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Abstract

A novel approad for real-timeskin sggmentationin video
sequenceis described Theapproad enableseliableskin
segmentatiordespitewidevariationin illuminationduring
tracking. An explicit secondorder Markov modelis used
to predictevolutionof theskincolor (HSV)histogramover
time Histogramsare dynamicallyupdatedbasedon feed-
badk from the current sggmentationrand basedon predic-
tions of the Markov model. Theevolution of the skincolor
distribution at eadh frameis parameterizedby translation,
scalingandrotationin color space Consequenthanges
in geometricparameterizatiorof thedistribution are prop-
agated by warping and re-samplingthe histagram. The
parametes of thediscrete-timedynamidviarkov modelare
estimatedusingMaximumLikelihoodEstimation andalso
evolve over time Quantitativeevaluation of the method
was conductedon labeled ground-truthvideo sequences
takenfrom popularmovies.

1 Intr oduction

Locating and tracking patchesof skin-colored pixels
throughan image sequenceas a tool usedin mary face
recognitionand gesturetracking systems|1, 4, 5, 7, 8,
9,12, 13 14]. An importantchallengeof ary skin-color
tracking systemis to accommodatevarying illumination
conditionghatmayoccurwithin animagesequenceSome
robustnessmay be achiesed via the useof luminancein-
variant color-spaces[13, 7]; however, this methodcan
withstandonly changesthat skin-color distributions un-
dergowithin anarrowv setof conditions.

The conditionsthatwe areconcernedvith in this paper
arebroadetthanthoseassumedn mary previoussystems.
In particular we are concernedwvith threeconditions: 1.)
time-varyingillumination, 2.) multiple sourceswith time-
varying illumination, and 3.) single or multiple colored
sources. Most previous skin sggmentationand tracking
systemsaddressonly condition 1, definedover a narrav
range(white light). Neverthelessconditions2 and3 are
alsoimportant,andhave to beaddresseth orderto build a
generalpurposeskin-colortracker. We will now list a few
commonscenarioshatmayleadto consideratiorof some,
all, or acombinationof the conditionscitedabove.

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

if wewantto build a skin colortrackingsystemhatwould
be usedin suneiling the driver [10], we needto account
for varyingilluminantintensityandcolor.

Skin-color persontracking is also useful in indexing
multimediacontentsuchas movies. In this case,multi-
ple coloredlights with varyingintensityplay a directrole,
sincemary movies are filmed with theatricallighting to
dramatizehe effectsof the screenplay

Still anotherexampleof time-varying color illuminant
is apparentn observinga personwalking down a corridor
with windows or lights thatare significantlyspacedapart.
The color appearancef the person$ skin will smoothly
changeasthey move towardsandthenaway from various
light sourcesalongthe corridor.

Finally, it shouldbenotedthatit is notnecessaryo have
coloredlightsto achieve effectsequivalentto 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 persorwearingcolorful clothing.
Thesesurfacegeflectacolortinge ontothe persons skin.

Thesearea few examplesof applicationghat motivate
our approach.Eventhoughwe agreethat the majority of
everydaylighting effectsaredueto white light attenuation,
we holdthatit is importantto considemlternatvesaswell,
in orderto have arobustskin-colortracker thatcanhandle
awidervarietyof ervironmentalconditions.

In this paperwe proposea new techniquethat allows
for a more generalrepresentatiorf skin-color An ex-
plicit secondorder Markov modelis usedto predictevo-
lution of the skin color distribution over time. Histograms
aredynamicallyupdatedbasedon feedbackirom the cur-
rentseggmentatiorandbasedn predictionsof the Markov
model. The parametersof the discrete-timedynamic
Markov modelare estimatedusingMaximum Likelihood
Estimation,andalsoevolve overtime. Quantitatve evalu-
ationof themethodwasconductedn labeledground-truth
videosequenceskenfrom populamovies,andtheresults
areencouraging.

2 RelatedWork

In a study of skin-colordistributions conductedby Yang
and Waibel [13], three major conclusionswere found.
First, humanskin-color distributions are clusteredin the
chromaticcolor spacetheskin color distribution for aper



son,regardles®f identity or ethnicity, occupiesarelatively
smallareawithin the color space.Secondskin-colordif-

ferenceamongpeoplecanbereducedy intensitynormal-
ization. Third, undercertainlighting conditions,a skin-
color distribution can be characterizedy a multivariate
normaldistributionin the normalizedcolor space.

Thereforeundercertainconditionsthe skin-colordistri-
butionof eachindividualcanbeexpressecdsamultivariate
normal distribution; however, parameter®f the distribu-
tion canvary significantlywith peopleandlighting condi-
tions. This meansthat in orderto build a systemthatis
generakenoughto modelandtrackdifferentpeople,or ro-
bustenoughto handleeven modestvariationsin illumina-
tion conditionswe haveto employ analgorithmthatwould
adjustthe parametersf thedistribution accordingly

This insight aided Yangand Waibel [13] in the design
of their system. Their adaptatiortechniqueuseda linear
combinationof previous parametergo estimatethe new
parameterfor themeanandcovarianceof themultivariate
Gaussiardistribution. The algorithmwasimplementedn
normalized(r, g) color spaceusingthe ExpectatiorMax-
imizationalgorithm(EM).

In a similar real-timehumantracking systemproposed
by Hafnerand Munkelt [5], skin color was modeledby a
2D normaldistributionin uandv componentsf Huv color
space. Unlike Yang and Waibel, exponential(insteadof
linear) functionswere usedin the weightedestimationof
theevolving distribution's parameters.

Oliver and Pentland[7] built a real-time systemfor
trackingand classificationof humanfaceandlip motion.
Spatialcoordinategz, y) werecombinedwith (r, g) nor
malizedcolor component$n a 4D featurevectorfor each
pixel. Thesefeatureswereusedasinputto anincremen-
tal EM algorithmthatdynamicallyestimatedhe Gaussian
mixture modelsfor backgroundand foreground. Pixels
were groupedinto skin-colorblobs. Kalmanfilters were
usedto filter spatialparameterfor eachblob.

Raja, et al., [8] developeda tracking systemthat em-
ployedGaussiamixturesto modelskin, clothesandback-
ground. It wasassumedhat a skin-colordistribution can
be modeledby a low order Gaussiammixture, wherethe
numberof componentsloesnotchangeovertime or overa
rangeof conditions.Thesystem$ useof thehue-saturation
color spacemadeit robustto minorilluminantchanges.

In Birchfield's real-time headtracking system[1], the
projectionof aheadin theimageplanewasmodeledby an
ellipse. Theintensitygradientnearthe edgeof the ellipse
andacolorhistogranrepresentingheinteriorwereusedo
updatetheellipseparametersvertime. Useof (B-G, G-R,
B+G+R)colorspaceprovidedrobustnesso speculahigh-
lights, anduniformshiftsin whiteillumination. Useof his-
togramamadeit moreversatilehowever, thesehistograms
werestaticanddid not modelvaryingillumination.

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

color, andneuralnet basedapproachegor facedetection
[4]. Unlike othersystemsdescribedhusfar, this system
employedstereoviews,andhenceendedo bemorestable
androbust to occlusions. The authorsempirically found
that skin-color can be modeledas a single Gaussianin

RGB “log color opponent”spaceandemployedthis rep-
resentationn theirapproach.

Name-It,a systemfor finding facesin newscastvideo,
employedanormalizedr, g) spaceor skin colortracking
[9]. A singleGaussiamodelwith standardBayesiarclas-
sifier was usedfor skin/non-skinpixel classification. An
eigervectorbasedechniquevasusedto detectfaces.

In summarytechniqueshatadaptthe color distribution
overtime performmuchbetter All system&mploy acolor
spacerepresentatiothat providesrobustnesgo illumina-
tion variation. Somesystemsaddshapeor blob constraints
to furtherimprovetracking.We proposea systenthatgoes
evenfurther, by employing predictiveadaptationin mod-
eling the color distribution over time. As will beseenac-
curatepredictionscanleadto a bettersegmentatiorunder
varyingillumination conditions.

3 Overview of Approach

Thegoalis to trackamoving skin-colordistribution asde-
finedby anadaptve color histogramin colorspace.Track-
ingis doneby predictingthefutureparametersf thedistri-
butionandapplyingawarpingonthedistribution basedn
thosepredictions. The algorithmhasthreestages:initial-
ization,learning,andthensteady-statprediction/tracking.
The initialization stagesegmentsthe first frame of the
image sequencdo give an initial estimatefor the skin-
color distribution to be tracked. This is doneby usinga
two-classBayes'classifier The prior histogramausedfor
classificatiorare precomputedff-line usingthe database
provided by Jonesand Rehg[6]. Theresultingcrudees-
timateis thenrefinedwith binary imageprocessing.The
final resultof theinitialization phasés thebinarymaskfor
theskin colorregionsto betracked.
ThelearningstageusesanEM proces®verthefirst few
framesin the video sequenceAt eachframe,the estima-
tion stepis histogram-basedegmentationand the maxi-
mizationstepis histogramadaptationThis processlefines
the evolution of thedistribution in discretetime. The evo-
lution of the distribution is implicitly definedin termsof
translation,rotation, and scaling of the samplesin color
space.Thetransformatiorparametersireeasilyestimated
via standardstatisticalmethods. Given the evolution of
parametersye canestimatehe motionmodelfor the dis-
tribution, andhencepredictfurtherdeformationsThe mo-
tion modelthatwe usefor thepredictionds asecondrder
discrete-timeMarkov model. The Markov modelparame-
tersareestimatedy maximumlik elihoodestimation.
Oncea motionmodelis learnedwe proceedo the pre-
diction/trackingstage At this stagejn additionto segmen-
tation and distribution estimation,changesn translation,



scalingandrotationof the distribution arepredictedgiven
the Markov model estimatedin the learningstage. The
parametersf Markov modelarere-estimateavertime as
well. By predictingparametrichangesywe cangetabetter
estimateof thetruedistribution atthe next time step.Even
thoughadaptve histogramsareusedfor sggmentationwe
cannotapplythe predictiongo the histogramglirectly due
to the problemswith resolutionandsampling.Insteadthe
predictionsarepropagatedia a transformatiorappliedon
the sampledirectly. The newly transformedsamplesare
usedto estimatehe histogramatthe next frame.

Eachof thethreebasicstageof the algorithmwill now
bedescribedn greateretail.

4 |nitialization

Thefirst stageof the systemis designedo give aninitial
estimatdor thelocationof theforeground(skin) andback-
ground(non-skin)regionsin the first frame of the image
sequenceThis is achived by segmentingthe first frame,
with histogram-basedonditionalprobability distributions
for thetwo classeshathave beenobtainedoff-line.

4.1 Prior Histogram Learning

Histogramsfor the skin and backgrounddistributionsare
learnedoff-line from a databaseprovided by Jonesand
Rehg[6]. The database&ontains4675 skin imageswith
correspondingnasksand 8965 non-skinimages. All im-
ageswerecollectedfrom the world wide webandskin re-
gionswerelabeledby hand.

Following [6], histogram-basedistributionswerecom-
putedata 32 x 32 x 32 bin resolutionin RGB color space.
Resultsobtainedn [6] shovedthat32 x 32 x 32 bin his-
togramsarenot only sufiicient but aresuperiorin the sey-
mentatiorto thefully-ranked256 x 256 x 256 histograms.
Conditionalprobability densitieswere obtainedby divid-
ing the countof pixelsin eachhistogrambin by the total
numberof pixelsin the histogram.The conditionaldensi-
tieswill be denotedP(rgb|fg), and P(rgblbg),wherefg
denotedoreground bg backgroundandrgb € R3.

4.2 Skin SegmentationUsing Prior Histograms

Using Bayes' formula, we can compute P(fg|rgb) and
P(bg|rgb). The classificationboundarycan be drawvn

wherethe the ratio of P(fg|rgb) and P(bg|rgb) exceeds
somethresholdK thatis basedn arelative risk factoras-
sociatedwvith misclassificationFor example

P(fglrgb) _ P(rgb|fg)P(fg)
K< P(bglrgb) — P(rgb|bg)P(bg) @)

correspondso pixelvaluer gb beinglabeledasforeground.
Rearranginderms

1 - P(fg)
P(fg)

P(rgblfg)
P(rgblbg)’

K x

(2)

whereP(fg) is the probability of anarbitrarypixel in an
imagebeingskin. Clearly this probability will vary from
imageto image,but given a large enoughdatasetwe can
comeup with the aggreateprobability that cansene as
our bestestimateIn our trainingdatabaseP(fg) = 0.09.
Given P(fg), we can now empirically establishthe
thresholdK. Oneof the standardvaysof determiningthe
thresholdis by computinga Recever OperatingCharac-
teristic (ROC) curve. The ROC curvesin Fig. 1 shawv the
tradeoff betweerthetrue positvesandfalsepositivesfor
variouspossiblesettingsof the decisioncriterion K.

Average ROC Curves (over sets of 100 images)
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Figure 1: AverageROC curves (computedover threerandom
setsof 100imagesexcludedfrom trainingdata)for skin sggmen-
tationasafunctionof thresholdK . Thex-axiscorrespondso the
probability of falsedetectionandthey-axisto the probability of

correctclassification.

A thresholdwas chosensuchthat at least85% correct
classifications achievedwhile having under25% chance
of falsealarm. This choicewasmadein light of [6] andthe
factthattheoptimalvaluefor thethresholdshouldlay near
the bendof the ROC curve. The selectecthresholdwas
K = 0.06. Thiswasconsistenacrossanumberof trials.

The resultof the pixel classificationschemeabove is a
binaryimagemaskin which 0's correspondo background
pixels,and1's to foregroundpixels. In orderto minimize
noiseeffects,we employ sizeandholefiltering beforethe
binarymaskis passedo thelearningstageof the system.

5 Learning

Thusfar, only aggreyatestatisticshave beenemployedin
segmentation. However, our ultimate goal is to learnthe
statisticsthat are specificto the imagesequencat hand.
The maskfor thefirst frameof the sequencéprovidedby
theinitialization)is agoodinitial estimateof skinandnon-
skin regions. The pixels from thoseregions canbe used
to re-estimatéhistogramdor foregroundandbackground.
The new histogramsare sequence-specifignd henceare
betterestimates.The new sequence-specificaluefor the
P(fg) is alsore-estimatedbasecbn theimagemask.
However, usingstatichistogramgor theimagesequence
in which thedistribution constantlychangess inappropri-
ate; hence,we employ an adaptve histogramschemeto



facilitatethe tracking of the distributions. From the fore-
groundandbackgroundlistributionsobsenedoveranini-
tial sequencef frames sequence-specifinotion patterns
are learned. A second-ordeMarkov processis usedto
modelevolution of the color distributionsover time. The
formulationwill now be describedn greateretail.

5.1 Color Spacefor Skin-Color Tracking

An importantaspectof any skin-colortrackingsystemis
choosinga color spacethatis relatively invariantto minor
illuminant changes. The two most popularcolor spaces
thathave provedto berobustto minorilluminantchanges
areHSV andnormalizedRGB. In preliminaryexperiments
we foundthatHSV color spaces muchbettersuitedthan
normalized(r, g) for estimationand prediction of skin-
color distribution evolutionin imagesequencetakenfrom
entertainmenvideosandmovies.

The only disadwantageof the HSV color spaceis the
costly corversionfrom standardRGB source We handled
thisproblemby quantizingheHSV spacento (64x64x64)
RGBto HSV lookuptable. To gaina uniform samplingof
thecolor spacegachof theHSV color channelsds normal-
ized to floating point valuesbetween0 and 1, given the
expectedrangeof HSV values.

5.2 Histogram Representationof Distrib utions

Skin color, eventhoughclusteredn space cannotbe ad-

equatelyrepresentedsa single Gaussiarin general. The

mixture of Gaussiangepresentatioris much more pow-

erful. With a small numberof mixtures, evaluationand
updatesof the probability densityfunctioncanbe donein

realtime. However, assoonasmore mixturesareneeded
for representatiorthis approactbecomesnfeasible.

Onemajoradvantageof the histogramrepresentatiors
thatthe probability densityfunction canbe evaluatedtriv-
ially regardlesof the compleity of the underlyingdistri-
bution. Anotheradwantageis histogramgenerality The
main disadwantageis that histogramsin generalare bad
for representingparsedata,whereonly a fraction of the
necessargampless available. This canbe dealtwith via
interpolationor Gaussiafiltering of the histogram.

We will assumeéhatthereare enoughsamplepixelsto
provide a good samplingfor the underlyingdistribution.
This is areasonabl@assumptiorgiventhatskin-colorpix-
els of ary particularpersonare closely clusteredin HSV
color space][11]. In addition,the recursve natureof the
adaptve histogramalgorithmrequiresuseof samplegrom
more than one frame; therebyincreasingthe numberof
samplessedin estimatinghedistribution atary time.

5.3 Motion of Distrib utions

As mentioned earlier skin-color distributions tend to
evolve over the sequencef obseredframes. In orderto
modeland predictthis evolution, we needto make some

assumptionsboutthe typesof motionsthat distributions
canundegoin thecolor space.

One assumptions that skin-color distribution evolves
asawhole;thus,therecannotbeary local deformationsor
evolutionsin the distribution. Furthermoreglobal defor
mationsof thedistributionareassumedo beaffine. These
decisionsarebasedon obsenationsmadein goodnes®f
fit studieg[11]. To further simplify our predictionmodel
we constrainoursehesto the threemostsignificantaffine
transformationstranslationyotationandscaling. We em-
ploy aneight-parametevectordefinedasfollows:

£=T17T27T37S17527S3707¢ (3)

whereT; aredifferentialtranslation S; differentialscaling,
andd and¢ aredifferentialanglesof sphericalrotationap-
plied aboutthe meanof the skin-colordistribution.

5.4 Estimating Distrib ution Motion Parameters

Translationparameterd; at time ¢ can be extracteddi-
rectly from the differencein meansof the HSV skin-color
distribution histogramfrom framet — 1 to ¢.

Scalingcan be extractedby consideringthe eigerval-
uesof the covariancematrix of the skin-colordistribution.
Eigervaluesrepresenthe relative scalingof the distribu-
tion alongtheprincipaldirectionsdefinedby the eigervec-
torsof thecovariancematrix. DifferentialscalingS; along
theseprincipalaxesis theratio of thecorrespondingigen-
valuesfor thetwo consecutie frames.

It is assumedhatthe incrementatotationof the distri-
bution is smoothandrelatively small. Giventwo coordi-
nateframesdefinedby the eigervectorsof the covariance
matricesof the skin-colordistributionsin the two consec-
utive frames,our problemis reducedo finding two angles
in the sphericakoordinatespacecenterecht the meanthat
would align the two coordinatesystems. The first angle
canbefoundasfollows:

0 = acos(e1,1—1 - €1,1), (4)

wheree, ;_; istheeigervectorcorrespondingpo thelargest
eigervalueattime¢ — 1, ande; ; is the eigervectorcorre-
spondingo thelargesteigervalueattimet. Theaxisof ro-
tationvy isfoundvia thecrossproduct:vg = e ;1 X e .

This definesherotationR(vg, 8) thatwill alignthecor
respondingaxesof greateswariation. This rotationwhen
appliedto e ;1 andes ;—; will putthemin theplaneper
pendicularto e; ;. In orderto align the axes definedby
ez ¢—1 andes ; aswell ases ;—1 andes ; we needto apply
arotationaboute; ;. Theangleof this secondrotationis
¢ = acos((R(vg,8) - e2,t—1) - €a,1).

5.5 Distribution Dynamical Model

In orderto estimateandpredictthe skin-colordistribution
over time we needto formalizea dynamicmotion model.
It hasbeenshavn thataffine motioncanbefully expressed



in termsof anauto-rgressve Markov procesg2]. A sec-
ond orderdynamicalprocesshandlesboth oscillatoryand
arbitrarytranslationaimotion. We will now formulatethe
discretesecond-ordeMarkov procesghatwill be usedin
our system.Theformulationfollows[2].

First, we define the N-dimensionalstate vector X,
whichin our casés aneight-dimensiongbarametevector
(Eqg.3). Thesystems second-ordedynamicss definedby
a stochastidifferentialequation[2]. The stochastigpor-
tion of the dynamicsis modeledby zero mean,unit vari-
anceN dimensionalBrownian motion. For our applica-
tion, we utilize thediscrete-timemodel:

Xn—Xi 0 T || Xpot —}Z’ + 0 (5)
Xn+1—X - AO A1 Xn -X Bwn ’
The meanvector X corresponddo the obsened mean
displacemenin eachof the eight affine parameters.The
N x N submatricesdy, and A; governthe deterministic

part of the motion model, whereassubmatrix B governs
thestochastigart. Rearrangingermsyields:

Xn+1 = AOXn—l +A1Xn+(I—A0—A1)X'+Bwn (6)

5.6 Learning Parametersfor Dynamical Model

An algorithmfor learningthe parametersf the proposed
second-ordeMarkov dynamicalmodelis neededThe pa-
rameterdo belearnedare Ag, A, and B. Unfortunately
it is impossibleto obsere B directly; insteadwe obsere
C = BBT. We canestimatetheseparametersising a
standardVILE algorithmdescribedn [3]. This algorithm
is usedwith minor modificationsasdescribedn [11].

The eight parametersare treatedas independentari-
ables,allowing usto estimatethe motion model parame-
terswith fewer obsenationframesthanwould berequired
in the fully-coupledeight-dimensionatase. In this case,
the minimum numberof obsenation framesrequiredfor
learningis four. However, morerobust performancecan
be achieved by consideringmoreframes. In experiments,
bestresultswere achieredwith n = 8 to 30. For areal-
time NTSCvideostreamJearningtakeslessthanonesec.

5.7 Histogram Adaptation

Adaptive histogramscombine predictionsand obsena-
tions. In our systemcolor histogramsarefirst normalized
to obtainestimateof the actualprobability densityfunc-
tionsof theskinandbackgroundlistributionsathand.Up-
datego histogrambinsaremadevia thefollowing model:

Hiji(t) = (1 - a)Hyju(t — 1) + (@HT,  (7)

wherei, j, andk designatehebin underconsideratiorand
a is a scalarbetween0 and1 thatallows us to adjustthe

speedof adaptation. The histogramH () is predictedby

thesecond-ordeMarkov modelasdescribedabove. Opti-

malvaluesof theadaptatioparametes canbedetermined
empirically, asdiscussedn Sec.7.

6 Prediction and Tracking

The prediction-trackingphasds anextensionof thelearn-
ing phasewith one additional construct: the prediction
module.This modulepredictsthefuturedeformationghat
thedistribution will undego, andhencemakesit possible
to segmentthefutureframewith amoreaccurateestimate.
The predictedchangedn the translation,rotation, and
scalingof the distribution are propagatedy warping all
color vectorsmaking up the histogramdistribution, and
thenre-samplingit. The new re-sampleddistribution is
thenusedto sggmentthe next frame, insteadof the pre-
viousobsenationaswasdonein thelearningphaseof the
system.Therestof the systemperformssameasbefore.

6.1 Evolution of Dynamical Model

It is reasonabléo assumehatnot only cana distribution
evolve over time, but in additionthe procesghat guides
the evolution may changealso. This is especiallytrue for
long sequencewherevariousillumination changesreex-
pected. In orderto handlethis, we re-train the motion
modelasnew databecomeswvailable. We alwaysusethe
lastn framesto learnthemotionmodel,henceatary given
timet themodelwill beextractedfrom (t—n—2...t—2)
framesinclusively. Frameg — 1 andt definetheparameter
statevector andareusedto predictthe future parameters.

7 Finding Optimal Adaptation Coefficients

As describedn Eq. 7, eachadaptve histogramhasa sin-
gle adaptatiorparameter. = [0, 1] thatcontrolsthe adap-
tation speed. An adaptationcoeficient of a = 0 corre-
spondsto a fully in-adaptve histogram,whereasa = 1
yieldsamemorylessistogranrepresentatiothatis fully-
adaptve. Sincewe have two histogramghat we usefor
two correspondingclassesthere are two adaptationpa-
rametersthat have to be estimateday, andas,, for our
system.Theseparameterganbe determinecempirically,
asis demonstrateh thefollowing example.

We proceedwith establishingthe optimal foreground
adaptatiorby fixing the backgroundatay, = 0 andvary-
ing a4 over its entireeffective rangewhile recordingthe
resultsof sggmentatioron eachof thethree75framelearn-
ing sequences.The resultingsegmentationis then com-
paredwith the handlabeledgroundtruth datain orderto
evaluatethe performance Performancés evaluatedusing
two criteria: the determinanbf the confusionmatrixanda
receveroperatorcharacteristi¢§ROC) curve.

Fig. 2 shavstheresultof theexperimentdescribedThe
adaptatiorcoeficientay, variesbetweerD and1 by acon-
stantdeltaof 0.05. Thefirst graphshows the determinant
of theconfusionmatrixasay, varies.As canbeseerin the
graph,thereis a clearpeakthatoccursatay, = 0.8. The
secondgraphshawvstheeffectsof changingheforeground
adaptationcoeficient on the ROC curve. The choiceof
ary = 0.8 is confirmedoy the ROC curwe.
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Figure2: Performancasafunctionof theforegroundhistogram
adaptatiorfactora .. Thetop graphplotsthe determinanof the
confusionmatrix. The bottomgraphshavs the ROC curve.

In orderto find the optimal adaptatiorfor background
wefix theay, = 0.8 andrepeathe procedurevaryingthe
valuesfor apy. Fig. 3 shaws the two performancecurves
that were constructedo evaluatethe performanceof the
systemat eachof the testedvaluesfor a,,. The graphs
areessentiallyflat. This canbe explainedin termsof the
training set, which consistsof sequencesvith only very
slowly moving background.In general however we want
to beableto handlefasternvaryingbackgroundsandhence
we pick areasonabladaptatiorvalueof a;, = 0.60.

Two obsenationsarisefrom this empiricalstudy First,
adaptatiorof the foregroundis more significantthanthat
of the backgroundwhich agreeswith intuition. The per
sonin front of the camerausuallymovesmuchfasterthan
the backgroundthus, the foregroundtendsto experience
a muchgreatervariationin its color distribution changes,
andhencerequiresa more adaptie model. Secondgven
thoughseggmentationusing adaptve histogramsperforms
betterthanthe static segmentation(ay, = 0), the fully-
adaptve (ay, = 1) setupis notideal. Onereasorior this
is noisethatis presentn the sggmentatiorprocessaswell
asin theinput. Thesemi-adaptie systemsuggestedy the
empiricalstudy(as, = 0.8, a5, = 0.60) tendsto be more
robust.
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Figure 3: Performanceas a function of the backgroundhis-
togramadaptatiorfactoras,. Thetopgraphplotsthedeterminant
of theconfusionmatrix. Thebottomgraphshavs theROC cune.

8 Experiments

To evaluatethe performanceof our systemwe collecteda
setof 21 videosequenceom ninepopularDVD movies?
The sequencesvere chosento spana wide rangeof en-
vironmentalconditions. Peopleof differentethnicity and
variousskin tonesare represented. Somescenescontain
multiple peopleand/or multiple visible body parts. Col-
lectedsequencesontainsceneshotbothindoorsandout-
doors,with staticandmoving camera.The lighting varies
from naturallight to directionalstagelighting. Somese-
guencegontainshadavs andminor occlusions Collected
sequencesary in length from 50 to 350 frames; most,
however, arein the 70 to 100 framerange. Fig. 4 shavs
exampleframesfrom the collectedsequences.

All experimentalsequencesvere hand-labeledo pro-
vide the groundtruth datafor algorithmperformancever
ification. Every fifth frameof the sequencewaslabeled.
For eachlabeledframe, the humanoperatorcreatedone
binary imagemaskfor skin regionsandonefor non-skin
regions (background). Boundarieshetweenskin regions
andbackgroundaswell asregionsthathadno clearlydis-
tinguishablemembershipn eitherclasswerenotincluded
in the masksandare considereddon't care regions. The
segmentatiornof theseregionswas not countedduring the
experimentatioror evaluationof the system.Fig. 5 shovs
oneexampleframeandits ground-truthlabeling.

1Testsequencesesultsand labeledground-truthare available from
thewebsite: http://wwwcs.hu.edu/groupsic/CdorTradking/.



Figure4: Examplesframesfrom sequencessedfor experimentation.
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Figure5: Exampleof a labeledgroundtruth frame: (a) origi-

nal imagefrom a sequencen which a handis shavn reaching
to lift a drinking glass,(b) correspondindabeledgroundtruth

maskimagefor skin, (c) backgroundand(d) dont care regions.
Boundariesetweerskin regionsandbackgroundaswell asre-
gionsthat had no clearly distinguishablenembershign either
classwere not includedin the masksand are considereddont

careregions.

8.1 PerformanceExperiments

Theperformancef the systemwasevaluatedusingthede-
terminantof the confusionmatrix criterion. The determi-
nantof theconfusiormatrixwascomputedor every hand-
labeledframe of the sequenceTo gain an aggrejateper
formancemetricfor thesequenceheaveragedeterminant
of the confusionmatrix wascomputed.

For comparisonwe measuredhe classificationperfor
manceof a standardstatic histogramsegmentationap-
proach[6] onthe samedataset. The statichistogramap-
proachimplementedusedthe sameprior histogramsand
thresholdasour adaptie system(seeSec.4.2). Thesame
binary imageprocessingperationsof connectedccompo-
nent analysis,size filtering, and hole filtering were per
formedto achieve afair comparison.

The performanceesultsareoutlinedin Table 1. Three
performancemeasureswere computed: correct classi-
fication of skin pixels, correct classificationof back-
groundpixels, andthe determinanbof the confusionma-
trix  et[C]. With respecto the et[C] measureput of
21 sequencesonsidered,16 performedbetterusing our
dynamicalapproach An increaséan performancef up to

ClassificatiorPerformance

Sequencénfo Static Dynamic

# | #frames| skin | bg skin | bg

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| 985| 091 | 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 71 771|916 | 069 | 77.8| 89.8| 0.68
11 109 9241 99.7| 092 | 945| 99.5| 0.94
12 49 43.1| 100 | 0.43 | 69.2| 100 | 0.69
13 74 96.9| 99.9| 097 | 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|375| 031 | 97.1| 36.6| 0.34
21 232 83.6| 100 | 0.84 | 83.4| 100 | 0.83

Average 769 96.1| 0.73 | 82.2| 95.8| 0.78

Tablel: Tableof performancdiguresfor the 21 differentvideo

sequencefrom popularDVD movies. The experimentscom-

paredclassificatioraccurayg for thedynamicvs. statichistogram
approach.Threeperformanceneasuresverecomputed:correct
classificatiorof skin pixels, correctclassificatiorof background
pixels,andthedeterminantf the confusionmatrix

25%wasobsened. Performancéncreasef over 10%was
obsenedon five sequencesSkin classificatiorrateswith
dynamichistogramsvereasgoodor betterthanthe static
histogramapproacthn all cases.

Thefive sequencethatfailedto performbetter hadan
insignificantperformanceoss.In all five failurecasesthe
systemperformedno worsethan 1%. This performance
degradatiorwasdueto skin-like colorpatcheappearingn



thebackgroundf initial framesof a sequenceRecallthat
thesdnitial framesareusedn in estimatingheparameters
of theMarkov model(Sec.5).

Finally, we performeda setof experimentgo establish
systemnstability overtime. For example thegraphin Fig. 6
shaws systemperformancen the longestsequencén our
testset(349frames).

System Performance Over Time
T T T T

Performance

v
06

0 50 100 150 200 250 300 350
Frame #

Figure 6: Performanceof the dynamicalsystemover an ex-
tendedsequenceThe horizontalaxis representsime, measured
in frames.Theverticalaxisrepresenttheperformanceneasured
by thedeterminanof theconfusionmatrix. Thedottedline corre-
spondgo the performanceof the statichistogramsegmentation,
andthesolid line to our dynamicapproach.

As canbe seenfrom the graphin Fig. 6, the dynamic
approachwasconsistentlybetterthanthe staticmethodin
classifyingskin andbackgroundgixels. Not only doesour
systemperformover 10% betterfor the entiresequenceit
is alsomorestable.Thestandardieviation of performance
for our systemwasmeasuredo be0.0375 whichis almost
ahalf of the standardieviation of 0.0630measuredor the
static sgmentationapproach.It shouldbe notedthatthe
stability of our systemwasconsistenaicrossexperiments.

In all of the above experiments adaptatiorcoeficients
ary = 0.8 andas, = 0.60 weredeterminecbnceoff-line
for agiventrainingsetasdescribedn Sec.7. Theadapta-
tion coeficientsremainfixedacrossll trials.

9 Discussion

As exhibited in the experiments the proposedalgorithm
generally performsbetter than the competingstationary
histogramapproach The mainadwantageof the new tech-
nigueis its stability to fairly rapid changesn the appar
ent skin-colordueto illumination changessurfaceinter-
reflection,andrapidchangesn background.

In generalwe noticedthat the final resultof our algo-
rithm dependggreatly on the initialization phase. If the
algorithmis initialized with an oversegmentedregion it
generallyperformsmuchworsethanif it is initialized with
an undersggmentedversionof the sameimage. This is
dueto the way adaptationworks. In generaladaptation
facilitatesboundedegion growing. Initialization andsub-
sequensgymentatioraccuray could be furtherimproved

via theuseof shapeandblob-basednotionconstraintg7],
and/ordomain-specificonstraintdik e facedetectiorn9].

Furthermorein our experimentgshe foregroundadapta-
tion hada muchhigherimpacton thefinal systemperfor
mance asopposedo thebackgroundhdaptationThiswas
true evenfor sequencewith slowly varyingbackgrounds.
It hasbeenobsenredthatfor mary sequencesnecanget
awaywith averyinadaptve backgroundlistribution, while
maintainingalmostthe sameerror rates,as long as fore-
groundadaptatiorstaysthesame.

Scenechangesare not explicitly modeledby our sys-
tem; hawever the systemcanaccountfor slowly changing
dynamicsceneglueto the natureof the algorithm. As a
possiblefuture extensionto the systemwe are consider
ing automaticre-initialization basedon the thresholdfor
themagnitudeof changen thebackgrounandforeground
distributions. It is expectedthatthis would male the sys-
temmorerobustto abruptsceneandilluminantchanges.
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