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Abstract

In this paper a novel unsupervisedegmentatiorframe-
work for texture image queriesis presented. The pro-
posedframeavork consistof an unsupervisegeggmentation
methodfor texture images, and a multi-filter query strat-
egy. By applyingthe unsupervisedeggmentatiormethodon
ead texture image, a setof texture feature parametes for
that texture image can be extractedautomatically Based
upontheseparametes, an effectivemulti-filter querystrat-
egy which allows the usess to issuetexture-basedimage
gueriess developed.Thetestresultsof the proposedrame-
work on 318 texture images obtainedfrom the MIT VisTex
and Brodatz databaseare presentedo showits effective-
ness.

1. Introduction

Segmentatioris animportantpartof thecomputewision
andimageanalysis whereinregionsof interestare identi-
fied and extractedfor future processing.The definition of
suitablesimilarity and homogeneitymeasuress a funda-
mentaltaskin mary importantapplications rangingfrom
remotesensingto similarity-basedetrieval in large image
databasesuchasthe queryby imagecontent(QBIC) sys-
tem[4].

Texture sggmentationinvolvesthe identificationof uni-
form texturedregionsin animage. Many techniqueshave
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beerusedfor theanalysisof texturessuchas[5, 6]. With the
restrictionto a setof known textures,retrieval andsegmen-
tationproblemsareessentiallyreducedo asupervisedlas-
sificationtask, which is amenabldor standardechniques
from patternrecognitionandstatistics.Techniquesisedfor
imagesegmentatiorincludesimplestatisticalmodelsto ob-
tain estimatesf probability densityfunctions[7], andin-
tensityandtexture measure$10], etc. Local statisticsand
edgeinformation have alsobeenusedto segmentanddis-
tinguishregionsof interestfrom the background9]. Seg-
mentationtechniquesanbe groupedundersplitandmeige
methods[8], region growing methods[], and stochastic
modelbasedmethodq?2]. Themainapproachakenin most
of the emeping techniquedncludesthe stepto choosea
stratgyy to estimataheparametersf distributions,whichis
invariablyto bethe maximumlikehood(ML) estimationor
maximuma posteriori(MAP) estimation. However, com-
puting the exact MAP estimateof the classlabel field is
considereda hardproblem. Also, no methodsn thelitera-
turecancomputehe MAP estimate®f theclassparameters
aswell asthe pixel labelssimultaneously

Thereexistsatightrelationshiphbetweersimilarity-based
textureimageretrieval andunsupervisedexture segmenta-
tion. Imageretrieval oftenrequireso selecthoseimagesn
a databasevhich aremostsimilar to a givenqueryimage,
while the goal of sgmentationis to partition a givenim-
ageinto maximally homogeneougegions. Thereforethese
tasksare closely relatedto similarity measuressinceho-
mogeneitycanbedefinedasthe averagesimilarity between
pairsof local texture patcheswithin aregion. In this paper



we proposean unsupervisedexture sggmentationmethod
which canrecognizethe variability of contentdescription
dependingon the compleity of the imageregionsandef-
fectively addresst. The proposedmethodconsidersthe
problemof segmentationas a joint estimationof the par
tition andclassparametersThis classparameterizatioen-
ablesus to computethe optimal parametersising a sim-
ple leastsquaregechnique,andthe classdescriptionsare
amenablego direct estimationof their parametersvithout
resortingto expensve numericaloptimizationprocedures.
By consideringboth the partition andthe classparameters
asrandomvariablesandestimatinghemijointly, their MAP
estimatesare computedsimultaneouslyIn our framework,
we first sggmenteachof the texture imagesinto classes
(usually? classes)andextracttexturefeatureof eachclass
simultaneoushby generatingthe classparametergluring
the procesof sggmentation.Basedon the databasef the
texture features,a multi-filter query mechanisms devel-
opedto filter out mostof the biasedtextureimagesthatare
far differentfrom the example query texture imageat the
very beginning of query which cangreatlyreducetheover
head. The testresultsare basedon the 318 texture images
obtainedfrom the MIT VisTex Texture databasg11] and
Brodatzdatabas¢l12].

The restof the paperis organizedasfollows. In Sec-
tion 2, theunsupervisetexturesegmentatiormethods pre-
sented,andthe featureparameterobtainedby segmenta-
tion aredescribedn details. Section3 explainsthe query
stratgyy. Sectiord givesthetestresultsandthediscussions.
Conclusionsandfuturework aregivenin Section5.

2. Unsupervised Texture Segmentation

In the proposed unsupervisedtexture segmentation
frameawork, thepartitionandtheclassparameteraretreated
asrandomvariables.The methodof partitioninga still im-
agestartswith arandompartitionandemploys aniterative
algorithmto estimatethe partitionandthe classparameters
jointly [3].

2.1. Segmentation M ethod

Supposehe imageis of size N, x N, with intensities
givenbyY ={y;;: 1 <i < N,,1 < j < N.} andthere
aretwo classedn the image. Let the partition variablebe
¢ = {c1,c2}, andthe classese parameterizedy 6 =
{61,0,}. Also, supposeall the pixel valuesy;; belonging
to classk (k = 1,2) areputinto avectoryy. Eachrow of
the matrix @ is givenby (1,4, 4,75) anday is the vectorof
parametergayo, ..., axs)

Yij = Qo+ a1t + agaj + arsif,v(i,j) yij € ck
Yk = ®a;

dy = (®T®) 1ely,

The bestpartitionis estimatedasthatwhich maximizes
the a posteriori probability (MAP) of the partition variable
giventheimagedataY. Now, the MAP estimatesf ¢ =
{c1,¢2} andB = {6,,0,} aregivenby

(¢,0) = ArgmaxP(c,0|Y)
(.0
= Argmax P(Y | ¢,0)P(c,0)
.0

Let J(e, 8) bethefunctionalto be minimized. With ap-
propriateassumptionsthis joint estimationcanbe simpli-
fiedto thefollowing form:

(é, é) = Arg min J(Cl,02,01,02)
(c.0)
J(e1,65,01,05) = > —lnpi(yiy; 61)+
Yij EC1
> —Inpa(yis; 02)
Yi; €EC2

The algorithm startswith an arbitrary partition of the
dataandcomputeghe correspondinglassparametersUs-
ing theseclassparameterandthe data,a new partitionis
estimated.Both the partition andthe classparametersre
iteratively refineduntil thereis no further changein them.
After the sggmentationa setof parameterslescribingboth
of thetwo classess obtainedautomaticallyandpartof the
parameterareselectedor futurequeryuse.

2.2. Initial Partitionsfor Segmentation

The proposedsegmentationmethod startswith a ran-
domly generatednitial partition. Hence,differentinitial
partitionsyield to differentlocal minima. The smallestio-
calminimumamongthemgivesthedesiredsolutionthough
it may not be the global minimum. In the proposedrame-
work, a numberof local minima (e.g., 20) are computed
and the smallestlocal minimum is used. Sincethe com-
putationalrequiremenfor eachlocal minimumis very lit-
tle, the overall computatiomeededor the bestlocal mini-
mumis not much. Two methodsareusedto generatehose
twentyinitial partitioncandidatesBy the straight-line par-
tition methodthe areaof the original textureimagess par
titioned by an arbitrarily generatedtraight-lineacrossthe
wholeimagearea.Differentareasseparatethy thestraight-
line representlifferentclassesin mary casestherandomly
generatedtraight-linepartitionsaregoodenougho getthe
desiredinitial partition, but in mary other casest cannot
work well. In orderto obtaina good initial partition as
quickly aspossible the predefinedemplatemethodis also



usedto generatéheinitial partitions.Eight predefinedem-
platesareselectedascandidatesn the selectionof the de-
siredinitial partition.

Anotherimportantissueabouttheinitial partitionis how
to selectthe “best” oneamongthosecandidatesThe crite-
riafor evaluatingthe candidatesvolve two aspectsOneis
the local minimum, andthe otheris the standarddeviation
of eachclasswithin a texture image. Two candidatesare
chosenwheneachof themhaseitherthe lowestlocal min-
imum or the lowest standarddeviation. Then, the global
minima of thesetwo candidatesre computedandthe one
with the lower globalminimumis choserasthefinal parti-
tion.

3. Query Strategy

After the sgmentationon eachtexture image, a setof
parameter$or eachimageis obtainedautomatically Some
of theseparametersare selectedfor queryuse. Sincethe
proposedsegmentationmethod usesthe functions of the
spatial coordinatesof the pixels as the mathematicade-
scriptionof a class,thoseparameterselatedto spatialin-
formationshouldbeableto representhespatialdistribution
featuresof textures.

e ParameterAK: After the sgmentation,each pixel
within a texture hasits classidentification. For exam-
ple, the classidentificationfor eachpixel is eitherl or
2 whenthereare two classes.As mentionedearlier,
eachclassis parameterizetby a vectorof parameters
(ako, .-, ar3)T. In otherwords,this parametewector
containmotonly thespatialdistributioninformationof
thetexture, but alsotheinformationof intensityvalues
within thatclass.Furthermoreamongthefour param-
etersin the vector, ayq is usuallyfar morelargerthan
theotherthree.Therefore giventhenumberof classes
is 2, two AK parametergonefor eachclass)are ob-
tainedfor eachtexture.

e ParameterCV: It is the covariancematrix of matrix
cvecs_n (n=1or 2). Thisparameterepresentthespa-
tial distribution patternof eachclass.

cv (CV_1,CV_2);

CVn = (cvecs.n x cvecsn’)/Nkn;
cvecs.n = (stkron, stken)T —mn_n x ones_Nkn

wherestkr_n andstkc_n arecolumnvectorswith each
row beingthe i — coordinate and j — coordinate
of y;; € cy, respectiely. Here,mn_n is a column
vectorwith 2 elementgepresentinghe meansof the
i-coordinates and j_coordinates of y;; € c,, and
ones_Nkn is aunity vectorof Nkn elementgi.e., all
of themhave thevaluel).

e Parametel/ AR_M EAN: During the procesof sgg-
mentation the low-level featuressuchasthe variance
and meanvalue for eachclasscan also be obtained,
which doesnot causeary excessve computatiorncost.
Sincethe texture imageis well sggmentedafter the
segmentationphase,using the low-level featuresof
eachclassasthe querycriteriais expectedto achiere
goodqueryresults.

Example
SEGMENTATION xample Query
Image
Texturelmage . Covariance Var-Mean
AK Filter = =1
Database }:>{ e = e Filter

Figure 1. The multi-filter query architecture .

Query results,
displayed by

rankingsin
decreasing order

Sincewe useEuclideandistancefor comparingwo fea-
turevectors the smallerthe dimensionof vectoris, the bet-
ter the performancas. Noticethatfor eachtextureimage,
it hasonly two AK parametersThoughtheinformationin-
cludedin parameted K maynotbeenoughto achiezegood
queryresults however, if it is usedasthefirst level filter in
the query stratay, the overall computationcostcanbe re-
ducedsignificantly Hence,a multi-filter querymechanism
is developedin the proposedramewnork. Figure 1 shavs
the architectureof the multi-filter query stratgy. As can
be seenfrom this figure, the multi-filter query mechanism
includesthe AK filter, Covariancefilter, andVar_Meanfil-
ter. Theideais to usethe spatialdistribution information
obtainedhroughsegmentatiorto filter outthose'bias” tex-
tureimages,andusethe classifiedV AR_M EAN to rank
theretrievedimages.

The ranking of the retrieved texture imagesis rela-
tively simple. The sum of the weighted Euclideandis-
tanceontheVAR_MEAN for eachclassandthe overall
VAR_MEAN betweerthe queryimageandtheretrieved
imageis usedto determinethe ranking. The weightsare
derivedfrom the experimentaresults.

4. Test Results and Discussions

4.1. Image Retrieval Results

In orderto testthe performanceof the proposedrame-
work, 318 naturaltextureimagesmostly obtainedfrom the
MIT VisTex Texture databaseand Brodatz databaseare
used.For theimagesfrom Brodatz,we partitioneachof the
512 x 512magesinto 6 subimagegwith overlap). Each
texture imageis of size240rows and180 columns.In the
proposedramenork, thesimilarity queryis used.An exam-
ple of the querylooks like “Show me moretextureimages
which aresimilarin texture patternswith the queryimage’
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Figure 2. Texture query results after the seg-
mentation. Example query 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) shon the query results for example
gueryimagetexture208, whichis animagefrom MIT Vis-
Tex databaseFigure 2(a) shaws the first four original tex-
tureimagesbeingretrieved. The examplequeryimagetex-
ture208 is on thetop left, andthe matchesarelisted from
top left to bottomright in decreasingrderof their similari-
ties. The correspondinganksof the matchesarealsogiven
belon the nameof eachoriginal texture image as shavn
in Figure2(a). The rank indicateshow similar it is to the
examplequeryimage. Figure 2(b) shavs the segmentation
resultsof thosetexture imagesin Figure 2(a). From the
obsenationsof the segmentationresults,we can seethat
thetexture patternof imagetexture210 is the closesto the
gueryimagetexture208. The spatialdistributions within
eachclassare very similar to eachother as well asthe

variancemeanfeatures. As for the retrieved imagestex-
ture215 andtextur e214, they have similar spatialdistribu-
tionsin texture patternswith thequeryimage but their vari-
ancemeandistributionsarequite differentfrom that of the
gueryimage. In addition,the spatialdistribution of image
texturel? lookscloseto thequeryimage but notascloseas
texture215 andtexture214 do. Anotherobsenationis that
sincethe texture210 is the closestto the queryimage, its
correspondingank valueis almostfour times higherthan
that of imagetexture215, which is significantenoughto
represenits high similarity with thequeryimage.
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(a) Queryresultsfor queryimagetexture301.
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(b) Segmentatiorresults

Figure 3. Texture query results after the seg-
mentation. Example query 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.



Figure 3 shawvs anotherqueryresultsfor examplequery

imagetextur e301 which comesfrom the Brodatzdatabase.

Therecallnumberis 8. It is clearthatthetop 5 matchesn-
cludeall the subimagesvhich comefrom the sameoriginal
imageasthe queryimage.

By analyzingthe queryresultsfor the examplequeryim-
age,it is very promisingto seethatthe proposedrameavork
for texture segmentationandquerycanreasonablyetrieve
thosetexture imagesthat have the similar texture patterns
with the examplequeryimage. Moreover, sincethe pro-
posedsegmentationmethodis an unsupervisegimultane-
ouspartition and classparameteestimationalgorithm, all
the neededfeature parametersan be obtainedautomati-
cally andindexed offline without any userinteractions.In
the experiments,the accurag of segmentationresultsfor
texture imagesexceedsd5 percent.In addition,the useof
multi-filters (AK, CV andV AR_M EAN) greatlyreduces
thenumberof retrievedimagesat eachstep,whichis essen-
tial to reducethe computationcostandget quick answers
for the issuedqueries. For example, whentexture208 is
usedasthe examplequeryimage,the numberof retrieved
imagessharplydroppedover 70 percentafterthe AK filter.

5. Conclusion and Future Work

In this paper an unsupervisedegmentationframewvork
for texture imagequerieswas proposed.By usinga novel
andeffective sggmentatiormethod,a setof featureparam-
etersfor eachclasswithin animageis extractedautomati-
cally without ary userinterference Basedon thesefeature
parametersthe proposedframeavork supportstexture im-
agequerieseffectively. Moreover, a multi-filter mechanism
is usedin thequeryprocedurdo greatlyreducethe number
of imagecandidatesandat the sametime, reducethe query
processingime. Furthermore applyingthe segmentation
methodon partitioning the naturalimagealso gives good
results.

One of the potentials of the proposedsegmentation
methodis that it canalso deal with the situationof mul-
tiple classedmorethantwo). Theideais to considerthe
numberof classes asanotherandomvariable.Our future
work will focuson generalizinghe proposedramework to
handlethe casesvhenthe numberof classeds morethan
two sothatit canpartitionthe imagemorereasonablyand
preciselywhichis essentiato theaccurag of thequeries.
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