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Abstract

We considera sequenceof threemodelsfor skin detection
built froma largecollectionof labelledimages.Each model
is a maximumentropy model with respectto constraints
concerningmarginal distributions.Our modelsare nested.
The�r stmodelis well knownfrompractitioners. Pixelsare
consideredas independent.Thesecondmodelis a Hidden
Markov Model. It includesconstraints that force smooth-
nessof thesolution.Thethird modelis a �r st order model.
Thefull color gradientis included.Parameterestimationas
well asoptimizationcannotbetackledwithoutapproxima-
tions. We usethoroughlyBethetreeapproximationof the
pixel lattice. Within it , parameterestimationis eradicated
andthebelief propagationalgorithmpermitsto obtain ex-
act andfastsolutionfor skinprobability at pixel locations.
We thenassesstheperformanceon theCompaqdatabase.

1. Intr oduction
1.1. Skin Detection
Skindetectionconsistsin detectinghumanskinpixelsfrom
an image.Thesystemoutputis a binary imagede®nedon
thesamepixel grid astheinput image.

Skin detectionplaysan importantrole in variousappli-
cationssuchasfacedetection[13], searchingand®ltering
imagecontenton theweb[14][5]. Researchhasbeenper-
formedon thedetectionof humanskin pixels in color im-
agesby useof variousstatisticalcolor models. Somere-
searchershave usedskin color modelssuchasGaussian,
Gaussianmixture or histograms[12][10]. In mostexperi-
ments,skin pixels areacquiredfrom a limited numberof
peopleundera limited rangeof lighting conditions.

Unfortunately, the illumination conditionsareoftenun-
known in anarbitraryimage,sothevariationin skin colors
is muchlessconstrainedin practice.Thisis particularlytrue
for webimagescapturedunderawidevarietyof conditions.
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However, givena largecollectionof labeledtrainingpixels
includingall humanskin(Caucasians,Africans,Asians)we
canstill modelthedistribution of skin andnon-skincolors
in the color space.RecentlyJonesandRehg[9] proposed
techniquesfor skin color detectionby estimatingthedistri-
bution of skin andnon-skincolor in the color spaceusing
labeledtrainingdata.Thecomparisonof histogrammodels
and Gaussianmixture densitymodelsestimatedwith EM
algorithmwasanalyzedfor thestandard24-bit RGB color
space.Thehistogrammodelswerefoundto beslightly su-
perior to Gaussianmixture modelsin termsof skin pixel
classi®cationperformancefor this colorspace.

A skin detectionsystemis never perfectand different
usersusedifferentcriteria for evaluation. Generalappear-
anceof the skin-zonesdetected,or other global criteria
might beimportantfor furtherprocessing.For quantitative
evaluation,we will usefalsepositivesanddetectionrates.
Falsepositive rateis theproportionof non-skinpixelsclas-
si®ed as skin and detectionrate is the proportionof skin
pixels classi®edasskin. The usermight wish to combine
thesetwo indicatorshis own way dependingon thekind of
errorheis morewilling to afford. Hencewe proposea sys-
tem wherethe output is not binary but a �oating number
betweenzeroandone, the larger the value, the larger the
belief for a skin pixel. Theusercanthenapplya threshold
to obtainabinaryimage.Error ratesfor all possiblethresh-
olding aresummarizedin the Receiver OperatingCharac-
teristic(ROC) curve.

We have in our handsthe publicly available Compaq
Database[9]. It is a catalogof almosttwentythousandim-
ages. Eachof them is manuallysegmentedsuchthat the
skin pixelsarelabelled. Our goal is to infer a modelfrom
this setof datain order to performskin detectionon new
images.

1.2. Methodology
MaximumEntropy Modeling(MaxEnt) is a methodfor in-
ferring modelsfrom a dataset. See[7] for the underly-
ing philosophy. It works as follows: 1) chooserelevant
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features2) computetheir histogramson the trainingset3)
write down the maximumentropy model within the ones
that have the featurehistogramsasobserved on the train-
ing set4) estimatethe parametersof the model5) usethe
model for classi®cation. This plan hasbeensuccessfully
completedfor several tasksrelatedto speechrecognition
andlanguageprocessing.Seefor example[1] andtheref-
erencestherein. In theseapplicationthe underlyinggraph
onwhich themodelis de®nedis a line graphor evena tree
but in all casesit hasno loops.Whenworkingwith images,
thegraphis thepixel lattice. It hasindeedmany loops. A
breakthroughappearedwith the work in [21] on texture
simulationwhere1) 2) 3) 4) wasperformedfor imagesand
5) replacedby simulation.

Weadaptto skindetectionasfollows: in 1) wespecialize
in colorsfor onepixel andtwo adjacentpixelsgiven“skin-
ness”. In 2) we computethe histogramof thesefeatures
in the Compaqmanuallysegmenteddatabase.Modelsfor
3) aretheneasilyobtained.In 4) we usetheBeth treeap-
proximation,see[16]. It consistsin approximatinglocally
the pixel lattice by a tree. The parametersof the MaxEnt
modelsarethenexpressedanalyticallyasfunctionsof the
histogramsof thefeatures.This is aparticularityof our fea-
tures.In 5) we pursuetheapproximationin 4): we usethe
Belief Propagationalgorithm, see[18], which is exact in
treegraphbut only approximativein loopy graphs.

Indeed,one of us had alreadywitnessedin a different
context that treeapproximationto loopy graphmight lead
to effectivealgorithms,see[6].

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

Therestof thepaperis organizedasfollows: in section
2, we detail the featuresusedandcomputethe associated
MaxEntmodels.In section3 we presenttheBethetreeap-
proximationandthe relatedBelief Propagationalgorithm.
Section4 is devotedto experimentsandcomparisonswith
alternativemethods.Finally, theconclusionis in section5.

2. Maximum Entr opy Models
2.1. Notations
Let's ®x thenotations.Thesetof pixelsof an imageis

�

.
Thecolor of a pixel ���

�

is ��� . It is a 3 dimensionalvec-
tor, eachcomponentbeingcodedon oneoctet. We notate

	�
���
��������������������

. The”skinness”of a pixel s, is ��� with
���


 �

if s is a skin pixel and ���


!


if not. The color
image,which is thevectorof color pixels,is notated� and
thebinaryimagemadeupof the �

� 's is notated� .
Let'sassumefor amomentthatweknew thejoint proba-

bility distribution "$#%�

�

��& of thevector #'�

�

�(& , thenBayesian
analysistells usthat,whatevercostfunctiontheusermight
think of, all that is neededis the posterior distribution

"$#%��) �*& .
Fromtheuser's point of view, theusefulinformationis

containedin the one pixel marginal of the posterior, that
is, for eachpixel, the quantity "$#'� �


+�

) �*& , quantifying
the belief for skinnessat pixel � . In practicethe model

"$#%�

�

�(& is unknown. Instead,we have thesegmentedCom-
paqDatabase.It is acollectionof samples

�

#'�-,/.10

�

�2,/.101&

���������

#'�-,4350

�

�*,63501&

�

wherefor each
�87:9;7:<

, �

,6=40

is a color imageand �

,6=60

is the associatedbinary skinnessimage. We assumethat
thesamplesareindependentof eachotherwith distribution

"$#%�

�

�(& . The collectionof samplesis referredlater as the
trainingdata.Probabilitiesareestimatedby usingclassical
empiricalestimatorsandaredenotedwith theletter > .

In whatfollows,webuild modelsfor theprobabilitydis-
tribution of theskinnessimagegiventhecolor imageusing
maximumentropy modeling.

2.2. BaselineModel
First,we build a modelthatrespectstheonepixel marginal
observedin theCompaqDatabase.That is, for eachimage

� , considerthe setof probability distributionsover binary
imagesde®nedon thesamegrid asx thatverify:
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In this expression,thequantityon theright sideis thepro-
portionof pixelswith label �

� , amongthe oneswith color
�

� in the training data. For each � , The MaxEnt solution
under

?
@

#%�*& , using Lagrangemultipliers is the following
independentmodel:

"K#'�-) �*&
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��M�N

>�#%���5) �*��& (1)

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

2.3. Hidden Mark ov Model (HMM)
The baselinemodel is certainly too looseand one might
hopeto get betterdetectionresultsby constrainingit to a
modelthattakesinto accountthefactthatskinzonesarenot
purely randombut aremadeof large regionswith regular
shapes.Hence,we ®x themarginalsof � for all theneigh-
boringpixelscouples.We use4-neighborssystemfor sim-
plicity in all thatfollows. For two neighboringpixels � and

O

, theproportionof timesthatwe observe #'�
�
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�5R
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&

shouldbe >�#

P*��S

& for
P;
U
(���

and
SV
W
����

, thecorrespond-
ing quantitiesmeasuredon the training set. Hencelet us
de®nethefollowing constraints:
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where ZI#^�E& arethe neighborsof � . For eachimage � , the
MaxEntmodelunder

?

.
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X

is thenthefollowing Gibbsdistribution [15].
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wherethesumindexedby jW�

�

Olk

rangesoverall pairsof
neighborspixelsand

i

#%���

�

� R &

k




de®nes4 parametersthat
shouldbe setup suchthat the constraints

X

aresatis®ed.
Thesign b indicateshereandafterequalityupto afunction
that dependspossiblyon � but not on � . This function is
calledthepartitionfunctionin statisticalmechanics.

2.4. First Order Model (FOM)

The baselinemodel was built in order to mimic the one
pixel marginalof theposterior, thatis >�#%����) �A��& asobserved
on the database.Then, in building the HMM model we
addedconstraintson the prior "K#'�(& in orderto smooththe
model. Now, we constrainoncemore the MaxEnt model
by imposingthetwo-pixel marginalof theposterior, that is

"$#'���

�

�
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& , for 4-neighbor� and
O

, to matchthoseob-
servedin thetrainingdata.Hencewede®nefor eachimage

� , thefollowing constraints:
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The quantity >�#'�
�
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��Ro) �
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��Rp& is the proportionof times
we observe the values #'�

�

�

�5R1& for a coupleof neighboring
pixelsamongthecouplesof neighboringpixelswith color
values #'�

�

�

�2Rp& , regardlessof theorientationof thepixels �

and
O

in thetrainingset.
Clearly, for each � ,
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#%�*& . Using
oncemoreLagrangemultipliers,thesolutionto theMaxEnt
problemunder
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m

#%�*& is thenthe following Gibbsdistribu-
tion:
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areparametersthat shouldbe
setup to satisfy the constraints.Assumingthat onecolor
can take

���5v��

values, the total numberof parametersis
���5v��Iw[���5v��Iwx�;w[�

.

2.5. Parameter Estimation

Parameterestimationin the context of MaxEnt is still an
active researchsubject,especiallyin situationswherethe
likelihoodfunction cannotbe computedfor a given value
of theparameters.This is thecasehere,sincethepartition
function cannotbe evaluatedeven for very small size im-
ages. One line of researchconsistsin approximatingthe
modelin orderto obtainaformulawherethepartitionfunc-
tion nolongerappears:Pseudo-likelihood[2], [4] andmean
®eldmethods[20], [3] areamongthem.Anotherpossibility
is to usestochasticgradientasin [19]. However, dueto the
largenumberof parametersin theFOM model,this is areal
challenge.

Moreover, recall that the quantitiesof interestfor the
usersaretheonepixel marginal of theposterior, that is for
each � the quantity "K#'�(�


y�

) �*& . Thesequantitiesfor the
HMM modelaswell asfor theFOM arenoteasilyavailable
dueoncemoreto the impossibilityof evaluatingtheparti-
tion function. Onehasthento usestochasticalgorithmas
theGibbssamplerwhich is timeconsumingor to rely onan
approximatemodel.

BetheTreeapproximationis amodelapproximationthat
dealsbothwith parameterestimationandfastcomputingof
theonepixel marginalof theposterioraswe shallseenow.

3. BetheTreeapproximation of Maxi-
mum Entr opy Models

3.1. Maximum Entropy Models in Tree
Graphs

TheFOM de®nedin (3) is a Markov RandomField on the
non-orientedpixel graphwith 4-neighborconnectivity. Let
usassumefor now thatthis graphwasa tree: that is a con-
nectedgraphwithout loops. Then,theMaxentsolutionfor
®xed � under

?hm

#'�*& would be
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R
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L
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(4)
Theproof is asfollows: we know from [11] thatany pair-
wiseMRF ona treegraphcanbewritten
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where>�#%z{�o& is theone-sitemarginalof " and >�#%z5�

�

z
R

& is it' s
two-sitesmarginal.

Applying this resultto z




#%�

�

�(& permitsto obtainthe
modelin equation(4). By constructionit is in

	Vm

#'�*& . More-
over it hasthesameform astheonein equation(3) which
concludestheproof.
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Figure1: Left: a Bethetreeof depth1 rootedat � . Right:
aBethetreeof depth2 rootedat �

Themainpointto bemadehereis thatthemodelin equa-
tion (4) is parameterfree. This model will be referenced
laterasTFOM for TreeFirstOrderModel.

Still assumingthatthegraphis a tree,theMaxEntmodel
under

	

.

#'�*& canbe derived from the one in equation(4)
by assumingconditional independence,that is, for each
couple j|�

�

O}k

of neighboringpixels, >�#'���
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� R ) ���

�

� R &




>�#'�*��) ���o&p>�#'� R ) � R & , leadingto
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As themodelin (4), thisoneis parameterfree. It will be
referencedlaterasTHMM for TreeHiddenMarkov Model.
Goingfurther, andassumingthattheprior is madeof inde-
pendentandequallydistributedcomponents,onecanderive
from equation(6) thattheMaxEntsolutionunder

	C@

#'�A& for
treegraphcoincideswith theBaselinemodelfor theimage
latticegivenin equation(1).

3.2. BetheTreeApproximation
Bethetree are namedafter the physicistH.A. Bethewho
usedtreesin statisticalmechanicsproblems. They have
beenintroducedin computervisionasawayof approximat-
ing estimatorsin Markov RandomFieldmodelsin [16]. We
shallrevisit thiswork in connectionwith maximumentropy
models.

The key idea is to provide a tree that approximateslo-
cally thepixel lattice. More precisely, for eachpixel � , we
considerasequenceof trees~

�

.

�

~

�

m

�������

of increasingdepth.
Theconstructionis asfollow: therootnodeof thetreeis as-
sociatedwith � . For eachneighbor

O

of � in thepixel-graph,
a child nodeindexedby

O

is addto theroot node.This de-
®nes ~

.

. Subsequently, for each• , neighborof a neighbor
of � , (excluding � itself), a grandchildnodeindexedby • is
addedto the appropriatechild node. This de®nes~

m

, and
soon,see[16] for adetailedaccount.An importantremark
is that a singlepixel might leadto several differentnodes
in the tree! For example ~

�

m

is build with � , theneighbors
of � andthe neighborsof theses.Using 4-neighbors, and
assumingthat � is not in theborderof theimage,thismakes
up 13 pixels,but theassociatedtreehas17 nodes,4 pixels
beingreplicatedtwiceeach,see®gure1.

3.3. Belief PropagationAlgorithm (BP)
Our aim is to compute for each pixel � , the quantity

"$#%���{) �A�

�

�Q�|~(€5& , for " one the model above, and for •

rangingfrom 1 to say5. This computationcanbedoneex-
actly. Moreover, it canbedoneef®ciently usingtheBelief
PropagationAlgorithm (BP). This algorithmhasbeendis-
coveredin differentscienti®ccommunities.It is calledBP
in A.I., Viterbi algorithmin thespecialcaseof line graphs
anddynamicprogrammingin combinatorialoptimization.
See[18] andthereferencesthereinfor a detailedaccount.

For thegenericpairwisemodel
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TheBP algorithmsconsistsin computing• times:
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where ZI#

O

& aretheneighborsof
O

. The quantities…

� R are
interpretedasa messagecomingfrom

O

to � andareinitial-
izedwith thevalueone.We thenobtain:
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4. Experiments
All experimentsaremadeusingthefollowingprotocol.The
Compaqdatabasecontainsabout18,696photographs.It is
split into two almostequalpartsrandomly. The ®rst part,
containingnearly 2 billion pixels is usedas training data
while theotherone,thetestset,is left asidefor ROCcurve
computation.

4.1. BaselineModel
Thekey ingredientsof theBaselinemodelin (1) arethetwo
3-dimensionhistograms,>�#'����) ���


•�

& and >�#'�A�5) ���


y


&

describingthe distribution of the color of a pixel for skin
regionsandnon-skinregionsrespectively. Weusedfor each
histogram‘

���

bins.Eachbin madeof ‘

�

color values.
Figure 2, Top Left is one of the test images. It is a

largecolor imageof
v

‘

��w“’(��”

pixels. Top right is a grey
level image. The grey-level is proportionalto thequantity

"$#%���


•�

) �*& evaluatedwith theBaselinemodel.Many non-
skin pixelsaredetected.Figure3 shows ROC curvescom-
putedfrom 100images(morethan10millions pixels),ran-
domlyextractedfrom thetestset.TheBaselinemodel(with
crosses)permitto detect

v�’�•

of theskin pixelswith
��•

of
falsepositive rate. All the experimentsareperformedon
a PC with a Pentium4 processorat 1.7 Ghz and256 MB
memory. Theexecutiontimeis givenfor a1000x1000pixel
image.It is 0.9secondsfor thebaselinemodel.
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4.2. THMM Model

Resultfor theTHMM modelin (6) andoneiterationof the
BP algorithm is presentedfor a single imagein ®gure 2.
The grey level is, asbefore,proportionalto the belief for
skin at pixel locations. We remarkthat the beliefsareal-
mostbinary. Bulk resultsarein ®gure3 showing uniform
improvementover the baselinemodel. We report an in-
creaseof ‘

•

, from
v�’�•

(baselinemodel)to –

��•

(THMM
model)of thedetectionratefor thesamefalsepositiverate.
This is measuredover a testsetof more than10 millions
pixels not intersectingthe training set. The standardNor-
mal test for proportionsindicatesthat under the baseline
model,the

’�’�•

con®denceinterval for thedetectionrateis
—

v�”(� ’5˜`•™��v�’(� 
�v`•›š

. Thevalueof –

��•

foundfor theTHMM
modelisstatisticallysigni®cant.In [8], weestimatedthepa-
rametersof the HMM modelusinga simulationtechnique
borrowed from [17]. We showed that the resultingmodel
was indeedvery close to the THMM model. Moreover,
whenusinga Gibbssamplerto estimatetheprobabilityfor
skinatpixel locations,weobtainedcomparableresultswith
the onesreportedhere,but with a running time increased
by a factorof more than ten. The executiontime for the
THMM is 14.2 secondsto be comparedwith 0.9 seconds
for thebaselinemodel.

4.3. TFOM Model

TheTFOM modelin (4) cannotbeusedasit is. Indeed,the
quantities>�#'�

�

�

��R�) �
�

�

�5Ru& cannotbedirectlyextractedfrom
thedatabasewithout drasticover-®tting. In effect the four
histograminvolvedhave a supportof dimensionsix, three
dimensionsfor eachpixel. Hence,somekind of dimension
reductionis needed.We haveexperimentedthefollowing:

>�#'�A�
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�
R

) ���

�

�
R

&•œ_>�#%�*��) ���o&p>�#'�
RKž

�*��) ���

�

�
R

& (10)

Thatis, weassumethatthecolorgradientat � , measuredby
thequantity �2R

ž
�

� , is, giventhelabelsat � and
O

, indepen-
dentof theactualcolor �

� . Evaluationof the right sideof
thesign œ requiresto compute6 histogramswith asupport
of dimension3. We use ‘

���

binsof 32colorseach.
Result for this model with one iteration of the BP al-

gorithm is presentedfor a single imagein ®gure 2. Bulk
resultsarein ®gure3 showing slight but uniform improve-
ment over the THMM model. For example, the TFOM
model(with squares)permitto detect–

��•

of theskinpixels
with

��•

of falsepositive rate. Computationaltime is 14.4
secondsfor a 1000x1000imagewhich is aboutthe same
asfor the THMM model. Increasingthe numberof itera-
tionsdidn't increasesigni®cantlytheoverallperformances.
Moreover, usingtheGibbssampleror MeanField approx-
imation didn't improve the results. Detailedexperiments
will bepresentedelsewhere.

Figure2: Top left: original color image.Top right: result
for theBaselinemodel.Bottom left: resultfor theTHMM
model.Bottom right: resultfor theTFOM model

An alternativeto theapproximationin (10) is thefollow-
ing:
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&
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œ

>�#%z{�

�

z
R
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�

�
R

&

>�#^z
�

) �
�

&1>�#%z�R�) �5R1&

(11)

wherez5� and z
R arethegrey levelat � and

O

. Thejoint distri-
bution of colorsis replacedby themoretractablejoint dis-
tribution of grey levels. However, theresultingROC curve
is not asgoodas the oneusing the approximationin (10)
showing that thecolor gradientfor skin might indeedcon-
tainusefulfeatures.

5. Summary and Conclusions
From the practicalpoint of view, we have derived several
algorithmfor skin detectionthat performuniformly better
thanthewidespreadcolormodelreferredhereastheBase-
line model.Thecomputationaltime is increasedby abouta
factorten.

Moreover, we have shown that the nowadayspopular
Maximum Entropy Modeling methodcan lead to an ef®-
cientalgorithmfor a supervisedimagesegmentationprob-
lem. We have usedextensively theBetheTreemethodthat
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Figure3: Receiver OperatingCharacteristics(ROC) curve
for eachmodel. x-axis is the falsepositive rate,y-axis is
the detectionrate which is the complementto one of the
falsenegative rate. Baselinemodelis shown with crosses,
THMM with triangles,while TFOM is shown with squares.

consistsin approximatinglocally the loopy pixel latticeby
atreegraph.Thenaturalalgorithmfor assessingprobability
for skinatpixel locationsin thiscontext is theBelief Propa-
gationalgorithm.Experimentalresultshaveshown thatit is
muchfasterthanastochasticsamplingschemeastheGibbs
sampler. It comparesalsofavorablyin termof performance
with theMeanFieldApproximationMethod.

If asymptoticpropertiesof theBethtreeapproximations,
i.e. letting thedepthof the treetendto in®nity arerelated
to a well known approximationin statisticalphysics,[18],
we have witnessedin practicethat largetreemodelsdo not
seemef®cient.
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