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Abstract

In this paper, we describe a new approach to color im-
age segmentation which is considered as a supervised pixel
classification problem. The pixel classification algorithm
analyses the color texture features, that is to say the tex-
ture features which are computed by tacking into account
the color components of the neighbor pixels. We determine
the most discriminating color texture features among a mul-
tidimensional set of color texture features by means of an
iterative feature selection procedure associated to an infor-
mation criterion. We successfully apply our new approach
to soccer image segmentation.

1. Introduction

Several authors have proposed soccer game image anal-
ysis systems designed to obtain accurate information about
the soccer game and about player behavior [1, 4]. In the
framework of soccer player tracking, we propose an origi-
nal color image segmentation method which consists of the
classification of player pixels, that is to say, the pixels which
represent the players. We suppose that the team of each
player is identified by the color of its soccer suit. Conse-
quently, the player pixels which represent the players with
the same soccer suit constitute one class of player pixels.
We can consider five different classes namely, the players
of the two teams, the two goalkeepers and the referees.

1.1. The previous approach

In our last two papers, each player pixel was classified
according to the mean of each color component of its neigh-
bor player pixels [5, 6]. Although the color components of
a pixel are usually the trichromatic components R (Red),
G (Green) and B (Blue), many other color components ex-
ist, and we considered those which come from well known
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color representation systems [3]. In this former approach,
we determined the three most discriminating color compo-
nents among this set, which constitute a hybrid color space.
The color pixels were classified in this hybrid color space.
Because the soccer player’s suits are textured, however, the
classification of the player pixels, which was based only on
the mean of each color component, was imperfect.

1.2. The new approach

In this paper, we propose to take into account color tex-
ture features in order to improve the classification. For each
player pixel, we compute well known texture features such
as the mean, the variance or the skewness as a function of
the color components of its neighbors. We use a set of N;
texture features which can be processed as a function of a
set of N, color components. We consider that each player
pixel is represented by a point whose coordinates are the
N, x N; color texture features. Such a classification algo-
rithm requires a very large computation time since the di-
mension of the color texture feature space is N, X IV;. The
computational burden is reduced by projecting the color tex-
ture feature space onto a lower dimensional space thanks to
the selection of the most discriminating color texture fea-
tures. More over, in our new approach, we propose a new
information criterion which takes into account the correla-
tion between the color texture features.

1.3. Scheme

In the second section of this paper, we present a super-
vised learning scheme which consists of determining the
most discriminating color texture features thanks to an in-
teractive selection of player windows. In the third section,
we describe the pixel classification algorithm which assigns
each player pixel to a specific class according to the values
of the color texture features of its neighborhood. In the last
section, we apply our previous and our new approaches to
soccer images and we compare the results. We show that



the new approach improves the reliability of the classifica-
tion of the player pixels.

2. The supervised learning scheme

In order to determine the color texture feature space, we
require samples which are representative of the classes of
pixels. At the beginning of a supervised learning scheme,
we interactively select several player windows from a set of
presegmented learning images. In these images, the ground
is withdrawn thanks to an adapted Ohlander’s algorithm in
order to extract the player pixels [2]. The player windows
contain player pixels which represent players in different
situations (running, pushing the ball, dribbling...) and in
different positions (facing the camera, back to the cam-
era...). The images of figure 1 represent a set of selected
player windows.

Figure 1. Set of selected player windows

The size of these player windows depends on the mean
size of the players in the image.

Let us denote by C; aclass of playerpixels (j = 1, ..., N
where IV is the number of classes). For each class Cj;, we
interactively select the same number N,,, of player windows
wj,j, where ¢ indicates the serial number of the player win-
dow (i = 1,..., N,). The player windows are used to deter-
mine the color texture feature space which yields the best
separation between the classes.

2.1. Color texture features extraction

A player pixel neighborhood can be characterized by
color texture feature values which are computed by tacking
into account the color components of the neighbor player
pixels.

Here, we use a non exhaustive list of texture features.
The mean of the pixel values in a neighborhood, the me-
dian and the mode evaluate the central value of this neigh-
borhood. The variability of the pixel values around a cen-
tral value is estimated by the variance or its square root,
the standard deviation. The skewness estimates the degree
of asymmetry of the pixel values around a central value.
The variance and the skewness can be evaluated around the
mean, the median or the mode. Let N;, be the number
of available texture features which are computed with one
color component.
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The pixels of a color image are usually digitized with
the (R,G,B) color representation system. Neverthe-
less, the R, G and B color components are not always
adapted to a specific problem of color image segmenta-
tion. In digital color imaging, many other color represen-
tation systems exist [3]. For our study, we use the more
classical color representation systems which are derived
from the (R, G, B) system, such as: the primaries system
CIE (X,Y, Z), the normalized systems (R, Gy, By) and
CIE (X,,Ys, Z,), the perceptually uniform systems CIE
(L*,a*,b*) and CIE (L*,u*,v*), the Faugeras’s system
(A,C1,C2), the Ballard’s system (wb,rg, by), the televi-
sion systems (Y, I', Q") and (Y',U’, V"), different percep-
tual systems (L, C, H) and the Ohta’s system (/1, 12, I3).
There is a total of N, available color components which
constitute the different above mentioned color representa-
tion systems.

By taking into account the Ny = N x N; available color
texture features, we define an Ny-dimensional color texture
feature space. The large dimension of this space inevitably
generates redundancy. Furthermore, the classification algo-
rithm is very costly in computation time. So, our goal is to
look for the best subset of color texture features for discrim-
inating the different classes of pixels.

2.2. Color texture feature space selection

In order to reduce the dimension of the color texture fea-
ture space, we use an iterative feature selection procedure.
At each step k of this procedure, we consider several can-
didate color texture feature spaces for which we compute
their discriminating power thanks to an information crite-
rion J. At the beginning of this procedure (¢ = 1), we
consider the Ny mono-dimensional candidate spaces de-
fined by each of the available color texture features. The
candidate space which maximizes J is the best one for dis-
criminating the N classes. We select this space as the first
one and we associate it, in the second step of the proce-
dure (k = 2), to each of the (Ny — 1) remaining candi-
date color texture features in order to constitute (Ny — 1)
bi-dimensional candidate spaces. We consider that the bi-
dimensional space which maximizes J is the best plane for
discriminating the classes... The procedure is iterated un-
til stabilization of the value of .J. Let ko, the rank of the
iteration process which corresponds to the beginning of the
stabilization of J. kg is the dimension D of the color texture
feature space. This classical muitiple discriminant analysis
method does not yield the optimal solution but a satisfying
one which is less computation time consuming.

The evaluation of the discriminating power supposes that
the more the classes are well separated and compact in the
candidate color texture feature space, the higher the dis-
criminating power of the selected features is. That leads us



to choose measures of classes separability and compactness
as measures of the discriminating power.

At each step k of the procedure and for each of the (N —
k+1) k-dimensional candidate color texture feature spaces,
we define, for each player window w; ; associated to the
class Cj, a feature vector X;,; = [z} ;, ... ks
is the k*" color texture feature.

The measure of compactness of each class C; is defined
by the intra-class dispersion matrix £¢:

T
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where M; = [m}, vy mj?]T is the mean vector of the k color
texture features of the class C;.

The measure of the class separability is defined by the
inter-class dispersion matrix ¥ g:
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where M = [m?, ..., mk]T is the mean vector of the k color
texture features for all the classes.

The most discriminating set of color texture features
maximizes the information criterion:

J= trace((Zc + Es)_lzs).

In order to only select features which are not correlated,
we measure, at each step k > 2 of the procedure, the
correlation between the candidate color texture feature and
each of the £ — 1 other color texture features constitut-
ing the considered space. An observation vector, denoted
X/ = [a:{’l, - :c;f,j, ""‘T{VW,N] is associated to each color
texture feature. The correlation cor(X7, X/") between two

features is defined by:
foxf
fovfy _ cov(XT, X7
cor(X’/,X7) = —Fx ol

where cov(X/, X/') is the covariance between the two fea-
tures:
N

No (o f _ f A
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and o7 is the standard deviation of the candidate color tex-
ture feature for all the classes and m/ is the mean of the
candidate color texture feature for all the classes.

The correlation value ranges between 0 and 1. The closer
is the correlation to 1, the more correlated the two features
are. If one of the computed correlation is higher than the
value 0.75, the candidate color texture feature is rejected.

Thanks to this iterative procedure, we select the set of the
most discriminating color texture features among the Ny
available ones.
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3. Player pixel classification

In order to classify a player pixel P, we compute its color
texture feature vector Xp = [z}, ..., :cg]T in the above de-
termined D-dimensional color texture feature space. For
that, we consider the set of the neighbor player pixels falling
into a neighborhood of P (see figure 2). This neighborhood
is defined by a neighborhood window which is centered on
the player pixel P and whose the size is equal to the player
window size.

neighborhood window

It ixel
neighbor P aye;)plxe

player pixels

Figure 2. Player pixel neighborhood

For each class C;, we evaluate the euclidean distance
T

DY between X p and the mean vector M; = [mj, ..., m¥]
of the class C; in the D-dimensional color texture feature
space. A minimum distance decision rule is used to assign

P 1o the class C; for which DY is minimum.

4. Experimental results

In order to illustrate our method, we choose a test soccer
image (see figure 3) which contains three different classes
of player pixels. In this image, the ground is withdrawn.
For the supervised learning scheme, we also select a set of
different player windows (see figure 1).

Figure 3. Test image

We apply our previous approach to the image of figure 3
(see figure 4). In this approach, we only use the mean fea-
ture and the information criterion which is presented in sec-
tion 2.2. By reading the confusion matrix (see table 1),



Figure 4. Previous approach results

we conclude that many player pixels which belong to the
classes C; and (s are miss classified and that the error rate
is higher than 8 %.

Ci
C, | 87.94%|10.52% | 1.54 %
3.93% |87.41% | 8.66 %
G | 083% | 0.06% |99.11%

Table 1. Previous approach confusion matrix

We apply our new approach in which we use several tex-
ture features. The determined color texture feature space is
a 4-dimensional one and is constituted by the mean value
of the a* color component of the system (L* a*,b*), the
mean value of the chroma color component of the system
(Y',U’, V"), the standard deviation around the median as-
sociated to a saturation color component and the skewness
around the mean associated to the L* color component of
the system (L*,a*,b*). The image of figure 5 contains the
player pixels which are classified in this space by our classi-
fication algorithm. The player pixels are correctly assigned
with an error rate lower than 2 %. By reading the confu-
sion matrix (see table 2), we conclude that the player pixels
which belong to all the classes are well classified.

Cy e
Cy 9751% | 1.40% | 1.09%
0.12% |98.67% | 1.21 %

% | 012% | 0.00% [99.88 %

Table 2. New approach confusion matrix

Figure 5. New approach results

4.1. Conclusion

The new color image segmentation approach proposed
here shows the contribution of color texture features to su-
pervised pixel classification. The determined color texture
feature space is specific to an application and depends on
the chosen texture features and the criterion used. We are
presently studying different information criteria and other
color texture features in order to determine the ones which
yield the best classification results. Finally, we want to ex-
tend our approach to the partitioning of color images in ho-
mogeneous regions.
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