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ABSTRACT
We presentanimagesegmentationalgorithmthat is basedon

spatially adaptive color and texture features. The proposedal-
gorithm is basedon a previously proposedalgorithm but intro-
ducesa numberof new elements. We usea new set of texture
featuresbasedon a steerablefilter decomposition.The steerable
filters combinedwith a new spatialtexture segmentationscheme
provide a finer andmorerobustsegmentationinto textureclasses.
The proposedalgorithmincludesan elaborateborderestimation
procedure,which extendsthe ideaof Pappas’adaptive clustering
segmentationalgorithmto color texture. The performanceof the
proposedalgorithmis demonstratedin thedomainof photographic
images,includinglow resolutioncompressedimages.

1. INTRODUCTION
Thefield of Content-BasedImageRetrieval (CBIR) hasmadesig-
nificantadvancesduring thepastdecade[1, 2]. Many CBIR sys-
temsrely on scenesegmentation.However, imagesegmentation
remainsoneof themostchallengingproblems.While significant
progresshasbeenmadein texturesegmentation(e.g., [3–6]) and
color segmentation(e.g., [7–9]) separately, the combinedspatial
texture and color segmentationproblemremainsquite challeng-
ing [10,11].

In [12], wepresentedanimagesegmentationalgorithmthatis
basedon spatiallyadaptive color andspatialtexturefeatures.The
perceptualaspectsof thisalgorithmwerefurtherdevelopedin [13],
includingtheuseof a steerablefilter decompositioninsteadof the
discretewavelet transform. As we saw in [12], the resolutionof
thespatialtexturesegmentationis limited becauseit is definedon
afinite neighborhood,while colorsegmentationcanprovideaccu-
rateandpreciseedgelocalization. In this paper, we improve and
refinethe algorithmpresentedin [12,13]. The main structureof
thealgorithmremainsthesame,i.e., thecolor andspatialtexture
featuresarefirst developedindependently, andthencombinedto
obtainan overall segmentation.While the color featuresalsore-
mainthesame,we usea new setof spatialtexturefeaturesbased
on the steerablefilter decomposition.The steerablefilters com-
binedwith anew texturesegmentationschemeprovideafinerand
more robust segmentationinto different texture classes(smooth,
horizontal, vertical,

�������
, � ����� , andcomplex). A key to the

proposedmethodis the useof the “max” operatorto accountfor
thefactthatthereis significantoverlapbetweenthefiltersthatcor-
respondto thedifferentorientations.Thisavoidsmisclassification
problemsassociatedwith thepreviously proposedtextureextrac-
tion technique[13]. The “max” operationis followed by a me-
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diantypeof operationwhich,aswe pointedout in [12], responds
to texturewithin uniform regionsandsuppressestexturesassoci-
atedwith transitionsbetweenregions.Finally, weuseanelaborate
borderrefinementprocedure[13], which extendsthe ideaof the
adaptive clusteringalgorithm[7] to color texture, and resultsin
accurateborderlocations.

The focusof this work is in the domainof photographicim-
ages.Therangeof topicsis essentiallyunlimited(people,nature,
buildings,textures,indoorscenes,etc.).An importantassumption
is thattheimagesareof relatively low resolution(e.g., �
	�	
����	�	 )
andoccasionallydegradedor compressed.The imagesegmenta-
tion resultscan be usedto derive region-widecolor and texture
features. Thesecan be combinedwith other segment informa-
tion, suchas location,boundaryshape,andsize, in order to ex-
tract semanticinformation. A key to thesuccessof theproposed
approachis therecognitionof thefactthatit is notnecessaryto ob-
tainacompleteunderstandingof agivenimage:In many cases,the
identificationof a few key segments(suchas“sky,” “mountains,”
“people,” etc.) may be enoughto classify the imagein a given
category [14]. In addition,regionsthat areclassifiedascomplex
or “none of the above,” canalsoplay a significantrole in scene
analysis.

In Section2, we review thecolor featureextraction.Our new
approachfor spatialtexturefeatureextractionis presentedin Sec-
tion 3. Section4 discussestheproposedalgorithmfor combining
thetextureandcolor featuresto obtainanoverall segmentation.

2. COLOR FEATURE EXTRACTION
In this section,we review the color featureextractionalgorithm
that was usedin [12]. The main idea is to usespatially adap-
tivedominantcolorsasfeaturesthatincorporateknowledgeof hu-
manperception[12]. Thecolor featurerepresentationconsistsof
a limited numberof locally adapteddominantcolorsandthecor-
respondingpercentageof occurrenceof eachcolorwithin acertain
neighborhood:�

����������������� ���! #"$��%'&���(�&)�*��+, .-
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whereeachof thedominantcolors, % & , is a threedimensionalvec-
tor in Lab space,and (�& arethecorrespondingpercentages.����� �
representstheneighborhoodaroundthepixel at location(x,y). 1
is thetotalnumberof colorsin theneighborhood� ��� � .

The spatially adaptive dominantcolors are obtainedby the
adaptiveclusteringalgorithm(ACA) proposedin [7] andextended
to color in [8]. TheACA is aniterative algorithmthatusesspatial
constraintsin the form of Markov randomfields (MRF). The al-
gorithmstartswith globalestimates(obtainedusingthe > -means
algorithm)andslowly adaptsto the local characteristicsof each
region. We found that a goodchoicefor the numberof (locally
adapted)dominantcolorsis 1? A@ .



Fig. 1. One-Level SteerableFilter Decomposition

Notethat theACA wasdevelopedfor imagesof objectswith
smoothsurfacesandnotexture.In texturedregions,theACA over-
segmentstheimage,but thesegmentsdocorrespondto actualtex-
turedetails.Thus,someothermechanismis neededto consolidate
thesesmallsegmentsinto regions.Sucha mechanismis provided
by the“local histograms”wedescribenext andthetextureclasses
wepresentin thenext section.
Color Features: TheACA providesa segmentationof the image
into classes.In theexampleof Fig. 5(b),eachpixel is paintedwith
theaveragecolor of thepixels in its neighborhoodthatbelongto
thesameclass[7]. Assumingthatthedominantcolorsareslowly
varying, we canassumethat they areapproximatelyconstantin
the immediatevicinity of a pixel. We canthencountthenumber
of pixels in eachclasswithin a given window, andaveragetheir
color valuesto obtaina featurevector that consistsof a few (up
to four) dominantcolors and the associatedpercentages.Thus,
thecolor featurevectorat eachpixel is essentiallya crude“local
histogram”of theimage.
Color Metric: To measuretheperceptualsimilarity of two color
featurevectors,we usethe“Optimal Color CompositionDistance
(OCCD)” proposedby Mojsilovic et al. [15]. The OCCD was
designedto provide the optimal mappingbetweenthe dominant
colors of two images,and thus obtain a bettermeasureof their
similarity. SinceweareusingOCCDto comparelocalhistograms
that containonly four bins, its implementationcanbe simplified
considerably[13].

3. SPATIAL TEXTURE FEATURE EXTRACTION

As in [12], the spatial texture featureextraction is independent
from thatof color. Thus,we usethegray-scalecomponentof the
imageto obtain the spatialtexture features,basedon which we
obtainan intermediatesegmentation,which is thenusedtogether
with thecolorfeaturesdescribedin theprevioussectionto produce
thefinal imagesegmentation.

As indicatedin [13], the steerablefilter decomposition[16]
providesa finer frequency decompositionthat morecloselycor-
respondsto humanvisual processing.We usea one-level steer-
ablefilter decompositionwith fourorientationswhichprovidefour
texture classes:horizontal,vertical and two diagonaldirections
(
� @CB � and � @$B � ), asshown in Fig. 1.

As notedin our earlierwork [12], many texturesarenot di-
rectional; thus, it is necessaryto includea complex or “none of
above” category. Even thoughsucha category doesnot provide
much informationabouta given region, it neverthelessplaysan
importantrole in the overall imageclassification.Note thateven
with theadditionof thediagonaltexturecategories,thetexturede-
scriptionis still quitecrude.However, unlike thetexturesynthesis
problemthat requiresa very precisemodelin orderto accurately
synthesizeawiderangeof textures,acrudemodelcanbequitead-
equatefor segmentation.Sucha simplemodelis actuallythekey

to obtaininggoodsegmentationsfrom low-resolutioncompressed
images(e.g., ��	�	D�E��	�	 pixels).

Fig. 2 shows a circular cross-sectionfrom the steerablefilter
responses.Thex-coordinatedenotesspatialorientationin degrees.
Thus,thefilter with peakat 	 � representsthehorizontalsubbandF9G , thefilter with peakat H�	 � representsthevertical subbandFJI ,
andso on. Note that thereis a large overlapbetweenneighbor-
ing filters. In [13], we accountsuchoverlapby comparingthe1st
and2ndmaximumamongthefour subbandcoefficients.However,
this methodcouldmisclassify, ascomplex, textureswith orienta-
tionsthatfall betweenthemainorientationsof thesteerablefilters.
That’s becausefor suchtexturesthe responsesof the two filters
areclose. The complex category shouldinsteadbe reserved for
textureswith many differentorientations.Notethatusingsharper
orientationfilters will narrow the rangeof misclassifiedorienta-
tions,but will not entirelyeliminatetheproblem.As we will see
below, wesolvethisproblemby introducinga“max” operator, and
usingthe local histogramof orientationsto determinethe texture
orientation.

Thefirst stepin thetextureclassificationis to identify andlo-
catethesmoothregionsin the image. We use F G �����K��� , F�L ��������� ,FJI �����K��� , F9M �����K�N� to representthe steerablesubbandcoefficients
at location ��������� thatcorrespondto thehorizontal( 	 � ), diagonal
with positiveslope(

� @$B � ), vertical( H�	 � ), anddiagonalwith nega-
tiveslope( � @$B � ) directions,respectively. For eachimagelocation��������� , we find themaximumof the four coefficients,denotedbyF9O,PKQ ���R�K��� . The subbandindex F & �����K�N� that correspondsto that
maximumis alsostoredfor usein thenext step. Then,a median
operationis performedon F O,PKQ �����S��� . Recall that the valuesinF9O,PKQ ���R�K��� comefrom four different subbands;thus, the cross-
subbandmediancanonly helpin determiningwhethera pixel be-
longs to a smoothregion, not which texture classit belongsto.
Finally, a two-level K-meansalgorithm,segmentsthe imageinto
smoothandnon-smoothregions.

A clustervalidationstepis necessaryat thispoint. If theclus-
tersaretooclose,thentheimagemaycontainonly smoothor non-
smoothregions,dependingontheactualvalueof theclustercenter.

We have also experimentedwith alternative ways to obtain
smoothvs. non-smoothclassification.For example,we tried an
approachsimilar to theonedescribedin [12], wherebyamedianis
appliedto eachsubbandfollowedby a2-level K-means.A pixel is
thenclassifiedassmoothif all subbandsareclassifiedin thelower
class.This leadsto similar resultsyet involvesmuchmorecom-
putation.Anotherapproachis to applya medianto eachsubband,
followed by K-meansappliedto the vector of the four subband
coefficients. We found that the proposedalgorithmhasthe best
performancein termsof accuracy androbustness.

The next stageis to further classify the pixels in the non-
smoothregions. As we discussedabove, thereis significantover-
lapbetweenneighboringdirectionalfilters. Thus,evenin atexture
of a singleorientation(e.g.,horizontal),the responsesof the two
neighboringfilters will still be significant. Thus, the maximum
of thefour coefficientsis theonethatcarriessignificantinforma-
tion aboutthe textureorientation. Basedon this observation, we
usetheindex F & �����K��� of thesubbandwith themaximumvaluein
orderto determinethe textureorientationfor eachpixel location.

We thenconsidera window, andfind the percentageof indices
for eachorientation.Only non-smoothpixels within the window
areconsidered.If themaximumof thepercentagesis higherthana
giventhreshold(e.g.,36%)andthedifferencebetween1stand2nd
maximumis significant(e.g.,greaterthan15%),weconcludethat



(a)Original image (b) Max index (c) TextureClasses

Fig. 3. TextureMapExtraction

Fig. 2. SteerableFilter Frequency Response

thereis adominantorientationin thewindow andthepixel is clas-
sified accordingly. Otherwise,thereis no dominantorientation,
andthepixel is classifiedascomplex. Thus,our textureclassifica-
tion is basedonthelocalhistogramof theindicescorrespondingto
maximumsubbandvalues.This is essentiallya “median” typeof
operation,which is necessary, aswe saw in [12], for boostingthe
responseto texturewithin uniform regionsandto suppressthere-
sponsedueto texturesassociatedwith transitionsbetweenregions.
An exampleis givenin Fig.3. Fig.3 (a)showsthegrey-level com-
ponentof theoriginalcolorimage.Fig.3(b)showsthematrix F & of
indicesindicatingthemaxima. Thesmoothregionsareshown in
black,while theother4 orientationsareshown in shadesof gray.
Fig. 3 (c) shows theresultingtextureclasses,whereblackdenotes
smooth,white denotescomplex, andlight grey denoteshorizontal
textures.Thewindow usedin thisexamplewas ��TU�E��T .

The window sizefor medianoperationshouldbe reasonably
big to obtainanaccurateestimateof thehistogramandto suppress
texture edges.On the otherhand,a very big window will result
in texture classestoo crudeto be useful. Our experimentsindi-
catethata window sizein therangeof -9V � -JV to �
HW�E��H works
well. Sincethetextureclassesareobtainedthroughwindow oper-
ations,weknow thetextureboundariesarenotaccurate.Thus,we
have to rely on thecolor texturefeaturesto obtainamoreaccurate
segmentation.

4. FINAL SEGMENTATION

We now discussthe combinationof texture andcolor featuresto
obtainthefinal segmentation.First, we considerthesmoothtex-
tureregions.As in [12], we rely on thecolor segmentationwhich
providesregionsof differentuniform colors.RecallthattheACA
providesslowly varyingcolor. To avoid oversegmentation,wefind
all the connectedsegmentsthat belongto differentcolor classes,
andthenmergeneighboringsegmentsif theaveragecolor differ-
enceacrossthecommonborderisbelow agiventhreshold.Finally,

Fig. 4. Illustrationof borderrefinement.

any remainingsmall regionsneighboringnon-smoothtexture re-
gionsarerelabeledascomplex so that they canbe consideredin
thenext step.

Next, we considerthe non-smooth texture regions. First, we
usea region growing approachto obtain an initial “crude” seg-
mentationthat is basedon thegrayscaletextureclassificationand
thecolor featurespresentedin Section2. Sincebothof thesefea-
turesareslowly varying,we usea multi-grid approach.We start
from pixels locatedon a coarsegrid. We setthewindow sizefor
the color featureequalto twice the grid spacing,i.e., thereis a
50%window overlap.A pairof pixelsbelongto thesameregionif
thecolor featuresaresimilar in theOCCDsense.Thethresholdis
higherfor pixels thatbelongto thesametextureclass(i.e., easier
to merge),andlower for pixels in differenttextureclasses.In ad-
dition, weuseMRF-typespatialconstraints(asin [13]). Thatis, a
pixel is morelikely to belongto a region if many of its neighbors
belongto thesameregion. ThesymmetricMRF constraintmakes
it necessaryto iteratea few timesfor a given grid spacing. The
grid spacingis thenreduced,andtheprocedurerepeateduntil the
grid spacingis equalto onepixel.

Finally, the crudesegmentationis refinedusing an adaptive
algorithmsimilar in natureto the ACA [7]. Fig. 4 illustratesthe
idea.Thedottedline in Fig.4 representstherealboundaryandthe
solid line denotestheboundarygivenby our algorithmin current
iterationor an initial segmentationobtainedin the previous step.
Given a segmentation,we usetwo windows to updatethe clas-
sificationof eachpixel. The larger window providesa localized
estimateof texturecharacteristicsof eachregion thatoverlapsthe
window. For eachtexture,within thesegmentationboundaries,we
find theaveragecolor andthe correspondingpercentagefor each
of thedominantcolors.Thesmallerwindow providesanestimate
of the pixel texture. This consistsof the dominantcolorscorre-
spondingpercentageswithin thesmallerwindow ignoringthecur-
rentboundary. Thenthetextureof thepixel is comparedwith the
texturesof the different regionsusing the OCCD criterion. The
procedureis repeatedfor eachpixel in a rasterscan. As in [7],



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

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

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

anMRF-typeconstraintis necessaryto insureregionsmoothness.
A few iterationsarenecessaryfor convergence.An iterationhas
convergedwhenthenumberof pixelsthatchangeclassis below a
giventhreshold.Theoverall proceduremustthenbeiteratedfor a
seriesof window pairsstartingfrom 35/5andendingwith 11/3.

Oneof theimportantdetailsin theaboveprocedureis thateach
of thecandidateregionsin thelargerwindow mustbelargeenough
in orderto obtaina reliableestimateof its textureattributes.Oth-
erwise,the region is not a valid candidate.A reasonablechoice
for the thresholdfor decidingwhethera region shouldbe a valid
candidateis to usetheproductof thetwo window sizesdividedby
2. Thecrudeandfinal segmentationresultsareshown in Figs.5(e)
and(f).

Theuseof bothcolor andtexture informationto estimatere-
gion boundariesfinds further justification in psychophysicalex-
periments[17], whichshowedthattheperceivededgelocationis a
combinationof thepositionsignaledby textureandby othercues
(motion,luminance,coloretc).
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