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ABSTRACT

Weproposeanimagesegmentationalgorithmthatis basedonspa-
tially adaptive color and texture features. The featuresare first
developedindependently, andthencombinedto obtainanoverall
segmentation.Texture featureestimationrequiresa finite neigh-
borhoodwhich limits the spatialresolutionof texture segmenta-
tion, while color segmentationprovidesaccurateandpreciseedge
localization.We combinea previously proposedadaptive cluster-
ing algorithmfor color segmentationwith a simplebut effective
texturesegmentationapproachto obtainanoverall imagesegmen-
tation. Our focus is in the domainof photographicimageswith
anessentiallyunlimitedrangeof topics.Theimagesareassumed
to be of relatively low resolutionandmay be degradedor com-
pressed.

1. INTRODUCTION
Thefield of Content-BasedImageRetrieval (CBIR) hasmadesig-
nificantadvancesduringthepastdecade[1,2]. A numberof prac-
tical systemshavebeenproposed,andtheMPEG-7standardspec-
ifies descriptorsfor visualcontent[3]. Oneof themostchalleng-
ing problemsis imagesegmentation.While significantprogress
hasbeenmadein texturesegmentation(e.g., [4–7]) andcolorseg-
mentation(e.g., [8–10]) separately, thecombinedtextureandcolor
segmentationproblemis considerablymorechallenging[11–13].

In this paper, we proposean imagesegmentationalgorithm
thatis basedonspatiallyadaptivecolorandtexturefeatures.These
featuresarebasedon perceptualmodelsandprinciplesaboutthe
processingof textureandcolor information.Thecolorandtexture
featuresarefirst developedindependently, andthencombinedto
obtainanoverall segmentation.Oneof themostsignificantdiffer-
encesbetweenthecolorandtexturefeaturesis thattexturerequires
a finite neighborhoodto bedefined.This limits the resolutionof
texturesegmentation.Color segmentation,on theotherhand,can
provide very accurateandpreciseedgelocalization. To accom-
plish this goal, our color segmentationis basedon the adaptive
clusteringalgorithm[8]. For textureanalysis,we useanestimate
of theenergy of thecoefficientsof a waveletdecomposition[14].
Thekey to theproposedapproachis theuseof themedianoperator
for estimatingthe textureenergy in a window aroundeachpixel.
The advantageof themedianis that it respondsto texturewithin
uniform regions and suppressestexturesassociatedwith transi-
tions betweenregions. Finally, in order to combinethe texture
andcolor information,we startwith thetexturesegmentationand
usethecolorsegmentationto refineit.

Our focusis in the domainof photographicimages,but with
anessentiallyunlimitedrangeof topics(people,nature,buildings,
textures,objects,indoorscenes,etc.). Theimagesareassumedto
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beof relatively low resolution(e.g., �����	�
����� ) andoccasionally
degradedor compressed.An addedadvantageis thatimageaccess
andprocessingtimewill besignificantlyreduced.

Theimagesegmentationresultscanbeusedto derive region-
wide color andtexture features,which in turn, togetherwith the
segmentlocation,boundaryshape,andregionsize,canbeusedto
extractsemanticinformation.A key to thesuccessof theproposed
approachis the recognitionof the fact that it is not necessaryto
obtainacompleteunderstandingof agivenimage:In many cases,
it is enoughto identifyafew features(colorcomposition,presence
of key segmentssuchas“sky,” “mountains,”people,” etc.) to be
able to classify it in a given category [15]. Thus, someof the
regions will be classifiedas “complex” or “none of the above,”
andassuchwill still playasignificantrole in sceneanalysis.

In Section2, we discusscolor featureextraction. Our ap-
proachfor texturefeatureextractionis presentedin Section3. Sec-
tion 4 discussesthe combinationof texture andcolor featuresto
obtainanoverall segmentation.

2. COLOR FEATURE EXTRACTION

Color hasbeenusedextensively asa low-level featurefor image
retrieval [1,3]. Many of theexisting techniquesarebasedon the
color imagehistogram. Even thoughsuchtechniqueshave been
quite successfulin given settings,they have somenotableshort-
comings.First, thehistogramdoesnot incorporateany spatialin-
formation. Second,thecolor histogramis too finely quantizedin
color space,andhence,doesnot take into considerationthe fact
that thehumanvisual systemcanonly perceive a few colorsat a
time. The proposedapproachattemptsto obtain low-level color
featuresthatincorporateknowledgeof humanperception.

Oneof themostimportantcharacteristicsof humancolorper-
ceptionis that the humaneye cannotsimultaneouslyperceive a
largenumberof colors[16]. Moreover, thenumberof colorsthat
canbe internally representedandidentifiedin cognitive spaceis
about30 [17]. In additionto providing a very efficient represen-
tation, the compactsetof color categoriesalsomakesit easierto
captureinvariantpropertiesin objectappearance[18].

Ma et al. [11] werethefirst to proposeacompactcolor repre-
sentationin termsof dominantcolorsfor imagesegmentationand
retrieval. The representationthey proposedconsistsof the dom-
inant colors and the correspondingpercentageof occurrenceof
eachcolor: �
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whereeachof thedominantcolors, �%� , is a threedimensionalvec-
tor in RGB space,and�1� arethecorrespondingpercentages.

Thereareanumberof approachesfor extractingthedominant
colors.Oneapproachis to usevectorquantization(VQ) to obtain



a setof colorswhich minimize the mean-squarequantizationer-
ror for all the pixels of the imagesin a given database[11,16].
This requiresa large training set, which dramaticallyincreases
thecomputationalburdenfor thecodebookdesign.An alternative
techniquethatavoidsthis problemwasproposedby Mojsilovic et
al. [19]. Ratherthantrying to find a setof colorsthatis represen-
tative of all imagesor a particularimagedatabase,onecanobtain
the dominantcolorsof a given image. For example,onecanuse
VQ on a singleimage. While the resultingcolorsmaybe useful
in characterizingtheimageasawhole,theresultingsegmentation
could be quite inadequatedue to lack of spatialconstraintsand
spatialadaptation[8].

Theabovedominantcolorextractiontechniquesdependonthe
assumptionthatthecharacteristiccolorsof animagearerelatively
constant,i.e., they donotchangedueto variationsin illumination,
perspective,etc.This is truefor imagesof fabrics,carpets,interior
designpatterns,andotherpuretexturesthatweretheprimaryfocus
of thework presentedin [16]. Our focusof attention,however, is
onamoregeneralclassof imagesthatincludesoutdoorandindoor
scenes,including landscapes,cityscapes,plants,animals,people,
andman-madeobjects.To handlesuchimages,onehasto account
for colorandlighting variationsin thescene.

A relatively simpleandquiteeffective algorithmthatonecan
usefor obtainingthe dominantcolorsof an imagein this wider
classof imagesis the color segmentationalgorithmproposedby
ComaniciuandMeer [10]. It is basedon the “meanshift” algo-
rithm for estimatingdensitygradients,andessentiallyworkswith
the imagehistogram,even thoughit alsoattemptsto incorporate
spatialconstraintsby imposingconstraintson theconnectivity of
thedetectedregions.However, it doesnot take into consideration
that thecolorsin an image(andhencethe dominantcolors)may
beslowly varyingacrosstheimage.

Instead,we proposeto usespatially adaptive dominant col-
ors. This is necessitatedby the spatiallyvarying imagecharac-
teristicsandtheadaptive natureof thehumanvisualsystem.For
example,an observer’s notion of a blue or brown or greencolor
is highly dependenton thesurroundingcolors;moreover, it varies
with the lighting conditionsandthe colorsof the displaydevice.
The spatially adaptive dominantcolors can be obtainedby the
adaptiveclusteringalgorithm(ACA) proposedin [8] andextended
to color in [9]. The ACA is an iterative algorithmthat usesspa-
tial constraintsin the form of Markov randomfields (MRF). The
initial estimateis obtainedby the 2 -meansalgorithm,which es-
timatestheclustercenters(i.e., thedominantcolors)by averaging
the colorsof the pixels in eachclassover the whole image. As
thealgorithmprogresses,thedominantcolorsareupdatedby av-
eragingoveraslidingwindow whosesizeprogressively decreases.
Thus,thealgorithmstartswith globalestimatesandslowly adapts
to thelocalcharacteristicsof eachregion.

While the local color adaptationis not suitedfor comparing
whole images,we show that it significantlyimprovesimageseg-
mentation,as it virtually eliminatesfalsecontoursand provides
preciseboundarylocation. Moreover, in contrastto theotherap-
proaches,theACA is quite robust to thenumberof classes.This
is becausethecharacteristiclevelsof eachclassadaptto thelocal
characteristicsof theimage,andthus,regionsof entirelydifferent
intensitiescanbelongto thesameclass,aslong asthey aresepa-
ratedin space.Wefoundthatthebestchoiceis four classes[8].

Fig. 1 comparesthe Comaniciu-Meeralgorithm [10] (using
the“oversegmentation”settingfor determiningthenumberof dom-
inantcolors)to theACA. Theimageresolutionis 3�4�5	673�8%9 pix-

els. Note the falsecontoursin the Comaniciu-Meeralgorithmin
thewaterandthesky. Also, while therearecolor variationsin the
forestregion,thesegmentboundariesdonotappearto correspond
to any truecolorboundaries.TheACA ontheotherhand,smooths
over the water, sky, andforestregions,while capturingthe dom-
inant edgesof the scene.Note that the ACA wasdevelopedfor
imagesof objectswith smoothsurfacesandno texture. For some
texturedregions,like the mountainarea,the ACA over segments
the image,but the segmentsdo correspondto actualtexture de-
tails. Thus,we needsomeothermechanismto consolidatesuch
smallsegmentsinto regions.
Color Features: TheACA providesa segmentationof theimage
into classes.In the exampleof Fig. 1(c), eachpixel waspainted
with the averagecolor of the pixels in its neighborhoodthat be-
long to thesameclass[8]. Assumingthatthedominantcolorsare
slowly varying, we canassumethat they areapproximatelycon-
stantin the immediatevicinity of a pixel. Thus,we cancountthe
numberof pixelsin eachclasswithin agivenwindow, andaverage
their color valuesto obtaina featurevectorthatconsistsof a few
(up to four) dominantcolorsandtheassociatedpercentages.
Color Metric: Oncewe have a (spatiallyvarying) representation
of theform (1),weneedametricthatmeasurestheperceptualsim-
ilarity betweenthe featurevectors. Basedon humanperception,
the color compositionof two imagesor imagesegmentsis simi-
lar, if two conditionsaresatisfied[16,19]: Thecolorsaresimilar,
andthecorrespondingareapercentagesaresimilar. Thedefinition
of a metric that takesinto accountboth thecolor andareadiffer-
ences,dependson the mappingbetweenthe dominantcolorsof
thetwo images[19]. Varioussuboptimalsolutionshave beenpro-
posed[11,16]. Mojsilovic et al. [19] definedametricthatfindsthe
optimalmappingbetweenthedominantcolorsof the imagesand
call it the “optimal color compositiondistance(OCCD).” In gen-
eral, this metric requiresmorecomputationthansimplermetrics.
However, sincewe are primarily interestedin comparingimage
segmentsthat containonly a few colors(at mostfour), the addi-
tional overheadfor theOCCDis reasonable.Moreover, we usea
moreefficient implementation.

Theproposedcolorfeaturevectorandassociatedmetricincor-
porateknowledgeof the humanvisual characteristics.The most
importantnew elementof the proposedapproachis the fact that
the featurevectorconsistsof a small numberof spatiallyvarying
dominantcolors.Thisvariationreflectsthespatiallyvaryingimage
characteristicsandtheadaptivenatureof thehumanvisualsystem.

3. TEXTURE FEATURE EXTRACTION

In thissection,wetry to isolatethetextural featureextractionfrom
that of color. We thusconsideronly the grayscalecomponentof
the imageto obtainthetexturefeaturesthatcanbeusedto obtain
an intermediatesegmentation,which canthenbe combinedwith
the color featuresto producethe final segmentation. This is in
contrastto someotherapproaches[13,16] wherethecolor quan-
tization/segmentationis usedto obtainanachromaticpatternmap
which is thebasisfor texturefeatureextraction.

Like many of theexisting algorithmsfor textureanalysisand
synthesis(e.g., [6,20], our approachis basedon a multiscalefre-
quency decomposition.Suchdecompositionshave beenwidely
usedasdescriptionsof early visual processingin mammalsand
have alsobeenusedasthebasisfor textureclassificationandseg-
mentation(e.g., [21–23]).

While thetexturesynthesisproblemrequiresa precisemodel
in order to accuratelysynthesizea wide rangeof textures, the



(a)OriginalColor Image (b) Comaniciu-MeerAlgorithm (c) AdaptiveClusteringAlgorithm (ACA)

Fig. 1. Color ImageSegmentation(all imagesshown in color)

model for the segmentationproblemcanbe quite crude. More-
over, we want to capturesuchinformationfrom relatively small
images,e.g., :�;�;=<>:�;�; pixels,whichmayhave beencompressed
ordegraded.Thus,weexpectourtexturemodelsto bealot simpler
thanthoserequiredfor texturesynthesis.

Oneof the key ideasin the proposedapproachis that we do
not needto recognizeevery region in animage.Largeareasof an
imagemaybeclassifiedas“too complex,” or “non of theabove,”
andassuchplayarolein overall imageclassification.In thispaper,
weusesimpletexturefeaturesto obtainasegmentationin alimited
numberof textureclasses(“smooth,” “horizontal,” “vertical,” and
“complex”). In thenext section,we show that this simpletexture
classificationcanleadto impressive results.

For our textureanalysis,we usethe9/7 biorthogonalwavelet
decomposition[14] which is separableandcomputationallyeffi-
cient. Sincethe imagesarefairly small (approx. :�;�;?<@:�;�; pix-
els),weobtainaone-level waveletdecomposition,andusetheHL
andLH bands,whereH andL standfor the high-passand low-
passbandin eachof thehorizontalandverticalorientations.We
found thatdiscardingthe HH banddoesnot resultin any signifi-
cantlossof visualquality, andhenceit shouldnot be critical for
textureanalysis.Wealsotried thesteerablepyramid[24] but have
not foundany significantperformancedifferences.

The mostcommonlyusedfeaturefor texture analysisin the
wavelet domainis the energy of the subbandcoefficients [4, 5].
Sincethe coefficientsarequite sparse,it is necessaryto perform
sometype of window operationto obtaina moreuniform char-
acterizationof texture. In [4, 5], the averageof the energy of the
coefficientsin asmallwindow wasused.In [11,20] boththemean
andstandarddeviation of the magnitudeof the Gabortransform
coefficientswereusedastexture features. In this paper, we use
themedian of theenergy in a window. Theadvantageof theme-
dianis thatit tendsto filter out texturesassociatedwith transitions
betweenregions. In suchcases,the increasein wavelet coeffi-
cientsdueto the region boundaryis concentratedalongthe edge
andis notpickedupby themedianoperator. Extensiveexperimen-
tationwith theaverage,median,andmaximumoperatorsindicates
thattheaverageresultsin significantsmoothingandfalsetextures
alongthe region boundaries,while the maximumprovidesunre-
liable results. The medianleadsto significantlysuperiorresults.
The sizeof the window mustbe large enoughto capturethe lo-
cal texturecharacteristics,but not toolargeto avoid bordereffects.
Wefoundthatfor theimageresolutionandviewing distanceunder
consideration,a AB<>A window givesthebestresults.

Finally, we tried differentclusteringapproachesto obtainthe
(intermediate)texture segmentation. The simplestand most ef-
fective wasto apply two-level K-meansto eachof the horizontal
andverticalcomponentsseparately. Oneof theclustercenterswas
alwaysfixed at 0 (smoothtexture) andthe otherwasdetermined
by theK-meansalgorithm.Theaddedadvantageof this approach
is thatwe obtainfour textureclasseswith obviousinterpretations:
smoothtexture(0,0),verticaltexture(1,0),horizontaltexture(0,1),
andcomplex texture(1,1).Fig.2(c)showstheresults,with smooth
texture representedby black,verticalby light gray, horizontalby
darkgray, andcomplex by white. We alsoexperimentedwith VQ
(K-meansappliedto thevectorof thetwo coefficients),but found
very little differencein performancefor most images. The final
paperwill containa moreextensive comparisonof frequency de-
compositionsandclusteringalgorithms.

4. COMBINATION OF TEXTURE AND COLOR

We now discussthecombinationof thetextureandcolor segmen-
tationsto obtainthe final imagesegmentation.We startwith the
texturesegmentationandusethecolor segmentationto refineit.

First,weconsiderthe“smooth”textureregions.Werelyonthe
color segmentationto determineif they shouldbe further subdi-
videdinto segmentsof differentcolor. For eachconnectedsmooth
region,wefind all theconnectedsegmentsthatbelongto different
color classesandcomputetheaveragecolor of eachsegment.Re-
call that the ACA providesslowly varyingcolor. We thenmerge
the segmentswhosecolors are similar. The comparisonis per-
formedin Lab color space;thethresholdis setat 10%of thedis-
tancerange.For theremainingsegments,wecomputetheaverage
colordifferenceacrossthecommonborder, andmergethemif it is
below a giventhreshold.Finally, smallcolor regionsneighboring
non-smoothtextureregionsareconsideredin thenext step.

All the other textured regions (“horizontal,” “vertical,” and
“complex” regions,aswell small borderregionsfrom the previ-
ousstep)arethenconsideredtogether. Weapplyaregionmerging
algorithmbasedontwo texturefeatures:thegrayscaletextureclas-
sificationobtainedin the previous sectionandthe color features
presentedin Section2. The latter consistof the dominantcolors
andtheir frequenciescomputedin a :DC	<E:DC window. For each
pair of pixels,we computethecolor featuredifferenceaccording
to theOCCDcriteriondescribedin Section2, andmerge themif
it is below a giventhreshold.Thethresholdis higherif thepixels
belongto thesametextureclass,andlower if they belongto dif-
ferenttextureclasses.Resultsareshown in Fig. 2(d). Eachregion



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

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

Fig. 2. ColorandTextureImageSegmentation(a,b,d,e,fshown in color)

in thefigureis paintedwith its averagecolor.
Finally, we adjustthe segmentbordersusingcolor informa-

tion. That is, for eachpixel along the borderof the crudeseg-
mentation(Fig. 2(d), we comparethecolor providedby theACA
algorithmwith the averagecolor of the segmentin eithersideof
theborderandmove it to thesidewhoseaveragecolor it is closest
to. This simpleapproachworks very well, provided the average
colorsof thetwo adjacentregionsarequitedifferent. If theaver-
agecolorsof thetwo regionsareveryclose,thentheadjustmentis
notperformed.Thefinal resultis shown in Fig. 2(e)and(f).
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