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Abstract

Thispaperproposesa new framework for colour texture
segmentationanddeterminesthecontributionof colourand
texture. Thedistributionsof colourandtexturefeaturespro-
videsthe discriminationbetweendifferent colour textured
regionsin an image. Theproposedmethodwastestedusing
different mosaicand natural images. From the results,it
is evidentthat the incorporation of colour informationen-
hancedthe colour texture segmentationand the developed
framework is effective.

1. Intr oduction

Textureandcolourarethetwo importantinnatefeatures
thatcanbeemployedto detectthecolourtexturevariations
in an image. Segmentationwas basedon grey scaleim-
agesuntil recently, whenthe concernchangedto the joint
representationof textureandcolour for colour textureseg-
mentation.Themainobjective of this paperis to developa
framework for colourtexturesegmentationandtodetermine
theuseof colourinformationin thecolourtexturesegmen-
tationprocess.
In this paper, thecolourandtexturefeatureswereextracted
separatelyand combinedfor colour texture segmentation.
Thegrey scalealgorithmswereemployedin theluminance
planewith colour informationasan extra cue. The devel-
opedcolour texturesegmentationmethodintegratescolour
andtextureby usingtheir featuredistributions. Chenet al.
[1] proposedamethodusingthedistributionsof colourand
local edgepatternswhich is usedto derive a homogeneity
measurefor colour texture segmentation.JainandHealey
[4] introduceda methodfor colour texture classi�cation
basedonunichromefeaturescomputedfrom thethreespec-
tral bandsindependentlyandopponentcolour featuresthat
utilisethespatialcorrelationbetweenspectralbands.Drim-
bareanandWhelan[2] examinedthecontributionof colour
informationto theoverall classi�cationperformanceby ex-
tractingtexture featuresandcolour features.It wasfound
that the inclusionof colour increasesthe classi�cation re-
sultswithout signi�cantly complicatingthe featureextrac-
tion algorithms. Pietiekainenet al. [8] presenteda colour

textureclassi�cationbasedonseparateprocessingof colour
andpatterninformation. From the classi�cation resultsit
wasconcludedthatcolourandtexturehavecomplementary
roles.
In this study, Local Binary Pattern (LBP) [5] is usedas
thetexture featureextractiontechnique.TheLBP operator
alonecannotproperlydetectlarge scaletextural structures
thatexistsin realworld applications.In addition,LBP is not
invariantto rotation.Thelimitation of LBP in thesegmenta-
tion procedurewasovercomeby combiningthecolourfea-
tures.Colourfeatureswerederivedbasedonk-meansalgo-
rithm whichclusterstheinput imageby organisingthedata
into k differentclusters.The distributionsof LBP andthe
distributionsof colour clusteredlabelswerecombinedfor
colourtexturesegmentation.This uni�cation of colourand
textureincreasestheef�ciency of colourtexturesegmenta-
tion. Any of theavailablefeatureextractiontechniquescan
beusedin this framework.

2. FeatureDistrib utions

LBP is invariantagainstany monotonicgrey scaletrans-
formation.This providesrobustpatternrelatedinformation
andknowledgeaboutthespatialstructureof thelocal image
texture. LBP is combinedwith the contrastof the texture
which is a measureof local variationspresentin an image
for the texture description. The distributions of LBP and
contrast(256� 8) wereusedfor texturedescription.
Thisstudyusestheunsupervisedclusteringtechniquebased
on the k-meansalgorithm to cluster the colour features.
The k-meansalgorithm[3] is the simplestandmostpopu-
lar amongtheiterative clusteringalgorithms.Thek-means
algorithmorganisestheobjectsinto anef�cient representa-
tion that characterisesthe populationbeingsampled.The
numberof clustersis generallyimagedependentsotheini-
tial guessis 10 clusters,this numberis suf�cient to capture
all therelevantclusters.Thedistributionof thecolourclus-
tersis usedfor colourdescription.

Modi�ed Kolmogorov Smirnov (M-KS) A non-
parametrictest M-KS statistic was used for comparing
LBP/C with colour clusteredlabels. This tests the hy-



pothesis that two empirical feature distributions have
beengeneratedfrom the samepopulation. M-KS hasthe
desirablepropertythatit is invariantto arbitrarymonotonic
featuretransformations[9]. The M-KS statisticis de�ned
as the sum of the absolutevalue of the discrepancies
betweenthenormalisedcumulative distributions.
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whereFs(i ) and Fm (i ) representsthe samplecumulative
distribution functions;ns andnm representsthenumberof
pixels in thesampleregions. SinceM-KS is normalised,it
is advantageousover otherstatisticalmeasuressuchas: G
statisticandtheChi squarestatistic.

3. SegmentationMethod

The unsupervisedcolour texture segmentationmethod
involves three steps: hierarchicalsplitting, agglomerative
mergingandtheboundaryre�nement.

Hierar chical Splitting The hierarchicalsplitting recur-
sively splits the input imageinto four subblocks.The six
pairwiseM-KS valuesbetweenthe LBP/C of the 4 sub-
blockswerecalculated.The uniformity of the region was
testedby adecisionfactor

R =
M K Smax

M K Smin
> X (2)

whereX is athresholdvalue,M K Smax andM K Smin rep-
resentsthehighestandthelowestM-KS values.

AgglomerativeMerging An agglomerativemergingpro-
cedurewas applied on the image which has been split
into blocks of roughly uniform textures. This procedure
mergessimilar adjacentregionsuntil a stoppingrule is sat-
is�ed. Thepairof adjacentsegmentswhichhasthesmallest
MergerImportance(MI) valueweremerged.TheMI value
betweentwo regionsis calculatedasfollowed,

M I = w1 � M K S1 + w2 � M K S2 (3)

wherew1 andw2 representscorrespondingweightsfor the
LBP histogramandthecolour clusteredhistogramrespec-
tively. M K S1 and M K S2 representsthe M-KS statistic
for textureandcolourhistogramsrespectively. Theweights
are automaticallydetectedusing an uniformity factor de-
�ned asthemaximumof theratiobetweencolourclustered
histogramand numberof pixels in the two regions under
consideration,thesampleandthemodelregions.
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wherekj representsthe uniformity factor for the sample
and the model regions respectively. If the differencebe-
tween k1 and k2 is less than 0.1, i.e., both the sample
and the model weights are more or less the same,then
w2 = (k1 + k2)=2 andw1 = 1 � w2. This indicatesthat
colour in�uencesmorethantexture, hencecolour statistic
is givenmoreimportance.On theotherhand,if thediffer-
encebetweenk's is high, both the texture and the colour
are given equalweights. This methodfollowed a simple
stoppingrule, M inM I > Y , whereMinMI representsthe
minimummergerimportancevalue.If this is greaterthana
thresholdvaluethenthemergingprocedureis halted.
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Figure 1. (a), (c) Segmentation before bound
ary re�nement, (b), (d) Segmentation after
boundar y re�nement

Boundary Re�nement The agglomerative merging pro-
cedureresultedin blocky segmentedimage.A new bound-
ary re�nement algorithm was developedand usedfor the
improvementat theboundariesbetweenvariousregions.A
pixel is regardedasaboundarypoint if it is ontheboundary
of at leasttwo distinctregions,i.e., its region labelis differ-
ent from at leastoneof its four neighbours.For an exam-
ined point P, a discretesquarewith a dimensiond around
the pixel wasplacedandthe colour histogramfor this re-
gion wascomputed.Thecorrespondingcolourhistograms
for thedifferentneighbouringpointswerecalculated.The
homogeneityof thesquareregion andtheith neighbouring
region, i=1,2,...l...n region wascomputed.The pixel is re-
classi�ed if theMI valuebetweenadjacentregionsandthe
region aroundthe pixel underconsiderationis lower than
the merge threshold. This procedureis iterative and pro-
ceedsuntil no pixels arerelabelled.Reassigningpixels in



this way improves the accuracy of the segmentationpro-
cess. Figure 1 shows the segmentationresult beforeand
afterboundaryre�nement.

4. Experimental Results

Theexperimentalevaluationof theproposedmethodwas
basedon 46 imagesfrom VisTex [10] imagedatabasecon-
sistingof mosaicsandnaturalimages. The mosaicswere
constructedusinga randomselectionof different textures
from theVisTex textureimagedatabase.In addition,2 mo-
saicimagesusedby Petrouet al. [7] and2 naturalimages
usedby Panjwani et al. [6] werealsousedfor the experi-
ments.

Weights
Colour
(w2)

Texture
(w1)

Åe (%)

1.0 0.0 4.84
0.6 0.4 4.53
0.2 0.8 11.71
0.0 1.0 26.71
automatic
selection

automatic
selection

< 1.0

Table 1. Average segmentation error (%)
based on the colour and the texture weights

Testswerecarriedout to demonstratetheimportanceof the
colour and texture descriptorsfor colour texture segmen-
tation. Table1 illustratesthe segmentationerror basedon
colour and texture features. The weights in the merging
stagewerereplacedwith differentvaluesrangingfrom 0.0
to 1.0. Themeanerrorratefor differentcolourandtexture
weightswerecalculated.The error ratesin Table1 shows
thatup to a weightof 0.6 for colourthesegmentationerror
is minimal beyond which the error increasedsigni�cantly.
Theerrorsat thecolourweights0.2and0.0wasfoundto be
substantial.FromTable1 it is apparentthatcolourweights
0.6andtextureweights0.4resultedin agoodsegmentation
with minimumerror. In addition,theautomaticselectionof
colourandtextureweightsprovidedagoodresultwith min-
imum segmentationerror. The following conclusionscan
be drawn from theseexperimentalresults. Texture alone
or colour alonecannotprovide a goodsegmentation.The
properinclusionof bothcolourandtextureis necessaryfor
amoreaccuratecolourtexturesegmentation.
Theresultsin Figure2 shows thattheerrorin segmentation
basedoncolouraloneor texturealoneis highercomparedto
thesegmentationbasedon colourandtexture. In addition,
theresultsdepictedin Figure2 illustratethattheincorpora-
tion of colourwith textureincreasestheaccuracy of colour

texturesegmentation.
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Figure 2. (a), (d), (g) Segmentation based on
colour , (b), (e), (h) Segmentation based on
texture , (c), (f), (i) Segmentation based on
colour and texture

The boundariesobtainedafter the merging stageand the
boundaryre�nementstagewerepresentedin Figure3 and
Figure4. Theseimagesshows the detectedboundaryem-
beddedover the original image. Figure3-M1 illustratesa
propersegmentationresult. Figure 3-M2 and M3 shows
segmentationof small regionsdueto the differencein the
colour.
Figure 4-N1 representsthe segmentedbeachimage. The
segmentationmethodmergedthesmall featureswithin the
bird asa singleregion. Figure4-N2 shows the segmented
imageof therocksandsea.It canbenotedthat theregion
representingthecloudsandthesky is consideredasasingle
region. In addition, the regionson the rock andseawere
mergedtogetherasa singleregion. It is evident from the
segmentedresultsthat it is not possibleto differentiatere-
gionswith similar colouranddifferenttextures.



M1(a) M1(b)
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Figure 3. Colour texture segmentation of mo
saic images. (a) represents segmented image
and (b) represents boundar y re�ned image.

N1(a) N1(b)

N2(a) N2(b)

Figure 4. Colour texture segmentation of nat
ural images

5. Conclusions

A new framework wasdevelopedfor colourtextureseg-
mentationwhich integratesthe colour andthe texture fea-
tures. The distribution of colour featuresand the distri-
bution of the texture featureswereusedfor colour texture
discrimination.Thedistribution of thederivedfeaturesen-
compassesboth thestructuralpatternandthecolourof the
image.Themethodwasappliedto variousmosaicandnat-
ural imagesandthe importanceof colour in colour texture
segmentationwasdemonstrated.
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