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ABSTRACT

We considetheproblemof sggmentingmagesof naturalscenedasedn colorandtexture. A recentlyproposealgorithm

combineknowledgeof humarperceptiorwith anunderstandingf signalcharacteristice orderto sggmentnaturalscenes
into perceptually/semanticallyniformregions.We conductsubjectve teststo determinekey parametersf thisalgorithm,

whichincludethresholddor texture classificatiorandfeaturesimilarity, aswell asthewindow sizefor textureestimation.
The goal of the testsis to relatehumanperceptionof isolated(contet-free) texture patchego imagestatisticsobtained
by the segmentatiorprocedure Thetexture patchesorrespondo homogeneougexture andcolor distributionsandwere

carefully selectedto cover the entire parameteispace. The parameteiestimationis basedon fitting statisticalmodels
to the texture data. Experimentalresultsdemonstratehat this perceptuakuning of the algorithm leadsto significant
improvementsn sggmentatiorperformance.

Keywords: Adaptive clusteringalgorithm, optimal color compositiondistance,steerabledecompositionCBIR, local
medianeneny, spatiallyadaptve dominantcolors

1.INTRODUCTION

We considerthe problemof segmentingimagesof naturalscenesasedon color andtexture. A recentlyproposedalgo-
rithm'=> combinesknowledgeof humanperceptiorwith an understandingf signal characteristicsn orderto segment
naturalscenesnto perceptually/semanticallyniform regions. Segmentationof imagesof naturalsceness particularly
difficult becauseunlike artificial imagesthatare composedf moreor lesspuretextures,the texture characteristicgre
not uniform dueto effectsof lighting, perspectie, scalechangesetc. To accounffor suchcharacteristicghealgorithmis
basedn spatiallyadaptie colorandtexturefeaturesandincorporateperceptuaknowledgebothin thefeatureextraction
techniquesndthe designof the sgmentatiorprocedure.

In this paper we discusssubjectie teststo determinekey parameter®f this algorithm. Suchparametersnclude
thresholddor texture classificatiorandfeaturesimilarity, aswell asthewindow sizefor texture estimation.The purpose
of thetestsis to relatehumanperceptiorof isolated(context-free) patchesof naturaltexturesto imagestatisticsof those
patchesandin particular to the statisticsof the color andtexture featureson which the segmentatioralgorithmis based.
Thus,our goalis to link the statisticsof naturaltexturesto humanperception. This is in contrastto other methodsfor
locatingtexturewithin animage(e.g., Refs.6—8),which aremoread hoc.

Theideaof linking humanperceptiorto the statisticsof naturalimagess well establishedOneapproacho studying
the fundamentapropertiesof humanvisual perceptionis to considerthe naturalervironmentin which it hasevolved?
The conceptthat the statisticsof naturalstimuli musthave influencedthe developmentof the humanvisual systemwas
originally introducedby Field %11 andhasled to extensive measurementsf the spatialandtemporalcharacteristicef
naturalscenes?'# aswell asthe statisticsof naturalilluminantsandreflective surfaces'®

In our subjectve experimentswe usetexture patcheghatcorrespondo homogeneoutexture andcolor distributions.
The parameteestimationis basedn fitting statisticalmodelsto thetexturedata. A preliminaryversionof this work was
presentednh Ref. 16. Sincethen,we have collectedadditionaltexturedata,to make surethatit coverstheentireparameter
spaceandrerunthe subjectve experiments.This paperpresentsa comprehensie review of the experimentalprocedure,
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andalso, pointsout a numberof waysto expandandimprove it. Experimentakesultsdemonstratehat the perceptual
tuningof thealgorithmleadsto significantimprovementsn segmentatiorperformance.

Thepapelis organizedasfollows. In Section2, we presenabrief overview of thesegmentatioralgorithm.In Section3,
we discusghe subjectve experiments An analysisof the experimentaresultscanbefoundin Sectiond. In Section5, we
concludewith acomparisorof algorithmperformancéeforeandafterthe perceptuatuning.

2. SEGMENTATION ALGORITHM OVERVIEW

In this section,we overview the sggmentationalgorithm presentedn Refs.1-3,5. The algorithmis basedon spatially
adaptve color andtexture features.As illustratedin Fig. 1, two typesof featuresaredeveloped,onedescribeghe local
color compositionandthe otherthe spatialcharacteristicef the grayscalecomponenbf the texture. Thesefeaturesare
first developedindependentlyandthencombinedo obtainanoverall sggmentation.

The color featuresdescribethe color compositionin termsof the dominantcolorsand associateghercentages the
vicinity of eachpixel. They are basedon the estimationof the spatially adaptve dominantcolors, which on one hand,
reflectsthe factthatthe humanvisual systemcannotsimultaneouslyerceve a large numberof colors,andon the other,
the factthatimagecolorsare spatiallyvarying. The spatiallyadaptie dominantcolors are obtainedusingthe adaptve
clusteringalgorithm(ACA) for sggmentation’ Thecolorfeaturerepresentatiois asfollows:

fC(Xa Y, Nx,y) = {(Ci (Xa Y, Nx,y), Pi (Xa Y, NX,Y))a i = 1,...,M, Pi (Xa Y, Nx,y) € [05 1]} (1)

whereeachof the dominantcolors, ci(X,y, Ny), is a threedimensionalectorin Lab spaceand pj(X,y, Nyy) is the corre-
spondingpercentageN, y denoteshe neighborhoodiroundthe pixel atlocation(x,y) andM is thetotal numberof colors
in the neighborhoodA typical valueis M = 4. Finally, a perceptuammetric(OCCD)!® is usedto determinethe similarity
of two color featurevectors.

Thespatialtexturefeaturesiescribahe spatialcharacteristicef thegrayscaleeomponenof thetexture,andarebased
on a multiscalefrequeng decompositiorsuchasthe steerablgoyramid!® or the Gabortransform?®  We usethe local
medianenegy of the subbandcoeficientsasa simplebut effective characterizatiof spatialtexture. Medianoperators
tendto respondo texturewithin uniform regionsandsuppressesponseassociatedvith transitionshetweernregions. The
texture featuresconsistof a classificatiorof eachpixel into oneof thefollowing cateyories: smooth horizontal,vertical,
+45°, -45°, andcomplex.

Let so(%,Y), s1(%,Y), S2(X,Y), andssz(x,y) representhe subbandccoeficient at location (x,y) that correspondso the
horizontal,diagonalwith positive slope,vertical, anddiagonalwith negative slopedirections,respectrely. We will use
Smax(%,y) to denotethe maximumabsolutevalue of the four coeficients,and s (x,y) to denotethe subbandndex that
correspondso that maximum. A pixel (x,y) is classifiedas smoothif the medianof snax(X,y) over a neighborhood
of (x,y) is below a thresholdTy. The size of the neighborhoods W x W pixels. In Refs. 3,5, the thresholdTp was
determinedisinga 2-level K-meansover theimage.In thenext sectionwe will seehow this thresholdcanbe determined
by subjectve tests.If the pixel is not smooth thenit is further classifiedasfollows. We computethe percentagéor each
value(orientation)of theindex 5(X,y’) in the neighborhoodf (x,y). If the maximumof the percentageis higherthan
a thresholdT; (e.g., 36%) andthe differencebetweenthe first and secondmaximais greaterthana thresholdT,, (e.g.,
15%), thenthereis a dominantorientationin the window andthe pixel is classifiedaccordingly Otherwise the pixel is
classifiedascomplex. Notethatthefirst thresholdensureshe existenceof a dominantorientationandthe secondensures
its uniquenessAgain, thesethresholdscanbe determinedoy subjectve tests. In Refs.4,21 we shaved that, while the
proposedapproachdependson the structureof the frequeny decompositionit is relatively independenof the detailed
filter characteristics.

In Refs. 3,5, the sizeW of the neighborhoodor the calculationof the texture statisticsdescribedn the previous
paragraptwasbasedon experience.Accurateborderlocalizationandadaptatiorto local texture characteristicglictatea
smallwindow sizeW, while accurateexture estimationdictatesa largeW. As we will seein the next sectionfor each
scale,oneshouldselectthe smallestwindow sizethatcaptureghetexture characteristicsThis canbe basecbn subjectve
tests.

Thesegmentatioralgorithmthencombineghe color andspatialtexturefeatureso obtainsegmentsof uniform texture
within two steps. The first steprelies on a multigrid region growing algorithmto obtaina crude segmentation. The
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Figure 1. Schematiof sggmentatioralgorithm

segmentationis crudedueto thefactthatthe estimationof the spatialandcolor texture featuresequiresa finite window.
This steprequiresa similarity thresholdfor classifyingcolor patchesin the sametexture category. This is a critical
parametethatcanalsobe basedn subjectve experimentsjn Refs.3,5, it wassetbasedon our experience.The second
stepusesanelaboratéorderefinemenprocedurewhichextendstheideaof the ACA!’ to colortexture,andprogressiely
reliesonthe color segmentatiorto obtainaccurateandpreciseborderlocalization.

3. SUBJECTIVE EXPERIMENTS

Severalkey parametersf the sggmentatioralgorithmdescribedn the previous sectioncanbe determinedy subjective
tests. The first suchparameteiis the thresholdTy for the smooth/nonsmootblassification. In Refs. 1-5 we usedthe
K-meansalgorithmto determinethis threshold. This relies solely on individual imagestatistics. It is moreappropriate,
however, to basethis decisionon how humansperceve texturesandthe correspondingexture statistics. Two additional
parameter¢T; andT,) arenecessaryn orderto further classifythe nonsmoothareasinto horizontal,vertical, +45’, -45’,
and comple categories. Another critical parameteis the window sizethatis usedfor the determinatiorof the texture
features.As we discussedn the previous section,in orderto allow accurateborderlocalizationand adaptatiorto local
texture characteristicsit is importantto keepthis parameteas small as possible. On the otherhand,the window size
shouldbebig in orderto obtainaccurateestimate®f thetexture characteristicsThus, it is necessaryo selectthe smallest
window sizethat captureghe texture characteristicat a given scale. This canalsobe obtainedthroughsubjectve tests.
Finally, anotherimportantparameteis thethresholdfor the color compositiorfeaturesimilarity.

Thegoalof theexperimentsdescribedn Refs.22—24wasto (a) determingperceptuatategoriesfor photographiém-
agesj(b) derive semantimamedor thesecateyories;and(c) identify low-level featureghatdescribesachcatayory. These
experimentdealtwith theimageasawhole. In contrastour experimentssolatesmall patcheof imagescorresponding
to homogeneoutexture andcolor distributions. It is importantthat suchpatchese considereaut of context, justasthe
algorithmsdo not make useof ary contect information.Moreover, the subjectanustnot have seenary of theimagesfrom
which the color-texture patcheswvere obtained,andthus, the judgmentshouldbe solely basedon what they seeon the
screen.Of course this doesnot guaranteghatthe obsenerscannotderive ary contect from the sceneshemseles(e.g.,
familiarobjects).Ourgoalis to determinavhatinformationsuchsmallimagepatchegdevoid of context) corvey to human
obsenersandto relatethoseto theimagestatistics.Thus,our experimentsareaimeddirectly at the problemof identifying
perceptuallymportantlow-level featureghatcanbe usedfor imagesegmentatiorandanalysis.

Experimental setup

Thesetupfor our subjectve experimentdasbeenimplementedn JAVA andhasbeenpublishedontheweh* Thesubjects
werepeoplewith normalor correctedvision andnormalcolor vision. Theviewing distancewvasabouttwo feetfrom the
computerdisplay i.e., atypical viewing distancefor a personsitting in front of a computer The subjectswvereadvised
not to move their headtoo closeto the display Therewereno otherrestrictionson viewing conditions. The testimages

*http://duna.ece.northwestern.edu/Featursil



Figure 2. Examplef Color Texture Patternsused

weredisplayedon a CRT displaywith resolution1280x 1024 pixels; the color resolutionwas 24 bits. Throughoutthe
experiment,theimagesweredisplayedagainsta neutralgray background.However, the subjectswvereallowedto adjust
thebackgrouncdtolorfor thebest/clearestiew of thecolortextures.

Thestimuli consistedf 277 uniform color texture sgments.Thosewereobtainedrom 37 photoCD imagesof 35mm
KodakChromeslides,aswell asimagescapturedwvith a5 Mpixel Nikon Coolpix 5400digital camerawith uncompressed
TIFF settingsat 2592x 1944 pixel resolution. The photo CD imageswere available at four or five scales,while the
digital camergicturesweredownsampledo obtainadditionalscalesThus,in contrasto mary of theimagesusedto test
the algorithm? the experimentalstimuli consistef high-qualityuncompresseiinages. Several examplesareshowvn in
Fig. 2. Theonly constrainbnthesubjectmatterwasthatall thestimuli wereimagesof “naturaltextures, i.e., nosynthetic,
medical,microscopicgtc.imagesvereallowed. We useda squareshapedvindow throughouur experiments.

The experimentalstimuli werecarefully selectedo cover the entire parametespace namely the local medianof the
maximumabsolutevaluesmax(x,y) of thesubbandoeficientsof the steerabldilter decompositiorfin short,local median
enegy). In particular we ensuredhatenoughsampledell into the rangeof 10 to 30in the local medianenegy space,
wherethe thresholdfor determiningthe texture orientationsvasexpectedto fall. This wasparticularlyimportantfor the
final results.Overall,we hadto useda largernumberof texturepatcheshanthatusedn theexperimenteportedn Ref. 16,
increasinghemfrom from 150to 277. We alsoeliminatedpatchegshatwerenot classifiedasuniform texture by theusers
in the earlierexperiment. The numberof subjectghatparticipatedn the studywas20. Their agesrangedfrom 22 to 50
andincludedbothexpertsandnon-epertsin imageprocessing.

In thefuture,we planto run additionalexperimentsvith moresubjectaisingtheweb-basedhterface.For this, caution
mustbetakenin controllingthe remotedisplayof thetestimages.In particulay it is importantto controlthevisualangle
(cyclesperpixel) of the displayedmages.This canbe accomplishedvith a combinationof imagesize (by interpolation)
andviewing distanceadjustmentsThe necessaradjustmentganbe determinedy displayinga testbarthatthe usercan
measureAs the humanvisual systemhasstrongcolor adaptationandin agreementvith previous studiesthatreportthat
texture perceptionis not too sensitve to color variations,it is expectedthatdifferencesn the color renditionsby remote
displayswill have little impacton the subjectve experiments.Hence,we do not plan ary elaboratecolor control of the
display We now describahe subjectve experimentsn moredetail.



Experiment 1: Texture classification

In this experimentthe subjectsvereasledto classifya color texture patterninto oneof thefollowing threecateyories:

Smooth:imageswith uniform or slowly varyingintensitythatcontainno objectsor sharpboundaries.

Texture: Imagesof approximatelyuniformtexture patterns Sincenaturaltexturesareoftenstatisticallynonuniform,
slowly varyingtexture patternshouldbeincludedin this category.

Other: Neithersmoothnor texture, suchasimageswith multiple objectsor regions.

Note thatthe last cateyory is importantin orderto filter out sggmentsthat do not containperceptuallyuniform textures.
Eventually however, all nonuniformsegmentscan be eliminatedfrom the setof testpatternsin orderto speedup the
experimentabrocedure.

Thesubjectswverealsoaskedto furtherclassifythe “texture” imagesinto oneof the following cateyoriesbasedon the
perceveddominantorientations:

Horizontal
\ertical
+45°

-45°
Comple

As we pointedout above, in all of theseexperimentsthe “no context” requirements crucialin orderto approximateas
closelyaspossiblethe context thatthe segmentatiomalgorithmfaces.

The size of texture window is animportantparameteof this experiment. The window mustbe large enoughfor a
humanobsenerto perceveary texture. Ontheotherhand,t mustbekeptsmallin orderto avoid significantchangesn the
spatiallyvaryingtexture characteristicsThewindow sizethatwe usedfor the subjectve experimentavas23 x 23 pixels.
As we saw above, ary windows thatmay containregion boundariesvill befilteredout by theexperimentaprocedure.

Experiment 1a: Minimum window size

Humansperceve textureat differentscales At eachscalea minimalwindow sizeis requiredin orderto identify atexture.
Thisis truefor bothhumanperceptiorandcomputerbasedexturerecognition.ln Experimentl, we useda fixedwindow
sizefor all scales.At thatwindow size,severaltexture scalescanbe perceved. However, by displayingseveral texture
scaleswe canfind the minimumscalethatcanbe percevedat thatwindow size. Cornversely sincethe minimumwindow
sizeatwhich atexturecanbepercevedis inverselyproportionalto the scale this experimentcanbe usedto determinghe
minimumwindow size.However, atthewriting of this papemwe did nothave enoughdatato make areliabledetermination
of theminimumwindow size.

Experiment 2: Texture similarity

The goal of this experimentis to establisha thresholdfor the similarity of the color compositiontexture features.In the
subjectve test,two colortexture segmentswveredisplayedsideby side,andthesubjectsvereaslkedto provide a similarity
scorefor thedisplayedexture patterns The optionswere:

Samdexture
\ery similar
Similar
Somevhatsimilar
Totally different



No definition of similarity wasgiven. The testincludedsegmentsfrom the sametexture and segmentsthat the subject
classifiedinto the samecateyory in Experimentl. It is highly unlikely, of course that texturesbelongingto different
catagyorieswill beclassifiedasanything but “totally different! Thiswascritical in reducingthe overalllengthof thetest.

As we will seein the discussiorof the experimentalresultsbelov, we found thatthe middle cateyory was usedfor
imagepairsaboutwhich they wereuncertain.So, thefollowing setof nameswvould moreappropriatdor this experiment:

Samdexture

Similar

Uncertain (Alternatively, this category may be droppedcompletelyin orderto force the userto selectone of the
othercategories.)

Somevhatsimilar

Dissimilar

4. ANALYSIS OF EXPERIMENT AL RESULTS

We now analyzetheresultsof the experimentsaandusethemto tunethe sggmentatioralgorithm.

Smoothvs. nonsmoothclassification

A numberof researcherbave attemptedo answerthe questionof whethera texture existsin animage. CrossandJairf®

useaMarkov randonfield basednodelto differentiateextureregionsfrom regionsthatcontainonly white noise.Dinstein
etal.® classifya pixel as“texture” by simply thresholdinghe differencebetweerthe maximumandminimumgrayvalues
within its neighborhoodKaru etal.” locatea texture of givencoarsenessasedn densityof thelocal grayscalextrema;
they assumeahatthe scaleat which the texture needsto be extractedis known. Palmerand Petro& locatethe textured
regionboundariesn remotelysensedmagesby usingthe concepbf “free angle”"togethemwith mathematicatnorphology
In contrastwe basethe smoothvs. nonsmoottclassificatioron modelsof the statisticsof naturalimagesextractedfrom

datacollectedin Experimentl.

Asthesubjeciudgmentssaried,theimagecategorywasdeterminedisinga “majority wins” rule,i.e., thecategyory that
recevesmorethanhalf of the votesis chosenNotethatthe majority canbe definedin a strictersensghigherthan50%).
Oncethetexture catggory wasdeterminedye analyzedheimagesegmentsin the smoothandnonsmootttateyories.We
obtainedthe steerablgpyramid decompositiorof eachimageand calculatedthe medianenepgy of syax over the image
segmentthatwasdisplayedo the subjects We thencollectedthe medianenepgy valuesfor eachof thetexturesthatwere
classifiedassmoothandnonsmoothandtried differentdistributionsin orderto find the bestfit. We foundthatthe Log
Normal modelis the bestin termsof accurag and simplicity. Both the Kolmogoros-Smirnor testandthe Chi-square
testindicatedthat the differencebetweenthe empirical and theoreticalcumulative distributionsis not significantat the
significancdevel of a = 0.05. The modelswe obtainedfor the smoothandnonsmootttlassesrelLogN(0.73,1.20) and
LogN(4.27,1.23), respectiely, wherethe first parametedenoteghe meanandthe secondthe standarddeviation of the
distribution. Figure 3 shaws the fitted Log Normal distribution for the smoothand nonsmoothclasses.Whenthe two
classesareequiprobablethe thresholdbelon which a pixel is classifiedassmoothis 12.11, whichiis the point wherethe
two modelsintersect. The thresholdis a function of the meansand standarddeviationsof the two distributionsandthe
probabilityof occurrencef eachclass.

Thesmooth/nonsmoottieterminatiorcannow bebasednthethresholdorovidedby theabove subjectve experiment.
As we saw above, this thresholdshouldalsodependn the probability of occurrencef eachclass.This probability could
be determinedor eachimageusingthe following iterative scheme.First, aninitial classificationis obtainedassuming
equalprobabilityfor the smoothandnonsmootttlassesTheprobabilityof the smoothclassis thenrecalculatedasedn
currentclassificatiorandthethresholdupdated Thethresholdingandprobabilityupdatingorocedures thenrepeatedintil
convergence.Notethatin this casethereis no needfor a clustervalidationtest,in contrastto the K-meansclassification
procedureusedin Refs.1-3. We alsoavoid otherbiaseghatcanarisein the K-meanslusteringprocedurefor example,
whenoneclusteris muchstrongerthanthe other Overall, basedon experimentatiorwith hundredf imagesthe useof
modelsof naturalimagesstatistics providesa moreaccurateandrobustclassification.



Figure 3. Distribution of smoothandnonsmootttlasses

Texture orientation determination

As we saw Section2, the determinatiorof the texture orientationof the nonsmoottregionsis basedon two thresholdT;
andTy; thesethresholdsensurethe existenceand uniquenes®f a dominantorientation. To obtainthesethresholdswe
collectedall theimagesthatwereclassifiedashaving onedominantorientationin Experimentl. We thencalculatedhe
histogramof maximalindicesovertheimage,andcomputedhe valuesof T; andT,. We thenfoundthe smallestvalueof
T1 andT;, overall subjectsandall imagesandusedthoseasthethresholdsThevalueswe obtainedbasednthe available
datawereT; = 42%andT, = 10%.

Color feature similarity threshold

To obtainthe color featuresimilarity thresholdwe calculatedhe averageOCCD color featuredistanceof all imagepairs
in eachsimilarity cateyory, for eachsubject.In Fig. 4, eachstarrepresentthe averageOCCD color featuredistanceover
all imagepairsclassifiedinto the similarity cateyory by one subject. Recallthat no definition of similarity wasprovided
to the subjects.Post-testinterviews with the subjectsandicatethatthey classifiedimagepairsinto the “totally different”
and“sametexture” catggorieswhenthey werefairly confidentaboutsuchclassificationsn termsof bothcolor andspatial
texture. We alsofoundthatthe subjectgypically usedthe “similar” category for imagepairsaboutwhosesimilarity they

weremostuncertain.Whentwo imagesweresimilar in texture anddifferentin color, they werelikely to be placedin the
“somewvhatsimilar” cateyory. Finally, the “very similar” cateyory wasusedfor texturesthathadsimilar color andspatial
texture, but werenot percevedassampleof the “same”texture. Overall, the subjectsseemedo be quite conserative in

concludingthatimagepairsbelongto the“sametexture”.

Basedontheabove obsenations,we combinedhedatafrom the“sametexture” and“very similar” cateyoriesinto one
groupandthe datafrom the “totally different” and“somewhatsimilar” categoriesinto another The datain the “similar”
catggory werediscarded.We thenfitted distributionsto the two groupsusingproceduresimilar to thosethat wereused
in the smooth/nonsmoothlassification. The fitted distributionswere LogN(0.486,0.243) andN(6.65,6.53) for the two
clusterswhereN(p, o) representshe Normal distribution with meanp andstandarddeviation a. Assumingthatthe two
clustersareequallylik ely, thethresholdthenbecome®.78.

5. PERCEPTUALLY TUNED SEGMENTATION

Basedon the experimentakesultsof the previous sectionswe cannow obtaina perceptuallytunedversionof the color-
texture sggmentatioralgorithm. The segmentatiorresultsbeforeandaftertuningarecomparedn Figs.5 and6, respec-
tively. Theimageresolutiongrom left to right are250x 214,140x 199,149x 180,and162x 190pixels. It is apparenthat



Figure 4. Scattemplot of averageOCCD distanceor all subjects.

perceptuatuningresultsin considerablémprovementin imagesegmentationFor example notethatin thefirstimagethe
edgebetweerthe sky andthe mountainds moreaccuraten the perceptually-tunedegmentation.The perceptually-tuned
resultsalsoappeato resultin fewer, betterdefinedsegmentsgspeciallyin thelastimageon theright.

As we collectdatafrom more subjects more accuratestatisticalmodelscan be obtained,which in turn canleadto
furtherimprovementsn performance.
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