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ABSTRACT

Weconsidertheproblemof segmentingimagesof naturalscenesbasedoncolorandtexture.A recentlyproposedalgorithm
combinesknowledgeof humanperceptionwith anunderstandingof signalcharacteristicsin ordertosegmentnaturalscenes
into perceptually/semanticallyuniformregions.Weconductsubjectiveteststo determinekey parametersof thisalgorithm,
which includethresholdsfor textureclassificationandfeaturesimilarity, aswell asthewindow sizefor textureestimation.
The goalof the testsis to relatehumanperceptionof isolated(context-free) texture patchesto imagestatisticsobtained
by thesegmentationprocedure.Thetexturepatchescorrespondto homogeneoustextureandcolor distributionsandwere
carefully selectedto cover the entireparameterspace. The parameterestimationis basedon fitting statisticalmodels
to the texture data. Experimentalresultsdemonstratethat this perceptualtuning of the algorithm leadsto significant
improvementsin segmentationperformance.

Keywords: Adaptive clusteringalgorithm,spatiallyadaptive dominantcolors, local medianenergy, content-basedim-
ageretrieval (CBIR), perceptualmodels,naturalimagestatistics,featureextraction,statisticalmodeling,optimal color
compositiondistance,steerablefilter decomposition

1. INTRODUCTION

We considertheproblemof segmentingimagesof naturalscenesbasedon color andtexture. A recentlyproposedalgo-
rithm1–5 combinesknowledgeof humanperceptionwith an understandingof signalcharacteristicsin orderto segment
naturalscenesinto perceptually/semanticallyuniform regions. Segmentationof imagesof naturalscenesis particularly
difficult because,unlike artificial imagesthat arecomposedof moreor lesspuretextures,the texture characteristicsare
notuniformdueto effectsof lighting, perspective,scalechanges,etc.To accountfor suchcharacteristics,thealgorithmis
basedonspatiallyadaptivecolorandtexturefeatures,andincorporatesperceptualknowledgebothin thefeatureextraction
techniquesandthedesignof thesegmentationprocedure.

In this paper, we discusssubjective teststo determinekey parametersof this algorithm. Suchparametersinclude
thresholdsfor textureclassificationandfeaturesimilarity, aswell asthewindow sizefor textureestimation.Thepurpose
of the testsis to relatehumanperceptionof isolated(context-free)patchesof naturaltexturesto imagestatisticsof those
patches,andin particular, to thestatisticsof thecolor andtexturefeatureson which thesegmentationalgorithmis based.
Thus,our goal is to link the statisticsof naturaltexturesto humanperception.This is in contrastto othermethodsfor
locatingtexturewithin animage(e.g., Refs.6–8),whicharemoreadhoc.

Theideaof linking humanperceptionto thestatisticsof naturalimagesis well established.Oneapproachto studying
the fundamentalpropertiesof humanvisual perceptionis to considerthe naturalenvironmentin which it hasevolved.9

The conceptthat the statisticsof naturalstimuli musthave influencedthe developmentof the humanvisual systemwas
originally introducedby Field,10,11 andhasled to extensive measurementsof thespatialandtemporalcharacteristicsof
naturalscenes,12–14 aswell asthestatisticsof naturalilluminantsandreflectivesurfaces.15

In oursubjectiveexperiments,weusetexturepatchesthatcorrespondto homogeneoustextureandcolor distributions.
Theparameterestimationis basedon fitting statisticalmodelsto thetexturedata.A preliminaryversionof this work was
presentedin Ref.16. Sincethen,wehavecollectedadditionaltexturedata,to makesurethatit coverstheentireparameter
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space,andrerunthesubjective experiments.This paperpresentsa comprehensive review of theexperimentalprocedure,
andalso,pointsout a numberof waysto expandandimprove it. Experimentalresultsdemonstratethat the perceptual
tuningof thealgorithmleadsto significantimprovementsin segmentationperformance.

Thepaperisorganizedasfollows. In Section2,wepresentabriefoverview of thesegmentationalgorithm.In Section3,
wediscussthesubjectiveexperiments.An analysisof theexperimentalresultscanbefoundin Section4. In Section5, we
concludewith acomparisonof algorithmperformancebeforeandaftertheperceptualtuning.

2. SEGMENTATION ALGORITHM OVERVIEW

In this section,we overview the segmentationalgorithmpresentedin Refs.1–3,5. The algorithmis basedon spatially
adaptive color andtexture features.As illustratedin Fig. 1, two typesof featuresaredeveloped,onedescribesthe local
color composition,andtheotherthespatialcharacteristicsof thegrayscalecomponentof thetexture. Thesefeaturesare
first developedindependently, andthencombinedto obtainanoverallsegmentation.

Thecolor featuresdescribethe color compositionin termsof the dominantcolorsandassociatedpercentagesin the
vicinity of eachpixel. They arebasedon the estimationof the spatiallyadaptive dominantcolors,which on onehand,
reflectsthe fact that thehumanvisualsystemcannotsimultaneouslyperceive a largenumberof colors,andon theother,
the fact that imagecolorsarespatiallyvarying. The spatiallyadaptive dominantcolorsareobtainedusingthe adaptive
clusteringalgorithm(ACA) for segmentation.17 Thecolor featurerepresentationis asfollows:

fc ; x < y< Nx = y >@?BAC; ci ; x < y< Nx = y > < pi ; x < y< Nx = y >D> < i ? 1 <DEDEFEF< M < pi ; x < y< Nx = y >HG:I 0 < 1JLK (1)

whereeachof thedominantcolors,ci ; x < y< Nx= y > , is a threedimensionalvectorin Lab spaceandpi ; x < y< Nx = y > is thecorre-
spondingpercentage.Nx = y denotestheneighborhoodaroundthepixel at location ; x < y> andM is thetotal numberof colors
in theneighborhood.A typical valueis M ? 4. Finally, a perceptualmetric(OCCD)18 is usedto determinethesimilarity
of two color featurevectors.

Thespatialtexturefeaturesdescribethespatialcharacteristicsof thegrayscalecomponentof thetexture,andarebased
on a multiscalefrequency decompositionsuchasthe steerablepyramid19 or the Gabortransform.20 We usethe local
medianenergy of thesubbandcoefficientsasa simplebut effective characterizationof spatialtexture. Medianoperators
tendto respondto texturewithin uniformregionsandsuppressresponsesassociatedwith transitionsbetweenregions.The
texturefeaturesconsistof a classificationof eachpixel into oneof thefollowing categories:smooth,horizontal,vertical,
+45o, -45o, andcomplex.

Let s0 ; x < y> , s1 ; x < y> , s2 ; x < y> , ands3 ; x < y> representthe subbandcoefficient at location ; x < y> that correspondsto the
horizontal,diagonalwith positive slope,vertical,anddiagonalwith negative slopedirections,respectively. We will use
smax ; x < y> to denotethe maximumabsolutevalueof the four coefficients,andsi ; x < y> to denotethe subbandindex that
correspondsto that maximum. A pixel ; x < y> is classifiedassmoothif the medianof smax ; xMN< yM > over a neighborhood
of ; x < y> is below a thresholdT0. The size of the neighborhoodis W O W pixels. In Refs.3,5, the thresholdT0 was
determinedusinga 2-level K-meansover theimage.In thenext section,wewill seehow this thresholdcanbedetermined
by subjective tests.If thepixel is not smooth,thenit is furtherclassifiedasfollows. We computethepercentagefor each
value(orientation)of the index si ; xMN< yM > in theneighborhoodof ; x < y> . If themaximumof thepercentagesis higherthan
a thresholdT1 (e.g., 36%) andthe differencebetweenthe first andsecondmaximais greaterthana thresholdT2, (e.g.,
15%), thenthereis a dominantorientationin thewindow andthepixel is classifiedaccordingly. Otherwise,thepixel is
classifiedascomplex. Notethatthefirst thresholdensurestheexistenceof a dominantorientationandthesecondensures
its uniqueness.Again, thesethresholdscanbe determinedby subjective tests. In Refs.4,21 we showed that, while the
proposedapproachdependson the structureof the frequency decomposition,it is relatively independentof the detailed
filter characteristics.

In Refs.3,5, the sizeW of the neighborhoodfor the calculationof the texture statisticsdescribedin the previous
paragraphwasbasedon experience.Accurateborderlocalizationandadaptationto local texturecharacteristicsdictatea
smallwindow sizeW, while accuratetextureestimationdictatesa largeW. As we will seein thenext section,for each
scale,oneshouldselectthesmallestwindow sizethatcapturesthetexturecharacteristics.Thiscanbebasedon subjective
tests.
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Figure1. Schematicof segmentationalgorithm

Thesegmentationalgorithmthencombinesthecolorandspatialtexturefeaturesto obtainsegmentsof uniformtexture
within two steps. The first steprelies on a multigrid region growing algorithm to obtain a crudesegmentation. The
segmentationis crudedueto thefactthat theestimationof thespatialandcolor texturefeaturesrequiresa finite window.
This steprequiresa similarity thresholdfor classifyingcolor patchesin the sametexture category. This is a critical
parameterthatcanalsobebasedon subjective experiments;in Refs.3,5, it wassetbasedon our experience.Thesecond
stepusesanelaborateborderrefinementprocedure,whichextendstheideaof theACA17 to colortexture,andprogressively
relieson thecolorsegmentationto obtainaccurateandpreciseborderlocalization.

3. SUBJECTIVE EXPERIMENTS

Severalkey parametersof thesegmentationalgorithmdescribedin theprevioussectioncanbedeterminedby subjective
tests. The first suchparameteris the thresholdT0 for the smooth/nonsmoothclassification. In Refs.1–5 we usedthe
K-meansalgorithmto determinethis threshold.This reliessolelyon individual imagestatistics.It is moreappropriate,
however, to basethis decisionon how humansperceive texturesandthecorrespondingtexturestatistics.Two additional
parameters(T1 andT2) arenecessaryin orderto furtherclassifythenonsmoothareasinto horizontal,vertical,+45o, -45o,
andcomplex categories. Anothercritical parameteris the window sizethat is usedfor the determinationof the texture
features.As we discussedin the previoussection,in orderto allow accurateborderlocalizationandadaptationto local
texture characteristics,it is importantto keepthis parameterassmall aspossible. On the otherhand,the window size
shouldbebig in orderto obtainaccurateestimatesof thetexturecharacteristics.Thus,it is necessaryto selectthesmallest
window sizethatcapturesthe texturecharacteristicsat a givenscale.This canalsobeobtainedthroughsubjective tests.
Finally, anotherimportantparameteris thethresholdfor thecolor compositionfeaturesimilarity.

Thegoalof theexperimentsdescribedin Refs.22–24wasto (a) determineperceptualcategoriesfor photographicim-
ages;(b) derivesemanticnamesfor thesecategories;and(c) identify low-level featuresthatdescribeeachcategory. These
experimentsdealtwith the imageasa whole. In contrast,our experimentsisolatesmallpatchesof imagescorresponding
to homogeneoustextureandcolor distributions. It is importantthatsuchpatchesbeconsideredout of context, just asthe
algorithmsdonotmakeuseof any context information.Moreover, thesubjectsmustnothaveseenany of theimagesfrom
which the color-texture patcheswereobtained,andthus, the judgmentshouldbe solely basedon what they seeon the
screen.Of course,this doesnot guaranteethat theobserverscannotderive any context from thescenesthemselves(e.g.,
familiarobjects).Ourgoalis to determinewhatinformationsuchsmallimagepatches(devoid of context) convey to human
observersandto relatethoseto theimagestatistics.Thus,ourexperimentsareaimeddirectlyat theproblemof identifying
perceptuallyimportantlow-level featuresthatcanbeusedfor imagesegmentationandanalysis.

Experimental setup

Thesetupfor oursubjectiveexperimentshasbeenimplementedin JAVA andhasbeenpublishedontheweb. Q Thesubjects
werepeoplewith normalor correctedvision andnormalcolor vision. Theviewing distancewasabouttwo feet from theR
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Figure2. Examplesof ColorTexturePatternsused

computerdisplay, i.e., a typical viewing distancefor a personsitting in front of a computer. Thesubjectswereadvised
not to move their headtoo closeto thedisplay. Therewereno otherrestrictionson viewing conditions.The testimages
weredisplayedon a CRT displaywith resolution1280 S 1024pixels; the color resolutionwas24 bits. Throughoutthe
experiment,the imagesweredisplayedagainsta neutralgraybackground.However, thesubjectswereallowedto adjust
thebackgroundcolor for thebest/clearestview of thecolor textures.

Thestimuli consistedof 277uniformcolortexturesegments.Thosewereobtainedfrom 37photoCD imagesof 35mm
KodakChromeslides,aswell asimagescapturedwith a 5 Mpixel NikonCoolpix 5400digital camerawith uncompressed
TIFF settingsat 2592 S 1944 pixel resolution. The photo CD imageswere availableat four or five scales,while the
digital camerapicturesweredownsampledto obtainadditionalscales.Thus,in contrastto many of theimagesusedto test
thealgorithm,5 theexperimentalstimuli consistedof high-qualityuncompressedimages.Severalexamplesareshown in
Fig.2. Theonly constraintonthesubjectmatterwasthatall thestimuli wereimagesof “naturaltextures,” i.e., nosynthetic,
medical,microscopic,etc. imageswereallowed.We usedasquareshapedwindow throughoutourexperiments.

Theexperimentalstimuli werecarefullyselectedto cover theentireparameterspace,namely, the local medianof the
maximumabsolutevaluesmax T x U yV of thesubbandcoefficientsof thesteerablefilter decomposition(in short,localmedian
energy). In particular, we ensuredthatenoughsamplesfell into the rangeof 10 to 30 in the local medianenergy space,
wherethethresholdfor determiningthe textureorientationswasexpectedto fall. This wasparticularlyimportantfor the
final results.Overall,wehadto usedalargernumberof texturepatchesthanthatusedin theexperimentreportedin Ref.16,
increasingthemfrom from 150to 277.We alsoeliminatedpatchesthatwerenotclassifiedasuniformtextureby theusers
in theearlierexperiment.Thenumberof subjectsthatparticipatedin thestudywas20. Their agesrangedfrom 22 to 50
andincludedbothexpertsandnon-expertsin imageprocessing.

In thefuture,weplanto runadditionalexperimentswith moresubjectsusingtheweb-basedinterface.For this,caution
mustbetakenin controllingtheremotedisplayof thetestimages.In particular, it is importantto control thevisualangle
(cyclesperpixel) of thedisplayedimages.This canbeaccomplishedwith a combinationof imagesize(by interpolation)
andviewing distanceadjustments.Thenecessaryadjustmentscanbedeterminedby displayinga testbarthattheusercan
measure.As thehumanvisualsystemhasstrongcolor adaptation,andin agreementwith previousstudiesthatreportthat
textureperceptionis not too sensitive to color variations,it is expectedthatdifferencesin thecolor renditionsby remote
displayswill have little impacton thesubjective experiments.Hence,we do not planany elaboratecolor controlof the
display. We now describethesubjectiveexperimentsin moredetail.



Experiment 1: Textureclassification

In thisexperiment,thesubjectswereaskedto classifyacolor texturepatterninto oneof thefollowing threecategories:

W Smooth:Imageswith uniformor slowly varyingintensitythatcontainnoobjectsor sharpboundaries.W Texture: Imagesof approximatelyuniformtexturepatterns.Sincenaturaltexturesareoftenstatisticallynonuniform,
slowly varyingtexturepatternsshouldbeincludedin thiscategory.W Other: Neithersmoothnor texture,suchasimageswith multipleobjectsor regions.

Note that the last category is importantin orderto filter out segmentsthatdo not containperceptuallyuniform textures.
Eventually, however, all nonuniformsegmentscanbe eliminatedfrom the setof testpatternsin order to speedup the
experimentalprocedure.

Thesubjectswerealsoaskedto furtherclassifythe“texture” imagesinto oneof thefollowing categoriesbasedon the
perceiveddominantorientations:

W HorizontalW VerticalW +45o

W -45o

W Complex

As we pointedout above, in all of theseexperiments,the“no context” requirementis crucial in orderto approximateas
closelyaspossiblethecontext thatthesegmentationalgorithmfaces.

The sizeof texture window is an importantparameterof this experiment. The window mustbe large enoughfor a
humanobserverto perceiveany texture.Ontheotherhand,it mustbekeptsmallin orderto avoid significantchangesin the
spatiallyvaryingtexturecharacteristics.Thewindow sizethatwe usedfor thesubjectiveexperimentswas23 X 23pixels.
As wesaw above,any windowsthatmaycontainregionboundarieswill befilteredoutby theexperimentalprocedure.

Experiment 1a: Minimum window size

Humansperceivetextureatdifferentscales.At eachscaleaminimalwindow sizeis requiredin orderto identify a texture.
This is truefor bothhumanperceptionandcomputer-basedtexturerecognition.In Experiment1, weuseda fixedwindow
sizefor all scales.At thatwindow size,several texture scalescanbeperceived. However, by displayingseveral texture
scales,wecanfind theminimumscalethatcanbeperceivedat thatwindow size.Conversely, sincetheminimumwindow
sizeatwhicha texturecanbeperceivedis inverselyproportionalto thescale,thisexperimentcanbeusedto determinethe
minimumwindow size.However, at thewriting of thispaperwedid nothaveenoughdatato makeareliabledetermination
of theminimumwindow size.

Experiment 2: Texturesimilarity

Thegoalof this experimentis to establisha thresholdfor thesimilarity of thecolor compositiontexture features.In the
subjective test,two color texturesegmentsweredisplayedsideby side,andthesubjectswereaskedto providea similarity
scorefor thedisplayedtexturepatterns.Theoptionswere:

W SametextureW VerysimilarW SimilarW SomewhatsimilarW Totally different



No definition of similarity wasgiven. The test includedsegmentsfrom the sametexture andsegmentsthat the subject
classifiedinto the samecategory in Experiment1. It is highly unlikely, of course,that texturesbelongingto different
categorieswill beclassifiedasanythingbut “totally different.” Thiswascritical in reducingtheoverall lengthof thetest.

As we will seein the discussionof the experimentalresultsbelow, we found that the middle category wasusedfor
imagepairsaboutwhich they wereuncertain.So,thefollowing setof nameswouldmoreappropriatefor thisexperiment:

Y SametextureY SimilarY Uncertain(Alternatively, this category may be droppedcompletelyin orderto force the userto selectoneof the
othercategories.)Y SomewhatsimilarY Dissimilar

4. ANALYSIS OF EXPERIMENT AL RESULTS

We now analyzetheresultsof theexperimentsandusethemto tunethesegmentationalgorithm.

Smoothvs. nonsmoothclassification

A numberof researchershave attemptedto answerthequestionof whethera textureexists in animage.CrossandJain25

useaMarkov randomfield basedmodelto differentiatetextureregionsfrom regionsthatcontainonly whitenoise.Dinstein
etal.6 classifyapixel as“texture” by simply thresholdingthedifferencebetweenthemaximumandminimumgrayvalues
within its neighborhood.Karuetal.7 locatea textureof givencoarsenessbasedon densityof thelocal grayscaleextrema;
they assumethat the scaleat which the texture needsto be extractedis known. PalmerandPetrou8 locatethe textured
regionboundariesin remotelysensedimagesby usingtheconceptof “free angle”togetherwith mathematicalmorphology.
In contrast,we basethesmoothvs. nonsmoothclassificationon modelsof thestatisticsof naturalimagesextractedfrom
datacollectedin Experiment1.

As thesubjectjudgmentsvaried,theimagecategorywasdeterminedusinga“majority wins” rule, i.e., thecategorythat
receivesmorethanhalf of thevotesis chosen.Notethatthemajority canbedefinedin a strictersense(higherthan50%).
Oncethetexturecategorywasdetermined,weanalyzedtheimagesegmentsin thesmoothandnonsmoothcategories.We
obtainedthe steerablepyramid decompositionof eachimageandcalculatedthe medianenergy of smax over the image
segmentthatwasdisplayedto thesubjects.We thencollectedthemedianenergy valuesfor eachof thetexturesthatwere
classifiedassmoothandnonsmooth,andtried differentdistributionsin orderto find thebestfit. We found that theLog
Normal model is the bestin termsof accuracy andsimplicity. Both the Kolmogorov-Smirnov testandthe Chi-square
test indicatedthat the differencebetweenthe empiricalandtheoreticalcumulative distributionsis not significantat the
significancelevel of α Z 0 [ 05. Themodelswe obtainedfor thesmoothandnonsmoothclassesareLogN \ 0 [ 73] 1 [ 20̂ and
LogN \ 4 [ 27] 1 [ 23̂ , respectively, wherethe first parameterdenotesthe meanandthe secondthestandarddeviation of the
distribution. Figure3 shows the fitted Log Normal distribution for the smoothandnonsmoothclasses.Whenthe two
classesareequiprobable,thethresholdbelow which a pixel is classifiedassmoothis 12[ 11,which is thepoint wherethe
two modelsintersect.The thresholdis a function of the meansandstandarddeviationsof the two distributionsandthe
probabilityof occurrenceof eachclass.

Thesmooth/nonsmoothdeterminationcannow bebasedonthethresholdprovidedby theabovesubjectiveexperiment.
As wesaw above,this thresholdshouldalsodependon theprobabilityof occurrenceof eachclass.Thisprobabilitycould
be determinedfor eachimageusingthe following iterative scheme.First, an initial classificationis obtainedassuming
equalprobabilityfor thesmoothandnonsmoothclasses.Theprobabilityof thesmoothclassis thenrecalculatedbasedon
currentclassificationandthethresholdupdated.Thethresholdingandprobabilityupdatingprocedureis thenrepeateduntil
convergence.Notethat in this casethereis no needfor a clustervalidationtest,in contrastto theK-meansclassification
procedureusedin Refs.1–3. We alsoavoid otherbiasesthatcanarisein theK-meansclusteringprocedure,for example,
whenoneclusteris muchstrongerthantheother. Overall,basedon experimentationwith hundredsof images,theuseof
modelsof naturalimagesstatistics,providesamoreaccurateandrobustclassification.



Figure3. Distributionof smoothandnonsmoothclasses

Textureorientation determination

As we saw Section2, thedeterminationof the textureorientationof thenonsmoothregionsis basedon two thresholdT1

andT2; thesethresholdsensurethe existenceanduniquenessof a dominantorientation. To obtainthesethresholds,we
collectedall the imagesthatwereclassifiedashaving onedominantorientationin Experiment1. We thencalculatedthe
histogramof maximalindicesover theimage,andcomputedthevaluesof T1 andT2. We thenfoundthesmallestvalueof
T1 andT2 overall subjectsandall images,andusedthoseasthethresholds.Thevaluesweobtainedbasedontheavailable
datawereT1 _ 42%andT2 _ 10%.

Color featuresimilarity thr eshold

To obtainthecolor featuresimilarity threshold,we calculatedtheaverageOCCDcolor featuredistanceof all imagepairs
in eachsimilarity category, for eachsubject.In Fig. 4, eachstarrepresentstheaverageOCCDcolor featuredistanceover
all imagepairsclassifiedinto thesimilarity category by onesubject.Recallthatno definitionof similarity wasprovided
to thesubjects.Post-testinterviews with thesubjectsindicatethat they classifiedimagepairsinto the “totally different”
and“sametexture” categorieswhenthey werefairly confidentaboutsuchclassificationsin termsof bothcolorandspatial
texture. We alsofoundthat thesubjectstypically usedthe“similar” category for imagepairsaboutwhosesimilarity they
weremostuncertain.Whentwo imagesweresimilar in textureanddifferentin color, they werelikely to beplacedin the
“somewhatsimilar” category. Finally, the“very similar” category wasusedfor texturesthathadsimilar color andspatial
texture,but werenot perceivedassamplesof the“same”texture. Overall, thesubjectsseemedto bequiteconservative in
concludingthatimagepairsbelongto the“sametexture”.

Basedontheaboveobservations,wecombinedthedatafrom the“sametexture” and“verysimilar” categoriesinto one
groupandthedatafrom the“totally different” and“somewhatsimilar” categoriesinto another. Thedatain the“similar”
category werediscarded.We thenfitted distributionsto the two groupsusingproceduressimilar to thosethatwereused
in the smooth/nonsmoothclassification.The fitted distributionswereLogN ` 0 a 486b 0 a 243c andN ` 6 a 65b 6 a 53c for the two
clusters,whereN ` µ b σ c representstheNormaldistribution with meanµ andstandarddeviation σ. Assumingthat thetwo
clustersareequallylikely, thethresholdthenbecomes2.78.

5. PERCEPTUALL Y TUNED SEGMENTATION

Basedon theexperimentalresultsof theprevioussections,we cannow obtaina perceptuallytunedversionof thecolor-
texturesegmentationalgorithm. Thesegmentationresultsbeforeandafter tuningarecomparedin Figs.5 and6, respec-
tively. Theimageresolutionsfrom left to right are250 d 214,140 d 199,149 d 180,and162 d 190pixels.It is apparentthat



Figure4. Scatterplot of averageOCCDdistancefor all subjects.

perceptualtuningresultsin considerableimprovementin imagesegmentation.For example,notethatin thefirst imagethe
edgebetweenthesky andthemountainsis moreaccuratein theperceptually-tunedsegmentation.Theperceptually-tuned
resultsalsoappearto resultin fewer, betterdefinedsegments,especiallyin thelastimageon theright.

As we collect datafrom moresubjects,moreaccuratestatisticalmodelscanbe obtained,which in turn canleadto
furtherimprovementsin performance.

ACKNOWLEDGMENTS

This materialis baseduponwork supportedby the NationalScienceFoundationunderGrantNo.CCR-0209006.Any
opinions,findingsandconclusionsor recommendationsexpressedin this materialare thoseof the authorsanddo not
necessarilyreflecttheviewsof theNationalScienceFoundation(NSF).

REFERENCES

1. J.Chen,T. N. Pappas,A. Mojsilovic, andB. E.Rogowitz, “Adaptiveimagesegmentationbasedoncolorandtexture,”
in Proc. Int. Conf. ImageProcessing(ICIP-02), 2, pp.789–792,(Rochester, NY), Sept.2002.

2. J.Chen,T. N. Pappas,A. Mojsilovic, andB. E.Rogowitz, “Perceptualcolorandtexturefeaturesfor segmentation,” in
HumanVision andElectronic ImagingVIII , B. E. Rogowitz andT. N. Pappas,eds.,Proc.SPIE Vol. 5007, pp.340–
351,(SantaClara,CA), Jan.2003.

3. J. Chen,T. N. Pappas,A. Mojsilovic, and B. E. Rogowitz, “Image segmentationby spatiallyadaptive color and
texturefeatures,” in Proc. Int. Conf. ImageProcessing(ICIP-03), 1, pp.1005–1008,(Barcelona,Spain),Sept.2003.

4. J.Chen,T. N. Pappas,A. Mojsilovic, andB. E.Rogowitz, “Perceptually-tunedmultiscalecolor-texturesegmentation,”
in Proc. Int. Conf. ImageProcessing(ICIP-04), pp.921–924,(Singapore),Oct.2004.

5. J.Chen,T. N. Pappas,A. Mojsilovic, andB. E. Rogowitz, “Adaptive perceptualcolor-textureimagesegmentation,”
IEEETrans.ImageProcessing. To appear.



Figure5. ImageSegmentationwithoutperceptualtuning.

Figure6. ImageSegmentationwith perceptualtuning.

6. I. Dinstein,A. C.Fong,L. M. Ni, andK. Y. Wong,“Fastdiscriminationbetweenhomogeneousandtexturedregions,”
in Proc.AsianConf. Comput.Vis., 84, pp.361–363,(Osaka,Japan),1993.

7. K. Karu,A. K. Jain,andR. M. Bolle, “Is thereany texturein theimage?,” PatternRecognition29(9),pp.1437–1446,
1996.

8. P. L. PalmerandM. Petrou,“Locatingboundariesof texturedregions,” IEEETrans.GeoscienceandRemoteSensing
35, pp.1367–1371,Sept.1997.

9. B. E. Rogowitz, T. N. Pappas,andJ. P. Allebach,“Human vision andelectronicimaging,” Journal of Electronic
Imaging10, pp.10–19,Jan.2001.

10. D. J.Field, “Relationsbetweenthestatisticsof naturalimagesandtheresponsepropertiesof corticalcells,” Journal
of theOpticalSocietyof AmericaA 4, pp.2379–2394,1987.

11. D. Field, “What the statisticsof naturalimagestell us aboutvisual coding,” in HumanVision, Visual Proc., and
Digital Display, B. E. Rogowitz, ed.,Proc.SPIE Vol. 1077, pp.269–276,(LosAngeles,CA), Jan.18–201989.

12. D. Field,B. Olshausen,andN. Brady, “Wavelets,blur andthesourcesof variability in theamplitudespectraof natural
scenes,” in HumanVision andElectronic Imaging, B. E. Rogowitz andJ. P. Allebach,eds.,Proc. SPIE Vol. 2657,
pp.108–119,(SanJose,CA), Jan.29–Feb. 1 1996.

13. B. OlshausenandD. Field,“Learningefficient linearcodesfor naturalimages:therolesof sparseness,overcomplete-
ness,andstatisticalindependence,” in HumanVisionandElectronic Imaging, B. E.Rogowitz andJ.P. Allebach,eds.,
Proc.SPIE Vol. 2657, pp.132–138,(SanJose,CA), Jan.29–Feb. 1 1996.

14. D. J.Field, “Wavelets,vision andthestatisticsof naturalscenes,” in Wavelets:Thekey to intermittentinformation?,
B. W. SilvermanandJ.C. Vassilicos,eds.,ch.8, pp.147–164,OxfordUniversityPress,1sted.,2000.

15. L. Maloney, “Photoreceptorspectralsensitivities andcolor correction,” in Perceiving, Measuring, andUsingColor,
M. H. Brill, ed.,Proc.SPIE Vol. 1250, pp.103–110,(SantaClara,CA), Feb. 15–161990.



16. J.Chen,T. N. Pappas,A. Mojsilovic, andB. E. Rogowitz, “Perceptualtuningof low-level color andtexturefeatures
for imagesegmentation,” in AsilomarConf. onSignals,Systems,andComputers, (PacificGrove,CA), Nov. 2003.To
appearin 2004proceedings.

17. T. N. Pappas,“An adaptive clusteringalgorithmfor imagesegmentation,” IEEE Trans.SignalProcessingSP-40,
pp.901–914,Apr. 1992.
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