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Abstract

Thedetectionandposeestimationof peoplein imagesandvideois made
challengingby the variability of humanappearance, the complexity of
natural scenes,and the high dimensionalityof articulated body mod-
els. To copewith theseproblemswerepresentthe3D humanbodyasa
graphical modelin which the relationshipsbetweenthe bodyparts are
representedby conditionalprobability distributions. We formulatethe
poseestimationproblemasoneof probabilisticinferenceover a graphi-
cal modelwhere therandomvariablescorrespondto theindividual limb
parameters (positionandorientation). Becausethe limbsare described
by 6-dimensionalvectors encodingposein 3-space, discretizationis im-
practical and the randomvariablesin our modelmustbe continuous-
valued.To approximatebeliefpropagationin such a graphweexploit a
recentlyintroducedgeneralizationof theparticle �lter . This framework
facilitatestheautomaticinitialization of thebody-modelfrom low level
cuesandis robustto occlusionof bodypartsandsceneclutter.

1 Intr oduction

Recentapproachesto persondetectionand tracking exploit articulatedbody models
in which the body is viewed as a kinematic tree in 2D [14], 2.5D [16, 23], or 3D
[2, 5, 6, 19, 21] leadingto aparametricstate-spacerepresentationof roughly25–35dimen-
sions.Thehigh dimensionalityof theresultingstate-spacehasmotivatedthedevelopment
of specializedstochasticsearchalgorithmsthateitherexploit thehighly redundantdynam-
ics of typical humanmotions[19], or usehierarchicalsamplingschemesto exploit the
tree-structurednatureof themodel[5, 15]. Theseschemeshavebeeneffective for tracking
peoplewearingincreasinglycomplex clothingin theincreasinglycomplex clutteredback-
grounds[21]. Therearehoweveranumberof importantshortcomingsof theseapproaches.



Hierarchicalbodymodelsleadto “top-down” searchalgorithmsthatmake it dif�cult to in-
corporate“bottom-up” informationaboutsalientbodypartsavailablefrom special-purpose
detectors(e.g. faceor limb detectors).As a result,few, if any, of theabove methodsdeal
with theproblemof automaticinitializationof thebodymodel.Furthermore,thedif�culty
of incorporatingbottom-upinformationmeansthatthealgorithmsarebrittle; thatis, when
they losetrackof thebody, they have no way to recover. Finally, the fully coupledkine-
matic modelresultsin a computationallychallengingsearchproblembecausethe search
spacecannotbenaturallydecomposed.

To addresstheseproblems,we proposea “loose-limbed”bodymodelin which the limbs
arenot rigidly connectedbut arerather“attracted”to eachother(hencethe title “Attrac-
tive People”).Insteadof representingthebodyasa single33-dimensionalkinematictree,
eachlimb is treatedquasi-independentlywith soft constraintsbetweenthe position and
orientationof adjacentparts. The model resemblesa PushPuppettoy which haselastic
connectionsbetweenthelimbs (Figure1a).

This typeof modelis not new for �nding or trackingarticulatedobjectsanddatesbackat
leastto FischlerandElschlager's pictorial structures[9]. Variationson this typeof model
havebeenrecentlyappliedby Burl etal. [1], FelzenszwalbandHuttenlocher[8], Coughlan
and Ferreira[3] and Ioffe and Forsyth [11, 17]. The main bene�ts are that it supports
inferencealgorithmswherethecomputationalcostis linear ratherthanexponentialin the
numberof body parts,it allows elegant treatmentof occlusion,andit permitsautomatic
initializationbasedon individually unreliablelow-level body-partdetectors[25].

The work describedhere, like the previous work above, exploits this notion of �e xible
“spring”-like constraints[8] de�ned over individually modeledbody parts[11, 17, 23],
thoughweextendtheapproachto locatethepartsin 3-spaceratherthanthe2-dimensional
imageplane.Thebodyis treatedasa graphicalmodel[13], whereeachnodein thegraph
correspondsto anindependentlyparameterizedbodypart.Thespatialconstraintsbetween
bodypartsarede�ned asdirectededgesin thegraph.Eachedgehasanassociatedcondi-
tional distribution thatmodelstheprobabilisticrelationshipbetweentheparts.Eachnode
in thegraphalsohasacorrespondingimagelikelihoodfunctionthatmodelstheprobability
of observingvariousimagemeasurementsconditionedon the positionandorientationof
the part. Persondetection(or tracking)thenexploits belief propagation [24] to estimate
thebelief distribution over theparameterswhich takesinto accounttheconstraintsandthe
observations.

This graphicalinferenceproblemis carriedout usinga recentlyproposedmethodthatal-
lows theparametersof theindividualpartsto bemodeledusingcontinuous-valuedrandom
variablesratherthan the discretevariablesusedin previous approaches.This is vital in
our problemsetting,sincethe discretizationusedin [8] is impracticaloncethe body is
modeledin 3-space.Similar versionsof thealgorithmwereindependentlyintroducedby
Sudderthet al. [22] underthenameof Non-parametricBelief Propagation(NBP) andby
Isard[12] asthe PAMPAS algorithm. We adoptthe framework of Isardwhile makinguse
of theGibbssamplerintroducedby Sudderthetal. Thealgorithmextendsthe�e xibility of
particle�lters to theproblemof belief propagation and,in our context, allows the model
to copewith generalconstraintsbetweenlimbs, permitsrealisticappearancemodels,and
providesresilienceto clutter.

We develop the loosely-limbedmodel in detail, formulatethe constraintsbetweenlimbs
usingmixture models,andoutline the inferencemethod. Using imagesfrom calibrated
camerasweillustratetheinferenceof 3D humanposewith beliefpropagation.Wesimulate
noisy, bottom-up,featuredetectorsfor the limbs andshow how the inferencemethodcan
resolve ambiguitiesandcopewith clutter. While our focushereis on staticdetectionand
poseestimation,the body modelcanbe extendedin time to includetemporalconstraints
on thelimb motion;wesave trackingfor futurework.
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(a) (b) (c)
Figure1: (a) Toy PushPuppetwith elasticjoints. (b) Graphicalmodelfor aperson.Nodesrepresent
limbsandarrows representconditionaldependenciesbetweenlimbs. (c) Parameterizationof parti .

2 A self-assemblingbody model

Thebody is representedby a graphicalmodelin which eachgraphnodecorrespondsto a
bodypart(upperleg, torso,etc.).Eachparthasanassociatedcon�gurationvectorde�ning
thepart'spositionandorientationin 3-space.Placingeachpartin aglobalcoordinateframe
enablesthepartdetectorsto operateindependentlywhile thefull bodyis assembledby in-
ferenceover thegraphicalmodel. Edgesin thegraphicalmodelcorrespondto spatialand
angularrelationshipsbetweenadjacentbodyparts,asillustratedin Figure1b. As is stan-
dardfor graphicalmodelsweassumethevariablesin anodeareconditionallyindependent
of thosein non-neighboringnodesgiventhevaluesof thenode's neighbors1.

Eachpart/limbis modeledby ataperedcylinderhaving 5 �x ed(personspeci�c) and6 esti-
matedparameters.The�x edparameters� i = (l i ; wp

i ; wd
i ; op

i ; od
i ) correspondrespectively

to thepart length,width at theproximalanddistalendsandtheoffsetof theproximaland
distal joints alongthe axis of the limb asshown in Figure1c. The estimatedparameters
X T

i = (xT
i ; � T

i ) representthe con�guration of the part i in a global coordinateframe
wherex i 2 R3 and� i 2 SO(3) arethe3D positionof theproximal joint andtheangular
orientationof thepartrespectively. Therotationsarerepresentedby unit quaternions.

Each directed edge betweenparts i and j has an associatedconditional distribution
 ij (X i ; X j ) that encodesthe compatibility betweenpairsof part con�gurations; that is,
it modelsthe probability of con�guration X j of part j conditionedon the X i of part i .
For notationalconveniencewe de�ne anorderingon bodypartsgoing from the torsoout
towardstheextremitiesandrefer to conditionalsthatgo alongthis orderingas“forward”
conditionals.Conversely, the conditionalsthat go from the extremitiestowardsthe torso
arereferredto as“backward” conditionals.Theseintuitively correspondto kinematicand
inverse-kinematicconstraintsrespectively.

Conditionaldistributionswereconstructedby handto capturethe physical constraintsof
thejointsandlimbsof thehumanbody. Rangeof motioninformationfor thevariousjoints
is approximatedby themodel. In general,theseconditionalscan,andshould,be learned
from motioncapturedata.

Becausewe have chosenthelocal coordinateframeto becenteredat theproximaljoint of

1Self-occlusionandself-intersectionviolate this assumption.Thesecanbe modeledby adding
additionaledgesin thegraphbetweenthepossiblyoccludingor inter-penetratingparts. In the limit
thiswould leadto quadraticasopposedto linearcomputationtime in thenumberof parts.
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Figure2: (a) For theforwardsconditionalthelocationof parti tightly constrainstheproximaljoint
of part j (greendots)while the positionof the distal joint (red dots) lies alongan arc aroundthe
principal axis of rotation,approximatedby a Gaussianmixture. (b) For the backwardsconditional
parti constrainsthedistal joint of partj (reddots),sotheproximaljoint position(greendots)lies in
anon-Gaussianvolumeagainapproximatedusingamixturedistribution.

a part, the forward andbackward conditionalsarenot symmetric. In both directionsthe
probabilityof X j , conditionedonX i , is non-Gaussianandit is approximatedby amixture
of M ij Gaussians(typically 5-7 in theexperimentshere): ij (X i ; X j ) =

� 0N (X j ; � ij ; � ij ) + (1 � � 0)
P M ij

m =1 � ij m N (X j ; Fij m (X i ); Gij m (X i )) (1)

where� 0 is a �x ed outlier probability, � ij and � ij are the meanandcovarianceof the
Gaussianoutlier process,andFij m (:) andGij m (:) arefunctionscomputingthemeanand
covariancematrix respectively of them-th Gaussianmixturecomponent.Thesefunctions
allow themeanandvarianceof themixturecomponentsto befunctionof thelimb poseX i .
� ij m is therelative weightof anindividual componentand

P M ij
m =1 � ij m = 1.

Figure 2a and b illustrate the forward and backward conditionalsrespectively. For the
forwardcase,we examinethedistribution of calf con�gurationsconditionedon thethigh.
To illustratethe conditionaldistribution we samplefrom it andplot the endpointsof the
sampledlimb con�gurations.In theforwarddirectiontheconditionaldistribution over x j
(the positionof the proximal joint of part j ) is well approximatedby a Gaussianso each
mixturecomponenthasthesamemeanandcovariancefor x j . Thiscanbeseenin thetight
clusteringof thegreendotswhich lie almoston top of eachother. Theprobabilityof the
lower leg angleis restrictedto a rangeof legal motionsconditionedon theupperleg. This
distribution over rotationsis modeledby giving eachmixturecomponenta differentmean
rotation,� j , spacedevenly aroundtheprincipalaxisof thejoint. This angularuncertainty
is illustratedby thereddots.

For the backward conditionalwe show the distribution over torso con�gurationscondi-
tionedon the thigh. In this directiontheconditionalpredictingx j (e.g. torsoposition)is
morecomplicated.The locationof x i restrictsx j to lie neara hemisphere,andthe ori-
entation� i andprincipalaxis of rotationfurther restrictx j to a strip on thathemisphere
whichcanbeseenin Figure2b (greendots).Thuseachmixturecomponentin (1) is spaced
evenly in � j andx j to representthis rangeof uncertainty. The combineduncertaintyin
torsolocationandorientationcanbe seenin the distribution of the red dotsrepresenting
thedistaltorsojoint.



ImageLik elihoods

The inferencealgorithmoutlinedin the next sectioncombinesthe body modeldescribed
abovewith aprobabilisticimagelikelihoodmodel.In particular, wede�ne � i (X i ) to bethe
likelihoodof observingtheimagemeasurementsconditionedontheposeof limb i . Ideally
this modelwould be robust to partialocclusions,thevariability of imagestatisticsacross
differentinput sequences,andvariability amongsubjects.To thatend,we combinea vari-
ety of cuesincludingmulti-scaleedgeandridge �lters aswell asbackgroundsubtraction
information.Following relatedwork [18], thelikelihoodsareestimatedindependentlyfor
eachimageview by projectingthe3D modelof a limb into thecorrespondingimagepro-
jectionplane.Theselikelihoodsarethencombinedacrossviews,assumingindependence,
andareweightedby theobservability of thelimb in a givenview (moreweightis givento
views in which thelimb lies parallelto theimageprojectionplane).For moreinformation
on theformulationof theimagelikelihoodssee[20].

3 Non-parametric Belief Propagation

Having de�ned themodelit remainsto specifyanalgorithmwhich will performinference
andestimateabeliefdistribution for eachof thebodyparts.If it werefeasibleto discretize
theX i we couldapply traditionalbelief propagationor a specializedinferencealgorithm
as set out in [8]. However, the 6-dimensionalcon�guration vector compelsthe useof
continuous-valuedrandomvariables,andsowe adoptthealgorithmintroducedin [12, 22]
for just suchtypesof model. It is a generalizationof particle �ltering [7] which allows
inferenceover arbitrarygraphsratherthanjust a chain.This generalizationis achievedby
treatingtheparticlesetwhichis propagatedin astandardparticle�lter asanapproximation
to the “message”usedin the belief propagation algorithm,andreplacingthe conditional
distribution from theprevioustimestepby aproductof incomingmessagesets.

A messagem ij from nodei ! j is written

mij (X j ) =
Z

 ij (X i ; X j )� i (X i )
Y

k2 A i nj

mk j (X i )dX i ; (2)

whereA i is the setof neighborsof nodei and� i (X i ) is the local likelihoodassociated
with nodei . Themessagem ij (X j ) canbeapproximatedby importancesamplingN 0 =
(N � 1)=M ij timesfrom aproposalfunctionf (X i ), andthendoingimportancecorrection.
(See[22] for an alternative algorithmthat usesmoregeneralpotentialfunctionsthanthe
conditionaldistributionsusedhere.)As discussedin [12] thesamplesmaybestrati�ed into
groupswith differentproposalfunctionsf (�), sosomesamplescomefromtheproductof all
incomingmessagesA i into thenode,somefrom A i nj (i.e.A i excludingj ) andsomefrom
a staticimportancefunctionQ(X i ) — we usea limb proposaldistribution basedon local
imagemeasurements.For reasonsof spacewepresentonly asimpli�ed algorithmto update
messagem ij in Figure3 whichdoesnot includethestrati�cationbut thefull algorithmcan
befoundin [12]. We usetheGibbssamplerdescribedin [22] to form messageproductsof
D > 2 messages.

Thealgorithmmustsample,evaluate,andtakeproductsoverGaussiandistributionsde�ned
2 SO(3) andrepresentedin termsof unit quaternions.We adopttheapproximationgiven
in [4] for dealingwith rotationaldistributionsby treatingthequaternionslocally linearly in
R4 — thisapproximationis only valid for kernelswith smallrotationalcovarianceandcan
in principle suffer from singularitiesif productdistributionsarewidely distributedabout
thesphere,but wehave notencounteredproblemsin practice.



1. Draw N 0 = (N � 1)=M ij samplesfrom theproposalfunction:

~sn 0

ij � f (X i ); n0 2 [1; N 0]:

2. Computeimportancecorrectionsfor n0 2 [1; N 0]:

� n 0

ij =
� i (~sn 0

ij )
Q

k2 A i nj mk i (~sn 0

ij )

f (~sn 0

ij )
:

3. Storenormalizedweightsandmixturecomponentsfor n0 2 [1; N 0]; m 2 [1; M ij ]:

(a) n = (n0 � 1)M ij + m

(b) � n
ij = Fij m (~sn 0

ij )

(c) � n
ij = Gij m (~sn 0

ij )

(d) � n
ij = (1 � � 0)

� n 0
ij � ij m

P N 0
k =1 � k

ij

.

4. Assignoutlier component:� N
ij = � 0; � N

ij = � 0
ij ; � N

ij = � 0
ij

Figure3: Thesimpli�ed PAMPAS non-parametricbeliefpropagationalgorithm.

4 Experiments

We illustrate the approachby recovering 3D body posegiven weakbottom-upinforma-
tion andclutter. Thedevelopmentof bottom-uppartdetectorsis beyondthescopeof this
paper. Herewe exploit a realisticsimulationof suchdetectorsin which: 1) the limbs are
only detected50%of thetime — theremainingsamplesareclutter;2) the limb detectors
arenon-speci�c in that they cannotdistinguishthe left andright sidesof the body or the
upperfrom lower limbs (they do, however, distinguishbetweenlegsandarms)— there-
sult is thatonly a small fractionof bottom-upsamplesfall in theright placewith theright
interpretation;3) the detectorsarenoisy anddo not detectthe limb positionandorienta-
tion accurately;4) no correctinitialization samplesaregeneratedfor thetorso,simulating
detectorfailureor occlusion.

Figure4 showsresultsfor two timeinstantsin avideosequencetakenfrom threecalibrated
cameras.After 10 iterationsof beliefpropagation,thealgorithmhasdiscardedthesamples
which originatedin clutter and hascorrectly assignedthe limbs. The �gure shows the
initialization and the �nal distribution over limb poseswhich is computedby sampling
from thebelief distribution. Notethatthetorsois well localizedeventhoughtherewasno
bottom-updetectorfor it.

5 Conclusion

We presenta new bodymodelandinferencemethodthat supportsthegoalsof automati-
cally locatingandtrackinganarticulatedbodyin threedimensions.Weshow thata“loose-
limbed” modelwith continuous-valuedparameterscaneffectively representa person's lo-
cationandpose,andthat inferenceover sucha modelcanbe tractablyperformedusing
beliefpropagationover particlesets.Moreover, wedemonstraterobustlocationof theper-
sonstartingfrom imperfectinitializationusingasimulatedbody-partdetector. Thedetector
is assumedto generatebothfalsepositive initializationsandfalsenegatives;i.e. failuresto
detectsomebodypartsaltogether.

It is straightforward to extend the graphicalmodel acrosstime to implementa person



(a)

(b)

Figure4: Inferringattractive people:Two experimentsareshown; (a) and(b) show results
for two differenttime instantsin a walking cycle. Eachexperimentusedthreecalibrated
cameraviews. Left: Initialization samplesdrawn noisysimulatedpartdetectors.Part de-
tectorsareassumedto havehigh failurerate,generating50%of thesamplesfaraway from
any true body part. They arealsonon-speci�c; e.g. the left thigh samples(in green)are
equallydistributedover left and right thigh andcalf. The torso is assumedto be unde-
tectable.Right: Belief after10 iterationsof PAMPAS. We use100particlesto modelthe
messagesbetweenthenodes,andshow 20 samplesfrom thebelief distribution,aswell as
the averageof the top 10 percentof the belief samplesasthe ”best” poseestimate.For
brevity, (b) only shows thebestposefrom asingleview.

tracker. Thereareseveral advantagesof this approachcomparedwith traditionalparticle
�ltering: thecomplexity of thesearchtaskis linearratherthanexponentialin thenumber
of bodyparts;bottom-upinitialization informationcanbeincorporatedin every frame;and
forward-backwardsmoothing,eitherovera time-window or anentiresequence,is straight-
forward.

In future work we intend to build automaticbody-partdetectors. Constructingreliable
detectorsusing only low-level information (static appearance)is a challengingproblem
but we have the advantageof being robust to imperfectdetectionas notedabove. We
alsointendto learntheconditionaldistributionsbetweenpartsfrom a databaseof motion
capturedata. Togethertheseadvancesshouldallow reliable useof the presentedbody
modelin thepersontrackingframework.

Acknowledgments. We thankJianboShi for providing the imagedata. LS, BHS, and
MJB weresupportedin partby theDARPA HumanIDProject(ONRN000140110886).
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