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Abstract

Quantitativecharacterizationof skinappearnceis animportantbut dif cult task. Theskinsurfaceis a
detailedlandscapewith complex geometryandlocal optical properties.In addition, skinfeatuesdepencbn
manyvariablessud as bodylocation (e.g. forehead cheek),subjectparametes (age, gender)andimaging
parametes (lighting, camer). Aswith manyreal world surfacesskinappeaanceis strongly affectedby the
directionfromwhich it is viewedandilluminated. Computationamodelingof skintexture haspotentialuses
in manyapplicationsincluding realistic renderingfor computergraphics,robust face modelsfor computer
vision,computerassisteddiagnosisfor dermatolay, topical drug ef cacy testingfor the pharmaceuticaln-
dustryandquantitativecomparisorfor consumeproducts.In thisworkwepresenimodelsandmeasuements
of skintexture with an emphasi®n faces. We developtwo modelsfor usein skin texture recaynition. Both
modelsare image-basedepresentation®f skinappeaancethat are suitablydescriptivewithoutthe needfor
prohibitively complex physics-basedkinmodels.Our modelstake into accountthe variedappeaganceof the
skinwith changesin illumination and viewing direction. We also presenta new facetexture databasecom-
prisedof more than2400imagescorrespondingo 20 humanfaces 4 locationson each face(foreheadcheek,
chin andnose)and 32 combination®f imaging angles.Thecompletedatabases madepublicly availablefor
furtherreseach.

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

rectionalfeaturehistogramgexton, imagetexton, symbolictexture primitive.

1 Intr oduction

Skin is a comple landscapehatis dif cult to modelfor mary reasons.Re ection andinterre ection of light

areaffectedby the comple optical propertiesof skin layersaswell asthe surfacemicrogeometryof poresand
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Figurel: Skintexturein thelip region of theface,astheillumination sourceis repositioned The appearancef
theskin surfacevariessigni cantly, yetonly thelight directionis changed.

wrinkles. As with mary realworld surfaces skin appearances stronglyaffectedby the directionfrom whichiit
is viewedandilluminated. As astriking example,consideitheimagesof skintexturein thelip region of theface
shawvn in Figurel. Thethreeimagesshavn in this gure vary only in thedirectionof incidentilluminationand
yetthe skin surfaceappearwvastly different. To illustrateanotherexampleof appearanceariationwith imaging
parametersgonsiderFigure 12 (a), whereeachrow shaws a skin surfacepatchimagedunderseveral different
viewing andillumination directions.

Skintextureis a 3D texture,i.e. atexturein whichthe ne scalegeometryaffectsoverallappearancdncreas-
ingly, recentwork (Chantley 1995) (Koenderinkandvan Doorn, 1996) (Danaet al., 1997) (SuenandHealsy,
1998)(DanaandNayar 1998)(Koenderinketal., 1999)(Danaetal., 1999)(DanaandNayar 1999b)(Danaand
Nayar 1999a)(van Ginnelen et al., 1999) (SuenandHealg, 2000) (McGunnigleandChantley 2000) (Leung
andMalik, 2001) (CulaandDana,2001b)(CulaandDana,2001a)(Zalesly andvan Gool, 2001) (Dong and
Chantley 2002)(VarmaandZisserman2002) (Penirschk et al., 2002) (PontandKoenderink 2002) (Culaand
Dana,2002)(CulaandDana,2003)addressethis type of textureandits variationwith viewing andillumination
direction. Terminologyfor texture that dependn imaging parametersvasintroducedin (Danaet al., 1997)
(Danaetal., 1999). Speci cally, thetermbidirectionaltexture function (BTF) is usedto describeamagetexture
asa function of the four imaging angles(viewing andlight sourcedirections). The BTF is analogoudo the
bidirectionalre ectancedistribution function(BRDF). While BRDFis atermfor there ectanceof a point, most
realworld surfacesexhibit a spatiallyvaryingBRDF andtheterm BTF is usedfor this situation.

Simplemodelsof skin appearancarenot sufcient to supportthe demandgor high performancelgorithms
in computervision and computergraphics. For example,in computervision, algorithmsfor facerecognition,
shapeestimationand facial feature-trackingely on accuratelypredictingappearanceo that local matching
can be doneamongimagesobtainedwith differentimaging parameters.In computergraphics,the popular

techniqueof image-basedenderingtypically createsew views of local texture by warpingreferenceémages.



This approachcannotcapturelocal variationsin occlusions,foreshorteningand shadwing dueto ne scale
geometryof texturedsurfaces.Thereforeskinrenderingsackrealisticsurfacedetail. Othermethodsaredesigned
speci cally for renderingskin texture: (Ishii etal., 1993)(Nahasetal., 1990)(Boissieuxetal., 2000); but truly
accuratesynthesiof skin andthe changeshatoccurwith imagingparameterss still anopenissue.Although
muchwork hasbeendonein modelingfor facialanimation(Lee et al., 1995) (Guenteret al., 1998) (DeCarlo
etal., 1998)(BlanzandVetter 1999),accuratelyrenderingsurfacedetailhasnot beenthe primaryemphasisand
remainsanopentopic.

In additionto computervision andgraphicsaccurateskin modelsmay be usefulin dermatologyandseveral
industrial elds. In dermatologytheseskin modelscanbe usedto develop methodsfor computerassistedi-
agnosisof skin disorders. In the pharmaceuticaindustry quanti cation is usefulwhenappliedto measuring
healingprogress Suchmeasurementsanbe usedto evaluateandcomparereatment@andcansene asanearly
indicatorof the succes®r failure of a particulartreatmentourse.Consumeproductsand cosmeticindustries
canusecomputationaskin representation® substantiatelaimsof appearancehanges.

Onedif culty in building skin texture modelsis acquiringgooddata.In general pidirectionalmeasurements
are hardbecausehereare four imaging parameterstwo anglesfor the viewing directionandtwo anglesfor
theillumination direction. Thereforethe light sourceandcamerashouldbe moved on a hemispher®f possible
directions.Thesemeasurementsanbe quitedif cult to obtainbecaus®f mechanicatequirementsf thesetup.
Whenthe sampleis non-planarnon-rigidandnot x ed, asis the casefor humanskin, measurementareeven
moredif cult.

In this work we describeour skin texture studywhich hasa measurementomponentinda modelingcom-
ponent. For the measurementsye have createda publicly available facetexture databas€Cula et al., 2003).
Ratherthanusehighly specializedequipmenthatcanalign with the shapecontoursof the skin suriace,we take
advantageof the fact that our modelingapproachdoesnot requireimagesat exact viewing and illumination
directions.For eachsurfaceareawe take a samplingof cameraandlighting positionsat approximatadirections
andemplg/ ducial markerssothatthe camergpositionandlighting canberecoseredmorepreciselyif needed.
In our approachfour viewing directionsareused,andfor eachviewing direction,eightlighting directionsare
measuredthereforeeachskin surfaceis characterizedy 32 images.Theseimagesare high magni cationand
highresolutionsothat ne-scaleskinfeaturessuchasporesand ne wrinklesarereadilyapparentTheviewing
directionis obtainedwith a boom standaugmentedvith an articulatedarm allowing six degreesof freedom.
Illumination is controlledby a rotatingarm which spangwo circlesof the hemispheref all possiblelight di-

rections. The databasés comprisedof morethan 2400imagescorrespondingo 20 humanfaces.4 locations



on eachface(foreheadcheek,chin andnose)and 32 combinationsof imagingangles.The completedatabase
is madepublicly availablefor furthertexture researctat URL http://www.caip.rutgers.edu/rgers_texture. The
detailsof the methodsandimagingprotocolarediscussedh Section2.1.

The modelingeffort of our skin texture study hasresultedin two new bidirectionaltexture modelsthat are
usedin representin@ndrecognizingskin texture. The rst modelis alsodescribedn our prior work (Culaand
Dana,2001b)(CulaandDana,2001a) but herewe applythe methodto skin analysis Basedon this rst model,
we presentecognitionresultsusingclinical skin measurementsom severallocationson thehand,asshavn in
Figurel2.

We presenta new approachas the secondmodel, that computesimage featureswithout clustering. The
resultingtexture descriptoris simple and capturessalientlocal structure. The motivation for developingthe
secondmodelwas the dif cult problemof facetexture recognitionwherethe interclassvariability is small.
The secondmodelis testedwith the facetexture databasén two recognitiontasks: (1) discriminatingamong
locationson the faceand(2) recognizinghumansubjectshasedon skin texture. Thesetestsare quite different
from thetypical texturerecognitionexperimentsn theliteraturethatdistinguishamongsurfaceshatarevisually
dissimilar e.g.rocks,sand,grass.The goalof this paperis to performa classi cationof skin texture wherethe
visualdifferencesn appearancarefar moresubtle.

Both modelssupportrecognitionmethodgshat have several desirableproperties.Speci cally, a singleimage
canbe usedfor fastnon-iteratve recognition theillumination andviewing directionsof theimagesneednot be

known, andno imagealignmentis needed.

1.1 Prior Work in 3D Texture Recognition

Studyof bidirectionaltexture beganwith the CUReTdatabas€Danaet al., 1997)(Danaet al., 1999),andwas
continuedwith theworkin (DanaandNayar 1998)and(DanaandNayar 1999b) which modelsthebidirectional
histogramand correlationfunction for Gaussiarrough surfaces. Other early efforts in bidirectionaltexture
analysisarepresentedn (Koenderinketal.,1999)and(vanGinnelenetal., 1999).In (Koenderinketal., 1999)
the BRDF of opaquesurfacesthat are roughon boththe macroandmicro scaleis derived. In (van Ginnelen
etal., 1999),basedon a modelfor roughsurfaceswith locally diffuse and/orspeculare ection propertiesan
investigationof the grey level histogramsof a setof surfacesasa function of the view andlight directionis
performed.

More recentwork concernedvith the dependengc of texture appearancasthe imaging conditionschange

includes(McGunnigleandChantley 2000)(DongandChantley 2002). Thework in (McGunnigleandChantley



2000)proposesnapproacHhor roughsurfaceclassi cationbasedn point statistics§rom photometricestimates
of the surfacederivatives. In (Dong and Chantley 2002) several approachesor capturing,synthesizingand
relightingof realworld 3D texturesarepresentedndcompared.

Lately, recognitionwork hasconcentratedn example basedmethodsthat supportrecognitionfor a wide
rangeof texture classes.This recognitionwork includes(Danaand Nayar 1999a)(Leungand Malik, 1999)
(CulaandDana,2001a)(CulaandDana,2003)(Zalesty andvanGool, 2001). In (DanaandNayar 1999a)the
texturerepresentationarethe conditionalhistogramsf theresponseo a smallmultiscale lter bank.Principal
ComponenAnalysis(PCA)is performedonthehistogramsf Iter outputsandrecognitionis achievedwith the
histogramvectorsforming the appearance-baséeaturevectors.In (LeungandMalik, 1999)the 3D texton is
de nedasthesurfacefeature andthe3D textureis modeledoy a3D texton histogram.In (CulaandDana,2001a)
(CulaandDana,2003)the imagetexton encodegshe local featurewithin animagetexture,andthe 3D textured
surfaceis modeledby the collectionof imagetexton histogramsasa function of the imagingparametersThe
work in (Zalesty andvan Gool, 2001) presentsan exemplarbasedexture modelwhich accountdor the view
dependenthange®f texture appearance.

It is interestingto compareand contrastsomeof the recentwork in moredetail. A commonthemein prior
effortsis to examinehow key texture featuregLeungandMalik, 2001)or featuredistributions(CulaandDana,
2003)(Varmaandzisserman2002)changewith viewing andillumination directions.In the 3D texton method
(Leungand Malik, 1999) (Leungand Malik, 2001),a 3D texton is createdby usinga multiscale Iter bank
appliedto animagesetfor a particularsample. The Iter responseasa function of viewing andillumination
directionsareclusteredo form featureshatarecalled3D textons. In (CulaandDana,2001a)(CulaandDana,
2003),clusteringof lter outputsfrom asingleimageis doneto obtainimagetextonsandthetexton histograms
vary with viewing andillumination direction. Thereis animportantdifferencebetweerthe 3D texton method
andthe approactwe take hereandin (CulaandDana,2001a)(CulaandDana,2003).In generaltexturerepre-
sentationgonsisiof a primitive anda statisticaldistribution of this primitive over space For bidirectionaltexture
representationgithertheprimitive or the statisticaldistribution shouldbe a functionof theimagingparameters.
The 3D texton methodusesa primitive thatis a function of imagingparameterswhile our methodusesa sta-
tistical distribution thatis a function of imagingparametersThe advantage®f our methodin recognitiontasks
arecompelling: theimagesneednot be registered,a singleimageis sufcient for recognitionandthe imaging
parameter®f novel imagesneednot be known. With this bidirectionalhistogramapproachwe accomplish
preciserecognitionof texturedsurfaceswith lessprior informationanda fundamentallysimplercomputational

representation.



Figure2: Two imagesof the sameskin suriace, obtainedwith frontal (left image),andoblique (right image)
illumination,while thecameras x ed.Noticehow well thecolorvariationappearsvhenthelight fallsfrontally
to the surface,andhow the surfacegeometriadetail becomespparentvhenthelight directionis oblique.

Themethod=f (VarmaandZisserman2002)and(Penirschk etal., 2002)arerecent3D texture recognition
methodswhich have the propertyof rotationinvariance.The classi er in (Penirschk et al., 2002) canclassify
texturesimagedunderunknawvn illumination angle. The methodsof (VarmaandZisserman2002)are similar
to thatof (CulaandDana,2001a)(CulaandDana,2003) becauseémagefeaturesare de ned andthenthe set
of featurehistogramsareusedto representhe texture. However, the imagefeaturesn (VarmaandZisserman,
2002)arethemaximal Iter responsever a setof orientationsandtherefords arotationalinvariantdescription.

Theissueof rotationinvariancein the contect of skintextureneedgo becarefullyconsideredTheorientation
of featurecomponent$asa strongdescriptve powver. For instancelineson the foreheadmay have a different
orientationthanlinesonthe cheek.Also, onepersonmay have prominenthorizontalwrinkleswhile anotherhas
moreprominentverticalwrinkles. If we make thereasonablassumptiornhattheglobalorientationof theperson

is x ed,e.g.theheadis up, thenfeatureorientationis usefulinformationthatshouldbe presered.

2 FaceTexture Database

Our databasés comprisedbf 2496imagescorrespondingo 20 humanfaces4 locationson eachface(forehead,
cheek,chin andnose,asillustratedin Figure 14) and 32 combinationsof imagingangles. The imagesin the
databasere acquiredfrom both femaleand male subjects(7 femalesand 13 males),while the subjectsage
rangesfrom 24 to 53. Figures20, 21 and 22 illustrate several examplesof skin imagesfrom the databaseln
these gures eachcolumnpresentgexture imagesobtainedby imaginga certainregion on the face: forehead,
cheek,chin andnose,while eachrow correspondso a differenthumansubject. Notice the visual differences
betweertextureimagesacrossrariousregionsandfrom onesubjecto another Skinfeaturedik e pores freckles,
wrinklesor molescandiffer in both sizeandshapemakingskin modelinga dif cult task.Also the appearance
of skinis in uenced by factorslike ageand genderof the subject. Changesn imaging parameteradd even

morecompleity to theappearancef skin. While frontalillumination allows betterimagingof color variation,



Figure3: Twoimagesof thesameskin surface obtainedunderthesamellumination condition,but with different
cameraviews. Notice how the skin poresappeaideformedandstretchedvhentheview is oblique(right image)
comparedo theirappearancen thefrontal view (left image).

more oblique directionsof light make the surfacedetail morevisible. This remarkis exempli ed in Figure2,
wherethe skin surfaceis imagedundertwo differentilluminations,while the camerais x ed. The changesn
camergosegiveriseto effectslike occlusion foreshorteningor rotation,signi cantly affectingtheappearance,
asshavn in Figure3.

The completedatabasés madepublicly available for further texture researchand algorithm development
(Culaetal., 2003).1t canbeusedasatestbedor avarietyof classi cationandsynthesisnethods Existingface
databasedo not capturethe detailsof skin surfaceappearanceOn the otherhand,theimagesin our database
capturethe ne scaledetail of skin surface,aswell asthe variation of skin appearancevith changesn the

imagingconditions;thereforethey areusefulfor developinganaccurateskin texture model.

2.1 Skin Imaging Method

Obtainingbidirectionalimagemeasurementsanbe quite cumbersomdecaus®f the mechanicalrequirements
of the setup.Also, becausehe skin surfaceis non-planarnon-rigidandnot x ed,acquiringthe datais consid-
erablymoredif cult. Theseissuegnake exhaustve measuremerimpracticalin a clinical setting.In our study
for eachskin surfacethe BTF is sampledin 32 points, correspondingo 4 cameraviews, and 8 illumination
directionsfor eachcamergpose.

Theskintexturemeasuremen@reobtainedby varyingtheviewing andthelight directionsonthehemisphere
of all possibledirections.We positionthe cameraon four pointsof the hemisphereharacterizedby polarangle

andazimuthalangle , asgivenin Tablel (a). The camerais mountedon an articulatedarm boomstand
allowing six degreesof freedom. Positioningof the camerais aidedby a circular patternpresentinga height
marler, asillustratedin Figure4 (a). The heightmarker haslengthequalwith the disk radius. This patternis
attachedo the surfaceof interestsuchthatit is comprisedn the eld of view of the camera.Positioningthe

cameran oneof thefour desiredposeds achiezed by inspectingthe projectionof the patternin theimage.The
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Figure4: (a) The ducial marker usedfor both positioningthe cameraand for controlling the illumination
direction. (b) The projectionsin the camereof the ducial marker, correspondingo the four cameraposeswe
seek.(c) Thecameramageof the ducial marker, correspondingo the eightillumination directionsof interest,
whenthe cameras frontal to the surface.

projectionscorrespondingo thefour camergposesve seekaredepictedn Figure4 (b). The cameracalibration
is completedby imaginga known 3-dimensionabbjectduring eachimagingsessionallowing the computation
of theintrinsic parametersf thecamera.Thecameraemplo/edin our experimentds a Sory DFW-V500 IEEE-

1394digital cameraequippedvith zoomlenswith variablefocus.

Theillumination directionis variedby usinga rotatingpositioningarm, which spangwo circlesof the hemi-
sphere Eachcircle is sampledn four points,andthe resultingsetof illumination angless listedin Tablel (b).
Thepolarangleof illuminationis  (where correspondso frontalillumination) andthe azimuthalangle
of illuminationis . Positioningthe light sourceis assistedy the circular patternwith the heightmarker that
is alsousedfor positioningthe cameraasillustratedin Figure4. The lengthof the shadav castby the height

marker aswell asits positionrelative to the diagonalsof the disk areemplged for computingthe illumination



| | Posel | Posell | Poselll | PoselV | | 1] 2] 3] 4 ]5]6][] 7] 8]
0 45 45 45 15 15 15 15 37 37 37 37
0 0 45 90 0 90 | 180 | 270 0 90 | 180 | 270 |

(@) (b)

Tablel: (a) Viewing directionsdescribeddy the polarangle, , andtheazimuthalangle, , correspondingo
the four cameraposeswe seek. (b) lllumination directionsdescribedy the polarangle, , andthe azimuthal
angle, , correspondingo thelight positionsusedin our study

) (b)

Figure5: (a) Theviewing directionslistedin Table1 (a), illustratedon the hemispheref all possibleviewing
directions.(b) Similarly, theillumination directionsfrom Tablel (b), shavn on the hemisphereln bothimages
is thenormalto the surfaceof interest.

angles Figure4 (c) illustratestheprojectionof the ducial markerin thecameragcorrespondingo all eightlight
directions,whenthe camerds positionedrontally to the surfaceof interest.In orderto monitortheintensityof
illumination acrosdifferentimagingsessionsa white diffusere ectancetaigetis imagedduring eachsession.
Thelight sourceconsist®f aDC-regulated ber opticilluminatorequippedvith a e xible ber opticlight guide.
Currentlywe usenormallighting thatis not polarizedor spectrally ltered. This lighting hasthe advantagethat
skin appearancés similar to normalclinical conditions. Futuredirectionsfor our work include developinga

standardizedkinimagingprotocolfor clinical settings.

3 Skin Modeling

3.1 Bidir ectional Feature Histograms

Many standardapproaches texturemodelingcharacterizanimagetexturewith afeaturedistribution. Models

for bidirectionaltexture alsoneedto accountor changesn appearanceith viewing andillumination direction.



In our method thedistribution or histogramis a functionof illumination andviewing direction,i.e. themodelis

a bidirectionalfeatue histagram We have usedthis methodin earlierwork (CulaandDana,2001a)(Culaand
Dana,2003)for objectrecognitionandwe adaptit herefor skin texture classi cation. We develop two models
thatbothusebidirectionalfeaturehistogramsout differ in theirde nition of animagefeature.ln the rst model,
thefeatureis animagetexton obtainedby clusteringthe outputof orientedmultiscale lters, andin the second

model,thefeatureis asymbolictexture primitive. In this sectionwe describehe detailsof thesetwo approaches.

3.2 Image TextonsasFeatures

Basedon the classicconceptof textons (Julesz,1981),andalsoon moderngeneralizationgLeungandMalik,
2001),we follow thetheorythatthereis a nite setof local structuralfeatureghatcanbe foundwithin alarge
collectionof textureimagesfrom varioussamples.This reducedsetof local structuralrepresentatesis called
theimagetexton library.

A widely usedcomputationalapproachfor encodingthe local structuralattributes of texturesis basedon
multichannel ltering (Bovik et al., 1990) (Jain et al., 1999) (Randenand Husgy, 1999) (Leung and Malik,
2001). This type of analysisis inspiredby variousevidencesof similar processingn humanvision system.In
our approachjllustratedin Figure 6, to obtaina computationaldescriptionof the local featurewe emply a
multiresolution Iter bankF, with size denotedby , andconsistingof orientedderivatives of Gaussians
and centersurroundderivatives on three scales. Eachpixel of a texture imageis characterizedy a set of
threemultidimensionafeaturevectorsobtainedby groupingthe correspondinglter responsesver scale. For
simplicity, in ourdiscussionsve will referto asinglescale butit isimportantto keepin mindthattheprocessing
is donein parallelfor all threescales. Note that the resultingfeaturevector doesnot encodethe variation
of local appearancasthe imaging conditionschange.Insteadwe accountfor the changein appearancevith
viewing/illuminationdirectionsglobally by populatinghefeaturespacewith featurevectorsrom sampleBTFs.

As in mary approachem texture literature(Ma andManjunath,1996) (Aksoy andHaralick,1999)(Puzicha
etal., 1999)(LeungandMalik, 2001), we clusterthe featurespaceto determinethe setof prototypesamong
the population. Speci cally, we invoke k-meansalgorithm,which is basedon the rst orderstatisticsof data,
and nds aprede nednumberof centersn thedataspacewhile guaranteeinghatthe sumof squaredlistances
betweertheinitial datapointsandthecenterds minimized.Empiricalresultssuggesthattheresultingcollection
of representatesin thespacespannedy thelocal structuralfeaturevectors namelytheimagetextonlibrary;, is

genericenoughto represena large setof texture samples.
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Figure6: Creationof theimagetexton library. The unregisteredtexture imagesof differentBTFs are Itered
with the Iter bankF. The lter responses$or eachpixel aregroupedto form the featurevectors. The feature
spacss clusteredvia k-meango determinghecollectionof key featuresij.e. theimagetexton library.

3.2.1 TextonHistograms

The histogramof imagetextonsis usedto encodethe globaldistribution of thelocal structuralattribute over the
textureimage.Thishistogramgdenotedoy , isadiscretefunctionof thelabels inducedby theimagetexton
library andis computedasdescribedn Figure7. Notethatin our approachneithertheimagetexton nor the
texton histogramencodehe changen local appearancef texturewith theimagingconditions.Thesequantities
arelocal to a singletexture image. We representhe surface using a collection of imagetexton histograms,
acquiredasafunctionof viewing andilluminationdirection. This surfacerepresentatiomaybedescribedy the
termbidirectionalfeatue histagram It is worthwhileto explicitly notethe differencebetweerthe bidirectional
featurehistogramandthe BTF. While the BTF is the setof measuredmagesas a function of viewing and
illumination, the bidirectionalfeaturehistograms arepresentationf the BTF suitablefor usein classi cation.
In our work, eachtexture classis modeledusinga collectionof texton histograms. The dimensionalityof
the histogramspaces given by the cardinalityof theimagetexton library, which shouldbeinclusive enoughto
represena large rangeof texturedsurfaces.Thereforethe histogramspaces high dimensionalanda compres-
sion of this representatioto a lower-dimensionabneis suitable providing thatthe statisticalpropertiesof the
bidirectionalfeaturehistogramsrestill presered. To accomplistdimensionalityreductionwe employ principal
componentnalysiPCA), which nds anoptimalnew orthogonabasisin the spacewhile bestdescribingthe
data.ThisapproacHollows (MuraseandNayar 1995),whereasimilar problemis treated speci cally anobject
is representelly setof imagedakenfrom variousposesandPCAis usedto obtainacompactowerdimensional

representation.

11



Texton
LIT T LTI T §iaves Hy()

F
Y
Texture Image . Compute
Iy ’( ) > Texton Labeling Texton Histogram

variation of imaging parameters

Image Texton
Histogram

[T ] e, H ()

F

Y.
Texture Image ) Compute
In Texton Labeling Texton Histogram

Image Texton
Histogram

Texture
Representation

Figure7: OurproposedexturerepresentationThetextureimageis ltered with Iter bankF, and lter responses
for eachpixel aregroupedto form featurevectors. The featurevectorsareprojectedinto the spacespannedy
theelement®of theimagetexton library, thenlabeledoy determininghe closestexton. Thedistribution of labels
is approximatedby thetexton histogram.

3.2.2 RecognitionMethod

Therecognitionmethodconsistsof threemaintasks: (1) creationof imagetexton library, (2) training, and (3)
classi cation. The imagetexton library is describedn Section3.2 andillustratedin Figure6. Eachof the
textureimages,from eachof the texture samplesjs Itered by the multichannellter bankF, andthe lter
responsesorrespondingdo a pixel aregroupedto form the featurevector Thefeaturespaceis populatedwith
the featurevectorsfrom all images. Featuregroupingis performedvia k-meansalgorithm, and the
representatesamongthe populationarefound,forming theimagetexton library.

In the training stage,a modelfor eachtexture sampleis constructedasillustratedin Figure8. The subset
of textureimagesusedfor training arearbitrarily sampledrom the entiremeasured®TF. Eachof the texture
imagesfrom eachof the texture samplego be classi ed, are ltered by the same lter bankF asthe one
involved for texton library construction.The resultingmultidimensionaFfeaturevectors,obtainedby grouping
the lter responsefor a certainpixel in theimage,arelabeledrelative to the setof imagetextons,andfor each
texture imagea texton histogramis computed. Thereforeeachtexture sampleis characterizedy the setof
texton histogramspr bidirectionalfeaturehistogram. Furthermorethe setof bidirectionalfeaturehistograms
correspondindo the setof texture samplesare emplo/ed to computethe universaleigenspacewhereeachof

thetexture sampless modeledasa denselysamplednanifold, parameterizetdy both viewing andillumination
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Figure8: Trainingandclassi cation stagesf imagetexton recognitionmethod. During training, PCA is per
formedon the histogramsf imagetextons. Recognitionis accomplishedy nding the closesteighborto the
novel pointin thetexton histogrameigenspace.

directions.

In theclassi cationstagejllustratedin Figure8, thesubsebf testingtextureimagesds disjointfrom thesubset
usedfor training. Again,eachimageis Itered by F, theresultingfeaturevectorsareprojectedn theimagetexton
spaceand labeledaccordingto the texton library. The classi cationis basedon a single novel texture image,
andit is accomplishedy projectingthe correspondingexton histogramonto the universaleigenspacereated
during training, and by determiningthe closestpoint in the eigenspaceThe texture samplecorrespondindo
the manifold onto which the closestpoint lies is reportedasthe texture classof the testingtexture image. To
demonstratehe versatility of the imagetexton library we designtwo classi cation experiments,describedn

Sectiord4.1.

3.3 Symbolic Texture Primiti vesas Features

Althoughthe imagetexton methodworks well wheninterclassvariability is large, thereare several dravbacks
to this approach.Clusteringin high dimensionakpaceis dif cult andthe resultsare highly dependenbn the
prechosemumberof clusters.Furthermorepixelswhich have very different Iter responseareoftenpartof the

sameperceptuatexture primitive.
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Figure9: Theappearancef atypical skin surface.An importantskin featureis the pore,which canslightly vary
in sizeor shapefor differentfaceregionsor from onepersonto another

Considerthe texture primitive of a skin pore. The appearancef a typical skin poreis shavn in Figure9.
To identify this texture primitive, thelocal geometricarrangemendf intensityedgedss important. However, the
exact magnitudeof the edgepixelsis not of particularsigni cance. In the clusteringapproachiwo horizontal
edgeswith differentgradientmagnitudemay be given differentlabelsandthis negatively affectsthe quality of
thetextureclassi cation.

We seekasimpli ed representatiothatpreseresthecommonalityof edgef thesameorientatiorregardless
of thestrengtlhof the lter responseTheimportantentityis thelabelof the Iter thathasalargeresponseelative
to the other Iters. If we usea lter bankF, consistingof N Iters F1,...,FN, theindex of the lter with the
maximalresponses retainedasthe featurefor eachpixel. In this sensethe featureis symbolic. While a single
symbolicfeatureis not particularlydescriptve, we obsere thatthelocal con gurationof thesesymbolicfeatures
is a simpleandusefultexture primitive. The dimensionalityof the texture primitive dependson the numberof
pixelsin thelocal con gurationandcanbekeptquitelow. No clusteringis necessargsthetexture primitive is

directly de ned by the spatialarrangemenof symbolicfeatures.

3.3.1 RecognitionMethod

Eachtrainingimageprovidesa primitive histogramandsereraltrainingimagesobtainedwith differentimaging
parameterarecollectedfor eachtextureclass.Thehistogramgrom all trainingimagedor all textureclassesre
usedto createaneigenspacandrecognitionis donein a stratgy very similarto thatdescribedn Section3.2.2.
Thatis, the primitive histogramsrom a certainclassare projectedto pointsin this eigenspacandrepresentl
samplingof themanifoldof pointsfor theappearancef thistextureclass.In theory theentiremanifoldwould be
obtainedby histogramgrom the continuumof all possibleviewing andillumination directions.For recognition,
the primitive histogramdrom novel texture imagesare projectedinto the eigenspacand comparedvith each
pointin thetrainingset. The classof thenearesK neighborgs theclassi cationresult.In our experimentK is

setto 5. Figure10illustratesthe mainstepsof therecognitionmethod.
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basedn asinglenovel textureimageof unknavn imagingconditions.
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Figurel1: lllustrationof the handlocationsimagedduringthe experimentslescribedn Section4.1.
4 Experimental Results

4.1 Recognitionof Hand Texture

For handtexture recognitionwe usethe modeldescribedn Section3.2. In our experimentswe emplg/ skin
texture imagescorrespondingdo threedistinctregionsof a nger: bottomsegmenton palmside, ngertip, and
bottom segmenton the back of the hand, asillustratedin Figure 11. Imageshave beenobtainedfrom two
subjects:for subjectl boththeindex andmiddle ngers of left handhave beenimaged for subject2 theindex
nger of left handhasbeenmeasuredEachimagingsessiorconsisteof measuringhe skin texture of a certain
region, nger and subject,asthe imaging parametersre varied. Thereforewe had 9 imaging sessionsand
for eachsessiorB0 imageswereacquired,correspondingo 3 cameraposesand10 light sourcepositionsfor
eachcamergpose.As aresultthe dataseemplg/ed for the handtexture experimentscontains270 skin texture
images Figurel2 illustratesfew examplesof textureimagesn this datasetDuring preprocessingachimageis
convertedto grayscale andis manuallysggmentedsuchthatthe largestquasi-planaskin surfaceis usedin the
experiments.

For constructingthe imagetexton library, we considera setof skin texture imagesfrom all threeclasses,
however only from index nger of subjectl. This reducedsubsetof imagesis usedbecausave assumehat
the representate featuresfor a texture surfaceare generic. This assumptioris particularlyapplicableto skin
textures,giventhelocal structuralsimilaritiesbetweenvariousskin texture classes.

Eachtextureimageis Itered by emplg/ing a Iter bankconsistingof 18 orientedGaussiarderivative lters
with six orientationscorrespondindo threedistinctscales.The Iter outputscorrespondindo a certainscale
aregroupedo form six-dimensionafeaturevectors.The resultingthreesetsof featurevectorsareusedeachto

populatea featurespacewhereclusteringvia k-meansgs performedo determingherepresentatesamongthe
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Figure12: Examplesof handskin texture imagesfor eachlocation,andfor eachof the three ngers imaged
during our experiments.In eachof the pictures rst row depictsskin texture correspondindo classl (bottom
segment,palmside),secondow presentsextureimagesrom class? ( ngertip), andthird row consistof texture
imagesfrom class3 (bottomsegment,backof palm). In (a) imagesareobtainedirom index nger of subjectl,
in (b) from middle nger of subjectl, andin (c) fromindex nger of subject2.
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Figurel3: Recognitiorrateasa functionof the sizeof thetrainingset(a) (whendimensionalityof the universal
eigenspacés x edto 30), and as a function of the dimensionalityof the universaleigenspacéb) (whenthe
training setof eachclasshascardinality60), both correspondingo rst setof recognitionexperimentgeported
in Section4.1. (c) Pro le of recognitionrateasa function of the dimensionalityof the universaleigenspace,
correspondingo secondecognitionexperiment describedn Section4.1.

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

Duringthe rst setof experimentsthetrainingandtestingimagesetsfor eachclassaredisjoint, correspond

ing to differentimaging conditionsor beingobtainedfrom differentsurfacesbelongingto the sameclass(e.g.
ngertip surfacefrom different ngers). For eachof the classesve considerall availabledata,thatis, eachtex-
ture classis characterizedby 90 images.We vary the sizeof the training setfor eachclassfrom 45 to 60, and,
consequentlyhe cardinality of the testsetis variedfrom 45 to 30. For a x ed dimensionalityof the universal
eigenspacsd,e. 30, thepro les of individual recognitionratesfor eachclass,aswell asthepro le of theglobal
recognitionrateindexed by thesizeof thetrainingsetareillustratedin Figure13 (a). As thetrainingsetfor each
classis enlaged,therecognitionrateimproves, attainingthe value 100%for the caseof 60 texture imagesfor
trainingandtherestof 30 for testing. To emphasizehe strengthof this resultconsiderthatthe classi cationis
basedon either: a single texture imagecapturedunderdifferentimaging conditionsthanthe training set; or a
singletextureimagecapturedunderthe samamagingconditions put from a differentskin surface. Thevariation
of recognitionrateasa function of the dimensionalityof the universaleigenspaceyhenthe sizeof thetraining
setis x edto 60, is depictedin Figure13 (b). As expectedthe performancémprovesasthe dimensionalityof
theuniversaleigenspaces increased.
In thesecondxperimenttrainingandtestingimagescorrespondo the samesurfacecapturedunderthe same
imagingconditions however theimageregionsarespatiallydisjoint. We divide eachskin textureimageinto two
non-overlappingsubimagesgdenotedaslower half subimageandupperhalf subimage.As a resultwe obtain

for eachclassa setof 60 texture subimagestwo for eachof the 30 combinationsof imaging parametersFor
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Figure 14: lllustration of the facelocationsimagedduring the constructionof the facetexture database.The
imagesin this databasareemplo/ed duringthe experimentsdescribedn Section4.2.

this experimentwe considerdataobtainedfrom index nger of subjectl. The training setis constructedy
alternatvely choosingower half andupperhalf subimageswhich correspondo all 30imagingconditions.The
testingsetis the complemenof training setrelative to the setof 60 subimagegor eachclass. Therecognition
rateindexed by the dimensionalityof the universaleigenspacés plottedin Figure13 (c). For the caseof a 30-
dimensionakigenspaceheglobalrecognitionrateis about95%, whenfor classl is attaineda recognitionrate
of 100%,class3 is classi ed with an error smallerthan4%, andfor class2 the recognitionrateis about87%.
Class2 is themostproblematico beclassi ed,duein partto the non-planarityof the ngertip.

Thesehigh classi cationratescon rm thatour proposedexturerepresentatiosapturesvell the characteris-
tics of skintexture,allowing gooddiscriminationbetweerdifferentclassesvhich correspondo differentregions
of thehumanbody Theresultsareevenmoreencouragingvhenoneconsiderghatvisualdifferencesn appear

anceof variousskin areasarerathersubtle.

4.2 Recognitionof FaceTexture

For facetexture recognitionwe usethe modeldescribedn Section3.3, i.e. the featureis a symbolic texture
primitive. We useskin textureimagesfrom all 20 subjects For 18 subjectsall four locationshave beenimaged,
while for two only threelocationsare obsered (without the chin). The facelocationsimagedduring these
experimentsareillustratedin Figure14. Eachlocationon eachsubjectis imagedwith a setof 32 combinations
of imaging angles,thereforethe total numberof skin imagesemplg/ed during the experimentsis 2496 (18
subjectswith 4 locationsontheface,2 subjectswith 3 locationsontheface,32imagingconditionsperlocation).
Color is not usedas a cuefor recognitionbecausave are speci cally studyingthe performanceof texture

models.In mary casestheclassi cationshouldbeindependendf color. For example,a classi cationof facial
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Figure15: (a) Thesetof ve lters (Fi, i=1...5) usedduring the faceskin modeling: four orientedGaussian
dervative lIters, andoneLaplacianof Gaussiardervative Iter. (b) The setof ve local con gurations(Pi,
i=1...5)usedfor constructinghe symbolicprimitives.

regionssuchasforeheadss. cheekshouldnotdependnthecolorof thetrainingsubjects A novel subjects face
may be of a differentcolor thanthe training subjectsyet the underlyingskin texture characteristiceanenable
classi cation. Theimagesareconvertedto gray scalebeforeprocessingandthey aremanuallyseggmentedsuch
thatthelargestquasi-planaskin surfaceis usedin theexperiments.

We constructthe skin texture representatiomising symbolic texture primitives as describedn Section3.3.
We de ne thesymbolictexture featureby emplgying a Iter bankconsistingof ve lters: 4 orientedGaussian
dervative Iters, andonelLaplacianof Gaussianlter. These lters arechoseno efciently identify thelocal
orientedpatternsevidentin skin structuressuchasthoseillustratedin Figure9. The lter bankis illustratedin
Figurel5 (a). Each Iter hassize15x15. We de ne several typesof symbolictexture primitives by grouping
symbolicfeaturescorrespondingo nine neighboringpixels. Speci cally, we de ne ve typesof local con gu-
rations,denotedby Pi, i=1...5,andillustratedin Figure15 (b). As describedn Section3.3,a symbolicfeature
correspondindo a pixel in the imageis the index of the maximalresponselter at that pixel. The pertinent
guestionis how afeaturelessegion in theimagewould be characterizedh this context. To solve thisissuewe
de ne asyntheticlter, denotedby FO, which correspondto pixelsin theimagewherefeaturesareweak,thatis,
wherethe maximum lter responsés notlargerthanathreshold.Thereforethe symbolictexture primitive can
beviewedasa stringof ninefeaturesywhereeachfeaturecanhave valuesin the set . A comprehense
setof primitivescanbequiteextensve, thereforehedimensionalityof theprimitive histograncanbeverylarge.
Hencethe needto prunetheinitial setof primitivesto a subsetonsistingof primitiveswith high probability of
occurrencen theimage. Also, this reasonings consistentvith the repetitvenessof the local structurethatis
characteristipropertyof textureimages.

We constructthe setof representate symbolic primitives by using 384 imagesfrom 3 randomlyselected
subjectsandfor all four locationsper subject. We rst constructthe setof all symbolic primitives from all
384 skin imagesthenwe eliminatethe oneswith low probability The resultingsetof representate symbolic

primitivesis further employed for labelingthe images,and consequentlyo constructthe primitive histogram

20



for eachimage. Figure19 exempli es ve instancef imageslabeledwith varioussymbolicprimitives. The
left columnillustratesthe original images,while the right column presentghe imageswith pixels labeledby
certainsymbolicprimitives(white spots).In detail, the rst row shavs pixelsin theimagelabeledby primitives
of type P1, whereall lters are horizontally oriented. The secondrow illustratesan imagelabeledwith P2-
type primitiveswhereall lters arevertically oriented. Thethird andfourth rows presentimageslabeledwith
primitives of type P3and P4, whereall lters areorientedat -45 , and45 , respecirely. Thelastrow shavs
a labeledimageusinga P5 primitive whereall lters are centersurroundderivatives. Notice thatindeedthe
symbolicprimitivessuccessfullycapturethelocal structurein theimage.

Wefurtheranalyzethedescriptve power of the primitive setby computingtheintra- andinter-classvariability
of the primitive histograms.Speci cally, we computeboth the distribution of distancedetweerhistogramsof
imagesbelongingto the sameclass,andthe distribution of distancesetweenrhistogramsof imagesbelonging
to different classes. Note that the classis de ned eitheras a certainregion on the faceindependenbn the
humansubject(i.e. foreheadvs. cheek),or it canreferto a certainhumansubject(i.e. subjecti vs. subjectj).
Figure 18 illustratesthreeof the casesve analyzed.In Figure 18 (a), on theleft, the intra-classdistribution of
distancedetweerhistogramscorrespondingo chin skin from subject7 is plottedin black,while theinter-class
distribution of distancebetweerhistogramsorrespondingo chin skinfrom subject7 andcheekskin of subject
4is plottedin green.Noticethatthereis no overlapbetweerthetwo distritutions. Ontheright bothskinsurfaces
from subjects7 and4 areillustratedby theimagescorrespondingo the smallestinterclasshistogramdistance.
The greatdissimilarity in appearancef the two surfacesis consistentvith the factthatthereis no overlap of
theintra- andinter-classdistancelistributions. Figure18 (b) illustratesthe sametype of analysisasin Figurel18
(a), but for cheekskin from subject3 andsubject9. On theleft, the intra-classdistancedistribution for cheek
skin from subject3 is plottedin black,while theinter-classdistancedistribution is plottedin green.Noticethe
completeoverlap of the intra- andinterclassdistancedistributions. On the right the two classesare depicted
by imagescorrespondingo the smallestinterclassdistance.The signi cant similarity in appearancef thetwo
surfacesexplainsthe overlap of the distributions. Finally, Figure 18 (c) depictsanothercase wherethe intra-
classvariability for foreheadskin from subject9 is comparedwith the inter-classvariability for foreheadskin
from subject9 andfrom subject3. Notice thatthe distributions overlap, however the overlapis reduced.The
imageson theright correspondo the two histogramsat the smallestinter-classdistancelt canbe obseredthat
theimagesarequite similar, whichis consistentvith the overlap.

We usethis type of analysisof the intra- andinterclassvariability of the primitive histogramsasguideline

to designthe classi cation experiments. Speci cally, as Figure 18 (a) suggestswe nd that thereexists a
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Figure 16: Classi cation of faceregions. (a) Recognitionratesvs. the size of the training setplottedfor six
scenarios:usingall ve typesof primitives for recognition(global), and using eachcon guration separately
( ). (b) Theglobalrecognitionrateaswell astherecognitionratesfor individual classegforehead,
chin,nose)vs.thesizeof thetrainingset.In both(a) and(b) classi cationis basen asingletextureimage.(c)
Theglobalandindividual recognitionratesvs. the sizeof the training setfor the casewhenthe classi cationis
achievedbasedn threeimages.

considerablesariationin appearancef variousfacelocations,andthis obseration leadsto an experimentin
which we attemptandwe successfullyachieze discriminationbetweenvariousfacelocations. The detailsare
givenin Sectiord.2.1.

Figurel8 (b) shavsthattheremayexist agreatdealof similarity betweerskin texture of differentpeoplej.e.
two differentpeoplecanhave facialskin presentingpores freckle or wrinklesof similar sizeor shape However,
while this resemblancexists on a certainfacelocation (i.e. the cheekof subjects3 and 9 in Figure 18 (b)),
the skin canvary in appearancen otherfacelocations,asin the casepresentedn Figure 18 (c), which shavs
thatthereexists quite a variationbetweenthe appearancef foreheadskin of subjects3 and9. Note thatboth
casesn Figuresl8 (b) and(c) depictskinimagesfrom the sametwo subjectshput from differentlocations.This
obsenrationleadsto theideaof recognizingpeoplebasedon detailedfacial skin imagesusingmultiple queues,
i.e.skinimagedrom differentfacelocations.Thereforewe designa secondsetof experimentsn whichaperson

is recognizeasedn faceimages.We obtaininterestingresultsandthey aredescribedn Sectior4.2.2.

4.2.1 Classi cation of FaceRegions

By examiningtheskin textureimagesn the databasewe obsere thattherearelocal featuresof skinwhichvary
with the locationon the face. For example,the poreson the chin seemsmallerthanthe oneson the forehead.
Also, therearewrinkleson theforeheadwvhich arenot presenbn the chin, or they appeardifferenton the nose.

However, we noticethatthereis a greatsimilarity betweenthe appearancef foreheadandcheek,especiallyif
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Figurel7: Humanidenti cation. The globalrecognitionratevs. thesizeof thetrainingset.

they areimagedfrom the samesubject.Consequentlywe designa recognitionexperimentwhich discriminates
betweerthreelocationson the face: forehead chin andnose.We useskin texture imagesfrom all 20 subjects,
thereforethe total numberof skin imagesemplo/ed for this experimentis 1920 (20 subjects,3 locationsper
subject32imagingconditionsperlocation). We achieve classi cationof faceregionsby usingindividually each
type of local con guration Pi, i=1...5,aswell asusingall Pi, i=1...5combined.Thetraining setis constructed
with asubsebf imagesrom all subjectsThesizeof thetrainingsetis variedfrom 320to 520textureimagesor
eachfacelocation.Classi cationis achieredwith theremainingimageswhich arecharacterizethy completely
differentimagingconditionsthanthe onesfor thetrainingimages.Therecognitionrateasafunction of thesize
of the training setis plottedin Figure16. We achieve a global recognitionrate of 87%. Notice from Figure
16 (a) thatthereis a slight differencein the performanceof varioustypeslocal con gurations. However, the
combinationof Pi, i=1...5hasmoredescriptve powver thana singlecon guration. The global recognitionrate
aswell asthe individual recognitionratesfor eachregion to be classi ed areshavn in Figure 16 (b). Notice
thatwhile the classi cationperformancdor noseskin is quite good,the foreheadskin is lessrecognizable By
visually inspectingthe imageswe obsenre thatindeedthe commoncharacteristicef foreheadskin imagesare
moresubtlethanthoseof noseskinimages.

In the context of facialregion recognition,we modify the testingscenaricsothatthreeimagesareemplgoed
simultaneouslyor classi cation. Speci cally, eachimageis labeledby a class thentheclassi cationis achieed
basednamajorityvoting schemeTheresultsareillustratedin Figure16(c). We obtainanexcellentrecognition
rateof 95%, while the obserationson the behaior of variousfacial regionsmentionedor whenthe testingis
achieved with a singleimagearestill valid. Theresultsshav thatskin texture classi cationis a dif cult task,
howevertheperformanceanbegreatlyimprovedby emplg/ing aquerybasedn moreinformation,i.e. multiple

testingimages.
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4.2.2 Human ldenti cation

We designa secondsetof classi cationexperimentsvherewe attemptto discriminatebetweernvarioushuman
subjectdbasednskinimagedrom all four locationsontheface.Speci cally, we useskinimagedrom forehead,
cheekchinandnoseto recognize20 subjectsFor eachsubjecttheimagesareacquiredwithin thesamedayand
do notincorporatechangesvith aging. A humansubjectis characterizedy a setof 32 texture imagesfor each
facelocation,i.e. 128imagespersubject.Thereforewe emplg all theimagesn thedatabaséuringthis second
experiment.Classi cationis achiered basedon a setof four testingimages,onefor eachlocation. Eachof the
four testimagesis labeledby a class,thenthe nal decisionis obtainedby taking the majority of classes.The
trainingsetis variedfrom 16 to 26 texture imagesfor eachsubjectandlocation. Consequentlyhe nal testing
is achieved with four subsetof 16 to 6 texture imagesper subject,eachsubsetcorrespondingo a certainface
location. Theglobalrecognitionrateasafunctionof thesizeof thetrainingsetis shavn in Figure17. We obtain
arecognitionrateof 73%. This resultsuggestshathumanidenti cation canbe aidedby including skin texture
recognitionasa biometricsubtask.

Somegenerabpatternsanbe obsered aboutthe dependencef skin appearancenimagingconditions.(e.qg.
freckles/molesare apparenis someviews, specularitieeenhanceporesandsurfacetexture). This obseration
placedooseguidelineson our choiceof trainingimages.Theideais to choosdrainingimageswhich arelikely

to shaw all thekey featureseventhoughthe exactimagingparametersf thetrainingimagesareunknavn.

5 Conclusions

5.1 Multidisciplinary Applications

The ability to recognizeor classifyskin textureshasa wide rangeof usefulmultidisciplinaryapplications.For
example,skin texture asa biometriccanbe usedto assistfacerecognitionin securityapplications.Biomedical
evaluationof skin appearancwith this methodcanprovide quantitatve measureso testtopical skin treatments.
Suchtestscanbe usedto: determinewhethera treatmentis effective, objectvely comparetwo treatmentsor
predictthe outcomeof a treatmentn the early stages.Computerassistedliagnosisn dermatologyis another
potentialapplication.A dermatologistanusethe computationatexture representatioto assist@ninitial diag-
nosisof potentiallymalignantmolesandlesions.In datamining applicationsarepresentate imageof asurface
canbe usedto searcha databasdor matches.This searchis applicablein e-commercdo enablea customer
to nd aparticularmaterialin a databas®f productimagery Anotherapplicationis adwancedwatermarking

wherethe appearancef aninduced ne scaletextureis usedasanobjectidenti er. In military applicationsa
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camou agedesigncanbe improved by comparingthe appearancef the prototypedesignandthe background

undervariousviewing andilluminationangles.

5.2 BroaderImplications for Computer Vision

Representatioandclassi cationof skintexture hasbroadimplicationsin mary areasof computewision. Image
sggmentatiorusingtexture canbe improved by accountingor variedtexture appearanceith imagingparam-
eters. An objectwith a 3D shapecanbe thoughtof asbeingcomprisedof mary texturedregions,eachwith a
differentsurfacetilt. Thetaskof groupingthesetexturedregionstogetherequiresbidirectionaltexture models
for classi cation.Findingpoint correspondenceas afundamentatomponenbf computeision algorithmsfor
shapeandmotionestimation.Currentmethodsof determiningcorrespondencesgpically rely onthe brightness
constang assumptionThis assumptions clearlyviolatedwhene&er thetwo imagesareobtainedwith different
imaging parametersindthe surfaceexhibits 3D texture. Modelsof surfaceappearancehangecanbe usedto

developmoreadwancedandrobustmethodsor nding pointcorrespondences.

5.3 Summary and Future Work

In summarywe have developeda novel texture representatiomhich accountdor changeof skin surfaceap-
pearancasthe imagingconditionsarevaried. We employ this texture representatiofor skin classi cationin
two contets: we discriminatebetweendifferentfacialandhandregions,andwe classifyhumansubjectsased
on detailedfacial skin images.We have developeda skin imagingprotocolfor clinical setting,which wasem-
ployedfor constructinga facial skin databaseThe databaseonsistof morethan2400images collectedfrom
20 subjectsandfrom four locationson the face: foreheadcheek,chin andnose. Eachskin surfaceis imaged
undermorethan30 combinationof viewing andillumination angles. This collectionof skin imagesis made
publicly availablefor furthertextureresearcl{Culaetal., 2003).

Futurework includesexpandingthe currenttexture modelto supportef cient synthesis. The dif culty in
usingimage-basedepresentationfr synthesids that even large measurementaresstill a sparsesamplingof
thecontinuoussix-dimensionabidirectionaltexturefunction. Thereforenterpolationmustbe usedto getimage
texture betweensamplelocations. However, interpolationof intensitiesis anincorrectapproactbecausenary
of thechangegshatoccurwith varyingimagingparameterarefundamentallygeometric.Considerfor example
a castshadwov that grows with the angleof the obliqueillumination. The shadw edgeappeardo move and
intensityinterpolationwill not capturethis effect. Methodssuchas(Liu etal., 2001)which modelthe surfaces

asgeometry+re ectancelo notyield realisticrenderinggor comple texture (e.g. hair) for two mainreasons:
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(1) they tendto obtainsmoothgeometrywhereroughsurfacesareinherentlynon-smooth(2) simplere ectance
modelingis not sufcient to capturethe actualappearanceA combinedapproachof geometryor geometric
transformationsndimage-basedenderingis neededalthoughexactly how this combinationis achievedis an

openissue.
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Figure 18: (a) Intra-classvariability of histogramdistancedor chin skin from subject?7 (plottedin black),
andinter-classdistribution of histogramdistancescorrespondingo chin skin from subject7, and cheekskin
correspondingdo subject4 (plottedin green).No overlapis presentbetweerthe intra- andinter-classdistance
distribution, which is expecteddueto the greatdissimilarity in appearancef the two classesasillustratedon
theright by the imagescorrespondingdo the smallestinter-classhistogramdistance.(b) Intra-classvariability
of histogramdistancegor cheekskin from subject3 (plottedin black), andinterclassvariability of histogram
distancedor cheekskinfrom subject3, andfrom subject9 (plottedin green).Noticethe completeoverlapof the
intra- andinterclassdistancedistributions. The reasorfor this overlapis the signi cant similitude betweernthe
two surfacesijllustratedontheright by theimagescorrespondingo the closesthistogramgrom thetwo classes.
(c) Intra-class(plottedin black) andinterclass(plottedin green)variability of distancedetweenhistograms
correspondingo foreheadskin from subject9 andsubject3. Thereis anoverlapbetweerthe intra- andinter
classdistancedistribution, however it is reduced.The imageson theright correspondo the two histogramsat
thesmallesinter-classdistancelt canbeobseredthattheimagesarequitesimilar, whichis consistentvith the
overlap.
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Figure 19: Five instanceof imageslabeledwith varioussymbolic primitives. The left columnillustratesthe
original images,while the right column presentghe imagewith pixels labeledby certainsymbolic primitives
(white spots). Speci cally, the rst row shaws pixelsin the imagelabeledby primitives of type P1, whereall
lters arehorizontallyoriented;the secondow illustratesanimagelabeledwith P2-typeof primitiveswhereall
Iters arevertically oriented. The third andfourth rows presenimageslabeledwith primitivesof type P3and
P4,wherethe lters areorientedat-45 , and45 , respeciiely. Thelastrow shavs alabeledimageusinga P5
primitivewhereall lters arecentersurroundderivatives. Noticethatindeedthesymbolicprimitivessuccessfully
capturethelocal structurein theimage.

31



Figure20: Examplesof facial skin texture imagesfrom our databaseEachrow presentsmagesfrom a certain
humansubject,while eachcolumncorrespondso differentlocationsof intereston the face: forehead cheek,
chin andnose.Notice the visual differencebetweernthe imagesacrossvariouslocationsof the samesubjector

betweerthe samefaceregion of differentsubjects.
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Figure21: More examplesof facial skin texture imagesfrom our database Eachrow presentsmagesfrom a
certainhumansubject,while eachcolumncorrespondso differentlocationsof intereston the face: forehead,
cheekchinandnose.
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Figure22: More examplesof facial skin texture imagesfrom our database Eachrow presentsmagesfrom a
certainhumansubject,while eachcolumncorrespondso differentlocationsof intereston the face: forehead,
cheekchinandnose.
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