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ABSTRACT
We developspatiallyadaptive, low-level, color andspatialtexture featuresbasedon perceptualprinciplesaboutthepro-
cessingof texture and color information. We thenproposean algorithmthat combinesthesefeaturesto obtain image
segmentationsthatconvey semanticinformationthatcanbeusedfor content-basedretrieval. Our focusis imagesof natu-
ral scenes.Thecolortexturefeaturesarebasedontheestimationof spatiallyadaptivedominantcolors,whichononehand,
reflectthe fact that thehumanvisual systemcannotsimultaneouslyperceive a largenumberof colors,andon theother,
the fact that imagecolorsarespatiallyvarying. The spatiallyadaptive dominantcolorsareobtainedusinga previously
developedadaptiveclusteringalgorithmfor color segmentation.Thespatialtexturefeaturesarebasedon a steerablefilter
decomposition,which offersanefficient andflexible approximationof earlyprocessingin thehumanvisualsystem.We
usethelocalenergy of thesubbandcoefficientsasasimplebut effectivecharacterizationof spatialtexture.A medianfilter
is usedto distinguishtheenergy dueto regionboundariesfrom theenergy of thetexturesthemselves.Texturefeatureesti-
mationrequiresafinite neighborhoodthatlimits spatialresolution,while colorsegmentationprovidesaccurateandprecise
edgelocalization.By combiningtexturewith color information,theproposedalgorithmcanobtainrobustsegmentations
thatareaccurateandprecise.Theperformanceof theproposedalgorithmis demonstratedin thedomainof photographic
images,includinglow resolution,degraded,andcompressedimages.

Keywords: Adaptive clusteringalgorithm, optimal color compositiondistance,steerabledecomposition,CBIR, local
medianenergy, spatiallyadaptivedominantcolors

1. INTRODUCTION

Therapidaccumulationof largecollectionsof digital imageshascreatedtheneedfor efficientandintelligentschemesfor
imageretrieval. Sincemanualannotationof large imagedatabasesis bothexpensive andtime consuming,it is desirable
to basesuchschemesdirectly on imagecontent. Indeed,the field of Content-BasedImageRetrieval (CBIR) hasmade
significantadvancesin recentyears.1,2 Oneof themostimportantandchallengingcomponentsof many CBIR systems
is scenesegmentation.This paperconsidersthe problemof imagesegmentationbasedon texture andcolor. Although
significantprogresshasbeenmadein texture segmentation(e.g., Refs.3–6) and color segmentation(e.g., Refs.7–9)
separately, theareaof combinedspatialtextureandcolorsegmentationproblemis still quiteopenandactive.10,11 Another
challengingaspectof imagesegmentationis the extractionof perceptuallyrelevant information. Sincehumansare the
ultimateusersof mostCBIR systems,it is importantto obtainsegmentationsthatcanbeusedto organizeimagecontents
semantically, accordingto categoriesthataremeaningfulto humans.

Currentalgorithmsfor low-level featureextraction,suchascolor, texture,andshapearequitesophisticatedandhave
metwith considerablesuccess.However, thereis still a largegapbetweenthe high-level semanticconceptsthathuman
beingsusefor imageretrieval andthelow-level imagefeaturesthatmostcurrentalgorithmsarebasedon. We attemptto
bridgethis gapby developingalgorithmsthatuselow-level featuresbasedon perceptualmodelsandprinciplesaboutthe
processingof texture andcolor information. Suchfeaturesandthe resultingsegmentationscanthenbe correlatedwith
high-level semanticsandusedto capturethesemanticmeaningof animage.We presentanimagesegmentationalgorithm
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that is basedon spatiallyadaptive color andspatialtexture features.An early versionof this algorithmhasappearedin
Ref.12. In thispaper, wereview thebasicelementsof thealgorithm,with emphasisonperceptualconsiderations.Wealso
proposeseveralimprovementsthatenhancetheperceptualaspectsof thealgorithm.

Thecolorandspatialtexturefeaturesarefirst developedindependently,andthencombinedto obtainanoverallsegmen-
tation.As wepointedout in Ref.12,texturefeatureestimationrequiresafinite neighborhoodthatlimits spatialresolution,
while colorsegmentationcanprovideaccurateandpreciseedgelocalization.By combiningtexturewith colorinformation,
theproposedalgorithmcanobtainrobust,andat thesametime,accurateandprecisesegmentations.Thecolor texturefea-
turesarebasedon theestimationof spatiallyadaptivedominantcolors,which ononehand,reflectthefactthatthehuman
visual systemcannotsimultaneouslyperceive a largenumberof colors,andon the other, the fact that imagecolorsare
spatiallyvarying.Thespatiallyadaptivedominantcolorsareobtainedusingtheadaptiveclusteringalgorithmfor segmen-
tationproposedby Pappas.7 The(spatial)texture featuresarebasedon a steerablefilter decomposition,which offersan
efficientandflexible approximationof earlyprocessingin thehumanvisualsystem.Weusethelocalenergyof thesubband
coefficientsasa simplebut effective characterizationof spatialtexture. A medianfilter is usedto distinguishtheenergy
dueto region boundariesfrom theenergy of thetexturesthemselves.As wasshown in Ref.12, medianoperatorstendto
respondto texturewithin uniformregionsandsuppresstexturesassociatedwith transitionsbetweenregions.In contrastto
textureanalysis/synthesistechniquesthatusea largenumberof parametersto describetexture,oursegmentationalgorithm
reliesononly a few parametersto segmenttheimageinto simpleyetmeaningfultexturecategories.

The proposedalgorithmincludesan elaborateborderrefinementprocedure,which extendsthe ideaof the adaptive
clusteringalgorithmusedfor thecolorsegmentation7 to color texture.In naturalimages,theintensity, color, andtextureof
a perceptuallyuniform regioncanchangegraduallybut significantlyfrom onesideof a region to theother. Theproposed
algorithmadaptsto suchvariationsby estimatingthecolor andtextureparametersover a hierarchyof window sizesthat
progressively decreasesasthealgorithmconvergesto thefinal segmentation.Overall, theproposedalgorithmprovidesa
robustsegmentationwith accurateandpreciseboundaries.

Theimagesegmentationresultscanbeusedto derive region-widecolor andtexturefeatures.Thesecanbecombined
with othersegmentinformation,suchaslocation,boundaryshape,andsize,in orderto extractsemanticinformation.Such
semanticinformationmaybeadequateto classifyanimagecorrectly, eventhoughoursegmentationresultsmaynotalways
necessarilycorrespondto semanticobjectsashumansmayrecognizethem.A key to thesuccessof theproposedapproach
is therecognitionof thefact that it is not necessaryto obtaina completeunderstandingof a givenimage:In many cases,
theidentificationof a few key segments(suchas“sky,” “mountains,” “people,” etc.) maybeenoughto classifytheimage
into agivencategory.13 Thus,someof theregionswill beclassifiedas“complex” or “noneof theabove,” andassuchwill
still playa significantrole in sceneanalysis.

Theperformanceof theproposedalgorithmis demonstratedin thedomainof photographicimages.It consistsof awide
varietyof images:outdoorandindoor scenes,including landscapes,cityscapes,plants,animals,people,andman-made
objects.A challengingaspectof our work is thatwe attemptto accomplishtheabove taskswith relatively low resolution
(e.g., 200 4 200)andoccasionallydegradedor compressedimages,justashumanscando it.

Thepaperis organizedasfollows. In Section2, we review thecolor texturefeatureextraction.Our new approachfor
spatialtexturefeatureextractionis presentedin Section3. Section4 discussestheproposedalgorithmfor combiningthe
textureandcolorfeaturesto obtainanoverallsegmentation.Segmentationresultsandcomparisonsto otherapproachesare
alsopresentedin Section4.

2. PERCEPTUAL COLOR TEXTURE FEATURES

Color hasbeenusedextensively asa low-level featurefor imageretrieval.1,14–16 In this section,we discusscolor texture
featuresthattake into accountbothimagecharacteristicsandhumanperception.

An importantcharacteristicof humancolor perceptionis that thehumaneye cannotsimultaneouslyperceive a large
numberof colors,17 even thoughunderappropriateadaptation,it candistinguishmore thantwo million colors.18 In
addition,thenumberof colorsthatcanbeinternallyrepresentedandidentifiedin cognitive spaceis about30.19 A small
setof color categoriesprovidesa very efficient representation,andmoreimportantly, makesit easierto captureinvariant
propertiesin objectappearance.20 Basedontheassumptionthatcolorcategoriesarerelatedto thestatisticalstructureof the
perceivedenvironment,Yendrikhovskij20 proposedalgorithms(e.g., K-meansclustering)for computingcolor categories.



Along similar lines, subjective experimentsreportedby Mojsilovic et al. in Ref. 21 indicatethat, whenpresentedwith
variouscolorpatterns,humansarenotableto perceivemorethansix or sevencolors.

The ideaof usinga compactcolor representationin termsof dominantcolorsfor imageanalysiswasintroducedby
Ma et al..22 Their argumentfor usingsucha representationwasbasedon the fact thatmostnaturalscenesrequireonly
a few colorsto describetheir color contentwithout significantlyaffectingcolor quality. Therepresentationthey proposed
consistsof thedominantcolors(expressedin RGB space)alongwith thepercentageof occurrenceof eachcolor. Mojsilovic
et al.21 adoptedthis representationusingan(approximately)perceptuallyuniform color space,suchasLab or Luv. It has
beenshown thatthequalityof imageretrieval algorithmscanbesubstantiallyimprovedby usingsuchcolorspaces.23

In Ref. 12 we introducedthe ideaof spatially adaptive dominant colors. This is necessarybecauseof the spatially
varyingimagecharacteristicsandtheadaptivenatureof thehumanvisualsystem.An observer’snotionof ablueor brown
or greencolor is highly dependentonthesurroundingcolors;moreover, it varieswith thelighting conditionsandthecolors
of thedisplaydevice. For example,a color vision studyfound thatcolor appearancedependsmoreon the local contrast
ratherthanabsolutecontrastvalue.24 Our color featurerepresentationconsistsof a limited numberof locally adapted
dominantcolorsandthecorrespondingpercentageof occurrenceof eachcolorwithin acertainneighborhood:

fc 5 x 6 y 6 Nx 7 y 8:9<;=5 ci 6 pi 8 6 i 9 1 6?>@>@>A6 M 6 pi B�C 0 6 1DFE (1)

whereeachof thedominantcolors,ci, is athreedimensionalvectorin Lab space,andpi arethecorrespondingpercentages.
Nx 7 y representstheneighborhoodaroundthepixel at location 5 x 6 y 8 andM is thetotalnumberof colorsin theneighborhood.
A typicalvalueis M 9 4. Thecolor featurevectorateachpixel is essentiallyacrude“local histogram”of theimage.

In additionto modelinghumanperceptionandimagecharacteristics,theuseof spatiallyadaptivedominantcolors,has
otheradvantagescomparedto dominantcolorsthatarefixedover an imageor a collectionof images.For example,one
mustfirst determinethe numberof dominantcolors. This numbermustbe big enoughto capturethe characteristicsof
the imageor collectionof images,andat the sametime, it shouldnot be too big in orderto maintaina concisefeature
representation.Oneapproachfor finding the dominantcolors is to usevectorquantization(VQ)25,26 to obtaina setof
colorsthat minimize the mean-squarequantizationerror acrossall imagesin the database.This approachwastaken in
Refs.17,22. However, it requiresa largetrainingset,which increasesthecomputationalburdenfor thecodebookdesign.
To overcomethis problem,Mojsilovic et al.27 proposeda technique,basedon Fibonaccilattices,that providesuniform
samplingof thechromaticityplanesin Lab space.An alternativeapproachis to find thedominantcolorsof a givenimage
(e.g., using VQ). While the resultingcolors may be useful in characterizingthe imageas a whole, the corresponding
segmentationcouldbequiteinadequatedueto lack of spatialconstraintsandspatialadaptation.7 Theadvantageof using
the spatially adaptive dominantcolors is that we only needto specify the numberof dominantcolors within a given
neighborhood.We foundthatasmallnumber, e.g., four, is adequate.Thegradualcoloradaptationmakesit possibleto use
onecolor classto representa wide rangeof similar colors,providedthat they vary graduallyover theimage.In addition,
aswemoveto anotherpartof theimage,thesamecolor classcanbeusedto representanentirelydifferentcolor.

Thespatiallyadaptivedominantcolorsareobtainedby theadaptiveclusteringalgorithm(ACA) proposedin Ref.7 and
extendedto color in Ref.8. TheACA is aniterative algorithmthatusesspatialconstraintsin theform of Markov random
fields(MRF). Theinitial estimateis obtainedby theK-meansalgorithm,28,29 whichestimatestheclustercenters(i.e., the
dominantcolors)by averagingthecolorsof thepixelsin eachclassover thewholeimage.(TheK-meansalgorithmis the
sameastheVQ techniquesdiscussedabove.) As thealgorithmprogresses,thedominantcolorsareupdatedby averaging
over a sliding window whosesizeprogressively decreases.Thus, the algorithmstartswith global estimatesandslowly
adaptsto thelocal characteristicsof eachregion.

Fig. 1 comparesthe adaptive dominantcolors obtainedby ACA7 to the constantdominantcolors obtainedby the
Comaniciu-Meeralgorithm.9 Thelatteris arelativelysimpleandquiteeffectivealgorithmthathasbeenusedfor obtaining
thedominantcolorsof animage.It is basedonthe“meanshift” algorithmfor estimatingdensitygradients,andessentially
works with the imagehistogram,even thoughit alsoattemptsto incorporatespatialconstraintsby imposingconstraints
on theconnectivity of thedetectedregions. However, like theotherapproacheswe discussedabove, it doesnot take into
considerationthefactthatthedominantcolorsmaybeslowly varyingacrosstheimage.Theimageresolutionis 250 4 214
pixels. Theexamplesfor theComaniciu-Meeralgorithmweregeneratedusingthe“oversegmentation”setting.Note the
falsecontoursin theComaniciu-Meeralgorithmin thewaterandthesky. Also, while therearecolorvariationsin theforest
region, the segmentboundariesdo not appearto correspondto any true color boundaries.The ACA on the otherhand,



(a)Originalcolor image (b) Comaniciu-Meeralgorithm (c) Adaptiveclusteringalgorithm(ACA)

Figure 1. Color imagesegmentation(shown in color)

smoothesover thewater, sky, andforestregions,while capturingthedominantedgesof thescene.NotethattheACA was
developedfor imagesof objectswith smoothsurfacesandnotexture.Thus,in texturedregions,like themountainarea,the
ACA oversegmentstheimage,while in otherareas,like theforestit consolidateseverythinginto oneregion. Thisdepends
on thesizeof thefeaturesandthecolordifferences,andis controlledby thestrengthof theMRF. Thelattercanbechosen
to controltheamountof detailthatis perceptuallyrelevant.

TheACA segmentstheimageinto color classes.At every pixel in theimage,eachclassis representedby a color that
is equalto theaveragecolorof thepixelsin its neighborhoodthatbelongto thatclass.7 In theexampleof Fig. 1(c),each
pixel is paintedwith therepresentativecolor of theclassthat it belongsto. Assumingthatthedominantcolorsareslowly
varying,we canassumethat they areapproximatelyconstantin the immediatevicinity of a pixel. We canthencountthe
numberof pixels in eachclasswithin a givenwindow, which togetherwith theaveragecolor values,providesthecolor
featurerepresentationof theform (1) for thepixel.

TheACA providesa color featurevectorfor eachimagepixel. In Section4, we will usethesefeatures,alongwith
texture featureswe develop in the next section,to obtainthe final imagesegmentation.For that we needa metric that
measurestheperceptualsimilarity betweentwo color featurevectors.Basedon humanperception,thecolor composition
of two images(or imagesegments)will besimilar, if thecolorsaresimilarandthetotal areasthateachcoloroccupiesare
similar.17,27 Thedefinitionof ametricthattakesinto accountboththecolorandareadifferences,dependsonthemapping
betweenthedominantcolorsof thetwo images.27 Varioussuboptimalsolutionshave beenproposed.17,22 Mojsilovic et
al.27 proposedtheOptimal Color Composition Distance (OCCD), whichfindstheoptimalmappingbetweenthedominant
colorsof two images,andthus,providesa bettersimilarity measure.TheOCCDovercomesthe(significant)problemsof
theothermetrics,but in general,requiresmorecomputation.However, sinceweareprimarily interestedin comparingim-
agesegmentsthatcontainonly afew colors(atmostfour), theadditionaloverheadfor theOCCDis reasonable.Moreover,
we introducean efficient implementationof OCCD for the problemat handthat producesa closeapproximationof the
optimalsolution.

Thepseudocodefor theproposedOCCDimplementationalongwith anillustrative exampleareshown in Figs.2 and
3. Note that even thoughthis implementationis not guaranteedto result in the optimal mapping,in practice,given the
small numberof classes,it producesexcellentresults.On theotherhand,it avoids the quantizationerror introducedby
original OCCD,andthus,canbeevenmoreaccuratethantheoriginal implementation.Oncethecolor correspondences
areestablished,theOCCDdistanceis thencalculatedasfollows:

Dist 5 f 1
c 6 f 2

c 8:9
M
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wherec1
i , c2

i , andpi arethematchedcolorsandcorrespondingpercentageaftertheprocedureoutlinesin Fig. 2.



1. Giventwo color featurevectorsf 1
c and f 2

c , createastackof tokens(colorsandcorrespondingpercentages)
for eachfeaturevector, asshown in Fig. 3. Createanemptydestinationstackfor eachvector.

2. Selectapairof tokens 5 ca 6 pa 8 and 5 cb 6 pb 8 , onefrom eachfeaturevector, whosecolorsareclosest,regard-
lessof percentages.

3. Move the tokenwith the lowestpercentage(e.g., 5 ca 6 pa 8 ) to the destinationstack. Split the othertoken
into 5 cb 6 pa 8 and 5 cb 6 pb J pa 8 , andmovethefirst to thecorrespondingdestinationstack.

4. Repeatabovestepswith theremainingcolors,until theinitial stacksareempty.

Figure 2. Stepsof thesimplifiedversionof OCCD

Figure 3. Exampleof thesimplifiedversionof OCCD

3. PERCEPTUAL FEATURES FOR SPATIAL TEXTURE

As wediscussedin theintroduction,thecolorandspatialtexturefeaturesaredevelopedindependently. Thus,weuseonly
the grayscalecomponentof the imageto obtainthe spatialtexture features,basedon which we obtainan intermediate
segmentation,which is thencombinedwith thecolor texturefeaturesto producethefinal segmentation.This is in contrast
to the approachesdescribedin Refs.11,17, wherethe color quantization/segmentationis usedto obtainan achromatic
patternmapwhichbecomesthebasisfor texturefeatureextraction.

From the signalprocessingperspective, the most significantdifferencebetweencolor and texture is that the latter
requiresa finite neighborhoodto bedefined.In additionto theincreasedcomputationalburden,this limits theresolution
of texture segmentation.As we saw in the previous section,the ACA algorithmcanprovide very accurateandprecise
edgelocalization.A texturesegmentationalgorithm,on theotherhand,requiresneighborhoodoperationswhich make it
difficult to definetexturenearregionboundaries.

Like many of theexisting algorithmsfor textureanalysisandsynthesis(e.g., Refs.5,6,30,31), our approachis based
on a multiscalefrequency decomposition.Suchdecompositionshave beenwidely usedasdescriptionsof early visual
processingin mammals.They havealsobeenusedin a numberof applications,suchastextureclassificationandsegmen-
tation,31–38 textureanalysis/synthesis,36,38–44 aswell asimagequality evaluation.45 Examplesof suchdecompositions
arethe Cortex transform46 andthe Gabortransform.35,36 The steerablepyramid decomposition47–49 is very similar in
spirit to the cortex transform,but offers moreefficiency andflexibility . It can be designedto produceany numberof
orientationbandsandit is steerable,i.e., a filter of arbitraryorientationcanbesynthesizedasa linear combinationof a



(a)2-level decomposition
horizontalbandsof scale2 shown in gray.

(b) 1-level decomposition
horizontalbandsof scale1 shown in gray.

Figure 4. SteerableFilter Decomposition.

setof basisfilters. It is thusideally suitedfor theproblemof textureanalysis.On theotherhand,in imagecompression
applications,perceptualmodelshave beenmostlybasedon simplerseparablesubbandandwaveletdecompositions.50–56

Thesedecompositionscanberegardedascrudeapproximationsof thecortex transform.Oneof their drawbacks,asfar as
textureanalysisis concerned,is thatthey cannotseparatethetwo diagonaldirections.

In contrastto the texturesynthesisproblemthat requiresanelaboratemodelin orderto accuratelysynthesizea wide
rangeof textures,the model for the segmentationproblemcanbe quite crude. Thereare two fundamentaldifferences
thatdistinguishthesegmentationproblemfrom thatof textureanalysis/synthesis.First, in textureanalysis/synthesisthey
considerisolatedtextures,andthus,donothaveto worry abouttheresolutionlossduetheneighborhoodoperationsneces-
saryfor texturedefinition.Second,they work with relatively high resolutionimageswhichallow thepreciseestimationof
textureparameters.In contrast,we wantto identify texturesin thumbnailimageswhich contain,not only one,but several
textures.Thus,by necessity, our texturemodelshave to bea lot simpler, sothatwecandeterminetheir parametersfrom a
few samplepoints.Of course,weknow thatthesolutionto thisproblemis possible,becausethehumanvisualsystemcan
do it.

As we discussedabove, thesteerablefilter decompositionoffersanefficient andflexible approximationof earlypro-
cessingin thehumanvisualsystem.Thus,our spatialtexturefeatureextractionis basedon thesteerablepyramid. Fig. 4
showsexamplesof frequency decompositionsthatcanbeobtainedby thesteerablepyramid.

Oneof themostcommonlyusedfeaturesfor textureanalysisin thecontext of multiscalefrequency decompositionsis
theenergy of thesubbandcoefficients.3,57 Variousnonlinearoperationshave beenusedto boostup thesparsesubband
coefficients.ChangandKundu3,57 usedtheaverageof coefficients’energywith in asmallwindow. ManjunathandMa22,31

usedboth the meanandthe standarddeviation of the magnitudeof the Gabortransformsubbandcoefficientsastexture
features.Weproposeusingthemedian local energy of theorientedfilter outputs.Thisenergy is computedby first squaring
the subbandcoefficientsandthentaking the medianover a small window. The advantageof the medianfilter is that it
suppressestexturesassociatedwith transitionsbetweenregions,while it respondsto texturewithin uniformregions.12 The
useof medianlocalenergy asanonlinearoperationalsoagreeswith GrahamandSutter’sconclusion58–60thatnonlinearity
operatorin texturesegregationmusthaveaccelerating/expansivenature.

We usea steerablefilter decomposition49 with four orientationbands(horizontal,vertical, K 45o, J 45o) asshown in
Fig. 4. Most researchershave usedfour to six orientationbandsto approximatetheorientationselectivity of thehuman
visual system(e.g., Refs.46,61). Sincethe imagesarefairly small, we found that a one-level decomposition(lowpass
band,four orientationbands,andhighpassresidue,asshown in Fig. 4 (b)) is adequate.Out of those,weonly usethefour
orientationbands.Thefilters areappliedto thegrayscalecomponentof theoriginal image,andthemedianlocal energy
is computedfor eachsubband,followedby a 2-level K-meansalgorithm. This providesa classificationinto smooth and
non-smooth regionsasfollows. If a pixel belongsto thelow-energy clusterin all subbands,thenit belongsto thesmooth
class,otherwiseit is classifiedasnon-smooth.Thenon-smoothpixelsarethenfurtherclassifiedinto differentorientation
classes,by comparingthefirst andsecondmaximaamongthe four subbandcoefficients. If thefirst andsecondmaxima
arenot close,thenthe orientationis determinedby the first maximum. Otherwise,the pixel is classifiedascomplex, as



(a)OriginalColor Image (b) ColorSegmentation(ACA) (c) TextureSegmentation

(d) CrudeSegmentation (e)FinalSegmentation (f) FinalSegmentation(onoriginal image)

Figure 5. ColorandTextureImageSegmentation(a,b,d,e,fshown in color)

thereis nodominantorientation.Thus,wecanhaveupto six classes.Fig. 5 (c) showsanexampleof sucha classification.
Theblackareascorrespondto smoothregionsandthewhiteareascorrespondto complex regions.Differentshadesof gray
(from light to dark) representthe horizontal, J 45o, K 45o, andvertical regions. We alsoexperimentedwith thediscrete
waveletdecomposition(DWT),12 usinga similar classificationprocedure,andfoundthatthesteerablepyramidproduces
superiorresults.

In thetextureclassesextractionprocedure,wefoundthatthewindow sizefor medianoperatoris of critical importance.
Thewindow sizemustbelargeenoughto capturethelocal texturecharacteristics,but not too largeto avoid bordereffects.
Our experimentsindicatethatwindow sizesin the rangeof 17 4 17 to 25 4 25 pixelsaresuitablefor the steerablefilter
decomposition.A morecarefulwindow sizedeterminationshouldbebasedon carefulsubjectiveexperiments.Notealso,
thatthewindow sizedependson thespecificdecomposition,aswe foundthat theDWT requiressmallerwindow sizes.12

That’sbecausetheDWT is downsampledwhile thesteerablesubbandsthatweusedonot involveany downsampling.The
window sizeis alsorelatedto theextentof theanalysisfilters.

4. SEGMENTATION ALGORITHM

Wenow consideranalgorithmthatcombinesthecolorandspatialtexturefeaturestoobtaintheoverallimagesegmentation.
It startswith thetextureclassificationwediscussedin theprevioussectionandusesthecolor texturefeaturesto refineit.

First,we considerthesmoothtextureregions.As we discussedin Section2, theACA wasdevelopedfor imageswith
smoothregions. Thus,in thoseregions,we shouldrely on the ACA for the final segmentation.However, someregion
mergingmaybenecessary. Thus,in thesmoothregions,we find all theconnectedsegmentsthatbelongto differentcolor
classes,andthenmergeneighboringsegmentsif theaveragecolor differenceacrossthecommonborderis below a given
threshold. Finally, any remainingsmall color segmentsthat arecloseto non-smoothtexture regions, are relabeledas
non-smooth,sothatthey canbeconsideredin thenext step.

For all othertexture classes(horizontal,vertical, K 45o, J 45o, andcomplex), we usea region growing algorithmto
obtainacrude segmentation.We useamulti-grid approach.Westartwith pixelslocatedonacoarsegrid, andcomputethe
color featureswith awindow sizeequalto twicethegrid spacing,i.e. with a50%window overlap.A pairof pixelsbelong
to thesameregion if thecolor featuresaresimilar in theOCCDsense.The thresholdis higherfor pixels thatbelongto
thesametextureclass(i.e., easierto merge),andlower for pixelsin differenttextureclasses.In addition,we incorporate



Figure 6. Illustratingthenecessityof spatialconstraints.Top row shows crudesegmentationsandbottomrow arefinal segmentations.
Fromleft to right β L 0 MON 1 MON 8

MRF-typespatialconstraintsin thefeaturedistancemeasure.That is, a pixel is morelikely to belongto a region if many
of its neighborsbelongto thesameregion. Thefeaturedistancemeasureof (2) now becomes:

Dist 5 f 1
c 6 f 2

c 8P9
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Dist 5 c1
i 6 c2

i 8=H pi K βNi (3)

whereβ representsthestrengthof thespatialconstraintandNi representsthenumberof neighboringpixelswith thesame
labelastheonebeingchecked. SincetheMRF constraintis symmetric,it is necessaryto iteratea few timesfor a given
grid spacing.Thegrid spacingis thenreduced,andtheprocedureis repeateduntil thespacingis equalto onepixel. Fig. 5
(d) showsanexampleof theresultingcrudesegmentation.In this figure,aswell asFig. 5 (e), thedifferentsegmentshave
beenpaintedby the averagecolor of the region. Fig. 6 shows examplesof crudesegmentationsobtainedwith different
valuesof theparameterβ. Notethatin thiscase,wehavesuperimposedtheregionboundarieson theoriginal image.

Finally, we refinethe crudesegmentationby adaptively adjustingthe bordersusingthe color texture features.The
approachis similar to that of ACA,7 andis illustratedin Fig. 7. The dottedline representsthe real boundaryandthe
solid line denotesthe boundarylocation in the currentiteration. For eachpixel in the image,we usea small window
to estimatethe pixel texture characteristics,i.e., a color featurevectorof the form (1), anda largerwindow to obtaina
localizedestimateof theregion characteristics.For eachtexturesegmentthat thewindow overlaps,we obtaina separate
color featurevector, that is, we find the averagecolor andpercentagefor eachof thedominantcolors. We thenusethe
OCCD criterion to decidewhich segmentthe currentpixel shouldbelongto. As in Ref. 7, an MRF-typeconstraintis
addedto insureregion smoothness.This is repeatedfor eachpixel in a rasterscan. A few iterationsarenecessaryfor
convergence.The iterationsconvergewhenthenumberof pixels thatchangeclassis below a given threshold.We then
reducethewindow sizesandrepeattheprocedure.We usea seriesof window pairsstartingfrom 35/5andendingwith
11/3. Oneof theimportantdetailsin theaboveprocedureis thateachof thecandidateregionsin thelargerwindow must
belargeenoughin orderto obtainareliableestimateof its textureattributes.Otherwise,theregionis notavalid candidate.
A reasonablechoicefor thethresholdfor decidingwhethera regionshouldbeavalid candidateis to usetheproductof the
two window sizesdividedby 2. Therefinementprocedureis appliedto thewholeimageexceptthesmoothregions,where
aswe saw, the ACA providesaccuratesegmentation.The final segmentationresultsareshown in Fig. 5(e). Additional
segmentationresultsareshown in Fig. 8.

Fig. 9 shows thesegmentationresultsobtainedby JSEG,11 a segmentationalgorithmthatis alsobasedon textureand
color. We chose“no merge” option for theJSEGexamplesshown. Thus,in comparingwith the resultsof theproposed
algorithmin Fig.8, oneshouldkeepin mindthattheJSEGimagesareoversegmented.It is fair to assumethatareasonable
region mergingstepcouldbeapplied.Thus,for example,thereareno significantdifferencesbetweenthetwo algorithms



Figure 7. Illustrationof borderrefinement.

in the forestareaof example(a) or thewaterareaof example(b). On the otherhand,therearesignificatdifferencesin
example(f) thatcannotbeeliminatedwith regionsmerging,e.g., aroundtheboator theboundarybetweenthecity andthe
forestat thetop of thepicture.Similarly, therearesignificantdifferencesin thesegmentationof thetrainandthetracksin
example(c). Finally, we shouldpoint out that in examples(b) and(d), thecolor of thesky is too closeto thecolor of the
mountainsandcityscape.
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Figure 8. ImageSegmentationbasedon SteerableDecomposition.Edgesareimposedon original images.Original imagesdimmed
wherenecessaryfor theedgesto bevisible. Parametersusedaretexturewindow 17x17,β=0.1.
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Figure 9. ImageSegmentationfrom JSEG.11 Leastmergesettingused.


