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Abstract
A novel approach for real-timeskinsegmentationin video
sequencesis described.Theapproachenablesreliableskin
segmentationdespitewidevariationin illuminationduring
tracking. An explicit secondorder Markov modelis used
to predictevolutionof theskincolor (HSV)histogramover
time. Histogramsare dynamicallyupdatedbasedon feed-
back from the current segmentationand basedon predic-
tionsof theMarkov model.Theevolutionof theskincolor
distributionat each frameis parameterizedby translation,
scalingand rotation in color space. Consequentchanges
in geometricparameterizationof thedistributionareprop-
agatedby warping and re-samplingthe histogram. The
parametersof thediscrete-timedynamicMarkov modelare
estimatedusingMaximumLikelihoodEstimation,andalso
evolveover time. Quantitativeevaluationof the method
was conductedon labeledground-truthvideo sequences
takenfrompopularmovies.

1 Intr oduction
Locating and tracking patchesof skin-colored pixels
throughan imagesequenceis a tool usedin many face
recognitionand gesturetracking systems[1, 4, 5, 7, 8,
9, 12, 13, 14]. An importantchallengeof any skin-color
tracking systemis to accommodatevarying illumination
conditionsthatmayoccurwithin animagesequence.Some
robustnessmay be achieved via the useof luminancein-
variant color-spaces[13, 7]; however, this methodcan
withstandonly changesthat skin-color distributions un-
dergowithin a narrow setof conditions.

Theconditionsthatwe areconcernedwith in this paper
arebroaderthanthoseassumedin many previoussystems.
In particular, we areconcernedwith threeconditions:1.)
time-varyingillumination,2.) multiplesources,with time-
varying illumination, and 3.) single or multiple colored
sources. Most previous skin segmentationand tracking
systemsaddressonly condition1, definedover a narrow
range(white light). Nevertheless,conditions2 and3 are
alsoimportant,andhaveto beaddressedin orderto build a
generalpurposeskin-colortracker. We will now list a few
commonscenariosthatmayleadto considerationof some,
all, or a combinationof theconditionscitedabove.

Considera persondriving a car at night. Illumination
from streetlights andtraffic lights will be at leastin part
responsiblefor thecolorappearanceof his/herskin. Hence

if wewantto build askincolor trackingsystemthatwould
be usedin surveiling the driver [10], we needto account
for varyingilluminant intensityandcolor.

Skin-color persontracking is also useful in indexing
multimediacontentsuchas movies. In this case,multi-
ple coloredlights with varyingintensityplay a directrole,
sincemany movies are filmed with theatricallighting to
dramatizetheeffectsof thescreenplay.

Still anotherexampleof time-varying color illuminant
is apparentin observinga personwalking down a corridor
with windows or lights thataresignificantlyspacedapart.
The color appearanceof the person's skin will smoothly
changeasthey move towardsandthenaway from various
light sourcesalongthecorridor.

Finally, it shouldbenotedthatit is notnecessaryto have
coloredlightsto achieveeffectsequivalentto thosethatoc-
cur with coloredlighting. Equivalent effects commonly
arisedue to surfaceinter-reflectance.For instance,con-
sidera personwalking down a corridor that hascolored
walls and/orcarpet,or a personwearingcolorful clothing.
Thesesurfacesreflectacolor tingeontotheperson'sskin.

Thesearea few examplesof applicationsthat motivate
our approach.Even thoughwe agreethat themajority of
everydaylighting effectsaredueto white light attenuation,
wehold thatit is importantto consideralternativesaswell,
in orderto havea robustskin-colortracker thatcanhandle
awidervarietyof environmentalconditions.

In this paperwe proposea new techniquethat allows
for a more generalrepresentationof skin-color. An ex-
plicit secondorderMarkov model is usedto predictevo-
lution of theskin color distribution over time. Histograms
aredynamicallyupdatedbasedon feedbackfrom thecur-
rentsegmentationandbasedon predictionsof theMarkov
model. The parametersof the discrete-timedynamic
Markov modelareestimatedusingMaximum Likelihood
Estimation,andalsoevolveover time. Quantitative evalu-
ationof themethodwasconductedonlabeledground-truth
videosequencestakenfrompopularmovies,andtheresults
areencouraging.

2 RelatedWork
In a studyof skin-colordistributionsconductedby Yang
and Waibel [13], three major conclusionswere found.
First, humanskin-colordistributions are clusteredin the
chromaticcolorspace;theskincolordistributionfor aper-
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son,regardlessof identityorethnicity, occupiesarelatively
smallareawithin thecolor space.Second,skin-colordif-
ferencesamongpeoplecanbereducedby intensitynormal-
ization. Third, undercertainlighting conditions,a skin-
color distribution can be characterizedby a multivariate
normaldistribution in thenormalizedcolorspace.

Therefore,undercertainconditionstheskin-colordistri-
butionof eachindividualcanbeexpressedasamultivariate
normaldistribution; however, parametersof the distribu-
tion canvary significantlywith peopleandlighting condi-
tions. This meansthat in order to build a systemthat is
generalenoughto modelandtrackdifferentpeople,or ro-
bustenoughto handleevenmodestvariationsin illumina-
tion conditions,wehavetoemploy analgorithmthatwould
adjusttheparametersof thedistributionaccordingly.

This insight aidedYangandWaibel [13] in the design
of their system.Their adaptationtechniqueuseda linear
combinationof previous parametersto estimatethe new
parametersfor themeanandcovarianceof themultivariate
Gaussiandistribution. Thealgorithmwasimplementedin
normalized

���������
color space,usingtheExpectationMax-

imizationalgorithm(EM).
In a similar real-timehumantrackingsystemproposed

by HafnerandMunkelt [5], skin color wasmodeledby a
2D normaldistributionin u andv componentsof Huv color
space. Unlike Yang and Waibel, exponential(insteadof
linear) functionswereusedin the weightedestimationof
theevolving distribution'sparameters.

Oliver and Pentland[7] built a real-time systemfor
trackingandclassificationof humanfaceandlip motion.
Spatialcoordinates

��	
�����
werecombinedwith

�
�������
nor-

malizedcolor componentsin a 4D featurevectorfor each
pixel. Thesefeatureswereusedasinput to an incremen-
tal EM algorithmthatdynamicallyestimatedtheGaussian
mixture modelsfor backgroundand foreground. Pixels
weregroupedinto skin-colorblobs. Kalmanfilters were
usedto filter spatialparametersfor eachblob.

Raja, et al., [8] developeda tracking systemthat em-
ployedGaussianmixturesto modelskin,clothesandback-
ground. It wasassumedthat a skin-colordistribution can
be modeledby a low orderGaussianmixture, wherethe
numberof componentsdoesnotchangeovertimeor overa
rangeof conditions.Thesystem'suseof thehue-saturation
colorspacemadeit robustto minor illuminantchanges.

In Birchfield's real-timeheadtrackingsystem[1], the
projectionof aheadin theimageplanewasmodeledby an
ellipse. Theintensitygradientneartheedgeof theellipse
andacolorhistogramrepresentingtheinteriorwereusedto
updatetheellipseparametersovertime. Useof (B-G,G-R,
B+G+R)colorspaceprovidedrobustnessto specularhigh-
lights,anduniformshiftsin whiteillumination. Useof his-
togramsmadeit moreversatile;however, thesehistograms
werestaticanddid notmodelvaryingillumination.

Darrell, et al. proposedan integratedapproachto real-
time persontracking that combineda numberof stereo,

color, andneuralnet basedapproachesfor facedetection
[4]. Unlike othersystemsdescribedthusfar, this system
employedstereoviews,andhencetendedto bemorestable
androbust to occlusions. The authorsempirically found
that skin-color can be modeledas a single Gaussianin
RGB “log color opponent”space,andemployedthis rep-
resentationin theirapproach.

Name-It,a systemfor finding facesin newscastvideo,
employeda normalized

�
�������
spacefor skincolor tracking

[9]. A singleGaussianmodelwith standardBayesianclas-
sifier wasusedfor skin/non-skinpixel classification.An
eigenvectorbasedtechniquewasusedto detectfaces.

In summary, techniquesthatadaptthecolordistribution
overtimeperformmuchbetter. All systemsemploy acolor
spacerepresentationthat providesrobustnessto illumina-
tion variation.Somesystemsaddshapeor blobconstraints
to furtherimprovetracking.Weproposeasystemthatgoes
evenfurther, by employing predictiveadaptationin mod-
eling thecolor distribution over time. As will beseen,ac-
curatepredictionscanleadto a bettersegmentationunder
varyingilluminationconditions.

3 Overview of Approach
Thegoalis to trackamoving skin-colordistributionasde-
finedby anadaptivecolorhistogramin colorspace.Track-
ing is doneby predictingthefutureparametersof thedistri-
butionandapplyingawarpingonthedistributionbasedon
thosepredictions.Thealgorithmhasthreestages:initial-
ization,learning,andthensteady-stateprediction/tracking.

The initialization stagesegmentsthe first frameof the
imagesequenceto give an initial estimatefor the skin-
color distribution to be tracked. This is doneby usinga
two-classBayes'classifier. Theprior histogramsusedfor
classificationareprecomputedoff-line usingthe database
providedby JonesandRehg[6]. The resultingcrudees-
timateis thenrefinedwith binary imageprocessing.The
final resultof theinitializationphaseis thebinarymaskfor
theskincolor regionsto betracked.

ThelearningstageusesanEM processoverthefirst few
framesin thevideosequence.At eachframe,theestima-
tion stepis histogram-basedsegmentationand the maxi-
mizationstepis histogramadaptation.Thisprocessdefines
theevolutionof thedistribution in discretetime. Theevo-
lution of the distribution is implicitly definedin termsof
translation,rotation, and scalingof the samplesin color
space.Thetransformationparametersareeasilyestimated
via standardstatisticalmethods. Given the evolution of
parameters,we canestimatethemotionmodelfor thedis-
tribution,andhencepredictfurtherdeformations.Themo-
tion modelthatweusefor thepredictionsis asecondorder
discrete-timeMarkov model.TheMarkov modelparame-
tersareestimatedby maximumlikelihoodestimation.

Oncea motionmodelis learnedwe proceedto thepre-
diction/trackingstage.At thisstage,in additionto segmen-
tation anddistribution estimation,changesin translation,
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scalingandrotationof thedistribution arepredictedgiven
the Markov model estimatedin the learningstage. The
parametersof Markov modelarere-estimatedover timeas
well. By predictingparametricchanges,wecangetabetter
estimateof thetruedistributionat thenext timestep.Even
thoughadaptive histogramsareusedfor segmentation,we
cannotapplythepredictionsto thehistogramsdirectlydue
to theproblemswith resolutionandsampling.Insteadthe
predictionsarepropagatedvia a transformationappliedon
the samplesdirectly. The newly transformedsamplesare
usedto estimatethehistogramat thenext frame.

Eachof thethreebasicstagesof thealgorithmwill now
bedescribedin greaterdetail.

4 Initialization
Thefirst stageof thesystemis designedto give an initial
estimatefor thelocationof theforeground(skin)andback-
ground(non-skin)regionsin the first frameof the image
sequence.This is achievedby segmentingthefirst frame,
with histogram-basedconditionalprobabilitydistributions
for thetwo classesthathavebeenobtainedoff-line.

4.1 Prior Histogram Learning
Histogramsfor the skin andbackgrounddistributionsare
learnedoff-line from a databaseprovided by Jonesand
Rehg[6]. The databasecontains4675skin imageswith
correspondingmasksand8965non-skinimages.All im-
ageswerecollectedfrom theworld wide webandskin re-
gionswerelabeledby hand.

Following [6], histogram-baseddistributionswerecom-
putedata ��������������� bin resolutionin RGBcolorspace.
Resultsobtainedin [6] showedthat ��������������� bin his-
togramsarenot only sufficientbut aresuperiorin theseg-
mentationto thefully-ranked ��������������������� histograms.
Conditionalprobability densitieswereobtainedby divid-
ing the countof pixels in eachhistogrambin by the total
numberof pixels in thehistogram.Theconditionaldensi-
ties will bedenoted� �
������ !"��� , and � �
�����# �$��� ,where

!"�
denotesforeground,

�$�
background,and

�%���'&)(+*
.

4.2 Skin SegmentationUsingPrior Histograms
Using Bayes' formula, we can compute � �,!"�- �����.� and� �/�$�0 �����1� . The classificationboundarycan be drawn
wherethe the ratio of � �/!"�0 �����.� and � �,�$�- �%���.� exceeds
somethreshold2 thatis basedona relativerisk factoras-
sociatedwith misclassification.For example

243 � �/!"�0 �����.�� �,�$�- �����.�65 � �
�����# !"��� � �/!"���� �
������ �$��� � �/�$��� (1)

correspondstopixelvalue
�����

beinglabeledasforeground.
Rearrangingterms

27� 8:9 � �,!"���� �/!"��� 3 � �
�����# !"���� �������# �$��� � (2)

where � �,!"��� is theprobabilityof anarbitrarypixel in an
imagebeingskin. Clearly this probabilitywill vary from
imageto image,but givena largeenoughdatasetwe can
comeup with the aggregateprobability that canserve as
ourbestestimate.In our trainingdatabase,� �/!"��� 5<;�= ;�> .

Given � �,!"��� , we can now empirically establishthe
threshold2 . Oneof thestandardwaysof determiningthe
thresholdis by computinga Receiver OperatingCharac-
teristic (ROC) curve. TheROC curvesin Fig. 1 show the
tradeoff betweenthetruepositivesandfalsepositivesfor
variouspossiblesettingsof thedecisioncriterion 2 .
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Figure1: AverageROC curves (computedover threerandom
setsof 100imagesexcludedfrom trainingdata)for skinsegmen-
tationasafunctionof threshold? . Thex-axiscorrespondsto the
probabilityof falsedetection,andthey-axisto theprobabilityof
correctclassification.

A thresholdwaschosensuchthat at least85% correct
classificationis achievedwhile having under25%chance
of falsealarm.Thischoicewasmadein light of [6] andthe
factthattheoptimalvaluefor thethresholdshouldlay near
the bendof the ROC curve. The selectedthresholdwas2 5<;�= ; � . Thiswasconsistentacrossa numberof trials.

The resultof the pixel classificationschemeabove is a
binaryimagemaskin which0'scorrespondto background
pixels,and1's to foregroundpixels. In orderto minimize
noiseeffects,we employ sizeandholefiltering beforethe
binarymaskis passedto thelearningstageof thesystem.

5 Learning
Thusfar, only aggregatestatisticshave beenemployed in
segmentation.However, our ultimategoal is to learn the
statisticsthat arespecificto the imagesequenceat hand.
Themaskfor thefirst frameof thesequence(providedby
theinitialization)is agoodinitial estimateof skinandnon-
skin regions. The pixels from thoseregionscanbe used
to re-estimatehistogramsfor foregroundandbackground.
Thenew histogramsaresequence-specific,andhenceare
betterestimates.Thenew sequence-specificvaluefor the� �/!"��� is alsore-estimatedbasedon theimagemask.

However, usingstatichistogramsfor theimagesequence
in which thedistributionconstantlychangesis inappropri-
ate; hence,we employ an adaptive histogramschemeto
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facilitatethe trackingof the distributions. From the fore-
groundandbackgrounddistributionsobservedoveranini-
tial sequenceof frames,sequence-specificmotionpatterns
are learned. A second-orderMarkov processis usedto
modelevolution of the color distributionsover time. The
formulationwill now bedescribedin greaterdetail.

5.1 Color Spacefor Skin-Color Tracking
An importantaspectof any skin-color trackingsystemis
choosinga color spacethat is relatively invariantto minor
illuminant changes.The two most popularcolor spaces
thathave provedto berobust to minor illuminant changes
areHSV andnormalizedRGB.In preliminaryexperiments
we foundthatHSV color spaceis muchbettersuitedthan
normalized

���������
for estimationand prediction of skin-

colordistributionevolutionin imagesequencestakenfrom
entertainmentvideosandmovies.

The only disadvantageof the HSV color spaceis the
costlyconversionfrom standardRGB source.We handled
thisproblemby quantizingtheHSV spaceinto (64x64x64)
RGBto HSV lookuptable.To gaina uniformsamplingof
thecolorspace,eachof theHSV colorchannelsis normal-
ized to floating point valuesbetween0 and 1, given the
expectedrangeof HSV values.

5.2 Histogram Representationof Distributions
Skin color, even thoughclusteredin space,cannotbead-
equatelyrepresentedasa singleGaussianin general.The
mixture of Gaussiansrepresentationis much more pow-
erful. With a small numberof mixtures,evaluationand
updatesof theprobabilitydensityfunctioncanbedonein
real time. However, assoonasmoremixturesareneeded
for representation,thisapproachbecomesinfeasible.

Onemajoradvantageof thehistogramrepresentationis
that theprobabilitydensityfunctioncanbeevaluatedtriv-
ially regardlessof thecomplexity of theunderlyingdistri-
bution. Anotheradvantageis histogramgenerality. The
main disadvantageis that histogramsin generalare bad
for representingsparsedata,whereonly a fraction of the
necessarysamplesis available. This canbedealtwith via
interpolationor Gaussianfiltering of thehistogram.

We will assumethat thereareenoughsamplepixels to
provide a good samplingfor the underlyingdistribution.
This is a reasonableassumptiongiventhatskin-colorpix-
els of any particularpersonarecloselyclusteredin HSV
color space[11]. In addition, the recursive natureof the
adaptivehistogramalgorithmrequiresuseof samplesfrom
more than one frame; therebyincreasingthe numberof
samplesusedin estimatingthedistributionatany time.

5.3 Motion of Distributions
As mentioned earlier, skin-color distributions tend to
evolve over thesequenceof observedframes. In orderto
modelandpredict this evolution, we needto make some

assumptionsaboutthe typesof motionsthat distributions
canundergoin thecolor space.

One assumptionis that skin-color distribution evolves
asawhole;thus,therecannotbeany localdeformationsor
evolutionsin the distribution. Furthermore,global defor-
mationsof thedistributionareassumedto beaffine. These
decisionsarebasedon observationsmadein goodnessof
fit studies[11]. To further simplify our predictionmodel
we constrainourselvesto the threemostsignificantaffine
transformations:translation,rotationandscaling.We em-
ploy aneight-parametervectordefinedasfollows:@ 5BA
C � A0D � A * �FE C �FE D �FE * �HG��$I (3)

whereA0J aredifferentialtranslation,
E J differentialscaling,

and
G

and
I

aredifferentialanglesof sphericalrotationap-
pliedaboutthemeanof theskin-colordistribution.

5.4 Estimating Distribution Motion Parameters
TranslationparametersALK at time M can be extracteddi-
rectly from thedifferencein meansof theHSV skin-color
distributionhistogramfrom frame M 9N8 to M .

Scalingcan be extractedby consideringthe eigenval-
uesof thecovariancematrixof theskin-colordistribution.
Eigenvaluesrepresentthe relative scalingof the distribu-
tion alongtheprincipaldirectionsdefinedby theeigenvec-
torsof thecovariancematrix. Differentialscaling

E K along
theseprincipalaxesis theratioof thecorrespondingeigen-
valuesfor thetwo consecutiveframes.

It is assumedthat the incrementalrotationof thedistri-
bution is smoothandrelatively small. Given two coordi-
nateframesdefinedby theeigenvectorsof thecovariance
matricesof theskin-colordistributionsin thetwo consec-
utive frames,ourproblemis reducedto finding two angles
in thesphericalcoordinatespacecenteredat themeanthat
would align the two coordinatesystems.The first angle
canbefoundasfollows:G 5BOQP.R#S ��T CVU KXW CZY T CVU K �V� (4)

where
T CFU KXW C is theeigenvectorcorrespondingto thelargest

eigenvalueat time M 9[8 , and
T CVU K is theeigenvectorcorre-

spondingto thelargesteigenvalueattime M . Theaxisof ro-
tation \�] is foundvia thecrossproduct: \�] 5 T CFU KXW C � T CFU K .

Thisdefinestherotation ^ � \�] ��G�� thatwill align thecor-
respondingaxesof greatestvariation. This rotationwhen
appliedto

T D.U KXW C and
T * U KXW C will put themin theplaneper-

pendicularto
T CVU K . In order to align the axesdefinedbyT D1U KXW C and

T D.U K aswell as
T * U KXW C and

T * U K we needto apply
a rotationabout

T CFU K . Theangleof this secondrotationisI 5_OQP.R#S ��� ^ � \ ] ��G�� Y T D.U KXW C � Y T D1U K � .
5.5 Distribution Dynamical Model
In orderto estimateandpredicttheskin-colordistribution
over time we needto formalizea dynamicmotionmodel.
It hasbeenshown thataffinemotioncanbefully expressed

4



in termsof anauto-regressiveMarkov process[2]. A sec-
ondorderdynamicalprocesshandlesbothoscillatoryand
arbitrarytranslationalmotion. We will now formulatethe
discretesecond-orderMarkov processthatwill beusedin
oursystem.Theformulationfollows[2].

First, we define the ` -dimensionalstate vector a ,
whichin ourcaseis aneight-dimensionalparametervector
(Eq.3). Thesystem'ssecond-orderdynamicsis definedby
a stochasticdifferentialequation[2]. The stochasticpor-
tion of the dynamicsis modeledby zeromean,unit vari-
ance ` dimensionalBrownian motion. For our applica-
tion, weutilize thediscrete-timemodel:b a�c 9edaa�c�f C 9gdaih 5 b ; jkmlnk C h b a�c W C 9odaa�c 9oda h�p b ;qsr cth = (5)

The meanvector
da correspondsto the observed mean

displacementin eachof the eight affine parameters.The`u�v` submatrices
k l

and
k C govern the deterministic

part of the motion model,whereassubmatrix
q

governs
thestochasticpart.Rearrangingtermsyields:a�c�f C:5 kml a�c W C p k C a�c p � j 9 kml 9 k C � da p qsr c = (6)

5.6 Learning Parametersfor Dynamical Model
An algorithmfor learningthe parametersof theproposed
second-orderMarkov dynamicalmodelis needed.Thepa-
rametersto be learnedare

kwl
,
k C , and

q
. Unfortunately

it is impossibleto observe
q

directly; insteadwe observex 5 qyq{z
. We can estimatetheseparametersusing a

standardMLE algorithmdescribedin [3]. This algorithm
is usedwith minor modificationsasdescribedin [11].

The eight parametersare treatedas independentvari-
ables,allowing us to estimatethe motion modelparame-
terswith fewerobservationframesthanwouldberequired
in the fully-coupledeight-dimensionalcase. In this case,
the minimum numberof observation framesrequiredfor
learningis four. However, morerobust performancecan
beachievedby consideringmoreframes.In experiments,
bestresultswereachievedwith | 5~} to � ; . For a real-
timeNTSCvideostream,learningtakeslessthanonesec.

5.7 Histogram Adaptation
Adaptive histogramscombine predictionsand observa-
tions. In our system,color histogramsarefirst normalized
to obtainestimatesof the actualprobabilitydensityfunc-
tionsof theskinandbackgrounddistributionsathand.Up-
datesto histogrambinsaremadevia thefollowing model:� J
U �$U � � M � 5 � 8w9 O � � J�U �HU � � M 9N8 � p � O � �v���1�J�U �HU � (7)

wherei, j, andk designatethebin underconsiderationandO is a scalarbetween0 and1 that allows us to adjustthe
speedof adaptation.The histogram

� ���1� is predictedby
thesecond-orderMarkov modelasdescribedabove. Opti-
malvaluesof theadaptationparameterO canbedetermined
empirically, asdiscussedin Sec.7.

6 Prediction and Tracking
Theprediction-trackingphaseis anextensionof thelearn-
ing phasewith one additional construct: the prediction
module.Thismodulepredictsthefuturedeformationsthat
thedistribution will undergo,andhencemakesit possible
to segmentthefutureframewith amoreaccurateestimate.

The predictedchangesin the translation,rotation,and
scalingof the distribution arepropagatedby warpingall
color vectorsmaking up the histogramdistribution, and
then re-samplingit. The new re-sampleddistribution is
thenusedto segmentthe next frame, insteadof the pre-
viousobservationaswasdonein thelearningphaseof the
system.Therestof thesystemperformssameasbefore.

6.1 Evolution of Dynamical Model
It is reasonableto assumethatnot only cana distribution
evolve over time, but in addition the processthat guides
theevolution maychangealso. This is especiallytrue for
longsequenceswherevariousilluminationchangesareex-
pected. In order to handlethis, we re-train the motion
modelasnew databecomesavailable. We alwaysusethe
last | framesto learnthemotionmodel,henceatany given
time M themodelwill beextractedfrom ( M 9 | 9 � =%=1= M 9 � )
framesinclusively. FramesM 9�8 and M definetheparameter
statevector, andareusedto predictthefutureparameters.

7 Finding Optimal Adaptation Coefficients
As describedin Eq. 7, eachadaptive histogramhasa sin-
gle adaptationparameterO�5�� ; � 8.� thatcontrolstheadap-
tation speed. An adaptationcoefficient of O�5�; corre-
spondsto a fully in-adaptive histogram,whereasOi5 8
yieldsamemorylesshistogramrepresentationthatis fully-
adaptive. Sincewe have two histogramsthat we usefor
two correspondingclasses,thereare two adaptationpa-
rametersthat have to be estimated,O��1� and O��,� , for our
system.Theseparameterscanbedeterminedempirically,
asis demonstratedin thefollowing example.

We proceedwith establishingthe optimal foreground
adaptationby fixing thebackgroundat O��,��5g; andvary-
ing O �%� over its entireeffective rangewhile recordingthe
resultsof segmentationoneachof thethree75framelearn-
ing sequences.The resultingsegmentationis then com-
paredwith the handlabeledgroundtruth datain orderto
evaluatetheperformance.Performanceis evaluatedusing
two criteria: thedeterminantof theconfusionmatrixanda
receiveroperatorcharacteristic(ROC)curve.

Fig. 2 showstheresultof theexperimentdescribed.The
adaptationcoefficient O��%� variesbetween0 and1 by acon-
stantdeltaof ;�= ; � . Thefirst graphshows thedeterminant
of theconfusionmatrixas OQ�%� varies.As canbeseenin the
graph,thereis a clearpeakthatoccursat O��%��5e;�= } . The
secondgraphshowstheeffectsof changingtheforeground
adaptationcoefficient on the ROC curve. The choiceofO �%� 5<;�= } is confirmedby theROCcurve.
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Figure2: Performanceasafunctionof theforegroundhistogram
adaptationfactor ���F� . Thetop graphplotsthedeterminantof the
confusionmatrix. Thebottomgraphshows theROCcurve.

In order to find the optimal adaptationfor background
we fix the O��1�{5�;�= } andrepeattheprocedurevaryingthe
valuesfor O��,� . Fig. 3 shows the two performancecurves
that wereconstructedto evaluatethe performanceof the
systemat eachof the testedvaluesfor O �,� . The graphs
areessentiallyflat. This canbe explainedin termsof the
training set, which consistsof sequenceswith only very
slowly moving background.In general,however we want
to beableto handlefastervaryingbackgrounds,andhence
wepick a reasonableadaptationvalueof O��,��5<;�= � ; .

Two observationsarisefrom this empiricalstudy. First,
adaptationof the foregroundis moresignificantthanthat
of the background,which agreeswith intuition. Theper-
sonin front of thecamerausuallymovesmuchfasterthan
the background;thus,the foregroundtendsto experience
a muchgreatervariationin its color distribution changes,
andhencerequiresa moreadaptive model. Second,even
thoughsegmentationusingadaptive histogramsperforms
betterthan the static segmentation( O �%� 5�; ), the fully-
adaptive ( O �%� 5 8

) setupis not ideal. Onereasonfor this
is noisethat is presentin thesegmentationprocessaswell
asin theinput. Thesemi-adaptivesystemsuggestedby the
empiricalstudy( O��1��5�;�= } � O����y5�;�= � ; ) tendsto bemore
robust.
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Figure 3: Performanceas a function of the backgroundhis-
togramadaptationfactor ���
� . Thetopgraphplotsthedeterminant
of theconfusionmatrix. ThebottomgraphshowstheROCcurve.

8 Experiments
To evaluatetheperformanceof our systemwe collecteda
setof 21videosequencesfromninepopularDVD movies.1

The sequenceswerechosento spana wide rangeof en-
vironmentalconditions. Peopleof differentethnicity and
variousskin tonesare represented.Somescenescontain
multiple peopleand/ormultiple visible body parts. Col-
lectedsequencescontainscenesshotbothindoorsandout-
doors,with staticandmoving camera.Thelighting varies
from naturallight to directionalstagelighting. Somese-
quencescontainshadowsandminor occlusions.Collected
sequencesvary in length from 50 to 350 frames; most,
however, arein the 70 to 100 framerange. Fig. 4 shows
exampleframesfrom thecollectedsequences.

All experimentalsequenceswere hand-labeledto pro-
vide thegroundtruth datafor algorithmperformancever-
ification. Every fifth frameof the sequenceswaslabeled.
For eachlabeledframe, the humanoperatorcreatedone
binary imagemaskfor skin regionsandonefor non-skin
regions (background). Boundariesbetweenskin regions
andbackground,aswell asregionsthathadnoclearlydis-
tinguishablemembershipin eitherclasswerenot included
in the masksandareconsidereddon't care regions. The
segmentationof theseregionswasnot countedduring the
experimentationor evaluationof thesystem.Fig. 5 shows
oneexampleframeandits ground-truthlabeling.

1Testsequences,resultsand labeledground-truthareavailablefrom
thewebsite:http://www.cs.bu.edu/groups/ivc/ColorTracking/.
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Figure4: Examplesframesfrom sequencesusedfor experimentation.

(a) (b)

(c) (d)

Figure5: Exampleof a labeledgroundtruth frame: (a) origi-
nal imagefrom a sequencein which a handis shown reaching
to lift a drinking glass,(b) correspondinglabeledgroundtruth
maskimagefor skin, (c) background,and(d) don't care regions.
Boundariesbetweenskin regionsandbackground,aswell asre-
gions that had no clearly distinguishablemembershipin either
classwere not includedin the masksand are considereddon't
care regions.

8.1 PerformanceExperiments

Theperformanceof thesystemwasevaluatedusingthede-
terminantof theconfusionmatrix criterion. Thedetermi-
nantof theconfusionmatrixwascomputedfor everyhand-
labeledframeof the sequence.To gainanaggregateper-
formancemetricfor thesequence,theaveragedeterminant
of theconfusionmatrixwascomputed.

For comparison,we measuredtheclassificationperfor-
manceof a standardstatic histogramsegmentationap-
proach[6] on thesamedataset. Thestatichistogramap-
proachimplementedusedthe sameprior histogramsand
thresholdasour adaptive system(seeSec.4.2). Thesame
binary imageprocessingoperationsof connectedcompo-
nent analysis,size filtering, and hole filtering were per-
formedto achievea fair comparison.

Theperformanceresultsareoutlinedin Table 1. Three
performancemeasureswere computed: correct classi-
fication of skin pixels, correct classificationof back-
groundpixels, and the determinantof the confusionma-
trix � T M � x � . With respectto the � T M � x � measure,out of
21 sequencesconsidered,16 performedbetterusing our
dynamicalapproach.An increasein performanceof up to

ClassificationPerformance
SequenceInfo Static Dynamic
# # frames skin bg ���V�$� �t� skin bg ���F�$� �t�
1 71 70.2 97.5 0.67 72.2 96.9 0.69
2 349 64.3 100 0.64 74.8 100 0.75
3 52 92.9 98.5 0.91 96.4 97.8 0.94
4 99 46.2 100 0.46 56.7 99.9 0.57
5 71 90.2 100 0.90 96.9 100 0.97
6 71 96.3 100 0.96 97.5 100 0.98
7 74 90.7 95.4 0.86 91.6 94.0 0.86
8 119 15.1 100 0.15 38.3 100 0.38
9 71 85.9 99.5 0.85 89.8 99.5 0.89
10 71 77.1 91.6 0.69 77.8 89.8 0.68
11 109 92.4 99.7 0.92 94.5 99.5 0.94
12 49 43.1 100 0.43 69.2 100 0.69
13 74 96.9 99.9 0.97 97.6 99.9 0.97
14 74 97.8 100 0.98 98.3 100 0.98
15 90 87.3 100 0.87 86.5 100 0.87
16 75 74.7 100 0.75 84.3 100 0.84
17 72 98.6 98.8 0.97 98.6 98.8 0.97
18 71 81.5 99.8 0.81 88.0 100 0.88
19 71 36.3 100 0.36 37.6 100 0.38
20 71 93.2 37.5 0.31 97.1 36.6 0.34
21 232 83.6 100 0.84 83.4 100 0.83
Average 76.9 96.1 0.73 82.2 95.8 0.78

Table1: Tableof performancefiguresfor the21 differentvideo
sequencesfrom popularDVD movies. The experimentscom-
paredclassificationaccuracy for thedynamicvs.statichistogram
approach.Threeperformancemeasureswerecomputed:correct
classificationof skin pixels,correctclassificationof background
pixels,andthedeterminantof theconfusionmatrix ���F�F� �t� .
25%wasobserved.Performanceincreaseof over10%was
observedon five sequences.Skin classificationrateswith
dynamichistogramswereasgoodor betterthanthestatic
histogramapproachin all cases.

Thefive sequencesthat failed to performbetter, hadan
insignificantperformanceloss.In all five failurecases,the
systemperformedno worsethan 1%. This performance
degradationwasdueto skin-likecolorpatchesappearingin

7



thebackgroundof initial framesof asequence.Recallthat
theseinitial framesareusedin in estimatingtheparameters
of theMarkov model(Sec.5).

Finally, we performeda setof experimentsto establish
systemstabilityovertime. For example,thegraphin Fig.6
shows systemperformanceon thelongestsequencein our
testset(349frames).
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Figure 6: Performanceof the dynamicalsystemover an ex-
tendedsequence.Thehorizontalaxis representstime, measured
in frames.Theverticalaxisrepresentstheperformancemeasured
by thedeterminantof theconfusionmatrix. Thedottedline corre-
spondsto theperformanceof thestatichistogramsegmentation,
andthesolid line to ourdynamicapproach.

As canbe seenfrom the graphin Fig. 6, the dynamic
approachwasconsistentlybetterthanthestaticmethodin
classifyingskin andbackgroundpixels.Not only doesour
systemperformover10%betterfor theentiresequence,it
is alsomorestable.Thestandarddeviationof performance
for oursystemwasmeasuredto be0.0375,whichis almost
ahalf of thestandarddeviationof 0.0630measuredfor the
staticsegmentationapproach.It shouldbe notedthat the
stabilityof our systemwasconsistentacrossexperiments.

In all of the above experiments,adaptationcoefficientsO��%��5 ;�= } and O��,�¡5 ;�= � ; weredeterminedonceoff-line
for a giventrainingsetasdescribedin Sec.7. Theadapta-
tion coefficientsremainfixedacrossall trials.

9 Discussion
As exhibited in the experiments,the proposedalgorithm
generallyperformsbetter than the competingstationary
histogramapproach.Themainadvantageof thenew tech-
nique is its stability to fairly rapid changesin the appar-
ent skin-colordueto illumination changes,surfaceinter-
reflection,andrapidchangesin background.

In generalwe noticedthat the final resultof our algo-
rithm dependsgreatly on the initialization phase. If the
algorithm is initialized with an over-segmentedregion it
generallyperformsmuchworsethanif it is initializedwith
an under-segmentedversionof the sameimage. This is
due to the way adaptationworks. In generaladaptation
facilitatesboundedregiongrowing. Initializationandsub-
sequentsegmentationaccuracy couldbe further improved

via theuseof shapeandblob-basedmotionconstraints[7],
and/ordomain-specificconstraintslike facedetection[9].

Furthermore,in ourexperimentstheforegroundadapta-
tion hada muchhigherimpacton thefinal systemperfor-
mance,asopposedto thebackgroundadaptation.Thiswas
trueevenfor sequenceswith slowly varyingbackgrounds.
It hasbeenobservedthat for many sequencesonecanget
awaywith averyinadaptivebackgrounddistribution,while
maintainingalmostthe sameerror rates,as long as fore-
groundadaptationstaysthesame.

Scenechangesare not explicitly modeledby our sys-
tem;however thesystemcanaccountfor slowly changing
dynamicscenesdueto the natureof the algorithm. As a
possiblefuture extensionto the systemwe are consider-
ing automaticre-initializationbasedon the thresholdfor
themagnitudeof changein thebackgroundandforeground
distributions. It is expectedthat this would make thesys-
temmorerobustto abruptsceneandilluminantchanges.
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