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Abstract

A setof textural featuresfor the classificationof textures
in color imagesis presented.Thesecolor texture featules
are basedon the color covariancetexture model,a texture
modelof secondrder statisticsfor multi-channelcolor im-
ages. In the color covariancetexture model, the spatial
correlation of pixelsin textured image sgmentsare rep-
resentedby covariancefunctions. The pixel arrangement
within eadch color planeis consideed as well asthe inter-
relationsof the pixel’s color componentbetweerdifferent
color planes. From the covariancefunctions,a setof 14
momentss extractedas covariancetexture features. These
momentsare basedon specificcharacteristicsof thecovari-
ancefunctionsclassifyingdifferent typesof color textures.
Thenew covariancetexture featuescorrespondo the hu-
manperceptionof texture including the substantiakextural
featules coarsenessgentropy, contrast, directionality and
color. Thesignificanceof the color covariancetexture fea-
turesis verifiedby classificationtestson differentimage se-
ries of color micro-textures.

1. Intr oduction

The analysisof texture in color imageshasgiven rise
to growing interestin computervision to guaranteeeliable
objectrecognition.Objectsin naturalscenesreoftenchar
acterizedby their specificcolor texture. Humansobsene
color texturesas homogeneougmage sggmentsinterpret-
ing them easily as surfacesof picture objectsor the scene
background. For example, humanscan perceve a forest
immediatelybut we do not explicitly recognizeéheamount
of trees,branches|eaves, etc. The dominanttexture fea-
turesare coarsenessntropy, contrast,directionality and
color. However, for texture, thereexists no uniquedefini-
tion, it is more an intuitive term. One commondefinition
declaregexturesasmoreor lessregularpatternsvhich con-
sist of a setof elementarycomponentsthe texture primi-
tives. The main characteristicof texturesare dueto the
spatialarrangemenof thosetexture primitives. In macro-

textures,the texture primitivesthemseleshave significant
features Onthe otherhand,micro-texturesconsistof small
primitiveswhich arein mary casesonsistof only asingle
pixel. Micro-texturesare mostly found in picturesof nat-
ural scenes.Due to the indeterministicstructureof micro-
textures, statisticaltexture modelsare particularly suited.
Many approachesiave beendevelopedusing color infor-
mationandtexture featuredor imageanalysis.In theliter-
ature,colorandtexturearemostlydiscusse@sindependent
disciplines.The proposedexture modelsareoperatingra-
ditionally on grey-level images,see[10] for surwy. But
today the restrictionsplacedon grey-level imagesare not
sufficientfor texture analysisasmary applicationsof com-
putervision dealwith color textures[9], [11].

In principle, thereare two basicapproacheso handle
color textures, single-channetexture analysisand multi-
channeltexture analysis. One approachto single-channel
color texture analysisis basedon the extraction of texture
featuresseparatelyin eachcolor channelof a color image
analogoudo a grey-level image.Usingthe RGBformatfor
color images,this approachrequirestriple the amountof
datafor texture description.Anotherpossibility for theuse
of single-channdiexturemodelsfor colortexturemodelling
consistof aninitial transformatiorof amulti-channetolor
imageinto anone-dimensiondkeatureimage,e.g.into abi-
naryimageasdescribedn [6]. In contrasto single-channel
texture models,the multi-channelcolor texture analysisis
directly basedon the multi-dimensionalrepresentatiorof
colorimages.This colortexture analysisakesinto account
thetextural interrelationsbetweenthe differentcolor chan-
nels.n differentapproacheto color texturemodelling,the
analysisof the spatialarrangemendf color pixelsis mainly
basedbn secondorderstatistics.The color covariancetex-
ture modelis basedon secondorder statisticswhich is de-
scribedin section2. Basedon the parametersf this color
texturemodela setof 14 momentds definedascovariance
texture featuresin section3. In thefollowing section4, the
significanceof the color covariancetexture featureds ver-
ified by classificationtests. In section5, experimentson
adaptve featureselectionare describedbefore somecon-
clusionsaregivenin section6.



2. Color Covariance Texture 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-
covariancetexture modelfor grey-level textures.Lik e auto-
covariance[3], the color covariance[5],[8] is a secondor-
der statisticsaboutthe correlationof pixel pairsfor a set
of topologicalpixel relations. In contrastto the grey-level
auto-cwvarianceexture model,the spatialrelationsof pixel
valuesare calculatedfor the different color components
of involved pixels. Not only are the spatialrelationsin-
side eachcolor plane analysedbut also the interrelations
betweenthe color componentf pixelsin differentcolor
planes.n figurel, thisideais illustratedfor the caseof the
3-channeRGBcolorimage.
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Figure 1. lllustration of color covariance in a
3-channel RGB color image.

The correlationbetweentwo color planesi and j for
ary multi-channelcolor imageis definedby the color co-
variancefunctionsCC% givenin formula (1). I'(z,y) is
usedto denotethe color component of the pixel at posi-
tion (z,y) in theimagesegmentI. p® is the meanvalue,
o' is the standarddeviation of the segmentI in the color
planei. For this reason,the setof pixel valuesin each
color planehasto be anorderedset,e.g.a setof intensity
values. The sumis normalizedby the number+#1I of in-
volved pixelsin the sggment!. The color covariancefunc-
tion is calculatedfor a setof differentdisplacementec-
tors A = {(Az,Ay), |Az| < D,, |Ay| < Dy} with
maximum horizontal distanceD, and maximum vertical
distanceD, accordingto the orthogonalimagetopology.

Dueto therestrictionto a limited setof displacemenvec-
tors, a covariancefunction is definedby a color covari-
ancematrix which is called CC-matrix in the following.
A separate’'C-matrix is definedfor every combinationof
color channels. The CC-matrix is indexed by the topo-
logical coordinate Az, Ay) € {—D,,...,0,..., Dz} %
{-Dy,...,0,...,D,} as a (2D, + 1) x (2D, + 1)-
dimensionalmatrix. In the centreof a CC-matrix, thein-
dices(0,0) indicatezerodisplacement.
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There are some significant characteristicsof CC-
matrices.Dueto the normalisatiorfactor 75 57, it holds
CC¥(Az,Ay) € [-1,1] wherel meansmaximumcorre-
lation, 0 no correlation,and—1 maximumanti-correlation.
Inside a color planei, we have CC%(0,0) = 1 because
every pixel hasa maximumcorrelationto itself (zerodis-
placement)Notethat CC% (Az, Ay) € [—1,1] holdsonly
if the imagesementI is organizedas a torus wherethe
segment I is continuedin all directionsin a cyclic way.
Otherwise,separatecalculationsof different meanvalues
ui(Az, Ay) anddifferentstandarddeviationso?(Az, Ay)
areneededor every color planei andfor all displacements
(Az, Ay) € A to normalizetheformula. However, for rea-
sonsof efficiency we usethe definitionin formula (1) tak-
ing into accountonly small divergencef the covariance
values.Simpletransformationdeadto a moreefficient cal-
culationof C'C-matricesasshowvn in formula(2).
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The CC-matricesare inherently characterizedy their
symmetricalproperties. CC%# are symmetricalmatrices
themselesasshavn in formula(3),andCC¥, i # j arein
pairssymmetrical seeformula (4). Hence,half of the val-
uesin formula (1) areredundant.Thus,for every possible
combination(s, j) of color planespnly half of thevaluesof
the CC-matriceshave to be calculatedexplicitly.

cci = CcC" (3)
cci = ¢¢' 4)
where CC(Az,Ay) = CC(-Ay,—Ax)



Thereis anobviouscongruencéetweerrotationsof tex-
turedimagesegmentsandtherotationof their correspond-
ing C'C-matrices.However, themostimportantcharacteris-
tic of CC-matricesdepend®on theirindependenceo vari-
ationsof colorsin imagesequencesThis problemin color
constany is often causedby separatefluctuationsin the
brightnesf thecolor channelsTheinvarianceof the CC-
matricesto color variationscausedy separatadditive and
multiplicative noiseis shavn in the formulas(5) and (6).
I, . indicatestheimage! in which all pixels areaddedby
a constante, I, is a variationof I dueto a multiplication
of all pixelsby afactora. Notethatc anda arearbitrary
vectorsof independentaluesin the dimensionof the color
space.

ccy,. = ocy (5)
cecy = ocy (6)

Table 1. Color covariance texture features.

Enegy
mi = ) CC(,y)°
z,y
Coarseness
me = Z z2+y? CC(z,y)
z,y

Fineness

mg =Y CC(z,y)

oy LTV + Y

3. Color Texture Features

Oneof the mostreferencedapproacheso texture mod-
elling is basedon co-occurrencestatistics. In this texture
model,thenumberof pixel pairswith aspecificspatialrela-
tion in atexturedimageregionis registered.Thefrequeng
distribution of every possiblecombinationof two pixelsis
organizedn asquarematrix. Thesizeof this co-occurrence
matrixdepend®nthenumberof consideregixel values.A
separateo-occurrencenatrixis neededor every spatialre-
lation causinga big amountof datafor texture description.
By Haralicketal. [4], asetof momentshasbeendefinedfor
co-occurrencenatriceswhich leadsto a considerablelata

Table 2. Color covariance texture features.

Directionality-1

CC(z,y)
mag = 1 + y2
z,y
_ CCO(x,y)
me = 1+ (2 - y)
z,Y
_ CCO(x,y)
me = 1+ 22
z,Y
my = CC(z,y)

1+ (z+y)?
xz,Y

Directionality-2

mg = Y CC(i,0)/sum
mg = i CC(i,i)/sum
mio = i CC(0,4)/sum
o i

Y, —i)/sum

where
sum =

D CC(i,0) + CCG, i) + CC(0,4) + CC (i, —i)

reduction. The main aspectof thesetexture momentslies
in their intuitively motivatedtexture description. Among
others,certainmomentsare given for the roughnessfine-
nesscontrastandentropy of texture. The setof Haralick’s
texturefeatureds oftenusedfor texture classification.

In contrasto co-occurrencenatricesthecovariancema-
tricesare definedindependentlyof the numberof different
pixel values. Additionally, the covarianceinformation of
pixel pairsin differentspatialrelationsareorganizedn only
onecovariancamatrix. Henceacovariancematrix provides
informationaboutthe directionality of texture. Thedimen-
sionof a covariancematrix depend®nly on the numberof
spatialrelationsof pixel pairs. The setA of displacement
vectorstakesinto accounthe orthogonatelationsof pixels
with themaximumbhorizontaldistanceD, anda maximum
verticaldistanceD,, accordingto thetopologicalmaximum
metricl,. For texturesin multi-dimensionakolorimages,
separatecovariancematricesfor eachcombinationof the



Table 3. Color covariance texture features.

Contrast-1
> ey CCney(z,y)
mji2 =
Em,y Ccabéx’y)
Contrast-2
my. — 7100 y); (z,y) € A, CC(z,y) < 0}
13 —
#A
Entropy

miq = _Z CCDOS(“%?/) |09(Ccp05($:y))

z,y
where
CCapdz,y) = [|CC(z,y)| » (zy) €A
CCney(z,y) = { DY oo "
CCpoz,y) = CEVEL @y en

color planesare defined,e.g. 9 CC-matricesin the case
of a 3-channelRGB color image. For the covariancema-
trices, we developeda setof textural featuresfor compact
texture description[7]. Fourteenmomentsfor covariance
matricesaredefinedin thetablesl, 2, and3. Themoments
arecalledcovariancefeaturesn thefollowing explanations,
thefull setof thesecovariancefeaturess namedM 4. The
momentsaredefinedby formulaswherethe sumis always
built overthesetA of spatialindices(Az, Ay) of theCC-
matrices.For reason®f simplicity, theseindicesarenamed
(z,y) or i, the operator# specifiesthe sizeof a set. The
covariancefeaturesare not restrictedto multi-channelco-
variancefunctions, but also suited for single-channeto-
variancematrices. They have beendevelopedintuitively
like thetexture featuresof Haralick, but they aredefinedin
a completelydifferentway. The momentsn,, mo, ms are
measurementfor the resolutionof a texture. High values
of my (Enegy) andm, (Coarseneskindicatearoughstruc-
turedtexturewhile the contrarymomentms (Fineneskde-
tectsfine structuresThecharacteristica;, ma, ms arede-
rivedby differentmeasurementsf theweightof the matrix
centre. The momentsmy, ms, mg, my (Directionality-1)
detectthe directionality of a texture in the horizontal(—),
first diagonal( \ ), vertical( | ), andseconddiagonal( / )
direction,respectrely. Thisis realizedby a summationof
the covariancevaluesalongcutsthrougha covariancema-

trix which aredisposedaccordingto the four specifieddi-
rections. For a propercalculation the cutsnearthe matrix
centreare weightedstrongerthan the tangentialones. A
moresimpleestimationof texture directionalityis givenby
the momentsng, mg, myg, mi; (Directionality-9. These
momentgalculatehenormalizedsumof covariancevalues
alongcentralcutsthrougha covariancematrix in the four
main orthogonaldirections. The momentsm;, andm;s
definemeasurementsf atexture'scontrastim,, (Contrast-
1) calculateghe proportionof the negative covarianceval-
ues(anti-correlationwith regardto thesumof theabsolute
valuesof all covariancematrix entries. m43 (Contrast-2
indicatesthe relation betweenthe numberof negative co-
variancevaluesto thenumber# A of all covariancematrix
values. The momentm;4 (Entropy) detectsthe entropy of
a covariancematrix, after scalingthe covariancevaluesin
[-1,1] to valuesin [0, 1] for an accurateuseof the loga-
rithm function. A high value of m4 indicatesa balanced
distribution of the covariancematrix valueswhich occurs
with high textureentropy.

4. Color texture classification

In order to evaluatethe significanceof the covariance
featuresthreeimageseriesof colortextureshave beencho-
senfor classificationtests. Thesetexture seriesTy, T, T3
consistof color micro-texturestaken from three different
imagedatabasesT; is anad hoc assembledolor texture
seriesconsistingof 320 color texturesin 32 differenttex-
tureimagedakenfrom theVisTex colortexturedatabasg?].
Theothertwo colortextureseriesaretakenspeciallyfor this
purposefrom naturaloutdoorscenes.T5 is a collectionof
408imagesshawving thebarksof 6 differenttreespecie$l],
T3 consistsof 240 imagestaken from 6 differentkinds of
groundvegetation.All imagesf T> andT; havebeentaken
from differenttreesor plants. Every texture serieswasdi-
vided randomlyinto two disjunctsubset®f the samesize,
atrainingsetandatestset. Thetraining setis usedonly to
find outtheparameterfor the classificatiormethodandfor
normalisationof the featurespectrumas describedbelow.
The testsetis dedicatedexclusively to calculationsof the
classificatiorperformance.

For classificationof the color texture seriesT;, Ts, T3,
a neaest-neighbouclassifierhasbeenchosen.This clas-
sificationmethodprovideshigh robustnes®n testsetswith
non-parametridistributionsandnon-linearclassbordersin
their featurespectrum.We do not claim this classification
algorithmto be an optimal stratey for color texture clas-
sification. Ratherthe significanceof different color tex-
ture featuresis to be comparedby this traditional classi-
fication method. However, we useda specialversion of
this classificationmethod,the k-neaest-neighbouiclassi-
fier, to increaseits performanceby using a classification



parameterk = 5. For texture features,the set M'* of

covariancefeaturesis usedwhich have beenderived from

CC-matricescalculatedon the texture seriesin the RGB
color format. The stratgyy of the nealest-neighbourclassi-
fier mainly depend®n calculationsof distancesn thefea-

ture space.In orderto usethe Euklidian distancefunction

in this classificatioralgorithm,anadaptve normalisatioris

performedon the covariancefeaturesof the texture series.
Thisis doneby formula(7) in whichthecovariancefeatures
mi,...,m4 € M aretransformednto a new features
mj wherethe meanvaluesy; andthe standarddeviations
o; arederivedfrom thetraining set. This normalizationre-

sultsin new featurevaluescharacterizedy meanvalues0

andstandardieviationsl.

m?:%, m; € MM (7
2

In figure 2, the classificationratesfor the separateco-
variancefeaturesmy, ..., m;4 € M* onthe testsetsof
the color texture seriesTy, T», T3 aregiven. The differ-
entclassificationratesof the momentsaregivenfor 77 on
the left side, for T» in the middle, andfor T3 on the right
side,respectiely. Theresultsfor thethreetestsetsaredif-
ferentbut consistent.In all casesthe covariancefeatures
my, ..., my andmy, aresignificantly betterthanthe oth-
ers. The covariancefeaturesms, . . . ,m13 (Directionality-
2, Contrast-1,Contrast-2 turnedout to be lesssignificant.
However, separateiseof the momentds not applicablefor
classificationrathera clever combinationof the covariance
featuresareto befoundasdescribedn the next section.

Figure 2. Classification
covariance features.

rates of the separate

5. Feature selection

For an efficient color texture classificationa reduction
of the texture model parametergo a small set of signifi-
canttexturefeatureds essentialThenumberof parameters
of the color covariancetexture model dependsoriginally
on the size of the covariancematrices. In the caseof the
RGBcolorimagestakenfrom the texture seriesTy, Ty, T3,
we choosethe maximumcovariancedistancesD, = 5 and
D, =5 whichresultsin 9 CC-matricesof dimensionl 1x11.
A maximumdistanceof 5 pixelsturn out to give goodre-
sultsin micro-texture classification.Due to the symmetri-
cal propertieq3) and(4), half of thesevaluesareredundant
leadingto anumberof 9-61 = 549 differentvaluesof CC-
matrices. This full setof covariancevaluesis calledC'C-
11x11 in thefollowing. In contrasto thefull C'C-matrices,
the covariancemomentsof M4 leadto a respectablelata
reduction. Thesecovariancefeaturesareinvariantto sym-
metricmatrix transformationsisshowvn in formula(8). The
covariancefeatureshave to be derived from only 6 CC-
matricesbecausé of the 9 C'C-matricesaresymmetricin
pairs, seeformula (4). This leadsto 6-14 = 84 different
color covariancefeaturescalledCC-M 1.

mi(m) = my(CC) , mi€M14 (8)

Two adaptve methodsfor featureselectionfor further
reductionof the texture modelparameterfiave beenexam-
ined. In afirst approachpptimal subset®f the covariance
featuresM '* have beencalculatedor thetextureseriesTy,
T,, Ts. We testedall 2'* — 1 non-emptysubsetf the co-
variancefeatureson the training setslooking for the best
classificatiorresults.For all subset®f M4, the classifica-
tion wasperformedor thecovariancemomentnall 6 dif-
ferentC'C-matricesat once. In the caseof thefirst texture
seriesT}, we gotanoptimalsetCC-MOPb of 5 moments
(Enegy, CoarsenessDirectionality-1( | ), Directionality-
2 (—), Directionality-2('\ )), leading,appliedto the 6 dif-
ferentC'C-matricesto a30-dimensionaleaturespace.The
optimal setCC-MOPb consistsof the 6 momentsEney;
CoarsenesspDirectionality-1 ( \ ), Directionality-1( | ),
Directionality-2(—), Entropy. CC-M©9Pb consistsof the
4 momentgFinenesspPirectionality-1(—), Directionality-
1(\ ), Contrast-1 As aresultof this adaptve featurese-
lection,the classificatiorcanbe considerablyncreased.

For a further reductionof data,we usedthe Karhunen-
Loéveanalysis anotheradaptve stratey for featureselec-
tion. This method calculatesthe coeficients of a linear
transformationof the featureswhich is performedoffline
onthetraining sets.In table4, the classificatiorresultsfor
the texture seriesTy, T, T3 aregivenfor the featuresets
CC-11x11, CC-M™, andfor theoptimalfeaturesetsCC-



MOPY cC-MOPY 0C-MOPh . Thesefeaturesetswere
takenin their full dimensionand after a featurereduction
by the Karhunen-L@&ve transformatiorto a 48-, 24-, 12-,
and6-dimensionafeaturespace.In all casesthe adaptve
featurereductiondown to thedimensionl2 doesnotsignifi-
cantlyaffecttheclassificatiorresults.In addition,in table4,
the classificationresultsof grey-level auto-cwariancetex-
ture featurestaken from the color texture seriesare given.
For this comparisonthe imagesof the threecolor texture
serieshave beentransformednitially to grey-levelimages.
AC-11x11 indicatethe valuesof the 11 x 11-dimensional
auto-covariancematrix, AC-M' are the covariancefea-
turesderivedfrom this auto-cavariancematrix. In the case
of the texture seriesTy, T, T3, an obvious advantageof
the color covariancefeaturesin contrastto the correspond-
ing grey-level versionsof thesetexturefeaturescanbe con-
cluded.

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

| Th | Dim || | 48] 24| 12] 6|
CC-11x11 | 549 76.9] 76.2] 76.2] 71.9] 64.4
cC-M™ 84 || 68.1| 68.1| 68.1| 66.9 | 63.7
CC-MOPh 30| 74.4 74.4| 74.4 | 69.4
AC-11x11 61 70.6| 70.6| 70.0| 69.4 | 68.1
AC-MM 14 || 56.2 56.2 | 54.4
| T» | Dim || | 48] 24| 12] 6|
CC-11x11 | 549 755 755 75.0] 74.0] 71.6
cC-M™ 84 || 68.6| 68.6 | 68.6 | 68.6 | 68.1
CC-MOPL 36| 77.0 77.0| 76.0| 745
AC-11x11 61| 73.0| 73.0| 735]| 73.0| 71.6
AC-M1H 14 || 66.2 66.2 | 64.7
| Ts | Dim || | 48] 24] 12| 6|
CC-11x11 | 5491 80.8] 80.8[ 80.0 80.8 80.0
CC-MH" 84 || 70.8| 70.8 | 71.7| 73.3| 70.8
CC-MOPL | 24 84.2 84.2 | 68.3
AC-11x11 61| 78.3| 78.3] 78.3| 78.3| 75.8
AC-M™ 14 || 68.3 68.3 | 65.0

6. Conclusions

A color covariancetexture model has been described
which is basedon secondorderstatisticsfor multi-channel
colorimages.Thesestatisticstake into accounthe correla-
tion of color pixelsinsideeachcolor planeaswell asinter-

relationsof differentcolor componentsf pixels.In orderto
find acompactdescriptiorfor colortextures,a setof covari-
ancefeatureshave beendefinedby momentsof covariance
functions. Thesecovariancefeaturesare closelyrelatedto
the humantextural perceptionqualifying them asfeatures
for texturerecognition,e.g.in imageretrieval applications.
The covariancefeaturesare to be usedin applicationsof
color texture classificationespeciallyin combinationwith
adaptve stratgjiesfor featureselection. The setof covari-
ancefeaturegurnedout to be a reliablefeaturesetfor tex-
ture discrimination. At the moment,further researchwork
is basedon the segmentationof textured color images.and
on the synthesisof color textures. Someencouraginge-
sultshave beenachievedon the synthesesf micro-textures
on the basisof the color covariancetexture model. Other
studiesdealwith texture synthesidy somehigh-level intu-
itive descriptionsasa disciplineof virtual reality.
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