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ABSTRACT

Soccer is a very popular sport all over the world. Coaches and sport commentators need accurate informations
about soccer games, especially about the players behaviour. These informations can be gathered by inspectors who
watch the soccer match and report manually the actions of the players involved in the principal phases of the game.
Generally, these inspectors focus their attention on the few players standing near the ball and don’t report about
the motion of all the other players. So, it seems desirable to design a system which automatically tracks all the
players in real-time. That’s why, we propose to automatically track each player through the succesive color images
of the sequences acquired by a fixed color camera. Each player which is present in the image, is modelized by an
active contour model or snake. When, during the soccer match, a player is hidden by another, the snakes which
track these two players merge. So, it becomes impossible to track the players, except if the snakes are interactively
re-initialized. Fortunately, in most cases, the two players don’t belong to the same team. That’s why we present an
algorithm which recognizes the teams of the players by pixels classification. The learning scheme of the classification
process is divided into two steps. The first one deals with the pixels representing the soccer ground which must
be withdrawn before considering the players themselves. To eliminate these pixels, the color characteristics of the
ground are determined interactively. In a second step, dealing with windows containing only one player of one team,
the color features which yield the best discrimination between the two teams are selected. Thanks to these color
features, the pixels associated to the players of the two teams form two separated clusters into a color space. In
fact, there are many color representation systems and it’s interesting to evaluate the features which provide the best
separation between the two classes of pixels according to the players soccer suit. Finally, the classification process
for image segmentation is based on the three most dicriminating color features which define the coordinates of each
pixel in an "hybride color space". Thanks to this hybrid color representation, each pixel can be assigned to one of
the two classes by a minimum distance classification.
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1. INTRODUCTION

Soccer is a very popular sport all over the world. Coaches and sport commentators need accurate informations
about soccer games, especially about the players behaviour. These informations can be gathered by inspectors who
watch the soccer match and report manually the actions of the players involved in the principal phases of the game.
Generally, these inspectors focus their attention on the few players standing near the ball and don’t report about
the motion of all the other players.

A solution to get a global view of all the players should be to use computer vision in order to track each player during
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the whole game. Presently, despite a few experiments, there isn’t any system available for automatic analysis and
recording of all the events that take place during a game. Yow! presents a method in order to automatically detect
and extract essence of the game by analysis of TV video tapes. From limited soccer sequence, he extracts camera
motion parameters in order to determine the leftmost and rightmost locations of the field. In these locations, he
can detect images with goal posts which correspond with intense actions of the soccer game. In this selected set of
images, he performs motion tracking of the ball. The highlights are reconstructed as a single image which presents
a larger view of the soccer field and shows the motion of the players and the trace of the ball against a background
mosaic. Gong? presents a video parser that can automatically decompose a soccer program into various typical
game phases such as shot-at-left-goal, top-left-corner-kick, play-in-right-penalty-area or play-in-midfield. The video
parsing process extracts the nonfield-pixels from the input images before player detection, game position recognition
using line marks, motion vector detection and ball tracking. None of these authors tries to track each player during
the whole match from the video tape because the camera actions (zooming, panning, ...) make impossible the
vizualisation and the continuous tracking of all the players.

So, it seems desirable to design a system which automatically tracks all the players in real-time. That’s why, we
propose to automatically track each player through the succesive color images of the sequences acquired by a fixed
color camera. Each player which is present in the image, is modelized by an active contour model or snake.? Each
snake is updated in each image of the sequence in order to determine the player’s motion using the method proposed
by Vieren* for object tracking.

When, during the soccer match, a player is hidden by another, the snakes which track these two players merge. So,
it becomes impossible to track the players, except if the snakes are interactively re-initialized. Fortunately, in most
cases, the two players don’t belong to the same team. That’s why we present an algorithm which recognizes the
teams of the players by pixels classification.

The learning scheme of the classification process is divided into two steps. The first one deals with the pixels
representing the soccer ground which must be withdrawn before considering the players themselves. To eliminate
these pixels, the color characteristics of the ground are determined interactively. In a second step, dealing with
windows containing only one player of one team, the color features which yield the best discrimination between the
two teams are selected. Thanks to these color features, the pixels associated to the players of the two teams form
two separated clusters into a color space. In fact, there are many color representation systems and it’s interesting
to evaluate the features which provide the best separation between the two classes of pixels according to the players
soccer suit. For instance, Brunner® discusses a study of six color spaces to determine which, if any, are better suited
for detecting specific surface defects on Douglas-fir veneer. In the same way, Adel® develops a method of local
comparison for different color spaces representations in order to classify surface flaws and thus, segment color images
of wood defects.

Finally, the classification process for image segmentation is based on the three most dicriminating color features
which define the coordinates of each pixel in an "hybride color space". Thanks to this hybrid color representation,
each pixel can be assigned to one of the two classes by a minimum distance classification.

In the second section of this paper, we present the color systems we use and the computer implementation of the
transformations of the (R, G, B) system into each of them. Then, we describe, in section 3, the supervised learning
scheme which is used to select the attributes for classification process which is presented in the section 4. Some field
results are presented in section 5 in order to assess the proposed player recognition system.

2. COLOR REPRESENTATION SYSTEMS

In color image processing, various kinds of color features can be evaluated from the tristimuli R (red), G (green) and
B (blue) . So, it seems interesting to compare different color systems in order to determine which are the best color
features to classify pixels for image segmentation. In this section, we present the color features we use as well as the
implementation of their computation.

2.1. Color spaces

The color of a pixel is usually given as three values corresponding to the (R, G, B) space. A color is an additive
combination of the three primary colors : red, green and blue. Any digital (R, G, B) image can be represented in any
of following classical color representation systems’ : (r,g,b), (I, H,S), (X,Y,Z), (z,y,2), (L*,a*,b*), (L*,u*,v*),
(I1,12,13), (A,CL,C2), (Y, 1,Q), (Y, U, V), (L, Cry  hdy), (L, Chuy hS,) and (LY, Siy, ROy).
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The normalized color r, ¢ and b are convenient to represent the chromacity into a plane. Indeed, two features are
sufficient to define the pixel chromacity and usually, the chromacity diagram is represented in the (r, g) plane. The
chromatic coordinates r, g and b are independant of image brightness and can not be used to directly measure
brightness.

The representation of the colors in the (R, G, B) color space is designed for specific devices but, for a human observer,
a color is defined in terms of intensity, hue and saturation. The (I, H, S) color space is convenient for representing the
human color perception. I corresponds to the intensity while ' (hue) and S (saturation) represent the chrominancy.
When, one of the coordinates of a color evaluated in the (R, G, B) space is negative, it cannot be acquired by a color
video camera. So, in 1931, the "Commission Internationale de I’'Eclairage" (CIE), the major international commission
involved with illumination and color measurement,® develops an artificial color coordinates system in which all colors
can be represented using only positive values of the primaries X, ¥ and Z. The CIE (X,Y, Z) primary system is
evaluated from the (R, G, B) system by a matrix transformation. The coefficients of this matrix can be determined
by a colorimeter or are defined according to the recommandations of the standard (CIE, NTSC, ITU, ...) and the
illuminant (A, B, C, D65, E, ...) corresponding with the conditions of the color image acquisition. Any couple of the
normalized chromacity coordinates z, y and z is convenient to define a color plane. The CIE has chosen the (z,y)
plane to represent the CIE chromaticity diagram.

To describe the difference in the human appreciation between colors by an euclidean distance, the CIE has proposed
two uniform color systems : the (L*, u*,v*) (CIELUV) and the (L*,a*, b*) (CIELAB). These spaces are especially
useful for determining perceptual color differences. In these spaces, L* defines the luminancy (measure of an object’s
reflectance), (u*,v*) and (a*,b*) define the chrominancy. u* or a* are red/green chrominancies and v* or b* are
yellow/blue chrominancies. Psychometric lightness (L, ,L%,), hue angle (h?,,hS,), chroma (C},,C%,) and saturation
(Sr,) can be defined too.

Other color spaces have been specifically proposed for image processing. Otha® develops a set of linear transforms us-
ing the Karhunen Loeve transform (Principal Component Analysis) for segmenting natural scenes. In the (71,72, 13)
space, I1 is a measure of brightness while 12 and I3 are two different measures of the chromacity. Faugeras'® presents
a three dimensional homomorphic model of human color vision (A4, C1, C2) based on neurophysiological and psy-
chophysical evidence. A is a measure of brightness which is separated from (C'1,C2), the chromatical information.
Finally, (Y,I,Q) and (Y,U,V) are the color coordinates systems for television signals. (Y,I,Q) is used in north
american television (NTSC standard) and (Y, U, V) in european television (PAL standard). In these spaces, Y is an
accepted standard measure for brightness and (U, V) or (I, Q) are the chromacity measures.

2.2. Color features separability

Depending on the three dimensional color space, the features can be considered independently one of each other or
not. If the color features are directly derived from the physical additive combination of the three primaries, they are
linked since if one feature is modified, the two other ones must be modified similarly in order to obtain the same
proportion. For example, increasing the feature R in order to increase the luminancy leads to increase proportionally
the two others features. Typical such color spaces are the (R,G, B) and the (r,g,b). The (X,Y,Z) and (z,y,2)
spaces share the same property since they are linear transforms of the two preceding ones.

However, in some of the color systems, the luminancy information is separated from the chrominancy information.
In such cases, the feature representing the luminancy can independently be modified from those defining the chromi-
nancy. The uniform color systems (L*, u*,v*) and (L*,a*,b*), the color coordinates systems for television signal
(Y, 1,Q) and (Y,U, V) and the Faugeras model (A, C'l,C2) are such systems.

Finally, the chrominancy can be defined by different features wich are physically independant. In the (I, H,S) sys-
tem, intensity, hue and saturation are three separable color features because their meanings are different. In the
same way, the chroma, hue and saturation parameters from the CIE uniform color spaces have different meanings
too. Thus, the systems (L}, C¥,, hS,), (L%, Chy, hS,) or (LY, Sk, hS,) are systems with separable features. In the
Otha’s coordinates system (11,2, I3), the features are mathematically independant because Otha® uses a principal
component analysis in order to determine them.

So, the systems with separable features are : (I, H,S), (I1,12,13), (L},,Cry, hoy), (Lip, Chp b)), (Liy, Siys hy),
those with two unseparable color features are : (L*,u*,v*), (L*,a",b%), (Y,1,Q), (Y,U,V), (4,C1,C2) and those
with the three unseparable color features are : (R, G, B), (r,9,b), (X,Y,Z), (z,y,z). According to the separability of
the features within a color representation system, the handling of these features will be different, leading to different
implementation.



2.3. Color spaces transformations implementation

In order to determine the best color features for an efficient classification of the pixels of a given (R, G, B) multispectral
image, we have to convert this image into another color systems. The three primary colors red, green and blue
correspond with the three positive outputs of a color sensor which are generally coded as 3 x 8 bits so that each
feature ranges from 0 to 255. When converting the features from one to another, the ranges can vary. In order to
compare the different color systems, it’s absolutly necessary to scale the converted features in the same range than
the original R, GG, and B features.

2.3.1. Ranges of the color features
In order to implement a color system transformation, we must evaluate the range of each features of such a system.
For each color feature a, we determine its maximum value maz® and its minimum value min® :

min® = min (TQ(R, G, B)) mazr® = max (TQ(R, G, B)), (R,G, B) €[0,255)° (1)

where T, denotes the transformation used to obtain a from the tristimuli (R, G, B). The range of the « feature is
maz® — min®.
2.3.2. Scaling

A color system is considered according to its features separability. We denote «,  and 5, the three features of a
color system and o', 3’ and 4, the corresponding scaled ones. The expressions used to compute the different color
features are given in the appendix A.

For a system with 3 unseparable features :

The three features are normalized according to the maximum range of them. We denote p, this maximum value :
p = max ((ma;ra —min®), (maz” — min®), (maz" — min”))

255

a':(a—minQ)XT B = —minﬁ)XT 'y:('y—minV)XT (2)

For a system with 2 unseparable features :
The two unseparable features (for instance § and +) are normalized according to the maximum range of them. The
separable feature a is normalized according to its own range.

p = max ((marﬁ — min®), (mazY — min?))

255 255 255

r_ Y 499 " B 299 r_ ey 299 3
o' = (e — min®) x e —— B = (8 —min”) x p ¥ = (y = min?) x p (3)
For a system with independant features :
Each feature is normalized according to its own range :
255 255 , 255

o' = (@ — min®) x B = (8 — min®) x = (y—min") x (4)

mazx® — min® maz? — min® maz" — min’

3. SUPERVISED LEARNING SCHEME

The supervised learning scheme is based on a interactively chosen image, called hereafter the "learning image". The
presentation of the learning scheme is divided into three steps.

In a first time, we interactively select one window in the learning image, called here the "ground window", which
only contains the soccer ground. This window is used to determine thresholds in order to extract the player pixels,
that is to say the pixels which correspond to a player. So, we obtain a segmented learning image which contains only
the player pixels.

In a second time, different windows with only one player are interactively chosen, from the segmented learning image.
Theses windows are called "player windows". The player pixels of these windows are used as prototype samples for
the two classes of player pixels. Assuming that, there is a one to one correspondance between the two teams and



3046 2116
2436 1692
1827 1269
1218 846
609 423
0* > r(x,y) 0+ > g(x,y)
0 63 127 191 255 0 63 127 191 255

Figure 1. 1D histogram of the r and g chromatic features in the selected ground window

the two classes. A player pixel assigned to one of the two classes, corresponds to a player of one of the two teams.
From the chromatical analysis of these player windows, we determine the hybrid color space which yields the best
separation of two classes.

In a third time, we determine the colorimetric attributes of the two classes thanks to a colorimetric analysis of the
player windows.

3.1. Color learning image segmentation
3.1.1. Histograms evaluation

We have first selected, in the learning image, a ground window W whose pixels P(z,y) represent only the grass of
the soccer ground. # and y represent the image coordinates of the pixels P(z,y). The analysis of this window is
made in the chromatical plane (r, g) in order to ignore the effect of the brightness. In general, the histograms of the
two r and g chromatic features, evaluated in a ground window, appear to be unimodal (cf. figure 1).

3.1.2. Segmentation

These histograms are used to determine four thresholds corresponding with the right and left boundaries of the two
modes :

the low threshold of the r component : S] = min[r(z,y)] with P(z,y) € W.

the high threshold of the r component : S} = max[r(z,y)] with P(z,y) € W.

the low threshold of the g component : Sf = min[g(z,y)] with P(z,y) € W.

the high threshold of the g component : S{ = max[g(z, y)] with P(z,y) € W.

The segmentation is achieved in the chromatical plane (r, g) according to the following decision rule :

If r(z,y) &[S/, S;] and g(z,y) € [S7,S7], then the pixel P(z,y) is a player pixel.

If the soccer ground is clean, a single selected ground window is sufficient to correctly segment the learning image.
However, if the ground is not uniform, due to shadows, mud, variations of the quality of the grass, several windows
are necessary to determine the histograms characteristics of the aspect of the soccer ground.

3.2. Determination of the most discriminating hybrid color space

Among a set of available color features, we want to determine the best three ones for discriminating the two classes
of player pixels. These three color features define the most discriminating hybrid color space.

Let us denote C; and Cy, the two classes of player pixels which correspond with team 1 and team 2 respectively.
Let, Q, be the set of the interactively selected player windows w; ; in the segmented learning image. Each of these
player windows contains a single player. €2 is the union of €; and €3, the set of the player windows w; ; and w; »
which contain a player of team 1 and team 2 respectively. As the number of players in each team are equal, we select
the same number Ng/2 of player windows for team 1 and team 2. So, a player window of Q; (€Q2) contains player
pixels which only belong to the class Cy (Cy).

Let, T=(R, G, B, r,g,b, I, H S, X, Y, Z, 2,9y, z, L*, a*, b*, w*, v*, 12, I3, A, C1,C2,Y, I, Q,U, V, CZ,
hSys Siyy Cruy b)), be the space defined by taking into account all the available classical color features presented in
section 2.The k*" coordinate 7y (z,y) of this vector is the value of the k** color feature of the player pixel P(z,y).
The player pixels extracted from a player window w; ; € €2; are considered as a subcluster, denoted SCj ;, associated
to the class C;. In fact, in the multidimensional space II, the class C; is defined by merging the N /2 such subclusters



corresponding to the Ngn/2 player windows of Q;.
Let P, ; be the set of the player pixels in a player window w; ;.
Given a player window w; ; € Q;, we compute the mean of each color feature 7 (xz, y) of its player pixels :

o= _mel(,y) ith j = 1,2
Meis = E (card(Pwl)j)) Wit =5 (5)

P(:L‘,y)EPwl’j

So, mg’:j can be interpreted as the k'? coordinate of the gravity center vector of the subcluster SC; ;.

In order to evaluate the discriminating power of each feature of the space II, we compare the contribution of the
features to the separability of subcluters corresponding with different classes and the intra-cluster dispersion.
We compute D% . the minimum of difference between the kt? coordinates of the centers of a couple of subclusters
representative of the two classes :

T ; Tk Tk . .
Dmin = min (‘mw,,l - anl/)2 y Wil S Ql; Wit 2 S QQ) (6)
Let Dk .. be the maximum of the same difference but for subclusters representative of the same classe.
Y- Tk T . . . Te Tk . .
Dmax = max (‘mw,,l - mwl/)l ) (wlylawl',l) € Ql: ‘mw,)g mwl/)z ) (w272awl',2) € 92) (7)
In order to evaluate the discriminating power for each color feature, we use the criterion D™ = D7k — DIk .

The maximal value indicates the most discriminating color feature and the set of color features is ordered from
the most discriminating to the least discriminating color feature. We design a new hybrid color space (mq, w2, m3)
consisting of the three most discriminating color features.

3.3. Extraction of the classes attributes

The attributes of a class C; are the three mean values, denoted M;”, MJM, M;r:” of all the player pixels extracted
from the player windows w; ; € ;. These means are evaluated into the hybrid color space (1, T2, 73) :

i:NQ/Z

MJ?”C = Vo X 2 mg’:)j with k=1,---,3 (8)

So, the colorimetric attributes of a class are the coordinates, in the hybrid color space, of the center of centers of the
subclusters associated to the corresponding class.

4. CLASSIFICATION PROCESS

Before classifying the player pixels of a current color image, this image is segmented in order to extract the player
pixels. For this purpose, we applied the decision rule of the section 3.then, we transform the R, G and B features of
each player pixel P(z,y) into the hybrid color space (w1, 2, 73).

The classification process is divided into two steps. In a first time, the distance between the point representing each
player pixel in the hybrid color space and the attributes of each class is evaluated. In a second time, a minimum
distance decision rule is applied.

4.1. Evaluation of a specific distance

We need a step before the evaluation of the distances. For each class C;, we select in the segmented learning image,
one player window w; ; € Q;.
We define the region RE;, made by the player pixels of w; ; and G its gravity center evaluated in the player window
(cf. figure 2). The region RE; can be interpreted as a generic shape of a player of the team j in a color image.
Now, we define the distance D;(z,y) between the hybrid color space features m(z,y) of a player pixel P(z,y) and
the attributes of the class C;. In order to evaluate this distance, we extract the region denoted RE;, which is the
intersection between two regions REp and RE;. REp is the region centred at P(z,y), which contains the player
pixels of the current color image. The region RE; is translated so that its gravity center G coincides with the



Background )
Region

REj
Gravity center
Gj

Chosen player window i j

Figure 2. Region and gravity center

Figure 3. The intersection region

considered player pixel P(z,y) in order to extract the intersection region (cf. figure 3). Given the surface S(RE}) of
the region RE;, we evaluate the distance D;(xz,y) between the color hybrid space features 7 (z, y) of a player pixel
P(z,y) and the class C; attributes by the following equation :

k=3

Dj(r,y)zéx’; M-y % o

P(z,y)ERE;

D; is the sum of the absolute differences between the colorimetric attributes and the color hybrid space features
means of the player-pixels which belong to RET.

4.2, Decision rule

The decision rule is based on the comparison of the two distances between the pixel P(z,y) and the two class centers:
if Dy(z,y) < Da(z,y) then P(z,y) belongs to the class Cy. I1(z,y) = 1, Ir(z,y) = 0.

if Dy(z,y) > Da(z,y) then P(z,y) belongs to the class Ca. I1(z,y) =0, Ir(z,y) = 1.

if Dy(z,y) = Da(z,y) then P(z,y) is not classified. I (z,y) =0, Iz(z,y) = 0.

A pixel is assigned to one of the two classes according to the minimum distance rule. In the next section, we present
the results of our method.

5. EXPERIMENTAL RESULTS

We propose to apply the proposed method in order to analyse different images from different soccer games. We
present, in figure 4, the R, G and B components of three images from three different soccer games. For each color
image, the supervised learning scheme yields the three most discriminating color features my, w3 and w3 for each
game (cf. table 1). The results of the classification are presented in figure 5, where two binary images I; and I
correspond with the two teams of each game.
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In the game 1, the team 1 presents a mauve soccer suit while the second team players have a blue and red
tee-shirt. All the player pixels are well classified, except the socks of the team 2 players. Indeed, the team 2 player’s
socks are dark red which is closed to mauve. We propose to erode the binary images I; and Is in order to eliminate
these errors.

In the second game, the team 1 players have a blue and white soccer suit and the team 2 players a white one. All
the pixels are well classified. The ball which is white is assigned as the white team.

The third game involves a white, red and blue team 1 and a white team 2. In this case, all the player-pixels are well
classified too. The referee, with a gray soccer suit, is assigned as the team 1.

The three images have been acquired with different focal lenses. The results show that our classification process is
independant of the players size in the image.

. CONCLUSION AND DISCUSSION

In this paper, we have addressed the problem of segmenting and identifying soccer players of two teams, using color
features.

Extraction of the players from the background has been achieved by a simple adaptative thresholding procedure.
The discrimination between the players of the two teams has been undertaken as a multidimensional data analysis
problem. A great attention has been paid to the selection of the colorimetric feature by taking advantage of several
commonly used color representation systems.

Thanks to a specific learning scheme, we have proposed to represent the player pixels in an hybrid color space in
which inter-classes distances are minimized while intra-classes distances are maximized.

However, it’s not evident that we need exactly three color features to discriminate the players from one team from
those of the other. We are presently working on the selection of the right number of features while trying to recognize
the two goalkeepers as well as the referees.

Finally, it would be interesting to study the influence of the region used for the evaluation of the distance between
a player pixel and the attributes of a class in order to determine the best region.

APPENDIX A. COLOR SPACE DEFINITIONS

A.1. Normali ed color system

. R B G b B
"R ¢ B "R & B 'R G B
A.2. Human color perception system
R G B (G-B) 3 3 x min(R, G, B)
[= —mo«— H = —_— =1-
3 * M 9R-G-B S R G B

A.3. CIE XY color coordinates system

X Xp X X R

Y = Yr Y Y x G

A Zr 7 A B

The coefficients X, X , X , YR, Y ,Y | Zr, Z and Z are determined in accordance with the reference white
and the primary colors. For instance, with the primary colors of the CIE and with the illuminant E, the coefficients
are :

Xp=2 0 X =1 518 X =11300
Yr=1000 Y = 50 Y =0001
Zr=0000 Z =0055 Z =55 3

The normalized primary coordinates of the CIE are :

X Y A

Y x v 7z Y7 °T

X 'Y Z X Y Z



A.4. Uniform color systems

Given X,,, Y, and Z,,, the X, Y, and Z values for the reference white. If — > 0 00885 then :
v
L* =11 -1
X Y
Else v
L* = —
03 3 x Y.

The chromacity coordinates for the CIELUV system are :
u* =13 x L* x (u' — ul) v =13 x L* x (v — o)

where :

UI: X Ul: Y

X 1Y 37 X 1Y 37
And where v/, and v/, are the chromaticity coordinates of the reference illuminant.

The chromaticity coordinates for the CIELAB system are :

e ()= (1) v ((B)- ()

with ()y=2"if > 0 00885 or ()= 8 x 11% if 0 00885 .
The parameters from the CIELUV and CIELAB color spaces are defined by :

L,=L"  Ly=1I

- —
C;v — u*2 U*2 Zb — Cl*2 b*
* *
v b
hy, =a an| — hiy =a an| —
u* a*
*
S* CU'U
uv L*

A.5. Otha color coordinates system

R G B R-B _2G-R-B

11
3 2

A. . Faugeras color coordinates system
A= n(R) n(G) n(B) C1= n(R) - n(G) C2= n(B) -
A. . Color coordinates system for television signal
02 058 011

R
= 05 —02 -0322 x (G
0212 -0523 0311 B

R

G

B

= =01 —0 28 0 3 X

Y
1
Q
Y 02 058 011
U
Vv 0 15 —-0515 —0100
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