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Abstract

This work is aimedat the detectionof adultimagesthat appearin Internet. Skin detectionis of the
paramounimportancein the detectionof adultimages.We build a maximumentrogy modelfor this task.
This model, calledthe First OrderModel in this paper is subjectto constraintson the color gradientsof
neighboringpixels. Parameteestimatioraswell asoptimizationcannotbetackledwithoutapproximations.
With Bethetree approximation parameteestimationis eradicatedand the Belief Propagatioralgorithm
permitsto obtainexactandfastsolutionfor skin probabilitiesat pixel locations.We shav by the Recever
OperatingCharacteristic§ROC) curvesthat our skin detectionimprovesthe performanceover previous
work [6] in the contet of skin pixel detectionrate andfalsepositive rate. The outputof skin detectionis
a grayscaleskin mapwith the gray level indicatingthe belief of skin. We thencalculate simplefeatures
from this mapwhich form a featurevector Most of thesefeaturesarebasedon t ellipses,whichareused
to catchthe characteristicof detectedskin regions. Two t ellipsesare usedfor eachskin map—thet
ellipseof all skin regionsandthe t ellipseof thelargestskin region. They arecalledrespectrely Global
Fit Ellipse andLocal Fit Ellipsein this paper A multi-layer perceptrorclassi er is thentrainedfor these
features.Plentyof experimentalresultsare presentedincluding photographsanda ROC curve calculated
over atestsetof photographswhich shav stimulatingperformancdor suchsimplefeatures.

Key Words Maximum Entropy Modeling, Markov RandomField, Belief PropagatiorAlgorithm, Multi-
LayerPerceptronSkin Detection Adult ImageDetection.

1 Intr oduction

Imagesareanessentiapartof today’s World Wide Weh Thestatisticsof morethan million HTML webpages
reveal that of web pagescontainimagesandthat on averagethereare about imagesper HTML
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webpage[2B Theseimagesare mostly usedto make attractve Web contentsor to add graphicalitemsto
mostlytextual contentsuchasnavigationalarrons.

However, imagesare also contrituting to harmful (e.g. pornographiclr evenillegal (e.g. paedophiliac)
Internetcontent.Soeffective Itering of imagess of paramountmportancen aninternet Itering solution.

To block adultcontentsomerepresentate companiegsNetNanty andSurfWatch,operatdoy maintaining
lists of URL's andnewsgroupsandrequireconstanimanualupdating.Abundantliteratureis available,but the
Internetis very rapidly evolving, not only quantitatvely. Eachday, million pagesareappearingon the Weh
Detectionbasenimagecontentanalysishastheadwantageo processequallyall theimageswithouttheneed
for updating sowill producemoreeffective ltering.

By takingadwantageof the factthatthereis a strongcorrelationbetweernimageswith large patcheof skin
andadultimageswe have to develop a skin detector Skin color offers an effective andef cient way to detect
theadultimagecontent.Thereis alreadya large amountof work onthis track.

The WIPE [4] systemdevelopedby Wang, Li, Wiederholdand Firscheinusesa manually-speci edcolor
histogranmodelasapre lter in ananalysigipeline.Inputimageswvhoseaverageprobabilityof skinis low are
acceptedisnon-ofensive. Imageshatcontainconsiderablakin passonto a nal stageof analysisvherethey
areclassi ed usingwavelet features. The algorithmusesa combinationof Daubechiesvavelets,normalized
centralmomentsandcolor histogramso provide semantically-meaningfidéaturevectormatching.

Forsyths [5] researclgrouphasdesignecandimplementedanalgorithmto screenmagesof naked people.
Their algorithmsinvolve a skin Iter andhuman gure grouper The skin color modelusedby Fleck, Forsyth
andBregler consistsof a manuallyspeci ed region in a log-opponentolor space.Detectedregions of skin
pixels form the input to a geometric Iter basedon skeletal structure. As indicatedin their paper
sensitvity and speci city have beenobtainedfor atestsetof imageswith naked peopleand
assortedbenignimages. However, it takesabout minuteson a workstationfor the gure grouperin their
algorithmto processa suspecimagepassedyy the skin Iter. Most of the peoplein the imagesusedin the
experimentalprotocolareCaucasiananda smallnumberof imagesareBlacksor Asians.

JonesandRehg[6] proposetechniquedor skin color detectionby estimatingthe distribution of skin and
non-skincolor in the color spaceusinglabeledtraining data. To detectadultimages somesimplefeaturesare
extracted.Thediscriminationperformancéasedsolelyon skinis rathergoodfor suchsimplefeatures.

Bossoretal. [7] proposea pornographydetectionsystemwhich is integratedin a commerciakystem.This
systemis alsobasedon skin detection. They comparedhe generalisedinear model,the -nearesneighbor
classi er, themulti-layer perceptionMLP) classi er andthe supportvectormachineandfoundthatthe MLP
givesthebestclassi cationperformance.

Ourapproachs asfollows. The rst mainstepis skin detection.We build a modelwith Maximum Entrogy
Modeling (MaxEnt) for the skin distribution given the input color image. This modelis a First Order Model
(FOM) that imposesconstraintson color gradientsof neighboringpixels. Parameterestimationas well as
optimizationcannotbe tackledwithout approximationsWith Bethetreeapproximationparameteestimation
is eradicatedand the Belief Propagation(BP) algorithm permitsto obtain exact and fast solution for skin
probabilitiesat pixel locations. This modelis referredto as TFOM for Tree First Order Model. The output
of skin detectionis a grayscaleskinmapwith the gray levels beingproportionalto the skin probabilities. The
secondmain stepis patternrecognition. Somefeaturesare extractedfrom the skin map which composea
featurevector We train a MLP classi er on patternsrom thetraining set. In the testphasethe MLP
classi ertakesa quick decisionon theinput patternin onepass.

Therestof this paperis organizedasfollows: in section2 we build the modelfor skin detectionrandpresent
thepixel classi cationperformancef thismodelby Recever OperatingCharacteristicROC) curves. Section
3is devotedto featureextractionandpatternrecognition.In sectiond, someexperimentatesultsarepresented.
Section5 concludeghepaper
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2 Skin Detection

Skin detectionconsistdn detectinghumanskin pixelsfrom animage[2]. It playsanimportantrole in various
applicationssuchasfacedetection1] [3], searchingand ltering imagecontentontheweb[4][5] [6]. A Self
OrganizingMap (SOM) for skin detectiorwasproposedy [26]. In mostexperimentsskin pixelsareacquired
from alimited numberof peopleunderalimited rangeof lighting conditions.

Skincolorseggmentatiorapproachesanbegroupednto two basiccateyories:physical-fsal approacheand
statisticalapproachesStatisticalapproachesanbesubdvidedfurtherinto parametri@pproachef28] [29] [3]
andnonparametri@pproachef30] [31] . Parametrianodelapproachesepresentheskin colordistributionin
parametridorm , suchasGaussiaror Gaussiamixture[1][3].

In nonparametri@approachesistogramsare usedto representdensityin color space. The illumination
conditionsare often unknavn in an arbitraryimage,so the variationin skin colorsis muchlessconstrained
thanin controlledsetup.This is particularlytrue for webimagescapturedundera wide variety of conditions.
However, given a large collection of labeledtraining pixels including all humanskin (CaucasiansAfricans,
Asians)we canstill modelthe distribution of skin andnon-skincolorsin the color space.RecentlyJonesand
Rehg[6] proposedechniquedor skin color detectionby estimatinghedistribution of skinandnon-skincolor
in thecolor spaceusinglabeledtrainingdata.Both parametri@andnonparametristatisticalapproacheasually
perform colorsegmentationin color spaceghat reducethe varying illuminant. A numberof differentcolor
spaceshave beenused,hovever, normalizedRGB and HSV are the mostcommoncolor spacesused[27].
The comparisorof histogrammodelsandGaussiammixture densitymodelsestimatedvith EM algorithmwas
analyzedor the standard@4-bit RGB color space.The histogrammodelswerefoundto be slightly superiorto
Gaussiamixturemodelsin termsof skin pixel classi cationperformancedor this color space6].

A skin detectionsystemis never perfectand differentusersusedifferentcriteria for evaluation. General
appearancef the skin-zonegletectedpr otherglobal criteria might be importantfor further processing For
guantitatve evaluation,we will usefalsepositvesanddetectionrates. Falsepositive rateis the proportionof
non-skinpixelsclassi ed asskin anddetectionrateis the proportionof skin pixels classi edasskin. Theuser
might wish to combinethesetwo indicatorshis own way dependingon the kind of errorheis morewilling to
afford. Hencewe proposea systemwherethe outputis notbinarybut a oating numberbetweerzeroandone,
thelargerthevalue,thelargerthebelieffor a skin pixel. Theusercanthenapplyathresholdo obtainabinary
image.Errorratesfor all possiblethresholdingaresummarizedn the Recever OperatingCharacteristi¢ROC)
cune.

We have in our handsthe publicly availableCompagDatabasg6]. It is a catalogof almosttwentythousand
images.Eachof themis manuallysegmentedsuchthatthe skin pixelsarelabelled.Our goalis to infer amodel
from this setof datain orderto performskin detectionon new images.

2.1 Maximum entropy model

The maximumentrory model(MaxEnt) hasalonghistory It canbe seenasa generalizatiorof the “Principle
of Insufcient Reason”. This stratgy was rst proposedasa generalinferenceprocedureby [8]. Suppose
we are aboutto estimatea distribution subjectto someconstraints. Thesecontraintscould be statisticswe
obsered from a lot of sampledrom the underlyingdistribution. Thatis, we constraintour solutionto those
distributionsconformingwith our obserations. The solutionscould be enormousf we do not have ary other
prior information. Thenwhich distribution shouldwe chooseMaximumentrogy principlesolvesthis problem
by the policy of honestythatis, frankly acknavledgethe full extent of its ignoranceby taking into account
all possibilitiesallowed by the knowledge[8]. We would not rule out ary possibilitiesexceptthe constraints
explicitly tell usto do so. We would acceptthe solutionthatis in line with the constraintsand otherwiseas
uniform as possible. Undermaximumentrogy principle, the uniformity of a distribution is measuredy the
informationentroyy.

MaxEnt works asfollows: (1) chooserelevant features(2) computetheir histogramson the training set
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(3) write down the maximumentroy modelwithin the onesthat have the featurehistogramsasobsered on
the training set(4) estimatethe parameter®f the model (5) usethe modelfor classi cation. This plan has
beensuccessfullycompletedor severaltasksrelatedto speechrecognitionandlanguageprocessing.Seefor
example[9] andthereferencesherein.In theseapplicationghe underlyinggraphof the modelis aline graph
orevenatreebut in all casest hasnoloops. Whenworking with imagesthe graphis the pixel lattice. It has
indeedmary loops. A breakthrougtappearedvith thework in [10] on texture simulationwhere(1)—(4) were
performedor imagesand(5) replacedy simulation.

We adaptto skin detectionasfollows: in (1) we specializen colorsfor two adjacenpixels andtheir “skin-
ness”.We chooseRGB color spacen our approachln practicewe know from [6][7] thatthe choiceof color
spaceis not critical given a histogram-basetepresentationf the color distribution andenoughtraining data.
In (2) we computethe histogramof thesefeaturesn the CompagmanuallysegmenteddatabaseModelsfor
(3) aretheneasilyobtained.In (4) we usethe Bethetreeapproximationsee[11]. It consistsn approximating
locally the pixel lattice by a tree. The parameter®f the MaxEnt modelsare then expressedanalytically as
functionsof the histogram®f thefeaturesThisis a particularityof our featuresin (5) we pursuethe approxi-
mationin (4): we usethe BP algorithm,see[12], which is exactin treegraphbut only approximate in loopy
graphs.

Indeed,oneof ushadalreadywitnessedn a differentcontext thattreeapproximatiorto loopy graphmight
leadto effective algorithms see[13].

Let's x thenotations.The setof pixels of animageis . We notate . Thecolor of a
pixel is . The“skinness”of apixel ,is  with if isaskinpixeland if not.
The setof neighborsof is notatedas . We use -neighborsystemhere. denotessucha pair of

neighbors and , regardlesf the orientation.The colorimage,whichis thevectorof color pixels,is notated
andthebinaryimagemadeup of the 'sis notated .

Fromtheusers point of view, the usefulinformationis containedn the one-pixel maginal of the posterior
thatis, for eachpixel, thequantity , quantifyingthebelieffor skinnessatpixel . Bayesiaranalysis
tells usthat, whatever costfunctionthe usermight think of, all thatis neededs thejoint distribution
In practicethe model is unknawn. Insteadwe have the sggmentedCompagDatabaselt is acollection
of samples

wherefor each , is a colorimageand is the associatedbinary skinnessmage. We assume
thatthe samplesareindependendf eachotherwith distribution . Thecollectionof samplegs referred
laterasthetrainingdata. Probabilitiesareestimatedisingclassicalempiricalestimatorsandaredenotedwith
theletter .

In whatfollows, we build amodelfor theprobabilitydistribution of theskinnessmagegiventhecolorimage
usingMaxEnt.

2.2 First Order Model (FOM)

Our MaxEntmodelrespectshe two-pixel maginal of thejoint distribution of color andskinnessaasobsenred
in thetrainingdatabasethatis, for two adjacensites and , shouldmatchthoseobseredin
thetrainingdata.Hencewe de ne thefollowing constraints:

(1)

The quantity is the proportionof timeswe obsere the values for a coupleof
neighboringpixels,regardlessf the orientationof thepixels and in thetrainingset.
Herewe shallderive a MaxEntsolutionfor thejoint distribution undertheconstraints .
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Remarkthatthe constraintsn (1) areexpectationsith respecto . Indeed,

(2)

with

Using Lagrangemultipliers[g, the solutionto the MaxEnt problemunder is thenthe following Gibbs
distribution:

(3)

where areparametershatshouldbe setupto satisfytheconstraintsThesign indicates
hereandafter equalityup to a function thatdependgossiblyon but noton . This functionis calledthe
partitionfunctionin statisticalmechanics.

UsingBayesformula,onethenobtains:

(4)

Assumingthatonecolor cantake valuesthetotal numberof parameterss

Parameterestimationin the context of MaxEntis still an active researctsubject,especiallyin S|tuat|ons
wherethe likelihoodfunction cannotbe computedfor a givenvalue of the parametersThis is the casehere,
sincethepartitionfunctioncannotbeevaluatedevenfor very smallsizeimages.Oneline of researcltonsistsn
approximatinghe modelin orderto obtaina formulawherethe partitionfunctionno longerappearsPseudo-
likelihood[14], [15] andmeaneld methodg16], [17] areamongthem.Anotherpossibilityis to usestochastic
gradientasin [18]. However, dueto thelarge numberof parameteri the FOM model,thisis arealchallenge.

Moreover, recallthatthe quantitiesof interestfor theusersarethe onepixel maginal of the posterioy thatis
for each thequantity . Thesequantitiesarenoteasilyavailabledueoncemoreto theimpossibility
of evaluatingthe partition function. Onehasthento usestochastialgorithmasthe Gibbssamplemwhich is
time consumingor to rely on anapproximatemodel.

BetheTree approximationdealswith parameteestimationby giving us a simpleanalyticalmodelfree of
parameterWe canfurtherimplementBP algorithmto achieve fastcomputatioraswe shallseenow.

2.3 BetheTreeApproximation of FOM (TFOM)

The FOM de ned in (4) is a Markov RandomField (MRF) on the non-orientedpixel graphwith 4-neighbor
connectiity. SeeAppendixfor anintroductorydescriptionof suchmodels. Let us assumdor now thatthis
graphwasatree:thatis a connectedyraphwithoutloops. Then,theMaxEntsolutionfor x ed under would
be

(5)
Theproofis asfollows: we know from [25] thatary pairwiseMRF on atreegraphcanbewritten
(6)
where is theone-sitemamginalof and is its two-sitemamginal.
Applying this resultto permitsto obtainthe modelin equation(5). By constructionit is in

Moreover it hasthe sameform astheonein equation(3) which concludeghe proof.
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Figurel: Left: a Bethetreeof depthl rootedat . Right: aBethetreeof depth2 rootedat

UsingBayesformula,onethengets:

(7)

Themainpointto be madehereis thatthe modelin equation(7) is parametefree.

We use Bethetreesto simulatethe pixel graph. Bethetreesare namedafter the physicistH.A. Bethe,
who usedtreesin statisticalmechanicgproblems.They have beenintroducedin computetvision asa way of
approximatingestimatorsn MRF modelsin [11]. We shall revisit this work in connectionwith maximum
entrofy models.

Thekey ideais to provide atreethatapproximatesocally the pixel lattice. More preciselyfor eachpixel ,
we considera sequencef trees of increasingdepth. The constructions asfollow: the root node
of thetreeis associatedvith . For eachneighbor of in the pixel-graph,a child nodeindexed by is add
to therootnode. Thisde nes . Subsequent|yfor each , neighborof a neighborof , (excluding itself),
a grandchildnodeindexed by is addedto the appropriatechild node. Thisde nes , andsoon, see[1]]
for a detailedaccount.An importantremarkis thata single pixel might leadto several differentnodesin the
tree! For example  is build with , the neighborsof andthe neighborsof these.Using 4-neighbors and
assuminghat is notin theborderof theimage thismakesup  pixels,but theassociatetteehas nodes,

pixelsbeingreplicatedwice each seeFig. 1.

Neverthelessthe TFOM modelin (7) cannotbedirectly usedasit is. Indeed the quantities
cannotbedirectly extractedirom thedatabaswithoutdrasticover tting. In effectthefour histogramsnvolved
have a supportof dimensionsix, threedimensiondor eachpixel. Hence,somekind of dimensionreductionis
neededWe have experimentedhefollowing:

(8)

Thatis, we assumehatthe color gradientat , measuredy the quantity , IS, given the skinnessat
and , independentf the actualcolor . Evaluationof theright sideof thesign requiresto compute
histogramawith a supportof dimension andwith  binsfor eachdimension.

2.4 Belief Propagation(BP) Algorithm

In the previous sectionwe provedthatthe quantity canbeexpressedsfollows:

(9)

where

(10)
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# Unpleasant §

After-taste”

Figure2: Firstrow: original colorimage.Secondow: the correspondingkin mapoutputby TFOM

and
(11)

Our aim is to computefor eachpixel , the quantity , for in the modelabove, andfor
rangingfrom to say . Thiscomputatiorcanbe doneexactly Moreover, it canbe doneef ciently usingthe
BP algorithm. This algorithmhasbeendiscoreredin differentscienti c communities.lt is calledBP in A.l.,
Viterbi algorithmin the specialcaseof line graphsanddynamicprogrammingn combinatorialoptimization.
Seg[12] andthereferenceshereinfor adetailedaccount.

TheBP algorithmconsistsn computing times:

(12)

where  areinterpretechsamessageomingfrom to andareinitializedwith thevalue . Wethenobtain,
for :

(13)

2.5 Performanceof the TFOM

Theoutputof skin detectionis a mapindicatingthe probabilitiesof skin on pixels. Throughnormalizatiorwe
geta grayscaleémageon the samegrid asthe input imageand with the gray levels proportionalto the skin

probabilities. It is calledskin mapin this paper Someskin detectionresultsof TFOM are shavn in Fig. 2.

Most of the skin regionsaredetectedcorrectly However, therearealsosomefalsealarmswhensomeobjects
with skin-like color appeaiin the background For example,partsof the red-brickwall aremarked asskinin

the third image. Whenskin toneis changeddy stronglight, we could misssomeskin regions. For example,
our skin detectormissesartly theright handof theleft manin the secondmageandthe left arm of theright

womanin thethird image.
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Figure3: Recever OperatingCharacteristic§ROC) curvesfor the TreeFirst Order Model (TFOM) andthe
baselinemodel

The TFOM modeloutperformghe baselinenodelimplementedn [6] asshavn in our previouswork [19].
Figure 3 comparesTFOM and the baselinemodel with ROC curwesin the contect of skin pixel detection
rate and false positive rate. The resultsare computedover the Compaqdatabasecontainingabout
photographsilt is split into two almostequalpartsrandomly The rst part,containingnearly billion pixels
is usedasthetraining setwhile the otherone,thetestset,is left asidefor ROC curve computation.

3 Adult Image Detection

3.1 Feature Extraction

Therearepropositiondor high-level featuredasedn groupingof skinregions[g thatmight distinguishadult
imagesrom thosenot, but herewe have arequiremento procesgheimagesspeedilyso,alongwith [6][4], we
areinterestedo try simplerfeatures.

Sinceskindistribution is of the paramountmportanceor thedetectiornof adultimages[§[7], all our current
featuresare basedon the skin map. For the sale of practicality the featuresshouldbe simple and easyto
calculate.

We rst binarizethe skin map by simplethresholding.We thenimplementmorphologicalopen/closeop-
erationsto remove noise and connectbroken regions. Small skin regions are considerednsigni cant and
discarded.Many of our featuresarebasedonthe t ellipses[2] calculatedon the skin map,sincethey could
meetour requirementor simplicity andcapturesomeimportantshapeanformation. We obsered from experi-
mentsthatfor approachebasedn skindetectionportraitshave atendenceo bedetectecisadultimagessince
generallyportraitsexposeplenty of skinasadultones.The t ellipseswill hopefullyatleasthelpdiscriminate
portraitsfrom adultimages.Wewill calculatetwo t ellispesfor eachskin map—theGlobalFit Ellipse (GFE)
andtheLocalFit Ellipse(LFE). The GFEis computednthewholeskin map,while theLFE only onthelargest
skinregion in the skin map. The GFE andLFE capturemostof the skin distributionsin the wholeimageand
in thelargestskin region respectrely. Figure4 shavs the GFEaswell asthe LFE for a skin map.

With theskin map,we extract featurefrom theinputimage.The rst featuresareglobal:

the averageskin probability of thewholeimage
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Figure4: First: the original input image. Second:the Global Fit Ellipse (GFE) on the skin map. Third: the
Local Fit Ellipse (LFE) onthe skinmap

the averageskin probabilityinsidethe GFE
numberof skinregionsin theimage
Theother featuresarecomputedn thelargestskinregion of theinputimage.
distancerom the centroidof the largestskin region to the centerof theimage
angleof themajoraxisof the LFE from the horizontalaxis
ratio of theminor axisto the majoraxisof theLFE
ratio of theareaof the LFE to thatof theimage
averageskin probabilityinsidethe LFE
averageskin probabilityoutsidethe LFE

All thesefeaturescomposea simple featurevector No effort wasdoneto nd the correlationbetween
features.

3.2 Pattern Recognition

Thefeatureextractionstepsdescribedn the previous subsectiomproducea featurevectorfor eachimage.The
taskis thento nd thedecisionrule onthis featurevectorthatoptimally separateadultimagesfrom thosenot.

Evidencefrom [7] shavs thatthe MLP classi er offers a statisticallysigni cant performanceover several
otherapproachesuchasthe generalizedinearmodel,the -nearesheighborclassi er andthe supportvector
machine.

The semilinearfeedforvard netasreportedoy RumelhartHinton, andWilliams [24] hasbeenfoundto be
aneffective systenfor learningdiscriminantdor patterndrom a body of examples.

We denotetheinputlayeras , thehiddenlayeras andtheoutputlayeras . Thelearningprocedurestarts
off with a randomsetof weightvalues , which denotethe weightsof the netinput from the th layerto
the thlayer Oneof thetraining-sefpatterns is usedasinputto evaluatethe output(s) in afeedforvard
manner Theerrorsattheoutput(s)  generallywill be quitelarge, which necessitateshanges in the
weights.Usingthebackpropagatioprocedurethenetcalculates forallthe inthenetfor thepattern

. Thisproceduras repeatedor all thepatternsn thetrainingsetto yield theresulting for all theweights
for that one presentation.The correctiongto the weightsare madeandthe output(s)are againevaluatedin a
feedforvard manner Discrepanciebetweeractualandtargetoutputvaluesagainresultin evaluationof weight
changes.After completepresentatiorof all patternsin the training set,a new setof weightsis obtainedand
new output(s)areagainevaluatedn afeedforvard manner In a successfulearningexercise the systemerror
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Figureb: Firstrow: Experimentatesultson adultimages.Secondandthird rows: Experimentatesultson non
adultimages.Below theimagesarethe associate@utputsof the MLP

will decreasavith the numberof iterations,andthe procedurewill corverge to a stablesetof weights,which
will exhibit only small uctuationsin valueasfurtherlearningis attempted[2P

This net outputsa numberbetween and . The nearerthe numberis to , the more possiblythe input
patterncorrespond$o anadultimage.We thensetathreshold , to getthebinarydecision.In the
testphasethenettakesa quick decisionon theinput patternin onepass.

4 Experiments

All experimentsaaremadeusingthefollowing protocol. The databaseontains photographswhich are
importedfrom the Compaqgdatabase[6andthe Poesiadatabase[Z3 It is split into two equalpartsrandomly
with adultphotographsnd otherphotographsn eachpart. Thenthesetwo partsareusedasthe
training setandthetestsetrespectrely. In Fig. 5 we shav someexamplesof the resultsfor adultimagesand
nonadultimagesfrom thetestset. The outputsof the MLP areshavn just below the correspondingmages.
Therearesomecasesvhereour detectordoesnotwork well. In Fig. 6 severalsuchexamplesarepresented.
The rst adultimageis not detectedsincethe skin appearsalmostwhite dueto overexposure. We seethat
mostof the skin is not detectedn the skin map. The secondadultimagecontainstwo connectedig frames.
The LFE of this imagewill thenbe very big, andthe averageskin probability inside this LFE will be very
small. The third imageis benign,but it is detectedadult sincethe toy dog takes a skin-like color andthe
averageskin probabilitiesinsidethe GFE andthe LFE arevery high. Thefourthimageis a portraitbut decided
adult sinceit exposesa lot of skin andeven the hair andthe clothestake skin-like colors. We believe skin
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Figure6: Firstrow: originalimages.Secondow: the correspondingkin maps.Below the skin mapsarethe
correspondingputputsof the MLP. The rst two columnsareadultimageswith low outputs,while the other
two columnsarebenignimageswith high outputs

detectionbasedsolely on color informationcannotdo muchmore,so maybesomeothersortsof information
is neededo improve theadultimagedetectionperformanceFor example,somekind of facedetectorcouldbe
implementedo improve theresults.However, generallyadultimagesn webpagesendto appeatogetherand
aresurroundedy text, which couldbe animportantcluefor theadultcontentdetector
By varyingthethreshold , a ROC curwe is achiered asshavn in Fig. 7. The elapseime is about
second/pigl, i.e.,about secondor a image.

5 Summary and Conclusions

Thiswork is aimedat ltering adultimagesthatappeatin Internet. The rst stepof our approachs skin de-
tection. Maximum entroly modelingis usedto evaluatethe skinnessf pixelsin theinputimage. We build a
First OrderModel thatintroducesconstraintson color gradientf neighboringpixels. We thenuseBethetree
approximationto eradicateparameteestimation. It givesus a simple analyticalexpressionof the maximum
entrofy model,whichis thencalled TFOM for TreeFirst OrderModel in this paper The Belief Propagation
algorithmcouldbefurtherimplementedo accelerat¢he processWe shav by the Recever OperatingCharac-
teristics(ROC) curvesthatour skin detectionmprovesthe performancever previouswork [6] in the contet
of skin pixel detectiorrateandfalsepositie rate.

The outputof skin detectionis a grayscaleskin map. We computea sequencef featuresrom this skin
mapwhich form a featurevector We usethe t ellipsesto catchthe characteristicef skin distribution. Two
ellipsesare usedfor eachskin map—theGlobal Fit Ellipse (GFE) andthe Local Fit Ellipse (LFE). A multi-
layerperceptrorclassi eris trainedfor thesefeatureslt is a semilinearfeedforvard netwith backpropagation
of error

Many experimentalesultsarepresentedncluding photographsnda ROC cure calculatedover atestset
of photographswhich shawv stimulatingperformancdor suchsimplefeatures.To improve the results
onecanusea facedetector However, in generaladultimagestendto appeartogetherandare surroundedy
text in webpagesTheanalysisof text is knovn to improve the performancef adultwebpageletection[§[23].
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detection rate
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Figure7: ROC curve of the TFOM-MLP adultimagedetector

Appendix: MRF on treegraphs

Let be nite setof vertices. A neighboringsystem is a collectionof subsetof indexedby a vertex :
suchthat

a)
b)

Onecanthencheckthat isanonorientedgraph.
Let be a stochastigrocesgle ned overaset andtakinga nite number
of values.It is aMarkov RandomField (MRF) with respecto (S,V) if andonly if ,
and

(14)

In words, (14) saysthatin orderto guesshevalueof at , it is equivalentto know the valuesof the entire
eld exceptat ortoknow thevaluesattheneighboringocationsof .

Of particularinterestare the so-calledpairwise MRF. Theseare the simplestand mostusedin computer
vision. Their distribution is givenby

— (15)

wherethe productover meanghe productover all the couplesof mutualneighborverticesand isa
normalizingconstant.

Now, in thevery specialcasewherethe underlyinggraphis loop free,for exampleatree,thenthefunctions
(alsocalledpotentials) and canbeexpressedissimplefunctionsof the maginalsof andmorewer
whenexpressedn suchaway, thenormalizingconstant equalsto one.Speci cally,

(16)
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where is themaginal distribution of for vertex and is themauginal distribution of
for neighborvertices and . Thatis

(17)
(18)

(19)

A proofcanbefoundin [25].
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