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Abstract

We explore an approachto 3D peopletrackingwith learnedmotionmodelsanddeter-
ministic optimization.Thetrackingproblemis formulatedastheminimizationof a differ-
entiablecriterionwhosedifferentialstructureis rich enoughfor optimizationto beaccom-
plishedvia hill-climbing. This avoidsthecomputationalexpenseof MonteCarlomethods,
while yielding goodresultsunderchallengingconditions.To demonstratethe generality
of theapproachwe show thatwe canlearnandtrackcyclic motionssuchaswalking and
running,aswell asacyclic motionssuchasa golf swing.We alsoshow resultsfrom both
monocularand multi-cameratracking.Finally, we provide resultswith a motion model
learnedfrom multipleactivities,andshow how thismodelsmightbeusedfor recognition.
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1 Intr oduction

Priormodelsof poseandmotionplayacentralrole in 3D monocularpeopletrack-
ing, mitigating problemscausedby ambiguities,occlusions,andimagemeasure-
ment noise.While powerful modelsof 3D humanposeare emerging, therehas
beencomparatively little work on motionmodels[1–4]. Most state-of-the-artap-
proachesrely on simple Markov modelsthat do not capturethe complexities of
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humandynamics.This often producesa morechallenginginferenceproblemfor
which Monte Carlo techniques(e.g.,particle �lters) areoften usedto copewith
ambiguitiesandlocal minima[5–9]. Most suchmethodssuffer computationallyas
thenumberof degreesof freedomin themodelincreases.

In this paper, we useactivity-speci�c motionmodelsto helpovercomethis prob-
lem. We show that,while complex non-linearmethodsarerequiredto learnpose
models,onecanusesimplealgorithmssuchasPCAto learneffectivemotionmod-
els,bothfor cyclic motionssuchaswalkingandrunning,andacyclic motionssuch
as a golf swing. With suchmotion modelswe formulateand solve the tracking
problemin termsof continuousobjective functionswhosedifferentialstructureis
rich enoughto takeadvantageof standardoptimizationmethods.This is signi�cant
becausethe computationalrequirementsof thesemethodsare typically lessthan
thoseof MonteCarlomethods.This is demonstratedherewith two trackingformu-
lations,onefor monocularpeopletracking,andonefor multiview peopletracking.
Finally, with thesesubspacemotion modelswe also show that onecan perform
motion-basedrecognitionof individualsandactivities.

2 RelatedWork

Modeling andtrackingthe 3D humanbody from video is of greatinterest,asat-
testedby recentsurveys[10,11],yetexistingapproachesremainbrittle. Thecauses
of themainproblemsincludejoint re�ection ambiguities,occlusion,clutteredback-
grounds,non-rigidity of tissueandclothing,complex andrapidmotions,andpoor
imageresolution.Peopletracking is comparatively simpler if multiple calibrated
camerascanbeusedsimultaneously. Techniquessuchasspacecarving[12,13],3D
voxel extractionfrom silhouettes[14], �tting to silhouetteandstereodata[15–17],
andskeleton-basedtechniques[18,19]have beenusedwith somesuccess.If cam-
eramotionandbackgroundscenesarecontrolled,sothatbodysilhousttesareeasy
to extract, thesetechniquescanbevery effective. Nevertheless,in naturalscenes,
with monocularvideoandclutteredbackgroundswith signi�cant depthvariation,
theproblemremainsverychallenging.

Recentapproachesto peopletracking can be viewed in termsof thosethat de-
tect and thosethat track. Detection,involving poserecognitionfrom individual
frames,hasbecomeincreasinglypopularin recentresearch[20–24] but requires
large numbersof training posesto be effective. Trackinginvolvesposeinference
atonetime instantgivenstateinformation(e.g.,pose)from previoustime instants.
Trackingoftenfailsaserrorsaccumulatethroughtime,producingpoorpredictions
andhencedivergence.Oftenthiscanbemitigatedwith theuseof sophisticatedsta-
tistical techniquesfor amoreeffectivesearch[7,5,25,6,9],or by usingstrongprior
motionmodels[26,27,8].
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Detectionandtrackingarecomplementaryin many respects.Trackingtakesadvan-
tageof temporalcontinuityandthe smoothnessof humanmotionsto accumulate
information throughtime, while detectiontechniquesare likely to be useful for
initialization of trackingandsearch.With suitabledynamicalmodels,trackinghas
theaddedadvantageof providing parameterestimatesthatmaybedirectly relevant
for subsequentrecognitiontaskswith applicationsto sporttraining,physiotherapy
or clinical diagnostics.In this paperwe presenta trackingapproachin which sim-
ple detectiontechniquesareusedto �nd key posturesandtherebyprovide rough
initialization for tracking.

Dynamicalmodelsmay be genericor activity speci�c. Many researchersadopt
genericmodelsthat encouragesmoothnesswhile obeying kinematicjoint limits
[5,28,29,9]. Suchmodelsare often expressedin termsof �rst- or second-order
Markov models.Activity-speci�c modelsmorestronglyconstrain3D trackingand
help resolve potentialambiguities,but at the costof having to infer the classof
motion,andto learnthemodels.

Themostcommonapproachto learningactivity-speci�c modelsof motionor pose
hasbeento useopticalmotion capturedatafrom oneor morepeopleperforming
oneor moreactivities. Given the high-dimensionalityof the datait is naturalto
look for low-dimensionalembeddingsof thedata(e.g.,[30]). To learnposemodels
a key problemconcernsthehighly nonlinearspaceof humanposes. Accordingly,
methodsfor nonlineardimensionalityreductionhavebeenpopular[21,31–34].

Insteadof modelingthe posespace,one might directly model the spaceof hu-
man motions. Linear subspacemodelshave beenusedto model humanmotion,
from which realisticcomputeranimationshave beenproduced[35–38].Subspace
modelslearnedfrom multiple peopleperformingthesameactivity have beenused
successfullyfor 3D peopletracking[27,8,39].For therestrictedclassof cyclic mo-
tions,Ormoneitetal. [27] developedanautomatedprocedurefor aligningtraining
dataasa precursorto PCA. Troje [40] considersa relatedclassof subspacemod-
els for walking motionsin which the temporalvariationsin poseis expressedin
termsof sinusoidalbasisfunctions.He �nds thatthreeharmonicsaresuf�cient for
reliablegenderclassi�cationfrom opticalmotioncapturedata.

3 Motion Models

This paperextendstheuseof linearsubspacemethodsfor 3D peopletracking.In
this sectionwe describethe protocolwe useto learncyclic andacyclic motions,
andthendiscussthe importantpropertiesof the models.We show how they tend
to clustersimilar motions,andthat the linearembeddingtendsto produceconvex
models.Thesepropertiesareimportantfor thegeneralizationto motionsoutsideof
thetrainingset,to facilitatetrackingwith continuousoptimization,andfor motion-
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basedrecognition.

We representthe humanbody as the setof volumetricprimitivesattachedto an
articulated3–D skeleton,like 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 poseat time t is thengivenby a vectorof joint angles,denoted
 t = [� 1; � � � ; � D ]T , along with the global position and orientationof the root,
denotedgt 2 R 6.

A motioncanbe viewed asa time-varying pose.While posevariescontinuously
with time, we assumea discreterepresentationin which poseis sampledat N
distincttime instants.In thisway, amotionis justasequenceof N discreteposes:

	 = [ T
1 ; � � � ;  T

N ]T 2 R D N ; (1)

G = [gT
1 ; � � � ; gT

N ]T 2 R 6 N ; (2)

Naturally, we assumethat the temporalsamplingrateis suf�cicently high thatwe
caninterpolatethecontinuousposesignal.

A givenmotion canoccurat differentspeeds.In orderto acheive somespeedin-
dependenceweencodethemotionfor acanonicalspeed,from which timewarping
canbeusedto createotherspeeds.For thecanonicalmotionrepresentationwe let
the posevary asa function of a phaseparameter� that is de�ned to be 0 at the
beginingof themotionand1 at theendof themotion.For periodicmotionsde�ned
onacircle, likewalking,thephaseis periodic.Thecanonicalmotionis thenrepre-
sentedwith a sequenceof N poses,indexedby thephaseof themotion.For frame
n 2 [1; N ], thediscretephase� n 2 [0; 1] is simply

� n =
n � 1
N � 1

: (3)

3.1 PCAMotionModel

We learnmotionmodelsfrom opticalmotioncapturedatacomprisingoneor more
peopleperformingthe sameactivity several times.Becausedifferentpeopleper-
form the sameactivity with somevariability in speed,we �rst dynamicallytime-
warpandre-sampleeachtrainingsample.This producestrainingmotionswith the
samenumberof samples,andwith similar posesaligned(to obtainthe canonical
referenceframe).To thisend,we�rst manuallyidentify asmallnumberof key pos-
turesspeci�c to eachmotiontype.We thenlinearly time warpthemotionssothat
thekey posturesaretemporallyaligned.Theresultingmotionsarethenre-sampled
at regular time intervals usingquaternionsphericalinterpolation[41] to produce
thetrainingposesf  j gN

j =1 .
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Givena trainingsetof M suchmotions,denoted,f 	 j gM
j =1 , weusePrincipalCom-

ponentAnalysis to �nd a low-dimensionalbasiswith which we can effectively
model the motion. In particular, the modelapproximatesmotionsin the training
setwith a linear combinationof the meanmotion � 0 anda setof eigen-motions
f � i gm

i=1 :

	 � � 0 +
mX

i =1

� i � i : (4)

The scalarcoef�cients, f � i g, characterizethe motion, andm � M controlsthe
fractionof the total varianceof the trainingdatathat is capturedby thesubspace,
denotedby Q(m):

Q(m) =
P m

i=1 � i
P M

i=1 � i
; (5)

where� i aretheeigenvaluesof thedatacovariancematrix,orderedsuchthat� i �
� i +1 . In whatfollowswe typically choosem sothatQ(m) > 0:9.

A poseis thende�ned asa function of the scalarcoef�cients, f � i g, anda phase
value,� , i.e.

 (�; � 1; � � � ; � m ) � � 0(� ) +
mX

i =1

� i � i (� ) : (6)

Notethannow � i (� ) areeigen-poses, and� 0(� ) is themeanposefor thatparticular
phase.

3.2 Cyclic motions

We �rst considermodelsfor walking andrunning.We useda Vicontm opticalmo-
tion capturesystemto measurethemotionsof two menandtwo womenonatread-
mill:

� walking at 9 speedsrangingfrom 3 to 7 km/h, by incrementsof 0.5km/h, for a
total of 144motions;

� runningat7 speedsrangingfrom 6 to 12 km/h,by incrementsof 1.0km/h, for a
total of 112motions.

The body modelhadD = 84 degreesof freedom.While onemight alsowish to
include global translationalor orientationalvelocitiesin the training data,these
werenot availablewith the treadmill data,so we restrictedourselvesto temporal
modelsof the joint angles.The start and end of eachgait cycle were manually
identi�ed. Thedataweretherebybrokeninto individual cycles,andnormalizedso
that eachgait cycle wasrepresentedwith N = 33 posesamples.Four cyclesof
walking andrunningat eachspeedwereusedto capturethenaturalvariability of
motionfrom onegaitcycle to thenext for eachperson.
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Fig. 1. Motion models.First two PCAcomponentsfor (a)4 differentcapturesof 4 subjects
walking at speedsvarying from 3 to 7km/h,(b) thesamesubjectsat speedsrangingfrom
6 to 12km/h,(c) themulti-activity databasecomposedof thewalkingandrunningmotions
together. The datacorrespondingto different subjectsis shown in different styles.The
solid lines separatingclustershave beendrawn manuallyfor visualizationpurposes.(d)
Percentageof thedatabasethatcanbegeneratedwith agivennumberof eigenvectorsfor the
walking (dashedred),running(solidgreen)andthemulti-activity databases(dottedblue).

In whatfollows we learna motionmodelfor walking andonefor running,aswell
asmulti-activity modelfor thecombinedwalkingandrunningdata.In Fig. 1(d)we
displayQ(m) in (5) asa functionof thenumberof eigen-motionsfor thewalking,
runningandthe combineddatasets.We �nd that in all threecasesm = 5 eigen-
motionsout of a possible144for walking,112for runningand256for themulti-
activity data,capturemorethan90%of thetotalvariance.In theexperimentsbelow
we show that thesemotion modelsaresuf�cient to generalizeto stylesthat were
not capturedin the training data,while eliminating the noisepresentin the less
signi�cant principaldirections.

The �rst � ve walking eigen-motions,� i , for the upperandlower leg rotationsin
the sagittalplanearedepictedby Fig. 2 asa function of the gait phase� t . One
canseethat they are smoothand thereforeeasily interpolatedand differentiated
numericallyby �nite differences.Fig. 3 illustratesthe individual contributionsof
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Fig. 2. Walking motion eigenvectors(left) and their derivatives (right). The �rst oneap-
pearsin red,greenthesecond,bluethethird, cianthefourth andmagentafor thelastone.
Eigenvectorsandtheirderivatives, @� ij

@� t
, of the�e xion-extensionin thesagittalplaneof the

upperleg onthetopand�e xion-extensionin thesagittalplaneof thelower leg ontheright.

the �rst � ve eigen-motions.The �rst row shows the meanmotion alone.In each
subsequentrow weshow alinearcombinationof themeanmotionandthei th eigen-
motion, for i = 1:::5. Eachrow thereforeillustratesthe in�uence of a different
eigen-motion.While onecannotexpectthe individual eigen-motionsto have any
particularsemanticmeaning,their behaviour provides someintuitions aboutthe
natureof theunderlyingmodel.

3.3 Golf Swing

We usethe sameapproachto learnthe swingof a golf club. Toward this end,we
usedtheM = 9 golf swingsof theCMU database[42]. Thecorrespondingbody
modelhasD = 72degreesof freedom.Weidenti�ed the4 key posturesdepictedin
Fig.4,andpiecewiselinearlytime-warpedtheswingssothatthesamekey postures
are temporallyaligned.We then sampledthe warpedmotionsto obtain motions
vectorswith N = 200poses.The samplingratehereis higherthanthe oneused
for walking andrunningsincea golf swingcontainsfastspeedsandlargeacceler-
ations.Giventhesmallnumberof availabletrainingmotionswe only usedm = 4
coef�cients, capturingmorethan90%of thetotal variance.

3.4 MotionClustering

Troje [40] showed that with effective motion modelsonecanperforminteresting
motion-basedrecognition.In particularonecanclassifygenderandotherindividual
attributesincludingemotionalstates.In this context it is of interestto notethatthe
subspacemotionmodelslearnedhereexhibit goodinter-subjectandinter-activity
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Fig. 3. Thetop row shows equispacedposesof themeanwalk. Thenext 5 rows illustrate
the in�uence of the �rst 5 egien-motions.Thesecondrow shows a linearcombinationof
the meanwalk and the �rst eigen-motion,� 0 + 0:7� 1. Similarly, the third row depicts
� 0 + 0:7� 2 to show thein�uence of thesecondeigen-motion,andsoon for theremaining
3 rows.

Fig. 4. Key posturesfor thegolf swingmotioncapturedatabasethatareusedto align the
trainingdata:Beginningof upswing,endof upswing,ball hit, andendof downswing.The
bodymodelis representedasvolumetricprimitivesattachedto anarticulatedskeleton.
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Fig. 5. Poor clusteringin a posesubspace.The solid lines that delimited clustershave
beenmanuallydonefor visualizationpurposes.(a) Projectionof training posesonto the
�rst two eigen-directionsof the posesubspace.(b) Projectionof training posesonto the
third andfourtheigen-directionsof theposesubspace.While in themotionmotionthereis
stronginter-subjectseparation,with theposemodelin this �gure, thereis no inter-subject
separation.

separation,suggestingthatthesemodelsmaybeusefulfor recognition.For exam-
ple, Fig. 1a shows the walking training motions,at all speeds,projectedonto the
�rst two eigen-motionsof thewalkingmodel.Similarly, Fig. 1bshowstherunning
motions,at all speeds,projectedonto the �rst two eigen-motionsof the running
model.The closedcurvesin these�gures weredrawn manuallyto help illustrate
the large inter-subjectseparation.One can seethat the intra-subjectvariation in
bothmodelsis muchsmallerthantheinter-subjectvariation.

Themotionmodellearnedfrom thecombinationof walking andrunningtraining
datashows largeinter-activity separation.Fig. 1cshowstheprojectionof thetrain-
ing dataonto the �rst two eigen-motionsof the combinedwalking and running
model.Onecanseethatthetwo activitiesareeasilyseparatedin thissubspace.The
walking componentsappearon the left of theplot andform a relatively denseset.
By contrast,therunningcomponentsaresparserbecauseinter-subjectvariationis
larger, indicatingthatmoretrainingexamplesarerequiredfor asatisfactorymodel.

While themotionmodelsexhibit this inter-subjectandinter-activity variation,we
would not expect pure posemodelsto exhibit similar structure.For exampleto
demonstratethis we also learneda posemodel by applying PCA on individual
posesin the samedataset.Fig. 5 shows posesfrom the walking dataprojected
onto the �rst four eigen-directionsof the subspacemodel learnedfrom posesin
thewalking motions.It is clearthat thereis no inter-subjectseparationin thepose
model.
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Fig. 6. Samplingthe single activity databases.In eachplot we show the most probable
samplethatis at theorigin, andasamplewith very low probability(far from theorigin) for
the(a)walking,(b) running,and(c) gol�ng databases.Their respective motionsareshown
in Fig.7.Thedashedcurvesareonestandarddeviationellipsesfor theunderlyingGaussian
densitymodelfor thedata.

3.5 ModelConvexity

PCAprovidesasubspacemodelwithin whichmotionsareexpressedaslinearcom-
binationsof the eigen-motions(4). With probabilisticPCA [43] onefurther con-
strainsthemodelwith a multivariateGaussiandensity. A key propertyof suchlin-
earmodelsis theconvexity of themotions,i.e.,thatlinearcombinationsof motions
(or eigen-motions)arelegitimatemotions.

While convexity is clearlyviolatedwith posedata(cf., Fig. 5a),we �nd thatwith
thesubspacemotionmodelsconvexity is satis�edto amuchgreaterextent.In other
words,we �nd that randomsamplesfrom thesubspaces,accordingto 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) thecombinedmodel.The�rst row in eachcasedepictsthe
meanmotion for eachmodel,correspondingto the origin of the respective sub-
spaces.As shown in Fig. 6 theorigin is relatively far from any particulartraining
motion, yet thesemotionslook quite plausible.The secondmotion in eachcase
correspondsto apoint drawn at randomthatis far from theorigin andany training
motion (asshown in Fig. 6). Thesepoints,typical of otherrandomsamplesfrom
the underlyingGaussiandensity, alsodepictplausiblemotions.Accordingly, the
modelsappearto generalizenaturallyto pointsrelatively far from thetrainingdata.

Themulti-activity modellearnedfrom thecombinedrunningandwalkingdatadoes
not exhibit thesameproperty. Fig. 8 shows thesubspacespannedby the �rst two
eigen-motionsof the combinedmodel.In additionto the training data,the �gure
shows the locationsof four pointsthat lie roughly betweenthe projectionsof the
walkingandrunningdata.Thefour rowsof Fig.9 depictthecorrespondingmotions
(for which the remainingsubspacecoef�cients, � j = 0, for 3 � j � m). While
threeof themotionsareplausiblemixturesof runningandwalking, thetop row of
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Fig. 9 clearly shows an implausiblemotion.Herewe �nd thatpointscloseto the
trainingdatagenerateplausiblemotions,but far from thetrainingdatathemotions
becomelessplausible.

Neverthelessthereareregionsof thesubspacebetweenwalking andrunningdata
pointsthatdo correspondto plausiblemodels.Theseregionsfacilitatetransitions
betweenwalking andrunningthatareessentialif we wish to beableto tracksub-
jectsthroughsuchtransitions,aswill beshown in section6.

4 Tracking Framework

In thissectionweshow how themotionmodelsof Section3canbeusedfor 3D peo-
ple tracking.Ourgoalis to show thatwith activity-speci�c motionmodelsonecan
oftenformulateandsolvethetrackingproblemstraightforwardlywith deterministic
optimisation.Here,trackingis expressedasanonlinearleast-squaresoptimization,
andthensolvedusingLevenberg-Marquardt[44].

The trackingis performedwith a sliding temporalwindow. At eachtime instantt
we �nd theoptimaltargetparametersfor f frameswithin a temporalwindow from
timet to time t + f � 1. Within thiswindow, therelevanttargetparametersinclude
thesubspacecoef�cients, f � i gm

i=1 , theglobalpositionandorientationof thebodyat
eachframef gj g andthephasesof themotionateachframef � j g, for t � j < t+ f :

St = [� 1; : : : ; � m ; � t ; : : : ; � t+ f � 1; gt ; : : : ; gt+ f � 1] : (7)

While theglobalposeandphaseof themotionvary throughoutthetemporalwin-
dow, the unknown subspacecoef�cents areassumedto be constantover the win-
dow.

After minimizinganobjectivefunctionovertheunknownparametersSt , weextract
the poseestimateat time t that is given by the estimatedsubspacecoef�cients
f �̂ i g, alongwith theglobalparametersandphaseat time t, i.e., ĝt and�̂ t . Because
the temporalestimationwindows overlap from one time instantto the next, the
estimatedtargetparameterstendtovarysmoothlyovertime.In particular, with such
aslidingwindow theestimateof theposeat time t is effectively in�uencedby both
pastandfuture data.It is in�uenced by pastdatabecausewe assumesmoothness
betweenparametersat time t andestimatesalreadyfoundatprevioustime instants
t � 1 andt � 2. It is in�uencedby futuredataasdataconstraintson themotionare
obtainedfrom imageframesat timest + 1 throught + f � 1.
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(a)

(b)

(c)

Fig. 7. Samplingthe �rst � ve componentsof eachsingleactivity databaseproducephys-
ically possiblemotions.The odd rows show the highestprobability samplethat for each
single-motiondatabase,which is theat theorigin � i = 0; 8i . Theeven rows show some
low probabilitysamplesvery far from thetrainingmotionsto demonstratethateventhose
samplesproducerealisticmotions.The coef�cients for thesemotion areshown in Fig. 6
(a,b,c)respectively. First two rows (a): Walking, Middle rows (b): Running,Last two
rows (c): Golf swingsamples.
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Fig. 8. Samplingthemulti-activity subspace.The4 samplesthat generatethe motionsof
Fig. 9 aredepicted.

Fig. 9. Samplingthe�rst two componentsof amulti-activity databasecomposeof walking
andrunningmotionscanproducephysicallyimpossiblemotions.The coef�cients of the
motionsdepictedin this �gure areshown in Fig. 8. Top row: Physicallyimpossiblemo-
tion. Theinputmotionspacecomposeof walkingandrunningis not convex. Middle row:
Physicallypossiblemotioncloseto awalking.Bottom row: Motion closeto arunning.As
theconvexity of the input spaceis assumedwhendoingPCA,andit maynot bethecase,
theresultingmotionasacombinationof principaldirectionscanbephysicallyimpossible.
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4.1 ObjectiveFunction

We usethe imagedatato constrainthe targetparameterswith a collectionof nobs

constraintequationsof theform

O(x i ; S) = � i ; 1 � i � nobs ; (8)

wherethe x i are 2D imagefeatures,O is a differentiablefunction whosevalue
is zerofor the correctvalueof S andnoise-freedata,and� i denotesthe residual
error in the i th constraint.Our objective is to minimize the sum of the squared
constrainterrors.Becausesomemeasurementsmaybenoisierthanothers,andour
observationsmaycomefrom differentimagepropertiesthatmightnotbecommen-
suratewith oneanother, we weight eachconstraintof type type with a constant,
wty pe. In effect, this is equivalentto a modelin which theconstraintresidualsare
IID Gaussianwith isotropiccovariance,andtheweightsarejust inversevariances.
In practice,thevaluesof the differentwty pe arechosenheuristicallybasedon the
expectederrorsfor eachtypeof observation.

Finally, sinceimagedataareoftennoisy, andsometimesunderconstrainthetarget
parameters,we furtherassumeregularizationtermsthatencouragesmoothnessin
theglobalmodel.Wealsoassumethatthephaseof themotionvariessmoothly. The
resultingtotal energy to beminimizedat time t, Ft , canthereforebeexpressedas

Ft = Fo;t + Fg;t + F�;t + F�;t (9)

with

Fo;t =
nobsX

i =1

wty pei





 Oty pei (x i ; S)








2
; Fg;t = wG

t+ f � 1X

j = t

kgj � 2gj � 1+ gj � 2k
2 ;

F�;t = w�

t+ f � 1X

j = t

(� j � 2� j � 1+ � j � 2)2 ; F�;t = w�

mX

i =1

(� i � �̂ i )2 ; (10)

whereOty pe is the function that correspondsto a particularobservation type,wG,
w� andw� arescalarweights,and �̂ i denotethe subspacecoef�cients estimated
in thepreviouswindow of f framesat time t � 1. Thevalueof f is chosento be
suf�ciently large to producesmoothresults;in practicewe usef = 3. Finally, in
(10), the variablesgt � 1, gt � 2, � t � 1 and� t � 2 aretaken to be the valuesestimated
from previous two time instants,andaretherefore�x edduringestimationat time
t.

Minimizing Ft usingtheLevenberg-Marquardtalgorithm[44] involvescomputing
its Jacobianwith respectto the elementsof the statevectorS. Sincethe O func-
tionsof Eq. 10 aredifferentiablewith respectto theelementsof S, computingthe
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derivativeswith respectto the gt is straightforward.Thosewith respectto the � i

and� t canbewrittenas

@Ft

@� i
=

t+ f � 1X

k= t

DX

j =1

@Fo;t

@� k
j

�
@� k

j

@� i
+

@F�;t

@� i
; (11)

@Ft

@� k
=

DX

j =1

@Fo;t

@� k
j

�
@� k

j

@� k
+

@F�;t

@� k
; (12)

wherethe � k
j representsthe vectorof individual joint anglesat phase� k , de�ned

asthe j ' th componentof  (� k ; � 1; � � � ; � m ) in Eq. 6. The derivativesof Ft with
respectto theD individualjointsangles@Fo;t

@� k
j

canbeeasilycomputed[45]. Because

the � k
j arelinearcombinationsof the � k

ij eigen-poses,
@� k

j

@� i
reducesto � k

ij , the j th
coordinateof � k

i . Similarly, wecanwrite

@� k
j

@� k
=

mX

i =1

� i
@� k

ij

@� k
; (13)

wherethe
@� k

ij

@� t
canbeevaluatedusing�nite differencesandstoredwhenbuilding

themotionmodels,asdepictedin Fig. 2.

Recall that for cyclic motionssuchaswalking andrunning,the phaseis periodic
andhencethe secondorderprediction� j � 1 � � j � 2 shouldbe taken mod 1 in
Eq. 9. This allows the cyclic trackingsequencesto be arbitrarily long, not just a
singlecycle.Of course,onecanalsotracksequencesthatcomprisefractionalparts
of eithercyclic or acyclic motionmodel.

Theweightsw in Eq.(10)weresetmanually, but theirexactvalueswerenot found
to be particularlycritical. In someexperimentsthe measurementsprovided suf�-
cientstrongconstraintsthatthesmoothnessenergy termsin Eq.(10)playedavery
minor role; in suchcasesthevaluesof wG, w� andw� couldbesetmuchsmaller
thanthe weightson the measurementerrorsin Fo;t . Nonetheless,for eachsetof
experimentsbelow (i.e, thoseusingthesametypesof measurements),theweights
were�x edacrossall inputsequences.

4.2 ComputationalRequirements

The fact that onecantrack effectively with straight-forward optimizationmeans
thatour prior motionmodelsgreatlyconstrainthe inferenceproblem.That is, the
resultingposteriordistributionsarenotsocomplex (e.g.,multimodal)thatonemust
usecomputationallydemandinginferencemethossuchassequentialMontaCarlo
or particle�ltering.
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Monte Carlo approaches,like that in [8], rely on randomlygeneratingparticles
andevaluatingtheir �tness. Becausethecostof creatingparticlesis negligible, the
main costof eachiterationcomesfrom evaluatinga log likelihood,suchasF t in
(9), for eachparticle.In a typical particle �lter , like the Condensationalgorithm
[7], thenumberof particlesneededto effectively approximatetheposterioronaD-
dimensionalstatespacegrows exponentiallywith D [5,46]. With dimensionality
reduction,like thatobtainedwith thesubspacemotionmodel,thestatedimension
is greatlyreduced.Nevertheless,thenumberof particlesrequiredcanstill bepro-
hibitive[8].

By contrast,themaincostateachiterationof ourdeterministicoptimizationscheme
comesfrom evaluatingFt and its Jacobian.In our implementation,this cost is
roughly proportionalto 1 + log(D) timesthe costof computingFt alone,where
D is thenumberof joint anglesof (12). Thereasonthis factorgrows slowly with
D is that the partial derivatives, @F t

@� j
, which requiremostof the computation,are

computedanalyticallyand involve many intermediateresultsthancanbe cached
andreused.As a result,with R iterationsperframe,thetotal time requiredby our
algorithmis roughlyproportionalR(1 + log(D)) timesthe costof evaluatingF t .
Sincewe usea smallnumberof iterations,lessthan15 for all experimentsin this
paper, thetotal costof ourapproachremainsmuchsmallerthantypicalprobabilis-
tic methods.Thedifferentexperimentsrun in thispapertook lessthanaminuteper
frame,with anon-optimizedimplementation.

5 Monocular Tracking

We�rst demonstrateourapproachin thecontext of monoculartracking[47]. Since
wewishto operateoutdoorsin anuncontrolledenvironment,trackingpeoplewear-
ing normal clothes,it is dif�cult to rely solely on any one imagecue.Here we
thereforetakeadvantageof severalsourcesof information.

5.1 ProjectionConstraints

To constrainthe locationof several key joints, we track their approximateimage
projectionsacrossthe sequence.These2D joint locationswereestimatedwith a
2D image-basedtracker. Figure10 shows the 2D tracking locationsfor two test
sequences;we track9 pointsfor walkingsequences,and6 for thegolf swing.

For joint j , we thereforeobtainapproximate2–Dpositionsx j in eachframe.From
the targetparametersS we know the3–D positionof thecorrespondingjoint. We
thentake the correspondingconstraintfunction, Oj oint (x j ; S), to be the 2–D Eu-
clideandistancebetweenthe joint's projectioninto the imageplaneandthe mea-
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Fig. 10. 2D Trackingusingthe WSL tracker. Top row: Trackingthe chest,knees,head,
anklesandvisible arm.Thetrackedupperbodyjoints areshown in red,with theheadand
tracked lower joints pointsshown in yellow. Bottom row: Regionsusedfor trackingthe
ankles,knees,andheadareshown.

Fig. 11. Poorquality foregroundbinarymask.First row: Extractedfrom thewalking se-
quenceof Fig. 12 andSecondrow: from thegolf swingof Fig. 17.

surementof its 2-D imageposition.

5.2 ForegroundandBackground

Givenanimageof thebackgroundwithoutthesubject,wecanextractroughbinary
masks(silhouettes)of theforeground,likethosein Fig.11.Becausethebackground
in our video is not truly static the masksareexpectedto be noisy. Nevertheless,
they canbe exploited asfollows. We randomlysamplethe binary mask,and for
eachsamplex i we de�ne a Background/ForegroundfunctionOf g=bg(x i ; S) that is
0 if the line of sight throughx i intersectsthe model.Otherwise,it is equalto the
3D distancebetweentheline of sightandthenearestmodelpoint. In otherwords,
Of g=bg is a differentiablefunction that introducesa penaltyfor eachpoint in the
foregroundbinarymaskthatdoesnotback-projectontothemodel.

Minimizing Of g=bg in theleastsquaressensetendstomaximizetheoverlapbetween
themodel'sprojectionandtheforegroundbinarymask.Thishelpsto preventtarget
drift.
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5.3 Point Correspondences(OpticalFlow)

We use2–D point correspondencesin pairsof consecutive imagesasanadditional
sourceof information:We projectthe 3–D model into the �rst imageof the pair.
We thensampleimagepoints to which the modelprojectsandusea normalized
cross-correlationalgorithm to computedisplacementsof thesepoints from that
frameto thenext. Thisprovidesuswith measurementpairsof correspondingpoints
in two consecutive frames,p i = (x1

i ; x2
i ). The correspondencepenaltyfunction,

Ocorr (p i ; S) is givenasfollows:We back-projectx1
i to the3–D modelsurfaceand

reprojectit to the secondimage.We then take Ocorr (p i ; S) to be the Euclidean
distancein theimageplanebetweenthis reprojectionandcorrespondingx 2

i .

5.4 ExperimentalResults

We testour tracker on real andsyntheticdata.In eachcasethe useof prior mo-
tion modelsis crucial;without themotionmodelsthetracker divergewithin a few
framesin everyexperiment.

5.4.1 Realdata

Theresultsshown herewereobtainedfrom uncalibratedimages.Themotionswere
performedby subjectsof unknown sizeswearingordinaryclothesthatarenot par-
ticularly textured.To performourcomputation,weusedroughguessesfor thesub-
ject sizesandfor the intrinsic andextrinsic cameraparameters.For eachtestse-
quencewe manuallyinitialize thepositionandorientationof theroot nodeof the
bodyin the�rst framesothatit projectsapproximatelyto theright place.

Wealsomanuallyspecifythe2D locationsof thejoints to betrackedby WSL [48].
WSL is arobust,motion-based2D trackerthatmaintainsanonlineadaptiveappear-
ancemodel.Themodeladaptsto slowly changingimageappearancewith anatural
measureof thetemporalstabilityof theunderlyingimagestructure.By identifying
stablepropertiesof appearancethetracker canweight themmoreheavily for mo-
tion estimation,while lessstablepropertiescanbeproportionatelydown-weighted.
Thisgivesit robustnessto partialocclusions.In the�rst framewespeci�ed9 points
thatwe wish to track,namely, theankles,knees,chest,head,left shoulder, elbow
andhand.

This entireprocessrequiresonly a few mouseclicks andcouldeasilybeimproved
by usingautomatedposturedetectiontechniques(e.g.,[20,26,21,22,24]).Simple
methodswere usedto detectthe key posturesde�ned in Section3 for eachse-
quence.Using spline interpolation,we assignan initial value for � t for all the
framesin thesequence,asdepictedin Figs.13band16b. Finally, themotionis ini-
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Fig. 12.MonocularTrackingof a43frameswalkingmotion.First two rows: Theskeleton
of the recovered3D model is projectedonto the images.Bottom two rows: Volumetric
primitivesof therecovered3D modelprojectedinto a similarview.

tially takento bethemeanmotion� 0, i.e., thesubspacecoef�cients � i areinitially
setto zero.Giventheseinitial conditionswe minimizeFt in (9) usingLevenberg-
Marquardt.

5.4.1.1 Walking Fig. 12 shows a well-known walking sequence[8,49,50].To
performthe2D trackingweusedaversionof theWSL tracker[48]. To initialize the
phaseparameter, � t , we useda simplebackgroundsubtractionmethodto compute
foregroundmasks(e.g.,seeFig. 11).Timesat which themaskwidth wasminimal
were taken to be the times at which the legs were together(i.e., � t = 0:25 or
� t = 0:75). Splineinterpolationwasthenusedto approximate� t atall otherframes
in thesequence(seeFig. 13b).More sophisticateddetectors[20–22,24]would be
necessaryin morechallengingsituations,but werenot neededhere.

Theoptimalmotionfoundis shown in Figure12.Thereweshow theestimated3D
modelprojectedonto several framesof the sequence.We alsoshow the rendered
3D volumetricmodelalone.The tracker wassuccessful,producinga 3D motion
that is plausibleandwell synchronizedwith the video.The right (occluded)arm
wasnot trackedby theWSL tracker, andhencewasonly weaklyconstrainedby the
objective function.Notethateventhoughit is not well reconstructedby themodel
(doesnot �t theimagedata),it hasaplausiblerotation.

5.4.1.2 Golf Swing As discussedin Section3.3, the golf swingsusedto train
themodelwerefull swingsfrom theCMU database.They wereperformedby nei-
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Fig. 13.AutomaticInitializationof thevirtual time parameter� t for thewalking sequence
of Fig. 12. (a) Width of the detectedsilhouette.(b) Spline interpolationfor the detected
key-postures.

Fig. 14. MonocularTrackinga full swing in a 45 framesequence.First two rows: The
skeletonof the recovered3–D model is projectedinto a representative subsetof images.
Middle two rows: Volumetricprimitives of the recovered3–D modelprojectedinto the
sameviews. Bottom two rows: Volumetric primitives of the 3–D model as seenfrom
above.
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Fig. 15. Detectedhandtrajectoriesfor the full swing in Fig. 14 andthe approach swing
in Fig. 18. The left andright handpositions(pixel units)arerepresentedin blackandred
respectively.

therof thegolfersshown in Figs.14,17 and18.With theWSL tracker we tracked
� ve pointson thebody, namely, theknees,anklesandhead(seeFig. 10).Because
the handtendsto rotateduring the motion, to track the wrists we have found it
moreeffective to usea club trackingalgorithm [51] that takesadvantageof the
informationprovidedby thewholeshaft.Its outputis depictedby the �rst row of
Fig. 15,andthecorrespondingrecoveredhandtrajectoriesby thesecondrow. This
trackerdoesnotrequireany manualinitialization.It is alsorobustto mis-detections
andfalsealarmsandhasbeenvalidatedonmany sequences.Hypothesesonthepo-
sition are �rst generatedby detectingpairsof closeparallel line segmentsin the
frames,andthenrobustly �tting a 2D motionmodelover several framessimulta-
neously. Fromtherecoveredclub motion,we caninfer the2D handtrajectoriesof
thebottomrow of Fig. 15.

For eachsequence,we�rst run thegolf club tracker [51]. As shown in Fig. 16a,for
eachsequence,thedetectedclub positionslet usinitialize thephaseparametersby
telling usin whichfour framesthekey posturesof Fig.4 canbeobserved.With the
timesof thekey postures,splineinterpolationis thenusedto assigna phaseto all
otherframesin thesequence(seeFig. 16b).As noteverybodyperformsthemotion
at the samespeed,thesephasesareonly initial guesses,which arere�ned during
theactualoptimization.Thusthe temporalalignmentdoesnot needto beprecise,
but it givesa roughinitialization for eachframe.

Figures14 and17 show the projectionsof the recovered3D skeletonin a repre-
sentativesubsetof imagesof two full swingsperformedby subjectswhosemotion
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Fig. 16.Assigningnormalizedtimesto theframesof Fig. 14. (a)Weusetheautomatically
detectedclub positionsto identify thekey posturesof Fig. 4. (b) The correspondingnor-
malizedtimesaredenotedby reddots.Splineinterpolationis thenusedto initialize the� t

parameterfor all otherframesin thesequence.

Fig.17.Monoculartrackinga68frameswingsequence.Theskeletonof therecovered3–D
modelis projectedontotheimages.

wasnot usedin the motion database.Note the accuracy of the results.Figure18
depictsashortswingthatis performedby adifferentperson.Notethatthismotion
is quite differentboth from the full swing motion of Fig. 14 andfrom the swing
usedto train thesystem.Theclubdoesnotgoashighand,asshown in Fig. 15, the
handstravel a muchshorterdistance.As shown by theprojectionof the3D skele-
ton, thesystemhasenough�e xibility to generalizeto this motion.Note,however,
that the right leg bendstoo muchat theendof the swing,which is causedby the
small numberof trainingmotionsandthe fact thatevery trainingswingexhibited
thesameanomoly. A naturalway to avoid this problemin the futurewould be to
usea largertrainingsetwith agreatervarietyof motions.

Finally, Fig. 19 helpsto show that the model hassuf�cient �e xibility to do the
wrongthinggiveninsuf�cient imagedata.Thatis, eventhoughweuseanactivity-
speci�c motionmodel,theproblemis not soconstrainedthatwe areguaranteedto
getvalid posturesor motionswithout usingtheimageinformationcorrectly.
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Fig. 18. MonocularTrackingan approachswing during which the club goesmuch less
high thanin a driving swing.The skeletonof the recovered3–D modelis projectedonto
theimages.

(a) (b) (c) (d) (e) (f)

Fig. 19.Trackingusingonly joint constraintsvs usingthecompleteobjective function.(a)
Originalimage.(b)2–Dappearancebasedtrackingresult.(c) 2–Dprojectionof thetracking
resultsusingonly joint constraints.Theproblemis under-constrainedandamultiplesetof
solutionsarepossible.(d) 3–Dtrackingresultsusingonly joint constraints.(e)and(f) The
setof solutionsis reducedusingcorrespondences.

5.4.2 Syntheticdata

We projected3D motion capturedatausinga virtual camerato produce2D joint
positionsthatwe thenusean input to our tracker. Thevirtual camerais suchthat
theprojectionsfall within a 640x480virtual image,with theroot projectingat the
centerof the image.We initialized thephaseof themotion� t to a linear function,
0 at the beginning and1 at the endof the sequence.The style of the motion was
initialized to be the meanmotion. Both � t andthe f � i g werere�ned during the
tracking.

We usedtemporalwindowsof sizes3 and5, with verysimilar results,asshown in
Fig. 20. We alsotestedthe in�uence of thenumberof 2D joint positionsgivenas
input to the tracker, by usingthe whole setof joints, or the samesubsetof joints
usedto trackthesequenceof Fig. 12,namely, theankles,knees,chest,head,shoul-
der, elbow andhand.Bothcasesresultin verysimilar accuracy, asdepictedin Fig.
20.Theerrors,asexpected,arebiggerwhentrackingtestingdatathantrainingdata.
Notethatthetracker is veryaccurate,the3D errorsare0.7cmperjoint in meanfor
thetrainingsequencesand1.5cmin meanfor thetestingsequences.

It is alsoof interestto testthesensitivity of the tracker to the relative magnitudes
of thesmoothnessandobservationweightsin Eq.(10).Fig. 21showstheresultsof
trackingsynthetictrainingandtestingsequenceswith differentvaluesof wty pe=ws,
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Training Test

2D proj. 3D loc. Euler 2D proj. 3D loc. Euler

All, f = 3 0.960 7.271 0.031 1.849 15.079 0.086

Subset,f = 3 1.024 7.575 0.0322 1.979 15.062 0.0839

All, f = 5 1.093 7.246 0.0272 2.041 15.823 0.087

Subset,f = 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 onerepresentserrorswhen
trackingtrainingdataandtheright onetestdata.For eachgroup4 errorbarsof 2 different
colorsaredepicted,eachcolorrepresentsadifferentwindow size(3 onred,and5 ongreen).
For eachcolor two barsshow theerrors�rst for thecompletesetof joints andthenfor the
subsetof joints, with similar results.Note that the estimated3D joint locationerrorsare
verysmall,0.7cmin meanfor thetrainingdatasequences,and1.5cmfor thetestingones.

rangingfrom 0:1 to 10, with ws = wg = w� = w� . All experimentsyieldedsimilar
results,indicatingthatthetracker is notparticularlysensitiveto theseparameters.

5.4.3 FailureModes

We have demonstratedthat the trackingworks well for differentcyclic (walking)
and a-cyclic motions(gol�ng). The tracked motionsare different from the ones
usedfor training,but remainrelatively close.In this sectionwe usea caricatured
walkingsequenceto testwhenthegeneralizationcapabilitiesof ourmotionmodels
fail. Thecaricaturedwalking is very differentfrom themotionsusedfor training,
andthePCA-basedmotionmodelsdonotgeneralizeto thismotionwell. Thestyle
coef�cients recoveredby the tracker arevery far from the training ones(at least
6 standarddeviations),resultingin impossibleposesasdepictedby Fig. 22, when
usinga3 or 5 frametemporalwindow.

WhenusingPCA-basedmotionmodels,oneshouldtrackmotionsthatremainrel-
atively closeto thetrainingdata,sincetheonly motionsthatthetracker is capable
of producingare thosein the subspace.In caseother motionsare wantedto be
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Training Test

2D proj. 3D loc. Euler 2D proj. 3D loc. Euler

wty pe=ws = 0:1 1.262 7.979 0.0291 2.104 15.621 0.0865

wty pe=ws = 1 1.632 9.895 0.0347 2.384 14.692 0.0715

wty pe=ws = 10 1.808 12.263 0.0339 2.812 16.934 0.0728
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Fig. 21. Tracking meanerrors as a function of the weights.Trackingresultsaregiven
for experimentswith threedifferenttypesof measurementerrors(2D projection(pixels),
3D location(mm),Eulerangles(radians)).Eachplot is split in two groups,theleft onerep-
resentserrorswhentrackingtrainingdataandtheright onefor trackingtestdata.For each
group3 errorbarsof differentcolorsaredepicted.Eachcolor representsdifferentrelative
weights(darkgreenwty pe=ws = 0:1, greenwty pe=ws = 1, andyellow wty pe=ws = 10),
with ws = wg = w� = w� . Notethat tracker is not very sensitive to thespeci�c valueof
theweights.

Fig. 22.Tracking40 framesof anexaggeratedgait.First two rows: 3 framewindow. Last
two rows: 5 framewindow. Thetracker resultsin impossiblepositions.

tracked,oneshouldincludeexamplesof suchmotionswhenlearningthemodels,
or apply other techniquessuchasGaussianProcesses(GP) [34] that have better
generalizationproperties.
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6 Multi-view Tracking

Whenseveralsynchronizedvideostreamsareavailable,weuseacorrelation-based
stereoalgorithm [52] to extracta cloudof 3–D pointsat eachframe,to which we
�t themotionmodel.

6.1 ObjectiveFunction

Recall from Section3 that we representthe humanbody as a set of volumetric
primitivesattachedto anarticulated3–Dskeleton.For multi-view trackingwetreat
themasimplicit surfacesasthis providesa differentiableobjective functionwhich
canbe �t to the 3D stereodatawhile ignoring measurementoutliers.Following
[45] thebodyis dividedinto severalbodyparts;eachbodypartb includesnb ellip-
soidalprimitivesattachedto theskeleton.Associatedwith eachprimitive is a �eld
functionf i , of theform

f i (x; S) = bi exp(� ai di (x; S)) ; (14)

wherex is a3–Dpoint,ai , bi areconstantvalues,di is thealgebraicdistanceto the
centerof theprimitive,andS, is thestatevectorin (7). Thecomplete�eld function
for bodypartb is takento be

f b(x; S) =
nbX

i =1

f i (x; S) ; (15)

andtheskin is de�ned by thelevel set

SK (x; S) =
B[

b=1

f x 2 R 3jf b(x; S) = Cg (16)

whereC is aconstant,andB is thetotalnumberof bodyparts.A 3D pointx is said
attachedto bodypartb if

b= arg min
1� i � B

jf i (x; S) � Cj (17)

For each3D stereopoint,x i , wewrite

Oster eo(x i ; S) = f b(x i ; S) � C : (18)

Fitting the modelto stereo-datathenamountsto minimizing (9), the �rst term of
whichbecomes

t+ f � 1X

j = t

BX

b=1

X

x i 2 b

(f b(x i;j ; S) � C)2 ; (19)
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Fig. 23. Trackinga runningmotion. The legs arenow correctlypositionedin the whole
sequence.

wherex i;j is a 3D stereopoint belongingto framej . NotethatOster eo is differen-
tiableandits derivativescanbecomputedef�ciently [45].

6.2 ExperimentalResults

WeusestereodataacquiredusingaDigiclopstm operatingata640� 480resolution
anda14Hzframerate.Becausetheframerateis slow, therunningsubjectof Fig.23
remainswithin thecapturevolumefor only 6 frames.Thedatashown in Fig.24are
noisyandhave low resolutionfor two reasons.First, to avoid motionblur, weused
a high shutterspeedthatreducedexposure.Second,becausethecamerawas�x ed
andthesubjecthadto remainwithin thecapturevolume,sheprojectedontoasmall
region of theimageduringthesequences.Of course,thequality of this stereodata
could have beenimprovedby usingmoresophisticatedequipment.Nevertheless,
our resultsshow that the tracker is robust enoughto exploit dataacquiredwith
cheapsensors.

Initially, the motion subspacecoef�cients aresetto zero,asabove. We manually
initialized the phaseof the motion � t in the �rst andlast frameof the sequence.
Thesepointsweretheninterpolatedto producean initial phaseestimatein every
frame.Theinitial guessdoesnot have to beprecisebecausethetrackingdoesnot
work directlywith theimagesbut with the3D data.

Fig. 25 showsresultsonwalkingsequencesperformedby two subjectswhosemo-
tion capturedatawerealsousedastrainingdatafor themotionmodels.Onecansee
from the�gures thatthelegsarecorrectlypositioned.Theerrorsin theupper-body
arecausedby thelargeamountof noisein thestereodata.

Figure26depictsresultsfrom awalkingsequencewith asubjectwhosemotionwas
not includedin thetrainingdata.In this casehewasalsowearingfour gyroscopes
on his legs,onefor eachsagittalrotationof the hip andkneejoints. The angular
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Fig. 24.Inputstereodatafor therunningsequenceof Fig. 23.Sideviewsof the3–Dpoints
computedby theDigiclopstm system.Notethatthey areverynoisyandlackdepthbecause
of thelow qualityof thevideosequence.

Fig. 25.Usinglow resolutionstereodatato trackthetwo womenwhosemotionswerenot
usedto learnthemotionmodel.Therecoveredskeletonposesareoverlaidin white.

speedsthey measuredwereusedsolelyfor comparisonpurposes.Theiroutputwas
integratedto yield theabsoluteanglesshown asdottedcurvein Fig.27.Weoverlay
ontheseplotsthevaluesrecoveredby our tracker, showing thatthey areclose,even
thoughthe left leg is severely occluded.Given the positionof the visible leg, the
PCA motionmodelconstrainstheoccludedoneto bein a plausiblepositionclose
to therealone.

Figure23 showsresultsfor therunningsequenceof Fig. 24 usingtherunningmo-
tion model.The poseof the legs is correctlyrecovered.The upperbody tracking
remainsrelatively imprecisebecauseaverageerrorsin the stereodataare larger
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Fig. 26. Trackinga walking motion from a subjectwhosemotionwasnot recordedin the
database.Thelegsarecorrectlypositioned.
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Fig. 27. Comparingrecoveredrotationanglesusingvisual tracking(solid curve), andby
integratinggyroscopicdata(smoothcurve) for the walk of Fig. 26. Left column: Right
hip andkneesagittalrotations.Right Column: Samething for theleft leg. Notethatboth
curvesareveryclosein all plots,eventhoughtheleft leg is severelyoccluded.

than the distancebetweenthe torso and the arms.Improving this would require
theuseof additionalinformation,suchassilhouettes.Herewe restrictourselvesto
stereodatato show that our framework canbe usedwith very differentobjective
functions.

Having a setof subspacecoef�cients per framegivesthe systemthe freedomto
automaticallyevolve from one activity to another. To demonstratethis we used
our motion model learnedfor the combinedrunningandwalking datato track a
transitionfrom walking to running(seeFig. 28). In the�rst few framesthesubject
is walking, thenfor acoupleof framessheperformsthetransitionandrunsfor the
restof thesequence.Thearmsarenot trackedbecausewe focuson estimatingthe
motion parametersof the lower body only. Hereagain,the legs aresuccessfully
tracked with small errors in foot positioningthat are due to the fact that ankle
�e xion is notpartof themotiondatabase.

6.3 Recognition

Themotionstyleis encodedby thesubspacecoef�cients in (4). They measurethe
deviation from theaveragemotionalongorthogonaldirections.Recallthatduring
tracking,thesubspacecoef�cients arepermittedto vary from frameto frame.For
recognition,we further reconstructthe 3D motion of the personwith a singleset
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Fig. 28. Trackingthe transitionbetweenwalking andrunning.In the �rst four framesthe
subjectis running.The transitionoccursin the following threeframesandthe sequence
endswith running.Thewholesequenceis shown.

Fig. 29. Style coef�cents, � i , obtainedwhen tracking a training sequence.The training
datais shown in cyan. Differentcolorsshow differentwindow sizesandnumberof 2D
joint constraints.

of subspacecoef�cients for the entiresequence[53]. The reasonis that we want
to recover anaveragemotionstyleduringthesequence.Moreover, theestimateof
the style coef�cients is morereliable if we increasethe numberof poseswe use
to obtainit If we allow thestyleparametersto vary from frameto framethestyle
estimationis noisier, but the tracker is typically moreaccurate.This is illustrated
in Fig. 29, whentrackingwith groundtruth dataandvaryingthesubspacecoef�-
cients.Notethatalthoughthecoef�cients arecloseto theonesof thatsubject,their
varianceis relatively large.

Thetrackingalgorithmusedfor recognitionis dividedinto two steps.First,thenor-
malizedtime � t andtheglobalmotiongt areoptimizedframeby frame,assuming
aconstantstyleequalto themeanmotion� 0. Thisprovidesagoodinitial estimate
for a secondstep,wherea global optimizationis performed.In the global �t, the
normalizedtime andglobalmotionparametersareallowedto vary in every frame,
but only oneset subspacecoef�cients is usedto representthe entire motion se-
quence.This is equivalentto minimizing (9), wherethesizeof thesliding window
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(a) (b) (c)

Fig.30.Recognitionof walkingpeoplefrom stereodata:Walkingmotionsfrom thetraining
dataareshown in the�rst four subspacedimensions.Eachpersonis shown with a distinct
color andsymbol.Small blackcirclesdenotetheestimatedsubspacecoef�cients, � i , ob-
tainedfrom video of peoplewhosemotionswereincludedin the training set.The small
blacktrianglesdepictsubspacecoef�cients obtainedfrom videoof peoplewhosemotions
werenot includedin the training set.(a) First two PCA componentsof a model learned
from 4 subjects.Notice that in the �rst two dimensionsthe estimatedcoef�cients for the
testsubjectareeasilyconfusedwith thoseof thetrainingsubjects.(b-c) First four compo-
nentsof a model learnedwith 9 subjects.In the �rst four dimensionsthe motionsof the
trainingsubjectsclusternicely, andthesubspacecoef�cients estimatedfor a testsubjectdo
not lay closeto any oneclusterof thetrainingsubjects.

is f = T + 1.

Figure30 (a) depictsthe �rst two subspacecoef�cients, � i , for thedatabaseused
for thetracking.Thefour subjectsof thesubspacearewell separatedin the�rst two
dimensions.Theestimatedcoef�cients for eachoneof thetwo examplesdepicted
by Fig. 25areshown ascirclesanda trianglerepresentstheestimatedvaluefor the
subjectin Fig. 26 whosemotion is not includedin the training dataset.For both
women,the �rst two recoveredcoef�cients fall in thecenterof theclusterformed
by their recordedmotion vectors.Also note that while the new subject's motion
doesappearconsistentwith oneof the training subjectsin the �rst two subspace
dimensions,they arequitedifferentin thenext two dimensions.

Figure30 (b,c),depictsthe�rst four subspacecoef�cients, � i , for a modellearned
usingnine subjects.The estimatedcoef�cients for eachoneof the two examples
depictedin Fig. 25 areshown ascirclesandastrianglesfor thesubjectof Fig. 26
whosemotionis notrecordedin thedatabase.Oncemore,for bothwomen,the�rst
four recoveredcoef�cients fall in thecenterof theclusterformedby their recorded
motionvectorsusingopticalmotioncapture,meaningthatthey havebeenwell es-
timated.Higherordercoef�cients exhibit smallvariationsthatcanbeattributedto
the fact thatwalking on a treadmill changesthestyle.Typically thesubjectstend
to bendthebackmorewhenperformingthewalking in a treadmillto maintainbal-
ance.For the manwhosemotionwasnot recordedin the database,the recovered
coef�cients fall within two differentclusterswhenlooking at the �rst two coef�-
cientsor at thethird andfourth,meaningthat this personformsa differentcluster
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in four dimensions.It is not recognizedasany of theninepersonsof thedatabase.

The useof motion insteadof poseallow us to simply usea closestneighboourd
algorithmfor classi�cation.Note that if we usepose(seeFig. 5), the recognition
is more dif�cult and a more complex classi�cation algorithm,suchas SVM or
Adaboost,shouldbeused.

7 Conclusionand Future Work

We have presentedanapproachto incorporatingstrongmotionmodelsthatyields
full 3–D reconstructionusinga single-hypothesishill-climbing approach.This re-
sults in much lower computationalcomplexity than the currentmulti-hypothesis
techniques.We have demonstratedtheeffectivenessof our approachfor monocu-
lar andmulti-view trackingof cyclic motionsaswalking andrunningandacyclic
motionsasgolf swinging.

The major limitation of the currentapproachis the numberof examplesneeded
to createa databasewith goodgeneralizationproperties.We arecurrentlyinvesti-
gatingnonlinearprobabilistictechniquesthatreducesconsiderablythenumberof
examplesrequired[34].
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