Integration of Feature Distrib utions for Colour Texture Segmentation

Abstract

Thispaperproposesa new framevork for colour texture
segmentatioranddetermineshecontribution of colourand
texture. Thedistributionsof colourandtexture featulespro-
videsthe discriminationbetweendifferent colour textured
regionsin animage. Theproposednethodwvastestedusing
different mosaicand natural images. From the results, it
is evidentthat the incorporation of colour informationen-
hancedthe colour texture sggmentationand the developed
framevorkis effective

1. Intr oduction

Textureandcolourarethetwo importantinnatefeatures
thatcanbe emplo/edto detectthe colourtexture variations
in animage. Segmentationwas basedon grey scaleim-
agesuntil recently whenthe concernchangedo the joint
representationf texture andcolour for colourtexture sey-
mentation.The main objective of this paperis to developa
framawork for colourtexturesegmentatiorandto determine
the useof colourinformationin the colourtexture segmen-
tationprocess.

In this paperthe colourandtexture featureswvereextracted
separatelyand combinedfor colour texture segmentation.
Thegrey scalealgorithmswereemplo/edin theluminance
planewith colour informationasan extra cue. The devel-
opedcolourtexture segmentatiormethodintegratescolour
andtexture by usingtheir featuredistributions. Chenet al.
[1] proposed methodusingthedistributionsof colourand
local edgepatternswhich is usedto derive a homogeneity
measuredor colour texture segmentation.Jainand Healey
[4] introduceda methodfor colour texture classi cation
basedn unichromefeaturescomputedrom thethreespec-
tral bandsindependentlyandopponentolourfeatureghat
utilise thespatialcorrelationbetweerspectrabands .Drim-
barearandWhelan[2] examinedthe contribution of colour
informationto the overall classi cationperformancey ex-
tracting texture featuresand colour features. It wasfound
that the inclusion of colour increaseghe classi cationre-
sultswithout signi cantly complicatingthe featureextrac-
tion algorithms. Pietiekaineret al. [8] presentedh colour

textureclassi cationbasedn separat@rocessingf colour
and patterninformation. From the classi cation resultsit
wasconcludedhatcolourandtexture have complementary
roles.

In this study Local Binary Pattern (LBP) [5] is usedas
the texture featureextractiontechnique.The LBP operator
alonecannotproperlydetectlarge scaletextural structures
thatexistsin realworld applicationsln addition,LBP is not
invariantto rotation. Thelimitation of LBP in thesegmenta-
tion procedurevasovercomeby combiningthe colourfea-
tures.Colourfeaturesverederivedbasedn k-meansalgo-
rithm which clustersheinputimageby organisingthe data
into k differentclusters. The distributions of LBP andthe
distributions of colour clusteredlabelswere combinedfor
colourtexture segmentation.This uni cation of colourand
textureincreaseshe ef ciency of colourtexture segmenta-
tion. Any of the availablefeatureextractiontechniquesan
beusedin this frameawork.

2. Feature Distrib utions

LBP is invariantagainstarny monotonicgrey scaletrans-
formation. This providesrobustpatternrelatedinformation
andknowledgeaboutthespatialstructureof thelocalimage
texture. LBP is combinedwith the contrastof the texture
which is a measureof local variationspresentin animage
for the texture description. The distributions of LBP and
contrast(256 8) wereusedfor texture description.
Thisstudyusegheunsupervisedlusteringtechniquebased
on the k-meansalgorithm to cluster the colour features.
The k-meansalgorithm[3] is the simplestand mostpopu-
lar amongthe iterative clusteringalgorithms.The k-means
algorithmorganiseghe objectsinto anef cient representa-
tion that characterisethe populationbeing sampled. The
numberof clusterss generallyimagedependensotheini-
tial guesds 10 clustersthis numberis sufcient to capture
all therelevantclusters.Thedistribution of the colourclus-
tersis usedfor colourdescription.

Modied Kolmogorov Smirnov (M-KS) A non-
parametrictest M-KS statistic was used for comparing
LBP/C with colour clusteredlabels. This teststhe hy-



pothesis that two empirical feature distributions have
beengeneratedrom the samepopulation. M-KS hasthe
desirablepropertythatit is invariantto arbitrarymonotonic
featuretransformationg9]. The M-KS statisticis de ned
as the sum of the absolutevalue of the discrepancies
betweerthe normaliseccumulatie distributions.
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whereF¢(i) andFq, (i) representshe samplecumulative
distribution functions;ns andny, representshe numberof
pixelsin the sampleregions. SinceM-KS is normalised;jt
is advantageousver other statisticalmeasuresuchas G

statisticandthe Chi squarestatistic.

3. SegmentationMethod

The unsupervisecolour texture sgmentationmethod
involves three steps hierarchicalsplitting, agglomeratie
meiging andtheboundaryre nement.

Hierarchical Splitting The hierarchicalsplitting recur
sively splits the input imageinto four subblocks. The six
pairwise M-KS valuesbetweenthe LBP/C of the 4 sub-
blockswere calculated. The uniformity of the region was
testedby a decisionfactor
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whereX isathresholdvalue,M K Spax andM K Sy rep-
resentghe highestandthe lowestM-KS values.

R= > X (2)

Agglomerative Merging An agglomeratie meiging pro-

cedurewas applied on the image which has been split

into blocks of roughly uniform textures. This procedure
meigessimilar adjacentegionsuntil a stoppingrule is sat-

is ed. Thepairof adjacensggmentswhich hasthesmallest
MergerimportancgMI) valueweremerged. The Ml value

betweentwo regionsis calculatedasfollowed,

MI=w; MKS +w, MKS; (3)

wherew; andw, representsorrespondingveightsfor the
LBP histogramandthe colour clusteredhistogramrespec-
tively. MKS; andM K S, representshe M-KS statistic
for textureandcolourhistogramsespectiely. Theweights
are automaticallydetectedusing an uniformity factor de-
ned asthemaximumof theratio betweercolourclustered
histogramand numberof pixels in the two regions under
considerationthe sampleandthe modelregions.
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wherek; representghe uniformity factor for the sample
and the model regions respectiely. If the differencebe-
tweenk; and ks, is lessthan 0.1, i.e., both the sample
and the model weights are more or less the same,then
wy = (kg + kp)=2andw; = 1 w,. Thisindicatesthat
colourin uences morethantexture, hencecolour statistic
is givenmoreimportance.On the otherhand,if the differ-

encebetweenk's is high, both the texture and the colour
are given equalweights. This methodfollowed a simple
stoppingrule, M inM | > Y, whereMinMI representshe
minimummeigerimportancevalue. If thisis greaterthana
thresholdvaluethenthe meiging proceduras halted.

Figure 1. (a), (c) Segmentation before bound-
ary renement, (b), (d) Segmentation after
boundar y re nement

Boundary Re nement The agglomeratie memging pro-
cedureresultedin blocky sgmentedmage.A new bound-
ary re nement algorithm was developedand usedfor the
improvementat the boundariedetweervariousregions. A
pixelis regardedasaboundarypointif it is ontheboundary
of atleasttwo distinctregions,i.e., its regionlabelis differ-
entfrom at leastone of its four neighbours.For an exam-
ined point P, a discretesquarewith a dimensiond around
the pixel was placedandthe colour histogramfor this re-
gion wascomputed.The correspondingolour histograms
for the differentneighbouringpointswere calculated.The
homogeneityof the squareregion andtheith neighbouring
region, i=1,2,..1...n region wascomputed.The pixel is re-
classi edif the MI valuebetweeradjacentegionsandthe
region aroundthe pixel underconsideratioris lower than
the mege threshold. This procedures iterative and pro-
ceedsuntil no pixels arerelabelled. Reassigningixels in



this way improves the accurag of the sggmentationpro-
cess. Figure 1 shows the segmentationresult beforeand
afterboundaryre nement.

4. Experimental Results

Theexperimentakvaluationof theproposednethodwas
basedon 46 imagesfrom VisTex [10] imagedatabaseon-

sisting of mosaicsand naturalimages. The mosaicswere |t

constructedusing a randomselectionof differenttextures
from the VisTex textureimagedatabaseln addition,2 mo-
saicimagesusedby Petrouet al. [7] and2 naturalimages
usedby Panjwani et al. [6] werealsousedfor the experi-
ments.

Weights
Colour Texture A(%)
(w2) (wi)
1.0 0.0 4.84
0.6 0.4 453
0.2 0.8 11.71
0.0 1.0 26.71
automatic | automatic | < 1.0
selection | selection

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

Testswerecarriedoutto demonstrat¢heimportanceof the
colour and texture descriptorsfor colour texture sggmen-
tation. Table 1 illustratesthe segmentationerror basedon

colour and texture features. The weightsin the memging

stagewerereplacedwith differentvaluesrangingfrom 0.0
to 1.0. Themeanerrorratefor differentcolourandtexture
weightswere calculated. The error ratesin Table1 shovs

thatup to aweightof 0.6 for colourthe segmentatiorerror
is minimal beyond which the error increasedsigni cantly.

Theerrorsatthe colourweights0.2and0.0wasfoundto be
substantialFromTablel it is apparenthatcolourweights
0.6 andtextureweights0.4 resultedn a goodsegmentation
with minimumerror. In addition,theautomaticselectionof

colourandtextureweightsprovideda goodresultwith min-

imum segmentationerror  The following conclusionscan
be dravn from theseexperimentalresults. Texture alone
or colour alonecannotprovide a good segmentation. The
properinclusionof both colourandtextureis necessaryor

amoreaccuratecolourtexture sggmentation.

Theresultsin Figure2 shavs thattheerrorin segmentation
basedncolouraloneor texturealoneis highercomparedo

the sggmentationbasedon colour andtexture. In addition,
theresultsdepictedn Figure2 illustratethattheincorpora-
tion of colourwith textureincreaseshe accurag of colour

texture sggmentation.

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 memging stageand the
boundaryre nementstagewere presentedn Figure3 and
Figure4. Theseimagesshaws the detectedboundaryem-
beddedover the original image. Figure 3-M1 illustratesa
proper sggmentationresult. Figure 3-M2 and M3 shows
segmentationof small regionsdueto the differencein the
colour

Figure 4-N1 representshe sggmentedbeachimage. The
segmentatiormethodmeigedthe smallfeatureswithin the
bird asa singleregion. Figure4-N2 shavs the sgmented
imageof therocksandsea.lt canbe notedthatthe region
representinghecloudsandthesky is consideredsasingle
region. In addition,the regionson the rock and seawere
meigedtogetherasa singleregion. It is evident from the
segmentedresultsthatit is not possibleto differentiatere-
gionswith similar colouranddifferenttextures.



M1(a) M1(b)
M2(a) M2(b)
M3(a) M3(b)

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 colourtexture sey-
mentationwhich integratesthe colour andthe texture fea-
tures. The distribution of colour featuresand the distri-
bution of the texture featureswere usedfor colour texture
discrimination. The distribution of the derived featuresen-
compasseboththe structuralpatternandthe colour of the
image.The methodwasappliedto variousmosaicandnat-
uralimagesandthe importanceof colourin colourtexture
segmentationrwasdemonstrated.
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