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Abstract

Quantitativecharacterizationof skinappearanceis an importantbut dif�cult task. Theskinsurfaceis a
detailedlandscape, with complex geometryandlocal opticalproperties.In addition,skinfeaturesdependon
manyvariablessuch asbodylocation(e.g. forehead,cheek),subjectparameters (age, gender)and imaging
parameters (lighting, camera). Aswith manyreal world surfaces,skinappearanceis stronglyaffectedby the
directionfromwhich it is viewedandilluminated.Computationalmodelingof skintexture haspotentialuses
in manyapplicationsincluding realistic renderingfor computergraphics,robust facemodelsfor computer
vision,computer-assisteddiagnosisfor dermatology, topical drug ef�cacy testingfor thepharmaceuticalin-
dustryandquantitativecomparisonfor consumerproducts.In thisworkwepresentmodelsandmeasurements
of skin texture with an emphasison faces.We developtwo modelsfor usein skin texture recognition. Both
modelsare image-basedrepresentationsof skinappearancethataresuitablydescriptivewithouttheneedfor
prohibitivelycomplex physics-basedskinmodels.Our modelstake into accountthevariedappearanceof the
skinwith changesin illumination andviewing direction. We alsopresenta new facetexture databasecom-
prisedof morethan2400imagescorrespondingto 20humanfaces,4 locationsoneach face(forehead,cheek,
chin andnose)and32combinationsof imagingangles.Thecompletedatabaseis madepubliclyavailablefor
further research.

Keywords: texture,3D texture,bidirectionaltexture,skin texture,bidirectionaltexture function,BTF, bidi-

rectionalfeaturehistogram,texton, imagetexton,symbolictextureprimitive.

1 Intr oduction

Skin is a complex landscapethat is dif�cult to modelfor many reasons.Re�ection andinterre�ection of light

areaffectedby thecomplex opticalpropertiesof skin layersaswell asthesurfacemicrogeometryof poresand
�
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Figure1: Skin texturein thelip region of theface,astheilluminationsourceis repositioned.Theappearanceof
theskin surfacevariessigni�cantly, yetonly thelight directionis changed.

wrinkles. As with many realworld surfaces,skin appearanceis stronglyaffectedby thedirectionfrom which it

is viewedandilluminated.As astrikingexample,considertheimagesof skin texturein thelip regionof theface

shown in Figure1. Thethreeimagesshown in this �gure vary only in thedirectionof incidentilluminationand

yet theskinsurfaceappearsvastlydifferent.To illustrateanotherexampleof appearancevariationwith imaging

parameters,considerFigure12 (a), whereeachrow shows a skin surfacepatchimagedunderseveral different

viewing andilluminationdirections.

Skin textureis a3D texture,i.e.a texturein whichthe�ne scalegeometryaffectsoverallappearance.Increas-

ingly, recentwork (Chantler, 1995)(Koenderinkandvan Doorn,1996)(Danaet al., 1997)(SuenandHealey,

1998)(DanaandNayar, 1998)(Koenderinketal.,1999)(Danaetal.,1999)(DanaandNayar, 1999b)(Danaand

Nayar, 1999a)(van Ginneken et al., 1999)(SuenandHealey, 2000)(McGunnigleandChantler, 2000)(Leung

andMalik, 2001)(Cula andDana,2001b)(Cula andDana,2001a)(Zalesny andvan Gool, 2001)(Dong and

Chantler, 2002)(VarmaandZisserman,2002)(Penirschke et al., 2002)(PontandKoenderink,2002)(Culaand

Dana,2002)(CulaandDana,2003)addressesthis typeof textureandits variationwith viewing andillumination

direction. Terminologyfor texture that dependson imagingparameterswasintroducedin (Danaet al., 1997)

(Danaet al., 1999).Speci�cally, thetermbidirectionaltexturefunction(BTF) is usedto describeimagetexture

asa function of the four imagingangles(viewing and light sourcedirections). The BTF is analogousto the

bidirectionalre�ectancedistribution function(BRDF).While BRDFis a termfor there�ectanceof apoint,most

realworld surfacesexhibit aspatiallyvaryingBRDFandthetermBTF is usedfor thissituation.

Simplemodelsof skin appearancearenotsuf�cient to supportthedemandsfor high performancealgorithms

in computervision andcomputergraphics.For example,in computervision, algorithmsfor facerecognition,

shapeestimationand facial feature-trackingrely on accuratelypredictingappearanceso that local matching

can be doneamongimagesobtainedwith different imaging parameters.In computergraphics,the popular

techniqueof image-basedrenderingtypically createsnew views of local textureby warpingreferenceimages.
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This approachcannotcapturelocal variationsin occlusions,foreshorteningand shadowing due to �ne scale

geometryof texturedsurfaces.Thereforeskinrenderingslackrealisticsurfacedetail.Othermethodsaredesigned

speci�cally for renderingskin texture: (Ishii et al., 1993)(Nahaset al., 1990)(Boissieuxet al., 2000);but truly

accuratesynthesisof skin andthechangesthatoccurwith imagingparametersis still anopenissue.Although

muchwork hasbeendonein modelingfor facial animation(Lee et al., 1995)(Guenteret al., 1998)(DeCarlo

etal.,1998)(BlanzandVetter, 1999),accuratelyrenderingsurfacedetailhasnotbeentheprimaryemphasisand

remainsanopentopic.

In additionto computervision andgraphics,accurateskin modelsmaybeusefulin dermatologyandseveral

industrial�elds. In dermatology, theseskin modelscanbe usedto develop methodsfor computer-assisteddi-

agnosisof skin disorders. In the pharmaceuticalindustry, quanti�cation is usefulwhenappliedto measuring

healingprogress.Suchmeasurementscanbeusedto evaluateandcomparetreatmentsandcanserve asanearly

indicatorof thesuccessor failureof a particulartreatmentcourse.Consumerproductsandcosmeticindustries

canusecomputationalskin representationsto substantiateclaimsof appearancechanges.

Onedif�culty in building skin texturemodelsis acquiringgooddata.In general,bidirectionalmeasurements

arehardbecausetherearefour imagingparameters:two anglesfor the viewing directionandtwo anglesfor

theillumination direction.Thereforethelight sourceandcamerashouldbemovedon a hemisphereof possible

directions.Thesemeasurementscanbequitedif�cult to obtainbecauseof mechanicalrequirementsof thesetup.

Whenthesampleis non-planar, non-rigidandnot �x ed,asis thecasefor humanskin, measurementsareeven

moredif�cult.

In this work we describeour skin texturestudywhich hasa measurementcomponentanda modelingcom-

ponent. For the measurements,we have createda publicly availablefacetexture database(Cula et al., 2003).

Ratherthanusehighly specializedequipmentthatcanalignwith theshapecontoursof theskinsurface,we take

advantageof the fact that our modelingapproachdoesnot requireimagesat exact viewing and illumination

directions.For eachsurfacearea,we take a samplingof cameraandlighting positionsat approximatedirections

andemploy �ducial markerssothatthecamerapositionandlighting canberecoveredmorepreciselyif needed.

In our approach,four viewing directionsareused,andfor eachviewing direction,eight lighting directionsare

measured,thereforeeachskin surfaceis characterizedby 32 images.Theseimagesarehigh magni�cationand

high resolutionsothat�ne-scaleskin featuressuchasporesand�ne wrinklesarereadilyapparent.Theviewing

directionis obtainedwith a boomstandaugmentedwith an articulatedarm allowing six degreesof freedom.

Illumination is controlledby a rotatingarmwhich spanstwo circlesof thehemisphereof all possiblelight di-

rections. The databaseis comprisedof morethan2400imagescorrespondingto 20 humanfaces,4 locations
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on eachface(forehead,cheek,chin andnose)and32 combinationsof imagingangles.Thecompletedatabase

is madepublicly availablefor further textureresearchat URL http://www.caip.rutgers.edu/rutgers texture. The

detailsof themethodsandimagingprotocolarediscussedin Section2.1.

The modelingeffort of our skin texture studyhasresultedin two new bidirectionaltexture modelsthat are

usedin representingandrecognizingskin texture. The�rst modelis alsodescribedin our prior work (Culaand

Dana,2001b)(CulaandDana,2001a),but hereweapplythemethodto skinanalysis.Basedon this �rst model,

wepresentrecognitionresultsusingclinical skinmeasurementsfrom severallocationson thehand,asshown in

Figure12.

We presenta new approachas the secondmodel, that computesimagefeatureswithout clustering. The

resultingtexture descriptoris simple andcapturessalientlocal structure. The motivation for developing the

secondmodel was the dif�cult problemof facetexture recognitionwherethe inter-classvariability is small.

The secondmodelis testedwith the facetexture databasein two recognitiontasks: (1) discriminatingamong

locationson the faceand(2) recognizinghumansubjectsbasedon skin texture. Thesetestsarequitedifferent

from thetypical texturerecognitionexperimentsin theliteraturethatdistinguishamongsurfacesthatarevisually

dissimilar, e.g.rocks,sand,grass.Thegoalof this paperis to performa classi�cationof skin texturewherethe

visualdifferencesin appearancearefar moresubtle.

Both modelssupportrecognitionmethodsthathave severaldesirableproperties.Speci�cally, a singleimage

canbeusedfor fastnon-iterative recognition,theilluminationandviewing directionsof theimagesneednot be

known, andno imagealignmentis needed.

1.1 Prior Work in 3D Texture Recognition

Studyof bidirectionaltexturebeganwith theCUReTdatabase(Danaet al., 1997)(Danaet al., 1999),andwas

continuedwith thework in (DanaandNayar, 1998)and(DanaandNayar, 1999b),whichmodelsthebidirectional

histogramand correlationfunction for Gaussianrough surfaces. Other early efforts in bidirectionaltexture

analysisarepresentedin (Koenderinket al., 1999)and(vanGinnekenet al., 1999).In (Koenderinket al., 1999)

the BRDF of opaquesurfacesthat areroughon both the macroandmicro scaleis derived. In (van Ginneken

et al., 1999),basedon a modelfor roughsurfaceswith locally diffuseand/orspecularre�ection properties,an

investigationof the grey level histogramsof a setof surfacesasa function of the view and light direction is

performed.

More recentwork concernedwith the dependency of texture appearanceasthe imagingconditionschange

includes(McGunnigleandChantler, 2000)(DongandChantler, 2002).Thework in (McGunnigleandChantler,
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2000)proposesanapproachfor roughsurfaceclassi�cationbasedonpointstatisticsfrom photometricestimates

of the surfacederivatives. In (Dong andChantler, 2002)several approachesfor capturing,synthesizingand

relightingof realworld 3D texturesarepresentedandcompared.

Lately, recognitionwork hasconcentratedon examplebasedmethodsthat supportrecognitionfor a wide

rangeof texture classes.This recognitionwork includes(DanaandNayar, 1999a)(LeungandMalik, 1999)

(CulaandDana,2001a)(CulaandDana,2003)(Zalesny andvanGool, 2001). In (DanaandNayar, 1999a)the

texturerepresentationsaretheconditionalhistogramsof theresponseto a smallmultiscale�lter bank.Principal

ComponentAnalysis(PCA) is performedonthehistogramsof �lter outputsandrecognitionis achievedwith the

histogramvectorsforming theappearance-basedfeaturevectors.In (LeungandMalik, 1999)the3D texton is

de�nedasthesurfacefeature,andthe3D textureismodeledby a3D textonhistogram.In (CulaandDana,2001a)

(CulaandDana,2003)theimagetexton encodesthelocal featurewithin animagetexture,andthe3D textured

surfaceis modeledby thecollectionof imagetexton histograms,asa functionof the imagingparameters.The

work in (Zalesny andvan Gool, 2001)presentsan exemplarbasedtexturemodelwhich accountsfor theview

dependentchangesof textureappearance.

It is interestingto compareandcontrastsomeof the recentwork in moredetail. A commonthemein prior

efforts is to examinehow key texturefeatures(LeungandMalik, 2001)or featuredistributions(CulaandDana,

2003)(VarmaandZisserman,2002)changewith viewing andillumination directions.In the3D texton method

(LeungandMalik, 1999) (LeungandMalik, 2001),a 3D texton is createdby usinga multiscale�lter bank

appliedto an imagesetfor a particularsample.The �lter responsesasa functionof viewing andillumination

directionsareclusteredto form featuresthatarecalled3D textons. In (CulaandDana,2001a)(CulaandDana,

2003),clusteringof �lter outputsfrom asingleimageis doneto obtainimagetextonsandthetexton histograms

vary with viewing andillumination direction. Thereis an importantdifferencebetweenthe3D texton method

andtheapproachwe take hereandin (CulaandDana,2001a)(CulaandDana,2003).In general,texturerepre-

sentationsconsistof aprimitiveandastatisticaldistributionof thisprimitiveoverspace.For bidirectionaltexture

representations,eithertheprimitiveor thestatisticaldistribution shouldbea functionof theimagingparameters.

The3D texton methodusesa primitive that is a functionof imagingparameters,while our methodusesa sta-

tistical distribution thatis a functionof imagingparameters.Theadvantagesof our methodin recognitiontasks

arecompelling: the imagesneednot beregistered,a singleimageis suf�cient for recognitionandthe imaging

parametersof novel imagesneednot be known. With this bidirectionalhistogramapproach,we accomplish

preciserecognitionof texturedsurfaceswith lessprior informationanda fundamentallysimplercomputational

representation.
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Figure2: Two imagesof the sameskin surface,obtainedwith frontal (left image),andoblique(right image)
illumination,while thecamerais �x ed.Noticehow well thecolorvariationappearswhenthelight falls frontally
to thesurface,andhow thesurfacegeometricdetailbecomesapparentwhenthelight directionis oblique.

Themethodsof (VarmaandZisserman,2002)and(Penirschke et al., 2002)arerecent3D texturerecognition

methodswhich have thepropertyof rotationinvariance.Theclassi�er in (Penirschke et al., 2002)canclassify

texturesimagedunderunknown illumination angle. Themethodsof (VarmaandZisserman,2002)aresimilar

to that of (CulaandDana,2001a)(Cula andDana,2003)becauseimagefeaturesarede�ned andthenthe set

of featurehistogramsareusedto representthetexture. However, the imagefeaturesin (VarmaandZisserman,

2002)arethemaximal�lter responseoverasetof orientationsandthereforeis a rotationalinvariantdescription.

Theissueof rotationinvariancein thecontext of skin textureneedsto becarefullyconsidered.Theorientation

of featurecomponentshasa strongdescriptive power. For instance,lineson theforeheadmayhave a different

orientationthanlineson thecheek.Also, onepersonmayhave prominenthorizontalwrinkleswhile anotherhas

moreprominentverticalwrinkles.If wemakethereasonableassumptionthattheglobalorientationof theperson

is �x ed,e.g.theheadis up, thenfeatureorientationis usefulinformationthatshouldbepreserved.

2 FaceTextureDatabase

Ourdatabaseis comprisedof 2496imagescorrespondingto 20humanfaces,4 locationsoneachface(forehead,

cheek,chin andnose,asillustratedin Figure14) and32 combinationsof imagingangles.The imagesin the

databaseareacquiredfrom both femaleand malesubjects(7 femalesand 13 males),while the subjectsage

rangesfrom 24 to 53. Figures20, 21 and22 illustrateseveral examplesof skin imagesfrom the database.In

these�gures eachcolumnpresentstexture imagesobtainedby imaginga certainregion on the face: forehead,

cheek,chin andnose,while eachrow correspondsto a differenthumansubject. Notice the visual differences

betweentextureimagesacrossvariousregionsandfrom onesubjectto another. Skinfeatureslikepores,freckles,

wrinklesor molescandiffer in bothsizeandshape,makingskin modelinga dif�cult task.Also theappearance

of skin is in�uenced by factorslike ageandgenderof the subject. Changesin imagingparametersaddeven

morecomplexity to theappearanceof skin. While frontal illumination allows betterimagingof color variation,
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Figure3: Two imagesof thesameskinsurface,obtainedunderthesameilluminationcondition,but with different
cameraviews. Noticehow theskin poresappeardeformedandstretchedwhentheview is oblique(right image)
comparedto theirappearancein thefrontal view (left image).

moreobliquedirectionsof light make the surfacedetail morevisible. This remarkis exempli�ed in Figure2,

wheretheskin surfaceis imagedundertwo differentilluminations,while thecamerais �x ed. Thechangesin

cameraposegiveriseto effectslikeocclusion,foreshortening,or rotation,signi�cantly affectingtheappearance,

asshown in Figure3.

The completedatabaseis madepublicly available for further texture researchand algorithm development

(Culaetal.,2003).It canbeusedasa testbedfor avarietyof classi�cationandsynthesismethods.Existingface

databasesdo not capturethedetailsof skin surfaceappearance.On theotherhand,the imagesin our database

capturethe �ne scaledetail of skin surface,as well as the variation of skin appearancewith changesin the

imagingconditions;thereforethey areusefulfor developinganaccurateskin texturemodel.

2.1 Skin Imaging Method

Obtainingbidirectionalimagemeasurementscanbequitecumbersomebecauseof themechanicalrequirements

of thesetup.Also, becausetheskin surfaceis non-planar, non-rigidandnot �x ed,acquiringthedatais consid-

erablymoredif�cult. Theseissuesmake exhaustive measurementimpracticalin a clinical setting.In our study,

for eachskin surfacethe BTF is sampledin 32 points,correspondingto 4 cameraviews, and8 illumination

directionsfor eachcamerapose.

Theskintexturemeasurementsareobtainedby varyingtheviewing andthelight directionsonthehemisphere

of all possibledirections.Wepositionthecameraon four pointsof thehemispherecharacterizedby polarangle
���

andazimuthalangle �

�

, asgiven in Table1 (a). Thecamerais mountedon an articulatedarmboomstand

allowing six degreesof freedom. Positioningof the camerais aidedby a circular patternpresentinga height

marker, asillustratedin Figure4 (a). The heightmarker haslengthequalwith thedisk radius. This patternis

attachedto the surfaceof interestsuchthat it is comprisedin the �eld of view of the camera.Positioningthe

camerain oneof thefour desiredposesis achievedby inspectingtheprojectionof thepatternin theimage.The

7



Light source

Shadow

Height marker

(a)

PoseII PoseIII PoseIVPoseI

(b)

1 2 3 4

5 6 7 8

(c)

Figure 4: (a) The �ducial marker usedfor both positioningthe cameraand for controlling the illumination
direction. (b) Theprojectionsin thecameraof the �ducial marker, correspondingto the four cameraposeswe
seek.(c) Thecameraimageof the�ducial marker, correspondingto theeightilluminationdirectionsof interest,
whenthecamerais frontal to thesurface.

projectionscorrespondingto thefour cameraposesweseekaredepictedin Figure4 (b). Thecameracalibration

is completedby imaginga known 3-dimensionalobjectduringeachimagingsession,allowing thecomputation

of theintrinsicparametersof thecamera.Thecameraemployedin ourexperimentsis aSony DFW-V500IEEE-

1394digital cameraequippedwith zoomlenswith variablefocus.

Theilluminationdirectionis variedby usinga rotatingpositioningarm,whichspanstwo circlesof thehemi-

sphere.Eachcircle is sampledin four points,andtheresultingsetof illuminationanglesis listedin Table1 (b).

Thepolarangleof illumination is
���

(where
�������

correspondsto frontal illumination) andtheazimuthalangle

of illumination is �

�

. Positioningthe light sourceis assistedby thecircularpatternwith theheightmarker that

is alsousedfor positioningthecamera,asillustratedin Figure4. The lengthof theshadow castby theheight

marker aswell asits positionrelative to thediagonalsof thedisk areemployed for computingthe illumination
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PoseI PoseII PoseIII PoseIV
���

0� 45� 45� 45�

�

�

0� 0� 45� 90�

(a)

1 2 3 4 5 6 7 8
���

15� 15� 15� 15� 37� 37� 37� 37�

�

�

0� 90� 180� 270� 0� 90� 180� 270�

(b)

Table1: (a) Viewing directionsdescribedby thepolarangle,
� �

, andtheazimuthalangle, �

�

, correspondingto
the four cameraposeswe seek.(b) Illumination directionsdescribedby thepolarangle,

� �

, andtheazimuthal
angle,�

�

, correspondingto thelight positionsusedin ourstudy.

(a) (b)

Figure5: (a) Theviewing directionslisted in Table1 (a), illustratedon thehemisphereof all possibleviewing
directions.(b) Similarly, theilluminationdirectionsfrom Table1 (b), shown on thehemisphere.In bothimages

�

is thenormalto thesurfaceof interest.

angles.Figure4 (c) illustratestheprojectionof the�ducial marker in thecamera,correspondingto all eightlight

directions,whenthecamerais positionedfrontally to thesurfaceof interest.In orderto monitortheintensityof

illumination acrossdifferentimagingsessions,a white diffusere�ectancetarget is imagedduringeachsession.

Thelight sourceconsistsof aDC-regulated�ber opticilluminatorequippedwith a�e xible �ber opticlight guide.

Currentlyweusenormallighting that is not polarizedor spectrally�ltered. This lighting hastheadvantagethat

skin appearanceis similar to normalclinical conditions. Futuredirectionsfor our work includedevelopinga

standardizedskin imagingprotocolfor clinical settings.

3 Skin Modeling

3.1 Bidir ectionalFeature Histograms

Many standardapproachesin texturemodelingcharacterizeanimagetexturewith a featuredistribution. Models

for bidirectionaltexturealsoneedto accountfor changesin appearancewith viewing andilluminationdirection.
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In ourmethod,thedistribution or histogramis a functionof illuminationandviewing direction,i.e. themodelis

a bidirectionalfeature histogram. We have usedthis methodin earlierwork (CulaandDana,2001a)(Culaand

Dana,2003)for objectrecognitionandwe adaptit herefor skin textureclassi�cation. We develop two models

thatbothusebidirectionalfeaturehistogramsbut differ in theirde�nition of animagefeature.In the�rst model,

thefeatureis an imagetexton obtainedby clusteringtheoutputof orientedmultiscale�lters, andin thesecond

model,thefeatureis asymbolictextureprimitive. In thissectionwedescribethedetailsof thesetwo approaches.

3.2 ImageTextonsasFeatures

Basedon theclassicconceptof textons(Julesz,1981),andalsoon moderngeneralizations(LeungandMalik,

2001),we follow thetheorythat thereis a �nite setof local structuralfeaturesthatcanbefoundwithin a large

collectionof texture imagesfrom varioussamples.This reducedsetof local structuralrepresentatives is called

theimagetexton library.

A widely usedcomputationalapproachfor encodingthe local structuralattributesof texturesis basedon

multichannel�ltering (Bovik et al., 1990) (Jain et al., 1999) (Randenand Husoy, 1999) (Leung and Malik,

2001). This typeof analysisis inspiredby variousevidencesof similar processingin humanvision system.In

our approach,illustratedin Figure6, to obtaina computationaldescriptionof the local featurewe employ a

multiresolution�lter bankF, with sizedenotedby ����� , andconsistingof orientedderivativesof Gaussians

and centersurroundderivatives on threescales. Eachpixel of a texture imageis characterizedby a set of

threemultidimensionalfeaturevectorsobtainedby groupingthecorresponding�lter responsesover scale.For

simplicity, in ourdiscussionswewill referto asinglescale,but it is importantto keepin mindthattheprocessing

is donein parallel for all threescales. Note that the resultingfeaturevector doesnot encodethe variation

of local appearanceasthe imagingconditionschange.Insteadwe accountfor the changein appearancewith

viewing/illuminationdirectionsgloballybypopulatingthefeaturespacewith featurevectorsfromsampledBTFs.

As in many approachesin textureliterature(Ma andManjunath,1996)(Aksoy andHaralick,1999)(Puzicha

et al., 1999)(LeungandMalik, 2001),we clusterthe featurespaceto determinethe setof prototypesamong

thepopulation.Speci�cally, we invoke k-meansalgorithm,which is basedon the �rst orderstatisticsof data,

and�nds aprede�nednumberof centersin thedataspace,while guaranteeingthatthesumof squareddistances

betweentheinitial datapointsandthecentersis minimized.Empiricalresultssuggestthattheresultingcollection

of representativesin thespacespannedby thelocalstructuralfeaturevectors,namelytheimagetexton library, is

genericenoughto representa largesetof texturesamples.
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Figure6: Creationof the imagetexton library. The unregisteredtexture imagesof differentBTFs are�ltered
with the �lter bankF. The �lter responsesfor eachpixel aregroupedto form the featurevectors.The feature
spaceis clusteredvia k-meansto determinethecollectionof key features,i.e. theimagetexton library.

3.2.1 TextonHistograms

Thehistogramof imagetextonsis usedto encodetheglobaldistribution of thelocal structuralattributeover the

textureimage.Thishistogram,denotedby ������� , is adiscretefunctionof thelabels� inducedby theimagetexton

library andis computedasdescribedin Figure7. Note that in our approach,neitherthe imagetexton nor the

textonhistogramencodethechangein localappearanceof texturewith theimagingconditions.Thesequantities

are local to a single texture image. We representthe surfaceusinga collectionof imagetexton histograms,

acquiredasafunctionof viewing andilluminationdirection.Thissurfacerepresentationmaybedescribedby the

termbidirectionalfeature histogram. It is worthwhileto explicitly notethedifferencebetweenthebidirectional

featurehistogramand the BTF. While the BTF is the set of measuredimagesas a function of viewing and

illumination,thebidirectionalfeaturehistogramis a representationof theBTF suitablefor usein classi�cation.

In our work, eachtexture classis modeledusinga collectionof texton histograms.The dimensionalityof

thehistogramspaceis givenby thecardinalityof theimagetexton library, which shouldbeinclusive enoughto

representa largerangeof texturedsurfaces.Thereforethehistogramspaceis high dimensional,anda compres-

sionof this representationto a lower-dimensionaloneis suitable,providing that thestatisticalpropertiesof the

bidirectionalfeaturehistogramsarestill preserved.To accomplishdimensionalityreductionweemploy principal

componentanalysis(PCA),which �nds anoptimalnew orthogonalbasisin thespace,while bestdescribingthe

data.Thisapproachfollows(MuraseandNayar, 1995),whereasimilarproblemis treated,speci�cally anobject

is representedby setof imagestakenfrom variousposes,andPCAis usedto obtainacompactlower-dimensional

representation.
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Figure7: Ourproposedtexturerepresentation.Thetextureimageis �ltered with �lter bankF, and�lter responses
for eachpixel aregroupedto form featurevectors.Thefeaturevectorsareprojectedinto thespacespannedby
theelementsof theimagetextonlibrary, thenlabeledby determiningtheclosesttexton. Thedistributionof labels
is approximatedby thetexton histogram.

3.2.2 RecognitionMethod

Therecognitionmethodconsistsof threemain tasks:(1) creationof imagetexton library, (2) training,and(3)

classi�cation. The imagetexton library is describedin Section3.2 andillustratedin Figure6. Eachof the �

texture images,from eachof the � texturesamples,is �ltered by themultichannel�lter bankF, andthe �lter

responsescorrespondingto a pixel aregroupedto form the featurevector. Thefeaturespaceis populatedwith

the featurevectorsfrom all � ��� images. Featuregroupingis performedvia k-meansalgorithm, and the

representativesamongthepopulationarefound,forming theimagetexton library.

In the training stage,a model for eachtexture sampleis constructedas illustratedin Figure8. The subset

of textureimagesusedfor trainingarearbitrarily sampledfrom theentiremeasuredBTF. Eachof the � texture

imagesfrom eachof the � texture samplesto be classi�ed, are �ltered by the same�lter bankF asthe one

involved for texton library construction.Theresultingmultidimensionalfeaturevectors,obtainedby grouping

the�lter responsesfor a certainpixel in theimage,arelabeledrelative to thesetof imagetextons,andfor each

texture imagea texton histogramis computed.Thereforeeachtexture sampleis characterizedby the setof �

texton histograms,or bidirectionalfeaturehistogram.Furthermore,the setof bidirectionalfeaturehistograms

correspondingto the setof texture samplesareemployed to computethe universaleigenspace,whereeachof

thetexturesamplesis modeledasa denselysampledmanifold,parameterizedby bothviewing andillumination
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Figure8: Trainingandclassi�cationstagesof imagetexton recognitionmethod.During training,PCA is per-
formedon thehistogramsof imagetextons.Recognitionis accomplishedby �nding theclosestneighborto the
novel point in thetexton histogrameigenspace.

directions.

In theclassi�cationstage,illustratedin Figure8, thesubsetof testingtextureimagesis disjointfrom thesubset

usedfor training.Again,eachimageis �ltered by F, theresultingfeaturevectorsareprojectedin theimagetexton

spaceandlabeledaccordingto the texton library. The classi�cation is basedon a singlenovel texture image,

andit is accomplishedby projectingthecorrespondingtexton histogramonto theuniversaleigenspacecreated

during training, andby determiningthe closestpoint in the eigenspace.The texture samplecorrespondingto

the manifold onto which the closestpoint lies is reportedasthe texture classof the testingtexture image. To

demonstratethe versatility of the imagetexton library we designtwo classi�cationexperiments,describedin

Section4.1.

3.3 SymbolicTexture Primiti vesasFeatures

Althoughtheimagetexton methodworkswell wheninter-classvariability is large,thereareseveraldrawbacks

to this approach.Clusteringin high dimensionalspaceis dif�cult andthe resultsarehighly dependenton the

prechosennumberof clusters.Furthermore,pixelswhichhaveverydifferent�lter responsesareoftenpartof the

sameperceptualtextureprimitive.
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Figure9: Theappearanceof atypicalskinsurface.An importantskin featureis thepore,whichcanslightly vary
in sizeor shapefor differentfaceregionsor from onepersonto another.

Considerthe texture primitive of a skin pore. The appearanceof a typical skin poreis shown in Figure9.

To identify this textureprimitive, thelocal geometricarrangementof intensityedgesis important.However, the

exactmagnitudeof theedgepixels is not of particularsigni�cance. In theclusteringapproach,two horizontal

edgeswith differentgradientmagnitudemaybegivendifferentlabelsandthis negatively affectsthequality of

thetextureclassi�cation.

Weseekasimpli�ed representationthatpreservesthecommonalityof edgesof thesameorientationregardless

of thestrengthof the�lter response.Theimportantentityis thelabelof the�lter thathasalargeresponserelative

to theother�lters. If we usea �lter bankF, consistingof N �lters � F1,...,FN� , the index of the �lter with the

maximalresponseis retainedasthefeaturefor eachpixel. In this sense,thefeatureis symbolic.While a single

symbolicfeatureis notparticularlydescriptive,weobserve thatthelocalcon�gurationof thesesymbolicfeatures

is a simpleandusefultextureprimitive. Thedimensionalityof the textureprimitive dependson thenumberof

pixelsin thelocal con�gurationandcanbekeptquitelow. No clusteringis necessaryasthetextureprimitive is

directlyde�ned by thespatialarrangementof symbolicfeatures.

3.3.1 RecognitionMethod

Eachtrainingimageprovidesa primitive histogramandseveraltrainingimagesobtainedwith differentimaging

parametersarecollectedfor eachtextureclass.Thehistogramsfrom all trainingimagesfor all textureclassesare

usedto createaneigenspaceandrecognitionis donein astrategy verysimilar to thatdescribedin Section3.2.2.

That is, theprimitive histogramsfrom a certainclassareprojectedto pointsin this eigenspaceandrepresenta

samplingof themanifoldof pointsfor theappearanceof thistextureclass.In theory, theentiremanifoldwouldbe

obtainedby histogramsfrom thecontinuumof all possibleviewing andilluminationdirections.For recognition,

theprimitive histogramsfrom novel texture imagesareprojectedinto theeigenspaceandcomparedwith each

point in thetrainingset.Theclassof thenearestK neighborsis theclassi�cationresult.In ourexperimentsK is

setto 5. Figure10 illustratesthemainstepsof therecognitionmethod.
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Figure11: Illustrationof thehandlocationsimagedduringtheexperimentsdescribedin Section4.1.

4 Experimental Results

4.1 Recognitionof Hand Texture

For handtexture recognitionwe usethe modeldescribedin Section3.2. In our experimentswe employ skin

texture imagescorrespondingto threedistinct regionsof a �nger: bottomsegmenton palmside,�ngertip, and

bottom segmenton the back of the hand,as illustratedin Figure 11. Imageshave beenobtainedfrom two

subjects:for subject1 boththeindex andmiddle�ngers of left handhave beenimaged,for subject2 theindex

�nger of left handhasbeenmeasured.Eachimagingsessionconsistsof measuringtheskin textureof a certain

region, �nger andsubject,as the imagingparametersarevaried. Thereforewe had9 imagingsessions,and

for eachsession30 imageswereacquired,correspondingto 3 cameraposes,and10 light sourcepositionsfor

eachcamerapose.As a resultthedatasetemployed for thehandtextureexperimentscontains270skin texture

images.Figure12 illustratesfew examplesof textureimagesin thisdataset.Duringpreprocessingeachimageis

convertedto grayscale,andis manuallysegmentedsuchthatthelargestquasi-planarskin surfaceis usedin the

experiments.

For constructingthe imagetexton library, we considera setof skin texture imagesfrom all threeclasses,

however only from index �nger of subject1. This reducedsubsetof imagesis usedbecausewe assumethat

the representative featuresfor a texture surfacearegeneric. This assumptionis particularlyapplicableto skin

textures,giventhelocal structuralsimilaritiesbetweenvariousskin textureclasses.

Eachtextureimageis �ltered by employing a �lter bankconsistingof 18 orientedGaussianderivative �lters

with six orientationscorrespondingto threedistinct scales.The �lter outputscorrespondingto a certainscale

aregroupedto form six-dimensionalfeaturevectors.Theresultingthreesetsof featurevectorsareusedeachto

populatea featurespace,whereclusteringvia k-meansis performedto determinetherepresentativesamongthe
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(a)

(b)

(c)

Figure12: Examplesof handskin texture imagesfor eachlocation,andfor eachof the three�ngers imaged
duringour experiments.In eachof thepictures�rst row depictsskin texturecorrespondingto class1 (bottom
segment,palmside),secondrow presentstextureimagesfrom class2 (�ngertip), andthird row consistsof texture
imagesfrom class3 (bottomsegment,backof palm). In (a) imagesareobtainedfrom index �nger of subject1,
in (b) from middle�nger of subject1, andin (c) from index �nger of subject2.
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Figure13: Recognitionrateasa functionof thesizeof thetrainingset(a) (whendimensionalityof theuniversal
eigenspaceis �x ed to 30), andasa function of the dimensionalityof the universaleigenspace(b) (whenthe
trainingsetof eachclasshascardinality60),bothcorrespondingto �rst setof recognitionexperimentsreported
in Section4.1. (c) Pro�le of recognitionrateasa function of the dimensionalityof the universaleigenspace,
correspondingto secondrecognitionexperiment,describedin Section4.1.

population.We empirically chooseto employ in our experimentsa texton library consistingof 50 textonsfor

eachscale.

During the�rst setof experiments,thetrainingandtestingimagesetsfor eachclassaredisjoint,correspond-

ing to differentimagingconditionsor beingobtainedfrom differentsurfacesbelongingto thesameclass(e.g.

�ngertip surfacefrom different�ngers). For eachof theclasseswe considerall availabledata,that is, eachtex-

tureclassis characterizedby 90 images.We vary thesizeof thetrainingsetfor eachclassfrom 45 to 60, and,

consequentlythecardinalityof the testsetis variedfrom 45 to 30. For a �x eddimensionalityof theuniversal

eigenspace,i.e. 30, thepro�les of individual recognitionratesfor eachclass,aswell asthepro�le of theglobal

recognitionrateindexedby thesizeof thetrainingsetareillustratedin Figure13(a). As thetrainingsetfor each

classis enlarged,therecognitionrateimproves,attainingthevalue100%for thecaseof 60 texture imagesfor

trainingandtherestof 30 for testing.To emphasizethestrengthof this resultconsiderthattheclassi�cationis

basedon either: a singletexture imagecapturedunderdifferentimagingconditionsthanthe training set;or a

singletextureimagecapturedunderthesameimagingconditions,but from adifferentskinsurface.Thevariation

of recognitionrateasa functionof thedimensionalityof theuniversaleigenspace,whenthesizeof thetraining

setis �x edto 60, is depictedin Figure13 (b). As expected,theperformanceimprovesasthedimensionalityof

theuniversaleigenspaceis increased.

In thesecondexperimenttrainingandtestingimagescorrespondto thesamesurfacecapturedunderthesame

imagingconditions,however theimageregionsarespatiallydisjoint. Wedivideeachskintextureimageinto two

non-overlappingsubimages,denotedaslower half subimage,andupperhalf subimage.As a resultwe obtain

for eachclassa setof 60 texture subimages,two for eachof the 30 combinationsof imagingparameters.For
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Forehead

NoseCheek

Chin

Figure14: Illustration of the facelocationsimagedduring the constructionof the facetexture database.The
imagesin thisdatabaseareemployedduringtheexperimentsdescribedin Section4.2.

this experimentwe considerdataobtainedfrom index �nger of subject1. The training set is constructedby

alternatively choosinglowerhalf andupperhalf subimages,whichcorrespondto all 30 imagingconditions.The

testingsetis thecomplementof trainingsetrelative to thesetof 60 subimagesfor eachclass.Therecognition

rateindexedby thedimensionalityof theuniversaleigenspaceis plottedin Figure13 (c). For thecaseof a 30-

dimensionaleigenspace,theglobalrecognitionrateis about95%,whenfor class1 is attaineda recognitionrate

of 100%,class3 is classi�ed with anerrorsmallerthan4%, andfor class2 therecognitionrateis about87%.

Class2 is themostproblematicto beclassi�ed,duein partto thenon-planarityof the�ngertip.

Thesehigh classi�cationratescon�rm thatour proposedtexturerepresentationcaptureswell thecharacteris-

ticsof skintexture,allowing gooddiscriminationbetweendifferentclasseswhichcorrespondto differentregions

of thehumanbody. Theresultsareevenmoreencouragingwhenoneconsidersthatvisualdifferencesin appear-

anceof variousskin areasarerathersubtle.

4.2 Recognitionof FaceTexture

For facetexture recognitionwe usethe modeldescribedin Section3.3, i.e. the featureis a symbolic texture

primitive. Weuseskin textureimagesfrom all 20 subjects.For 18 subjectsall four locationshave beenimaged,

while for two only threelocationsare observed (without the chin). The facelocationsimagedduring these

experimentsareillustratedin Figure14. Eachlocationon eachsubjectis imagedwith a setof 32 combinations

of imaging angles,thereforethe total numberof skin imagesemployed during the experimentsis 2496 (18

subjectswith 4 locationsontheface,2 subjectswith 3 locationsontheface,32imagingconditionsperlocation).

Color is not usedasa cuefor recognitionbecausewe arespeci�cally studyingthe performanceof texture

models.In many cases,theclassi�cationshouldbeindependentof color. For example,a classi�cationof facial
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Figure15: (a) The setof � ve �lters (Fi, i=1...5) usedduring the faceskin modeling: four orientedGaussian
derivative �lters, andoneLaplacianof Gaussianderivative �lter . (b) The setof � ve local con�gurations(Pi,
i=1...5)usedfor constructingthesymbolicprimitives.

regionssuchasforeheadvs.cheekshouldnotdependonthecolorof thetrainingsubjects.A novel subject's face

maybeof a differentcolor thanthe trainingsubjects,yet theunderlyingskin texturecharacteristicscanenable

classi�cation.Theimagesareconvertedto grayscalebeforeprocessing,andthey aremanuallysegmentedsuch

thatthelargestquasi-planarskinsurfaceis usedin theexperiments.

We constructthe skin texture representationusingsymbolic texture primitives asdescribedin Section3.3.

We de�ne thesymbolictexturefeatureby employing a �lter bankconsistingof � ve �lters: 4 orientedGaussian

derivative �lters, andoneLaplacianof Gaussian�lter . These�lters arechosento ef�ciently identify the local

orientedpatternsevident in skin structuressuchasthoseillustratedin Figure9. The �lter bankis illustratedin

Figure15 (a). Each�lter hassize15x15. We de�ne several typesof symbolictextureprimitivesby grouping

symbolicfeaturescorrespondingto nineneighboringpixels. Speci�cally, we de�ne � ve typesof local con�gu-

rations,denotedby Pi, i=1...5,andillustratedin Figure15 (b). As describedin Section3.3,a symbolicfeature

correspondingto a pixel in the imageis the index of the maximalresponse�lter at that pixel. The pertinent

questionis how a featurelessregion in theimagewould becharacterizedin this context. To solve this issuewe

de�ne asynthetic�lter , denotedby F0,whichcorrespondsto pixelsin theimagewherefeaturesareweak,thatis,

wherethemaximum�lter responseis not larger thana threshold.Thereforethesymbolictextureprimitive can

beviewedasastringof ninefeatures,whereeachfeaturecanhave valuesin theset �

���

�����

���

� . A comprehensive

setof primitivescanbequiteextensive,thereforethedimensionalityof theprimitivehistogramcanbevery large.

Hencetheneedto prunetheinitial setof primitivesto a subsetconsistingof primitiveswith high probabilityof

occurrencein the image. Also, this reasoningis consistentwith the repetitivenessof the local structurethat is

characteristicpropertyof textureimages.

We constructthe setof representative symbolicprimitives by using384 imagesfrom 3 randomlyselected

subjectsand for all four locationsper subject. We �rst constructthe set of all symbolic primitives from all

384skin images,thenwe eliminatetheoneswith low probability. Theresultingsetof representative symbolic

primitives is further employed for labelingthe images,andconsequentlyto constructthe primitive histogram
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for eachimage. Figure19 exempli�es � ve instancesof imageslabeledwith varioussymbolicprimitives. The

left columnillustratesthe original images,while the right columnpresentsthe imageswith pixels labeledby

certainsymbolicprimitives(whitespots).In detail,the�rst row shows pixelsin theimagelabeledby primitives

of type P1, whereall �lters arehorizontallyoriented. The secondrow illustratesan imagelabeledwith P2-

typeprimitiveswhereall �lters arevertically oriented.The third andfourth rows presentimageslabeledwith

primitivesof type P3 andP4,whereall �lters areorientedat -45� , and45� , respectively. The last row shows

a labeledimageusinga P5 primitive whereall �lters arecentersurroundderivatives. Notice that indeedthe

symbolicprimitivessuccessfullycapturethelocalstructurein theimage.

Wefurtheranalyzethedescriptivepowerof theprimitivesetby computingtheintra-andinter-classvariability

of theprimitive histograms.Speci�cally, we computeboth thedistribution of distancesbetweenhistogramsof

imagesbelongingto thesameclass,andthedistribution of distancesbetweenhistogramsof imagesbelonging

to different classes.Note that the classis de�ned either as a certainregion on the faceindependenton the

humansubject(i.e. foreheadvs. cheek),or it canrefer to a certainhumansubject(i.e. subjecti vs. subjectj).

Figure18 illustratesthreeof thecaseswe analyzed.In Figure18 (a), on the left, the intra-classdistribution of

distancesbetweenhistogramscorrespondingto chinskin from subject7 is plottedin black,while theinter-class

distributionof distancesbetweenhistogramscorrespondingto chinskinfrom subject7 andcheekskinof subject

4 is plottedin green.Noticethatthereis nooverlapbetweenthetwo distributions.Ontheright bothskinsurfaces

from subjects7 and4 areillustratedby theimagescorrespondingto thesmallestinter-classhistogramdistance.

Thegreatdissimilarity in appearanceof the two surfacesis consistentwith the fact that thereis no overlapof

theintra-andinter-classdistancedistributions.Figure18(b) illustratesthesametypeof analysisasin Figure18

(a), but for cheekskin from subject3 andsubject9. On the left, the intra-classdistancedistribution for cheek

skin from subject3 is plottedin black,while theinter-classdistancedistribution is plottedin green.Noticethe

completeoverlapof the intra- andinter-classdistancedistributions. On the right the two classesaredepicted

by imagescorrespondingto thesmallestinter-classdistance.Thesigni�cant similarity in appearanceof thetwo

surfacesexplainsthe overlapof the distributions. Finally, Figure18 (c) depictsanothercase,wherethe intra-

classvariability for foreheadskin from subject9 is comparedwith the inter-classvariability for foreheadskin

from subject9 andfrom subject3. Notice that thedistributionsoverlap,however the overlapis reduced.The

imageson theright correspondto thetwo histogramsat thesmallestinter-classdistance.It canbeobservedthat

theimagesarequitesimilar, which is consistentwith theoverlap.

We usethis type of analysisof the intra- andinter-classvariability of theprimitive histogramsasguideline

to designthe classi�cation experiments. Speci�cally, as Figure 18 (a) suggests,we �nd that thereexists a
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Figure16: Classi�cationof faceregions. (a) Recognitionratesvs. the sizeof the training setplottedfor six
scenarios:usingall � ve typesof primitives for recognition(global), andusingeachcon�guration separately
( �

� ��� ��� �

�����

���

). (b) Theglobalrecognitionrateaswell astherecognitionratesfor individual classes(forehead,
chin,nose)vs.thesizeof thetrainingset.In both(a)and(b) classi�cationis basedonasingletextureimage.(c)
Theglobalandindividual recognitionratesvs. thesizeof thetrainingsetfor thecasewhentheclassi�cationis
achievedbasedon threeimages.

considerablevariation in appearanceof variousfacelocations,andthis observation leadsto an experimentin

which we attemptandwe successfullyachieve discriminationbetweenvariousfacelocations. The detailsare

givenin Section4.2.1.

Figure18(b) shows thattheremayexist agreatdealof similarity betweenskin textureof differentpeople,i.e.

two differentpeoplecanhave facialskinpresentingpores,freckleor wrinklesof similarsizeor shape.However,

while this resemblanceexists on a certainfacelocation(i.e. the cheekof subjects3 and9 in Figure18 (b)),

theskin canvary in appearanceon otherfacelocations,asin thecasepresentedin Figure18 (c), which shows

that thereexists quitea variationbetweentheappearanceof foreheadskin of subjects3 and9. Note thatboth

casesin Figures18(b) and(c) depictskin imagesfrom thesametwo subjects,but from differentlocations.This

observationleadsto theideaof recognizingpeoplebasedon detailedfacialskin images,usingmultiple queues,

i.e.skinimagesfrom differentfacelocations.Thereforewedesignasecondsetof experimentsin whichaperson

is recognizedbasedon faceimages.Weobtaininterestingresultsandthey aredescribedin Section4.2.2.

4.2.1 Classi�cation of FaceRegions

By examiningtheskin textureimagesin thedatabase,weobserve thattherearelocal featuresof skinwhichvary

with the locationon the face. For example,theporeson thechin seemsmallerthantheoneson the forehead.

Also, therearewrinkleson theforeheadwhich arenot presenton thechin,or they appeardifferenton thenose.

However, we noticethat thereis a greatsimilarity betweentheappearanceof foreheadandcheek,especiallyif
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Figure17: Humanidenti�cation. Theglobalrecognitionratevs. thesizeof thetrainingset.

they areimagedfrom thesamesubject.Consequently, we designa recognitionexperimentwhich discriminates

betweenthreelocationson theface:forehead,chin andnose.We useskin texture imagesfrom all 20 subjects,

thereforethe total numberof skin imagesemployed for this experimentis 1920(20 subjects,3 locationsper

subject,32imagingconditionsperlocation).Weachieveclassi�cationof faceregionsby usingindividually each

typeof local con�guration Pi, i=1...5,aswell asusingall Pi, i=1...5combined.Thetrainingsetis constructed

with asubsetof imagesfrom all subjects.Thesizeof thetrainingsetis variedfrom 320to 520textureimagesfor

eachfacelocation.Classi�cationis achievedwith theremainingimages,whicharecharacterizedby completely

differentimagingconditionsthantheonesfor thetrainingimages.Therecognitionrateasa functionof thesize

of the training set is plotted in Figure16. We achieve a global recognitionrateof 87%. Notice from Figure

16 (a) that thereis a slight differencein the performanceof varioustypeslocal con�gurations. However, the

combinationof Pi, i=1...5 hasmoredescriptive power thana singlecon�guration. Theglobal recognitionrate

aswell asthe individual recognitionratesfor eachregion to be classi�ed areshown in Figure16 (b). Notice

thatwhile theclassi�cationperformancefor noseskin is quitegood,theforeheadskin is lessrecognizable.By

visually inspectingthe imageswe observe that indeedthecommoncharacteristicsof foreheadskin imagesare

moresubtlethanthoseof noseskin images.

In thecontext of facial region recognition,we modify thetestingscenariosothatthreeimagesareemployed

simultaneouslyfor classi�cation.Speci�cally, eachimageis labeledby aclass,thentheclassi�cationis achieved

basedonamajorityvotingscheme.Theresultsareillustratedin Figure16(c). Weobtainanexcellentrecognition

rateof 95%,while theobservationson thebehavior of variousfacial regionsmentionedfor whenthetestingis

achieved with a singleimagearestill valid. The resultsshow thatskin textureclassi�cationis a dif�cult task,

howevertheperformancecanbegreatlyimprovedby employing aquerybasedonmoreinformation,i.e.multiple

testingimages.
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4.2.2 Human Identi�cation

We designa secondsetof classi�cationexperimentswherewe attemptto discriminatebetweenvarioushuman

subjectsbasedonskinimagesfrom all four locationsontheface.Speci�cally, weuseskinimagesfrom forehead,

cheek,chinandnoseto recognize20subjects.For eachsubject,theimagesareacquiredwithin thesamedayand

do not incorporatechangeswith aging.A humansubjectis characterizedby a setof 32 textureimagesfor each

facelocation,i.e.128imagespersubject.Thereforeweemploy all theimagesin thedatabaseduringthissecond

experiment.Classi�cationis achievedbasedon a setof four testingimages,onefor eachlocation. Eachof the

four testimagesis labeledby a class,thenthe �nal decisionis obtainedby takingthemajority of classes.The

trainingsetis variedfrom 16 to 26 textureimagesfor eachsubjectandlocation.Consequentlythe �nal testing

is achieved with four subsetsof 16 to 6 texture imagespersubject,eachsubsetcorrespondingto a certainface

location.Theglobalrecognitionrateasafunctionof thesizeof thetrainingsetis shown in Figure17. Weobtain

a recognitionrateof 73%. This resultsuggeststhathumanidenti�cation canbeaidedby includingskin texture

recognitionasabiometricsubtask.

Somegeneralpatternscanbeobservedaboutthedependenceof skinappearanceon imagingconditions.(e.g.

freckles/molesareapparentis someviews, specularitiesenhanceporesandsurfacetexture). This observation

placeslooseguidelineson our choiceof trainingimages.Theideais to choosetrainingimageswhich arelikely

to show all thekey featureseventhoughtheexactimagingparametersof thetrainingimagesareunknown.

5 Conclusions

5.1 Multidisciplinary Applications

Theability to recognizeor classifyskin textureshasa wide rangeof usefulmultidisciplinaryapplications.For

example,skin textureasa biometriccanbeusedto assistfacerecognitionin securityapplications.Biomedical

evaluationof skinappearancewith thismethodcanprovidequantitative measuresto testtopicalskin treatments.

Suchtestscanbe usedto: determinewhethera treatmentis effective, objectively comparetwo treatmentsor

predictthe outcomeof a treatmentin theearly stages.Computer-assisteddiagnosisin dermatologyis another

potentialapplication.A dermatologistcanusethecomputationaltexturerepresentationto assistaninitial diag-

nosisof potentiallymalignantmolesandlesions.In dataminingapplications,arepresentative imageof asurface

canbe usedto searcha databasefor matches.This searchis applicablein e-commerceto enablea customer

to �nd a particularmaterialin a databaseof productimagery. Anotherapplicationis advancedwatermarking

wheretheappearanceof an induced�ne scaletexture is usedasanobjectidenti�er. In military applications,a
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camou�agedesigncanbe improved by comparingtheappearanceof theprototypedesignandthebackground

undervariousviewing andilluminationangles.

5.2 Broader Implications for Computer Vision

Representationandclassi�cationof skintexturehasbroadimplicationsin many areasof computervision. Image

segmentationusingtexturecanbe improved by accountingfor variedtextureappearancewith imagingparam-

eters.An objectwith a 3D shapecanbe thoughtof asbeingcomprisedof many texturedregions,eachwith a

differentsurfacetilt. Thetaskof groupingthesetexturedregionstogetherrequiresbidirectionaltexturemodels

for classi�cation.Findingpointcorrespondencesis a fundamentalcomponentof computervisionalgorithmsfor

shapeandmotionestimation.Currentmethodsof determiningcorrespondencestypically rely on thebrightness

constancy assumption.This assumptionis clearlyviolatedwhenever thetwo imagesareobtainedwith different

imagingparametersandthesurfaceexhibits 3D texture. Modelsof surfaceappearancechangecanbe usedto

developmoreadvancedandrobustmethodsfor �nding pointcorrespondences.

5.3 Summary and Future Work

In summary, we have developeda novel texture representationwhich accountsfor changesof skin surfaceap-

pearanceasthe imagingconditionsarevaried. We employ this texture representationfor skin classi�cationin

two contexts: we discriminatebetweendifferentfacialandhandregions,andwe classifyhumansubjectsbased

on detailedfacial skin images.We have developeda skin imagingprotocolfor clinical setting,which wasem-

ployedfor constructinga facialskin database.Thedatabaseconsistsof morethan2400images,collectedfrom

20 subjects,andfrom four locationson the face: forehead,cheek,chin andnose.Eachskin surfaceis imaged

undermorethan30 combinationsof viewing andillumination angles.This collectionof skin imagesis made

publicly availablefor furthertextureresearch(Culaetal., 2003).

Futurework includesexpandingthe currenttexture model to supportef�cient synthesis.The dif�culty in

usingimage-basedrepresentationsfor synthesisis that even large measurementsarestill a sparsesamplingof

thecontinuoussix-dimensionalbidirectionaltexturefunction.Thereforeinterpolationmustbeusedto getimage

texturebetweensamplelocations.However, interpolationof intensitiesis an incorrectapproachbecausemany

of thechangesthatoccurwith varyingimagingparametersarefundamentallygeometric.Considerfor example

a castshadow that grows with the angleof the oblique illumination. The shadow edgeappearsto move and

intensityinterpolationwill not capturethis effect. Methodssuchas(Liu et al., 2001)which modelthesurfaces

asgeometry+re�ectancedo not yield realisticrenderingsfor complex texture (e.g.hair) for two main reasons:
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(1) they tendto obtainsmoothgeometrywhereroughsurfacesareinherentlynon-smooth,(2) simplere�ectance

modelingis not suf�cient to capturethe actualappearance.A combinedapproachof geometryor geometric

transformationsandimage-basedrenderingis needed,althoughexactly how this combinationis achieved is an

openissue.
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Figure 18: (a) Intra-classvariability of histogramdistancesfor chin skin from subject7 (plotted in black),
and inter-classdistribution of histogramdistancescorrespondingto chin skin from subject7, andcheekskin
correspondingto subject4 (plottedin green).No overlapis presentbetweenthe intra- andinter-classdistance
distribution, which is expecteddueto thegreatdissimilarity in appearanceof the two classes,asillustratedon
the right by the imagescorrespondingto the smallestinter-classhistogramdistance.(b) Intra-classvariability
of histogramdistancesfor cheekskin from subject3 (plottedin black),andinter-classvariability of histogram
distancesfor cheekskinfrom subject3, andfrom subject9 (plottedin green).Noticethecompleteoverlapof the
intra- andinter-classdistancedistributions. Thereasonfor this overlapis thesigni�cant similitudebetweenthe
two surfaces,illustratedontheright by theimagescorrespondingto theclosesthistogramsfrom thetwo classes.
(c) Intra-class(plotted in black) andinter-class(plotted in green)variability of distancesbetweenhistograms
correspondingto foreheadskin from subject9 andsubject3. Thereis anoverlapbetweenthe intra- andinter-
classdistancedistribution, however it is reduced.The imageson theright correspondto thetwo histogramsat
thesmallestinter-classdistance.It canbeobservedthattheimagesarequitesimilar, which is consistentwith the
overlap.
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Figure19: Five instancesof imageslabeledwith varioussymbolicprimitives. The left columnillustratesthe
original images,while the right columnpresentsthe imagewith pixels labeledby certainsymbolicprimitives
(white spots).Speci�cally, the �rst row shows pixels in the imagelabeledby primitivesof type P1,whereall
�lters arehorizontallyoriented;thesecondrow illustratesanimagelabeledwith P2-typeof primitiveswhereall
�lters arevertically oriented.Thethird andfourth rows presentimageslabeledwith primitivesof typeP3and
P4,wherethe�lters areorientedat -45� , and45� , respectively. Thelast row shows a labeledimageusinga P5
primitivewhereall �lters arecentersurroundderivatives.Noticethatindeedthesymbolicprimitivessuccessfully
capturethelocalstructurein theimage.
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Figure20: Examplesof facialskin textureimagesfrom our database.Eachrow presentsimagesfrom a certain
humansubject,while eachcolumncorrespondsto different locationsof intereston the face: forehead,cheek,
chin andnose.Noticethevisualdifferencebetweenthe imagesacrossvariouslocationsof thesamesubjector
betweenthesamefaceregionof differentsubjects.
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Figure21: More examplesof facial skin texture imagesfrom our database.Eachrow presentsimagesfrom a
certainhumansubject,while eachcolumncorrespondsto differentlocationsof intereston the face: forehead,
cheek,chinandnose.
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Figure22: More examplesof facial skin texture imagesfrom our database.Eachrow presentsimagesfrom a
certainhumansubject,while eachcolumncorrespondsto differentlocationsof intereston the face: forehead,
cheek,chinandnose.
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