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Abstract

The existenceof large image datasetsuchas the set of photoson the World Wide Web male it possibleto build
powerful genericmodelsfor low-level imageattributeslik e color usingsimplehistogramlearningtechniquesWe describe
the constructionof color modelsfor skin and non-skinclassefrom a datasebf nearly 1 billion labelledpixels. These
classesxhibit a surprisingdegreeof separabilitywhich we exploit by building a skin pixel detectorachieving a detection
rateof 80% with 8.5% falsepositives. We comparethe performanceof histogramand mixture modelsin skin detection
and nd histogrammodelsto be superiornn accurag andcomputationatost. Usingaggre@atefeaturescomputedrom the
skin pixel detectomwve build a surprisinglyeffective detectorfor naked people.Our resultssuggesthatcolor canbea more
powerful cuefor detectingpeoplein unconstrainedmagerythanwas previously suspected We believe this work is the
mostcomprehense anddetailedexplorationof skin color modelsto date.

1 Intr oduction

A centraltaskin visuallearningis the constructionof statisticalmodelsof imageappearancéom pixel data. Whenthe
amountbof availabletrainingdatais small,sophisticatedearningalgorithmsmayberequiredto interpolatebetweersamples.
However, asaresultof the World Wide Webandthe proliferationof on-lineimagecollections the vision communitytoday
hasaccesdo imagelibrariesof unprecendentesize. Theselarge datasetscansupportsimple,computationallyef cient
learningalgorithms.

This paperdescribeghe constructionof statisticalcolor modelsfrom a dataset of unprecedentedize: Our model
includesnearly 1 billion labeledtraining pixels obtainedfrom randomcrawls of the World Wide Weh From this data
we constructa genericcolor modelaswell asseparateskin and non-skincolor models. We usevisualizationtechniques
to examinethe shapeof thesedistributions. We shov empirically that the preponderancef skin pixelsin Web images
introducesa systematidiasin the genericdistribution of color.

We useskin andnon-skincolor modelsto designa skin pixel classi er with anequalerror rateof 88%. This is surpris-
ingly goodperformanceiventheunconstrainedatureof Webimages.Ourvisualizationstudiesdemonstratéheseparation
betweerskinandnon-skincolor distributionsthatmalke this performancgossible Usingour skin classi er, which operates
onthecolor of a singlepixel, we constructa systemfor detectingmagescontainingnaked people.This secondtlassi eris
basedon simpleaggreyatepropertiesof the skin pixel classi er output. Our naked peopledetectorcomparegavorably to

recentsystemdy Forsythetal. [4] andWangetal. [17], whicharebasedn complex imagefeaturesBecausét is basedn



pixel-wiseclassi cation,our detectolis extremelyfast. Theseexperimentssuggesthatskin color canbe a more powerful
cuefor detectingpeoplein unconstraineémagerythanwaspreviously suspected.

Given a large amountof training data,even simple learningrulescanyield good performance.We explore this point
by comparinghistogramand Gaussiarmixture modelslearnedfrom our datasetWe shav that histogrammodelsslightly
outperformmixturedensitiesn this context.

We believe this work is the mostcomprehensie and detailedexplorationof skin color modelsto date. We aremaking
our labeleddatasebf 13,640photosfreely availableto the academicommunity Seethe Appendixfor details.

Section2 describeghe constructionand visualizationof histogramcolor models. Thesemodelsare appliedto skin
classi cationin Section3, wherethey arealsocontrastedo mixture densities. Section4 exploresthe applicationof the
skin detectorto imageclassi cation. We review previouswork in Section5 anddiscussour conclusionsandfuture plansin

Section6. The Appendixgivesmoredetailsaboutour dataset.

2 Histogram Color Models

We rst learnagenerahistogramdensityusingall the photosin our datasetThe datasetvasobtainedrom alargecrawl of
the Web, which returnedaround3 million images(includingiconsandgraphics): A smallersetof imageswasrandomly
sampledrom this large setto producea manageabléelatasetvhich is representatie of the webasa whole. All iconsand
graphicswereremoved by hand(see[1] for an automaticapproach)resultingin a nal setof 18,696photographs.This
datasetontainsnearly?2 billion pixels.In comparisonanRGB histogrammodelwith 256 binsperchannehasaroundl16.7
million degreesof freedom( bins), which is two ordersof magnituddess. Detailson how to obtainthis datasefor
academigesearcltpurposeganbefoundin the Appendix.

We organizethis datasetn two differentways. In Section2.1 we useall 18,696imagesto build a generalcolor model.
We referto this setof imagesasthe “generictraining set”. Then,in Section2.2 we usea subsetontainingl3,640photos
to build specializedskin andnon-skincolor models.We referto this setasthe “classi er trainingset”. Theimagesin the
classi er training sethave beenmanuallyseparatednto thosecontainingskin andthosenot containingskin. Skin pixels
have beenmanuallylabeledin the setof skin images.This labelling processs describedn moredetailin the Appendix.

Thenumberof manuallylabelledpixelsin the classi er trainingsettotalsnearly1 billion.

2.1 General Color Model

We rst constructa generalcolor modelfrom the generictraining setusinga histogramwith 256 bins per channelin the

RGB color spacé Thehistogramcountsarecornvertedinto a discreteprobability distribution in theusualmanner:

— 1)

1Thebreadth- rstcrawl wasinitiated from multiple locations,including portalssuchasyahoo.comandnetscape.comAll imagesembeddedn web
pagesandcontainedn on-line directorieswerereturnedby the crawl, whichterminatedvhena sufcient numberof imageshadbeenacquired.

2Eachof thethreehistogramdimensionss dividedinto 256 bins,andeachbin storesanintegercountingthe numberof timesthatcolor valueoccurred
in theentiredatabasef images.



where givesthecountin thehistogrambin associateavith theRGB colortriple and isthetotal countobtained
by summingthe countsin all of thebins.

To visualizethe probability distribution, we developeda software tool for viewing the histogramasa 3-D modelin
which eachbin is renderedasa cubewhosesizeis proportionalto the numberof countsit contains. The color of each
cubecorrespondso the smallestRGB triple which is mappedto thatbin in the histogram. Figure 1 (a) shovs a sample
view of the histogram producedby our tool. This renderingusesa perspectie projectionmodelwith a viewing direction
alongthegreen-magentaxiswhich joins corners and in color space.Theviewpointwaschoserto
orientthegrayline horizontally Thegrayline is theprojectionof thegrayaxiswhich connectgheblack andwhite

cornersof thecube.Thehistogramin Figurel (a) is of size8 andonly shawvs binswith countsgreaterthan
. Down-samplingandthresholdinghefull sizemodelmakesthe globalstructureof the distribution morevisible.

By examiningthe 3-D histogranfrom severalanglests overallshapecanbeinferred. Anothervisualizationof themodel
canbe obtainedby computingits marginal distribution along a viewing direction and plotting the resulting2-D density
functionasa surface.Figurel (b) shavs the maminal distribution thatresultsfrom integratingthe 3-D histogramalongthe
samegreen-magentaxisusedin Figurel (a). Thepositionsof theblack-redandblack-greeraxesunderprojectionarealso
shavn. Thedensityis concentrate@longa ridge which follows the gray line from blackto white. White hasthe highest
likelihood,followedcloselyby black.

Additionalinformationabouttheshapeof thesurfacein Figurel (b) canobtainedy plottingits equiprobabilitycontours.
Theseareshawn in Figurel (c). They wereobtainedwith the contour functionin Matlab 5.0. It is usefulto compare
Figurel (c) with Figurel (a) asthey aredravn from thesameviewpoint. This plot reinforcesheconclusiorthatthedensity
is concentratedroundthegrayline andis moresharplypealedat white thanblack. An intriguing featureof this plotis the
biasin thedistribution towardsred.

This biasis clearlyvisible in Figurel (d), which shavs the contoursproducedy a differentmarginal density obtained
by integratingalongthe grayaxis. Thedistribution shovs a markedasymmetrywith respecto theaxisof projectionthatis
orientedat approxmiately degreesto theredline in the gure. In the next sectionwe will demonstratempirically that
this biasis duelargely to the presencef skinin Webimages.

In summarythe genericcolor modelbuilt from Webimageshasthreeproperties:

1. Mostcolorsfall onor nearthegrayline.

2. Blackandwhite areby farthe mostfrequentcolors,with white occuringslightly morefrequently
3. Thereis amarkedskew in the distribution towardthered cornerof the color cube.

In gatheringour datasetve madetwo additionalobsenationsaboutimagesontheWeh First, 77%of the possible24 bit
RGB colorsarenever encounteredi.e. thehistograms mostlyempty). Secondabout52%of our Webimageshave people

in them.Table1 containsa summaryof factsaboutour dataseindcolor models.



(a) 2-D renderingof 3-D histogrammodel (b) Surfaceplot of themaiginaldensityformedby integrating
viewed alongthegreen-magentaxis. alongtheviewing directionin (a).

Full Color Model, Green-Magenta Axis Marginal Full Color Model, Gray Axis Marginal

/ﬁ Red
Blue,
(c) Equiprobabilitycontoursfrom the surfaceplot in (d) Contourplot for an integration of (a) alongthe
(b). grayaxis.

Figurel: Fourvisualizationsof afull color RGB histogrammodelconstructedrom nearly2 billion Webimagepixels.



2.2 Skin and Non-skin Color Models

Next we usethe labeledclassi er training setto constructskin andnonskincolor modelsfor skin detection.The color of
skin in the visible spectrumdependsprimarily on the concentratiorof melaninandhemoglobin[15]. The distribution of
skin color acrosdifferentethnicgroupsundercontrolledconditionsof illumination hasbeenshavn to be quite compact,
with variationsexpressablan termsof the concentratiorof skin pigments(see[3] for a recentstudy). However, under
arbitrary conditionsof illumination the variationin skin color will be lessconstrained.This is particularlytrue for web
imagescapturedundera wide variety of imaging conditions. However, given a sufciently large collection of labeled
trainingpixelswe canstill modelthedistribution of skinandnon-skincolorsaccurately

We constructedskin and non-skinhistogrammodelsusing our classi er training setof images. The skin pixelsin the
4675imagescontainingskin werelabelledmanuallyand placedinto the skin histogram. The 8965imagesthat did not
containskin wereplacedinto the non-skinhistogram.Givenskin andnon-skinhistogramsve cancomputethe probability

thata givencolorvaluebelongso the skinandnon-skinclasses:
— — 2

where is the pixel countcontainedn bin of the skin histogram, is the equivalentcountfrom the non-skin
histogramand and arethetotal countscontainedn the skin andnon-skinhistogramsrespectiely.

Theskinandnon-skincolor modelscanbe examinedusingthe sametechniquesve employedwith thefull colormodel.
Contourplotsfor mamginalizationsof the skinandnon-skinmodelsareshovn in Figure2. Themaminalizationsareformed
by integratingthe distribution alongtwo orthogonalviewing axes. Theseplots shav thata signi cant degreeof separation
exists betweerthe skin andnon-skinmodels. The non-skinmodel,is concentrate@longthe gray axis, while the majority
of theprobabilitymassin the skin modellies off this axis. This separatiorbetweerthetwo classess thebasisfor thegood
performancef our skin classi er, which will bedescribedn Section3.

It is interestingo comparethenon-skincolor modelillustratedin Figure2 (c) and(d) with thefull colormodelshavnin
Figurel (c) and(d). Theonly differencen theconstructiorof thesewo modelsis theabsencef skin pixelsin thenon-skin
case.Note thatthe resultof omitting skin pixelsis a markedincreasean the symmetryof the distribution aroundthe gray
axis. This obsenationsuggestshat althoughskin pixels constituteonly about10% of thetotal pixelsin the datasetthey
exherta disproportionatelyfarge effect on the shapeof the genericcolor distribution for Web images biasingit strongly
in thereddirection. We suspecthatthis effect resultsfrom the factthatthe skin classoccursmorefrequentlythanother

classe®f objectcolors(52 % of ourimagescontainedskin).

2.3 Discussion

A numberof statisticsaaboutthegeneral skin,andnon-skinhistogramcolor modelsaresummarizedn Tablel. Totalcounts

givesthe total numberof pixels usedto form eachof the threemodels® Note thatthe skin modelwasformedfrom more

3Thegeneramodelwasconstructedrom 18,696photos while the skin andnon-skinmodelswereconstructedrom 13,640photos.Seethe Appendix
for details.



Skin Color Model, Green-Magenta Axis Marginal Skin Color Model, Gray Axis Marginal
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(a) Contourplot for skin model, mamginalizedalong (b) Contourplot for skin model, maginalizedalong
thegreen-magentaxis. thegrayaxis.
Non-skin Color Model, Green-Magenta Marginal Non-Skin Color Model, Gray Axis Marginal
N Red
Blue
(c) Contour plot for non-skin model, maginalized (d) Contour plot for non-skin model, maginalized
alongthe green-magentaxis. alongthegrayaxis.

Figure2: Contourplotsfor mamginalizationsof the skin andnon-skincolor models.Thetop row showns the skin model,the
bottomrow shavsthenon-skinmodel. Theleft columnusegheviewing directionfrom Figurel (c) while theright column
usegtheview from Figurel (d).



Total Counts | Total OccupiedBins | PercentUnoccupied

GeneraModel | 1,949,659,888 3,925,498 76.6
Skin Model 80,377,671 959,955 94.3
Non-skinModel | 854,744,181 3,273,160 80.5
Overlappingskin andnon-skinbins: 933,275
Skin pixelsasa percentagef total pixels: 10%
Total photosin labeleddataset: 13,640
Percentagef photoscontainingskin: 52%

Tablel: Factsaboutphotoimagedatasetandthe general skin, andnon-skincolor modelsthatwereconstructedrom it.

than80.3million handlabelledskin pixels! Total occupiedbins refersto the numberof binsin eachmodelwith nonzero
counts.Thisis alsoexpressedsthepercentagef thebinsin eachmodelthatwereunoccupiedOverlappingbinsgivesthe
numberof binswhich arenon-emptyin bothskin andnon-skinhistogrammodels.

We make a few obsenationsaboutthesestatistics. First, 76.6% of the 16.7 million possibleRGB valueswere not
encounteredn ary of the training images. Second,of the 959,955colors that occurredas skin, 933,275(97.2%) also
occurredas non-skin. This suggestghat the skin detectionproblemcould be dif cult sincethereis signi cant overlap
betweerthe skin andnon-skinmodels.However, overlapis only a signi cant problemif the countsin the sharedbinsare
comparablén the skin and non-skincases.The plotsin Figure 2 demonstratéhat thereis in fact reasonableseparation

betweerthe skin andnon-skinclasses.

3 Skin DetectionUsing Color Models

Given skin and non-skinhistogrammodelswe can constructa skin pixel classi er. Sucha classi er could be extremely
usefulin two contets. First, for applicationssuchasthe detectionandrecognitionof facesand gures, skin is a useful
low-level cuethatcanbe usedto focusattentionon the mostrelevant portionsof animage. This approactis usedin mary
systemssee[2, 12, 4]. A secondole for skin pixel detectionis in imageindexing andretrieval, wherethe presencef skin
pixelsin a photois an attribute that could supportqueriesor categorization. We give two examplesof this applicationin
Section4.

We derive a skin pixel classi er throughthe standardik elihoodratio approachH5]. A particularRGB valueis labeled

skinif

®3)
where is athresholdwhich canbe adjustedo trade-of betweercorrectdetectionsandfalsepositives. We can
alsowrite  asafunctionof thepriorsandthe costsof falsepositvesandfalsenegatives:[5]:

4

where and arethe application-dependempstsof falsepositvesandfalsenegatives,respectiely. Onereasonable

choiceof priorsis . The mostimportantpropertyof equation3 is the recevver operatingchar



acteristic(ROC) curve [16], which shaws the relationshipbetweencorrectdetectionsandfalsedetectionsasa function of
the detectionthreshold . We malke extensie useof ROC cunvesin this paperto quantify the effect of designchoiceson

classi er performance.

3.1 Histogram-basedSkin Classi er

We conducteda seriesof experimentawvith histogramcolor modelsusingthe skin classi er de ned by equation3. For these
experimentswe divided our classi er training setinto separatdraining andtestingsets. Skin andnon-skincolor models
wereconstructedrom a 6822 phototraining setusingthe proceduredescribedn Section2.2. In this casetherewere4483
trainingphotoswhich formedthe non-skincolor modeland2339training photoswhich formedthe skin color model. From
our 6818phototestingset(4482non-skinand2336skin photos)we obtainedwo populationsof labelledskin andnon-skin
pixelswhichwereusedto testtheclassi er performance.

Figure3 shavs someexamplesof skin detectionin testimagesfor . Theclassi er doesagoodjob of detecting
skin in mostof theseexamples.In particular the skin labelsform densesetswhoseshapeoften resembleghat of the true
skin pixels. The detectortendsto fail on highly saturatedr shadevedskin. An exampleof the formertype of failure can
be seenontheforeheadf thewomanin the middle of thetoprow. An exampleof thelatterfailureis visible in the neckof
theathletein the middle of the bottomrow.

The examplephotosalsoshav the performanceof the detectoron non-skinpixels. In photossuchasthe house(lower
right) or o wers (upperright) the falsedetectionsare sparseand scattered.More problematicareimageswith wood or
coppercoloredmetal suchasthe kitchen scene(upperleft) or railroad tracks(lower left). Thesephotoscontaincolors
which often occurin the skin model and are dif cult to discriminatereliably. This resultsin fairly densesetsof false
postves.

Classi er performancecan be quanti ed by computingthe ROC curve [16] which measureshe threshold-dependent
trade-of betweermissesandfalsedetectionsln additionto thethresholdsetting,classi er performances alsoa function
of the sizeof the histogram(numberof bins)in the color models. Too few binsresultsin pooraccurag while too mary
binsleadto over- tting.

Figure4 shavs thefamily of ROC curvesproducedasthe sizeof the histogranvariesfrom 256 bins/channeto 16. The
axis labelled“Probability of correctdetection”givesthe fraction of pixels labelledas skin that were classi ed correctly
while “Probability of falsedetection”givesthe fraction of non-skinpixelswhich are mistalenly classi ed asskin. These
curveswerecomputedrom the testdata. Histogramsize 32 gave the bestperformancesuperiorto the size 256 modelat
thelargerfalsedetectionratesandslightly betterthanthe size16 modelin two places.

Theperformancef theskinclassi eris surprisinglygoodconsideringheunconstrainedatureof Webimages.Thebest
classi er (size32) candetectroughly 80% of skin pixelswith afalsepositive rate of 8.5%,0r 90% correctdetectionswith
14.2%falsepositives. Its equalerrorrateis 88%. This correspond$o the point on the ROC curve wherethe probability of
falserejection(which is oneminusthe probability of correctdetection)equalsthe probability of falsedetection.Another

scalarmeasuref classi er performances the areaunderthe ROC curve. Our bestskin classi er hasanareaof 0.942(it



Figure3: Examplesof skin detections.For eachpair, the original imageis shavn above and the detectedskin pixels
are shown below.

would be 1.0for a perfectdetector).

We testedthe performancef the skin classi er asthe amountof training datawasincreaseduysingthe histogram
model. We divided the skin andnon-skinimagesin thetraining setinto chunkscontainingapproximately2.5 million skin
pixelsand28 million non-skinpixels. On eachiterationwe addedonesuchchunkof new skin andnon-skinpixelsto the
evolving trainingset. A ROC curvewascomputecdateachiterationshowving theclassi er performancenthepartialtraining
setaswell asonthefull testset. Theresultsareshaovnin Figure5. As moredatais added performancen thetraining set
decreasebecausé¢he overlapbetweerskin andnon-skindataincreasesPerformancen thetestsetimprovesbecause¢he
testandtraining distributionsbecomemoresimilar asthe amountof training dataincreasesPerformancen bothtraining
andtestsetscorvergesrelatively quickly. Thereis little changen eitherafterabout8 iterations.

This ROC curve corvergenceguidedour datacollection process. During this researchywe addedphotosselectedat



ROC curves on test set showing effect of increased bin size
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Figure4: ROC curvesfor the skin detectorasafunction of histogramsize.

randomfrom alargersetto our modeluntil we judgedthatthe ROC curveshadcorverged.Our nal total of 13,640photos

correspondso this stoppingpoint.

3.2 Comparisonto Mixtur e of GaussianClassi er

Much of the previouswork on skin classi cationhasuseda mixture of gaussiamimmodelof skin color (somerepresentatie

examplesare[7, 13]). One adwantageof mixture modelsis thatthey canbe madeto generalizewell on small amounts
of training data. Onepossiblebene t of a large datasets the ability to usedensitymodelssuchashistogramswhich are

computationallysimplerto learnandapply. We trainedmixture modelsfor our datasetandcomparedheir classi cation

performanceo the histogrammodelsof Section3.1.

A mixture densityfunctionis expressedsthe sumof gaussiarkernels:
i} )

where is anRGB color vectorandthe contribution of the  gaussians determinedy a scalarweight , meanvector
, anddiagonalcovariancematrix
We trainedtwo separatenixture modelsfor the skin andnon-skinclasses.We used16 gaussianén eachmodel. The
modelsweretrainedusinga parallelimplementatiorof the standardEM algorithm[11]. The non-skinmodelwastrained
usingthe samedataasthe histogrammodelin Section3.1. The skin modelwastrainedusinga subsetf approximately
of the histogramtrainingdata. This wassimply because¢hatwasall the skin training datawe hadat thetime thatwe

performedthe mixture experiments A completdlisting of the learnedparametersor the skin andnonskinmixture models

10



ROC curves showing the effect of increased data size
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Figure5: ROC curvesfor skinclassi er trainingandtestingasa function of theamountof trainingdata.

canbefoundin the Appendix.

Contourplotsfor the mixture of gaussiarskin andnon-skinmodelsareshown in Figure6. In bothplotsthe 3-D density
is integratedalongthe green-magentaxis. Theseplots correspondo the mamginalizationsof the relatedhistogrammodels
shavn in Figures2(a)and(c). The positionsof individual gaussiarkernelscanbe obseredin thelevel sets.

Figure 7 (a) shavs the ROC curve for the skin pixel classi er basedon the mixture of gaussiarcolor models. It is
shavn in comparisorto the besthistogrammodel ROC curve, which usesa histogramof size 32. We canseethat the
histogrammodel givesslightly betterperformancen this case. The areaunderthe ROC curve for the mixture modelis
0.932ascomparedwith 0.942for the histogrammodel. The fact that the mixture densityperformancas slightly belov
the histogramperformanceanay be duein partto the in uence of the non-skinmodel,which hasa signi cant impacton
classi er performancendis lesslikely to form a compactistribution.

It is interestingto comparethe mixture andhistogrammodelsfrom the standpointof computationahnd storagecosts.
The mixture of gaussiarmodelis signi cantly moreexpensve to train thanthe histogrammodels. It took about24 hours
to train both skin andnon-skinmixture modelsusing 10 Alpha workstationgn parallel. In contrastthe histogrammodels
could be constructedn a matterof minuteson a single workstation. The mixture modelis also slower to use during
classi cationsinceall of the gaussiansnustbe evaluatedin computingthe probablityof a singlecolor value. In contrast,
useof the histogrammodelresultsin a fastclassi er sinceonly two tablelookupsarerequiredto computethe probability
of skin.

Fromthe standpointof storagespace however, the mixture modelis a muchmorecompactrepresentationf the data.
Thereare a total of 224 oating point parameterg896 bytesassumingd byte oats) in the skin and non-skinmixture
densitieghatwe used.In contrastthesize32 histogranmodelrequire262Kbytesof storageassumingne4 byteinteger
perbin.

We conductedan additionalexperimentto verify the importanceof having a large datasetin obtaininggoodclassi er

11
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(a) Contourplot for skinmodel. (b) Contourplot for non-skinmodel.

Figure6: Contourplotsfor maminalizationsof the mixture of gaussiarskin andnon-skincolor models.

performanceSincethe ROC curvesin Figure5 (a) useda histogranof size256,thereremainedhepossibilitythatamodel
with bettergeneralizationsuchasa mixture density might requirefar lessdata. To testthis hypothesisye built histogram
andmixture modelsfrom amuchsmallersetof images.We picked 30 skinimagesand58 non-skinimageswhich make up
approximatelyl% of thetraining set. This sampleyielded406,135skin pixelsand4,017,89&hon-skinpixelsfor training
the models. The ROC curvesfor the besthistogramand mixture modelsare shovn in Figure7 (b). The areaunderthe
histogrammodel's ROC curwve is 0.890andthe areaunderthe mixture model's ROC curve is 0.895. They both perform

muchworsethanmodelsusingthefull trainingset.

3.3 Discussion

We have demonstratethat a surprisinglyeffective skin detectorfor Web imagescanbe constructedrom histogramcolor
models. An equalerror rate of 88% was obtainedfrom a histogramof size 32, which gave the bestgeneralization.The
histogrammodelcomparedavorably to mixture modelstrainedon similar data(seeFigure7(a)). This is presumablydue
to its increasediegreesof freedom.

We alsoexploredthe sensitvity of our detectorto the amountof trainingdata. As demonstrateth Figure5, the size of
our datasetvasdeterminecempirically by monitoringthe corvergenceof the skin detectorROC curve asdatawasadded
to themodel. This graphsuggestshatthe useof additionaltraining databeyond our currentdatasets unlikely to improve
the skin detectors performanceWe demonstrateth Figure7(b) thatusinga smalleramountof photosleadsto decreased
performancevenwith color modelsthatperformsigni cant generalization.

We concludethat achiezing higher detectionratesfor skin is likely to requireanalysisat a greaterspatialscalethan
the color valuesof individual pixels. In mary applicationshowever, purely color-basedechniquegplay animportantrole

becausehey provide extremely usefulinformation at very low computationakost. For example,our histogram-based

12



Comparison of histogram and mixture models Effect of using only 1% of training images
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Figure7: ROC curvescomparingmixture modelandhistogrammodelsundervaryingtrainingdata.

classi er cananalyzeanimagein lesstime thanit takesto readit in from disk storage.Nearly every real-timesystemfor
faceanalysisusessometype of color-basedskin detectorasa focus-of-attentiormechanism.

It is possiblethat color spaceotherthanRGB couldresultin improved detectionperformancd6, 14]. Differentcolor
spacesvould resultin differentdecisionboundariesassuminghathistogrambin sizesgreaterthanoneareusedfor good
generalization.This is an interestingquestionfor future research.The primary advantageof RGB is its simplicity and
speedn dealingwith webimages.In mary caseslassi cationcanbe donedirectly on pixel valueswithout a color space

cornversion.

4 Image Classi cation by Skin Detection

Oneinterestingapplicationof skin detectionis aspartof alargersystemfor detectingpeoplein photos.A persondetector
thatworkedreliably on Webimagescould be a valuabletool for imagesearchserviceson theweb andin digital libraries,
aswell asfor imagecateyorization. We examinethe problemof persondetectionin Section4.1 andthe easiemproblemof
nakedpersondetectionin Sectiord.2. While completesolutionsto theseproblemswill undoubtedlyrequiremorecomplex
analysis,it is interestingto seewhat performances possiblebasedon skin color alone. We nd that skin color in the

absencef strongshapeor texture cuesis surprisinglyeffective, particularlyfor naked persondetection.

4.1 PersonDetection

Our goalis to determinewhetheror not aninput imagecontainsone or morepeopleby aggreyatingthe pixel-wiseoutput
of the skin detector The baselinedetectionratefor this problemis 52%, which is the percentag®f imagesin our dataset

containingpeople.We computeda simplefeaturevectorfrom the outputof the skin detectorandthentraineda classi er on

13



% correctly % correctly Ovenll %

classi ed classi ed correctly

personimages non-pesonimages | classi edimages
Training data | 83.0%(2488/2999)| 70.6%(1412/2000)| 78.0%(3900/4999)
Testdata 83.2%(835/1004) | 71.3%(645/905) 77.5%(1480/1909)

Table2: Performancef persondetectoron trainingandtestdata.

thesefeaturedo determinevhethera personis presenbr not. Thefeaturesve usedare:
Percentagef pixelsdetectedasskin
Averageprobability of the skin pixels
Sizein pixelsof the largestconnectedomponenbf skin
Numberof connectedcomponentsf skin
Percenbf colorswith no entriesin the skin andnon-skinhistograms

Thesdeaturesanall becomputedn asinglepassovertheinputimage makingtheresultingpersordetectoextremelyfast.
No effort wasspenttuningor adjustingthe featureset,soit is possiblethat otherchoiceswould yield betterperformance.
We used4999imageswvhichweremanuallyclassi edinto persorandnon-persorsetsto train adecisiontreeclassi er using
C4.5[10]. Theresultingclassi er wasthentestedon a setof 1909testimages.Table2 summarizesheresults.
Theresultsshawv thatsimply analyzingcolorvaluesallows reasonablgoodclassi cationof imagesnto thosecontaining
peopleandthosenot, but this cuealoneis notsuf cient to fully solvetheproblemof persordetection.Oneobviousproblem
is that peoplewill exposevaryingamountsof skin in a givenimage. Using other cuessuchastexture and shapewould

probablyleadto greateraccurag, see[9] for arecentexample.

4.2 Adult Image Detection

By taking advantageof the fact that thereis a strongcorrelationbetweenimageswith large patchesof skin and adult
or pornographiamages,the skin detectorcanalso be usedasthe basisfor an adultimagedetector Thereis a growing
industryaimedat Itering andblockingadultcontentfrom Webindexesandbrowsers.Somerepresentatie companiesre
wwwsurfcontol.comandwwwnetnannycom All of theseservicescurrentlyoperateby maintaininglists of objectionable
URL's and newsgroupsand require constantmanualupdating. An image-basedgchemehasthe potentialadvantageof
applyingequallyto all imageswithoutthe needfor updating(see[4] for additionaldiscussion).

To detectadultimageswe followedthe sameapproachaswith persondetection A featurevectorbasedn the outputof
theskindetectomwascomputedor eachtrainingimage. Thefeaturevectorsincludedthe same ve featuresusedfor person
detection plustwo additionalelementscorrespondingo the heightandwidth of the image. Thesetwo wereaddedbased

oninformal obsenationsthatadultimagesareoftensizedto framea standingor reclining gure.
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ROC curves for adult image detection
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Figure8: ROC curvesfor theadultimagedetectoron bothtrainingandtestingimages

We used10679imageswhich weremanuallyclassi edinto adultandnon-adultsetsto train a neuralnetwork classi er.
Therewere5453adultimagesand5226non-adultimages.The neuralnetwork outputsa numberbetweer0 and1, with 1
indicatinganadultimage.We canthresholdhis valueto make abinarydecision.By varyingthethresholdwe getthe ROC
curve shavn in Figure8 for thetrainingdata.

To testthe adultimage detector we gatheredmagesfrom two new crawls of the Weh Crawl A usedadult sitesas
startingpointsandgatherednary adultimages.Crawl B usednon-adultsitesasstartingpointsandgatheredrery few adult
images.Crawl A consistedbf 2365html pagescontaining5241adultimagesand6082non-adultimages(includingicons
andothergraphics).Crawl B consistef 2692html pagescontaining3 adultimagesand13970non-adulimages We used
theadultimagesirom Crawl A andthenon-adulimagesfrom Crawl B to testtheclassi er. 4

The ROC curve for the adultimagedetectoron the testsetis shavn in Figure8. The detectorachiesed, for example,
85.8%correctdetectionn adultimagesfrom Crawl A with 7.5%falsepositiveson the non-adultimagesfrom Crawl B.
This performancés suprisinglygoodconsideringhe simplicity of color-basedeatureghatwereused.In previoussystems
for adultimagedetection,skin color is usedasa pre Iter to guidea detectionprocesswhich is basedwholely on shape,
texture, etc. Our resultssuggesthat skin color deseresa more prominentrole. A direct comparisorbetweenour adult
detectorandotherscanbe foundin Section5. Someexampleimagesfor which the adultdetectoris successfuhreshavn
in Figure9 aswell asanexampleof atypical falsepositive.

The adultimagedetectoiis essentialljooking for imageswith connectedegionsof skin of theright size. As aconse-

guencethe mostcommonfalsepositive for our systemis a close-upimageof aface.Useof afacedetectolin conjunction

40f coursethe classi cation of animagein the training setas“adult” is entirely subjectve. In our experiment,we labeledary image containing
exposedgenitalsor femalebreastsasadult,andall othersasnon-adult.
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(a) Examplesof imagescorrectlyclassi ed by (b) Example of an

our detector Both imageswere classi ed as image misclassi ed

adultimages. as adult by our de-
tector

Figure9: Examplesof correctlyandincorrectlyclassi edimages.

with the skin detectorcould alleviate this particularproblem. However, majorimprovementsn performancerelikely to

requiretheuseof othercuessuchastext, aswell asmoredetailedanalysisof imagestructures.

4.3 Incorporating Text Featuresinto Adult Image Detection

In our nal experimentwe exploredcombiningtheadultimagedetectoijustdescribedvith atext-basedlassi er (obtained
from AltaVista)which useghetext occurringonaWebpageto determindf it is pornographicThetext-basedletectoruses
the standardapproactof matchingwordson the pageagainsta manually-speci edist of objectionalwords,andclassifying
basednthematchfrequenciesTo applythetext class erto individualimagesoccurringon apage we simply usethelabel
for the pageto classifyeachimagethatit contains.Thetext-basedclassi er onits own achieves84.9%correctdetections
of adultimageswith 1.1%falsepositives. Thereis no thresholdassociatedavith the text-basecclassi er we used,soonly
onepointonthe ROC curveis realized.

We combineadhe color-basedletector{usingathresholdhatyielded85.8%correctdetectionsaand7.5%falsepositives)
with thetext-baseddetectorby usingan“OR” of thetwo classi ers,i.e. animageis labelledadultif eitherclassi er labels
it adult. The combineddetectorcorrectlylabels93.9%of the adultimagesfrom cravl A andobtains8% falsepositives
on the non-adultimagesfrom crawl B. Table3 summarizesheseresults.Oneinterestingobsenationis thatthe color and
texturefeaturesappeato becomplementarysincethe combineddetectorexhibits anincreasen boththedetectiorrateand
thefalsealarmrate. This suggestshat moresophisticatedombinationschemeshanthe “OR” operatorcouldyield even
bettercombinedperformance.

A signi cant advantageof our detectoris its speed.The skin detectoiis very fast,asit requiresonly two tablelook-ups
andan integerdivision per pixel. The seven elementfeaturevectorcanbe computedn the samepassthroughtheimage

asthe skin detector Thusthe overall computationakostis linearin the numberof pixels, with a small constantfactor
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% correctlydetectechdultimages | % falsealarms
Color-basedDetector | 85.8% 7.5%
Text-basedDetector | 84.9% 1.1%
CombinedDetector 93.9% 8.0%

Table3: Comparisorof adultimagedetectomusingcolor-basedtext-basedandcombinedclassi erson thetestdata

The averageimagesizein our testsetwas 269 rows by 301 columns. This resultedin anaverageclass cationtime of 43
millisecondson a 400 MHz Alpha workstation. This is a bit lessthanthe averagetime it takesto readanimagein from
disk.

5 Previouswork

While therehasbeenmuch previous work on skin color modeling,we know of no previous effort basedon sucha large
corpusof trainingandtestingdataandno comparablydetailedstudyof skin classi cationin Webimages.

Many systemdor trackingor detectingpeoplein userinterfaceor video-conferencingpplicationshave employedskin
color models.Histogrammodelsareemployed by SchieleandWaibel [13] andKjeldsenandKender[8]. Yangetal. [18]
modelskin color asa singlegaussianyhile Jebareet al. [7] emplgy a mixture density In all of thesesystemsthe color
modelis trainedon a small numberof exampleimagestaken undera representatie setof illumination conditions. Most,
with the exceptionof [8, 7], do not usenon-skinmodels.Thesecolor modelsareeffective in the context of alargersystem,
but they do notaddresshe questionof building a globalskin modelwhich canbe appliedto alarge setof images.

The closestworks to ours are two systemsfor detectingimagescontainingnaked peopledevelopedby Forsyth and
Fleck[4] andWangetal. [17]. Both of thesesystemsausea skin color modelasa preprocessingtepandhave beentested
on a corpusof Webimages.The skin color modelusedby Forsythet al. consistsof a manuallyspeci ed regionin alog-
opponentolor space.Detectedregionsof skin pixelsform theinputto ageometriclter basedon body plans. The WIPE
systemdevelopedby Wang et al. usesa manually-speci edcolor histogrammodelasa pre Iter in an analysispipeline.
Inputimageswhoseaverageprobability of skinis low arerejectedasnon-ofensive. Imagesthatcontainskin passonto a
nal stageof analysiswherethey areclassi ed usingwaveletfeatures Sinceneitherof theseworksreportthe performance
of their skin detectotin isolation,a directcomparisorwith Figure4 is not possible.

Forsythreportstwo setsof experimentakesults:the skin Iter alone,andusedin conjunctionwith the geometriclter.
Theirskin Iter is notdirectly comparabldo ours,asit usestexture analysisandgroupspixelsinto skin regions. However,
they alsoreportstrongperformancevhenimagesthatcontainoneor moredetectedskin regionsarelabelledascontaining
nakedpeople.The detectionrateis 79.3% with afalsealarmrateof 11.3%. Whencombinedwith thegeometrylter the
falsepositivesfall to 4.2 % while the detectionratefalls to 42.7% for the“primary” con guration of the system.Wanget
al. reportthe overall the resultsof the WIPE systemon objectionablémages:96% detectionratewith 9% falsepositives.
The Forsythtestsetcontained4,854images,the WIPE testsetcontainedl1,885images,and our testcontained19,211
images.
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System| DetectionRate | FalseAlarm Rate

Forsyth(Skin Only) 79.3 11.3
Jones-Rehg 88.0 11.3
Forsyth(Skin+Geom) 42.7 4.2
Jones-Rehg 75.0 4.2

WIPE 96 9.0

Jones-Rehg 86.7 9.0

Table4: Performanceomparisorfor threeadultimagedetectionsystems.

Table4 givesa summaryof the performanceof thesetwo systemsn comparisorto ours. Sincethesepapersdid not
reportROC curves,we simply compareour detectionrateto theirsunderidenticalfalsepositive rates. In contrastto this
previous work, our detectorusesvery weak global attributesof the detectedskin pixelsto classifytheimage. Both body
plansandwaveletcoefcients have moredescriptve powerthanour sezenelementeaturevector Perhapsurprisingly we

nd thatour detectionperformances comparabldo theirs.

The conclusionghat canbe drawn from Table4 arelimited by the factthatall threesystemausedifferenttestsetsand
exploit differentimagecues.Of the three,our systemprovidesthe strongestestof thevalueof color alone,sinceit is the
wealestin exploiting shapeor geometrycues.Our resultssuggesthatadultdetectionsystemsangetmoremileageout of

skin color thanhasbeenpreviously expected.

6 Conclusions

Colordistributionsfor skinandnonskinpixel classe¢earnedrom webimagescanbeusedo fashiona surprisinglyaccurate
pixel-wiseskin detectomwith anequalerrorrateof 88%. The key is the useof a very large labelleddataseto capturethe
effects of the unconstrainedmaging ervironmentrepresentedy web photos. Visualizationstudiesshaov a surprising
degreeof separabilityin the skin andnonskincolor distributions. They alsorevealthatthe generaldistribution of color in
webimagesis stronglybiasedby the presencef skin pixels. Our datasebf nearly 1 billion labelledpixelsis oneof the
largesteverusedn acomputewisiontask.We aremakingthis datasefreely availableto theacademicesearcltommunity
Seethe Appendixfor detailson how to obtainit.

Onepossibleadvantageof usinga large datasets thatsimplelearningrules,suchashistogramdensityestimatorsmay
give goodperformanceThis canresultin computationallysimplealgorithmsfor learningandclassi cation. We show that
in our contet histogramclassi erscompargavorablyto the moreexpensve but widely-usedGaussiammixture densities.

A pixel-wiseskin detectorcanbe usedto detectimagescontainingnakedpeople which tendto producdargeconnected
regionsof skin. We shav thatadetectiorrateof 88%canbeachiezedwith afalsealarmrateof 11.3%,usingasevenelement
featurevectoranda neuralnetwork classi er. This performancés comparabldo systemsavhich usemoreelaboratespatial
imageanalysis.In comparisonpur classi er is muchfaster It operatesn lesstime thanit takesto readin theimagefrom
disk storage.

Our resultssuggestthat skin color is a more powerful cue for detectingpeoplein unconstrainedmagerythanwas
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previously suspected.
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Appendix

Our datasetf labelledskin andnon-skinpixelsis freely availablefor academigesearchpurposesContactthe rst author
(Michael.Jones@compag.comay instructionson how to obtainit. Readersvho areinterestedn usingour color models
shouldreferto Table5, which containsall of the parameterfor the mixture of gaussiarskinandnon-skinmodelsdescribed
in Section3.2.

Eachphotoin our datasetvasprocesseth thefollowing manner:The photowasexaminedto determingf it contained
skin. If noskinwaspresentjt wasplacedin the non-skingroup.If it containedskin, regionsof skin pixelsweremanually
labeledusinga softwaretool, whoseinterfaceis shavn in Figurel0. Thistool allows auserto interactvely segmentregions
of skinby controllingaconnected-componerdggorithm.Clicking ona pixel establishsét asa seedor regiongrowing. The
thresholdslider controlsthe Euclideandistancaen RGB spacearoundthe seedthatde nesthe skin region. By clicking on
differentpointsin the photoandadjustingthe slider, regionsof skin with fairly complex shapesanbe segmentedquickly.

In labellingskinwe attemptedo excludethe eyes,hair, andmouthopening.Theresultis abinarymaskidentifying the skin

pixels,whichis storedalongwith eachphoto.

Figure10: Snapshotof thetool for sggmentingthe skin region of animage. The left imageshows the completedmanual
segmentatiorwith the skin pixelshighlightedin red. Therightimageshavsthe originalimage.

Non-skinpixelsthatappearedavithin aphotocontainingskinwerenotincludedin eithercolormodel. Thiswasnecessary
becausef the dif culty in gettinga perfectsggmentationof the skin in ary givenimage. Somephotoscontainedskin
patcheof sucha smallsize(e.g. crowd scenesjhat sggmentationwasproblematic.Evenin photoswith large regionsof
skinit wasoftenhardto preciselyde ne theirboundariege.g.ontheforeheadvhereskinis obscuredy hair). We chosethe
consenative stratgy of sgmentingthe easilyidenti able skin pixelsanddiscardingthe remaindeto avoid contaminating
thenon-skinmodel.

One of the issuesthat arisesin a datasettaken from the Web is the questionof color quantization. Digital images

obtainedfrom differentsourcesuchasscannersgapturecards,anddigital camerawill have differentcolor resolutions.
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Mixtur e of GaussianSkin Color Model

Kernel | Mean Covariance Weight

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

51 (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) | 0.0314

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

Mixtur e of GaussianNon-skin Color Model

Kernel | Mean Covariance Weight
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) (2502.24,1383.53237.18) | 0.0365
7 | (202.18,154.88,91.04) | (957.42,1766.941582.52)| 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
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Table5: Means covariancesaandweightsfor mixture of gaussiarskin andnon-skincolor modelsdescribedn Section3.2.




Unfortunatelymostof theinformationaboutcolor resolutionis lostonceanimagehasbeenstoredin oneof the le formats

thatarein wide-spreadiseonthe Weh
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