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Abstract

The existenceof large imagedatasetssuchas the set of photoson the World Wide Web make it possibleto build
powerful genericmodelsfor low-level imageattributeslike colorusingsimplehistogramlearningtechniques.Wedescribe
the constructionof color modelsfor skin andnon-skinclassesfrom a datasetof nearly1 billion labelledpixels. These
classesexhibit a surprisingdegreeof separabilitywhich we exploit by building a skin pixel detectorachieving a detection
rateof 80% with 8.5%falsepositives. We comparethe performanceof histogramandmixture modelsin skin detection
and�nd histogrammodelsto besuperiorin accuracy andcomputationalcost.Usingaggregatefeaturescomputedfrom the
skinpixel detectorwe build a surprisinglyeffective detectorfor nakedpeople.Our resultssuggestthatcolorcanbea more
powerful cuefor detectingpeoplein unconstrainedimagerythanwaspreviously suspected.We believe this work is the
mostcomprehensive anddetailedexplorationof skincolor modelsto date.

1 Intr oduction

A centraltaskin visual learningis the constructionof statisticalmodelsof imageappearancefrom pixel data. Whenthe

amountof availabletrainingdatais small,sophisticatedlearningalgorithmsmayberequiredto interpolatebetweensamples.

However, asaresultof theWorld WideWebandtheproliferationof on-lineimagecollections,thevisioncommunitytoday

hasaccessto imagelibrariesof unprecendentedsize. Theselargedatasetscansupportsimple,computationallyef�cient

learningalgorithms.

This paperdescribesthe constructionof statisticalcolor modelsfrom a dataset of unprecedentedsize: Our model

includesnearly 1 billion labeledtraining pixels obtainedfrom randomcrawls of the World Wide Web. From this data

we constructa genericcolor modelaswell asseparateskin andnon-skincolor models. We usevisualizationtechniques

to examinethe shapeof thesedistributions. We show empirically that the preponderanceof skin pixels in Web images

introducesasystematicbiasin thegenericdistributionof color.

We useskin andnon-skincolor modelsto designa skin pixel classi�er with anequalerrorrateof 88%. This is surpris-

ingly goodperformancegiventheunconstrainednatureof Webimages.Ourvisualizationstudiesdemonstratetheseparation

betweenskinandnon-skincolordistributionsthatmakethisperformancepossible.Usingourskinclassi�er, whichoperates

on thecolorof a singlepixel, weconstructasystemfor detectingimagescontainingnakedpeople.Thissecondclassi�er is

basedon simpleaggregatepropertiesof theskin pixel classi�er output. Our nakedpeopledetectorcomparesfavorably to

recentsystemsby Forsythetal. [4] andWangetal. [17], whicharebasedoncomplex imagefeatures.Becauseit is basedon
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pixel-wiseclassi�cation,our detectoris extremelyfast.Theseexperimentssuggestthatskin color canbea morepowerful

cuefor detectingpeoplein unconstrainedimagerythanwaspreviouslysuspected.

Given a large amountof training data,even simple learningrulescanyield goodperformance.We explore this point

by comparinghistogramandGaussianmixturemodelslearnedfrom our dataset.We show thathistogrammodelsslightly

outperformmixturedensitiesin this context.

We believe this work is themostcomprehensiveanddetailedexplorationof skin color modelsto date.We aremaking

our labeleddatasetof 13,640photosfreely availableto theacademiccommunity. SeetheAppendixfor details.

Section2 describesthe constructionandvisualizationof histogramcolor models. Thesemodelsareappliedto skin

classi�cation in Section3, wherethey arealsocontrastedto mixture densities.Section4 exploresthe applicationof the

skindetectorto imageclassi�cation.We review previouswork in Section5 anddiscussourconclusionsandfutureplansin

Section6. TheAppendixgivesmoredetailsaboutourdataset.

2 Histogram Color Models

We�rst learnageneralhistogramdensityusingall thephotosin ourdataset.Thedatasetwasobtainedfrom alargecrawl of

theWeb,which returnedaround3 million images(including iconsandgraphics).1 A smallersetof imageswasrandomly

sampledfrom this largesetto producea manageabledatasetwhich is representative of thewebasa whole. All iconsand

graphicswereremovedby hand(see[1] for an automaticapproach),resultingin a �nal setof 18,696photographs.This

datasetcontainsnearly2 billion pixels.In comparison,anRGBhistogrammodelwith 256binsperchannelhasaround16.7

million degreesof freedom( ������� bins),which is two ordersof magnitudeless. Detailson how to obtainthis datasetfor

academicresearchpurposescanbefoundin theAppendix.

We organizethis datasetin two differentways. In Section2.1we useall 18,696imagesto build a generalcolor model.

We refer to this setof imagesasthe“generictrainingset”. Then,in Section2.2we usea subsetcontaining13,640photos

to build specializedskin andnon-skincolor models.We refer to this setasthe“classi�er trainingset”. The imagesin the

classi�er trainingsethave beenmanuallyseparatedinto thosecontainingskin andthosenot containingskin. Skin pixels

have beenmanuallylabeledin thesetof skin images.This labellingprocessis describedin moredetail in theAppendix.

Thenumberof manuallylabelledpixelsin theclassi�er trainingsettotalsnearly1 billion.

2.1 GeneralColor Model

We �rst constructa generalcolor modelfrom thegenerictrainingsetusinga histogramwith 256bins perchannelin the

RGBcolor space.2 Thehistogramcountsareconvertedinto adiscreteprobabilitydistribution �	��

� in theusualmanner:

�	�������������

�

�������

��� � (1)

1Thebreadth-�rstcrawl wasinitiated from multiple locations,includingportalssuchasyahoo.comandnetscape.com.All imagesembeddedin web
pagesandcontainedin on-linedirectorieswerereturnedby thecrawl, which terminatedwhenasuf�cient numberof imageshadbeenacquired.

2Eachof thethreehistogramdimensionsis dividedinto 256bins,andeachbin storesanintegercountingthenumberof timesthatcolorvalueoccurred
in theentiredatabaseof images.

2



where
�

�

��� � � givesthecountin thehistogrambin associatedwith theRGBcolor triple ����� and
� �

is thetotalcountobtained

by summingthecountsin all of thebins.

To visualizethe probability distribution, we developeda software tool for viewing the histogramasa 3-D model in

which eachbin is renderedasa cubewhosesize is proportionalto the numberof countsit contains.The color of each

cubecorrespondsto the smallestRGB triple which is mappedto that bin in the histogram.Figure1 (a) shows a sample

view of thehistogram,producedby our tool. This renderingusesa perspective projectionmodelwith a viewing direction

alongthegreen-magentaaxiswhich joinscorners�

�

����� � �

�

� and � ��� � �

�

��� ����� in colorspace.Theviewpointwaschosento

orientthegrayline horizontally. Thegrayline is theprojectionof thegrayaxiswhichconnectstheblack �

�

�

�

�

�

� andwhite

� ��������� ��� � ��� ��� cornersof thecube.Thehistogramin Figure1 (a) is of size8 andonly showsbinswith countsgreaterthan
���

��������� . Down-samplingandthresholdingthefull sizemodelmakestheglobalstructureof thedistributionmorevisible.

By examiningthe3-D histogramfrom severalanglesits overallshapecanbeinferred.Anothervisualizationof themodel

canbe obtainedby computingits marginal distribution alonga viewing directionandplotting the resulting2-D density

functionasa surface.Figure1 (b) showsthemarginaldistribution thatresultsfrom integratingthe3-D histogramalongthe

samegreen-magentaaxisusedin Figure1 (a). Thepositionsof theblack-redandblack-greenaxesunderprojectionarealso

shown. Thedensityis concentratedalonga ridgewhich follows thegray line from black to white. White hasthehighest

likelihood,followedcloselyby black.

Additionalinformationabouttheshapeof thesurfacein Figure1 (b) canobtainedbyplottingits equiprobabilitycontours.

Theseareshown in Figure1 (c). They wereobtainedwith thecontour function in Matlab 5.0. It is usefulto compare

Figure1 (c) with Figure1 (a)asthey aredrawn from thesameviewpoint. Thisplot reinforcestheconclusionthatthedensity

is concentratedaroundthegrayline andis moresharplypeakedatwhite thanblack.An intriguing featureof this plot is the

biasin thedistribution towardsred.

This biasis clearlyvisible in Figure1 (d), whichshows thecontoursproducedby a differentmarginaldensity, obtained

by integratingalongthegrayaxis.Thedistributionshowsamarkedasymmetrywith respectto theaxisof projectionthatis

orientedat approxmiately
�	�

degreesto theredline in the�gure. In thenext section,we will demonstrateempiricallythat

this biasis duelargely to thepresenceof skin in Webimages.

In summary, thegenericcolormodelbuilt from Webimageshasthreeproperties:

1. Mostcolorsfall onor nearthegrayline.

2. Blackandwhiteareby far themostfrequentcolors,with white occuringslightly morefrequently.

3. Thereis a markedskew in thedistribution towardtheredcornerof thecolorcube.

In gatheringourdatasetwemadetwo additionalobservationsaboutimagesontheWeb. First,77%of thepossible24bit

RGBcolorsareneverencountered(i.e. thehistogramis mostlyempty).Second,about52%of ourWebimageshavepeople

in them.Table1 containsasummaryof factsaboutourdatasetandcolor models.
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(a) 2-D renderingof 3-D histogrammodel
viewedalongthegreen-magentaaxis.

(b)Surfaceplotof themarginaldensityformedby integrating
alongtheviewing directionin (a).

  Red

  Blue

Full Color Model, Green-Magenta Axis Marginal

Black White

(c) Equiprobabilitycontoursfrom the surfaceplot in
(b).

Red 

Blue 

Green 

Full Color Model, Gray Axis Marginal

(d) Contourplot for an integration of (a) along the
grayaxis.

Figure1: Four visualizationsof a full colorRGBhistogrammodelconstructedfrom nearly2 billion Webimagepixels.
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2.2 Skin and Non-skin Color Models

Next we usethe labeledclassi�er trainingsetto constructskin andnonskincolor modelsfor skin detection.Thecolor of

skin in thevisible spectrumdependsprimarily on theconcentrationof melaninandhemoglobin[15]. Thedistribution of

skin color acrossdifferentethnicgroupsundercontrolledconditionsof illumination hasbeenshown to bequitecompact,

with variationsexpressablein termsof the concentrationof skin pigments(see[3] for a recentstudy). However, under

arbitraryconditionsof illumination the variationin skin color will be lessconstrained.This is particularlytrue for web

imagescapturedundera wide variety of imaging conditions. However, given a suf�ciently large collection of labeled

trainingpixelswecanstill modelthedistributionof skinandnon-skincolorsaccurately.

We constructedskin andnon-skinhistogrammodelsusingour classi�er trainingsetof images.The skin pixels in the

4675imagescontainingskin werelabelledmanuallyandplacedinto the skin histogram. The 8965 imagesthat did not

containskinwereplacedinto thenon-skinhistogram.Givenskin andnon-skinhistogramswe cancomputetheprobability

thata givencolorvaluebelongsto theskinandnon-skinclasses:

�	��������� ������� � �

�

�

��� � �

�
	 � �	��������� ��������� � �

�

�

�������

�

 (2)

where �

�

��� � � is thepixel countcontainedin bin ����� of theskinhistogram,�

�

������� is theequivalentcountfrom thenon-skin

histogram,and
��	

and
�



arethetotal countscontainedin theskin andnon-skinhistograms,respectively.

Theskinandnon-skincolormodelscanbeexaminedusingthesametechniquesweemployedwith thefull colormodel.

Contourplotsfor marginalizationsof theskinandnon-skinmodelsareshown in Figure2. Themarginalizationsareformed

by integratingthedistribution alongtwo orthogonalviewing axes.Theseplotsshow thata signi�cant degreeof separation

existsbetweentheskin andnon-skinmodels.Thenon-skinmodel,is concentratedalongthegrayaxis,while themajority

of theprobabilitymassin theskinmodelliesoff thisaxis.Thisseparationbetweenthetwo classesis thebasisfor thegood

performanceof our skinclassi�er, whichwill bedescribedin Section3.

It is interestingto comparethenon-skincolormodelillustratedin Figure2 (c) and(d) with thefull colormodelshown in

Figure1 (c) and(d). Theonly differencein theconstructionof thesetwo modelsis theabsenceof skinpixelsin thenon-skin

case.Note that the resultof omitting skin pixels is a markedincreasein thesymmetryof thedistribution aroundthegray

axis. This observationsuggeststhatalthoughskin pixelsconstituteonly about10%of the total pixels in thedataset,they

exhert a disproportionatelylarge effect on the shapeof the genericcolor distribution for Web images,biasingit strongly

in the reddirection. We suspectthat this effect resultsfrom the fact that theskin classoccursmorefrequentlythanother

classesof objectcolors(52% of our imagescontainedskin).

2.3 Discussion

A numberof statisticsaboutthegeneral,skin,andnon-skinhistogramcolormodelsaresummarizedin Table1. Totalcounts

givesthe total numberof pixelsusedto form eachof the threemodels.3 Notethat theskin modelwasformedfrom more

3Thegeneralmodelwasconstructedfrom 18,696photos,while theskinandnon-skinmodelswereconstructedfrom 13,640photos.SeetheAppendix
for details.
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  Red

  Blue

Skin Color Model, Green-Magenta Axis Marginal

Black White

(a) Contourplot for skin model, marginalizedalong
thegreen-magentaaxis.

Red 

Blue 

Green 

Skin Color Model, Gray Axis Marginal

(b) Contourplot for skin model, marginalizedalong
thegrayaxis.

  Red

  Blue

Non-skin Color Model, Green-Magenta Marginal

Black White

(c) Contour plot for non-skin model, marginalized
alongthegreen-magentaaxis.

Red 

Blue 

Green 

Non-Skin Color Model, Gray Axis Marginal

(d) Contour plot for non-skin model, marginalized
alongthegrayaxis.

Figure2: Contourplotsfor marginalizationsof theskinandnon-skincolor models.Thetop row shows theskinmodel,the
bottomrow showsthenon-skinmodel.Theleft columnusestheviewing directionfrom Figure1 (c) while theright column
usestheview from Figure1 (d).
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TotalCounts TotalOccupiedBins PercentUnoccupied
GeneralModel 1,949,659,888 3,925,498 76.6

SkinModel 80,377,671 959,955 94.3
Non-skinModel 854,744,181 3,273,160 80.5
Overlappingskin andnon-skinbins: 933,275
Skinpixelsasapercentageof totalpixels: 10%
Totalphotosin labeleddataset: 13,640
Percentageof photoscontainingskin: 52%

Table1: Factsaboutphotoimagedatasetandthegeneral,skin,andnon-skincolormodelsthatwereconstructedfrom it.

than80.3million handlabelledskin pixels! Total occupiedbins refersto thenumberof bins in eachmodelwith nonzero

counts.This is alsoexpressedasthepercentageof thebinsin eachmodelthatwereunoccupied.Overlappingbinsgivesthe

numberof binswhicharenon-emptyin bothskin andnon-skinhistogrammodels.

We make a few observationsaboutthesestatistics. First, 76.6%of the 16.7 million possibleRGB valueswere not

encounteredin any of the training images. Second,of the 959,955colors that occurredas skin, 933,275(97.2%)also

occurredasnon-skin. This suggeststhat the skin detectionproblemcould be dif�cult sincethereis signi�cant overlap

betweentheskin andnon-skinmodels.However, overlapis only a signi�cant problemif thecountsin thesharedbinsare

comparablein the skin andnon-skincases.The plots in Figure2 demonstratethat thereis in fact reasonableseparation

betweentheskinandnon-skinclasses.

3 Skin DetectionUsing Color Models

Given skin andnon-skinhistogrammodelswe canconstructa skin pixel classi�er. Sucha classi�er could be extremely

useful in two contexts. First, for applicationssuchasthe detectionandrecognitionof facesand�gures, skin is a useful

low-level cuethatcanbeusedto focusattentionon themostrelevantportionsof animage.This approachis usedin many

systems,see[2, 12, 4]. A secondrole for skinpixel detectionis in imageindexing andretrieval, wherethepresenceof skin

pixels in a photois an attribute that couldsupportqueriesor categorization. We give two examplesof this applicationin

Section4.

We derive a skin pixel classi�er throughthestandardlikelihoodratio approach[5]. A particularRGB valueis labeled

skin if
�	��������� � � � � �

�	� ��� ��� ��������� �

���

� (3)

where
���

�

�

� is a thresholdwhich canbeadjustedto trade-off betweencorrectdetectionsandfalsepositives.We can

alsowrite
�

asa functionof thepriorsandthecostsof falsepositivesandfalsenegatives:[5]:

�

� ���

�	� ��������� �

�




�	� ������� �

(4)

where
�

�

and
�




arethe application-dependentcostsof falsepositivesandfalsenegatives,respectively. Onereasonable

choiceof priors is �	� � � � � � �

� 		�

�

� 	�
 � 


� . The mostimportantpropertyof equation3 is the receiver operatingchar-
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acteristic(ROC) curve [16], which shows therelationshipbetweencorrectdetectionsandfalsedetectionsasa functionof

thedetectionthreshold
�

. We make extensive useof ROC curvesin this paperto quantify theeffect of designchoiceson

classi�er performance.

3.1 Histogram-basedSkin Classi�er

Weconductedaseriesof experimentswith histogramcolormodelsusingtheskinclassi�er de�nedby equation3. For these

experiments,we dividedour classi�er trainingsetinto separatetrainingandtestingsets.Skin andnon-skincolor models

wereconstructedfrom a 6822phototrainingsetusingtheproceduredescribedin Section2.2. In this casetherewere4483

trainingphotoswhich formedthenon-skincolormodeland2339trainingphotoswhichformedtheskincolormodel.From

our6818phototestingset(4482non-skinand2336skinphotos)weobtainedtwo populationsof labelledskinandnon-skin

pixelswhichwereusedto testtheclassi�er performance.

Figure3 showssomeexamplesof skin detectionin testimagesfor
�

�

��� �

. Theclassi�er doesa goodjob of detecting

skin in mostof theseexamples.In particular, theskin labelsform densesetswhoseshapeoftenresemblesthatof thetrue

skin pixels. Thedetectortendsto fail on highly saturatedor shadowedskin. An exampleof theformertypeof failurecan

beseenon theforeheadof thewomanin themiddleof thetoprow. An exampleof thelatterfailureis visible in theneckof

theathletein themiddleof thebottomrow.

Theexamplephotosalsoshow theperformanceof thedetectoron non-skinpixels. In photossuchasthehouse(lower

right) or �o wers(upperright) the falsedetectionsaresparseandscattered.More problematicare imageswith wood or

copper-coloredmetal suchas the kitchenscene(upperleft) or railroad tracks(lower left). Thesephotoscontaincolors

which often occur in the skin model and are dif�cult to discriminatereliably. This resultsin fairly densesetsof false

postives.

Classi�er performancecanbe quanti�ed by computingthe ROC curve [16] which measuresthe threshold-dependent

trade-off betweenmissesandfalsedetections.In additionto thethresholdsetting,classi�er performanceis alsoa function

of thesizeof thehistogram(numberof bins) in thecolor models.Too few bins resultsin poor accuracy while too many

binsleadto over-�tting.

Figure4 showsthefamily of ROCcurvesproducedasthesizeof thehistogramvariesfrom 256bins/channelto 16. The

axis labelled“Probability of correctdetection”givesthe fraction of pixels labelledasskin that wereclassi�ed correctly,

while “Probability of falsedetection”givesthe fractionof non-skinpixelswhich aremistakenly classi�ed asskin. These

curveswerecomputedfrom thetestdata.Histogramsize32 gave thebestperformance,superiorto thesize256modelat

thelargerfalsedetectionratesandslightly betterthanthesize16modelin two places.

Theperformanceof theskinclassi�er is surprisinglygoodconsideringtheunconstrainednatureof Webimages.Thebest

classi�er (size32) candetectroughly80%of skin pixelswith a falsepositive rateof 8.5%,or 90%correctdetectionswith

14.2%falsepositives.Its equalerrorrateis 88%. This correspondsto thepoint on theROCcurvewheretheprobabilityof

falserejection(which is oneminustheprobabilityof correctdetection)equalstheprobabilityof falsedetection.Another

scalarmeasureof classi�er performanceis theareaundertheROC curve. Our bestskin classi�er hasanareaof 0.942(it

8



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

wouldbe1.0for aperfectdetector).

We testedtheperformanceof theskin classi�er astheamountof trainingdatawasincreased,usingthe � ����� histogram

model.We dividedtheskin andnon-skinimagesin thetrainingsetinto chunkscontainingapproximately2.5million skin

pixelsand28 million non-skinpixels. On eachiterationwe addedonesuchchunkof new skin andnon-skinpixelsto the

evolving trainingset.A ROCcurvewascomputedateachiterationshowing theclassi�erperformanceonthepartialtraining

setaswell ason thefull testset.Theresultsareshown in Figure5. As moredatais added,performanceon thetrainingset

decreasesbecausetheoverlapbetweenskin andnon-skindataincreases.Performanceon thetestsetimprovesbecausethe

testandtrainingdistributionsbecomemoresimilar astheamountof trainingdataincreases.Performanceon bothtraining

andtestsetsconvergesrelatively quickly. Thereis little changein eitherafterabout8 iterations.

This ROC curve convergenceguidedour datacollectionprocess.During this research,we addedphotosselectedat
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Figure4: ROC curvesfor theskindetectorasa functionof histogramsize.

randomfrom a largersetto ourmodeluntil we judgedthattheROCcurveshadconverged.Our �nal totalof 13,640photos

correspondsto this stoppingpoint.

3.2 Comparison to Mixtur eof GaussianClassi�er

Much of thepreviouswork on skin classi�cationhasuseda mixtureof gaussianmodelof skin color (somerepresentative

examplesare [7, 13]). Oneadvantageof mixture modelsis that they canbe madeto generalizewell on small amounts

of trainingdata. Onepossiblebene�t of a largedatasetis theability to usedensitymodelssuchashistogramswhich are

computationallysimplerto learnandapply. We trainedmixture modelsfor our datasetandcomparedtheir classi�cation

performanceto thehistogrammodelsof Section3.1.

A mixturedensityfunctionis expressedasthesumof gaussiankernels:

�	��� ���

�

� �

���	�

�

�

� ��
 �
� � � �

�

��� �����

�
�����

�����

��� �"!

�

�

���

�#���

�

� (5)

where � is anRGB color vectorandthecontribution of the �%$�& gaussianis determinedby a scalarweight
�

�

, meanvector
'

�

, anddiagonalcovariancematrix (

�

.

We trainedtwo separatemixture modelsfor theskin andnon-skinclasses.We used16 gaussiansin eachmodel. The

modelsweretrainedusinga parallelimplementationof thestandardEM algorithm[11]. Thenon-skinmodelwastrained

usingthesamedataasthe histogrammodelin Section3.1. The skin modelwastrainedusinga subsetof approximately
)

�+*

of thehistogramtrainingdata.This wassimply becausethatwasall theskin trainingdatawe hadat thetime thatwe

performedthemixtureexperiments.A completelisting of thelearnedparametersfor theskin andnonskinmixturemodels
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Figure5: ROCcurvesfor skinclassi�er trainingandtestingasa functionof theamountof trainingdata.

canbefoundin theAppendix.

Contourplotsfor themixtureof gaussianskinandnon-skinmodelsareshown in Figure6. In bothplotsthe3-D density

is integratedalongthegreen-magentaaxis.Theseplotscorrespondto themarginalizationsof therelatedhistogrammodels

shown in Figures2(a)and(c). Thepositionsof individualgaussiankernelscanbeobservedin thelevel sets.

Figure7 (a) shows the ROC curve for the skin pixel classi�er basedon the mixture of gaussiancolor models. It is

shown in comparisonto the besthistogrammodelROC curve, which usesa histogramof size32. We canseethat the

histogrammodelgivesslightly betterperformancein this case.The areaunderthe ROC curve for the mixture model is

0.932ascomparedwith 0.942for the histogrammodel. The fact that the mixture densityperformanceis slightly below

the histogramperformancemay be duein part to the in�uence of thenon-skinmodel,which hasa signi�cant impacton

classi�er performanceandis lesslikely to form acompactdistribution.

It is interestingto comparethemixtureandhistogrammodelsfrom thestandpointof computationalandstoragecosts.

Themixtureof gaussianmodelis signi�cantly moreexpensive to train thanthehistogrammodels.It took about24 hours

to train bothskin andnon-skinmixturemodelsusing10 Alpha workstationsin parallel. In contrast,thehistogrammodels

could be constructedin a matterof minuteson a single workstation. The mixture model is also slower to useduring

classi�cationsinceall of thegaussiansmustbeevaluatedin computingtheprobablityof a singlecolor value. In contrast,

useof thehistogrammodelresultsin a fastclassi�er sinceonly two tablelookupsarerequiredto computetheprobability

of skin.

Fromthestandpointof storagespace,however, themixturemodelis a muchmorecompactrepresentationof thedata.

Thereare a total of 224 �oating point parameters(896 bytesassuming4 byte �oats) in the skin and non-skinmixture

densitiesthatweused.In contrast,thesize32histogrammodelrequires262Kbytesof storage,assumingone4 byteinteger

perbin.

We conductedanadditionalexperimentto verify the importanceof having a largedatasetin obtaininggoodclassi�er
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Mixture of Gaussians Skin Color Model

Black White

(a) Contourplot for skinmodel.

  Red

  Blue

Mixture of Gaussians Non-skin Color Model

Black White

(b) Contourplot for non-skinmodel.

Figure6: Contourplotsfor marginalizationsof themixtureof gaussianskinandnon-skincolormodels.

performance.SincetheROCcurvesin Figure5 (a)usedahistogramof size256,thereremainedthepossibilitythatamodel

with bettergeneralization,suchasa mixturedensity, might requirefar lessdata.To testthis hypothesis,webuilt histogram

andmixturemodelsfrom amuchsmallersetof images.Wepicked30skin imagesand58non-skinimages,whichmakeup

approximately1% of thetrainingset. This sampleyielded406,135skin pixelsand4,017,896non-skinpixelsfor training

the models. The ROC curvesfor the besthistogramandmixture modelsareshown in Figure7 (b). The areaunderthe

histogrammodel's ROC curve is 0.890andthe areaunderthe mixture model's ROC curve is 0.895. They both perform

muchworsethanmodelsusingthefull trainingset.

3.3 Discussion

We have demonstratedthata surprisinglyeffective skin detectorfor Web imagescanbeconstructedfrom histogramcolor

models. An equalerror rateof 88% wasobtainedfrom a histogramof size32, which gave the bestgeneralization.The

histogrammodelcomparedfavorablyto mixturemodelstrainedon similar data(seeFigure7(a)). This is presumablydue

to its increaseddegreesof freedom.

We alsoexploredthesensitivity of our detectorto theamountof trainingdata.As demonstratedin Figure5, thesizeof

our datasetwasdeterminedempiricallyby monitoringtheconvergenceof theskin detectorROC curve asdatawasadded

to themodel.This graphsuggeststhat theuseof additionaltrainingdatabeyondour currentdatasetis unlikely to improve

theskin detector'sperformance.We demonstratedin Figure7(b) thatusinga smalleramountof photosleadsto decreased

performanceevenwith colormodelsthatperformsigni�cant generalization.

We concludethat achieving higherdetectionratesfor skin is likely to requireanalysisat a greaterspatialscalethan

thecolor valuesof individual pixels. In many applications,however, purelycolor-basedtechniquesplay animportantrole

becausethey provide extremely useful information at very low computationalcost. For example,our histogram-based
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Figure7: ROCcurvescomparingmixturemodelandhistogrammodelsundervaryingtrainingdata.

classi�er cananalyzeanimagein lesstime thanit takesto readit in from disk storage.Nearlyevery real-timesystemfor

faceanalysisusessometypeof color-basedskindetectorasa focus-of-attentionmechanism.

It is possiblethatcolor spacesotherthanRGB couldresultin improveddetectionperformance[6, 14]. Differentcolor

spaceswould resultin differentdecisionboundaries,assumingthathistogrambin sizesgreaterthanoneareusedfor good

generalization.This is an interestingquestionfor future research.The primary advantageof RGB is its simplicity and

speedin dealingwith webimages.In many casesclassi�cationcanbedonedirectly on pixel valueswithout a color space

conversion.

4 ImageClassi�cation by Skin Detection

Oneinterestingapplicationof skin detectionis aspartof a largersystemfor detectingpeoplein photos.A persondetector

thatworkedreliably on Webimagescouldbea valuabletool for imagesearchserviceson thewebandin digital libraries,

aswell asfor imagecategorization.We examinetheproblemof persondetectionin Section4.1andtheeasierproblemof

nakedpersondetectionin Section4.2.While completesolutionsto theseproblemswill undoubtedlyrequiremorecomplex

analysis,it is interestingto seewhat performanceis possiblebasedon skin color alone. We �nd that skin color in the

absenceof strongshapeor texturecuesis surprisinglyeffective,particularlyfor nakedpersondetection.

4.1 PersonDetection

Our goal is to determinewhetheror not aninput imagecontainsoneor morepeopleby aggregatingthepixel-wiseoutput

of theskin detector. Thebaselinedetectionratefor this problemis 52%,which is thepercentageof imagesin our dataset

containingpeople.We computedasimplefeaturevectorfrom theoutputof theskindetectorandthentrainedaclassi�er on
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% correctly % correctly Overall %
classi�ed classi�ed correctly
personimages non-personimages classi�ed images

Trainingdata 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: Performanceof persondetectoron trainingandtestdata.

thesefeaturesto determinewhethera personis presentor not. Thefeatureswe usedare:

� Percentageof pixelsdetectedasskin

� Averageprobabilityof theskin pixels

� Sizein pixelsof thelargestconnectedcomponentof skin

� Numberof connectedcomponentsof skin

� Percentof colorswith noentriesin theskinandnon-skinhistograms

Thesefeaturescanall becomputedin asinglepassovertheinputimage,makingtheresultingpersondetectorextremelyfast.

No effort wasspenttuningor adjustingthefeatureset,so it is possiblethatotherchoiceswould yield betterperformance.

Weused4999imageswhichweremanuallyclassi�edinto personandnon-personsetsto trainadecisiontreeclassi�erusing

C4.5[10]. Theresultingclassi�er wasthentestedonasetof 1909testimages.Table2 summarizestheresults.

Theresultsshow thatsimplyanalyzingcolorvaluesallowsreasonablygoodclassi�cationof imagesinto thosecontaining

peopleandthosenot,but thiscuealoneis notsuf�cient to fully solvetheproblemof persondetection.Oneobviousproblem

is that peoplewill exposevarying amountsof skin in a given image. Using othercuessuchastexture andshapewould

probablyleadto greateraccuracy, see[9] for a recentexample.

4.2 Adult ImageDetection

By taking advantageof the fact that thereis a strongcorrelationbetweenimageswith large patchesof skin and adult

or pornographicimages,the skin detectorcanalsobe usedasthe basisfor an adult imagedetector. Thereis a growing

industryaimedat �ltering andblockingadultcontentfrom Webindexesandbrowsers.Somerepresentativecompaniesare

www.surfcontrol.comandwww.netnanny.com. All of theseservicescurrentlyoperateby maintaininglists of objectionable

URL's andnewsgroupsand requireconstantmanualupdating. An image-basedschemehasthe potentialadvantageof

applyingequallyto all imageswithout theneedfor updating(see[4] for additionaldiscussion).

To detectadultimages,wefollowedthesameapproachaswith persondetection.A featurevectorbasedontheoutputof

theskindetectorwascomputedfor eachtrainingimage.Thefeaturevectorsincludedthesame� vefeaturesusedfor person

detection,plus two additionalelementscorrespondingto theheightandwidth of the image.Thesetwo wereaddedbased

on informalobservationsthatadultimagesareoftensizedto framea standingor reclining�gure.
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Figure8: ROCcurvesfor theadultimagedetectoronbothtrainingandtestingimages

We used10679imageswhichweremanuallyclassi�ed into adultandnon-adultsetsto train a neuralnetwork classi�er.

Therewere5453adult imagesand5226non-adultimages.Theneuralnetwork outputsa numberbetween0 and1, with 1

indicatinganadultimage.Wecanthresholdthisvalueto makeabinarydecision.By varyingthethreshold,wegettheROC

curveshown in Figure8 for thetrainingdata.

To test the adult imagedetector, we gatheredimagesfrom two new crawls of the Web. Crawl A usedadult sitesas

startingpointsandgatheredmany adultimages.Crawl B usednon-adultsitesasstartingpointsandgatheredvery few adult

images.Crawl A consistedof 2365html pagescontaining5241adult imagesand6082non-adultimages(including icons

andothergraphics).Crawl B consistedof 2692html pagescontaining3 adultimagesand13970non-adultimages.Weused

theadultimagesfrom Crawl A andthenon-adultimagesfrom Crawl B to testtheclassi�er. 4

TheROC curve for theadult imagedetectoron the testsetis shown in Figure8. Thedetectorachieved, for example,

85.8%correctdetectionson adult imagesfrom Crawl A with 7.5%falsepositiveson thenon-adultimagesfrom Crawl B.

Thisperformanceis suprisinglygoodconsideringthesimplicity of color-basedfeaturesthatwereused.In previoussystems

for adult imagedetection,skin color is usedasa pre�lter to guidea detectionprocesswhich is basedwholely on shape,

texture,etc. Our resultssuggestthat skin color deservesa moreprominentrole. A direct comparisonbetweenour adult

detectorandotherscanbefoundin Section5. Someexampleimagesfor which theadultdetectoris successfulareshown

in Figure9 aswell asanexampleof a typical falsepositive.

Theadult imagedetectoris essentiallylooking for imageswith connectedregionsof skin of theright size.As a conse-

quence,themostcommonfalsepositive for our systemis a close-upimageof a face.Useof a facedetectorin conjunction

4Of coursethe classi�cation of an imagein the training setas“adult” is entirely subjective. In our experiment,we labeledany imagecontaining
exposedgenitalsor femalebreastsasadult,andall othersasnon-adult.
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(a) Examplesof imagescorrectlyclassi�ed by
our detector. Both imageswere classi�ed as
adultimages.

(b) Example of an
image misclassi�ed
as adult by our de-
tector.

Figure9: Examplesof correctlyandincorrectlyclassi�edimages.

with theskin detectorcouldalleviate this particularproblem. However, major improvementsin performancearelikely to

requiretheuseof othercuessuchastext, aswell asmoredetailedanalysisof imagestructures.

4.3 Incorporating Text Featuresinto Adult ImageDetection

In our �nal experiment,weexploredcombiningtheadultimagedetectorjustdescribedwith atext-basedclassi�er (obtained

from AltaVista)whichusesthetext occurringonaWebpageto determineif it is pornographic.Thetext-baseddetectoruses

thestandardapproachof matchingwordsonthepageagainstamanually-speci�edlist of objectionalwords,andclassifying

basedonthematchfrequencies.To applythetext class�erto individual imagesoccurringonapage,wesimplyusethelabel

for thepageto classifyeachimagethat it contains.Thetext-basedclassi�er on its own achieves84.9%correctdetections

of adult imageswith 1.1%falsepositives. Thereis no thresholdassociatedwith thetext-basedclassi�er we used,soonly

onepointon theROCcurve is realized.

Wecombinedthecolor-baseddetector(usinga thresholdthatyielded85.8%correctdetectionsand7.5%falsepositives)

with thetext-baseddetectorby usingan“OR” of thetwo classi�ers,i.e. animageis labelledadultif eitherclassi�er labels

it adult. The combineddetectorcorrectlylabels93.9%of the adult imagesfrom crawl A andobtains8% falsepositives

on thenon-adultimagesfrom crawl B. Table3 summarizestheseresults.Oneinterestingobservationis that thecolor and

texturefeaturesappearto becomplementary, sincethecombineddetectorexhibitsanincreasein boththedetectionrateand

thefalsealarmrate. This suggeststhatmoresophisticatedcombinationschemesthanthe“OR” operatorcouldyield even

bettercombinedperformance.

A signi�cant advantageof our detectoris its speed.Theskin detectoris very fast,asit requiresonly two tablelook-ups

andan integerdivision perpixel. Thesevenelementfeaturevectorcanbe computedin thesamepassthroughthe image

asthe skin detector. Thusthe overall computationalcost is linear in the numberof pixels, with a small constantfactor.
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% correctlydetectedadult images % falsealarms
Color-basedDetector 85.8% 7.5%
Text-basedDetector 84.9% 1.1%
CombinedDetector 93.9% 8.0%

Table3: Comparisonof adultimagedetectorusingcolor-based,text-basedandcombinedclassi�erson thetestdata

Theaverageimagesizein our testsetwas269rows by 301columns.This resultedin anaverageclass�cationtime of 43

millisecondson a 400MHz Alpha workstation.This is a bit lessthantheaveragetime it takesto readan imagein from

disk.

5 Previous work

While therehasbeenmuchpreviouswork on skin color modeling,we know of no previouseffort basedon sucha large

corpusof trainingandtestingdataandnocomparablydetailedstudyof skinclassi�cationin Webimages.

Many systemsfor trackingor detectingpeoplein user-interfaceor video-conferencingapplicationshave employedskin

color models.Histogrammodelsareemployedby SchieleandWaibel [13] andKjeldsenandKender[8]. Yanget al. [18]

modelskin color asa singlegaussian,while Jebaraet al. [7] employ a mixture density. In all of thesesystems,thecolor

modelis trainedon a small numberof exampleimagestakenundera representative setof illumination conditions.Most,

with theexceptionof [8, 7], donotusenon-skinmodels.Thesecolormodelsareeffective in thecontext of a largersystem,

but they donotaddressthequestionof building a globalskinmodelwhichcanbeappliedto a largesetof images.

The closestworks to ours are two systemsfor detectingimagescontainingnaked peopledevelopedby Forsyth and

Fleck[4] andWanget al. [17]. Both of thesesystemsusea skin color modelasa preprocessingstepandhave beentested

on a corpusof Web images.Theskin color modelusedby Forsythet al. consistsof a manuallyspeci�ed region in a log-

opponentcolor space.Detectedregionsof skin pixelsform theinput to a geometric�lter basedon bodyplans.TheWIPE

systemdevelopedby Wanget al. usesa manually-speci�edcolor histogrammodelasa pre�lter in an analysispipeline.

Input imageswhoseaverageprobabilityof skin is low arerejectedasnon-offensive. Imagesthatcontainskin passon to a

�nal stageof analysiswherethey areclassi�edusingwaveletfeatures.Sinceneitherof theseworksreporttheperformance

of their skindetectorin isolation,a directcomparisonwith Figure4 is notpossible.

Forsythreportstwo setsof experimentalresults:theskin �lter alone,andusedin conjunctionwith thegeometric�lter .

Their skin �lter is notdirectly comparableto ours,asit usestextureanalysisandgroupspixelsinto skin regions.However,

they alsoreportstrongperformancewhenimagesthatcontainoneor moredetectedskin regionsarelabelledascontaining

nakedpeople.Thedetectionrateis 79.3% with a falsealarmrateof 11.3%. Whencombinedwith thegeometry�lter the

falsepositivesfall to 4.2% while thedetectionratefalls to 42.7% for the“primary” con�gurationof thesystem.Wanget

al. reporttheoverall theresultsof theWIPE systemon objectionableimages:96%detectionratewith 9% falsepositives.

The Forsyth testsetcontained4,854images,the WIPE testsetcontained11,885images,andour testcontained19,211

images.
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System DetectionRate FalseAlarmRate
Forsyth(SkinOnly) 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: Performancecomparisonfor threeadultimagedetectionsystems.

Table4 givesa summaryof the performanceof thesetwo systemsin comparisonto ours. Sincethesepapersdid not

reportROC curves,we simply compareour detectionrateto theirsunderidenticalfalsepositive rates.In contrastto this

previouswork, our detectorusesvery weakglobalattributesof thedetectedskin pixels to classifythe image. Both body

plansandwaveletcoef�cients havemoredescriptivepower thanoursevenelementfeaturevector. Perhapssurprisingly, we

�nd thatour detectionperformanceis comparableto theirs.

Theconclusionsthatcanbedrawn from Table4 arelimited by thefact thatall threesystemsusedifferenttestsetsand

exploit differentimagecues.Of thethree,our systemprovidesthestrongesttestof thevalueof color alone,sinceit is the

weakestin exploiting shapeor geometrycues.Our resultssuggestthatadultdetectionsystemscangetmoremileageoutof

skincolor thanhasbeenpreviouslyexpected.

6 Conclusions

Colordistributionsfor skinandnonskinpixel classeslearnedfrom webimagescanbeusedto fashionasurprisinglyaccurate

pixel-wiseskin detectorwith anequalerror rateof 88%. Thekey is theuseof a very large labelleddatasetto capturethe

effects of the unconstrainedimaging environmentrepresentedby web photos. Visualizationstudiesshow a surprising

degreeof separabilityin theskin andnonskincolor distributions. They alsorevealthat thegeneraldistribution of color in

web imagesis stronglybiasedby thepresenceof skin pixels. Our datasetof nearly1 billion labelledpixels is oneof the

largesteverusedin acomputervisiontask.Wearemakingthisdatasetfreelyavailableto theacademicresearchcommunity.

SeetheAppendixfor detailsonhow to obtainit.

Onepossibleadvantageof usinga largedatasetis thatsimplelearningrules,suchashistogramdensityestimators,may

givegoodperformance.This canresultin computationallysimplealgorithmsfor learningandclassi�cation.We show that

in our context histogramclassi�erscomparefavorablyto themoreexpensivebut widely-usedGaussianmixturedensities.

A pixel-wiseskindetectorcanbeusedto detectimagescontainingnakedpeople,which tendto producelargeconnected

regionsof skin. Weshow thatadetectionrateof 88%canbeachievedwith afalsealarmrateof 11.3%,usingasevenelement

featurevectoranda neuralnetwork classi�er. Thisperformanceis comparableto systemswhichusemoreelaboratespatial

imageanalysis.In comparison,our classi�er is muchfaster. It operatesin lesstime thanit takesto readin theimagefrom

diskstorage.

Our resultssuggestthat skin color is a more powerful cue for detectingpeoplein unconstrainedimagery than was

18



previouslysuspected.
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Appendix

Our datasetof labelledskin andnon-skinpixelsis freely availablefor academicresearchpurposes.Contactthe�rst author

(Michael.Jones@compaq.com)for instructionson how to obtainit. Readerswho areinterestedin usingour color models

shouldreferto Table5, whichcontainsall of theparametersfor themixtureof gaussianskinandnon-skinmodelsdescribed

in Section3.2.

Eachphotoin our datasetwasprocessedin thefollowing manner:Thephotowasexaminedto determineif it contained

skin. If noskin waspresent,it wasplacedin thenon-skingroup.If it containedskin, regionsof skin pixelsweremanually

labeledusingasoftwaretool, whoseinterfaceis shown in Figure10. This tool allowsauserto interactively segmentregions

of skinby controllingaconnected-componentsalgorithm.Clicking onapixelestablishsit asaseedfor regiongrowing. The

thresholdslidercontrolstheEuclideandistancein RGB spacearoundtheseedthatde�nes theskin region. By clicking on

differentpointsin thephotoandadjustingtheslider, regionsof skin with fairly complex shapescanbesegmentedquickly.

In labellingskinweattemptedto excludetheeyes,hair, andmouthopening.Theresultis abinarymaskidentifyingtheskin

pixels,which is storedalongwith eachphoto.

Figure10: Snapshotof thetool for segmentingtheskin region of an image.The left imageshows thecompletedmanual
segmentationwith theskinpixelshighlightedin red.Theright imageshowstheoriginal image.

Non-skinpixelsthatappearedwithin aphotocontainingskinwerenot includedin eithercolormodel.Thiswasnecessary

becauseof the dif�culty in gettinga perfectsegmentationof the skin in any given image. Somephotoscontainedskin

patchesof sucha smallsize(e.g. crowd scenes)thatsegmentationwasproblematic.Evenin photoswith largeregionsof

skinit wasoftenhardto preciselyde�ne theirboundaries(e.g.ontheforeheadwhereskinis obscuredby hair). Wechosethe

conservativestrategy of segmentingtheeasilyidenti�able skin pixelsanddiscardingtheremainderto avoid contaminating

thenon-skinmodel.

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

obtainedfrom differentsourcessuchasscanners,capturecards,anddigital cameraswill have differentcolor resolutions.
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Mixtur eof 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
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) 0.0314
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 eof 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) (2502.24,1383.53,237.18) 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

Table5: Means,covariancesandweightsfor mixtureof gaussianskinandnon-skincolor modelsdescribedin Section3.2.
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Unfortunately, mostof theinformationaboutcolorresolutionis lostonceanimagehasbeenstoredin oneof the�le formats

thatarein wide-spreaduseon theWeb.
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