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ABSTRACT

Many authors usedifferent color systemsfor color im-
age processing. In manycases,thesecolor systemsmust
becoded,sothat their componentsrangebetweenthesame
unsignedinteger values. In this paper, we proposea color
systemcodingschemewhich preservesthepropertiesof the
color systems.We applythis codingschemeto color image
segmentation.
Keywords: Color systems,Codingscheme, Image seg-
mentation.

1. INTRODUCTION

Thepixelsof a color imagearedigitizedaccordingto three
components,red (

�
), green( � ) andblue ( � ). In general,

eachoneof thesethreecomponentsis codedon 8 bits and
cantake256differentunsignedintegervaluesin theinterval� ���	��
�
�


. Severalcolortransformationscanbeusedfor color
imagesegmentation.Thecolor is thenrepresentedby three
transformedcomponentswhosesignedreal valuesdo not
alwaysrangein the interval

� ������
�
�

. In order to compare

histogramsor euclideandistancesdefinedin differentcolor
systemsaswell asfor imagestorageor displayin different
colorsystems,aspecificcodingschemeis required[1, 2].

In thesecondsectionof this paper, it is shown how color
systemscanbeclassifiedaccordingto well definedfamilies
which sharesimilarproperties.In thethird section,wepro-
posea color systemcodingschemewhich preservesthese
propertiesof the color systemsso that they arenot modi-
fiedby thiscodingscheme.Weapplythiscodingschemeto
the determinationof the mostdiscriminatingcolor texture
featurespacefor aspecificproblemof color imagesegmen-
tationin thefourth section.

2. COLOR SYSTEM FAMILIES

Whenconsideringthemultitudeof availablecolor systems,
it is necessaryto classify them into a few categoriesac-
cordingto their definitions. We proposeto groupthemost
classicalcolor systemsinto 4 principal familieswhich are
divided into sub-families. In the figure 1, we distinguish
4 main families: the primary systems, the luminance-
chrominance systems, theperceptual systems andthe sta-
tistical independent component systems. The dottedrect-
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Figure1: Colorsystemfamilies

angleswithin the principle rectanglescorrespondto sub-
familiesof color systems.In general,color imagesareac-
quired througha � � � � � ��� systemthat we call the image
acquisitionsystem.So,all color systemsaredefinedby an
equationwhoseinputsare

�
, � and � . In thefigure1, we

canseehow is determinedany color systemby following
the arrows startingfrom the � � � � � ��� system.Let us de-
scribethese4 families.

2.1. Primary systems

The primary systemsarebasedon the trichromatictheory
which assumesthatwe areableto matchany color by mix-
ing appropriateamountsof threeprimarycolors. So,a pri-
marysystemdependson thechoiceof a setof primarycol-
orsanda referencewhiteor illuminant. We distinguishtwo
typeof primarysystems.



c
�

InternationalConferenceonColor in GraphicsandImageProcessing- CGIP’2000

2.1.1. The � � � � � ��� realprimary systems

By analogyto the humaneye physiology, the primarycol-
orsarecloseto thered(

�
), thegreen( � ) andtheblue( � ).

Accordingto theapplicationfield, different � � � � � ��� sys-
temsareproposedsuchasthe CIE � ��� � � � � � � � system
for colorimetryor the NTSC (NationalTelevision System
Committee) � ��� � � � � � � � systemand the EBU (Euro-
peanBroadcastingUnion) � ��� � � � � � � � systemfor tele-
vision.

The normalizedcomponents,which are namedchro-
maticity coordinates,only take into accountthe chromi-
nance.Thechromaticitycoordinatesof the � � � � � ��� sys-
tem are denoted� , � , � . Since the ��� � � � ��� system, � �!#" � " � , color canberepresentedin thechromaticitydia-
gram ��� � �$� .

2.1.2. The ��% �'&(��) � artificial primarysystem

Becausetherealprimarysystemspresentsomedrawbacks,
theCIE recommendsanartificial primarysystemwhosepri-
mary colors,denoted% ,

&
and
)

, arevirtual [3]. In this
system,any color is expressedby strictly positive compo-
nentvaluesand

&
representstheluminance.The �*% �'&(��) �

systemcanbedeterminedfrom any � � � � � ��� system(CIE,
NTSC,EBU, ...) by linear transformationswhich alsode-
pendto thereferencewhite.

Thechromaticitycoordinatesaredenoted+ , , and - and
definethechromaticitydiagram ��+ � ,�� .
2.2. Luminance-chrominance systems

The luminance-chrominancesystemshave one luminance
componentand two chrominancecomponents.Thereare
severalkindsof luminance-chrominancesystems.

2.2.1. Perceptuallyuniformsystems

Becausetheeuclidiandistancesevaluatedin the � � � � � ���
or �*% �'&(��) � systemsdo not correspondto thecolor differ-
enceswhich areactuallyperceivedby an humanobserver,
theCIE recommendstwo perceptuallyuniformsystems,the�*.0/ �'1 / �32 /�� and �4.5/ �'6 / � ��/7� systems,where .0/ represents
thelightness(luminancecomponent)andwhere

1 / , 2 / and6 / , � / arechromaticitycoordinates[3].

2.2.2. Televisionsystems

Thetransmissionof the television signalsrequiresthesep-
aration betweenthe luminanceand chrominancecompo-
nents. The television standardNTSC makes use of the� &(�'89�	: � systemwhere

&
is theluminancecomponentand

theboth
8

and
:

arethechrominancecomponents.
TheEBU broadcastingstandardis basedonthe � &;�=<0��> �

systemwherethechrominancecomponentsare
<

and
>

.

2.2.3. Antagonistsystems

Differentcolorsystemsarebasedon theopposedcolor the-
ory which assumesthatthecolor informationis transmitted

to thebrainaccordingto anachromaticcomponentandtwo
chromaticcomponentswhich correspondto color opposi-
tion. Suchantagonistsystemsareproposedfor color image
analysis,like the �*? ��@#AB��@(C � system[4] or the �*DE� � �F� � ��,��
system[5].

2.2.4. Othersystems

A last kind of luminance-chrominancesystemsincludes
othersystems,suchasthe � &(�	@HGIA��	@HG9C � systemproposed
by Carron[6], the � 8�� � � ��� system[1] or the � &(� + � ,�� system
[3].

2.3. Perceptual systems

The perceptualsystemstry to quantify the subjective enti-
tiesof thecolor humanperceptionwhich arerelatedto the
luminosity, thehueandthe saturation.We distinguishtwo
kindsof perceptualsystems.

2.3.1. Polar coordinatesystems

The polarcoordinatesystemscorrespondto expressionsin
polar coordinatesof the chrominancecomponentswhich
belongto luminance-chrominancesystems.Their compo-
nentsareluminance( . ), chroma(

@
) andhue( J ).

The �*. �	@�� JK� systemcan be evaluatedfrom the per-
ceptuallyuniform systemsof the CIE [3], from the televi-
sionsystems,from theantagonistsystems[4] or from other
luminance-chrominancesystems[6].

2.3.2. Perceptualcoordinatesystems

The perceptualcoordinatesystemscorrespondto expres-
sionsof the subjective entitiesof the color humanpercep-
tion in termsof intensity (

8
), saturation( L ) and hue ( M )

components.They are directly evaluatedfrom a primary
system.We candistinguishdifferent � 8�� L � M�� systems,like
the trianglesystem,thehexconesystemor thedoublehex-
conesystem[2].

2.4. Independent component systems

The statisticalindependentcomponentsystemscanbe de-
termined by different methodsin order to obtain non-
correlated components. For instance, Ohta uses the
Karhunen-LoeveTransformation(KLT) in orderto propose
a colorsystem,denoted� 8 ! �	8N���'8NO � [1].

3. COLOR SYSTEM CODING

Thecodingof thecolorsystemsconsiststo round,scaleand
normalizethe valuesof their componentsin order to pro-
cessvalueswhich rangebetweenthe unsignedintegerval-
ues
�

and
��
�


. We proposea color systemcodingscheme
which preservesthepropertiesof eachof thecolor systems
presentedin thesecondsection.
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3.1. Independent and dependent coding

Thecomponentsof all color systemsaredefinedby oneor
severalsuccessive color transformationsof the

�
, � and �

components.Let usdenoteM A , M C and MQP , the transformed
componentsof any color systemsobtainedfrom the

�
, �

and � componentsby a setof color transformationsR and@#A
,
@5C

and
@ P thecorrespondingcodedcomponentsby our

codingschemeS (seefigure2).

PSfragreplacements

��� M AM CM P
@#A@ C@ PR ST P� ���	��
�
�
 P � ���	��
�
�
 P

Figure2: Colorsystemcoding

In orderto achieve thecodingof eachtransformedcom-
ponentM A , M C and M P , we mustdeterminetheextremeval-
uesof their ranges.Let usdenoteUWV and XYV , theminimum
andmaximumvaluesof thetransformedcomponentMZV re-
spectively, sothat [\V]�^XYV " U_V representstherangeof
thetransformedcomponentMQV . In orderto adjustthewidth
of this rangeto

��
�

, the transformedcomponentMZV canbe

codedindependentlyof thetwo othercomponentsby means
of equation1. Thiskind of codingschemeis anindependent
codingscheme. @ VH� ��
�
[ Va` ��MZV " UWVb� (1)

According to the propertiesof a color system,we must
sometimesmake useof a dependentcoding scheme. Let[�c0dfe denotethelargerrangeof thethreecomponentsof a
colorsystem,definedas:[�c#d=eg�ah]ibjkBl �m[ V � (2)

Thedependentcodingof thecomponentsof a color system
is achievedby meansof equation3 so that the rangeof at
leastonecomponentis equalto

��
�

.@ VH� ��
�
[ c#d=e ` ��MZV " U_Vb� (3)

Thedependentcodingschemeachievesanequalscalepro-
cessto eachcomponentof a color system. So, the rela-
tivepositionof colorsin thespacedefinedby this systemis
notmodified.Furthermore,theeuclideandistancesbetween
colorsarepreservedthanksto suchacodingscheme.

In orderto preserve their properties,we applyoneof the
two above definedcodingschemeto the color systemsof
the4 families.

3.2. Application to color systems

3.2.1. Primary systems

The transformationof a � � � � � ��� systemto an otherpri-
mary systemis a linear transformationwhich dependson
thechoiceof theprimariesandthereferencewhite. For in-
stance,the transformationfrom the NTSC � ��� � � � � � � �

systemto the CIE ��% �	&;�=) � systemwith the C illumi-
nantis definedby a matricial transformation

� % &n)0
 k �R � � � � � � � 
 k where:

R^� op ��q r��tsu��q ! s�vw��qx�b�����qx�by�yz��q 
�{Ns|��q !�! v��q �����z��q ��r�r ! q !�! r
}~

(4)

Thechromaticitycoordinatesof theC illuminant are +9�W���q O ! �
and ,��]� ��q O ! r , andthoseof theprimaries

���
, � � ,� � are +���� ��q rNsB� , ,���� ��q O�O�� , +9��� ��qx� ! � , ,���� ��q�s ! � ,+��H� ��q ! vN� and ,��E� ��q ��{�� respectively. Table1 contains

thecodingparametersof the �*% �'&(��) � system.% & )U V 0 0 0XYV 250.16 255.00 301.41

Table1: % ,
&

and
)

componentsextremesvalues

Ohtaproposesto codethis systemby meansof an inde-
pendentcodingschemewhichis associatedto amatrix S������
sothat

� @ A @ C @ P 
 k ��S ����� R � � � � � � � 
 k with [1]:

Sg�����0R^� op ��q r ! {z��q ! s�s|��qx�b�N
��qx�by�yz��q 
�{Ns|��q !�! v��q �����z��q �N
br���q ybv�v
}~

(5)

With sucha codingscheme,theevaluatedchromaticityco-
ordinatesare + � � ��q O�O�O , , � � ��q O�O�O , + � � ��q rNs�v ,, � � ��q O��br , + � � ��qx���Bv , , � � ��q�s�vNO , + � � ��q ! rN� and,���� ��q ��y�� . They do not correspondto the coordinates
whicharecomputedthanksto thematrix R . So,becausethe
positionof theilluminantC in thechromaticitydiagramhas
changedwith the independentcodingscheme,we cancon-
clude that the definition of the system ��% �	&;�=) � from the
primarysystemNTSCis modify by sucha codingscheme.
By extendingthecaseof theilluminantto all colors,wecon-
cludethatthespectrumlocuscontainedin thechromaticity
diagramis distortedby theindependentcodingscheme.

Ontheotherhand,thedependentcodingschemeprovides
a matrix S �=�4� sothat:

S��=�4�ER^� op ��q 
 ! vw��q ! vts|��q ! r�y��q ��
bO���q v�yNs|��q ��y�r��q ��������q ��
br���q ybv�v
}~

(6)

The dependentcodingschemedoesnot modified the true
chromaticitycoordinates.This examplecanbegeneralized
to the otherprimary systems.So, in order to preserve the
colorimetricpropertiesof a primarysystem,we proposeto
achievea dependentcodingfor eachof its components.

3.2.2. Luminance-chrominancesystems

Thesystemsof thisfamilyaredefinedby two kindsof trans-
formations:linearor nonlinearones.

Thecolor systemsobtainedthrougha linear transforma-
tion can be consideredas primary systemsand must be
codedwith a dependentcodingschemefor the samerea-
sonsastheprimarysystems.



c
�

InternationalConferenceonColor in GraphicsandImageProcessing- CGIP’2000

For the non linear transformations, we take the�*. / �	6 / � � / � systemasanexample.By applyinganindepen-
dentcodingto thecomponentsof thissystem,theellipsesof
MacAdamaredistortedsothatthecolordistanceswhichare
evaluatedin this systemdo not correspondto thecolor dif-
ferenceswhich areperceivedby anhumanobserver. In or-
derto preserve theMacAdamellipsesshapeandso,to pre-
serveanadequationbetweentheeuclideandistanceandthe
visualperception,we proposeto applya dependentcoding
to theperceptuallyuniform systems.We extendthis depen-
dentcodingschemeto all luminance-chrominancesystems
obtainedthroughanonlineartransformation.

3.2.3. Perceptualsystems

Becausethe componentsof the perceptualsystemsrepre-
sentthreesubjective entitiesto qualify a color, we consider
independentlythesethreecomponents.Furthermore,in or-
der to comparetwo colors,theeuclideandistanceis mean-
inglesssincethehuecomponentis periodical.So,we pro-
poseto applyan independentcodingto theperceptualsys-
temcomponents.

3.2.4. Statisticalindependentcomponentsystems

Becausethecomponentsof thestatisticalindependentcom-
ponentsystemsare determinedby linear transformations,
they canbeconsideredasprimarysystemssothatthey have
to becodedwith adependentcodingscheme.

4. APPLICATION TO COLOR IMAGE
SEGMENTATION

In orderto trackplayersduringasoccergame,wehavepro-
poseda color imagesegmentationmethodbasedon pixel
classification[7, 8]. Wesupposethattheteamof eachplayer
is identifiedby the color andthe texture of its soccersuit.
Consequently, the pixels which representthe playerswith
the samesoccersuit constituteoneclassof player pixels.
Thepixel classificationalgorithmanalysesthecolor texture
features, which arecomputedby tacking into accountthe
color componentsof theneighborpixels.We determinethe
mostdiscriminatingcolor texturefeaturesamongamultidi-
mensionalsetof color texturefeaturesby meansof anitera-
tivefeatureselectionprocedureassociatedto aninformation
criterion.

Certaincolor texture featuresarebasedon anhistogram
evaluationor aneuclideandistancewhich areprocessedby
tackinginto accountcolorcomponents.So,in orderto com-
parethecolortexturefeaturesweneedthattheevaluationof
histogramsor euclideandistancesis not modifiedby a cod-
ing scheme.That leadsus to apply our codingschemeto
ourcolor imagesegmentationalgorithm.

In a first time, we built a color texture featurespace.
Then,we describetheclassificationalgorithmusedto clus-
ter the pixels representedin this space.Finally, we apply
ourapproachto soccerimagesegmentation.

4.1. Color texture feature space

4.1.1. Color texture features

A playerpixel neighborhoodcanbecharacterizedby color
texture featurevalueswhich arecomputedby tackinginto
accountthecolorcomponentsof its neighborplayerpixels.

We usea non exhaustive list of texture features. The
meanof the pixel valuesin a neighborhood,the median
andthe modeareusedto evaluatethe centralvalueof this
neighborhood.Thevariability of thepixel valuesarounda
centralvalue is estimatedby meansof the varianceor its
squareroot, thestandard deviation. Theskewnessestimates
the degreeof asymmetryof the pixel valuesarounda cen-
tral value.Thevarianceandtheskewnesscanbeevaluated
aroundthe mean,the medianor the mode. Let ��� denote
thenumberof availabletexturefeatureswhicharecomputed
usingonecolorcomponent.

Thereis a total of ��� availablecodedcolor components
which constitutethe differentabove mentionedcolor sys-
tems.

By takinginto accountthe ������� � ` ��� availablecolor
texturefeatures,wedefinean � � -dimensionalcolor texture
featurespace.Thelargedimensionof this spaceinevitably
generatesburdenandredundancy. Furthermore,a classifi-
cationalgorithmis very time consumingin a large dimen-
sionalspace.So,our goal is to look for the bestsubsetof
colortexturefeaturesfor discriminatingthedifferentclasses
of pixels.

4.1.2. Supervisedlearningscheme

In orderto determinea low dimensionalcolor texture fea-
ture space,we requiresampleswhich arerepresentative of
theclassesof pixels.At thebeginningof asupervisedlearn-
ing scheme,we interactively selectseveralplayerwindows
whichhavethesamesizefrom asetof presegmentedlearn-
ing images. In theseimages,thegroundiswithdrawnthanks
to an adaptationof the Ohlander’s algorithm in order to
extract the playerpixels [9]. The playerwindows contain
playerpixelswhich representplayersin differentsituations
(running,pushingtheball, dribbling...) andin differentpo-
sitions(facingthecamera,backingthecamera...).Figure3
representa few playerwindows. Theseplayerwindowsare
selectedfrom presegmentedlearning imageswhere there
arefour kindsof playerswearingdifferentsoccersuits.

Figure3: Selectedplayerwindows

Let
@��

, ��� ! �7q�q�q�� � , denotea classof player pixels
where � is the numberof classes.For eachclass

@��
, we

interactively selectthesamenumber��� of playerwindows� �*� � , where � indicatestheserialnumberof theplayerwin-
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dow ( ��� ! ��q�q�q�� � � ). The playerwindows areusedto de-
terminethecolor texturefeaturespacewhichyieldsthebest
separationbetweentheclasses.

4.1.3. Color texture featurespaceselection

In orderto reducethedimensionof thecolor texturefeature
space,we usean iterative featureselectionprocedure.At
eachstep � of this procedure,we consider �*��� " ��� ! �� -dimensionalcandidatecolor texture featurespacesfor
which we computetheir discriminatingpower thanksto an
informationcriterion   . The candidatespacewhich max-
imizes   is the bestone for discriminatingthe � classes.
The procedureis iterateduntil stabilizationof the valueof  . Let �b¡ , betherankof theiterationprocesswhich corre-
spondsto thebeginningof the stabilizationof   . �b¡ is the
dimension¢ of thecolor texturefeaturespace.

Thisclassicalmultiplediscriminantanalysismethoddoes
not yield theoptimalsolutionbut a satisfyingonewhich is
lesscomputationtime consuming.

Theevaluationof thediscriminatingpowersupposesthat
themoretheclassesarewell separatedandcompactin the
candidatecolor texture featurespace,the higher the dis-
criminatingpower of theselectedfeaturesis. That leadsus
to choosemeasuresof classesseparabilityandcompactness
asmeasuresof thediscriminatingpower.

At eachstep� of theprocedureandfor eachof the �4� � "�£� ! �Q� -dimensionalcandidatecolortexturefeaturespaces,
we define, for eachplayer window � �*� � associatedto the

class
@ �

, a featurevector % ��� � � � + A�*� � ��q�q�q�� + V�*� � 
�¤ where+ V��� �
is the �t¥*¦ color texturefeature.

Themeasureof compactnessof eachclass
@ �

is defined
by theintra-classdispersionmatrix § � :

§ � � !� � ` � `
�¨�'©ªA
�¬«¨ � ©ªA ��%]�*� � " X � ����%]��� � " X � � ¤ (7)

whereX � � � U A� �7q�q�q�� U V� 
�¤ is themeanvectorof the � color
texturefeaturesof thepixelsassignedto theclass

@ �
.

Themeasureof classseparabilityis definedby theinter-
classdispersionmatrix §0­ :

§0­®� !�¯`
�¨�'©£A �4X � " X°���4X � " X°� ¤ (8)

whereX±� � U A ��q�q�q�� U V 
²¤ is themeanvectorof the � color
texturefeaturesfor all thepixelsof all theclasses.

The mostdiscriminatingcandidatecolor texture feature
spaceis thatonethatmaximizestheinformationcriterion:

 W�a³'´�i�µf¶I·N�¸§ � �¹§ ­ ��º A § ­9» q (9)

In orderto only selectfeatureswhich arenot correlated,
we measure,at eachstep �½¼ � of theprocedure,thecorre-
lation betweenthecandidatecolor texture featureandeach
of the � "®! othercolortexturefeaturesconstitutingthecon-
sideredspace.Thecorrelationvaluerangesbetween

�
and!

. The closeris the correlationto
!
, the more correlated

the two featuresare. If oneof the computedcorrelationis
higherthana correlationthresholdequalto

��q�sb

, thecandi-

datecolor texturefeatureis rejected.
Thanksto this iterative procedure,we selectthe space

constitutedby themostdiscriminatingcolortexturefeatures
amongthe � � availableones.

4.2. Soccer image segmentation

4.2.1. Playerpixel classification

In orderto classifya playerpixel ¾ , we computeits color
texturefeaturevector %]¿Y� � + A¿ ��q�q�q�� +�À¿ 
 ¤ in theabovede-
termined ¢ -dimensionalcolor texture featurespace. For
that,weconsiderthesetof theneighborplayerpixelsfalling
into a neighborhoodof ¾ . This neighborhoodis defined
by a neighborhoodwindowwhich is centeredon theplayer
pixel ¾ of sizeequalto theplayerwindow size.

For eachclass
@ �

, weevaluatetheeuclideandistance¢ ¿�
between% ¿ and the meanvector X � � � U A� �7q�q�q�� U_À� 
�¤
of the class

@��
in the ¢ -dimensionalcolor texture feature

space.A minimumdistancedecisionrule is usedto assign¾ to theclass
@��

for which ¢ ¿� is minimum.

4.2.2. Results

In orderto illustrateour method,we presentfour color im-
agesextractedfrom a sequence(seefigure4). In theseim-
ages,therearefour classesof playerpixels.

The analysisof player windows of figure 3 yields the
most discriminatingcolor texture featurespacewhich is
constitutedof themeanvalueof the + colorcomponent,the
meanvalueof the

@HG�C
colorcomponentof theCarron’ssys-

tem andthe skewnessaroundthe medianassociatedto the
huecolorcomponentof thesystem� &;�	8���: � .

The imagesof figure 5 shows the player pixels which
have beenclassifiedin this space.In theseimages,we dis-
tinguish the four classesof playerpixels by differentgrey
levels. Theplayerpixelshave beenvery well extractedde-
spitethebadqualityof theground.We noticethattheplay-
ersarealwayswell separated.That is particularlynotice-
ablein the image5.(c) wherethethreeplayersareactually
identifiedwhereasin the image4.(c), it is visually difficult
to separatethem. We observe that thereare threeplayers
thanksto their shadows.

5. CONCLUSION

In this paper, we have proposedan original overview of
themostclassicalcolor systemsanda color systemcoding
schemewhichpreservesthepropertiesof eachof them.We
applythis schemeto color imageprocessingandmorepre-
cisely, to soccerimagesegmentation.Our codingscheme
canbe usedto codecolor in any color systems.It is well
suitedto definea color texture featurespace. This space
is determinedthanksto aniterative featureselectionproce-
dureassociatedto aninformationcriterionandacorrelation
threshold.
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(a)

(c)

(b)

(d)

Figure4: Color imagesof asequence

(a)

(c)

(b)

(d)

Figure5: Classifiedplayerpixels
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