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Abstract

We considera sequenc®f three modelsfor skin detection
built froma large collectionof labelledimages.Each model
is a maximumentropy modelwith respectto constaints

concerningmarminal distributions. Our modelsare nested.
The r stmodelis well knownfrom practitioners. Pixelsare

consideedasindependentThesecondnodelis a Hidden
Markov Model. It includesconstaints that force smooth-
nessof the solution. Thethird modelis a r storder model.
Thefull color gradientis included.Parameterestimatioras

well as optimizationcannotbe tackled without approxima-
tions. We usethoroughly Bethetree approximationof the

pixel lattice. Within it , parameterestimationis eradicated
andthe belief propagation algorithm permitsto obtain ex-

actandfastsolutionfor skin probability at pixel locations.
We thenassesshe performanceon the Compagdatabase

1. Intr oduction

1.1 Skin Detection

Skin detectionconsistdn detectinghumanskin pixelsfrom
animage. The systemoutputis a binaryimagede®nedon
thesamepixel grid astheinputimage.

Skin detectionplaysanimportantrole in variousappli-
cationssuchasfacedetection[13], searchingand®ltering
imagecontenton the web [14][5]. Researchhasbeenper
formedon the detectionof humanskin pixelsin color im-
agesby useof variousstatisticalcolor models. Somere-
searcherdiave usedskin color modelssuchas Gaussian
Gaussiarmixture or histogramgq12][10]. In mostexperi-
ments,skin pixels are acquiredfrom a limited numberof
peopleundera limited rangeof lighting conditions.

Unfortunately theillumination conditionsare often un-
known in anarbitraryimage,sothevariationin skin colors
is muchlessconstrainedn practice.Thisis particularlytrue
for webimagescapturedunderawide variety of conditions.
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However, givenallarge collectionof labeledtraining pixels
includingall humanskin (Caucasiandfricans,Asians)we
canstill modelthe distribution of skin andnon-skincolors
in the color space.RecentlyJonesand Rehg[9] proposed
techniquesdor skin color detectionby estimatingthe distri-
bution of skin and non-skincolor in the color spaceusing
labeledtrainingdata. The comparisorof histogrammodels
and Gaussiarmixture density modelsestimatedwith EM
algorithmwasanalyzedor the standard24-bit RGB color
space.The histogrammodelswerefoundto be slightly su-
perior to Gaussiarmixture modelsin termsof skin pixel
classi®catiorperformancdor this color space.

A skin detectionsystemis never perfectand different
usersusedifferentcriteriafor evaluation. Generalappear
ance of the skin-zonesdetected,or other global criteria
might beimportantfor further processingFor quantitatve
evaluation,we will usefalsepositvesanddetectionrates.
Falsepositive rateis the proportionof non-skinpixelsclas-
si®ed as skin and detectionrate is the proportionof skin
pixels classi®edas skin. The usermight wish to combine
thesetwo indicatorshis own way dependingn the kind of
errorheis morewilling to afford. Hencewe proposea sys-
tem wherethe outputis not binary but a oating number
betweenzeroand one, the larger the value, the larger the
belief for a skin pixel. The usercanthenapplyathreshold
to obtainabinaryimage.Error ratesfor all possiblethresh-
olding are summarizedn the Recever OperatingCharac-
teristic(ROC) curve.

We have in our handsthe publicly available Compagq
Databas49]. It is a catalogof almosttwentythousandm-
ages. Eachof themis manually sggmentedsuchthat the
skin pixelsarelabelled. Our goalis to infer a modelfrom
this setof datain orderto performskin detectionon new
images.

1.2 Methodology

Maximum Entropy Modeling (MaxEnt)is a methodfor in-
ferring modelsfrom a dataset. See[7] for the underly-
ing philosophy It works as follows: 1) chooserelevant



features?) computetheir histogramson the training set3)
write down the maximumentropy modelwithin the ones
that have the featurehistogramsas obsered on the train-
ing set4) estimatethe parametersf the model5) usethe
modelfor classi®cation. This plan hasbeensuccessfully
completedfor several tasksrelatedto speechrecognition
andlanguageprocessing.Seefor example[1] andtheref-
erencegherein. In theseapplicationthe underlyinggraph
onwhich the modelis de®nedis aline graphor evenatree
butin all casest hasnoloops.Whenworking with images,
the graphis the pixel lattice. It hasindeedmary loops. A
breakthroughappearedvith the work in [21] on texture
simulationwherel) 2) 3) 4) wasperformedfor imagesand
5) replacedy simulation.

We adapto skindetectiorasfollows: in 1) we specialize
in colorsfor onepixel andtwo adjacenpixelsgiven*“skin-
ness”. In 2) we computethe histogramof thesefeatures
in the Compagmanuallysegmenteddatabase Modelsfor
3) aretheneasilyobtained.In 4) we usethe Bethtreeap-
proximation,see[16]. It consistsn approximatingocally
the pixel lattice by a tree. The parameter®f the MaxEnt
modelsarethenexpressedanalytically asfunctionsof the
histogram®f thefeaturesThisis a particularityof ourfea-
tures. In 5) we pursuethe approximationin 4): we usethe
Belief Propagatioralgorithm, see[18], which is exactin
treegraphbut only approximatvein loopy graphs.

Indeed,one of us had alreadywitnessedn a different
contet thattree approximationto loopy graphmight lead
to effective algorithms,see[6].

The main practicalcontribution of this paperis to pro-
posea reasonablyquick skin detectionalgorithmthat out-
performthe standarimethod.

Therestof the paperis organizedasfollows: in section
2, we detail the featuresusedand computethe associated
MaxEntmodels.In section3 we presenthe Bethetreeap-
proximationandthe relatedBelief Propagatioralgorithm.
Section4 is devotedto experimentsand comparisonsvith
alternatve methods Finally, theconclusionis in section5.

2. Maximum Entr opy Models

2.1 Notations

Let's ®x the notations. The setof pixels of animageis
Thecolor of apixel is . Itisa3dimensionalvec-
tor, eachcomponenbeing codedon oneoctet. We notate
. The"skinness”of apixels,is  with
if sis a skin pixel and if not. The color
image,which is the vectorof color pixels,is notated and
thebinaryimagemadeup of the 'sis notated .
Let'sassumdor amomenthatwe knew thejoint proba-
bility distribution of thevector , thenBayesian
analysistells usthat, whatever costfunctionthe usermight
think of, all that is neededis the posterior distribution

Fromthe users point of view, the usefulinformationis
containedin the one pixel maminal of the posterior that
is, for eachpixel, the quantity , quantifying
the belief for skinnessat pixel In practicethe model

is unknawn. Instead we have the segmentedCom-
paqDatabaselt is acollectionof samples

wherefor each , is a colorimageand
is the associatedinary skinnessimage. We assumethat
thesamplesareindependentdf eachotherwith distribution
. The collection of samplesis referredlater asthe

training data. Probabilitiesareestimatedyy usingclassical
empiricalestimatorsandaredenotedwvith theletter .

In whatfollows, we build modelsfor the probability dis-
tribution of the skinnessmagegiventhe colorimageusing
maximumentropy modeling.

2.2 BaselineModel

First, we build amodelthatrespectshe onepixel mamginal

obsenedin the CompagDatabaseThatis, for eachimage
, considerthe setof probability distributions over binary

imagesde®nedon thesamegrid asx thatverify:

In this expressionthe quantityon the right sideis the pro-
portion of pixelswith label , amongthe oneswith color

in the training data. For each , The MaxEnt solution
under , using Lagrangemultipliers is the following
independeninodel:

1)

This modelis the mostcommonlyusedmodelin the liter-
ature[12][10]. We will useit asa baselinefor evaluating
subsequennodels.

2.3 Hidden Mark ov Model (HMM)

The baselinemodelis certainly too loose and one might
hopeto get betterdetectionresultsby constrainingit to a
modelthattakesinto accounthefactthatskinzonesarenot
purely randombut are madeof large regionswith regular
shapesHence ,we ®x the mamginalsof for all the neigh-
boring pixels couples.We use4-neighborsystemfor sim-
plicity in all thatfollows. For two neighboringpixels and
, the proportionof timesthatwe obsene

shouldbe for and , thecorrespond-
ing quantitiesmeasuredn the training set. Hencelet us
de®nethefollowing constraints:



where arethe neighborsof . For eachimage , the
MaxEntmodelunder

is thenthefollowing Gibbsdistribution [15].

)

wherethe sumindexedby
neighborgixelsand

rangesover all pairsof
de®neg! parameterthat

shouldbe setup suchthat the constraints are satis®ed.

Thesign indicateshereandafterequalityupto afunction
thatdependspossiblyon but noton . This functionis
calledthe partitionfunctionin statisticalmechanics.

2.4. First Order Model (FOM)

The baselinemodel was built in orderto mimic the one
pixel mamginal of the posterior thatis asobsened
on the database.Then, in building the HMM model we
addedconstraintson the prior in orderto smooththe
model. Now, we constrainonce more the MaxEnt model
by imposingthe two-pixel mamginal of the posterior thatis

, for 4-neighbor and , to matchthoseob-
senedin thetrainingdata.Hencewe de®nefor eachimage

, thefollowing constraints:

The quantity is the proportionof times
we obsene the values for a coupleof neighboring
pixels amongthe couplesof neighboringpixels with color
values , regardlesf the orientationof the pixels
and in thetrainingset.

Clearly, for each , . Using
oncemorelLagrangemultipliers,thesolutionto the MaxEnt
problemunder is thenthe following Gibbsdistribu-
tion:

®3)

where are parametershat shouldbe
setup to satisfy the constraints. Assumingthat one color
can take values, the total numberof parameterss

2.5. Parameter Estimation

Parameterestimationin the context of MaxEntis still an
active researctsubject,especiallyin situationswherethe
likelihood function cannotbe computedfor a given value
of the parametersThis is the casehere,sincethe partition
function cannotbe evaluatedeven for very small sizeim-

ages. Oneline of researchconsistsin approximatingthe
modelin orderto obtainaformulawherethe partitionfunc-

tion nolongerappearsPseudo-lilkelihood[2], [4] andmean
®eld methodq20], [3] areamongthem.Anotherpossibility
is to usestochastigradientasin [19]. However, dueto the
largenumberof parameters the FOM model,thisis areal
challenge.

Moreover, recall that the quantitiesof interestfor the
usersarethe onepixel mamginal of the posterior thatis for
each the quantity . Thesequantitiesfor the
HMM modelaswell asfor the FOM arenoteasilyavailable
dueoncemoreto theimpossibility of evaluatingthe parti-
tion function. One hasthento usestochasticalgorithmas
theGibbssamplemhichis time consumingpr to rely onan
approximatenodel.

BetheTreeapproximatioris amodelapproximatiorthat
dealsbothwith parameteestimationandfastcomputingof
theonepixel maminal of the posterioraswe shallseenow.

3. Bethe Treeapproximation of Maxi-
mum Entr opy Models

3.1 Maximum Entropy Models in Tree
Graphs

The FOM de®nedin (3) is a Markov RandomField on the
non-orientecpixel graphwith 4-neighborconnectvity. Let

usassumedor now thatthis graphwasatree: thatis a con-
nectedgraphwithout loops. Then,the Maxentsolutionfor

®xed under would be

(4)
The proof is asfollows: we know from [11] thatary pair
wise MRF on atreegraphcanbewritten

(5)
where is theone-sitemaminalof and isit's
two-sitesmarginal.

Applying this resultto permitsto obtainthe

modelin equation4). By constructiorit isin . More-
overit hasthe sameform asthe onein equation(3) which
concludeghe proof.
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Figurel: Left: aBethetreeof depthl rootedat . Right:
aBethetreeof depth2 rootedat

Themainpointto bemadehereis thatthemodelin equa-
tion (4) is parameterfree. This modelwill be referenced
laterasTFOM for TreeFirst OrderModel.

Still assuminghatthegraphis atree,theMaxEntmodel
under can be derived from the onein equation(4)
by assumingconditionalindependencethat is, for each
couple of neighboringpixels,

, leadingto

(6)

As themodelin (4), thisoneis parametefree. It will be
referencedaterasTHMM for TreeHiddenMarkov Model.
Goingfurther, andassuminghatthe prior is madeof inde-
pendenandequallydistributedcomponentspnecanderive
from equation(6) thatthe MaxEntsolutionunder for
treegraphcoincideswith the Baselinemodelfor theimage
latticegivenin equation(1).

3.2 BetheTreeApproximation

Bethetree are namedafter the physicistH.A. Bethewho

usedtreesin statisticalmechanicsproblems. They have

beenintroducedn computewisionasaway of approximat-
ing estimatorsn Markov Randonfield modelsin [16]. We

shallrevisit thiswork in connectiorwith maximumentropy

models.

The key ideais to provide a tree that approximatedo-
cally the pixel lattice. More precisely for eachpixel , we
considemsequenceftrees of increasinglepth.
Theconstructioris asfollow: therootnodeof thetreeis as-
sociatedwvith . For eachneighbor of in thepixel-graph,
achild nodeindexedby is addto theroot node. This de-
®nes . Subsequentlyfor each , neighborof a neighbor
of , (excluding itself), agrandchildnodeindexedby is
addedto the appropriatechild node. This de®nes , and
soon,seg[16] for adetailedaccountAn importantremark
is that a single pixel might leadto several differentnodes
in thetree! For example s build with , the neighbors
of andthe neighborsof theses.Using 4-neighbors and
assuminghat is notin theborderof theimage this makes
up 13 pixels, but the associatedreehas17 nodes 4 pixels
beingreplicatedwice each,see®gurel.

3.3 Belief PropagationAlgorithm (BP)

Our aim is to computefor each pixel , the quantity
, for  onethe model above, and for
rangingfrom 1 to say5. This computationrcanbe doneex-
actly. Moreover, it canbe doneef®ciently usingthe Belief
PropagatiorAlgorithm (BP). This algorithmhasbeendis-
coveredin differentscienti®ccommunities.lt is calledBP
in A.l., Viterbi algorithmin the specialcaseof line graphs
and dynamicprogrammingin combinatorialoptimization.
Seg[18] andthereferenceshereinfor a detailedaccount.
For thegenericpairwisemodel

(7)

TheBP algorithmsconsistin computing times:

8
where arethe neighborsof . The quantities are
interpretecasa messageomingfrom to andareinitial-
izedwith thevalueone.We thenobtain:

(9)

4. Experiments

All experimentsaremadeusingthefollowing protocol. The
Compaqgdatabaseontainsabout18,696photographslt is
split into two almostequalpartsrandomly The ®rst part,
containingnearly 2 billion pixels is usedas training data
while the otherone,thetestset,is left asidefor ROC curve
computation.

4.1 BaselineModel

Thekey ingredientf the Baselinemodelin (1) arethetwo
3-dimensionhistograms, and
describingthe distribution of the color of a pixel for skin
regionsandnon-skinregionsrespectiely. We usedfor each
histogram  bins. Eachbin madeof  colorvalues.

Figure 2, Top Left is one of the testimages. It is a
large color imageof pixels. Top right is a grey
level image. The grey-level is proportionalto the quantity

evaluatedwith the Baselinemodel.Many non-

skin pixelsaredetected Figure 3 shovs ROC curvescom-
putedfrom 100images(morethan10 millions pixels),ran-
domlyextractedfrom thetestset. The Baselinemodel(with
crossespermitto detect of the skin pixelswith of
falsepositive rate. All the experimentsare performedon
a PC with a Pentium4 processoamt 1.7 Ghz and 256 MB
memory Theexecutiontime is givenfor a1000x100(ixel
image.lt is 0.9 seconddor the baselinenodel.



4.2 THMM Model

Resultfor the THMM modelin (6) andoneiterationof the
BP algorithmis presentedor a singleimagein ®gure 2.
The grey level is, asbefore,proportionalto the belief for
skin at pixel locations. We remarkthat the beliefs are al-
mostbinary. Bulk resultsarein ®gure 3 shaving uniform
improvementover the baselinemodel. We reportan in-
creaseof , from (baselinemodel)to (THMM
model)of the detectiorratefor the samefalsepositive rate.
This is measuredver a testset of morethan 10 millions
pixels not intersectingthe training set. The standardNor-
mal testfor proportionsindicatesthat underthe baseline
model,the con®dencenterval for thedetectiorrateis

. Thevalueof foundfor the THMM
modelis statisticallysigni®cant.In [8], we estimatedhepa-
rametersof the HMM modelusinga simulationtechnique
borroved from [17]. We shaved that the resultingmodel
was indeedvery closeto the THMM model. Moreover,
whenusinga Gibbssamplerto estimatethe probability for
skinatpixel locations we obtainedcomparableesultswith
the onesreportedhere,but with a runningtime increased
by a factor of morethanten. The executiontime for the
THMM is 14.2 secondgo be comparedwith 0.9 seconds
for thebaselinemodel.

4.3 TFOM Model

TheTFOM modelin (4) cannotbe usedasit is. Indeed the
quantities cannotbedirectly extractedfrom
the databasavithout drasticover-®tting. In effect the four
histograminvolved have a supportof dimensionsix, three
dimensiongor eachpixel. Hence somekind of dimension
reductionis neededWe have experimentedhefollowing:

(10)

Thatis, we assuméhatthecolor gradientat , measuredby
thequantity , is, giventhelabelsat and , indepen-
dentof theactualcolor . Evaluationof the right side of
thesign requiresto computeb histogramswith asupport
of dimensior3. Weuse  binsof 32 colorseach.

Resultfor this model with one iteration of the BP al-
gorithm s presentedor a singleimagein ®gure 2. Bulk
resultsarein ®gure 3 shawing slight but uniform improve-
ment over the THMM model. For example,the TFOM
model(with squarespermitto detect of theskinpixels
with of falsepositive rate. Computationatime is 14.4
secondgor a 1000x1000imagewhich is aboutthe same
asfor the THMM model. Increasingthe numberof itera-
tionsdidn't increasesigni®cantlythe overall performances.
Moreover, usingthe Gibbssampleror MeanField approx-
imation didn't improve the results. Detailed experiments
will be presenteelsavhere.

Figure2: Top left: original colorimage.Top right: result
for the Baselinemodel. Bottom left: resultfor the THMM
model.Bottom right: resultfor the TFOM model

An alternatieto theapproximatiorin (10)is thefollow-
ing:

(11)

where and arethegreylevelat and . Thejoint distri-
bution of colorsis replacedoy the moretractablejoint dis-
tribution of grey levels. However, theresultingROC curve
is not as good asthe one using the approximationin (10)
shawing thatthe color gradientfor skin might indeedcon-
tain usefulfeatures.

5. Summary and Conclusions

From the practicalpoint of view, we have derived several
algorithmfor skin detectionthat performuniformly better
thanthewide spreadcolor modelreferredhereasthe Base-
line model. The computationatime is increasedy abouta
factorten.

Moreover, we have shavn that the nowadayspopular
Maximum Entropy Modeling methodcan leadto an ef®-
cientalgorithmfor a supervisedmagesegmentationprob-
lem. We have usedextensiely the BetheTree methodthat
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Figure3: Recever OperatingCharacteristic§ROC) curve
for eachmodel. x-axis is the false positive rate, y-axis is
the detectionrate which is the complementto one of the
falsenggative rate. Baselinemodelis shavn with crosses,
THMM with triangleswhile TFOM is shovn with squares.

consistsan approximatingocally the loopy pixel lattice by
atreegraph.Thenaturalalgorithmfor assessingrobability
for skinatpixel locationsin this context is the Belief Propa-
gationalgorithm.Experimentatesultshave shovn thatit is
muchfasterthana stochasticamplingschemeasthe Gibbs
samplerlt compareslsofavorablyin termof performance
with the MeanField ApproximationMethod.

If asymptotigropertieof the Bethtreeapproximations,
i.e. letting the depthof the treetendto in®nity arerelated
to a well known approximationin statisticalphysics,[18],
we have witnessedn practicethatlarge treemodelsdo not
seemef®cient.
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