
to use Computer Vision (CV) techniques to provide a non-invasive alternative.
Despite the existence of past work, the natural difficulties of these scenarios pose
serious problems. These include: cameras placed at large distances; oscillations
in the camera; illumination changes; adverse weather conditions; reduced thick-
ness of the structures and minimal displacements in the image. Line detection
specifically targeted for video sequences is by itself a complex problem, also being
tackled in other contexts [8,4,3].

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 9–16, 2011.
c© Springer-Verlag Berlin Heidelberg 2011
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The characteristics of the lines or cables, namely their reduced thickness and
lack of texture information, forced common CV approaches to this problem to in-
troduce restrictions and assumptions. Difficulties in identifying the structures to
be tracked typically require a user to mark a point or region of interest (ROI), for
example on the line or cable themselves or on their image representation [6,10,9].
Displacement of the camera or occlusion situations may require a new marking
of the points. Also, scenarios where the projection of the cables into the im-
age plane causes the cables to be close together may originate problems as the
vibrations may lead to occlusion between them.

We propose to use automatic line detection to augment the flexibility and
robustness of vibrating lines tracking algorithms. We argue that the ability to
automatically detect the objects (i.e., the lines) to be tracked may increase the
reliability of tracking using state-of-the-art algorithms by providing more infor-
mation. By enabling the automatic selection of an arbitrary number of points
over the line to be tracked, it is possible to make a more complete character-
ization for any point and not only for those manually marked during the ini-
tialization. Following this reasoning we divided the description of the proposed
method into line detection and tracking.

2 Line Detection and Tracking

The proposal described in this paper consists of two steps: detection of the
lines; tracking of one or multiple points over the line. A vibrating line can be
considered as a connected path between the two lateral margins of the image
(for simplicity, the presentation will be oriented for horizontal lines only; the
necessary adaptations for the detection of vertical lines should be clear at the
end). As vibrating lines are almost the only extensive objects on the image, lines
can then be found among the shortest paths between the two margins of the
image if paths through high gradient positions are favored. Vibrating lines are
then best modeled as paths between two regions Ω1 and Ω2, the left and right
margins of the image. These same ideas have been successfully applied to other
applications [4,3].

2.1 Line Detection Using a Shortest Path Approach

The method considers the image as a graph, where pixels are the nodes and a
cost is associated with each edge connecting 8-neighbourhood pixels.

One may assume that vibrating lines do not zigzag back and forth, left and
right. Therefore, one may restrict the search among connected paths containing
one, and only one, pixel in each column of the image1. Formally, let I be an
N1 ×N2 image and define an admissible line to be

s = {(x, y(x))}N1
x=1 , s.t. ∀x |y(x)− y(x− 1)| ≤ 1,

1 These assumptions, 8-connectivity and one pixel per column, impose a maximum
detectable 45 rotation degree.
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where y is a mapping y : [1, · · · , N1] → [1, · · · , N2]. That is, a vibrating line is
an 8-connected path of pixels in the image from left to right, containing one,
and only one, pixel in each column of the image.

Given the weight function w(p, q) defined over neigbouring pixels p and q, the
cost of a line can be defined as C(s) =

∑N1
i=2 w(vi−1, vi). The optimal vibrating

line that minimizes this cost can be found using dynamic programming. The
first step is to traverse the image from the second column to the last column and
compute the cumulative minimum cost C for all possible connected vibrating
lines for each entry (i, j):

C(i, j) = min

⎧
⎪⎨

⎪⎩

C(i− 1, j − 1) + w(pi−1,j−1; pi,j)
C(i − 1, j) + w(pi−1,j ; pi,j)

C(i− 1, j + 1) + w(pi−1,j+1; pi,j)
. (1)

where w(pi,j ; pl,m) represents the weight of the edge incident with pixels at
positions (i, j) and (l, m). At the end of this process,

min
j∈{1,··· ,N2}

C(N1, j)

indicates the end of the minimal connected line. Hence, in the second step, one
backtrack from this minimum entry on C to find the path of the optimal line.

Assume one wants to find all vibrating lines present in an image. This can be
approached by successively finding and erasing the shortest path from the left
to the right margin of the image. The erase operation is required to ensure that
a line is not detected multiple times.

To stop the iterative vibrating lines search, the method receives from the user
the number of lines to be detected and tracked. Since this can be done once for
the entire sequence, it is a very reasonable solution.

Design of the Weight Function. The weight function on the edges was
defined so that the shortest path corresponds to a path that maximises the
amount of edge strength in the image along the contour. An immediate approach
is to support the design of the weight function solely on the values of the incident
nodes, fixing the weight of an edge as a monotonically increasing function of the
average gradient value of the incident pixels.

Although a more general setting could have been adopted, the weight of the
edge connecting 4-neighbour pixels was expressed as an exponential law

f(g) = α exp(β (255− g)) + γ, (2)

with α, β, γ ∈ � and g is the average of the gradient computed on the two
incident pixels. For 8-neighbour pixels the weight was set to

√
2 times that

value.

Detecting Vibrating Lines in Different Positions. It should be obvious
now how to adapt the detection technique for lines between the superior and
inferior margins. It is also possible to apply the detection technique to adjacent
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margins. Suppose that the endpoints of the vibrating lines are in the left and
top margins. A difficulty with searching for the shortest paths (shortest in the
sense on minimizing the cost of the path) between the top row and left column is
that small paths, near the top-left corner are naturally favored. To overcome this
challenge, we propose to pre-process the image, adopting the polar coordinates.
The left column is mapped to the bottom row (corresponding to an angle of π/2
rads) and the top row stays in the same position. In this new coordinate-system,
the path to search for is now between the top and bottom rows.

A different setting is when one of the endpoints of the vibrating lines is on
the left OR the top margin and the other endpoint is in the bottom OR right
margins. It is still possible to pre-process the image with an appropriate trans-
form before the application of the proposed detection technique. The goal of the
transformation is to place the endpoints in opposing margins. Although different
solutions exist, we started by rotating the image followed by a linear scaling to
transform the oblique lines into vertical ones.

Finally, it is worth mentioning that the vibrating line detection can be applied
in a user defined region in the image (and in the video sequence). That can be
important when other extensive objects are visible in the image.

2.2 Line Tracking

Many line tracking methods use optical flow to compute the displacement vector
of one or more points over the line to be tracked. The typical lack of texture
information over the line makes tracking methods that require this information
unsuitable for these scenarios. Optical flow has limitations concerning occlusion
situations and the deformation of objects, but given the characteristics of the
scenarios one can assume that such restrictions are respected. Nevertheless, the
aperture problem is present making it harder to reliably compute the tangen-
tial component of the displacement. We argue that using more points over the
line and their corresponding displacements can minimize tracking errors, while
contributing to a more complete characterization of the line behavior.

State-of-the-art optical flow methods were considered and experiments per-
formed to assess the most adequate. Each method was applied to sequences
containing vibrating lines and compared to the corresponding reference infor-
mation. It was observed that the Pyramidal Lucas-Kanade [1] outperformed the
others. Hence, this was the method used in the subsequent experiments.

The proposed tracking approach consists of the following. On each frame, the
lines are detected using the described shortest path method. For any point over
the line a window of length L, also over the line, is considered and the median
of the displacement vectors for every point in the window computed.

3 Validation of the Proposed Approach

The capture of sequences for the target scenarios is not a simple task due to
aspects such as location or legal implications. Hence, there is a lack of appropriate
sequences and of the corresponding reference information.
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3.1 Dataset

To aid the validation of the proposal described in this paper a set of synthetic
sequences with appropriate characteristics and the corresponding reference in-
formation was generated. The images consist of six lines, each vibrating with a
given frequency and maximum amplitude. Different characteristics for the lines
were also simulated, namely: thickness; frequency; amplitude; curvature radius.
A background was added to approximate a real situation. The dataset also in-
cludes a real sequence of a typical scenario captured and provided by a civil
engineering research institute. A set of frames containing reference information
were manually generated for the real sequence for the purpose of assessing line
detection. Sequence 1 and 2 feature curved lines and sequences 3 and 4 straight
ones. The lines in sequence 1 and 3 are thinner. The background in sequence 5 is
noisier to augment the difficulty in detection and tracking. Sequence 6 consists
of images captured in a real scenario. Fig. 1 depicts an example of synthetic and
natural images of the sequences.

(a) Normal frame with thin
lines

(b) Frame with augmented
difficulty

(c) Frame from a real se-
quence

Fig. 1. Examples of images from the dataset

3.2 Line Detection Assessment

As previously described, the shortest path method was applied over the gradient
of the image. Experiments in the gradient computation over different color spaces
were conducted and it was verified that the use of the grayscale space was not
adequate causing large gaps in the edges corresponding to the lines. The best
results were obtained using the HSV color space and in particular the Saturation
channel provided robust information.

The evaluation of the line detection approach was accomplished by measur-
ing the distance between reference and detected lines. For each possible pair,
the distance is computed and correspondences determined using the Hungarian
algorithm. In the distance calculation, for each point in the reference line, the
distance to each point in the detected line is computed and two overall measures
are taken: the average and the Hausdorff distance. For an image with multi-
ple lines, the average of the line errors and the Hausdorff distance are taken.
Similarly, for a sequence, the same process applies over the image values.
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3.3 Tracking Assessment

For the evaluation of the tracking, the results of two tracking approaches, one
based on measuring the displacement vectors in a point over the line and the one
proposed, are compared to the reference information by measuring the euclidean
distance. For each mark (reference point in one line), the root mean square error
over the sequence is computed and the average over the number of lines to
be tracked in the sequence is calculated. For the proposed approach, different
window sizes were considered. Sequences 3 to 5 were use in the evaluation due
to the possibility of using an arbitrary number of reference points.

4 Results

Table 1 presents the results for line detection, using shortest paths, for the
dataset. As stated, the average and Hausdorff distance were calculated and nor-
malized by the diagonal size of the image.

Table 1. Results for line detection normalized by the image diagonal

Average Distance Hausdorff Distance

Seq. 1 0.13% 0.13%

Seq. 2 0.13% 0.15%

Seq. 3 0.13% 0.15%

Seq. 4 0.14% 0.15%

Seq. 5 0.20% 1.21%
Seq. 6 0.04% 0.07%

One can observe that the errors obtained are small and for sequences 1 to 4
they are nearly the same. These sequences comprise the same background with
changes only in the characteristics of the lines. The error is greater for sequence
5 since it presents a higher level of difficulty in both the noisy background and
lack of distinctiveness of the lines. The best performance is achieved for the real
sequence, as the distinctiveness of the lines is greater.

Table 2 presents the results for the evaluation of the tracking. For each line in
a sequence, the root mean square error relatively to the reference at time instant
t was calculated and the average over the lines in the sequence determined.
Tracking using 1 point corresponds to using a state-of-the-art algorithm with
the user marking the interest point in the image. The error gain in percentage
relatively to the 1 pixel approach was calculated for the displacement vectors
and its individual components (vertical and horizontal). Tracking results taking
into account all the visible line are considered, but care must be taken in these
situations since a high degree of curvature may induce errors.

The use of more points over the line enables a decrease in the RMSE. A
considerable part of the improvement in the line tracking is due to a better
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approximation of the horizontal component since, in the considered scenarios,
it is the most affected by the aperture problem. For different line positions the
changes are straightforward.

The frequencies of vibrations for each line were also computed and compared
to the reference values. The results are presented in Table 3.

Table 2. Results for line tracking

Window Size
1 points 3 points 11 points 101 points 301 points all line

Direction RMSE Error gain relatively to the 1 point approach (%)

Seq. 3
horizontal 1,22 -2,45 -13,72 -54,52 -87,16 -90,72
vertical 0,79 0,03 4,32 -7,10 -39,01 -60,26
total 1,73 -1,39 -7,46 -35,74 -68,98 -80,48

Seq. 4
horizontal 1,85 -6,34 1,05 -44,75 -69,94 -91,23
vertical 0,46 -2,65 -12,98 -28,38 -42,18 -29,43
total 1,94 -5,97 -0,42 -42,59 -66,79 -80,22

Seq. 5
horizontal 0,89 -0,60 -4,45 -39,32 -61,24 -81,86
vertical 1,16 -0,13 0,93 -15,76 -10,78 -7,43
total 1,80 0,22 -0,79 -25,97 -31,18 -38,90

Table 3. Frequency outputs (in rad/s) from sequences 3, 4 and 5

Seq. 3 Seq. 4 Seq. 5
Reference Obtained Reference Obtained Reference Obtained

0,800 0,800 0,800 0,801 0,800 0,800
0,850 0,848 0,850 0,848 0,300 0,300
0,900 0,901 0,900 0,902 0,200 0,200
0,950 0,951 0,950 0,950 0,950 0,950
1,000 1,000 0,050 0,050 0,100 0,100
1,050 1,051 1,500 1,502 1,500 1,501

5 Conclusions

The use of the shortest path method enables the automatic detection of the
vibrating lines, straight or curved, to be tracked with very small errors. Such
automatic detection avoids the need for manual initialization of the points to be
tracked. Moreover, obtained results show that using more points over the line
enables a reduction of the tracking errors due to the optical flow computation.

The application of the proposed method to the monitoring of civil engineering
structures can take advantage of the knowledge of the structure dimensions to
perform camera calibration and obtain 3D measures of the displacement.

Future work will include the validation of the method with data captured
from other devices such as accelerometers. Other forms of using the additional
information provided by the lines detected are also a research topic of interest.
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Abstract. This paper presents a syntactic model for architectural floor
plan interpretation. A stochastic image grammar over an And-Or graph
is inferred to represent the hierarchical, structural and semantic relations
between elements of all possible floor plans. This grammar is augmented
with three different probabilistic models, learnt from a training set, to
account the frequency of that relations. Then, a Bottom-Up/Top-Down
parser with a pruning strategy has been used for floor plan recognition.
For a given input, the parser generates the most probable parse graph for
that document. This graph not only contains the structural and semantic
relations of its elements, but also its hierarchical composition, that allows
to interpret the floor plan at different levels of abstraction.

Keywords: And-Or Graph, Stochastic Grammar, Grammar Inference,
Conditional Random Fields, Architectural Floor Plan Interpretation.

1 Introduction

Architectural floor plan images, see figure 1, are documents used to model the
structure of the buildings and its components (windows, doors, walls, etc). In
the last 15 years, floor plans interpretation has been studied for different final
applications [4–7]. However, at the present time, its interpretation is a non-solved
problem, essentially because there is no standard notation defined; same building
components are differently modelled in distinct floor plans; and the variability in
their structure with squared and rounded shaped or even “non-existent” walls.

The contribution of this paper is the design of a generic means to represent,
recognize and validate correct floor plan documents. To do so, a grammatical
formalism over an And-Or graph augmented with three probabilistic models is
inferred from the dataset to represent the structural, hierarchical and semantic
relations of the plan and its elements. Then, a parser has been implemented for
plan recognition. The parser analyses the input plan model and classifies it as
valid or not depending whether it satisfies the grammar productions. The result
obtained from a valid plan is an And-graph representation of the structure, the
hierarchy and the semantic composition of the document.

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 17–24, 2011.
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Fig. 1. Architectural floor plan document

This paper is structured as follows. In section 2 the syntactic model, a gram-
mar over an And-Or graph, is presented together with its inference and parsing
processes. Section 3 explains the three different component extraction approaches
used to proof the usability of this model. Section 4 presents quantitative and
qualitative results. Finally, in section 5 we conclude the overall work.

2 Syntactic Model

The contribution of this paper is the syntactic model created to model, learn and
recognize floor plan documents. We divide our model in three main steps: model
definition, model learning and model recognition, see figure 2. Firstly, we define
how we represent the knowledge in the domain using a grammar. Secondly, the
grammar inference process given a training set is explained. Finally, the plan
recognition process for an input document is explicated.

Fig. 2. Syntactic floor plan document representation and recognition

2.1 Model Definition

The hierarchical composition of the elements in a floor plan can be represented
in terms of attributed tree structure, see figure 3a. In this model, a building is
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composed by a set of rooms, and a room by a set of walls, doors and windows.
To add structural and semantic information to this model, the attributed tree
is augmented to an attributed graph by adding horizontal attributed edges be-
tween elements of the same abstraction level, see figure 3b. These horizontal
edges represent three kinds of relations: neighbouring, accessibility and inci-
dence. Neighbouring and incidence are structural relations while accessibility is
a semantic one. Nevertheless, since this graph only represents a single plan, to
represent all possible instances, the And-Or graph structure, which has been
proposed by Zhu et al. [8] for natural images framework, is used. In our And-Or
graph model, see figure 3c, And nodes represent the elements: Building, Room,
Wall, Door and Window ; while Or nodes represent the possible configurations
between these elements; the unknown numbers m,n,i and j. Therefore, our And-
Or graph grammar Gand−or describing all possible floor plans is the 4− tuple:

Gand−or = 〈S, VN , VT , R〉, (1)

where S is the Building element. VN is the set of non-terminal symbols {Building,
Room}, VT is the set of terminal symbols {wall, door, window}. Finally, R is
the set of rules that enables to expand elements into its certain components and
define the hierarchical, structural and semantic relations between elements.

2.2 Model Learning

The model is learnt from a training-set composed by different architectural plans.
For that purpose, one And-graph is constructed for each example. With the re-
sulting set of And-graphs, the possibilities of the Or nodes are computed us-
ing the Maximum Likelihood Estimation algorithm (MLE). Then, the grammar
Gand−or is augmented to an stochastic grammar GP

and−or defined by the 7−tuple:

GP
and−or = 〈S, VN , VT , R, Por, PrStruct, PrGraph, 〉, (2)

where S, VN , VT and R are the same of Gand−or. Por, PrStruct and PrGraph are
three probabilistic models learned from the training-set. Por is defined over the
Or nodes of the And-Or graph to account the relative frequency of appearance of
the elements normalized by the Building and Room area. In this way, Por allows
to model, for instance, the relative number of rooms and walls for a building of a
certain size (area). PrStruct defines the rooms structure. Rooms are considered to
be composed by walls, doors and windows ; thus, this stochastic model considers
how rooms are likely to be constructed. Finally, PrGraph is a probabilistic model
to add more information to room formation. It accounts the relative probability
between room area and perimeter and plan area and perimeter.

2.3 Model Recognition

A Bottom-Up/Top-Down parser to validate and interpret floor plans has been
implemented. The parser builds an And-graph representation for an input plan
instance by means of a Bottom-Up strategy. Then, the And-graph is parsed using
a Top-Down approach to verify whether the plan is consistent with the stochastic
grammar. In that case, the correct interpretation of the plan is extracted.



20 L.-P. de las Heras and G. Sánchez

(a)

(b)

(c)

Fig. 3. Model for floor plans. B: Building, R: Room, W: Wall, D: Door, Wnd: Window.
(a) Hierarchy of a single plan. (b) Hierarchy, structure and semantics of a single plan.
(c) Hierarchy, structure and semantics of all possible plans.

Bottom-Up Parser Methodology

Given a floor plan, the parser builds an And-graph that possibly represents
the plan following a Bottom-Up strategy. First, the terminal symbols VT =
{walls, doors, windows} are extracted using the segmentation techniques pre-
sented in section 3. Then, possible rooms are extracted analysing the relations
between terminal symbols, explained in section 3.2. Finally, the starting symbol
S = {Building} is synthesized. At each step, the structural and semantic rela-
tions between elements are evaluated to build the higher hierarchic level. The
resulting And-graph of this process is a first representation approach of the plan.

Top-Down Parser Methodology

The And-graph created is parsed using a Top-Down strategy for analysing
whether the plan is consistent with GP

and−or, and for extracting its interpre-
tation when the plan is considered valid. By means of two room-pruning strate-
gies (probabilistic pruning and semantic pruning), the parser generates possible
parse And-graphs by pruning those possible room element derivations that are
less probable or are not consistent with the grammar.
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In the room probabilistic pruning step, for each possible room from the And-
graph, its probability of being a room P (room) is calculated as:

P (roomi) =
Por(roomi) + PrStruc(roomi) + PrGraph(roomi)

3
(3)

where Por(roomi) is the normalized probability of the number of walls, doors, and
windows of roomi relative to its area and perimeter. PrStruc(roomi) is the proba-
bility of the spatial composition of the elements of roomi. And PrGraph(roomi) is
the relative probability of the area and perimeter of roomi over the building area
and perimeter. When P (roomi) is very low, the parser generates a new sub-parse
graph instance by pruning this room and all its children relations from the first
parse graph. Both graphs will be taken into account by the parser to decide which
is the most probable parse graph that describes the input floor plan.

In the room semantic pruning, for each room, the accessibility and neighbour-
hood restrictions imposed by the grammar productions are studied by the parser.
If a room does not fulfils any of these restrictions, the room and its derivation is
pruned from the And-graph. Only the new pruned graph is taken into account
for most probable parser selection.

Finally, given a floor plan FP, N multiple possible parse graphs can be gen-
erated. The parse graph that better describes an input floor plan instance ac-
cording to the grammar, is that one that maximize the posterior probability for
the set of all possible parse graphs:

PGFP = max
i

(p(PGi|FP )),∀i ∈ N (4)

p(PG|FP ) =
(mean(Por(PG)) + mean(PrStruct(PG)) + mean(PrGraph(PG))

3
.

(5)
Then, if p(PGFP ) is over an appropriate threshold, the plan would be classi-

fied as valid. Since the parse graph is an And-graph, it contains the hierarchy,
the structure and the semantic composition of the plan at different levels of
abstraction.

3 Components Extraction

Even though the definition of new component extraction approaches is out of
the scope of this work, here we present the methodologies used to probe the
usability of the syntactic and recognition model presented in this paper. Since a
hierarchical representation is used to model the floor plans, we have used three
different extraction approaches at different level of abstraction: a patch level
for windows detection, a line level for doors and walls detection, and a region
level for rooms detection. For wall and door detection, at line level, the graphical
convention oriented approach presented by Macé et al. in [6] is used. That means
that for a different convention, other component extraction approaches would
be used, but maintaining the same syntactic and recognition model.
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3.1 Patch Level Extraction Approach for Windows Detection

A bag of patches approach has been implemented to detect windows. Due to the
great intra-variability of this class, a CRF based on [2], has been used to detect
windows by computing the spatial relations between them and walls.

First, all the binarized images of the learning set are divided into non-
overlapping squared patches (regular grid). To reduce the feature space di-
mensionality, PCA is applied to the patches. Then, to create the codebook,
a fast K-means clustering based on [1] is computed. After that, a probability
of belonging to each one of the entity classes {wall, window, other element}
is assigned to each codeword, using the learning set already labelled. Then, by
means of nearest neighbour (1-NN), each patch is assigned to one codeword.
The probability of a codeword wj ∈ W = {w1, ..., wj , ...wN} to belong to a class
ci, i = {wall, window, other element} is:

p(wj , ci) =
#(ptwj , ci)

#ptwj

, (6)

where #(ptwj , ci) is the number of patches assigned to the codeword wj that
has label ci, and #ptwj is the number of patches assigned to the codeword wj .
Finally, for each patch in an input image, the euclidean distance is calculated
over all the codewords in the dictionary. The closest codeword is assigned to
this patch toguether with its probability of pertaining to each one of the three
classes computed by 6.

The output probability for each patch obtained in that way are then the unary
potentials ψ of the CRF graphical model, on which P (c|G; k) is the conditional
probability of the set of class label assignments c given an adjacency graph
G(S, E) and a weight k:

− log(P (c|G; k)) =
∑

si∈S

ψ(ci|si) + k
∑

(si,sj)∈E

φ(ci, cj |si, sj), (7)

where the adjacency graph G is the graph topology in the model and φ are the
pairwaise edge potentials.

In this model, two graph topologies have been defined: horizontal for horizon-
tal windows detection, and vertical for vertical ones. Then, two CRF have been
applied over the patch level classifier (one for each topology).

3.2 Region Level Extraction Approach for Rooms Detection

Once all the low level components are extracted from the floor plan, a connected
planar graph is created by joining each one of the elements with its incident
neighbours. Moreover, a new element called abstraction is added between those
walls that are relatively closer and well-oriented to split rooms that are not
physically separated, e.g. open-plan kitchens, where the kitchen joins the living
room. Then, regions are found in this graph by means of [3]. The regions found
in the graph are considered as possible rooms in the model.
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4 Results

To test our model, we have used 25 real architectural floor plan drawings with
the same graphical conventions, which contain a total number of 220 rooms,
911 walls, 243 windows and 203 doors, that have been manually labelled by a
sequence of clicks. Using Cross-validation, all plans have been used for testing
after a learning step with the 24 remaining documents.

Table 1. Quantitative performance obtained on the overall dataset

Quantitative Results CE PCE

Classification rate of well-interpreted FP 83% 100%

Classification rate without pruning 72% 100%

Room neighbouring rate 92% 100%

Room accessibility rate 88% 100%

Room detection rate 84% -

Closed room detection rate 94% -

Windows detection rate 92% -

Rooms pruned rate 88% -

Table 1 shows the results obtained in terms of plan validation rate with and
without using the semantic and probabilistic pruning strategies explained in
section 2.3 Top-Down parser methodology. Notice that the validation rate using
the component extraction techniques CE explained in section 3 is 72%. The
pruning strategies presented in this paper increase the validation rate up to 83%
with same extraction means. But, with perfect components extraction approach
PCE assumed, our model represents and recognize perfectly all the plans of
the corpus. Table 1 also shows the room detection rate over those rooms that
are described by closed environment formed by walls, doors and windows; and
the performance of the room pruning strategy. The final results for floor plan
interpretation have been manually evaluated due to the lack of an appropriate
automatic evaluation strategy. Figure 4 shows a graphical interpretation of a
valid plan.

Fig. 4. Interpretation of a floor plan documents in terms of its elements
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5 Conclusions

We have presented a syntactic model for document representation and recog-
nition to interpret and validate architectural floor plans. The stochastic image
grammar over an And-Or graph structure is learned from a set of examples us-
ing MLE, and permits to model floor plan documents hierarchy, structure and
semantic composition at different level of abstraction. Our parser generates mul-
tiple parse graphs for an input and selects that one that better represents the
instance. Moreover, the room-pruning strategies allow to discard those regions
that are not rooms accordingly to the stochastic grammar and thus, improve the
interpretation rate. Furthermore, the probabilistic models defined over the gram-
mar increase the room detection rate by ruling out most of the possible room
false positive examples. In addition to that, the misclassification rate in plan
recognition is caused due to a loss of components in the component extraction
step. Our model is able to represent and recognize all the examples of the corpus
assuming idealistic component extraction techniques.
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Abstract. In this paper, we propose a method for the detection of irregularities
in time series, based on linear prediction. We demonstrate how we can estimate
the linear predictor by solving the Yule Walker equations, and how we can com-
bine several predictors in a simple mixture model. In several tests, we compare
our model to a Gaussian mixture and a hidden Markov model approach. We suc-
cessfully apply our method to event detection in a video sequence.

1 Introduction

Event detection [2,4,11] is one of the basic tasks for automatic surveillance. Suppose
we observe a complex machinery using several sensors, and we want to distinguish
between normal activities and a malfunction (event). As failures are rare occurrences
and their properties are commonly unknown, it is difficult to model the malfunctions in
a direct manner. To circumvent this problem, we can create a model that describes the
machinery when it works normal, and define the “events” as the absence of the “normal
case”. Our goal is to determine a simple but effective method for this distinction.

An usual approach is to predict the next observation using the knowledge of several
previous ones, measure the true observation afterwards, and compare the prediction
with the true observation [3,1]. If the difference is higher than a given threshold, we
decide “event”. Using linear functions for the prediction [8,5] provides several benefits,
in particular the ease with which the parameters are estimated.

Two of the most commonly used models for event detection are Gaussian Mixture
Models (GMMs) [11] and Hidden Markov Models (HMMs) [4]. While GMMs ignore
any temporal connection between samples of the observed stochastic process, HMMs
include some temporal coherence. Our approach has several similarities with the GMMs
and HMMs. While GMMs use the location in a feature space to distinguish the “normal
case” from the “events”, our method uses a multiple filter approach [3], respecting a
temporal connection between measurements. In comparison to HMMs, our method is
simpler to implement, and we use the temporal connection directly, not over the abstract
concept of hidden states.

Assuming the input signal is not stationary, adaptive filters like Kalman filters [3] are
needed. However, linear adaptive filters include several strong assumptions with respect
to the observed data, like Gaussianity and linearity. As a bridge gap solution, linearity is
assumed over short intervals. This leads to methods like the extended Kalman filter [3].
We propose here an alternative, in the form of a mixture of linear one step predictors.
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Our method has several advantages, for example less training vectors are needed to
achieve comparable results. Furthermore, for event detection, should what we define as
the normal case change with time, our method can be easily adapted.

The rest of this paper is structured as follows. In Section 2, we estimate the parame-
ters of a linear prediction, and demonstrate how we can apply a mixture of such predic-
tors to event detection. In Section 3, we demonstrate the effectiveness of the model we
propose here in several experiments. In Section 4 we present our conclusions.

2 Linear Predictor Mixtures

The parameters of one step linear predictors (see Section 2.1) are computed from the
Yule-Walker-equations [9,10]. In Section 2.2, we show how we can build a mixture of
several predictors to describe more complex data.

2.1 Linear Predictors and Linear Prediction Error Filters

There is a strong relationship between Linear Predictors (LPs) and Autoregressive (AR)
models [1]. Let x be a sequence of observations, x(t) ∈ R

N , we assume that x(t) is a
linear combination of its p predecessors x(t− p), . . . ,x(t− 1), a constant term and an
error term

x(t) =
p

∑
i=1

a(i)x(t− i)+ a(0)eN + v(t), (1)

where a := [a(0),a(1), . . . ,a(p)]� is the (linear) predictor and eN := [1,1, . . . ,1]�,
v(t)∼ N(0,Σ). (1) is an AR model. From E(v(t)) = 0 follows

E[x(t)] = x̂(t) :=
p

∑
i=1

a(i)x(t− i)+ a(0)eN. (2)

x̂(t) is called the linear prediction of x(t).
With X(t) := [eN ,x(t−1),x(t−2), . . . ,x(t− p)], we write (2) in matrix notation as

x̂(t)=X(t)·a. With a combination of x-vectors y(t):=
[
x(t)�,x(t−1)�, . . . ,x(t−n)�

]�

and X-matrices Y(t) :=
[
X(t)�, . . . ,X(t−n)�

]�
respectively, ŷ(t) = Y(t) ·a. Using the

assumption that the errors v are mutually independent Gaussian distributed, we can es-
timate the linear predictor [1,9,10] by

â(t) :=
[
Y(t)� ·Y(t)

]−1
Y(t)�y(t). (3)

The quadratic prediction error at time step s is ε(s)2 := (x(s)− x̂(s))�(x(s)− x̂(s)).
If we use the estimated predictor â(t), we obtain in (2) the estimation of x̂(s), that is
ˆ̂x(s) := X(s) · â(t), and we estimate the prediction error by

ε̂(s)2 := (x(s)− ˆ̂x(s))�(x(s)− ˆ̂x(s)). (4)



Linear Prediction Based Mixture Models for Event Detection 27

This error is most important for the event detection, because if the prediction error is
high, we have observed an event.

Using a matrix representation of the linear predictor

A(t) := [I,−I · â(0),−I · â(1), . . . ,−I · â(p)] (5)

and for a shorter notation η(s) := [x(s)�,e�N ,y(s−1)]�, (4) reads

ε̂(s)2 = (A(t)η(s))�(A(t)η(s)) = η(s)�H(t)η(s), (6)

with H(t) := A(t)�A(t). This becomes useful for the Linear Predictor Mixture model
(LPM) we describe in the next section.

2.2 Mixture Model and Detection of Events

In order to create a LPM, we use the exponential representation of the error

ft (η(s)) := exp
(
−η(s)�H(t)η(s)

)
= exp(−ε̂(s)2), (7)

0 < ft(η(s)) ≤ 1.
The LPM has similarities to Gaussian Mixture Models (GMMs) [11]. Let gi(x) be

an Gaussian distribution, than the GMM p(x) = ∑i∈I w(i)gi(x) is an approximation to a
more complex distribution; I is a set of indices, and w(i) are weights with ∑i∈I w(i) = 1,
w(i) ≥ 0. In the same manner, the LPM is a mixture of several linear prediction error
filters (see Equation (5)), and therefore an approximation to complex time series that
are not stationary. We use the exponential representation (7) in a weighted sum, similar
to GMMs:

F(η(s)) := ∑
t∈T

w(t) ft(η(s)), (8)

T is a set of time indices that refers to a training dataset. Note that F is not a probability
function, because we use no normalization of the exponential functions. Hence, we refer
to F by score in the following. Similar to GMMs, an event is detected if the score is
below a threshold θ with 0≤ θ≤ 1.

2.3 Parameter Estimation

The parameter estimation for our model proceeds in two steps: first, we estimate a set
of several linear predictors â(t), second, we estimate the weights w(t).

Let x0 be a training set of observations. We initialize the index set T with one time
index t(1): T ← {t(1)}. Note that with t(1) and (3), a unique estimated linear predictor
â(t(1)) is defined.

At iteration τ > 1, we want to add an estimated linear predictor â(t(τ)) that reduces
the highest prediction error of the training dataset. Hence, we set

t(τ) := arg min
t̃ /∈T

τ−1

∑
i=1

ft(i) (η0(t̃)) (9)
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and T ← T ∪{t(τ)}; η0 is the combination of several observation vectors similar to η in
Section 2.1 and 2.2, with respect to x0. We terminate this parameter estimation stage if
we have a fixed number τmax of predictors.

The weights in Equation (8) are computed by

w(t(i)) :=
∑
s

ft(i) (η0(s))

∑
t( j)∈T

∑
s

ft( j) (η0(s))
(10)

for each ti ∈ T . The estimated linear predictors and the weights define the LPM, see
Equation (8). In the next section, we will test this model in comparison to GMMs and
HMMs.

3 Experiments and Discussion

Our experiments consist of two parts: in the first part, we use simulated data and com-
pare the LPM with a GMM and an HMM. In the second part, we use a LPM to detect
events in a video stream.

3.1 Comparison to GMMs and HMMs on Synthetic Data

In this test, we compare the LPM with two of the most commonly used models for
event detection, the GMM and the HMM. This test is designed as a proof of concept;
we concentrate on a real problem in the next section, in this one, we use synthetic
data, which has the benefit that we have enough data for each model. A problem with
insufficient data especially arises with the HMM, because to estimate the transition
probabilities, we need to observe enough transitions.

3.1.a Synthetic data. Similar to HMMs, the model we use as a generator for the syn-
thetic data consists of five states, and it switches between the states at random. As a
difference to HMMs as they are discussed in [7], each state in our model is associ-
ated with a linear filter, not with a distribution, in order to create a more sophisticated
temporal connection. In detail, the synthetic 5D-“observations” are recursively defined
by x(t) := m(s) + xs(t) + v(t) where xs(t) := ∑3

i=1 as(i)(x(t− i)− µ̂(t)) and µ̂(t) :=
1
3 ∑3

i=1 x(t− i), v(t)∼ N(0,Σ). The filters [as(i)]3i=1 and offsets m(s) are preset values.
s = s(t) represents the state of the model, with P(s(t)|[s(τ)]t−1

τ=1) = P(s(t)|s(t−1)).
The event data is generated with a similar model. We use five states with the same

transition probabilities. To simulate events, we changed the offsets m(s) (Set 1), we
used noisy filters as(i) + r(t, i), r(t, i) ∼ N(0,1) (Set 2) and r(t, i) ∼ N(0,2) (Set 3)
respectively, and we used Gaussian noise only (Set 4). We generated each 50000 normal
case and event observations.

3.1.b Tested models. We build a LPM with τmax = 50 predictors. We use p = 10 pre-
vious observations to predict the following one, and in the training, we use 15 observa-
tions to estimate one predictor (n = 14, see Section 2.1). For the GMM, we tried several
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numbers of Gaussians from five to one hundred. We decided to use ten Gaussians for
the comparison, because with this, we have obtained the best results in our tests. The
HMM consists of ten states. Each state is associated with a Gaussian distribution [7]
(Gaussian Hidden Markov Model, GHMM).

(a) LPM (b) GMM (c) GHMM (d) LPM, GMM and
GHMM

Fig. 1. ROCs of (a) the LPM, (b) the GMM, (c) the GHMM and (d) overview of (a), (b) and (c),
computed using all test sets at once

3.1.c Results. In Figure 1, we can see different Receiver Operating Characteristics
(ROCs) of the three models. The ROC is the curve that results if we plot the probability
to correctly detect an event (p(T P)) against the probability that an normal observation

is falsely classified as an event (p(FP)), that is p(T P) = #(Detected, simulated events)
#(Simulated events)

and p(FP) = #(Falsely detected events)
#(Normal observations) . A method is superior to another one at a fixed

false positive rate if its ROC curve is above another ROC. In order to reduce false alerts
and respect that events are rare occurrences, we are particularly interested in parameters
with low false positive rates.

In Figure 1(a), 1(b) and 1(c), we can see the performance of the different models
separately, one ROC for each test. In Figure 1(d), we can see the overall performance
(results using all event datasets as one set) of each model.

Comparing the GHMM and the GMM, the GHMM performs better. But as we can
see in Figure 1(a) and 1(d), the LPM outperforms both methods. Hence, there are event
detection problems where the LPM can be successfully applied, and they perform better
than GMMs or GHMMs. In the next section, we apply the LPM on real data.

3.2 Car Tracking and Event Detection

The setup of this test is as follows. A web cam is positioned to monitor a fixed area. We
drive an RC car in the visible area and perform several actions. The “normal case” con-
sists of any combination of normal movements (driving straight, turning left or right),
an “event” is an arbitrary action that differs from these possible actions (for example, if
the car hits another object).

To adapt the LPM to tracking and motion detection, every time window of p observa-
tions is rotated so that the difference vector of the first two is orientated in one particular
direction. This simplifies the prediction, and reduces the number of predictors.
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3.2.d Tracking. We use a background subtraction algorithm [6] for the motion de-
tection. This algorithm estimates for every image of a video sequence the foreground
and updates a background model. It uses one threshold for each pixel. It is similar to
many other background subtraction algorithms, but we have adapted it to our problem,
especially to color images.

In detail, let Bt(i, j) ∈ [0,1]3 be the (normalized color) pixel (i, j) of the tth back-
ground image, Ct(i, j) ∈ [0,1]3 the corresponding pixel in the tth measured image,
Tt(i, j) ∈R+ the tth threshold for pixel (i, j). We say, Ct(i, j) belongs to the foreground
if (Bt(i, j)−Ct(i, j))� (Bt(i, j)−Ct(i, j)) > Tt(i, j). Let Gt(i, j) = 1 if Ct(i, j) is fore-
ground, and 0 otherwise, than

Bt+1(i, j) := (1−Gt(i, j)) · (αBBt(i, j)+ (1−αB)Ct(i, j))+ Gt(i, j) ·Bt(i, j),
Tt+1(i, j) := (1−Gt(i, j)) · (αB(Tt(i, j)+ 0.01)+ (1−αB)Dt(i, j))+ Gt(i, j) ·Tt (i, j),

where Dt(i, j) := (Bt(i, j)−Ct(i, j))� (Bt(i, j)−Ct(i, j)). The constant 0.01 is used
for noise suppression, αB ∈ (0,1) controls the adaption to the background of C. The
resulting blob (all foreground pixels) for several frames can be seen in Figures 3(a) and
3(b).

3.2.e Extended model. We model a special case of an AR model in this test (see
Equation (1)),

x(t) =
p

∑
i=1

a(i)x(t− i)+ a0 + v(t), (11)

a0 ∈ R
2, x(t) ∈ [0,1]2, and we assume p = 3. In this test, x(t) is the position of the

car at frame t, one dimension of a0 represents the forward movement, the other one the
drift. We use this adaption because we assume these two values to be very different.
This adaption implies that X(a)(t) := [IN ,x(t−1),x(t−2), . . . ,x(t−n)] is used for the
Yule-Walker equations instead of the X(t) assumed in Section 2.1. We use for Equation
(7) ft(η(t1)) = exp(−10 · ε̂(t1)). This scaling is used for visualization only.

We use three predictors, one for straight parts, one for turning left and one for turning
right. As weights, we set w(1) = w(2) = w(3) = 1/3. If the score F is lower than
θ = 0.4, we say, we have detected an event. In general, θ is an arbitrary threshold with
0 < θ < 1, and θ = 0.4 is sufficient for our task, as we have verified with some test data
(see Figure 4).

(a) Turning left (b) Straight (c) Turning right

Fig. 2. Frames from the training data: the car turns left(a), drives straight (b) and turns right (c)
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3.2.f Training data. The predictors are estimated only for the basic actions. That
means, the predictor for straight movement is estimated using only a video where the
car moves in one particular direction, and the turns are estimated using videos includ-
ing only the turns, but no straight parts. A normal activity is any combination of these
actions. For each action, less than hundred data vectors were sufficient; for many other
models, we would have to use more features, depending on the complexity of the model.

(a) Accident

(b) Normal case

Fig. 3. Several frames from an accident video and the blobs of the tracking (a), and normal activ-
ities: car is driving in an S-bend (b)

3.2.g Results. In Figure 3(a), we see several frames of a video we use, that is the
first frame with an detected object, immediately before an accident, the frame that has
been captured during the accident, the following one and at the last frame of the se-
quence. The mark on the upper left denotes an event. The event is detected right after
the accident.

In Figure 3(b), we see the car, performing an S-bend. This action is correctly classi-
fied as normal activity, and no events are detected.

Fig. 4. Score F as described in Section 2.3

In Figure 4, we can see the score F of several normal movements and an accident
(an event). As we can see, the score of the normal activities is above the threshold. The
same is true for the event video until the accident happens, than the score drops below
the threshold and keeps at this low level.
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4 Conclusion and Outlook

We have described and tested a method for event detection based on a mixture of linear
predictions. Our model outperforms a GMM and a GHMM in a set of tests, despite
being less complex than the latter one.

In contrast to GMMs, the LPM uses time dependencies for an improved decision.
Furthermore, the LPM is a descriptive model, while the GMM and the GHMM are gen-
erative ones. However, LPMs and GMMs have the same simplicity in the inference. The
estimation of the LPM is the easiest, because we do not need to estimate covariances,
which can be difficult.

Further, we can adapt the LPM easily if the normal case changes by adding new
predictors and calculate the weights on some new measurements. This adaption is not
useful for GMMs, because it alters the probability of all observations, and HMMs have
to be calculated from scratch.

Some problems with the LPM arise from the solution of the Yule Walker equations.
For example, in the presence of outliers, the accuracy of the predictor estimation de-
creases, and if the variance in the data is too low, the number of values to estimate a
linear predictor increases. Solutions to these problems are available within the frame of
the Yule Walker equations. Because the LPM builds upon these equations, these solu-
tions are available for the LPMs as well.
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Abstract. In this article, we propose a simple and efficient method for
computing an image saliency map, which performs well on both salient
region detection and as well as eye gaze prediction tasks. A large number
of distinct sub-windows with random co-ordinates and scales are gener-
ated over an image. The saliency descriptor of a pixel within a random
sub-window is given by the absolute difference of its intensity value to
the mean intensity of the sub-window. The final saliency value of a given
pixel is obtained as the sum of all saliency descriptors corresponding to
this pixel. Any given pixel can be included by one or more random sub-
windows. The recall-precision performance of the proposed saliency map
is comparable to other existing saliency maps for the task of salient re-
gion detection. It also achieves state-of-the-art performance for the task
of eye gaze prediction in terms of receiver operating characteristics.

Keywords: Bottom-up Visual Attention, Saliency Map, Salient Region
Detection, Eye Fixation.

1 Introduction

Visual saliency maps are utilized for determining salient regions in images or
predicting human eye gaze patterns. Thus they have been exploited extensively
for various intelligent interactive systems. There are a wide range of applications
from image compression [2], object recognition [3–5], image segmentation [6]
and various other computer vision tasks where saliency maps are employed. The
intensity of a given pixel in the saliency map corresponds to the attention value
attributed to the pixel in the original image.

The first computational model of visual attention was proposed by Koch and
Ulmann [21]. They also introduced the concept of a saliency map. Subsequently, a
great variety of different bottom-up visual attention models have been proposed
in the literature. Methods which are employed to detect salient regions do not
emphasize the semantic relevance and the opposite is true in the case of methods
which are utilized to predict eye gaze patterns. Despite vast research there has
not been a method which could be successfully utilized for both salient region
detection as well as eye gaze pattern prediction. Therefore, in this paper we
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propose a novel saliency map which performs well in salient region detection
and eye gaze prediction tasks.

2 Literature Review

Existing saliency maps can be categorized into two fundamental groups: those
which rely on local image statistics and those relying on global properties. The
popular bottom-up visual attentional model proposed by Itti et al. [1] is based
on local gradients, color and orientation features at different scales. It further
inspired the application of contrast functions for the realization of bottom-up
visual attention. The work of Gao et al. [22] was the first to employ contrast
sensitivity kernels to measure center-surround saliencies. It was further improved
by local-steering kernels [8] and self information [9]. The method of Bruce and
Tsotsos [18] achieved the same level of performance by employing local entropy
and mutual information-based features. Local methods are found to be com-
putationally more expensive, and several global and quasi-global methods have
been devised to address the issue of computational efficiency. The idea of uti-
lizing the residual Fourier spectrum for saliency maps was proposed in [10, 11].
The authors employ the Fourier phase spectrum and select the high frequency
components as saliency descriptors. These methods are shown to have high cor-
relation with human eye-gaze pattern on an image. Frequency domain analysis
for image saliency computation warrants the tuning of several experimental pa-
rameters. In order to alleviate this issue, several methods which rely on spatial
statistics and features [6, 12–15] have been proposed.

Salient region detection and eye gaze prediction are the two significant ap-
plications of saliency maps. Salient region detection is relevant in the context
of computer vision tasks like object detection, object localization and object
tracking in videos [14]. Automatic prediction of eye gaze is important in the
context of image asthetics, image quality assessment, human-robot interaction
and other tasks which involve detecting image regions which are semantically
interesting [17]. The contemporary saliency maps are either employed to detect
salient regions as in the case of [6, 12–14], or are used to predict gaze pattern
which can be seen in the works of [1, 8–10, 15]. Though these two tasks appear
similar, there are subtle differences between them. Salient regions of an image
are those which are visually interesting. Human eye gaze which focuses mainly
on salient regions is also distracted by semantically relevant regions [3].

Contrast has been the single most important feature for the computation of
saliency maps and modelling bottom-up visual attention as it can be inferred
from [6, 8, 9, 13, 14]. The method based on global contrast [6] employs absolute
differences of pixels to the image mean as saliency representatives. The methods
which model the distribution of contrast based on local image kernels [8, 9] need
training priors and tuning of a large set of experimental parameters. The local
weighting models proposed in [14, 15] are effective, but are computationally ex-
pensive. The local symmetric contrast-based method [13] overcomes the many
aforementioned shortcomings. Recent research has suggested that contrast de-
tection and normalization in the V1 cortex is carried out in non-linear random
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local grids, rather than in linear fashion with regular grids [19, 20]. This prop-
erty has been exploited in [14, 15] to compute saliency at pixel level and in [6]
at global level.

We hereby propose a quasi-global method which operates by computing lo-
cal saliencies over random regions of an image. This helps in obtaining better
computational run-time and also captures local contrast unlike the global meth-
ods for computing saliency maps. Furthermore, it does not require any training
priors and has only a single experimental parameter which needs tuning. Unlike
the existing methods, the proposed saliency map is found to have consistent
performance in both salient region detection and eye gaze prediction tasks. The
proposed saliency map is determined as follows.

3 Our Method

We consider a scenario where the input I is a color image of dimension r× c×3,
where r and c are the number of rows and columns respectively. The input image
is subjected to a Gaussian filter in order to remove noise and abrupt onsets.
This is further converted to CIELab space and decomposed into the three (L, a,
b) component images of dimension r × c. CIELab space is preferred because of
its similarity to the human psycho-visual space [13, 14].

Let n be the number of random sub-windows over the individual L, a and b
component images given

Ri = {(x1i, y1i), (x2i, y2i)} such that

⎧
⎨

⎩

1 ≤ i ≤ n
1 ≤ x1i < x2i ≤ r
1 ≤ y1i < y2i ≤ c

(1)

where Ri is the ith random sub-window with (x1i, y1i) and (x2i, y2i) being the
upper left and the lower right co-ordinates respectively.

The final saliency map S of dimension r × c is thus defined as

S =
n∑

i=1

∥
∥RL

i − µ(RL
i )
∥
∥+ ‖Ra

i − µ(Ra
i )‖+

∥
∥Rb

i − µ(Rb
i )
∥
∥ (2)

‖·‖ denotes the Euclidean norm and µ(.) the mean of a given input vector, which
is a two dimensional matrix in our case. To further enhance the quality of the
saliency map S, we subject it to median filtering and histogram equalization. An
illustration of the above paradigm is given in Fig. 1. For the sake of illustration
we have considered only three random sub-windows and the resulting interim
saliency map.

4 Results

First, we illustrate the efficacy of our method on three selected images from the
MSR [16] dataset in Fig. 2. The example image in Fig. 1 is also presented in
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Fig. 1. An illustration of the proposed method where three random windows are gen-
erated to produce an interim saliency map for the given input image

Fig. 2. It should be noted that the final saliency map shown in Fig. 2 is obtained
by considering a large number of random sub-windows. It can be observed from
Fig. 2 that multiscale saliency [1] and local steering kernel-based saliency [8] lay
more emphasis on edges and other statistically significant points, rather than
salient regions. The local steering kernel-based saliency [8], which is tuned to
detect semantically relevant regions like corners, edges and local maxima ends
up projecting mild image noise as salient. This can be observed on the upper
right image of the moon in Fig. 2, where irrelevant regions are shown as salient.
The results due to symmetry-based saliency [13], shows that the images have a
sharp contrast. Images which do not consist of smooth signals have found to be
bad representatives of eye gaze fixation, as eye gaze fixation function in reality
is found to be smooth. The saliency provided by entropy-based methods [18]
exhibit low contrast and are found to be inefficient for the task salient region
detection in [14]. It can be observed that the proposed saliency does not output
spurious regions as salient, has no edge bias, works well on both natual images
and images with man made objects, and most importantly is also able to grasp
the subjective semantics and context of a given region. The final property makes
our method suitable for the task of eye gaze fixation. The experimentation carried
out during the course of this research is presented in the section to follow.

In addition to the analysis of examplar images, more comprehensive experi-
ments were carried out on the MSR dataset [16] to validate the performance of
the proposed saliency map for the task of salient region detection. In order to
evaluate the performance on eye gaze prediction, experiments were conducted
on the York University [18] and MIT [17] eye fixation datasets. We compared
our method with reference to eight of the existing state-of-the-art methods. The
selection of these methods was influenced by the impact factor of the conference
and journals in which they were published, popularity of the method in terms
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Fig. 2. Illustration of the proposed saliency map on three sample images of the MSR
dataset [16]. From left to right: original Image from the MSR dataset [16], followed
by the resultant saliency maps of the proposed method, symmetry-based saliency
[13], entropy-based saliency [18], multiscale saliency [1] and local steering kernel-based
saliency [8].

of citation, and the differences in their approaches. The eight methods are the
global saliency-based method [6], symmetric saliency [13], entropy and mutual
information-based saliency [18], graph-based saliency [15], multiscale saliency [1],
local weighted saliency [14], self information-based saliency [9] and local steering
kernel-based saliency [8]. The source codes for the methods were obtained from
the homepages of the respective authors, whose links have been mentioned in
their articles.

The following settings were used for all the experiments carried out. A Gaus-
sian filter of size 3×3 was used as a pre-processor on the images for noise removal.
The number of distinct random sub-windows (n) was set to 0.02× r× c. We ar-
rived at this value, by varying (n) from (0.005 to 0.03)×r×c and found that the
receiver operating characteristics (ROC) area under the curve (AUC) attained a
level of saturation at 0.02× r× c on York University [18] and MIT [17] datasets.
And finally a median filter of size 11× 11 was employed to smooth the resultant
saliency map before being enhanced by histogram equalization. All experiments
were conducted using Matlab v7.10.0 (R2010a), on an Intel Core 2 Duo processor
with Ubuntu 10.04.1 LTS (Lucid Lynx) as operating system.

4.1 Experiments with the MSR Dataset

The original MSR dataset [16] consists of 5000 images with ground truths for
salient regions as rectangular regions of interest (ROI). The problems and issues
due to such ROIs are explained in [6] and hence the same authors select a subset
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Fig. 3. The Recall-Precision performance of the methods under consideration on MSR
dataset [16], with the experimental settings of [6]. Note that our method clearly out-
performs the methods based on global contrast [6], symmetric contrast [13], multiscale
[1], entropy [18], self information [9] and local steering kernel [8]

of 1000 images from the original set images and create exact segmentation masks.
We followed the same experimental settings as described in [6]. In Fig. 3, we
show the Recall-Precision performance of the models.

It can be observed that the proposed method clearly has a higher performance
than the methods of [1, 6, 8, 9, 13, 18] and comparable performance with that
of [14, 15], without having any of their drawbacks. The entropy-based saliency
map [18] though promising does not have a high performance because the MSR
dataset has a mix of natural images where the entropy is uniformly distributed.
Local kernel-based methods [8, 9] also perform moderately because they are
biased towards corners and edges than regions. Only the graph based method
[15] and weighted distance method [14] perform well, because they have no bias
towards edges.

4.2 Experiments Using Eye Fixation Datasets

We benchmarked the performance of the proposed method on York University
[18] and the MIT [17] eye fixation dataset. The dataset of York University [18]
consists of 120 images and the MIT dataset [17] consists of 1003 images. We
followed the experimental method as suggested in [18] and obtained the ROC-
AUC on the datasets. It can be observed from Table. 1, that our method has
state-of-the-art performance. We omitted the methods of [9, 14] on the MIT
dataset [17], as the corresponding Matlab codes required images to be down-
sampled to a smaller size.
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Table 1. The performance of the methods under consideration in terms of ROC-AUC
on the York University [18] and MIT[17] datasets. It can be observed that the proposed
method has state-of-the-art performance on both of the eye fixation datasets.

Saliency Map York University [18] MIT [17]
Global Contrast[6] 0.54 0.53
Symmetric Contrast[13] 0.64 0.63
Graph Based[15] 0.84 0.81
Multiscale[1] 0.81 0.76
Entropy[18] 0.83 0.77
Self Information[9] 0.67 -NA-
Local Steering Kernel[8] 0.75 0.72
Weighted Contrast[14] 0.75 -NA-
Proposed 0.85 0.81

5 Discussion and Conclusion

We propose a method which has good performance on both salient region detec-
tion and eye gaze prediction tasks. The proposed method does not require train-
ing priors, has a minimal set of tunable parameters and relies only on contrast
features to compute saliency maps. Our method requires minimal programming
effort and achieves state-of-the-art performance despite its simplicity. Like the
remaining contrast-based saliency maps, our method also fails to perform well
when the color contrast is extremely low. Furthermore, the proposed saliency
map fails when the task is to detect regions based on corners, orientation differ-
ences, minute differences in shapes etc. The proposed method is well suited in
the scenario of human-robot interaction where eye gaze prediction and salient
region detection need to be performed concurrently. Generating image specific
random sub-windows to boost the proposed saliency map is another topic we
wish to address in our future works.
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Abstract. “Actions in the wild” is the term given to examples of hu-
man motion that are performed in natural settings, such as those har-
vested from movies [10] or the Internet [9]. State-of-the-art approaches
in this domain are orders of magnitude lower than in more contrived
settings. One of the primary reasons being the huge variability within
each action class. We propose to tackle recognition in the wild by auto-
matically breaking complex action categories into multiple modes/group,
and training a separate classifier for each mode. This is achieved using
RANSAC which identifies and separates the modes while rejecting out-
liers. We employ a novel reweighting scheme within the RANSAC pro-
cedure to iteratively reweight training examples, ensuring their inclusion
in the final classification model. Our results demonstrate the validity of
the approach, and for classes which exhibit multi-modality, we achieve
in excess of double the performance over approaches that assume single
modality.

1 Introduction

Human action recognition from video has gained significant attention in the
field of Computer Vision. The ability to automatically recognise actions is im-
portant because of potential applications in video indexing and search, activity
monitoring for surveillance, and assisted living purposes. The task is especially
challenging due to variations in factors pertaining to video set-up and execu-
tion of the actions. These include illumination, scale, camera motion, viewpoint,
background, occlusion, action length, subject appearance and style.

Approaches to action recognition attempt to learn generalisation over all class
examples from training, making use of combinations of features that capture both
shape and motion information. While this has resulted in excellent results for
videos with limited variation, in natural settings, the variations in camera set-up
and action execution are much more significant, as can be seen in Figure 1. It is,
� This work is supported by the EU FP7 Project Dicta-Sign (FP7/2007-2013) under
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(a) GetOutCar action

(b) HandShake action

Fig. 1. Four examples of two actions of the Hollywood2 dataset, all showing the dif-
ferent modes of the same action

therefore, unrealistic to assume that all aspects of variability can be modelled
by a single classifier. This motivates our approach.

The method presented in this paper tackles action recognition in complex
natural videos by following a different approach. Instead of treating all examples
of a semantic action category as one class, we automatically separate action
categories into various modes or groups, thereby significantly simplifying the
training and classification task. We achieve this by applying the tried and tested
Random Sampling Consensus (RANSAC) algorithm [2] to training examples
of actions, with a novel adaptation based on an iterative reweighting scheme
inspired by boosting, and obtain impressive results. Whereas clustering merely
groups class examples based on proximity within the input space, our approach
groups the positive examples while attempting to exclude negative ones. This
ensures less contamination within sub-categories compared to clustering. To our
knowledge, our approach is the first to make use of the automatic separation of
complex category examples into groups for action recognition. For classes where
multi-modality is evident, we achieve a performance increase in excess of 100%
over approaches assuming single modality.

The layout for the remainder of this paper is as follows: Section 2 discusses
related research. In Section 3, we present our approach in detail. We describe
our experimental set-up in Section 4 and present recognition results in Section 5.
Finally, Section 6 concludes the paper.
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2 Related Work

There is a considerable body of work exploring the recognition of actions in
video [11,1,6,8,4,13]. While earlier action recognition methods were tested on
simulated actions in simplified settings, more recent work has shifted focus to
so-called Videos in the Wild, e.g. personal video collections available online, and
movies. As a result of this increase in complexity, recent approaches attempt to
model actions by making use of combinations of feature types. Laptev and Perez
[7], distinguish between actions of Smoking and Drinking in movies, combining
an optical flow-based classifier with a separately learned space-time classifier
applied to a keyframe of the action. The works of [6] and [10] recognise a wider
range of actions in movies using concatenated HoG and HoF descriptors in a
bag-of-features model, with [10] including static appearance to learn contextual
information. Han et al. [5] capture scene context by employing object detectors
and introduce bag-of-detectors, encoding the structural relationships between
object parts, whereas Ullah et al. [13] combine non-local cues of person detection,
motion-based segmentation, static action detection, and object detection with
local features. Liu et al. [8] also combine local motion and static features and
recognise actions in videos obtained from the web and personal video collections.

In contrast to these multiple-feature approaches, our method makes use of
one feature type. Then, instead of seeking to learn generalisation over all class
examples, we argue that a single action can be split into subsets, which cover
the variability of action, environment and viewpoint. For example, the action
of Getting Out of a Car can be broken into sets of radically different actions
depending on the placement of the camera with respect to the car and individ-
ual. We automatically discover these modes of action execution or video set-up,
thereby simplifying the classification task. While extensive work exist on local
classification methods for object category recognition [15], human pose estima-
tion [14], etc [12], the assumption of multimodality has not so far been applied
to action recognition. We employ RANSAC [2] for this grouping and introduce a
reweighting scheme that increases the importance of difficult examples to ensure
their inclusion in a mode.

3 Action Modes

The aim of this work is to automatically group training examples in natural
action videos, where significant variations occur, into sub-categories for improved
classification performance. The resulting sub-categories signify different modes
of an action class, which when treated separately, allow for better modelling of
training examples, as less variations exist within each mode.

To illustrate, Figure 2(a) shows positive and negative examples in a simple
binary classification problem. It can be observed that, using a Gaussian classifier,
there exists a great deal of overlap between the classes. This is as a result of both
positive and negative examples occupying regions within the classification space
that make separation impossible with a single classifier.
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(a) Classification problem with overlap be-
tween classes

(b) Classification problem with identified
modes, simplifying the classification of the
positive data

Fig. 2. Binary classification problem for classes with overlap due to large variability in
the data

While this is an obvious problem in classification that could be solved us-
ing a mixture model, for the task of action recognition in natural videos, this
phenomenon is still observed, yet mostly ignored. Figure 1 shows six different
modes of the action class GetOutCar, and four modes of the action category
HandShake, respectively, taken from the Hollywood2 dataset [10]. It can be seen
that, while the same action is being performed, all the examples appear radi-
cally different due to the differences in camera setup and in some cases, action
execution. Despite these variations, the examples are given one semantic label,
making automatic classification extremely difficult. We propose that, for cases
such as this, it should be assumed that the data is multi-modal, and the use of
single classifiers for such problems is unrealistic.

Our method is based on the notion that there exists more compact groupings
within the classification space that when identified, reduces confusion between
classes. Figure 2(b) shows examples of such groupings when applied to the bi-
nary classification problem. The grouping also enables the detection of outliers,
which are noisy examples that may prove detrimental to the overall classifier
performance, as can be observed by the single ungrouped positive example in
Figure 2(b).

3.1 Automatic Grouping Using Random Sampling Consensus

For a set, Φ of training examples belonging to a particular class C, we iteratively
select a random subset, ϕ ⊂ Φ of the examples. We then train a binary classifier
of the subset ϕ against all training examples from other classes. This forms the
hypothesis stage. The resulting model is then evaluated on the remainder of the
training example set, ψ ⊂ Φ, where Φ = ϕ ∪ ψ. For each iteration, t = {1...T },
a consensus set is obtained, labelled Group ςt, which is made up of ϕ and the
correctly classified examples from ψ. This procedure identifies examples in the
subset ψ where the mode is similar to examples in ϕ.
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3.2 Sub-category Selection

After several iterations of this random training and evaluation, the sub-categories
Sj , j = {1...J} of the class C are selected from the groups ςt, t = {1...T }, where
T is the number of iterations, and J is the number of sub-categories. We apply
AdaBoost [3] in the selection process in an attempt to ensure that all training
examples are represented in at least one of the sub-categories. Each group, ςt, is
given a score which is the sum of weights Wt(i) associated with each example i
in the group. The process is initialised by assigning equal weights, W1(i) = 1

|Φ| to
all training examples. Hence, in the first instance, we find the group that results
in the highest number of correctly classified examples in subset ψ, labelled S1.
This is the first sub-category.

For subsequent sub-categories, the weight of each example is given by

Wt+1(i) =
Wt(i)

Zt
exp(−αtyiht(xi)), (1)

given that,

αt =
1
2
ln(

1− εt

εt
) (2)

and the term yiht(xi) = {−1, +1} denotes the absence or presence of a particular
example in the previously selected sub-categories. Zt is a normalisation constant,
and εt is the error rate. This process is repeated until all examples are selected,
or the maximum number of sub-categories is exceeded. In some cases outliers are
discovered. Also, there is often overlap of examples between the sub-categories
Sj as shown in 2(b).

During training, the sub-categories are trained separately against examples of
other classes. Examples of class C that do not belonging to the sub-category
being trained are not included in the training. During classification, results
of all sub-categories Sj are combined, with all true positives of S counted as
belonging to one class C. The computational complexity of our approach is
O(T (Chypo(|ϕ|) + |ψ|Ctest) + JCboost(|Φ|)), where Chypo and Ctest are the costs
of RANSAC hypothesis and test phases respectively, Cboost is the cost of the
reweighting procedure, and |.| denotes cardinality.

4 Experimental Setup

We evaluate our method on the Hollywood2 Human Action dataset [10]. The
dataset contains 12 action classes: AnswerPhone, DriveCar, Eat, FightPerson,
GetOutCar, HandShake, HugPerson, Kiss, Run, SitDown, SitUp and StandUp.
Obtained from 69 different movies, this dataset contains the most challenging
collection of actions, as a result of the variations in action execution and video
set-up across the examples. The examples are split into 823 training and 884 test
sequences, where training and test sequences are obtained from different movies.

For our experiments, we follow the experimental set-up of Laptev et al. [6]. We
detect interest points using the spatio-temporal extension of the Harris detector
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and compute descriptors of the spatio-temporal neighbourhoods of the interest
points, using the specified parameters. The descriptor used here is Histogram
of Optical Flow (HoF). We cluster a subset of 100,000 interest points into 4000
visual words, using k-means with the Euclidean distance, and represent each
video by a histogram of visual word occurrences.

As in [6], we make use of a non-linear support vector machine with a χ2 kernel
given by, K(Hi, Hj) = exp(− 1

2A

∑V
n=1

(hin−hjn)2

hin+hjn
), where V is the vocabulary

size, A is the mean distance between all training examples, and Hi = {hin} and
Hj = {hjn} are histograms.

Performance is evaluated as suggested in [10]: Classification is treated as a
number of one-vs-rest binary problems. The value of the classifier decision is
used as a confidence score with which precision-recall curves are generated. The
performance of each binary classifier is thus evaluated by the average preci-
sion. Overall performance is obtained by computing the mean Average Precision
(mAP) over the binary problems.

For our RANSAC implementation, the size of the training subset, ϕ is cho-
sen as one-fifth of the number of training examples, Φ. We set the number of
RANSAC iterations T = 500, and train T one-vs-rest binary classifiers using ϕt

against all other class examples. As detailed, reweighting is employed to select
the N most inclusive groups.

Having trained using the more compact sub-categories, during testing, we
obtain confidence scores from all sub-category binary classifiers for each test ex-
ample. In order to obtain average precision values which combine results of mul-
tiple sub-categories within a class, we normalise the scores, such that the values
are distributed over a range of [0, 1], and make use of a single threshold across
the multiple sub-category scores within that range. Precision-Recall curves which
combine the results of the sub-categories are generated by varying this single
threshold, and using the logical-OR operator across sub-categories, on the label
given to each test example. In particular, for each increment of the threshold,
positives, from which precision and recall values are obtained, are counted for
the class if any one of its sub-category scores is above the threshold. Hence, a
classification for a sub-category within a class is a classification for that class.

5 Results

Table 1 shows average precision obtained for each class using our method, com-
pared with the results of Marszalek et al. [10]. The table shows average precision
obtained using number of sub-categories J = {1...7}, and highlights the optimal
value of J for each class. The table also shows the improvement obtained over
[10] by splitting examples into sub-categories.

It can be seen that while six of the classes appear to be more uni-modal in their
execution or setup, the remaining six benefit from the discovery of additional
modes, with the actions Eat, HugPerson and SitUp showing best results with
two modes, and HandShake and GetOutCar giving best performance with 5 and
7 modes, respectively.
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Table 1. Average Precision on the Hollywood2 dataset

HoG/
Action HoF[10] HoF + Mode Selection (Our Method)

Number of Sub-categories, J Best
1 2 3 4 5 6 7 (#Groups)

AnswerPhone 0.088 0.086 0.130 0.144 0.153 0.165 0.162 0.152 0.165(5)
DriveCar 0.749 0.835 0.801 0.681 0.676 0.676 0.643 0.643 0.835(1)
Eat 0.263 0.596 0.599 0.552 0.552 0.552 0.525 0.525 0.599(2)
FightPerson 0.675 0.641 0.509 0.545 0.551 0.551 0.549 0.549 0.641(1)
GetOutCar 0.090 0.103 0.132 0.156 0.172 0.184 0.223 0.238 0.238(7)
HandShake 0.116 0.182 0.182 0.111 0.092 0.190 0.190 0.111 0.190(5)
HugPerson 0.135 0.206 0.217 0.143 0.129 0.134 0.134 0.120 0.217(2)
Kiss 0.496 0.328 0.263 0.239 0.253 0.263 0.101 0.091 0.328(1)
Run 0.537 0.666 0.255 0.267 0.267 0.269 0.267 0.241 0.666(1)
SitDown 0.316 0.428 0.292 0.309 0.310 0.239 0.255 0.254 0.428(1)
SitUp 0.072 0.082 0.170 0.135 0.134 0.124 0.112 0.099 0.170(2)
StandUp 0.350 0.409 0.342 0.351 0.295 0.324 0.353 0.353 0.409(1)

Mean 0.324 0.407

It should be noted that, where the number of sub-categories J = 1, the method
simply reduces to outlier detection. In this case, examples not belonging to the
largest consensus set are treated as noisy examples. As with categories which
exhibit multi-modality, seeking generalisation over these examples may prove
detrimental to the overall classifier performance. They are therefore discarded.

It can be observed that the improvements in performance are made for the
worst performing classes without grouping. In the case of AnswerPhone, GetOut-
Car and SitUp, more than 100% improvement is observed. This shows that the
low performance is due to the multi-modal nature of the examples in these
classes, which is ignored without the grouping procedure. Discovering these
modes and training them separately results in better performance. Conversely,
breaking down of classes which performed well without grouping resulted in re-
duction in performance in most cases. This suggests that, in these cases, most of
the actions are uni-modal. We obtain a mean average precision of 0.407 having
discovered the modes of the actions, compared to 0.324 obtained in [10].

6 Conclusion

We present an approach to improving the recognition of actions in natural videos.
We argue that treating all examples of a semantic action category as one class
is often not optimal, and show that, in some cases, gains in performance can be
achieved by identifying various modes of action execution or camera set-up. We
make use of RANSAC for this grouping, but add a boosting-inspired reweighting
procedure for the selection of optimal groups. Our results show that, for poorly
performing classes, when different modes are trained separately, classification
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accuracy is improved. This is attributed to the learning of multiple classifiers on
smaller, better-defined sub-categories within each of the classes. Our approach is
generic, and can be used in conjunction with existing action recognition methods,
and complex datasets. Future work will include finding the optimal number of
modes for each action category.

References

1. Dollár, P., Rabaud, V., Cottrell, G., Belongie, S.: Behavior recognition via sparse
spatio-temporal features. In: VS-PETS, pp. 65–72 (2005)

2. Fischler, M.A., Bolles, R.C.: Ransac: A paradigm for model fitting with applica-
tions to image analysis and automated cartography. Comms. of the ACM 24(6),
381–395 (1981)

3. Freund, Y., Schapire, R.E.: A decision-theoretic generalization of on-line learning
and an application to boosting. In: Vitányi, P.M.B. (ed.) EuroCOLT 1995. LNCS,
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Abstract. In this work, we propose a novel extension of pseudo 2D im-
age warping (P2DW) which allows for joint alignment and recognition of
non-rectified face images. P2DW allows for optimal displacement infer-
ence in a simplified setting, but cannot cope with stronger deformations
since it is restricted to column-to-column mapping. We propose to imple-
ment additional flexibility in P2DW by allowing deviations from column
centers while preserving vertical structural dependencies between neigh-
boring pixel coordinates. In order to speed up the recognition we employ
hard spacial constraints on candidate alignment positions. Experiments
on two well-known face datasets show that our algorithm significantly
improves the recognition quality under difficult variability such as 3D
rotation (poses), expressions and illuminations, and can reliably classify
even automatically detected faces. We also show an improvement over
state-of-the-art results while keeping computational complexity low.

1 Introduction

Fully automatic reasoning about similarity of facial images is a hard task in com-
puter vision. Strong changes in expression and pose, as well as affine transforma-
tions stemming from automatic face detection all contribute to rich intra-class
variability which is difficult to tell apart from inter-class dissimilarity.

Many methods approach the problem of intra-class variability by extracting
local features from interest points or regular grids and matching them between
images. The similarity is then based on the quality or the number of found
matches [2, 3, 18, 22]. No geometrical dependencies between matches are con-
sidered, which makes these methods fast. However, descriptors must be chosen
or trained to carry as much discriminatory information as possible which makes
these methods prone to overfitting on a certain task. Even more task-specific are
methods like Elastic Bunch Graph Matching [21], where faces are represented as

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 49–57, 2011.
c© Springer-Verlag Berlin Heidelberg 2011



50 L. Pishchulin et al.

(a) test (b) (c) (d) reference

Fig. 1. The reference image (d) is aligned to the query image (a) using P2DW (top
row) and the proposed P2DW-FOSE approach (bottom row). The aligned reference
image (b) shows vertical artifacts for P2DW while the proposed approach allows for
much better alignment due to the flexible warping; (c) shows respective warping grids,
where the colour/intensity represents the magnitude of the local deformation.

labelled graphs, and the approach of [23] who obtain pose projections by creating
3D head models from two training images per class.

Recently, increased research focus has beenput onfinding geometrically smooth,
dense correspondences between images, which is alleviated by the availability of
relatively fast, approximative energy minimization techniques for (loopy) graphs
[1, 5, 9]. The complexity of these approaches is high, and the impact of the ap-
proximative optimization on the classification performance remains unclear. Con-
trarily, relaxing the first-order dependencies between neighbouring pixels leads to
optimally solvable problems. [14] developed a pseudo-2D hidden Markov model
(P2DHMM), where column-to-column mappings are optimised independently,
leading to two separate 1D alignment problems. This idea has been extended to
trees [13], allowing for greater flexibility compared to P2DHMMs at the cost of
great computational complexity.

In this work, we present a novel algorithm for finding dense correspondences
between images. Our approach is based on the ideas of pseudo-2D warping
(P2DW) motivated by [4, 10, 14]. We show that the restriction to column-to-
column mapping is insufficient for recent face recognition problems and extend
the formulation to allow strip-like deviations from a central column while obey-
ing first-order smoothness constraints between vertically neighbouring pixels (c.f.
Fig. 1). This leads to an efficient formulation which is experimentally shown to
work very well in practise.

We will first introduce a general formulation of two-dimensional warping
(2DW) before discussing P2DW and introducing our novel algorithm. Then, we
will present an experimental evaluation and finally provide concluding remarks.

2 Image Warping

In this section, we briefly recapitulate the two-dimensional image warping (2DW)
as described in [19]. In 2DW, an alignment of a reference image R ∈ FU×V to
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a test image X ∈ F I×J is searched so that the aligned or warped image R′ ∈
F I×J becomes as similar as possible to X . F is an arbitrary feature descriptor.
An alignment is a pixel-to-pixel mapping {wij} = {(uij , vij)} for each position
(i, j) ∈ I × J to a position (u, v) ∈ U ×V . This alignment defines a dissimilarity
E as follows:

E(X, R, {wij}) =
∑

ij

[
d(Xij , Rwij ) + Th(wi−1,j , wij) + Tv(wi,j−1, wij)

]
, (1)

where d(Xij , Rwij ) is a distance between corresponding pixel descriptors and
Th(·), Tv(·) are horizontal and vertical smoothness functions implementing first-
order dependencies between neighboring pixels. An alignment is obtained through
minimization of the energy function E(X, R, {wij}). Unfortunately, finding a
global minimum for such energy functions was shown to be NP-complete [7] due
to cycles in the underlying graphical model representing the image lattice.

2.1 Pseudo Two-Dimensional Warping (P2DW)

In order to overcome the NP-completeness of the problem, P2DW [4, 10, 14]
decouples horizontal and vertical displacements of the pixels. This decoupling
leads to separate one-dimensional optimization problems which can be solved
efficiently and optimally. In this case, the energy function (1) is transformed as
follows:

E(X, R, {wij}) =
∑

ij

[
d(Xij , Rwij ) + Tv(vij , vi,j−1) + Th(ui, ui−1)

]

=
∑

i

J · Th(ui, ui−1) +
∑

ij

[
d(Xij , Rwij ) + Tv(vij , vi,j−1)

]
, (2)

where the horizontal smoothness is only preserved between entire columns by
the slightly changed term Th. Dynamic programming (DP) techniques have been
used to separately find optimal alignments between column matching candidates,
and then perform an additional DP optimization in order to find the globally
optimal column-to-column mapping [4].

3 Extended Pseudo-2D Warping

The simplification of horizontal dependencies not only reduces complexity of
P2DW, but also decreases the flexibility of the approach since all pixels in a
column are forced to have the same horizontal displacement. An example of such
an alignment is demonstrated in Fig. 1(b) (top row) revealing the inability of
P2DW to cope with rotation. Furthermore, scan-line artifacts are clearly visible.
Column-to-column mapping degrades discriminative qualities of P2DW, which
can lead to an overall decrease of recognition performance. In the following we
present a flexible extension of P2DW which intends to overcome the explained
shortcomings with a reasonable raise of complexity.
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Strip extension. In order to overcome the limitations of the column-to-column
mapping in P2DW, we propose to permit horizontal deviations from the col-
umn centers. This allows for more flexible alignments of local features within a
strip of neighbouring columns rather than within a single column. The degree of
flexibility is controlled through parameter Δ restricting the maximal horizontal
deviation. This parameter is task-dependent and can be adjusted in each par-
ticular case. Setting Δ to 0 results in the original P2DW, while large values of
Δ allow to compensate for noticeable image misalignments.

Especially in the last case it is important to enforce structure-preserving
constraints within a strip, since otherwise one facilitates matching of similar
but non-corresponding local features, which degrades the discriminative power.
Therefore, we propose to model horizontal deviations from column centers while
retaining the first-order dependencies between alignments in a strip, which re-
sults in a f irst-order strip extension of P2DW (P2DW-FOSE). The first-order
dependencies are modeled by hard structure-preserving constraints enforcing
monotonicity and continuity of the alignment. This type of constraints was in-
troduced in [19] in order to prevent mirroring and large gaps between aligned
neighbouring pixels. Formally these constraints are expressed as follows:

0 ≤ vi,j − vi,j−1 ≤ 2, | ui,j − ui,j−1 |≤ 1 . (3)

The constraints (3) can easily be implemented in the smoothness penalty
function Tv by setting the penalty to infinity if the constraints are violated. In
order to decrease the complexity, we hardcode the constraints in the optimization
procedure, which prevents the computation of all alignments by considering only
those permitted by the constraints. This helps to greatly reduce the number of
possible alignments of a coordinate given the alignments of its neighbours.

Energy function. According to the explained changes, we rewrite Eq. (2) as

E(X, R, {wij}) =
∑

i

J · Th(ui, ui−1)

+
∑

ij

[
d(Xij , Rwij ) + Tcv(wij , wi,j−1) + TΔ(ui, ui,j)

]
. (4)

Here, TΔ penalizes the deviations from the central column ui of a strip, and TΔ =
∞ if |ui−ui,j | > Δ; Tcv is the smoothness term with continuity and monotonicity
constraints. In comparison to P2DW, minimization of (4) is of slightly increased
complexity which is linearly dependent on the choice of parameter Δ.

Absolute displacement constraints. In order to reduce the overall complex-
ity of the proposed approach, we restrict the absolute displacement between ij
and its matching candidate wij [16]. Formally these constraints are expressed as

0 ≤| i− ui,j |≤W, | j − vi,j |≤W . (5)

The warp-range parameter W can be adjusted for each task. It can be relatively
small assuming pre-aligned faces, while more challenging conditions of misaligned
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Fig. 2. Sample images from AR Face (top row) and CMU-PIE (bottom row) datasets.
Faces in the top row were detected by VJ, faces in the bottom were manually aligned.

faces require sufficiently large W . Absolute displacement constraints help to
reduce the complexity from O(IJUV Δ) to O(IJW 2Δ) providing a significant
speed-up even for a large W which is viewed as an accuracy/complexity trade-off.

Fig. 1(b) (bottom row) exemplifies the advantages of the proposed approach
over the original P2DW. It can clearly be seen that the deviations from columns
allow to compensate for local and global misalignments, while the implemented
monotonicity and continuity constraints preserve the geometrical structure of the
facial image. Both improvements lead to a visibly better quality of alignment.

We accentuate that preserving structural constraints within a strip does not
guarantee global smoothness, since strips are optimised independently. The latter
can lead to intersecting paths in neighbouring columns, especially for large Δ.

4 Results

We evaluate the proposed algorithm on two challenging databases with varying
expressions, illuminations, poses and strong misalignments.

AR Face. Following [3], we use a subset of 110 individuals of the AR Face [12].
We use four different expressions and three illuminations, all fully taken in two
sessions two weeks apart. The first session is for training, the second for testing.
Simulating a real world environment we detect and crop the faces automatically
to 64x64 pixels using the Viola&Jones (VJ) detector [20]. See Fig. 2 for samples.

CMU-PIE. The CMU-PIE [17] database consists of over 41000 images of 68
individuals. Each person is imaged under 43 different illumination conditions,
13 poses and 4 various facial expressions. In order to evaluate our algorithm on
3D transformations, we use a subset of all individuals in 13 poses with neutral
facial expression. The original face images were manually aligned by eye-centre
locations [6] and cropped to 64× 64 resolution. Fig. 2 shows sample images.

Experimental Setup. We extract an 128-dimensional SIFT [11] descriptor at
each position of the regular pixel grid. As proposed by [8], we reduce the de-
scriptor to 30 dimensions by means of PCA estimated on the respective training
data and subsequently normalize each descriptor to unit length. We use a NN
classifier for recognition directly employing the obtained energy as dissimilarity
measure and the L1 norm as local feature distance. Similar to [5], we include



54 L. Pishchulin et al.

 2

 3

 0  1  2  3  4

E
R

[%
]

delta

P2DW
P2DW-FOSE

Fig. 3. Error rate on automatically de-
tected faces for different strip widths Δ,
where Δ = 0 is equivalent to the P2DW

 1

 2

 3

 4

 5

 6

 2  4  6  8  10  12
 0

 5

 10

 15

 20

E
R

[%
]

R
el

. C
om

pl
ex

ity
[%

]

max warprange

Error
rel. complexity

Fig. 4. Error rate on VJ detected faces and
relative complexity compared to P2DW-
FOSE with different warping ranges

a context of 5 × 5 neighboring pixels in the distance, which is also thresholded
with an empirically estimated threshold value of τ = 1. This makes our approach
robust to unalignable pixels. Additionally, we speed up the computation of the
alignments using local distance caching, and track the smallest energy obtained
to stop if it is surpassed by a rough lower bound on the current energy [5]. For
comparison, we use our own re-implementation of P2DW [4].

Evaluation on the AR Face database. First, we show the effects of strip
width on the recognition error. Fig. 3 shows the error rate for increasing Δ where
the biggest improvement is seen at Δ = 1. Although the error decreases further
afterwards, the return is diminishing quickly. This gives rise to two interpreta-
tions: on the one hand, it seems most important to allow (even slight) horizontal
movements of individual pixels. On the other hand, big strip widths increase the
chance of intersecting column paths, making the deformation less smooth.

In order to study means of speeding up the recognition, we fix Δ = 3 (c.f.
Fig. 3) and vary the warp-range parameter W restricting the maximum absolute
displacement. Fig. 4 shows the influence of W on both recognition accuracy and
computational complexity. As the total number of possible alignments grows
quadratically with increasing W , the recognition error decreases until the accu-
racy of the unconstrained version is reached (c.f. Fig. 3). For W = 8, the relative
complexity is 7.1%, corresponding to a speed up by a factor of 15 (in comparison
to W =∞) while leading to only a slight increase of the error.

In Table 1, we summarise our findings and compare relative run-times and
performance of the proposed approach with basic methods and results from the
literature. The last column shows a computing-time factor (CTF) relative to
P2DW, which therefore has a CTF of 1 (26 s per image). It can be seen that
increasing the flexibility of P2DW by means of the proposed strip extension
greatly improves the accuracy. The proposed speedup allows us to use 64x64
pixels resolution, while the energy minimization technique presented in [5] op-
erates on 32x32 pixels due to much higher complexity. Our method also greatly
outperforms state-of-the-art feature matching approaches [2, 3, 18] which are
though more efficient. Moreover, [3, 18] used manually pre-registered faces.

Evaluation on CMU-PIE database. To demonstrate the robustness of our
approach w.r.t. to pose deformation, we evaluate our algorithm on the pose
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Table 1. Results for VJ-detected faces
and comparison of run-times

Model ER [%] CTF

No warping 22.3 -

P2DW 2.7 1
P2DW-FOSE 1.8 2.3

+ W = 8 2.0 0.2

CTRW-S [5] 3.7 0.4
SURF-Face [2] 4.15 -
DCT [3] 4.70∗ -
Av-SpPCA [18] 6.43∗ -

∗ with manually aligned faces

Table 2. Average error rates [%] on CMU-
PIE groups of poses by our algorithms

Model near near avg.
frontal profile

No warping 40.69 86.27 63.48

P2DW 0.25 17.63 8.94
P2DW-FOSE 0.25 10.39 5.32

Hierarch. match. [1] 1.22 10.39 5.76
3D shape mod. [23] 0.00 ∗∗14.40 ∗∗6.55
Prob. learning [15] ∗ 7 ∗ 32 19.30

∗ estimated from graphs, ∗∗ missing poses

Table 3. Qualitative evaluation of the proposed approach

Query Ref Deformed Ref. Query Ref Deformed Query

P2DW P2DW-FOSE P2DW P2DW-FOSE

subset of the CMU-PIE database, using the frontal image as reference and the
remaining 12 poses as testing images. As the reference is much more accurately
cropped compared to the testing images (see Fig. 2 (bottom row)), we reverse the
alignment procedure and align the test image to the reference one. This helps to
minimize the impact of background pixels in the test images. We also follow [1]
and additionally use left and right half crops of the reference image. We choose
Δ = 3 and set no absolute constraints for P2DW-FOSE, as this setup was shown
to lead to the best performance on the AR Face database. Recognition results
on the CMU-PIE database are listed in Table 2. In order to highlight the specific
difficulties of the task, we divide the test data in near frontal and near profile
poses. For the former, most approaches are able to achieve error rates near to
0%, while the latter is very difficult. A clear improvement is achieved compared
to P2DW, and we also obtain the best result compared to the literature, where
[1] uses a much more complex warping algorithm and [23] even use an additional
profile shot as training data in order to generate a 3D head model. [15] uses
automatically cropped images, which make the task even harder.

Table 3 shows qualitative results on an expression and pose image: in both
cases the alignment by our method is much smoother compared to P2DW.
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5 Conclusion

In this work, we have shown that a flexible extension of pseudo-2D warping helps
to significantly improve recognition results on highly misaligned faces with dif-
ferent facial expressions, illuminations and strong changes in pose. Interestingly,
even small deviations from the strict column-to-column mapping allow for much
smoother alignments, which in turn provides more accurate recognitions. One
interesting result from our evaluation is that it pays of to sacrifice a little of
the global smoothness for tractable run-time on higher-resolution images. Also,
we show that our globally optimal solution to a simplified problem outperforms
an hierarchical approximation of the original problem, which might suffer from
local minima. We believe this is an important road to explore, since quite often
problems in computer vision are made tractable by introducing heuristics such as
hierarchies without clearly investigating the impact of the hidden assumptions.
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Abstract. This paper is focused on the automatic recognition of human
events in static images. Popular techniques use knowledge of the human
pose for inferring the action, and the most recent approaches tend to
combine pose information with either knowledge of the scene or of the
objects with which the human interacts. Our approach makes a step for-
ward in this direction by combining the human pose with the scene in
which the human is placed, together with the spatial relationships be-
tween humans and objects. Based on standard, simple descriptors like
HOG and SIFT, recognition performance is enhanced when these three
types of knowledge are taken into account. Results obtained in the PAS-
CAL 2010 Action Recognition Dataset demonstrate that our technique
reaches state-of-the-art results using simple descriptors and classifiers.

Keywords: Scene Understanding, Action Recognition, Spatial Interac-
tion Modeling.

1 Introduction

The enormous amount of images daily generated by millions of Internet users
demands robust and generic image understanding techniques for the automatic
indexing and annotation of those human events displayed in pictures, for a fur-
ther search and retrieval. In essence, the main goal of this Image Understanding
process is to assign automatically semantic labels to images in which humans
appear. This process tries to bridge the semantic gap between low-level image
representation and the high-level (Natural Language) descriptions given by hu-
mans [1]. In this domain, the recognition of human activities in static images
becomes of great importance, since (i) humans appear the most in the images
(and videos), and (ii) knowledge about the scene and objects nearby can ex-
ploited for inferring the human action [4].

This progress on such an automatic recognition of human events in image
databases have led to recent interesting approaches which take into account
multiple sources of knowledge that can be found in an image, namely (i) the pose
of the human body [2], (ii) the kind of scene in which the human is performing
her/his action [3], and (iii) the objects with which the human interacts in order
to perform the action [5].
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On one hand, a popular strategy for pose estimation is based on finding the
proper parameters of an articulated model of the human body, like for example
in [8]. The task of pose estimation is to find a parameters of the articulated model
which correspond to a human in the image/video of interest. However, these type
of approaches are computationally expensive and require good quality images of
humans in both training and testing data, which is not always achievable. That
is why other approaches are based on appearance matching alternatively [11].
This approach is purely bottom-up and the pose is represented by appearance
feature vectors.

Pose-based methods for action recognition constitute successful solutions to
the recognition of actions such as walking or running [2]. However, pose only is
not enough for the analysis of more complex human behaviours like for example
riding horse, phoning, or working with computer. In these cases, the knowledge
about the scene (outdoor or indoor) and the interacting objects (horses, phones,
screens) should be exploited.

The scene in which the human is performing an action can provide discrim-
inant information: for example playing instrument is usually observed in the
concerts, while working with computer can be often seen in the office environ-
ment. Scene analysis can be done in two main ways: (i) scene region segmenta-
tion (sky, road, buildings, etc.), and (ii) holistic scene classification (indoor or
outdoor, mountain view or forest, bedroom or kitchen, etc.) using global appear-
ance of the scene [6]. Segmentation methods usually provide detailed information
about those regions of the scene which are particularly important for action un-
derstanding. Alternatively, obtaining a single label for the whole scene (indoor,
outdoor, etc.) has been proven enough for action recognition: Marszalek et al.
[3] studied the relevant scene classes and their correlation with human activ-
ities. They illustrate that incorporating scene information effectively increases
the recognition rate.

The analysis of interactions of the human with other objects is of importance.
For example, the aforementioned actions involve not only a human, but also
the interaction with object(s) in the scene. Towards this end, there have been
presented interesting methods for spatial interactions modeling [4,5,7,8]. The
majority of these proposed interaction models are based on Bayesian models.
These models provide coherent interference, however they are computationally
expensive and require a proper initialization of the model. Authors in [9] pro-
posed a simple and elegant solutions which models spatial interactions ”on top,
above, below, next to, near, far, overlap”. These relationships provides high-level
semantic interpretation for human-object and object-object interactions.

In this paper we propose an strategy towards the efficient combination of
three sources of knowledge, i.e. human pose, scene label and object interaction.
The main contribution of our work relies on taking into account the pose of the
human, the interactions between human and objects, and the context. Also, an
important requirement of our technique is that we do not make any assumption
about the objects that can appear in the scene. In particular, this goal extends
the work proposed in Li and Fei-Fei [4], where a generic model is proposed that in-
corporate several sources of knowledge, including event, scene and objects. Their
model, restricted to sports activities only, ignores the spatial and interactive
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Fig. 1. Human action recognition

relationships among the objects in the scene. Our approach also extends another
technique for action recognition presented by Gupta et al. [5]. They describe
how to apply spatial constrains on location of objects in the action recognition.
However, their model requires a strong prior knowledge in order to distinguish
between manipulable and scene objects, and their approach is tested only on
sport datasets, where there is no context information available.

The rest of the paper is divided as follows: Section 2 presents our novel frame-
work for action recognition, and details the models used for pose, scene, and
interaction analysis. Since we aim to demonstrate the benefits of combining
these three types of knowledge, we restrict our models to be based on stan-
dard descriptors like HOG or SIFT in order to better evaluate the gain in their
combination. Section 3 provide the experiment results and shows that our per-
formance achieves state-of-the-art results in the PASCAL 2010 VOC Challenge
[13]. Finally, section 4 draws the conclusions and scope for future research.

2 Human Action Recognition

The overall pipeline for the action recognition is illustrated in Fig. 1. Initially,
given an image and bounding box of the human, salient features are extracted.
Then, object detection, based on on the Recursive Coarse-to-Fine Localization
[10], is done. Next, human pose is extracted, scene analysis is performed and
the interactions between human, scene and objects are analysed. Finally, using
a classification procedure, an estimation about the human action is computed.
While feature extraction and object detection are only used in a straightforward
manner, the pose, scene, and spatial interaction analysis are detailed next.

2.1 Pose Estimation

Pose estimation is achieved by fusing knowledge about the local appearance and
the local shape of the human, which location is obtained from a bounding box,
provided by the dataset. The appearance of a human pose is computed in the
area of the bounding box, using the Bag-of-Words (BoW) technique. The shape
representation of the human pose is done with histograms of gradient (HOG) [11],
which capture edge orientation in the region of interest. In order to keep spatial
information, we apply Pyramid of HOG [12]. This allows capturing local contour
information as well as keeping a spatial constrains. A final human pose model
HP results from the concatenation of the appearance and shape representations.
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Fig. 2. Spatial histogram

2.2 Scene Model

Scene Analysis is done using SIFT features and BoW approach enhanced with a
spatial pyramid presented by [6]. In our work we use a spatial pyramid over the
background with two levels: zero level includes entire background region, and
first level consists of three horizontal bars, which are defined by bounding box.
The global scene of the image is represented with a histogram HBG which is a
concatenation of histograms of both levels.

2.3 Spatial Interaction

To handle spatial interactions we combine two interaction models: (i) a local
interaction model and (ii) a global interaction model, adapted from [9].

Local Interaction. Local Interaction model HLI is a SIFT based BoW his-
togram which is calculated over the local neighbourhood around the bounding
box. The neighbourhood of the bounding box defines a local context that helps
to analyse the interactions between a human and the objects that are being
manipulated by the human.

Global Interaction. A basic description of actions in a scene can be done using
information about the types of objects that are observed in the scene. Given NO

the number of object detections O = [O1, O2, ..., ONO ] in the image I, object
occurrence can be represented as a histogram HO:

HO =
NO∑

i=1

Piui, (1)

where ui is such that only one element of ui is nonzero, and |ui| is the L1-norm
of ui. The index of the only nonzero element in ui indicates the class of the
object Oi with probability Pi.

In addition, it is important incorporate the model about how these objects
are distributed in the scene. The model can be obtained by analysing the inter-
actions across all the objects in the scene. The interaction between two objects
i and j can be represented by a sparse spatial interaction feature dij , which bins
the relative location of the detection windows of i and j into one of the canonical
semantic relations including above, below, ontop, next-to, near, and far, see Fig. 2.
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Fig. 3. Classification process

Table 1. Average precision results on PASCAL Action Dataset using different cues

HP HP & HBG HP & HBG& HINT

Walking 67.0 64.0 62.0
Running 75.3 75.4 76.9
Phoning 45.8 42.0 45.5

Playing instrument 45.6 55.6 54.5
Taking photo 22.4 28.6 32.9

Reading 27.0 25.8 31.7
Riding bike 64.5 65.4 75.2
Riding horse 72.8 87.6 88.1
Using PC 48.9 62.6 64.1

Average 52.1 56.3 59.0

Therefore, every image I can be represented with an interaction matrix HI .
Every element hIkl

of the matrix HI represents the spatial interaction between
classes k and l:

hIkl
=

N
Ok∑

i=1

N
Ol∑

j=1

d(Ok
i , Ol

j)min(P k
i , P l

j ) (2)

where Ok and Ol are detections of objects of classes k and l correspondingly.
Therefore, the global interactions model HGI is represented as the concate-

nation of HO and HI , and the final spatial interaction model HINT is defined
as the concatenation of the local and global interaction models, HLI and HGI .

2.4 Classification

In this stage, images represented with histograms are classified using a Support
Vector Machine (SVM) classifier (see Fig. 3), which was trained and tested using
the respective image sets. A histogram intersection kernel is used to introduce
non-linearity to the decision functions. In order to fuse multiple image represen-
tations HP , HBG, HINT we use concatenation of normalized histograms.
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(a) (b) (c) (d) (e)

(f) (g) (h) (i)

Fig. 4. Correctly classified examples of walking(a), running(b), phoning(c), playing
instrument(d), taking photo(e), reading(f), riding bike(g), riding horse(h), using PC(i)

(a) (b) (c) (d) (e)

(f) (g) (h) (i)

Fig. 5. Misclassified examples of walking(a), running(b), phoning(c), playing
instrument(d), taking photo(e), reading(f), riding bike(g), riding horse(h), using PC(i)

3 Experimental Results

Instead of applying our technique in sport datasets as in [4,5], we tested our
approach on a more challenging dataset provided by the PASCAL VOC Chal-
lenge 2010 [13]. The main feature of this dataset is that each person is annotated
with a bounding box together with the activities they are performing: phoning,
playing a musical instrument, reading, riding a bicycle or motorcycle, riding a
horse, running, taking a photograph, using a computer, or walking. To train the
spatial interaction model based on object detections we used 20 object classes:
aeroplane, bicycle, bird, boat, bus, car, cat, chair, cow, dog, dining table, horse,
motorbike, person, potted plant, sheep, sofa, train, and tv/monitor.

To evaluate the importance of context and interactions, three main experi-
ments were accomplished: (i) using only pose model, (ii) using pose model and
scene model, and (iii) using pose, scene analysis, and spatial interaction mod-
els, see Table 1). A selection of correctly classified and misclassified examples
are illustrated in Figures 4 and 5. The complexity of the dataset is that there
are simple actions (walking, running), actions with unknown objects (phoning,
playing an instrument, taking a photo, reading), and actions with known ob-
jects (riding a bike, riding a horse, using a PC). The evaluation of results is
accomplished computing precision-recall curves and average precision measures.
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Table 2. Comparing average precision scores in PASCAL Action Dataset (details on
these methods are found in [13])
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WILLOW LSVM 41.5 73.6 40.4 29.9 17.6 32.2 53.5 62.2 45.8 44.1
SURREY MK KDA 68.6 86.5 52.6 53.5 32.8 35.9 81.0 89.3 59.2 45.5
WILLOW SVMSIFT 56.4 78.3 47.9 29.1 26.0 21.7 53.5 76.7 42.9 48.1
WILLOW A SVMSIFT 1-A LSVM 56.9 81.7 49.2 37.7 24.3 22.2 73.2 77.1 53.7 52.9
UMCO DHOG KSVM 60.4 83.0 53.5 43.0 34.1 32.0 67.9 68.8 45.9 54.3
BONN ACTION 61.1 78.5 47.5 51.1 32.4 31.9 64.5 69.1 53.9 54.4
NUDT SVM WHGO SIFT C-LLM 71.5 79.5 47.2 47.9 24.9 24.5 74.2 81.0 58.6 56.6
INRIA SPM HT 61.8 84.6 53.2 53.6 30.4 30.2 78.2 88.4 60.9 60.1
CVC SEL 72.5 85.1 49.8 52.8 24.9 34.3 74.2 85.5 64.1 60.4
CVC BASE 69.2 86.5 56.2 56.5 25.4 34.7 75.1 83.6 60.0 60.8
UCLEAR SVM DOSP MULTFEATS 70.1 87.3 47.0 57.8 32.5 26.9 78.8 89.7 60.0 61.1

Our method: HP & HBG & HINT 62.0 76.9 45.5 54.5 32.9 31.7 75.2 88.1 64.1 59.0

As we can see from the Table 1, for simple actions (walking, running), pose
information is the most important. The minor improvements for running class
can be explained by the fact that running is usually observed outdoor with
groups of people, while walking does not have such a pattern and equally can
be both indoor and outdoor, thus, adding context and interaction information
decreases recognition rate.

Next, for those actions including interactions with unknown objects there is
no single solution. Results of phoning are better when pose model are used alone;
this has two explanations: (i) the typical pose is discriminative enough for this
action, and (ii) the bounding box containing the human usually occupies almost
the whole image, so there is not much room for the context and objects in the
scene. An action like playing an instrument improves significantly with a scene
model, since that activity often means “playing in a concert” with quite partic-
ular and distinguishable context, e.g. cluttered dark indoor scenes. Even though
we can observe the increase of performance for taking a photo, its recognition
rate is low due to the significant variations in appearance. The recognition re-
sults for the reading class significantly increase when adding object interaction
models, as reading is usually observed in an indoor environment, where many
objects like sofas, chairs, or tables can be detected.

Finally, the actions like riding bike, riding horse, using PC get significant
improvement (13.5% in average per class) when we use a complete model (Pose &
Scene & Interaction) comparing with results based on the pose model only. This
shows the particular importance of using context and spatial object interaction
information for action recognition.

Comparing our results with state-of-the art in Table 2, we might notice that
our results performs in average around 3% behind the best results reported in
[13]. However, in our work we used a simplified model based only on SIFT and
HOG features, while the team which achieved the best results developed the
action recognition framework based on 18 different variations of SIFT [13].
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4 Conclusions and Future Work

In this paper, our main hypothesis is that human event recognition requires
modelling the relationships between the humans and environment where the
event happens. In order to asses this hypothesis, we propose an strategy towards
the efficient combination of three sources of knowledge, i.e. human pose, scene
appearance and spatial object interaction. The experimental results on the very
recent PASCAL 2010 Action Recognition Challenge show a significant gain in
recognition rate in the case our full model is used.

For the future work, we will extend our method by using more features and
test our method on other datasets. Moreover, motion information should be
added in order to model spatial-temporal interactions, which are of interest for
video-based action recognition.
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10. Pedersoli, M., Gonzàlez, J., Bagdanov, A.D., Villanueva, J.J.: Recursive Coarse-
to-Fine Localization for Fast Object Detection. In: Daniilidis, K., Maragos, P.,
Paragios, N. (eds.) ECCV 2010. LNCS, vol. 6316, pp. 280–293. Springer, Heidelberg
(2010)

11. Dalal, N., Triggs, B., Rhone-Alps, I., Montbonnot, F.: Histograms of oriented gra-
dients for human detection. In: CVPR, San Diego (2005)

12. Bosch, A., Zisserman, A., Munoz, X.: Representing shape with a spatial pyramid
kernel. In: ACM ICIVR, Amsterdam (2007)

13. Everingham, M., Van Gool, L., Williams, C.K.I., Winn, J., Zisserman, A.:
The PASCAL Visual Object Classes Challenge 2010 (VOC 2010) Results
(2010), http://www.pascal-network.org/challenges/VOC/voc2010/workshop/

index.html



Detection Performance Evaluation of Boosted
Random Ferns�

Michael Villamizar, Francesc Moreno-Noguer,
Juan Andrade-Cetto, and Alberto Sanfeliu

Institut de Robòtica i Informàtica Industrial, CSIC-UPC
{mvillami,fmoreno,cetto,sanfeliu}@iri.upc.edu

Abstract. We present an experimental evaluation of Boosted Random Ferns in
terms of the detection performance and the training data. We show that adding
an iterative bootstrapping phase during the learning of the object classifier, it
increases its detection rates given that additional positive and negative samples
are collected (bootstrapped) for retraining the boosted classifier. After each boot-
strapping iteration, the learning algorithm is concentrated on computing more
discriminative and robust features (Random Ferns), since the bootstrapped sam-
ples extend the training data with more difficult images.

The resulting classifier has been validated in two different object datasets,
yielding successful detections rates in spite of challenging image conditions such
as lighting changes, mild occlusions and cluttered background.

1 Introduction

In the last years a large number of works have been addressed for detecting objects
efficiently [1–3]. Some of them use boosting algorithms with the aim of computing
a strong classifier from a collection of weak classifiers which could be calculated very
fast. One well-known and seminal work is the detector proposed by Viola and Jones [2].
It relies on simple but fast features (Haar-like features) that in combination, by means
of AdaBoost, yields a powerful and robust classifier. Nevertheless, this sort of methods
depends strongly on the number of image samples used for learning the classifier. In a
few words, more training samples (object and non-object samples) means a better de-
tector performance. This fact is an important drawback when datasets with a reduced
number of images are used. Traditionally, methods tend to introduce image transforma-
tions over the training data in order to enlarge the dataset, and to collect a large number
of random patches over background images as negative samples.

Recently, Random Ferns [4] in addition to a boosting phase have shown to be a good
alternative for detecting object categories in an efficient and discriminative way [3].
Although this method has shown impressive results in spite of its simplicity, its perfor-
mance is conditioned to the size of its training data. It is because boosting requires a
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large number of training samples and because each Fern has an observation distribution
that depends on the number of features forming the Fern. As larger this distribution is,
more training samples are needed.

In this work, we evaluate the Boosted Random Ferns (BRFs) according to the size
and quality of the training data. Furthermore, we demonstrate that adding a bootstrap-
ping phase during the learning step the BRFs improves its detection rates. In summary,
the bootstrapping phase allows to having more difficult samples with which to retraining
the BRFs and therefore to obtain a more robust and discriminative object classifier.

The remainder of present work is organized as follows: Section 2 describes the ap-
proach for learning the object classifier by means of an iterative bootstrapping phase.
Subsequently, the computation of the BRFs is described (Section 2.1). The procedure
to bootstrapping images from the training data is shown in Section 2.2. Finally, the
experimental validation and conclusions are presented in Sections 3 and 4, respectively.

2 The Approach

Detecting object instances in images is addressed by testing an object-specific classifier
over images using a sliding window approach. This classifier is computed via Boosted
Random Ferns, that are basically a combination of feature sets which are calculated over
local Histograms of Oriented Gradients [7]. Each feature set (Random Fern) captures
image texture by using the output co-occurrence of multiple local binary features [6].

Initially, the Boosted Random Ferns are computed using the original training data,
but subsequently, the classifier is iteratively retrained with the aim of improving its
detection performance using an extended and more difficult training data. This is done
via a bootstrapping phase that collects new positive and negative samples by testing
the previously computed classifier over the initial training data. As a result, a more
challenging training dataset with which to train following classifiers is obtained.

2.1 Boosted Random Ferns

The addressed classifier consists on a boosting combination of Random Ferns [4]. This
classifier was proposed in the past with the aim of having an efficient and discriminative
object classifier [3]. More formally, the classifier is built as a linear combination of weak
classifiers, where each of them is based on a Random Fern � which has associated
a spatial image location g. The boosting algorithm [5] computes the object classifier
H(x) by selecting, in each iteration t, the Fern �t and location gt that best discriminates
positive samples from negative ones. The algorithm also updates a weight distribution
over the training samples in order to focus its effort on the hard samples, which have
been incorrectly classified by previous weak classifiers. The result is an assembling of
Random Ferns which are computed at specific locations. To increase even more the
computational efficiency, a shared pool ϑ of features (Random Ferns) is used [6]. It
allows to reduce the cost of feature computation.

Then, the Boosted Random Ferns can be defined as:

H(x) =
T

∑
t=1

ht(x) > β , (1)
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Algorithm 1. Boosted Random Ferns Computation
1: Given a number of weak classifiers T , a shared feature pool ϑ consisting of M Random

Ferns, and N image samples (x1,y1)...(xN ,yN ), where yi ∈ {+1,−1} indicates the label for
object C and background classes B, respectively:

2: Initialize sample weights D1(xi) = 1
N , where i = 1,2, ..N.

3: for t = 1 to T do
4: for m = 1 to M do
5: for g ∈ x do
6: Under current distribution Dt , calculate the weak classifier h(m,g) and its distance

Q(m,g).
7: end for
8: end for
9: Select the ht that minimizes Qt .

10: Update sample weights.

Dt+1(xi) = Dt (xi)exp[−yiht (xi)]
∑N

i=1 Dt(xi)exp[−yiht (xi)]
11: end for
12: Final strong classifier.

H(x) = sign
(
∑T

t=1 ht (x)−β
)

where x is an image sample, β is the classifier threshold, and ht is a weak classifier
computed by

ht(x) =
1
2

log
P(�t |C,gt ,zt(x) = k)+ ε
P(�t |B,gt ,zt(x) = k)+ ε

, k = 1, ..,K . (2)

The variables C and B indicate the object (positive) and background (negative) classes,
respectively. The Fern output z is captured by the variable k, while the parameter ε is a
smoothing factor.

At each iteration t, the probabilities P(�t |C,gt ,zt) and P(�t |B,gt ,zt) are computed
under the weight distribution of training samples D. This is done by

P(�t |C,gt ,zt = k) = ∑
i:zt(xi)=k∧yi=+1

Dt(xi) , k = 1, ..,K . (3)

P(�t |B,gt ,zt = k) = ∑
i:zt(xi)=k∧yi=−1

Dt(xi) , k = 1, ..,K . (4)

The classification power of each weak classifier h is measured by means of the Bhat-
tacharyya distance Q between the object and background distributions. The weak clas-
sifier ht that minimizes the following criterion is selected,

Qt = 2
K

∑
k=1

√
P(�t |C,gt ,zt = k)P(�t |B,gt ,zt = k) . (5)

The pseudocode for computing the BRFs is shown in algorithm 1. For present work,
all classifiers are learned using the same classifier parameters, since our objective is to
show their detection performances in connection with only the training data. Therefore,



70 M. Villamizar et al.

(a) (b) (c)

Fig. 1. The Bootstrapping phase. Once the classifier is computed, it is tested over training images
(a). According to the ground truth (blue rectangle) and the bootstrapping criterion (eq. 6), current
detections (magenta rectangles) are classified as either positive or negatives samples (b) . Positive
samples correspond to object instances (green rectangles), while negative ones are background
regions (blue rectangles). They are result of false positives emitted by the classifier (c).

each boosted classifier is built by 100 weak classifiers and using a shared pool ϑ con-
sisting of 10 Random Ferns. Besides, each Fern captures the co-occurrence of 7 random
binary features that are computed over local HOGs [7].

2.2 The Bootstrapping Phase

In this section is described how the training data is enlarged with more difficult image
samples in order to retraining the object-specific classifier. The procedure is carried out
as follows: given the training data, consisting of sets of positive and negative samples,
the classifier is first computed using those initial samples. Once the classifier has been
computed, it is tested over the same training images with the aim of extracting new
positive and negative samples.

The criterion for selecting the samples is based on the overlapping rate r between
detections (bounding boxes) and the image ground truth given by the dataset. If that
rate is over a defined threshold (0.3 by default), such detections are considered as new
positive samples, otherwise, they are considered as false positives are aggregated to set
of negative images. The overlapping rate can be written as:

r =
|BGT

⋂
BD|

|BGT
⋃

BD| (6)

where BGT indicates the bounding box for the ground truth, and BD is the bounding box
for current detection. New positive samples represent the initial object samples under
some image transformations like scales or image shifts (see Figure 3). The robustness
of the classifier is then increased thanks to those images since object samples with small
transformations are considered in the learning phase. By the other hand, the extracted
negative samples correspond to background regions which have been misclassified by
the current classifier. Those images force the boosting algorithm to seek out the most
discriminative Ferns towards object classification in the following iterations. The ex-
traction of new training samples is visualized in Figure 1.
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Fig. 2. Detection performance using several sizes of training data. For each case, the classifier
has been learned five times due to it is based on random features. Subsequently, the average
performance is calculated. Bottom-right figure shows the average curves.

3 Experiments

Several experiments have been carried out in order to show the strong dependency be-
tween the performance of the addressed classifier and the size of training data used for
its learning. Moreover, it is observed that bootstrapping new samples yields more ro-
bustness and discriminative power to the object classifier. For testing the resulting clas-
sifier two different object datasets have been used. They are the Caltech Face dataset
[8] and the Freestyle Motocross dataset proposed in [3].

Caltech Face Dataset - This dataset was proposed in [8] and it contains frontal faces
from a small group of people. The images show extreme illumination changes because
they were taken in indoor and outdoor scenes. The set of images is formed by 450 im-
ages. For present work, we use the first 195 images for training and the rest ones for
validation. It is important to emphasize that images used for validation do not corre-
spond to people used for training the classifier. In addition, this dataset also contains a
collection of background images that are used as negative samples.
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Freestyle Motocross Dataset - This dataset was originally proposed for validating a
rotation-invariant detector given that it has two sets of images, one corresponding to
motorbikes with rotations in the image plane, and a second one containing only mo-
torbikes without rotations [3]. For our purposes the second set has been chosen. This
set contains 69 images with 78 motorbike instances under challenging conditions such
as extreme illumination, multiple scales and partial occlusions. The learning was done
using images from the Caltech Motorbike dataset [8].

3.1 Training Data

In this section, the detection performance of Boosted Random Ferns is measured in
terms of the size of the training data. Here, the classifier is learned without a bootstrap-
ping phase and using different number of training images, both positive and negative
images. The classifier aims to detecting faces in the Caltech Face dataset. Figure 2
shows the detection curves (Recall-Precision Curves) for each data size. As the classi-
fier relies on random features (Random Ferns), the learning has been repeated five times
and the average performance has been calculated. We can note that detection rates in-
crease with the number of image samples, and that using 100 images the classifier yields
similar rates to using the entire training data (195 images).

3.2 Bootstrapping Image Samples

In order to increase the number of training samples and the quality of them for the clas-
sification problem, an iterative bootstrapping phase is carried out. In each iteration, the
algorithm collects new positive and negative samples from the training data. The result
is generating more difficult negative samples in order to force the boosting algorithm
to extract more discriminative features. Furthermore, the extraction of new positive im-
ages allows to having a wide set of images that considers small transformation over the
target object (e.g object scales). To illustrate the extraction of bootstrapped samples,

Fig. 3. Bootstrapped images. Some initial positive images are shown at top row. After one boot-
strapping iteration, the algorithm extracts new positive and negative samples. New positive im-
ages contain the target object at different scales and shifts (middle row). Contrary, new negative
images contain difficult backgrounds and some portion of the object (bottom row).
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Fig. 4. Detection performance in terms of number of bootstrapping iterations. (a) The retrained
classifier is evaluated over the original dataset (first experiment). (b) For detection evaluation,
2123 background images are added to set of testing images (second experiment). The classifier
without retraining shows a considerable detection rate reduction when background images are
added.

Figure 3 shows some new positive and negative samples which are then used for re-
training the object classifier. These images were collected after just one bootstrapping
iteration. Negative samples correspond to portions of faces and difficult backgrounds.

With the aim of measuring the influence of the bootstrapping phase over the detection
performance, two experiments has been elaborated. The first one consists on testing
the face classifier over the test images of Caltech dataset, that is, over the remainder
255 images. Similarly, the second experiment consists on evaluating the classifier over
the same dataset but adding an additional set of 2123 background images in order to
visualize its robustness to false positives. Both experiments have been carried out using
different number of bootstrapping iterations. The results are depicted at Figure 4.

Figure 4(a) shows the results for the first experiment. We see that adding a bootstrap-
ping phase the detection rates increase remarkably. After one iteration, the rates are very
similar for all cases and achieve an almost perfect classification. For the second exper-
iment, the testing is carried out one more time but using the large set of background
images. In Figure 4(b) are shown the detection performances for each case in compar-
ison with the results of not using the additional images. It is realized that the addition
of background images for validation affects considerably the detection rate of the ob-
ject classifier trained without a bootstrapping phase (0 iterations). It demonstrates that
trained classifier tends to yield more false positives, while the classifiers computed after
bootstrapping are robust to them. Their detection rates are very similar and do not seem
to decrease with the extended testing set.

3.3 Freestyle Motocross Dataset

In Figure 5(a) are shown the detection curves for the Freestyle Motocross dataset. It
is seen how the number of bootstrapping iterations also improves the detection rates.
Figure 5(b) depicts the detection performances of learning the object classifier using
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Fig. 5. Detection curves for the Freestyle Motocross dataset. (a) The bootstrapping phase im-
proves the detection classification. (b) The bootstrapped classifier outperforms to traditional clas-
sifiers based on creating and collecting a large number of image samples.

Fig. 6. Some detection results. Green rectangles correspond to object detections. The resulting
classifier is able to detect object instances under difficult image conditions.

different sets of training images. In this experiment, the positive images are generated
by adding affine transformations over the initial positive samples, while the negative
ones are created by collecting random patches over background images. The boot-
strapped classifier outperforms in all cases. This demonstrates that bootstrapped images
help to the boosting algorithm to build a more robust classifier. Finally, some detection
results for this dataset are shown in Figure 6.
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4 Conclusions

We have presented an experimental evaluation of the Boosted Random Ferns as an ob-
ject classifier. The strong dependency between detection performance and the size of
training data has been evidenced. To improve detection results, an iterative bootstrap-
ping phase has been presented. It allows to collect new positive and negative samples
from the training data in order to force the learning algorithm to compute more dis-
criminative features towards object classification. Furthermore, we can conclude that
with just one bootstrapping iteration, the bootstrapped classifier achieves impressive
detection rates and robustness to false positives.
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Feature Selection for Gender Classification
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Abstract. Most existing feature selection methods focus on ranking
features based on an information criterion to select the best K features.
However, several authors find that the optimal feature combinations do
not give the best classification performance [6],[5]. The reason for this is
that although individual features may have limited relevance to a par-
ticular class, when taken in combination with other features it can be
strongly relevant to the class. In this paper, we derive a new information
theoretic criterion that called multidimensional interaction information
(MII) to perform feature selection and apply it to gender determination.
In contrast to existing feature selection methods, it is sensitive to the
relations between feature combinations and can be used to seek third or
even higher order dependencies between the relevant features. We apply
the method to features delivered by principal geodesic analysis (PGA)
and use a variational EM (VBEM) algorithm to learn a Gaussian mix-
ture model for on the selected feature subset for gender determination.
We obtain a classification accuracy as high as 95% on 2.5D facial needle-
maps, demonstrating the effectiveness of our feature selection methods.

1 Introduction

High-dimensional data pose a significant challenge for pattern recognition. The
most popular method for reducing dimensionality are variance based subspace
methods such as PCA. However, the extracted PCA feature vectors only capture
sets of features with a significant combined variance, and this renders them rel-
atively ineffective for classification tasks. Hence it is crucial to identify a smaller
subset of features that are informative for classification and clustering. The idea
underpinning feature selection is to select the features that are most relevant
to classification while reducing redundancy. Mutual information (MI) provides
a principled way of measuring the mutual dependence of two variables, and has
been used by a number of researchers to develop information theoretic feature
selection criteria. For example, Batti [2] has developed the Mutual Information-
Based Feature Selection (MIFS) criterion, where the features are selected in a
greedy manner. Given a set of existing selected features S, at each step it locates
the feature xi that maximize the relevance to the class I(xi; C). The selection is
regulated by a proportional term βI(xi; S) that measures the overlap informa-
tion between the candidate feature and existing features. The parameter β may
significantly affect the features selected, and its control remains an open prob-
lem. Peng et al [9] on the other hand, use the so-called Maximum-Relevance
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Minimum-Redundancy criterion (MRMR), which is equivalent to MIFS with
β = 1

n−1 . Yang and Moody’s [11] Joint Mutual Information (JMI) criterion is
based on conditional MI and selects features by checking whether they bring
additional information to an existing feature set. This method effectively rejects
redundant features. Kwak and Choi [8] improve MIFS by developing MIFS-U
under the assumption of a uniform distribution of information for input features.
It calculates the MI based on a Parzen window, which is less computationally
demanding and also provides better estimates.

However, there are two limitations for the above MI feature selection methods.
Firstly, they assume that every individual relevant feature should be dependent
with the target class. This means that if a single feature is considered to be
relevant it should be correlated with the target class, otherwise the feature is
irrelevant [4]. So only a small set of relevant features is selected, and larger feature
combinations are not considered. Hence, although a single feature may not be
relevant, when combined with other features it can become strongly relevant. The
second weakness is that most of the methods simply consider pairwise feature
dependencies, and do not check for third or higher order dependencies between
the candidate features and the existing features. For example, [1] there are four
features X1,X2,X3,X4, the existing selected feature subset is {X1,X4}, assume
I(X2,C)= I(X3,C), I(X2,X1|C) = I(X3,X1|C), I(X2,X4|C)= I(X3,X4|C) and
I(X1,X4,X2)� I(X1,X2)+ I(X4,X2), which indicates that X2 has strong affinity
with the joint subset {X1,X4}, although has smaller individual affinity to each
of them. So in this situation, X2 may be discarded, and X3 is selected, although
the combination {X1,X4,X2} can produce a better cluster than {X1,X4,X3}.

To overcome this problem in this paper, we introduce the so called multidi-
mensional interaction information (MII) to select the optimal subset of features.
This criterion is capable of detecting the relationships between higher order fea-
ture combinations. In addition, we apply a mixture Gaussian model and the
variational EM algorithm to the selected feature subset to detect clusters. We
apply the method to gender classification based on facial needle-maps extracted
from the Max-Planck database of range images.

2 Information-Theoretic Feature Selection

Mutual Information: In accordance with Shannon’s information theory [10],
the uncertainty of a random variable C can be measured by the entropy H(C).
For two variables X and C, the conditional entropy H(C|X) measures the re-
maining uncertainty about C when X is known. The mutual information (MI)
represented by I(X ;C) quantifies the information gain about C provided by
variable X . The relationship between H(C),H(C|X) and I(X ; C) is I(X ;C) =
H(C)−H(C|X).

For training a classifier, we prefer features which can minimize the uncertainty
on the output class set C. If I(X ;C) is large, this implies that feature vector
X and output class set C are closely related. When X and C are independent,
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the MI of X and C goes to zero, and this means that the feature X is irrelevant
to class C. As defined by Shannon, the initial uncertainty in the output class C
is expressed as:

H(C) = −
∑

c∈C

P (c) log P (c) . (1)

where P (c) is the prior probability over the set of class C. The remaining un-
certainty in the class set C if the feature vector X is known is defined by the
conditional entropy H(C|X)

H(C|X) = −
∫

x

p(x){
∑

c∈C

p(c|x) log p(c|x)}dx . (2)

where p(c|x) denotes the posterior probability for class c given the input fea-
ture vector x. After observing the feature vector x, the amount of additional
information gain is given by the mutual information (MI)

I(X ; C) = H(C)−H(C|X) =
∑

c∈C

∫

x

p(c, x)log
p(c, x)

p(c)p(x)
dx . (3)

Conditional Mutual Information: Assume that S is the set of existing se-
lected features, X is the set of candidate features, S ∩ X = ∅, and C is the
output class set. The next feature in X to be selected is the one that maximizes
I(C; xi|S), i.e. the conditional mutual information (CMI) which can be repre-
sented as I(C;xi|S) = H(C|S) − H(C|xi, S), where C is the output class set,
S is the selected feature subset, X is the candidate feature subset, and xi ∈ X .
From information theory, the conditional mutual information is the expected
value of the mutual information between the candidate feature xi and class set
C when the existing selected feature set S is known. It can be also rewritten as

I(C;xi|S) = ES(I(C;xi)|S) =
∑

S

∑

c∈C

∑

xi∈X

P (xi, S, c) log
P (S)P (xi, S, c)
P (xi, S)P (S, c)

.(4)

Multidimensional Interaction Information for Feature Selection: The
conditioning on a third random variable may either increase or decrease the orig-
inal mutual information. That is, the difference I(X ; Y |Z)− I(X ; Y ), referred
to as the interaction information and represented by I(X ; Y ;Z), can measure
the difference between the original mutual information I(X ; Y ) when a third
random variable is taken into account or not. The difference may be positive,
negative, or zero, but it is always true that I(X ; Y |Z)� 0.

Given the existing selected feature set S, the interaction information be-
tween the output class set and the next candidate feature xi can be defined
as I(C; xi;S) = I(C;xi|S) − I(C;xi). From this equation, the interaction in-
formation measures the influence of the existing selected feature set S on the
amount of information shared between the candidate feature xi and the output
class set C, i.e. {C, xi}. A zero value of I(C; xi;S) means that the information
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contained in the observation xi is not useful for determining the output class set
C, even when combined with the existing selected feature set S. A positive value
of I(C;xi; S) means that the observation xi is independent of the output class
set C, so I(C, xi) will be zero. However, once xi is combined with the existing
selected feature set S, then the observation xi immediately becomes relevant
to the output class set C. As a result I(C;xi|S) will be positive. As a result
the interaction information is capable of solving XOR gate type classification
problems. A negative value of I(C;xi;S) indicates that the existing selected
feature set S can account for or explain the correlation between I(C;xi). As a
result the shared information between I(C; xi) is decreased due to the additional
knowledge of the existing elected feature set S.

According to the above definition, we propose the following multidimensional
interaction information for feature selection. Assume that S is the set of existing
selected feature sets, X is the set of candidate features, S ∩ X = ∅, and C is
the output class set. The objective of selecting the next feature is to maximize
I(C; xi|S), defined by introducing the multidimensional interaction information:

I(C; xi|S) = I(C; xi) + I({xi, s1 . . . sm, C}) . (5)

where

I(C; xi, S) = I(xi, s1, . . . , sm;C) =
∑

s1,...,sm

∑

c∈C

P (xi, s1, . . . , sm; c)

× log
P (xi, s1, . . . , sm; c)

P (xi, s1, . . . , sm)P (c)
. (6)

Consider the joint distribution P (xi, S) = P (xi, s1, . . . , sm). By the chain rule
of probability, we expand P (xi, S), P (xi, S;C) as

P (xi, s1, . . . , sm)=P (s1)P (s2|s1)P (s3|s2, s1)×P (s4|s3, s2, s1) · · ·P (xi|s1, s2. . .sm) ,(7)
P (xi, S;C)=P (xi, s1, s2 . . . sm;C)=P (C)p(s1|C)P (s2|s1, C)P (s3|s1, s2, C)

×P (s4|s1, s2, s3, C) · · ·P (xi|s1, . . . , sm, C) . (8)

There are two key properties of our proposed definition in Equation 5. The first
is that the interaction information term I({xi, s1 . . . sm, C}) which can be zero,
negative and positive. It can deal with a variety of cluster classification problems
including the XOR gate. When it taken on a negative value, it can help to select
optimal feature sets. The second benefit is its multidimensional form, compared
to most existing MI methods which only check for pairwise feature interactions.
Our definition can be used to check for third and higher order dependencies
between features.

We use a greedy algorithm to locate the k optimal features from an initial
set of n features. Commencing with a complete set X and an empty set S, we
select a feature which gain a large value of I(x, C). We then apply the greedy
strategy to select the feature that maximizes the multidimensional mutual in-
formation between the features and the output class set, i.e. the first feature
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X
′
max that maximizes I(X

′
, C), the second selected feature X

′′
max that maxi-

mizes I(X
′′
, X

′
, C), the third feature X

′′′
max that maximizes I(X

′′′
, X

′′
, X

′
, C).

We repeat this procedure until |S| = k.

3 Experimental Results

2.5D Facial Needle-maps: The data set used to test the performance of our
proposed algorithm is the facial needle-maps extracted from the Max-Planck
database of range images, see Fig. 1. It comprises 200 (100 females and 100
males) laser scanned human heads without hair. The facial needle-maps (fields
of surface normals) are obtained by first orthographically projecting the facial
range scans onto a frontal view plane, aligning the plane according to the eye
centers, and then cropping the plane to be 256-by-256 pixels to maintain only
the inner part of the face. The surface normals are then obtained by computing
the height gradients of the aligned range images. We then apply the principal
geodesic analysis (PGA) method to the needle maps to extract features. Whereas
PCA can be applied to data residing in a Euclidean space to locate feature
subspaces, PGA applies to data constrained to fall on a manifold. Examples of
such data are direction fields, and tensor-data.

Fig. 1. Examples of Max - Planck needle - maps

Gender Classification Results: Using the feature selection algorithm outlined
above, we first examine the gender classification performance using different sized
feature subsets for the leading 10 PGA features. Then, by selecting a different
number of features from the leading 30 PGA feature components, we compare
the gender classification results from our proposed method Multidimensional
Interaction Information (MII) with those obtained using alternative existing MI-
based criterion methods, namely a) Maximum-Relevance Minimum-Redundancy
(MRMR), b) Mutual Information Based Feature Selection (MIFS). The data
used are the PGA feature vectors extracted from the 200 Max-Planck facial
needle maps.

First, we explore the leading 10 PGA feature components. We have 10 selected
feature subsets of size d (d = 1,. . . ,10) shown in Fig. 2 (b). For each d, we apply
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the variational EM algorithm [3] to fit a mixture of Gaussians model to the d-
dimensional feature vectors of the 200 needle maps. After learning the mixture
model, we use the a posteriori probability to perform gender classification. The
gender classification accuracies obtained on different feature subsets are shown
in Fig. 2 (a). From Fig. 2, it is clear that the best classification accuracy for the
facial needle-maps is achieved when 5 features are selected. Using fewer or more
features both deteriorate the accuracy. The main reason for this is that we select
the gender discriminating features only from the leading 10 PGA features. On
the base of cumulative reason, there are probably additional non leading features
are important for gender discrimination. Therefore, in the following experiments,
we extend our attention to the leading 30 features.

(a) (b)

Fig. 2. Gender Classification on Facial needle-maps using different selected feature
subsets

In Fig. 3, we compare the the performance of the three criterion functions.
At small dimensionality there is little difference between the different methods.
However, at higher dimensionality, the features selected by MII clearly have a
higher discriminability power than the features selected by MRMR and MIFS.
The ideal size of the feature subsets for MIFS and MRMR is 4 or 5, where an
accuracy 87% and 92.5% respectively are achieved. However, for MII we obtain
the highest accuracy of 95% when nearly 10 features are selected. This means
that with both both MRMR and MIFS there is a tendency to overestimate
the redundancy between features, since they neglect the conditional redundancy
term I(xi, S|C). As a result some important features can be discarded, which in
turn leads to information loss.

Our proposed method therefore leads to an increase in performance at high
dimensionality. By considering higher order dependencies between features, we
avoid premature rejection on the basis of redundancy, a well documented problem
known to exist in MRMR and MIFS [7]. This gives feature sets which are more
informative to our classification problem.
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Fig. 3. Average classification accuracies:MII show significant benefit compared to cri-
teria of MRMR and MIFS measuring only pairwise dependencies

(a) Initialization (b) Convergence

Fig. 4. VBEM of K = 8 learning process visualized on 1st and 6th PGA feature
components, in which the ellipses denote the one standard-deviation density contours
for each components, and the density of red ink inside each ellipse corresponds to
the mean value of the mixing coefficient for each component. The initial number of
component is K = 8, during the learning process, some components whose expected
mixing coefficient are numerically indistinguishable from zero are not plotted

We illustrate the learning process and the classification results of using the
selected feature subset. The learning process of the EM step in the VBEM algo-
rithm is visualized in Fig. 4 by showing the models learned, a) on initialization,
b) on convergence. Each of the two stages is visualized by showing the distribu-
tion of the 1st and 6th PGA feature components as a scatter plot. From Fig. 4,
it is clear that on convergence of the VBEM algorithm (after 50 iterations),
the data are well clustered according to gender. We see that after convergence,
only two components survive. In other words, there is an automatic trade-off in
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the Bayesian model between fitting the data and the complexity of the model,
in which the complexity penalty arises from components whose parameters are
forced away from their prior values.

4 Conclusions

This paper presents a new information criteria based on Multidimensional Inter-
action information for feature selection. The proposed feature selection criterion
offers two major advantages. First, the MII criteria takes into account high-order
feature interactions, overcoming the problem of overestimated redundancy. As
a result the features associated with the greatest amount of joint information
can be preserved. Second, the variational EM algorithm and a Gaussian mixture
model are applied to the selected feature subset improving the overall classifica-
tion.
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Abstract. We present a novel computational framework for automatic
classification method by symmetries, for periodic images applied to con-
tent based image retrieval. The existing methods have several drawbacks
because of the use of heuristics. These methods have shown low classifi-
cation values when images exhibit imperfections due to the fabrication or
the hand made process. Also, there is no way to give some computation
of the classification goodness-of-fit. We propose to obtain an automatic
parameter estimation for symmetry analysis. Thus, the image classifica-
tion is redefined as distances computation to the prototypes of a set of
defined classes. Our experimental results improves the state of the art in
wallpaper classification methods.

Keywords: Symmetry, symmetry groups, image retrieval by symmetry,
prototype-based classification, adaptive nearest neighbour classification.

1 Introduction

In industrial sectors, the notion of symmetry is always present as an aesthetic
element, indispensable in each new design. These designs, see examples in Fig. 1,
are commonly referred to as regular mosaics, wallpaper images, wallpaper pat-
terns, or simply Wallpapers. Accumulated over the years, thousands of these
samples are stored in company storerooms or museums, in many cases in digital
formats. But designers suffer serious limitations when searching and manag-
ing these images, and designers are accustomed to using abstract terms related
with perceptual criteria. Therefore, some kind of image analysis is necessary to
extract information about the internal geometry and structure of patterns. Lit-
tle effort has been made in their image analysis and classification, and so this
work explores this direction. In this way, Content-Based Image Retrieval Sys-
tems (CBIR) can be used to find images that satisfies some criteria based on
similarity. Therefore, we propose: i) to solve the inherent ambiguities of symme-
try computation by using an adaptive classifier without needing learning stages;
ii) to use this classifier for CBIR, because the relative response of this classifier
allows to recover groups of similar images.
� This work is supported in part by spanish project VISTAC (DPI2007-66596-C02-01).
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Fig. 1. Details of wallpaper images obtained from [10], [2], and [4] collections. These
are images of real textile samples. The geometry of the UL is also shown.

A symmetry of any 2D pattern can be described through a set of geometrical
transformations that transforms it in itself: isometries. These are: translations,
rotations (n-fold), reflections (specular), and glide reflections (specular plus lat-
eral displacement). Regarding translational symmetry, a wallpaper pattern is
a repetition of a parallelogram shaped subimage, called Unit Lattice (UL). A
lattice extraction procedure is then needed to obtain the lattice geometry. In
this work we assume that the lattice geometry has been already obtained and
the UL is known, e.g. using autocorrelation [5], Fourier, or wavelets [1]. We rely
on the symmetry groups theory [3] to formulate a mathematical description of
structures. A symmetry group is the set of isometric transformations that brings
a figure in line with itself. In the 2D case, a Plane Symmetry Groups (PSG)
is defined by means of two translational symmetries (lattice) and some other
isometries. For example, Fig. 1 (left) is only translational. In contrast, the other
patterns of Fig. 1 have more isometries, such as 180◦ rotations and reflections
about two axes. The last pattern can be reconstructed using 120◦ rotations. The
crystallographic constraint limits the number of PSG to 17 cases, helping us to
describe the pattern structure. Fig. 2 shows the details of each PSG as well as
their standard notation. For example, the patterns in Fig. 1 belong, from left to
right, to symmetry groups P1, PMM, PGG and P31M.

The interest in the algorithmic treatment of symmetries has been recognized
by a recent tutorial at ECCV 2010 Conference [6]. It included an extended dis-
cussion and comparison of the state of the art of symmetry detection algorithms.

Fig. 2. Representation of the 17 wallpaper groups, their standard notation and their
internal symmetries. The UL is referred as a fundamental parallelogram.
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A global success of 63% over a test bed of 176 images is reported. The classical
algorithms for cataloguing wallpapers [3] are heuristic-based procedures to be
used by humans. These are proposed in the form of decision trees whose branches
are raised as questions to ask when looking at the design. Because of the ambi-
guities in the computer reformulation of these questions, their implementation is
very complex. The main computer autonomous approach of this kind has been
made by Liu et al. [5]. This model expresses the Schattschneider algorithm in the
form of a rule-based classifier (RBC) where each symmetry group corresponds
to a unique sequence of yes/no answers. This model can be seen as a kind of
decision tree classifier with binary symmetry values. Our experience confirms
that this method can be tuned to obtain 100% hits for the Joyce [4] dataset,
but this set-up is not successful for other image collections. In addition, the use
of RBC obtains only one result without an associate measure of confidence. An
enhancement of this solution is necessary, as indicated in [7].

2 Proposed Method

We propose a novel computational framework based on continuous measure-
ments of symmetries for a distance-based classification of the symmetry groups
approach applied to real and synthetic images of two-dimensional repetitive pat-
terns. The use of binary class prototypes describing the PSG mentioned above,
adaptively adjusted for image conditions, assumes a high degree of variance of
symmetry features, due to noise, deformations or just the nature of the hand
made products. As this classification results in an ordered list of content similar-
ity based on symmetry, it can be used as an result for Context-Based Image Re-
covery (CBIR) applications. We started by using a Nearest Neighbour Classifier
(NNC) as this enabled us to obtain a measure of goodness for the classification.
This kind of method requires the use of continuous-value feature vectors.

2.1 Feature Computation and Symmetry Groups Classification

A close view to PSG description in Fig. 2 reveals that the minimum number of
symmetry features needed to distinguish every PSG is twelve: four (R2, R3, R4,
and R6) related to rotational symmetries; four (T1, T2, T1G, and T2G) to describe
reflection symmetries (non-glide and glide) along axes parallel to the sides of UL;
and four more features (D1, D2, D1G, and D2G) for reflection (non-glide and
glide) with respect to the two UL diagonals. We defined a symmetry feature
vector (SFV) of twelve elements that identifies the presence/absence of these
symmetries as (f1, f2, ..., f12). To obtain a symmetry feature fi for a specific
isometry, e.g 2-fold rotation, we apply this transformation to the original image
I(x, y) obtaining the transformed image IT (x, y). A piece of the transformed
image, of the size of the bounding box of the UL (m), is selected. A score map
is then computed as Map(x, y) = 1− SAD(x, y), where:

SAD(x, y) = 1
m

∑
x0 y0

|I(x− x0, y − y0)−BBox(x0, y0)| (1)
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If symmetry is present in the image, this map peaks at several positions indi-
cating the presence of that symmetry, while revealing lower values in areas where
the symmetry is not hold. The |maximum−minimum| difference should then
be a good measure to quantify the feature. However, there are patterns with-
out internal symmetries, such as P1 (Fig. 1), so that max-min difference should
be relative to any other value representing the presence of symmetry. The only
symmetry always present in every pattern is the translational symmetry (ST ).
Finally, we compute the normalized components of the SFV as follows:

fi = max(Map)−min(Map)
ST−min(Map) 1 ≤ i ≤ 12 (2)

The higher the value of fi, the more likely the image contains symmetry.
Table 1 shows the SFV vectors obtained for the four wallpaper samples in Fig. 1.
As expected, these results partially confirm high values that indicate the presence
of symmetry and low values otherwise. The bold values means a value that has
to be considered as presence of symmetry when considering each vector as the
group that it belongs to, while the others mean absence of others symmetries.
Because these features were computed as gray level differences between image
patches, their values will strongly depend on the particular arrangements of
image pixels: the image complexity. As a consequence SFV requires a higher
level of adaptation to the image conditions, i.e. taking into account the contents
of each image separately. This idea will be used later by an adaptive NNC.

Table 1. Symmetry feature vectors of the four wallpapers shown in Fig. 1

Sample SFV=(R2, R3, R4, R6, T1, T2, D1, D2, T1G, T2G, D1G, D2G) PSG

1 (0.62, 0.47, 0.69, 0.34, 0.65, 0.67, 0.80, 0.59, 0.37, 0.43, 0.80, 0.59) P1

2 (0.82, 0.09, 0.20, 0.09, 0.88, 0.83, 0.20, 0.19, 0.27, 0.26, 0.2, 0.19) PMM

3 ( 0.95, 0.42, 0.33, 0.46, 0.39, 0.45, 0.31, 0.48, 0.98, 0.99, 0.31, 0.48) PGG

4 (0.46, 0.69, 0.28, 0.49, 0.74, 0.65, 0.48, 0.72, 0.74, 0.65, 0.48, 0.72) P31M

To classify a wallpaper image, featured by SFV, we need a set of class samples.
Fortunately, the number of classes and their structure are known in advance. For
the sake of simplicity, we start by proposing the use of binary prototypes rep-
resenting each one of the classes. Table 2 shows the resulting 23 prototypes.
Some classes have two prototypes because there are two possible places where
reflection symmetry can appear. After applying the NNC to several image col-
lections we did not found significant improvements in comparison with RBC
(see the Experiments section). This is probably due to the bias of the feature
values: minimum values are not near ’0’, nor maximum values are near St. In
that situation, the use of binary prototypes, with inter-class boundaries equidis-
tant to each class, does not fit the problem. However, some advantage have been
achieved. Firstly, the Euclidean distance to the class prototype can be used as
a measure of confidence. Secondly, the NNC produces an ordered set of outputs
describing the class membership of each sample. This latter consideration can
enable an automatic adjustment of the prototypes in order to adapt them to the
image variability.
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Table 2. Binary prototypes for the 17 PSG classes

Classes Prototype
Feature vectors

P1 (0,0,0,0,0,0,0,0,0,0,0,0)

P2 (1,0,0,0,0,0,0,0,0,0,0,0)

PM1 (0,0,0,0,1,0,0,0,0,0,0,0)
PM2 (0,0,0,0,0,1,0,0,0,0,0,0)

PG1 (0,0,0,0,0,0,0,0,1,0,0,0)
PG2 (0,0,0,0,0,0,0,0,0,1,0,0)

CM1 (0,0,0,0,0,0,1,0,0,0,1,0)
CM2 (0,0,0,0,0,0,0,1,0,0,0,1)

PMM (1,0,0,0,1,1,0,0,0,0,0,0)

PMG1 (1,0,0,0,1,0,0,0,0,1,0,0)
PMG2 (1,0,0,0,0,1,0,0,1,0,0,0)

PGG (1,0,0,0,0,0,0,0,1,1,0,0)

Classes Prototype
Feature vectors

CMM (1,0,0,0,0,0,1,1,0,0,1,1)
P4 (1,0,1,0,0,0,0,0,0,0,0,0)

P4M (1,0,1,0,1,1,1,1,0,0,1,0)

P4G (1,0,1,0,0,0,1,1,1,1,1,0)

P3 (0,1,0,0,0,0,0,0,0,0,0,0)

P31M1 (0,1,0,0,1,1,1,0,1,1,1,0)
P31M2 (0,1,0,0,1,1,0,1,1,1,0,1)

P3M11 (0,1,0,0,0,0,1,0,0,0,1,0)
P3M12 (0,1,0,0,0,0,0,1,0,0,0,0)

P6 (1,1,0,1,0,0,0,0,0,0,0,0)
P6M (1,1,0,1,1,1,1,1,1,1,1,0)

2.2 Adaptive NNC (ANNC)

Recent works on NN classifiers have shown that adaptive schemes [9] outperform
the results of classic NNC in many applications. In response to the ambiguities
in computed symmetry values, we propose an adaptive approach based on estab-
lishing a merit function to adapt the inter-class boundaries to the specific image
conditions. Fig. 3-a shows a simplified example of a 2D feature space including
4 binary prototypes. The inter-class boundaries are symmetric with respect to
each prototype. In a real context, the SFV (f1, f2) vectors never reach certain
areas close to the prototypes, Fig. 3-b shows these forbidden areas. The distorted
distances force an adaptation of the boundaries between classes.

To achieve this, a transformation of the the feature space can be performed by
normalizing these features. In this new space, the null-class P1 disappears, there-
fore this class should be treated separately. The new boundaries between classes
can be searched in a way that maximizes a merit function. We use orthogonal
boundaries defined by a single parameter U , the uncertainty boundary of sym-
metry. We studied several merit functions and, finally, propose a distance ratio
between the reported first and second classes after classifying the sample with
respect to binary prototypes using a NN classifier. The result is the boundary

Fig. 3. From left to right: a) 2D feature space and prototypes P1, P2, P3 and P4. b)
Forbidden areas. c) Adaptation of class boundaries. d) Final disambiguation.
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Uopt that best separates the classes. Moreover, instead of moving the inter-class
boundaries, the problem is reformulated to modify the class prototypes into new
values (H, L) ∈ [0, 1] that are symmetrical with respect to the middle value U
(Fig. 3-c). Finally, the closest class to new prototypes (H, L) and the null-class
P1 are disambiguated (Fig. 3-d). The algorithm is as follows:

Step 1 - The symmetry values are normalized, see Eq. 3, discharging the P1
class and resulting in a 16-class problem.

SFV ′ = (f ′1, f
′
2, ..., f

′
12);

f ′i = fi−min(SFV )
max(SFV )−min(SFV ) ; 1 ≤ i ≤ 12 (3)

Step 2 - The original prototypes are transformed into (H, L) prototypes for
each of 16 classes. These values are defined with respect to parameter U as:
H = 1, L = 2 · U − 1 for U ≥ 0, 5 and L = 0, H = 2 · U otherwise.

Step 3 - For each U , ranging from 0.2 to 0.8, the H and L limits are computed
and a NNC is performed using SFV ′ and the resulting prototypes. Repeating
steps 2-3 for all U values, the value (Uopt) that maximizes the merit function is
selected, and the corresponding class is also tentatively selected.

Step 4 - Finally, we disambiguate the candidate class from the previously
excluded P1 class. To achieve this, we again re-classify the SFV but only using
the P1 and candidate classes.

3 Experiments

As indicated in [6], without a systematic evaluation of different symmetry de-
tection and classification algorithms against a common image set under a uni-
form standard, our understanding of the power and limitations of the proposed
algorithms remains partial. As image datasets reported in literature were not
publicly available, we selected several wallpaper images from known websites, to
carry out the comparison between the proposed ANNC and the reference RBC
methods. We picked image datasets from Wallpaper [4], Wikipedia [10], Quadi-
bloc [8], and SPSU [2], resulting in a test bed of 218 images. All images were
hand-labelled to make the ground truth. As the original RBC algorithm source
code was unavailable, we implemented it using the original RBC decision tree
reported in [5], but using our SFV feature vectors, and binarising the features
using a fixed threshold (the average of the better classification results) for all
image datasets. The results obtained with RBC, NNC and ANNC classifiers are
shown in Table 3. For the shake of brevity, we only include here the percentage
of successful classification, i.e. accuracy or precision results.

The first image collection is Wallpaper, a standard collection reported in pre-
vious works. In this case, both RBC and ANNC methods obtain a 100% of suc-
cess. The RBC achieves the same result as reported in [5], which means that our
implementation of this algorithm has similar results as the original implemen-
tation. To take into account the varying complexity of the images, we separate
the next two collections in sub-sets. In the WikiGeom dataset, which is a sub-
set of Wikipedia formed by strongly geometrical patterns, the ANNC and NNC
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Table 3. Experimental classification results from RBC, NNC, and ANNC

Collection #img Sub-set RBC NNC ANNC NNC2 ANNC2 NNC3 ANNC3
Wallpaper 17 100 82.35 100 100 100 100 100

Wikipedia 53 54.72 60.38 62.26 73.55 81.13 81.13 83.02

17 WikiGeom 88.24 88.24 100 94.12 100 100 100

Quadibloc 46 71.74 69.57 82.61 82.61 91.30 91.3 95.63

29 Quad0102 62.07 75.86 79.31 86.21 89.66 89.66 93.10

17 Quad03 88.24 58.82 88.24 76.47 94.12 94.12 100

SPSU 102 49.02 62.76 59.80 71.57 76.47 76.47 82.35

Global 218 59.18 65.15 68.35 76.60 82.60 82.60 86.70

results outperformed the RBC. In the case of the entire Wikipedia collection,
which includes other distorted images, a decrease in results is evident. Similar
results were obtained with Quadibloc image collection, which is of intermedi-
ate complexity. We studied it as two subsets: one formed by sketches over a
uniform background (Quad0102), and other (Quad03) constituted by more com-
plex motives with many highly contrasted colours. The ANNC obtains a near
80% success rate with this collection, clearly outperforming the NNC and RBC
methods. The worse results were obtained with the more complex images in the
SPSU collection. In this case, all results are below 60%. This lower values are
due to the existence of noise and imprecise details (hand-made) in the images.
Also, these exhibit several repetitions and illumination artifacts, which suggest
the need for pre-processing. It is remarkable that the ANNC algorithm is still
10 points higher than the RBC algorithm. The latest row is a global hit success
considering the number of images in each collection.

The fact of working with a distance-based classifier offers an additional advan-
tage because it delivers a value defining the degree of proximity to the prototype
chosen (di = dist(SFV, Pi)). This (Pi, di) description, which can be extended to
the whole set of prototypes, can be used as a high level semantic image descrip-
tor, useful in areas such as CBIR. This is particularly helpful in the presence of
complex images that, due to various factors (manufacturing defects, noise, small
details, etc.), present an ambiguity about the symmetry group to which they
belong. Some of these images are difficult for experts to label. Thus taking, the
first two (NNC2 & ANNC2) or three (NNC3 & ANNC3) classification results,
the success rates are considerably higher (see Table 3) and the distance to the
second and third candidate are near the first result. That shows that many of
the classification errors were due to the above-mentioned factors. This idea can
be conveniently exploited in the context of CBIR.

4 Conclusions

This paper had presented a proposal for a novel computational framework for
classification of repetitive 2D pattern images into symmetry groups. The feature
vector is composed of twelve symmetry scores, computationally obtained from
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image gray level values. The absence of symmetry is never computed as ’0’,
nor the presence of symmetry is computed as ’1’, even assuming perfect image
conditions. The RBC and the NNC behave poorly, because of the ambiguities
in symmetry computation. This leads to the use of some adaptive approach,
implemented by an adaptive classifier. The ANNC is non-parametric, and it is
also non-supervised. The experimental results show that the ANNC outperforms
the other methods, even with very complex image collections. Moreover, the
results can be useful in recovery tasks (CBIR systems) using an extended version
of ANNC - which produces a list of similarity for every group that can be sorted
from highest to lower values, and so for example, detect images that are near
to several groups. As future work, we are looking for a new way of computing
the symmetry features, extending the test beds, and the method for colouring
images.

References

1. Agust́ı, M., Valiente, J.M., Rodas, A.: Lattice extraction based on symmetry anal-
ysis. In: Proc.of 3rd. Int. Conf. on Computer Vision Applications (VISAPP 2008),
vol. (1), pp. 396–402 (2008)

2. Edwards, S.: Tiling plane & fancy (2009),
http://www2.spsu.edu/math/tile/index.htm

3. Horne, C.: Geometric Symmetry in Patterns and Tilings. Woodhead Publishing,
Abington Hall (2000)

4. Joyce, D.: Wallpaper groups (plane symmetry groups) (2007),
http://www.clarku.edu/~djoyce/

5. Liu, Y., Collins, R., Tsin, Y.: A computational model for periodic pattern percep-
tion based on frieze and wallpaper groups. Trans. on PAMI 26(3) (2004)

6. Liu, Y., Hel-Or, H., Kaplan, C.S., Gool, L.V.: Computational symmetry in com-
puter vision and computer graphics. In: Foundations and Trends in Computer
Graphics and Vision, vol. (5), pp. 1–195 (2010)

7. Reddy, S., Liu, Y.: On improving the performance of the wallpaper symmetry group
classification. CMU-RI-TR-05-49, Robotics Institute, CMU (2005)

8. Savard, J.G.: Basic tilings: The 17 wallpaper groups,
http://www.quadibloc.com/math/tilint.htm

9. Wang, J., Neskovic, P., Cooper, L.N.: Improving nearest neighbor rule with a simple
adaptive distance measure. Pattern Recognition Letters 28(2), 207–213 (2007)

10. Wikipedia: Wallpaper group, http://www.wikipedia.org



Distance Maps from Unthresholded Magnitudes

Luis Anton-Canalis1, Mario Hernandez-Tejera1, and Elena Sanchez-Nielsen2

1 SIANI - University of Las Palmas de Gran Canaria
2 University of La Laguna,

{lanton,mhernandez}@siani.es, enielsen@ull.es

Abstract. A straightforward algorithm that computes distance maps
from unthresholded magnitude values is presented, suitable for still im-
ages and video sequences. While results on binary images are similar to
classic Euclidean Distance Transforms, the proposed approach does not
require a binarization step. Thus, no thresholds are needed and no infor-
mation is lost in intermediate classification stages. Experiments include
the evaluation of segmented images using the watershed algorithm and
the measurement of pixel value stability in video sequences.

Keywords: Distance Transform, Thresholding, pseudodistances.

1 Introduction

The Distance Transform (DT), originally proposed by Rosenfeld and Pfaltz [10],
has been widely used in computer vision, image processing, pattern recognition
and robotics. Applied to an image, a DT assigns a value to each image point that
represents the minimum distance to some locus of points, usually belonging to
one of the two groups created by a binary partition. Classic DT (i.e. Euclidean
Distance Transform) has been applied to object recognition [3] [6], path planning
[12], active contour modeling [15] and segmentation [2] [9].

DT usually operates on binary feature maps obtained by thresholding op-
erations like thresholding or edge detection. However, any binarization process
based on thresholds sistematically creates groups of points in which binary mem-
bership may fluctuate through time due to small light changes or image noise.
As video processing applications require features to be detected consistently in
the spatiotemporal domain, processes based on thresholds should be avoided. In
this context, computing distance maps directly from unthresholded magnitude
values should increase the stability of further processing stages relying on them.

Different solutions that do not require a binarization step have been proposed
to compute pseudo-distances from a given image point to some locus of points.
In [7], pseudo-distance maps are computed applying PDEs to an edge-strength
function of a grayscale image, obtaining a robust and less noisy skeletonization;
in [11], pseudo-distances are weighted by edge magnitude and length; in [1], an
intuitive solution named Continuous Distance Transform (CDT) is proposed,
where pseudo-distances to brightness and darkness saturation regions are com-
puted directly from grayscale images.
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(a) (b)

Fig. 1. DMUM pseudo-distance values 1(b) directly computed from the unthresholded
Sobel gradients of image 1(a)

In this paper, a novel method for computing distance maps directly from
unthresholded magnitude values is proposed. No critical information is lost in an
intermediate classification step and different magnitude values can be employed
(i.e. depth or gradient, see Fig.1). Output values represent the size of the smaller
area around each pixel enclosing a relevant amount of accumulated magnitude
values that depends solely on the image being studied. A single pass on the
magnitude values image is needed, and the integral image [14] is used to speed up
area sums. A formal definition and a concise algorithm to compute this Distance
Map from Unthresholded Magnitude values (DMUM) are proposed.

Section 2 describes DMUM, proposing a straightforward algorithm. Section
3 analyzes DMUM values in watershed segmentations and its stability in video
sequences and finally Section 4 summarizes the approach and proposes future
research lines and applications.

2 Distance Maps from Untresholded Gradients

In classic DT each point receives a value that represents a distance to the closest
object point. However, a suitable definition of object is necessary. It is usually
achieved through plain thresholding or edge detection, which leads to a clas-
sification step where points are considered object or non-object. This is not a
trivial problem: an unsuitable classification mechanism may produce an inaccu-
rate binarization, both removing information and adding noise. In DMUM, the
distance to the closest object point concept is replaced by the distance to the
closest most relevant considered magnitude value region in a mapping function
that relies directly on unthresholded magnitude values. For the sake of simplic-
ity, the rest of this work will work with gradient magnitudes, but many other
features can be used instead, like depth maps.

Let us define the set of points bounded by a closed ball of radius r centered
at point p:

Br[p] � {x ∈ S
2|d(x, p) ≤ r} (1)
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(a) (b) (c)

Fig. 2. 2(a) Original binary image, 2(b) classic chessboard DT values and 2(c) DMUM
values

where d(x, p) is a distance function. If S
2 ≡ R

2 then Br[p] is defined in a con-
tinuous metric space, while S

2 ≡ Z
2 defines Br[p] in a discrete metric space. For

optimization purposes the Chebyshev distance (L∞ norm) is adopted, defining
a square around p.

Given an image i ∈ Z
2 and its normalized gradient image gn, being its maxi-

mum value 1.0, consider the sum of gradients for a given Br[p] in i as:

φr(p) = γ ·
∑

∀x∈Br[p]

gn(x) (2)

being the γ parameter a scaling factor that will be explained later. Radius q is
defined as:

q(p) = arg
r

sup{φr(p) > 1.0} (3)

that is, the minimum radius r of a ball Br(p) that encloses a sum of gradient
φr(p) that exceeds 1.0. Then, the value of the Distance Map from Unthresholded
Magnitudes at each point p is given by:

Γ (p) = q −
q∑

r=1

φr(p) (4)

DMUM values Γ (p) will be higher for points placed in sparse gradient regions
and lower for points with a high gradient or points placed in dense gradient
regions. Its application to a binary image produces an output similar to that
produced by DT, as seen in Fig.2. Measuring pixel value differences between
Fig. 2(b) and Fig. 2(c) returns a dissimilarity smaller than 1.5%.

The accumulation of φr(p) values in Eq.4 introduces a linear weighting factor.
The first and smallest area contributes q times to this accumulation, because it is
also contained on bigger areas. The second one contributes q−1 times, the third
one q− 2 times and so on, while the area that satisfies the condition contributes
only once. While raw q values could be used as the desired output, resulting maps
would feature isohypses of heights instead of more continuous values. This linear
weighting modifies DMUM values according to local magnitude conditions. Fig.
3 shows this effect. The γ, γ ε(0, 1.0] parameter in Eq.2 allows DMUM output
values to be softened while computing output values, so no previous filtering
is needed. Because region areas grow exponentially (1x1, 2x2, 3x3...qxq), the
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(a) (b) (c)

Fig. 3. 3(a) Original image. 3(b) Raw DMUM q values. 3(c) The accumulation of
innermost regions results in smoother DMUM maps.

(a) (b) (c) (d)

Fig. 4. 4(a) Original image. DMUM computed with γ = 1.0 4(b), 0.1 4(c) and 0.01
4(d).

γ parameter dampening effect will be much stronger in small areas with low
gradient accumulations. Fig.4 shows the effect of different γ values on the same
image. Notice how high gradient values are preserved, effectively working as an
anisotropic filter.

DMUM values represent the pseudo-distance from a given image point to the
closest most relevant gradient accumulation. Due to the limit condition in Eq.
3, φr(p) <= 1.0, φr(p) ∈ [0, q] and Γ (p) >= 0, being zero only for those points
which gradient equals 1.0. This satisfies the positive definiteness condition of a
metric. However no symmetry and thus no triangle inequality can be defined.
Therefore, DMUM map values can only be considered a pseudo-distance, though
most works consider both terms interchangeable.

2.1 DMUM Algorithm

Computing the DMUM value for each pixel p in i consists of finding the smaller
area Bq(p) which gradient sum φq(p) is equal or higher than 1.0. As only squared
regions around p are considered, due to the adoption of the Chebyshev distance,
the sum of gradient values can be costlessly computed using the integral image
[14] of g. The following pseudocode summarizes the whole process:

Require: RGB image source sized n x m
Require: γ ∈ (0..1]
Ensure: Floating point image DMUM sized n x m

DMUM [i, j] ← 0, i ∈ [0..n), j ∈ [0..m)
gradient ← gradient(source)/max(gradient(source))
integral ← integral(gradient)
max r ← min(n/2, m/2)
for i ∈ [0..n) do

for j ∈ [0..m) do
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(a) (b) (c) (d)

Fig. 5. 5(a) Image with both binary and grayscale regions. 5(b) Sobel gradient. 5(c)
DT values. 5(d) DMUM map.

r ← 1
enclosed gradient← gradient[i, j] · γ
gradient accum← enclosed gradient
while enclosed gradient ≤ 1.0 and r ≤ max r do

gradient accum← gradient accum + enclosed gradient
r ← r + 1
enclosed gradient← (integral(i + r, j + r)+ integral(i− r, j− r))− (integral(i + r, j−
r) + integral(i − r, j + r))
enclosed gradient← enclosed gradient · γ

end while
DMUM [i, j]← r − gradient accum

end for
end for
return DMUM

3 Results

The main difference between classic DT (computed from a Canny edge map)
and the proposed approach is shown in Fig.5. Although both operations behave
similarly in binary regions, details on grayscale parts are removed in the DT
image. Ideally, the perfect set of Canny parameters would produce an optimal
distance map, but finding them is not easy. Each image, even consecutive frames
of a video sequence, may need different values. Besides, unevenly lighted images
may require parameters to be adjusted locally. However, DMUM is computed
from local gradient values (see Eq.3) so the original image structure is better
preserved (See Fig. 5).

It was already shown in [1] that distance maps applied directly to grayscale
values increase object recognition rates using Chamfer distances. The solution
proposed in [?] was specifically designed for OCR applications and computa-
tionally expensive. DMUM offers a more general solution that is two orders
of magnitude faster and introduces an anisotropic filtering mechanism. Experi-
ments were focused on the analysis of the structure of distance maps and their
stability in video sequences.

3.1 Spatial Structure Analysis

Watershed algorithms[13] [2] perform an oversegmentation of a given image,
creating groups of pixels that share similar features and reducing the amount of
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Fig. 6. Watershed region-error ratios and time stability measures

data needed to describe the image. The sorting and region growing mechanism in
the basic watershed algorithm reveals relevant morphological relations between
pixels.

A total of 5074 images were watershed-segmented, including the Berkeley
Segmentation Dataset [8], showing a wide range of indoor and outdoor images
and different sizes and noise factors. Sobel gradients, chessboard DT images,
Deriche [5] gradients and DMUM values computed both from Sobel (DMUMS)
and Deriche (DMUMD) were used as input for the watershed algorithm. Both
the number of final regions and the sum of absolute differences between pixels
from the segmented image and the original image were measured. These values
were normalized with respect to the maximum number of regions (that equals
the number of pixels) and the maximum possible error (sum of maximum error
for every pixel on each channel) respectively, obtaining the region reduction ratio
and the error ratio respectively.

Region reduction and error ratios for each method are depicted in Fig.6. Clas-
sic DT creates the lowest number of regions, but also the highest error, which
reveals the loss of information suffered in the binarization step required to com-
pute the classic DT. As DMUM computes pixel values from local regions, differ-
ences between neighbouring pixels tend to be smoother, while noisy pixels have
a smaller influence on the final outcome.

While DMUMS creates less regions that Deriche, the application of a Tukey-
Kramer multiple comparison test on error ratio values reveals that Deriche and
DMUMS error ratios are significantly similar, with a confidence level of 99%.
DMUMD creates even less regions with a slightly higher error, but introduces
the computational complexity of computing Deriche gradients.

3.2 Temporal Stability Results

It is important for most operators working on video sequences to be stable in
time, meaning that the same values should be returned if operational conditions
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have not changed significantly. Even small light changes like those coming from
the almost imperceptible flicker of a fluorescent bulb may affect the scene, and
they certainly affect some image operators like the Canny edge detector.

Three different video sequences were used for measuring stability. The first one
is an indoor sequence with no visible changes. As nothing moves, the difference
between consecutive frames would be ideally zero, although visually unnoticeable
light changes introduce pixel value variations. The second sequence shows a video
from a static security camera placed above a harbor, showing images from dawn
until dusk. Light conditions change smoothly and some objects cross the scene.
Finally, the third sequence is an outdoor video that includes dynamic objects
and backgrounds, different settings and changes in lighting conditions.

Classic DT, Deriche gradients, DMUMS and DMUMD were computed on
each frame. Temporal coherence was measured computing the sum of absolute
differences between pixel values of consecutive frames for each method, avoiding
prior filtering. Fig. 6 depicts measured differences. DMUM values are clearly
more stable in video sequences than Deriche and classic DT on the three se-
quences, showing also a smaller variance.

A new Tukey-Kramer multiple comparison test applied to the time stability
test results reveals that DMUMS and DMUMD values are significantly similar
to each other, and different from DT and Deriche. Once again, DMUMS seems
more appropriate for real time applications due to the computational cost of
computing Deriche gradients.

4 Conclusions

This paper describes a new method to compute distance maps from unthresh-
olded magnitudes that includes an inexpensive anisotropic filter. It is suitable
for still images and real time applications. The approach is conceptually sim-
ple and can be easily reproduced following the proposed algorithm. Similarly to
classic DT, DMUM computes a pseudo-distance from any pixel to the closest
most relevant gradient accumulation.

Two different experiments were perfomed. A first test compared watershed
segmentations created from five different methods: Sobel gradients, DT, Deriche
gradients and both DMUM computed from Sobel and Deriche values. The num-
ber of created regions and the per-pixel error between segmented images and
their original values was measured. It was statistically proved that the proposed
approach obtains a better region-to-error ratio than the rest of considered meth-
ods, suggesting that pixel value relations are more natural in DMUM images
and supporting the goodness of unthresholded methods. The proposed operator
is also more stable in video sequences, obtaining the lowest pixel value differ-
ences between consecutive frames. This stability is critical in object detection or
tracking schemes. It was also shown that DMUMS was statistically as stable as
DMUMD. Being Sobel gradients much simpler to compute, DMUMS results
appropriate for real-time applications. Further image processing stages would
certainly benefit from DMUM increased stability, as there exists a stronger cer-
tainty that changes in values correspond to true changes in the scene.
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Different optimizations are being considered in order to improve overall speed,
considering that DTs usually take place in the first stages of a visual system.
Further research related to DMUM includes the application of values to Haus-
dorff matching for object classification and tracking, and its application to depth
maps to guide object segmentation.
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Abstract. Scratch assays are widely used for cell motility and migration assess-
ment in biomedical research. However, quantitative data is very often extracted
manually. Here, we present a fully automated analysis pipeline for detecting
scratch boundaries and measuring areas in scratch assay images based on level set
techniques. In particular, non-PDE level sets are extended for topology preserva-
tion and applied to entropy data of scratch assay microscope images. Compared
to other algorithms our approach, implemented in Java as ImageJ plugin based on
the extension package MiToBo, relies on a minimal set of configuration parame-
ters. Experimental evaluations show the high-quality of extracted assay data and
their suitability for biomedical investigations.

Keywords: Scratch assay, level set segmentation, texture, topology.

1 Introduction

Fig. 1. Example scratch assay image with a hor-
izontal scratch in the middle of the image. For
display, the contrast of the image was enhanced.

Cell migration is an essential mechanism
for various processes of multicellular or-
ganisms. Examples of such processes in-
clude wound healing, immune responses,
and tissue formation. Migration is char-
acterized by the synchronized movement
of cells in particular directions, often
caused by and aimed at external signals.
Dysfunction of this mechanism may have
serious impact on an organism causing,
e.g., mental retardation or vascular dis-
eases. Also for the course of cancer, cell
migration plays a central role as it is
the mechanism underlying cell scatter-
ing, tissue invasion, and metastasis.

One experimentally well-developed and easy protocol for analyzing cell migration
in vitro is the scratch assay [10]. Here, a mono-layer of cells is grown in vitro and an
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artificial wound or scratch is mechanically created. The scratch’s shape is typically a
region with parallel borders (cf. Fig. 1). Subsequently, the cells will migrate to close
this wound, and the time course of this migration process is monitored by capturing
images, typically for a period of several hours to a few days.

There are several levels of interest in scratch assay analysis (see, e.g., [6]). In this
paper we concentrate on the migration of cell populations and aim at measuring the
dynamic invasion of the scratch area which gives insight into a cell population’s overall
migration capacity. In order to facilitate high-throughput experiments as well as objec-
tive evaluation we propose a fully automated image analysis pipeline for this problem.
Compared to other techniques we focus on a minimal set of configuration parameters
offering easy handling of the software also for non-experts. At the core we apply a
level set approach to segment the images into foreground (scratch) and background (no
scratch). The underlying energy functional is based on the common Chan-Vese energy,
however, applied to entropy images derived from the scratch microscope images. For
minimizing the energy, a non-PDE approach is used including topology-preservation
as only one connected scratch area is desired as result. To the best of our knowledge,
topology-preservation was not applied to non-PDE level set methods so far.

The quality of our approach is proved using data from a total of 10 scratch assay
experiments with the cell line U2OS grown in two different experimental conditions.
Precision and recall of the segmentation results as well as the sizes of the scratch areas
are compared to ground-truth data independently labeled by two biologist experts.

The paper is organized as follows. After reviewing some related work in Sec. 2 we
introduce our automated image analysis pipeline to detect scratches in microscopic im-
ages from mono-layer cells. An evaluation comparing the results to ground-truth data
is presented in Sec. 4, and we conclude with some final remarks.

2 Related Work

Although scratch assays have gained increasing interest in biomedical research quan-
titative assessment of cell migration is in many cases still done semi-automatically or
even completely manually. In [11] the quantitative assay analysis is supported by the
image processing software package ImageJ1, however, mainly depends on ad hoc thresh-
old settings on fluorescent intensities. Other software packages available for scratch as-
say evaluation are CellProfiler2 and TScratch [7]. While the first one is not specifically
dedicated to scratch assays and mainly relies on image brightness for wound classi-
fication, TScratch considers also brightness-independent cues based on curvelets [2].
However, it requires a time-consuming adjustment of several configuration parameters
for different applications as suggested defaults often do not lead to satisfactory results.

From a computer vision point of view, quantitative assessment of wound healing
in scratch assays refers to a two-category classification task where regions populated
by cells and the gap in between have to be distinguished from each other. As image
intensities are usually quite similar in both regions (cf. Fig. 1) the classification requires
brightness-independent features like texture measures. To characterize texture a huge

1 http://rsbweb.nih.gov/ij/
2 http://www.cellprofiler.org
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amount of different measures has emerged over the years starting from image entropy
and co-occurence matrices, subsuming various filter techniques like Law and Gabor
features [15], and ending up with local measures like local binary patterns [12].

Independent of the chosen texture representation, however, the distinction between
cells and background requires the application of appropriate classifiers. In the simplest
case binary threshold classification is done on extracted features [11]. More sophisti-
cated classification techniques consider statistical models like generative Gaussian mix-
tures [14], or discriminant criteria for SVMs [4].

Interpreting the classification task as a segmentation problem also active contour
techniques like level sets are applicable [13,5]. Level sets implicitly define image con-
tours between target regions or classes as the zero level of an embedding function on
the image. Starting from an initialization they evolve according to an energy functional
into a local minimum yielding the final segmentation. The energy rates the segmentation
in an application dependent way and may include measures of various image charac-
teristics, like average region intensities and variances, gradient magnitudes, or texture
measures. These may be, e.g., derived from structure tensors [1] or subsumed in fea-
ture histograms [9]. Level set methods can be configured to either adapt to an a-priori
unknown region topology or to keep the initially specified topology [8].

3 Entropy-Based Level Set Segmentation

Level set principles. Level set methods represent contours implicitly by an embedding
function φ(x,y) defined on the image domain. The contours are defined as the zero
level of this level set function, while the foreground is represented by positive and the
background by negative values. In the following, the scratch region is considered as the
foreground, whereas the cell areas are considered as background. Starting from a given
initialization, these contours evolve in time according to an energy functional to be
minimized. This energy functional determines the characteristics of the segmentation
as given by the application under consideration. For the analysis of scratch assays we
choose the widely used Chan-Vese energy [3].

This Chan-Vese model assumes the image to be composed of two not necessarily
connected regions. These foreground and background regions are assumed to have dif-
ferent mean gray values being approximately constant within the regions. Deviations
from these means are penalized by the energy functional where in general the devia-
tions may be weighted differently for both regions. For our application the weights are
assumed to be identical and set to 1. In addition, the Chan-Vese model contains two
regularization terms regarding perimeter and area of the foreground region, which are
however not required for our application. Accordingly, the energy to be minimized is

E(φ(x,y),c1,c2) =
∫

Ω
|I(x,y)− c1|2 H(φ(x,y))dxdy

+
∫

Ω
|I(x,y)− c2|2 (1−H(φ(x,y)))dxdy (1)

where Ω denotes the image domain, c1 and c2 are the average values of the foreground
and background, respectively, and H(.) denotes the Heaviside function. For minimiza-
tion we do not solve the Euler-Lagrange equation associated with the energy functional.
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Following the work of [16] we directly evaluate the discretized energy, and iteratively
check, if changing the sign of the level set function of a pixel decreases the energy. If
so, the pixel is flipped to the respective region. Iterations are performed until the pixel
assignment to both regions converges.

Preserving topology. Usually, level set methods inherently allow for changes in the
topology, e.g. splitting or merging of connected components. However, for our applica-
tion this is not desirable as holes in the cell layer, which are not connected to the scratch,
should not be recognized as wound. In addition, the scratch area is to contain no holes
as cells migrate from the border of the initial scratch during healing. Thus, we devise a
topology-preserving minimization strategy for the non-PDE approach. We initialize the
scratch region as one connected component without holes using 4-connectedness for
the scratch region and 8-connectedness for the background. To preserve this topology
during minimization we use a strategy which is related to, but slightly simpler than the
method proposed in [8] for PDE-based minimization. A pixel is allowed to change the
sign of its level set function if it is a contour pixel and its 8-neighborhood contains only
one connected component of foreground pixels 4-connected to the pixel under consid-
eration. The latter property is identical to the first of two conditions used in [8] to verify
a pixel to be simple, namely the topological numbers T4(x, f g) to equal one.

Entropy. Average intensity values within cell and scratch area are approximately iden-
tical and far from being constant. Thus the energy (1) cannot be applied to the intensity
values directly. However, the distribution of gray values within the scratch area is far
more homogeneous than inside the cell regions. One property that can reflect this dif-
ference is the Shannon entropy,

−
L−1

∑
l=0

P(l) · log2 P(l), (2)

where P(l) denotes the probability of the intensity values l, l = 0, ...,L−1. The entropy
is estimated for each pixel using a window centered at this pixel to approximate inten-
sity probabilities as their relative frequencies. The resulting entropy values are used as
intensities in (1) to discriminate between scratch and cell areas.

Application. The outline of our algorithm to detect scratch areas is as follows. After
smoothing the input image using a Gaussian filter with σ = 5 to reduce noise, for every
pixel of the image the discretized entropy is calculated using a window size of 31×
31. This size was determined using an additional set of seven images, also manually
labeled by two biologist experts. The F-measure for the resulting precision and recall
were calculated and the window size chosen that maximized the F-measure’s mean. For
details on image data, ground truth labeling, and performance measures see Sec. 4.

By design, the level set segmentation always yields exactly one scratch area, even if
none is present any more, Thus we scrutinize the histogram of entropy values to detect
these cases. If the lower 20% of the entropy interval found in the image is populated
with less than 2.5% of all pixels it is assumed that no scratch is present. In detail, let
[emin;emax] be the entropy interval of an image, than we assume no scratch present if
the 0.025 percentile is larger than emin +0.2(emax− emin). Otherwise, the segmentation
is performed applying the topology-preserving level set method on the entropy image.
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Fig. 2. Two sample segmentation results for clips of scratch assay images. Both figures compare
expert labelings (dotted white and gray) and our automated segmentation results (solid black).

Assuming the scratch to be centered in the image the scratch region is initialized as
a rectangle in the middle of the image spanning its complete width. After segmentation
the result is post-processed to remove small intrusions of cell regions inside the scratch
region caused by cell debris. Such intrusions are linked to the surrounding cell region
by only very thin corridors due to topology preservation. They are removed by mor-
phological closing with a squared structuring element sized 15×15 pixels. The closing
may give raise to holes in the scratch area, which are finally removed by hole filling.

The algorithm was implemented as a plugin for the open-source package MiToBo3,
an extension of the Java image processing software ImageJ.

4 Results

Image data. Cultivated osteosarcoma derived U2OS cells were used to evaluate the
algorithm. The cells where divided into two populations. Cells from the first population
where starved, whereas the others where fed with fetal calf serum. Consequently, for
the latter population it is assumed that scratches should be closed faster.

Five assays per population were prepared and monitored at seven distinct time points
(0h, 2h, 4h, 6h, 8h, 12h, 24h) after inducing the scratches, resulting in 70 images each
sized 2048× 1536 pixels. In addition, one separate assay was used to optimize con-
figuration parameters in advance, i.e. the entropy mask’s size (Sec. 3). Images where
acquired by a digital camera linked to a bright-field microscope, both from Nikon. For
ground-truth comparison each image was labeled manually by two biologist experts.

Evaluation metrics. The scratch segmentation task defines a two-category classifica-
tion problem where each pixel in an image is labeled as scratch (foreground, FG) or
non-scratch (background, BG). Common measures for the quality of a classification

3 http://www.informatik.uni-halle.de/mitobo/
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Fig. 3. Boxplots of recall and precision achieved for the two ground-truth definitions. On the
abscissa the 10 experiments are arranged, i.e. the 5 starved (st1 to st5) and the 5 fetal calf serum
experiments (fs1 to fs5). On the ordinate recall and precision averages over all seven time points
for each experiment are shown. Outliers with a recall of 0 are shown in the bottom rectangles.

task are recall and precision. The recall defines the ratio of ground-truth FG pixels in
an image correctly classified as FG. In contrast, the precision defines the ratio of pixels
classified as FG that actually belong to FG. Since we have two expert labelings avail-
able for evaluation we use two different ways to define the segmentation ground-truth,
namely the union of the FGs of both labelings and their intersection. We decided to use
both ground-truth definitions in order to get a fair view of both experts’ opinions. For
the sake of completeness we present recall and precision for both of the ground-truth
definitions.

Segmentation results. In Fig. 2 examples of segmentation results for our algorithm
are shown for two clips from different assay images. Ground-truth segmentations are
marked by dotted and automated segmentation results by solid black lines. In the left
image the scratch is centered with boundaries running almost horizontally. While the
expert labelings are relatively smooth in this case the automated segmentation shows
larger sensitivity to local structures. In the right image a more curved scratch border is
present with the scratch area at the top of the image. This gives rise to larger differences
in segmentation results. Especially in the image center our algorithm includes larger
areas without cells into the scratch area resulting in larger scratch areas (cf. quantitative
results below). At the top right corner of the image an example for significant differ-
ences between all three segmentations can be seen. Here both expert labelings differ
significantly while the automated result lies in between.
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To quantitatively assess our results, recalls and precisions are presented in Fig. 3.
For the two boxplots in the top row the ground-truth was derived from the union of
both expert segmentations, for the plots in the bottom row their intersection was used.
In the top row we observe median recalls between 0.71 and 0.89, and median preci-
sions between 0.80 and 0.96. In comparison, in the bottom row medians of recall are in
the range of 0.77 to 0.94, while the precision medians for all experiments range from
0.73 to 0.92. The latter recall values are slightly higher than in the union case which
is to be expected as the ground-truth definition is less strict, i.e. includes pixels in the
FG that are labeled by just one of the experts. Moreover, this is also the reason for the
precision rates tending to be slightly smaller using ground-truth derived from intersec-
tion as using the intersection of expert labelings reduces the number of FG pixels and,
thus, leads to an increased chance for the algorithm to wrongly include BG pixels into
the FG.

Our precondition (see Sec. 3) detected the absence of a scratch in four images. For
two of these one expert labeled some FG pixels, but these labelings comprised only
0.2 % and 0.4 % of the image areas, respectively. In another image both experts labeled
about 5 % of the image area as FG, whereas the precondition stated no scratch. These
cases explain the recall values of 0 and suggest slight improvements of our precondition.
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Fig. 4. Mean areas with errorbars of two-times the stan-
dard deviation over time for the fetal calf serum (top) and
the starving populations (bottom). Ground-truth results are
shown solid and dashed, our results dashed-dotted.

The other outliers mainly stem
from image regions along the
border of scratches where the re-
covery of the cell layer caused
intrusions of scratch areas into
the cell area. These are only par-
tially included in the ground-
truth by any of the experts, how-
ever, completely labeled by our
algorithm due to their proximity
to the scratch area (see Fig. 2,
right, for an example).

From a biological point of
view the scratch area’s size dy-
namics over time is of interest
to quantify the cell population’s
motility. In Fig. 4 the average
values of measured scratch ar-
eas are given for both popula-
tions and all seven time-points.
In both plots ground-truth re-
sults are shown for comparison.
A clear tendency for faster closing of the scratch in the population fed with fetal calf
serum is observable for all three segmentations. More important, however, is the com-
parison between ground-truth and our automated segmentation as accurate data is es-
sential for biomedical investigations. From both plots it is obvious that the experts’
segmentations correlate quite well with each other as indicated by Pearson correlation
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coefficients of 0.989 and 0.999, respectively. Our algorithm tends to segment slightly
more scratch area than the experts, but recovers the overall tendency of scratch devel-
opment very well. This is emphasized by the Pearson correlation comparing automated
and expert segmentations with an average of 0.984. In addition, the difference between
automatically and manually measured scratch area is small compared to the degree of
variance within the populations for each time point.

5 Conclusion

The evaluation results show that our algorithm is well-suited for scratch assay analysis.
Temporal evolution of scratch area is recovered with high quality allowing for biologi-
cally meaningful interpretation. In addition, our approach based on topology-preserving
level sets combined with entropy-based texture measures relies on a minimal set of con-
figuration parameters, particularly promoting the software to be used by non-experts.
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Abstract. We propose a level set based variational approach that in-
corporates shape priors into edge-based and region-based models. The
evolution of the active contour depends on local and global informa-
tion. It has been implemented using an efficient narrow band technique.
For each boundary pixel we calculate its dynamic according to its gray
level, the neighborhood and geometric properties established by training
shapes. We also propose a criterion for shape aligning based on affine
transformation using an image normalization procedure. Finally, we il-
lustrate the benefits of the our approach on the liver segmentation from
CT images.

1 Introduction

Level set techniques have been adapted to segment images based on numer-
ous low-level criteria. Several edge-based and region-based models have been
proposed without information priors. More recently, shape prior has been inte-
grated into the level set framework [1–3]. There are two topics in this area: a)
shape alignment and b) shape variability. The first issue is to calculate the set
of pose parameters (rotation, translation and scaling) used to align the template
set, and hence remove any variations in shape due to pose differences. And the
second question is the deformation of the shape, which is typical derived from a
training set using Principal Component Analysis (PCA) on the distance surface
to the object [1, 4].

In this paper, we introduce a new approach for shape variability, which com-
bines a parametric registration of shapes by affine moment descriptors with
shapes encoded by their signed distance functions. We solve the shape align-
ment using the image normalization procedure [5], which avoids increasing the
number of coupled partial differential equations of the problem. Finally, a new
active contour evolves using a combination the appearance terms and shape
terms. The paper is organized as follows: in Section 2, we show the problem of
the shape alignment and our approach based on image normalization. Section
3 describes the problem of building a shape term and present one based on the
two shape distance measure. Section 4 presents our framework for image seg-
mentation. Finally, in Section 5, we apply our procedure for liver segmentation
from CT images.
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2 Shape Alignment

Consider a training set consisting of N binary images {Si}i=1,..N : Ω ⊂ R
n →

{0, 1}, n = 2 or 3. Our first aim is to align it, in order to avoid artifacts due
to different pose. The new aligned images are defined as S̃i = Si ◦ T−1

i , where
Ti is an affine transformation, given by the composition of a rotation, a scaling
transformation and a translation. Equivalently, Si can be written in terms of
S̃i as: Si = S̃i ◦ Ti. Traditionally, the pose parameters have been estimated
minimizing the following energy functional, via gradient descent [2]:

Ealign =
N∑

i, j = 1
i �= j

∫
Ω(S̃i − S̃j)2 dx

∫
Ω

(S̃i + S̃j)2 dx
. (1)

Minimizing (1) is equivalent to simultaneously minimizing the difference between
any pair of binary images in the training database. We propose to improve this
approach by using a normalization procedure over the shape priors. An ad-
vantage is that the affine transformation is defined by closed-form expressions
involving only geometric moments. No additional optimization over pose param-
eters is necessary. This procedure will be applied both to the N aligned training
shapes and to the problem of aligning the active contour. Specifically, given a
reference image Sref , we propose a criterion for alignment based on a shape nor-
malization algorithm. It is only necessary to computer the first and the second
order moments. The first-order moments locate the centroid of the shape and the
second-order moments characterize the size and orientation of the image. Given
a binary image Si, we compute the second-order moment matrix, and the image
is rotated using the eigenvectors and it is scaling along the eigenvectors accord-
ing to the eigenvalues of the second-order moment matrix of Si and Sref . Then,
it is translated to the centroid. We do not consider the problem of reflection (for
this see [6]).

If we only consider moments up to order two, Si is approximated to an ellipse/
ellipsoids centered at the image centroid. The ellipse/ellipsoids rotate angles and
the semi-axes are determined by the eigenvalues and the eigenvectors of the
second-order moment matrix [5]. We denote R as the rotation matrix.

Let Sref be a normalized binary image as reference and {λref
j }j=1,..,n be

the eigenvalues for the reference image. We consider one of the following scale

matrices: a) W =
√

λref

λi · I where λ = (
∏n

j=1 λj)1/n and I is the identity matrix

or b) W is diagonal matrix where wj,j =
√

λ
ref
j

λi
j

. In the first case is a scaling

identical in all directions, while in the second case the size fits in each principal
axis as the reference. The first option is used for shape priors without privileged
directions otherwise the second option should be used. Finally, if the reference
centroid is xref , the affine transformation translates the origin of the coordinate
system to the reference centroid. Then, the affine transformation is defined as
follows:

T−1
i (x) = R ·W · (x− xi) + xref (2)
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This affine transformation aligns from Si to Sref . If we use a scaling identical in
all directions, Sref will be only a numeric artefact for the pose algorithm. The
alignment error does not depend on the reference, Sref . But when each principal
axis is adjusted to the reference, the alignment error depends on the choice of
the reference. We can not guarantee the optimal pose for any shape. But neither
the gradient descent method guaranteed to find the optimum because there is no
evidence that the functional (1) is convex. Our procedure is fast and optimum if
the shapes are closed to ellipses or ellipsoids. Section 5 will compare our approach
with the variational method of (1).

3 Handling Shape Variability

Early work on this problem involves the construction of shapes and variability
based on a set of training shapes via principal component analysis (PCA). In
recent years, researchers have successfully introduced prior information about
expected shapes into level set segmentation. Leventon et al. [1] modeled the
embedding function by principal component analysis of a set of training shapes
and added appropriate driving terms to the level set evolution equation. Tsai et
al. [2] suggested a more efficient formulation, where optimization is performed
directly within the subspace of the first few eigenvectors. Following these works,
suppose now that the N aligned shapes S̃i define N objects, whose boundaries
are embedded as the zero level set of N signed distance functions {φ̃1, . . . , φ̃N}
respectively, which assign positive distances to the inside of the object, nega-
tive to the outside. Now, we constrain the level set function φ̃ to a parametric
representation of the shape variability [2]:

φ̃α(x) = φ̃0(x) +
k∑

i=1

αiψ̃i(x) (3)

where k ≤ N is empirically chosen and α = {α1, . . . , αk} collects the weights
for the first k eigenvectors ψ̃i(x), i = 1, . . . , k. We also have the mean level set
function φ̃0(x) = 1

N

∑N
i=1 φ̃i(x) of the aligned shape database.This will drive

the shape variability, where the parameter vector α models shape deformations.
Experimentally, we have observed that given any parameter vector α, the shape
generated by (3) is also a normalized shape. It preserves the centroid, the orien-
tation and the product of the eigenvalues remains constant.

3.1 Shape Model

Each aligned training shape φ̃i can be represented by its corresponding shape
parameter αi = (αi1, αi2, ..., αik). Cremers et al. [3] have introduced nonlinear
statistical shape priors based on kernel density estimation. The goal of statistical
shape learning is to infer a statistical distribution P(α) from these samples.
Following [3], it considers a nonparametric density approximation:

P(α) =
1

Nσ

N∑

i=1

K

(
α−αi

σ

)

(4)
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where K(z) = 1√
2π

exp(− |z|22 ), being σ2 = 1
N

∑N
i=1 mini�=j |αi − αj |2 the av-

erage nearest neighbor distance . It combines the nonparametric shape prior
and a data term within a Bayesian framework to form the energy functional for
segmentation. The data term use to minimize the probability of misclassified
pixels for two regions [7]. Let u : Ω ⊂ R

n → R be the image to be segmented
and let φ̃ be the level set function with φ̃(x) > 0 if x ∈ Ωin and φ̃(x) < 0 if
x ∈ Ωout. We also consider the regularized Heaviside function H(s). The data
energy functional is written as

Edata(α) = −
∫

Ω

H(φ̃α(x)) log(pin(u(T−1(x))))dx

−
∫

Ω

(1−H(φ̃α(x))) log(pout(u(T−1(x))))dx (5)

being T−1 the affine transformation which accommodates shape variability due
to differences in pose, it is also calculated using geometric moments. With the
nonparametric models for shape and intensity introduced above, this leads to an
energy of the form

E(α) = Edata(α)− log(P(α)). (6)

This approach is quite robust with respect to initialization and noise. However,
it has also been observed that the evolution becomes inefficient when the object
shape to be segmented varies significantly with respect to the training base.
Indeed, when the dimension of the shape parameter vector is much lower than
the number of elements of the active contour, then the decision of each element of
the boundary can not be taken with a vector so generic. Therefore, we propose a
signed distance-based measure. Let Φ be the level set function for segmentation,
and φ̃α be the one embedding the shape model as (3). Both are signed distance
functions. Hence, we propose the following shape term:

Eshape(Φ, φ̃α) =
1
2

∫

Ω

(Φ(x)− φ̃α(T (x)))2dx. (7)

It minimizes the dissimilarity measure between the target Φ(x) and the shape
model φ̃α(T (x)). The pose parameter is calculated with the moments of Φ(x) ≥ 0
and φ̃α(x) ≥ 0. The optimization criterion produces local pixel-wise deformation.

4 Our Model

Several edge-based and region-based models have been proposed. These two
types of models are usually based on the fact that the regions are piecewise con-
stant and the borders have high slopes. However, the regions of interest are not
usually statistically homogeneous; noise, weak edges and small objects are also
presented in most of the real images. We propose a new procedure that takes all
these features into account. The basic idea is to pre-process the image with a
filter based on the nonlinear diffusion techniques. The segmentation problem was
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formalized by Mumford and Shah as the minimization of an energy functional
that penalizes deviations from smoothness within regions and the length of their
boundaries. Under certain assumptions on the discretization, the nonlinear dif-
fusion filters are connected with minimizing the Mumford Shah functional [8].
Following this idea, we have used a nonlinear diffusion filter and we have also
applied a stopping time criteria for obtaining piecewise smooth images. We can
certainly assume that the nonlinear diffusion produces a filtered image where the
intensity distributions are closed to Gaussian functions, modeled with the mean
and variance for each region. Let us consider a image made up of two regions and
integrating the maximization of the a posteriori probability and the regularity
constraint, we obtain the following energy [7]:

Eregion(Φ) = −
∫

Ω

H(Φ(x)) log pin(u(x)|μin, σ2
in)dx

−
∫

Ω

(1−H(Φ(x))) log(pout(u(x)|μout, σ
2
out))dx + ν

∫

Ω

|∇Φ(x)|dx (8)

where p(u|μi, σi) denotes the probability of observing the filtered image u when
Ωi is a region of interest and ν is a positive constant chosen empirically. On the
other hand, Kimmel and Bruckstein [9] have developed a novel and robust edge
integration scheme. The edge-based stopping term serves to stop the contour on
the desired object boundary. The active contour evolves along the second-order
derivative in the direction of the image gradient. The functional is given by

Eedge(Φ) = −
∫

Ω

δ(Φ(x))∇u · ndx +
∫

Ω

H(Φ(x))div
( ∇u

‖∇u‖
)

‖∇u‖dx (9)

being δ() a regularized version of the Dirac function such as δ(s) = H ′(s) and
n is the normal unit vector to zero level set. Finally, the global functional is a
weighted sum of the above ones where is combined data terms and shape priors:

E(Φ, φ̃α) = �1Eregion(Φ) + �2Eedge(Φ) + �3Eshape(Φ, φ̃α) (10)

where �i are positive constants chosen empirically. Obviously, there are two
evolutions, the first one is the active contour for the object segmentation and
the second one represents the deformation model evolution. The two evolutions
are related through the proposed affine transformation between Φ(x) ≥ 0 and
φ̃α(x) ≥ 0. Moreover, both of them use the same statistical data improving the
algorithm.

4.1 Numerical Algorithms

In this subsection, we show the numerical algorithms for minimizing the function-
als presented. We can not guarantee that our functionals are convex. Therefore,
gradient descent process stops at a local minima. One challenge is tracking down
the significant minimum. This is done by initializing the active contour near of
the object of interest. Following these observations, we propose a method of
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two main stages: (i) an initial segmentation is generated using a combination
of traditional techniques, and (ii) we deform locally this initial solution using
a level set approach which combines edge alignment, homogeneity terms and
shape dissimilarity measures.

The level set evolution algorithm uses an efficient distance preserving the
narrow band technique[10]. The reinitialization of the level set is not longer
necessary. The algorithm is implemented using a simple finite difference scheme.
It is based on the following internal energy term: γ

∫
Ω

1
2(‖∇Φ(x)‖ − 1)2dx. Here

γ > 0 is a parameter that controls the effect of penalizing the deviation of Φ
from a signed distance function. Finally, the global functional is a weighted sum
of the above functionals. The resulting evolution of the level set function is the
gradient flow that minimizes the overall energy functional:

∂tΦ(x) = δ(Φ(x))
[

�1 · log
pin(u(x))
pout(u(x))

+ �1 · ν · div
( ∇Φ(x)
‖∇Φ(x)‖

)

− �2 · uηη(x)
]

+ �3 · (Φ(x)− φ̃α(T (x))) + γ ·
(

ΔΦ(x) − div
( ∇Φ(x)
‖∇Φ(x)‖

))

(11)

where uηη is the second derivative of u in the gradient direction. Recall that
the affine transformation T (x) is defined by the pose parameter. It has con-
nected the pose from the normalized shape model to the target Φ(x) ≥ 0. This
property makes more efficient the algorithm since it allows to pre-load φ̃0(x) and
ψ̃(x)i=1,...,k. Moreover, φ̃α(x) is calculated using the above data about pin(u(x))
and pout(u(x)). Gradient descent method is now used to find the shape parameter
α that minimizes E(α) in equation (6):

∂tα =
∫

Ω

δ(φ̃(x))ψ̃(x)
[

log
pin(u(T−1(x)))
pout(u(T−1(x)))

]

dx +
∑N

i=1(αi −α)Ki

σ2
∑N

i=1 Ki

(12)

with Ki = K(α−αi

σ ) and ψ̃ = {ψ̃1, ψ̃2, ..., ψ̃k}.

5 Liver Segmentation from 3D CT Images

Liver segmentation from 3D CT images is usually the first step in the computer-
assisted diagnosis and surgery systems for liver diseases. Algorithms relying
solely on image intensities or derived features usually fail. To deal with missing
or ambiguous low-level information, shape prior information has been success-
fully employed. However, the lack of knowledge about the location, orientation
and deformation of the liver, due to diseases or different acquisition procedures,
adds another major challenge to any segmentation algorithm. In order to ad-
dress these problems, we have applied our framework to liver segmentation. The
proposed method has been trained on 20 patient CT slice set, and tested on an-
other 10 specified CT datasets. The shape model is composed of 20 segmented
livers. The segmented livers are aligned by the proposed procedure. In this case,
each principal axis is adjusted to the reference. Experimentally, Sref has been
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tuned by minimizing (1). Using Similarity Index,
(
SI = 1

N

∑
i

(Si◦T−1
i )∩Sref

(Si◦T−1
i )∪Sref

)
,

our approach gets a SI of 0.66 while variational method of (1) gives 0.54 over
the training set. From aligned training set, we calculate and save the mean level
set function φ̃0(x), the first k eigenvectors ψ̃(x) and the shape parameter αi, for
each sample. In this application, we use k = 10. Our approach starts filtering the
CT image by a nonlinear diffusion filter with selection of the optimal stopping
time. Once the image has been processed, an intensity model is built, pin(u) and
pout(u). We also calculate uηη. We load the mean level set function φ̃0(x), the
first eigenvectors ψ̃(x) and the shape parameter αi, i = 1, . . . , 20. Then, region
growing and 3D edge detector are applied to the filtered image. Morphological
post-processing merges the previous steps, giving the initial solution and ini-
tializing the contour. The zero level of Φ is employed as the starting surface.
The evolution of Φ(x) follows (11) and α is calculated as (12). The constant
parameters of the active contour were tuned to segmentation scores using the
leave-one-out technique. The pose parameter is calculated with the moments of
Φ(x) ≥ 0 and φ̃α(x) ≥ 0. Fig. 1 shows slices from two cases, drawing the result of
the method (in blue) and the reference (in red). The quality of the segmentation
and its scores are based on the five metrics[11]. Each metric was converted to
a score where 0 is the minimum and 100 is the maximum. Using this scoring
system one can loosely say that 75 points for a liver is comparable to human
performance. Table 1 lists the average values of the metrics and their scores over
the test data set.

Table 1. Average values of the metrics and scores for all ten test case: volumetric
overlap error (m1), relative absolute volume difference (m2), average symmetric sur-
face distance (m3), root mean square symmetric surface distance (m4) and maximum
symmetric surface distance (m5)

Type m1 m2 m3 m4 m5

metrics 12.6% 4.7% 1.84 mm 3.86 mm 21.9 mm

scores 51 75 54 46 71

Fig. 1. From left to right, a sagittal, coronal and transversal slice for an easy case (a)
and a difficult one (b). The outline of the reference standard segmentation is in red,
the outline of the segmentation of the method described in this paper is in blue.
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6 Conclusion

We have presented two main contributions. Firstly, the shape alignment has
been solved using an image normalization procedure. An advantage is that the
proposed affine transformation is defined by closed-form expressions involving
only geometric moments. No additional optimization over pose parameters is
necessary. This procedure has been applied both to the training shapes and to
the problem of aligning the active contour. Secondly, we have proposed a level
set based variational approach that incorporates shape priors into edge-based
and region-based models. Using the Cremers’ shape model, we have integrated
a shape dissimilarity measure, a piecewise smooth region-based model and an
edge alignment model. For each boundary pixel, our approach calculates its
dynamic according to its gray level, the neighborhood and geometric properties
established by training shapes.
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Abstract. Maximum a posteriori (MAP) in the scope of the Bayesian
framework is a common criterion used in a large number of estimation
and decision problems. In image reconstruction problems, typically, the
image to be estimated is modeled as a Markov Random Fields (MRF) de-
scribed by a Gibbs distribution. In this case, the Gibbs energy depends on
a multiplicative coefficient, called hyperparameter, that is usually manu-
ally tuned [14] in a trial and error basis.

In this paper we propose an automatic hyperparameter estimation
method designed in the scope of functional Magnetic Resonance Imaging
(fMRI) to identify activated brain areas based on Blood Oxygen Level
Dependent (BOLD) signal.

This problem is formulated as classical binary detection problem in a
Bayesian framework where the estimation and inference steps are joined
together. The prior terms, incorporating the a priori physiological knowl-
edge about the Hemodynamic Response Function (HRF), drift and spa-
tial correlation across the brain (using edge preserving priors), are auto-
matically tuned with the new proposed method.

Results on real and synthetic data are presented and compared against
the conventional General Linear Model (GLM) approach.

Keywords: HyperParameter, Estimation, Bayesian, fMRI, HRF.

1 Introduction

The detection of neuronal activation based on BOLD signals measured using
fMRI is one of the most popular brain mapping techniques.

The data are classically analyzed using the Statistical Parametric Mapping
(SPM) technique [11,10] where the General Linear Model GLM is used to de-
scribe the observations at each voxel and the corresponding coefficients are es-
timated by using the Least Square Method [14]. The detection of the activated
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data).
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regions is performed from the estimated explanatory variables (EV’s) by us-
ing a second step of classical inference approach based on the Neyman-Pearson
theorem.

Still, Bayesian approaches have been gaining popularity since they provide
a formal method of incorporating prior knowledge in data analysis [6,12]. In
[8], Groutte et al. propose a non-parametric approach where a Finite Impulse
Response (FIR) filter is used to describe the HRF and smoothing constraints are
imposed at the solution by using a regularization matrix. Ciuciu et al. describe
another non-parametric approach for the Bayesian estimation of the HRF in
[3]. The authors make use of temporal prior terms to introduce physiological
knowledge about the HRF. Basic and soft constraints are incorporated in the
analysis, namely the considerations that the HRF starts and ends at zero and
that the HRF is a smooth function. In [16] the authors propose a Bayesian
approach in which the data noise is estimated using a spatio-temporal model
and propose a half-cosine functions HRF model based on their experimental
findings. In Yet another Bayesian approach based on the mathematical formalism
of the GLM is proposed in [1]. The authors describe an SPM algorithm based
on the maximum a posteriori (MAP) criterion to jointly estimate and detect
the activated brain areas characterized by binary coefficients. The prior term
introduced for these parameters comprises a bimodal distribution defined as the
sum of two Gaussian distributions centered at zero and one.

In this paper we further improve this last method [1] by implementing an
automatic HyperParameter estimation method to automatically set the prior
strength in the Bayesian estimation of a MRF described by a Gibbs distribu-
tion. Additionally, data drift estimation is incorporated and the spatial corre-
lation between neighbors is taken into account by using edge preserving priors
that promote piecewise constant region solutions. The optimization of the over-
all energy function with respect to the activation binary variables is performed
by using the graph-cuts (GC) based algorithm described in [2], which is com-
putationally efficient and is able to find out the global minimum of the energy
function.

2 Problem Formulation and Method

By making use of the problem formulation and variables defined in [1] we further
incorporate a slow time data drift variable (a.k.a. baseline) di of time dimension
N into the observation model, yielding eq. 1 at each ith voxel, when L stimuli
are applied simultaneously.

yi(n) =

zi(n)
︷ ︸︸ ︷

hi(m) ∗
L∑

k=1

βi(k)pk(n)

︸ ︷︷ ︸
xi(n)

+di(n) + ηi(n), (1)

where yi(n) is the N length observed BOLD signal at the ith voxel, hi(m) is
the M ≤ N dimensional HRF and ηi(n) is noise signal. The activity unknowns
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βi(k) ∈ {0, 1} are binary with βi(k) = 1 if the ith voxel is activated by the
kth pk(n) stimulus. ηi(n) ∼ N (0, σ2

y) is assumed Additive White Gaussian Noise
(AWGN) which is an acceptable assumption mainly if a prewhitening prepro-
cessing [9] of the data is performed.

The maximum a posteriori (MAP) estimation of the unknown column vectors
bi = {βi(1), ..., βi(L)}T , hi = {hi(1), ..., hi(N)}T and di = {di(1), ..., di(N)}T is
obtained, in matrix form, by minimizing the following energy function

E(yi,bi,hi,di) =

Data fidelity term
︷ ︸︸ ︷
Ey(yi,bi,hi,di)+

Prior terms
︷ ︸︸ ︷
Eh(hi) + Ed(di)

= − log(p(yi|hi,hi, ))− log(p(hi))− log(p(di)) (2)

where the prior terms incorporate the a priori knowledge [13] about the temporal
behavior of hi and di - the HRF (C1) starts and ends at 0; (C2) is smooth; (C3)
has similar magnitude to the HRF one gamma function (hc(t)) proposed in [5,9];
and that the di is (C4) a slow varying signal with a smaller bandwidth than the
one of hi.

By the Hammersley-Clifford theorem [7] and Markov Random Fields theory,
these constraints may be imposed in the form of the following Gibbs distributions

p(hi) =
1

Zh
e−αU(hi) (3)

p(di) =
1
Zd

e−γU(di) (4)

where Zh and Zd are partition functions and the Gibbs energies U(hi) and U (di)
are designed in the following way, where [α, γ] are regularization parameters to
tune the degree of smoothness of the estimated vectors.

U(hi)=
C3
︷ ︸︸ ︷
wh(1) h(1)2

︸ ︷︷ ︸
C1

+
C3

︷ ︸︸ ︷
wh(M) h(M)2

︸ ︷︷ ︸
C1

+
M−1∑

n=2

C3
︷ ︸︸ ︷

wh(n)

⎡

⎢
⎣

Discrete version of the 2nd derivative
︷ ︸︸ ︷

(hi(n + 1) − hi(n)) − (hi(n) − hi(n − 1))

⎤

⎥
⎦

2

︸ ︷︷ ︸
C2

(5)

U(di)i =
N∑

n=2

⎡

⎢
⎣

Discrete version of the 1st derivative
︷ ︸︸ ︷
di(n)− di(n− 1)

⎤

⎥
⎦

2

︸ ︷︷ ︸
C4

(6)

Here the weigh coefficients wh(n) = 1/(|hd(n)| + 10−6)2, where the discrete
version of the HRF gamma function is hd(n) = hc(t)|t=n×TR, are used to com-
pensate for the reduced prior strength when the second derivatives are small.

Its can be shown that the overall energy eq. (2) is rewritten as follows

E =
1

2σ2
y

‖(Ψibi + di − yi)‖22 + αhT
i H0Dhhi + γdT

i Dddi (7)
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where H0 = diag{hd(n)} is a M × M diagonal matrix containing the HRF.
Dh and Dd are M × M and N × N second and first order difference matrix
operators [14], respectively. Ψi is a toeplitz L×N convolution matrix of bi and
bi as defined in [1]

3 Optimization

The MAP estimation of the unknown vectors bi, hi and di is obtained by min-
imizing the energy function (7) with respect to each vector, one step at a time.
bi is first estimated with the drift initialized with the mean of the TC (d0

i = ȳ)i

and h0
i equal to hd(n) [5,9].

3.1 Step One: b Estimation

Its easily shown that the binary elements of b̂t
i = {β̂t

k,i} that leads to the min-
imization of (7) are a simple binarization by thresholding (thrs = 0) of the
following fields, in matrix notation, where ψt−1

i (k) is the kth column of Ψt−1
i :

Bt
i(k) = −ψt−1

i (k)T
[
ψt−1

i (k) + 2(dt−1 − y)
]

(8)

To solve this huge combinatorial problem, a fast and computationally efficient
graph-cuts based algorithm [2] is used to binarize the fields Bt

r,l(k), defined in
(8), at each (r, l) pixel location in the data slice, by minimizing the following
energy function:

Σ(βr,l(k),Br,l(k)) =

data fidelity term
︷ ︸︸ ︷∑

r,l

Br,l(k)(1 − βr,l(k)) + σ̂2
y

∑

r,l

[
V v

r,l(k) + V h
r,l(k)

]
/g̃r,l

︸ ︷︷ ︸
spatial regularization term

(9)

where σ̂2
y is the observed signal variance (var(y)); V v

r,l(k) and V h
r,l(k) are

XOR ⊕ operators between βr,l(k) and its causal vertical βr,l+1(k) and hori-
zontal βr+1,l(k) neighbors, respectively; g̃r,l (10−2 ≤ g̃r,l ≤ 1) is the normalized
(smoothed) filtered gradient of B(k). Non-uniform solutions to (9) have a higher
cost due to the spatial regularization term. However, in order to preserve tran-
sitions, the division by g̃r,l reduces this non-uniform cost at locations where the
gradient magnitude is large. It can be shown that (9) is convex which guaranties
[2] global minimum convergence.

3.2 Step Two: h Estimation

A new estimation of ĥi is calculated by finding the null derivative point of (2)
with respect to h, yelding:

ĥi =
[
(Φt

i)
T Φt

i + 2ασ2
yH0DT

h

]−1
(Φt

i)
T (yi − dt−1

i ) (10)

where Φt
i is calculated with the current bt

i vector, estimated at the previous
iteration step 3.1. However, the HRF is only estimated in the case of voxel
activation by at least one paradigm, i.e., if ∃(r,l) : β̂r,l(k) > 0.
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HyperParameter Estimation. In this method the regularization parameter α
is not constant but is automatically and adaptively estimated along the iterative
process as follows. Considering (5), we can rewrite eq. (3) as

p(hi) =
N∏

n

1
Zh

e−αw(n)δ(n)2

︸ ︷︷ ︸
p(δ)

(11)

where δ2 is the 2nd derivative operator in (5). By assuming p(δ(n)) to be a
probability density function (of unitary area) and αw(n) = 1

2σ(n)2 we get
√

2πσ(n)2

Zh(n)

∫ + inf

− inf

1
√

2πσ(n)2
e

δ(n)2

2σ(n)2 dδ(n)

︸ ︷︷ ︸
=1

= 1 (12)

which implies that Zh(n) =
√

π
αw(n) , hence the energy term of (2) with respect

to h can be rewritten as

Eh(hi) = − log(h) =
N

2
log π − 1

2

N∑

n

log w(n)− N

2
log α + α

N∑

n

w(n)δ(n)2(13)

By finding the null derivative of (13) we obtain the automatic HyperParameter
estimation that is, in each iteration, dependent on the initialization and current
estimate of the HRF.

αt =
N

2U(h)
=

N
2

(ht−1
i )T (H0Dh)ht−1

i

(14)

3.3 Step Three: d Estimation

A new estimation of d̂i is calculated by finding the null derivative point of (2)
with respect to di, yelding:

d̂i =
[
I + 2γσ2

yD
T
d

]−1
(yi −Ψt

ib
t
i) (15)

where I is the identity matrix and Ψt
i is computed by using the current ĥt

i vector,
obtained in the previous iteration step.

Since γ is a regularization parameter associated with the drift signal, a much
slower frequency signal than HRF, then γ should be higher than α, i.e., γ 	 α
[15]. Here γ = 100α.

4 Experimental Results

In this section tests with synthetic and real data are presented to illustrate the
application of the algorithm and evaluate its performance.
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4.1 Synthetic Data

The synthetic data is based on the well known Shepp-Logan image phantom
with 256× 256 pixels. The paradigm was generated in a block-design basis with
4 epochs, 60 sec each (30 sec of activation and 30 sec of rest) with TR = 3 sec.

Making use of (1) for generating the yi observed data, a Monte Carlo exper-
iment with a total of 3, 276, 800 runs was performed with several different noise
levels (see Fig. 1 captation). The resulting mean and standard deviation (error
bars) values of probability of error (Pe), as a function of σ, SNRdB and SNR,
are presented in Fig.1. The results with and without GC are shown, as well as
the ratio Pe(GC)/Pe(w/GC).

Fig. 1. Monte Carlo results for 50 runs on 256 × 256 pixels, for σ =
{0.1, 0.25, 0.5, 0.75, 1, 1.5, 2, 2.5, 3, 4, 5}. The mean and standard deviation
(error bars) values of Pe, as a function of σ, SNRdB and SNR, are presented on the
first, second and third columns, respectively. The results with and without GC are dis-
played on the top and middle rows, respectively, and the ratio [Pe(GC)/Pe(w/GC)] (σ
is displayed on the bottom row.

These results demonstrate the activity detection robustness of the method,
even in highly noisy data. They also show that taking into account the spatial
correlation among neighboring voxels leads to a significant decrease in Pe. As
expected, the improvement increases when the amount of noise increases or,
equivalently, the SNR decreases. This is observed by the monotonic increasing
behavior of the [Pe(GC)/Pe(w/GC)] (σ).

4.2 Real Data

The real data used in this paper was acquired in the scope of a previous study
[4] were two volunteers with no history of psychiatric or neurological diseases
participated in a visual stimulation and a motor task fMRI experiment. Func-
tional images were obtained using echo-planar imaging (EPI) with TR/TE =
2000 ms/50 ms. Datasets were pre-processed and analyzed using the FSL
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software (http://www.fmrib.ox.ac.uk/fsl) for: motion correction; non-brain re-
moval and mean-based intensity normalization. The data used in the standard
SPM-GLM analysis using FSL (not for the proposed SPM-Drift-GC) was fur-
ther pre-processed with spatial smoothing (Gaussian kernel, 5 mm FWHM) and
high-pass temporal filtering (Gaussian-weighted least squares straight line fit-
ting, 50 sec cut-off).

For the FSL processing a GLM approach with local autocorrelation correction
was used on square stimulus functions convolved with the canonical Gamma
HRF and it’s first derivative [5,9]. Linear stimulus/baseline contrast analysis
and t -tests are applied to obtain the SPM, followed by cluster thresholding
by the Gaussian Random Fields (GRF) theory. Since the results provided by
this ”‘standard”’ method are depend on the inference p-value and clustering
Z -score threshold values used, our experienced experimentalist provided two
results of SPM-GLM: a relatively strict result and a more loose result, displayed
on columns d) and e) of Fig. 2 respectively. The proposed SPM-Drift-GC method
results are displayed on columns a), b) and c) of Fig. 2.

V isual activity detection Motor activity detection

Fig. 2. Activated regions obtained by the new SPM-Drift-GC (a-b-c) and standard
SPM-GLM (d-e) methods, on the visual (left) and motor (right) real data, where each
row (1), 2), 3) and 4)) corresponds to a different stimulus. Left to right: a) Binary
SPM-Drift algorithm results without GraphCuts; b) Binary SPM-Drift-GC algorithm
results; c) Weighted SPM-Drift-GC algorithm results; d) SPM-GLM algorithm Strict
results; e) SPM-GLM algorithm Loose results. Activation intensity is color coded from
red (0) to yellow (1) and is overlaid on the EPI brain image with linearly decreasing
transparency from 100% (activity = 0) to 0% (activity ≥ 0.5).

In general, visual inspection of the activation brain maps suggests good agree-
ment between the methods, although the SPM-Drift-GC also detects some re-
gions not present in the strict results, but present, most of them, in the loose
results. However, in some brain slices, there are areas only detected as active by
SPM-Drift-GC that correspond to low energy estimated HRF’s (coded in trans-
parent red) and somewhat deviant shaped HRF’s from the rigid HRF restrictions
of SPM-GLM.
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5 Conclusions

In this paper, a new data-dependent and automatic estimation method for the
HyperParameters of a MRF described by a Gibbs distribution is proposed and
applyed in the detection of activated brain areas in fMRI. Here, estimation and
inference are joined together and the drift and HRF estimation and iteratively
estimated by taking into account the spatial correlation.

Monte Carlo tests with synthetic data are presented to characterize the per-
formance of the algorithm in terms of error probability. The introduction of the
final step with graph-cuts greatly improves the accuracy of the algorithm, yield-
ing an error probability that is close to zero even at the high noise levels observed
in real data.

Real data activation results are consistent with a standard GLM approach,
and most importantly, the activation clusters are best matched with the ones
obtained at a significance threshold validated by the specialist, but with the
advantage that the specification of user-defined subjective thresholds are not re-
quired. With the proposed method it also becomes unnecessary to apply spatial
smoothing an high-pass temporal filtering as pre-processing steps, while account-
ing for important physiological properties of the data by estimating the HRF.
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8. Goutte, C., Nielsen, F.Å., Hansen, L.K.: Modelling the haemodynamic response in
fmri with smooth fir filters. IEEE Trans. Med. Imaging 19(12), 1188–1201 (2000)

9. Jezzard, P., Matthews, P.M., Smith, S.M.: Functional magnetic resonance imaging:
An introduction to methods. Oxford Medical Publications (2006)

10. Friston, K.J.: Analyzing brain images: Principles and overview. In: Frackowiak,
R.S.J., Friston, K.J., Frith, C., Dolan, R., Mazziotta, J.C. (eds.) Human Brain
Function, pp. 25–41. Academic Press, USA (1997)



Automatic HyperParameter Estimation in fMRI 125

11. Friston, K.J., Holmes, A.P., Worsley, K.J., Poline, J.B., Frith, C., Frackowiak,
R.S.J.: Statistical Parametric Maps in Functional Imaging: A General Linear Ap-
proach. Human Brain Mapping 2, 189–210 (1995)

12. Makni, S., Ciuciu, P., Idier, J., Poline, J.B.: Joint detection-estimation of brain ac-
tivity in functional mri: A multichannel deconvolution solution. IEEE Transactions
on Acoustics, Speech, and Signal Processing 53(9), 3488–3502 (2005)

13. Marrelec, G., Benali, H., Ciuciu, P., Pélégrini-Issac, M., Poline, J.B.: Robust
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Abstract. Atherosclerosis is a vascular pathology affecting the arterial
walls, generally located in specific vessel sites, such as bifurcations. In
this paper, for the first time, a fully automatic approach for the detection
of bifurcations in IVUS pullback sequences is presented. The method
identifies the frames and the angular sectors in which a bifurcation is
visible. This goal is achieved by applying a classifier to a set of textural
features extracted from each image of an IVUS pullback. A compari-
son between two state-of-the-art classifiers is performed, AdaBoost and
Random Forest. A cross-validation scheme is applied in order to evaluate
the performances of the approaches. The obtained results are encourag-
ing, showing a sensitivity of 75% and an accuracy of 94% by using the
AdaBoost algorithm.

1 Introduction

Atherosclerosis is an inflammatory process affecting the arterial walls, evolving
towards the formation of multiple plaques within the arteries. Atherosclerotic
plaques can rupture or grow until they narrow the vessel, potentially leading to
complications such as unstable angina, myocardial infarction, stroke and sudden
cardiac death. It has been shown that specific vessel locations, such as bifur-
cations, are critical sites for plaque growth and rupture [1]. The treatment of
bifurcations by percutaneous coronary intervention (PCI) represents 20% of all
PCI procedures.

Intravascular Ultrasound (IVUS) is a catheter-based imaging technique, gen-
erally used for guiding PCI and also as a diagnostic technique. IVUS allows the
visualization of high resolution images of internal vascular structures. The proce-
dure for the acquisition of an IVUS sequence consists in inserting an ultrasound
emitter, carried by a catheter, into the arterial vessel. The standard IVUS frame
is a 360-degree tomographic cross-sectional view of the vessel walls (defined as
short-axis view), which allows an accurate assessment of vessel morphology and
tissue composition. Given a certain angle on the short-axis view (see Fig. 1-a),

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 126–133, 2011.
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(a) (b)

Fig. 1. Short-axis view in correspondence of a bifurcation (a); longitudinal view of the
pullback (b). The two lines indicate the angular and longitudinal bifurcation localiza-
tions, in (a) and (b) respectively.

the corresponding longitudinal view can be generated by considering the gray-
level values of the whole sequence along the diameter at the fixed angle. A typical
branching appearance in both short-axis and longitudinal view is illustrated in
Fig. 1.

It has been shown that the use of IVUS, compared to the conventional angiog-
raphy, reduces the four-year mortality in patients in image-guided bifurcation
stenting PCI. Although the topic of automatic bifurcation detection has been
investigated in several medical imaging modalities, it has never been addressed
in IVUS. In this paper, we present, for the first time, a method for the auto-
matic detection of bifurcations in IVUS pullback sequences. In particular, the
frames and the angular sectors in which a bifurcation is visible are identified.
This goal is obtained by means of a pattern recognition approach, where a set
of textural features extracted from each image of an IVUS pullback provides
a feature-space in which the classification is performed. The method takes into
account several statistical measures computed on the image texture, calculated
along the radius of the frames. The classification task is tackled by using the
AdaBoost classifier. A comparison with another state-of-the-art discriminative
classifier, Random Forest, is provided.

The paper is organized as follows: Section II gives an overview of the method,
Section III shows the obtained results and Section IV concludes the paper.

2 Method

The method can be divided into two consecutive stages, as illustrated in the block
diagram in Fig. 2. Firstly, the motion artifacts which affect the IVUS sequence
due to heart beating are compensated; then, each angular sector is classified as
bifurcation or not.

2.1 Motion Artifacts Compensation

During an IVUS pullback acquisition, the catheter is affected by several motion
artifacts. The most relevant one is caused by the heart beating, which generates
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Fig. 2. Block diagram of the proposed approach

a repetitive longitudinal oscillation of the catheter (swinging effect) along the
axis of the vessel, resulting in a possible multiple sampling of the same vessel
positions. This undesired effect can be compensated by selecting optimally sta-
ble frames, for instance by using an image-based gating technique [2]. Another
motion artifact is represented by the catheter fluctuation, causing a spatial mis-
alignment of consecutive frames with respect to the real vessel morphology. In
order to align the vessel centers in successive frames, we apply an IVUS regis-
tration method [3] consisting in a rigid translation of subsequent frames of the
gated sequence. Figure 3 illustrates the output of the two stages.

(a) (b) (c)

Fig. 3. Longitudinal views of a pullback sequence before motion artifact compensation
(a), after the application of the gating technique (b) and after the application of both
gating and registration (c), respectively

2.2 Automatic Branching Detection

In order to identify bifurcations, we define a binary classification problem aimed
at distinguishing between the angular sectors of the IVUS frames containing a
bifurcation and the others. The angular analysis is justified by the fact that
physicians report bifurcation positions in terms of both frame localization and
angular extent. The detection task is based on a pattern recognition technique, in
which a classifier is first trained by using a database of IVUS sequences manually
labeled by experts and is successively used to identify the presence of a bifur-
cation in a new frame (test stage). The two main phases of a standard pattern
recognition approach are now presented: feature extraction and classification.

Typically, in presence of a bifurcation, the appearance of the visible blood
region in a short-axis IVUS image tends to an elliptical profile with an eccen-
tricity that is higher with respect to a frame without bifurcation (See Fig. 4-a,
-b). The method analyzes radial properties of the vessel texture, for detecting
the angular sectors belonging to a bifurcation and in this way it explores the
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above mentioned eccentricity property. For this purpose, each of the normalized
IVUS pullback images I (x, y) ∈ [0, 1] which constitutes the pullback sequence
S (x, y, t) ∈ [0, 1] is first converted into polar coordinates:

Ĩ (ρ, θ) = I (ρ cos θ, ρ sin θ) (1)

where x and y are the horizontal and vertical coordinates in the cartesian system,
ρ and θ are the radial and angular coordinates in the polar system (See Fig. 4-c),
t is the longitudinal (temporal) coordinate along the pullback.

(a) (b) (c)

Fig. 4. Short-axis view of a non-bifurcation (a) and a bifurcation (b) frame, in carte-
sian coordinates. The dotted and continuous curves represent an approximation of the
typical geometry of the blood region contour in each case. View of the bifurcation frame
in the polar representation (c).

A set of NT texture descriptors is then defined. Each descriptor specifies a
mapping function F : Ĩ (ρ, θ) �→Mj (ρ, θ), where Mj (ρ, θ) ∈ R is the parametric
map according to the jth textural descriptor, j = 1, . . . , NT . In order to extract
information related to the eccentricity, for each column of the parametric maps, a
set of basic statistical features (standard deviation, mean, median and maximum
values, position of the maximum value, histogram bins) is computed by means
of a second mapping function, D:

D : Mj (ρ, θ) �→ fi (θ) (2)

where fi (θ) ∈ R, i = 1, . . . , NS, being NS the total number of statistical descrip-
tors. Since in this step we are considering radial properties of the image, in order
to extract homogeneous features the center of the image has to coincide with the
vessel center. For this reason, the applied rigid registration proves to be a neces-
sary step. Each column (angular sector) θ is then described by a feature vector,
obtained by concatenating all the features, fi (θ) = [f1 (θ) f2 (θ) . . . fNF (θ)].
The used descriptors are: Gabor filters [4], Local Binary Patterns (LBP) [5] and
Cross-correlation between successive frames [6]. The gray-level image is consid-
ered as one of the maps, as well. The total number of used features is NF = 166.

We propose the application of the AdaBoost classification algorithm [7] with
Decision Stump weak classifier, to implement the classification stage. The main
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advantages of AdaBoost are its computational simplicity and speed, which make
it particularly suitable for clinical applications. Moreover, the classifier is able
to work with a large set of features and is not prone to overfitting.

3 Experimental Results

A set of 10 in-vivo pullbacks of human coronary arteries has been acquired
with an iLab IVUS Imaging System (Boston Scientific) using a 40 MHz catheter
Atlantis SR 40 Pro (Boston Scientific). Each sequence contains an average of 3000
frames, for a total amount of 24 bifurcations. In order to validate our approach,
a ground-truth of bifurcation labels has been created by manual segmentation
performed by two medical experts. To this aim, an ad-hoc interface has been
developed. For each pullback, the physicians selected, for each bifurcation, the
angle which comprises the bifurcation in the short-axis view and the initial and
final branching frames in the longitudinal view. The procedure for ground-truth
collection explains the relevance of the application of a gating technique, which
avoids the presence of non-bifurcations samples into a longitudinal vessel segment
labeled as bifurcation, otherwise caused by the swinging effect. The ground-truth
labels are used for both the training and the validation of the methodology.

The classifier performance is assessed by means of the Leave-One-Patient-
Out (LOPO) cross-validation technique, over the Np = 10 sequences. At each
validation fold, performance is evaluated in terms of accuracy (A), sensitivity
(S), specificity (K), precision (P ) and false alarm ratio (FAR). The positive
and negative classes are strongly unbalanced; therefore, a normalization of the
confusion matrix is applied for the computation of all the parameters, with the
exception of the accuracy. Given the classification-based nature of the proposed
methodology, a comparison with another state-of-the-art discriminative classifier
is straightforward: we therefore compare the performance of AdaBoost to Ran-
dom Forest [8]. The AdaBoost classifier has been trained with up to T = 110
rounds. The parameters of the Random Forest classifier have been set to a num-
ber of trees Ntrees = 1000 and a number of input variables determining the
decision at each node, Mtry = log2 NF + 1, as suggested by [8]. Both classifiers
have been tuned, during the training process, to optimize the accuracy score,
following the standard methodology.

It is worth noticing that in a detection problem, S = TP/ (TP + FN) can
be regarded as the most relevant parameter, since it expresses the true positive
rate (the proportion of actual bifurcation samples which are correctly identi-
fied as such). We can therefore consider S as the parameter to maximize in
the branching detection problem. The precision P = TP/ (TP + FP ) (positive
predictive value) is another relevant parameter, representing the proportion of
samples assigned to the bifurcation class which are correctly classified.

The results of the automatic classification are presented in Table 1, together
with the inter-observer variability. As it can be observed, for the inter-observer
variability the sensitivity is lower than the other parameters, thus demonstrat-
ing that even the manual bifurcation location performed by expert physicians is
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challenging. The results of the AdaBoost automatic classification are superior to
manual classification in terms of sensitivity, showing that the algorithm reaches
a compromise between the two labeled ground-truths. The Random Forest clas-
sifier is ahead of AdaBoost for almost all the considered parameters, with the
exception of S, while being comparable with the manual annotation.

In order to corroborate the quality of the achieved results, we perform a sta-
tistical analysis. For each pair of approaches, the Wilcoxon signed-ranks test [9]
is applied, with a p-value α = 0.05. Table 2 illustrates, for every comparison, the
difference between the mean values of the performance parameters; the asterisk
denotes that the difference between the results is statistically significant. The
statistical analysis shows that the sensitivity of the AdaBoost classifier is sig-
nificantly better than both Random Forest and inter-observer variability scores.
Moreover, the AdaBoost precision, though lower in mean, is not significantly
different from the inter-observer variability. AdaBoost gives a higher false alarm
ratio score (+3.55%) than Random Forest, but this drawback is compensated by
the high gap in sensitivity (+12.44%). Considering these factors, the AdaBoost
classifier turns out as the most appropriate technique for this specific task.

Table 1. Performance of the automatic classifiers and inter-observer variability

LOPO AdaBoost Random Forest Inter− observer
A (94± 4.5)% (96.78 ± 3.32)% (98.77± 0.76)%

S (75.09± 13.7)% (62.65 ± 19.16)% (61.87 ± 11.27)%

K (93.51 ± 4.71)% (97.06 ± 3.46)% (99.38± 0.39)%

P (92.56± 3.8)% (95.96 ± 3.24)% (99.05± 0.76)%

FAR (6.49± 4.71)% (2.94 ± 3.46)% (0.62± 0.39)%

Table 2. Difference between the mean performance values Δ (mean) and statistical
significance of the difference assessed with the Wilcoxon signed-ranks test, for the three
pairs of approaches

AD. vs. R.F. AD. vs. I.O. R.F. vs. I.O.

A −2.78% ∗ −4.77% ∗ −1.99% ∗
S +12.44% ∗ +13.22% ∗ +0.78%

K −3.55% ∗ −5.87% ∗ −2.32% ∗
P −3.4% ∗ −6.49% −3.09% ∗

FAR +3.55% ∗ +5.87% ∗ +2.32% ∗

Figs. 5-d, -e, -f, -g illustrate bifurcation frames corresponding to the sequence
longitudinal positions highlighted in Fig. 5-a. Fig. 5-c shows a map reporting
the pullback classified by using AdaBoost, while Fig. 5-h represents the margin
values, produced as an output of the AdaBoost classifier for each classified sam-
ple. The margin value indicates how likely a sample is to belong to a class; for
this reason, it can be interpreted as an estimate of the probability of bifurcation
presence.
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Fig. 5. Pullback after motion artifact compensation (a), ground-truth (b), classification
map (c) and map of pseudo-probability of bifurcation presence (h). The maps in (b),
(c), (h) represent, on the horizontal and vertical axes, the longitudinal and angular
positions along the pullback respectively. In (b) and (c) the white and black colors
indicate where bifurcation and non-bifurcation samples (angular sectors) are present,
while in (h) pixel intensity represents the probability of bifurcation presence. The
frames in (d), (e), (f), (g) correspond to the four bifurcations.

4 Discussion and Conclusion

In this paper, a fully automatic method for the identification of the angular
and longitudinal bifurcation position in IVUS sequences is presented. To our
knowledge, we are the first to apply bifurcation detection on IVUS images. The
novelty of our approach lies in the computation of a set of statistical features on
the angular sectors, instead than on the pixels. The task presents a considerable
difficulty, due to the high variability of bifurcation dimensions and appearance in
IVUS images. Portions of the vessel can often appear like bifurcations, especially
if the blood region is not entirely visible in the image; moreover, bifurcations can
be hidden by shadows or change significantly their characteristics in correspon-
dence of implanted stents. Nevertheless, the method shows encouraging results.
The current method does not use any kind of feature selection strategy, but
future work could deal with a feature selection study, which would reduce the
computational cost of the methodology and may improve the results. Since Ad-
aBoost proves to be the most suitable classifier for this problem, the margin value
produced as an output can be additionally used to refine the detection results.
The spatio-temporal continuity of the bifurcation regions could be considered,
by exploiting the neighborhood properties of the angular sector samples. Finally,
the feasibility of a study on the estimation of the angle of incidence (the angle
between the main vessel and the side-branch) will be investigated.
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Abstract. This work aims at the segmentation of colonoscopy images
into a minimum number of informative regions. Our method performs
in a way such, if a polyp is present in the image, it will be exclusively
and totally contained in a single region. This result can be used in later
stages to classify regions as polyp-containing candidates. The output
of the algorithm also defines which regions can be considered as non-
informative. The algorithm starts with a high number of initial regions
and merges them taking into account the model of polyp appearance
obtained from available data. The results show that our segmentations
of polyp regions are more accurate than state-of-the-art methods.

Keywords: Colonoscopy, Polyp Detection, Region Merging, Region
Segmentation.

1 Introduction

Colon cancer’s survival rate depends on the stage that it is detected on, going
from rates higher than 95% in stages I or II to rates lower than 35% in stages
IV and V [1], elucidating the importance of detecting it on its early stages. In
order to do so, several screening techniques are used. One of the most extended
techniques is colonoscopy [2], which consists of introducing a probe with a camera
mounted on it through the rectum and the colon. The physician can observe the
status of the patient as the colonoscope progresses, and it can even remove polyps
during the intervention.

Our global objective is to detect polyps in colonoscopy images. Our processing
scheme [3] consists of 3 stages: region segmentation, region description and region
classification. This detection scheme can be used in several applications such as:
1) real-time polyp detection, 2) off-line quality assessment of the colonoscopy,
and 3) quantitative assessment of the trainee skills in training procedures, just
to mention a few.

In this paper we present our region segmentation stage in which an input
colonoscopy image is segmented into a minimum number of informative regions,
one of them containing a polyp, therefore reducing the size of the problem.
The term of informative regions is used here as opposite to non-informative
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regions, where we are sure no polyp is inside and therefore, there will be no need
to continue analyzing them [4]. These results can be used later to classify the
informative regions into polyp- vs. non-polyp-containing candidates.

The structure of the paper is as it follows: in Section 2 we present the seg-
mentation algorithm which we will compare our performance results with. In
Section 3 we present our segmentation algorithm along with the model of polyp
appearance in which it was inspired. In Section 4 we present our experimental
setup and show our results. Finally in Section 5 we show the main conclusions
that we extract from our work and present some future research lines.

2 Related Work

There are different approaches to polyp detection in colonoscopy video, which
can be divided [5] according to the type of feature they are based on, namely
shape, color or texture. Some of the include, like us, a Region Segmentation
stage that also use shape and color cues to guide the process, such as the work
of Hwang et al. [6],although they are in a more advanced stage where they classify
the segmented regions.

In general segmentation, which is one of the most difficult and critical tasks
in computer vision, can be viewed as a perceptual grouping problem in which
the image is divided into homogeneous regions, which can represent different
features in the images depending on the methodology adopted. Some simple
ways of segmentation exist however they prove to be over simplified for semantic
grouping of image regions in more complex scenarios, as they are more sensitive
to noise and other artifacts [7]. More sophisticated methods of image segmenta-
tion can be mainly divided into two different categories: segmentation by fitting
and segmentation by clustering [8]. In the former, the problem of segmentation
is viewed as an assertion that the pixels in an image conform to a model while,
in the latter, the pixels are grouped according to some criteria such as gray level,
color or texture. In order to perform efficiently, segmentation by fitting methods
need strong gradient differences pertaining to the objects in the images which
have to be segmented, which is not our case. Given that we want to segment in-
formative regions containing polyps from clinically uninteresting areas, methods
that segment by clustering seem well suited for our scenarios. Because of this,
we have chosen two methods from this group to carry out our research:

a) Normalized Cuts: The normalized cuts method [9] is a graph theoretic ap-
proach for solving the perceptual grouping problem in vision. In normalized cuts,
all the sets of points lying in the feature space are represented as a weighted,
undirected graph. The weight of each arc is assigned using a set of pre-defined
criteria. These can be based on the spatial distance among the pixels, their
brightness values, etc. Usually the easiest way to perform segmentation in graph
theoretic algorithms is to disconnect the edges having small weights usually
known as the minimum cut [10]. The problem with minimum cuts is that it typ-
ically results in over segmentation since the method basically finds local minima.
Shi and Malik [9] proposed in 2000 a new approach that aims at extracting the
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global impression of an image instead of focusing on its local features. In this
approach (normalized cuts), the cut between two graphs is normalized by the
volumes of the resulting graphs. In this case graphs are constructed by taking
each pixel as a node and by defining the edge weight as a the product of feature
similarity term and spatial proximity term [9].
b) Watersheds: Watershed transformation [11] is one of the clustering based
methods used as a tool for image segmentation. Watersheds operate on intensity
gradients to perceive an image as a combination of catchment basins in a hilly
area (a hill corresponds to high gradient) simulating the formation of image re-
gions with projected flow of water. After identification of an intensity valley in
an image, region growing algorithms are used to combine all the pixels which
have similar intensities. This procedure is particularly effective in images where
we have strong boundaries of objects which have to be segmented. For images
which are rich in texture or where the intensity gradient is not prominent, an over
segmentation is usually obtained, making convenient a posterior region merging.

3 Our Proposed Methodology

3.1 A Model of Polyp Appearance

The lighting of the probe gives us hints about how polyps appear in colonoscopy
images. As the light falls perpendicularly to the walls of the colon, it creates
shadows around the surfaces and, when the light falls into a prominent surface
(Figure 1 (a)), it creates a bright spot surrounded by darker areas, which are
the shadows, generating edges and valleys in the intensity image (Figure 1 (b)).

(a) (b)

Fig. 1. Simulation of (a) an illuminated prominent surface (b) grey-scale profile

Even considering this model of prominent surface appearance under the light-
ing conditions of the colonoscope, there are some challenges to be overcome,
namely: 1) non-uniform appearance of the polyps (flat or peduncular shapes); 2)
the appearance of reflections in the image; and 3) the similarity between tissues
inside and outside the polyp, also affected by the lighting conditions. Taking all
this into consideration, we base our segmentation method on a model of polyp
appearance that we can define as a prominent shape enclosed in a region with
presence of edges and valleys around its frontiers.
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3.2 Algorithm

The segmentation algorithm, which general scheme can be seen in Figure 2,
consists of 4 different stages which will be described next.

Fig. 2. Scheme of the segmentation algorithm

1. Image Preprocessing: Before applying any segmentation algorithm there
are some operations that should be done: 1) converting the image into gray-
scale, 2) de-interleaving (as our images come from a high definition inter-
leaved video source), 3) correction of the reflections, and 4) inverting the
grey-scale image.

2. Image Segmentation: We apply watersheds to the gradient image because
the boundaries between the regions obtained in such way are closer to the
boundaries that separate the different structures that appear in the image
(Fig. 3 [4]).

(a) (b) (c)

Fig. 3. Use of gradient information: (a) original image (b) basic segmentation (c) Seg-
mentation using gradient information

3. Region Merging:
a) Region information-based: We first calculate the neighborhood map of the
image and identify the frontier pixels between each pair of regions and then
categorize the regions and frontiers, in terms of the amount of information
that they contain [4]. For instance, a low information region will have a very
high mean (or very low) grey level and very low standard deviation of this
grey level. We will only merge regions with the same kind of information
separated by weak frontiers. In this case, in order to consider a frontier as
weak we propose a frontier weakness measure as defined in Equation 1. This
measure combines the information of the the mean gradient of the frontier
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pixels and the strength of the frontiers (measured as the frontiers that are
kept after applying a two consecutive order increasing median filtering, which
helps to remove the regions created by the veins). We merge and categorize
regions until their number is stabilized or there are no weak frontiers left.

FrontierWeakness = α ∗ gradient + β ∗median (1)

b) Depth of valleys-based: We define a depth of valleys measure that com-
bines the information of the output of a ridges and valleys detector (see [12]
for details) with the information that the morphological gradient provides.
This gives information about the depth of the pixels in the valley with higher
values for the pixels that constitute the frontier of the region (which will have
both high ’valleyness’ and gradient values and smaller from the inner pixels,
as can be seen in Figure 4). Using this information we can continue merging
regions, keeping only those which frontiers are strong in terms of depth of
valleys. We merge regions until there are no weak frontiers according to the
depth of valleys threshold value or when the number of regions is stabilized.

(a) (b)

(c) (d)

Fig. 4. Creation of the depth of valleys image: (a) Original image (b) Morphological
Gradient image (c) Valleys image (d) Depth of valleys image

4 Results

4.1 Experimental Setup

In order to test the performance of our segmentation algorithm we have created
a database which consists of 300 different studies of polyp appearance along
with their corresponding polyp masks. We will evaluate the performance of our
method by using two different measures: Annotated Area Covered (AAC) and
Dice Similarity Coefficient (DICE) [7].
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Table 1. Comparison between the results obtained by our method and normalized
cuts with respect to the value of the depth of valleys

With Borders

Measure / Method Ours NCuts Ours NCuts Ours NCuts

Threshold Value 0.6 0.7 0.8

AAC 61.91% 63.66% 70.29% 69.06% 75.79% 70.86%

DICE 55.33% 44.97% 44.6% 37.75% 36.44% 34.01%

Without Borders

Measure / Method Ours NCuts Ours NCuts Ours NCuts

Threshold Value 0.6 0.7 0.8

AAC 60.71% 60.2% 70.29% 63.98% 74.32% 64.24%

DICE 55.68% 63.15% 48.01% 61.84% 45.01% 56.73%

Both measures are complementary as the former calculates the amount of an-
notated polyp area while the latter complements it with the amount of non-polyp
information that is kept in the region. We will compare our final segmentation
results with the ones obtained using normalized cuts. To do so we will set the
number of final regions that we have to obtain with normalized cuts at the min-
imum number of final regions that we have obtained with our method that gives
us best results in terms of AAC and DICE. To obtain our best results we have
run experiments in order to get the combination of parameter values (α, β, depth
of valleys threshold) that gives good results for every image.

We also have to consider that our images have black borders around them.
Our region segmentation method consider their presence and use the results of
non-informative region identification (which borders of the image are part of)
to avoid further processing of this areas. In order to test the effect that these
borders have in the segmentation results, we have also created a database that
eliminates the borders of the images. It has to be mentioned that in order to
make the new image suitable to be processed some non-borders parts of the
image should also be eliminated which causes the loss of some information. We
will compare the results achieved by using these two versions of the images.

4.2 Experimental Results

In Table 1 we show results for polyp region detection comparing the performance
of our method, with the performance achieved by normalized cuts (with the
same number of final regions). Using the whole image we get better results than
normalized cuts in terms of AAC and DICE. This means that our regions which
contain polyps have more polyp information than the ones that normalized cuts
and it is closer to the real polyp region.

The elimination of the borders in the image, in terms of AAC, has almost
no effect for our method but it has more incidence for normalized cuts. DICE
results improve for both methods by using the image without borders (better
as the threshold value increases), although normalized cuts results are better.
But, as it can be seen in Figure 5, normalized cuts non-polyp regions tend
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(a) (b) (c) (d)

Fig. 5. Comparison of segmentation results: (a) Original images (b) Polyp masks (c)
Our method’s output (d) Normalized cuts’ output

to be larger than our non-polyp regions (in our case we know that the larger
region corresponds always to the background). In our case, we could apply a
size threshold value to discard some of them without having chance of losing the
polyp region while in normalized cuts this would not happen.

In Figure 5 we can see examples of each method’s output. It can be seen that
the images segmented with our method (see Figure 5(c)) fit better the polyp
mask (that was segmented by experts). Third row’s results are obtained using
the image without borders. We plan to improve our DICE results by merging
some small regions that appear inside the polyp region and, after this is achieved,
our overall region segmentation results by discarding some of the smallest regions
in order to provide as result a very low number of relevant regions.

5 Conclusions and Future Work

In this paper, in the context of region segmentation in colonoscopy images, we
present our novel segmentation approach. Our objective is to provide a low num-
ber of regions, one of them containing a polyp. Our algorithm also indicates the
degree of information of the final regions. Our approach consists of applying a
basic segmentation algorithm (such as watersheds) and then applying a region
merging algorithm that takes into account our model of polyp appearance. This
model states that a polyp is a prominent shape enclosed in a region with presence
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of edges and valleys around its frontiers. In order to test the performance of
our method we rely on a database of more than 300 studies where the experts
have manually segmented the polyps in the images. We compare our method with
one state-of-the-art technique (normalized cuts) and quantify the accuracy of our
segmented regions using two complementary measures. Our method outperforms
normalized cuts in the accuracy of polyp region detection and also offers a good
non-informative region characterization.

Our future work, in terms of Region Segmentation, will be focused on reduc-
ing even more the number of final regions and once we have achieved a better
performance (in terms of both AAC and DICE) we plan to start with the region
description and region classification stages.
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Abstract. A high quality labeled training set is necessary for any su-
pervised machine learning algorithm. Labeling of the data can be a very
expensive process, specially while dealing with data of high variability
and complexity. A good example of such data are the videos from Wire-
less Capsule Endoscopy. Building a representative WCE data set means
many videos to be labeled by an expert. The problem that occurs is the
data diversity, in the space of the features, from different WCE studies.
That means that when new data arrives it is highly probable that it will
not be represented in the training set, thus getting a high probability
of performing an error when applying machine learning schemes. In this
paper an interactive labeling scheme that allows reducing expert effort in
the labeling process is presented. It is shown that the number of human
interventions can be significantly reduced. The proposed system allows
the annotation of informative/non-informative frames of the WCE video
with less than 100 clicks.

Keywords: WCE, interactive labeling, online learning, LSH.

1 Introduction

For many machine learning applications, the compilation of a complete training
set for building a realistic model of a given class of samples is not an easy task.
The motto “there is no data like more data” suggests that the best strategy for
building this training set is to collect as much data as possible. But in some
cases, when dealing with problems of high complexity and variability, the size
of this data set can grow very rapidly, making the learning process tedious and
time consuming. Time is expended in two different processes: 1) the labeling
process, which generally needs human intervention, and 2) the training process,
which in some cases exponentially increments computational resources as more
data is obtained.

If we consider training as a sequential (in time) process, the training problem
can be partially overcome by the integration of online learning methodologies
and an “intelligent” reduction of the samples to be added into the training set.
Given a training set at a given time, an “intelligent” system should add to
the training set only those data samples that were not represented, or under-
represented, in the previous version of the set. In other words, the training set
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(a) (b)

Fig. 1. (a) The wireless video capsule; (b) Non informative frames

should be enlarged by those new data samples that enrich the representability
of the classification models while avoiding unnecessary sample redundance.

But even in the former situation, the labeling process is still a problem. To
overcome this problem, we should use a labeling process which minimizes the
number of human interventions on the new samples. One possible strategy is to
embed a model of the data into a sequential labeling process, for proposing to the
human operator a given label for every sample. Then, the human operator faces
two possible decisions: to accept the model proposal or to change the label of the
sample. In practice, these two choices have a non symmetric cost for the human
operator: accepting the model proposal can be efficiently implemented with a
low cognitive load for the operator, while changing a label has a larger cost.
This effort can be measured by the number of “clicks” the operator performs.

Wireless Capsule Endoscopy (WCE) image analysis (see Fig. 1(a)) is a clear
scenario where these problems arise. The WCE contains a camera and a full
electronic set which allows the radio frequency emission of a video movie in real
time. This video, showing the whole trip of the pill along the intestinal tract,
is stored into an external device which is carried by the patient. These videos
can have duration from 1h to 8h, what means that the capsule captures a total
of 7.200 to 60.000 images. WCE videos have been used in the framework of
computer-aided systems to differentiate diverse parts of the intestinal tract[4],
to measure several intestinal disfunctions [11] and to detect different organic
lesions (such as polyps [6], bleeding [5] or general pathologies [2]). In most of
these applications, machine learning plays a central role to define robust methods
for frame classification and pattern detection.

A common stage in all these research lines is the discrimination of informa-
tive frames from non-informative frames. Non-informative frames are defined as
frames where the field of view is occluded. Mainly, the occlusion is caused by
the presence of intestinal content, such as food in digestion, intestinal juices or
bubbles (see Fig. 1(b)). The ability of finding non-informative frames is impor-
tant since: 1) generally, it helps to reduce time of video analysis, and 2) since
the majority of non-informative frames are frames with intestinal content which
information can be used as an indicator for intestinal disfunctions [8].

The main strategy in the search of non-informative frames is the application
of machine learning techniques in order to build a two-class classifier. Generally,
non-informative frames are characterized by their color information [1]. Robust
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classifiers can be built when the training set is representative of the data pop-
ulation. The problem that occurs when dealing with WCE videos is the high
color variability of non-informative frames in different videos. Therefore, it is
probable that, as new videos become available, a new video with significantly
different intestinal content color distribution will be added to the training set.
A naive approach for the labeling process of this video could mean the manual
annotation of up to 50.000 video frames.

The main contribution of this paper is a method for interactive labeling that
is designed to optimally reduce the number of human interventions during the
labeling process of a new video. The process is applied to the labeling of non-
informative frames for WCE image analysis. In the active learning algorithm the
key idea is that machine learning algorithm can achieve greater accuracy with
fewer labeled training instances if it is allowed to choose the data from which is
learns [10,7]. However, the goal of our system is basically to enlarge the training
set while minimizing human intervention, not to minimize the overall classifica-
tion error. This is done by finding an optimal classifier adaptation scheme for
non-represented frames in the original training set.

The rest of the paper is organized as follows: Section 2 introduces the inter-
active labeling method, Section 3 describes the implemented interactive labeling
system for WCE images. In Section 4, we present experimental results, and fi-
nally, in Section 5 we expose some conclusions and remarks on future research.

2 Interactive Labeling

Our purpose is to design an interactive labeling system that should allow, in an
efficient way, 1) to detect frames that are not represented in the training set,
2) to obtain statistics of informative and non-informative frames that are not
represented in the training set, and 3) to be able to iteratively increase the rep-
resentability of the training set in an “intelligent” way by reducing significantly
the number of clicks relates to manual labeling.

To this aim, we propose the following algorithm for interactive labeling of a
set of new images optimizing the user feedback (see Alg. 1).

The critical step in order to minimize the number of clicks is to choose a good
criterion for Step 6, since it represents the main strategy of choosing the order
of presentation of the samples to be labeled by the user.

To this end, we studied three different sorting policies for the elements of N .
These policies are based on the following criteria: 1) to choose those elements
that are far from the training data L and far from the boundary defined by Mi,
2) to choose those elements that belong to the most dense regions of N , and 3)
to choose the elements in a random way.

More specifically, we define them in the following way:

Criterion 1 (C1): Distance of data to the classifier boundary and training
data. In this criterion two measurements are combined: 1)The data are sorted
from the farthest to the nearest distance with respect to the classifier bound-
ary. This scheme assumes that the classifier, while proposing labels, will commit
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Algorithm 1. Interactive labeling algorithm.
1: Let be L a set of labeled data, M1 a discriminative model trained on this set, U a

set of all unlabeled data samples from a new video and C a criterion to select the most
informative frames from U;

2: Select the subset of samples N = {xN
j } from U such that they are considered as

under-represented by the labeled set L.
3: Evaluate the subset N with M1, assigning a label lj to every data sample xj from N.
4: i=1;
5: while there are elements in N do
6: Evaluate the elements of N with respect to the criterion C and get the set of n most

informative samples I ⊂ N (with the purpose of minimizing the expected number of
expert clicks).

7: Delete the elements of I from N.
8: Present the samples from I to the user with their associated label.
9: Get the user feedback (nothing for samples with correct labels, one click for each

wrongly classified sample).
10: Update L by adding the elements of I and its user-corrected label.
11: Perform an online training step for Mi by adding the elements of I to the model,

getting Mi+1.
12: Evaluate the elements of N with Mi+1, assigning a label lj to every data sample xj

from N.
13: i = i + 1;
14: end while

errors with higher probability for the samples that are far from the boundary
than for the data that are relatively close to boundary. 2) The data are sorted
from the farthest to the nearest with respect to the training data. This scheme
assumes that the classifier, while proposing labels, will commit errors with higher
probability for the samples that are far from the training set than for the data
that are relatively close to the known data. A final sorting is performed in the
data by adding the ranking indices of the two previously described schemes.
Criterion 2 (C2): Data density. Each sample is sorted decreasingly with re-
spect to a data density measure in its environments. This scheme assumes that
the classifier should learn more quickly if we first provide samples from the zones
with higher density. Data density can easily be computed as the mean distance
to the k-nearest neighbors of the sample.
Criterion 3 (C3): Random order. The order of presentation of the samples
randomly determined.

3 The Interactive Labeling System

The goal of the interactive labeling system is two-fold: 1) to detect, for each new
video, the set of frames that are not represented in the training set, and 2) to
label those frames with minimal user effort. To this end, we propose a system
design with two main components(see Fig. 3):

1. A data density estimation method that allows fast local estimation of the
density and distance of a data sample to other examples, e.g. from the training
set (see Step 3 of the algorithm for interactive labeling).
2. An online discriminative classifier which allows to sequentially update the
classification model Mi of thousands of samples (see Step 2, 10 and 11 of the
algorithm for interactive labeling).
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Fig. 2. The interactive labeling system architecture with its two main components: 1)
Detection of frames not represented in the training set and 2) Labeling of frames and
model enlarging using online classifier method

3.1 Fast Density Estimation

As previously commented, the local density of a data sample xi with respect
to a data set C can be easily estimated by computing the mean distance from
xi to its k-nearest neighbors in C. The simplest solution to this problem is to
compute the distance from the sample xi to every sample in C, keeping track of
the “k-best so far”. Note that this algorithm has a running time of O(nd) where
n is the cardinality of C and d is the dimensionality of samples.

Because of excessive computational complexity of this method for large data
sets, we need a flexible method that allows from one side, effective measurements
of characteristics of large data and, from the other side, introducing new unseen
data into the training set for enlarging the data representation. An example of
such flexible method is Locality Sensitive Hashing[3]. LSH allows to quickly find
a similar sample in a large data set. The basic idea of the method is to insert
similar samples into a bucket of a hash table. As each hash table is created
using random projections over the space, several tables can be used to ensure
an optimal result [3]. Another advantage of LSH is the ability to measure the
density of data in given space vicinity by analyzing the number of samples inside
the buckets (Fig. 3.1). In order to evaluate if the new sample improves the
representation of the data set, the space density of the training set is estimated.
If the new sample is in a dense part of the space then the sample is considered
redundant and thus it is not considered in order to improve the training set.
Otherwise, the sample is used to enlarge the training set.

The density D of the sample x is estimated according to the formula:

D(x, Tr) =
M∑

i=1

||Bi|| (1)

where M is the number of hash tables, ||Bi|| is the number of elements in the
bucket where the new element x is assigned and Tr represents the training set.
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Fig. 3. Example of training set density estimation for a test video using LSH. The
images show the zones of high and low density with respect to given labeled set L.

The subset of not-represented samples in the training set N = {x∗1, ..., x∗m} from
new unlabeled data U is defined as:

N = {∀x ∈ U : D(x, Tr) < T } (2)

where T represents a fixed threshold.
Note that (2) expresses the condition that the new samples fall in buckets

with low density of the training set. That is if the new sample is in a dense
part of the space then the sample is not considered to improve the training set.
Otherwise, the sample is used to enlarge the training set.

3.2 Online Classifier

Taking into account that our classifier must be retrained with thousands of im-
ages/feature vectors of up to 256 components, using an online classifier is a must.
Online classifiers are able to update the model in a sequential way, so the classi-
fier, if needed, can constantly learn form new data, improving the quality of label
proposal process. In order to optimize the learning process, the data are sorted
according to the previously described criteria. A kernel-based online Perceptron
classifier [9] is used because of its simplicity and efficiency. As previously men-
tioned, the main information used to detect non-informative frames is the color.
In order to reduce the dimensionality of the data, each image represented as 24
million colors is quantized into 256 colors. As a result, each frame is represented
by 256 color histogram. The score, for a given sample, takes this form:

S(x) =
K∑

j=1

αjK(vi, x) (3)

where 〈(v1, α1), ..., (vk, αk)〉 are the set of training vectors with the corresponding
real estimated weights (α1, ..., αk) by the learning algorithm when minimizing
the cumulative hinge-loss suffered over a sequence of examples and K() is a
kernel function (in our case, we apply Radial Basis Function).

4 Results

For our experiments, we considered a set of 40 videos obtained using the WCE
device. 10 videos were used to built the initial classification model M1, and the
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Fig. 4. Mean error on validation set of 20 WCE videos

other 10 to evaluate the proposed interactive labeling system. In the test, the 10
videos were sequentially processed. If needed, at each iteration, the training set
could be increased by a new set of frames that improves the data representation.
Additionally the validation set of 20 videos were used in order to evaluate the
error of the final informative/non-informative frames classifier.

In the experiments we show that: 1) the proposed system reduces the effort
needed for data labeling, 2) the first criterion Criterion 1 (C1): Distance of data
to the classifier boundary and training data gives the best results, 3) the global
performance of informative/non-informative frames classifier is improving while
enlarging training set, and 4) the LSH optimizes the computation process.

Table 4, shows that all three proposed schemes reduce the number of clicks.
Even random order improves a lot with respect to the naive approach. This
phenomenon can be explained by the fact that the frame color in a certain video
are well correlated. From the results it can be concluded that the criterion 1 looks
to be the best sorting criterion for interactive labeling. Intuitively, the samples
that are far from the boundary are classified with high confidence. However,
when dealing with the frames that are not similar to the ones in the training set
(there are far from the one in the training set), the confidence gives uncertainty
measure. Therefore, when introducing examples, where the classifier performs
an error (user switches the label) to the model it is highly probable that the
boundary will change using small amount of data.

Introducing new data into the training set improves the final classifier perfor-
mance and reduces the error by 2% after 10 iterations of the algorithm (where
each iteration is new video introduced in the training set) (Fig. 4). Furthermore,
the LSH in average reduces the number of frames to check by more than 80%.
This means that tested videos have about 20% of the frames that are “strange”.
While inserting new frames into the classifier model, it can be seen, that at each

Table 1. Results

#clicks
Video #frames #strange frames Criterion 1 Criterion 2 Criterion 3

Video1 35847 4687 103 103 147
Video2 51906 10145 211 213 316
Video3 52777 5771 270 270 376
Video4 56423 13022 86 90 151
Video5 55156 7599 68 68 131
Video6 33590 17160 381 389 617
Video7 17141 1072 8 8 39
Video8 26661 5437 88 97 151
Video9 14767 1006 28 28 76
Video10 22740 1993 63 63 110
Average clicks per video - - 1.5% 1.5% 2.9%
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iteration some data that are not represented in the training set are being found.
The conclusion that can be drawn is that in order to create a good training
set for informative/non-informative frame classification, the number of 20 WCE
videos is not enough.

5 Conclusions

In this paper a system that minimizes the user effort during the process of con-
structing a good representation of the WCE data is presented. The methodology
is based on two steps: 1) the detection of frames that enrich the training set rep-
resentation and thus should be labeled, and 2) the interactive labeling system
that allows to reduce the user effort, in the labeling process, using an online clas-
sifier which sequentially learns and improves the model for the label proposals.
The detection of frames that enlarge the data representation has been performed
using LSH. The LSH method allows a fast processing for getting efficient results
for data density estimation. Three different sorting polices are defined and eval-
uated for the online classification: 1) Distance of data to the classier boundary
and training data, 2) Data density, and 3) Random order. It is shown that by
using adapted sorting criteria for the data we can improve the label proposal
process and in this way reduce the expert efforts. Finally, we have observed that
enlarging the initial training set with the non represented frames from unlabeled
videos we achieve an improvement of classification performance.
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Abstract. Rodent models of myocardial infarction (MI) have been ex-
tensively used in biomedical research towards the implementation of novel
regenerative therapies. Permanent ligation of the left anterior descending
(LAD) coronary artery is a commonly used method for inducing MI both
in rat and mouse. Post-mortem evaluation of the heart, particularly the
MI extension assessment performed on histological sections, is a critical
parameter for this experimental setting. MI extension, which is defined as
the percentage of the left ventricle affected by the coronary occlusion, has
to be estimated by identifying the infarcted- and the normal-tissue in each
section. However, because it is a manual procedure it is time-consuming,
arduous and prone to bias. Herein, we introduce semi-automatic and au-
tomatic approaches to perform segmentation which is then used to obtain
the infarct extension measurement. Experimental validation is performed
comparing the proposed approaches with manual annotation and a total
error not exceeding 8% is reported in all cases.

Keywords: Infarct extension evaluation, image segmentation, region
growing, otsu, k-means, meanshift, watershed.

1 Introduction

Acute myocardial infarction is a major public health problem, resulting mainly
from the occlusion of coronary arteries, due to the build-up of arteriosclerotic
plaques, and the establishment of tissue ischemia eventually leading to end-stage
heart failure. Permanent ligation of the left anterior descending (LAD) coronary
artery in animal models, including the rat and the mouse, is a commonly used
method for reproducing several of the human-associated pathological events.
This surgical procedure also allows the implementation of pre-clinical models
of disease which are a pre-requisite for testing cell/drug-therapies before pro-
ceeding into clinical trials [1]. The tissue extension of the induced myocardial
infarction, which is defined as the percentage of the left ventricle affected by
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Fig. 1. Experimental myocardial-infarction mouse model. A - Macroscopic view of 21
days post-infarction heart; black arrow indicates the anatomical location of the LAD
coronary artery ligation. B and C - Histological cross-sections of apical and mid region
of LV stained with Masson Trichrome. Apex and free LV wall are fully compromised
by ischemia, wich is illustrated by the collagen deposition (blue region) replacing the
viable myocardium tissue (red region).

coronary occlusion, is a critical parameter to evaluate the effect of any applied
therapy at the experimental setting. This is calculated as the average value of
infarct extension over all cross-sections of the dissected heart stained with Mas-
son’s Trichrome, a histological stain that enables the identification of collagen
deposition, a hallmark of established infarction [1,2]. To determine the infarct
extension it is necessary to indentify the infarcted-tissue (blue area) and the
normal-tissue (red area) in each section (Figure 1). Currently these tasks are
performed manually by the biologists, which is a time-consuming and arduous
endeavor. The latter is a driving force to the development of approaches to aid
the analysis of the experimental MI extension. Our approaches entail the seg-
mentation of the cross sections of the heart, which can be performed by means
of automated image processing techniques.

The multiple techniques that may be applied to the segmentation of animal
tissue can be discriminated in two major classes: automatic and semi-automatic
techniques. In the former case the user needs to define initial parameters for
each image in order to start the segmentation. Thus, automatic segmentation
requires only the validation of the initial parameters and then the algorithms
segment all the images in study without further user intervention.

Region growing is a semi-automatic technique that can be used to segment
the cross sections of the heart. Alattar et al. describe the use of this technique in
segmentation of the left ventricle in cardiac MRI (magnetic resonance imaging)
scans [3]. This technique exploits spatial context by grouping pixels or sub-
regions into larger regions. Homogeneity is the main criterion for merging the
regions. However, the selection of similarity criteria used depends on the problem
under consideration and also on the type of image data available [4,5].

Regarding automatic segmentation there are techniques such as thresholding,
region based segmentation and cluster based segmentation that can also be used
in tissue segmentation [4,6]. Sharma et al. introduce the segmentation of CT (com-
puturized tomography) abdomen images using a threshold segmentation tech-
nique to separate different regions in the images [6]. In a thresholding technique
a single value (threshold) is used to create a binary partition of the image intensi-
ties. All intensities greater than the threshold are grouped together into one class
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and those below the threshold are grouped into a separate class [4,7]. Watershed
is also a method applied in medical images segmentation. It is a region based seg-
mentation which involves the concept of topography and hydrography. Hamarneh
et al. present MR (magnetic resonance) cardiac images segmented with watershed
transform [8]. Watershed can be described as a flooding simulation. Watersheds,
or crest lines, are built when the water rise from different minima. All pixels as-
sociated with the same catchment basin are assigned to the same label [8,9]. For
image segmentation, the watershed is usually, but not always, applied to a gra-
dient image. Since real digitized images present many regional minima in their
gradients, this typically results in an excessive number of catchment basins (over-
segmentation) [5,9]. Ahmed et al. describe the segmentation of MR brain images
using k-means clustering algorithm [10]. K-means segments the entire image into
several clusters according to some measure of dissimilarity [8,10]. Mean-shift tech-
nique has also been used in segmentation of MR brain images [11]. The mean-shift
algorithm is a clustering technique which does not require prior knowledge of the
number of clusters, and does not constrain the shape of the clusters, requiring
only the definition of the radius of the kernel used [9].

We use these techniques to (1) segment all histology processed cross-sections
of the excised mouse-hearts, (2) calculate the infarct extension and finalize by
(3) comparing the results with manual annotation.

This paper is organized as follows: Section 2 introduces the methodology and
describes automatic and semi-automatic techniques used in segmentation of the
heart, Section 3 defines how to measure the infarct extension Section 4 presents
the results obtained and finally the conclusion is presented in Section 5.

2 Methodology

To obtain the infarct extension it is necessary to segment the different tissues in
each cross section of the heart. This can be performed with semi-automatic and
full automatic techniques. Within the existing semi-automatic methods for image
segmentation we had chosen to use region growing due to its speed and ease
of interaction. Otsu thresholding technique, watershed segmentation, k-means
and mean-shift clustering are the fully automatic techniques that we selected to
segment the cross sections of the heart.

In order to improve the segmentation process we applied noise reduction.
For this task we tested the method BM3D [12] and the Gaussian filter [5]. The
results showed that there were no significant differences in the final segmentation
between images filtered with either methods. This lead us to choose the Gaussian
filter since BM3D filtering is considerably slower. Noise reduction is applied to
all images prior to segmentation.

2.1 Semi-automatic Tissue Segmentation

Region growing exploits spatial context by grouping pixels or sub-regions into
larger regions according to some criterion. The average gray level information is
the criterion chosen for merging the neighboring regions in our work. Regions
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Fig. 2. Segmentation of normal tissue using the Red channel (1) and infarcted tissue
using the Blue channel (3) in a cross section of the heart by region growing technique.
The results of the segmentation process are binary images (2 and 4). The red points
indicate the initial positions of the region growing process.

are merged if they satisfy the chosen criterion and no merging occurs when the
criterion is not met [5,4]. The user needs to specify the initial points to begin the
segmentation process. For the task of segmenting the normal and the infarcted
heart tissue it is necessary to define the initial points for the process of region
growing in each of the tissue-conditions. To segment the normal-tissue we used
the gray level information present in the Red channel. For the segmentation of
the infarcted-tissue we used the gray level information from the Blue channel.
The result is a set of binary images, one for each tissue condition (Figure 2).
Results are improved using morphological operations, for example to fill small
holes inside the segmentation results.

Given the segmentation areas we can then calculate the infarct extension.

2.2 Automatic Tissue Segmentation

To automatically segment the different tissue-conditions in each of the heart
cross-sections we use otsu thresholding, watershed segmentation, k-means and
mean-shift clustering. All these image segmentation techniques allow the par-
tition of the image in regions which we can associate to the distinct tissue-
conditions by analyzing their color.

Otsu thresholding technique selects an adequate threshold of gray level for
extracting objects from their background. This threshold is used to convert an
intensity image to a binary one. All intensities greater than the threshold are
grouped together into one class and those below the threshold are grouped into
a separate class [13].

Using this technique, with different channels of the RGB image, we can obtain
segmentations of the normal and infarcted-tissue. High values of image intensities
in the Red channel relate to normal-tissue. The Blue channel has high image
intensity values in infarcted areas. Based on these relationships between the
Red and Blue color channels and the tissue properties we decided to subtract
the Blue channel to the Red channel for the segmentation of the normal-tissue.
We subtract the Red channel to the Blue channel for the segmentation of the
infarcted-tissue (Figure 3 (a)).

Watershed technique is based on immersion simulation. The input image
is considered as a topographic surface which is flooded by water starting from
regional minima. Watershed lines are formed on the meeting points of water
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Fig. 3. Segmentations of a heart cross section and identification of the normal and
infarted tissue: (a) Combination of the channels (1 and 2) and respective otsu thresh-
olding results (3 and 4), (b) Watershed segmentation result, (c) K-means and (d)
Mean-shift clustering results (top) and respectively identification of the regions (down)

coming from distinct minima. All pixels associated with the same catchment
basin are assigned to the same label [14,15].

For the application of this technique we use the same image channel combina-
tion as for otsu thresholding. Performing watershed segmentation originates an
oversegmentation of the tissue since it has many regional minima. However, by
comparing the color intensities in each region we are able to decide if each region
is from normal-tissue or from infarcted-tissue. Using also the otsu thresholding
technique that allows to easily obtain the full tissue segmentation we focus our
analysis only on the tissue region. The resulting tissue areas are coherent with
normal/infarct tissue-areas (Figure 3 (b)).

K-means clustering technique assigns cluster labels to data points from the
entire image [8]. For this technique we use the information of the three chan-
nels, selecting three clusters which will correspond to the background, normal-
and infarcted-tissue. After obtaining the segmentation result we identify each
segmented cluster from its average color intensity. To improve the segmentation
we fill the holes using morphological operations (Figure 3 (c)).

Mean-shift clustering technique does not require prior knowledge of the
number of clusters and only needs the definition of the radius of the kernel used.
As in the previous technique we decided to obtain at most three clusters. If we
obtain more than three clusters we iteratively increase the radius of the kernel
used (Figure 3 (d)).

In this case we base our segmentation on the Red and Blue channels since
they lead to better results than the use of all channels.

Following the segmentation results of full automatic and semi-automatic tech-
niques we can measure the infarct extension.

3 Infarct Extension Evaluation

To better understand the calculation of the infarct extension we must analyze
the different regions in the heart. In Figure 4 (A) we can observe the heart
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Fig. 4. Image of a heart cross section. A - The heart is bounded by the outside black
continuous line which includes the left ventricle (LV) and right ventricle (RV) separated
by line a. The interior black continuous line is identifying the lumen of the left ventricle
and the region marked by lines shows the tissue with infarct. The dotted line is the
midline between the inside and outside black continuous lines. B - Scheme of a cross
section of the heart.

bounded by the exterior black continuous line. It is formed by right and left
ventricles. The first consists only in normal-tissue. The left ventricle includes
the infarcted-tissue, which is represented by the shaded region, lumen, which is
bounded by the interior black continuous line and also normal-tissue. The infarct
extension is usually calculated by two different methods:

Area measurement - Infarct extension is calculated by dividing the infarct
area by the area of the heart tissue [1,2] (Figure 4 (A)). This is trivial based on
the segmentation results obtained.
Midline length measurement - Infarct extension is calculated by dividing
the midline infarct length by the length of midline [2] (Figure 4 (A)). Figure 4
(B) shows a scheme that represents a cross-section of the heart. To perform the
midline measurement we first automatically find the midline by tracing lines
from the centre of the lumen to the outside of the tissue. The midline is given
by the middle distance between tissue borders. The points of the middle line
where there is infarcted-tissue in bigger percentage than the normal-tissue (in the
radial direction) are considered infarcted points. Secondly we divide the length
of infarct midline by the length of the midline. To obtain the lumen of the heart
we get a segmentation of all the heart tissue by otsu thresholding technique,
which is trivial and we identify the biggest hole inside that segmentation.

The infarct extension is defined as the mean value of infarct extension in all
the cross-sections of the heart.

Infarct extension is evaluated in the heart cross-sections considering or not
the right ventricle [1,2] (Figure 4 (A)). However, it is not easy to find a robust
way to remove the RV as it is variable in morphology and most biologists vary in
their assessment of where the RV ends and the LV begins. As such, we perform
both the analysis on the full heart, including the RV, and also obtain results on
the LV only by removing the RV through image editing tools (manually).
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Table 1. Results of infarct extension measurement in mice’s hearts. The results are
the average value of infarct extension obtained in transverse sections of each mouse
heart. In the manual analysis the results only consider the left ventricle.

Infarct extension

Midline length measurement

Heart Manual Region growing Otsu Watershed K-means Mean-shift

#1 with RV - 39% 38% 39% 37% 34%
#1 without RV 43% 38% 40% 41% 38% 36%
#2 with RV - 47% 47% 48% 46% 47%
#2 without RV 52% 48% 48% 49% 47% 49%

Area measurement

Heart Manual Region growing Otsu Watershed K-means Mean-shift
#1 with RV - 29% 18% 17% 17% 14%
#1 without RV 22% 25% 21% 21% 20% 17%
#2 with RV - 34% 29% 31% 28% 33%
#2 without RV 36% 38% 32% 36% 32% 36%

4 Results

The infarct extension was calculated manually and automatically in two inde-
pendent hearts. The calculation was performed both on the whole cross-section
tissue and also without considering the right heart ventricle for comparison. To
automatically segment the tissue without taking into account the right ventricle
we manually remove this region before the segmentation process. Table 1 shows
the results for the infarct extension evaluation using our approaches and the
manual annotation. The results are the average value of the infarct extension
over all cross-sections of each independent heart.

Differences between the proposed approaches and manual annotation are never
greater than 8% in the case of the evaluation considering the right ventricle.
Removing the right ventricle the differences are never greater than 7%. The dif-
ferences among the proposed approaches in mice’s hearts considering the right
ventricle tissue are at most 15% and without this are never greater than 8%.

5 Conclusion

The proposed approach enabled the full and semi-automatic calculation of infarct
extension. The results obtained using our approaches were in close agreement
with the manual annotation with differences never higher than 8%. The segmen-
tation allowed an analysis of the infarct extension in a fraction of the manual
method measure time.

Within the automatic segmentation approaches, the watershed technique pro-
duced better results, with the differences never above 5% (reduced to 3% by
removing the right ventricle). The differences from the semi-automatic approach
used were at most 7% considering the right ventricle (5% without this one). Al-
though the differences were slightly higher in the semi-automatic approach, the
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biologists prefer the possibility to control the segmentation results in relation to
fully automatic approaches.

Future research will focus on integrating automatic image segmentation meth-
ods with anatomical models. This will enable the automatic segmentation and
measurement of only the left ventricle of the heart, leading to better results.
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2 Centre de Visió per Computador, Bellaterra, Spain
3 Institut Clinic del Torax. Hospital Clinic Barcelona. Spain

4 Cardiology Service and Institute of Cardiology, Hospital de la Santa Creu i Sant
Pau, Barcelona, Spain

Abstract. The fusion of clinically relevant information coming from
different image modalities is an important topic in medical imaging.
In particular, different cardiac imaging modalities provides complemen-
tary information for the physician: Computer Tomography Angiography
(CTA) provides reliable pre-operative information on arteries geometry,
even in the presence of chronic total occlusions, while X-Ray Angiogra-
phy (XRA) allows intra-operative high resolution projections of a specific
artery. The non-rigid registration of arteries between these two modali-
ties is a difficult task. In this paper we propose the use of SIFTflow, in
registering CTA and XRA images. At the best of our knowledge, this
paper proposed SIFTflow as a XRay-CTA registration method for the
first time in the literature. To highlight the arteries, so to guide the reg-
istration process, the well known Vesselness method has been employed.
Results confirm that, to the aim of registration, the arteries must be high-
lighted and background objects removed as much as possible. Moreover,
the comparison with the well known Free Form Deformation technique,
suggests that SIFTflow has a great potential in the registration of multi-
modal medical images.

1 Introduction

Chronic total occlusions (CTO) are obstructions of native coronary arteries with
the presence of Thrombolysis In Myocardial Infarction (TIMI) flow grade 0
within the occluded segment, i.e. no blood flow, with an estimated occlusion
duration of more than 3 months. Re-canalization of a CTO still remains a chal-
lenge for invasive cardiologists, due to the fact that the obstructed artery is
invisible to X-Ray imaging and thus the navigation of the catheter in the vessel
is a delicate and potentially dangerous process.

We suggest one methodology to help the re-canalization: guide the interven-
tionist by means of a proper visualization of coronary arteries from CTA vol-
umes. This is because the occluded artery is visible in the CTA, so that, with
an appropriate registration, the cardiologist can actually see the invisible part
of the artery by fusing data coming from the pre-operative CTA. Nonetheless,
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this possibility poses a series of severe and challenging problems: (i) The X-Ray
images present a very low signal to noise ratio; (ii) the exact identification of
the artery boundaries in angiography sequences, even by an expert medical doc-
tor, could be difficult; (iii) the presence of an heterogeneous background, like
spine, diaphragm, bones, stents, catheter guide, etc., makes difficult the auto-
matic segmentation of arteries in X-Ray images; (iv) regarding the multi-modal
registration, the CTA volumes do not contain elements that appears in the X-
Ray images, thus the registration is actually between two different “objects”;
(v) images captured in the two different modalities may represent the coronary
tree in different phases of the cardiac cycle and, normally, present an important
non-rigid deformation, that is different in both modalities. Considering all of
these problems, it is necessary to segment the arteries both in the X-Ray and
CTA volumes automatically, prior to their non-rigid registration. Some recent
attempts considered only rigid XRay to CT affine registration, with partial while
encouraging results [6,8].

In this paper we show that some form of vessel detection/segmentation is re-
quired to obtain a good non-rigid registration between X-Ray and CTA images.
Moreover, we propose the use of the SIFTflow [5], a methodology that is typi-
cally used for natural images, in the medical image context. The motivation to
use SIFTflow for this specific problem, comes from the fact that it provides the
required abstraction by describing the image locally using the SIFT descriptor
and performing the registration in a way designed for “same class of objects”
and not for the exact same object instance. In order to evaluate the approach,
the performance of SIFTflow is compared with the well-known Free Form De-
formation (FFD) [7], which is currently the state-of-the-art method in medical
image registration. The use of SIFTflow in a specific area of medical imaging
has been recently introduced in [2], while its use for multimodal registration is,
at the best of our knowledge, totally novel. FFD has been successfully used for
non-rigid registration purposes, so that it is a good base-line approach for the
problem we are facing in this paper. Moreover, it can handle non iso-volumetric
transformations, so it fits well with the case of multimodal artery non-rigid regis-
tration. In this paper we do not present a comparison to diffeo-morphic methods,
since we do not need an invertible transformation; moreover the computational
cost of diffeo-morphic methods is significantly higher than FFD and SIFTflow.

The long-term goal of our project is to provide a virtual visualization of the
obstructed segment by means of fusing data coming from pre-operative CT and
intra-operative X-Ray sequences. The results depicted in this paper provided an
experimental proof of the potential of SIFTflow with proper pre-processing as a
basic foundation of more sophisticated future methods.

2 Method

The proposed method is based on the proper combination of (i) a vessel seg-
mentation/enhancement algorithm together with (ii) a method for multi-modal
non-rigid registration.



Non-rigid Multi-modal Registration of Coronary Arteries Using SIFTflow 161

To extract the coronary artery in CTA we use the method proposed in [9], as
it has been proven to be competitive with other state-of-the-art methods and it
is fully automatic. In our experiments, the method performed sufficiently well on
low quality CTAs. Using the primary (CRA/CAU) and secondary (LAO/RAO)
angles of the angiographic C-ARM, we use the segmented coronary artery to
obtain a simulated 2D image, by projecting the 3D data following the C-ARM
geometry, as extensively described in [3]. To enhance vessels in X-Ray images, we
used the well-known Vesselness method [4]. Figure 1 shows an X-Ray image (a),
a simulated X-Ray image using the segmented 3D CTA coronary artery (b), and
the respective Vesselness maps (c-d). It is interesting to note that the Vesselness

(a) (b) (c) (d)

Fig. 1. An X-Ray image (a), a simulated X-Ray image using the segmented 3D CTA
coronary artery (b), and the respective Vesselness maps (c-d)

method removes undesired background structures, as the spine bone and non-
tubular annoying structures, as well as low spatial frequencies intensity changes.
Nonetheless, Vesselness enhances also the catheter, that is in fact a tubular-like
structure, and the diaphragm border. These two objects are not visible in the
CTO projection, so that they can negatively affect the registration process.

2.1 Registration Methods

In this paper we propose the use of SIFTflow for artery multi-modal registration
and compare it to the well known FFD algorithm. To unify the description of
both methods, we’ll use the following notation. Being Φ ⊂ N

2 the lattice support
of the image, let define p(M) ∈ Φ a generic point of the moving image M , and
w(p(M)) ∈ R

2 as the displacement vector estimated by a non-rigid registration
algorithm, that maps the point p(M) to the corresponding point on the static
image S, p(S) = p(M) + w(p(M)). For the sake of compactness, in the remaining
part of the paper we will use w(p) � w(p(M)) considering in an implicit way that
the displacement is defined only from the moving M to the static S image. The
displacement vector can also be seen in terms of its two orthogonal components
as w(p) = (u(p), v(p)). With w we denote the non-rigid transformation field,
∀p; the symbol ε(p) ⊂ Φ indicates a region centered in a generic point p.

Free Form Deformation: Free Form Deformation [7] (FFD) is a non-rigid
registration methodology that deforms the moving image M in order to match
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the static image S, modeling the non-rigid transformation field w using splines.
A regular grid of splines is defined and eq. (1) is minimized over the splines
parameters, using the Normalized Mutual Information (NMI) as a similarity
measure between images.

C(w) = −NMI(S(p), M(p + w(p))) + λ
∑

p

(
∂2w(p)

∂x2

)2

+
(

∂2w(p)
∂y2

)2

(1)

The grid is then iteratively refined to allow more local deformations. Eq (1) is
composed of two terms: the former evaluates the goodness of the deformation by
computing the NMI between the static and deformed moving image; the latter
is a smoothness term that forces the second order derivative of the displacement
field w to be small. The parameter λ provides a way to balance the contribution
of both terms.

SIFTflow: SIFTflow has been introduced first in [5] as a method to register
images that represent different instances of the same object class (i.e. cars),
rather than different images of the same object. This has been obtained by using
a dense SIFT descriptor to characterize every image point p, denoted with s(p).
The non-rigid registration process is driven by the minimization of the following
equation:

E(w) =
∑

p

‖sS(p)− sM (p + w)‖+
1
σ2

∑

p

(
u2(p) + v2(p)

)
+

∑

(p,q)∈ε

min (α|u(p)− u(q)|, d) + min (α|v(p)− v(q)|, d) .
(2)

The first term accounts for the dissimilarity in terms of SIFT descriptor. Since
the definition of w is not regularized, and the space search regions is large (40×40
pixels), the second term provides a first order regularization on w; finally, the
last term promotes the smoothness of w. Parameters σ, α and d are used to
provide the desired balance between the terms.

3 Experimental Section

3.1 Material

To evaluate the proposed method, we used a set of 6 angiographic images from
4 patients. Images of Right Coronary Artery (RCA) have been acquired with a
Philips Xcelera equipment, with pixel size of 0.33×0.33 mm. Regarding the CTA
data, a set of 4 volumes has been acquired using a Toshiba Aquilion, with voxel
size of 0.43×0.43×0.5 mm. The coronary tree has been automatically segmented
using the algorithm in [9], and then the RCA has been manually isolated from
the aorta and other arteries. Finally, we collected only RCA images since the
CTO is a pathology that mainly affects the RCA [1]. It is worth to note that the
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actual image resolution is higher since the image on the intensifier is a zoomed
version of the coronary tree, due to the perspective effect. To provide measures
of the actual vessels, the XRay image resolution has been estimated by relating
the physical size of the catheter (a 6 French in all experiments) to its size in
millimeters. This resulted in an actual resolution of 0.237 × 0.237 mm. From
here on, all the measures in millimeters refer to real-world dimensions using the
proportion of 0.237 mm per pixels.

3.2 Algorithms Setting

We are using three algorithms: a vessel enhancement method (Vesselness), FFD
and SF. Regarding Vesselness, we set the scales in octaves, i.e. s = 2S, for
S = {1, 2, 3, 4}; this allows to highlight vessels with a caliber from 0.47 to a
maximum of 7.58 mm. The parameters that weights the “tube-likeness” and
the second order “structureness” have been set respectively to β = 0.75 and
c = 0.33. The FFD has two main parameters, the λ (see eq. (1)) and the initial
grid. In the experiments of this paper, we set λ = 0 and initial grid spacing of
128× 128. This parametrization allows the FFD to handle the big deformations
present in the images, and still provides a sufficient smoothing due to the use of
splines. SIFTflow has different parameters that controls the smoothness of the
solution and the magnitude of the displacements. In this paper we set α = 2,
σ = 14 and d = 40. This parametrization has been experimental derived starting
from the standard settings in [5].

3.3 Results

To evaluate the automatic non-rigid registration, we collected the ground truth
transformation by manually setting the correspondence between CTA and XRay
images, as depicted in Fig. 2 (a). Due to the complexity of the images, a reliable
ground truth can be obtained only by correspondences of clear landmarks as
bifurcations, starting and ending points, and high curvature locations. For a
given image i, we collected a number L of landmarks l, which ground truth
translation is defined as w(i)(l).

In our experiments, we performed the registration using four different pipe-
lines: (1) FFD is applied on the images without any pre-processing (named
[I2I-FFD]) and (2) with the Vesselness method (named [V2V-FFD]); (3) SF is
applied on images without any pre-processing (named [I2I-SF]) and (4) with the
Vesselness method (named [V2V-SF]). For all the cases, and for each method
M , the displacement field is compared to the manually annotated landmarks
translation as follows:

Err(i, M ) =
1
L

∑

l

‖w(i)(l)−w
(i)
M (l)‖.

The resulting average registration error is to be considered an upper bound of the
actual error if considering the whole vessel instead of few landmarks. Figure 2(b)
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Fig. 2. (a) Ground-truth manually-annotated landmark registration pairs and (b) The
registration error Err(i,M) for all cases and methods

summarizes the results of the 6 cases we analyzed. The “DM” bars represent the
average magnitude of the displacement between annotated landmark in XRA
and CTA images; the rest of bars represent the average registration error of all
the compared methods. As a general trend, the direct [I2I-FFD] registration is
totally ineffective, despite the FFD can handle different modalities due to the use
of the Mutual Information; nonetheless the background in XRA images does not
allow FFD to find an acceptable solution, even at large grid spacings. The direct
[I2I-SF] registration fails to converge to an optimal solution, and performs well
in only one case (number 1); in some cases SF is prone to produce non-realistic
results that totally disrupt the image content (see e.g. case # 5). When using
vesselness as a pre-processing step, FFD improves its performance, getting the
best result for case # 4 and slightly improving for case # 5. The [V2V-SF]
method presents the best performance, being the best on 4 cases over 6.

Figure 3 show all the results of the experiment; the red overlay represents
the artery obtained from the CTA projection. The first column shows the XRA
and CTA without any registration. Cases # 3 and 6 present very challenging
examples: in case # 3 the deformation of the artery in the XRA is so important
that the two images represent two very different vessel morphologies. In case #
6 the CTA artery does not present a branch, that is visible in the XRA image;
moreover the artery has few bifurcations, so that there is poor structure to help
the registration.

4 Conclusion

In this paper we have shown preliminary results on non-rigid registration of
coronary artery between X-Ray and CTA modalities. As expected, the image-
to-image registration is a difficult task even for a mutual information-based al-
gorithm, and a pre-processing step is necessary. In this paper we investigated the
use of the well known Vesselness method, with encouraging results; nonetheless,
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Fig. 3. Results of non-rigid registration with different pre-processing methods. The
over-imposed red artery is the 2D CTA projection deformed according to the mentioned
method.

a higher level of abstraction should be necessary to remove background annoying
objects. In some sense, SIFTflow provides the required abstraction by describing
the image locally using the SIFT descriptor and performing the registration in
a way designed for “same class of objects” and not for the exact same object
instance. The analysis proposed in this paper does not want to be exhaustive and
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serves as a proof of concept for future research in segmentation and non-rigid
registration of multi-modal cardiac imaging. Future works will be devoted in fur-
ther regularization of the SIFTflow result, using a-priori knowledge of arterial
motion; extend the SIFTflow functional to be able to handle partial occlusions,
thus dealing with the CTO problem, and compare with other state-of-the-art
registration algorithms.
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Abstract. In this work liver contour is semi-automatically segmented
and quantified in order to help the identification and diagnosis of diffuse
liver disease. The features extracted from the liver contour are jointly
used with clinical and laboratorial data in the staging process. The clas-
sification results of a support vector machine, a Bayesian and a k-nearest
neighbor classifier are compared. A population of 88 patients at five dif-
ferent stages of diffuse liver disease and a leave-one-out cross-validation
strategy are used in the classification process. The best results are ob-
tained using the k-nearest neighbor classifier, with an overall accuracy of
80.68%. The good performance of the proposed method shows a reliable
indicator that can improve the information in the staging of diffuse liver
disease.

Keywords: Liver Cirrhosis, Contour Detection, Ultrasound, Classifica-
tion.

1 Introduction

Staging of liver disease is needed because it is progressive, most of the time
asymptomatic and potentially fatal. An accurate characterization of this disease
is difficult but crucial to prevent its evolution and avoid irreversible pathologies
such as the hepatocellular carcinoma.

Fatty liver infiltration (steatosis) is the earliest stage of the liver disease. It is
asymptomatic and the progress of the hepatic injury to other conditions, more
severe, is common. e.g., fibrosis. Pathologically, fibrosis appears during the course
of organ damage and its progression rate strongly depends on the cause of liver
disease, such as chronic hepatitis [1].
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Cirrhosis is the end-stage of every chronic liver disease. It is characterized by
an asymptomatic stage, known as compensated cirrhosis, followed by a rapidly
progressive phase where liver dysfunction occurs, called decompensated cirrho-
sis. The most severe evolution condition of the cirrhosis is the hepatocelllular
carcinoma (HCC), also called, primary liver cancer [1].

Liver biopsy is the most accurate method for diagnosis. Due to its highly in-
vasive nature, medical image modalities have been valuable alternative methods
to detect and quantify this disease [1]. The non-ionizing and non-invasive nature
of ultrasound (US) imaging and its widespread presence at almost all medical
facilities makes it the preferred method for assessing diffuse liver diseases such
as cirrhosis.

Using US, cirrhosis is suggested by liver surface nodularity, portal vein mean
flow velocity and the enlargement of the caudate lobe [1]. The study in [2] re-
fer that nodular liver surface is a reliable sign in the detection of liver cirrhosis
and can have a diagnostic accuracy of 70% or more. The authors in [3] showed
that the observed liver contour irregularities directly correlated with the gross
appearance of the cirrhotic liver as seen at laparoscopy. Liver surface nodularity
in US sign can be appreciated when ascites is present or when a high-frequency
transducer (7.5 - 12 MHz) is used [3]. In [2] the results, using a low-frequency
transducer (3.5 -5 MHz), also showed that liver surface is a significantly param-
eter associated with the histopathological diagnosis of liver cirrhosis.

Nevertheless, as reported by [4], the validity of the different methods to detect
changes in the liver surface are very subjective, since the segmentation and
contour of such surface is operator-dependent. These fact leads to a subjective
and non reproducible method to study the liver surface and consequently to a
poor aid of an accurate liver diagnosis.

In this sense, it is proposed a semi-automatic method for the liver surface
detection, based on an image processing procedure that decomposes the US im-
ages of the liver parenchyma into two fields: the speckle image containing textural
information and the de-speckled image containing intensity and anatomical in-
formation of the liver. Features extracted from the liver contour detected in the
de-speckled field, as well as clinical and laboratorial features, are used to train
supervised classifiers to detect the disease.

Diffuse liver disease stages are considered and several classifiers are used to
assess the discriminative power of the selected features: (i) the support vector ma-
chine (SVM), (ii) the Bayesian classifier and (iii) the k-nearest neighbor (kNN).

Several figures of merit (FOM) were computed to assess and compare the
performance of each classifier.

This paper is organized as follows. Section 2 formulates the problem and de-
scribes the pre-processing procedures, the extraction and selection of features
and classifiers. Section 3 presents the experimental tests, by reporting and com-
paring the classification results obtained with the features extracted from the
liver contour, with the clinical and laboratorial features and with the total set
of features. Section 4 concludes the paper.
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2 Problem Formulation

In the practice of US the perceived liver capsule and the adjacent overlying
membranous structures (peritoneum, transverse fascia, pre-peritoneal fat) are
not always clear and irregularities due to subfascial or sub-peritoneal pathology
may be falsely described as abnormalities of the liver surface [3].

The decomposition procedure described in [5] to separate the textural and
intensity information within US images is here adopted. In this approach an es-
timation of the radio frequency (RF) raw data is firstly done based on physical
considerations about the data generation process, namely, by taking into ac-
count the dynamic range compression performed by the US equipment over the
signal generated by the US probe. The observation model, in this approach, also
considers the brightness and contrast parameters tuned by the medical doctor
during the exam which changes from patient to patient.

The estimated RF image is decomposed in de-speckled and speckle fields ac-
cording to the following model [6]

y(i, j) = x(i, j)η(i, j), (1)

where η(i, j) are considered independent and identically distributed (i.i.d.) ran-
dom variables with Rayleigh distribution. This image describes the noise and
textural information and is called speckle field. In this model, the noise is multi-
plicative in the sense that its variance, observed in the original image, depends on
the underlying signal, x(i, j). Fig.1 illustrates an example of the decomposition
methodology.

(a) (b) (c) (d)

Fig. 1. Decomposition procedure of US liver parenchyma. a) Observed B-mode US
image. Estimated b) envelope RF image, c) de-despeckled and d) speckle image fields.

In the estimation of both images, RF envelope and de-speckled information,
the use of total variation techniques allows the preservation of major transitions,
as seen in the case of liver capsule and overlying structures.

Using the de-despeckled image, the liver surface contour is obtain using a
snake technique, proposed by [7], which computes one iteration of the energy-
minimization of active contour models. To initialize the snake, the operator needs
to select four points of the liver surface.
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Based on the detected liver contour, the following features were extracted:

1. root mean square of the different angles produced by the points that charac-
terize the contour, rmsα, where the first point was assumed as the reference
point,

2. root mean square of the variation of the points of the contour in the y axis,
rmsy,

3. the mean and variance of the referred angles, mα and vα,
4. the variance of the y axis coordinates at each point, vy, and
5. the correlation coefficient of the y axis coordinates, R.

Besides image based features, several other clinical data and biochemical tests
are useful for evaluating and managing patients with hepatic dysfunction. The
clinical study of the disease, conducted in [1], reported the following meaningful
clinical information to be used:

1. Cause of disease (diagnose), which include none (0), alcohol (1), hepatitis B
(2), hepatitis C (3), alcoholic hepatitis B (4) and C (5) and others (6), and
the following binary indicators:

2. Tumor (T ),
3. Ascites (A) which is the presence of free fluid within the peritoneal cavity,

encephalopathy (Ence),
4. Gastro-Intestinal bleeding (GIB), infection (Inf) and alcoholic habits (Alc).

The laboratorial features related with the liver function [1] are: i) total biliru-
bin (Bil), ii) prothrombin time (INR), iii) albumin (Al), iv) creatinine (Crea),
v) aspartate transaminase (AST ), vi) alanine transaminase (ALT ), vii) gamma
glutamyl transpeptidase (gGT ), viii) glycemia (Gly), ix) sodium (Na) and x)
lactate dehydrogenase (LDH).

All these features, organized in a 23 length vector, are used in a forward
selection method with the criterion of 1 - Nearest Neighbor leave-one-out cross-
validation (LOOCV) performance in order to select the most significant features
and increase the discriminative power of the classifier. Three different classifiers
were implement and tested: i) the SVM, ii) Bayesian classifier and iii) kNN. A
short description of each one is provided.

The aim of SVM is to find a decision plane that has a maximum distance (mar-
gin) from the nearest training pattern [8]. Given the training data {(xi, ωi)|ωi =
1 or −1, i = 1, ..., N} for a two-class classification (where xi is the input feature;
ωi is the class label and N is the number of training sample), the SVM maps
the features to a higher-dimensional space. Then, SVM finds a hyperplane to
separate the two classes with the decision boundary set by the support vectors
[8]. In this paper, a multiclass SVM classifier was adopted, using a Gaussian
radial-basis kernel function and a polynomial kernel.

In the Bayes classifier the feature set, X , is assumed multivariate normal
distributed [9] with means, μτ and covariances matrices, Στ , according to each
class. The linear discriminant functions are

gτ (X) = −1
2
(X − μτ )T Σ−1

τ (X − μτ )− 1
2
log |Στ | (2)
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where τ ∈ {N, CHC, CC, DC, HCC} and the a priori probability, P (ωτ ), of the
classes were calculated based on their frequencies.

The non-parametric kNN classifier is also tested in this paper. It classifies
a test sample to a class according to the majority of the training neighbors in
the feature space by using the minimum Euclidean distance criterion [10]. All
classifiers were implemented using the algorithm proposed by [11].

3 Experimental Results

Eighty eight data samples were obtained from 88 patients. The patients were
selected from the Department of Gastroenterology and Hepatology of the Santa
Maria Hospital, in Lisbon, with known diagnosis. The samples were labeled in
five classes; Normal, ωN , Chronic Hepatitis without cirrhosis, ωCHC , Compen-
sated Cirrhosis, ωCC , Decompensated Cirrhosis, ωDC , and Hepatocelular Carci-
noma, ωHCC . Among them, 36 belong to ωN , 7 to ωCHC , 8 to ωCC , 32 to ωDC

and 5 patients to ωHCC .
From figure 2 we can appreciate the results obtained from the de-speckled and

contour steps. To standardize the proceedings, and as reported in the literature,
we focused the study in the anterior liver surface, using a low-frequency trans-
ducer. The results showed that in the de-speckled US image the liver boundary
was clearly defined in the cases reported (for example, normal liver (first row),
cirrhotic liver without ascites (second row) and cirrhotic liver with ascites (third
row)). The detected contour was plotted in the original US image, so that the
physician could evaluate the liver contour.

Original US image De−speckled US image Detected Contour

Fig. 2. Method used to detect the anterior liver surface contour. First row corresponds
to a normal liver; second row to a compensated cirrhotic liver and the last row to a
decompensated cirrhotic liver.
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According to the criterions established for feature selection the results, re-
ported in Table 1, showed 5 optimal features using only the contour features
(optimal contour set), 8 optimal features using the clinical and laboratorial fea-
tures (optimal clinical set) and 10 optimal features using the set of features
(optimal feature set). In this last result, it is important to emphasize that the
feature set selected is composed of five clinical features (A, Ence, T , diagnose,
GIB), four laboratory features (AST , INR, Na, Crea) and one US contour
feature (R). Thus, the combination of features from different sources (US image,
clinical, etc) integrates, in a quantitative and objective way, the information used
in medical practice. This result is in accordance with [3,12].

Table 1. Feature selection results from the evaluation of the feature set, using only
the contour features, only the clinical and laboratorial features and all features

Feature Selection results for
Contour features mα, R, rmsα, vy , vα.

Clinical/Lab. features AST, A, Ence, T, diagnose, INR, LDH, GIB
All features AST, A, Ence, T, diagnose, INR, R, Na, GIB, Crea.

The classification technique significantly affects the final diagnosis [10]. Using
the LOOCV method, the same data set was tested with different types of clas-
sifiers, namely a kNN, a Bayes classifier and a SVM classifier with polynomial
(SVMP ) and radial-basis (SVMR) kernels.

To determine the optimal parameters for the classifiers the following proce-
dures were done. The kNN algorithm was implemented for values of k=1,2,3,5,7
and 9. The SVMP was trained with a degree range of [1 : 5] and the SVMR

was implemented with a radius close to 1 ([0.1,0.2,...,2]). The best performance
of the kNN classifier was achieved with k = 1 for the optimal contour, clinical
and feature set, which resulted in an error rate of 40.90%, 21.59% and 19.32%,
respectively.

Considering the SVM classifiers, using the proposed sets, the best result of
the SVMP corresponds to a degree of 1, attaining an error rate of 45.45% for
the optimal contour set, 25.0% for the optimal clinical set and 23.86% for the
feature set. With the SVMR the best performance for the optimal contour set
was obtained with a radius of 1 showing an error of 48.86%, an error rate of
21.59% for the optimal clinical set with a radius of 1.9, and a radius of 1.8, for
the case of the optimal feature set, with an error of 27.27%.

In the case of the Bayesian classifier, for each class, the mean and covariance
were estimated using the LOOCV method.

Table 2 resumes the classification results obtained using the optimal contour
and clinical set. The best overall accuracy, using the optimal contour set, of
59.10% was achieved with the kNN classifier, followed by the SVMP , 54.55%,
the SVMR, 51.14% and the Bayesian classifier, with the worst result of the
tested classifiers, achieving an overall accuracy of 31.82%. The diagnostic yield
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Table 2. Overall and individual class accuracies (%) obtained with different classifiers,
using the optimal contour and clinical set

Optimal Contour Set

ωN ωCHC ωCC ωDC ωHCC Overall
Bayes 27.78 28.57 0.00 37.50 80.00 31.82

kNN (k=1) 88.89 28.57 0.00 56.25 0.00 59.10
SVMP 83.33 0.00 0.00 56.25 0.00 54.55
SVMR 69.44 0.00 0.00 62.50 0.00 51.14

Optimal Clinical Set

Bayes 0.00 28.57 0.00 0.00 100.00 7.95
kNN (k=1) 94.44 14.29 37.50 87.50 60.00 78.41

SVMP 91.67 0.00 0.00 90.63 40.00 72.73
SVMR 94.44 0.00 37.50 93.75 40.00 78.41

Table 3. Overall and individual class accuracies (%) obtained with different classifiers,
using the optimal feature set

ωN ωCHC ωCC ωDC ωHCC Overall

Bayes 0.00 28.57 12.50 0.0 100.00 9.10
kNN (k=1) 91.67 71.43 25.00 87.50 60.00 80.68

SVMP 91.67 28.57 0.00 87.50 80.00 76.14
SVMR 88.88 0.00 0.00 93.75 40.00 72.73

was improved from 59.10% to 78.41% when using the optimal clinical set, for
kNN and SVMR classifier. The accuracy results were greatly improved with this
feature set for the individual class classification. By means of SVMR it was
obtained an accuracy of 94.44%, 93.75% and 37.50% for ωN , ωDC and ωCC ,
respectively. For ωHCC and ωCHC , the best results were 100.0% and 28.27%,
respectively, with the Bayes classifier.

Combining features further improves the classifiers performance, as summa-
rized in Table 3. With the optimal feature set, the best overall result was obtained
with the kNN classifier. This result outperformed the best result obtained with
the previous feature sets, which reinforce the idea of feature combination from
different sources.

In terms of individual class accuracy, the best result for ωN was obtained us-
ing the kNN and SVMP classifiers, both with an accuracy of 91.67%. The best
outcome in differentiating chronic hepatitis without cirrhosis samples (ωCHC)
and compensated cirrhosis (ωCC), from the other classes was achieved by means
of the kNN classifier with an accuracy of 71.43% and 25.00%, respectively. Re-
garding the classification of ωDC , the best individual accuracy result was reached
with the SVMR classifier, yielding 93.75%. The detection of ωHCC was 100.0%
using the Bayes classifier.
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4 Conclusions

In this work a semi-automatic detection of liver surface is proposed to help in
the diagnosis of diffuse liver disease. The results shown in this paper suggest the
usefulness of combining US liver contour features with laboratorial and clinical
parameters for accurately identifying different stages of diffuse liver disease.

The pre-classification steps showed good results, since the de-speckled image
field aided the detection of liver surface contour.

The optimal feature set outperformed the optimal contour and clinical set. In
the classification procedure, using the optimal feature set, the kNN outperformed
the rest of the classifiers in terms of overall accuracy. The low accuracy results in
ωCC , maybe due to the small sample size of the class. Another interesting result
was the classification accuracy improvement in ωN using the optimal clinical set.
This finding demonstrated the problem of the semi-automatic detection of the
contour, since it has an operator-dependent component, the initialization step.

Promising results were obtained, which showed the discriminant power of the
features as well as of the classifier, specially in terms of individual class accuracy.
These results promote the development of more robust classification techniques,
particularly classification combiners.

In the future the authors intend to (i) expand the data set in order to obtain
an equitable number of samples in each class, (ii) include other features to in-
crease diagnostic accuracy, (iii) perform a more exhaustive analysis in terms of
classifiers, such as using a combination of classifiers and (iv) use state-of-the-art
automatic snakes, in order to create a fully automatic detection method.
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Abstract. This paper presents a method of classifying ultrasound med-
ical images towards dealing with two important aspects: (i) optimal
feature subset selection for representing ultrasound medical images and
(ii) improvement of classification accuracy by avoiding outliers. An ob-
jective function combining the concept of between-class distance and
within-class divergence among the training dataset has been proposed
as the evaluation criteria of feature selection. Searching for the optimal
subset of features has been performed using Multi-Objective Genetic
Algorithm (MOGA). Applying the proposed criteria, a subset of Grey
Level Co-occurrence Matrix (GLCM) and Grey Level Run Length Ma-
trix (GLRLM) based statistical texture descriptors have been identified
that maximizes separability among the classes of the training dataset.
To avoid the impact of noisy data during classification, Fuzzy Support
Vector Machine (FSVM) has been adopted that reduces the effects of
outliers by taking into account the level of significance of each training
sample. The proposed approach of ultrasound medical image classifica-
tion has been tested using a database of 679 ultrasound ovarian images
and 89.60% average classification accuracy has been achieved.

Keywords: Medical Image Classification, Feature Selection, Fuzzy-SVM.

1 Introduction

As a low cost alternative to Magnetic Resonance Imaging (MRI), Ultrasound
imaging has become quite popular during the last decade. Therefore, research on
Computer Aided Diagnosis (CAD) using ultrasound medical images has gained
significant momentum. So far, ultrasound breast and liver images have been
mostly exercised in this regard and no proposition has been made for a CAD
system using ultrasound ovarian images to provide decision support in the di-
agnosis of ovarian abnormalities. In consideration to feature extraction methods
adopted, GLCM and GLRLM based statistical texture descriptors remain among
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the top choices. However, an approach of identifying and subsequently eliminat-
ing redundancy as well as irrelevance among the GLCM and GLRLM based
statistical texture features in classifying ultrasound medical images could not be
found in literature.

The process of medical image classification serves as a core component in de-
veloping any image analysis based computer-aided diagnosis system. Since the
size of the training dataset for a CAD system needs to be sufficient to cover
every possible variation, the dimension of the feature vectors cannot be allowed
to grow arbitrarily large in designing an efficient image classification system.
After a certain point, increase of the dimension ultimately causes deterioration
of performance through introducing redundancy and irrelevance [1]. Besides, the
number of operation required by a classifier is directly related to the dimension
of the feature vector. For a K class classification problem where each feature
vector consists of M attributes, a linear classifier requires to perform O(KM)
operations. For a quadratic classification technique, the required computational
operation becomes O(KM 2). Therefore, to achieve better classification perfor-
mance as well to optimize computational cost, it is very important to keep the
dimension of the feature vectors as low as possible while maximizing the sepa-
rability among the classes of the training dataset.

2 Distance Based Criteria for Feature Selection

Our proposed multi-objective criteria for feature subset selection combines the
concept of between-class distance and within-class divergence. Therefore, the
ultimate objective becomes to select a subset of image features that (i) maximizes
the distances among the classes, and (ii) minimizes the divergence within each
class. Let TS be a labelled training set with NS samples. The classes ωk are
represented by subsets Tk ⊂ TS, each class having Nk samples (

∑
Nk = NS).

Measurement vectors in TS (without reference to their class) are denoted by zn.
Measurement vectors in Tk (vectors coming from class ωk are denoted by zk,n.
The sample mean of a class μ̂k(Tk) and that of the entire training set μ̂(TS) can

be defined respectively as [1]: μ̂k(Tk) = 1
Nk

Nk∑

n=1
zk,n and μ̂(TS) = 1

NS

NS∑

n=1
zn. The

matrix that describes the scattering of vectors from class ωk is:

Sk(Tk) =
1

Nk

Nk∑

n=1

(zk,n − μ̂k)(zk,n − μ̂k)T (1)

Averaged over all classes, the scatter matrix describing the distribution of sam-
ples around its class center is given by:

Sw(TS) =
1

NS

K∑

k=1

NkSk(Tk) =
1

NS

K∑

k=1

Nk∑

n=1

(zk,n − μ̂k)(zk,n − μ̂k)T (2)

This matrix is the within-scatter matrix as it describes the average scattering
within classes, and can be termed as “within-class divergence”. Complementary
to this is the between-scatter matrix Sb that describes the scattering of the
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class-dependent sample means around the overall average, and can be termed as
“between-class distance”:

Sb(TS) =
1

NS

K∑

n=1

Nk(μ̂k − μ)(μ̂k − μ)T (3)

Now, the minimal subset of features that maximizes Sb and minimizes Sw si-
multaneously should be the optimal subset of features. Using the weighted sum
approach of solving multi-objective optimization problems, these two objectives
could be converted to a scaler single objective function as follows:

F (TS) = αSb(TS)− βSw(TS) (4)

Here, α and β are parameters used to specify the importance (weight) of each
individual objective. The value of α is chosen as: 0 < α < 1, and the value of β
is set with respect to α as: β = 1− α.

3 Feature Extraction from Ultrasound Medical Images

3.1 GLCM Based Statistical Texture Descriptors

The co-occurrence probabilities of GLCM provide a second-order method for
generating texture features [2]. For extracting GLCM based texture features
from ultrasound medical images, we obtained four co-occurrence matrices from
each image using θ = {0, 45, 90, 135} degree and d = 1 pixel. After that, 19-
statistical texture descriptors were calculated from each of these co-occurrence
matrices as proposed in [2] and [3]. These are: Energy (F1), Contrast (F2), Corre-
lation (F3), Sum of Squares (F4), Inverse Difference Moment (F5), Sum Average
(F6), Sum Variance (F7), Sum Entropy (F8), Entropy (F9), Difference Variance
(F10), Difference Entropy (F11), Two Information Measures of Correlation (F12

and F13), Maximal Correlation Coefficient (F14), Autocorrelation (F15), Dissim-
ilarity (F16), Cluster Shade (F17), Cluster Performance (F18), and Maximum
Probability (F19). Final values of these 19 descriptors were obtained by averag-
ing each descriptor over the values calculated from the four matrices separately.

3.2 GLRLM Based Statistical Texture Descriptors

Let G be the number of grey levels, R be the longest run, and N be the number
of pixels in the image. The GLRLM is a two dimensional matrix of (G × R)
elements in which each element p(i, j | θ) gives the total number of occurrences
of runs of length j of grey level i, in a given direction θ [4]. For extracting GLRLM
based texture descriptors, ultrasound medical images were quantized using 64
grey levels. Then, four GLRLM matrices were calculated from each image using
θ = {0, 45, 90, 135} degree. A total of 11 GLRLM based texture descriptors were
calculated in our work from each of these 4 matrices. Five of these descriptors
(F20−F24) were introduced in [4] and the other 6 descriptors were extended in [5]
and [6]. These descriptors are: Short Runs Emphasis (F20), Long Runs Emphasis
(F21), Grey Level Non-uniformity (F22), Run Length Non-uniformity (F23), Run
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Percentage (F24), Low Grey Level Runs Emphasis (F25), High Grey Level Runs
Emphasis (F26), Short Run Low Grey-Level Emphasis (F27), Short Run High
Grey-Level Emphasis (F28), Long Run Low Grey-Level Emphasis (F29), Long
Run High Grey-Level Emphasis (F30). Final values of these 11 descriptors were
obtained by averaging each descriptor over the values calculated from the four
matrices separately.

4 Searching for Optimal Feature Subset Using GA

For selecting an optimal subset of texture descriptor from ultrasound medical
images, 19 GLCM and 11 GLRLM based texture feature are extracted from the
images of the training set. In order to reduce the impact of dynamic ranges of
these two different groups of feature, they are first organized into a single feature
vector and normalized as: x̂k = (xk − μk)/σk, where μk and σk are the mean
and standard deviation of the k-th feature xk. Initial Population size of Genetic
Algorithm (GA) was set to 20. The chromosomes of the initial population were
generated using the top 10 features returned by T -Statistics and Entropy based
feature ranking method. Each individual chromosome represents a feature subset
and was encoded as a M -bit binary vector as: v = {b1, b2, · · · , bM}, where M is
the dimension of the feature vector. The value of bi is either 0 or 1 depending on
whether the corresponding feature has been selected or not. The fitness value for
each chromosome is calculated according to the multi-objective criteria given by
Eq. (4). Since, between-class separation is more important in image classifica-
tion than that of within-class divergence, the parameters of the feature selection
criteria, given by Eq. (4), were set to α = 0.70 and β = 0.30 for emphasiz-
ing the between-class distance over within-class divergence. The parent selection
process for offspring generation is implemented using the roulette wheel selec-
tion technique, where the probability of selecting a chromosome is calculated as:
P (Ci) = f(Ci)

/∑N
j=1 f(Cj); here, Ci is the chromosome to be considered for

selection, f(Ci) is the fitness value of Ci, and N is the population size. GA with
traditional n-point crossover operation tends to explore mostly medium-sized
subsets, while the edges of the non-dominated front are less well explored. To
overcome this limitation, the Subset Size Oriented Common Features (SSOCF)
crossover operator [7] has been adopted in our work which generates offspring
populations with relatively even distribution. The mutation operation was mod-
ified to perform bit inversion mutation in both GLCM and GLRLM segment of
the parent chromosome independently to generate an offspring. Here, the mu-
tation probability Pm has a significant impact on the search ability as well as
on the convergence speed of GA. Since the use of fixed Pm may lead towards
premature convergence, the value of Pm was adjusted dynamically as [8]:

Pm =
{

Pm0/log2(g + 1), f ≥ f̄
Pm0, f ≤ f̄

(5)

Here, Pm0 is the initial mutation probability which is always between 0.1 and
0.25; f is the fitness of the parent chromosome, g is the current generation
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number, and f̄ is the average fitness of the current population. This dynamic
adjustment process sets Pm to a higher value during the initial stage of evolu-
tion and thereby, strengthens the search ability towards finding the best in-
dividual solution. Probability of initial mutation was set to 0.15 and maxi-
mum no. of generation was limited to 200 to perform optimization using multi-
objective GA. As Fig. 1 shows, the proposed multi-objective fitness criteria
converges in both cases, with and without applying feature ranking during
the initial population generation. However, incorporation of feature ranking
during the initial population generation has significantly improved the conver-
gence process. After convergence, the final optimal subset of texture descrip-
tor consists of 14 features instead of 30 (described in Section 3), which are:
F = F1, F3, F4, F5, F8, F9, F10, F16, F18, F24, F27, F28, F29, F30.
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Fig. 1. Convergence of the proposed multi-objective feature selection criteria

5 Multi-class Classification Using Fuzzy-SVM

Let S = {(xi, yi)}ni=1 be a set of n training samples, where xi ∈ �m is an m-
dimensional sample in the input space, and yi ∈ {−1, 1} is the class label of xi.
SVM first maps the input data into a high-dimensional feature space through a
mapping function z = φ(x) and finds the optimal separating hyperplane with the
minimal classification errors. The hyperplane can be represented as: w ·z+b = 0,
where w is the normal vector of the hyperplane, and b is the bias. The optimal
hyperplane can be obtained by solving the following optimization problem [9]:

Minimize 1
2
‖w‖2 + C

n∑

i

ξi Subject to γi(w · zi + b) ≥ 1− ξi, ξi ≥ 0, i = 1, · · · , n.

Here, C is the regularization parameter that controls the tradeoff between margin
maximization and classification error and ξi is called the slack variable that
is related to classification errors in SVM. The optimization problem can be
transformed into the following equivalent dual problem:

Maximize
n∑

i=1
αi − 1

2

n∑

i=1

n∑

j=1
αiαjγiγjzi · zj
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Subject to
n∑

i=1
γiαi = 0, 0 ≤ αi ≤ C, i = 1, · · · , n (6)

where αi is the Lagrange multiplier. The decision function of SVM becomes:

f(x) = w · z + b =
n∑

i=1

αiγiφ(xi) · φ(x) + b =
n∑

i=1

αiγiK(x, xi) + b (7)

where K(x, xi) is the kernel function in the input space that computes the inner
product of two data points in the feature space. Research results have shown
traditional SVM to be very sensitive to noises and outliners [10], [11]. FSVM is
an extension of SVM that reduces to effects of outliers by taking into account the
level of significance of various training samples. In FSVM, each training sample
is assigned a fuzzy membership value {μi}ni=1 ∈ [0, 1], which reflects the fidelity
of the data; that is the level of confidence regarding the actual class information
of the data. The higher the value of fuzzy membership, the more confident we
are about its class label. Therefore, the training dataset of FSVM is represented
as S = {(xi, μi, yi)}ni=1. The optimization problem of the FSVM becomes [11]:

Minimize 1
2‖w‖2 + C

n∑

i

μiξi

Subject to γi(w · zi + b) ≥ 1− ξi, ξi ≥ 0, i = 1, · · · , n (8)

It can be noted that the error term ξi is scaled by the membership value μi.
The fuzzy membership values are used to weigh the soft penalty term in the cost
function of SVM. The weighted soft penalty term reflects the relative fidelity of
the training samples during training. Important samples with larger membership
values will have more impact in the FSVM training than those with smaller
values. Similar to the conventional SVM, the optimization problem of FSVM
can be transformed into its dual problem as follows:

Maximize
n∑

i=1

αi − 1
2

n∑

i=1

n∑

j=1

αiαjγiγjK(xi, xj)

Subject to
n∑

i=1

γiαi = 0, ≤ αi ≤ μiC, i = 1, · · · , n (9)

Solving Eq. (9) will lead to a decision function similar to Eq. (7), but with
different support vectors and corresponding weights αi. Choosing appropriate
fuzzy memberships for a given problem is very important for FSVM. To reduce
the effect of outliers, the fuzzy membership function can be defined as a function
of the distance between each data point and its corresponding class center [11].
Let X+ and X− denotes the mean of the training samples that belong to class
C+(+1) and C−(−1) respectively. The radius of C+ and C− are given by: r+ =
max ‖X+ −Xi‖ ;Xi ∈ C+ and r− = max ‖X− −Xi‖ ;Xi ∈ C− respectively.
The fuzzy membership function μi is defined as:

μi =

{
1− ‖X+−Xi‖

(r++δ) where, Xi ∈ C+

1− ‖X−−Xi‖
(r−+δ) where, Xi ∈ C−



182 A.S.Md. Sohail et al.

Here, δ > 0 is a constant used to avoid any possible situation of μi = 0. Multi-
class classification is performed by arranging q(q−1)

2 binary FSVMs in “pair-
wise” top down tree structured approach proposed in [12]. Here, q represents the
number of classes in the training dataset, which is 4 for this particular problem.

Table 1. Comparison of classification performance achieved using different classifiers
applying the proposed distance based feature selection method

Simple C. Endometrioma Teratoma Cancerous C. Average
Fuzzy-SVM 92.58 89.41 87.84 88.57 89.60

SVM-RBF 91.41 87.65 85.81 85.71 87.64

SVM-Sigmoid 89.84 85.88 83.78 84.76 86.07

SVM-Polynomial 89.84 84.71 83.11 81.90 84.89

Fuzzy-kNN 91.41 88.82 87.16 86.67 88.51

Neural Network 86.72 81.76 79.73 79.05 81.82

Table 2. Comparison of classification performance without applying feature selection

Simple C. Endometrioma Teratoma Cancerous C. Average

Fuzzy-SVM 88.67 85.29 81.76 83.81 84.88
SVM-RBF 86.33 83.53 80.41 81.90 83.04

SVM-Sigmoid 85.16 82.35 79.73 80.00 81.81

SVM-Polynomial 85.94 80.59 75.68 77.14 79.84

Fuzzy-kNN 87.50 85.88 81.08 82.86 84.33

Neural Network 80.08 76.47 75.00 74.29 76.46

6 Experimental Results

To investigate the performance of the proposed feature selection approach in
ultrasound medical image classification, we conducted several experiments using
a database of 679 ultrasound ovarian images of four categories: Simple Cyst (256
images), Endometrioma (170 images), Teratoma (148 images) and Cancerous
Cyst (105). Feature vectors extracted from 300 images (100 simple cyst, 80
endometrioma, 70 teratoma and 50 cancerous cyst) of the database were used
to train the classifiers applying “K-Fold Cross Validation” technique with K =
5. The choice of kernel function is among the most important customizations
that can be made while adjusting an SVM classifier to a particular application
domain. By performing experiments with FSVM using a range of Polynomial,
Gaussian Radial Basis Function (RBF) and Sigmoid Kernels, we have found that
Fuzzy-SVM with RBF kernel significantly outperforms the others, boosting the
overall recognition accuracy. Average classification accuracy was adopted as the
measure of classification performance in our experiments. For calculating the
average classification accuracy, 20 test sets, each consists of randomly selected
30 test samples from 4 categories, were classified by the trained classifiers. The
results of classification performance, both with and without feature selection,
have been shown in Table 1 and Table 2.
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7 Conclusion

We have presented a method of optimal feature subset selection using multi-
objective GA. A weighted combination of between-class distance and within-
class divergence has been introduced as the criteria of optimality in feature sub-
set selection. Applying the proposed method, an optimal subset of GLCM and
GLRLM based statistical texture descriptors has been identified for efficient rep-
resentation and classification of ultrasound medical images. As the experimental
results demonstrate, significant improvement can be achieved in classification
performance (Table 1 and Table 2) when image representation is optimized us-
ing the best possible subset of image descriptors selected applying the proposed
multi-objective separability criteria of feature selection. Our future plan is to
adapt the proposed ultrasound image classification technique towards develop-
ing a Computer Aided Diagnosis system that will be able to provide decision
support in the diagnosis of ovarian abnormalities.
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José Seabra1, Lúıs Mendes Pedro2,
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1049-001 Lisboa, Portugal

2 Instituto Cardiovascular de Lisboa
Faculdade de Medicina de Lisboa

1649-028 Lisboa, Portugal

Abstract. This paper aims at developing an ultrasound-based diagnos-
tic measure which quantifies plaque activity, that is, the likelihood of the
asymptomatic lesion to produce neurological symptoms. The method is
rooted on the identification of an “active” plaque profile containing the
most relevant ultrasound parameters associated with symptoms. This
information is used to build an Enhanced Activity Index (EAI) which
considers the conditional probabilities of each relevant feature belonging
to either symptomatic or asymptomatic groups. This measure was eval-
uated on a longitudinal study of 112 asymptomatic plaques and shows
high diagnostic power. In particular, EAI provides correct identification
of all plaques that developed symptoms while giving a small number of
false positives. Results suggest that EAI could have a significant impact
on stroke prediction and treatment planning.

Keywords: Ultrasound, Carotid plaque, Enhanced Activity Index, Neu-
rological symptoms.

1 Introduction

Carotid plaques are one of the commonest causes of neurological symptoms due
to embolization of plaque components or flow reduction. Numerous studies report
that plaque morphology, besides patient’s clinical history and degree of stenosis,
is an important ultrasound marker that positively correlates with symptoms
[1,6]. However, such studies are focused on classifying plaques as symptomatic
or asymptomatic and very few aim at identifying those stable lesions at high risk
of becoming symptomatic. In fact, this information would be extremely useful
for the physicians since they would be able to observe an asymptomatic lesion
and quantitatively evaluate if such lesion is prone to developing neurological
complications. As a consequence, the identification of a subset of “dangerous”
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Fig. 1. Framework of proposed method

or “active” plaques, featuring high neurological risk would help in the indication
of treatment. Needless to say, this decision has important clinical and economical
consequences for all the parts involved in this process.

Major trials reported that the absolute benefit of surgical intervention based
on the degree of stenosis alone as a decision making criterion is low in the
asymptomatic disease and in symptomatic disease with moderate obstruction
[2,4]. This clearly motivates the need for developing new strategies for plaque
risk prediction. One such strategy [6] aims at combining quantitative (e.g. the
degree of stenosis and histogram features) and qualitative information (e.g. tex-
tural appearance) obtained from ultrasound B-mode images. This study enabled
to develop a diagnostic score, called Activity Index (AI), which could possibly
correlate with clinical findings. Statistical analysis identified the most signifi-
cant parameters as being the grey-scale median (GSM), percentage of echolucent
(GSM<40) pixels (P40), surface disruption, severe stenosis, plaque heterogene-
ity and presence of juxta-luminal echolucent area. Hence, the AI consists of
summing the scores for each significant variable. Results suggest that AI is an
objective technique to assess plaque instability [6].

This paper uses ultrasound image processing as a first step for predicting the
occurrence of plaque symptoms. In recent years, the importance of speckle in
B-mode ultrasound images as well as its statistical modeling for tissue charac-
terization has been reported [9]. This issue was also suggested in a recent work
[7] where the application of a de-speckling algorithm was able to split the image
in its noiseless and speckle components. These image sources were then used for
extracting distinct echo-morphology and texture parameters, which contributed
to a better analysis of the symptomatic plaque, and differentiation from the
asymptomatic lesion [7].

Here, it is argued that an optimal method for identifying vulnerable lesions
should include morphological and textural features, extracted from pixel in-
tensity information, and information regarding plaque structure and appearance
(e.g. stenosis, evidence of surface disruption and presence of echogenic cap) given
by experienced physicians. The combination of this information is expected to
produce a more comprehensive description of the profile of an active plaque, po-
tentially providing the identification of lesions that would developed symptoms
in the future. This paper proposes a diagnostic tool, named Enhanced Activity
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Index (EAI), which uses an ultrasound feature set that positively correlates with
symptoms. Here, the EAI technique is used to predict the occurrence of neuro-
logical complications in a longitudinal study conducted in asymptomatic sub-
jects. Moreover, its diagnostic performance is compared to other well-established
strategies for identifying plaques at high risk, including the degree of stenosis
(DS) [4] and the AI [6].

2 Methods

This paper employs a two-step method outlined in Fig. 1. The first step consists
of feature analysis which identifies an optimal feature set to discriminate between
symptomatic and asymptomatic plaques. This step is based on ultrasound images
of carotid plaques (n = 221, 70 symptomatic and 151 asymptomatic) acquired at
a fixed time frame (cross-sectional study). Consequently, the ultrasound profile of
the “active” plaque is used to compute the EAI in a longitudinal study conducted
in asymptomatic subjects (n = 112).

2.1 Ultrasound Profile of “Active” Plaque

Prior to feature analysis, ultrasound images are processed according to [7]. Image
processing includes normalization [3], estimation of envelope Radio-Frequency
(RF) image and de-speckling. Moreover, each region of interest (ROI) contain-
ing the plaque is delineated by an experienced physician. This processing step
provides different image sources from where features having different meanings
can be extracted (Fig. 2):

– Histogram features, computed from pixel intensities in normalized image;
– Rayleigh mixture models, are used to describe echo-morphology in en-

velope RF images [8], consisting of a combination of individual Rayleigh
distributions. The weights of each distribution and corresponding parameter
are used as echo-morphology descriptors [8];

– Rayleigh parameters are theoretically obtained from the noiseless image;
– Textural features are obtained from grey level co-occurrence matrices

(GLCM), Autoregressive models (ARM) and Wavelet models;
– Morphological features are given by the physician during consultation

(e.g. evidence of plaque disruption, presence of fibrous cap, degree of stenosis
and plaque echo-structure appearance).

A considerable amount of features (l = 114) were collected after ultrasound
image processing. Naturally, not all the features are important to accurately
characterize the plaque status, whether it is symptomatic or not. Hence, at this
point an attempt is made to identify the most relevant ultrasound parameters
for this particular problem. Hypothesis testing is a common method of drawing
inferences about one or more populations based on statistical evidences from
population samples (features). Here, we want to investigate if the statistical
properties of a given feature significantly differ from the symptomatic to the
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Fig. 2. Ultrasound image processing, resulting in normalized, envelope RF, noiseless
and speckle images. Features are extracted from these distinct image sources.

asymptomatic group. Among different hypothesis tests, the application of the
Mann-Whitney U -test yields a feature set that produces the most promising
classification results with the AdaBoost classifier. This method performs a two-
sided rank sum test of the null hypothesis that feature values in symptomatic
and asymptomatic populations are independent samples from identical contin-
uous distributions with equal medians, against the alternative that they do not
have equal medians. Moreover, the p-value is the probability of rejecting the null
hypothesis assuming that the null hypothesis is true. Clinically significant fea-
tures will have a p-value which is typically lower than 0.05 or 0.01. In this work,
features were considered to be relevant for differentiating between symptomatic
and asymptomatic groups when the p-value< 0.05.

Table 1 presents the parameters and corresponding sources and p-values of the
so-called optimal feature set. A closer look at the 16-element feature set allows
to verify that both subjective and image-based parameters are useful for plaque
description. In particular, features from different image sources, namely the nor-
malized image, the envelope RF image and speckle field are considered statis-
tically relevant. This preliminary observation justifies the use of an ultrasound
pre-processing set of operations since it enables to obtain useful parameters for
plaque classification.
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Table 1. Significant feature set obtained with MW-test

Feature Source p − value

evidence of plaque disruption morphology 5.5× 10−18

presence of echogenic cap morphology 0.001
degree of stenosis morphology 2.9× 10−13

plaque echo-structure appearance morphology 1.6× 10−10

mean normalized histogram 0.001
skewness normalized histogram 0.009

percentile 10 normalized histogram 0.022
percentile 50 normalized histogram 0.047

4th Rayleigh parameter RMM (envelope RF) 0.010

5th Rayleigh parameter RMM (envelope RF) 0.010

6th Rayleigh parameter RMM (envelope RF) 0.010

5th mixture component RMM (envelope RF) 0.004

6th mixture component RMM (envelope RF) 0.014
no. mixture components RMM (envelope RF) 0.016

GLCM homogeneity speckle 0.016
wavelet decomposition energy speckle 0.004

2.2 Enhanced Activity Index

So far the profile of the active plaque has been established. A quantitative diag-
nostic measure - EAI - is now developed as follows (Fig. 3):

1. A statistical test allows to obtain a relevant feature set (Table 1) for separat-
ing plaques with and without symptoms in a cross-sectional study (Fig. 1);

2. Reference values are taken for each feature, fi, and group (symptomatic,
ω(S), and asymptomatic, ω(A)), considering the mean (μi(S), μi(A)) and
variance (σ2

i (S), σ2
i (A));

3. The EAI∗ (re-named for convenience) is computed as:

EAI∗ =
RS

RA
, (1)

where
Rk =

∑

i

p(fi|ωk) ≈ N (μi(k), σ2
i (k)), k = {S, A} (2)

is the sum of the conditional probabilities of each feature belonging, respec-
tively, to the symptomatic or asymptomatic group. For continuous variables,
the conditional probabilities in (2) are computed assuming a normal distri-
bution (Fig. 3) whereas the probability associated with each categorial pa-
rameter (morphological features, except for degree of stenosis) is given by the
ratio between the number of plaques belonging to each class and having each
categorial variable and the total number of plaques with each categorial vari-
able. In (1), RS and RA represent the likelihoods of each plaque producing
symptoms or stabilize, respectively. Hence, when EAI∗ = 1, the result is in-
conclusive while for EAI∗ < 1 the plaque will stay harmless with a significant
probability which is higher as EAI∗ decreases. Contrarily, plaques showing
a EAI∗ > 1 are prone to produce symptoms, being more “dangerous” when
EAI increases.
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Fig. 3. Illustrative concept of conditional probabilities for a particular plaque feature
fi used to compute EAI

4. The EAI∗ is re-scaled using a sigmoid mapping function which places the
EAI onto a 0-100 scale. This function is defined as:

EAI =
100

1 + exp (1− EAI∗)
. (3)

This mapping technique is useful to make the predictive power of the pro-
posed EAI method comparable to AI [6] and DS [4].

3 Experimental Results

We have provided a description of the ultrasound profile of the active plaque
and consequently designed a score for predicting the occurrence of neurologi-
cal complications. Here, the diagnostic power of EAI is evaluated on a group
of 112 asymptomatic plaques, acquired from 112 patients. B-mode ultrasound
images were collected from the ACSRS (Asymptomatic Carotid Stenosis and
Risk Study) [5], consisting of a multicentre natural history study of patients
with asymptomatic internal carotid diameter stenosis greater than 50%. The
degree of stenosis was graded using multiple established ultrasonic duplex crite-
ria. Patients were followed for possible occurrence of symptoms for a mean time
interval of 37.1 weeks. At the end of the study, 13 out of 112 patients (11.6%)
had developed symptoms.

To make this study more feasible, we compare it with other strategies of plaque
risk prediction, including the AI and DS, using ROC (Receiver Operating Char-
acteristic) curve analysis (Fig. 4). In a ROC curve, the TP rate (Sensitivity) is
plotted as function of the FP rate (100-Specificity) for different cut-off points.
Each point of the ROC plot represents a sensitivity/specificity pair correspond-
ing to a particular decision threshold. Moreover, the area under the ROC curve
(ROC AUC) statistic is often used for model comparison. This measure indicates
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Table 2. Confusion matrix with prediction outcome of DS, AI and EAI

Ground truth
P N

Sten AI EAI Sten AI EAI

Predicted value
P’ 12 11 13 68 49 29
N’ 1 2 0 31 50 70

that a predictive method is more accurate as higher is the ROC AUC. More-
over, the intercept of the ROC curve with the line at 90 degrees to the no-
discrimination line is also considered as an heuristic method to investigate the
cut-off providing the best discriminative power for each method (Fig. 4). The
ROC AUCs are 0.6496 (64.96%), 0.7329 (73.29%) and 0.9057 (90.57%) for DS,
AI and EAI, respectively. These results show that the EAI technique outper-
forms the other methods, which could be explained by the fact that it considers
ultrasound parameters used in AI, besides the DS.

Moreover, the predictive analysis of EAI, AI and DS is evaluated from a
different viewpoint, using a table of confusion (Table 2). The EAI method is
able to identify the 13 patients that had developed symptoms by the end of
the follow-up (longitudinal) study, whereas DS and AI methods were unable to
identify, respectively 1 and 2 patients that developed neurological complications
later. Moreover, as far as the false positive number is concerned, the EAI method
yields 29 FP, which is significantly lower than other state-of-the-art methods.
This means that if the decision of surgery for plaque removal was based in the
former method only 29 patients were unnecessarily operated, suggesting that
EAI is the most cost-effective method. Thus, the EAI technique demonstrates to
provide the most accurate selection of patients at high risk within a population
of asymptomatic subjects.
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4 Conclusions

Carotid plaques are the commonest cause of neurological symptoms, however
the early detection of plaques at high risk based on the degree of stenosis is
neither optimal nor cost-effective. This paper proposes an Enhanced Activity
Index technique which quantifies the likelihood of a stable plaque to becoming
symptomatic. This method consists of a two-step method including the identi-
fication of an ultrasound profile of the active plaque and the computation of a
risk score. The proposed prediction method provides an effective selection of a
subgroup of plaques at high risk of developing symptoms.
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Abstract. This paper proposes a statistical model for the dissimilarity changes
(increments) between neighboring patterns which follow a 2-dimensional Gaus-
sian distribution. We propose a novel clustering algorithm, using that statisti-
cal model, which automatically determines the appropriate number of clusters.
We apply the algorithm to both synthetic and real data sets and compare it to a
Gaussian mixture and to a previous algorithm which also used dissimilarity in-
crements. Experimental results show that this new approach yields better results
than the other two algorithms in most datasets.

Keywords: clustering, dissimilarity increments, likelihood ratio test, Gaussian
mixture.

1 Introduction

Clustering techniques are used in various application areas, namely in exploratory data
analysis and data mining [4]. Also known as unsupervised classification of patterns into
groups (clusters), the aim is to find a data partition such that patterns belonging to the
same cluster are somehow “more similar” than patterns belonging to distinct clusters.
Clustering algorithms can be partitional or hierarchical, and can use a multitude of ways
to measure the (dis)similarity of patterns [4,7].

Partitional methods assign each data pattern to exactly one cluster; the number of
clusters, K , is usually small, and often set a priori by the user, as a design parameter.
Otherwise, the choice of K may be addressed as a model selection problem. The most
iconic partitional algorithm is also the most simple: K-means, using the centroid as
cluster representative, attempts to minimize a mean-square error criterion based on the
Euclidean distance as measure of pairwise dissimilarity [7]. Also, common methods to
estimate probability density functions from data, such as Gaussian mixture decomposi-
tion algorithms [1], can also be used as clustering techniques.

Hierarchical methods, on the other hand, yield a set of nested partitions which is
graphically represented by a dendrogram. A data partition is obtained by cutting the
dendrogram at a certain level. Linkage algorithms, such as the single-link and the
complete-link [4], are the most commonly used.

Fred and Leitão [3] have proposed a hierarchical clustering algorithm using the
concept of dissimilarity increments. These increments, which are formally defined in
Section 2, use three data patterns at a time, and therefore yield information that goes
beyond pairwise dissimilarities. Fred and Leitão showed empirical evidence suggesting
that dissimilarity increments vary smoothly within a cluster, and proposed an expo-
nential distribution as statistical model governing the dissimilarity increments in each
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cluster [3]. They also noted that abrupt changes in the increments values means that the
merging of two well separated clusters should not occur.

In this paper we propose a novel dissimilarity increments distribution (DID), sup-
ported on a theoretical-based analytical derivation for Gaussian data in R

2. We use
this distribution to construct a partitional clustering algorithm that uses a split&merge
strategy, which iteratively accepts or rejects the merging of two clusters based on the
distribution of their dissimilarity increments. We apply this algorithm to 6 synthetic data
sets and 5 real data sets using as starting condition the clusters yielded by a Gaussian
mixture algorithm proposed by Figueiredo and Jain [1], although any Gaussian mixture
algorithm could be used instead.

This paper is structured as follows: Section 2 presents the derivation of the dissim-
ilarity increments distribution (DID), and in Section 3 we propose a rewriting of the
latter that depends on a single parameter: the expected value of increments. In Sec-
tion 4, we show how to use this DID in a clustering algorithm. We present, in Section
5, the results of the proposed algorithm for 6 synthetic data sets with different char-
acteristics (gaussian clusters, non-gaussian clusters, arbitrary shape clusters and den-
sities) and 5 real data sets from the UCI Machine Learning Repository. These results
are compared with the initial Gaussian mixture decomposition and with the hierarchi-
cal clustering algorithm proposed by Fred and Leitão in [3]. Conclusions are drawn in
Section 6.

2 Dissimilarity Increments Distribution for 2D Gaussian Data

Consider a set of patterns, X . Given xi, an arbitrary element of X , and some dissimilar-
ity measure between patterns, d(·, ·), let (xi,xj ,xk) be the triplet of nearest neighbors,
where xj is the nearest neighbor of xi and xk is the nearest neighbor of xj different
from xi. The dissimilarity increment [3] between the neighboring patterns is defined as

dinc(xi,xj ,xk) = |d(xi,xj)− d(xj ,xk)| . (1)

Assume that X ∈ R
2, and that elements of X are independent and identically dis-

tributed, drawn from a normal distribution, xi ∼ N (µ, Σ), with mean vector µ and
covariance matrix Σ. In this paper, the Euclidean distance is used as the dissimilarity
measure, and our goal is to find the probability distribution of dinc.

Let X∗ be the result of an affine transformation of the patterns in X such that the
transformed data has zero mean and the covariance matrix is a multiple of the identity
matrix. Define D∗ ≡ x∗−y∗ as the dissimilarity in this space. Then the distribution of
dissimilarities in this space becomes

(D∗)2 ≡ ‖x∗ − y∗‖2 =
2∑

i=1

(x∗i − y∗i )2

Σ∗ii
∼ χ2(2),

where χ2(2) is the chi-square distribution with 2 degrees of freedom, which is equiva-
lent to an exponential distribution with parameter 1/2 [5].
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Since the transformed data has circular symmetry, we have D∗ = D∗ cosα e1 +
D∗ sinα e2, with α = angle(D∗) ∼ Unif([0, 2π[). Furthermore, D ≡ x − y =√

Σ∗11 D∗ cosα e1 +
√

Σ∗22 D∗ sinα e2, and

D2 ≡ ‖D‖2 = (Σ∗11 cos2 α + Σ∗22 sin2 α
︸ ︷︷ ︸

A(α)2

) (D∗)2
︸ ︷︷ ︸
‖D∗‖2

, (2)

where A(α)2 is called the expansion factor. Naturally this expansion factor will depend
on the angle α. In practice it is hard to properly deal with this dependence. Therefore we
will use the approximation that the expansion factor is constant and equal to the average
value of the true expansion factor. We must find E[A(α)2], where α ∼ Unif([0, 2π[)
and pα(α) = 1

2π
. After some computations, the expected value is given by

E[A(α)2] =
∫ 2π

0

pα(α)A(α)2 dα =
1
2

tr(Σ∗).

Under this approximation, the transformation equation (2) from the normalized space
to the original space is D2 = 1

2
tr(Σ∗)(D∗)2 and the probability density function of

D = d(x,y) is (recall that (D∗)2 ∼ Exp(1/2))

pD (z) =
2z

tr(Σ∗)
exp

(

− z2

tr(Σ∗)

)

, z ∈ [0,∞). (3)

We can conclude that D1 = d(x,y) and D2 = d(y, z) follow the distribution in
equation (3). The probability density function for W = D1 −D2 is given by the con-
volution

p
W

(w) =
∫ ∞

−∞

4t(t + w)
tr(Σ∗)2

exp
(

− t2 + (t + w)2

tr(Σ∗)

)

1{t≥0} 1{t+w≥0} dt. (4)

Since we want to find the probability density function for the dissimilarity incre-
ments, we need to consider the probability density function of |W | = dinc. Therefore,
the probability density function for the dissimilarity increments is given by (derivations
were omitted due to limited space)

p
dinc

(w;Σ∗) =
w

tr(Σ∗)
exp

(

− w2

tr(Σ∗)

)

+
√

π√
2 (tr(Σ∗))3/2

(tr(Σ∗)− w2)×

× exp
(

− w2

2 tr(Σ∗)

)

erfc

(
w

√
2 tr(Σ∗)

)

, (5)

where erfc(·) is the complementary error function.

3 Empirical Estimation of DID

The DID, as per equation 5, requires explicit calculation of the covariance matrix, Σ∗,
in the transformed normalized space. In the sequel we propose data model fitting by
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rewritting the distribution as a function of the mean value of the dissimilarity incre-
ments, λ = E[w]. This is given by (after some calculation)

λ = E[w] =
∫ ∞

0

wpW (w) dw =
√

π

2
(tr(Σ∗))1/2

(
2−
√

2
)

.

Hence, (tr(Σ∗))1/2 = 2E(w)√
π(2−

√
2) . Replacing in (5) we obtain an approximation for the

dissimilarity increments distribution of a cluster that only depends of the mean of all
the increments in that cluster:

p
dinc

(w;λ) =
π

(
2−√2

)2

4λ2
w exp

(

−π
(
2−√2

)2

4λ2
w2

)

+
π2

(
2−√2

)3

8
√

2λ3
×

× exp

(

−π
(
2−√2

)2

8λ2
w2

)(
4λ2

π
(
2−√2

)2 − w2

)

erfc

(√
π

(
2−√2

)

2
√

2λ
w

)

.

(6)

Figure 1 provides histograms for two data sets consisting of 1000 samples drawn
from a Gaussian distribution in dimensions M = 2 and M = 100. As shown in fig-
ures 1(a) and 1(b), for M = 2 both the derived probability density function (6) and
the exponential distribution suggested in [3] lead to a good fit to the histogram of the
dissimilarity increments. However, as figure 1(c) shows, the latter provides a poor fit
for high dimensions, such as M = 100, while the proposed distribution, even though
derived for the 2D case, is much more adequate.
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(a) M = 2, DID
0 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4

0

2

4

6

8

10

12

14

16

18

20

(b) M = 2, Exponential
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(c) M = 100, Exponential

Fig. 1. Histograms of the dissimilarity increments computed over M -dimensional Gaussian data
and fitted distribution: (a) DID; (b) and (c) Exponential distribution

4 Clustering Using the Dissimilarity Increments Distribution

Let P init be a partitioning of the data produced by a gaussian mixture decomposition.
Then, each cluster in P init follows a gaussian model; if xi ∈ R

2, we are under the un-
derlying hypothesis of the model presented in Section 2. One of the main difficulties of
the gaussian mixture decomposition is the inability to identify arbitrarily shaped clus-
ters. We propose to overcome this intrinsic difficulty by a process of merging clusters
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using the previously derived model for dissimilarity increments. The decision to merge
two clusters will depend on the dissimilarity increments distribution of each of the two
clusters separately and of the two clusters combined.

We use the Mahalanobis distance [7] (which computes the distance between two
gaussian distributions) to decide which clusters to test, by testing first clusters that are
closer. The test we perform is a likelihood ratio test [6] consisting on the logarithm
of the ratio between the likelihood of two separate clusters (two DID models) and the
likelihood of the clusters together (single DID model). This likelihood ratio test is ap-
proximated by a chi-square distribution with one degree of freedom1. Therefore,

−2 log

(
p

dinc
(w;λ1, λ2)

p
dinc

(w;λ12)

)

∼ χ2(1). (7)

Two clusters are merged if the p-value from the χ2(1) distribution is less than a signif-
icance level α. This test is performed for all pairs of clusters until all the clusters that
remain, when tested, are determined not to be merged. The overall procedure of this
algorithm is summarized in algorithm 1.

Algorithm 1. GMDID
Input: 2-dimensional data, α
P init = {C1, . . . , CN} ← data partition produced by a gaussian mixture decomposition
Dij ←Mahalanobis distance between clusters i and j
for all pairs (i, j) in ascending order of Dij do
pi ← DID for cluster i, pj ← DID for cluster j (eq. 6)
pij ← DID for cluster produced merging clusters i and j (eq. 6)
p-value← Likelihood ratio test between pipj and pij (eq. 7)
if p-value < α then

merge clusters i and j
else

do not merge clusters i and j
end if

end for
Return: P = {C1, . . . , CK} ← final data partition K ≤ N

4.1 Graph-Based Dissimilarity Increments Distribution

In order to choose the parameter α, we propose to use the Graph-based Dissimilarity In-
crements Distribution index, hereafter designated by G-DID, which is a cluster validity
index proposed by Fred and Jain [2] based on the minimum description length (MDL)
of the graph-based representation of partition P . The selection among N partitions,
produced by different values of α, using the G-DID index, is as follows

Choose P i : i = argmin
j
{G-DID(P j)}, (8)

1 We have two parameters in the numerator – the expected value of the increments for each of
the two clusters separately – and one parameter in the denominator – the expected value of the
increments for the two clusters combined.
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where G-DID(P ) = − log f̂(P )+ kP

2 log(n) is the graph description length, and f̂(P )
is the probability of partition P , with kP clusters, according to a Probabilistic Attributed
Graph model taking into account the dissimilarity increments distribution (see [2] for
details). In [2], graph edge probability was estimated from an exponential model as-
sociated with each cluster, and the G-DID of the corresponding partition was used to
select a design parameter of the hierarchical algorithm in [3]. For the selection of α for
the GMDID algorithm describd above, we will use instead the DID model according to
formula 6.

5 Experimental Results and Discussion

We can use any Gaussian mixture algorithm to obtain the conditions of the proposed
clustering method; we chose the algorithm proposed by Figueiredo and Jain [1]. This
method optimizes an expectation-maximization (EM) algorithm and selects the number
of components in an unsupervised way, using the MDL criterion. With this Gaussian
mixture algorithm we get a partition for the data set with as many clusters as gaussians.

To test the performance of the proposed method, we used 11 data sets: 6 synthetic
data sets, and 5 real data sets from the UCI Machine Learning Repository2. The syn-
thetic data sets were chosen to take into account a wide variety of situations: well-
separated and touching clusters; gaussian and non-gaussian clusters; arbitrary shapes;
and diverse cluster densities. These synthetic data sets are shown in figure 2. The Wis-
consin Breast-Cancer data set consists of 683 patterns represented by nine features
and has two clusters. The House Votes data set consists of votes for each of the U.S.
House of Representatives Congressmen on the 16 key votes identified by the Congres-
sional Quarterly Almanac. It is composed by two clusters and only the patterns without
missing values were considered, for a total of 232 samples (125 democrats and 107 re-
publicans). The Iris data set consists of three species of Iris plants (Setosa, Versicolor
and Virginica). This data set is characterized by four features and 50 samples in each
cluster. The Log Yeast and Std Yeast is composed of 384 samples (genes) over two cell
cycles of yeast cell data. Both data sets are characterized by 17 features and consisting
of five clusters corresponding to the five phases of the cell cycle.

We compared the proposed method (GMDID) to the Gaussian mixture (GM) algo-
rithm [1] used to initialize the dissimilarity increments distribution, and to the method
proposed by Fred and Leitão [3] based on Dissimilarity Increments (SL-AGLO). All
these methods find the number of clusters automatically. GMDID and SL-AGLO have
an additional parameter, so we compute partitions for several values of parameters. GM-
DID has a significance level α and we used 1%, 5%, 10% and 15% to decide whether
two clusters should be merged or not. The SL-AGLO algorithm has an isolation parame-
ter which is a threshold set in the tail of the exponential distribution of the dissimilarity
increments of a cluster (with parameter the inverse of the mean of the increments of
that cluster). We used values ranging from the mean of the exponential distribution to
10 times this mean for this threshold, and the choice of the best value was also done
using G-DID.

2 http://archive.ics.uci.edu/ml
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Fig. 2. Synthetic data sets

We assess the quality of each resulting partition P using the consistency index (CI),
which is the percentage of correctly clustered patterns. Table 1 summarizes the results.
The Gaussian mixture algorithm has problems finding the correct number of clusters, if
the data sets are non-gaussians or can not be approximated by a single Gaussian. How-
ever, GMDID improved the results given by the Gaussian mixture, because it depends
of the dissimilarity changes between neighboring patterns. If a cluster does not have
a Gaussian behavior and the Gaussian mixture produces at least two gaussian compo-
nents for that cluster, it may be possible that GMDID can find the cluster, for a certain
statistical significance level, by merging those components together.

Table 1. Consistency values of the partitions found by the three algorithms. The values in paren-
thesis correspond to the number of clusters found by each algorithm. The first two columns cor-
respond to the number of patterns (N ) and the true number of clusters (Nc) of each data set.

N Nc GM GMDID SL-AGLO
Bars 400 2 0.4375 (12) 0.9525 (2) 0.9050 (4)
d1 200 4 1.0000 (4) 1.0000 (4) 1.0000 (4)
Mixed Image 2 739 8 0.4709 (20) 1.0000 (8) 0.9743 (10)
R-2-new 500 4 0.2880 (29) 0.7360 (8) 0.6160 (3)
Rings 450 3 0.2444 (27) 1.0000 (3) 1.0000 (3)
Spiral 200 2 0.1400 (27) 1.0000 (2) 1.0000 (2)
Breast Cancer 683 2 0.5593 (5) 0.7467 (3) 0.5783 (24)
House Votes 232 2 0.8103 (2) 0.8103 (2) 0.6810 (4)
Iris 150 3 0.8000 (4) 0.6667 (2) 0.4800 (6)
Log yeast 384 5 0.3281 (10) 0.3594 (4) 0.3229 (4)
Std yeast 384 5 0.4349 (2) 0.4349 (2) 0.5391 (7)

Despite the fact that the dissimilarity increments distribution proposed here is for
2-dimensional Gaussian distributions, we noticed that when the algorithm is applied
to real data sets (which have dimensions higher than two) the results are still slightly
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better when compared to the Gaussian mixture and to SL-AGLO. In the future we will
develop the dissimilarity increments distribution to a general M -dimensional data set,
which should further improve these results.

6 Conclusions

We derived the probability density function for the dissimilarity increments under the
assumption that the clusters follow a 2-dimensional Gaussian distribution. We applied
this result by proposing a novel clustering approach based on that distribution. The ap-
plication example presented here used the Gaussian mixture algorithm from Figueiredo
and Jain [1], however any Gaussian mixture decomposition could be used. We showed
that the proposed method is better or equally good when compared to the Gaussian
mixture or to another method based also on dissimilarity increments.

The proposed method has a condition that the data should consist of 2-dimensional
Gaussian clusters. However, we presented results for real data sets with dimension
higher than two and the algorithm performs reasonably well compared to others. In
future work we will extend the increment distribution to a generic dimension M .
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Abstract. In many applications, we deal with high dimensional datasets
with different types of data. For instance, in text classification and infor-
mation retrieval problems, we have large collections of documents. Each
text is usually represented by a bag-of-words or similar representation,
with a large number of features (terms). Many of these features may
be irrelevant (or even detrimental) for the learning tasks. This exces-
sive number of features carries the problem of memory usage in order
to represent and deal with these collections, clearly showing the need
for adequate techniques for feature representation, reduction, and selec-
tion, to both improve the classification accuracy and the memory re-
quirements. In this paper, we propose a combined unsupervised feature
discretization and feature selection technique. The experimental results
on standard datasets show the efficiency of the proposed techniques as
well as improvement over previous similar techniques.

Keywords: Feature discretization, feature selection, feature reduction,
Lloyd-Max algorithm, sparse data, text classification, support vector ma-
chines, näıve Bayes.

1 Introduction

Feature selection (FS) and feature reduction (FR) are central problems in ma-
chine learning and pattern recognition [1–3]. A typical dataset with numeric
features uses floating point or integer representations and most FS/FR methods
are applied directly on these representations. Feature discretization (FD) [4] has
been proposed as a means of reducing the amount of memory required as well
as the training time, leading to an improvement on the classification accuracy.

The need for FD techniques is most noticed with high dimensional datasets.
For instance, in text classification problems, we have large collections of docu-
ments. For text, the bag-of-words (BoW) or similar representations are typically
used. These representations have a large number of features, many of which
may be irrelevant or misleading for the learning tasks. The FD, FS, and FR
techniques used altogether reduce the memory requirements to represent these
collections and improve the classification accuracy.
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1.1 Our Contribution

In this work, we propose a new unsupervised technique for FD and FS. We per-
form scalar FD with the well-known Lloyd-Max algorithm [5], using a stopping
criterion for bit allocation. The FS step applies a simple unsupervised criterion
with indicators on the original (floating point or integer) feature and on the dis-
cretized feature. We compare our method against other techniques on standard
datasets, using several classifiers.

The remaining text is organized as follows. Section 2 reviews some issues
about document representation, feature discretization, reduction, and selection
techniques. Section 3 presents both our methods for FD and FS. Section 4 reports
experimental results and Section 5 presents concluding remarks and future work.

2 Background

This section briefly reviews some background concepts regarding document rep-
resentation and feature discretization, reduction, and selection techniques.

2.1 Document Representation

Let D = {(x1, c1), ..., (xn, cn)} be a labeled dataset with training and test sub-
sets, where xi ∈ R

p denotes the i-th feature vector and ci is its class label. For
text classification problems, a BoW representation of a document consists in a
high-dimensional vector containing some measure, like the term-frequency (TF)
or the term-frequency inverse-document-frequency (TF-IDF) of a term [6, 7].
Each document is represented by a single vector, which is usually sparse, since
many of its features are zero [6].

Let X be the p×n term-document (TD) matrix representing D; each column
of X corresponds to a document, whereas each row corresponds to a term (e.g.,
a word); each column is the BoW representation of a document [6, 7]. Typically,
TD matrices have high memory requirements, due to their dimensions and the
use of floating point features.

2.2 Feature Discretization

FD has been used to reduce the amount of memory as well as to improve classifi-
cation accuracy [4]. In the context of scalar FD [4], two techniques are commonly
used: 1) equal-interval binning (EIB), i.e., uniform quantization with a given
number of bits for each feature; 2) equal-frequency binning (EFB), i.e., non-
uniform quantization yielding intervals such that for each feature the number of
occurrences in each interval is the same. As a consequence, an EFB discretized
feature has uniform distribution, thus maximum entropy. For this reason, this
technique is also named maximum entropy quantization.

FD can be performed in supervised or unsupervised modes. The supervised
mode uses the class labels when choosing discretization intervals and, in prin-
ciple, may lead to better classifiers. However, in practice, it has been found
that unsupervised FD methods tend to perform well in conjunction with several
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classifiers; in particular, the EFB method in conjunction with näıve Bayes (NB)
classifier produces excellent results [4]. For text classification problems, typically
FS techniques have been applied to the (floating point) sparse BoW data [8–11].
In this paper, we consider solely unsupervised approaches for FD as well as the
problem of text classification with discrete features.

2.3 Feature Selection Methods

This subsection reviews unsupervised and supervised FS methods that have been
proved effective for several types of problems [8, 12, 13]. These methods adopt
a filter [2] approach to the problem of FS, being applicable with any classifier.
The unsupervised term-variance (TV) [12] method selects features (terms) Xi

by their variance, given by

TVi = vari =
1
n

n∑

j=1

(Xij − X̄i)2 = E[X2
i ]− X̄i

2
, (1)

where X̄i is the average value of feature Xi, and n is the number of patterns.
The minimum redundancy maximum relevancy (mrMR) method [13] com-

putes, in a supervised fashion, both the redundancy and the relevance of each
feature. The redundancy is computed by the mutual information (MI) [14] be-
tween pairs of features, whereas relevance is measured by the MI between fea-
tures and class label. The supervised Fisher index (FI) of each feature, on binary
classification problems, is given by

FIi =
∣
∣
∣μ

(−1)
i − μ

(+1)
i

∣
∣
∣ /

√

var(−1)
i + var(+1)

i , (2)

where μ
(±1)
i and var(±1)

i , are the mean and variance of feature i, for the patterns
of each class. The FI measures how well each feature separates the two (or more,
since it can be generalized) classes. In order to perform FS based on any of these
methods we select the m (≤ p) features with the largest rank.

3 Proposed Methods for Discretization and Selection

In this section, we present our proposals for unsupervised FD and unsupervised
FS. For explanation purposes let us consider, like in subsection 2.1, a labeled
dataset D = {(x1, c1), ..., (xp, cp)}, where xi ∈ R

n denotes the i-th feature vector
and ci is its class label.

3.1 Unsupervised Feature Discretization - FD Step

The proposed method for unsupervised FD named FD step performs scalar quan-
tization of each feature with the well-known Lloyd-Max algorithm [5]. The al-
gorithm runs for a given target distortion Δ in a mean square error (MSE)
sense and a maximum number of bits q. The Lloyd-Max procedure is applied
individually to each feature using the pair (Δ, q) as the stopping condition: the
procedure stops when distortion Δ is achieved or when the maximum number
of bits q per feature is reached.
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3.2 Unsupervised Feature Selection - FS Step

The unsupervised FS (UFS) step uses a filter approach, on the discretized fea-
tures, by computing the ranking criterion ri for feature i given by

ri = var(Xi)/bi, (3)

where bi ≤ q is the number of bits allocated to feature i in the FD step, and
var(Xi) is the variance of the original (non-discretized) feature. We sort fea-
tures in decreasing rank and keep only the first m (≤ p) features. The key idea
of the FS step is: features with higher variance are more informative than fea-
tures with lower variance; for a given feature variance, features quantized with
a smaller number of bits are preferable because we can express all that variance
(information) in a small number of bits, for the same target distortion Δ.

3.3 Choice of the Number of Features

In order to choose an adequate number of features, we propose to use a cu-
mulative measure. Let {ri, i = 1, ...., p} be the values as given by (3) and
{r(i), i = 1, ...., p} the same values after sorting in descending order. We pro-
pose choosing m as the lowest value that satisfies

m∑

i=1

r(i)/

p∑

i=1

r(i) ≥ L, (4)

where L is some threshold (such as 0.95, for instance).

4 Experimental Evaluation

We have carried out the evaluation of our method with well-known datasets from
the UCI Repository1. We consider datasets with BoW data as well as other types
of data. We use linear support vector machines (SVM), näıve Bayes (NB), and
k-nearest neighbours (KNN) classifiers provided by the PRTools toolbox [15].

4.1 Sparse and Non-sparse Datasets

Regarding sparse BoW datasets, we use: SpamBase, where the goal is to classify
email messages as SPAM or non-SPAM; Example12; and Dexter, where the task
is learn to classify Reuters articles as being about “corporate acquisitions” or not.
We also consider different non-text datasets: Ionosphere, WDBC, and Wine, as
described in Table 1. In the case of Example1, each pattern is a 9947-dimensional
BoW vector. The Dexter dataset has the same data as Example1 (with different
train, test, and validation partitions) with 10053 additional distractor features
(independent of the class), at random locations; it was created for the NIPS 2003
1 http://archive.ics.uci.edu/ml/datasets.html
2 http://download.joachims.org/svm_light/examples
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Table 1. Dataset characteristics: two-class Example1, Dexter, SpamBase, Ionosphere,
and WDBC; three-class Wine dataset. p, c, and n are the number of features, classes,
and patterns respectively. ca, cb, cc are the number of patterns per class. Mem. is the
number of bytes needed to represent the floating point versions of the datasets (train,
test, and validation partitions).

Dataset p c Subset n Patt. ca, cb, cc Type of data Mem.

Example1 9947 2 Train 2000 (1000,1000,-) Sparse BoW data 98.6 MB
Test 600 (300,300,-) subset of Reuters

Dexter 20000 2 Train 300 (150,150,-) Same data as Example1 198.3 MB
Test 2000 (1000,1000,-) with 10053 distractor
Valid. 300 (150,150,-) features

SpamBase 54 2 —– 4601 (1813,2788,-) Sparse BoW data - email 947.8 kB

Ionosphere 34 2 —– 351 (225,126,-) Radar data 45.5 kB

WDBC 30 2 —– 569 (212,357) Breast Cancer Diagnostic 65.1 kB

Wine 13 3 —– 178 (59,71,48) Wine from three cultivar 8.8 kB

FS challenge3. We evaluate on the validation set, since the labels for the test set
are not publicly available; the results on the validation set correlate well with
the results on the test set [3]. In the SpamBase dataset, we have used the first 54
features, which constitute a BoW. The Ionosphere, WDBC, and Wine datasets
have non-sparse data, being quite different from BoW data.

4.2 Bit Allocation and Discretization Results

We compare the bit allocation results for each feature, using EFB and our FD
step described in subsection 3.1. In both cases we consider q = 16. The EFB
method stops allocating bits at iteration j, leading to bj , j ∈ {1, . . . , q} bits
for feature i, when the discretized feature entropy Hj(Xi) exceeds 99% of the
maximum possible entropy, that is, it stops at j bits, with Hj(Xi) > 0.99bj.
Our FD step uses Δ = 0.01var(xi). Table 2 shows the FD results as well as the
amount of memory needed to represent these datasets.

For sparse data and high dimensional datasets, such as Example1, Dexter,
and SpamBase datasets, our FD step usually allocates much less bits than the
EFB method. On non-sparse data, they tend to allocate comparable number
of bits, depending on the statistic of each feature. The EFB method allocates
less bits solely on the WDBC and Wine datasets. Notice that the FD step with
q = 16 never uses more than 5 bits per feature.

4.3 Test Set Error Rate

We assess the results of SVM, NB, and KNN (K=3) classifiers on original and
discrete features. The EFB and FD step discretization are carried out under
the same conditions as in Table 2. Table 3 shows the test set error rates on
Ionosphere, WDBC, and Wine datasets, without FS.
3 http://www.nipsfsc.ecs.soton.ac.uk
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Table 2. Minimum, maximum, average and total bits allocated using EFB and our
FD step, up to q=16 bits. EFB stops when the discretized feature entropy exceeds 99%
of its maximum value. FD step uses Δ = 0.01var(Xi). The row corresponding to the
FD method that allocates less bits is underlined. Notice that Mem. has a much smaller
value than the corresponding entry in Table 1.

Dataset EFB FD step

Name p Min. Max. Avg. Total Mem. Min. Max. Avg. Total Mem.

Example1 9947 2 8 7.99 18564 6033300 2 5 2.19 5092 1654900

Dexter 20000 2 16 15.98 82284 26742300 2 4 2.12 10901 3542825

SpamBase 54 2 16 15.74 834 479655 2 4 3.23 171 98347

Ionosphere 34 2 16 7.52 248 10881 2 4 3.64 120 5265
WDBC 30 2 2 2.00 60 4268 4 5 4.17 125 8891

Wine 13 2 16 3.08 40 890 4 4 4.00 52 1157

Table 3. Test set error rate (%) (average of 10 runs) for the Ionosphere, WDBC,
and Wine datasets, using SVM, NB, and KNN (K=3) classifiers without FS. For each
dataset and each classifier, the best result is underlined.

Ionosphere WDBC Wine

Representation SVM NB KNN SVM NB KNN SVM NB KNN

Original (floating point) 9.95 12.94 11.94 4.80 6.60 8.40 1.51 1.24 12.62

EFB-discretized 16.92 30.35 17.41 4.20 6.80 6.00 1.86 1.95 11.37

FD step-discretized 13.43 18.91 16.42 3.60 6.80 4.80 0.98 1.06 2.4

On both WDBC and Wine datasets, our FD step leads to discretized features
such that the test set error rate is lower or equal to that of EFB-discretized or
floating point features. On Ionosphere dataset, both discretization techniques
lead to worse results when compared to the original floating point features.

Fig. 1 shows the test set error rates (average of ten train/test partitions)
for the SpamBase and WDBC datasets with FS methods (including our UFS
step) on floating point, EFB-discretized, and FD step-discretized. The mrMR
method attains better results with the FD-discretization. The FD step + UFS
step attains good results for m ≥ 25, better than the supervised mrMR method.
Our FD step is adequate for discretization with the mrMR method. The KNN
classifier attains adequate results on the WDBC dataset.

Table 4 shows the test set error rate of linear SVM and NB classifiers, on the
SpamBase, WDBC, and Wine datasets, comparing our UFS method with the
supervised FI method and the unsupervised TV method. For each FS algorithm,
we apply our cumulative technique discussed in subsection 3.3 to compute an
adequate number of reduced features by (4), with L = 0.95. We use the floating
point, EFB-discretized, and FD step discretized data.

These results show that our FD method is adequate; it leads to an improve-
ment on the classification accuracy, using the FS methods, as compared with the
same methods applied on the original floating point data. The UFS step leads
to adequate results. The proposed method for computing the number of features
m with L = 0.95 also leads to good results.
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Fig. 1. Test set error rates (%) (average of ten runs) for SpamBase with linear SVM
classifier and WDBC with KNN classifier. FS is performed by our FS step, mrMR
(SpamBase), and FI (WDBC) on floating point, EFB-discretized, and FD Step data.

Table 4. Test Set Error rate (%) (average of ten runs) for the SpamBase, WDBC, and
Wine datasets, for linear SVM and NB, with FS. The number of features m is given
by (4), with L = 0.95. For each dataset and classifier, the best result is underlined.

Dataset Linear SVM Näıve Bayes (NB)
name Float EFB FD step Float EFB FD step

FI TV FI UFS FI UFS FI TV FI UFS FI UFS

SpamBase 12.20 12.20 18.30 19.10 12.30 14.70 15.60 16.00 12.90 13.30 14.30 16.00

WDBC 5.07 7.40 3.80 3.93 4.00 3.87 6.27 12.47 7.07 7.20 6.60 6.67

Wine 2.07 34.93 1.87 26.67 1.20 1.40 2.80 27.00 2.13 23.80 3.27 3.13

5 Conclusions

In this paper, we have proposed a new unsupervised technique for feature dis-
cretization based on the Lloyd-Max algorithm. The proposed algorithm allocates
a variable number of bits for each feature attaining adequate representations for
supervised and unsupervised feature selection methods, with several classifiers.
We have also proposed an efficient unsupervised feature selection technique for
discrete features, as well as a criterion to choose an adequate number of features.

The experimental results on standard datasets with sparse and non-sparse
data indicate that our discretization method usually allocates a small number of
bits per feature; this leads to efficient dataset representation and large memory
savings. The joint use of feature selection method and the criterion to choose the
number of features lead to classification results comparable or superior to other
feature discretization techniques, using several classifiers with different types of
(sparse and non-sparse) data. Future work will address joint feature quantization
as well as the development of a supervised discretization procedure.
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Abstract. In this paper, we propose a methodology for obtaining a
probabilistic ranking of product features from a customer review col-
lection. Our approach mainly relies on an entailment model between
opinion and feature words, and suggest that in a probabilistic opinion
model of words learned from an opinion corpus, feature words must be
the most probable words generated from that model (even more than
opinion words themselves). In this paper, we also devise a new model for
ranking corpus-based opinion words. We have evaluated our approach
on a set of customer reviews of five products obtaining encouraging
results.

Keywords: product feature extraction, opinion mining, entailment
model.

1 Introduction

The Web has become an excellent way of expressing opinions about products.
Thus, the number of Web sites containing such opinions is huge and it is con-
stantly growing. In recent years, opinion mining and sentiment analysis has
been an important research area in Natural Language Processing [7]. Prod-
uct featured extraction is a task of this area, and its goal is to discover which
aspects of a specific product are the most liked or disliked by customers. A
product has a set of components (or parts) and also a set of attributes (or
properties). The word features is used to represent both components and at-
tributes. For example, given the sentence, “The battery life of this camera is
too short”, the review is about the “battery life” feature and the opinion is
negative.

This paper focuses on the feature extraction task. Specifically, given a set of
customer reviews about a specific product, we address the problem of identify-
ing all possible potential product features and ranking them according to their
relevance. The basic idea of our ranking method is that if a potential feature
is valid, it should be ranked high; otherwise it should be ranked low in the fi-
nal result. We believe that ranking is also important for feature mining because
ranking helps users to discover important features from the extracted hundreds
of fine-grained potential features.

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 208–215, 2011.
c© Springer-Verlag Berlin Heidelberg 2011
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The remainder of the paper is organized as follows: Section 2 describes related
work. In Section 3, we explain the proposed methodology. Section 4 presents
and discusses the experimental results. Finally, in Section 5, we conclude with a
summary and future research directions.

2 Related Work

Existing product feature extraction techniques can be broadly classified into two
major approaches: supervised and unsupervised ones.

Supervised product feature extraction techniques require a set of preanno-
tated review sentences as training examples. A supervised learning method is
then applied to construct an extraction model, which is able to identify prod-
uct features from new customer reviews. Different approaches such as Hidden
Markov Models and Conditional Random Fields [12,13], Maximum Entropy [9],
Class Association Rules and Naive Bayes Classifier [14] and other ML approaches
have been employed for this task.

Although the supervised techniques can achieve reasonable effectiveness, pre-
paring training examples is time consuming. In addition, the effectiveness of the
supervised techniques greatly depends on the representativeness of the training
examples. In contrast, unsupervised approaches automatically extract product
features from customer reviews without involving training examples. According
to our review of existing product feature extraction techniques, the unsupervised
approaches seem to be more flexible than the supervised ones for environments
in which various and frequently expanding products get discussed in customer
reviews.

Hu and Liu’s work [6,5] (PFE technique), uses association rule mining based
on the Apriori algorithm [1] to extract frequent itemsets as explicit product fea-
tures. However, this algorithm neglects the position of sentence words. In order
to remove wrong frequent features, two types of pruning criteria were used: com-
pactness and redundancy pruning. The technique is efficient and does not require
the use of training examples or predefined sets of domain-independent extrac-
tion patterns. However, the design principle of PFE technique is not anchored
in a semantic perspective. As a result, it is ineffective in excluding non-product
features and opinion-irrelevant product features. Such limitations greatly limit
its effectiveness. Details about these limitations are presented in [11]. To address
these limitations, Wei et al. [11] proposed a semantic-based product feature ex-
traction technique (SPE) that exploits a list of positive and negative adjectives
defined in the General Inquirer [10] in order to recognize opinion words, and
subsequently to extract product features expressed in customer reviews. Even
when the SPE technique attains better results than previous approaches, both
rely on mining frequent itemsets, with its commented limitations.

Qiu et al. [8] proposed a double propagation method, which exploits certain
syntactic relations between opinion words and features, and propagates them
iteratively. A dependency grammar was adopted to describe relations between
opinion words and features themselves. The extraction rules are designed based
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on these relations. This method works well for medium-size corpora. However,
for large and small corpora, it can result in low precision and low recall [15].
To deal with these two problems, Zhang et al. [15] introduce part-whole and no
patterns to increase the recall. Finally, feature ranking is applied to the extracted
feature candidate in order to improve the precision of the top-ranked candidates.

3 Methodology

In this section we propose a new methodology to extract features from opinion
reviews. It firstly extracts a set of potential features. Then, it defines a translation
model based on words entailments. The purpose is to obtain a probabilistic
ranking of these potential features. Finally, a new model for ranking corpus-
based opinion words is proposed.

3.1 Extraction of Potential Features and Construction of a Basic
Opinion Words List

Potential Features: In this work, we consider a set of potential features defined
as the word sequences that satisfy the following rules:

1. Sequences of nouns and adjectives (e.g. “battery life”, “lcd screen”).
2. When gerund and participle occur between nouns, they are considered as

part of the feature (e.g. “battery charging system”).
3. Let PF1 and PF2 be potential features extracted by applying any of the pre-

vious rules. Let also connector1 = (of, from, at, in, on), and connector2 =
(the, this, these, that, those). If the pattern PF1connector1[connector2]PF2

occurs, then the phrase formed by PF2 concatenated with PF1 is extracted
as a potential feature. For example, “quality of photos” → “photo quality”.

Opinion Words: We construct our own list of basic opinion words. An initial list
was created by the intersection of adjectives from the list proposed by Eguchi and
Lavrenko [3], the synsets of WordNet scored positive or negative in SentiWordNet
[4] and the list of positive and negative words from the General Inquirer. Then,
this initial list was extended with synonyms and antonyms from WordNet 3.0.
Finally, the obtained list was manually checked, discarding those adjectives with
context-dependent polarity. Additionally, some adverbs and verbs with context-
independent polarity were added. The resulting list is formed by 1176 positive
words and 1412 negative words.

3.2 Translation Model for Feature Ranking

In order to rank the set of potential features from customer reviews with vocab-
ulary V = {w1, . . . , wn}, we rely on the entailment relationship between words
given by {p(wi|wj)}wi,wj∈V , where p(wi|wj) represents some posterior probabil-
ity of wi given wj . In this work, we interpret p(wi|wj) as the probability that
wj ∈ V entails word wi ∈ V .



Probabilistic Ranking of Product Features from Customer Reviews 211

In the context of customer reviews, opinion words usually express people
sentiments about features, and therefore they can be seen as feature modifiers.
Thus, in our work we consider that feature words can be successfully retrieved
from the ranking given by the following conditional probability:

p(wi|O) =
∑

w∈V

p(wi|w) · p∗(w|O) (1)

where i ∈ {1, . . . , n} and {p∗(w|O)}w∈V represents a basic language model of
opinion words. The underlying idea is that in a probabilistic opinion model of
words learned from an opinion corpus, feature words must be the most probable
words generated from that model (even more than opinion words themselves),
because of the entailment relationship between opinion and feature words. In
this way, we regard that the probability of including a word w into the class of
feature words F can be defined as:

p(F |w) ∝ p(w|O). (2)

Notice that if we estimate {p(wi|wj)}wi,wj∈V from customer reviews, the
model {p(wi|O)}wi∈V can be seen as a corpus-based model of opinion words
that is obtained by smoothing the basic model {p∗(wi|O)}wi∈V with the transla-
tion model {p(wi|wj)}wi,wj∈V . Accordingly, we can also obtain a ranking
of corpus-based opinion words by using Bayes formula on {p(wi|O)}wi∈V .
That is,

p(O|wi) ∝ p(wi|O)
p(wi)

. (3)

The same analysis can also be applied to features defined by multiword phrases
(e.g. “battery life”, “battery charging system” or “highest optical zoom pic-
ture”). Specifically, the probability of including a phrase s = wi1 . . . wim into the
class of general features F can be defined as:

p(F|s) ∝ p(s|O) = p(wi1 . . . wim |O). (4)

3.3 Probability Density Estimation

The above probabilistic models for retrieving features and corpus-based opinion
words depend on estimations for {p(wi|wj)}wi,wj∈V , {p(wi)}wi∈V and the basic
model of opinion words {p∗(wi|O)}wi∈V .

For estimating {p(wi|wj)}wi,wj∈V we rely on a translation model like that
presented in [2]. Thus, we firstly compute an initial word posterior probability
conditioned on the vocabulary words defined as:

p1(wi|wj) =
p1(wi, wj)

p1(wj)
(5)
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where

p1(wi, wj) ∝
∑

v∈W

p(wi|v) · p(wj |v) · p(v), (6)

p1(wj) =
∑

wi∈V

p1(wj , wi), (7)

and W is the set of all possible word windows of size k that can be formed in each
sentence from the customer reviews. In the experiment carried out in this paper
the best performance is achieved using k = 5. These probabilities are estimated
using p(wi|v) = |v|wi/|v| and p(v) = |W |−1, where |v|wi is the number of times
wi occurs in window v, |v| is the length of v, and |W | is the cardinal of W .

For all wi, wj ∈ V , the probability p1(wi|wj) can be seen as the probability
of translating wj into wi in one translation step. Then, we define p(wi|wj) as
a smoothed version of p1(wi|wj) obtained by generating random Markov chains
between words. Specifically, we define p(wi|wj) as:

p(wi|wj) =
(
(1− α) · (I − α · P1)−1

)

i,j
(8)

where I is the n× n identity matrix, P1 is a n× n matrix whose element Pij is
defined as p1(wi|wj), and α is a probability value that allows the generation of
arbitrary Markov chains between words. In the experiment carried out in this
paper we use α = 0.99, which allows the generation of large chains, and thus a
great smoothing.

Thus, the overall model of words {p(wi)}wi∈V can be estimated from the linear
equation system given by the n variables {p(wi)}wi∈V , and n + 1 equations:

p(wi) =
∑

wj∈V

p(wi|wj) · p(wj) (i ∈ {1, . . . , n}) (9)

∑

wi∈V

p(wi) = 1. (10)

The basic model of opinion words considered in this work is estimated from
the list of basic opinion words described in section 3.1. We consider p∗(wi|O)
defined as the following non-smoothed model:

p∗(wi|O) =

{ 1
|Q| if wi ∈ Q

0 otherwise
(11)

where Q is the set of basic opinion words and |Q| is the size of Q.

4 Experiments

In order to validate our methodology, we have conducted several experiments
on the customer reviews from five products: Apex AD2600 Progressive-scan
DVD player, Canon G3, Creative Labs Nomad Jukebox Zen Xtra 40GB, Nikon
coolpix 4300 and Nokia 6610. The reviews were collected from Amazon.com and
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Table 1. Summary of customer review data set

Apex Canon Creative Nikon Nokia

Number of review sentences 738 600 1705 350 548

CNET.com.1 Table 1 shows the number of review sentences for each product in
the data set. Each review was annotated using the Stanford POS Tagger.2

Firstly, we propose to compare our ranking method with a version of the
method proposed by Zhang et al. [15]. Zhang et al. considered that the impor-
tance of a feature is determined by its relevance and its frequency. In order to
obtain the relevance score of a feature, they apply the HITS algorithm where
potential features act as authorities and feature indicators act as hubs forming a
directed bipartite graph. The basic idea is that if a potential feature has a high
authority score, it must be a highly-relevant feature. If a feature indicator has
a high hub score, it must be a good feature indicator. The final score function
considering the feature frequency is:

score(s) = A(s) · log(freq(s)) (12)

where freq(s) is the frequency of the potential feature s, and A(s) is the author-
ity score of the potential feature s. In our case, an opinion word o co-occurring
with any word wi ∈ s in the same window v is considered as a feature indicator
of s. We are going to consider this method as our baseline.

Table 2. Precision at top N

N
Baseline Our approach

Apex Canon Creative Nikon Nokia Apex Canon Creative Nikon Nokia

50 72.0 92.0 78.0 72.0 86.0 96.0 92.0 80.0 90.0 94.0
100 62.0 78.0 72.0 55.0 67.0 95.0 94.0 82.0 78.0 91.0
150 48.0 61.3 69.3 43.3 52.7 92.0 91.3 82.0 72.0 86.0
200 42.5 54.0 69.5 38.0 49.0 91.0 91.5 81.0 65.0 78.5
250 42.0 54.0 64.4 37.2 46.0 85.6 90.0 80.0 58.4 73.6

The performance of the methods is firstly evaluated in terms of the measure
precision@N , defined as the percentage of valid features that are among the top
N features in a ranked list. In Table 2, we show the obtained results for each N ∈
{50, 100, 150, 200, 250}. As it can be seen, our method consistently outperforms
the baseline for each value of N . Also, it can be appreciated that different from
the baseline, the precision of our rankings do not decrease dramatically when N
is greater than 100.

Secondly, we consider the 11-point interpolated average precision to evaluate
the retrieval performance regarding the recall factor. Figure 1 compares the
obtained curves. It can be seen that even considering the 11-point of recall scores,

1 This customer review data set is available at http://www.cs.uic.edu/~liub/FBS/

CustomerReviewData.zip
2 http://nlp.stanford.edu/software/tagger.shtml
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Fig. 1. 11-point Interpolated Recall-Precision curve for each product. The x-axis rep-
resents different recall levels while y-axis represents the interpolated precision at these
levels.

our approach outperforms the baseline, while also maintains a good precision
through out all recall values.

Finally, as it was explained in Section 3.2, it is possible to obtain a ranking
of corpus-based opinion words (see Equation 3). Table 3 shows the first 15 opin-
ion words obtained for some products together with their relevance value (i.e.,
p(wi|O)/p(wi)). In this table, we bold-faced those words that are not included
in our basic opinion list. The obtained ranking corroborates the usefulness of the
proposal for also retrieving corpus-based opinion words.

Table 3. Fragment of the ranking of corpus-based opinion words obtained for some
products

Relevance Creative Relevance Nokia Relevance Nikon

1.061 helpful 1.219 haggard 1.076 worse
1.057 clock 1.212 mad 1.070 claim
1.050 weighty 1.210 gott 1.069 kind
1.044 biggie 1.205 junky 1.063 internal
1.040 strange 1.202 major 1.059 damage
1.038 unlucky 1.197 bad 1.055 refuse
1.038 flashy 1.197 duper 1.052 cover
1.037 superfluous 1.197 rad 1.026 correct
1.037 evil 1.196 happy 1.023 warranty
1.036 smoothly 1.195 minus 1.022 touchup
1.036 user-friendly 1.193 negative 1.022 alter
1.036 date 1.190 brisk 1.022 redeye
1.036 ounce 1.189 significant 1.010 cost
1.036 ridiculous 1.188 require 1.009 outstanding
1.036 shoddy 1.188 penny 1.008 comfortable

5 Conclusions and Future Work

In this paper, a new methodology for obtaining a probabilistic ranking of product
features from customer reviews has been proposed. The novelty of our approach
relies on modeling feature words from a stochastic entailment model between
opinion and feature words. In addition, a model for obtaining a ranking of corpus-
based opinion words is also proposed. One strong point of our method is that
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it does not depend on any natural language processing except for POS tagging.
The experimental results obtained over a set of customer reviews of five products
validate the usefulness of our proposal. Our future work is oriented to design a
method to cut the ranked list in order to remove those spurious features.
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Abstract. The Graph of Words Embedding consists in mapping every
graph in a given dataset to a feature vector by counting unary and bi-
nary relations between node attributes of the graph. It has been shown
to perform well for graphs with discrete label alphabets. In this paper
we extend the methodology to graphs with n-dimensional continuous
attributes by selecting node representatives. We propose three differ-
ent discretization procedures for the attribute space and experimentally
evaluate the dependence on both the selector and the number of node
representatives. In the context of graph classification, the experimental
results reveal that on two out of three public databases the proposed ex-
tension achieves superior performance over a standard reference system.

1 Introduction

Classically, graph matching has been addressed by graph and subgraph iso-
morphism, which try to define one-to-one correspondences between nodes of
graphs, by means of finding common super- and substructures among the in-
volved graphs, or even by defining distances between instances of graphs. For
the latter, graph edit distance is a commonly used approach since it allows one to
define a measure of similarity between any kind of graphs. This is accomplished
by computing the amount of distortion (in terms of edit operations) needed to
transform one graph into the other. A good reference for graph matching can be
found in [1], where the authors properly define a taxonomy of how to compare
graph instances.

Recently, among the structural pattern recognition researchers, there is an
increasing interest in bridging the gap between the strong representation that
graphs provide and the large repository of algorithms originally developed for
the processing and analysis of feature vectors. To this end, graph embedding into
real vectors spaces is of great attraction, since once a graph is directly associated
to a feature vector, any statistical pattern analysis technique becomes available.
An important work concerning graph embeddings is the one described in [2]. It
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approaches the problems of graph clustering and graph visualization by extract-
ing different features from an eigen-decomposition of the adjacency matrices of
the graphs. Another important graph embedding procedure is explained in [3].
The nodes of the graph are embedded into a metric space and then the edges are
interpreted as geodesics between points on a Riemannian manifold. The problem
of matching nodes to nodes is viewed as the alignment of the point sets. Other
approaches are based on random walks, and particularly, on quantum walks, in
order to embed nodes into a vector space [4]. The embedding is based on the
expected time for the walk to travel from one node to another, the so-called
commute time. Due to its generality, the work in [5] is worth mentioning here.
It classifies and clusters a set of graphs by associating to every input graph a
vector whose components are edit distances to a set of graph prototypes. Finally,
in [6], to solve the problem of molecules classification, the authors associate a
feature vector to every molecule by counting unary and binary statistics in the
molecule; these statistics indicate how many times every atomic element appears
in the molecule, and how often there is a bond between two specific atoms. The
good point of this embedding methodology is that it is both easy to compute
and does not require costly operations.

In this work, instead of working with just molecules, we aim at generalizing
the main embedding technique described in [6] to other graphs. The principal
problem of this generalization is the fact that molecules are attributed graphs
whose attributes are discrete. When dealing with more general graphs - for
instance, when nodes are attributed with n-dimensional vectors - the continuity
of the labels requires a pre-processing step, where some representatives of those
labels have to be selected. This article is thus focused on how to choose the set
of node attribute representatives (also known as vocabulary) when these labels
are n-dimensional continuous attributes, and how the choice of the vocabulary
affects the classification of graphs under this embedding.

First, we give a brief introduction to the embedding procedure we want to
generalize. This is done in the next section. Then, in Section 3, we describe the
techniques that we have used to select node representatives. In Section 4 and 5,
experiments and their results are presented. Finally we draw some conclusions
in Section 6.

2 Graph of Words Embedding

Although the embedding of graphs into vectors spaces provides a way to be able
to apply statistical pattern analysis techniques to the domain of graphs, the
existing methods still suffer from the main drawback that the classical techniques
also did, this is, their computational cost. The Graph of Words Embedding tries
to avoid these problems by just visiting nodes and edges instead of, for instance,
travelling along paths in the graphs or computing, for every adjacency matrix,
the eigen-decomposition. In this section we first briefly explain the motivation
of the technique and then formally define the procedure.
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2.1 Motivation

In image classification, a well-known image representation technique is the so-
called bag of visual features, or just bag of words. It first selects a set of feature
representatives, called words, from the whole set of training images and then
characterizes each image by a histogram of appearing words extracted from the
set of salient points in the image [7].

The graph of words embedding proceeds in an analogous way. The salient
points in the images correspond to the nodes of the graphs and the visual de-
scriptors are the node attributes. Then, one also selects representatives of the
node attributes (words) and count how many times each representative appears
in the graph. This leads to a histogram representation for every graph. Then, to
take profit of the edges in the original graphs, one also counts the frequency of
the relation between every pair of words. The resulting information is combined
with the representative’s histogram in a final vector.

2.2 Embedding Procedure

A graph is defined by the 4-tuple g = (V, E, μ, ν), where V is the set of nodes,
E ⊆ V ×V is the set of edges, μ is the nodes labelling function, assigning labels
to every node and, ν is the edges labelling function, assigning labels to every
edge in the graph. In this work we just consider graphs whose nodes attributes
are real vectors, this is μ : V → R

d and whose edges remain unattributed, this
is, ν(e) = ε for all e ∈ E (where ε is the null label).

Let P be the set of all nodes attributes in a given dataset of graphs G =
{g1, . . . , gM}. From all points in P we derive n representatives, which we shall
call words, in analogy to the bag of words procedure. Let this set of words be
V = {w1, . . . , wn} and be called vocabulary. Then, before assigning a vector to
each graph, we first construct an intermediate graph that will allow us an easier
embedding. This intermediate graph, called graph of words g′ = (V ′, E′, μ′, ν′)
of g = (V, E, μ, ν) ∈ G with respect to V , is defined as:

– V ′ = V
– E′ is defined by: (w, w′) ∈ E′ ⇔ there exists (u, v) ∈ E such that

λ(u) = w and λ(v) = w′

– μ′(w) = | {v ∈ V |w = λ(v)} |
– ν′(w, w′) = | {(u, v) ∈ E | λ(u) = w, λ(v) = w′} |

where λ is the node-to-word assignment function λ(v) = arg minwi∈V d(v, wi),
this is, the function that assigns a node to its closest word.

Once the graph of words is constructed, we easily convert the original graph
into a vector by combining the node and edge information of the graph of words,
this is, by keeping both the information of the appearing words and the relation
between these words. We consider the histogram

φVa (g) = (μ′(w1), . . . , μ′(wn)). (1)
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Fig. 1. Example of the graph of words embedding. The graph on the left is assigned
to the vector on the right by considering the vocabulary V = {R, Y, G, B}. Nodes 1
and 5 are assigned to the R word, 2 and 3 to the B word and 4 to the G word. Note
that none is assigned to the Y word. The histogram of words is considered as well
as the adjacency matrix. The resulting vector is the concatenation of both types of
information.

and a flattened version of the adjacency matrix of the graph of words A = (aij),
with aij = ν′(wi, wj):

φVb (g) = (a11, . . . , aij , . . . , ann), ∀ i ≤ j (2)

The final graph of words embedding is the concatenation of both pieces of infor-
mation, this is,

ϕV(g) = (φVa (g), φVb (g)). (3)

In Figure 1, there is an example of the graph of words procedure for a simple
vocabulary of size equal to 4.

It is clear that the resulting vectors of the embedding heavily depend on the
set of words V ; not only which words are there -this means, how the words have
been selected- but also how many. To study these dependencies is one of the
main objectives of this paper. The next section introduces different methods to
select node attribute representatives.

3 Vocabulary Construction

The fact that we just consider graphs with n-dimensional points as node labels
leaves us with some specific representative selection techniques. Three of them
have been chosen and are described in the following subsections.

Grid selection. The set of all node attributes is P = {p1, . . . , pN}, where for
all i ∈ {1, . . . , N}, pi ∈ R

d. As a first and simple method to select words from P ,
we have divided the parcel of R

d where all points in P lay on by using a regular
grid. Then, each cell on the grid is represented by its centre point. The set of all
cell centres will constitute our grid vocabulary.

Spanning prototypes. The regular grid approach might suffer from outliers
or from a non homogeneous distribution of points over R

d. To try to avoid that,
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we have considered a method that tries to produce representatives by uniformly
picking points all over the range where they actually live. Inspired in the spanning
prototypes selector for the graph embedding in [5], we iteratively construct our
vocabulary by first selecting the median vector of P and then adding at each
iteration the point which is furthest away from the already selected ones.

kMeans algorithm. The last vocabulary selector we have considered is the
very-well known kMeans algorithm [8]. It iteratively builds a set of k cluster
centres by first initializing the k centres with some points, assigning each point
in the set to the closest centre, and then recomputing the centres as the mean of
the set of points assigned to the same cluster. The process finishes when there
are no centre changes between one iteration and the next one.

In our experiments, in order to eliminate the randomness of the initialization,
we have initialized the algorithm by using the spanning prototypes described
before.

4 Experiments

Using the graph of words embedding we want to solve the problem of graph
classification. We use a kNN classifier in conjunction with a χ2 distance [9]. In
this section we describe the databases that have been used and an independent
reference system.

4.1 Databases

In order to ease visualization, we have only carried out experiments on databases
whose attributes are (x, y) points in R

2. We have chosen three different datasets
from the IAM Graph Database Repository [10], describing both synthetic and
real data.

The Letter Database represents distorted letter drawings. From a manually
constructed prototype of every of the 15 Roman alphabet letters that consist
only on straight lines, different degrees of distortions have been applied. Each
ending point of these lines is attributed with its (x, y) coordinates. We have been
working on all levels of distortion (low, medium, high) but will only report those
results for the low level of distortion.

The second graph dataset is the GREC Database, which represents architec-
tural and electronic drawings under different levels of noise. In this database,
intersections and corners constitute the set of nodes. These nodes are attributed
with their position on the 2-dimensional plane.

Finally, the Fingerprint Database consists of graphs that are obtained from
a set of fingerprint images by means of particular image processing operations.
Ending point and bifurcations of the skeleton of the processed images constitute
the (x, y) attributed nodes of the graphs.

4.2 Reference System: Graph Edit Distance

We have considered a reference method that is independent of the whole graph
embedding process, and particularly, to the selection of any representative. In
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(a) Regular grid (b) Spanning prototypes (c) kMeans centres

Fig. 2. Example of the vocabulary selectors for the Letter database. The small crosses
are node attribute points and the bold dots are the corresponding vocabulary entries.
In this experiment, the vocabulary size was chosen equal to 9.

[10], the results of a k-nearest neighbour classifier based on the graph edit dis-
tance are reported, and we use these results to compare the ones obtained with
the described methodology.

5 Results

Ideally, the better the words in the vocabulary adapt themselves to the implicit
clusters of the graph nodes, the better the embedding of graphs by means of
the graph of words technique will perform to solve the problem of graph classi-
fication. In Figure 2, we show an example of the vocabularies obtained from the
three selectors of Section 3. Here the vocabulary size was defined equal to 9. For
the Letter database, it can be seen that with the kMeans algorithm, the words
better adapt to the clusters that are implicitly distributed over the range of node
attributes than under the regular grid and the spanning prototype procedures.

As we already said, not only the selection of representatives for our vocabu-
laries is an important issue to investigate, but also how many of these words are
selected. In Figure 3, we show, for every dataset and every vocabulary selector,
the accuracy rates of the classification on the validation set as a function of the
number of selected words.

From this set of figures, we can see that the kMeans algorithm is in the Letter’s
and the GREC’s case working better than the other two selectors, while for the
Fingerprint database it is the other way around. This seems to be due to the
distribution of the node attributes over the plane for the Fingerprint graphs.
This distribution is almost a regular grid and this makes the kMeans algorithm
to learn clusters that might not correspond to the actual ones.

An interesting fact to comment on here is the rapid decrease of the perfor-
mance in the Fingerprint database when the number of words in the vocabulary
is increasing. Obviously, this situation is not occurring for the Letter and GREC
cases. A small vocabulary in the graph of words configuration is describing
global relations among the nodes of the original graphs, while a larger one would
be describing local characteristics. In case of the Fingerprint graphs, the local
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Fig. 3. Accuracy rates on the validation set as a function of the number of selected
words in the vocabulary. Every different color in each figure represents a different
vocabulary selector.

Table 1. Results on the test set for the reference system (kNN based on graph edit
distance) and the grid vocabulary, the spanning selector and kMeans algorithm. The
accuracy rates (AR) are shown in %. The number of words in the vocabulary of the
best configuration on the validation set is shown in the vocabulary size (VS) column.
Bold face numbers indicate a higher performance over the other systems.

Letter GREC Fingerprint

AR VS AR VS AR VS

Grid selector 98 9 95.2 64 78.5 25
Spanning prototypes 97.8 27 96 99 77.6 3
kMeans 98.8 36 97.5 81 77.7 18

kNN classifier based on GED 99.6 - 95.5 - 76.6 -

connectivity between nodes is less important since the category of a fingerprint
is determined by its general shape and, therefore, with less words the accuracy
of the classifier is higher.

Finally, in Table 1, we show the results on the test set using the best configura-
tion on the validation set. It does not seem to be a general rule by which we could
say that one selector is better than another. However, the kMeans algorithm gets
better results than the two other ones in two out of the three databases. It is also
worth noticing that, for the GREC and Fingerprint datasets, the graph of words
embedding is superior over the classification in the graph domain by means of
the graph edit distance, while being computationally cheaper.

6 Conclusions

In this article we have extended the graph of words embedding approach to the
case of graphs with n-dimensional vectors as nodes attributes and unlabelled
edges. We have proposed three strategies for node representative selection and
have experimentally evaluated their performance in the context of graph classi-
fication. Results have shown that the selector should, in general, adapt properly
to the inherent clusters of the node attributes and it turns out that in two out
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of three public databases the proposed method performs better than a standard
reference classifier. In addition, the described methodology is computationally
cheaper than such a reference system.

There are still several open problems to tackle under this framework. First of
all, other space discretization techniques would certainly reveal more properties
about the dependence of the graph of words technique to the vocabulary selec-
tion. Along this line, the methodology could also be extended to the use of fuzzy
clustering techniques, where not just a discrete assignment of every node in the
graph is described but a more flexible assignment is used, in terms of continuous
degrees of membership.

The experiments that have been carried out in this article are restricted to
a specific kind of graphs, whose node attributes are 2-dimensional vectors and
edges remain unlabelled. The authors are currently working on the use of more
general graphs with n-dimensional vectors as node attributes and labelled edges.

References

1. Conte, D., Foggia, P., Sansone, C., Vento, M.: Thirty years of graph matching in
pattern recognition. International Journal of Pattern Recognition and Artificial
Intelligence 18(3), 265–298 (2004)

2. Luo, B., Wilson, R.C., Hancock, E.R.: Spectral embedding of graphs. Pattern
Recognition 36(10), 2213–2230 (2003)

3. Robles-Kelly, A., Hancock, E.R.: A Riemannian approach to graph embedding.
Pattern Recognition 40(3), 1042–1056 (2007)

4. Emms, D., Wilson, R.C., Hancock, E.R.: Graph Embedding using a Quasi-
Quantum Analogue of the Hitting Times of Continuous Time Quantum Walks.
Quantum Information and Computation 3-4(9), 231–254 (2009)

5. Riesen, K., Bunke, H.: Graph Classification and Clustering Based on Vector Space
Embedding. World Scientific, Singapore (2010)

6. Gibert, J., Valveny, E., Bunke, H.: Graph of Words Embedding for Molecular
Structure-Activity Relationship Analysis. In: Bloch, I., Cesar Jr., R.M. (eds.)
CIARP 2010. LNCS, vol. 6419, pp. 30–37. Springer, Heidelberg (2010)

7. Dance, C., Willamowski, J., Fan, L., Bray, C., Csurka, G.: Visual categorization
with bags of keypoints. In: ECCV International Workshop on Statistical Learning
in Computer Vision, pp. 1–22 (2004)

8. Jain, A., Murty, M., Flynn, P.: Data Clustering: A review. ACM Computing Sur-
veys 31(3), 264–323 (1999)

9. Cha, S., Srihari, S.N.: On measuring the distance between histograms. Pattern
Recognition 35(6), 1355–1370 (2002)

10. Riesen, K., Bunke, H.: IAM Graph Database Repository for Graph Based Pattern
Recognition and Machine Learning. In: da Vitoria Lobo, N., Kasparis, T., Roli, F.,
Kwok, J.T., Georgiopoulos, M., Anagnostopoulos, G.C., Loog, M. (eds.) S+SSPR
2008. LNCS, vol. 5342, pp. 287–297. Springer, Heidelberg (2008)



Feature Selection in Regression Tasks Using Conditional
Mutual Information�

Pedro Latorre Carmona1, José M. Sotoca1, Filiberto Pla1,
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Abstract. This paper presents a supervised feature selection method applied to
regression problems. The selection method uses a Dissimilarity matrix originally
developed for classification problems, whose applicability is extended here to re-
gression and built using the conditional mutual information between features with
respect to a continuous relevant variable that represents the regression function.
Applying an agglomerative hierarchical clustering technique, the algorithm se-
lects a subset of the original set of features. The proposed technique is compared
with other three methods. Experiments on four data-sets of different nature are
presented to show the importance of the features selected from the point of view
of the regression estimation error (using Support Vector Regression) considering
the Root Mean Squared Error (RMSE).

Keywords: Feature Selection, Regression, Information measures, Conditional
Density Estimation.

1 Introduction

Feature selection aims at reducing the dimensionality of data. It consists of selecting the
most relevant features (attributes) among the set of original ones [12]. This step is cru-
cial for the design of regression and classification systems. In this framework, the term
relevant is related to the impact of the variables on the prediction error of the variable
to be regressed (target variable).The relevant criterion can be based on the performance
of a specific predictor (wrapper method), or on some general relevance measure of the
features for the prediction (filter method). Wrapper methods may have two drawbacks
[19]: (a) they can be computationally very intensive; (b) their results may vary accord-
ing to initial conditions or other chosen parameters. On the other hand, filter methods
allow sorting features independently of the regressor. Eventually, embedded methods
try to include the feature selection as a part of the regression training process. In order
to tackle the combinatorial search problem to find an optimal subset of features, the
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most popular variable selection methods seek to avoid having to perform an exhaustive
search applying forward, backward or floating sequential schemes [9][16].

This paper presents a (filter type) feature clustering-based method aiming at finding a
subset of features that minimizes the regression error. To do this, the conditional mutual
information will be estimated to define a criterion of distance between features. This
distance has already been used in [18] for feature selection in classification tasks. Thus,
the main contribution of this paper is to establish a methodology to properly solve
the estimation of this distance for regression problems where the relevant variable is
continuous, through the assessment of the conditional mutual information.

The organization of the rest of this paper is as follows. Section 2 gives an overview
of the theoretical foundations of this distance and solves its estimation in regression
problems. Section 3 describes the experiments carried out, the databases used and the
other feature selection methods in regression used in the comparison. Section 4 presents
and discusses the regression results obtained. Finally, some concluding remarks are
depicted in Section 5.

2 Feature Selection for Regression

2.1 The Minimal-Relevant-Redundancy Criterion Function

Sotoca et al show in [18] that if X̃ = (X̃1, . . . , X̃m) is a subset of m random variables
out of the original set of n random variables X = (X1, . . . , Xn), that is, X̃ ⊂ X, then,
the decrease in mutual information about a relevant variable Y can be expressed as
I(X; Y )− I(X̃;Y ) = I(X; Y/X̃). They also show that the decrease of mutual informa-
tion of the original and the reduced sets with respect to the relevant variable Y is upper
bounded by I(X;Y )−I(X̃; Y ) ≤ 1

m

∑n
i=1

∑m
j=1 I(Xi;Y/X̃j), where I(Xi;Y/X̃j) is

the conditional mutual information between the feature Xi and the cluster representa-
tive X̃j and expresses how much information variable Xi can predict about the relevant
variable Y that X̃j cannot. This bound can be interpreted as a Minimal Relevant Redun-
dancy - mRR criterion, meaning that the selected features will tend to be as independent
as possible with respect to the information content of the relevant variable Y they are
attempting to predict.

One way to find a solution to the minimization problem is to approximate this bound
by a clustering process, where X̃ = (X̃1, . . . , X̃m) are the representative features of
each cluster. To solve this problem, given two variables Xi and Xj , the following func-
tion satisfies the properties of a metric distance:

D(Xi, Xj) = I(Xi; Y/Xj)+I(Xj;Y/Xi) = H(Y/Xi)+H(Y/Xj)−H(Y/Xi, Xj)
(1)

The same metric will be considered here, using an agglomerative hierarchical ap-
proach based on a Ward’s linkage method [20]. The number of groups is reduced at
each iteration until m clusters are reached. For each resulting cluster, Cj , its repre-
sentative feature X̃j is chosen as the feature Xj with the highest value of the mutual
information with respect to the continuous relevant variable Y , that is,

X̃j = {Xj ∈ Cj ; I(Xj ; Y ) ≥ I(Xi;Y ); ∀Xi ∈ Cj} (2)
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2.2 Estimation of the Conditional Mutual Information for Regression Tasks

Given a set of N n-dimensional training samples (xk , yk), k = 1, . . . , N defined by the
set of variables (features) X = (X1, . . . , Xn) where there is a dependency yk = f(xk),
and for which a specific regressor can be applied, the conditional differential entropy
H(Y/X) can be written as [1]:

H(Y/X) = −
∫

p(x, y) log p(y/x)dxdy (3)

Considering that the joint probability distribution, p(x, y) can be approximated by
the empirical distribution [15]: p(x, y) = 1

N
·∑N

k=1 δ(x − xk, y − yk), where δ(x −
xk, y − yk) is the Dirac delta function, and substituting p(x, y) into Eq. 3, we have:

H(Y/X) = − 1
N
·

N∑

k=1

log p(yk/xk) (4)

Calculating Eq. 4 for one and for all pairs of two variables Xi, Xj , and substituting in
Eq. 1, the Dissimilarity matrix of distances D(Xi, Xj) can be obtained.

The assessment of p(y/x) in Eq.4 is usually called Kernel Conditional Density Esti-
mation (KCDE). This is a relatively recent active area of research that basically started
with the works by Hyndman et al [8], among others. One way to obtain p(y/x) is to
use a (training) dataset (xk , yk) and a Nadaraya-Watson type kernel function estimator,
as in [7], considering only the yk training values that are paired with values xk:

p̂(y/x) =
∑

k Kh1(y − yk) ·Kh2(‖x− xk‖)∑
k Kh2(‖x− xk‖) (5)

where Kh is a compact symmetric probability distribution function, for instance, a gaus-
sian kernel. In this case:

Kh(x) =
1

(2π)
n
2 hn|Σ| 12 · exp

(

−xT Σ−1x
2h2

)

(6)

where Σ is a covariance matrix of a n-dimensional vector, x. There are two bandwidths,
h1 for the y kernel and h2 for the x kernel. The accuracy in the estimation of the
conditional density functions is dependent on the assessment of the (h1, h2) parameters.
The most common way to establish this accuracy would be the Mean Integrated Square
Error [17] which can be defined (in this case) as:

MISE(h1, h2) =
∫

[p(y/x)− p̂(y/x)]2 dyp(x)dx (7)

However, the following cross-validated log-likelihood defined in [7] will be used here
because of its lower computational requirements:

L(h1, h2) =
1
N

∑

k

log(p̂(−k)(yk/xk) · p̂(−k)(xk)) (8)

where p̂(−k) means p̂ evaluated with (xk, yk) left out. p̂(x) is the standard kernel density
estimate over x using the bandwidth h2 in Eq. 5. It can be shown that maximizing
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the KCDE likelihood is equivalent to minimizing the MISE criterion. Substituting the
Watson-Nadaraya type kernels into the L(h1, h2) [7]:

L(h1, h2) =
1

N

∑

k

log

⎡

⎣

(∑
j �=k Kh1(yk − yj)Kh2(‖xk − xj‖)

∑
j �=k Kh2 (‖xk − xj‖)

)

·
⎛

⎝
∑

j �=k

Kh2(‖xk − xj‖)
N − 1

⎞

⎠

⎤

⎦

=
1

N

∑

k

log

(∑
j �=k Kh1 (yk − yj)Kh2 (‖xk − xj‖)

N − 1

)

(9)

3 Experimental Validation

3.1 Methods

The proposed method, hereafter called MIDist, would consist of the steps described
in Algorithm 1. Other three methods were used and compared to the method proposed
here.

• Monteiro et al method [13] based on a Particle Swarm Optimization (PSO) strategy
[10] (Particle-Swarms Feature Selection, PS − FS). It is a Wrapper-type method
to make feature selection using an adaptation of an evolutionary computation tech-
nique developed by Kennedy and Eberhart [10]. For further details, see [13].

• Forward Stepwise Regression (FSR). Consider a linear regression model. The sig-
nificance of each variable is determined from its t-statistics with the null hypothesis
that the correlation between y and Xi is 0. The significance of factors is ranked us-
ing the p-values (of the t-statistics) and with this order a series of reduced linear
models is built.

• Elastic Net (EN ). It is a sparsity-based regularization scheme that simultaneously
does regression and variable selection. It proposes the use of a penalty which is
a weighted sum of the l1−norm and the square of the l2−norm of the coefficient
vector formed by the weights of each variable. For further details, see [21].

3.2 Dataset Description

Four datasets were used to test the feature selection methods, divided into three groups:

• Hyperspectral datasets. Two hyperspectral datasets corresponding to a Remote Sens-
ing campaign (SEN2FLEX2005, [14]) were used.

1. CASI-THERM. It consists of the reflectance values of image pixels that were
taken by the Compact Airborne Spectrographic Imager (CASI) sensor [14].
Corresponding thermal measurements for those pixels were also performed.
The CASI sensor images are formed by 144 bands between 370 and 1049nm.

2. CASI-AHS-CHLOR. It consists of the reflectance values of image pixels that
were taken by the CASI and Airborne Hyper-spectral Scanner (AHS) [14]
sensors. Corresponding chlorophyll measurements for those pixels were also
performed. AHS images consist of 63 bands between 455 and 2492 nm.
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1. Kernel width estimation. Obtain, for each pair and tuple (Y ; Xi) and (Y ; Xi, X̃j), the pair
of parameters (h1, h2) that minimize L(h1, h2) (Eq. 9).

2. Kernel Density Estimation. Obtain the Watson-Nadaraya type Kernel Density estimators
Kh1(y − yk) and Kh2 (‖x− xk‖) applying Eq. 6

3. Assessment of the A-Posterior Probabilities. Estimate p̂(y/x) as p̂(y/x) ←
∑

k Kh1 (y−yk)·Kh2 (‖x−xk‖)
∑

k Kh2 (‖x−xk‖) .

4. Estimation of the Conditional Entropies. Obtain, for each variable X = Xi and ev-
ery possible combination X = (Xi, X̃j) the Conditional Entropies: H(Y/X) ← − 1

N
·

∑N
k=1 log p(yk/xk).

5. Construction of the Dissimilarity Matrix D(Xi, X̃j). Obtain D(Xi, Xj) =
I(Xi; Y/Xj) + I(Xj ;Y/Xi) = H(Y/Xi) + H(Y/Xj)−H(Y/Xi, Xj)

6. Clustering. Application of a Hierarchical Clustering strategy based on Ward’s linkage
method to find clusters in D(Xi, X̃j). The number of clusters is determined by the num-
ber of variables to be selected.

7. Representative selection. For each cluster the variable with the highest value of the mutual
information with respect to the continuous relevant variable Y is selected.

Algorithm 1. Selection of variables using Mutual Information based measures

• Bank32NH. It consists of 8192 cases, 4500 for training and 3692 for testing, with
32 continuous variables, corresponding to a simulation how bank-customers choose
their banks. It can be found in the DELVE Data Repository.

• Boston Housing. Dataset created by D. Harrison et al [6]. It concerns the task of
predicting housing values in areas of Boston. The whole dataset consists of 506
cases and 13 continuous variables. It can be found in the UCI Machine Learning
Repository.

4 Results and Discussion

One (h1, h2) kernel width pair was obtained for each (yk,xk) pair, applying an Active
Set method [5] for non-linear multi-variable optimization with constraints. The starting
values were fixed at: h1,0 = h2,0 = 1

2 log(N)
, as in [11], and the lower and upper bounds

at [hi,m, hi,M ] = [0.1 · hi,0, 10 · hi,0], i = 1, 2. For the assessment of p(y/x) when
x = (Xi, Xj), the covariance matrix considered was diagonal: Σ = diag(σ2

i , σ2
j ),

where σ2
i and σ2

j are the variance value of variables i and j, respectively, for the training
set. For the selection of the variable that represents a cluster, Eq.2 was applied.

Support Vector Regression (SV R) [2] with a radial (gaussian) basis function was
used for regression, and the Root Mean Squared Error (RMSE) as the performance
criterion. For each one of the four datasets, an exhaustive grid search using equally
spaced steps in the logarithmic space of the tuning SV R parameters (C, ε, σ) was made
to select and fix the best parameters for each one of these datasets. A 10-fold cross-
validation strategy was used to obtain the RMSE error on the Boston Housing dataset.

Figure 1 shows the RMSE error given by the SVR method for the four datasets and
the first 20 variables selected (13 variables for Boston Housing) by each one of the vari-
able selection methods tested. Tables 1 to 3 show the RMSE Error over the first 5,
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Table 1. RMSE Error over the first 5 variables. (+ = positive), (− = negative).

Database MIDist PS−FS FSR EN Friedman Test Quade Test
CASI-AHS-CHLOR 2.9160 3.1266 4.5636 3.3524 6.53 (-) 7.24 (+)
CASI-THERM 3.3267 3.3892 3.6425 3.4381 0.08 (-) 0.02 (-)
Bank32NH 0.0961 0.0953 0.0950 0.0950 0.48 (-) 1.03 (-)
Boston Housing 4.4270 4.3702 4.8016 4.6252 1.43 (-) 1.44 (-)
Average 2.6914 2.7454 3.2757 2.8777

Table 2. RMSE Error over the first 10 variables. (+ = positive), (− = negative).

Database MIDist PS−FS FSR EN Friedman Test Quade Test
CASI-AHS-CHLOR 2.3970 2.5448 4.1506 2.8153 28.04 (+) 20.73 (+)
CASI-THERM 3.1912 3.2866 3.3585 3.2501 1.17 (-) 0.93 (-)
Bank32NH 0.0930 0.0913 0.0910 0.0913 4.14 (-) 6.21 (+)
Boston Housing 4.2035 4.3264 4.7022 4.8756 6.73 (+) 5.98 (+)
Average 2.4712 2.5623 3.0756 2.7581

Table 3. RMSE Error over the first 15 variables (13 for Boston Housing). (+ = positive), (− =
negative).

Database MIDist PS−FS FSR EN Friedman Test Quade Test
CASI-AHS-CHLOR 2.1964 2.2922 3.7828 2.5497 49.13 (+) 30.43 (+)
CASI-THERM 3.2055 3.2771 3.3027 3.2308 2.17 (-) 1.68 (-)
Bank32NH 0.0920 0.0908 0.0905 0.0907 1.21 (-) 7.71 (+)
Boston Housing 4.3171 4.5162 4.7995 4.9491 7.84 (+) 8.08 (+)
Average 2.4517 2.5436 2.9950 2.7051

10 and 15 variables (13 variables for Boston Housing) for all the methods and datasets
selected. Friedman and Quade Tests [3], [4] were applied on the results with a confi-
dence level of p = 0.005. The Fisher distribution critical value for the four methods
and over the first 5, 10 and 15 variables (13 for Boston Housing) was set up, obtain-
ing F (3, 12) = 7.20, F (3, 27) = 5.36, F (3, 42) = 4.94. The differences in RMSE
ranked for the four methods are not significant for the first 5 features, but they are for
10 to 15 features. Thus, the difference between the methods increases with the number
of selected features, although in the case of CASI-THERM database the statistical tests
are not significant.

The proposed method, MIDist, obtains better performance with respect to the rest
of methods for all the cases (5, 10 and 15 variables) for the CASI-AHS-CHLOR and
CASI-THERM datasets and for two out of the three (10 and 13 variables) for the Boston
Housing dataset. PS−FS method is the second best one in most cases followed by
the EN method, while FSR behaves worst. When averaging each method over the four
databases, MIDist obtains lower values in the three tables.

The selection of the first one and the first two variables is better for MIDist compared
to the rest of the methods. In this case, the clustering strategy plays an important role in
the formation of different groupings of features, obtaining better results than a greedy
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Fig. 1. RMSE Error using SV R for the CASI-AHS-CHLOR, Boston Housing, CASI-THERM
and Bank32NH datasets, respectively. The first point in the (1 : i) line for Boston Housing is not
shown because it is of the order of ∼ 2000.

selection algorithm as is the case of FSR. In the cases of PS−FS and EN methods the
possible advantage of our method consists in a proper adjustment of the parameters
from Nadaraya−Watson function estimator and its use through a distance metric in
feature space that takes into account the internal relationships between features.

5 Conclusions

This paper presents a filter-type method to do feature selection for regression, using
a Dissimilarity matrix based on conditional mutual information measures. This matrix
is an extension for continuous variables of a Dissimilarity matrix used by Sotoca et al
in [18] for classification. The method is compared against three other methods on four
datasets of different nature, using the RMSE Error given by the SVR technique. Au-
thors are currently working on the performance analysis with other types of regressors
and datasets and analyzing the effect of noise in the data on the performance of the
selection strategy.
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Abstract. A common approach for solving multi-label classification
problems using problem-transformation methods and dichotomizing clas-
sifiers is the pairwise decomposition strategy. One of the problems with
this approach is the need for querying a quadratic number of binary
classifiers for making a prediction that can be quite time consuming, es-
pecially in classification problems with large number of labels. To tackle
this problem we propose a Dual Layer Voting Method (DLVM) for ef-
ficient pair-wise multiclass voting to the multi-label setting, which is
related to the calibrated label ranking method. Five different real-world
datasets (enron, tmc2007, genbase, mediamill and corel5k) were used to
evaluate the performance of the DLVM. The performance of this voting
method was compared with the majority voting strategy used by the cal-
ibrated label ranking method and the quick weighted voting algorithm
(QWeighted) for pair-wise multi-label classification. The results from the
experiments suggest that the DLVM significantly outperforms the con-
current algorithms in term of testing speed while keeping comparable or
offering better prediction performance.

Keywords: Multi-label classification, calibration label, calibrated label
ranking, voting strategy.

1 Introduction

The problem of traditional single-label classification is concerned with learning
from examples each of which is associated with a single label λi from a finite set
of disjoint labels L = {λ1, λ2, ..., λQ}, Q > 1. If Q = 2, then the learning problem
is called a binary classification problem, while if Q > 2, we are talking about a
multi-class classification problem. On the other hand, multi-label classification
is concerned with learning from a set of examples each of which is associated
with a set of labels Y ⊆ L i.e each example can be a member of more than one
class.

A common approach to address the multi-label classification problem is uti-
lizing class binarization methods, i.e. decomposition of the problem into several
binary subproblems that can then be solved using a binary base learner. The
simplest strategy in the multi-label setting is the one-against-all strategy also
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referred to as the binary relevance method. It addresses the multi-label classifi-
cation problem by learning one classifier (model) Mk (1 ≤ k ≤ Q) for each class,
using all the examples labeled with that class as positive examples and all other
(remaining) examples as negative examples. At query time, each binary classifier
predicts whether its class is relevant for the query example or not, resulting in
a set of relevant labels.

Another approach for solving the multi-label classification problem using bi-
nary classifiers is pair-wise classification or round robin classification [1][2]. Its
basic idea is to use Q ∗ (Q− 1) /2 classifiers covering all pairs of labels. Each
classifier is trained using the samples of the first label as positive examples and
the samples of the second label as negative examples. To combine these clas-
sifiers, the pair-wise classification method naturally adopts the majority voting
algorithm. Given a test instance, each classifier delivers a prediction for one of
the two labels. This prediction is decoded into a vote for one of the labels. After
the evaluation of all Q ∗ (Q− 1) /2 classifiers the labels are ordered according to
their sum of votes. To predict only the relevant classes for each instance a label
ranking algorithm is used.

Brinker et al. [3] propose a conceptually new technique for extending the com-
mon pair-wise learning approach to the multi-label scenario named calibrated
label ranking (CLR). The key idea of calibrated label ranking is to introduce an
artificial (calibration) label λ0, which represents the split-point between relevant
and irrelevant labels. The calibration label λ0 is assumed to be preferred over
all irrelevant labels, but all relevant labels are preferred over it. At prediction
time (when majority voting strategy is usually used), one will get a ranking over
Q + 1 labels (the Q original labels plus the calibration label).

Besides the majority voting that is usually used strategy in the prediction
phase of the calibrated label ranking algorithm, Park et al. [4] propose an-
other more effective voting algorithm named Quick Weighted Voting algorithm
(QWeighted). QWeighted computes the class with the highest accumulated vot-
ing mass avoiding the evaluation of all possible pair-wise classifiers. An adapta-
tion of QWeighted to multi-label classification (QWeightedML) [5] is to repeat
the process while all relevant labels are not determined i.e. until the returned
class is the artificial label λ0, which means that all remaining classes will be
considered to be irrelevant.

In this paper we propose an efficient Dual Layer Voting Method (DLVM) that
modifies the majority voting algorithm for calibrated label ranking technique
[6]. We have evaluated the performance of this algorithm on a selection of multi-
label datasets that vary in terms of problem domain, number of labels and
label cardinality. The results demonstrate that our modification outperforms
the majority voting algorithm for calibrated label ranking algorithm [6] and the
QWeightedML [5] algorithm in terms of testing speed, while keeping comparable
prediction results.

For the readers’ convenience, in Section 2 we will introduce the Dual Layer
Voting Method. Section 3 presents the computational complexity of DLVM
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comparing to CLR. The experimental results that compare the performance of
the proposed DLVM with concurrent methods are presented in Section 4. Section
5 gives a conclusion.

2 Dual Layer Voting Method (DLVM)

Conventional pair-wise approach learns a model Mij for all combinations of labels
λi and λj with 1 ≤ i < j ≤ Q. This way Q∗(Q− 1) /2 different pair-wise models
are learned. The main disadvantage of this approach is that in the prediction
phase a quadratic number of base classifiers (models) have to be consulted for
each test example.

As a result of introducing the artificial calibration label λ0 in the calibrated
label ranking algorithm [6], the number of the base classifiers is increased by Q
i.e. additional set of Q binary preference models M0k (1 ≤ k ≤ Q) is learned. The
models M0k that are learned by a pair-wise approach to calibrated ranking, and
the models Mk that are learned by conventional binary relevance are equivalent.

The binary relevance models Mk (1 ≤ k ≤ Q) almost always have bigger time
complexity than pair-wise models Mij (1 ≤ i < j ≤ Q) because they are learned
with all the examples from the training set, while the pair-wise models Mij are
learned only with the examples labeled with labels λi and λj . In standard voting
algorithm for the calibrated label ranking method each test example needs to
consult all the models (classifiers) Mk (1 ≤ k ≤ Q) and Mij (1 ≤ i < j ≤ Q)
in order to rank the labels by their order of preference. As a result of increased
number of classifiers the CLR method leads to more accurate prediction but
also leads to slower testing time and bigger computational complexity especially
when the number of the labels in the problem is big.

In this paper we propose an efficient Dual Layer Voting Method (DLVM) for
multi-label classification that is related to the CLR algorithm [6]. It reduces the
number of base classifiers that are needed to be consulted in order to make a final
prediction for a given test example. This method leads to an improvement in
recognition speed, while keeping comparable or offering better prediction results.

The architecture of the DLVM is organized in two layers (Figure 1). In the first
layer Q classifiers are located, while in the second layer there are Q ∗ (Q− 1)/2
classifiers. The classifiers in the first layer are binary relevance models M0k, while
the pair-wise models Mij are located in the second layer of the architecture. Each
model M0k from the first layer is connected to Q−1 models Mij from the second
layer, where k = i or k = j (1 ≤ i ≤ Q− 1, i + 1 ≤ j ≤ Q).

In the prediction phase, each model M0k tries to determine the relevant labels
for the corresponding test example. Each model M0k gives the probability (the
output value of the model M0k is converted to probability) that the test example
is associated with the label λk. If that probability is appropriately small (under
some predetermined threshold), we can conclude that the artificial calibration
label λ0 is preferred over the label λk i.e. the label λk belongs to the set of
irrelevant labels. In such case, one can conclude that for the corresponding test
example, the pair-wise models of the second layer Mij where i = k or j = k,
need not be consulted, because the binary relevance model M0k from the first
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Fig. 1. Architecture of the DLVM

layer has suggested that the label λk belongs to the set of irrelevant labels. For
each test example for which it is known that the label λk belongs to the set
of irrelevant labels, the number of pair-wise models that should be consulted
decreases for Q− 1.

In order to decide which labels belong to the set of the irrelevant labels i.e.
which pair-wise models Mij from the second layer do not have to be consulted
a threshold t (0 ≤ t ≤ 1) is introduced. In our experiments the value of the
threshold t was determined by cross-validation.

As previously described, every test example first consults all binary relevance
models M0k of the first layer. The output value of each corresponding model
M0k (1 ≤ k ≤ Q) is converted to probability and compared to the threshold t.

– If the prediction probability is above the threshold, the test example is for-
warded to all the models Mij of the second layer of the architecture of the
DLVM that are associated to the model M0k.

– If the prediction probability is under the threshold, the test example is not
forwarded to any model of the second layer.

Observed from the side of the pair-wise models and considering the prediction
probabilities of the binary relevance models of the first layer, three distinct cases
in the voting process of each pair-wise model of the second layer can appear:

1. The prediction probabilities of both binary relevance models M0i and M0j

that are connected to the pair-wise model Mij are above the threshold t.
2. The prediction probability of only one of the binary relevance models (M0i

or M0j) is above the threshold t.
3. The prediction probabilities of the binary relevance models M0i and M0j are

both under the threshold t.

In the first case the model Mij is consulted and its prediction is decoded into
a vote for one of the labels λi or λj . In the second case, the model Mij is not
consulted and its vote goes directly to the label whose binary relevance model
prediction probability is above the threshold t. In the third case the model Mij is
not consulted and it does not vote at all. Following this approach, each consulted
pair-wise model Mij of the second layer tries to determine which of the labels
(λi or λj) is preferred over the other.
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By increasing the value of the threshold, the number of pair-wise models that
should be consulted decreases. For t = 1 no example is forwarded to the second
layer. On the other hand, for t = 0, for each test example all pair-wise models
of the second layer are consulted.

3 Computational Complexity

The computational complexity of the calibrated label ranking method can be
defined as a sum of the computational complexity of the binary relevance models
and the pair-wise models:

OCLR = OBR + OP (1)

where OBR and OP are the computational complexities of the binary relevance
models and the pair-wise models consequently.

On the other hand, computational complexity of DLVM can be defined as a
sum of computational complexity of the models located in the first layer of the
architecture (OFL) and computational complexity of the models located in the
second layer of the architecture (OSL):

ODLV M = OFL + OSL (2)

The computational complexity of the first layer of the DLVM and the com-
putational complexity of the binary relevance models of the CLR method are
equal (OBR = OFL). The main difference of computational complexity between
CLR and DLVM is in the computational complexity of the pair-wise models of
the CLR and the second layer of DLVM. As noted in the previous section, if the
threshold t = 1 no models of the second layer will be consulted so OSL will be 0
and ODLV M = OFL = OBR. If the threshold t = 0 in the DLV method, all mod-
els of the second layer will be consulted and the number of consulted pair-wise
models becomes Q ∗ (Q− 1)/2 (OSL = OP ). For the threshold values 0 < t < 1,
OSL = r ∗ OP where r is a reduction parameter specific for each multi-label
dataset (0 < r < 1). For a real world problem the reduction parameter r can be
determined as:

r =
amf ∗ (amf − 1)

Q ∗ (Q− 1)
(3)

where amf is the average number of binary relevance models located in the
first layer of DLVM that give a probability that is above the threshold t in the
prediction process. For an ideal case (prediction accuracy of 100% by the binary
relevance models) amf is getting equal to the label cardinality lc (amf = lc)
which is introduced by Tsoumakas et al. [14]. The label cardinality is the average
number of labels per example in a multi-label dataset.

4 Experimental Results

The performance of the proposed method was measured with five different multi-
label evaluation metrics (Hamming loss, one error, coverage, ranking loss and
average precision) proposed in [7] on the problems of recognition of text, video,
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Table 1. Datasets description

Domain #training s. #test s. #features #labels lc

enron text 1123 579 1001 53 3.38
tmc2007 text 21519 7077 49060 22 2.16
genbase biology 463 199 1186 27 1.25
mediamill video 30993 12914 120 101 4.376
corel5k images 4500 500 499 374 3.52

Table 2. The prediction performances of each method for every dataset

Evaluation metrics enron tmc2007 genbase mediamill corel5k

Hamming Loss 0.0476 0.0177 0.0011 0.2082 0.0095
One-error 0.2297 0.0411 0.0 0.4426 0.6740

CLR Coverage 11.519 1.4213 0.5778 321.883 99.57
Ranking Loss 0.0756 0.0065 0.0077 0.1527 0.1106
Avg. Precision 0.7018 0.9630 0.9923 0.4310 0.2918

Hamming Loss 0.0481 0.0263 0.0011 0.2082 0.0095
One-error 0.2262 0.0821 0.0 0.4426 0.6640

QWeightedML Coverage 20.333 2.0333 0.2864 364.8 218.12
Ranking Loss 0.1516 0.0265 0.0012 0.1645 0.2826
Avg. Precision 0.6543 0.9233 0.9950 0.4290 0.2190

Hamming Loss 0.0501 0.0228 0.0011 0.2082 0.0094
One-error 0.2193 0.0631 0.0 0.4429 0.6640
Coverage 14.431 1.7452 0.2864 364.8 172.81
Ranking Loss 0.0969 0.0212 0.0012 0.2045 0.1417

DLVM Avg. Precision 0.6970 0.9342 0.9950 0.4298 0.2870
threshold t 0.03 0.1 0.35 0.015 0.01
amf 18.46 4.93 1.261 27.79 74.24
reduction r 0.117 0.0419 0.00047 0.0737 0.039

Table 3. Testing times of each method for every dataset measured in seconds

enron tmc2007 genbase mediamill corel5k

CLR 605.1 6106.6 0.187 4555.7 84.4
QWeightedML 174.31 2534.3 0.172 2282.6 16.5
DLVM 146.57 1135.8 0.141 456.8 9.85

images and protein function. DLVM is compared with the calibrated label rank-
ing method with majority voting strategy for pair-wise multi-label classification
(CLR) [6] and the QWeightedML algorithm [5].

In our experiments, five different multi-label classification problems were ad-
dressed by each classifying method. The recognition performance and the testing
time were recorded for every method. The problems considered in the experi-
ments include text [11](enron) [12](tmc2007), protein function [13] (genbase),
video [15] (mediamill) and images [16] (corel5k) classification. The complete
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description of the datasets (domain, number of training and test instances, num-
ber of features, number of labels and label cardinality) is shown in Table 1.

The training and testing of the DLVM was performed using a custom de-
veloped application that uses the MULAN library [8] for the machine learning
framework Weka [9]. The LIBSVM library [10] utilizing the SVMs with radial
basis kernel were used for solving the partial binary classification problems for
the enron, tmc2007 and mediamill datasets. The kernel parameter gamma and
the penalty C for the datasets were determined by 5-fold cross validation using
only the samples of the training sets. For the remaining datasets (genbase and
corel5k), the C4.5 decision tree was used for solving the binary classification
problems. For these two datasets, C4.5 was chosen instead of SVM in order to
avoid the computational complexity in the training phase which appeared when
we tried to solve these problems using SVMs. The outputs of the SVM classi-
fiers are converted to probabilities according to [17], while the outputs of the
C4.5 classifiers are already a probabilities [18]. In all classification problems the
classifiers were trained using all available training examples and were evaluated
by recognizing all test examples from the corresponding dataset.

Tables 2 and 3 give the predictive performance and the testing times measured
in seconds of each method applied on each of the datasets. The first column of
the Table 2 describes the methods. The second column describes the evaluation
metrics and the remaining columns show the performance of each method for
every dataset. The last three rows show the values of the threshold t for each
dataset separately, for which the presented results of DLVM are obtained, the
values of the amf and the reduction parameter r. The value of the threshold t
for each dataset was determined by 5-fold cross validation using only the samples
of the training set in order to achieve maximum benefit in terms of prediction
results on testing speed. Table 2 shows that DLVM offers better predictive per-
formance than QWeightedML method in most of the evaluation metrics, while
showing comparable performance to CLR. On the other hand, Table 3 clearly
shows that among the three tested approaches DLVM offers best performance in
terms of testing speed. The results show that for the five treated classification
problems DLVM is 1.5 to 10 times faster than the calibrated label ranking al-
gorithm with majority voting and 20% to 400% faster than the QWeightedML
method. The reduction of the testing time of the DLVM over the CLR becomes
even more notable as the number of labels in the treated classification problem
increases. The experiments showed that for the enron, mediamill and corel5k
datasets with quite big number of labels the testing time of DLVM is four, ten
and eight times shorter compared to CLR, respecively.

5 Conclusion

A Dual Layer Voting Method (DLVM) for efficient pair-wise multiclass vot-
ing to the multi-label setting was presented. The performance of the proposed
method was compared with the calibrated label ranking method with majority
voting strategy for pair-wise multi-label classification and the QWeightedML
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algorithm on five different real-world datasets (enron, tmc2007, genbase, medi-
amill and corel5k). The results show that the DLVM significantly outperforms
the calibrated label ranking method with majority voting and the QWeight-
edML algorithm in term of testing speed while keeping comparable or offering
better prediction performance. DLVM was 1.5 to 10 times faster than calibrated
label ranking algorithm with majority voting and 20% to 400% faster than the
QWeightedML method.
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Abstract. New variations on the application of the passive-aggressive algorithm
to statistical machine translation are developed and compared to previously ex-
isting approaches. In online adaptation, the system needs to adapt to real-world
changing scenarios, where training and tuning only take place when the system
is set-up for the first time. Post-edit information, as described by a given quality
measure, is used as valuable feedback within the passive-aggressive framework,
adapting the statistical models on-line. First, by modifying the translation model
parameters, and alternatively, by adapting the scaling factors present in state-
of-the-art SMT systems. Experimental results show improvements in translation
quality by allowing the system to learn on a sentence-by-sentence basis.

Keywords: on-line learning, passive-aggressive, statistical machine translation.

1 Introduction

Online passive-aggressive (PA) algorithms [4] are a family of margin-based online
learning algorithms that are specially suitable for adaptation tasks where a convenient
change in the value of the parameters of our models is desired after every sample is
presented to the system. The general idea is to learn a weight vector representing a hy-
perplane such that differences in quality also correspond to differences in the margin
of the instances to the hyperplane. The update is performed in a characteristic way by
trying to achieve at least a unit margin on the most recent example while remaining as
close as possible to the current hyperplane.

Different ways to apply the PA framework to statistical machine translation (SMT)
are analised. SMT systems use mathematical models to describe the translation task
and to estimate the probability of translating a source sentence x into a target sentence
y. Recently, a direct modelling of the posterior probability Pr(x | y) has been widely
adopted. To this purpose, different authors [11,8] propose the use of the so-called log-
linear models, where the decision rule is given by the expression

ŷ = argmax
y

M∑

m=1

λmhm(x,y) = argmax
y

λh(x,y) = argmax
y

s(x,y) (1)

where hm(x,y) is a score function representing an important feature for the transla-
tion of x into y, M is the number of models (or features) and λm are the weights
of the log-linear combination. s(x,y) is a score representing how good x translates
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into y. Common feature functions hm(x,y) include different translation models (TM),
but also distortion models or even the target language model. h(·|·) and λ are estimated
by means of training and development sets, respectively.

In order to capture context information, phrase-based models [16] were introduced,
widely outperforming single word models [3]. The main idea is to segment source sen-
tence x into phrases (i.e. word sequences), and then to translate each source phrase
x̃k ∈ x into a target phrase ỹk. Those models were employed throughout this work.

Adjusting both h or λ leads to an important problem in SMT: whenever the text to
be translated belongs to a different domain than the training corpora, translation quality
diminishes significantly [3]. For this reason, the problem of adaptation is very common
in SMT, where the objective is to improve the performance of systems trained and tuned
on out-of-domain data by using very limited amounts of in-domain data.

Adapting a system to changing tasks is specially interesting in the Computer Assisted
Translation (CAT) [2] and Interactive Machine Translation (IMT) paradigms [1], where
the collaboration of a human translator is essential to ensure high quality results. Here,
the SMT system proposes a hypothesis to a human translator, who may amend the
hypothesis to obtain an acceptable translation, and after that expects the system to learn
from its own errors, so that it is not necessary to correct the same error again. The
challenge is then to make the best use of every correction provided by adapting the
system online, i.e. without performing a complete retraining which is too costly.

In this work, the performance of PA with two adaptation strategies is analysed,
namely feature vector and scaling factor adaptation, with the purpose of using feed-
back information to improve subsequent translations in a sentence-by-sentence basis.

Similar work is briefly detailed in the following Section. PA algorithms are reviewed
in Section 3. Their application to SMT is described in Section 4. Experiments conducted
are analysed in Section 5, and conclusions and future work are listed in Section 6.

2 Related Work

In [10], an online learning application is presented for IMT, incrementally updating
model parameters by means of an incremental version of the Expectation-Maximisation
algorithm and allowing for the inclusion of new phrase pairs. We propose the use of a
dynamic reranking algorithm which is applied to a nbest list, regardless of its origin. In
addition, in [10], only h is adapted, whereas here we also analyse the adaptation of λ.

In [13] the authors propose the use of the PA framework [4] for updating the feature
functions h. The obtained improvements were very limited, since adapting h is a very
sparse problem. Hence, in the present paper, the adaptation of the λ will be compared
to the adaptation of h, which is shown in [14] to be a good adaptation strategy. In [14],
the authors propose the use of a Bayesian learning technique in order to adapt the scal-
ing factors based on an adaptation set. In contrast, our purpose is to perform online
adaptation, i.e. to adapt system parameters after each new sample has been provided.

Another difference between [13] and the present work is that they propose to model
the user feedback by means of BLEU score [12], which is quite commonly used in SMT.
Such score measures precision of n-grams with a penalty for sentences that are too
short. However, BLEU is not well defined on the sentence level, since it implements a
geometric average which is zero whenever no common 4-gram exists between reference
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and hypothesis. In the present work, we propose the use of TER [15] instead. TER is
similar to the word error rate criterion of speech recognition, but allowing shifts of
word sequences. TER is well defined on the sentence level, and, furthermore, in [15] it
is shown to correlate better with human judgement.

3 The Passive-Aggressive Algorithm

PA [4] is a family of margin-based, on-line learning algorithms that update model pa-
rameters after each observation has been seen. In this case, PA is applied to a regression
problem, where target value μ̂(y)t ∈ R has to be predicted by the system for input
observation xt ∈ R

n at time t by using a linear regression function μ̂(y)t = wt · xt.
After every prediction, the true target value μ(y)t ∈ R is received and the system

suffers an instantaneous loss according to a sensitivity parameter ε:

lε(w; (x, μ(y))) =
{

0 if |w · x− μ(y)| ≤ ε
|w · x− μ(y)| − ε otherwise

(2)

If the system’s error falls below ε, the loss suffered by the system is zero and the algo-
rithm remains passive, that is, wt+1 = wt. Otherwise, the loss grows linearly with the
error |μ̂(y)− μ(y)| and the algorithm aggressively forces an update of the parameters.

The idea behind the PA algorithm is to modify the parameter values of the regression
function so that it achieves a zero loss function on the current observation xt, while
remaining as close as possible to the previous weight vector wt. That is, formulated as
an optimisation problem subject to a constraint [4]:

wt+1 = argmin
w∈Rn

1
2
||w −wt||2 + Cξ2 s.t. lε(w; (x, μ(y))) = 0 (3)

where ξ2 is, according to the so-called PA Type-II, a squared slack variable scaled by
the aggressivity factor C. As in classification tasks, it is common to add a slack variable
into the optimisation problem to get more flexibility during the learning process.

It is only left to add the constraint together with a Lagrangian variable and set the
partial derivatives to zero to obtain the closed form of the update term. In Section 4, the
update term for every adaptation strategy (νt and λ̂t) is detailed.

4 Passive-Aggressive in SMT

4.1 Feature Vector Adaptation

As described in [13], PA can be used for adapting the translation scores within state-of-
the-art TMs. First, we need to define hTM (x,y) as the combination of n TMs implicit
in current translation systems, which are typically specified for all phrase pairs (x̃k , ỹk):

hTM (x,y) =
∑

n

λn

∑

k

hn(x̃k, ỹk) (4)

where hTM can be considered as a single feature function h in Eq. 1. Then, we can
study the effect of adapting the TMs in an online manner by adapting hTM . Although
there might be some reasons for adapting all the score functions h, in the present paper
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we focus on analysing the effect of adapting only the TMs. By considering ∀m /∈ TM :
ht

m(·, ·) = hm(·, ·), and defining an auxiliary function ut(x,y) such that

ht
TM (x,y) =

∑

n

λn

∑

k

ut(x̃k, ỹk)hn(x̃k, ỹk) = ut(x,y)hTM (x,y),

the decision rule in Eq. 1 is approximated, by only adapting hTM (·|·), as

ŷt = argmax
y

∑

m �=TM

λmhm(x,y) + ht
TM (x,y). (5)

Let y be the hypothesis proposed by the system, and y∗ the best hypothesis the
system is able to produce in terms of translation quality (i.e. the most similar sentence
with respect to reference translation proposed by the user yτ ). Ideally, we would like to
adapt the model parameters (be it λ or h) so that y∗ is rewarded.

We define the difference (or loss) in translation quality between the proposed hy-
pothesis y and the best hypothesis y∗ in terms of a given quality measure μ(·) :

l(y) = |μ(yτ ,y)− μ(yτ ,y∗)|, (6)

where the absolute value has been introduced in order to preserve generality, since in
SMT some of the quality measures used, such as TER [15], represent an error rate (i.e.
the lower the better), whereas others such as BLEU [12] measure precision (i.e. the
higher the better). The difference in probability between y and y∗ is proportional to

φ(y) = s(x,y∗)− s(x,y). (7)

Ideally, we would like that increases or decreases in l(·) correspond to increases or
decreases in φ(·), respectively: if a candidate hypothesis y has a translation quality μ(y)
which is very similar to the translation quality provided by μ(y∗), we would like that
such fact is reflected in the translation score s, i.e. s(x,y) is very similar to s(x,y∗).
The purpose of our online procedure should be to promote such correspondence after
processing sample t. The update step for ut(x,y) can be defined as ut+1(x,y) =
ut(x,y)+νt, where ut(x,y) is the update function learnt after observing the previous
(x1,y1), . . . , (xt−1,yt−1) pairs, and νt is the solution to the optimisation problem

min
u,ξ>0

(
1
2
||u− ut||2 + Cξ2

)

(8)

subject to constraint ut(x,y)Φt(y) ≥√
l(y)−ξ, with Φt(y) = [φ(ỹ1), . . . , φ(ỹK)]′ ≈

hTM (x,y∗) − hTM (x,y), since all the rest of score functions except hTM remain
constant and the only feature functions we intend to adapt are hTM . Then, the solution
to Equation 8 according to PA Type-II has the form [13]:

νt = Φt(y)

√
lt(y)− ut(x,y)Φt(y)
||Φt(y)||2 + 1

C

(9)

In [13], the update is triggered only when the proposed hypothesis violates the con-
straint ut(x,y)Φt ≥

√
lt(y).

4.2 Scaling Factor Adaptation

A coarse-grained technique for tackling with the online learning problem in SMT im-
plies adapting the log-linear weightsλ. After the system has received the sentence yτ

t as
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correct reference for an input sentence xt, the idea is to compute the best weight vector
λ̂t corresponding to the sentence pair observed at time t. Once λ̂t has been computed,
λt can be updated towards a new weight vector λt+1, for a certain learning rate α, as:

λt+1 = (1− α)λt + αλ̂t (10)

As done with νt in Section 4.1, the update term for computing λt+1 is given by

λ̂t = Φt(y)

√
lt(y)− λtΦt(y)
||Φt(y)||2 + 1

C

, (11)

where Φt(y) = [φ1(y), . . . , φM (y)]′ = h(x,y∗)−h(x,y), including all feature func-
tions. An update is triggered only when constraint λtΦt(y) ≥√

lt(y) is violated.

4.3 Heuristic Variations

Several update conditions different to the ones described above have been explored in
this paper. The most obvious is to think that an update has to be performed every time
that the quality of a predicted hypothesis y is lower than the best possible hypothesis y∗t
in terms of a given quality measure μ. That is, when ∃y∗ : |μ(yt,y∗)− μ(yt,y)| > 0.

In feature vector adaptation, the key idea is to reward those phrases that appear in y∗

but did not appear in y, and, symmetrically, to penalise phrases that appeared in y but
not in y∗. When adapting λ, the idea is to adjust the discriminative power of models by
means of shifting the value of their scaling factors towards the desired value.

5 Experiments

5.1 Experimental Setup

Given that a true CAT scenario is very expensive for experimentation purposes, since
it requires a human translator to correct every hypothesis, we will be simulating such
scenario by using the reference present in the test set. However, such reference will be
fed one at a time, given that this would be the case in an online CAT process.

Translation quality will be assessed by means of BLEU and TER scores. It must be
noted that BLEU measures precision, i.e. the higher the better, whereas TER is an error
rate, i.e. the lower the better. As mentioned in Section 2, BLEU may often be zero for all
hypotheses, which means that y∗ is not always well defined and it may not be possible
to compute it. Such samples will not be considered within the online procedure.

As baseline system, we trained a SMT system on the Europarl [6] training data, in the
partition established in the Workshop on SMT of the NAACL 20091. Since our purpose
is to analyse the performance of the PA algorithm in an online adaptation scenario, we
also considered the use of the News Commentary (NC) test set of the 2009 ACL shared
task on SMT. Statistics are provided in Table 1. The open-source MT toolkit Moses [7]
was used in its default setup, and the 14 weights of the log-linear combination were es-
timated using MERT [9] on the Europarl development set. Additionally, an interpolated
5-gram language model and Kneser-Ney smoothing [5] was estimated.

1 http://www.statmt.org/wmt09/
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Table 1. Characteristics of the Europarl corpus and NC09 test set. OoV stands for “Out of Vo-
cabulary” words, K for thousands of elements and M for millions of elements.

Es En Fr En De En

Training
Sentences 1.3M 1.2M 1.3M
Run. words 27.5M 26.6M 28.2M 25.6M 24.9M 26.2M
Vocabulary 125.8K 82.6K 101.3K 81.0K 264.9K 82.4K

Development
Sentences 2000 2000 2000
Run. words 60.6K 58.7K 67.3K 48.7K 55.1K 58.7K
OoV. words 164 99 99 104 348 103

NC 09 test
Sentences 2525 2051 2051
Run. words 68.1K 65.6K 72.7K 65.6K 62.7K 65.6K
OoV. words 1358 1229 1449 1247 2410 1247

Experiments were performed on the English–Spanish, English–German and English–
French language pairs, in both directions and for NC test sets of 2008 and 2009. How-
ever, in this paper only the results for English→ French are presented, for space rea-
sons. In addition, we only report results for the 2009 test set. Nevertheless, the results
presented here were found to be coherent in all experiments conducted.

As for the different parameters adjustable in the algorithms described in Section 4.1
and 4.2, they were set according to preliminary investigation to C → ∞ ( 1

C
= 0 was

used) in both approaches and α = 0.01 in scaling factor adaptation. Instead of using
the true best hypothesis, the best hypothesis within a given nbest(x) list was selected.

5.2 Experimental Results

We analysed the performance of the different PA variations described in Section 4, both
in terms of BLEU and in terms of TER, and both for adapting h and λ. Results for
varying order of nbest can be seen in Fig. 1. Although the final scores are reported for
the whole test set, all experiments described here were performed following an online
CAT approach: each reference sentence was used for adapting the system parameters
after such sentence has been translated and its translation quality has been assessed.

It can be seen that the heuristic PA variation yields a small improvement when op-
timising TER. However, such improvement is not mirrored when optimising BLEU,
and hence we assume it is not significant. It can also be seen that adapting λ leads to
consistently better performance than adapting h. Although adapting h provides much
more flexibility, we understand that adapting h is a very sparse problem.

The techniques analysed perform much better in terms of TER than in terms of
BLEU. Again, it is worth remembering that BLEU is not well defined at the sentence
level, and hence the fact that PA has more trouble using it was expected.

In Fig. 2, the evolution of TER throughout the whole test set is plotted for the adap-
tation of h and λ when setting the size of the nbest list to 1000. In this figure, average
TER scores up to the t-th sentence is considered. The reason for plotting average TER
is that plotting individual sentence TER scores would result in a very chaotic, unread-
able plot, as it can still be seen in the first 100 sentences. Again, in this Figure it also
emerges that adapting λ leads to much larger improvements than adapting h.

Although it appears that the learning curves peak at about 1500 sentences, this find-
ing is not coherent throughout all experiments carried out, since such peak ranges from
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Fig. 1. Final BLEU and TER scores for the NC 2009 test set, English→ French when adapting
feature functions h and when adapting scaling factors λ. PA stands for PA as described in Section
4 and PA var. for the heuristic variation described in Section 4.3.
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Fig. 2. TER evolution and learning curves when adapting feature functions h and scaling fac-
tors λ, considering all 2525 sentences within the NC 2009 test set. So that the plots are clearly
distinguishable, only 1 every 15 points has been drawn.

300 to 2000 in other cases. This means that the particular shape of the learning curves
depends strongly on the chosen test set, and that the information that can be extracted
is only whether or not the algorithms implemented provide improvements.

One last consideration involves computation time. When adapting λ, implemented
procedures take about 100 seconds to rerank the complete test set, whereas in the case
of adapting h the time is about 25 minutes. We consider this fact important since in a
CAT scenario the user is waiting actively for the system to produce a hypothesis.

6 Conclusions and Future Work

The passive-aggressive algorithm has been analysed for its application in an online
scenario, adapting system parameters after each observation. Feedback information has
been included into an SMT system, increasing the perception of its own performance.

The passive-aggressive algorithm and a proposed heuristic variation have been ap-
plied to two tasks with different characteristics. Feature function adaptation is a sparse
problem in the order of thousands of parameters that need to be adapted, whereas the
scaling factor adaptation only has around 14 parameters to adapt. This might be one of
the reasons for the passive-aggressive algorithm to perform better in the latter task.
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Two quality scores have also been used during the experiments and the behaviour
of the system allows us to extract one more conclusion. When optimising BLEU, the
performance of the algorithm is consistently lower than when optimising TER. We
believe that the reason for this is that BLEU is not well defined at the sentence level.

In future work, it would be interesting to observe the impact of smoothed quality
scores on the performance of the algorithms.
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Abstract. This paper presents a novel approach to the weak classifier
selection based on the GentleBoost framework, based on sharing a set of
features at each round. We explore the use of linear dimensionality reduc-
tion methods to guide the search for features that share some properties,
such as correlations and discriminative properties. We add this feature
set as a new parameter of the decision stump, which turns the single
branch selection of the classic stump into a fuzzy decision that weights
the contribution of both branches. The weights of each branch act as
a confidence measure based on the feature set characteristics, which in-
creases the accuracy and robustness to data perturbations. We propose
an algorithm that consider the similarities between the weights provided
by three linear mapping algorithms: PCA, LDA and MMLMNN [14].
We propose to analyze the row vectors of the linear mapping, grouping
vector components with very similar values. Then, the created groups
are the inputs of the FuzzyBoost algorithm. This search procedure gen-
eralizes the previous temporal FuzzyBoost [10] to any type of features.
We present results in features with spatial support (images) and spatio-
temporal support (videos), showing the generalization properties of the
FuzzyBoost algorithm in other scenarios.

1 Introduction

Boosting algorithms combine efficiency and robustness in a very simple and suc-
cessful strategy for classification problems. The advantages of this strategy have
led several works to improve the performance of boosting on different problems
by proposing modifications to the key elements of the original AdaBoost algo-
rithm [5]: (i) the procedure to compute the data weights, (ii) the selection of the
base classifier and (iii) the loss function it optimizes.

The focus of this work is the careful selection of the weak (base) classifier.
Since the weak classifier could be any function that performs better than chance,
the choice of the weak classifiers is usually motivated by the particular context
of the problem. When the objective is to find meaningful sets of data samples,
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several dimensions of the original samples are gathered to build augmented base
classifiers. This approach has been followed by the SpatialBoost [2], the Tem-
poralBoost [11] and the temporally consistent learners used in [10]. A general
drawback of these works is the specificity of the application for which they are
constructed. The aim of this work is to generalize the fuzzy decision function
of [10] to any type of data, while maintaining its main advantages. The gener-
alized fuzzy decision function selects jointly the usual parameters of a decision
stump and the set of features to use, a procedure that turns the single branch
selection of the decision stump into a linear combination of the branches. Such a
combination of the stump branches is commonly referred to as a fuzzy decision
on [7,6,12]. Moreover, [8] shows empirically that the fuzzy tree decreases the
variance and consequently improves the classification output.

The generalization of the fuzzy decision function brings a difficult problem
to solve: the selection of the feature set. Exhaustive search is prohibitive, so we
propose an algorithm that extracts the feature sets from (linear) dimensional-
ity reduction techniques. These techniques map the original feature space to a
more meaningful subspace, by the minimization of a cost function. Thus, the lin-
ear mapping contains relevant information about the similarity between feature
dimensions on the original space. We analyze the rows of the linear mapping,
selecting the components with very similar values and disregarding components
with very low values. We consider three dimensionality reduction algorithms:
Principal Components Analysis (PCA), Linear Discriminant Analysis (LDA)
and Multiple Metric Learning for large Margin Nearest Neighbor (MMLMNN)
Classification [14]. We apply the feature set search for fuzzy decision stumps in
two data domains: spatial (face and car detection) and spatio-temporal (moving
people and robots).

2 The FuzzyBoost Algorithm

Boosting algorithms provide a framework to sequentially fit additive models in
order to build a final strong classifier, H(xi). The final model is learned by
minimizing, at each round, the weighted squared error

J =
N∑

i=1

wi(yi − hm(xi))2, (1)

where wi = e−yihm(xi) are the weights and N the number of training samples.
At each round, the optimal weak classifier is then added to the strong classifier
and the data weights adapted, increasing the weight of the misclassified samples
and decreasing correctly classified ones [13].

In the case of GentleBoost it is common to use simple functions such as
decision stumps. They have the form hm(xi) = aδ

[
xf

i > θ
]
+ bδ

[
xf

i ≤ θ
]
, where

f is the feature index and δ is the indicator function (i.e. δ[condition] is one if
condition is true and zero otherwise). Decision stumps can be viewed as decision
trees with only one node, where the indicator function sharply chooses branch a
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or b depending on threshold θ and feature value xf
i . In order to find the stump

at each round, one must find the set of parameters {a, b, f, θ} that minimizes J
w.r.t. hm. A closed form for the optimal a and b are obtained and the value of
pair {f, θ} is found using an exhaustive search [13].

2.1 Fuzzy Weak Learners Optimization

We propose to include the feature set as an additional parameter of the decision
stump, as follows:

h∗m(xi) =
1
||F ||

(
a F T δ [xi > θ] + b FT δ [xi ≤ θ]

)
, (2)

where xi ∈ R
d and the vector F ∈ Z

m
2 , m ∈ {1, . . . , d}, so the non-zero com-

ponents of F define a feature set. The vector F chooses a group of original
sample dimensions that follow the indicator function constraints of Eq. (2) in
order to compute the decision stump h∗m(xi). Note that by choosing m = 1, Eq.
(2) becomes the classic decision stump and the selection of different m values
induce different decision stump functions. In this work we choose F ∈ Z

d
2 , thus

we do not assume any a priori information about the samples x. Eq. (2) can be
rearranged in order to put a and b in evidence,

h∗m(xi) = a
FT δ [xi > θ]
||F || + b

FT δ [xi ≤ θ]
||F || . (3)

From Eq. 3 it is easier to see that the the selector F is replacing the indica-
tor function (i.e. a true or false decision) by an average of decisions. The new
functions are:

Δ+(xi, θ, F ) =
FT δ [xi > θ]
||F || , Δ−(xi, θ, F ) =

FT δ [xi ≤ θ]
||F || , (4)

and they compute the percentage of features selected by F that are above and
below the threshold θ. The functions Δ+ and Δ− = 1−Δ+ of Eq. 4 sample the
interval [0 1] according to the number of features selected by F (i.e. according
to ||F ||). For example, if ||F || = 2 this yields to Δ ∈ {0, 1/2, 1}, if ||F || = 3
to Δ ∈ {0, 1/3, 2/3, 1} and so on. The new weak learners, the fuzzy decision
stumps, are expressed as h∗m(xi) = aΔ+ + bΔ−.

We illustrate in Fig. 1 the difference between the classic decision stumps and
our proposed fuzzy stumps. The response of the decision stump is either a or
b according to the feature point xf

i , while the fuzzy stump response is a linear
function of Δ+ that weights the contribution of the decisions a and b, thus the
name fuzzy stump.

Replacing the fuzzy stumps of Eq. 3 in the cost function (Eq. 1), the optimal
decision parameters a and b are obtained by minimization,

a =
ν̄+ω̄− − ν̄−ω̄±
ω̄+ω̄− − (ω̄±)2

, b =
ν̄−ω̄+ − ν̄+ω̄±
ω̄+ω̄− − (ω̄±)2

, (5)
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(a) (b)

Fig. 1. Response of the weak learners: (a) decision stumps and (b) fuzzy stumps

with
ν̄+ =

∑N
i wiyiΔ

T
+, ν̄− =

∑N
i wiyiΔ

T
−,

ω̄+ =
∑N

i wiΔ
T
+, ω̄− =

∑N
i wiΔ

T
−, ω̄± =

∑N
i wiΔ

T
−ΔT

+.
There is no closed form to compute the optimal θ and F , thus exhaustive

search is usually performed. Although finding the optimal θ is a tractable prob-
lem, the search for the best F is NP-hard thus generally impossible to perform.
This problem can be viewed as a feature selection problem with the objective of
choosing, at each boosting round, the set of features that minimizes the error.
In order to guide the search and reduce the number of possible combinations we
apply dimensionality reduction algorithms in the original feature space, using
the projection matrix in order to find feature set candidates.

2.2 The Search Space for the Feature Set

Linear dimensionality reduction techniques aim to find a subspace where regres-
sion and classification tasks perform better than in the original feature space.
These feature extraction methods aim to find more meaningful and/or discrimi-
native characteristics of the data samples by minimizing task-defined cost func-
tions. Finally, the original features are substituted by the transformed ones in
order to perform classification.

Although the dimensionality reduction methods differ in the way that they
use labeled or unlabeled data to compute the linear transformation of the input,
the projection vectors of all methods code the way that the original feature space
should be combined to create a new dimension. Since the linear mapping contains
relevant information about the correlations between dimensions of the original
feature space, we propose to analyze each projection vector of the mapping
by selecting vector components with similar values. Our rationale follows the
weight similarity approach: if the weight of a dimension in the projection vector
is similar to other dimension(s), this implies some correlation level between those
dimensions. We apply this idea to three projection algorithms: PCA, LDA and
MMLMNN.

The idea behind PCA is to compute a linear transformation x∗ = Lx that
projects the training inputs into a variance-maximizing subspace. The linear
transformation L is the projection matrix that maximizes the variance of the
projected inputs, and the rows of L are the leading eigenvectors of the input
data covariance matrix.
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LDA uses the labels information to maximize the amount of between-class
variance relative to the amount of within-class variance. The linear transforma-
tion x∗ = Lx outputted by LDA is also a projection matrix, and the rows of L
are the leading eigenvectors of the matrix computed as the ratio of the between-
class variance matrix and the within-class variance matrix. Unlike PCA, LDA
operates in a supervised setting, restricting the number of linear projections
extracted to the number of classes present in the problem.

The recently proposed MMLMNN method [14] attempts to learn a linear
transformation x∗ = Lx of the input space, such that each training input should
share the same labels as its k nearest neighbors (named target neighbors) and
the training inputs with different label (named impostors) should be widely
separated. This two terms are combined into a single loss function that has the
competing effect of attracting target neighbors on one hand, and repel impostors
on the other (see [14] for details).

Computing F from L. Given a linear mapping L computed by PCA, LDA or
MMLMNN, we scale the values of the projection matrix as follows: Lij = |Lij |

max(L)
.

The scaling ensures that 0 < Lij ≤ 1, which allow us to define lower thresholds (s0

in Alg. 1) and number of intervals (ns in Alg. 1) that have the same meaning for
all the linear mappings. The algorithm for generating the feature sets is as follows:

input : s0 lower threshold, ns number of intervals, L projection matrix
output: Fj j = 1 . . . ns

for each projection (row) vector Li do1

compute Δs = (max(Li)− s0)/ns;2

for j = 1 . . . ns do3

compute sj = s0 + (j − 1)Δs;4

Fj = δ[sj ≤ Li < sj + jΔs];5

end6

end7

Algorithm 1. Generation of feature sets F of Eq. (2) from a scaled linear
mapping L

The lower threshold s0 ∈ [0, 1[ removes components of Li having low projec-
tion weights, which are the less meaningful dimensions. The number of intervals
ns ∈ N defines the criterion to group dimensions with similar weights (line 5
of Alg. 1 ), so a high number of intervals will group a few dimensions and a
low number of intervals will generate a larger feature set Fj . In order to see the
effect of several choices of s0 and ns, we apply the Algorithm 1 using several
pairs (s0, ns) for each linear mapping L.

3 Experimental Results

We evaluate the recognition rate difference between the decision stumps and the
fuzzy stumps on two binary problems: (i) face vs. background and (ii) people vs.
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(a) CBCL MIT face dataset (b) People vs. robot

Fig. 2. Positive and negative examples of the datasets used in this paper

robot discrimination. We use the CBCL MIT face database [1] and the people
vs. robot database introduced in [4]. Figure 2 shows some examples of each class
for both datasets.

Parameter selection of the feature search. We define a set of pairs (s0, ns)
for each linear mapping L in order to see the effect of the parameter selection
in the performance of the generated feature sets in the FuzzyBoost algorithm.
We set three low thresholds s0 ∈ {0.1, 0.2, 0.3}, and for each s0 we set three
number of intervals, as follows: (i) (0.1, 9), (0.1, 18) and (0.1, 27) for the first s0,
(ii) (0.2, 8), (0.2, 16) and (0.2, 24) for the second s0 and (iii) (0.3, 7), (0.3, 14) and
(0.3, 21) for the third s0. The rationale behind this choice is to have Δs intervals
with the same length across the different s0 values, which allows to evaluate
the pairs (s0, ns) fairly. For each pair (s0, ns), we apply the Alg. 1 on the three
projection methods in order to generate the feature sets F . Then, F is applied
on the weak learner selection of Eq. (2) in a fixed number of rounds M = 1000.
The quantitative evaluation is the maximum recognition rate attained on the
testing set.

Faces database. The feature vector in this problem is constructed with the
raw images (19x19 pixels). This is a high dimensional space, where the linear
mappings are not able to find feature sets that provide a large improve when
compared to GentleBoost. Nevertheless, Figure 3 shows that MMLMNN per-
forms better than GentleBoost for most of the tests and a lot better than its
competitors PCA and LDA.

Fig. 3. Recognition rate of the FuzzyBoost algorithm for feature sets generated from:
PCA, LDA and MMLMNN
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Fig. 4. Recognition rate of the FuzzyBoost algorithm for feature sets generated from:
PCA, LDA and MMLMNN, FOA weighted histogram over 5 frames

Fig. 5. Recognition rate of the FuzzyBoost algorithm for feature sets generated from:
PCA, LDA and MMLMNN, MBH feature over 5 frames

Robot versus people database. We apply two types of features: The weighted
histogram of the Focus Of Attention (FOA) feature [9] and the Motion Boundary
Histogram (MBH) [3] using a polar sampling grid cell. The spatio-temporal
volume is constructed by stacking the feature vector of the current frame with the
vectors of the previous four frames. The FOA feature is a 64d vector per frame,
and the MBH is a 128d feature vector per frame. Thus, the spatio-temporal
feature based on MBH lies in a very high dimensional space. Figs. 4 and 5
show the results of the FOA and MBH features respectively. We notice the same
trend of the previous tests, where MMLMNN performs better than the other
dimensional reduction algorithms. Remark also the large gap improvement when
using the FOA feature against the GentleBoost in Fig. 4. On the other hand,
little improvement is achieved with the MBH feature. We believe that is more
difficult to find the right spatio-temporal groupings in this feature space and
it looks like the simple stacking of the feature vectors is able to attain good
classification results. On the other hand, the FuzzyBoost is able to improve the
performance of the FOA feature even higher than the GentleBoost with the
stacked MBH features of five frames.

4 Conclusions

We introduce the generation of appropriate feature sets for the FuzzyBoost al-
gorithm. The algorithm for feature set generation analyzes the row vectors of
any linear dimensionality reduction algorithm in order to find feature dimensions
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with similar vector components. We generalize the formulation of the fuzzy deci-
sion stump, which now can be applied to any learning problem. We present two
types of domains where the fuzzy decision stump brings robustness and gener-
alization capabilites, namely: face recognition and people vs. robot detection by
their motion patterns.
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Abstract. Interactive Pattern Recognition concepts and techniques are
applied to problems with structured output; i.e., problems in which the
result is not just a simple class label, but a suitable structure of labels.
For illustration purposes (a simplification of) the problem of Human
Karyotyping is considered. Results show that a) taking into account
label dependencies in a karyogram significantly reduces the classical
(non-interactive) chromosome label prediction error rate and b) they
are further improved when interactive processing is adopted.

Keywords: interactive pattern recognition, machine learning, structured
output prediction, chromosome classification, karyotype recognition.

1 Introduction

Classification is one of the most traditional Pattern Recognition (PR) frame-
works [2]. For a given input x, the set of possible output hypotheses is a finite
(and typically small) set of class-labels, or just integers {1, . . . , C}, where C is
the number of classes. In this case, the search needed to solve the recognition
problem amounts to a straightforward exhaustive exploration of the correspond-
ing C posterior probability values, Pr(h | x); that is,

ĥ = argmax
1≤h≤C

Pr(h | x) (1)

While classification is in fact a useful framework within which many appli-
cations can be naturally placed, there are many other practical problems of
increasing interest which need a less restrictive framework where hypotheses are
not just labels, but some kind of structured information. This is the case, for
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example, of Automatic Speech or Handwritten Text Recognition (ASR, HTR),
Machine Translation (MT), etc. In these cases, the inputs, x, are structured as
sequences of feature vectors (ASR, HTR) or words (MT) and the outputs, h, are
sequences of words or other adequate linguistic units. Many applications admit
this kind of input and output sequential structuring, but there are also other
practical problems, many of them in the field of Image Processing and Com-
puter Vision, which require more complex structures such as input and output
arrays or graphs of vectors and labels, respectively.

Let H be the structured hypotheses space. Now (1) is written as:

ĥ = argmax
h∈H

Pr(h | x) (2)

Depending on the exact nature of H, this optimization can become quite
complex, but several adequate algorithmic solutions or approximations, such as
Viterbi search [12,3], A� [1,7], etc., have been developed over the last few decades.

In this paper we are interested in applying Interactive PR (IPR) [11] ap-
proaches to problems with structured output because it is in this kind of prob-
lems where the IPR framework is likely to be most fruitful.

To illustrate concepts, problems and approaches in this framework, we will
consider here a simplification of a classical PR problem: the recognition of hu-
man karyotypes. While individual chromosome recognition [10,5] is a typical PR
example of classification, the recognition of a whole karyotype [8,6] properly
corresponds to the case of structured input/output, as will be discussed below.

A karyotype is the number and appearance of chromosomes in the nucleus
of a eukaryote cell. Normal human karyotypes contain 22 pairs of autosomal
chromosomes and one pair of sex chromosomes. Normal karyotypes for females
contain two X chromosomes, males have both an X and a Y chromosomes. Any
variation from the standard karyotype may lead to developmental abnormalities.
The chromosomes are depicted (by rearranging a microphotograph) in a stan-
dard format known as a karyogram or idiogram: in pairs, ordered by size and
position of centromere for chromosomes of the same size1. Each chromosome is
assigned a label from {“1”, . . . , “22”, “X”, “Y ”}, according with its position in
the karyogram [8].

In this work we consider the problem of karyotype recognition and we explore
IPR approaches to increase the productivity with respect to a traditional, non
interactive or “offline” PR approach.

In order to focus on the most relevant aspects of the problem we will not con-
sider the real, full karyotype recognition problem, but a simpler setting in which
only single chromosome images, rather than pairs, are considered and sex chro-
mosomes, “X”, “Y ”, are ignored. Then a karyotype is represented by a sequence

1 For the sake of simplicity, we ignore here the initial image segmentation task and
assume that each of the 46 chromosomes in a normal unsorted karyotype is already
represented as an individual image. Moreover, we do not take into account recent
advances in karyotype analysis, such as fluorescent dye based spectral karyotyping [9],
which allow obtaining coloured chromosome images and may significantly simplify
the real human karyotyping problem.
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or vector of chromosome images x = (xi)i=1..22. Our task is to obtain the cor-
responding karyogram; i.e., a corresponding sequence or vector h = (hi)i=1..22,
where each hi is the label or class of the chromosome image xi, i ∈ {1, . . . , 22}.
For example, h4 = 7 means that the chromosome image x4 belongs to class 7 or
has the label “7” in the karyogram.

From now on, we assume that a reliable PR system is available for classi-
fying individual chromosome images. For each image xi, i ∈ {1, . . . , 22}, the
system provides us with adequate approximations, P (j | xi), to the posterior
probabilities Pr(j | xi), j ∈ {“1”, . . . , “22”}.

2 Non-interactive and Interactive Frameworks

We explore three different frameworks: One non interactive or “offline” and two
interactive called “active” and “passive”. The names active and passive refer to
who takes the supervision “initiative”. In the active case, the system “actively”
proposes items to supervise, while in the passive case, it just “passively” waits
for the user to decide which items need supervision and/or correction.

Offline: The system proposes a vector of labels h. This vector is supervised
by a user who corrects all the errors. User’s effort is measured in two ways: a) the
number of karyograms with at least one misclassified chromosome. In this case we
are assuming that the same effort is needed to correct a single chromosome label
as to correct several; b) the number of misclassified chromosomes. We assume
that the effort is proportional to the number of label corrections needed.

Passive: The system proposes a karyogram hypothesis h. Then the user ex-
amines its labels h1, h2, . . . sequentially until the first error is found. After cor-
recting this error, the system proposes a new karyogram consistent with all the
previously checked and/or corrected elements. Note that this protocol can be
equivalently formulated as follows: The system, sequentially for i = 1, . . . , 22,
proposes the candidate label hi for the chromosome image xi. At each step, the
user corrects the possible label error. In this framework the obvious measure of
effort is counting the number of corrections the user has to make. However, we
will also report the number of karyograms that need at least one correction.

Active: The system sequentially proposes a pair (i, j) as an hypothesis that
the chromosome xi is of the class hi = j in the karyogram. Like in the previous
case, the effort is measured as the number of times the user should correct the
possible system hypothesis error.

3 Offline Framework

In this case, classical, non-interactive processing is assumed. Different scenarios
are considered, depending on which errors we want to minimize.

3.1 Offline Individual Chromosomes

This is perhaps the simplest setting in which individual chormosome images
have to be classified without taking into account that they may belong to a
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karyotype. This is the setting we find in the majority of PR papers dealing with
chromosome recognition (e.g., [10,5]).

In traditional PR [2], decision theory is used to minimize the cost of wrong
hypotheses. A 0/1 cost or loss function corresponds to minimizing the number
of wrong hypotheses. Under this minimal error loss, the best hypothesis is shown
to be one which maximises the hypothesis posterior probability.

In this case, the individual chromosome error is minimised by maximizing the
posterior probability for each chromosome image; that is, for all x and for each
i ∈ {1, . . . , 22}:

ĥi = arg max
j∈{1,...,22}

P (j | xi) (3)

3.2 Offline Karyotype Global

Here we aim to minimize complete-karyogram errors. According to decision the-
ory, for each x we have to search for the most probable karyogram, ĥ:

ĥ = arg max
h∈H

Pr(h | x) (4)

Assuming independence beyond the impossibility of assigning two different
labels to the same chromosome image, we can write:

Pr(h | x) =

{
C

∏
i=1..22 Pr(hi | xi) if h ∈ H′

0 otherwise
(5)

where C is a normalization constant and H′ = {h ∈ H : hi �= hj ∀i �= j} is the
set of valid hypothesis (those without repeated labels). This way (4) becomes:

ĥ = arg max
h∈H′

∏

i=1..22

P (hi | xi) (6)

To approximately solve this difficult maximization problem, a greedy strategy
is adopted. First we compute (̂i, ĵ) = arg maxi,j P (j | xi) and we assign hî = ĵ.
Then, we eliminate the chromosome xî and label ĵ from the argmax searching
set and repeat the process until all elements of h have been assigned.

3.3 Offline Karyotype Unconstrained

This setting is similar to the previous one in that each batch of 22 chromosome
images, x, is considered to be a complete karyotype. But here we aim to minimize
the number of chromosome (rather than complete-karyogram) errors.

Let h be a proposed hypothesis and h� the “correct” hypothesis. The loss
function in this case is not 0/1, but the total number of misclassified chromo-
somes in h. This loss is given by the Hamming distance:

d(h,h�) =
∑

1=1..22

[hi �= h
�
i] (7)

where [P ] denotes the Iverson bracket, which is 1 if P is true and 0 otherwise.
Then, the conditional risk [2] (i.e., the expected number of errors when a hy-
pothesis h is proposed for a given x) is:

R(h | x) =
∑

h′∈H
d(h,h′) Pr(h′ | x) (8)
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and the hypothesis that minimises this risk is:

ĥ = arg min
h∈H

∑

h′∈H
d(h,h′) Pr(h′ | x) (9)

= arg min
h∈H

∑

i=1..22

∑

h′∈H
[hi �= h′i] Pr(h′ | x) (10)

= arg max
h∈H

∑

i=1..22

∑

h′∈H
[hi = h′i] Pr(h′ | x) (11)

And now, since the i-summation terms are independent, the maximisation
can be split into 22 maximization problems, one for each hi.

ĥi = argmax
j∈{1,...,22}

∑

h∈H, hi=j

Pr(h | x) (12)

= argmax
j∈{1,...,22}

∑

h∈H′, hi=j

∏

k=1..22

P (hk | xk) (13)

= argmax
j∈{1,...,22}

P (j | xi)
∑

h∈H′, hi=j

∏

k=1, k �=i..22

P (hk | xk) (14)

Finally, it is interesting to see that, if we assume in (14) that the individ-
ual chromosome probabilities are reasonably well approximated, the summation
would not vary enough to dominate the big variations of P (i | xi) and, therefore,

ĥi ≈ arg max
j∈{1,...,22}

P (j | xi) (15)

which is identical to the classical solution to the Offline Individual Chromosome
setting. Note that, as in that setting, here we are not restricting ĥ to be a valid
hypothesis. That is, in the optimal ĥ we may have ĥi = ĥj , i �= j.

We can enforce finding only valid hypothesis through a simple heuristic: at
each step, select the chromosome label that maximises P (j | xi), provided j was
not used in a previous step. It may be argued that introducing this restriction
will lead to more accurate predictions. However, with the approximation (15),
this heuristic exactly leads to the greedy solution to the Offline Karyotype Global
problem discussed at the end of section 3.2.

4 Interactive Passive Framework

In this framework two approaches have been considered: Karyotype and Kary-
otype Unconstrained. In both cases, it is assumed that the karyogram elements
are explored in a left–to–right sequential order. In what follows, suppose we are
at the ith interaction step and let h′ denote the hypothesis provided by the
system in the previous step, i − 1. Given the left–to–right exploration, all the
elements h′i−1

1 of h′ are known to be correct.
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4.1 Interactive Passive Left–to–Right Karyotype Global

In this strategy we look for a hypothesis, compatible with the known correct
information in h′i−1

1 , which minimises the expected number of whole karyogram
errors. That is:

ĥ = arg max
h∈H

Pr(h | x, h′i−1
1 ) (16)

= argmax
h∈H, hi−1

1 =h′i−1
1

Pr(h | x) (17)

= arg max
h∈H′, hi−1

1 =h′i−1
1

∏

k=i..22

P (hk | xk) (18)

As in Offline Karyotype Global, a greedy approach is used for this max-
imisation. First all the labels known from the previous step are assigned; i.e.,
hi−1

1 = h′i−1
1 . Next we obtain (k̂, ĵ) = argmaxi≤k≤22,j �∈h′i−1

1
P (j | xk) and assign

ĥk̂ = ĵ. Then, the chromosome xk̂ and the label ĵ are removed from the searching
set and the process is repeated until all elements of ĥ have been assigned.

4.2 Interactive Passive Left–to–Right Karyotype Unconstrained

In this case, at each step ith we just look for the most probable label for the ith

chromosome image, assuming all the labels assigned in previous steps are correct.
Clearly, in this way we do not explicitly care about possible label repetitions for
the labels to be assigned in further steps and this is why this strategy is called
“unconstrained”. However, since the single label to be assigned at each step is
restricted to be different from those assigned in previous steps, the final result
obtained at the end of the process is guaranteed to be valid karyogram.

Formally, we look for the most probable label hi for the chromosome image
xi, given that all the labels h′i−1

1 of h′ are correct. That is:

ĥi = arg max
j∈{1,...,22}

∑

h∈H, hi=j

Pr(h | x, h′i−1
1 ) (19)

= arg max
j∈{1,...,22}

∑

h∈H, hi=j, hi−1
1 =h′i−1

1

Pr(h | x) (20)

= arg max
j∈{1,...,22}

P (j | xi)
∑

h∈H′, hi=j, hi−1
1 =h′i−1

1

∏

k∈{i+1,...,22}
P (hk | xk) (21)

As in the Offline Karyotype Unconstrained case, if we assume that the sum-
mation is going to change less than P (j | xi). Then,

ĥi ≈ arg max
j∈{1,...,22}, j �∈h′i−1

1

P (j | xi) (22)

4.3 Interactive Active Framework

In this framework, at the step ith, the system chooses which chromosome and
class label has to be supervised. In the previous karyogram, h′, we write h′k = 0
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if an only if we don’t know whether the kth label in h′ is correct. Let c(h′) =
{j : j = hk �= 0, 1 ≤ k ≤ 22} be the set of correct labels in h′. An optimal
chromosome-label pair to be supervised is:

(k̂, ĵ) = argmax
k:hk=0, j �∈c(h′)

∑

h∈H, hk=j

Pr(h | x) (23)

= argmax
k:hk=0, j �∈c(h′)

P (j | xk)
∑

h∈H′, hk=j

∏

l=1..22, l �=k

P (hl | xl) (24)

As in previous cases, if the variation is dominated by Pr(j | xk):

(k̂, ĵ) ≈ argmax
(k,j), h′

i �=0, j �∈c(h′)
P (j | xk) (25)

5 Experiments

The experiments presented in this work have been carried out using the so-called
“Copenaghen Chromosomes Data Set”. The raw data, preprocessing and repre-
sentation are described in detail in [4,10]. Chromosome images are represented as
strings of symbols, each of which represents the variation of the grey-level along
the chromosome median axis. No centromere position information [10] was used.
200 karyotypes and 4,400 chromosome samples are available in this data set.

These samples were split into two blocks of 100 karyotipes (2,200 chromo-
some samples), every experiment entailed two runs following a two-blocks Cross-
Validation scheme. The reported error-rates are the average of these two runs.

The probabilities needed to apply the methods described in the previous sec-
tions where obtained with the so-called ECGI approach [10]. Models used in this
approach can be seen as a kind of Hidden Markov Models where the topology
is automatically derived from the training strings. For each chromosome class,
a model was trained using the training strings of this class. Then, for each test
string x, its corresponding 22 class-likelihoods P (x | j) were computed by parsing
x through the 22 trained models. The posterior probabilities were obtained by
normalizing the likelihoods assuming uniform priors for the 22 possible classes.

Using these probabilities under experimintal conditions similar to those adopt-
ed here, the error rate reported in [10] for individual chromosome classification
was close to 8%. This is the baseline for the present experiments.

The following methods have been tested: Offline Individual Chromosomes
(OIC, eq. (3)), Offline Karyotype Global (OKG, eq. (6)), Interactive Passive Left-
to-Right Karyotype Unconstrained (PKU, eq. (22)), Interactive Passive Left-to-
Right Karyotype Global (PKG, eq. (18)) and Interactive Active (IAC, eq. (25)).

The Offline Karyotype Unconstrained (eq. (15)) and the Interactive Passive
Left-to-Right Karyotype Unconstrained (eq. (22)) frameworks have not been
tested because, as noted in Sections 3.3 and 4.2, approximations and greedy
solutions make solutions for these frameworks identical to those of Offline Indi-
vidual Chromosomes or Offline Karyotype Global respectively.

It is worth noting that all these methods, except IPU (eq. 22), are insensible to
the order in which the chromosomes appear in x. Nevertheless, each experiment
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Table 1. Karyotype and chormosome error corrections needed (in %). The first raw
(OIC) is the baseline.

Method Equation Karyotype Chromosome

Offline Indivual Chromosome (OIC) (3) 76 8.0
Offline Karyotype Global (OKG) (6) 27 3.7

Pasive Karyotype Unconstrained (PKU) (22) 55 4.6
Pasive Karyotype Global (PKG) (18) 27 2.1

Active (IAC) (25) 27 1.9

has been carried out twice, one with the original order of the chromosomes in
the data set and another with the reverse of this order. Results are averaged for
these two runs.

6 Results

Empirical results are shown in Table 1. As expected the Global methods lead to
the best karyotype-level results (and also at the chromosome level). On the other
hand, interactive processing clearly requires far fewer label correction: about 43%
fewer for both PKU relative to OIC and PKG relative to OKG. Finally, the IAC
approach achieves the overall best results.

7 Discussion and Conclusions

This work shows how to apply interactive Pattern Recognition concepts and
techniques to problems with structured output. For illustration purposes these
techniques are applied to (a simplification of) the problem of Human Karyotyp-
ing. Results show that a) taking into account label dependencies in a karyogram
significantly reduces the classical (noninteractive) chromosome label prediction
errors and b) performance is further improved when interactive processing is
adopted. These results have been obtained using both search and probability
computation approximations. Further improvements are expected by improving
the accuracy of these computations.
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Abstract. A probabilistic k-nn (PKnn) method was introduced in [13] under the
Bayesian point of view. This work showed that posterior inference over the pa-
rameter k can be performed in a relatively straightforward manner using Markov
Chain Monte Carlo (MCMC) methods. This method was extended by Everson
and Fieldsen [14] to deal with metric learning. In this work we propose two dif-
ferent dissimilarities functions to be used inside this PKnn framework. These
dissimilarities functions can be seen as a simplified version of the full-covariance
distance functions just proposed. Furthermore we propose to use a class-
dependent dissimilarity function as proposed in [8] aim at improving the k-nn
classifier. In the present work we pursue a simultaneously learning of the dissim-
ilarity function parameters together with the parameter k of the k-nn classifier.
The experiments show that this simultaneous learning lead to an improvement
of the classifier with respect to the standard k-nn and state-of-the-art technique
as well.

1 Introduction

The k-Nearest-Neighbor (knn) rule is one of the most popular and straightforward pat-
tern recognition techniques. This classification rule is clearly competitive when the
available number of prototypes is (very) large, relative to the intrinsic dimensional-
ity of the data involved. The knn has different parameters to be tuned beyond the k
parameter. We can consider the distance function and the set of reference-prototypes
as two different (hyper-)parameters to be tuned as well. Normally the k value uses to
be estimated by means of cross-validation but more complicate strategies must be con-
sider to tune the other parameters. For the distance function different approaches are
proposed in oder to obtain a suitable distance function depending on each particular
problem [1–8]. And for the set of prototypes to be used as reference set, several ef-
forts have been carried out to optimize this set of prototypes, for instance editing and
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condensing techniques [9–11], and other techniques where a reduced set of prototypes
are modified in order to minimize some classification error estimation [12].

The work presented here is based on our previous studies in distance functions
for nearest neighbor classification [8]. In [8] a new technique for weighted-distance
learning is proposed based on the minimization of an index related to the leaving-
one-out error estimation of the training set. The results of this technique over a pool
datasets was quite competitive. Despite of this good behaviour this technique could
be improved by means of two different contributions. First, the use of a larger neigh-
borhood than the nearest neighbor by means of using k-nn with k > 1. Clearly, in
most of the classification tasks, the use k > 1 could improve drastically the accu-
racy of the classifier. The problem is that the index to minimize proposed in [8] is
an approximation to the error estimation of the Nearest Neighbor classifier and such
index is not feasible to be defined for the k-Nearest Neighbor. Second, in some clas-
sification tasks the leaving-one-out error estimation could be an optimistic estimator
because in some data distributions the samples could pair up. In these situations the
parameters obtained could be overfitted. Bayesian inference can help to solve this two
problems, to learn both, a weighted distance and a suitable k value, but within the
Bayesian framework that ensure a good generalization capabilities of the parameters
obtained.

A probabilistic k-nn (PKnn) method was introduced in [13] under the Bayesian point
of view. By defining an approximate joint distribution the authors show that posterior in-
ference over k can be performed in a relatively straightforward manner employing stan-
dard Markov Chain Monte Carlo (MCMC) methods. On the other hand, Everson and
Fieldsen [14] extended this inferential framework to deal with metric learning. How-
ever, the experimental evaluation of this approach was very reduced and not completely
convincing.

A more extensive empirical evaluation was performed by Manocha and Girolami in
[15]. This work compares the conventional K-nn with the PKnn and shows that there
is no significant statistical evidence to suggest that either method is a more accurate
classifier than the other one. This empirical study was performed considering only the
parameter k without considering the metric learning possibility.

In the present work we are going to deal with the metric learning together with the
estimation of the parameter k. To this end, and due to our own expertise, we are going
to use a simpler version of the metric learning proposed in [14] but at the same time
we extend this metric learning adding a class-dependency to the distance function to be
used. Moreover in order to overcome the computational effort of the Bayesian approach
in the classification phase we propose a maximum a likelihood selection of the classifier
parameters. An experimental evaluation is carry out showing the benefits of the here
proposed approaches.

The present paper is organized as follows. Section 2 presents the PKnn approach and
the modifications proposed. Section 3 draws the different considerations made in order
to apply the Monte Carlo Markov Chain (MCMC) in our framework. Section 4 presents
the experiments carried out and the results obtained. Finally section 5 draws the final
conclusions and future work.
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2 Approach

Let be T = {(t1,x1), · · · , (tN ,xN )} the training data, where each tn ∈ {1, · · · , C}
denotes the class label associated with the D-dimensional feature vector xn ∈ R

D. An
approximate conditional joint likelihood is defined in [13] such that:

p(t|X, β, k, M) ≈
∏

n=1

exp

{

β
k

M∑

j∼n|k
δtntj

}

C∑

c=1
exp

{

β
k

M∑

j∼n|k
δctj

} (1)

where t is the vector [t1, · · · tN ]T, X is the matrix [x1, · · · ,xN ]T and M denotes the
metric used in the feature space:

d(x,y) = {(x− y)T M(x− y)}1/2 (2)

The number of nearest neighbors is k and β defines a scaling variable.
The most interesting part of this likelihood is concentrated in the expression:

M∑

j∼n|k
δtntj (3)

This expression denotes the number of prototypes that belongs to the class tn among
the k nearest neighbors of xn measured under the metric M. This k nearest neighbors
are considered from the N − 1 samples of the data set X when xn is removed. The
same expression appears in the denominator for each class c.

This expression is closely related to the nearest-neighbor error estimator used in [8].
In both cases the estimation is done over N − 1 samples of the data in a Leaving-
One-Out way. But in the present work, the estimator is taking into account a wider
neighborhood with k > 1.

In the work presented in [14] the metric parameter M is decomposed into two parts,
M = QΛQT, where Λ is a diagonal matrix with non-negative entries and Q is an
orthogonal matrix.

In the present work, in order to make a direct comparison with [8], and using simpler
distance functions, we propose two different simplified versions of the metric M. For
the first version we consider that M = Λ, so the distance function becomes diagonal:

d(x,y) = {
D∑

i=1

λi(xi − yi)2}1/2 (4)

For the second version we propose to use the class-dependent weights scheme M =
Λc where c is the class of the target sample in the distance function. This class-dependent
dissimilarity function was proposed in [8]:

d(x,y) = {
D∑

i=1

λci(xi − yi)2}1/2 (5)

where c = class(y).
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This last dissimilarity function is not a distance metric because it does not fulfill
the symmetric property neither the triangle inequality. Anyway, this class-dependent
scheme uses to improve the accuracy of the nearest-neighbor classifier in real applica-
tions. [8].

3 MCMC Approximation

Equipped with the approximate conditional joint likelihood (1) the full posterior infer-
ence will follow by obtaining the parameter posterior distribution p(β, k,M|t,X,M).
Therefore, predictions of the target class label t∗ of a new sample x∗ are made by pos-
terior averaging:

p(t∗|x∗, t,X) =
∑

k

∫

p(t∗|x∗, t,X, β, k,M)p(β, k,M|t,X)dβdM

As the required posterior takes an intractable form a MCMC procedure is proposed in
[13] and extended in [14] to enable metric inference so that the following Monte-Carlo
estimate is employed

p̂(t∗|x∗, t,X) =
1

Ns

Ns∑

s=1

p(t∗|x∗, t,X, β(s), k(s),M(s))

where each β(s), k(s),M(s) are samples obtained from the full parameter posterior
p(β, k,M|t,X) using a Metropolis style sampler.

For the Metropolis sampler we are going to assume the following priors: uniform
distribution for parameter k, normal distribution for β and Dirichlet distribution for Λ,
further details about this parameter distributions appear in [14] and [15].

3.1 Maximum Likelihood Parameter Selection

One of the major drawbacks of this Bayesian inference approach is to deal with a large
set (Ns) of parameter combinations (k(s),β(s), and Λ(s) or Λ(s)

c ) in the classification
stage. Aim at reducing this drawback we propose to select an unique parameter com-
bination, the one that maximizes likelihood estimation over the training data, equation
(1). This parameter combination is going to be denoted as β(m), k(m),Λ(m) or Λc

(m)

in case of class-dependent dissimilarity function.
The predictions of the target class label t∗ of a new datum x∗ are going to be made

by using an unique parameter combination:

p̂(t∗|x∗, t,X) = p(t∗|x∗, t,X, β(m), k(m),M(m))

Note that this approximation lead to a classifier with the same computational effort
than the standard K-nn. Moreover, fast nearest neighbor search methods can be easily
adapted to work with diagonal distance functions. Thus, this maximum likelihood ap-
proximation can be use in a large-scale scenario without any computational degradation
with respect to the standard K-nn.
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Table 1. Benchmark data sets used in the experiments. N , C, and D are, respectively, the total
number of vectors, the number of classes and the dimension of each data set. In two data sets,
Australian and Heart, D is the dimension after expanding categorical features (the corresponding
original dimensions were 14 and 13, respectively).

Task N C D

Australian 690 2 42
Balance 625 3 4
Cancer 685 2 9
Diabetes 768 2 8
German 1,000 2 24
Glass 214 6 9
Heart 270 2 25
Ionosphere 351 34 2
Liver 345 2 6
Sonar 208 60 2
Vehicle 846 4 18
Vote 435 2 10
Vowel 440 11 16
Wine 178 3 13

4 Experiments

The capabilities of the proposed approach have been empirically assessed through sev-
eral standard benchmark corpus from the well known UCI Repository of Machine
Learning Databases and Domain Theories [16] and the STATLOG Project [17].

The experiments have been carried out using 14 different classification task from the
UCI Machine Learning repository. The results of the proposed method are compared
with the results of the conventional k-nn method with Euclidean distance and estimating
the k value by leaving-one-out.

For all the data sets B-Fold Cross-Validation [18] (B-CV) has been applied to esti-
mate error rates. Each corpus is divided into B blocks, B is fixed to 5, using B − 1
blocks as a training set and the remaining block as a test set. Therefore, each block is
used exactly once as a test set. This process is repeated 10 times with different random
partitions of the data into B folds. It is worth mentioning that each feature is normalized
to have μ = 0 and σ = 1.0 and these parameters are estimated using only the training
set of each cross validation.

The experiments in this sub-section were carried out to compare the results obtained
using the conventional k-nn and four different PKnn-based approaches. The first two
are the PKnn with diagonal distance and the same but using a unique combination
of parameters, those that obtain the maximum likelihood through the MCMC proce-
dure, PKnnm. The second two are the PKnn with class-dependent diagonal distances,
PKnnc and its maximum likelihood version, PKnncm.

Results are shown in Table 2. Most of the proposed techniques achieved better re-
sults than the baseline k-nn classifier. It is important to note the good behaviour of the
maximum versions of the PKnn which have exactly the same computational cost on
the classification phase than the conventional k-nn algorithm. On the other hand the
class-dependent version improves the accuracy over the PKnn on six datasets.



270 R. Paredes and M. Girolami

Table 2. The results using boldface are the best for each task

k − nn PKnn PKnnm PCknn PCknnm

Australian 17.1 13.4 13.6 14.5 15.1
Balance 13.8 11.9 12.4 12.0 12.6
Cancer 8.3 3.5 3.8 3.7 3.9

Diabetes 27.5 23.4 23.7 23.5 24.1
German 26.8 26.8 26.8 25.5 25.7
Glass 33.8 31.3 31.9 33.0 33.9
heart 17.3 16.1 17.1 15.5 16.9

Ionosphere 14.0 13.1 13.7 10.1 10.2
Liver 39.4 37.8 38.2 37.4 39.2
Sonar 26.4 25.4 24.9 25.2 25.3

Vehicle 31.3 28.7 28.7 29.8 29.9
Vote 7.4 5.0 4.9 5.3 5.3

Vowel 1.7 1.7 1.9 2.1 2.4
Wine 2.2 3.2 3.7 3.0 3.7

Table 3. The results using boldface are significantly (95%) better

CW PKnn PKnnm

australian 17.4 13.4 13.6
balance 18.0 11.9 12.4
cancer 3.7 3.5 3.8
diabetes 30.2 23.4 23.7
german 28.0 26.8 26.8
glass 28.5 31.3 31.9
heart 22.3 16.1 17.1
liver 40.2 37.8 38.2
vehicle 29.4 28.7 28.7
vote 6.6 5.0 4.9
vowel 1.4 1.7 1.9
wine 1.4 3.2 3.7

In order to asses the capabilities of the proposed approach it is interesting to compare
it with the CW method proposed in [8]. This method obtain a class-dependent distance
optimized for the 1-nn classifier. This approach can be considered among the state of
the art for nearest neighbor distance learning. Table 3 shows the comparison between
the here proposed methods PKnn and PKnnm, and the CW . The results reported by
CW in different datasets showed that it is a very accurate algorithm taking into account
that is based on the 1-nn. But clearly the here proposed method has the capability to
learn the local neighborhood size to be considered, the k value. This capability is very
important because clearly some applications are solved more naturally by means of
considering a local neighborhood grater than the 1-nearest neighbor in order to define
properly the class posterior probabilities. It is important to note the benefits obtained by
the here proposed method PKnnm taking into account that it has the same complexity
than the CW .
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5 Conclusions

The present paper have shown the benefits of the Bayesian approach applied to the
well-known k-nearest neighbor classifier. The results show an improvement of such
classifier when both, the k value and the distance used, are optimized simultaneously
by means of a MCMC procedure. The computational cost of the classification stage
can be alleviated using only an unique combination of parameters, the parameters that
obtained the maximum of the likelihood. This important reduction of the computational
cost still keeps on providing accuracy improvements over the standard K-nn algorithm.

Future work will be focused on speed up the learning stage over the MCMC that it
is still a relevant drawback of the PKnn, more concretely if we want to use of the PKnn
in large-scale problems.
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Abstract. Explicit length modelling has been previously explored in
statistical pattern recognition with successful results. In this paper, two
length models along with two parameter estimation methods for statis-
tical machine translation (SMT) are presented. More precisely, we in-
corporate explicit length modelling in a state-of-the-art log-linear SMT
system as an additional feature function in order to prove the contribu-
tion of length information. Finally, promising experimental results are
reported on a reference SMT task.

Keywords: Length modelling, log-linear models, phrase-based models,
statistical machine translation.

1 Introduction

Length modelling is a well-known problem in pattern recognition which is often
disregarded. However, it has provided positive results in applications such as
author recognition [21], handwritten text and speech recognition [25], and text
classification [8], whenever it is taken into consideration.

Length modelling may be considered under two points of view. On the one
hand, the so-called implicit modelling in which the information about the length
of the sequence is indirectly captured by the model structure. This is the case of
handwritten text and speech recognition [9] and language modelling [4], which
often include additional states to convey length information.

On the other hand, we may perform an explicit modelisation by incorporating
a probability distribution in the model to represent length variability in our data
sample [20]. Explicit modelling can be found in language modelling [10,16], and
bilingual sentence alignment and segmentation [3,7], among others.

This work focuses on explicit length modelling for statistical machine trans-
lation (SMT). The aim of SMT is to provide automatic translations between
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languages, based on statistical models inferred from translation examples. Two
approaches to length modelling are proposed for a state-of-the-art SMT system.
The rest of the paper is structured as follows. Next section describes related work
in SMT. Section 3 introduces the log-linear framework in the context of SMT
and Section 4 explains the two proposed length models. Experimental results
are reported in Section 5. Finally, conclusions are discussed in Section 6.

2 Related Work

Length modelling in SMT has received little attention since Brown’s seminal pa-
per [2] until recently. Nowadays state-of-the-art SMT systems are grounded on
the paradigm of phrase-based translation [14], in which sentences are translated
as segments of consecutive words. Thereby, most recent work related to length
modelling has been performed at the phrase level with a notable exception [23].
Phrase length modelling was initially presented in [22] where the difference ratio
between source and target phrase length is employed to phrase extraction and
scoring with promising results. Zhao and Vogel [24] discussed the estimation of
a phrase length model from a word fertility model [2], using this model as an
additional score in their SMT system. In [6], a word-to-phrase model is proposed
which includes a word-to-phrase length model. Finally, [1] describes the deriva-
tion and estimation of a phrase-to-phrase model including the modelisation of
the source and target phrase lengths.

However, any of the previous works report results on how phrase length mod-
elling contributes to the performance of a state-of-the-art phrase-based SMT
system. Furthermore, phrase-length models proposed so far depend on their un-
derlying model or phrase extraction algorithm, which differ from those employed
in state-of-the-art systems. The current work is inspired on the phrase length
model proposed in [1], but applied to a state-of-the-art phrase-based SMT sys-
tem [15] in order to study the contribution of explicit length modelling in SMT.

3 Log-Linear Modelling

In SMT, we formulate the problem of translating a sentence as the search of the
most probable target sentence ŷ given the source sentence x

ŷ = argmax
y

Pr(y | x) . (1)

However, state-of-the-art SMT systems are based on log-linear models that com-
bine a set of feature functions to directly model this posterior probability

Pr(y | x) = 1
Z(x) exp

(∑
i λi fi(x, y)

)
, (2)

being λi, the weight for the i-th feature function fi(x, y) and Z(x), a normal-
isation term so that the posterior probability sums up to 1. Feature weights
are usually optimised according to minimum error rate training (MERT) on a
development set [17].
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Common feature functions in SMT systems are those related with the trans-
lation, fi(x, y) = log p(x | y); and language models, fj(x, y) = log p(y). The
language model is represented by an n-gram language model [4] and is incor-
porated as a single feature function into the log-linear model. In contrast, the
translation model is decomposed into several factors that are treated as different
feature functions. These factors are introduced in the following section.

4 Explicit Length Modelling

In the phrase-based approach to SMT, the translation model considers that the
source sentence x is generated by segments of consecutive words defined over the
target sentence y. As in [1], in order to define these segments we introduce two
hidden segmentation variables

p(x | y) =
∑

l

∑
m p(x, l, m | y) , (3)

being l, the source segmentation variable and m, the target segmentation vari-
able. Thus, we can factor Eq. (3) as follows

p(x, l, m | y) = p(m | y) p(l | m, y) p(x | l, m, y) , (4)

where p(m | y) and p(l | m, y) are phrase length models, whilst p(x | l, m, y)
constitutes the phrase-based translation model.

We can independently factorise terms in Eq. (4) from left to right,

p(m | y) =
∏

t p(mt | mt−1
1 , y) , (5)

p(l | m, y) =
∏

t p(lt | lt−1
1 , m, y) , (6)

p(x | l, m, y) =
∏

t p(x(t) | x(1), . . . , x(t − 1), l, m, y) , (7)

where t ranges over the possible segmentation positions of the target sentence,
mt and lt are the length of the t-th source and target phrase, respectively, and
x(t) is the t-th source phrase.

The model in Eq. (5) becomes a feature function, known as phrase penalty,
intended to control the number of phrases involved in the construction of a
translation. Eq. (6) is used in the following sections to derive phrase-length
models that become the phrase-length feature functions of our log-linear model.

Finally, Eq. (7) is simplified by only conditioning on the t-th target phrase to
obtain the conventional phrase-based feature function

p(x(t) | x(1), . . . , x(t − 1), l, m, y) := p(x(t) | y(t)) , (8)

with parameter set, θ = {p(u | v)}, for each source, u, and target, v, phrase.

4.1 Standard Length Model

The standard length model is derived from Eq. (6) by taking the assumption

p(lt | lt−1
1 , m, y) := p(lt | mt) , (9)

in which p(lt | mt) is a source phrase-length model conditioned on the target
phrase length with parameter set γ = {p(l | m)} for each source, l, and target,
m, lengths.
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4.2 Specific Length Model

In the specific model, we take a more general assumption for Eq. (6) than that
of Eq. (9) by just considering the dependency on y(t),

p(lt | lt−1
1 , m, y) := p(lt | y(t)) , (10)

being p(lt | y(t)), a source phrase-length model conditioned on the t-th target
phrase. The parameter set of this model, ψ = {p(l | v)}, is considerably more
sparse than that of the standard model. Hence, to alleviate overfitting problems,
the specific parameters were smoothed with the standard parameters as follows

p̃(l | v) := (1 − ε) · p(l | v) + ε · p(l | |v|) , (11)

denoting by | · | the length of the corresponding phrase.

4.3 Estimation of Phrase-Length Models

The parameters of the models introduced in the previous section could be esti-
mated by maximum likelihood criterion using the EM algorithm [5]. As shown
in [1], the phrase-based translation model is estimated as

p(u | v) = N(u,v)
∑

u′ N(u′,v) , (12)

being N (u, v), the expected counts for the bilingual phrase (u, v). The estimation
of p(l | m) is computed as

p(l | m) = N(l,m)
∑

l′ N(l′,m) , (13)

where
N(l, m) =

∑
u,v δ(l, |u|) δ(m, |v|)N(u, v) , (14)

being δ, the Kronecker delta. The parameter p(l |v) is estimated analogously.
Nevertheless, the parameter estimation of conventional log-linear phrase-based

systems approximate the expected counts N(u, v) with approximated counts
N∗(u, v), derived from a heuristic phrase-extraction algorithm [13] . Similarly,
our first approach is also to approximate N(l, m) in Eq. (13) as follows

N∗(l, m) =
∑

u,v δ(l, |u|) δ(m, |v|)N∗(u, v) . (15)

This approach is referred as to phrase-extract estimation.
A second approach to the estimation of phrase-length parameters is based on

the idea of a Viterbi approximation to Eq. (3). This approach only considers the
source and target segmentation that maximises Eq. (3)

l̂, m̂ = argmax
l,m

{Pr(x, l, m | y)} . (16)

So, the hidden segmentation variables are uncovered and the counts in Eq. (12)
are not expected but exact counts.

The search denoted by Eq. (16) is performed using a conventional log-linear
phrase-based system which is based on a A∗ search algorithm. It must be noted
that the source and target sentences are available during the training phase, so
this search becomes a guided search in which the target sentence is known.
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5 Experimental Results

In this section, we study the benefits of explicit length modelling in phrase-based
SMT. The experiments were carried out on the English-Spanish Europarl-v3
parallel corpora [11], which is a reference task in the SMT field. These corpora
are provided in three separate sets for evaluation campaign purposes: training,
development and test. Basic statistics are shown in Table 1.

Table 1. Basic statistics for Europarl-v3

Training Development Test
Language pairs En Es En Es En Es
Bilingual sentences 730740 2000 2000
Vocabulary size 72.7K 113.9K 6.5K 8.2K 6.5K 8.3K
Running words 15.2M 15.7M 58.7K 60.6K 58.0K 60.3K
Perplexity (5-grams) - - 79.6 78.8 78.3 79.8

To evaluate the performance of length modelling, the models proposed in
Sections 4.1 and 4.2 were introduced as feature functions into Moses [15], which
is a state-of-the-art phrase-based SMT system.

Moses includes a set of feature functions that are related not only to trans-
lation and language models, but also to specific linguistic phenomena such as
phrase reordering and word fertility [13]. For the sake of brevity we only focus on
the description of translation features, since the rest of features are the same in
all the experiments performed. Translation feature functions are constituted by
the conventional target-to-source phrase-based model presented in Eq. (8) and
a smoothing target-to-source word-based model. Although it might seem awk-
ward, their source-to-target counterpart features are also included; along with
the phrase penalty mentioned in Section 4 [13].

This set of features defines the baseline SMT system to which we compare our
systems extended with phrase-length models. In our phrase-length augmented
systems, we include two additional feature functions to account for the source-
to-target and target-to-source phrase-length models.

In order to gauge the translation quality of the different systems, the well-
known BLEU score [18] was used. BLEU score is an accuracy measure of the
degree of n-gram overlapping between the system and the reference translation.

BLEU scores reported in Figures 1 and 2 on the test set are intended to assess
not only the two phrase-length models proposed, but also the two approaches for
parameter estimation stated in Section 4.3. A selection of the most relevant and
representative experiments are shown in this section. Similar conclusions can be
drawn from the omitted results.

Figure 1 shows the evolution of the BLEU score (y-axis) as a function of
the maximum phrase length (x-axis) in order to study the behaviour of the two
estimation approaches on the same phrase-length model. On the left-hand side,
we analyse the standard model (Std) on the Spanish-to-English (Es-En) task,
while on the right side, the specific (Spc) model is studied on the English-to-
Spanish (En-Es) task.
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In both cases, there are no statistically significant differences between the
phrase-extract and the Viterbi estimation approaches, and also when comparing
to the baseline system [12]. Although differences are not statistically significant,
the specific model systematically supersedes the baseline system when maxi-
mum phrase length ranges from 4 to 7 on the English-to-Spanish pair, being the
maximum difference 0.6 BLEU for the reference SMT system (maximum phrase
length = 7).

Surprisingly, on this latter pair, the parameter estimation based on the phrase-
extract approach systematically improves the results provided by the Viterbi
estimation. This is probably due to the fact that the Viterbi estimation is not
iterated, as it should be in a standard Viterbi EM-based estimation algorithm.
We intend to tackle this issue as future work.
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Fig. 1. Comparison of the two parameter estimation approaches for the standard (left)
and specific (right) phrase-length models, and the baseline system. On the left-hand
side, the evolution of the BLEU score (y-axis) as a function of the maximum phrase
length (x-axis) on the Spanish-to-English (Es-En) task is shown. On the right-hand
side, we consider the same experimental setting on the English-to-Spanish (En-Es)
task.

In Figure 2, we directly compare the performance between the standard and
specific length models in terms of BLEU scores. On left-hand side, we consider
the Viterbi parameter estimation on the Spanish-to-English task, and on the
right-hand side, the phrase-extract estimation on the English-to-Spanish task.

On the Spanish-to-English task, as happened in Figure 1, the three SMT sys-
tems obtain similar performance at different maximum phrase length. On the
English-to-Spanish task, both phrase-length models achieve better performance
than the baseline system, though not statistically significant, systematically su-
perior from maximum phrase length equal to 4 up to 7. In this latter task, the
specific length model obtains better figures than the more simple standard length
model with maximum phrase length equal or greater than 5.
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Fig. 2. BLEU figures as a function of the maximum phrase length for the Viterbi
parameter estimation (left) and for the phrase-extract estimation (right), in order to
compare the two proposed length models. Spanish-to-English and English-to-Spanish
results are shown on the left and right-hand side, respectively.

6 Conclusions and Future Work

In this paper, we have presented two novel phrase-length models along with two
alternative parameter estimation approaches. These phrase-length models have
been integrated in a state-of-the-art log-linear SMT system as additional feature
functions, providing a significant boost of BLEU score in the reference SMT
system on the English-to-Spanish task.

From the comparison of phrase-length models and parameter estimation ap-
proaches on the English-to-Spanish task, two conclusions can be drawn. First,
the phrase-extract estimation is systematically better than the Viterbi approxi-
mation, and secondly, the specific model is superior to the standard model when
dealing with long phrases. As future work, we plan to perform a full Viterbi iter-
ative training algorithm that may improve the quality obtained by the proposed
Viterbi-based estimation procedure.

Furthermore, we have observed an unstable behaviour of the evolution of
the BLEU score for some maximum phrase lengths and more precisely, on the
Spanish-to-English task. We believe this behaviour is explained by the weight op-
timisation process carried out by the MERT algorithm. To alleviate this problem
we plan to use more robust weight optimisation techniques such as that proposed
in [19]. Finally, we intend to extend the application of phrase-length models to
the translation of more complex languages, such as Arabic or Chinese.
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1 Dept. de Ingenieŕıa de Sistemas y Computación, Universidad Católica del Norte
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Abstract. The initial step in most facial age estimation systems con-
sists of accurately aligning a model to the output of a face detector (e.g.
an Active Appearance Model). This fitting process is very expensive in
terms of computational resources and prone to get stuck in local minima.
This makes it impractical for analysing faces in resource limited comput-
ing devices. In this paper we build a face age regressor that is able to
work directly on faces cropped using a state-of-the-art face detector. Our
procedure uses K nearest neighbours (K-NN) regression with a metric
based on a properly tuned Fisher Linear Discriminant Analysis (LDA)
projection matrix. On FG-NET we achieve a state-of-the-art Mean Ab-
solute Error (MAE) of 5.72 years with manually aligned faces. Using face
images cropped by a face detector we get a MAE of 6.87 years in the
same database. Moreover, most of the algorithms presented in the liter-
ature have been evaluated on single database experiments and therefore,
they report optimistically biased results. In our cross-database experi-
ments we get a MAE of roughly 12 years, which would be the expected
performance in a real world application.

1 Introduction

Age is a demographic variable that can be estimated using visual cues such
as facial appearance, gait, clothing or hair style and non-visual cues like the
voice. Automatic age estimation has interesting applications to enforce legal
age restrictions in vending machines, automate marketing studies in shopping
centres, measure tv audience or recognise faces automatically from videos. The
aim of this paper is to use facial appearance as a visual cue to estimate the age
of a person.

The facial age estimation problem is difficult since we are trying to esti-
mate the real age from the face appearance, which depends on environmental
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conditions like health, eating habits, sun exposure record, etc [13]. Facial age es-
timation can be seen either as a classification problem (i.e. different age groups
or ranges) or a regression problem.

The state-of-the-art on age estimation can be organised into hard aligned
(AAMs or manually) results and soft aligned results. There are two key refer-
ences in the hard aligned group: the Bio-inspired Features (BIF) [5] and the
Regression from Patch Kernel (RPK) [12]. The BIF approach uses a bank of
Gabor filters at different scales and orientations with a combination layer and
a PCA reduction step over manually aligned faces of 60 × 60 pixels. Although
the result is 4.77 years of MAE in leave-one-person-out cross-validation, the best
reported so far, the computational requirements of the method are quite high.
The RPK approach breaks the 32 × 32 pixels input image into equally sized
patches (8 × 8 pixels each). Then each patch is described by Discrete Cosine
Transform (DCT) and the position in the image plane is added to the descrip-
tor. The probability distribution of the patch descriptors within an image is
modelled by a mixture of Gaussians and the age is finally estimated by Kernel
Regression [12]. This approach achieves a MAE of 4.95 years on FG-NET, with
standard leave-one-subject-out cross-validation.

Concerning soft aligned results, [6] performs training and testing directly on
the output of the face detector. They extract Histogram of Oriented Gradients
(HoG), Locally Binary Patterns (LBP) and local intensity differences from local
patches in a regular image grid. The regressor is based on a Random Forest
trained with 250 randomly selected images from FG-NET. They achieve a MAE
of 7.54 years. Their result is optimistically biased since the same subject may be
in the training and testing sets. In [3], they use semi-supervised learning using
web queries, multiple face detectors and robust multiple instance learning. They
use DCT local image descriptors and a fully automated pipeline from database
collection to age regression estimation. The main limitation of this approach for
a resource limited device is its computational complexity.

An important issue to consider is whether it is worth using computationally
intensive face alignment procedures rather than learning to estimate face age
with unaligned images. Most face age estimation results use Active Appearance
Models (AAMs) for face alignment [13]. Unfortunately, fitting an AAM to unseen
faces is prone to get stuck in local minima [10]. Moreover, fitting an AAM can
be a computationally prohibitive task when there are many faces in the image or
when the computation is performed on a resource limited device, such as a smart
phone or an IP camera. An alternative here is using soft aligned algorithms,
which require no accurate alignment to the input face image [3,6].

In this paper we follow a soft alignment approach and train our regressor
with cropped faces obtained from a face detector. We use K-NN regression for
age estimation using a learned metric. Our metric is derived from Fisher Lin-
ear Discriminant Analysis. By computing the LDA projection matrix using age
groups we impose that similar aged faces be close to each other and far apart
from different aged ones. With this approach we can get roughly state-of-the-art
age estimation. By dealing with the misalignment during training, the on-line
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classification algorithm is quite simple and efficient. We train our algorithms in
one database and test them in a different one (see section 3.2). With leave-one-
person-out cross-validation in FG-NET we get a MAE of 5. With cross-database
tests we achieve a MAE of 12 years, which is a more realistic value for a real
application.

2 Age Regression from Face Images

We use a non-linear regressor based on K-NN for age estimation. Let {(xi, yi)}M
i=1

be p2 × 1 vectors where each xi corresponds to the gray levels of a p × p pixels
image scanned by columns and yi is the age label corresponding to xi. The
euclidean distance in the image space does not take into account the age. This
means that with euclidean distance two face image vectors with different age
labels could have lower distance than two face images with similar age. Therefore,
we use a Mahalanobis-like distance with a learned metric matrix M to have similar
aged face images close to each other and dissimilar aged face images far apart,
dM(xi,xj) = ||xi − xj ||2M = (xi − xj)�M(xi − xj). In the following subsections
we explain how to learn the metric matrix M using Fisher Linear Discriminant
Analysis and how we make K-NN age regression.

2.1 PCA+LDA Projection as the Age Metric Matrix

We use PCA+LDA (Linear Discriminant Analysis after a Principal Component
Analysis projection) to compute a projection matrix W. We compute dM as

dM(xi,xj) = ||W(xi − xj)||2 = (xi − xj)�W�W(xi − xj), (1)

which means that the metric matrix is given by M = W�W.
LDA is a supervised technique for dimensionality reduction that maximises

the data separation of different classes. Since age is a continuous variable, to
perform LDA first we have to discretise it into c age groups (see section 3 for the
actual age groups we use). Given a multi-class problem with c classes and p sam-
ple points, {xi}p

i=1 the basis of the transformed subspace, {wi}d
i=1, is obtained

by maximising [4] J(w) =
∑d

i=1
w�

i SBwi

w�
i Smwi

, where SB and Sm are respectively the
between-class and full scatter matrices.

Depending on the amount of training data, the performance of the regressor or
classifier built on LDA subspace decreases when retaining all eigenvectors associ-
ated with non-zero eigenvalues. Thus, a crucial step here is to choose which PCA
eigenvectors to keep so that no discriminant information is lost. We select the
dimension of the subspace resulting from the PCA step using a cross-validation
scheme instead of the usual approach based on retaining the eigenvectors ac-
counting for a given percentage of the variance (usually 95% or 99%) [7]. To
this end we sort PCA eigenvectors in descending eigenvalue order. We then per-
form cross-validation and select the dimension with the best performance for
the age regression. This feature selection process is essential to correctly train a
PCA+LDA procedure [2].
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2.2 K-NN Regression

We may interpret (1) as a projection of the face image onto the PCA+LDA
subspace with the W matrix and then a classification in the transformed subspace
using the euclidean metric. This is the approach we use in our K-NN regression
implementation.

We project each training data vector, xi, onto the PCA+LDA subspace ob-
taining z = Wxi. Once the optimal number of neighbours, K, is estimated
by cross-validation, the regression output for a given input vector z in the
PCA+LDA subspace is given by ŷ =

∑K
i=1 ŵiyi, ŵi = wi∑K

j=1 wj
, wi = 1

||z−zi|| ,

where yi is the age label (real valued) of the i-th nearest neighbour, zi, to z.
When some or all of the distances are close to zero, or bellow a small threshold
α (i.e. ||z − zi|| <= α = 10−6) we choose the label, yi, of the nearest neighbour
as the regression age label, ŷ = yi.

3 Experiments

In this section we evaluate the performance of our age regressor and compare
it with other age estimation approaches in the literature. We have used the
Productive Aging Lab Face (PAL) database [9], the Images of Groups Dataset [1]
and the FG-NET Aging database. To train our algorithm we estimate the number
of nearest neighbours, K, and the PCA dimension optimising for the MAE in a
cross-validation scheme. We crop and re-size images to a base size of 25×25 pixels
using OpenCV’s1 2.0.0 face detector, which is based on [11]. Then we equalise
the histogram to gain some independence from illumination changes. Finally,
we also apply an oval mask to prevent the background from influencing our
results. Additionally, on FG-NET, we perform two kinds of manual alignment:
1) a similarity transform using the location of the eyes and 2) an affine transform
using the location of the eyes and the centre of the mouth.

To train PCA+LDA we have discretised the age of FG-NET and PAL databases
into 11 groups: 0-2, 3-7, 8-12, 13-19, 20-28, 29-37, 38-46, 47-55, 56-64, 65-73 and
74-82. On the other hand, the GROUPS database already comes with discrete
age labels, which are organised in groups 0-2, 3-7, 8-12, 13-19, 20-36, 37-65,
and 66+. In our experiments we use those face detections from the GROUPS
database that have at least a size of 60 × 60 pixels (13,051 out of a total of
28,231).

Our measure for face age regression error is the Mean Absolute Error MAE =
1
N

∑M
i=1 |yi−ŷi| where yi is the actual label of a face image and ŷi is the estimated

age by a given algorithm. This is a non robust measure. To highlight outlier’s
influence in MAE a cumulative score curve shows the percentage of testing data
below a given age estimation error (see Fig. 1). We use cumulative score curve
to compare two age estimation algorithms, the higher the curve the better the
algorithm.

1 http://opencv.willowgarage.com



Age Regression from Soft Aligned Face Images 285

3.1 Intra-database Tests

The first set of experiments use one database for training and testing.
In the FG-Net database case we perform leave-one-person-out cross-validation.

In this way we avoid the bias introduced in the evaluation when classifying im-
ages of the same person both in the training and testing sets. This means that
we keep all the images of a subject for testing (around 12), training with the
rest.

To quantify the influence of alignment on age regression we compare raw face
detection with manual alignment in FG-NET (see table 1). The difference in
MAE between global affine transformation (using eyes and mouth) and a global
similarity transformation (using only the eyes) is lower than 0.3 years. When
using soft aligned faces with raw face detection the MAE degrades by roughly
1.2 years.

We compare our results (see Table 1) on FG-NET with the two best pub-
lished results [12,5] using leave-one-person-out cross-validation with manual eye
alignment. In terms of global MAE, our eye aligned results are one year worse
than [12] and [5] while our face detection result is roughly 2 years worse. The
cumulative score curves in Fig. 1 right, confirms that the RPK [12] or BIF [5]
approaches are marginally better than our manually aligned algorithm. On the
other hand, our algorithm is much simpler and with lower computational re-
quirements. The BIF method relies on processing the image with a large bank
of filters, while RPK relies on an a mixture model adaptation of a face image
description based on the distribution of the DCT on all image patches.

The work of Jahanbekam et al. [6] uses also face detection alignment on FG-
NET. Their MAE is 7.54, which is optimistically biased since they do not use a
leave-one-subject-out evaluation, and consequently, the same subject can be in
the training and testing sets. Even in this case we outperform their approach,
since for our MAE in this experiment is 6.9 (see Table 1).

Table 1. MAE on each age range in the FG-NET database with 25× 25 pixels images

Experiment/Age Range 0-9 10-19 20-29 30-39 40-49 50-59 60+ Global

Affine Alignment 2.72 3.84 5.62 11.19 19.68 29.43 40.53 5.56
Similarity Alignment 2.85 3.76 5.6 11.58 19.65 27.67 42.11 5.7

Face Detection 4.68 4.39 6.57 13.62 19.84 29.68 38.12 6.9

RPK [12] 2.3 4.86 4.02 7.32 15.24 22.2 33.15 4.95
BIF [5] 2.99 3.39 4.3 8.24 14.98 20.49 31.62 4.77

3.2 Cross-Database Tests

Most age estimation algorithms only perform single database tests. To evaluate
the performance of an age estimation algorithm we are interested in the algo-
rithm’s generalisation capabilities. In this section we train our algorithm using
one database and test it on a different database. In the case of GROUPS and
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Fig. 1. Cumulative Score curves for FG-NET cross-validation experiments with 25×25
pixels sized images. Left: curves for different alignments using our method. Right:
comparison with the two most competitive published methods.
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Fig. 2. Cumulative Score curves for cross-database experiments

PAL databases we train with 10-fold cross-validation. For training with FG-NET
we perform leave-one-person-out cross-validation. In Fig. 2 we show the cumula-
tive score curves and in Table 2 the MAE for our experiments.

We have made two groups of experiments. First train on a large database
(GROUPS) and test on FG-NET and PAL. In this case we achieve a global
MAE of about 15 years. In the second group of experiments we train with FG-
NET, a small database, and test on GROUPS and PAL. The FG-NET/GROUPS
experiment achieves also a MAE around 15 years. In the FG-NET/PAL case we
achieve a much higher MAE because the age distribution in both databases is
different. FG-NET has fewer people older than 40 whereas most of the subjects
in PAL are above 40. This explains the differences on the results in Table 2.
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Our results for GROUPS/FG-NET can be compared with others in the lit-
erature that use face detection and no further alignment [3]. In [3] a database
from Internet with 219,892 samples is used for training. It is tested on FG-
NET (see IAD/FG-NET in Table 2), being their MAE 9.49. Our result when
training with a database with 13,051 samples is 12.62 for the GROUPS/FG-
NET experiment in Table 2. We achieve a higher MAE because our database
is one order of magnitude smaller and with a lower resolution age distribution.
However, when looking at the per-age range MAEs, we get better results in
4 out of 7 age ranges (see columns IAD/FG-NET and GROUPS/FG-NET in
Table 2).

Table 2. MAE on each age range in the cross-databases experiments

Experiment/Age Range 0-9 10-19 20-29 30-39 40-49 50-59 60+ Global

IAD/FG-NET[3] 10.98 8.15 6.05 7.92 13.42 22.75 29.96 9.49

GROUPS/FG-NET 15.55 12.98 6.88 5.65 12.20 19.66 22.64 12.62
GROUPS/PAL — 10.42 7.59 6.69 9.30 17.27 28.90 17.54

FG-NET/GROUPS 9.56 5.77 9.41 — — 29.55 53.52 15.79
FG-NET/PAL — 5.56 5.84 14.27 23.62 32.85 49.10 27.63

4 Conclusions

In this paper we have presented a contribution to the age regression problem
with results roughly within the state-of-the-art. Following the Occam Razor’s
principle we attack the problem from a simplicity driven perspective and with
a low computational requirements solution in mind. We have realised that some
solutions in the literature are computationally complex getting in return low
gain age estimation performance.

With manual eye alignment we get competitive results using a very simple
and fast algorithm. When using soft aligned images, by means of face detection,
the MAE estimation is only one year worse than the manual alignment. It is thus
unclear whether full automatic alignment, which is computationally intensive, is
worthy. A similar result was reported in the gender recognition problem [8,2].

Moreover, we believe that the alignment problem can be solved by training,
which would make the on-line computation much more efficient. By requiring no
hard-alignment, our method is simple and fast both in training and in on-line
classification. Given the low computational requirements, this method may be
implemented in smart-phones or IP cameras.

The benchmark database for age estimation, FG-NET, has a very low number
of images in some of the age ranges. This makes it difficult to train any learning
algorithm and makes it difficult to get definitive conclusions by using only this
database. Therefore, cross-database experiments are a must in order to push the
state-of-the-art in facial age estimation.
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Abstract. Activity Recognition is an emerging field of research, born
from the larger fields of ubiquitous computing, context-aware computing
and multimedia. Recently, recognizing everyday life activities becomes
one of the challenges for pervasive computing. In our work, we devel-
oped a novel wearable system easy to use and comfortable to bring. Our
wearable system is based on a new set of 20 computationally efficient
features and the Random Forest classifier. We obtain very encouraging
results with classification accuracy of human activities recognition of up
to 94%.

Keywords: Physical Activity Recognition, Wearable Computing, Per-
vasive Computing.

1 Introduction

Activity Recognition is an emerging field of research, born from the larger fields
of ubiquitous computing, context-aware computing and multimedia. Recogniz-
ing everyday life activities is becoming a challenging application in pervasive
computing, with a lot of interesting developments in the health care domain,
the human behavior modeling domain and the human-machine interaction do-
main [3]. Even if first works about activity recognition used high dimensional
and densely sampled audio and video streams [9], in many recent works ([2],[1]),
activity recognition is based on classifying sensory data using one or many ac-
celerometers. Accelerometers have been widely accepted due to their compact
size, their low-power requirement, low cost, non-intrusiveness and capacity to
provide data directly related to the motion of people.

In recent years, several papers have been published where accelerometer data
analysis has been applied and investigated for physical activity recognition [5].
Nevertheless, few of them override the difficulty to perform experiments out-of-
the-lab. The condition to perform experiments out-of-the-lab creates the need
to build easy to use and easy to wear systems in order to free the testers from
the expensive task of labeling the activities they perform.

In our work, we propose a new set of features extracted from wearable data
that are competitive from computational point of view and able to ensure high
classification results comparable with the state of the art wearable systems. The
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features proposed can be computed in real-time and provide physical meaning
to the quantities involved in classification. The new set of features has been
validated by mean of a reliable analysis comparing the new features with the
majority of all the features commonly used in physical activity recognition us-
ing accelerometer data. Based on these features, we show that Random Forest
classifier is an optimal classifier that reaches classification performances between
90% and 94%.

Moreover, we present a custom wearable system for human action recogni-
tion, developed in our lab, that is based on the analysis of accelerometer data.
The wearable system is easy to use–users need only to start-stop the device,
and comfortable to bring, having a reduced form which does not prevent any
type of movement. Acceleration data can be acquired in many different, non-
controlled environments allowing to overpass the laboratory limitation setting.
Five basic every-day life activities like walking, climbing stairs, staying standing,
talking with people and working at computer are considered in order to show its
performance and robustness.

The paper is structured as follows. After discussing related work in Section
2, we describe in Section 3 how we create the dataset using in Section 3 we
provide the technical details about the best features extraction for classifing
human activities. In Section 4, we present the results of the classification of the
activities. Finally, Section 5 concludes the paper.

2 Related Works

In [5], Mannini and Sabatini give a complete review about the state of the
art of activity classification using data from one or more accelerometers. In
their review, the best classification approaches are based on wavelet features
using threshold classifiers. In their work, they separate high-frequency (AC)
components, related to the dynamic motion the subject is performing from low-
frequency (DC) components of the acceleration signal related to the influence
of gravity and able to identify static postures. They extracted features from the
DC components. The authors classify 7 basic activities and transitions between
activities from data acquired in the lab, from 5 biaxial accelerometer placed in
different part of the body, using a 17th-dimensional feature vector and a HMM-
based sequential classifier, achieving 98.4% of accuracy.

Lester, Choudhury and Borriello in [4] summarize their experience in devel-
oping an automatic physical activities recognition system. In their work, they
answer some important questions about where sensors have to be placed in a
person, if variation across users helps to improve the accuracy in activity classi-
fication and which are the best modalities for recognizing activities. They reach
the conclusion that it does not matter where the users place the sensors, variation
across users do help improving accuracy classification and the best modalities
for physical activities recognition are accelerometers and microphones. Again,
human activities are acquired in a controlled environment.

Our previous work in this research line [10], uses a prototype of wearable
device completed by camera. Data of five everyday life activities have been
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collected from people acting in two circumscribed environments. A GentleBoost
classifier has been used for classifying the five activities with 83% of accuracy for
each activity. Using the combination of a physical activity classifier and a face
detector, face-to-face social activities have been detected with high confidence.
In contrast, in this work we question how far we can get in human activities
recognition using only wearable data.

3 The Problem of Human Activity Recognition

Recognizing human activities depends directly on the features extracted for mo-
tion analysis. Accelerometers provide three separated accelerometer data time
series, one time series for acceleration on each axis Ax,Ay,Az. An example of
accelerometer data for five different activities is shown in Figure 1(a). Activities
refer to regular walking, climbing stairs, talking with a person, staying standing
and working at computer. In the figure, one can appreciate a pattern arising from
a walking activity. In climbing stairs, an activity similar to walking, the same
pattern seems not to be present, even if some common components between the
two activities can be noted. The rest of activities differ significantly from the pre-
vious ones specially in the waveform and in the acceleration intensities involved,
although forming another group of similar dynamic patterns. Small differences
in the variation of the acceleration can help to discriminate the three activities.
Complementary to the three axes data, an additional time series, Am, have been
obtained computing the magnitude of the acceleration:Am =

√
A2

x + A2
y + A2

z .

(a) (b)

Fig. 1. (a) Accelerometer Data for Five Different Activities..(b) Minmax sample in
Accelerometer Data

3.1 Features Selection for Motion Data

Each time series Ai, with i = {x, y, z, m} has been filtered with a digital filter in
order to separate low frequencies components and high frequencies components
as suggested in [5]. The cut-off frequency has been set to 1Hz, arbitrarily. In this
way, we obtain for each time series, three more time series Aij with j = {b, dc, ac},
where b,dc,ac represent respectively the time series without filtering, the time
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series resulting from a low pass filtering and the time series resulting from a high
pass filtering. Finally, we extract features from each one of the time series.

A successful technique for extracting features from sequential motion data has
been demonstrated to be windowing with overlapping. We extract features from
data using windows of 52 samples, corresponding to 1 second of accelerometer
data, with 50% of overlapping between windows. From each window, we propose
to extract the following features: root mean squared value of integration of ac-
celeration in a window, and mean value of Minmax sums. In next section, we
will show that these two features play important role being two of the most dis-
criminant ones because they provide informations about the physical nature of
the activity being performed. The integration of acceleration corresponds to the
Velocity. For each window, the integral of the signal and the RMS value of the
series are computed. The integral has been approximated using running sums
with step equals to 10 samples. The physical meaning that this feature provides
is evident. The Minmax sums are computed as the sum of all the differences of
the ordered pairs of the peaks of the time series. Note that minmax sums can be
considered as a naive version of standard deviation. In Figure 1(b), an example
of minmax sample is shown.

Still, in order to complete the set of features we add features that have proved
to be useful for human activity recognition [5] like: mean value, standard devia-
tion, skewness, kurtosis, correlation between each pairwise of accelerometer axis
(not including magnitude), energy of coefficients of seven level wavelet decom-
position. In this way, we obtain a 319-dimensional feature vector.

3.2 Classification and Derivation of Importance Measurement

Random forest [6] is an ensemble classifier that, besides classifying data, can be
used for measuring attribute importance. Random Forest builds many classifica-
tion trees, where each tree votes for a class and the forest choose the classification
having the most votes over all the trees. Each tree is built as follows:

- If the number of cases in the training set is N , N cases are sampled at
random with replacement. This sample is the training set.

- If there are M input variables, a number m � M of variables is selected
at random and the best split on these m variables is used to split the node.
The value of m is held constant during the construction of the forest.

- Trees are not pruned.

When the training set for the current tree is drawn with replacement, about
one-third of the cases is left out of the sample. This Out-Of-Bag (OOB) data is
used to get an unbiased estimate of the classification error as trees are added to
the forest. Random Forest has the advantage to assign explicitly an information
measurement to each feature. Measuring the importance of attributes is based
on the idea that randomly changing an important attribute between the m se-
lected variables for building a tree affects the classification, while changing an
unimportant attribute does not affect it in a significant way. Importance of all
attributes for a single tree are computed as: correctly classified OOB examples
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Table 1. List of Features selected by Random Forest

Feature Importance Feature Importance

Mean Value Azdc 4.64 Mean Value Aydc 3.86

MinMax Azdc 4.61 Rms Velocity Aydc 3.67

RMS Velocity Azdc 4.23 Mean Value Azb 3.59

RMS Velocity Amdc 4.2 Mean Value Axdc 3.57
RMS Velocity Axac 4.14 MinMax Axdc 3.52

Mean Value Amdc 4.07 MinMax Azb 3.51

MinMax Aydc 3.92 Mean Value Ayb 3.33

Standard Deviation Axb 3.9 Rms Velocity Axdc 3.22

MinMax Amdc 3.89 Rms Velocity Azb 3.2

Standard Deviation Axdc 3.87 MinMax Ayb 2.96

minus correctly classified OOB examples when an attribute is randomly shuffled.
The importance measure is obtained dividing the accumulated attribute by the
number of used trees and multiplying the result by 100.

Using Random Forest, an importance measure of the features has been ob-
tained. In Table 1, the best 20 features obtained out of 319 are reported with
their respective importance value.

4 Validation and Discussions

First we discuss the architecture of our wearable system and then discuss the
obtained results.

System architexture: Our wearable system, shown in Figure 2(a), is based on
a Beagleboard, a low-price board built around the TI OMAP system on chip.
We use Linux as operating system on the board. A low-cost USB webcam and a
Bluetooth accelerometer are connected with the board. The system is powered
using a portable lithium battery able to power up to four hours the system. Users
can wear the system as in Figure 2(b), where the directions of the acceleration
axis are printed upon the picture. More specifically, Z-axis represents the axis
concordant to the direction of movement and the plane defined by the X and
Y axis lies on the body of the person. The system works with three modalities,
video, audio and accelerometer data. It takes photos, grabs audio continuously
applying a filter for voice removal and it receives via bluetooth data from the
accelerometer. All the sensors can be localized in the same part of the body. In
our setting, sensors are located on the breast.
Data acquisition: Data have been collected from fourteen testers, three women
and eleven men with age between 27 and 35. For labeling activities, people
were asked to annotate the sequential order of the activities they performed
and restart the system. Every time the system starts, data are named with
a serial number. Once the user presses the starting button, she/he can start to
perform the activity. The system boots in less then 2 minutes and the acquisition
automatically starts while the user is already performing the activity. In this way,
there are no “border effects“ due to starting. The user can stop the acquisition in
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(a) (b)

Fig. 2. (a) The components of the wearable system, (b) The wearable system worn by
an experimenter

every moment pressing again the start button. The data set collected is composed
by 33 minutes of walking up/down stairs, 82 minutes of walking, 115 minutes of
talking, 44 minutes of staying standing and 86 minutes of working at computer.
Human activity classification: Random Forest selects really meaningful fea-
tures for classifying activities. The most important features selected are related
to the Z axis that is, the direction of the movements. The majority of the features
are relative to the DC components of movements and only the RMS velocity
feature relative to the X axis from the AC components has been selected. The
information relative to the variation of movements on the X axis can help to
discriminate between activities like staying standing, talking and working at PC.
On the other side, features relative to the variation of movements on Y axis, can
help to discriminate between activities like walking and walking up/down stairs.
Mean value, minmax features and RMS velocity are selected for all the DC com-
ponents of all the time series. Random Forest selects the best features but it is
not able to discriminate between features bringing the same information. For
example, all the features selected that have been extracted from the time series
without filtering are also selected from the DC time series and, in all the cases,
the features selected from the DC time series have an importance value bigger
than the corresponding value from the series without filtering. Features derived
from higher level statistics (skewness and kurtosis) and features relative to the
correlation between axis are features with the lowest importance.

In order to verify if the features selected are really informative, we use dif-
ferent classification methods for classifying the five activities. We compare the
classification results obtained using Decision Trees, Bagging of 10 Decision Trees,
AdaBoost using Decision Trees as base classifiers and a Random Forest of 10
Decision Trees. All the results are validated by 5-fold cross validation. The data
set Dm has been created using the 20 features selected by the Random Forest
classifier. In Figure 3(a) we show the classification accuracy of the classifiers
trained on Dm. In Figure 3(b) we show the F-Measure of each activity for every
classifier.

As can be seen from the graphics, the best classification accuracy is obtained
using Random Forest. The F-Measure obtained for each class shows how each
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(a) (b)

Fig. 3. (a) Classification Accuracy for Different Classifiers.(b) F-Measure for each Ac-
tivity on the Motion Dataset.

activity can be classified with high precision and recall. In particular, activity
with the best performances are walking and working at computer. Bagging and
Random Forest are the classifier that give the best performances for each class.
The confusion matrix obtained with the Random Forest classifier is reported in
Table 2. Note how similar activity like walking and climbing stairs have some
confusions between them. The biggest confusion in obtained between talking and
standing, activity that can be easily confused from the perspective of motion.
From Table 2 it can be concluded that all the classifiers have accuracy above

Table 2. Confusion Matrix of Random Forest trained on Dm

stairs walking talking standing workingPC

stairs 0.898 0.029 0.004 0.002 0.001

walking 0.075 0.959 0.006 0.002 0.001

talking 0.015 0.007 0.929 0.093 0.012

standing 0.006 0.001 0.039 0.888 0.006

working 0.004 0.001 0.02 0.014 0.977

the 90% using only the motion modality. The Random Forest classifier trained
on Dm shows confusions between similar activities like walking and walking
up/down stairs, and between talking and standing. The F-Measure does not
present significative differences between the classes that means that the five
activities can be recognized with high confidence.

5 Conclusions

In this work, a study on the best features able to classify physical activities has
been done. A new set of features has been taken into account and compared
to the most commonly used features used for activity recognition in literature.
The Random Forest classifier has been used to evaluate the informative measure
of this new set of features. Results obtained show that the new set of features
represent a very informative group of features for activity recognition. Using the
features selected by Random Forest, different classifiers have been used for evalu-
ating classification performances in activity recognition. Very high classification
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performances have been reached, obtained up to 94% of accuracy using Random
Forest. State of the art classification performances ([5],[4]) ensures classification
performances higher than 94% when two-stages classification pipeline are used.

The validation of the new set of features has been performed using data col-
lected using a custom wearable system, easy to use and comfortable to bring.
The custom wearable device allows to perform experiments in uncontrolled envi-
ronment overpassing the laboratory setting limitation. Testers perform activities
in the environment they selected without the effort of labeling activities.

Based on these results obtained using only the motion sensor, future works
plan to add the other sensors to increase the classification performances. We
expect that adding further information from the camera and the microphone can
help considerably in discriminating between activities like “standing”, “talking”
and “workingPC” or “walking” and “walking up/down stairs” activities where
the biggest confusions are present. Moreover, we plan to extend the set of human
activities in order to address the problem of short-term and long-term human
behavior based on the accelerometer and video data.
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projects TIN2009-14404-C02, La Marato de TV3 082131 and CONSOLIDER
(CSD2007-00018).
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Abstract. This paper presents a study on the facial feature detection
performance achieved using the Viola-Jones framework. A set of classi-
fiers using two different focuses to gather the training samples is created
and tested on four different datasets covering a wide range of possibili-
ties. The results achieved should serve researchers to choose the classifier
that better fits their demands.

Keywords: Viola-Jones detectors, facial feature detection, training sets.

1 Introduction

The Viola-Jones face detector [16] has been extensively used thanks to the im-
plementation available [10] in the OpenCV (Open Computer Vision) library [7].
However, Viola and Jones designed a general object detection framework that
can be used for other objects. Its OpenCV implementation allows researchers
to train their own classifier(s). Previously, during the sample gathering stage a
large set of images is built with samples containing the object to detect (positive
samples) and others not containing the target (negative samples).

Positive and negative samples gathering, data annotation, data preparation
and training are uncomfortable and slow tasks that have been summarized in dif-
ferent brief tutorials, e.g. [14]. In this sense more recent implementations [2] have
tried to keep the performance while reducing the training and test processing.

Within the facial analysis scenario, facial feature detection is a topic of interest
as is may serve to reduce false positive detections when using a face detector, or to
better align a detected face. Thanks to OpenCV, different face related classifiers
are available to a large community of researchers [7,11]. Their performance have
already been compared with different test sets, but no details related to the
samples used during their training stage are available.

In this paper we train different facial feature classifiers making use of training
sets of different nature, and test them with a large heterogeneous collection of
face datasets, in terms of pose, illumination and resolution. We aim at providing
researchers hints about how to build a detector for their particular application
characteristics.
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Section 2 summarizes the Viola-Jones object detection framework. The diffe-
rent datasets are briefly described in Section 3 and the results and conclusions
in sections 4 and 5 respectively.

2 Viola-Jones General Object Detection Framework

Automatic face detectors have received researchers attention in last years, evol-
ving notoriously [5,17]. In this sense recent approaches [13,16] have reduced
dramatically the processing latency at high levels of accuracy, without requiring
restricted heuristics based on cues such as skin color or motion. These approaches
make use of a sliding window that is shifted at different scales across the whole
image. Each time the area is checked with a classifier to verify whether the target
pattern is present.

Following the sliding window approach, face detectors based on the framework
described in [16] have achieved remarkable results while becoming well known
thanks to the implementation [10] integrated in OpenCV [7]. This framework is
based on the idea of a boosted cascade of weak classifiers, i.e. each one has a
high detection ratio, with a reduced true reject ratio. Each classifier uses a set of
Haar-like features, acting as a filter chain. Only those image regions that manage
to pass through all the stages of the detector are considered as containing the
target. For each stage in the cascade, a separate subclassifier is trained to detect
almost all target objects while rejecting a certain fraction of those non-object
patterns that have been incorrectly accepted by previous stage classifiers.

Theoretically for a cascade of K independent classifiers, the resulting detection
rate, D, and the false positive rate, F, of the cascade are given by the combination
of each single stage classifier rates:

D =
K∏

i=1

di F =
K∏

i=1

fi (1)

Each stage classifier is selected considering a combination of features which
are computed on the integral image. These features are reminiscent of Haar
wavelets and early features of the human visual pathway such as center-surround
and directional responses. The implementation [10] integrated in the OpenCV
[7] extends the original feature set [16].

With this approach, given a 20 stage detector designed for refusing at each
stage 50% of the non-object patterns (target false positive rate) while falsely
eliminating only 0.1% of the object patterns (target detection rate), its expected
overall detection rate is 0.99920 ≈ 0.98 with a false positive rate of 0.520 ≈
0.9∗10−6. This schema allows a high image processing rate, due to the fact that
background regions of the image are quickly discarded, while spending more time
on promising object-like regions. Thus, the detector designer chooses the desired
number of stages, the target false positive rate and the target detection rate
per stage, achieving a trade-off between accuracy and speed for the resulting
classifier.
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Given an input image, the resulting classifier will report the presence and
location of the object of interest.

The availability of different tutorials, e.g. [14], help OpenCV users to collect,
annotate and structure the data before building the different classifiers that are
later tested with an independent set of images.

3 Datasets

Being interested in testing a facial feature detector performance, we previously
selected some face datasets to test. Different datasets have been used in the past
to analyze face detection performance. However, we wanted to cover a wide range
of situations to better characterize the classifiers under study. For that purpose
four datasets of facial images have been selected:

– The CMU database [13] contains a collection of heterogeneous images divided
into four different subsets test, new-test, low-res and rotated combining the
test sets of Sung and Poggio [15] and Rowley, Baluja and Kanade [12]. The
dataset and the annotation data corresponding to 721 faces can be obtained
at [3].

– More recently initiatives such as FIW [6] have introduced new challenging
situations to test the performance of the face related detectors with much
larger datasets. The availability of annotation data [8] increases the number
of annotated faces in real situations. In this dataset the authors provide face
location information in terms of ellipses.

– The Yale Face database [1] contains a homogeneous collection of face images
in different illumination conditions.

– Facity1 is an online photo project presenting high quality frontal face images
with natural illumination, no facial expression and open eyes.

Table 1 summarizes the number of images and faces available in each dataset.
CMU and FDDB datasets can contain more than one face per image. The average
image size (it is fixed for Yale and Facity sets), the average eye distance (in pixels)
of each face annotated and the dataset standard deviation is also provided to
indicate the dataset variability.

Excepting the CMU dataset, no other dataset is provided with information
related to the facial features, therefore we have roughly annotated the center
point of the main facial features: eyes, nose and mouth.

The criterion adopted to consider a facial feature, fi, detection as correct, is
that the euclidean distance between the annotated location, posfi,annotated, and
the detected location, posfi,detected, must be lower than one fourth the actual eye
distance. This criterion was used to estimate the eye detection success originally
in [9].

1 www.facity.com
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Table 1. Datasets statistics. The average image dimension, average eye distance and
standard deviation are expressed in pixels.

Dataset Number of Average image Number of Average eye Standard
images dimension annotated faces distance deviation

FDDB 2845 377 × 399 5171 99 177
CMU 180 421 × 422 721 64 203
Yale 165 320 × 243 165 55 3.4
Facity 3114 600 × 600 3114 206 14

4 Experiments

4.1 Classifiers

For each facial feature (eyes, nose and mouth) we have made use of two different
training datasets:

– Set A: A collection of 6000 heterogeneous images taken randomly from the
web. Using this dataset four different classifiers were trained: left eye, right
eye, nose and mouth. These classifiers are already included in the current
OpenCV release and have been analyzed in [4].

– Set B: A subset of 2300 faces of the Facity collection. Using this dataset
different classifiers were trained: left eye, right eye, iris, nose, mouth, left
mouth corner and right mouth corner.

For both training sets the flipped image was also used for training purposes,
therefore we had around 12000 positive samples for the first family and around
4600 for the second. For both configurations around 15000 images were used as
negative samples.

4.2 Results

The receiver operating characteristic (ROC) curve of each classifier is computed
applying first the original release of each classifier, and two variants reducing its
number of stages. Theoretically, this action must increase both correct, D, and
false, F, detection rates.

The processing cost and detection precision are reflected in Table 2 for each
classifier. The processing cost indicates the total time needed, in seconds, to
process the whole dataset in a Core2 PC. The precision is related to the actual
eye distance of the face, only for those detections considered true detections. It
is observed that the classifiers computed making use of the training set B are
much faster. This is justified by the simplicity of the resulting classifiers on each
stage, the simpler the training images, the faster the resulting classifier. These
classifiers are also similar or slightly more precise than those obtained using the
training set A. They are particularly much more precise for images of similar
nature than those used to train the classifiers, i.e. Facity.
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Table 2. Classifier processing cost in seconds per dataset and positive detection pre-
cision, relative to the actual eye distance

Classifier FDDB CMU Yale Facity
Time Precision Time Precision Time Precision Time Precision

Classifiers trained with set A
Right eye 550 0.073 46 0.054 14 0.03 1546 0.02
Left eye 563 0.072 47 0.068 15 0.04 1625 0.04

Nose 927 0.069 72 0.11 19 0.04 1990 0.05
Mouth 677 0.17 58 0.11 16 0.06 1672 0.13

Classifiers trained with set B
Iris 83 0.04 8 - 2 0.04 229 0.009

Left Eye 63 0.01 7 - 1.3 - 185 0.01
Right eye 61 0.09 7 - 1.4 - 174 0.006

Nose 90 0.1 9 0.16 2 0.07 233 0.08
Left mouth 88 - 9 0.05 2 0.04 256 0.02

Right mouth 100 - 10 0.04 2 0.04 289 0.02
Mouth 86 - 9 0.08 2 0.09 231 0.02

Fig. 1. Performance achieved using the left and right eye detector computed with the
training set A

Those classifiers trained using set B present two important characteristics,
they are faster, almost ten times for some facial features, and similar or more
precise. Unfortunately, they are not so reliable to the whole dataset collection
as seen in Figures 1-5. Their respective areas under the ROC curve are smaller
than those presented bu the family of classifies computed with set A. To analyze
each feature, Figure 1 and 2 compares the detection rate of the two classifiers
specialized in the eye detection. The detectors based on the set A perform simi-
larly for both eyes. However they are worst, as expected, for those datasets with
unrestricted pose, while being really reliable with the frontal face datasets: Fa-
city and Yale. On the other side, the left eye detector based on the set B offers a
poor performance even for the Facity dataset. The iris detector presents better
performance, and a reduced false detection rate, but far from that achieved using
set A.
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Fig. 2. Left) Left eye detection performance using the training set B. Right) Perfor-
mance achieved using the iris detector computed with the training set B.

Fig. 3. Left) Nose detection performance using the training set A. Right) Nose detec-
tion performance using the training set B.

Fig. 4. Left) Mouth detection performance using the training set A. Right) Mouth
detection performance using the training set B.



Viola-Jones Based Detectors: How Much Affects the Training Set? 303

Fig. 5. Mouth corners detection performance using the training set B

The nose detection rates are presented in Figure 3. The behavior for the set
A is similar to that observed for the eye pattern. The classifiers obtained with
set B are now behaving better for the Yale and Facity but they never reach
the reliability exhibited by those trained with set A. However, the reader must
remember that this detector is much faster.

A similar performance is observed for the mouth detection, see Figure 4. We
have also included the performance of the mouth corner classifiers, see Figure 5.
The latter is only sensitive for the Facity dataset.

5 Conclusions

We have trained facial features detectors using two different kind of samples to
build the training set. The training set A contains heterogeneous images under
uncontrolled conditions, in contrast with the homogeneous training set B.

The results achieved with the training set A are more reliable than those
achieved with the training set B. Those classifiers trained with set B are faster
(almost ten times), with similar or better precision and present lower false de-
tection rates, but their ROC curves suggest a clearly worse performance. They
exhibit close performance only for datasets containing images of similar nature to
those used for training. We can conclude that the training set does not encloses
enough appearance information to build a robust facial feature detector

For future work we plan to combine the detectors and even the training sets.
The effort must be done in terms of speeding up the process while keeping similar
performance to those achieved with the training set A.
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Abstract. The classification speed of state-of-the-art classifiers such as
SVM is an important aspect to be considered for emerging applications
and domains such as data mining and human-computer interaction. Usu-
ally, a test-time speed increase in SVMs is achieved by somehow reducing
the number of support vectors, which allows a faster evaluation of the
decision function. In this paper a novel approach is described for fast
classification in a PCA+SVM scenario. In the proposed approach, clas-
sification of an unseen sample is performed incrementally in increasingly
larger feature spaces. As soon as the classification confidence is above a
threshold the process stops and the class label is retrieved. Easy samples
will thus be classified using less features, thus producing a faster deci-
sion. Experiments in a gender recognition problem show that the method
is by itself able to give good speed-error tradeoffs, and that it can also
be used in conjunction with other SV-reduction algorithms to produce
tradeoffs that are better than with either approach alone.

Keywords: gender recognition, Support Vector Machines, Principal
Component Analysis, Eigenfaces.

1 Introduction

One of the most frequent classification systems encountered in research is the
combination of PCA (Principal Component Analysis) and SVM (Support Vector
Machines). PCA is frequently used because of its simplicity and relative effec-
tiveness, while SVM have already demonstrated impressing classification capa-
bilities. The two techniques have been used together for face recognition and
verification, face detection, biosignal (i.e. EEG, ECG, EMG, CT scans...) classi-
fication, operations research, part inspection, biochemistry, anomaly detection,
text categorization, medicine composition analysis, etc. For a comprehensive list
of SVM applications the reader is referred to [1].

Despite the power of SVMs, they are orders of magnitude more costly at
query-time than other popular machine learning alternatives such as decision
trees and neural networks [2]. Classification speed is crucial for learning problems
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that use a large number of samples, like in emerging data mining applications.
In some domains the amount of data available is growing at exponential rates,
especially with the advent of global networks and the possibility of ubiquitous
generation of data. Human-computer and human-robot interaction applications
also need to produce fast responses, as for example in phoneme classification. Low
computational complexity is also required for embedded and mobile systems,
where available resources are rather limited.

Most of the research carried out in fast classification kernel machines has
involved reducing the number of support vectors [3]. Such reduction can be
achieved by approximating the discriminating hypersurface to a user-specified
accuracy. In [4] the approach taken was to reduce the complexity of the gener-
ated hypothesis by excluding some training samples, specifically subsets of the
support vectors obtained in the first place. In a similar fashion, [5] is based on
stopping the evaluation of support vectors of the hypothesis when the confidence
of the result (measured by the partial classification result) is above a threshold.
This requires the support vectors of the hypothesis to be ordered by decreasing
importance. In [6] pairs of close support vectors are iteratively substituted by a
new one. Similarly, in [7] the decision function is simplified by removing support
vectors that contribute less to the decision.

As shown above, most research in fast kernel machines has involved selecting
subsets of support vectors (or training samples in general). This paper describes
a framework for fast classification in PCA+SVM systems in which classification
is performed incrementally in increasingly larger feature spaces. As soon as the
classification confidence is above a threshold the process stops and the class label
is retrieved. Fast classification is not achieved by using less support vectors, but
by classifying in simpler spaces, which reduces the number of computations.
Section 2 explains the common PCA+SVM setting encountered in supervised
learning problems and describes the method proposed. Experimental results are
shown in Section 3. Finally, the main conclusions and lines of future work are
outlined.

2 Fast Classification in PCA+SVM Settings

PCA is often used to project input samples to a (generally lower dimensional)
space where classification is carried out. This is specially useful when the input
samples are images. Basically, PCA gives a set of orthogonal dimensions that
maximize the variance of the input samples. In face recognition, this set is called
eigenfaces, see [8]. Not all of these dimensions (eigenfaces) are useful for classi-
fication. Only the first n eigenfaces are appropriate for classification, with the
last eigenfaces typically encoding noise.

When a test sample X is to be projected with PCA, the operation to perform
is: Y = XW , where W is the transform matrix. When working with vectorized
images in the rows of X , the columns of W are the eigenfaces. As mentioned
above, usually only the first n columns of W are used in the multiplication.
This is thought to avoid the noise of the last eigenfaces. What should be a good



Fast Face Classification in Incrementally Growing Spaces 307

value for n? There are reasons to believe that a large dimensional input space
would be needed to separate difficult samples, while ’easy’ samples could be
separated in simpler spaces (i.e. lower value for n). In the method proposed, a
different K value may be used for each specific test sample, instead of a fixed
dimension n. Easy samples can be classified in a PCA space of a low number
K of dimensions. The necessary number of dimensions to use will be ultimately
given by the classifier output. For each test sample the system would classify it
in a low dimensional space first. If the classifier output is large enough (i.e. above
a fixed threshold) then classification will end and a class label will be retrieved.
Otherwise the process should be repeated in a more informative space of a larger
dimension, see Fig. 1.

PCA projection
using n eigenfaces

x yxinput SVM
classification

PCA projection
using K eigenfacesi

x

i=i+1 No

Yes

y

y

xinput SVM
classification

|y| > Threshold
or

K =ni

Fig. 1. Top: Typical PCA+SVM classification procedure for a test sample. Bottom:
Fast PCA+SVM classification method for a test sample.

The loop of Figure 1 would have to be incremental in terms of computational
cost. Otherwise there would not be any speed gain over the use of a fixed dimen-
sion. The PCA projection of the input sample can be done incrementally, since
it is a matrix multiplication (see above).

It can be shown that SVM classification can be also made incremental in the
input space dimension as long as the new dimensions at each step are orthogonal
to the previous ones, which is the case when using PCA. Kernels typically used
(like polynomial, RBF and sigmoid) are functions either of a dot product or a
norm of samples. When classifying a sample, the cost of the kernel evaluations
is therefore dependent on the space dimension. For a given input sample, let us
suppose that classification has been already made in a space of dimension Ki−1.
Therefore, we have already evaluated the kernel values κ(x,xi). Let us suppose
that we set to classify the same sample in a space of dimension Ki > Ki−1. Here
the input and training samples can be respectively represented as x + Δx and
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xi + Δxi, where vectors x and xi are augmented with zeros in order to have
Ki components. Δx and Δxi represent the values of the new ΔK = Ki −Ki−1

dimensions, with the other components set to zero.
With the assumption imposed on the input space, in this space of Ki di-

mensions the following orthogonality relations hold: x⊥Δx, x⊥Δxi, xi⊥Δx,
xi⊥Δxi. Using these orthogonality relations two cases are now possible:

– Dot product-based kernels (for example the polynomial kernel κ(x,xi) =
(x · xi + 1)p):

(x +Δx) · (xi +Δxi) = x · xi + x ·Δxi +Δx · xi +Δx ·Δxi =

= x · xi +Δx ·Δxi (1)

– Norm-based kernels (for example the RBF kernel: κ(x,xi) = exp(−||x −
xi||2/2p2)):

||(x +Δx)−(xi +Δxi)||2 = ||x +Δx||2+||xi +Δxi||2−2(x +Δx)·(xi +Δxi)=

= ||x||2+||Δx||2+2x·Δx+||xi||2+||Δxi||2+2xi ·Δxi−2(x +Δx) · (xi+Δxi)=

= ||x||2+||Δx||2+||xi||2+||Δxi||2−2(x·xi+x·Δxi+Δx·xi+Δx·Δxi)=

= ||x−xi||2+||Δx||2+||Δxi||2−2Δx·Δxi (2)

It can be seen that the computations are based on the dot product or norm
of the previous step plus some terms that can be computed with a constant
cost proportional to ΔK. Thus, in both cases the computation can be done
incrementally.

Note that the training cost of the proposed method is the same as in a non-
incremental classifier, only one training stage is carried out using a space of
whatever dimension n. Once we have a trained classifier, the proposed method
only works at test time, where we have the incremental classification of samples.

3 Experiments

Since the speed gain in the proposed method is based on classifier confidence, we
will have a trade-off between classification speed and error. In this respect, the
main performance indicator that will be used here is the error-speedup curve,
which represents test error as a function of classification speed gains. This curve
is obtained by varying the classifier confidence threshold (see Figure 1), with
values ranging from 0 to 1. An RBF kernel was used in all the experiments.

The question arises whether the proposed dimensionality reduction strategy
can be compared with SV-reduction. Note that there are cases in which one
reduction strategy will always be superior to the other and vice versa. For the
dimensionality reduction approach the results will depend on the number n of
dimensions used (i.e. the size of the feature space). On the other hand, the
performance of SV-reduction methods depends on the number of support vectors
which in turn depends on the parameters used for training the classifier (i.e.
the kernel parameter ’p’). The best values for these parameters depend on the
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problem at hand (and also on the number of training samples available). For
large values of n, for example, the proposed dimensionality reduction method
should give better error-speedup curves than the SV reduction method. For small
values of n the reverse will be true. For these reasons, a direct comparison is not
appropriate. Instead, we focused on combining the two strategies to test whether
better net results can be obtained.

The combination implies progressively reducing both the number of support
vectors and dimensions, following some order (i.e. choosing at each step between
SV-reduction or dimensionality reduction). Searching for the ordering that gives
the optimal error-speedup curve is not feasible, since there is a factorial number
of orderings.

Assuming independence between both reduction methods, approximations can
be obtained. In our case, a simple greedy search was carried out in the validation
set. The search involves choosing between reducing the dimension or reducing
the number of support vectors, at each step of the curve. The selection is made
according to the error decrease in the validation set produced by each option.

The proposed strategy was used in conjunction with the SV-reduction method
described in [5], in which classification speed is improved by using only the
most important support vectors in the classification function evaluation. In order
to achieve this, the support vectors are ordered by the absolute value of the
associated coefficient. With that algorithm, important computational savings
can be achieved without significant degradation in terms of recognition accuracy.

A gender recognition scenario was used in the experiments, using the typical
PCA+SVM combination. A number of face images were captured in our labora-
tory. These included talking and changes in facial expression, illumination and
pose. A total of 7256 male+7567 female images were gathered, and later nor-
malized in rotation and size to 39x43 pixels. In each run of the experiment, 300
of these images were randomly selected and randomly partitioned in a training
set of 120 images (60+60), a validation set of 80 images (40+40) and a test set
of 100 images (50+50).

PCA was previously applied over an independent set of 4000 face images
taken from the Internet. The eyes in each image were located manually and
then the image was normalized to 39x43. PCA was computed over this set of
4000 normalized images, retaining a number n of coefficients, see Figure 2. The
collected images were all projected onto this PCA space previous to training and
classifying.

Even though our goal in this work was not to obtain better absolute recog-
nition values, we wanted to test the algorithms in an independent database, a
subset of frontal faces of the FERET [9] data set was also considered. In this
case the working set was made up of a total of 177 male+177 female faces, nor-
malized to 52x60 pixels. In each experiment a random ordering of the samples
of each class was performed. PCA was applied to the first 144 of them (77+77).
The training set had 120 samples (60+60), the validation set 40 (20+20) and
the test set the other 40 (20+20).
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Fig. 2. Left: some Internet faces, as detected and normalized. Right: the first 36 eigen-
faces obtained with PCA.

The experiments described here show the effects of the combination in two
different cases: a) dimensionality reduction performing better than SV-reduction
and b) SV-reduction performing better than dimensionality reduction. These
cases were achieved by adjusting the parameter p of the support vector classifier
and the value of n. The speedups were calculated as 100 minus the percentage
of numerical operations used for classification, with respect to the initial case of
dimensionality n and number of support vectors. Figure 3 shows the performance
for case a), i.e. dimensionality-reduction method better than SV-reduction.

Note that for large values of n (as was the case in Figure 3) the dimensionality
reduction curve is more horizontal, which makes it difficult to obtain significant
improvements with the combination. This occurs because with the validation set
the greedy algorithm could choose to reduce support vectors at a given point
when in fact the best option is to keep on reducing dimensionality (thus keep-
ing the error constant most of the time). This causes the performance of the
combination to be worse than with either of the two methods, especially if the
validation set is small. Since we have a validation set available, in such cases it
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Fig. 3. Left: Error-speedup curves for the three methods considered, using our labora-
tory database. 40 runs, random distributions of the samples in training, validation and
test sets. Kernel parameter p = 3000. The (initial) dimensionality n was calculated as
that which accounted for a 90% of the total variance. Right: Error-speedup curves for
the three methods considered, using the FERET database. Same conditions except for
kernel parameter p = 10000.
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Fig. 4. Left: Error-speedup curves for the three methods considered, using our labo-
ratory database. 25 runs, random distributions of the samples in training, validation
and test sets. Kernel parameter p = 500. The (initial) dimensionality n was 4. Right:
Error-speedup curves for the three methods considered, using the FERET database. 50
runs, random distributions of the samples in training, validation and test sets. Kernel
parameter p = 1500. The (initial) dimensionality n was 25.

may be useful to set a threshold in the greedy search so that SV-reduction is
used only when large errors begin to appear with dimensionality reduction. Al-
ternatively, SV-reduction could be made to proceed only after the speedup gain
has reached a given point, which can be estimated (manually) with the valida-
tion set. The latter option was used in Figure 3, where SV-reduction only acted
after a speedup of 60% and 40% was reached using dimensionality reduction.

Figure 4 shows the performances for case b), i.e. SV-reduction better than
dimensionality-reduction. For the FERET images it was very difficult to find a
set of parameter values that made the SV-reduction method be clearly better
than dimensionality reduction. We postulate that this was due to the fact that
this data set was considerably more difficult (the images were larger, the PCA
space was obtained with fewer samples, many races were present, more significant
illumination variations, ...), which would have made the obtained support vectors
more critical for classification. Still, the figure shows how the greedy algorithm
allows to obtain an improvement for speedups between 10-40%, although after
that point the performance of the combination obviously turns worse than with
dimensionality reduction alone. Overall, the results shown above suggest that
even with a simple greedy combination a better net performance can be achieved.
With more computational effort better combinations could be used that take
advantage of the (in)dependence between feature space size and classifier size.

4 Conclusions

The test speed of state-of-the-art classifiers such as SVM is an important aspect
to be considered for certain applications. Usually, the reduction in classification
complexity in SVMs is achieved by reducing the number of support vectors used
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in the decision function. In this paper a novel approach has been described in
which the computational reduction is achieved by classifying each sample with
the minimum number of features necessary (note that the typical setting is to
use a fixed dimension for the input space). Experiments in a gender recognition
problem show that the method is by itself able to give good speed-error trade-
offs, and that it can also be used in conjunction with support vector-reduction
algorithms to produce trade-offs that are better than with either approach alone.
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Dept. Informàtica, Universitat de València, Spain
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Abstract. An incremental approach to the discriminative common vec-
tor (DCV) method for image recognition is considered. Discriminative
projections are tackled in the particular context in which new training
data becomes available and learned subspaces may need continuous up-
dating. Starting from incremental eigendecomposition of scatter matri-
ces, an efficient updating rule based on projections and orthogonalization
is given. The corresponding algorithm has been empirically assessed and
compared to its batch counterpart. The same good properties and per-
formance results of the original method are kept but with a dramatic
decrease in the computation needed.

Keywords: Incremental learning, discriminative common vector, sube-
spaces, discriminative projections.

1 Introduction

Representing images in subspaces in order to reduce computational burden and
also to improve their discriminability constitutes a very general goal in many
image recognition practical problems [1, 2]. When applied to very large images,
these methods imply relatively high time and space requirements as they usu-
ally need non trivial numerical operations on large matrices computed from a
previously given training set.

In particular dynamic or highly interactive scenarios, image recognition al-
gorithms may require retraining as new information becomes available. New
(labeled) data may be then added to the previous training set so that the orig-
inal (batch) algorithm can be used but this involves prohibitive computational
burden for most practical applications. Instead, incremental subspace learning
algorithms have been proposed for basic algorithms such as Principal Component
Analysis (PCA) and Linear Discriminant Analysis (LDA) in order to alleviate
these requirements while keeping most of the performance properties of its batch
counterpart[3–7].
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Subspace learning methods based on Null Space or Discriminative Common
Vectors (DCV) have been recently proposed for face recognition [2]. The rationale
behind DCV is close to LDA but is particularly appealing because its good
performance behavior and flexibility of implementation specially in the case of
very large dimensionalities [2, 8].

In this paper, incremental formulations corresponding to basic (batch) imple-
mentations of the DCV method are given. The derived algorithms follow pre-
viously published ideas about (incrementally) modifying subspaces [9, 10] but
in the particular context of Null Spaces associated to the within-class scatter
matrix. A preliminar implementation of this idea, has already been presented
in [11] along with limited experimentation. In the present work, both subspace
projections and explicit common vectors are efficiently recomputed allowing the
application of these algorithms in a wide range of situations in interactive and
dynamic problems. Extensive experimentation for different real databases and
using several parameter settings has been included to demonstrate the benefits
of the proposed approach.

2 Image Recognition through Discriminant Common
Vectors

The DCV method was proposed for face recognition problems in which input
data dimension is much higher than the training set size [2]. This case is referred
to in the specialized literature as the small sample size case [1]. In particular,
the method looks for a linear projection that maximizes class separability by
considering a criterion very similar to the one used for LDA-like algorithms
and also uses the within-class scatter matrix. In short, the method consists of
constructing a linear mapping onto the null space of this matrix in which all
training data gets collapsed into the so-called discriminant common vectors.
Classification of new data can be then accomplished by first projecting it and
then measuring similarity to DCVs of each class with an appropriate distance
measure.

Let X ∈ R
d×M be a given training set consisting of M d-dimensional (column)

vector-shaped images, xi
j ∈ R

d, where i = 1, . . . , Mj refers to images of any of the
c given classes, j = 1, . . . , c and M =

∑c
j=1 Mj . Let Sw

X be their corresponding
within-class scatter matrix and let xj be the j-th class mean vector from X .

Let U ∈ R
d×r and U ∈ R

d×n be matrices formed with the eigenvectors cor-
responding to non zero and zero eigenvalues, computed from the eigenvalue de-
composition (EVD) of Sw

X where r and n = d − r are the dimensions of its
range and null spaces, respectively. The range and null spaces generated by
U and U , respectively, are complementary subspaces, so that their direct sum
is all R

d. Each sample xi
j ∈ R

d admits a unique decomposition of the form

xi
j = UUT xi

j + U U
T
xi

j , where UUT and U U
T

are orthogonal projection oper-
ators onto range and null spaces, respectively.
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The j-th class common vector can be computed as the orthogonal projection
of the j-th class mean vector onto this null space, U U

T
xj or, equivalently as:

xj
com = U U

T
xj = xj − UUT xj (1)

In both expressions, the mean vector xj may in fact be substituted by any
other j-class training vector [2]. Note that it is much easier and convenient
to use U rather than U , partially because in the context of image recognition
usually r � n. These d-dimensional common vectors constitute a set of size c to
which standard PCA can be applied. The combination of this with the previous
mapping gives rise to a linear mapping onto a reduced space, Θ ∈ R

d×(c−1).
Reduced dimensionality discriminative common vectors (DCVs) can be then
computed as ΘT xj . When new (test) data, x, is to be classified, it can get
projected as ΘT x and then appropriately compared to ΘT xj in order to be
recognized.

Even after several improvements that can be applied [2, 12], the computational
burden associated to this procedure is dominated by the eigendecomposition of
Sw

X and leads to a cost in O(�M3 + dM2), where � is a constant related to the
iterative methods used for EVD.

3 Incremental Null Space Characterization

Let X be as defined in Section 2 and let Y ∈ R
d×N be the currently available

training set (new incoming data) consisting of Nj vectors from each of the c
classes. And let Z = [X Y] ∈ R

d×(M+N).
Basic DCV method on Z would require eigendecomposing Sw

Z first in order to
use Equation 1 to compute the common vectors and go forward. To avoid this,
Sw

Z must be decomposed into simpler parts that can be put in terms of eigende-
compositions Sw

X = UΛUT (from the previous iteration) and Sw
Y = V ΔV T (that

can be done straightaway as N �M) along with their corresponding mean vec-
tors xj and yj. From the standard within-class scatter matrix definition we can
arrive at

Sw
Z = Sw

X + Sw
Y + SXY = UΛUT + V ΔV T + WWT (2)

which could be seen as a generalization of the decomposition in [9] for the overall
scatter matrix. In this expression, W ∈ R

d×c is a (non orthonormal) generator
set of the subspace spanned by the difference mean vectors whose columns are
defined from X and Y as

√
MjNj

(Mj+Nj)
(xj − yj) for each class j.

In the particular case in which only one sample per class is added (that is,
Nj = 1 for all j), the above expression becomes simpler as Sw

Y = 0. The problem
can be posed then as updating the basis of the range subspace, U , by adding new
(orthogonal) components from subspaces represented by V (if it is not empty)
and W . This situation is illustrated in Figure 1.

As only directions complementary to the ones in U are needed, all column
vectors in V and W must be projected onto its complementary as V − UUT V
and W − UUT W , respectively. These (at most (N − c) + c) projected vectors
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R
d

Fig. 1. Range subspaces corresponding to data and basis involved in the incremental
updating of DCV

can be now orthonormalized and then simply added to U in order to obtain the
sought update, [U v] where v is the result of the orthonormalization procedure.
The discriminative common vectors, zj

com, can be also incrementally updated as

zj
com = (I − [U v][U v]T )zj = (I − UUT − vvT )zj = xj

com − vvT xj

Note that the basis [U v] is in general different to the one that will be obtained
from the eigendecomposition, U ′, up to a rotation, R. Therefore, we can write

Sw
Z = U ′Λ′U ′T = Sw

X + Sw
Y + SXY = [U v]R Λ′RT [U v]T

and then multiplying by the left and right inverses of the new basis to obtain

RΛ′RT =
[
Λ 0
0 0

]

+
[
UT V ΔV T U UT V ΔV T v
vT V ΔV T U vT V ΔV T v

]

+
[
UT WWT U UT WWT v
vT WWT U vT WWT v

]

The right hand side of the above equation can be easily computed from the
incremental data and, consequently, the rotation, if needed, can be obtained
from the corresponding diagonalization.

To implement the plain DCV method, any orthogonal basis for the correspond-
ing range subspace will suffice and the above rotation need not be computed. In
this particular case, the full update of this basis can be done in O(�N3 + dMN)
time. This constitutes an improvement with respect to the corresponding basic
algorithm which would imply a computation time in O(�(M +N)3+d(M +N)2).

In the asymptotic expression for the computation time corresponding to the
incremental algorithm, the cubic term will vanish if Nj = 1 (N = c) and would
go up to (M + N)3 if R would need to be computed.

4 Experiments and Discussion

An in depth comparative experimentation has been carried out using a wide
range of the involved parameters of the incremental algorithm over 4 differ-
ent publicly available databases. In all cases, images were previously normal-
ized in intensity, scaled and aligned using the position of eyes and mouth. Fig-
ure 2 shows some sample images and their basic characteristics as dimensionality
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name size c size/c Mj Nj type

AR [13] 222×299 50 14 3 . . . 12 1, 2, 3, 4 expression & lighting

Jaffe [14] 256×256 10 20 4 . . . 16 1, 2, 3, 4 expression

Cmu-Pie [15] 120×160 68 56 11 . . . 47 1, 2, 3, 4 pose & lighting

Coil-20 [16] 128×128 20 72 13 . . . 62 1, 2, 3, 4 pose

Fig. 2. Examples and details about the four databases considered in the experiments

(image size), number of classes (c), number of objects (per class), and type of
variability. More details about these databases can be found in the corresponding
references shown also in the Figure 2.

In particular, an experimental setup in which more training data becomes
available to the algorithm has been designed. For each database, the available
data has been split into 3 disjoint sets that will be referred to initial, incremental
and test sets, respectively. The initial dataset contains about 15% of the available
data (the number of samples per class for each database is the smallest number
in the Mj column in Figure 2) and the test set is formed by approximately 20%.
The remaining incremental set is divided into blocks of Nj samples per class
(ranging from 1 to 4) that will be made progressively available for the algorithm
in each experiment.

The learning process was repeated 10 times for each database, where training
and test sets have been randomly permuted after each shift to remove any kind
of dependence on the order in which data is made available to the algorithm.
The results presented correspond then to an average across the whole database
along with corresponding standard deviations.

At each iteration, Nj new images per class are available. The incremental
algorithm is then run using the previous Mj images per class. The basic DCV
algorithm is also run from scratch using the current M +N images. In this way,
M values range approximately from 15% to 80% while the value of N has been
fixed for each database and experiment according to its global size.

The accuracy of the minimum distance classifier using DCVs in the projected
subspace has been considered [2]. According to expectation, accuracy results ob-
tained do not lead to any significant difference between incremental and batch
approaches. Moreover, the accuracy rate of the incremental algorithm does not
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Fig. 3. Averaged accuracy vs accumulated training set size for both algorithms con-
sidered on the 4 databases, (a) AR, (b) Jaffe, (c) Cmu-Pie and (d) Coil-20

present significant changes for the different incremental training set sizes (shown
in Figure 3), where the small differences are due to the randomness of the training
set at each iteration.

Figure 4 shows the relative CPU time for each incremental algorithm config-
uration at each iteration with regard to the corresponding basic (batch) DCV
algorithm.

The general trend illustrated in the figure shows that the relative CPU time
decreases with M for a fixed N . This tendency follows approximately the theo-
retical O(1/M) that comes from the corresponding asymptotic results for fixed
N and d. So when the number of total training samples is greater than the num-
ber of samples added incrementally, the differences in computational cost are
more significant.

When the size of the incremental training set is about the size of the total
training, the computational cost of incremental algorithm is not comparable with
respect to the batch algorithm, as is the case of AR and Jaffe database, for values
of M ≈ N .

In the case M >> N , several interesting facts can be put forward from the
results obtained. First, incremental approaches for conveniently small N values
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Fig. 4. Relative CPU time of the incremental method with regard to corresponding
batch DCV method on the databases, (a) AR, (b) Jaffe, (c) Cmu-Pie and (d) Coil-20

will cut down computation to very small percentages of the computation needed
by the whole retraining using the batch algorithm. Second, the computation
decreases as N becomes smaller. And this decrease with N compensates even
taking into account that you will need a higher number of updates as N gets
smaller.

5 Concluding Remarks and Further Work

An incremental algorithm to compute DCVs and corresponding subspaces has
been considered. The algorithm use incremental eigendecomposition and or-
thonormalization as in the original (batch) algorithm. Dramatic computational
savings are observed while performance behavior of DCV is preserved in the
experimentation carried out on four publicly available image databases.

Further work is driven towards the implementation of more general common
vector based subspace algorithms, using extended null space and kernels, in
an incremental way along with extending the experimentation to other, more
challenging and truly dynamic scenarios.



320 K. Diaz-Chito, F.J. Ferri, and W. Dı́az-Villanueva

References

1. Belhumeur, P.N., Hespanha, J.P., Kriegman, D.J.: Eigenfaces vs. fisherfaces:
Recognition using class specific linear projection. IEEE Trans. on Pattern Analysis
and Machine Intelligence 19(7), 711–720 (1997)

2. Cevikalp, H., Neamtu, M., Wilkes, M., Barkana, A.: Discriminative common vec-
tors for face recognition. IEEE Trans. Pattern Analysis and Machine Intelli-
gence 27(1), 4–13 (2005)

3. Murakami, H., Kumar, B.: Efficient calculation of primary images from a set of
images. IEEE Trans. Patt. Analysis and Machine Intell. 4(5), 511–515 (1982)

4. Chandrasekaran, S., Manjunath, B., Wang, Y., Winkler, J., Zhang, H.: An
eigenspace update algorithm for image analysis. Graphical Models and Image Pro-
cessing 59(5), 321–332 (1997)

5. Hall, P.M., Marshall, D., Martin, R.R.: Incremental eigenanalysis for classification.
In: British Machine Vision Conference, pp. 286–295 (1998)

6. Ozawa, S., Toh, S.L., Abe, S., Pang, S., Kasabov, N.: Incremental learning of
feature space and classifier for face recognition. Neural Netw. 18(5-6), 575–584
(2005)

7. Ross, D.A., Lim, J., Lin, R.S., Yang, M.H.: Incremental learning for robust visual
tracking. Int. J. Comput. Vision 77(1-3), 125–141 (2008)

8. Cevikalp, H., Neamtu, M., Wilkes, M., Barkana, A.: A novel method for face recog-
nition. In: Proceedings of the IEEE 12th Signal Processing and Communications
Applications Conference, pp. 579–582 (2004)

9. Hall, P., Marshall, D., Martin, R.: Merging and splitting eigenspace models. IEEE
Trans on Pattern Analysis and Machine Intelligence 22(9), 1042–1049 (2000)

10. Hall, P., Marshall, D., Martin, R.: Adding and subtracting eigenspaces with eigen-
value decomposition and singular value decomposition. Image and Vision Comput-
ing 20(13-14), 1009–1016 (2002)

11. Dı́az-Chito, K., Ferri, F.J., Dı́az-Villanueva, W.: Image recognition through in-
cremental discriminative common vectors. In: Blanc-Talon, J., Bone, D., Philips,
W., Popescu, D., Scheunders, P. (eds.) ACIVS 2010, Part II. LNCS, vol. 6475, pp.
304–311. Springer, Heidelberg (2010)

12. Gulmezoglu, M., Dzhafarov, V., Keskin, M., Barkana, A.: A novel approach to
isolated word recognition. IEEE Trans. Speech and Audio Processing 7(6), 618–
620 (1999)

13. Martinez, A., Benavente, R.: The ar face database. Technical Report 24, Computer
Vision Center CVC (1998)

14. Lyons, M.J., Akamatsu, S., Kamachi, M., Gyoba, J.: Coding facial expressions with
gabor wavelets. In: Third IEEE International Conference on Automatic Face and
Gesture Recognition, pp. 200–205 (1998)

15. Sim, T., Baker, S., Bsat, M.: The CMU pose, illumination, and expression (PIE)
database. In: Proceedings of the 5th International Conference on Automatic Face
and Gesture Recognition (2002)

16. Nene, S., Nayar, S.K., Murase, H.: Columbia object image library (coil-20). Tech-
nical report (1996)



Multi-sensor People Counting�

Daniel Hernández-Sosa, Modesto Castrillón-Santana,
and Javier Lorenzo-Navarro

SIANI
Universidad de Las Palmas de Gran Canaria

Abstract. An accurate estimation of the number of people entering /
leaving a controlled area is an interesting capability for automatic surveil-
lance systems. Potential applications where this technology can be ap-
plied include those related to security, safety, energy saving or fraud
control. In this paper we present a novel configuration of a multi-sensor
system combining both visual and range data specially suited for trou-
blesome scenarios such as public transportation. The approach applies
probabilistic estimation filters on raw sensor data to create intermediate
level hypothesis that are later fused using a certainty-based integration
stage. Promising results have been obtained in several tests performed
on a realistic test bed scenario under variable lightning conditions.

Keywords: people counting, EKF, MHI, laser sensors.

1 Introduction

Automatic surveillance systems are becoming more and more frequent nowadays.
People counting constitutes a relevant component of those for many applications.
For example, the number of passengers getting in/out of a public transport is
necessary for control and management. In pubs and discos the evacuation proto-
cols are designed according to the building capacity and it must not be exceeded.
Another example is the presence control for implementing energy saving politics.

Two main technologies have been used to solve the people counting problem:
Computer Vision and light beams. On one hand, Computer Vision techniques
has been successfully applied to more and more areas in the recent years. This
process is favored by the introduction of lower-cost higher-performance hardware
and the improvements in the reliability of detection methods. On the other hand,
laser sensors have also evolved in the same directions, so smaller and lighter units
are available at a reasonable cost vs. precision ratio.

1.1 Computer Vision Methods

In the literature, we can find many examples of Computer Vision based systems
with cameras located both in zenithal and non zenithal position. However for
some applications where privacy preserving is a crucial matter, the use of vision-
based systems with non zenithal cameras is not permitted.
� This work was partially supported by the Spanish MICIIN funds (TIN2008-06068).
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Chant et al. [3] proposed a method based on analysing a crowd and making use
of mixture of dynamic textures to segment the crowd into different directions;
after a perspective correction, some features are computed on each segment and
with a Gaussian Process the number of people per segment is obtained. Bozzoli
et al. [2] introduced a method for people counting in crowded environments as bus
or train gates. The proposal is based on the computation of a running average-
like background model applied to edge images in order to avoid the influence
of sudden lighting condition changes. Foreground edges are filtered and with
the remaining one the optical flow image is computed. Finally each movement
vector is assigned to a segment and all the movement vectors assigned to the
same segment can be used to estimate the people passing in each direction.

Vision based techniques are well suited for large, wide and open areas, like
train platforms or commercial areas besides gates or corridors, provided that
lightning conditions are kept under control.

1.2 Range Laser Methods

Katabira et al. [5] proposed a system based on a sensor mounted on the ceiling
of a passage. From the range data acquired by the sensor human shapes can
be obtained by transforming the data to X − Z plane. The proposed method
detects a passing pedestrian when a prominent object is detected.

Mathews and Poigné [8] introduced a system based on a set of passive infrared
beacons. The detection of people is done with an Echo State Network which is
trained with a set of motion patterns obtained with a simulator.

Light beams based systems have the advantage of privacy preserving, and are
best suited for small areas.

1.3 Hybrid Methods

In order to come together the advantages of light beam and vision based systems,
some authors have proposed to fusion laser and camera data [9].

Gwang et al. [7] make use of a laser beam as a structured light source. In
this way, 3D estimation can be done in an area by means of the integration of
consecutive images. When people cross the area, the obtained pattern allows to
count the number of people and also the direction of the movement.

Cui et al. [4] describe a method that fuses data from a laser and a visual
tracker. The laser module is based on the integration of several laser readings
to detect pair of legs and later tracked using a Kalman filter to estimate the
position, velocity and acceleration of both feet. A calibrated camera allows to
perform visual tracking with color information which feed a mean-shift tracker.
Finally, the results of both tracking process are fused with a Bayesian approach.

1.4 The Proposal

In this paper, we propose a fast processing multi-sensor method for counting
people getting in/out through a controlled area, using low-cost infrastructure
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and preserving privacy. The system is specially well suited for troublesome sce-
narios with space limitations and changing lightning conditions, such as public
transportation applications. Laser and visual based detectors run asynchronously
generating hypothesis of crossing people. An upper level combines these hypothe-
sis in order to accept or reject them. The laser process basically extracts relevant
peaks from a dynamically generated 3D surface, while the vision process makes
use of motion history images to obtain direction and location of people.

The paper is organized as follows: Section 2 gives a brief description of the
system. Section 3 presents the results achieved in the experiments. Finally, in
the conclusions, some remarks and future work are presented.

2 System Description

The main purpose of our system is to count the number of persons leaving
and entering a space. For this work we have considered a specially challenging
problem, the monitoring of access to public transportation. In this scenario, an
automatic detection system must cope with adverse factors such as severe space
limitations and varying lightning conditions. Additionally, the global system cost
should be kept reasonably low and subject’s privacy should be guaranteed.

The combination of the aforementioned factors has implications on the pro-
cessing system, as low cost hardware translates into poor data quality and slow
acquisition rate. For example, depending on people crossing speed a basic laser
sensor can only obtain 3 to 4 scans per individual. Also, height limitation gener-
ates important occlusions when a tall person enters/leaves the controlled area,
both in a camera or laser data. Besides, due to normally under-illuminated con-
ditions, a standard camera auto-iris is generally wide open, making the depth
focus thinner and producing blurring while adjusting to different height people.

The proposed counting people system is composed of a standard webcam and
a low cost laser based range sensor. This seems to be an interesting configuration,
as lasers provide precise range data but on a small area, while cameras cover a
wider area but with a worse signal/noise ratio. Unlike previous works based on
fusion of camera and laser readings [4,9], the range sensor is placed zenithally
next to the camera. This configuration is better suited for narrow areas as public
transports where the horizontal configuration of the laser is not recommended
due to maintenance problems. Additionally, the zenithal location of the camera
avoids the privacy matter because faces are not grabbed. The use of low cost
sensors allows for a wider economically affordable deployment.

The software architecture is based on a fast pre-attentive visual motion detec-
tion and range processing stage, an intermediate data fusion and filtering layer
and a final certainty-based decision module. In a previous phase, both laser and
camera need to be calibrated, and a region of interest is defined for each sensor.
As a result of this calibration process, two coordinate transformation matrices,
Ml and Mc, are obtained for laser and camera respectively.
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2.1 Visual Processing

Two main elements are involved in the visual processing: motion detection and
data filtering. The detection uses a motion-energy/motion-history framework to
identify module and direction of displacement on images. The data filtering uses
an Extended Kalman Filtering (EKF) estimator to integrate motion measures.

Motion detection
Temporal templates have been used as a view-specific representation of move-
ment in the last decade [1]. Image differencing is adequate for some applications,
but in our case, as we need to identify if an individual is entering or leaving the
room/space, the information contained in a set of consecutive frames is more
useful. Motion templates seem to be applicable to this task, and have been used
in the past for layering successively the silhouettes obtained after differencing
one frame with the previous one.

The motion-energy image (MEI) is a binary cumulative image based on image
binary differencing (D(x, y, t)) indicating where a motion takes place. Consider-
ing a cumulative interval τ , we have the following expression for the MEI image:

Eτ (x, y, t) =
⋃τ−1

i=0 D(x, y, t− i).

On the other hand, the motion-history image (MHI) indicates also how the
motion was produced using each pixel intensity to represent the time elapsed
since the motion occurred. In our implementation, we have considered a scalar
image, where brighter pixels (max value vmax) refer to most recent moving pixels,
decaying in intensity (vdec factor) when no difference is present (see Figure 1).

MEI and MHI have been frequently used for gesture recognition [1]. Recently
those representations have also been combined with texture descriptors to im-
prove the recognition robustness [6]. However, in our approach, the gestures to
recognize are simpler, but different situations can be presented to the sensors
due to the various behavioral possibilities that can take place in a door when
multiple people are present.

Data filtering
Camera frames are processed to extract motion blobs bk and filtered out com-
paring blobs area with a minimum threshold to discard less significant ones
(area(bk) < areamin). As the camera does not provide depth information, sev-
eral height possible values (z1, ..., znh

) are tested in parallel, using a function
that back-projects the blob center coordinates into the corresponding world co-
ordinates via the matrix calibration camera: b3Dk,j = MapXY Z(bk, Mc, zj) for
j = 1 . . . nh.

The set of b3Dk,j are used to generate camera-based hypothesis for object
trajectories OTCc,j(t), using an EKF framework. The object hypothesis are
updated on the basis of the k−th detected blob bk on the current frame, according
to the following rule:
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Fig. 1. MHI example

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

if mini=1...nc Dist3D(k, i) < μc EKF update(all j),
OTCi,j(t)

otherwise nc = nc + 1,
EKF init(all j),
OTCnc,j(t) = b3Dk,j

where Dist3D(k, i) =
∑

j=1...nh
‖b3Dk,j − OTCi,j(t − 1)‖, nc is the number of

current active objects and μc is a distance threshold.
EKF filters operate on a three state vector representing the objects X and X

coordinates and the angle of motion. See image on Figure 2 for an example of
blob detection and the corresponding EKF trajectory estimation.

The visual filter keeps integrating data until an object trajectory is detected to
intersect the door line, activating then a verification test including the analysis of
trajectory length and filter covariance ellipses. On success, the object hypothesis
is added to a set Hc of camera-based hypothesis with its spatial and temporal
references.

2.2 Laser Scan Processing

Laser sensors are specially convenient to this problem due to their precision and
relative invariance to lightning conditions. In our approach laser readings are
integrated over time to generate a kind of 3D topographical surface, s(x, y, z),
which exhibits a peak for each person crossing under the sensor (∇(s) = 0). The
s(x, y, z) function is processed to extract relevant peaks which are then fed into a
multi-modal tracking filter that keeps laser-based 3D trajectory for hypothetical
person objects. These hypothesis, OTLi(t), are updated on the basis of the k−th
detected peak pk in the current scan according to the following gate-reject/gate-
augment rule:
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Fig. 2. EKF blobs tracking example

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

if mini=1...nl
Dist(k, i) < μrej Update OTLi(t)

if mini=1...nl
Dist(k, i) > μaug nl = nl + 1,

OTLnl
(t) = pk

otherwise discard

where Dist(k, i)=‖ProjXY (pk, Ml)−ProjXY (OTLi(t−1), Ml)‖, and ProjXY
is the transformation of the 3D peak coordinates into the XY , nl is the number
of current active object trajectories, μrej is the gate reject value and μaug is the
gate augment value.

Each time a peak is associated to a trajectory, the area under that peak
is computed and integrated to obtain a volume estimation of the object, OVi,
assuming constant velocity.

A trajectory is thus defined in a time interval, starting at its creation OTLiti ,
and finishing when no peak is associated to the trajectory in the current laser
acquisition, OTLitf

. Once the trajectory is completed, it is processed to esti-
mate if it could correspond to a crossing person, according to a set of conditions:
persistence (OTLitf

−OTLiti > tmin), max height (Maxz(OTLi) > heightmin)
and volume (OVi > volmin); where tmin, heightmin and volmin are lower thresh-
olds for trajectory duration, maximum height and volume, respectively. These
conditions are defined to try to reduce false positive detections. As a result of
this process, a set Hl of laser-based hypothesis about the number and location
of people crossing is generated.

2.3 Integration

The high-level heuristic module fuses evidences and sensor data from the de-
tection and filtering layers to generate the final decisions on people crossing
events, assigning global certainty values. The two hypothesis sets Hl and Hc are
cross validated to get a more robust estimation of people get in/out counting.
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Basically, the temporal references (event initial/final time) and spatial references
(trajectory coordinates) are used to identify a given object from one set into the
other.

The global detection system can label and assign certainty to the crossings
depending on they have only range or visual confirmation or both. In general
terms, high certainty values are produced when pairs of visual and range data
evidences are found to be temporally and spatially coherent. In case of discrep-
ancies, certainty values based on special rules are applied, giving more credibility
to the source that has integrated more measures at a reasonable certainty level.

3 Experiments and Results

Several tests have been performed on an experimental setup simulating the con-
ditions of a public transportation conditions, with both visual and range sensors
installed at 2.5 meters on a door frame. Data collected include diverse cases
of individual and paired in/out door traversing, and simultaneous opposite di-
rection trajectories. Illumination changes have been also introduced artificially
switching lights to observe system response. Camera frames were captured from
a firewire web-cam in 640x480 format at 30 Hz, while the laser provided 10 Hz
scans over a 180 degrees sector with 1 degree angular resolution.

Although sensor configuration was not especially suited due to space and,
mainly, height limitations, promising results have been achieved. So, in a se-
quence of approximately 150 crossing events, around a 90% were correctly de-
tected with the integrated system.

Table 1. Summary of detection test results

Constant illumination Illumination changes Troublesome

Real Detected Real Detected Real Detected

In Out In Out In Out In Out In Out In Out

31 33 29 30 29 28 26 25 12 14 7 6

Table 1 summarizes the results of real vs. detected events obtained in three
different scenarios: constant illumination, illumination changes and troublesome.
In the first one the illumination was kept constant during the test. In the second
one the illumination level was changed artificially several times during the test.
The third scenario included a collection of adverse situations such as: crowded
group crossing, erratic trajectories, runners, etc.

A small bias can be observed in the table when comparing in and out events.
This is due to a vertical sensor misalignment that caused a slightly larger detec-
tion area for in events.

Individually considered, laser detection suffers some problems with false pos-
itives due to arm movement and poor detection on fast walking people. On the
other hand camera detection showed a lower performance when analyzing tall
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people crossings and experiences some problems due to auto-iris adjust during
illumination changes. The combined detection compensates for these conditions
yielding a better global result.

Some situations are clearly not solved by this system configuration, for ex-
ample children walking close to their parents, people collisions or the use of
umbrellas.

4 Conclusions

A low-cost solution to people counting applications in public transportation
have been proposed and tested. The combination of range detection and visual
detection mechanisms contributes to compensate some specific problems of each
method, exhibiting more robust results in getting in/out counting. Regarding
more specifically illumination changes, the system is able to discard artificial
motion blobs, either on filtering or fusion stages.

Future work includes specific experiments in crowded groups environments
and more intensive testing and comparison with range cameras.
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Abstract. The impact of using different lossless compression algorithms
when compressing biometric iris sample data from several public iris
databases is investigated. In particular, the application of dedicated loss-
less image codecs (lossless JPEG, JPEG-LS, PNG, and GIF), lossless vari-
ants of lossy codecs (JPEG2000, JPEG XR, and SPIHT), and a few
general purpose file compression schemes is compared. We specifically fo-
cus on polar iris images (as a result after iris detection, iris extraction, and
mapping to polar coordinates). The results are discussed in the light of the
recent ISO/IEC FDIS 19794-6 standard and IREX recommendations.

1 Introduction

With the increasing usage of biometric systems the question arises naturally
how to store and handle the acquired sensor data (denoted as sample data sub-
sequently). In this context, the compression of these data may become impera-
tive under certain circumstances due to the large amounts of data involved. For
example, in distributed biometric systems, the data acquisition stage is often
dislocated from the feature extraction and matching stage (this is true for the
enrolment phase as well as for authentication). In such environments the sample
data have to be transferred via a network link to the respective location, often
over wireless channels with low bandwidth and high latency. Therefore, a min-
imisation of the amount of data to be transferred is highly desirable, which is
achieved by compressing the data before transmission.

Having found that compression of the raw sensor data can be advantageous
or even required in certain applications, we have to identify techniques suited
to accomplish this task in an optimal manner. In order to maximise the benefit
in terms of data reduction, lossy compression techniques have to be applied.
However, the distortions introduced by compression artifacts may interfere with
subsequent feature extraction and may degrade the matching results. As an al-
ternative, lossless compression techniques can be applied which avoid any impact
on recognition performance but are generally known to deliver much lower com-
pression rates. An additional advantage of lossless compression algorithms is that
these are often less demanding in terms of required computations as compared
to lossy compression technology.

In this work, we experimentally assess the the application of several lossless
compression schemes to iris image sample data as contained in several public
� Corresponding author.
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iris databases. In Section 2, we briefly review related work on biometric sample
data compression. Section 3 is the experimental study where we first describe
the applied algorithms / software and biometric data sets. Subsequently, results
with respect to achieved compression ratios for polar iris image sets and selected
recangular image data sets are discussed. Section 4 concludes this work.

2 Biometric Sample Compression

During the last decade, several algorithms and standards for compressing image
data relevant in biometric systems have evolved. The certainly most relevant one
is the ISO/IEC 19794 standard on Biometric Data Interchange Formats, where in
its former version (ISO/IEC 19794-6:2005), JPEG and JPEG2000 (and WSQ for
fingerprints) were defined as admissible formats for lossy compression, whereas for
lossless and nearly lossless compression JPEG-LS as defined in ISO/IEC 14495
was suggested. In the most recently published version (ISO/IEC FDIS 19794-6 as
of August 2010), only JPEG2000 is included for lossy compression while the PNG
format serves as lossless compressor. These formats have also been recommended
for various application scenarios and standardized iris images (IREX records) by
the NIST Iris Exchange (IREX http://iris.nist.gov/irex/) program.

A significant amount of work exists on using compression schemes in biomet-
ric systems. However, the attention is almost exclusively focussed on lossy tech-
niques since in this context the impact of compression to recognition accuracy
needs to be investigated. One of the few results on applying lossless compression
techniques exploits the strong directional features in fingerprint images caused
by ridges and valleys. A scanning procedure following dominant ridge direction
has shown to improve lossless coding results as compared to JPEG-LS and PNG
[1]. In recent work [2] a set of lossless compression schemes has been compared
when applied to image data from several biometric modalities like fingerprints,
hand data, face imagery, retina, and iris.

In the subsequent experimental study we will apply an extended set of lossless
compression algorithms to image data from different public iris image databases.
Extensive results with respect to achieved compression ratio are shown. Specif-
ically, we focus on polar iris images (as a result after iris detection, iris ex-
traction, and mapping to polar coordinates, corresponding to KIND16 IREX
records). While in the former version of the corresponding standard this type
of imagery has been covered (ISO/IEC 19794-6:2005), the most recently pub-
lished version (ISO/IEC FDIS 19794-6 as of August 2010) does no longer include
this data type (based on the IREX recommendations). However, for applications
not focussing on data exchange with other systems this data type can still be
an option due to the extremely low data volume. In addition, employing this
data type in a distributed biometric system shifts iris detection, extraction, and
rectangular warping away from the feature extraction / matching device to the
acquisition device since these operations are performed before compression and
transmission. This can be of advantage in situations where the feature extrac-
tion / matching device is highly busy due to identification-mode operations (e.g.
consider a scenario where numerous surveillance cameras submit data to the
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feature extraction and matching device for identification) and therefore can lead
to higher throughput of the entire system. Also in applications where reference
data is stored in encrypted manner in databases and decrypted for each match-
ing procedure a small data amount is favourable to minimize the effort required
for repeated decryption operations.

3 Experimental Study

3.1 Setting and Methods

Compression Algorithms. We employ 4 dedicated lossless image compression
algorithms (lossless JPEG – PNG), 3 lossy image compression algorithms with
their respective lossless settings (JPEG2000 – JPEG XR), and 5 general purpose
lossless data compression algorithms:

Lossless JPEG Image Converter Plus1 is used to apply lossless JPEG, the
best performing predictor (compression strength 7) of the DPCM scheme is
employed.

JPEG-LS IrfanView2 is used to apply JPEG-LS which is based on using Me-
dian edge detection and subsequent predictive and Golumb encoding (in two
modes: run and regular modes) [3].

GIF is used from the XN-View software3 employing LZW encoding.
PNG is also used from the XN-View implementation using an LZSS encoding

variant setting compression strength to 6.
JPEG2000 Imagemagick4 is used to apply JPEG2000 Part 1, a wavelet-based

lossy-to-lossless transform coder.
SPIHT lossy-to-lossless zerotree-based wavelet transform codec5.
JPEG XR FuturixImager6 is used to apply this most recent ISO still image

coding standard, which is based on the Microsoft HD format.
7z uses LZMA as compression procedure which includes an improved LZ77 and

range encoder. We use the 7ZIP software7.
BZip2 concatenates RLE, Burrows-Wheeler transform and Huffman coding,

also the 7ZIP software is used.
Gzip uses a combination of LZ77 and Huffman encoding, also the 7ZIP software

is used.
ZIP uses the DEFLATE algorithm, similar to Gzip, also the 7ZIP software is

used.
UHA supports several algorithms out of which ALZ-2 has been used. ALZ is

optimised LZ77 with an arithmetic entropy encoder. The WinUHA software
is employed8.

1 http://www.imageconverterplus.com/
2 http://irfanview.tuwien.ac.at
3 http://www.xnview.com/
4 http://www.imagemagick.org/script/download.php
5 http://www.cipr.rpi.edu/research/SPIHT
6 http://fximage.com/downloads/
7 http://www.7-zip.org/download.html
8 http://www.klaimsoft.com/winuha/download.php
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Sample Data. For all our experiments we used the images in 8-bit grayscale
information per pixel in .bmp format since all software can handle this format
(except for SPIHT which requires a RAW format with removed .pgm headers).
Database imagery has been converted into this format if not already given so,
colour images have been converted to the YUV format using the Y channel as
grayscale image. Only images that could be compressed with all codecs have been
included into the testset as specified below. We use the images in their respective
original resolutions (as rectangular iris images) and in form of polar iris images,
which correspond to iris texture patches in polar coordinates which are obtained
after iris segmentation and log-polar mapping. For generating these latter type
of images, we use an open-source MatLAB iris-recognition implementation which
applies a 1D Gabor-filter version of the Daugman iris code strategy [4] for iris
recognition9. Depending on size and contrast of the rectangular iris images,
several parameters for iris texture segmentation had to be adjusted accordingly
(functions Segmentiris.m, findcircle.m, and findline.m are affected, e.g. the
parameters lpupilradius, Upupilradius, Hithresh, Lowthresh, etc.) and the
size of the resulting polar iris images has been fixed to 240 × 20 pixels for all
databases. Nevertheless, iris segmentation was not successful in all cases, so we
also provide the number of polar iris images per database used subsequently in
compression experiments.

CASIA V1 database10 consists of 756 images with 320 × 280 pixels in 8 bit
grayscale .bmp format, 756 polar iris images have been extracted.

CASIA V3 Interval database (same URL as above) consists of 2639 images
with 320 × 280 pixels in 8 bit grayscale .jpeg format, 2638 polar iris images
have been extracted.

MMU database11 consists of 457 images with 320×240 pixels in 24 bit grayscale
.bmp format, 439 polar iris images have been extracted.

MMU2 database (same URL as above) consists of 996 images with 320 × 238
pixels in 24 bit colour .bmp format, 981 polar iris images have been extracted.

UBIRIS database12 consists of 1876 images with 200 × 150 pixels in 24 bit
colour .jpeg format, 614 polar iris images have been extracted.

BATH database13 consists of 1000 images with 1280 × 960 pixels in 8 bit
grayscale .jp2 (JPEG2000) format, 734 polar iris images have been extracted.

ND Iris database14 consists of 1801 images with 640 × 480 pixels in 8 bit
grayscale .tiff format, 1626 polar iris images have been extracted.

Figures 1 and 2 provide one example image from each database, the former a
rectangular iris image, the latter an extracted polar iris image.
9 http://www.csse.uwa.edu.au/~pk/studentprojects/libor/sourcecode.html

10 http://http://www.cbsr.ia.ac.cn/IrisDatabase.htm/
11 http://pesona.mmu.edu.my/~ccteo/
12 http://www.di.ubi.pt/~hugomcp/investigacao.htm
13 http://www.irisbase.com/
14 http://www.nd.edu/~cvrl/CVRL/Data_Sets.html
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(a) CASIA V1 (b) CASIA V3 (c) MMU

(d) MMU2 (e) UBIRIS (f) BATH (g) ND Iris

Fig. 1. Example rectangular iris images from the used databases

(a) CASIA V1 (b) CASIA V3 Interval

(c) MMU (d) MMU2

(e) UBIRIS (f) BATH

(g) ND Iris

Fig. 2. Example iris polar images from the used databases

3.2 Results

In the subsequent plots, we display the achieved averaged compression ratio on
the y-axis, while giving results for different databases or compression algorithms
on the x-axis. The small black “error” bars indicate result standard deviation.

When comparing all databases under the compression of a single algorithm,
JPEG-LS and PNG provide prototypical results shown in fig. 3 which are very
similar to that of most other compression schemes in that there are no significant
differences among different databases. Please note that we cannot provide results
for SPIHT since the software does not support the low resolution of the polar
iris images in y-direction.

For most databases, we result in a compression ratio of about 2.5 or slightly
above for JPEG-LS. PNG on the other hand exhibits even less result variability,
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Fig. 3. Compression ratios achieved by JPEG-LS and PNG

however, compression ratio does not exceed 1.6 for all databases considered. In
the light of the change from JPEG-LS to PNG in the recent ISO/IEC FDIS
19794-6 standard this is a surprising result.

In the following, we provide results for the different databases considered.
Fig. 4 shows the results for the CASIA databases. We notice some interesting
effects. First, JPEG-LS is the best algorithm overall. Second, for CASIA V1,
ZIP is by far the best performing general purpose compressor while UHA is the
best of its group for CASIA V3. Third, we observe suprisingly good results for
lossless JPEG while fourth, the results for JPEG XR are almost as poor as those
for GIF and PNG.

Fig. 4. Compression ratios achieved for polar iris images from the CASIA datasets

As shown in fig. 5, for the MMU (and MMU2 which gives almost identical
results) and the ND Iris databases we obtain similar results as for CASIA V1.
ZIP is the best general purpose algorithm and JPEG-LS is the best algorithm
overall. Also, lossless JPEG performs well. There is an interesting fact to notice.
In [2], JPEG2000 has been applied to the MMU dataset in lossless mode with
surprisingly good results, however, in this work rectangular iris image data was
considered. Here, we do not at all observe specific behaviour of JPEG2000 when
applied to the MMU dataset, the results are perfectly in line with those for other
datasets.

Similarly, for the BATH and UBIRIS databases JPEG-LS is the best al-
gorithm as shown in fig. 6, JPEG2000 and lossless JPEG perform well. Main
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Fig. 5. Compression ratios achieved for polar iris images of the MMU and ND Iris
datasets

Fig. 6. Compression ratios achieved for polar iris images of the BATH and UBIRIS
datasets

difference is again the performance of ZIP and UHA – while for BATH ZIP is
the best general purpose algorithm, for the UBIRIS dataset UHA is the second
best algorithm overall.

Table 1 displays an overview of all databases. For the polar iris images the sit-
uation is clear: JPEG-LS is the best algorithm for all datasets (except for CASIA
V1 with JPEG2000 ranked first) whereas GIF is always worst. Considering the
overall compression ratio achieved, we observe a range of 2.25 - 3.04 for the best
techniques. This result taken together with the already small data amount for
uncompressed polar iris images makes the required overall data rate very small
for this configuration. It is also worth noticing that despite not being specifi-
cally designed for image compression purposes, ZIP and UHA excel for several
databases, however results vary among different datasets in a non-predictable
manner as opposed to the top-performing dedicated image compression schemes.

Table 1. Best and worst compression algorithm for each database (polar iris images)
with corresponding achieved compression ratio

Best Ratio Worst Ratio
CASIA V1 JPEG2000 2.42 GIF 1.42
CASIA V3 Int. JPEG-LS 2.40 GIF 1.41
MMU JPEG-LS 2.81 GIF 1.43
MMU2 JPEG-LS 2.71 GIF 1.29
UBIRIS JPEG-LS 3.04 GIF 1.50
BATH JPEG-LS 2.80 GIF 1.50
ND Iris JPEG-LS 2.25 GIF 1.32
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When comparing the compression ratios to those which can be achieved with
lossy techniques (e.g. [5]) we found the relation to be acceptable (considering
the advantages of lossless techniques in terms of speed and non-impact on recog-
nition). Polar iris images cannot be compressed that severely using lossy tech-
niques due to the much lower resolution. Therefore, the achieved compression
ratios of lossless and lossy schemes differ not too much, such that lossless com-
pression techniques can be a realistic alternative. This is specifically the case for
JPEG-LS which exhibits the best compression results and very low computa-
tional demands [2,3].

4 Conclusion and Future Work

Overall, JPEG-LS is the best performing algorithm for almost all datasets for po-
lar iris images. Therefore, the employment of JPEG-LS in biometric systems can
be recommended for most scenarios which confirms the earlier standardisation
done in ISO/IEC 19794. The current choice for a lossless compression scheme in
the recent ISO/IEC FDIS 19794-6 standard relying on the PNG format on the
other hand seems to be questionable based on the results of this study, at least
for polar iris image data. Moreover, as shown in [2], JPEG-LS turns out to be
also significantly faster compared to PNG.

We observe compression ratios about 3 and additionally, the ratios found
when applying lossy compression schemes to those kind of data are much lower
compared to the rectangular iris case due to the much lower resolution. As a
consequence, for polar iris images lossless compression schemes can be considered
a sensible alternative to lossy schemes in certain scenarios where it is important
to limit the computational effort invested for compression.
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Abstract. This paper presents an evaluation of two multilevel archi-
tectures in the human action recognition (HAR) task. By combining low
level features with multi-layer learning architectures, we infer discrimina-
tive semantic features that highly improve the classification performance.
This approach eliminates the difficult process of selecting good mid-level
feature descriptors, changing the feature selection and extraction process
by a learning stage. The data probability distribution is modeled by a
multi-layer graphical model. In this way, this approach is different to
the standard ones. Experiments on KTH and Weizmann video sequence
databases are carried out in order to evaluate the performance of the pro-
posal. The results show that the new learnt features offer a classification
performance comparable to the state-of-the-art on these databases.

1 Introduction

Most of the current approaches to motion recognition share the same two stages
architecture: feature selection from image information (optical flow, contours,
gradients, texture, etc) and feeding a good classifier with them. Although good
results have been achieved, all these approaches share the same weakness of hav-
ing to guess what functions of the raw data represent good features for the clas-
sification problem. Recently, Hinton in [7] introduced new models to learn high
level semantic features from raw data: Restricted Boltzmann Machines (RBMs)
and Deep Belief Networks (DBN). These two algorithms have been shown to be
very successful in some image classification problems [17]. However, in our case,
the motion is not explicitly represented in the raw image and one representation
must be introduced.

Our interest in this paper is to evaluate how discriminative are the high-level
features provided by the multilayer architectures and, on the other hand, to eval-
uate the probability representations given by the multi-layer architectures when
used in HAR tasks. The main contribution of this paper is a comparative study
between extracted features and learned features from three different classifiers
(SVM, GentleBoost, SoftMax) in a supervised framework.

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 338–346, 2011.
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The paper is organized as follows: in section 2 the related works are presented
and discussed. Section 3 summarizes the main properties of the multilayer ar-
chitectures. Section 4 shows the experimental setup with the obtained results.
In section 5 the discussion, conclusions and future work are presented.

2 Related Works

HAR using middle-level feature extraction plus a classification stage has received
a lot of attention in the last years. A good summary of early works can be found
in [14,10] and references therein. Important to all of them is the discriminative
level of the selected features. However our focus here is different, since we try to
make explicit the discriminative information implicit in the simple features.

Training a RBM or DBN model is a very difficult optimization problem due
mainly to the difficulty of getting good estimators of the gradients on the hidden
layer parameters. Contrastive Divergence (CD) is an approximation to the data
log-likelihood gradient estimation, introduced by Hinton in [5], that has shown
to work very efficiently in training RBMs and DBN (see [1]).

In order to define the input information to the multilayer model we use the
descriptor (aHOF) proposed for HAR in [13]. It is assumed that the subject
performing the action has been detected and/or tracked and the bounding box
(BB) enclosing such image regions are known. From the BB sequence the optical
flow (OF) for each pair of consecutive frames is computed.

The main steps used to compute aHOF descriptor are summarized as fol-
lows: i) compute OF; ii) split the image window in M × N non-overlapping
cells; iii) compute a Histogram of Optical Flow (HOF) at each spatial cell over
OF orientations and magnitudes; iv) accumulate HOFs along time axis; and, v)
normalize the accumulated HOFs. In general, the full sequence is split in sev-
eral overlapping subsequences of a prefixed length computing a descriptor on
each one.

3 Multilayer Models

A Restricted Boltzmann Machine (RBM) is a Boltzmann Machine with a bi-
partite connectivity graph between observed x and hidden h variables [1] (see
Fig.1.a). In the case of binary variables the conditional distribution can be
written as P (hi|x) = sigm(ci + Wix), P (xj |h) = sigm(bj + Wjh) where
sigm(x) = (1 + e−x)−1 is the logistic sigmoidal function, Wi and Wj repre-
sent the i-th row and the j-th column of the W-matrix respectively, and bj and
ci are biases.

An important property of this model is that the joint model distribution on
(x, h) can be sampled using the Gibbs sampling on the conditional distribution
[7]. A Monte-Carlo Markov Chain (MCMC) sampling is started from the em-
pirical data distribution, denoted it by P0. After sampling h from P (h|x), we
sample x̃ from P (x̃|h), denoting this new distribution by P1.
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Fig. 1. RBM and Deep Belief Network. (a) Example of a RBM with 3 observed
and 2 hidden units. (b) Example of a DBN with l hidden layers. The upward arrows
only play a role in the training phase.W ′

i isW T
i (Wi transpose) when a RBM is trained.

The number of units per layer can be different.

A RBM is trained from data by maximizing the log-likelihood gradient on the
vector of parameters θ = (b, c,W) by using CD. In [6], it is shown that in the
binary case the increment updating equations are as follows:

ΔW t
ij ← α ∗ΔW t−1

ij + τ
(
< xihj >P0 − < x̃ihj >P1 −γ ∗W t−1

ij

)

Δbti ← α ∗Δbt−1
i + τ (< xi >P0 − < x̃i >P1)

Δctj ← α ∗Δct−1
j + τ

(
< hj >P0 − < h̃j >P1

) (1)

τ being the learning rate, α the momentum and γ = 0.0002 a regularization
constant. P0 and P1 being the distribution after 0 and 1 sampling steps.

By adding new layers to a RBM, a generalized multilayer model can be ob-
tained. A Deep Belief Network (DBN) with l hidden layers is a mixed graphical
model representing the joint distribution between the observed values x and the
l hidden layers hk, by

P (x,h1, · · · ,hl) =
l−2∏

k=0

P (hk|hk+1)P (hl−1,hl)

(see fig.1) where x = h0 and each conditional distribution P (hk−1|hk) can be
seen as the conditional distribution of the visible units of a RBM associated with
the (k − 1, k) layers in the DBN hierarchy. In [7] a strategy based on training
a RBM on every two layers using CD is proposed to obtain the initial solution.
From the initial solution, different fine tuning criteria for supervised and non-
supervised experiments can be used. In the supervised case, a backpropagation
algorithm from the classification error is applied fixing W ′

i = W T
i (transpose).

4 Experiments and Results

We present an experimental study to evaluate the goodness of the descriptors
generated by RBM and DBN models, in contrast to the descriptors built up from
raw features. We mainly focus on supervised experiments.

The training of the models is performed in two stages: pre-training and fine-
tuning. The RBM pre-training consist in a non-supervised training between both
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layers where the learning weights try to fit the input data from P1. For the DBN
case every two consecutive layers are considered a RBM model. Equations 1
with learning-rate τ = 0.1 and momentum α = 0.9 on sample batches of size 100
have been used. The batch average value is used as the update. From 120 to 200
epochs are run for the full training. From the 120-th epoch, training is stopped
if variation of the update gradient magnitude from iteration t − 1 to t is lower
than 0.01. A different number of batches are used depending on the length of
the sequences in the database. For KTH, 14, 74, 16 and 28 batches, for scenarios
1-4, respectively. For Weizmann, we use 15. The Wij-parameters are initialized
to small random numbers (<0.1) and the others parameters to 0.

The fine-tuning stage is carried out using a standard backpropagation algo-
rithm using the label classification error measured on a new output layer. A layer
with as many units as classes (from now on, short-code), is added to the 1024
top sigmoidal-layer (from now on, long-code). The connection between these two
layers uses a SoftMax criteria to generate the short-code (label) from the long
one, while the reverse connection remains sigmoidal. Here we fix the width of all
the hidden layers to the width of the visible one (1024). Therefore, the number
of training parameters for each RBM is (1024x1024)W + (1024)b + (1024)c.

We assign a class label to a full video sequence by classifying multiple sub-
sequences (same length) of the video, with SVM or GentleBoost (see [4]), and
taking a final decision by majority voting on the subsequences. We convert the
binary classfiers in multiclass ones by using the one-vs-all approach. Both clas-
sifiers are also compared with KNN and the SoftMax classifier. In this context,
SoftMax classifier assigns to each sample the index of the maximum value in its
short-code.

The pipeline of the processing stages used in our experiments is as follows: i)
aHOF computation on the input video; ii) higher level feature learning/extraction
by using RBM/DBN; and, iii) training/classification with discriminative classi-
fiers on the extracted features.

Databases. We test our approach on two publicly available databases that
have been widely used in action recognition: KTH human motion dataset [16]
and Weizmann human action dataset [2].
KTH: this database contains a total of 2391 sequences, where 25 actors per-
forms 6 classes of actions (walking, running, jogging, boxing, hand-clapping and
hand-waving). The sequences were taken in 4 different scenarios: outdoors (s1),
outdoors with scale variation (s2), outdoors with different clothes (s3) and in-
doors (s4). As in [16], we split the database in 16 actors for training and 9 for
test. In our experiments, we consider KTH as 5 different datasets: each one of
the 4 scenario is a different dataset, and the mixture of the 4 scenarios is the
fifth one. In this way we make our results comparable with others appeared in
the literature.
Weizmann: this database consists of 93 videos, where 9 people perform 10 dif-
ferent actions: walking, running, jumping, jumping in place, galloping sideways,
jumping jack, bending, skipping, one-hand waving and two-hands waving.
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a cb

Fig. 2. RBM codes. Stacked vector of features for the 6 different actions in KTH.
(a) aHOF data, (b) 1024-codes, (c) 6-codes. The darker the pixel, the greater the
probability of taking value 1. Note in (b) the sparsity gained by encoding aHOF features
in (a). For clarity, vectors in (c) have been scaled in width.

aHOF parameters. In order to carry out our experiments, we have chosen
the same aHOF parameters proposed in [13]: 8x4 (rows × cols) cells; 8-bins for
orientation and 4-bins for magnitude are used in the histograms. Therefore, the
full aHOF descriptor for each image is a 1024-vector with values in (0, 1). We
consider the descriptor a random vector where each bin value is a binary variable
with probability equal to its value.

Results on KTH. All the results we show in this subsection, come from av-
eraging the results of 10 repetitions of the experiment with different pairs of
training/test sets.

We firstly evaluated the performance of the raw aHOF features in the classifi-
cation task. Subsequences were extracted every other frame from the full length
sequence. Empirically, we chose a length of 20 frames for the subsequences. For
this setup, 94.6% of correct classification of the full senquences is achieved with
GentleBoost. For the following experiments, we will always use subsequences of
length 20 frames to compute the aHOF descriptors.

Table 1. Classification performance on KTH with high-level features. Mean
performance is reported for the four scenarios mixed in a single dataset. Different
classifiers and codes are compared. Subsequences have length 20.

L SMax 1NN 5NN SVM SVM-6 GB GB-6

1024 95.4 94.3 94.5 96.0 95.7 95.5 95.8

Regarding multilevel architectures, we begin by learning high-level features
from the 1024-aHOF vectors with a 1024-1024-6 (input-hidden-top) architecture.
In table 1, five classifiers are compared on short and long codes: (i) SoftMax, (ii)
KNN on long-codes, (iii) SVM (radial basis) on long-codes, (iv) GentleBoost on
long-codes, (v) SVM on short-codes (SVM-6), and (vi) GentleBoost on short-
codes (GB-6). Notice that none of these results are on raw aHOF features.

Table 2 shows the confusion matrix on KTH for our best result (SVM-code-
1024). Note that the highest confusions are running with jogging and handclap-
ping with boxing.
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Table 2. Confusion matrix for KTH. Scenarios 1+2+3+4. SVM on 1024 codes
(from 1024-1024-6). Rows are the true classes, and columns the predicted ones.

box hclap hwave jog run walk

box 99.6 0.3 0.1 0.0 0.0 0.0
hclap 4.4 92.8 2.8 0.0 0.0 0.0

hwave 0.1 0.5 99.4 0.0 0.0 0.0

jog 0.0 0.5 0.0 94.0 3.0 2.5

run 0.0 0.0 0.0 7.5 92.0 0.5

walk 0.1 0.5 0.0 0.8 0.3 98.4

Table 3. One-layer VS multilayer. Different number of intermediate hidden layers
are compared by using various classifiers. Row aHOF refers to the raw input data,
therefore, SoftMax (SMax column) classification cannot be applied.

Scenario 1 Scenario 2 Scenario 3 Scenario 4
L SMax 1NN SVM SMax 1NN SVM SMax 1NN SVM SMax 1NN SVM

aHOF - 94.8 95.1 - 93.3 96.3 - 90.5 88.2 - 96.4 97.6
1024 95.0 95.7 95.0 96.6 92.9 97.0 91.7 91.7 91.3 95.7 94.4 96.2
1024-1024 95.2 95.8 95.5 96.7 93.3 97.5 92.0 91.9 92.4 95.0 93.8 96.1
1024-1024-1024 94.9 95.1 95.2 96.2 93.6 96.3 92.7 92.6 92.3 94.5 93.8 94.8

One-layer VS multilayer. In this experiment, we are interested in studying
the effect of the number of intermediate hidden layers. In particular, we carry out
experiments with the following hidden layer architectures: 1024-6, 1024-1024-6
and 1024-1024-1024-6. The first layer is always the visible one (input data) and
the last one (6 hidden units) is the SoftMax one. In table 3 we show a comparative
of the classification performance for each separate scenario.

Comparison with the state-of-the-art. A comparison of our method with
the state-of-the-art performance, on KTH database, can be seen in table 4.

Note that the learnt features, just based on optical flow, offers a classification
performance comparable to the best result published up to our knowledge [12],
with the same experimental setup.

We report results for each scenario trained and tested independently, as well
as the results for the mixed scenarios dataset (i.e. s1234 ). The result reported by
Lui et al. [12] corresponds to the mixed scenarios dataset, directly comparable
with our s1234. Unfortunately, only Jhuang et al. [8] publish the individual
results per scenario (here their Avg. score is the mean of the separate scenarios).
In our case the average of the 4 separate scenarios is 94.9%.

The three bottom rows ([18,15,11]) of the table contain results on this database
but using a different experimental setup. In particular, one of the best published
result [11] (93.4% on s1234 ) uses both shape and motion features and, also, they
use more actors for training (i.e. leave-one-out) than us.
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Table 4. Comparison with the state-of-the-art on KTH. Column s1234 corre-
sponds to ‘all-in-one’ dataset, and columns s1-s4 show the results per scenario. Avg.
column shows the averaged result on the four scenarios. Symbol ‘-’ indicates that such
result is not available.

Method s1234 s1 s2 s3 s4 Avg

aHOF+RBM+SVM 96.0 95.0 97.0 91.3 96.2 94.9
Laptev et al. [10] 91.8 - - - - -
Jhuang et al. [8] - 96.0 86.1 88.7 95.7 91.6
Kovashka&Grauman [9] 94.5 - - - - -
Lui et al. [12] 96.0 - - - - -

Zhang et al. [18] 91.3 - - - - -
Schindler&Van Gool [15] 92.7 - - - - -
Lin et al. [11] 93.4 98.8 94 94.8 95.5 95.8

Figure 2 shows a graphical comparative of the amount of information provided
by each one of the codes used: raw, 1024-vector and 6-vector. The classification
results shown in table 1 emphasize that a very high percentage of this informa-
tion is redundant and can be coded in few bits when adequate algorithms are
used.

Results on Weizmann. On this database we perform a short classification ex-
periment with the best configurations obtained for KTH database. In particular,
we use a 1024-1024-10 architecture on 8x4 aHOF features from subsequences of
length 20 frames. Now the top layer has 10 hidden units, as much as action
categories.

Table 5 contains results obtained with different classifiers. The results we show
come from averaging on a leave-one-out evaluation: 8 actors for training and 1
for testing. On average, for our best result, the system fails 3 sequences out
of 93. With the same evaluation criterion, some authors have reported perfect
classification on this dataset (e.g. [3,11]) but at the cost of extracting a very
specific feature vector.

Table 5. Classification on Weizmann. Results on sequence classification by using
different classifiers and codes.

L SMax 1NN SVM SVM-10 GB GB-10

1024 96.3 89.6 94.1 96.3 92.6 96.3

5 Discussion and Conclusions

Tables 1 and 3 show that the proposed scheme obtains state-of-the-art results
on the KTH database. From Table 3 we conclude that the number of layers is
the most important factor, increasing the semantic level of the features with the
number of layers. However the proper training of a high number of layers still
remains a hard problem.
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Table 4 shows that our proposal reaches the state-of-the-art performance both
globally and in two of the four scenarios. In our approach, it is important the
idea of generating discriminative high-level features from low level information.
Note that in three of the scenarios, the classification performance is above 95%.
The lowest result in scenario 3 is due to the loose clothes (e.g. raincoat) used
by the actors, what highly corruptes the quality of the computed optical flow in
the person boundaries.

It is also interesting to remark the score obtained by the short-codes and
long-codes respectively, see Table 1. Although short-codes have a slight loss in
performance, the result is encouraging. It shows that all the information repre-
sented in a sequence could be encoded into very few numbers.

In conclusion, these new multilayer architectures show a big potential on com-
plex computer vision classification problems. Our research focus for the future
is on algorithms for training large multilayer architectures.

Acknowledgments. This work has been granted by the project CSD2007-00018
(MIPRCV) from the Spanish Minister of Science and Technology.
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Abstract. This paper introduces a new approach for gait analysis based
on the Gait Energy Image (GEI). The main idea is to segment the gait
cycle into some biomechanical poses, and to compute a particular GEI for
each pose. Pose-based GEIs can better represent body parts and dynam-
ics descriptors with respect to the usually blurred depiction provided by
a general GEI. Gait classification is carried out by fusing separated pose-
based decisions. Experiments on human identification prove the benefits
of this new approach when compared to the original GEI method.

Keywords: gait recognition, GEI, pose estimation, decision level fusion.

1 Introduction

Gait can be defined as a manner or style of walking. Interestingly, there are
studies asserting that every individual has a unique gait pattern [3], what has
lead gait to be considered as a new biometric feature. When compared to other
biometric features such as face, voice or fingerprint, gait has several attractive
properties. It can be reliably perceived at a greater distance with simple instru-
mentation, and it does not require the cooperation or awareness of the individual.

There exist many applications that could benefit from gait analysis, including
surveillance, diagnosis and treatment of gait-related disorders, motion capture
in computer graphics and games, and so on.

However, there are also several factors that hinder the use of gait as a biomet-
ric feature. For instance, gait analysis is very sensitive to segmentation of the
subject’s silhouette, but also footwear, clothing, carrying conditions and walk-
ing speed may affect gait by reducing its discriminative power as a biometric.
Even so, it is still useful to complement other biometric features under certain
conditions (e.g. uncooperative subject, low quality images, etc.).

In literature, two main approaches have been proposed to obtain gait patterns
from video sequences [1]: model-based and model-free methods. Proposals in the
first group aim at recovering a structural model of human motion [8,11] by
� Partially supported by projects CSD2007-00018 and CICYT TIN2009-14205-C04-04

from the Spanish Ministry of Innovation and Science, P1-1B2009-04 from Fundació
Bancaixa and PREDOC/2008/04 grant from Universitat Jaume I. Portions of the
research in this paper use the CASIA Gait Database collected by Institute of Au-
tomation, Chinese Academy of Sciences.
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matching the joint locations with a robust kinematic model of the human body.
However, this is a hard task because of some problems such as occlusion of body
parts, joint angle singularities, etc. On the other hand, model-free methods [4,7]
do not use any model, and they are based on changes of the subject’s appearance,
which implicitly contain information about body movements.

Probably, the best-known model-free method is gait energy image (GEI) [4],
which obtains an average silhouette image to represent both body shape and
movements over a gait cycle. Although several potentially discriminative body
parts usually appear blurred in GEI images (chest and back regions caused by
movements of arms, and shape of arms and legs because of their motion), this
method has proved to be effective in many tasks, such as human identifica-
tion [13] and gender classification [12].

Biomechanical studies [9] assert that several recognizable poses happen suc-
cessively in a gait cycle, e.g., those in which legs are spread, legs are closest
together, etc. A first attempt to segment recognizable poses from gait video
sequences was carried out by selecting a set of key frames representing some
poses [2], but results on a human recognition task mostly depended on quality
of the chosen frames.

In this work, a new way of using GEI is proposed and its effectiveness is com-
pared with that of the original method. The main hypothesis supporting the
proposal is that shape of body parts could be better noticed if different GEIs
were separately obtained for some predefined key poses within a gait cycle [9].
Furthermore, they could also provide a few dynamic descriptors usually blurred
in original GEI. By following this idea, several silhouettes are used to represent
each pose instead of using a unique key frame as in [2], what is expected to
be more robust to noise from individual frames. In the classification stage, each
pose-based GEI is individually classified, and these decisions are fused to pro-
duce the subject recognition. Experiments prove the higher performance of this
combined solution with respect to results obtained from the original GEI and
from the particular key poses.

2 Background

This section describes the original GEI method and gives some information about
the biomechanical phases and poses involved in a gait cycle.

2.1 Gait Energy Image (GEI)

As already said, GEI basically generates an average silhouette for a gait cycle,
which reflects shape of the body parts and in some extent, their changes over
time (gait dynamics). In this way, it reduces storage and time requirements and
it is also more robust to noise of individual frames.

Before computing the GEI of a given gait sequence, its frames must be pre-
processed as follows:
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– Foreground segmentation. Given a frame, the aim is to obtain an image
in which foreground is segmented from background and a silhouette is high-
lighted. It could be simply done, for instance, by background subtraction.

– Silhouette extraction. From each foreground frame, a cropped image is
extracted from the bounding box that encloses all silhouette pixels.

– Size normalization and horizontal alignment. The silhouette image is
scaled to a new one having a pre-fixed common height and a variable width to
keep its original aspect ratio. Then this normalized silhouette is horizontally
centered in a template of fixed sizes from the horizontal centroid value of
its upper-half, since this part of the body involves fewer changes than the
lower-half when a person walks.

Afterwards, given the set of preprocessed silhouettes of a gait video sequence
{It(x, y)} with 1 ≤ t ≤ N , N being the number of silhouettes, and (x, y) referring
to a specific position in the 2D image space, each gray-level pixel of a GEI is
computed as GEI(x, y) = 1

N

∑N
t=1 It(x, y).

2.2 Phases and Key Poses within a Gait Cycle

According to biomechanical studies [9], walking is a cyclic process of limb motion
to move the body forward while balance is simultaneously kept. Therefore, the
relevant information of a gait pattern can be captured from a whole gait cycle
(or stride), which is the interval between two sequential foot contacts by the
same limb.

Limbs goes through two phases while walking. The first one is Double Limb
Stance. It comprises the period of time in which both feet are on the ground
for the transfer of body weight from the support limb to the other. The second
phase is Single Limb Stance that consists of a larger period of time after the first
phase in which one limb serves as a mobile source of support while the other
limb is advancing or swinging to a new support place. Then limbs interchange
their roles and a new two-phase succession completes the gait cycle.

More specifically, eight main poses can be distinguished during a gait cycle
when both limbs are separately considered, but they can be reduced to four poses
if the expected symmetry of both halves of a gait cycle is taken into account.

Fig. 1. Phases and poses within the gait cycle
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Fig. 2. General solution scheme

Figure 1 illustrates a full gait cycle showing the eight poses and the different
phases.

3 Methodology

This section provides the basis of the method here proposed along with the
details to generate GEIs for the different poses.

3.1 Fundamentals of the Proposed Method

The new way of using GEI here proposed is based on three main assumptions:

Assumption 1. Focusing on Figure 1, poses of the two halves of a gait cycle
are expected to be symmetric if information about what limb is closer to the
camera is unavailable. Therefore the step could be chosen as the gait cycle
measure instead of the stride (unlike most of related works [4,13,12]).

Assumption 2. By using several pose-based GEIs, each one associated to a
particular key pose, the shape of all body parts could be reflected in a more
accurate way than in the representation given by a unique GEI averaging
all poses. In addition, they could better show some dynamic features such
as the length of the stride and extent of arm swing.

Assumption 3. Given a gait sequence with multiple gait cycles, most of works
compute a different GEI for each gait cycle. However, a better representation
could be obtained by comprising all cycles in a unique GEI, since noise of
individual silhouettes could not affect so much, and it could lead to more
efficient algorithms. If assumptions 2 and 3 are satisfied, pose-based GEIs
could be generated from a higher number of frames.
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Fig. 3. Classifying frames in poses by their width

Under these assumptions, given a test gait sequence, the plain GEI of the
whole sequence (image called GEI in Figure 2) and four pose-based GEIs during
the complete sequence (images called GEI DS, GEI ISS, GEI MS and GEI FSS
in Figure 2) are computed.

A general overview of the method, which has been illustrated in Figure 2,
is now introduced. Firstly, individual frames are classified in one of four poses
following the procedure detailed in Section 3.2. Then, for the whole sequence, all
silhouettes belonging to a given pose are averaged to compute its corresponding
GEI. From each one of the four pose-based GEIs, an individual decision about the
identity of the subject is given according to the label of the most similar training
GEI among those of the same pose. Finally, these four decisions are fused by
majority voting to produce a unique decision more robust and probably more
reliable than the individual decision obtained from the plain use of GEI. In case
of a tie, the system rejects the classification of the corresponding sample.

3.2 Creating GEIs of Each Pose

In order to classify each silhouette in a landmark pose, the periodic signal pro-
vided by the silhouette width as a function of time for the whole sequence is used
in a similar way to the work by Collins et al. [2]. As can be seen in Figure 3, the
sequence of side-view silhouettes of a person walking defines a periodic function
with peaks and valleys. The silhouette width alternatively expands (peaks) and
contracts (valleys) over time as the person’s legs spread and come back together
again during the gait cycle. Therefore, each step comprises from peak to peak
in the periodic signal.

It conducts to the following classification of frames into gait poses:

1. Double limb Stance (DS), the frame at the current peak and those frames
in the neighbourhood with a very close width value (both legs spread and
touching the ground).

2. Initial Single Stance (ISS), from the last frame of DS to a frame that
surrounds the next valley (the front leg is on the ground and the rear leg is
swinging towards it).

3. Mid-Stance (MS), the frame at the current valley and those frames in the
neighbourhood with a very close width value (legs are closest together with
the swinging leg just passing the static one).
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4. Terminal Single Stance (TSS), from the last frame of MS to a frame at
the surroundings of the following peak (the supporting leg is now the rear
one, and the swinging leg appears as the front leg).

This simple and robust method is able to accurately determine to which pose
each frame belongs to. Figure 3 shows an example of how silhouettes are labelled.

4 Experiments and Results

Experiments aim at assessing the effectiveness of combining pose-based decisions
with respect to a plain classification using the original GEI method.

4.1 Database Description and Preprocessing

Experiments are carried out on CASIA Gait Database [5] - Database B, which
consists of videos from 124 subjects. Only the six gait sequences in which each
subject appears walking in their side-view are considered, what gives a total of
744 sequences to be used in experiments. In addition, this database provides
well-segmented foreground images that have been used in this work as inputs to
the silhouette extraction step (see Section 2.1).

Once silhouettes have been obtained, they are scaled and horizontally aligned
to images with two different prefixed sizes (32x32 and 64x64 pixels) in order to
measure the effect of image size. The gray-level value of each pixel is considered
a different feature, thus a high dimensionality should be managed (more than
1000 features). In order to avoid this problem, dimensionality is reduced by
using the well-known PCA technique [6]. In this way, the original GEI features
are projected onto a smaller number of new uncorrelated ones that accounts for
a given percentage of the variance (95% in this work).

4.2 Experimental Setup

Apart from the main objective previously described, experiments also aim at
measuring effects of dimensionality reduction with PCA. Due to the limited
number of samples available in the database (744), the leaving-one-out method
is used to estimate the performance of each strategy. Since the CASIA Database
contains several gait sequences for each subject, at least one gait sequence be-
longing to the tested subject is in the gallery set.

The nearest neighbor classifier (1NN) was here selected because of its sim-
plicity and common good performance. With respect to the distance metric, the
Euclidean distance was used for experiments without PCA because all original
attributes share the same domain, but the Mahalanobis distance was used when
PCA was applied since it is able to remove the dominance of features with large
variance in the transformed space.
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Fig. 4. a) Comparison of the methods with CMS. b) Percentage of discarded samples
of the new method. c) CMS over non-discarded samples with the new method.

4.3 Analysis of Results

In this work, performance is assessed by Cumulative Match Scores (as in the
FERET scheme [10]) and it is shown in Figure 4 a). This chart depicts the
percentage of test sequences whose same-class nearest neighbour is among the
top x matches. In this way, Rank 1 value is the classification correct rate (CCR),
i.e., the percentage of subjects correctly classified at the first match.

Figure 4 a) reflects results of both aims of this work. It compares the perfor-
mance of the new method with that of the usual GEI and, at the same time, it
shows the effect of reducing dimensionality by PCA in both methods. It is very
important to remark that results of the new method are considering the worst
case (all ties are counted as errors). By analysing this figure, a first conclusion
is that the new method performs better than the original GEI. It can be easily
seen by comparing their CCRs (Rank 1). They are 97% and 94% for the new
method using PCA or not respectively, and 92% and 87% in the same cases
for the original GEI method. Such experimental results are probably supported
by the fact that the combination of heterogeneous decisions from different poses
provides more and better information than the original method. Finally, another
conclusion is that both methods benefit from the use of PCA, not only in terms
of performance improvement (3-7% higher for all ranks in both methods), but
also in terms of reducing the computational complexity and dimensionality.

Figure 4 b) shows the percentage of samples rejected due to ties, while the
Figure 4 c) depicts the identification rate over the non-discarded samples. From
the analysis of these two charts together, very encouraging results are found.
As the rank increases, the number of discarded samples (ties) drops drastically,
while the success rate of the new method using PCA keeps almost steady and
very close to 99%. It means that if the low percentage of ties is accepted (lower
than 2.5%), the identification rate increases from about 97% (when ties are
counted as errors, see Figure 4 a)) to about the 99% previously commented.
When PCA is not applied, the classifier performance is slightly affected.
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Results of methods using GEIs of size 64x64 are not shown in this paper be-
cause they follow a similar trend and they are more computationally demanding.

5 Conclusion

This paper proposes a new method for characterizing key poses of the gait pat-
tern by individual GEIs. These pose-based representations implicitly capture
biometric shape features (e.g. body part proportions) and dynamic descriptors
(e.g. amount of arm swing) more accurately than usual GEI. Classification re-
sults obtained from combining individual pose-based decisions were better than
those from the plain use of the original GEI method for the whole gait sequence.
Besides, the new method is robust to noisy data and it is easy to understand.

However, it suffers from view dependence and it is limited to classify test
sequences taken from roughly the same viewing angle as the training sequences.
Our future research could be addressed to extend this method to mitigate the
impact of such a problem.
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Abstract. In some applications, data arrive sequentially and they are not avail-
able in batch form, what makes difficult the use of traditional classification sys-
tems. In addition, some attributes may lack due to some real-world conditions.
For this problem, a number of decisions have to be made regarding how to pro-
ceed with the incomplete and unlabeled incoming objects, how to guess its miss-
ing attributes values, how to classify it, whether to include it in the training set, or
when to ask for the class label to an expert. Unfortunately, no decision works well
for all data sets. This data dependency motivates our formulation of the problem
in terms of elements of reinforcement learning. The application of this learning
paradigm for this problem is, to the best of our knowledge, novel. The empirical
results are encouraging since the proposed framework behaves better and more
generally than many strategies used isolatedly, and makes an efficient use of hu-
man effort (requests for the class label to an expert) and computer memory (the
increase of size of the training set).
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1 Introduction

In many streaming data applications, where objects arrive one at a time, data may come
with one or more missing attributes. Usually, the lack of some attributes causes sta-
tistical distortions in the data, which might degrade the predictive model and possibly
lead to considerable reductions in the classification accuracy. Conventional techniques
of dealing with missing data usually solve this problem by ignoring the incomplete ob-
jects (projection) or filling the missing attributes with values estimated from complete
objects using statistical measures (imputation). Several approaches have been proposed
in the literature [1–3].

In general, these results show that the application of methods of handling missing
attributes might be helpful to improving the classification accuracy of incomplete data.
However, in our experience [4], no single method or strategy is generally suitable for all
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the different data sets. Therefore, in this paper we developed a framework for solving
the classification of incomplete data streams, which is inspired in part on reinforcement
learning (RL) in order to combine different approaches of handling missing attributes.
Besides, since in RL, the learning process is done by interacting with the environment,
we developed the method with the intention that it could adapt to the peculiarities of
each data set and even each object with respect to their missing values.

The theory of RL has been broadly used for applications of engineering control,
robotics and planning. Few works of machine learning (ML) based on RL have been
proposed in the literature; however, its interest has increased in the last decade, [5, 6].
Nevertheless, in spite of these few efforts to the best of our knowledge RL has not been
explored in the classification of data with missing attributes. The reason behind of this
may be that there is not an immediate formulation in RL under this learning context. In
this paper, the motivation for the use of RL as a framework for classification of incom-
plete data, is to find a general solution which is adaptive to the classification problem so
that it is independent of the peculiarities of the data set. In the proposed framework the
algorithm, based on ideas from RL, learns a prediction model in the sense that it han-
dles incomplete objects and classify them. For this purpose, the algorithm includes five
techniques of handling missing attributes, which one of them is the projection approach
and the remaining ones correspond to support vector regression, nearest neighbor, ran-
dom and mean imputation methods. Additionally, we introduce an action which the
algorithm may ask the expert for the class label of a given object.

2 Reinforcement Learning

In this paper, the proposed algorithm is based partially on Q-learning and, more specif-
ically, on temporal difference learning (TD). This method was chosen because it is a
simple technique and its structure is adequate for solving general optimization problems
of learning [7]. Besides, it does not require a priori model of the environment or for the
actions selection, then it must learn an action-value function (Q-function) as it interacts
with the environment. These fit very well to our problem, where the characteristics of
each data set are completely unknown.

2.1 Formulating the Problem of Classification of Incomplete Data Using RL

We propose an RL-based framework to handle the problem of data streams with incom-
plete and unlabeled objects [8]. In this work, each object arrives with only one missing
attribute, being the most relevant. The attribute relevance is measured using the Jeffries-
Matusita distance [9]. Here, states are defined for the objects and not for the data stream.
This is not the single way to formulate the problem, since different states and actions
definitions may lead to different solutions. In this work, each state represents the cur-
rent state of the incoming object, that is, if the object is complete x or incomplete xj

(without the attribute j), and if it was classified, considering the obtained confidence in
its classification. Four states were defined:

State 1. Incomplete object: the incoming object, xj , has one missing attribute in j.
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State 2. Complete object: the missing attribute of xj has been filled with either impu-
tation approach.

State 3. Classified complete object: x is classified with a confidence p higher or equal
than a minimum predefined threshold, thmin (more on this later).

State 4. Classified incomplete object: the incomplete object xj is classified, using the
projection method, with confidence p ≥ thmin.

Actions defined in the algorithm are applied to the incoming object. They are related
basically with (1) the methods of dealing with incomplete data, (2) classification, (3)
whether to incorporate or not the incoming object into the training set and (4) returning
to the initial state. Nine actions were included in the algorithm:

Action 1. Projection: it classifies the incomplete object using the projection approach,
which objects from the training set, T , are projected to one dimension less.

Action 2. SVR: the missing attribute j is imputed using support vector regression
(SVR) [4]. To this end, objects from T are used to build a new space using SVR.
Then, xj is mapped to this space to estimate the value for the missing attribute.

Action 3. 1NN: the missing attribute of xj is filled with the attribute j of its nearest
neighbor (1NN).

Action 4. Random: the missing attribute of xj is imputed with a random value esti-
mated in the range between the minimum and maximum values of the attribute j
from the training set objects.

Action 5. Mean: the missing attribute of xj is filled with the mean value obtained from
attributes j of objects from T .

Action 6. Expert intervention: the expert provides the class label of the incoming
object when the algorithm asks for it. The aid of the expert may be requested either
for complete or incomplete objects, but it is only for the true class label and never
for the missing attribute.

Action 7. Classification: it classifies x using the confidence based on its k-NN [4].
Action 8. Insert x into T : objects classified with thmin ≤ p ≤ thmax, where thmax

is a maximum predefined threshold, are incorporated into T with the aim to insert
only objects which may provide useful information.

Action 9. Return to the initial state: if in the classification p < thmin the algorithm
returns to the initial state to repeat the process using a different method of dealing
with missing attributes.

Actions may be applied depending on the state where the algorithm is. Allowed
actions in each state are shown in Table 1. When the algorithm tries to perform any
invalid action it is penalized. Additionally, whether the algorithm reaches the final goal,
which is to classify the object with confidence p ≥ thmin, it is rewarded. Thus, the
algorithm keeps adapting its Q-values as it goes learning. Details of parameter values,
such as rewards and penalizations, were not here included due to the lack of space.

3 Experiments and Results

In this section we describe the experiments carried out for evaluating empirically the
performance of the algorithm. Experiments were conducted as follows:
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Table 1. Allowed actions in each state

State: 1 2 3 4
Actions: 1 to 6 6 and 7 8 9

Data sets: 18 real data sets were used in the experiment (see Table 2). We normalized
the data sets in the range [0,+1], in order to avoid the possible influence of the
difference between attribute scales on the results.

Partitions: Data sets were split into two sets. One of them is for the training set with
a size of d × c, where d and c are the number of features and classes [10], re-
spectively. The remaining objects are employed for the streaming data set. Objects
for data stream were shuffled before each run with the aim to simulate an indepen-
dent and identically-distributed sequence. Data partitions for the initial training and
streaming data sets were the same for all methods, and objects were presented in
the same order with the aim to avoid that the order of data affects in the comparison
of performances.

Repetitions: Experiments were carried out ten times for all data sets, with different
training and streaming data sets each time, this with the aim to have a general
behavior for each data set.

Incomplete objects: An object with one missing attribute arrived to the system one at a
time. The missing attribute chosen for experiments was the most relevant attribute,
that means, the attribute with the most discriminative information.

Expert intervention: To prevent the algorithm from constantly asking the expert for a
class label, a constraint is imposed so that at least n objects have to be processed
before asking the expert again. In real applications n should be set according to the
actual cost/benefit ratio. The arbitrary value n = 7 was used in these experiments.

Classification: It is performed according to the probabilities of its k-nearest neigh-
bors, from the training set, of belonging to each class [4]. Objects classified with
thmin ≤ p ≤ thmax are incorporated into the training set with the aim to insert
only objects which may provide useful information. Thresholds values were auto-
matically estimated from training set objects for each run. The classification error
is estimated as the number of misclassifications divided by the numbers of objects
seen until the moment by the algorithm. Besides, the classification error was aver-
aged over the 10 runs in order to have a single performance for each data set.

Table 2. Data sets used in the experiments

Repository Ref. Data sets
UCI [11] iris, wine, sonar, thyroid, heart, liver, voice9, wbc, australian, pima,

vowel, german
Ripley [12] crabs
Library [13] laryngeal1, intubation, spect, laryngeal2
Private Images of pieces of kerogen extracted from microscope images of pa-

lynomorphs
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3.1 Analysis of Results

Results obtained with the proposed RL-based framework were compared with five tech-
niques of dealing with incomplete data: projection, SVR, 1NN, random and mean im-
putations techniques. As the baseline, we employed results obtained by classifying the
same incoming objects but with all their attributes, which is called Complete.

Table 3 shows the final classification error (i.e. the accumulated error after all objects
in the stream arrived), for each method (columns) and for the 18 real data sets (rows).
Error values highlighted in bold indicate the best final error obtained for each data
set. Interestingly, the method based on RL outperforms the other techniques (including
the baseline case which has no missing attribute!) in 16 out of the 18 data sets. This
result points to the general good behavior of the algorithm: whereas the other methods
work the best for some data sets but not for some others, the proposed algorithm works
the best for almost all the data sets. On the other hand, the percentage of objects (last
column) for which the expert provided the true class label is relatively low (around 4–
11%, depending on the data set). This suggests the ability of the algorithm of being
sparing with the expert knowledge while benefiting from it.

Table 3. Final classification error

Data set Complete RL Projection SVR 1NN Random Mean Expert [%]
iris 0.209 0.150 0.277 0.251 0.231 0.350 0.344 6.23

wine 0.050 0.024 0.043 0.046 0.049 0.045 0.044 9.64
crabs 0.425 0.403 0.435 0.441 0.444 0.460 0.476 7.02
sonar 0.232 0.199 0.238 0.235 0.231 0.239 0.241 10.57

laryngeal1 0.193 0.162 0.193 0.194 0.193 0.211 0.192 11.38
thyroid 0.244 0.198 0.258 0.253 0.250 0.325 0.291 5.05

intubation 0.359 0.273 0.405 0.381 0.402 0.397 0.405 10.49
heart 0.465 0.415 0.464 0.461 0.467 0.463 0.463 9.37
liver 0.452 0.432 0.453 0.455 0.452 0.456 0.456 8.14

spect 0.291 0.251 0.302 0.293 0.298 0.283 0.305 8.05
voice9 0.629 0.603 0.627 0.630 0.629 0.659 0.636 6.89

wbc 0.057 0.038 0.061 0.060 0.061 0.073 0.072 7.35
palynomorphs 0.186 0.160 0.201 0.187 0.198 0.222 0.206 10.85

australian 0.165 0.142 0.166 0.166 0.166 0.166 0.166 10.98
laryngeal2 0.067 0.060 0.067 0.067 0.066 0.068 0.065 3.80

pima 0.336 0.357 0.345 0.346 0.347 0.353 0.349 10.09
vowel 0.444 0.478 0.490 0.471 0.477 0.599 0.559 6.52

german 0.378 0.343 0.395 0.395 0.408 0.401 0.400 10.48

To present an example of the results, we choose one case when the algorithm works
well (iris data set) which represent the general behavior for the most data sets (16 out
of 18) and another one which show the worst case (pima data set). As it can be seen
in Fig. 1(a), the classification error for iris data set has a decreasing trend; which could
suggest that the algorithm is learning which methods of handling missing attributes are
more appropriate for this data set. Additionally, the algorithm is incorporating only few
objects to the training set, Fig. 1(b), unlike what occurs with the other methods. The
cause of the good behavior is probably due to that only those objects that contain useful
information could be being inserted into the training set, and they could be being used
in subsequent classifications.

The percentage of objects that used the actions of handling incomplete objects is
presented in Table 4. As it can be seen, the technique more employed for iris data set
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Fig. 1. Results for iris data set. (a) Classification error computed for ten runs, when the missing
attribute was the most relevant. (b) Training set sizes of each technique.

was the 1NN imputation. On the other hand, in Fig. 1(a), among the projection and
imputation methods, the 1NN is the curve with the best performance. Therefore, it may
be that the algorithm has identified this technique as the most suitable for this data set.
Probably, the use of the expert aid is influencing the results for iris data set. However,
the percentage of objects that used the expert action was only about 6.23% (Table 3).

Table 4. Percentage of objects that employs each action of handling incomplete data

Projection SVR 1NN Random Mean
iris 2.75 16.96 55.00 10.58 14.57
pima 28.21 20.92 19.60 16.28 14.91

For the pima data set, the best performance is obtained by projecting the objects
(Fig. 2(a)). However, by design, objects which are projected are decided not to be in-
cluded in the training set (just because they are incomplete). As a result, even if the true
class label is provided by the expert, this information cannot be exploited for the classi-
fication of subsequent objects, which may explain the poor performance of the system
in this scenario. Therefore, this design issue should be reconsidered in our future work.

A controlled experiment is carried out with the aim to verify that the RL algorithm
used the expert action when it is supposed to, i.e. when an object is harder to classify.
For that purpose, we sort the objects by difficulty of classification before they are in-
serted into the system. To make such a sorting, we organized them according to their
posterior probabilities obtained by classifying them using the remaining objects and the
confidence of their 5 nearest neighbors. Figure 3 shows, for spect data set, how much
the expert was asked for the class label for the spect data set. In this figure, input ob-
jects were grouped in ten blocks by intervals of time. Figure 3(a) shows the results when
the easiest objects for classifying arrived first and then the hardest, (b) otherwise. As
can be seen in Fig. 3(a), the percentage of objects that make use of the expert action is
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Fig. 2. Results for pima data set. (a) Classification error computed for ten runs, when the missing
attribute was the most relevant. (b) Training set sizes of each technique.
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(b) First hard, then easy

Fig. 3. Histogram of the percentage of objects that the expert has classified for spect data set,
when the easiest (a) or hardest (b) objects arrived first. Objects are grouped by intervals of time.

increasing, whereas in Fig. 3(b) this percentage is decreasing. This is because the more
difficult to classify objects are the more the algorithm requests the expert, and vice
versa. However, this interesting behavior is not observed for most of the other data sets.

4 Conclusions

A reinforcement learning-based approach has been devised for on-line learning and
classification of incomplete objects in data streams. The proposed algorithm has some
interesting properties. First, it is quite general: by automatically exploring a number of
imputation/classification techniques which are available, the approach is able of out-
performing each of these techniques being used isolatedly. Second, it is memory ef-
fective: by selectively choosing (guessing) the most representative objects, the size of
the training set may be kept stable along time, in contrast to more naı̈ve procedures
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which blindly include all incoming samples. Third, it makes a modest usage of the
expert knowledge: by tapping into expert-provided class labels only on a few objects
(less than 11%), the classification performance is significantly boosted.

Despite these good qualities, the algorithm has still some limitations that deserve
further work. For instance, the exploratory component of the reinforcement learning
implies trying many costly actions (such as imputation and classification) for each in-
coming object. Another interesting goal is designing and testing alternative formula-
tions of the problem in terms of reinforcement learning.
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Abstract. Human detection is a key component in fields such as ad-
vanced driving assistance and video surveillance. However, even detecting
non-occluded standing humans remains a challenge of intensive research.
Finding good features to build human models for further detection is
probably one of the most important issues to face. Currently, shape,
texture and motion features have deserve extensive attention in the lit-
erature. However, color-based features, which are important in other do-
mains (e.g., image categorization), have received much less attention. In
fact, the use of RGB color space has become a kind of choice by default.
The focus has been put in developing first and second order features
on top of RGB space (e.g., HOG and co-occurrence matrices, resp.). In
this paper we evaluate the opponent colors (OPP) space as a biologi-
cally inspired alternative for human detection. In particular, by feeding
OPP space in the baseline framework of Dalal et al. for human detection
(based on RGB, HOG and linear SVM), we will obtain better detection
performance than by using RGB space. This is a relevant result since, up
to the best of our knowledge, OPP space has not been previously used
for human detection. This suggests that in the future it could be worth
to compute co-occurrence matrices, self-similarity features, etc., also on
top of OPP space, i.e., as we have done with HOG in this paper.

1 Introduction

Human detection is a key component in fields such as advanced driving assistance
[1–3] and video surveillance [4–6]. Detecting humans in images is quite challeng-
ing because of their intra-class variability, the diversity of backgrounds and the
different image acquisition conditions. Even detecting non-occluded humans that
are standing, is still a hot topic of research. In order to improve human detection
results we can focus on classification, i.e., on building a classifier that given an
image window decides if it contains a human or not. Nowadays, most successful
classification processes for human detection follow the learning-from-examples
paradigm [1, 2]. For instance, Dalal et al. [7] proposed a holistic classifier that
relies on histograms of oriented gradients (HOG) as features and linear support
vector machines (linear SVM) as learning algorithm, which still remains as a
competitive baseline method for comparison with new human classifiers [2, 8].

Finding good features for developing a human classifier is a major key for its
success. Focusing on human appearance, different sets of features try to exploit
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(combinations of) cues such of shape and texture [4]. However, although color
information deserves special attention in domains such as segmentation and cat-
egory recognition [9, 10], it has not been explored in deep for human detection.
In fact, the baseline classifier of Dalal et al. [7] uses standard RGB. In particular,
gradient information is computed individually for each color channel and then,
at each pixel, only the gradient information corresponding to the maximum mag-
nitude among the RGB channels is used for computing the HOG. Dalal et al.
reported that similar results were obtained using LAB space. This approach has
been the common way of using color for human detection since then [4, 11–15]
and, as a matter of fact, it has been considered as pretty similar to the use of
the image intensity in cases where color information was not available [2].

Human beings do not rely on long (L), middle (M) and short (S) wavelength
channels (RGB-like) separately for color perception. In order to increase sub-
sistence, evolution provided the human retina with ganglion cells that combine
L, M and S channels to work in opponent-colors-space mode for enhancing the
visual detection of events of interest as well as compressing the color informa-
tion of L, M and S acquisition cells [16–18]. Such compressed color information
is sent through the optical nerve to the brain for later decompression and in-
terpretation. Accordingly, in this paper we evaluate the opponent colors (OPP)
space as a biologically inspired alternative for human detection. In particular,
by feeding OPP space in the baseline framework of Dalal et al., we will obtain
better detection performance than by using RGB space. Besides, this finding is
reinforced by the work in [10], where K. van de Sande et al. show that applying
a scale invariant feature transform (SIFT [19]) to OPP space is the best a priori
option in the context of image category recognition. Note, that HOG is a SIFT
inspired descriptor.

For our current work, as Dalal et al., we have used the so-called INRIA hu-
man dataset. This dataset contains color images and still is widely used for
benchmarking. To support our claim we not only present so-called per window
evaluation on INRIA human dataset, but also per image evaluation as highly
recommended in [8].

We argue that altogether is a relevant result since, up to the best of our
knowledge, OPP space was not previously used for human detection. Thus, with
the aim of enriching feature space for human classifiers, our work suggests that
in the future it could be worth to compute co-occurrence matrices, self-similarity
features, etc., on top of OPP space, i.e., as we have done here with HOG.

The rest of the paper is organized as follows. In section 2 we define the OPP
space. In section 3 we summarize the details of the human detector developed
for our experiments. In section 4 we draw the experiments and discuss the cor-
responding results. Finally, section 5 summarizes the main conclusions.

2 Opponent Colors Space

In the late 19th century, E. Hering noted that the four hues red, green, yellow
and blue are fundamental in the sense that they cannot be described as mixtures
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of other hues. Then, he stated that there were three types of photo receptors:
white-black, yellow-blue and red-green [16]. Nowadays we know that there are
not such image acquisition cells in human vision. However, Hering was right in
postulating the computation of opponent colors (i.e., red vs green and yellow vs
blue) in human color vision.

Contemporary science of human vision states that color photo receptors at
the retina (i.e., cones) are sensitive to long (L-cone), middle (M-cone) and short
(S-cone) wavelengths. A single cone is color blind since its activation depends on
both the wavelengths and intensity of the stimulus. A comparison of the signals
from different classes of photo receptors is therefore the most basic computational
requirement of a color vision system. The existence of cone-opponent retinal
ganglion cells that perform such comparisons is well established for human vision.

In particular, opponent process theory postulates that yellow-blue and red-
green information is represented by two parallel channels in the visual system
that combine cone signals differently. It is now accepted that at an early stage
in the red-green opponent pathway, signals from L and M cones are opposed,
and in the yellow-blue pathway signals from S cones oppose a combined signal
from L and M cones [17]. In addition, there is a third luminance or achromatic
mechanisms in which retinal ganglion cells receive L- and M- cone input. Thus,
L, M and S belong to a first layer of the retina whereas luminance and opponent
colors belong to a second layer of it, forming the basis of chromatic input to
the primary visual cortex. Note also that this mechanism is not random since
human color vision evolved for increasing the probability of subsistence [18].

Seeing the RGB space used for codifying color in digital images as the LMS
color space of the first layer of human retina, we can also compute an opponent
colors (OPP) space as follows [10]:

red-green : O1 = (R−G)/
√

2 ,

yellow-blue : O2 = ((R + G)− 2B)/
√

6 ,

luminance : O3 = (R + G + B)/
√

3 ,

(1)

for R, G and B running on values in [0, 1].

3 Human Detector

A human detector is composed of a human classifier learnt from a training set
by using specific features and a learning machine. With this classifier we scan
a given image looking for humans. Since multiple detections can be produced
by a single human, we also need a mechanism to select the best detection. The
procedures we use for feature extraction, machine learning, scanning the images,
as well as selecting the best detection from a cluster of them, are briefly reviewed
in this section.

Human classifier. We follow the settings suggested by Dalal et al. for comput-
ing HOG features and learning the human classifier using a linear SVM. Such
approach remains competitive [2, 8] and, in fact, is the core from which many
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new proposals are developed [4, 14]. However, Dalal et al. as well as in many fol-
lowing works [4, 11–15], compute HOG on top of RGB space. More specifically,
gradient information is computed individually for each color channel and then,
at each pixel, only the gradient information corresponding to the maximum mag-
nitude among the RGB channels is used for computing the HOG. We argue that
the max operation basically is throwing away the color information, i.e., only
some sort of luminance contrast is captured by HOG. Accordingly, we propose
to replace the features considered by Dalal et al. so that color information is also
captured.

Our proposal is twofold. First, we remove the max operation, i.e., HOG are
applied to each color channel separately and, then, the corresponding feature
vectors are concatenated to form a single feature vector. Such three-channels
HOG are then the input that the linear SVM will use to learn the human classi-
fier. Second, we propose the use of OPP space instead of RGB one. We will see
that both ideas are essential to improve human classification performance.

Image scanning. In order to perform multi-scale human detection we use the
extended pyramidal sliding window strategy as proposed in Dalal’s PhD [20]. The
original image is scaled by a factor si to obtain the image corresponding to the
pyramid level i. Then, given a pyramid level, we must shift the search window
along the horizontal and vertical directions with a given stride Δ = (δx, δy)
pixels. The smaller the s and Δ parameters, the finer the sliding window search.
Using a finer search we can expect better detection performance. However, this
is to the expense of a higher processing time. Dalal set s = 1.2 and Δ = (8, 8).
In our work we found s = 1.05 and Δ = (4, 4) pixels a better tradeoff between
processing time and detection performance.

Select the best detection. In multi-scale human detection a single person
can be detected several times at slightly different positions and scales. Since a
unique detection per human is desired, multiple overlapped detections should be
grouped by a clustering or non-maximum-suppression procedure. In this case,
we don’t follow the Dalal’s proposal in [20]. Instead, we rely on the iterative
confidence- and overlapping clustering approach of Laptev [21], which is a simpler
and faster technique than Dalal’s proposal and yields similar results.

4 Experiments

4.1 Human Dataset

We rely on the widely used INRIA person dataset of color images for our exper-
iments. This dataset shows a wide range of human variations in pose, clothing,
occlusions as well as complex backgrounds. Moreover, the dataset is divided in
separated sets of null intersection for training and testing.

The training set contains 2,416 positive samples consisting in image windows
(original and vertical mirror), each one containing a person framed by certain
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Fig. 1. Positive (humans) and negative (background) windows from INRIA dataset

amount of background. Positives are of the same size (canonical detection win-
dow), although many of them come from an isotropic down scaling. We term
this set of windows as W train

+ . For collecting negative samples, i.e., image win-
dows that do not contain persons, there are available 1,218 human-free images.
We term this set of images as Itrain− . The testing set consists of: (1) Itest− : 453
human-free images; (2) Itest

+ : 288 images containing labelled persons (ground
truth); (3) W test

+ : 1,126 positives analogous to the ones in W train
+ after cropping

and mirroring the ground truth of Itest
+ .

4.2 Training

We use the standard training procedure for the INRIA dataset [7, 20]. First,
we collect random negative windows from the images in Itrain

− (10 windows per
image to have 12,180 negatives) and down scale them to the size of the canonical
detection window; let’s call this set of windows W train− . Then, given the sets
W train

+ and W train
− , we compute the HOG of such labelled windows on top of

the desired color space, and learn the human classifier using the linear SVM.
Finally, we run the corresponding human detector on Itrain− in order to follow the
recommended bootstrapping technique, i.e., to append the set Wtrain

− with hard
negative windows and re-train the human classifier. We apply two bootstrapping
iterations. Figure 1 shows positive and negative training samples.

4.3 Evaluation

In our experiments we use two widely extended methods of evaluation: per win-
dow and per image. In per window evaluation we asses the results of the human
classifier when applied to the W test

+ and the images in Itest
− . Let P# be the cardi-

nality of Wtest
+ , and let’s term as PTP the number of elements in W test

+ classified
as humans (i.e., total of so-called true positives). Let N# be the total number
of windows processed by applying the pyramidal sliding window technique to
the images in Itest

− (for each image more than one million of windows are usu-
ally processed), and let’s term as NFP the number of such windows classified as
humans (i.e., total of so-called false positives). Then, we define the per window
detection rate as DRpw = PTP/P#, DRpw ∈ [0, 1]. Corresponding miss rate is
defined as MRpw = 1 − DRpw. Analogously, we define the false positives per
window as FPpw = NFP/N#, FPpw ∈ [0, 1]. We remark that for any given im-
age window, the human classifier returns a real value that we threshold with a
fixed value t in order to classify the window as of type human or non-human.
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Thus, DRpw and FPpw are functions of t. This allows to plot evaluation curves
Epw(t) = (FPpw(t), MRpw(t)) (so-called ROCs) that show the tradeoff between
the miss rate and the false positives per window for each t.

However, some researchers show that it may be more realistic to follow per
image evaluation [8]. In this case, not only the human classifier is evaluated but
the whole human detector. In particular, the sets Itest

+ and Itest
− are seen as a

single set of images, Itest, where the human detector is run. Then, the set of
detections is compared with the ground truth for counting how many of such
detections are true positives (TTP) and how many are false positives (TFP). If I#

is the cardinality of Itest and H# the number of labelled humans in Itest
+ , then

we can define the per image detection rate as DRpi = TTP/H# (DRpi ∈ [0, 1];
per image miss rate MRpi = 1 − DRpi) and the false positives per image as
FPpi = TFP/I#. In order to determine if a detection overlaps sufficiently with
a labelled human of Itest

+ we follow the so-called PASCAL criteria [8] (also for
bootstrapping during training). Now, analogously to Epw(t) we can define the
evaluation curve Epi(t) = (FPpi(t), MRpi(t)); FPpi(t) can be greater than one.

4.4 Devised Experiments

We train four types of classifiers: RGB-max; RGB-3ch; OPP-max and OPP-3ch.
The OPP vs RGB refers to the used color space. The 3ch stands for computing
HOG for each color channel separately and then concatenate the three feature
vectors into a single one. The max stands for computing HOG by taking into
account, at each pixel, only the gradient of highest magnitude among the color
channels, i.e., the usual approach introduced by Dalal et al.

Since collecting negatives during training involves a random selection, ob-
tained classifiers can vary from train to train. Therefore, for each type of classifier
we repeat the training and further evaluation five times. This gives five curves
per classifier (20 curves), thus, we condense the results for each classifier in the
respective mean ± standard deviation curves for both per window (Epw(t)) and
per image (Epi(t)) evaluation. Figure 2 summarizes the obtained results.

4.5 Discussion

We point out two main observations: (1) OPP-3ch clearly outperforms RGB-
3ch/max; (2) the max operation throws away the color information. Let us ar-
gue these observations. Per image and per window evaluation show that OPP-
3ch outperforms RGB-3ch/max, especially at the usual points of interest, i.e.,
FPpw = 10−4 and FPpi = 100. At FPpw = 10−4 OPP-3ch has an average
miss rate of 0.0358, while for RGB-3ch is 0.0806 and for RGB-max 0.1111. At
FPpi = 100 OPP-3ch has an average miss rate of 0.1391, while for RGB-3ch
is 0.1981 and for RGB-max 0.1889. Moreover, the max operation removes the
difference between RGB and OPP spaces. Besides, per image evaluation shows



Opponent Colors for Human Detection 369

Fig. 2. Per window (top) and per image (bottom) evaluation using logarithmic scales.
Values at usual points of interest are included, i.e., 10−4 FPPW and 100 FPPI, resp.

that both the 3ch and the max configurations are similar for the RGB case, but
quite different for OPP, where 3ch clearly wins. For instance, the average miss
rate of OPP-3ch at FPpi = 100 is 0.1391 while for OPP-max it is 0.1956.

5 Conclusions

In this paper we have explored the use of the biologically inspired opponent color
space as the basis to obtain better features for human detection. In particular,
we have seen that by feeding such a color space in the HOG+LinearSVM base-
line classifier, we obtain better results than by following the common practice of
using RGB color space. This conclusion is based on per window and per image
evaluation over the widely used INRIA dataset. We think that this is a relevant
finding, because, up to the best of our knowledge, opponent color was not previ-
ously used for human detection. Moreover, co-occurrence matrices, self-similarity
features, etc., could be computed in the future on top of opponent color space
in order to further improve human detection results.
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Abstract. Most applications dealing with problems involving the face
require a robust estimation of the facial salient points. Nevertheless, this
estimation is not usually an automated preprocessing step in applications
dealing with facial expression recognition. In this paper we present a
simple method to detect facial salient points in the face. It is based on a
prior Point Distribution Model and a robust object descriptor. The model
learns the distribution of the points from the training data, as well as
the amount of variation in location each point exhibits. Using this model,
we reduce the search areas to look for each point. In addition, we also
exploit the global consistency of the points constellation, increasing the
detection accuracy. The method was tested on two separate data sets
and the results, in some cases, outperform the state of the art.

Keywords: Salient Point Detection, Histogram of Oriented Gradients,
Ensemble learning.

1 Introduction

In the context of human computer interfaces, the analysis and processing of
human faces is a key aspect of the performance of such systems. While automatic
face detection has been rather successfully accomplished by algorithms like the
presented by Viola & Jones [12], the same may not necessarily be said about
detecting automatically specific points of interest in the face. Although this task
has been largely studied in the object recognition literature [8] is not unusual
that works on facial expression recognition neglect the automatic the detection
of salient points, therefore algorithms are usually experimentally validated using
manually annotated images [1]. Applications dealing with problems involving the
face require a robust estimation of the facial salient points (such as the tip of
the eyebrows). Recent approaches consider the detection of facial elements such
as eyes or mouth as references in the face [9], yet the variation on the shape and
appearance of these makes it difficult to learn models for applications involving
expression analysis for example. Furthermore the variance in appearance of many
of the points (e.g. eyebrows) results in a high variability when it comes to labeling
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(even by human annotators) exact locations, thus making the problem even
more complex.

In [11,13] a classification of the methods for facial feature point detection
is proposed: (i) texture-based methods, where the local neighborhood is used
to locate points [10], and (ii) shape-based methods that use all feature points
in the face [2] to model the shape. In the context of texture, Vukadinovik and
Pantic [13] proposed to learn each salient point as a category in a multi-class
classification framework. The authors used a set of Gabor jet filters to extract a
feature vector from each salient point. A GentleBoost classifier is trained with
the extracted samples, resulting in a robust point detection strategy, yet the
extraction of the Gabor descriptors can be computationally expensive. In [11]
Valstar et al. presented a method based on a combination of support vector
regressors and Markov Random Fields to detect facial salient points using Haar-
based descriptors over local patches, aiming to reduce the search time and make it
robust to variations on appearance and rotations. In [7] Kozakaya et al. presented
a method that estimates facial feature points by a concentration of directional
vectors from sampled points. The vectors are weighted according to the outcome
of a nearest neighbor search between the pattern learned from the sample point
and the model, both of which use the HOG algorithm as a descriptor. Although
their approach yields good results, it still requires a rather large look-up table
to determine the nearest neighbor.

In this paper we propose a simple yet promising approximation to the task of
facial salient point detection. Our system intends to view the detection problem
as a classification one. It learns the model for each fiducial point using the HOG
algorithm [3] to compute the descriptor over a local neighborhood and trains a
GentleBoost classifier [4]. Subsequently, it learns the distribution of points in the
reference frame of the face bounding box from the training set. During test it uses
as a basis the face localization and a pair of reference points. This information
is used to adjust the model of the spatial location and center the search areas,
reducing the computational cost by limiting the amount of points to test. Inspite
of the simplicity of the strategy used, the results obtained outperformed -in many
cases, the ones obtained by state of the art methods.

2 Point Detection

2.1 Learning the Facial Point Models

The presented method exploits the strengths of a state of the art algorithm for
object description and takes into account the global distribution consistency to
locate more reliably the facial feature points. Given that the aim is to formulate
the detection problem into a binary classification task, a supervised learning
scheme is adopted consisting of a training and a evaluation phase. During train-
ing the annotations of the locations of the feature points are used to center
windows from which the models will be learned. Positive and negative examples
are extracted by the following procedure: once the window around the feature
point is centered, a patch around the coordinates of the current feature point is
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passed to the descriptor generator to render the positive example. The negative
patch examples are generated by randomly sampling the window region with
the constraint that the adjacent neighborhood around the target feature point
coordinates is left empty. This reduces the distortion effect/noise (with respect
to the descriptor generated) that similar patches near the true interest point can
create in the training data.

Figure 1 shows the 17 points extracted and a training region with the location
of the interest point, the void area from which no negative examples are extracted
and the locations of points that represent the center of negative patch examples.

(a) (b)

Fig. 1. 1(a): Point model of the 17 salient points, 1(b): Example of training region.
The green star represents the center of the positive example and the white circles
the centers of negative examples. The cyan square limits the area inside of which no
negative examples are extracted.

The algorithm used to generate the descriptor is the Histogram of Oriented
Gradients - HOG, proposed by Dalal and Trigs [3], where the authors highlight
that their method is well suited to robustly extract features for visual object
recognition.

The HOG descriptor can be computed as follows. The gradient of the image
is computed and the phase is quantized according to a predefined number of
orientation intervals, which will represent the bins in the histogram. Thereafter
the image is divided in small regions called cells from which the orientation his-
togram is built by votes of the quantized orientation of each pixel. These votes
are weighted by the magnitude of the gradient for each pixel. Subsequently cells
are grouped in blocks which are the normalization units of the algorithm. This
normalization constitutes an important part of the algorithm, because it repre-
sents a smoothing factor and limits the effect of the variations of the gradient
in local areas due to illumination and object/background contrast. Finally the
descriptor is created by the concatenation of the block-normalized histograms of
all the cells.

The descriptor is tuned mainly by four parameters namely the number of
orientation bins, the size of the cells, the size of the blocks and the overlap
factor. These parameters change the resolution of the grid thus changing the
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quality of the descriptor, making the selection of their values important to a
well adjusted description of the object. Other parameters include the range and
sign of the orientations to consider and the normalization rule. These two were
set to the values suggested by the authors to perform the best. Implementation
values for the parameters are discussed in section 3. Figure 2 shows an example
of the HOG descriptor visualization. Once the descriptors for all the training
samples per point are computed, a GentleBoost classifier [4] is trained.

2.2 Prior Distribution Model

In order to take advantage of the strength of the descriptor and to reduce the
computational cost of the system, the search for the feature points locations
needs to be bounded. This is achieved using prior information about the locations
of the points from the data available in the training set. Furthermore, this model
takes into account the global distribution consistency to locate more reliably the
facial feature points. To create a prior distribution model of the points, the
mean and the covariance of the points locations are extracted from the training
data per feature point. Subsequently the model is referenced to an arbitrary
origin, allowing it to “float” to any position in the image and it is rescaled to
an arbitrary predefined size, which provides robustness against changes in scale.
We fixed the origin to the center pixel of each eye in this work. Figure 2 shows
a pseudo-image of the distribution model of the points.

2.3 Detection Algorithm

The algorithm presented follows a standard classification framework. Once the
training stage learns the descriptor for each feature point and the prior point
distribution model is built, the detection stage can be performed. The algorithm
starts with the bounding box returned by the Viola & Jones face detector. With
this reference frame two regions are extracted from the upper half of this bound-
ing box in order to obtain the centers of the eyes that constitute the reference
points for the rest of the procedure. Thereafter the angle between the line joining
the eyes and the horizontal is computed and the scale of the current face is de-
termined1. With these parameters the prior point distribution model is adjusted
to fit the scale of the query image providing the centers and cues for the size
of the search regions. Finally using these locations cues, the points are searched
within variable size regions. The search regions size is adjusted by the covariance
parameters learned in the prior model. Figure 2 illustrates the major blocks and
intermediate results of the method.

3 Experiments and Results

HOG Implementation. As mentioned in section 2.1 the HOG method uses 6
basic parameters recalling: number of orientation bins, range of orientations to
1 The distance between the eyes once they have been rotated to a zero degree difference

with the horizontal, is considered as the current scale.
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(a) (b)

Fig. 2. Left: Outline of the method. Right Top: HOG descriptor output for the feature
point of the pupil. The intensity of the lines is proportional to the strength of the
gradient in that direction. Bottom: Prior Distribution Model. The clouds represent
two standard deviations of the training data.

be considered, cell size, block size, overlap and normalization rule. In this study,
we implemented the L2-norm suggested in [3], that is:

vn =
vi√∑ ||vi||2 + ε2

(1)

where vi is the histogram of the ith cell and ε is a regularization parameter.
With respect to the range of orientations the current implementation uses

an unsigned gradient, that is, the orientation bins are evenly spaced over 180
degrees. The number of bins to quantize the orientation histogram is 9, thus
grouping angles in ranges of 20 degrees per bin. Each cell is 6 × 6 pixels and
each block is 3× 3 cells, with an overlapping factor of 75%. The final descriptor
is built from an intensity patch of 30 × 30 pixels, by concatenating the block
normalized cell histograms.

Datasets and Experimental Setup. The method proposed was evaluated
with 570 images of the Cohn Kanade [6] and 350 images the BioID [5] databases.
Given the rather small sample size of each dataset the error rate was estimated
with a 3-Fold cross validation scheme. The results shown for the performance
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Table 1. Performance results for the system on the Cohn Kanade and BioID data sets
per Point. Right. Qualitative Results for both data sets. The first two rows present
positive detections, the third detections outside of the threshold radius.

Point BioID Error Cohn Kanade Error

1 99.57% (0.84) 2.72% 100.00% (0.00) 1.84%

2 96.98% (2.53) 3.24% 99.82% (0.34) 2.08%

3 89.66% (6.76) 6.70% 98.07% (1.24) 3.12%

4 94.40% (9.29) 4.80% 98.77% (0.91) 3.08%

5 73.71% (9.29) 6.92% 83.68% (4.13) 5.92%

6 77.59% (3.38) 6.63% 88.60% (5.34) 4.77%

7 76.29% (5.91) 6.50% 92.63% (2.38) 4.31%

8 81.47% (14.36) 6.09% 88.07% (4.99) 5.11%

9 99.57% (0.84) 3.63% 99.65% (0.69) 3.28%

10 98.71% (0.84) 3.33% 100.00% (0.00) 2.55%

11 99.57% (0.84) 3.24% 99.82% (0.34) 2.91%

12 97.41% (0.00) 3.69% 100.00% (0.00) 2.80%

13 96.55% (0.00) 4.04% 99.82% (0.34) 2.66%

14 98.71% (0.84) 3.53% 100.00% (0.00) 2.57%

15 98.71% (2.53) 3.89% 99.12% (1.72) 2.88%

16 73.28% (13.52) 9.70% 93.16% (3.32) 4.63%

17 54.74% (2.53) 16.52% 68.95% (7.60) 8.26%

Fig. 3. Comparative of the Cumulative Error Distribution of the point to point error
measured on the BioID Data set

are given with a confidence interval (shown in brackets in table 1) for a 95%
confidence level. The classification accuracy for any point Pi given in table 1
was obtained from the normalized accumulated thresholded error:

Acci =

∑M
j=1 errji < Th

M
(2)

where M is the number of images in the evaluation set and errji is the error
defined as a function of the Inter-Ocular Distance –IOD (i.e. the magnitude of
the vector joining the centre of the eyes) as:
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erri =
||Poi − P̂i||

dIOD
(3)

where Poi is the ground truth coordinate pair for interest point Pi, P̂i is the
detected coordinate pair for point Pi, || · || is the euclidean distance and dIOD is
the Inter-Ocular Distance. In this study the threshold Th for the error assessment
was set to 9%.

It can be seen in table 1 that the performance for all the points, but number
17, is rather high. In the case of the BioID dataset, the four points in the eye-
brow area, exhibit a classification rate around 80% (see figure 1 to cross reference
the point numbers). These points present a high variance in appearance and are
highly sensitive to illumination changes. Moreover, the inter-observer agreement
for the labeling of these points is low making them quite unstable for detection.
In the case of point 16 in the BioID dataset, it suffers from one of the limitations
of the method. Given the out-of-plane rotations of the face, specifically in yaw
(nodding motion), the variation of the vertical face dimension is high, thus the
fitting process of the Prior Model by a general scaling factor fails to properly
allocate the lower points (lips and chin) correctly. In both data sets point 17 the
chin, presents a rather low performance. This point has on top of the character-
istics mentioned for the other 4 points, another that influences the instability of
the point for the detection task. It is the high variability in appearance due to
physical factors i.e., the sharpness of the jawline makes it a point rather depen-
dent on the illumination conditions. We compared our method to the state of the
art, represented by the implementation of [13] available from the authors web
page. Figure 3 shows the cumulative error distribution of the mean error over
all points. It can be seen that the method proposed has predictions with lower
error: 20% of the images have an average error of less than 4% (2 pixels) and
90% of the images have an average error lower than 7% of dIOD , as compared
to the Gabor-ffpd that has no images with an error lower than 4% and 90% of
the images lay between 5% and 13% of the dIOD .

4 Discussion

We have presented a method for finding facial salient points in an input image
of frontal faces, based on a prior Point Distribution Model and a robust local de-
scriptor. The method exploits the local appearance information, the consistency
of the global geometric information and its flexibility, for localizing the facial
salient points. The use of this geometric Prior Distribution Model significantly
improves the detection accuracy.

We evaluated the proposed method on two separate data sets, the Publicly
available BioID and the Cohn-Kanade data base. The results show effectiveness
in the accurate detection of facial salient points and robustness to illumination,
scale and some degree of out-of-plane rotation. The limitation concerning the
out-of-plane rotation, can be address by means of a more robust Prior Model
that considers separately the variations suffered by the vertical and horizontal
dimensions.
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Our method shows better accuracy than current algorithms for facial point
detection, with an average detection of 94.72% for all 17 points as compared to
a 82.71% of the Gabor-ffpd, for the Cohn-Kanade dataset.
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Abstract. This paper concerns the analysis of shapes characterised in
terms of dissimilarities rather than vectors of ordinal shape-attributes.
Such characterisations are rarely metric, and as a result shape or pattern
spaces can not be constructed via embeddings into a Euclidean space.
The problem arises when the similarity matrix has negative eigenval-
ues. One way to characterise the departures from metricty is to use the
relative mass of negative eigenvalues, or negative eigenfraction. In this
paper, we commence by developing a new measure which gauges the
extent to which individual data give rise to departures from metricity
in a set of similarity data. This allows us to assess whether the non-
Euclidean artifacts in a data-set can be attributed to individual objects
or are distributed uniformly. Our second contribution is to develop a new
means of rectifying non-Euclidean similarity data. To do this we repre-
sent the data using a graph on a curved manifold of constant curvature
(i.e. hypersphere). Xu et. al. have shown how the rectification process can
be effected by evolving the hyperspheres under the Ricci flow. However,
this can have effect of violating the proximity constraints applying to the
data. To overcome problem, here we show how to preserve the constraints
using a tangent space representation that captures local structures. We
demonstrate the utility of our method on the standard “chicken pieces”
dataset.

Keywords: Dissimilarity, Embedding, Ricci flow, Spherical embedding,
Tangent space.

1 Introduction

Geometric shape representation and recognition is an active area of research
in computer vision and pattern recognition. Graph-based representations have
found widespread use in shape analysis, for example, in the use of shock graphs to
represent shape-skeletons [5]. When such a representation is adopted, measures
such as graph-edit distance provide the natural way of capturing the similar-
ity of different shapes. This provides a powerful and natural way of capturing
the relationships between objects that are not characterised by ordinal measure-
ments or feature vectors [6]. One way to construct a shape-space for such data
is to represent the dissimilarity data using a weighted graph, and to embed the
graph on a manifold. This produces a vectorial representation of the data by
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projecting dissimilarity data into a fixed-dimensional vector space. Examples of
this approach include multidimensional scaling (MDS) and Isomap [10].

However, one of the problems with dissimilarity representations and their
embeddings, is that the distance measures can not be used to construct a shape
space if the underlying dissimilarity matrix contains negative eigenvalues. If this
is the case the shapes can not be embedded into a real-valued Euclidean space
[3], and must instead be embedded into a complex valued or Krein space.

In order to analyse non-Euclidean dissimilarity data using traditional geomet-
ric machine learning or pattern recognition techniques, we must first attempt to
rectify the data so as to minimize the non-Euclidean artifacts. Before the analysis
of such data is attempted, it is advisable to assess the degree and extent to which
non-Euclidean artefacts affect the data-set. One measure that has proved useful
in this respect is the negative eigenfraction [1] which is the total mass of negative
eigenvalues as a fraction of the total mass of unsigned eigenvalues. However, in
this this paper, we introduce a finer measure that assesses the contribution of
each object to the mass of negative eigenvalues. In this way it is possible the
determine whether the non-Euclidean artefacts are attributable to the outly-
ing dissimilarities of a few objects or are uniformly distributed throughout the
dataset.

However, our main contribution in the paper is to consider how to rectify
the data to minimise the effects of non-Euclidean artefacts. Xu et. al. [8] have
explored the idea of embedding the disimilarity data on a locally hyperspherical
surface of constant curvature. They then flatten the manifold composed of local
hyperspherical patches by reducing the curvatue according to a Ricci flow. As a
result both local and global distances are modified by the flattening. One of the
problems they have encountered in applying Ricci flow to a constant curvature
Riemannian manifold to evolve the distance measures is that due to the piecewise
nature of the manifold, the structure of the data is distorted. Moreover, they also
encounter instabilities due to local fluctuations in edge curvature. Although this
latter problem can to some extent be remedied by regularizing the Gaussian
curvature [8], the problem of preserving structure persists.

To overcome this problem, we aim to reduce the reliance on the piecewise
embedding and its effect on individual edges. We turn to the tangent space
representation of data using the exponential and log maps [2], which provide a
means of preserving the distance between the points on the manifold and the
origin of the map. This allows us to to flatten the manifold while preserving the
global structure of the data.

2 Characterising Non-euclidean Data

In this paper we are concerned with embedding data represented in terms of
pairwise dissimilarities or distances, and in particular the case where the data is
non-Euclidean. Our overall aim is to rectify a given set of non-Euclidean dissim-
ilarity data so as to make them more Euclidean. One way to gauge the degree to
which a pairwise distance matrix exhibits non-Euclidean artefacts is to analyse
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the properties of its centralised Gram matrix. For an N ×N symmetric pairwise
dissimilarity matrix D with the pairwise distance as elements, the centralized
Gram matrix G = − 1

2JD2J ,where J = I − 1
N 11T is the centering matrix and

1 is the all-ones vector of length N . The degree to which the distance matrix
departs from being Euclidean can be measured by using the relative mass of
negative eigenvalues or “negative eigenfraction ” FeigS =

∑
λi<0 |λi|/

∑N
i=1 |λi|

[1]. This measure is zero when the distances are Euclidean and increases as the
distance becomes increasingly non-Euclidean.

If the non-Euclidean artefacts are contributed solely by the set of distances
to a few “outlier” objects, it is possible to restore the data to a Euclidean state
by editing (i.e. removing) these objects from the dataset. Based on this idea we
introduce the notion of measuring the contribution of each object to the negative
eigenfraction of a dissimilarity matrix. That is, the fraction given by the sum of
the negative distances originating from an individual object to all the remaining
objects, divided by the total.

The matrix of kernel embedding co-ordinates is given by Y =
√

ΛΦT =
(y1, ..., yN ), where Λ = diag(λ1, ..., λN ) is the diagonal matrix with the ordered
eigenvalues of centered Gram matrix as elements and Φ = (φ1|...|φN ) is the
eigenvector matrix with the ordered eigenvectors φ1, ..., φN as columns. When
the centered Gram matrix has negative eigenvalues then those dimensions of the
embedding associated with negative eigenvalues are represented by imaginary
numbers, and those associated with positive eigenvalues by real numbers. In
other words, the data are embedded into a pseudo Euclidean or Krein space [3].

Under the embedding, the coordinate vector of point j is
yj = (

√
λ1Φ1j , ...,

√
λiΦij ,

√
λNΦNj)T . The contribution to the negative squared

distance between two points k and e is d2
ke =

∑

i

(yk(i)−ye(i))
2 =

∑

i

λi(φik−φie)
2.

The sum of negative squared distances from point k to all the remaining points is
d2

k− =
∑

λi<0

λi

∑

e �=k

(φik − φie)
2. On the other hand, the sum of positive distances

from point k to the remaining points is d2
k+ =

∑

λi>0

λi

∑

e�=k

(φik − φie)
2. Thus the

fraction of negative squared distances from point k is Cneig = |d2
k−|

|d2
k−|+|d2

k+|
.

3 Spherical Embedding

Spherical embedding [9] provides a means by which to embed objects represented
in terms of dissimilarity data onto a hypersphere. The optimal radius of the hy-
persphere minimises the distortion of the geodesic distances between objects. It
is desirable that the degree of the nodes of the embedded graph and the rank-
ing of distances (dissimilarities) are preserved under the embedding. Given the
hypershere of optimal raidus, the embedding coordinates are obtained through
the eigendecomposition of the inner product matrix[9], and for the node indexed
p the vector of embedding co-ordinates is yp =

√
ΛΦT , where Λ is the diagonal

matrix with the ordered eigenvalues of the inner product matrix Z = cos(D
r )
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as elements and Φ is the matrix with the ordered eigenvectors of Z as columns,
D is the distance matrix and r ∈ R+ is the optimal radius of the embedding
hypersphere.

4 The Exponential and Log Map

The exponential map Expp[. ] is a mapping from points on the manifold to points
in the tangent space at a reference point on a manifold. The log map Logp[.]
the inverse mapping from points in the tangent space at the reference point to
points on the manifold. The exponential map [2] preserves the distance between
the points on the manifold and the reference point or origin of the tangent
space to the manifold. Our aim is to flatten the global manifold by gradually

Fig. 1. The exponential map and log map

smoothing out the local patches. This is achieved by representing sub-graphs
of objects on the local hyperspheres, mapping the points to the tangent space
through the log-map function, reducing the curvatures (i.e.increasing the radii)
of the individual hyperspherical patches, and then mapping the data back onto
the inflated hyperspheres through the exponential-map function. The increase
in radius of the hypersheres is determined by the Ricci flow [7] and satisfies the
equation

dgij

dt
= −2Rij . (1)

where gij is the metric tensor of the manifold and Rij is the Ricci curvature.
We model the embedding manifold as consisting of a set of local patches with
individual constant Ricci curvatures. The solution of the differential equation is
straightforward. Commencing with the initial conditions curvature K = K0 at
time t = 0, then at time t we have Kt = K0

1±2K0t with the positive sign for the
elliptic space (hypersphere).

On the spherical manifold, the log and exp maps give the following co-ordinate
trasformations [9]:

xp =
θ

sin θ
(yp − ym cos θ); yp = ym cos θ +

sin θ

θ
xp. (2)

where yp is the coordinate vector for point p on the manifold, xp is the coordinate
vector for point p in the tangent space, m is the reference point or origin of the



Rectifying Non-euclidean Similarity Data 383

map with the length equals to the corresponding radius, and θ is the angle
between radius vectors to the points m and p on the hypersphere. This set of
transformations is illustrated in Figure 1.

Once, the inflation and reprojection onto the hypersphere are complete, we
compute the new coordinate vector of a point on the inflated hypersphere based
on the old coordinate vector on the original hypersphere by using Equation 2:

ypn+1 = (1 + 2Knt)
1
2 (ymn cos θn+1 +

sin θn+1

sin θn
(ypn − ymn cos θn)). (3)

where the angle on the original sphere is θn = Knacos < ym, yp >.
As the geodesic distances to the origin are preserved, we can compute the

angles on the inflated sphere θn+1 =
K

1
2

n+1

K
1
2
n

θn, given the curvatures of the original

and the inflated spheres, and updated radial angles on the original sphere.
Then we compute new geodesic distances for the points on the inflated hyper-

sphere. Reprojection under the log map preserves the geodesic distances to the
origin of the tangent space. However, the geodesic distances between points are
modified by the inflation and reprojection. The updated geodesic distances on
the inflated hypersphere can be computed using the new co-ordinates on the in-
flated hypersphere. The update equation for the geodesic distance between point
m and p on the inflated hypersphere is

dGmp = rn+1θn+1 =
acos(< ymn+1 , ypn+1 >Kn+1)

K
1
2
n+1

. (4)

5 The Algorithm

Given a set Y = {y1, · · · , yN} of N objects and a dissimilarity measure d, a
dissimilarity representation is an N ×N matrix DG with the elements dG(u, v)
representing the pairwise geodesic distance between objects yu and yv. The fol-
lowing algorithmic steps can be used to perform Euclidean rectification of the
distance matrix, and suppress its non-Euclidean artefacts:

1. Construct a local patch for a second order k-NN graph, consisting of the first
and second neighbors of the reference object.

2. Perform hyperspherical embedding to obtain the initial curvature and the
co-ordinates of the objects in the local patch.

3. Update the hyperspherical radius (i.e. curvature) with a small time step
derived from Equation 1.

4. Obtain the new coordinates on the inflated hypersphere using Equation 3.
5. Obtain the new geodesic distance matrix dGn+1 for the local patch using

Equation 4. The distances between pairs of objects external to the patch
are approximated using the old dissimilarity matrix. The geodesic distance
between pairs of objects external to the patch and objects internal to the
patch are approximated by adding the geodesic distances over the of edge-
connected path between the objects.
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Fig. 2. The distribution of negative contribution of each point before and after remov-
ing 10 most highly-contributing objects

6. Obtain the updated global distance matrix D
(1)
G containing rectified geodesic

distances between objects, and repeat from step 1 until DG stabilises, i.e.
there are no further decreases in the negative eigenfraction. Ideally, the cen-
tralized Gram matrix should have no negative eigenvalues.

6 Experiments

We use the well known “Chicken pieces” shape dataset [4] for experimentation.
The data-set poses the problem of classifying binary images of different types of
chicken joint into shape-classes. It contains 446 binary images falling into five
shape classes, namely a) breast (96 examples), b) back (76 examples), c) thigh
and back (61 examples), d) wing (117 examples) and e) drumstick (96 exam-
ples). The data exists in the form of a set of non-Euclidean shape dissimilarity
matrices, generated using different parameter settings. The parameters are the
length of straight line segments of the chicken contours L and the insertion and
deletion costs for computing edit distances between boundary segments C. Our
experimental results are for the dissimilarity data with parameters C = 45 and
L = 5, 10, 15, 20, 25 and 30. The originally asymmetric dissimilarities are made
symmetric by averaging.

We commence by showing the distribution of the individual object contribu-
tions to the negative eigenfraction for the chickenpieces data. In Figure 2 we
show the distribution for the data with L =5.0; C=45, both before and after
removing the 10 most strongly ontributing points. Figure 3 shows the negative
eigenfraction of the chickenpieces data with C = 45 and L = 5, 10, 15, 20, 25
and 30, again both before and after removing the 10 most strongly contribut-
ing objects. Removing the most strongly contributing objectss has little effect
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Fig. 4. The negative eigenfraction and 1NN error rate as a function of iteration number

on he distribution, and this indicates that the non-Eucludean artefacts can not
be attributed to outliers. Next, we explore the effectiveness of the rectification
process. Figure 4 shows the negative eigenfraction and 1NN error rate for the
shape-classes as the distance matrix is evolved. The negative eigenfraction drops
from 22% to 15% and then increases again, indicating that the evolution has suc-
ceeded in flattening the manifold, but then deteriorates. This demonstrates that
the distance measures can be corrected or flattened, but it is essential to have a
halting criterion. The deterionation is caused by the path-based approximation
of geodesic distances between internal and external objects on the local patches.
These distances have been inflated more rapidly than the local distances on the
hyperspherical surface. This exaggerates the overall curvature.
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7 Conclusion

In this paper, we have made two contributions. First, we have presented a method
to gauge the distribution of non-Euclidean artefacts in dataset Second, we have
shown how to evolve a patchwise hyperspherical manifold so as to rectify such
artefacts in a dataset. The method uses a tangent-space reprojection method
to inflate the local hyperspherical patches, while maintaining the consistency of
the pattern of geodesic distances. Applying our method to the chicken pieces
shape dataset, we demonstrate that the method can be used to improve the
classification of shape-data.
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Abstract. Gait is one of the most practical biometric techniques which
present the capability to recognize individuals from distance. In this
study, we propose a novel gait template based on Radon Transform
of Mean Gait Energy Image, as RTMGEI. Robustness against image
noises and reducing data dimensionality can be achieved by using Radon
Transform, as well as capturing variations of Mean Gait Energy Images
(MGEIs) over their centers. Feature extraction is done by applying the
Zernike moments to RTMGEIs. Orthogonal property of Zernike moment
basis functions guarantees the statistically independence of coefficients
in extracted feature vectors. The Euclidean minimum distance is used
as the classifier. The our proposed method is evaluated on the CASIA
database. Results show that our method outperforms recently presented
works due to its high performance.

Keywords: Gait Recognition, Radon Transform, Zernike Moment.

1 Introduction

Gait means the manner of walking. Studies at [1] showed that people can rec-
ognize each other from their gaits. Therefore gait as a biometric can be used
for recognizing people. Recognition based on gait has a unique property which
requires no contact such as automatic 2D or 3D faces, fingerprints or iris recogni-
tion systems. All this methods need individual cooperation near to the systems.
However, some variations such as clothing, types of shoes, the environment of
walking and age affect the gait.

Various techniques and algorithms have been developed for human gait recog-
nition recently. These techniques are generally categorized into two main groups:
model-based and model-free approaches. Model-based method tends to explic-
itly model human body or motion, and they usually implement model matching
in each frame of a gait sequence to measure the parameters such as trajectories
according to the matched model [2, 3]. In this paper, we focus on the model-free
algorithms.
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In [4] a new spatio-temporal gait representation called Gait Energy Image
(GEI) is proposed to address human walking properties for individual recog-
nition. Also, a novel approaches for gait recognition is proposed by combining
statistical gait features from real and synthetic templates. Similarly, other tem-
poral templates called Gait History Image (GHI) is proposed in [5] which models
gait static and dynamic characteristics more comprehensively. GHIs are used to
learn discriminating features with statistical approaches. In another work, two
types of gait features, GEI and Motion Silhouette Image (MSI) are extracted
to identifying individuals by using the fused output of nearest neighbor classi-
fiers [6]. In [7] a novel algorithm based on Fuzzy Principal Component Analysis
(FPCA) is proposed to extract the eigenvectors from the GEIs. The eigenvectors
are then projected to the subspace with lower dimensionality and the Nearest
Neighbor (NN) classifier is used.

Radon Transform is used in [8], as new feature extractor, directly on binary
silhouettes of each gait sequence. Transformed silhouettes are used for com-
putation of a template which subsequently is subjected to LDA and subspace
projection. Test feature vector is compared with feature vectors in the gallery to
recognition and verification.

The structure of the paper is as follows. In section 2, we present our proposed
gait recognition system which includes overview, Radon Transform and Zernike
Moments sub-sections. Section 3, describes our experimental results, and, finally,
conclusions are drawn in section 4.

2 Gait Identification System

2.1 Overview

Our proposed system is shown in Fig. 1. As many other researches, the sil-
houettes have been extracted from the original gait video sequences and the
pre-processing procedure [9] is applied on them. The denoising process is needed
before applying the gait recognition algorithm. First, the centers of silhouettes
in the gait sequence have been calculated and then each silhouette is segmented
into predetermined size over its center. Then the segmented silhouettes have
been aligned using their calculated centers.

One of the recently developed spatio-temporal gait templates is the Gait En-
ergy Image (GEI) which was first represented by Ju Han at [4]. GEI has no
sensitivity to incidental silhouette errors in individual frames. As expected, GEI
represents fundamental shapes of silhouettes as well as their changes over the
gait cycle [4]. But in gait cycles which have incomplete silhouettes or occlusion
with objects, the recognition based on the GEI leads to incorrect results. In or-
der to avoid the mentioned problems, we prefer to use the Mean Gait Energy
Image (MGEI) as a base representation for extracting features [10]. Definition
for calculating MGEI of ith sequence is as following:

MGEIi(x, y) =
1

Mi

Mi∑

j=1

GEIi(x, y), (1)
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Fig. 1. Block diagram of the proposed system for gait recognition

where, Mi is the number of different gait cycles existing in the ith sequence, x
and y are the values of two dimensional image coordinates. GEIi,j is the Gate
Energy Image for jth cycle of ith sequence and is calculated by the following
equation:

GEIi(x, y) =
1

Nj

Ni∑

t=1

Ii,j,t(x, y). (2)

According to the Fig. 1, after calculating MGEI, the Radon Transform is ap-
plied and the novel spatio-temporal template is produced. We call this template
RTMGEI. RTMGEI is defined as the following:

RTMGEIi = RTMGEIi(ρ, θ). (3)

where, ρ is the radial distance from the center of image or data to be trans-
formed, and θ is the angle in the polar coordination system. Definition of Radon
Transform and its arguments are described in detail in the next sub-section.

Fig. 2 illustrates one calculated MGEI and its corresponding RTMGEI. Since
MGEI and RTMGEI are normalized and transformed from the frames of the
sequences, we can display them as a viewable image. As it is evident in the figure,
the RTMGEI are smoother and has less noise than its corresponding MGEI. This
is because of summation property of Radon Transforms which reduces the noise
of MGEIs and yields a better temporal template in presence of noise. Actually
the first level of denoising is done by summing single frames to construct MGEIs
and the second level of denoising is done taking Radon Transform of MGEIs.
Also using RTMGEIs will result in considerable reduction of data dimensions
and will increase the separability of data in classification sub-space.

After calculating RTMGEIs, Zernike moments are employed for size-reduction
and feature extraction on each sequence.The Zernike moments are described in
detail at the sub-section (2.3). We use the Zernike moments of up to the 15th

order which result in feature vector with 136 coefficients.
In the offline process, as shown in Fig. 1, the features vectors of sequences,

which are produced as mentioned, are saved in the Gallery set. In the online
process, the feature vector of probe sequence is produced and compared with
Gallery set. The Euclidean Minimum distance is used as the classifier.
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Fig. 2. (a) Calculated MGEI for a sequence, (b) related RTMGEI

2.2 Radon Transform

Hough and especially Radon Transforms have found various applications within
the computer vision, image processing, pattern recognition and seismic. Mapping
the two-dimensional images with lines into a sub-space is one of best abilities of
these two transforms; where each line in the image will give a peak, positioned
at the corresponding line parameters.

One can find several definitions of the Radon transform in mathematics, but
the very popular form is as the following [8]:

RTf(ρ, θ) =
∫ +∞

−∞

∫ +∞

−∞
f(x, y)δ(ρ− x cos θ − y sin θ), (4)

which, expresses the lines in the form of ρ = x cos θ − y sin θ , where θ is the
angle and ρ is the smallest distance to the origin of the coordinates system.
The Radon transform for a set of parameters (ρ, θ) is the line integral through
the image f(x, y), where the line is positioned corresponding to the value of
(ρ, θ). The Dirac delta function δ(.) is defined as ∞ for argument zero and 0 for
all other arguments (it integrates to one). In the digital domain, the Kronecker
delta will be used instead, which is defined as 1 for argument zero and as 0 for
other all others. Thus the Radon Transform will be simplified to summation of
pixel intensities along the discrete lines (Fig. 2.(a)).

2.3 Zernike Moments

Zernike moment is some kind of orthogonal complex moments in which its in-
teresting properties such as rotation invariance, translation invariance and scale
invariance have been improved [9, 10, 11]. Zernike moments kernels consist of
Zernike complete orthogonal polynomials. These polynomials are defined over
the interior region of the unit disc in the polar coordinates space. Let f(r, θ) be
the image intensity function, and the two-dimensional Zernike moments of order
m with repetition n are defined as:

Zmn =
m + 1

π

∫ 2π

0

∫ 1

0

f(r, θ)V ∗mn(r, θ)rdrdθ, r ≤ 1, (5)
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where V ∗mn(r, θ) is the complex conjugate of Zernike polynomial Vmn(r, θ); and
m and n both are integer and the relation between m and n can be described
as:

(m− |n|) is even and |n| ≤ m. (6)

The Zernike polynomial Vmn(r, θ) is defined as:

Vmn(r, θ) = Rmnejnθ , (7)

where j =
√−1; and the orthogonal radial polynomial Rmn(r) is given by:

Rmn(r) =

m−|n|
2∑

s=0

(−1)s (m− s)!

s!(m+|n|
2
− s)!(m−|n|

2
− s)!

rm−2s. (8)

For the discrete image, let P (r, θ) to be the intensity of the image pixels, and
(5) can be represented as:

Zmn =
m + 1

π

∑

r

∑

θ

P (r, θ)V ∗mn(r, θ). (9)

The orthogonal radial polynomials result in Zernike moments which have
less redundancy [12]. Structural and static information of individuals in related
RMGEI can be represented by the low-order Zernike moments, and the dynamic
information of RMGEI can be represented by high-order Zernike moments.

3 Experimental Results

Our Method is carried out on the CASIA database. The CASIA includes three
sub-databases named DatasetA, DatasetB and DatasetC. We use the gait se-
quences of DatasetB which are captured from 124 subjects. Each subject includes
10 different gait sequences from 6 different camera views in the same scene. The
original Image size of the database is 320x240 pixels. For each person there is: 6
normal gait sequences (set A), two bag carrying sequences (set B) and two coat
wearing sequences (set C). For each set, we take first sequences of 90◦ view as
the training subset and named them as set A1, set B1 and set C1 respectively.
The rest sequences of 90◦ view are taken as the test subsets and named them as
set A2, set B2 and set C2 respectively.

First, each frame of the sequence is segmented, aligned and resized to an
image with 201x181 pixels. Then the RTMGEI’s of each sequence is calculated
as described in section (2). The RTMGEIs can be illustrated as a 180x180 pixel
image. Final step is calculating Zernike moments of up to the order of 1515

order which result in the feature vector of length 136 coefficients. In the Zernike
moments computing step, the pixel coordinates are transformed into the range
of the unit circle, i.e. x2 +y2 ≤ 1 and the center of the image is considered as the
origin. Our method is carried out on a PC with 2.2GHz Core2 Duo CPU and
2.00GByte DDR2 RAM. Algorithm is implemented in MATLAB software. For
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Fig. 3. Recognition rates for different
probe sets

Fig. 4. Recognition rates for different
order of Zernike moments

each person, Zernike moments extraction from RTMGEI by processing all steps,
on the mentioned PC, takes 844.4 ms to complete in average. Also, minimum
distance classifier takes 1 ms to complete. Therefore, it will take 845.4 ms to
recognize a person. Thus, the proposed algorithm is capable of implementing on
real-time gait recognition systems.

Fig. 3 demonstrates the recognition rates in different ranks. Each normal
sequence existing in set A2 is indicated by ’nm’suffix. ’bg-02’ indicates the test
set B2 and ’cl-02’ indicates the test set C2. As it is shown, the mean of recognition
rate in Rank 1 and Rank 5 is 91.79% and 97.08% respectively.

For determining the optimum order of the Zernike moments used in our al-
gorithm, we modify our algorithm to prepare a test using different order of
Zernike moments. Thus, we applied the set A2 to our proposed system with pre-
determined values for Zernike moment’s order ranging from 1 to 40. The mean
recognition rates for various the Zernike moments are showed in Fig. 4. Therefore
increasing the order of Zernike moments from the value of 10 has slight effect on
recognition rate. But for marginal consideration, the final order of the Zernike
moments is supposed to be 15 in all other experiments.

The mean of recognition rates on the normal, carrying bag and wearing coat
for different works are shown in the table I. We compare our proposed algorithm
with the baseline algorithm [13]. Also we compare our work with MSCT&SST
algorithm [14] which is the human gait recognition using the fusion of motion
and static spatio-temporal templates. GEI [4] and GEnI [15] are the state-of-
the-art methods in recent years. KPCA algorithm [16] is based on the mean
gait energy image (MGEI) which utilizes kernel principle component analysis
(KPCA) for capturing high-order statistics which are particularly important for
MGEI structure. Also in recent work, PCA algorithm was carried out to com-
parison between KPCA and single PCA. Another PCA based method which
is called Fuzzy PCA (FPCA), as described in section 1, is compared with our
proposed method. In the table, Rank 1 is the correctness of subjects which
is placed at top in the rank list and, in the similar manner, Rank 5 indicates
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Table 1. Recognition rates of our proposed algorithm and some of the other related
works

Algorithms
Performance
Rank1 Rank5

Baseline 73% 88%
GEnI [15] 70.6% -

TM 60.7% -
GEI [4] 90% 94%

PCA [16] 80.6% -
KPCA [16] 87% -

MSCT&SST [14] 80% 92%
FPCA [7] 89.7% -

RTMGEI-Zer (Our Method) 91.79% 97.08%

the percentage of the correct subjects appearing in any of the first five places
of the output rank list. Results show that our method outperforms the other
algorithms.

4 Conclusions

In this paper, we proposed a new gait representation called RTMGEI, which ex-
tract the dynamic and static characteristics of gait sequences. RTMGEI can be
extracted from incomplete sequences and has better noise characteristics over
the other gait representations. It is because of summation property of Radon
Transform. Also we use Zernike moments to extract feature vectors. Due to
orthogonal properties of Zernike basis functions, individual coefficients in fea-
ture vector have minimum redundancy. Finally, Euclidean Minimum distance
is used to compare the probe feature vector with the stored feature vectors in
the Gallery. Measuring the time needed to accomplish the recognition process,
determines our proposed algorithm has the capability of implementing in the
real-time identification systems.

The algorithm is evaluated on the CASIA gait database. Our results show
significantly better performance compared to the other mentioned methods and
our algorithm outperforms recent works.
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Abstract. This paper presents a new method for segmentation of images into
regions and for boundary extraction that reflect objects present in the image
scene. The unified framework for image processing uses a grid structure de-
fined on the set of pixels from an image. We propose a segmentation algorithm
based on hypergraph structure which produces a maximum spanning tree of a
visual hypergraph constructed on the grid structure, and we consider the HCL
(Hue-Chroma-Luminance) color space representation. Our technique has a time
complexity lower than the methods from the specialized literature, and the exper-
imental results on the Berkeley color image database show that the performance
of the method is robust.

1 Introduction

The problem of image segmentation remains a great challenge for computer vision. Im-
age segmentation techniques can be distinguished into two groups: region-based, and
contour-based approaches. These two approaches need not to be different one from
other, because boundary of regions can be defined to be contours. If one enforces clo-
sure in a contour-based framework [1], then can obtain regions having as boundary the
detected closed contours. Conversely if one can obtain regions from an image, then the
closed contours of the extracted regions can be determined. The method proposed in
the article uses new techniques that leads to simpler and more efficient segmentation
algorithms; we propose a low-level method for color image segmentation. The segmen-
tation task implements a region based segmentation method that captures both certain
perceptually important local and non-local image features. The detected visual objects
are then analyzed by the boundary extraction task, which implements a faster algorithm
for object boundaries detection. The proposed feature-based segmentation method uses
a hypergraph constructed on a hexagonal structure containing half of the image pixels
in order to determine the maximum spanning tree for each connected component repre-
senting a visual object. In [2] was presented an overview of a hypergraph-based image
representation that considered Image Adaptive Neighborhood Hypergraph (IANH)
model. The proposed segmentation method is original and uses a virtual graph structure
constructed on the image pixels in order to determine the regions from the image and
the syntactic features which can give the signature of each region. Our segmentation
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method, unlike other methods that rely on detecting boundaries between regions, re-
turns a set of closed contours that are accurate polygonal approximation of simple or
compound objects. Thus the image segmentation is treated as a hypergraph partition-
ing problem. The predicate for determining the set of nodes of connected components
is based on two important features: the color distance and syntactic features [3], that
are geometric properties of regions and their spatial configurations.The rest of the pa-
per is organized as follows. Section 2 presents the color characteristics and hexagonal
structure of an image. Section 3 describes our proposed method for hypergraph-based
image segmentation and the proposed method for extracting visual object boundaries.
Section 4 gives our experimental results and Section 5 concludes the paper.

1.1 Related Work

In this section we consider some of the related work that is most relevant to our ap-
proach. The segmentation process of a 2D image can be seen as three major phases[4]:
preprocessing phase, feature extraction phase and decision phase. In the preprocessing
phase it is removed from the image the information that is undesired for the given do-
main. The feature extraction phase provides the pixel features such as color and texture,
extracted from the preprocessed image. In the final phase, the decision phase, the image
is segmented into regions by partitioning the feature space. Segmentation algorithms
for 2D images may be divided first into homogeneity-based and boundary-based meth-
ods [5]. Most graph-based segmentation methods attempt to search a certain structures
in the associated edge weighted graph constructed on the image pixels, such as mini-
mum spanning tree [6], or minimum cut [7]. The major concept used in graph-based
clustering algorithms is the concept of homogeneity of regions. For color segmenta-
tion algorithms the homogeneity of regions is color-based, and thus the edge weights
are based on color distance. Early graph-based methods use fixed thresholds and local
measures in finding a segmentation. The method [6] uses an adaptive criterion that de-
pends on local properties rather than global ones. The methods based on minimum cuts
in a graph are designed to minimize the similarity between pixels that are being split [7].
In [3] a source of additional information denoted by the term of syntactic features is pre-
sented, which represent geometric properties of regions and their spatial configurations.
Examples of such features include homogeneity, compactness, regularity, inclusion or
symmetry. The IANH model is extended in [8] with weight hyperedges and is ap-
plied a multilevel hypergraph partitioning technique for segmentation image. Another
method using hypergraph structure for image segmentation is presented in [9], where
it is proposed a machine learning algorithm for determination of hypergraphs based on
seeds-pixels.

2 Color Features and Hexagonal Structure of an Image

The methods which analyze the distribution of the pixel colors in a color space consider
that each pixel is represented by a color point with three values. We propose a color
image segmentation approach by pixel clustering in a HCL color space. In the first
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step we determine the color components corresponding to the HCL color space start-
ing from the RGB color space. There are different algorithms to compute the HCL
components; the algorithm used is [10]. In the second step, which corresponds to the
pre-processing phase, we add the filters for removing the image noise and consuming
less computational time in the segmentation image phase.

2.1 The Hexagonal Grid-Graph Structure

Our technique is based on a new representation of pixels that are integrated into a vir-
tual graph. We use a flexible hexagonal structure as a grid-graph on the image pixels,
as presented in Figure 1. The vertices of the hexagonal structure cover half of the pixels
from the image. For each hexagon h in this structure there are 6-hexagons, neighbors
in a 6-connected sense, and the determination of the indexes for hexagons neighbors,
having as input the index of current hexagon is simple. We defined on this structure the
two colors list of pixels: L1 and L2 corresponding to the color of pixels which belong to
structure and to the color of complementary pixels which belong to the image, but not
belong to the hexagonal grid [11]. The main goal of the structure with hexagons instead

Fig. 1. The hexagonal structure of virtual graph on the image pixels

of pixels as the primitive element is the reduction of the running time for the segmen-
tation algorithms. The grid of hexagons is stored such as a linear vector of numbers
[1 . . . N ], where N is the total number of hexagons. The 6 − HCL colors associated
with an hexagon are used for determining the structure of the hypergraph which repre-
sents an image as in 3.1. The mapping of the pixels network on the hexagons network
is immediately and it is not time consuming. For an image we have defined the column
number of the hexagon grid , columnNb, as (imageWitdh - imageWitdh mod 4) /
2. In order to determine the distance between two neighboring hexagons, we use the
following color distance formula [10]:

DHCL =
√

2× (L1 − L2)2 + ACH × (C2
1 + C2

2 − 2C1C2cos(H1 −H2) (1)

where the value for ACH is (H1 − H2) + 0.16. If the distance is less than a thresh-
old then the current neighbor hexagon is added to the current region of hexagons. The
threshold value is determined for each image in the pre-processing task as average be-
tween sMedDist, the mean value of the distances and devDist, the standard deviation
of the distances.
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3 HyperGraph-Based Image Segmentation

The proposed segmentation method produces a proper segmentation of pixels which
are mapped on the hexagon network according to the definition of distance in HCL
color space. In the subsection 3.2 we describe the algorithm for determination of the
color regions. The dimension of the color regions list is given by the number of distinct
colors which are founded in the image in accordance with the distance computed with
formula 1 and with the threshold. Elements from the color list are members of one
or more elements corresponding to the regions with the same color but distinct in the
image space. For each sub elements we stored the attachment list of hexagons and the
last hexagon of this list, which is a hexagon from the contour of the region because we
cross the hexagon network from the center of the region to the border of the region.

3.1 Hypergraph Construction Algorithm

A hypergraph is defined as pair HG = (V ;E), where V = v1, v2 . . . vn is the set of
vertices and E = E1, E2 . . . Em, with Ei included in V for i = 1 . . . m, is the set of hy-
peredges. If G(V ; E) is a graph then the hypergraph having the vertices of G as vertices
and the neighborhood of these vertices as hyperedges is called the neighborhood hyper-
graph of graph G [8]. Initially, we worked on modeling of image as an hypergraph,
taking into account the color distance on the hexagonal-grid. We use two strategies:
the local information represented as color distance between two neighboring hexagons
and the global information represented as color distance between hexagon which is the
center of the current hyperedge and the current hexagon. In the initial phase for each
hexagon we have an hyperedge which can connect it with 0 . . . 6 neighboring hexagons.
The decision to add an edge formed by two neighboring hexagons to an hyperedge is
made using the algorithm 1. In Figure 2 there is presented an example of hypergraph
representation for an area of an image, obtained by applying the algorithm 1. By using
as processing unit element a hexagon, any two neighboring elements have in common
two vertexes (an edge). Thus, the color distance between two hexagons is given by the
color weight of the common edge.

Fig. 2. An example of hypergraph representation
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Algorithm 1. Procedure createHyperedge
Input: The index of an hexagon indexh

The column number of the hexagon grid-graph columnNb
The two list of color pixels: L1 = {p1, . . . , p6n}, L2 = {pc

1, . . . , p
c
6n}

Output: The hyperedge corresponding to the hexagon indexh

1 * init hyperEdge and determine the neighbors hexagon for hexagon indexh;
2 for k ← 1 to 6 do
3 * compute the color distance between first pixel of current hexagon and

neighborHexagon[k];
4 if * color Distance <= threshold distance then
5 * add edge [indexh,neighborHexagon[k]] to hyperEdge;
6 end
7 end

The algorithm 1 create an hyperedge for each hexagon from the initial grid. For
this goal are determined the neighbors hexagon and are computed the color distances
using the formula 1. If the condition is satisfied the edge create by the hexagon and
the neighbor hexagon are added to the hyperedge. This procedure transform the initial
hexagonal-grid in the hypergraph-hexagonal grid as a representation of an image.

3.2 Segmentation Algorithm

In this subsection there is presented the algorithm 2 for determining the regions of the
image. The output of this algorithm is a composed list corresponding to the region
colors from the image.

Algorithm 2. Procedure HyperSegmentation
Input: The total number of hexagons from hexagonal grid n
The hypergraph representation for an image (HG), obtained with algorithm 1
Output: A compose list with the hexagons of regions

C = {{c1}, . . . , {ck}}, ci = {color, {r1, . . . , rp}}
1 * initialize the HGStack ;
2 * get indexH as index of the first unmarked hexagon
3 while * exist unmarked hexagon do
4 * mark as visited the hexagon indexH and push in HGStack the hyperedge

corresponding to hexagon indexH ;
5 while !empty(HGStack) do
6 * pop an hyperedge from HGStack
7 * the current hexagon is the first hexagon of the current hyperedge
8 * add the current hexagon to current region and mark hexagon
9 * push in HGStack the next unmarked hexagon of the current hyperedge

10 end
11 * add region to the list and get indexH as index of unmarked hexagon
12 end
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The procedure HyperSegmentation returns a composed list; the elements of com-
posed list are determined for each distinct color from the input image as a list of regions
that contains hexagons which have the same dominant color. The current region is an
instance of the class ColorRegion and represents the data structure corresponding to
an item from the output list. The attributes of the class ColorRegion are: the color
of the region and the list of hexagons which have the same color. The current hyper-
edge is represented as a data structure which stores the index of the current hyperedge
(managed by the stack), the attribute visit used to process once an hyperedge of the
hypergraph.

Proposition 1: The running time of the procedure HyperSegmentation is O(n2),
where n is the number of the grid-graph of hexagons.

Proof: In the exterior WHILE loop it is considered each hexagon from the hexagonal
grid structure represented by the list with length n. In the interior WHILE loop it is
considered each hyperedge from the hypergraph hexagonal grid which are n elements.
The running time of the entire algorithm is therefore O(n2).

3.3 Boundary Extraction of Visual Objects

In this section we present the method for extraction of the contours of regions. For each
object from the image we detect the closed contour which is the accurate polygonal
approximation. We choose the last added hexagon as the current hexagon and we de-
termine his neighbors with at least one neighbor from the exterior of the current region.
In this way we decide if a hexagon is a contour hexagon and add it to the contour list
regions. When the contour is closed, the algorithm ends and there will be returned the
list of hexagons which formed the contour of the current region. The procedure which
detect the contours of the regions returns the list of the hexagons from the contour of
the current region. From the construction of the list with hexagons corresponding to
the same region (the procedure HyperSegmentation), the last item from the input list
L is a hexagon from the contour (the current hexagon is initially set to hr). We deter-
mined all the neighbors hexagons of the current hexagon which belongs to the list L
and determined for each neighbor hexagon if is a hexagon from contour.

4 Experiments

We tested our method for image segmentation on a Berkeley Segmentation Dataset
color image database (BSDB). For evaluating the performance of the our segmentation
method we used two quality measures: precision and recall which give us the fraction
of detections that are true positives rather than false positives and respectively the frac-
tion of true positives that are detected rather than missed. We include for comparison
the segmentation results obtained with other two alternative segmentation algorithms:
Mean-Shift [12] and Local Variation [6]. In Figure 3 there are shown examples of seg-
mentation images from BSDB. The evaluation of the proposed segmentation method
is performed with precision-recall metric [13]. We implemented our precision-recall
framework based on the contours of the visual objects. For combining the quantities of
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Fig. 3. Examples of images segmented. From left to right: Human segmentation, Our segmenta-
tion, Mean-Shift segmentation and Local Variation segmentation.

Fig. 4. Precision-Recall Curve and F-Value Maximal

Precision (P ) and Recall (R) in a single quality measure, we used the harmonic mean
function F . The maximal value of function F gives us the performance of segmentation
on a set of images. We use for evaluation the test set of 100 images and we determine
the average values for P and R for the test set of images. Because the other evaluated
methods are parameterized we use 15 different values for parameters as follows: for
Local Variation we tested the input parameter k within [100; 1500] and Mean-Shift
algorithm has two main parameters: the spatial bandwidth [1; 15], and the range band-
width [10; 25]. We obtained a representation in the Precision − Recall diagram for
each method and we retained one point (P ;R) which represents the best F −measure.
In Figure 4 it is shown the Precision − Recall curves of the segmentation method
and maximal F − value 0.756 (diamond point) obtained using flexible hexagonal grid-
graph structure. The values obtained for the human segmentations which are provided
with the BSDB image dataset are represented by the top right curve.

5 Conclusions

In this paper we presented a method for image segmentation and extraction of the con-
tours for regions. The novelty of our contribution concerns three aspects: (a) In order
to minimize the running time we construct a hexagonal structure based on the image
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pixels and we use as data structure, an hypergraph structure; (b) We proposed an effi-
cient method for segmentation of color images based on color distance and hypergraph
partitioning algorithm; (c) We developed a fast method for extracting the contour of the
detected regions, which will be used in the shape recognition phase. The experiments
showed that the segmentation can be yielded with good results regardless of the area of
the images that come.
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Abstract. The study of biology and population dynamics of fish species
requires the estimation of fecundity parameters in individual fish in many
fisheries laboratories. The traditional procedure used in fisheries research
is to classify and count the oocytes manually on a subsample of known
weight of the ovary, and to measure few oocytes under a binocular mi-
croscope. With an adequate interactive tool, this process might be done
on a computer. However, in both cases the task is very time consuming,
with the obvious consequence that fecundity studies are not conducted
routinely. In this work we develop a computer vision system for the clas-
sification of oocytes using texture features in histological images. The
system is structured in three stages: 1) extraction of the oocyte from the
original image; 2) calculation of a texture feature vector for each oocyte;
and 3) classification of the oocytes using this feature vector. A statistical
evaluation of the proposed system is presented and discussed.

Keywords: Image analysis, Texture classification, Fish oocyte, Statis-
tical classifiers, Classification trees, Neural networks.

1 Introduction

The description of the reproductive strategies and the assessment of fecundity
are fundamental topics in the study of biology and population dynamics of fish
species. Studies about reproduction, including aspects such as fecundity, assess-
ment of size at maturity, duration of the reproductive season, daily spawning
behavior and spawning fraction, allow a quantification of the reproductive ca-
pacity of an individual fish [1]. This information increases the knowledge that
fisheries researchers need in order to improve the standard assessments of many
commercially valuable fish species. To estimate fish female fecundity, researchers
need to count the number of oocytes (i.e., ovarian cells precursors of the ovules)
that are developing during the breeding season.

Researchers in this field use stereological techniques [2] on histological sec-
tions to estimate fecundity and other reproductive parameters. Figure 1 (upper
panels) shows histological sections of fish ovary including several oocytes. The
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c© Springer-Verlag Berlin Heidelberg 2011



404 E. González-Rufino et al.

Fig. 1. Upper panels: typical histological images of a fish ovary. Dotted line: with
nucleus (WN); continuous line: without nucleus (WON). Black: alveoli corticales (AC);
blue: hydrated (HID); red: vitelline (V); green: atresic (AT). Lower panels: Digital
images of oocytes. Left: oocyte. Center: maximum rectangle of oocyte (389×292 pixels).
Right: result of applying the Mirror Expand Method (size 512 × 512 pixels).

most usual method to count the oocytes is Weibel stereometry [3], which re-
quires a classification of the oocytes depending on the presence/absence of the
nucleus, and their state of development (“alveoli corticales”, “hydrated” and
“vitelline/atresic”).

We developed a computer vision system that automatically classifies oocytes
in histological images and runs on-line. The paper is organized as follows: sec-
tion 2 describes the image acquisition process and the proposed methods for
the different stages of the system, and Section 3 discusses the statistical results
achieved so far. Finally, Section 4 draws the conclusions.

2 Methods

The image acquisition process uses standard histological procedures to section
the ovaries. The sections are stained with Haematoxylin–Eosin and captured
with a LEICA R© DRE research microscope with a total magnification of 6.3 and
a calibration of 0.547619 microns per pixel. A LEICA R© DFC320 digital camera,
directly connected to the microscope, combined with the LEICA IM50 c© is used
to digitalize the images. The camera resolution is 3.3 megapixels (2088× 1550
pixels), using square pixels of 3.45 μm. The exposure time and color balance are
set automatically.



Texture Features for Fish Oocytes Classification 405

Our computer system is composed of three stages: 1) extraction of the oocyte
from the image; 2) calculation of a texture feature vector for each oocyte; and 3)
classification of the oocytes using this feature vector. We studied and evaluated
the automatic detection of oocytes in previous works [4]. In this paper, our
objective is to evaluate the capability of several texture features combined with
well-known classifiers to determine the class of each oocyte (“with nucleus” and
“without nucleus”) and its state of development (“alveoli corticales”, “hydrated”
and “vitelline/atresic”). Since the oocyte contour detected by the computer are
still not exact, we used the true contours annotated by the human experts in
order to compute texture features without precision loss or error accumulation.
We computed all the texture features over square regions (whose side is a power
of 2) in the image, in order to allow the comparison with some of them, which
required such a square region. So, our region of interest (ROI) extractor selects a
square region in the true oocyte contour. In the following subsections we describe
the ROI extractor, the texture features and the classifiers used.

2.1 Square ROI Extraction

First, we extract the maximum rectangle contained in the oocyte using the Van-
devoorde’s maximum rectangle algorithm [5], whose computational complexity
is linear in the number of pixels of the image. Once we have a rectangular im-
age, there are several methods available to extract a square region: crop, mirror
expand and black. The latter two expand the image to be the nearest power
of two square above the actual size, filling the square with black pixels (black)
or with a mirror copy of their neighbors (mirror expand). The image to be the
nearest power of two square below the actual size is kept in the crop method. We
did not consider the black method because it introduces many artefacts in the
image. The crop was also discarded because it can not be applied to the smallest
oocytes. The lower panels of figure 1 shows an example of the extraction process
of an oocyte with the mirror expand method.

2.2 Texture Feature Generation

We use some of the most popular texture features proposed in the literature
([6,7]). First Order Statistics (FOS) provide information of the grey level
distribution in the image. Let x be the random variable representing the grey
levels in the region of interest, P (x) be its histogram and Ng be the possi-
ble number of grey levels. We define the following first-order statistics: a) mo-
ments (mi =

∑Ng−1
x=0 xiP (x), i = 1, 2), b) central moments (μi =

∑Ng−1
x=0 (x −

m1)iP (x), i = 2, 3, 4), where m1 is the mean grey level of the region, c) absolute
central moments (μ̂i = E[|(x − E[x])|i], i = 2, 3, 4) and d) entropy (H).

Second order statistics provide information about the relative positions of the
grey levels within the image: 1) Haralick Coefficients (HC): the Grey Level
Co–occurrence Matrix (GLCM) of the image encode the repeated occurrence of
some grey-level configuration separated by a distance d and direction α. This
matrix could be used as a texture–feature vector. However, it is common to use
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the following derived features from the matrix: energy, entropy, correlation, in-
verse difference moment, inertia, cluster shade and cluster prominence. 2) Grey
Level Run Length Statistics (GLRLS): a set of consecutive pixels in the
image having the same grey level value is called grey level run. The length of
the run is the number of pixels in the run. So, a run length matrix results from
which the following features are derived: short run emphasis, long run emphasis,
grey level non-uniformity, run length non-uniformity and run percentage. 3) The
Neighboring Grey Level Dependence Statistics (NGLDS) consider the
relationship between an element and all its neighboring elements at one time. It
is based on the calculation of a grey level spatial dependence matrix of an im-
age. The usual numerical measures calculated from this matrix are: small number
emphasis, large number emphasis, number non-uniformity, second moment and
entropy. The common value for distance to neighbors is 1 and for the difference
of grey levels is 0.

Wavelet transform is used for multiscale filtering providing information
about the image contained in the time-frequency domain. The application of the
discrete wavelet transform and variants thereof for texture identification have
received considerable attention in the literature. Wavelet packets are a general-
ization of orthonormal and compactly supported wavelets. For two-dimensional
images, the basic function can be expressed as the tensor product of two one-
dimensional basis functions in the horizontal and vertical directions, with cor-
responding 2-D filter coefficients that represent low-pass and high-pass filtering
effects in the x and y direction, respectively. Daubechies wavelet are orthonor-
mal, regular wavelets with compact support and they are therefore suitable for
analysis of signals with finite support, particularly for image analysis. The or-
thogonality condition ensures that the representations of the signals at different
levels of decomposition are uncorrelated. The regularity condition provides a
sufficient decay of the mother wavelet in the frequency domain which makes it
continuous in the spatial domain. We computed the energy (E), entropy (H),
variance (μ2), 3rd (μ3), and 4th (μ4) statistical moments for the decomposed
wavelet packets, using the libwavelet 1 (version 1.3.1) with Daubechies-8 filter.

2.3 Classification

When the texture features are computed, the classification stage assigns each
query case to a pre-established class and state. We consider two classes—oocytes
“with nucleus” (WN) and “without nucleus” (WON)—and three states of de-
velopment—“alveoli corticales” (AC), “hydrated” (HID) and “vitelline /atresic”
(V/AT). Both, classes and states, are labelled by expert biologists. For both clas-
sifications we tried classifiers belonging to three Machine Learning paradigms:
1) Statistical classifiers: K-Nearest Neighbors (KNN) [8], which assigns a
test pattern to the most voted class among its nearest neighbors in the train-
ing set. We used the R (version 2.7.1) implementation of KNN (package class)
with the Euclidean distance, tuning the number of neighbors with values in the

1 http://sourceforge.net/projects/wavelet/
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range 1:20. 2) Tree-based classifiers: Adaboost [9] of classification trees. Ad-
aboost is a meta-algorithm which creates an ensemble of base classifiers which
focuses on the most difficult patterns. Initially, the whole training set is used
for the first classifier, and for each step a new classifier is added, trained with
a set where the patterns missclassified at the previous step are more proba-
ble. We used the R implementation (function adaboost.M1, package adabag).
3) Connectionist classifiers: Support Vector Machine (SVM) and Multi-
Layer Perceptron (MLP). The SVM [10] is based on the Statistical Learning
Theory, and it trains efficiently a linear classifier in the high-dimensional hid-
den (or feature) space, using a kernel mapping to achieve linear separability in
the hidden space. We used the LibSVM2 (version 2.84) library with Gaussian
kernels, tuning the regularization parameter (C) and the kernel spread in the
ranges {2n, n = −5, . . . , 14} and {2n, n = −15, . . . , 0} respectively. The MLP is
a classical feed-forward neural network trained with the Back-propagation al-
gorithm [8]. We used the MLP implementation provided by R (package nnet),
tuning the number of hidden neurons with values in the set {3, 5, 7, 9, 12, 15}.

3 Results and Discussion

Our system was tested to classify oocytes in two classes (with and without
nucleus) and three states of development (“alveoli corticales”, “hydrated” and
“vitelline/atresic”) using 20 histological images with a total of 533 oocytes. We
extracted the square ROI (Section 2.1) considering the mirror expand method,
and we calculated the texture features (Section 2.2) for all the oocytes. Fea-
tures were grouped in two vectors: 1) statistical features (FOS, HC, GLRLS and
NGLDS); and 2) wavelet features, including the five statistics (E, H, μ2, μ3 and
μ4) calculated over the three decomposed wavelet packets.

We randomly generated 10 sets of patterns (given by permutations of the
patterns) for training, validation and test including 50%, 25%, and 25% of the
available patterns (267, 133 and 133 patterns, respectively). Each classifier (Sec-
tion 2.3) was trained on the 10 training sets, and its tuning parameters were
selected to maximize the average classification accuracy over the 10 validation
sets. Finally, the average performance of each classifier with its best parameter
values was evaluated on the 10 test sets (two upper rows in table 1).

In both classifications (classes and states) the statistical features show higher
discrimination capability than wavelet features, providing the best results for
all classifiers, with an average difference of 6%±2.4 for classes and 2%±0.7 for
states. In the discrimination between classes (WN and WON) SVM achieves
75.6% of accuracy, followed by KNN (74.6%) and MLP (74.5%). We must take
into account the class WON has 63.97% of the patterns, so the base accuracy
is 63.97% when all the patterns are assigned to WON. Therefore, although the
four approaches seem to achieve similar accuracies, relatively small differences in
the average accuracy may lead to high differences in the class sensitivities. For
instance, SVM (75.6% accuracy) achieves high sensitivities (80.3% and 72.6%
2 http://www.csie.ntu.edu.tw/~cjlin/libsvm
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Table 1. Two upper rows: average test accuracy (in %) achieved by KNN, Adaboost of
classification trees, SVM and MLP using statistical and wavelet features. Lower rows:
results using feature subsets. The results better than with the whole feature set are in
bold. N is the number of features.

Classes States
N KNN Adaboost SVM MLP KNN Adaboost SVM MLP

Statistical 26 74.6 73.4 75.6 74.5 85.3 88.5 85.9 83.9
Wavelet 60 68.1 70.3 67.1 66.6 82.8 85.9 84.1 82.8

Statistical FOS 9 67.8 66.6 65.1 63.0 80.5 84.2 79.4 83.3
HC 7 73.5 68.9 62.9 74.1 81.7 78.1 59.6 82.0
GLRLS 5 77.3 71.6 62.9 78.3 82.6 75.6 50.0 81.1
NGLDS 5 74.3 72.9 60.1 74.9 81.8 81.7 64.8 83.5

Wavelet E 12 64.7 67.9 60.1 60.5 79.2 81.3 66.2 78.3
H 12 60.8 64.7 60.1 58.6 75.3 82.2 64.1 68.9
µ2 12 67.6 68.8 57.7 62.2 77.8 81.4 64.9 77.9
µ3 12 64.4 66.1 59.5 59.9 77.8 79.9 67.1 73.5
µ4 12 63.2 68.4 56.5 60.5 78.5 80.5 65.9 77.0
Level 1 20 62.5 68.7 62.6 59.8 75.9 84.6 78.7 75.9
Level 2 20 65.9 65.9 58.1 62.6 77.2 83.7 74.6 74.8
Level 3 20 66.1 70.8 62.3 63.3 82.9 86.4 76.2 82.1

for WN and WON respectively), so that the discrimination is quite reliable. On
the contrary, KNN (74.6% accuracy) achieves much lower sensitivities (61.2%
for WN and 82.3% for WON), being less reliable than SVM. The same happens
with the other classifiers.

In the discrimination among states of development (AC, HID and V/AT), Ad-
aboost achieves 88.5% of accuracy, followed by SVM (85.9%) and KNN (85.3%).
The state V/AT has 71.1% of the patterns, and the state HID has only 8.44%,
so that relatively high accuracies may give low sensitivities. Adaboost achieves
sensitivities above 80% for the three states (83.8% for AC, 81.9% for HID and
90.3% for V/AT), while SVM achieves low sensitivity (66.8%) for class AC, with
better values for HID and V/AT (80.4% and 92.5% respectively). Thus, the rel-
atively low difference between the accuracies of Adaboost and SVM has a big
impact in the state sensitivities.

Table 2 reports the average confusion matrices (in %) over the 10 permuta-
tions achieved by SVM for classes and Adaboost for states using the statistical
features. The items in this matrices represent the percentage of correct and in-
correct classification of the expected class (true class, in rows) in relation to the
observed class (class provided by the classifier, in columns). The classification is
more reliable for WN (sensitivity 80.3%) than for WON (72.6%). With states,
the sensitivities are higher: 83.8% for AC, 81.9% for HID and 90.3% for V/AT.
Only 16% of AC patterns are misclassified as V/AT, and 7% of V/AT patterns
are assigned to AC. The overlapping between HID and V/AT is lower (2% and
18%), and states AC and HID are discriminated very well (0.6% and 0%).
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Table 2. Average (in %) confusion matrices of SVM for classes—with nucleus
(WN) and without nucleus (WON)—and Adaboost for states of development—
vitelline/atresic (V/AT), hydrated (HID) and alveoli corticales (AC)—both using sta-
tistical features

SVM WN WON Adaboost AC HID V/AT

WN 29.8 7.3 AC 14.5 0.1 2.7
WON 17.1 45.5 HID 0.0 5.9 1.3

V/AT 5.4 1.9 68.2

For a deeper analysis, and in order to reduce the number of features required,
we applied the classifiers to texture features subsets (lower rows in table 1 above).
We divided the statistical textures feature in four subsets: First–Order Statistics
(FOS), Haralick coefficients (HC), Grey Level Run Length Statistics (GLRLS)
and Neighboring Grey Level Dependence Statistics (NGLDS). With wavelet tex-
ture features, we developed an analysis considering each feature (E, H, μ2, μ3

and μ4) over all the decomposed wavelet packets and all the statistics over each
decomposed wavelet packet (Levels 1, 2 and 3). Usually, the results achieved
with subsets are slightly worse than the results corresponding to whole feature
sets. However, there are two exceptions in the class discrimination: MLP achieves
78.3%, and KNN 77.3%, both using the GLRLS subset (SVM achieved 75.6%
using the whole feature set). Thus, GLRLS (with only 5 features) provides bet-
ter results than the whole set (26 features), with sensitivities (74.6% and 80.4%
for MLP and classes WN and WON respectively) similar or better than SVM
(80.3% and 72.6%) using the whole set.

The good results of statistical features compared to wavelet features, both for
class and state discrimination, is relevant. In fact, in the previous experiments
we computed the statistical features over square regions in order to allow this
comparison. Therefore, we developed additional experiments with the same clas-
sifiers using some statistical features (specifically, the Haralick coefficients) over
the true oocyte, which is an irregular region. With classes, we achieved 72.3%
accuracy using SVM (worse than SVM using statistical features in a square re-
gion, 75.6%), but with low sensitivities (43.7% and 86.9% for WN and WON,
respectively). In the state classification, all the classifiers achieved better results
using irregular regions. Specifically, SVM achieved 90.1%, with high sensitivities
(85.1%, 84.5% and 92.4% for AC, HID and V/AT, respectively), clearly bet-
ter than Adaboost using square regions (88.5%, sensitivities 83.5%, 82.3% and
90.4%). These results suggest that the computation of statistical features over
square regions reduces the information available to classify oocytes, at least for
the discrimination among states.

4 Conclusion

In this work we test the performance of a wide set of texture features (wavelets
and statistics of first and second order) and several classifiers (KNN, Adaboost
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of classification trees, SVM and MLP) to determine the presence/absence of nu-
cleus and the state of development of fish oocytes in histological images. The
statistical textures features (26 inputs) provided better results in both classifi-
cations compared to wavelet features (60 features). The best performance was
achieved by SVM to discriminate between classes (75.6% accuracy, with sensi-
tivities between 70-80%) and by Adaboost of classification trees to discriminate
among states (88.5%, with sensitivities above 80%). We tested feature subsets,
and for the detection of nucleus in the oocyte we achieved slightly better re-
sults (78.3%) using MLP and the GLRLS subset (only 5 inputs). The use of the
true oocyte to compute the Haralick coefficients revealed better results (90%
accuracy, sensitivities above 85%) for state classification with respect to square
regions. The future work will include other ensemble classifiers for both problems
and other color and/or texture features.
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Abstract. In this paper we use the erosion and dilation operators for
characterizing 3D polygonal objects. The goal is to perform a similarity
search in a set of distinct objects. The method applies successive dilations
and erosions of the meshes in order to compute the difference volume as
a function of the size of the structuring element. Because of appropriate
pre-processing, the resulting function is invariant to translation, rotation
and mesh resolution. On a set of 32 complex objects with different mesh
resolutions, the method achieved an average ranking rate of 1.47, with
23 objects ranked first and 6 objects ranked second.

Keywords: 3D Shape similarity - volume models - manifold meshes -
mathematical morphology.

1 Introduction

Because of the increasing number of databases of 3D mesh models there is a
strong interest in methods for 3D similarity analysis [13]. Similarity analysis is a
fast way to discard many irrelevant objects from a database, i.e., before precise
object recognition must be applied by very time-consuming matching methods
because of all variations that may occur: different position (object origin), rota-
tion, size and also mesh resolution. Similarity analysis does not require precise
shape comparisions, global nor local. Instead, this approach is based on comput-
ing a feature vector (FV) of a query object and comparing its FV with all FVs
of the known objects in a database. The FVs can be obtained by a variety of
methods, from very simple ones (bounding box, area-volume ratio, eccentricity)
to very complex ones like the curvature distribution of the sliced volume, spher-
ical harmonics or 3D Fourier coefficients [8]. Mesh smoothing serves to reduce
noise, for example for decreasing the mesh size by re-triangulation of planar ar-
eas. A characteristic function based on mesh smoothing, which also eliminates
structural mesh details, has also been applied to similarity analysis [6].

The theory of mathematical morphology (MM) arose in the middle of the
1960s [7,10]. Envolving geometric analyses of shapes and textures, it became
increasingly important in 2D image processing and computer vision. Despite all
theoretical developments and generalization to 3D, most MM work is still being
applied to 2D image processing [10]. The work done in 3D is rather scarse and
mostly limited to three-dimensional surfaces. Jackway [5] developed an approach

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 411–419, 2011.
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for the recognition of 3D objects in range data through the matching of local
surfaces. Lee et al. [4] analyzed the composition of 3D particle aggregates by
processing one hemisphere of the particles.

In this paper we apply MM to similarity search of 3D polygonal objects, with
the goal of computing object signatures which could complement other multi-
scale signatures, for example those based on mesh smoothing [6]. The rest of
this paper is organized as follows: Section 2 briefly reviews the basic concepts of
mathematical morphology. Section 3 presents the proposed method and Section
4 the experimental results. We conclude with a discussion in Section 5.

2 Brief Review of Mathematical Morphology

Mathematical morphology is based on set-theoretic concepts and its main oper-
ators, erosion and dilation, can be seen as operations between two sets. In image
processing the sets are defined in R2 [10], but in general one can work in Rn

[11]. If A is a set of points p = (x1, x2, . . . , xN ) in Euclidean space R3, then the
binary set A defines the surface and interior of a 3D object. Furthermore, if B is
also a set in R3, (B)x denotes the translation of B by x and B̂ is the reflection
of B. The dilation of A by B is denoted by A⊕B and defined by

A⊕B = {x ∈ R3 | (B̂)x ∩A �= Ø}. (1)

Likewise, the erosion of A by B is denoted by A�B and defined by

A�B = {x ∈ R3 | (B)x ∈ A}. (2)

The set B is called structuring element. In this paper we will only use 3D spheres
as structuring elements. If applied to an object A, dilation will lead to a bigger
object and erosion to a smaller one, but both new objects will lack detail smaller
than the size of the sphere. Such details are also lost when the opening and closing
operators are applied, which combine dilation and erosion operators [7,9]. Finally,
boundary extraction in 2D, see [9], can be defined by

β(A) = (A⊕B)− (A�B). (3)

In 3D, the boundary β is calculated on the dilated and eroded versions of object
A where B is a sphere with radius r. In the limit case r ↓ 0, β is the surface of A
and this is related to the fractal dimension [12]. As for mesh smoothing [6], the
basic idea in this paper is to characterize 3D objects by controlled elimination of
detail. This is illustrated in 2D in Fig. 1. The left shows a triangle and a square
with the structuring element, a circle with radius r, on the corners of the original
objects. The dilated objects are bigger (only the contours are shown) and the
eroded objects (in grey) are smaller. The surface β between both as a function
of radius r is shown to the right: the two curves are linear but have different
slopes. This effect will be exploited below in the 3D case.
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Fig. 1. Left: 2D erosion and dilation of an equilateral triangle and a square. Right:
area β as a function of radius r (x axis) of the structuring element.

3 Method

There are a few important issues when applying mathematical morphology to 3D
objects. One is associated with the type of representation: voxel or mesh [2,11].
The voxel representation involves 3D arrays with, depending on the object’s res-
olution, very big dimensions, although the voxels themselves are binary: object
vs. background. An advantage is that many algorithms from mathematical mor-
phology have been developed for 2D image processing, and these can easily be
adapted to 3D. Polygonal meshes, on the other hand, have a more complex data
structure. After applying the erosion and dilation operators, the new meshes
must be determined, very close vertices can be collapsed, and self-intersecting
facets must be detected and removed. In our method we extend boundary ex-
traction (3) from 2D to 3D. Due to the fact that we use polygonal meshes we
can apply a similar solution. If Ac = 1\A is the set outside A, then

β(A) = Ac ∩ (A⊕B) + A ∩ (A� B)c (4)

is the sum of the expanded and shrunken volumes, i.e., the difference volume.
In order to limit distortions in the transformations, we iteratively apply a

sphere of which the radius r is a function of edge lenght. To avoid inconsistencies
between different mesh resolutions, we select r = L̂/20, where L̂ is an object’s
edge length with the maximum occurrence. This can be easily determined by
filling a lenght histogram with 50 equal bins from Lmin to Lmax of each object.

We use a set of 32 models, each one represented by four different mesh
resolutions. The models were selected from the AIM@SHAPE database [1].
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Fig. 2. Examples of models. Left to right: Elk, Mouse, DancingChildren, Dragon and
Eros, with increasing model resolutions.

This database contains high-definition objects which can be converted to other
mesh resolutions by means of one parameter between 9.9 (max mesh size) and
5.5 (min mesh size). The models were downloaded in PLY format and only
“watertight” ones—closed, without gaps and 2-manifold meshes—were selected.
Figure 2 shows a few examples, and Table 1 lists all objects with their mesh
resolutions: the first three resolutions are used for extracting feature vectors,
the fourth one is used as test object for similarity search. In order to obtain
invariance to translation and scale (mesh size), each model was normalized to
the unitary sphere (radius of 1.0) after the origin of the model was translated
to the center of the sphere. Rotation invariance is achieved by the fact that our
characteristic function is global to the model as proven in [14].

Because of the mesh representation, after applying the erosion and dilation
operators, (i) vertices within the neighborhood defined by the structuring ele-
ment should be merged, and (ii) self-intersecting facets must be detected and
removed. All this is done without introducing distortions and by keeping the
mesh closed, 2-manifold and without degenerated facets.

Table 1. All 32 models with their mesh resolutions, the last resolution was used in
similarity search

N Model Resolutions N Model Resolutions

1 Bimba 6.0; 8.5; 9.5; 8.0 17 Fish 6.0; 7.5; 8.0; 8.0

2 Blade 6.5; 7.5; 9.9; 8.0 18 Grayloc 6.0; 7.5; 9.9; 7.8

3 Block 5.0; 6.5; 8.0; 8.5 19 GreekSculpture 6.5; 7.0; 7.7; 8.5

4 Bunny 6.5; 7.5; 9.9; 8.0 20 Horse 6.0; 7.5; 9.9; 8.0

5 CamelA 6.0; 7.5; 9.9; 7.8 21 IsidoreHorse 6.0; 7.5; 9.9; 7.0
6 Carter 6.0; 8.5; 9.5; 7.3 22 Kitten 6.0; 7.5; 9.9; 7.3

7 Chair 6.5; 7.5; 9.9; 6.9 23 Liondog 6.0; 7.5; 9.9; 8.0

8 Cow 6.0; 6.4; 9.9; 7.1 24 Mouse 6.0; 7.5; 9.9; 7.8

9 Cow2 6.0; 7.5; 9.9; 8.9 25 Neptune 6.0; 8.0; 9.5; 7.6

10 Dancer 6.0; 7.5; 99; 7.7 26 Pulley 6.0; 7.5; 9.9; 7.0

11 DancingChildren 6.0; 7.5; 9.9; 6.8 27 Ramesses 6.0; 7.5; 9.9; 8.0

12 Dente 6.0; 7.5; 9.9; 7.0 28 Rocker 6.0; 7.5; 9.9; 7.1

13 Dragon 6.0; 8.0; 9.5; 7.7 29 Screwdriver 6.0; 7.5; 9.9; 7.0

14 Duck 6.0; 7.5; 9.9; 6.7 30 Squirrel 6.0; 7.5; 9.9; 7.2

15 Elk 6.0; 7.5; 9.9; 7.9 31 Torso 6.0; 7.5; 9.9; 7.7

16 Eros 6.0; 7.5; 9.9; 6.5 32 Vaselion 6.0; 7.5; 9.9; 8.0
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Fig. 3. Left: merging neighboring vertices, before (top) and after (bottom). Right:
triangles at vertex A will self-intersect during erosions; those at B during dilations.

Dilations are obtained by displacing all vertices a distance r (the radius) in
the direction of the normal vector. Since normal vectors always point outside,
this is −r in the case of erosions. Both operators are applied in two distinct
steps. The first one is intented to acquire the volumes of the objects after the
erosion/dilation process. Each operator is repeatedly applied until the first self-
intersection occurs. In this step we do not remove any element of the mesh,
vertex nor facet. In the second step we use the dilated (biggest) and the eroded
(smallest) objects, generated in the first step, as a new starting point. The oper-
ators are repeatedly applied to the corresponding object: erosion to the smallest
and dilation to the biggest object. After each erosion/dilation, we search the
mesh for vertices that have a neighbor vertex in their vicinity, i.e., in the sphere
with radius r centered at the vertex being processed, Vp. If there is a candidate
vertex, Vc, it must be connected to Vp by at most 3 edges but it may not possess
a direct edge to Vp. These restrictions must be satisfied in order to keep the mesh
2-manifold. The search for the vertices with the shortest path from Vp to Vc is
done by using Dijkstra’s algorithm. Vertices Vp and Vc are merged by removing
all edges and vertices, which causes a gap in the mesh, and then by inserting a
new vertex, Vf , with coordinates equal to the average of the removed vertices.
In the last step Vf is connected to the vertices forming the gap; see Fig. 3 (left).
The elimination of self-intersecting facets is also necessary in situations where
the nearest vertex is outside the vicinity sphere, the structuring element. Figure 3
(right) shows two situations which both lead to a self-intersection. Elimination
is done using the TransforMesh Library [15], i.e., the method ensureEdgeSizes
with the flags fixDegeneracy=Yes and smoothing=No.

4 Results

Applying a sphere as structuring element to all vertices leads to a smaller object
in case of erosion and a bigger object in case of dilation. In the case of the Horse
model, repeated erosion will cause discontinuity of the legs. The processed Horse
models as shown in Fig. 4 (left) were obtained using r = 0.0170 in erosion and
r = 0.0259 in dilation at model resolution 7.5. The small stumps, shown in red
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Fig. 4. Left to right: Horse (res. 7.5) after erosion and dilation, Bunny and Bunny iH

Fig. 5. Difference volume of Horse model as a function of radius r. Mesh resolution
7.5 (left) and average difference function of resolutions 6.0, 7.5 and 9.9 (right).

and created by erosion, were deleted and their volumes were excluded from the
computation of the Horse’s volume. The same procedure was applied to the other
models.

For each model resolution, the difference volume defined as dilated volume
minus eroded volume according to Eq. (4), yields an approximately linear func-
tion of the radius of the structuring element, see Fig. 5. After least-squares line
fitting by Ar + B, the slope coefficient A reflects the complexity of the surface
of the object. The coefficient B also reflects the complexity, but with emphasis
on the capacity of the object to be eroded and dilated without self-intersections,
i.e., the first step (i) of the two-step process as described in Section 3. The entire
procedure can be summarized as follows. First, in feature extraction, a model is
eroded and dilated until the first self-intersection occurs, in the eroded model
and the dilated one separately. From these two modified models we compute the
difference volume Vi at each mesh resolution i as listed in Table 1, from which
the average difference volume V is computed.

Then, for each mesh resolution, both models are further eroded and dilated
and the difference volumes as a function of total sphere radius r are computed.
From these functions the line parameters A and B are determined by linear
regression. Again, these parameters are averaged over the first three mesh reso-
lutions as given in Table 1.

The same parameters are computed in the case of the fourth mesh resolu-
tion given in Table 1. Finally, the parameters of the fourth mesh resolution of
each model are compared with the averaged parameters of the first three mesh
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resolutions of all models, and the models are ranked using the Euclidean distance
of the vectors (A, B, V ). Table 2 lists the first six ranking positions with increas-
ing Euclidean distance. The six ranking positions are due to object number 13
(Dragon), which gave the worst result (see below). An additional test involved
a modified object named “Bunny iH”, see Fig. 4 (right), which was not part of
the dataset. Bunny iH was correctly ranked first as Bunny, object number 4.

If Ri is the correct ranking position of object i, which is shown boldfaced in
Table 2, then the average ranking rate is R̄ = 1

32

∑32
i=1 Ri. Our results are sum-

marized by R̄ = 1.47, with a root-mean-square (RMS) error of 0.973. Although
the distribution is asymmetric, this means that most objects were ranked first
or second. Indeed, in Table 2 we can see that 23 objects of all 32 were ranked
first, 6 objects second and only 2 third. Object number 13 (Dragon) was an
exception: Fig. 2 shows the ranked models in the Dragon query. The dataset
tested is too small to compute advanced performance measures as used in the
SHREC contest, but our correct recognition rate of 23/32 = 0.72 is at the top
of the range between 0.45 and 0.70 achieved in the 2010 contest [3].

Table 2. Results

N Test model Ranking N Test model Ranking

1 Blade 1-4-12-22-28-13 17 Fish 27-17-2-18-9-31
2 Bimba 2-27-18-17-9-21 18 Grayloc 26-6-18-3-14-23

3 Block 3-14-23-32-30-11 19 GreekSculpture 19-8-20-7-31-9

4 Bunny 1-4-22-12-28-13 20 Horse 20-7-19-25-5-29

5 CamelA 5-25-29-7-20-19 21 IsidoreHorse 21-2-27-18-17-9

6 Carter 26-6-18-3-14-23 22 Kitten 22-4-1-12-28-13

7 Chair 7-20-25-5-29-19 23 Liondog 14-3-23-32-30-16

8 Cow 31-8-9-17-18-27 24 Mouse 16-24-15-13-11-30

9 Cow2 9-17-31-18-27-8 25 Neptune 25-5-29-7-20-19

10 Dancer 10-29-5-25-7-20 26 Pulley 26-6-18-3-14-23

11 DancingChildren 11-15-16-30-24-13 27 Ramesses 27-18-17-2-9-31

12 Dente 12-1-4-22-13-24 28 Rocker 28-21-22-4-1-12

13 Dragon 16-15-24-11-30-13 29 Screwdriver 5-29-25-7-20-19

14 Duck 14-23-3-32-30-16 30 Squirrel 30-16-11-15-24-13

15 Elk 15-11-16-24-13-30 31 Torso 31-9-8-17-18-27
16 Eros 16-15-24-11-30-13 32 Vaselion 32-23-30-14-3-16

Bunny iH 4-22-1-12-28-13

5 Discussion

Taking into account the complexity of the mesh models, the results obtained are
quite good. The average ranking rate of 1.47, with 23 objects ranked first and six
objects ranked second, was achieved by using only three parameters: the differ-
ence volume V of the eroded and dilated objects until the first self-intersections
occurred, plus the linear regression parameters A and B of the difference vol-
umes after additional erosions and dilations. This means that these parameters,
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which reflect systematic object deformations with decreasing detail as a function
of increasing structuring element, are capable of characterizing different shapes.
However, this does not mean that similar or other signatures based on mathe-
matical morphology cannot perform even better; it makes sense to experiment
with other signatures in the future. In addition, two of our parameters pro-
vide multi-scale signatures because of the increasing structuring element, and
it makes sense to combine these parameters with other multi-scale signatures,
for example those based on mesh smoothing [6]. The latter method achieved on
a similar set of objects an average ranking rate of 1.29, but seven instead of
three parameters were used. Therefore, a general conclusion might be that the
combination of perhaps two multi-scale parameter sets with perhaps as much as
six parameters will boost performance.
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Abstract. This paper presents a new model for trajectories in video
sequences using mixtures of motion fields. Each field is described by a
simple parametric model with only a few parameters. We show that,
despite the simplicity of the motion fields, the overall model is able to
generate complex trajectories occuring in video analysis.

1 Introduction

The analysis of trajectories plays an important role in computer vision [1]-[8].
Consider, e.g., a video surveillance system, tracking moving people or vehicles
in a parking lot or in a street. The trajectory of each object is a rich source of
information about its behavior. We should therefore be able to learn what are the
typical trajectories and how can they be characterized so that we can distinguish
typical behaviors from abnormal ones and discriminate different types of common
behaviors.

A trajectory model must be rich enough to allow different types of behaviors
occurring at the same place. For example, several types of trajectories may occur
in a hotel lobby. The same happens if we wish to characterize the traffic in a
city or in part of it. A single motion field is not enough to characterize people
of vehicle motion in a scene.

A generative model for trajectory analysis based on switched motion fields was
recently proposed in [1]. The model is equipped with estimation methods that
are able to learn a set of motion fields describing typical behaviors of objects in a
scene. It is assumed that each trajectory is driven by one of the motion fields at
each instant of time, the so-called active field. Switchings between active fields
are allowed and may occur at any position and any instant of time, according to
suitable probabilities. This model is rich enough to describe a variety of behaviors
and simple enough to be efficiently learned from experimental data.

� This work was supported by FCT (plurianual funding) through the PIDDAC Pro-
gram funds and by project PTDC/EEACRO/098550/2008.
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The work presented in [1] adopts a non-parametric model for the motion
fields based on first order splines. In this paper, we extend that work to simple
parametric models that depend on a small number of parameters and discuss
if it is still possible to obtain flexible overall behaviors and efficient estimation
from observed data. The main contribution consists in a parametric approach
to the switched motion field model.

2 Switched Motion Field Model

Let x = (x1, . . . ,xL), xt ∈ R
2, denote the trajectory of an object in the image.

We assume that x is generated by a bank of K vector fields Ti : R
2 → R

2, i ∈
{1, . . . , K}, according to

xt = xt−1 + Tkt(xt−1) + wt , (1)

where kt is the label of the active field at instant of time t and w1, . . . ,wL is a
white random sequence with normal distribution wt ∼ N (0, σ2

kt
I).

Furthermore, we assume that label sequence k = (k1, . . . , kL) is a Markov
chain with space varying transition probabilities, i.e., the next active field de-
pends on the current active field as well as on the position of the object in the
scene. This is an important issue. For example, consider a cross between two
streets. Many pedestrians and vehicles change their direction and velocity at the
cross. Therefore, the transition probabilities should be higher at the cross than
elsewhere.

To be specific, model switching is characterized by the transition probabilities,

P (kt = j|kt−1 = i,xt−1) = Bij(xt−1) , (2)

where Bij(x) is the probability of switching from the field i to the field j at
position x. Therefore, B(x) = {Bij(x)} is a field of stochastic matrices which
verify the following properties at each position x:

Bij(x) ≥ 0,
K∑

p=1

Bip(x) = 1, ∀i, j . (3)

Figure 1 shows a set of of trajectories which can be easily generated by this
model using three vector fields. This figure suggests the variety of behaviors that
can be generated with the proposed approach.

The pair (xt, kt) can be considered as a hybrid state since it summarizes all
the past information needed to generate the future samples of the process. The
joint probability function associated to the pair of sequences {x, k} is given by

p(x, k) = p(x1, k1)
L∏

t=2

p(xt|kt,xt−1)p(kt|xt−1, kt−1), (4)



422 J.S. Marques et al.

Fig. 1. Synthetic trajectories for the cross and roundabout problems

where
p(xt|kt,xt−1) =

1
2πσ2

kt

e
− 1

2σ2
kt

‖xt−xt−1−Tkt (xt−1)‖2
, (5)

and p(kt|xt−1, kt−1) = Bkt−1,kt(xt−1).
The parameters to be learned from the video data are: i) the number of models

K ; ii) the motion fields T1, . . . ,TK ; iii) the field of transition matrices B; and
iv) the noise variances σ2

1 , . . . , σ2
K .

In [1] the fields T1, ...,TK and B are modeled in a non-parametric way. They
are specified at the nodes of a regular grid and interpolated using first order
splines

Tk(x) =
N∑

i=1

ti
kφi(x), B(x) =

N∑

i=1

biφi(x) , (6)

where ti
k,bi are the velocity vector and the transition matrix associated to the

i − th node of the grid and φi(x) is the corresponding spline function, cen-
tered at the i-th node. As a consequence, that approach can be classified as
non-parametric since we are not imposing any kind of structure, and each field
depends on a large number of parameters (typically a few hundreds) which have
to be estimated from the data. Some kind of regularization (Gaussian field priors,
in [1]) is required to obtain meaningful estimates for these parameters.

In this paper we follow a different approach by adopting parametric models
for the motion fields. This results in a much smaller number of parameters to
be estimated. Although we are making strong assumptions about each motion
field, a flexible trajectory model is expected at the end because trajectories are
decomposed into segments, each of them generated by a different motion field.
Parametric field may be tuned to a specific space region, if necessary.

3 Parametric Motion Fields

We consider several parametric motion models, which are often used in image
alignment and registration, namely [9]: translation (T), Euclidean (E), similarity
(S) and affine (A) transforms. All these models are expressed by

z = Ax + t , (7)
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Table 1. Parametric motion models

Name Transformation Motion field

T z = x + t T(x) = t
E z = Rx + t T(x) = (R − I)x + t
S z = sRx + t T(x) = (sR − I)x + t
A z = Ax + t T(x) = (A − I)x + t

Fig. 2. Examples of motion fields and trajectories generated by the T, E, S models
(top row) and A, A, non parametric models (bottom row)

where z is the transformed position of the point x, A is a 2× 2 matrix and t is
a 2× 1 translation vector. The only difference between these models lies in the
structure of matrix A as shown in Table 1. In this table, R (a rotation matrix)
and sR, s ∈ R, have the following structure

R =
[

cos θ sin θ
− sin θ cos θ

]

sR =
[

a b
−b a

]

, (8)

and A is an arbitrary 2× 2 matrix.
Figure 2 shows examples of the motion fields and trajectories generated by

these models and by a non-parametric one. Only the translation and the Eu-
clidean transform generate trajectories in which the object moves with constant
speed since the eigenvalues of the matrix A lie on the unit circle. In the other
cases, velocity has an exponential growth or decay. This is not a major problem
since each model is only used for a short period of time. We stress that, at this
point, no switching was allowed in the generation of these trajectories. More
complex trajectories can be generated if we allow model switching.

4 Model Estimation

In an ideal setting, we would like to turn on the camera and ask the system
to learn the behavior of all the pedestrians and vehicles in the scene. Assuming
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that the tracking task is solved (although this is by no means a trivial task) we
would like to estimate the number of fields and the field parameters from a set
of observed trajectories X = {x(1), . . . , x(S)} where x(s) = (x(s)

1 , . . . ,x(s)
Ls

) is the
s-th trajectory.

The maximum likelihood (ML) estimates of all the model parameters, col-
lectively denoted as θ, can be obtained by solving the following optimization
problem

θ̂ = arg max
θ

log p(X|θ). (9)

However, the likelihood function cannot be directly computed. Since we do
not know the sequence of active models underlying each trajectory, we should
marginalize the complete likelihood function p(X ,K|θ), i.e.,

p(X|θ) =
∑

K
p(X ,K|θ) =

∑

K

S∏

s=1

p(x(s), k(s)|θ), (10)

where K = {k(1), . . . , k(1)} are the (unobserved) label sequences (active models)
and p(x(s), k(s)|θ) is the joint density defined in (4). The marginalization involves
a sum for all sequences of labels K which is unfeasible since it involves a huge
number of operations.

This difficulty can be circumvented by using the Expectation-Maximization
(EM) method. The EM method is based on the optimization of an auxiliary
function: the conditional expectation of the complete log-likelihood

U(θ, θ̂) = E

{
log p(X ,K)|X , θ̂

}
, (11)

where θ̂ is the currently available estimate of the model parameters. The EM
method generates a sequence of estimates by iteratively optimizing U(θ, θ̂) with
respect to θ, to update the parameter estimates:

θ̂(t + 1) = argmax
θ

U(θ, θ̂(t)). (12)

The expected value of the complete log-likelihood with respect to these variables
can be written as

U(θ, θ̂) = Ā(X ,K) + B̄(X ,K), (13)

with
Ā(X ,K) = C −∑S

s=1

∑Ls

t=2

∑K
i=1 w

(s)
i

[
log(2πσ2

i )

+ 1
2σ2

i
‖x(s)

t − x(s)
t−1 −Ti(x

(s)
t−1)‖2

]
,

(14)

B̄(X ,K) =
S∑

s=1

Ls∑

t=2

K∑

i,j=1

w
(s)
i,j log Bij(x

(s)
t−1), (15)

where w
(s)
i (t) = P (k(s)

t = i|x(s), θ̂) is the probability of label i at time t and
w

(s)
i,j (t) = P (k(s)

t−1 = i, k
(s)
t = j|x(s), θ̂) the probability of the pair of labels i, j at
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Fig. 3. Estimated fields for the cross problem with translation (1st row) and affine
(2nd row) models (K = 3)

consecutive instants of time. The probabilities w
(s)
i (t), w(s)

i,j (t) are computed in
the E-step of the EM method using the forward-backward algorithm [10].

The M-step maximizes U with respect to the model parameters. The maxi-
mization with respect to the noise variances and switching matrix field is done
as in [11]. The optimization with respect to the motion parameters depends on
the motion model adopted but this is straight forward.

5 Results

The proposed model was applied to synthetic trajectories. Figure 1 shows two
sets of 30 trajectories which are denoted as cross and roundabout. The first case
simulates a cross between three streets with two entries. The second case simu-
lates a roundabout with four entries and combines linear and circular segments.
The field of transition matrices was modeled in a non-parametric way, using a
11× 11 regular grid of points and first order interpolation splines as in [1].

Figure 3 shows the estimates obtained by the EM method assuming affine
motion fields and translation fields. These results were obtained after 5 iterations.
Both models are able to correctly extract the correct motion fields. The second
affine motion field is not uniform but it is approximately uniform in the region
of interest. We stress that we do not have any a priori knowledge about the
active model at each instant of time. This information must be guessed by the
EM algorithm using the soft assignment variables (w(s)

i (t), w(s)
i,j (t)).

The second problem is more complex since it involves a larger number of fields
(five) and a mixture of circular and uniform fields. Figure 4 (1st row) shows the
estimates obtained using Euclidean motion fields showing that the EM method
is able to correctly estimate the field parameters. It should be mentioned that
the output of the EM method depends on the initialization as shown in the Fig-
ure 4 (bottom): two motion fields are associated to the circular motion and the
third motion field in the Figure tries to represent two different motion directions.
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Fig. 4. Estimated fields for the roundabout problem with Euclidean transform model
(K = 5) and two different initializations

Fig. 5. Estimated fields for the roundabout problem with the affine model (K = 3)
and two different initializations

This is shown in Figure 5 which displays the output of the EM method, assum-
ing an affine model with a smaller number of fields (three) and two different
initializations.

Although excellent results were achieved for both problems, the algorithm may
converge to local maxima of the likelihood function, leading to poor estimates
of the motion fields. This is a consequence of the EM estimation method which
does not guarantee the convergence towards the global maxima [12]. However,
this effect is stronger in the estimation of parametric vector fields depending on
a small number of parameters (< 10) then in the case of non-parametric models
which depend on hundreds of parameters. The presence of global restrictions
increase the attraction towards local maxima.

6 Conclusions

This paper presents an extension of the trajectory model with multiple motion
fields presented in [1]. It shows that complex trajectories can be generated using
a set of simple motion fields (parametric fields) depending on a small number of
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parameters. The key point is the ability to switch between motion fields at any
position in space. In addition we use space dependent switching probabilities
which allow different switching behaviors in different regions of space.

Despite the good results obtained there are several open question to be ad-
dressed in the future: how to initialize the EM method in an efficient way? how
to determine the best number of motion fields for a given problem? how to select
the most appropriate model for each field? application of this model to real data
and the comparison with the non-parametric model [1]. These questions will
be addressed in a forthcoming paper which will include extensive results and a
comparison with non-parametric techniques.
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Abstract. In this paper, a semi-supervised approach based on probabilistic re-
laxation theory is presented. Focused on image segmentation, the presented tech-
nique combines two desirable properties; a very small number of labelled sam-
ples is needed and the assignment of labels is consistently performed according
to our contextual information constraints. Our proposal has been tested on med-
ical images from a dermatology application with quite promising preliminary
results. Not only the unsupervised accuracies have been improved as expected
but similar accuracies to other semi-supervised approach have been obtained us-
ing a considerably reduced number of labelled samples. Results have been also
compared with other powerful and well-known unsupervised image segmentation
techniques, improving significantly their results.

Keywords: Semi-supervised, Image segmentation, Probabilistic Relaxation.

1 Introduction

Relaxation methods find numerical solutions for a wide range of problems in physics
and engineering and, more concretely, probabilistic relaxation has demonstrated to be
very useful for pattern recognition [13]. A general framework for the theoretical foun-
dations of relaxation processes can be found in [9,6]. This general relaxation structure
has attracted important interest, being often refined in a number of ways by means of
ad hoc or heuristic choices [12].

Relaxation approaches are iterative processes that are used for reducing ambiguities
in assigning symbolic labels to a set of nodes (clusters, objects, etc.) which is often
known as equilibrating or relaxing a system. Relaxation methods involves contextual
information that describes relations between single components [6], defining a neigh-
bourhood in accordance with the properties of the system. The contextual information
is generally introduced into the process from our a priori knowledge of the problem.
Therefore, these approaches present two interesting features; the use of the context of
the problem and the expected good performance to obtain a robust solution [8].

Medical imaging problems are generally too specialised to use unsupervised tech-
niques but, at the same time, too time-consuming for an expert if every single case

� This work was supported by the Spanish Ministry of Science and Innovation under the projects
Consolider Ingenio 2010 CSD2007-00018, AYA2008-05965-C04-04/ESP, TIN2009-14103-
C03-01 and by Caixa-Castelló foundation under the projects P1 1B2009-45.
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should be solved manually, spending a large amount of time isolating the most interest-
ing parts of the images. Therefore, a process that is able to do this work in an accurate
way and, at the same time, does not need too much participation of an expert, has be-
come a very demanding task on this field.

Semi-supervised learning has received an increasing attention for the last years and
has been widely extended to many fields [2], being specially useful for medical imaging
applications. Semi-supervised approaches arise from the idea of using together a large
amount of unlabelled data, which is often cheap and easy, and few labelled data, which
is hard to obtain since it requires human experts or special devices. The important point
here is to manage a better classifier (or clustering result) than from the unlabelled data
alone [14].

A semi-supervised approach for colour image segmentation based on probabilistic
relaxation is presented in this paper. The main contributions of this work are:

– We propose a probabilistic relaxation method that using few labelled samples intro-
duced by an expert (contextual information) is able to propagate this information
to the whole system.

– We also offer preliminary experimental evidences that our method improves the
results obtained by other unsupervised techniques of the literature. The results of a
semi-supervised approach based on the Expectation-Maximisation algorithm have
been also improved in terms of the number of labelled samples needed.

– The usefulness of this technique will be shown for a particular application in Der-
matology.

2 Probabilistic Relaxation Methodology

A probabilistic relaxation method is an iterative process that assigns consistent labels to
a initial set of nodes on the basis of the contextual information; which is also introduced
into the model. A node is a point in a graph that represents objects, clusters, regions,
etc. whereas the contextual information is generally related to the relationship among
those nodes, that is, arcs among the nodes in the graph.

Let us suppose a set of nodes N = {n1, n2, . . . , nN} and a set of class labels L =
{ω1, ω2, . . . , ωL}. Suppose a support function Qs(ni ← ωk) representing that the node
ni would be labelled with ωk. This support function results from each binary relation
with the set N i neighbouring nodes of ni at the step sth of the iterative process,

Qs+1(ni ← ωk) = Qs(ni ← ωk) +
1

∣
∣N i

∣
∣

∑

j∈N i

Cij P s(nj ← ωk) (1)

where Cij are the coefficients representing the strength of interaction between nodes
ni and nj . These coefficients are independent of the estimated posterior probabilities
(P ) and can be computed ahead of time, remaining constant during the entire process.
Coefficients Cij satisfy that

∑N
j=1 Cij = 1. Our approach defines these coefficients as:

Cij =
D(i, j)

∑
lD(i, l)

(2)
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being

D(i, j) = exp

(
cij

gmin

)

gmin = min (cmn) ∀m, n ∈ N (3)

Coefficients cij = αj

d(i,j)
represent the relationship between the density of the modes

and the distance among them. Thus, αj is the prior probability for node nj whereas
d(i, j) is the distance between the nodes ni and nj . Note likewise that D(i, j) is a
potential term that acts as a relative measure of potential similarity function. It will be
high for the neighbouring node with the best rate for coefficient cij and very low for the
rest of the nodes.

The updating formula for calculating the posterior probability P s(ni ← ωk) that
node ni would be labelled with ωk is:

P s+1(ni ← ωk) =
P s(ni ← ωk)Qs(ni ← ωk)

K
(4)

where K =
∑|L|

l=1 P s(ni ← ωl)Qs(ni ← ωl) is a normalising constant.
The system (P 0) is initialised on the basis of the a priori information of the problem

statement, also setting Q0 = P 0 in this initialisation. These initial probabilities act as
the compatibility coefficients among the nodes.

2.1 The Algorithm

The algorithm here presented for a semi-supervised probabilistic relaxation (semi-PR)
has three input sources: the number of classes, the labelled and unlabelled data set,
dividing this last set into two subsets for training and test. In addition, the algorithm
will consider that each class can have multiple initial probability distributions (modes).
The number of modes of each class is estimated in the initialisation stage, being each
initial mode a node in the semi-PR.

Initialisation stage: The same initialisation stage presented in [10] is used in our
approach for estimating the number of Gaussian modes per class. Thus, the training
data is divided into N modes where the mean and covariance of each mode is estimated.
Figure 1 shows several examples of this initialisation stage in its central row.

Semi-supervised Probabilistic Relaxation: The Gaussian modes found in the initial-
isation stage are used as initial nodes for our proposed semi-supervised algorithm. The
initial probabilities (P 0) for each node are based on the a priori information that we
have from our problem, that is, from initial modes found in the initialisation stage and
from the labelled samples. The labelled samples allow us to label some of the initial
nodes/modes to certain classes. The probabilities of the modes where no a priori infor-
mation is available are equally distributed for each class before starting the relaxation
process.

The objective of the semi-PR algorithm is to iteratively optimise Equation (4) until
all the initial nodes would be consistently labelled for each class. For this optimisation,
Equation (1) must be also calculated in each iteration, providing the level of agreement
for each node and their possible labels. Distance d(i, j) in coefficients cij is worked out
using the Mahalanobis distance between the nodes ni and nj .
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The process stops when, for each node of the system, one of the class probabilities
exceeds 1 − ε1, being ε1 � 1. As the literature suggest [3], if the whole changes in
the system do not exceed certain threshold ε2, the system is supposed relaxed enough
and the process also stops in this case. Note that the process needs to keep iterating
until the previous stopping conditions are reached, even so, from the first iterations the
propagation of information is channelled through the probabilistic relaxation model.
Therefore, parameters ε1 and ε2 are not critical, although they can probably be consid-
ered application-dependent.

3 Experimental Results

3.1 Results on 2D-Datasets and Two Classes

Figure 1 shows the results obtained on synthetic 2D-datasets with two classes. These
toy datasets are frequently used in the literature as illustrative examples to show the
robustness of a technique. Datasets 1, 2 and 4 (columns 1, 2 and 4 of the figure) show
very consistent results with a classification accuracy higher than 98% in all the cases.
The approximate area position of the labelled samples used in each case have been also
drawn in the resulting labelled dataset (light green in third row). From left to right, each
dataset has needed 1, 3, 2 and 1 labelled samples per class respectivelly.

It is worth noticing how the relaxation process finds a slightly wrong solution for the
dataset shown in the third column. The initialisation stage sometimes generates wrong
modes that should probably have been divided into several ones. When this happens
(p.e. the mode in green colour) the semi-PR method still assigns that mode to the most
likely class, although the final results will certainly be partially mistaking. On the con-
trary, the second dataset shows how the algorithm finds the correct solution despite that
there exist two wrong initialised modes (the ones in pink colour). In this last case, the
algorithm has several alternatives for propagating the labels through the system, obtain-
ing eventually the most suitable solution.

3.2 Results on Colour Image Segmentation

The main part of the experimental work is focused on segmenting colour images. From
each image, the number of classes is known and a small number of labelled pixels is
available. Each sample is a 2D-vector representing the chroma of a pixel in the L∗a∗b∗

colour space, that is, the a∗b∗ dimensions. The total amount of samples is equally di-
vided into two sets, one for training and another for test. The supervised data take
samples proportionally from each class, representing the 0.1% of training set.

Preliminary results are provided for images from a skin diagnosis application, where
several skin pathologies have to be analysed. The proposed technique has been used to
automatically isolate skin regions, in order to segment unhealthy areas out of healthy
skin in a two-class problem. Currently, this unhealthy skin is drawn manually, which
is time-consuming as well as prone to errors due to manual mistakes and tiredness.
Hence, adding very few labelled data to the clustering process by means of an expert, for
instance, just clicking on few image points, our semi-supervised proposal can improve
this task in a quick and practical way, introducing some interactivity with the user.
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Fig. 1. Semi-supervised results of two-class datasets. From top to bottom in rows, ground-truth,
initial modes and the proposed probabilistic relaxation result, providing initially only between 1
and 3 labelled samples per class (light green spots in third row).

Fig. 2. Application in Dermatology. From left to right, p02 image and its ground truth, p34 image
and its ground truth.

The classification accuracy of the proposed algorithm has been compared with the
standard unsupervised EM algorithm for Gaussian mixtures [1] and with the semi-
supervised approach based on the EM algorithm (semi-EM) presented in [10]. The
ground-truth references (manually labelled) were available for the images shown in Fig-
ure 2 and, therefore, the classification rates for the example images p02 and p34 can be
worked out. Table 1 shows the percentages with regard to the number of well-classified
pixels when the clustering results are compared with the ground-truth images. Notice
that the classification rates obtained on these images are quite similar for the proposed
algorithm and the semi-EM. Nevertheless, the important point on this comparison is
the number of labels used in each case. As authors specify in [10], the semi-EM uses
the 1% of the total image samples for each class whereas the semi-PR only needs the
0.1% of the training set.

Figure 3 shows the image segmentation results for the example images of the Fig-
ure 2. The proposed technique is compared with other three well-known unsupervised
image segmentation algorithms and the semi-EM algorithm. Firstly, MS is an effec-
tive algorithm proposed by Comaniciu and Meer [4] based on the mean shift algorithm.
Secondly, SRM algorithm, proposed by Nock and Nielsen [11], is based on the idea
of using perceptual grouping and region merging for image segmentation. Thirdly, FH
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Table 1. Classification rates for the images of the dermatology application

semi-PR semi-EM Unsup-EM
p02 95.48% 95.45% 78.76%
p34 90.24% 91.87% 90.94%

Fig. 3. Application in Dermatology. Top row show the results on p02 image whereas the bottom
row shows the results for p34 image. In columns and from left to right, five image segmentation
results corresponding to MS, SRM, FH, semi-EM and the proposed semi-PR.

algorithm proposed by Felzenszwalb and Huttenlocher [7] adaptively adjusts the seg-
mentation criterion based on the degree of variability in neighbouring regions. Finally,
the semi-EM algorithm presented in [10] has been used for image segmentation in the
same application in dermatology.

Taking into account the resulting images from the segmentation, the results presented
in Figure 3 show that,

1. The proposed semi-supervised method is significantly better than the MS, SRM
and FH algorithms.

2. The results of the semi-EM algorithm are comparable to the proposed technique.
Healthy and unhealthy skin have been well separated, allowing an easy and precise
identification of each part. However, as it has been said, the semi-PR result has used
a significant smaller amount of labelled samples for solving the same problem.

Note that there are some isolated pixels that are badly labelled. This is due to the fact
that there is no spatial constraint in the process, but some spatial regularisation could
be applied as in [5].

Summarising this experimental section, we have focused our research on an appli-
cation in dermatology. From a practical point of view, the unsupervised approaches are
not robust enough for this kind of application and their results have been shown as a
matter of comparing the different methodologies. Regarding the semi-supervised ap-
proaches, the semi-EM algorithm would need an expert to select sets of pixels from
each class since such amount of points cannot be provided with a few clicks. In the
proposed semi-PR however, the expert could only select a few interesting points from
the image, as it would be desirable.

It is also important to compare the performance of the two semi-supervised ap-
proaches in terms of the classification accuracy for different number of labelled sam-
ples. Thus, Figure 4 shows the classification rate (y-axe) for each semi-supervised
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Fig. 4. Performance classification accuracy for semi-EM algorithm and proposed semi-PR

method related to the number of labelled samples provided (x-axe). This graph has been
obtained using the second dataset (2nd column) shown in Figure 1, which is probably
the most difficult one of the 2D-datasets. The labelled samples have been randomly
selected and each method has been carried out 10 times in order to reduce the influence
of the stochasticity in the experiment. Graph in Figure 4 shows the average classifi-
cation for each method. As it can be seen, semi-PR (red line) reaches the maximum
classification rates quickly from the beginning, using a minimum number of labelled
samples. The semi-EM algorithm (green line) is not robust enough when very few la-
belled samples are provided and its performance is always worse than our proposal.

4 Conclusions

The main objective of this work is to develop a robust semi-supervised algorithm using
probabilistic relaxation for colour image segmentation. Our methodology satisfies the
use of few labelled samples and the assignment of labels according to our contextual
constraints. The proposed approach has improved the image segmentation results of
other semi-supervised and unsupervised approaches.

This work supports the increasing attention that the semi-supervised learning is re-
ceiving during the last years. As an image segmentation problem, the methodology has
demonstrated an improvement with respect to other well-known unsupervised segmen-
tation algorithms. As a classification problem, the accuracy results obtained have been
comparable to a recent semi-supervised approach based on the EM algorithm, being
capable to reach the highest classification rates with very few labelled samples.

From a practical point of view, our proposal is more suitable for partial annotation in
interactive image segmentation in applications like dermatology, since it is much better
in terms of the amount of supervised information needed to finish the task.

In order to extend these promising results, further work includes testing the algorithm
in other problems i) with multiple classes and higher dimensionality, ii) in presence of
noise and iii) with a higher level of overlapping among the classes. Future improvements
are also directed to introduce a procedure to give more or less relevance to the supervised
data, expressing somehow the level of confidence in the contextual information.
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Abstract. This paper presents an approach to the identification of play-
ing cards and counting of chips in a poker game environment, using an
entry-level webcam and computer vision methodologies. Most of the pre-
vious works on playing cards identification rely on optimal camera posi-
tion and controlled environment. The presented approach is intended to
suit a real and uncontrolled environment along with its constraints. The
recognition of playing cards lies on template matching, while the count-
ing of chips is based on colour segmentation combined with the Hough
Circles Transform. With the proposed approach it is possible to identify
the cards and chips in the table correctly. The overall accuracy of the
rank identification achieved is around 94%.

Keywords: Poker, playing cards identification, image processing, tem-
plate matching, colour segmentation, chips counting.

1 Introduction

To build an autonomous agent of Poker it is necessary to consider two very
distinct modules: the intelligence of the agent and the agent’s interaction with
the real world.

There is a lot of research work in Poker agent intelligence. The most renowned
work is Darse Billings PhD thesis [1] where were distinguished and discussed
several possible poker agent architectures. Building Poker agents requires the
use of opponent modelling techniques, because the agent is not aware of the full
game state. Several articles were wrote about this matter, such as [2] or [3]. Most
opponent modelling techniques are based on David Slansky publications, such
as [4].

This work focused on the interaction of the agent with the real world, more
specifically collecting information about the state of the poker game. There has
been relatively little work on playing cards or chips recognition based on vi-
sion [5–8]. The perception layer designed and implemented relies completely on
image acquisition and processing. Besides the tasks of recognition of cards and
chips, it also features the detection of players in the game at the beginning of
each hand and the perception of the dealers position.
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2 Playing Cards Identification

2.1 Find Cards

Finding the cards present on the table relies on the great contrast between the
poker table and the cards lying on it, where the former features dark colours,
e.g. dark green, and the latter is always white coloured. The greater the contrast
between the cards and the poker table, the stronger the edges between both will
be, i.e. the border between the card and the table

Fig. 1. Detect cards contours algorithm overview

The image captured of the table overview is first submitted to the pre-
processing block. This block consists of low level image processing functions,
where the image is first converted to gray scale, followed by smoothing with a
Gaussian filter and finally the contrast between the card and the poker table is
enhanced by a linear stretch to the histogram.

The image is subject of edge detection, more specifically Canny edge detector.
The resulting output from the Canny detector is scanned for external contours,
thus all the first level contours found are kept while the remaining are discarded.
The first level contours correspond to the border between the table and the cards.

Finally, the algorithm approximates all the contours remaining by polygons
and selects those which feature four vertices, correspondent to the four vertices
of a card, thus remaining only trapezoids. Since playing cards have the shape
of a rectangle, i.e. four right angles, the algorithm filters the trapezoids by their
inner angles. All the trapezoids which inner angles are close to 90◦ are selected as
cards, while the remaining are discarded. Accepting inner angles within a range
around 90◦ makes the system robust enough to be in any angle relatively to the
cards. If all the inner angles had to be exactly 90◦, it would be required to place
the camera perpendicular to the cards on the table.

2.2 Cards Extraction

The algorithm, shown in Fig. 2, is used to isolate each one of the trapezoid
(cards) found so it is possible to process them individually. When the tripod is
setup in one of the seats around the table, the position relative to the cards is
not calibrated. Therefore the PokerVision does not know in advance in which
angle it is relative to the community cards. In order to make this system robust
enough to be positioned in any place around the poker table, the position of
each card is computed using the coordinates information of its corners. This
computation is based on the position of the corners relative to each other and to
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Fig. 2. Cards’ extraction algorithm

the global coordinate system. The reverse perspective block is intended to reverse
the perspective view of the card, outputting the image of the card with the
correct size proportions, as a regular playing card, and without the perspective
view effect, . It computes the matrix of perspective transform, based on the
starting points, i.e. corners of the card on the original image, and destination
points, i.e. the corners of the new rectangle shaped. The former are based on
the corners coordinates of each card combined with the cards position/rotation
determined previously. Since enlargement occurs, the final image will have some
loss of quality.

Fig. 3. Extraction of playing card reversing the perspective view

2.3 Rank Extraction

This block aims to extract the rank of the card and prepare it for the template
matching. By performing this, the algorithm restricts the region to be subject
of recognition, benefiting the rank identification reliability. Not only prevents
possible misidentifications with something else drew on the card than the rank
itself, but also enables the identification to compute much faster since the image
area to be analyzed is reduced significantly.

The position and size of the rank are both the same across cards of the same
deck, therefore the size and position of the crop was pre defined for the cards
used along the work. After the region of interest is extracted, the algorithm
removes unwanted noise by smoothing it with a Gaussian filter. Thereafter bi-
narizes the resultant image with an Adaptive Threshold. The resulting image
after binarization is eroded in order to remove some remaining thin noise.

In order to normalize the position of the rank, along with the filtering of
remaining noise, the image is submitted to the isolate rank block. This block
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Fig. 4. Rank extraction algorithm overview

was implemented in order to tightly isolate the rank of the card from the rest
of the crop. It seeks for all the elements, i.e. contours, present on the binarized
image and encloses them in a box. Afterwards, the algorithm analyses the sizes
of the enclosed contours as well as its centroids and discards all the contours
which feature a non reasonable size, followed by selecting from the remaining,
the one which centroid is the closest to the centre of the image. The resulting
image is one featuring only the rank tightly isolated, Fig. 5 d).

Fig. 5. Part of the rank extraction process

The rank 10 is constituted by two characters instead of one, which means
the algorithm when iterating through the conditions referred above, discards
one of the characters. The work around for this issue consists in drawing one
horizontal line 1pixel thick, wide enough to superimpose the characters 1 and
0. This misleads the algorithm, which searches for contours, to interpret both
characters as the same one.

2.4 Rank Identification

The approach used here, template matching [2], is a pattern recognition tech-
nique that allows detecting the presence of a specific object in an image. It can
produce reliable results but needs to know exactly what to look for since it is
based on the comparison of the image against a pre-defined template.

The method is performed by sliding a template, Fig. 6, over the input image
(card rank) while it calculates the normalized square differences between both.
The best match corresponds to the one closest to 0. A total of thirteen templates
were prepared previously and based on the cards used, corresponding each one
of them to a rank of a card, Fig. 7. To prevent false matches, it was defined
empirically that the scores above 0.45 are not considered as a valid match.

It is worth mentioning that, preceding the template matching, both ranks
depicted in the card are extracted and subject of recognition. This provides the
Template Matching with more samples to identify, i.e. ranks, extracted from
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Fig. 6. Card Identification algorithm

Fig. 7. The thirteen templates used

the same card. Furthermore, since the samples come from different corners of
the card, overcomes situations where illumination reflectance affects one of the
corners, thus blinding the camera in that region, but not the other. From both
resulting scores, prevails the lowest score, i.e. the best match.

In order to make the matching more consistent, it was implemented a loop
of successive capturing and extraction succeeded by matching along N-frames,
during which the best matches found are stored. This loop is followed by a
decision function which takes the stored matches and outputs the result of the
identification. The decision function used is the weighted mean, which considers
the identified ranks and the number of times each one occurred. The card rank
which match is the closest to the weighted mean result, is the best match found
for the correspondent card.

2.5 Suit Extraction and Identification

Both the suit extraction and the suit identification algorithms are similar to the
rank extraction and the rank identification, respectively. It is worth mentioning
that the playing cards, on which this algorithm is based, have one suit under the
rank. Therefore the size and position of the region to crop are compatible with
the size and position of the suit.

3 Chips Identification

In order to build a complete humanoid poker player, the information about the
chips on the table is essential since it will have a role on the decision during
game play.

The remove cards block performs the removal of the community cards present
on the captured poker table overview. This procedure aims to prevent any
misidentification between chips and playing cards, since the latter features
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Fig. 8. Chips counting - algorithm overview

elements the same colour as the chips used, such as the suit. The removal of
the cards is achieved with a mask which distinguishes between the playing cards
region and the rest.

The colour segmentation aims to separate chips of different values on the
game, which are only distinguishable by their colours. Within the colour segmen-
tation block, the captured image undergoes a smoothing filter with the purpose
of neutralizing high variations on the pixel values. The smoothing is followed
by colour segmentation based on the RGB vector of each colour of chips. The
threshold of each RGB component is within a fixed range in order to cover more
points that can belong to the same chip. If one thinks of the RGB color space,
this defined range can be seen as a cube centered in the RGB vector which rep-
resents the colour of the chip. This range overcomes the different illumination
inherent to the environment. The resulting binarized image allows defining the
regions of interest.

The previous procedure spots the chips as well as other kinds of objects of
the same colour. In case the latter are present on the captured image, these
must be discarded. Moreover, it is intended to design the algorithm as robust
as possible by making the detection of partially superimposed chips, since it is
common to happen during the game play. All these requirements are achieved
using the Hough Circles Transform.

The Hough Circles Transform outputs better results, the better the contrast
between the chips and the background. Therefore, preceding it, it is computed
the absolute difference between the gray image of the chips with itself. Only
difference is that the first has the brightness inverted, while the second does not.
This procedure results in a great contrast between the chips and the table.

4 Experimental Results

In order to test the reliability of the algorithm, the webcam was placed on a
tripod 81 cm high relative to the poker table. The tripod was placed in one of
the seats of an octagonal poker table. In each round of the tests, three cards
were dealt and placed along the table, such that the cards were 88cm, 103cm
and 119cm away from the webcam. The resolution used was 800x600.

To determine the rank identification accuracy, it was registered how many
times, for one specific rank, the identification was correct, incorrect or if the
rank didnt meet the pre-requisites for the decision function to output it, which
happens when the template match score is above 0.45. For the suit the same
procedure applies. A total of 265 cards were analyzed with an equally distributed
number of ranks and suits.
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Fig. 9. a) Webcam setup relative to the three cards b) perspective view of the webcam

Table 1. Percentage of accuracy for rank identification

The results for the card rank identification are shown in the table above. Easily
the 10 can be identified as being the one with the worst results. This relies on the
fact that it is constituted by 2 digits, 1 and 0, and when the card is in the furthest
position relative to the camera, it happens that in the pre-processing both of
the digits get merged into one, making difficult the template matching. Just for
reference, most of the times the 10 was identified as a 2. Concerning the suits,
Spades features the worst accuracy, where most of the times was misidentified
as Diamonds.

Table 2. Percentage of accuracy for suit identification

5 Conclusion and Future Work

Regarding the rank identification, the method used here should not be discarded,
since it achieves an overall accuracy of 94,4%. Concerning the chips identifica-
tion, the presented algorithm enables to count chips accurately if these are not
occluded. Otherwise, when more than 30% occluded, it presents errors on the
counting. These errors are higher, the further the chips are from the capturing
device. Some improvements should be performed in order to make the algorithm
more reliable. The first concerns the distinction between a red card and a black
card. This would immediately prevent the misidentification between red suits
and black suits, as it happens frequently with the spades being misidentified
as diamonds. Moreover, the upgrade of the video source to one with a higher
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resolution would also improve the reliability of the system. The study and im-
plementation of a stereo vision system would be of interest, in order to improve
the counting of chips.
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Abstract. In this paper we analyse the problem of occlusions under a
Mean Field Monte Carlo approach. This kind of approach is suitable to
approximate inference in problems such as multitarget tracking, in which
this paper is focused. It leads to a set of fixed point equations, one for each
target, that can be solved iteratively. While previous works considered
independent likelihoods and pairwise interactions between objects, in this
work we assume a more realistic joint likelihood that helps to cope with
occlusions. Since the joint likelihood can truly depend on several objects,
a high dimensional integral appears in the raw approach. We consider
an approximation to make it computationally feasible. We have tested
the proposed approach on football and indoor surveillance sequences,
showing that a low number of failures can be achieved.

Keywords: Multitarget tracking, occlusions, mean field.

1 Introduction

Object detection and tracking are basic tasks in computer vision with many
potential applications. However, if a target is occluded its visual appearance
changes a lot and conventional single-tracker approaches are very likely to fail.
Therefore, tracking in crowded situations remains challenging.

Even though the approach we are going to present in this paper is general,
our interest and experimental work focuses on human tracking mainly. The most
promising approaches consider a Bayesian perspective. In [1] a multi-blob like-
lihood function is presented. It is based on the response of several filters at a
grid of locations the image is overlaid with. A person is modelled as a gener-
alised cylinder and the tracking problem is solved with a particle filter in the
joint state space, which is also able to cope with objects entering or leaving the
scene. In [2] the Hybrid Joint Separable filter, is presented. It considers both
interactions and occlusions. Belief Propagation is applied to solve interactions,
which are expressed as Markov Random Fields (MRF), whereas occlusions are
tackled by an appearance likelihood that implements a physically-based model
of the rendering process. The observation model is considered to be separable
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in image space and each term is approximated using a first order expansion. In
[3] humans are modelled as ellipsoids in the 3D world, which allows a principled
reasoning about image formation. The joint likelihood is based on the parti-
tion of the image into several regions corresponding to different objects and the
background. A Maximum a Posteriori is found by running an algorithm derived
from data driven Markov Chain Monte Carlo (MCMC). In [4–6] a variational
approach is taken to track structured deformable shapes, articulated objects or
multiple targets. Constraints for joint motion are modelled as pairwise MRFs,
but every object is supposed to have its own independent observation likelihood.
This approach leads to a set of collective Mean Field equations which allows
finding a posterior estimation for each object.

In the top-down view images of ants analysed in [6], Mean Field was shown
to be more effective than MCMC to avoid tracking failures. Thus, we think it is
worth extending previous work using Mean Field [4–6] to deal with joint likeli-
hoods and occlusions, which is a more realistic case. We point out the differences
with previous formulations that only took into account MRFs and we perform
some approximations to compute the multi-object functions that appear.

The paper is organized as follows. In section 2 we review the background of
Mean Field and the equations that arise when pairwise potentials are included.
Then we discuss how they change when a joint likelihood is considered. In section
3 we present the application of our approach to a football match sequence and
to selected parts of indoor surveillance sequences, showing its weaknesses and
strengths. Conclusions are drawn in section 4.

2 Theoretical Background

Let Xt be the joint state at time t, Xt = {xi,t, i = 1 . . .M} with M being the
number of objects, and Zt the measurement. The posterior P (Xt|Zt) is:

P (Xt|Zt) ∝ φ(Zt|Xt)P (Xt) (1)

where φ(Zt|Xt) is the likelihood function and P (Xt) is the prior distribution.
Applying a first order Markov assumption, the prior can be obtained by prop-
agating the posterior at time t-1 using a dynamical model P (Xt|Xt−1). Given
the practical difficulty in dealing with the posterior for a high dimensional state
space, some kind of approximation has to be devised. In the conventional Mean
Field approach we are assuming [4, 5], the posterior is approximated by the
product of independent probability distributions, Qi,t(xi,t), which only depend
on one target each:

P (Xt|Zt) ≈
∏

i

Qi,t(xi,t) (2)

Distributions Qi,t(xi,t) are found by minimizing the Kullback-Leibler (KL)
divergence between the true posterior and the product of independent distribu-
tions. As shown in [4, 5], this leads to:
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Qi,t(xi,t) ∝ exp(EQ [logP (Xt, Zt)|xi,t]) (3)

where

EQ [logP (Xt, Zt)|xi,t] =
∫

Xt\i
logP (Xt, Zt)

∏

j �=i

Qj,t(xj,t) (4)

and Xt\i means that the integration is taken over all the variables except xi,t.

2.1 Previous Works

In previous works that used Mean Field for tracking [4–6], each target (or part of
an object) was assumed to have its own measurement, zi,t, so the likelihood was
the product of individual likelihoods, φ(zi,t|xi,t). In addition, pairwise MRFs
ψ(xi,t, xj,t) were used to obtain a more realistic motion model. Under these
assumptions, equation 3 can be rewritten to give [4–6]:

Qi,t(xi,t) ∝ φ(zi,t|xi,t)pi,t|t−1(xi,t)exp

⎛

⎝
∑

j �=i

∫

xj,t

Qj,t(xj,t)logψ(xi,t, xj,t)

⎞

⎠ (5)

where pi,t|t−1(xi,t) is the prior of object i assuming independent motion. Note
that pairwise MRFs cause the argument of the exponential in equation 5 to be a
sum over all the objects except the one under consideration, each addend being
an integral over the state space of a single object.

Equations 5 (i = 1 . . .M) are a set of fixed point equations that can be solved
iteratively. In [4], a particle filter solution is adopted and the corresponding
method is called Sequential Mean Field Monte Carlo (SMFMC). If {xn

i,t, ω
n
i,t}Nn=1

is the particle set of object i, the difference with a traditional particle filter is
that the weight ωn

i,t also includes a factor regarding the discrete approximation
of the exponential term in equation 5 [4–6].

2.2 Occlusions and Mean Field

In contrast to previous works, we assume that targets move independently but
that the likelihood can not be decomposed into the product of independent
likelihoods. In this case, equation 3 can be worked out to give:

Qi,t(xi,t) ∝ pi,t|t−1(xi,t) exp

⎛

⎝
∫

Xt\i
logφ(Zt|Xt)

∏

j �=i

Qj,t(xj,t)

⎞

⎠ (6)

The integral in the exponential is over all the objects except the one be-
ing considered, and it can not be split into the sum of single object integrals
since φ(Zt|Xt) depends jointly on all the targets. Even after discretization in a
Monte Carlo implementation, the computation of the integral is a formidable
task because it leads to many sums. In order to achieve a workable solution,
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some approximation has to be taken. We perform a first order Taylor expansion
of the log-likelihood around the mean state of objects other than object i:

logφ(Zt|Xt) ≈ logφ(Zt|X̂i,t) +
∑

j �=i

[
∂logφ(Zt|Xt)

∂xj,t

]T

X̂i,t

(xj,t − x̄j,t) (7)

where x̄j,t is the average state of object j, x̄j,t =
∫

xj,t
xj,tQj,t(xj,t), and we

have used the short notation X̂i,t = {x̄1,t, . . . , xi,t, . . . , x̄M,t}, that is, the joint
state in which all the objects are in their average state except the object under
consideration, whose state is a free variable.

Since the expansion is around the mean term, the linear term gives no con-
tribution at the end, so equation 6 now becomes simpler:

Qi,t(xi,t) ∝ pi,t|t−1(xi,t)φ(Zt|X̂i,t) (8)

This equation can be easily interpreted: regarding occlusions, object i interacts
with the other targets as if they were in their mean states. The set of equations
8 with i = 1 . . .M is solved iteratively. From a given set of mean states, equation
8 allows updating Qi,t(xi,t), i = 1 . . .M , which in turn allow computing a new
set of mean states. The user has to provide initial distributions, but they can
be based on simple reasoning: for instance, considering an incorrect but faster
to compute individual likelihood, or just the prior pi,t|t−1(xi,t). An algorithmic
implementation is shown in Fig. 1, which corresponds to a Sequential Impor-
tance Resampling filter solution to the approximation of the SMFMC method
we are considering. We have found that a single improvement iteration gives
good tracking results in all the tests performed.

2.3 The Joint Likelihood

Not every likelihood is suitable for a joint tracker. The likelihood should be able
to compare fairly different hypotheses with different degrees of predicted occlu-
sion or even with a different number of targets. In [1, 3, 7] several examples of
joint likelihoods can be found, all of them sharing common features. We present
our likelihood shortly, see [3] for a similar case. Given a joint state Xt, the image
is partitioned into the expected background, R̄, and the expected foreground,
R. The expected foreground can be partitioned into the visible regions of each
object, R = ∪iRi. Note that Ri are disjoint regions.The likelihood consist of
two terms, foreground and background. The background term is based on the
classification of each pixel u in R̄ using a background substraction method and a
threshold. The likelihood is increased when the pixel is classified as background,
and decreased otherwise:

logφ(ZR̄
t |Xt) = λR̄

∑

u∈R̄

φu, φu = ±1 (9)

The object region likelihood is obtained from the comparison of colours his-
tograms in Ri with reference histograms, using the Battacharyya coefficient
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Input: resampled particle sets at t− 1, {xn
i,t−1,

1
N
}Nn=1, i = 1 . . .M

Output: resampled particle sets at time t, {xn
i,t,

1
N
}Nn=1, i = 1 . . .M

(1) Initialization: k ← 1
1.a. Prediction: For each particle {xn

i,t−1}Nn=1 sample from p(xi,t|xn
i,t−1) to get

{xn
i,t}Nn=1.

1.b. Assign initial weights ωn
i,t,k, n = 1 . . . N and normalize. For instance, they can be

based on simple models of individual likelihoods or just set to 1/N .
1.c. Repeat 1.a and 1.b for i = 1 . . .M
(2) Iteration:
2.a Obtain the mean state of each object, i = 1 . . .M
x̄i,t,k =

∑
n ω

n
i,t,kx

n
i,t

2.b. Re-weight: For each sample {xn
i,t}Nn=1, set its weight to:

ωn
i,t,k+1 ∝ φ(Zt|X̂n

i,t,k)

where X̂n
i,t,k = {x̄1,t,k, . . . , x

n
i,t, . . . , x̄M,t,k}

2.c. Normalization: Normalize the weights ωn
i,t,k+1

2.d. Repeat 2.b and 2.c for i = 1 . . .M
2.e. Iteration: k ← k + 1, iterate until convergence.
(3) Result:
{xn

i,t, ω
n
i,t}Nn=1 ← {xn

i,t, ω
n
i,t,k}Nn=1 for each object i = 1 . . .M

(4) Resample:
resample {xn

i,t, ω
n
i,t}Nn=1 to get {xn

i,t,
1
N
}Nn=1 for each object i = 1 . . .M

Fig. 1. Sequential Mean Field Monte Carlo algorithm with joint likelihood

between two histograms, D(q, q∗). The first term in the exponential favours the
difference between the hypothesis and the background, while the second favours
its similarity with a reference object.

logφ(ZR
t |Xt) = λR

∑

i

|Ri|(−λbD(qi, q
∗
bg) + λfD(qi, q

∗
i )) (10)

Model parameters λR̄, λR, λb, λf weight the relative importance of each term
and give the likelihood a suitable bandwidth. |Ri| is the surface of region i.

3 Experiments

3.1 Football Sequence

We have tested our approach on the sequence of football players from VS-
PETS20031 data base, using the 2500 images in the TESTING/CAMERA3
directory. In this sequence there are many occlusions, some of them involving
more than two people. Players are modelled as 2D ellipses. Player state is a six-
dimensional vector, {y, x, h, w, vy, vx}: two coordinates, y-x, their two velocities,
a height, h, and a width, w. The dynamical model is a constant velocity model
in y-x with a velocity limit, and a Brownian model in the size. A weak prior in
1 http://www.cvg.cs.rdg.ac.uk/datasets/index.html
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Table 1. Number and kind of failures in the VS-PETS sequence

Coalescence Target lost Label interchange Total

0.2 1.2 1.4 2.8

h-w around typical human values is also considered. 50 particles per object were
used. The y-axis points downwards. In the view of the pitch used, it is reasonable
to assume that object A occludes object B if yA > yB and their images overlap.

Whenever there is no overlapping between the estimated and the ground
thruth bounding boxes, the tracking is resumed and an error is recorder. The
number of failures and their classification averaged over 5 runs are shown in
table 1. The computation time averaged over the sequence is shown in table 2.
About 22% of the time is spent in the calculation of the initial particle weights
and about 66% in the mean field iteration that refines them.

As we can deduce from table 1, our algorithm manages very well most oc-
clusions that occur in this well-known sequence. In Fig. 2 we show one of the
failures that often happens, representing the bounding box of the human ellipse
model. Two players of the same team stay for several frames at a similar position
and finally labels 29 and 38 are interchanged.

In [8], the same sequence was analysed using a Multiple Hypothesis Tracker
(MHT). 179 occlusions events were identified. The tracking was regarded as
successful if two corresponding tracked targets exist before the event and have
centers that are each within their ground truth targets after the event. MHT
successfully tracked targets in 136 events. Thus, a failure was found in 43 occlu-
sions. Despite the different approach for evaluating, it is clear that our method
reduces the number of failures. Running independent particle filters is hopeless
in this sequence, giving rise to several tens of failures.

Fig. 2. Inset of some frames during a tracking failure in the VS-PETS football sequence.
Frame numbers from left to right: 2215, 2227, 2235 and 2248. To be viewed in colour.

3.2 Indoor Surveillance Sequences

Next, we describe the results of our method on the indoor video set called
CAVIAR2. In particular, we have used selected parts of some of the sequences
2 http://homepages.inf.ed.ac.uk/rbf/CAVIAR/
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Table 2. Computation time, Pentium D 3GHz, 2GB RAM, non optimized C code

Sequence Number Time per frame and Time per Human height
of objects per object (s) frame (s) (pixels)

VS-PETS 4-20 0.029 0.407 35-60
CAVIAR-1 3 0.26 0.78 60-90
CAVIAR-2 5 0.63 3.15 60-140

Fig. 3. Selected frames of CAVIAR-2. Frame numbers from left to right and from top
to bottom: 426, 446, 456, 470, 478 and 506. To be viewed in colour.

of the “shopping center corridor view”, which show remarkable occlusions. We
have treated this sequence as the previous one, except that we model human
shape by a composition of three 2D ellipses corresponding to head, torso and
legs. The state of each person has six components {y, x, h, w, θ, vy, vx}: y-x are
the coordinates of the centroid and vy-vx their velocities; h is a scale parame-
ter that affects the three ellipses globally, while w is a width scale parameter
that affects only the width of the ellipses; finally, θ is a global orientation angle.
We use a constant velocity model in y-x and a Brownian model in the rest of
parameters, in conjunction with limits in θ, vy and vx.

About five occlusions occur in the selected parts analysed, which we call
CAVIAR-1 and CAVIAR-2, about 150 frames in total, and our algorithm does
not fail in any of them. An example is shown in Fig. 3 (sequence CAVIAR-2),
where we represent the average state too. Even though the labels are assigned
correctly after the occlusion, the sequence of frames in Fig. 3 shows noticeable
disturbance of the tracking. Image resolution provides a high detailed represen-
tation of a person that our simple model with three ellipses can not cope with.
This is likely to cause the disturbance. A more detailed human model would help
but at the expense of increasing the computation time.
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The computation time averaged over the sequence is shown in table 2, together
with some details about the number of people being tracked and their size. In
these sequences we do not reach several frames per second in contrast to the
previous experiment. There are several reasons for that. Firstly, the size of the
objects is larger, so we have to compute many more pixels. Secondly, our selection
of the region of interest for the likelihod computation is still non-optimal.

4 Conclusions

In this paper, we have dealt with occlusions using a Sequential Mean Field Monte
Carlo Method, which was only used to cope with pairwise Markov Random Field
in previous works. We have shown an approximation of the high dimensional
integral that appears in the exact Mean Field calculation. The algorithm has
been tested on several sequences, showing very good properties to avoid tracking
failures during occlusions. However the application of our approach is limited by
the high computation time if the target size is large. Thus our future work
will focus on decreasing the computation time and on comparison with other
approaches like Markov Chain Monte Carlo [3, 7].
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Abstract. Automatic network road extraction from high resolution re-
motely sensed images has been under study by computer scientists for
over 30 years. In fact, Conventional methods to create and update road
information rely heavily on manual work and therefore are very expen-
sive and time consuming. This paper presents an efficient and compu-
tationally fast method to extract road from very high resolution images
automatically. We propose in this paper a new approach for following
roads path based on a quaternionic wavelet transform insuring a good
local space-frequency analysis with very important directional selectivity.
In fact, the rich phase information given by this hypercomplex transform
overcomes the lack of shift invariance property shown by the real discrete
wavelet transform and the poor directional selectivity of both real and
complex wavelet transform.

Keywords: pattern recognition, features recognition, remote sensing,
network road extraction, quaternionic wavelet, time frequency localiza-
tion, high directional selectivity.

1 Introduction

With the development of remote sensing technology, especially the commercial-
ization of high spatial resolution satellite and aerial images. Many interesting
works have been devoted to road extraction. Among these, we could cite the
adaptive template matching [9], snakes model[8][12], perceptual grouping [10],
hyper-spectral approach [6], multi-scale or multi-resolution approach[3], GIS
data guided [11]. The concept for road network extraction is relatively simple,
but reliable processes remain a difficult challenge. There exists no generic algo-
rithm sufficiently reliable for all practical use. Road extraction remains largely,
at least in typical production environments, costly manual process [16]. Present
main approaches are those like dynamic programming [1], texture analysis ap-
plied to a single layer, Snakes [19], Markov fields [13], neural networks [20],
multiresolution analysis[4], multicriteria directional operator [14], mathematical
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morphology based on geometric shape [5]. All these models or algorithms are
mainly based on radiometric characteristics and geometric constraints of road
information in the imagery thus do not exploit fully the spectral information
of roads[14]. So that, the road extraction methods still have problems in popu-
larization and application, the extraction accuracy cannot satisfy the needs of
engineering application, the automation is in a relatively low level and the per-
formance is limited by either road materials or complex road networks. In this
work we introduce a fully automatic and robust new approach for network road
extraction based on spectral information in addition to radiometric character-
istics and geometric constraints of roads. In fact, the use of the quaternionic
wavelet underwrites a very important directional selectivity given by rich phase
information, in addition to the good locality in space-frequency domain.

2 Quaternionic Wavelet Transform

Despite the advantage of the locality in both spatial and frequency domain,
the wavelet pyramid of real-valued wavelets unfortunately has the drawback of
being neither translation-invariant nor rotations invariant [17]. As a result, no
procedure can yield phase information. This is one of the important reasons
why researchers are interested in hypercomplex wavelet transforms like com-
plex or the quaternion wavelet transforms. The quaternion wavelet transform
is a natural extension of the real and complex wavelet transform, taking into
account the axioms of the quaternion algebra, the quaternionic analytic signal
[2] It overcomes the shift dependence problem caused by discritization of the
continues real wavelet transform, in another hand, it really improve the power
of the phase concept witch in the real wavelets is not possible, and in the case
of the complex is limited to only one phase since the quaternion phase is com-
posed from three angles. As proved in [2], the multiresolution analysis can also
be straightforwardly extended to the quaternionic case. Eduardo proposed a
quaternionic wavelet based on Gabor filter where the wavelet scale function h
and the wavelet function g given by the equations:

hq = g(x, y, σ1, ε)exp(i
c1w1x

σ1
)exp(j

c2εw2y

σ1
) (1)

gq = g(x, y, σ2, ε)exp(i
c̃1w̃1x

σ2
)exp(j

c̃2εw̃2y

σ2
) (2)

Fig. 1. Quaternion wavelet filters with selective orientations (from the left): 15, 45, 75,
-75, -45, -15 degrees
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Fig. 2. Illustration of the pyramidal decomposition on quaternion wavelet: two levels

Note that the horizontal axis x is related with i and the vertical axis y is related
with j, both imaginary numbers of the quaternion algebra fulfill the equation
k=ji.

3 Our Approach for Network Road Extraction

The proposed work is composed of two main parts, the first consist in the local-
ization step of road portion essentially based on radiometric information. As a
result, this part provides us the control points. The second part, based on the
control points, the frequency orientation representation given by the quaternion
in wavelet decomposition in addition to the geometric information efficiently
extracts the road map.

3.1 Road Detection Algorithm

In this work we introduce a road model in high spatial resolution remotely sensed
images. This model is based on several properties with geometric and radiometric
characteristics. Since this, in our case, the geometric and radiometric characteris-
tics appear together, it is possible to apply a combination of these characteristics
by representing a segmentation algorithm. We assume that each road segment
is represented as an elongate rectangle has constant width and length, and they
branches from often wide angles. The flow diagram of automatic road extraction
process is shown in fig. 3. Automatic road extraction can be concentrated on
road model, which embody the global features and local features of the road.
So achieve to road detection, the key problem is correct description and under-
standing of the road and the establishment of appropriate road model. In this
section, an innovative method (see fig. 8) is presented to guide the road extrac-
tion in an urban scene starting from a single complex high-resolution image (for
details see)[15].

Fig. 3. Automatic road localisation process
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Fig. 4. Result of algorithm detection

3.2 Control Point Selection

The alternative approach we follow consists in creating a version of the object
that is as thin as possible, i.e. thinning the object to a set of idealised thin
lines. The resulting thin lines are called the skeleton, or medial axis, of the in-
put pattern and they are the thinnest representation of the original object that
preserves the topology aiding synthesis and understanding. The methods to ac-
complish this are called thinning, or skeletonisation. The detection of end points,
junction points and curve points of medial axis is important for a structural de-
scription that captures the topological information embedded in the skeleton.
The thin lines can be converted into a graph associating the curve points with
the edges, the end and the junction points with the vertices. Such a skeletal
graph can then be used as an input to graph matching algorithms [18][?]. In
this paper, we introduce algorithms for detecting controls points or skeletons
characteristic points (see fig.7) (end points, junction points and curve points)
based on a morphological approach. The skeleton image provided by the result
of applying the detection algorithm described in [7].

End points and junction points. Formally we define the end points, the
junctions points as follows:

Definition 1. A point of one-pixel width digital curve is an end point if it has
a single pixel among its 3×3 neighbourhood.

Definition 2. A point of one-pixel width digital curve is defined as a junction
point if it has more than two curve pixels among its 3×3 neighbourhood.

We propose another, purely morphological, method to detect end points and
junction points from a skeleton as follows. To extract the end points, we perform
erosion transform with the complement of each SE defining an end point, A, and
its rotations Θi(A) on the complement of X , X , we take the union of all the
results and then we intersect the union with X :

EndPoints(X) = [∪iεΘiA(X)] ∩X (3)

whereS = sumi[εΘi(A)(X)] and εΘi(A)(X) denote the erosion of X by Θi(A).
at the same time we are able to detect.
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Fig. 5. SEs for the end points: the fundamental A (in bold) and its rotations
(Θ1(A),Θ2(A), Θ3(A), ..., Θ7(A))in order

Fig. 6. SEs for the junction points: B (in bold) and its rotations
(Θ1(B),Θ2(B), Θ3(B), ..., Θ7(B)) in the top row and C (in bold) and its rota-
tions (Θ1(C), Θ2(C), Θ3(C), ..., Θ7(C)) in the bottom row, in order

According to the definition of junction points, only curve pixels are considered
in the neighbouring configuration. In the eight-connected square grid, we can
have two fundamental configurations corresponding to a junction point, B and
C, and their seven rotations of 45◦ (see fig. 6). Thus, the extraction of the
junction points from a skeleton is obtained by performing erosion transforms
with each SE (B,C) and their rotations, Θi(B) and, Θi(C) and then taking the
union of the results:

JunctionPoints(X) = [∪iεΘiB(X)] ∪ [∪iεΘiC(X)] (4)

All the curve points are trivially obtained by removing the end points and the
junction points from the skeleton.

Fig. 7. Result of Control point detection

3.3 Frequency and Orientation Guided Joining Logic

Apart from the homogeneity of the grey value along the road, the assessment of
the road hypotheses done in [16] is only based on geometric conditions. Spectral
properties are not used. To use as much knowledge as possible for the verification
of road hypotheses, we developed a new method for assessing road hypotheses
based on the rich quaternionic phase information. Effectively, the transforma-
tion of the image using the Gabor filter based quaternionic wavelet insure us 16
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Fig. 8. The corresponding discrete frequency value of the 4×3 pixels for two similar
radiometry region

frequency-orientation representation in each scale. Thus, we can observe the
stability of the spacial frequency in different orientations. We then calculate the
following parameters:

– Average of frequency in a given direction (fig. 8)
– Length Lmax<L<Lmin
– Average width Wmin<W<Wmax (fig.9)
– There exist parallel edges close to each other on both sides of the linear

feature.

Fig. 9. Geometric criteria for the assessment of road hypotheses

4 Experimental Results

The quaternionic wavelet based on Gabor filters are in quadrature, they are im-
plemented using parameters σ1 = Π

6 ,σ2 = 5Π
6 , c1=c2=3, w1 = 1, w2 = 1, ε=1

In our example we use 4 levels then we obtain 16 representations for each level
showing the distribution of the frequency in different orientation.When calcu-
lating frequency average characterizing roads, experiments shows that is equal
to 16. The proposed approach of automatic road extraction using quaternionic
wavelet from high spatial resolution images can improve the accuracy of road
extraction and reduce the effects of occlusions on roads such as shadows. The
precision and the performance of road Network are validated through a Quick-
bird satellite image with very high-resolution. It allows also a precise follow-up
of the roads and provides very good and concrete results(fig. 10).

Fig. 10. Final Road Network
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5 Conclusion

We present here a robust approach for road network extraction using strong
modeling tools, and giving pertinent results comparing with other approaches:
as a matter of fact we use a radiometry based method for the detection of road
portions then we introduce the mathematical morphology and squelitisation in
order to extract basic control points and finally we opt to the innovative quater-
nionic wavelet transform to get a rich space frequency representation of the
image in various orientation combined by the geometric information to finally
join the basic control points and get the network road extracted efficiently. Ex-
perimental results show that our approach has given precise and accurate result
for the detection of road networks from remote sensing images.
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Abstract. Land-use classification for hyper-spectral satellite images requires a
previous step of pixel characterization. In the easiest case, each pixel is character-
ized by its spectral curve. The improvement of the spectral and spatial resolution
in hyper-spectral sensors has led to very large data sets. Some researches have fo-
cused on better classifiers that can handle big amounts of data. Others have faced
the problem of band selection to reduce the dimensionality of the feature space.
However, thanks to the improvement in the spatial resolution of the sensors, spa-
tial information may also provide new features for hyper-spectral satellite data.
Here, an study on the influence of spectral-spatial features combined with an un-
supervised band selection method is presented. The results show that it is possible
to reduce very significantly the number of spectral bands required while having
an adequate description of the spectral-spatial characteristics of the image for
pixel classification tasks.

1 Introduction

Hyper-spectral images are the results of a detailed measurement of the spectra acquired
by a special sensor. Currently, some sensors can easily cover a spectral resolution of
10nm with a considerably high spatial resolution that can reach 1m per pixel for satel-
lite images. As a result, hyper-spectral images are composed by a very high number
of correlated bands (between 200 and 500 spectral bands). Dealing with this type of
images means facing a very high dimensional problem.

Since the usage of the whole hyper-spectral data set can fall into the course of di-
mensionality, several band selection methods have been studied in order to avoid the
large amount of correlated data, while keeping the discrimination between land cover
classes [1].

When the spatial resolution in hyper-spectral images was not high enough, major
efforts to improve pixel classification were done focusing at the classification stage by
simply using the spectral features provided by the sensors. These type of processing
often used neural networks [2], decision trees [3], Bayesian estimation [4] and kernel-
based methods [5] for the classification of the pixels in the images. In particular, Support
Vector Machines proved to obtain good performances in this task [6].

Because of the increase in the spatial resolution, spectral-spatial analysis has been
lately an issue of high interest for the improvement of hyper-spectral imaging charac-
terization [7] which is widely used for tasks like land-cover classification and segmen-
tation of remote sensing images. Some basic spatial features have been used like the
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mean value of a N × N window around a pixel, the standard deviation of the values
in this window, and the combination of the mean and standard deviation for a series
of window sizes [6]. On the other hand, textural analysis has been widely discussed
to study the spatial relationships in an image. This sort of features could be applied
over hyper-spectral images in order to have a better description of the spectral-spatial
properties. There exists a huge variety of methods [8]: co-occurrence matrices, wavelet
analysis, Gabor filtering, Local Binary Patterns, etc.

It is likely that improving the characterization of the image may help to reduce even
more the amount of spectral bands required for the classification task. To pursue this
goal, we have chosen two different spectral-spatial characterization methods. In first
place, simple statistics (mean and standard deviation) of the N ×N neighbors around
a pixel will be considered for each spectral band. Later, a Gabor filter bank will be used
to obtain features to describe the pixel in each band. Spectral-spatial feature extraction
will be presented in Section 2. The hyper-spectral database used in our experiments is
described in Section 3. The spectral-spatial methods proposed provide an improvement
over the spectral classification as will be shown in Section 4. Finally, we draw out
conclusions in Section 5.

2 Integration of Spatial Information in Imaging Characterization
Methods

Pixel characterization aims at obtaining one feature vector for each pixel to be used in
a pixel classification task in a multidimensional space. When only spectral data is used,
the feature vector for every pixel is defined as the spectral curve provided by the sensor.
The target of a spectral-spatial characterization method is to calculate a feature vector
using the spectral data given and this can whether replace the spectral feature vector or
being combined with it.

Let Ii(x, y) be the ith band of an image containing B bands. When the spectral curve
is used as the feature vector for each pixel in the image this vector is simply composed
of the values provided by the sensor, that is:

ψx,y =
{
Ii(x, y)

}B

i=1
(1)

2.1 Basic Spatial Characterization

Spectral-spatial analysis of the image is based on a series of values extracted from
spatial operations involving its neighbor pixels (spatial features) [9]. Frequently the
two statistics used are the mean and the standard deviation of the neighborhood. This
is a very simple method to include spatial information obtaining only 2 features per
pixel [6].

Let M i
n(x, y) be the window n × n centered in the pixel (x, y) of the spectral band

i. Then, the feature vector for this pixel is defined by:

φx,y =
{
mean(M i

n(x, y)), standard deviation(M i
n(x, y))

}B

i=1
(2)
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It is also possible to concatenate the features calculated from several window sizes
(i.e. n = 3, 5, 7, 9) increasing the size of the vector φ depending on the number of
windows used. This provides a multi-scale or multi-resolution description of the image.

2.2 Feature Extraction Based on Gabor Filters

Several features have been suggested in the literature for the description of texture infor-
mation [8]. In this paper Gabor filtering will be used because, in general, they have pro-
vided the best results in different sort of texture characterization experiments [10] [11].
In this case, features are obtained by filtering the input image with a set of filters. The
set of outputs obtained for each pixel in the image forms its feature vector. Here, the
filter bank is defined to be a set of two-dimensional Gabor filters. Each Gabor filter is
characterized by a preferred orientation and a preferred spatial frequency (scale). The
filter acts as a local band-pass filter with optimal joint localization properties in the
spatial domain and the frequency domain [12].

Gabor filters consist essentially of sine and cosine functions modulated by a Gaussian
envelope. They can be defined by equation (3) where m is the index for the scale, n for
the orientation and um is the central frequency of the scale [12].

fmn(x, y) =
1

2πσ2
m

exp

{

−x
2 + y2

2σ2
m

}

× cos(2π(umx cos θn + umy sin θn)) (3)

Notice that set the condition fmn(0, 0) = 0 dismisses completely the effect of the
measurements themselves and making the analysis independent from the pixel spectral
values themselves.

Note that Gabor filters will be used in this case as a multi-dimensional extension
of the technique designed for mono-channel images. In this way, multi-spectral images
will be simply decomposed into separated channels and the same feature extraction
process will be performed over each channel as shows equation (4).

hi
mn(x, y) = Ii(x, y) ∗ fmn(x, y) (4)

These responses are used to construct the final feature vector for each pixel.

Υx,y = {hi
mn(x, y)}∀i,m,n (5)

3 Hyper-spectral Data Set

To pursue the experimental campaign a widely used hyper-spectral database has been
used, 92AV3C, known as AVIRIS. Figure 1 show a color composition, its corresponding
ground-truth and the classes in it.

Hyper-spectral image data 92AV3C was provided by the Airborne Visible Infrared
Imaging Spectrometer (AVIRIS) and acquired over the Indian Pine Test Site in North-
western Indiana in 1992. From the 220 bands that composed the image, 20 are usually
ignored because of the noise (the ones that cover the region of water absorption or with
low SNR [7]). The image has a spatial dimension of 145×145 pixels. Spatial resolution
is 20m per pixel. Fig. 1 shows the sixteen available classes, ranging from 20 to 2468 pix-
els in size. In it, three different growing states of soya can be found, together with other
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(a)

(b)

class color No. of samples

Stone-steel towers 95
Hay-windrowed 489

Corn-min till 834
Soybeans-no till 968

Alfalfa 54
Soybeans-clean till 614

Grass/pasture 497
Woods 1294

Bldg-Grass-Tree-Drives 380
Grass/pasture-mowed 26

Corn 234
Oats 20

Corn-no till 1434
Soybeans-min till 2468

Grass/trees 747
Wheat 212

(c)

Fig. 1. Hyper-spectral image AVIRIS (92AV3C). a)Color composition. b)Ground-truth. c)Target
classes contained.

three different growing states of corn, woods, pasture and trees are the larger classes in
terms of number of samples (pixels). Due to the small size of the rest of classes they
are frequently dismissed in literature. In this paper, we will perform experiments using
both 16 and 9 classes.

4 Spectral/Spatial Classification Results

As it has been pointed out, remote sensing has to deal with high dimensional feature
vector where features are highly correlated. Consequently, band selection methods are
frequently used. In our case, a band selection method presented by Martinez et al. in [1]
has been used. Let D be a number of spectral bands such as D ≤ B, where B is the
total number of bands included in the database. This method provides the best set of
D bands in term of uncorrelated information. It is based on a clustering approach that
joins groups of bands depending on their mutual information. Once a partition of D
groups is available, a representative band from each group is selected.

4.1 Classification Task

In Figures 2 and 3 a global view of the classification results using different spectral-
spatial characterization methods can be found. The classification rates using only spec-
tral information has also been included to be considered as a baseline reference. These
results show the overall accuracy for four different sizes of windows to extract spatial
information of the pixels (3× 3, 5× 5, 7× 7, 9× 9), the combinations of these spatial
features which is just a concatenation of all of them, and the Gabor textural features
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using two scales and four orientations. Every characterization method has been tested
with the corresponding set of bands provided by the band selection algorithm from 1 to
15. Also the task with all bands in the dataset has been performed and can be observed
in Table 1.

In these experiments, the pixels that form the whole image were divided into twenty
non overlapping sets, keeping the a priori probability of each class. Therefore, no re-
dundancies are introduced and each set is a representative set of the original image. The
same sets of pixels are used in all experiments. Ten classification attempts were carried
out with the k-nearest neighbor classifier with k = 3 and the mean of the error rates of
these attempts was taken as the final performance of the classifier for this experiment.
Each classification attempt uses one of these sets for training and another set for testing.
Each set is never used twice, so the attempts are totally independent.

Experiments using all 16 available classes are shown in Figure 2. As an alternative,
experiments excluding the classes with a reduced number of samples have also been
carried out using the same criterion as in [6]. Their results are presented in Figure 3.
Better results, as expected, were got in this case. Small classes represent small structures
in the image that are hard to recognize since their size is not enough to be capture by
spatial features. Furthermore, some neighborhoods may be too big that several spatial
structures could be considered at a time.

Fig. 2. Pixel classification rates for the 92AV3C database using all 16 classes. The number of
spectral bands selected varies from 1 to 15.

Significant differences were obtained between spectral-spatial features and only spec-
tral features even if the basic spatial features were used. Regarding these last sort of
features, observe also that the larger the neighborhood used, the better classification re-
sults were obtained. Also, the concatenation of features obtained using different window
sizes did not improve the results provided by using only the largest window. This means
that, in this case, the spatial characterization is more reliable when we describe pixels
by a fairly stable neighborhood. Furthermore, Gabor textural features outperformed all
other methods very significantly. This points out that detailed spatial information is
really discriminative for land use classification in this sort of images.
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Fig. 3. Pixel classification rates for 92AV3C database using only the main 9 classes. The number
of spectral bands selected varies from 1 to 15.

The differences between the characterization methods are not only due to the final
classification rates obtained. Note also, that the number of spectral bands required to
reach the stable behavior (where more spectral bands do not improve the classification
results) is quite different. While spectral features require more than 12 bands, basic
spatial features reach the stable zone with only 6–8 bands, while Gabor textural features
required only 2–3 spectral bands.

In Table 1 the results obtained for several numbers of spectral bands can be compared
with those obtain when using all 200 bands. Notice that, no matter the set of features
used, no improvement is obtained by increasing the incoming data although the size of
the problem is considerably increased.

Table 1. Accuracy for the 16 classes classification experiments of the 92AV3C dataset using
different features. Results from the first sets of bands have been included together with the results
obtained using the complete database (200 spectral bands).

Characterization methods
# of

spectral bands
Spectral

information
Spatial

window 9× 9
Spatial

All windows
Gabor

features

1 34.964 39.916 42.367 88.049
3 48.361 70.451 69.851 91.885
5 59.652 72.612 72.939 90.553
7 59.765 72.957 73.212 91.036
9 64.534 72.879 73.635 90.977

200 52.849 73.521 73.633 90.456

4.2 Segmentation Results

Since the problem we are tackling involve land-use pixel classification, the percentages
of correct may not be enough to appreciate the goodness of the results. Pixel classifica-
tion experiments assign a class label to each pixel in the test set. If we represent these
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labels in the position of their corresponding pixels we will obtain a segmentation map
of the processed image. In Figure 4 this representation of the results is shown where
misclassified pixels (errors) are represented in white color, while the rest of pixels are
represented by their own class color as presented in the ground-truth shown in Figure 1.
The results shown correspond to classification experiments where only one set of pixels
was used for training (5% of the pixels in the image) and the other 19 sets of pixels
were used for testing, using 10 spectral bands. Only the results for three characteriza-
tion methods are shown. On the left, the results using the basic spatial features extracted
from all different window sizes (3 × 3, 5 × 5, 7 × 7, 9 × 9) are shown. Results using
Gabor features are shown in the center of the figure. The results obtained using only
spectral information are presented on the right.

Observe how the errors are distributed over the different classes. Spectral features
(on the right) suffer from salt and pepper classification noise since the error is all over
the areas an is not localized. However, when using Gabor textural features, the errors are
located mainly in small areas and at the borders of the classes were the spatial features
are mixing information from the heterogenous background. We could say that the areas
recognized using these features are more homogeneous. In the case of the basic spatial
features, the errors are distributed in a similar way to the ones obtained using Gabor
features but the results are worse in this case, so the misclassified pixels extent deeper
inside the classes.

(a) (b) (c)

Fig. 4. Pixel classification results using 5% of the pixels for training for the 16 classes of the
92AV3C database, using 10 spectral bands. (a) Basic spatial features for all window sizes consid-
ered (b) Gabor textural features (c) Spectral features.

5 Conclusions

An experimental campaign over the 92AV3C dataset has been performed using several
spectral-spatial characterization methods. Among them, the basic spatial features using
simple statistics derived from a neighborhood and a Gabor textural features for a filter
bank with two scales and four orientations have been used. Both basic and Gabor fea-
tures outperform the naive spectral classification pointing out that taking advantage of
the spatial resolution in the image is highly recommended for pixel classification tasks.
Besides, Gabor textural features have provided very good classification results using a
basic K-nearest neighbor classifier. Spectral features never provided results close to the
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ones obtained using spatial information even when all two hundred spectral features
were considered. In the segmentation experiments, spatial features have also proven
their good performance providing quite homogenous regions and keeping the classifi-
cation errors near the boundaries of the classes due to the influence of the heterogenous
background. Furthermore, the good classification results obtained using spatial features
required a minor number of spectral bands. Therefore, the use of spatial information
can reduce the number of spectral bands required for pixel classification tasks and, at
the same time, improve the rates of pixel classification.
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Natural Material Segmentation and Classification Using
Polarisation

Nitya Subramaniam, Gul e Saman, and Edwin R. Hancock�
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Abstract. This paper uses polarisation information for surface segmentation
based on material reflectance characteristics. Both polarised and unpolarised light
is used, and the method is hence applicable to both specular or diffuse polarisa-
tion. We use moments to estimate the mean-intensity, polarisation and phase from
images obtained with multiple polariser orientations. From the Fresnel theory, the
azimuth angle of the surface normal is determined by the phase angle and for a
limited range of refractive index the zenith angle is determined by the degree of
polarisation. Using these properties, we show how the angular distribution of the
mean intensity for remitted light can be parameterised using spherical harmonics.
We explore two applications of our technique, namely a) detecting skin lesions
in damaged fruit, and b) exploiting spherical harmonic co-efficients to segment
surfaces into regions of different material composition using normalized graph
cuts.

Keywords: Image classification, Image region analysis, Image segmentation,
Image texture analysis.

1 Introduction

Polarisation is an important source of information conveyed by light, which is used to
augment the visual capabilities of certain animals (e.g. the Mantis shrimp). Although
the human vision system is insensitive to polarisation, it has proved to be a useful addi-
tional source of information in machine vision applications [13]. Polarisation imaging
has been used to develop a variety of machine vision techniques, including surface qual-
ity inspection [10], shape recovery [1], [5] and material characterisation [9], [3]. Ad-
ditionally, polarisation can also be used to infer information concerning the reflectance
properties of surfaces. For instance, Atkinson and Hancock have shown in [2] how
diffuse polarisation can be used to estimate the bidirectional reflectance function. How-
ever, their method is computationally demanding, using simulated annealing to estimate
the BRDF.

Wolff has [9] used the Fresnel theory of light to develop a polarisation based method
for differentiating between metal surfaces and dielectrics.The Fresnel theory of light
(see [7], [4]) is a quantitative description of reflection and refraction at a smooth bound-
ary between two media. The analysis is relatively straightforward for dielectrics, but the
situation is less tractable for metals due to the induction of surface currents by the time
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varying electromagnetic field of light. In dielectrics, polarisation in remitted light may
arise in two different ways. In the case of specular polarisation, initially polarised light
is reflected in the specular direction. For diffuse polarisation, initially unpolarised light
is refracted into the surface and the remitted light acquires a spontaneous polarisation.
In both cases, the zenith angle of the reflected or remitted light is determined by the
degree of polarisation and the azimuth angle determines the phase angle.

Metals and dielectrics can be differentiated on the basis of the phase of the polarisa-
tion as metal retards light waves and hence, changes the phase of the polarisation of the
incident light wave on specular reflection while there is no change in the phase of the
polarisation of the incident light for dielectrics [8].

In this paper, we adopt a simpler approach of the problem. For fixed light source
direction and naturally occuring samples, provided that the range of refractive indices
for different materials in a scene is limited, the polaristion image allows the angular
distribution of reflected or remitted light to be estimated. Here we parameterise the
distribution using spherical harmonics. Vectors of harmonic coefficients are then used to
characterise the reflectance distribution on a pixel-by-pixel basis. We can then segment
a scene into regions of different reflectance properties using the coefficient vectors.
Here we compute, the difference in reflectance characteristics using the Mahalanobis
distance between coefficient vectors and by using normalised cuts [12] to segment the
scene into regions of different material composition.

2 Polarisation Image

When scattered light is measured through a linear polarising filter, the intensity changes
as a sinusoidal function of the polariser angle αp and the transmitted radiance sinusoid
(TRS) is given by:

I(αp) =
(Imax + Imin)

2
+

(Imax − Imin)
2

cos(2αp − 2φ) (1)

where Imax is the maximum brightness, Imin the minimum brightness and φ the phase
angle. It is more convenient to write the above formula in terms of the mean-intensity:
Î = (Imax + Imin)/2 and the degree of polarisation ρ:
I(αp) = Î(1 + ρ cos(2αp − 2φ)).

Suppose that we take N equally spaced polarisation images, so that the polariser
angle index is p = 1, 2, ..., N . Let xp = (I(αp) − Î)/Î , x̂ = 1/N

∑N
p=1 xp and

σ2 = 1/N
∑N

p=1(xp − x̂)2.
The moments estimators of the three components of the polarisation image are the

mean intensity, degree of polarization and phase:
Î = 1/N

∑N
p=1 I(αp), ρ =

√
2/πσ and φ = 1/2 cos−1(〈x̂ cos(2α)〉/πρ).

We use a moment-based method together with least squares fitting to estimate the
degree and phase of polarisation in the scattered light. To improve the robustness of our
calculation, observations with large deviations (more than 25% of the TRS amplitude)
are not used in the estimation.

From the Fresnel theory, it is straightforward to show that the azimuth angle for re-
flected polarised light or remitted diffusely polarised light is equal to the phase angle,
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φ [9]. The zenith angle, θ depends on whether the polarisation is specular or diffuse.
For diffuse polarisation, the polarisation degree is:

ρd = (n−1/n)2 sin2 θ

2−2n2−(n+1/n)2 sin2 θ+4 cos θ
√

n2−sin2 θ
while the degree of specular polarisation

is:ρs = 2 sin2 θ cos θ
√

n2−sin2 θ

n2−sin2 θ−n2 sin2 θ+2 sin4 θ
where n is the refractive index.

Here we aim to use the above equations to analyse the distribution of relectance from
approximately planar samples of different material. Provided we know whether we are
measuring the specular polarisation of reflected polarised light, or the diffuse polari-
sation of remitted initially unpolarised light, then θ and φ are the zenith and azimuth
angles of light with respect to the surface normal. We assume the range of refractive
index is small, and can be treated as a constant (n = 1.45), which is typical of a wide
range of dielectrics.

3 Reflectance Distributions

The observation underpinning this paper is that under the restrictions of sample pla-
narity and slowly varying refractive index, the polarisation image allows us to mea-
sure the distribution of mean intensity, Î with the zenith and azimuth angle of remitted
light, θ and φ. To provide some illustrative motivation, Fig.1 shows a scatter plot of
the intensity versus the degree of polarisation and surface azimuth angle for real and
plastic leaves. The leaves are approximately planar, and the angle of incidence is ap-
proximately 15 ◦. Here we work with initially unpolarised light and use the formula for
diffuse reflectance to estimate the zenith angle from the measured polarisation. There
are a number of features to note from the plot. First, the distributions are quite different
for the two materials. We attribute this to the fact that natural leaves have a layered
sub-surface structure, which affects distribution of remitted light through subsurface re-
fraction according to Snell’s law. Artifical leaves do not exhibit such structure. Second,
when the refractive index is changed within the known range for dielectrics, there is

Fig. 1. (Top row) plastic and (Bottom row) real leaves, Scatter plots: The variations in pixel
intensity plotted against ρ and φ
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a small shift in the plots at all zenith angles. Since the shift is uniform, the effect of
approximating refractive index in the feature calculations can be neglected. Thus, we
demonstrate that polarisation information can be used for material-based classification
in applications where colour-space classification may fail.

3.1 Calculating Spherical Harmonic Features

Our idea is to parameterise the distribution of mean intensity as a function of the
azimuth and zenith angles. The polarisation image consists of a set of triples [P =
{(Îi, ρi, φi), i = 1, ..., M}] from which we compute the set [D = {(Îi, θi, φi), i =
1, ..., M}]. Using the expression for diffuse polarisation in terms of zenith angle in
(??). The distribution of mean image intensity at each pixel is expressed as a function
of azimuth and zenith angles. Any such spherically symmetric function f(θ, φ) can
then be expressed as a weighted sum of the orthonormal basis functions Y m

l (called the
spherical harmonics of degree l and order m) as follows:

f(θ, φ) =
∞∑

l=1

l∑

m=−l

al,mY m
l (θ, φ), a ∈ R (2)

where Y m
l (θ, φ) is a function of the associated Legendre polynomials Pm

l (z) with z =

cos θ, given by Y m
l (θ, φ) =

√
2l+1
4π

(l−m)!
(l+m)!P

m
l (cos θ)eimφ.

Using the orthonormality properties of the spherical harmonics, the coefficients are
given by

al,m =
∫ 2π

0

∫ π

0

f(θ, φ)Y m
l (θ, φ) sin θ dθ dφ. (3)

From (3), we obtain the following moments estimators of the spherical harmonic
coefficients al,m = 1

M

∑M
i=1 ÎiY

m
l (θi, φi) of the mean-intensity distribution.

In practice we estimate the set of coefficients over non-overlapping 10x10 blocks
of pixels, and truncate the spherical harmonic expansion at l = 8 with m varying
from −l to l. As a result the mean intensity distribution in each pixel block is param-
eterised by a 81 element vector of spherical harmonic coefficients A = [a0,0, a1,−1,
a1,0, a1,1, ..., a8,8]T .

The estimation of harmonic functions in the literature includes residual fitting ap-
proaches by [11] and the spherical Fast Fourier Transform by [6]. We use a MATLAB
function to compute the Legendre polynomials and a moments based approach to esti-
mate the coefficients, al,m. We divide the image into windows and calculate the average
coefficients over each window. The window size is chosen to ensure that the instensity
function is a reasonable representation of shape while taking care to not over-smooth
the features.

3.2 Distribution of Information in the Feature Vector

We aim to use the coefficient vectors for both segmenting and classifying regions in
scenes. To this end we commence by computing the variance matrix over blocks of
the image. If the image blocks are indexed by k = 1, ..., L and the k-th block has
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coefficient Ak, then the mean coefficient vector is Â = 1/L
∑L

k=1 Ak and the co-
variance matrix is ΣA = 1/L

∑L
k=1(Ak − Â)(Ak − Â)T . The Mahalanobis dis-

tance between the coefficient vectors for the blocks indexed k1 and k2 is Dk1,k2 =
(Ak1 −Ak2)T Σ−1

A (Ak1 −Ak2).
From the Mahalanobis distance we compute the L × L block affinity matrix S with

elements S(k1, k2) = exp[−Dk1,k2 ]. We segment the polarisation image into regions
by recursively applying Shi and Malik’s [12] algorithm to the affinity matrix.

4 Experiments

We explore two experimental applications of our new technique. First, we aim to use
polarisation information to detect skin lesions in damaged fruit. Second, we aim to
use the method to segment scenes into regions of different material composition. The
images used in our study are recorded in a darkened room with matte black walls and
working surfaces. The studied objects and the camera are positioned on the same axis
and a halogen light source (visible spectrum) is positioned at approximately 15 ◦ from
the viewing axis for the leaves and 20 ◦ for the fruits experiment, to reduce specular
reflection. Linear polarising filters are placed in front of the source and the camera. The
camera polaroid is rotated through 180 ◦ at 30 ◦ and 10 ◦ intervals, respectively for the
leaves and fruit. The images are captured with fixed aperture size and exposure time,
using a Nikon D200 camera. Further experiments have been conducted in uncontrolled
environments with natural light and outdoor scenes, with encouraging results.

4.1 Skin Lesions

We have taken a subimage of size 240× 240 pixels to study, which shows the affected
area of the plum. The degree and phase of diffuse polarisation are shown in Fig.2 for
different stages of rotting. There are a number of features to note from the polarisa-
tion data. First, the degree and phase of polarisation reveal the boundaries between the
undamaged and bruised surface regions in the scene.

Fig. 2. (Left to Right)Polarisation phase on day 3 and day 4 showing changes in increasing stages
of rotting for apple and plum, respectively

Figure 3 shows the spherical harmonic coefficients for the two subimages. The main
feature to note is that the different objects define different regions in the data and that
the co-efficient variation is greatest in the damaged areas.
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Fig. 3. Spherical harmonic coefficients for the section containing apple and plum for l=0,1 and 2
and positive values of m

Fig. 4. The feature vector for the section of the test scene with apple and plum (Top row) relatively
fresh (day 3) and (Bottom row) rotten (day 4)

Fig. 5. Components of the polarisation image computed in unpolarised light (Top row) and po-
larised light(Bottom row)for the leaf scene are shown

The polarisation degree captures edges and fine surface texture in unpolarised light
and coarse features in polarised light. The polarisation phase captures more surface de-
tail in unpolarised light than in polarised light as demonstrated in Fig.5 for a mixed
scene of objects. We have performed PCA on the coefficient vector covariance matrix
ΣA. The results are shown in Fig.6 and 4 which show the first four principal compo-
nents which accout for 95% of the variance. These four components are used to compute
a block-by-block feature vector. The features emphasize the vascular structure of real
leaves and are weaker in polarised light. They also show the difference in the healthy
and rotten fruit tissues. Different fruits can be seen in Fig.4 because of the sponta-
neous polarisation of light. Multiple scattering within the real leaf is harder to detect in
strongly polarised light, however the shape vector is unaffected.
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Fig. 6. Feature images (Left to Right): The first four features calculated from pca-mapped spher-
ical harmonics coefficients

Fig. 7. Segmentation: The image is segmented using normalized cuts into (Left to Right) back-
ground, natural leaves and plastic leaves

Fig. 8. Segmentation results: The segmentation for section of apple and plum, with each segment
coded in a different graylevel. The first two images are for (day 3), while the last two are for
(day 4).

4.2 Region Segmentation

To take this study one step further, we have explored whether the spherical harmonic
co-efficients can be used to segment a scene into surfaces of different material com-
position. The results of segmenting the leaf scene, using the normalized graph cuts
algorithm from [12] are shown in Fig.8. These results were obtained with 81 and 289
features from spherical harmonic coefficients up to degree 8 and 16 on 660x720 and
240x240 images for leaves and fruits, respectively. The affinity matrix was computed
using the Mahalanobis distances between the feature vectors in blocks of 10x10 and
8x8 pixels, respectively for leaves and fruits. Specularities cause some difficulty in
correct segmentation when using polarised light. The segmentation is better in unpo-
larised light even in the presence of specularities, due to stronger degree of spontaneous
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polarisation which results in stronger discrimination in the coefficient features. The re-
sults shown represent a sample of the segmentation results obtained. Additional materi-
als have been studied and these include plastic and natural leaves, military camouflage
net, fresh and rotten fruits.

5 Conclusions

In this paper we have explored the use of polarisation information for surface segmen-
tation and classification. Our idea is to parameterise the polarisation image using spher-
ical harmonic co-efficients, and to use the co-efficients as a means of characterising
surface properties. The characterisation has proved effective both in locating damaged
regions of skin for fruit, and for segmenting scenes into regions of different material
composition.
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Reflection Component Separation Using Statistical
Analysis and Polarisation
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Abstract. We show how to cast the problem of specularity subtraction as blind
source separation from polarisation images. We commence by summarizing the
relationships between the specular and diffuse reflection components for
polarised images. We show how to use singular value decomposition for com-
ponent separation. In particular, we show how reliable results can be obtained
using three images acquired with different polariser angles under diffuse reflec-
tion. The proposed method can be used as the preprocessing step in shape from
shading, segmentation, reflectance estimation and many other computer vision
applications.

1 Introduction

Reflectance estimation is a key problem in computer vision and graphics. It has found
widespread use in areas such as surface inspection and object rendering, with applica-
tion in both the video game and film industries. Any light which is incident on a surface,
will undergo two reflections which are specular and diffuse [11]. When performing re-
flectance estimation from images, the process can be simplified if the two components
are separated beforehand. One way of doing so is to follow Ragheb and Hancock [12]
and to fit a statistical mixture of specular and diffuse distributions across the object sur-
face using shape-from-shading. Lin and Lee [7], on the other hand, separate the diffuse
and specular components using photometric stereo, whilst simultaneously recovering
surface height. In common with Ragheb and Hancock, they also use the Cook-Torrance
model for reflectance model fitting, but eventually opt for the Lafortune model for rea-
sons of greater flexibility when dealing with multiple reflection components. Wu and
Tang [17] have extended this method to deal not only with specular and diffuse compo-
nents, but also with a subsurface scattering component.

A more direct way to separate the reflectance components is to use polarisation im-
ages. Underpinning this approach is Fresnel theory, which explains the way polarised
light interacts with surfaces. For dielectrics, the analysis is straightforward, but for met-
als the situation is less tractable due to the induction of surface currents by the time
varying electromagnetic field. For dielectrics, polarisation may arise in two different
ways. In the case of specular polarisation, initially polarised light is reflected in the
specular direction. For diffuse polarisation, initially unpolarised light is refracted into
the surface and the re-emitted light acquires a spontaneous polarisation. In both cases
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the zenith angle of the reflected or re-emitted light is constrained by the degree of polar-
isation, and the azimuth angle is constrained by the phase angle. Such results have been
used to develop a number of machine vision techniques including methods for surface
quality inspection [10] and surface shape recovery [1],[9],[13].

Polarisation can also be applied to infer information concerning the reflectance prop-
erties of surfaces. For instance, Atkinson and Hancock show [2] how diffuse polar-
isation can be used to estimate the bidirectional reflectance function. However, their
method is computationally demanding, using simulated annealing to estimate the BRDF.
There have been several attempts to use polarisation information for reflectance analy-
sis. Nayar et al. [11] extend the dichromatic reflection model to incorporate both color
and polarisation. Ma et al. [8] use structured light (four spherical gradient illumination
patterns) to estimate surface normal direction, and show how polarised light can be used
to estimate the diffuse and specular normal maps independently.

Here we aim to use statistical methods to separate the diffuse and specular com-
ponents of reflection. Specifically, we pose the problem as Blind Source Separation
(BSS). Stated succinctly, we aim to extract the underlying source signal from a set of
linear mixtures, where the mixing matrix is unknown [6]. The technique of BSS has
found applications in the removal of reflections from transparent glass surfaces. Exam-
ples include the work of Fraid and Adelson [4], which presents a simple method for
solving the problems. Bronstein et al. [3] use sparse ICA to perform the separation and
achieve better results at the expense of a more complicated algorithm, and Umeyama
and Goldin [14] extend the method of Bronstein et al. using a single polariser. However,
it cannot be used in the case where the light source is polarised, and the knowledge of
phase angle is not considered, which is an important factor in the polarisation vision.
Here, we extend the work in [14] and introduce a new method which addresses the
above issues, and can perform the separation in a much faster way. We experimentally
verify that our method gives good results for both polarised and unpolarised source
illumination.

2 Polarisation

One disadvantage of many existing methods that apply polarisation information to re-
flectance estimation is that a sequence of images with varying polariser angle must be
obtained in order to achieve robust estimation of the mean intensity, degree of polar-
isation and phase [16]. As there are three unknown variables, three images obtained
with different polarisation orientations should be sufficient to perform the estimation.
However, in practice more images are needed to achieve robustness against noise or ex-
perimental systematics [11]. The problem is exacerbated when the object under study
is not static. For example, [15] introduces a method to separate the two reflectance
components using only three photos taken in three different polarisation orientations as
0, 45 and 90 degrees. However, such method usually cannot be used in practice as a
significant amount of noise is present, which drastically degrades results.

Here, we introduce the method to separate the reflectance components using
Blind Source Separation and the theory of polarisation, which can tolerate reasonable
amounts of noise from the images. The method can complete the separation without the
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information of polariser angles. This is an improvement from the standard method in
the past, and it can be applied to the experiments when using non-calibrated polarisation
filters.

When scattered light is measured through a linear polarizing filter, the intensity
changes as the polariser angle θ is rotated. The measured intensity follows the trans-
mitted radiance sinusoid (TRS) given by:

I(θ) =
(Imax + Imin)

2
+

(Imax − Imin)
2

cos(2θ − 2φ) . (1)

where Imax is the maximum brightness, Imin is the minimum, and φ is the phase angle,
that corresponds to the angle of maximum transmission. In [11], part of the specular
component, denoted as Isv , is changed with the polarisation angles, while as the rest
remains constant Isc. Following the definition in [11] where the diffuse component is
Id = Imin and assuming the specular component Is = Imax − Imin = 2Isc = 2Isv , (2)
can be rewritten as

I(θ) = Id +
Is

2
+

Is

2
cos 2θ cos 2φ +

Is

2
sin 2θ sin 2φ . (2)

Our method requires three M ×N images captured under different polariser orien-
tations θ1,θ2 and θ3. Each image is converted into a long-vector of length MN , and the
observation matrix X is denoted as (x1|x2|x3), where xi is the long-vector by stacking
the columns of the i-th polarisation image. We capture the two-components reflectance
process using the matrix

C = [(Jd +
1
2
Js), (

1
2
Js cos 2φ), (

1
2
Js sin 2φ)] = (Ca|Cb|Cc) . (3)

In the above, Jd and Js are long-vectors of length MN that contain the diffuse and
specular reflectance components Id and Is as elements. With these ingredients we can
relate the observed polarised image data to the two component reflectance model via:

X = CAT , A =

⎡

⎣
1 cos 2θ1 sin 2θ1

1 cos 2θ2 sin 2θ2

1 cos 2θ3 sin 2θ3

⎤

⎦ . (4)

By solving this equation, we can estimate the elements of C and hence recover the
phase angle together with separated reflectance components using φ = 1

2
tan−1(Cc

Cb
),

Js = 2
√

C2
b + C2

c and Jd = Ca − 2
√

C2
b + C2

c .

3 Blind Source Separation

We commence by applying Singular Vector Decomposition (SVD) to the data matrix X
which contains the stacked polarisation images. When performing component analysis,
it is normal to center the data matrix. However, here we can not perform this operation
since it will distort the diffuse reflectance component. Also, as [14] shows, using SVD
for component separation without whitening remains valid according to experimental
results. The SVD equation of the data matrix X gives X = UDV T = PV T , where
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U is the MN × 3 left eigenvector matrix, D the 3 × 3 diagonal matrix of singular
values, and V the 3× 3 right eigenvector matrix.

To simplify the equation we let P = U D. To recover the matrix C , we define
P = kCW−1, and V = k−1AW T , where k is a scaling parameter and W is a 3× 3
weighting matrix satisfying the constraint |W | = 1. To calculate the scaling parameter
k we note that Ca = (Jd + 1

2Js) is close to E(i) = 1
3 [x1(i) + x2(i) + x3(i)], which

is the mean intensity at pixel i from X . We define a region of interest, L, which will
exclude all background areas of the image. Then we have a simple expression for our
scaling factor:

k =
∑

i∈L E(i)
∑

i∈L Ca(i)
. (5)

All that remains is to determine W . Since |W | = 1, we can have

|W T | = |W | = k−1 |A|
|V | = 1 . (6)

In the above, the values of the elements of P are given by SVD and the unknown
elements of the matrix A are determined by the values of θ1, θ2 and θ3. However, from
(6) if estimates of θ1 and θ2 are to hand, then the constraint that |W | = 1 determines the
value of θ3. We may calculate the two angles θ1 and θ2 by exhaustive search [14], which
will give a globally optimal solution, but is also time-consuming. Here instead we use
Newton’s method for estimating W , because of its rapid (quadratic) convergence.

4 Iteration Process

We use Newton’s method to estimate θ1 and θ2. The iteration process is initialised so
that the two angles are determined by assuming A(0) = kV , which we have

θ
(0)
1 =

1
2

arcsin

⎛

⎝
V (1,2)

√
V 2

(1,2) + V 2
(1,3)

⎞

⎠ , θ
(0)
2 =

1
2

arcsin

⎛

⎝
V (2,2)

√
V 2

(2,2) + V 2
(2,3)

⎞

⎠ .

(7)
and then we use (6) to compute θ

(0)
3 . With the three angles to hand, an initial estimate

of the matrix A, i.e. A(0), so we can have C(0) of the matrix C from (4), which yields
values for the diffuse and specular components J

(0)
s , J

(0)
d together with the phase angle

φ(0) from (3).
To apply the Newton method, we require a measure of error. Here we use a smooth-

ness criterion based on the local variance of the diffuse component of intensity. Firstly,
we select a set of pixels within the region R(0), where the intensities in the specu-
lar component J

(0)
s are higher than its mean value. That is i ∈ R(0), if J

(0)
s (i) ≥

J̄
(0)
s , i = 1, ..., MN , where J̄

(0)
s = 1

MN

∑MN
i=1 J

(0)
s (i). Our error criterion is based

on the variance of the intensities of the diffuse component over the image region R(0).
For iteration t, we therefore have

ε(t) =
∑

i∈R(t)

[J (t)
d (i)− J̄d

(t)]2 . (8)
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where J̄d
(t)

is the arithmetic mean of J
(t)
d (i) for all i ∈ R(t). When we have cor-

rect separation, the intensities of the diffuse component in that region should become
approximately uniform. This means that there is neither specularity nor shading infor-
mation present in R(t), and ε reaches a minimum. The Newton method for updating the
two angles is

Θ(t+1) = Θ(t) − γH[ε(t)]−1∇ε(t) . (9)

where Θ(n) = (θ(n)
1 , θ

(n)
2 )T , H[ε(t)] is the Hessian of the error-function and ∇ε its

gradient.

5 Separation Results

Here we present separation results for our method. Firstly, we have tested the method
on three objects illuminated by polarised light from a collimated light source in the di-
rection of the camera (frontal illumination). The objects studied are an apple, a plastic
ball and a pear. We placed one polariser in front of the camera during acquisition, and
for each object we collected images with polarisation angles of 0, 60 and 120 degrees.
Settings from the camera have been tested, so that the resultant photos can avoid overex-
posure and other problems that might affect the accuracy of the results. The collimated
light source is large and so is placed behind and a little above the camera, preventing
any light from being partly blocked by the camera. The Image quality is set to be the
highest, so that the fine details of the reflectances can be maintained. Before starting
the separation process, all the images are eliminated of any background contents, their
object locations are fully aligned, and their colors are converted to grey level.

Fig. 1. Results for selected objects under polarised incident light. Columns from left-to-right,
example input image (0 degree polariser), diffuse, specular and phase-angle. Images in third and
fourth columns are the comparison of diffuse component between our method and the standard
method. The image contrast has been adjusted to improve clarity.
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Fig. 2. Separation results for objects under unpolarised incident light at non-retroreflective illu-
mination

Fig. 3. Example for the result where the separation result is not satisfactory. The first image is
the original photo, and images from the second to the fourth are the details of specularities from
photos taken in 0, 60 and 120 polarisation angles, while as the fifth and sixth images are the
estimated result for specular and diffuse components, respectively.

The results of this experiment are presented in Fig.1. The first column shows the
image obtained with the incident light polariser at an angle of 0 degrees (vertical), the
specular and diffuse separations are shown in the second, third and fourth columns,
and the phase angles in the fifth column. The standard method uses the TRS equation
(2) (put a citation here to confirm precisely which method is being used) to perform
the separation, which requires knowledge of both the input images and corresponding
polariser angles.

Comparing the results of our method to that of the standard one, it can be seen that
some specularity remained on the surface of apple using TRS fitting. Using our method
by contrast, the shininess has been fully eliminated. The results clearly demonstrate
therefore, that using our method the knowledge of polariser angle is not required, while
as the result of separation remains quite satisfactory. Next we present the results for
objects imaged using unpolarised light, where the polariser detects diffuse polarisation.
Fig.2 shows the results with the same column ordering as above. As before the three
camera polariser angles are 0, 60 and 120 degrees. The objects studied are a plastic
duck, a nut and an orange. The light source is located above the objects, so part of the
image surface is in shadow. However, it is clear that the separation process still works
well.
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It is noted that, while our method performs well on relatively matte surfaces such
as fruit or plastic, it does not produce satisfactory results on very shiny materials, such
as what is shown in Fig.3. This is attributable to camera saturation. Use of TRS fit-
ting and other polarisation separation methods also fail to address this issue. There are
two solutions to this problem. We can either reduce the camera exposure time or ad-
just the polariser angles to emphasis the variation in highlight intensity. Alternatively, if
colour information is used then the dichromatic reflection model can be used to im-
prove the separation of the specular component [11], and this is a current research
goal.

Finally, we explore the application of our method to color images. Here we have
investigated samples of human skin. The color images are decomposed into red, green
and blue channels, and the separation process is applied to each channel in turn. The
specular and diffuse components in the different channels are then recombined to give
composite separations [5]. Fig.4 shows the results obtained, with the usual column or-
dering. The specular separation is good, removing shininess from the surface of the
skin.

Fig. 4. Example results for color images

6 Conclusion

In this paper we have shown how Blind Source Separation can be applied to the sepa-
ration of diffuse and specular reflection components using polarised images. The new
method is proved to be effective. It can be used as the preprocessing steps in many ap-
plications of polarisation vision, such as shape reconstruction and surface reflectance
estimation. Future research will aim to exploit the method in these two domains.
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Abstract. In this paper we show how to approximate the von Neumann
entropy associated with the Laplacian eigenspectrum of graphs and ex-
ploit it as a characteristic for the clustering and classification of graphs.
We commence from the von Neumann entropy and approximate it by re-
placing the Shannon entropy by its quadratic counterpart. We then show
how the quadratic entropy can be expressed in terms of a series of per-
mutation invariant traces. This leads to a simple approximate form for
the entropy in terms of the elements of the adjacency matrix which can
be evaluated in quadratic time. We use this approximate expression for
the entropy as a unary characteristic for graph clustering. Experiments
on real world data illustrate the effectiveness of the method.

1 Introduction

One of the key problems that arises in the analysis on non-vectorial pattern data
such as strings, trees and graphs is how to characterize such data for the purposes
of clustering and classification. Unlike pattern vectors, when the analysis of tree
or graph data is attempted then there is frequently no labelling or ordering of
the nodes of the structure to hand.

Broadly speaking, there are three ways by which to overcome this problem.
The first is to extract characteristics from the graph or tree data to-hand, and
then to cluster graphs on the basis of vectors of structural characteristics [4]. The
second method is to use a measure of pairwise distance between structures and
resort to pairwise clustering methods [8]. The third method involves constructing
a class prototype through the union or intersection of different structures[17]
[11][12]. These latter two methods can prove very time consuming and even
fragile since they require reliable node correspondences to hand [15][16], and
this invariably requires inexact graph matching over the dataset to hand.

It is for this reason that the use of graph characteristics has proved to be an
attractive one. Although there are a number of simple alternatives that can be
used, such as node or edge frequency, edge density, diameter and perimeter, these
have proved to be ineffective as a means of characterizing variations in intrinsic
structure. Instead, it has proved necessary to resort to more complex representa-
tions. One of the most successful of these has been to use graph-spectral methods
[13][14]. Here the distribution of the eigenvalues and eigenvectors can be used
to construct permutation invariants that do not require node correspondences.
Examples here include Laplacian spectra and characteristic polynomials. This
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study has recently been taken one step further by Xiao, Wilson and Hancock [4]
who have performed an analysis of the heat kernel for graphs, and have shown
that the Riemann zeta function can be used to generate a number of powerful
invariants from the normalized Laplacian spectrum. One interesting conclusion
of this work was that the gradient of the zeta function at the origin yields a
unary characteristic which can be used to cluster quite complex data-sets of
graphs. Another route to a unary characterization of graph structure is to define
measures of intrinsic complexity. The characterization of graph complexity is
a long standing problem, but recently measures based on the heat kernel have
proved effective, and these include the use of Birkoff polytopes [10] and heat-flow
complexity [9].

Unfortunately, both graph-spectral and heat flow complexity methods can
prove computationally burdensome. The reason for this is that the computation
of the graph-spectrum is cubic in the number of nodes. Our aim in this paper
is to explore whether more efficient complexity characterizations are to hand
and whether they can compete with the unary characterization provided by the
Riemann zeta function.

Our approach is as follows. We commence from the von Neumann entropy of
a graph. This is simply the Shannon entropy associated with the spectrum of
the normalized Laplacian matrix. We explore how to simplify and approximate
the calculation of von Neumann entropy. Our first step is to replace the Shannon
entropy by its quadratic counterpart. An analysis of the quadratic entropy reveals
that it can be computed from a number of permutation invariant matrix trace
expressions. This leads to a simple expression for the approximate entropy in
terms of the elements of the adjacency matrix, and which can be computed
without evaluating the normalized adjacency matrix. The expression is quadratic
in the number of nodes in a graph. Moreover, we illustrate experimentally that
it outperforms the gradient of the Riemann zeta function as a unary attribute.

2 Graph Representation and the von Neumann Entropy

To commence, we denote the graph under study by G = (V, E) where V is the set
of nodes and E ⊆ V × V is the set of edges. Further, we represent the structure
of the graph using a |V | × |V | adjacency matrix whose elements are

A(u, v) =
{

1 if (u, v) ∈ E ,
0 otherwise . (1)

The degree matrix of graph G is a diagonal matrix D whose elements are given
by D(u, u) = du =

∑
v∈V A(u, v). From the degree matrix and the adjacency

matrix we can construct the Laplacian matrix L = D−A, i.e. the degree matrix
minus the adjacency matrix. The elements of the Laplacian matrix are

L(u, v) =

⎧
⎨

⎩

dv if u = v ,
−1 if (u, v) ∈ E ,
0 otherwise .

(2)
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The normalized Laplacian matrix is given by L̂ = D−1/2LD−1/2 and has elements

L̂(u, v) =

⎧
⎨

⎩

1 if u = v and dv �= 0 ,
− 1√

dudv
if (u, v) ∈ E ,

0 otherwise .

(3)

The spectral decomposition of the normalized Laplacian matrix is L̂ = ΦΛΦT

where Λ = diag(λ1, λ2, ..., λ|V |) is a diagonal matrix with the ordered eigenvalues
as elements (0 = λ1 < λ2 < ... < λ|V |) and Φ = (φ1|φ2|...|φ|V |) is a matrix with
the corresponding ordered unit-norm eigenvectors as columns. The normalized
Laplacian matrix is positive semi-definite and so has all eigenvalues non-negative.
The number of zero eigenvalues is the number of connected components in the
graph. For a connected graph, there is only one eigenvalue which is equal to
zero. The normalization factor means that the largest eigenvalue is less than or
equal to 2, with equality only when G is bipartite. Hence all the eigenvalues
of the normalize Laplacian matrix are in the range 0 ≤ λ ≤ 2. The normalized
Laplacian matrix is commonly used as a graph representation and the eigenvector
φ2 associated with the smallest non-zero eigenvalues λ2 referred to as the Fiedler-
vector [1] is often used in graph cuts [2][3].

The von Neumann entropy of the graph associated with the Laplacian eigen-
spectrum is defined as [6]

H = −
|V |∑

i=1

λi

2
ln

λi

2
. (4)

We approximate the entropy −λi

2
ln λi

2
by the quadratic entropy λi

2
(1 − λi

2
), to

obtain

H = −
∑

i

λi

2
ln

λi

2
�
∑

i

λi

2
(1− λi

2
) =

∑
i λi

2
−
∑

i λ2
i

4
. (5)

Using the fact that Tr[L̂n] =
∑

i λn
i , the quadratic entropy can be rewritten as

H =
Tr[L̂]

2
− Tr[L̂2]

4
. (6)

Since the normalized Laplacian matrix L̂ is symmetric and it has unit diagonal
elements, then according to equation (3) for the trace of the normalized Laplacian
matrix, we have

Tr[L̂] = |V | . (7)
Similarly, for the trace of the square of the normalized Laplacian, we have

Tr[L̂2] =
∑

u∈V

∑

v∈V

L̂uvL̂vu =
∑

u∈V

∑

v∈V

(L̂uv)2

=
∑

u,v∈V
u=v

(L̂uv)2 +
∑

u,v∈V
u�=v

(L̂uv)2

= |V |+
∑

(u,v)∈E

1
dudv

. (8)
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Substituting Equation (7) and (8) into Equation (6), the entropy becomes

H =
|V |
2
− |V |

4
−

∑

(u,v)∈E

1
4 dudv

=
|V |
4
−

∑

(u,v)∈E

1
4 dudv

. (9)

As a result, we can approximate the von Neumann entropy using two measures of
graph structure. The first is the number of nodes of the graph, while the second
is the degree of the nodes of the graph. The approximation bypasses calculating
the Laplacian eigenvalues of a graph to estimate its von Neumann entropy.

3 Riemann Zeta Function Derivative

Before we proceed to the experimental evaluation of the approximate entropy, we
explain how the unary representation based on the analysis of the Riemann zeta
function arises. The Riemann zeta function associated with Laplacian eigenvalues
is defined to be

ζ(s) =
∑

λi �=0

λ−s
i . (10)

which is the result of exponentiating and summing the reciprocal of the non-zero
Laplacian eigenvalues.

According to [4], the zeta function is related to the Mellin moment of the heat
kernel trace, i.e. the sum of the diagonal elements of the heat kernel matrix of
the graph

Tr[ht] =
|V |∑

i=1

exp[−λit] . (11)

where ht = e−tL̂ is the heat kernel and t is time. The heat kernel can be viewed
as describing the flow of the information across the edges of the graphs with
time and the rate of flow is determined by the Laplacian of the graph.

By making use of the Mellin transform, i.e.
∫ ∞

0

ts−1e−λitdt = Γ (s)(−λi)−s . (12)

where Γ (s) =
∫∞
0

ts−1e−tdt, we can establish the link between the zeta function
and the trace of the heat kernel trace, i.e.

ζ(s) =
∑

λi �=0

λ−s
i =

1
Γ (s)

∫ ∞

0

(Tr[ht]− C)ts−1dt . (13)

The zeta function is also linked to the determinant of the Laplacian. To show
this, we rewrite the zeta function in terms of the natural exponential with the
result

ζ(s) =
∑

λi �=0

λ−s
i =

∑

λi �=0

exp[−s lnλi] . (14)
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The derivative of the zeta function is given by

ζ′(s) =
∑

λi �=0

{− lnλi} exp[−s lnλi] . (15)

At the origin the derivative takes on the value

ζ′(0) =
∑

λi �=0

{− lnλi} = ln{
∏

λi �=0

(
1
λi

)} . (16)

Mckay [5] has shown that the derivative of the zeta function at the origin is link
to the number of spanning trees in a graph G through

τ(G) =
∏

u∈V du
∑

u∈V du
exp[−ζ ′(0)] . (17)

As a result, the derivative of the zeta function at the origin is determined by the
number of spanning trees in the graph together with the degree of its vertices.

4 Experiments

In this section, we provide some experimental evaluation of the approximate
expression for the von Neumann entropy on a real-word dataset. The dataset
used is the COIL[7] which consists of images of 10 objects, with 72 views of
each object from equally spaced directions over 360◦. We extract corner features
from each image and use the detected feature points as nodes to construct sample
graphs by Delaunay triangulation. Example images of the objects are given in
Figure 1.

Fig. 1. Example images of the objects in COIL dataset

We commerce by illustrating the behavior of the approximate expression for
the von Neumann entropy. To do this, we select 5 objects from the COIL dataset
and plot the approximate von Neumann entropy of their Delaunay graphs as a
function of view number (1 to 72) in Figure 2(a). In the plot, different curves
are for different objects and the x-axis is the view number of the image from
which the relevant Delaunay graph was extracted. From the figure it is clear
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that although the individual values of the entropy fluctuate for each object, the
curves for the different object clusters can be separated and do not overlap.

To further evaluate the use of the approximate von Neumann entropy as
a graph characteristic on an object classification task, we apply a K-nearest
neighbor classifier to the approximate von Neumann entropy of the Delaunay
graphs of the objects in COIL dataset and observe how the classification rate
changes as we increase the number of objects to be classified. For comparison, we
have also investigated the result obtained using the derivative of Riemann zeta
function at the origin (as outlined in section 3). Figure 2(b) shows the variation
of the classification rates for the two graph characteristics. In our experiment,
we set k to 3 and the classification rate is the average fraction of graphs that
are correctly identified, computed using 10-fold cross-validation. From the plot,
it is clear that the approximate von Neumann entropy measure (red line) always
achieves a higher classification rate than the derivative of zeta function at the
origin (blue line). Moreover, the classification rate of the latter decreases faster
as we increase the number of objects. However, the classification rates for both
characterization methods decay to around 50% when the number of objects used
increases to 10, and the attributes become overlapped.
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Fig. 2. (a) The value of the approximate von Neumann entropy for five objects. (b)
The comparison of classification rates of the two graph characteristics.

We now turn our attention to analyzing how well the approximation of the
von Neumann entropy holds. Recall that in section 2 we show there is a link
between the value of the von Neumann entropy of a graph and the number of
nodes in the graph together with the node degree. This link is realized by ap-
proximating the Shannon entropy −λi

2 ln λi

2 by the quadratic entropy λi

2 (1− λi

2 ).
Here we explore how the distribution of the Laplacian eigenvalues affects the ap-
proximation. To do this, we experiment with both a synthetic eigenvalue dataset
and the eigenvalues of the Delaunay graphs from the COIL dataset. The eigen-
values in the synthetic dataset are sampled from a uniform distribution be-
tween 0 and 2. We select at random different sets of eigenvalues and compute
the von Neumann entropy together with its quadratic approximation. The two
plots on the upper row of Figure 3 respectively show the uniform distribution of
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eigenvalues together with a scatter plot of the von Neumann entropy (y-axis)
versus its quadratic approximation (x-axis) for the synthetic eigenvalue distri-
bution. Figure 3(c) shows the distribution of the eigenvalues of the normalized
Laplacian matrix of the graphs from the COIL dataset. Here we observe that
there is a peak around 1.4 and most eigenvalues are in the range [1,1.5]. Based on
this distribution, the scatter plot of von Neumann entropy versus the quadratic
approximation gives the linear pattern in Figure 3(d). The reason for this is that
for the eigenvalues in the peak, there is a linear relationship between the two
entropies. Moreover, the distribution of colors along the line (which indicate the
object classes) indicate that the object separation is very good.
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Fig. 3. The distribution of the eigenvalues and the approximation of the von Neumann
entropy for the synthetic dataset and COIL dataset

5 Conclusion

In this paper we show how to use of the von Neumann entropy computed from
the Laplacian eigenspectrum to characterize graphs. We approximate the Shan-
non term in the definition of the von Neumann in a quadratic manner. This
approximation leads to an expression for the von Neumann entropy in terms
of the number of nodes and node degrees. We experiment with the proposed
von Neumann entropy measure on an object classification task, and show it out-
performs the derivative of the zeta function at the origin (which is also a very
successful unary attribute of graphs). Experimental results also reveal that there
is a linear relationship between the von Neumann entropy and its approximation
for Delaunay graphs.
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Abstract. In a number of practical situations, data have structure and
the relations among its component parts need to be coded with suitable
data models. Trees are usually utilized for representing data for which
hierarchical relations can be defined. This is the case in a number of fields
like image analysis, natural language processing, protein structure, or
music retrieval, to name a few. In those cases, procedures for comparing
trees are very relevant. An approximate tree edit distance algorithm has
been introduced for working with trees labeled only at the leaves. In
this paper, it has been applied to handwritten character recognition,
providing accuracies comparable to those by the most comprehensive
search method, being as efficient as the fastest.

Keywords: Tree edit distance, approximate distances, qtrees.

1 Introduction

In contrast to scalar or vectors for representing measures, data exhibit inner
structures by nature in many applictions. Trees are able to code hierarchical
relations in their structure in a natural way and they have been utilized in many
tasks, like text document analysis [10], protein structure [14], image representa-
tion and coding [3], or music analysis and retrieval [12], to name just a few.

The computation of a measure of the similarity between two trees is a subject
of interest in these areas. Different approaches have been posed in order to per-
form this comparison. Some of them impose a restriction on how the comparison
is performed, while others establish valid mappings. Some methods pay more
attention on the tree structure, and others pay it on the content of the nodes
and the leaves. Most of them are designed to work with fully labeled trees.

Recently, we have proposed an algorithm designed to work with partially
labeled trees, more precisely with those labeled only at the leaves [11]. This fea-
ture, focus more on the coded content and the relations within its context. One
of the fields where this situation is relevant is music comparison and retrieval.
Trees have been used for this task and a number of representation and compar-
ison schemes have been applied based on tree edit distances [12] or probabilistic
similarity schemes [5].

In any case, the computation of these measures is usually a time consuming
task and different authors have proposed algorithms that are able to compute
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them in a reasonable time [16], through approximated versions of the similarity
measure. In this paper, a new algorithm is presented, able to deal with trees
labeled only at the leaves that runs in O(|T1| × |T2|) time.

2 Tree Comparison Methods

In general, trees can be divided in orderered and not ordered trees, and in evo-
lutionary and not evolutionary trees. In this work only ordered trees are con-
sidered. Regarding the evolutionary trees, they are often used to conceptually
represent the evolutionary relationship of species or organisms in biology, evolu-
tion of works in linguistics, statistical classifications, or even tracking computer
viruses. An evolutionary tree can be defined as a tree with distinct labels at
leaves. Several algorithms have been given to solve the comparison of evolution-
ary trees [13,2,9]. In this work we deal with trees that have not distinct labels,
and thus they are not evolutionary trees, so those algorithms are not applicable
for our problem.

A number of similarity measures for ordered non-evolutionary trees have been
defined in the literature [1]. Some of them measure the sequence of operations
needed to transform one tree in another one, others look for the longest common
path from the root to a tree node. There are methods that allow wildcards in the
matching process in the so-called variable-length doesn’t care (VLDC) distance.
Several taxonomies have been proposed. The interested reader can look up a
hierarchy of tree edit distances in [8] and [18].

Table 1. Some tree edit and alignment distance algorithms and their time complexities

Tai [17] O(|T1| × |T2| × depth(T1)
2 × depth(T2)2)

Shasha & Zhang [19] O(|T1| × |T2| ×min{depth(T1), | leaves(T1)|} ×min{depth(T2), | leaves(T2)|})
Jiang [7] O(|T1| × |T2| × (rank(T1) + rank(T2))

2)
Selkow [16] O(|T1| × |T2|)
Valiente [18] O(|T1| × |T2| × log (|T1| + |T2|))

Some of the most relevant tree edit and alignment distances have been com-
piled in Table 1 together with their time complexities. These measures are the
ones utilized for comparison in this paper, except that of Tai due to its very high
complexity.

The classical edit distance between two trees d(T1, T2) is computed using
an edit script e = e1 · · · en that is a sequence of edit operations allowing the
transformation of a tree T1 to a tree T2. The cost of an edit script C(e) is the
sum of the costs of the edit operations involved in the script: C(e) =

∑n
i=1 c(ei).

Given S(T1, T2), the set of all the scripts that enable the emission of T2 given T1,
the edit distance between T1 and T2 is defined by: d(T1, T2) = mine∈S(T1,T2) C(e).
The edit operations allowed over two trees are any of the following:

– relabel the label l of a node v of T1 by the label l′ of another node w of T2,
denoted by (v, w) (Fig. 1a).
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– deletion of a non-root node v from T1, denoted by (v, λ), consists of deleting
it, making the children of v become the children of its parent node, in the
position that was occupied by v, preserving this way the left to right ordering
of leaves (Fig. 1b).

– insertion of a non-root node w in T2, denoted by denoted by (λ, w). Given a
sequence wi · · ·wj of subtrees of a common parent w, the insertion of node
w′ makes those wi · · ·wj subtrees children of w′, and w′ child of w (Fig. 1c).

Note that the operation (λ, λ) is not allowed.

a b

T T1 2

(a) Substitute operation

T T1 2

aa

b

(b) Delete operation

a

T T1 2

a

b

(c) Insert operation

Fig. 1. Tree edit operations (from [6])

The edit cost of each operation, c(ei) is given based on that of the edit cost of the
symbols for the labels, c : Σ×Σ → R that depends on the particular application.
Therefore, c(ei) denotes the cost of applying the edit operation (v, w).

The approaches by Selkow [16], Valiente [18], and Jiang [7] are restricted
version of this general methodology.

3 Proposed Tree Comparison Algorithm

The edit distances presented above are designed to work with fully labeled trees.
In order to apply those algorithms to trees labeled only at the leaves, the non-
labeled inner nodes can be assigned a special label “empty”. However, it is
expected they don’t work as well as they do with fully labeled trees.

In order to overcome this situation two approaches are possible. The first one
consists of labeling all nodes using any bottom-up propagation scheme using
specific knowledge of the application domain. The main drawback of that option
is that any intermediate process will condition the resulting trees, with a loss of
generality. The second approach is to design a distance function able to compare
partially labeled trees.

The partially labeled tree comparison algorithm (sp) is based on the assump-
tion that the similarity value between a labeled leaf and a non-labeled inner node
should be the average of the chances of finding that leaf in the descendants of that
inner node. Fig. 2a shows the simplest case of having two leaf trees: sp(TA, TB) =
δ(a, b), where δ(a, b) = 1 ⇐⇒ a = b, and 0 elsewhere. For comparing the
trees shown in Fig. 2b, the chances of finding the label a in TB are computed as
sp(TA, TB) = (δ(a, x) + δ(a, y))/2. If, instead of a label, y another tree is placed
there, the function should be computed recursively. Finally, when none of the trees
is composed by a single leaf (Fig. 2c), the similarity function is computed like an
edit distance between sequences wx and yz, where each symbol is a tree.
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This measuring method omits the accounting of the insertion or deletion of
nodes and only measures the chance of finding matching labels, giving more
importance to the information hierarchically contained in the tree than to the
tree structure.

(a) (b) (c)

Fig. 2. Similarity function sp representative cases

This method is designed for working with partially labeled trees, but we can
slightly adapt the original idea to work with fully labeled trees. The case of
comparing a leaf to a non-leaf tree (Fig. 3a) is computed as sp(TA, TB) =
(δ(a, b) + δ(a, x) + δ(a, y))/3. And in the same way as in the case of non-labeled
nodes, the similarity sp(TA, TB) between two fully labelled trees (Fig. 3b) is
computed as the edit distance between the sequences wx and yz, where each
symbol is a tree, plus now the similarity between the labels a and b.

(a) (b)

Fig. 3. Similarity function sp working on fully labelled trees

The algorithmic details of this method can be found at [11]. In that paper it is
also shown that the time complexity of the proposed algorithm is O(|T1|× |T2|),
like that fastest of the methods cited in Table 1.

4 Experiments and Results

The experiments are devised to show that the proposed tree distance is able to
provide good results in a reasonable time when compared to other classical tree
comparison algorithms. For that, we need to select an application where the data
can be described in terms of trees.

In general, images can be coded as QuadTrees [15]. In a QuadTree, each inner
node has four children. Each leaf represents a region in the image, labeled with
any of its properties. If the considered property in the region covered by that
leaf is not homogeneous enough (the deviation of their pixel values are over a
threshold), the leaf is converted to a inner node and 4 leaves are created, splitting
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the region into 4 sub-regions. This procedure is repeated recursively until al the
regions are homogeneous. At this point the tree is built, containing labels only
at the leaves.

In particular, for binary images, the alphabet for the labels is Σ = {0, 1}.
That is the case for the images of the isolated hand-written character images
that have been used and coded as QuadTrees (Fig. 4) for our experiments. The
problem to solve is to identify a character or digit from a set made by different
writers.

It should be pointed out that this evaluation is not oriented to outperform the
state of the art in hand-written OCR, but to check whether the proposed tree edit
algorithm is useful for solving tree-encoded structure comparisons efficiently. In
order to this, its performance has been compared to those of other tree distances,
not to other handwritten OCR methods.

(a) Original image (b) Image encoded as QuadTree

Fig. 4. Encoding an image as a QuadTree

Corpora. The NIST image gallery [4] was utilized. To code the character images
with QuadTrees the usual procedure has been followed, splitting recursively the
image in four parts until they reach a level where all the pixels in each new part
have the same value (foreground or background). That value will be placed only
in the leaves.

Two corpora have been used in our experimental setup. The first consists of
a set of 19,540 digits, the same number for each one. The second corpus consists
of a set of 50,400 letter-and-digits images, with the same number for each class
again.

Character classification accuracy. The experiments have been performed
using the following scheme. The corpora have been split into 10 folds. Then,
given each fold, for each class, a prototype has been taken as a query, being
compared to all prototypes in the fold, obtaining a list L of prototypes sorted
by similarity value, Lk being the k-th position in the list.
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The accuracy of the system has been computed using the mean reciprocal rank
(MRR). Let q be a query, p a prototype, and let the function c(p) return the
class of the prototype p, the reciprocal rank RR for a query is computed as:

RR(q) =
1

argmink{c(Lk(q)) = c(q)} (1)

The denominator should be read as the minimum position in the list, k, so that
the predicted class matches that of the query.

The mean reciprocal rank is the mean of all RR(q) for all the queries.
Running times were measured in milliseconds, taking into account only the

test phase, leaving aside the construction of the representations that may be
done off-line. All experiments were performed using a Sun machine with 8 Gb
RAM and 8 Intel(R) Xeon(R) CPU X5355 running at 2.66GHz, with a SUSE
Linux with kernel version 2.6.

4.1 Results

The achieved results are shown in Fig. 5. For each tree comparison method,
the mean reciprocal rank (MRR) and processing time have been computed.
Each magnitude has been represented in a different y-axis (MMR left, time
right). Dark gray bars represent MRR and light gray correspond to times. Fig.
5(a) displays the results obtained using only digits, while Fig. 5(b) plots those
obtained with the alphanumeric data.

The results show that the proposed algorithm (left-most bars in each graph)
achieves success rated comparable to the best algorithms but keeping processing
times comparable to the faster method (note that the time axis is logarithmic).
With the digits corpus it performed the best and with the alphanumeric one it
reached MRR values that where comparable to those achieved by the best one,
with no significant differences.

Thus, it seems that the proposed algorithm is able to compare hand-written
character images encoded as QuadTree better than the other classical tree com-
parison algorithms in terms of trade-off between time and success rate.

(a) Digits corpus (b) Alphanumeric corpus

Fig. 5. Success rates of proposed method compared to classical tree edit distances
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5 Conclusions

An approximate tree edit distance algorithm has been introduced for working
with trees labeled only at the leaves. In order to assess its performance, it has
been applied to handwritten character recognition using the well-known NIST
database. Our aim was not to outperform the state of the art but to show that
the proposed tree distance is able to provide good results in a reasonable time
when compared to other tree distances.

The performance has been compared to classical tree similarity algorithms
from the literature. The results show that, in the used context, the proposed
algorithm achieved accuracies comparable to those by the most comprehensive
search method and it is as efficient as the fastest.
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11. Rizo, D., Iñesta, J.M.: New partially labelled tree similarity measure: a case study.
In: Hancock, E.R., Wilson, R.C., Windeatt, T., Ulusoy, I., Escolano, F. (eds.)
SSPR&SPR 2010. LNCS, vol. 6218, pp. 296–305. Springer, Heidelberg (2010)
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Abstract. This work introduces a method based on learning similarity
measures between pairs of objects in any representation space that allows
to develop convenient recognition algorithms. The problem is formulated
through margin maximization over distance values so that it can discrim-
inate between similar (intra-class) and dissimilar (inter-class) elements
without enforcing positive definiteness of the metric matrix as in most
competing approaches. A passive-aggressive approach has been adopted
to carry out the corresponding optimization procedure. The proposed
approach has been empirically compared to state of the art metric learn-
ing on several publicly available databases showing its potential both in
terms of performance and computation results.

Keywords: Metric Learning, Dimensionality Reduction, Classification,
Nearest Neighbor, Online Learning, Passive-Aggressive.

1 Introduction

The problem of classifying and/or conveniently representing sets of data is of key
importance in different fields such as pattern recognition, data mining and image
analysis in their different application domains and, for example in image retrieval
(CBIR). This problem is particularly critical when the objects under study are
characterized by very high dimensional descriptors. The classical approach to
deal with these problems lies in the application of some form of dimensionality
reduction in order to search numerical stability, improved performance or to
obtain appropriate recognition results in a reasonable amount of time [1, 2].

Dimensionality reduction has been studied from different points of view. In
particular, linear methods like Principal Components Analysis (PCA) and Linear
Discriminant Analysis (LDA) are very well known and are used very often in
practice [1–3]. Moreover, most linear approaches to reduce the dimensionality
can be extended to the nonlinear case by the familiar kernel trick [4].

In recent years [5–9], it has been highlighted the use of quadratic distances,
dM (x, y) = (x−y)T M(x−y) between pairs of points x, y ∈ �D where M is a pos-
itive (semi)definite matrix (PSD). The (squared) Euclidean distance constitutes
a particular case of such distance.
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Such distances have been widely used also to find a transformation into a
linear subspace in which the original data can be conveniently represented. In
particular, certain methods are based on the general idea of grouping the points
of space as compact clusters [5, 7].

Most approaches proposed to date explicitly put the restriction of dealing
with PSD matrices by explicitly tackling the corresponding constraints or ap-
proximating it [5–10] or by formulating the problem in such a way that the
constraint is implicitly taken into account [9]. In the present work, the PSD
constraint is not included in the formulation and this can lead to non-Euclidean
distances as in other previous works as [11].

The formulation presented in this work consist of a margin maximization
problem applied to non Euclidean distances between pairs of training points. In-
stead of a direct (batch) solution to this quadratic problem, an online approach
using a passive-aggressive algorithm is considered. The performance of the al-
gorithm and the computational burden it implies is studied and assessed in the
experimentation carried out.

2 Maximizing the Margin on Distances

We start with a set of n labelled points X = {(xi, ci)}ni=1 where ci indicates
the class label associated with xi ∈ �D and ci ∈ {1, . . . , c}, where c is the total
number of classes.

Let us to consider a quadratic distance parametrized by a symmetric matrix
M ∈ �D×D

dM
ij = dM (xi, xj) = (xi − xj)T M(xi − xj) (1)

In our particular case we will only require the matrix M ∈ �D×D be symmetric
which may give rise to a degenerate metric (zero eigenvalues of M) or even
to a non Euclidean metric (negative eigenvalues of M). Even so, values of the
“distance” could in principle be interpreted as measures of similarity that will
be low or high (as when comparing objects of the same or different classes)
regardless of whether or not these values are negative.

Our goal is to learn the matrix M from the set of samples X in order to
appropriately discriminate between the distances to points in the same class
(intraclass) and the distances between points of different classes (interclass).

A way to achieve this goal in its simplest version is to require that the intra-
and inter-class distances belong to different ranges of the similarity measure. In
other words, we can define a margin of separation between the values these take.
This idea can be expressed by the following constraints, in terms of a parameter
b that refers to the center of the margin.

dM
ij < b− 1, if ci = cj

dM
ij ≥ b + 1, if ci �= cj

(2)
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The objective is to assign distances intra-class values less than b − 1 and
inter-class distance values greater than b + 1 in order to discriminate between
pairs of similar and dissimilar points respectively. Obviously, the fact that the
distances are negative only plays a marginal role in this formulation and simply
introduces more degrees of freedom. In fact, a convenient and logical solution to
this problem will imply that only few distances will effectively achieve negative
values. The value of b will be determined by the solution to the problem.

Introducing indicator variables yij , inequalities (2) can be written for i, j =
1, . . . , n in a more compact way as

yij(dM
ij − b) ≥ 1 (3)

where yij = −1, if ci = cj and yij = 1, if ci �= cj . In other words, low values of
the distance are sought for pairs of points in the same class while higher values
are meant for different class pairs. In particular, an ideal margin of 2 is enforced
between these two ranges of values [10].

Under this formulation the problem of finding a generic metric matrix M can
be solved and tackled in a similar way as with Support Vector Machines [10, 12].
In particular, it can be formulated as the minimization of the squared Frobenius
norm [10] of matrix M subject to the above conditions (3) appropriately modified
by adding the corresponding slack variables ξij .

min
M,b,ξ

1
2
‖M‖2Fro + C

N∑

k=1

ξij

s.t. yij((xi − xj)T M(xi − xj)− b) ≥ 1− ξij

ξij ≥ 0, i, j = 1, . . . , n

(4)

This formulation leads to a quadratic dual problem which admits a solution
that is functionally equivalent to the one corresponding to SVM. A very impor-
tant difference is that in our case, O(n2) restrictions are obtained which makes
the problem much harder.

3 A Passive-Aggressive Approach to Distance Margin
Maximization

In order to solve the above problem in a convenient way both from the point
of view of computation and robustness, an online learning approach has been
considered. In particular, a passive-aggressive approach has been chosen. This
family of learning algorithms was introduced by Crammer [13] to solve SVM-like
problems and has been successfully used to solve large scale learning problems
[14] to learn a similarity function which closely relates to metric learning. Start-
ing from the inequality (3) and introducing the hinge loss function

lM(xi, xj , b) = max {0, 1− yij((xi − xj)T M(xi − xj)− b)}, (5)
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we can set our goal as the minimization of a global loss, LM , that accumulates
hinge losses (5) over all possible pairs of points xi, xj in the training set. This
can be written as

LM =
∑

i<j

lM (xi, xj , b) (6)

Instead of a global criterion as in the previous formulation, we consider a passive-
aggressive approach in which only a constraint (a pair) of points at a time is taken
into account and in which the matrix M (and the threshold b) is progressively
modified at each iteration. First, M and b are initialized to some initial values
M0, b0. Then, at each training iteration k, we select a unique pair of instances
xi, xj , and solve the following soft margin optimization problem:

(Mk, bk) =arg min
M,b

1
2
‖M −Mk−1‖2Fro +

1
2
(b− bk−1)2 + Cξij

s.t. lM (xi, xj , b) ≤ ξij , ξij ≥ 0
(7)

By introducing two Lagrange multipliers, τ , λ, and equating to zero partial
derivatives of the Lagrangian as in [14], it is possible to obtain the following
updating rules

Mk = Mk−1 + τyij(xi − xj)(xi − xj)T (8)
bk = bk−1 − τyij (9)

where

τ = min
{

C,
lMk−1(xi, xj , b

k−1)
1 + ‖(xi − xj)(xi − xj)T ‖2Fro

}

. (10)

Equations 8, 9 and 10 summarize the final updating that must be applied at each
iteration k. The corresponding online algorithm will start from initial values of
M and b and will select (randomly in principle) pairs of points at each iteration
in order to apply the above update on M and b. This method can be extended
to the nonlinear case with the well known kernel trick.

Although the final matrix M that solves the problem (7) is not PSD in general,
it is always possible to find the closest PSD matrix (with respect to the standard
Frobenius norm) [5, 6, 8, 10]. This is equivalent to projecting the matrix on the
called PSD cone in the space of matrices �D×D. In particular, the problem:
argminA�0 ‖M−A‖2F =

∑D
i=1 max{λi, 0}viv

T
i where {λi}Di=1 are the eigenvalues

of matrix M in decreasing order and {vi}Di=1 represents the set of associated
eigenvectors. As a sub-product, it can be obtained in this case a linear projection
to a lower dimension, m, since we can define matrices W from only the largest
eigenvalues. M̂ =

∑m
i=1 max{λi, 0}viv

T
i = WT W . In this case, the matrix M̂ is

merely an approximation to the solution to the problem (7). This solution will
be more or less appropriate depending on the value of m.

In our proposal, instead of enforcing positive semidefiniteness at each iteration
and inspired by the work in [14] we chose to force this only after convergence of
the proposed online algorithm.
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4 Empirical Evaluation

A number of experiments has been performed in order to empirically assess
the proposed method. In this work, a comparative experimentation taking into
account an Information Theoretic Metric Learning (ITML) is presented. ITML
can be considered an state of the art approach that has been compared to many
other approaches recently [5, 9, 15]. In this work, ITML only is considered under
an experimental setting similar to [9].

Comparative experimentation has been carried out and results have been
collected using k−nearest neighbor (k−NN) classification. Experimentation has
been kept as realistic as possible and an empirical setup as close as possible
to the one presented in [9] has been fixed. In particular, algorithms have been
assessed using the 4-nearest neighbor classification via two-fold cross validation
over 5 runs. Binomial confidence intervals are given at the 95%.

Parameter C in the proposed method was tuned over a set of different values
logarithmically distributed in the range 10−5 to 10−1. Tuning has been done by
taking 50% of train to train and the remaining 50% to evaluate the 4-nearest
neighbor error rate.

In the experiments considered, only a fraction of all possible pairs have been
considered to train the algorithms. In the particular case of ITML and according
to [9], only 20c2 pairs are given to the algorithm. In other words, the number
of iterations of the algorithm is bounded in any case by 20c2. In the case of
the proposed algorithm, a fixed number of iterations equal to 20% of the total
number of pairs has been considered.

To study the behavior of the method we based the experimentation on clas-
sification over public databases. In particular we have selected six databases
from the UCI repository (Wine, Ionosphere, Balance, Iris, Soybean Big, Soy-
bean Small) and the database Nist16 (from PRTOOLS [16]).

Finally, when proposed algorithms have been trained, we use the respective
matrices obtained to transform the data into a Euclidean subspace on which
we apply the classification explained above. Results presented about ITML have
been obtained using the code made available by the authors in [17].
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Fig. 1. k−NN Error rate obtained with the two methods proposed (left) Soybean Big,
(right) Balance
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Fig. 2. Error rate obtained with the proposed method in terms of final dimension kept
from matrix M . (Left) Ionosphere database, (right) Nist16 database.

To fully show the behavior of the algorithms, we have computed classification
error rates for increasing values of k in the k−NN classifier. In particular, Figure
1 shows this curve for the particular databases Soybean Big and Balance. As
it can be seen in this figure, both algorithms obtain very similar results across
all range of k values. This behavior is kept in the other databases considered in
this work. Consequently, it can be said that both the proposed approach and the
ITML algorithm give equally good results on a wide range of problems. Further-
more, these results are as good as or better than the ones that can be expected
from other metric learning algorithms that have been previously compared to
ITML [9]. The same conclusions can be arrived at with regard to the behavior
of the algorithms when the final dimension of the linear projections obtained
are progressively decreased. In Figure 2 the behavior of the 4-NN classification
rule after projecting the data using the proposed algorithm in terms of final
dimensionality is shown. Again, results using the corresponding projections ob-
tained from ITML (not shown) give not significantly different rates. As can be
seen from the figure, both training and test results exhibit a very close behavior
(even closer in the Ionosphere database as with most other small databases). The
general conclusion is that dimension can be safely decreased to very small values
(depending on databases) without a significant decrease in performance. This is
true both for the proposed algorithm as with ITML even taking into account
that the matrix obtained from the proposed approach has been first projected
onto the PSD cone.

Even more interesting than these preliminary classification results are the be-
havior of the algorithms with regard to computational burden. Table 1 shows
CPU time spent by both algorithms on learning the corresponding matrices
(including tunning which has been done exactly in the same way). Standard
deviations are also shown in the same table. As can be observed, the proposed
algorithm needs only a small fraction of the time spent by ITML to obtain fully
comparable results. This can be considered a very interesting result taking into
account that ITML is considered as a fast algorithm in comparison to other met-
ric learning algorithms [9]. In order to illustrate this difference in time in a more
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Fig. 3. Relative averaged CPU time execution

Table 1. CPU time obtained when using the two learning algorithms considered on
all databases(in seconds) with standard deviations (in parentheses)

Wine Ionosphere Balance Iris Soybean B Soybean S Nist16
Proposed 0.04(0.01) 0.42(0.09) 0.27(0.02) 0.01(0.00) 0.24(0.00) 0.08(0.01) 263(00)

ITML 2.12(2.49) 3.59(2.30) 3.29(2.67) 2.47(1.94) 52.27(9.25) 8.55(16.06) 2005(1190)

graphical way, Figure 3 displays relative averaged CPU times on all databases
considered in this work. Reduction percentages of about 1% are observed, going
up to about 15% for some of the databases including the largest ones considered.

5 Conclusions

A new metric learning method based based on discrimination between distances
using margins has been presented. In particular, a passive-aggressive algorithm
has been used to achieve the proposed goal. An empirical evaluation has been
presented comparing our method with a state of the art method. Comparable
results in performance have been obtained when considering classification tasks
on public databases.

With regard to computational burden, the proposed approach outperforms
the competing algorithm. All together, the proposed approach constitutes a very
challenging option as there is still much room to improve it both in performance,
robustness and even execution time by controlling the convergence of the algo-
rithm. Further work is directed towards these improvements. In particular, refor-
mulation of the online learning algorithm in such a way that positive definiteness
is weighted (but not enforced) is being considered.
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Abstract. This paper presents a new parallel algorithm to compute the
graph-matching based on the Graduated Assignment. The aim of this pa-
per is to perform graph matching in a current desktop computer, but,
instead of executing the code in the generic processor, we execute a par-
allel code in the graphic processor unit. This computer can be embedded
in a low-cost pattern recognition system or a mobile robot. Experiments
show a speed-up of the run time around 400 times, which makes the use
of attributed graphs to represent objects a valid solution.

1 Introduction

Classification is a task of pattern recognition that attempts to assign each input
value to one of a given set of classes. Pattern recognition algorithms generally aim
to provide a reasonable answer for all possible inputs and to do inexact match-
ing of inputs. Pattern recognition is studied in many fields such as psychology,
cognitive science, computer science and so on. Depending on the application,
inputs of the pattern recognition model or objects to be classified are described
by different representations. The most usual representation is a set of real val-
ues but other common ones are strings, trees or graphs. These structures have
more capacity to capture the knowledge of the model but their comparison or
matching is also more computationally expensive. The distance between a pair
of strings or trees is computed in polynomial time; nevertheless, the computation
of the distance between a pair of graphs is exponential respect the number of
vertices. For this reason, some algorithms that compute the distance between
graphs have been presented that obtain a sub-optimal distance [1]. Although
these last algorithms have a polynomial computational cost, the run time is not
acceptable for some applications.

In some cases, the computer that has to process the pattern recognition task is
embedded in a mobile robot or is a personal computer. The tendency of personal
computers is to have a multi-core generic processor and also a special Graphics
Processor Unit (GPU) dedicated to intensive computations [2].
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This paper presents a new research project that aims to compute pattern
recognition tasks in a up-to-date desktop computer. Intensive computation tasks
are computed in the GPU, such as the graph-matching algorithms. In this frame-
work, some pattern recognition applications computed in desktop computers or
mobile robots can make use of graphs to represent the involved objects in an ac-
ceptable run time. The bases of our work are commented in the next section and
the new parallel algorithm is explained in section 3. Section 4 shows the run-
time of the sequential algorithm in comparison to the new parallel algorithm
with graphs of order up to 1024 vertices. Section 5 concludes the paper.

2 Graph Matching and Computer Architecture

In this section, we introduce a graph-matching algorithm and we relate it to
up-to-date desktop computer architecture. The aim is to establish the basis for
computing pattern recognition algorithms of high computational cost in current
computers.

2.1 Attributed Graphs and Graph Matching

The Graduated Assignment algorithm [1] may by the most widespread graph
matching algorithm. The algorithm approximates a distance and a labelling be-
tween two graphs using a polynomial time method respect the order of the
graphs. The result of the Graduated Assignment algorithm is a probability ma-
trix M that represents, in each element, the probability of matching a node of
one of the graphs to a node of the other graph. Since matrix M values are contin-
uous, to obtain the final labelling between nodes of both graphs, a discretisation
process of the probability matrix [3] is needed. This process is out of the scope
of this paper.

Given a pair of graphs GS and GD (that have A vertices) and their respective
adjacency matrices S and D, the general outline of the Graduated Assignment
is shown in algorithm 1.

Algorithm 1. General diagram of the Graduated Assignment.
repeat

repeat
M := Update(M, S, D, β)
M := Normalise(M)

until M convergence
β := next β

until M convergence return M

Function Update updates the probability matrix as follows,

∀A
a=1∀A

i=1Mai := exp(βQai) given
{

Qai =
∑A

b=1

∑A
j=1 MbjCaibj

Caibj = SabDijCaiCbj
(1)
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Fig. 1. General view of a desktop computer architecture

Where Caibj represents the compatibility of labelling edge (a, b) of graph GS

to edge (i, j) of graph GD and their respective ending nodes. Several options
to define this function have been presented. Since in our applications edges do
not have attributes, we define the following one: Caibj = CaiCbj if both edges
exists and aibj = 0, otherwise. Compatibilities Cai and Cbj represent the com-
patibilities of matching the respective nodes of both graphs and they are usually
pre-computed and stored in a matrix C.

Function Normalise obtains a double stochastic matrix [1] using the Sinkhorn
method [4] as follows,

Algorithm 2. Graduated Assignment matrix normalisation algorithm.
repeat
∀A

a=1∀A
i=1M

1
ai := Mai∑ A

k=1 Mak

∀A
a=1∀A

i=1Mai :=
M1

ai∑
A
k=1 M1

ki

until M convergence return M

Sinkhorn method has been parallelised for many high-performance architec-
tures, such as vector machines [5] and connection machines [6].

2.2 Desktop Computer Architecture

The current desktop computers are composed by 2 processors: A generic multi-
core processor (composed by few cores) and a Graphics Processing Unit (GPU,
composed by tens of small cores). Both processors have access to main memory
(figure 1).

Current GPUs are General Purpose GPUs (GPGPU) dedicated to intensive
computations, mainly addressed to graphic tasks. They are able to execute simple
functions usually called kernels. GPGPUs are massively multi-threaded archi-
tectures. They are composed by several multiprocessors (figure 2), each of which
has multiple cores and a shared memory. Cores are the processing units that
compute thread instructions. Shared memory has multiple banks, they can serve
data simultaneously to multiple threads. This shared memory has small size but
very low latency.
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Fig. 2. Generic GPGPU Architecture

Fig. 3. Generic GPGPU Architecture

2.3 Parallel Programming Model

Our parallel programming model is CUDA [7]. This programming framework
allows to mix sequential C code, executed in the generic processor, with kernels,
executed in the GPGPU. When the sequential code reaches a kernel, it configures
a logical grid of blocks (figure 3) and launches its execution on the GPGPU. A
kernel code is executed concurrently by all threads of the grid of blocks. Each
block is physically mapped into a GPGPU multiprocessor. The threads of a
block are executed in the cores of one multiprocessor and the block memory is
mapped into the shared memory of the multiprocessor (figure 2).

We define the following four directives to express parallel tasks:

Parallel Map(X2,Y 2)
(x,y)=(X1,Y 1) Into Blocks { func }: The same function is exe-

cuted by all blocks (x,y) in the grid of blocks between block (X1, Y 1) and block
(X2, Y 2).
Parallel Map(X2,Y 2)

(x,y)=(X1,Y 1) Into Threads { func }: The same function is exe-
cuted by all threads (x,y) of specific block between thread (X1, Y 1) and thread
(X2, Y 2).
Parallel Reduction func : A function is performed by an specific block.
Parallel Fetch(X2,Y 2)

(x,y)=(X1,Y 1)Ux,y Given a matrix U stored in the main mem-
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ory, an specific thread of an specific block reads a sub-matrix of elements of U
between position (X1, Y 1) and position (X2, Y 2) and writes it to the shared
memory of the block. Moreover, this directive acts as a barrier for all threads of
the same block.
Fetch Ux,y : Given a matrix U stored in the main memory, an specific thread
of an specific block reads the element Ux,y and writes it to the shared memory
of the block.

3 A Parallel Solution for the Graph Matching problem

This section shows a parallel solution of the two main functions of the Graduated
Assignment (algorithm 1): Update and Normalise.

3.1 Parallel Update of the Probability Matrix

From the theoretical point of view, Update function computes (1) and it is highly
parallel, nevertheless, an algorithm that aims to compute this function has to
consider the restriction of number of threads, memory capacity and bandwidth.
The probability matrix M adjacency matrices S, D and the compatibility ma-
trix between nodes C could be stored in the main memory (figure 1) or in the
shared memory of the multiprocessors (figure 2). Considering the first option,
the cardinality of matrices (that is, the number of vertices of the graphs) can be
very high but the communication overhead also becomes very high, decreasing
the run time of the algorithm. Considering the second option, there is an impor-
tant restriction of the number of nodes of the graphs since the shared memories
are much smaller than the main memory.

We present Algorithm 3 as a parallel solutionto update the probability matrix
M , which balances the communication overhead and scalability of the number
of nodes of the graphs. Matrices M , S, D and C are stored in the main memory
but they are divided into sub-matrices of B×B elements, which are temporarily
stored in the shared memories. In the algorithm, coordinates (ha, hi) points to
the current block and coordinates (la, li) points to the current thread inside
this block (ha, hi). This mapping is carried out in lines 1 and 2. Coordinates
(a, i) points to elements of M , S, D and C being a ∈ [1 . . . A] and i ∈ [1 . . . A]
(line 3). Variables a, i, b and j of the algorithm represent indexes a, i, b and
j respectively in (1). Figure 4.1 shows the distribution of M in blocks and the
variables above mentioned. The value Ma′i′ is computed from line 4 to line 18
by the thread (la′, li′) in the block (ha′, hi′). Figures 4.2, 4.3 and 4.4 show the
distribution in blocks of matrices S, D and M and C, respectively. Thread (a′, i′)
in block (ha′, hi′) accesses to the grey and black cells. Suppose the execution of
the algorithm is in the point that hb = hb′ and hj = hj′, then, black cells in
these figures represent the following: Figure 4.2: Fetch of Sab (line 7). Figure 4.3:
Fetch of Dij (line 9). Figure 4.4: Fetch of Mbj (line 10) or Cbj (line 11).
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Algorithm 3. General diagram of the Graduated Assignment.

1: Parallel Map
( A

B
−1, A

B
−1)

(ha,hi)=(0,0) Into Blocks {
2: Parallel Map

(B,B)

(la,li)=(1,1)
Into Threads {

3: a := ha ·B + la; i := hi ·B + li
4: Qai := 0
5: Fetch Cai

6: For
( A

B
−1)

(hb)=(0)
{

7: Parallel Fetch
(a,(hb+1)·B)

(a,b)=(a,hb·B+1) Sab

8: For
( A

B
−1)

(hj)=(0)
{

9: Parallel Fetch
(a,(hj+1)·B)

(i,j)=(i,hj·B+1) Dij

10: Parallel Fetch
((hb+1)·B,(hb+1)·B)

(b,j)=(hb·B+1,hj·B+1)
Cbj

11: Parallel Fetch
((hb+1)·B,(hb+1)·B)
(b,j)=(hb·B+1,hj·B+1) Mbj

12: For
(B,B)

(lb,lj)=(1,1) {
13: b := hb · B + lb; j := hj ·B + lj
14: Qai := Qai +MbjSabDijCaiCbj

15: }
16: }
17: }
18: M0

ai := exp(βQai)
19: }
20: }

3.2 Parallel Normalisation Using Sinkhorn Method

Algorithm 4 is a parallel solution of the Sinkhorn method. In this second function,
matrix M is not stored in the shared memories and it is updated on the main
memory. Only the variables suma and sumi are stored in the shared memories.
Each block process a row (line 2) and a column (line 6) of matrix M . The
normalisation process is done by the threads of each block (lines 3 and 4) and
(lines 7 and 8). Note that we define a temporal matrix M1, which is also stored
in the main memory.

4 Practical Evaluation

We have implemented the sequential algorithm [1] and the proposed parallel
algorithm. Both algorithms have been tested over a GPGPU parallel architec-
ture and over a generic Intel architecture. Table 1 shows the four experiments.
Columns 2 and 3 show the algorithm and the used desktop computer, respec-
tively. Column 4 shows the processor (Generic processor or GPGPU in which
the code was executed, see figure 1). The other columns show the architecture
characteristics.
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Fig. 4. Fig. 4.1 shows the blocks of M . Fig. 4.2, 4.3 and 4.4 show fetch of thread (a′, i′).

Algorithm 4. Parallel normalisation algorithm.
1: repeat
2: Parallel Map

(A,i)
(a,i)=(1,i) Into Blocks {

3: Parallel Reduction suma :=
∑A

i=1Mai

4: Parallel Map
(a,A)
(a,i)=(a,1) Into Threads { M1

ai := Mai
suma

}
5: }
6: Parallel Map

(a,A)

(a,i)=(a,1) Into Blocks {
7: Parallel Reduction sumi :=

∑A
a=1Mai

8: Parallel Map
(A,i)
(a,i)=(1,i) Into Threads { M1

ai := Mai
sumi

}
9: }

10: until M convergence

Table 1. Architectures used in the comparative and their characteristics

Test Alg. Computer Proc./GPGPU GHz Power Cores Threads Bandwith

Test1 [1] ViewSonic VT132 Intel Atom 330 1.6 8W 2 41 5GB/s
Test2 New ViewSonic VT132 NVIDIA 9400M 1.1 10W 16 1536 5GB/s
Test4 New MacBook Air NVIDIA 320M 0.97 14W 48 4608 10GB/s
Test5 New GA-965P-DS4 NVIDIA 8800GT 1.65 >50W 112 10752 53GB/s

The test set is composed by random graphs with a connectivity percentage
between 10% and 50%. Each graph has cardinality from 16 to 1024 vertices.
Given a randomly generated graph, the other graph to be compared to is ob-
tained from it and then it is modified by randomly changing the order of nodes,
removing and adding edges, changing node values, and removing or adding some
nodes.

Figure 5 shows the mean run time of the four experiments given different car-
dinalities of the graphs. The obtained distance is not shown since the sequential
and parallel algorithm obtains exactly the same result. It can be observed a clear
improvement on the run time when the parallel algorithm is used.

1 There are 4 threads available but algorithm [1] uses only one thread.
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Fig. 5. Run time of the 4 tests respect to the number of vertices and speed-up of the
parallel solutions (Test2, Test3, Test4) respect to the serial solution (Test 1). Both are
in log. scale.

5 Conclusions and Future Work

We have presented a parallel algorithm which can take advantage of present com-
putational resources on current desktop computers. Results show a significant
speed-up of the run time of graph-matching algorithms. The aim is to demon-
strate that it is possible to perform graph-matching with hundreds of vertices in
a current and low-cost computer or a laptop embedded in a mobile robot. Fu-
ture efforts will focus on parallelise other graph-matching algorithms, and take
advantage of other available resources, like generic multi-core.
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Abstract. The computation of a common labelling of a set of graphs is required
to find a representative of a given graph set. Although this is a NP-problem, prac-
tical methods exist to obtain a sub-optimal common labelling in polynomial time.
We consider the graphs in the set have a Gaussian distortion, and so, the aver-
age labelling is the one that obtains the best common labelling. In this paper, we
present two new algorithms to find a common labelling between a set of attributed
graphs, which are based on a probabilistic framework. They have two main ad-
vantages. From the theoretical point of view, no additional nodes are artificial
introduced to obtain the common labelling, and so, the structure of the graphs in
the set is kept unaltered. From the practical point of view, results show that the
presented algorithms outperform state-of-the-art algorithms.

1 Introduction

In some applications, it is required a representative of a set of Attributed Graphs. To
obtain this representative, it is necessary to compute first a common labelling between
all nodes of all the graphs in the set. This common labelling incorporates the knowl-
edge of the local parts of the structures and their similarities and relations. Reference
applications could be found in [1] and [2].

Unfortunately, only few techniques to compute these correspondences have been
developed. They can be divided in two different classes. The first ones [3], [4] and
[5] share the same weaknesses: the pairwise labellings between nodes of the graphs are
computed at the first step and are kept unaltered; therefore, a simple pairwise error taken
at the first step could derive in a bad global result. The second class compresses [2] and
[6], however its use is not feasible with large graphs sets due to the computational cost.
In this article, we model the common labelling problem using a probabilistic framework
and we describe two alternatives to obtain the final common labelling.

This document is structured as follows. Section 2 defines the graph-matching and
common-labelling problem. Section, 3 introduces a Probabilistic Framework. Section
4 and 5 present two methodologies to obtain the common labelling. Sections 6 and 7
evaluate the algorithms from the theoretical and practical point of view. Finally, Section
8 draws conclusions and gives directions for further work.
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2 Graph Matching and Common Labelling of a Set of Graphs

An Attributed Graph over Δv and Δe is defined by a tuple AG = (Σv, Σe, γv, γe),
where Σv = {vk|k = 1, ..., R} is the set of vertices, Σe = {eij |i, j ∈ {1, ..., R}; i �= j}
is the set of arcs and γv : Σv → Δv and γe : Σe → Δe assign attribute values to ver-
tices and arcs respectively. Given two graphs Gp and Gq, there are several error-tolerant
graph matching algorithms that aim to obtain the best isomorphism fp,q between them,
given a minimization criteria. This isomorphism assigns each vertex from Gp to only
one vertex of Gq, fp,q : Σp

v → Σq
v . The cost of matching graphs Gp and Gq given

the isomorphism fp,q is represented as C(Gp, Gq, fp,q). The lower the cost, the bet-
ter the isomorphism. Considering that these graphs have a degree of disturbance and
also the exponential complexity of the problem [7], some of these algorithms [8], [9],
[10], [11], [12] do not return exactly the isomorphism fp,q but a probability matrix
related to it. We represent this matrix by P p,q

f where each cell contains:

P p,q
f [i, j] = Prob(fp,q(vp

i ) = vq
j ) (1)

Usually, these iterative algorithms (that we will name K) obtain a more accurate ap-
proximation of P p,q

f at each step until a convergence criterion is reached. Each step can
be represented like:

(P p,q
f )t+1 = Kstep(Gp, Gq, (P p,q

f )t) (2)

To obtain the final isomorphism, f p,q, it is necessary to convert P p,q
f into fp,q. There

are several techniques to find these isomorphisms ([11], [14]) which are out of the scope
of this paper. We call this discretisation process Λ, in this way, fp,q = Λ(P p,q

f ).
Given a set of N attributed graphs Γ =

{
G1, G2, ..., GN

}
, we define the

set of all possible pairwise isomorphisms as a multiple isomorphism: ϕ ={
f1,2, ..., f2,1, ..., fN,N−1

}
. We consider a multiple isomorphism to be a consistent

multiple isomorphism if:

f q,k(fp,q(vp
i )) = fp,k(vp

i ); 1 ≤ p, q, k ≤ N ; 1 ≤ i ≤ R (3)

The main idea of a consistent multiple isomorphism is that in all the graphs, there is
a vertex that represents the same local part of a general structure (or global object). In
our model, this local part is represented by a vertex lk that belongs to a virtual vertex
set, L = {l1, l2, ..., lN} , lk ∈ Σv . In this way, we define a Common Labelling ψ ={
h1, h2, ..., hN

}
between all the vertices of the graphs to this virtual set, L, in the

following way:
h1(v1

i ) = li; 1 ≤ i ≤ R

hp(vp
i ) = hp−1(vp−1

j ); 1 ≤ i, j ≤ R; 2 ≤ p ≤ N

where fp−1,q(vp−1
j ) = vp

i

(4)

The common labelling relates each vertex of each graphs to a vertex of the virtual
structure that represents the same local part of a general structure. Figure 1 shows the
relation between the common labelling and the consistent multiple isomorphism.

The cost of a consistent multiple isomorphism ϕ given a set of graphs Γ is defined
as,

C(Γ, ϕ) =
∑

∀Gp,Gq

C(Gp, Gq, fpq); Gp, Gq ∈ Γ ; fpq ∈ ϕ (5)
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Again, the lower the cost, the better the multiple isomorphism. The most well know
algorithm that solves the common labelling problem was presented by Bonev et al. [4].
Their method has two main steps. In the first one, they obtain all the probability matrices
for each pair of graphs, P p,q

f . To obtain these matrices, they can use any graph-matching
algorithm K . In the second step, all the matrix cells are sorted in descending order to
compute, what they call, a super graph. The cost of their algorithm is O(Cost(K)N2 +
N2R2Log(N2R2)).

Fig. 1. A set of graphs on the top and a virtual set on the bottom. A common labelling h relates the
vertices of the graphs with the virtual nodes lk throughout the consistent multiple isomorphism
composed by all the fp,q.

3 A Probabilistic Framework to Obtain a CL

Similarly to the graph-matching algorithms, we define the probability of matching a
graph vertex vp

i to a virtual vertex lk as,

P p
h [i, k] = Prob(hp(vp

i ) = lk) (6)

We consider that the probability of matching vertex vp
i of graph Gp to vertex lj of the

virtual node set L is the probabilistic union of all the paths that goes through the nodes
vq
1..R of a third graph Gq. In other words,

Prob(hp(vp
i ) = lk) = Prob

⎛

⎜
⎜
⎝

[fp,q(vp
i ) = vq

1 ∧ hq(vq
1) = lk]∨

[fp,q(vp
i ) = vq

2 ∧ hq(vq
2) = lk]∨

...∨
[fp,q(vp

i ) = vq
R ∧ hq(vq

R) = lk]

⎞

⎟
⎟
⎠ (7)

Assuming independence in (7) and considering definitions (4) and (6), we deduce:

P p
h [i, j] =

R∑

k=1

P p,q
f [i, k] · P q

h [k, j] from where P p
h = P p,q

f · P q
h (8)

In a similar way, we could infer that:

P p,q
f = P p

h · (P q
h )Trans (9)

Fig. 2 shows how the probability Ph is obtained through the set of probabilities Pf .
If the multiple isomorphism obtained by the discretisation of the set of probabilities,
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Fig. 2. Probability of a common labelling h obtained through the probabilities of a multiple iso-
morphism f

fp,q = Λ(P p,q
f ), 1 ≤ p, q ≤ N , is consistent, then we could obtain the common la-

belling applying (4) and (6) as follows.

h1 = Λ(P 1
h ) = Λ(identity matrix)

h2 = Λ(P 2
h ) = Λ(P 2,N

f ) · Λ(PN
h ) = ... = Λ(P 2,1

f ) · Λ(P 1
h) = Λ(P 2,1

f )

...

hN = Λ(PN
h ) = Λ(PN,N−1

f ) · Λ(PN−1
h ) = ... = Λ(PN,1

f ) · Λ(P 1
h) = Λ(PN,1

f )

(10)

However, in real data, it is usual the obtained multiple isomorphism is not consistent.
Consequently, some of the equalities of (10) do not hold and labellings hp can not be
computed directly through the discretisation of the probability matrices Pf and Ph as
in (10). An option is to consider P p

h as the sample mean:

P p
h ≈ P̄ p

h =
1

N − 1

(
P p,1

f · P 1
h + P p,2

f · P 2
h + ... + P p,N

f · PN
h

)
(11)

The two following sections describe two different algorithms to compute P̄ p
h .

4 Common Labelling via Minimum Least Square Method (LSM)

The first method is based on considering (11) as a system of linear equations with some
restrictions. We could represent the sample mean of Ph (11) in matrix form as:
[
P 1

h [1, 1] P 1
h [1, 2]

P 1
h [2, 1] P 1

h [2, 2]

]

=

[
P 1,2

f [1, 1] P 1,2
f [1, 2]

P 1,2
f [2, 1] P 1,2

f [2, 2]

] [
P 2

h [1, 1] P 2
h [1, 2]

P 2
h [2, 1] P 2

h [2, 2]

]

+ P 1,3
f · P 3

h

...
[
P 3

h [1, 1] P 3
h [1, 2]

P 3
h [2, 1] P 3

h [2, 2]

]

=

[
P 3,1

f [1, 1] P 3,1
f [1, 2]

P 3,1
f [2, 1] P 3,1

f [2, 2]

] [
P 1

h [1, 1] P 1
h [1, 2]

P 1
h [2, 1] P 1

h [2, 2]

]

+ P 3,2
f · P 2

h

(12)
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that corresponds to a linear system with N ·R equations and N ·R unknowns:

P 1
h [1, 1] = P 1,2

f [1, 1]P 2
h [1, 1] + ...+ P 1,3

f [1, 1]P 3
h [1, 1] + P 1,3

f [1, 2]P 3
h [2, 1]

P 1
h [1, 2] = P 1,2

f [1, 1]P 2
h [1, 2] + P 1,2

f [1, 2]P 2
h [2, 2] + ...

....

P 3
h [2, 2] = P 3,1

f [2, 1]P 1
h [1, 2] + ...+ P 3,2

f [2, 1]P 2
h [1, 2] + P 3,2

f [2, 2]P 2
h [2, 2]

(13)

However, due to the system does not have any independent term, it just has one trivial
solution P̄ p

h = [0]. This trivial solution has a comprehensible meaning due to the vir-
tual set L has neither attributes nor structure. To solve this problem, we impose the
restriction that P p

1 is a constant matrix. In this way, the discretisation process pro-
duces h1(v1

i ) = li, 1 ≤ i ≤ R as in (4). With this restriction, the system of linear
equations becomes an over determined with N · R equations and (N − 1) · R vari-
ables. We find an approximation of the solution using the Minimum Least Square
Methodology (MLS). The cost of computing Ph given all pairwise matrices Pf is
O(((N − 1) ·R)(N ·R)(N ·R + 1)) (to perform the QR factorization using the Gram-
Schmidt method) plus O(1

2
(N · R)(N · R + 1)) (to solve the system) [15].

5 Common Labelling via Probabilistic Iterative Algorithm

The second method is based on considering the common labelling as a generalization
of the graph matching problem. Our algorithm computes a common labelling given
two parameters: a set of graphs and an iterative graph matching algorithm K . We need
the graph-matching algorithm to be iterative (2) since we compute only one step of
the graph-matching algorithm at each step of our algorithm. The pseudocode of the
algorithm is listed below:

0: Start Algorithm(G)

1: P i
h = inicializeCL();

2: repeat until(P p
h )t ∀p ∈ {1..N}converges or t ≥ KMax

3: for all Gp ∈ {Γ −G1}

4: (P p
h )t+1 = [0] ;

5: for allGq ∈ {Γ −Gp}
6: (P p,q

f )t+1 = Kstep(Gp, Gq , (P p
h )t · ((P q

h)t)Trans)

7: P
′
h = enhanceEntropy((P p,q

f )t+1, (P p,q
f )t+1 · (P q

h)t)

8: (P p
h )t+1 = (P p

h )t+1 +
1

N − 1
P

′
h

9: end

10: (P q
h)t+1 = normalize((P q

h)t+1)

11: end

12: t = t+ 1

13: end

14: End Algorithm returns Λ(P p
h ), ∀p = 1..N
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Where KMax indicates the maximum number of iterations that algorithm K requires.
Function InitializeCL, initializes matrices Ph to 1/N and P1 to the identity matrix
(4). Function enhanceEntropy() applies the Softmax method [16] to keep a similar
entropy at each step. This operation is necessary because the product of two stochastic
matrices tends to converge to a stationary distribution. Finally, function normalize()
applies the method presented in [13] to ensure that Ph is an stochastic matrix. The
algorithm computes N2 calls to the Kstep function plus a constant cost (lines 7, 8 and
10) at each iteration. The global cost is:

O([Cost(Kstep) + Cost(line7, line8)] ·N2 ·KMax + Cost(line10) ·N ·KMax (14)

6 Evaluation of the Computational Cost

Table 1 shows the upper bound of the computational cost of the three algorithms com-
mented above. These equations have been obtained through the specific computational
cost explained in the respective sections. The first term of the three equations is similar,
which is the cost of computing all the pairwise graph labellings. Since Cost(K) is usu-
ally equal or higher than KMax ·N4, the second term does not has an important impact
on the computational cost.

7 Evaluation

We compare the two presented algorithms with the one presented in [4]. We applied
the Graduated Assignment method [11] as a graph-matching algorithm K , in the three
algorithms. We used two datasets of graphs that represent 2D objects. Nodes are de-
fined over a 2D domain that represents its plane position (x, y). Edges have a binary
attribute that represents the existence of a line between two terminal points. The former
dataset is a synthetic one composed by 30 classes. The number of graphs per class is
N ∈ [3, 5, 7, 9, 10] and the noise level between class elements is ν ∈ [10, 20, 40...70].
Therefore, we defined 5 x 6 = 30 different classes. 6 classes with 3 graphs (with differ-
ent noise levels), 6 classes with 5 graphs (with different noise levels) and so on. Each
class was created as follows. We randomly generate a base graph composed of R = 10
nodes with random attributes in the range Δv = [0..100, 0..100]. Edges were defined by
the Delaunay triangulation. Then, with this base graph, we created 10 ·N other graphs
by: 1, generating Gaussian noise at every node with standard deviation σ = ν/100. 2,
removing ν% nodes randomly. 3, inserting ν% nodes (with random attributes) and 4,
changing the binary attribute of ν% edges. The latter dataset is the Letter dataset (high
distortion) created at the University of Bern [17]. It is composed of 15 classes and 150
graphs per class representing different letters of the Roman alphabet. From each class,
we randomly selected N ∈ [3, 5, 7, 9, 10] graphs, to generate the common labelling.
With the aim of obtaining non-biased results, the experiments were performed 10 times
in both datasets. Table 2 and 3 show the mean cost of a multiple isomorphism (5) ap-
plied to the synthetic dataset and grouped by the level of noise introduced to the graphs
and the size of the graphs, respectively. Table 4 shows the mean cost of a multiple iso-
morphism (5) applied to the Letter dataset. Results show that when the order of the
graphs is small (N ≤ 4) or graphs are almost similar (noiselevel ≤ 10) the three algo-
rithms obtain similar costs. Nevertheless, when the number of vertices increases or the
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Table 1. Computational cost upper bounds

Algorithm Computational Cost (upper bound)
Bonev et al. [4] O((N2Cost(K)) + (N2R2Log(N2R2)))

Least Square Method (LSM) O((N2Cost(K)) + (N3R3 +N2R2))

Common Labelling O((N2Cost(K)) + (N2R2 +NR2))

Table 2. Mean cost obtained from the synthetic dataset and grouped by Noise Level

Group by noise level Iterative Alg. LSM [4]
10 2280,74 2280,74 2280,74
20 8298,69 8694,84 11066,05
40 12533,24 12912,65 17535,61
50 13108,18 13382,58 18153,18
60 14612,35 14886,47 20629,15
70 14777,80 15056,06 21347,65

Table 3. Mean cost obtained from the synthetic dataset and grouped by the set size (N)

Group by set size (N) Iterative Alg. LSM [4]
3 1442,74 1400,46 1534,03
5 4716,44 4838,36 6081,73
7 9899,13 10200,46 13474,84
9 17118,57 17608,91 23641,58

10 21498,96 21962,91 31111,47

Table 4. Mean cost obtained from the Letter dataset, different number of graphs per class and
different algorithms

Group by set size (N) Iterative Alg. LSM [4]
3 239,422 239,648 236,885
5 788,867 798,992 805,897
7 1661,22 1670,141 1692,506
9 2850,235 2852,134 2903,003

10 3554,106 3585,076 3682,933

noise introduced to the graphs increases, our iterative algorithm obtains better results
(lower the cost, better the common labelling). The run time of these three algorithms is
similar since most of the run time is spent computing the graph-matching algorithm K
or each step of this algorithm Kstep.

8 Conclusions and Further Work

Known algorithms to compute a common labelling consist on first finding the labelling
between any pairs of graphs and then combining this information to compute the
common labelling. The first algorithm that we present computes the common labelling
using the minimum least squares method. The second one is an iterative algorithm that
computes the common labelling at the same time as the pairwise labellings, mixing the
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local and global knowledge at each step of the algorithm. We have compared the pre-
sented algorithms with the most popular one in the literature and we have shown that
our both methods obtain a better common labelling with similar computational cost
than the reference one. As a future work, we will apply this new technique to the repre-
sentative of a set of graphs called Structurally-Defined Random Graph [1] and we will
analyze its ability to keep the structural and semantic knowledge of the set.
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Abstract. Feature selection is a topic of growing interest mainly due to
the increasing amount of information, being an essential task in many
machine learning problems with high dimensional data. The selection of
a subset of relevant features help to reduce the complexity of the prob-
lem and the building of robust learning models. This work presents an
adaptation of a recent quadratic programming feature selection tech-
nique that identifies in one-fold the redundancy and relevance on data.
Our approach introduces a non-probabilistic measure to capture the rel-
evance based on Minimum Spanning Trees. Three different real datasets
were used to assess the performance of the adaptation. The results are
encouraging and reflect the utility of feature selection algorithms.

Keywords: Feature Selection, Pattern Recognition, Quadratic Optimi-
sation.

1 Introduction

With access to new means of information becoming increasingly easier, there has
been a rapid growth of data. Providers gather useful information on customers’
tastes and preferences in order to offer products and services similar to pen-
chants of target consumers; bank analysts gather client’s profiles based on their
bank history and experience; and, with the advent of gene technology, it is now
possible to sequence genes with innumerable possibilities of applications. Never-
theless, with the information growth and, consequently, the increased number of
characteristics that define the data, new technologies are required to deal with
this amount of information efficiently. One way is through the use of feature
selection (FS) techniques that try to capture only the relevant information from
data.

FS is an important issue in many applications, and in some cases, it is a nec-
essary step for the construction of the predictive model (classification or regres-
sion). This became more important especially for data with an high dimensional
nature. Moreover, the use of unimportant features can add undesirable com-
plexity to the model and can negatively influence its behaviour by introducing
errors in the prediction. Therefore, FS techniques were designed with different
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purposes, such as preventing overfitting, improving classification performance,
design of faster models and to improve understanding of the processes that gen-
erate the data. Furthermore, the usage of FS techniques can induce a reduction
of the complexity of the dataset.

Other approaches used for dimensionality reduction, such as principal com-
ponent analysis, differ from the FS problem. While the first one changes the
original representation of the data, the second only uses a subset (containing
hopefully the most important information) of the whole feature set. This means
that the original semantics are preserved.

FS algorithms can be divided into three different categories depending on
how the FS is incorporated into the predictive model construction task. The
categories are mainly defined as filter, wrapper and embedded methods. The first
one filters the data by removing features with low relevance. This is performed
as a preprocessing step and it is independent of the construction phase of the
predictive model. Wrapper methods iteratively select a subset of features until
a sufficiently ‘good’ model is constructed. This evaluation is usually performed
during the training and validation phase of the model. Finally, the embedded
techniques are intrinsically designed with the learning model. A best subset of
features is obtained during the training phase.

In [8] a new FS algorithm that captures in just one step the correlated features
and those related to the classes is presented. This is achieved with a quadratic
programming formulation where a term α controls how much importance the
algorithm should give to the within features correlation or to feature-class cor-
relation. To measure this correlation the authors in [8] use either the Pearson or
Mutual Information (MI) to measure linear or non-linear relations, respectively.
In this article an adaptation is presented motivated by [10] where the major
advantage is a non-probabilistic approach for data estimation.

In Section 2 a recent method which tackles the problem of FS through a
quadratic programming formulation will be briefly discussed. Some issues re-
garding the use of MI in the FS context will also be outlined. This strategy tries
to identify the non-redundant features and those that are correlated with the
class labels. In Section 3 an adaptation of this strategy of capturing the instances
correlated with the class labels through a non-probabilistic scheme will be out-
lined. Finally, in Section 4 some results will be presented and some conclusions
will be drawn in Section 5.

2 Quadratic Programming for Feature Selection

The authors in [8] proposed a new way of performing FS using a quadratic pro-
gramming formulation. The FS problem can be described as a two-fold problem.
First, one tries to eliminate the similar variables (redundancy) and secondly,
to capture how correlated each feature is with the class (relevance). In [8] the
authors propose to tackle the FS problem in one-step process through quadratic
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programming. The quadratic term (Q in Equation (1)) would capture the redun-
dancy whereas the linear term (F in Equation (1)) would capture the relevance.

min
x

{
1
2
(1− α)x′Qx− αF ′x

}

(1)

The α constant can be considered as a trade-off between redundancy and rel-
evance. The x magnitude values show how important each feature is to the
problem. In order to capture these two different pieces of information, the au-
thors first used the Pearson correlation measure. In doing so, the quadratic term
(Q) and linear term (F) would be defined as follows:

Qij = ρij =
∑ M

m=1(vmi−vi)(vmj−vj)√∑
M
m=1(vmi−vi)2

∑
M
m=1(vmj−vj)2

Fi =
∑C

k=1 P (K = k)|ρiCk
| (2)

where M is the number of samples, vki is the kth sample of random variable vi

and vi is the sample mean of the random variable vi. P is the empirical prior
probability and Ck is the class represented by a 1-of-K coding scheme.

However, this measure only captures the linear relations among instances and
between instances and classes. To retrieve the non-linear relations the authors
opted to use Mutual Information (MI). This method is borrowed from the infor-
mation theory fields and measures how much information two random variables
share. In this setting, this type of metric would be used to assess redundancy
and relevance. It is therefore not surprising that entropy measures such as MI
can also be viewed as feature dependence estimators where its broadly use can
be associated to the good performances achieved.

In spite of the concept of independence being mathematically well defined,
the use of the opposite for dependence assessing does not provide how much
in value one variable depends on the other. Hence, the dependence concept in
the feature selection setting raises some questions. In [9] a set of postulates pro-
posed by Rényi to define dependence is revised. In this work it is also argued
that a measure that holds on those postulates is valid for capturing dependence
in the feature selection context. In other words, given a specific set of statistical
properties to evaluate dependence, a good estimator would have to satisfy its
corresponding properties. It is also argued that this is not valid for MI, since de-
spite most commonly used MI techniques are non-negative and symmetric, they
are not invariant to one-to-one transformations and do not reach a maximum
when features are highly correlated. Moreover, in [9] it is also argued that highly
complex learning machines could easily cope with the data complexity and in-
fer a linear relation with the features and output, or more precisely, perform
overfitting on the data.

Due to the issues mentioned above, a more pragmatic approach could be more
convenient. For this purpose we have selected MST (Minimum Spanning Trees).
Even though MST was introduced as a generalisation of the Wald-Wolfowitz run
test, it provides the means for our measure to assess the increase of complexity
when a subset of features is removed. Furthermore, such measure can easily be
fitted into the Equation (1) to assess data relevance.
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Despite the elegant approach [8], the quadratic programming problems can
be highly computational heavy. To overcome this difficulty, the authors [8] also
proposed an iterative optimisation strategy. Due to time restrictions, it was
not possible to explore this approach. Nonetheless, for the proposal delved in
the following section and with regards to the experiments performed, a generic
quadratic programming solver is sufficient.

3 Feature Selection Based on Redundancy and Relevance

In [8], the Pearson correlation was first used to measure the linear relation on
each pair of features (redundancy). In other words, features that are highly
correlated can be discarded since they do not provide a meaningful informative
gain. However, this measure may not be appropriate if features are not linearly
correlated. To overcome this problem, the MI was used. With regards to the
correlation of features with the class (relevance), the Pearson and MI were used
in the same manner. When measuring the linear relation between features and
classes, a 1-of-K coding scheme for the labels was used [8].

The capture of the non-linear relations through information theory techniques
such as mutual information can be very appealing (and widely used, e.g. [4, 1]
to name a few). However, and as stated in Section 2, the use of MI for feature
selection can, in theory, encompass some issues as argued in [9].

Several works presented in the literature tackle this situation by introducing
new techniques to capture the non-linear relations. In the next section, the in-
corporation of a non-probabilistic based technique in the formulation presented
in Equation (1) will be outlined.

3.1 Capturing Relevance through Classifier Complexity

This study was initially motivated by the work presented in [10]. Here, FS is
defined as a method which aims to select a subset of features that minimises the
overall classification complexity. To achieve this goal, the authors [10] propose a
multiresolution approach on the feature space. However, such approach requires
high computational effort. Therefore, they suggest techniques such as MST as
an alternative [10].

Distribution free procedures are already well covered in the literature. In [6]
a technique is proposed to measure the multivariate randomness by using a
MST. This method constructs a minimum weight graph that connects all of
the N nodes (instances) with E edges. The weights in our study were defined
as the euclidean distance between a pair of instances. By using MST over all
of our instances, the edges that connect nodes with different classes labels can
afterwards be counted [6]. The rationale is, the more edges connecting nodes with
different labels one has, the more complex the dataset is. The complexity of an
MST is, in the worst case, of the order O(E +X log(N)), where X is the number
of edges no longer than the longest edge in the MST. Our first trial encompassed
the direct implementation of this setting to estimate features relevance. This
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analysis is performed feature by feature in the linear term in Equation (1) where
Fi is inversely proportional to the number of nodes with different labels which
share an edge.

Based on this complexity analysis, one can also think how less (or more)
complex our dataset can become if we discard a feature, say fi. For this approach,
one starts by measuring the complexity of the dataset with the whole features,
f. The gain would be expressed by the complexity increase with the removal of
one feature. Formally,

F−i =
fi − f

f
= Δfi

Although these techniques can be very complex in computational terms, they
do not assume any probabilistic distribution of the data. For both adaptations,
this problem was tackled from a wrapper perspective were the parameter α
needed to be tuned.

4 Experiments

The aim of this experimental study was to evaluate the usage of other measures
to capture the relevance of each feature. Aiming towards the identification of the
best features that describe the data, the question of which classifier was used is
not considered as the authors did in [8]. Nevertheless, the same learning scheme
was used in all experiments.

For the real data we tested the new measures on the Letter, SWD and BCCT
datasets [5,2,3]. The first dataset, which is publicly available on the UCI machine
learning repository, is composed of 20, 000 instances with 16 features describing
the 26 capital letters of the English alphabet. Each instance is mainly defined by
statistical moments and edge counts. In our experiments we used a subset of the
whole dataset comprehending only the discrimination of the letter A versus the
letter H. The SWD dataset contains real-world assessments of qualified social
workers regarding the risk facing children if they stayed with their families at
home and is composed by 10 features and 4 classes. The last dataset encompasses
on 113 patients and expresses the aesthetic evaluation of Breast Cancer Con-
servative Treatment (BCCT) [3]. For each patient there were 8 observers that
manually identified several fiducial points. Based on these points, an automated
system automatically recorded 30 features, capturing visible breast alterations
such as: breast asymmetry, skin colour changes due to the radiotherapy treat-
ment and surgical scar appearance. The aesthetic outcome of the treatment for
each patient was classified in one of the four categories: Excellent, Good, Fair
and Poor. For this specific set, the same experiment procedure was conducted
as described in [7].

In Fig. 1 the class frequency distribution for each dataset is depicted.
The training was performed on 20% of the data. The splitting of the data into

training and test sets was repeated 5 times in order to obtain more stable results
for accuracy by averaging and also to assess the variability of this measure. The
best parametrisation of each model was found by a ‘grid-search’ based on a 5-fold
cross validation scheme conducted on the training set.
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(a) Frequency for BCCT
dataset

(b) Frequency for SWD
dataset

(c) Frequency for Letter
AH dataset

Fig. 1. Real datasets frequency values

For these experiments the wrapper approach of the original method was se-
lected . Therefore the best α value had to be tuned. We performed a search over
the range 0.2 — 0.6 with a 0.2 step. Finally, the error of the model was estimated
on the test set using the Misclassification Error Rate (MER) measure.

4.1 Results

We started our analysis on the SWD dataset. One can easily see that MI achieves
the best results on the major subset of features—see Fig. 2a. However, when
using more than 6 features from the whole set of features, MST, MST CPX and
MI obtained similar results. The same behaviour can be stated on the letter
dataset—see Fig. 2b. Here MST CPX attains a slightly better performance than
all of the other techniques when using more than 8 features.

Afterwards, the performance of all feature selection techniques on the BCCT
dataset was analysed. One can see that the minimum error attained was with the
MI using two features—see Fig. 2c. However, the performance gain was subtle
being the difference from the second best method of approximately 3%.

Being already defined some prior knowledge for this problem [7], an exper-
iment exploring the benefit of such technical information was conducted. To
achieve this goal, the prior knowledge was introduced as a postprocessing phase
of the FS algorithm. This postprocessing can be described as follows. There are
three important consequences of the BCCT treatment and they must all be con-
sidered. However, there are some features that translate these differences better
than others. In order of importance, from the the most to the least important,
we have the asymmetry alteration, colour change and scar appearance. For ex-
ample, if four features had to be selected, we would use 2 asymmetry features,
1 colour feature and 1 of scar feature, in order of importance given by the FS
algorithm.

From the prior knowledge perspective, it clearly attained the best results—see
Fig. 2d. Even with the prior knowledge, MI and MST based approaches were
not able to attain such results. The best selected features were ρBRA and BCD
for MST, and BCD and LBC for MI. For the Pearson measure, the best selected
features were ρLBC, sX2L, cX2b and ρBCE.
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(a) Results for SWD dataset (b) Results for Letter (A vs. H sub-
problem) dataset

(c) Results for BCCT dataset (without
prior)

(d) Results for BCCT dataset (with
prior)

Fig. 2. Results for real datasets performed with the several FS techniques

Since a wrapper methodology was used, a best classifier would be required
to assess each subset of features used. However, due to time restrictions such
analysis could not be performed. Therefore, further studies could improve the
assessment of this behaviour. Nevertheless, either MST or MST CPX attain very
similar results when compared to MI.

5 Conclusion

This paper presents an adaptation of a recent FS method [8] by exchanging the
relevance term with a MST as a complexity measurement. The goal of this FS
scheme is to quantify the within variables similarity (redundancy) and the cor-
relation between features and the class labels (relevance) through a quadratic
optimisation problem. A constant α is used as a trade-off term to define the
importance of the redundancy or relevance for the optimisation problem. Af-
ter selecting a subset of features, they were used during the learning model
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construction and their use on a test dataset was assessed using the Misclassifi-
cation Error Rate (MER). For these experiments, three real (Letter AH, SWD
and BCCT) datasets were used.

A preliminarily study shows that MST provides just as good results as MI.
However, MST has the advantage of not assuming any data density distribution.
It was also interesting to see that on the BCCT database the results show that the
baseline method with prior knowledge performs better in terms of classification
error when compared to the other approaches.

Regarding to future work, this work can be extended in several directions. One
of them passes through the stability assessment of this FS method [11]. Another
one is the analysis of the non-linearity within the features. Finally, experiments
on larger datasets are required.
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Abstract. Clustering is important in medical imaging segmentation.
The number of segmentation groups is often needed as an initial condi-
tion, but is often unknown. We propose a method to estimate the number
of segmentation groups based on mutual information, anisotropic dif-
fusion model and class-adaptive Gauss-Markov random fields. Initially,
anisotropic diffusion is used to decrease the image noise. Subsequently,
the class-adaptive Gauss-Markov modeling and mutual information are
used to determine the number of segmentation groups. This general for-
mulation enables the method to easily adapt to various kinds of medical
images and the associated acquisition artifacts. Experiments on simu-
lated, and multi-model data demonstrate the advantages of the method
over the current state-of-the-art approaches.

1 Introduction

Tissue segmentation in magnetic resonance (MR) images is an important appli-
cation area in medical image analysis, for which clustering algorithms have been
proposed [1]. A remaining problem is the robust estimation of the optimal num-
ber of segmentation groups. The Akaike information criteria (AIC) algorithm [2]
is widely used, however, the theoretical possible and actual results do not always
agree. Lv et al. proposed a measure based on the difference of mutual informa-
tion for determining the number of clusters [3]. Wang [4] improved the iteration
conditions, but this approach does not work well when noise levels are increased.
To overcome the problem of the sensitivity to the presence of noise, we propose
a more robust method to estimate the number of segmentation groups.

Mutual information (MI) is a measure of statistical correlation of two random
variables. It has been widely used in multi-model medical image registration [5].
Kim et al. and Rigau et al. used MI for image segmentation [6]. Lv et al. proposed
a method based on the entropy difference of mutual information to determine the
number of segmentation groups. Wang et al. improved the iteration condition
and obtained improved results. The complete algorithm from Wang et al. is

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 532–539, 2011.
c© Springer-Verlag Berlin Heidelberg 2011



Automatic Estimation of the Number of Segmentation Groups Based on MI 533

described in Fig. 1 where k denote the number of groups, kmeans() stand for
the K−means algorithm, mutual information() denotes the mutual information
algorithm, ∂MI denotes the entropy difference in mutual information, ε which is
defined as 0.2 is the stopping criterion. Results based on synthetic and simulated
data (see Section 4) indicate that this approach does not deal well with increased
noise levels.

Input: Original image. k = 2
Output: The number of segmentation groups = k − 1
(1) do
(2) groups label = kmeans(Original image, k);
(3) MI(k) = mutual information(Original image, groups label);
(4) if k = 2
(5) ∂MI(k) = MI(k); ∂2MI(k) = MI(k);
(6) else
(7) ∂MI(k) = MI(k) −MI(k − 1);
(8) ∂2MI(k) = abs(∂MI(k − 1) − ∂MI(k))/∂MI(k − 1);
(9) end
(10) k = k + 1;
(11)while (∂2MI(k) < ε)

Fig. 1. Wang et al.’s algorithm [4]

2 The Proposed Method

In order to enable the approach to handle certain level of noise, we propose a new
approach to determine the number of segmentation groups by adopting Wang
et al.’s approach. Noise removal, prior to estimating the number of segmentation
groups, is expected to be beneficial. However, any such approach should preserve
edge information. We propose an improved anisotropic diffusion approach to deal
with such issues. Then, we use a class-adaptive Gauss Markov Random Field
model, a clustering approach using both individual pixel and spacial information,
to cluster. From this, a mutual information-based approach is utilized to judge
what is the best number of iterations and segmentation groups. Our proposed
method is summarized in Fig. 2.

2.1 Noise Removing

In this step, we use anisotropic diffusion to decrease noise. It is expected this
can deal with additive noise and retain edges. The traditional nonlinear diffusion
filtering method was proposed by Perona and Malik [7], which is described by

{
∂I
∂t = div

[
c (| ∇I |) · ∇I

]

I (t = 0)=I0
(1)

where ∇ is the gradient operator, div() is the divergence operator,|| denotes the
magnitude, c (x) denotes the diffusion coefficient, and I0 is the initial image. The
diffusion coefficient which was improved in [8] is defined as
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Fig. 2. Schematic representation of the developed approach

c (x) =
1

ln
[
e + (x/κ)2

] (2)

where κ is an edge magnitude parameter.
Under the control of c (| ∇I |), the model can achieve a selective smooth dif-

fusion from the original image based on the gradient. At the edge the gradient
magnitude is large and c (| ∇I |) is small and the model will perform hardly
any smoothing in order to keep the edge details. When the gradient magnitude
is small at a flat area, c (| ∇I |) is large and noise is removed. In addition, we
have included an automatic stopping criteria in the developed approach. This
is based on estimating the difference in mutual information (MI) in successive
steps and stopping the diffusion when this difference (∂MI) is smaller than an
empirically determined threshold value (δ). The traditional anisotropic diffusion
only considers 4 directional gradient (up-down-left-right). In our work we extend
the anisotropic diffusion gradient direction to eight directions to calculate the
pixel gray level.

2.2 Estimation of the Number of Segmentation Groups

In the segmentation step, a class-adaptive Gaussian Markov Random Field is
used. The class-adaptive penalty factor β which is anisotropic for each group is
automatically calculated from the posterior probability. By incorporating both
a Markov random field model and expectation-maximization into a GMRF-EM
framework, we can achieve accurate and robust segmentation results.

Let L={1,2,· · ·,l} denote the set of group labels. Let D={1,2,· · ·,d} denote
the grey level set. Let S={1,2,· · ·,N} denote the set of indexes which contain N
pixels. Image segmentation is achieved by assigning a value from L to each pixel
in the image. We define the label assignment X={x = (x1, · · · , xi, · · · , xN ) | xi ∈
L, i ∈ S} to all sites as a realization of a family of random variables defined on S.
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We also define an observation field Y={y = (y1, · · · , yi, · · · , yN ) | yi ∈ D, i ∈ S}
According to the Hammersley-Clifford theorem [6]: the prior probability P(x)
satisfies a Gibbs distribution: P (X) = Z−1exp (−U (X)) where Z is a normali-
sation factor. The potential function is defined as U(x) = β

∑
c∈C(Vc(x)) where

C = {(i, i′) | i′ ∈ N, i ∈ S},c ∈ C. MRF multi-level logistic (MLL) is introduced
as the prior probability for which

Vc(xi) =
{−1 if xi = xj , j ∈ Ni

1 else (3)

where Ni denotes the eight neighborhood pixels of the ith pixel. According to [9]
the penalty factor β of the ith pixel is defined as

β =

√∑
i∈S

∑
j∈Nd

i
(pi

m − pj
m)2

N/k
(4)

where t denotes the number of iterations, m denotes the group, d denotes the
number of directions (e.g. horizontal, vertical and two diagonal directions). pi

m

denotes the posterior probability of pixel i. pj
m denotes the posterior probabil-

ity of pixel j in the neighborhood i on the direction of d. Assuming that the
distribution of intensities yi follows a Gaussian distribution with parameters
θl = (μl, σl), μl ∈ μxi , σl ∈ σxi , given the group label xi = l.

p (yi | xi) = g (yi; θl) =
1

√
2πσ2

l

exp

(

− (yi − μl)2

2σ2
l

)

(5)

Based on the conditional independence assumption, the joint likelihood prob-
ability is given by

P (Y | X) = Πi∈Sp(yi | xi) = Πi∈S

[
1√
2π

exp

(

− (yi − μxi)2

2σ2
xi

− log(σxi)
)]

(6)

which can be written as P (Y | X) = Z−1exp
(− U(Y | X)

)
, with the likelihood

energy

U (Y | X) =
∑

i∈S

U (yi | xi) =
∑

i∈S

(
(yi − μxi)2

2σ2
xi

+ log(σxi)
)

(7)

We seek a labeling x̂ of an image, which is an estimate of the true label-
ing. According to the MAP criterion: x̂ = argmaxx∈X{P (Y | X)P (X)}. The
MAP estimation is equivalent to minimizing the posterior energy function x̂ =
argminx∈X{U(Y | X) + U(X)}. Application of the EM algorithm to solve the
GMRF model results in (see [10] for details)

μ
(t+1)
l =

∑
i∈S P(t) (l | yi) yi

∑
i∈S P(t) (l | yi)

(8)
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(
σ

(t+1)
l

)2

=
∑

i∈S P(t) (l | yi) (yi − μl)2
∑

i∈S P(t) (l | yi)
(9)

P (t) (l | yi) =
g(t) (yi; θl)P (t) (l | xNi)

p (yi)
(10)

where t denotes the iteration number.
Let U∗(t) =

∑
i∈S{U (t)(Y | X̂) + U (t)(X̂)}, where X̂ is an estimate of X. The

termination criterion of the EM algorithm is | (U∗(t+1) − U∗(t))/(U∗(t)) |≤ ψ.
The GMRF-EM approach can be repeated depending on the number of seg-

mentation groups/labels. For each we determine the mutual information and
derive ∂MI(k) = MI(k) −MI(k − 1) and ∂2MI(k) = ∂MI(k) − ∂MI(k − 1).
For these first and second order derivative we introduce thresholds ε1 and ε2

respectively, which can be used as stopping criteria and will result in an estima-
tion for the number of segmentation groups/labels. We use the two thresholds
as ∂MI(k + 1) ≤ ε1 and ∂2MI(k + 2) ≤ ε2. The final segmentation result by
using the GMRF-EM approach is the segmentation after k iterations.

3 Experiment and Discussion

We set κ in Eq. 2 equal to 20, the termination criterion of the EM algorithm
ψ = 0.001. We create a synthetic images with Gaussian noise from 1% to 20%
to estimate model parameters: resulting in δ = 0.1, ε1 = 0.07, ε2 = 0.02. We
used two types of images as shown in Fig. 3. According to the termination
condition (∂MI < δ), the number of iterations are calculated as 10 and 13,
respectively. From 2 to 5 groups, we can see the mutual information increasing
rapidly, but after 5 groups this is reduced which denotes the number of groups
are equal to five. According to our termination criterions (∂MI(k + 1) ≤ ε1 and
∂2MI(k + 2) ≤ ε2), we can easily determine that the number of segmentation
groups are five for both images which is the same as the ground truth, but the
numbers of groups determined by the approach of Wang et al. are 6 and 7,
respectively. We did run the experiment at variable noise levels and from 1%-
19% noise the developed method produced the correct number of groups/labels.
With increased noise levels the method will over or under estimate the number
of groups/labels.

Our method was also tested on simulated T1 and T2 MR data from Brain
Web [11]. In Fig. 4 non-brain tissue regions have been removed using a standard
approach [12]. According to our termination criteria, the anisotropic diffusion
iteration numbers are determined as 1 and 2 when using an anisotropic diffusion
model and mutual information. In the second graphs the ∂MI curves on T1
and T2 are 0.0404 and -0.0308 at five groups, respectively, the ∂2MI curves on
T1 and T2 are 0.0089 and -0.0665 at six groups, respectively. According to our
termination criterion, we can automatically determine both of the MR images
can be segmented into 4 groups which are the same as the ground truth. We also
compared our method with the method proposed by Wang et al., for which the
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Fig. 3. Experimental results on synthetic images. The first and third rows show from
left to right the original images, the original images with 15% Gaussian noise, the
images after using the anisotropic diffusion model, the segmented images using our
method, and segmentation results based on the GMRF-EM approach only. In the
second and fourth rows, the first graphs show the mutual information (MI) curves of
the filter result by using the anisotropic diffusion model for 20 interations, and the
difference of mutual information curves (∂MI). The second graphs are the mutual
information curves of numbers of segmentation groups and its derivative curves based
on the proposed approach, while the third graphs show the equivalent based on the
approach of Wang et al. [4].

results show the number of segmentation groups are determined as 6 groups for
T1 and 3 groups for T2. We also segmented the images using only the GMRF-EM
approach.

Note that the proposed approach has also been applied to some other images
from the Brain Web and other sources, but the detailed results are not given
here due to space limit. Nevertheless, the results showed that our approach can
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Fig. 4. Experimental results on simulated MR data. The first (T1) and third (T2)
rows show from left to right the original images with 9% noise and 40% intensity
inhomogeneity, the ground truth images, the segmented images using our method, and
segmentation results based on the GMRF-EM approach only. The graphs in the second
and fourth rows are arranged in the same manner as those in Fig. 3.

effectively determine the number of segmentation groups by comparing them
with the ground truth, which are more promising than those of Wang’s approach.
In addition, as a side effect but importantly, the segmentation results obtained
by our approach are better than those obtained by only using the GMRF-EM
approach.
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4 Conclusion

In this paper, we have proposed a method which automatically determines the
number of segmentation groups/labels. This is achieved by initially using an
anisotropic diffusion model for noise removal which automatically estimate the
number of iteration by mutual information. Subsequently, mutual information
and class-adaptive Gauss-Markov modeling are used to determine the number of
groups/labels. We tested our method on simulated and multi-modal images. The
evaluation showed that our method based on the difference of mutual information
can effectively and automatically determine the number of segmentation groups.
In addition, segmentation results are improved and the methodology leads to
unsupervised automatic segmentation.
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Abstract. Two new textural descriptor, named N Concentric Squares
Resized (NCSR) and N Concentric Squares Histogram (NCSH), have
been proposed. These descriptors were used to classify 472 images of
alive spermatozoa heads and 376 images of dead spermatozoa heads.
The results obtained with these two novel descriptors have been com-
pared with a number of classical descriptors such as Haralick, Pattern
Spectrum, WSF, Zernike, Flusser and Hu. The feature vectors computed
have been classified using kNN and a backpropagation Neural Network.
The error rate obtained for NCSR with N = 11 was of 23.20% outper-
forms the rest of descriptors. Also, the area under the ROC curve (AUC)
and the values observed in the ROC curve indicates the performance of
the proposed descriptor is better than the others texture description
methods.

Keywords: texture descriptors, semen assessment, classification, digital
image analysis.

1 Introduction

In this work we have assessed the vitality of boar sperm cells using a new tex-
ture descriptor that allow us to classify each spermatozoon head as dead or
alive. Currently, this assessment is carried out using fluorescence microscopy
and stains and is not possible to perform it with phase contrast microscopes
without stains. It means the assessment is a time consuming process and also
requires the laboratory to have access to expensive equipment.

The sperm assessment is a very important problem for the porcine industry.
In most of the countries there is a big demand of alimentary products obtained
from pig’s meat so there is lots of companies trying to obtain as better as possible
pork flesh and, at the same time, at the lower price available. The way to do it
is by selecting the semen used in artificial insemination i.e. to assess the semen
of the donor boars, picking the best specimens up and use only the best ones.

For several decades the CASA (Computer-Assisted Semen Analysis) systems
have been used for assessing the seminal quality. Currently these systems analyse
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the mobility, concentration and provide some simple geometric measures of the
spermatozoa’s head to characterize abnormal head shapes, obtaining an assess-
ment of the studied sample based on that values. But there are three valuable
criteria, used by veterinary experts, that theses systems are not yet able to anal-
yse automatically, as are the integrity of the acrosomal membrane, the number
and presence of proximal and distal droplets and the vitality of the sample based
on the presence of dead or alive spermatozoa.

A number of works have addressed some of the problems related to the semen
analysis using digital image processing. Most of them use CASA systems for
evaluating the sperm motility [1] or for studying the relationship among sperm
cell motility patterns, morphology and boar fertility [2,3]. Others researches
have developed new methods to characterize the sperm shape by using spectral
approaches [4,6], or they have been looking for subpopulations [7] using shape
descriptors of the spermatozoa head. There is only little work addressing the
evaluation of the membrane integrity, in this case using texture descriptors [8]
and, as far as we know, there is not any work published that assess the vitality
of a sample classifying the spermatozoa heads as dead or alive.

The rest of the paper is organized as follows: section 2 explains how the
images have been captured, segmented and preprocessed. In section 3 the features
vectors of classical texture descriptors used are detailed and the new proposed
descriptors are explained. Section 4 indicates what classifiers have been used.
In section 5 the results obtained with the proposed and classical descriptors are
shown and, finally, the main conclusions are presented in section 6.

2 Image Dataset and Preprocessing

2.1 Image Acquisition

The images used have been captured in CENTROTEC, an Artificial Insemina-
tion Centre that is an University of Leon spin-off. The semen were obtained from
boars of three different races- Piyorker, Large White and Landrace. 450 pairs
of images have been obtained using a Nikon Eclipse microscope and a Baster
A312f camera of progressive scan. Each pair contains an image in positive phase
contrast and a fluorescent image obtained using two different stains, propidium
iodide (PI) that dyes dead spermatozoa as red and dichlorofluorescein (DCF)

Fig. 1. Figures shown images in positive phase contrast and images with fluorescent
stains respectively. Alive spermatozoa are coloured in red and dead ones in green.
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Fig. 2. Upper images represents masked images, and grey scale spermatozoa are shown
in the lower images (alive in the left side and dead in the right)

for turning green the alive spermatozoa, see fig. 1. Further information about
the sample preparation can been found in [10]. We have captured these pairs
of images because we have used the phase contrast images for developing and
testing the texture descriptors evaluated on the proposed method. For this pur-
pose, first we need a ground truth that we have obtained using the red and green
colours of the fluorescent images for labelling the grey level ones.

2.2 Segmentation

Every spermatozoa head from the phase contrast images have been automatically
segmented. First, the image regions containing the heads have been detected by
thresholding and later head regions are cropped. Then, the heads have been
segmented using the method presented in [9]. The binary image obtained have
been used for masking the region cropped previously so the images that are used
in the description step have a black background. The original grey level of the
spermatozoa heads and the masked images can be seen in figure 2. Later, all the
spermatozoa heads have been cropped using its bounding box, then resized to
108 × 63 pixels, rotated placing the longest side in vertical. Using the location
of the tail, the apical part have been placed at the upper side and the tail’s
insertion at the lower side (figure 2). Finally, 472 images of alive’s heads and 376
images of dead’s heads have been obtained.

3 Texture Description of the Spermatozoa Heads

3.1 Texture Oriented Descriptors

Our first approach has been to try a number of descriptors for classifying the
spermatozoa as dead or alive using the different texture distributions present in
their heads. We also have proposed two new texture descriptors, called NCSR (N
Concentric Squares Resized) and NCSH (N Concentric Squares Histogram) that
we will explain in next section. The descriptors considered have been Hu, Flusser,
Zernike, Haralick, some statistical descriptors, Wavelet Statistical Features and
several variations of the Pattern Spectrum.

The following feature vectors have been used. The Hu descriptors used have
been the seven normalized moments defined for Hu [13]. Likewise, we have
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computed the six invariant affine moments proposed by Flusser [12]. The Zernike
moments vector contains the nine first Zernike moments until order four [15]. In
the Haralick’s feature vector we have include the value of the first thirteen values
computed over the grey level co-ocurrence matrix, with distance 1 and the aver-
age of the directions 0, 45, 90 and 135 degrees. The thirteen descriptors [14] are:
energy, contrast, correlation, variance, inverse difference moment, sum average,
sum variance, sum entropy, entropy, difference variance, difference entropy, first
measure of correlation and second measure of correlation. From the histogram
of each cropped and masked region we have computed four statistical values:
average grey level, average contrast, measure of uniformity, entropy that make
up the statistical feature vector used.The WSF feature vector is the proposed by
Arizazhagan and Ganesan [11]. It is a 24-D features vector containing the mean
and the standard deviation of the twelve images from the three first sub-bands
of the wavelet decomposition. Finally, three different Pattern Spectrum vectors
have been computed using the Maragos’s proposal [16], with 10 elements both
without normalization and normalizing the vectors.

3.2 Proposed Descriptors: N Concentric Squares (NCS)

The N Concentric Squares (NCS) descriptor gathers the grey levels along N
equidistant squares that are concentric to the bounding box of the interest im-
age. The value assigned to N sets the number of squares obtained. As N in-
creases, the squares will get closer. All the N squares are concatenated making
up one vector whose longitude depends on the size of the image and the number
of squares extracted. As we have been working with registered images, all the
images are vertical and have the same size. The first part of the vector is the
horizontal segment closer to the left upper corner of the image, the second part
is the vertical segment of the outer NCS that is closer to the right side of the
image, the third part is the horizontal segment at the bottom and the last part
of the outer square is the vertical segment closer to the left side of the image.
The four segments are concatenated constituting the vector that comes from the
outer square. Later, the same process is followed with the rest of the inner squares

Fig. 3. Spermatozoon image is divided in N squares. In this case, N=7.
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concatenating all the resulting vector into one. The grey levels gathered along
this vector are the maximum value in the 3× 3 neighbourhood of each position.
The distances between squares are given by the equation 1.

NpbHs =
nRows

2

N + 1
, N = 1, 2, 3, . . . ; NpbV s =

nCols
2

N + 1
, N = 1, 2, 3, . . . (1)

where NpbHs and NpbVs are the number of pixels between Horizontal and Verti-
cal segments, respectively; and nRows, nCols are the number of rows and columns
of the image.

The first descriptor proposed, called NCS Resized (NCSR), takes the previous
vector and resizes it to a new vector of 100 elements by interpolation using a
method based on the Fourier transform. The second descriptor proposed, figure 4,
called NCS Histograms (NCSH), computes a histogram with 20 bins for each of
the concentric squares and then it concatenates all the N vectors yielding a new
vector of length 20 × N .

Fig. 4. Examples of NCSR (left) and NCSH (right) vectors

4 Classification

First, we have carried out a kNN classification with k values 1, 3, 5, 7, 9, 11 and
13. In most cases the best hit rate have been obtained with k = 9 and k = 11.

Later, we have also classified the data using a Neural Network looking for
robust classification. The NN used was trained using backpropagation. It has
one hidden layer and a logistic sigmoid transfer function for the hidden and the
output layer. Learning was carried out with a momentum and adaptive learning
rate algorithm. Data were normalized with zero mean and standard deviation
equal to one. Classification was carried out by means of 10-fold cross validation
with several different combinations of neurons in the hidden layer and training
cycles in order to find out the optimal configuration in terms of accuracy. As
there are some authors [17] from the machine learning community who claim
that the hit rate is not the most suitable option for illustrating the performance
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Fig. 5. Descriptor error and AUC values for different values of N

of a classifier, we have also obtained ROC curves and we present in the results
section the area under that curve (AUC) as a more robust tool for comparing
the computed descriptors.

5 Results

5.1 Best N Value for NCSR and NCSH

The errors obtained classifying with NCSR and NCSH when different values of N
used, and classifying with NN, can be seen in figure 5. It is possible to appreciate
that the error decreases with higher values of N, from N = 1 to N = 11. The
behavior for the AUC is the opposite, also obtaining the best values for N = 11.
In this figure is clear the performance of NCSR is much higher than NCSH so
our choice for this problem has been NCSR with N = 11.

5.2 Errors and ROC Curves

Table 1 summarize the errors obtained using kNN, Neural Networks and the
AUC value for each descriptor. The table is arranged, from left to right, in
ascending order using the global error rate yielded by the NN. This order is
almost the same, but descending, when the AUC criteria is used. It is possible
to observe the errors provide by kNN do not correspond exactly with the yield
by the NN classifier but, in both cases, one of the proposal descriptors, NCSR,
outperforms to the rest of descriptors. The same behaviour can be seen in the

Table 1. Errors using kNN and NN classifiers. It also shows the AUC value.

NCSR Haral13 PS10N PS20N PS10 NCSH FlussGrey Zern HuGrey HuBW FlussBW

NNError 23.20% 24.07% 24.93% 25.14 25.24% 27.63% 28.63% 30.55% 32.44% 39.50% 40.47%
AUC 0.8299 0.8297 0.8092 0.8053 0.8032 0.7707 0.7751 0.7453 0.7318 0.6096 0.5872
kNNError 25.22% 31.30% 28.09% 30.84% 28.46% 27.09% 44.57% 32.21% 31.59% 43.82% 44.44%
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Fig. 6. ROC Curve for descriptors comparison

Receiver Operating Characteristic (ROC) curve 6. Whereas there are several
descriptors with a high accuracy, as the Haralick13, the WSF, the proposed one
with N = 11 surpasses the rest methods in the interval of specificity [0.1, 0.4],
been similar or slightly lower to Haralick13 in the other parts of the curve. That
values, jointly with the error rates obtained, allow us to say that the proposed
descriptor has a better performance than the other ones in this context.

6 Conclusions

We have proposed two new texture descriptors named NCSR (N Concentric
Squares Resized) and NCSH (N Concentric Squares Histogram) for describing
the texture present in the images taken of boar spermatozoa heads. A first
evaluation of which one was the best value of N for this problem was carried out.
Later, we have computed these descriptors and we have use them for classify the
spermatozoa heads as dead or alive. The results obtained have been compared
with a number of classical texture descriptors as Haralick, Pattern Spectrum,
WSF, Zernike, Flusser and Hu, using both kNN and a backpropagation Neural
Network. The results illustrate that one of the proposed descriptors, NSCR,
outperforms the others using both the error rate criteria and the accuracy seen
at the ROC curve.
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Abstract. In this work, an approach combining local representations
with a direct voting scheme on a k-nearest neighbors classifier to identify
filled-in document images is presented. A document class is represented
by a high number of local feature vectors selected from its reference image
using a given criterion. In the test phase, a number of vectors are equally
selected from an image and used to classify it. The experimental results
show that the parameterization is not critical, and good performances in
terms of error-rate and processing time can be obtained, even though the
test documents contain a large proportion of filled-in regions, obviously
not present in the reference images.

Keywords: Document identification, filled-in documents, local features,
k -nearest neighbors.

1 Introduction

In document classification, a significant amount of effort has been traditionally
devoted to develop approaches focused on clustering documents having a cer-
tain degree of semantic similarity, as belonging to the same class or category.
However, in some applications, like those dealing with data digitalization and
extraction, among others, the classes must be defined to represent particular
types of documents. In that case, the task is commonly known as document
identification, and clustering methods are therefore not adequate. In most of
these applications, the identification of a document image is required as a first
step, previous to any other specific process.

Also, in many applications, methods for automatic processing of filled-in docu-
ments such as invoices, forms, passports and other business, medical, or personal
documents are required. In this case, large handwritten, typed or stamped re-
gions in the documents can be found, and that can radically change the values of
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global image features that are often extracted from the images. In that case, the
use of local features can be a good solution to specifically locate the pre-printed
contents in a document identification process.

In this work, we face the issue of identifying document images from multi-
ple application domains, regardless of their layout, structure, text and non-text
contents as well as different amount of filled-in contents. To achieve this goal,
an approach combining local representations with a direct voting scheme on
a k -nearest neighbors classifier is used. The experiments carried out show the
robustness of the approach, taking into account that no filled-in contents or
representations are used in the training phase.

2 Related Work

Many kinds of features have been used for document image classfication. They
are related to document layouts, texture primitives, string and character recog-
nition, shape codes, frame detection, salient visual features, global image trans-
formations and projections, or semantic block structures detection.

In the scope of Information Retrieval, when no filled-in contents exist, doc-
ument identification can be seen as a duplicate detection task [3]. In this case,
the approaches have to tackle with differences among document instances, like
resolution, skew, distortions and image quality, speed and robustness, as well as,
handling very large databases.

Most works dealing with filled-in documents are related to form identification.
Many of them are based on analyzing global and local structures [4], [12], [7].
Structural features are usually limited to documents having frames, cells, lines,
blocks, or similar items, and it may not help with different types of documents
having similar structure. Other works rely on using character and string codes to
achieve the document identification [14], as well as, on computing pixel densities
from image regions [5]. Within form-type documents, specific applications are
addresed to coupons [9], banking [11] or business [15] form identification.

The purpose of this work is to deal with the task of classifying documents
with total flexibility of designs, layouts, sizes, and amount of filled-in contents
in an efficient way. Hence, the above aproaches may not be appropiate as they
use global features, or they are focussed on specific document types, or they are
not able to handle filled-in contents.

3 Approach

Typically, document images are composed of white background pixels and black
foreground pixels, but other combinations like gray, colored, or heterogeneous
backgrounds and foregrounds can be found. The foreground is mostly composed
of text (in many cases having different appearances like typed fonts, handwriting
styles, case letters, bolded text, sizes, etc.), although other objects like images,
graphics, logos, or frames are frequent, too. Usually, the text areas also include
background patterns interleaved, and some background often covers most of the
surface of a document.
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Fig. 1. Document examples. On the left, a form where the static contents cover most
of the document. On the center, a form page with a large number of cells. On the
right, a business document having very scarce structural patterns and static contents
(located in the header), while the variable contents can be any amount of text lines.

A filled-in document can be seen as an image having static (pre-printed) and
variable contents (machine printed or handwritten). Under this assumption, a
type or class of document is defined as the set of images having different static
content from the other classes and an approximately common intra-class static
content. The variable content (filled in), however, can vary wildly for different
documents within a class. In Figure 1, some filled-in document types are shown.

In this work, the voting approach used in [13] for a face recognition task has
been applied to document identification. In our case, a number of known docu-
ment classes are represented by a set of reference images, and the identification
of a test document relies on the combination of the evidence contributed by
multiple local features. One or more reference images can be used to represent
each class, but only the static part of the document must appear in them.

In the training phase, a number of small sub-images from each class are se-
lected from its reference images. The selection criterion can be made on the basis
of image contrast, or variance, or on more complex operators, like corner detec-
tion or specific filters. The goal of this selection is to retain the areas with clear
graphical content, as text or any other possibly discriminative pattern, avoiding
uniform areas or uninformative background regions.

In the test phase, also a number of sub-images from a test image are selected,
using the same filter as in the training phase. After feature extraction, each
vector is classified according to the k -nearest neighbors rule, and finally, a voting
scheme is applied to find the class with the largest number of votes. Adequate
sub-sampling can be applied in both phases to reduce the computational burden
while assuring that any selected sub-image having static contents from a test
image, corresponds to some sub-image included in the training set.
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3.1 Feature Extraction and Classificacion

The first operation applied to the sub-images was a conventional preprocess to
normalize the local contrast. The resulting vectors were transformed by means of
principal component analysis (PCA) and only the most significant components
retained, resulting in a low dimension feature vector for each sub-image. In
section 4, more details and the parameters used in these processes are given.

To increase the information content and, potentially, the discriminative power
of the feature vectors, a controlled amount of (non-local, or global) geometric
information can be taken into account. In this case, the coordinates of the center
of each window with respect to the whole image are added as two new compo-
nents before classification, and normalized to have a standard deviation related
by a factor to the standard deviation of the first PCA component. This factor
can be seen as a weight to tune the effect of the global features with respect to
the rest of the components (local features).

As detailed in [13], the classification procedure used is related to the meth-
ods often referred to as direct voting schemes [8] which can be included under
the more formal statistical framework of classifier combination [6]. Let Y be a
test image. Given a prototype set representing the reference classes, Y can be
optimally classified in a class ŵ having the maximum posterior probability,

ŵ = arg max
1≤j≤d

P (ωj |Y ) (1)

Given a set of feature vectors mY = {y1, . . . , ym} extracted from Y , the
classifier can be rewritten as a linear combination of mY classifiers [6] each one
from every feature vector of Y ,

ŵ = arg max
1≤j≤d

mY∑

i=1

P (ωj |yi), (2)

which corresponds to the so called sum rule often used in practical applications.
Note that feature vectors coming from sub-images having variable contents, or
any other kind of noise, introduce “noisy” feature vectors to the classifier which
will generally be poorly estimated with low probabilities. The sum rule provides
a way of smoothing the effect of these low probabilities. Hence, the noisy vectors
actually will have a beneficial effect because misclassified vectors will tend to
distribute among different classes.

Several variants of the k -nearest neighbors rule can be used to estimate the
posterior probabilities of the expression 2. Assuming that the number of vectors
of each class in the prototype set is fixed according to the a priori probabilities
of the classes, the following estimate can be used,

P̂ (ωj |yi) =
kij

k
,

where kij is the number of neighbors of yi belonging to the class ωj , and the
classification rule becomes,
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ŵ = argmax
1≤j≤d

my∑

i=1

kij

That is, a class ŵ with the largest number of votes accumulated over all
vectors extracted from the test image is selected. The number of test vectors
used can be adjusted empirically.

Note that the selection criterion, as proposed in section 3, is applied within a
class, and, in spite of adding location components to the training feature vectors,
it does not guarantee that similar sub-images from different classes could be
found at the same location. However, it is expected that using a large number
of vectors per class will decrease the overall probability of multiple matchings of
test vectors on the same “erroneous” class (we call casual matchings).

Nevertheless, among very similar documents, a high number of casual match-
ings can occur, and this could affect the performance of the method. To solve
this issue, the use of a two-level hierarchical classifier could be used: very similar
classes can be grouped in the same category, and if the class with the high-
est posterior probability is a category, then a fine-grained method, like the one
described in [1], can be applied to discriminate classes within that category.

An inherent characteristic of the method proposed is that a high number
of vectors could be needed to represent a document class. Also, in practice,
a high number of classes could be required to be identified by a system. As a
consequence, the use of an efficient technique to find the k -nearest neighbors of a
vector in very large sets is imposed. In the experiments, a kd -tree data structure
[2] has been used, which provides fast approximate k -nearest neighbors search
in θ(log(N)), where N is the number of vectors of the prototype set.

4 Experiments

Experiments were carried out on a database consisting of 683 binary and gray-
scale documents belonging to 69 different types, most of them DIN A4 size, and
having different amount of filled-in contents. It includes the well-kown NIST
SD6 database [10] (20 form faces) and documents from different real office work-
flows consisting of business invoices, bank documents, personal documents, and a
variety of forms. In Figure 1, three examples of document types used are shown.

One reference image per class was selected for the training set, while the rest
were used for test (6 to 10 images per class). The reference images have been
checked and, if necessary, manually cleaned to remove filled-in contents.

Several preprocesses were applied to the whole database. Because of the scan-
ning, some documents revealed different rotations, and a correction was applied
to them. Then, to overcome the drawback of different acquisition resolutions
found in different instances of a class, each image was resized to the same pixel
surface (equivalent to an A4 300dpi area) preserving its original aspect ratio.
Finally, a smoothing filter using a 5x5 convolution matrix, as well as, contrast
normalization and thresholding were applied to help in the matching process.
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Fig. 2. Document-level (left axis) and LF-level (right axis) error rates for different
scale reductions. The best combination of the remaining parameters is shown.

4.1 Parameter Optimization

Several parameters are involved in preprocessing, selection and feature extrac-
tion. To see how the system performance is affected, comprehensive tests on
combining the following parameters were performed:

– Window size. Several window sizes, potentially enclosing sub-images having
different number of text characters, or other objects, were tested. Windows
around 80 pixels wide and 30 pixels high provided the best results.

– Scale. The images were scaled by different factors from 1/4 to 1/12, and the
window size was scaled as well.

– Number of local features (LF). A number of non-overlapped sub-images from
each class having the highest contrast (variance) are selected for training and
test. Values from 100 to 1000 were tested. In practice, to reduce the number
of computations in the search for candidates, subsampling was applied in
the training as well as in the test phase, and additional sub-images extracted
from a neighborhood window of size equal to the subsampling step around
the previous selected sub-images were added to the training set, in order to
assure that any selected sub-image having static contents from a test image
is included in the training set.

– Dimensionality reduction. A PCA transformation of the local feature vectors
and a dimensionality reduction to 15 components were applied.

– Global features weight. The coordinates of the center point of each window
were added to its feature vector after the dimensionality reduction. The
values of these new features were normalized to the standard deviation of
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Fig. 3. Document-level error rate as a function of: (left) the number of local features
used in training and test; and (right) the coordinate weight.

the first PCA component and multiplied by a weight factor to tune their
effect with respect to the rest of the components. Combinations of weight
factors (αx, αy) from 0 to 8 were tested.

A fast classifier was implemented using an approximate kd -tree [2] search. The
nearest neighbor of each of the 17-dimensional (15+2) vectors extracted from a
test image was obtained using a value of ε = 2, and the test image was classified
by means of the sum rule described in section 3.1.

Figure 2 shows the results for different scale factors and the best combination
of the remaining parameters. A 0% error rate was achieved at document-level
with a factor 1/6, with 300 vectors for training and 500 vectors for test, and
(αx, αy) = (6, 2). The processing time measured for this setting was 4.5 docu-
ments/s on an AMD 64-bits 4 CPU 3 GHz machine. Notice that, in spite of the
error rates at LF-level are over 50% in most of the cases, very lower error rates at
document-level can be achieved because the wrong votes get distributed among
several classes. In most cases, misclassified vectors included filled-in contents.

The number of local features and the weight of the global features are pa-
rameters strictly related to the approach used. Hence, an analysis of the results
on varying both parameters while fixing the remaining ones as in the 1/6 scale
factor experiment of Figure 2 is presented. Figure 3 (left) shows the error rate as
a function of the number of vectors taken for training and test. Usually, the best
combinations are found using a few more test vectors than the number used in
training, and no big differences are found for different settings. Figure 3 (right)
shows that the window location is a very discriminant information. The weight
combination (αx, αy) = (6, 2) led to a 0% error rate. This means an improve-
ment of 5% (33 documents) on the recognition rate compared to not taking into
account the location as a global feature. It also should be noted that the x coor-
dinate is significantly more discriminant than the y coordinate. This is probably
because of the higher translations on the y axis present in some documents due
to the mechanical tolerances of the scanning process.
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5 Conclusions

An approach combining local representations with a direct voting scheme on a
k -nearest neighbors classifier to identify filled-in document images has been pre-
sented. Comprehensive experiments have been carried out on a database con-
sisting of 69 document types to determine performances as a function of the
parametrization used. It included a variety of business, bank, and personal doc-
uments, as well as forms, having different amount of filled-in contents. The re-
sults show that a 0% error rate can be achieved in the data set used, while the
procesing time is about 4.5 documents per second.
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Abstract. The assessment of arterial luminal area, performed by IVUS
analysis, is a clinical index used to evaluate the degree of coronary artery
disease. In this paper we propose a novel approach to automatically
segment the vessel lumen, which combines model-based temporal infor-
mation extracted from successive frames of the sequence, with spatial
classification using the Growcut algorithm. The performance of the
method is evaluated by an in vivo experiment on 300 IVUS frames. The
automatic and manual segmentation performances in general vessel and
stent frames are comparable. The average segmentation error in vessel,
stent and bifurcation frames are 0.17 ± 0.08 mm, 0.18 ± 0.07 mm and
0.31 ± 0.12 mm respectively.

1 Introduction

Atherosclerosis is a progressive disease affecting arterial blood vessels. The accu-
rate assessment of luminal area is one of the most important guiding parameters
during percutaneous intervention. It allows in fact to evaluate the local amount
of stenosis, thus determining the degree of Coronary Artery Disease (CAD). The
clinical inspection of coronary arteries is in general performed through Intravas-
cular Ultrasound (IVUS) which is a catheter-based imaging technique providing
real-time hi-resolution cross-sectional sequences. The IVUS sequence (pullback)
can be represented as I (x, y; t) where x and y are the spatial coordinates of the
image (Figure 1), and t the frame number of a pullback.

Several automatic methods for segmentation the arterial lumen of IVUS im-
ages has been proposed so far. Recently a robust approach for lumen segmen-
tation, based on the RF signal processing has been presented. [1]. This method
requires dedicated hardware or a RF export device which is not commercially
available and widespread in hospitals.

A second category of algorithms aims at segmenting the luminal contour
using region growing techniques on the gray scale reconstructed images [1–4].
Those methods exploit probabilistic approaches based on active shape models.
However, when blood and plaque present similar echogenicity, as in the case of
Figure 1, the methods based on the local image statistics, become less robust
and occasionally fail to identify the contour of the lumen. The main difficulty

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 556–563, 2011.
c© Springer-Verlag Berlin Heidelberg 2011
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Fig. 1. IVUS image of a pathological patient artery. The plaque contour can hardly be
defined on the left region because of the similar echogenicity with the blood.

lies in the impossibility to distinguish the changes in the statistical properties of
the two contiguous areas. Such limitation was partially solved by several authors
[5–7] who proposed the contemporaneous segmentation of successive frames of
the pullback in order to improve the robustness of the method. However, as ob-
served by [1] , the main limitation of all the active contour methods presented so
far, is that the appearance of the B-mode image depends on the characteristic of
the IVUS system and the parameters used for the image reconstruction. Thus,
no segmentation method is guaranteed to perform correctly on IVUS images
from different systems. A third strategy was explored by Kudo [8], who observed
that during successive frames of the IVUS sequence, the texture inside the lu-
men exhibits a large variability of the speckle pattern due to the presence of
blood flow, while the speckle pattern changes slowly in the tissue area. Kudo [8]
introduced a model-based approach, exploiting the decorrelation generated by
the blood flow. The faisibility of the approach [8] was illustrated by an in vitro
experiment, using an acrylic tube phantom. Unfortunatelythe method cannot
be straightforward extended to in vivo images because the model didn’t account
for the vessel pulsations and catheter oscillations. We decided, for the first time,
to extend his approach by building a workflow applied to in vivo sequences.

In this paper we propose to first identify the most stable frames of the pull-
back, then register its contiguous frames in order to generate a parametric image
discriminating the presence of steady tissues from the blood and finally segments
the vessel lumen by classifying the vessel pixels. The method automatically seg-
ments the lumen border by combining temporal information obtained computing
the local correlation between successive frames of the sequence with spatial clas-
sification performed using the Growcut [9] algorithm.

The main advantage of this approach is the segmentation robustness due to
the combination of temporal and spatial analysis.

2 Method

The proposed segmentation method is composed of two steps: a model-based
temporal correlation analysis and a spatial classification. The pipeline of the
approach is sketched in Fig 2-a.
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(a) (b)

Fig. 2. Pipeline of the lumen segmentation method (a) and frames selection scheme
(b)

2.1 Model-Based Temporal Analysis

Frames Selection and Motion Compensation. Heart beating causes a
repetitive longitudinal oscillation of the catheter (swinging effect) along the ves-
sel axis, resulting in multiple sampling of the same vessel positions. Additionally
the best alignment between vessel tissues can be achieved when the arterial pul-
sation is minimal. For this reasons the the most stable frames of the pullback,
commonly interpreted as belonging to the end-diastolic phase, can be robustly
identified by ECG gating or, as in our case, by image-based gating [10]. Then,
in order to take advantage of the information present in successive frames of the
pullback, for each gated frame IG = I (x, y; G) (where G is a gated frame index),
the previous and successive frames of the pullback are extracted for composing
a local stack S

i=
{
IG−1 , IG , IG+1

}
. Figure 2-b summarizes the frame selection

process and the creation of local stacks. Finally, possible catheter translation
and rotation, due to in-plane oscillation are compensated by computing a regis-
tration between all the stack frames. The optimal rigid registration is obtained
by computing the transformation parameters that minimizes the mutual infor-
mation between two successive according to the equation X2 = R(θ) · X1 + T

where X =
[

x
y

]
, R(θ) is the rotation matrix, and T is the translation matrix.

Temporal Correlation. As proposed by [8], the correlation between succes-
sive frames of an IVUS sequence can provide useful information for the lumen
border detection. In order to compute the temporal correlation of the speckle
pattern as discriminative feature, the Pearson Correlation Coefficient is com-
puted over a sliding window of size H ×H along each pair of images of a stack
S

i generating three correlation images (Ic12, Ic23, Ic13). The size of the window
H is a trade off between edge over-smoothing when large windows are used and
lack of precision in the correlation computation when a small number of sam-
ples are involved. The optimal size can be defined as the distance between two
speckle noise peaks which can be automatically obtained from the duration of
the pulse waveform [11], computed as the full width at half maximum of the noisy
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autocorrelation coefficient. Finally a parametric image IP is computed by aver-
aging the correlations (Ic12, Ic23, Ic13) (Figure 3-a).

2.2 Spatial Classification

In this paper a fast and robust spatial segmentation technique has been used to
classify the image pixel. The Growcut algorithm [9] is an iterative classification
method assuring the spatial coherence of the segmentation. The method is able
to optimally separate two regions of an image, RA and RB according to the
pixel spatial relations and intensity. The approach relies to a cellular automaton
technique, discrete in both space and time, that operates on pixels p of the image
I and its neighborhood cells p. A cellular automaton system, is based on a cell
state defined by a triplet Γ = (Lp, θp,Vp) , where Lp is the label of the current
cell, θp is the weight of the current cell, and Vp is the textural feature (in our
case the intensity of the gray-scale image). The seeded cells are initially defined
by labeling two compact subsets of the image (ΩA and ΩB) composed by all
the pixel who likely belong to the external and internal regions RA and RB

respectively, while not-assigned pixels ΩC are initially set to: Lp = 0 and θp = 0.
The cell’s state Γ t+1

q at time step is defined by a rule considering the states of
the neighborhood cells Γ t

q at previous time step t. Starting from the initial seeds,
at each iteration, the strongest neighbor cells q propagate its label to the cell p ,
and the new strengths of θp is computed weighting the strength of the neighbor
cell and its distance:

θt+1
p = g (‖Vp − Vq‖) θt+1

q (1)

where ‖‖ is the euclidean distance and g is a monotonically decreasing function
defined as g(ξ) = 1 − ξ

max(V ) . The final goal of the segmentation is to assign a
label to all the pixels.

Labels. The initial Growcut seed areas, ΩA and ΩB, are computed from the
polar parametric image IP , which is characterized by low correlation where the
blood is flowing (lumen area) and high correlation where the arterial vessel and
plaque are present. The correlation reaches its maximum close to the lumen
border, and progressively decrease with the dept of the signal.

Based on these assumptions, the contour of ΩA (Fig 3), corresponding to the
surrounding tissues, is obtained by identifying the maximum intensity profile
along the columns of IP . The tracking of the ridge is done by the minimum cost
path technique proposed by Cohen [12]. Such method computes the contour
guaranteeing the minimal trajectory along an energy potential surface between
two end points. The potential surface depends on both intensity of the image
and distance from the target point. The method provides a smooth curve able
to connect tissues separated by discontinuities (for instance generated by the
shadow of the catheter guide, by stent wires or by calcium spots). The minimal
path method [12] requires the definition of source and target coordinates. These
are obtained as the image coordinate of the maximum intensity computed on
the first and the last column of the image.
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(a) (b) (c)

Fig. 3. Growcut seed areas ΩAand ΩB superimposed to the parametric image IP (a)
to the initial frame IG (b) and to the modulated frame IG

P (c)

The second contour ΩB , corresponding to the blood area is obtained by clas-
sifying the pixel of the polar parametric image IP enclosed in ΩA. Such samples
can be either blood vessel or surrounding tissues, hence the pixels having low
correlation are identifyed applying the classical Otsu threshold method [13]to
the pixels enclosed in ΩB .

Modulated Images. The Growcut classification method is applied to the mod-
ulated image IG

M obtained multiplicating the gated frame IG for the parametric
image IG

P . Such modulation combines the high frequencies of the IVUS im-
age IG, with the low frequencies of the parametric map IG

P . Hence, it enhances
the boundaries between lumen and plaque (especially in the regions where the
speckle echogenicity is similar), since in IP , the vessel border is sharp and lumen
and vessel areas are uniform. Figure 3 illustrate the Growcut seed areas ΩA and
ΩB superimposed to the parametric image IP to the initial frame IG and to the
modulated frame IG

M .

3 In vivo Experiments

The proposed segmentation method has been tested on three pullbacks, (each of
them composed by about 2000 frames, for a total of 300 gated frames) of in vivo
coronary images. Such database guarantees a representative number of different
vascular structures (plaque and vessel shape, presence of stent, different lumen
area and diameter) . The acquisition has been performed using an IVUS Galaxy
II System with a catheter Atlantis SR Pro 40 MHz (Boston Scientific).

Ground truth areas, indicating the expected segmentation result, were man-
ually delineated in each gated frames of the IVUS pullback by two experts. In
order to obtain a fairly segmented reference data set, the validation interface
enabled the expert to navigate from the previous/successive frame to provide
insights about the temporal evolution of the pullback. The operator performing
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Fig. 4. Examples of segmented images (vessel (a-d), stent (b-e) and bifurcation (c-f)
frames). The continuous and dotted lines represent respectively the manual and the
automatic contours.

the analysis was blinded to the automatic and to the other manual segmenta-
tion results. Figure 4 illustrates some segmentation examples of general vessel,
stent and bifurcation frames, respectively first, second and third column ob-
tained using a window size of 0.56×0.56 mm2. In the first row three successfully
segmented frames are shown. In particular Figure 4-a illustrates how the segmen-
tation of a challenging frame, in which only half of the plaque contour is visible
(see Figure 1), has been achieved. The second row of Figure 4 present cases in
which the result is not optimal. In Figure 4-d and -f the algorithm is fooled by
the catheter guide, while in Figure 4-e the segmentation under-estimates the
temporal correlation lumen area.

4 Discussion

In this paper we presented a lumen segmentation method which combines tem-
poral information extracted from successive frames of the sequence with spatial
classification issues from the spatial analysis. Encouraging results has been ob-
tained, since the automatic and manual segmentation error are similar in most
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Table 1. Segmentation errors in [mm] computed as the distance between automatic
and manual observers contours

Automatic Inter-observer
Max Mean Max Mean

Vessel 0.57± 0.24 [mm] 0.17± 0.08 [mm] 0.59± 0.73 [mm] 0.16± 0.06 [mm]
Stent 0.62± 0.19 [mm] 0.18± 0.07 [mm] 0.54± 0.31 [mm] 0.15± 0.06 [mm]

Bifurcation 1.12± 0.44 [mm] 0.31± 0.12 [mm] 1.80± 2.57 [mm] 0.23± 0.11 [mm]

(a) (b) (c)

Fig. 5. Scatter plots comparing the automatic with the inter-observer segmentation
errors. The plots report the average error measurements in the case of a vessel (a),
stent (b), and bifurcation (c) frames. The solid and the dotted lines represent the
unitary slope line and the linear regression curve, respectively.

of the cases. The performance of the approach is particularly good in vessel
and stent frames showing an average segmentation error of 0.17± 0.08 mm and
0.18± 0.07 mm respectively. This approach is fully automatic and additionally
it doesn’t require parameter tuning or training making it potentially suitable for
segmenting images from different echographs.

Future work will be addressed towards the validation of the technique com-
paring the performance on pullbacks belonging to different echographs brands,
models and probes (different central frequency). The proposed framework will be
evaluated using alternative spatial segmentation methods such as GraphCut al-
gorithm. Finally, the applicability of the method to the whole pullback sequence
is in progress.
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Abstract. Obstructive Sleep Apnea Syndrome (OSAS) is a very com-
mon sleep disorder that is associated with several neurocognitive im-
pairments. The present study aims to assess the electroencephalographic
(EEG) power before, during and after obstructive apnea episodes, in four
frequency bands: delta (δ), theta (θ), alpha (α) and beta (β). For that
purpose, continuous wavelet transform was applied to the EEG signals
obtained with polysomnography, and topographic EEG brain mapping
(EBM) to visualize the power differences across the whole brain. The
results demonstrate that there is a significant decrease in the EEG δ
power during OSAS that does not totally recover immediately after the
episode. Furthermore, a power decrease in a specific brain region was
noticed for all EEG frequency ranges.

Keywords: Obstructive Sleep Apnea, Electroencephalogram, Spectral
Analysis,Continuous Wavelet transform, Brain Mapping.

Introduction

Obstructive Sleep Apnea Syndrome (OSAS) is a very common sleep disorder
affecting 4% of men and 2% of women [1] and is sometimes undiagnosed. It is is
characterized by recurrent apneas during sleep, which are caused by the partial
or complete collapse of the upper airway, resulting in repetitive hypoxemic and
hypercapnic episodes, and interruptions of the normal sleep pattern.

OSAS contribute to the development of not only respiratory and cardiovas-
cular disorders but also neurocognitive impairments. Indeed, neuropsychological
investigations of patients with OSAS have shown impairments in functions as
memory, attention and executive control [2]. The pathophysiological mechanisms
underlying the morbidity of OSAS are not completely understood, which make
the research on the OSAS an important issue.
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It is known that intermittent hypoxia, as it occurs in OSAS, is associated
with cortical neuronal cell death (gray matter loss) in cognitively relevant brain
regions and consequent cortico-hippocampal damage [3]. Moreover, it was found
out that during an apnea episode there is a decrease of oxyhemoglobin, increase
of deoxyhemoglobin and an increase of cerebral blood flow, however the latter
cannot compensate for reduced arterial oxygen saturation and cerebral tissue
hypoxia may occur during OSA [4].

Neurophysiological assessment through the electroencephalographic (EEG)
signal provides an objective method for detecting changes in cortical activity.
The EEG signal shows patterns of electrical activity, each one characterized
by a typical frequency band and amplitude. The normal human EEG shows
activity over the range of 1-30 Hz with amplitudes in the range of 20-100 μV [5].
The lowest amplitude waves and highest frequency, 18-30 Hz, are named beta
(β) rhythm. Alpha (α) rhythm lies between 8-12 Hz with amplitude of 50 μV.
Larger regular waves of frequency range 4-7 Hz called theta (θ) rhythm have
been recognized along with a slow wave of less than 4 Hz called the delta (δ)
rhythm [5]. The EEG spectral analysis was found to be a very useful tool to
assess the EEG power in the four stated EEG frequency ranges [5].

In the current study, obstructive sleep apnea (OSA) episodes were carefully
selected and segmented in three parts, the OSA event (dur), a certain period
immediately preceding (pre) and a time interval after (post) the event in order
to assess the dynamic EEG power changes. The analysis of the EEG signal in
the four bands is performed by using the continuous wavelet transform (CWT)
and topographic EEG brain mapping (EBM) for visualization of the power in
the whole brain.

As far as the authors know this is the first study where data segmentation
in pre, dur and post was performed in adult OSAS patients to study the EEG
power changes. The studies that analyzed the EEG power during apnea are
usually focused in the detection of non-visible arousals (related to autonomic
activation). Furthermore, EBM is introduced as a powerful tool to visualize
spectral changes during OSA episodes across the brain in a local basis.

This is the second study applying EBM to assess spectral power changes
during OSA. The first one dates back to 1993 and had a poor resolution [6]. We
consider a promising method for studying neurophysiological aspects of brain
function during OSA since it allows the assess of the local power distribution
across the whole brain and, thus, to visualize which specific region is affected
during an apneic event. The relevance of this paper is held in the correlation of
some known neurocognitive impairments occurring in OSAS patients with their
affected brain areas, establishing a new door to a better understanding of the
effects of this sleep disorder in the human being.

1 Methods

A total of 15 male individuals with OSAS, mean aged 55 ± 6.10 (mean ± stan-
dard deviation, SD) and with a mean body mass index (BMI) 28.74 ± 5.26
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Kg.m−2, participated in this study. They underwent overnight polysomnographic
(PSG) assessment through a computerized PSG system (Somnologica 5.0.1, Em-
bla) during approximately 8 hours.

EEG electrodes were positioned according to the International 10-20 System
and 21 recordings were acquired, at a sampling frequency of 100 Hz, from the
following leads: Fp1, Fp2, Fpz, F3, F4, F7, F8, Fz, C3, C4, Cz, P3, P4, Pz, O1,
O2, Oz, T3, T4, T5 and T6, in reference to linked ears (A1 and A2). Electrocar-
diogram, thorax and abdominal efforts, airflow, oxygen saturation (SpO2) and
electromyographic channels were also recorded.

Each recording was visually examined and sleep stages were scored manually
at 30 seconds intervals, according to the criteria of the American Academy of
Sleep Medicine [7].

An oxygen desaturation event was detected when the oxygen saturation fell
by at least 4%.

1.1 Dataset

A sleep apnea event was detected when a 10 second interval of the airflow sig-
nal dropped below 20% of the reference amplitude. Only episodes that obeyed
to some criteria were considered: obstructive apnea-type events occurring in
NREM-2 sleep stage, lasting up to 60 seconds and be preceded and followed by
at least 30 seconds of continuous breathing, since it was intended to analyze data
not only during an OSA (dur) but also before (pre) and after (post) the event.
Each pre and post have a duration of 30 seconds.

The final dataset included 171 isolated OSA episodes, without artifacts, ex-
tracted from the 15 mentioned patients. In total, 10773 epochs (171 episodes×3
periods×21 channels) were analyzed. The mean duration of these episodes is
14.54 ± 6.43 s.

1.2 Signal Processing

The recordings were exported to European Data Format (EDF) files in order to
be analyzed in Matlab 7.5.0, in which all the signal processing was performed.

First of all, a noise reduction step was taking into account. The moving average
of each EEG signal was removed using time windows of 4s. A median filter of
order n = 10 was also applied to the signals.

In order to obtain the power in δ, θ, α and β frequency bands, the continuous
wavelet transform (CWT) method was then applied to each EEG epoch.

The wavelet transform has been considered over the recent years as a powerful
time-frequency analysis for the manipulation of complex nonstationary signals,
such as physiological signals [8]. This technique decomposes a signal into a set
of basic functions called wavelets, which are obtained by dilations, contractions
and shifts of a unique function: the mother wavelet [8], that in the case of the
present study was the Morlet function, defined as:

ψ(t) =
1
4
√

π

(

eiw0t − e−
w2

0
2

)

e−
t2
2 (1)
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where w0 is the central frequency of the mother wavelet (frequency at the center
of a Gaussian curve), the term in brackets is known as the correction term (it
corrects the nonzero mean of the complex sinusoid of the first term)

For a practical implementation, CWT is computed over a discretized time-
frequency grid, which involves an approximation of the transform integral. [8].

1.3 Power Calculation

After processing the EEG signal (x), the mean energy (Ep) for each apnea epoch
(p = pre, dur, post), episode (i = 1, ..., M), channel (c), frequency band (ωb), and
was calculated by the following equation:

Ep(c, i, ωb) =
1
N

N∑

n=1

[
S∑

s=1

|x(c, n) ∗W (n, ωs)|2
]

, ∀ ωs ∈ ωb (2)

where n represents the sample (n = 1, ..., N) and s the wavelet scale. W(n,ωs)
represents the scaled version of the Morlet wavelet with the central frequency of
ωs. The integral of the power of the frequency band ωb is the combination of S
equal spaced wavelets in the frequency domain.

Finally, the relative energy of each EEG channel and frequency band is cal-
culated by the following equation:

ep(c, ωb) =
1
M

M∑

i=1

[
Ep(c, i, ωb)

Epre(c, i, ωb)

]

− 1 (3)

1.4 Brain Mapping and Statistical Analysis

The EBM were made by the aproximation of the head to a semi-sphere [9]. This
simplification allows spherical interpolation of the vector Bωb

p = [ep(1, ωb),
ep(2, ωb), ..., ep(21, ωb)]T for the mean values. The same processing was made for
the standard deviation. The EBM was computed using EEGLAB’s function
topoplot() with Bωb

p as the input vector. EEGLAB is a software toolbox for Mat-
lab (more information is freely available from http://www.sccn.ucsd.edu/eeglab/)
[10].

Powers corresponding to dur and post for each EEG frequency domain were
compared by a tailed two-sample t-test against pre segments. This test considers
as null hypothesis the independency of two samples from normal distributions
and that the mean of one is higher than the other. A p-value < 0.05 was con-
sidered statistically significant.

All the episodes were tested for Edur and Epost against Epre for each frequecy
band (ωb) and channel (c). The binary vector Sωb

p (c) was the result of the val-
idation (1 for pass, 0 otherwise). New brain maps were made using topoplot()
with each Sωb

p as the input vectors. The interpolated values were considered true
if they were in the interval ]0.5, 1] and false for [0, 0.5]. These maps were used as
a mask to hide the points that weren’t statisticaly significant of the respective
mean power maps.



568 D. Belo et al.

2 Results

2.1 Demographic, Respiratory and Polysomnographic Variables

The resume of the polysomnographic characteristics of the 15 male patients
considered in this study are shown in Table 1.

Table 1. Polysomnographic characteristics in 15 OSAS patients

Parameter Mean ± SD

AHI (hours−1) 30.87 ± 13.04
∗TST (min) 411.87 ± 109.46
Sleep efficiency (%) 80.07 ± 16.39
TST in NREM1 (% of TST) 16.24 ± 7.18
TST in NREM2 (% of TST) 58.91 ± 9.03
TST in NREM3 (% of TST) 12.63 ± 6.87
TST in REM (% of TST) 12.23 ± 5.88
Number of arousals 105.67 ± 78.23
SpO2 baseline (%) 94.19 ± 1.32
Nadir SpO2 (%) 78.67 ± 8.79
Number of desaturations 82.71 ± 64.34

∗TST - total sleep time

As it is shown, these OSAS patients had low percentages of NREM-3 and
REM sleep, higher percentages of stage NREM-1 and NREM-2 sleep, and a
high number of arousals, which show a clear disturbed sleep pattern. In terms
of hypoxemia, the patients included in the study were severely affected: they
were characterized by a mean SpO2 nadir of less than 80% and a high number
of dessaturations.

2.2 EEG Analysis

The results (Figures 1 and 2) show a statistically significant generalized δ power
decrease during OSA, which is not fully recovered after the episode for all the
brain spectra.

For θ waves, there is a statistically significant power decrease only in frontal
(F3 and F4) and temporal (T3 and T4) regions during OSA, and in part of the
occipital (O1 and O2), temporal (T3 and T4), central (C3 and C4) and frontal
(F3, F4, Fp1 and Fpz) regions in post.

The EBM for the α and β frequency bands during OSA show a statistically
significant power decrease in occipital (O1 and O2), temporal (T3 and T4),
central (C3 and C4) and frontal (F3 and F4) regions of the brain, and an increase
in all the parietal are for the β band. In post, there is an overall slight power
increase, which is stronger in the frontal and occipital brain regions. However,
statistically, only channels F3, T5 and P4 are significant for β band, and Fp1,
P4 and Oz for α band. The β and α increases after the OSA episode, specially
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Fig. 1. EBM of the normalized power with pre apnea as reference. The sections of the
first row represent the mean power values of dur apnea for the four frequency bands,
and the third row the respective standard deviations. The second row represent the
power mean of post apnea for the four different frequency bands and the forth row the
respective standard deviations. Each brain map has a gauge with a color range from
dark red, the highest energy content, to dark blue, the lowest energy content, according
to the respective scale.

in the frontal (motor area) and occipital (visual area) regions, are probably due
to an arousal mechanism that often accompanies the termination of an apneic
event, which are responsible for sleep fragmentation [11].

The SD maps validate the results above described. Note that areas with a
higher SD for all frequency bands are those representing pre-motor, motor and
visual areas of the brain.

Decreases in δ power preceding arousal and termination of apneic events in
both REM and NREM sleep are reported [6,12]. However, the opposite conclu-
sions were also addressed [13,14]. Perhaps the difference between their results
and the ones obtained in the current study are due to the fact that δ power
was assessed only near or even at the apnea termination, so subcortical arousals,
including K-complexes and δ bursts, might occur and, thus, contribute to the
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Fig. 2. Statistical significance map. The displayed maps represent the normalized
power points that passed the tailed two-sample t-test for post and dur against pre
apnea episodes. Each brain map has a gauge with a color range from dark red, the
highest energy content, to dark blue, the lowest energy content, according to the re-
spective scale.

reported δ increases. In this work, all OSA episodes were visually examined and
δ bursts were removed at the end of OSA episodes, so that they did not influence
the mean δ power of post.

Please note that there is a power decrease during OSA also in θ, α and β in
specific regions - frontal (F3 and F4), temporal (T3 and T4) and central (C3
and C4) regions - which shows a clear decreased EEG activity in these regions
that might evidence that this is the most affected brain region during OSA
episodes. Since working memory and executive tasks performance are localized
at the frontal cortex [2,11], it is possible that memory impairments reported
in OSAS patients are due to a decrease of the brain’s activity in this referred
specific brain region.

It was suggested for various authors that there is a correlation between δ
power changes and the severity of hypoxemia and hypercapnia during the OSA
[6,15]. Moderate hypoxemia has been shown to elicit a depression of absolute
power in the EEG δ band [6]. So, it is possible that the detected δ fluctuations
may be due to hypoxemia and/or hypercapnia.

3 Conclusion

A new approach was carried out for assessing EEG changes during an OSA
episode: EBM. This technique was proved to be very useful, since it allowed to
draw new conclusions about the visualization of the brain has a whole. It is a
reliable tool for the assessment of EEG spectral power changes, of each region,
resulted from an obstructive event.

The present study confirms that the majority of OSA, which can be or not
terminated by visually scored arousals, are associated with significant spectral
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power changes, mainly in δ frequency band, where there is a clear decrease in δ
power during OSA. Moreover, it was notice that a power decrease in a specific
brain region occurred for all EEG frequency ranges. This sugests that

Future studies include the performance of memory tests to the OSAS patients
assessed by the presented analysis in order to correlate the memory impairments
with the spectral EEG power changes observed during OSA episodes.
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Abstract. Similarity computation is a difficult issue in music informa-
tion retrieval, because it tries to emulate the special ability that humans
show for pattern recognition in general, and particularly in the presence
of noisy data. A number of works have addressed the problem of what
is the best representation for symbolic music in this context. The tree
representation, using rhythm for defining the tree structure and pitch in-
formation for leaf and node labeling has proven to be effective in melodic
similarity computation. In this paper we propose a solution when we have
melodies represented by trees for the training but the duration informa-
tion is not available for the input data. For that, we infer a probabilistic
context-free grammar using the information in the trees (duration and
pitch) and classify new melodies represented by strings using only the
pitch. The case study in this paper is to identify a snippet query among
a set of songs stored in symbolic format. For it, the utilized method must
be able to deal with inexact queries and efficient for scalability issues.

Keywords: Music Modeling & Analysis, Stochastic Methods, Learning
with Structured Data, Music Similarity, Classification.

1 Introduction

One of the main concerns in music information retrieval (MIR) tasks is how to
assess melodic similarity in a similar way to how humans do. We are very good at
recognizing previously known patterns, even if our perceived inputs are distorted,
they are presented just partially, or in the presence of noisy data. This happens
in music comparison in a number of situations, for example, when comparing
different cover versions of a given melody or when searching in databases using
a query that will be, by its own nature, partial and can be distorted or even
wrong. Two issues are concerned to this problem: the similarity computation
and the representation structure.

In this paper, the problem of comparing symbolically encoded (any format
of digital scores) musical works is addressed. For it, we use probabilistic tree
grammars [12]. These grammars can be obtained from probabilistic k-testable
tree models [9]. The duration information implicit in the tree representation
is captured by the grammar and this is used for classifying the new melodies
represented by strings that only have the pitch information. This is a solution
when duration information is not available or unreliable for the input data.
The results are compared with those obtained by Bernabeu [1] where input and
training data are trees.
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2 Melody Tree Representation

For representing the note pitches in a monophonic melody s as a string, symbols
σ from a pitch representation alphabet Σp are used: s ∈ Σ∗p , s = σ1σ2...σ|s|.
In this paper, the interval from the tonic of the song modulo 12 is utilized as
pitch descriptor and the symbol ‘−’ to represent rests. Thus the alphabet used
is: Σp = {p ∈ N | 0 ≤ p ≤ 11} ∪ {‘−’}. This way, in ‘G Major’, any pitch ‘G’ is
mapped to 0 and the other pitches are represented by the number of semitones
mod 12 from ‘G’. This alphabet permits a transposition invariant representation
and keeps cardinality low (|Σp| = 13).

In the tree approach, each melody bar is represented by a tree, t ∈ TΣp . Bars
are coded by separated trees and then they are linked to a common root. The
level of a node in the tree determines the duration it represents. Each tree root
(level 1) represents the duration of the whole bar. For a binary meter, the two
nodes in level 2 represent the duration of the two halves of a bar, etc. In general,
nodes in level i represent duration of a 1/2i−1 of a bar for a binary meters
(1/3i−1 for ternary). Therefore, during the tree construction, nodes are created
top-down when needed and guided by the meter, to reach the appropriate leaf
level to represent a note duration. In that moment, the corresponding leaf node
is labeled with the pitch representation symbol, σ ∈ Σp (see [10] for details).

Fig. 1. Tree representation of a one-bar melody in a ternary meter with an example
of how pith labels are propagated

Once the tree has been built, a bottom-up propagation of the pitch labels is
performed to label all the internal nodes. The rules for this propagation are based
on a melodic analysis [6]. All the notes are tagged either as harmonic tones, for
those belonging to the current harmony at each time, or as non-harmonic tones
for ornamental notes. Harmonic notes have always priority for propagation and
when two harmonic notes share a common father node, propagation is decided
according to the metrical strength of the note (the stronger the more priority),
depending on its position in the bar and the particular meter of the melody. Notes
have always higher priority than rests (Fig. 1 shows an example). Eventually,
when all the internal nodes are labeled, all bar trees are linked to a common
forest root, labeled with the root of the first bar tree.

3 Stochastic k-Testable Tree Models

Stochastic models based on k-grams predict the probability of the next sym-
bol in a sequence depending on the k − 1 previous symbols. They have been
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extensively used in natural language modeling and also in some music tasks [4].
k-gram models can be regarded as a probabilistic extension of locally testable
languages [13]. Informally, a string language L is locally testable if every string
w can be recognized as a string in L just by looking at all the substrings in w
of length at most k, together with prefixes and suffixes of length strictly smaller
than k to check near the string boundaries. These models are easy to learn and
can be efficiently processed.

Locally testable languages, in the case of trees, were described by Knuutila [7].
The concept of k-fork, fk, plays the role of the substrings, and the k-root, rk,
and k-subtrees, sk, play the role of prefixes and suffixes. For any k > 0, every
k-fork contains a node and all its descendants lying at a depth smaller that k.
The k-root of a tree is its shallowest k-fork and the k-subtrees are all the subtrees
whose depth is smaller than k.

These kind of probabilistic tree languages can be defined using the formal-
ism of deterministic tree automata (DTA). The procedure to infer this kind of
automata from a training sample, can be done easily (see [9] for details). This
learning procedure can be extended to the case where the sample Ω is stochas-
tically generated, incorporating probabilities to the DTA.

As shown in [9], a probabilistic DTA (PDTA) incorporates a probability,
pm(σ, t1, ..., tm), for every transition in the automaton, with the normalization
that the probabilities of the transitions leading to the same state q ∈ Q must
add up to one. For this purpose, one should note that, in this kind of determin-
istic models, the likelihood of the training sample is maximized if the stochastic
model assigns to every tree t in the sample a probability equal to its relative
frequency in Ω [8]. So, these probabilities must be calculated as the ratio of
the number of occurrences of a transition to the number of occurrences of the
state to which this transition leads. PDTA also incorporate a probability ρ(q)
for every accepting state, q ∈ F (F ⊆ Q). These probabilities are calculated
as the ratio between the number of occurrences of an accepting state and the
number of trees in the sample, |Ω|. It is useful to store the above probabilities
as the quotient of two terms. This way, if a new tree (or subtree) t is provided,
the automaton can be easily updated to account for the additional information.
For this incremental update, it suffices to increment each term with the partial
sums obtained for parsing t. Finally, the probability of the tree t is computed
as the product of the transitions utilized in the parsing of the tree (see [9] for
details).

4 Grammars

At this point, we can classify a new melody in a particular class. For this purpose,
we need to infer a PDTA for each class, Cj , from well classified melodies. Once
the PDTAs for the different classes have been inferred and the probabilities
estimated (see [9] for details), a melody M can be classified in the class Ĉ that
maximizes the likelihood (see [1]).

In order to do this, both training and new melodies must be represented
by trees. However, what happens if the new melodies are only represented by
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strings? Moreover, what happens if a new melody string has the pitches but the
duration information is not available? This situation appears when a melody
query is given using only note pitches or when durations are not reliable. In
other words, we have a set of melodies represented by trees to train the system
but the target data are melodies represented by pitch strings. Therefore, we need
to transform the k-testable tree automata in context-free grammars [12] in order
to use them for parsing the input melody strings.

Context-free grammars may be considered to be the customary way of rep-
resenting syntactical structure in natural language sentences. In many natural
language processing applications, to obtain the correct syntactical structure for
a sentence is an important intermediate step before assigning an interpretation
to it. In our case, we use these grammars to obtain the correct structure for a
given melody represented by a string.

Treebank grammars - which are explained in detail in [12]- are probabilistic
context-free grammars in which the probability that a particular nonterminal is
expanded according to a given rule is estimated as the relative frequency of that
expansion by simply counting the number of times it appears in a manually-
parsed corpus.

Before transforming our k-testable tree automata in context-free grammars we
need introduce some changes in the melody tree representation. These changes
are necessary because if we use the alphabet described in section 2 then a tran-
sition in the automaton could be transformed in different grammar rules. This
happens because we can not distinguish between symbols that are terminals
or nonterminals. In order to solve these ambiguities we need to label tree nodes
adding the symbol ‘T ’ to that of Σp if it is a leaf node (terminal) and the symbol
‘N ’ if it is an inner node (nonterminal).

Therefore, if Ω = t1, t2, . . . , t|Ω| is a treebank, that is, a stochastic sample of
parse trees, the alphabet Σ can be safely partitioned into the subset s1(Ω̂) of
labels that may only appear at leaves (ΣpT = ‘T ’Σp) and its complementary
subset Σ − s1(Ω̂) (ΣpN =‘N ’Σp) of labels at internal nodes (propagated labels
in the trees).

Then, we can define a probabilistic k-testable grammar as G[k] = (V [k], T, I,
R[k], p[k]), where V [k] = I ∪ rk−1(fk(Ω)∪ sk−1(Ω̂))− s1(Ω̂) is the set of nonter-
minals, T = s1(Ω̂) is the set of terminals, I is the start symbol, R[k] is the set
of production rules, and p[k] a probability function (see [12] for details).

N4

N4

N4

T4 T4

N2

T2 T2

T0

(1/1) I → N4
(1/3) N4→ N4 T0
(1/3) N4→ N4 N2
(1/3) N4→ T4 T4
(1/1) N2→ T2 T2

Fig. 2. Example of a probabilistic tree grammar for k = 2
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Figure 2 shows the corresponding probabilistic context-free grammars (PCFG)
(right) according to the tree in left. For this tree we have the sets (roots)
r1(t) = N4, (forks) f2(t) = {N4(N4 T 0), N4(N4 N2), N4(T 4 T 4), N2(T 2 T 2)},
(subtrees) s1(t) = {T 0, T 2, T 4}. Therefore, we can obtain k-testable grammars
with different values for k.

4.1 Smoothing

In general, k-testable grammars with larger values of k contain more specialized
rules and, therefore, are less ambiguous and allow for faster parsing. In contrast,
typical treebank grammars have 100 percent coverage (as remarked in [3]) un-
like with higher order grammars where sentences without a valid parse tree are
common. Therefore, the use of smoothing techniques becomes necessary if one
wants to use these models for parsing. Two classical techniques of this type are
linear interpolation and backing-off [8].

Smoothing through linear interpolation is performed by computing the prob-
ability of events as a weighted average of the probabilities given by different
models. This approach has a problem when the higher order models return a
zero probability due to unseen labels. Then, a new melody is classified only with
the more general and more ambiguous model discarding the entire more specific
model.

In contrast, backing-off allows to avoid lower-order parsing when possible. In
other words, backing-off tries to parse with the higher-order grammar unless
no parse tree is provided by this grammar. Only in such a case the lower-order
model is called, so backing-off is faster than linear interpolation. However, the
lack of a single rule in the sample can force the parser to use the lower-order
model, loosing all the higher-order information for a whole sentence.

Here, we use an alternative approach: the rule-based backing-off [12]. Using
this rule-based backing-off requires the implementation of specific parsers since
building the whole grammar is unfeasible due to the large number of implicit
rules (even if only those assigning a strictly positive probability in the last case of
[5] are considered). An alternative scheme that requires only minor modifications
is to use a quasi-equivalent grammar G′ built as in [12].

However, we need to define a universal grammar because some labels in Σp for
the leaves of the trees do not appear in the training data for the grammars. Then,
if a particular new melody contains an unseen label, the parser will return a zero
probability. For solving this problem we only have to introduce the rules of the
form Nσ1 → Tσ2 (where σ1, σ2 ∈ Σp) (updating the corresponding counters)
if the rule did not appear during training. Introducing these rules the grammar
assigns a non zero probability for each string even if the label does not appear
in the training data.

4.2 Classification

As explained before, we want to study if the proposed approach can be used to
classify new melodies represented by strings. After a grammar Gj is inferred for
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each class Cj we need an algorithm for obtaining the probability that a given
string s is generated by a grammar Gj . For this purpose, we have used the Stolcke
algorithm [11] and the CYK+ algorithm [2] for string parsing. These parsing
algorithms are able to give the probability p(s|G) that a string s is generated
by a probabilistic Context-free grammar G without requiring conversions to
Chomsky Normal Form (CNF). Then, a melody M is classified in the class Ĉ
that maximizes the likelihood

Ĉ = argmax
j

l(M |Cj) (1)

We can calculate this likelihood two ways: splitting the melody (SplitBars) in
bars or computing the whole melody (Whole).

In SplitBars, the melody string is split in |M | (number of bars in a melody M)
bar strings s1, . . . , s|M|. Therefore we are able to compute the probability of each
bar string to belong to a particular class (grammar). Suppose we have a finite
number of classes and we have computed the membership probability of each
bar string si to each of these grammars, p(si|Gj). These probabilities can be
combined to give a decision for the whole song. For the combination of bars the
geometric mean has been used. The geometric mean is less sensitive to outliers
than the arithmetic one. For our purposes is enough to multiply all bar strings
probabilities of the whole melody. Calculating the |M |-th root of the resulting
product is not needed for classification because, given a particular melody M to
classify, |M | is the same for all classes. Therefore,

l(M |Cj) =
|M|∏

i=1

p(si|Gj) (2)

On the other hand, in the Whole strategy we only need the probability of the
melody string (now M = s). Then

l(M |Cj) = p(s|Gj) (3)

For calculating this probability we need to introduce the start rules S → IS
and S → I which define a melody recursively (melody is formed by a bar and a
melody) (I is the initial symbol for a bar as explain in section 4). Therefore, the
grammars allow to recognize a whole melody instead of melodies split in bars.

5 Results

In our experiments, we try to identify a problem melody using a set of different
variations played by musicians for training. For that, we use a corpus consisting
of a set of 420 monophonic 8-12 bar incipits of 20 worldwide well known tunes
of different musical genres1. For each song, a canonic version was created using
a score editor and synthesized. The audio files were given to three amateur and
1 The MIDI data set is available upon request to the authors.
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two professional musicians who listened to the songs (to identify the part of the
tune) and played them on MIDI controllers (real-time sequencing them) 20 times
with different embellishments and capturing performance errors. This way, for
each of the 20 original scores, 21 different variations have been built.

A 3-fold cross-validation scheme was carried out to perform the experiments,
obtaining average success rates and dispersions ((max−min)/4).

Table 1. Success rates with the different approaches used

Approach Success rate

PDTA 87.3 ± 0.7
StringBars 92.4 ± 1.1

Whole 86.9 ± 1.3

Table 1 shows the results of classification using the approaches explain in
section 4.2. These results are compared with the results using the approach
of probabilistic deterministic tree automata used in [1] but using the notation
change described in section 4.

Note that PDTA uses the duration information implicit in tree representation,
however the grammar approaches use less information (only pitch) for classifying.
From the results, it is observed that the new approach using the strings through
the StringsBars method improves significantly the PDTA results. The Whole
approach did not improve the results because it is more sensitive to variations
in the data than the geometric mean of the bar probabilities.

6 Conclusions

In this paper, we applied probabilistic tree grammars constructed from stochastic
k-testable tree-models showing that this approach can be used for classifying new
melodies represented by strings using the information captured in the grammar
rules. This approach allows avoiding the duration information in the input data
(strings with pitch only), making easier querying a music database. Our goal was
to identify a melody from a set of different variations. The results overcame those
previously obtained using probabilistic deterministic tree automata for the same
corpus. According to the results, we can say that the classification is improved
splitting the melody in bars. Also the results keep in good performance taking
the string of the whole melody, which is important since not always the bar
information is available. We are persuaded that these promising results can be
improved by defining a more complex universal grammar for unseen labels and
removing some rules that make the grammars more ambiguous.
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Abstract. Breast tissue density is an important risk factor in the detec-
tion of breast cancer. It is also known that interpretation of mammogram
lesions is more difficult in dense tissues. Therefore, getting a preliminary
tissue classification may aid in the subsequent process of breast lesion de-
tection and analysis. This article reviews several classification techniques
for two datasets, both digitized screen-film (SFM) and full-field digital
(FFDM) mammography, classified according to BIRADS categories. It
concludes with a tree classification procedure based on the combination
of two classifiers on texture features. Statistical analysis to test the nor-
mality and homoscedasticity of the features was carried. Thus, just fea-
tures that are significant influenced by the tissue type were considered.
The results obtained on 322 mammograms of the SFM dataset and on
1137 mammograms of the FFDM dataset demonstrate that up to 80%
of samples were correctly classified using using 10-fold cross-validation
to train and test the classifiers.

1 Introduction

Breast cancer continues to be an important health problem. Early detection can
potentially improve breast cancer prognosis and significantly reduce female mor-
tality. CAD systems can be of tremendous help to radiologists in the detection
and classification of breast lesions. The development of reliable CAD systems is
an important and challenging task. The automated interpretation of mammo-
gram lesions remains a difficult task. The presence of dense breast tissue is one
of the potential problems. Dense tissue may cause suspicious areas to be almost
invisible and may be easily misinterpreted as calcification [1], [2]. Since the dis-
covery by Wolfe [3] of the relation between mammographic parenchymal patterns
and the risk of developing breast cancer in 1976, there has been a heightened
interest in investigating breast tissue. A good review of the work done on breast
tissue classification can be found in [4], [5].

This research has been prompted by this need to classify breast tissue and
drive the development of CAD algorithms for automatic analysis of breast le-
sions. In our study several classification methods have been compared, and a
hierarchical classification procedure combined with principal component analy-
sis (PCA) on texture features is proposed as the best solution. Statistical analysis
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to test the normality and homoscedasticity of the data was carried out for fea-
tures selection. Thus, just features that are significant influenced by the tissue
type were considered. Experimental results have been given on different mam-
mograms with various densities and abnormalities.

Section 2 describes the methods and material used for this work. This include
the feature extraction procedure applied to the classifiers, the tested classifiers,
the data training and testing carried on, as well as the experimental database
used. Section 3 describes the results obtained with the proposed method and
finally, in Section 5 the main conclusions are drawn.

2 Methods and Materials

There are several classification techniques to classify datasets according mammo-
graphic breast density [6]. We use the American College of Radiology BIRADS
that has been used in a number of studies and is the most common technique
used in the USA [7]. In this classification datasets have been classified accord-
ing to 4 categories. These are: T.I) fatty, T.II) fatty-glandular or fibroglandular,
T.III) heterogeneously dense and T.IV) extremely dense.

To deal with breast tissue classification problem several studies have been
described in the literature. These studies are based on: a) the use of grey-level
histograms and b) texture information extracted from different regions. Our
proposal is to apply texture analysis on the whole breast tissue. Thus, all mam-
mograms have been previously preprocessed to identify the breast region and
remove the background and possible labels. This is illustrated in Figures 1 and
2 together with the tisue type classification.

2.1 Feature Extraction

Most studies on texture classification are based on morphological and texture
features obtained from the image [8],[4] but without apply significancy statistical
analysis. Here we analyze 241 features, both 1st and 2nd order texture statistics,
drawn from the preprocessed image histogram and the co-occurrence matrix
based features. The latter are the Haralicks coefficients, and they are calculated
for a distance parameter d = 1, 3 and 5 at 0◦, 45◦, 90◦ and 135◦. Once all
texture features are calculated an statistical analysis of them is done to test the
normality, the homoscedasticity and the influence of the tissue type over the
obtained features respectively. However, although some calculated features have
been obviated the total number still remains high (237 and 192 for the SFM and
the FFDM databases respectively). Large numbers of features could make the
accuracy and the computational time of the classifiers worse. Then, to reduce
and select the feature space a PCA was applied.

Different tests were performed by varying the number of components from
the space reduced by the PCA. This number of components varies between 10
and 190 at intervals of 10. The average errors for all classifiers were measured at
each interval. These average errors range between 42% and 45%. The minimun
error corresponds to the reduction of the space to 20 components.
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Original: a) T.I b) T.II c) T.III d) T.IV

Preprocessed: a) T.I b) T.II c) T.III d) T.IV

Fig. 1. BIRADS tissue classification and preprocessed images from the SFM dataset

Original: a) T.I b) T.II c) T.III d) T.IV

Preprocessed: a) T.I b) T.II c) T.III d) T.IV

Fig. 2. BIRADS tissue classification and preprocessed images from the FFDM dataset
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Table 1. Feature Reduction SFM Dataset

Feature PCA Selection Intra/Inter-cluster Distance Selection

1er cuartil percentil25
3er cuartil percentil75
Contrast d = 3 with a = 0◦, 45◦, 135◦ d = 5 with a = 0◦, 45◦, 135◦

d = 5 with a = 0◦, 45◦, 135◦

Variance d = 3 with a = 45◦

d = 5 with a = 0◦, 45◦, 90◦, 135◦

Sum Variance d = 3 with a = 0◦

d = 5 with a = 45◦, 135◦

Difference Variance d = 3 with a = 45◦ d = 5 with a = 0◦, 45◦, 135◦

Difference Entropy d = 3 with a = 0◦

d = 5 with a = 0◦, 90◦, 135◦

Correlation Inf. 2 d = 1 with a = 0◦, 45◦, 90◦, 135◦

Homogeneity 1 d = 1 with a = 90◦

Homogeneity 2 d = 1 with a = 90◦

Cluster Shade d = 1 with a = 0◦, 90◦

Autocorrelation d = 5 with a = 0◦, 45◦, 135◦

Dissimilarity d = 5 with a = 0◦, 135◦

Table 2. Feature Reduction FFDM Dataset

Feature PCA Selection Intra/Inter-cluster Distance Selection

Range range
Maximum max
Minimum min
Asimmetry asimmetry
Variance variance
Intercuartile Range int. range
Correlation Inf. 1 d = 1 with a = 45◦, 135◦ d = 1 with a = 0◦

d = 5 with a = 45◦

Correlation Inf. 2 d = 1 with a = 0◦

d = 5 with 45◦

Variance d = 3 with a = 90◦

d = 5 with a = 90◦

Correlation d = 5 with a = 90◦, 135◦

Autocorrelation d = 5 with a = 0◦, 135◦

Contrast d = 1 with a = 0◦, 45◦, 90◦, 135◦ d = 1 with a = 90◦

d = 3 with 135◦

Difference Variance d = 1 with a = 0◦ d = 5 with a = 0◦

d = 5 with 45◦

Sum Variance d = 1 with a = 45◦

Cluster Prominence d = 1 with a = 0◦, 45◦, 90◦, 135◦

d = 3 with a = 0◦, 45◦, 90◦, 135◦

d = 5 with a = 0◦, 45◦, 90◦, 135◦

Cluster Shade d = 3 with a = 135◦

The discriminatory power of these features was also analyzed using a feature
ranking of individual performance for each classification method. This evalu-
ation is based on the results from intra/inter-cluster distances between the 4
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tissue types. These distances measure the variability within and between dif-
ferent classes. This identifies the features that maximize inter-cluster distance
and minimize the intra-cluster distance. The 20 most significant features for the
PCA and for the feature ranking are indicated in Tables 1 and 2.

2.2 Classifiers, Data Training and Testing

Different classification methods were tested on the selected features. These meth-
ods were: support vector machine (SVM) with polynomial, minkowski distance,
exponential, radial basis and sigmoid kernels, neural networks (feedforward, back-
propagation, perceptron and radial basis) (NN), k-NN with k = 1, linear bayes
normal (LBN), quadratic (QD) and tree-classifier with two layers. The best re-
sults obtained for the SVM were with a polynomial kernel and for the NN were
with the backpropagation (BPNN), and these are shown here.

To train and test classifiers a non-biased evaluation following a woman-based
cross-validation based on a k-fold cross-validation with k = 10 is used. This
method consists of randomly dividing the data into k different groups containing
approximately the same number of samples. One of these groups is selected to
train the classifier and tests are performed on the rest of the groups. The process
is then repeated with the other k− 1 groups of the dataset. The performance of
these classifiers are shown and discussed in section 3.

2.3 Experimental Database

Two datasets were considered. One composed of 322 screen-film mammography
(SFM) obtained from the MIAS public database [9] and another one composed
of 1137 full-field digital mammography (FFDM) provided by local Hospitals. We
focus our attention on the use of a FFDM dataset. However, the SFM dataset
was used to compare our results with those of other authors. Both datasets
were labeled according to the BIRADS categories by expert clinicians from the
General Hospital of Ciudad Real. The image sizes are 3328 × 4084 and 1024 ×
1024 respectively for the FFDM and SFM datasets.

The MIAS database contains images from medial-lateral projections (RMLO,
LMLO) of 161 different cases while the FFDM contain in most cases the four
projections, medial-lateral as well as cranial-caudal (RCC, LCC).

3 Results

Tables 3 and 4 show the results of the classifiers for the SFM and the FFDM
datasets using a 10-fold cross-validation method to train and test the classifiers.
The results are given with the complete dataset, with 20 features selected by
the inter/intra cluster criteria and with 20 features of the PCA. We selected 20
features since the best results were obtained with this number of features.

On average, and weighted with respect to the number of mammograms of each
type, the classification with PCA provides better results. The best classifier using
10-fold cross-validation are LBN with up to 69% agreement for SFM dataset and
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Table 3. % of SFM mammograms correctly classified using 10-fold cross-validation

Types FISH LOG LBN SVM QD k-NN BPNN

T.I 61% 43% 81% 80% 72% 58% 79%
T.II 57% 55% 73% 67% 55% 48% 68%
T.III 41% 38% 60% 53% 47% 37% 69%
T.IV 20% 18% 60% 67% 16% 39% 43%

(a) All Features

Types FISH LOG LBN SVM QD k-NN BPNN

T.I 82% 86% 76% 86% 67% 53% 72%
T.II 68% 74% 70% 77% 75% 43% 66%
T.III 51% 51% 51% 43% 60% 42% 54%
T.IV 43% 50% 50% 59% 59% 36% 59%

(b) with Inter/Intra Cluster Selection

Types FISH LOG LBN SVM QD k-NN BPNN

T.I 84% 83% 80% 82% 69% 85% 72%
T.II 71% 71% 72% 66% 56% 76% 66%
T.III 52% 46% 61% 54% 67% 51% 54%
T.IV 45% 52% 57% 66% 57% 41% 60%

(c) with PCA

FISH with up to 72% for the FFDM dataset. Analysing by tissue type, for the
SFM dataset the best classifiers are the SVM with inter/intra cluster distance
selected criteria for T.I and T.II, the BPNN with all the selected features for
T.III and SVM with PCA for T.IV. For the FFDM dataset the best classifiers for
each tissue type are FISH for T.I and T.IV, LBN for T.II and BPNN for T.III,
where FISH and LBN are applied with inter/intra cluster distance selection
criteria and BPNN is applied over all the selected features.

A 2-layer tree classifier was also tested using the best classifiers obtained
previously. That is, the 1st layer is composed of the {T.I ∪ T.II, T.III ∪ T.IV}
and the 2nd one of {{T.I, T.II}}; {{T.IIII, T.IV}. The results for the SFM
dataset improved upon the previous ones, obtaining up to up to 90% in the 1st

layer with LBN, and 75% in the 2nd layer with SVM. For the FFDM dataset
we obtain up to 87% in the 1st layer with FISH, and 75% in the 2nd layer with
BPNN by means of 10-fold cross-validation and both with PCA (see Table 5).
For the SFM dataset we obtain an average of 76% TPD for T.I, 80% for T.II,
78% for T.III and 57% for T.IV, and 6.7% FPD for T.I, 10% for T.II, 10.8% for
T.III and 5.7% for T.IV, with 10-fold cross-validation for testing and training.
For the FFDM dataset we obtain an average of 79% TPD for T.I, 70% for T.II,
70% for T.III and 80% for T.IV, and 3.5% FPD for T.I, 7.3% for T.II, 1.3% for
T.III and 9.9% for T.IV.

The difference between the two datasets is due to the use of 4 different pro-
jections in the FFDM dataset. While the two CC projections do not contain
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Table 4. % of FFDM mammograms correctly classified using 10-fold cross-validation

Types FISH LOG LBN SVM QD k-NN BPNN

T.I 88% 73% 78% 80% 43% 48% 83%
T.II 51% 55% 42% 35% 0% 33% 39%
T.III 61% 42% 52% 49% 1% 41% 69%
T.IV 83% 54% 65% 61% 63% 41% 67%

(a) All Features

Types FISH LOG LBN SVM QD k-NN BPNN

T.I 90% 84% 86% 87% 80% 64% 84%
T.II 47% 54% 59% 52% 38% 48% 45%
T.III 65% 60% 65% 62% 49% 42% 67%
T.IV 87% 74% 77% 79% 81% 54% 68%

(b) with Inter/Intra Cluster Selection

Types FISH LOG LBN SVM QD k-NN BPNN

T.I 89% 84% 78% 80% 72% 49% 88%
T.II 52% 58% 49% 38% 36% 33% 46%
T.III 65% 64% 65% 50% 58% 42% 64%
T.IV 83% 79% 61% 62% 60% 41% 76%

(c) with PCA

the pectoral muscle tissue, the MLO projections do contain this muscle. This
muscle is usually denser than the rest of the breast tissue and influences the
classification because half of the images do not contain it.

Table 5. Tree classifier with PCA (a) SFM (b) FFDM

Types 1st Layer 2nd Layer

T.I
91%

76%
T.II 89%
T.III

86%
78%

T.IV 57%

(a) LBN+SVM

Types 1st Layer 2nd Layer

T.I
82%

79%
T.II 70%
T.III

92%
70%

T.IV 80%

(b) FISH+BPNN

In order to improve the results and test the performance and accuracy of
the classifiers, we are doing different ongoing tests. These include to combine
classifiers by using bagging and rule combination (mean, median and voting).

4 Discussion and Conclusions

In this work a hierarchical procedure based on statistically selected texture fea-
tures has been proposed for breast tissue classification. There are just three
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works in the literature presenting breast tissue classification according to BI-
RADS categories on SFM. Their overall correct classification is about 71% [8],
76% [10] without tissue segmentation and 82% [4] with it. None of them present
results in FFDM dataset. Our approach reflect up to 89% of samples correctly
classified for the SFM dataset and 80% for the FFDM one.
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Abstract. Computer aided diagnosis systems with the capability of au-
tomatically decide if a patient has or not a pathology and to hold the
decision on the dificult cases, are becoming more frequent. The latter
are afterwards reviewed by an expert reducing therefore time consuption
on behalf of the expert. The number of cases to review depends on the
cost of erring the diagnosis. In this work we analyse the incorporation
of the option to hold a decision on the diagnostic of pathologies on the
vertebral column. A comparison with several state of the art techniques
is performed. We conclude by showing that the use of the reject op-
tion techniques is an asset in line with the current view of the research
community.

Keywords: Computer Aided Diagnosis System, Pattern Recognition,
Support Vector Machines, Reject Option.

1 Introduction

Over the last decade, we have been assisting to an increasing number of Machine
Learning (ML) techniques, such as Support Vector Machines (SVM) and Arti-
ficial Neural Networks (ANN), applied to several medical fields. One reason for
this behaviour relies on the capacity of human diagnostic, which is significantly
worse than the neural system’s diagnostic under adverse conditions, as stress,
fatigue and little technical knowledge [2].

In the literature there are some reviews on the application of machine learn-
ing techniques in medicine. Some studies regarding to this problem describe
several applications over different fields, namely: cardiology, ECG analysis, gas-
troenterology, pulmonology, oncology, neurology, EEG analysis, Otolaryngology,
gynecology and obstetrics, ophthalmology, radiology, pathology, cytology, genet-
ics, biochemistry among others. In another study, related to the use of ANN
in the medical and biological areas, it is shown the distribution of a significant
number of articles (more than 800) produced in the years 2000 and 2001 in more
than 40 countries [7].

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 588–595, 2011.
c© Springer-Verlag Berlin Heidelberg 2011
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Moreover, recent studies show the use of ANNs in the recovery of images
of the vertebral column based in contents [8] , in the modality classification
of medical images [5] and in the classification of individuals with normal or
abnormal osteophyte pathology [7].

Although the use of ML techniques is already widespread in Medicine Diag-
nosis, in general the application of these techniques in Traumatic Orthopedics
is rather sparse in the literature. This fact is due to the absence of numerical
attributes that quantitatively describe the pathologies of interest to the field of
orthopedics, to generate a suitable database for the design of classifiers [7].

As already stated, the incorporation of ML techniques on medical decision
aiding procedures is becoming more frequent. Due to this common acceptance,
Dreiseitl et al. [4] studied the credibility that physicians give to decision making
support systems. By analysing the physicians’ reaction when the system con-
tradicts to their diagnostic, they noticed that specialists are very susceptible to
accept the recommendations from these kinds of systems.

However, on complex cases with very similar attributes, these kind of sys-
tems can become unreliable. As consequence, the automation of decisions in
these situations lead invariably to many wrong predictions. On the other hand,
and although items in the historical data are labelled only as ‘good’ or ‘bad’,
‘normal’ or ‘abnormal’ pathology, the deployment of a decision support system
in many environments has the opportunity to label critical items for manual
revision, instead of trying to automatically classify every and each item. The
system automates only those decisions which can be reliably predicted, labelling
the critical ones for a human expert to analyse. Therefore, the development of
classifiers with a third output class, the reject class, in-between the good and
bad classes, is attractive.

This work intends to present an auxiliary system to medical decision aiding.
The framework of study to the incorporation of the reject option will be the In-
telligent System for Diagnosis of Pathologies of Vertebral Column (SINPATCO)
[8]. This framework is composed by three subsystems. Namely, graphical inter-
face, pathologies classification and knowledge extraction.

1.1 Pathologies of the Vertebral Column

The vertebral column is a system composed by a group of vertebras, invertebrate
discs, nerves, muscles, medulla and joints. The main functions of the vertebral
column are as follow: (i) human body support axle; (ii) osseous protector of
the spine medulla and nervous roots; and (iii) body’s movement axles, making
movement possible in three levels: frontal, sagittal and transversal.

This complex system can suffer dysfunctions that cause backaches with very
different intensities. Disc hernia and spondylolisthesis are examples of patholo-
gies of the vertebral column that cause intense pain. They result of small or
several traumas in the column that gradually injures the structure of the inter-
vertebral disc.

Disc hernia appears when the core of the inter-vertebral disc migrates from
its place (from the center to the periphery of the disc). Once heading towards
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the medullary channel or to the spaces where the nervous roots lie, this leads
inevitability to their compression. Spondylolisthesis occurs when one of the 33
vertebras of the vertebral column slips in relation to the others. This slipping
occurs generally towards the base of the spine in the lumbar region, causing pain
or symptomatology irritation of the nervous roots. In the following section we
will briefly describe characteristics (attributes) that are used to quantitatively
describe each patient.

Biomechanical Attributes. The database applied in this work was kindly
supplied by Dr. Henrique da Mota, who collected it during a medical residence
in spine surgery at the Centre Médico-Chirurgical de Réadaptation des Massues,
placed in Lyon, France. This database contains data about 310 patients obtained
from sagittal panoramic radiographies of the spine. From this, 100 patients are
volunteers that do not have any pathology in their spines (normal patients). The
remaining data are from the patients operated due to disc hernia (60 patients)
or spondylolisthesis (150 patients). Therefore, the database is composed of 210
abnormal patients.

Each patient in this database is represented as a vector (or pattern) with
six biomechanical attributes, which correspond to the following parameters of
the spino-pelvic system: angle of pelvic incidence, angle of pelvic tilt, lordosis
angle, sacral slope, pelvic radius and grade of slipping. The correlation between
the vertebral column pathologies and this attributes was originally proposed in
reference [1].

Pelvic incidence (PI) is defined as an angle subtended by line oa, which is
drawn from the center of the femoral head to the midpoint of the sacral endplate
and a line perpendicular to the center of the sacral endplate in Fig. 1a. The sacral

(a) (b) (c)

Fig. 1. Spino-pelvic system
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endplate is defined by the line segment bc constructed between the posterior
superior corner of the sacrum and the anterior tip of the S1 endplate at the
sacral promontory. For the case when the femoral heads are not superimposed,
the center of each femoral head is marked, and a connecting line segment will
connect the centers of the femoral heads. Pelvic radius (RP) ao will be drawn
from the center of this line to the center of the sacral endplate (Fig. 1a).

Lordosis angle is the bigger sagittal angle between the sacrum superior plate
and the lumbar vertebra superior plate or thoracic limit. Sacral Slope (SS) is
defined as the angle between the sacral endplate (bc) and the horizontal reference
line (HRL), in Fig. 1b, while Pelvic Tilt (PT) is defined as the angle between
the vertical reference line (VRL) and the line joining the middle of the sacral
endplate and the axis of the femoral heads in Fig. 1c. It is positive when the
hip axis lies in front of the middle of the sacral endplate. Finally, the level of
slipping is the percentage level of slipping between the inferior plate of the fifth
lumbar vertebra and the sacrum.

The occurrence of pathologies in the vertebral column is conditioned to the
morphological types of the pelvis-spine system. The pelvic incidence, being in an
elevated level, is conditioned to a higher sacral slope, that generates increasing
shear by the increase of the support plan inclination for lumbar lordosis, besides
facilitating the conflict of posterior structures, leading to the appearing of a
fracture of fatigue in the arc that supports the vertebra and generating a slope
called Spondylitics. The low pelvic incidences lead to the contrary effect, with
the occurrence of an increasing pressure in the intervertebral disc and facilitate
the occurrence of degeneration and disc hernias. The incidence angle determines
a normal condition.

The design of automatic classifiers based in biomechanical attributes of real
clinical cases allows that linear and/or non-linear relations, as well as their influ-
ences in the diagnostic, are captured in a transparent way for the orthopedist,
in a way to help him in the decision making. Following, we briefly describe the
machine learning models evaluated in this work.

2 Problem Statement and Standard Solutions

Predictive modelling tries to find good rules (models) for guessing (predicting)
the values of one or more variables (target) in a dataset from the values of
other variables. Our target can assume only two values, represented by ‘normal’
and ‘pathological’ classes. When in possession of a “complex” dataset, a simple
separator is bound to misclassify some points. The design of classifiers with reject
option can be systematised in three different approaches:

– the design of two, independent, classifiers. A first classifier is trained to out-
put C−1 only when the probability of C−1 is high and a second classifier
trained to output C+1 only when the probability of C+1 is high.

– the design of a single, standard binary classifier (SBC). If the classifier pro-
vides some approximation to the a posterior class probabilities, then a pat-
tern is rejected if the maximum of the two posterior probabilities is lower
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than a given threshold. If the classifier does not provide probabilistic outputs,
then a rejection threshold targeted to the particular classifier is used.

– the design of a single classifier with embedded reject option. This approach
has consisted in the design of algorithms specifically adapted for this kind
of problems [6, 3, 9].

3 An Ordinal Data Approach for Detecting Reject
Regions

The rejection method to be presented—rejoSVM—is an extension of a method
already proposed in the literature but for the classification of ordinal data. For
more detail about this method, the reader should consult [3,9]. For completeness,
we summarise here the rejoSVM model.

3.1 The Data Replication Method for Detecting Reject Regions

The scenario of designing a classifier with reject option shares many character-
istics with the classification of ordinal data. It is also reasonable to assume for
the reject option scenario that the three output classes are naturally ordered
as C1, Creject, C2. In the scenario of designing a classifier with reject option, we
are interested on finding two boundaries: a boundary discriminating C1 from
{Creject, C2} and a boundary discriminating {C1, Creject} from C2.

We proceed exactly as in the data replication method for ordinal data [9].
We start by transforming the data from the initial space to an extended space,
replicating the data, according to the rule:

x ∈ R
d↗
↘

[ xh ] ∈ R
d+1

[ x0 ] ∈ R
d+1

, where h = const ∈ R
+

If we design a binary classifier on the extended training data, without further
considerations, one would obtain the same classification boundary in both data
replicas. Therefore, we modify the misclassification cost of the observations ac-
cording to the data replica they belong to. In the first replica (the extension fea-
ture assumes the value zero), we will discriminate C1 from {Creject, C2}; therefore
we give higher costs to observations belonging to class C2 than to observations
belonging to class C1. This will bias the boundary towards the minimisation of
errors in C2. Similar approach is conducted for the second replica.

3.2 Selecting the Misclassification Costs

The typical adoption of the same cost for erring and rejecting on the two classes
is as follows: assign Clow cost when classifying a class as reject and assign Chigh

cost when misclassifying. Therefore, Creject = Clow

Chigh
= wr is the cost of rejecting

(normalised by the cost of erring). The data replication method with reject
option tries to minimises the empirical risk wrR + E, where R accounts for the
rejection rate and E for the misclassification rate.
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4 Experiments

The aim of our experimental study is to evaluate the interest of embedded reject
options methodologies for aiding the diagnostic of pathology on the Vertebral
Column. This dataset is thoroughly described in Section 1.1. For this study, we
transformed our three class problem into a binary one. We aggregated the disc
hernya and spondylolisthesis pathologies classes into a just one pathology class.
The normal class remained unchanged.

The training dataset was composed in different experiments with 5%, 40% and
80% of the data. The splitting of the data into training and test sets was repeated
100 times in order to obtain more stable results for accuracy by averaging and
also to assess the variability of this measure. The best parametrisation of each
model was found by ‘grid-search’, based on a 5-fold cross validation scheme
conducted on the training set. In our experiments we used a linear kernel on
all methods performing the ‘grid-search’ over the C parameter spanning values
between 2−5, . . . , 25. The C value is a penalty factor for each point misclassified.
Finally, the error of the model was estimated on the test set.

The performance of a classifier with reject option can be represented by the
classification accuracy achieved for any value of the reject rate (the so-called
Accuracy-Reject curve). The trade-off between errors and rejections depends on
the cost of a rejection wr. This implies that different points of the A-R curve
correspond to different values of wr. We considered values of wr less than 0.5,
as above this value it is preferable to just try to guess randomly.

In Fig. 2 we present the results obtained for all used methods. We can first
identify that as training size increases, both methods attain similar results with
exception with Fumera technique (Fig. 2a-2c). This behaviour can be justified by
the fact that the optimisation function is not convex and therefore not attaining
the global optimum.

In order to emphasise the benefits of the incorporation of the reject option, we
trained five standard learning algorithms. The training and testing evaluation
was performed exactly as before. We have selected a SVM (with a linear kernel)
with the C parameter encompassing the same range values (baseline learning
method for the one and two classifiers). We have also used a SVM with the
KMOD kernel [7]. Finally, we also conducted our experiments with a GRNN
(General Regression Neural Network) and a MLP [7].

Considering further the performance evaluation function of the embedded re-
ject option learning method, we can fairly compare all techniques. Table 1 shows
that standard learning methods provide the baseline results for some of the reject
option schemes. Within the SINPATCO context, the incorporation of a reject
option can be an asset. Moreover, tools like SINPATCO are designed as deci-
sion aiding system which could be used on healthcare offices located on remote
areas with limited access to modern resources and funding. In this way, systems
with high rates of True Positive (sensitivity) and True Negatives (specificity) are
required. Such techniques besides imposing high accuracies rates and a higher
confidence on the diagnosis, they also avoid misclassifications. In doing so, there
will not be any influence by SINPATCO on the expert to take wrong decisions



594 A.R. da Rocha Neto et al.

(a) A-R performance curves (Models
trained with 5% of the full dataset)

(b) A-R performance curves (Models
trained with 40% of the full dataset)

(c) A-R performance curves (Models
trained with 80% of the full dataset)

(d) Several learning algorithms for the
Spine dataset with the reject option
(oSVM technique is detailed in [3])

Fig. 2. The A-R curves for the Spine dataset with different training sizes

Table 1. Performance rules according to measure P = wrR + E in p.p

Training Size Method \wr 0.04 0.24 0.48 Method Accuracy

40%
rejoSVM 96.5 87.9 83.5

one classifier 96.7 87.7 82.1 SVM (linear) 85.0
two classifier 96.2 86.0 76.5 SVM (KMOD) 83.9

80%
rejoSVM 96.9 89.1 85.2

one classifier 97.1 88.8 84.4 SVM (linear) 84.3
two classifier 96.6 86.3 82.3 SVM (KMOD) 85.9

which could lead to some intervations (being invasive or not). For instance, on
the Fig. 2c, only 50% of the cases would have to be reviewed by the expert while
the remaining would be correctly classified. As a final remark, we could verify
that rejoSVM and two classifiers do not outperform the other. However, and as
a feature of this work, rejoSVM benefits of simplicity and interpretability which
could aid the medical expert in future evaluations.
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5 Conclusion

Here we incorporate the reject technique proposed in [9] to the diagnosis of
pathologies on the Vertebral Column. This incorporation of the reject option
provided to be an asset obtained better results than traditional learning tech-
niques, even when rejecting few instances. Finally, further studies can be devel-
oped on the analysis with the incorporation of the reject option on the original
problem. Furthermore, a comparison with the ensemble learning technique as
proposed in [7] should also be assessed.
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Abstract. An effective approach to handwriting transcription of (old)
documents is to follow a sequential, line-by-line transcription of the whole
document, in which a continuously retrained system interacts with the
user. In the case of multilingual documents, however, a minor yet impor-
tant issue for this interactive approach is to first identify the language of
the current text line image to be transcribed. In this paper, we propose
a probabilistic framework and three techniques for this purpose. Empiri-
cal results are reported on an entire 764-page multilingual document for
which previous empirical tests were limited to its first 180 pages, written
only in Spanish.

Keywords: Language Identification, Interactive Handwriting Transcrip-
tion, Multilingual Documents.

1 Introduction

Transcription of handwritten text in (old) documents is an important, time-
consuming task for digital libraries. However, automated techniques for docu-
ment image analysis and handwriting recognition are still far from perfect [4],
and thus post-editing automatically generated output is not clearly better than
simply ignoring it. Instead, a more effective approach is to follow a sequential,
line-by-line transcription of the whole document, in which a continuously re-
trained system interacts with the user. In this way, the main task of the user
is to (partially) supervise and correct, if needed, each new line transcription
hypothesis of the system. This interactive handwriting transcription approach,
also extended to interactive layout analysis and line detection, has been im-
plemented in an open source tool called Gimp-based Interactive transcription
of old text DOCuments (GIDOC) [8]. This tool was used to develop different
techniques, such as, to better adapt models from partially supervised transcrip-
tions [6], to properly balance error and supervision effort [7], as well as dif-
ferent active learning strategies to interact with the user on each new system
hypothesis [5].

In the case of multilingual documents, however, a minor yet important issue
for interactive transcription of a text line image (or an image block) is to first
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identify its corresponding language. A good example of multilingual document
is the GERMANA database [3]. GERMANA is the result of digitizing and anno-
tating a 764-page, single-author Spanish manuscript from 1891, solely written in
Spanish up to page 180, but then also written in five other languages, especially
Catalan and Latin. For simplicity, to avoid dealing with multiple languages, we
limited ourselves to the first 180 pages of GERMANA in the empirical tests of
the studies cited above.

To our knowledge, however, language identification for interactive transcrip-
tion of multilingual documents remains unexplored. Indeed, conventional (non-
interactive) script and language identification in handwritten documents is still
in its early stage of research [2]. In this paper, after a brief review of GIDOC,
we propose a probabilistic framework and three techniques for language iden-
tification in interactive transcription of multilingual documents (Section 3). In
Section 4, empirical results are reported on the whole GERMANA manuscript.
Conclusions drawn and future work are summarized in Section 5.

2 GIDOC Overview

GIDOC is a first attempt to provide user-friendly, integrated support for inter-
active-predictive page layout analysis, text line detection and handwritten text
transcription [8]. It is built as a set of plug-ins for the well-known GNU Image
Manipulation Program (GIMP), which has many image processing features al-
ready incorporated and, what is more important, a high-end user interface for
image manipulation. To run GIDOC, we must first run GIMP and open a docu-
ment image. GIMP will come up with its high-end user interface, which is often
configured to only show the main toolbox and an image window. GIDOC can
be accessed from the menubar of the image window (Fig. 1).

As shown in Fig. 1, the GIDOC menu includes six entries, though here only the
last one, Transcription, is briefly described (see [8] for a more detailed descrip-
tion). The Transcription entry opens an interactive transcription dialog (also
shown in Fig. 1), which consists of two main sections: the image section, in the
middle part, and the transcription section, in the bottom part. A number of text
line images are displayed in the image section together with their transcriptions,
if available, in separate editable text boxes within the transcription section. The
current line to be transcribed is selected by placing the edit cursor in the appro-
priate editable box. Its corresponding baseline is emphasized (in blue color) and,
whenever possible, GIDOC shifts line images and their transcriptions so as to
display the current line in the central part of both the image and transcription
sections. It is assumed that the user transcribes or supervises text lines, from
top to bottom, by entering text and moving the edit cursor with the arrow keys
or the mouse.

Note that each editable text box has a button attached to its left, which is
labeled with its corresponding line number. By clicking on it, its associated line
image is extracted, preprocessed, transformed into a sequence of feature vectors,
and Viterbi-decoded using character HMMs and a language model previously
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Fig. 1. Interactive Transcription dialog over an image window showing GIDOC menu

trained (see [8] for details on preprocessing, feature extraction, HMM-based im-
age modeling and language modeling in GIDOC). As shown in Fig. 1, words in
the current line for which the system is not highly confident are emphasized (in
red) in both the image and transcription sections.

3 Probabilistic Framework

Let l be the number of the current text line image to be transcribed, and let xl be
its corresponding sequence of feature vectors. The task of our system is to predict
first its (unknown) language identification label, cl, and then its transcription,
wl. We assume that all preceding lines have been already annotated in terms
of language labels, cl−1

1 , and transcriptions, wl−1
1 . By application of the Bayes

decision rule, the minimum-error system prediction for cl is:

c∗l (xl, c
l−1
1 ) = argmax

c̃l

p(c̃l | xl, c
l−1
1 ) (1)

= argmax
c̃l

p(c̃l | cl−1
1 ) p(xl | c̃l) (2)

= argmax
c̃l

p(c̃l | cl−1
1 )

∑

w̃l∈W (c̃l)

p(w̃l | c̃l) p(xl | c̃l, w̃l) (3)

≈ argmax
c̃l

p(c̃l | cl−1
1 ) max

w̃l∈W (c̃l)
p(w̃l | c̃l) p(xl | c̃l, w̃l) (4)
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where: in Eq. (2), it is assumed that xl is conditionally independent of all preced-
ing line language labels, cl−1

1 , given the current line language label, c̃l; in Eq. (3),
we consider all possible transcriptions for the language c̃l, W (c̃l); and, in Eq. (4),
the Viterbi (maximum) approximation to the sum in Eq. (3) is applied to only
consider the most likely transcription.

The decision rule (4) requires a language identification model for p(c̃l | cl−1
1 )

and, for each possible language c̃l, a c̃l-dependent language (transcription) model
for p(w̃l | c̃l) and a c̃l-dependent image model for p(xl | c̃l, w̃l). As done in lan-
guage modeling for monolingual documents, the language models in the mul-
tilingual case, both for identification and transcription, can be implemented in
terms of n-gram language models [8]. Those for language-dependent transcrip-
tion can be implemented as usual in the monolingual case though, in our case,
each language c̃l will have its own n-gram language model, trained only from
available transcriptions labeled with c̃l. Regarding the n-gram language identi-
fication model, p(c̃l | cl−1

1 ), in this paper we propose and compare three rather
simple techniques:

1. A bigram model estimated by relative frequency counts:

p̂(c̃l | cl−1) =
N(cl−1c̃l)
N(cl−1)

(5)

2. A unigram model also estimated by relative frequency counts:

p̂(c̃l | cl−1) =
N(c̃l)
l − 1

(6)

3. And a “copy the preceding label” (CPL) bigram model:

p̂(c̃l | cl−1) =

{
1 c̃l = cl−1

0 c̃l �= cl−1

(7)

where N(·) denotes the number of occurrences of a given event in the preceding
lines, such as the bigram cl−1c̃l or the unigram c̃l. Note that (5) and, espe-
cially (7), assume that consecutive text lines are usually written in the same
language. This is not necessarily true though, in the kind of manuscripts (appli-
cations) we have in mind (e.g GERMANA), it is a reasonable assumption.

Also as in the monolingual case, the image models for the different languages
can be implemented in terms of character HMMs [8]. Moreover, if only a single
script is used for all the languages considered (e.g. Latin), then a single, shared
image model for all of them might produce better recognition results than a
separate, independent model for each language. Clearly, this can be particularly
true for infrequent languages.

Finally, it is often useful in practice to introduce scaling parameters in the
decision rule so as to empirically adjust the contribution of the different models
involved. In our case, the decision rule given in Eq. (4) can be rewritten as

c∗l (xl, c
l−1
1 ) ≈ argmax

c̃l

p(c̃l | cl−1
1 )β max

w̃l∈W (c̃l)
p(w̃l | c̃l)αc̃l p(xl | c̃l, w̃l) (8)
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where we have introduced an Identification Scale Factor (ISF) β and, for each
language c̃l, a language-dependent Grammar Scale Factor (GSF) αc̃l . Obviously,
Eq. (8) does not differ from Eq. (4) when all these scaling parameters are simply
set to unity. In the experiments reported below, these parameters will be adapted
from a validation set.

4 Experiments

As indicated in the introduction, the experiments reported here were carried out
on a multilingual, single-author manuscript from 1891 known as GERMANA
database [3]. Our main goal is to empirically compare the three language iden-
tification techniques described in the preceding section. Moreover, we provide
recognition results on the complete manuscript, which is also worth noting since
previous results on GERMANA have been limited to its first 180 pages, solely
written in Spanish. The complete manuscript, which comprises a total of 764
pages, includes five other languages, most notably Catalan and Latin.

Some basic yet precise statistics of GERMANA are given in Table 1. In terms
of running words, Spanish comprises about 81% of the document, followed by
Catalan (12%) and Latin (4%), while the other three languages only account
for less than a 3%. Similar percentages also apply for the number of lines. In
terms of lexicons, it is worth noting that Spanish and, to a lesser extent, Catalan
and Latin, have lexicons comparable in size to standard databases [3]. Also note
that the sum of individual lexicon sizes (29.9K) is larger than the size of the
global lexicon (27.1K). This is due to presence of words common to different
languages, such as common words in Spanish and Catalan. On the other hand,
singletons, that is, words occurring only once, account for most words in each
lexicon (55% − 71%). It goes without saying that, as usual, language modelling
is a difficult task. To be more precise, in Table 1 we have included the global
perplexity and the perplexity of each language, as given by a bigram model on
a 10-fold cross-validation experiment.

Table 1. Basic statistics of GERMANA

Language Lines Words Lexicon Singletons Perplexity

All 20000 217K 27.1K 57.4% 289.8±17.0

Spanish 80.9% 81.4% 19.9K 55.6% 238.1±27.7
Catalan 11.8% 12.4% 4.6K 63.2% 112.9±61.6
Latin 4.6% 3.8% 3.4K 69.2% 211.1±51.3
French 1.3% 1.4% 1.1K 71.1% 88.3±21.0
German 1.1% 0.7% 0.6K 52.7% 92.1±29.2
Italian 0.3% 0.3% 0.3K 67.3% 63.3±14.4

We divided GERMANA into 40 blocks of 500 lines each. The first block was
fully transcribed and an initial system was trained from it. Then, from block 2
to 40, each new block was recognized by the system trained from all preceding
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blocks, with the last block being also used as a validation set for parameter adap-
tation. It is worth noting that, after recognition of each block, the user supervises
and, if needed, corrects both, language identification labels and transcriptions.

As a baseline, we first tried a conventional, monolingual system, that is, a sys-
tem assuming that all lines come from a single language, and thus only requiring
one language (transcription) model and one image model. On the other hand,
we tried four multilingual systems which only differ in the way they identify the
language of the current line: supervised (manually given), bigram (using Eq. (5)),
unigram (using Eq. (6)) and CPL (using Eq. (7)). Clearly, in all these four sys-
tems, a different language (transcription) model was required for each of the 6
languages in GERMANA. However, as suggested at the end of the preceding
section, a single, shared image model was used instead of a separate, indepen-
dent image model for each language in GERMANA. The results are plotted in
Fig. 2, in terms of Word Error Rate (WER) of the recognized text up to the
current line.

As expected, the multilingual systems achieve better results than the mono-
lingual system. Also as expected, the correct language identification label (su-
pervised) produces better results than an automatic, error-prone technique such
as CPL. Surprisingly, however, the unigram and, to a lesser extent, the bigram
identification techniques achieve better results than manual supervision. In other
words, it is sometimes preferable not to use the correct, but probably poorly-
trained language (transcription) model, and use instead a well-trained model for
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Fig. 2. WER in GERMANA as a function of the number of recognized lines
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a different yet close language (e.g. Catalan and Spanish). On the other hand,
it can be also observed that there are certain blocks at which the WER curve
abruptly changes from a (smooth) decreasing tendency to a rapid increase. This
was studied carefully in [1] by decomposing the (total) WER curve into its cor-
responding language-dependent WER curves. It was found that these abrupt
changes are due to the occurrence of text from previously unseen languages,
most notably Catalan (from line 3500) and Latin (from line 4000).

Although optimal (supervised) language identification does not necessarily
lead to better recognition results than those obtained with suboptimal (im-
perfect) identification techniques, it is still important to have an identification
technique of minimal error, maybe to just minimize user effort while correct-
ing identification errors. Table 2 shows the Identification Error Rate (IER) of
the proposed techniques for all and each language in GERMANA and both, in
absolute and relative terms.

Table 2. Identification Error Rate (IER) on GERMANA for the techniques proposed

IER (absolute) IER (%)
Language Lines 2-gram 1-gram CPL 2-gram 1-gram CPL

All 19500 1290 2183 488 6.6 11.2 2.5

Spanish 15725 243 312 224 1.5 2.0 1.4
Catalan 2414 534 1136 181 22.1 47.1 7.5
Latin 951 255 409 49 26.8 43.0 5.2
French 266 116 182 31 43.6 68.4 11.7
German 76 74 76 2 97.4 100.0 2.6
Italian 68 68 68 1 100.0 100.0 1.5

From the results in Table 2, it becomes clear that the simplest technique,
CPL, is also the most accurate. It achieves an IER of 2.5%, that is, on average,
only 3 identified labels out of 100 need to be corrected by the user. In contrast,
the 1-gram and 2-gram techniques clearly fail in identifying languages other than
Spanish. This might be due to the fact that scaling parameters were adapted to
minimize the WER instead of the IER and, indeed, these techniques provided
better results than CPL in terms of WER.

5 Conclusions

We have proposed a probabilistic framework and three techniques for language
identification in interactive transcription of multilingual documents. These tech-
niques are called the bigram, unigram and CPL-bigram models. They have been
empirically compared on the whole GERMANA database, a 764-page, single-
author manuscript from 1891 written in six different Latin languages, mainly
Spanish. According to the empirical results, the simplest technique, that is, the
“copy the preceding label” (CPL) bigram model is also the most accurate.
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6. Serrano, N., Pérez, D., Sanchis, A., Juan, A.: Adaptation from Partially Supervised
Handwritten Text Transcriptions. In: Proc. of the 11th Int. Conf. on Multimodal
Interfaces and the 6th Workshop on Machine Learning for Multimodal Interaction
(ICMI-MLMI 2009), Cambridge, MA (USA), pp. 289–292 (2009)

7. Serrano, N., Sanchis, A., Juan, A.: Balancing error and supervision effort in
interactive-predictive handwriting recognition. In: Proc. of the Int. Conf. on In-
telligent User Interfaces (IUI 2010), Hong Kong (China), pp. 373–376 (2010)
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Abstract. Content-Based Video Retrieval (CBVR) is a research area
that has drawn a good deal of attention in recent years. The ability to
retrieve videos similar to a given one in terms of implicit features (mainly
pictorial features) and/or explicit characteristics (eg. semantic context)
are the cornerstones of this growing interest. In this paper we present
the results obtained within the project vManager, a CBVR system based
on local color and motion signatures, our own video representation and
different metrics of similarity among videos. The results for real videos
point to promising advances, not only as regards the effectiveness of the
system, but also in terms of its efficiency.

Keywords: CBVR, retrieval, local color, video.

1 Introduction to CBVR Systems

In these past years, digital video processing has become a growing area of inter-
est. The ability to retrieve videos efficiently and effectively can become a chal-
lenge from multiple points of view. A Content-Based Video Retrieval (CBVR)
system can obtain efficient processes of indexing, search, and frame and scene
(groups of frames) retrieval. In addition, these processes are automatic and
objective.

In general, digital video management involves the reduction of the total set
of frames of a video to a smaller subset, by detecting scene breaks [1][2]. Some
authors use histogram-based techniques for the detection of scenes [3][4][5]. Oth-
ers use techniques based on the MPEG standard [6]. The movement and algo-
rithms based on hierarchical clustering are also used in [7][8][9]. A representative
keyframe is selected for every scene of the video. The first frame of each scene
[4][6], the central frame [7], a mixture of first, last and central [10] or all the
frames of the scene [11] can be used as keyframes. Thus, content-based feature
vectors are obtained, to represent these keyframes in indexes and retrievals. This
development greatly relieves the video processing tasks.

Each keyframe is represented by a feature vector. Some authors have used cri-
teria based on color [5] or color and motion [3][6][12]. These methods are simple
and efficient, but may not provide optimal coverage of the scenes. Other authors
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use feature vectors based on color and texture [10] or color, shapes and textures
[4][8][11]. Methods that combine spatial and temporal information (changes in
intensity on consecutive frames) have also been proposed [13]. In this paper we
extract color-based features to create the feature vectors, in conjunction with
values that determine the spatial distribution of these colors (centroids) and the
degree of dispersion of data regarding the average value (standard deviations).
This combination is commonly known as ”local color”[14]. In addition, to com-
plement them, we extract features that determine the intensity and direction of
motion in the scenes.

The similarities between videos is usually measured by distances [9][10]. In [15]
convolution-based measures are used for the motion features, distances for ordi-
nal characteristics, and histogram intersections measures for the color histogram-
based features. In [16], predefined thresholds and measures calculated from an
expression of dissimilarity are used. In any case, most methods represent a video
by a list of keyframes. A different representation can be found in [17], in what its
authors called Bounded Coordinate System (BCS). In this system, each keyframe
of a video is located in an N -dimensional space, and the complete video is repre-
sented by the smaller ”box” of N dimensions which contains their keyframes. In
our paper we use a similar video representation system, where similarity metrics
are based on aspects such as the distance between centroids of those boxes, or
the transformation distance from one box to another.

This paper describes the development of the vManager project. The design
of content-based strategies for video storage and search is the general objec-
tive. We propose a model of feature vector, which focuses on the extraction of
color-based and motion-based features. vManager detects scene breaks, selects
keyframes, uses a proper video representation model, and proposes various mea-
sures of similarity. The approach is tested in a practical application with an
acceptable success ratio. The proposal presented may be reproduced in many
other environments and CBVR systems.

2 Methods

The consecutive frames of a digital video tend to have similar characteristics.
This aspect implies the appearance of high redundancy. Instead of extracting
feature vectors for all the frames and performing the comparison of two videos
based on these vectors, it is more efficient to group consecutive frames in clusters
or similar scenes, representing these scenes by using a single keyframe. The com-
parison process among videos is limited to these subsets of frames (keyframes)
instead of considering all the frames of the video.

To perform localization, indexing and the subsequent retrieval of videos, three
main tasks may be described:

– Scene detection
– Feature extraction
– Measures of similarity
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2.1 Scene Detection and Keyframe Selection

The frames of the same scene are very similar, but in the limit of scenes, the
difference between two consecutive frames is great. The scene change can be
abrupt, facilitating scene break detection, or can be gradual, because of dissolves,
wipes, merge of frames, etc., complicating scene detection. The proper motion of
the camera should also be considered to avoid false positives in scene detection.
Eventually, motion compensation techniques can be applied.

Our automatic scene breaks detection process is inspired by [18] and consists in
detecting the number of pixels that change from one frame to the next, basically
comparing the pixels that disappear and appear from one frame to another.
Thus, when processing the full video, a pixel change function is obtained, and
the peaks of this function indicate where the scene breaks have been detected.

After such a detection, a representative keyframe of each scene must be
selected. In vManager, the central frame of the scene has been selected as a
keyframe.

2.2 Feature Extraction

Once the scenes have been detected and keyframes selected, the next step consists
in extracting a feature vector for each of the keyframes. vManager uses local color
features, in conjunction with motion-based features. Thus, the feature vector is
composed of 63 features, divided into three groups. Position 0 in this vector
indicates the number of frames in the scene, in case that short scenes should be
considered, with little relevance by comparison with the rest of the video. On
the other hand, there is a group made up of local color-based features (positions
1-44), and motion-based features (positions 45-62). Figure 1 shows the structure
of our feature vector.

Fig. 1. Structure of the feature vector (63 features)

The local color-based features are derived from a discretization of the keyframe
in the scene. This discretization consists in transforming an RGB image, in
which there are 224 possible colors, to an image with only 11 colors, by using
the HSV color model, as Figure 2a) shows. The spatial distribution of these
colors (centroids) and the degree of data dispersion regarding the average value
(standard deviations) are also considered in the feature vector:

– The percentage of each of the 11 colors in the frame (positions 1 to 11).
– x coordinate of the centroid of each color in the frame (positions 12 to 22).
– y coordinate of the centroid of each color in the frame (positions 23 to 33).
– Standard deviation of each color in the frame (positions 34 to 44).
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With regard to the motion characteristics of a scene, a division of the frames
in five areas is performed first, as shown in Figure 2b). Thus, descriptors for
the central and peripheral zones are obtained. Hence, on the one hand we have
global characteristics of movement and, on the other, local features focusing on
each of the five areas:

– Camera movement (position 45): based on the descriptor Camera Motion of
MPEG-7, indicates whether there is camera movement in the scene or lack
of it.

– Global motion intensity (position 46): based on the Motion Activity descrip-
tor of MPEG-7, indicates the amount of movement in the scene.

– Global motion direction (position 47): also based on the Motion Activity
descriptor of MPEG-7, indicates the direction of the global movement de-
tected.

– Local motion intensity (positions 53 to 57): Indicates the amount of move-
ment in each of the five areas.

– Local motion direction (positions 58 to 62): Indicates the direction of the
local motion detected in each of the five areas.

– Order of motion intensity (positions 48 to 52): Indicates the cardinal order
of the five areas according to the intensity of each movement.

To calculate the displacement (movement) in each of the areas, non-consecutive
frames are compared. When comparing consecutive frames, the detected move-
ment would be minimal. For each of the five areas of the initial frame, we find
the equivalent position in the final frame. Thus, we have a displacement vector
that indicates the direction and modulus (intensity of motion) for each of the
considered areas.

Fig. 2. Feature vector. a) Local color-based features: values for the H, S and V channels
for the reduced palette of 11 colors. b) Motion-based features: the five areas of the
frame.
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2.3 Representation and Similarity Measures

Our final representation of a video is inspired by [17]. Thus, a video is represented
in an N -dimensional space, where N is the number of features of the keyframes
(62 in our case). Position 0 in our feature vector indicates the number of frames
of the scene. We use this feature to filter short scenes (scenes with a little number
of frames and little relevance in the video). Each key-frame represents a point
in this N -dimensional space. Hence, the videos are represented as the smaller
N -dimensional box that involves their representative points (keyframes). The
center of this box is determined by the centroid of its points, and the length of
the box in each dimension is equal to two times the standard deviation of the
points in that dimension. Through this representation of boxes, two videos can
be compared to measure the similarity between them. This comparison is done
by calculating two similarity distances:

Distance between centers: Euclidean distance between the centroids of the
boxes to compare. The smaller the distance, the greater the similarity.

Transformation Distance: Measures the cost of transforming one box into an-
other. It is calculated as the sum of the Euclidean distance between the minimal
extreme points of the boxes plus the Euclidean distance between the maximal
extreme points.

3 Practical Application and Results

In our experiments, we have worked with a set of videos of five different sports
categories: basketball, handball, football, motorcycling and tennis. We consid-
ered six videos for tennis, and eight for the other four categories.

In the tests we chose a video as a query (query by example), and we retrieved
videos from the database. From the retrieved videos, we checked if they belong to
the same category of the query video. To quantify the numerical results we used
the typical measures of precision and recall. In fact, the results shown in this
paper focus on the f-measure, which relates the precision and recall measures
for each of the similarity distances discussed.

Figure 3 shows the results of the experiments. Factors have been considered
based only on local color features (44 features) and only on motion features (18
features). The color and its spatial distribution in the frame are crucial in the hu-
man visual system to identify similar scenes. Although the motion characteristics
are not discriminating enough in themselves, they could help in discriminating
videos, in certain circumstances. Therefore, we have also considered feature vec-
tors based on local color and motion features (62 features), with equal weight
to all features. Finally, as color characteristics are more discriminating for the
human visual system than motion features, we defined a weighting function in
which the characteristics of local color have a weight of 75% and the motion
features of 25% in the overall feature vector, to calculate the distances among
videos.

In our experience, color-based features should have three times more weight
than motion-based features. To achieve this, according to the formula of the
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Fig. 3. Results of f-measure for color-based feature vectors, motion-based feature vec-
tors, color- and motion-based feature vectors, and weighted color- and motion-based
feature vectors, for the five categories (a-e). f) Average results for basketball (BB),
handball (HB), football (FB), motorcycling (MC) and tennis (TN).

weighted Euclidean distance, we associate a weight wi to each feature based
on color, with three times more value than those associated with motion-based
features. In addition, the sum of all weights is 1. Since the feature vector consists
of 44 values based on color and 18 on the movement, the weights for color-
based features are 0.2, and the weights for motion-based features are 0.0067 (i.e.
wi = 0.2 for 1 <= i <= 44, and wi = 0.0067 for 45 <= i <= 62).
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Figure 3 shows the results of the tests obtained by the distance between cen-
troids. The two similarity measures were used in our tests, and the results were
very similar. Figures 3a)-3e) show the results for each of the five categories.
In each graph, the results of f-measure are shown, for color-based feature vec-
tors, motion-based feature vectors, color- and motion-based feature vectors, and
weighted color- and motion-based feature vectors. Figure 3f shows the average
for each category.

As seen in Figure 3, the local color-based features perform better recov-
ery rates than those based exclusively on movement. Therefore, the vectors of
motion-based features are not discriminating. Considering vectors of local color-
based and motion-based features (dashed line in Figure 3), the video retrieval
is similar or improves those results obtained by using local color-based features,
for basketball, handball and tennis. For the other categories, the results worsen.
Pondering the motion-based features (solid line in Figure 3), on average, the
results improve those obtained based only on local color features.

4 Conclusions

This paper has described the developed CBVR system. We propose a model of
feature vector, which focuses on the extraction of color-based and motion-based
features. These vectors are obtained after a process of scene detection, which
is also included in vManager. Our system uses a proper video representation
model, and proposes various measures of similarity. From the results obtained
in the experiments we can conclude that the local color-based features provide
good results in the recovery of videos in general. The vectors of motion-based
features are not discriminating, but they do help as complement to those based
on color, especially if they are weighted so that the color-based features are three
times greater than those of motion-based features. Finally, our proposal can be
implemented and replicated in many other environments and CBVR systems.
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Abstract. In this paper, an alternative dot scoring based agglomera-
tive hierarchical clustering approach for speaker diarization is presented.
Dot-scoring is a simple and fast technique used in speaker verification
that makes use of a linearized procedure to score test segments against
target models. In our speaker diarization approach speech segments are
represented by MAP-adapted GMM zero and first order statistics, dot
scoring is applied to compute a similarity measure between segments
(or clusters) and finally an agglomerative clustering algorithm is applied
until no pair of clusters exceeds a similarity threshold. This diarization
system was developed for the Albayzin 2010 Speaker Diarization Eval-
uation on broadcast news. Results show that the lowest error rate that
the clustering algorithm could attain for the evaluation set was around
20% and that over-segmentation was the main source of degradation, due
to the lack of robustness in the estimation of statistics for short segments.

Index Terms: Speaker Diarization, Dot Scoring, Sufficient Statistics.

1 Introduction

Speaker Diarization consists of determining who spoke when in an input audio
stream. It involves two main steps: determining the boundaries between speaker
turns and clustering segments according to the speaker identity [1]. In recent
years, speaker diarization has gained importance as a mean of indexing different
types of data such as meetings, broadcast news or telephone conversations.

Most speaker diarization systems apply agglomerative hierarchical clustering
with a BIC-based stopping criterion [1]. In this paper, an alternative dot scoring-
based agglomerative hierarchical clustering approach is presented. Dot scoring
is commonly used as a fast scoring technique in speaker verification. Applying
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dot scoring to diarization has the advantage of a low computational cost for
re-training speaker-cluster models.

The dot-scoring speaker diarization system developed for the Albayzin 2010
Speaker Diarization Evaluation (SDE) is based on three subsystems: the audio
classifier developed for the Albayzin 2010 Audio Segmentation Evaluation [2],
the acoustic change detector module developed for the system submitted to
the Albayzin 2006 Speaker Tracking Evaluation [3], and the speaker verification
system developed for the NIST 2010 Speaker Recognition Evaluation [4].

The paper is organized as follows: in section 2 all the stages of the proposed di-
arization system are described: speech/non speech segmentation, acoustic change
detection, dot scoring and the clustering algorithm. In section 3 we present the
experimental setup used to develop and evaluate the system. Results, as well as
the processing time required, are presented in section 4. Finally, conclusions are
outlined in section 5.

2 Speaker Diarization System

Speech/non-speech detection, acoustic change detection and clustering are per-
formed separately in this approach.

The speech/non-speech detector developed for this task is based on a 5-class
ergodic Continuous Hidden Markov Model including 3 speech sub-classes and
2 non-speech sub-classes. More details can be found in [2]. A simple approach,
which uses a XBIC-based measure to detect any change of speaker, background
or channel conditions, was applied as defined in [3]. Though it oversegments the
audio stream, the set of change points includes almost all the speaker changes.
The optimal configuration of the three subsystems was heuristically determined
on development data (see section 3.3 for details).

2.1 Dot Scoring

Dot scoring agglomerative hierarchical clustering was performed as follows:

Universal Background Model. A gender independent GMM (Universal Back-
ground Model, UBM) was trained. The Sautrela toolkit [5] was used to estimate
GMM parameters, applying binary mixture splitting, orphan mixture discarding
and variance flooring.

Sufficient Statistics. Let λ ≡ {ωk, μk, Σk|k = 1..K} be a GMM composed by
K Gaussians of dimension F with diagonal covariance matrices Σk. Let ft be
the feature vector at time t. Let γk (t) be the posterior probability of Gaussian
k at time t. We define:

nk =
∑

t

γk (t) (1)

xk =
∑

t

γk (t)Σ
− 1

2
k (ft − μk) (2)
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The sets of parameters vectors ν = [νij ], where νij = ni, i ∈ [1..K] , j ∈
[1..F ], and x = [x1, . . . , xK ] (each xi being a F-dimensional vector) are known
as the zero and first order sufficient statistics, respectively. Given a dataset c,
the one-iteration relevance-MAP adapted and normalized mean vectors m =
Σ−

1
2 (μc − μubm) can be computed according to the following expression1 [6,4]:

m = (τI + diag (ν))−1 · x (3)

Dot Scoring Similarity Measure. Dot-scoring is a simple and fast technique
used in speaker verification that makes use of a linearized procedure to score test
segments against target models [6]. Given a feature stream f (the target signal)
and a speaker model λs, the first-order Taylor-series approximation to the GMM
log-likelihood is:

log P (f |λs) ≈ log P (f |λubm) + mt
s · ∇P (f |λubm) (4)

where ms denotes the vector of normalized means corresponding to speaker s, ∇
denotes the gradient vector w.r.t the standard-deviation-normalized means of the
UBM, and ∇P (f |λubm) = xf is the vector of first order statistics corresponding
to the target signal f . The log-likelihood ratio between the target model and the
UBM used for scoring can be approximated as follows:

score (f, s) = log
P (f |λs)

P (f |λubm)
≈ mt

s · xf (5)

For the diarization task, the similarity sim(a, b) between two segments a and
b was defined as:

sim (a, b) = min {score (fa, b) , score (fb, a)} = min
{
mt

b · xa, mt
a · xb

}
(6)

Score Normalization. TZ normalization was applied to dot-scores. Two in-
dependent sets of development data were used for the estimation of T-norm
(normalization w.r.t. the test utterance) and Z-norm (normalization w.r.t. the
speaker cluster) parameters. Taking into account score normalization, the simi-
larity measure was redefined as:

sim (a, b) = min {score
T Z

(fa, b) , score
T Z

(fb, a)} (7)

2.2 The Clustering Algorithm

The similarity measure defined above was used to perform agglomerative hier-
archical clustering. Given two segments (or two clusters of segments), if they
are clustered together, computation of sufficient statistics for the joint cluster is
straightforward:

xa+b = xa + xb

na+b = na + nb (8)
1 diag (ν) stands for a square matrix with the elements of ν in the diagonal.
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This leads to a very simple clustering algorithm:

1. Find smax = max
∀(a,b)

{sim (a, b)}
(a∗, b∗) = argmax

∀(a,b)
{sim (a, b)}

2. If smax < Θ then STOP
3. Set xa∗ = xa∗ + xb∗

na∗ = na∗ + nb∗
4. Remove cluster b∗
5. Jump to 1

3 Experimental Setup

3.1 Databases

We decided to keep independence between training and development data, there-
fore the Albayzin 2010 SDE database was used for development and the KALAKA
database [7] for training the GMMs.

The Albayzin 2010 SDE consists of 24 sessions of TV broadcast news in Cata-
lan, most sessions being 4 hours long (some of them being shorter). The database,
recorded from the 3/24 TV channel, includes around 87 hours of audio, split
into 2 sets: train/development (16 sessions, 2/3 of the total amount of data)
and test (8 sessions, the remaining 1/3). Even though 3/24 TV mostly contains
speech in Catalan, around 1/6 of the speech segments are spoken in Spanish.
The database contains male, female and overlapped speech and the number of
speakers per recording varies from 30 to 250. The distribution of background
conditions within the database is the following: Clean speech: 37%; Music: 5%;
Speech with music in background: 15%; Speech with noise in background: 40%;
Other: 3% [8].

KALAKA materials were also extracted from (wide-band) TV shows. The
database, which was designed to build language recognition systems, contains
speech in four target languages: Basque, Catalan, Galician and Spanish, all of
them official languages in Spain. KALAKA contains more than 12 hours of
speech per target language.

3.2 Feature Extraction

Mel-Frequency Cepstral Coefficients (MFCC) were used as acoustic features.
The MFCC set, comprising 13 coefficients, including the zero (energy) coeffi-
cient, was computed in frames of 32 ms at intervals of 10 ms for the two first
modules (speech/non-speech detection and acoustic change detection). In the
clustering approach, the MFCC set was computed in frames of 20 ms at inter-
vals of 10 ms and augmented with dynamic coefficients (13 first-order and 13
second-order deltas), resulting in a 39-dimensional feature vector. Also, an en-
ergy based voice activity detector (VAD) was applied to remove those fragments
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(short silences) with an energy level 30 dB (or more) under the maximum. All the
speech processing computations were done by means of the Sautrela toolkit [5].

3.3 Parameter Optimization

Speech/Non-Speech Detector. A 5 state ergodic Continuous Hidden Markov
Model was estimated using the Sautrela toolkit [5], under the Layered Markov
Models framework. Preliminary experiments on a subset of the development
data revealed that best audio segmentation performance was achieved when the
number of mixtures was 512. The emission distributions were independently esti-
mated for each state, applying the Baum-Welch algorithm on the corresponding
sets of segments extracted from the reference segmentations of 12 development
sessions. The number of mixtures per state and the transition probabilities (auto-
transitions fixed to 0.999999, transitions between states and final state transi-
tions fixed to 2 · 10−7) were optimized on audio segmentation experiments over
the remaining 4 development sessions. Considering a 2-class speech/non-speech
classification setup, the false alarm and the miss error rates were around 1% for
the speech class (including the three sub-classes mentioned in 3.1). Note that,
since we are mistaking around 2% of the speech frames, our speaker diarization
error will be, at best, of that order.

Gaussian Mixture Models. Although the evaluation was limited to Catalan
TV speech, in order to increase the speaker variability, TV broadcast speech in
Spanish, Catalan, Galician and Basque, taken from the Kalaka database [7], was
used to train gender independent GMMs (Universal Background Model, UBM)
consisting of 256, 512 and 1024 mixture components. Again, the Sautrela toolkit
was used to estimate GMM parameters, applying binary mixture splitting, or-
phan mixture discarding and variance flooring.

Threshold Selection. Threshold optimization was performed on the develop-
ment set. Figure 1 shows the performance measured on development sessions
3-16 for each threshold value using a 256-mixture GMM system. Based on the
average system performance, similarity thresholds were set to the values shown
in Table 1.

Table 1. Threshold value selection for each GMM system based on average system
performance

#mixtures
256 512 1024

Threshold 3.80 3.74 3.98

3.4 Performance Criteria

The diarization error rate (DER) defined by NIST [9] was the primary metric
used in the evaluation, applying a scoring “forgiveness collar” of 250 ms around
each reference segment boundary [8].
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Fig. 1. Overall Speaker Diarization Error as a function of the similarity threshold
applied as stopping criterion in the clustering algorithm, for sessions 3-16 of the devel-
opment set using a 256-mixture GMM system

4 Results

Experiments carried out showed almost no difference in performance among the
GMM systems using 256, 512 and 1024 mixtures. Therefore, the 256-mixture
GMM system was selected for further analyses, due to the lower cost of sufficient
statistics and similarity matrix computations. Table 2 shows the performance
of the clustering algorithm described above on the evaluation set, using four
different segmentations:

– Seg1: Reference Speaker Segmentation.
– Seg2: Reference Speaker Segmentation + GTTS Acoustic Change Detection.
– Seg3: Reference Speech/Non-Speech Segmentation + GTTS Acoustic Change De-

tection.
– Seg4: GTTS Speech/Non-Speech Detection + GTTS Acoustic Change Detection.

Table 2. Overall Speaker Diarization Error obtained by applying the clustering algo-
rithm on four different segmentations of the evaluation set (see text for details)

DER % Seg1 Seg2 Seg3 Seg4
256-m GMM 20.48 26.14 29.61 33.16

The Overall Speaker Diarization Error obtained with the Reference Speaker
Segmentation (Seg1, 20.48%) would be the best performance that our clustering
system could reach for the evaluation set. The difference between this result
and the result obtained with the fully automated system (Seg4, 33.16%) may be
explained as follows:
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– Difference between Seg3 and Seg4: 3.55%. Seg3 starts from a perfect Speech/
Non-Speech classification, whereas Seg4 applies the GTTS Speech/Non-
Speech detection system. So, the difference can be explained by the Speech/
Non-Speech classification error.

– Difference between Seg1 and Seg2: 5.66%. Since both systems take the ref-
erence speaker segmentation as a starting point, the difference in perfor-
mance can only be due to over-segmentation introduced by the GTTS acous-
tic change detector. Applying the acoustic change detector on the optimal
speaker segmentation does not remove speaker boundaries but produces
many short segments whose statistics strongly depend on local variabili-
ties. This explains why the performance of the clustering algorithm, which
is based on those statistics, degrades for short segments.

– Difference between Seg2 and Seg3: 3.47%. Seg2 includes all the speaker
boundaries (plus a number of acoustic changes inside speaker turns), whereas
Seg3 may be missing some of them. This explains the difference.

4.1 Processing Time

Table 3 shows the CPU time (expressed as real-time factor, ×RT) employed in
six separate operations: (1) feature extraction for segmentation; (2) speech/non-
speech segmentation; (3) acoustic change detection; (4) feature extraction for
clustering; (5) computation of sufficient statistics; and (6) hierarchical cluster-
ing of speech segments, for both the reference speaker segmentation and the
automatic segmentation. Note that the CPU time employed in clustering is al-
most four times higher for the automatic segmentation than for the reference
segmentation, because of the different number of speech segments: 7.24 and 3.62
segments/minute, respectively. The total CPU time of the speaker diarization
system is 0.2932×RT.

Computations were made in two servers. The first one, devoted to speech/non-
speech segmentation and acoustic change detection, was a Dell PowerEdge 1950,
equipped with two Xeon Quad Core E5335 microprocessors at 2.0GHz (allowing
8 simultaneous threads) and 4GB of RAM. The second one, devoted to clustering,
was a Dell PowerEdge R610, equipped with 2 Xeon 5550 (each featuring 4 cores)
at 2.66GHz and 32GB of RAM.

Table 3. CPU time (real-time factor, ×RT) employed by the different modules of the
speaker diarization system

Ref. segm. GTTS segm.
Features (segmentation) - 0.0033
Speech/non-speech segmentation - 0.0375
Acoustic change detection - 0.1058
Features (clustering) 0.0026
Statistics 0.0050
Clustering 0.038 0.139
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5 Conclusions

In this paper a new speaker diarization approach, which applies agglomerative
hierarchical clustering based on dot scoring, has been described.The system con-
sists on a chain of four uncoupled modules: speech/non-speech segmentation,
acoustic change detection, computation of sufficient statistics and hierarchical
clustering of speech segments. Despite its simplicity, the proposed system at-
tained competitive results in the Albayzin 2010 Speaker Diarization Evaluation.

Experiments carried out on different segmentations showed: (1) that the best
performance that the clustering algorithm could attain for the evaluation set was
around 20%; and (2) that over-segmentation introduced by the acoustic change
detector was the main source of degradation, because of the lack of robustness in
the estimation of statistics for short segments. Future work will involve trying to
improve the robustness of the clustering algorithm to short segments, or alter-
natively, to avoid over-segmentation while keeping the detection rate of speaker
boundaries. Besides, alternative feature parameterizations will be studied.
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Abstract. In this paper we propose an error tolerant subgraph match-
ing algorithm based on bag-of-paths for solving the problem of symbol
spotting in line drawings. Bag-of-paths is a factorized representation of
graphs where the factorization is done by considering all the acyclic paths
between each pair of connected nodes. Similar paths within the whole
collection of documents are clustered and organized in a lookup table for
efficient indexing. The lookup table contains the index key of each cluster
and the corresponding list of locations as a single entry. The mean path
of each of the clusters serves as the index key for each table entry. The
spotting method is then formulated by a spatial voting scheme to the
list of locations of the paths that are decided in terms of search of simi-
lar paths that compose the query symbol. Efficient indexing of common
substructures helps to reduce the computational burden of usual graph
based methods. The proposed method can also be seen as a way to se-
rialize graphs which allows to reduce the complexity of the subgraph
isomorphism. We have encoded the paths in terms of both attributed
strings and turning functions, and presented a comparative results be-
tween them within the symbol spotting framework. Experimentations for
matching different shape silhouettes are also reported and the method
has been proved to work in noisy environment also.

Keywords: Symbol spotting, Serialization of graphs, Graph matching,
Bag-of-paths, Attributed strings, Turning function, Graphical indexing,
Mean paths.

1 Introduction

Information spotting is a major branch of indexing and retrieval methods. In
document analysis, the research community is mainly focused in word spot-
ting for textual documents and symbol spotting for graphical documents. Nowa-
days, symbol spotting has experienced a growing interest among the Graphics
Recognition community, a subfield of Document Image Analysis and Recogni-
tion (DIAR). It can be defined as locating a given query symbol into a graphical
document image, which is commonly referred as focused retrieval. The main
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application of symbol spotting is indexing and retrieval into large database of
graphical documents, e.g. finding a mechanical part into a database of engineer-
ing drawings. The desired output for a particular query should be a ranked list
of retrieved symbols in which the true positives should appear at the beginning.

Although symbol spotting is an emerging topic, several efforts have been made
among the graphics recognition community for spotting symbols in graphical
documents [10]. The algorithms proposed by Messmer [5], Müller and Rigoll [6]
are among the first few approaches of symbol spotting. Graph based methods [4]
are also popular, but they often suffer from computational complexity. Among
the others, Rusiñol and Lladós have used a technique of splitting the symbols into
several primitives and used graph matching [9] and off-the-shelf shape descriptors
[8] to represent them. Recently Nayef and Breuel [7] proposed a branch and
bound algorithm for spotting symbols in documents. The preprocessing is done
by simple morphological operation and then thinning.

In this paper we propose a symbol spotting technique in line drawings based
on attributed subgraph matching. Graphs are very suitable to represent graphi-
cal entities, in particular, line drawings. Also graph representations, when stor-
ing geometric information can efficiently handle various affine transformations
viz. rotation, translation, scaling. Hence symbol spotting can be solved by in-
exact subgraph isomorphism techniques, which can take the advantage of the
soundness of graph theory. Moreover, graphs are widely adapted by the research
community as a robust tool since a long back, as a result lots of efficient methods
and algorithms are available to handle the graph based methods. On the other
hand, (sub)graph isomorphism is considered as a computationally hard problem,
for that reason handling a large database of graphical documents using graphs
is difficult as it increases the computational complexity. To avoid the compu-
tational burden, in this paper we propose a method based on factorization of
graphs that represent the documents and find the common factorized substruc-
tures within the entire collection. The finding of the common substructures for
the whole document collection and then performing the graph matching helps
to reduce the computational complexity at the ultimate level. The proposed
method can also be seen as a way to serialize graphs i.e. to represent them
by one-dimensional structures. This further allows to reduce the complexity of
subgraph isomorphism process to spot symbols on documents.

The rest of the paper is organized into three sections. In Section 2 we present
the detailed methodology of our algorithm with a brief description of the spot-
ting architecture. Section 3 presents the experimental results of the proposed
methods. After that in Section 4, we conclude the paper and future research
lines to extend the present work are defined.

2 Proposed Methodology

In this work we propose an efficient error tolerant subgraph matching algorithm
based on the idea of bag-of-paths. Bag-of-paths for a particular graph is in-
formally defined as the set of all acyclic paths between each pair of connected
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Fig. 1. Outline of the spotting architecture

nodes of that graph. The construction of bag-of-paths is based on the idea of
graph factorization. For our case we factorize the graphs constructed from the
documents within the database, as well as the query symbol. Similar paths of
the whole document database are clustered into a lookup table so that the mean
path of each of the clusters can serve as the key index of that cluster. Here the
basic idea is to find the best matching cluster for each of the paths in the model
bag-of-paths and apply a spatial voting scheme to the terminal points of the
paths to detect the symbol in the whole database simultaneously.

Our entire framework can be divided into two different parts viz. offline and
online (see Fig. 1). The offline part includes the computation of all the acyclic
paths, clustering of those paths within the whole collection, construction of
lookup table and computation of the mean path which acts as an index key
for each of the table entries. Each time a new document is being included in the
database the entire offline procedure is repeated to create the updated lookup
table. For each of the documents in the database all the computed paths are
stored to reduce the further path computation time. On the other hand, the
online part includes the querying of the graphic symbol by an end user, compu-
tation of all the acyclic paths for that symbol, a voting scheme which is based on
the similarity measure of the paths composed of the query symbol and a spatial
clustering technique to detect the query symbol on the image database.

2.1 Bag-of-Paths

Our bag-of-paths approach can be motivated by an analogy to learning methods
using the bag-of-words representation for text categorization. Bag-of-paths for a
particular graph G can be defined as a set P of all acyclic paths between any
two connected nodes of that graph. For instance in Fig 2(a) we have shown one
sample symbol, in which all the acyclic paths from the point A to the point C are
A−B−C, A−D−C and A−C, which are shown in Fig 2(b) and all the acyclic
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Fig. 2. Bag of paths representation (a) An example symbol. (b) All the acyclic paths
between the points A and C of the symbol. (c) All the acyclic paths of the symbol. (d)
Bag-of-paths representation for the document database and query symbol.

paths for that symbol are shown in Fig. 2(c). So for a graph corresponding to a
vectorized document or model symbol, which can be thought of as an union of
several symbols, we can find a set of paths which is referred as bag-of-paths.

In this work the paths are encoded in two different ways viz. (1) attributed
string [11] and (2) turning function [1]. String edit distance [11] and Lp distance
[1] based metric are respectively used to measure the similarity between differ-
ent encoded paths. Finally, the performance of these two metrics are compared
within a symbol spotting framework.

2.2 Construction of the LUT

The lookup table (LUT) is constructed by clustering the similar paths within the
entire collection of documents. The clustering is intended to separate the struc-
turally dissimilar paths into different clusters and accumulate the similar paths
into same clusters. The LUT consists of two different items: a representative path
of each cluster which acts as the indexing key and the list of locations where the
paths belong in the document database. For our case the representative path is
the mean path which is efficiently computed from the mean turning functions of
the respective paths as detailed in [3]. The clustering of the paths is done in two
steps: (1) all the paths in a single document are clustered, represented by the
mean path and (2) all the mean paths in the document database are clustered
and the final lookup table is constructed. In both the steps we have done the
hierarchical clustering by computing the proximity matrix of all the candidate
paths, where we have used string edit distance [3] as the distance measure.

2.3 Voting Scheme

A voting space is defined over the images of the database dividing them into
grids of several sizes (10 × 10, 20 × 20 and 30 × 30). Multiresolution grids are
used to detect the symbols accurately within the image and the sizes of them
is experimentally determined. For a particular model path, we select the best
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Fig. 3. Voting scheme for a given query and a particular document (a) The vector-
ized floorplan, here the circles denote the occurrences of the query symbol. (b) The
given query symbol. (c) Nine neighboring grids for a particular terminal points. (d)
Accumulated votes for a document, here the circles denote the higher frequencies. (e)
Accumulated votes showing with a 3D plot.

matching cluster or entry in the lookup table and accumulate the votes to the
nine nearby grids (see Fig. 3(c)) of each of the two terminal vertices of each
of the paths of the cluster. Vote to a particular grid is inversely proportional
to the path distance metric and is weighted by the Euclidean distance to the
centers of the respective grids from the terminal of the selected path. Fig. 3(e)
shows the accumulation of votes by a 3D plot which clearly discriminates the
occurrences of the query symbol on the document with the higher peaks. The
grids constituting the higher peaks are filtered by the k-means algorithm applied
in the voting space with k=2. Finally the occurrences of the query symbol on
the documents are detected by another hierarchical clustering algorithm which
clusters the spatial points contributed from all the grids considered.

3 Experimental Results

In order to evaluate the proposed spotting methodology, we present two dif-
ferent experiments. The first one only focuses on the bag-of-paths based shape
matching algorithm as a distance measure between different shapes. The sec-
ond experiment is designed to test the symbol spotting method in a document
image database of real architectural drawings. This experiment also reports the
comparative study between the two path comparison metrics viz. (i) attributed
string and (ii) turning function.

3.1 Shape Matching Experiments

This experiment is done to test the efficiency of the bag-of-paths based shape
matching algorithm as a shape descriptor. The algorithm is used to measure the
distance between two shapes represented by bag-of-paths. It is expected that for
a match the algorithm will give lower distance than a mismatch. We have used
two different isolated symbol datasets for that purpose and they are (i) SESYD
Queries (floorplans) [2] and (ii) GREC-POLY [8]. The results of the experiment



A Bag-of-Paths Based Symbol Spotting in Line Drawings 625

(a) SESYD Queries (floorplans) (b) GREC-POLY

Fig. 4. Confusion matrices shown for the two datasets

are represented in the confusion matrices (see Fig. 4). From the confusion matri-
ces, we can conclude that the method has succeeded in most of the model classes,
but has confused when the symbols contain significant structural similarity. This
is due to the generation of similar factorized substructure (or paths).

3.2 Symbol Spotting Experiments

Finally, we have tested our method with a collection of ten floorplans and twelve
different symbols as the queries. This dataset is a subset of FPLAN-POLY bench-
mark [8] which is available in the vectorized form and the vectorization is done
by the Qgar software1. The floorplans in the database consists of approximately
90,000 paths and after lookup table construction these paths result in 7,135 en-
tries. The amount of string comparison metric computation thus reduced by 12.6
times than the sequential access of the paths in the whole collection. The query
symbols for the experiment are shown in Table 1.

Table 1. Query Symbols used for our experiments

Symbol-01 Symbol-02 Symbol-03 Symbol-04 Symbol-05 Symbol-06

Symbol-07 Symbol-08 Symbol-09 Symbol-10 Symbol-11 Symbol-12

The spotting experiments are performed by encoding the paths in terms of (i)
attributed string and (ii) turning function. In Table 2 we present a detailed set of
measures to evaluate the performance of the algorithm for the two metrics. We
1 http://www.qgar.org
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Table 2. Values of different measures of our spotting experiments

Symbols
Attributed string Turning function

Precision Recall F-index AveP Time (secs./doc) Precision Recall F-index AveP Time (secs./doc)
Symbol-01 57.14 100.00 72.72 70.95 26.20 50.00 100.00 66.67 43.33 2.99
Symbol-02 50.00 100.00 66.67 76.03 22.04 46.67 100.00 63.64 40.31 3.19
Symbol-03 57.14 100.00 72.72 47.62 31.21 66.67 100.00 80.00 77.08 4.45
Symbol-04 72.72 100.00 84.21 89.94 36.09 72.73 100.00 84.21 84.09 4.99
Symbol-05 57.14 100.00 72.72 74.70 15.36 10.81 100.00 19.51 45.97 2.24
Symbol-06 57.14 100.00 72.72 66.79 60.18 50.00 100.00 66.67 75.00 4.76
Symbol-07 80.00 100.00 88.89 95.00 107.93 100.00 100.00 100.00 100.00 7.08
Symbol-08 100.00 100.00 100.00 100.00 10.41 100.00 100.00 100.00 100.00 2.22
Symbol-09 23.53 100.00 38.10 66.30 2.97 30.77 100.00 47.06 60.19 1.17
Symbol-10 80.00 100.00 88.89 80.42 4.85 50.00 100.00 66.67 50.00 1.50
Symbol-11 100.00 100.00 100.00 100.00 2.46 100.00 100.00 100.00 100.00 0.90
Symbol-12 50.00 100.00 66.67 75.00 2.08 50.00 100.00 66.67 72.92 0.80

Mean 65.40 100.00 77.03 78.56 26.81 60.64 100.00 71.75 70.74 3.02

can see the recall values for all the symbols have reached 100% and this illustrates
that the algorithm is able to retrieve all the occurrences of all the symbols in
the whole database. However there is a good number of false positives appear
and this affects the precision. But the important thing is that we obtained good
average precision values for almost all the symbols and for both the metrics. This
is crucial for any retrieval method because this ensures the occurrences of the
true positives at the beginning of the ranked list. The performance of both the
path encoding techniques are competitive to each other since attributed string
achieves higher average precision than the turning function but it is less efficient
than the other in terms of computation time.

4 Conclusions and Future Work

In this paper we have proposed an error tolerant subgraph matching algorithm
based on the idea of bag-of-paths. Bag-of-paths for a particular collection of
graphs is the set of all acyclic paths between each pair of connected nodes,
which gives a factorized representation of graphs. Finding the common factor-
ized substructures within the whole collection and then applying the serialized
subgraph isomorphism reduces the computational complexity of the usual graph
based methods.

Although the performance of our method is quite high both for symbol match-
ing and symbol spotting, the method has an important limitation to deal with
real-world database. This is due to the clustering technique we have used for clus-
tering the paths. Clustering of structural information is a separate research issue
and it needs further investigation. Our future research will also focus on other
graph serialization methods which will reduce the computational complexity of
usual graph based methods.
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8. Rusiñol, M., Borràs, A., Lladós, J.: Relational indexing of vectorial primitives for
symbol spotting in line-drawing images. Pattern Recognition Letters 31(3), 188–
201 (2010)
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Abstract. There are lots of historical handwritten documents with
information that can be used for several studies and projects. The Doc-
ument Image Analysis and Recognition community is interested in pre-
serving these documents and extracting all the valuable information from
them. Handwritten word-spotting is the pattern classification task which
consists in detecting handwriting word images. In this work, we have
used a query-by-example formalism: we have matched an input image
with one or multiple images from handwritten documents to determine
the distance that might indicate a correspondence. We have developed an
approach based in characteristic Loci Features stored in a hash structure.
Document images of the marriage licences of the Cathedral of Barcelona
are used as the benchmarking database.

Keywords: Word spotting, Characteristic Loci, Structural descriptors,
Handwritten document analysis.

1 Introduction

There is an increasing interest to digitally preserve and provide access to his-
torical document collections in libraries, museums and archives. The conversion
of historical document collections to digital archives is of prime importance to
society both in terms of information accessibility, and long-term preservation.
Historical archives usually contain handwritten documents. Examples are unique
manuscripts written by well known scientists, artists or writers; letters, trade
forms or administrative documents kept by parish or municipalities that help
to reconstruct historical sequences in a given place or time, etc. While machine
printed documents, under a minimum of conditions, are easy to be read by OCR
systems, the recognition of handwriting is still a scientific challenge. The state
of the art achieves only good performance in constrained domains or with small
vocabularies (e.g. bank-checks, postal automation).

Handwriting recognition has a number of difficulties. First, the physical degra-
dation of documents due to lifetime use and careless storage produces holes,
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stains, winkles, ink bleed. Second, the scanning process is difficult when digi-
tizing old documents, books, parchments, etc. Several degradations can appear:
non stationary noise due to illumination changes, show through effect, low con-
trast, warping effect, etc. Finally, in multi-writer problems, there are variations
in word shapes due to the different writing styles.

Handwritten document image retrieval has attracted a lot of interest from the
field of document analysis and digital libraries. The problem can be addressed
following two main directions. First, full image-to-text transcription, followed by
an ASCII string search. Second, when images present noise and distortion and
the full transcription is not easy, word spotting [7] is a useful strategy. Handwrit-
ten word spotting is the pattern classification task which consists in detecting
keywords in handwritten document images. The words are represented by shape
features, so the problem is formulated in terms of shape-based comparison.

In the literature we can find two word-spotting approaches, depending on
how the input is specified: query-by-string and query-by-example. In query-by-
string, the input is a text string. Character models are learned off-line and at
runtime the character models are combined to form words and the probability of
each word is evaluated. In query-by-example the input is an image of the word
to search, and the output is a set of the most representative (sub)images in the
database containing a similar word shape.

This work addresses the problem of handwritten word spotting in histori-
cal manuscripts following a query-by-example strategy. Classical approaches are
based on contextual methods like Hidden Markov Model (HMM) [3] or Dy-
namic Time Warping (DTW) [6], using the sequential information of graphemes
in a word. We propose a holistic approach using shape matching techniques.
Our approach is inspired in Loci characteristic and allows to aggregate pseudo-
structural information in the descriptor.

We have applied our work in an demography application. In particular, word
spotting is applied to the manuscripts called Llibre d’Esposalles, a set of books
written between 1451 and 1905. This corpus record marriage and the correspond-
ing fees paid according to the social status of the families. It is conserved at the
Archives of the Barcelona Cathedral and comprises 244 books with information
on approximately 550.000 marriages celebrated in over 250 parishes. Each book
contains the marriages of two years, and was written by a different writer. We
show two examples of the documents in figure 1. Information extraction from
these manuscripts is of key relevance for scholars in social sciences to study the
demographical changes over five centuries.

The rest of the paper is structured as follows. In section 2 the proposed method
of this work is described. Section 3 deals with the experimental results. Finally,
the last section concludes the paper.

2 Word Spotting Approach

The objective of this work is word spotting for indexation and retrieval purposes.
Thus given a query word image, we intend to locate instances of the same word
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(a) (b)

Fig. 1. Llibre d’esposalles (Archive of Barcelona Cathedral, ACB)

class into the documents to be indexed. In this work inspired in some literature
approaches, words are considered as shapes, and spotting is achieved through
shape dissimilarity functions.

A spotting strategy has two requirements that can be separated in two major
modules: the learning and the retrieval stage (Fig. 2). First, word images have to
be mapped to a feature space considering shape features. Second, it is necessary
to design an indexation structure allowing to formulate queries of word images
and retrieve similar instances from the database in terms of shape similarity.
Hence, features describing words have to be chosen so that they allow to cluster
the space in classes in an unsupervised way, and also the features have to satisfy
properties as coping with distortions and obtaining compact representations.

Fig. 2. Outline of the approach

Our approach is inspired in characteristic Loci feature [1,2]. We propose a
descriptor based on pseudo-structural features. Given a word image, a fea-
ture vector based on Loci characteristics is computed at some characteristic
points. Loci characteristics encode the frequency of intersection counts for a given
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key-point in different direction paths starting from this point. As key-points it
can be used contours, foreground pixels, background pixels or skeletons, depend-
ing on the application.

Once word images are encoded using a Loci-based descriptor, the indexation
structure is organized as a hashing-like way where features are encoded as index
keys and words are stored in a hashing structure. Afterwards, the word spotting
is performed by a voting process after Loci vectors from the query word are
indexed in the hashing table. Let us further describe the different steps in the
following subsections.

2.1 Pre-processing Step

The quality of old documents can be affected by degradations. We perform a
pre-processing step in order to improve the image quality for the subsequent
processing and to segment the relevant parts. We first binarize the document.
Then, we remove margins of the document that are likely to interfere with subse-
quent operations. The page is then segmented into lines using projection analysis
techniques [5]. Once the lines are segmented, word segmentation is done using
a similar technique. The projection function is smoothed with an Anisotropic
Gaussian Filter [4].

In our approach, for each considered word, we extract the bounding box and
do a fast rejection with the words that are very big or very small with regard
to the mean of all the words of the document. As well, the bounding box that
has few pixels of information is ruled out. This allows to drastically reduce the
search space. Then, a noise removal operation is performed.

2.2 Feature Extraction

The characteristic Loci features were devised by Glucksman and applied to the
classification of mixed-font alphabetic, as described in [2]. A characteristic Loci
feature is composed by the number of the intersections in the four directions
(up, down, right and left) (Fig. 3). For each background pixel in a binary image,
and each direction, we count the number of intersections (an intersection means
a black/white transition between two consecutive pixels). Hence, each key-point
generates a codeword (called Locu number) of length 4.

This work presents a new feature descriptor based in the characteristic Loci
features. We have introduced three variations of the basic descriptor:

– We have added the two diagonal directions, as we can see in figure 3. This
gives more information to the descriptor and more sturdiness to the method.

– The number of the intersections is quantized. We have bounded the number
of intersections in intervals. Each direction has a different quantization. This
bounding generates a more robust feature.

– Two modes are implemented to compute the feature vector, namely back-
ground and foreground pixels are taken as key-points.
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Fig. 3. Characteristic Loci feature of a single point of the word page

The skeleton of the image is computed by an iterative thinning until reaching
lines of 1 pixel width.

The feature vector is computed by assigning a label to each background (or
foreground) pixel as show in Fig. 3. The features are computed according to the
number of intersections with the background pixels of the image in right, upward,
left and downward directions. In previous works, the characteristic Loci method
has been applied for digits and isolated letter recognition. In this work, to reduce
the dimension of the feature space, the maximum number of intersections has
been limited to 3 values (0, 1 and 2). By delimiting the number of possible
values we reduce the number of combinations. The length of the feature vector
is proportional to the number of possible values. For example, with 3 possible
values and 8 directions, we obtain 38 (6.561) combinations; with 4 possible values
we have 34 (65.536). It increases in exponential way and the computational cost
(and time) increases in the same way.

Characteristic Loci feature was designed for digit and isolated letter recogni-
tion, and the number of intersections was bounded. The original approach uses
the same interval in all directions. In this work we have also bounded the number
of intersections. For each direction we have defined a different interval for each
value. The horizontal direction has a larger interval than the vertical direction.
In the original approach the digits or characters have a similar height and width,
but in our approach the width of the words is usually bigger than the height.
According to the dimensions of the words the range of the intervals are directly
proportional. Diagonal directions are a combination of the two other directions.
Table 1 shows the intervals for each direction.

Table 1. Intervals for each direction in characteristic Loci feature

Values

direction 0 1 2

Vertical {0} [1, 2] [3, +∞]

Horizontal {0} [1, 4] [5, +∞]

Diagonal {0} [1, 3] [4, +∞]
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According to the above encoding, for each background pixel, an eight-digit
number in base 3 is obtained. For instance, the Locu number of point P in Fig.
3 is (22111122)3 = (6170)10. The Locu numbers are between 0 and 6.561 (=
38). This is done for all background pixels. In this case, the dimension of the
feature space becomes 6.561. Each element of this vector is a Locu number, and
represents the total number of background pixels with this Locu number.

2.3 Matching Words

The retrieval process of this approach consists in organizing the feature code-
words in a look up table M (Fig. 2). Columns of M represent the words (w) of
the database. Rows correspond to all the possible combinations that can appear
using characteristic Loci features (f ) . M(f, w) means that the feature f is pre-
sented in word w. For this work, we have 8 directions and each one has three
different values. So, we have 38(= 6.561) possible combinations. The feature
vector is like a histogram of Locu numbers.

Classification process consists in searching the best matching of the query
with all the words of M (Fig. 2). The chosen query is used to extract the vector
of features. This vector is used to match the query with all the words of the
database. In the retrieval step we have applied two distance formulations, namely
Euclidean and Cosine, to match similar words.

3 Experimental Results

The experiments have been performed using 30 documents of the volume 69 of
the Cathedral of Barcelona archives, using 10 key-words as queries.

We have implemented the well know approach developed by Rath and Man-
matha [6] to compare it with our proposed methodology. They present an al-
gorithm for matching handwritten words in noisy historical documents using
Dynamic Time Warping (DTW). To evaluate the retrieval performance of the
system with a query word against a handwritten document image, we use the
standard precision and recall measures. We have done the following experiments:
in the first one we have evaluated the performance using different characteristic
pixels, background and foreground pixels of the word image, using different mask
sizes, size of regions of interest to compute the number of intersections for each
key-point; in the second experiment we compare different distance measures with
different key-points.

In table 2, we show the performance of the word retrieval system using differ-
ent characteristic pixels as reference. The precision and recall table is computed
according to different mask size. We observe that when we increase the mask
size, the results are better. Using 80 or more pixels we obtain similar results.
Comparing the performance using background and foreground pixels, we observe
that using background pixels we obtain better results. Using background pixels
as reference, the number of pixels that gives information to the feature vector is
higher than using foreground pixels.
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Table 2. Accuracy using different characteristic pixels and mask sizes

Background pixels Foreground pixels

size mask Precision recall precision recall

15 68, 3% 66, 6% 39, 1% 77, 9%
20 76, 3% 68, 6% 43, 1% 79, 9%
40 78, 6% 64, 5% 44, 9% 79, 6%
80 82, 5% 67, 0% 46, 5% 79, 1%
100 82, 5% 67, 0% 46, 5% 79, 1%

Fig. 4. Experimental results. Precision-Recall curve.

Figure 4 shows the results of our experiments compared with the algorithm
of Rath and Manmatha [6] employing the same database in all of them. In our
experiments we have used different distance measures to compute the distance
between words descriptors. All the experiments are done using a mask size of
100 pixels. First, we have compared the performance using background and
foreground pixels using Euclidean distance as measure. We can observe that
we obtain better results using background pixels. We have used these measures
because Euclidean distance gives us the magnitude of difference between two
word images, while cosine distance is a normalized measure which gives us a
measure of how similar two word images are.

The next experiment consists in evaluating the performance using different
distance measures (euclidean and cosine distance). The results are better using
Euclidean distance than using cosine distance. Finally, we evaluate the perfor-
mance in comparison to the algorithm of Rath and Manmatha. In their work
they use Dynamic Time Warping to compute the distance between words. We
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can observe that our approach obtains better results. The better performance
of our approach is due to the nature of the descriptor. While Rath and Man-
matha use a pixel-based column descriptor, our descriptor captures more global
information, including the structure of the word strokes.

4 Conclusions

In this paper we have presented a handwritten word spotting approach based
on a pseudo-structural descriptor (inspired in characteristic Loci [1,2]) organized
in a hash structure.The queried word image is matched with segmented words
of handwritten documents to determine the distance that might indicate a cor-
respondence. We have tested our method with a database of old handwritten
documents from the Cathedral of Barcelona. Our approach outperforms other
state-of-art methods, in particular the well known approach of Rath and Man-
matha [6]. The results of our experiments show that using background pixels as
reference pixels we obtain better results than using foreground pixels. Moreover
using Euclidean distance we obtain better results than using cosine distance.
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Abstract. In the paper an algorithm for the recognition of erythro-
cytes is presented and experimentally evaluated. The objects of interest
are localised and extracted from digital microscopic images, stained by
means of the MGG (May-Grunwald-Giemsa) method in greyscale. The
area covering a single red blood cell (RBC) is transformed from Carte-
sian to polar co-ordinates. Later, the two-dimensional Fourier transform
is applied to the resultant image. Finally, the subpart of the spectrum is
selected in order to represent an object. This description (Polar-Fourier
Greyscale Descriptor) is matched with the templates represented in the
same way. The smallest dissimilarity measure indicates the recognised
erythrocyte type. When using this approach every RBC is investigated,
and basing on the whole knowledge about the number of particular types
of erythrocytes present in an image a diagnosis can be made.

Keywords: Computer-Assisted Diagnosis, Erythrocyte Recognition,
MGG images.

1 Introduction

The abnormalities in blood particles may cause some serious diseases. Amongst
them the deformations of erythrocytes can lead to various kinds of anaemia
or malaria. It comes from the fact that deformed red blood cells (RBCs) can-
not deliver oxygen properly, which results in that the blood circulation is non-
regulated. For this reason the computer assisted automatic diagnosis of selected
diseases can be based on erythrocyte shapes. In that case, the computer-based
analysis can use the digital microscopic images stained by means of the MGG
(May-Grunwald-Giemsa) method. Few examples of this kind of input images (in
greyscale) are provided in Fig. 1.

Obviously, the problem of automatic diagnosis based on microscopic images is
not new. However, in most cases the analysis of various particles is investigated,
e.g. in [1] 12 categories of particles in human urine were classified. It is desirable,
yet more difficult, and therefore less efficient than the limitation to one type
of particles. Moreover, even when this limitation is assumed, the leukocytes are
usually analysed ([2,3]). Nevertheless, lately the scientific interest in automatic
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Fig. 1. Examples of digital MGG images (in greyscale) of human blood as an input
data for the approach presented in the paper

recognition of red blood cells is arising. For example, in [4] some histogram
features were applied for this purpose. Another two approaches developed so far
were based on deformable templates ([5]) and morphological operators ([6]).

Apart from the several examples mentioned above two algorithms are espe-
cially worthy of attention. They are the most similar to the approach provided
in this paper. The first one is based on mathematical morphology and polar-
logarithmic transform ([7]). The authors were concentrated on the analysis of
circular properties of the erythrocyte shape. Therefore, they used only five kinds
of this blood cell and gave them very general names (‘Normal’, ‘Mushroom’,
‘Spicule’, ‘Echinocyte’, and ‘Bitten’, see Fig. 2), which is clearly not adequate
for the automatic diagnosis.

In [8] the template matching for recognition of extracted erythrocyte shapes
was used. For this purpose three shape description techniques were applied.
In comparison with the previous paper, it is important to note that twelve
distinct types of erythrocytes were used (schistocyte, dacrocyte, acantocyte,
echinocyte, ovalocyte, normocyte, stomatocyte, Mexican hat cell, spherocyte,
leptocyte, annular erythrocyte, drepanocyte, see Fig. 2), which is closer to the
medical approach for the diagnosis. The same set of classes was applied in the
work presented in this paper.

The remaining part of the paper is organised as follows. The second section
describes the pre-processing technique applied in order to localise and extract

Fig. 2. Two various sets of erythrocytes used in the previous works, covering five classes
(top row, [7]), and twelve (bottom row, [8])
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particular erythrocytes. The third section provides in details the proposed al-
gorithm for red blood cells representation and recognition. The fourth section
presents the experimental results, and finally, the last section concludes the pa-
per and discusses some suggestions for further work.

2 Description of the Used Pre-processing Method

Although the identification of an erythrocyte’s type constitutes the main topic of
the paper, in order to preserve the completeness of the description, in this section
the algorithm used for the localisation of each particular cell is briefly provided.
It is based on the approach presented in [8] and starts with the conversion of the
image into greyscale, if it is necessary. Then, the modified histogram thresholding
is performed. It starts with the derivation of the histogram h(lk) ([8]):

h(lk) =
m∑

k=1

b(k, lk), (1)

where:

b(k, lk) =
{

1, if k = lk
0, if k �= lk

. (2)

Later, the achieved histogram is smoothed through bins averaging, with the
length of the window established experimentally as ([8]):

c(j) =

j+m∑

i=j−m

h(i)

2m + 1
, (3)

where:
j — number of a bin,
c(j) — averaged histogram value for bin,
h(i) — histogram value before averaging,
m — number of bins taken in left and right neighborhood of j-th bin.

The threshold value depends on the number of bins with values other than
zero in a histogram (distinct grey-levels found for an image). If it is higher than
150, the threshold t is derived as the number of a bin with the minimal histogram
value amongst the bin numbers belonging to the interval ([8]):

t ∈ (cmax −
⌊v

4

⌋
, cmax), (4)

where:
cmax — number of the highest bin,
v — number of gray-levels found in particular image (number of non-zero bins
in histogram).

If it is smaller, the threshold t is derived as the number of a bin with the
minimal histogram value amongst the bin numbers belonging to the interval
([8]):
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t ∈ (cmax −
⌊v

4

⌋
, cmax − 20). (5)

After the thresholding particular cells were localised. For this purpose regions
of each separate objects were traced. Obviously, only objects entirely placed
within an image were analysed. In order to reject thrombocytes and leukocytes,
and work only with erythrocytes the area of extracted regions was analysed. For
each case, if it was significantly bigger (leukocytes) or smaller (thrombocytes)
then it was rejected. Additionally, this process rejects some occluded shapes,
difficult to recognise. However, it is possible that some undesirable particular
remain, if they have the area similar to erythrocytes. In order to avoid this
problem, the analysis of their histogram is applied, since it is different for par-
ticular particles. It comes from the fact that thrombocytes and leukocytes have
almost black parts inside. Moreover, the histogram equalisation of the image
before the binarisation is also performed, what reduces the number of occluded
shapes.

As a result of the process described above, by using the established co-
ordinates of a cell, the rectangular subpart of the greyscale image with it could
be extracted and used in the next step.

3 Representation and Recognition of a Cell

The most important element of the approach is the use of two transforms for
a cell image. Firstly, the transformation from Cartesian to polar co-ordinates is
used, and later the 2D Fourier transform of the achieved polar image. Finally, the
subspectrum is extracted in order to represent an object. However, few additional
steps have to be performed in order to avoid some problems which may occur.

Sometimes, the extracted subimage has a low quality. This may happen for
example when the cells within an image are small, if noise is present, or if lossy
compression of an image was used. In order to reduce the influence of the above
problem, firstly the median filtering (with square mask 3×3 pixels) and smooth-
ing using low-pass filtering (again mask with 3 × 3 size, containing ones, norm
factor equal to 9) were applied.

The second problem to consider was the varying size of the subimage, es-
pecially the irregular size of an erythrocyte itself. In order to achieve the best
polar representation of a subimage, it was expanded according to the maximal
distances from the centre of an erythrocyte, calculated by means of the moment
theory. The new areas of the subimage which appeared were filled in with the
colour of the background. The prepared subimage was later transformed into po-
lar co-ordinates. That gave in result a greyscale image again. In order to make
the representation invariant to scaling, the achieved image is resized to the con-
stant size. Here, the 128× 128 size was assumed. However, other values can be
used as well. The resultant image was subjected to the two-dimensional Fourier
transform. Finally, the square subpart from the absolute spectrum with the size
of 10 × 10 was extracted, concatenated, and stored as a vector containing 100
elements.
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The above general discussion leads to the following formulation of the algo-
rithm for representation of erythrocytes extracted from digital greyscale images
— Polar-Fourier Greyscale Descriptor :

Step 1. Perform the 3px median filter on the input subimage I.
Step 2. Perform low-pass filter on the subimage I, using convolution with
norm = 9 and mask 3× 3 size, containing ones.
Step 3. Calculate the centroid O basing on the simple moment theory:
Step 3a. Calculate m00, m10, m01 using the general formula ([9]):

mpq =
∑

x

∑

y

xpyqI(x, y). (6)

Step 3b. Calculate the centroid O(xc, yc) using the formulas ([9]):

xc =
m10

m00
, yc =

m01

m00
. (7)

Step 4. Find the maximal distances dmaxX , dmaxY from the centroid to the
boundaries of the subimage I:
Step 4a. Calculate the distances from O to particular boundaries of the subim-
age I:

d1 = xc, d2 = M − xc, d3 = yc, d4 = N − yc, (8)

where: (M, N) — size of the subimage I.
Step 4b. Select the highest values of (d1, d2, d3, d4) for particular axes:

dmaxX = max(d1, d2), dmaxY = max(d3, d4). (9)

Step 5. Expand I into X direction by dmaxX−xc pixels, and into Y direction by
dmaxY − yc pixels. Fill in the new areas in I with the colour of the background.
Step 6. Transform I into polar co-ordinates (into new image P ), using the for-
mulas:

ρi =
√

(xi − xc)
2 + (yi − yc)

2
, θi = atan

(
yi − yc

xi − xc

)

. (10)

Step 7. Resize the P image into the constant rectangular size, e.g. 128× 128.
Step 8. Calculate the absolute spectrum of the 2D Fourier transform ([10]):

C(k, l) =
1

HW

∣
∣
∣
∣
∣

H∑

h=1

W∑

w=1

P (h, w) · e(−i 2π
H (k−1)(h−1)) · e(−i 2π

W (l−1)(w−1))

∣
∣
∣
∣
∣
, (11)

where:
H, W — height and width of the polar image P ,
k — sampling rate in vertical direction (k ≥ 1 and k ≤ H),
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l — sampling rate in horizontal direction (l ≥ 1 and l ≤W ),
C(k, l) — value of the coefficient of discrete Fourier transform in the coefficient
matrix in k row and l column,
P (h, w) — value in the image plane with coordinates h, w.
Step 9. Select the square subpart of the achieved absolute spectrum with the
indices 1, . . . , 10 for both axes and after concatenation put it into vector V .

The achieved vector V represents the object. Fig. 3 presents some examples
of erythrocytes and their representations achieved by means of the proposed
algorithm.

Fig. 3. Examples of tested erythrocytes (top) and their representations achieved by
means of the Polar-Fourier Greyscale Descriptor (bottom)

According to the template matching approach the description of an object
is matched with base templates, described using the same algorithm. For this
purpose the Euclidean distance as the dissimilarity measure is used. The smallest
value simply indicates the recognised class; in our case — type of a red blood
cell.

4 Conditions and Results of the Experiment

The algorithm, described in the previous section, was tested using 55 MGG
images, converted into greyscale. Using the pre-processing method described in
Section 2, every cell was localised and extracted separately. Then, it was repre-
sented by means of the proposed algorithm and matched using the dissimilarity
measure with the templates. Obviously, they were represented in the same way.
In order to increase the efficiency of the algorithm five various objects were used
to represent a class. That gave sixty template objects, five for each of the twelve
classes.

The number of cells within a single MGG image varies significantly, from
several dozens to several hundreds or even more than a thousand. Hence, the
total number of extracted and analysed cells during the experiments was close
to ten thousand. The achieved recognition rates for particular erythrocyte types
are provided in Table 1. As we can see they are different for various classes. The
best results, close to 100 percent of recognition, were achieved for acanthocytes,
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normocytes, and leptocytes. For spherocytes the result was ideal. On the other
hand, in four cases (i.e. schistocyte, ovalocyte, Mexican hat cell, and annular
erythrocyte) the recognition rate was merely close to 70%. Nevertheless, the
total average recognition result was close to 86%. On first sight it seems to be
far from an ideal. However, two items have to be taken into account. First of
all, the poor quality of microscopic images may cause difficulties in the proper
recognition of an object. An ideal identification of particular cells is not possible.
Secondly, for the automatic (or semi-automatic) diagnosis the results do not have
to be ideal. In most cases even the presence of one abnormal red blood cell is
sufficient to perform a diagnosis or indicate a possibility of a disease. Considering
the large number of particles in an image it is easy to achieve, even with the
performance of the algorithm far from one hundred per cent. As it was discussed
in [8] the average recognition result which is higher than 80% is enough to
perform a correct diagnosis, what was confronted there with the diagnoses made
by humans.

Table 1. Average recognition rates (RR) achieved for particular classes of erythrocytes

Class schistocyte dacrocyte acantocyte echinocyte ovalocyte
RR 69% 83% 98% 89% 74%

Class normocyte stomatocyte Mexican hat cell spherocyte leptocyte
RR 97% 90% 72% 100% 97%

Class annular erythrocyte drepanocyte TOTAL
RR 76% 81% 86%

5 Conclusions and Future Plans

In the paper the problem of automatic diagnosis based on digital microscopic
images of human blood was touched on. The automatic recognition of erythro-
cytes’ types was suggested. The idea is based on the fact that there is a group
of diseases caused by abnormal red blood cells, which can be easily diagnosed
by means of their shapes.

The proposed approach for the diagnosis is based on the calculation of the
particular types of red blood cells present within an image. For this purpose
twelve types of erythrocytes were used. Their identification was performed using
the method based in general on two transforms. For the localised and extracted
subpart of the image containing a cell firstly the transformation from Cartesian
to polar co-ordinates is used, and later the two-dimensional Fourier transform
of the achieved polar image. Finally, the subspectrum is taken as a description
of the object. This description is matched with sixty templates (five for each
type of erythrocyte). The smallest value of the dissimilarity measure indicates
the recognised class.

The presented algorithm was tested by means of cells localised and extracted
from 55 greyscale MGG images. The average recognition rate for all classes was
close to 86%, varying from 69% for schistocyte to 100% for spherocyte. This



Identification of Erythrocyte Types in Greyscale MGG Images 643

result can be considered as sufficient enough because of the large number of
objects to identify within an image. Thanks to this the overall diagnosis is less
dependent on single incorrect identifications. Moreover, the ideal result is almost
impossible due to the character of real microscopic blood images.

The future plans are above all concentrated on performing an automatic diag-
nosis based on the approach presented in this paper on a much bigger collection
of images. Obviously, the precise formulation of all decision rules for the diagnosis
also has to be stated.
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Abstract. The present paper addresses the problem of the classification of hyper-
spectral images with multiple imbalanced classes and very high dimensionality.
Class imbalance is handled by resampling the data set, whereas PCA is applied
to reduce the number of spectral bands. This is a preliminary study that pur-
sues to investigate the benefits of using together these two techniques, and also
to evaluate the application order that leads to the best classification performance.
Experimental results demonstrate the significance of combining these preprocess-
ing tools to improve the performance of hyperspectral imagery classification. Al-
though it seems that the most effective order of application corresponds to first
a resampling algorithm and then PCA, this is a question that still needs a much
more thorough investigation.

1 Introduction

Hyperspectral sensors are characterized by a very high spectral resolution that usually
results in hundreds of observation channels [22]. Although this allows to address many
applications requiring very high discrimination capabilities in the spectral domain [3],
the huge amount of data available makes complex the classification of hyperspectral
images. In this classification context, another important drawback is that the hyperspec-
tral information is commonly represented by a very large number of features (spectral
bands), which are usually highly correlated [22, 23].

A complex situation frequently ignored in hyperspectral imaging refers to the pres-
ence of severely skewed class priors. This situation is generally known as the class
imbalance problem [12]. A data set is said to be imbalanced when one of the classes
(the minority one) is heavily under-represented in comparison to the other (the major-
ity) class. Because of samples of the minority and majority classes usually represent
the presence and absence of rare cases respectively, they are also known as positive
and negative examples. It has been observed that class imbalance often leads to poor
classification performance in many real-world applications, especially for the minority
classes.
� Partially supported by the Spanish Ministry of Education and Science under grants CSD2007–

00018, AYA2008–05965–0596–C04–04/ESP and TIN2009–14205–C04–04, and by Fundacio
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Most of the approaches to tackle the imbalance problem have been proposed both at
the data and algorithmic levels. Data-driven methods consist of balancing the original
data set, either by over-sampling the minority class [4,11] and/or by under-sampling [9,
17] the majority class until the classes are approximately equally represented. Within
this group, we can also find several algorithms for feature selection [1, 15, 18, 25, 26].
At the algorithmic level, solutions include internally biasing the discrimination-based
process [7, 8] and assigning distinct costs to the classification errors [19, 20, 30].

Although class imbalance has been extensively studied for binary classification prob-
lems, very few approaches deal with multi-class imbalanced data sets, as is the case of
remote sensing applications. In the particular context of hyperspectral imagery, some
proposals are adjustments of conventional learning algorithms [2, 16, 28], whereas oth-
ers use classifier ensembles [24, 27] or feature selection techniques [5].

In this paper, some well-known strategies to cope with class imbalance are inves-
tigated for the classification of hyperspectral imagery acquired by the Airborne Visi-
ble/Infrared Imaging Spectrometrer (AVIRIS1). The problem is of great relevance since
these image data present both very high dimensionality and multiple imbalanced classes,
what certainly provides additional challenges in the framework of remote sensing clas-
sification. In order to face such a problem, this work focuses on the joint use of feature
extraction and resampling techniques, and explores the order in which they should be
applied to achieve the best classification results.

The rest of the paper is organized as follows. Section 2 describes the methodology
proposed to handle class imbalance and high dimensionality, and also briefly reviews
the classifiers used in this work. Next, Sect. 3 contains the experiments on a real hy-
perspectral image database and discusses the most important findings. Finally, Sect. 4
concludes the present study and outlines possible directions for future research.

2 Methodology

This section provides an overview of the method here proposed to handle and classify
remote sensing data according to the two issues of interest previously pointed out. In
a first stage, the hyperspectral image data set will be preprocessed with the double
aim of balancing the skewed classes and reducing the number of features/bands, albeit
not necessarily in this order. The second stage will consist of classifying the resulting
set after overcoming those two problems. Note that only those algorithms that will be
further used in the experiments are described in the present section.

2.1 Preprocessing

Taking the particular characteristics of hyperspectral data sets into account, most imag-
ing tasks could usually benefit from the application of some preprocessing techniques.
Here we concentrate on a common situtation in which the data set consists of multiple
imbalanced classes in a high dimensional representation space.

1 http://aviris.jpl.nasa.gov/
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Balancing the Classes. Data level methods for balancing the classes consists of re-
sampling the original data set, either by over-sampling the minority class or by under-
sampling the majority class, until the classes are approximately equally represented.
Both strategies can be applied in any learning system since they act as a preprocessing
phase, thus allowing the system to receive the training instances as if they belonged to
a well-balanced data set. By using this strategy, any bias of the learning system towards
the majority class due to the skewed class priors will hopefully be eliminated.

The simplest method to increase the size of the minority class corresponds to ran-
dom over-sampling, that is, a non-heuristic method that balances the class distribution
through the random replication of positive examples. Nevertheless, since this method
replicates existing examples in the minority class, overfitting is more likely to occur.
Chawla et al. [4] proposed an over-sampling technique that generates new synthetic mi-
nority samples by interpolating between several preexisting positive examples that lie
close together. This method, called SMOTE (Synthetic Minority Over-sampling TEch-
nique), allows the classifier to build larger decision regions that contain nearby samples
from the minority class.

On the other hand, random under-sampling [14, 29] aims at balancing the data set
through the random removal of negative examples. Despite its simplicity, it has em-
pirically been shown to be one of the most effective resampling methods. Unlike the
random approach, many other proposals are based on a more intelligent selection of the
negative examples to be eliminated. For instance, the one-sided selection technique [17]
selectively removes only those negative samples that either are redundant or that border
the minority class examples (assuming that these bordering cases are noise).

Dimensionality Reduction. The reduction in the hyperspectral representation space
can be carried out by means of feature selection or extraction techniques. In both ap-
proaches, the aim is to reduce the number of bands, without much loss of information.
The process of feature selection is to choose a representative subset of features from the
original data by assessing its discrimination capabilities according to statistical distance
measures among classes (e.g., Bhattacharyya distance, Jeffries-Matusita distance, and
the transformed divergence measure). The feature extraction approach addresses the
problem of dimensionality reduction by projecting the data from the original feature
space onto a low-dimensional subspace, which contains most of the original informa-
tion [13].

Probably the most widely-known feature extraction method corresponds to Principal
Component Analysis (PCA), which seeks to reduce the dimension of the data by finding
a few orthogonal linear combinations of the original variables with the largest variance.
It involves a mathematical procedure that transforms a number of (possibly) correlated
variables into a (smaller) number of uncorrelated variables called principal components.

2.2 Classification

We assume that there exists a set of n previously labeled examples (training set, TS), say
X = {(x1, ω1), (x2, ω2), . . . , (xn, ωn)}, where each element has an attribute vector
xi and a class label ωi. Two traditional classification techniques will be used in the
experimental study: the nearest neighbor rule and a decision tree.
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Nearest Neighbor Rule. One of the most popular non-parametric classification ap-
proaches corresponds to the k nearest neighbor (kNN) decision rule [6]. In brief, this
classifier consists of assigning a new input sample x to the class most frequently rep-
resented among the k closest examples in the TS, according to a certain dissimilarity
measure (e.g., the Euclidean distance). A particular case is when k = 1, in which an
input sample is decided to belong to the class indicated by its closest neighbor.

The characteristics of the kNN classifier need the entire TS stored in computer mem-
ory, what causes large time and memory requirements. On the other hand, the kNN rule
is extremely sensitive to the presence of noisy, atypical and/or erroneously labeled ex-
amples in the TS.

Decision Tree. A decision-tree model is built by analyzing training data and the model
is used to classify unseen data. The nodes of the tree evaluate the existence or signifi-
cance of individual features. Following a path from the root to the leaves of the tree, a
sequence of such tests is performed resulting in a decision about the appropriate class
of new objects.

The decision trees are constructed in a top-down fashion by choosing the most ap-
propriate attribute each time. An information-theoretic measure is used to evaluate fea-
tures, which provides an indication of the ”classification power” of each feature. Once
a feature is chosen, the training data are divided into subsets, corresponding to different
values of the selected feature, and the process is repeated for each subset until a large
proportion of the instances in each subset belongs to a single class.

3 Experiments and Results

The experiments were carried out on the 92AV3C data set2, which corresponds to a
hyperspectral image (145×145 pixels) taken over Northwestern Indiana’s Indian Pines
by the AVIRIS sensor in June 1992 and employed to recognize different land-cover
classes. Although the AVIRIS sensor collects 224 spectral bands, four of these contain
only zero values and so they can be removed, leaving a total of 220 non-zero bands.
The ground truth data show that the image has 17 classes, although only 16 classes be-
longing to different crop types, vegetation, man-made structures or other kinds of land
were used (see Table 1). The omitted class contains unlabeled pixels, which presumably
correspond to uninteresting regions or were too difficult to label.

In order to increase the statistical significance of the experimental results, classifi-
cation accuracies were averaged over 30 different random partitions (2/3 of pixels for
training and the rest for testing) of the original data set, preserving the prior class prob-
abilities of each and the statistical independence between the training and test sets of
every partition. The training sets were preprocessed by two different resampling al-
gorithms, SMOTE and random under-sampling (RUS), to handle the class imbalance,
and also by PCA for dimensionality reduction by retaining those principal components
with a variance of 0.95. Because of difficulty to determine which classes to resample,
we divided the biggest class (Soybeans–min) into four blocks (each one with 25% of

2 https://engineering.purdue.edu/˜biehl/MultiSpec/hyperspectral.
html
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Table 1. Number of training and test pixels per class, along with the relative percentage of sam-
ples that belong to each class

Class Training Test %

1. Stone–steel towers 63 32 0.92
2. Hay–windrowed 326 163 4.72
3. Corn–min 556 278 8.05
4. Soybeans–notill 645 323 9.34
5. Alfalfa 36 18 0.52
6. Soybeans–clean 409 205 5.92
7. Grass/Pasture 331 166 4.79
8. Woods 863 431 12.48
9. Bldg–Grass–Trees—Drives 253 127 3.67
10. Grass/pasture–mowed 17 9 0.25
11. Corn 156 78 2.26
12. Oats 13 7 0.19
13. Corn–notill 956 478 13.83
14. Soybeans–min 1645 823 23.81
15. Grass/Trees 498 249 7.21
16. Wheat 141 71 2.05

samples). Based on this, the remaining classes were over-sampled to reach 25%, 50%
and 75% the size of the majority class. Similarly, the under-sampling was applied re-
moving 25%, 50% and 75% of samples according to the size of the biggest class.

The J48 decision tree (an open source Java implementation of the very popular C4.5
algorithm) and the 1NN classifier were applied to sets that were preprocessed and also
to each original training set (without any preprocessing). All hyper-parameters of the
classifiers were set to the default values suggested in the WEKA toolkit [10]. Apart
from calculating the average accuracy of each individual class to evaluate the effect
of the preprocessing techniques on the majority and minority classes separately, the
mean of these individual accuracies was also computed in order to have an overall
estimate of the performance. For the sake of clarity, we averaged the three percentages
of resampling (25%, 50% and 75%) in one single result.

3.1 Analysis of Results

Table 2 reports the mean of the accuracies measured separately on each class when
using J48 and 1NN to classify the test samples. As can be seen, the use of PCA (in-
dividually or jointly with some resampling algorithm) produces an important decrease
in 1NN performance, whereas both resampling techniques outperform the accuracies
achieved on the original set. These results are much less significant with the decision
tree. In the case of the 1NN classifier, PCA probably fails because the database here
used includes noisy bands due to the effect of atmospheric absorption [22, 21]. It is
known that the kNN classifiers are very sensitive to noise in the training set and thus,
the 1NN classifier seems to require a previous step consisting of the removal of those
noisy bands or the application of some editing/filtering algorithm.
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Table 2. Mean of accuracies of the 16 classes

J48 1NN

Original 0.697 0.622
RUS 0.691 0.631
SMOTE 0.707 0.719
PCA 0.620 0.393
PCA+RUS 0.619 0.397
PCA+SMOTE 0.631 0.440
RUS+PCA 0.644 0.387
SMOTE+PCA 0.710 0.456

Table 3. Average classification accuracy on each class

J48

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Original 0.867 0.953 0.598 0.663 0.637 0.516 0.833 0.916 0.521 0.599 0.467 0.432 0.632 0.736 0.884 0.897
RUS 0.888 0.952 0.616 0.677 0.596 0.576 0.843 0.880 0.556 0.597 0.500 0.412 0.594 0.593 0.868 0.904
SMOTE 0.898 0.925 0.602 0.675 0.599 0.561 0.827 0.898 0.580 0.724 0.522 0.395 0.615 0.717 0.866 0.904
PCA 0.964 0.918 0.517 0.627 0.380 0.398 0.642 0.878 0.360 0.612 0.416 0.329 0.515 0.670 0.840 0.891
PCA+RUS 0.923 0.929 0.538 0.647 0.386 0.469 0.685 0.824 0.396 0.640 0.427 0.310 0.487 0.521 0.818 0.896
PCA+SMOTE 0.945 0.863 0.532 0.631 0.507 0.440 0.681 0.806 0.457 0.634 0.521 0.304 0.481 0.642 0.760 0.895
RUS+PCA 0.905 0.930 0.580 0.672 0.419 0.490 0.703 0.836 0.402 0.653 0.463 0.464 0.529 0.534 0.822 0.902
SMOTE+PCA 0.927 0.903 0.622 0.685 0.664 0.483 0.754 0.834 0.513 0.782 0.611 0.652 0.569 0.568 0.794 0.904

1NN

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Original 0.918 0.943 0.505 0.582 0.313 0.457 0.743 0.887 0.362 0.462 0.413 0.325 0.528 0.687 0.912 0.923
RUS 0.929 0.945 0.548 0.647 0.326 0.541 0.788 0.827 0.404 0.440 0.469 0.366 0.514 0.539 0.892 0.927
SMOTE 0.957 0.823 0.554 0.636 0.722 0.551 0.832 0.747 0.524 0.800 0.682 0.839 0.470 0.597 0.830 0.946
PCA 0.854 0.814 0.238 0.275 0.111 0.199 0.367 0.773 0.236 0.075 0.127 0.100 0.365 0.514 0.677 0.566
PCA+RUS 0.860 0.818 0.291 0.334 0.108 0.275 0.440 0.672 0.271 0.073 0.170 0.103 0.348 0.334 0.652 0.599
PCA+SMOTE 0.892 0.572 0.267 0.294 0.328 0.247 0.433 0.652 0.319 0.384 0.283 0.358 0.325 0.444 0.569 0.679
RUS+PCA 0.859 0.826 0.277 0.325 0.116 0.263 0.413 0.661 0.253 0.066 0.164 0.094 0.331 0.331 0.643 0.569
SMOTE+PCA 0.892 0.584 0.314 0.291 0.331 0.255 0.514 0.667 0.319 0.353 0.312 0.385 0.329 0.433 0.597 0.716

It is also remarkable that SMOTE excels all the other approaches, irrespective of
the classifier used. On the other hand, when comparing the different combinations of
resampling and PCA, one can observe that the application of SMOTE and PCA in this
order leads to the highest performance in terms of mean of the accuracy of each class.
Note that the average number of bands given by PCA is 13 in all cases, that is, it obtains
a very high dimensionality reduction.

In order to assess the effect of the preprocessing approaches on each class separately,
Table 3 shows the average classification accuracy achieved for each individual class.
Both resampling techniques consistently improve the accuracy of the classes with less
than 1% of samples (1, 5, 10, and 12), but entail a slight reduction on the performance
of the most represented classes (8, 13, and 14). It is worth noting that this degradation
on the majority classes appears to be less significant when using SMOTE, what is in
keeping with the mean of accuracies reported in Table 2.
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If we focus on the results of PCA, it is interesting to note that this algorithm leads to
a decrease in the performance of most classes, especially when used with the 1NN clas-
sifier. Surprisingly, the application of SMOTE before using PCA mitigates this effect,
suggesting that it is important to balance the classes before reducing the dimensionality
of hyperspectral data.

4 Conclusions and Further Extensions

The present paper has focused on classification of hyperspectral imagery with two com-
plex characteristics: high dimensionality and severe skewed class distributions. The ex-
perimental study has allowed to draw some preliminary conclusions: (i) It results more
important to balance the classes rather than reduce the dimensionality, at least in terms
of accuracy; (ii) The best choice seems to be the application of SMOTE followed by
PCA; and (iii) The J48 decision tree appears to be a more robust classifier than the 1NN
for this particular hyperspectral database.

In hyperspectral imaging, selection is generally preferable to feature extraction be-
cause of two main reasons. On the one hand, feature extraction would need the whole
(or most) of the original data representation to extract the new features, forcing to al-
ways deal with the whole initial representation of the data. Besides, since the data are
transformed, some crucial and critical information might be compromised and distorted.
Thus future research will be addressed to use some feature selection algorithm instead
of PCA. Another direction for future studies would be incorporating an editing/filtering
phase to remove possible noisy data before any other process.
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Abstract. Active learning is a useful technique that allows for a con-
siderably reduction of the amount of data we need to manually label in
order to reach a good performance of a statistical model. In order to
apply active learning to a particular task we need to previously define an
effective selection criteria, that picks out the most informative samples
at each iteration of active learning process. This is still an open problem
that we are going to face in this work, in the task of dialogue anno-
tation at dialogue act level. We present two different criteria, weighted
number of hypothesis and entropy, that we have applied to the Sample
Selection Algorithm for the task of dialogue act labelling, that retrieved
appreciably improvements in our experimental approach.

1 Introduction

Dialogue systems are an important application in the field of Natural Lan-
guage Processing. A dialogue system is usually defined as a computer system
that interacts with a human by using dialogue to achieve a defined objec-
tive [Dybkjær and Minker, 2008]. The computer system interprets the user input
in the form of dialogue meaningful units, which are usually known as Dialogue
Acts (DA) [Bunt, 1994], and that are used by the system to determine its re-
action to user input (this reaction can be coded in DA labels as well). The
reaction of the system is defined by the dialogue strategy, which indicates what
actions the system must perform, including the response generation to the user.
These strategies can be rule-based strategies [Gorin et al., 1997] (based on a set
of predefined rules) or data-based strategies [Young, 2000] (based on statistical
models). In any case, these strategies are based on the study of dialogues of the
task to be fulfiled, and in their annotation in terms of DA.

The goal of this work is to explore various sample selection criteria and em-
ploy them in an active learning strategy framework for dialogue annotation. The
results prove that we can achieve a good annotation model performance by using
only a subset of the initial set of samples (the most effective data samples), re-
ducing the effort needed to label the dialogues that will be used to train the final
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Yes , from Madrid at 10:30 .
↑ ↑ ↑

(Acc:Dep-t) (Ans:Org) (Ans:Dep-t)

Yes ,@(Acc:Dep-t) from Madrid@(Ans:Org) at 10:30 .@(Ans:Dep-t)

Fig. 1. An alignment between a dialogue turn and its corresponding DA labels (from
the DIHANA task) and the result of the re-labelling process, where @ is the attaching
metasymbol.

dialogue model. The automatic annotation method used in this work is the N-
Gram Transducer (NGT) annotation model, described in [Tamarit et al., 2009].
We report experiments to find a good selection criterion for the Active Learning
Algorithm [Hwa, 2000] for the task of automated DA labelling of the DIHANA
corpus [Benedí et al., 2006].

This document is organised as follows: In Section 2, the statistical model
for labelling the unsegmented dialogue turns is presented. In Section 3, active
learning strategy is introduced. In Section 4, the selection criteria choosen are
presented. In Section 5, the experimental setting used to test the learning criteria
and the obtained results are detailed. In Section 6, final conclusions and future
work are presented.

2 The NGT Annotation Model

The dialogue annotation problem can be presented as, given a word sequence
W that represents a dialogue, obtain the sequence of DA U that maximises the
posterior probability Pr(U|W). This probability can be modelled by a Hidden
Markov Model approach using the Bayes rule [Stolcke et al., 2000] or directly
modeling the posterior probability Pr(U|W).

The NGT model directly estimates the posterior probability Pr(U|W) by
means of an n-gram model which acts as a transducer. The definition of this
model is based on a Stochastic Finite-State Transducer (SFST) inference tech-
nique known as GIATI1 [Casacuberta et al., 2005]. GIATI starts from a corpus
of aligned pairs of input-output sequences. These alignments are used in a re-
labelling process that produces a corpus of extended words as a result of a
combination of the words of the input and output sentences. This corpus is used
to infer a grammatical model (usually a smoothed n-gram).

In the case of dialogues, the input language is the sequence of words of the
dialogue, the output language is the sequence of DA of the dialogue, and the
alignment is between the last word of the segment and the corresponding DA.
Thus, for each turn w1w2 . . . wl and its associated DA sequence u1u2 . . . ur, the
re-labelling step attaches the DA label to the last word of the segment using

1 GIATI is the acronym for Grammatical Inference and Alignments for Transducer
Inference.
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a metasymbol (@), providing the extended word sequence e1e2 . . . el, where:
ei = wi when wi is not aligned to any DA, ei = wi@uk when wi is aligned
to the DA uk. Figure 1 presents an example of alignment for a dialogue turn
and the corresponding extended word sequence. After the re-labelling process, a
grammatical model is inferred. The usual option is a smoothed n-gram.

In the case of dialogues, the alignments between the words in the turn and
the corresponding DA labels are monotonic (no cross-inverted alignments are
possible). Consequently, no conversion to SFST is necessary to efficiently apply a
search algorithm on the n-gram, since for each input word we can decide whether
to emit or not a DA label without referring to posterior words. Therefore, this
n-gram acts as a transducer and gives the name to the technique (NGT: N-Gram
Transducers) [Martínez-Hinarejos et al., 2009].

The decoding in the NGT model is a Viterbi search which forms a search tree.
The i-th level of the tree corresponds to the i-th input word in the sequence.
Each input word is expanded for all the possible outputs it has associated in
the alignments in the training corpus. The probability of each branch is up-
dated according to the corresponding parent node, the n-gram probability of
the corresponding extended word sequence and the n-gram probability of the
corresponding DA sequence (in case a new DA is produced).

In the final step, the search on the NGT model produces a search tree where
each leaf node represents a possible solution (an annotation hypothesis) to the
annotation problem for the input word sequence (a dialogue). Each leaf node has
associated a probability calculated by the method described above, and the leaf
node with highest probability is taken as the optimal solution for the annotation
problem. The solution is obtained by going up from the leaf node till the root
node of the constructed tree, giving an annotation and a segmentation on the
dialogue.

3 Active Learning

Active learning selects more data at each iteration of the learning process from
the unlabeled set by asking someone to manually label that data. The algorithm
stops when no more data or no more human resources are available, or a sufficient
performance is reached.

In order to apply the active learning algorithm, a criterion that allows our
system to assign a “priority" to each sample in the unlabeled set data is needed;
then we can use the given scores to sort the set of unlabeled data, and choose
a subset with higher priority (according to the selected criterion). The selected
samples are manually labelled and they are used to reestimate the model pa-
rameters. If the accuracy goal is not overtaken, the reestimated model is used in
the next step of sample selection. Otherwise, the process is finished.

In our implementation of Active Learning Algorithm [Hwa, 2000], U is a set
of unlabeled candidates; L is a small set of labeled training samples; M is the
current model.
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Initialize
M ← Train(L)

Repeat
N ← Select(n, U, M, f )
U ← U-N
L = L ∪ Label(N)
M=Train(L)

Until (M=Mtrue) or (U=∅) or (Human Stops)

4 Sample Selection Criteria

In our case, the training process of the model is the usual training for the NGT
model, and the labelling process in the human annotation of the dialogues. Con-
sequently the key point of the Active Learning Algorithm presented in Section 3
is the sample selection criterion. Depending on the task, various criteria could be
used. In this work we tested the algorithm with two different criteria: Weighted
Number of Hypothesis and entropy. Both criteria are based on the idea that the
more significant samples that we can add to the training set are those samples
that are more difficult to assign a correct label. These “difficult" samples can be
measured by the “uncertainty" in finding a correct label for the sample.

4.1 Weighted Number of Hypothesis

The first criterion is the number of hypothesis retrieved by the NGT decoding.
Each hypothesis gets a weight, that depends on the feasibility of the hypothesis:
the most probable hypothesis have more weight on the final decision, while the
less probable hypothesis not strongly affect our uncertainty. We use for each
sample the following equation:

∑

i

Pri(x)
Prmax(x)

(1)

where Pri represents probability of i-th hypothesis obtained by the decoding of
sample x (in our case a possible decodification of the current dialogue in DA)
with the current model, and Prmax(x) is the maximum probability among all
hypothesis of the current sample. When this value is computed for each unlabeled
sample, we select the dialogues with highest scores of “uncertainty". We decide
to assign this value to each hypothesis because not every hypothesis retrieved
by the model adds the same uncertainty: hypothesis with higher probability get
a weight close to 1, while hypothesis less probable get less weight.

4.2 Entropy

The second criterion used is that of Entropy. The Entropy is a common way in
language processing of evaluating language models. It measures how difficult is
for the model to recognize a specific sample: the smaller the entropy, the easier
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for the model to decode correctly the sample. The entropy for a dialogue is
computed according to the following expression [Robinson, 2008]:

Hm(t) = − 1
Prm(s)

(
∑

t∈T

Prm(t) log Prm(t)

)

+ log Prm(s) (2)

where Prm(s) is the word sequence probability by the model M (in our case, given
by a n-gram of words), Prm(t) is the probability of the decodification retrieved
by the model M (i.e., the probability given by the NGT model), and T is the
dialogue set.

To have homogenous values, the computed value of Entropy is normalized
by the lenght (number of words) of the current sample, because the entropy
value is influenced by the length of the sample. Like previous criterion, Entropy
gives us an indication of how much we know about the current sample, i.e., an
uncertainty level.

5 Experiments

Experiments are developed for the dialogue act annotation task.The automatic
annotation method used in this work is the NGT model.The learning criteria
described in Section 4 are tested on the Dihana corpus that will be described
in Section 5.1. In order to evaluate results we use DAER and SegDAER met-
rics. DAER is the average edit distance between the reference DA sequences of
the turns and the DA sequences assigned by the labelling model. SegDAER is
an average edit distance between sequences derived from the reference and the
annotation result; in this case, sequences are a combination of the DA label and
its position (segmentation). Incremental selection of training samples is lead by
the Active Learning Algorithm described in Section 3.

5.1 Dihana Corpus

The Dihana corpus [Benedí et al., 2006] is a set of spoken dialogues in Spanish
language, between a human and a simulated machine, acquired with the Wiz-
ard of Oz (WoZ) technique. It is restricted at the semantic level (dialogues are
related to the task of obtaining information about train tickets), but natural
language is allowed (there are no lexical or syntactical restrictions). The Di-
hana corpus is composed of 900 dialogues about a telephone train information
system. It was acquired from 225 different speakers (153 male and 72 females),
with small dialectal variants. There are 6,280 user turns and 9,133 system turns.
The vocabulary size is 823 words. The total amount of speech signal is about
five and a half hours. The annotation scheme used in the corpus is based on
the Interchange Format (IF) defined in the C-STAR project [Lavie et al., 1997],
which was adapted to dialogue annotation. Details on the annotation process
are available in [Alcácer et al., 2005].
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5.2 Experiment Strategy

We have used the same partition (720 dialogue to pick up for training, 180 dia-
logues for test) of the Dihana corpus for every experiment developed, maintaining
the following strategy:

1. Start the experiment with a small training set, picked out by a general
criteria (in fact we picked out the two largest dialogues).

2. Train a model with this small training set, and verify the accuracy of the
system, calculating DAER and SegDAER for the NGT model predictions.

3. With current model compute score for each remaining dialogue in unlabeled
set, using criteria Weighted Number of Hypothesis, equation (1), or Entropy,
equation (2).

4. Select a subset of the remaining dialogues with higher scores.
5. Include the selected dialogues in the training samples.
6. Return to step 2.

The Sample Selection Algorithm described in Section 3 is used to manage incre-
mental selection of training samples.

5.3 Results

In Figure 2 we can see DAER and SegDAER trends for Random Baseline, and
for the two selection criteria, Weighted Number of Hypothesis, equation (1), and
Entropy, equation (2).
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Fig. 2. Comparison among Random Baseline, Weighted Number of Hypothesis, equa-
tion (1), and Entropy, equation (2), error rate (DAER and SegDAER) behaviour while
incrementing the training set size. The lowest line represent the error rate using the
entire set of availables dialogues (in our case 720).
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As we can clearly see from Figure 2, Entropy criterion is a very effective
selection criterion for this task, it has better performance than Random Baseline
until the asymptote is reached. Moreover, performance is close to that obtained
with the whole training set. We tried more experiments incrementing training
set size by one dialogue at each iteration, but this does not change significantly
the error rate trend.

6 Conclusions and Future Work

In this document we have shown results of applying Active Learning to a dia-
logue act labelling task. We have seen that choosing a well founded criterion (En-
tropy) to implement Active Learning Algorithm, significant performance boost
can be achieved. In the experiments developed Entropy criterion obtained really
good results, while Weighted Number of Hypothesis criterion had a variable be-
haviour, although more experiments should be perform in the future to confirm
its properties.

Future work contemplates the application of presented criteria against other
corpora (such as SwitchBoard) to confirm goodness of criteria, the paralleliza-
tion of the Active Learning Algorithm to speed up the selection process, the
exploration of other selection criteria, the application of this work in an inter-
active framework and the analysis of the error rate for each single dialogue act
label taking into account its frecuency in the corpus.
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Abstract. Organ localization is an important topic in medical imaging
in aid of cancer treatment and diagnosis. An example are the pharma-
cokinetic model calibration methods based on a reference tissue, where
a pectoral muscle delineation in breast MRI is needed to detect malig-
nancy signs. Atlas-based segmentation has been proven to be powerful in
brain MRI. This is the first attempt to apply an atlas-based approach
to segment breast in T1 weighted MR images. The atlas consists of 5
structures (fatty and dense tissues, heart, lungs and pectoral muscle). It
has been used in a Bayesian segmentation framework to delineate the
mentioned structures. Global and local registration have been compared,
where global registration showed the best results in terms of accuracy and
speed. Overall, a Dice Similarity Coefficient value of 0.8 has been obtained
which shows the validity of our approach to Breast MRI segmentation.

Keywords: breast MRI segmentation, probabilistic atlas, Bayesian
framework, Markov Random Field.

1 Introduction

Atlas-based segmentation is a powerful generic technique for automatic delin-
eation of objects in volumetric images that can take into account neighbourhood
relationships between several different structures. Many atlas-based segmenta-
tion methods have been proposed in the literature for 3D medical imaging ap-
plications especially applied to segment MR brain images ([1,14] and references
therein). However, a variety of these algorithms have also been used to different
3D image modalities and different body structures such as prostate MRI [5,8],
abdominal CT [9], chest CT [10] and head and neck CT [3].

Neither previous work in atlas-based segmentation for the delineation of breast
structures nor public breast MRI probabilistic atlases are present in the liter-
ature. In this work we have developed a multi-class probabilistic atlas-based
segmentation method for breast MRI. The method segments the pectoral mus-
cle, fatty and dense breast tissues, the heart and lungs. Segmentation of these
structures is useful for cancer diagnosis or treatment applications where organ lo-
calization is needed. More specifically, our proposal aims to segment the pectoral

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 660–667, 2011.
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muscle to use it as a reference tissue in pharmacokinetic model calibration [7,15].
Note that in this work a “probabilistic atlas” refers to the pair of an anatomical
image and a probability tissue distribution volume. The former defines the atlas
reference space, while the latter provides a volume with the complete spatial
distribution of probabilities that a voxel belongs to one or more organs. Next
sections describe the material employed (Sec. 2), the corrections applied to the
volumes (Sec. 3.1), how the probabilistic atlas was built (Sec. 3.2) and how it
is incorporated in a Bayesian voxel classification framework providing very rich
information to find the organ location (Sec. 3.3). Qualitative and quantitative
results are shown in Sec. 4 and finally conclusions are given discussed in Sec. 5.

2 Material

The data set used to construct the atlas and evaluate the segmentation results
consists of 9 breast T1 weighted MR scans obtained from clinical data. Breast
MRI examinations were performed on a 1.5 T system (Siemens 1.5T, Magnetom
Vision), with a dedicated breast coil (CP Breast Array, Siemens, Erlangen).
A dynamic contrast enhanced T1-weighted Flash-3D sequence was used, with
repetition time of 8.1 ms, an echo time of 4 ms, and a flip angle of 20 degrees.
The pixel spacing was 1.25 mm x 1.25 mm, and the slice thickness 1.5 mm. Per
series, 108 slices were acquired, without interslice gap. Patients were scanned in
prone position.

The pre-contrast series were used for the segmentation and each MR volume
was manually segmented by an expert into 7 classes: background, fatty tissue,
glandular tissue, pectoral muscle, lung area and the heart. The seventh class is
the “non-of-above” class. Fig. 1 shows an example of a MRI slice on an axial
view and the manual delineation of the mentioned classes.

Fig. 1. MR scan on an axial slice of a clinical breast MR T1 weighted volume with the
manual annotation of the different structures

3 Methodology

This section describes the parts that compose the methodology. Firstly, a brief
description of the preprocessing algorithms applied to the data set is given in
Sec. 3.1. Secondly, Sec. 3.2 describes the method developed for building a breast
probabilistic atlas. Then, adopting the classification made by Rohlfing et al. [11],
Sec. 3.3 shows the Average Shape Atlas segmentation approach implemented in
this work, which uses atlas information on a Bayesian framework.
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3.1 Data Preprocessing

Because of the inhomogeneity of the breast coil sensitivity, intensity values are
corrupted. Signal intensity homogeneity is required because image artifacts can
considerably affect registration and segmentation results. For this reason the
first step of the methodology consisted in correcting variability between im-
ages and inhomogeneities. Hence, image normalization algorithm was developed
and applied to each scan in order to compensate inter-patient signal intensity
variability. In addition, Non-parametric intensity Non-uniformity Normalization
(N3) [13] bias field correction method was also employed to each scan.

3.2 Construction of the Atlas

In this work, for each patient segmentation, a full probabilistic atlas was built
with the 8 remaining patients following a leave-one-out evaluation strategy.
Firstly, the 8 patients and their segmentations were mapped onto the same
reference space and the probabilistic atlas was created computing the frequency
with which each location was labelled as a specific organ. A common reference
space was used for all tests by selecting an extra patient that was not included
in the evaluation data set. This extra image became the anatomical image of
the atlas. Secondly, the final smooth probabilistic atlas was obtained using a
3D Gaussian convolution, basically to compensate for the small number of cases
and the local registration errors. Variance σ2 of 50 and 20 mm were used for
global and local registration respectively. Fig. 2 shows an example of a pectoral
probabilistic atlas before (a) and after (b) smoothing.

(a) (b)

Fig. 2. Pectoral probabilistic atlas example before (a) and after (b) smoothing

For the first registration stage we employed two warping transforms to com-
pensate for inter-patient differences. The first transform we evaluated was affine
registration focused on a Volume of Interest (VOI). Although we were aware that
such transform does not offer enough degrees of freedom (DOF) to compensate
for the large differences that are present in this type of images (see Fig. 3),
we observed that we could globally align pectoral muscles (which was the main
goal of the segmentation) by aligning thoracic areas. For this reason, a VOI in
each volume was defined by manually selecting the thoracic area with a single
annotation point. Such approach was selected having in mind to obtain a good
execution time to make the method suitable for clinical use.

The second evaluated transform was a non-rigid registration based on B-
Splines proposed by Rueckert et al. [12]. This algorithm has been vastly applied
by atlas-based segmentation methods [1,5,10,11] to minimize inter-individual
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Fig. 3. Three breast MRI axial slices from three different subjects: variation between
structures is easily observed in these three examples

variability in the shapes of anatomical structures and it is usually initialized by
a global registration method like the affine registration described earlier.

Both approaches maximize the similarity measure of Mutual Information (MI)
in an multi-resolution scheme using a stochastic gradient descent optimizer. For
non-rigid registration, B-spline grid spacing of 32, 16, 8, 4 and 2 mm was used for
each of the 5 resolutions respectively. Elastix [6] was used for the implementation.

3.3 Segmentation

As we mentioned previously, the atlas is used in a Bayesian framework in order
to segment the different structures of the breast. The approach is based on the
work of Park et al. [9] and Karssemeijer [4], who segmented abdominal structures
in computed tomography (CT) and three-dimensional X-ray images respectively.
Figure 4 shows a schema of the Bayesian voxel classification algorithm incorpo-
rating the use of the probabilistic atlas.

Fig. 4. Voxel classification algorithm overview: from bottom to top, the labels of the
probabilistic atlas are mapped onto target image space {T} using the anatomical image
of the atlas. The probabilistic atlas, the tissue models and the target are provided to
the Bayesian framework as a prior probability P (X), conditional probability P (Y |X)
and set of intensity values Y , respectively. The Bayesian framework estimates the
segmentation X that maximizes P (X)P (Y |X).
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In this paper the true label (the segmentation or set of labels) is denoted by
X and the target image (data set of intensity values) is denoted by Y . Elements
of X and Y are arranged by a spatial position denoted by i ∈ I, where I is the
simple index (x, y, z) in a 3D rectangular grid. Sample realizations of X and Y are
represented throughout this work as x = (x1, x2, ..., xN ) and y = (y1, y2, ..., yN),
respectively, where N is the total number of voxels. Sample space of X is denoted
Ωx where Ωx = {x : xi ∈ {1, 2, 3, 4, 5, 6, 7}, ∀i ∈ I}. Labels 1, 2, 3, 4, 5, 6 and
7 are background, fatty tissue, glandular or dense tissue, heart, lungs, pectoral
muscle and “None of the above” label respectively.

The problem consists in estimating the label X that best explains the given
observation Y according to some cost function. As a decision rule, MAP (maxi-
mum a posteriori) was chosen: segmentation X was estimated by maximizing the
global a posteriori probability P (X |Y ) by searching the most probable labeling
given the image Y and some prior model. Using Bayes theorem, the posterior
probability to be maximized can be written as P (Y |X)P (X). The probability
distribution P (Y |X) of the image Y , given a particular segmentation X , can be
estimated from training data or from the image at hand. For example, Park et al.
modelled probabilities of yi’s as conditional Gaussians given mean and variance
of the true label X . In this work P (Y |X) was specified by signal intensity tis-
sue models directly built from the scans and manual segmentations of the data
set. For each structure, a histogram of intensity values was built considering the
voxels of the MRI volumes which belong to it using the manual segmentations.

On the other hand, the probability distribution P (X) is given by the prob-
abilistic atlas once it has been mapped onto the target space using the same
registration procedure used in its construction. A Markov Random Field (MRF)
regularization is included to smooth the segmentation taking into account neigh-
bourhood information. It introduces the probability of finding a particular label
at i that depends only on the labels of voxels close to i (26 nearest neighbours
in this work). Considering the addition of the MRF regularization, the poste-
riori probability, optimized by Iterated Conditional Mode (ICM), is defined as
follows

arg max P (yi|xi = k) P (xi = k) exp

(
K∑

n=1

B(k, n)gi(n)

)

, (1)

where gi(n) denotes the number of neighbours labelled as n, K is the number
of classes and the interaction parameters B(k, n) determines if regions labelled
k and n are likely to neighbour each other.

4 Results

In a leave-one-out experiment we evaluated both registration methods by com-
paring the segmentation results. The quality of the segmentation was measured
by determining the similarity with the ground truth. As a performance measure
the Dice Similarity Coefficient (DSC) was calculated. Figure 5 shows a box plot
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Fig. 5. Box plot with segmentation DSC values for each organ using VOI affine (A)
and B-splines (B) registrations

Fig. 6. Intermediate slices from 3 different patients and their segmentation using affine
registration with VOI

with DSC values for the patient segmentations of each organ using affine regis-
tration (A) or B-Splines (B). For lungs and heart, VOI affine registration clearly
outperforms B-Splines because non-rigid transform seems to introduce errors
(p-value < 0.05, two-sided paired t-test). Segmentations of fatty and dense tis-
sues and pectoral muscle provides similar values with no significant differences
for both registration methods (p-values of 0.66, 0.43 and 0.15 respectively for a
two-sided paired t-test). To sum up, mean DSC values were 0.8 for affine reg-
istration and 0.72 for B-Splines. The execution times of affine and B-Splines,
measured on Intel(R) Core(TM)2 Quad CPU Q9550 2.83GHz were 15 min. to 1
hour aprox. respectively.

Overall, segmentation results can be considered satisfactory in all cases (nor-
mally a DSC > 0.7 is considered good segmentation [2]), which is illustrated
by Fig. 6, where intermediate slices and their segmentations from 3 different
patients are shown.
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5 Discussion and Conclusions

In this work we have presented a framework for the segmentation of breast struc-
tures based on atlas. To the best of our knowledge this is the first proposal using
atlas-based methodology for breast segmentation. Firstly we have constructed a
probabilistic atlas by registering 8 patient data sets onto a single patient. There-
upon, we have integrated it into a Bayesian framework with MRF regularization
for segmentation of breast MRI structures. Affine registration focused on VOI
and B-Splines registration algorithms have been evaluated. The former has pre-
sented satisfactory results (general DSC average of 0.8) and acceptable execution
time to be suitable for routine clinical use in the future.

For the pectoral muscle segmentation, which is the organ of main interest
in this paper, the mean of DSC values is approximately 0.7 and good delin-
eations have been obtained in intermediate slices. Even though the DSC value
is not as good as for the other structures, this result is encouraging, especially
considering that the pectoral muscle is a small structure compared with the
others segmented and presents high inter-patient variability. We believe that
the obtained segmentations are suitable as a reference tissue in pharmacoki-
netic model calibration, where a specific percentage of voxel well labelled is
needed.

Further research will be focused on solving the problems we found that affect
the segmentation results. Firstly, we were aware of the low number of cases for
the evaluation, strictly related with the difficulty of acquiring annotations for the
7 different classes in large volumes (108 slices per volume). However, evaluation
will be extended to more cases by increasing the data set. Secondly, although
bias field on images was corrected for, they still presented inhomogeneities. Thus,
other correction methods will be studied. In addition, B-Splines registration has
not provided good deformation alignment and has introduced additional regis-
tration errors. This could be explained by the fact that inter-patient variability
is larger than the one which could be minimized by the implemented local reg-
istration. Other fast non-rigid registration algorithms, which incorporate user
intervention such as control points or adding local deformation constraints, will
be studied. Finally, signal intensity has not enough discriminative power to sep-
arate the pectoral muscle and glandular tissue classes. The use of other fea-
tures, such as the ones obtained from Dynamic Contrast Enhanced breast MRI,
and other voxel classification methods that use atlas information will also be
considered.
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Abstract. Finding the most likely sequence of symbols given a sequence
of observations is a classical pattern recognition problem. This problem is
frequently approached by means of the Viterbi algorithm, which aims at
finding the most likely sequence of states within a trellis given a sequence
of observations. Viterbi algorithm is widely used within the automatic
speech recognition (ASR) framework to find the expected sequence of
words given the acoustic utterance in spite of providing a suboptimal re-
sult. Word-graphs (WGs) are also frequently provided as the ASR output
as a means of obtaining alternative hypotheses, hopefully more accurate
than the one provided by the Viterbi algorithm. The trouble is that
WGs can grow up in a very computationally inefficient manner. The aim
of this work is to fully describe a specific method, computationally af-
fordable, for getting a WG given the input utterance. The paper focuses
specifically on the underlying approaches and their influence on both the
spatial cost and the performance.

Keywords: Lattice, word-graphs, automatic speech recognition.

1 Introduction

Statistical decision theory is applied in a wide variety of problems within pat-
tern recognition framework that aim at minimising the probability of erroneous
classifications. The maximisation of the posterior probability P (w̄|x̄) allows to
get the most likely sequence of symbols w̄, that matches a given sequence of
input observations, x̄, as shown in eq. (1).

ˆ̄w = argmax
w̄

[P (w̄|x̄)] (1)

In many pattern recognition tasks, such as computer vision or automatic speech
recognition (ASR), the knowledge source involved in the optimisation problem
can be represented by stochastic finite-state models. Thus, the search problem is
� This work has been partially funded by the Spanish Ministry of Science and Inno-

vation under the Consolider Ingenio 2010 programme (MIPRCV CSD2007-00018)
and SD-TEAM project (TIN2008-06856-C05-01); and by the Basque Government
(under grant GIC10/158 IT375-10).
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formulated as a decoding problem trough a finite-state network. In this context,
the sequence of symbols that most probably causes the sequence of observations
should be decoded considering all possible paths in the network that match the
given input (denoted by Dx̄).

ˆ̄w = arg max
w̄

⎡

⎣
∑

d̄∈Dx̄

P (w̄, d̄|x̄)

⎤

⎦ ≈ argmax
w̄

[

max
d̄∈Dx̄

P (w̄, d̄|x̄)
]

(2)

Nevertheless, a typical approximation is to consider the sequence of symbols
associated to the most probable path as in eq. (2). The Viterbi algorithm [1]
is widely used to implement the maximum approximation and find the most
probable path within the finite-state search space. This approach allows efficient
implementation by means of dynamic programming. Nevertheless, for problems
in which the sequence of symbols happen to be compatible with multiple se-
quences of states, this approach turns to be suboptimal. This is the case of ASR
where given the acoustic representation of input signal (x̄) the same sequence
of words (w̄) can be explained by a number of different ways within throughout
search network.

All together, Viterbi-based decoding algorithm does not provide the most
likely sequence of words, as it is the goal, but the word sequence associated to the
most likely path in the search network. Moreover, additional assumptions made
at the implementation stage also have important impact in the final sequence of
words.

In order to get a better ASR performance it seems of interest not to restrict
ourselves only to the hypothesis provided by the Viterbi-based implementation
and take more hypotheses into account. Alternative hypotheses can be provided
by means of a word-graph (WG), which can be seen as a fuzzy transcription
of the acoustic utterance. WGs are an efficient means of representing a vast
number of hypotheses. Numerous applications can benefit from WGs, by means
of confidence measures [2,3], or extracting the list of n-best hypotheses that
could be re-ordered with a different knowledge source [4].

However, the WGs grow quickly with the length of the input utterance, thus,
the computational cost associated to its generation could result unfeasible. To
face this, some approximations, closely related with a loose of accuracy, must be
made. Since these approximations are poorly described in the literature, a stan-
dard method to compare the results obtained with WGs can be hardly adopted.

The aim of this work is to provide a full description of a method to derive
a WG from the ASR system and above all, the approximations carried out
to make this process computationally affordable. It is hardly ever referred in
the literature the practical approaches adopted to carry out this sort of strate-
gies, and this is precisely our aim. The paper focuses specifically on the influ-
ence of these approaches on both the spatial cost and the performance of the
system.
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Fig. 1. Search space: cartesian product of acoustic observations and models’ states

2 ASR Decoding: Viterbi Algorithm

The goal of an ASR system is to obtain the most likely word sequence given the
acoustic signal uttered by the speaker. In order to do this the Bayes’ decision
rule is applied in eq.(1) giving as a result eq. (3).

ˆ̄w = argmax
w̄

P (w̄|x̄) = argmax
w̄

P (w̄)P (x̄|w̄) (3)

where P (w̄) is the probability associated by the language model (LM) to the
string w̄ and P (x̄|w̄) is the probability associated by the lexical-acoustic model.
The decoding process in ASR can be represented by means of a search problem
[5,6] where the search space consists of a finite-state network [7] comprising the
aforementioned models (see Fig. 1).
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To implement the search problem represented by eq. (2), each node in the
search network is associated to the most likely path that reaches the node in a
specific time-frame t. Thus, each node is linked with a predecessor node reached
at time t − 1. If we turn to Fig. 1, the blue node reached at time t3 has two
possible predecessors, but only the information related to the one associated
with the most likely path will be kept, that is blue node reached at time t2.
After the forward decoding phase the final node storing the highest accumulated
probability can be traced backwards predecessor by predecessor giving as a result
the sequence of words associated to the most-likely path.

There are a few approximations well worthy to bear in mind when it comes
to making this implementation efficient. This algorithm is typically speed up by
means of a beam search. That is, at each time frame not all the nodes remain alive
for subsequent search, instead, the nodes where the accumulated probability does
not exceed a percentage of the higher accumulated probability are not explored
any longer.

3 Approaches Involved Getting the Word-Graph

3.1 Forward Decoding

The key issue to derive a word-graph from the trellis (see Fig. 1) is to allow
each node storing n predecessors instead of a single one. Note that in the imple-
mentation of Viterbi algorithm each node only would store a single predecessor
(n=1), and as a result a single sequence of words is obtained.

Intuitive though this procedure might seem, there are implementation nuances
that are worthy of further consideration. For instance, being strict, by allowing to
all the nodes of the search space comprising the involved models, a graph of phone
like units would be derived. Alternative pronunciations and time segmentations
of the same word would be contained in such a graph. Note that the alternative
ways in which a word could be uttered has an impact on the lexical-acoustic
models but it has no relevance at word level. As a result, in order to derive a
word-graph computational cost can be significantly reduced by allowing to store
n predecessors only to the nodes that match with the states of the LM.

hyp1 hyp2

p2p1

word: x ...

hyp1 hyp2

p2p1

word:y ...

hyp1 hyp2

p2p1

word:w

hyp1hyp2

︸︷︷︸ ︸︷︷︸

Fig. 2. Structure generated in the forward decoding phase for n=2
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The alternative word-level hypotheses are stored in a structure that encom-
passes the list of the n-best predecessors and the probabilities associated to the
corresponding paths. As an example, Fig. 2 shows the structure created in the
forward decoding phase assuming n=2. Thus, when the word w is reached the
information related to the best 2 paths (hyp1 and hyp2) is stored.

In an attempt to cut down the search-time the beam-search strategy is applied.
At each time-frame the nodes storing paths with low probability are pruned. Note
the assumption intrinsic to this node-pruning strategy. While a node is allowed
to store up to n predecessors with their respective accumulated probabilities, it
is the the probability of the most probable amongst the n predecessors that is
associated to the node as far as pruning is regarded. As a result it might happen
that a node storing a predecessor with a very high probability and the remaining
predecessors with very low probabilities would remain alive, in contrast to other
nodes in which the probabilities of all the predecessors are high, while not high
enough compared to the most likely one in a given time-frame. On this account,
beam search strategy implies an additional approach that did not occur over the
standard decoding when the allowed number of predecessor stored was only one.

3.2 Backward Decoding: Getting the Word-Graph from the Lattice

Once the entire observation has been analyzed in the forward decoding phase,
the n best final states are considered and traced backwards until the initial state
in the lattice is reached. As a result a WG is generated conveying the following
information: word label, probability of the edge, time-frame segmentation (see
as an example Fig. 3).

Although the WG is an efficient means of storing a vast number of hypotheses,
it grows quickly with the length of the input utterance. In order to avoid this
inefficient behavior a new approach has been adopted. The idea is based on
merging nodes of the WG associated to the same state in the LM, but not all of
them, only those within a neighborhood of m time-frames. Being the duration
of a time-frame denoted as Δtw:

tn ∈ ts ± 1
2
mΔtw ⇒ merge nodes n and s (4)

4
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8

word3
p1, t=6

word3
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word3
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word5
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word6
p4, t=13

word6
p5, t=13

word4
p6, t=15

9

word4
p7, t=20

1

2

3

word1
p1, t=3

word1
p2, t=4

word2
p3, t=3

Fig. 3. Example of a part of a WG showing the word log-probability and time-frame
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For example in Fig. 3, given a time frame constant Δtw = 1, if nodes 4
and 5 are associated with the same state of the LM, they would be merged for
values of m ≥ 2. The result of merging nodes has the advantage of providing
a WG of smaller size. In general, this constraint prevents us from generating
fake hypotheses, but this is not ensured for particular states of the LM such as
unigrams. The drawback of merging nodes of the WG is that hypotheses with
fake probabilities can be generated.

On the other hand, as mentioned above, the WG is an efficient means of
storing a vast number of hypotheses, while some of them might result to be re-
dundant. Thus, in this work we have only explored a number of hypotheses below
a threshold. This additional approach is also necessary to become this process
computationally efficient. Specifically, a depth search has been carried out over
the WG as an attempt to extract the most likely hypothesis. Nevertheless, this
method leads to a number of hypotheses that share the same initial words, while
different hypothesis with low probabilities in the beginning might be left aside.

4 Experimental Results

The experimental results were carried out on two different corpora:

Dihana corpus consists of 900 human-machine dialogues in Spanish regarding
information about train timetables, fares, destinations and services [8]. This
task has intrinsically a high level of difficulty due to the spontaneity of
the speech. It comprises 5,590 different sentences to train the LM with a
vocabulary of 865 words. The test set includes 1,348 spoken utterances.

MetEus corpus is a weather forecast corpus in Spanish, Basque and English [9].
In this work we focus on the Basque ASR task. The training corpus consists
of 7,523 different sentences with a vocabulary of 1,135 words, and the test
includes 1,798 spoken utterances.

In these tasks for each input utterance in the test a series of WGs were generated
for different values of n (being “n” the number of allowed predecesors) and m
(being “m” the number of time-frames merged). In the following section the
influence of both parameters (n and m) are evaluated in terms of spatial cost
and performance.

The influence of merging the time frames in the number of edges of the WG
for Dihana (MetEus task follows the same trend) is represented in Fig. 4. The
ordinate shows the number of word-graphs with the edge-range represented in
the abscissa. The figure includes three series of histograms associated to a time-
merging of width ranging from m=0 to m=3. It is shown that as the number of
merged frames increases, the number of small WGs gets higher and the number
of big WGs decreases. From these results it comes out that merging procedure
allows to reduce the size of the WG.

The performance of the system, in terms of word error-rate (WER), is given
in Table 1. The WGs were evaluated in a twofold manner: on the one hand,
the most probable hypothesis within the WGs (denoted by “p-best”), and on
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Fig. 4. Number of edges of the word-graphs obtained with n=2 and varying 0 ≤ m ≤ 3

the other hand the oracle-best (denoted by “oracle”). The oracle score provides
the best performance achievable considering all the hypotheses involved in the
WGs. Comparing “oracle” with “p-best” results presented in Table 1, it comes
out that the most probable hypothesis is not necessarily the most accurate one.
Thus, the aim of using alternative hypotheses rather than the most-likely one
becomes apparent.

Comparing the performance for different time-merging choices it turns out
that the increment of “m” hardly degrades the performance, with the additional
advantage of dealing with smaller graphs. Similarly, comparing the differences
for the most likely hypothesis, it turns out that the more states we merge the
more degraded the first hypothesis is. In conclusion, while the probabilities are
blurred in the merging process, the most accurate hypothesis remains amongst
the hypotheses provided by the graph.

If we compare the results obtained through the Viterbi-like implementation
(m=0, n=1) with the “p-best” obtained with m=0 and n=2, it seems as though
the WG would not help. However, this decrement in performance is due to the
different approaches (described in the previous sections) devoted to make the
computation affordable and not by the scope of WG itself. Moreover, the oracle
results reveal that the WGs offer significantly more accurate hypotheses than
the Viterbi-like approach (a reduction of %28 and %33 in WER for Dihana and
MetEus respectively). As a result, resorting to re-scoring techniques would allow
to extract hypotheses with better system performance.

Table 1. WER for several values of the stored predecessors (n) and number of frames
merged (m) in both Dihana and Meteus corpora

Dihana MetEus

(n,m) (1,0) (2,0) (2,1) (2,2) (2,3) (1,0) (2,0) (2,1) (2,2) (2,3)

p-best 18.37 20.01 21.15 22.01 22.68 12.78 12.90 13.47 14.38 15.05
oracle 18.37 13.09 13.26 13.30 13.42 12.78 8.45 8.45 8.44 8.45
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The difference in performance between MetEus and Dihana tasks has to do
with the difficulty of the task itself. While MetEus is read speech, Dihana is
spontaneous speech with very long sentences at times.

5 Concluding Remarks and Future Work

We have presented a way of getting a WG from the lattice explored in the ASR
process by storing a number (n) of predecessors at each node. Some approaches
have been carried out (merging states, obtaining the n-best list of hypotheses
from the WG, etc.) in order to make the computation affordable.

It has turned out that merging the states allows to alleviate the computa-
tional cost within the WG at the expense of generating hypotheses with possibly
fake probabilities. Nevertheless, the explored WGs still contain more accurate
hypotheses than the hypothesis obtained without considering a WG. Other min-
imisation strategies that have proven successful in other fields of PR (such as
graph cut theory in computer vision [10]) could be explored.

Currently we are focusing on both re-scoring methods taking advantage of
both time-segmentation and probabilities derived from the WG and also the
integration of this sort of WG with other kind of WG aiming at speech translation
or understanding systems.
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Abstract. Most recent category-level object recognition systems work
with visual words, i.e. vector quantized local descriptors. These visual
vocabularies are usually constructed by using a single method such as
K-means for clustering the descriptor vectors of patches sampled either
densely or sparsely from a set of training images. Instead, in this pa-
per we propose a novel methodology for building efficient codebooks
for visual recognition using clustering aggregation techniques: the Visual
Word Aggregation (VWA). Our aim is threefold: to increase the stability
of the visual vocabulary construction process; to increase the image clas-
sification rate; and also to automatically determine the size of the visual
codebook. Results on image classification are presented on the testbed
PASCAL VOC Challenge 2007.

Keywords: clustering aggregation; visual words; object recognition.

1 Introduction

A popular strategy for representing images within the context of category-level
object recognition is the Bag-of-Words (BoW) approach [3]. The basic idea be-
hind this type of representation is to characterize an image by the histogram
of its visual words, i.e. vector quantized local features (see Figure 1). Popular
candidates for these local features are local descriptors [12] that can be extracted
at specific interest points [3], densely sampled over the image [7], or via a hybrid
scheme called dense interest points [18]. There are various clustering methods for
creating these visual words. K-means or variants thereof, such as approximate
K-means [15] or vocabulary trees [14], are currently the most common.

Subsequently, each local feature in an image is mapped to a cluster so as to
represent any image as a histogram over the clusters. The BoW representation
has been shown to characterize the images and objects within them in a robust
yet descriptive manner, in spite of the fact that it ignores the spatial configu-
ration between visual words. Moreover, variations on these BoW models have
shown impressive results lately [17], wining the PASCAL Visual Object Classes
Challenge on object classification.

Although such ideas appear to be quite exciting, there are 2 main challenges
that need to be overcome. Since the clustering into visual words is unsupervised,
this representation does not group semantically meaningful object parts (e.g.
wheels or eyes). In practice, if the dataset is sufficiently coherent (e.g. images
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Fig. 1. BoW approach overview. It starts with the extraction of local features followed
by robust description of the features, e.g. using SIFT [11]. The following step consists
in vector quantizing the high dimensional space of local image descriptors to obtain a
visual vocabulary. A BoW is then built as a histogram of visual word occurrences.

of only one particular class), only a reduced number of visual words represent
semantic object parts. Moreover, when an unsupervised quantization is applied
to a more diverse dataset, synonyms and polysemies are the norm rather than
the exception [16].

On the other hand, there are the limitations of the clustering algorithms them-
selves. In general, data clustering usually has associated the stability problem:
it is not possible to use cross validation for tuning the clustering parameters
because of the absence of ground truth; the dependence on the initialization is
a common problem for most of the iterative methods; the objectives pursued by
each clustering approach are different and different structures in data may be
discovered.

Specifically, K-means clustering output depends on the initialization as the
procedure only undertakes the search for a local optimum and it requires the user
to specify the number of clusters. Furthermore, it is computationally expensive
for big values of K. Other approaches use efficient hierarchical clustering schemes
(e.g. [9]) where one fixes a cut-off threshold on the cluster compactness. It may
happen that some real clusters are split in several clusters, so that the visual
words are not representative of all features. Furthermore, run-time and memory
requirements are often significantly higher for these hierarchical methods.

Several attempts have been made to create efficient codebooks for visual recog-
nition. There are some unsupervised approaches based on frequent itemset min-
ing (e.g. [20]). Typically, finding representative visual words boils down to finding
frequent co-occurring groups of descriptors in a transaction database obtained
from the training images. Some supervised approaches use image annotation and
class labels to guide the semantic visual vocabulary construction (e.g. [13,10]).

In this paper, we introduce a new methodology to obtain efficient visual words
with a threefold objective: to overcome the problem of clustering stability; to
increase the image classification rate; and also to automatically determine the
size of the visual codebook. We propose to adapt the clustering aggregation
techniques described in [6] to the visual vocabulary construction process. To the



678 R.J. López-Sastre et al.

best of our knowledge, this is the first paper to describe such a clustering ag-
gregation based approach within this context. We analyze how these techniques
perform in discovering visual words using different combinations of quantization
algorithms.

The rest of this paper is organized as follows. In Section 2 we introduce the
clustering aggregation theory. Section 3 gives a detailed description of the novel
approach we propose to adapt the clustering aggregation techniques to the vi-
sual vocabulary construction process. Experiments in image categorization are
described in Section 4 and Section 5 concludes the paper.

2 Clustering Aggregation

The problem of clustering aggregation has been considered under a variety of
names: consensus clustering, clustering combination and cluster ensembles. Many
approaches have been proposed (e.g. the graph cut method [5] and the Bayesian
method [19]).

In [6], clustering aggregation is defined as an optimization problem where,
given a set of m clusterings, the objective is to find the clustering that min-
imizes the total number of disagreements with the m clusterings. Clustering
aggregation can be considered as a metaclustering method to improve stabil-
ity and robustness of clustering by combining the results of many clusterings.
Moreover, it can determine the appropriate number of clusters while detecting
outliers. A toy example to illustrate how the clustering aggregation works is
depicted in Figure 2.
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Fig. 2. Toy example. (a)-(c) are 3 different clusterings {C1, C2, C3} over the IbPRIA
dataset of 2D points. (d) depicts the result of the clustering aggregation algorithm, the
clustering C. Note that the solution C improves the clustering robustness and finds
the 6 clusters in the IbPRIA dataset. We have used different colors to denote different
clusters.

Gionis et al. [6] propose an approach to this problem based on correlation
clustering techniques [1]. We are given a set of m clusterings {C1, C2, . . . , Cm}.
Our objective is to obtain a single clustering C that agrees as much as possible
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with the m input clusterings. It is possible to define a distance d(u, v) between
two vectors u and v as the fraction of the m clusterings that place u and v
in different clusters. Our objective is to find a clustering C that minimizes the
function d(C) =

∑
C(u)=C(v) d(u, v) +

∑
C(u) �=C(v)(1 − d(u, v)), where C(v) de-

notes the label of the cluster to which v belongs to. In the experiments we have
used the Balls and the Agglomerative (Agg) algorithms described in [6]. Both
algorithms take as input a complete graph with all the distances between vec-
tors. The Balls algorithm tries to find groups of nodes that are within a ball of
fixed radius and far from other nodes. Once such a set is found, the algorithm
considers it a new cluster and proceeds with the rest. The Agg is a bottom-up
algorithm which starts with every node in a cluster. It merges two vertices if the
average distance between them is less than a fixed value.

3 Visual Word Aggregation

In this work we propose to analyze how clustering aggregation algorithms work
for building efficient visual vocabularies. We propose a novel BoW approach
via Visual Word Aggregation (VWA). Our aim with this approach is threefold:
to increase the stability of the codebook construction process, to automatically
determine the size of the vocabulary, and to obtain better results in categoriza-
tion. Figure 3 depicts the major steps of our proposal. In the first step, images
are represented using local features (e.g. SIFT [11]). Then, the vector quantiza-
tion processes start. We define m as the number of clustering algorithms that
are executed, i.e. m is the number of codebooks. Different quantization algo-
rithms and/or several executions of the same algorithm can be used. The VWA
uses these m initial codebooks to build the vocabulary to be used in the BoW
approach.

Fig. 3. Flowchart of our novel approach for image classification via VWA

However, a direct application of the clustering aggregation algorithms in [6]
to the m codebooks is not feasible. Every clustering defines a vocabulary that
organizes the local descriptors in a high dimensional space (e.g. 128 dimensions
for SIFT descriptors). Furthermore, thousands of descriptors are extracted from
each image, so we have to deal with large datasets of vectors, where the number
of clusters is high too. The algorithms described in [6] take the distance matrix
as input so their complexity is quadratic in the number of data objects in the
dataset, which makes them inapplicable to large datasets. Gionis et al. [6] pre-
sented a sampling algorithm to overcome this problem. In a preprocessing step,
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their algorithm samples a set of nodes S uniformly at random from the dataset.
The set S is the input for the clustering aggregation algorithm. In the postpro-
cessing step, the algorithm goes through the nodes not in S and decides whether
to place it on one of the existing clusters or to create a singleton. Nonetheless,
we observed experimentally that the time complexity of their approach is high
within our context, i.e. when the number of clusters and the dimensionality of
vectors are high.

In order to reduce the run-time of the visual vocabulary construction, we
define a new sampling strategy. Let O be the dataset of local descriptors of size
N , O = {v1,v2, . . . ,vN}. We start with a uniform and random sample R ⊂ O
of size M = βN , where β ∈ [0, 1] is the sampling factor. As in [6], the set R is
sampled to obtain the subset S ⊂ R. The set S is given as input to the clustering
aggregation algorithm which builds a clustering C = {c1, c2, . . . , cK}. Note that
with our sampling scheme, the postprocessing step only needs to evaluate the
elements in R and not in S, which significantly reduces the run-time of the
original approach. Finally, we inspect the vectors in O and not in R and assign
them to the nearest cluster. Using this double sampling strategy we can handle
large datasets letting VWA converge into a final codebook.

4 Results

Experimental Setup. Our aim is to evaluate, within the context of image
classification, the performance of the VWA approach. So as to obtain reliable
results, we use the PASCAL VOC Challenge 2007 database [4]. This challenge is
widely acknowledged as a difficult testbed for both object detection and image
categorization. We select the trainval and test set for training and testing the
classifier respectively. See [4] for further details.

For image representation, we use SIFT [11] descriptors of 16×16 pixel patches
computed over a grid with spacing of 8 pixels. With these descriptors we perform
the vocabulary construction via VWA. Specifically, we use our own implementa-
tions of the K-means and the Jurie and Triggs (J&T) [7] clustering algorithms.
In the clustering aggregation step we integrate our novel sampling methodology
with the Balls and the Agg algorithms [6].

Support Vector Machines (SVMs) are used for classification. We experiment
with the Histogram Intersection Kernel (HIK) which has shown good results
in object recognition [8]. The HIK applied to two feature vectors x and x′ of
dimension d is defined as k(x,x′) =

∑d
i=1 min(x(i),x′(i)). Specifically, we use

libSVM [2]. A 10-fold cross-validation on the trainval set to tune SVM param-
eters is conducted to train each classifier. We follow the image classification
evaluation procedure proposed by the PASCAL VOC Challenge [4] using the
Mean Average Precision (MAP), which is computed by taking the mean of the
average precisions for the 20 classes for each method.

Codebooks performance in image classification. We evaluate the MAP
in image categorization for the codebooks described in Table 1. Note that code-
books C1 and C4 have been obtained without using the VWA approach,
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Table 1. Codebooks obtained for the experiments in image classification

Codebook description

C1 K-means (K = 200)
C2 3 K-means (K = 200) and Balls (α = 0.25) + Sampling (β = 0.5)
C3 3 K-means (K = 200) and Agg + Sampling (β = 0.33)
C4 J&T (r = 0.83, N = 3000)
C5 3 J&T (r = 0.8, N = 3000) and Balls (α = 0.25) + Sampling (β = 0.25)
C6 2 K-means (K = 200) + J&T (r = 0.92, N = 3000) and Balls (α = 0.25) +

Sampling (β = 0.5)
C7 J&T (r = 0.8, N = 3000) + K-means (K = 2000) and Balls (α = 0.25) +

Sampling (β = 0.5)
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C7 (0.38)
C2 (0.36)
C6 (0.34)
C4 (0.31)
C5 (0.31)
C3 (0.29)
C1 (0.28)

Fig. 4. Evaluation of codebooks on image categorization over the PASCAL VOC 2007
Challenge. Average precision per class for each method is shown.

i.e. following a traditional BoW approach. Results per object category are shown
in Figure 4. The aggregation of 1 K-means and 1 J&T, i.e. codebook C7, ob-
tains the best MAP (0.38). Furthermore, all the codebooks generated via VWA
using the Balls algorithm and our sampling approach (vocabularies C2, C5, C6
and C7), obtain better results than when a traditional BoW is used (C1 and
C4). Comparing C2 and C3 we also have observed that the Balls algorithm per-
forms better than the Agg. Moreover, for the Balls algorithm, we have found that
α ≤ 0.25 leads to better results in image categorization. We observed experimen-
tally that the sampling factor β directly affects to the classification performance:
the best results are obtained for β ≥ 0.5. Finally, Figure 5 shows ranked images
for 4 different classes.

Discussion. Results confirm that the VWA technique can be used to obtain
better vocabularies. It is also useful for large sets of vectors in high-dimensional
spaces. Such spaces are sparse with the data points far away from each other.
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(a) highest ranked positive images

(b) lowest ranked positive images

(c) highest ranked negative images

Fig. 5. Ranked images for the classes aeroplane, bicycle, boat, cat, horse and person.
(a) positive images assigned the highest rank. (b) positive images assigned the lowest
rank. (c) negative images assigned the highest rank, i.e. images which confuse the
classifiers.

Furthermore, all pairwise distances in a high-dimensional data set seem to be very
similar. The phenomenon is known in the statistical literature as the curse of di-
mensionality. This may lead to problems when searching for clusters. K-means
is a popular algorithm for its simplicity. Unfortunately, centers tend to be tightly
clustered near dense regions and sparsely spread in sparse ones. The J&T [7] is
a mean-shift based approach that can be used to overcome some of the limita-
tions of K-means. The VWA technique can be used to combine the properties of
K-means and J&T clustering algorithms to obtain better visual vocabularies.

5 Conclusion

We have introduced the VWA methodology which incorporates the clustering
aggregation techniques to the visual codebook construction process. To the best
of our knowledge, this is the first paper to describe such a clustering aggregation
based methodology within this context. Also, a novel sampling strategy has been
designed in order to use the VWA approach with large sets of vectors in high
dimensional spaces. Results show that the MAP increases when the vocabularies
are obtained via VWA. Exploring other clusterings as well as other datasets is
one interesting avenue of future research.
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20845-C03-03 and CCG10-UAH/TIC-5965.
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Abstract. To date, automatic handwriting text recognition systems are far from
being perfect and heavy human intervention is often required to check and correct
the results of such systems. As an alternative, an interactive framework that inte-
grates the human knowledge into the transcription process has been presented in
previous works. In this work, multimodal interaction at character-level is studied.
Until now, multimodal interaction had been studied only at whole-word level.
However, character-level pen-stroke interactions may lead to more ergonomic
and friendly interfaces. Empirical tests show that this approach can save signif-
icant amounts of user effort with respect to both fully manual transcription and
non-interactive post-editing correction.

1 Introduction

At present time, the use of automatic handwritten text recognition systems (HTR) for
the transcription of manuscript document images is far from being useful, mainly be-
cause of the unrestricted vocabulary and/or handwriting styles involved in such docu-
ments. Typically, the automatic transcriptions obtained by these HTR systems need a
heavy human post–editing process in order to obtain transcriptions of standard qual-
ity. In practice, such a post–editing solution becomes rather inefficient, expensive and
hardly acceptable by professional transcribers.

In previous works [7,5], a more effective, interactive on-line approach was presented.
This approach, called “Computer Assisted Transcription of Handwritten Text Images”
(CATTI), combines the accuracy ensured by the human transcriber with the efficiency
of the HTR systems to obtain final perfect transcriptions. Empirical results show that
the use of CATTI systems can save a substantial quantity of human effort with respect
to both pure manual transcriptions and post-editing.

So far, human corrective feedback for CATTI has been studied at two different levels:
a) whole–word interactions (both typed and handwritten using an e–pen interface [7])
and b) (typed) character–level corrections [5]. According to the results of these works,
keystroke corrections can save a significant quantity of human effort with respect to
whole-word corrections, while multimodal, e-pen interaction seems more ergonomic
for human transcribers, which is a key point in the design of friendly and usable user
interfaces.
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In this work, we focus on character level interaction using the more ergonomic e–pen
handwriting modality, which is perhaps the most natural way to provide the required
feedback in CATTI systems. It is important to note, however, that the use of this kind
of non–deterministic feedback typically increases the overall interaction cost in order
to correct the possible feedback decoding errors. Nevertheless, by using informations
derived from the interaction process, we will show how the decoding accuracy can be
significantly improved over using a plain e–pen handwriting recognizer which can not
take advantage of the interaction context.

2 CATTI Overview

In the original CATTI framework, the human transcriber (named user from now on)
is directly involved in the transcription process since he is responsible of validating
and/or correcting the HTR outputs. The process starts when the HTR system proposes
a full transcription of a feature vector sequence x, extracted from a handwritten text line
image. The user validates an initial part of this transcription, p′, which is error-free and
introduces a correct word, v, thereby producing correct transcription prefix, p = p′v.
Then, the HTR system takes into account the available information to suggest a new
suitable continuation suffix, s. This process is repeated until a full correct transcription
of x is accepted by the user [7].

At each step of this process, both the image representation, x, and a correct tran-
scription prefix p are available and the HTR system should try to complete this prefix
by searching for the most likely suffix ŝ as:

ŝ = arg max
s

P (s | x, p) = arg max
s

P (x | p, s) · P (s | p) (1)

Since the concatenation of p and s constitutes a full transcription hypothesis, P (x | p, s)
can be approximated by concatenated character Hidden Markov Models (HMMs) [2,4]
as in conventional HTR. On the other hand, P (s | p) is usually approximated by dy-
namically modifying a n-gram in order to cope with the increasingly consolidated pre-
fixes [7]. Let p = pk

1 be a consolidated prefix and s = sl
1 a possible suffix:

P (s | p) �
n−1∏

j=1

P (sj | pk
k−n+1+j , s

j−1
1 ) ·

l∏

j=n

P (sj | sj−1
j−n+1) (2)

In order to make the system more ergonomic and friendly to the user, interaction
based on characters (rather than full words) has been studied in [5] with encouraging
results. Now, as soon as the user types a new keystroke (character), the system proposes
a suitable continuation following the same process described above. As the user operates
now at the character level, the last word of the prefix may be incomplete. In order to
autocomplete this last word, it is assumed that the prefix p is divided into two parts: the
fragment of the prefix formed by complete words (p′′) and the last incomplete word of
the prefix (vp). In this case the HTR decoder has to take into account x, p′′ and vp, in
order to search for a transcription suffix ŝ, whose first part is the continuation of vp:

ŝ = arg max
s

P (s | x, p′′, vp) = arg max
s

P (x | p′′, vp, s) · P (s | p′′, vp) (3)
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Again, the concatenation of p′′, vp and s constitutes a full transcription hypothesis and
P (x |p′′, vp, s), can be modelled with HMMs. On the other hand, to model P (s | p′′, vp)
we assume that the suffix s is divided into two fragments: vs and s′′. vs is the first part
of the suffix that corresponds with the final part of the incomplete word of the prefix,
i.e, vpvs = v where v is an existing word in the task dictionary (Σ), and s′′ is the rest
of the suffix. So, the search must be performed over all possible suffixes s of p, and the
language model probability P (vs, s

′′ | p′′, vp) must ensure that the concatenation of the
last part of the prefix vp, and the first part of the suffix, vs, form an existing word (v)
in the task dictionary. This probability can be decomposed into two terms:

P (vs, s
′′ | p′′, vp) = P (s′′ | p′′, vp, vs) · P (vs | p′′, vp) (4)

The first term accounts for the probability of all the whole-words in the suffix, and can
be modelled directly by (2). The second term should ensure that the first part of the
suffix (usually a word-ending-part) vs, will be a possible suffix of the incomplete word
vp, and can be stated as:

P (vs | p′′, vp) =

⎧
⎨

⎩

P (vp,vs|p′′)∑
v′

s
P (vp,v′

s|p′′) if vpvs ∈ Σ

0 otherwise
(5)

3 Multimodal CATTI (MM-CATTI) at the Character Level

One way to increase the ergonomy and the usability in CATTI is to allow the user to
provide his or her validating and/or corrective feedback by means of more comfortable
peripheral devices, such as e–pen or touchscreen.

Clearly, decoding this kind of non-deterministic feedback consists in on-line HTR.
As previously mentioned, the information available in the interaction process, allows
us to boost the accuracy of this on-line HTR subsystem with respect to a conventional
on-line HTR decoder (which do not make use of the interaction-derived information).

Let x be the representation of the input image and p′ a user-validated prefix of the
transcription. Let t be the on-line touchscreen pen strokes provided by the user. These
data are related to the suffix suggested by the system in the previous interaction step, s′,
and are typically aimed at accepting or correcting parts of this suffix. Using this infor-
mation, the system has to find a new suffix, ŝ, as a continuation of the previous prefix
p′, considering all possible decodings, d, of the on-line data t and some information
from the previous suffix s′. That is:

ŝ = arg max
s

P (s | x, s′, p′, t) = argmax
s

∑

d

P (s, d | x, p′, s′, t)

≈ arg max
s

max
d

P (t | d) · P (d | p′, s′) · P (x | s, p′, d) · P (s | p′, d) (6)

An approximate two-step solution to this difficult optimization problem is followed (see
Figure 1). In the first step, an “optimal” decoding, d̂, of the on-line pen-strokes t is
computed using only the first two terms of equation (6). After observing this decoding,
d̂, the user may type additional keystrokes, κ, to correct possible errors in d̂. In the
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x

INTER-0
p

ŝ ≡ ŵ opposite this Comment Bill in that thought

INTER-1
Step-1

p’, t oppos
d̂ l
κ e

Step-2
p oppose

ŝ ≡ s’ d the Government Bill in that thought

INTER-2
Step-1

p’, t opposed the Government Bill
d̂ w
κ

Step-2
p opposed the Government Bill w

ŝ ≡ s’ hich brought

FINAL
κ #

p ≡ T opposed the Government Bill which brought

Fig. 1. Example of multimodal CATTI at character level interaction. The process starts when the
HTR system proposes a full transcription of the handwritten text image x. Then, each interaction
consists in two steps. In the first step the user handwrites some touchscreen to amend the suffix
proposed by the system in the previous step. This defines a correct prefix p’, which can be used
by the on-line HTR subsystem to obtain a decoding of t. After observing this decoding, d̂, the
user may type additional keystrokes, κ, to correct possible errors in d̂. On the second step, a new
prefix is built from the previous correct prefix p’, the decoded on-line handwritten text, d̂, and
the typed text κ. Using this information, the system proposes a new potential suffix. The process
ends when the user enters the special character “#”. System suggestions are printed in boldface
and typed text in typewriter font. In the final transcription, T, underlined italic characters are
those which were typed by the user.

second step, the first two terms of (6) are ignored and d is replaced with d̂ in the last
two terms. This way, a new consolidated prefix p = p′d̂ is obtained, which leads to a
formulation identical to (1). These two steps are repeated until p is accepted by the user
as a full correct transcription of x.

Assuming whole-word e–pen feedback, this approach was studied and tested in [7],
with good results. Here we consider single-character e–pen strokes, which we think
may lead to improved productive and usability. Therefore, we henceforth assume that
d̂ consists of a single character. As in section 2, the prefix p′ is divided into two parts:
p′′ (fragment of p′ formed by complete words) and v′p (the last incomplete word of p′).
Therefore the first step of the optimization (6) can be written as:

d̂ = arg max
d

P (t | d) · P (d | p′′, v′p, s′) (7)

where, P (t | d) is provided by a morphological (HMM) model of the character d and
P (d | p′′, v′p, s′) can be approached by a language model dynamically constrained by
information derived from the interaction process. Equation (7) may lead to several sce-
narios depending on the assumptions and constraints adopted for P (d | p′′, v′p, s′). We
examine some of them bellow.

The first and simplest scenario corresponds to a naive approach where any kind of
interaction-derived information is considered; that is, P (d | p′′, v′p, s′) ≡ P (d).
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In a slighty more restricted scenario, we take into account just the information from
the previous off-line HTR prediction s′. The user interacts providing t in order to
correct the wrong character of s′, e, that follows the validated prefix p′. Clearly, the
erroneous character e should be prevented to be a decoding on-line HTR result. This
error-conditioned model can be written as P (d | p′′, v′p, s′) ≡ P (d | e).

Another, more restrictive scenario, using the information derived from the validated
prefix p′, arises when we regard the portion of word already validated (v′p), i.e. P (d |
p′′, v′p, s′) ≡ P (d | v′p, e). In this case the decoding should be easier as we know
beforehand what should be a suitable continuation of the part of word accepted so far.

Finally, the most restrictive scenario corresponding to the additional consideration
of the information provided by p′′, is left for future studies.

3.1 Dynamic Language Modelling for Character-Level MM-CATTI

Language model restrictions are implemented on the base of n-grams, depending on
each multimodal scenario considered. As mentioned above, the simplest scenario is that
which does not take into account any information derived from the interaction. In this
case, P (d) can be modelled directly using uni-grams. This is the baseline case.

The second case, P (d | e), only considers the first wrong character. The language
model probability is given by

P (d | e) =

{
0 if d = e

P (d)
1−P (e) if d �= e

(8)

The next scenario, given by P (d | v′p, e), the on-line HTR subsystem counts not only
on the first wrong character but also on the last incomplete word of the validated prefix
v′p. This scenario can be approached in two different ways: using a character language
model or a word language model. In the first one, the on-line HTR subsystem uses a
modified character n-gram model:

P (d | v′p, e) =

⎧
⎨

⎩

0 if d = e
P (d|v′

p
k

k−n+2
)

1−P (e|v′
p

k
k−n+2

)
if d �= e

(9)

In the second approach (10), we use a word language model to generate a more refined
character language model. This can be written as:

P (d | v′p, e) =

{
0 if d = e
P (d|v′

p)

1−P (e|v′
p) if d �= e

where:

P (d | v′p) =
P (v′p, d)
∑

d′
P (d′, v′p)

=

∑

vs

P (v′p, d, vs)
∑

vs

∑

d′
P (v′p, d′, vs)

(10)

being v′pdvs an existing word of Σ.
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4 Off- and On-Line HTR System Overview

Both the off-line and on-line HTR systems employ a similar conceptual architecture
composed of three modules: preprocessing, feature extraction and recognition. The first
two entail different well-known standard techniques depending on the data type, but the
last one is identical for both systems. The Off-line HTR preprocessing involves skew
and slant corrections and size normalization operation [8]. On the other hand, on-line
handwriting preprocessing encompasses repeated points elimination and noise reduc-
tion. Regarding feature extraction, the off-line case converts the preprocessed text into
a sequence of 60-dimensional feature vectors, whereas the on-line preprocessed coor-
dinates are transformed into a sequence of 7-dimensional feature vectors [6].

As explained above, the recognition process is similar in both cases. Characters are
modelled by continuous density left-to-right HMMs with a Gaussian mixture per state.
Each lexical word is modelled by a Stochastic Finite-State automaton, and text sentences
are modelled using bi-grams with Kneser-Ney back-off smoothing. All these finite-state
models can be easily integrated into a single global model in which decoding process
is efficiently performed by the Viterbi algorithm.

5 Experimental Framework

For test the effectiveness of MM-CATTI at character level different experiments were
carried out. The corpora and the performance measures used are explained below.

5.1 Assessment Measures

Some types of measures have been adopted to assess the performance of character-
level transcription. On the one hand, to make the post-editing process more accurately
comparable to CATTI at character level, we introduce a post-editing autocompleting
approach. Here, when the user enters a character to correct some incorrect word, the
system automatically completes the word with the most probable word on the task vo-
cabulary. Hence we define the Post-editing Key Stroke Ratio (PKSR), as the number of
keystrokes that the user must enter to achieve the reference transcription, divided by the
total number of reference characters. On the other hand, the effort needed by a human
transcriber to produce correct transcriptions using CATTI at character level is estimated
by the Key Stroke Ratio (KSR), which can be defined as the number of (character level)
user interactions that are necessary to achieve the reference transcription of the text im-
age considered, divided by the total number of reference characters. These definitions
make PKSR and KSR comparable and the relative difference between them gives us a
good estimate of the reduction in human effort that can be achieved by using CATTI
at character level with respect to using a conventional HTR system followed by human
autocompleting postediting. This estimated effort reduction will be denoted as “EFR”.

Finally, since only single-character corrections are considered, the conventional clas-
sification error rate (ER) will be used to assess the accuracy of the on-line HTR feedback
subsystem under the different constraints entailed by the MM-CATTI at character level
interaction process.
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5.2 Corpus

The character level CATTI was evaluated on the IAMDB corpus. For the MM-CATTI,
the on-line UNIPEN corpus was employed to simulate the user touchscreen interactions.

The IAMDB [3] is a publicly accessible corpus composed of 1,539 scanned text
pages, handwritten by 657 different writers. No restriction was imposed related to the
writing style or with respect to the pen used. The database is provided at different seg-
mentation levels: characters, words, lines, sentences and page images. Here we use
sentence-segmented images. Each sentence is accompanied by its ground through tran-
scription as the corresponding sequence of words. To better focus on the essential issues
of the considered problems, no punctuation marks, diacritics, or different word capital-
izations are included in the transcriptions. From 2,324 sentences that forms the corpus,
200 were used as test, leaving the rest as training partition.

The UNIPEN corpus [1] comes organized in several categories: lower and upper-case
letters, digits, symbols, isolated words and full sentences. For our experiment, three
UNIPEN categories were used: 1a (digits), 1c (lowercase letters) and 1d (symbols).
Three arbritary writers were chosen as test partition and 17 as training data [7].

5.3 Results

Different experiments have been carried out to asses the feasibility and potential of
CATTI at character level. Two types of results are reported for CATTI at character level:
the PKSR (first column of table 2) and the KSR (second column of table 2). The 12.5%
of KSR corresponds to a total of 1,627 characters that the user has to correct. In the
MM-CATTI at character level these characters would have to be handwritten by the
user on the touchscreen. It is simulated here using character samples belonging to a
same writer from the UNIPEN corpus.

As we mentioned earlier, the introduction of multimodal interactivity leads, on the one
hand, to an ergonomic and easier way of working, but on the other hand, to a situation
where the system has to deal with non-deterministic feedback signals. Therefore, two
of the most important concerns here is the accuracy of the on-line HTR subsystem and
the determination of how much this accuracy can be boosted by taking into account
informations derived from the interaction process. Table 1 reports the writer average
feedback on-line recognition error rate of characters considering the different scenarios
studied in section 3. As observed, feedback decoding accuracy increases significantly
as more interaction derived constraints are taken into account. In addition, Table 1 also
shows the relative accuracy improvements obtained respect to the baseline case.

Table 1. On-line HTR subsystem error rates for the four language models: plain character uni-
gram (CU, baseline), error conditioned character uni-gram (CUe), prefix-and-error conditioned
character bi-gram (CBe) and prefix-and-error conditioned word uni-gram (WUe). The relative
accuracy improvements for CUe, CBe and WUe are shown in the last three columns. The same
GSF value (15) is used for all the cases. All values are in percentages.

Error Rate Relative Improv.
CU CUe CBe WUe CUe CBe WUe

7.0 6.9 6.7 5.0 1.4 4.3 28.6
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Table 2. From left to right: PKSR obtained with the post-editing autocompleting approach, KSR
achieved with CATTI at character level and KSR obtained with the baseline and best scenarios
for MM-CATTI approach. EFR for KSR of CATTI with respect to PKSR and for KSR for the
two scenarios of MM-CATTI with respect to PKSR. All results are in percentages.

CATTI MM-CATTI EFR
PKSR KSR CU-KSR WUe-KSR CATTI MM-CATTI (CU) MM-CATTI (WUe)
15.8 12.5 13.4 13.1 20.9 15.2 17.1

As a final overview, Table 2 summarizes all the CATTI and MM-CATTI results ob-
tained in this work. The third and fourth columns show the MM-CATTI KSR for the
baseline as well as the best scenarios. This values are calculated under the simplifying
assumption that the cost of keyboard-correcting a feedback on-line decoding error is
similar to that of another on-line touchscreen interaction step. That is, each correction
is counted twice: one for the failed touchscreen attempt and another for the keyboard
correction itself. According to these results, the expected user effort for the best MM-
CATTI approach is only barely higher than that of CATTI.

6 Conclusions

In this paper, we have studied the character level interaction in the CATTI system pre-
sented in previous works using pen strokes handwritten on a touchscreen as a comple-
mentary means to introduce the required CATTI correction feedback. From the results,
we observe that the use of this more ergonomic feedback modality comes at the cost
of a reasonably small number of additional interaction steps needed to correct the few
feedback decoding errors. The number of these extra steps is kept very small thanks
to the ability to use interaction-derived constraints to considerably improve the on-line
HTR feedback decoding accuracy.
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Abstract. Ultrasound (US) B-mode images often show intensity inho-
mogeneities caused by an ultrasonic beam attenuation within the body.
Due to this artifact, the conventional segmentation approaches based on
intensity or intensity-statistics often do not obtain accurate results. In
this paper, Markov Random Fields (MRF) and a maximum a posteriori
(MAP) framework in combination with US image spatial information is
used to estimate the distortion field in order to correct the image while
segmenting regions of similar intensity inhomogeneity. The proposed ap-
proach has been evaluated using a set of 56 breast B-mode US images
and compared to a radiologist segmentation.

Keywords: Breast lesion segmentation, ultrasound, inhomogeneity cor-
rection, Markov Random Fields, unsupervised initialization.

1 Introduction

Breast cancer is one of the leading causes of death for women all over the world
and more than 8% women will suffer this disease during their life time [4]. De-
tection in early stages of the cancer development is the key to reduce the death
rate (40% or more) [3]. The earlier the cancers are detected, the better treatment
can be provided. Currently, the most effective and used modality for breast can-
cer detection and diagnostic is digital mammography (DM) [3]. However, there
are some limitations of DM imaging in breast cancer detection, mostly in dense
breasts where lesions can not be easily detected. Nowadays, an important al-
ternative to DM is ultrasound (US) imaging, which is also commonly used as a
complementary technique for breast cancer detection. One of the advantages of
US against DM is its higher sensitivity when detecting lesions in dense breasts,
reducing considerably the rate of false positives and thus the number of unnec-
essary biopsies. However, reading and understanding ultrasound images requires
well-trained and experienced radiologists because of its complexity. Here lies the
significance of the segmentation methods. An accurate and solid segmentation
method is needed to, for instance, check if the lesion has grown through time.
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Several segmentation methods have been applied to breast US images, from
the most traditional histogram thresholding methods [5,11] to novel approaches
based on graph-cuts [7,12]. Although active-contours methodologies are widely
used [6,8] to determine the outline of the object of interest, they fail when deal-
ing with blurred boundary lesions. Ultrasound image segmentation can also be
considered as a labeling problem where the solution is to assign a set of labels
to pixels, which is a natural representation for Markov Random Fields [2,10].
Within this group we want to remark the work of Xiao et al. [10] who adapted
a bias field removal method in magnetic resonance imaging (MRI) to segment
abnormalities in breast B-mode US images. Precise and accurate results were
obtained but the method required expert supervision to initialize the process.
In this paper, we present different approaches to reduce the human interaction
to one-click process and we evaluate these approaches and compare them to the
original method using a data-set composed by breast US images with different
lesion typologies.

2 Methodology

The method proposed by Xiao et al. considered the bias field as an additive arti-
fact of the logarithmic ideal image. They estimated this field to restore the ideal
image while at the same time identifying regions of similar intensity inhomogene-
ity using an MRF-MAP framework (see [10] for detail). Our proposal consists
of combining this MRF-MAP framework with spatial information (see Fig. 1) in
order to overcome the limitations of the method in terms of user interaction.

2.1 Image Model

The Xiao et al. proposal assumed that an attenuation-related intensity inhomo-
geneities is described as a multiplicative field with low-frequency. A logarithmic
transformation of such multiplicative model yields an addition. Let y and y∗ de-
note, respectively, the observed and ideal log-transformed intensities respectively,
then y = y∗ + d, where d denotes the log-transformed intensity distortion field
and xi denotes the corresponding class label of pixel i. A Gaussian distribution
model is used to describe the intensity distribution in an image

p(y∗i |xi) = g(y∗i ; θ(xi)) (1)

where g(y∗i ; θ(xi)) is a Gaussian function and θ = {μ, σ}
Taking the distortion field into account and reformulating as a class-independent

the intensity distribution (see Eq.1) can be modeled as a Gaussian mixture

p(y|d) =
∏

i∈S

∑

j∈L
g(yi − di; θ(xi))p(xi = j) (2)

where S denotes the image pixels set and d the distortion field.
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Fig. 1. Block diagram of our proposal, based on Xiao et al. [10] method

2.2 Expectation-Maximization (EM) Algorithm

As in Xiao et al. [10], Baye’s rule can be used to obtain the posterior probability
of the distortion field (p(d|y)), given the observed intensity values

p(d|y) =
p(y|d)p(d)

p(y)
(3)

where p(y) is a normalization factor and p(d) is modeled as a Gaussian dis-
tribution with zero mean to capture its smoothness property. The maximum a
posteriori principle is employed to obtain the optimal estimate of the distortion
field. A zero-gradient condition is then used to assess this maximum, which leads
to (see [9] for detail)

E step:

Wij =
p(yi|xi, di)p(xi = j)

p(yi|di)
(4)

M step:

di =
[FR]i

[Fψ−1E]i
, with E = (1, 1, ...)T (5)
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where Wij is the posterior probability that pixel i belongs to class j given the
distortion field estimate. F is a low-pass filter and R is the mean residual in
which for pixel i

Ri =
∑

j∈L

Wij(yi − μj)
σ2

j

(6)

and ψ is the mean inverse covariance

ψ−1
ik =

{∑
j∈LWijσ

−2
j if i = k

0 if otherwise
(7)

As we said before, Wij is the posterior probability that pixel i belongs to class
j, and it is updated to the following form after using the MRF prior model

Wij =
p(yi|xi, di)p(xi = j|xNi)

p(yi|di)
(8)

where p(xi = j|xNi) has the form of Eq. 2.
To obtain the estimation of the low-frequency distortion field, the EM al-

gorithm is used to update one label image and intensity inhomogeneity field
iteratively. Such an updating process converges rapidly in a few iterations. An
ICM (Iterated Conditional Modes) algorithm [1] is used for this purpose.

2.3 Automatic Initialization Process

A major improvement on the original initialization process has been carried out.
Different alternatives to obtain the Gaussian distribution parameters (mean and
standard deviation) as much unsupervised as possible have been proposed, thus
avoiding to empirically check the background and lesion histograms in order
to manually fit the best Gaussian distribution to them. Actually, this lack of
automatization in the original proposal of Xiao et al. prevented to properly
evaluate that proposal since only one patient and one synthetic image were used,
while the current proposal has been evaluated on several images from different
patients. The initialization process starts by analyzing the intensity histogram
of thee image and how the different Gaussian distributions fit to the lesion and
background. Fig. 2 shows the histogram of a whole US image which almost fits
perfectly to a Gaussian distribution. As far as we have experimented, always
the histogram of the lesion is overlapped with the histogram of the background
information. It is clear that the automatic initialization of the lesion distribution
is not an easy task to do using only intensity information. Hence, we decided to
include local spatial information of the lesion.

Our proposal reduces the user interaction from the empirical choice of pa-
rameters to one-click. Thus, the user marks the approximate location of the
lesion and the method opens a small window to obtain lesion information and
a larger one for the background information. Once the lesion and background
information are extracted, the histograms of both regions are calculated and
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Fig. 2. Gaussian distributions of the US images. The larger Gaussian corresponds to
the background and the smaller to the lesion. Both plotted over the image histogram.

(a)

(b)

Fig. 3. (a) Local lesion information acquisition. The central rectangle contains the pixel
values for the lesion description and the exterior rectangle contains the background
information. (b) Local lesion surrounding information acquisition. The exterior orange
rectangles contain the background information.

the best Gaussian distributions are properly fitted to them (see Fig.3(a)). Two
different approaches have been extracted from this initialization proposal: Lo-
cal Lesion Information Global (LLIG) which applies the method to the entire
image and Local Lesion Information Partial (LLIP) which crop the image using
the background window and applying the segmentation process to this partial
image. By cropping the image, the dark regions near image limits are avoided.
However, in these proposals the background window could include part of the
lesion information so, in order to properly fit the Gaussian distribution to the
background histogram, we also propose Local Lesion Surrounding Information
(LLSI) which gets histogram information from four small windows surrounding
the lesion (see Fig.3(b)). In total, we have evaluated 3 different initialization
proposals and compared them to the original method initialization.
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Regarding the final segmentation results, in some cases the method incorrectly
classifies parts of the background as a lesion tissue, mostly in the image borders.
In contrast with Xiao et al. proposal, a post-processing step is performed, consist-
ing in deleting such regions incorporating information from radiologist knowledge
such as the fact that usually the lesion is located centered on the top part of the
US image as suggested by Madabhushi and Metaxas in [8](see Fig. 4(e)).

3 Experiments and Results

In order to perform the experiments for this work, a data-set of breast B-mode
US images has been collected from the Churchill Hospital of Oxford Radcliffe
Hospitals NHS Trust composed by 56 images acquired from 24 different patients,
formed by 31 DCIS+IDC (Ductal Carcinoma In Situ + Invasive Ductal Carci-
noma), 5 IDC, 6 DCIS, 6 Fibroadenoma, 2 Fibrosis, 1 Cyst, and 5 Mucinous
Carcinoma.

3.1 Ground Truth

The limited availability of the radiologists made us impossible to have the en-
tire data-set segmented by an expert. Because of that, an extra experiment was
performed comparing a subset of 15 segmentations between a radiologist and
a non-expert (i.e. biomedical engineer). The experiment obtained a result of
0.7426 for Dice Similarity Coefficient (DSC) and 0.8462 for Area Overlap mea-
sures which indicate a high degree of agreement between the non-expert and the
radiologist.

3.2 Results

Fig. 4 shows an example of graphical segmentation results for different images
from the data-set. Fig. 4(a) shows the original US breast image. The estimated
distortion field and the restored image are shown in Fig. 4(b) and (c) respectively.
Fig. 4(d) shows the segmentation result and Fig. 4(e) the final result after the
post-processing step. Fig. 5 shows the segmentation results using Dice Similarity
Coefficient (DSC) and Area Overlap (AO) values for all the images. Analyzing
these diagrams for both measures we can see that all the median values of the
results for each method are within the confidence interval of the other methods.
This means that there is not significative differences between methods and it
is not possible to assure that one method obtained better results than another.
Note that missegmented images are represented as outliers in the diagram.

Table 1 shows the mean values for sensitivity, specificity, PPV, area overlap
and DSC measures. To compare properly all methodologies, all measures were
obtained descanting the missegmented images by the original method. Again,
there are not significative differences which shows the validity of the proposed
initialization. Note that LLIG proposal obtained similar results compared the
original implementation while there is not a significant increase of the number
of missegmented images.
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(a) (b) (c) (d) (e)

Fig. 4. Lesion segmentation results. (a) original image, (b) estimated distortion field,
(c) corrected image, (d) segmentation result applying LLIG and (e) final segmentation
after the segmentation refinement.

Fig. 5. Box diagrams of DSC and Area Overlap measures for all the methods

Table 1. Comparison between measure means obtained for each method

Method Sensitivity Specificity PPV Area Overlap DSC Missegmented Images

Original 0.8978 0.7577 0.6723 0.6110 0.7544 8/56
LLIG 0.8701 0.7589 0.6757 0.5996 0.7437 11/56
LLIP 0.8035 0.6706 0.5946 0.5538 0.6696 15/56
LLSI 0.7889 0.7016 0.6432 0.5848 0.6912 13/56

4 Conclusion

After this study, we have concluded that fully automatic initialization is a hard
task using intensity values only. For that reason, we have presented three different
approaches where only a one-click interaction is needed. This supposes a high
reduction of the user interaction compared to the original approach where a
manual selection of the Gaussian parameters was needed. We have compared the
obtained results with the original method and we have concluded that all the
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three methods are comparable to the original proposal although LLIG method
seems to be more robust and accurate taking into account all the measures used.
This lead us to remark that we have improved the original method by means of
simplifying the initialization process with no significant loss of correctness.

In order to improve the initialization of the method we propose as a future
work to include additional information such as classical features (i.e. SIFT, tex-
tons, etc.) or information extracted from the elastography.
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Abstract. Image binarization is a common operation in the pre-
processing stage in most Optical Music Recognition (OMR) systems.
The choice of an appropriate binarization method for handwritten music
scores is a difficult problem. Several works have already evaluated the
performance of existing binarization processes in diverse applications.
However, no goal-directed studies for music sheets documents were car-
ried out. This paper presents a novel binarization method based in the
content knowledge of the image. The method only needs the estimation
of the staffline thickness and the vertical distance between two stafflines.
This information is extracted directly from the gray level music score.
The proposed binarization procedure is experimentally compared with
several state of the art methods.

Keywords: Computer Vision, Image Processing, Optical Music Recog-
nition.

1 Introduction
Printed documents and handwritten manuscripts deteriorate over time, causing
a significant amount of information to be permanently lost. Among such perish-
able documents, musical scores are especially problematic. Digitization has been
commonly used as a possible tool for preservation, offering easy duplications,
distribution, and digital processing. However, to transform the paper-based mu-
sic scores and manuscripts into a machine-readable symbolic format, an Optical
Music Recognition (OMR) system is needed.

After the image preprocessing (application of several techniques, e.g. binariza-
tion, noise removal, among others, to make the recognition process more robust
and efficient), an OMR system can be broadly divided in three principal mod-
ules: recognition of musical symbols from a music sheet; reconstruction of the
musical information to build a logical description of musical notation; construc-
tion of a musical notation model for its representation as a symbolic description
of the musical sheet.

The binarization of the music score seldom justifies significant attention, with
researchers invariably using some standard binarization procedure, such as the
Otsu’s method (e.g. [1]). Nonetheless, the development of binarization methods
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specific to music scores has the potential of showing better performance than the
generic counterparts and of leveraging the performance of subsequent operations.

Effective binarization of images should not only use the raw pixel informa-
tion, but consider the image content as well. Unfortunately, since the binarization
procedure is usually the first step of the processing system, there is usually no
information available about the image content to assist the binarization pro-
cedure. A possible workaround is when we are able to extract content related
information from the gray-scale image to guide the binarization procedure.

The recent work [2] on the estimation of the staffline thickness and distance
without binarizing the music score, working directly in the gray-scale image,
opens the door to such content aware image binarization applied to music scores,
which we explore in this work.

1.1 Related Work

Different methods for image binarization have been developed and proposed in
the literature. The categorization of existing techniques adopted in this work
follows the survey presented in [3].

Global thresholding methods apply one threshold to the entire image. Among
these techniques, the Otsu threshold selection is ranked as the best and the
fastest global thresholding method [4]. It considers that the image contains two
classes of pixels – foreground and background. The algorithm computes the pa-
rameter of intensity level T by maximizing the variance between the classes. This
procedure considers that any point that presents an intensity equal or greater
than T belongs to one class, and all the others are considered part of the other
class [5]. Entropy-based methods are also very common in the image segmen-
tation area. In [6], an image thresholding based in Tsallis entropy is proposed.
The authors claim that by using Tsallis entropy they can avoid the presence of
nonadditive information in some type of images that influence the segmentation
operation. Edge information has also been used by several image binarization
methods. In [7] the Canny edge detector was adopted: if the boundaries of actual
objects in the edge image are considerably complete and closed, the binarized
image can be obtained with seed filling inside the boundaries of the objects.
Other works encompass similarity measures between the gray-level and the bi-
narized images such as the minimization of fuzziness shapes [8] or the smoothed
histogram via Gaussians to detect peaks and valleys [9].

In adaptive binarization methods a threshold is assigned to each pixel using
local information from the image. The Bernsen’s local thresholding method [10]
computes the local minimum and maximum for a neighborhood around each
pixel level, and uses the mean of the two as the threshold for the pixel in con-
sideration. Niblack [11] suggested using as local information for the threshold
decision the mean and the standard deviation of the pixel’s neighbourhood. The
works of [12,13] applied this technique to their OMR procedures.

Although there is goal directed evaluation of binarization methods, there is no
goal-directed design of binarization methods specific for certain class of images.
Existing methods are generic in the sense that are agnostic of the content of the
image.
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2 Robust Estimation of Staffline Thickness and Spacing
in the Gray-Scale Domain

The conventional estimation of the staffline thickness and spacing assumes the
run-length encoding (RLE) of each column of the binary music score. In this
representation, the most common black-run is likely to represent the staffline
thickness and the most common white-run is likely to represent the staffline
spacing. Even in music scores with different staff sizes, there will be prominent
peaks at the most frequent thickness and spacing. These estimates are also im-
mune to severe rotation of the image.

In [2] the authors suggest to estimate directly the sum of the staffline thickness
and spacing, hereafter termed line thickness+spacing, since this can be robustly
estimated by finding the most common sum of two consecutive vertical runs
(either black run followed by white run or the reverse).

Moreover, instead of computing the most frequent peak in the histogram of
the runs for a binarized image (binarized with a state-of-the-art binarization
method), the authors propose to compute the histogram of the runs for ‘every’
possible binary image, by accumulating the runs’ frequency when varying the
binarization threshold from the lowest to the highest possible values. This proce-
dure of computing the reference length line thickness+spacing without assum-
ing any binarization threshold, allows the extraction of important information
directly from the gray-scale image. We propose now to use this information to
guide the binarization procedure.

3 Content Aware Music Score Binarization

As stated in the introduction, an OMR system typically encompasses, in one of
its first steps, the detection of the stafflines to facilitate the subsequent opera-
tions. A binarization method designed to maximize the number of the pairs of
consecutive runs summing line thickness+spacing (the peak computed over the
gray-level image) will likely maximize the quality of the binarized lines. How-
ever, the direct maximization of the count of pairs of consecutive runs summing
line thickness+spacing could lead to a threshold value producing many, ‘noisy’,
runs, and as a side effect, many runs at line thickness+spacing. The use of rel-
ative histograms is also prone to problems since now one may end up choosing a
threshold with a very low absolute count of runs in line thickness+spacing but
that, by chance, is the highest relative count.

Therefore, we restrict the candidate thresholds to those producing a histogram
of runs with the mode at line thickness+spacing. If no threshold is found with
this condition (note that even if the integration over all thresholds does have
a mode at line thickness+spacing, it is possible that no individual threshold
produces a histogram with mode at line thickness+spacing), we consider the
minimum integer i for which there are threshold values with histogram mode at
line thickness+spacing ±i. From the set of candidate thresholds, the proposed
binarization method for music scores simply selects the threshold that maximizes
the count of pairs of consecutive runs on the mode.
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3.1 Using Other Reference Lengths to Guide the Binarization

The same rationale used to motivate the estimation of the sum of pair of consec-
utive lengths, can be used to work with sets of three or more consecutive runs.
However, two problems arise when proceeding that way: there is the underlying
assumption that each staff have enough lines to give meaning to the consecutive
runs and one starts getting less and less values to accumulate in the histogram,
potentially leading to less accurate estimations.

A potentially interesting balance is estimating the sum of two times the line
thickness plus the spacing, line 2thickness+spacing, by working with the fre-
quencies of triplets (black run, white run, black run). This only assumes that
each staff has at least two lines, but does impact the number of accumulated
values, roughly halving it. The proposed content aware binarization method
does not suffer any adaptation, besides the change of the reference length,
line thickness+spacing by line 2thickness+spacing. Further on in this paper
we will compare the two options. In Fig. 1 we illustrate the results obtained
with the proposed approach, using the two aforementioned reference lengths.
One can observe that the resulting stafflines have good quality, with minor dif-
ferences between the two results. Nevertheless, the original music score in this

(a) Reference length:
line thickness+spacing

(b) Reference length:
line 2thickness+spacing

Fig. 1. Result of binarizing an example of a music score

particular example is not correctly binarized with a global threshold. The digital-
ization of bound documents, such as books, either performed by flatbed scanners
or digital cameras often yields images that exhibit a gradient-like distortion in
the average colour in the region close to the book spine. In these cases, adaptive
methods can show better performance.

3.2 Adaptive Content Aware Music Score Binarization

Despite having been presented as a global thresholding method and having been
applied it to the whole image, nothing prevents the application of the just de-
veloped ideas to a sampling window around a pixel p, effectively converting the
proposed method to a local method.

As with other adaptive methods, the size of the sampling window is a key
parameter. With our approach, the sampling window should be big enough to
accumulate enough information (runs) to provide a proper solution. Since the



704 T. Pinto et al.

(a) Reference length:
line thickness+spacing

(b) Reference length:
line 2thickness+spacing

Fig. 2. Result of binarizing an example of a music score with the adaptive method

typical distortions in this kind of documents are vertically oriented, the local
threshold should be constant along a column of the image. Therefore we suggest
computing a single threshold per column, using as window a vertical strip with
height equal to the height of the image and width defined by the user. In order to
reduce the computational cost, the threshold value is calculated by interpolating
the values on a set of sampled columns. In Fig. 2 we illustrate the results obtained
with the proposed approach, using a window width and step size of 2% of the
width of the image, and cubic polynomial interpolation. In this example, the
adaptive method using the line thickness+spacing reference length provided
the best results, with a better staffline definition.

4 Experimental Evaluation

In order to support the comparison between different binarization procedures,
quantitative evaluation methods were run on a dataset of music scores. This
dataset is composed of 65 handwritten scores, from 6 different authors. All the
scores in the dataset were reduced to gray level information. The methods chosen
try to encompass different categories of thresholding operations. Some of the
algorithms tested required the input of different parameters that were obtained
by experimental testing. For Sahoo’s Correlation method: Q1 = 0.4, Q2 = 1, Q3

= 3; for Tsallis entropy method: α = 2.
For global thresholding processes, three different approaches were taken for

evaluation: Difference from Reference Threshold (DRT); Misclassification Error
(ME); comparison between results of staff finder algorithms applied to each
binarized image. For the first method (DRT), five people were asked to choose
the best possible threshold for each image. The average value of these chosen
thresholds was compared to the resulting threshold value of each binarization.
Ground truth versions of some scores from the dataset were also used as a
comparison procedure. The Misclassification Error was defined as the difference
rate between these ground truth images and the resulting images from each
binarization as:

ME = 1− #(Bbin ∩Bgt) + #(Fbin ∩ Fgt)
#Bbin + #Fbin

(1)
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Table 1. Test results for various global thresholding methods, using different evalua-
tions: difference from reference thresholds values, misclassification error (in percentage),
staff detection error rates for missed and false staffs (in percentage) with Stable Path
and Dalitz

Huang [8] Khashman [15] Kapur[16] Sahoo [17] Tsai [9] Tsallis [6] Otsu [5] BLIST pairs BLIST triplets

DRT: avg 48 33 50 50 29 50 19 19 29

ME: avg % 6.2 3.8 4.9 7.6 4.7 5.7 4.6 4.8 5.1

SP False: avg(std) % 2.6(5.5) 2.1(4.0) 1.4(3.4) 3.5(10.2) 2.1(4.1) 3.3(7.4) 2.0(3.4) 1.3(2.7) 1.7(3.7)

SP Missed: avg(std) % 18.0(34.5) 30.2(42.3) 27.1(42.3) 25.7(40.1) 17.0(30.3) 21.0(36.4) 8.6(20.5) 1.5(2.8) 2.8(6.3)

Dal False: avg(std) % 21.6(41.1) 3.2(7.8) 1.8(4.2) 5.4(25.6) 4.4(8.1) 2.4(6.0) 3.6(5.4) 3.2(5.0) 3.8(6.5)

Dal Missed: avg(std) % 39.6(36.9) 32.7(41.4) 31.2(42.0) 35.4(42.5) 25.4(35.0) 31.5(41.8) 18.8(31.0) 14.8(28.6) 14.9(27.4)

In Eq. (1) Bbin and Fbin represent the background and foreground pixels of the
binarization being tested, and Bgt and Fgt the background and foreground pixels
in the reference ground truth image, respectivelly. # is the cardinality, or more
precisely, the number of elements in a specific set. Since the manual binariza-
tion of the images is very time consuming, this evaluation method was applied
only to ten scores chosen randomly from the complete dataset. The third tech-
nique is based on the results of staff finding algorithms applied to the binarized
scores. Comparing these results, one can detect the method that will most likely
produce the best outputs in the next image processing steps. The staff finding
algorithms applied were Stable Path [1] and Dalitz [14]. Table 1 summarizes all
the results. Both versions of the Binarization based in LIne Spacing and Thick-
ness (BLIST) method, proposed in this article, performed above average. Even
so, the version that uses the pairs of runs instead of the triplets did better in
the tests. This version will be considered on all the following comparisons. En-
tropy based binarizations and Khashman’s algorithms got fairly similar results
to each other. Huang and Tsai managed to top these results, with acceptable
line detection rates and Misclassification Error. There are, however, two bina-
rization techniques that get consistently better results than the others: Otsu’s
Method and BLIST method. The only major difference is the higher missed staff
detection rate for the Otsu’s algorithm.

Global methods can generally produce good outputs. Even so, for some of
the scores, like those with heterogenous light distribution resulting from the
digitalization process, there is no perfect threshold. In these scores, it is not
possible to find a single threshold value that produces both the presence of
perfectly connected staves and no occlusion of data with noise. Although staves
can be correctly found in global thresholding procedures, adaptive methods can
produce results with little or no loss of information.

The adaptive version of the BLIST method was implemented as described
previously. The window width used was a fixed percentage of the total image
width. The interpolation of the threshold values obtained was generated with a
third degree polynomial regression. Otsu’s method, having good results among
global methods was also implemented as adaptive, using the same reasoning.
Most adaptive algorithms tested required the input of some parameters, deter-
mined experimentally. For Bernsen: window size= 10x10 px, minimum difference
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in contrast = 20; for Niblack: window size = 200x200 px, k = -1; for Otsu
Adaptive: window width= 2% image width; for Adaptive BLIST: window width
= 2% of image width.

For the adaptive binarizations, the Misclassification Errors were all very simi-
lar. A further analysis was conducted, still based on ground truths of ten scores.
Two new error rates are presented: the Missed Object Pixel rate and the False
Object Pixel, dealing with loss in object pixels and excess noise, respectively.

MOPx = #Fgt−#(Fbin∩Fgt)
#Fgt

, FOPx = #Fbin−#(Fbin∩Fgt)
#Fbin

Table 2. Test results for various local thresholding methods, using different evaluations
(in percentage): misclassification error, Missed Object Pixels, False Object Pixels, staff
detection error rates for missed and false staffs with Stable Path and Dalitz.

Bernsen [10] Chen [7] Ad BLIST Niblack [11] Ad Otsu YB [18]

ME: avg % 4.3 3.2 4.2 4.3 4.2 3.5

MOPx: avg % 24.6 22.5 15.6 22.5 21.7 12.4

FOPx: avg % 13.2 4.3 18.5 13.8 16.5 14.7

SP False: avg(std) % 1.3(3.0) 9.9(9.7) 2.1(5.6) 3.2(4.6) 2.7(5.9) 4.2(7.6)

SP Missed: avg(std) % 1.9(4.4) 33.0(32.8) 2.3(5.5) 14.2(23.2) 10.7(23.6) 7.9(13.8)

Dal False: avg(std) % 3.9(12.9) 3.4(5.6) 3.8(6.2) 3.1(5.1) 3.2(4.9) 3.5(6.1)

Dal Missed: avg(std) % 9.0(16.2) 17.3(27.0) 8.4(14.6) 10.2(14.1) 10.7(18.9) 7.7(10.1)

Ad BLIST and YB show the lowest MOPx, meaning these are the methods
that find most of the correct pixels, which translates into lower missed staves
rates. Even so, Ad BLIST also has a FOPx rate slightly higher than the other
methods. This higher noise also translates into a slightly higher false staves rate
with Dalitz method. Bernsen’s binarizations, although presenting the highest
missed pixel rate, seem to perform well in the staff finding steps, having both
the lowest missed and false staves rates.

5 Conclusion

Many binarization techniques have been proposed for digital images in the past.
These methods can be applied to music scores with different rates of success
although none is based on the knowledge of the content of a music score. The
main contribution of this work is the introduction of a content aware binariza-
tion method for music scores. The method, based on the knowledge of the staff
line thickness and spacing, extracted directly from the gray-level image, tries to
find the threshold that maximizes the information content of the image, as mea-
sured by these values. We then introduced an adaptive version of our method.
The basic idea of using knowledge from the image to improve the binarization
operation, may apply in other areas of document image analysis, or in general
image analysis.
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Abstract. The dynamics of image acquisition conditions for gastroen-
terology imaging scenarios pose novel challenges for automatic computer
assisted decision systems. Such systems should have the ability to mimic
the tissue characterization of the physicians. In this paper, our objective
is to compare some feature extraction methods to classify a Chromoen-
doscopy image into two different classes: Normal and Potentially can-
cerous. Results show that LoG filters generally give best classification
accuracy among the other feature extraction methods considered.

Keywords: Endoscopy, Computer Assisted Diagnosis, Gradient.

1 Introduction

Gastric cancer is a major cause of death worldwide. From a total of 57 mil-
lion deaths worldwide in 2004, cancer accounts for 7.4 million (or 13%) of
all deaths (World Health Organization, www.euro.who.int). Gastroenterology
Imaging (GI) is today an essential tool for clinicians to detect cancer effectively.
This is a rapidly evolving technological area with novel imaging devices such
as Capsule, Narrow-Band Imaging (NBI) or High-Definition Endoscopy. In this
paper, we are focused on classifying images from one of the most widely used
gastrointestinal imaging modality: Chromoendoscopy (CH). It is based on using
the full visible spectrum of light, accompanied by staining of the GI tissue with
a dye, such as methylene blue to enhance the gastric mucosa in the images, thus
helping in classifying the images as normal, pre-cancerous or cancerous. The
clinical support of our work is provided by Dinis-Ribeiro classification proposal
[1] which underlines the features which are supportive for classifying the images.
Owing to the difficulties in the manual diagnosis systems and the training of clin-
icians for these novel imaging modalities, Computer Assisted Decision (CAD)
systems are increasingly desirable to detect Gastrointestinal cancer effectively.

Our objective in this paper is to classify the CH images as being ‘normal’
(Group A) or ‘potentially cancerous’ (Group B). Our previous work shows the
dominance of texture features in such images hinting at proficiency of methods
based texture feature extraction for classifying such images (paper submitted in
a journal for peer review). Many texture recognition methods are available in the
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literature, which can be mainly divided into four different categories: statistical
methods, model based methods, structural methods and filter based methods
[2]. Most techniques based on the former methods are more suitable for highly
regular, semi-regular or micro-textures. These problems are mitigated by filter-
based methods due their diversity provided by their ability to combine micro-
and macro- texture features, thus giving a richer description of the images. In this
paper, we focus on the extraction of interest points in the images followed by the
use of Edge Histograms for finally classifying our images. The outline of the paper
is as follows: We discuss the dataset (Section 2), followed by our methodology of
feature extraction (Section 3). Afterwards, we describe our experimental setup
(Section 4), followed by discussion and future work (Section 5).

2 Materials

The CH images were obtained using an Olympus GIF-H180 endoscope at the
Portuguese Institute of Oncology (IPO) Porto, Portugal during routine clinical
work. Optical characteristics of this endoscope include 140 field of view and four
way angulation (210 up, 90 down and 100 right/left). The endoscopic videos
were recorded on tapes using a Digital Video (DV) recorder while performing
real endoscopic examinations. Around 4 hours of video (360000 frames) were
analyzed and 176 images were initially selected given their clinical relevance.
This was first determined by pre-selecting images that were annotated during
the procedure by the clinician performing the exam, and later each image was
individually selected for this study by an expert clinician. Images were saved
as graphics files of type PNG (Portable Network Graphics) with a resolution
of 518x481. Two clinicians classified these images into three groups, following
Dinis-Ribeiro’s classification proposal [1], manually segmenting the image region
that led them to this conclusion and labeling their choice with a confidence value
(high or low confidence). Our resulting gold-standard not only uses regions where
there was high-confidence annotations and agreement between the two specialists
(135 images), but a second analysis was carefully performed for images where
both doctors were confident and obtained different results. This typically showed
that they selected different regions in an image that corresponded to different
classifications. The final number of high-confidence image regions used in this
study was thus increased by 41 to a total of 176. Finally, a careful analysis of
images was carried out to remove the images belonging to the same patients,
giving us a dataset of 142 images distributed as 31.6 % (45 images) belonging
to Group I, 54.9 % (78 images) belonging to Group II and 13.3 % (19 images)
to Group III.

3 Methods

3.1 Interest Point Detection

Conventionally, the spatial characteristics of an image are usually smooth over a
particular neighborhood which makes a lot of data redundant. This enforces the
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Fig. 1. Typical normal and cancerous images. A distinct clear observation is the rich-
ness of texture for cancerous image, resulting from distortion of pattern.

need to discard the redundant data and take into account only a set of points
which contain the salient features in the images. Our CH images show distinc-
tive information between normal and potentially cancerous images, especially in
terms of the distribution of interest points. For normal images this distribution
is expected to be sparse in an area of annotation due to smooth texture whereas
for other images we expect their dense distribution due to high texture. Also, we
want to mimic the manual annotation of the physician by selecting some interest
points in the images, which are representatives of important visual character-
istics of the images. This motivates us to extract interest points in the images
and process them to obtain salient features in images. We use three different
methods for this purpose:

Harris operator: They are widely used for corner detection. For a 2-dimensional
image, the Harris matrix is constructed which is a representative of the image
derivatives. The magnitude of Eigen values of this matrix is a representative of
potential corners in the image [3].
FAST operator: This operator considers the pixels under a Bresenham circle of a
particular radius around an interest point [4] . The original detector classifies a
point as a corner if there exists a set of contiguous pixels in the circle which are
all brighter than the intensity of the candidate pixel plus a threshold or darker
than the intensity of candidate pixel minus a threshold.
SIFT operator: This operator identifies scale-invariant features using a filtering
approach through different stages [5]. In the first stage, key location in the scale
space are selected by looking for location that are maxima or minima of different
of Gaussian (DoG) function. The next steps consist of resampling the image and
repeating the same procedure. The number of resampling stages conform the
scale-space. Maxima and minima of this function are determined by comparing
each pixel in a stage to its neighbors. It eventually detects key points which are
translation, rotation and scale invariant.
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Experiments show that the density of interest points in an annotated region
could possibly be an indicator of richness of the texture which in turn can help
us in characterizing the image into their respective classes.

3.2 Feature Extraction

The perception of salient points in the images is greatly affected by the amount
and intensity of gradients. Even under varying lighting conditions, the most
robust way to characterize an image could be the distribution and intensity of
gradients in the images. It is one of the most fundamental tasks in computer
vision. A variety of filters can be used this purpose, we used the following:

Fig. 2. Image after filtering using log, laplacian and valleyness filters

Laplacian filter: Laplacian is a differential operator given by divergence of the
gradient of the function on the Euclidean space [6]. In image processing, this
operator is used for various tasks such as blob detection or edge detection.
Log filter: LoG is an acronym for Laplacian of Gaussian. It is one of the most
common blob detectors. It combines the use of two operators (Laplacian and
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Gaussian) to improve blob detection [6]. For an input image, convolution with a
Gaussian filter is done and then the Laplacian operator is applied. This operator
usually gives strong positive responses for dark and strong negatives responses
for bright blobs.
Valleyness filter: Ridges and valleys are useful geometric features for image anal-
ysis [7]. Researchers have characterized the mathematical model of the flow of
water on the earth’s surface based on the presence of ridges and valleys in the
images. These models have lately been used for feature extraction and segmen-
tation of the images by a well known method known as watershed segmentation.
We use the valleyness operator to extract the ridge and valley features from the
images.

3.3 Classification

The feature extraction is followed by a generation of histograms of underlying
features. Those histograms are then used for classification of images into their
respective classes. We classify these histograms using Support Vector Machines
(linear kernel, one vs. one classification, sequential optimization) [8]. The objec-
tive of the classification task is to classify each image into two possible categories:
Group A, which are images of patients which have no signs of cancer and Group
B, which are images of patients who either are at initial stages of cancer or those
who are suffering from cancer.

4 Experimental Setup

4.1 Parameter Setting

The first task while formulating the experimental setup is parameter setting of
the methods. For this purpose, we divided the dataset into training and testing
set. From a total of 142 images in the dataset, we selected 15 training images,
which were used to tune the parameters of the methods used in this paper. Rest
of the 127 images were used for testing.
Parameter setting for interest point detectors: The physicians provided us with
ground truth data containing clinically relevant manual annotations (Region of
Interest - ROI) and the respective labels for each image (manually classified).
The objective of this step is to set the parameters of interest point detectors to
ensure that all the interest points lie inside the ROI. We used our training set
and their corresponding ROIs to tune the parameters such that all (or most) of
the points lie inside the ROI. Experiments show that this is an important step
as a change in the parameters of the methods can potentially result in a lot of
points in clinically uninteresting regions.
Parameter setting for feature extraction methods: In the above feature extrac-
tion methods, only two of them (log filters and valleyness) take a parameter as
input - the standard deviation of the Gaussian functions used. Experiments show
that selection of a smaller value gives higher classification accuracy, we therefore
used a small value (sigma = 0.5).
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4.2 Data Normalization

To obtain meaningful and comparable results, we need to normalize the data.
It involves eliminating the outliers, normalization of histogram and defining the
centers of bins, which are to be used for feature extraction. For each of the
feature extraction methodology, we sort the features ascendingly and discard
5% of the features (2.5% of the features at the lower extrema and 2.5% at the
upper) to cater for the outliers. Mean and standard deviation from the rest of
the data are extracted and the remaining data is normalized to zero mean and
unit variance. Afterwards, 15 equally spaced bins between extrema of the rest of
the data are created. Our experiments show that using a smaller number of bins
depreciates the performance of the system, whereas using a higher number of
bins does not have a change on the average output any further. For every novel
image, the feature vectors are calculated and the outliers are discarded using
the same procedure and the remaining data is normalized by the mean and
standard deviation of the training set. Afterwards, the representative histogram
of an image is generated using the bins which were calculated using the training
set and the final feature vectors are obtained.

4.3 Classification Results

For analyzing the overall performance of the system, leave-one-out cross vali-
dation is used on 127 images which were saved for testing. This is because due
to the lack of sufficient amount of data, we should do adequate training of the
classifier to get consistent results. A visual illustration of our classification re-
sults is shown in Figure 3. The most notable observation in the graph is a higher
discrimination power of gray level histograms for classifying CH images. This
effectively means the classification is a function of image brightness. A deeper
analysis (Fig. 4a) of histogram distribution using gray level values with the ap-
plication of manual annotation mask shows that Group A images have an overall
brighter intensity as compared with Group B images. We suspect that this hap-
pens because of very high texture generally for Group B images which tends to
make the images to appear darker as compared with normal images. The need
of feature detection is emphasized by the fact that when using full images, we
have higher error rates for classification of both, Group A and Group B images
(Fig. 4b). When feature detection is used, low error rates are obtained thus em-
phasizing the need to pre-process the image using one of the feature detection
methods.

Relative conclusion does not change by altering feature detection methods,
therefore results with only Harris corners is presented (Fig. 4b). Another im-
portant observation is that although gray level histogram performs reasonably
well for CH images, LoG filter tend to perform better which can be observed
by visualizing lower error rates for LoG filters for both Group A and Group B
images.
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Fig. 3. Classification rates achieved for different feature extraction methods

Fig. 4. Detailed analysis of classification performance. (a). Significance of gray level
histograms (b). Advantages of feature detection.

5 Discussion

In this paper, we have used gradient based features to characterize Chromoen-
doscopy images into two different classes: Normal (Group A) and potentially
cancerous (Group B). An important observation from our experiments was that
the potential of gray level histograms of the images give unexpectedly good re-
sults. This is attributed to the richness of texture of images, which tends to
darken the image for Group B patterns. Importance of feature detection is high-
lighted by an analysis of classification errors for Group A and Group B images.
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When using full image for feature extraction, higher error rates are achieved
however using any on the feature detection methods comparatively improved
the results. This emphasizes the need to pre-process the images to select a few
interest points, which improve the final classification of the images. Future work
hints at studying the anatomy of the images in detail and trying to find ways to
extract invariant features, which are expected to give better performance for our
dataset. An interesting study would be the effects of reduction of simplification
by classifying the images into 3 classes (normal, pre-cancerous and cancerous).
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Abstract. Myocardial perfusion assessment is of paramount importance
for the diagnosis of coronary artery disease. This can be performed using
different image modalities such as single-photon emission computed to-
mography (SPECT) or magnetic resonance imaging (MRI). Recently,
cardiac multiple-detector computed tomography (MDCT) has shown
promising results with the benefit of gathering data regarding coronary
anatomy, ventricular function and myocardial perfusion in a single study.
Preliminary results for three different methods for automatic assess-
ment of myocardial perfusion from adenosine-induced stress MDCT are
presented.

1 Introduction

Multiple-detector row computed tomography (MDCT) cardiac angiography is
performed by injecting the patient with a contrast agent which will allow im-
proved visualization of the coronaries and heart chambers (ventricles and atria).

The classical MDCT acquisition is optimized for coronary imaging. However,
recently it has been proposed that the same acquisitions could be used for my-
ocardial perfusion imaging.

The MDCT acquisition is obtained during the first pass perfusion of contrast
agent. During this period, perfused myocardium appears slightly brighter (since
it is being perfused by blood containing contrast) [1]. If, due to coronary occlu-
sion, a region of the myocardium is hypoperfused, it will appear darker than the
remaining regions.

Under pharmacological stress, ischemic myocardial areas, which were normally
perfused at rest will appear darker, allowing detection of reversible ischemia. The
detection of these areas, usually related to the presence of significant epicardial
coronary stenosis, is one of the main goals of cardiac imaging. Ischemia is related
not only to symptoms but also to patient prognosis and its presence (more than
detection of coronary plaques or stenosis) should guide treatment.

Perfusion assessment may be done in 2D using only a few slices along the left
ventricle long axis. However, this is not a simple task since there is significant
inter-patient variability in the way the myocardium is enhanced. Even for a
particular patient, significant inter-segment enhancement variation may exist.
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Furthermore, perfusion analysis is usually performed visually and depends on
manual window/level adjustments which might vary among operators [2].

Another important issue is that perfusion analysis is usually performed us-
ing qualitative criteria, which may increase inter-observer variability and impair
comparison between studies. Semi-automatic quantification might help in the
development of a systematic approach, contributing to a decreased variability
among clinicians.

Following on previous work concerning left-ventricle functional analysis [3]
this article presents some preliminary work concerning automatic myocardial
perfusion assessment from adenosine-stress MDCT images. It starts with a brief
description of the image acquisition protocol and segmentation method, and
then presents three different approaches to myocardial perfusion assessment:
myocardium threshold, myocardial radial mean attenuation and segmental at-
tenuation histogram analysis. The article ends with some conclusions, including
a brief discussion regarding the presented methods, and ideas for future work.

2 Image Acquisition Protocol and Myocardium
Segmentation

Images were obtained by multiple-detector computed tomography (MDCT) us-
ing a 64-Slice CT scanner (Somaton Sensation 64, Siemens Medical Solutions,
Forchheim, Germany) with the following scan parameters: gantry rotation time
of 330ms; tube voltage of 100kV; tube current of 500 – 700 mAs; electrocardio-
graphic pulsing for decreasing radiation dose with full tube current applied at
60–65% of the cardiac cycle. Patients were under pharmacological stress by a
bolus of adenosine delivered according to patient body weight (140 μg/kg/min.).

Given that image acquisition was performed using a low radiation dose pro-
tocol – and due to the moving nature of the heart – images tend to present a
considerable amount of noise and movement artifacts. Overcoming these limita-
tions is essential to allow perfusion imaging to be used as a clinical important
tool. Powerful and specifically designed post-processing software is, therefore,
needed.

Before performing perfusion analysis, the myocardium is segmented. This is
performed with an improved version of the segmentation method proposed in
Silva et al. [4] and implemented in CardioAnalyzer [5]. This segmentation method
starts by proposing segmentations for the endocardium and epicardium and
allows users to correct them using a 3D editing tool [3].

After segmentation, the myocardium is processed in order to identify the 17
segments used for analysis [6], by dividing the myocardium in three parts along
its long axis (basal, mid-cavity and apical) and then dividing each of those parts
in six, six and four angular segments respectively. A segment is included for the
apical cap. Each of these segments has a direct correspondence with the different
regions of the polar map (also known as bull’s-eye diagram) which is often used
to depict myocardium analysis data (see figure 1).
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Fig. 1. The different segments considered when analysing the left ventricle and their
placement in the polar map

Fig. 2. Short-axis view of the left ventricle with the segmented myocardium identified
by red contour and a side-view of the myocardium partially showing 11 segments

Figure 2 shows, on the left, a short axis view of the left ventricle with the
segmented myocardium delimited in red and, on the right, a side view of the
myocardium showing some of its segments.

3 Threshold Based Method

The first method uses global myocardium statistics. The mean (x) and stan-
dard deviation (σ) for myocardium attenuation are computed. Then, each my-
ocardium voxel which has an attenuation lower than (x−σ) [7] is labeled as part
of a possible hypoperfused region. A representation of this labeling is performed
by superimposing a colored mask over the myocardium. Due to the noise present
in the images, in order to improve the mask by removing isolated hypoperfused
voxels or to fill small holes inside hypoperfused regions a smoothing filter is
applied.

Figure 3 shows two short-axis slices and their respective colored masks where
red/orange represent possible hypoperfused regions. This method of visualizing
the hypoperfused regions has the advantage of being window/level independent.

The colored mask described above highlights all possible hypoperfused re-
gions. Nevertheless, some of those regions might have resulted from an image
artifact. One important aspect to consider is that – due to the terminal circu-
lation pattern of the heart, myocardial perfusion develops from the epicardium
to the endocardium – all hypoperfused regions start near the endocardium and
may or may not expand to the subepicardium – but never the opposite. Thus,
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Fig. 3. Mask showing areas which might correspond to hypoperfusion since they have
an attenuation bellow x− 1.5σ

previously identified regions can be discarded if they do not involve the suben-
docardium. After removing these regions the mask can be processed in order to
provide a polar map which conveys a summary of the obtained data.

For each slice, along its long axis, the myocardium is analysed radially and
the total number of hypoperfused voxels is counted and divided by the total
number of voxels found (see figure 4). The obtained data varies between zero
(no hypoperfusion) to one (transmural lesion, i.e, from the endocardium to the
epicardium) providing local perfusion data, as depicted in polar map (a) in
figure 8.

Fig. 4. The myocardium is analysed radially to compute the number of voxels corre-
sponding to hypoperfusion

Then, the ratio between the total number of hypoperfused voxels and the
total number of voxels in each myocardial segment is computed resulting in the
regional (i.e., one value for each myocardial segment) polar map presented as
(b) in figure 8.

4 Myocardium Radial Mean Attenuation

For all available slices along the left ventricle long axis, myocardium mean radial
attenuation is computed. The highest radial mean attenuation value obtained is
considered to correspond to a region presenting the best possible perfusion and
the remaining values represented accordingly in a polar map.
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Polar map (c) in figure 8, depicts the mean radial myocardial attenuation using
a color scale typically used in workstations for myocardial perfusion assessment
from SPECT. Using this color scale the hypoperfused regions appear darker than
the remaining regions.

5 Segmental Attenuation Histogram

A different approach to perfusion analysis tested (as proposed by Kachenoura et
al. [2]), consists in performing the analysis using the statistics of each myocardial
segment instead of the statistics for the whole myocardium. For each segment
the attenuation histogram is computed. Then, the histogram of the segment
with the highest mean is used as a reference and subtracted from the histograms
of the remaining segments. Figure 5 illustrates this procedure.

Fig. 5. The reference histogram is subtracted from the analysed segment histogram and
the area below the difference histogram which does not overlap the reference histogram
is used to compute the hypoperfused volume

Based on the obtained difference histogram three methods to assess perfusion
have been tested. The first method considers the area bellow the difference his-
togram and divides it by the total number of voxels in the analysed segment.
The second method considers the area below the difference histogram which does
not overlap with the reference histogram also dividing it by the total number of
voxels in the analysed segment. The third method uses the product of the result
obtained using the second method with the distance between the maxima of the
reference histogram and the difference histogram.

Figure 6 shows the polar maps obtained for a patient using the three methods.
Using the third method results in a clearer representation, better highlighting
the segments with a higher level of hypoperfusion.

As previously stated, there is a natural occurring difference between the mean
attenuation values for each myocardial segment due to the image acquisition
method characteristics. Therefore, in normal (well perfused myocardium) condi-
tions, the histograms for different segments might not completely overlap and,
eventhough this difference is usually lower than that observed between healthy
and hypoperfused segments, it still affects the detection of borderline situations
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Fig. 6. Polar maps obtained for the three segmental histogram based methods tested

and hypoperfusion quantification. To cope with this issue it is important to de-
termine the mean attenuation for each segment, for well perfused myocardia, and
then account for this naturally occurring deviation when computing histogram
differences.

Mean attenuation values for all myocardial segments (except the apex) have
been computed from a set of 7 patients with no coronary artery disease, as
assessed by coronary catheterization and a normal myocardium perfusion, as
assessed by adenosine stress perfusion CMR. Figure 7 shows the mean attenua-
tions obtained for all segments. Notice the wave-like variation among segments,
consistent with analogous results obtained by Kachenoura et al. [2]. Considering
the small number of patients involved, these are preliminary results and we aim
to extend this study to a larger population.

Fig. 7. Mean attenuation for all myocardial segments (except the apex) and respective
standard deviation

With these segmental mean attenuations it is possible to adjust the reference
histogram, before performing the subtraction, by shifting it left or right ac-
cording to the naturally occurring mean attenuation difference between the two
segments. The polar maps presented in figure 6 have been computed considering
such shifts.

6 Conclusions and Future Work

The presented methods for perfusion assessment provide promising results al-
lowing the detection and quantification of hypoperfused regions.
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The use of myocardium threshold allows detection of possible hypoperfused
regions and, with a postprocessing step, elimination of those with no contact with
the endocardium. This is important since those hypoenhanced regions probably
represent acquisition artifacts. It is also possible to measure the transmurality of
the lesions which might be important for prognostic assessment and management
decision.

Computing the mean radial attenuation also provides interesting results but
using the highest mean radial attenuation as a reference might strongly affect
the representation in the polar map if, for example, an image artifact results in
an unusually high mean attenuation for a section of the myocardium. Therefore,
a more robust method to find a reference is needed, e.g., removing outlier voxels
from mean computation.

Perfusion assessment based on segmental myocardial histograms provides good
results. As proposed by Kachenoura et al. [2] using a mixed index accounting
for severity (how low the attenuation goes) and volume (how much voxels are
below the reference) of the lesions leads to a good distinction between healthy
and hypoperfused segments. Furthermore, this method also allows proper adjust-
ments considering the naturally occurring mean attenuation differences among
myocardial segments.

Figure 8 shows three representative slices for a patient and polar maps ob-
tained using the different methods described in this article. Notice how the dif-
ferent polar maps present coherent results.

Fig. 8. Top, representative basal, mid-cavity and apical slices; bottom, from left
to right, corresponding polar maps obtained using local transmurality, regional hy-
poperfused volume, radial myocardial mean attenuation and segmental attenuation
histograms
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There is still work which can be done to improve the obtained results. Given
the possible existence of artifacts in the images it might be helpful to perform
perfusion analysis in both systole and diastole. This would allow the detection
and elimination of false positive regions by discarding those which are not com-
mon to both phases.

Eventhough the obtained perfusion analysis results make sense (i.e., the high-
lighted regions in the polar maps correspond to hypoperfused areas in the my-
ocardium and the values obtained for the hypoperfused myocardium volumes
have a clear meaning), it is important to compare them against perfusion as-
sessment results provided by clinicians. This will allow a calibration of the color
mappings used on the polar maps in order to, for example, attribute a precise
meaning to each color in terms of hypoperfusion severity/extent. Although the
presented methods allow a reasonable detection of moderate/serious hypoper-
fused regions, one of the main difficulties found is to detect small lesions. A
comparison with perfusion assessment results provided by clinicians might help
establish proper thresholds (e.g., resulting in a non-linear mapping between the
computed data and the color scale used to represent it) for improved represen-
tation and detection.

As each of the presented methods provides slightly different data (e.g., trans-
murality, local vs regional, etc.) it would be interesting to explore how they can
be blended to enhance the outputs.
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Abstract. One common approach to construction of highly accurate
classifiers for hadwritten digit recognition is fusion of several weaker
classifiers into a compound one, which (when meeting some constraints)
outperforms all the individual fused classifiers. This paper studies the
possibility of fusing classifiers of different kinds (Self-Organizing Maps,
Randomized Trees, and AdaBoost with MB-LBP weak hypotheses) con-
structed on training sets resampled to different resolutions. While it is
common to select one resolution of the input samples as the “ideal one”
and fuse classifiers constructed for it, this paper shows that the accu-
racy of classification can be improved by fusing information from several
scales.

Keywords: Digit Recognition, Classifier Fusion, Multiresolution.

1 Introduction

Recognition of handwritten digits is a popular basic task of computer vision
and machine learning. This can be explained both by its application potential
(automatic processing of various forms etc.) and by its properties from the point
of view of machine learning. In contrast to recognition of letters and especially
continuous text, in the case of digits, the number of classes is reasonably low and
no further syntactic/semantic analysis helps recognition of separate samples, so
recognition of handwritten digits is a good (however rather simple) benchmark-
ing task in the field of pattern recognition and computer vision.

Fusion of classifiers is a popular approach to improving performance of a ma-
chine learning system [22], [12]. Typically, different classification principles or
classifiers using different feature extractors are used (e.g. [7]). Recently, Lúıs A.
Alexandre explored the possibility to improve classification performance on the
task of gender recognition [2]. A common approach to face detection, recogni-
tion, and related tasks is to identify an “ideal” image resolution, resample the
images to it and use it for processing. Alexandre points out that although one of
the resolutions can be identified as the best performing, the classification perfor-
mance can be improved by using several different resolutions. The gain by fusion
of classifiers of different sampling resolutions seems to be even higher than the
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gain of fusing classifiers using different feature sets (histograms of oriented gra-
dients and local binary patterns were used). The best (by far) result is obtained
by fusing different feature extractors and different resolutions at the same time.
Note that the fusion principle Alexandre used was the simplest possible: decision
by majority of classifiers. This paper reports a set of experiments using multiple
resolutions to improve recognition of handwritten digits.

2 Handwritten Digits Recognition Background

The problem of handwritten digits recognition is popular [15], [17], [14] and
therefore more databases of samples exist ([18], [24], [25], . . . ), which are used
for training and testing the recognition systems. The most popular and most
frequently used database is the MNIST database of handwritten digits [18]. This
database was constructed by mixing two NIST (National Institute of Standards
and Technology) databases. The database includes two datasets: the training
dataset comprises 60 000 patterns and the testing dataset 10 000 patterns, 28×28
pixels in greyscale for each sample.

This paper evaluates several recognition systems based on three different
methods described below. The evaluations use the MNIST database for both
training and testing. In the case of the randomized trees and the SOM, the
database is binarized by thresholding in the same manner as in [10].

Self-Organizing Maps. Self-Organizing Maps (SOM) [13] were chosen as a
method based on neural networks, where the arrangement of neurons is defined
exactly and it does not have any hidden layer. Usage of SOM to recognition of
handwritten digits on the MNIST database was based on the work of Appiah
et al. [3].

The essence of the training process is iterative: a new neural network is created
based on the previous one, with better recognition ability. During training, each
neuron adapts its weight and collects information about the count of digits for
which it is winning over the other neurons. Experiments show that the best SOM
size for MNIST database is 10 × 10. This constitutes a compromise between
accuracy and time/spatial complexity. The training set was divided into smaller
parts (∼ 1000 samples) because the SOM are overtraining quickly for a huge
set of samples. This dividing together with random weight initialization for each
neuron in the net causes variability required by fusion.

Randomized Trees. The algorithm [10,4] is based on finding a relationship
between areas of interest that would be unique for each class of digits. A potential
area of interest is a neighbourhood of pixels (e.g. 4 × 4) which contains both
values possible in the binarized image. Each neighbourhood is classified into a
certain class called a tag. The relationship of two particular tags and their mutual
direction (out of 8 possible directions: north, north-east, east, . . . ) is called a
rule. The decision tree is constructed with decision rules in each non-leaf node.
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The classification of neighbourhoods is carried out by a binary decision tree.
This tree is called the tag tree. The criterion at each non-leaf node of the tag
tree is the value of one pixel whose position is stored in the node.

The second phase of training is assembling the decision tree using the tags
assigned by the tag tree. The decision tree uses rules for sorting patterns into the
subtrees and leafs. Since it is impossible to investigate all rules during training
for all nodes, only a subset of possible rules is selected for training each node
randomly. This randomness determines the variability among the trees trained
on the same training set – similarly to the SOM, this is important for later
fusion.

Adaptive Boosting. Adaptive boosting [23,9] is a machine learning algorithm,
which can significantly reduce the error of another learning algorithm. Its input
is a set weak classifiers for learning and it uses a set of previously wrongly
classified objects to select and train new classifiers. The result is the robust strong
classifier. Adaptive boosting was used for recognition of handwritten digits by
Carter [6].

The recognition method used in our system is similar to a method previ-
ously used for face recognition [19]. In this article, the Multi-Block Local Binary
Pattern (MB-LBP) were defined and used instead of the original Local Binary
Patterns (LBP) [21] that has been proved to be effective for face recognition by
Ahonen et al. [1].

3 Multiresolution Classifier Fusion

Classifier fusion [22,12] – particularly in the case of recognition of handwrit-
ten digits [8] – can generate more accurate classification than each of the basic
classifiers. Use of fusion is only reasonable if the learning algorithm is not de-
terministic and therefore it can produce different classifiers or using at least two
different classification algorithms. One learning algorithm can produce different
classifiers thanks to different algorithm parameters or using randomness or var-
ious inputs for training. Various inputs of the training process may be achieved
by division of the training set to smaller parts, by bootstrapping the training
set, or by rescaling input images to different scales. It is also possible to use
identical learning algorithm but with different feature sets extracted from the
input samples [2].

Majority Voting. is one of the simplest method of classifier fusion [16,11]. In
decision by majority, each classifier k outputs probability decision pk,i(x) about
the given pattern x for each class i. Value δk,i(x) in Equation (1) identifies the
class with the best response (in the case of handwritten digits recognition, ten
possible classes i exist):

δk,i(x) =

{
1 if ak,i(x) =

9
max
i=0

pk,i(x)

0 otherwise
(1)
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Each classifier votes for one class and all classifiers share equal weight. Equa-
tion (2) describes the function for majority voting, which uses these representa-
tions of classes to evaluate the ensemble response by all N classifiers.

Mi(x) =
N∑

k=0

δk,i(x) (2)

The pattern is recognized as belonging to the class which received the most
votes. If the maximal value is achieved for two or more classes, the decision is
made by randomly selecting one of them.

Averaging Log Likelihood Ratio. is a fast method, which considers all values
for different classes and not only the best selected class from each classifier. Some
classification principles (randomized trees, SOM) output directly the probabil-
ity pk,i(x) of each class. The conversion to LLR ak,i(x) can be done based on
Equation (3):

pk,i(x) =
1

1− eak,i(x)
(3)

Fusion of classifiers using averaging log likelihood ratio can be expressed as

Mi(x) =
N∑

k=0

ak,i(x); (4)

note that since the maximal value of Mi(x) is looked for, the right side of Equa-
tion (4) is not divided by the number of classifiers. The final decision is found
as the class i with maximal response of Mi(x).

Fusion by Linear Logistic Regression. As in the previous paragraphs, the
log likelihood ratio vector

lk(x) = (ak,0(x), ak,1(x), . . . , ak,9(x)) (5)

is obtained from the individual classifiers and its values are fused into one log
likelihood ratio used for the final decision l′ [5]:

l′(x) =
N∑

k=1

αklk(x) + β. (6)

The fusion coefficients are found as

(α1, α2, . . . , αN , β) = arg maxC′llr , (7)

where C′llr is calculated for the fused l′() over a supervised training database. For
this purpose, the training set is split into a part used for training the individual
classifiers and a part used for training the fusion by linear logistic regression [20].
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4 Experimental Results

This section reports the experiments carried out to find out the benefits of fusion
of different classification principles and different resolutions of the input samples.
One instance of any classifier is referred to as a weak classifier and a fused group
of weak classifiers is referred to as a strong classifier.

Fusion of Classifiers of Identical Parameters. requires a classification al-
gorithm which produces different classifier instances. We tested two recogni-
tion systems: classifiers based on randomized trees and classifiers based on self-
organizing maps.

Figure 1 shows how the addition of further weak classifiers has positive effect
to the accuracy on the recognition system. In this case, majority voting was
used for fusion. AdaBoost was not evaluated in this way because its base idea is
building a strong classifier from weak ones (MB-LBP in this case) already, and
for a given dataset of reasonable size (as is the case of the MNIST dataset), the
classifier construction is deterministic.

Fusion of Different Classifiers. uses classifiers with different properties to
evaluate the pattern precisely. Figure 2 (top) reports the fusion of the SOM and
randomized tree classifiers. Please, note that fusion of systems with significantly
different accuracy results in degradation of the successful system by the “noise”
introduced by the worse one.

Degradation of the system by fusion is shown clearly in Figure 2 (bottom),
which shows results of fusion of three systems. Fusion accuracy is worse (98.4%)
than the best performing system (AdaBoost, 98.82%) for all fusion methods
tested.

Multiscale Fusion for Different Classification Methods. is expected to
be useful when the learning algorithm is working locally. In such case, the output
classifier for a system with subsampled input will be less accurate than for full
resolution, but using multiscale fusion, the final result will be improved. If the
learning algorithm is deterministic and therefore produces only one classifier for
one given training set, the multiscale fusion could increase the accuracy even if
the learning algorithm operates globally over the sample area.

Figure 3 shows the gain achieved by this mode of fusion. AdaBoost and SOM
learning methods are working (more-or-less) globally, so the gain is not so evi-
dent. SOM with a constant number of weak classifier (“SOM” curve) does not
have any effect on the recognition accuracy because there was enough classi-
fiers working globally, but using only one classifier (“SOM – One”) for each
resolution caused accuracy increase. On the randomized tree recognition system
(“Rand Tree”), which has inverse properties (many classifiers work in local area)
compared to the SOM, the fusion worked well. The area of interest was enlarged
and the system could incorporate new information.

The following table reports the results of fusing of AdaBoost classifiers with
different minimal size (all sizes from the minimal one to 28 are fused, one
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Fig. 1. Fusion of randomized tree classifiers and self-organizing maps trained on the
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Fig. 3. Multiscale fusion for different methods. “Rand Tree - One” and “SOM - One”
stand for fusion of single instances of the classifier on a given resolution, while “Rand
Tree” and “SOM” are compound classifiers constructed from a number of weak ones
for each resolution.

classifier per resolution). The original sample size is 28 × 28px, i.e. the images
were downsampled. Reported are the numbers of correctly recognized samples:

patterns count 28 26 24 22 20 18 16 14 12 10
10 000 9 887 9 898 9 894 9 896 9 901 9 905 9 907 9 904 9 905 9 903

AdaBoost with input resolution 28 × 28 has accuracy 98.8%. Using multiscale
fusion, the accuracy was increased over 99%. Though the curve in the graph ap-
pears flat, the accuracy improvement means elimination of over 16% of wrongly
classified samples. Multiresolution fusion therefore appears as a relatively simple
method of improving accuracy of an already well-performing classifier.

5 Conclusions

The purpose of the research described in this paper is to consider and evaluate
the possibility of fusing classifiers trained on different image resolutions to obtain
a superior performance. The experiments carried out show that fusing different
scales helps the accuracy of classification; this means that the commonly used
approach – to select one best resolution and use it – is not optimal. However, the
gain of this method is not as high as in the case of gender recognition reported
by Alexandre [2].

We ackwnoledge the support from the BUT FIT grant FIT-10-S-2 and the
research plan MSM0021630528.
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Abstract. In this article, we compare the performance of a new kernel
machine with respect to support vector machines (SVM) for prediction
of the subnuclear localization of a protein from the primary sequence
information. Both machines use the same type of kernel but differ in the
criteria to build the classifier. To measure the similarity between protein
sequences we employ a k-spectrum kernel to exploit the contextual in-
formation around an amino acid and the conserved motif information.
We choose Nuc-PLoc benchmark datasets to evaluate both methods. In
most subnuclear locations our classifier has better overall accuracy than
SVM. Moreover, our method shows less computational cost than SVM.

Keywords: kernel classifier, spectrum kernel, protein subnuclear local-
ization.

1 Introduction

The life processes of an eukaryotic cell are guided by its nucleus. The cell nu-
cleus is a highly complex organelle that controls cell reproduction, differentiation
and regulation of the metabolic activities. Cell nucleus is organized into several
sub-compartments, called subnuclear locations, where proteins are located to
function properly (Fig. 1). Information of their localization in a nucleus is indis-
pensable for the in-depth study of system biology because, in addition to helping
determine their functions, it can provide illuminative insights of how and in what
kind of microenvironments these subnuclear proteins are interacting with each
other and with other molecules. As compared to the general subcelluar localiza-
tion, subnuclear localization is more challenging from biological viewpoints [1].
From computational viewpoints, the characteristic difference (e.g. amino acid
composition, phylogenetic history, etc.) among the proteins in nucleus is far less
distinct than that among proteins from different macro cell compartments, thus
making it hard to achieve satisfactory predictive performance.

Automated techniques for high throughout protein sequencing are cheaply
available. In computational proteomics, many computational models are based
on protein primary sequence. Besides amino acid occurrence, pair-wise residue
correlation and amino acid physicochemical properties are also incorporated to
encode protein sequence.

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 734–741, 2011.
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Fig. 1. Schematic drawing to show the nine sub-compartments of the cell nucleus.
Image taken from Nuc-PLoc web-server.

The aim of this paper, is to evaluate the performance of two kernel machines
for protein subnuclear localization. We compare our kernel classifier, based on
the minimum distance probability algorithm (MDP) [2], with a support vector
machine (SVM) [3]. Both machines use the same type of kernel but differ in the
criteria to construct the classifier. We use k-spectrum kernel [4] to exploit the
contextual information around an amino acid and the conserved motif informa-
tion. Thus, we only use the amino acid information of protein sequence without
any other information to train the classifiers.

2 The Spectrum Kernel

Kernel methods ([5],[6]) encompass a variety of algorithms for data analysis and
machine learning, including the popular support vector machine, that share in
common the use of positive definite (p.d.) kernel to represent data. Formally, a
p.d. kernel K over a space of data X (e.g., the set of finite-length strings over an
alphabet) is a function K : X×X → R that is symmetric (i.e., K(x,y) = K(y,x)
for any x,y ∈ X ) and positive definite in the sense that for any n ∈ N, any
(a1, ..., an) ∈ R

n and any (x1, ...,xn) ∈ Xn, the following holds:

n∑

i,j=1

aiajK(xi,xj) ≥ 0

Corresponding to any such kernel K there is a map φ from X to a feature
space F satisfying

K(x, z) = 〈φ(x),φ(z)〉.
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That is, the kernel can be used to evaluate an inner product in the feature
space. This is often referred to as the kernel trick. One instantiation of such a
feature space is the reproducing kernel Hilbert space (RKHS) associated with
K. Consider the set of functions {K(·,x)|x ∈ X}, where the dot represents the
argument to a given function and x indexes the set of functions. Define a linear
function space as the span of such functions. Such a function space is unique
and can always be completed into a Hilbert space [7]. The crucial property of
these Hilbert spaces is the reproducing property of the kernel:

f(x) = 〈K(·,x), f〉 ∀f ∈ F .

Note in particular that if we define φ(x) = K(·,x) as a map form the input
space into the RKHS, then we have

〈φ(x),φ(z)〉 = 〈K(·,x), K(·, z)〉 = K(x, z),

and thus φ(x) = K(·,x) is indeed an instantiation of the kernel trick.
For our application to protein localization, we use a string kernel [8], which

is called the spectrum kernel, on the input space X of all finite length sequences
of characters from an alphabet A, |A| = �. Recall, that given a number k ≥ 1,
the k-spectrum of a input sequence is the set of all the k-length contiguous
subsequences that it contains. In our work, the feature map is indexed by all
possible subsequences a of length k from alphabet A. We define a feature map
from X to R

�k

by
Φk(x) =

(
φa(x)

)
a∈Ak

where φa(x) is equal to the number of times a occurs in x. Thus the image of a
sequence x under the feature map is weighted representation of its k-spectrum.
Then, the k-spectrum kernel is

Kk(x,y) = Φk(x)T Φk(y).

3 Kernel Classifiers

The main objective of this paper is to evaluate the performance of two kernel clas-
sifiers for protein subnuclear localization. In particular, we compare our kernel
classifier, that extent a previous classifier, called Minimum Distance Probability
(MDP) [2], with SVM. Abundant references about SVM can be easy found, for
instance [3], then we will pay attention on the MDP method.

3.1 Minimum Distance Probability (MDP)

Given a population Ω and a set of subpopulations (E1, ..., Ek) which constitutes
a partition of Ω, in many practical problems it is necessary to allocate an indi-
vidual, w ∈ Ω, to one of the subpopulations E1, ..., Ek, according to the observed
values of a random vector x.
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Nonparametric classification [9] use the nonparametric approach to estimate
the class-conditional densities P (x|Ei). However, care should be applied to us-
ing nonparametric estimates in high-dimensional spaces because the curse of
dimensionality.

MDP avoids this problem by constructing a partition, R = {R1, ..., Rk} of
the input domain, X , with the same number of elements as classes, by means a
distance function. An individual w will be assigned to class Ri if the probability
that w will be nearer to Ei than to any other class Ej is maximum. Once the
partition R has been established, we can apply Bayes’ classifier to assign classes
of R to subpopulations.

We will concentrate on the construction of a partition R = {R1, ..., Rk} of X .
Given an element r ∈ X and a random sample, wλ, of size kλ (where λ = 1, 2, ...
is arbitrarily chosen) obtained taking λ elements from each classes, that is:

wλ = (w11, ..., w1λ, ..., wk1, ..., wkλ);

(w11, ..., w1λ) ∈ Eλ
1 , ..., (wk1, ..., wkλ) ∈ Eλ

k (1)

For each r ∈ X we can define the set, Sλ
i (r), composed of all possible samples

obtained as in (1) for which the minimum of the distances between r and the kλ
images obtained from wλ corresponds to one of the λ elements from Ei included
in wλ. That is

Sλ
i (r) =

{
wλ ∈ Eλ

1 × · · · ×Eλ
k | ∃β ∈ {1, ..., λ} with

min{d(r,x(w11)), ..., d(r,x(wkλ))} = d(r,x(wiβ))
}

, (2)

i = 1, ..., k.
Then, the probabilities P (Sλ

1 (r)), ..., P (Sλ
k (r)) of the sets Sλ

1 (r), ..., Sλ
k (r) re-

spectively, allows us to determine the partition Rλ. Notice that P (Sλ
i (r)) is the

probability that the result r ∈ X will be nearer Ei than any other class Ej .
Nearer must be interpreted in the sense that, if we take a random sample wλ

defined as (1), the minimum of all the distances between r and the elements
from wλ would by attained by an element of Ei.

The partition Rλ = {Rλ
1 , ..., Rλ

k} is defined in the following way:

Rλ
i = {r ∈ X |P (Sλ

i (r)) > P (Sλ
j (r)), j = 1, ..., k; j 	= i}, i = 1, ..., k (3)

Then Rλ
i can be interpreted as the set of results for which the probability of

being nearer to Ei than to any other class Ej is maximum.
When the class likelihood P (x|Ei) is unknown the way to define the parti-

tion Rλ is not obvious because the probabilities P (Sλ
i (r)), i = 1, ..., k, cannot

calculated directly. However, a reasonable estimation can be obtained as follows:
In practical cases we usually have a controlled sample G with N known clas-

sified individuals taken from k possible classes (E1, ..., Ek):

{e11, ..., e1n1} ∈ E1, ..., {ek1, ..., eknk
} ∈ Ek, (4)

with N = n1 + · · ·+ nk.
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To estimate P (Sλ
i (r)), i = 1, ..., k, we must take all the possible samples of G

composed by kλ individuals, λ from every subpopulation;

wα
λ = {(eα

11, ..., e
α
1λ) ∈ Eλ

1 , ..., (eα
k1, ..., e

α
kλ) ∈ Eλ

k }, α = 1, ..., B (5)

where B =
∏k

i=1

(
ni

λ

)
. In practice, the method that we use to find the optimal

value of λ is cross-validation, taking into account that λ = min{n1, ..., nk}.
For each individual w ∈ G with x(w) = r and for each sample wα

λ , α = 1, ..., B,
we need to compute the values d(x(w),x(eα

11)), ..., d(x(w),x(eα
kλ)) in order to

obtain:

p̂(sλ
i (w)) =

1
B

#
{
wα

λ ∈ Eλ
1 × · · · ×Eλ

k |∃β ∈ {1, ..., λ} with

min{d(r,x(eα
11)), ..., d(r,x(eα

kλ))} = d(r,x(eα
iβ))

}
, (6)

α = 1, ..., B, where # symbolizes the cardinal of the set, so that p̂(sλ
i (w)) is the

proportion of the number of times that the minimum of the distances from w to
the elements of wλ is attained by an element from Ei. From (6) it is clear that
p̂(sλ

i (w)) is an estimator of P (Sλ
i (r)).

The sets R̂λ
i of the partition R̂λ will include all the individuals of G for which:

R̂λ
i = {w ∈ G | p̂(sλ

i (w)) > p̂(sλ
j (w)), j = 1, ..., k; j 	= i} i = 1, ..., k.

Finally, the individuals included in R̂λ
i , will be assigned to the class Ej if and

only if:
P (Ej |R̂λ

i ) = max{P (E1|R̂λ
i ), ..., P (Ek|R̂λ

i )}, (7)

where

P (Ej |R̂λ
i ) =

P (R̂λ
i |Ej) · P (Ej)

∑k
h=1 P (R̂λ

i |Eh) · P (Eh)

Here P (R̂λ
i |Eh) can be estimated by

p̂(R̂λ
i |Eh) =

#{w ∈ G|w ∈ (R̂λ
i ∩Eh)}

nh
, i, h = 1, ..., k,

and, if we no further information, P (Eh) can be estimated by: p̂(Eh) = nh/N ,
or if we suppose that all subpopulations are equally probable, by p̂(Eh) = 1/k.

This procedure is repeated for all the individuals of the training set in order
to obtain the estimations p̂(R̂λ

i |Eh).
To allocate a new individual ω̃. Firstly, we estimate the probabilities p̂(sλ

1(ω̃))
, ..., p̂(sλ

k(ω̃)). Second, assign ω̃ to the set R̂λ
i if only if

p̂(sλ
i (ω̃)) = max{p̂(sλ

1 (ω̃)), ..., p̂(sλ
k(ω̃))}

Finally, once we have assigned the new individual to the set R̂λ
i , then we use the

probabilities (7), obtained during the training step, to allocate ω̃ to the most
likely subpopulation.
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Efficient Computation. There is an easier procedure to compute p̂(sλ
i (w)),

i = 1, ..., k, in (6). In practice, we need to compute the distances from the
individual w to all the individuals of G. The resulting vector, D = (d1, ..., dN ),
is ordered from least to greatest, D∗ = (d(1), ..., d(N)). Really, we do not need to
keep the values of D∗, so if d(h) = d(x(w),x(eij)), we only need to know that
the individual associated with d(h), eij , comes from Ei. Then:

p̂(sλ
i (w)) =

1
B

ni∑

β=1

( k∏

γ=1

(
a
(β)
γ

λ− δiγ

)

while a(β)
γ ≥ λ− δiγ

)
,

where δiγ are Kronecker deltas, a
(β)
γ symbolizes the number of individuals from

Eγ (γ = 1, ..., k) placed on the right of the βth individual from Ei (β = 1, ..., ni)
in the vector D∗.

Kernel MDP. We present an extension of MDP algorithm to the kernel meth-
ods. For brevity we refer to our method as the KMDP. An essential tool for MDP
algorithm is the problem of computing distances between two points x, z ∈ X .
Implicitly embedding X into a Hilbert space, the distance between two points
x, z ∈ X in the embedding being given by:

d(x, z) =
√

K(x,x) + K(z, z)− 2K(x, z) (8)

Then, by applying (8) in the computation of the distances (6) we can extend
the MDP algorithm to a kernel-based methodology for pattern analysis.

4 Results

We choose Nuc-PLoc [10] benchmark datasets to evaluate the performance of
the k-spectrum kernel machines that we compare in this study. The Nuc-PLoc
dataset is collected from the Swiss-Prot database (version 52.0 released on 6 May
2007) [11] and divides cell nucleus into 9 subnuclear locations and the number
of proteins in the locations is unbalanced, the largest Nucleolus has 307 proteins
and the smallest Nuclear PML body has only 13 proteins. The dataset has total
714 proteins.

We have used k = 2 in our k-spectrum kernel and we have chosen λ = 2 in
KMDP method, after searching between other values. To evaluate the perfor-
mance of the classifiers we have implemented a 5-fold cross-validation procedure.

Table 1 summarizes the specificity (SP), the sensibility (SE) and the Matthew’s
correlation coefficient (MCC) achieved by SVM and KMDP methods for each
subnuclear location. The measure MCC reveals that KMDP achieves better per-
formance in all subnuclear locations except nucleolus. Both classifiers have high
SP but KMDP shows higher SE than SVM.

To give more details about KMDP method we show Tables 2 and 3. During
the training step, KMDP estimate the conditional probabilities P (Ej/Ri) for
i, j = 1, ..., 9. As is expected, highest probability appear in the diagonal of the
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Table 1.Performance comparison on Nuc-Plot dataset

SP SE MCC
Subnuclear location Size KMDP SVM KMDP SVM KMDP SVM

Chromatin 99 0.82 1 0.59 0.07 0.34 0.25
Heterochromatin 22 0.87 1 1 0 0.41 0
Nuclear envelope 61 0.99 1 0.28 0.05 0.48 0.23
Nuclear matrix 29 0.91 1 0.90 0.13 0.48 0.35
Nuclear pore complex 79 0.93 1 0.66 0.3 0.54 0.53
Nuclear speckle 67 0.98 0.99 0.28 0.2 0.38 0.37
Nucleolus 307 0.99 0.14 0.06 1 0.17 0.25
Nucleoplasm 37 0.89 1 0.78 0 0.42 0
Nuclear PLM body 13 0.91 1 1 0 0.42 0

Table 2. Estimated conditional probabilities P (Ej |Ri)

R1 R2 R3 R4 R5 R6 R7 R8 R9

Chromatin (E1) 0.25 0.04 0.00 0.00 0.05 0.00 0.08 0.00 0.04
Heterochromatin (E2) 0.05 0.72 0.00 0.00 0.07 0.00 0.00 0.09 0.03
N. envelope (E3) 0.09 0.00 1.00 0.27 0.25 0.00 0.13 0.00 0.07
N. matrix (E4) 0.15 0.05 0.00 0.58 0.03 0.00 0.00 0.20 0.11
N. pore complex (E5) 0.04 0.00 0.00 0.00 0.46 0.00 0.00 0.00 0.06
N. speckle (E6) 0.11 0.04 0.00 0.12 0.02 0.56 0.00 0.09 0.17
Nucleolus (E7) 0.18 0.10 0.00 0.03 0.05 0.04 0.57 0.10 0.05
Nucleoplasm (E8) 0.13 0.04 0.00 0.00 0.08 0.10 0.21 0.52 0.02
N. PLM body (E9) 0.00 0.00 0.00 0.00 0.00 0.30 0.00 0.00 0.46

Table 3. Estimated probabilities of Ri

R1 R2 R3 R4 R5 R6 R7 R8 R9

seq1 0.47 0.13 0.02 0.00 0.12 0.00 0.09 0.16 0.00
seq2 0.44 0.05 0.00 0.00 0.13 0.01 0.06 0.30 0.00
seq3 0.16 0.05 0.00 0.00 0.24 0.00 0.05 0.46 0.03
seq4 0.45 0.03 0.01 0.00 0.08 0.02 0.05 0.35 0.02
seq5 0.23 0.12 0.00 0.00 0.10 0.02 0.07 0.43 0.02

Table 2. Thus, elements belonging to set Ri will be assign to the location Ei

with higher probability.
As an example, Table 3 shows the estimated probabilities of each elements of

the partition, Ri, i = 1, ..., 9, of five proteins located in the Chromatin. These
probabilities have been obtained using formula (6). For example, first protein
(seq1) will be assign to the set R1 because this set has highest probability (0.47).

Then, using the conditional probabilities in the R1 column of the Table 2, this
protein will be correctly assigned to the Chromatin (E1) because the P (E1|R1) =
0.25 is highest value in this column. On the other hand, third protein (seq3) will be
assign to the set R8 because this set this is more likely (0.46). Noting the column
R8 of the Table 2, this protein will be assign wrong to the Nucleoplasm (E8).
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5 Conclusions

In this paper, we evaluate the performance of two kernel machines for protein
subnuclear localization. We compare our kernel classifier (KMDP) with a sup-
port vector machine (SVM), both machines use the same type of kernel. For
our application to protein localization, we use a string kernel, which is called
the spectrum kernel, that compute the similarity between the k-spectrum of two
protein sequences. We choose Nuc-PLoc benchmark datasets to evaluate the per-
formance of both machines. Matthew’s correlation coefficient (MCC) reveals that
KMDP achieves better performance in all subnuclear locations except nucleolus.
Both classifiers have high specificity (SP) but KMDP shows higher sensibility
(SE) than SVM. The main KMDP properties are: versatility due to the possibil-
ity of selecting in each problem a suitable kernel function, lower computational
cost than SVM and provides a measure of the confidence in the allocation of
each observation.
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Abstract. In this paper, we present variants of the Dual-Tree Com-
plex Wavelet Transform (DT-CWT) in order to automatically classify
endoscopic images with respect to the Marsh classification. The feature
vectors either consist of the means and standard deviations of the sub-
bands from a DT-CWT variant or of the Weibull parameter of these
subbands. To reduce the effects of different distances and perspectives
toward the mucosa, we enhanced the scale invariance by applying the
discrete Fourier transform or the discrete cosine transform across the
scale dimension of the feature vector.

Keywords: Endoscopic Imagery, Celiac Disease, Automated Classifica-
tion, Scale Invariance, Dual-Tree Complex Wavelet Transform, Discrete
Fourier Transform, Discrete Cosine Transform.

1 Introduction

The celiac state of the duodenum is usually determined by visual inspection dur-
ing the endoscopy session followed by a biopsy of suspicious areas. The severity
of the muscosal state of the extracted tissue is defined according to a modi-
fied Marsh scheme, which divides the images in four different classes, Marsh-0
Marsh-3a, Marsh-3b and Marsh-3c (see Figure 1). Marsh-0 represents a healthy
duodenum with normal crypts and villi, Marsh-3a, Marsh-3b and Marsh 3c have
increased crypts and mild atrophy (3a), marked atrophy (3b) or the villi are
entirely absent (3c), respectively. Types Marsh-3a to Marsh-3c span the range of
characteristic changes caused by celiac disease, whereat Marsh-3A is the mildest
and Marsh-3c the most severe form. We distinguish between two regions of the
duodenum, the bulbus duodeni and the pars descendes.

In gastroscopic (and other types of endoscopic) imagery, mucosa texture is
usually found with different perspective, zoom (see Figure 1) and distortions
(barrel-type distortions of the endoscope [1]). That means that the mucosal
textures shows different spatial scales, depending on the camera perspective and
distance to the mucosal wall.

Consequently, in order to design reliable computer-aided mucosa texture clas-
sification schemes, the scale invariance of the employed feature sets could be
essential.

J. Vitrià, J.M. Sanches, and M. Hernández (Eds.): IbPRIA 2011, LNCS 6669, pp. 742–749, 2011.
© Springer-Verlag Berlin Heidelberg 2011
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(a) Marsh-3a (b) Marsh-3b (c) Marsh-3c (d) Marsh-0

Fig. 1. Example images for the respective classes taken from the pars descendes
database

We consider feature vectors extracted from subbands of the Dual-Tree Com-
plex Wavelet Transform (DT-CWT), the Double Dyadic Dual-Tree Complex
Wavelet Transform (D3T-CWT) and the Quatro Dyadic Dual-Tree Complex
Wavelet Transform (D4T-CWT) [2], since wavelet transforms in general excel
by their respective multiscale properties. A classical way of computing scale in-
variant features from multi-scale methods like e.g. the DT-CWT [4,5] is to apply
the discrete Fourier transform (DFT) to statistical parameters of the subband
coefficients’ distributions (e.g. mean and standard deviation) and compute the
magnitudes of these complex values. In this work, we also use the real part of
the DFT or apply the real-valued discrete cosine transform (DCT) to coefficient
parameters, which enhanced the results and the scale invariance in magnification-
endoscopy image classification [2]. In addition to classical coefficient distribution
parameters, we employ shape and scale parameters of the Weibull distribution
[3] to model the absolute values of each subband.

This paper is organized as follows. In section 2 we discuss the basics of the DT-
CWT, the D3T-CWT and the D4T-CWT. Subsequently we describe the feature
extraction with focus on achieving scale invariance with the DFT or DCT. In
section 3 we describe the experiments and present the results. Section 4 presents
the discussion of our work.

2 Cwt Variants and Scale Invariant Features

Kingbury’s Dual-Tree Complex Wavelet Transform [6] divides an image into
six directional (15◦, 45◦, 75◦, 105◦, 135◦, 165◦) oriented subbands per level of
decomposition. The DT-CWT analyzes an image only at dyadic scales. The D3T-
CWT [4] overcomes this issue, by introducing additional levels between dyadic
scales. These additional levels between dyadic scales are generated by applying
the DT-CWT to a downscaled version of the original image using a factor of
2−0.5. We use the bicubic interpolation to scale down the image. Instead of the
levels 1, 2,. . ., L in the DT-CWT we get the levels 1, 1.5, 2,. . ., L+0.5 in the
D3T-CWT, where the integer levels correspond to the levels of the DT-CWT.
The D4T-CWT works similar to the D3T-CWT, with the difference that the
D4T-CWT has even more additional levels between the scales. These scales are
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generated by applying the DT-CWT to the downscaled versions of the original
image using the factors

√
3/8,

√
1/2, and

√
3/4. The advantages of these three

complex wavelet transforms are their approximately shift-invariance, their direc-
tional selectivity and the very efficient implementation scheme. In this paper, we
use two ways to generate the feature set from the DT-CWTs. The first and most
common approach is to compute the empirical mean (μl,d) and the empirical
standard deviation (σl,d) of the absolute values of each subband (decomposition
level l ∈ {1, . . . , L} and direction d ∈ {1, . . . , 6}) and concatenate them to one
feature vector later denoted as Classic distribution).

The second approach is to model the absolute values of each subband by a
two-parameter Weibull distribution [3]. The probability density function of a
Weibull distribution with shape parameter c and scale parameter b is given by

p(x; c, b) =
c

b

(x

b

)c−1

e−( x
b )c

. (1)

The moment estimates (c, b) of the Weibull parameters of each subband are then
arranged into feature vectors like in the approach before. The feature extraction
for the D3,4T-CWTs works the same way, but the feature vector is longer because
of the non-dyadic scales.

A common approach to achieve scale-invariance for wavelet-based features is
to use the absolute values of a Discrete Fourier Transformation (DFT) applied
to extracted statistical moments. We use the method from [4,5] and apply the
DFT to the feature vector (of the DT-CWT) as follows

Un,d =
1√
L

L∑

l=1

μl,d e
−i 2π(l−1)(n−1)

L , Sn,d =
1√
L

L∑

l=1

σl,d e
−i 2π(l−1)(n−1)

L (2)

for n ∈ {1, . . . , L} and d ∈ {1, . . . , 6}. The feature curve of a feature vector shifts
if input texture is scaled. DFT magnitude makes the feature values independent
of cyclic shifts of the feature curve. The DFT assumes that there is a periodic
input signal; however there is no reason why the statistical features should be
periodic. If the statistical features are close to zero at both ends, the approach
provides good scale invariance.

For the D3T-CWT, we replace L with 2L and n ∈ {1, 1.5, 2, . . . , L + 0.5} and
for the D4T-CWT we replace L by 4L and n ∈ {1, 1.25, 1.5, 1.75, 2, . . . , L+0.75}.
The new feature vector (for the DT-CWT) is

f = {|U1,1|, . . . |UL,1|, |U1,2|, . . . |UL,2|, . . . |UL,6|, |S1,1|, . . . |SL,1|, . . . |SL,6|}.
The feature vectors for the D3T-CWT and D4T-CWT are created by analogy.

It turned out that the results of the real values of the U ′s and S′s provide
better results than the absolute values [2]. Because of

�
(
e

−i 2π(l−1)(n−1)
L

)
= cos

(−2π(l − 1)(n− 1)
L

)

, (3)

the real values of the DFT are obtained by a cosinus transform. Hence we propose
to use the Discrete Cosinus Transform (DCT). The DCT of one of our feature
vector is computed by
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U(n, d) = w(n)
L∑

l=1

μl,d cos
(

π(2(l − 1)(n− 1)
L

)

(4)

for n ∈ {1, . . . , L} and d ∈ {1, . . . , 6} (and similar for S(n, d)) , where w(n) =
1/
√

L for n = 1 and w(n) = 2/
√

L for 2 ≤ n ≤ L. For the Weibull parameter
case, μl,d and σl,d are simply replaced by cl,d and bl,d.

Applying the DCT or DFT for the D3T-CWT works similar, but it turns
out, that the transformation leads to better results if we apply the DCT or
DFT on (μ1,d, μ2,d, . . . , μL,d) and (μ1.5,d, μ2.5,d, . . . , μL+0.5,d) separately, instead
of DCT (μ1,d, μ1.5,d . . . , , μL+0.5,d). The DCT or DFT for the D4T-CWT is done
in a similar fashion by applying them four times separately.

Further we have to note, that in case of the DFT, parts of the feature vector
will be deleted after the DFT, because the complex conjugates are redundant
in the feature vector. If we use RGB-images, than we simply concatenate the
feature vectors of each color channel.

3 Experimental Study

We employ two methods to evaluate and compare the feature sets described in
the section before: The area under the ROC curve (AUC) [7] and the overall
classification accuracy.

To generate the ROC curve for k-NN classifier we used the method described
in [7] (for k=20). We consider the 20 nearest neighbors of each image (the 20
feature vectors with the lowest euclidean distance to the feature vector of the
considered image). We employ leave–one–out cross–validation (LOOCV) to find
these 20 nearest neighbors for each image. We achieve the first point on the
ROC curve by classifying the images as positive, if one or more than one nearest
neighbor of a considered image is positive. Because for nearly every image, there
is at least one of the 20 neighbors positive (positive means that the image belongs
to class Marsh-3a, Marsh-3b or Marsh-3c), the true positive rate (TPR) (=
sensitivity) and the false positive rate (FPR) (= 1 - specificity) will be 100 %
or near to 100 %. The second point on the ROC curve is achieved by classifying
an image as positive, if two or more of the 20 nearest neighbors are positive, the
third point if three or more of the 20 nearest neighbors are positive and so on till
20. The more positive nearest neighbors of the 20 nearest neighbors are needed
to classify an image as positive, the lower are the TPR and FPR. The last point
is achieved by classifying an image as positive, if all the 20 nearest neighbors are
positive. Because there is hardly ever one of the 20 nearest neighbors of an image
negative, the TPR and the FPR are in this case 0 % or near to 0 %. That is the
way to generate the points on the ROC curve. To be sure that the curve reaches
from the the point (0,0) (TPR=0, FPR=0) to the point (1,1) (TPR=1,FPR=1),
we add these points to the curve. The point (0,0) can be interpreted as 21 of the
the 20 nearest neighbors of an image have to be positive to classify the image as
positive. This is not possible and so the TPR and FPR are 0 %. The point (1,1)
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can be interpreted as 0 or more of the 20 nearest neighbors of an image have to
be positive to classify the image as positive. This will always happens and so the
TPR and FPR will be 100 %. In Figure 2 we see two examples of ROC-curves.

The AUC is computed by trapezoidal integration,

AUC =
21∑

i=1

((TPRi ·ΔFPRi) + 1/2(ΔTPRi ·ΔFPRi)) (5)

where

ΔTPRi = TPRi−1 − TPRi, (6)
ΔFPRi = FPRi−1 − FPRi, (7)

and TPRi or FPRi are those TPR or FPR, where at least i positive nearest
neighbors (out of the 20 nearest neighbors) are necessary to classify an image as
positive.

The second method is the 20-Nearest Neighbor (denoted by 20-NN) classifier.
We already know the 20 nearest neighbors from the AUC. An image is classified
as positive, if more than the half (=10) of the nearest neighbors are positive, or
as negative if more than the half of the nearest neighbors are negative. If there
are 10 positive and 10 negative nearest neighbors, then the image is classified as
its nearest neighbor (1-NN classifier). Classification accuracy is defined as the
number of correctly classified samples divided by the total number of samples.

Before decomposing the images with the CWTs, we employ two preprocess-
ing steps to improve the performance [8]. First we employ adaptive histogram
equalization using the CLAHE (contrast-limited adaptive histogram equaliza-
tion) algorithm with 8× 8 tiles and a uniform distribution for constructing the
contrast transfer function. Second, we blur the image by a Gaussian 3× 3 mask
with σ = 0.5.

The image database consists of a total of 273 bulbus duodeni and 296 pars
descendes images and was taken at the St. Anna’s Children Hospital using a
standard duodenoscope without magnification. In order to condense information
of the original endoscopic images, we cut out regions of interest of size 128×128
[8]. Table 1 lists the number of image samples per class. Tests were carried out
with 6 levels of decomposition and RGB-images. We only consider the 2-class
case.

The results for the AUC are given in Table 2. If we watch the results for the
bulbus dataset, we can see that the results with DCT or without any further

Table 1. Number of image samples per Marsh type (ground truth based on histology)

Data set Bulbus Pars
Marsh type 0 a b c 0 a b c
Number of images (4-class case) 153 45 54 21 132 42 53 69
Number of images (2-class case) 153 120 132 164



Complex Wavelet Transform Variants in a Scale Invariant Classification 747

Table 2. Area under the ROC curve for the two data sets (bulbus and pars) with
features extracted from DT-CWT variants by computing the Classic or the Weibull
distribution and none or a further manipulation of the feature vectors by DFT variants
or the DCT

Feature Classic Weibull
Manipulation non DFT abs DFT real DCT non DFT abs DFT real DCT

B
ul

bu
s DT-CWT 0.97 0.82 0.96 0.98 0.97 0.78 0.95 0.97

D3T-CWT 0.98 0.81 0.96 0.98 0.98 0.78 0.97 0.98
D4T-CWT 0.98 0.83 0.96 0.98 0.98 0.80 0.96 0.99

P
ar

s DT-CWT 0.82 0.76 0.88 0.86 0.81 0.78 0.86 0.84
D3T-CWT 0.82 0.76 0.87 0.87 0.82 0.78 0.85 0.84
D4T-CWT 0.84 0.77 0.86 0.88 0.83 0.77 0.85 0.86

(a) (b)

Fig. 2. ROC curves of the different feature vector manipulation methods (normal,
DCT, DFT abs, DFT real) for the pars descendens dataset , with features extracted
from the D4T -CWT by the classic way (a) or the Weibull distribution (b)

manipulation of the feature vector are similar. The results with the absolute
values of the DFT are much worse and the results with the real values of the
DFT are a little bit worse than the results with DCT or without any further
manipulation of the feature vector. In case of the pars descendens dataset, the
results with DCT or the real part of the DFT are distinctly better than those
without feature vector manipulation and the results with the absolute part of
the DCT are much more worse compared to the other methods. The differences
between the CWT-variants or the feature extraction methods (classic way or
Weibull distribution) are very small. The best results for the both datasets in
Table 2 are given in bold face numbers.

The results for the 20-NN classifier are given in Table 2. We can see that
the results for the bulbus dataset are similar with DCT or without any further
manipulation of the feature vector. The results with the real valued DFT are a
little bit worse than the results mentioned before. In case of the pars descendens
dataset, the results with DCT are worse than the results without any further
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Table 3. Classification accuracy in % for the 20-NN classifier with the two data sets
(bulbus and pars) and features extracted from DT-CWT variants by computing the
Classic or the Weibull distribution and none or a further manipulation of the feature
vectors by DFT variants or the DCT

Feature Classic Weibull
Manipulation non DFT abs DFT real DCT non DFT abs DFT real DCT

B
ul

bu
s DT-CWT 94.9 74.7 91.6 94.5 93.8 72.9 91.2 92.3

D3T-CWT 94.9 74.0 92.3 94.9 94.1 70.3 93.4 95.2
D4T-CWT 94.5 79.1 92.3 94.9 94.5 74.7 91.9 95.2

P
ar

s DT-CWT 82.4 70.3 84.1 77.4 82.1 73.3 70.3 76.0
D3T-CWT 82.1 68.2 82.1 78.0 81.4 70.3 80.7 74.3
D4T-CWT 82.4 69.3 82.1 78.4 81.8 71.6 80.1 79.4

feature vector manipulation and the results with the real part of the DFT are in
case of the classic features similar and in case of the Weibull features worse than
the results without feature vector manipulation. The results with the absolute
part of the DFT are always worse than the other results. Once again, the results
of the different CWT-variants are similar and the results of our feature exraction
methods (classic and weibull) are also similar, apart from the case with the real
valued DFT and the pars descendens dataset. The best results for each of the
both datasets in Table 3 are given in bold face numbers.

4 Discussion

It is hard to interpret these results because the AUC and the overall classification
results are often contradictory. For an example let us consider the results of the
results of the DCT for the pars descendens dataset. The AUC is distinctly larger
with DCT than without feature vector manipulation, whereas the classification
accuracy for the 20-NN classifier is distinctly higher without feature vector ma-
nipulation than with DCT. If we watch the results, then it is impossible to say
if we should favor a feature vector manipulation like the DCT or the real valued
DFT or prefer no further feature vector manipulation. The advantages of a bet-
ter balancing of different perspectives, zooms and distortions seems to be equal
than the drawbacks like losing scale information by making the feature vector
more scale invariant or by destroying information by the transformation. Maybe
the results of the AUC are more significant than the overall classification results,
because an overall classification result uses only the information whether there
are more positive or negative nearest neighbors for an image, whereas the AUC
uses the information how much nearest neighbors are positive or negative.

There are small improvements of the CWT’s with additional scales in between
dyadic scales (D3T-CWT, D4T-CWT) compared to the standard DT-CWT, but
because of their higher computational complexity it is questionable if the small
improvements justify their application.

The classic way and the Weibull distribution are equally suited to extract the
information from the subbands of the CWT’s.
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