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Abstract

In this paper, a novel unsupervisedsegmentationframe-
work for texture image queries is presented. The pro-
posedframework consistsof an unsupervisedsegmentation
methodfor texture images, and a multi-filter query strat-
egy. By applyingtheunsupervisedsegmentationmethodon
each texture image, a setof texture feature parameters for
that texture image can be extractedautomatically. Based
upontheseparameters,an effectivemulti-filter querystrat-
egy which allows the users to issuetexture-basedimage
queriesis developed.Thetestresultsof theproposedframe-
work on 318 texture imagesobtainedfrom the MIT VisTex
and Brodatzdatabaseare presentedto showits effective-
ness.

1. Introduction

Segmentationis animportantpartof thecomputervision
andimageanalysis,whereinregionsof interestare identi-
fied andextractedfor future processing.The definition of
suitablesimilarity and homogeneitymeasuresis a funda-
mentaltask in many importantapplications,rangingfrom
remotesensingto similarity-basedretrieval in large image
databasessuchasthequeryby imagecontent(QBIC) sys-
tem[4].

Texture segmentationinvolvesthe identificationof uni-
form texturedregionsin an image. Many techniqueshave�
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beenusedfor theanalysisof texturessuchas[5, 6]. With the
restrictionto a setof known textures,retrieval andsegmen-
tationproblemsareessentiallyreducedto asupervisedclas-
sification task,which is amenablefor standardtechniques
from patternrecognitionandstatistics.Techniquesusedfor
imagesegmentationincludesimplestatisticalmodelsto ob-
tain estimatesof probability densityfunctions[7], andin-
tensityandtexturemeasures[10], etc. Local statisticsand
edgeinformationhave alsobeenusedto segmentanddis-
tinguishregionsof interestfrom the background[9]. Seg-
mentationtechniquescanbegroupedundersplit andmerge
methods[8], region growing methods[1], and stochastic
modelbasedmethods[2]. Themainapproachtakenin most
of the emerging techniquesincludesthe stepto choosea
strategy to estimatetheparametersof distributions,whichis
invariablyto bethemaximumlikehood(ML) estimationor
maximuma posteriori(MAP) estimation. However, com-
puting the exact MAP estimateof the classlabel field is
considereda hardproblem.Also, no methodsin thelitera-
turecancomputetheMAP estimatesof theclassparameters
aswell asthepixel labelssimultaneously.

Thereexistsatight relationshipbetweensimilarity-based
textureimageretrieval andunsupervisedtexturesegmenta-
tion. Imageretrievaloftenrequiresto selectthoseimagesin
a databasewhich aremostsimilar to a givenqueryimage,
while the goal of segmentationis to partition a given im-
ageinto maximallyhomogeneousregions.Thereforethese
tasksare closely relatedto similarity measures,sinceho-
mogeneitycanbedefinedastheaveragesimilarity between
pairsof local texturepatcheswithin a region. In this paper,



we proposean unsupervisedtexture segmentationmethod
which canrecognizethe variability of contentdescription
dependingon the complexity of the imageregionsandef-
fectively addressit. The proposedmethodconsidersthe
problemof segmentationas a joint estimationof the par-
tition andclassparameters.This classparameterizationen-
ablesus to computethe optimal parametersusing a sim-
ple leastsquarestechnique,and the classdescriptionsare
amenableto direct estimationof their parameterswithout
resortingto expensive numericaloptimizationprocedures.
By consideringboth the partition andthe classparameters
asrandomvariablesandestimatingthemjointly, theirMAP
estimatesarecomputedsimultaneously. In our framework,
we first segment eachof the texture imagesinto classes
(usually2 classes),andextracttexturefeaturesof eachclass
simultaneouslyby generatingthe classparametersduring
theprocessof segmentation.Basedon the databaseof the
texture features,a multi-filter query mechanismis devel-
opedto filter out mostof thebiasedtextureimagesthatare
far different from the examplequery texture imageat the
verybeginningof query, whichcangreatlyreducetheover-
head.The testresultsarebasedon the 318 texture images
obtainedfrom the MIT VisTex Texture database[11] and
Brodatzdatabase[12].

The rest of the paperis organizedas follows. In Sec-
tion2, theunsupervisedtexturesegmentationmethodis pre-
sented,and the featureparametersobtainedby segmenta-
tion aredescribedin details. Section3 explainsthe query
strategy. Section4 givesthetestresultsandthediscussions.
Conclusionsandfuturework aregivenin Section5.

2. Unsupervised Texture Segmentation

In the proposed unsupervisedtexture segmentation
framework, thepartitionandtheclassparametersaretreated
asrandomvariables.Themethodof partitioninga still im-
agestartswith a randompartitionandemploys an iterative
algorithmto estimatethepartitionandtheclassparameters
jointly [3].

2.1. Segmentation Method

Supposethe imageis of size
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Thebestpartition is estimatedasthatwhich maximizes

thea posterioriprobability (MAP) of thepartitionvariable
given the imagedata 
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Let Z[) �V" ' - bethefunctionalto beminimized.With ap-
propriateassumptions,this joint estimationcanbe simpli-
fied to thefollowing form:
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The algorithm startswith an arbitrary partition of the
dataandcomputesthecorrespondingclassparameters.Us-
ing theseclassparametersandthe data,a new partition is
estimated.Both the partition andthe classparametersare
iteratively refineduntil thereis no further changein them.
After thesegmentation,a setof parametersdescribingboth
of thetwo classesis obtainedautomatically, andpartof the
parametersareselectedfor futurequeryuse.

2.2. Initial Partitions for Segmentation

The proposedsegmentationmethodstartswith a ran-
domly generatedinitial partition. Hence,different initial
partitionsyield to differentlocal minima. Thesmallestlo-
calminimumamongthemgivesthedesiredsolutionthough
it maynot betheglobalminimum. In theproposedframe-
work, a numberof local minima (e.g., 20) are computed
and the smallestlocal minimum is used. Sincethe com-
putationalrequirementfor eachlocal minimumis very lit-
tle, theoverall computationneededfor thebestlocal mini-
mumis not much.Two methodsareusedto generatethose
twentyinitial partitioncandidates.By thestraight-linepar-
tition method, theareaof theoriginal textureimagesis par-
titioned by an arbitrarily generatedstraight-lineacrossthe
wholeimagearea.Differentareasseparatedby thestraight-
line representdifferentclasses.In many cases,therandomly
generatedstraight-linepartitionsaregoodenoughto getthe
desiredinitial partition, but in many othercasesit cannot
work well. In order to obtain a good initial partition as
quickly aspossible,thepredefinedtemplatemethodis also



usedto generatetheinitial partitions.Eightpredefinedtem-
platesareselectedascandidatesin theselectionof thede-
siredinitial partition.

Anotherimportantissueabouttheinitial partitionis how
to selectthe“best” oneamongthosecandidates.Thecrite-
ria for evaluatingthecandidatesinvolvetwo aspects.Oneis
the local minimum,andtheotheris thestandarddeviation
of eachclasswithin a texture image. Two candidatesare
chosenwheneachof themhaseitherthe lowestlocal min-
imum or the lowest standarddeviation. Then, the global
minimaof thesetwo candidatesarecomputedandthe one
with thelower globalminimumis chosenasthefinal parti-
tion.

3. Query Strategy

After the segmentationon eachtexture image,a setof
parametersfor eachimageis obtainedautomatically. Some
of theseparametersare selectedfor queryuse. Sincethe
proposedsegmentationmethodusesthe functions of the
spatial coordinatesof the pixels as the mathematicalde-
scriptionof a class,thoseparametersrelatedto spatialin-
formationshouldbeableto representthespatialdistribution
featuresof textures.

r Parametersut : After the segmentation,eachpixel
within a texturehasits classidentification.For exam-
ple, theclassidentificationfor eachpixel is either1 or
2 when thereare two classes.As mentionedearlier,
eachclassis parameterizedby a vectorof parameters)85 6:9 "<;=;>;=" 5 6@? - A . In otherwords,this parametervector
containsnotonly thespatialdistributioninformationof
thetexture,but alsotheinformationof intensityvalues
within thatclass.Furthermore,amongthefour param-
etersin thevector, 576:9 is usuallyfar morelarger than
theotherthree.Therefore,giventhenumberof classes
is 2, two svt parameters(onefor eachclass)areob-
tainedfor eachtexture.

r Parameterw�x : It is the covariancematrix of matrixy@z!{
y`| } ( } =1or 2). Thisparameterrepresentsthespa-
tial distributionpatternof eachclass.
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r Parameterx�sv� ����s � : During theprocessof seg-
mentation,the low-level featuressuchasthevariance
and meanvalue for eachclasscan also be obtained,
which doesnot causeany excessive computationcost.
Since the texture image is well segmentedafter the
segmentationphase,using the low-level featuresof
eachclassasthe querycriteria is expectedto achieve
goodqueryresults.
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Figure 1. The multi-filter quer y architecture .

Sincewe useEuclideandistancefor comparingtwo fea-
turevectors,thesmallerthedimensionof vectoris, thebet-
ter the performanceis. Notice that for eachtexture image,
it hasonly two sut parameters.Thoughtheinformationin-
cludedin parametersvt maynotbeenoughtoachievegood
queryresults,however, if it is usedasthefirst level filter in
the querystrategy, the overall computationcostcanbe re-
ducedsignificantly. Hence,a multi-filter querymechanism
is developedin the proposedframework. Figure1 shows
the architectureof the multi-filter querystrategy. As can
be seenfrom this figure, the multi-filter querymechanism
includesthe sut filter, Covariancefilter, andVar Meanfil-
ter. The ideais to usethe spatialdistribution information
obtainedthroughsegmentationto filter out those“bias” tex-
ture images,andusethe classifiedx�sv� ����s � to rank
theretrievedimages.

The ranking of the retrieved texture images is rela-
tively simple. The sum of the weightedEuclideandis-
tanceson the x�sv� ����s � for eachclassandtheoverallx�su� ����s � betweenthequeryimageandtheretrieved
imageis usedto determinethe ranking. The weightsare
derivedfrom theexperimentalresults.

4. Test Results and Discussions

4.1. Image Retrieval Results

In orderto testthe performanceof the proposedframe-
work, 318naturaltextureimagesmostlyobtainedfrom the
MIT VisTex Texture databaseand Brodatz databaseare
used.For theimagesfrom Brodatz,wepartitioneachof the
512

�
512imagesinto 6 subimages(with overlap). Each

texture imageis of size240 rows and180columns.In the
proposedframework, thesimilarityqueryis used.An exam-
ple of thequerylooks like “Show memoretexture images
whicharesimilar in texturepatternswith thequeryimage.”
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(a)Queryresultsfor queryimagetexture208.
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(b) Segmentationresults

Figure 2. Texture quer y results after the seg-
mentation. Example quer y image texture208
is on the top left. Matches of the images are
listed from top left to bottom right in decreas-
ing order of their similarities.

Figures 2(a)-(b) show the query results for example
queryimagetexture208, which is animagefrom MIT Vis-
Tex database.Figure2(a)shows thefirst four original tex-
tureimagesbeingretrieved.Theexamplequeryimagetex-
ture208 is on the top left, andthe matchesarelisted from
top left to bottomright in decreasingorderof theirsimilari-
ties.Thecorrespondingranksof thematchesarealsogiven
below the nameof eachoriginal texture imageas shown
in Figure2(a). The rank indicateshow similar it is to the
examplequeryimage.Figure2(b) shows thesegmentation
resultsof thosetexture imagesin Figure 2(a). From the
observationsof the segmentationresults,we can seethat
thetexturepatternof imagetexture210 is theclosestto the
query imagetexture208. The spatialdistributionswithin
eachclassare very similar to eachother, as well as the

variancemeanfeatures. As for the retrieved imagestex-
ture215 andtexture214, they have similar spatialdistribu-
tionsin texturepatternswith thequeryimage,but theirvari-
ancemeandistributionsarequitedifferentfrom thatof the
queryimage. In addition,the spatialdistribution of image
texture17 lookscloseto thequeryimage,but notascloseas
texture215 andtexture214 do. Anotherobservationis that
sincethe texture210 is the closestto the query image,its
correspondingrank valueis almostfour timeshigher than
that of image texture215, which is significantenoughto
representits highsimilarity with thequeryimage.

texture301
50 100 150 200

50

100

150

texture304
50 100 150 200

50

100

150

texture302
50 100 150 200

50

100

150

texture303
50 100 150 200

50

100

150

texture306
50 100 150 200

50

100

150

texture305
50 100 150 200

50

100

150

texture307
50 100 150 200

50

100

150

texture309
50 100 150 200

50

100

150

(a)Queryresultsfor queryimagetexture301.
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(b) Segmentationresults

Figure 3. Texture quer y results after the seg-
mentation. Example quer y image texture301
is on the top left. Matches of the images are
listed from top left to bottom right in decreas-
ing order of their similarities.



Figure3 shows anotherqueryresultsfor examplequery
imagetexture301 whichcomesfrom theBrodatzdatabase.
Therecallnumberis � . It is clearthatthetop � matchesin-
cludeall thesubimageswhichcomefrom thesameoriginal
imageasthequeryimage.

By analyzingthequeryresultsfor theexamplequeryim-
age,it is verypromisingto seethattheproposedframework
for texturesegmentationandquerycanreasonablyretrieve
thosetexture imagesthat have the similar texture patterns
with the examplequery image. Moreover, sincethe pro-
posedsegmentationmethodis an unsupervisedsimultane-
ouspartition andclassparameterestimationalgorithm,all
the neededfeatureparameterscan be obtainedautomati-
cally andindexedoffline without any userinteractions.In
the experiments,the accuracy of segmentationresultsfor
texture imagesexceeds85 percent.In addition,the useof
multi-filters( sut , w�x and x�sv� ����s � ) greatlyreduces
thenumberof retrievedimagesateachstep,whichis essen-
tial to reducethe computationcostandget quick answers
for the issuedqueries. For example,when texture208 is
usedasthe examplequeryimage,the numberof retrieved
imagessharplydroppedover70 percentafterthe svt filter.

5. Conclusion and Future Work

In this paper, an unsupervisedsegmentationframework
for texture imagequerieswasproposed.By usinga novel
andeffective segmentationmethod,a setof featureparam-
etersfor eachclasswithin an imageis extractedautomati-
cally without any userinterference.Basedon thesefeature
parameters,the proposedframework supportstexture im-
agequerieseffectively. Moreover, a multi-filter mechanism
is usedin thequeryprocedureto greatlyreducethenumber
of imagecandidatesandat thesametime, reducethequery
processingtime. Furthermore,applying the segmentation
methodon partitioning the naturalimagealso givesgood
results.

One of the potentials of the proposedsegmentation
methodis that it can also deal with the situationof mul-
tiple classes(more than two). The idea is to considerthe
numberof classes| asanotherrandomvariable.Our future
work will focuson generalizingtheproposedframework to
handlethe caseswhenthe numberof classesis morethan
two so that it canpartition the imagemorereasonablyand
precisely, which is essentialto theaccuracy of thequeries.
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