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ABSTRACT

We presenta perceptually-tunedmultiscaleimagesegmenta-
tion algorithmthatis basedonspatiallyadaptive colorandtexture
features.The proposedalgorithmextendsa previously proposed
approachto includemultiple texturescales.Thedeterminationof
the multiscaletexture featuresis basedon perceptualconsidera-
tions.Wealsoexaminetheperceptualtuningof thealgorithmand
how it is affectedby thepresenceof differenttexturescales.The
multiscaleextensionis necessaryfor segmentinghigherresolution
images,andis particularlyeffective in segmentingobjectsshown
in differentperspectives. Theperformanceof the proposedalgo-
rithm is demonstratedin thedomainof photographicimages.

1. INTRODUCTION

Many Content-BasedImageRetrieval (CBIR)systemsrelyonscene
segmentationfor retrieval [1,2]. Thefocusof thispaperis onseg-
mentationof imagesof naturalscenesbasedon color andtexture.
Segmentationof natural imagesis particularlydifficult because,
on theonehand,it is impossibleto separatethecolor andspatial
frequency componentsof eachtexture,andon theother, textures
thatappearuniform to thehumaneye exhibit nonuniformstatisti-
calcharacteristicsdueto effectsof lighting,perspective,etc.Thus,
theproblemof combiningspatialtextureandcolor to obtainseg-
mentationsthatareconsistentwith humanperceptionis quitechal-
lenging. Thekey to addressingthis problemis in combiningper-
ceptualmodelsandprinciplesabouttheprocessingof textureand
color informationwith anunderstandingof imagecharacteristics.
Althoughsignificanteffort hasbeendevotedto understandingper-
ceptualissuesin imageanalysis(e.g., [3–5]), relatively little work
hasbeendonein applyingperceptualprinciplesto complex scene
segmentation(e.g., [6]).

In [7,8], we presentedan imagesegmentationalgorithmthat
is basedon spatially adaptive color and spatialtexture features.
The perceptualaspectsof this algorithmwere further developed
in [9, 10], while in [10] we consideredperceptualtuning of the
algorithm basedon subjective tests. In this paper, we consider
multiscalefeatureextractionanddiscusshow thedifferenttexture
scalesaffect the perceptualtuning of the algorithm. Our earlier
work focusedonsmallthumbnailimages.Multiple scalesbecome
necessarywhensegmentinghigherresolutionimages,andarees-
peciallyusefulfor segmentingobjectsshown in differentperspec-
tives.

The focusof this work is in the domainof photographicim-
ages.Thesubjectmatterincludesnature,buildings,people,pure
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textures,objects,indoorscenes,etc.As weexplainedin [7,8], the
key to thesuccessof theproposedapproachis the recognitionof
the fact that it is not necessaryto obtaina completeunderstand-
ing of a given image: In many cases,the identificationof a few
key segments(suchas“sky,” “mountains,” “people,” etc.) maybe
enoughto classifytheimagein agivencategory.

In Section2, wereview thesegmentationalgorithm.Themul-
tiscalefeatureextractionis presentedin Section3. Section4 dis-
cussestheperceptualtuningof thealgorithm,andSection5presents
segmentationresults.

2. SEGMENTATION ALGORITHM OVERVIEW

In thissection,wereview thebasicelementsof theadaptivecolor-
texture segmentationalgorithmthat waspresentedin [8, 9]. The
flow chartof the algorithmis shown in Fig. 1. The algorithmis
basedon two typesof spatiallyadaptive features.Onedescribes
the local color composition,and the other the spatialcharacter-
istics of the grayscalecomponentof the texture. Thesefeatures
arefirst developedindependently, andthencombinedto obtainthe
overall segmentation.

Thecolor compositionfeaturesconsistof the(spatiallyadap-
tive)dominantcolorsandassociatedpercentagesin thevicinity of
eachpixel. Theuseof spatiallyadaptive dominantcolorsreflects,
on theonehand,thefactthatthehumanvisualsystem(HVS) can-
not simultaneouslyperceive a largenumberof colors,andon the
other, thefactthatimagecolorsarespatiallyvarying.Thespatially
adaptive dominantcolorsareobtainedusingtheadaptive cluster-
ing algorithm(ACA) for segmentation[11]. Thecolorfeaturerep-
resentationis asfollows:���������
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. Finally, a percep-
tualmetric(OCCD)[12] is usedto determinethesimilarity of two
color featurevectors.

The spatial texture featuresdescribethe spatialcharacteris-
tics of thegrayscalecomponentof thetexture,andarebasedon a
multiscalefrequency decompositionsuchasthesteerablepyramid
[13] or theGabortransform[14]. Suchdecompositionshave been
widelyusedasdescriptionsof earlyvisualprocessingin mammals.
We usethe local medianenergy of the subbandcoefficientsasa
simplebut effectivecharacterizationof spatialtexture.Medianop-
eratorstendto respondto texturewithin uniform regionsandsup-
pressresponsesassociatedwith transitionsbetweenregions.In [9]
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Fig. 1. Schematicof segmentationalgorithm

weusedaone-level steerablefilter decompositionwith four orien-
tations,asshown in Fig. 2 (left). Thetexturefeaturesthenconsist
of a classificationof eachpixel into one of the following cate-
gories:smooth, horizontal, vertical, +45o, -45o, andcomplex.

The spatial texture featureextraction consistsof two steps.
First we classify pixels into smoothand nonsmoothcategories.
Thenwe furtherclassifynonsmoothpixelsinto theremainingcat-
egories. Let 8�9�:�;�<3=4> , 8�?�:�;�<3=4> , 8A@B:�;�<3=4> , and 8�C�:�;�<
=D> represent
the subbandcoefficient at location :�;�<3=D> that correspondsto the
horizontal,+45o, vertical,and-45oslopedirections,respectively, as
shown in Fig. 2 (left). Weuse 8AEGF3H0:�;�<
=4> to denotethemaximum
absolutevalueof the four coefficients,and 8�I
:�;�<3=D> to denotethe
subbandindex thatcorrespondsto thatmaximum.A pixel :�;�<
=D>
is classifiedassmoothif themedianof 8�EGF3H�:�;�JK<
=�JL> over a neigh-
borhoodof :�;�<3=D> is below a thresholdM 9 . In [8] this threshold
wasdeterminedusinga two-level N -meansover the image. As
we showed in [10], this thresholdcanbe determinedby subjec-
tive tests. If the pixel is nonsmooth,then it is further classified
as follows. We computethe percentagefor eachvalue(orienta-
tion) of the index 8 I :�;�JO<3=0JP> in theneighborhoodof :�;�<
=D> . If the
maximumof the percentagesis higherthana thresholdM ? (e.g.,
42%) andthe differencebetweenthe first andsecondmaximais
greaterthana thresholdM�@ , (e.g., 12%), thenthereis a dominant
orientationin the window andthe pixel is classifiedaccordingly.
Otherwise,the pixel is classifiedascomplex. The first threshold
ensurestheexistenceof adominantorientationandtheseconden-
suresits uniqueness.Again,thesethresholdscanbedeterminedby
subjective tests.Theuseof maximumis dueto thefactthatneigh-
boring subbandfilters typically have significantoverlap (e.g., in
the steerablefilter decomposition)andthe maximumcarriessig-
nificantinformationaboutthetextureorientation.

The segmentationalgorithmcombinesthe color composition
andspatialtexture featuresto obtainsegmentsof uniform color
texture. This is donein two steps. The first relies on a multi-
grid regiongrowing algorithmto obtainacrudesegmentation.The
segmentationis crudedueto thefactthattheestimationof thespa-
tial andcolor texture featuresrequiresa finite window. The sec-
ondusesanelaborateborderrefinementprocedure,whichprogres-
sively relieson the color compositionfeaturesto obtainaccurate
andpreciseborderlocalization.

3. MULTISCALE FEATURE EXTRACTION

In ourpreviouswork [7,9,10], weusedaone-level decomposition.
However, humansperceive textureat differentscales.In fact, the
HVS canperceive multiple scalesat the sametime. This is done

Fig. 2. SteerableFilter Frequency Response.Top: One-level De-
composition.Bottom:Two-level Decomposition

throughtheuseof multiplenarrowly tunedspatialfrequency chan-
nels[15]. Thus,it is importantthatacomputer-basedsegmentation
algorithmbeableto detecttexturesat differentscales.While it is
difficult to capturetextureat multiple scalesin thumbnailimages,
multiscalefeatureextractionbecomesnecessaryfor higherreso-
lution images. Multiple scaleanalysiscan alsohelp capturean
objectin differentperspectivesasoneuniform object. In this sec-
tion, we will show how to combinefeaturesfrom differentscales
into anoverall textureclassification.

One of the key ideasin the proposedadaptive color-texture
segmentationapproachis to keepthenumberof textureparameters
small,sothatthey canberobustlyestimatedfromalimitednumber
of pixels thatmaybeavailablein eachregion. Evenif theregions
are large, the changingtexture characteristicsthat are typical in
naturalimagesalsodictatethatwe beableto estimatethetexture
parametersusingasmallwindow. Thus,wewould liketo keepthe
texturecategoriesthesameasweconsidermultiplescales.

Our multiscalefeatureextractionschemeis motivatedby the
following observations.A texturemaybesmoothat a finer scale,
horizontalat a coarserscale,andsmoothagainat anevencoarser
scale. In sucha case,the texturewill beperceived ashorizontal.
If on the otherhand,a texture is horizontalat onescaleandver-
tical at another, thena humancould detectboth orientations.In
sucha case,it would make moresenseto classifythe texture as
complex (giventheabove texturecategories).Finally, if a texture
is complex at onescaleandhorizontalat another, the horizontal
orientationis morelikely to dominatethehumanperception.

Basedon the above observations,we proposethe following
rulesfor extendingtheone-level texturefeatureextractionmethod
to multiplescales:

1. For eachscale,usethetextureextractionmethoddescribed
in theprevioussection.

2. If downsamplingis performedin themultiscaledecompo-
sition, upsamplethe textureclassimagesobtainedat each
scaleto theoriginal imagesize,sothatthetextureclassim-
agesfrom all scaleshave thesamesize.

3. Combinethe texture classesof different scalesusing the
following rules:Q A pixel is classifiedas smoothonly if it is classifiedas
smoothatall of thescales.Q A pixel is classifiedas horizontal,vertical, +45o, or -45o,
if all the scalesareconsistent,whereclassificationin any
given direction at one scaleis consistentwith a complex
or smoothclassificationat anotherscale,but is not consis-
tent with a classificationin any otherdirectionat another
scale.Dueto thecrudenessof thetextureclassification,we
alsoconsiderneighboringdirectionsasconsistentwith each
other.
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Fig. 3. Two-level texturemapbasedon steerablefilter decomposition.(a) Original grayscaleimage. (b) Textureclassesat scale0. (c)
Textureclassesat scale1 (upsampledto original imagesize).(d) Combinedtextureclassification.
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Fig. 4. Spatialtexture featureextraction. (a) Original grayscaleimage. (b) Texture classesfrom steerabledecomposition.(c) Texture
classesfrom Gabordecomposition.

R Pixelsthatdonotsatisfytheaboveconditionsareclassified
ascomplex.

Thus,the complex category includespixels that areclassifiedas
complex at somescalesand smoothat the remainingscales,or
pixelsthathave inconsistentclassificationatdifferentscales.

As we mentionedabove, theuseof multiple scalesis particu-
larly usefulin capturingtexturesshown in differentperspectives.
Figure3 shows thetextureclassificationsthatareobtainedin each
of twodifferentscales,aswell asthecombinedclassification.Note
thatby combiningtextureinformationfrom two scales,thebuild-
ing is consolidatedinto onevertical texture region. Notethat the
horizontallinesaretoo farapartto becapturedby eitherscale.

Finally, we shouldpoint out that thewindow sizethat is nec-
essaryfor detectinga textureshouldincreaseasthescalebecomes
coarser, provided that no downsamplingis performed. On the
otherhand,if thesubbanddecompositionis critically sampled,as
in thecaseof thediscretewavelet transform(DWT), thewindow
shouldbefixedat all scales.Thewindow usedfor computingthe
colorcompositionfeaturesshouldbechosenaccordingly.

4. PERCEPTUAL TUNING

We now discussthe selectionof key parametersof the algorithm
basedonsubjectiveexperiments.But first wediscusstheselection
of themultiscalefilter bank.

4.1. Filter Bank Selection

Wehaveconsideredseveralmultiscalefrequency decompositions.
The simplestis the DWT, which we usedto obtain four texture
classes,namelysmooth,horizontal,vertical, andcomplex. Note
that theDWT cannotdistinguishbetweenthetwo diagonaldirec-
tions. We thenconsideredmoreelaboratedecompositionssuchas
a steerablefilter anda Gabordecomposition,which provide two
moretextureclasses,i.e., +45o and-45o.

We found that the proposedapproachworks effectively with
any complete/overcompletedirectionaldecomposition.We found
thatwhile theperformanceof thealgorithmdependson thestruc-
ture of the frequency decomposition(e.g., the numberof levels
andorientationsandtheir spacing),it is relatively independentof
the detailedfilter characteristics.As we saw in Section2, neigh-
boringorientationfilters typically have significantoverlap.Using
sharperorientationfiltersdoesnotmake muchof adifference,be-
causeit is themaximumof thefilter responsesthatdeterminesthe
textureorientation.Figure4 shows thetexturemapsobtainedby a
one-level steerablepyramiddecompositionin (b) anda one-level
Gabordecompositionin (c),bothwith four orientations.Thesame
procedurewasusedto obtainthetwo texturemaps.TheGaborfil-
tersusedwereof size SUT�S pixels;thefilter designandparameters
werethesameasthosein [16]. In Fig. 4(b) and(c), blackdenotes
smooth,whitedenotescomplex, andlight graydenoteshorizontal
textures. As expected,thereareno major differencesin the two
results.

4.2. Subjective Experiments

Several key parametersof the segmentationalgorithmcanbede-
terminedby subjective tests. Theseincludethe thresholdV'W for
thesmooth/nonsmoothclassificationandthethresholdsnecessary
for determiningif thereis adominantorientation( VGX andV�Y ). An-
otherimportantparameteris the thresholdfor thecolor composi-
tion featuresimilarity.

The subjective experimentsisolatesmall patchesof images
correspondingtohomogeneoustextureandcolordistributions.The
texturepatchesareconsideredoutof context, justasthealgorithm
doesnot make useof any context information.Theparameterse-
lectionsarebasedon a combinationof texturestatisticsandhow
humansperceive textures. For moredetailson thesubjective ex-
periments,1 wereferthereaderto [10,17]. Here,wefocusonhow
thedeterminationof theseparametersis affectedby scale.

1Availableonlineathttp://peacock.ece.utk.edu/FeatureTest/.



Fig. 5. Imagesegmentationbasedonone-level textureclasses.

Fig. 6. Imagesegmentationbasedonmultiscaletextureclasses.

Theexperimentalstimuli consistedof 37uniformcolortexture
segmentsof imagesfrom aphotoCD. Thetextureswereavailable
at four or five scales.By usingtexturesof differentscales,there
wasno needto computetexturestatisticsin severalscales.Thus,
the thresholdsobtainedthis way canbe usedacrossscales. We
useda fixed window sizethat wasreasonablybig (e.g., ZB[]\.ZB[
pixels),sothatseveraltexturescalescanbeperceived.

Note that, by displayingseveral texture scales,we can also
find theminimumscalethatcanbeperceivedat thatwindow size.
Conversely, sincethe minimum window size at which a texture
canbeperceived is inverselyproportionalto thescale,this exper-
iment canbe usedto determinethe minimum window size. The
determinationof sucha minimum window size is importantfor
the performanceof the segmentationalgorithm. This is because,
in order to obtainaccurateborderlocalizationandadaptationto
local texturecharacteristics,it is importantto keepthis parameter
assmallaspossible.Ontheotherhand,thewindow sizeshouldbe
big in orderto obtainaccurateestimatesof thetexturecharacteris-
tics. Thus,it is necessaryto selectthesmallestwindow sizethat
capturesthetexturecharacteristicsatagivenscale.

5. SEGMENTATION RESULTS

Usingthemultiscaletextureclassificationwedevelopedin thispa-
per, togetherwith theperceptuallytunedparameters[10], we can
now obtaina perceptuallytunedmultiscalecolor-texturesegmen-
tation. A comparisonof the segmentationresultsbasedon one-
level textureclassesandmultiscaletextureclassificationis shown
in Figs.5 and6, respectively. In both cases,the texture window
sizewas ZB[!\^ZB[ . Notethatin bothcases,themultiscaleapproach
resultsin improvedsegmentations.
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