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Preface

CIARP 2005 (10th Iberoamerican Congress on Pattern Recognition, X CIARP) is the 10th
event in the series of pioneer congresses on pattern recognition in the Iberoamerican
community, which takes place in La Habana, Cuba. As in previous years, X CIARP
brought together international scientists to promote and disseminate ongoing research and
mathematical methods for pattern recognition, image analysis, and applications in such
diverse areas as computer vision, robotics, industry, health, entertainment, space
exploration, telecommunications, data mining, document analysis, and natural language
processing and recognition, to name a few. Moreover, X CIARP was a forum for
scientific research, experience exchange, share of new knowledge and increase in
cooperation between research groups in pattern recognition, computer vision and related
areas.

The 10th Iberoamerican Congress on Pattern Recognition was organized by the
Cuban Association for Pattern Recognition (ACRP) and sponsored by the Institute of
Cybernetics, Mathematics and Physics (ICIMAF), the Advanced Technologies
Application Center (CENATAYV), the University of Oriente (UO), the Polytechnic
Institute “José A Echevarria” (ISPJAE), the Central University of Las Villas (UCLV),
the Ciego de Avila University (UNICA), as well as the Center of Technologies
Research on Information and Systems (CITIS-UAEH) in Mexico.

The conference was also co-sponsored by the Portuguese Association for Pattern
Recognition (APRP), the Spanish Association for Pattern Recognition and Image
Analysis (AERFAI), the Special Interest Group of the Brazilian Computer Society
(SIGPR-SBC), and the Mexican Association for Computer Vision, Neurocomputing
and Robotics (MACVNR). X CIARP was endorsed by the International Association
for Pattern Recognition (IAPR).

The number of papers and interest in the congress grow every year, and on this
occasion we received more than 200 papers from 29 countries. Of these, 107 were
accepted for publication in these proceedings and for presentation at the conference.
The review process was carried out by the Scientific Committee, on all contributions,
double blind, and assessed by at least two reviewers who prepared an excellent
selection dealing with outgoing research. We are especially indebted to them for their
efforts and the quality of the reviews.

The conference was organized in four tutorials, three keynote addresses, and oral
and poster presentations, that took place on November 15-18, 2005. The keynote
addresses dealt with topics on computer vision, image annotation and computational
geometry, with distinguished lectures by Dr. Josef Kittler, professor at the School of
Electronics and Physical Sciences, University of Surrey, United Kingdom, Dr.
Alberto Del Bimbo University of Florence, Italy, and Dr. Eduardo Bayro Corrochano,
Computer Science Department, Center of Research and Advanced Studies,
Guadalajara, Mexico.



VI Preface

We would like to thank the members of the Organizing Committee for their
enormous effort that allowed for an excellent conference and proceedings. We hope
that this congress was a fruitful precedent for future CIARP events.

November 2005 Manuel Lazo
Alberto Sanfeliu
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Abstract. Registration of CT and PET thoracic images has to cope
with deformations of the lungs during breathing. Possible tumors in the
lungs usually do not follow the same deformations, and this should be
taken into account in the registration procedure. We show in this paper
how to introduce tumor-based constraints into a non-linear registration
of thoracic CT and PET images. Tumors are segmented by means of a
semi-automatic procedure and they are used to guarantee relevant defor-
mations near the pathology. Results on synthetic and real data demon-
strate a significant improvement of the combination of anatomical and
functional images for diagnosis and for oncology applications.

1 Introduction

Computed Tomography (CT) and Positron Emission Tomography (PET), par-
ticularly dealing with thoracic and abdominal regions, furnish complementary
information about the anatomy and the metabolism of human body. Their com-
bination has a significant impact on improving medical decisions for diagnosis
and therapy [3] even with the combined PET/CT devices where registration
remains necessary to compensate patient respiration and heart beating. In par-
ticular, accuracy is fundamental when there is pathology.

Registration of these two modalities is a challenging application due to the
poor quality of the PET image and the large deformations involved in these
regions.

Most of the existing methods have as a limitation that regions placed inside
or near the main structures will be deformed more or less according to the
registration computed for the latter, depending on how local is the deformation.
A critical example of this situation occurs when a tumor is located inside the
lungs and there is a large volume difference between CT and PET images (due
to the breathing). In this case, the tumor can be registered according to the
transformation computed for the lungs, taking absurd shapes, such as shown
in Figure [[l Therefore, the aim of this paper is to avoid this undesired tumor
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misregistrations in order to preserve tumor geometry and, in particular, intensity
since it is critical for clinical studies, for instance based on SUV (Standardized
Uptake Value).

In Section Pl we summarize existing work related to this subject and we
provide an overview of the proposed approach. In Section [B] we describe the
segmentation of the targeted structures, i.e., the body, the lungs and the tumors.
The introduction of tumor-based constraints into the registration algorithm is
detailed in Section @l Section [B] presents some results obtained on synthetic and
real data. Finally, conclusions and future works are discussed in Section

Fig. 1. Axial and coronal slices in CT (first row) and in PET (second row). Result of
the non-linear registration without tumor-based constraints (third row). The absence
of these constraints leads to undesired and irrelevant deformations of the pathology.
On the images of the first and third columns, the cursor is positioned on the tumor
localization in PET data, while in the second and fourth columns, it is positioned
on the tumor localization in CT data. This example shows an erroneous positioning
of the tumor and illustrates the importance of tumor segmentation and the use of
tumor-specific constraints.

2 Related Work and Overview of the Proposed Approach

Some approaches have already been developed for registration of multimodality
images in pathological cases (pulmonary nodules, cancer), such as in [5]. However
these approaches compute a rigid (or affine) registration for all the structures
and they do not take into account the local nature of the deformations.
Rohlfing and Maurer [9] have developed a method of non-rigid registration
based on B-spline Free-Form Deformations as in [I], but they have added some
incompressibility constraints (using the properties of the Jacobian) which only
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guarantee the preservation of the volume of the structures but not their shape.
Loeckx et al. [I0] have added a local rigidity constraint and they have obtained
very promising results.

A different approach, that we consider closer to physical reality of human
body, is based on the combination of rigid and non-rigid deformations, as sug-
gested by Little et al. [7] and Huesman et al. [6]. These methods are based on the
use of point interpolation techniques, together with a weighting of the deforma-
tion according to a distance function. Castellanos et al. [8] developed a slightly
different methodology, in which local non-rigid warpings are used to guarantee
the continuity of the transformation.

The advantage of the approach by Little is that it takes into account rigid
structures and the deformations applied to the image are continuous and smooth.
The method we propose is inspired by this one and adapted to develop a regis-
tration algorithm for the thoracic region in the presence of pathologies.

The data consist of 3D CT and PET images of pathological cases, exhibit-
ing tumors in the lungs. We assume that the tumor is rigid and thus a linear
transformation is sufficient to cope with its movements between CT and PET
images. This hypothesis is relevant and in accordance with the clinicians’ point
of view, since tumors are often a compact mass of pathological tissue. In order
to guarantee a good registration of both normal and pathological structures, the
first step consists of a segmentation of all structures which are visible in both
modalities. Then we define two groups of landmarks in both images, which cor-
respond to homologous points, and will guide the deformation of the PET image
towards the CT image. The positions of the landmarks are therefore adapted to
anatomical shapes. This is an important feature and one of the originalities of
our method. The deformation at each point is computed using an interpolation
procedure based on the landmarks, on the specific type of deformation of each
landmark depending on the structure it belongs to, and weighted by a distance
function, which guarantees that the transformation will be continuous.

The proposed approach has two main advantages:

1. As the transformation near the tumor is reduced by using the distance
weight, even if we have some small errors in the tumor segmentation (of-
ten quite challenging, mainly in CT), we will obtain a consistent and robust
transformation.

2. In the considered application, one important fact is that the objects to reg-
ister are not the same in the two images. For instance, the volume of the
“anatomical” tumor in CT is not necessarily the same as the volume of the
“functional” tumor in PET because the two modalities highlight different
characteristics of the objects. The registration of these two views of the tu-
mor must preserve these local differences, which can be very useful because
we could discover a part of the anatomy that is touched by the pathology
and could not be seen in the CT image. This also advocates in favor of a
rigid local registration.
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3 Segmentation

The first stage of our method consists in segmenting the most relevant structures
that can be observed in both modalities. In this paper, we have segmented the
body contours and the lungs. The body is segmented using automatic thresh-
olding and mathematical morphology operators. Lung segmentation is achieved
using the procedure introduced in [2] based on a hierarchical method that uses
mathematical morphology guided by the previously segmented structures. These
structures will be the base for our algorithm as landmarks will lean on them.

Nevertheless, the most important objects to segment are the tumors. In a
first approach, tumors have been segmented by a semi-interactive segmentation
algorithm, using the coordinates furnished by a “click” of an expert inside the
pathology. More precisely, the interaction consists for the physician in defining
a seed-point in the tumor of interest (in both CT and PET images). Next, both
selected points are used as the input to a relaxation region growing algorithm
[4]. This semi-interactive approach has been chosen due to the complexity of a
fully automatic tumor segmentation method, mainly in CT images. In addition,
this very reduced interaction is well accepted by the users, and even required
because it is faster than any non-supervised method and it assures consistent
results.

The segmented tumors in CT and PET images are used in the following in
order to:

1. calculate the rigid transformation (translation) of the tumor from PET image
(source image) to CT image (target image);

2. calculate the distance map to the tumor in PET that will constrain the
deformation to be rigid inside the tumor and increasingly non-rigid away
from it.

Figure 2] shows some results of the body contour, lungs and tumor segmen-
tations.

3
D

Fig. 2. Segmentation results. First and third columns: original CT and PET images
(axial and coronal views). Second and fourth columns: results of the segmentation of
the body contour, the lungs and the tumor in both modalities.
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4 Combining Rigid and Non-linear Deformations Using a
Continuous Distance Function

Based on pairs of corresponding landmarks in both images, the transformation
is interpolated through the whole image using the approach in [7]. We introduce
the rigid structure constraint so that the non-rigid transformation is gradually
weighted down in the proximity of predefined rigid objects.

In this paper, we apply this theoretical framework to a particular 3D case
dealing with just one rigid structure (only one tumor is present in each image).

4.1 Point-Based Displacement Interpolation

The first step in a point-based interpolation algorithm concerns the selection of
the landmarks guiding the transformation. Thus, homologous structures in both
images are registered based on landmarks points defined on their surface. The
resulting deformation will be exact at these landmarks and smooth elsewhere,
which is achieved by interpolation.

Let us denote by t; the n landmarks on the source image that we want to
transform to new sites u; (the homologous landmarks) in the target image.

The deformation at each point ¢ in the image is defined as:

f(t)=L{t)+> Blo(tt;) (1)
j=1
under the constraints
Vi, u; = f(t). (2)

The first term, £(t), represents the linear transformation of every point ¢ in the
source image. The second term represents the non-linear transformation which
is, for a point ¢, the sum of n terms, one for each landmark. Each term is the
product of the coefficients of a matrix B (that will be computed in order to
satisfy the constraints on the landmarks) with a function o(¢,t;), depending on
the distance between ¢ and t;:

a(t,t;) = |t — ;. 3)

This form has favorable properties for image registration [I1]. However, different
functions can be used as the one described in [7].

With the constraints given by Equation[2] we can calculate the coefficients B
of the non-linear term by expressing Equation [l for ¢ = ;. The transformation
can then be defined in a matricial way:

SB+L=U (4)

where U is the matrix of the landmarks w; in the target image (the constraints),
Xi; = o(t;, t;) (given by Equation B)), B is the matrix of the coefficients of the
non-linear term and L represents the application of the linear transformation to
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the landmarks in the source image, ¢;. In our specific case, this linear transfor-
mation L is the translation of the tumor (between PET and CT images) found
in the preprocessing.

From Equation[] the matrix B is obtained as:

B=XxX"YU-1L). (5)

Once the coefficients of B are found, we can calculate the general interpola-
tion solution for every point in R3 as shown in Equation [

4.2 Introducing Rigid Structures

In this section, we show how to introduce the constraint imposed by the rigid
structures in the images. As mentioned in Section 2] the tumor has not exactly
the same size nor the same shape in PET and CT images. However, we know
that they correspond to the same structure and we register them in a linear way
(translation defined by the difference of their centers of mass).

To add the influence of the rigid structure O, we have redefined the function
o(t,t;) as o’(t,t;) in the following way:

o' (t,t;) = d(t,0)d(t;, O)o(t,t;) (6)

where d(t, O) is a distance function from point ¢ to object O. It is equal to zero
for t € O (inside the rigid structure) and takes small values when ¢ is near the
structure. This distance function is continuous over R? and it weights the func-
tion o (¢, t;) (see Equation ). So the importance of the non-linear deformation
will be controlled by the distance to the rigid object in the following manner:

— d(t,0) makes ¢’(t,t;) tend towards zero when the point for which we are
calculating the transformation is close to the rigid object;

— d(t;, O) makes o’(t,t;) tend towards zero when the landmark ¢; is near the
rigid object. This means that the landmarks close to the rigid structure will
hardly contribute to the non-linear transformation computation.

Equation M is then rewritten by replacing X' by X', leading to a new matrix
B’. Finally, we can calculate the general interpolation solution for every point
in R? as in Equation [

5 Results

We present in this section some results that we have obtained on synthetic
images, on segmented images and, finally, on real images.

5.1 Synthetic Images

This first experiment on synthetic images aims at checking that the rigid struc-
tures are transformed rigidly, that the landmarks are correctly translated too
and, finally, that the transformation elsewhere is consistent and smooth.
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This simulation was designed to be similar to the effect we can find with
real images. The rigid structure is the “tumor” and it is just translated. The
frame of our synthetic images simulate the contour of the body and the internal
black square replace the lungs. As we are taking the PET image as the one to
be deformed (source image), we simulate an expansive transformation because
the lungs in PET are usually smaller than in CT images. This is due to the fact
that the CT image is often acquired in maximal inspiration of the patient. The
result in this case is shown in the second row of Figure Bl

Fig. 3. Results on synthetic images. First row: effects of shrinking a frame (in grey in
the figure) and translating the “tumor” (in white in the figure). Second row: effects of
expanding a frame and translating the “tumor”. Source images (with a grid) are shown
on the left, target images are in the middle and the results of the transformation on
the right. The landmarks are located on the internal and external edges of the frame
in grey (on the corners and in the middle of the sides). The total number of landmarks
is 16 in both examples.

In order to observe the transformation all over the image, we have plotted
a grid on it. To illustrate the effect of the transformation we have simulated
a compression and an expansion of a frame and a simple translation of the
“tumor”. It can be seen in Figure[3that the results with our synthetic images are
satisfactory as the shape of the rigid structure (the “tumor”) is conserved and the
landmarks are translated correctly. The frame, on which the landmarks are put,
is deformed in a continuous and smooth way. If we do not apply the constraints
on the rigid structure we obtain an undesired transformation as illustrated in
Figure @ (the tumor is expanded).
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Fig. 4. Result on a synthetic image without constraints on the rigid structure when
we apply an expansion to the frame using 16 landmarks. Source image (with a grid) is
shown on the left, target image is in the middle and the result of the transformation
on the right.

However, it must be noticed that the edges of the frame are not totally
straight after the transformation. In general, the more landmarks we have, the
better the result will be. The positions of the landmarks are important too. Here
we have chosen to spread them uniformly over the internal and external edges
of the frame.

The algorithm has also been tested on 3D synthetic images with similar
results. We only show here the results on bi-dimensional images for the sake of
simplicity.

5.2 Segmented Images

In order to appreciate more clearly the effect of the transformation, we have first
used the results of the segmentation to create the simplified real images. They
are not only useful to analyze the deformation but it is also easier to define the
landmarks on them.

Landmarks have to correspond to the same anatomical reality in both images.
Thus we have decided to place them (uniformly distributed) on the surfaces of
the lungs.

Figure Bl shows some results on the simplified images. A grid is superimposed
on the segmented PET image for better visualization. In these cases, we have
fixed the corners of the images to avoid undesired deformations. In Figure [G]
we can see the undesired effect produced if there is no landmark to retain the
borders of the image.

For any number of landmarks, the tumor is registered correctly with a rigid
transformation. Nevertheless, the quality of the result depends on the quantity
of landmarks and their positions. If the number of landmarks is too low, the
algorithm does not have enough constraints to find the desired transformation.

Here the results are obtained by applying the direct transformation in order
to better appreciate the influence of the deformation in every region of the image.
However it is clear that the final result should be based on the computation of
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Fig. 5. Results on simplified images. First column: segmented PET images with a
grid for visualization purpose (landmarks are also marked in white). Second column:
segmented CT images with the corresponding landmarks. Third column: results of the
registration of the simplified PET and CT images. In the first row 4 landmarks have
been used (fixed on the corners of the image). Then additional landmarks are chosen
on the walls of the lungs (uniformly distributed): 4 in the second line, 8 in the third
one and 12 in the last one. In all the images the cursor is centered on the tumor in the
CT image.
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Fig. 6. Result on the simplified images. This is the kind of result we obtain if we do
not fix the corners of the image. Here we have only 8 landmarks on the walls of the
lungs.

Fig. 7. Results on real images. The CT image and the original PET image are shown in
the first column. Second and third columns, from left to right and from top to bottom:
superimposition of the CT image with the deformed PET image with 0 (only global
translation), 4, 12 and 16 landmarks.

the inverse transformation at each point of the result image in order to avoid
unassigned points.

5.3 Real Images

Figure [ shows the results on real images. As happened with the simplified
images, we have to fix the corners of the images to avoid misregistrations.



CT and PET Registration Using Constrained Deformations 11

As previously, the tumor is registered correctly with a rigid transformation
in all the cases. However, the accuracy of the registration depends on the num-
ber and the distribution of the landmarks. If the number of landmarks is not
sufficient there are errors. It can be seen that with an appropriate number of
landmarks the registration is very satisfactory. Figure [ shows that with only 16
landmarks in CT and in PET, the results are good and the walls of the lungs
are perfectly superimposed. The results are considerably improved, compared to
those obtained with 4 or 12 landmarks.

This shows that the minimal number of landmarks does not need to be very
large if the landmarks are correctly distributed, i.e., if they are located on the
points that suffer the most important deformations.

6 Conclusion and Future Work

We have developed a CT/PET registration method adapted to pathological
cases. It consists in computing a deformation of the PET image guided by a
group of landmarks and with tumor-based constraints. Our algorithm avoids
undesired tumor misregistrations and it preserves tumor geometry and inten-
sity.

One of the originalities of our method is that the positions of the landmarks
are adapted to anatomical shapes. In addition to this, as the transformation near
the tumor is reduced by the distance weight, even if the tumor segmentation is
not perfect, the registration remains consistent and robust. Moreover, the tumor
in CT and PET has not necessarily the same size and shape, therefore the
registration of these two modalities is very useful because all the information of
the PET image is preserved. This is very important in order to know the true
extension of the pathology for diagnosis and for the treatment of the tumor with
radiotherapy, for example.

Future work will focus on the automatic selection of the landmarks in order
to furnish a consistent distribution on the surfaces of the structures and to
guarantee a satisfactory registration.

A comparison with other methods (as Loeckx’s one) will provide some con-
clusions on the limits of each method and their application fields.

Although validation is a common difficulty in registration [12], we plan an
evaluation phase in collaboration with clinicians.
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Abstract. This paper presents a new approach to the question of sur-
face grading based on soft colour-texture descriptors and well known clas-
sifiers. These descriptors come from global image statistics computed in
perceptually uniform colour spaces (CIE Lab or CIE Luv). The method
has been extracted and validated using a statistical procedure based on
experimental design and logistic regression. The method is not a new the-
oretical contribution, but we have found and demonstrate that a simple
set of global statistics softly describing colour and texture properties, to-
gether with well-known classifiers, are powerful enough to meet stringent
factory requirements for real-time and performance. These requirements
are on-line inspection capability and 95% surface grading accuracy. The
approach is also compared with two other methods in the surface grad-
ing literature; colour histograms [1] and centile-LBP [8]. This paper is
an extension and in-depth development of ideas reported in a previous
work [11].

1 Introduction

There are many industries manufacturing flat surface materials that need to split
their production into homogeneous series grouped by the global appearance of
the final product. These kinds of products are used as wall and floor coverings.
Some of them are natural products such as marble, granite or wooden boards,
and others are artificial, such as ceramic tiles. At present, the industries rely
on human operators to carry out the task of surface grading. Human grading is
subjective and often inconsistent between different graders [7]. Thus, automatic
and reliable systems are needed. Capacity to inspect overall production at on-line
rates is also an important consideration.

In recent years many approaches to surface grading have been developed (see
Table 1). Boukouvalas et al [1][2][3] proposed colour histograms and dissimilarity
measures of these distributions to grade ceramic tiles.

Other works consider specific types of ceramic tiles; polished porcelain tiles,
which imitate granite. These works include texture features. Baldrich et al [4]
proposed a perceptual approximation based on the use of discriminant features
defined by human classifiers at factory. These features mainly concerned grain
distribution and size. The method included grain segmentation and features

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 13231 2005.
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measurement. Lumbreras et al [5] joined colour and texture through multires-
olution decompositions on several colour spaces. They tested combinations of
multiresolution decomposition schemes (Mallat’s, dtrous and wavelet packets),
decomposition levels and colour spaces (Grey, RGB, Otha and Karhunen-Loeve
transform). Pefiaranda et al [6] used the first and second histogram moments of
each RGB space channel.

Kauppinnen [7] developed a method for grading wood based on the Percentile
(or centile) features of histograms calculated for RGB channels. Kyllonen et al s
[8] approach used colour and texture features. They chose centiles for colour,
and LBP (Local Binary Pattern) histograms for texture description.

Lebrun and Macaire [9] described the surfaces of the Portuguese ”"Rosa Au-
rora” marble using the mean colour of the background and mean colour, absolute
density and contrast of marble veins. They achieved good results but their ap-
proach is very dependent on the properties of this marble. Finally, Kukkonen
et al [10] presented a system for grading ceramic tiles using spectral images.
Spectral images have the drawback of producing great amounts of data.

Table 1. Summary of surface grading literature

ground truth features time study accuracy %
Boukouvalas  ceramic tiles colour no -
Baldrich polished tiles  colour/texture no 92.0
Lumbreras polished tiles  colour/texture no 93.3
Peniaranda polished tiles  colour/texture yes -
Kauppinen wood colour yes 80.0
Kyllénen wood colour /texture no -
Lebrun marble colour /texture no 98.0
Kukkonen ceramic tiles colour no 80.0

Many of these approaches specialized in a specific type of surface, others
were not accurate enough, and others did not take into account time restrictions
in a real inspection at factory. Thus, we think surface grading is still an open
research field and in this paper present a generic method suitable for use in
a wide range of random surfaces. The approach uses what we call soft colour-
texture descriptors, which are simple and fast [to compute] global colour and
texture statistics. The method achieves good results with a representative data
set of ceramic tiles. Furthermore, the approach is appropriate for use in systems
with real-time requirements.

The final approach based on soft colour-texture descriptors (the proposed
method) was extracted from a statistical procedure used to determine the best
combination of quantitative/categorical factors in terms of a set of experiments
that maximize or minimize one response variable also involved in the experi-
ments. We used the accuracy rate of classifications as response variable. The
statistical procedure is a combination of experimental design [13] and logistic
regression [14] methods which have also been used for the literature approaches.



Surface Grading Using Soft Colour-Texture Descriptors 15

2 Literature Methods

For comparison purposes we selected two methods from the literature: colour
histograms [1] and centile-LBP [8]. They are similar to ours, both are generic
solutions with low computational costs. Colour histograms are 3D histograms
(one axis per space channel) which are compared using dissimilarity measures.
In [1] the authors used the chi square test and the linear correlation coefficient.

(Ri—=81)? > (= 2) (yi—)
=2 Ros, UV SR e s S

When comparing two binned data sets with the same number of data points
the chi square statistic (x?) is defined as above, where R; is the number of
events in bin 4 for the first data set, and S; is the number of events in the same
bin for the second data set. The linear correlation coefficient (r) measures the
association between random variables for pairs of quantities (z;,y;), i = 1,...,N.
The mean of the x; values is T and 7 is the mean of the y; values.

The Centiles, are calculated from a cumulative histogram Cy(z), which is
defined as a sum of all the values smaller than x or equal to x in the normalized
histogram Py (x), corresponding to the colour channel k. The percentile value
gives  when Cg(x) is known, so an inverse function of Ck(x) is required. Let
Fi(y) be the percentile feature, then F,(y) = C; ' (y) = z, where y is a value of
the cumulative histogram in the range [0%,100%)].

The Local Binary Pattern (LBP) is a texture operator where the original 3x3
neighbourhood is thresholded by the value of the centre pixel (Figure 1b). Pixel
values in the thresholded neighbourhood are multiplied by the weights given
to the corresponding pixels (Figure 1c¢). Finally, the values of the eight pixels
are summed to obtain the number of this texture unit. Using LBP there are 28
possible combinations of texture numbers, then a histogram collects the LBP
texture description of an image.

512 1 0 8 16 8 0 LBP=1+2+8+32+128=171
3|7 110]1 32| 64128 321 0 [128

(a) (b) (©) (d)

Fig. 1. Computation of local binary pattern (LBP)

In [8] centile and LBP features were combined in one measure of distance and
then used the k-NN classifier. The Euclidean distance in the feature space was
used for centile features. For LBP they used a log-likelihood measure: L(S, R) =

Zn 0 ' S,InR,, where N is the number of bins. S, and R, are the sample
and reference probabilities of bin n. The distances were joined by simply adding
them. Previously both distances were normalized using the min and max values
of all the distances found in the training set.
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3 Soft Colour-Texture Descriptors

The presented method is simple, a set of statistical features describing colour and
texture properties are collected [15]. The features are computed in a perceptually
uniform colour space (CIE Lab or CIE Luv). These statistics form a feature
vector used in the classification stage where the well known k-NN and leaving-
one-out methods [16] were chosen as classifiers.

CIE Lab and CIE Luv were designed to be perceptually uniform. The term
‘perceptual’ refers to the way that humans perceive colours, and 'uniform’ im-
plies that the perceptual difference between two coordinates (two colours) will
be related to a measure of distance, which commonly is the Euclidean distance.
Thus, colour differences can be measured in a way close to the human per-
ception of colours. These spaces were chosen to provide accuracy and perceptual
approach to colour difference computation. As the data set images were acquired
originally in RGB, conversion to CIE Lab or CIE Luv coordinates was needed.
This conversion is performed using the standard RGB to CIE Lab and RGB to
CIE Luv transformations [17] as follows.

RGB to XYZ:
X 0.412453 0.357580 0.180423 | | R
Y | = |0.212671 0.715160 0.072169 | | G
Z 0.019334 0.119193 0.950227 | | B
XYZ to CIE Lab: XYZ to CIE Luv:
L=116(Y/Y,)"/3 — 16 L=116(Y/Y,)'/3 — 16
a=500((X/X,)"? - (Y/Y,)'/3) u=13L(w — u},)
b=200((Y/Y,)'/3 —(Z)Z,)'/3) v =13L(v —vy)
where
w=4X/X+15Y +3Z v =9X/X +15Y 4+ 3Z
w, =4X,, /X, + 15Y, + 32, v, =9X,, /X, +15Y,, + 32,

Xn, Y, and Z,, are the values of X, Y and Z for the illuminant (reference
white point). We followed the ITU-R Recommendation BT.709, and used the
illuminant Dgs, where [X,, Y, Z,,] =[0.95045 1 1.088754].

We proposed several statistical features for describing surface appearance.
For each channel we chose the mean and the standard deviation. Also, by com-
puting the histogram of each channel, we were able to calculate histogram mo-
ments. The nth moment of z about the mean is defined as

L
pn(z) =Y (2 = m)"p(zi)
i=1
where z is the random variable, p(z;), i = 1, 2, ..., L the histogram, L the num-

ber of different variable values and m the mean value of z.
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Colour histograms can easily collect 80,000 bins (different colours) which are
all used to compute histogram dissimilarities. Centile-LBP approach uses 171
centile measures to compile colour property, and LBP histograms of 256 com-
ponents to collect texture property. We can consider that these approaches use
’hard’ colour and texture descriptors in comparison to our method which only
uses the mean, standard deviation and histogram moments from 2nd to 5th to
compile colour and texture properties (a maximum feature vector of 18 compo-
nents). By comparison we named the proposed method soft colour-texture de-
scriptors. This assertion is even more acceptable if we revise classical approaches
to texture description in the literature.

4 Experiments and Results

All the experiments were carried out using the same data set. The ground truth
was formed by the digital RGB images of 960 tiles acquired from 14 different
models, each one with three different surface classes given by specialized graders
at factory (see Table 2 and Figure 2). For each model two classes were close and
one was far away. Models were chosen representing the extensive variety that
factories can produce, a catalogue of 700 models is common. But, in spite of this
great number of models, almost all of them imitate one of the following mineral
textures; marble, granite or stone.

Table 2. Ground truth formed by 14 models of ceramic tiles

classes tiles/class size (cm) aspect

Agata 13, 37, 38 16 33x33 marble
Antique 4, 5,8 14 23x33 stone
Berlin 2,3, 11 24 16x16 granite
Campinya 8,9, 25 30 20x20 stone
Firenze 9, 14, 16 20 20x25 stone
Lima 1,4, 17 24 16x16 granite
Marfil 27, 32, 33 14 23x33 marble
Mediterranea, 1,2, 7 30 20x20 stone
Oslo 2,3, 7 24 16x16 granite
Petra 7,9, 10 28 16x16 stone
Santiago 22, 24, 25 28 19x19 stone
Somport 34, 35, 38 28 19x19 stone
Vega 30, 31, 37 20 20x25 marble
Venice 12, 17, 18 20 20x25 marble

Digital images of tiles were acquired using a spatially and temporally uniform
illumination system. Spatial and temporal uniformity is important in surface
grading [1,4,6] because variations in illumination can produce different shades
for the same surface and then misclassifications. The illumination system was
formed by two special high frequency fluorescent lamps with uniform illuminance
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Fig. 2. Samples from the ground truth. From up to down; three samples of petra and
marfil models, each one corresponding to a different surface grade.

along their length. To overcome variations along time, the power supply was
automatically regulated by a photoresistor located near the fluorescents.

In order to study the feasibility of the soft colour-texture descriptors on
perceptually uniform colour spaces we carried out a statistical experiment design.
Our aim was to test several factors to determine which combination gave the
best accuracy results. These factors related to colour spaces, classifiers, and sets
of soft colour-texture descriptors. Colour space: CIE Lab, CIE Luv, RGB and
Grey scale. Classifier: k-NN (k=1,3,5,7) and leaving-one-out (k=1,3,5,7). Soft
colour-texture descriptors: mean, standard deviation and 2nd to 5th histogram
moments.

The factors and their possible values defined 4096 different classification ex-
periments for each tile model. As the ground truth was formed by 14 tile models,
57,344 experiments had to be carried out. We decided to use a statistical tool,
the ezperiment design [13], in order to manage the large quantity of experiments
and results. This tool, in combination with the logistic-regression [14] method,
provides a methodology for finding the best combination of factors in a set of
experiments that maximize or minimize one response variable. In our case, we
were looking to maximize classification accuracy rates. This methodology follows
the plan presented in Figure 3.

When we want to perform a complex experiment or set of experiments effi-
ciently we need a scientific approach to planning the experiment. Experimental
design is a statistical tool which refers to the process of planning experiments
so that appropriate data can be collected for analysis with statistical methods.
This would lead to objective and valid conclusions. We chose to use a complete
factorial approach in the design of our experiment. This is the most advisable
approach for dealing with several factors [13]. Complete factorial design means
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Fig. 3. Block diagram representing the statistical procedure for extracting the best
combinations of factor values in a set of experiments or experimental design

that we select a fixed number of possible values for each factor and then carry out
experiments with all the possible combinations of them. In our case, each com-
bination of factors is a single experiment with a classification of surface grades.
By varying the factor values in a nested way independence between factors, it-
erations and experiments is achieved, guaranteeing that simple and interaction
effects are orthogonal.

From the set of performed experiments we computed the logistic model using
a logistic regression [14]. The achieved mean accuracy of all models is used as
the output variable (response variable). Thus, we summarize the 14 groups of
4096 experiments for tile models in a single set of 4096 experiments. We used
a logistic (logarithmic) approach rather than a linear one because the output
variable is probabilistic and the logarithmic method fits the extracted model
better. Using the extracted logistic model, y = By + Y 5; X;, we compute the
predicted accuracy rate for each combination of factors using p = % Then
we can sort the combinations by their predicted accuracies. The one with the
best accuracy will reveal the best combination of factors.

The best predicted accuracy rate in the experimental design carried out for
soft colour-texture descriptors was 97.36% with a confidence interval at 95%
[96.25%, 98.36%)]. This result was achieved using CIE Lab colour space, 1 leaving-
one-out classifier and all the proposed soft colour-texture descriptors (mean,
standard deviation and 2nd to 5th histogram moments). The measured accuracy
with this combination was 96.7%.

Figure 4 shows that CIE Lab and CIE Luv spaces featured strongly in the
best sets of factor combinations. RGB space achieved almost null presence in
the 1000 best combinations rising to 11.9% and 16.3% in 1500 and 2000 combi-
nations. The Grey scale (with no colour information) was not among the best
combinations. Thus, perceptually uniform colour spaces show clearly better per-
formance than RGB with the soft colour-texture descriptors method. Also, this
figure suggests that best classifiers are derived from the leaving-one-out method.

A similar experimental design was performed for the literature methods. In
this case, we used the following factors and possible values. Colour space: CIE



20 F. Lépez et al.

Colour Spaces Classifiers
100 : : : 70
in 500 best combinations . -
s | == In1000bes comonatons | %0 = o 300 bestcombinations
] =z in 1500 best combinations [0 ) P — hisan
2 in 2000 best combinations zeas) in 1500 best combinations
o 60 40 mmmm in 2000 best combinations
(]
2 30
o
2 20
10 | [l ] ; IE
o LR T T D e
lab luv rgb grey 1loo 3loo 5l00 7loo 1nn 3nn 5nn 7n

Fig. 4. Presence percentage of colour spaces and classifiers in the best combinations
sets ordered by the predicted accuracy rate in the experimental design performed for
soft colour-texture descriptors

Lab, CIE Luv, RGB and Grey scale. Classifier: k-NN (k=1,3,5,7) and leaving-
one-out (k=1,3,5,7). Distance measure: chi square test, linear correlation coef-
ficient, log-likelihood measure. Distance measures are used in these methods to
determine colour histograms and LBP histograms dissimilarities. In a study sim-
ilar to the one in Figure 4 it was concluded that RGB was the best space for
the colour histograms approach closely followed by CIE Lab. Nevertheless, in
centile-LBP, CIE Lab was the best followed by RGB. Chi square test was the
best distance in colour histograms, and linear correlation performed better in
centile-LBP. In both methods the leaving-one-out classifiers again showed the
best performance. Table 3 shows the best results achieved in each surface grading
method and its corresponding combination of factors.

In all methods the achieved performance is very good and quite similar. For
all of them predicted accuracy and confidence interval exceed factory demands
of 95%. Differences between the methods arose in terms of timing costs.

Figure 5 presents a comparison of the methods by timing costs (measured
on a common PC) for nine of the fourteen tile models. The soft colour-texture

Table 3. Best result of each surface grading approach

factors predicted c.i. 95% measured
accuracy accuracy

Soft colour-texture CIE Lab, 1-loo, 97.36%  [96.25%, 98.36%)| 96.7%
descriptors all descriptors

Colour histograms ~ RGB, 1-loo 97.82%  [96.50%, 98.54%]  98.67%
chi square
Centile-LBP CIE Lab, 1-loo, 98.26% [97.27%, 99.03%] 98.25%

linear correlation
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Fig. 5. Timing comparison of surface grading approaches using the corresponding best
combination of factors in each method

descriptors method provides the best performance, closely followed by centile-
LBP. The colour histograms approach compile by far the worst timing despite
the fact that this method does not need to translate the image data, originally
in RGB, into CIE Lab or CIE Luv spaces. Also, this method presents irregular
timing for the same data size. The berlin, lima and oslo models share data
size (tile and image size) but the method achieves significant timing differences
among them. This effect is due to the use of binary trees to store the colour
histograms of images. Images with larger numbers of different colours need larger
trees and more time to compute the differences between histograms. This timing
dependence related to data values does not appear in the other two methods
whose computational costs only depend on image size and the algorithm; ©(n)+
C where n is the image size and C' is a constant related to the algorithm used
for implementing the approach.

5 Conclusions

In this paper we present a new approach for the purpose of surface grading. This
approach is based on the use of soft colour-texture descriptors and perceptually
uniform colour spaces. Two statistics tools, experimental design and logistic
regression, has been used to study and determine the best combination of factors
providing the best accuracy rates using a ground truth composed of 14 ceramic
tile models. The best combination was: CIE Lab colour space, 1 leaving-one-out
classifier and all the soft colour-texture descriptors.

For comparison purposes, a similar study was performed for two literature
methods; colour histograms and centile-LBP. In this study we used the factor
of inter-histograms distance measures instead of soft colour-texture descriptors.
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Best combinations of factors were RGB colour space, 1 leaving-one-out classi-
fier and chi square distance for the colour histograms method, and CIE Lab, 1
leaving-one-out classifier and linear correlation for centile-LBP.

All the approaches achieved factory compliance exceeding the 95% of mini-
mum accuracy. The achieved percentages of all methods vary in less than 1%,
thus the accuracy results are quite similar. The differences among the methods
arose more clearly when we studied the timing costs. The best in timing was the
method based on soft colour-texture descriptors closely followed by centile-LBP.
Colour histograms performed worse and irregularly due to binary trees which
are used to efficiently store the histograms.

In a work recently reported [12] we studied and demonstrate the on-line
inspection capability of soft colour-texture descriptors carrying out a study of
real-time comliance and parallelization based on MPI-cluster technology.
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Abstract. This paper proposes a novel multiclass support vector ma-
chine with Huffman tree architecture to quicken decision-making speed
in pattern recognition. Huffman tree is an optimal binary tree, so the
introduced architecture can minimize the number of support vector ma-
chines for binary decisions. Performances of the introduced approach are
compared with those of the existing 6 multiclass classification methods
using U.S. Postal Service Database and an application example of radar
emitter signal recognition. The 6 methods includes one-against-one, one-
against-all, bottom-up binary tree, two types of binary trees and directed
acyclic graph. Experimental results show that the proposed approach is
superior to the 6 methods in recognition speed greatly instead of decreas-
ing classification performance.

1 Introduction

Support vector machine (SVM), developed principally by Vapnik [1], provides a
novel means of classification using the principles of structure risk minimization.
The subject of SVM covers emerging techniques that have been proven to be
successful in many traditional neural network-dominated applications [2]. SVM
is primarily designed for binary classification problems. In real world, there are
many multiclass classification problems. So how to extend effectively it to mul-
ticlass classification is still an ongoing research issue [3]. The popular methods
are that multiclass classification problems are decomposed into many binary-
class problems and these binary-class SVMs are incorporated in a certain way
[4]. Some experimental results [3-9] verify that the combination of several bi-
nary SVMs is a valid and practical way for solving muticlass classification prob-
lems. Currently, there are mainly 6 methods for combining binary-class SVMs.
They are respectively one-against-all (OAA) [3,5], one-against-one (OAO) [3,6],
directed acyclic graph (DAG) [3,7], bottom-up binary tree (BUBT) [8,9], two
types of binary trees labeled as BT1 and BT2 [10]. For an N-class classification
problem, these methods need test at least log o /N binary SVMs for classification
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decision. To decrease the number of binary SVMs needed in testing procedure, a
novel multiclass SVM with Huffman tree architecture (HTA) is proposed in this
paper. The outstanding characteristic of the introduced method lies in faster
recognition speed than OAA, OAO, DAG, BUBT, BT1 and BT2 instead of

lowering classification capability.

2 Support Vector Machines

For many practical problems, including pattern matching and classification, func-
tion approximation, optimization, data clustering and forecasting, SVMs have
drawn much attention and been applied successfully in recent years [1-9]. An
interesting property of SVM is that it is an approximate implementation of the
structure risk minimization induction principle that aims at minimizing a bound
on the generation error of a model, rather than minimizing the mean square er-
ror over the data set [2]. SVM is considered as a good learning method that can
overcome the internal drawbacks of neural network [1].

The main idea of SVM classification is to construct a hyperplane to separate
the two classes (labelled y € {—1,41}) [1]. Let the decision function be

f(x) = sign(w - x +b) (1)

where w is weighting vector, and b is bias and x is sample vector. The following
optimization problem is given to maximize the margin [1], i.e. to minimize the
following function

l
Bw. &) = 5Iwll* + C 36 2)
i=1

Subject to
& >0 1=1,2,---,1

In (4) and (5), y; is the label of the ith sample vector x;; & and [ are the
1th relax variable of the ith sample vector and the dimension of sample vector,
respectively [1].

The dual optimization problem of the above optimization problem is repre-
sented as

l l

1

W(a) = Z%‘ -3 Z Yy K(xi, x;) (4)
i=1 i,j=1
Subject to

l
OgaiSC, Z%‘Zhﬁ i:1727"'7l (5)

i=1

where K(x;,x;) is a kernel function. x; and x; are the ith sample vector and
the jth sample vector, respectively. « is a coefficient vector,ae = [a1, g, -+ -, ]
[1]. The decision function of the dual optimization problem becomes the form:
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l

f(x) = sign[(Y_ iy K (xi, x;) +b)] (6)

i=1

3 SVM with HTA

On the basis of fast-speed and powerful-function computers, various methods for
signal recognition, character recognition and image recognition were presented
[11]. However, comparing with human brain, the methods are obviously too slow.
One of the most important reasons is that man identifies objects or patterns in
an unequal probability way and most of the existing pattern recognition methods
are based on a consideration: all patterns appear in an equal probability. How-
ever, in some applications such as radar emitter signal recognition, handwritten
digit recognition in postal service and letter recognition in natural text, some
patterns may come up frequently, while the others emerge rarely. If all patterns
are recognized equiprobably, the efficiency may be very low. On the contrary, if
the patterns with high probability are classified preferentially, the speed of rec-
ognizing all patterns can be quickened greatly. According to this idea, Huffman
tree architecture is introduced to combine multiple binary-SVMs for multiclass
classification problems.

An example of HTA with 8 nodes is given in Fig.1. HTA solves an N-class
pattern recognition problem with a hierarchical binary tree, of which each node
makes binary decision with an SVM. Using different probabilities of occurrence of
different patterns, Huffman tree can be constructed using the following algorithm
[12,13].

Step 1. According to N probability values {p1,p2,---,pn} given, a set F' =
{T1,T2,---,Tn} of N binary trees is constructed. For every binary tree T; (i =
1,2,---,N) , there is only one root node with probability value p; and its both
left-child tree and right-child tree are empty.

Step 2. Two trees in which root nodes have the minimal probability values
in I’ are chosen as left and right child trees to construct a new binary tree. The
probability value of root node in the new tree is summation of the probability
values of root nodes of its left and right child trees.

Step 3. In step 2, the two trees chosen in F' are deleted and the new binary
tree constructed is added to the set F.

Step 4. Step 2 and step 3 are repeated till only one tree left in F'. The final
tree is Huffman tree.

Huffman tree is an optimal binary tree [13], which can minimize the number
of SVMs for binary decisions. Once the probabilities of all nodes are given, the
structure of HTA is determinate and unique. The SVM-HTA classifier takes
advantage of both the efficient computation of HTA and the high classification
accuracy of SVMs.

To bring into comparison, the performances of the 7 methods including
OAA, OAO, DAG, BUBT, BT1, BT2 and HTA are analyzed in the following
description.
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Fig. 1. Huffman tree architecture with 8 nodes

OAA is perhaps the simplest scheme for combining binary SVMs to solve mul-
ticlass problems. In OAA, every class need train to distinguish the rest classes,
so there are N binary SVMs to be trained for an N-class classification problem,
while in testing procedure, Maz Wins strategy is usually used to classify a new
example and consequently N binary decision functions are required to solve. The
Mazx Wins strategy is

f(z) =arg mgax(wi -X + b;) (7)

Another scheme called pairwise is used in OAO, DAG and BUBT. In this ap-
proach, each binary SVM separates a pair of classes and N(N — 1)/2 binary
SVMs in total are trained when there are N classes. In decision phase, there
is much difference among the three methods. OAO uses traditional Maz Wins
strategy and need test N(N —1)/2 SVMs. DAG employs directed acyclic graph
in which every class is eliminated step by step from the list composed of all
classes. Thus, for a problem with N classes, N — 1 binary SVMs will be tested
in order to drive an answer. In BUBT, a bottom-up binary tree architecture is
introduced to incorporate N(N — 1)/2 binary SVMs trained and a tournament
strategy is used to classify a new example. Similar to DAG, BUBT also need
test (N — 1) binary SVMs for the classification decision. BT1 and BT2 use a
hierarchical scheme that a multiclass classification problem is decomposed into
a series of binary classification sub-problems. The difference between BT1 and
BT?2 lies in different decomposition method. BT1 separates one class from the
rest classes with an SVM. In every step of decomposition, there is at least one
terminal node between two siblings. Thus, for an N-class problem, BT1 need
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train (N — 1) binary SVMs and (N2 + N — 2)/(2N) binary decision functions
are required to solve in testing procedure. While BT2 usually decomposes an
N-class problem in a peer-to-peer way into (N — 1) binary classification sub-
problems. So there are (N — 1) binary SVMs to train in training procedure and
only log o N binary SVMs need test in decision phase.

According to the above analysis, OAA, OAO, DAG, BUBT, BT1 and BT2
need train at least (N —1) SVMs and require to test at least loga N SVMs for an
N-class classification problem. While in HTA illustrated in Fig.1, only (N — 1)
binary SVMs need be trained for N-class problem. Because Huffman tree is the
optimal binary tree that has the minimal average depth, HTA need test much
smaller than log o N SVMs for the classification decision. For example, in Fig.1,
if the probability values of node 1 to node 8 are 0.135, 0.048, 0.058, 0.39, 0.039,
0.23, 0.067 and 0.033, respectively, HTA need test 2537 SVMs and BT2 need
test 3000 SVMs when the number of testing samples is 1000. So among the 7
multiclass SVM classifiers, HTA need the minimal SVMs both in training and
in testing procedures.

4 Simulations

4.1 Performance Test

HTA is evaluated on the normalized handwritten digit data set, automatically
scanned from envelops by U.S. Postal Service (USPS) [7,14,15]. The USPS
database contains zipcode samples from actual mails. This database is com-
posed of separate training and testing sets. The USPS digit data consists of 10
classes (the integer 0 through 9), whose inputs are pixels of a scaled image. The
numbers 0 through 9 have 1194, 1005, 731, 658, 652, 556, 664, 645, 542, 644
training samples respectively and have 359, 264, 198, 166, 200, 160, 170, 147,
166, 177 testing samples respectively. Thus, there are totally 7291 samples in
training set and 2007 samples in the testing set. Every sample is made up of 256
features. The difference of the number of the 10 integers extracted from actual
mails verifies that the 10 integers occur in an unequal probability. To be con-
venient for testing, the occurring probabilities of the 10 classes 0 through 9 in
testing set are used to construct a Huffman tree. The probabilities of 0 through
9 are respectively 0.1789, 0.1315, 0.0987, 0.0827, 0.0997, 0.0797, 0.0847, 0.0732,
0.0827 and 0.0882. The constructed Huffman tree architecture is illustrated in
Fig.2.

Seven approaches OAA, OAO, DAG, BUBT, BT1, BT2 and HTA are used
to make comparison experiments. The computational experiments are done on
a Pentium IV-2.0 with 512 MB RAM using MATLAB implementation by Steve
Gunn. Gaussian kernel function K(x;, x;)

2
Ix; =%

K(xi,x;) =e % (8)

and the same parameter C' and o are used in 7 SVM classifiers. We use similar
stop-ping criteria that the KKT violation is less than 1072, For each class, 504
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Fig. 2. Huffman tree architecture for digit recognition

samples selected randomly from its training set are used to train the SVM classi-
fiers. The criterions for evaluating the performances of the 7 classifiers are their
error rate and recognition efficiency including training time and testing time. All
samples in the testing set are used to test the performances of the 7 classifiers.
Statistical results of many experiments using the 7 classifiers respectively are
given in Table 1.

Table 1 shows the results of experiments. HTA, BT1, BT2 and OAA consume
much shorter training time than OAO, DAG and BUBT. Because HTA, BT1
and BT2 need train the same number of binary SVMs, the training time of
the three methods has small difference. Similarly, the three methods including
OAA, BUBT and DAG consume nearly same training time because they train
the same number of SVMs. In the 7 methods, the testing time of HTA is the
shortest. In Table 1, HTA consumes 445.44 seconds of testing time, which is a
litter shorter than that of BT1 and BT2 and much shorter than that of OAA,
OAO, DAG and BUBT. From the recognition error rate, HTA is much superior
to OAA and OAO; HTA is a little superior to BUBT and BT1; HTA is not

Table 1. Experimental results of digit recognition

Methods Training Time (sec.) Testing time (sec.) Error rate (%)
HTA 8499.21 445.44 3.42
OAA 9470.81 1391.57 95.59
OAO 44249.48 6068.75 89.57
DAG 43153.70 1217.69 2.32
BUBT 44938.34 1255.61 3.52
BT1 8397.35 641.14 4.83

BT2 8125.30 463.57 3.40
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inferior to DAG and BT2. In a word, experimental results indicate that HTA
has high recognition efficiency and good classification capability.

4.2 Application

In this subsection, an application example of radar emitter signal recognition is
applied to make the comparison experiments of OAA, OAO, DAG, BUBT, BT1,
BT2 and HTA. In the example, there are 8 modulation radar emitter signals (la-
beled as RES1, RES2, RES3, RES4, RES5, RES6, RES7, RESS, respectively).
Some features of these radar emitter signals have been extracted in our prior
work [21,22]. Two features obtained by the feature selection method [23] are
used to recognize the 8 modulation radar emitter signals. In experiments, ev-
ery radar emitter signal uses 360 training samples and thereby there are 2880
training samples in total. The training samples are employed to draw a feature
distribution graph shown in Fig.3 to illustrate distribution of radar emitter signal
features in feature space.

According to experts’ experiences, the occurrence probabilities of the 8 mod-
ulation signals can be approximately considered as 0.135, 0.048, 0.058, 0.39,
0.039, 0.23, 0.067 and 0.033, respectively. Thus, the Huffman tree architecture
constructed using 8 radar emitter signals is shown in Fig.1. In testing phase,
there are 8000 testing samples in total and the number of testing samples of 8
radar emitter signals is computed in the proportion of 13.5%, 4.8%, 5.8%, 39%,
3.9%, 23%, 6.7% and 3.3%, respectively. Both training samples and testing sam-

0.7

RES 1
RES 2
RES 3
RES 4
RES 5
RES 6
RES 7
RES 8

!

00 X+ D e O

Feature 2

Feature 1
Fig. 3. Feature distribution graph
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Table 2. Experimental results of RES recognition

Methods Training Time (sec.) Testing time (sec.) Error rate (%)
HTA 1917.70 85.55 12.28
OAA 2154.95 255.08 45.64
OAO 8007.84 815.58 84.83
DAG 8151.94 199.75 13.40
BUBT 7737.49 238.01 12.25
BT1 1951.73 134.31 26.85
BT2 1910.94 112.59 22.00

ples are extracted from radar emitter signals when signal-to-noise (SNR) varies
from 5 dB to 20 dB. Experimental results of OAA, OAO, DAG, BUBT, BT1,
BT2 and HTA are given in Table 2.

Figure 3 shows that there are some overlaps between RES 7 and RES 8 and
there is much confusion among RES 1, RES 2 and RES 3. This brings many
difficulties to correct recognition. Also, the features of 8 radar emitter signals
have good clustering. Table 2 presents the results of comparing 7 multiclass
SVM classifiers. Although HTA is appreciably inferior to BUBT in recognition
error rate and it needs a little more training time than BT2, HTA has higher
recognition efficiency than OAA, OAO, BUBT, DAG and BT1. Especially, HTA
is the best among the 7 methods for the testing time and it achieves lower
recognition error rate than OAA, OAO, DAG, BT1 and BT2.

The experimental results of digit recognition and radar emitter signal recog-
nition are consistent with theoretical analysis in Section 3. In pattern recognition
including radar emitter signal recognition and USPS digit recognition, training
is off-line operation, while testing is usually on-line operation. So the testing
speed of classifiers is more important, especially in radar emitter signal recogni-
tion. Experimental results verify that HTA is the fastest among the 7 multiclass
SVM classifiers instead of decreasing classification performance. This benefit is
especially useful when the number of classes is very large.

5 Concluding Remarks

In the methods for combining multiple binary SVMs to solve multiclass classi-
fication problems, binary tree architecture is a good one because it needs small
binary SVMs both in training phase and in testing phase. However, how to
choose the root nodes in each layer is a very important issue in engineering
applications when binary tree architecture is used to combine multiple binary-
support-vector-machines. From the view of intelligent aspects of human brain
in pattern recognition, this paper introduces Huffman tree architecture to de-
sign a multiclass classifier. For a real problem, the Huffman tree architecture
is unique. The outstanding characteristic of the introduced architecture lies in
faster recognition speed than the existing 6 methods. Though, this paper dis-
cusses the technique for quickening recognition speed only from the architecture
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for combining support vector machines. In fact, the recognition speed has also
relation to the number of support vectors obtained in training phase of support
vector machines. This problem will be further discussed in later paper.
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Abstract. An effective algorithm for automatic removal impulse noise from
highly corrupted monochromatic images is proposed. The method consists of
two steps. Outliers are first detected using local spatial relationships between
image pixels. Then the detected noise pixels are replaced with the output of a
rank-order filter over a local spatially connected area excluding the outliers,
while noise-free pixels are left unaltered. Simulation results in test images show
a superior performance of the proposed filtering algorithm comparing with
conventional filters. The comparisons are made using mean square error, mean
absolute error, and subjective human visual error criterion.

1 Introduction

Digital images are often corrupted by impulse noise due to a noise sensor or channel
transmission errors. The major objective of impulse noise removal is to suppress the
noise while preserving the image details. Various algorithms have been proposed for
impulse noise removal [1-5]. Basically the most of these algorithms are based on the
calculation of rank-order statistics [6]. If filters are implemented uniformly across an
image then they tend to modify pixels that are undisturbed by noise. Moreover, they
are prone to edge jitter when the percentage of impulse noise is large. Consequently,
suppression of impulses is often at expense of blurred and distorted features. Effective
techniques usually consist of two steps. First a filter detects corrupted pixels and then
a noise cancellation scheme is applied only to detected noisy pixels. Recently
nonlinear filters for monochrome images with a signal-dependent shape of the moving
window have been proposed [7]. In this paper, we extend this approach to automatic
suppressing the impulse noise in highly corrupted images. First outliers are detected
using local spatial relationships between image pixels. Then the detected noise pixels
are replaced with the output of an appropriate rank-order filter computed over a local
spatially connected area excluding the outliers from the area. In the case of
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independent impulse noise, the proposed detector greatly reduces the miss probability
of impulse noise. The performance of the proposed filter is compared with that of
conventional algorithms.

The presentation is organized as follows. In Section 2, we present a new efficient
algorithm for automatic detection of noise impulses. A modified filtering algorithm
using the proposed detector is also described. In Section 3, with the help of computer
simulation we test the performance of the conventional and proposed filters. Section 4
summarizes our conclusions.

2 Automatic Detection and Removal Impulse Noise

In impulse noise models, corrupted pixels are often replaced with values near to the
maximum and minimum of the dynamic range of a signal. In our experiments, we
consider a similar model in which a noisy pixel can take a random value either from
sub-ranges of the maximum or the minimum values with a given probability. The
distribution of impulse noise in the sub-ranges can be arbitrary. To detect impulse
noise in an image, we use the concept of a spatially connected neighborhood (SCN).
An underlying assumption is as follows: image pixels geometrically close to each
other belong to the same structure or detail. The spatially connected neighborhood is
defined as a subset of pixels {v,,} of a moving window, which are spatially
connected with the central pixel of the window, and whose values deviate from the
value of the central pixel v;; at most predetermined quantities -&, and +&, [7]:

SCN (v,)=CON ({v,,, :v,, =&, <v,, <v,, +&}), (1)

where CON(X) denotes four- or eight-connected region including the central pixel of
the moving window. The size and shape of a spatially connected neighborhood are
dependent on characteristics of image data and on parameters, which define measures
of homogeneity of pixel sets. So the spatially connected neighborhood is a spatially
connected region constructed for each pixel, and it consists of all the spatially
connected pixels, which satisfy a property of similarity with the central pixel.

We assume that the size of the SCN of a noise cluster is relatively small comparing
to that of details of image to be processed. Therefore impulsive noise can be detected
by checking the size of the cluster; that is, if S < M then the impulse is detected. Here
S=SIZE(SCN) is the number of pixels included in the SCN constructed around the
central pixel of the moving window with the parameter &, for adjacent pixels, M is a
given threshold value for detection of noise clusters. Actually the detection depends
on two integer parameters; that is, & and M. Extensive computer simulations have
shown that the best value of M, which yields minimum detection errors of noise
clusters for various noise distributions, can be expressed as a function of a given noise
distribution and a chosen value of &,. Let us consider model of impulsive noise. A test
gray scale image has Q=256 quantization levels and N pixels. The probability of
independent corruption of image pixels by impulse noise at the level ¢ is equal to P(q)
(0=g<0-1). The probability of noise impulse occurring can be calculated as

0-1
p=>.P(q). 2)

q=0
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and the expected number of impulses in the image is given by
N,, =pN. (3)

For the considering detector, if the absolute difference between the noise impulse and
pixels of neighborhood is less or equal to a chosen value of ¢, then the impulse is
invisible for the detector. Therefore the total number of detectable impulses is less
than N, in Eq. (3). In this case the expected number of outliers is given by

~ Q-1 ~
Nimp =NZP(q)’ (4)
q=0

where f’(q) is the probability of detection of an impulse at the level g. If the

distribution of the image signal is spatially homogeneous then the probability of noise
impulse detection can be approximately estimated with the help of the histogram of
uncorrupted test image,

- -1
P(q) = P(q)(l—Zhl (14| < gv}/Nj, 5)

1=0

where {h,} is the histogram of uncorrupted image, [.] denotes the following function:
1, if the statement in brackets is true and 0, otherwise.

Since the histogram of the uncorrupted image is usually inaccessible then the
estimation of this histogram can be written as

h —NP
h :‘1—((1), (6)
q 1_p

where {fz q} is the available histogram of the observed noisy image.

The proposed detector of impulse noise takes into account the size of the SCN.
Now we know how many impulses can be detected by the detector. Obviously, such
detector omits impulses with the size greater than M. The probability Pr(M) of
occurrence of four-connected noise clusters of the size M can be computed using the
formulas given in the papers [8, 9]. In this way the expected number and the
probability of occurrence of all clusters of the size greater than M can be obtained.
We can state that if the expected number of clusters of the size greater than M (for a
given image and a noise distribution) is less than unity then the value of the threshold
M is optimal. Formally the statement can be written as

M =S if N,

imp>S

N S-1
=N,,—NY Pr(m)<1<N, —NY Pr(m) (7)
m=1 m=1

where N,

mpss 18 the expected number of clusters of the size greater than S pixels.

The probability of occurrence of a four-connected noise cluster of the size M in a
moving window can be computed using the addition formula of probabilities. The
noise cluster occurs simultaneously with one of the mutually exclusive events Hj,...,

Hy. Here H, is the event denoting that there is a noise cluster of the size exactly M
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noise impulses surrounded by uncorrupted image pixels. The probability of
occurrence of a noise cluster of the size M at a given image pixel is given as [8, 9]

Pr(M)=> Pr(H,), (8)

k=1

where the probability of the event H, is Pr(H, )= P" (l—P)Ek(M), E (M) is the

number of surrounded uncorrupted image pixels. Taking into account that some of the
probabilities Pr(H,) are equal, the Eq.(8) is computationally simplified to

K(M)

Pr(M)=p" > C (M)(1-p)"", )
k=1

where K(M) is the number of groups, each of them contains Ci (M) events H; with the
equal probabilities Pr(H;), k=1,..K(M). C,(M), E(M) are coefficients determined
from the geometry (binary region of support) of the cluster of noise. For example, the
number of groups with M=2 is K(2)=1, and the number of surrounding four-
connected uncorrupted pixels is E;(M)=6. The number of the events is C;(M)=4 (four
possible variants of the noise cluster on the grid including the given pixel). These
coefficients are provided in Table 1.

Table 1. Coefficients for calculating the probability of impulsive clusters

Size of K(M) k CuM) E (M)
cluster M

1 1 1 1 4

2 1 1 4 6

3 1 12 7
2 6 8

4 3 1 36 8
2 32 9
3 8 10

5 5 1 5 8
2 100 9
3 140 10
4 60 11
5 10 12

With the help of Table 1 and Eq. (9), the probability of occurrence of a four-
connected impulse noise cluster of the size M can be easily calculated. Table 2
presents the probability of occurrence of impulse cluster of size M versus the
probability of impulse noise on a rectangular grid. We see that when the probability of
impulse noise is high, the occurrence of impulse cluster is very likely.
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Table 2. The probability of occurrence of impulse clusters of the size M versus the probability
p of impulse noise

M Probability of impulse noise
p=0.01 p=0.1 p=0.2

0 0.99 0.9 0.8

1 5.6x107 6.5x107 8.2x107
2 3.7x10* 2.1x107 4.2x10”
3 1.7x10° 8.3x107 2.8x107
4 7x107 3x107 1.8x107
5 2.8x10® 1.1x10° 1.1x107

Finally the proposed algorithm of impulse noise detection consists of the following
steps.

. Choose two initial values for £€[1,(Q-1)], say & max and & i, and then
calculate £=(&, max+& min)/2.

. Compute Nimp and M using Eqgs. (4)-(7), noise distribution and threshold ¢&,.
. Form the SCN with ¢, and calculate the number of detected impulses, say D.

. Compare D with N and if (D= N mp O & =& max O §=E, min) then the

imp °
optimal pair of &, and M is found, else go to the next step.
. If D>N_ then set & min=&,, else set &, n=&,. Calculate £=(&, nax+&, min)/2 and

imp

go to the second step.

Computer experiments with test images corrupted by various kinds of impulse noise
have showed that the integer function D(g,) is monotonically decreasing. Thus the
solution of the proposed iterative algorithm with respect to &, is unique. Since &, max,
Emin, and &, are integer then the number of iterations for Q=256 is limited by 7.

When the map of detected impulses with the calculated parameters is obtained, the
noisy pixels are replaced with the output of any appropriate filter. In our case the
median value of at least 3 uncorrupted neighboring pixels is used.

3 Computer Experiments

Signal processing of an image degraded due to impulse noise is of interest in a variety
of tasks. Computer experiments are carried out to illustrate and compare the
performance of conventional and proposed algorithms. In this paper, we will base our
comparisons on the mean square error (MSE), the mean absolute error (MAE), and a
subjective visual criterion. The empirical normalized mean square error is given by

N, M, ,

MSE: n=1 m=1

N, My

2
2.2 Van
n=1 m=1

, (10)
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where {v,,} and {\9 } are the original image and its estimate (filtered image),

n,m

respectively. In our simulations, N,=256, M,=256 (256x256 image resolution), and
each pixel has 256 levels of quantization. The empirical normalized mean absolute
error is defined as

N. M,

X b
Zz vn,m,k - vn,m,k |

MAE = =12, . (11)

n=1 m=1

vn,m,k |

The use of these error measures allows us to compare the performance of each filter.
Fig. 1 shows a test image. The test image degraded due to impulsive noise is shown in
Fig. 2.

Fig. 1. Original image Fig. 2. Noisy image
The probability of independent noise impulse occurrence is 0.2. In computer
simulation, the values of impulses were set to 0-15 or 240-255 with equal probability.

Table 3 shows the errors under the MSE and MAE criteria for the median filter
(MED) of 3x3 pixels, fuzzy technique (FF) [5], and the proposed filter.

Table 3. Impulse noise suppression with different filters

Measured Errors
Type of Filters MSE MAE
Noisy image 0.17 0.162
MED 3x3 0.065 0.012
FF algorithm 0.023 0.009
Proposed algorithm 0.019 0.005

The parameters M and &, are automatically calculated with the proposed algorithm
described in Section 2. We see that in this case the proposed filter has the best
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performance with respect to the MSE and MAE. Now we carry out visual comparison
of the filtering results with the median and the proposed filters. Figures 3 and 4 show
the filtered images obtained from the noisy image with the median filter and the
proposed filter, respectively. The proposed filter using the spatial pixel connectivity
has a strong ability in impulse noise suppression and a very good preservation of fine
structures and details. The visual comparison shows that the filtered image with the
median filter is much smoother than the output image after filtering with proposed
method.

Fig. 3. Filtered image by MED filter Fig. 4. Filtered image by the proposed method

4 Conclusion

In this paper, we have presented a new algorithm for automatic detection and
suppression of impulse noise in highly corrupted images. The filter utilizes an explicit
use of spatial relations between image elements. When the input image is degraded
due impulse noise, extensive testing has shown that the proposed spatially adaptive
filter outperforms conventional filters in terms of the mean square error, the mean
absolute error, and the subjective visual criterion.

References

1. Pitas I. and Venetsanopoulos A.N., Nonlinear digital filters. Principles and applications,
Kluwer Academic Publishers, Boston (1990).

2. Tsekeridou S., Kotropoulos C., Pitas 1., Adaptive order statistic filters for the removal of
noise from corrupted images, Optical Engineering, Vol. 37, (1998), 2798-2815.

3. Abreu E., Linghtstone M., Mitra S.K., and Arakawa K., A new efficient approach for the
removal of impulse noise from highly corrupted images, IEEE Trans. on Image
Processing, Vol. 2, No. 6, (1993), 1012-1025.



Automatic Removal of Impulse Noise from Highly Corrupted Images 41

. Lehmann T., Oberschelp W., Pelikan E., Repges R., Image processing for medical images,
Springer-Verlag, Berlin, Heidelberg, New York (1997).

. Zhang D. and Wang Z., Impulse noise detection and removal using fuzzy techniques,
Electronics Letter, Vol. 33, No. 5, (1997), 378-379.

. David H.A., Order statistics, Wiley, New York (1970).

. Kober V., Mozerov M., Alvarez-Borrego J., Nonlinear filters with spatially connected
neighborhoods, Optical Engineering, Vol. 40, No. 6, (2001), 971-983.

. Mozerov M., Kober V., Choi T., Noise Removal from highly corrupted color images with
adaptive neighborhoods, IEICE Trans. on Fund., Vol. E86-A, No. 10, 2003, 2713-2717.

. Kober V., Mozerov M., Alvarez-Borrego J., Spatially adaptive algorithms for impulse
noise removal from color images, Lecture Notes in Computer Science, Vol. 2905, (2003),
113-120.



Smoothing of Polygonal Chains for 2D Shape
Representation Using a G2-Continuous Cubic
A-Spline*

Soffa Behar!, Jorge Estrada?, Victoria Herndndez?, and Dionne Leén?

! Faculty of Mathematics and Computer Sciences, Havana University, Cuba
2 Institute of Mathematics and Theoretical Physics, CITMA, Cuba

Abstract. We have developed a G*-continuous cubic A-spline, suitable
for smoothing polygonal chains used in 2D shape representation. The
proposed A-spline scheme interpolates an ordered set of data points in
the plane, as well as the direction and sense of tangent vectors asso-
ciated to these points. We explicitly characterize curve families which
are used to construct the A-spline sections, whose members have the re-
quired interpolating properties and possess a minimal number of inflec-
tion points. The A-spline considered here has many attractive features:
it is very easy to construct, it provides us with convenient geometric
control handles to locally modify the shape of the curve and the error of
approximation is controllable. Furthermore, it can be rapidly displayed,
even though its sections are implicitly defined algebraic curves.

Keywords: Algebraic cubic splines, polygonal chain, data interpolation
and fitting, 2D shape representation.

Mathematics Subject Classification: 65D07(splines), 65D05 (interpo-
lation), 65D17 (Computer Aided Design).

1 Introduction

Several geometry processing tasks use polygonal chains for 2D shape representa-
tion. Digital image contouring, snakes, fitting from "noisy” data, interactive
shape or font design and level set methods (see for instance [5], [7], [10], [11])
are some illustrating examples. Suppose a curve is sampled within some error
band of width 2 £ around the curve. Since the sampled point sequence S could
be dense, a simplification step is often used to obtain coarser or multiresolution
representations. A polygonal chain C approximating the points of S is cons-
tructed, with the property that all points in & are within an e-neighborhood of
the simplified polygonal chain C.

Prior work on using algebraic curve spline in data interpolation and fitting
focus on using bivariate barycentric BB-form polynomials defined on plane trian-
gles ([1], [5],[8],[9]) Some other authors use tensor product A-splines ([2]).

* The results presented in this work were obtained with the support of a FONCI/2003
grant.
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Fig. 1. Sequence of polygonal chains

These A-spline functions are easy to construct. The coefficients of the bivari-
ate polynomial that define the curve are explicitly given. There exist convenient
geometric control handles to locally modify the shape of the curve, essential for
interactive curve design. Each curve section of the A-spline curve has either
no inflection points if the corresponding edge is convex, or one inflection point
otherwise, therefore the A-spline sections have a minimal number of inflection
points. Since their degree is low, the A-spline sections can be evaluated and
displayed very fast. Moreover, some of them are also e-error controllable.

All that features make these error-bounded A-spline curves promising in
the above mentioned applications, which happen to be equivalent to the inter-
polation and/or approximation a polygonal chain of line segments with error
bounds.

Given an input polygonal chain C, we use a cubic A-spline curve A to
smoothly approximate the polygon by interpolating the vertices as well as the
direction and sense of the given tangent vectors at the vertices. We also inter-
polate curvatures at the polygon vertices to achieve G2-continuity.

The present work is a natural generalization of [5], where once the contour of
digital image data has been extracted, the algorithm computes the breakpoints
of the A-spline, i.e the junction points for the sections that make up the A-
spline curve. Inflection points are also added to the set of junction points
of the A-spline. Tangent lines at the junction points are computed using a
weighted least square linear fit (fitting line), instead of the classical techniques.
This G'-continuous A-spline scheme interpolates the junction points along with
the tangent directions and least-squares approximates the given data between
junction points.

2 Some Notations and Preliminaries

The A-spline curve A discussed in this paper consists of a chain of curve sections
A;. Each section is defined as the zero contour of a bivariate BB-polynomial
of degree 3. We show that these curve sections are convex, connected and
nonsingular in the interior of the regions of interest.
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2.1 Derivative Data

On each vertex @; of the polygonal chain C, we assume that the slope of the
tangent line t; as well as the curvature k; of A at Q; are given. The values t;
can be estimated from the given dense sample data & by means of a weighted
least square linear fit (fitting line) technique, such as proposed in [5], which has
a better performance as the ones usually recommended in the literature (see for
instance [1] or [2]). Figure 2 illustrates the performance of different methods.
The direction of vector v; may be determined by the estimated value t;.

Fig. 2. Selecting the tangent vector using: 1. Fitting line, 2. Interpolation parabola, 3.
Fourth degree interpolation polynomial

To compute the curvature values k;, we propose the following procedure.
Among all (implicitly defined) plane quadratic curves f(x,y) = 0 passing through
@Q;, such that the tangent line of f at ); has slope t;, compute the quadratic
curve with implicit equation f*(x,y) = 0 minimizing the weighted sum

k
k- 3

where P} are points in & which are in a neighborhood of Q;, P¥ /=Q;, and
d¥ :=||Q; — PF||. Then, set x; equal to the curvature of f*(x,y) = 0 at Q;. The
computation of f*(z,y) = 0 reduces to a linear least squares problem, hence it
is not expensive.

2.2 Convexity of an Edge

Definition 1. Given two consecutive vertices of C, we call the edge passing
through them convex if the associated tangent vectors point to opposite sides
of the edge. Otherwise, we call the edge non convex (see Fig. 3).

In the non convex case, in an analogous way as explained in [5], we insert
to C a new intermediate vertex for the position of the inflection point and the
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Fig. 3. Examples of convex and non convex cases

tangent line at this new vertex is computed using a weighted least square linear
fit. Further, the corresponding curvature value is set equal to 0, since it happens
to be an inflection point. In this way we reduce a non convex edge of C to the
union of two consecutive convex edges.

2.3 e-Error Controllability

Definition 2. Given a magnitude € > 0, we call an A-spline e-controllable if
the points of each section A; are at most at distance € to the corresponding edge

A.

We show that the proposed A-spline scheme is e-controllable. Note that if we
use barycentric coordinates (u,v) with respect to a triangle, such that the edge
E; corresponds to the line v = 0, then A; is e-controllable iff |v| < ¢;, for some
0 < ¢; depending on ¢ and of the geometry of the triangle.

3 Polygonal Chain Approximation by Cubic A-Spline
Curves

Given an ordered set of n points in the plane C and prescribed tangent vectors
at these points, we want to construct a cubic G*?-continuous A-spline curve A,
interpolating these points, as well as the direction and sense of their prescribed
tangent vectors.

3.1 Triangle Chain

Abusing of notation, let us introduce a new sequence of points Q; First, set
Qb = Q; and Q% := Q;+1. Each pair of consecutive points QB,QZQ eC with
their tangent directions define a triangle T;, with vertices Qf, Q, @4, where Q)
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Fig. 4. Interpolating points Q; with their prescribed tangent vectors v;

is the point of intersection of the tangent directions at Q} and Q5. In order to
obtain a continuous curve A, we must require that Q% = QBH fore=1,..n— 1.
Additionally, to construct a closed curve, it is necessary that Q% = QJ.

3.2 G'-Continuity

A; may be written in barycentric coordinates (u,v,w), w =1 —u —v with
respect to the vertices of T; as,

3 3—J
A : fi (u,v) = Z auvj‘n’kj—() (1)

§=0 k=0
Note that after introducing barycentric coordinates the vertex @ is trans-
formed in the point (1, 0), while the vertex Q% is transformed in the point (0, 0).
It is well known that A; interpolates @ and Q5 if the coefficients ag o and
ab o in (1) vanish. Furthermore, the tangent lines to A; at Q) and Q% are the
corresponding sides of the triangle T; iff ao ; and a2 ; vanish. Assuming that the
previous restrictions on the coefficients of are satlsﬁed then A is G —continuous.

3.3 Explicit Expressions for 4;

Since the section A; is traced out from the initial point Q} to the point Q% then,
according to the sense of vector v; associated to Q we must consider two cases
(see Fig. 5):

e Inner case: v; points out to the halfplane containing Q}.
e Outer case: v; does not point out to the halfplane containing QL.

In the inner case, section A; is the zero contour of the cubic curve with
equation
I'(u,v) : =03+

l<:0M uv? + (kb +ko)w uvw —0

(1— 2u1) ww? + (1—2ui)3 kz (1—2u;)* 2u1)
2u
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(@)

Fig. 5. Interpolating the sense of tangent vectors. (a) Inner case (b) Outer case.

In the outer case, section 4; is the zero contour of the cubic curve with
equation

Oi(u,v): —v3 — (1—2271;1)3uw2_ ( 221;1) ww+ ki (1— 2u,) 20
—"_kO% uv? + (kl +k‘0)(1 Qiu’) uyw_()

In the next theorem we show that A; is contained in the plane region
Q;. In the inner case, §); is the interior of the triangle 7 with vertices
(0,0),(1,0),(0,1) otherwise, §; is equal to R = {(u,v) : =05 <v <0, 0<
u<l—u—uv}

Theorem 1. The plane cubic curves I'(u,v), O (u,v), satisfy the following proper-
ties:

1. They interpolate the points Qb, Q5. Their tangent lines at QY and Q% are
the corresponding sides of T;.

2. At Q) they have curvature k4 = (;i)S and at Q% have curvature Kk = (4;?
2 0

Here gt = ||Q% — Q|| and A; denotes the area of Tj.
J J 1

3. Geometric handles: The curves I' interpolate the point with barycentric
coordinates (u;, 1 — 2u;) while the curves O° interpolate the point with
barycentric coordinates ( 47;1'_ T iij) Recall that these interpolation
points lay on the line 1 —2u —v = 0.

4. In Q;, I' and O* are non singular, connected and convex.

5. If &; > 1 then, curves I' and O are g;-controllable. Otherwise, for 0 <

. l—¢; ) o . gi—1 [
u; < e I' are g;-controllable and for 0 < u; < 35 O are

g;-controllable.

The proof of this theorem is somewhat long and due page limitation could
not be completely included. We will present some arguments:

1. See the section G'-continuity.

2. See [6].
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3. It is a straightforward computation.

4. For the inner case, sce [1], [6] and [8]. For the outer case, the techniques
used in the inner case do not apply, furthermore, the curves O’ have not
been studied before. Considering the pencil £ of lines passing through @,
the value of the v-coordinate of the intersection of each line [ € £ with
any of the curves O satisfies a cubic equation, that rewritten in BB-form
permits, using range analysis such as in [4], to ensure that inside of R, | and
each curve have only one intersection point, counting multiplicity. Hence
these new curves are connected and non singular inside R. Assuming the
existence of an inflection point in R, since the curves O are connected
and additionally they are convex in a neighborhood of Qf as well as of Q4,
then there are at least two inflection points in R. Thus considering the line
passing through two consecutive inflexion points in R, it is straightforward
to show that this line cuts the curve at least in 4 points, but the curves
are cubic, a contradiction to Bezout Theorem.

5. For each of the curves I, O, let us denote them as f%(u,v) = 0, it was com-
puted their partial derivatives with respect to the variable u, f¢(u,v) = 0
and using elimination theory, we eliminated the variable u from the sys-
tem of equations {f(u,v) = 0, fi(u,v) = 0}, obtaining a polynomial
pi(v,u;, kb, k%), such that for fixed values of the parameters (u;, kj, k),
the roots v of p'(v,u;, ki, ki) = 0 correspond to the v-coordinate of the
relative extremes of v = v(u) on the graph of curve fi(u,v) = 0. Con-
sidering the limit cases (k; =0 and k; — 00, j = 0,2), we obtained the
above mentioned intervals for the parameter u; in order to ensure |v| < €;.

3.4 G2-Continuity

We already have shown that A is G'-continuous. The above proposed cubic
sections A; have, by construction, free parameters k;-, 7 = 0,2 that permit us to
set the curvature value of A; at Q; equal to the curvature values x; estimated
at each vertex @; € C in the above section Derivative data. Hence, A is
G?-continuous.

3.5 Shape Control Handles

Given a polygonal chain C, for each section A; we have a free parameter, which
plays the role of a shape control handle: the selection of an additional point
in the interior of the region of interest 2; to be interpolated. If one wishes to
choose this point (with barycentric coordinates (u;,v;) ) in a non supervised
way, we propose the following procedure: compute the barycentric coordinates
(u§, vs) of the center of mass of all points in €2;, and set u; := Ms_%"c, hence
the interpolating point is the point on the line 1 — 2u — v = 0 with minimal
distance to the points in ;.
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3.6 Curve Evaluation and Display

For intensive evaluation of the curve, a quadtree subdivision process on the
triangle T; could be used . On each sub-triangle, by means of blossom principle
for triangular BB-functions, the BB-net corresponding to the sub-triangle is
computed and we discard those sub-triangles on which the BB-polynomials have
only positive or negative coefficients. After few recursion steps, we obtain a set
of sub-triangles providing us a set of pixels, whose centers are approximately on
the curve. See [4] for more details.

3.7 Numerical Examples

The algorithm proposed in this paper was successfully applied to the approxi-
mation of the contours of magnetic resonance images (MRI) of a human head
(from Rendering test data set, North Carolina University, ftp.cs.unc.edu). In
the same plot, the figure shows the A-splines which approximate 25 contours.
Each contour was obtained from a previous processing of a digital image that
corresponds to a cross section of the human head. The results were obtained
from a MATLAB program that constructs and displays the A-spline curve ap-
proximating the contour data.

Lrasc==2o,

250

Fig. 6. Approximation of the contours of MRI of a human head

3.8 Conclusions

In comparison to [2], the A-spline proposed in the present work achieves G-
continuity with the minimal degree (3) and we do not impose restrictions for the
interpolation of tangent vectors. On the other hand, we interpolate not only the
directions of the tangent vectors but also their sense, which is a completely new
feature in this context. Moreover, the high flexibility of our A-spline scheme
facilitates, with few adaptations, to solve efficiently another related problems
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such as free design of generatrix curves as well as the computation of the struc-
tural parameters of the corresponding revolution surfaces (see [3] and [6]) and
smoothing and fitting of stream lines from a finite sample of flow data.
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Abstract. In this paper, a robust statistical model-based brain MRI image seg-
mentation method is presented. The MRI images are modeled by Gaussian mix-
ture model. This method, based on the statistical model, approximately finds the
maximum a posteriori estimation of the segmentation and estimates the model
parameters from the image data. The proposed strategy for segmentation is
based on the EM and FCM algorithm. The prior model parameters are estimated
via EM algorithm. Then, in order to obtain a good segmentation and speed up
the convergence rate, initial estimates of the parameters were done by FCM al-
gorithm. The proposed image segmentation methods have been tested using
phantom simulated MRI data. The experimental results show the proposed
method is effective and robust.

1 Introduction

Automatic and robust brain tissue classification from magnetic resonance images
(MRI) is of great importance for anatomical imaging in brain research. Segmentation
brain images can be used in the three-dimensional visualization and quantitative
analysis of brain morphometry and functional cortical structures. Segmentation of the
brain MRI image into different tissues, such as the gray matter (GM), the white matter
(WM), the cerebrospinal fluid (CSF).Now, brain segmentation methods can be cate-
gorized as manual methods and semi automated and automated methods. In the study
of brain disorders, a large amount of data is necessary but in most clinical applica-
tions, the manual slice segmentation is the only method of choice and is time consum-
ing. Even if experts do it, these types of segmentation stays subjective and show some
intra and inter variability. Fully automatic, robust tissue classification is required for
batch processing the data from large-scale, multi-site clinical trials or research pro-
jects.

The automatic segmentation of brain MR images, however, remains a persistent
difficult problem. The main artifacts affecting brain MRI scans such as Intensity non-
uniformity, and image Noise and Partial volume effect. Currently available methods
for MR image segmentation can be categorized into Region-based and clustering-
based techniques[l]. Region-based techniques include the use of standard image

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 5158, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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processing techniques such as threshold-based, and mathematical morphology-based,
and probability-based, and clustering-based, and prior knowledge-based and neural
network-based techniques [2-8].

This paper aims to develop an algorithm for the automatic estimation of the statis-
tics of the main tissues of the brain [the gray matter (GM), the white matter (WM),
the cerebrospinal fluid (CSF)] from MRI images. These statistics can be used for
segmenting the brain from its surrounding tissues for 3-D visualization or for a quan-
titative analysis of the different tissues. Segmentation of MR brain images was carried
out on original images using the Gaussian mixture model models (GMMS)[9-10] and
fuzzy c-means [2] techniques. The segmentation method presented in this work mod-
els the intensity distributions of MRI images as a mixture of Gaussians. The prior
model parameters are estimated via EM algorithm [8]. Then, in order to obtain a good
segmentation and speed up the convergence rate, initial estimates of the parameters
were done by FCM algorithm. The performance of the algorithm is evaluated using
phantom images. The experiments on simulated MR images prove that our algorithm
is insensitive to noise and can more precisely segment brain MRI images into differ-
ent tissues: the gray matter, the white matter and the cerebrospinal fluid.

2 Image Model

In this section, we derive a model for the tissues of the brain. For this purpose, we
consider a normal human brain consists of three types of tissues: the white matter
(WM), the gray matter (GM) and the cerebrospinal fluid (CSF). It is simplified in the
case where only T1 weight images are considered. The image is defined by
y=(y;,ie I) where y; denotes the image intensity as the voxel indexed by i . We

assume only one class of tissue occupies the spatial volume of each voxel. Let the
total number of tissue classes in the image be K and each of them be represented by
a label from A ={1,2,---K} and x;represents the tissue class of voxel at the image

site i, x; = k denote an assignment of the kzh tissue class to the site i. A segmenta-
tion of the image is given by x; = (x;;i€ I) . The process of segmentation is to find x,
which represents the correct tissue class at each voxel of image y., our attempt was to

find x = x" which represents optimal segmentation is given by:

x" =argmax p(x|y) ()

From Baye’s theorem, the posterior probability of segmentation p(x|y) can be
written as:

p(xly) e p(x,y) = p(ylx)p(x) 2

where p(y!lx) is the conditional probability of the image y given the segmentation
x and p(x)is the prior density of x .our attempt is to find the maximum a posteri-
ori(MAP)estimate by modeling p(y!x) the measurement model. Each tissue class
has a signature, or mean intensity and variance at a particular site. For each tissue
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class, a gaussian distribution is assumed and the entire image can be assumed as a
Gaussian mixture density. A tissue can be modeled by a multivatiate Gaussian density
with mean vector # and covariance matrix X, i.e.;

_ _ 1 _
plxl @)=y ™M/25, 712 expE (3~ )%y g = 14) 3)

Where 6 =(u;,X;) is the vector of parameters associated with each type of tissue

ko, fy = (Ueys Mo s Mgy ) i the mean vector, and X, = E[(x; — 4;)(x; — i )'] is the
covariance matrix associated with class k,1<k <c where ¢ is the number of classes.
In our case, since the input is intensity at a given point i, the dimension is one, and

the number of classes K =3 corresponding to the gray matter(GM),the white mat-
ter(WM) and the cerebrospibal fluid.(CSF).

3 MR Image Segmentation Framework

3.1 Initial Parameter Estimation

The choice of initial parameter is very important. The initial classification can be
obtained either directly through the thresholding or through ML estimation with those
known parameters .In this work; we use a modified FCM algorithm [11] for initial
classification. The modified fuzzy c-means (FCM) algorithm is the best known and
the most widely used fuzzy clustering technique. This algorithm iteratively minimizes
the following objective function:

i=l j

N C
)" d*(xj,c)=a ) _pilog(p;) @)
= i=1

Where u; is the membership value at pixel j in the class i such that

C N
ZMU =1,Vjel0,N].p; :%Zu"f is interpreted as “probability” of all the pix-
i=1 j=l

els. dz(x joci) is the standard Euclidian distance and the fuzziness index m is a

weighting coefficient on each fuzzy membership.

3.2 Parameters Estimation

Now that we have defined a model for our data, the problem is to estimate the differ-
ent parameters of the mixture. The aim of estimation is find the parameters that
maximize the likelihood of the GMM, given the image Y ={y;, y,, - yr} the GMM

likelihood can be written as

T
r10) =[] roi10 )

i=1
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if p(Y16) is a well behaved, differentiable of 9, then & can be found by the standard
methods of differential calculus. This expression is a nonlinear function of the pa-
rameters 6 and direct maximization is not possible. However, ML parameter esti-
mates can be obtained iteratively using a special case of the expectation-maximization
(EM) algorithm.

The EM algorithm estimates the maximum likelihood parameter 8 ,we seek:

A

O =arg mglx log p(y16) 6)

The EM algorithm is an iterative procedure for finding the ML estimate of the pa-
rameters. Each iteration consists of two steps:

E-Step: Find Q(816'") = E[log f(x,0)1 y,8"] (7

M-Step:Find 8*) =arg m;lx{Q(@, 6"} (®)

The EM algorithm begins with an initial model &, and estimates a new model é ,

such that p(Y | é) > p(Y 1) . The new model then becomes the initial model for the

next iteration and the process is repeated until some convergence threshold is reached
In the case of the univariate normal mixture, the maximum likelihood estimates w;

of the mixture coefficients, fi; of the mean and X, of the variance are expressed as
fllows:

A ai; 2N
iy =— PO 14is2i) ©)

Zazp(yjlﬂl,Zl)

=1

I .
“":N;W"f" i=12,...K (10)

i=12,...K (11)

T TN
ijlwij

N 7
E 4:1Wij(yj_ﬂi)(yj —H;)
> = , i=12,....K (12)

N
Z o Vi

In our work, as mentioned earlier a three-tissue gaussian model was assumed to
characterize the gray matter, the white matter and the cerebrospinal fluid. The EM
algorithm was used to estimate the parameters of the gaussian mixture. Improved
segmentation resulted when images were used. The convergence of EM algorithm
was faster when initial estimates of the parameters were done by Fuzzy c- means.
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4 Experimental Results

In this section we describe the performance of our method to the segmentation of
the brain into white matter and gray matter and CSF. To validate the performance
of our method, we use the Brainweb MRI simulator(http://www.bic.mni.mcgill.ca/
brainweb),which consists of 3-dimensional MR data simulated using TI weight
image, each data set is composed of voxels of 181X217X181, the slice thickness is
Imm.The 2-D images are slice from the 3-D data sets.2-D segmentation is the
clustering of the slice images,3-D segmentation is the clustering of the whole 3-D
data sets. We use several simulated MRI acquisitions of this phantom including RF
non-uniformities and noise levels. Segment has been done on MR images contain-
ing 3, 5 and 9% noise and of 20% RF non-uniformity. The brain data were classi-
fied into three clusters: gray matter, white matter and cerebrospinal fluid. Fig.1-

(b) (c)

(d) (®

Fig. 1. Segmentation Result under 3% noise (a) T1 weight image (b)-(d) GM, WM and CSF
posterior functions computed by our method respectively (e) segmentation result

Fig.3 show the segmentation results on the simulated MRI images with different
noise level. Although the images with 9%, 5% noise look much worse than the
images with 3% noise, there is noticeable difference on the segmentation images
by the proposed method as shown in Fig.2-Fig.3.Fig.4 shows the final 3D render-
ing of the gray matter and white matter volume using the proposed segmentation
method.
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(b)

(d) (e)

Fig. 2. Segmentation Result under 5% noise: (a) T1 weight image (b)-(d) GM, WM and CSF
posterior functions computed by our method respectively (e) segmentation result

(d) (e)

Fig. 3. Segmentation Result under 9% noise: (a) T1 weight image (b)-(d) GM, WM and CSF
posterior functions computed by our method respectively (e) segmentation result
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Fig. 4. 3D rendering of the gray matter and white matter

5 Conclusions

We have presented an approach combining Gaussian mixture model finite mixture
model and FCM clustering algorithm. The parameters initialization using Fuzzy c-
means algorithms. The proposed image segmentation methods have been tested using
phantom simulated MRI data and real MRI brain data. The experiments on simulated
MR T1-Weight brain images prove that our algorithm is insensitive to noise and can
more precisely segment brain MRI images into different tissues: gray matter, white
matter and cerebrospinal fluid.
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Abstract. A new version of the RPNI algorithm, called RPNI2, is pre-
sented. The main difference between them is the capability of the new one
to extend the training set during the inference process. The effect of this
new feature is specially notorious in the inference of languages generated
from regular expressions and Non-deterministic Finite Automata (NFA).
A first experimental comparison is done between RPNI2 and DeLeTe2,
other algorithm that behaves well with the same sort of training data. [

1 Introduction

One of the best known algorithms for regular language identification, RPNI
(Regular Positive and Negative Inference) [9], converges to the minimal Deter-
ministic Finite Automaton (DFA) of the target language. It finds equivalence
relations in the data from the prefix tree acceptor of the sample.

Recently an algorithm called DeLeTe2 [3] that outputs Non-deterministic
Finite Automata (NFA) instead of DFAs has been proposed. DeLeTe2 looks
for a special type of NFA called RFSA (Residual Finite State Automata), whose
states represent residuals of the target language. Every regular language is recog-
nized by a unique minimal RFSA called the canonical RFSA. Canonical RFSA
consists only of prime residual states (i.e. states that can not be obtained as
union of other residuals).

The basis of DeLeTe2 algorithm is to obtain RFSAs by looking for inclusion
relations in the residuals of the target language using the prefix tree acceptor of
the data. Its authors have shown that when the target automaton is a randomly
generated DFA [8], the probability of occurrence of inclusion relation between

* Work partially supported by Spanish CICYT under TIC2003-09319-C03-02
1A two pages abstract presented in the Tenth International Conference on Implemen-
tation and Application of Automata [5] gives a shallow description of this work.

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 59701 2005.
© Springer-Verlag Berlin Heidelberg 2005
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states is very small and then, the size of the canonical RFSA and the minimal
DFA of a language are the same. Hence, in this case, DeLeTe2 behaves worse
than RPNI. On the other hand, when the target languages are generated using
random regular expressions or NFAs, the experiments in [3] show that DeLeTe2
performs better than RPNI.

In this work we propose a modification of RPNI algorithm, called RPNI2.
It extends RPNI by finding inclusion relations among residuals aiming to pre-
dict whether the prefixes of the data belong to the target language or to its
complement.

RPNI2 outputs a DFA and converges to the minimal DFA of the target
language. When the source of the learning data is a non-deterministic model,
its performance is very similar to DeLeTe2 performance. However, the average
descriptive complexity of the hypothesis that RPNI2 obtains is substantially
smaller than the one obtained by DeLeTe2.

Next sections have the following structure: section 2 reminds useful defini-
tions, notation and algorithms. Section 3 presents the RPNI2 algorithm, a brief
example is shown in section 4. The experimental results are in section 5 and
finally, section 6 contains the conclusions.

2 Definitions and Notation

Definitions not contained in this section can be found in [7JI0]. Definitions and
previous works concerning RFSAs can be found in [T1213].

Let A be a finite alphabet and let A* be the free monoid generated by A with
concatenation as the internal operation and e as neutral element. A language L
over A is a subset of A*. The elements of L are called words. The length of a
word w € A* is noted |w|. Given x € A* if v = wv with u,v € A*, then u
(resp. v) is called prefiz (resp. suffiz) of x. Pr(L) (resp. Suf(L)) denotes the set
of prefixes (resp. suffixes) of L. The product of two languages Ly, Ly C A* is
defined as: L1 - Lo = {ujus|us € Ly Aug € La}. Sometimes Ly - Ly will be notated
simply as LjLs. Throughout the paper, the lexicographical order in A* will be
denoted as <. Assuming that A is totally ordered by < and given u,v € A*
with u = uy ... Uy and v = vy ... vy, u K v if and only if (Ju| < |v]) or (Ju| = |v|
and 35, 1 < j <n,m such that ui ... u; =v;...v; and uj11 < vj41).

A Non-deterministic Finite Automaton (NFA) is a 5-tuple A = (Q, A4, §, Qo,
F) where @ is the (finite) set of states, A is a finite alphabet, Qo C @ is the set
of initial states, F' C @ is the set of final states and J is a partial function that
maps Q x A in 2¢. The extension of this function to words is also denoted §. A
word z is accepted by A if 6(Qo,z) N F # (. The set of words accepted by A is
denoted by L(A).

Given a finite set of words D, the prefiz tree acceptor of D is defined as
the automaton A = (Q, 4,9, qo, F) where Q = Pr(D4), qo =&, F = D4 and
o(u, a) = ua, Yu,ua € Q.

A Moore machine is a 6-tuple M = (Q, 4, B, 6, qo, ?), where A (resp. B) is
the input (resp. output) alphabet, d is a partial function that maps @ x A in
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@ and @ is a function that maps @ in B called output function. Throughout
this paper B = {0,1,?7}. A nondeterministic Moore machine is defined in a
similar way except for the fact that ¢ maps @ x A in 29 and the set of initial
states is I. The automaton related to a Moore machine M = (Q, A, B,6,1,P)
is A= (Q,A,6,1,F) where F = {q € Q : §(q) = 1}. The restriction of M to
P C @ is the machine Mp defined as in the case of automata.

The behavior of M is given by the partial function ¢5; : A* — B defined as
tar(x) = D(6(qo,x)), for every x € A* such that d(qo,x) is defined.

Given two disjoint finite sets of words D4 and D_, we define the (D, D_)-
Prefiz Tree Moore Machine (PTMM (D4, D_)) as the Moore machine having
B=1{0,1,?},Q = Pr(D;UD_), qo = € and §(u,a) = ua if u,ua € Q and a € A.
For every state u, the value of the output function associated to u is 1, 0 or ?
(undefined) depending whether u belongs to D, to D_ or to Q@ — (D4 U D_)
respectively. The size of the sample (D, D_)is 3, cp. up_ |wl|-

A Moore machine M = (Q, A,{0,1,7},6,qo, P) is consistent with (D4, D_)
if Vo € Dy we have ¢(z) = 1 and Vz € D_ we have §(x) = 0.

2.1 Residual Finite State Automata (RFSA)

The derivative of a language L by a word u, also called residual language of
L associated to u is u™ 'L = {v € A* : uwv € L}. A residual language u 'L is
composite if u 1L = vangquv_lL. A residual language is prime if it is not
composite.

IfA=(Q,A,d,1,F)isan NFA and g € Q, we define the language accepted
in automaton A from state q as L(A,q) = {v € A* : §(q,v) N F # 0}.

A Residual Finite State Automata RFSA [2] is an automaton A = (Q, A, 4, I,
F') such that, for each ¢ € Q, L(A,q) is a residual language of the language L
recognized by A. So Vg € Q,Ju € A* such that L(A,q) =« L. In other words,
a Residual Finite State Automaton (RFSA) A is an NFA such that every state
defines a residual language of L(.A).

Two operators are defined [2] on RFSAs that preserve equivalence. The satu-
ration and reduction operators. Given A = (Q, A, 0, I, F') the saturated automa-
ton of A is the automaton A° = (Q, A, 0%, I°, F), where I° = {g € Q : L(A,q) C
L(A)} and Vg € Q, Va € A, §°(q,a) = {¢' € Q : L(A,¢') C a 'L(A,¢)}. If in
automaton A all the residual languages (not only the prime ones) are considered
as states, the new automata is known as saturated RFSA of the minimal DFA
for L. The reduction operator allows to eliminate from an automaton .A4° the
composite states and the transitions related to them. Both operations are useful
to get the canonical RFSA associated with A: first the saturation operator is
applied to A, later the reduction operator is applied to the result. It is known
[2] that every regular language L is recognized by a unique reduced saturated
RFSA, the canonical RFSA of L.

Formally, given a language L C A* the canonical RFSA of L is the automaton
A=(Q,A,d I, F) where:
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— Q= {u"'L:u"'L is prime, u € A*}

— A is the alphabet of L

S(u™'L,a) ={v'LeQ:v"'L C (ua)~'L}
I={u'LeQ:uLCL}
F={u'LeQ:ecu'L}

Two relations defined in the set of states of an automaton link RFSAs with
grammatical inference. Let D = (D, D_) be a sample, let u,v € Pr(D). We
say that u < v if no word w exists such that uw € Dy and vw € D_. We say
thatuzvifu~<vandv<u.

Example of RFSAs. The following example has been taken from [2]. Let
A = {0,1} and let L = A*0A. L can be recognized by the three automata of
Figure[Il States that output 1 (resp. 0) are drawn using thick (resp. thin) lines.

Ai As As

Fig. 1. A; is an automaton recognizing L. = A*0A which is neither a NFA nor a RFSA.
As is a DFA recognizing L which is also RFSA. Az is the canonical RFSA for L.

— The first one A; is neither DFA nor RFSA. The languages associated with
states are: L(A;1,1) = A*0A, L(A;,2) = A and L(Ay,3) = . One can see
that L(A;,3) = ¢ and Bu € A* such that L(A;,3) = u~'L.

— Automaton A; is a minimal automaton recognizing L and thus, is a RFSA,
in this case L(Az, 1) = A*0A, L(Az,2) = A*0A+A, L(A3,3) = A*0A+A+e,
L(Az,4) = A"0A +¢.

— Automaton Az is the L’s canonical RFSA, which is not a DFA. The lan-
guages associated with states are: L(As,1) = e 1L, L(A3,2) = 07'L and
L(As,3) = 017'L.

2.2 The RPNI Algorithm

The aim of grammatical inference is to obtain a description of a language L
by means of a sample (a set of words labelled as belonging to L or to its com-
plement). Throughout this work we will assume that the target language L is
regular; then, the description we will look for is an automaton.

2 This relation is known in the terminology set up by Gold as not obviously different
states. Other authors call it compatible states.
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We will use the convergence criterion called identification in the limit, intro-
duced by Gold [0].

The RPNI algorithm [9] is used for inference of regular languages. It receives
as input a sample of the target language and outputs, in polynomial time, a
DFA consistent with the input. RPNI converges to the minimal automaton of
the target language in the limit.

Algorithm RPNI (D, D_) starts from the PTM M (D, D_), and recursively
merges every state with the previous ones to keep a deterministic automaton under
the condition that it does not accept a negative sample. State merging is done by
the function detmerge(M, p, ¢) shown in Algorithm[I] which merges states p and ¢
in M if they are compatible. If one of the merging states is undefined and the other
is not, the merged state takes the value of the latter state.

Algorithm 1 Function detmerge

detmerge(M,p,q) //p < q in lexicographical order//
M =M
list :={(p,q)}
while list’ # ()
(r,s) := first(list)
M; := merge(M,r,s)
if My =M
Return M
else
M =M
for ac A
if d(p,a) and d(q,a) are defined
list := append(list, (§(p,a),d(q,a)))

endif
endfor
endif
endwhile
Return M

The merging process is recursively repeated with the successors of the merged
states until either the nondeterminism disappears or the algorithm tries to merge
incompatible states. In the former case, the output of the algorithm is the deter-
ministic automaton resulting of merging states, whereas in the latter the output
of detmerge(M,p,q) is M.

2.3 DeLeTe2 Algorithm

The DeLeTe and DeLeTe2 algorithms output residual nondeterministic finite au-
tomata (RFSA). The algorithms look for inclusion relations between the residual
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languages and reflect those situations in the automaton using the saturation op-
erator. As it can be expected, the method becomes more interesting when the
target automaton contains many composite residual languages, because then
may exist many inclusion relations between states that make the size of the hy-
pothesis to decrease. Otherwise, if most of the residual languages of the target
automaton are prime the output automaton would have a size similar to the size
of the minimal DF A [3].

It is known [3] that DeLeTe2 is an improvement to DeLeTe algorithm (algo-
rithm [2) it solves the eventual lack of consistency with the sample of DeLeTe,
unfortunately the details of this improvement have not been published yet.

Algorithm 2 Algorithm DeLeTe

DeLeTe(D4,D_)
let Pref be the set of prefixes of D; in lexicographical order
Q:=0; I:=0; F:=0; 6:=0; u:=¢
stop := false
while not stop
if Ju'ju ~ o
delete uA* from Pref
else
Q:=QU{u}
if u =<
I:=T1U{u}
endif
if u e D+
F:=FU{u}
endif
§:=6U{(v,z,u)|lu € Q,u'z € Pref,u < u'z}U
{(u, z,u)|u' € Q,ux € Pref,u' < uzx}
endif
if u is the last word of Pref or
A=(Q,A,1,F,6) is consistent with D4, D_

stop := true
else
u := next word in Pref
endif
endwhile

Return A = (Q, A, [, F,0)

3 The RPNI2 Algorithm

The idea behind RPNI2 is to try to establish the possible inclusion relation
between states that can not be merged. Sometimes this will allow us to define
the output associated to states that were previously undefined.
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The following definitions are useful to understand functions tryInclusion
and defineStates shown in Algorithms [l and [l respectively. These functions
are used in RPNI2 to represent the new ideas stated above. Algorithm RPNI2
is shown in Algorithm [3l

Algorithm 3 Algorithm RPNI2

RPNI2(Dy, D_)
M := PTMM(D,D_)

list := {uo,ul, o ,ur} //states of M in lexicographical order, wug = A//
list’ = {w,...,ur}
q:=u

while list’ # ()
for p € list and p < q (in lexicographical order)
if detmerge(M,p,q) =M
defineStates(M,p,q)
else
M := detmerge(M, p,q)
exit for
endif
endfor
list := Delete from list the states which are not in M
list’ := Delete from list’ the states which are not in M
q:= first(list’)
endwhile
Return M

Definition 1. States p and q are non-comparable (for inclusion relations) in a
Moore machine if there exist u,v € A* such that &(d(p,u)) = 1 A P(5(¢q,u)) =0
and P(6(p,v)) = 0A P(0(q,v)) = 1.

Definition 2. Given p,q € @, we say that state p is potentially lesser than
state q if they are not non-comparable and there does not exist u € A* such that
P(5(p,u)) =1 AP(6(q,u)) = 0.

When states p and ¢ can not be merged while running RPNI, that is, when
detmerge(M,p,q) = M, the new algorithm tries to define the output for the
undefined states using the function defineStates shown in Algorithm

To explain the behavior of the function defineStates we will use the Moore
machine M in Fig. 2 in this figure and the next ones the output value of each
state ¢ will be represented as a thin circle if #(¢) = 0, a thick one if &(q) =
1 and a dashed one if &(q) =?. Following the algorithm it is possible to see
that defineStates(M, 1,2) = M, since otherwise the negative sample 1000010
should be accepted.
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Algorithm 4 Function tryInclusion

tryInclusion(M, p,q)
M =M
while p and q are not non-comparable
for any u common successor of p and q
if ¢(d(p,u)) =1 A ¢(d(q,u)) =7
#(6(q,u)) = 1; Update M
endif
if ¢(6(p,u)) =7A ¢(6(q7 u)) =0
#(8(p,u)) = 0; Update M’
endif
endfor
endwhile
if p and q are non-comparable
Return M
else
Return M’

Algorithm 5 Function defineStates

defineStates(M, p,q)
if p and q are non-comparable
Return M
else
if p is potentially lesser than q
tryInclusion(M,p,q)
endif
if q is potentially lesser than p
tryInclusion(M,q,p)
endif

endif

In the tree in Fig. B the signs preceding the state name represent its output
value; for example: (+2,11) means $(2) = 1 and ¢(11) =?. Since the states of
the same node do not have different labels named ”+” and ”-”, states 1 and 2
are not non-comparable with respect to inclusion.

Executing tryInclusion(M,1,2) returns M; otherwise the node (4,—13)
would imply @(4) = 0 and at the same time the node (+1,4) would imply ¢(4) =
1. However, executing tryInclusion(M,2,1) changes the output of states 4
and 8 and then the function defineStates(M, 1, 2) changes M to ¢(4) = 1 and
$(8) = 1. Notice that the change of the output value of a state from ? (indefinite)
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Fig. 2. Initial Moore machine used to describe the behavior of function defineStates

(+2,+3)
(+1,42) (+2,6) — (4,8) — (6,10) — (8,+12)
~a -

(+1,4)
(+1,5) — (+1,7) — (+1,9) — (—|—2,11) — (4,—13)

Fig. 3. Scheme used to compare states in function defineStates

to 0 or 1 is equivalent to suppose that a new word is present in the input sample.
Hence, this process can be seen as an enlargement of the training set.

4 Example

We are going to describe the behavior of algorithm RPNI2 using the sam-
ple D, = {0,001,000011,0101010} and D_ = {01000010} that gives different
outputs for the three algorithms. We also show the automata that RPNI and
DeLeTe2 output. The Prefix Tree Moore machine is depicted in Fig. [l

0 1
’3 )—»’5 )—>/8 )—»’11
0
)\® /9 )—>/12)—>/15)—>/17
N o N o

~ 0
’7 )—>/10)—>/13)—>/16
N

Fig. 4. Prefix Tree Moore machine of the sample

With this sample as input, RPNI2 first merges states 1 and 2, then tries to
merge 1 and 4. These states can not be merged, but the function defineStates
changes the value of states 7 and 13 to positive. The same happens with states 4
and 7. The function defineStates changes now the value of states 9, 10, 12 and
15 to positive. Finally, the algorithm merges states 4 and 9 and then it merges
states 1 and 10.
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Fig. Bl depicts the outputs given by algorithms RPNI, DeLeTe2 and RPNI2

when using the above sample input. It should be noted that during the execution
of RPNI2, states 7, 9, 10, 12, 13 and 15 are labelled as positive.

1

RPNI DeLeTe2

Fig. 5. Output automata given by the three algorithms compared in this work on input
D, = {0,001,000011, 0101010} and D_ = {01000010}

5

Results

The aim of the experiments is to analyze the behaviour of RPNI2 and to com-
pare it with the DeLeTe2 algorithm. Both the training/test samples and the
DeLeTe2 program used in this experimentation are provided by their authors
and are available in Aurélien Lemay’s web page http://www.grappa.univ-
lille3.fr/~lemay/. The samples have the following features [3]:

The target language are regular expressions or NFAs.

The probability distribution of the sample generation methods are different
in each case: NFAs or regular expressions.

The NFAs sample generation method chooses randomly the states number
n, the alphabet size | Y|, the transitions number per state ns and the initial
and final state probabilities (p; and pg respectively) for each state. Each
state has exactly ngs successors. The symbol and destination state of each
transition are chosen randomly. Once the automaton is trimmed some states
will have fewer than ns transitions. The parameter values used in these
experiments were: n = 10, |X| =2, ns = 2, p;y = pr = 0.5.

The regular expressions generation method consider a set of operators Op =
{0,0,1,%,-,+}. An upper bound n,, for the number of operators used is
chosen and a probability distribution p on Op is defined. The root operator is
chosen by means of the distribution p. If the operator is O-ary the expression
ends, if it is 1-ary the procedure is called recursively with parameter n,, —1
and if it is binary, it is called twice with parameters [n,,/2] and | (nop—1)/2].
The parameter values used in these experiments are: n,, = 100, p. = 0.02,
po = p1 = 0.05, p, =0.13, p. = 0.5 and p; = 0.25.

Two kinds of experiments are reported in table [[, depending on the source

of the training and test samples: er_* if they come from regular expressions and
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nfa_* from NFAs. The number in the identifier of the experiment represents the
number of training samples. Each experiment consist of 30 different languages to
be learned. Each experiment has 1000 test samples. Table [I] reports the recog-
nition rate and the average size of the inferred hypothesis. These results are
calculated as follows: each test sample is presented to the inference program,
the program tags the sample as belonging to the target language or not, if this
classification agrees with the real sample tag, the sample is considered correct
and increases a counter; at the end, the number of correct samples is divided by
1000 (the total of test samples) and this value is reported as recognition rate.
The average size is computed adding up the number of states of the 30 hypoth-
esis generated in each experiment and dividing by 30. As it can be seen in Table
[ the error rate of the new algorithm RPNI2 is better than the previous RPNI
but slightly worse than DeLeTe2. The opposite happens with the description
complexity (i.e. states number) of the output hypothesis: the results obtained
by RPNI2 are then better than those of DeLeTe2.

It should be noted that the results obtained with our implementation of RPNI
slightly differ from those obtained in [3] with the same data, maybe because of
different implementations of the algorithm. To be more specific about the cause
of these differences would be required to know the code used by the authors. The
results corresponding to DeLeTe2 execution, are slightly different too, although
they were generated with their own program.

Table 1. Inference results with RPNI, RPNI2 and DeLeTe2 algorithms

RPNI RPNI2 DeLeTe2

Iden. |Recogn. rate|Avg. size|Recogn. rate|Avg. size|Recogn. rate|Avg. size
er_50 76.36% 9.63 80.03% 16.32 81.68% 32.43
er_100 80.61% 14.16 88.68% 19.24 91.72% 30.73
er_150 84.46% 15.43 90.61% 26.16 92.29% 60.96
er-200 91.06% 13.3 93.38% 27.37 95.71% 47.73
nfa_50 64.8% 14.3 66.43% 30.64 69.80% 71.26
nfa_100| 68.25% 21.83 72.79% 53.14 74.82% 149.13
nfa_150| 71.21% 28.13 75.69% 71.87 77.14% 218.26
nfa_200| 71.74% 33.43 77.25% 88.95 79.42% 271.3

6 Conclusions

The RPNI2 strategy behaves better than the original RPNI when the language
to learn comes from a regular expression or a NFA. In this case, because of the
inclusion relation between residual automata, the output values assigned to some
states, provide significant information to the inference process thus improving
the recognition rate with the test samples.

The experiments presented in [3], which we have also reproduced with RPNI2,
do not seem to obtain decisive conclusions about the usefulness of inferring
RFSAs, because the main reason for its use (the smaller size of the hypothesis)
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does not hold. Although the experiments are still preliminary, it seems that
the slightly better results obtained by DeLeTe2 with respect to RPNI2 do not
compensate the fact that the size of the representations obtained by RPNI2 are
clearly smaller.
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Perception Based on the Tensor Voting
Technique

Marcus Hund and Béarbel Mertsching *

University of Paderborn, Dept. of Electrical Engineering, GET-Lab,
Pohlweg 47-49, D-33098 Paderborn, Germany
{hund, mertsching}@get.upb.de

Abstract. A computational approach to the perception of illusory con-
tours is introduced. The approach is based on the tensor voting technique
and applied to several real and synthetic images. Special interest is given
to the design of the communication pattern for spatial contour integra-
tion, called voting field.

1 Introduction

Illusory contours, also called virtual contours, are perceived contours that have
no counterpart in the retinal image of the human vision system. Neurophysi-
cal studies have shown that the perception of illusory contours can be found in
mammals, birds and insects [20]. The importance of illusory contours becomes
obvious regarding the fact that the brains of these animals have developed inde-
pendently throughout evolution. We can therefore assume that illusory contour
perception is not just a malfunction of these visual processing systems, but in-
stead is necessary for object border completion. Also for technical vision systems,
the completion of object boundaries that are interrupted due to occlusions or
low luminance contrast is an important issue.

For the human vision system, illusory contours have been studied by Gestalt
psychologists from the early 20th century on [10,2,25]. Schuhmann was one of
the first to mention this phenomenon in 1900 [24]. He described illusory contours
as contours that are not ”objectively present”. In the following years the contri-
butions to the field of illusory contour perception comprised the description of
optical illusions based on contour perception rather than explaining these illu-
sions. The most famous examples for optical illusions caused by illusory contour
perception are the Kanizsa figures shown in Fig. [Il (see also [g]).

In the following we present a computational approach to illusory contour
perception in natural scenes. The model uses the position and orientation of
detected corners. We therefore developed an algorithm for threshold-free edge
detection and a subsequent corner detection, which leads to the question of the

* We gratefully acknowledge partial funding of this work by the Deutsche Forschungs-
gemeinschaft under grant Me1289/7-1 “KomForm”.
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(a) Kanizsa Triangle ) Kanizsa Rectangle

Fig. 1. Kanizsa figures: The black ”pacmen” induce the perception of a triangle in (a)
and a rectangle in (b)

dependency of the presented results on the preceding low level image processes.
On the one hand it can be argued that results on real images suffer from the
systematic errors in preceding steps, on the other hand a real image offers a
much more complex and realistic test bed. Furthermore few attempts have been
made so far to apply illusory contour perception to real images.

2 Related Work

The majority of approaches or models dealing with the problem of spatial contour
integration use some kind of bipole connection scheme [6L21], as introduced by
Grossberg and Mingolla [23]. This perceptual grouping kernel usually consists
of two symmetric lobes encoding the connection strength and orientation. In
[26], Williams and Thornber address the comparison of different methods of
aggregating the contributions of neighboring sites of the grouping kernel. For
a detailed overview of contour integration approaches, see [B] or [19]. In [I9],
emphasis is placed on models including illusory contour perception, namely the
model of Heitger et al. [7}22] as a neurophysical inspired computational model
and the approach of Zweck and Williams [28] which models the Brownian motion
of a particle from source to sink.

The method proposed in this paper uses the tensor voting technique intro-
duced by Medioni et al. [4]. Tensor voting was applied successfully to contour
inference problems on synthetic and binary input images in [17]. In [I3] and [12],
this approach was extended to greyscale images as input, using gabor filtering as
a preceding image processing step. In the tensor voting framework the grouping
kernel, called stick voting field, is orientational, i.e. with angles from 0° to 180°,
and designed for contour inference. Considering illusory contour perception,
the use of this stick voting field could make sense in the context of a unified
treatment of all contour elements, but would lead to interference of contour
elements, especially in the case of amodal completions behind a textured fore-
ground. What is needed for illusory contours including amodal completions is a
directional communication pattern (with angles from 0° to 360°), e.g. one lobe,



A Computational Approach to Illusory Contour Perception 73

which was already used in [15] and [16], but addressed to spontaneously splitting
figures and binary input images.

3 Edge and Corner Detection

As a preprocessing step we have developed a method for threshold-free edge
detection and a subsequent corner detection. This is achieved by applying a
recursive search to edge candidates. The edge candidates are local extrema and
zero-crossings of the responses of several Gaussian-based filter banks. For an
overview of edge detection algorithms, see [3] and [27].

The kernels of our filter functions are shown in Fig. 2l In the case of the
edge-filter, Fig. 2(a), the behaviour of the filter is similar to that of the first
derivative of a Gaussian. For example, edges produce local extrema in the filter
responses with corresponding orientation. Like the edge filters, the corner filters
in Fig.2((b) are defined for different orientation angles. The center-surround filter
shown in Fig. Pl(c) behaves like the Mexican Hat Operator [I1]. Edges produce
zero crossings, while lines result in local extrema of the filter responses.

Fig. 2. Filter Masks: (a) Edge filter (b) Corner filter (c¢) Center-surround filter

In general, edge detection is performed by convolving one filter mask with
the image data and in many cases, the filter mask is rotated to gain orientation-
sensitive filter responses. Like all differential edge detection schemes these meth-
ods suffer from the necessity of defining a threshold. This makes the results of
an edge detector highly dependent on the image and on its brightness. Further-
more, to avoid the influence of noise, the size of the convolution mask has to
be sufficiently large. This often leads to rounded corners and poor localization.
To avoid these disadvantages we use several convolution masks with different
shapes and compare their filter responses with each other to decide whether a
given point belongs to an edge.

Taken on their own, these convolution masks have several problems in de-
tecting edges or corners, but in spite of these problems, some image positions
can be labled as edges with a high probability. If an image position belongs to a
zero crossing of the center-surround filter and to a local maximum of the edge
filter and furthermore, if this maximum is higher than the corresponding corner
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(d)

Fig. 3. Lab scene: (a) Input image (b) Edge Candidates (c) Detected edges (d) Detected
corners

filter response, the position is very likely to belong to an edge. Starting from
these ”ideal” edges, we now recursively try to find a good continuation of the
edge, using a ranking list that defines e.g. that a zero crossing combined with
an edge filter maximum is preferred to a simple zero crossing.

With a search for local minima on the absolute center-surround filter re-
sponses, most of the corners are found correctly, except for those that lie on
”ideal” edges. Here we have to use the classic approach and compute the orien-
tation differences between neighboring edgels.

The result of the recursive search is shown in Fig. B(c), detected corners are
shown superposed to the input image in Fig. Bl(d). A comparison to other corner
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detectors is given in [I§]. Note that the used method for corner and edge detec-
tion is not an integral part of the proposed computational approach to illusory
contour perception and can therefore be replaced by any other corner detector
providing not only the corner positions but also the associated orientation angles.

4 Tensor Voting

In [I7], Medioni, Lee and Tang describe a framework for feature inference from
sparse and noisy data called tensor voting. The most important issue is the
representation of edge elements as tensors. In the 2D-case, a tensor over R? can
be denoted by a symmetric 2 x 2 matrix T with two perpendicular eigenvectors
e1, es and two corresponding real eigenvalues A1 > Ao. A tensor can be visualized
as an ellipse in 2-D with the major axis representing the estimated tangent
direction e; and its length A; reflecting the saliency of this estimation. The
length Ao assigned to the perpendicular eigenvector es encodes the orientation
uncertainty. The definition of saliency measures is deducted from the following
decomposition of a tensor into T' = A; 6161r + )\gege; or equivalently 7' = (A —
Ao)ere] + A\a(ere] +ezej ). Then, the weighting factor (A; — A2) represents an
orientation in the direction of the eigenvector e; and thus will be called curve-
or stick-saliency. The second weight A5 is applied to a circle, hence it is called
junction- or ball-saliency as its information about multiple orientations measures
the confidence in the presence of a junction.

[

Ay

Fig. 4. Visualization of a tensor as an ellipse

Grouping can now be formulated as the combination of elements according to
their stick-saliency or ball-saliency. In stick-voting, for each oriented input token
the grouping kernel called stick-voting-field (see next section) is aligned to the
eigenvector e;. In the following the input tokens consist of detected corners and
their associated directions. All fields are combined by tensor addition, i.e. addi-
tion of the matrices and spectral decomposition of the sum into eigenvectors and
-values. The field is designed to create groupings with neighboring tokens which
fulfill the minimal curvature constraint. Hence the orientation of each token of
the voting field is defined to lie on a cocircular path.

Note that for junctions or corners neither the tensor representation suffices to
encode the at least two different orientations nor is the ball saliency a trustable
measure for junctions, since it is highly dependent on the orientations of incoming
edges [14].
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5 Voting Fields

Given a point P with an associated tangent direction and a point @ with the
orientation difference 6 between the tangent direction and the direct connection
of P and Q. Let £ be the distance between P and Q. Then, with

r= d and s = £-0
© 2sinf ~ sind

r is the radius of the tangent circle to P going through @) and s is the arc length
distance along the circular path (radian).

Most approaches to spatial contour integration define the connection strength
V for P and @@ and therefore the shape of the bipole connection scheme via
V = Vg - V. with a distance term V; and a curvature term V.. In [7], Heitger et
al. use

2 k(m/2 i
Vi = e" 37 and Vi = { 08 (55-0) if 0] <'a
0 otherwise

with & = 2n, n € N and an opening angle 2o = 7. Hansen and Neumann also
use Vg1 and Vg, but with k = 1 and o = 10° [6]. In [I7], Medioni et al. define
the proximity term Vgo and the curvature term V.o as follows:

2 _ep? . 2s1nf
Vio=e 22 and Vap=c¢ P with p= 7

c is a positive constant and p is nothing else than the inverse radius of the
osculating circle. This results in a curvature measure that is highly dependent
on scale.

Fig. 5. Stick saliency for the half lobe stick voting field with V' = Vg2 - Vo1, kK = 1 and
o = 15°

To achieve a clear separation of distance along the circular path and its
curvature, we choose Vy and V1. The results presented in the next chapter are
computed with a directional one-lobe voting field and V = Vgo - Vi1, £k = 1 and
a = 15°, i.e. an opening angle of 30°.
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6 Results

Fig. [B(a), (d) and (g) show detected edges and corners and their associated
orientations, (b), (e) and (f) show stick saliencies after tensor voting and (c), (f)
and (i) show extracted illusory contours superposed to the previously detected
contours. It is remarkable, that in Fig.[6l(f) the amodal completions of the circles
are found while this is not the case in Fig.[6l(c) and (i). This is due to the acute
connection angles in the latter two cases as can be seen in the images showing
the stick saliencies.

(2) (h) (i)

Fig. 6. Top row: Results for Fig. [I(b), middle row: results for Fig. [[(a), bottom row:
results for the Kanizsa triangle in Fig. Bl For further description see text.
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Fig. 7. Rubber duck image: (a) input image, (b) stick saliencies induced by corners
and associated orientations, (c) illusory contours superposed to detected edges, (d) and
(e) magnification of regions containing illusory contours

In Fig. [0, the rubber duck is partially occluded by a black cable. Note that
there are some false assigned corners due to light reflections on the cable. The
voting fields cast by these corners interfere with the fields generated at the duck’s
object boundary and hence compromise the correct detection of amodal comple-
tions (Fig. [[(b)). This illustrates that a unified treatment of edge segments and
corners would disturb the perception of amodal completions, at least for this low
level image processing step. Anyhow just the two desired amodal completions of
the duck’s object boundary are marked as illusory contours, see Fig. [(d) and
(e), so the correct virtual contours are found.

7 Conclusion

An approach to illusory contour perception has been introduced and successfully
applied to synthetic and real images. There are some natural limitations to a
low level image processing model for illusory contour perception. For a certain
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stage of grouping a knowledge base is required which leaves the field of low level
image processing. Furthermore, the human vision system derives its enormous
capabilities not only from the ”"hardware implementation” as a parallel network
but also from the fact that several cues like depth and motion are considered
when detecting object boundaries.

With our approach we have shown that good results for illusory contour
perception can be achieved even in a low level image processing step.

8 Future Work

Currently, our model does not distinguish between modal and amodal comple-
tions and the contours are not assigned to certain object boundaries. Conse-
quently, unit formation will be substantial for future research. For further dis-
cussion about unit formation, see [9] and [IJ.
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Abstract. In this article, the clustering problem under the criterion of
minimum sum of squares clustering is considered. It is known that this
problem is a nonconvex program which possesses many locally optimal
values, resulting that its solution often falls into these traps. To explore
the proper result, a novel clustering technique based on improved noising
method called INMC is developed, in which one-step DHB algorithm as
the local improvement operation is integrated into the algorithm frame-
work to fine-tune the clustering solution obtained in the process of it-
erations. Moreover, a new method for creating the neighboring solution
of the noising method called mergence and partition operation is de-
signed and analyzed in detail. Compared with two noising method based
clustering algorithms recently reported, the proposed algorithm greatly
improves the performance without the increase of the time complexity,
which is extensively demonstrated for experimental data sets.

1 Introduction

The clustering problem is a fundamental problem that frequently arises in a
great variety of application fields such as pattern recognition, machine learning,
and statistics. In this article, we focus on the minimum sum of squares clustering
problem stated as follows: Given N objects in R™, allocate each object to one
of K clusters such that the sum of squared Euclidean distances between each
object and the center of its belonging cluster for every such allocated object is
minimized. This problem can be mathematically described as follows:

N K
glV}gJ(WC) :ZZwinxi—chz (1)
i=1 j=1
K
where > w;; =1,i=1,...,N. If object x; is allocated to cluster C;, then wj;

j=1
is equal to 1; otherwise w;; is equal to 0. Here, N denotes the number of objects,

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 81021 2005.
© Springer-Verlag Berlin Heidelberg 2005



82 Y. Liu et al.

m denotes the number of object attributes, K denotes the number of clusters,
X = {x1,...,xn} denotes the set of N objects, C = {C4,...,Ck} denotes the
set of K clusters, and W = [w;;] denotes the N x K 0— 1 matrix. Cluster center
c; is calculated as follows:
1
Cj = ’I’L_ Z X; (2)

J xiECj

where n; denotes the number of objects belonging to cluster C;. This clustering
problem is a nonconvex program which possesses many locally optimal values,
resulting that its solution often falls into these traps. It is known that this
problem is NP-hard [I]. If exhaustive enumeration is used to solve this problem,
then one requires to evaluate

- é(—l)’” () Q

J

partitions. It is seen that exhaustive enumeration cannot lead to the required
solution for most problems in reasonable computation time [2].

Many methods have been reported to deal with this problem [2I3]. Among
them, K-means algorithm is a very popular one but it converges to local minima
in many cases [4]. Moreover, many researchers attempt to solve this problem
by stochastic optimization methods including evolutionary computation [5l6l7],
tabu search [§], and simulated annealing [9]. By adopting these techniques, re-
searchers obtain better performance than by using local iteration methods such
as K-means algorithm. In [I0], the noising method, a recent metaheuristic tech-
nique firstly reported in [I1], is introduced to deal with the clustering prob-
lem under consideration. In the field of metaheuristic algorithms, to efficiently
use them in various kinds of applications, researchers often combine them with
local descent approaches [12I13]. To efficiently use the noising method in the
clustering problem, in [I0], the authors introduced K-means algorithm as the
local improvement operation to improve the performance of the clustering al-
gorithm. As a result, two methods called NMC and KNMC, respectively, are
developed. NMC does not own K-means operation but KNMC does. The choice
of the algorithm parameters is extensively discussed, and performance compar-
isons between these two methods and K-means algorithm, GAC [5], TSC [§],
and SAC [9] are conducted on experimental data sets. It is concluded that, with
much less computational cost than GAC, TSC, and SAC, KNMC can get much
better clustering results sooner than NMC, GAC, and TSC, and obtain results
close to those of SAC. Meanwhile, it is found that the results of KNMC are still
inferior to those of SAC in most cases.

The motivation of this article is how to design a new noising method based
clustering algorithm. On one hand, the low complexity should be kept, and on
the other hand, the quality of outputs should be further improved. Here, we find
there are still some problems in KNMC. Firstly, methods better than K-means
algorithm are not considered, and secondly, the probability threshold employed
in [I0] need be determined in advance. But it is very difficult for the designer to
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choose the proper value in different cases. In this paper, two novel operations are
introduced, DHB operation and mergence and partition operation. The role of
DHB operation is similar to that of K-means operation in [I0], but the former can
further improve the current solution. Mergence and partition operation similar
to the probability threshold is used to establish the neighboring solution, but it
does not need any parameter and can attain much better results than the latter.
By introducing these two modules, we develop a new clustering technique based
on improved noising method called INMC. By extensive computer simulations,
its superiority over NMC, KNMC, and even SAC is demonstrated.

The remaining part of this paper is organized as follows: In Section 2, INMC
algorithm and its components are described in detail. In Section 3, how to deter-
mine proper modules is extensively discussed. Performance comparisons between
the proposed algorithm and other techniques are conducted on experimental data
sets. Finally, some conclusions are drawn in Section 4.

2 INMC Algorithm

As stated in [I0/14], instead of taking the genuine data into account directly,
the noising method considers the optimal result as the outcome of a series of
fluctuating data converging towards the genuine ones. Figure [l gives the general
description of INMC. The architecture of INMC is similar to that of KMNC and
their most procedures observe the main architecture of the noising method. The
difference between KNMC and INMC lies that two new operations are introduced
in INMC. The detail discussion about KNMC and the noising method can be
found in [I0] and [I4], respectively. Here, DHB operation consisting of one-step
DHB algorithm is used to fine-tune solution X. and accelerate the convergence
speed of the clustering algorithm. Moreover, mergence and partition operation
is designed to establish the neighboring solution.

Begin
set parameters and the current solution X. at random
while N; < N; do
N; — N; +1
perform DHB operation to fine-tune solution X.
perform mergence and partition operation to create the neighbor X’
if f(X")— f(Xc)+ noise <0, then X, «— X’
if f(X.) < f(X»), then update the best solution X3 «— X,
if N; = 0(modNy), then decrease the noise rate
end do
output solution Xj
end

Fig. 1. General description of INMC
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2.1 DHB Operation

In [I5], an iterative method called DHB algorithm, a breadth-first search tech-
nique, for the clustering problem is reported. According to this algorithm, an-
other alternative approach called DHF algorithm, a depth-first search technique,
is described in [16]. In [I7], two algorithms called AFB algorithm and ABF al-
gorithm, respectively, based on hybrid alternating searching strategies, are pre-
sented to overcome the drawbacks of either a breadth-first search or a depth-first
search in the clustering problem. In [I8], five iteration methods (DHB, DHF,
ABF, AFB, and K-means) are compared. First four methods have the simi-
lar performance and own stronger convergence states than K-means algorithm.
Their time complexities are the same as that of K-means algorithm. In [I8], the
conclusion is drawn that first four algorithms can get much better clustering
results sooner than K-means algorithm and DHB algorithm is recommended to
perform the clustering task. The detail descriptions of five methods can be found
in the corresponding references. In this paper, we choose DHB algorithm as the
local improvement operation to fine-tune solution X.. Firstly, we define several
variables so as to describe DHB operation. For cluster Cj, its objective function
value is defined as:

Ji= Y lxi—cl? (4)

xiECj

If object x; belonging to cluster C; is reassigned to C}, then cluster centers
are moved accordingly, J; decreases by AJ;;, Ji. increases by AJ;, and the
objective function value J is updated as follows:

Adi; = ngllxi — ¢/ (nj — 1)

Ao = n||x; — el|?/ (e + 1) ()

J=J—- AJU + Ad
and C; and C} are modulated as follows:

f5= (s -ty 1) “

¢, = (nker +x;)/(nk + 1)
Then, DHB operation is described as follows: Object x; belonging to cluster C}
is reassigned to cluster Cj, iff
min (AJ,k) < AJij (7)

wherei=1,...,N, j,k=1,...,K, and j # k. According to Equations 5 and [6]
the corresponding parameters are updated. After all objects are considered, the
modified solution is obtained.

2.2 Mergence and Partition Operation

In [I0], the probability threshold popularly used to create the neighborhood of
tabu search is adopted to establish the neighboring solution of the current so-
lution X.. But the designer has to determine the value of this parameter in
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advance by computer simulations. In this paper, mergence and partition opera-
tion is designed to create the neighboring solution and no parameter is needed
any longer. In [I9], three clustering concepts, under-partitioned state, optimal-
partitioned state, and over-partitioned state, are given to describe the varia-
tion of two partition functions so as to establish the cluster validity index. In
this article, we introduce these concepts to explain why and how we establish
the neighboring solution by mergence and partition operation. In general, for a
cluster, there are only three partition states, under-partitioned state, optimal-
partitioned state, and over-partitioned state. In over-partitioned case, an original
cluster is improperly divided into several parts. In under-partitioned case, more
than two original clusters or parts of them are improperly grouped together. Only
in optimal-partitioned one, all original clusters are correctly partitioned. For a
suboptimal clustering solution, there must be the under-partitioned cluster and
the over-partitioned cluster. Therefore, it is seen that further partitioning the
under-partitioned cluster and merging the over-partitioned cluster are natural
and suitable for establishing the neighboring solution and exploring the correct
clustering result. By improving all improperly partitioned clusters, we can expect
to achieve the proper result at last. Here, we randomly perform one partition and
one mergence on solution X, keep the number of clusters constant, and form the
neighbor. As the increase of the number of iterations, this operation are repeat-
edly performed on suboptimal solutions and the proper solution will be finally
achieved. Mergence and partition operation includes four sub-operations: mer-
gence cluster selection, partition cluster selection, cluster mergence, and cluster
partition. Here, the cluster to be merged C,, and the cluster to be partitioned
Cp are randomly determined. For cluster Cp,, its belonging objects will be reas-
signed to their respective nearest clusters. That is, object x; € C}, is reassigned
to cluster Cj, iff

i = e5|* < llxi — exl|? (8)

where k,j = 1,..., K, Cj,Cy # Cppn, and C; # Cy. After this sub-operation,
cluster C,, disappears and the number of clusters decreases by one. Meanwhile,
For cluster C),, we view objects belonging to cluster C, as a new data set,
and adopt iteration methods such as K-means algorithm to divide its belonging
objects into two new clusters. Here, K-means algorithm is chosen to perform this
task by computer simulations. After this sub-operation, cluster C), is divided into
two new clusters and the number of clusters increases by one. Above four steps
are performed on solution X, and the neighboring solution X’ is established.

3 Experimental Results

In order to analyze the performance of the proposed algorithm, we firstly evaluate
the individual contributions made by different operations. Then the proposed
algorithm is applied to seven data sets and compared with SAC, NMC, and
KNMC. These experimental data sets are chosen because they represent different
situations and provide the extensive tests of the adaptability of the proposed
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algorithm. Simulation experiments are conducted in Matlab on an Intel Pentium
IIT processor running at 800MHz with 128MB real memory. Each experiment
includes 20 independent trials.

3.1 Performance Evaluation

In this section, the experiments are performed to compare performance of differ-
ent modules. Due to space limitations, here, the well-known data set, German
Towns with eight clusters, is chosen to show the comparison results. For other
experimental data sets, the similar results are obtained.

Three local improvement operations (No operation, K-means operation, and
DHB operation) adopted by NMC, KNMC, and INMC, respectively, are com-
pared. In NMC, there is no local improvement operation. Here, the probability
threshold is used to create the neighboring solution. The best results obtained
by the methods equipped with different operations in the process of iterations
are compared as shown in Figure 2l It is seen that No operation is the worst.
For other two operations, it seems that their results are almost equal to each
other. But after No operation is removed, the real results are shown as Figure Bl
It is clear that K-means operation is obviously inferior to DHB operation. As a
result, the algorithm equipped with DHB operation can attain the best results
more quickly and stably than ones with other two operations.
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for improving solution X, tion and DHB operation

We now discuss the issue of creating the neighboring solution. Here, to compare
performance of the probability threshold and mergence and partition operation,
we do not adopt the local improvement operation to improve the current solution.
Figure@shows that mergence and partition operation is far superior to the proba-
bility threshold and greatly improve the performance of the clustering algorithm.
Without the cooperation of the local improvement operation, the neighboring so-
lution provided by mergence and partition operation still accelerates the clustering
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algorithm to attain the best result stably and quickly. Therefore, it can be expected
the combination of DHB operation and mergence and partition operation can fur-

ther improve the performance of the clustering method.
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3.2 Performance Comparison

In this paper, seven data sets are chosen to perform computer simulations besides
the ones adopted in [10]. Two well-known data sets are added: German Towns [2]
and British Towns [20]. Here, we consider two cases: one is that the number of
clusters is variable; the other is that this parameter is fixed. Among data sets,
the number of clusters in German Towns varies in the range [4,10]. We label
them as GT4C, GT5C, GT6C, GT7C, GT8C, GT9C, and GT10C, respectively.
This data set consists of Cartesian coordinates of 59 towns in Germany. The
case of British Towns is the same as that of German Towns. This data set is
composed of 50 samples each of four variables corresponding to the first four
principal components of the original data. In other data sets, the number of
clusters is fixed. The detail descriptions of these five data sets (Data52, Data62,
Iris, Crude Oil, and Vowel) can be found in [I0].

In this paper, our aim is to improve the noising method for the clustering
problem under consideration and to further explore better results than those of
KNMC and even SAC. In [I0], it is shown that KNMC is better than K-means
algorithm, GAC, and TSC. Therefore, we here focus on SAC, NMC, KNMC, and
INMC. For SAC, according to the recommendation of the reference, the number
of iterations at a temperature is set to be 20, the initial annealing temperature
is set to be 100, « is set to be 0.05, and the terminal annealing temperature is
set to be 0.01. In [I0], The choice of the algorithm parameters is determined by
computer simulations as follows: the noise range is equal to 10, the terminal noise
rate is equal to 0, the original noise rate is equal to 10, the number of iterations
at the fixed noise rate is equal to 20, and the total number of iterations is equal
to 1000. For INMC, its parameter settings are the same as those of NMC and
KNMC.
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Before conducting comparison experiments, we analyze the time complexities
of methods adopted in this article. The time complexities of SAC, NMC, and
KNMC are O(GN;KmN), O(NymN), and O(N:KmN), respectively, where G
denotes the number of iterations during the process that the annealing tempera-
ture drops, N5 denotes the number of iterations at the fixed temperature, and N;
denotes the total number of iterations in the noising method. It is known that
the cost of NMC is lower than that of KNMC, but the performance of NMC
is far inferior to that of KNMC. For INMC, the complexity of DHB operation
is O(K'mN). The complexity of mergence and partition operation is O(KmN).
Therefore, the time complexity of INMC is O(N;KmN) that is equal to that of
KNMC. Under this condition, the complexity of SAC is over thrice as much as
those of INMC and KNMC.

Table 1. Comparison of the clustering results of four methods for German Towns

SAC NMC KNMC INMC
Avg 49600.59 75063.93 51610.14 49600.59
GT4C SD 0.00 7917.87 6652.60 0.00
Min 49600.59 63245.97 49600.59 49600.59
Avg 39496.39 67157.79 40075.44 39091.02
GT5C SD 783.34 6897.88 1094.02 376.04
Min 38716.02 58374.91 38716.02 38716.02
Avg 32220.44 62077.15 33837.61 31502.50
GT6C SD 1548.73 7178.90 1369.15 975.98
Min 30535.39 49445.41 30535.39 30535.39
Avg 26964.11 54509.46 29009.23 24511.56
GT7C SD 1707.07 6077.62 2146.84 136.82
Min 24432.57 40164.41 25743.20 24432.57
Avg 22603.12 52753.38 24496.94 21573.29
GT8C SD 1458.92 5527.67 1591.55 153.88
Min 21499.99 45283.29 22114.03 21483.02
Avg 19790.99 47585.86 21746.58 18791.13
GT9IC SD 420.20 4602.09 1925.25 175.83
Min 19130.63 35490.28 19521.02 18550.44
Avg 18028.90 42796.75 20451.51 16515.07
GT10C | SD 633.67 4078.29 1643.82 125.47
Min 16864.78 35015.27 18462.07 16307.96

The average (Avg), standard deviation (SD), and minimum (Min) values of
the clustering results of four methods for German Towns are compared as shown
in Table[Il In face of German Towns in which the number of clusters is variable,
NMC is the worst and fails to attain the best values even once within specified
iterations and its best values obtained are far worse than the best ones. KNMC
equipped with K-means operation can attain much better results than NMC.
KNMC can attain the optimal results of German Towns when the number of
clusters is small. But when this number is greater than and equal to seven,
KNMC cannot obtain the ideal results any longer. SAC spending much more
computational resource than KNMC obtains better performance than KNMC
as stated in [I0]. SAC can attain the optimal results of German Towns when
the number of clusters is up to seven. As the increase of this number, it does
not attain the best results but its results are still superior to those of KNMC.
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With the cooperation of DHB operation and mergence and partition operation,
INMC can achieve the best value in each case. Its stability and solution quality
are far superior to those of NMC, KNMC, and even SAC. Meanwhile, its time
complexity the same as that of KNMC does not increase.

The average (Avg), standard deviation (SD), and minimum (Min) values of
the clustering results of four methods for British Towns are compared as shown
in Table 2l In face of British Towns, NMC is still the worst and fails to attain
the best value in each case. At this time, KNMC can attain the optimal results
of British Towns when the number of clusters is up to five. As the increase of
the number of clusters, KNMC cannot obtain the best results any longer. In face
of British Towns, the performance of SAC also becomes bad. It only attains the
best values of British Towns with four and six clusters. But SAC still obtains
better performance than KNMC in most case. In face of British Towns with
different clusters, INMC can still attain the best value in each case. It is shown
that the stability and solution quality of INMC are far superior to those of NMC,
KNMC, and SAC.

Table 2. Comparison of the clustering results of four methods for British Towns

SAC NMC KNMC INMC
Avg 180.91 213.74 182.05 180.91

BT4C SD 0.00 13.05 1.96 0.00
Min 180.91 186.25 180.91 180.91
Avg 160.56 189.45 162.76 160.23

BT5C SD 0.00 9.82 3.12 0.00
Min 160.56 172.64 160.23 160.23
Avg 145.37 178.18 147.29 141.46

BT6C SD 3.30 10.17 2.97 0.00
Min 141.46 167.61 142.30 141.46
Avg 130.26 175.20 132.69 126.60

BT7C SD 2.45 12.01 3.86 0.29
Min 128.68 156.40 128.28 126.28
Avg 120.07 163.48 121.18 113.82

BTS8C SD 3.01 8.93 3.96 0.57
Min 114.07 141.67 116.65 113.50
Avg 111.18 155.78 111.30 103.24

BT9C SD 2.47 9.83 3.25 0.22
Min 103.75 142.75 104.31 102.74

Avg 100.71 148.21 103.14 92.81

BT10C | SD 3.36 10.69 4.14 0.17
Min 93.19 131.07 98.47 92.68

After considering the case in which the number of clusters is variable, we focus
on the other case. The average (Avg), standard deviation (SD), and minimum
(Min) values of the clustering results of four methods for other five data sets are
compared as shown in Table Bl In these experiments, the number of clusters is
constant. As stated in [I0], NMC is the worst, KNMC is the second, and SAC
is the best. SAC can attain the best values of Datab2, Iris, and Crude Oil in
all trials. But after INMC is considered, more promising results are expected.
INMC can stably obtain the best values of Datab2, Data62, Iris, and Crude Oil
in all trials. For Vowel, its solution quality and stability are much better than
other three methods.
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Table 3. Comparison of the clustering results of four methods for Data52, Data62,
Iris, Crude Oil, and Vowel

SAC NMC KNMC INMC
Avg 488.02 2654.52 488.69 488.02
Datab2 SD 0.00 55.52 0.58 0.00
Min 488.02 2557.31 488.09 488.02
Avg 1103.11 19303.58 1230.02 543.17
Data62 SD 366.63 422.77 1382.50 0.00
Min 543.17 18005.98 543.17 543.17
Avg 78.94 302.99 85.37 78.94
Iris SD 0.00 37.43 19.26 0.00
Min 78.94 242.15 78.94 78.94
Avg 1647.19 1995.44 1647.27 1647.19
Crude Oil| SD 0.00 124.27 0.12 0.00
Min 1647.19 1787.43 1647.19 1647.19
Avg 31941263.99 250796549.46 31554139.24 31389900.02
Vowel SD 1205116.61 2866658.66 1209301.09 412724.00
Min 30720909.84 245737316.31 30718120.60 30690583.33
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Fig. 5. Comparison of four methods for
German Towns

In order to understand the performance of four methods better, we use Ger-
man Towns with eight clusters to show the iteration process. In Figure Bl it is
seen that NMC is obviously much inferior to other three methods. For other
three algorithms, it seems that their results are almost equal to each other. But
after NMC is removed, the real results are shown as Figure [0l It is seen that
INMC is superior to SAC and KNMC, which shows that without the increase
of the time complexity, the performance of the noising method based clustering
algorithm can be greatly improved by introducing proper components into the
algorithm framework.

4 Conclusions

In this article, in order to further improve the performance of the noising method
based clustering algorithm, a novel algorithm called INMC is proposed. Two new
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operations are described in detail, DHB operation and mergence and partition
operation. In the algorithm framework, DHB operation is used to modulate the
current solution obtained in the process of iterations and to accelerate the con-
vergence speed of INMC, and mergence and partition operation is developed to
establish the neighboring solution. With the same time complexity as KNMC,
INMC can get much better results more quickly and stably than NMC and
KNMC. Moreover, compared with SAC, INMC spends much less resource and
obtains much better results, which is not solved in [I0]. In future, the estima-
tion of the number of clusters should be considered. Meanwhile, improving the
stability of the proposed algorithm to the best results in complicate cases will
be the subject of future publications.
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Abstract. This paper presents the results obtained in a real experiment for ob-
ject recognition in a sequence of images captured by a mobile robot in an in-
door environment. The purpose is that the robot learns to identify and locate ob-
jects of interest in its environment from samples of different views of the ob-
jects taken from video sequences. In this work, objects are simply represented
as an unstructured set of spots (image regions) for each frame, which are ob-
tained from the result of an image segmentation algorithm applied on the whole
sequence. Each spot is semi-automatically assigned to a class (one of the ob-
jects or the background) and different features (color, size and invariant mo-
ments) are computed for it. These labeled data are given to a feed-forward neu-
ral network which is trained to classify the spots. The results obtained with all
the features, several feature subsets and a backward selection method show the
feasibility of the approach and point to color as the fundamental feature for dis-
criminative ability.

1 Introduction

One of the most general and challenging problems a mobile robot has to confront is to
identify and locate objects that are common in its environment. Suppose an indoor
environment composed by halls, corridors, offices, meeting rooms, etc., where a robot
navigates and is expected to perform some helping tasks (in response to orders such
as “bring me a coke from the machine in the corridor” or “throw these papers to the
nearest waste paper basket”). To accomplish these tasks, the robot must be able to
locate and identify different objects such as a beverage machine or a waste paper
basket. Of course, a possible approach is to program the robot with recognition proce-
dures specific for each object of interest; in this way, the knowledge about the object
and its characteristics is directly injected by the programmer in the recognition code.
However, this approach is somewhat tedious and costly, and a preferable one would
be to show to the robot in an easy way what the object is from images taken in differ-
ent views and to rely on the general learning abilities of the robot, which could be
based on neural networks or other machine learning paradigms, to obtain a certain
model of the object and an associated recognition procedure.

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 93—[102, 2005.
© Springer-Verlag Berlin Heidelberg 2005
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A very important issue is to determine the type of object model to learn. In this re-
spect, a wide range of object representation schemes has been proposed in the litera-
ture [1]. In our point of view, a useful model should be relatively simple and easy to
acquire from the result of image processing steps. For instance, the result of a color
image segmentation process, consisting of a set of regions (spots, from now on) char-
acterized by different features (related to size, color and shape), may be a good start-
ing point to learn the model. Although structured models like adjacency attributed
graphs or random graphs can be synthesized for each object from several segmented
images [2], we have decided to investigate first a much simpler approach in which the
object is just represented as an unstructured set of spots and the spots are classified
directly as belonging to one of a finite set of objects or the background (defined as
everything else) using a feed-forward neural network.

The classification of segmented image regions for object recognition has been ad-
dressed in several works. In [3], eigenregions, which are geometrical features that
encompass several properties of an image region, are introduced to improve the iden-
tification of semantic image classes. Neural networks are used in [4] not only to clas-
sify known objects but to detect new image objects as well in video sequences. In [5],
objects of interest are first localized, then features are extracted from the regions of
interest and finally a neural network is applied to classify the objects. Support vector
machines are used in [6] to classify a segmented image region in two categories, ei-
ther a single object region or a mixture of background and foreground (multiple object
region), in order to derive a top-down segmentation method.

The rest of the paper is organized as follows. In Section 2, image acquisition, pre-
processing and segmentation steps are described as well as the semiautomatic method
to assign class labels to spots. In Section 3, the features computed for each spot are
defined. Neural network training and test together with the experimental methodology
followed are commented in Section 4. The experimental results are presented in Sec-
tion 5, and finally, in Section 6, some conclusions are drawn and future work dis-
cussed.

2 Image Acquisition, Pre-processing and Segmentation

A digital video sequence of 88 images was captured by an RGB camera installed on
the MARCO mobile robot at the Institute of Robotics and Industrial Informatics (IRI,
UPC-CSIC) in Barcelona. The sequence shows an indoor scene with some slight
perspective and scale changes caused by the movement of the robot while navigating
through a room. The objects of interest in the scene were a box, a chair and a pair of
identical wastebaskets put together side by side (see Figure 1), and the objective was
to discriminate them from the rest of the scene (background) and locate them in the
images.

Before segmentation, the images in the sequence were preprocessed by applying a
median filter on the RGB planes to smooth the image and reduce some illumination
reflectance effects and noise. Then, the image segmentation module was applied to
the whole sequence, trying to divide the images in homogeneous regions, which
should correspond to the different objects in the image or parts of them. We used an
implementation of the Felzenszwalb — Huttenlocher algorithm [7], which is a pixel
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merge method based on sorted edge weights and minimum spanning tree, to segment
each image separately. Note that this is a method working on static images that does
not exploit the dynamic continuity of image changes through the sequence.

The output of the segmentation process for each image consists of a list of regions
(spots) that partition the image in homogeneous pieces, where each region is defined
by the set of coordinates of the pixels it contains. For each spot, the mass center was
calculated, and for all the spots whose mass center lied in some region-of-interest
(ROI) rectangular windows, several features listed in Section 3 were computed as
well. These windows were manually marked on the images with a graphics device to
encompass the three objects of interest and a large region on the floor. Figure 1 shows
one of the images and its segmentation together with the ROI windows on them.

The remaining set of spots, those with the mass center inside the ROI windows,
was further filtered by removing all the spots with a size lower than 100 pixels, with
the purpose of eliminating small noisy regions caused by segmentation defects.
Hence, from the 88 images, a total number of 7853 spots were finally obtained.

In order to assign a class label to each spot, to be used as target for the spot pattern
in the neural network training and test processes, a simple decision was made: each
one of the four ROI windows constituted a class and all the spots in a window were
assigned the same class label. Note that this is a rough decision, since several back-
ground spots are included in the ROI windows of the box, the chair and the wastebas-
kets, and therefore are not correctly labeled really. This is a clear source of error (in-
correctly labeled patterns) that puts some bounds on the level of classification accu-
racy that the learning system, in this case the neural network, may reach. However,
we preferred to carry out this simple but more practical approach instead of manually
labeling each spot, which is obviously a very tedious task, although it would probably
have raised the classification performance of the trained networks.

For illustrative purposes, the spots of Figure 1 that were assigned to each of the
four classes are displayed in Figure 2; for the three objects (Figure 2 (a)-(c)), the un-
ion of selected spots is shown in the left and isolated spots that belong to the class are
shown in the right. In addition, Figure 3 displays some of the ROI windows in other
images of the sequence.

Fig. 1. One of the original images (left) and the corresponding segmented image (right), with
the four ROI windows marked on them. Spot mass centers are also displayed in the right image.
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Fig. 2. Labeling of the spots selected from the segmented image in Figure 1
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Fig. 3. Selection of ROI windows for two other images in the video sequence

3 Features Computed for the Image Regions

In order to be processed as a pattern by a neural network, a spot must be described by
a feature vector. Table 1 displays the 14 variables that were initially considered to
form the feature vector for training and testing the networks. In Section 5 we will also
present results obtained from several different subsets of these 14 variables.

Two types of information were used in the computation of the spot features: color
and geometry. With regards to color, average and variance values for each one of the
three RGB bands were calculated for each spot on the basis of the corresponding
intensity values of the spot pixels in the original image (not in the segmented image,
for which spot color variance would be zero). This is, the result of the segmentation
algorithm served to identify the pixels of every spot, but the color characteristics of
these pixels were taken from the original RGB image.

The geometrical information may include features related to position, orientation,
size and shape. Because of the robot movement, we were mainly interested in shape
descriptors that were invariant to translation and scale, and to this end, we decided to
use the seven invariant geometric moments defined by Hu [8]. In addition and since
the range of variation of the objects’ size was rather limited in the video sequence, we
also calculated and used the size of each spot, i.e. its area measured in number of
pixels.

For the calculation of the moments corresponding to a spot, all the pixels that form
the spot are involved (not only its boundary pixels). More precisely, the seven invari-
ant moments, independent of position and size of the region, that we used in this work
are defined by the following equations:
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1,=N(2,0)+N(0,2) (1)
L=( N(2,0)-N(0,2))*+4(N(1,1))* 2)

L=( N(3,0)-3N(1,2) )* +( 3N(2,1)-N(0,3) ) 3)
L,=( N(3,0)+N(1,2))*+(N(2,1)+N(0,3) )2 (4)

I5=(N(3,0)-3N(1,2) )(N(3,0)+N(1,2))[ (N(3,0)+N(1,2))* -3(N(2,1)+N(0,3) )] 5)
+(3N(2,1) =N(0,3)(N(2,1)+N(0,3))[3(N(3,0)+N(1,2))*(N(2,1)+N(0,3) )]

I=(N(2,0) - N(0,2) ) [ (N(0,3)+N(1,2))-( N(2,1)+N(0,3))’ ] (6)
+4N(1,1)(N(3,0)+N(1,2) Y(N(2,1)+N(0,3) )

L=(3N(2,1)-N(0,3)) (N(3,0)+N(1,2) )[ ( N(3,0)+N(1,2) )*-3(N(2,1)+N(0,3) )] @)
+(3N(1,2)-N(3,0) )(N(2,1)+N(0,3) )[ 3(N(3,0)+N(1,2)* )-(N(2,1)+N(0,3) )°]

where N (p, q) are the normalized central moments of order two, which are given by:

N (p.q)=MC (p, @)/ MC(0,0) ;p=((p+q)/2) + 1 ®)

MC(p.q) = 2% (x-X)* (y-Y) * f(x, y) ()]

Table 1. Initial set of 14 variables that formed the feature vector for every spot and were used
as input to the neural network for training and test

Set of variables

Number of variable Feature

Size of spot

Average red plane
Average green plane
Average blue plane
I1RGB invariant moment
I2RGB invariant moment
I3RGB invariant moment
I4RGB invariant moment
ISRGB invariant moment
I6RGB invariant moment
I7RGB invariant moment
Variance red plane
Variance green plane
Variance blue plane
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MC(0,0)= 2% f(x,y) (10)

where f (X, y) is the intensity value of the pixel (x,y) in the segmented image, as given
by the average of the three planes RGB, and (X,Y) are the mean coordinates of the
spot. It must be noted that, in this case, all pixels in the same spot share the same
value f(x,y), which depends on the color assigned to the spot as result of the segmen-
tation process.

4 Neural Networks and Experimental Methodology

Neural networks (NNs) are used for a wide variety of object classification tasks [9].
An object is represented by a number of features that form a d-dimensional feature
vector x within an input space X c R%. A classifier therefore realizes a mapping from
input space X to a finite set of classes C = {1,...,/}. A neural network is trained to
perform a classification task from a set of training examples S = {(x", t"), u = 1,...,M}
using a supervised learning algorithm. The training set S consists of M feature vectors
x" eR? each labeled with a class membership t* € C. The network typically has as
many outputs as classes and the target labels are translated into /-dimensional target
vectors following a local unary representation. During the training phase the network
parameters are adapted to approximate this mapping as accurately as possible (unless
some technique, such as early stopping, is applied to avoid over-fitting). In the classi-
fication phase an unlabeled feature vector x € R® is presented to the trained network
and the network outputs provide an estimation of the a-posteriori class probabilities
for the input x, from which a classification decision is made, usually an assignment to
the class with maximum a-posteriori probability [10].

In this work, we used a feed-forward 2-layer perceptron architecture (i.e. one hid-
den layer of neurons and an output layer) using standard backpropagation as training
algorithm. For processing the full feature vectors, the networks consisted of 14 inputs,
n hidden units and 4 output units, where n took different values from 10 to 200 (see
Table 2). Hyperbolic tangent and sine functions were used as activation functions in
the hidden layer and the output layer, respectively. A modified version of the PDP
simulator of Rumelhart and McClelland [11] was employed for the experiments, set-
ting a learning rate of 0.003 and a momentum parameter of zero for backpropagation,
and a maximum number of 2,000 training epochs for each run.

As mentioned before, a dataset containing 7853 labeled patterns (spots) was avail-
able after the image segmentation and feature calculation processes described in pre-
vious sections. For each network tested, a kind of cross-validation procedure was
carried out by generating 10 different random partitions of this dataset, each including
60% of the patterns for the training set, 15% for the validation set and 25% for the test
set. The validation sets were used for early stopping the training phase. Actually, the
network chosen at the end of the training phase was the one that yielded the best clas-
sification result on the validation set among the networks obtained after each training
epoch. Then, this network was evaluated on the corresponding test set.

After the experiments with the whole set of features, we performed similar cross-
validation experiments with different subsets of features (as indicated in Table 3),
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using the same experimental parameters aforementioned, except that the number
of hidden units was fixed to 160 (since this provided the best test result with all fea-
tures) and that the number of inputs was obviously set to the dimension of the feature
subset.

Finally, starting from the architecture selected for the full set of features, a sequen-
tial backward selection method [12] was applied trying to determine a good subset of
input features by eliminating variables one by one and retraining the network each
time a variable is temporarily removed. In this case, each partition of the cross-
validation procedure divided the dataset in 60% of patterns for training and 40% for
test (no validation set) and the training stop criterion was to obtain the best result in
the training set for a maximum of 2,000 epochs.

S Experimental Results

The results obtained for the full set of features with the different networks tested are
displayed in Table 2. For each one of the three sets (training, validation and test set),
the classification performance is measured as the average percentage of correctly
classified patterns in the ten cross-validation partitions, evaluated in the networks
selected after training (the ones that maximize the performance on the validation set).
Although the classification performance is shown for the three sets, the main result
for assessing the network classification and generalization ability is naturally the
classification performance in the test set. Hence, a best correct classification rate of
75.94 % was obtained for the architecture with 160 hidden units, even though the
generalization performance was rather similar in the range from 60 to 200 hidden
units. It appears to be an upper bound for both the training and test sets that might be
caused in part by the incorrectly labeled patterns mentioned in Section 2.

Table 2. Classification performance obtained for different network configurations (hidden layer
sizes) for the full set of 14 features using 10-partition cross-validation and early stopping

Classification performance (all features)

Hidden units Training Validation Test
200 80.27 % 77,00 % 75.63 %
180 80.04 % 77.47 % 75.81 %
160 80.33 % 77.38 % 75.94 %
140 80.24 % 77.46 % 75.74 %
120 80.03 % 77.06 % 75.23 %
100 79.74 % 76.94 % 75.74 %
80 79,43 % 77,12 % 75,54 %
60 79,22 % 77,30 % 75,77 %
40 77,86 % 76,08 % 74,33 %
20 74,92 % 74,84 % 73,46 %

10 72.11 % 71.60 % 70.18 %
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Table 3. It presents the classification results for several groups of selected variables to assess
the relative importance of the different types of features (size, color averages, color variances
and shape invariant moments)

Classification performance (with feature subsets)

Feature Subsets Training Validation Test

spot size, average and variance r,g,b 79.69 78.02 76.17
all variables 80.33 77.38 75.94
spot size and average r,g,b 77.717 77.49 75.92
spot size, average r,g,b and three first 79.32 77.68 75.90
invariant moments

average r,g,b and seven invariants 77.51 77.23 75.38
average r,g,b and three first invariants 76.90 76.91 74.83
spot size and variance r,g,b 45.12 45.82 45.61
spot size, variance r,g,b and three first 45.10 45.59 45.08
invariant moments

Seven invariant moments, variance 40.95 41.12 40.79
r,g,b

Seven invariant moments 30.30 30.34 29.96

Table 4. It presents top-down the order of the variables eliminated in the sequential backward
selection process and the associated performance in the training and test sets after each step

Backward selection process — Classification performance

Num. var. Feature eliminated Training Test
BASELINE No variable removed 79.88 75.64
5 I1RGB invariant moment 80.14 76.40
13 variance of green plane 80.16 76.22
14 Variance of blue plane 79.77 76.55
11 I7RGB moment invariant 80.04 76.26
12 variance of red plane 78.90 77.13
9 ISRGB moment invariant 78.60 76.24
8 [4RGB moment invariant 78.07 75.99
7 I3RGB moment invariant 78.14 75.73
6 I2RGB moment invariant 77.81 75.89
10 I6RGB moment invariant 77.04 74.18
1 spot size 73.35 72.49
3 average of green plane 65.89 63.96
4 Average of blue plane 40.36 39.86
2 Average of red plane 30.48 30.83

The results obtained for different subsets of features are displayed in Table 3, or-
dered decreasingly by test classification performance. It can be noted that similar
results are obtained if the average color features are taken into account, but the per-
formance falls down dramatically when they are not used. The best result here was



Object Recognition in Indoor Video Sequences 101

76.17% test classification performance for a subset comprising color features (both
RGB averages and variances) and spot size (and with the shape invariant moments
removed). Using only the seven invariant moments, the performance is almost as poor
as that of a random classification decision rule.

The results of the sequential backward feature selection, shown in Table 4, clearly
confirmed that RGB color variances and invariant moments were practically useless
(they were the first features removed without a significant performance degradation,
indeed the test classification rate grew up to a 77.13% after the elimination of six of
these variables) and that RGB color averages provided almost all the relevant infor-
mation to classify the spots.

6 Conclusions and Future Work

A simple approach to object recognition in video sequences has been tested in which
a feed-forward neural network is trained to classify image segmentation regions
(spots) as belonging to one of the objects of interest or to the background. Hence,
objects are implicitly represented as an unstructured set of spots; no adjacency graph
or description of the structure of the object is used.

In order to provide labeled examples for the supervised training of the network, a
semiautomatic procedure for assigning object labels (classes) to spots has been carried
out based on the manual definition of graphical region-of-interest windows. However,
this procedure produces some incorrectly labeled examples that affect negatively the
learning of the objects and the posterior classification performance.

Spot RGB color averages and, to a less extent, spot size have been determined em-
pirically in this work as adequate features to discriminate objects based on segmenta-
tion regions, whereas spot shape invariant moments and spot RGB color variances
have been shown to be of very little help. The obtained classification results are rather
good taking into account the simplicity of the approach (for instance, two very similar
spots could perfectly belong to different objects) and the presence of incorrectly la-
beled patterns in the training and test sets caused by the semiautomatic labeling
procedure.

In order to increase the classification performance, there are several actions that
can be attempted. First, the labeling procedure may be improved to reduce (or even
eliminate) the presence of incorrectly labeled spots. Second, some model of the struc-
ture of the object can be used in the learning and test phases; for instance, attributed
graphs and random graphs with spots as nodes may be tried [2]. Third, a better image
segmentation algorithm may be used, for instance, one based on the dynamic se-
quence of images (instead of using only single images separately) may be more ro-
bust.

In the long-term, our purpose is to design a dynamic object recognition method for
video sequences by exploiting the intrinsic continuity in the object views represented
by the successive images the mobile robot capture while navigating in an indoor
environment.
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Abstract. Polarization of light caused by reflection from dielectric sur-
faces has been widely studied in computer vision. This paper presents
an analysis of the accuracy of a technique that has been developed to
acquire surface orientation from the polarization state of diffusely re-
flected light. This method employs a digital camera and a rotating linear
polarizer. The paper also explores the possibility of linking polarization
vision with shading information by means of a computationally efficient
BRDF estimation algorithm.

1 Introduction

Many attempts have been made by the computer vision community to exploit
the phenomenon of the partial polarization of light caused by reflection from
smooth surfaces. Existing work has demonstrated the usefulness of polarization
in surface height recovery [TI6IRI1]; overcoming the surface orientation ambiguity
associated with photometric stereo [3/4]; image segmentation [II]; recognition
and separation of reflection components [I0JIT]; and distinguishing true laser
stripes from inter-reflections for triangulation based laser scanning [2]. Polariza-
tion vision has been studied for both metallic and dielectric surfaces and both
specular and diffuse reflection. However, little work has been carried out that
assesses the accuracy of these techniques or to couple these methods with shape
from shading or other intensity-based methods.

This paper is concerned with what is probably the most studied of the above
applications: shape recovery. In particular, we focus on shape recovery from dif-
fuse reflection from dielectric surfaces since this is the most commonly occurring
situation. The paper uses a technique to recover surface normals from polariza-
tion that involves a linear polarizer being mounted on a digital camera and
images taken as the transmission axis of the polarizer is rotated. We apply this
method to objects made from a variety of materials of known shape. The surface
orientation prediction based on polarization is then compared to the exact values
calculated from the known geometry. The analysis reveals several unstudied fea-
tures of surface polarization that help to demonstrate where current techniques
of polarization vision are adequate and where its use is inappropriate or where
more detailed models are required.

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 103-ITI] 2005.
© Springer-Verlag Berlin Heidelberg 2005
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We also use polarization to estimate the “slice” of the bidirectional reflectance
distribution function (BRDF) corresponding to the case where the camera and
light source are coincident. We do this for objects of unknown shape and compare
the results to objects of the same material but known shape. This is of interest
for three reasons. Firstly, it complements the accuracy analysis since, again,
exact values can be deduced from the known shapes. Secondly, BRDF data
may be useful for the shape recovery of surface regions that cause difficulty for
polarization vision such as inter-reflections [I]. Finally, BRDF data can be used
for realistic image rendering.

2 Polarization and Reflection

The Fresnel equations give the ratios of the reflected wave amplitude to the
incident wave amplitude for incident light that is linearly polarized perpendicular
to, or parallel to, the plane of specular incidence. These ratios depend upon the
angle of incidence and the refractive index, n, of the reflecting medium. Since
the incident light can always be resolved into two perpendicular components,
the Fresnel equations are applicable to all incident polarization states. Indeed,
throughout this work, we assume that the incident light is unpolarized.

Eom EO,”
EOLL E()r.l.
0, i 6
n=1
nl
0,
E
EX
0,=6,

Fig. 1. Definitions. Directions of electric fields are indicated.

For the geometry of Fig. [I] the Fresnel reflection coefficients are [5]

For1 n; cos ; — ny cos 0

(1)

r1 (i, ne, 0; =
(i, 4, 0:) Eoi.  n;cosB; + nycos b,

Eor|  nicosf; —n;cos by @)

Ey ng cos 0; + n; cos 0;

TH (ni7 Nt, 92)

where () gives the reflection ratio for light polarized perpendicular to the plane
of incidence and (@) is for light polarized parallel to the plane of incidence. The
angle 6; can be obtained from the well-known Snell’s Law: n; sin 6; = n; sin 6.
Cameras do not measure the amplitude of a wave but the square of the ampli-
tude, or intensity. With this in mind, it is possible to show that the intensity
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coefficients, which relate the reflected power to the incident power, are R; = r?
and Ry = [B]

Figure dl shows the Fresnel intensity coefficients for a typical dielectric as
a function of the angle of the incident light. Both reflection and transmission
coefficients are shown, where the latter refers to the ratio of transmitted to
incident power (the transmission coefficients are simply 7', =1 — R and T} =
1-Ry).
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Specular angle of incidence

Fig. 2. Reflection and transmission coefficients for a dielectric (n = 1.5)

The work reported here relies on taking a succession of images of objects
with a polarizer mounted on the camera at different angles. As the polarizer
is rotated, the measured pixel brightness at a given point varies sinusoidally.
Let I and Iy, be the maximum and minimum intensities in this sinusoid
respectively. The degree of polarization is defined to be

Imax - Imin
— _fmax  Tmim 3
Imax + Imin ( )

Careful consideration of Fig. Pland the Fresnel equations leads to an expression
for the degree of polarization in terms of the refractive index and the zenith
angle, that is, the angle between the surface normal and the viewing direction.
Unfortunately, this equation is only applicable to specular reflection since the
process that causes diffuse polarization, the sole concern of this paper, is differ-
ent, as explained below.

Diffuse polarization is a result of the following process [11]: A portion of
the incident light penetrates the surface and is scattered internally. Due to the
random nature of internal scattering, the light becomes depolarized. Some of
the light is then refracted back into the air, being partially polarized in the
process. Snell’s Law and the Fresnel equations can be used to predict the degree
of polarization of light emerging from the surface at a given angle. Figure [
shows the Fresnel coefficients for light being refracted back into air.
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Fig. 3. Fresnel coefficients for light leaving a medium (n = 1.5)
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Fig. 4. Degree of polarization for diffuse reflection for two different refractive indices

Using a similar method to that used for specular polarization, an equation
for the degree of polarization in terms of the zenith angle and refractive index
can be derived:

. (n—1/n)*sin? 0
2—2n2 — (n+1/n)?sin® 0 + 4 cosfy/n? — sin® 6

The dependence of the diffuse polarization p on the zenith angle 6 is shown in
Fig. @

The azimuth angle of the surface normal, i.e. the angle of the projection of
the surface normal onto the image plane, is also intimately related to the Fresnel
equations. As Fig. Bl shows, diffusely reflected light is reflected most efficiently
when polarized parallel to the plane containing the surface normal and the ray
reflected towards the camera. The azimuth angle therefore exactly matches the
angle of the polarizer that permits greatest transmission.

(4)

3 Polarization Analysis

Equations ([B]) and (@) are central to the technique of recovering surface orienta-
tion from diffuse polarization. For the experiments described below, the surface
normal azimuth and zenith angles were recovered using the following method:
For each object, 36 images were taken with a Nikon D70 digital SLR camera,
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with a linear polarizer mounted on the lens, which was rotated by 5° between
successive images. There was just one light source, a small but intense collimated
tungsten lamp. The walls, floor and ceiling of the laboratory, as well as the table
on which the objects lay, were matte black to avoid inter-reflections from the
environment.

As mentioned earlier, pixel brightness varies sinusoidally with polarizer angle.
A sinusoid was therefore fitted to the pixel brightnesses for each point on the
images. With Iax and Iy taken from this fit, B and (@) were used to estimate
the zenith angles. The azimuth angle of the surface was taken to match the
polarizer angle that allowed greatest transmission.

To assess the accuracy of the method, a set of vertically oriented cylinders of
various materials were used. The geometry of a cylinder is convenient for three
reasons. First, the analysis can easily be performed for all possible zenith angles.
Second, noise can be reduced by taking the average image intensity for each
column of pixels. Finally, the structure is simple enough for shape recovery to
be performed exactly from a single image. This is simply done by isolating the
cylinder from the background and placing semicircles that arch from one side of
the object to the other.

Using the method described above, we obtained a set of graphs showing the
measured and theoretical zenith angles against position across the cylinder for
different materials. Since the azimuth angle of the cylinder is constant, we can
also see how the accuracy of azimuth angle estimates vary with zenith angle, if
at all. A sample of these results for porcelain, blank photographic paper, pho-
tographic paper coated with cling film and normal paper are shown in Fig. Bl
The photographic paper is much smoother than normal paper due to its coat-
ing. Several other material samples were also analysed, including different paper
types, plastics, wax, terracotta and papers coated with inks. The graphs of Fig.
provide a good overall representation.

The first point to note about the figures is that, even for normal paper which
at the fine scale is very rough, the azimuth angles have been accurately recovered.
However, more noise is associated with the rougher surfaces.

There was greater variation in the accuracy of the zenith angle estimates.
For Fig. [ the refractive index used was simply the value that produced greatest
similarity between theory and experiment for the material in question. The shiny
white porcelain object produced excellent agreement with theory down to very
small zenith angles.

The remaining graphs in Fig.[Bl demonstrate the complications that can cause
the measured zenith angles to deviate from the expected values. The result for
blank white photographic paper, for example, is very accurate for large zenith
angles but an increasing discrepancy is present as the zenith angle approaches
zero. When the paper is coated in cling film, the discrepancy is less marked.
Clearly, this suggests that there is a process occurring that is not accounted for
by the theory. It is not considered useful to investigate this phenomenon fur-
ther because the intensity may vary by just a few grey levels in such regions.
Therefore, intensity quantization errors prevent extraction of useful data. The
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Fig. 5. Plots of measured zenith and azimuth angles (solid lines) across the surfaces of
cylinders of different materials. The exact values are indicated by the broken curves.

results for paper, which of course, is a rough matte surface, also show the phe-
nomenon of finite polarization at low zenith angles, as well as depolarizing effects
of roughness nearer to the limbs.

4 Shading Analysis and BRDF Estimation

We now turn our attention to information contained within the shading of the
images. For this analysis normal digital photographs were used (i.e. the polarizer
was removed from the camera) although taking the sum of two images with the
polarizer angle 90° different gives the same result (except for an overall inten-
sity reduction due to non-ideal filters). This analysis demonstrates the relative
strengths of polarization and shading analysis.

It is not our intention here to present a detailed survey of reflectance models
[12] but we are interested in where shading information should be used in place
of polarization. First consider the simplest reflectance model: the Lambertian
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Fig. 6. Estimation of zenith angles using the Lambertian reflectance model (solid lines)
compared to ground truth for two materials
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Fig. 7. Some of the objects used in BRDF estimation

approximation. Figure [6] shows the zenith angle prediction using this model for
the porcelain and paper samples from Fig. Bl Polarization clearly gave much
better results for porcelain, but for paper (a genuinely Lambertian surface),
polarization was weaker due to roughness. Note however that the Lambertian
model tells us little about the surface azimuth angle, whereas even for paper,
this was accurately recovered from polarization up to a 180° ambiguity caused
by the equivalence of phase angles separated by this angle.

For the final contribution of this paper, we consider the BRDF of these two
very different materials. In full, the BRDF is the ratio of reflected light to incident
light for all possible viewing and illumination directions. Here, we are concerned
with estimating the “slice” of the BRDF where the light source and camera are
coincident using a single polarization image. The method is very simple and
computationally efficient and we compare the results to ground truth and to an
intensity based method.

The polarization-based method simply bins the zenith angles recovered from
a polarization image (here bin sizes were taken to be 1° wide) and plots in-
tensity against zenith angle. The intensity based method uses the cumulative
distribution of intensity gradients to estimate the zenith angles which then ap-
proximates the BRDF in the form of a polar function on a Gauss sphere. Details
of this method can be found in [9].
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Fig. 8. Estimation of BRDF for porcelain and paper using polarization (thin solid
line) and intensity (thick line) compared to the exact curve (broken line). Note the
near-perfect overlap between the exact and polarization measurements for large zenith
angles for porcelain.

These BRDF estimation methods were applied to objects made of porcelain
and paper, some of which are shown in Fig. [l A BRDF graph was obtained
for each object. Figure [§ shows the mean graph for each material. Zenith angles
above 85° are not shown due to the difficulty in obtaining reliable intensity data
for these areas. Results are broadly as expected. For porcelain, both methods
gave good results with polarization being more accurate. In particular, the polar-
ization method gives almost exact results above about 70°. The random-looking
curve for paper shows that BRDF estimation is highly sensitive to surface ge-
ometry for that material so intensity-based methods should clearly be used here.
The BRDF can be estimated in full by repeating the experiment under many
different lighting conditions and interpolating between the positions used to es-
timate the BRDF under arbitrary illumination conditions.

5 Conclusion

This work has presented a sensitivity study of shape from diffuse polarization for
various materials. The difference in the accuracy of the method between regions
of high and low zenith angles is clearly illustrated by Fig. Bl which also provides
a detailed picture of the effects of roughness. Importantly, we see that the surface
normal azimuth angles can be accurately determined even for moderately rough
surfaces. The BRDF experiments have demonstrated very efficient methods for
BRDF estimation from polarization and intensity and has applications in im-
age rendering and combining shape from shading with polarization. The paper
clearly identifies strengths and weaknesses of shape from polarization over shape
from shading.
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Abstract. In this paper, an approach based on lacunarity to locate address blocks
in postal envelopes is proposed. After computing the lacunarity of a postal enve-
lope image, a non-linear transformation is applied on it. A thresholding technique
is then used to generate evidences. Finally, a region growing is applied to recon-
struct semantic objects like stamps, postmarks, and address blocks. Very little a
priori knowledge of the envelope images is required. By using the lacunarity for
several ranges of neighbor window sizes r onto 200 postal envelope images, the
proposed approach reached a success rate over than 97% on average.

1 Introduction

Postal Service processes postal envelopes through manual and automated operations.
The former require an employee to read the address before sorting the mail. The latter
requires that an employee simply feed mail into and remove mail from a machine that
both “reads” and sorts. Due to wide variety of postal envelope attributes like layouts,
colors, texture, and handwritten address block mixed up with postmarks or stamps,
many mails have to be processed manually. Mail-handling is a very labor intensive pro-
cess and the knowledge level required for the sorting process is quite considerable. The
use of automation is the logical choice for improving productivity and reducing ex-
penses. Mail sorting and postal automation represent an important area of application
for Image Processing and Pattern Recognition techniques. The main function required
in postal automation, involving Computer Vision, is definitely address reading and in-
terpretation.

Here, we have focused our attention on segmentation of a postal envelope image
into stamps, postmarks and address blocks. Other works in the literature have tack-
led different aspects of that problem. An address block location method is proposed in
[[L] for working with both machine and hand printed addresses. The method is based
on dividing the input image into blocks where the homogeneity of each block gradi-
ent magnitude is measured. Heuristically given thresholds are used to decide upon the
gradient magnitude of a typical address block candidate. In their tests 1600 machine

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 112119 2005.
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printed addresses and 400 hand printed ones were used, reporting over 91% successful
location. The solution appears to work fast for well-constrained envelopes, whereby a
large separation exists between the image regions since they mentioned a large draw-
back in the figures if the envelopes have more than one stamp for example. Eiterer et
al [2]] present a segmentation method based on calculation of fractal dimension from
2D variation procedure and k-means clustering. The authors have also computed the
influence of box size r used in each image pixel. Best values, on a 200 postal enve-
lope database, were obtained for range r = {3, 9}, where the segmentation recovered
address blocks (97.24% + 13.64%) with quite noise (6.43% =+ 6.52%).

The purpose of this study is to investigate the potential usefulness of lacunarity in
quantifying the texture of postal envelope images to locate handwritten address blocks,
postmarks and stamps, with little a priori knowledge of the envelope images.

The rest of this paper is organized as follows: Section [2] describes the segmenta-
tion task for postal automation and the proposed approach. Section [ presents some
experimental results, the evaluation process used and briefly a discussion. Finally, some
conclusions are drawn in Section @l

2 The Proposed Segmentation Approach for Postal Automation

The segmentation task to be performed for postal automation consists in separating the
background, and locating the address block, stamps, and postmarks. Our postal enve-
lope segmentation approach is based on evidence generation by lacunarity associated
with a region-growing algorithm. The 4 main steps are (Figure [T]):

Feature Extraction: it is performed on an input image I;,, by means of Lacunarity

generating a feature image Irg;

— Feature Normalization: New features [y are devised by non-linear normalization
from Ir g, in order to enhance singularities (discontinuities) between background
and objects and enhance extracted features;

— Saliency Identification: it is performed from Iz by a thresholding algorithm gen-
erating g7, which contains enough evidence for segmentation objects;

— Region-growing: it is applied on the evidences in I sy in order to recover all remain-

ing pixels belonging to segmentation objects of interest, yelding the final segmen-

tation J,¢.

Iin Irg Iy Igr Tout

Feature | | Feature | | Saliency Region
Extraction Normalization Identification Growing

Fig. 1. Flowchart of the segmentation approach proposed
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(a) (b)

(© (d

Fig. 2. Input image and outputs of the last three steps: (a) Envelope image, (b) Feature Normal-
ization, (c) Saliency Identification, (d) Region Growing

2.1 Feature Extraction

Lacunarity is a multi-scale measure describing the distribution of gaps within a texture:
the greater the range in gap size distribution, the more lacunar the data [3]]. Higher lacu-
narity values represent a wider range of sizes of structures within an image. Lacunarity
is sensitive to both the image density and its spatial configuration [4].

A number of algorithms have been proposed for measuring this property [S[, [6].
The Allain ’s and Cloitre ’s [7]] algorithm for lacunarity estimation gliding box method
has been adopted. The gliding-box samples an image using overlapping square win-
dows of length r. Lacunarity is defined in terms of the local first and second moments,
measured for each neighborhood size, about every pixel in the image [4]:

var(r)

L) =1+ (1)

mean?(r)
where mean(r) and var(r) are the mean and variance of the pixel values, respectively,
for a neighborhood size 7.

Thus, lacunarity is used as evidence to distinguish between background and objects.
Feature extraction (I ) is performed by using Equation[Il where mean(r) and var(r)
will be computed for different neighborhood sizes 7.

2.2 Feature Normalization

The distribution in Iz g is very sparse and non-uniform. How to detect the lacunarity
values that can capture texture characteristic for homogeneous areas or for transition
areas is the main challenge for this feature-developing task. The variations of hand-
written object sizes and background illumination in image directly affect lacunarity
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distribution. To take into account the variation of lacunarity distributions, a non-linear
normalization was used:

Irg

(k * Std(IFE) (2)

Iry = arctan(
where arctan(e) is a trigonometric and well-known non-linear function, std(Ipg) is
standard deviation of Irg and k is a multiplicative factor. Figure 2-(b) depicts an ex-
ample where it is easy to observe the enhancement of evidences.

2.3 Saliency Identification

To separate evidences into objects and background, the Otsu ’s thresholding algorithm
[8]] was used, producing the output Is; (Figure2L(c)).

Once features devised in the first two steps are thresholded, saliencies for segmen-
tation objects are detected. Thus, they are working as evidences for next step to recon-
struct desired objects. Figure 2L(d) depicts this step.

2.4 Region Growing

At this stage, the image Iy contains the selected evidences likely to belong to either
address block, stamps or postmarks. However, these evidences have to be properly used
in order to select the coherent pixels for 5.

Thus, each point in Ig; will be selected if the gray value, 7,, of respective pixel falls
inside A% of image distribution (Gaussian):

by <1y — Zsgg—x X Iy 3)

where, I,, and I, are the global mean and global standard deviation of image, respec-
tively, Z599_» is the normalized point for probability of 50% — A. In fact, we suppose
that objects to be recovered are the A% (in Gaussian distribution) darker ones.

After verifying all points ¢, indicated through Iy, only ones that hold the global
constrains (Equation[3)) will be stored:

iy < ig “

where, i, is the greatest gray value of each initial saliency so far.

If a dequeued point holds Equation[d] its neighbor points will be enqueued if they
hold Equation[3 The region-growing process will stop when there is no more points in
queue. Figure2l(d) shows an example of this process.

3 Experiments, Numerical Results and Discussion

A database composed of 200 complex postal envelope images, with no fixed position
for the handwritten address blocks, postmarks and stamps was used. Each grayscale
image, approximately 1500 x 2200 pixels, was digitized at 200 dpi. We could verify
that the address blocks, stamps and postmarks represent only 1.5%, 4.0% and 1.0% on
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(a) (b)

(© (d

Fig. 3. Four (4) different images of postal envelopes used, as I;, in the experiments
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Fig. 4. Final results I, obtained by our proposed approach with recovered address block, stamps
and postmarks without background, for 4 different envelopes

average of the envelope area, respectively and that the great majority of pixels of these
images belong to the envelope background (approximately 93.5%). Figure 3] depicts 4
envelopes issued from this database.

A ground-truth strategy was employed to evaluate the accuracy of the proposed ap-
proach. The ideal result (ground-truth segmentation) regarding each class (handwritten
address block, postmarks and stamps) has been generated for each envelope image. By
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comparing identical pixels at the same location in the ground-truth images and seg-
mented ones, a score of segmentation was computed.

The accuracy evaluation of the proposed method was carried out focusing the atten-
tion to address block. The tradeoff between high address block accuracy and low noise
rates has been taken into account. Table[Il depicts the best results, where the lacunarity
box size r = 3, k = 2, and A = 10% (and Zsg9_» = 1.28).

Table 1. Best results. Average results with identification of regions (pixel by pixel accuracy) for
the images tested.

Objects |Accuracy pixel by pixel (u £ o)
Address Block(97.52% + 5.72%

Stamp 31.94% + 15.10%

Postmarks 88.07% + 16.79%

Noise 0.51% + 0.75%

Independently of the layout and background in the input images (Figure [3)), one can
observe that the segmentation has succeeded in recovering address blocks, postmarks
and stamps, and eliminating the background (Figure [).

In order to quantify their influence in accuracy, experiments to test each step of the
proposed approach have been run. Thus, we have focused our attention on automation
purposes, and only address block accuracy and noise have been reported. Table2 depicts
variations in results when the box size r changes. By increasing r, the address block
accuracy decreases and the noise increases. In addition, by increasing r, the approach
time complexity increases, since it is O(r?n) in lacunarity feature extraction. From
these experiments, one can conclude that » = 3 is the best box size.

Table 2. Testing Lacunarity varying box size r

Accuracy pixel by pixel (u & o)
Address Block | Noise

Lac

97.52% £+ 5.72%

0.51% £ 0.75%

97.37% £ 5.95%

0.52% £ 0.76%

97.14% + 6.42%

0.52% £ 0.77%

O | | W

96.80% £ 7.10%

0.53% £ 0.76%

The influence of multiplicative factor of non-linear normalization has also been
tested (Table B)). No meaningful modification in accuracy has occurred. We can con-
clude that feature extraction and proposed non-linear normalization based on standard
deviation are robust.

The influence of parameter A has also been analyzed (Table ). By observing the
results regarding accuracy for address block and noise, one can clearly observe how A
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Table 3. Testing non-linearity factor normalization k

J. Facon, D. Menoti, and A. de Albuquerque Aratjo

Accuracy pixel by pixel (1 £ o)

factor| Address Block | Noise
0.25 (97.80% =+ 5.35%0.80% =+ 1.04%
0.5 97.77% + 5.37%0.66% + 0.88%
1 |97.71% =+ 5.46%0.59% =+ 0.82%
2 197.52% =+ 5.72%0.51% =+ 0.75%
3 197.33% + 5.97%|0.48% + 0.72%
4 197.13% =+ 6.28%(0.45% + 0.72%

parameter can affect the accuracy. Increasing (decreasing) A increases (decreases) both
address block and noise accuracies. By considering 0.51% a good noise rate on average,
A = 10% has been chosen.

Table 4. Testing objects image distribution, the A parameter

Accuracy pixel by pixel (¢ £ o)

Address Block

| Noise

17%

98.56% + 3.71%

0.87% £ 1.21%

15%

98.34% + 4.10%

0.77% £+ 1.11%

10%

97.52% £+ 5.72%

0.51% £ 0.75%

5%

94.77% £ 9.32%

0.28% =+ 0.45%

2.5%

91.98% + 12.97%

0.17% =+ 0.29%

These experiments have shown that the accuracy is biased only for A parameter, which
is used to apply the knowledge about database images. One can say that the Gaussian
supposition works well (global constrain - Equation[3). On other hand, the value choice
of the other parameters was not critical in our proposed segmentation method.

4 Conclusions

A new postal envelope segmentation method based on saliency identification from la-
cunarity feature was proposed. The obtained results have shown this approach very
promising. The lacunarity algorithm is simple to implement, depending only on local
means and variances calculated for window sizes throughout the image. There is no
need to correct for noise in the image. Hence, lacunarity by itself may be sufficient to
characterize postal envelope texture, address block, postmarks and stamps, resulting in
a major advantage over other approaches. The time complexity (O(n) ) of the region-
growing algorithm is the same as in other approaches. But, simplicity of this approach
gives a time performance gain (6 times faster), compared with [2], which performs an
iterative process (k-means algorithm) and uses large box sizes for computing the fractal
dimension.
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Abstract. This paper proposes a measure of quality for evaluating the perfor-
mance of region-based segmentation methods. Degradation mechanisms are used
to compare segmentation evaluation methods onto deteriorated ground-truth seg-
mentation images. Experiments showed the significance of using degradation
mechanisms to compare segmentation evaluation methods. Encouraging results
were obtained for a selection of degradation effects.

1 Introduction

Image Segmentation is a field that deals with the analysis of the spatial content of an im-
age. Itis used to separate semantic sets (regions, textures edges) and is an important step
for image understanding. The region-based segmentation consists in estimating which
class each pixel of the image belongs to. Due to the fact that none of the segmentation
approaches are applicable to all images, several region-based segmentation approaches
have been proposed. None of the algorithms are equally suitable for a particular applica-
tion. It is the reason why establish certain criteria, other than human subjective ones, to
evaluate the performance evaluation of segmentation algorithms is needed. Performance
evaluation is a critical step for increasing the understanding rates in image processing.
This work will focus on discrepancy evaluation methods of region-based segmentation,
that consist in comparing the results obtained by applying a segmentation algorithm
with a reference (ground-truth) and measuring the differences (or discrepancy). Zhang
[1] has proposed a discrepancy evaluation method based on mis-classified pixels. Sup-
pose an image segmented into NV pixel classes, a confusion matrix C' of dimension
N x N can be constructed, where each entry Cj; represents the pixel number of class
j classified as class ¢ by the segmentation algorithms. A first error type named “multi-
class Type I error” was defined as:

N N
M® =100 x KZ Cz-k) - Ckk] / [Z Cik} (0
i=1 =1

where the numerator represents the pixel number of class k not classified as k and the
denominator is the total pixel number of class k. A second error type named “multi-
class Type 11 error” was defined as:

M. Lazo and A. Sanfeliu (Eds.): CIARP 2005, LNCS 3773, pp. 12001271 2005.
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N N
M™% =100 x KZ C,ﬂ) - Ckk] I )
i=1 3 j

=1 j=1

where the numerator represents the pixel number of other classes called class k. The
denominator is the total pixel number of other classes.

Yasnoff et al [2] have shown that measuring the discrepancy only on the number
of mis-classified pixels does not consider the pixel position error. Possible solution is
to use the distance between the mis-segmented pixel and the nearest pixel that actually
belongs to the mis-segmented class. Let S be the number of mis-segmented pixels for
the whole image and d(i) be a metric to measure the distance between the ‘" mis-
segmented pixel and the nearest pixel that actually is of the mis-classified class. Yasnoff
et al [2] have defined a discrepancy measure D based on this distance:

s
D= d(i) 3)

i=1
To exempt the influence of image size, the discrepancy measure D is normalized N D:
ND:100><\/5/T (4)

where T is the total pixel number in the image.

This work will focus on proposing a new discrepancy evaluation and a strategy
for measuring its performance. This paper is organized as follows: A new discrepancy
evaluation method taking into account the different scenarios” occurred in a segmen-
tation process is detailed in Section 2 Section [3] presents some experimental results
and discussions. Section M shows the quality evaluation of two specific address block
segmentation methods. Finally, some conclusions are drawn in Section[3l

2 New Discrepancy Evaluation Method

A discrepancy evaluation method taking into account the different ”scenarios” occurred
in a segmentation process is proposed. Let A be a segmentation algorithm to be evalu-
ated. Let G; (where i = 1 to G) be the ground-truth regions of a image and S; (where
j =1to S) be the segmented regions obtained from algorithm A. Let n¢g; be the pixel
number of the ground-truth region G, and ng; be the pixel number of the segmented
region S;. Let also w;; = ng; N ng; be the number of well-classified pixels between
regions G; e S;. A discrepancy measure D; is defined for each ground-truth region.
G;. To characterize the discrepancy between G; and S}, four classifications of region
segmentation are considered:

— Correct segmentation: The ground-truthregion GG; has been segmented in an unique
region S;: the discrepancy measure is D; = w;;. In case of total overlap, D; =
Wi; = NGq = NSy.

— Over-segmentation: The segmentation process has fragmented the ground-truth re-
gion G; in a set of s regions S;: the discrepancy measure is D; = w;;/s;
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— Under-segmentation: The segmentation process has merged a set of g ground-truth
region G; in an unique region S;: the discrepancy measure is D; = w;;/g;

— mis-segmentation: The ground-truth region G; has not been segmented. The dis-
crepancy measure in this case represents a penalty: D; = —ngy;

A general metric 7(A), taking into account these four ”scenarios”, can qualify the
segmentation method A, as follows:
G
s D
T(A) = Zc;l (5)
> ic1 NGi

This metric 7'(A) presents some properties:

T(A) = —1 when segmentation totally failed (the A algorithm has ignored all
ground-truth regions);

Y (A) = 0 when the number of correct, over or under-segmented pixels matches
the number of “’forgotten” pixels;

T (A) = 1 when segmentation has completely succeeded;

Metric 7'(A) verifies —1 < T'(A) < 1.

3 Comparison Strategy and Results

In order to compare different segmentation methods, two strategies can be used: the
first one consists in applying the evaluation methods to segmented images obtained
from different segmentation approaches. The second one consists in simulating results
of segmentation processes. The latter has been adopted and a set of test images syn-
thetically deteriorated was used. A binary image (640 x 480 pixels) that represents the
ground-truth segmentation has suffered deteriorations. By this way, the aim is evalu-
ating the resistance of segmentation methods to noise, shrinking and stretching. The
degradation processes are a combination of salt noise, pepper noise and salt-pepper
noise ({1, 5, 10,15, 20, 25, 30, 35,40, 45,50%}), ¢ (€ [1,5]) erosions and dilations
(both with cross and square structuring elements EE. Fig [Ildepicts some of these test
images used during the evaluation process.

Five discrepancy criteria have been applied to a database of 90 deteriorated im-
ages (Fig [0) where image [IH(a) represents the ground-truth image: The Zhang [1]]
multi-class Types I and I error criteria (equations [[land ) , the Yasnoff et al [2] dis-
crepancy measure N D (equation (), the new proposed evaluation metric (equation [3)),
respectively named DBMCP —Type I, DBMCP —Type I1, DBSMSP and 7(.).
By modifying the N D measure, a fifth discrepancy measure , named DBSMSP — 11,
has been used, where d(i) measures the distance between the i* mis-segmented pixel
and the gravity center of the nearest ground-truth class.

For the aim of comparison, results are depicted in Figures 2l Bl @l DBMCP —
Type I, DBMCP — Type 1[I, DBSMSP, DBSMSP — Il measures have been
inverted and 7°(.) metric normalized between 0 and 1.
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(a)

(b) () (d)

Fig. 1. Test images: (a) Ground-truth image, (b) Salt-Pepper (50%), (c) Dilation (cross EE 1
iteration), (d) Erosion (square E'E 5 iterations)

It may be observed that:

— The DBMCP — Type I, DBSMSP and DBSMSP — II measures are totally
insensitive with respect to holed” segmentation simulated from salt noise (Figure
2H(a). The DBM CP — T'ype 11 measure is few sensitive. In the opposite, the new
7 (.) criterion is very sensitive to the "salt” effect;

— No measure is really sensitive with respect to noisy segmentation simulated from
pepper noise (Figure 2L(b);

— With respect to black set expansion simulated from dilation, DBMCP — Type I1
and 7'(.) criteria is very sensitive (Figure 3+(b));

— With respect to black set shrinking simulated from erosion, no measure (Figure Bl
(a)) shows high sensibility. The D BM C P —Type I measure is the more sensitive;

— With respect to black set expansion and salt-pepper noise, all measures (Figure 4t
(a)) show low sensibility. The proposed metric 7°(.) is less sensitive than other ones
when erosion is combined with few salt-pepper. On the other hand, with increasing
salt-pepper percent, the metric 7°(.) decreases faster than other ones;

— With respect to bad segmentation simulated from dilation and salt-pepper noise,
DBSMSP — 11, DBMCP — Type I and DBSM S P measures are not very
sensitive (Figure EH(b)). In case of serious degradation (one EE.,.ss dilation and
50% of salt-pepper noise), these criteria do not decrease below 77%. DBMC P
—Type I criterion is a little bit more sensitive and does not decrease below 80%.
The new Y(.) criterion is much more robust and reliable in evaluating this kind of
bad segmentation.
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Salt| DBMCP |[DBMCP | DBSMSP |DBSMSP| T{.) Pepper| DBMCP | DBMCP | DBSMSP | DBSMSP| T(.)
Typel | Typell 11 Typel | Typell 1
1% | L00 | 1,00 1,00 1,00 | 0098 1% | 100 | 1,00 0,99 0,9 | 1,00
5% | 1,00 | 098 1,00 1,00 | 091 5% | 098 | 1,00 0,97 090 | 1,00
10% | 100 | 095 1,00 1,00 | 083 10% | 095 | 1,00 0,96 089 | 1,00
15% | 100 | 093 1,00 1,00 | 075 15% | 093 | 1,00 0,96 089 | 1,00
20% | 100 | 091 1,00 1,00 | 067 20% | 091 | 1,00 0,95 089 | 100
25% | 1,00 | 089 1,00 1,00 | 057 25% | 089 | 1,00 0,95 0,38 | 0,99
30% | 1,00 | 087 1.00 1,00 | 050 30% | 087 | 100 0,94 088 | 099
35% | 100 | 085 1,00 1,00 | 043 3% | 085 | 1,00 0,94 088 | 0,99
40% | 100 | 084 1,00 1,00 | 0,28 40% | 084 | 1,00 0,93 088 | 099
45% | 1,00 | 082 1,00 1,00 | 0,11 H% | 082 | 1,00 0,93 088 |097
50% | 100 | 080 1,00 1,00 | 0,00 50% | 080 | 1,00 0,93 088 | 095
(a) (b)

Fig. 2. Normalised measure values for:(a) Salt noise, (b) Pepper noise

Etosion | DBMCP|DBMCP | DBSMSP |DBSMSP | T(.) Dilation | DBMCP |DBMCP | DBSMSP [DBSMSP| 1(.)
Typel | Typell 11 Typel | Typell 11
1| 09 | 100 | 09 0,89 | 1,00 1 Loo | 073 1,00 1,00 | 080
2|08 | 100 | 09 089 1095 21 100 | 047 1,00 1,00 | 0,60
3108 | 100 | 093 0,38 | 086 3] Lo | 023 1,00 1,00 1038
41078 | Loo | 092 0,33 | 084 41 1,00 | 005 1,00 1,00 (0,19
51 072 | Lo0 | 091 0,38 | 084 5 100 | 001 1,00 1,00 | 0,00
(@) (b)

Fig. 3. Normalized measure values for:(a) Erosion, (b) Dilation

Salt | DBMCP|DBMCP | DBSMSP | DBSMSP| T(.) Salt| DBMCP|DBMCP | DBSMSP [DBSMSP| ()
Pepper | Type1 | Type 1l 1 Pepper| Typel | Typell 1

1% | 094 1,00 0,96 0,89 | 1,00 1% | 100 0,72 099 09 | 0,73

5% | 092 0,98 0,95 090 | 0,98 5% | 098 0,72 097 090 | 0,68
10% | 090 | 095 | 095 039 | 0,95 10% | 095 | 070 | 096 089 | 065
15% | 0,88 0,93 0,94 0,89 | 0,93 15% | 093 0,70 0,96 089 | 0,63
20% | 0,36 0,91 0,94 0,89 |09 20% | 091 0,79 0,95 089 | 0,60
25% | 085 0,89 0,94 0,88 |08 25% | 0.89 0,68 0,95 088 | 053
30% | 083 0,87 093 0,88 | 0,85 30% | 087 0,67 0,94 0,88 | 0,50
35% | 08l 0,85 093 088 | 082 35% | 085 0,66 0,94 0,88 | 0,50
40% | 080 0,84 093 0,88 | 0,81 40% | 084 0,65 093 0838 | 044
4% | 0,78 0,82 0,92 0,88 | 0,78 45% | 0.82 0,65 093 088 | 043
50% | 0,77 0,80 092 0,88 | 0,76 50% | 0.80 0,64 093 088 | 037

Fig. 4. Normalized measure values with salt-pepper noise for: (a) Erosion, (b) Dilation
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4 Real Application and Discussion

In order to test the accuracy of quality evaluation in real segmentation, the five discrep-
ancy criteria were applied on two published approaches for postal envelopes; the first
one based on feature selection in wavelet space [3] and the second one based on fractal
dimension [4]. In both approaches, the same database composed of 200 complex postal
envelope images, with no fixed position for the handwritten address blocks, postmarks
and stamps was used. The authors have also employed a ground-truth strategy where
the accuracy was computed by only taking in account the identical pixels at the same
location.

According to [3], the wavelet-based segmentation rates are 97.36% for address
block, 26.96% for stamps and 75.88% for postmarks. According to [4], the fractal-
based approach rates are 97.24% for address block, 66.34% for stamps and 91.89% for
postmarks.

By applying the five discrepancy criteria to [3] ’s and [4] ’s segmentation results,
without separating the address block, stamp and postmark classes, we obtained the qual-
ity evaluation rates grouped in Table [Il This Table depicts that DBMCP — Type I
and DBSMSP and DBSMSP — II measures have the same sensibility than [3] ’s
and [4]] ’s address block evaluation. This fact means that these 3 measures were not
able to accurately evaluate the results of real segmentation. The 3 measures have not
evaluated that the stamp and postmark segmentation was worse than the address block
one.

Table 1. Quality evaluation comparison for the database

Method  DBNMSP|DBNMSP|DBSMSP|DBSMSP| 7(.)
Typel | Type Il II
Wavelet| 0,993 0,645 0,996 0,983 0,404
Fractal | 0,917 0,872 0,982 0,967 10,378

Table 2. Quality evaluation comparison for only images No 1 and No 2

Image DBNMSP|DBNMSP|DBSMSP|DBSMSP| 7'(.)
Typel | Typell II
Nol 0,999 0,303 0,999 0,983 10,192
No2 | 0,995 0,999 0,997 0,993 10,975

DBMCP—Type II measure has shown be more sensitive than the three first ones.
The new Y'(.) criterion has shown be much more severe than other ones. This is due to
the fact that 7°(.) criterion took in account all the classes. And one can observe that the
rates are low because the stamp segmentation was inefficient. The defects occurred in
stamp segmentation are similar to bad segmentation simulated from dilation or dilation
and salt-pepper noise described in section 3l Figure [B]depicts the segmentation of two
postal envelopes, the first one (Figure [BH(a), (b) and (c)) with stamps and the second
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Fig. 5. Examples of address block segmentation: (a) Original image No 1, (b) Ground-truth im-
age, (c) Segmentation Result, (d) Original image No 2, (e) Ground-truth image, (f) Segmentation
Result

one (Figure 3H(d), (e) and (f)) without stamp neither postmark. Table 2] shows the five
discrepancy criteria segmentation rates for the two above images. One can observe that,
for Figure [BH(a) where the stamp segmentation was inefficient, whereas DBMCP —
Type I and DBSMSP and DBSMSP — I1I rates are high, DBMCP — Type 11
and 7°(.) rates are low. For Figure [3H(d) without stamp neither postmark, the address
block segmentation was efficient and DBMCP — Type II and 7'(.) rates are very
high. Due to noise occurred in address block segmentation, 7°(.) rate is lower than
DBMCP — Type II one. This point shows that the 7°(.) measure is more able to take
in account different segmentation scenarios than other criteria.
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S Conclusions

A new discrepancy evaluation criterion considering different ’scenarios” occurred in
a segmentation process have been proposed. The new measure has been compared to
traditional discrepancy evaluation criteria. A strategy for evaluating the new measure
and other ones in the context of region-based segmentation was used. By applying the
discrepancy criteria onto a test database of degradated images, the new discrepancy
evaluation criterion has shown to be more sensitive than other ones.

By applying the discrepancy criteria in real segmentation onto wavelet based-
segmentation and fractal based-segmentation methods for postal envelope segmenta-
tion, experiments have shown that the new measure is more severe than other ones and
is able to take in account different segmentation scenarios.

As explained before, evaluation is a critical step. And this study has shown that it
is possible to evaluate different segmentation ’scenarios”. In spite of its simplicity, the
new measure was shown to be appropriated in the segmentation evaluation challenge.
Another advantage is that, in opposite to the study of [5], that excludes bad segmenta-
tion, there is no restriction in applying our evaluation approach.
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Abstract. The coarse to fine search methodology is frequently applied
to a wide variety of problems in computer vision. In this paper it is shown
that this strategy can be used to enhance the recognition of on-line hand-
written characters. Some explicit knowledge about the structure of a hand-
written character can be obtained through a structural parameterization.
The Frame Deformation Energy matching (FDE) method is a method op-
timized to include such knowledge in the discrimination process. This pa-
per presents a novel parameterization strategy, the Djikstra Curve Maxi-
mization (DCM) method, for the segments of the structural frame. Since
this method distributes points unevenly on each segment, point-to-point
matching strategies are not suitable. A new distance measure for these
segment-to-segment comparisons have been developed. Experiments have
been conducted with various settings for the new FDE on a large data set
both with a single model matching scheme and with a kNN type template
matching scheme. The results reveal that the FDE even in an ad hoc im-
plementation is a robust matching method with recognition results well
comparing to the existing state-of-the-art methods.

1 Introduction

Explicit usage of the structural information inherent to handwritten characters
is highly uncommon in state-of-the-art recognition methods today. The tantaliz-
ing idea of automatic optimization of all kinds of features by means of statistical
methods such as Neural Networks (NN) and/or Hidden Markov Models (HMM)
seems to have caused researchers to abandon the more straightforward discrim-
ination methods based on template matching [I0]. The most successful of the
template matching methods, which still seems to have some followers [13], is the
Dynamic Time Warping (DTW) method which improves on static matching by
enabling a dynamic match between different dimensions. Under equal training
circumstances Hidden Markov Models seems to provide a higher hitrate than
DTW [3]. It is probable that HMM can be somewhat less sensitive to the non-
linearity of the variations of handwritten data since it models smaller segments
of each character with hidden states based on features [6]. However, the Markov
characteristic of such systems may also make it difficult to construct features that
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can discriminate between some models that have similar sets of hidden states
but of varying durations [I]. Recently Bahlmann et al. [2] have shown how DTW
and HMM relate to each other.

This paper presents considerable enhancements to the new template match-
ing method called Frame Deformation Energy (FDE) matching. The method is
based on a structural parameterization obtained by extracting a structurally de-
fined subset of points called core points in two stages. A outer core point frame is
obtained as the set of local extreme points in the direction orthogonal to the writ-
ing direction and then a fixed number of points is added to each such segment.
This paper introduces a new method, here called the Djikstra Curve Maximiza-
tion (DCM) method to extract the fixed number of points on each segment of
the core point frame. Previously the extraction of such sets of interesting points
have been performed mainly for segmentation of cursive script [9,[11]. It has
previously been shown that a structural parameterization enhances the recog-
nition performance for Euclidean matching. In this paper, implementation of a
new curve segment matching strategy developed for the DCM parameterization
method produces the highest recognition results obtained for the FDE strategy
so far. In particular the method seems robust and delivers very reliable results
for top two candidates.

2 Structural Reparameterization with Core Points

In the field of handwriting recognition (HWR) most of the techniques for extract-
ing the most interesting points on a curve have been developed for segmentation
of cursive script [§]. It has previously been shown that this strategy can be used
also to decompose isolated characters into smaller segments of simple curves.
The achievement of such a decomposition is that it enables a description of the
non-linear variations of handwritten data into smaller less non-linear parts. In
this paper a very simple yet effective method of dividing samples into segments
has been studied. The extreme points in the direction orthogonal to the writ-
ing direction (normally y) define a subset here called the core point frame.
Once such a method for fixing this greater structure of segments has been cho-
sen, the problem of fixing a parameterization for the intermittent points can be
addressed. Independently of the method chosen for accomplishing this the new
parameterization of a core point frame with intermittent points, will be called
the core points C(X) of a sample X.

2.1 Choosing a Fixed Number of Intermittent Points

The most basic approach for picking middle points is to sample each segment
in the core point frame by arclength. The weakness of this method is that seg-
ments may require a varied number of points in order to be described correctly.
Of course one can choose to pick many points but this also effects the time com-
plexity. This rudimentary method is here referred to as the Segment Arclength
(SA) method. Aiming at enabling an upper bound for the required number of
points on each segment, methods that try to approximate the segment by a few
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number of points have also been investigated below. For handwritten characters
a study of the various allographs of the script reveals that there is a maximum
of significant points on the segments. For the Latin-1 character set it has been
empirically observed that this number is three on any individual segment. For
this reason a fixed number of three points have been placed on each segment for
both methods of choosing points described below.

Since each segment of the core point frame should be described as well as
possible a method that chooses the most interesting points on this curve segment
is needed. As stated previously such methods have been used in the past for
cursive script segmentation [8]. A method inspired by these ideas have been
tried and will be referred to as the Curvature (C) method. Instead of just spacing
the points evenly on the segment as one would if one were to use conventional
arclength parameterization, a search for points that have a significant curvature
is performed first. This search is done recursively by picking any point with a
diversion from the line between the start and end point that exceeds a threshold.
If the number of curvature points chosen in this manner is less than the fixed
number of points per segment, points are added in a manner that spaces them
as evenly as possible.

Choosing the n points on a piece of a curve that best approximates it is
a problem that has been thoroughly studied in the field of discrete geometry
[5]. There it is common to refer to the best approximation the so called min-e
solution in terms of the uniform metric i.e. the n points on the (discrete) curve
X = {z;}", resulting in the smallest maximum distance between the removed
points and the resulting piecewise linear curve.

Below we present a fundamentally different approach for finding an approxi-
mation of an m-polygon with n points. With a Euclidean metric the subset that
maximizes the linear segment function is:

n
(mpu ) xpn) = argmax Z ”xpj - xpj—l ” (1)
(P1se-spn)C(L,.m) 5

We call the method of finding (xy,, ..., zp, ) on a m-polygon according to (),
the Djikstra Curve Mazimization (DCM) method since the set can be found by
means of a modified version of the Djikstras algorithm. This is a clear strategy
with the appealing characteristic that it is independent of threshold values and
other tuning parameters indispensable for the C-method described above.

One can easily show that the DCM and the min-e curve approximations
are similar under some circumstances. One equally easily realizes that there are
many cases when they differ. One interesting example are the respective solutions
of the min-e approach and the DCM to picking one point on a sinus curve on
the interval [0, 27]. Here the DCM has two optimal solutions lying close to the
respective extreme points, whereas the min-e¢ approach will choose the middle
point. In particular one easily observes that their behavior differ greatly when
the number n is less than the number of local extreme points on the curve.
The DCM gets many solutions in this case, all aiming at choosing one of the
prominent features of the curve whereas the min-e solution gives the mean path.
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Fig.1. Two cursive words with the original sampling to the left and the core point
reparameterized words to the right. Here the DCM technique of Section B1]is used to
find the intermittent points in the core point frame.

Examples of the extracting core points with DCM on some connected character
sequences are shown in Figure [l Apparently the DCM provides a nice and
smooth curve.

3 The Frame Deformation Energy Model

One of the limitations of template matching techniques such as DTW lies in
the fact that the normalization is global. Even though DTW is successful at
enabling matching between samples of varying dimension it is still dependent on
normalization and thereby also sensitive to non-linear variations. In other words
a handwritten sample X is in general not only the result of global transformation
of the reference template but also of individual transformations of each segment
of the core point frame.

These facts motivate the search for a method that tries to find both the
local segment transformations as well as calculate the resulting distance to the
transformed segments. In short the matching process of a sample X = {z;} to a
template (prototype) P = {p;} can be divided into three stages:

1. Find the best global linear transformation Ap = argmin;, ||P — LX]|

2. Find the frame bending transformation Bp,p; = Bp(x;),
Vx;, pi in their respective core point frames

3. Calculate a distance value dependent on the transformations Ap, Bp and
the remaining difference P — Bp(Ap(X))
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Analysis of samples of on-line handwritten characters clearly show that in-
class global transformations of handwritten characters are constrained linear
transformations. There are no reflections and only limited rotation and skew. The
frame bending transformations are defined as the transformations identifying the
corresponding core point frames.

3.1 Distance Calculation

A popular method to achieve exact transformations between templates in pat-
tern recognition is thin-plate splines. Although there have been successful ap-
plications of thin-plate splines to the character recognition problem in the past
[4] it has obvious shortcomings. The main problem is that common variations
in handwritten patterns involves points on the extension of a line being dis-
tributed on either side of the line causing folding of the thin-plate spline. To
counter this problem a much simpler energy model for the frame is introduced.
Let each segment be modelled by a robust spring that is equally sensitive to
compression and prolongation and let the connection between each segment be
a coiled spring that is equally sensitive to torque in both directions. The most
simple distance measure for the bending energy of the frame between a sample
X and a template P of m core points, with frames Fx = (fx(1),..., fx(n)) to
Fp=(fp(1),..., fp(n)) is then given by

| Ife(i+1) - fP(i)H)z+

[fx(+1) = fx (@)
Z bl ||fx —Ix@=Dl Nfp@) = fr@i =1

where k., k, are the spring constants for the segment springs and the inter-
segment springs respectively. The intermittent frame segment angles F)iF X are
defined as 0] = arg(fx (i + 1) — fx (i), fx(i) — fx(i — 1)). For notational con-
venience a modula 7 for the angle retrieved with the arg operator is implied. As
described in the previous section the result of the bent frame Bp, (Fx) is that
IIBr. (Fx)—Fp|| = 0, however, the intermittent points are just Bookstein coordi-
nates in their respective surrounding segment and will generally not be identical.
To model their distance, the different models for selecting the intermittent points
presented in Section 2] have been evaluated with various distance measures.

Distance Measures for Intermittent Core Points. From an implementa-
tion point of view the most simple way to model the energy of transforming
points from one curve to the other is to to find a model that corresponds to the
Euclidean measure. This is achieved by imagining that each of the intermittent
points are attached to the corresponding point in the sample being matched by
elastic strings. This induces an energy measure for the intermittent points after
matching the frame

Exi(Bp(Ap(X)), P Zk IBp(Ap(z;)) —pill?, 3)
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where k; is the spring constant for the string attached to core point j in P.
Evidently setting k; = 1,7 = 1,...,m gives the square Euclidean distance of
the bent frame transformed sample |[Bp(Ap(X)) — P||?. This should only be
suitable when there is a strong correspondence between points on the segments
so it should not be used with selection methods that distributes points unevenly
such as the DCM. Even though most of the parameterizational differences should
have been depleted by the core point reparameterization one could also try a
DTW measure on the intermittent points. However this has not been tested in
this paper.

The DCM method presented in Section 2] is not suitable to use with either
of these measures since points may be distributed anywhere on the curve seg-
ment. Instead some kind of curve comparison measure that is independent of
the parameterization is needed. To accomplish a new distance function the Djik-
stra Curve distance EDC | consisting of two individual components is proposed.
The first component is a Point-to-curve distance function dpc (X, P), used for
matching the intermittent core points of one curve to some line segment in the
other curve. It is a DTW method with transitions (1,0), (1, 1) solving the prob-
lem of finding the correspondence function @(k) = (¢, (k), ¢p(k)),k =1,....m
that optimizes

dpc(X, P) = min Z:l 9PL(Tg, (i)s Pop(i)): (4)
where &(1) = (1, k1),2(m) = (m, km), ki < kiz1,¥i € (1,...,m). Here gpr(xk, Pj)
denotes the distance between point zj and the line segment p; = (pj_1,p;). Let
l; be the line passing through line segment p; and let xf] be the orthogonal
projection of point x onto [;, then

min(||zx — pj-1ll; o = pil), if 2, 4 € Py,
llxx — xéj p I, otherwise .

grL(Te, pj) = { (5)

The dpc distance function from ) is found through the following recursive
algorithm

Algorithm 1.
Dj(l) = gPL(]-aj)aj = ]-a cee,m A+ 1
forj=1,....m+1do
fork=2,....m do
Dj(k) := gpr(k,j) +min(D;_1(k — 1), D;(k — 1))
end for
end for
dpc = argmin; D;(m)

The second is a fuzzy DTW distance function computing a distance between
the angles of consecutive core points. Denote the normalized angles of consecu-
tive points in X and P by {6;*}™, and {6}, respectively then the angular
distance function corresponding to (B is defined as

ga(@i,pg) = (5o (65 — 07)/m) + (ma(X* = A]))?, (6)
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where \X = % is the location of each angle in terms of the baseline.
It has been found that results are improved if a certain fuzziness is added to the
angular distance function. To enable this the definition of g4 in (@) is extended
to treat matching the angle on one curve segment to a flat segment on the other

defined as a parameter ¢ € [0, 1] between two points as
ga(zi,pj +1) = (ko0 — m)/m) + (kAN — (L= OX] —tAll1))% (7))

The recursive update rule for the algorithm finding the best DTW distance
corresponding to the inner statement of Algorithm [ in this case becomes

ga(xj, pr) + Db (k)
2g.a(xj,pr) + D3ty (k—1)
ga(zj,pr) + Dfl(k -1)
D (k) = min § 2g.4 (x5, px) + minge(,.. j—1) D, (k — 1)+ (8)
D oim1 84(Tj—rpisPr—1 +i/(r + 1))
2g4(x;j, pr) + minge(i,..j-1) D}Ll—1(k3 —r)+
Dic1 8a(zjo1 +4/(r + 1), pr—rti)

According to (§) the total angular distance will be d (X, P) = D:}(m). Now the
Djikstra Curve distance EDC can be written as

EPC =dpo(X,P) +dpc(P,X) +da(X, P). (9)

The Frame Deformation Energy Distance (FDE). Above we have de-
scribed methods to account for the two steps of frame bending and curve seg-
ment comparison. It is not entirely obvious how to fit a suitable penalization of
global transformations into this. On one hand global transformations are natural
variations of isolated handwritten character data and on the other some kind of
penalization is necessary since the energy Fp(X, P) of () is invariant to global
rotation. One could try global transformations of rotation and of the triple scale,
rotation and skew. For these parameters of scale (A, A, ), rotation 6 and skew
1 one can define a distance function similar to that of the bending energy by
setting

mod (0, ) mod (7, 7)
T T

Egrss(X,P) = kx((k—“")tx —1)% + ko

iy 2, (10)

)% + o
where t) is 1 Ay < Ay and —1 otherwise. However in the experiments of this
paper only the rotational component in (I0) denoted by Egr(X,P) has been
used.

Combining the distance components for global transformation, bending en-
ergy and curve segment into a weighted sum produces the following distance
functions:

Dgethad(X, P) = U/AER(Xa P) + wBEEB(A(X)vP)
+wn B ABX), P) - (11)



Frame Deformation Energy Matching of On-Line Handwritten Characters 135

The model, M Affine approx model, M, . E =0 The model, M Rotated model, MRy . Ep =0
015 A(M.X) = [1.0228 ~0.086303; 0.057366 0.84395 | 015 0=1.3897 deg
01 04 01
0.05 005 o1
005
0 ° 0 o
-0.05 -0.05 005
-0 -01 -0 -0
04 o o1 02 01 o0 o1 02 0.1 o o1 o2 01 0 01 o2
Bent f f model, B, (M), E. = 0.7151 Intermittent point ener Bent f f model, B, (M), E,, = 1.7 Intermittent point energ
ent frame of model, B, (M), E; = 071518 e (oint energy ent frame of model, B, (M), E; = 1.7368 N {ointenergy

01 01 01

0.05 0.05 :
4 0 o 0
\
~0.05 ~0.05 ) 0.1 -0.1
-0.1

-0.1
o1 0 o1 o2 -0.1 0 01 02 Z02 0 02 -02 -01 0 01 02

Fig. 2. One in-class and one inter-class example of a mean model matched to a sample
according to the scheme of Section [3]

Matching with the distance function in () will be referred to as Frame
Deformation Energy Matching (FDE). The optimization problem of finding the
optimal set of parameters {w}, {k} could probably be solved by some Support
Vector Machine inspired method but it is interesting enough to receive full at-
tention in a separate paper.

4 Experiments

The recognition experiments in this paper have been conducted on the MIT
single character database [7]. The set of 37161 samples from the w section (single
characters from words) was selected as test set while the 2825 samples from the
[ section was selected as the training set.

For single models the new version of the template matching method FDE
was compared to DTW as well as a Gaussian Active Shape Model (AS) such as
it is described in thesis [I2]. For the FDE and DTW methods a single model was
constructed for each allograph as the mean of the samples belonging to that allo-
graph class. For AS one model was built for each allograph class. The FDE was
implemented with the DE measure in the most simple way by manually setting
all the spring constants in (), [@B]) as well as all of the weights in ([IIl) to suitable
values. Even with this simple ad hoc setting the results of template matching

Table 1. Results of k-NN matching on the MIT database. The different methods for
selecting intermittent points are shown as CP-C (Curvature) and CP-DCM (Djikstra
Curve Maximization). Where available the recognition result for best-two candidates
is also displayed to the right.

k-Distance Measure|Arclength Cp-C CP-DCM
1-Euclidean 86.3% (89.6 / 91.0 % -
1-DTW 91,3% 89,5 % -
1-DRS - - 88.2 / 94.7 %
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Table 2. Results of single model matching on the MIT database

Method Original data | CP-DCM
AS 772 % 82.4 %
DTW-mean|(89.6 / 90.7 % -

DR -mean - 82.4 /90.3 %

with single models performs as well as DTW on the original parameterization
for top-two candidates Table 2l making it a promising method well worth further
research. Especially since the results of the top two candidates when running
the same FDE method on multiple models for each class as seen in Table [l
Although only two methods have been tried for second candidates in the 1-NN
matching the significant increase in recognition accuracy for the FDE method is
indicates a strong potential for improvement even at the single-model stage.

5 Discussion and Conclusions

This paper presents a new parameterization an distance measure for use with the
novel Frame Deformation Energy (FDE) matching method. The main objective
of the new method is to try to address the weak points of a global matching
schemes by dividing the matching process of a handwritten character into natural
segments called a core point frame. It has been shown that the new strategy
provides a robust matching method with results comparable to state-of-the-art
template matching methods such as DTW for top two candidates even in an ad
hoc implementation of manually setting the spring constants of the energy model.

Further research will include automatic methods for optimizing spring con-
stants for different allographs as well as hybrid methods for a final optimal
recognition rate. It might be even more efficient to view the problem in a prob-
abilistic way by determining the class C' with a model M¢ that has the highest
probability P(C|Ax,Bx,Bx(Ax(M¢)) — X). Since the novel FDE technique
already at this early stage has shown a promising capacity for computationally
efficient single models it will be especially useful in on-line cursive script systems
based on segmentation graphs.
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Abstract. Civil structures could undergo hysteresis cycles due to crack-
ing or yielding when subjected to severe earthquake motions or even high
wind. System identification techniques have been used in the past years
to assess civil structures under lateral loads. The present research makes
use of a polynomial artificial neural network to identify and predict, on-
line, the behavior of such nonlinear structures. Simulations are carried
out using the Loma Prieta and the Mexico City seismic records on two
hysteretic models. Afterwards, two real seismic records acquired on a
24-story concrete building in Mexico City are used to test the proposed
algorithm. Encouraging results are obtained: fast identification of the
weights and fair prediction of the output acceleration.

1 Introduction

Health monitoring of structures has been a focus of interest for researchers in
structural and control engineering for the past two decades. Civil structures,
such as buildings and bridges, are instrumented to acquire output acceleration,
velocity and displacement data due to lateral loads, which could be severe wind
or strong earthquake motions. The data is later analyzed to assess the lateral
resistant capacity of the structure and to check output maximums against those
allowed by construction codes. In some instances, wind or earthquake forces may
induce lateral loads to civil structures such that energy may dissipate through
hysteretic phenomena, a nonlinear time-variante behavior which reduces their
resistant capacity [5]. Many buildings have been instrumented around the world
in order to monitor their structural health. The identification of such nonlinear
systems is therefore an important task for engineers who work in areas affected
by these natural hazards, and thus, the subject of the present paper.
Forecasting time series has been solved with a broad range of algorithms such
as ARMAX [I], NARMAX [2], Fuzzy Logic [14], Neural Networks [3], etc. Some
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researchers have succesfully identified nonlinear structures with a wide variety
of proposed algorithms [4]. Some examples include: ERA-OKID, Subspace and
Least Squares algorithms to estimate linear parameters of structures [9]. An
Orthogonal NARMAX model is proposed in [6]. Sequential regression analysis,
Gauss Newton optimization and Least Squares with extended Kalman filter is
reviewed in [§]. Least Squares methods have also been used by [10], [13], and [16].

Although artificial neural networks have not been widely used in civil and
structural engineering, some researchers have succesfully applied them ([I1], [12],
and [7]). Nonetheless, the models and architectures of those networks seem quite
complex and computer time consuming.

The present research proposes the use of a polynomial artificial neural net-
work [3] to identify a nonlinear structural system with a fairly small amount of
samples for on-line training. One important issue to consider is the use of on-line
algorithms for closed-loop control applications or simulation and fault detection
analysis, that is the reason an on-line algorithm is proposed.

In the present research, the Loma Prieta (California, USA, 1989) and SCT
(Mexico City, Mexico, 1985) seismic records are used to test the proposed al-
gorithm on a hysteretic simulated shear building structure. A Bouc-Wen model
[15] is used to simulate a hysteretic nonlinear single degree of freedom structure
(SDOF). Simulation results show that the proposed network is able to identify
the nonlinear system and predict with good accuracy the acceleration output
with a fairly simple model. Later on, one actual seismic record, acquired on a
real 24-story concrete structure in Mexico City in 2002, is used to identify the
behavior of the building. The identified model is then used to predict the ac-
celeration motion of the same real building, subjected to another actual record
acquired ten months later, in 2003, and the results show that this simple model
predicts with very good accuracy the behavior of the system.

The proposed network model has two interesting features: (1) the driving
external forces are considered unknown and not needed, which for the case of
wind loading this model is applicable; and (2) this model does not need physical
structural parameters, which in turn is a nice advantage when an instrumentation
is set up in an unknown structural system. A long term aim of the present
research is to develop a technique that could be used in conjunction with fault
detection analysis, structural health monitoring, and structural control.

2 Polynomial Artificial Neural Network
The model of a polynomial artificial neural network (PANN) is shown in ().
gk = [(ﬁ(.’lka, x?,kﬁ .. 7xni,k7 xl,k—la x?,k—17 ey
Tnik—nis - Yh—1, Yk—2; - - - >ykfn2)]i:::; (1)

where g, € R is the estimated time series, ¢(z,y) € R is a nonlinear function,
x; € X are the inputs for ¢ = 1,...,n;; and n; is the number of inputs. y,_; € Y
are the previous values of the output, for 5 = 1,...,n9; n; is the number of
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delays of the input, no is the number of delays on the output, X and Y are
compact subsets of . Simplifying the notation, it results into ().

Z = (xl,kn xz,ka sy xnh]ﬁ e Yk—1,Yk—2, - - -y yk—n2)§
22(21,22723,..-727%); (2)
where n,, is the total number of elements in description z, and n, = n;+nin;+ns.

The nonlinear function ¢(z) € P, belongs to a family @, of polynomials that
can be represented as (3]

@P(Zlaz%' . "va) = ((ZS(Z) : ¢(Z) = aO(ZlaZQa .. 'aznu) +a1(2’1722, .. 'aznu)a
+ag(z1,22, .-y 2n,) + oo+ ap(21, 22, ..., 20, ))- (3)

The subindex p is the maximum power of the polynomials expression and
ai(z1, 22, .., zn, ) are homogeneous polynomials of total degree ¢, for i = 0, ..., p.
Every homogeneous polynomial could be written as shown in (@)

ao(21, 22, - - - Zn,) = Wo
a1(21, 22, -+, 2p,) = W1,121 + W1,222 + ... + Wi, Zn,
_ 2 2
az(z1,22, ..., 2n,) = Wo12] + W2 22122 + ... + W2 N, 25,
_ P p—1 D .
ap(21, 22, ., 2n,) = Wp12] +Wpo2] 22+ ...+ wp N, 2k ; (4)

where w; ; is the associated weight of the network. The term wg corresponds to
the input bias of the network. The homogeneous polynomial a;(z) is equivalent
to weight the inputs. The polynomials az(z) to a,(z) represent the modulation
between the inputs and the power of each polynomial. IV; is the number of terms
of every polynomial with:

Ny—1MNy—581

N():l;lenv;Ng ZZ N3_Z Zl

s1=0 =1
Ny—1 TNy —83 Ny —82 Ny —S1
oY Y ¥ (5)
sp—2=0 s52=0 s1=0 =1

p—1

The dimension of Ng of each family &, could be computed by No = Y%_ N;.
The activation function is given by (6

[B(2)]57 = $(2) Pmin < ¢< ) < Gmas 6)
¢mm ¢( ) S ¢mm

The weights of the PANN could be found with a recursive Least Squares
algorithm during training. It is worth noting that in [3] the PANN is shown to
lead to better and faster results compared to a normal ANN. The architecture
of the PANN model is shown in fig. [l
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Fig. 1. PANN architecture

3 Simulations of Theoretical Models

The output acceleration, velocity and displacements of a one-story shear building
(SDOF) are only lateral motion of the mass. In the simulations, two theoretical
SDOF were introduced: (a) structure subjected to the Loma Prieta earthquake
with mass m =1 kg, damping ¢ =1.2566 kgf - s/cm, and stiffness k =157.9137
kgf/cm; and (b) structure subjected to the Mexico City earthquake with mass
m =1 kg, damping ¢ =0.3142 kg f-s/cm, and stiffness k =9.8696 kg f/cm. In both
cases the theoretical acceleration output, sampled at 0.02 sec., was contaminated
with 2% random noise, and the structure was subjected to smooth and compact
hysteresis for stability purposes. In this sense, for SDOF (b) the seismic record
had to be scaled to 30% amplitude.

A PANN with p =2, n; =n; =0, and no = 4 is used for training. Training
neural networks is usually based on two criteria: (1) minimizing the error, or
(2) by reaching a fixed number of iterations (epochs). Real-time techniques need
a different approach due to the fact that the learning process has to be done
on-line; thus, training criteria was done with the weight variance herein. One
conclusion drawn from the results is that at least two cycles of motion are needed
for training because the weight variance tends to zero after that time.

In our simulations, 100 samples (2 seconds) are required for training SDOF
(a), and 200 (4 seconds) for SDOF (b). Fig.[2lshows the training and prediction
of the hysteretic SDOF (a) in a three-second window.
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Training could identify a nonlinear model with very small hysteresis, and
when the hysteresis cycles become wider at the intense part of the excitation,
around 12 seconds of motion, the prediction looses some accuracy. Nonethe-
less, the proposed PANN is able to predict fairly well the acceleration output.
Increasing training time could increase accuracy because hysteretic cycles be-
come wider.

On the other hand, fig. Bl shows the prediction of the hysteretic SDOF (b) in
a ten-second window. It is worth noting that the PANN is able to identify very
well the nonlinear model, since a bit wider hysteresis occurs from the beginning,
and when the intense part takes place the prediction is still very good.
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4 Identification Using Real Data

In this section, the PANN is used to identify a model of a real instrumented
building. This structure is a 24-story concrete building located in Mexico City.
It is instrumented with accelerometer sensors located throughout the building,
and several earthquakes have been acquired since its activation. The building
has a period of around 3 seconds, thus, training was done with 6 seconds of the
output acceleration motion at the centroid of the roof. The seismic event of April
18, 2002, was used for training and prediction.
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Fig. 5. Prediction of the intese part, January 21 2003 record
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Fig. @ shows the prediction of the motion of the building. It is worth noting
that both lines seem overlapped due to the fact that the PANN is a very fine
tool to identify this structure. The proposed approach is so efficient that no
distinction between both lines could be observed.

After training, the weights of the network are kept unchanged to predict the
acceleration output for the seismic event of January 21, 2003. Fig. Bl shows the
prediction of the motion. Note again that both lines seem overlapped beause
the prediction error is very small. In this case, this coud mean that the building
has not suffered a noticeable change on its structural properties, since the model
still predicts accurately the motion, even after ten months between both seismic
events. Therefore, this technique could be used later as a tool for fault detection
analysis.

5 Conclusions

In the last two decades, several buildings have been instrumented in order to
monitor their structural health through the analysis of measured acceleration,
velocity and displacement records. The present research proposes the use of a
polynomial artificial neural network (PANN) to identify the nonlinear behavior
of a building structure, and to forecast the acceleration output. The PANN is
trained on-line with only the first two cycles of motion.

To test the effectiveness of the proposed algorithm, two theoretical simula-
tions were introduced. The hysteretic structures were subjected to the seismic
records of Loma Prieta (USA, 1989) and Mexico City (Mexico, 1985). The re-
sults show fast convergence speed of the weights, and good accuracy to forecast
the nonlinear output.

Later on, a model of a real instrumented building was identified with the
PANN. The real acquired seismic event of April 18, 2002, was used to train and
forecast the motion of the roof.

Finally, the real acquired seismic event of January 21, 2003, was used to
predict the motion of the roof using the model identified earlier. Very encourag-
ing results are derived from the analysis. In the long run, the present research
is aimed to develop a technique that could be used in conjunction with fault
detection analysis, structural health monitoring, and structural control.
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Abstract. Automatic Speaker Recognition techniques are increasing the use of
the speaker’s voice to control access to personalized telephonic services. This
paper describes the use of vector quantization as a feature matching method, in
an automatic speaker recognition system, evaluated with speech samples from a
SALA Spanish Venezuelan database for fixed telephone network. Results ob-
tained reflect a good performance of the method in a text independent job in the
context of sequences of digits.

1 Introduction

Automatic Speaker Recognition techniques make it possible to use the speaker’s voice
to verify their identity and control access to services such as voice dialling, banking
by telephone, telephone shopping, database access services, information services,
voice mail, security control for confidential information areas, and remote access to
computers [1].

These techniques can be classified into identification and verification. Speaker
identification is the process of determining which registered speaker provides a given
utterance. Speaker verification is the process of accepting or rejecting the identity
claim of a speaker.

Speaker Recognition methods can be divided into text-independent and text de-
pendent. In a text-independent method, speaker models capture characteristics of
speaker’s speech irrespective of what one is saying. In a text-dependent method the
recognition of the speaker’s identity is based on his/her speaking specific phrases, like
passwords, card numbers, PIN codes, etc.

Speaker Recognition systems contain two main processes: feature extraction and
feature matching. Feature extraction extracts a small amount of data from the voice
signal that can be used later to represent each speaker. Feature matching involves the
procedure to identify the unknown speaker by comparing extracted features from
his/her voice input with the ones from a set of known speakers.

An Automatic Speaker Recognizer has to serve two pattern recognition phases.
The first one is the training phase while the second one is the testing phase. In the
training phase, each registered speaker provides samples of their speech so that the
system can train a reference model for that speaker. In case of speaker verification
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systems, in addition, a speaker-specific threshold is also computed from the training
samples. During the testing phase, the input speech is matched with stored reference
model(s) and recognition decision is made.

This paper refers the author’s experience in the design and test of a text independ-
ent speaker recognition method, with a vector quantization algorithm of feature
matching, evaluated with speech samples obtained from SALA database for fixed
telephone network.

2 Feature Extraction from Speech Samples

The feature extraction from the speech samples consists of a filtering process with
pre-emphasis and an extraction process of spectral features using a short term analysis
[2]. The 8bit pu-law samples of corpus recorded at a sampling rate of 8 kHz were con-
verted to linear 16 bit PCM samples.

2.1 Filtering Process with Pre-emphasis

Pre-emphasis refers to filtering that emphasizes the higher frequencies of speech; its
purpose is to balance the spectrum of voiced sounds that have a steep roll-off in the
high frequency region. The pre-emphasis makes the upper harmonics of the funda-
mental frequency more distinct, and the distribution of energy across the frequency
range more balanced.

2.2 Extraction of Spectral Features

The extraction process of spectral features using a short term analysis consists in:

- A frame blocking, where the continuous speech signal is blocked into frames of
256 samples, with adjacent frames separated by 100 samples.

- A frame windowing, a Hamming window is applied to each individual frame in
order to minimize the signal discontinuities, and consequently the spectral distor-
tion, at the beginning and end of each frame.

- A Discrete Fourier Transform process using a FFT algorithm, which converts
each frame of 256 samples from the time domain into the frequency domain, the
result obtained is the signal’s periodogram.

A wide range of possibilities exist for representing the speech signal in Automatic
Speech and Speaker Recognition with spectral features as Linear Prediction Coeffi-
cients (LPC), Linear Prediction Cepstrals Coefficients (LPCC) and Mel-Frequency
Cepstrals Coefficients (MFCC) and others [3].

MEFCC are perhaps the best known and most popular spectral features for repre-
senting the speech signal, widely used in many speech and speaker recognizers [4],
these are used in this speaker recognizer. Dynamic spectral features known as delta
and delta-delta features are calculated too, and appended to MFCC.

2.2.1 MFCC Features
Psychophysical studies have shown that human perception of the frequency contents
of sounds for speech signals does not follow a linear scale. MFCC features are based
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on the known variation of the human ear’s critical bandwidths with frequencys; filters
spaced linearly at low frequencies and logarithmically at high frequencies have been
used to capture the phonetically important characteristics of speech.

Thus for each tone with an actual frequency, f, measured in Hz, a subjective pitch
is measured on a scale called the ‘mel’ scale. The mel-frequency scale is linear fre-
quency spacing below 1000 Hz and a logarithmic spacing above 1000 Hz. As a refer-
ence point, the pitch of a 1 kHz tone, 40 dB above the perceptual hearing threshold, is
defined as 1000 mels.

In order to simulate the frequency warping process, we use a filter bank, one filter for
each desired mel-frequency component. That filter bank has a triangular band-pass fre-
quency response, and the spacing as well as the bandwidth is determined by a constant
mel-frequency interval. A mel-spaced filter bank with 12 filters is given in figure 1.

Mel-spaced filterbank
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v

Fig. 1. Mel-spaced filter bank with 12 filters [1]

The modified or mel power spectrum consists of the output power of these filters
applied to the periodogram. The number of mel-spaced filters and mel power spec-
trum coefficients is typically chosen as 20.

At last, we convert the log mel spectrum back to time, to obtain the mel-frequency
Cepstrum Coefficients (MFCC). Because the mel spectrum coefficients (and so their
logarithm) are real numbers, we can convert them to the time domain using the Dis-
crete Cosine Transform (DCT).

The first component k= 0 is excluded from the DCT since it represents the mean
value of the input signal which carried little speaker specific information. Twelve
cepstral coefficients of the speech spectrum provides a good representation of the lo-
cal spectral properties of the signal for the given frame analysis.
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By applying the procedure described above for each speech frame, an acoustic
vector of 12 mel-frequency cepstrum coefficients is computed. These are result of a
cosine transform of the logarithm of the short-term power spectrum expressed on a
mel-frequency scale. Therefore each input utterance is transformed into a temporal
sequence of acoustic vectors. A block diagram of the MFCC extraction process is
given in figure 2.

continuous Frame fiame Windowing FT spectrum
speech . Bocking > d
mel Gepstum | 1l Me-frequency
| Cecmn | Wapng [¢

Fig. 2. Mel-Frequency Cepstrum Coefficients extraction process [1]

2.2.2 Extracting Delta and Delta-Delta Features

A widely method to encode some of the dynamic information over time of spectral
features is known as delta features “A” [3, 5]. The time derivatives of each cepstral
coefficient are obtained by differentiation and zero padding at begin and end of the ut-
terance, then, the estimate of the derivative is appended to the acoustic vector, yield-
ing a higher-dimensional feature vector. The time derivatives of the delta features are
estimated also, using the same method, yielding delta-delta features “AA”. These are
again appended to the dimensional feature space. In our case we obtained a 36-
dimmension acoustic vector: 12 MFCC + 12A + 12 AA.

3 Feature Matching

The problem of automatic speaker recognition is a pattern recognition problem. The
goal of pattern recognition is to classify objects into one of a number of classes. In our
case, the objects or patterns are sequences of acoustic vectors that are extracted from
an input speech using the techniques described in the previous section. The classes re-
fer to individual speakers. Since the classification procedure in our case is applied on
extracted features, it can be referred to as feature matching.

Furthermore, if there are a set of patterns which classes are known, then it is a
problem of supervised pattern recognition. During the training phase, we label the
sequence of acoustic vectors of each input speech with the ID of the known speakers;
these patterns comprise the training set and are used to derive a classification algo-
rithm. The remaining sequences of acoustic vectors are then used to test the classifi-
cation algorithm; these patterns are referred to as the test set. If the correct classes of
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the individual pattern in the test set are also known, then one can evaluate the per-
formance of the algorithm.

3.1 Vector Quantization Method of Feature Matching

The state-of-the-art in feature matching techniques used in speaker recognition in-
cludes Dynamic Time Warping (DTW), Hidden Markov Modelling (HMM), and
Vector Quantization (VQ). In this system, the VQ approach is used, due to ease of
implementation and high accuracy.

VQ is a process of mapping vectors from a large vector space to a finite number of
regions in that space. Each region is called a cluster and can be represented by its
center called a codeword. The collection of all codeword is called a codebook.
Figure 3 shows a diagram to illustrate this process.

Speaker 1 Speaker 2
el alalel] Lalalalal]

Speaker 1
centroid

[ 4
O sample

VQ distortion

Speaker 2
centroid
sample

A
A

Fig. 3. Conceptual diagram illustrating vector quantization codebook formation [6]

In the figure, only two speakers and two dimensions of the acoustic vectors space
are shown. The circles refer to the acoustic vectors from speaker 1 while the trian-
gles are from speaker 2. In the fraining phase, a speaker-specific VQ codebook is
generated for each known speaker by clustering his/her training acoustic vectors.

The result codewords (centroids) are shown by black circles and black triangles for
speaker 1 and 2, respectively. The distance from any acoustic vector to the closest
codeword of a codebook is called a VQ-distortion. In the festing phase, an input ut-
terance of an unknown voice is “vector-quantized” using each trained codebook and
the total VQ distortion is computed. The speaker corresponding to the VQ codebook
with smallest total VQ-distortion is identified.

3.1.1 LBG Algorithm

In the training phase, a speaker-specific VQ codebook is generated for each known
speaker by clustering his/her training acoustic vectors using a well-know algorithm
namely LBG [7], this recursive algorithm cluster a set X = {xi,....., Xt} of acoustic
vectors into a codebook C = {cy,.....cyy } of M codewords (M power of 2) . The algo-
rithm is formally implemented by the following recursive procedure [1]:
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1. Design a 1-vector codebook, this is the centroid of the set of training vectors
2. Double the size of the codebook by splitting each current codebook y, according
to the rule:
Y, =Y,(+e) (1)
Vo =Y,(1-8) 2)

Where n varies from 1 to the current size of the codebook, and € is a splitting pa-
rameter (£ =0.01).

3. Nearest-Neighbor Search: for each training acoustic vector, find the codeword in
the current codebook that is closest in terms of VQ-distortion, and assign that
vector to the corresponding cluster associated with the closest codeword.

4. Centroid Update: update the codeword in each cluster using the centroid of the

training acoustic vectors assigned to that cluster.

Repeat steps 3 and 4 until the VQ distortion falls below a preset threshold.

6. Repeat steps 2, 3 and 4 until a codebook size of M is designed.

e

The generated codebook C contains the codewords that better represents the training
set of acoustics vectors X in terms of VQ-distortion.

3.1.2 Measure of VQ-Distortion
Consider an acoustic vector x; generated by any speaker, and a codebook C, the VQ-
distortion d, of the acoustic vector X; with respect to C is given by:

dq(xl.,C)=mind(xl.,cl.) 3)

Where d (., .) is a distance measure defined for the acoustic vectors. The codeword
¢j for which d (x;, ¢ ) is minimum, is the nearest neighbor of x; in the codebook C.

Euclidean distance is a distance measure used due the straightforward implementa-
tion and intuitive notion (Euclidean distance between two cepstral features, measures
the squared distance between the corresponding short term log spectra) [3].

In the testing phase, all the sequences of acoustic vectors from an unknown
speaker is “vector-quantized” computing the average quantization distortion D, with
each trained codebook C, the known speaker corresponding to the codebook C with
smallest Dy, is assigned to unknown speaker. The average quantization distortion Dy
is defined as the average of the individual distortions:

D, (X.C)= 1Y d,(x.C) @

4 Experimental Results

The proposed speaker recognizer was evaluated with sequences of digits obtained
from 347 speakers of SALA database. A sequence of about 15 sec of duration was
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used for training and other sequence of similar duration was used for testing. Until
now SALA Database had been used only in speech recognition studies[8].

4.1 SALA Database

The SALA Spanish Venezuelan Database for fixed telephone network was recorded
within the scope of the SpeechDat Across Latin America project. [9] The design of
the corpus and the collection was performed at the Universidad de los Andes, Mérida
Venezuela, transcription and formatting was performed at the Universidad Politécnica
de Cataluiia, Spain.

This database comprises telephone recording from 1000 speakers recorded directly
over the PSTN using two analogue lines, signals were sampled at 8 kHz and p-law
encoded without automatic gain control. Every speaker pronounces 44 different utter-
ances.

The database has the following speaker demographic structure:

e Five dialectal regions: Central, Zuliana, Llanos, Sud-Oriental and Andes
e  Five age groups: under 16, 16 to 30, 31 to 45, 46 to 60 and over 60
13 speakers called more than once using the same prompt sheet.

4.2 Evaluation Results

The following table shows the 30 distribution groups of the 347 speakers:

Table 1. Distribution of groups of speakers for the evaluation

Age 16-30 31-45 46-60
Regions F M F M F M
Central 12 12 12 12 8 12
Zuliana 12 11 12 12 12 11
Llanos 12 12 12 12 12 12
Sud- 12 12 12 12 5 12
Oriental
Andes 12 12 12 12 12 12

The speaker recognizer was evaluated within every one of the 30 groups, obtaining
the following results:

Table 2. Results of the evaluation

speakers identified %o
F 169 168 99.4
M 178 175 98.3
347 343 98.8

An additional evaluation, using the 13 speakers that called more than once, taking a
sequence of digits of the first call for training and other sequence of digits of the sec-
ond call for testing, shows a 92.3 % of identification rate.
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5 Conclusion and Future Work

This paper describes the result of the application of a vector quantization speaker rec-
ognition method, used in a text independent job in the context of sequences of continuos
digits and evaluated with a database for fixed telephone network. This kind of job and
environment isn’t usual for vector quantization methods [3,4].

Many as 98.8% of speakers in a group of 347 speakers of SALA Database were
identified correctly. Such a result may be regarded as a promising way to a high-
performance speaker identification system. However, it has to be taken into account
that the speech data used in the experiments were recorded during one session. More
exhaustive test must be performed in order to probe the method when there is a time
interval between the recording of training and testing sentences.
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Abstract. We propose a novel classification method to identify boar spermato-
zoid heads which present an intracellular intensity distribution similar to a model.
From semen sample images, head images are isolated and normalized. We define
a model intensity distribution averaging a set of head images assumed as normal
by veterinary experts. Two training sets are also formed: one with images that are
similar to the model and another with non-normal head images according to ex-
perts. Deviations from the model are computed for each set, obtaining low values
for normal heads and higher values for assumed as non-normal heads. There is
also an overlapped area. The decision criterion is determined to minimize the sum
of the obtained false rejected and false acceptance errors. Experiments with a test
set of normal and non-normal head images give a global error of 20.40%. The
false rejection and the false acceptance rates are 13.68% and 6.72% respectively.

1 Introduction

Semen quality assessment is an important subject in fertility studies: semen analysis is
a keystone in the clinical workup of infertile male patients and semen assessment is a
critical stage in artificial insemination processes carried out in veterinary medicine. Pig
and cattle farmers regularly acquire semen for artificial insemination from national and
international breeding companies whose main objective is to generate and supply semen
from boars and bulls of high genetic value. These companies are aware that they must
maintain high standards of product, and therefore subject the semen to rigorous quality
control procedures. Some of them use computerised methods for sperm evaluation, thus
obtaining information about the quality of overall motility and morphology, and others
couple this with tests to evaluate sperm plasma membrane and acrosomal integrity. A
precise prediction of fertility cannot be provided, although problematic samples can
usually be distinguished.

Whereas the majority of currently applied methods for inspection of animal ga-
metes were developed for the analysis of human semen morphology and subsequently
adapted for semen of other species, there is a continuing development of new method-
ologies [112]]. Such improvements have increased the sensitivity of automated analysis,
allowing the recognition of minuscule differences between sperm cells. However, ex-
perts do not know a lot about the influence of these morphological alterations in male
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fertility [3!4]. Several authors have proposed different approaches to classify subpop-
ulations or to describe shape abnormalities using image processing techniques. Most
of them use CASA (Computer Aided Sperm Analysis) systems [5l6] or propose new
description and classification methods [[7U8/9/10/11]].

Although acrosome integrity and plasma membrane integrity determine the sperm
viability because their enzymes take part in the oocyte penetration process, some possi-
ble features obtained of density distribution or intracellular texture are not considered.
It is a visually observable fact that spermatozoid heads present a variety of cellular tex-
tures and the experts know that they are determined by their corresponding cytoplasmic
densities. Our research is focused on finding a correlation between certain patterns of
intracellular density distribution and semen fertility.

In this approach, veterinary experts first assume that a certain intracellular density
distribution is characteristic of healthy cells. Then a distribution model for normal heads
is obtained. Traditional techniques such as vital and fluorescent stains are used to as-
sess the sperm capacitation of a sample, and experts try to find a correlation between
the above mentioned classification and semen fertility. The aim of this research is to de-
fine a pattern of intracellular density distribution that corresponds to semen fertility, as
determined by traditional techniques. This approach can lead to the use of digital image
processing for sperm fertility estimation instead of expensive staining techniques.

In the current work, we analyse grey-level images of boar spermatozoid heads com-
prised in boar semen samples, Fig.[Th. To acquire the semen samples, veterinary experts
used a phase-contrast microscope and fixed the spermatozoa in glutaraldehyde. We de-
fine a model intracellular density distribution of the spermatozoid heads, according to
the hypothesis of experts. Hence, the typical deviations from the model for normal dis-
tributions and non-normal distributions give a classification criterion. The goal is to
automatically classify spermatozoid head images as normal or not-normal by means of
their deviation from the model intracellular density distribution.

In Section 2l we present the methods we have used and the obtained results. Dis-
cussion and conclusions are given in Section 3

2 Methods and Results

2.1 Pre-processing and Segmentation

Boar sample images were captured by means of an optical phase-contrast microscope
connected to a digital camera. The magnification used was x40 and the dimensions
of each sample were 1600 x 1200 pixels. A boar sample image comprises a number of
heads which can vary widely from one sample to the next (Fig.[Th). Spermatozoid heads
also present different orientations and tilts. After morphological processing to smooth
the contours of the cells, they are isolated using segmentation by threshold applying
Otsu’s method. Finally, those regions that are smaller than an experimental obtained
value of 45% of the average of the head area are removed as well as the heads next to
the image boundaries (Fig.[Tb).
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(a) (b)

Fig. 1. (a) Boar semen sample image acquired using a phase-contrast microscope. (b) Image
obtained after pre-processing and segmentation. Spermatozoid heads are grey-level distributions
in oval shapes on a black background.

2.2 Head Normalization

A spermatozoid head presents an oval shape with an eccentricity between 1.75 and 2.
As heads in a sample have different orientations, we find the main axes of the ellipse that
a head forms (Fig. Zh) to be able to rotate all the head images to the same horizontal
orientation (Fig. Zb). Empirical measurements in head morphological analysis give a
width from 4 to 5um and a length from 7 to 10um. We re-scale all the head images
to 19 x 35 pixels and consider a 2D function f(z,y) defined by the grey levels of the
image in the set of points which belongs to an ellipse whose major and minor axis are
35 and 19 respectively (Fig.2k).

() () (©

Fig. 2. (a) Spermatozoid head and main axes of the ellipse that it defines. (b) Rotated head. (c)
After re-scaling and brightness and contrast normalization, 2D grey-level function obtained for
the points of an ellipse with major and minor axis of 35 and 19 pixels, respectively.

Sample images differ in their brightness and contrast grey level. To normalise that,
we develop a linear transformation of the 2D function to keep a determined mean and
standard deviation (Fig.[2k). So, we define a new 2D function g(z, y) as follows:

g(z,y) = af(z,y) +0b, (1)



Classification of Boar Spermatozoid Head Images 157

Fig. 3. Model of an intracellular distribution image considered as normal by veterinary experts,
obtained from the average of a set of head images assumed as normal

where the coefficients a and b are computed as:

a:&, b=pg—apy. (2)
af
The spermatozoid head images which experts consider as potentially normal take values
for the mean and the standard deviation around 8 and 10 respectively. For this reason,
we set 0, = 8 and piy = 100. The values yiy and oy correspond with the mean and the
standard deviation of the function f, respectively.

2.3 Model of a Normal Intracellular Distribution

We describe a model density distribution as the average of a set of 34 heads assumed as
normal by veterinary experts. Such heads have a grey-level intensity variation from left
to right according to the dark post nucleus cap, the intermediate light area and a slightly
darker part called acrosome that covers part of the cell nucleus. After the previous steps
of pre-processing, segmentation and normalization, we compute a model 2D function

as (Fig.[3):
1 n
i=1

We also consider the standard deviation to assess the variability of the grey-levels for
each point:

zn: (gi(x7y> - mi(x7y>)2 ) (4)

n

o(z,y) =

i=1

2.4 Classification of Spermatozoid Head Images

Apart from the set of images used to build the model, we employ two training sets of
44 head images labelled as “normal” (Fig. [@h) and 82 head images labelled as “non-
normal” (Fig. @b) by veterinary experts according to the similarity to the intracellular
distribution considered as potentially normal. For each image of those training sets,
we apply the above mentioned stages and then compute a deviation from the model
function using the L., norm:

&)

d = max

<|g(w,y) - m(x,y)l> .

Ogy



158 L. Sénchez, N. Petkov, and E. Alegre

Fig. 4. Examples of heads that were classified by an expert as having an intracellular distribution
that is (a) similar and (b) not similar to the assumed normal density distribution
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for normal heads for non-normal heads

Fig. 5. Histograms of deviation from the model for (a) the set of head images considered as normal
by the experts and (b) the set of spermatozoid head images that present intensity distributions not
similar to the model

The obtained deviations for the 2D functions of the set of normal and non-normal
head images yield two histograms, Fig. Bl In general, the deviation values obtained for
normal heads are smaller than the ones obtained for non-normal ones. We can now
classify heads by taking a certain value of the deviation as a decision criterion. If the
deviation value obtained for a given head is below the decision criterion, that head is
classified as normal, otherwise as non-normal. The two histograms overlap for values
of the deviation between 3.5 and 5.5 and this means that it is not possible to achieve
errorless classification by taking any value of the deviation as a decision criterion. If
a high value of the decision criterion is taken (above 5.5), all normal heads will be
classified as normal but a number of non-normal cells that have deviation values below
5.5 will be erroneously accepted as normal too. If a low decision criterion value (e.g.
3) is taken, all non-normal heads will be correctly rejected but a number of normal
heads (with deviation values above 3) will be rejected as well. Fig. |6l shows the false
acceptance and false rejection error as well as their sum as function of the value of the
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Fig. 6. Error rates in head classification obtained for the different values of the decision crite-
rion. The red line shows the percentage of normal heads that are classified as non-normal (false
rejection error); the blue line represents the fraction of non-normal heads misclassified (false ac-
ceptance error). The green line is the sum of both errors and it has a minimum for a decision
criterion value of 4.25.

decision criterion. The sum of the two errors has a minimum for the value 4.25 of the
decision criterion and in the following we use this value for classification. We also used
a Bayer classifier but it yielded error rates higher than the method explained previously.

2.5 Experimental Results

We use a test set of 1400 images of spermatozoid heads: 775 images of heads with a
normal density distribution pattern according to veterinary experts and 625 images of
heads which are not perceived as normal by the experts. We calculate the deviation of
each such image from the model and classify it as normal if that deviation is less than
4.25. Otherwise the image is considered as non-normal. The false rejection error of
normal heads is 13.68%, and the false acceptance rate of non-normal heads is 6.72%.
The overall classification error is 20.40%.

3 Discussion and Conclusions

We proposed a method to classify images of boar spermatozoid heads by means of their
intracellular density distribution. A model of normal intensity distribution was defined
using a set of head images that were assumed as potentially normal by veterinary ex-
perts. We used two training sets of images, one of normal and the other of non-normal
heads, and computed the deviation of the grey-level intensity distribution of each such
head image from the model distribution. That yields a histogram with the values of de-
viations of normal head distributions from the model and another histogram with the
deviations of non-normal distributions from the model. These histograms were used to
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compute the value of a decision criterion in a two-class classification problem. Using
this value of the decision criterion with a new test set of normal and non-normal head
images, we obtained a global error of 20.40% with a false rejection error of normal
heads of 13.68% and a false acceptance rate of non-normal heads of 6.72%.

This result can not be compared with another works since there are no approaches
which solve this problem considering the intracellular density distribution. Hence, in
future works we will try to reduce this error using a more robust classification method.
The obtained results will be tested in veterinary praxis using staining techniques to
correlate it with sperm fertility.
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Abstract. This paper presents an approach for the automatic speech re-
cognition using syllabic units. Its segmentation is based on using the Short-
Term Total Energy Function (STTEF) and the Energy Function of the High
Frequency (ERO parameter) higher than 3,5 KHz of the speech signal. Training
for the classification of the syllables is based on ten related Spanish language
rules for syllable splitting. Recognition is based on a Continuous Density
Hidden Markov Models and the bigram model language. The approach was
tested using two voice corpus of natural speech, one constructed for researching
in our laboratory (experimental) and the other one, the corpus Latino40
commonly used in speech researches. The use of ERO parameter increases
speech recognition by 5% when compared with recognition using STTEF in
discontinuous speech and improved more than 1.5% in continuous speech with
three states. When the number of states is incremented to five, the recognition
rate is improved proportionally to 97.5% for the discontinuous speech and to
80.5% for the continuous one.

1 Introduction

Using the syllable as the information unit for automatic segmentation applied to
Portuguese improved the error rate in word recognition, as reported by [1]. It provides
the framework for incorporating the syllable in Spanish language recognition because
both languages, Spanish and Portuguese, have as a common characteristic well
structured syllable content [2].

The dynamic nature of the speech signal is generally analyzed by means of
characteristic models. Segmentation-based systems offer the potential for integrating
the dynamics of speech at the phoneme boundaries. This capability of the phonemes
is reflected in the syllables, like it has been demonstrated in [3].

As in many other languages, the syllabic units in Spanish are defined by rules (10
in total), which establish 17 distinct syllabic structures. In this paper the following
acronyms are used: Consonant — C, Vocal — V; thus, the syllabic structures are formed
as CV, VV, CCVCC, etc.

The use of syllabic units is motivated by:
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A more perceptual model and better meaning of the speech signal.

A better framework when dynamic modeling techniques are incorporated into a
speech recognition system [4].

Advantages of using sub words (i.e. phonemes, syllables, triphones, etc) into speech
recognition tasks [5]. Phonemes are linguistically well defined; the number of them
is little (27 in the Spanish language) [6]. However, syllables serve as naturally
motivated minimal units of prosodic organization and for the manipulation of
utterances [7]. Furthermore, the syllable has been defined as "a sequence of speech
sounds having a maximum or peak of inherent sonority (that is apart from factors
such as stress and voice pitched) between two minima of sonority" [8]. The
triphones treat the co-articulation problem to segment words structure as a more
useful method not only in Spanish language. The triphones, like the syllables, are
going to be nowadays as a good alternative for the speech recognition [5].

The use of syllables has several potential benefits. First, syllabic boundaries are
more precisely defined than phonetic segment boundaries in both speech waveforms
and in spectrographic displays. Second, the syllable may serve as a natural
organizational unit useful for reducing redundant computation and storage [4].

There are not antecedents of speech recognition systems using the syllables rules in
the training system for the Spanish language. Table 1 lists the frequencies of
occurrence of ten monosyllables used in corpus Latino40 and its percentage in the
vocabulary. Table 2 shows the percentage of several syllabic structures in corpus
Latino40. Both tables show the behavior of the syllables units for this corpus.

Table 1. Frequency of occurrence of ten monosyllables used in corpus Latino40

Word Syllable configuration Number of times % in the vocabulary
De Deaf Occlusive + Vocal 1760 11.15
La Liquid + Vocal 1481 9.38
El Vocal + Liquid 1396 8.85
En Vocal + Nasal 1061 6.72
No Nasal + Vocal 1000 6.33
Se Fricative + Vocal 915 5.80
Que Deaf Occlusive + Vocal 891 5.64

A Vocal 784 4.97
Los | Liquid + Vocal + Fricative 580 3.67
Es Vocal + Fricative 498 3.15

Table 2. Percentage of several syllabic structures in corpus Latino40

Syllable structure | Vocabulary Rate (%) Accumulated in the vocabulary (%)
CV 50.72 50.72
CVC 23.67 74.39
\% 5.81 80.2
CCV 5.13 85.33
VC 4.81 90.14
Cvv 4.57 94.71
CVVC 1.09 95.8
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2 Continuous Speech Recognition Using Syllables

In automatic speech recognition research (ASR) the characteristics of each basic
phonetic uni