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Abstract. Theexistenceoflargeimagedatasetssuchasthesetofphotosonthe WorldWideWebmakeit
possibletobuildpowerfulgenericmodelsforlow-levelimageattributeslikecolorusingsimplehistogramlearning
techniques.Wedescribetheconstructionofcolormodelsforskinandnon-skinclassesfromadatasetofnearly

Ibillionlabelledpixels. Theseclassesexhibitasurprisingdegreeofseparabilitywhichweexploitbybuildingaskin
pixeldetectorachievingadetectionrateof80%with8.5%falsepositives. Wecomparetheperformanceofhistogram
andmixturemodelsinskindetectionandfindhistogrammodelstobesuperiorinaccuracyandcomputationalcost.
Usingaggregatefeaturescomputedfromtheskinpixeldetectorwebuildasurprisinglyeffectivedetectorfornaked

people.Ourresultssuggestthatcolorcanbeamorepowerfulcuefordetectingpeopleinunconstrainedimagery
thanwaspreviouslysuspected. Webelievethisworkisthemostcomprehensiveanddetailedexplorationofskin

colormodelstodate.
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1.Introduction

Acentraltaskinvisuallearningistheconstructionof
statisticalmodelsofimageappearancefrompixeldata.
Whentheamountofavailabletrainingdataissmall,so-
phisticatedlearningalgorithmsmayberequiredtoin-
terpolatebetweensamples.However,asaresultofthe
WorldWideWebandtheproliferationofon-lineim-
agecollections,thevisioncommunitytodayhasaccess
toimagelibrariesofunprecendentedsize. Theselarge
datasetscansupportsimple,computationallyefficient
learningalgorithms.
Thispaperdescribestheconstructionofstatistical
colormodelsfromadatasetofunprecedentedsize:

*ThisresearchwasconductedattheCambridgeResearchLaboratory
ofDigitalEquipmentCorporation.

Ourmodelincludesnearly 1billionlabeledtraining
pixelsobtainedfromrandomcrawlsoftheWorldWide
Web.Fromthisdataweconstructagenericcolormodel
aswellasseparateskinandnon-skincolormodels.
Weusevisualizationtechniquestoexaminetheshape
ofthesedistributions. Weshowempiricallythatthe
preponderanceofskinpixelsinWebimagesintroduces
asystematicbiasinthegenericdistributionofcolor.
Weuseskinandnon-skincolormodelstodesigna
skinpixelclassifierwithanequalerrorrateof88%.
Thisissurprisinglygoodperformancegiventheun-
constrainednatureof Webimages.Ourvisualization
studiesdemonstratetheseparationbetweenskinand
non-skincolordistributionsthatmakethisperformance
possible.Usingourskinclassifier,whichoperateson
thecolorofasinglepixel,weconstructasystem
fordetectingimagescontainingnakedpeople.This
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secondclassi fierisbasedonsimpleaggregateprop-
ertiesoftheskinpixelclassi fieroutput.Ournaked
peopledetectorcomparesfavorablytorecentsystems
byForsythandFleck(1999)andWangetal.(1997),
whicharebasedoncompleximagefeatures.Because
itisbasedonpixel-wiseclassi fication,ourdetec-
torisextremelyfast. Theseexperimentssuggestthat
skincolorcanbeamorepowerfulcuefordetecting
peopleinunconstrainedimagerythanwaspreviously
suspected.
Givenalargeamountoftrainingdata,evensimple
learningrulescanyieldgoodperformance. Weexplore
thispointbycomparinghistogramandGaussianmix-
turemodelslearnedfromourdataset. Weshowthat
histogrammodelsslightlyoutperformmixturedensi-
tiesinthiscontext.
Webelievethisworkisthemostcomprehensive
anddetailedexplorationofskincolormodelstodate.
Wearemakingourlabeleddatasetof13,640photos
freelyavailabletotheacademiccommunity.Seethe
Appendixfordetails.
Section2describestheconstructionandvisualiza-
tionofhistogramcolormodels.Thesemodelsareap-
pliedtoskinclassi ficationinSection3,wheretheyare
alsocontrastedtomixturedensities.Section4explores
theapplicationoftheskindetectortoimageclassi fica-
tion.WereviewpreviousworkinSectionSanddiscuss
ourconclusionsandfutureplansinSection6.The Ap-
pendixgivesmoredetailsaboutourdataset.

2.HistogramColorModels

We firstlearnageneralhistogramdensityusingallthe
photosinourdataset. Thedatasetwasobtainedfroma
largecrawloftheWeb,whichreturnedaround3mil-
lionimages(includingiconsandgraphics). ! Asmaller
setofimageswasrandomlysampledfromthislargeset
toproduceamanageabledatasetwhichisrepresenta-
tiveofthewebasawhole.Alliconsandgraphicswere
removedbyhand(seeAthitsosetal.(1997)foranauto-
maticapproach),resultingina finalsetof18,696photo-
graphs.Thisdatasetcontainsnearly2billionpix-
els.Incomparison,anRGBhistogrammodelwith
256binsperchannelhasaround16.7millionde-
greesoffreedom(256 3 bins),whichistwoordersof
magnitudeless.Detailsonhowtoobtainthisdataset
foracademicresearchpurposescanbefoundinthe
Appendix.
Weorganizethisdatasetintwodifferentways.In
Section2.1weuseall18,696imagestobuildagen-

eralcolormodel. Werefertothissetofimagesasthe
“generictrainingset . Then,inSection2.2weusea
subsetcontaining13,640photostobuildspecialized
skinandnon-skincolormodels. Werefertothissetas
the “classifiertrainingset ”.Theimagesintheclassi-
fiertrainingsethavebeenmanuallyseparatedintothose
containingskinandthosenotcontainingskin.Skinpix-
elshavebeenmanuallylabeledinthesetofskinimages.
Thislabellingprocessisdescribedinmoredetailinthe
Appendix.Thenumberofmanuallylabelledpixelsin
theclassi fiertrainingsettotalsnearly 1 billion.

2.1.GeneralColorModel

We firstconstructageneralcolormodelfromthe
generictrainingsetusingahistogramwith256bins
perchannelintheRGBcolorspace. 2 Thehistogram
countsareconvertedintoadiscreteprobabilitydistri-
bution P(-) intheusualmanner:

clrgb]

P(rgh) = —

; (D

where c[rgb ]givesthecountinthehistogrambinas-
sociatedwiththeRGBcolortriple rgb and T, isthe
totalcountobtainedbysummingthecountsinallof
thebins.
Tovisualizetheprobabilitydistribution,wedevel-
opedasoftwaretoolforviewingthehistogramasa
3-Dmodelinwhicheachbinisrenderedasacube
whosesizeisproportionaltothenumberofcountsit
contains.Thecolorofeachcubecorrespondstothe
smallestRGBtriplewhichismappedtothatbinin
thehistogram.Figure1(a)showsasampleviewofthe
histogram,producedbyourtool.Thisrenderinguses
aperspectiveprojectionmodelwithaviewingdirec-
tionalongthegreen-magentaaxiswhichjoinscorners
(0,255,0)and(255,0,255)incolorspace. Theview-
pointwaschosentoorientthegraylinehorizontally.
Thegraylineistheprojectionofthegrayaxiswhich
connectstheblack(0,0,0)andwhite(255,255,255)
cornersofthecube.ThehistograminFig.1(a)isof
size8andonlyshowsbinswithcountsgreaterthan
336,818.Down-samplingandthresholdingthefullsize
modelmakestheglobalstructureofthedistribution
morevisible.
Byexaminingthe3-Dhistogramfromseveralan-
glesitsoverallshapecanbeinferred. Anothervisu-
alizationofthemodelcanbeobtainedbycomputing
itsmarginaldistributionalongaviewingdirectionand
plottingtheresulting2-Ddensityfunctionasasurface.
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(a) 2-D rendering of 3-D histogram model
viewed along the green-magenta axis.
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Probability
-
a
1

Full Color Model, Green-Magenta Marginal Surface

White .

 Black

(b) Surface plot of the marginal density formed by integrating
along the viewing direction in (a).

Full Color Model, Gray Axis Marginal
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(c) Equiprobability contours from the surface plot in
(b).

(d) Contour plot for an integration of (a) along the
gray axis.

Figurel FourvisualizationsofafullcolorRGBhistogrammodelconstructedfromnearly2billionWebimagepixels.

Figurel(b)showsthemarginaldistributionthatresults
fromintegratingthe3-Dhistogramalongthesame
green-magentaaxisusedinFig.1(a).Thepositions
oftheblack-redandblack-greenaxesunderprojection
arealsoshown.Thedensityisconcentratedalonga
ridgewhichfollowsthegraylinefromblacktowhite.
Whitehasthehighestlikelihood,followedcloselyby
black.
Additionalinformationabouttheshapeofthesur-
faceinFig.1(b)canobtainedbyplottingitsequiproba-
bilitycontours. TheseareshowninFig.1(c).Theywere
obtainedwiththe contour functioninMatlab5.0.1t
isusefultocompareFig.1(c)withFig.1(a)astheyare

drawnfromthesameviewpoint. Thisplotreinforces
theconclusionthatthedensityisconcentratedaround
thegraylineandismoresharplypeakedatwhitethan
black.Anintriguingfeatureofthisplotisthebiasin
thedistributiontowardsred.
ThisbiasisclearlyvisibleinFig.1(d),whichshows
thecontoursproducedbyadifferentmarginaldensity,
obtainedbyintegratingalongthegrayaxis.Thedis-
tributionshowsamarkedasymmetrywithrespectto
theaxisofprojectionthatisorientedatapproxmiately
30degreestotheredlineinthe figure.Inthenextsec-
tion,wewilldemonstrateempiricallythatthisbiasis
duelargelytothepresenceofskininWebimages.
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Tablel .Factsaboutphotoimagedatasetandthegeneral,skin,and
non-skincolormodelsthatwereconstructedfromit.

TotalTotalPercent
countsoccupiedbinsunoccupied

GeneralModel1,949,659,8883,925,49876.6
SkinModel80,377,671959,95594.3
Non-skinModel854,744,1813,273,16080.5
Overlappingskinandnon-skinbins:933,275
Skinpixelsasapercentageoftotalpixels:10%
Totalphotosinlabeleddataset: 13,640

Percentageofphotoscontainingskin:52%

Insummary,thegenericcolormodelbuiltfromWeb
imageshasthreeproperties:

1.Mostcolorsfallonornearthegrayline.

2.Blackandwhitearebyfarthemostfrequentcolors,
withwhiteoccuringslightlymorefrequently.

3.Thereisamarkedskewinthedistributiontoward
theredcornerofthecolorcube.

Ingatheringourdatasetwemadetwoadditionalob-
servationsaboutimagesontheWeb.First,77%ofthe
possible24bitRGBcolorsareneverencountered(i.e.
thehistogramismostlyempty).Second,about52%of
ourWebimageshavepeopleinthem.Table1contains
asummaryoffactsaboutourdatasetandcolormodels.

2.2.SkinandNon-SkinColorModels

Nextweusethelabeledclassi  fiertrainingsettocon-
structskinandnonskincolormodelsforskindetection.
Thecolorofskininthevisiblespectrumdependspri-
marilyontheconcentrationofmelaninandhemoglobin
(VanGemertetal.,1989).Thedistributionofskincolor
acrossdifferentethnicgroupsundercontrolledcondi-
tionsofilluminationhasbeenshowntobequitecom-
pact,withvariationsexpressableintermsofthecon-
centrationofskinpigments(seeCottonandClaridge
(1996)forarecentstudy). However,underarbitrary
conditionsofilluminationthevariationinskincolor
willbelessconstrained. Thisisparticularlytruefor
webimagescapturedunderawidevarietyofimaging
conditions.However,givenasuf ficientlylargecollec-
tionoflabeledtrainingpixelswecanstillmodelthe
distributionofskinandnon-skincolorsaccurately.
Weconstructedskinandnon-skinhistogrammodels
usingourclassi fiertrainingsetofimages.Theskin

pixelsinthe4675imagescontainingskinwerela-
belledmanuallyandplacedintotheskinhistogram.
The8965imagesthatdidnotcontainskinwereplaced
intothenon-skinhistogram.Givenskinandnon-skin
histogramswecancomputetheprobabilitythatagiven
colorvaluebelongstotheskinandnon-skinclasses:

b b
P(rgb| skin) = s[;{; ], P(rgb|—skin) = nlrsbl
(2)

where s[rgb Jisthepixelcountcontainedinbin ~ rgb of
theskinhistogram, n[rgb Jistheequivalentcountfrom
thenon-skinhistogram,and T, and T, arethetotal
countscontainedintheskinandnon-skinhistograms,
respectively.

Theskinandnon-skincolormodelscanbeexam-
inedusingthesametechniquesweemployedwiththe
fullcolormodel.Contourplotsformarginalizations
oftheskinandnon-skinmodelsareshowninFig.2.
Themarginalizationsareformedbyintegratingthedis-
tributionalongtwoorthogonalviewingaxes.These
plotsshowthatasigni ficantdegreeofseparationexists
betweentheskinandnon-skinmodels.Thenon-skin
model,isconcentratedalongthegrayaxis,whilethe
majorityoftheprobabilitymassintheskinmodellies
offthisaxis. Thisseparationbetweenthetwoclassesis
thebasisforthegoodperformanceofourskinclassi ~ fier,
whichwillbedescribedinSection3.

Itisinterestingtocomparethenon-skincolormodel
illustratedinFig.2(c)and(d)withthefullcolormodel
showninFig.1(c)and(d).Theonlydifferenceinthe
constructionofthesetwomodelsistheabsenceofskin
pixelsinthenon-skincase.Notethattheresultofomit-
tingskinpixelsisamarkedincreaseinthesymmetryof
thedistributionaroundthegrayaxis.Thisobservation
suggeststhatalthoughskinpixelsconstituteonlyabout
10%ofthetotalpixelsinthedataset,theyexhertadis-
proportionatelylargeeffectontheshapeofthegeneric
colordistributionforWebimages,biasingitstrongly
inthereddirection. Wesuspectthatthiseffectresults
fromthefactthattheskinclassoccursmorefrequently
thanotherclassesofobjectcolors(52%ofourimages
containedskin).

2.3.Discussion

Anumberofstatisticsaboutthegeneral,skin,andnon-
skinhistogramcolormodelsaresummarizedinTable].
Totalcountsgivesthetotalnumberofpixelsusedto
formeachofthethreemodels. 3 Notethattheskin
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Skin Color Model, Green—Magenta Axis Marginal Skin Color Model, Gray Axis Marginal
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Black White
Blue Blue,
(a) Contour plot for skin model, marginalized along (b) Contour plot for skin model, marginalized along
the green-magenta axis. the gray axis.
MNon—SkinColor Model, Green—Magenta Marginal Non—Skin Color Model, Gray Axis Marginal
Green
Red,
Blue,
(c) Contour plot for non-skin model, marginalized (d) Contour plot for non-skin model, marginalized
along the green-magenta axis. along the gray axis.

Figure2 .Contourplotsformarginalizationsoftheskinandnon-skincolormodels. Thetoprowshowstheskinmodel,thebottomrowshows
thenon-skinmodel. TheleftcolumnusestheviewingdirectionfromFig.1(c)whiletherightcolumnusestheviewfromFig.1(d).

modelwasformedfrommorethan80.3millionhand geststhattheskindetectionproblemcouldbedif ficult
labelledskinpixels! Totaloccupiedbinsreferstothe sincethereissigni ficantoverlapbetweentheskinand
numberofbinsineachmodelwithnonzerocounts. non-skinmodels.However,overlapisonlyasigni ficant
Thisisalsoexpressedasthepercentageofthebinsin problemifthecountsinthesharedbinsarecompara-
eachmodelthatwereunoccupied.Overlappingbins bleintheskinandnon-skincases.TheplotsinFig.2
givesthenumberofbinswhicharenon-emptyinboth demonstratethatthereisinfactreasonableseparation
skinandnon-skinhistogrammodels. betweentheskinandnon-skinclasses.
Wemakeafewobservationsaboutthesestatistics.
First,76.6%ofthe16.7millionpossibleRGBvalues 3.SkinDetectionUsingColorModels
werenotencounteredinanyofthetrainingimages.
Second,ofthe959,955colorsthatoccurredasskin, Givenskinandnon-skinhistogrammodelswecancon-

933,275(97.2%)alsooccurredasnon-skin. Thissug- structaskinpixelclassi fier.Suchaclassi fiercouldbe
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extremelyusefulintwocontexts.First,forapplications
suchasthedetectionandrecognitionoffacesand fig-
ures,skinisausefullow-levelcuethatcanbeusedto
focusattentiononthemostrelevantportionsofanim-
age.Thisapproachisusedinmanysystems,seeChen
etal.(1995),Rowleyetal.(1998),andForsythand
Fleck(1999).Asecondroleforskinpixeldetectionis
inimageindexingandretrieval,wherethepresenceof
skinpixelsinaphotoisanattributethatcouldsupport
queriesorcategorization. Wegivetwoexamplesofthis
applicationinSection4.

Wederiveaskinpixelclassi fierthroughthestandard
likelihoodratioapproach(Fukunaga,1972). Apartic-
ularRGByvalueislabeledskinif

P(rgb| skin)
- >0, (3)
P(rgb|—skin)

whereQ < @® < lisathresholdwhichcanbeadjustedto
trade-offbetweencorrectdetectionsandfalsepositives.
Wecanalsowrite ©® asafunctionofthepriorsandthe
costsoffalsepositivesandfalsenegatives(Fukunaga,
1972):
¢, P(—skin )

T ¢, P(skin)
where ¢, and ¢, aretheapplication-dependentcosts
offalsepositivesandfalsenegatives,respectively.One
reasonablechoiceofpriorsis P (skin ) =T, /(T; + T,).
ThemostimportantpropertyofEq.3isthereceiverop-
eratingcharacteristic(ROC)curveVanTrees(1968),
whichshowstherelationshipbetweencorrectdetec-
tionsandfalsedetectionsasafunctionofthedetection
threshold ®.Wemakeextensiveuseof ROCcurvesin
thispapertoquantifytheeffectofdesignchoiceson
classifierperformance.

“

3.1.Histogram-BasedSkinClassifier

Weconductedaseriesofexperimentswithhistogram
colormodelsusingtheskinclassi  fierde finedbyEq.3.
Fortheseexperiments,wedividedourclassi ~ fiertrain-
ingsetintoseparatetrainingandtestingsets.Skinand
non-skincolormodelswereconstructedfroma6822
phototrainingsetusingtheproceduredescribedinSec-
tion2.2.Inthiscasetherewere4483trainingphotos
whichformedthenon-skincolormodeland2339train-
ingphotoswhichformedtheskincolormodel.From
our6818phototestingset(4482non-skinand2336
skinphotos)weobtainedtwopopulationsoflabelled
skinandnon-skinpixelswhichwereusedtotestthe
classifierperformance.

Figure3showssomeexamplesofskindetectionin
testimagesfor ® = 0.4.Theclassi fierdoesagoodjob
ofdetectingskininmostoftheseexamples.Inpar-
ticular,theskinlabelsformdensesetswhoseshape
oftenresemblesthatofthetrueskinpixels. Thedetec-
tortendstofailonhighlysaturatedorshadowedskin.
Anexampleoftheformertypeoffailurecanbeseen
ontheforeheadofthewomaninthemiddleofthetop
row.Anexampleofthelatterfailureisvisibleinthe
neckoftheathleteinthemiddleofthebottomrow.

Theexamplephotosalsoshowtheperformanceof
thedetectoronnon-skinpixels.Inphotossuchasthe
house(lowerright)or  flowers(upperright)thefalse
detectionsaresparseandscattered.Moreproblematic
areimageswithwoodorcopper-coloredmetalsuchas
thekitchenscene(upperleft)orrailroadtracks(lower
left). Thesephotoscontaincolorswhichoftenoccurin
theskinmodelandaredif ficulttodiscriminatereliably.
Thisresultsinfairlydensesetsoffalsepostives.

Classifierperformancecanbequanti fiedbycomput-
ingtheROCcurve(VanTrees,1968)whichmeasures
thethreshold-dependenttrade-offbetweenmissesand
falsedetections.Inadditiontothethresholdsetting,
classifierperformanceisalsoafunctionofthesizeof
thehistogram(numberofbins)inthecolormodels.
Toofewbinsresultsinpooraccuracywhiletoomany
binsleadtoover- fitting.

Figure4showsthefamilyofROCcurvesproduced
asthesizeofthehistogramvariesfrom256binsper
channelto16.Theaxislabelled “Probabilityofcor-
rectdetection ” givesthefractionofpixelslabelledas
skinthatwereclassi fiedcorrectly,while “Probability
offalsedetection ” givesthefractionofnon-skinpixels
whicharemistakenlyclassi fiedasskin.Thesecurves
werecomputedfromthetestdata. Histogramsize32
gavethebestperformance,superiortothesize256
modelatthelargerfalsedetectionratesandslightly
betterthanthesize 1 6modelintwoplaces.

Theperformanceoftheskinclassi fierissurprisingly
goodconsideringtheunconstrainednatureof Webim-
ages.Thebestclassi fier(size32)candetectroughly
80%ofskinpixelswithafalsepositiverateof8.5%,
or90%correctdetectionswith14.2%falsepositives.
Itsequalerrorrateis88%.Thiscorrespondstothe
pointontheROCcurvewheretheprobabilityoffalse
rejection(whichisoneminustheprobabilityofcor-
rectdetection)equalstheprobabilityoffalsedetec-
tion.Anotherscalarmeasureofclassi ~ fierperformance
istheareaundertheROCcurve.Ourbestskinclassi-
fierhasanareaof0.942(itwouldbe1.0foraperfect
detector).
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Figure3 .Examplesofskindetections.Foreachpair,theoriginalimageisshownaboveandthedetectedskinpixelsareshownbelow.

Wetestedtheperformanceoftheskinclassi fieras
theamountoftrainingdatawasincreased,usingthe
256% histogrammodel.Wedividedtheskinandnon-
skinimagesinthetrainingsetintochunkscontaining
approximately2.5millionskinpixelsand28million
non-skinpixels.Oneachiterationweaddedonesuch
chunkofnewskinandnon-skinpixelstotheevolving
trainingset. AROCcurvewascomputedateachiter-
ationshowingtheclassi fierperformanceonthepartial
trainingsetaswellasonthefulltestset. Theresultsare
showninFig.5.Asmoredataisadded,performanceon
thetrainingsetdecreasesbecausetheoverlapbetween
skinandnon-skindataincreases.Performanceonthe
testsetimprovesbecausethetestandtrainingdistri-
butionsbecomemoresimilarastheamountoftraining

dataincreases.Performanceonbothtrainingandtest
setsconvergesrelativelyquickly. Thereislittlechange
ineitherafterabout8iterations.

ThisROCcurveconvergenceguidedourdatacol-
lectionprocess.Duringthisresearch,weaddedphotos
selectedatrandomfromalargersettoourmodeluntil
wejudgedthattheROCcurveshadconverged.Our fi-
naltotalof13,640photoscorrespondstothisstopping
point.

3.2.ComparisontoMixtureofGaussianClassi fier
Muchofthepreviousworkonskinclassi ficationhas

usedamixtureofgaussianmodelofskincolor(some
representativeexamplesareJebaraandPentland(1997)
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ROC curves on test set showing effect of increased bin size
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Figure4 ROCcurvesfortheskindetectorasafunctionofhistogramsize.

andSchieleandWaibel(1995).0Oneadvantageofmix- tolearnandapply. Wetrainedmixturemodelsforour
turemodelsisthattheycanbemadetogeneralizewell datasetandcomparedtheirclassi  ficationperformance
onsmallamountsoftrainingdata.Onepossiblebene  fit tothehistogrammodelsofSection3.1.
ofalargedatasetistheabilitytousedensitymodels Amixturedensityfunctionisexpressedasthesum
suchashistogramswhicharecomputationallysimpler ofgaussiankernels:

ROC curves showing the effect of increased data size
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Figure5 ROCcurvesforskinclassi fiertrainingandtestingasafunctionoftheamountoftrainingdata.
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where x isanRGBcolorvectorandthecontributionof
the ithgaussianisdeterminedbyascalarweight wi,
meanvector u;,anddiagonalcovariancematrix — 3;.
Wetrainedtwoseparatemixturemodelsfortheskin
andnon-skinclasses. Weused 1 6gaussiansineach
model.Themodelsweretrainedusingaparallelimple-
mentationofthestandardEMalgorithm(Rednerand
Walker,1994).Thenon-skinmodelwastrainedusing
thesamedataasthehistogrammodelinSection3.1.
Theskinmodelwastrainedusingasubsetofapprox-
imately74%ofthehistogramtrainingdata. Thiswas
simplybecausethatwasalltheskintrainingdatawe
hadatthetimethatweperformedthemixtureexperi-
ments.Acompletelistingofthelearnedparametersfor
theskinandnonskinmixturemodelscanbefoundin
theAppendix.
Contourplotsforthemixtureofgaussianskinand
non-skinmodelsareshowninFig6.Inbothplotsthe
3-Ddensityisintegratedalongthegreen-magentaaxis.
Theseplotscorrespondtothemarginalizationsofthe
relatedhistogrammodelsshowninFig.2(a)and(c).
Thepositionsofindividualgaussiankernelscanbe
observedinthelevelsets.
Figure7(a)showstheROCcurvefortheskinpixel
classifierbasedonthemixtureofgaussiancolormod-
els.Itisshownincomparisontothe best histogram
modelROCcurve,whichusesahistogramofsize32.

Mixture of Gaussians Skin Color Model

Wecanseethatthehistogrammodelgivesslightlybet-
terperformanceinthiscase. TheareaundertheROC
curveforthemixturemodelis0.932ascomparedwith
0.942forthehistogrammodel. Thefactthatthemixture
densityperformanceisslightlybelowthehistogram
performancemaybedueinparttothein fluenceofthe
non-skinmodel,whichhasasigni ficantimpactonclas-
sifierperformanceandislesslikelytoformacompact
distribution.
Itisinterestingtocomparethemixtureandhis-
togrammodelsfromthestandpointofcomputational
andstoragecosts.Themixtureofgaussianmodelissig-
nificantlymoreexpensivetotrainthanthehistogram
models.Ittookabout24hourstotrainbothskinand
non-skinmixturemodelsusing 1 0Alphaworkstations
inparallel.Incontrast,thehistogrammodelscouldbe
constructedinamatterofminutesonasingleworksta-
tion. Themixturemodelisalsoslowertouseduring
classificationsinceallofthegaussiansmustbeevalu-
atedincomputingtheprobablityofasinglecolorvalue.
Incontrast,useofthehistogrammodelresultsinafast
classifiersinceonlytwotablelookupsarerequiredto
computetheprobabilityofskin.
Fromthestandpointofstoragespace,however,the
mixturemodelisamuchmorecompactrepresentation
ofthedata.Thereareatotalof224 floatingpointpa-
rameters(896bytesassuming4byte  floats)intheskin
andnon-skinmixturedensitiesthatweused.Incon-
trast,thesize32histogrammodelrequires262Kbytes
ofstorage,assumingone4byteintegerperbin.
Weconductedanadditionalexperimenttoverify
theimportanceofthavingalargedatasetinobtaining

Mixture of Gaussians Non-skin Color Madel

Blue

(a) Contour plot for skin model.

(b) Contour plot for non-skin model.

Figure6 .Contourplotsformarginalizationsofthemixtureofgaussianskinandnon-skincolormodels.
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Comparison of histogram and mixture model
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(b) ROC curves for 1 % of images, histogram and mix-
ture models.

Figure7 ROCcurvescomparingmixturemodelandhistogrammodelsundervaryingtrainingdata.

goodclassi fierperformance.SincetheROCcurvesin
Fig.5(a)usedahistogramofsize256,thereremained
thepossibilitythatamodelwithbettergeneralization,
suchasamixturedensity,mightrequirefarlessdata.
Totestthishypothesis,webuilthistogramandmixture
modelsfromamuchsmallersetofimages.Wepicked
30skinimagesand58non-skinimages,whichmake
upapproximately 1 %ofthetrainingset. Thissample
yielded406,135skinpixelsand4,017,896non-skin
pixelsfortrainingthemodels. TheROCcurvesfor
thebesthistogramandmixturemodelsareshownin
Fig.7(b).Theareaunderthehistogrammodel ’sROC
curveis0.890andtheareaunderthemixturemodel ’s
ROCcurveis0.895.Theybothperformmuchworse
thanmodelsusingthefulltrainingset.

3.3.Discussion

Wehavedemonstratedthatasurprisinglyeffectiveskin
detectorforWebimagescanbeconstructedfromhis-
togramcolormodels. Anequalerrorrateof88 % was
obtainedfromahistogramofsize32,whichgavethe
bestgeneralization. Thehistogrammodelcomparedfa-
vorablytomixturemodelstrainedonsimilardata(see
Fig.7(a)).Thisispresumablyduetoitsincreasedde-
greesoffreedom.
Wealsoexploredthesensitivityofourdetectortothe
amountoftrainingdata. AsdemonstratedinFig.5,the

sizeofourdatasetwasdeterminedempiricallybymon-
itoringtheconvergenceoftheskindetectorROCcurve
asdatawasaddedtothemodel.Thisgraphsuggests
thattheuseofadditionaltrainingdatabeyondourcur-
rentdatasetisunlikelytoimprovetheskindetector s
performance.WedemonstratedinFig.7(b)thatusing
asmalleramountofphotosleadstodecreasedperfor-
manceevenwithcolormodelsthatperformsigni
generalization.
Weconcludethatachievinghigherdetectionrates
forskinislikelytorequireanalysisatagreaterspatial
scalethanthecolorvaluesofindividualpixels.Inmany
applications,however,purelycolor-basedtechniques
playanimportantrolebecausetheyprovideextremely
usefulinformationatverylowcomputationalcost.For
example,ourhistogram-basedclassi fiercananalyzean
imageinlesstimethanittakestoreaditinfromdisk
storage.Nearlyeveryreal-timesystemforfaceanalysis
usessometypeofcolor-basedskindetectorasafocus-
of-attentionmechanism.
ItispossiblethatcolorspacesotherthanRGBcould
resultinimproveddetectionperformance(Gongand
Sakauchi, 1995;Syeda-MahmoodandCheng,1996).
Differentcolorspaceswouldresultindifferentdecision
boundaries,assumingthathistogrambinsizesgreater
thanoneareusedforgoodgeneralization.Thisisan
interestingquestionforfutureresearch. Theprimary
advantageofRGBisitssimplicityandspeedindealing
withwebimages.Inmanycasesclassi ficationcanbe

ficant
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Table?2 .Performanceofpersondetectorontrainingandtestdata.

PercentageofPercentageofOverallPercentage

correctlyclassi fiedcorrectlyclassi
personimagesnon-personimagesclassi

fiedofcorrectly
fiedimages

Trainingdata83.0%(2488/2999)70.6%(1412/2000)78.0%(3900/4999)
Testdata83.2%(835/1004)71.3%(645/905)77.5%(1480/1909)

donedirectlyonpixelvalueswithoutacolorspace
conversion.

4.ImageClassificationbySkinDetection

Oneinterestingapplicationofskindetectionisaspart
ofalargersystemfordetectingpeopleinphotos. Aper-
sondetectorthatworkedreliablyonWebimagescould
beavaluabletoolforimagesearchservicesontheweb
andindigitallibraries,aswellasforimagecatego-
rization.Weexaminetheproblemofpersondetection
inSection4.1andtheeasierproblemofnakedperson
detectioninSection4.2.Whilecompletesolutionsto
theseproblemswillundoubtedlyrequiremorecom-
plexanalysis,itisinterestingtoseewhatperformance
ispossiblebasedonskincoloralone.We  findthatskin
colorintheabsenceofstrongshapeortexturecues
issurprisinglyeffective,particularlyfornakedperson
detection.

4.1.PersonDetection

Ourgoalistodeterminewhetherornotaninputimage
containsoneormorepeoplebyaggregatingthepixel-
wiseoutputoftheskindetector. Thebaselinedetection
rateforthisproblemis52%,whichisthepercentage
ofimagesinourdatasetcontainingpeople.Wecom-
putedasimplefeaturevectorfromtheoutputofthe
skindetectorandthentrainedaclassi ~ fieronthesefea-
turestodeterminewhetherapersonispresentornot.
Thefeaturesweusedare:

e Percentageofpixelsdetectedasskin

e Averageprobabilityoftheskinpixels

e Sizeinpixelsofthelargestconnectedcomponentof
skin

e Numberofconnectedcomponentsofskin

e Percentofcolorswithnoentriesintheskinandnon-
skinhistograms

Thesefeaturescanallbecomputedinasinglepassover
theinputimage,makingtheresultingpersondetector
extremelyfast.Noeffortwasspenttuningoradjust-
ingthefeatureset,soitispossiblethatotherchoices
wouldyieldbetterperformance. Weused4999images
whichweremanuallyclassi fiedintopersonandnon-
personsetstotrainadecisiontreeclassi  fierusingC4.5
(Quinlan,1993).Theresultingclassi fierwasthentested
onasetof1909testimages. Table2summarizesthe
results.

Theresultsshowthatsimplyanalyzingcolorval-
uesallowsreasonablygoodclassi  ficationofimages
intothosecontainingpeopleandthosenot,butthiscue
aloneisnotsuf ficienttofullysolvetheproblemofper-
sondetection.Oneobviousproblemisthatpeoplewill
exposevaryingamountsofskininagivenimage.Using
othercuessuchastextureandshapewouldprobably
leadtogreateraccuracy,seeOrenetal.(1997)fora
recentexample.

4.2.AdultImageDetection

Bytakingadvantageofthefactthatthereisastrongcor-
relationbetweenimageswithlargepatchesofskinand
adultorpornographicimages,theskindetectorcanalso
beusedasthebasisforanadultimagedetector.There
isagrowingindustryaimedat filteringandblocking
adultcontentfromWebindexesandbrowsers.Some
representativecompaniesare www.surfcontrol.comand
www.netnanny.com.Alloftheseservicescurrentlyop-
eratebymaintaininglistsofobjectionableURL ~ ’sand
newsgroupsandrequireconstantmanualupdating.An
image-basedschemehasthepotentialadvantageof
applyingequallytoallimageswithouttheneedfor
updating(seeForsythandFleck(1999)foradditional
discussion).
Todetectadultimages,wefollowedthesameap-
proachaswithpersondetection. Afeaturevectorbased
ontheoutputoftheskindetectorwascomputedforeach
trainingimage. Thefeaturevectorsincludedthesame
fivefeaturesusedforpersondetection,plustwoaddi-
tionalelementscorrespondingtotheheightandwidth
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ROC curves for adult image detection
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Figure8 ROCcurvesfortheadultimagedetectoronbothtrainingandtestingimages.

oftheimage.Thesetwowereaddedbasedoninformal
observationsthatadultimagesareoftensizedtoframe
astandingorreclining  figure.
Weused10679imageswhichweremanuallyclas-
sifiedintoadultandnon-adultsetstotrainaneural
networkclassi fier.Therewere5453adultimagesand
5226non-adultimages.Theneuralnetworkoutputsa
numberbetweenOand 1,withlindicatinganadult
image.Wecanthresholdthisvaluetomakeabinary
decision.Byvaryingthethreshold,wegettheROC
curveshowninFig.8forthetrainingdata.
Totesttheadultimagedetector, wegatheredimages
fromtwonewcrawlsoftheWeb.Crawl Ausedadult
sitesasstartingpointsandgatheredmanyadultim-
ages.CrawlBusednon-adultsitesasstartingpoints
andgatheredveryfewadultimages.CrawlAcon-
sistedof2365htmlpagescontaining5241adultimages
and6082non-adultimages(includingiconsandother
graphics).CrawlBconsistedof2692htmlpagescon-
taining3adultimagesand 13970non-adultimages.We
usedtheadultimagesfromCrawlAandthenon-adult
imagesfromCrawlBtotesttheclassi  fier*
TheROCcurvefortheadultimagedetectoronthe
testsetisshowninFig.8.Thedetectorachieved,forex-
ample,85.8%correctdetectionsonadultimagesfrom
CrawlAwith7.5%falsepositivesonthenon-adult
imagesfromCrawlB.Thisperformanceissuprisingly
goodconsideringthesimplicityofcolor-basedfeatures

thatwereused.Inprevioussystemsforadultimagede-
tection,skincolorisusedasapre  filtertoguideadetec-
tionprocesswhichisbasedwholelyonshape,texture,
etc.Ourresultssuggestthatskincolordeservesamore
prominentrole.Adirectcomparisonbetweenouradult
detectorandotherscanbefoundinSection5.Someex-
ampleimagesforwhichtheadultdetectorissuccessful
areshowninFig.9aswellasanexampleofatypical
falsepositive.
Theadultimagedetectorisessentiallylookingfor
imageswithconnectedregionsofskinoftherightsize.
Asaconsequence,themostcommonfalsepositivefor
oursystemisaclose-upimageofaface.Useofaface
detectorinconjunctionwiththeskindetectorcould
alleviatethisparticularproblem.However,majorim-
provementsinperformancearelikelytorequirethe
useofothercuessuchastext,aswellasmoredetailed
analysisofimagestructures.

4.3.IncorporatingTextFeaturesintoAdult
ImageDetection

Inour finalexperiment,weexploredcombiningthe
adultimagedetectorjustdescribedwithatext-based
classifier(obtainedfromAltaVista)whichusesthetext
occurringonaWebpagetodetermineifitisporno-
graphic.Thetext-baseddetectorusesthestandard
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(a) Examples of images correctly classified by
our detector. Both images were classified as

adult images.

Figure9 .Examplesofcorrectlyandincorrectlyclassi fiedimages.

approachofmatchingwordsonthepageagainsta
manually-specifiedlistofobjectionalwords,andclas-
sifyingbasedonthematchfrequencies. Toapplythe
textclass fiertoindividualimagesoccurringonapage,
wesimplyusethelabelforthepagetoclassifyeach
imagethatitcontains. Thetext-basedclassi fieronits
ownachieves84.9%correctdetectionsofadultimages
with1.1%falsepositives.Thereisnothresholdassoci-
atedwiththetext-basedclassi fierweused,soonlyone
pointontheROCcurveisrealized.
‘Wecombinedthecolor-baseddetector(usinga
thresholdthatyielded85.8%correctdetectionsand
7.5%falsepositives)withthetext-baseddetectorby
usingan “OR” ofthetwoclassi fiers,i.e.animageis
labelledadultifeitherclassi  fierlabelsitadult.The
combineddetectorcorrectlylabels93.9%oftheadult
imagesfromcrawlAandobtains8 %falsepositiveson
thenon-adultimagesfromcrawlB.Table3summa-
rizestheseresults.Oneinterestingobservationisthat
thecolorandtexturefeaturesappeartobecomplemen-
tary,sincethecombineddetectorexhibitsanincrease
inboththedetectionrateandthefalsealarmrate. This
suggeststhatmoresophisticatedcombinationschemes

Table3 .Comparisonofadultimagedetectorusingcolor-based,
text-basedandcombinedclassi fiersonthetestdata.

PercentageofcorrectlyPercentageof
detectedadultimagesfalsealarms

Color-basedDetector85.8%7.5%
Text-basedDetector84.9%1.1%
CombinedDetector93.9%38.0%

(b) Example of an
image misclassified
as adult by our de-
tector.

thanthe “OR” operatorcouldyieldevenbettercom-
binedperformance.

Asigni ficantadvantageofourdetectorisitsspeed.
Theskindetectorisveryfast,asitrequiresonlytwo
tablelook-upsandanintegerdivisionperpixel. The
sevenelementfeaturevectorcanbecomputedinthe
samepassthroughtheimageastheskindetector.Thus
theoverallcomputationalcostislinearinthenumber
ofpixels,withasmallconstantfactor.Theaverageim-
agesizeinourtestsetwas269rowsby301columns.
Thisresultedinanaverageclass ficationtimeof
43millisecondsona400MHzAlphaworkstation.This
isabitlessthantheaveragetimeittakestoreadanim-
ageinfromdisk.

5.Previouswork

Whiletherehasbeenmuchpreviousworkonskincolor
modeling,weknowofnopreviouseffortbasedon
suchalargecorpusoftrainingandtestingdataand
nocomparablydetailedstudyofskinclassi ~ ficationin
Webimages.
Manysystemsfortrackingordetectingpeoplein
user-interfaceorvideo-conferencingapplicationshave
employedskincolormodels.Histogrammodelsare
employedbySchieleandWaibel(1995)andKjeldsen
andKender(1996).Yangetal.(1998)modelskincolor
asasinglegaussian,whileJebaraandPentland(1997)
employamixturedensity.Inallofthesesystems,the
colormodelistrainedonasmallnumberofexample
imagestakenunderarepresentativesetofillumination
conditions.Most,withtheexceptionofKjeldsenand
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Kender(1996)andJebaraandPentland(1997),donot
usenon-skinmodels.Thesecolormodelsareeffective
inthecontextofalargersystem,buttheydonotaddress
thequestionofbuildingaglobalskinmodelwhichcan
beappliedtoalargesetofimages.

Theclosestworkstooursaretwosystemsforde-
tectingimagescontainingnakedpeopledevelopedby
ForsythandFleck(1999)andWangetal.(1997).Both
ofthesesystemsuseaskincolormodelasaprepro-
cessingstepandhavebeentestedonacorpusofWeb
images.TheskincolormodelusedbyForsythand
Fleckconsistsofamanuallyspeci  fiedregioninalog-
opponentcolorspace.Detectedregionsofskinpixels
formtheinputtoageometric filterbasedonbodyplans.
TheWIPEsystemdevelopedbyWangetal.usesa
manually-specifiedcolorhistogrammodelasapre filter
inananalysispipeline.Inputimageswhoseaverage
probabilityofskinislowarerejectedasnon-offensive.
Imagesthatcontainskinpassontoa  finalstageofanal-
ysiswheretheyareclassi ~ fiedusingwaveletfeatures.
Sinceneitheroftheseworksreporttheperformance
oftheirskindetectorinisolation,adirectcomparison
withFig.4isnotpossible.

Forsythreportstwosetsofexperimentalresults:the
skin filteralone,andusedinconjunctionwiththegeo-
metric filter. Theirskin filterisnotdirectlycomparable
toours,asitusestextureanalysisandgroupspixels
intoskinregions.However,theyalsoreportstrongper-
formancewhenimagesthatcontainoneormorede-
tectedskinregionsarelabelledascontainingnaked
people.Thedetectionrateis79.3%withafalsealarm
rateof11.3%.Whencombinedwiththegeometry fil-
terthefalsepositivesfallto4.2%whilethedetection
ratefallsto42.7%forthe “primary” configurationof
thesystem.Wangetal.reporttheoveralltheresultsof
the WIPEsystemonobjectionableimages:96%detec-
tionratewith9%falsepositives.TheForsythtestset
contained4,854images,the WIPEtestsetcontained
11,885images,andourtestcontained 19,21 limages.

Table4givesasummaryoftheperformanceofthese
twosystemsincomparisontoours.Sincethesepa-
persdidnotreportROCcurves,wesimplycompare
ourdetectionratetotheirsunderidenticalfalsepos-
itiverates.Incontrasttothispreviouswork,ourde-
tectorusesveryweakglobalattributesofthedetected
skinpixelstoclassifytheimage.Bothbodyplansand
waveletcoef ficientshavemoredescriptivepowerthan
oursevenelementfeaturevector.Perhapssurprisingly,
we findthatourdetectionperformanceiscomparableto
theirs.

Table4 Performancecomparisonforthreeadultimagedetection
systems.

SystemDetectionrateFalsealarmrate

Forsyth(Skinonly)79.311.3
Jones-Rehg88.011.3
Forsyth(Skin + Geom)42.74.2
Jones-Rehg75.04.2
WIPE969.0
Jones-Rehg86.79.0

TheconclusionsthatcanbedrawnfromTable4are
limitedbythefactthatallthreesystemsusedifferent
testsetsandexploitdifferentimagecues.Ofthethree,
oursystemprovidesthestrongesttestofthevalueof
coloralone,sinceitistheweakestinexploitingshapeor
geometrycues.Ourresultssuggestthatadultdetection
systemscangetmoremileageoutofskincolorthan
hasbeenpreviouslyexpected.

6.Conclusions

Colordistributionsforskinandnonskinpixelclasses
learnedfromwebimagescanbeusedtofashiona
surprisinglyaccuratepixel-wiseskindetectorwithan
equalerrorrateof88%.Thekeyistheuseofavery
largelabelleddatasettocapturetheeffectsoftheun-
constrainedimagingenvironmentrepresentedbyweb
photos.Visualizationstudiesshowasurprisingdegree
ofseparabilityintheskinandnonskincolordistribu-
tions.Theyalsorevealthatthegeneraldistributionof
colorinwebimagesisstronglybiasedbythepresence
ofskinpixels.Ourdatasetofnearly 1 billionlabelled
pixelsisoneofthelargesteverusedinacomputervi-
siontask.Wearemakingthisdatasetfreelyavailableto
theacademicresearchcommunity.Seethe Appendix
fordetailsonhowtoobtainit.
Onepossibleadvantageofusingalargedatasetis
thatsimplelearningrules,suchashistogramdensity
estimators,maygivegoodperformance.Thiscanresult
incomputationallysimplealgorithmsforlearningand
classification.Weshowthatinourcontexthistogram
classifierscomparefavorablytothemoreexpensivebut
widely-usedGaussianmixturedensities.
Apixel-wiseskindetectorcanbeusedtodetectim-
agescontainingnakedpeople,whichtendtoproduce
largeconnectedregionsofskin. Weshowthatade-
tectionrateof88 %canbeachievedwithafalsealarm
rateof11.3%,usingasevenclementfeaturevectorand
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aneuralnetworkclassi fier. Thisperformanceiscom-
parabletosystemswhichusemoreelaboratespatial
imageanalysis.Incomparison,ourclassi  fierismuch
faster.Itoperatesinlesstimethanittakestoreadinthe
imagefromdiskstorage.
Ourresultssuggestthatskincolorisamorepowerful
cuefordetectingpeopleinunconstrainedimagerythan
waspreviouslysuspected.

Appendix

Ourdatasetoflabelledskinandnon-skinpixelsisfreely
availableforacademicresearchpurposes.Contactthe
firstauthor(Michael.Jones @ compaq.com)forinstruc-

Table5 Means,covariancesandweightsformixtureofgaussian
skinandnon-skincolormodelsdescribedinSection3.2.

KernelMeanCovarianceWeight

MixtureofGaussianskincolormodel
1(73.53,29.94,17.76)(765.40,121.44,112.80)0.0294
2(249.71,233.94,217.49)(39.94,154.44,396.05)0.0331
3(161.68,116.25,96.95)(291.03,60.48,162.85)0.0654
4(186.07,136.62,114.40)(274.95,64.60,198.27)0.0756
5(189.26,98.37,51.18)(633.18,222.40,250.69)0.0554
6(247.00,152.20,90.84)(65.23,691.53,609.92)0.03 14
7(150.10,72.66,37.76)(408.63,200.77,257.57)0.0454
8(206.85,171.09,156.34)(530.08,155.08,572.79)0.0469
9(212.78,152.82,120.04)(160.57,84.52,243.90)0.0956

10(234.87,175.43,138.94)(163.80,121.57,279.22)0.0763
11(151.19,97.74,74.59)(425.40,73.56,175.11)0.1100
12(120.52,77.55,59.82)(330.45,70.34,151.82)0.0676
13(192.20,119.62,82.32)(152.76,92.14,259.15)0.0755
14(214.29,136.08,87.24)(204.90,140.17,270.19)0.0500
15(99.57,54.33,38.06)(448.13,90.18,151.29)0.0667
16(238.88,203.08,176.91)(178.38,156.27,404.99)0.0749

MixtureofGaussiannon-skincolormodel
1(254.37,254.41,253.82)(2.77,2.81,5.46)0.0637
2(9.39,8.09,8.52)(46.84,33.59,32.48)0.0516
3(96.57,96.95,91.53)(280.69,156.79,436.58)0.0864
4(160.44,162.49,159.06)(355.98,115.89,591.24)0.0636
5(74.98,63.23,46.33)(414.84,245.95,361.27)0.0747
6(121.83,60.88,18.31)(2502.24,1383.53,237.18)0.0365
7(202.18,154.88,91.04)(957.42,1766.94,1582.52)0.0349
8(193.06,201.93,206.55)(562.88,190.23,447.28)0.0649
9(51.88,57.14,61.55)(344.11,191.77,433.40)0.0656

10(30.88,26.84,25.32)(222.07,118.65,182.41)0.1189
11(44.97,85.96,131.95)(651.32,840.52,963.67)0.0362
12(236.02,236.27,230.70)(225.03,117.29,331.95)0.0849
13(207.86,191.20,164.12)(494.04,237.69,533.52)0.0368
14(99.83,148.11,188.17)(955.88,654.95,916.70)0.0389
15(135.06,131.92,123.10)(350.35,130.30,388.43)0.0943
16(135.96,103.89,66.88)(806.44,642.20,350.36)0.0477

Figurel0 .Snapshotofthetoolforsegmentingtheskinregionof
animage.Theleftimageshowsthecompletedmanualsegmentation
withtheskinpixelshighlightedinred.Therightimageshowsthe
originalimage.

tionsonhowtoobtainit.Readerswhoareinterestedin
usingourcolormodelsshouldrefertoTable5,which
containsalloftheparametersforthemixtureofgaus-
sianskinandnon-skinmodelsdescribedinSection3.2.
Eachphotoinourdatasetwasprocessedinthefol-
lowingmanner:Thephotowasexaminedtodeter-
mineifitcontainedskin.Ifnoskinwaspresent,it
wasplacedinthenon-skingroup.Ifitcontainedskin,
regionsofskinpixelsweremanuallylabeledusing
asoftwaretool,whoseinterfaceisshowninFig.10.
Thistoolallowsausertointeractivelysegmentregions
ofskinbycontrollingaconnected-componentsalgo-
rithm.Clickingonapixelestablishsitasaseedfor
regiongrowing. ThethresholdslidercontrolstheEu-
clideandistanceinRGBspacearoundtheseedthat
definestheskinregion.Byclickingondifferentpoints
inthephotoandadjustingtheslider,regionsofskin
withfairlycomplexshapescanbesegmentedquickly.
Inlabellingskinweattemptedtoexcludetheeyes,hair,
andmouthopening. Theresultisabinarymaskiden-
tifyingtheskinpixels,whichisstoredalongwitheach
photo.
Non-skinpixelsthatappearedwithinaphotocon-
tainingskinwerenotincludedineithercolormodel.
Thiswasnecessarybecauseofthedif  ficultyingetting
aperfectsegmentationoftheskininanygivenimage.
Somephotoscontainedskinpatchesofsuchasmallsize
(e.g.crowdscenes)thatsegmentationwasproblematic.
Eveninphotoswithlargeregionsofskinitwasoften
hardtopreciselyde finetheirboundaries(e.g.onthe
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foreheadwhereskinisobscuredbyhair). Wechosethe
conservativestrategyofsegmentingtheeasilyidenti ~ fi-
ableskinpixelsanddiscardingtheremaindertoavoid
contaminatingthenon-skinmodel.
Oneoftheissuesthatarisesinadatasettakenfrom
theWebisthequestionofcolorquantization.Digital
imagesobtainedfromdifferentsourcessuchasscan-
ners,capturecards,anddigitalcameraswillhavedif-
ferentcolorresolutions. Unfortunately, mostofthein-
formationaboutcolorresolutionislostonceanimage
hasbeenstoredinoneofthe fileformatsthatarein
wide-spreaduseontheWeb.
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Notes

1.Thebreadth- firstcrawlwasinitiatedfrommultiplelocations,in-
cludingportalssuchasyahoo.comandnetscape.com.Allimages
embeddedinwebpagesandcontainedinon-linedirectorieswere
returnedbythecrawl,whichterminatedwhenasuf ~ ficientnumber
ofimageshadbeenacquired.

2.Eachofthethreehistogramdimensionsisdividedinto256bins,
andeachbinstoresanintegercountingthenumberoftimesthat
colorvalueoccurredintheentiredatabaseofimages.

3.Thegeneralmodelwasconstructedfrom18,696photos,whilethe
skinandnon-skinmodelswereconstructedfrom13,640photos.
SeetheAppendixfordetails.

4.0Ofcoursetheclassi  ficationofanimageinthetrainingsetas
“adult” isentirelysubjective.Inourexperiment,welabeledany
imagecontainingexposedgenitalsorfemalebreastsasadult,and
allothersasnon-adult.
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