3D PeopleTracking with GaussianProcesDynamical Models®

RaquelUrtasun
ComputeVision Laboratory
EPFL,Switzerland
raquel.urtasun@ep .ch

Abstract

We advocatethe use of GaussianProcessDynamical
Models(GPDMs)for learninghumanposeandmotionpri-
ors for 3D peopletracking A GPDM provides a low-
dimensionakmbeddingf humanmotiondata, with a den-
sity function that gives higher probability to posesand
motionscloseto the training data. Wth Bayesianmodel
avelaging a GPDM can be learned from relatively small
amountsof data, and it generlizesgracefullyto motions
outsidethetraining set. Here we modifythe GPDM to per
mit learning from motionswith signi cant stylistic varia-
tion. Theresultingpriors are effectivefor tracking a range
of humanwalking styles, despiteweak and noisy image
measuementsandsigni cant occlusions.

1. Intr oduction

Prior modelsof poseand motion play a centralrole in
3D monoculampeopletracking,mitigating problemscaused
by ambiguities,occlusionsandimagemeasurementoise.
While powerful modelsof 3D humanposeare emeging,
sophisticatedmotion modelsremainrare. Most state-of-
the-artapproachesely on linearGaussiarviarkov models
which do not capturethe compleities of humandynam-
ics. Learningricher modelsis challengingbecausef the
high-dimensionalariability of humanpose the nonlinear
ity of humandynamicsandtherelative dif culty of acquir
ing large amountof trainingdata.

This papershawvs thateffective modelsfor peopletrack-
ing canbe learnedusingthe GaussiarProcesDynamical
Model (GPDM) [22], evenwhenmodestamountsof train-
ing dataareavailable. The GPDMis alatentvariablemodel
with anonlineamprobabilisticmappingfrom latentpositions
x to humanposesy, andanonlineardynamicalmappingon
the latentspace.It providesa continuousdensityfunction
over posesandmotionsthatis generallynon-Gaussiaand
multimodal. Giventraining sequencegnesimultaneously
learnsthe latentembedding the latentdynamics,and the
posereconstructionrmapping.Bayesiarmodelaveragingis
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usedlessenproblemsof over- tting andunder tting that
areotherwiseproblematiowith smalltrainingsets[10, 12].
We proposea form of GPDM, the balancedGPDM, for
learningsmoothmodelsfrom training motionswith stylis-
tic diversity andshaw thatthey areeffective for monocular
peopletracking. We formulatethe tracking problemasa
MAP estimatoron short posesequencef a sliding tem-
poral window. Estimatesare obtainedwith deterministic
optimization,andlook remarkablygooddespitevery noisy,
missingor erroneousmagedataandsigni cant occlusions.

2. Related Work

Thedynamicalmodelsusedin mary trackingalgorithms
are weak. Most models are linear with Gaussianpro-
cessoise,includingsimple rst- andsecond-ordeMarkov
models[3, 9], andauto-rgressie (AR) models[14]. Such
modelsare often suitablefor low-dimensionalproblems,
and admit closed-formanalysis, but they apply to a re-
stricted classof systems. For high-dimensionallata, the
numberof parameterghat mustbe manuallyspeci ed or
learnedfor AR modelsis untenable.Whenusedfor peo-
ple trackingthey usuallyincludelarge amountsof process
noise,andtherebyprovide very weaktemporalpredictions.

Switching LDS and hybrid dynamics provide much
richer classesof temporalbehaiors [8, 14, 15. Never
thelessthey arecomputationallychallengingto learn,and
requirelarge amountsof training data,especiallyasthe di-
mensionof the statespacegrows. Non-parametrianodels
canalsohandlecomplex motions,but they alsorequirevery
large amountsof training data[11, 17]. Further they do
not producea densityfunction. Howe et al [7] usemixture
modeldensityestimationto learna distribution of shortse-
guence®f poses.Again, with suchhigh-dimensionatiata,
densityestimationwill have problemsof under andover
tting unlessonehasvastamountof trainingdata.

Oneway to copewith high-dimensionatiatais to learn
low-dimensionalatentvariablemodels. The simplestcase
involvesalinearsubspacerojectionwith anAR dynamical
process.In [2, 4] asubspacés rst identi ed usingPCA,
afterwhicha subspac@&R modelis learned.Linearmodels
aretractable,but they often lack the ability to capturethe
complities of humanposeandmotion.



Richer parameterization®f human pose and motion
can be found through nonlineardimensionalityreduction
[5, 16, 18, 21]. Geometricalmethodssuchaslsomapand
LLE learnsuchembeddingsyielding mappingsfrom the
posespaceto the latent space. But they do not provide
a probabilisticdensitymodel over poses,a mappingback
from posespaceto latent space,nor a dynamicalmodel.
Thus one requiresadditional stepsto constructan effec-
tive model. For example,SminchisescandJepsorj18] use
spectralembeddingthena Gaussiammixture to modelthe
latentdensity an RBF mappingto reconstruciposesfrom
latentpositions,anda hand-speci edrst-order, linear dy-
namicalmodel. Agarwal and Triggs [1] learna mapping
from silhouettego posesusingrelevancevectormachines,
andthenasecond-ordeAR dynamicalmodel.

Rahimietal [16] learnanembeddinghroughanonlinear
RBF regressiorwith an AR dynamicalmodelto encourage
smoothnesi the latentspace.Our approachs similarin
spirit, asthis is a naturalway to producewell-behaed la-
tentmappingsfor time-seriegdata. However, our modelis
probabilisticandallows for nonlineardynamics.

We use a form of probabilistic dimensionalityreduc-
tion similar in spirit to the GaussiarProcesdatentvariable
model(GPLVM) [10]. The GPLVM hasbeenusedto con-
strain humanposesduring interactve animation[6], asa
prior for 2D upperbodyposeestimation19], andasa prior
for 3D monocularpeopletracking[20]. While powerful,
the GPLVM is a static model; it hasno intrinsic dynam-
ics anddoesnot producesmoothlatentpathsfrom smooth
time-seriegdata. Thus,evenwith an additionaldynamical
model,our GPLVM-basedpeopletraclker oftenfails dueto
anomalougumpsin thelatentspaceandto occlusiong20].

3. GaussianProcesdDynamical Model

The GPDM is a latentvariabledynamicalmodel,com-
prisingalow-dimensionalatentspacea probabilisticmap-
ping from the latentspaceo the posespaceanda dynam-
ical modelin the latentspace[22]. The GPDM is derived
from ageneratie modelfor zero-mearposesy/; 2 RP and
latentpositionsx; 2 RY, attimet, of theform

X
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for weightsA = [ai;az;:::] andB = [by;by;::], basis
functionsA; andA; , andadditive zero-meamvhite Gaussian
noiseny; andny; . For linear basisfunctions,(1) and(2)
representhe commonsubspac@&R model(e.g.,[4]). With
nonlinearbasisfunctions,themodelis signi cantly richer.
In corventionalregression(e.g., with AR models)one
x esthe numberof basisfunctionsandthen ts the model
parameters, A and B. From a Bayesianperspectie,

A and B are nuisanceparametersand should therefore
be mamginalized out through model averaging. With an
isotropic Gaussiarprior on eachb;, one can maminalize
overB in closedform[12, 13] to yield amultivariateGaus-
siandatalik elihoodof theform

p(Y jX; %) =
i u 1
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whereY = [y1;::;yn]" isamatrixof trainingposesX =
[x1;::5xn]T containsthe associatedatent positions,and
Ky is akernelmatrix. The elementof kernelmatrix are
de ned by akernelfunction,(K v )i; = Ky (Xj;X;), which
we take to beacommonradialbasisfunction (RBF) [12]:
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The scalingmatrix W~ diag(wy;:::;wp ) is usedto ac-
count for the different variancesin the different data di-
mensions;this is equivalentto a GaussianProcess(GP)
with kernelfunctionk(x; x9=w? for dimensionl. Finally,
* = £71; ;1 W g compriseghekernelhyperparameters
thatcontroltheoutputvariancethe RBF supportwidth, and
thevarianceof the additive noiseny ;.

The latentdynamicsare similar; i.e., we form the joint
densityover latent positionsandweights,A , andthenwe
mamginalizeout A [22]. With anisotropic Gaussiarprior
onthea;, thedensityover latenttrajectorieseducego

p(X |®) =
p(x1)
= N1 DAjK 4 |
whereX oyt = [X2; XN ]T, Kx isthe(Nj 1) £ (N 1)
kernelmatrix constructedrom X, = [X1;:3; XN 1], and
X1 IS given anisotropic Gaussiarprior. For dynamicsthe

GPDMusesa‘linear + RBF” kernel,with parameters :
K
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Thelineartermis usefulfor motion subsequencetatare
approximatehfinear

While the GPDM is de ned above for a singleinput se-
quence,it is easily extendedto multiple sequences$Y ; g.
Onesimply concatenateall the input sequencedgnoring
temporaltransitionsfrom the end of one sequencedo the
beginning of the next. Eachinput sequencés thenassoci-
atedwith a separatesequencef latentpositionsf X ; g, all
within a sharedatentspace.Accordingly, in whatfollows,
letY = [Y];::; Y] bethem training motions. Let
X denotethe associatethtentpositions,andfor thede ni-
tion of (5) let X oyt compriseall but the rst latentposition
for eachsequencelet K x bethekernelmatrix computed
from all but thelastlatentpositionof eachsequence.



3.1.Learning

Learningthe GPDM entailsestimatingthe latent posi-
tions and the kernel hyperparametersFollowing [22] we
adoptsimple Ejior distributions over ghe hyperparameters,
e, p@® / . ® Y andp(™)/ =, with which
the GPDM posteriorbecomes

pPOG®FIY) 1 p(Y i X F) p(X [ ®) p(®) p(*) : (6)

Thelatentpositionsandhyperparameterarefoundby min-
imizing the negative log posterior

L= Sk + 5t Ky X o X By
P ¢
CNINW + 2injKyj + %tr'KlYlvw 2y T
X S
+ In® + n"; + C; @)

whereC is a constant.The rst two termscomefrom the
log dynamicsdensity (5), and the next threetermscome
from thelog reconstructiordensity(3).

Over-Fitting:  While the GPDM hasadwantagesver the

GPLVM, usuallyproducingmuchsmoothefatenttrajecto-
riesit canstill producelarge gapsbetweerthe latentposi-

tionsof consecutie posesg.g.,Fig. 1 shavsaGPLVM and
a GPDM learnedrom the samegolf swingdata(large gaps
areshavn with red arrows). Suchproblemstendto occur
whenthetraining setincludesa relatively large numberof

individual motions(e.g.,from differentpeopleor from the

samepersonperformingan activity multiple times). The

problemarisesbecaus®f thelarge numberof unknawvn la-

tentcoordinatesindthefactthatuncertaintyin latentposi-

tionsis notmodeled.In practicalterms,theGPDMIearning
estimateghe latent positionsby simultaneouslyminimiz-

ing squaredeconstructiorerrorsin posespaceandsquared
temporalpredictionerrorsin the latentspace.ln Fig. 1 the

posespaceds 80D andthelatentspaceds 3D, soit is notsur

prising that the errorsin posereconstructiordominatethe

objectie function,andthusthelatentpositions.

3.2.BalancedGPDM:

Ideally oneshouldmarginalizeoutthelatentpositionsto
learn hyperparameterdyut this is expensve computation-
ally. Instead,we proposea simple but effective GPDM
modi cation to balancethe in uence of the dynamicsand
the posereconstructiorin learning. Thatis, we discount
the differencesn the poseand latentspacedimensionsn
the two regressiongy raising the dynamicsdensityfunc-
tion in (6) to the ratio of their dimensionsj.e.,, = D=d,

1suchpriorsprefersmalloutputscale(i.e.,®; ; ®3; 1), largeRBF sup-
port(i.e.,small®,; ), andlarge noisevariance_{i.e.,small®i1 L. _g 1).
Thefactthatthepriorsareimproperis insigni cant for optimization.

(©

Figurel. Golf Swing: (a) GPLVM, (b) GPDM and(c) balanced
GPDM learnedfrom 9 different golf swings performedby the

samesubject.(d) Volumetricvisualizationof reconstructiorvari-

ance,warmercolors(i.e.,red)depictlower variance.

for learningthis rescaleghe rst two termsin (7) to be

M . l
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Theresultingmodelsareeasilylearnedandvery effective.

3.3.Model Results

Figures1—4 shov modelslearnedfrom motion capture
data. In eachcase,beforeminimizing L, the meanpose,
1, was subtractedrom the input posedata,and PCA or
Isomapwere usedto obtainaninitial latentembeddingof
the desireddimension. We typically usea 3D latentspace
asthisis the smallestdimensionfor which we canrobustly
learncomplex motionswith stylistic variability. The hyper
parametersvereinitially setto one. The negative log pos-
teriorL wasminimizedusingScaledConjugateGradient.
Golf Swing: Fig. 1 shavs modelslearnedfrom 9 golf
swingsfrom one subject(from the CMU database).The
body posewas parameterizedvith 80 joint angles,and
the sequencéengthsvaried by 15 percent. The balanced
GPDM (Fig. 1(c)) producessmootherlatent trajectories,
and hencea more reliable dynamic model, than the orig-
inal GPDM. Fig. 1(d) shavs a volumevisualizationof the
log varianceof thereconstructiomapping 2In %, .x .y -+,
asa function of latentposition. Warmercolorscorrespond
to lower variancesandthusto latentpositionsto which the
model assignshigher probability; this shavs the model's
preferencdor posescloseto thetrainingdata.

Walking: Figs2and3shav modeldearnedrom onegait
cyclefrom eachof 6 subjectsvalkingatthesamespeedna



(b)
Figure2. Walking GPLVM: Learnedrom 1 gait cycle from each
of 6 subjectsPlotsshav sideandtop views of the3D latentspace.

Circlesandarrowns denotdatentpositionsandtemporalsequence.

(b)

(©) (d)
Figure3. Walking GPDM: BalancedGPDM learnedfrom 1 gait

cyclefrom 6 subjects(a,b)Sideandtop views of 3D latentspace.
(c) Volumetricvisualizationof reconstructiorvariance.(d) Green
trajectoriesarefair samplesrom the dynamicsmodel.

treadmill. For eachsubjectthe rst poseis replicatedat the
endof thesequencéo encourageyclical pathsin thelatent
space. The body was parameterizedavith 20 joint angles.
With the treadmillwe do not have globalpositiondata,and
hencewe cannotlearnthe couplingbetweerthejoint angle
timesseriesandglobaltranslationalelocity.

Fig. 2 shavs thelarge jumpsin adjacenposesn thela-
tent trajectoriesobtainedwith a GPLVM. By comparison,
Fig. 3 (a,b) shav the smooth,clusteredlatent trajectories
learnedfrom the training data. Fig. 3(c) shavs a volume
visualizationof the log reconstructionvariance. Fig. 3(d)
helpsto illustratethe modeldynamicsby plotting 20 latent
trajectoriesdravn at randomfrom the dynamicalmodel.
Thetrajectoriesaresmoothandcloseto thetrainingdata.

Figure4. SpeedVariation: 2D modeldearnedor 2 differentsub-
jects.Eachonewalking at9 speedsangingfrom 3 to 7 km/h. Red
points are latent positionsof training poses. Intensityis propor
tionalto j 2In %,.x .y ;=, sobrighterregionshave smallerpose
reconstructiorvariance. The subjecton the left is healtty while
thatontheright hasa kneepathologyandwalksasymmetrically

SpeedVariation:  Fig. 4 shavs 2D GPDMslearnedfrom
two subjectseachof which walked four gait cyclesat each
of 9 speedbetweer8 and7km/h(equispaced)Thelearned
latenttrajectoriesareapproximatelycircular, andorganized
by speed;the innermostand outermosttrajectoriescorre-
spondto the slowestandfastestspeedsespectiely. Inter-
estingly the subjecton the left is healtly while the subject
on right hasa kneepathology As the treadmill speedin-
creasesthe side of the body with the pathologyperforms
the motion at slover speedso avoid pain,andsothe other
side of the gait cycle mustspeedup to maintainthe speed.
This explainstheanisotropy of thelatentspace.

3.4.Prior over New Motions

The GPDM also de nes a smooth probability density
over nev motions(Y % X 9. Thatis, just aswe did with
multiple sequencesbore, we write the joint densityover
theconcatenatioof thesequencesTheconditionaldensity
of thenew sequencés proportionalto thejoint density but
with thetrainingdataandlatentpositionsheld x ed:

PXEY O XY @) 1 p(DGX ALY YTi® ™) (9)
This densitycanalsobefactoredo provide:
PY O X% XY ;™) p(X %) X; ®) (10)

For tracking we aretypically given an initial statex$, so
insteadof (10), we have

p(Y %i X% X5 Y5 ™) p(X %) X; @ xJ) : (11)

4. Tracking

Our tracking formulation is basedon a state-space
model,with aGPDM prior over poseandmotion. Thestate
attimet isde ned asA, = [Gy;Y:;X¢], whereG, denotes
the global positionandorientationof the body, y; denotes
the articulatedioint angles,andx; is alatentposition. The
goal is to estimatea statesequenceA;.tr ~ (Ag; 5 Ar),
givenanimagesequencd,;.t ~ (I1;:::;17), andalearned
GPDM,M ~ (X;Y;® *). Toward thatendthereare



two commonapproachesOnline methodsinfer A; given
theobsenationhistoryl 1.+; 1. Theinferences causaland
usuallyrecursve, but suboptimalasit ignoresfuture data.
Batch methodsnfer statesA; givenall past,presentaindfu-
turedata,l ;.7 . Inferenceis optimal, but requiresall future
imageswhichis impossiblein mary trackingapplications.
Herewe proposea compromisehatallows someuseof
future dataalongwith predictionsfrom previoustimes. In
particular at eachtime t we form the posteriordistribution
overa(noncausalyequencef ¢+ 1 states

p(A¢:t+¢j|12t+¢; M) =
CP(ltte g i Acts o) PRt sl M) 0 (12)

Inferenceof A, is improvedwith the useof future data,but
atthecostof asmalltemporaldelay? With a Markov chain
model one could use a forward-backvard inferencealgo-
rithm [23] in which separatéeliefsabouteachstatefrom
pastandfuture dataare propagtedforward and backward
in time. Here,insteadwe considerthe posteriorover the
entirewindow, without requiringthe Markov factorization.

With the strengthof the GPDM prior, we alsoassume
that we canusehill-climbing to nd good stateestimates
(i.e., MAP estimates).In effect, we assumea form of ap-
proximaterecursve estimation:

p(At:H,;jlle(;; M) Ya
cP(ltts ¢ j Acts o) P(Acts ¢ 'Mtf‘Pl; M) (13)

whereAY' A"} denoteshe MAP estimatehistory This has
the disadwantagethat completebeliefs are not propagted
forward. But with thetemporalwindow we still exploit data
over severalframes yielding smoothtracking.

At eachtime stepwe minimize the negative log poste-
rior overstatefromtimet totimet + ¢. At thisminimawe
obtainthe approximateMAP estimateat time t. The esti-
mateis approximaten two ways. First,we do notrepresent
andpropagte uncertaintyforward from timetj 1in (13).
Secondpecaus@reviousMAP estimatesrein uencedby
future data,theinformationpropagtedforwardis biased.

ImageLik elihood: Thecurrentversionof our 3D tracker
usesa simplistic obsenation model. That is, the image
obsenationsare the approximate2D imagelocationsof a
smallnumbenrJ) of 3D bodypoints(seeFig.5). They were
obtainedwith the WSL image-basetracker[9].

While measuremengrrorsin tracking are often corre-
latedover time, asis commonwe assumedhatimagemea-
surementgonditionedon statesareindependent.e.,

ve o
p(lijA) : (14)

i=t

p(lt:t+ z,jAt:H z,) =

2However anonline estimateof A + . would still beavailableatt+ ¢,.

@) (b) (c) (d) (e)
Figure5. WSL Tracks: The 2D tracked regionsfor the different
tracked sequenceéin yellow) arenoisyandsometimesnissing.

Further we assumezero-meanGaussianmeasurement
noisein the 2D imagepositionsprovidedby thetracler. Let
the perspectie projectionof thej " bodypoint,p! , in pose
A, bedenotedP (p! (A)), andlet the associate@D image
measuremenfrom the tracker be h{. Then,the negative
log likelihoodof theobsenationsattimet is

el A) = L%
i Inp(l) = =24
7,

Herewe set¥ = 10 pixels,basedn empiricalresults.

ml i Pl (A)° ¢ (15)

Prediction Distribution We factorthe predictiondensity
P(Act+ . | A7 s M) into a predictionover globalmotion,
andoneover posesy andlatentpositionsx. The reason,
asdiscussedbore, is that our training sequenceslid not
containthe globalmotion. So,we assumehat

p(At:t+c',J'A'f!tiAP1; M) =
P(X % Y4 ixM AP i M) p(Grs (G AT, 2) 5 (16)

whereX %~ Xiq+, @andY &7 Yige g

For the globalrotationandtranslationG, we assumex
second-orde6Gauss-Markv model. The nggative log tran-
sition densityis, up to anadditive constant,

jiGui Gui?
2% '
wherethemeanpredictionis just & = 2GYMA" i GY5P .
For the prior over X%, Y %, we approximatehe GPDM

in two ways. Firstwe assumehatthe densityover the pose
sequencep(Y & j X%; M), canbe factoredinto the den-
sities over individual poses. This is cornvenientcomputa-
tionally sincethe GPDM densityover asinglepose givena
latentposition,is Gaussiari6, 20]. Thuswe obtain

&2
i Inp(Y%X%M) %i Inp(yjixi; 53X Y)

j=t
_ XKWy i Ty (x)K?
2%2(x;)

i Inp(G{jGYAR, 2 = (17)

+ P YE(xj) + }ka k? (18)
i 2 2
wherethe meanandvariancearegivenby
by(x) =+ Y TR TRy (x) 5 (19)
Y2(x) = Kky(x;x)i ky () TK{ky (x) 5 (20)



Figure6. Tracking 63 framesof a walking, with noisy andmissingdata. The skeletonof the recorered3D modelis projectedonto the

images.Thepointstrackedby WSL areshavn in red.

andky (x) is the vector with elementsky (x; x;) for all
otherlatentpositionsx; in themodel.

Secondwe anneakhe dynamicsp(X %jxt! 47 ;M ), be-
causdhelearnedGPDM dynamicsftendifferin important
ways from the video motion. The mostcommonproblem
occurswhenthewalking speedn thevideodiffersfrom the
trainingdata. To accommodatéhis, we effectively blur the
dynamicsithis is achieved by raisingthe dynamicsdensity
to a smallexponent,simply just usinga smallervalueof |
in (8), for which the kernelmatrix mustalsobe updatedo
includeX % . For tracking,we x , = 0:5.

Optimization: Trackingis performedby minimizing the
approximatenegative log posteriorin (13). With the ap-
proximationsabove thisbecomes

&2 ) X ¢
Inp(lj jA) i

j=t

Inp(G;iG ) A 2)

j=t
5 ¢ .
i INp(X%j®X) i Inp(y;jxj; 5 X;Y) (21)

j=t

To minimize E in (21) with respecto A+ ,, we nd that
thefollowing proceduréhelpsto speedip corvergenceand
to reducegettingtrappedin local minima. Eachnew state
is rst setto bethe meanprediction,andthenoptimizedin
atemporalwindow. For the experimentsve use¢, = 2.

Algorithm 1 OptimizationStrateyy (at eachtime stept)
fXts o0 A Ty (Xewgg 1) = X3y KiTKx (Xes ¢ 1)
fyte .o AN Ly (Xerg) = 2 + Y TR TRy (Xee )
fGtre9 A 2Gtsgi1i Gragiz
forn= 1:::iter do

fX%g A min E with respecto X¢
fA.+,9 A min E with respecto A,
endfor
fX%g A min E with respecto X%

One can also signi cantly speedup the minimization
when one knows that the motion of the tracked objectis
very similar to the training motions. In that case,onecan

assumethat there is negligible uncertaintyin the recon-
structionmapping,and hencea poseis directly given by
y = 1y (x). This reduceshe posereconstructiorik eli-
hoodin (18)to 2 In ¥#(x) + Zkxk?, andthe stateatt to
A = (Gy; X¢), which canbe optimizedstraightforvardly.

5. Tracking Results

Here we focus on tracking different stylesand speeds
for the sameactvity. We usethe BalancedGPDM model
showvnin Fig. 3 for trackingall walking sequencebelaw. In
Fig. 6 we useawell-known sequencéo demonstrat¢hero-
bustnes®f ouralgorithmto dataloss.In the rst frame,we
supply nine 2D points—thehead,left shoulder left hand,
bothkneesandfeet,andcenterof the spine(theroot). They
arethentracked automaticallyusingWSL[9]. As showvn in
Fig. 5(d) the tracked points are very noisy; the right knee
is lost early in the sequencandthe left kneeis extremely
inaccurate.By the end of the sequencéhe right foot and
left handarealsolost. Givensuchpoorinput, our algorithm
canneverthelesgecover the correct3D motion, asshavn
by the projectionsof the skeletonontothe originalimages.

While betterimage measurementsan be obtainedfor
this sequencethis is not alwaysan option whenthereare
occlusionaandimageclutter. E.g.,Fig. 7 depictsacluttered
scendn whichthesubjectbecomesiddenby ashrub;only
the headremainstracked by the end of the sequencdsee
Fig. 5(e)). For thesdramesonly theglobaltranslationis ef-
fectively constrainedby theimagedata,sothe GPDM plays
acriticalrole. In Fig. 7, notehow the projectedskeletonstill
appeargo walk naturallybehindthe shrub

Figure 8 shawvs a sequencén which the subjectis com-
pletely occludedfor a full gait cycle. Whenthe occlusion
begins, the trackingis governedmainly by the prior.2 The
3D tracker is thenswitchedbackon andthe global motion
during the occlusionis re ned by linear interpolationbe-
tweenthe 3D tracked posesheforeandafterthe occlusion.
Beforeanocclusionjt is veryimportantto have agoodesti-
mationof x, assubsequerpredictionsdependsigni cantly

3We manuallyspecifythe beginning andendof the occlusion.We use
a templatematching2D detectorto automaticallyre-initialize WSL after
theocclusion,asshavn in Fig 5(c).



Figure7. Tracking56 framesof a walking motion with an almosttotal occlusion(just the headis visible) in a very clutter and moving
backgroundNotethathow the prior encouragesealisticmotionasocclusionbecomes problem.

Figure 8. Tracking 72 framesof a walking motion with a total occlusion. During the occlusionthe tracker is switch off andthe mean
predictionis used.Notethe quality of thetrackingbeforeandafterthe occlusionandthe plausiblemotionduringit.

on the latentposition. To reducethe computationatostof
estimatingthe latent positionswith greataccurag, we as-
sumeperfectreconstructionj.e.,y = 1y (x), andusethe
secondalgorithmdescribedn Section4.

The latentcoordinatesbtainedby the tracker for all of
the above sequenceareshavn in Fig 10. Thetrajectories
aresmoothandreasonablcloseto the training data. Fur-
ther, while thetraininggait periodwas32 frames thisthree
sequencemvolve gait periodsrangingfrom 22to 40frames
(by comparisonnaturalwalking gaits spanabout1.5 oc-
taves). Thustheprior generalizesvell to differentspeeds.

To demonstratéhe ability of the modelto generalizéo
differentwalking styles,we alsotrackthe exaggeratedvalk
shavn in Fig. 9. Here, the subjects motion is exagger
atedand stylistically unlike the training motions; this in-
cludesthe stride length, the lack of bendingof the limbs,
andthe rotationof the shouldersandhips. Despitethis the
3D trackerdoesanexcellentjob. Thelasttwo rows of Fig. 9
shaw theinferredposeavith asimplecharactershavn from
two viewpoints,oneof whichis quite differentfrom thatof
the camera.The latentcoordinatebtainedby the tracker
areshavn in Fig. 10; the distanceof the trajectoryto the
trainingdatais aresultof theunusuakalking style.

6. Conclusions

We have introducedthe balancedGPDM for learning
smoothprior modelsof humanposeandmotionfor 3D peo-

ple tracking. We shaved that thesepriors canbe learned
from modestamountsof training motionsincluding stylis-
tic diversity Further they are showvn to be effective for
trackingarangeof humanwalking styles,despiteveakand
noisyimagemeasurementandsigni cant occlusions.The
quality of theresults,n light of sucha simplemeasurement
modelattestto the utility of the GPDM priors.
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