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ABSTRACT

We develop spatiallyadaptve, low-level, color andspatialtexture featuresbasedon perceptuaprinciplesaboutthe pro-
cessingof texture and color information. We then proposean algorithm that combinesthesefeaturesto obtainimage
seggmentationghatcorvey semantidnformationthatcanbe usedfor content-basectktrieval. Our focusis imagesof natu-
ral scenesThecolortexturefeaturesarebasedntheestimatiorof spatiallyadaptve dominantcolors,which ononehand,
reflectthe factthat the humanvisual systemcannotsimultaneouslyperceve a large numberof colors,andon the other,
the factthatimagecolorsare spatiallyvarying. The spatially adaptve dominantcolorsare obtainedusinga previously
developedadaptve clusteringalgorithmfor color sggmentation.The spatialtexture featuresarebasedon a steerabldilter
decompositionwhich offers an efficient andflexible approximationof early processingn the humanvisual system.We
usethelocal enegy of the subbandoeficientsasa simplebut effective characterizationf spatialtexture. A mediarfilter
is usedto distinguishthe enegy dueto region boundariegrom the enepgy of thetexturesthemseles. Texturefeatureesti-
mationrequiresafinite neighborhoodhatlimits spatialresolutionwhile color segmentatiorprovidesaccurateandprecise
edgelocalization. By combiningtexture with color information,the proposedalgorithmcanobtainrobustsegmentations
thatareaccurateandprecise.The performancef the proposedalgorithmis demonstrateth the domainof photographic
imagesjncludinglow resolutiondegradedandcompressednages.

Keywords: Adaptive clusteringalgorithm, optimal color compositiondistance,steerabledecomposition CBIR, local
medianeneny, spatiallyadaptve dominantcolors

1. INTRODUCTION

Therapidaccumulatiorof large collectionsof digital imageshascreatedhe needfor efficientandintelligentschemegor

imageretrieval. Sincemanualannotationof largeimagedatabasess both expensie andtime consumingijt is desirable
to basesuchschemedlirectly on imagecontent. Indeed,the field of Content-BasedimageRetrieval (CBIR) hasmade
significantadvancesn recentyears? Oneof the mostimportantand challengingcomponent®f mary CBIR systems
is scenesggmentation. This paperconsiderghe problemof imageseymentationbasedon texture and color. Although

significantprogresshasbeenmadein texture sggmentation(e.g., Refs. 3—6) and color sgmentation(e.g., Refs. 7-9)

separatelytheareaof combinedspatialtextureandcolor segmentatiorproblemis still quiteopenandactive 1911 Another
challengingaspectof imagesegmentationis the extractionof perceptuallyrelevantinformation. Sincehumansare the

ultimateusersof mostCBIR systemsit is importantto obtainsegmentationghatcanbe usedto organizeimagecontents
semanticallyaccordingo catejoriesthataremeaningfulto humans.

Currentalgorithmsfor low-level featureextraction,suchascolor, texture,andshapeare quite sophisticategndhave
metwith considerablesuccess However, thereis still a large gapbetweerthe high-level semanticconceptghat human
beingsusefor imageretrieval andthe low-level imagefeatureshat mostcurrentalgorithmsarebasedon. We attemptto
bridgethis gapby developingalgorithmsthat uselow-level featuresbasedon perceptuamodelsandprinciplesaboutthe
processingf texture and color information. Suchfeaturesandthe resultingsegmentationcanthenbe correlatedwith
high-level semanticandusedto captureghe semantianeaningof animage.We presentinimagesegmentatioralgorithm
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thatis basedon spatiallyadaptve color and spatialtexture features.An early versionof this algorithmhasappearedn
Ref.12. In this paperwe review the basicelement®f thealgorithm,with emphasi®n perceptuatonsiderationsWe also
proposesereralimprovementghatenhancehe perceptuaaspectof thealgorithm.

Thecolorandspatialtexturefeaturesarefirst developedndependentlyandthencombinedo obtainanoverallsggmen-
tation. As we pointedoutin Ref. 12, texturefeatureestimatiorrequiresafinite neighborhoodhatlimits spatialresolution,
while color segmentatiorcanprovide accuratendpreciseedgelocalization.By combiningtexturewith colorinformation,
theproposedalgorithmcanobtainrobust,andat the sametime, accurateandpreciseseggmentationsThecolor texturefea-
turesarebasecdn the estimationof spatiallyadaptve dominantcolors,which on onehand,reflectthefactthatthe human
visual systemcannotsimultaneouslyerceve a large numberof colors,andon the other, the factthatimagecolorsare
spatiallyvarying. The spatiallyadaptie dominantcolorsareobtainedusingthe adaptve clusteringalgorithmfor segmen-
tation proposedby Pappas. The (spatial)texture featuresarebasedon a steerabldilter decompositionwhich offersan
efficientandflexible approximatiorof earlyprocessingn thehumanvisualsystem We usethelocal enegy of thesubband
coeficientsasa simplebut effective characterizatiowf spatialtexture. A medianfilter is usedto distinguishthe enegy
dueto region boundariesrom the enepgy of thetexturesthemseles. As wasshavn in Ref. 12, medianoperatordendto
respondo texturewithin uniform regionsandsuppressexturesassociateavith transitionsbetweerregions.In contrasto
textureanalysis/synthestechniqueshatusealargenumberof parameterso describaexture,our sggmentatioralgorithm
reliesononly afew parameterso sggmenttheimageinto simpleyet meaningfultexture categories.

The proposedalgorithmincludesan elaborateborderrefinementprocedure which extendsthe idea of the adaptve
clusteringalgorithmusedfor the color segmentatiorf to colortexture. In naturalimagestheintensity color, andtexture of
a perceptuallyuniform region canchangegraduallybut significantlyfrom onesideof aregionto the othetr The proposed
algorithmadaptgo suchvariationsby estimatingthe color andtexture parametersver a hierarchyof window sizesthat
progressiely decreaseasthe algorithmconvergesto the final segmentation.Overall, the proposedalgorithmprovidesa
robustsegmentatiorwith accurateandpreciseboundaries.

Theimagesegymentatiorresultscanbe usedto derive region-widecolor andtexture features.Thesecanbe combined
with othersegmentinformation,suchaslocation,boundaryshapeandsize,in orderto extractsemantianformation.Such
semantiénformationmaybeadequateo classifyanimagecorrectly eventhoughour sgmentationmesultsmaynotalways
necessarilgorrespondo semantimbjectsashumananayrecognizeéhem. A key to the succes®f the proposedapproach
is therecognitionof the factthatit is not necessaryo obtaina completeunderstandingf a givenimage:In mary cases,
theidentificationof afew key segmentg(suchas“sky,” “mountains; “people’ etc.) maybe enoughto classifytheimage
into agivencateyory.!3 Thus,someof theregionswill beclassifiedas‘complex” or “noneof theabove; andassuchwill
still play a significantrole in sceneanalysis.

Theperformancef theproposedilgorithmis demonstrateth thedomainof photographiémages It consistof awide
variety of images:outdoorandindoor scenesincluding landscapes;ityscapesplants,animals,people,and man-made
objects.A challengingaspecf our work is thatwe attemptto accomplistthe above taskswith relatively low resolution
(e.g., 200x 200)andoccasionallydegradedor compressednagesjustashumansandoiit.

The paperis organizedasfollows. In Section2, we review the color texture featureextraction. Our new approacHor
spatialtexture featureextractionis presentedn Section3. Section4 discusseshe proposedalgorithmfor combiningthe
textureandcolorfeaturego obtainanoverall sgmentation Segmentatiorresultsandcomparison$o otherapproacheare
alsopresentedh Sectiond.

2. PERCEPTUAL COLOR TEXTURE FEATURES

Color hasbeenusedextensiely asa low-level featurefor imageretrieval.1:14-16 |n this sectionwe discusscolor texture
featureghattake into accountothimagecharacteristicandhumanperception.

An importantcharacteristiof humancolor perceptions thatthe humaneye cannotsimultaneoushperceve a large
numberof colors!’ eventhoughunderappropriateadaptationjt can distinguishmore thantwo million colors® In
addition, the numberof colorsthatcanbeinternally representedndidentifiedin cognitive spacds about301° A small
setof color catgyoriesprovidesa very efficient representatiorandmoreimportantly makesit easierto captureinvariant
propertiesn objectappearancé® Basentheassumptiorthatcolor cateyoriesarerelatedo thestatisticaktructureof the
perceved environment,Yendrikhavskij2® proposedalgorithms(e.g., K-meansclustering)for computingcolor categories.



Along similar lines, subjective experimentsreportedby Mojsilovic et al. in Ref. 21 indicatethat, when presentedvith
variouscolor patternshumansarenot ableto perceve morethansix or sevzencolors.

Theideaof usinga compactcolor representatioim termsof dominantcolorsfor imageanalysiswasintroducedby
Ma et al..?2 Their agumentfor usingsucha representatiowasbasedon the factthat mostnaturalscenesequireonly
afew colorsto describetheir color contentwithout significantlyaffecting color quality. The representatiothey proposed
consistof thedominantcolors(expressedn RGB spaceplongwith thepercentagef occurrencef eachcolor. Mojsilovic
et al.?! adoptedthis representationsingan (approximatelyperceptuallyuniform color spacesuchasLab or Luv. It has
beenshavn thatthe quality of imageretrieval algorithmscanbe substantiallymprovedby usingsuchcolor space$?

In Ref. 12 we introducedthe ideaof spatially adaptive dominant colors. This is necessarypecausef the spatially
varyingimagecharacteristicandthe adaptve natureof the humanvisualsystem An obsener's notionof ablueor browvn
or greencoloris highly dependenbnthesurroundingcolors;moreover, it varieswith thelighting conditionsandthecolors
of the displaydevice. For example,a color vision studyfoundthat color appearancdependsnoreon the local contrast
ratherthan absolutecontrastvalue?* Our color featurerepresentatioonsistsof a limited numberof locally adapted
dominantcolorsandthecorrespondingercentagef occurrencef eachcolorwithin a certainneighborhood:

fC(Xaya Nx,y) = {(Ci7 pi):i = 17"'7M7 Pi € [071]} (1)

whereeachof thedominantcolors,c;, is athreedimensional/ectorin Lab spaceandp; arethecorrespondingercentages.
Ny y representtheneighborhoodroundthepixel atlocation(x,y) andM is thetotal numberof colorsin theneighborhood.
A typicalvalueis M = 4. Thecolorfeaturevectorat eachpixel is essentiallya crude“local histogram”of theimage.

In additionto modelinghumanperceptiorandimagecharacteristicthe useof spatiallyadaptve dominantcolors,has
otheradvantagexomparedo dominantcolorsthatarefixed over animageor a collectionof images.For example,one
mustfirst determinethe numberof dominantcolors. This numbermustbe big enoughto capturethe characteristic®f
theimageor collectionof images,andat the sametime, it shouldnot betoo big in orderto maintaina concisefeature
representationOne approachor finding the dominantcolorsis to usevectorquantization(VQ)2>26 to obtaina setof
colorsthat minimize the mean-squarguantizationerror acrossall imagesin the database This approachwastakenin
Refs.17,22. However, it requiresa largetraining set,which increaseshe computationaburdenfor the codebooldesign.
To overcomethis problem,Mojsilovic et al.” proposeda technique pasedon Fibonaccilattices,that provides uniform
samplingof the chromaticityplanesin Lab space An alternatie approachs to find thedominantcolorsof a givenimage
(eg., usingVQ). While the resultingcolors may be usefulin characterizinghe imageas a whole, the corresponding
segmentatiorcould be quiteinadequatelueto lack of spatialconstraintsindspatialadaptation. The adwantageof using
the spatially adaptve dominantcolorsis that we only needto specify the numberof dominantcolors within a given
neighborhoodWe foundthata smallnumbere.g., four, is adequateThegradualcolor adaptatiormakesit possibleto use
onecolor classto representwide rangeof similar colors,providedthatthey vary graduallyover theimage. In addition,
aswe moveto anothempartof theimage,the samecolor classcanbeusedto represenanentirely differentcolor.

Thespatiallyadaptie dominantcolorsareobtainedoy theadaptve clusteringalgorithm(ACA) proposedn Ref.7 and
extendedo colorin Ref.8. The ACA is aniterative algorithmthatusesspatialconstraintsn the form of Markov random
fields(MRF). Theinitial estimatds obtainedby the K-meansalgorithm?282° which estimateshe clustercentergi.e., the
dominantcolors)by averagingthe colorsof the pixelsin eachclassoverthewholeimage.(The K-meanslgorithmis the
sameasthe VQ techniquesliscussedbove.) As thealgorithmprogresseghe dominantcolorsareupdatedoy averaging
over a sliding window whosesize progressiely decreasesThus, the algorithmstartswith global estimatesand slowly
adaptdgo thelocal characteristicsf eachregion.

Fig. 1 compareghe adaptve dominantcolors obtainedby ACA’ to the constantdominantcolors obtainedby the
Comaniciu-Meeglgorithm? Thelatteris arelatively simpleandquiteeffective algorithmthathasbeenusedfor obtaining
thedominantcolorsof animage.It is basednthe“meanshift” algorithmfor estimatingdensitygradientsandessentially
works with the imagehistogram,eventhoughit alsoattemptsto incorporatespatialconstraintdy imposingconstraints
onthe connectity of the detectedegions. However, like the otherapproachesve discussedbove, it doesnot take into
considerationhefactthatthe dominantcolorsmaybeslowly varyingacrosgheimage.Theimageresolutionis 250x 214
pixels. The examplesfor the Comaniciu-Meemalgorithmwere generatedisingthe “oversgmentation”setting. Note the
falsecontoursin the Comaniciu-Meealgorithmin thewaterandthesky. Also, while therearecolorvariationsin theforest
region, the segmentboundariesio not appearto correspondo ary true color boundaries.The ACA on the otherhand,



(a) Original colorimage (b) Comaniciu-Meenlgorithm  (c) Adaptive clusteringalgorithm(ACA)

Figure 1. Colorimageseggmentationshavn in color)

smootheoverthewater sky, andforestregions,while capturingthe dominantedgesof the scene Notethatthe ACA was
developedfor imagesof objectswith smoothsurfacesandnotexture. Thus,in texturedregions,likethemountainareathe
ACA overs@mentgheimage while in otherareaslik e theforestit consolidategverythinginto oneregion. This depends
onthesizeof thefeaturesandthe color differencesandis controlledby the strengthof the MRF. Thelattercanbechosen
to controlthe amountof detailthatis perceptuallyrelevant.

The ACA sggmentstheimageinto color classesAt every pixel in theimage,eachclassis representedy a color that
is equalto the averagecolor of the pixelsin its neighborhoodhatbelongto thatclass’ In theexampleof Fig. 1(c), each
pixel is paintedwith the representatie color of the classthatit belongsto. Assumingthatthe dominantcolorsareslownly
varying,we canassumehatthey areapproximatelyconstanin theimmediatevicinity of a pixel. We canthencountthe
numberof pixelsin eachclasswithin a givenwindow, which togethemwith the averagecolor values,providesthe color
featurerepresentationf theform (1) for the pixel.

The ACA providesa color featurevectorfor eachimagepixel. In Section4, we will usethesefeaturesalongwith
texture featureswe develop in the next section,to obtainthe final image segmentation. For that we needa metric that
measureshe perceptuakimilarity betweertwo color featurevectors.Basedon humanperceptionthe color composition
of two images(or imageseggmentswill besimilar, if the colorsaresimilar andthetotal areaghateachcolor occupiesare
similar1”-2” Thedefinitionof ametricthattakesinto accounboththe color andareadifferencesgepend®nthemapping
betweerthe dominantcolorsof thetwo images?’ Varioussuboptimakolutionshave beenproposed.’22 Mojsilovic et
al.?” proposedhe Optimal Color Composition Distance (OCCD), which findsthe optimalmappingbetweerthedominant
colorsof two images andthus, providesa bettersimilarity measureThe OCCD overcomeghe (significant)problemsof
theothermetrics,but in generalrequiresmorecomputation However, sincewe areprimarily interestedn comparingm-
ageseggmentghatcontainonly afew colors(at mostfour), theadditionaloverheador the OCCDis reasonableMoreover,
we introducean efficient implementatiorof OCCD for the problemat handthat producesa closeapproximationof the
optimalsolution.

The pseudacodefor the proposeddDCCDimplementatioralongwith anillustrative exampleareshavn in Figs.2 and
3. Notethat eventhoughthis implementations not guaranteedo resultin the optimal mapping,in practice,giventhe
small numberof classesit producesxcellentresults. On the otherhand,it avoids the quantizatiorerror introducedby
original OCCD, andthus,canbe even moreaccurateghanthe original implementation.Oncethe color correspondences
areestablishedthe OCCDdistancds thencalculatedasfollows:

Dist(f¢, f&) = _iDist(c%,c%) *p 2

wherecl, ¢?, andp; arethe matchectolorsandcorrespondingercentagefterthe procedureoutlinesin Fig. 2.



1. Giventwo colorfeaturevectorsfl and f2, createa stackof tokens(colorsandcorrespondingercentages)
for eachfeaturevector asshavn in Fig. 3. Createanemptydestinatiorstackfor eachvector

2. Selectapairof tokens(ca, pa) and(cp, pp), onefrom eachfeaturevector whosecolorsareclosestyegard-
lessof percentages.

3. Move the tokenwith the lowestpercentagde.g., (Ca, pa)) to the destinationstack. Split the othertoken
into (cp, Pa) and(cp, pp — Pa), andmove thefirst to the correspondinglestinatiorstack.

4. Repeatbore stepswith theremainingcolors,until theinitial stacksareempty

Figure 2. Stepsof the simplifiedversionof OCCD

fo (200 (@300 (200 ([1.20)
%40 (20 (3

l_ Mew Stacks
o (M. (M0 (W20 (020 (W
% (. 10) (30 (E3D) (Il.20)
1 Mew Stacks
o (l.0 (@Y (W20 (020 (I30) ([@30)
£ (M 10) (M0 (W30 (.30 (I .30)
l_ Mew Stacks
(M .0 (H0 (.0 (20 (IW20) ([E30) (EW20)
£ (I 10) (H.0) (M. 10) (I.30) ( I.30) (IM20)
1 Mew Stacks
o (.0 (=0 (.o (.0 (W30 ([E30) (20 ((10) (70)
£ (W .0 (WO (M0 { .30) { I.30) (EE20) (I10) (1)

Figure 3. Exampleof thesimplifiedversionof OCCD

3. PERCEPTUAL FEATURESFOR SPATIAL TEXTURE

As we discussedh theintroduction,the color andspatialtexturefeaturesaredevelopedindependentlyThus,we useonly
the grayscalecomponeniof the imageto obtainthe spatialtexture features basedon which we obtainan intermediate
segmentationwhichis thencombinedwith the color texturefeaturedo producethefinal segmentationThisis in contrast
to the approacheslescribedn Refs.11,17, wherethe color quantization/sgmentations usedto obtainan achromatic
patternmapwhich becomeshebasisfor texture featureextraction.

From the signal processingoerspectie, the most significantdifferencebetweencolor and texture is that the latter
requiresa finite neighborhoodo be defined.In additionto the increaseccomputationaburden,this limits theresolution
of texture sggmentation. As we saw in the previous section,the ACA algorithmcan provide very accurateand precise

edgelocalization. A texture sggmentatioralgorithm,on the otherhand,requiresneighborhooperationsvhich malke it
difficult to definetexture nearregion boundaries.

Like mary of the existing algorithmsfor texture analysisandsynthesige.g., Refs.5,6,30,31), our approachs based
on a multiscalefrequeny decomposition.Suchdecompositionhave beenwidely usedas descriptionsof early visual
processingn mammals.They have alsobeenusedin anumberof applicationssuchastexture classificatiorandsegmen-
tation31-38 texture analysis/synthesi®38-44 aswell asimagequality evaluation®® Examplesof suchdecompositions
arethe Cortex transfornt® andthe Gabortransform3>:3¢  The steerablgoyramid decompositiof’ #°is very similar in
spirit to the cortex transform,but offers more efficiency andflexibility. It canbe designedo produceary numberof
orientationbandsandit is steerablej.e., afilter of arbitraryorientationcanbe synthesizedsa linear combinationof a



4
v

(a) 2-level decomposition (b) 1-level decomposition
horizontalbandsof scale2 shavn in gray. horizontalbandsof scalel shavnin gray.

Figure 4. Steerabld-ilter Decomposition.

setof basisfilters. It is thusideally suitedfor the problemof texture analysis.On the otherhand,in imagecompression
applications perceptuamodelshave beenmostly basedon simplerseparablesubbandcandwaveletdecomposition§%-56
Thesedecompositionsanberegardedascrudeapproximation®f the cortex transform.Oneof their dravbacksasfar as
textureanalysids concernedis thatthey cannotseparatehe two diagonaldirections.

In contrastto the texture synthesigproblemthat requiresan elaboratemodelin orderto accuratelysynthesizea wide
rangeof textures,the modelfor the segmentationproblemcan be quite crude. Therearetwo fundamentabifferences
thatdistinguishthe segmentatiorproblemfrom that of texture analysis/synthesidzirst, in texture analysis/synthesithey
considerisolatedtextures,andthus,do not have to worry abouttheresolutionlossduetheneighborhooaperationsieces-
saryfor texture definition. Secondthey work with relatively high resolutionimageswhich allow the preciseestimationof
texture parametersln contrastwe wantto identify texturesin thumbnailimageswhich contain,not only one,but several
textures.Thus,by necessityour texture modelshave to be alot simpler sothatwe candetermingheir parameterfrom a
few samplepoints. Of coursewe know thatthe solutionto this problemis possible becauséhe humanvisual systemcan
doit.

As we discussedibove, the steerabldilter decompositioroffers an efficient andflexible approximatiorof early pro-
cessingn the humanvisual system.Thus,our spatialtexture featureextractionis basedon the steerablgyramid. Fig. 4
shavs examplesof frequeny decompositionthatcanbe obtainedby the steerablgyramid.

Oneof themostcommonlyusedfeaturedor texture analysisin the context of multiscalefrequeny decompositionss
the enegy of the subbandcoeficients®>” Variousnonlinearoperationshave beenusedto boostup the sparsesubband
coeficients.ChangandKundw?-°7 usedtheaverageof coeficients’enegy with in asmallwindow. ManjunathandMa?2-31
usedboth the meanandthe standarddeviation of the magnitudeof the Gabortransformsubbandcoeficientsastexture
featuresWe proposeausingthemedian local energy of theorientedfilter outputs.Thisenepgyis computedy first squaring
the subbandcoeficientsandthentaking the medianover a smallwindow. The advantageof the medianfilter is thatit
suppresse@xturesassociateavith transitionsbetweerregions,while it respondso texturewithin uniformregions!? The
useof medianiocal enegy asa nonlinearoperatioralsoagreesvith GrahamandSutters conclusiot®%thatnonlinearity
operatolin texture segregationmusthave acceleratingfgpansve nature.

We usea steerabldilter decompositiof with four orientationbands(horizontal,vertical, +45°, —45°) asshown in
Fig. 4. Mostresearcherbave usedfour to six orientationbandsto approximatehe orientationselectvity of the human
visual system(e.g., Refs.46,61). Sincethe imagesarefairly small, we found that a one-level decompositior(lowpass
band,four orientationbandsandhighpasgsesidue asshovn in Fig. 4 (b)) is adequateOut of those we only usethefour
orientationbands. Thefilters areappliedto the grayscalecomponenbf the original image,andthe medianlocal enegy
is computedor eachsubbandfollowedby a 2-level K-meansalgorithm. This providesa classificatiorinto smooth and
non-smooth regionsasfollows. If a pixel belongsto thelow-enegy clusterin all subbandsthenit belongsto the smooth
class,otherwiseit is classifiedasnon-smooth.The non-smoottpixelsarethenfurther classifiednto differentorientation
classesby comparingthe first and secondnaximaamongthe four subbandcoeficients. If the first andsecondmnaxima
arenot close,thenthe orientationis determinecby the first maximum. Otherwise the pixel is classifiedascomplex, as



$ 4

. : - L]
* i B
E Y gl . - .‘
(a) Original ColorImage (b) Color Sggmentation(ACA) (c) Texture Sggmentation

=

o™

(d) CrudeSegmentation (e) Final Sgmentation (f) Final Sgmentationon originalimage)

Figure 5. ColorandTexturelImageSegmentatior(a,b,d,e,shavnin color)

thereis no dominantorientation.Thus,we canhave upto six classesFig. 5 (c) shavs anexampleof sucha classification.
Theblackareascorrespondo smoothregionsandthewhite areasorrespondo comple regions. Differentshade®f gray

(from light to dark) representhe horizontal, —45°, +45°, andvertical regions. We alsoexperimentedwvith the discrete
waveletdecompositiofDWT),'2 usinga similar classificatiorprocedureandfoundthatthe steerablgyramid produces
superiorresults.

In thetextureclasse®xtractionprocedureywe foundthatthewindow sizefor medianoperatolis of criticalimportance.
Thewindow sizemustbelargeenoughto capturethelocal texturecharacteristicyut nottoo largeto avoid bordereffects.
Our experimentdndicatethat window sizesin the rangeof 17 x 17 to 25 x 25 pixels are suitablefor the steerabldilter
decompositionA morecarefulwindow sizedeterminatiorshouldbe basedon carefulsubjectve experiments Note also,
thatthe window sizedepend®n the specificdecompositionaswe foundthatthe DWT requiressmallerwindow sizes'?
That'sbecausehe DWT is downsampledvhile the steerablesubbandshatwe usedo notinvolve ary downsampling.The
window sizeis alsorelatedto the extentof the analysidfilters.

4. SEGMENTATION ALGORITHM

We now considernalgorithmthatcombineghecolorandspatiatexturefeaturego obtaintheoverallimagesegmentation.
It startswith thetextureclassificatiorwe discussedh the previoussectionandusesthe color texturefeaturego refineit.

First, we considerthe smoothtextureregions. As we discussedn Section2, the ACA wasdevelopedfor imageswith
smoothregions. Thus,in thoseregions,we shouldrely on the ACA for the final sggmentation.However, someregion
meiging may be necessaryThus,in the smoothregions,we find all the connectedeggmentsthatbelongto differentcolor
classesandthenmeige neighboringsegmentsif the averagecolor differenceacrosshe commonborderis belov a given
threshold. Finally, ary remainingsmall color sggmentsthat are closeto non-smoothtexture regions, are relabeledas
non-smoothsothatthey canbe consideredn the next step.

For all othertexture classeghorizontal,vertical, +45°, —45°, and comple), we usea region grawing algorithmto
obtaina crude segmentationWe usea multi-grid approachWe startwith pixelslocatedon a coarsegrid, andcomputethe
color featureswith awindow sizeequalto twice thegrid spacingj.e. with a50%window overlap.A pair of pixelsbelong
to the sameregion if the color featuresaresimilar in the OCCD sense.Thethresholdis higherfor pixelsthatbelongto
the sametexture class(i.e., easierto meige),andlower for pixelsin differenttexture classesln addition,we incorporate



Figure 6. lllustratingthe necessityof spatialconstraints.Top row shavs crudesggmentationandbottomrow arefinal sggmentations.
FromlefttorightB 0 1 8

MRF-typespatialconstraintsn the featuredistancemeasureThatis, a pixel is morelikely to belongto aregionif mary
of its neighbordelongto the sameregion. Thefeaturedistancemeasuref (2) now becomes:

Dis(1, 1) = 3 Dis(eh.)+ -+ N .

where[ representshe strengthof the spatialconstrainandN; representshe numberof neighboringpixelswith the same
labelasthe onebeingchecled. Sincethe MRF constraintis symmetric,it is necessaryo iteratea few timesfor a given
grid spacing.Thegrid spacings thenreducedandthe procedurds repeatedintil the spacings equalto onepixel. Fig. 5

(d) shavs anexampleof theresultingcrudesegmentationn this figure,aswell asFig. 5 (e), thedifferentsegmentshave

beenpaintedby the averagecolor of the region. Fig. 6 shovs examplesof crudesggmentationbtainedwith different
valuesof theparametef. Notethatin this case we have superimposetheregionboundarie®n the originalimage.

Finally, we refine the crude segmentationby adaptvely adjustingthe bordersusingthe color texture features. The
approachis similar to thatof ACA,” andis illustratedin Fig. 7. The dottedline representshe real boundaryand the
solid line denoteghe boundarylocationin the currentiteration. For eachpixel in the image,we usea small window
to estimatethe pixel texture characteristicsi.e., a color featurevectorof the form (1), anda largerwindow to obtaina
localizedestimateof the region characteristicsFor eachtexture sggmentthatthe window overlaps,we obtaina separate
color featurevector thatis, we find the averagecolor and percentagdor eachof the dominantcolors. We thenusethe
OCCD criterion to decidewhich segmentthe currentpixel shouldbelongto. As in Ref. 7, an MRF-type constraintis
addedto insureregion smoothnessThis is repeatedor eachpixel in a rasterscan. A few iterationsare necessaryor
convergence. Theiterationsconverge whenthe numberof pixels that changeclassis belov a given threshold. We then
reducethe window sizesandrepeatthe procedure.We usea seriesof window pairsstartingfrom 35/5 and endingwith
11/3. Oneof theimportantdetailsin the above proceduras thateachof the candidateegionsin the largerwindow must
belargeenoughn orderto obtainareliableestimateof its textureattributes.Otherwisetheregionis notavalid candidate.
A reasonablehoicefor thethresholdor decidingwhetheraregion shouldbeavalid candidates to usetheproductof the
two window sizesdividedby 2. Therefinemenproceduras appliedto thewholeimageexceptthe smoothregions,where
aswe saw, the ACA providesaccuratesggmentation. The final sggmentatiorresultsareshavn in Fig. 5(e). Additional
segmentatiorresultsareshavn in Fig. 8.

Fig. 9 shavs the sggmentatiorresultsobtainedoy JSEG! a segmentatioralgorithmthatis alsobasedn textureand
color. We chose'no merge” option for the JISEGexamplesshovn. Thus,in comparingwith the resultsof the proposed
algorithmin Fig. 8, oneshouldkeepin mindthatthe JISEGimagesareoversgmentedit is fair to assumehatareasonable
region merging stepcould be applied. Thus,for example,thereareno significantdifferencesetweerthe two algorithms



Figure7. lllustrationof borderrefinement.

in the forestareaof example(a) or the waterareaof example(b). On the otherhand,therearesignificatdifferencesn
example(f) thatcannotbe eliminatedwith regionsmerging, e.g., aroundtheboator theboundarybetweerthe city andthe
forestatthetop of the picture. Similarly, therearesignificantdifferencesn the segmentatiorof thetrain andthetracksin
example(c). Finally, we shouldpoint out thatin examples(b) and(d), the color of the sky is too closeto the color of the
mountainsandcityscape.
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Figure 8. Image Segmentatiorbasedon SteerabldDecomposition.Edgesareimposedon original images. Original imagesdimmed
wherenecessarjor theedgeso bevisible. Parametersisedaretexturewindowv 17x17,3=0.1.
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Figure9. ImageSegmentatiorfrom JSEG!! Leastmemesettingused.



