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Abstract

Colour cueswere usedto obtain robust detectionand
tracking of people in relatively unconstrained dynamic
scenes. Gaussianmixture modelswere usedto estimate
probability densitiesof colour for skin,clothingandback-
ground. Thesemodelswere usedto detect,track and seg-
mentpeople, facesandhands.A techniquefor dynamically
updatingthemodelsto accommodatechangesin apparent
colour due to varying lighting conditionswasused. Two
applicationsarehighlighted:(1)actorsegmentationfor vir-
tual studios,and(2) focusof attentionfor faceandgesture
recognition systems.A systemimplementedon a 200MHz
PCtracksmultipleobjectsin real-time.

1 Intr oduction

Colour hasbeenusedin machinevision for taskssuch
as segmentation[11] and recognition[4, 12]. Colour of-
fersmany advantagesovergeometricinformationfor these
problemssuchasrobustnessunderpartial occlusion,rota-
tion in depth,scalechangesand resolutionchanges[12].
Furthermore,the use of colour enablesreal-time perfor-
manceon modesthardwareplatforms.Here,we show how
colouris usedfor fast,robustdetection,trackingandcoarse
segmentation. Multiple colours may be modelledwith-
out the dif�culties encounteredby someother techniques
[4, 14]. The framework can track multi-colouredobjects
[8] andmultipleobjectscanbetrackedsimultaneously.

Two applicationsin particularhavemotivatedthiswork.
The �rst is the increasingrequirementin the broadcast-
ing industryfor a methodof superimposingactorsontoar-
ti�cially generatedstudios. Currently, these“virtual stu-
dio” applicationsareenabledthroughthe useof “chroma-
keying”, a techniquewhich segmentsnon-blueregionsof
videoimages.This necessitatespainstakingpreparationof
the environment. An alternative is desiredthat will min-
imise the effort required.Secondly, thework is motivated
by theneedfor computationallyef�cient androbustfocus-
ing of attentionfor faceandgesturerecognitionsystems.

In Section2, a techniquefor modelling colour using
Gaussianmixture modelsis describedandcomparedwith
moretraditionalhistogramapproaches.Section3 describes
areal-time,colour-basedtrackingframework. Section4 in-
troducesamethodfor updatingmixturemodelsandSection
5 showshow thisability to adaptis controlledto preventthe
build-up of errorsover time. Section6 describestheappli-
cationof theframework for virtual studios.In Section7, a
systemis describedwhichcantrackmultipleobjectsandits
usefor faceandgesturerecognitionsystemsis illustrated.
Finally, a discussionis givenin Section8.

2 Modelling Colour Distributions

Methods have been proposed for modelling skin-
colouredregionsfor facedetectionand tracking (e.g. [3,
10]). In particular, asystemconstructedby Wrenetal. [14]
known as“P�nder” enabledtrackingof a personin a con-
trolled environmentwith a staticcamera.Eachpixel in an
imagehadan associatedfeaturevectorcomprisingspatial
andcolour components.Thesefeaturevectorswereclus-
teredto yield a collectionof “blobs” de�ned by spatialand
spectralsimilarity. Thecollectionof blobsconstitutedarep-
resentationof the person. This limited tracking to a per-
son with homogeneouslycolouredregionsagainsta non-
changingbackground.

Swain andBallard [12] describeda schemewhich used
histogramsfor modellingthecoloursof anobjectandtwo
algorithmsfor matchingsuchmodelswith imageregions.
The colour spacewas quantisedthrough the histogram's
structurewhich comprisesa numberof “bins”. An al-
gorithm known as “histogramintersection”was usedfor
matchingimagehistogramswith modelhistograms.In or-
der to �nd an object in an image,“histogrambackprojec-
tion” wasused.

In thispaper, probabilitydensitiesareestimatedfrom the
coloursof thebackgroundandpeoples'clothing,headand
hands. The assumptionis that a personof interestin an
imagewill form a spatiallycontiguousregion in theimage
plane(i.e. thepartsof a personwill not befragmenteddue



to partialocclusion).With anadditionalassumptionthatthe
setof coloursfor thepersonandbackgroundarerelatively
distinct, thepixelsbelongingto the personmay be treated
asa statisticaldistribution in the imageplane. A person's
positionandsizemay thenbecomputedby estimatingthe
meanandvarianceof thisdistribution.
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Althoughcolourhistogramscanbeusedto estimateden-
sitiesin colourspace,the level of quantisationimposedon
the colour spacein�uences the resultingdensity. If the
numberof bins - is too high, the estimateddensitywill
be “noisy” andmany bins will be empty. If - is too low,
density structureis smoothedaway. Histogramsare ef-
fective only when - canbe kept relatively low andwhere
suf�cient dataareavailable. A potentiallymoreeffective
“semi-parametric”approachfor colourdensityestimationis
to useGaussianmixturemodels.In this approach,a num-
berof Gaussianfunctionsaretakenasanapproximationto
a multi-modaldistribution in colourspaceandconditional
probabilitiesarethencomputedfor colourpixels[6, 8]. The
conditionaldensityfor apixel, . , belongingto anobject, / ,
is modelledasa Gaussianmixturewith 0 components:
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.�3 =>4 , is a Gaussianwith mean
F and covariancematrix G . Expectation-Maximisation
(EM) providesaneffective maximum-likelihoodalgorithm
for �tting sucha mixtureto a dataset[1, 9].
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A constructive algorithmfor automaticmodelorderse-
lectionhasbeenimplemented.Firstly, two datasetsareob-
tained:a trainingsetandavalidationset.Thevalidationset
is chosensuchthataresultingmodelwill generaliseaccord-
ingly. A mixturemodelis initialisedwith asmallnumberof
components,typically one.Model orderis thenadaptedby
performingthefollowing steps:(1) EM is appliedto �t the
training data;(2) The log-likelihoodfor the validationset
is computed;(3) Thecomponentwith lowestresponsibility
for thetrainingsetis split into two separatecomponentsby
performingSingularValueDecompositiononitscovariance
matrix R :

GS6�T�U!V

Thediagonalmatrix U containsthesingularvaluesfor com-
ponent= . The two new componentsbothhave the covari-
ancematrix obtainedby halvingthelargestvaluein U and
multiplying out the above equationagainto obtain GXW'Y@Z .
Themeansarefoundby shiftingalongtheprincipalaxis.

Thesestepsare then repeatedand a plot of the log-
likelihoodfor the validationsetis obtained.It is assumed
thattheoptimalmodelordercorrespondsto thepeakin this
log-likelihoodplot.

3 Tracking without Dynamic Updates

Under stablelighting conditions,persontracking and
segmentation can be effectively performed using pre-
determined mixture models in two-dimensional hue-
saturationspacewhich permits somelevel of robustness
againstlimited brightnesschanges.Probabilitiesarecom-
putedfor pixelsandthesizeandpositionof theobjectare
estimatedfrom theresultingdistribution in theimageplane
[8]. Object position at frame [ is taken to be the mean
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where . rangesover all imagecoordinatesin theregion of
interestand g

f is thecolourpoint at imageposition . . To
improveaccuracy, probabilities1�2hg

f

4 arethresholded.Val-
ueslowerthanthethresholdaretakento bebackgroundand
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Thesizeof theobjectisestimatedbycomputingthestan-

darddeviationof theimageprobabilitydensity:
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This modelcanbeusedfor trackingwith partialocclu-
sion,scalechangesanda moving camera.

4 Dynamically Updating the Colour Model

Colour appearanceis often unstabledue to changesin
bothbackgroundandforegroundlighting. Thecolourcon-
stancy problem has been addressedmainly through the
formulation of physics-basedmodels of light formation
(e.g.[2]). Here, we adopta statisticalapproachin which
colour distributions are estimatedover time. Under the
assumptionthat lighting conditionschangesmoothlyover



time, the model is adaptedto re�ect the changingappear-
anceof the objectbeing tracked [7]. At eachframe, [ , a
new set of pixels, �

�
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, is sampledfrom the object and
usedto updatethe mixture model
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Throughoutthis paper, superscript !#" denotesa quantitybasedonly
ondatafrom framet. Subscriptsdenoterecursive estimates.
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Setting %'&)( andignoring termsbasedon frame (+*,%,*.- gives
a stochasticalgorithmfor estimatinga Gaussianmixture for a stationary
signal[1, 13].

During the processingof a sequence,new samplesof
datafor adaptationaregatheredfromaregionof appropriate
aspectratio centredon the estimatedobjectcentroid. It is
assumedthatthesedataform arepresentativesampleof the
objects'colours.Thiswill hold for a largeclassof objects.

In orderto boot-strapthetrackerfor objectdetectionand
re-initialisationafter a tracking failure, a set of predeter-
minedgenericobjectcolourmodelswhichperformreason-
ably in a wide rangeof illumination conditionsare used.
Onceanobjectis beingtracked,themodeladaptsandim-
proves tracking performanceby becomingspeci�c to the
observedconditions.

5 Selective Adaptation

An obviousproblemwith adaptinga colourmodelover
time is the lack of ground-truth.Any colour-basedtracker
can lose the object it is trackingdue, for example,to oc-
clusion. If sucherrorsgo undetectedthecolourmodelwill
adaptto imageregionswhich do not correspondto theob-
ject. This is clearlyundesirable.In orderto helpalleviate
this problem,observed log-likelihoodmeasurementswere
usedto detecterroneousframes. Colour datafrom these
frameswerenotusedto adapttheobject's colourmodel.

Theadaptive mixturemodelseeksto maximisethe log-
likelihoodof thecolourdataovertime. Thenormalisedlog-
likelihood,/ , of thedata,�
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, observedfrom theobjectat
time [ is givenby:
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At eachtime frame, / is evaluated.If thetracker losesthe
objectthereis oftena sudden,largedropin thevalueof / .
This providesa way to detecttracker failure. Adaptationis
thensuspendeduntil theobjectis againtrackedwith suf�-
cientlyhigh likelihood.

A temporalmedian�lter wasusedto computea thresh-
old, 4 . Adaptationwasonly performedwhen /65)4 . The
median,7 , andstandarddeviation, c , of / werecomputed
for the - mostrecentabove-thresholdframes,where-98

�

.
Thethresholdwas 4�6:7#i<;

c , where ; wasa constant.
Figures1and2 illustratetheuseof themixturemodelfor

facetrackingandtheadvantageof anadaptive modelover
a non-adaptive one. In this sequence,the apparentcolour
of theperson's facechangessigni�cantly uponenteringthe
laboratorydue to the differencein lighting conditionsto
thatof thecorridor. In Figure1, a non-adaptivemodelwas
trainedon the�rst imageof thesequenceandusedto track
throughout.It wasunableto copewith thevaryingcondi-
tionsandfailureeventuallyoccured.In Figure2, themodel
wasallowed to adaptandsuccessfullymaintainedlock on
theface.Thesmallbox outlinestheregion from which the
datafor adaptationweresampled.
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Figure3 illustratestheadvantageof selectiveadaptation.
Thepersonmovedthroughchallengingtrackingconditions,
beforeapproachingthe cameraat closerange(frames50-
60). Sincethe camerawas placedin the doorway of an-
other room with its own lighting conditions,the person's
faceunderwenta large, suddenand temporarychangein
apparentcolour. When adaptationwas performedin ev-
ery frame, this suddenchangehada drasticeffect on the
modelandultimatelyledthetracker to fail whentheperson
recededinto the corridor. With selective adaptation,these
suddenchangesweretreatedasoutliersandadaptationwas
suspended,permittingthetracker to recover.

6 Modelling Foreground and Background in
Virtual Studios

Colourmixturemodelswereusedto trackandsegment
peoplewearing multi-colouredclothing. If the appear-
anceof a personconsistsof severaldistinctanddifferently
colouredpatches,thenit may be bene�cial to modeleach
patchusing a separatecolour model (seee.g. [4]). Fur-
thermore,if suchcolourpatchesarerelativelyhomogenous,
eachcanbedirectlymodelledusinga singleGaussianthus
avoiding theneedfor theiterativeEM algorithm.However,
many objectscannotbethusdecomposedandtheir colours
arebettermodelledusinga mixture.

The distributions in colour space formed by multi-
colouredobjectsaremulti-modalandcanspanwideareasof
thecolourspace.Thresholdingprobabilitiesgeneratedby a
foregroundmodelaloneis often ineffective due to severe
overlapbetweenbackgroundandforegroundcolourdistri-
butions. In virtual studios,it is computationallydesirable
to modelthecolourdistributionof thebackgroundscenein
addition to the objectsto be tracked. Given densityesti-
matesfor boththeobject, / , andthebackgroundscene,� ,
theprobabilitythatapixel, g , belongsto theobjectis given
by theposteriorprobability �
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The probability of misclassifyinga pixel is minimisedby
classifyingit astheclasswith themaximumposteriorprob-
ability. The prior probability, �

2

/54 , wassetto re�ect the
expectedsize of the object within the searchareaof the
scene[ �

2

� 4�6(D>i��

2

/54 ]. Thisapproachhastheadvantage
thatobjectandscenemodelscanbeacquiredindependently.
In thevirtual studioscenario,thismeansthatasingleback-
groundscenemodelcanbeacquiredandsubsequentlyused
with many differentpeople.Figure4 shows anexamplein
whichboththepersonandthebackgroundhave beenmod-
elled. Pixels wereclassi�ed as personor backgroundby
computingtheir posteriorprobabilitieswith theprior prob-
abilities set to �

2

� 4 6��

2

/54 6���� 	 . A multi-resolution
approachwastaken in which segmentationwasperformed

in a coarse-to-�nemanner. Oncethe positionandsizeof
the boundingbox hadbeenestimated,superimpositionof
theobjectontoanalternativebackgroundsequencewasper-
formed. Only pixels inside the searchareaof the tracker
wereclassi�ed. All pixelsoutsidethis areawererendered
asbackground.

7 Focus of Attention for Face and Gesture
Recognition

A systemfor trackingmultiple objectsbasedon motion
wasreportedat FG'96 [5]. A similar approachis adopted
herefor detectingand trackingmultiple objectsbasedon
their colour. In particular, a skin colourmodelcanbeused
to ef�ciently focusattentiononfacesandhandsfor faceand
gesturerecognitionprocesses.Figure5 shows sucha sys-
tem runningon a 200MHz PC at a frame rate of around
15Hz. Regionsof high colourprobabilityaregroupedand
matchedfrom frameto frameusingtime-symmetricmatch-
ing to maintaina consistentlist of objects.Objectsaredy-
namically initialised and deletedfrom the list depending
uponcon�dencemeasuresderived from recentcolour ev-
idence.Kalman�lters canbeusedto trackeachobject.

8 Discussion
We have describedhow mixturesof Gaussianscan be

usedto modelthestatisticaldistributionof coloursof aper-
son. A framework hasbeenimplementedthat tracksand
segmentsregionsbasedon theprobabilitydistribution they
inducein the imageplane. A methodhasbeendescribed
that dynamicallyupdatesthe mixture modelto accommo-
datelighting changes,controlledby a mechanismfor de-
tectingtrackingerrors. A combinedforegroundandback-
groundmodelhasbeenusedfor coarsesegmentationand
virtual studiosuperimposition.A multi-objectskin colour
tracker wasusedfor focusof attentionfor faceandgesture
recognition.Currentwork is concentratingonfusionof mo-
tion, colourandshapefor detection,trackinganddynamic
segmentation.
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