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ABSTRACT

Many authors usedifferent color systemdor color im-
age processing In manycases,thesecolor systemanust
becoded sothattheir componentsange betweerthe same
unsignednteger values. In this paper we proposea color
systentodingschemewhich preserveshe propertiesof the
color systemsWe apply this codingschemeto color image
segmentation.

Keywords: Color systemsCodingscheme Image sey-
mentation.

1. INTRODUCTION

The pixelsof a colorimagearedigitized accordingto three
componentsted (R), green(G) andblue (B). In general,
eachoneof thesethreecomponentss codedon 8 bits and
cantake 256differentunsignedntegervaluesin theinterval

[0, 255]. Severalcolortransformationsanbeusedfor color

imagesegmentation.The color is thenrepresentedly three
transformedcomponentsvhosesignedreal valuesdo not

alwaysrangein the interval [0,255]. In orderto compare
histogramsor euclideardistanceslefinedin differentcolor

systemsaswell asfor imagestorageor displayin different
color systemsa specificcodingschemas required[1, 2].

In the secondsectionof this paperit is shovn how color
systemganbe classifiedaccordingo well definedfamilies
which sharesimilar properties.n thethird section we pro-
posea color systemcoding schemewhich preseresthese
propertiesof the color systemsso that they are not modi-
fied by this codingscheme We applythis codingschemeo
the determinatiorof the mostdiscriminatingcolor texture
featurespacdor aspecificproblemof colorimagesegmen-
tationin the fourth section.

2. COLOR SYSTEM FAMILIES

Whenconsideringhe multitudeof availablecolor systems,
it is necessaryto classify theminto a few cateyoriesac-
cordingto their definitions. We proposeto groupthe most
classicalcolor systemsnto 4 principal familieswhich are
divided into sub-families. In the figure 1, we distinguish
4 main families: the primary systems, the luminance-

chrominance systems, the perceptual systems andthe sta-

tistical independent component systems. The dottedrect-
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Figurel: Colorsystemfamilies

angleswithin the principle rectanglescorrespondo sub-
familiesof color systems.In generalcolorimagesareac-
quiredthrougha (R, G, B) systemthatwe call the image
acquisitionsystem.So, all color systemsaredefinedby an
equationwhoseinputsare R, G andB. In thefigure 1, we
canseehow is determinedary color systemby following
the arrows startingfrom the (R, G, B) system.Let us de-
scribethese4 families.

2.1. Primary systems

The primary systemsare basedon the trichromatictheory
which assumeshatwe areableto matchary color by mix-
ing appropriateamountsof threeprimary colors. So, a pri-
mary systemdepend®n the choiceof a setof primary col-
orsandareferencewhite or illuminant. We distinguishtwo
typeof primarysystems.
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2.1.1. The(R, G, B) real primary systems

By analogyto the humaneye physiology the primary col-
orsarecloseto thered(R), thegreen(G) andtheblue (B).
Accordingto the applicationfield, different(R, G, B) sys-
temsare proposedsuchasthe CIE (R, G¢, Bo) system
for colorimetry or the NTSC (National Television System
Committee) (Ry,Gn, By) Systemand the EBU (Euro-
peanBroadcastingJnion) (Rg, Gk, Bg) systemfor tele-
vision.

The normalized components,which are named chro-
maticity coordinates,only take into accountthe chromi-
nance.The chromaticitycoordinatesf the (R, G, B) sys-
tem are denotedr, g, b. Sincethe (r,g,b) system,b =
1 —r — g, color canberepresenteth the chromaticitydia-

gram(r, g).

2.1.2. The(X,Y, Z) artificial primary system

Becausdhereal primary systemgresensomedravbacks,
the CIE recommendanartificial primarysystemwhosepri-
mary colors,denotedX, Y and Z, arevirtual [3]. In this
system,ary color is expressedy strictly positive compo-
nentvaluesandY representsheluminance.The (XY, Z)
systencanbedeterminedrom ary (R, G, B) system(CIE,
NTSC,EBU, ...) by lineartransformationsvhich alsode-
pendto thereferencewhite.

The chromaticitycoordinatesaredenotedr, y andz and
definethe chromaticitydiagram(z, ).

2.2. Luminance-chrominance systems

The luminance-chrominancsystemshave one luminance
componentand two chrominancecomponents.Thereare
severalkindsof luminance-chrominancgystems.

2.2.1. Perceptuallyuniformsystems

Becausehe euclidiandistancesvaluatedin the (R, G, B)
or (X,Y, Z) systemddo not correspondo the color differ-
enceswhich areactually perceved by an humanobsener,
the CIE recommendswo perceptuallyuniform systemsthe
(L*,u*,v*) and(L*, a*, b*) systemswhereL* represents
thelightness(luminancecomponentandwhereu*, v* and
a*, b* arechromaticitycoordinate$3].

2.2.2. Televisionsystems

Thetransmissiorof the television signalsrequiresthe sep-
aration betweenthe luminanceand chrominancecompo-
nents. The television standardNTSC makes use of the
(Y, 1,Q) systemwhereY is theluminancecomponentind
theboth I and@ arethe chrominanceomponents.
TheEBU broadcastingtandards basednthe (Y, U, V)
systemwherethe chrominanceomponentsreU andV'.

2.2.3. Antagonistsystems

Differentcolor systemsarebasedn theopposectolorthe-
ory which assumeshatthe color informationis transmitted

to thebrainaccordingto anachromaticcomponenandtwo

chromaticcomponentsvhich correspondo color opposi-
tion. Suchantagonissystemsareproposedor colorimage
analysislikethe (4, Cy, Cy) system4] or the (wb, rg, by)

systen5].

2.2.4. Othersystems

A last kind of luminance-chrominanceystemsincludes
othersystemssuchasthe (Y, Ch;, Chs) systemproposed
by Carron[6], the(Z, r, g) systen{1] orthe(Y, z, y) system
[3].

2.3. Perceptual systems

The perceptuabystemdry to quantify the subjectve enti-
ties of the color humanperceptionwhich arerelatedto the
luminosity, the hueandthe saturation.We distinguishtwo
kinds of perceptuabkystems.

2.3.1. Polar coodinatesystems

The polar coordinatesystemscorrespondo expressionsn
polar coordinatesof the chrominancecomponentswvhich
belongto luminance-chrominancsystems. Their compo-
nentsareluminance(L), chroma(C) andhue(H).

The (L, C, H) systemcan be evaluatedfrom the per
ceptuallyuniform systemsof the CIE [3], from the televi-
sionsystemsfrom theantagonissystemg4] or from other
luminance-chrominancgystemg6].

2.3.2. Perceptualcoordinatesystems

The perceptualcoordinatesystemscorrespondo expres-
sionsof the subjectie entitiesof the color humanpercep-
tion in termsof intensity (I), saturation(S) and hue (T)

components. They are directly evaluatedfrom a primary
system We candistinguishdifferent(Z, S, T') systemslike

thetriangle systemthe hexconesystemor the doublehex-

conesystem2].

2.4. Independent component systems

The statisticalindependentomponentsystemscan be de-
termined by different methodsin order to obtain non-
correlated components. For instance, Ohta uses the
Karhunen-Loge TransformatioKLT) in orderto propose
acolorsystemdenoted /1, 12, I3) [1].

3. COLOR SYSTEM CODING

Thecodingof thecolor systemgonsistdo round,scaleand

normalizethe valuesof their componentsn orderto pro-

cessvalueswhich rangebetweenthe unsignednteger val-

ues0 and255. We proposea color systemcodingscheme
which preseresthe propertiesof eachof the color systems
presentedh the secondsection.
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3.1. Independent and dependent coding

The component®f all color systemsaredefinedby oneor

severalsuccessie colortransformation®f the R, G andB

componentslLet usdenoteT}, T> andTs, thetransformed
component®f ary color systemsobtainedfrom the R, G

and B componentdy a setof color transformationsl’ and
C1, C> andCs thecorrespondingodedcomponent®y our

codingschemeC (seefigure 2).

R Ty C

G T T C Cs

B Ty Cs
[0, 2553 R® [0, 2553

Figure2: Color systemcoding

In orderto achieve the codingof eachtransformedcom-
ponentTly, T> andT3, we mustdeterminethe extremeval-
uesof theirrangesLetusdenotemn;, andM,, theminimum
andmaximumvaluesof the transformeccomponentl, re-
spectvely, sothat A, = My — my representshe rangeof
thetransformedccomponent},. In orderto adjustthewidth
of thisrangeto 255, the transformeccomponenfl, canbe
codedindependentlypf thetwo othercomponentdy means
of equationl. Thiskind of codingschemés anindependent
codingscheme.

Ck = % X (Tk — mk) (1)
k

Accordingto the propertiesof a color system,we must
sometimesnake useof a dependentoding scheme. Let
A .z denotethelargerrangeof thethreecomponent®f a
color systemdefinedas:

Apae = max (Ag) (2)
Ty

The dependentodingof thecomponent®f a color system
is achieved by meansof equation3 so thatthe rangeof at
leastonecomponents equalto 255.

255

Ck - Amaz

X (T, — my) 3)

The dependentodingschemeachiezesanequalscalepro-
cessto eachcomponentof a color system. So, the rela-
tive positionof colorsin the spacedefinedby this systemis
notmodified. Furthermoretheeuclideardistancebetween
colorsarepreseredthanksto sucha codingscheme.

In orderto presere their propertieswe apply oneof the
two above definedcoding schemeto the color systemsof
the4 families.

3.2. Application to color systems
3.2.1. Primary systems

The transformatiorof a (R, G, B) systemto an other pri-
mary systemis a linear transformationwhich dependson
the choiceof the primariesandthe referencevhite. For in-
stance the transformatiorfrom the NTSC (R, Gn, Bn)

systemto the CIE (X,Y, Z) systemwith the C illumi-
nantis definedby a matricial transformation X v 7|7 =
T [Ry Gn By]T where:

0.607 0.174 0.200
0.299 0.587 0.114 4)
0.000 0.066 1.116

T =

The chromaticitycoordinateof the C illuminantarez,, =
0.310 andy,, = 0.316, andthoseof theprimariesRy, G,
By arex, = 0.670,y, = 0.330, z, = 0.210, y, = 0.710,
zp = 0.140 andy, = 0.080 respectiely. Tablel1 contains
the codingparametersf the (X, Y, Z) system.

X Y VA
my, 0 0 0
My | 250.16| 255.00| 301.41

Tablel: X,Y andZ component&xtremesvalues

Ohtaproposedo codethis systemby meansof aninde-
pendentodingschemavhichis associatetb amatrixC;,.4
Sothat[01 02 C3]T = Cind T [RN GN BN]T with [1]

0.618 0.177 0.205
0.209 0.587 0.114 (5)
0.000 0.056 0.944

Cz’nd T =

With sucha codingschemethe evaluatedchromaticityco-
ordinatesare z,, = 0.333, y, = 0.333, z, = 0.674,
yr = 0.326, z, = 0.224, y, = 0.743, 2, = 0.162 and
y» = 0.090. They do not correspondo the coordinates
which arecomputeahanksto thematrix T. So,becauséhe
positionof theilluminant C in thechromaticitydiagramhas
changedwith theindependentodingschemewe cancon-
clude that the definition of the system(X,Y, Z) from the
primary systemNTSC is modify by sucha codingscheme.
By extendingthecaseof theilluminantto all colors,we con-
cludethatthe spectrumocuscontainedn the chromaticity
diagramis distortedby theindependentodingscheme.

Ontheotherhand thedependentodingschemeprovides
amatrix C 4., Sothat:

0.514 0.147 0.169
(6)
0.000 0.056 0.944

Cgep T = [ 0.253 0.497 0.096

The dependentoding schemedoesnot modified the true
chromaticitycoordinatesThis examplecanbe generalized
to the other primary systems.So, in orderto presere the
colorimetric propertiesof a primary systemwe proposeto
achieve adependentodingfor eachof its components.

3.2.2. Luminance-brominancesystems

Thesystemf thisfamily aredefinedby two kindsof trans-
formations:linearor nonlinearones.

The color systemsobtainedthrougha linear transforma-
tion can be consideredas primary systemsand must be
codedwith a dependentoding schemefor the samerea-
sonsasthe primary systems.
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For the non linear transformations, we take the
(L*, a*, b*) systemasanexample.By applyinganindepen-
dentcodingto thecomponentsf thissystemtheellipsesof
MacAdamaredistortedsothatthecolordistancesvhichare
evaluatedin this systemdo not correspondo the color dif-
ferencesvhich arepercevedby anhumanobsenrer. In or-
derto presere the MacAdamellipsesshapeandso,to pre-
sene anadequatiorbetweerthe euclideardistanceandthe
visual perceptionwe proposeto apply a dependentoding
to the perceptuallyuniform systemsWe extendthis depen-
dentcodingschemeo all luminance-chrominancgystems
obtainedthrougha nonlineartransformation.

3.2.3. Perceptualsystems

Becausehe componentf the perceptualsystemsrepre-
sentthreesubjectve entitiesto qualify a color, we consider
independentlyhesethreecomponentsFurthermoreijn or-

derto comparewo colors,the euclideandistances mean-
inglesssincethe huecomponents periodical. So, we pro-

poseto apply anindependentodingto the perceptuakys-
temcomponents.

3.2.4. Statisticalindependentomponensystems

Becausd¢hecomponentsf the statisticaindependentom-
ponentsystemsare determinedby linear transformations,
they canbe consideredsprimarysystemsothatthey have
to be codedwith adependentodingscheme.

4. APPLICATION TO COLOR IMAGE
SEGMENTATION

In orderto trackplayersduringasoccergame we have pro-
poseda color image segmentationmethodbasedon pixel
classificatiorj7, 8]. We suppose¢hattheteamof eachplayer
is identified by the color andthe texture of its soccersuit.
Consequentlythe pixels which representhe playerswith
the samesoccersuit constituteone classof player pixels
Thepixel classificatioralgorithmanalyseshe color texture
features which are computedby tackinginto accountthe
color component®f the neighbormpixels. We determinethe
mostdiscriminatingcolor texture featuresamonga multidi-
mensionaketof color texturefeatureshy meanwof anitera-
tivefeatureselectiorproceduressociatetb aninformation
criterion.

Certaincolor texture featuresare basedon an histogram
evaluationor an euclideandistancewhich areprocessedy
tackinginto accountolorcomponentsSo,in orderto com-
parethecolortexturefeaturesve needthatthe evaluationof
histogramsor euclideardistancess not modifiedby a cod-
ing scheme.That leadsus to apply our coding schemeto
our colorimagesggmentatioralgorithm.

In a first time, we built a color texture feature space.
Then,we describethe classificatiomalgorithmusedto clus-
ter the pixels representedn this space. Finally, we apply
our approactto soccerimageseggmentation.

4.1. Color texture feature space
4.1.1. Color texture features

A playerpixel neighborhoodanbe characterizedby color
texture featurevalueswhich are computedby tackinginto
accounthe color component®f its neighborplayerpixels.

We usea non exhaustve list of texture features. The
meanof the pixel valuesin a neighborhoodthe median
andthe modeare usedto evaluatethe centralvalue of this
neighborhood.The variability of the pixel valuesarounda
centralvalueis estimatedby meansof the varianceor its
squareoot, thestandad deviation. Theskewnessstimates
the degreeof asymmetryof the pixel valuesarounda cen-
tral value. The varianceandthe skewnesscanbe evaluated
aroundthe mean,the medianor the mode. Let N; denote
thenumberof availabletexturefeaturesvhicharecomputed
usingonecolor component.

Thereis atotal of N, availablecodedcolor components
which constitutethe differentabose mentionedcolor sys-
tems.

By takinginto accounthe Ny = N, x N, availablecolor
texturefeaturesyve definean Ny-dimensionatolor texture
featurespace.Thelarge dimensionof this spaceinevitably
generatedurdenandredundang. Furthermorea classifi-
cationalgorithmis very time consumingn a large dimen-
sionalspace.So, our goalis to look for the bestsubsetof
colortexturefeaturedor discriminatingthedifferentclasses
of pixels.

4.1.2. Supervisedearningscheme

In orderto determinea low dimensionalcolor texture fea-
ture spacewe requiresamplesvhich arerepresentatie of

theclasse®f pixels. At thebeginningof asupervisedearn-
ing schemewe interactiely selectseveral playerwindows
which have the samesizefrom a setof presgmentedearn-

ingimages In theseémagesthegroundis withdrawvnthanks
to an adaptationof the Ohlanders algorithm in order to

extractthe player pixels [9]. The playerwindows contain
playerpixelswhich represenplayersin differentsituations
(running,pushingthe ball, dribbling...) andin differentpo-

sitions(facingthe camerapackingthe camera...) Figure3

represena few playerwindows. Theseplayerwindows are
selectedfrom presgmentedlearningimageswherethere
arefour kindsof playerswearingdifferentsoccersuits.

Figure3: Selectedhlayerwindows

Let Cj, j = 1,...,N, denotea classof player pixels
where N is the numberof classes.For eachclassC;, we
interactvely selecthesamenumberN,, of playerwindows
wi,j, wherei indicatesthe serialnumberof the playerwin-
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dow (i = 1,..., N,). Theplayerwindows are usedto de-
terminethe color texturefeaturespacevhichyieldsthebest
separatiorbetweerthe classes.

4.1.3. Color texture featuie spaceselection

In orderto reducethedimensiorof the color texturefeature
spacewe usean iterative featureselectionprocedure. At
eachstepk of this procedurewe consider(Ny — k + 1)
k-dimensionalcandidatecolor texture feature spacesfor
which we computetheir discriminatingpower thanksto an
information criterion J. The candidatespacewhich max-
imizes J is the bestonefor discriminatingthe N classes.
The procedurss iterateduntil stabilizationof the value of
J. Let ko, betherankof theiterationprocessvhich corre-
spondsto the beginning of the stabilizationof J. k is the
dimensionD of the colortexturefeaturespace.

Thisclassicamultiple discriminantanalysisnethoddoes
notyield the optimal solutionbut a satisfyingonewhichiis
lesscomputatiortime consuming.

Theevaluationof the discriminatingpower supposeshat
the morethe classesarewell separateéindcompactin the
candidatecolor texture feature space,the higher the dis-
criminatingpower of the selectedeaturess. Thatleadsus
to choosameasuresf classeseparabilityandcompactness
asmeasuresf thediscriminatingpower.

At eachstepk of theprocedureandfor eachof the (N —
k+1) k-dimensionatandidateolortexturefeaturespaces,
we define, for eachplayerwindow w; ; associatedo the
classCj, afeatuevectorX; ; = [x; ;, ...,w{?’j]T wherez} ;
is the k*® colortexturefeature.

The measureof compactnessf eachclassC) is defined
by theintra-clasgispersiommatrix X¢:

N N,
1 w
e x> > (Xij = Mj)(Xs,; — Mj)T (7)

j=1 i=1

whereM; = [m], ...,m;?]T is themearvectorof thek color
texture featuresof the pixelsassignedo theclassCj.

The measuref classseparabilityis definedby the inter-
classdispersiommatrix X g:

N
x> (Mj — M)(M; — M)" (8)

j=1

1
ES:W

whereM = [m!, ...,m’“]T is themeanvectorof thek color
texturefeaturedor all the pixelsof all the classes.

The mostdiscriminatingcandidatecolor texture feature
spacds thatonethatmaximizestheinformationcriterion:

J= trace((Ec + 25)*125). 9)

In orderto only selectfeatureswhich arenot correlated,
we measureat eachstepk > 2 of theprocedurethecorre-
lation betweerthe candidatecolor texture featureandeach
of thek — 1 othercolortexturefeaturesonstitutingthe con-
sideredspace.The correlationvaluerangeshetweer) and
1. The closeris the correlationto 1, the more correlated

the two featuresare. If oneof the computedcorrelationis
higherthana correlationthresholdequalto 0.75, the candi-
datecolor texturefeatureis rejected.

Thanksto this iterative procedure we selectthe space
constitutedy themostdiscriminatingcolor texturefeatures
amongthe N availableones.

4.2. Soccer image segmentation
4.2.1. Playerpixel classification

In orderto classifya playerpixel P, we computeits color

texturefeaturevectorXp = [z}, ...,a:IQ]T in theabove de-
termined D-dimensionalcolor texture featurespace. For
that,we considethesetof theneighborplayerpixelsfalling
into a neighborhoodbf P. This neighborhoods defined
by a neighborhoodvindowwhich is centeredn the player
pixel P of sizeequalto the playerwindow size.

For eachclassC;, we evaluatetheeuclideardistanceD

betweenXp and the meanvector M; = [m},...,mf]T

of the classCj in the D-dimensionalcolor texture feature
space.A minimumdistancedecisionrule is usedto assign
P to theclassC; for which D} is minimum.

4.2.2. Results

In orderto illustrate our method,we presenfour colorim-
agesextractedfrom a sequencéseefigure 4). In theseim-
agestherearefour classe®f playerpixels.

The analysisof player windows of figure 3 yields the
most discriminating color texture feature spacewhich is
constitutedof themeanvalueof thez color componentthe
meanvalueof theC'h, colorcomponenof theCarronssys-
tem andthe skewnessaroundthe medianassociatedo the
huecolor componendf thesystem(Y, I, Q).

The imagesof figure 5 shows the player pixels which
have beenclassifiedin this space.In theseimages,we dis-
tinguishthe four classeof playerpixels by differentgrey
levels. The playerpixels have beenvery well extractedde-
spitethe badquality of the ground.We noticethatthe play-
ersarealwayswell separated.Thatis particularly notice-
ablein theimage5.(c) wherethe threeplayersareactually
identifiedwhereadn theimage4.(c), it is visually difficult
to separateghem. We obsene that thereare threeplayers
thanksto their shadaevs.

5. CONCLUSION

In this paper we have proposedan original overview of
the mostclassicalcolor systemsanda color systemcoding
schemeawnhich preseresthe propertiesof eachof them.We
applythis scheméo colorimageprocessingandmorepre-
cisely, to soccerimagesegmentation. Our codingscheme
canbe usedto codecolor in ary color systems.lt is well
suitedto definea color texture featurespace. This space
is determinedhanksto aniterative featureselectionproce-
dureassociatetb aninformationcriterionanda correlation
threshold.
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Figure4: Colorimagesof asequence

(@)
(©

Figure5: Classifiedplayerpixels
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