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Abstract

Colour cueswetre usedto obtain robust detectionand
tracking of peoplein relatively unconstained dynamic
scenes. Gaussianmixture modelswere usedto estimate
probability densitiesof colour for skin, clothingand badk-
ground. Thesemodelswere usedto detect,track and sey-
mentpeople facesand hands.A techniquefor dynamically
updatingthe modelsto accommodatehangesin appaent
colour dueto varying lighting conditionswas used. Two
applicationsarehighlighted: (1) actorsegmentatiorfor vir-
tual studios,and (2) focusof attentionfor faceand gestue
recaynition systems A systemmplementedn a 200MHz
PCtradksmultiple objectsin real-time

1 Intr oduction

Colour hasbeenusedin machinevision for taskssuch
as sggmentation[11] andrecognition[4, 12]. Colour of-
fersmary advantage®ver geometridnformationfor these
problemssuchasrobustnessinderpartial occlusion,rota-
tion in depth, scalechangesand resolutionchangeq12].
Furthermore the use of colour enablesreal-time perfor
manceon modesthardwareplatforms.Here,we shav how
colouris usedfor fast,robustdetectiontrackingandcoarse
segmentation. Multiple colours may be modelled with-
out the dif culties encounteredy someothertechniques
[4, 14]. The framevork cantrack multi-colouredobjects
[8] andmultiple objectscanbetracked simultaneously

Two applicationsn particularhave motivatedthis work.
The rst is the increasingrequirementin the broadcast-
ing industryfor a methodof superimposingctorsonto ar-
ti cially generatedstudios. Currently these"virtual stu-
dio” applicationsare enabledhroughthe useof “chroma-
keying”, a techniquewhich segmentsnon-blueregions of
videoimages.This necessitatepainstakingpreparatiorof
the ervironment. An alternatve is desiredthat will min-
imise the effort required. Secondly the work is motivated
by the needfor computationallyef cient androbustfocus-
ing of attentionfor faceandgestureecognitionsystems.
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In Section2, a techniquefor modelling colour using
Gaussiammixture modelsis describedand comparedwith
moretraditionalhistogramapproachesSection3 describes
areal-time,colourbasedrackingframeavork. Sectiord in-
troducesamethodfor updatingmixturemodelsandSection
5 shavshow this ability to adaptis controlledto preventthe
build-up of errorsovertime. Section6 describeshe appli-
cationof the framework for virtual studios.In Section7, a
systemis describedvhich cantrackmultiple objectsandits
usefor faceand gesturerecognitionsystemss illustrated.
Finally, adiscussioris givenin Section8.

2 Modelling Colour Distrib utions

Methods have been proposed for modelling skin-
colouredregionsfor face detectionandtracking (e.g. [3,
10Q]). In particular asystemconstructedy Wrenetal. [14]
known as“P nder” enabledrackingof a personin a con-
trolled ervironmentwith a staticcamera.Eachpixel in an
imagehad an associatedeaturevectorcomprisingspatial
and colour components.Thesefeaturevectorswere clus-
teredto yield a collectionof “blobs” de ned by spatialand
spectrakimilarity. Thecollectionof blobsconstitutedarep-
resentatiorof the person. This limited trackingto a per
sonwith homogeneouslgolouredregions againsta non-
changingbackground.

Swain andBallard [12] describedh schemewhich used
histogramdor modellingthe coloursof an objectandtwo
algorithmsfor matchingsuchmodelswith imageregions.
The colour spacewas quantisedthroughthe histograms
structurewhich comprisesa numberof “bins”. An al-
gorithm known as “histogramintersection”was usedfor
matchingimagehistogramswith modelhistograms.In or-
derto nd anobjectin animage,“histogrambackprojec-
tion” wasused.

In this paper probabilitydensitiesareestimatedrom the
coloursof the backgroundandpeoples'clothing, headand
hands. The assumptioris that a personof interestin an
imagewill form a spatially contiguougegionin theimage
plane(i.e. the partsof a persorwill notbefragmentediue



to partialocclusion) With anadditionalassumptiorthatthe

setof coloursfor the personandbackgroundarerelatively

distinct, the pixels belongingto the personmay be treated
asa statisticaldistribution in the imageplane. A persons

positionandsize may thenbe computedby estimatingthe

meanandvarianceof this distribution.

Althoughcolourhistogramganbeusedo estimateden-
sitiesin colourspacethe level of quantisatiorimposedon
the colour spacein uences the resultingdensity If the
numberof bins is too high, the estimateddensity will
be “noisy” andmary binswill beempty If s too low,
density structureis smoothedaway. Histogramsare ef-
fective only when canbe keptrelatively low andwhere
sufcient dataare available. A potentially more effective
“semi-parametricapproactor colourdensityestimationis
to useGaussiamixture models. In this approacha num-
berof Gaussiarfunctionsaretakenasanapproximatiorto
a multi-modaldistribution in colour spaceand conditional
probabilitiesarethencomputedor colourpixels[6, 8]. The
conditionaldensityfor apixel, , belongingo anobject,
is modelledasa Gaussiammixturewith ~ components:

wherea mixing parameter
was generatedy the

is the prior probabilitythat
component, .
Eachmixture component, , Is a Gaussiarwith mean

and covariancematrix Expectation-Maximisation
(EM) providesan effective maximume-likelihoodalgorithm
for tting suchamixtureto adataset[1, 9].

A constructve algorithmfor automaticmodelorderse-
lectionhasbeenimplementedFirstly, two datasetsareob-
tained:atrainingsetandavalidationset. Thevalidationset
is chosersuchthataresultingmodelwill generalisaccord-
ingly. A mixturemodelis initialisedwith a smallnumberof
componentstypically one. Model orderis thenadaptedy
performingthe following steps:(1) EM is appliedto t the
training data; (2) The log-likelihoodfor the validationset
is computed|3) The componentvith lowestresponsibility
for thetrainingsetis split into two separateomponentdy
performingSingularvValueDecompositioronits covariance
matrix

Thediagonaimatrix containghesingularvaluesfor com-
ponent . Thetwo new componentdoth have the covari-
ancematrix obtainedby halvingthelargestvaluein  and
multiplying out the above equationagainto obtain
Themeansarefoundby shifting alongthe principalaxis.

Thesestepsare then repeatedand a plot of the log-
likelihoodfor the validationsetis obtained. It is assumed
thattheoptimalmodelordercorrespondso 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.Probabilitiesare com-
putedfor pixelsandthe sizeandpositionof the objectare
estimatedrom theresultingdistribution in theimageplane
[8]. Object position at frame is taken to be the mean

andobjectsizeis estimatedrom the stan-
darddeviation .

More precisely for a givenframe , the objectposition

is estimatedasanoffsetfrom the position

where rangesover all imagecoordinatesn the region of
interestand  is the colourpoint atimageposition . To
improve accurag, probabilities arethresholdedVval-
ueslowerthanthethresholdaretakento be backgrounaénd
are consequenthsetto zeroin orderto nullify theirin u-
enceon the estimatiorof and

Thesizeof theobjectis estimatedy computinghestan-
darddeviation of theimageprobabilitydensity:

This modelcanbe usedfor trackingwith partial occlu-
sion,scalechangesnda maving camera.

4 Dynamically Updating the Colour Model

Colour appearancés often unstabledue to changesn
bothbackgroundandforegroundlighting. The colourcon-
stangy problem has been addressednainly through the
formulation of physics-basednodelsof light formation
(e.g.[4). Here, we adopta statisticalapproachin which
colour distributions are estimatedover time. Under the
assumptiorthat lighting conditionschangesmoothlyover



time, the modelis adaptedo re ect the changingappear
anceof the objectbeingtracked [7]. At eachframe, , a
new setof pixels, , iIs sampledfrom the objectand
usedto updatethe mixture model . Thesenewv datasam-
ple a slowly varying non-stationarysignal. Let de-
note the sum of the responsibilitiedfor the datain frame

. . The parametersre rst esti-
matedfor eachmixture component, , usingonly the new
data, , from frame :

where denoteshe numberof pixelsin the new data
setand all summationsare over The mix-
ture model componentsthen have their parametersup-
datedusing weightedsumsof the previous recursve es-

timates, , estimatesbasedon the newn
data, , andestimatedasedntheold data,
where . Thefollowing approximations

areusedfor ef ciency:

Theparameter controlstheadaptvity of themodel .

Throughoutthis paper superscript  denotesa quantitybasedonly
ondatafrom framet. Subscriptglenoterecursve estimates.

Setting andignoring termsbasedon frame gives
a stochastialgorithmfor estimatinga Gaussiammixture for a stationary
signal[1, 13].

During the processingof a sequencenen samplesof
datafor adaptatioraregatheredrom aregionof appropriate
aspectratio centredon the estimatedobjectcentroid. It is
assumedhatthesedataform arepresentatie sampleof the
objects'colours.Thiswill holdfor alarge classof objects.

In orderto boot-straghetrackerfor objectdetectiorand
re-initialisationafter a tracking failure, a set of predeter
minedgenericobjectcolourmodelswhich performreason-
ably in a wide rangeof illumination conditionsare used.
Oncean objectis beingtracked, the modeladaptsandim-
provestracking performanceby becomingspeci c to the
obseredconditions.

5 Selectve Adaptation

An obvious problemwith adaptinga colourmodelover
time is the lack of ground-truth.Any colourbasedracker
canlosethe objectit is trackingdue, for example,to oc-
clusion. If sucherrorsgo undetectedhe colourmodelwill
adaptto imageregionswhich do not correspondo the ob-
ject. Thisis clearly undesirable.In orderto help alleviate
this problem,obsened log-likelihood measurementaere
usedto detecterroneoudrames. Colour datafrom these
frameswerenot usedto adaptthe object's colourmodel.

The adaptve mixture modelseekso maximisethe log-
likelihoodof the colourdataovertime. Thenormalisedog-
likelihood, , of thedata, , obseredfrom theobjectat
time isgivenby:

At eachtime frame, is evaluated.If thetracker losesthe
objectthereis oftena suddenjargedropin the valueof
This providesa way to detecttracker failure. Adaptationis
thensuspendedntil the objectis againtracked with suf-
ciently highlikelihood.

A temporalmedian Iter wasusedto computea thresh-
old, . Adaptationwasonly performedwhen . The
median, , andstandarddeviation, , of werecomputed
forthe mostrecentabore-thresholdrameswhere
Thethresholdvas , Where wasaconstant.

Figuresl and2 illustratetheuseof themixturemodelfor
facetrackingandthe advantageof anadaptve modelover
a non-adaptie one. In this sequencethe apparentolour
of the persons facechangesigni cantly uponenteringthe
laboratorydue to the differencein lighting conditionsto
thatof the corridor. In Figurel, a non-adaptie modelwas
trainedonthe rst imageof the sequencandusedto track
throughout. It wasunableto copewith the varying condi-
tionsandfailureeventuallyoccured.n Figure2, themodel
wasallowed to adaptand successfullymaintainedock on
theface. The smallbox outlinestheregion from whichthe
datafor adaptatiorweresampled.



Figure 1




Figure3illustratestheadwantageof selectve adaptation.
Thepersommovedthroughchallengingrackingconditions,
beforeapproachinghe cameraat closerange(frames50-
60). Sincethe camerawas placedin the doorway of an-
otherroom with its own lighting conditions,the persons
faceunderwenta large, suddenand temporarychangein
apparentcolour  When adaptationwas performedin ev-
ery frame, this suddenchangehad a drasticeffect on the
modelandultimatelyled thetrackerto fail whentheperson
recedednto the corridor. With selectve adaptationthese
sudderchangesveretreatedasoutliersandadaptatiorwas
suspendedhermittingthetrackerto recover.

6 Modelling Foreground and Background in
Virtual Studios

Colour mixture modelswereusedto trackandsegment
people wearing multi-coloured clothing. If the appear
anceof a personconsistof severaldistinctanddifferently
colouredpatchesthenit may be bene cial to modeleach
patchusing a separatecolour model (seee.g. [4]). Fur
thermorejf suchcolourpatchesrerelatvely homogenous,
eachcanbe directly modelledusinga singleGaussiarthus
avoiding theneedfor theiterative EM algorithm.However,
mary objectscannotbe thusdecomposedndtheir colours
arebettermodelledusinga mixture.

The distributions in colour space formed by multi-
colouredobjectsaremulti-modalandcanspanwide area®f
thecolourspace Thresholdingprobabilitiesgeneratedby a
foregroundmodel aloneis often ineffective dueto severe
overlapbetweerbackgroundandforegroundcolour distri-
butions. In virtual studios,it is computationallydesirable
to modelthe colourdistribution of thebackgroundscendn
additionto the objectsto be tracked. Given densityesti-
matesfor boththeobject, , andthebackgroundscene, |,
theprobabilitythata pixel, , belonggo theobjectis given
by the posteriomprobability

The probability of misclassifyinga pixel is minimisedby
classifyingit astheclasswith themaximumposteriorprob-
ability. The prior probability, , wassetto re ect the
expectedsize of the objectwithin the searchareaof the
scend ]. Thisapproachhastheadwantage
thatobjectandscenanodelscanbeacquiredndependently
In thevirtual studioscenariothis meanghatasingleback-
groundscenamodelcanbeacquiredandsubsequentlysed
with mary differentpeople.Figure4 shavs anexamplein
which boththe personandthe backgrounchave beenmod-
elled. Pixels were classi ed as personor backgroundoy
computingtheir posteriorprobabilitieswith the prior prob-
abilities setto . A multi-resolution
approachwastakenin which segmentationvasperformed

in a coarse-to- nemanner Oncethe positionand size of
the boundingbox had beenestimated superimpositiorof
theobjectontoanalternatve backgroungequencevasper
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 approachs adopted
herefor detectingand tracking multiple objectsbasedon
their colour. In particulay a skin colourmodelcanbeused
to ef ciently focusattentiononfacesandhanddor faceand
gesturerecognitionprocessesFigure5 shaws sucha sys-
tem running on a 200MHz PC at a frame rate of around
15Hz. Regionsof high colour probability aregroupedand
matchedrom frameto frameusingtime-symmetrianatch-
ing to maintaina consistentist of objects.Objectsaredy-
namically initialised and deletedfrom the list depending
uponcon dencemeasureslerived from recentcolour ev-
idence.Kalman lters canbeusedto trackeachobject.

8 Discussion

We have describedhow mixturesof Gaussiangan be
usedto modelthestatisticaldistribution of coloursof a per
son. A framavork hasbeenimplementedhat tracksand
segmentsregionsbasedn the probability distribution they
inducein theimageplane. A methodhasbeendescribed
that dynamicallyupdategshe mixture modelto accommo-
datelighting changescontrolledby a mechanisnfor de-
tectingtrackingerrors. A combinedforegroundandback-
groundmodel hasbeenusedfor coarseseggmentationand
virtual studiosuperimposition.A multi-objectskin colour
tracker wasusedfor focusof attentionfor faceandgesture
recognition.Currentwork is concentratingn fusionof mo-
tion, colourandshapefor detection trackinganddynamic
segmentation.
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