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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 (Asociacién Espafiola de Reconocimiento de Formas y Andlisis de
Imégenes) and APRP (Associagao Portuguesa de Reconhecimento de Padroes).
Previous editions took place in Andraxt, Spain (2003), Estoril, Portugal (2005),
Girona, Spain (2007) and Pévoa 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 STANT (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 Universita 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. Vitria
J. Sanches
M. Hernandez
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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 [1I]. Two well-known examples are Shape context [I] or SIFT descrip-
tor [8]. In the particular context of hand-drawn symbol recognition, the Blurred
Shape Model (BSM) [] 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 [2I3] 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: Section2is devoted to explain the
background on which the work has been based, while Section [ 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 @ Finally, Section [l 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 x n grid with equal-sized sub-regions
(cells). Then, each cell receives votes from the shape pizels 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.[Ilan example of the
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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 x 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 x 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. 2l

oM
MODEL
IMAGE

s =
TEST 1
IMAGE

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. BIJ).
Then, we will adapt the matching process of the IDM model using this new
representation (Sec. 32)).

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 x k we will place over the
image a set of k x 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. Bl 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.

Fig. 3. (a) Focuses representation. (b) Influence area. (¢) 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 [ 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 € R** which contains the density measure of nearby
pixels of each focys.
— A vector p € R?*", which contains = 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. (¢) 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.

— DBSMin : Every focus in J will be deformed in order to minimize the
difference of its BSM with that of its correspondent focus of 1.

— DBSMnax : 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 vy) containing the BSM value
of the focuses of I and J, and two vectors (pr and py) containing the position
coordinates of the focuses. Thus, after normalizing the vectors, the distance
between two images is computed using the following equation:
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distance(I,J) = d(vi,vy) -0+ d(p1,p3) - (1 —6) (1)

where d is the euclidean distance between two vectors, and 6 is a factor for
weighting the contribution.

4 Experiments

We now show experimentally the benefits of the model proposed in section [Bl
First, in section .1l we will describe the datasets that will be used in our exper-
iments and then, in section [£.2] we will report and discuss the results obtained.

4.1 Datasets

We run our experiments in three different datasets (Fig. B): MNIST, Niclcon
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.

SO A BHA
37 L% 4103

(a) (b) (c)

Fig. 5. Image samples of the three datasets. (a) MNIST. (b) Niclcon. (¢) 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 x 28 pixels. We have re-centered the digits by their bounding box, as it is
reported in [7] to improve error rates.

NicIcon. Niclcon [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 x 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 x 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
0 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 [Tl

Table 1. Accuracy rate of the compared methods in classification over the datasets
selected
|IDBSMmin  DBSMmax  BSM

MNIST 94’3 94’4 92’6
Niclcon 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.

Acknowledgments. This work has been partially supported by the Spanish
projects TIN2008-04998, TIN2009-14633-C03-03 and CONSOLIDER-INGENIO
2010(CSD2007-00018) and by a research grant of the Universitat Autonoma de
Barcelona (471-01-8/09).
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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 [5I2/7]. 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 [SI413].

J. Vitria, J.M. Sanches, and M. Herndndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 9 2011.
(© 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 (ROT), for
example on the line or cable themselves or on their image representation [GUT0J9].
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 21 and (2, the left and right
margins of the image. These same ideas have been successfully applied to other
applications [4U3].

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 imageﬁ. Formally, let I be an
N; x N3 image and define an admissible line to be

s = {(z,y(@)}22y stV [y(@) —yl@ -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,---, N3]. 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, ¢) defined over neighouring pixels p and ¢, the
cost of a line can be defined as C(s) = 25\7212 w(v;—1,v;). 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, 7):

Cli—1,j—1) 4+ w(pi—1,j-1;pi,;)
C(i,j) = min Ci—1,5) + w(pi—l,ﬁpi,j) : (1)
Cli—-1,j+1)+ w(pi71,j+1;pi,j)

where w(p; ;;pi,m) represents the weight of the edge incident with pixels at
positions (4,7) and (I, m). At the end of this process,
ety €OV

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) = a exp(B (255 —g)) +7, (2)

with o, 8,7 € R 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 7/2
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 [I] 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. [[l depicts an example of synthetic and
natural images of the sequences.

(a) Normal frame with thin (b) Frame with augmented (c¢) Frame from a real se-
lines difficulty 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 Hausdorfl 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 [ 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|Hausdorﬂ' 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 (%)
horizontal| 1,22 | -2,45 | -13,72 | -54,52 | -87,16 290,72
Seq. 3[ vertical | 0,79 | 0,03 | 4,32 7,10 ~39,01 760,26
total 1,73 -1,39 -7,46 -35,74 -68,98 -80,48
horizontal | 1,85 -6,34 1,05 -44.75 -69,94 -91,23
Seq. 4| 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
horizontal | 0,89 -0,60 -4,45 -39,32 -61,24 -81,86
Seq. 5| 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 [[l 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. Vitria, J.M. Sanches, and M. Herndndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 17 2011.
© Springer-Verlag Berlin Heidelberg 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 Blexplains the three different component extraction approaches
used to proof the usability of this model. Section Ml presents quantitative and
qualitative results. Finally, in section [f] 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 2l 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.

BRI [CFior = (9, VN, Vi, &, Por, Postruct; PrGra
Definition and—or = N, YT or: 4 rStruct rG’rrph)k

. Plan interpretation (And Graph
Learning-set i ( ph)

Model
Learning

Model
Recognition

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 3al 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 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. |§] for natural images framework, is used. In our And-Or
graph model, see figure Bd 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 Ggyq—or describing all possible floor plans is the 4 — tuple:

Gand—or = <Sa VN;VT7R>7 (1)

where S is the Building element. Vi is the set of non-terminal symbols { Building,
Room}, Vr 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 GY , defined by the 7—tuple:
G,I;nd,OT - <S7 VN7 VT, R7 Por, PrStruch PrGrapha >7 (2)

where S, Vv, Vi and R are the same of Gand—or. Por; Prstruct and Prgrapn are
three probabilistic models learned from the training-set. P, 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, P,, allows
to model, for instance, the relative number of rooms and walls for a building of a
certain size (area). P,gtruct 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, P,grqpn 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.
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I—[ -|- —_— | Attributed Tree Representation |
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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 Vp =
{walls, doors, windows} are extracted using the segmentation techniques pre-
sented in section Bl Then, possible_rooms are extracted analysing the relations
between terminal symbols, explained in section B2l 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 GE ,  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(TOOmi) = POT (TOOmi) + P’I"St'ruc(rgomi) + PTG'I‘aph (Toomi) (3)

where P,,.(room;) is the normalized probability of the number of walls, doors, and
windows of room; relative to its area and perimeter. P,gtpqc(room;) is the proba-
bility of the spatial composition of the elements of room;. And PrGrapn(room;) is
the relative probability of the area and perimeter of room,; over the building area
and perimeter. When P(room;) 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:

PGpp = max(p(PG,|FP)),Vi € N (4)

p(PG|FP) = (mean(P,(PQ)) + mean(PrStr;ct (PG)) + mean(Perph(PG)).

()

Then, if p(PGrp) 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 w; € W = {wy, ..., w;,...wn } to belong to a class
¢iyi = {wall, window, other_element} is:

#(ptw] ’ Ci)

#ptw, ©)

p(wjvci) =

where #(pt.,,c;) is the number of patches assigned to the codeword w; that
has label ¢;, and #pt,,; is the number of patches assigned to the codeword w;.
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

The output probability for each patch obtained in that way are then the unary
potentials ¥ 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)) = Y dlcils) +k Y dleicjlsi i), (7)

si€S (si,s;)EE

where the adjacency graph G is the graph topology in the model and ¢ 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 8% -

Table [l shows the results obtained in terms of plan validation rate with and
without using the semantic and probabilistic pruning strategies explained in
section Top-Down parser methodology. Notice that the validation rate using
the component extraction techniques CE explained in section [l 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 [l 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 @] shows a graphical interpretation of a
valid plan.

=El T E _}ﬁ:_

L_D]“ R

wall

door

—— window
—ln door/window

difwnd dfwnd

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



24 L.-P. de las Heras and G. Sanchez

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.

Acknowledgements. This work has been partially supported by the Spanish
projects TIN2008-04998, TIN2009-14633-C03-03 and CONSOLIDER-INGENIO
2010(CSD2007-00018) and by a research grant of the Universitat Autonoma de
Barcelona (471-02-1/2010).

References

1. Elkan, C.: Using the triangle inequality to accelerate k-means. In: Proceedings of
the Twentieth International Conference on Machine Learning, pp. 147-153 (2003)

2. Fulkerson, B., Vedaldi, A., Soatto, S.: Class segmentation and object localization
with superpixel neighborhoods. In: IEEE 12th International Conference on Com-
puter Vision, pp. 670677 (2009)

3. Jiang, X.Y., Bunke, H.: An optimal algorithm for extracting the regions of a plane
graph. Pattern Recogn. Lett. 14(7), 5563-558 (1993)

4. Llados, J., Lopez-Krahe, J., Marti, E.: A system to understand hand-drawn floor
plans using subgraph isomorphism and hough transform. Machine Vision and Ap-
plications 10, 150158 (1997)

5. Lu, T., Tai, C., Su, F.: A new recognition model for electronic architectural drawings.
Computer-Aided Design 37(10), 1053-1069 (2005)

6. Mace, S., Locteau, H., Valveny, E., Tabbone, S.: A system to detect rooms in archi-
tectural floor plan images. In: DAS 2010: Proceedings of the 9th IAPR International
Workshop on Document Analysis Systems, pp. 167-174. ACM, New York (2010)

7. Ryall, K., Shieber, S., Marks, J., Mazer, M.: Semi-automatic delineation of regions
in floor plans. In: International Conference on Document Analysis and Recognition,
vol. 2, p. 964 (1995)

8. Zhu, S.C., Mumford, D.: A stochastic grammar of images, Found. Trends. Comput.
Graph. Vis. 2(4), 259-362 (2006)



Linear Prediction Based Mixture Models for Event
Detection in Video Sequences

Dierck Matern, Alexandru Paul Condurache, and Alfred Mertins

Institute for Signal Processing, University of Luebeck
{matern, condura, mertins}@isip.uni-luebeck.de

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 [31]. If the difference is higher than a given threshold, we
decide “event”. Using linear functions for the prediction [8L5]] 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.

J. Vitria, J.M. Sanches, and M. Herndndez (Eds.): IbPRIA 2011, LNCS 6669, pp. ZSE 2011.
(© Springer-Verlag Berlin Heidelberg 2011
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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 2l 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[d] we present our conclusions.

2 Linear Predictor Mixtures

The parameters of one step linear predictors (see Section P.I)) are computed from the
Yule-Walker-equations [9J10]). 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 [T]. Let x be a sequence of observations, x(t) € RY, we assume that x(¢) is a

linear combination of its p predecessors x(f — p),...,x(t — 1), a constant term and an
error term
p
x(t) = Y, a(i)x(r—i) +a(0)ey+v(1), ()

i=1

where a := [a(0),a(1),...,a(p)]" is the (linear) predictor and ey = [1,1,...,1]T,
v(t) ~ N(0,%). (I is an AR model. From E(v(r)) = 0 follows

D

E[x(t)] =&(t) := Y a(i)x(t — i) +a(0)ey. Q)

i=1
%(¢) is called the linear prediction of x(t).

With X(¢) := [en,x(t — 1),x(t —2),...,x(t — p)], we write (2) in matrix notation as
R(t)=X(t)-a. With a combination of x-vectors y(r):= [x(t) " ,x(r = 1)",...,x(r—n) "] ’
and X-matrices Y(¢) := [X()",...,X(r—n) "] T respectively, §(t) = Y(¢) -a. Using the
assumption that the errors v are mutually independent Gaussian distributed, we can es-
timate the linear predictor [1/9110] by

a():= [Y() Y0 YO Y0 @)

The quadratic prediction error at time step s is £(s)? := (x(s) — %(s)) T (x(s) — %(s)).
If we use the estimated predictor 4(r), we obtain in (2)) the estimation of X(s), that is

~
A

x(s) ;= X(s) -4(r), and we estimate the prediction error by

8()% = (x(s) ~ &(5)) T (x(s) — &(s))- )
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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(r) == [I,-1-a(0),-I-a(1),...,—I-a(p)] Q)
and for a shorter notation n(s) := [x(s) ", e}, y(s — 1), @ reads

&(5)* = (A(r)(5) " (A(r)n(s)) = n(s) H(r)n(s), ©)

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
£i((5)) = exp (~n(s) THEOM(s5)) = exp(~£(s)?), )

0 < filn(s)) < 1.

The LPM has similarities to Gaussian Mixture Models (GMMs) [L1]]. Let g;(x) be
an Gaussian distribution, than the GMM p(x) = Yy w(i)gi(x) is an approximation to a
more complex distribution; / is a set of indices, and w(i) are weights with Y, w(i) =1,
w(i) > 0. In the same manner, the LPM is a mixture of several linear prediction error
filters (see Equation (3))), 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(n(s) = X w(t)fi(n(s)), (8)

teT

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 © with 0 <0 < 1.

2.3 Parameter Estimation

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

Let x¢ be a training set of observations. We initialize the index set 7 with one time
index t(1: T« {t(V'}. Note that with #(!) and (@), a unique estimated linear predictor
a(t") is defined.

At iteration T > 1, we want to add an estimated linear predictor a(¢(%)) that reduces
the highest prediction error of the training dataset. Hence, we set

-1
1V .= arg I};}l > foMo(®) ©)
=1
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and T «— T U{r(V}; n is the combination of several observation vectors similar to 1 in
Section2.Jland 2.2] with respect to xo. We terminate this parameter estimation stage if
we have a fixed number "% of predictors.

The weights in Equation (8)) are computed by

> fi(Mo(s))

> X6 Mols))

et s

w(t) = (10)

for each ¢ € 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(¢) := m(s) +X(t) + v(¢) where X,(t) := 33, a,(i) (x(t — i) — u(t)) and a(t) :=
%2,321 x(t — i), v(t) ~ N(0,%). The filters [a,(i)]}_, and offsets m(s) are preset values.
s = s(t) represents the state of the model, with P(s(¢)|[s(t)]._}) = 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 a,(i) + r(z,i), r(t,i) ~ N(0,1) (Set 2) and r(z,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 7" = 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.T)). 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).

—LPM
GMM
HMM
0.5 1 0 0.5 1 0 0.5 1 0 0.5
p(FP) p(FP) p(FP) p(FP)
(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 [l 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(TP)) against the probability that an normal observation

is falsely classified as an event (p(FP)), thatis p(TP) = #(De;icstiemdhi;igglgxtfi?lfs\)]ems)

_ #(Falsely detected events)
and p(FP) = #(Normal observations)
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 [[la), [b) and [Mc), we can see the performance of the different models
separately, one ROC for each test. In Figure [Id), 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[I(a) and [1d), 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.

. A method is superior to another one at a fixed

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 B, (i, j) € [0,1] be the (normalized color) pixel (i, j) of the tth back-
ground image, C,(i,) € [0,1]* the corresponding pixel in the rth measured image,
T;(i,j) € R, the tth threshold for pixel (i, j). We say, C,(i, j) belongs to the foreground
if (Bt(l>]) - Ct(i7j))T (Bt(lv.]) - Ct(l7])) > T}(l?]) Let Gt(i7j) =1if Ct(lﬂ]) is fore-
ground, and O otherwise, than

Bt+1(i’j) = (1 _Gt(i7j)) : (aBBt(iaj) + (1 _(XB)Ct(i’j)) +GZ(Z7J) 'B[(i,j),
Tr1 (i) == (1= Gi(i, ) - (op(Ti (i, j) +0.01) + (1 — o) D (i, j)) + Gi (i, ) - T (i, ),

where D, (i, ) == (B,(i,j) — Ci(i,j)) " (B:(i,j) — C:(i, j)). The constant 0.01 is used
for noise suppression, oz € (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)land

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

x(t) = ia(i)x(r—i) Fag (), (11)

i=1

ap € R?, x(¢) € [0,1]%, and we assume p = 3. In this test, x(¢) is the position of the
car at frame ¢, one dimension of ag 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(@)(¢) := [Ly,x(t — 1),x(t — 2),...,x(¢ — n)] is used for the
Yule-Walker equations instead of the X(¢) assumed in Section 2.1l We use for Equation
@ f;(m(r1)) = exp(—10-&(#;)). 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
0 = 0.4, we say, we have detected an event. In general, 0 is an arbitrary threshold with
0 <0< 1,and 6 = 0.4 is sufficient for our task, as we have verified with some test data
(see Figure ).

(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.

= Straight
= == =Left
S == Right
w —e— Accident
g =—e—Several turns
@ Threshold

5 10 15 20 25 30 35 40
time index t

Fig. 4. Score F as described in Section [2.3]

In Figure [l 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

J. Vitria, J.M. Sanches, and M. Herndndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 33 2011.
(© Springer-Verlag Berlin Heidelberg 2011
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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, 810, [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, 18,19, 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 Owur Method

We consider a scenario where the input I is a color image of dimension r X ¢ X 3,
where r and ¢ 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 x ¢. 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

1<1<n
R; = {(x14,91i), (2i,y2i)} such that ¢ 1 <my; <o <7 (1)
1<y <y <c

where R; is the i*" random sub-window with (21, y1;) and (z2;,v2;) being the
upper left and the lower right co-ordinates respectively.
The final saliency map S of dimension r X ¢ is thus defined as

S = ||RE — w(RD)|| + RS — w(BO| + || BY — w(BD)| (2)
i=1

||| denotes the Euclidean norm and pu(.) 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. [Il 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. [2l The example image in Fig. [l is also presented in
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I'Random Image {Interim Saliency Maps}
Sub-Windows of Sub-Windows

ﬁb-wmdow 1

Input Image

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.[2l It should be noted that the final saliency map shown in Fig. Blis obtained
by considering a large number of random sub-windows. It can be observed from
Fig. 2l that multiscale saliency ﬂ] and local steering kernel-based saliency ﬂ§] lay
more emphasis on edges and other statistically significant points, rather than
salient regions. The local steering kernel-based saliency ﬂg], 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. 2l where irrelevant regions are shown as salient.
The results due to symmetry-based saliency ﬂﬁ}, 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 realit
is found to be smooth. The saliency provided by entropy-based methods HES],
exhibit low contrast and are found to be inefficient for the task salient region
detection in ﬂﬂ] 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 HE] 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 HE] and MIT [@] 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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Original Image Proposed Map Symmetry-based  Entropy-based Multiscale Steering kernal
Saliency [13] Saliency [18] Saliency[1] based Saliency[8]

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 [1€], multiscale saliency [1] and local steering kernel-based
saliency [g].

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 [§]. 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 x 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 X r x ¢. We ar-
rived at this value, by varying (n) from (0.005 to 0.03) x r x ¢ and found that the
receiver operating characteristics (ROC) area under the curve (AUC) attained a
level of saturation at 0.02 x r x ¢ on York University [18] and MIT [17] datasets.
And finally a median filter of size 11 x 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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Global Contrast [6]
Symmeiric Contrast [13]
Graph Based [15]
Multiscale [1]

Entropy [18]

Salf Infarmatian [9)

Precision

L Local Steering Kemel (8]

0.1 ; Weighted Gontrast [14]
i = Proposed
cl
0 0.2 04 0.6 0.8 1
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Fig. 3. The Recall-Precision performance of the methods under consideration on MSR
dataset [16], with the experimental settings of E} Note that our method clearly out-
performs the methods based on global contrast [6], symmetric contrast IE}, multiscale
[1], entropy [18], self information [9] and local steering kernel []

of 1000 images from the original set images and create exact segmentation masks.
We followed the same experimental settings as described in ﬂa] In Fig. Bl 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 @, , , @, , } and comparable performance with that
of m, ], without having any of their drawbacks. The entropy-based saliency
map [@] 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 ﬂ@, @] 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 Universit,
[18] and the MIT [17] eye fixation dataset. The dataset of York University [18]
consists of 120 images and the MIT dataset ﬂﬂ} consists of 1003 images. We
followed the experimental method as suggested in HE] and obtained the ROC-
AUC on the datasets. It can be observed from Table. [ that our method has
state-of-the-art performance. We omitted the methods of E, @} on the MIT
dataset ﬂﬂ}, 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 [I0] 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[Il It is,

* This work is supported by the EU FP7 Project Dicta-Sign (FP7/2007-2013) under
grant agreement no 231135, and the EPSRC project Making Sense (EP/H023135/1).
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(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 [, we present our approach in detail. We describe
our experimental set-up in Section [ and present recognition results in Section Bl
Finally, Section [@ concludes the paper.
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2 Related Work

There is a considerable body of work exploring the recognition of actions in
video [TTITIGI8IANT]. 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 [I0] 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 [I5], human pose estima-
tion [14], etc [I2], 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 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- (b) Classification problem with identified
tween classes 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 [Il shows six different
modes of the action class GetOutCar, and four modes of the action category
HandShake, respectively, taken from the Hollywood2 dataset [I0]. 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 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

3.1 Automatic Grouping Using Random Sampling Consensus

For a set, @ of training examples belonging to a particular class C, we iteratively
select a random subset, ¢ C @ of the examples. We then train a binary classifier
of the subset ¢ 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, ¥ C @, where & = ¢ U 9. For each iteration, t = {1...T'},
a consensus set is obtained, labelled Group ¢;, which is made up of ¢ and the
correctly classified examples from . This procedure identifies examples in the
subset ¥ where the mode is similar to examples in .
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3.2 Sub-category Selection

After several iterations of this random training and evaluation, the sub-categories
S;,j = {1...J} of the class C are selected from the groups ¢;, ¢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, ¢, is
given a score which is the sum of weights W; (i) associated with each example i
in the group. The process is initialised by assigning equal weights, W1 (i) = ﬁ 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 ¥, labelled S;.
This is the first sub-category.
For subsequent sub-categories, the weight of each example is given by

Wi (i)
A

t

Wiga (i) =

exp(—auyihe(z:)), (1)

given that,
- 1l (l—ﬁt
Qr = 2 n

) (2)
and the term y;hs(x;) = {—1, +1} denotes the absence or presence of a particular
example in the previously selected sub-categories. Z; is a normalisation constant,
and ¢; 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
S; as shown in

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 S; 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(lel) + |¥|Ctest) + JChoost(|P])), where Chypo and Ciest are the costs
of RANSAC hypothesis and test phases respectively, Cpoost is the cost of the
reweighting procedure, and |.| denotes cardinality.

€t

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 x? kernel

. 14 hin_h"n 2
given by, K(H;, H;j) = exp(—55 >4 ﬁ

size, A is the mean distance between all training examples, and H; = {h;,} and
H; = {hj,} 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, ¢ is cho-
sen as one-fifth of the number of training examples, @. We set the number of
RANSAC iterations T' = 500, and train T" one-vs-rest binary classifiers using
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.

), where V is the vocabulary

5 Results

Table [l shows average precision obtained for each class using our method, com-
pared with the results of Marszalek et al. [I0]. 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 FEat, 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(#Gr0ups)
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
(1
(1
(1
(2
(1

Kiss 0.496 [0.328|0.263|0.239(0.253| 0.263 [ 0.101 { 0.091 | 0.328
Run 0.537 |0.666|0.255 [0.267|0.267| 0.269 | 0.267 | 0.241 | 0.666
SitDown 0.316 (0.428]0.292|0.309|0.310| 0.239 [ 0.255 | 0.254 | 0.428
SitUp 0.072 10.082(0.170(0.135|0.134| 0.124 { 0.112 { 0.099 | 0.170
StandUp 0.350 |0.409|0.342 [0.351|0.295| 0.324 | 0.353 | 0.353 | 0.409

[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.
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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, 13, [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
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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 ] who obtain pose projections by creating
3D head models from two training images per class.

Recently, increased research focus has been put on finding geometrically smooth,
dense correspondences between images, which is alleviated by the availability of
relatively fast, approximative energy minimization techniques for (loopy) graphs
@, E, ] 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. ﬂﬂ] 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 ﬂ%], allowing for greater flexibility compared to P2DHMMSs 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. [[). 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 ﬂﬁ] In 2DW, an alignment of a reference image R € FV*V to
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a test image X € F'*7 is searched so that the aligned or warped image R’ €
FIXJ becomes as similar as possible to X. F is an arbitrary feature descriptor.
An alignment is a pixel-to-pixel mapping {w;;} = {(ui;,vi;)} for each position
(i,4) € I x J to a position (u,v) € U x V. This alignment defines a dissimilarity
E as follows:

B(X, R {wy}) =) [d(vaRw”-) + Th(wi-1,5, wiz) + To(wij—1,wij) |, (1)
ij

where d(Xj, Ry,;) is a distance between corresponding pixel descriptors and
Tw(), T, () 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, {w;;}). 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 () is transformed as
follows:

E(X,R,{w;}) = Z [d(Xija Ry,;) + Ty(vij,vi5-1) + Th(uiaui—l)}
_ZJ Th Ujy Uj—1 +Z|: Xz]aRw” +T(Uzjavzj 1)} , (2)

where the horizontal smoothness is only preserved between entire columns by
the slightly changed term T},. 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. [[(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 A restricting the maximal horizontal
deviation. This parameter is task-dependent and can be adjusted in each par-
ticular case. Setting A to 0 results in the original P2DW, while large values of
A 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 first-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; —vij—1 <2, [uij—ujj—1|<1. (3)

The constraints (3)) can easily be implemented in the smoothness penalty
function T, 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,{wi}) = J Th(us, ui1)

+ Z [d(Xij7 Ru,;) + Tew(wij, wi j—1) + Ta(us, ui,j)] .4
ij

Here, T'h penalizes the deviations from the central column w; of a strip, and Th =
00 if |u; —u;, j| > A; T,, is the smoothness term with continuity and monotonicity
constraints. In comparison to P2DW, minimization of (@) is of slightly increased
complexity which is linearly dependent on the choice of parameter A.

Absolute displacement constraints. In order to reduce the overall complex-
ity of the proposed approach, we restrict the absolute displacement between 7
and its matching candidate w;; [16]. Formally these constraints are expressed as

0<[i—u; [KW, |j—w;[<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 A) to O(IJW?2A) providing a significant
speed-up even for a large W which is viewed as an accuracy/complexity trade-off.
Fig.0(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 A.

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 ﬂﬁ See Fig. 2 for samples.

CMU-PIE. The CMU-PIE ﬂﬂ} 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 ﬂa] and cropped to 64 x 64 resolution. Fig. Pl shows sample images.

Experimental Setup. We extract an 128-dimensional SIFT descriptor at
each position of the regular pixel grid. As proposed by ﬂg], 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 L; norm as local feature distance. Similar to ﬂﬂ], we include
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Fig.3. Error rate on automatically de- Fig.4. Error rate on VJ detected faces and
tected faces for different strip widths A, relative complexity compared to P2DW-
where A = 0 is equivalent to the P2DW FOSE with different warping ranges

a context of 5 x 5 neighboring pixels in the distance, which is also thresholded
with an empirically estimated threshold value of 7 = 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. Blshows the error rate for increasing A where
the biggest improvement is seen at A = 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 A = 3 (c.f.
Fig.B)) and vary the warp-range parameter W restricting the maximum absolute
displacement. Fig. @l 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. B]). For W = 8, the relative
complexity is 7.1%, corresponding to a speed up by a factor of 15 (in comparison
to W = oo0) while leading to only a slight increase of the error.

In Table [[I 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, 13, [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

} ) Table 2. Average error rates [%] on CMU-
and comparison of run-times

PIE groups of poses by our algorithms

Model ER [%] CE Model near near avg.
No warping 22.3 - frontal profile
P2DW 2.7 1 No warping 40.69 86.27 63.48
P2DW-FOSE 1.8 23 popw 0.25 17.63 8.94

tW=8 20 0.2 pyDW-FOSE 025 10.39 5.32
CTRW-S [5] 3.7 04 Hierarch. match. [1] 1.22 10.39 5.76
SURF-Face [J] 415 - 3D shape mod. [23]  0.00 **14.40 **6.55
DCT (3 470" - prob. leaming [15] 7 * 32 19.30
Av-SpPCA [1§] 6.43° -

*

= * estimated from graphs, ** missing poses

with manually aligned faces

Table 3. Qualitative evaluation of the proposed approach

Query Ref Deformed Ref. Query Ref Deformed Query
P2DW P2DW-FOSE P2DW P2DW-FOSE

VW ¥ El

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. 2l (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 ﬂ]
and additionally use left and right half crops of the reference image. We choose
A = 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 Table2l 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
ﬂ] uses a much more complex warping algorithm and ﬂﬁ] even use an additional
profile shot as training data in order to generate a 3D head model. ﬂﬁ] uses
automatically cropped images, which make the task even harder.

Table B] 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 [I]. 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].

J. Vitria, J.M. Sanches, and M. Hernandez (Eds.): IbLPRIA 2011, LNCS 6669, pp. 58166] 2011.
© Springer-Verlag Berlin Heidelberg 2011
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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 [I1].
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[78]. 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. [l 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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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 Hpgg 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 Hy; 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 Np
the number of object detections O = [O1,Oa,...,On,] in the image I, object
occurrence can be represented as a histogram Ho:

No
Ho = ) P, (1)
i=1

K2

where w; is such that only one element of w; is nonzero, and |u;| is the L1-norm
of u;. The index of the only nonzero element in u; indicates the class of the
object O; with probability P;.

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 d;;, which bins
the relative location of the detection windows of ¢ and j into one of the canonical
semantic relations including above, below, ontop, next-to, near, and far, see Fig.[2l
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Table 1. Average precision results on PASCAL Action Dataset using different cues

| [Hp [Hp& Hpg|[Hp& Hpc& 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 [62.1]  56.3 [ 59.0 |

Therefore, every image I can be represented with an interaction matrix Hj.
Every element hy,, of the matrix H; represents the spatial interaction between
classes k and [:

k N
e = 3 z d(OF, OV ymin(PF, Py 2)

i=1 j=

where OF and O! are detections of objects of classes k and [ correspondingly.
Therefore, the global interactions model Hgr is represented as the concate-

nation of Hpo and Hj, and the final spatial interaction model H;y7 is defined

as the concatenation of the local and global interaction models, Hy; and Hgy.

2.4 Classification

In this stage, images represented with histograms are classified using a Support
Vector Machine (SVM) classifier (see Fig.B)), 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, Hpg, Hy yT We use concatenation of normalized histograms.
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Fig. 4. Correctly classified examples of walkin running/(b)} phonin playing
instrumen taking phot reading|(f)| riding bik riding horsg(h)} using PC@

Fig.5. Misclassified examples of Walkin runnin phoning(c)} playing
instrumen taking phot reading/(f)| riding bik riding horsg(h)} using Pqﬁﬂ

3 Experimental Results

Instead of applying our technique in sport datasets as in [4J5], we tested our
approach on a more challenging dataset provided by the PASCAL VOC Chal-
lenge 2010 [I3]. 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 [[). A selection of correctly classified and misclassified examples
are illustrated in Figures H and Bl 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 [I3])

o o .
% 8 © % a,
AR ENNE AN
ER -0 - - e - I I R
S1E|E|2|5 |3 14|22 ¢
O O - T = - B O~
WILLOW LSVM 41.5]|73.6[40.4(29.9[17.6(32.2{53.5[62.2[45.844.1
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]47.9129.1|26.0|21.7(53.5|76.7(42.9[48.1
WILLOW A SVMSIFT 1-A LSVM 56.9(81.7149.2|37.7124.3122.2(73.2|77.1(53.7(52.9
UMCO DHOG KSVM 60.483.0(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 T1.5(79.5147.2147.9]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 69.286.5(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 & Hpg & Hin7]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 [I] 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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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 Finally, the
experimental validation and conclusions are presented in Sections[3land [ 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 F which has associated
a spatial image location g. The boosting algorithm [S] computes the object classifier
H (x) by selecting, in each iteration 7, the Fern £, and location g, 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 ¥ of features (Random Ferns) is used [€]. It
allows to reduce the cost of feature computation.
Then, the Boosted Random Ferns can be defined as:

T
H(x) = Zlht(ao >B, (1)
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Algorithm 1. Boosted Random Ferns Computation

1: Given a number of weak classifiers 7', a shared feature pool ¥} consisting of M Random
Ferns, and N image samples (xq,y;)...(xy,yn), where y; € {+1,—1} indicates the label for
object C and background classes B, respectively:

2: Initialize sample weights D (x;) = %, where i = 1,2,..N.

3: fort=1to T do

4: form=1toMdo

5

6

for g € xdo
Under current distribution Dy, calculate the weak classifier h(m’g) and its distance
Q(m.g)-
7 end for
8:  end for
9:  Select the A that minimizes Q;.
0:  Update sample weights.
N\ — _ Di(xi)exp[—yih (x;)]
i) = SN, Dy (xi) exp[—yihy (x;)]
11: end for

12: Final strong classifier.

H(x) = sign (X1_, he(x) - B)

where x is an image sample, 3 is the classifier threshold, and /, is a weak classifier
computed by
1 P(Ftlc7ghzt(-x):k)+£

e(x) = =1 ,
) = 5108 B B ) = k) + e

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 € is a
smoothing factor.

At each iteration 7, the probabilities P(F ;|C,g,z) and P(F ;|B,g:,z/) are computed
under the weight distribution of training samples D. This is done by

P(F|C.gt,z =k) = D Di(x;), k=1,..K. 3)
i:z¢ (x;)=kAyi=+1

P(F|B,g,z =k)= D Di(x;), k=1,..K. )
i:z (xi)=kNyi=—1

The classification power of each weak classifier 4 is measured by means of the Bhat-
tacharyya distance Q between the object and background distributions. The weak clas-
sifier A, that minimizes the following criterion is selected,

K
Q,:2Z \/P(rt‘catht:k)P(rt|ngt7Zt:k)' %)
k=1

The pseudocode for computing the BRFs is shown in algorithm[Il 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,
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Hegative Images

©

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.[@), 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 ¥ con-
sisting of 10 Random Ferns. Besides, each Fern captures the co-occurrence of 7 random
binary features that are computed over local HOGs [ﬁ].

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:

_ |BerNBo|
,— 126l 15D]
|Ber UBp|

where Bgr indicates the bounding box for the ground truth, and Bp 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 [Tl

(6)
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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
[IQ] and the Freestyle Motocross dataset proposed in [@].

Caltech Face Dataset - This dataset was proposed in [IQ] 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 [E].

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
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 [l

Figure[d{(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[d{(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 [B(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 [B(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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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 x; that maximize the relevance to the class I(x;; C"). The selection is
regulated by a proportional term SI(x;;S) that measures the overlap informa-
tion between the candidate feature and existing features. The parameter § may
significantly affect the features selected, and its control remains an open prob-
lem. Peng et al [] on the other hand, use the so-called Maximum-Relevance
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Minimum-Redundancy criterion (MRMR), which is equivalent to MIFS with
B = —L. Yang and Moody’s [I1] 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 [§] 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, [I] there are four
features X1,X5,X3,X,, the existing selected feature subset is {X;,X4}, assume
[(X2,0)= 1(X5,0), 1(X2,X:1|C) = I(X5,X:1[C), I(X2,X4|C)= 1(X5,X4[C) and
I(X1,X4,X2)> 1(X1,X2)+ I(X4,X2), which indicates that Xo has strong affinity
with the joint subset {X;,X4}, although has smaller individual affinity to each
of them. So in this situation, X5 may be discarded, and X3 is selected, although
the combination {X1,X4,X2} can produce a better cluster than {X;,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:

—> P(c)log P(c) . (1)
ceC
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)

HCPX) =~ [ )3 plelo) logp(clo)da 2)
z ceC
where p(c|z) denotes the posterior probability for class ¢ 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)=> cmlog )())d (3)
cec’?®

Conditional Mutual Information: Assume that S is the set of existing se-
lected features, X is the set of candidate features, SN X = (), and C is the
output class set. The next feature in X to be selected is the one that maximizes
I(C; x;]5), i.e. the conditional mutual information (CMI) which can be repre-
sented as I(C;z;]S) = H(C|S) — H(C|z;,S), where C is the output class set,
S' is the selected feature subset, X is the candidate feature subset, and z; € X.
From information theory, the conditional mutual information is the expected
value of the mutual information between the candidate feature z; and class set
C when the existing selected feature set S is known. It can be also rewritten as

P(S)P(z;, S, c)
I(C;z;|S) = Es(I(C;x;)|S) = (2,5, ¢)log ————""—=.(4)
22 2 M S Sy

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 z; can be defined
as I(C;x;8) = I(C;x4]S) — I(C;x;). 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 x; and the output
class set C, i.e. {C,z;}. A zero value of I(C;x;; S) means that the information
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contained in the observation x; 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;z;;S) means that the observation z; is independent of the output class
set C, so I(C,z;) will be zero. However, once z; is combined with the existing
selected feature set S, then the observation x; immediately becomes relevant
to the output class set C. As a result I(C;x;|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;x;;S) indicates that the existing selected
feature set S can account for or explain the correlation between I(C;z;). As a
result the shared information between I(C; x;) 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, SN X = 0, and C is
the output class set. The objective of selecting the next feature is to maximize
I(C; x;]5), defined by introducing the multidimensional interaction information:

I(C;2;18) =1(C; ;) + I({xi,81 - - 8m, C}) . (5)
where
I(C;xias):I(xiaslv"'asm;c): Z Zp(xiasla"'asm;c)
81,...,8m ceC

P(xi,s1,...,8m;C)
P(x4,81,--,8m)P(c)

x log

(6)

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

Px;, 81, .., 8m)=P(s1)P(s2]s1) P(s3]s2 $1) X P(s4]83, 82, 81) - - - P(w;|s1, $2- - -8m) ,(7)
P(xi,8;C)=P(x, 51,82 - .. 8m;C)=P(C)p(51|C) P(s2|s1, C) P(s3]s1, 52, C)
X P(s4]s1,82,83,C) - P(xils1,...,8m,C) . (8)

There are two key properties of our proposed definition in Equation 5. The first
is that the interaction information term I({z;, 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(z,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, .. that maximizes I(X',C), the second selected feature X;’/“hf that maxi-
mizes I(X , X ,C), the third feature X,,,, 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. [[I 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. @ 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. @ 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.

1009
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Fig. 2. Gender Classification on Facial needle-maps using different selected feature
subsets

In Fig. B 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(z;, 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

&th PGA Eigenmode
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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. @] 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. [T]
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 [I]. 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. [l (left) is only translational. In contrast, the other
patterns of Fig. [[l 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. [l 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.
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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. @l reveals that the minimum number of
symmetry features needed to distinguish every PSG is twelve: four (R2, Rs, Ry,
and Rg) related to rotational symmetries; four (71, T», T1, and Tag) to describe
reflection symmetries (non-glide and glide) along axes parallel to the sides of UL;
and four more features (D1, D2, D1, and Dag) 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, fo, ..., fi2). To obtain a symmetry feature f; for a specific
isometry, e.g 2-fold rotation, we apply this transformation to the original image
I(z,y) obtaining the transformed image I” (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(z,y) =1 — SAD(x,y), where:

SAD(x,y) = 57 Y0y 4o H(z — 0.y — o) — BBox(zo,10)] (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 |mazimum — minimum| difference should then
be a good measure to quantify the feature. However, there are patterns with-
out internal symmetries, such as P1 (Fig. [I]), 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 SF'V as follows:

fi = marlMaplopenUian) 1 < <12 (2)

The higher the value of f;, the more likely the image contains symmetry.
Table [l shows the SFV vectors obtained for the four wallpaper samples in Fig. [l
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. [Tl

Sample SFV:(RQ, R3, R4, Rg, T1, TQ, D1, DQ, T1G7 TQG7 Dlg, DQG) 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 (10.95, 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 S;. 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
0,0,0,0,0,0,0,0,0,0,0,0

Classes Prototype
Feature vectors

P1

P6M |(1,1,0,1,1,1,1,1,1,1,1,0

PGG

( )
CMM|(1,0,0,0,0,0,1,1,0,0,1,1)
P2_[(1,00,0,00.0,00.0.00)| —5r—7'570,6:0.00.0.0.00)
PM, 1(0,0,0,0,1,0,00,0,0,0,0) =557 (1,0,1,0,1,1,1,1,0,0,1,0)
PMz 1(0,0,0,0,0,10,0,0,0,0,0)| =57 (1,0,1,0,0,0,1,1,1,1,1,0)
PGy [(0,0,0,0,0,0,0,0,1,0,0,0)| 55 (0’1’0’0’0’0’0’0’0’0’0’0)

PG, {(0,0,0,0,0,0,0,0,0,1,0,0 P

CM2 Eo,oyo,oyo,oyl,oyo’o’l’og P31M;((0,1,0,0,1,1,1,0,1,1,1,0)
CM1 (0.0.0.0.00.0.1.0.0.0.1)| [L3LMz (0,1,0,0,1,1,0,1,1,1,0,1)
PM]@ (1’0’0’0’1’1’0’0’0’0’0’0) P3MT1,(0,1,0,0,0,0,1,0,0,0,1,0)
oo ool P3aT, ((0,1,0,0,0,0,0,1,0,0,0,0)
PMGh(1,0,0,0.1,0,0,0.0,1,0,0)| 755 (L10.100,000.0.00)
PMG-|(1,0,0,0,0,1,0,0,1,0,0,0) ( et bl et et et It et )

( )

1,0,0,0,0,0,0,0,1,1,0,0

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. Bla 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, fo) vectors never reach certain
areas close to the prototypes, Fig. Blb 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

Lo (0.1H {1,1)

(hmae, fmac)
P3

2 J THBLEN %
fmin dmacl “einss prototys
Optimum \“” prolatpe - f111,12)
boundaries e T
fir.m

fIFLf2)
.

1Ly
:, fmax /

interdiass P
Pl boungaries Fz gk

(0.0} 22 Amin (L0) {fmin fmax) |

Fig. 3. From left to right: a) 2D feature space and prototypes P1, P2, P3 and P4. b)
Forbidden areas. ¢) 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. Blc). Finally, the closest class to new prototypes (H, L) and the null-class
P1 are disambiguated (Fig. Btd). The algorithm is as follows:

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

SJ;_V’ ?((SJ;i{/{é, o f12); 3)
fZ/ = mam.(;'FV)—min(SFV); I<i<12

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—-1forU >0,5and 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 SF'V’ and the resulting prototypes. Repeating
steps 2-3 for all U values, the value (U,pt) 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 SF'V but only using
the P1 and candidate classes.

3 Experiments

As indicated in [0], 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 [I0], 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 [B], 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 Bl 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|INNC2|ANNC2|NNC3/ANNC3

Wallpaper| 17 100 |82.35] 100 100 100 100 100
Wikipedia| 53 54.72160.38| 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 (d; = dist(SFV, F;)). This (P;,d;) 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 & ANNCS) classification results,
the success rates are considerably higher (see Table B) 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.
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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 [I5] 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 [I1], 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.

J. Vitria, J.M. Sanches, and M. Herndndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 92 2011.
(© Springer-Verlag Berlin Heidelberg 2011
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Fig. 1. DMUM pseudo-distance values directly computed from the unthresholded
Sobel gradients of image

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[ll). 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 [I4] 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
analyzes DMUM values in watershed segmentations and its stability in video
sequences and finally Section [ 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:
B,[p] = {z € $*|d(z,p) <1} (1)
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(a) (b) (c)
Fig. 2. Original binary image, classic chessboard DT values and DMUM

values

where d(z,p) is a distance function. If S*> = R? then B,[p] is defined in a con-
tinuous metric space, while S? = Z? defines B, [p] in a discrete metric space. For
optimization purposes the Chebyshev distance (Loo norm) is adopted, defining
a square around p.

Given an image i € Z? and its normalized gradient image g", being its maxi-
mum value 1.0, consider the sum of gradients for a given B,.[p] in ¢ as:

éep) =7 . g"(x) (2)

Vz€ B, [p]

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

q(p) = arg sup{¢,(p) > 1.0} (3)

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

rp)=q-> ¢r(p) (4)

DMUM values I'(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[2l Measuring pixel value differences between
Fig. and Fig. returns a dissimilarity smaller than 1.5%.

The accumulation of ¢, (p) values in EqMlintroduces a linear weighting factor.
The first and smallest area contributes ¢ times to this accumulation, because it is
also contained on bigger areas. The second one contributes ¢ — 1 times, the third
one g — 2 times and so on, while the area that satisfies the condition contributes
only once. While raw g 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.
shows this effect. The v,~ €(0,1.0] parameter in Eq2l 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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(b) (c)
Fig. 3. Original image. Raw DMUM q values. The accumulation of

innermost regions results in smoother DMUM maps.

Fig. 4. Original image. DMUM computed with v = 1.0 0.1 and 0.01

~ parameter dampening effect will be much stronger in small areas with low
gradient accumulations. Figll shows the effect of different v 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.
B ¢.(p) <= 1.0,¢.(p) € [0,q] and I'(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 ¢ consists of finding the smaller
area By(p) which gradient sum ¢4 (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: v € (0..1]
Ensure: Floating point image DMUM sized n x m
DMUM]Ji, 5] < 0,4 € [0..n),5 € [0..m)
gradient «— gradient(source)/maz(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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B =
(a) (b)

(d)

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

r«—1
enclosed_gradient «— gradient[i, j] - v
gradient_accum «— enclosed_gradient
while enclosed_gradient < 1.0 and r < maxz-r do
gradient_accum «— gradient_accum + enclosed_gradient
r—r-4+1
enclosed_gradient «— (integral(i +r,j+ 1)+ integral(i —r,j —r)) — (integral(i +r,j —
r) + integral(i — r,j + 1))
enclosed_gradient «— enclosed_gradient - vy
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[il 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 EqB]) so the original image structure is better
preserved (See Fig. Bl).

It was already shown in [I] 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 (DMU Mg)
and Deriche (DMUMp) 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 Figlgl 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 DMU Mg creates less regions that Deriche, the application of a Tukey-
Kramer multiple comparison test on error ratio values reveals that Deriche and
DMU Mg error ratios are significantly similar, with a confidence level of 99%.
DMUMp 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, DMU Mg and DMU Mp 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. [0 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 DM U Mg and DMU Mp values are significantly similar
to each other, and different from DT and Deriche. Once again, DM U Mg 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 DM U Mg was statistically as stable as
DMUMp. Being Sobel gradients much simpler to compute, DMU Mg 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

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.

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.

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. [I). 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 U20S 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. ] 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 Imageﬂ, however, mainly depends on ad hoc thresh-
old settings on fluorescent intensities. Other software packages available for scratch as-
say evaluation are CellProﬁler@ 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.[I) the classification requires
brightness-independent features like texture measures. To characterize texture a huge

I'nttp://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 [13L5]]. 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 0(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@y).erea) = [ 10xy) =il Ho(x.y))dxdy

[ 1) = el (1= H(9(x,v)))ddy 1)
Q

where Q denotes the image domain, ¢ and ¢; 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 [§]] 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 T;(x, fg) 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,

— Z P(1)-logy P(1), 2)

where P(I) denotes the probability of the intensity values [, [ =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 (I)) 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 ¢ = 5 to reduce noise, for every
pixel of the image the discretized entropy is calculated using a window size of 31 x
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. 4l

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 ey + 0.2(€max — €min ). 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 x 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 MiToBoﬁ,
an extension of the Java image processing software Image.J.

4 Results

Image data. Cultivated osteosarcoma derived U20S 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
(Oh, 2h, 4h, 6h, 8h, 12h, 24h) after inducing the scratches, resulting in 70 images each
sized 2048 x 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 O 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. Bl
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.
The other outliers mainly stem
from image regions along the ;
border of scratches where the re-
covery of the cell layer caused 7 4 —SgRS - )
intrusions of scratch areas into
the cell area. These are only par-
tially included in the ground- e
truth by any of the experts, how-  proven2] : : :
ever, completely labeled by our on 2 4 én & 12h 24
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 1-- ‘;‘g‘;;
to quantify the cell population’s M - " o o B i
motility. In Fig. 4] the average
values of measured scratch ar- Fig.4. Mean areas with errorbars of two-times the stan-
eas are given for both popula- dard deviation over time for the fetal calf serum (top) and
tions and all seven time-points. the starving populations (bottom). Ground-truth results are
In both plots ground-truth re- shown solid and dashed, our results dashed-dotted.
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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 |[IH3]. 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.

J. Vitria, J.M. Sanches, and M. Hernéndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 109 2011.
(© Springer-Verlag Berlin Heidelberg 2011
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2 Shape Alignment

Consider a training set consisting of N binary images {S;};=1,. v : 2 C R" —
{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 S; = S; o T;l, where
T; is an affine transformation, given by the composition of a rotation, a scaling
transformation and a translation. Equivalently, S; can be written in terms of
S; as: S; = S; o Tj. Traditionally, the pose parameters have been estimated
minimizing the following energy functional, via gradient descent [2]:

Ealign = Z (1)

Minimizing () 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 NV aligned training
shapes and to the problem of aligning the active contour. Specifically, given a
reference image Sy.f, 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 S;, 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 .S; and Sy¢¢. 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, .S; 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 Srey be a normalized binary image as reference and {)\;ef}jzl,,,,n be
the eigenvalues for the reference image. We consider one of the following scale
matrices: a) W = ’\;—f -I where A = (H?:1 A;)Y/™ and I is the identity matrix

o7

o
A
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 Ty.f, the affine transformation translates the origin of the coordinate
system to the reference centroid. Then, the affine transformation is defined as
follows:

or b) W is diagonal matrix where w;; = . In the first case is a scaling

T, N z) = R-W - (x —Tj) + Trey (2)

7
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This affine transformation aligns from S; to Sy..¢. If we use a scaling identical in
all directions, Sy.r will be only a numeric artefact for the pose algorithm. The
alignment error does not depend on the reference, S;.¢. 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 () 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 ().

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 S; define N objects, whose boundaries
are embedded as the zero level set of N signed distance functions {¢1,...,dn}
respectively, which assign positive distances to the inside of the object, nega-
tive to the outside. Now, we constrain the level set function ¢ to a parametric
representation of the shape variability [2]:

k
Pa(r) = do() + ) aithi(x) ®3)
i=1

where k < N is empirically chosen and a = {ay,...,a} collects the weights
for the first k eigenvectors z/?z (x),i=1,...,k. We also have the mean level set
function ¢g(x) = + vazl ®i(x) of the aligned shape database.This will drive
the shape variability, where the parameter vector &« models shape deformations.
Experimentally, we have observed that given any parameter vector a, the shape
generated by (@) 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 gi;z can be represented by its corresponding shape
parameter a; = (ay1, 42, ..., a;r). 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(«) from these samples.
Following [3], it considers a nonparametric density approximation:

Pla) = ﬁif{(“}“") (4)
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where K(z) = #exp(—%), being 0 = + Zil min,z; |a; — a;|? 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 : 2 C R” — R be the image to be segmented
and let ¢ be the level set function with ¢(z) > 0 if z € 2;, and ¢(z) < 0 if
z € 2,4t We also consider the regularized Heaviside function H(s). The data
energy functional is written as

Edata(a) = _,/_Q H(éa(iﬂ)) log(pzn(u(T_l(x))))dx
- /Q (1= H(Ba(2))) 108 (pout (u(T~(2))))de (5)

being T~ ! 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(a) = Edata(a) - log(P(a)) (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 @ be the level set function for segmentation,
and ¢ be the one embedding the shape model as ([@]). Both are signed distance
functions. Hence, we propose the following shape term:

1

Funape(®,60) = 5 /Q (B(2) — de(T()))2da. (1)

It minimizes the dissimilarity measure between the target @(x) and the shape
model ¢ (T'()). The pose parameter is calculated with the moments of @(z) > 0
and ¢ () > 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 [§].
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 /H logpln( ( )|/’(’ln’012n)dx
— [ (1= H @) 0 @ o 2o+ v [ [Fo@ldz ()
2 2

where p(u|u;, 0;) denotes the probability of observing the filtered image v when
£2; is a region of interest and v 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

Vu
e e H T~ .1
dge( /(5 ))Vu - ndﬂc—i—/ x))div <||Vu||> (IVulldz  (9)

being §() a regularized version of the Dirac function such as 6(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(dj, (z;a) = QlEregion (@) + Q2Eedge (@) + Q3Eshape (@7 an) (10)

where p; 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 &(z) > 0 and
q~5a (z) > 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: v [, 3(|[V®@(x)|| — 1)?dx. Here
v > 0 is a parameter that controls the effect of penalizing the deviation of &
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:

0,8(z) = 6(8(z)) | o1 -log% + o1 v div <”§§E §|) o -um(x)}

T 05 (B(2) — Ga(T(2)) +7 - (Aqs(x) ~ div <||§§Eg| )) (1)

where u,,;, is the second derivative of u in the gradient direction. Recall that
the affine transformation T'(z) is defined by the pose parameter. It has con-
nected the pose from the normalized shape model to the target @(z) > 0. This
property makes more efficient the algorithm since it allows to pre-load (bg( ) and
1/’(5”)@:1,. k- Moreover, da () is calculated using the above data about p, (u(x))
and poyt(u(x)). Gradient descent method is now used to find the shape parameter
« that minimizes E(a) in equation (@)):

Pin(u(T~}(x))) Yo — @)K,
o= / o {bg Ponl@ @) | T T ey g, (12

with KZ = K(%) and {b = {1/’}17’(2}27 “‘7/&]@}'

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, S,.s has been
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(S;0T, ' )NSrey )
© (80T, YUSres )’
our approach gets a SI of 0.66 while variational method of (] gives 0.54 over
the training set. From aligned training set, we calculate and save the mean level
set function ¢g(z), the first k eigenvectors ¢ (z) and the shape parameter a;, for
each sample. In this application, we use kK = 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, p;, (u) and
Pout(1). We also calculate wu,,. We load the mean level set function ¢o(z), the
first eigenvectors 1;(33) and the shape parameter o, 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 @ is employed as the starting surface.
The evolution of ¢(z) follows (1) and « is calculated as ([I2)). 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
&(z) > 0 and ¢ (x) > 0. Fig. Dlshows 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 metricsﬂﬁ". 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 [ lists the average values of the metrics and their scores over
the test data set.

tuned by minimizing (). Using Similarity Index, <SI =%>

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

Type m1 me ms my4 ms

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. Mazimum 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 [I4] 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 Ozygen 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 [I1II0] 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

* This work was supported by the Portuguese Government — FCT (ISR/IST plurianual
funding. We acknowledge GinoEco, Porto, for collaboration in collecting the fMRI
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 [I6] 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 [I]. 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 [I] 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 [I] we further
incorporate a slow time data drift variable (a.k.a. baseline) d; of time dimension
N into the observation model, yielding eq. [l at each " voxel, when L stimuli
are applied simultaneously.

L
yi(n) = hy(m) » Y Bi(k)pi(n) +di(n) + 1:(n), (1)
k=1

where y;(n) is the N length observed BOLD signal at the i*" voxel, h;(m) is
the M < N dimensional HRF and 7;(n) is noise signal. The activity unknowns
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Bi(k) € {0,1} are binary with 3;(k) = 1 if the i** voxel is activated by the
k" pr(n) stimulus. 7;(n) ~ N'(0,02) 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 mazimum a posteriori (MAP) estimation of the unknown column vectors
obtained, in matrix form, by minimizing the following energy function

Data fidelity term Prior terms
E(yi,bi,h;,d;) = Ey(yi,bs, hy, d;) + Ep(hy) + Eg(d;)
= —log(p(yilhi, h;,)) —log(p(h;)) — log(p(d;)) (2)

where the prior terms incorporate the a priori knowledge [I3] about the temporal
behavior of h; and d; - the HRF (C1) starts and ends at 0; (C2) is smooth; (C3)
has similar magnitude to the HRF one gamma function (h¢(t)) proposed in [59];
and that the d; is (C4) a slow varying signal with a smaller bandwidth than the
one of h;.

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

1
h;) = —aU(h;)
p(hy) 7 ¢ 3)
L —u@)
p(d;) = 7 € ) (4)
d

where Zj, and Z, are partition functions and the Gibbs energies U (h;) and U(d;)
are designed in the following way, where [, ] are regularization parameters to
tune the degree of smoothness of the estimated vectors.

C3 C3 M—1 C3 Discrete version of the 2™% derivative
U(hg)= wi(1) h(1)? +wp (M) A(M)? + 3 Ty | Titn + 1) — g - (ym) — o — 1) | (5)
~—~— —— =2
C1 C1
C2
N Discrete version of the 1°¢ derivative
——
U(di)i =Y di(n) — di(n — 1) (6)
n=2

C4

Here the weigh coefficients wy,(n) = 1/(|h%(n)| + 107%)%, where the discrete
version of the HRF gamma function is h%(n) = h°(t)|t=nxTR, are used to com-
pensate for the reduced prior strength when the second derivatives are small.

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

1
E= o |(¥:bi+d; - vi)ll3 + ah! HoDyh; + vd! Dyd; (7)
Yy
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where Ho = diag{h%(n)} is a M x M diagonal matrix containing the HRF.
D;, and Dy are M x M and N x N second and first order difference matrix

operators [I4], respectively. ¥; is a toeplitz L x N convolution matrix of b; and
b; as defined in [I]

3 Optimization

The MAP estimation of the unknown vectors b;, h; and d; is obtained by min-
imizing the energy function (7)) with respect to each vector, one step at a time.
b; is first estimated with the drift initialized with the mean of the TC (dY = y);
and h? equal to h?(n) [519].

3.1 Step One: b Estimation

Its easily shown that the binary elements of b = {Jf ;} that leads to the min-
imization of () are a simple binarization by thresholding (thrs = 0) of the
following fields, in matrix notation, where z/;f_l(k) is the k** column of \112—1;

Bi(k) = —; ' (k)" [wi (k) +2(d""" — y)] (8)

To solve this huge combinatorial problem, a fast and computationally efficient
graph-cuts based algorithm [2] is used to binarize the fields B} ;(k), defined in
@), at each (r,l) pixel location in the data slice, by minimizing the following
energy function:

data fidelity term

S (Bra(k), Bra(k)) = Bralk)(L = Bra(k)) +02 > [V (k) + V2 (k)] /3r1(9)
7l

r,l

spatial regularization term

where 02 is the observed signal variance (var(y)); V,5(k) and V;hl(k) are
XOR & operators between G,;(k) and its causal vertical f,;+1(k) and hori-
zontal 3,41 ,(k) neighbors, respectively; g.; (1072 < g,; < 1) is the normalized
(smoothed) filtered gradient of B(k). Non-uniform solutions to (@) have a higher
cost due to the spatial reqularization term. However, in order to preserve tran-
sitions, the division by §,; reduces this non-uniform cost at locations where the
gradient magnitude is large. It can be shown that (@) is convex which guaranties
[2] global minimum convergence.

3.2 Step Two: h Estimation

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

. . -
h; = [(®)"®! + 200 HoD} | (®)" (yi —di™ ) (10)

where ®! is calculated with the current b! vector, estimated at the previous
iteration step Bl However, the HRF is only estimated in the case of voxel
activation by at least one paradigm, i.e., if 3¢.;) : 3,1(k) > 0.
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HyperParameter Estimation. In this method the regularization parameter o
is not constant but is automatically and adaptively estimated along the iterative
process as follows. Considering (), we can rewrite eq. [B]) as

N
1 — n n 2
ph) =] 7€ wimetn) (11)
n J/
p(%)

where 62 is the 2"¢ derivative operator in (). By assuming p(&(n)) to be a

probability density function (of unitary area) and aw(n) = 5 (1n)2 we get
2 +inf 1 8?2
mo( €207 d§(n) = 1 (12)
Zn(n ) —inf /270 (n
which implies that Z,(n) = Za(ny» hence the energy term of @) with respect

to h can be rewritten as
N 1 & N al
En(h;) = —log(h) = 5 logm — 3 zﬂ:log w(n) — 5 loga+a zn: w(n)d(n)t13)

By finding the null derivative of (I3]) we obtain the automatic HyperParameter
estimation that is, in each iteration, dependent on the initialization and current
estimate of the HRF.
N
t N 2

“ = 20U (h) - (hffl)T(HQODh)hﬁ’l (14)

3.3 Step Three: d Estimation

A new estimation of d; is calculated by finding the null derivative point of (2]
with respect to dj, yelding:

d; = [T+ 2702DY] " (yi: — ¥'b)) (15)

where T is the identity matrix and ! is computed by using the current h! vector,
obtained in the previous iteration step.

Since 7 is a regularization parameter associated with the drift signal, a much
slower frequency signal than HRF, then + should be higher than «, i.e., v > «
[15]. Here v = 100c.

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 x 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 () for generating the y; observed data, a Monte Carlo exper-
iment with a total of 3,276,800 runs was performed with several different noise
levels (see Fig. [l captation). The resulting mean and standard deviation (error
bars) values of probability of error (P,), as a function of o, SNRgp and SNR,
are presented in Fig[ll The results with and without GC are shown, as well as
the ratio P.(GC)/P.(w/GC).

Fig.1. Monte Carlo results for 50 runs on 256 X 256 pixels, for ¢ =
{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 P., as a function of o, SNRgp and SN R, 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 [P.(GC)/P.(w/GC)] (¢
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 P,. As
expected, the improvement increases when the amount of noise increases or,

equivalently, the SN R decreases. This is observed by the monotonic increasing
behavior of the [P.(GC)/P.(w/GC)] (o).

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 [Bl9]. 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. Prespectively. The proposed SPM-Drift-GC method
results are displayed on columns a), b) and ¢) of Fig. 2

Visual 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; ¢) Weighted SPM-Drift-GC algorithm results; d) SPM-GLM algorithm Strict
results; ) 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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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 [I]. 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. [Ila),

J. Vitria, J.M. Sanches, and M. Hernandez (Eds.): IbPRIA 2011, LNCS 6669, pp. 126 2011.
© Springer-Verlag Berlin Heidelberg 2011
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Fig. 1. Short-azis 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. M

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. 21 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 [ illustrates the output of the two stages.

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-azis IVUS image tends to an elliptical profile with an eccen-
tricity that is higher with respect to a frame without bifurcation (See Fig. lla,
-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 (z,y) € [0,1] which constitutes the pullback sequence
S (x,y,t) € [0,1] is first converted into polar coordinates:

I(p,0) =1 (pcosb, psind) (1)
where x and y are the horizontal and vertical coordinates in the cartesian system,
p and 6 are the radial and angular coordinates in the polar system (See Fig.Hc),
t is the longitudinal (temporal) coordinate along the pullback.

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 Nr texture descriptors is then defined. Each descriptor specifies a
mapping function F': I (p,0) — M; (p,0), where M; (p,8) € R is the parametric
map according to the j** textural descriptor, j = 1, ..., Ny. 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 M; (p,0) — fi(0) (2)

where f; () € R,i =1, ..., Ng, being Ng 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) 6 is then described by a feature vector,
obtained by concatenating all the features, f; (6) = [f1(0) f2(0) ... fn. (0)].
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 Np = 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 N, = 10 sequences. At each
validation fold, performance is evaluated in terms of accuracy (A), sensitivity
(S), specificity (K), precision (P) and false alarm ratio (FFAR). 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 [§]. The AdaBoost classifier has been trained with up to 7' = 110
rounds. The parameters of the Random Forest classifier have been set to a num-
ber of trees Nypees = 1000 and a number of input variables determining the
decision at each node, My, = logy Nr + 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 [Il 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 o = 0.05. Table2lillustrates, 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 | (649 +4.71)% | (2.94 £+ 3.46)% (0.62 £+ 0.39)%

Table 2. Difference between the mean performance values A (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. 1.0. | R.F.vs.1.0.
A —2.78% x* —4.77% = —1.99% *
S +12.44% * +13.22% * +0.78%
K —3.55% x* —5.87% = —2.32% *
P —3.4% = —6.49% —3.09% *
FAR +3.55% * +5.87% x* +2.32% *

Figs.[BHd, -e, -f, -g illustrate bifurcation frames corresponding to the sequence
longitudinal positions highlighted in Fig. Bla. Fig. Blc shows a map reporting
the pullback classified by using AdaBoost, while Fig. Bth 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 [I], 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 @l we present our experimental
setup and show our results. Finally in Section [l 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. [0],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 [§]. 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 [I1] 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 [ (a)), it creates a bright spot surrounded by darker areas, which are
the shadows, generating edges and valleys in the intensity image (Figure[dl (b)).

Edges

N

—~ |

(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.

Region Merging
— T 5L
(" Input Image R | | eeen Depth of egmel
\_Image | |Preprocessing| '|Segmentation ey valleys-based Image
T |  S—

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. BI[E]).

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[Il 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 = a x gradient 4+ [ * 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 ). 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.

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 («, 3, 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[lwe 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 Bl normalized cuts non-polyp regions tend
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Fig. 5. Comparison of segmentation results: (a) Original images (b) Polyp masks (c)
Our method’s output (d) Normalized cuts’ output
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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 Bl we can see examples of each method’s output. It can be seen that
the images segmented with our method (see Figure Blc)) 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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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. 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 [I1] 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. . 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 [§].

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 [I]. Robust



Interactive Labeling of WCE Images 145

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 [I0[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. [I).

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 M,,
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, M; 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 = {w;\]} from U such that they are considered as
under-represented by the labeled set L.

3: Evaluate the subset N with M;, assigning a label l; to every data sample x; 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 [ C N (with the purpose of minimizing the expected number of
expert clicks).

7: Delete the elements of I from IN.

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 / and its user-corrected label.

11: Perform an online training step for M; by adding the elements of I to the model,
getting M;4q.

12: Evaluate the elements of N with M;;, assigning a label I; to every data sample x;
from N.

13: =14+ 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 8 (C8): 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. B)):

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 M; 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 x; with respect
to a data set C can be easily estimated by computing the mean distance from
x; to its k-nearest neighbors in C. The simplest solution to this problem is to
compute the distance from the sample z; 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. BI). 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:

M
D7) =Y |15 1)

where M is the number of hash tables, ||B;|| is the number of elements in the
bucket where the new element x is assigned and 7;. 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 = {z7, ..., %} from
new unlabeled data U is defined as:

N={VeeU:D(T,)<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:

K
S(x) = Z%’K(Ui’ﬂ«") (3)

where ((v1, 1), ..., (vg, @k )) are the set of training vectors with the corresponding
real estimated weights (a1, ..., ) 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 M7, 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 @ 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. d). 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
Videol 35847 4687 103 103 147
Video2 51906 10145 211 213 316
Video3 52777 5771 270 270 376
Video4 56423 13022 86 90 151
Videob 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
Videol0 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 [I]. 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 [TI2]. 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 [Il). 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 [4J5].

Regarding automatic segmentation there are techniques such as thresholding,
region based segmentation and cluster based segmentation that can also be used
in tissue segmentation [4J6]. 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 [Al7]. 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 [810]. Mean-shift tech-
nique has also been used in segmentation of MR brain images [I1]. 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 @] presents
the results obtained and finally the conclusion is presented in Section

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 [54]. 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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lelele

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 [I4/15].

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 Bl (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 Bl (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 Bl (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 M (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 [II2] (Figure [l (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 @ (A)). Figure @
(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 [1I2] (Figure @ (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 [l 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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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[Ilshows 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

() (b) (©) ()

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 @ C N? the lattice support
of the image, let define p(™) € & a generic point of the moving image M, and
w(p™)) € R? as the displacement vector estimated by a non-rigid registration
algorithm, that maps the point p(*) to the corresponding point on the static
image S, pt®) = p(M) 4 w(p(M)). For the sake of compactness, in the remaining
part of the paper we will use w(p) £ w(p™)) 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,
Vp; the symbol £(p) C @ 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. (Il) is minimized over the splines
parameters, using the Normalized Mutual Information (NMI) as a similarity
measure between images.

200 2 2w ?
C(w) = —NMI(S(p), M(p +w(p))) + A1) (a 6x(2p)> ’ (3 ‘99(21))) (1)

The grid is then iteratively refined to allow more local deformations. Eq () 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 A 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:

Bw) = 3 lss(p) — su@+w)l + -5 3 (w(0) +v7(0) +

Z min (a|u(p) — u(q)|, d) + min (a|v(p) — v(q)|,d) .

(p.q)€e

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 x40
pixels), the second term provides a first order regularization on w; finally, the
last term promotes the smoothness of w. Parameters o, a 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 x 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 X 0.43 x 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 x 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 = 25, 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 g = 0.75 and
¢ = 0.33. The FFD has two main parameters, the A (see eq. ({l)) and the initial
grid. In the experiments of this paper, we set A = 0 and initial grid spacing of
128 x 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 a = 2,
o = 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. 2l (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 [, which ground truth
translation is defined as w( (7).

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 [I12I-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) Z [w® (1) — w) (1)]].

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 B 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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[I2I-FFD] [V2V-FFD] [I2I-SF] [V2V-SF]

No registration

—_

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 [IJ.

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 [I]. 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 [I]. 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 Blpresents 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 Bl 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(Z,j) :x(ZaJ)U(%J)a (1)

where 7)(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, ). Figll] illustrates an example of the decomposition
methodology.

(a) (0) (©) (d)

Fig. 1. Decomposition procedure of US liver parenchyma. a) Observed B-mode US
image. Estimated b) envelope RF image, ¢) 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, rms,, 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,
TSy,

3. the mean and variance of the referred angles, m, and v,

4. the variance of the y axis coordinates at each point, v,, 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 [I], 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 [I] 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 (¢GT), 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 [§]. Given the training data {(z;,w;)|w; =
lor —1,4=1,..,N} for a two-class classification (where z; is the input feature;
w; 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, p, and covariances matrices, X, according to each
class. The linear discriminant functions are

9:(X) = 5 (X = )57 (X — ) — 5log| 7] (2)
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where 7 € {N,CHC,CC,DC, HCC} and the a priori probability, P(w.), 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, wy, Chronic Hepatitis without cirrhosis, wcgc, Compen-
sated Cirrhosis, wcc, Decompensated Cirrhosis, wpc, and Hepatocelular Carci-
noma, wgcc- Among them, 36 belong to wy, 7 to wemce, 8 to wee, 32 to wpe
and 5 patients to wgcce-

From figure 2l 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 [I, 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 (A4, 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 [3U12].

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 |ma, R, rmsa, vy, Va.
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 (SVMpr) 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 SVMp
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 SVMpg 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 SVMpg, 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

WN wcHC wcee wpe wHcece |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
SVMpgr [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
SVMpr [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

wN weoHC wee wpe wHec |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 191.67 28.57 0.00 87.50 80.00 | 76.14
SVMpg [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 SVMp, classifier. The accuracy results were greatly improved with this
feature set for the individual class classification. By means of SVMp it was
obtained an accuracy of 94.44%, 93.75% and 37.50% for wy, wpc and wee,
respectively. For wgce and wege, 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 TableBl 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 wy 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 (wogc)
and compensated cirrhosis (woe), 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 wpc, the best individual accuracy result was reached
with the SVMpg classifier, yielding 93.75%. The detection of wgcc 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
woe, maybe due to the small sample size of the class. Another interesting result
was the classification accuracy improvement in wy 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 [I]. 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(K M)
operations. For a quadratic classification technique, the required computational
operation becomes O(K M?). 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 Ng samples. The classes wy are
represented by subsets T}, C Tg, each class having Ny samples (3. Ny = Ng).
Measurement vectors in Ts (without reference to their class) are denoted by z,,.
Measurement vectors in T}, (vectors coming from class wy are denoted by zj .
The sample mean of a class fix(Tx) and that of the entire training set i(Ts) can

Ns
be defined respectively as [1]: fix(T%) = Z 2k and ((Ts) = 1s > zn. The
n=1

matrix that describes the scattering of VeCtOI“b from class wy, is:
1 & . o
Sk(Tk) = N, Z (2kn — k) (Zhn — fir) (1)
Averaged over all classes, the scatter matrix describing the distribution of sam-
ples around its class center is given by:
K Ny
Sw(Ts) = ZNkSk Ty) = ZZ Zhom — i) (Zhm — )T (2)
k 1n=1
This matrix is the w1th1n—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 S, 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”:

K
SW(Ts) = 5= D Nl = ) s — )" 3)

Now, the minimal subset of features that maximizes S, and minimizes S, 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) = aSy(Ts) — BSw(Ts) (4)
Here, @ and 3 are parameters used to specify the importance (weight) of each

individual objective. The value of « is chosen as: 0 < « < 1, and the value of §
is set with respect to c as: 3 =1— a.

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 0 = {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 (F} ), Contrast (Fy), Corre-
lation (F3), Sum of Squares (Fy), Inverse Difference Moment (F5), Sum Average
(Fs), Sum Variance (F7), Sum Entropy (Fg), Entropy (Fy), Difference Variance
(F10), Difference Entropy (F11), Two Information Measures of Correlation (Fiz
and Fi3), Maximal Correlation Coefficient (F14), Autocorrelation (Fis), Dissim-
ilarity (Fig), Cluster Shade (Fi7), Cluster Performance (Fig), and Maximum
Probability (Fig). 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 x R)
elements in which each element p(i, j | ) gives the total number of occurrences
of runs of length j of grey level 7, in a given direction 0 [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
6 ={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
(Fo— Fyy) were introduced in [4] and the other 6 descriptors were extended in [5]
and [6]. These descriptors are: Short Runs Emphasis (Fy), Long Runs Emphasis
(F»1), Grey Level Non-uniformity (F»2), Run Length Non-uniformity (F53), Run
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Percentage (Fs4), Low Grey Level Runs Emphasis (Fb3), High Grey Level Runs
Emphasis (Fag), Short Run Low Grey-Level Emphasis (F7), Short Run High
Grey-Level Emphasis (Fbs), Long Run Low Grey-Level Emphasis (Fhg), Long
Run High Grey-Level Emphasis (F3). 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: & = (vx — pg)/ok, where ug and oy are the mean
and standard deviation of the k-th feature xj. 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,ba,---,bar}, where M is
the dimension of the feature vector. The value of b; 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 a = 0.70 and S = 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:

PC;) = f(CZ)/Zjvzl f(Cj); here, C; is the chromosome to be considered for

selection, f(C;) is the fitness value of C;, 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 P,, has a significant impact on the search ability as well as
on the convergence speed of GA. Since the use of fixed P,, may lead towards
premature convergence, the value of P,,, was adjusted dynamically as [8]:

_ [ Puno/logy(g+1), f > f
Pm_{ ’ ij f<r (5)

Here, P,,0 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 f is the average fitness of the current population. This dynamic
adjustment process sets P, 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 = Fy, F3, Fy, F5, Fg, Fy, Fio, Fig, Fis, Foa, For, Fas, Fag, F3o.
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Fig. 1. Convergence of the proposed multi-objective feature selection criteria

5 Multi-class Classification Using Fuzzy-SVM

Let S = {(zi,y:)}7-1 be a set of n training samples, where z; € R™ is an m-
dimensional sample in the input space, and y; € {—1,1} is the class label of ;.
SVM first maps the input data into a high-dimensional feature space through a
mapping function z = ¢(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 L w]|® + C'3" & Subject to vi(w -z +b) > 1—&,& > 0,i=1,--+,n.

Here, C' is the regularizlation parameter that controls the tradeoff between margin
maximization and classification error and &; 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:

NE

- ) 1
Maximize 2:1 o — 3,
1= 3

Q057 j%4 - 24

n n

1j=1
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Subject to Y. vi; =0, 0< ; <C, i=1,---,n (6)
i=1

where «; is the Lagrange multiplier. The decision function of SVM becomes:

f(x):w'z+bzzai71¢(l'i) —&-b—Za,% (z,z;) +b (7)

i=1

where K (z,x;) 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], [TI]. 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 {p;}?; € [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 = {(x;, pi, yi)} 1=, The optimization problem of the FSVM becomes [11]:

o 2 <
Minimize £|jwl|” + C> ik
7
Subject to y;(w-2z; +b) >1-&, & >0,i=1,---|n (8)

It can be noted that the error term &; is scaled by the membership value p;.
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:

n n
Maximize Z ; — = Z Z iy K (@, 25)
i=1 J=1

n
Subject to > via; =0, <a; <p;Coi=1,---,n 9)
i=1
Solving Eq. (9) will lead to a decision function similar to Eq. (7), but with
different support vectors and corresponding weights «;. 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*(41) and C~(—1) respectively. The radius of C™ and C~ are given by: ry =
max || Xy — X;[|;X; € CT and r— = max || X_ — X;||; X; € C~ respectively.
The fuzzy membership function pu; is defined as:

{ 1—%Where7 X, eCt
Hi =

+
1-— % where, X; € C~
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Here, 0 > 0 is a constant used to avoid any possible situation of u; = 0. Multi-
class classification is performed by arranging Q(q; ) binary FSVMs in “pair-
wise” top down tree structured approach proposed in [I2]. Here, g 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-ENN 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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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
[1l6]. 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”

* This work was supported by project the FCT (ISR/IST plurianual funding) through
the PIDDAC Program funds.
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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
[24]. 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 Al consists of
summing the scores for each significant variable. Results suggest that Al 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 (EAT), 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 AT [6].

2 Methods

This paper employs a two-step method outlined in Fig.[Il 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 [§], 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 (I = 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[ 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 x 10~ 18
presence of echogenic cap morphology 0.001

degree of stenosis morphology 2.9 x 10713

plaque echo-structure appearance morphology 1.6 x 10710
mean normalized histogram 0.001
skewness normalized histogram 0.009
percentile 10 normalized histogram 0.022
percentile 50 normalized histogram 0.047
4" Rayleigh parameter RMM (envelope RF) 0.010
5t" Rayleigh parameter RMM (envelope RF) 0.010
6'" Rayleigh parameter RMM (envelope RF) 0.010
5" mixture component RMM (envelope RF) 0.004
6" 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. B]):

1.

2.

A statistical test allows to obtain a relevant feature set (Table[I]) for separat-
ing plaques with and without symptoms in a cross-sectional study (Fig. [I);
Reference values are taken for each feature, f;, and group (symptomatic,
w(9S), and asymptomatic, w(A)), considering the mean (u;(S), p;(A)) and
variance (02(S), 02(A));

The EAT* (re-named for convenience) is computed as:

% RS
EAT* = R (1)
where
Ry = Zp(fi|wk) %./\/'(ui(k’),af(k)), k= {S7 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. B]) 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 (), Rs and R4 represent the likelihoods of each plaque producing
symptoms or stabilize, respectively. Hence, when EAT* = 1, the result is in-
conclusive while for EAT* < 1 the plaque will stay harmless with a significant
probability which is higher as EAT* decreases. Contrarily, plaques showing
a EAT* > 1 are prone to produce symptoms, being more “dangerous” when
EAT increases.
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Fig. 3. Illustrative concept of conditional probabilities for a particular plaque feature
fi used to compute EAI

4. The EAT* is re-scaled using a sigmoid mapping function which places the
EAT onto a 0-100 scale. This function is defined as:
100

BAL= oo (1—EAT")’ 3)

This mapping technique is useful to make the predictive power of the pro-
posed EAT method comparable to Al [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 AT and DS, using ROC (Receiver Operating Char-
acteristic) curve analysis (Fig. @l). 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, Al and EAI

Ground truth
P N
Sten Al EAI Sten Al EAI
. [ P’ 12 11 13 68 49 29
Predicted value [~ T 5 0 3T =0 =0

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. ). The
ROC AUCs are 0.6496 (64.96%), 0.7329 (73.29%) and 0.9057 (90.57%) for DS,
AT 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 Al, besides the DS.

Moreover, the predictive analysis of EAI, Al 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
EAT 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 [[L], 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 Leitdo [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 Leitdo 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

J. Vitria, J.M. Sanches, and M. Hernandez (Eds.): IbPRIA 2011, LNCS 6669, pp. 192 2011.
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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?. 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 [ we show how to use this DID in a clustering algorithm. We present, in Section
[ 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 Leitdo in [3]. Conclusions are drawn in
Section

2 Dissimilarity Increments Distribution for 2D Gaussian Data

Consider a set of patterns, X . Given x;, an arbitrary element of X, and some dissimilar-
ity measure between patterns, d(-, -), let (x;,x;, Xy ) be the triplet of nearest neighbors,
where x; is the nearest neighbor of x; and x;, is the nearest neighbor of x; different
from x;. The dissimilarity increment [3] between the neighboring patterns is defined as

ine(Xi, X5, Xx) = |d(xi,%;5) — d(x;,%x)] - (D

Assume that X € R?, and that elements of X are independent and identically dis-
tributed, drawn from a normal distribution, x; ~ A(u, X)), with mean vector u and
covariance matrix Y. In this paper, the Euclidean distance is used as the dissimilarity
measure, and our goal is to find the probability distribution of d;,.

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

2 * *\2
(D7) =[xyt = S L),
i=1 i

where x?(2) is the chi-square distribution with 2 degrees of freedom, which is equiva-
lent to an exponential distribution with parameter 1/2 [3].
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Since the transformed data has circular symmetry, we have D* = D*cosae; +
D*sin ey, with & = angle(D*) ~ Unif([0,2n[). Furthermore, D = x —y =
2T, D* cosae + /25, D* sina eg, and

D? = |D|]?* = (&7, cos® o + X5, sin® a) (D*)?, 2)
——
Ae)? [D=?

where A()? is called the expansion factor. Naturally this expansion factor will depend
on the angle «. 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(«)?], where o ~ Unif ([0, 27[)
and p, () = % After some computations, the expected value is given by

E[A(a)2] = /0 " (@) A(0)? da = %tr(E*).

Under this approximation, the transformation equation (2)) from the normalized space
to the original space is D? = 1 tr(X*)(D*)? and the probability density function of
D = d(x,y) is (recall that (D*)? ~ Exp(1/2))

z

pp(2) = H(Q—;*) exp <_tr(2*)> , 2 €]0,00). 3)

We can conclude that D1 = d(x,y) and Dy = d(y,z) follow the distribution in
equation (3). The probability density function for W = Dy — Ds is given by the con-
volution

< 4t(t + w) 2 + (t + w)?
Dy, (W) :/ — g €XD (—7* 1 Tiiaw dt. (@)
w - tI‘(E )2 tr(Z ) {t>0} H{t+w>0}

Since we want to find the probability density function for the dissimilarity incre-
ments, we need to consider the probability density function of |W| = d;,.. Therefore,
the probability density function for the dissimilarity increments is given by (derivations
were omitted due to limited space)

w'*zwex—w2 VT r(X2*) — w?
Pann 02 = iy o0 (505 ) g (5~

w? w
xp [ ————— fo| ————
xe ( 2tr(2*))erc< 2tr(2*)> ’ ®)

where erfc(+) is the complementary error function.

3 Empirical Estimation of DID

The DID, as per equation[3] requires explicit calculation of the covariance matrix, X*,
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, A = E[w]. This is given by (after some calculation)

A =Ew] = /OOO wp,, (w) dw = g (tr(X*))"/? (2 - \/5) .

Hence, (tr(X*)) 172 _ %. Replacing in () 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:

T(2-2)° T(2-v2)° 72 (2-V2)
711)6}(}) —TMQ +8\/—72)\3X

s ox <_M w) (L . wz> erfe (M w)
’ T(2-v2)° 212\ '

D, (w§)‘) =

inc

(6)

Figure [ 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 [I(a) and [I(b), for M = 2 both the derived probability density function (&) and
the exponential distribution suggested in [3] lead to a good fit to the histogram of the
dissimilarity increments. However, as figure [[{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.

(a) M =2,DID (b) M =2, Exponential (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 be a partitioning of the data produced by a gaussian mixture decomposition.
Then, each cluster in P follows a gaussian model; if x; € R2, we are under the un-
derlying hypothesis of the model presented in Section ] 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 freedont]. Therefore,

die (W3 A1, A
—2log (%) ~x*(1). (N

“inc

Two clusters are merged if the p-value from the x?(1) distribution is less than a signif-
icance level «. 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[il

Algorithm 1. GMDID
Input: 2-dimensional data, o
Pt — {(C,...,Cn} « data partition produced by a gaussian mixture decomposition
D;; «+ Mahalanobis distance between clusters ¢ and j
for all pairs (7, j) in ascending order of D;; do
pi < DID for cluster i, p; < DID for cluster 5 (eq.[6)
pij < DID for cluster produced merging clusters 7 and 5 (eq. [6)
p-value « Likelihood ratio test between p;p; and p;; (eq.[Z)
if p-value < o then
merge clusters ¢ and j
else
do not merge clusters ¢ and j
end if
end for
Return: P = {C4,...,Ck} < final data partition K < N

4.1 Graph-Based Dissimilarity Increments Distribution

In order to choose the parameter o, 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 «, using the G-DID index, is as follows

Choose P’ : i = argmin{G-DID(P?)}, ®)
J

! 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 f(P) + Er Jog(n) is the graph description length, and f(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 « for
the GMDID algorithm describd above, we will use instead the DID model according to
formulal@l

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 Repositoryﬁ. 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 2l 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 Leitdo [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 o 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 [[lsummarizes 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 (/V) and the true number of clusters (/N ¢) of each data set.

N |[Nc GM GMDID | SL-AGLO
Bars 400{ 2 0.4375 (12)[0.9525 (2)| 0.9050 (4)
dl 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 10.2880 (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, naive Bayes.

1 Introduction

Feature selection (FS) and feature reduction (FR) are central problems in ma-
chine learning and pattern recognition [143]. 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.

J. Vitria, J.M. Sanches, and M. Hernndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 2001207 2011.
(© Springer-Verlag Berlin Heidelberg 2011
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1.1 Owur 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 F'S 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,c¢1), .., (Xn,cn)} be a labeled dataset with training and test sub-
sets, where x; € RP denotes the i-th feature vector and ¢; 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 x 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 naive 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 F'S methods that have been
proved effective for several types of problems [§, 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) X;
by their variance, given by
1< . .
TV; = var; = ~ S (X - Xi)? = E[X?] - X7, (1)

Jj=1

where X; is the average value of feature X;, and n is the number of patterns.

The minimum redundancy mazimum 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

FI, = ug_l) — MEH)’ /\/Varg_l) + Var§+1), (2)
(£1) (£1) : ; ;
where p;7" and var,” "/, are the mean and variance of feature 4, 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] a labeled
dataset D = {(x1,¢1), ..., (Xp, ¢p) }, where x; € R™ denotes the i-th feature vector
and ¢; 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 A in a mean square error (MSE)
sense and a maximum number of bits ¢. The Lloyd-Max procedure is applied
individually to each feature using the pair (4, ¢) as the stopping condition: the
procedure stops when distortion A is achieved or when the maximum number
of bits ¢ 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 r; for feature ¢ given by

r, = V&I‘(XZ‘)/bj,, (3)

where b; < ¢ is the number of bits allocated to feature i in the FD step, and
var(X;) 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 F'S 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 A.

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 {r;, ¢ = 1,....,p} be the values as given by @) and
{r@y, i = 1,....,p} the same values after sorting in descending order. We pro-
pose choosing m as the lowest value that satisfies

m p
Yora/d e =L (4)
1=1 =1

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 Repository@. We consider datasets with BoW data as well as other types
of data. We use linear support vector machines (SVM), naive 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; Examplelld; 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[Il In the case of Examplel, each pattern is a 9947-dimensional
BoW vector. The Dexter dataset has the same data as Examplel (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

! 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 Examplel, Dexter, SpamBase, lonosphere,
and WDBC; three-class Wine dataset. p, ¢, and n are the number of features, classes,
and patterns respectively. ca, cp, c. 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.
Examplel | 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 Examplel|198.3 MB
Test 20001(1000,1000,-) with 10053 distractor
Valid. 300/ (150,150,-) features
SpamBase 54(2|— 4601|(1813,2788,-)| Sparse BoW data - email| 947.8 kB
Tonosphere 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 challengeﬁ. 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 Bl In both cases we consider ¢ = 16. The EFB
method stops allocating bits at iteration j, leading to b;,j € {1,...,q} bits
for feature ¢, when the discretized feature entropy H;(X;) exceeds 99% of the
maximum possible entropy, that is, it stops at j bits, with H;(X;) > 0.99b;.
Our FD step uses A = 0.01var(x;). Table Bl 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 Examplel, 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 2l Table [B] shows the test set error rates on
Tonosphere, 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 g=16 bits. EFB stops when the discretized feature entropy exceeds 99%
of its maximum value. FD step uses A = 0.01var(X;). 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 [l

Dataset EFB FD step
Name p|Min.|Max.| Avg.| Total Mem.|Min.|Max.|Avg.| Total Mem.
Examplel | 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
Tonosphere 34 2| 16| 7.52| 248 10881 2 4/3.64| 120 5265
WDBC 300 2 2|2.00/ 60 4268 4 50 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|/KNNSVM| 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. [l 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 B3] to compute an
adequate number of reduced features by (), 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 (), with L = 0.95. For each dataset and classifier, the best result is underlined.

Dataset Linear SVM Naive Bayes (NB)

name Float EFB FD step Float EFB FD step
FI| TV| FI|UFS| FI|UFS| FIl 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. Vitria, J.M. Sanches, and M. Hernndez (Eds.): IbPRIA 2011, LNCS 6669, pp. 208{215] 2011.
(© Springer-Verlag Berlin Heidelberg 2011
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The remainder of the paper is organized as follows: Section 2l describes related
work. In Section [B] we explain the proposed methodology. Section Ml presents
and discusses the experimental results. Finally, in Section B 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 [6l5] (PFE technique), uses association rule mining based
on the Apriori algorithm [I] 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. [I1] proposed a semantic-based product feature ex-
traction technique (SPE) that exploits a list of positive and negative adjectives
defined in the General Inquirer [I0] 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. [§] 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 [I5].
To deal with these two problems, Zhang et al. [I5] 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”, “led screen”).

2. When gerund and participle occur between nouns, they are considered as
part of the feature (e.g. “battery charging system”).

3. Let PF} and PF5 be potential features extracted by applying any of the pre-
vious rules. Let also connectory = (of, from,at,in,on), and connectory =
(the, this, these, that,those). If the pattern P Fjconnector[connectors]PFy
occurs, then the phrase formed by PF5 concatenated with PF} 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 = {wy,...,w,}, we rely on the entailment relationship between words
given by {p(wi|w;)}w, w;ev, where p(w;|w;) represents some posterior probabil-
ity of w; given w;. In this work, we interpret p(w;|w;) as the probability that
wj € V entails word w; € V.
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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|0) = p(wi|w) - p*(w|O) (1)
weV

where ¢ € {1,...,n} and {p*(w|O)}wev 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(Flw) o< p(w|O). (2)

Notice that if we estimate {p(w;i|w;)}w, w;ev from customer reviews, the
model {p(w;|0)}u,ev can be seen as a corpus-based model of opinion words
that is obtained by smoothing the basic model {p*(w;|O)}w,ev with the transla-
tion model {p(w;|w;)}w,; w,ev. Accordingly, we can also obtain a ranking
of corpus-based opinion words by using Bayes formula on {p(w;|O)}w,cv.
That is,

p(wi|O)
p(Olw;) o« ————=. 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 = w;, ... w;,, into the
class of general features F can be defined as:

p(Fls) o< p(s|0) = p(wi, - .. wy,, [O). (4)

3.3 Probability Density Estimation

The above probabilistic models for retrieving features and corpus-based opinion
words depend on estimations for {p(w;|w;) }w, w;ev, {P(wi)}w,ev and the basic
model of opinion words {p*(w;|O)}w,ev -

For estimating {p(w;|w;)}w, w;ev 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:

pa (i) = % (5)
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where
pi(wi,wy) oc Y plw;lv) - plwy[v) - p(v), (6)
veW
pr(w;) = Y pi(wy, wy), (7)
w, EV

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(w;|v) = |v]w, /|v| and p(v) = [W|~L, where |v],, is the number of times
w; occurs in window v, |v| is the length of v, and |W| is the cardinal of W.

For all w;, w; € V, the probability pi(w;|w;) can be seen as the probability
of translating w; into w; in one translation step. Then, we define p(w;|w;) as
a smoothed version of p; (w;|w;) obtained by generating random Markov chains
between words. Specifically, we define p(w;|w;) as:

pluitey) = (1 =a)- (I —a-P)~') ®)

where I is the n x n identity matrix, P; is a n X n matrix whose element F;; is
defined as p1(w;|w;), and « is a probability value that allows the generation of
arbitrary Markov chains between words. In the experiment carried out in this
paper we use o = 0.99, which allows the generation of large chains, and thus a
great smoothing.

Thus, the overall model of words {p(w;) }w,cv can be estimated from the linear
equation system given by the n variables {p(w;)}w,cv, and n + 1 equations:

plwi) = Y plwilwy) plw;) (i€ {L,...,n}) )

w; eV

> plw) = 1. (10)
w; €V
The basic model of opinion words considered in this work is estimated from
the list of basic opinion words described in section Bl We consider p*(w;|O)
defined as the following non-smoothed model:

=+ ifw; €Q
p* (w;|0) = { N (11)

0 otherwise

where @ 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[] Table M shows the number of review sentences for each product in
the data set. Each review was annotated using the Stanford POS Tagger@

Firstly, we propose to compare our ranking method with a version of the
method proposed by Zhang et al. [I5]. 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 w; € 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

Baseline Our approach
N 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 91.0 915 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 NV
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,

! This customer review data set is available at http://www.cs.uic.edu/~1iub/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 [B]). Table Bl shows the first 15 opin-
ion words obtained for some products together with their relevance value (i.e.,
p(w;|0)/p(w;)). 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.

Acknowledgments. This work has been partially funded by the Spanish Re-
search Program project TIN2008-01825/TIN and the Fundacio Caixa Castelld
project P1.1B2008-43. Lisette Garcia-Moya has been supported by the PhD Fel-
lowship Program of the Universitat Jaume I (PREDOC/2009/12).

References

1.

10.

11.

12.

13.

14.

15.

Agrawal, R., Srikant, R.: Fast algorithm for mining association rules. In: Proceed-
ings of the International Conference on Very Large Data Base, vol. 487, p. 499
(1994)

. Berger, A., Lafferty, J.: Information retrieval as statistical translation. In: Proceed-

ings of the 22nd ACM SIGIR, Berkeley, CA, pp. 222-229 (1999)

. Eguchi, K., Lavrenko, V.: Sentiment retrieval using generative models. In: Proceed-

ings of the EMNLP 2006, pp. 345-354. Association for Computational Linguistics
(2006)

. Esuli, A., Sebastiani, F.: SENTIWORDNET: A Publicly Available Lexical Re-

source for Opinion Mining. In: Proceedings of the 5th LREC, pp. 417-422 (2006)

. Hu, M., Liu, B.: Mining and summarizing customer reviews. In: Proceedings of the

10th ACM SIGKDD, pp. 168-177 (2004)

. Hu, M., Liu, B.: Mining opinion features in customer reviews. In: Proceedings of

AAAT 2004, pp. 755-760 (2004)

. Pang, B., Lee, L.: Opinion mining and sentiment analysis. Now Publishers Inc.

(2008)

. Qiu, G., Liu, B., Bu, J., Chen, C.: Expanding domain sentiment lexicon through

double propagation. In: Proceedings of the IJCATI 2009, pp. 1199-1204 (2009)

. Somprasertsri, G., Lalitrojwong, P.: Automatic product feature extraction from

online product reviews using maximum entropy with lexical and syntactic features.
In: Proceedings of the IEEE International Conference on Information Reuse and
Integration, pp. 250-255 (2008); IEEE Systems, Man, and Cybernetics Society
Stone, P.J., Dunphy, D.C., Smith, M.S., Ogilvie, D.M.: The General Inquirer: A
Computer Approach to Content Analysis. MIT Press, Cambridge (1966)

Wei, C.P., Chen, Y.M., Yang, C.S., Yang, C.C.: Understanding what concerns con-
sumers: a semantic approach to product feature extraction from consumer reviews.
Information Systems and E-Business Management, 149-167 (2009)

Wong, T.L., Lam, W.: Hot Item Mining and Summarization from Multiple Auction
Web Sites. In: Proceedings of the Fifth IEEE International Conference on Data
Mining, pp. 797-800. IEEE Computer Society, Washington, DC (2005)

Wong, T.L., Lam, W.: Learning to extract and summarize hot item features from
multiple auction web sites. Knowl. Inf. Syst. 14(2), 143-160 (2008)

Yang, C.C., Wong, Y.C., Wei, C.P.: Classifying web review opinions for consumer
product analysis. In: Proceedings of the 11th International Conference on Elec-
tronic Commerce, pp. 57-63. ACM, New York (2009)

Zhang, L., Liu, B., Lim, S.H., O’Brien-Strain, E.: Extracting and ranking product
features in opinion documents. In: Proceedings of the 23rd International Conference
on Computational Linguistics, pp. 1462-1470. Coling 2010 Organizing Committee,
Beijing (2010)



Vocabulary Selection for Graph of Words
Embedding

Jaume Gibert!, Ernest Valveny!, and Horst Bunke?

1 Computer Vision Center, Universitat Autdonoma de Barcelona
Edifici O Campus UAB, 08193 Bellaterra, Spain
{jgibert,ernest}@cvc.uab.es
2 Institute for Computer Science and Applied Mathematics, University of Bern,
Neubriickstrasse 10, 3012 Bern, Switzerland
bunke@iam.unibe.ch

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 [I], 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]. Tt
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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 [,
experiments and their results are presented. Finally we draw some conclusions
in Section [l

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, u,v), where V is the set of nodes,
E CV xV is the set of edges, p is the nodes labelling function, assigning labels
to every node and, v 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 4 : V — R?% and whose edges remain unattributed, this
is, v(e) = ¢ for all e € E (where ¢ is the null label).

Let P be the set of all nodes attributes in a given dataset of graphs G =
{g91,-..,9nm} 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 = {wy,...,w,} 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 ¢ = (V', E', i/, V')
of g = (V,E, u,v) € G with respect to V, is defined as:

- V=V

— FE’ is defined by: (w,w’) € E’ < there exists (u,v) € E such that
AMu) = w and A\(v) = v’

#(w) = [{veV]w=Av)}|

-V (w,w') ={(u,v) € E| Mu) =w,A(v) =w'}|

where A is the node-to-word assignment function A\(v) = argmin,,cy d(v, w;),
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

oL (g) = (1 (w1), ..., 1 (wy)). (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 = (a;;),
with a;; = v/'(w;, w;):

(b},)(g):(an,...,aij,...,ann), VZS] (2)

The final graph of words embedding is the concatenation of both pieces of infor-

mation, this is,
@Y (9) = (¢ (9), o (9))- (3)

In Figure [ 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
alli € {1,...,N}, p; € R% As a first and simple method to select words from P,
we have divided the parcel of R% 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%. 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 [§]. 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 x? 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 (z,y) points in R%. We have chosen three different datasets
from the TAM 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 (z,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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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 Bl 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 99 776 3
kMeans 98.8 36 97.5 81 77718
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[I] 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.
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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 (RM SE).

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. Sectiond]presents
and discusses the regression results obtained. Finally, some concluding remarks are
depicted in Section 3

2 Feature Selection for Regression

2.1 The Minimal-Relevant-Redundancy Criterion Function

Sotoca et al show in [18] that if X = ()~(17 o ,)?m) is a subset of m random variables
out of the original set of n random variables X = (X3, ..., X,,), that is, X C X, then,
the decrease in mutual information about a relevant variable Y can be expressed as
I(X;Y)—I(X;Y) = I(X; Y/X). 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(X;Y) < L 3% | ™ | I(X;;Y/X;), where I(X;; Y/ X;) is
the cgnditional mutual information between the feature X; and the cluster representa-
tive X; and expresses how much information variable X; can predict about the relevant
variable Y that X ; 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 X = (X,...,X,,) are the representative features of
each cluster. To solve this problem, given two variables X; and X;, the following func-
tion satisfies the properties of a metric distance:

D(X;, X;) = I(Xs; Y/ X))+ I(X Y/ X;) = HY/Xa) + H(Y/X;) - H(Y/X;, X;)

ey

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, C}, its repre-

sentative feature X j is chosen as the feature X; with the highest value of the mutual
information with respect to the continuous relevant variable Y, that is,

X, ={X;€C;; I(X;;Y)>I(X;Y); VX;eC;} )
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2.2 Estimation of the Conditional Mutual Information for Regression Tasks

Given a set of N n-dimensional training samples (xx, yx), k = 1, ..., N defined by the
set of variables (features) X = (X1, ..., X,,) where there is a dependency yr = f(xx),
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, ) log ply/x)dxdy 3)

Considering that the joint probability distribution, p(x, ) can be approximated by
the empirical distribution [15]]: p(x,y) = % . Z]kvz1 0(x — Xk, y — Yk ), where 0(x —
Xk, Y — yi) is the Dirac delta function, and substituting p(x, y) into Eq.Bl we have:

H(Y/X) = Zlogp (Yr /%K) )

Calculating Eq. 4! for one and for all pairs of two variables X;, X;, and substituting in
Eq.[Il the Dissimilarity matrix of distances D(X;, X ;) can be obtained.

The assessment of p(y/x) in EqMis 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 (xy, yx) and a Nadaraya-Watson type kernel function estimator,
as in [7], considering only the ¥, training values that are paired with values xj:

2k K (Y — yk) - Ky (|1 — xi]])
2 Ko (I = % [)

where K, is a compact symmetric probability distribution function, for instance, a gaus-
sian kernel. In this case:

1 xT ¥ 1x
K (x) = ———— 71 '€ —_—— 6
v = T Xp( 212 ) ©

ply/x) = (5)

where Y is a covariance matrix of a n-dimensional vector, x. There are two bandwidths,
hy for the y kernel and ho for the x kernel. The accuracy in the estimation of the
conditional density functions is dependent on the assessment of the (1, ho) 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(hy, hy) = / [p(y/%) — Ply/x)]? dyp(x)dx ™

However, the following cross-validated log-likelihood defined in [[7]] will be used here
because of its lower computational requirements:

L(hy, hs) = Zlog " (i /%) - PN (xi) (8)

where p(~*) means p evaluated with (xj, 3% ) left out. p(x) is the standard kernel density

estimate over x using the bandwidth hy in Eq. 5l 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(hq, ho) [7]:

_ 1 > itk Ky (Y — y5) Ky (lIxk —Xj)> . Ky (Ixk — %51
L(h1,h2) = N Zk:log {( > o Koy (I = %541) g N-1

_ %Z log <Z]-¢k Ky (e = y5)Kny (%K — lel)) ©
k

N-—-1

3 Experimental Validation

3.1 Methods

The proposed method, hereafter called M Ip;s;, would consist of the steps described
in Algorithm[Il Other three methods were used and compared to the method proposed
here.

e Monteiro et al method [13]] based on a Particle Swarm Optimization (PSO) strategy
[10] (Particle-Swarms Feature Selection, PS — F'S). 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].

e Forward Stepwise Regression ('S R). 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 X; 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.

e FElastic Net (E'N). 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 [; —norm and the square of the /;—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:

e Hyperspectral datasets. Two hyperspectral datasets corresponding to a Remote Sens-
ing campaign (SEN2F LE X 2005, [14]) were used.

1. CASI-THERM. 1t consists of the reflectance values of image pixels that were
taken by the Compact Airborne Spectrographic Imager (C AST) sensor [14].
Corresponding thermal measurements for those pixels were also performed.
The C'AST sensor images are formed by 144 bands between 370 and 1049nm.

2. CASI-AHS-CHLOR. 1t consists of the reflectance values of image pixels that
were taken by the C'AST and Airborne Hyper-spectral Scanner (AH.S) [14]
sensors. Corresponding chlorophyll measurements for those pixels were also
performed. AH S 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'; X;) and (Y; X;, X), the pair
of parameters (h1, h2) that minimize L(h1, h2) (Eq.[D).

2. Kernel Density Estimation. Obtain the Watson-Nadaraya type Kernel Density estimators
Ky (y — yw) and Kn, (||Ix — xx|) applying Eq.[6]

3. Assessment of the A-Posterior Probabilities. Estimate p(y/x) as p(y/x) «
Yk Ky (y=yg) Kny (Ix—x4l)

Yk Kng (Ix—x1)

4. Estimation of the Conditional Entropies. Obtain, for each variable X = X; and ev-
ery possible combination X = (X, X;) the Conditional Entropies: H(Y/X) «— —=+ -
> hey log p(yn/xk). N

5. Construction of the Dissimilarity Matrix D(X;,X;). Obtain D(X;,X;) =
[(XiY/X;) + (X, Y/X0) = H(Y/X) + H(Y/X;) — H(Y/Xi, X;)

6. Clustering. Application of a Hierarchical Clustering strategy based on Ward’s linkage
method to find clusters in D(X;, X;). 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

e 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.

e 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 (hy, ho) kernel width pair was obtained for each (yy, Xy ) pair, applying an Active
Set method [S]] for non-linear multi-variable optimization with constraints. The starting
values were fixed at: hy g = ho o = WI(N)’ as in [[11]], and the lower and upper bounds
at [him, hi i) = [0.1 - hi0,10 - hyo], ¢ = 1,2. For the assessment of p(y/x) when
x = (X;,X;), the covariance matrix considered was diagonal: X' = diag(o?,crjz),
where o2 and 0]2 are the variance value of variables i and j, respectively, for the training
set. For the selection of the variable that represents a cluster, Eq2l was applied.
Support Vector Regression (SV R) [2] with a radial (gaussian) basis function was
used for regression, and the Root Mean Squared Error (RM SFE) 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 runing SV R parameters (C, ¢, o) 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 RM S E error on the Boston Housing dataset.
Figure [Il 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 [I] to [3] show the RM SE Error over the first 5,
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Table 1. RM S E Error over the first 5 variables. (+ = positive), (— = negative).

Database MIp;s¢|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. RM S E Error over the first 10 variables. (+ = positive), (— = negative).

Database MIp;s:|PS—FS| FSR | EN |Friedman Test|Quade Test
CASI-AHS-CHLOR| 2.3970 | 2.5448 |14.1506|2.8153| 28.04 (+) | 20.73 (+)
CASI-THERM 3.1912 | 3.2866 |3.3585|3.2501 1.17 (-) 0.93 (-)
Bank32NH 0.0930 | 0.09130.0910(0.0913|  4.14 (-) 6.21 (+)
Boston Housing 4.2035 | 4.3264 |14.7022|4.8756|  6.73 (+) 5.98 (+)
Average 2.4712 |2.5623|3.0756{2.7581

Table 3. RM SE Error over the first 15 variables (13 for Boston Housing). (+ = positive), (— =
negative).

Database MIp;st|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 |2.54362.9950|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 RM SE
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, M Ip;s;, 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 F'SR behaves worst. When averaging each method over the four
databases, M I p;s; obtains lower values in the three tables.

The selection of the first one and the first two variables is better for M I p;s; 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. RM SE Error using SV R for the CASI-AHS-CHLOR, Boston Housing, CASI-THERM
and Bank32NH datasets, respectively. The first point in the (1 : %) 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 RM SE 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 A; from a finite set
of disjoint labels L = {A1, A2, ..., Ag}, Q@ > 1. If @ = 2, then the learning problem
is called a binary classification problem, while if ) > 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 C 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) M, (1 < k < @) 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 [I][2]. Its
basic idea is to use @ * (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 — 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 Ao, which represents the split-point between relevant
and irrelevant labels. The calibration label Ay 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 @ 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 Ay, 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 M;; for all combinations of labels
A and A\ with 1 <14 < j < Q. This way @ *(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 A 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 My, (1 < k < Q) is learned. The
models My that are learned by a pair-wise approach to calibrated ranking, and
the models My, that are learned by conventional binary relevance are equivalent.

The binary relevance models M}, (1 < k < Q) almost always have bigger time
complexity than pair-wise models M;; (1 <14 < j < Q) because they are learned
with all the examples from the training set, while the pair-wise models M;; are
learned only with the examples labeled with labels A\; and ;. In standard voting
algorithm for the calibrated label ranking method each test example needs to
consult all the models (classifiers) M (1 < k < Q) and M;; (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[). In the first
layer @ classifiers are located, while in the second layer there are @ * (Q — 1)/2
classifiers. The classifiers in the first layer are binary relevance models My, while
the pair-wise models M;; are located in the second layer of the architecture. Each
model Moy, from the first layer is connected to () —1 models M;; from the second
layer, where k=ior k=5 (1<i<Q-1,i+1<j<Q).

In the prediction phase, each model My, tries to determine the relevant labels
for the corresponding test example. Each model My gives the probability (the
output value of the model My, is converted to probability) that the test example
is associated with the label Ag. If that probability is appropriately small (under
some predetermined threshold), we can conclude that the artificial calibration
label Ag is preferred over the label Ay i.e. the label \; 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 M;; where i = k or j = k,
need not be consulted, because the binary relevance model My from the first
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Fig. 1. Architecture of the DLVM

layer has suggested that the label A\, belongs to the set of irrelevant labels. For
each test example for which it is known that the label A belongs to the set
of irrelevant labels, the number of pair-wise models that should be consulted
decreases for @) — 1.

In order to decide which labels belong to the set of the irrelevant labels i.e.
which pair-wise models M;; from the second layer do not have to be consulted
a threshold ¢ (0 < ¢ < 1) is introduced. In our experiments the value of the
threshold ¢ was determined by cross-validation.

As previously described, every test example first consults all binary relevance
models My of the first layer. The output value of each corresponding model
Mok (1 <k < Q) is converted to probability and compared to the threshold ¢.

— If the prediction probability is above the threshold, the test example is for-
warded to all the models M;; of the second layer of the architecture of the
DLVM that are associated to the model M.

— 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 Mg; and Mjy;
that are connected to the pair-wise model M;; are above the threshold ¢.

2. The prediction probability of only one of the binary relevance models (My;
or My;) is above the threshold t.

3. The prediction probabilities of the binary relevance models My; and My; are
both under the threshold ¢.

In the first case the model M;; is consulted and its prediction is decoded into
a vote for one of the labels A; or A;. In the second case, the model M;; is not
consulted and its vote goes directly to the label whose binary relevance model
prediction probability is above the threshold ¢. In the third case the model M;; is
not consulted and it does not vote at all. Following this approach, each consulted
pair-wise model M;; of the second layer tries to determine which of the labels
(A; or ;) 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 ¢ = 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:

OCLRZOBR+OP (1)

where Opr 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 (Opr) and computational complexity of the models located in the
second layer of the architecture (Ogr,):

Oprvm = Orr + Osy, (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 (Opr = Opr). 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 ¢ = 1 no models of the second layer will be consulted so Ogy, will be 0
and Opryvy = Opr, = Opg. If the threshold ¢ = 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 (Osr, = Op). For the threshold values 0 < t < 1,
Ogsr, = 7 * 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:

7ﬂ:amf*(amf—l) 3)

Q*(Q-1)

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 ¢ 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. [I4]. The label cardinality is the average
number of labels per example in a mult