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ABSTRACT

We presenta perceptually-tunednultiscaleimagesegmenta-
tion algorithmthatis basedn spatiallyadaptve color andtexture
features.The proposedalgorithmextendsa previously proposed
approactto includemultiple texture scales.The determinatiorof
the multiscaletexture featuresis basedon perceptuakonsidera-
tions. We alsoexaminethe perceptuatuning of thealgorithmand
how it is affectedby the presencef differenttexture scales.The
multiscaleextensionis necessarjor sggmentinghigherresolution
images,andis particularlyeffective in sggmentingobjectsshavn
in differentperspecties. The performanceof the proposedalgo-
rithm is demonstratedh the domainof photographiémages.

1. INTRODUCTION

Many Content-BasetinageRetrieval (CBIR) systemsely onscene
segmentatiorfor retrieval [1,2]. Thefocusof this paperis on seg-
mentationof imagesof naturalscene$asedn color andtexture.
Sgymentationof naturalimagesis particularly difficult because,
ontheonehand,it is impossibleto separatéhe color andspatial
frequeng component®f eachtexture, andon the other textures
thatappeauniform to the humaneye exhibit nonuniformstatisti-
calcharacteristicdueto effectsof lighting, perspectie, etc. Thus,
the problemof combiningspatialtexture andcolor to obtainseg-
mentationghatareconsistenwith humanperceptions quitechal-
lenging. The key to addressinghis problemis in combiningper
ceptualmodelsandprinciplesaboutthe processingf textureand
colorinformationwith anunderstandingf imagecharacteristics.
Althoughsignificanteffort hasbeendevotedto understandinger
ceptualissuesn imageanalysis€.g., [3-5]), relatively little work
hasbeendonein applyingperceptuaprinciplesto comple scene
sementatiorg.g., [6]).

In [7, 8], we presentedn imagesegmentationalgorithmthat
is basedon spatially adaptve color and spatialtexture features.
The perceptuabspectsof this algorithmwere further developed
in [9, 10], while in [10] we consideredperceptuatuning of the
algorithm basedon subjectve tests. In this paper we consider
multiscalefeatureextractionanddiscusshow the differenttexture
scalesaffect the perceptuatuning of the algorithm. Our earlier
work focusedon smallthumbnailimages Multiple scaledbecome
necessaryvhensggmentinghigherresolutionimages,andarees-
peciallyusefulfor segmentingobjectsshavn in differentperspec-
tives.

The focusof this work is in the domainof photographidm-
ages. The subjectmatterincludesnature,buildings, people,pure
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textures,objects,indoorscenesetc. As we explainedin [7, 8], the
key to the succes®f the proposedapproachs the recognitionof
the factthatit is not necessaryo obtaina completeunderstand-
ing of a givenimage: In mary casesthe identificationof a few
key sggments(suchas“sky,” “mountains; “people’; etc.) maybe
enoughto classifytheimagein agivencateyory.

In Section2, we review the segmentatioralgorithm. The mul-
tiscalefeatureextractionis presentedn Section3. Section4 dis-
cussesheperceptualuningof thealgorithm,andSectiort presents
segmentatiorresults.

2. SEGMENTATION ALGORITHM OVERVIEW

In this sectionwe review the basicelementof theadaptve color
texture sggmentationalgorithmthat was presentedn [8,9]. The
flow chartof the algorithmis shavn in Fig. 1. The algorithmis
basedon two typesof spatiallyadaptve features.Onedescribes
the local color composition,and the other the spatial character
istics of the grayscalecomponenbf the texture. Thesefeatures
arefirst developedindependentlyandthencombinedo obtainthe
overall sgmentation.

The color compositionfeaturesconsistof the (spatiallyadap-
tive) dominantcolorsandassociategercentagem thevicinity of
eachpixel. Theuseof spatiallyadaptve dominantcolorsreflects,
ontheonehand thefactthatthehumanvisualsystemHVS) can-
not simultaneoushperceve a large numberof colors,andon the
other thefactthatimagecolorsarespatiallyvarying. Thespatially
adaptve dominantcolorsare obtainedusingthe adaptve cluster
ing algorithm(ACA) for sggmentatior{11]. Thecolorfeaturerep-
resentatioris asfollows:

fc(x,y,Nm,y) = {(ci(m,y,Nm,y),pi(x,y, NE,!I)):
7/:]-7 7M7p1(x1y7N50,y)€ [071]} (1)

whereeachof the dominantcolors, ¢;(z,y, N ), is a threedi-

mensionalvector in Lab spaceand p;(z,y, Ns,y) is the corre-
spondingpercentage N, , denoteghe neighborhoodiroundthe
pixel atlocation(z,y) and M is thetotal numberof colorsin the
neighborhoodA reasonablehoiceis M = 4. Finally, apercep-
tualmetric(OCCD)[12] is usedto determinghesimilarity of two

colorfeaturevectors.

The spatialtexture featuresdescribethe spatial characteris-
tics of the grayscalecomponentf the texture,andarebasedon a
multiscalefrequeng decompositiorsuchasthe steerablgyramid
[13] or the Gabortransform[14]. Suchdecompositionfave been
widely usedasdescription®f earlyvisualprocessingn mammals.
We usethe local medianenegy of the subbandcoeficientsasa
simplebut effective characterizatioof spatialtexture. Medianop-
eratorgendto respondo texture within uniform regionsandsup-
pressesponseassociatedvith transitionsbetweerregions.n [9]

© IEEE 2004



original image
]

color rayscale
+ + gray:

color composition spatial texture
feature extraction feature extraction
| ]

Y

| crude segmentation |

¥

| iterative border refinement |

Y

final segmentation

Fig. 1. Schematiof sggmentatioralgorithm

we usedaone-level steerabldilter decompositionwith four orien-
tations,asshavn in Fig. 2 (left). Thetexturefeatureghenconsist
of a classificationof eachpixel into one of the following cate-
gories:smooth, horizontal, vertical, +45°, -45°, andcomplex.

The spatial texture featureextraction consistsof two steps.
First we classify pixels into smoothand nhonsmoothcateories.
Thenwe furtherclassifynonsmoottpixelsinto the remainingcat-
egories. Let so(z,y), si1(z,y), s2(z,y), andss(z, y) represent
the subbanctoeficient at location (z, y) that correspondso the
horizontal +45, vertical,and-45slopedirectionsyespectiely, as
shavn in Fig. 2 (left). We usesmax(z, y) to denotethemaximum
absolutevalueof the four coeficients,ands;(z, y) to denotethe
subbandndex thatcorrespondso that maximum. A pixel (z, y)
is classifiedassmoothif the medianof smax(z’, ') overaneigh-
borhoodof (z,y) is belav athresholdTy. In [8] this threshold
was determinedusing a two-level K-meansover the image. As
we shaved in [10], this thresholdcan be determinedby subjec-
tive tests. If the pixel is nonsmooththenit is further classified
asfollows. We computethe percentagdor eachvalue (orienta-
tion) of theindex s;(z’,y') in the neighborhooaf (z, ). If the
maximumof the percentagess higherthana thresholdT; (e.g.,
42%) andthe differencebetweerthe first and secondmaximais
greaterthanathresholdT, (eg., 12%),thenthereis a dominant
orientationin the window andthe pixel is classifiedaccordingly
Otherwise the pixel is classifiedascomple. The first threshold
ensuresheexistenceof adominantorientationandtheseconden-
suredts uniguenessAgain, thesehresholdsanbedeterminedy
subjectve tests. Theuseof maximumis dueto thefactthatneigh-
boring subbandilters typically have significantoverlap (e.g., in
the steerabldilter decompositionandthe maximumcarriessig-
nificantinformationaboutthe texture orientation.

The sggmentationalgorithmcombinesthe color composition
and spatialtexture featuresto obtain segmentsof uniform color
texture. This is donein two steps. The first relies on a multi-
grid regiongrowing algorithmto obtainacrudeseggmentationThe
segmentatioris crudedueto thefactthattheestimatiorof the spa-
tial and color texture featuresrequiresa finite window. The sec-
ondusesanelaboratéorderrefinemenprocedurewhichprogres-
sively relieson the color compositionfeaturesto obtainaccurate
andpreciseborderlocalization.

3. MULTISCALE FEATURE EXTRACTION

In ourpreviouswork[7,9,10], we useda one-level decomposition.
However, humansperceve texture at differentscales.In fact, the
HVS canperceve multiple scalesat the sametime. This is done

Lo
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Fig. 2. Steerabld-ilter Frequeng ResponseTop: One-level De-
composition.Bottom: Two-level Decomposition

throughtheuseof multiple narravly tunedspatialfrequeng chan-
nels[15]. Thus,it isimportantthatacomputetbasedsegmentation
algorithmbe ableto detecttexturesat differentscales.While it is

difficult to capturetexture at multiple scalesn thumbnailimages,
multiscalefeatureextraction becomesecessaryor higherreso-
lution images. Multiple scaleanalysiscan also help capturean

objectin differentperspectiesasoneuniform object. In this sec-
tion, we will shav how to combinefeaturesrom differentscales
into anoverall textureclassification.

One of the key ideasin the proposedadaptve colortexture
segmentatiorapproachs to keepthenumberof textureparameters
small,sothatthey canberobustly estimatedrom alimited number
of pixelsthatmaybeavailablein eachregion. Evenif theregions
are large, the changingtexture characteristicshat are typical in
naturalimagesalsodictatethatwe be ableto estimatethe texture
parametersisingasmallwindow. Thus,wewouldliketo keepthe
texture categyoriesthe sameaswe considemultiple scales.

Our multiscalefeatureextractionschemds motivatedby the
following obserations. A texture may be smoothat a finer scale,
horizontalat a coarserscale,andsmoothagainat aneven coarser
scale. In sucha case the texture will be perceved ashorizontal.
If onthe otherhand,atextureis horizontalat onescaleandver-
tical at another thena humancould detectboth orientations. In
sucha case,it would make more senseto classifythe texture as
comple (giventhe above texture catgyories). Finally, if atexture
is comple at one scaleand horizontalat anothey the horizontal
orientationis morelik ely to dominatethe humanperception.

Basedon the abore obsenrations, we proposethe following
rulesfor extendingthe one-level texturefeatureextractionmethod
to multiple scales:

1. For eachscale,usethetexture extractionmethoddescribed
in theprevioussection.

2. If downsamplingis performedin the multiscaledecompo-
sition, upsamplehe texture classimagesobtainedat each
scaleto theoriginalimagesize,sothatthetextureclassim-
agedrom all scaleshave thesamesize.

3. Combinethe texture classeof different scalesusing the
following rules:

e A pixel is classifiedas smoothonly if it is classifiedas
smoothatall of thescales.

o A pixel is classifiedas horizontal,vertical, +45, or -45’,
if all the scalesare consistentwhereclassificationin ary
given direction at one scaleis consistentwith a comple
or smoothclassificatiorat anotherscale,but is not consis-
tentwith a classificationin ary otherdirectionat another
scale.Dueto the crudenessf thetextureclassificationwe
alsoconsidemneighboringlirectionsasconsistentvith each
other
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Fig. 3. Two-level texture mapbasedon steerabldilter decomposition.(a) Original grayscaleémage. (b) Texture classest scale0. (c)
Textureclassest scalel (upsampledo originalimagesize).(d) Combinedexture classification.
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Fig. 4. Spatialtexture featureextraction. (a) Original grayscaleémage. (b) Texture classedrom steerabledecomposition.(c) Texture

classegrom Gabordecomposition.

e Pixelsthatdo notsatisfytheabove conditionsareclassified
ascomple.

Thus, the complex catgory includespixels that are classifiedas
complex at somescalesand smoothat the remainingscales,or
pixelsthathave inconsistentlassificatiorat differentscales.

As we mentionedabove, the useof multiple scaless particu-
larly usefulin capturingtexturesshavn in differentperspecties.
Figure3 shavs thetexture classificationshatareobtainedn each
of two differentscalesaswell asthecombinectlassificationNote
thatby combiningtextureinformationfrom two scalesthe build-
ing is consolidatednto onevertical texture region. Notethatthe
horizontallinesaretoo far apartto be captureddy eitherscale.

Finally, we shouldpoint out thatthe window sizethatis nec-
essanyffor detectingatextureshouldincreasesthescalebecomes
coarseyr provided that no dovnsamplingis performed. On the
otherhand,if the subbandlecompositioris critically sampledas
in the caseof the discretewavelettransform(DWT), the window
shouldbe fixedat all scales.Thewindow usedfor computingthe
colorcompositiorfeatureshouldbe choseraccordingly

4. PERCEPTUAL TUNING
We now discussthe selectionof key parametersf the algorithm

basedn subjectie experimentsBut first we discusghe selection
of themultiscaléfilter bank.

4.1. Filter Bank Selection

We have consideredereralmultiscalefrequeng decompositions.

The simplestis the DWT, which we usedto obtainfour texture
classesnamelysmooth,horizontal,vertical, and complex. Note
thatthe DWT cannotdistinguishbetweerthe two diagonaldirec-
tions. We thenconsiderednoreelaboratelecompositionsuchas
a steerabldilter anda Gabordecompositionwhich provide two
moretextureclassesi.e., +45° and-45'".

We found thatthe proposedapproachworks effectively with
ary complete/wercompletedirectionaldecompositionWe found
thatwhile the performancef the algorithmdependon the struc-
ture of the frequeng decompositione.g., the numberof levels
andorientationsandtheir spacing),t is relatively independenof
the detailedfilter characteristicsAs we sav in Section2, neigh-
boring orientationfilters typically have significantoverlap. Using
sharperientationfilters doesnot make muchof adifferencebe-
causet is themaximumof thefilter responsethatdetermineghe
textureorientation.Figure4 shavs thetexture mapsobtainecby a
one-level steerablgoyramid decompositionn (b) anda one-level
Gabordecompositiorin (c), bothwith four orientations Thesame
proceduravasusedto obtainthetwo texturemaps.The Gaborfil-
tersusedwereof size9 x 9 pixels;thefilter designandparameters
werethesameasthosein [16]. In Fig. 4(b) and(c), blackdenotes
smooth white denotesomple, andlight gray denotesorizontal
textures. As expected thereare no major differencesn the two
results.

4.2. Subjective Experiments

Severalkey parametersf the sgmentationalgorithmcanbe de-
terminedby subjectve tests. Theseincludethe thresholdTy for
the smooth/nonsmootblassificatiorandthe thresholdsecessary
for determiningf thereis adominantorientation(77 andT%). An-
otherimportantparameteis the thresholdfor the color composi-
tion featuresimilarity.

The subjectve experimentsisolate small patchesof images
correspondingp homogeneoutextureandcolordistributions. The
texturepatchesareconsideredut of context, justasthealgorithm
doesnot make useof ary context information. The parametese-
lectionsarebasedon a combinationof texture statisticsand how
humansperceve textures. For moredetailson the subjectve ex-
periments, wereferthereadetto [10,17]. Here,wefocusonhow
thedeterminatiorof theseparameterss affectedby scale.

1Availableonlineat http: /peacodk.ece.utk.edu/FeatureTest/.
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Fig. 6. Imagesegmentatiorbasecn multiscaletexture classes.

Theexperimentaktimuli consisteaf 37 uniformcolortexture
segmentsof imagesrom a photoCD. Thetextureswereavailable
at four or five scales.By usingtexturesof differentscalesthere
wasno needto computetexture statisticsin several scales.Thus,
the thresholdsobtainedthis way can be usedacrossscales. We
useda fixed window size that wasreasonablig (e.g., 23 x 23
pixels),sothatsereraltexture scalescanbe perceved.

Note that, by displayingseveral texture scales,we canalso
find theminimum scalethatcanbe perceved atthatwindow size.
Conversely sincethe minimum window size at which a texture
canbe percevedis inverselyproportionalto the scale this exper
iment canbe usedto determinethe minimumwindow size. The
determinationof sucha minimum window size is importantfor
the performanceof the sggmentationalgorithm. This is because,
in orderto obtainaccurateborderlocalizationand adaptatiorto
local texture characteristicgt is importantto keepthis parameter
assmallaspossible Ontheotherhand thewindow sizeshouldbe
big in orderto obtainaccurateestimate®f thetexture characteris-
tics. Thus, it is necessaryo selectthe smallestwindow sizethat
captureghetexture characteristicatagivenscale.

5. SEGMENTATION RESULTS

Usingthemultiscaletextureclassificatiorwe developedin this pa-
per, togetherwith the perceptuallytunedparameter§10], we can
now obtaina perceptualljtunedmultiscalecolor-texture segmen-
tation. A comparisonof the sggmentationresultsbasedon one-
level texture classesandmultiscaletexture classificatioris shavn

in Figs.5 and®6, respectrely. In both casesthe texture windowv

sizewas23 x 23. Notethatin bothcasesthemultiscaleapproach
resultsin improved segmentations.
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