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Abstract

We posethe problemof 3D humantracking as oneof in-
ferencein a graphicalmodel.Unlike traditional kinematic
treerepresentations,our modelof thebodyis a collectionof
loosely-connectedlimbs.Conditionalprobabilitiesrelating
the 3D poseof connectedlimbs are learnedfrom motion-
captured training data. Similarly, we learn probabilistic
modelsfor the temporal evolution of each limb (forward
andbackward in time).Humanposeandmotionestimation
is thensolvedwith non-parametricbelief propagation us-
ing a variationof particle �ltering that canbeappliedover
a general loopygraph.Theloose-limbedmodelanddecen-
tralized graph structure facilitate the useof low-level vi-
sualcues.We adoptsimplelimb andheaddetectors to pro-
vide“bottom-up” informationthat is incorporatedinto the
inferenceprocessat every time-step;thesedetectors per-
mit automaticinitialization andaid recoveryfromtransient
trackingfailures.We illustratethemethodbyautomatically
tracking a walkingpersonin videoimagery usingfour cal-
ibratedcameras. Our experimentalapparatus includesa
marker-basedmotioncapturesystemalignedwith thecoor-
dinateframeof thecalibratedcameraswith which wequan-
titativelyevaluatetheaccuracyof our 3D persontracker.

1 Intr oduction

We presenta fully automaticmethodfor tracking human
bodiesin 3D. Initialization andfailure recovery arefacili-
tatedby theuseof aloose-limbedbodymodel[22] in which
limbs are connectedvia learnedprobabilisticconstraints.
Thetrackingproblemis formulatedasoneof inferencein a
graphicalmodelandbelief propagationis usedto estimate
the poseof the body at eachtime-step. Eachnodein the
graphicalmodelrepresentsthe3D positionandorientation
of a limb (Figure1). Directededgesbetweennodesrepre-
sentstatisticaldependenciesandtheseconstraintsbetween
limbs areusedto form messagesthataresentto neighbor-
ing nodesin spaceandtime. Additionally, eachnodehasan
associatedlikelihoodde�ned over a rich setof imagecues
usinga learnedGibbsmodel[19, 28]. Thecombinationof
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Figure1: Graphicalmodelfor a person. Nodesrepresentlimbs
andarrowsrepresentconditionaldependenciesbetweenlimbs. For
clarity only a few temporaldependencieshave beenshown: in our
modeleachpart i at time t is connectedby an edgeto part i at
timest � 1 andt + 1.

highlynon-Gaussianlikelihoodsandasix-dimensionalcon-
tinuousparameterspace(3D positionandorientation)for
eachlimb makesstandardbeliefpropagationalgorithmsin-
feasible.Consequentlyweexploit aform of non-parametric
belief propagationthatusesa variationof particle�ltering
andcanbeappliedovera loopy graph[13, 25].

Therearea numberof signi�cant advantagesto this ap-
proachascomparedto traditionalmethodsfor trackinghu-
manmotion. Most currenttechniquesmodelthebodyasa
kinematictreein 2D [14], 2.5D [17], or 3D [2, 5, 21, 23]
leadingto a high-dimensionalparameterspace(25–50di-
mensionsis not uncommon). Searchingsucha spacedi-
rectly is impracticalandso currentmethodstypically rely
on manualinitialization of the body model. Additionally,
they often exploit strongpriors characterizingthe typesof
motionspresent.Whensuchalgorithmslosetrack(asthey
alwaysdo), the dimensionalityof the statespacemakesit
dif�cult to recover.

While the full bodyposeis hardto recover directly, the
locationandposeof individual limbs is mucheaserto com-
pute. Many goodheaddetectorsexist and limb detectors
have beenusedfor sometime (e.g. [18]). The approach
we take herecanusebottomup information from feature



detectorsof any kind andconsequentlyshouldbe able to
copewith a rich variety of input images. In our imple-
mentationweexploit background/foregroundseparationfor
computationalsimplicity but part detectorswhich perform
well againstarbitrarybackgroundsarebecomingstandard
[18, 26].

With a kinematic tree model, exploiting this partial,
“bottom-up” information is challenging. If one could
de�niti vely detectthe body parts then inversekinematics
could be usedto solve for the body pose,but in practice
low-level part detectorsarenoisy andunreliable. The use
of a loose-limbedmodelandbeliefpropagationprovidesan
elegantframework for incorporatinginformationfrom part
detectors.Becausethe inferencealgorithmoperatesover a
generalgraphratherthana forward chainasin traditional
particle�lter trackers,it is alsostraightforwardto perform
forward–backwardsmoothingof thelimb trajectorieswith-
outmodifying thebasicapproach.

A loose-limbedbody model requiresa speci�cation of
theprobabilisticrelationshipsbetweenjointsatagiventime
instantandover time. We representthesenon-Gaussianre-
lationshipsusing mixture modelsthat are learnedfrom a
databaseof motion capturesequences.It is worth noting
thatthesemodelsencodeinformationaboutjoint limits and
representa relatively weakprior over humanposes,which
is appropriatefor trackingvariedhumanmotions.

Themodelalsorequiresanimagelikelihoodmeasurefor
eachlimb. Usingtrainingdataof known limb posesin im-
ages,we learna novel likelihoodmodel that capturesthe
joint statisticsof �rst andsecondderivative �lter responses
at multiple scales.We formulateandlearnthe likelihoods
usinga Gibbsmodelbasedon themaximumentropy prin-
ciple [28].

We test the methodby trackinga subjectviewed from
four calibratedcamerasin an indoor environmentwith no
specialclothing.Quantitativeevaluationis performedusing
anovel motioncapturetestbedthatprovides“groundtruth”
humanmotion from a commercialmotion capturesystem
that is synchronizedwith thevideostreams1. In particular
wecomparetheaccuracy of ourmethodwith thatof amore
standardkinematictreebodytrackerusingannealedparticle
�ltering [5]. We �nd that the traditional approachlooses
trackrapidly comparedwith the loose-limbedmodelwhen
theimagequality is poor.

Previouswork

Disaggregatedmodelsarenot new for �nding or tracking
articulatedobjectsand dateback at least to Fischlerand
Elschlager'spictorial structures[8]. Variationson this type
of model have beenrecentlyappliedby Burl et al. [1],
Felzenszwalb andHuttenlocher[7], CoughlanandFerreira

1Availableathttp://www.cs.brown.edu/research/vision/motioncapture/.

[3], IoffeandForsyth[10, 11, 12] andRamananandForsyth
[18]. Ioffe andForsyth [10, 11] �rst �nd body partsand
thengrouptheminto �gures in a bottom-upfashion. The
approachexploits the fact that they have a discretesetof
featuresthat needto be assembled,but it prevents them
from usingrich likelihoodinformationto “co-operate”with
the body modelwhenestimatingthe pose. Ramananand
Forsyth [18] proposean elegantestimationof appearance
modelsjointly with thebody'strajectory, but their inference
algorithmrelieson the fact that the 2D modelhasa rela-
tively low-dimensionalstate-spacefor eachbody part. A
similarapproachto ourshasbeenadoptedin [27] for track-
ing a 2D humansilhouetteusing a dynamicMarkov net-
work. A muchsimpli�ed observationmodelwasadoptedin
[27] andtheirsystemdoesnotperformautomaticinitializa-
tion. They adopta somewhatdifferentinferencealgorithm
anda comparisonbetweenthe two methodsmerits future
research.

In previous work [22] we presentedthe generalloose-
limbed body model and belief propagationalgorithm but
only addressedtheproblemof humanposeestimationat a
single time instant; herewe extend the inferencemethod
over time to performvisual tracking. In [22], thepotential
functionslinking limbswereconstructedmanuallywhereas
herethey are learnedfrom training dataand are also ex-
tendedin time. Herewe alsoproposea multi-view eigen-
methodto implementbottom-upbodypartdetectorsandwe
exploit a learnedGibbslikelihoodmodel[19].

2 Loose-limbedbody model

Following theframework in [22] thebodyis representedby
agraphicalmodelin whicheachgraphnodecorrespondsto
a bodypart (upperleg, torso,etc.). Eachparthasan asso-
ciatedcon�guration vectorde�ning thepart's positionand
orientationin 3-space.Placingeachpart in a global coor-
dinateframeenablesthepartdetectorsto operateindepen-
dently while the full body is assembledby inferenceover
the graphicalmodel. Edgesin the graphicalmodelcorre-
spondto positionandanglerelationshipsbetweenadjacent
bodypartsin spaceandtime,asillustratedin Figure1.

In orderto describethebodypartsin a graphicalmodel,
we assumethe variablesin a nodeareconditionally inde-
pendentof thosein non-neighboringnodesgiventhevalues
of thenode'sneighbors.Eachpart/limbis modeledby a ta-
peredcylinder having 5 �x ed and6 estimatedparameters.
The �x edparameters� i = (l i ; wp

i ; wd
i ; op

i ; od
i ) correspond

respectively to the part length,width at the proximal and
distal endsandthe offset of the proximal anddistal joints
alongthe axisof the limb asshown in Figure2. The esti-
matedparametersX T

i = (xT
i ; � T

i ) representthecon�gura-
tionof theparti in aglobalcoordinateframewherex i 2 R3

and� i 2 SO(3) arethe3D positionof theproximal joint



Figure2: Parameterizationof part i .

andtheangularorientationof thepartrespectively. Thero-
tationsarerepresentedby unit quaternions.

Each directededgebetweenparts i and j has an as-
sociatedpotential function  ij (X i ; X j ) that encodesthe
compatibilitybetweenpairsof partcon�gurationsandintu-
itively canbethoughtof astheprobabilityof con�guration
X j of part j conditionedon the X i of part i . The poten-
tial  ij (X i ; X j ) is in generalnon-Gaussianandis approxi-
matedby a mixtureof M ij Gaussians:

 ij (X i ; X j ) = � 0N (X j ; � ij ; � ij ) + (1)

(1 � � 0)
M ijX

m =1

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

where� 0 is a �x ed outlier probability, � ij and� ij arethe
meanandcovarianceof the Gaussianoutlier process,and
Fij m (�) andGij m (�) arefunctionsthatreturnthemeanand
covariancematrix respectively of the m-th Gaussianmix-
turecomponent.� ij m � 0 is therelative weightof anindi-
vidualcomponentand

P M ij
m =1 � ij m = 1.

2.1 Learning limb conditionals

GivenagroundtruthparametervectorX j for partj , wecan
constructthe 3D object-to-world transformM (X j ) de�n-
ing theposeof thelimb j as

M (X j ) = M (X i )M (X ij ) (2)

whereM (X i ) is theposeof theneighboringspatialor tem-
poralpart,andX ij encodesthepositionandorientationof
part j in i 's coordinateframe.We canapproximatethepo-
tentialcompatibilityfunctions:

 ij (X i ; X j ) � p (X j jX i )

= p(M (X j )jM (X i ))

= p(M (X i )M (X ij )jM (X i ))

� p (M (X ij )) = p(X ij ) (3)

by learning the distribution over X ij to �x the Fij m (�)
and Gij m (�) functions from (1). We model all spatial
and temporalpotentialsusingmixturesof Gaussianswith

spatial temporal

Figure3: LearnedSpatialandTemporal Potentials.Spatialand
temporalpotentialsare illustratedby samplingfrom them. The
potentialsfor thelower limbs(armsandlegs)andheadareshown.
Thespatialpotentialsshow thedistribution of limb positionsand
orientationsconditionedon the neighboringlimb. Greenspheres
indicatethe joint position of a samplewhile the red spheresin-
dicatethe distal endof the limb for eachsample.The spreadof
thesesamplesillustratesthe learneddistribution encodedby the
potentials.Thetemporalpotentialsshown arefor theforwardtime
direction.

M ij = 3 components,and for examplethe �rst compo-
nent Fij 1(X j ) = M � 1(M (X i )M (X̂ ij 1)) whereX̂ ij 1 is
themeanof the�rst learnedcomponentof p(X ij ). Thedis-
tributionsarelearnedusingS = 4928groundtruth motion
captureframesof walking datacollectedat 60 Hz.

We usea standarditerative Expectation-Maximization
(EM) algorithmwith K-meansinitializationfor learningthe
Gaussianmixture model (GMM), however care must be
taken to estimatethe meanand covarianceof the quater-
nion orientations.Given a setof S unit quaternionsQ =
f q0; q1; : : : ; qSg whereqi = [qi;x ; qi;y ; qi;z ; qi;w ], we ex-
tendtheapproximationpresentedin [4] to approximatethe
meanof Q by

Eq[Q] �
1
S

"
SX

i =0

qi;x

qi;w
;

SX

i =0

qi;y

qi;w
;

SX

i =0

qi;z

qi;w
; S

#

: (4)

This approximationsuffers from a singularity when any
qi;w ! 0. To mitigatetheeffectof thissingularitywecom-
pute Eq[Q] in a normalizedquaternionspaceconstructed
to minimize maxqi 2 Q (qi � [0; 0; 0; 1]T ). Similarly we ap-
proximatethecovarianceof Q by computingthedeviations
�qi = q� 1

i � Eq[Q] andsetCovq[Q] �

1
S

SX

i =0

 �
�qi;x

�qi;w
;

�qi;y

�qi;w
;

�qi;z

�qi;w

� T

�
�

�qi;x

�qi;w
;

�qi;y

�qi;w
;

�qi;z

�qi;w

� !

: (5)

While our learningalgorithmis generalenoughto learn



distributionsthathavecouplingsbetweenpositionalandro-
tationalcomponentsof the statespace,resultingin block-
diagonalcovariancematrices,for computationalpurposes
we restrict ourselves to the diagonal-covariancedistribu-
tions. For samplingandevaluatingthe probability of the
GMM wereferthereaderto [4].

Figure3 shows a few of the learnedpotentialdistribu-
tions. Samplesare shown from several limb-to-limb po-
tentials. For example,the lower leg distribution is shown
conditionedon theposeof theupperleg. Theproximalend
of theshin (greencircle) is predictedwith high con�dence
giventhethighlocation,but thereis awidedistributionover
possibleanklelocations,asexpected.

3 ImageLik elihoods

The inferencealgorithmoutlinedin the next sectioncom-
binesthebody modeldescribedabove with a probabilistic
imagelikelihoodmodel.We de�ne � i (X i ) to bethelikeli-
hoodof observingtheimagemeasurementsconditionedon
the poseof limb i . Ideally this modelwould be robust to
partialocclusions,thevariability of imagestatisticsacross
differentinputsequences,andvariability amongsubjects.

To that end, we combinea variety of cues including
multi-scaleedgeandridge�lters following [20]. However,
we explicitly modeltheconditionaldependenciesbetween
thevarious�lter responsesby learningthejoint densityus-
ing a Gibbsmodel[19, 28] of theform

p(f j X i ) / exp

 

�
X

i

h� ( i ) ; � ( i ) (f ; X i )i

!

;

wheref representsa vectorof �lter responses,the � ( i ) are
functionsselectingvariousmarginalsandthe� ( i ) aretheir
learnedweights.Sincethis likelihoodis trainedalsoin sit-
uationswherethe limb is partially or fully occluded,it is
fairly robustto theseconditions.

Separateforegroundmodelsarelearnedfor the appear-
anceof eachlimb. In addition,a pooledbackgroundmodel
is learnedfrom non-limbpatchessampledfrom thetraining
images.Thesearecombinedinto a limb likelihoodby tak-
ing the likelihoodratio [19]. Theselikelihoodratiosalong
with backgroundsubtractioninformationarethencombined
acrossviews, assumingindependenceof the views condi-
tionedon thelimb position.

4 Non-parametric BP

Inferring thebodyposein our framework is de�ned asesti-
matingbelief in thegraphicalmodel.To copewith thecon-
tinuous6D parameterspaceof eachlimb, thenon-Gaussian

Left Leg to Torso 

Left Arm to Torso Right Arm to Torso 

Right Leg to Torso 

Head toTorso 

Product 

Figure4: Message Product. The head,upperarms,andupper
legs sendmessagesto the torso. Samplesfrom thesemessages
areillustratedby showing thepredictedtorsolocationwith green
balls.Thedistributionovertheorientationof thetorsois illustrated
by showing aredball at thedistalendof thetorsofor eachsample.
While any singlemessagerespresentsuncertaininformationabout
thetorsopose,theproductof thesemessagestightly constrainsthe
torsopositionandorientation.

conditionalsbetweennodes,and the non-Gaussianlikeli-
hood,we usea form of non-parametricbelief propagation
[13, 25]. Theapproachis a generalizationof particle�lter -
ing [6] which allows inferenceover arbitrarygraphsrather
thana simplechain. In this generalizationthe “message”
usedin standardbelief propagationis approximatedwith a
particle set, and the conditionaldistribution usedin stan-
dard particle �ltering is replacedby a productof incom-
ing messagesets.The two formulations[13, 25] have dif-
ferentstrengths;we adoptthe PAMPAS algorithm[13] be-
causeit mapsbetterto our modelswherethepotentialsare
smallmixturesof Gaussiansandthelikelihoodsaresimple
to evaluateup to an unknown normalization.NBP [25] is
moresuitablefor applicationswith complex potentialfunc-
tions.WeusetheGibbssamplerfrom [25] to evaluateprod-
uctsof D > 2 messages.

Themessagepassingframework is illustratedin Figure4
wherethe head,upperarmsandupperlegs all sendmes-
sagesto thetorso.Thesemessagesaredistributionsthatare
representedby a setof weightedsamplesasin particle�l-
tering. Belief propagationrequiresforming theproductof
theseincomingmessages.As Figure4 shows, the individ-
ual limbs may not constrainthe torsovery precisely. The



productover all the incomingmessageshowever produces
avery tight distributionover thetorsopose.

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 i (X i )dX i ;

where A i is the set of neighborsof node i and � i (X i )
is the local likelihood associatedwith node i . The mes-
sagem ij (X j ) can be approximatedby importancesam-
pling N 0 = (N � 1)=M ij timesfrom a proposalfunction
f (X i ), andthendoingimportancecorrection.As discussed
in [13] the N 0 samplesmay be strati�ed into groupswith
differentproposalfunctionsf (�), sosomeproportion� B N 0

of samplescomefrom theproductof all incomingmessages
A i into thenode,� I N 0 comefrom A i nj (i.e. A i excluding
j ) and � SN 0 from an importancefunction Qt (X i ) which
is in generala functionof thetime-stept — we usea limb
proposaldistribution basedon local imagemeasurements
desribedin Section5. For algorithmicdetailssee[13].

The basicalgorithm leaves openthe questionof what
proportionsto use in the strati�ed samplerand what or-
der to updatethe messagesin. We use a 3-frame win-
dowedsmoothingalgorithmfor our trackingresultswhere
the estimatesat time t arebasedon observationsat times
(t � 1; t; t + 1). Thereare30 nodesin thegraph(10 body
partsat eachtime-step)and94 edges(18 betweenadjacent
bodypartswithin eachtime-stepandtwo betweeneachpart
at eachconsecutive time-step). All the messagesare up-
datedin batch,andthis batchupdatetakesplace4 timesin
4 belief-propagationiterations. For the �rst iteration, the
proportionof limb proposalsamplesis � S = 0:50 andthis
proportionhalvesfor eachsubsequentiteration. In eachit-
erationtheproportionof samplestakenfrom thebeliefesti-
mateis � B = 1=2(1 � � S ) andtheremainder� I aretaken
from theincomingmessageproduct.

Thealgorithmmustsample,evaluate,andtake products
over Gaussiandistributionsde�ned over SO(3) andrepre-
sentedin termsof unit quaternions.We adopttheapprox-
imation given in [4] for dealing with rotational distribu-
tions by treatingthe quaternionslocally linearly in R4 —
thisapproximationis only valid for kernelswith smallrota-
tionalcovarianceandcanin principlesuffer from singulari-
tiesif productdistributionsarewidely distributedaboutthe
sphere,but wehavenotencounteredproblemsin practice.

5 Bottom-up Part Detectors

Occlusionof body parts, changesin illumination, and a
myriad of other situationsmay causea persontracker to
losetrackof some,or all, partsof a body. We arguethatre-
liabletrackingrequiresbottom-upprocessesthatconstantly

Figure5: Multi-view Eigenfeatures.Welearnthecorrelationsbe-
tweentheprojectionsof anobjectin our®xedcamerasby concate-
natingthefour views at eachtime-stepinto a singleªmulti-viewº
imagevector. Top row: meanmulti-view head.Next threerows:
®rst threeprincipalcomponents.

searchfor bodypartsandsuggesttheir locationandposeto
thetracker;we call these“shouters”2.

Oneexpectsshoutersto benoisyin that they will some-
times fail to detectpartsor will �nd spuriousparts. Fur-
thermorethey will probablynot beableto differentiatebe-
tweenleft and right arms. Both of thesebehaviours can
be seenin Figure6a. Even thesenoisy “guesses”provide
valuablelow-level cues,however, andour belief propaga-
tion framework is designedto incorporatethis bottom-up
informationin a principledway. As describedin Section4
we usea strati�ed samplerfor themessagesto graphnode
i at time t that draws somesamplesfrom an importance
function Qt (X i ). This importancefunction is constructed
by thenode's shouterprocess,anddraws samplesfrom lo-
cationsin posespace(3D locationandorientation)nearthe
detectedbodyparts.

Multi-V iew Eigenspaces

Therearemany approachesto body-partdetectionin single
or multiple images. We have implementedsimple eigen-
templatedetectorsfor thehead,upperarms,andlower legs;
othershouterscouldbeaddedasdesired.Givencalibrated
training imageswith known body-partlocations,we build
a setof multi-view training images. Speci�cally, we con-
structa singletrainingsamplefrom the four cameraviews
by concatenatingtheimageregionsof thepartin eachview.
We performPCA on thesemulti-view imagesasdescribed
in [16], keeping9–40principalcomponents,dependingon
thedetector, whichdescribeapproximately80%of thevari-
ationin thetrainingdata.Figure5 shows the�rst few prin-
cipal componentsof ourheaddetectormodel;eachpartde-
tectoris orientationindependent.

2This termcamefrom discussionswith A. JepsonandD. Fleet.



Using the training datawe constructa boundingbox in
3-spacewherewe expecteachpart to appear. We exploit
thefactthat thebackgroundis static,modelit usinga mix-
turemodelat eachpixel, andperformstandardforeground
detection[24]. Selectingany cameraview, we examineall
foregroundpixelswithin theprojectedboundingboxregion
for the given body part. Eachpixel de�nes a ray in 3D
andwesearchalongthis ray for matchesto ourorientation-
independenteigen-model,rejectingany locationon theray
which doesnot projectto a foregroundpixel in every view.
For eachof the10 mostprobable3D locationswe �nd the
5 closestmulti-view matchesfrom the trainingsetanduse
their orientationsto construct50 candidateposesfor the
proposalmixturedistributionQt (X i ).

6 Experimentsand Evaluation

Figure6a showstheautomaticinitializationof the3D body
model using bottom-uppart detectors. Note that we use
only detectorsfor thehead,upperarms,andcalfsandthat
thesedetectorsareveryinaccurate.While they givearough
3D locationandorientationfor thelimbs,they cannotdiffer-
entiateleft from right limbsreliably. Notealsothattheright
calf wasnotdetected.For bodypartswith nobottom-upde-
tector, theinitializationis random(Figure6b). After several
iterationsof belief propagation,the algorithm “�nds” the
limbsandhasareasonabledistributionoverthelimbsposes
(Figure6c andd). Figure7 shows the resultsof tracking
over25 framesafterautomaticinitialization.

Thereare no standardperformancemetrics for video-
based3Dhumantracking.RamananandForsyth[18] report
trackingsuccesswhenever thereis any overlapbetweena
limb andthegroundtruth; this seemsoverly generous.We
proposea quantitative evaluationof accuracy basedon the
absolutedistanceof trueandestimatedmarker locationson
the limbs. We chose15 markerscorrespondingroughly to
thelocationsof thejointsand“ends”of thelimbs. For each
limb wesamplefrom thebeliefandcomputethenormalized
likelihoodof eachsampleto obtainaweight.Theseweights
arethenusedto computean expectedabsolutedistancein
mm for themarkersassociatedwith thelimb. Theexpected
deviationsarethensummedoverall de�nedvirtual markers
to producethe�nal distance-basederrormeasure.

Figure 8 shows accuracy of the intialization (left) and
trackingresults(right). After afew iterationsof beliefprop-
agation,the initialization error decreasesandstaysstable.
We also observe that the error in the estimatedposein-
creasesonly slightly over thetrackingsequence.

To compareour methodagainstthe stateof the art, we
independentlyimplementeda kinematictreebasedtracker
thatusesannealedparticle�ltering [5]. Thisallowsaquan-
titativeperformancecomparisonbetweenthemethods.Our
implementationof [5] usesthe sameimagelikelihood as
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Figure8: Quantitativetracking evaluation. (left) Automaticini-
tializationerrorasafunctionof iterationsof thebeliefpropagation
algorithm. (right) Trackingerrorover a 50-framesequence.The
dottedblack anddashedblue lines show the error for the loose-
limbed methodwith andwithout shoutersrespectively. The red
solid line shows theerrorfor thekinematictreemethod[5].

usedwith theloose-limbedmodelandbothtrackersareini-
tialized with the sameground-truthposeobtainedby the
motion capturesystem.As suggestedin [5] the annealing
processuses10 layersand200particles.Thedistanceerror
wascomputedusingthesamemarkersbut herewesampled
from theparticleset,computedthelikelihood,andnormal-
ized to obtaintheweightsusedin computingtheexpected
absolutemarker distance.We found that the performance
of thetrackerwasmuchpoorerthanthatobtainedin [5] and
posit that this wasdueto the morecomplex imagedatain
our experimentsandthe lack of contrastbetweenthe fore-
groundandbackground;seeFigure8.

In Figure8 theperformanceof the loose-limbedtracker
is shown with and without body part detectors. Due to
the stochasticnatureof the algorithms,the meanand the
standarddeviation of theerrorwascomputedover10 runs.
Initially the kinematictree model appearsmore accurate.
This is dueto thefact that the“groundtruth” hasthesame
kinematicstructurewhile the loose-limbedmodel is able
to deviate from that. The annealedparticle �lter however
steadilymoves away from the groundtruth and becomes
lost. Both versionsof the loose-limbedtracker outperform
thecompetingalgorithmafterthe�rst threeframes.Loose-
limbedtrackingwith partdetectionslightly outperformsthe
trackerthatdoesnotrelyonthepartdetection.In mostcases
thevarianceof the latter is slightly higher. We predictthat
this differencewould be moresigni�cant if we hadbetter
partdetectors.

7 Conclusion

We presenta probabilisticmethodfor fully automatic3D
humandetectionand tracking. We show that a “loose-
limbed” modelwith continuous-valuedparameterscanef-
fectively representa person's location and pose,and that
inferenceoversucha modelcanbetractablyperformedus-
ing belief propagationover particlesets. The belief prop-



a b c d
Figure6: Automatic Initialization fr om bottom-up detectors. Eachrow correspondsto a differentcameraview (2 of the 4 views
shown). Theinitializationusedtwo framesbut only the®rst frameis shown for brevity. (a) Samplesfrom theshouterproposaldistribution
(head,upperarms,calvesonly). Notice that they completelyfail to detectonecalf while theotheris detectedby both left andright calf
detectors.Theupperarmsarefoundbut theedgeis not well determined.Theheadis well localized.(b) Samplesfrom thefull proposal
distribution. Thebodypartsnot constrainedby shoutersaresampledfrom a uniform distribution in positionandorientation.(c) Samples
from thebelief distributionafter30 iterationsof belief propagation.(d) Most likely limb posesafter30 iterations.

agationframework allows us to avoid distinguishingbe-
tweeninitializationandtracking,but insteadto usebottom-
uppartdetectorsto stabilizethemotionestimationandpro-
vide “initialization” cuesatevery time-step.

Themainadvantagesof our approachare: thecomplex-
ity of thesearchtaskis linearratherthanexponentialin the
numberof body parts;bottom-upprocessesareintegrated
at every frameallowing automaticinitialization andrecov-
ery from transienttrackingfailures;theconditionalproba-
bilities betweenlimbs in spaceandtime are learnedfrom
training data; a novel Gibbs likelihood model is learned
from trainingdataandmodelsconditionaldependenciesbe-
tweenimagemeasurements(�lter responses);andforward-
backwardsmoothing,eitherover a time-window or an en-
tire sequence,is straightforward. Additionally, we exploit
a novel datasetwith synchronized3D “ground truth” and
video datafor the quantitative evaluationof performance.
We alsocomparedour methodwith the stateof the art as
proposedin [5].

While our preliminary resultsarepromising,detailsof
our implementationcould be improved. We have used
simple detectorsfor the headand limbs, but we expect
thathandsandfeetwouldprovidevaluableadditionalcues.
Other machinelearningmethodssuchas AdaBoost[26],

might prove fasterandmorerobust thanthe eigenfeatures
we adopt.For greaterapplicability themethodmustbeex-
tendedto usemonocularimagedataandto allow a moving
camera.

Therearealsolimitationsimposedby ouruseof a loose-
limbed model. Sincewe assumeindependenceof, for ex-
ample,theleft andright armsconditionalon thetorsoloca-
tion, it is cumbersometo fully avoid poseswhereonelimb
penetratesanother. Theseproblemsaremucheasierto ad-
dresswith a full kinematictreebody model,andtherefore
onemight think of the loose-limbedmodelasan interme-
diatestagebetweenthebottom-uppartdetectorsanda full
kinematicmodel.Thedetailsandimplementationof sucha
schemearepostponedto futureresearch.
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