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ABSTRACT

We presentanimagesegmentatioralgorithmthatis basedon
spatially adaptve color and texture features. The proposedal-
gorithm is basedon a previously proposedalgorithm but intro-
ducesa numberof new elements. We usea new setof texture
featureshasedon a steerabldilter decomposition.The steerable
filters combinedwith a new spatialtexture segmentationscheme
provide a finerandmorerobust sggmentatiorinto texture classes.
The proposedalgorithmincludesan elaborateborderestimation
procedurewhich extendsthe ideaof Pappas’adaptve clustering
segmentationalgorithmto color texture. The performanceof the
proposealgorithmis demonstrateth thedomainof photographic
imagesjncludinglow resolutioncompressednages.

1. INTRODUCTION

Thefield of Content-BasetmageRetrieval (CBIR) hasmadesig-
nificantadvancesduring the pastdecadd1, 2]. Many CBIR sys-
temsrely on scenesggmentation. However, image segmentation
remainsone of the mostchallengingproblems.While significant
progresshasbeenmadein texture segmentation(e.g., [3-6]) and
color segmentation(e.g., [7—9]) separatelythe combinedspatial
texture and color segmentationproblemremainsquite challeng-
ing [10,11].

In [12], we presente@nimagesegmentatioralgorithmthatis
basedon spatiallyadaptve color andspatialtexture features.The
perceptuahspect®f thisalgorithmwerefurtherdevelopedn [13],
includingthe useof a steerabldilter decompositionnsteadof the
discretewavelet transform. As we saw in [12], the resolutionof
the spatialtexture sgmentatioris limited becausét is definedon
afinite neighborhoodwhile color segmentatiorcanprovide accu-
rateandpreciseedgelocalization. In this paper we improve and
refinethe algorithmpresentedn [12,13]. The main structureof
the algorithmremainsthe same|j.e., the color andspatialtexture
featuresarefirst developedindependentlyand then combinedto
obtainan overall sgmentation.While the color featuresalsore-
mainthe samewe usea new setof spatialtexture featureshased
on the steerabldilter decomposition.The steerabldfilters com-
binedwith anew texture segmentatiorschemeprovide afinerand
more robust sggmentationinto differenttexture classeqsmooth,
horizontal, vertical, + 45°, —45°, andcomplex). A key to the
proposednethodis the useof the “max” operatorto accountfor
thefactthatthereis significantoverlapbetweerthefiltersthatcor
respondo thedifferentorientations This avoids misclassification
problemsassociatedvith the previously proposedexture extrac-
tion technique[13]. The “max” operationis followed by a me-
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diantype of operationwhich, aswe pointedoutin [12], responds
to texture within uniform regionsand suppressetexturesassoci-
atedwith transitionsbetweenegions.Finally, we useanelaborate
borderrefinementprocedurd13], which extendsthe ideaof the
adaptve clusteringalgorithm[7] to color texture, and resultsin
accurateéborderlocations.

The focusof this work is in the domainof photographidm-
ages.Therangeof topicsis essentiallyunlimited (people nature,
buildings, textures,indoorscenesetc.). An importantassumption
is thattheimagesareof relatively low resolution(e.g., 200 x 200)
andoccasionallydegradedor compressedThe imageseggmenta-
tion resultscan be usedto derive region-wide color andtexture
features. Thesecan be combinedwith other sggmentinforma-
tion, suchaslocation, boundaryshape,andsize,in orderto ex-
tract semantianformation. A key to the succes®f the proposed
approachs therecognitionof thefactthatit is notnecessaryo ob-
tainacompleteunderstandingf agivenimage:In mary casesthe
identificationof afew key segments(suchas“sky,” “mountains),
“people; etc.) may be enoughto classify the imagein a given
category [14]. In addition,regionsthat are classifiedas complex
or “none of the abore;’ canalsoplay a significantrole in scene
analysis.

In Section2, we review the color featureextraction. Our nev
approacHor spatialtexture featureextractionis presentedn Sec-
tion 3. Section4 discusseshe proposedalgorithmfor combining
thetextureandcolorfeaturego obtainanoverall sggmentation.

2. COLOR FEATURE EXTRACTION

In this section,we review the color featureextraction algorithm
that was usedin [12]. The main ideais to use spatially adap-
tive dominantcolorsasfeatureghatincorporateknowledgeof hu-
manperception12]. The color featurerepresentatiogonsistsof
a limited numberof locally adapteddominantcolorsandthe cor
respondingpercentagef occurrenc®f eachcolorwithin acertain
neighborhood:

fc(x:y:Nﬂl:y) = {(Ci,pi):i = 1) s :Mapi € [0: 1]} (1)

whereeachof thedominantcolors,¢;, is athreedimensionalec-
tor in Lab spaceandp; arethe correspondingercentagesiNV,,,
representthe neighborhoodroundthe pixel atlocation(x,y). M
is thetotal numberof colorsin theneighborhoodVy,,, .

The spatially adaptve dominantcolors are obtainedby the
adaptve clusteringalgorithm(ACA) proposedn [7] andextended
to colorin [8]. The ACA is aniterative algorithmthatusesspatial
constraintgn the form of Markov randomfields (MRF). The al-
gorithmstartswith global estimategobtainedusingthe K-means
algorithm)and slowly adaptsto the local characteristic®f each
region. We found that a good choicefor the numberof (locally
adaptedgdominantcolorsis M = 4.



Fig. 1. One-Level Steerabld-ilter Decomposition

Note thatthe ACA wasdevelopedfor imagesof objectswith
smoothsurfacesandnotexture. In texturedregions,theACA over
segmentgheimage but thesegmentsdo correspondo actualtex-
turedetails.Thus,someothermechanisnis neededo consolidate
thesesmallsggmentsinto regions. Sucha mechanisms provided
by the“local histograms'we describenext andthetextureclasses
we presentn thenext section.

Color Features: The ACA providesa segmentatiorof theimage
into classesln theexampleof Fig. 5(b), eachpixel is paintedwith
the averagecolor of the pixelsin its neighborhoodhat belongto
the sameclass[7]. Assumingthatthe dominantcolorsareslonly
varying, we canassumehat they are approximatelyconstantin
theimmediatevicinity of a pixel. We canthencountthe number
of pixelsin eachclasswithin a given window, and averagetheir
color valuesto obtaina featurevectorthat consistsof a few (up
to four) dominantcolors and the associategercentages.Thus,
the color featurevectorat eachpixel is essentiallya crude“local
histogram”of theimage.

Color Metric: To measurehe perceptuakimilarity of two color
featurevectors,we usethe “Optimal Color CompositionDistance
(OCCD)” proposedby Mojsilovic et al. [15]. The OCCD was
designedo provide the optimal mappingbetweenthe dominant
colors of two images,and thus obtain a bettermeasureof their
similarity. Sincewe areusingOCCDto compardocal histograms
that containonly four bins, its implementationcan be simplified
considerably13].

3. SPATIAL TEXTURE FEATURE EXTRACTION

As in [12], the spatialtexture featureextractionis independent
from thatof color. Thus,we usethe gray-scalecomponenbf the
imageto obtain the spatialtexture features,basedon which we
obtainanintermediatesggmentationwhich is thenusedtogether
with thecolorfeatureslescribedn theprevioussectionto produce
thefinal imagesegmentation.

As indicatedin [13], the steerabldilter decompositior{16]
provides a finer frequeny decompositiorthat more closely cor-
respondg¢o humanvisual processing.We usea one-level steer
ablefilter decompositionvith four orientationavhich provide four
texture classes:horizontal, vertical and two diagonaldirections
(+45° and—45°), asshavn in Fig. 1.

As notedin our earlierwork [12], mary texturesare not di-
rectional;thus, it is necessaryo includea comple or “none of
abore” catgory. Eventhoughsucha cateyory doesnot provide
much informationabouta given region, it neverthelesglaysan
importantrole in the overallimageclassification.Note thateven
with theadditionof thediagonatexture cateyories thetexturede-
scriptionis still quite crude.However, unlike thetexture synthesis
problemthatrequiresa very precisemodelin orderto accurately
synthesizewide rangeof textures,acrudemodelcanbequitead-
equatefor sgmentation.Sucha simplemodelis actuallythe key

to obtaininggoodsegmentationgrom low-resolutioncompressed
imagegeg., 200 x 200 pixels).

Fig. 2 shaws a circular cross-sectiorirom the steerabldilter
responsesThex-coordinatelenotespatialorientationin degrees.
Thus, thefilter with peakat 0° representshe horizontalsubband
so, thefilter with peakat 90° representshe vertical subbands,,
andsoon. Note thatthereis a large overlap betweenneighbor
ing filters. In [13], we accountsuchoverlapby comparingthe 1st
and2ndmaximumamongthefour subbanaoeficients. However,
this methodcould misclassify ascomple, textureswith orienta-
tionsthatfall betweerthemainorientationf thesteerablédilters.
That's becausdor suchtexturesthe response®f the two filters
areclose. The comple cateyory shouldinsteadbe resered for
textureswith mary differentorientations.Note thatusingsharper
orientationfilters will narraw the rangeof misclassifiedorienta-
tions, but will not entirely eliminatethe problem. As we will see
belaw, we solve this problemby introducinga“max” operatorand
usingthe local histogramof orientationgo determinethe texture
orientation.

Thefirst stepin thetextureclassificationis to identify andlo-
catethe smoothregionsin theimage. We useso(z, 3), s1(z,y),
s2(z,y), s3(z,y) to representhe steerablesubbandcoeficients
atlocation(z, y) thatcorrespondo the horizontal(0°), diagonal
with positive slope(+45°), vertical(90?), anddiagonalwith nega-
tive slope(—45°) directionsrespectiely. For eachimagelocation
(z,y), we find the maximumof the four coeficients,denotedby
Smax(2,y). The subbandndex s;(z,y) thatcorrespondso that
maximumis alsostoredfor usein the next step. Then,a median
operationis performedon smax(x,y). Recallthatthe valuesin
smax(z,y) comefrom four different subbandsthus, the cross-
subbandmediancanonly helpin determiningwvhethera pixel be-
longsto a smoothregion, not which texture classit belongsto.
Finally, a two-level K-meansalgorithm,segmentsthe imageinto
smoothandnon-smoottregions.

A clustervalidationstepis necessargt this point. If theclus-
tersaretoo close thentheimagemaycontainonly smoothor non-
smoothregions,dependingntheactualvalueof theclustercenter

We have also experimentedwith alternatve ways to obtain
smoothvs. non-smoottclassification.For example,we tried an
approactsimilarto theonedescribedn [12], wherebya medianis
appliedto eachsubbandollowedby a 2-level K-means A pixel is
thenclassifiedassmoothif all subbandsreclassifiedn thelower
class. This leadsto similar resultsyet involves muchmorecom-
putation.Anotherapproaclhis to applya medianto eachsubband,
followed by K-meansappliedto the vector of the four subband
coeficients. We found that the proposedalgorithm hasthe best
performancen termsof accurag androbustness.

The next stageis to further classify the pixels in the non-
smoothregions. As we discussedbove, thereis significantover-
lap betweemeighboringdirectionalffilters. Thus,evenin atexture
of a singleorientation(e.g., horizontal),the responsesf the two
neighborindfilters will still be significant. Thus, the maximum
of the four coeficientsis the onethat carriessignificantinforma-
tion aboutthe texture orientation. Basedon this obseration, we
usetheindex s;(z,y) of the subbandvith the maximumvaluein
orderto determinethe texture orientationfor eachpixel location.

We then considera window, andfind the percentagef indices
for eachorientation. Only non-smootipixels within the window
areconsideredlf themaximumof thepercentagess higherthana
giventhresholde.g.,36%)andthedifferencebetweerilstand2nd
maximumis significant(e.g.,greatethan15%),we concludethat
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Fig. 2. Steerabld-ilter Frequeng Response

thereis adominantorientationin thewindow andthepixel is clas-
sified accordingly Otherwise,thereis no dominantorientation,
andthepixel is classifiedascomple. Thus,our textureclassifica-
tionis basednthelocalhistogranof theindicescorrespondingo
maximumsubbandralues. This is essentiallya “median” type of
operationwhichis necessaryaswe saw in [12], for boostingthe
responseo texture within uniform regionsandto suppresshere-
sponsalueto texturesassociategvith transitionsbetweerregions.
An exampleis givenin Fig. 3. Fig. 3 (a) shavs thegrey-level com-
ponenbf theoriginalcolorimage.Fig. 3(b) shavsthematrix s; of
indicesindicatingthe maxima. The smoothregionsareshavn in
black, while the other4 orientationsare shawvn in shadeof gray
Fig. 3 (c) shaws theresultingtexture classesywhereblack denotes
smooth white denotescomple, andlight grey denotesorizontal
textures.Thewindow usedin this examplewas23 x 23.

The window sizefor medianoperationshouldbe reasonably
big to obtainanaccurateestimateof thehistogramandto suppress
texture edges. On the otherhand,a very big window will result
in texture classegoo crudeto be useful. Our experimentsindi-
catethatawindow sizein therangeof 17 x 17 t0 29 x 29 works
well. Sincethetexture classesareobtainedthroughwindow oper
ations,we know thetexture boundariegrenotaccurateThus,we
have to rely onthecolor texturefeatureso obtainamoreaccurate
segmentation.

4. FINAL SEGMENTATION

We now discussthe combinationof texture and color featuresto
obtainthe final segmentation.First, we considerthe smoothtex-
tureregions. As in [12], we rely on the color sggmentatiorwhich
providesregionsof differentuniform colors. Recallthatthe ACA
providesslowly varyingcolor. To avoid oversgmentationwefind
all the connectedsggmentsthat belongto differentcolor classes,
andthenmege neighboringsegmentsif the averagecolor differ-
enceacrosghecommorborderis belov agiventhreshold Finally,

Region 1

—

Region 2

Fig. 4. lllustrationof borderrefinement.

ary remainingsmall regions neighboringnon-smoothtexture re-
gionsarerelabeledascomplex sothatthey canbe consideredn
thenext step.

Next, we considerthe non-smooth texture regions. First, we
usea region growing approachto obtainan initial “crude” seg-
mentationthatis basedon the grayscaldaexture classificatiorand
the color featuregpresentedn Section2. Sinceboth of thesefea-
turesareslowly varying, we usea multi-grid approach.We start
from pixels locatedon a coarsegrid. We setthe window sizefor
the color featureequalto twice the grid spacing,i.e., thereis a
50%window overlap.A pair of pixelsbelongto thesameregionif
thecolorfeaturesaresimilarin the OCCDsenseThethresholds
higherfor pixelsthatbelongto the sametexture class(i.e., easier
to mege),andlower for pixelsin differenttexture classesln ad-
dition, we useMRF-typespatialconstraintgasin [13]). Thatis, a
pixel is morelikely to belongto aregion if mary of its neighbors
belongto the sameregion. The symmetricMRF constraintmakes
it necessaryo iteratea few timesfor a given grid spacing. The
grid spacings thenreducedandthe procedureepeatedintil the
grid spacings equalto onepixel.

Finally, the crude segmentationis refinedusing an adaptve
algorithmsimilar in natureto the ACA [7]. Fig. 4 illustratesthe
idea. Thedottedline in Fig. 4 representtherealboundaryandthe
solid line denoteshe boundarygiven by our algorithmin current
iterationor aninitial sggmentationobtainedin the previous step.
Given a sggmentation,we usetwo windows to updatethe clas-
sification of eachpixel. The largerwindow providesa localized
estimateof texture characteristicef eachregion thatoverlapsthe
window. For eachtexture,within the segmentatiorboundarieswe
find the averagecolor andthe correspondingpercentagdor each
of thedominantcolors. Thesmallerwindow providesanestimate
of the pixel texture. This consistsof the dominantcolors corre-
spondingpercentagewithin thesmallerwindow ignoringthecur-
rentboundary Thenthe texture of the pixel is comparedwith the
texturesof the differentregions usingthe OCCD criterion. The
procedures repeatedor eachpixel in a rasterscan. As in [7],
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Fig. 5. ColorandTextureImageSegmentatior(a,b,d,e,sEhavn in color)

anMRF-typeconstraintis necessaryo insureregion smoothness.

A few iterationsare necessaryor corvergence. An iterationhas
corvergedwhenthe numberof pixelsthatchangeclassis belov a
giventhreshold.The overall procedurenustthenbe iteratedfor a
seriesof window pairsstartingfrom 35/5andendingwith 11/3.

Oneof theimportantdetailsin theabove procedures thateach
of thecandidateegionsin thelargerwindov mustbelargeenough
in orderto obtainareliableestimateof its texture attributes. Oth-
erwise,the region is not a valid candidate.A reasonablehoice
for the thresholdfor decidingwhethera region shouldbe a valid
candidates to usethe productof thetwo window sizesdividedby
2. Thecrudeandfinal sgmentatiorresultsareshavn in Figs.5(e)
and(f).

The useof both color andtexture informationto estimatere-
gion boundariedinds further justificationin psychophysicakx-
perimentg17], which shavedthattheperceved edgelocationis a
combinationof the positionsignaledby texture andby othercues
(motion,luminancecolor etc).
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