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Abstract

A setof textural featuresfor theclassificationof textures
in color imagesis presented.Thesecolor texture features
are basedon thecolor covariancetexture model,a texture
modelof secondorderstatisticsfor multi-channelcolor im-
ages. In the color covariance texture model, the spatial
correlation of pixels in textured image segmentsare rep-
resentedby covariancefunctions. The pixel arrangement
within each color planeis consideredas well as the inter-
relationsof thepixel’s color componentsbetweendifferent
color planes. From the covariancefunctions,a set of 14
momentsis extractedascovariancetexture features.These
momentsarebasedonspecificcharacteristicsof thecovari-
ancefunctionsclassifyingdifferent typesof color textures.
Thenew covariancetexture featurescorrespondto the hu-
manperceptionof texture includingthesubstantialtextural
features coarseness,entropy, contrast, directionality, and
color. Thesignificanceof thecolor covariancetexture fea-
turesis verifiedbyclassificationtestsondifferentimagese-
riesof color micro-textures.

1. Intr oduction

The analysisof texture in color imageshasgiven rise
to growing interestin computervision to guaranteereliable
objectrecognition.Objectsin naturalscenesareoftenchar-
acterizedby their specificcolor texture. Humansobserve
color texturesas homogeneousimagesegmentsinterpret-
ing themeasilyassurfacesof pictureobjectsor the scene
background. For example,humanscan perceive a forest
immediatelybut we do not explicitly recognizetheamount
of trees,branches,leaves,etc. The dominanttexture fea-
turesare coarseness,entropy, contrast,directionality, and
color. However, for texture, thereexists no uniquedefini-
tion, it is morean intuitive term. Onecommondefinition
declarestexturesasmoreor lessregularpatternswhichcon-
sist of a setof elementarycomponents,the texture primi-
tives. The main characteristicsof texturesare due to the
spatialarrangementof thosetexture primitives. In macro-

textures,the textureprimitivesthemselveshave significant
features.On theotherhand,micro-texturesconsistof small
primitiveswhich arein many casesconsistof only a single
pixel. Micro-texturesaremostly found in picturesof nat-
ural scenes.Due to the indeterministicstructureof micro-
textures,statisticaltexture modelsare particularly suited.
Many approacheshave beendevelopedusing color infor-
mationandtexturefeaturesfor imageanalysis.In theliter-
ature,colorandtexturearemostlydiscussedasindependent
disciplines.Theproposedtexturemodelsareoperatingtra-
ditionally on grey-level images,see[10] for survey. But
today, the restrictionsplacedon grey-level imagesarenot
sufficient for textureanalysisasmany applicationsof com-
putervision dealwith color textures[9], [11].

In principle, thereare two basicapproachesto handle
color textures, single-channeltexture analysisand multi-
channeltexture analysis. Oneapproachto single-channel
color texture analysisis basedon the extractionof texture
featuresseparatelyin eachcolor channelof a color image
analogousto a grey-level image.UsingtheRGBformatfor
color images,this approachrequirestriple the amountof
datafor texturedescription.Anotherpossibility for theuse
of single-channeltexturemodelsfor colortexturemodelling
consistsof aninitial transformationof amulti-channelcolor
imageinto anone-dimensionalfeatureimage,e.g.into abi-
naryimageasdescribedin [6]. In contrastto single-channel
texture models,the multi-channelcolor texture analysisis
directly basedon the multi-dimensionalrepresentationof
color images.Thiscolor textureanalysistakesinto account
thetextural interrelationsbetweenthedifferentcolor chan-
nels.In differentapproachesto color texturemodelling,the
analysisof thespatialarrangementof colorpixelsis mainly
basedon secondorderstatistics.Thecolor covariancetex-
turemodelis basedon secondorderstatisticswhich is de-
scribedin section2. Basedon theparametersof this color
texturemodelasetof 14 momentsis definedascovariance
texture featuresin section3. In thefollowing section4, the
significanceof thecolor covariancetexture featuresis ver-
ified by classificationtests. In section5, experimentson
adaptive featureselectionaredescribedbeforesomecon-
clusionsaregivenin section6.



2. Color CovarianceTexture Model

The following is a descriptionof the color covariance
texture model, a multi-channeltexture model for colored
micro-textures which has been derived from the auto-
covariancetexturemodelfor grey-level textures.Likeauto-
covariance[3], the color covariance[5],[8] is a secondor-
der statisticsaboutthe correlationof pixel pairs for a set
of topologicalpixel relations. In contrastto the grey-level
auto-covariancetexturemodel,thespatialrelationsof pixel
valuesare calculatedfor the different color components
of involved pixels. Not only are the spatial relationsin-
side eachcolor planeanalysedbut also the interrelations
betweenthe color componentsof pixels in differentcolor
planes.In figure1, this ideais illustratedfor thecaseof the
3-channelRGBcolor image.
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Figure 1. Illustration of color covariance in a
3-channel RGB color image.

The correlationbetweentwo color planes
�

and � for
any multi-channelcolor imageis definedby the color co-
variancefunctions ������� given in formula (1). �	��

������� is
usedto denotethe color component

�
of the pixel at posi-

tion 

������� in the imagesegment � . ��� is the meanvalue,� � is the standarddeviation of the segment � in the color
plane

�
. For this reason,the set of pixel valuesin each

color planehasto be an orderedset,e.g.a setof intensity
values. The sum is normalizedby the number ��� of in-
volvedpixelsin thesegment � . Thecolor covariancefunc-
tion is calculatedfor a set of different displacementvec-
tors ������
������������ ,  ���! #"%$'& ,  ���� ("%$')�* with
maximumhorizontaldistance$ & and maximum vertical
distance$ ) accordingto the orthogonalimagetopology.

Due to the restrictionto a limited setof displacementvec-
tors, a covariancefunction is definedby a color covari-
ancematrix which is called ��� -matrix in the following.
A separate��� -matrix is definedfor every combinationof
color channels. The ��� -matrix is indexed by the topo-
logical coordinates
+�,���������.-/�	01$'&2�4353434��6��5343434�7$'&2*'8�	01$')��4353439��6��4353439��$')�* as a 
�:;$'&=<?>@�A8B
�:;$')A<?>C� -
dimensionalmatrix. In the centreof a ��� -matrix, the in-
dices 
D6E�76�� indicatezerodisplacement.

(1)FGFIH JLKDMONQPRMOS	T�UVW H W J VXOY[Z\@] ^5_C` K Y H KaNbPRS	TdcAe H T�K Y J KaNOfgMONQPhSIfiMjS�TQcAe J T
There are some significant characteristicsof ��� -

matrices.Dueto thenormalisationfactor klnm�lCo kp!q , it holds�����r�2
����s�t�,���u-wvx0�>	�4>4y where > meansmaximumcorre-
lation, 6 no correlation,and 0�> maximumanti-correlation.
Inside a color plane

�
, we have �����z�t
�6��76��{�|> because

every pixel hasa maximumcorrelationto itself (zerodis-
placement).Notethat �����r�2
����s�t�,���1-}vz0�>L�5>9y holdsonly
if the imagesegment � is organizedas a torus wherethe
segment � is continuedin all directionsin a cyclic way.
Otherwise,separatecalculationsof different meanvalues���7
+���s������� anddifferentstandarddeviations � �7
+���s�������
areneededfor everycolorplane

�
andfor all displacements
����s�t���~�G-=� to normalizetheformula.However, for rea-

sonsof efficiency we usethedefinition in formula (1) tak-
ing into accountonly small divergencesof the covariance
values.Simpletransformationsleadto a moreefficient cal-
culationof ��� -matricesasshown in formula(2).

(2)FGFIH JLKDMONQPRMOS	T�UVW H W J � VXOY Z\@] ^5_@` Y HhKaNQPhS�T Y JCKaNOfgMONQPhSIfiMjS�TQcAebHae�J9�
The ��� -matricesare inherentlycharacterizedby their

symmetricalproperties. ��� �z� are symmetricalmatrices
themselvesasshown in formula(3), and �����r� , �G���� arein
pairssymmetrical,seeformula (4). Hence,half of theval-
uesin formula (1) areredundant.Thus,for every possible
combination
 � �+�2� of colorplanes,only half of thevaluesof
the ��� -matriceshave to becalculatedexplicitly.FGF HxH U FGFIHzH

(3)FGF H J U FGF J7H
(4)

where
FGFuKDMONQPRMOS	T�U FGFuKhc�MOS~Ptc�MON�T

2



Thereis anobviouscongruencebetweenrotationsof tex-
turedimagesegmentsandtherotationof their correspond-
ing ��� -matrices.However, themostimportantcharacteris-
tic of ��� -matricesdependson their independenceto vari-
ationsof colorsin imagesequences.This problemin color
constancy is often causedby separatefluctuationsin the
brightnessof thecolorchannels.Theinvarianceof the ��� -
matricesto colorvariationscausedby separateadditiveand
multiplicative noiseis shown in the formulas(5) and (6).�9�s� indicatesthe image � in which all pixelsareaddedby
a constant� , �5� is a variationof � dueto a multiplication
of all pixelsby a factor � . Note that � and � arearbitrary
vectorsof independentvaluesin thedimensionof thecolor
space. FGFIH J`���� U�FGFIH J` (5)FGFIH J`�� U�FGFIH J` (6)

Table 1. Color covariance texture features.

Energy ��� U Z \@] ^ FGFuKaNQP+S	TR�
Coarseness ��� U Z \@] ^�� N � f{S � FGFuKaNbPRS	T
Fineness ��� U Z \@] ^ FGFuKaNQPRS	TV f � N � f�S �

3. Color Texture Features

Oneof the mostreferencedapproachesto texturemod-
elling is basedon co-occurrencestatistics. In this texture
model,thenumberof pixel pairswith aspecificspatialrela-
tion in a texturedimageregion is registered.Thefrequency
distribution of every possiblecombinationof two pixels is
organizedin asquarematrix. Thesizeof thisco-occurrence
matrixdependsonthenumberof consideredpixelvalues.A
separateco-occurrencematrixis neededfor everyspatialre-
lation causinga big amountof datafor texturedescription.
By Haralicketal. [4], asetof momentshasbeendefinedfor
co-occurrencematriceswhich leadsto a considerabledata

Table 2. Color covariance texture features.

Directionality-1�A� U Z \@] ^ FGFuKaNQPhS	TV f�S ���� U Z \@] ^ FGFuKaNQPhS�TV f�KaN�c�S	T ���� U Z \@] ^ FGFuKaNQPhS	TV f�N ���� U Z \@] ^ FGFuKaNQPhS�TV f�KaNjf�S	T �
Directionality-2��� U Z H FGFuKa�RP��@TR  sum��¡ U Z H FGFuKa�RPR��TR  sum� ��¢ U Z H FGFuK
�;PR��TR  sum���£� U Z H FGFuKa�RPtc¤��TR  sum

where ¥t¦2§ UZ H FGFuKa�RP��CTEfiFGFuKa�RP���TbfgFGFuK
�LPh�+TEfgFGFuKa��P£c¤��T
reduction. The main aspectof thesetexture momentslies
in their intuitively motivatedtexture description. Among
others,certainmomentsaregiven for the roughness,fine-
ness,contrast,andentropy of texture.Thesetof Haralick’s
texturefeaturesis oftenusedfor textureclassification.

In contrasttoco-occurrencematrices,thecovariancema-
tricesaredefinedindependentlyof thenumberof different
pixel values. Additionally, the covarianceinformation of
pixel pairsin differentspatialrelationsareorganizedin only
onecovariancematrix. Hence,acovariancematrixprovides
informationaboutthedirectionalityof texture. Thedimen-
sionof a covariancematrix dependsonly on thenumberof
spatialrelationsof pixel pairs. The set � of displacement
vectorstakesinto accounttheorthogonalrelationsof pixels
with themaximumhorizontaldistance$'& anda maximum
verticaldistance$¨) accordingto thetopologicalmaximum
metric ©
ª . For texturesin multi-dimensionalcolor images,
separatecovariancematricesfor eachcombinationof the
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Table 3. Color covariance texture features.

Contrast-1 ����� U¬« \@] ^ FGF neg
KaNQPRS	T« \@] ^ FGF abs
KaNbPhS	T

Contrast-2�=��� U X�­ FGFuKaNQPRS	T7®¤KaNQPRS	T°¯'M,P�FGFuKaNQPRS	T°±i�n²X M
Entropy�=� � U³c Z \@] ^ FGF pos

KaNQPhS�T
log
KDFGF

pos
KaNQPhS�TRT

whereFGF
abs
KaNbPRS	T U ´ FGFuKaNQPhS	Tt´(P1KaNQPRS	T�¯#MFGF

neg
KaNbPRS	T U µ c�FGFuKaNbPRS	T

if
FGFuKaNbPRS	T!±i�;P�

otherwiseFGF
pos
KaNbPRS	T U FGFuKaNQPhS�TEf V¶ P1KaNbPhS	T°¯#M

color planesare defined,e.g. 9 ��� -matricesin the case
of a 3-channelRGBcolor image. For the covariancema-
trices,we developeda setof textural featuresfor compact
texture description[7]. Fourteenmomentsfor covariance
matricesaredefinedin thetables1, 2, and3. Themoments
arecalledcovariancefeaturesin thefollowingexplanations,
thefull setof thesecovariancefeaturesis named· k�¸ . The
momentsaredefinedby formulaswherethesumis always
built over theset � of spatialindices 
����s�t���~� of the ��� -
matrices.For reasonsof simplicity, theseindicesarenamed

�s�7��� or

�
, the operator� specifiesthe sizeof a set. The

covariancefeaturesarenot restrictedto multi-channelco-
variancefunctions,but also suited for single-channelco-
variancematrices. They have beendevelopedintuitively
like thetexturefeaturesof Haralick,but they aredefinedin
a completelydifferentway. Themoments¹ k , ¹=º , ¹=» are
measurementsfor the resolutionof a texture. High values
of ¹ k (Energy) and¹�º (Coarseness) indicatearoughstruc-
turedtexturewhile thecontrarymoment¹=» (Fineness) de-
tectsfinestructures.Thecharacteristics¹ k , ¹ º , ¹ » arede-
rivedby differentmeasurementsof theweightof thematrix
centre. The moments¹ ¸ , ¹�¼ , ¹=½ , ¹=¾ (Directionality-1)
detectthedirectionalityof a texture in thehorizontal(—),
first diagonal( ¿ ), vertical(  ), andseconddiagonal( / )
direction,respectively. This is realizedby a summationof
thecovariancevaluesalongcutsthrougha covariancema-

trix which aredisposedaccordingto the four specifieddi-
rections.For a propercalculation,the cutsnearthematrix
centreare weightedstrongerthan the tangentialones. A
moresimpleestimationof texturedirectionalityis givenby
themoments¹�À , ¹=Á , ¹ k�Â , ¹ k7k (Directionality-2). These
momentscalculatethenormalizedsumof covariancevalues
alongcentralcuts througha covariancematrix in the four
main orthogonaldirections. The moments¹ k º and ¹ k »
definemeasurementsof atexture’scontrast.¹ k º (Contrast-
1) calculatestheproportionof thenegative covarianceval-
ues(anti-correlation)with regardto thesumof theabsolute
valuesof all covariancematrix entries. ¹ k » (Contrast-2)
indicatesthe relationbetweenthe numberof negative co-
variancevaluesto thenumber�¨� of all covariancematrix
values.The moment ¹ k�¸ (Entropy) detectsthe entropy of
a covariancematrix, after scalingthe covariancevaluesinvx0�>	�4>4y to valuesin v 6E�4>4y for an accurateuseof the loga-
rithm function. A high valueof ¹ kR¸ indicatesa balanced
distribution of the covariancematrix valueswhich occurs
with high textureentropy.

4. Color texture classification

In order to evaluatethe significanceof the covariance
features,threeimageseriesof color textureshavebeencho-
senfor classificationtests.ThesetextureseriesÃ k , ÃÄº , ÃÄ»
consistof color micro-texturestaken from threedifferent
imagedatabases.Ã k is an ad hoc assembledcolor texture
seriesconsistingof 320 color texturesin 32 different tex-
tureimagestakenfrom theVisTex colortexturedatabase[2].
Theothertwo colortextureseriesaretakenspeciallyfor this
purposefrom naturaloutdoorscenes.Ã º is a collectionof
408imagesshowing thebarksof 6 differenttreespecies[1],ÃÄ» consistsof 240 imagestaken from 6 differentkinds of
groundvegetation.All imagesof ÃÄº andÃÄ» havebeentaken
from differenttreesor plants. Every textureserieswasdi-
videdrandomlyinto two disjunctsubsetsof thesamesize,
a trainingsetanda testset.Thetrainingsetis usedonly to
find out theparametersfor theclassificationmethodandfor
normalisationof the featurespectrumasdescribedbelow.
The testset is dedicatedexclusively to calculationsof the
classificationperformance.

For classificationof the color texture seriesÃ k , ÃÄº , ÃÄ» ,
a nearest-neighbourclassifierhasbeenchosen.This clas-
sificationmethodprovideshigh robustnesson testsetswith
non-parametricdistributionsandnon-linearclassbordersin
their featurespectrum.We do not claim this classification
algorithmto be an optimal strategy for color texture clas-
sification. Ratherthe significanceof different color tex-
ture featuresis to be comparedby this traditional classi-
fication method. However, we useda specialversionof
this classificationmethod,the k-nearest-neighbourclassi-
fier, to increaseits performanceby using a classification
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parameterÅÆ�ÈÇ . For texture features,the set · k�¸ of
covariancefeaturesis usedwhich have beenderived from��� -matricescalculatedon the texture seriesin the RGB
color format. Thestrategy of thenearest-neighbourclassi-
fier mainly dependson calculationsof distancesin thefea-
turespace.In orderto usethe Euklidiandistancefunction
in thisclassificationalgorithm,anadaptivenormalisationis
performedon the covariancefeaturesof the texture series.
Thisis doneby formula(7) in whichthecovariancefeatures¹ k �4343539��¹ k�¸ -É· k�¸ are transformedinto a new features¹�Ê� wherethe meanvalues� � andthe standarddeviations� � arederivedfrom thetrainingset.This normalizationre-
sultsin new featurevaluescharacterizedby meanvalues6
andstandarddeviations > .§¨ËH U § H cAe HW H P § H ¯'Ì[ÍDÎ (7)

In figure 2, the classificationratesfor the separateco-
variancefeatures¹ k �4353439�7¹ k�¸ -É· kR¸ on the test setsof
the color texture seriesÃ k , ÃÄº , ÃÄ» are given. The differ-
entclassificationratesof the momentsaregiven for Ã k on
the left side, for ÃÄº in the middle, andfor ÃÄ» on the right
side,respectively. Theresultsfor thethreetestsetsaredif-
ferentbut consistent.In all cases,the covariancefeatures¹ k �4343539��¹=¾ and ¹ k�¸ aresignificantlybetterthanthe oth-
ers. The covariancefeatures¹�ÀL�4353434�7¹ k » (Directionality-
2, Contrast-1,Contrast-2) turnedout to be lesssignificant.
However, separateuseof themomentsis not applicablefor
classification,ratheraclevercombinationof thecovariance
featuresareto befoundasdescribedin thenext section.
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Figure 2. Classification rates of the separate
covariance features.

5. Feature selection

For an efficient color texture classification,a reduction
of the texture model parametersto a small set of signifi-
canttexturefeaturesis essential.Thenumberof parameters
of the color covariancetexture model dependsoriginally
on the sizeof the covariancematrices. In the caseof the
RGBcolor imagestakenfrom thetextureseriesÃ k , ÃÄº , ÃÄ» ,
we choosethemaximumcovariancedistances$ & �ÏÇ and$ ) ��Ç whichresultsin 9 ��� -matricesof dimension>	>�8b>L> .
A maximumdistanceof 5 pixels turn out to give goodre-
sults in micro-textureclassification.Due to the symmetri-
calproperties(3) and(4), half of thesevaluesareredundant
leadingto a numberof ÐsÑÓÒE>G�ÔÇnÕ�Ð differentvaluesof ��� -
matrices.This full setof covariancevaluesis called ��� ->L>t8E>	> in thefollowing. In contrastto thefull ��� -matrices,
thecovariancemomentsof · k�¸ leadto a respectabledata
reduction.Thesecovariancefeaturesareinvariantto sym-
metricmatrix transformationsasshown in formula(8). The
covariancefeatureshave to be derived from only 6 ��� -
matricesbecause6 of the9 ��� -matricesaresymmetricin
pairs,seeformula (4). This leadsto Ò¤Ñ�>4Õ}�×Ö;Õ different
colorcovariancefeaturescalled ��� - · kR¸ .§ H K FGFGT�U § H KDFGFGTAP § H ¯(Ì ÍDÎ (8)

Two adaptive methodsfor featureselectionfor further
reductionof thetexturemodelparametershavebeenexam-
ined. In a first approach,optimalsubsetsof thecovariance
features· k�¸ havebeencalculatedfor thetextureseriesÃ k ,ÃÄº , ÃÄ» . We testedall : k�¸ 0w> non-emptysubsetsof theco-
variancefeatureson the training setslooking for the best
classificationresults.For all subsetsof · k�¸ , theclassifica-
tion wasperformedfor thecovariancemomentsonall 6 dif-
ferent ��� -matricesat once. In thecaseof thefirst texture
seriesÃ k , we got anoptimalset ��� - · optØ of 5 moments
(Energy, Coarseness,Directionality-1(  ), Directionality-
2 (—), Directionality-2( ¿ )), leading,appliedto the6 dif-
ferent ��� -matrices,to a30-dimensionalfeaturespace.The
optimal set ��� - · optÙ consistsof the 6 momentsEnergy,
Coarseness,Directionality-1 ( ¿ ), Directionality-1 (  ),
Directionality-2(—), Entropy. ��� - · optÚ consistsof the
4 momentsFineness,Directionality-1(—), Directionality-
1 ( ¿ ), Contrast-1. As a resultof this adaptive featurese-
lection,theclassificationcanbeconsiderablyincreased.

For a further reductionof data,we usedthe Karhunen-
Loèveanalysis, anotheradaptive strategy for featureselec-
tion. This methodcalculatesthe coefficients of a linear
transformationof the featureswhich is performedoffline
on thetrainingsets.In table4, theclassificationresultsfor
the texture seriesÃ k , ÃÄº , ÃÄ» aregiven for the featuresets��� - >	>£8b>	> , ��� - · k�¸ , andfor theoptimalfeaturesets��� -
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· optØ , ��� - · optÙ , ��� - · optÚ . Thesefeaturesetswere
taken in their full dimensionandafter a featurereduction
by the Karhunen-Lòeve transformationto a 48-, 24-, 12-,
and6-dimensionalfeaturespace.In all cases,theadaptive
featurereductiondown to thedimension12doesnotsignifi-
cantlyaffecttheclassificationresults.In addition,in table4,
the classificationresultsof grey-level auto-covariancetex-
ture featurestaken from the color texture seriesaregiven.
For this comparison,the imagesof the threecolor texture
serieshave beentransformedinitially to grey-level images.Û � - >L>�8¤>L> indicatethe valuesof the >L>¤8'>L> -dimensional
auto-covariancematrix,

Û � - · k�¸ are the covariancefea-
turesderivedfrom this auto-covariancematrix. In thecase
of the texture series Ã k , ÃÄº , ÃÄ» , an obvious advantageof
thecolor covariancefeaturesin contrastto thecorrespond-
ing grey-level versionsof thesetexturefeaturescanbecon-
cluded.

Table 4. Classification (in %) by diff erent co-
variance feature sets.

Ã k Dim 48 24 12 6��� - >L>@8�>	> 549 76.9 76.2 76.2 71.9 64.4��� - · k�¸ 84 68.1 68.1 68.1 66.9 63.7��� - · optØ 30 74.4 74.4 74.4 69.4Û � - >	>58s>L> 61 70.6 70.6 70.0 69.4 68.1Û � - · k�¸ 14 56.2 56.2 54.4Ã º Dim 48 24 12 6��� - >L>@8�>	> 549 75.5 75.5 75.0 74.0 71.6��� - · k�¸ 84 68.6 68.6 68.6 68.6 68.1��� - · optÙ 36 77.0 77.0 76.0 74.5Û � - >	>58s>L> 61 73.0 73.0 73.5 73.0 71.6Û � - · k�¸ 14 66.2 66.2 64.7ÃÄ» Dim 48 24 12 6��� - >L>@8�>	> 549 80.8 80.8 80.0 80.8 80.0��� - · k�¸ 84 70.8 70.8 71.7 73.3 70.8��� - · optÚ 24 84.2 84.2 68.3Û � - >	>58s>L> 61 78.3 78.3 78.3 78.3 75.8Û � - · k�¸ 14 68.3 68.3 65.0

6. Conclusions

A color covariancetexture model has beendescribed
which is basedon secondorderstatisticsfor multi-channel
color images.Thesestatisticstake into accountthecorrela-
tion of color pixelsinsideeachcolor planeaswell asinter-

relationsof differentcolorcomponentsof pixels.In orderto
find acompactdescriptionfor colortextures,asetof covari-
ancefeatureshave beendefinedby momentsof covariance
functions. Thesecovariancefeaturesarecloselyrelatedto
the humantextural perceptionqualifying themasfeatures
for texturerecognition,e.g.in imageretrieval applications.
The covariancefeaturesare to be usedin applicationsof
color texture classificationespeciallyin combinationwith
adaptive strategiesfor featureselection.The setof covari-
ancefeaturesturnedout to bea reliablefeaturesetfor tex-
turediscrimination.At themoment,further researchwork
is basedon thesegmentationof texturedcolor images,and
on the synthesisof color textures. Someencouragingre-
sultshavebeenachievedon thesynthesesof micro-textures
on the basisof the color covariancetexture model. Other
studiesdealwith texturesynthesisby somehigh-level intu-
itivedescriptionsasadisciplineof virtual reality.
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