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Abstract

This paperdescribesa probabilistic multiple-hypothesis
frameawork for tracking highly articulatedobjects. In this
framawork, the probability densityof the traclker stateis
representeds a setof modeswith piecavise Gaussians
characterizinghe neighborhoodroundthesemodes.The
temporalevolution of the probability densityis achieved
through sampling from the prior distribution, followed
by local optimization of the samplepositionsto obtain
updatedmodes. This methodof generatinghypotheses
from state-spacesearchdoesnot requirethe useof dis-
crete featuresunlike classicalmultiple-hypothesigrack-
ing. The parametridorm of the modelis suitedfor high-
dimensionaktate-spaceshich cannotbe efficiently mod-
eledusingnon-parametri@pproachesResultsare shovn
for trackingFredAstairein amovie dancesequence.

1 Introduction

Visualtrackingof humanmotionis akey technologyin
a large numberof areas.It hasapplicationsrangingfrom
3D mouseinput [1] to content-basedideo editing [2].
This paperaddressethevisualtrackingproblemfor anar-
ticulatedobjectsuchasthe humanfigure, usinga known
kinematicmodel([3, 4, 5, 6]. The kinematicsof an artic-
ulatedobjectprovide the mostfundamentakonstrainton
its motion. Kinematic modelsplay two rolesin tracking.
First, they definethe desiredoutput—astatevectorof joint
anglesthat encodeghe degreesof freedomof the model.
Secondthey specifythe mappingbetweenstatesandim-
agefeatureghatmakesregistrationpossible.

A key attribute of ary tracking schemeis the choice
of probabilisticrepresentatioffor the stateestimatesThe
Kalmanfilter [7] is a classicalchoicewhich hasbeenem-
ployedin earlier figure trackingwork (see[8, 9, 10] for
examples).Unfortunatelythe Kalmanfilter is restrictedto
representinginimodalprobability distributions. The pres-
enceof backgroundclutter, self-occlusionsand complex
dynamicsduring figure tracking resultsin a statespace
densityfunction(pdf) whichis multi-modal.

Multiple hypothesistracking (MHT) is a classical
approachto representingmultimodal distributions with
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Kalmanfilters [11]. It hasbeenusedwith greateffective-
nessin radartrackingsystemsfor example. This method
maintainsa bankof Kalmanfilters, whereeachHfilter corre-
spondgo a specifichypothesisaboutthe targetset. In the
usualapproacheachhypothesisorrespondo apostulated
associatiobetweerthetargetandameasuredeature.The
multiple hypothesegrisewhentherearetwo or morefea-
turesfor whichthecorrectassociatiorns notknown. These
methodshoweverassumehata setof discretefeaturescan
beobtainedat eachtime step,which presupposethatsuch
a sensorxists. Thisis often not true whentrackingcom-
plex objects— for example,thereis no simpledetectorfor
the humanfigure which takesan input imageand explic-
itly returns'figure features'whereeachfeaturespecifiesa
differentskeletalconfiguration.

One alternatve is to use Monte Carlo methodssuch
as Isard and Blake's CONDENSATION algorithm [12].
While nonparametrienodelscanrepresentarbitrary pdfs,
their computationatostsareprohibitive for thelarge state
spacesequiredin figuretracking.

This paperdescribesa novel formulation of MHT for
figure tracking. The key ideais to explicitly modeland
trackthemodesin the statepdf. We usea sampling-based
statespacesearchprocesso generatea setof hypotheses
correspondingdo the local maximain the likelihood. By
generatindhypothesethroughstatespacesearchwe avoid
the needfor a comple figure detectomecessaryo apply
classicalMHT methods. By explicitly focusingour rep-
resentatioron the modesof the distribution we avoid the
explosionin the numberof samplesthat a Monte-Carlo-
basedschemerequires. A more detailedcomparisornbe-
tweenour proposedormulationandthesemethodds made
in section5.1. Our approachs basedon the obsenation
thatcomplex targetssuchasthe humanfigure usuallyhave
only small numberof well-definedminimain their poste-
rior density

This work is thefirst applicationof multiple hypothesis
techniquego figure tracking. An earlier versionof this
papermay be foundin [13]. A moredetailedanalysisis



alsoprovidedin [14].
1.1 The?2D Scaled Prismatic M odel

Much of the previous work on figure trackinghasem-
ployed 3D kinematicmodelsandfocusedon detailedesti-
mationof 3D motion. Theseapproachesequiremultiple
cameraviewpointsfor accurateestimationandrarely op-
erateon-line. In contrast,perceptualiserinterfaceappli-
cationsare morelikely to benefitfrom reliable 2D figure
trackingthatcanoperatan real-timeusingasinglecamera
input. For example,it’s likely that mary usefulgestures
canbe recognizedrom a purely image-basedescription
of figuremotion,withoutrecourseo 3D motionestimates.

This paperfocuseson figure registration,which is the
estimationof 2D imageplanefiguremotionacrossavideo
sequence.Figuresare describedby a novel classof 2D
kinematicmodelscalled Scaled Prismatic Models (SPM),
introducedin [2]. Thesemodelsenforce2D constraints
onfiguremotionthatareconsistentvith anunderlying3D
kinematicmodel. Unlike 3D kinematicmodels,SPM’s do
not require detailedprior knowledge of figure geometry
anddo not suffer from singularityproblemswhenthey are
usedwith asinglevideosource.

Eachlink in a scaledprismaticmodeldescribegheim-
ageplaneappearancef anassociatedigid link in anun-
derlying 3D kinematicchain. EachSPM link canrotate
andtranslatein theimageplane,asillustratedin Figurel.
The link rotatesat its joint centeraroundan axis which
is perpendiculato the imageplane. This captureghe ef-
fectonlink orientationof anarbitrarynumberof revolute
joints in the 3D model. The translationaldegreeof free-
dom (DOF) modelsthe distancebetweerthe joint centers
of adjacentinks. It capturegheforeshorteninghatoccurs
when3D links rotateinto andout of theimageplane.This
DOF is calleda scaledprismaticjoint becausén addition
to translatingthejoint centerst alsoscalesatemplaterep-
resentatiorof thelink appearance.

Figure 1: The effect of revolute () and prismatic (d)
DOF'sononelink froma2D SPMchain. Thearronsshav
theinstantaneousgelocity of pointsalongthelink dueto an
instantaneoustatechange.

A completediscussionof SPM models, including a
derivation of the SPM Jacobiarandan analysisof its sin-
gularities,canbefoundin [2]. In this reportwe modelthe
figure asa branchedSPM chain. Eachlink in the arms,

legs, andheadis modeledasan SPMlink. Eachlink has
two degreesf freedom eadingto atotal bodymodelwith
19 DOF’s. Thetrackingproblemconsistsof estimatinga
vectorof SPMparameter$or thefigurein eachframeof a
videosequencegivensomeinitial state.

2 Probability Density Representation

The choice of representatiorfor the probability den-
sity of a tracker stateis largely dominatedby two con-
cerns. The unimodality constraintimposedwhen using
a Gaussian-basedarametricrepresentatiorsuch as the
Kalman Filter is inaccuratewhentrackingin a cluttered
ervironment,while asample-baserkpresentatiofsuchas
usedin the CONDENSATION algorithm)requiresa pro-
hibitive numberof samplesfor encodingthe probability
distribution of a high-DOFSPM model. Insteadwe adopt
a hybrid representationvhich supportsa multimodal de-
scriptionbut requiresfewer samplegor modeling.

Our selectedrepresentatiotis basedon retainingonly
themodes(or peaks)of the probability densityandmodel-
ing thelocal neighborhoodsurroundingeachmodewith a
GaussianThis addressethe multimodality issuedirectly,
while the useof Gaussiangliminatesthe needfor alarge
numberof samplego non-parametricallyshapethe distri-
bution aroundeachmode.

3 Mode-based Multiple-Hypothesis Track-
ing

The basicideain a probabilisticframework for track-
ing involves maintaininga time-evolving probability dis-
tribution of thetracker state.In orderto generatea mode-
basedepresentatiofior the probability distribution of the
tracker state,the algorithmhasto recover thesemodesin
eachtime-frame.

The algorithmproposecheremay be modularizedn a
mannercompatiblewith BayesRule:

(@] Zs) = k p(2e|e) p(we|Ze—1) 1)

wherez; is the tracker stateat time ¢, z; is the obsened
data, Z; is the aggregationof pastimageobsenations(ie.
zr for = 0,...,t), andk is a normalizationconstant.
Furthermorez; is assumedo be conditionallyindependent
of Z;_1 givenz;.

The stagef thealgorithmat eachtime-frameare

1. Generatinghenew prior densityp(z:| Z;_1) by pass-
ing the modesof p(x;_1|Z; 1) throughthe Kalman
filter predictionstep.

2. Likelihoodcomputationjnvolving:

(a) Creatinginitial hypothesisseedsby sampling
thedistribution of p(z¢| Z;—1).



(b) Refining the hypothesesthrough differential
state-spacesearchto obtain the modes of the
likelihoodp(z:|x:).

(c) Measurehelocal statisticsassociateavith each
likelihoodmodeusingperturbatioranalysis.

3. Computingthe posteriordensityp(z:|Z;) via Bayes
Rule(1), thenupdatingandselectinghesetof modes.

3.1 Multiple Modes as Piecewise Gaussians

Givena setof N modesfor which the ith modehasa
statem;, anestimatectovarianceS; anda probability p;,
an accurateconstructionof the probability density func-
tion requiresa local maximaof value p; locatedat each
m;, with the local neighborhoodsurroundingm,; being
approximatelyGaussiamwith covarianceS;;.

In situationsvhenthemodescanoccurin clustergasis
oftenthe case)it is erroneoudo usetheindividual modes

directly ascomponentsn a Gaussian sum representation.

Considetthe simplifiedexamplefor four hypothese@ 1D
state-spacas showvn in fig. 2(a). If the hypothesesare
directly consideredthe componentsn a Gaussiansum,
the combinedpdf hasonly two modes. This is shovn in
fig. 2(b). This resultsin a clusterof weaker modesbe-
ing overrepresenteat the expenseof strongbut isolated
modes. Insteadwe proposea Piecavise Gaussiar(PWG)
representatiowheretheprobabilitydensityp(x) atapoint
x in the state-spacis determinedy the Gaussiarcompo-
nentproviding thelargestcontributionat z, ie.

p(e) =k max {pi exp (—%(w - m,-)TSi_l(a: - mz))} 2

i=1..N

wherek is anormalizationconstant.

If for the previous example a PWG representatioris
usedinsteadasin figure 2(c), the strengthsf eachof the
modesare presered. This is preferablesincethe repre-
sentatiorwould thenbe consistentvith thelocal statistics
determinedor eachhypothesis.

(a) (b) (c)

Figure?2: (a) shavs four recoreredmodesof a probability
distribution togetherwith local statistics. Using a Gaus-
sian sum approximationwith componentdocatedat the
hypothesesvould producethe distribution shavn in (b),

which hasonly two modes,and also the dominantmode
is formed from the clusterof wealer modes. The modes
andlocal variancesare however presered if a piecavise
Gaussiarapproximatioris used(c).

While it is possiblethata good Gaussiarsumapproxi-
mationmay be obtainedvia a comple fitting procesgeg.
via the EM algorithm[185), the PWG representatiomro-
vides satishctory approximationat negligible costof fit-
ting, althoughsamplingfrom the PWG representatioris
notasstraightforvard (discussedaterin section3.3.2).
3.2 Generating Prior Distributions

Obtainingthe prior densityp(z¢| Z;—1) in thenext time
frameis similar to the Kalmanfilter predictionstep.A dy-
namicalmodelis appliedto themodesof the posteriordis-
tribution p(x;_1|Z;_1) of the previoustime frameto pre-
dictthenew locationsof themodesfollowedby increasing
the covariancesof the Gaussiarcomponentsaccordingto
theprocessoise. Thisamountof processhoiseis dictated
by the accurayg of the dynamicalmodel. This may also
beviewedasanapproximatiorto theresultp(z:|Z;—1) =
fzt p(:ct|:ct_1)p(azt_1 |Zt_1), WherEp(xt|xt_1) is aGaus-
sian centeredon the new modewith covarianceequalto
the processnoise covariance. Here z; is assumedo be
conditionallyindependenof Z;_;.

In theexperimentscarriedout for this paperwe did not
useatrainedor complex dynamicalmodel. Thedynamical
modelemployedis simply a naive constantvelocity pre-
dictor, andconsequentlyhe processoiseappliedis very
high sincethe predictionis oftengrosslyinaccurate.

3.3 Likeihood Computation
3.3.1 StateProbabilitiesfrom Image M easurements

In orderto modelthe likelihood p(z:|x:), we needto be
ableto computethe probabilitythatthetargetfigure,when
correctlyrepresentetty an SPMmodelwith statex, gen-
erateghe imageobsenation z; in the currentframe. This
is estimatedria

p(ze|xs) o Hexp (_ (I(u) = T(u, wt))2> 3)
U
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wherewu represenimagepixel coordinates](u) arethe
imagepixel valuesat u, T'(u, ) arethe overlappingtem-
plate pixel valuesat u whenthe SPM modelhasstatez,
ando? is the pixel noisevariance(this hasto be known
apriori or experimentallyobtained). The productis then
evaluatedfor all pixels locatedwithin the boundariesof
thefigure.

Basedon (3), it maybeobsenedthatthelikelihoodcan
bemaximizedoy minimizing (I(u) — T'(u, z;))?. Thisis
achievedthroughtemplateregistration,whichmaybecon-
sideredequivalentto recoveringthelocal maximumlik eli-
hoodsolution.

3.3.2 Hypothesis Sampling

We first considerthe caseof samplingfrom a singletrun-
catedGaussianThis involvesobtainingsampledrom the



original Gaussiardistribution, followed by discardingthe
sampleswhich fall outsidethe truncationboundary This
may be continueduntil a satishctorynumberof valid sam-
pleshave beenobtained.

ThePWGdistributionmaybeequialentlyexpresses
a union of separateruncatedGaussiansvith alignedbor-
ders,wherethebordersdenotepointsfor which the proba-
bility valuescomputedrom eitherGaussiartomponenbn
oppositesidesof the borderarethe same(ie. thereareno
probability discontinuitiesat the borders).Samplingfrom
thePWGdistribution maythereforebe carriedout with the
following steps:

1. Selecttheith modewith probabilityp; from the setof
N modes.

2. Obtaina singlesamples from the original Gaussian
distribution associateavith theith mode.

3. If slieswithin theboundarie®f theith mode(ie. p(s)
satisfieq?2)), accepthe sampleptherwiserejectit.

4. Returnto stepl until therequirednumberof accepted
sampleshave beenobtained.

3.3.3 State-Space Search for Likelihood Modes

Startingwith the initial SPM model statesobtainedfrom
samplingthe prior distribution p(z:| Z;_1), the statesare
optimizedlocally in orderto corvergeon themodesof the
likelihood p(z;|z;). This achievzed by maximizing(3), or
equivalentlyby obtaining

argmin { Y (I(u) T(u,2))” }
u

Thisis in factidenticalto differentialtemplateregistration
of the 2D SPM modelwherebythe sumof squaredbixel
residualsis minimized. For this we employ the iterative
Gauss-Neiton method,which hasan advantageof simul-
taneouslyrecoveringthelocal variancef eachmode.
3.4 Deriving Posterior Distributions

Computingthe posteriordensity via (1) involves the
multiplication of the prior densityp(xz:|Z;—1) andlikeli-
hood p(z:|x;) functions,whereboth functionsarerepre-
sentedn PWGformsasdescribedn theprevioussections.
Theposteriordensitymaybeapproximatedby taking pairs
of modesfrom the prior and likelihood distributions and
multiplying the Gaussiandgndependently This may be
further trimmed by selectingonly the dominantposterior
modes.

To prevent an exponentialincreasein modesin our
experiments,eachlikelihood mode generatesa posterior
modeby combiningwith the mostcompatibleprior mode.
This is acceptableasthe modesof the likelihood are the

dominantfactorswhena constantvelocity predictorwith
high processnoiseis used.If a superiorpredictoris avail-
able,greateremphasisnay be placedon the prior modes.

4 Experimental Results

The algorithmwastestedon threesequencesivolving
FredAstairefrom the movie ‘Shall We Dance’. A 2D 19-
DOF SPM modelis manuallyinitialized in thefirstimage
frame, after which trackingis fully automatic. The aug-
mentedstate-spacn this casehas38 dimensiondecause
the predictorusedis a secondorderauto-r@ressve (AR)
model. Typically the joint probability distribution in the
state-spaces describedria 10 modesin a PWGrepresen-
tation.

In fig. 3, threekey framesfrom an original sequencef
eighteenframesare shown, togetherwith the resultsob-
tainedfrom using a single modetracker. Here the stick
figure denotesthe currentstateof the tracker. It canbe
obsened that the tracker fails to copewith the ambigu-
ity resultingfrom self-occlusionwhenFred Astaire’s legs
Cross.

In fig. 4, themultiple modesof thetracker areshavn in
the top row. The bottom row shows the dominantmode
at eachframe, which is solely determined via minimum
pixel squared residual error. This shaws the ability of
the tracker to handlethe ambiguitiesof self-occlusionby
maintainingmultiple modes,without even the needfor a
complex dynamicalmodel.

However, the computationalcost of using multiple
modesncreasestleastlinearlywith thenumberof modes.
In the above case the single-moderacker completedthe
trackingsequencef 18 framesin about18 seconds.The
10-modetracker requiredapproximately2 minutes. Nev-
erthelessthe advantagegainedfrom the stability of the
trackeris significantlymorecritical.

5 PreviousWork

The first works on articulated3D trackingwere|[3, 4].
Yamamotoand Koshikava [5] were the first to apply
moderrkinematicmodelsandgradient-basedptimization
techniquesput their resultswere limited to 2D motion.
Other3D trackingworksinclude[6, 16, 17, 18]. Thework
of Juandet. al. [19] is perhapgheclosesto our 2D SPM.
Other2D figuretrackingresultscanbe foundin [20].

Early applicationsof Kalmanfilters (KF) to rigid body
trackingappeaiin [21, 22, 23]. Figuretrackingschemes
which usethe Kalmanfilter are discussedn [8, 9]. All
of theseworksemploy the corventionalunimodalKF. One
exceptionis Shimadeet. al. [10], in which a simplemulti-
ple hypothesisapproachis usedto handlereflectve ambi-
guity underorthographigorojection.

The first applicationsof classicalmultiple hypothesis
trackingtechniquedo computewision problemsappeared



Figure 3: Single Mode Tracking Results. Top row: threeframesfrom the original sequence.Bottom row: the single-
hypothesidracler fails to handlethe self-occlusiorcausedy FredAstaire’s legscrossing.

in [24, 25]. An early surwey of thesetechniquescan be
foundin [26]. Recently RasmusseandHager[27] used
the joint probabilisticdataassociatiorfilter (JPDAF) [11]

to trackmulti-partobjects suchasafaceandhand.In con-
trastto our MHT framework, the JPDAF approactusesa
correspondence-basé@dmenork for generatinghypothe-
ses. Eachtamgetis influencedby a linear combinationof

theresultingmeasurements.

5.1 Comparisons to Classical MHT and Monte
Carlo Methods

Multiple hypothesigrackingwas originally developed
for radartrackingsystemavherethe measuredeaturesare
asetof discrete'blips’. The multiple hypothesearegen-
eratedby postulatingassociationdetweena singletarget
and eachof the differentfeatures. In the caseof figure
tracking thereis however no detectorfor the humanfig-
urewhich explicitly returnsfeaturesgiving differentprob-
ableskeletalconfigurationsn eachimageframe.Onepos-
sible solution would be to considerall combinationsof
lowerlevel features,eg. edgesobtainedfrom an edgede-
tector which form high-level ‘figure features’.Howeverin
sceneswith significantclutter, this rapidly leadsto an al-
mostintractablenumberof hypothese§24, 25]. Moreim-
portantly discretefeaturesarenot suitableto a large class
of problems. For examplewhen using modelsbasedon
appearancer optic-flow, the dataassociatiorbetweerthe
modelandimagepixelsis both probabilisticand continu-
ous— every differentsetof pixelsis a separatéeaturewith
acorrespondingrobabilityof associatiorio themodel.In
thesanstancesglassicaMHT methodsarenotapplicable.

Insteadof using a separatefeature-detectiorprocess
basedon image correspondencesur formulation of hy-

pothesissamplingand local state-spacesearchrecovers
MH statesas part of the tracking process. This method
is alsocapableof copingwith the abore-mentionegrob-
lemsfor which thefeaturesetin continuous.The multiple
hypothesesn our methodare not simply data-association
hypothesebetweertargetandfeatureshut state-spachy-
pothesesvhich locally maximizethelik elihoodof the ob-
senedimage.

Alternatively Monte Carlo methodssuchasthe CON-
DENSATION algorithm[12], canbe used. Thesemeth-
odsexpressthe pdf of the tracker statenon-parametrically
with afair setof samplesThenumberof samplesequired
for accuratelymodelingthe pdf increasesvith boththe di-
mensionalityof the statespaceandthe varianceof the pdf,
whichin the caseof trackingis inverselyrelatedto the ac-
curag of the predictor In our casewith 38 state-spacédi-
mensionsanda weak constantvelocity dynamicalmodel,
a prohibitive numberof sampleswill be requiredfor reli-
abletrackingwith CONDENSATION. A further problem
with the sample-baseg@df representations that only the
momentf the pdf canberecoveredeasily Hencefor ex-
amplewhile it may be simpleto computethe meanstate,
the maximumlikelihood(ML) estimatemay not be found
accuratelyand more significantlythe maximumaposteri-
ori (MAP) estimatds difficult to compute.

Experimentscarried out using the authors’implemen-
tation of the CONDENSATION algorithm bearout these
obsenations. Tracking was attemptedon sequence®f
a personwalking using a 26-dimensionalracker based
on templates(insteadof contoursasin [12]). Whena
second-order autoregressive (AR) model trainedon walk-
ing dynamicswas applied,tracking was successfulvhen



Figure 4: Mode-basedMultiple HypothesisTracking Results. Top row: the multiple modesof the tracker are shown.
Bottomrow: thedominantmodeis shavn, which demonstratéhe ability of thetrackerto handleambiguoussituationsand

thussurvive the occlusionevent.

at least50 sampleswere used. However tracking with

this AR model canbe carriedout more efficiently by us-

ing our single-hypothesisracker, with running speedsof

6fpsversus).4fps.To comparegperformancesvhenacon-
stantvelocity dynamicalmodel was appliedinstead,we

used200 samplesn our CONDENSATION implementa-
tion to setthe runningspeedo be approximatelyequalto

our multiple-hypothesigracker. While the former failed

to track afterthe fourth imageframe,our MH tracker was
successfufor theentire48 frames.

Our approaclcopeswith weak dynamicalmodelsand
high-dimensionaktatespacedy carrying out samplere-
finement. This allows successfutrackingto be achieved
with only ten samples.Furthermorebecause parametric
representatios usedthroughoutthe entire processpoth
the MAP andML estimatesanberecoreredeasily

6 Conclusionsand Future Work

We have introduceda novel multiple hypothesigrack-
ing algorithmfor complex targetswith high dimensional
statespaces.The key insightis to represenandtrack the
modesin theposteriorstatedensityfunction. Thesemodes
are likely to be sparseand separatedor visually com-
plex tamgetssuchasthe humanfigure. Experimentalre-
sultsfrom trackingone of Fred Astaire’s dancesequences
demonstrateshe superiorperformanceof our MHT ap-
proachover a standardKalmanfilter.

In the nearfuture we will presentcomparatie experi-
mentalresultsto thatof the CONDENSATION algorithm.
We alsoplanto extendour MHT framework to handleself-
occlusionsand motion discontinuitiesin an explicit man-
ner. We will alsobe investigatingthe integration of fig-

ure trackingwith backgroundnodelingaswell asfigure-
backgroundsegmentation.
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