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ABSTRACT

We proposeanimageseggmentatioralgorithmthatis basednspa-
tially adaptve color and texture features. The featuresare first
developedindependentlyandthencombinedto obtainan overall
se@gmentation. Texture featureestimationrequiresa finite neigh-
borhoodwhich limits the spatialresolutionof texture segmenta-
tion, while color segmentatiomrovidesaccurateandpreciseedge
localization. We combinea previously proposecdadaptve cluster
ing algorithmfor color sggmentationwith a simple but effective
texture sggmentatiorapproacho obtainanoverallimagesegmen-
tation. Our focusis in the domainof photographidmageswith
anessentiallyunlimitedrangeof topics. Theimagesareassumed
to be of relatively low resolutionand may be degradedor com-
pressed.
1. INTRODUCTION

Thefield of Content-BasetmageRetrieval (CBIR) hasmadesig-
nificantadvancesduringthe pastdecadd1, 2]. A numberof prac-
tical systemsave beenproposedandthe MPEG-7standardspec-
ifies descriptordor visual content[3]. Oneof the mostchalleng-
ing problemsis image segmentation. While significantprogress
hasbeenmadein texture sggmentation(e.g., [4—7]) andcolor sey-
mentation(e.g., [8-10]) separatelythecombinedextureandcolor
segmentatiorproblemis considerablynorechallenging11-13].

We proposeanimageseggmentatioralgorithmthatis basedn
spatially adaptve color and texture features. Thesefeaturesare
basedon perceptuaimodelsand principlesaboutthe processing
of texture and color information. The color andtexture features
arefirst developedindependentlyandthencombinedto obtainan
overall sggmentation.One of the mostsignificantdifferencede-
tweenthe color andtexturefeaturess thattexturerequiresafinite
neighborhoodo be defined. This limits the resolutionof texture
segmentation Color segmentationpnthe otherhand,canprovide
very accurateand preciseedgelocalization. To accomplishthis
goal,our color sggmentatioris basentheadaptve clusteringal-
gorithm[8]. For textureanalysiswe useanestimateof theenegy
of thecoeficientsof awaveletdecompositioril4]. Thekey to the
proposedapproachs the useof the medianoperatorfor estimat-
ing thetextureenegy in awindow aroundeachpixel. Theadwan-
tageof the medianis thatit respondgo texturewithin uniformre-
gionsandsuppressetxturesassociatedvith transitionsbetween
regions. Finally, in orderto combinethe texture and color infor-
mation, we startwith the texture segmentationandusethe color
segmentatiorto refineit.

Our focusis in the domainof photographidmages but with
anessentiallyunlimitedrangeof topics(people nature buildings,
textures,objects,indoorscenesetc.). Theimagesareassumedo
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be of relatively low resolution(e.g., 200 x 200) andoccasionally
degradedor compressed.This hasthe additionaladwantagethat
imageaccessndprocessingime is significantlyreduced.

Theimagesggmentatiorresultscanbe usedto derive region-
wide color andtexture featureswhich in turn, togetherwith the
segmentlocation,boundaryshapeandregion size,canbe usedto
extractsemantidnformation.A key to thesuccessf theproposed
approachis the recognitionof the factthatit is not necessaryo
obtaina completeunderstandingf a givenimage:In mary cases,
it is enoughto identify afew featuregcolor compositionpresence
of key segmentssuchas“sky,” “mountains,”’people’ etc.) to be
ableto classifyit in a given categyory [15]. Thus, someof the
regions will be classifiedas “complex” or “none of the above;
andassuchwill still play a significantrolein sceneanalysis.

In Section2, we discusscolor featureextraction. Our ap-
proachfor texturefeatureextractionis presenteéh Section3. Sec-
tion 4 discusseshe combinationof texture and color featuresto
obtainanoverall sggmentation.

2. COLOR FEATURE EXTRACTION

Color hasbeenusedextensiely asa low-level featurefor image
retrieval [1, 3]. Mary of the existing techniquesare basedon the
color imagehistogram. Even thoughsuchtechniqueshave been
quite successfuln given settings,they have somenotableshort-
comings.First, the histogramdoesnot incorporateary spatialin-

formation. Secondthe color histogramis too finely quantizedn

color spaceand hence,doesnot take into consideratiorthe fact
thatthe humanvisual systemcanonly perceve a few colorsat a
time. The proposedapproachattemptsto obtainlow-level color
featureghatincorporateknowledgeof humanperception.

Oneof themostimportantcharacteristicef humancolor per
ceptionis that the humaneye cannotsimultaneouslyperceve a
large numberof colors[16]. Moreover, the numberof colorsthat
canbe internally represente@ndidentifiedin cognitive spaceis
about30[17]. In additionto providing a very efficient represen-
tation, the compactsetof color catgoriesalsomalesit easierto
capturenvariantpropertiesn objectappearancfl8].

Ma et al. [11] werethefirst to proposea compactolor repre-
sentatiorin termsof dominantcolorsfor imagesegmentatiorand
retrieval. The representatiomhey proposedconsistsof the dom-
inant colors and the correspondingpercentagef occurrenceof
eachcolor:

fC :{(Ciapi)zi:]-:"- 7N’pi 6[0’1]} (1)

whereeachof thedominantcolors,¢;, is athreedimensionalec-

tor in RGB spaceandp; arethecorrespondingercentages.
Thereareanumberof approachefor extractingthedominant

colors. Oneapproachs to usevectorquantization(VQ) to obtain



a setof colorswhich minimize the mean-squarguantizatiorer-
ror for all the pixels of the imagesin a given databasd11, 16].
This requiresa large training set, which dramaticallyincreases
the computationaburdenfor thecodebooldesign.An alternatve
techniquethatavoidsthis problemwasproposedy Mojsilovic et
al. [19]. Ratherthantrying to find a setof colorsthatis represen-
tative of all imagesor a particularimagedatabasepnecanobtain
the dominantcolorsof a givenimage. For example,onecanuse
VQ on asingleimage. While the resultingcolorsmay be useful
in characterizingheimageasawhole,theresultingseggmentation
could be quite inadequatedue to lack of spatialconstraintsand
spatialadaptatiori8].

Theabore dominantcolorextractiontechniquesiependnthe
assumptiornthatthe characteristicolorsof animagearerelatively
constantj.e,, they do notchangedueto variationsin illumination,
perspectie, etc. Thisis truefor imagesof fabrics,carpetsinterior
designpatternsandotherpuretexturesthatweretheprimaryfocus
of the work presentedn [16]. The classof imagesthatthatwe
areconsideringhowever, is moregenerabndincludesindoorand
outdoorscenessuchas landscapesgityscapesplants,animals,
people andman-madebjects.To handlesuchimagespnehasto
accounffor colorandlighting variationsin thescene.

A relatively simpleandquite effective algorithmthatonecan
usefor obtainingthe dominantcolors of animagein this wider
classof imagesis the color sgmentationalgorithm proposedoy
ComaniciuandMeer[10]. It is basedon the “meanshift” algo-
rithm for estimatingdensitygradientsandessentiallyworks with
the imagehistogram even thoughit alsoattemptsto incorporate
spatialconstraintdy imposingconstraintsn the connectiity of
the detectedegions. However, it doesnot take into consideration
thatthe colorsin animage(andhencethe dominantcolors) may
beslowly varyingacrosgheimage.

Insteadwe proposeo usespatially adaptive dominant col-
ors. This is necessitatethy the spatially varying image charac-
teristicsandthe adaptve natureof the humanvisual system. For
example,an obserer’s notion of a blue or brovn or greencolor
is highly dependenon the surroundingcolors; moreaer, it varies
with the lighting conditionsandthe colorsof the display device.
The spatially adaptve dominantcolors can be obtainedby the
adaptve clusteringalgorithm(ACA) proposedn [8] andextended
to colorin [9]. The ACA is aniterative algorithmthat usesspa-
tial constraintsn the form of Markov randomfields (MRF). The
initial estimateis obtainedby the K-meansalgorithm,which es-
timatesthe clustercenterqi.e., thedominantcolors)by averaging
the colors of the pixels in eachclassover the whole image. As
the algorithmprogresseshe dominantcolorsareupdatedby av-

eragingover aslidingwindow whosesizeprogressiely decreases.

Thus,thealgorithmstartswith globalestimatesandslowly adapts
to thelocal characteristicef eachregion.

While the local color adaptatioris not suitedfor comparing
wholeimageswe shav thatit significantlyimprovesimagesey-
mentation,asit virtually eliminatesfalse contoursand provides
preciseboundarylocation. Moreover, in contrastto the otherap-
proachesthe ACA is quite robustto the numberof classes.This
is becausehe characteristidevels of eachclassadaptto thelocal
characteristicef theimage,andthus,regionsof entirely different
intensitiescanbelongto the sameclass,aslong asthey aresepa-
ratedin spaceWe foundthatthebestchoiceis four classe$8].

Fig. 1 compareshe Comaniciu-Meeralgorithm[10] (using
the"overs@mentation’settingfor determininghenumberf dom-
inantcolors)to the ACA. Theimageresolutionis 250 x 214 pix-

els. Note the falsecontoursin the Comaniciu-Meemlgorithmin
thewaterandthesky. Also, while therearecolor variationsin the
forestregion, the sggmentboundarieslo notappeato correspond
to ary truecolorboundariesThe ACA ontheotherhand,smooths
over the water sky, andforestregions, while capturingthe dom-
inant edgesof the scene. Note thatthe ACA was developedfor
imagesof objectswith smoothsurfacesandno texture. For some
texturedregions, like the mountainarea,the ACA over segments
the image, but the sggmentsdo correspondo actualtexture de-
tails. Thus,we needsomeothermechanisnto consolidatesuch
smallsegmentsinto regions.
Color Features: The ACA providesa segmentationof theimage
into classes.In the exampleof Fig. 1(c), eachpixel was painted
with the averagecolor of the pixelsin its neighborhoodhat be-
long to the sameclass[8]. Assumingthatthedominantcolorsare
slowly varying, we canassumehat they are approximatelycon-
stantin theimmediatevicinity of a pixel. Thus,we cancountthe
numberof pixelsin eachclasswithin agivenwindow, andaverage
their color valuesto obtaina featurevectorthat consistsof a few
(upto four) dominantcolorsandthe associategiercentages.
Color Metric: Oncewe have a (spatiallyvarying) representation
of theform (1), we needametricthatmeasuretheperceptuasim-
ilarity betweenthe featurevectors. Basedon humanperception,
the color compositionof two imagesor imagesegmentsis simi-
lar, if two conditionsaresatisfied16,19]: Thecolorsaresimilar,
andthe correspondingreapercentagearesimilar. Thedefinition
of a metricthattakesinto accountboth the color andareadiffer-
ences,dependson the mappingbetweenthe dominantcolors of
thetwo imageq19]. Varioussuboptimakolutionshave beenpro-
posed11,16]. Mojsilovic et al. [19] definedametricthatfindsthe
optimal mappingbetweernthe dominantcolorsof theimagesand
call it the “optimal color compositiondistance(OCCD)” In gen-
eral, this metricrequiresmore computatiorthansimplermetrics.
However, sincewe are primarily interestedn comparingimage
segmentsthat containonly a few colors (at mostfour), the addi-
tional overheador the OCCD s reasonableMoreover, we usea
moreefficientimplementatiorthanthe onedescribedn [19].
Theproposeaolorfeaturevectorandassociatethetricincor
porateknowledgeof the humanvisual characteristics.The most
importantnew elementof the proposedapproachis the fact that
the featurevectorconsistsof a small numberof spatiallyvarying
dominantolors. Thisvariationreflectshespatiallyvaryingimage
characteristicandtheadaptve natureof thehumanvisualsystem.

3. TEXTURE FEATURE EXTRACTION

In thissectionwetry to isolatethetextural featureextractionfrom
that of color. We thusconsideronly the grayscalecomponenbf
theimageto obtainthe texture featureghatcanbe usedto obtain
an intermediatesggmentation which canthenbe combinedwith
the color featuresto producethe final sggmentation. This is in
contrastto someotherapproache§l 3, 16] wherethe color quan-
tization/sgmentatioris usedto obtainan achromatigatternmap
whichis the basisfor texturefeatureextraction.

Like mary of the existing algorithmsfor texture analysisand
synthesige.g., [6, 20], our approaclhis basedon a multiscalefre-
queng decomposition. Suchdecompositiondhiave beenwidely
usedas descriptionsof early visual processingn mammalsand
have alsobeenusedasthe basisfor texture classificatiorandseg-
mentation(e.g., [21-23]).

While the texture synthesigroblemrequiresa precisemodel
in order to accuratelysynthesizea wide rangeof textures, the



(a) Original ColorImage

(b) Comaniciu-MeeAlgorithm

(c) Adaptive ClusteringAlgorithm (ACA)

Fig. 1. ColorImageSegmentatior(all imagesshavn in color)

modelfor the segmentationproblemcan be quite crude. More-
over, we wantto capturesuchinformationfrom relatively small
imagesg.g., 200 x 200 pixels,which may have beencompressed
ordegraded.Thus,weexpectourtexturemodelsto bealot simpler
thanthoserequiredfor texture synthesis.

Oneof the key ideasin the proposedapproachs thatwe do
not needto recognizeevery regionin animage.Largeareasf an
imagemay be classifiedas“too comple,” or “non of the above;
andassuchplayarolein overallimageclassificationIn this paper
we usesimpletexturefeaturedo obtainasegmentatiorin alimited
numberof texture classeg“smooth’ “horizontal} “vertical, and
“complex”). In thenext sectionwe shav thatthis simpletexture
classificatiorcanleadto impressie results.

For our texture analysis we usethe 9/7 biorthogonalwavelet
decompositiorf14] which is separableand computationallyeffi-
cient. Sincethe imagesare fairly small, we obtain a one-level
wavelet decompositionandusethe HL andLH bandswhereH
andL standfor the high-passandlow-passbandin eachof the
horizontalandvertical orientations.We found that discardingthe
HH banddoesnot resultin ary significantlossof visual quality,
andhenceit shouldnot be critical for texture analysis. We also
tried the steerablgoyramid[24] but have notfoundary significant
performancalifferences.

The mostcommonlyusedfeaturefor texture analysisin the
wavelet domainis the enegy of the subbandcoeficients [4, 5].
Sincethe coeficientsare quite sparseijt is necessaryo perform
sometype of window operationto obtaina more uniform char
acterizationof texture. In [4, 5], the averageof the enegy of the
coeficientsin asmallwindow wasused.In [11,20] boththemean
and standarddeviation of the magnitudeof the Gabortransform
coeficientswere usedastexture features. In this paper we use
themedian of theenegy in awindow. The advantageof the me-
dianis thatit tendsto filter out texturesassociateavith transitions
betweenregions. In suchcasesthe increasein wavelet coefi-
cientsdueto the region boundaryis concentrateélongthe edge
andis notpickedup by themedianoperator Extensve experimen-
tationwith theaveragemedianandmaximumoperatorsndicates
thatthe averageresultsin significantsmoothingandfalsetextures
alongthe region boundarieswhile the maximumprovides unre-
liable results. The medianleadsto significantly superiorresults.
The size of the window mustbe large enoughto capturethe lo-
caltexturecharacteristicsyut nottoolargeto avoid bordereffects.
We foundthatfor theimageresolutionandviewing distanceunder
considerationa9 x 9 window givesthebestresults.

Finally, we tried differentclusteringapproacheso obtainthe

(intermediatetexture sggmentation. The simplestand most ef-
fective wasto apply two-level K-meansto eachof the horizontal
andverticalcomponentseparatelyOneof theclustercenteravas
alwaysfixed at O (smoothtexture) andthe otherwas determined
by the K-meansalgorithm. The addedadwantageof this approach
is thatwe obtainfour texture classewith obviousinterpretations:
smoothtexture(0,0), verticaltexture(1,0),horizontaltexture(0,1),
andcomple texture(1,1). Fig. 2(c) shavstheresultswith smooth
texture representedy black, vertical by light gray horizontalby
darkgray andcomple by white. We alsoexperimentedvith VQ
(K-meansappliedto the vectorof the two coeficients),but found
very little differencein performancdor mostimages.

4. COMBINATION OF TEXTURE AND COLOR

We now discusghe combinationof the texture andcolor sggmen-
tationsto obtainthe final imagesegmentation.We startwith the
texture sggmentatiorandusethe color sggmentatiorto refineit.

First,weconsidethe“smooth”textureregions.Werely onthe
color sgmentationto determineif they shouldbe further subdi-
videdinto sggmentsof differentcolor. For eachconnectedmooth
region, we find all the connectedegmentghatbelongto different
color classeandcomputethe averagecolor of eachseggment.Re-
call thatthe ACA providesslowly varying color. We thenmege
the sgmentswhosecolors are similar. The comparisonis per
formedin Lab color spacethethresholds setat 10% of the dis-
tancerange.For theremainingsegmentswe computethe average
color differenceacrossthe commonborder and mege themif it
is belav a giventhreshold. Finally, ary remainingsmall regions
neighboringnon-smoothtexture regions are consideredogether
with thetexturedregionsin thenext step.

All the other textured regions (“horizontal] “vertical; and
“complex” regions,aswell smallborderregionsfrom theprevious
step)arethenconsideredogether We apply a region growing al-
gorithmbasedn two featuresthe grayscaldexture classification
obtainedn theprevioussectionandthecolorfeaturegpresentedh
Section2. Thelatter consistof the dominantcolorsandtheir fre-
quenciexomputedn a21 x 21 window. For eachpair of pixels,
we computethe color featuredifferenceaccordingto the OCCD
criterion describedn Section2, andmeige themif it is belov a
giventhreshold.Thethresholds higherif the pixelsbelongto the
sametexture class,and lower if they belongto differenttexture
classesTheregion growing startsfrom the horizontalandvertical
texture regions;the comple regionsare consideredast. Results
areshavn in Fig. 2(d). Eachregionin thefigureis paintedwith a
color closeto its average.



(a) Original ColorImage

(d) CrudeSggmentation
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(b) Color Sggmentation{ACA)

(e) Final Sggmentation

(c) Texture Sggmentation

(f) Final Segmentatior(on originalimage)

Fig. 2. ColorandTextureImageSegmentatior(a,b,d,e,Ehavnin color)

Finally, we adjustthe segmentbordersusing color informa-
tion. Thatis, for eachpixel alongthe borderof the crude sey-
mentation(Fig. 2(d)), we comparethe pixel color provided by the
ACA algorithmwith the local average(over a larger window) of
eachdominantcolor of eachregion on eitherside of the border
andmove it accordingly If therearetwo closematchesthenwe
computethe local averageacrossthe dominantcolorsof eachre-
gion, and usethat for the comparison. This processs repeated
iteratively until convergence.Thefinal resultis shavn in Fig. 2(e)
and(f).
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