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Abstract

We explore an approachto 3D peopletrackingwith learnedmotion modelsand deter
ministic optimization.Thetrackingproblemis formulatedasthe minimizationof a differ-
entiablecriterionwhosedifferentialstructureis rich enoughfor optimizationto beaccom-
plishedvia hill-climbing. This avoidsthe computationaéxpenseof Monte Carlomethods,
while yielding good resultsunderchallengingconditions.To demonstratéhe generality
of the approachwe shav thatwe canlearnandtrack cyclic motionssuchaswalking and
running,aswell asagyclic motionssuchasa golf swing. We alsoshaw resultsfrom both
monocularand multi-cameratracking. Finally, we provide resultswith a motion model
learnedrom multiple actiities, andshaov how this modelsmight be usedfor recognition.
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1 Intr oduction

Prior modelsof poseandmotionplay a centralrole in 3D monoculampeopletrack-
ing, mitigating problemscausedy ambiguities,occlusionsandimagemeasure-
ment noise. While powerful modelsof 3D humanposeare emeging, therehas
beencomparatiely little work on motionmodels[1-4]. Most state-of-the-arap-
proachegely on simple Markov modelsthat do not capturethe compleities of
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humandynamics.This often producesa more challenginginferenceproblemfor
which Monte Carlo techniquegqe.g., particle lters) are often usedto copewith
ambiguitiesandlocal minima[5-9]. Most suchmethodssuffer computationallyas
thenumberof degreesof freedomin themodelincreases.

In this paper we useactiity-speci ¢ motion modelsto help overcomethis prob-
lem. We shaw that, while complex non-linearmethodsarerequiredto learnpose
models onecanusesimplealgorithmssuchasPCA to learneffective motionmod-
els,bothfor cyclic motionssuchaswalking andrunning,andacyclic motionssuch
as a golf swing. With suchmotion modelswe formulate and solve the tracking
problemin termsof continuousobjective functionswhosedifferentialstructureis
rich enoughto take advantageof standardptimizationmethodsThisis signi cant
becausdhe computationarequirementof thesemethodsare typically lessthan
thoseof Monte CarlomethodsThisis demonstratetierewith two trackingformu-
lations,onefor monoculampeopletracking,andonefor multiview peopletracking.
Finally, with thesesubspaceanotion modelswe also shov that one can perform
motion-basedecognitionof individualsandactuities.

2 RelatedWork

Modeling andtrackingthe 3D humanbody from video is of greatinterest,asat-
testedby recentsurweys[10,11],yetexisting approachesemainbrittle. Thecauses
of themainproblemsncludejoint re ection ambiguitiespcclusionclutteredback-
groundsnon-rigidity of tissueandclothing,complex andrapid motions,andpoor
imageresolution.Peopletrackingis comparatrely simplerif multiple calibrated
cameraganbeusedsimultaneouslyTechniquesuchasspacecarving[12,13],3D
voxel extractionfrom silhouetteg14], tting to silhouetteandstereadata[15-17],
andskeleton-basetkechniqueg18,19] have beenusedwith somesuccesslf cam-
eramotionandbackgroundscenesrecontrolled,sothatbody silhousttesareeasy
to extract, thesetechniqguesanbe very effective. Neverthelessin naturalscenes,
with monocularvideo and clutteredbackgroundsvith signi cant depthvariation,
the problemremainsvery challenging.

Recentapproacheso peopletracking can be viewed in termsof thosethat de-

tect and thosethat track. Detection,involving poserecognitionfrom individual

frames,hasbecomeincreasinglypopularin recentresearct{20—24] but requires
large numbersof training posesto be effective. Trackinginvolvesposeinference
atonetime instantgivenstateinformation(e.g.,pose)from previoustime instants.
Trackingoftenfails aserrorsaccumulatehroughtime, producingpoor predictions
andhencedivergence Oftenthis canbemitigatedwith theuseof sophisticatedta-
tistical techniquegor a moreeffective search?7,5,25,6,9]0r by usingstrongprior

motionmodels[26,27,8].



Detectionandtrackingarecomplementaryn mary respectsTrackingtakesadwan-
tageof temporalcontinuity andthe smoothnessf humanmotionsto accumulate
information throughtime, while detectiontechniquesare likely to be useful for
initialization of trackingandsearchWith suitabledynamicalmodels trackinghas
theaddedadwantageof providing parameteestimateshatmaybedirectly relevant
for subsequemntecognitiontaskswith applicationgo sporttraining, physiotherap
or clinical diagnosticsin this paperwe presenta trackingapproachn which sim-
ple detectiontechniquesareusedto nd key posturesandtherebyprovide rough
initialization for tracking.

Dynamicalmodelsmay be genericor actiity speci c. Many researcheradopt
genericmodelsthat encouragesmoothnessvhile obeying kinematicjoint limits
[5,28,29,9]. Suchmodelsare often expressedn termsof rst- or second-order
Markov models Activity-speci ¢ modelsmorestronglyconstrain3D trackingand
help resole potentialambiguities,but at the costof having to infer the classof
motion,andto learnthe models.

Themostcommonapproacho learningactiity-speci ¢ modelsof motionor pose
hasbeento useoptical motion capturedatafrom one or more peopleperforming
one or more actiities. Given the high-dimensionalityof the datait is naturalto

look for low-dimensionakmbeddingsf thedata(e.g.,[30]). To learnposemodels
a key problemconcernghe highly nonlinearspaceof humanposes Accordingly,

methoddor nonlineardimensionalityreductionhave beenpopular[21,31-34].

Insteadof modelingthe posespace,one might directly modelthe spaceof hu-
man motions Linear subspacenodelshave beenusedto model humanmotion,
from which realisticcomputeranimationshave beenproduced35-38]. Subspace
modelslearnedfrom multiple peopleperformingthe sameactiity have beenused
successfullyor 3D peopletracking[27,8,39].For therestrictedclassof cyclic mo-
tions,Ormoneitetal. [27] developedanautomategrocedurdor aligningtraining
dataasa precursoito PCA. Troje [40] considersa relatedclassof subspacenod-
els for walking motionsin which the temporalvariationsin poseis expressedn
termsof sinusoidabasisfunctions.He nds thatthreeharmonicsaresufcient for
reliablegenderclassi cationfrom optical motion capturedata.

3 Motion Models

This paperextendsthe useof linear subspacenethodsfor 3D peopletracking.In
this sectionwe describethe protocolwe useto learncyclic andagyclic motions,
andthendiscussthe importantpropertiesof the models.We shav how they tend
to clustersimilar motions,andthatthe linearembeddingendsto producecornvex
models.Thesepropertiesareimportantfor the generalizatiorto motionsoutsideof
thetrainingset,to facilitatetrackingwith continuousoptimization,andfor motion-



basedecognition.

We representhe humanbody asthe setof volumetric primitives attachedo an
articulated3-D skeleton,lik e thosedepictedin Figs.12 and 14. A poseis given
by the position and orientationof its root node,de ned at the sacroiliac,and a
setof joint angles.More formally, let D denotethe numberof joint anglesin the
skeletalmodel.A poseattimet is thengivenby a vectorof joint anglesdenoted

« = [1 ; p]", alongwith the global position and orientationof the root,
denotedy, 2 RE.

A motioncanbe viewed as a time-varying pose.While posevariescontinuously
with time, we assumea discreterepresentationn which poseis sampledat N
distincttime instantsln thisway, amotionis justasequencef N discreteposes:

=[4{; ; nI" 2 RPN 1)

G=[g1; ;o] 2 RN 2)
Naturally, we assumehatthe temporalsamplingrateis sufcicently high thatwe
caninterpolatethe continuougposesignal.

A givenmotion canoccurat differentspeedsin orderto acheve somespeedn-
dependencere encodehemotionfor acanonicakpeedfrom whichtime warping
canbe usedto createotherspeedsFor the canonicaimotion representatiome let
the posevary asa function of a phaseparameter thatis de ned to be 0 at the
begining of themotionandl attheendof themotion.For periodicmotionsde ned
onacircle, likewalking, the phaseds periodic. The canonicaimotionis thenrepre-
sentedvith asequencef N posesjndexedby the phaseof the motion.For frame
n 2 [1; N], thediscretephase , 2 [0; 1] is simply

n — : (3

3.1 PCAMotion Model

We learnmotionmodelsfrom opticalmotion capturedatacomprisingoneor more
peopleperformingthe sameactvity severaltimes. Becausdifferentpeopleper
form the sameactivity with somevariability in speedwe rst dynamicallytime-
warpandre-samplesachtraining sample This producedraining motionswith the
samenumberof samplesandwith similar posesaligned(to obtainthe canonical
referencdrame).To thisend,we rst manuallyidentify asmallnumberof key pos-
turesspeci ¢ to eachmotiontype.We thenlinearly time warp the motionssothat
thekey posturesaretemporallyaligned.Theresultingmotionsarethenre-sampled
at regular time intervals using quaternionsphericalinterpolation[41] to produce
thetrainingposed ;g\, .



Givenatrainingsetof M suchmotions,denotedf | gj""=l , we usePrincipalCom-
ponentAnalysisto nd a low-dimensionalbasiswith which we can effectively
model the motion. In particular the model approximatesnotionsin the training
setwith a linear combinationof the meanmotion o anda setof eigen-motions
f gl :

X0

ot PP (4)

i=1
The scalarcoefcients, f g, characterizéhe motion,andm M controlsthe
fraction of the total varianceof the training datathat is capturedoy the subspace,

denotedby Q(m): P
m
Q(m) = P (5)
i=1 i
where ; aretheeigervaluesof the datacovariancematrix, orderedsuchthat ;
i+1 - In whatfollows we typically choosem sothatQ(m) > 0:9.

A poseis thende ned asa function of the scalarcoefcients, f ;g, anda phase
value, ,i.e.

xXn
(v ©» 5 om) o )+ i i( ) (6)
i=1
Notethannow ( ) areeigen-posesand o( ) isthemeanposefor thatparticular
phase.

3.2 Cyclicmotions

We rst considemodelsfor walking andrunning.We useda Vicon™ opticalmo-
tion capturesystemo measurghe motionsof two menandtwo womenon atread-
mill:

walking at 9 speedsangingfrom 3 to 7 km/h, by incrementf 0.5 km/h, for a
total of 144motions;
runningat 7 speedsangingfrom 6 to 12 km/h, by incrementf 1.0km/h, for a
total of 112motions.

The body modelhadD = 84 degreesof freedom.While one might alsowish to

include global translationalor orientationalvelocitiesin the training data,these
werenot availablewith the treadmill data,so we restrictedoursehesto temporal
modelsof the joint angles.The startand end of eachgait cycle were manually
identi ed. Thedataweretherebybrokeninto individual cycles,andnormalizedso
that eachgait cycle wasrepresenteavith N = 33 posesamplesFour cycles of

walking andrunning at eachspeedwere usedto capturethe naturalvariability of

motionfrom onegaitcycle to thenext for eachperson.
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Fig. 1. Motion models Firsttwo PCA componentsor (a) 4 differentcapturesf 4 subjects
walking at speedsrarying from 3 to 7km/h, (b) the samesubjectsat speedsangingfrom

6 to 12km/h,(c) themulti-actvity databaseomposedf thewalking andrunningmotions
together The datacorrespondingo different subjectsis shavn in different styles. The

solid lines separatingclustershave beendravn manuallyfor visualizationpurposes(d)

Percentagef thedatabas¢hatcanbegenerateavith agivennumberof eigevectorsfor the

walking (dasheded),running(solidgreen)andthe multi-actvity databases(dottdzue).

In whatfollows we learna motionmodelfor walking andonefor running,aswell
asmulti-activity modelfor thecombinedwalking andrunningdata.ln Fig. 1(d) we
displayQ(m) in (5) asafunctionof the numberof eigen-motiongor the walking,
runningandthe combineddatasetsWe nd thatin all threecasesm = 5 eigen-
motionsout of a possiblel44 for walking, 112 for runningand256 for the multi-
activity data,capturemorethan90%of thetotal varianceln theexperimentdelow
we show thatthesemotion modelsaresufcient to generalizeo stylesthatwere
not capturedin the training data,while eliminating the noise presentin the less
signi cant principaldirections.

The rst ve walking eigen-motions, ;, for the upperandlower leg rotationsin
the sagittalplaneare depictedby Fig. 2 asa function of the gait phase ;. One
canseethat they are smoothand thereforeeasily interpolatedand differentiated
numericallyby nite differencesFig. 3 illustratesthe individual contributions of
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Fig. 2. Walking motion eigemwvectors(left) andtheir derivatives (right). The rst oneap-
pearsin red,greenthe secondbpluethethird, cianthe fourth andmagentdor thelastone.

Eigervectorsandtheir derivatives, %—'i of the e xion-extensionin the sagittalplaneof the
upperleg onthetop and e xion-extensionin the sagittalplaneof thelowerleg ontheright.

the rst ve eigen-motionsThe rst row shavs the meanmotion alone.In each
subsequerow we show alinearcombinatiorof themeanmotionandthei™ eigen-
motion, for i = 1:::5. Eachrow thereforeillustratesthe in uence of a different
eigen-motionWhile one cannotexpectthe individual eigen-motiongo have ary
particular semanticmeaning,their behaiour provides someintuitions aboutthe
natureof theunderlyingmodel.

3.3 Golf Swing

We usethe sameapproacho learnthe swing of a golf club. Towardthis end,we
usedtheM = 9 golf swingsof the CMU databas¢42]. The correspondindpody
modelhasD = 72degreesof freedomWeidenti ed the4 key posturegiepictedn
Fig. 4, andpieceaviselinearly time-warpedtheswingssothatthe samekey postures
are temporallyaligned.We then sampledthe warpedmotionsto obtain motions
vectorswith N = 200poses.The samplingrate hereis higherthanthe oneused
for walking andrunningsincea golf swing containsfastspeedsndlarge acceler
ations.Giventhe smallnumberof availabletrainingmotionswe only usedm = 4
coefcients, capturingmorethan90%of thetotal variance.

3.4 Motion Clustering

Troje [40] shaved that with effective motion modelsone can performinteresting
motion-basedecognitionln particularonecanclassifygenderndotherindividual
attributesincludingemotionalstatesin this context it is of interestto notethatthe
subspacenotion modelslearnedhereexhibit goodinter-subjectandinter-activity



Fig. 3. Thetop row shaws equispacegosesof the meanwalk. The next 5 rows illustrate
thein uence of the rst 5 egien-motions.The secondrow shavs a linear combinationof
the meanwalk andthe rst eigen-motion, ¢ + 0:7 1. Similarly, the third row depicts

o+ 0:7 ,toshaw thein uence of thesecondeigen-motionandsoonfor theremaining
3 rows.

Fig. 4. Key posturedor the golf swing motion capturedatabas¢hatareusedto align the
training data:Beginning of upswing,endof upswing,ball hit, andendof downswing.The
bodymodelis representedsvolumetricprimitivesattachedo anarticulatedskeleton.
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Fig. 5. Poor clusteringin a posesubspaceThe solid lines that delimited clustershave
beenmanuallydonefor visualizationpurposes(a) Projectionof training posesonto the
rst two eigen-direction®f the posesubspace(b) Projectionof training posesonto the
third andfourth eigen-direction®f the posesubspaceawhile in themotionmotionthereis
strongintersubjectseparationwith the posemodelin this gure, thereis no intersubject
separation.

separationsuggestinghatthesemodelsmay be usefulfor recognition.For exam-
ple, Fig. 1a shaws the walking training motions,at all speedsprojectedonto the
rst two eigen-motion®f thewalking model.Similarly, Fig. 1b shovstherunning
motions,at all speedsprojectedonto the rst two eigen-motionf the running
model. The closedcunesin these gures weredravn manuallyto helpillustrate
the large inter-subjectseparationOne can seethat the intra-subjectvariationin
bothmodelsis muchsmallerthanthe inter-subjectvariation.

The motion modellearnedfrom the combinationof walking andrunningtraining
datashaws largeinter-actiity separationkig. 1¢ shonvsthe projectionof thetrain-
ing dataonto the rst two eigen-motionsof the combinedwalking and running
model.Onecanseethatthetwo actvities areeasilyseparateth this subspacelhe
walking componentappearon the left of the plot andform arelatively denseset.
By contrastthe runningcomponentsresparsebecausenter-subjectvariationis
larger, indicatingthatmoretrainingexamplesarerequiredfor a satisactorymodel.

While the motion modelsexhibit this inter-subjectandinter-actvity variation,we
would not expect pure posemodelsto exhibit similar structure.For exampleto

demonstratehis we also learneda posemodel by applying PCA on individual
posesin the samedatasetFig. 5 shavs posesfrom the walking dataprojected
onto the rst four eigen-direction®f the subspacanodellearnedfrom posesin

thewalking motions.It is clearthatthereis no inter-subjectseparationn the pose
model.
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Fig. 6. Samplingthe single actiity databasedn eachplot we shav the most probable
samplethatis attheorigin, anda samplewith verylow probability (far from theorigin) for
the (a) walking, (b) running,and(c) gol ng databased heirrespeciie motionsareshovn
in Fig. 7. Thedashecturvesareonestandardleviation ellipsesfor theunderlyingGaussian
densitymodelfor thedata.

3.5 ModelCorvexity

PCA providesasubspacenodelwithin whichmotionsareexpressedslinearcom-
binationsof the eigen-motiong4). With probabilisticPCA [43] one further con-
strainsthe modelwith a multivariateGaussiardensity A key propertyof suchlin-

earmodelsis thecorvexity of themotions,i.e.,thatlinearcombinationsf motions
(or eigen-motionsarelegitimatemotions.

While corvexity is clearlyviolatedwith posedata(cf., Fig. 5a),we nd thatwith
thesubspacenotionmodelscorvexity is satis edto amuchgreaterextent.In other
words,we nd thatrandomsampledrom the subspacesgccordingto a subspace
Gaussianmodel for walking, running and the golf swing, all produceplausible
motions.Fig. 7 depictstwo motionsfrom eachof (a) the walking model, (b) the
runningmodel,and(c) the combinedmodel.The rst row in eachcasedepictsthe
meanmotion for eachmodel, correspondingo the origin of the respectre sub-
spacesAs shavn in Fig. 6 the origin is relatively far from ary particulartraining
motion, yet thesemotionslook quite plausible.The secondmotion in eachcase
correspondso apointdravn atrandomthatis far from the origin andary training
motion (asshowvn in Fig. 6). Thesepoints,typical of otherrandomsampledrom
the underlying Gaussiardensity also depict plausiblemotions.Accordingly, the
modelsappeato generalizenaturallyto pointsrelatively farfrom thetrainingdata.

Themulti-activity modellearnedrom thecombinedunningandwalking datadoes
not exhibit the sameproperty Fig. 8 shavs the subspacspannedy the rst two
eigen-motionsof the combinedmodel.In additionto the training data,the gure

shaws the locationsof four pointsthatlie roughly betweenthe projectionsof the
walkingandrunningdata.Thefour rows of Fig. 9 depictthecorrespondingnotions
(for which the remainingsubspaceoefcients, ; = 0,for3 ] m). While
threeof the motionsareplausiblemixturesof runningandwalking, the top row of

10



Fig. 9 clearly shawvs animplausiblemotion. Herewe nd thatpointscloseto the
training datageneratglausiblemotions,but far from thetraining datathe motions
becomdessplausible.

Neverthelesghereareregionsof the subspacédetweenwalking andrunningdata
pointsthatdo correspondo plausiblemodels.Theseregionsfacilitate transitions
betweenwalking andrunningthatareessentialf we wish to be ableto track sub-
jectsthroughsuchtransitionsaswill be shavn in section6.

4 Tracking Framework

In this sectiorwe shov how themotionmodelsof Section3 canbeusedfor 3D peo-
ple tracking.Our goalis to shav thatwith activity-speci ¢ motionmodelsonecan
oftenformulateandsolvethetrackingproblemstraightforvardlywith deterministic
optimisation Here,trackingis expressedsanonlineareast-squaregptimization,
andthensolvedusingLevenbeg-Marquard{44].

Thetrackingis performedwith a sliding temporalwindow. At eachtime instantt
we nd theoptimaltargetparameter$or f frameswithin atemporawindow from
timet totimet+ f 1. Within thiswindow, therelevanttargetparametergclude
thesubspaceoefcients, f g, , theglobalpositionandorientationof thebodyat
eachframef g; g andthephase®f themotionateachframef jg,fort j < t+f:

St = [ 6 my 6 et 56 Ger 1] (7)

While the global poseandphaseof the motionvary throughouthe temporalwin-
dow, the unknovn subspaceoefcents areassumedo be constantover the win-
dow.

After minimizing anobjectivefunctionovertheunknovn parameters;, we extract
the poseestimateat time t thatis given by the estimatedsubspacecoefcients

f 7 g, alongwith theglobalparameterandphaseattimet, i.e., §; and”;. Because
the temporalestimationwindows overlap from one time instantto the next, the
estimatedargetparametergendto vary smoothlyovertime. In particular with such
aslidingwindow the estimateof theposeattimet is effectively in uencedby both
pastandfuture data.lt is in uenced by pastdatabecausave assumesmoothness
betweerparameterattimet andestimateslreadyfoundat previoustime instants
t landt 2. Itisinuencedby futuredataasdataconstraintonthemotionare
obtainedrom imageframesattimest + 1throught + f 1.

11



Fig. 7. Samplingthe rst ve component®f eachsingleactiity databasgroducephys-
ically possiblemotions.The odd rows shawv the highestprobability samplethat for each
single-motiondatabasewhich is the atthe origin ; = O; 8i. Theevenrows shav some
low probability samplesvery far from the training motionsto demonstrat¢éhateventhose
samplesproducerealisticmotions.The coefcients for thesemotion are shovn in Fig. 6
(a,b,c)respectiely. First two rows (a): Walking, Middle rows (b): Running,Last two
rows (c): Golf swingsamples.
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Fig. 8. Samplingthe multi-actvity subspaceThe 4 sampleghat generateéhe motionsof
Fig. 9 aredepicted.

Fig. 9. Samplingthe rst two component®f a multi-actvity databaseomposef walking
andrunning motionscan producephysicallyimpossiblemotions. The coefcients of the
motionsdepictedin this gure areshavn in Fig. 8. Top row: Physicallyimpossiblemo-
tion. Theinput motionspacecomposedf walking andrunningis not corvex. Middle row:

Physicallypossiblemotioncloseto awalking. Bottom row: Motion closeto arunning.As
the corvexity of theinput spaceis assumedvhendoing PCA, andit may not bethe case,
theresultingmotionasa combinationof principaldirectionscanbe physicallyimpossible.
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4.1 ObijectiveFunction

We usethe imagedatato constrainthe target parametersvith a collectionof ngps
constraintequationf theform

O(Xi;S) = ;1 i Nobs 5 (8)

wherethe x; are 2D imagefeatures,O is a differentiablefunction whosevalue
is zerofor the correctvalueof S andnoise-freedata,and ; denoteshe residual
errorin the i™ constraint.Our objective is to minimize the sum of the squared
constrainterrors.Becausesomemeasurementsiay be noisierthanothers,andour
obsenationsmaycomefrom differentimagepropertieghatmightnotbecommen-
suratewith one anotherwe weight eachconstraintof type ty pe with a constant,
wYPe_ In effect, this is equivalentto a modelin which the constraintresidualsare
IID Gaussiamwith isotropiccovariance andtheweightsarejustinversevariances.
In practice,the valuesof the differentw?¢ are chosenheuristicallybasedon the
expectederrorsfor eachtype of obsenation.

Finally, sinceimagedataareoften noisy, andsometimesinderconstraithe target
parameterswe further assumeegularizationtermsthat encouragesmoothnes
theglobalmodel.We alsoassuméhatthephaseof themotionvariessmoothly The
resultingtotal enegy to be minimizedattimet, F;, canthereforebe expresseds

Fi = For + I:g;'[ +F. +Fy (9)
with
nobs 2 thi 1
Fox = wYPE QYPE(x;;S) T ; Fgr = We kgj 29 1+ gj 2K*;
i=1 =t
1 xn
Fi=w ( j 2 i1t 2)2 , Fr=w (i /\I)Z : (10)
i=t i=1

whereOYPe s the functionthat correspondso a particularobsenationtype, wg,

w andw arescalarweights,and ~ denotethe subspace&oefcients estimated
in the previouswindow of f framesattimet 1. Thevalueoff is choseno be
sufciently largeto producesmoothresults;in practicewe usef = 3. Finally, in

(10), the variablesg; 1, 9t 2, ¢ 1 and ; , aretakento be the valuesestimated
from previoustwo time instants,andaretherefore x ed during estimationat time

t.

Minimizing F; usingthe Levenbeg-Marquardtalgorithm[44] involvescomputing

its Jacobiarwith respecto the elementof the statevectorS. Sincethe O func-
tionsof EqQ. 10 aredifferentiablewith respecto the elementf S, computingthe

14



derivativeswith respecto the g, is straightforvard. Thosewith respecto the ;
and ; canbewrittenas

@t _ tb{ 1>@ @o;t @jk+ @;t

@—i k=t j=1 @Jk @—I @i ,

@ — » @o;t @jk+@;t .
@« o1 @F @ @

(11)

(12)

wherethe j" representshe vectorof individual joint anglesat phase , de ned

asthej'th componenof ( ; 1; ; m) in EQ.6. Thederivativesof F; with
respecto theD individualjoints angles% canbeeasilycomputed45]. Because
J
k
the ¥ arelinearcombinationsof the eigen-posesg—ji reduceso ¥, thejth
coordinateof k. Similarly, we canwrite
k hd k
g = i@ 1) : (13)
@k i=1 @k

k
Wherethe%—” canbe evaluatedusing nite differencesandstoredwhenbuilding

themotion mbdels,asdepictedn Fig. 2.

Recallthatfor cyclic motionssuchaswalking andrunning,the phaseis periodic
and hencethe secondorder prediction ; ; i 2 shouldbetaken mod 1 in
Eqg. 9. This allows the cyclic tracking sequence$o be arbitrarily long, not just a
singlecycle. Of coursepnecanalsotracksequencethatcomprisefractionalparts
of eithercyclic or agyclic motionmodel.

Theweightsw in Eq. (10) weresetmanually but their exactvalueswerenotfound
to be particularly critical. In someexperimentsthe measurementprovided suf-
cientstrongconstraintghatthe smoothnessnegy termsin Eqg. (10) playedavery
minor role; in suchcaseghevaluesof wg, w andw couldbe setmuchsmaller
thanthe weightson the measuremengrrorsin Fq:. Nonethelessfor eachset of
experimentdelaw (i.e, thoseusingthe sametypesof measurements)he weights
were x edacrossall inputsequences.

4.2 ComputationaRequiements

The fact that one cantrack effectively with straight-forvard optimizationmeans
thatour prior motion modelsgreatly constrainthe inferenceproblem.Thatis, the

resultingposterioristributionsarenotsocomplex (e.g.,multimodal)thatonemust
usecomputationallyfdemandingnferencemethossuchassequentiaMonta Carlo

or particle ltering.

15



Monte Carlo approacheslike thatin [8], rely on randomly generatingparticles
andevaluatingtheir tness. Becausehe costof creatingparticlesis neggligible, the
main costof eachiterationcomesfrom evaluatinga log likelihood,suchasF; in

(9), for eachparticle.In a typical particle lter, like the Condensatioralgorithm
[7], thenumberof particlesneededo effectively approximateheposterioronaD -

dimensionalstatespacegrows exponentiallywith D [5,46]. With dimensionality
reduction lik e that obtainedwith the subspacenotion model,the statedimension
is greatlyreducedNeverthelessthe numberof particlesrequiredcanstill be pro-

hibitive[8].

By contrastthemaincostateachterationof ourdeterministicoptimizationscheme
comesfrom evaluatingF; andits JacobianIn our implementationthis costis
roughly proportionalto 1 + log(D) timesthe costof computingF; alone,where
D is the numberof joint anglesof (12). The reasorthis factorgrows slowly with
D is thatthe partial derivatives, %jt, which requiremostof the computationare
computedanalytically and involve mary intermediateresultsthan canbe cached
andreusedAs aresult,with R iterationsperframe,thetotal time requiredby our
algorithmis roughly proportionalR(1 + log(D)) timesthe costof evaluatingF;.
Sincewe usea smallnumberof iterations,lessthan 15 for all experimentsn this
paperthetotal costof our approaclremainsmuchsmallerthantypical probabilis-
tic methodsThedifferentexperimentgunin this papertooklessthanaminuteper

frame,with a non-optimizedmplementation.

5 Monocular Tracking

We rst demonstrateur approachn the context of monoculaitracking[47]. Since
we wishto operateoutdoordn anuncontrolledervironment trackingpeoplewear
ing normal clothes,it is dif cult to rely solely on ary oneimagecue.Here we
thereforetake advantageof severalsourcesf information.

5.1 ProjectionConstaints

To constrainthe locationof several key joints, we track their approximatamage
projectionsacrossthe sequenceThese2D joint locationswere estimatedwith a
2D image-basedracker. Figure 10 shaws the 2D tracking locationsfor two test
sequencesye track9 pointsfor walking sequencesnd6 for the golf swing.

For joint j , we thereforeobtainapproximate2—D positionsx! in eachframe.From
thetamget parameter$ we know the 3—D positionof the correspondingoint. We
thentake the correspondingonstraintfunction, O °" (xi: S), to be the 2-D Eu-
clideandistancebetweenthe joint's projectioninto the imageplaneandthe mea-
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Fig. 10. 2D Trackingusingthe WSL tracler. Top row: Trackingthe chest,knees head,
anklesandvisible arm. Thetracked upperbodyjoints areshavn in red,with the headand
tracled lower joints pointsshavn in yellow. Bottom row: Regionsusedfor trackingthe
ankles kneesandheadareshavn.

Fig. 11. Poorquality foregroundbinary mask.First row: Extractedfrom the walking se-
quenceof Fig. 12 andSecondrow: from thegolf swingof Fig. 17.

suremenbf its 2-D imageposition.

5.2 ForegroundandBadkground

Givenanimageof thebackgroundvithoutthe subjectwe canextractroughbinary
maskgsilhouettespf theforeground likethosein Fig. 11.Because¢hebackground
in our videois not truly staticthe masksare expectedto be noisy. Nevertheless,
they canbe exploited asfollows. We randomlysamplethe binary mask,and for
eachsamplex; we de ne a Badkground/regroundfunctionO’ 97°Y(x;; S) thatis
0 if theline of sightthroughx; intersectdhe model.Otherwise,|t is equalto the
3D distancebetweertheline of sightandthe nearestmodelpoint. In otherwords,
09789 js a differentiablefunction that introducesa penaltyfor eachpoint in the
foregroundbinary maskthatdoesnot back-projecbntothe model.

Minimizing Of 9P9in theleastsquaresensg¢endsto maximizetheoverlapbetween

themodel's projectionandtheforegroundbinarymask.This helpsto preventtarget
drift.
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5.3 Point Correspondenceptical Flow)

We use2-D point correspondenceas pairsof consecutie imagesasanadditional
sourceof information: We projectthe 3—D modelinto the rst imageof the pair.
We then sampleimage pointsto which the model projectsand usea normalized
cross-correlatioralgorithm to computedisplacement®f thesepoints from that
frameto thenext. This providesuswith measuremergairsof correspondingoints
in two consecutie frames,p; = (x%;x?2). The correspondencpenaltyfunction,
O (p;; S) is givenasfollows: We back-project? to the 3—D modelsurfaceand
reprojectit to the secondimage.We thentake O (p;;S) to be the Euclidean
distancein theimageplanebetweerthis reprojectionrandcorresponding?.

5.4 ExperimentaResults

We testour tracker on real and syntheticdata.Iln eachcasethe useof prior mo-
tion modelsis crucial; without the motion modelsthe tracker diverge within a few
framesin every experiment.

5.4.1 Realdata

Theresultsshovn herewereobtainedrom uncalibratedmages.Themotionswere
performedby subjectof unknovn sizeswearingordinaryclothesthatarenot par
ticularly textured.To performour computationyve usedroughguesse$or thesub-
ject sizesandfor the intrinsic and extrinsic cameraparameterskor eachtestse-
guencewe manuallyinitialize the positionandorientationof the root nodeof the
bodyin the rst framesothatit projectsapproximatelyto theright place.

We alsomanuallyspecifythe 2D locationsof thejointsto betrackedby WSL [48].

WSL is arobust,motion-base@D trackerthatmaintainsanonlineadaptve appear
ancemodel. Themodeladaptdo slowly changingmageappearanceith anatural
measuref thetemporalstability of the underlyingimagestructure By identifying

stablepropertiesof appearancénetracker canweightthemmoreheavily for mo-

tion estimationwhile lessstablepropertiecanbe proportionatelydown-weighted.
Thisgivesit robustnesso partialocclusionsin the rst framewe speci ed9 points
thatwe wish to track, namely the ankles,kneeschest,head,left shouldeyelbow

andhand.

This entireprocesgequiresonly afew mouseclicks andcould easilybeimproved
by usingautomatedosturedetectiontechniquege.g.,[20,26,21,22,24])Simple
methodswere usedto detectthe key posturesde ned in Section3 for eachse-
guence.Using spline interpolation,we assignan initial value for  for all the
framesin thesequenceasdepictedn Figs.13band16h Finally, the motionis ini-
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Fig. 12.MonocularTrackingof a 43 frameswalking motion.First two rows. Theskeleton
of the recovered3D modelis projectedonto the images.Bottom two rows: Volumetric
primitivesof therecorered3D modelprojectednto a similar view.

tially takento bethemeanmotion o, i.e.,thesubspaceoefcients ; areinitially
setto zero.Giventhesenitial conditionswe minimize F; in (9) usingLevenbeg-
Marquardt.

5.4.1.1 Walking Fig. 12 shows a well-known walking sequencg8,49,50].To
performthe2D trackingwe usedaversionof theWSL tracker[48]. Toinitialize the
phaseparameter , we useda simplebackgroundsubtractiormethodto compute
foregroundmasks(e.g.,seeFig. 11). Timesat which the maskwidth wasminimal
were taken to be the times at which the legs were together(i.e., = 0:25o0r

¢+ = 0:75). Splineinterpolationwasthenusedto approximate ; atall otherframes
in the sequencéseeFig. 13b). More sophisticatedletectors[20—22,24]would be
necessaryn morechallengingsituationsbut werenot needechere.

Theoptimalmotionfoundis shovn in Figure12. Therewe shawv the estimated3D

model projectedonto several framesof the sequenceWe alsoshow the rendered
3D volumetricmodelalone.The tracker was successfulproducinga 3D motion

thatis plausibleandwell synchronizedwith the video. The right (occluded)arm

wasnottrackedby the WSL tracker, andhencewasonly weaklyconstrainedy the

objective function.Note thateventhoughit is notwell reconstructedby the model

(doesnot t theimagedata),it hasa plausiblerotation.

5.4.1.2 Golf Swing As discussedn Section3.3, the golf swingsusedto train
themodelwerefull swingsfrom the CMU databaseThey wereperformedby nei-
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Fig. 13. Automaticlnitialization of the virtual time parameter ; for thewalking sequence
of Fig. 12. (a) Width of the detectedsilhouette.(b) Splineinterpolationfor the detected
key-postures.

Fig. 14. MonocularTrackinga full swingin a 45 frame sequenceFirst two rows: The
skeletonof the recarered3-D modelis projectedinto a representate subsetof images.
Middle two rows: Volumetric primitives of the recorered 3—D model projectedinto the
sameviews. Bottom two rows. Volumetric primitives of the 3—D model as seenfrom
above.
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Fig. 15. Detectedhandtrajectoriesfor the full swingin Fig. 14 andthe appoad swing
in Fig. 18. Theleft andright handpositions(pixel units) arerepresenteéh black andred
respectrely.

therof the golfersshovn in Figs. 14,17 and18. With the WSL tracker we tracked

ve pointson the body, namely the knees anklesandhead(seeFig. 10). Because
the handtendsto rotateduring the motion, to track the wrists we have found it
more effective to usea club tracking algorithm [51] that takes adwantageof the
informationprovided by the whole shaft.Its outputis depictedby the rst row of
Fig. 15, andthecorrespondingecoveredhandtrajectoriesy the secondow. This
tracker doesnotrequireany manualnitialization. It is alsorobustto mis-detections
andfalsealarmsandhasbeenvalidatedon mary sequencesdypothesesnthepo-
sition are rst generatedy detectingpairsof closeparallelline segmentsin the
frames,andthenrobustly tting a 2D motion modelover several framessimulta-
neously Fromtherecoveredclub motion,we caninfer the 2D handtrajectoriesof
thebottomrow of Fig. 15.

For eachsequencewye rst runthegolf clubtracker[51]. As shovnin Fig. 16a,for

eachsequencethe detectectlub positionslet usinitialize the phaseparameterdy

telling usin which four framesthekey posturef Fig. 4 canbeobsenred.With the
timesof thekey posturessplineinterpolationis thenusedto assigna phaseto all

otherframesin thesequencéseeFig. 16b).As noteverybodyperformsthe motion
at the samespeedthesephasesareonly initial guessesywhich arere ned during
the actualoptimization.Thusthe temporalalignmentdoesnot needto be precise,
but it givesaroughinitialization for eachframe.

Figures14 and 17 shaw the projectionsof the recorered3D skeletonin a repre-
sentatve subsebf imagesof two full swingsperformedby subjectsvhosemotion
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Fig. 16. Assigningnormalizedimesto the framesof Fig. 14. (a) We usetheautomatically
detectedclub positionsto identify the key posturesof Fig. 4. (b) The correspondingnor-
malizedtimesaredenotedoy red dots.Splineinterpolationis thenusedto initialize the ¢
parametefor all otherframesin thesequence.

Fig. 17.Monoculartrackinga 68 frameswingsequencel heskeletonof therecorered3—-D
modelis projectedontotheimages.

was not usedin the motion databaseNote the accurag of the results.Figure 18
depictsa shortswingthatis performedby a differentpersonNotethatthis motion
is quite differentboth from the full swing motion of Fig. 14 andfrom the swing
usedto trainthe system.Theclub doesnotgo ashighand,asshavnin Fig. 15, the
handstravel a muchshorterdistance As shavn by the projectionof the 3D skele-
ton, the systemhasenough e xibility to generalizeo this motion. Note, however,
thattheright leg bendstoo muchat the endof the swing, which is causedy the
small numberof training motionsandthe factthat every training swing exhibited
the sameanomoly A naturalway to avoid this problemin the future would be to
usealargertraining setwith a greatevariety of motions.

Finally, Fig. 19 helpsto showv that the model hassufcient e xibility to do the
wrongthing giveninsufcient imagedata.Thatis, eventhoughwe useanactuity-
speci ¢ motionmodel,the problemis not so constrainedhatwe areguaranteedo
getvalid posturer motionswithout usingtheimageinformationcorrectly
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Fig. 18. Monocular Tracking an approachswing during which the club goesmuchless
high thanin a driving swing. The skeletonof the recorered3—-D modelis projectedonto
theimages.

(b) (€) (d)

Fig. 19. Trackingusingonly joint constraints/s usingthe completeobjective function. (a)
Originalimage.(b) 2-D appearanckasedrackingresult.(c) 2—D projectionof thetracking
resultsusingonly joint constraintsThe problemis underconstrainecanda multiple setof
solutionsarepossible(d) 3—D trackingresultsusingonly joint constraints(e) and(f) The
setof solutionsis reducedusingcorrespondences.

5.4.2 Synthetiadata

We projected3D motion capturedatausinga virtual camerato produce2D joint
positionsthat we thenuseaninput to our tracker. The virtual camerais suchthat
the projectionsfall within a 640x480virtual image,with theroot projectingat the
centerof theimage.We initialized the phaseof the motion  to alinearfunction,
0 at the beginning and 1 at the endof the sequenceThe style of the motionwas
initialized to be the meanmotion. Both  andthef ;g werere ned during the
tracking.

We usedtemporalwindows of sizes3 and5, with very similar results,asshovn in
Fig. 20. We alsotestedthe in uence of the numberof 2D joint positionsgivenas
input to the tracker, by usingthe whole setof joints, or the samesubsef joints
usedto trackthesequencef Fig. 12, namely theankles kneeschesthead shoul-
der, elbow andhand.Both casesesultin very similar accurag, asdepictedn Fig.
20.Theerrors,asexpectedarebiggerwhentrackingtestingdatathantrainingdata.
Notethatthetrackeris veryaccuratethe 3D errorsare0.7 cm perjoint in meanfor
thetrainingsequenceandl1.5cmin meanfor thetestingsequences.

It is alsoof interestto testthe sensitvity of the tracker to the relative magnitudes
of thesmoothnesandobsenationweightsin Eq.(10). Fig. 21 shonvstheresultsof
trackingsynthetictrainingandtestingsequencewith differentvaluesof wyy pe=w,
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Training Test

2D proj. | 3Dloc. | Euler || 2D proj. | 3D loc. | Euler
All, f =3 0.960 7.271 | 0.031 1.849 | 15.079| 0.086
Subsetf = 3| 1.024 | 7.575 | 0.0322|| 1.979 | 15.062 | 0.0839
Al f =5 1.093 7.246 | 0.0272| 2.041 | 15.823| 0.087
Subsetf = 5| 1.153 7.721 | 0.0293| 2.182 | 15.791| 0.0847
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Fig. 20. Tracking meanerrors asa function of the window sizeand the number of 2D

constraints. Threetypesof errors(2D projection(pixels), 3D location(mm), Eulerangles
(radians)aredepicted Eachplot is split in two groups theleft onerepresentgrrorswhen
trackingtrainingdataandtheright onetestdata.For eachgroup4 errorbarsof 2 different
colorsaredepictedeachcolorrepresentadifferentwindow size(3 onred,and5 ongreen).
For eachcolor two barsshav theerrors rst for the completesetof joints andthenfor the
subsef joints, with similar results.Note that the estimated3D joint locationerrorsare
verysmall,0.7cmin meanfor thetrainingdatasequencesndl1.5cmfor thetestingones.

rangingfrom 0:1to 10, withws = wg = w = w . All experimentsyieldedsimilar
results,indicatingthatthetrackeris not particularlysensitve to theseparameters.

5.4.3 Failure Modes

We have demonstratethat the trackingworks well for differentcyclic (walking)

and a-gyclic motions(gol ng). The tracked motionsare differentfrom the ones
usedfor training, but remainrelatively close.In this sectionwe usea caricatured
walking sequencéo testwhenthegeneralizatiortapabilitiesof our motionmodels
fail. The caricaturedwvalking is very differentfrom the motionsusedfor training,

andthe PCA-basednotionmodelsdo not generalizeo this motionwell. The style

coefcients recoveredby the tracker are very far from the training ones(at least
6 standarddeviations),resultingin impossibleposesasdepictedby Fig. 22, when

usinga 3 or 5 frametemporalwindow.

WhenusingPCA-basednotionmodels,oneshouldtrack motionsthatremainrel-
atively closeto thetraining data,sincethe only motionsthatthetracker is capable
of producingare thosein the subspaceln caseother motionsare wantedto be
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Training Test

2D proj. | 3Dloc. | Euler || 2D proj. | 3D loc. | Euler
Wiype=Ws = 0:1 | 1.262 7.979 | 0.0291| 2.104 | 15.621| 0.0865
Wiy pe=Ws = 1 1.632 9.895 | 0.0347| 2.384 | 14.692| 0.0715
Wiype=Ws = 10 | 1.808 | 12.263| 0.0339| 2.812 | 16.934| 0.0728
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Fig. 21. Tracking mean errors as a function of the weights. Trackingresultsare given
for experimentswith threedifferenttypesof measuremengrrors(2D projection(pixels),
3D location(mm), Eulerangleqradians))Eachplotis splitin two groupstheleft onerep-
resenterrorswhentrackingtraining dataandtheright onefor trackingtestdata.For each
group3 error barsof differentcolorsaredepicted Eachcolor representslifferentrelative
weights(dark greenwyy pe=ws = 0:1, greenwy pe=ws = 1, andyellow wyype=ws = 10),
withws = wg = w = w . Notethattracler is not very sensitve to the speci ¢ valueof
theweights.

Fig. 22. Tracking40 framesof anexaggeratedait. First two rows: 3 framewindow. Last
two rows: 5 framewindow. Thetracler resultsin impossiblepositions.

tracked, oneshouldinclude examplesof suchmotionswhenlearningthe models,
or apply othertechniquessuchas GaussiarProcesse$GP) [34] that have better
generalizatiorproperties.
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6 Multi-view Tracking

Whenseveralsynchronizedideostreamsareavailable,we usea correlation-based
stereaalgorithm [52] to extracta cloud of 3—D pointsat eachframe,to which we
t themotionmodel.

6.1 ObjectiveFunction

Recallfrom Section3 that we representhe humanbody as a set of volumetric
primitivesattachedo anarticulated3—D skeleton.For multi-view trackingwe treat
themasimplicit surfacesasthis providesa differentiableobjective functionwhich
canbe t to the 3D stereodatawhile ignoring measurementutliers. Following
[45] thebodyis dividedinto severalbody parts;eachbody partbincludesny, ellip-
soidalprimitivesattachedo the skeleton.Associatedvith eachprimitiveis a eld
functionf;, of theform

fi(x;S) = hexp( ad(x;S)) ; (14)

wherex is a3-D point, a;, b areconstanvalues; is thealgebraiadistancedo the
centerof the primitive,andS, is the statevectorin (7). Thecompleteeld function
for bodypartbis takento be

Xb
fo(x;9) = fi(x;S) ; (15)
i=1
andtheskinis de ned by thelevel set
[B
SK(x;S)= fx 2 R3f%x;S)= Cg (16)
b=1

whereC is aconstantandB is thetotal numberof bodyparts.A 3D pointx is said
attachedo bodypartbif

b= arg min jf '(x;S) Cj (17)

For each3D stereopoint, x;, we write
0% *(x;; S) = f°(x;;S) C: (18)

Fitting the modelto stereo-datahenamountsto minimizing (9), the rst term of

which becomes
thE 18 x
(f°(xij;S) C)*; (19)
j=t b=l x;2b
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Fig. 23. Trackinga running motion. The legs are now correctly positionedin the whole
sequence.

wherex;; is a3D stereopoint belongingto framej . Notethat Os**" ¢ is differen-
tiableandits derivativescanbe computedef ciently [45].

6.2 ExperimentaResults

We usestereadataacquiredusinga Digiclops™ operatingata640 480resolution
andal4Hzframerate.Becauseheframerateis slow, therunningsubjectof Fig. 23
remainswithin the capturevolumefor only 6 frames.Thedatashovnin Fig. 24 are
noisyandhave low resolutionfor two reasonskirst, to avoid motionblur, we used
a high shutterspeedhatreducedexposure Secondpecause¢he cameravas x ed
andthesubjecthadto remainwithin the capturevolume,sheprojectedontoasmall
region of theimageduringthe sequence®f coursethe quality of this stereodata
could have beenimproved by usingmore sophisticatedquipmentNevertheless,
our resultsshow that the tracker is robust enoughto exploit dataacquiredwith
cheapsensors.

Initially, the motion subspaceoefcients are setto zero,asabove. We manually
initialized the phaseof the motion  in the rst andlastframe of the sequence.
Thesepointsweretheninterpolatedto producean initial phaseestimatein every
frame.Theinitial guessdoesnot have to be precisebecausehe trackingdoesnot
work directly with theimagesbut with the 3D data.

Fig. 25 showvsresultson walking sequenceperformedby two subjectsvhosemo-
tion capturedatawerealsousedastrainingdatafor themotionmodels Onecansee
from the gures thatthelegsarecorrectlypositioned.Theerrorsin theupperbody
arecausedy thelargeamountof noisein the stereadata.

Figure26 depictsresultsfrom awalking sequenceith asubjectwhosemotionwas
notincludedin thetrainingdata.ln this casehe wasalsowearingfour gyroscopes
on his legs, onefor eachsagittalrotation of the hip andkneejoints. The angular
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Fig. 24.Inputstereadatafor therunningsequencef Fig. 23. Sideviews of the3-D points
computedy theDigiclops'™ systemNotethatthey arevery noisyandlack depthbecause
of thelow quality of thevideosequence.

Fig. 25. Usinglow resolutionstereadatato trackthe two womenwhosemotionswerenot
usedto learnthe motionmodel. Therecoreredskeletonposesareoverlaidin white.

speedshey measuredavereusedsolelyfor comparisorpurposesTheir outputwas
integratedto yield theabsoluteanglesshovn asdottedcurvein Fig. 27.We overlay
ontheseplotsthevaluesrecoreredby ourtracker, shaving thatthey areclose,even
thoughthe left leg is severely occluded.Giventhe positionof the visible leg, the
PCA motionmodelconstrainghe occludedoneto bein a plausiblepositionclose
totherealone.

Figure23 shaws resultsfor the runningsequencef Fig. 24 usingthe runningmo-

tion model. The poseof thelegsis correctlyrecovrered.The upperbody tracking
remainsrelatively imprecisebecauseaverageerrorsin the stereodataare larger
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Fig. 26. Trackinga walking motion from a subjectwhosemotionwasnot recordedn the
databaseThelegsarecorrectlypositioned.
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Fig. 27. Comparingrecoreredrotationanglesusingvisual tracking (solid curwe), and by
integrating gyroscopicdata(smoothcurwe) for the walk of Fig. 26. Left column: Right
hip andkneesagittalrotations.Right Column: Samething for the left leg. Note thatboth
curvesarevery closein all plots,eventhoughtheleft leg is severelyoccluded.

thanthe distancebetweenthe torso and the arms.Improving this would require
theuseof additionalinformation,suchassilhouettesHerewe restrictoursehesto
stereodatato shav that our framewvork canbe usedwith very differentobjectve
functions.

Having a setof subspaceoefcients per frame givesthe systemthe freedomto
automaticallyevolve from one actwity to another To demonstratehis we used
our motion modellearnedfor the combinedrunningandwalking datato track a
transitionfrom walking to running(seeFig. 28).In the rst few framesthe subject
is walking, thenfor a coupleof framessheperformsthe transitionandrunsfor the
restof the sequenceThe armsarenot tracked becauseve focuson estimatingthe
motion parameter®f the lower body only. Here again,the legs are successfully
tracked with small errorsin foot positioningthat are due to the fact that ankle
e xion is not partof themotiondatabase.

6.3 Recanition

Themotionstyleis encodedy the subspaceoefcients in (4). They measurghe
deviation from the averagemotion alongorthogonaldirections.Recallthatduring
tracking,the subspaceoefcients arepermittedto vary from frameto frame.For
recognition,we further reconstructhe 3D motion of the personwith a single set
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Fig. 28. Trackingthe transitionbetweenwalking andrunning.In the rst four framesthe
subjectis running. The transitionoccursin the following threeframesandthe sequence
endswith running.Thewhole sequencés shavn.

Fig. 29. Style coefcents, ;, obtainedwhentracking a training sequenceThe training
datais shavn in cyan. Differentcolors shav differentwindow sizesand numberof 2D
joint constraints.

of subspaceoefcients for the entire sequencg53]. The reasonis that we want
to recover anaveragemotion style during the sequenceMoreover, the estimateof
the style coefcients is morereliableif we increasehe numberof poseswe use
to obtainit If we allow the style parameterso vary from frameto framethe style
estimationis noisier but the tracler is typically moreaccurateThis is illustrated
in Fig. 29, whentrackingwith groundtruth dataandvaryingthe subspaceoef-
cients.Notethatalthoughthe coefcients arecloseto the onesof thatsubjecttheir
variances relatively large.

Thetrackingalgorithmusedfor recognitionis dividedinto two stepsFirst,thenor
malizedtime  andtheglobalmotiong; areoptimizedframeby frame,assuming
aconstanstyleequalto themeanmotion . This providesa goodinitial estimate
for a secondstep,wherea global optimizationis performed.In the global t, the
normalizedtime andglobalmotionparameterareallowedto vary in every frame,
but only one setsubspaceoefcients is usedto representhe entire motion se-
guenceThisis equivalentto minimizing (9), wherethe sizeof the sliding window
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Fig. 30.Recognitiorof walking peoplefrom stereadata:Walkingmotionsfrom thetraining
dataareshavn in the rst four subspaceimensionsEachpersonis shavn with a distinct
color andsymbol.Small black circlesdenotethe estimatedsubspaceoefcients, i, ob-
tainedfrom video of peoplewhosemotionswereincludedin the training set. The small
blacktrianglesdepictsubspaceoefcients obtainedfrom video of peoplewhosemotions
werenot includedin the training set.(a) First two PCA component®f a modellearned
from 4 subjectsNotice thatin the rst two dimensionghe estimatedcoefcients for the
testsubjectareeasilyconfusedwith thoseof the training subjects(b-c) First four compo-
nentsof a modellearnedwith 9 subjectsln the rst four dimensionghe motionsof the
trainingsubjectlustemicely, andthesubspaceoefcients estimatedor atestsubjectdo
notlay closeto ary oneclusterof thetrainingsubjects.

isf =T+ 1

Figure 30 (a) depictsthe rst two subspaceoefcients, ;, for the databaseised
for thetracking.Thefour subjectof thesubspacarewell separateéh the rst two
dimensionsThe estimateccoefcients for eachoneof the two examplesdepicted
by Fig. 25 areshavn ascirclesandatrianglerepresentshe estimatedialuefor the
subjectin Fig. 26 whosemotionis not includedin the training datasetFor both
women,the rst two recoreredcoefcients fall in the centerof the clusterformed
by their recordedmotion vectors.Also note that while the new subjects motion
doesappearconsistenwith one of the training subjectsin the rst two subspace
dimensionsthey arequite differentin the next two dimensions.

Figure30 (b,c),depictsthe rst four subspaceoefcients, ;, for amodellearned
usingnine subjects.The estimatedcoefcients for eachone of the two examples
depictedin Fig. 25 areshavn ascirclesandastrianglesfor the subjectof Fig. 26
whosemotionis notrecordedn thedatabaseOncemore,for bothwomen the rst
four recoreredcoefcients fall in the centerof the clusterformedby theirrecorded
motionvectorsusingopticalmotion capture meaningthatthey have beenwell es-
timated.Higherordercoefcients exhibit smallvariationsthatcanbe attributedto
the factthatwalking on a treadmill changeghe style. Typically the subjectstend
to bendthebackmorewhenperformingthewalkingin atreadmillto maintainbal-
ance.For the manwhosemotionwasnot recordedn the databasethe recovered
coefcients fall within two differentclusterswhenlooking at the rst two coef-
cientsor at thethird andfourth, meaningthatthis personforms a differentcluster
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in four dimensionsilt is notrecognizedasary of the nine personf the database.

The useof motion insteadof poseallow usto simply usea closestneighboourd
algorithmfor classi cation. Note thatif we usepose(seeFig. 5), the recognition
is more dif cult and a more comple classi cation algorithm, suchas SVM or

Adaboostshouldbeused.

7 Conclusionand Futur e Work

We have presente@n approacho incorporatingstrongmotion modelsthatyields
full 3—D reconstructiorusinga single-hypothesigill-climbing approachThis re-
sultsin muchlower computationakcomplexity thanthe currentmulti-hypothesis
techniquesWe have demonstratedthe effectivenessof our approactfor monocu-
lar andmulti-view trackingof cyclic motionsaswalking andrunningandacgyclic
motionsasgolf swinging.

The major limitation of the currentapproachs the numberof examplesneeded
to createa databasevith goodgeneralizatiorpropertiesWe arecurrentlyinvesti-
gatingnonlinear probabilistictechniqueghatreducesonsiderablythe numberof
examplesrequired[34].
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