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Abstract

We posethe problemof 3D humantradking as one of in-

ferencein a graphicalmodel. Unlike traditional kinematic
treerepresentationspur modelof thebodyis a collectionof
loosely-connectelimbs. Conditionalprobabilitiesrelating
the 3D poseof connectedimbs are learnedfrom motion-
captured training data. Similarly, we learn probabilistic
modelsfor the tempoal evolution of ead limb (forward

andbadkward in time). Humanposeand motionestimation
is then solvedwith non-paametric belief propagation us-
ing a variation of particle ltering thatcanbeappliedover
a geneal loopygraph. Theloose-limbednodelanddecen-
tralized graph structue facilitate the use of low-level vi-

sualcues.We adoptsimplelimb and headdetectos to pro-

vide“bottom-up” informationthatis incorporatedinto the
inferenceprocessat every time-step;thesedetectos per

mit automaticinitialization andaid recoveryfromtransient
tracking failures.We illustrate the methodby automatically
tracking a walking personin videoimagery usingfour cal-

ibrated camens. Our experimentalapparmtusincludesa

marker-basedmotioncapture systenalignedwith thecoor-

dinateframeof thecalibratedcameaswith which wequan-
titatively evaluatetheaccuracyof our 3D persontracdker.

1 Intr oduction

We presenta fully automaticmethodfor tracking human
bodiesin 3D. Initialization andfailure recovery are facili-
tatedby theuseof aloose-limbedodymodel[22] in which

limbs are connectedvia learnedprobabilistic constraints.

Thetrackingproblemis formulatedasoneof inferencein a
graphicalmodelandbelief propagatioris usedto estimate
the poseof the body at eachtime-step. Eachnodein the
graphicalmodelrepresentshe 3D positionandorientation
of alimb (Figurel). Directededgesbetweemodesrepre-
sentstatisticaldependencieandtheseconstraintetween
limbs areusedto form messagethatare sentto neighbor
ing nodesin spaceandtime. Additionally, eachnodehasan
associatedikelihoodde ned over arich setof imagecues
usingalearnedGibbsmodel[19, 28]. The combinationof
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Figurel: Graphicalmodelfor a person. Nodesrepresentimbs
andarravsrepresentonditionaldependencidsetweerdimbs. For
clarity only afew temporaldependenciesave beenshawvn: in our
modeleachparti attimet is connectedby an edgeto parti at
timest 1andt+ 1.

highly non-Gaussialik elihoodsandasix-dimensionaton-
tinuous parameteispace(3D position and orientation)for
eachlimb makesstandardelief propagatioralgorithmsin-
feasible.Consequentlyve exploit aform of non-parametric
belief propagatiorthat usesa variationof particle Itering
andcanbeappliedoveraloopy graph[13, 25].

Therearea numberof signi cant advantagedo this ap-
proachascomparedo traditionalmethodgfor trackinghu-
manmotion. Most currenttechniquesnodelthe body asa
kinematictreein 2D [14], 2.5D[17], or 3D [2, 5, 21, 23]
leadingto a high-dimensionaparametespace(25-50di-
mensionss not uncommon). Searchingsucha spacedi-
rectly is impracticaland so currentmethodstypically rely
on manualinitialization of the body model. Additionally,
they often exploit strongpriors characterizinghe typesof
motionspresent.Whensuchalgorithmslosetrack (asthey
always do), the dimensionalityof the statespacemalesit
dif cult to recover.

While the full body poseis hardto recover directly, the
locationandposeof individual limbsis mucheaseto com-
pute. Many good headdetectorsexist andlimb detectors
have beenusedfor sometime (e.g. [18]). The approach
we take herecan usebottom up informationfrom feature



detectorsof ary kind and consequenthshouldbe ableto

copewith a rich variety of input images. In our imple-

mentationwe exploit background/forgroundseparatiorfior

computationakimplicity but part detectorawvhich perform
well againstarbitrary backgroundsre becomingstandard
[18, 26].

With a kinematic tree model, exploiting this partial,
“bottom-up” information is challenging. If one could
de niti vely detectthe body partsthen inversekinematics
could be usedto solwve for the body pose,but in practice
low-level part detectorsare noisy andunreliable. The use
of aloose-limbednodelandbelief propagatiorprovidesan
eleggantframeavork for incorporatinginformationfrom part
detectors.Becausehe inferencealgorithmoperatesver a
generalgraphratherthana forward chainasin traditional
particle lter trackers,it is alsostraightforvardto perform
forward—backvardsmoothingof thelimb trajectorieswith-
out modifying the basicapproach.

A loose-limbedbody model requiresa speci cation of
theprobabilisticrelationshipdetweerjointsata giventime
instantandover time. We representhesenon-Gaussiane-
lationshipsusing mixture modelsthat are learnedfrom a
databasef motion capturesequenceslt is worth noting
thatthesemodelsencodenformationaboutjoint limits and
represent relatively weakprior over humanposeswhich
is appropriatdor trackingvariedhumanmotions.

Themodelalsorequiresanimagelik elihoodmeasurdor
eachlimb. Usingtraining dataof known limb posesn im-
ages,we learna novel likelihood modelthat capturesthe
joint statisticsof rst andsecondderivative Iter responses
at multiple scales.We formulateandlearnthe likelihoods
usinga Gibbsmodelbasedon the maximumentrogy prin-
ciple[28].

We testthe methodby trackinga subjectviewed from
four calibratedcamerasn anindoor ervironmentwith no
speciaklothing. Quantitatize evaluationis performedusing
anovel motion capturetestbedhatprovides“groundtruth”
humanmotion from a commercialmotion capturesystem
thatis synchronizedwith the videostreams'. In particular
we compareheaccurag of our methodwith thatof amore
standarkinematictreebodytrackerusingannealegbarticle

Itering [5]. We nd thatthe traditional approachooses
trackrapidly comparedwith theloose-limbedmodelwhen
theimagequality is poor.

Previouswork

Disaggrgatedmodelsare not new for nding or tracking
articulatedobjectsand date back at leastto Fischlerand
Elschlagers pictorial structureq48]. Variationson this type
of model have beenrecently applied by Burl et al. [1],

Felzenszwlb andHuttenlochel7], CoughlanandFerreira

LAvailableathttp://wwwcs.brevn.edu/researchision/motioncapture.

[3], loffe andForsyth[10, 11, 12] andRamanarmandForsyth
[18]. loffe and Forsyth[10, 11] rst nd body partsand
thengrouptheminto gures in a bottom-upfashion. The
approachexploits the fact that they have a discreteset of
featuresthat needto be assembledbut it preventsthem
from usingrich likelihoodinformationto “co-operate’with
the body modelwhen estimatingthe pose. Ramanarand
Forsyth[18] proposean elegantestimationof appearance
modelgointly with thebody'strajectory but theirinference
algorithmrelies on the fact that the 2D model hasa rela-
tively low-dimensionalstate-spacéor eachbody part. A
similar approacho ourshasbheenadoptedn [27] for track-
ing a 2D humansilhouetteusing a dynamic Markov net-
work. A muchsimpli ed obsenationmodelwasadoptedn
[27] andtheir systemdoesnot performautomatidnitializa-
tion. They adopta somavhatdifferentinferencealgorithm
and a comparisorbetweenthe two methodsmerits future
research.

In previous work [22] we presentedhe generalloose-
limbed body model and belief propagationalgorithm but
only addressedhe problemof humanposeestimationat a
single time instant; herewe extend the inferencemethod
over time to performvisualtracking. In [22], the potential
functionslinking limbswereconstructeananuallywhereas
herethey are learnedfrom training dataand are also ex-
tendedin time. Herewe alsoproposea multi-view eigen-
methodto implementhottom-upbodypartdetectorandwe
exploit alearnedGibbslik elihoodmodel[19].

2 Loose-limbedbody model

Following theframework in [22] thebodyis representedy
agraphicalmodelin which eachgraphnodecorrespondo
a body part (upperleg, torso,etc.). Eachparthasan asso-
ciatedcon guration vectorde ning the part's positionand
orientationin 3-space.Placingeachpartin a global coor
dinateframeenableghe part detectors¢o operateindepen-
dently while the full body is assembledy inferenceover
the graphicalmodel. Edgesin the graphicalmodel corre-
spondto positionandanglerelationshipdbetweeradjacent
bodypartsin spaceandtime, asillustratedin Figurel.

In orderto describethe body partsin a graphicalmodel,
we assumehe variablesin a nodeare conditionally inde-
pendenbf thosein non-neighboringhodesgiventhevalues
of thenodes neighbors Eachpart/limbis modeledby ata-
peredcylinder having 5 x ed and 6 estimatedparameters.
The x edparameters ; = (I;;wP;wd; of; o) correspond
respectiely to the part length, width at the proximal and
distal endsandthe offset of the proximal and distal joints
alongthe axis of the limb asshown in Figure2. The esti-
matedparameterX [ = (x[; ) representhecon gura-
tion of theparti in aglobalcoordinatdramewherex; 2 R3
and ; 2 SQ(3) arethe 3D positionof the proximal joint



Figure2: Parameterizatiorof parti.

andthe angularorientationof the partrespectiely. Thero-
tationsarerepresentedly unit quaternions.

Each directededge betweenpartsi andj hasan as-
sociatedpotential function j (X;;X;) that encodesthe
compatibilitybetweerpairsof partcon gurationsandintu-
itively canbethoughtof asthe probability of con guration
X; of partj conditionedon the X; of parti. The poten-
tial j (Xj;Xj) isin generahon-Gaussiaandis approxi-
matedby amixtureof M Gaussians:

i (XX) = ONQXGs s )+ )
K
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m=1

i mN (X5 Fijm (Xi); Gij m (X))

where © is a x edoutlier probability; j and j arethe
meanand covarianceof the Gaussiaroutlier processand
Fij m () andG;j m () arefunctionsthatreturnthe meanand
covariancematrix respectiely of the m-th Gaussiammix-
turecomponent. j m _ Ois therelatve weightof anindi-

. M
vidualcomponenand 1, jm = 1

2.1 Learning limb conditionals

Givenagroundtruth parametevectorX ; for partj , wecan
constructthe 3D object-to-world transformM (X ;) de n-
ing the poseof thelimb j as

M(Xj) = M (XM (Xj) )

whereM (X ;) is theposeof the neighboringspatialor tem-
poralpart,andX; encodeghe positionandorientationof
partj ini's coordinateframe. We canapproximatehe po-
tentialcompatibilityfunctions:

P(X;iXi)
= p(M(Xj)iM (Xi))
= p(MXi)M (X)iM (X))
P(M(Xj)) = p(Xj ) 3)
by learning the distribution over X to x the Fjjm()

and Gj m () functions from (1). We model all spatial
andtemporalpotentialsusing mixturesof Gaussiansvith

i (Xi5X5)

spatial

temporal

Figure3: LearnedSpatialand Tempoal Potentials. Spatialand
temporalpotentialsare illustrated by samplingfrom them. The
potentialsfor thelower limbs (armsandlegs)andheadareshowvn.
The spatialpotentialsshav the distribution of limb positionsand
orientationsconditionedon the neighboringlimb. Greenspheres
indicatethe joint position of a samplewhile the red spheresn-
dicatethe distal end of the limb for eachsample. The spreadof
thesesamplesillustratesthe learneddistribution encodedby the
potentials.Thetemporalpotentialsshavn arefor theforwardtime
direction.

Mj = 3 componentsandfor examplethe rst compo-
nentFj 1(X;) = M (M (X;)M (R 1)) whereXj 1 is
themeanof the rst learnedcomponentf p(X ; ). Thedis-
tributionsarelearnedusingS = 4928groundtruth motion
captureframesof walking datacollectedat 60 Hz.

We use a standarditerative Expectation-Maximization
(EM) algorithmwith K-meangnitializationfor learningthe
Gaussianmixture model (GMM), however care must be
taken to estimatethe meanand covarianceof the quater
nion orientations. Given a setof S unit quaterniongQ =
fop;cn; i, dsg whereg = [Gix ; Gy ; Giz s Giw ], We ex-
tendthe approximatiorpresentedn [4] to approximatehe
meanof Q by

" #
1 X Gix .XS Q_yxs Gz .q . )

E = ; : ;
il S i Gw i Gw o Gw

This approximationsuffers from a singularity when ary
Gw ! 0. Tomitigatetheeffectof this singularitywe com-
pute E4[Q] in a normalizedquaternionspaceconstructed
to minimize maxq 20 (g [0;0;0;1]"). Similarly we ap-
proximatethe covarianceof Q by computingthedeviations
G=0g"' E4Q]andsetCov[Q]
I
1% g Oy Gz |

Gix . Gy . Gz )
; ; — N ()
S i=0 Giw  Gw  Gw ®)

Gw  Gw  Gw

While ourlearningalgorithmis generalenoughto learn



distributionsthathave couplingsbetweerpositionalandro-
tationalcomponent®of the statespace resultingin block-
diagonalcovariancematrices,for computationalpurposes
we restrict oursehes to the diagonal-c@ariancedistribu-
tions. For samplingand evaluatingthe probability of the
GMM we referthereadetto [4].

Figure 3 shavs a few of the learnedpotentialdistribu-
tions. Samplesare shovn from several limb-to-limb po-
tentials. For example,the lower leg distribution is shavn
conditionedon the poseof the upperleg. Theproximalend
of the shin (greencircle) is predictedwith high con dence
giventhethighlocation,but thereis awide distribution over
possibleanklelocations asexpected.

3 ImageLik elihoods

The inferencealgorithmoutlinedin the next sectioncom-
binesthe body modeldescribedabove with a probabilistic
imagelikelihoodmodel. We de ne (X;) to bethelikeli-
hoodof observingheimagemeasurementsonditionedon
the poseof limb i. Ideally this modelwould be robustto
partial occlusionsthe variability of imagestatisticsacross
differentinput sequencesndvariability amongsubjects.

To that end, we combinea variety of cuesincluding
multi-scaleedgeandridge Iters following [20]. However,
we explicitly modelthe conditionaldependenciebetween
thevarious lter responseby learningthejoint densityus-
ing a Gibbsmodel[19, 28] of theform

I

O x)i

p(f j Xi)/ exp h @;

wheref represents vectorof lter responseshe () are
functionsselectingvariousmamginalsandthe () aretheir
learnedweights. Sincethis lik elihoodis trainedalsoin sit-
uationswherethe limb is partially or fully occluded,it is
fairly robustto theseconditions.

Separatdoregroundmodelsarelearnedfor the appear
anceof eachlimb. In addition,a pooledbackgroundnodel
is learnedrom non-limbpatchesampledrom thetraining
images.Thesearecombinedinto alimb likelihoodby tak-
ing thelikelihoodratio [19]. Theselikelihoodratiosalong
with backgroundgubtractiorinformationarethencombined
acrossviews, assumingndependencef the views condi-
tionedonthelimb position.

4 Non-parametric BP
Inferringthe body posein our framework is de ned asesti-

matingbeliefin thegraphicalmodel. To copewith thecon-
tinuous6D parametespaceof eachlimb, thenon-Gaussian
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Figure 4: Messae Product. The head,upperarms,and upper
legs sendmessage$o the torso. Samplesfrom thesemessages
areillustratedby shaving the predictedtorsolocationwith green
balls. Thedistribution overtheorientationof thetorsois illustrated
by shaving aredball atthedistalendof thetorsofor eachsample.
While ary singlemessageespresentancertainnformationabout
thetorsopose theproductof thesemessagesghtly constrainghe
torsopositionandorientation.

conditionalsbetweennodes,and the non-Gaussiatik eli-
hood, we usea form of non-parametribelief propagation
[13, 25]. Theapproachs a generalizatiorof particle Iter -
ing [6] which allows inferenceover arbitrarygraphsrather
thana simple chain. In this generalizatiorthe “message”
usedin standardbelief propagations approximatedvith a
particle set, and the conditionaldistribution usedin stan-
dard particle Itering is replacedby a productof incom-
ing messagesets. The two formulations[13, 25 have dif-
ferentstrengthswe adoptthe PAmPAS algorithm[13] be-
causdt mapsbetterto our modelswherethe potentialsare
smallmixturesof Gaussiangandthelikelihoodsaresimple
to evaluateup to an unknavn normalization. NBP [25] is
moresuitablefor applicationswith complex potentialfunc-
tions. We usethe Gibbssamplerfrom [25] to evaluateprod-
uctsof D > 2 messages.
Themessageassingramewvorkisiillustratedin Figure4
wherethe head,upperarmsand upperlegs all sendmes-
sagedo thetorso. Thesemessagearedistributionsthatare
representedy a setof weightedsamplesasin particle I-
tering. Belief propagatiorrequiresforming the productof
theseincomingmessagesAs Figure4 shaws, the individ-
ual limbs may not constrainthe torsovery precisely The



productover all theincomingmessagekowever produces
averytight distribution overthetorsopose.
A messagen; fromnodei ! j iswritten

Z
mi (X)) = (X X)) i(Xi) mii (Xi)dXi;

k2 Ainj

where A; is the set of neighborsof nodei and ;(X;)
is the local likelihood associatedvith nodei. The mes-
sagem;; (X;) can be approximatedoy importancesam-
plingN®= (N  1)=M; timesfrom a proposalfunction
f (X), andthendoingimportancecorrection.As discussed
in [13] the N ° samplesmay be strati ed into groupswith
differentproposafunctionsf ( ), sosomeproportion gN°
of samplezomefrom theproductof all incomingmessages
A, into thenode, | N°comefrom A;nj (i.e.A; excluding
j) and sN°from animportancefunction Q;(X;) which
is in generala function of the time-stept — we usealimb
proposaldistribution basedon local image measurements
desribedn Section5. For algorithmicdetailsseg[13].

The basicalgorithm leaves openthe questionof what
proportionsto usein the strati ed samplerand what or-
der to updatethe messagesn. We use a 3-frame win-
dowed smoothingalgorithmfor our trackingresultswhere
the estimatesat time t are basedon obsenationsat times
(t 1;t;t+ 1). Thereare30nodesin thegraph(10 body
partsat eachtime-stepland94 edgeq18 betweeradjacent
bodypartswithin eachtime-stepandtwo betweereachpart
at eachconsecutre time-step). All the messagesare up-
datedin batch,andthis batchupdatetakesplace4 timesin
4 belief-propagatioriterations. For the rst iteration, the
proportionof limb proposalsampleds s = 0:50 andthis
proportionhalvesfor eachsubsequerniteration. In eachit-
erationthe proportionof samplegakenfrom the belief esti-
mateis g = 1=2(1 s) andtheremainder | aretaken
from theincomingmessag@roduct.

The algorithmmustsample evaluate andtake products
over Gaussiardistributionsde ned over SO(3) andrepre-
sentedn termsof unit quaternions.We adoptthe approx-
imation given in [4] for dealingwith rotational distribu-
tions by treatingthe quaterniondocally linearly in R* —
this approximatioris only valid for kernelswith smallrota-
tional covarianceandcanin principle suffer from singulari-
tiesif productdistributionsarewidely distributedaboutthe
sphereput we have notencounteregroblemsin practice.

5 Bottom-up Part Detectors

Occlusionof body parts, changesin illumination, and a
myriad of other situationsmay causea persontracker to
losetrack of some,or all, partsof abody. We arguethatre-
liable trackingrequiresbottom-upprocessethatconstantly

Figure5: Multi-view Eigenfeatues. We learnthecorrelationse-
tweentheprojectionsof anobjectin our®xedcameradpy concate-
natingthe four views at eachtime-stepinto a single2multi-view®
imagevector Top row: meanmulti-view head. Next threerows:
®rstthreeprincipalcomponents.

searchor body partsandsuggestheirlocationandposeto
thetracker; we call these'shouters™.

Oneexpectsshoutergo benoisyin thatthey will some-
timesfail to detectpartsor will nd spuriousparts. Fur-
thermorethey will probablynot be ableto differentiatebe-
tweenleft andright arms. Both of thesebehaiours can
be seenin Figure6a. Eventhesenoisy “guesses’provide
valuablelow-level cues,however, and our belief propaga-
tion framework is designedto incorporatethis bottom-up
informationin a principledway. As describedn Section4
we usea strati ed samplerfor the messageto graphnode
i attimet that draws somesamplesfrom an importance
function Q¢ (X ;). This importancefunctionis constructed
by the nodes shoutemprocessanddravs samplesrom lo-
cationsin posespacg3D locationandorientation)nearthe
detectedodyparts.

Multi-V iew Eigenspaces

Therearemary approaches body-partdetectionin single
or multiple images. We have implementedsimple eigen-
templatedetectordor the head,upperarms,andlowerlegs;
othershouterscould be addedasdesired.Given calibrated
training imageswith known body-partlocations,we build
a setof multi-view training images. Speci cally, we con-
structa singletraining samplefrom the four cameraviews
by concatenatingheimageregionsof the partin eachview.
We perform PCA on thesemulti-view imagesasdescribed
in [16], keeping9—40principal componentsdependingon
thedetectorwhich describeapproximately80%of thevari-
ationin thetrainingdata.Figure5 shavsthe rst few prin-
cipal component®f our headdetectomodel;eachpartde-
tectoris orientationindependent.

2This termcamefrom discussionsvith A. JepsorandD. Fleet.



Using the training datawe constructa boundingbox in
3-spacewherewe expecteachpartto appear We exploit
thefactthatthe backgrounds static,modelit usinga mix-
ture modelat eachpixel, and performstandardoreground
detection[24]. Selectingary cameraview, we examineall
foregroundpixelswithin the projectecboundingboxregion
for the given body part. Eachpixel de nes aray in 3D
andwe searchalongthis ray for matchego our orientation-
independengigen-modelrejectingary locationon theray
which doesnot projectto a foregroundpixel in every view.
For eachof the 10 mostprobable3D locationswe nd the
5 closestmulti-view matchedrom thetraining setanduse
their orientationsto construct50 candidateposesfor the
proposamixturedistribution Q. (X;).

6 Experimentsand Evaluation

Figure6a shavs theautomatidnitialization of the 3D body
model using bottom-uppart detectors. Note that we use
only detectordfor the head,upperarms,andcalfs andthat
thesedetectorareveryinaccurateWhile they givearough
3D locationandorientatiorfor thelimbs, they cannotiffer-
entiateleft from right limbsreliably. Notealsothattheright
calf wasnotdetectedFor body partswith nobottom-upde-
tector, theinitializationis random(Figure6b). After several
iterationsof belief propagationthe algorithm* nds” the
limbsandhasareasonabldistribution overthelimbs poses
(Figure6c andd). Figure7 shows the resultsof tracking
over 25 framesafterautomatidnitialization.

There are no standardperformancemetricsfor video-
basedBD humantracking.RamanamndForsyth[18] report
tracking successvhenever thereis any overlapbetweena
limb andthe groundtruth; this seemverly generousWe
proposea quantitatie evaluationof accurag basedon the
absolutedistanceof trueandestimatednarkerlocationson
thelimbs. We chosel5 markerscorrespondingoughly to
thelocationsof thejoints and“ends” of thelimbs. For each
limb we samplefrom thebeliefandcomputehenormalized
likelihoodof eachsampleto obtainaweight. Theseweights
arethenusedto computean expectedabsolutedistancein
mm for themarkersassociateavith thelimb. Theexpected
deviationsarethensummedverall de ned virtual markers
to producethe nal distance-baseérrormeasure.

Figure 8 shavs accurag of the intialization (left) and
trackingresults(right). After afew iterationsof beliefprop-
agation,the initialization error decreaseand staysstable.
We also obsenre that the error in the estimatedposein-
crease®nly slightly overthetrackingsequence.

To compareour methodagainstthe stateof the art, we
independentlymplementeda kinematictree basedtracker
thatusesannealegbarticle Itering [5]. This allows aquan-
titative performanceomparisorbetweerthe methods Our
implementationof [5] usesthe sameimagelikelihood as

Distance (mm)

i £l s E] 0 s 1 15w 3 w3«
BP Iterations Frame #

Figure8: Quantitativetracking evaluation. (left) Automaticini-
tializationerrorasafunctionof iterationsof thebelief propagation
algorithm. (right) Trackingerrorover a 50-framesequenceThe
dottedblack and dashedblue lines shav the error for the loose-
limbed methodwith and without shoutersrespectiely. The red
solid line shavs the errorfor the kinematictreemethod[5].

usedwith theloose-limbedmodelandbothtrackersareini-
tialized with the sameground-truthposeobtainedby the
motion capturesystem. As suggestedn [5] the annealing
procesaseslOlayersand200particles. Thedistanceerror
wascomputedisingthe samemarkersbut herewe sampled
from the particleset,computedhelik elihood,andnormal-
izedto obtainthe weightsusedin computingthe expected
absolutemarker distance. We found that the performance
of thetrackerwasmuchpoorerthanthatobtainedn [5] and
positthat this was dueto the more complex imagedatain
our experimentsandthe lack of contrastbetweerthe fore-
groundandbackgroundseeFigure8.

In Figure8 the performanceof theloose-limbedracker
is shovn with and without body part detectors. Due to
the stochasticnatureof the algorithms,the meanand the
standardieviation of the errorwascomputedover 10 runs.
Initially the kinematictree model appearamore accurate.
This is dueto the factthatthe “groundtruth” hasthe same
kinematic structurewhile the loose-limbedmodelis able
to deviate from that. The annealedbarticle Iter however
steadilymoves away from the groundtruth and becomes
lost. Both versionsof theloose-limbedracker outperform
thecompetingalgorithmafterthe rst threeframes.Loose-
limbedtrackingwith partdetectiorslightly outperformghe
trackerthatdoesnotrely onthepartdetectionIn mostcases
the varianceof the latteris slightly higher We predictthat
this differencewould be more signi cant if we hadbetter
partdetectors.

7 Conclusion

We presenta probabilisticmethodfor fully automatic3D
human detectionand tracking. We shawv that a “loose-
limbed” modelwith continuous-aluedparametersan ef-
fectively represent persons location and pose,and that
inferenceover sucha modelcanbetractablyperformedus-
ing belief propagatiorover particle sets. The belief prop-
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Figure 6: Automatic Initialization from bottom-up detectors. Eachrow correspondso a differentcameraview (2 of the 4 views

shavn). Theinitialization usedtwo framesbut only the ®rst frameis shavn for brevity. (a) Sampledrom the shoutemproposadistribution
(head,upperarms,calvesonly). Notice thatthey completelyfail to detectonecalf while the otheris detectedby bothleft andright calf

detectors.The upperarmsarefound but the edgeis not well determined.The headis well localized. (b) Samplesrom the full proposal
distribution. The body partsnot constrainedy shoutersaaresampledrom a uniform distribution in positionandorientation.(c) Samples
from the belief distribution after 30 iterationsof belief propagation(d) Mostlikely limb posesafter30iterations.

agationframework allows us to avoid distinguishingbe-
tweeninitialization andtracking,but insteadto usebottom-
up partdetectorgo stabilizethe motionestimationandpro-
vide “initialization” cuesatevery time-step.

The mainadwantage®f our approactare: the comple-
ity of the searchtaskis linearratherthanexponentialin the
numberof body parts; bottom-upprocessegreintegrated
at every frameallowing automaticinitialization andrecov-
ery from transienttrackingfailures;the conditionalproba-
bilities betweenlimbs in spaceandtime arelearnedfrom
training data; a novel Gibbs likelihood modelis learned
from trainingdataandmodelsconditionaldependenciese-
tweenimagemeasurementslter responsesyndforward-
backward smoothing.eitherover a time-window or an en-
tire sequenceis straightforvard. Additionally, we exploit
a novel datasetwith synchronized3D “ground truth” and

video datafor the quantitatve evaluationof performance.

We also comparedour methodwith the stateof the art as
proposedn [5].

While our preliminary resultsare promising, details of
our implementationcould be improved. We have used
simple detectorsfor the headand limbs, but we expect
thathandsandfeetwould provide valuableadditionalcues.
Other machinelearning methodssuch as AdaBoost[26],

might prove fasterand more robust thanthe eigenfeatures
we adopt. For greaterapplicability the methodmustbe ex-
tendedto usemonoculaimagedataandto allow a moving
camera.

Therearealsolimitationsimposedby our useof aloose-
limbed model. Sincewe assumedndependencef, for ex-
ample theleft andright armsconditionalon thetorsoloca-
tion, it is cumbersoméo fully avoid posesvhereonelimb
penetratesinother Theseproblemsaremucheasierto ad-
dresswith a full kinematictree body model,andtherefore
one might think of the loose-limbedmodelasan interme-
diate stagebetweenrthe bottom-uppartdetectorsanda full
kinematicmodel. The detailsandimplementatiorof sucha
schemearepostponedo futureresearch.
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