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Abstract

Thedetectionandposeestimationof peoplein imagesandvideois made
challengingby the variability of humanappeaance the compleity of

natural scenesand the high dimensionalityof articulated body mod-

els. To copewith theseproblemswe representthe 3D humanbodyasa

graphical modelin which the relationshipsbetweerthe body parts are

representeddy conditional probability distributions. We formulatethe

poseestimationproblemas oneof probabilisticinferenceover a graphi-

cal modelwhere therandomvariablescorrespondo theindividual limb

parametes (positionand orientation). Becausdhelimbs are described
by 6-dimensional/ectos encodingposein 3-spacediscretizationis im-

practical and the randomvariablesin our modelmustbe continuous-
valued. To approximatebelief propagationin sud a graphwe exploit a

recentlyintroducedgenealization of the particle Iter. Thisframeavork

facilitatesthe automaticinitialization of the body-modefrom low level

cuesandis robustto occlusionof bodypartsandsceneclutter.

1 Intr oduction

Recentapproachedo persondetectionand tracking exploit articulated body 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 a parametricstate-spaceepresentationf roughly 25-35dimen-
sions. The high dimensionalityof the resultingstate-spacbhasmotivatedthe development
of specializedstochastisearchalgorithmsthateitherexploit the highly redundantlynam-
ics of typical humanmotions[19], or use hierarchicalsamplingschemego exploit the
tree-structuredatureof themodel[5, 15]. Theseschemehave beeneffective for tracking
peoplewearingincreasinglycomple clothingin theincreasinglycomple clutteredback-
groundg?21]. Therearehowever anumberof importantshortcoming®f theseapproaches.



Hierarchicalbodymodelsleadto “top-down” searchalgorithmsthatmakeit dif cult toin-
corporaté’bottom-up” informationaboutsalientbody partsavailablefrom special-purpose
detectorge.g. faceor limb detectors).As aresult,few, if ary, of the abore methodsdeal
with the problemof automatidnitialization of the body model. Furthermorethe dif culty
of incorporatingbottom-upinformationmeanghatthe algorithmsarebrittle; thatis, when
they losetrack of the body they have no way to recover. Finally, the fully coupledkine-
matic modelresultsin a computationallychallengingsearchproblembecausehe search
spacecannotbe naturallydecomposed.

To addresgheseproblems,we proposea “loose-limbed”body modelin which the limbs
arenotrigidly connectecut arerather“attracted’to eachother (hencethe title “Attrac-
tive People”). Insteadof representinghe body asa single 33-dimensionakinematictree,
eachlimb is treatedquasi-independentlyith soft constraintsbetweenthe position and
orientationof adjacentparts. The model resembles PushPuppettoy which haselastic
connectiondetweerthelimbs (Figurel1a).

This type of modelis notnew for nding or trackingarticulatedobjectsanddatesbackat
leastto Fischlerand Elschlagers pictorial structureqd9]. Variationson this type of model
have beenrecentlyappliedby Burl etal. [1], FelzenszwlbandHuttenlochef8], Coughlan
and Ferreira[3] and loffe and Forsyth[11, 17]. The main bene ts are that it supports
inferencealgorithmswherethe computationatostis linearratherthanexponentialin the
numberof body parts,it allows elegant treatmentof occlusion,andit permitsautomatic
initialization basedn individually unreliablelow-level body-partdetectorg25].

The work describedhere, like the previous work above, exploits this notion of e xible
“spring”-like constraintg8] de ned over individually modeledbody parts[11, 17, 23],
thoughwe extendthe approactto locatethe partsin 3-spaceatherthanthe 2-dimensional
imageplane.Thebodyis treatedasa graphicalmodel[13], whereeachnodein the graph
corresponds$o anindependentlyparameterizetbody part. The spatialconstraintdetween
body partsarede ned asdirectededgesn the graph. Eachedgehasanassociated¢ondi-
tional distribution that modelsthe probabilisticrelationshipbetweenthe parts. Eachnode
in thegraphalsohasa correspondingmagelik elihoodfunctionthatmodelsthe probability
of observingvariousimagemeasurementsonditionedon the positionand orientationof
the part. Persondetection(or tracking)thenexploits belief propagation[24] to estimate
thebelief distribution over the parametersvhich takesinto accounthe constraintandthe
obsenations.

This graphicalinferenceproblemis carriedout usinga recentlyproposedmethodthat al-
lows the parametersf theindividual partsto be modeledusingcontinuous-valuedandom
variablesratherthan the discretevariablesusedin previous approachesThis is vital in
our problemsetting, sincethe discretizationusedin [8] is impracticaloncethe body is
modeledin 3-space.Similar versionsof the algorithmwereindependentlyntroducedby
Sudderthetal. [22] underthe nameof Non-parametri@elief Propagtion (NBP) andby
Isard[12] asthe PAMPAS algorithm. We adoptthe framework of Isardwhile makinguse
of theGibbssamplerintroducedoy Sudderttetal. Thealgorithmextendsthe e xibility of
particle lters to the problemof belief propagtionand,in our contet, allows the model
to copewith generalconstraintdbetweenimbs, permitsrealisticappearancenodels,and
providesresilienceto clutter.

We develop the loosely-limbedmodelin detail, formulatethe constraintshetweenlimbs

using mixture models,and outline the inferencemethod. Using imagesfrom calibrated
cameragveillustratetheinferenceof 3D humanposewith belief propagtion. We simulate
noisy, bottom-up,featuredetectordor thelimbs andshav how theinferencemethodcan

resole ambiguitiesandcopewith clutter While our focushereis on staticdetectionand

poseestimation the body modelcanbe extendedin time to includetemporalconstraints
onthelimb motion; we save trackingfor futurework.



Figurel: (a) Toy PushPuppetwith elasticjoints. (b) Graphicaimodelfor a person Nodesrepresent
limbs andarrows representonditionaldependencielsetweerimbs. (c) Parameterizatioof parti.

2 A self-assemblingpbody model

Thebodyis representethy a graphicalmodelin which eachgraphnodecorrespondso a
bodypart(upperleg, torso,etc.). Eachparthasanassociategon gurationvectorde ning
thepart's positionandorientationin 3-spacePlacingeachpartin aglobalcoordinatérame
enableghe partdetectorgo operatandependentlyvhile the full bodyis assembledby in-
ferenceover the graphicalmodel. Edgesin the graphicalmodelcorrespondo spatialand
angularrelationshipsetweenadjacentbody parts,asillustratedin Figurelb. As is stan-
dardfor graphicalmodelswe assumeéhevariablesn anodeareconditionallyindependent
of thosein non-neighboringrodesgiventhe valuesof the nodes neighbors.

Eachpart/limbis modeledby ataperectylinderhaving 5 x ed(persorspeci c) and6 esti-
matedparametersThe x edparameters ; = (I;;wP; wd; oP; o) correspondespectiely
to the partlength,width atthe proximalanddistalendsandthe offset of the proximaland
distal joints alongthe axis of the limb asshowvn in Figurelc. The estimatedparameters
X = (x7; T) representhe con guration of the parti in a global coordinateframe
wherex; 2 R®and ; 2 SQ(3) arethe 3D positionof the proximaljoint andthe angular
orientationof the partrespectrely. Therotationsarerepresentedly unit quaternions.

Each directed edge betweenpartsi andj has an associatedconditional distribution

i (Xi;X;j) thatencodeghe compatibility betweenpairs of part con gurations;thatis,
it modelsthe probability of con guration X; of partj conditionedon the X; of parti.
For notationalconveniencewe de ne an orderingon body partsgoing from the torsoout
towardsthe extremitiesandrefer to conditionalsthat go alongthis orderingas“forward”
conditionals. Corversely the conditionalsthat go from the extremitiestowardsthe torso
arereferredto as“backward” conditionals.Theseintuitively correspondo kinematicand
inverse-kinematiconstraintgespectiely.

Conditionaldistributionswere constructedy handto capturethe physical constraintsof
thejoints andlimbs of thehumanbody Rangeof motioninformationfor thevariousjoints
is approximatedyy the model. In general theseconditionalscan,andshould,be learned
from motioncapturedata.

Becausave have choserthelocal coordinateframeto be centeredat the proximaljoint of

!Self-occlusionand self-intersectiorviolate this assumption.Thesecan be modeledby adding
additionaledgesn the graphbetweerthe possiblyoccludingor inter-penetratingparts. In the limit
thiswould leadto quadraticasopposedo linearcomputatiortime in the numberof parts.
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Figure?2: (a) For theforwardsconditionalthelocationof parti tightly constrainghe proximaljoint
of partj (greendots)while the positionof the distal joint (red dots)lies alongan arc aroundthe
principal axis of rotation,approximatedy a Gaussiammixture. (b) For the backwardsconditional
parti constrainghedistal joint of partj (reddots),sothe proximaljoint position(greendots)liesin
anon-Gaussiamolumeagain approximatedisinga mixture distribution.

a part, the forward and backward conditionalsare not symmetric. In both directionsthe
probabilityof X , conditionedon X i, is non-Gaussiaandit is approximatedy a mixture
of M Gaussiangtypically 5-7in theexperimentshere): j (Xi; Xj) =

Py.
ON(Xj; 45 §)+@ 9 ,':il i mN X Fiy m(Xi); Gij m (X)) 1)

where © is a x ed outlier probability ; and j arethe meanand covarianceof the
Gaussiaroutlier processandF; m (1) andGj m () arefunctionscomputingthe meanand
covariancematrix respectrely of the m-th Gaussiammixture component.Thesefunctions
allow themeanandvarianceof the mixturecomponentso q§functionof thelimb poseX ;.

i m is therelative weightof anindividualcomponenand %, jm = 1.

Figure 2a andb illustrate the forward and backward conditionalsrespectrely. For the
forward case we examinethe distribution of calf con gurationsconditionedon the thigh.
To illustrate the conditionaldistribution we samplefrom it and plot the endpointsof the
sampledimb con gurations. In the forward directionthe conditionaldistribution over x;
(the positionof the proximal joint of partj) is well approximatedy a Gaussiarso each
mixturecomponenhasthe samemeanandcovariancefor x; . This canbeseenin thetight
clusteringof the greendotswhich lie almoston top of eachother The probability of the
lower leg angleis restrictedto a rangeof legal motionsconditionedon the upperleg. This
distribution over rotationsis modeledby giving eachmixture component differentmean
rotation, ;, spacedevenly aroundthe principalaxisof thejoint. This angularuncertainty
is illustratedby thereddots.

For the backward conditionalwe shav the distribution over torso con gurations condi-
tionedon the thigh. In this directionthe conditionalpredictingx; (e.g. torsoposition)is
more complicated. The locationof x; restrictsx; to lie neara hemisphereandthe ori-
entation ; andprincipal axis of rotationfurther restrictx; to a strip on thathemisphere
which canbeseenn Figure2b (greendots). Thuseachmixturecomponenin (1) is spaced
evenlyin ; andx; to representhis rangeof uncertainty The combineduncertaintyin
torsolocationand orientationcanbe seenin the distribution of the red dotsrepresenting
thedistaltorsojoint.



Image Lik elihoods

Theinferencealgorithmoutlinedin the next sectioncombinesthe body modeldescribed
aborewith aprobabilisticimagelik elihoodmodel.In particularwede ne (X;) tobethe
likelihoodof observingheimagemeasurementsonditionedonthe poseof limb i. Ideally
this modelwould be robustto partial occlusionsthe variability of imagestatisticsacross
differentinput sequencesndvariability amongsubjects.To thatend,we combinea vari-
ety of cuesincluding multi-scaleedgeandridge lters aswell asbackgroundsubtraction
information. Following relatedwork [18], the likelihoodsare estimatedndependentlyor
eachimageview by projectingthe 3D modelof a limb into the correspondingmagepro-
jectionplane.Thesdikelihoodsarethencombinedacrossviews, assumingndependence,
andareweightedby the obserability of thelimb in a givenview (moreweightis givento
views in which thelimb lies parallelto theimageprojectionplane).For moreinformation
ontheformulationof theimagelik elihoodssee[20].

3 Non-parametric Belief Propagation

Having de ned the modelit remainsto specifyanalgorithmwhichwill performinference
andestimatea belief distribution for eachof thebody parts.If it werefeasibleto discretize
the X; we could apply traditionalbelief propagtion or a specializednferencealgorithm
assetout in [8]. However, the 6-dimensionalcon guration vector compelsthe use of
continuous-aluedrandomvariables andsowe adoptthe algorithmintroducedn [12, 22]
for just suchtypesof model. It is a generalizatiorof particle Itering [7] which allows
inferenceover arbitrarygraphsratherthanjust a chain. This generalizations achieved by
treatingthe particlesetwhichis propagtedin astandarcarticle Iter asanapproximation
to the “message’usedin the belief propagtion algorithm, andreplacingthe conditional
distribution from the previoustime stepby a productof incomingmessagsets.

A messagen; fromnodei ! | iswritten

z Y
mi (X)) =i (XiiX) i (Xi) My (Xi)dX; )
k2Ainj

whereA,; is the setof neighborsof nodei and ;(X;) is thelocal likelihood associated
with nodei. Themessagen;; (X;) canbe approximatedy importancesamplingN © =
(N 1)=Mj timesfromaproposafunctionf (X ), andthendoingimportancecorrection.
(See[22] for an alternatie algorithmthat usesmore generalpotentialfunctionsthanthe
conditionaldistributionsusedhere.)As discussedh [12] thesamplesnaybestrati ed into
groupswith differentproposafunctionsf ( ), sosomesamplegomefrom theproductof all
incomingmessageA,; into thenode,somefrom A;jnj (i.e.A;j excludingj) andsomefrom
a staticimportancefunctionQ(X i) — we usea limb proposaldistribution basedon local
imagemeasurementsor reason®f spaceve presenpnly asimpli ed algorithmto update
messagen; in Figure3 whichdoesnotincludethestrati cation but thefull algorithmcan
befoundin [12]. We usethe Gibbssamplerdescribedn [22] to form messag@roductsof
D > 2 messages.

Thealgorithmmustsample gvaluate andtake productsover Gaussianlistributionsde ned
2 SO(3) andrepresenteéh termsof unit quaternionsWe adoptthe approximatiorgiven
in [4] for dealingwith rotationaldistributionsby treatingthe quaterniongocally linearly in
R* — this approximatioris only valid for kernelswith smallrotationalcovarianceandcan
in principle suffer from singularitiesif productdistributionsarewidely distributed about
the sphereput we have not encounteregroblemsin practice.
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Figure3: Thesimpli ed PAMPAS non-paametricbeliefpropagationalgorithm.

4 Experiments

We illustrate the approachby recovering 3D body posegiven weak bottom-upinforma-
tion andclutter The developmentof bottom-uppartdetectords beyond the scopeof this
paper Herewe exploit a realisticsimulationof suchdetectordn which: 1) thelimbs are
only detectedb0% of thetime — the remainingsamplesareclutter; 2) the limb detectors
arenon-speci cin thatthey cannotdistinguishthe left andright sidesof the body or the
upperfrom lower limbs (they do, however, distinguishbetweerlegs andarms)— there-
sultis thatonly a smallfraction of bottom-upsampledall in theright placewith theright
interpretation;3) the detectorsare noisy and do not detectthe limb positionand orienta-
tion accurately4) no correctinitialization samplesaregeneratedor thetorso,simulating
detectoffailure or occlusion.

Figure4 shavsresultsfor two time instantsn avideosequencéakenfrom threecalibrated
camerasAfter 10iterationsof belief propagtion,thealgorithmhasdiscardedhe samples
which originatedin clutter and hascorrectly assignedhe limbs. The gure shaws the

initialization andthe nal distribution over limb poseswhich is computedby sampling
from the belief distribution. Note thatthetorsois well localizedeventhoughtherewasno

bottom-updetectoffor it.

5 Conclusion

We presenta nev body modelandinferencemethodthat supportsthe goalsof automati-
cally locatingandtrackinganarticulatedbodyin threedimensionsWe shav thata“loose-
limbed” modelwith continuous-aluedparametersaneffectively represena persons lo-
cationand pose,andthatinferenceover sucha modelcan be tractablyperformedusing
belief propagtionover particlesets.Moreover, we demonstrateobustlocationof the per
sonstartingfrom imperfectinitialization usinga simulatedbody-partdetector Thedetector
is assumedo generatdothfalsepositive initializationsandfalseneggatives;i.e. failuresto
detectsomebody partsaltogether

It is straightforvard to extend the graphicalmodel acrosstime to implementa person
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Figure4: Inferring attractive people:Two experimentsareshawn; (a) and(b) shav results
for two differenttime instantsin a walking cycle. Eachexperimentusedthreecalibrated
cameraviews. Left: Initialization sampledravn noisy simulatedpart detectors.Part de-
tectorsareassumedo have high failurerate,generatindp0%of the sampledar avay from
ary true body part. They arealsonon-speci c; e.g.the left thigh sampleqin green)are
equally distributed over left and right thigh and calf. The torsois assumedo be unde-
tectable.Right: Belief after 10 iterationsof PAMPAS. We use100 particlesto modelthe
messagebetweernthe nodes andshav 20 samplesrom the belief distribution, aswell as
the averageof the top 10 percentof the belief samplesasthe "best” poseestimate. For
brevity, (b) only shavs thebestposefrom a singleview.

tracker. Thereareseveral advantageof this approachcomparedwith traditional particle
Itering: thecompleity of the searchtaskis linearratherthanexponentialin the number
of bodyparts;bottom-upinitialization informationcanbeincorporatedn everyframe;and
forward-backvardsmoothingeitherover atime-windav or anentiresequences straight-
forward.

In future work we intendto build automaticbody-partdetectors. Constructingreliable
detectorsusing only low-level information (static appearanceis a challengingproblem
but we have the adwvantageof being robust to imperfectdetectionas notedaboe. We
alsointendto learnthe conditionaldistributionsbetweerpartsfrom a databasef motion
capturedata. Togethertheseadwancesshouldallow reliable use of the presentedody
modelin the persortrackingframework.
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