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Abstract
We presenta methodfor recovering 3D humanbody motion

from monocularvideosequencesbasedon a robust image match-

ing metric, incorporation of joint limits and non-self-intersection

constraints, and a new sample-and-re�ne search strategy guided

by rescaledcost-functioncovariances.Monocular3D bodytrack-

ing is challenging: besidesthedif�culty of matching an imperfect,

highly �exible, self-occludingmodel to cluttered image features,

realistic bodymodelshaveat least30 joint parameters subjectto

highly nonlinearphysicalconstraints, andat leasta third of these

degreesof freedomare nearly unobservablein any givenmonoc-

ular image. For image matching we usea carefully designedro-

bust cost metric combiningrobust optical �ow, edge energy, and

motionboundaries. Thenonlinearitiesand matching ambiguities

maketheparameter-spacecostsurfacemulti-modal,ill-conditioned

and highly nonlinear, so searching it is dif�cult. We discussthe

limitationsof CONDENSATION-likesamplers,anddescribea novel

hybrid search algorithm that combinesin�ated-covariance-scaled

samplingand robust continuousoptimizationsubjectto physical

constraints and model priors. Our experimentson challenging

monocularsequencesshowthatrobustcostmodeling, joint andself-

intersectionconstraints,andinformedsamplingareall essentialfor

reliablemonocular3D motionestimation.

Keywords: 3D human body tracking, particle �ltering , high-

dimensionalsearch, constrainedoptimization,robustmatching.

1 Intr oduction

Extracting3D humanmotionfrom naturalmonocularvideo
sequencesposesdif�cult modelingand computationprob-

lems:
(i) Even a minimal humanmodel is very complex, with

at least 30 joint parametersand many more body shape

ones,subjectto highly nonlinearjoint limits andnon-self-
intersectionconstraints.

(ii ) Matchinga complex, imperfectlyknown, self-occluding
model to a clutteredsceneis inherentlydif�cult. Typical

looseclothingonly complicatesmatters.

(iii ) In contrast to simpli�ed 2D approaches(Cham and
Rehg,1999;Ju et al., 1996)andthe multi-camera3D case

(Kakadiarisand Metaxas,1996; Gavrila and Davis, 1996;
Bregler and Malik, 1998; Delamarreand Faugeras,1999;

PlankersandFua,2001;DrummondandCipolla, 2001),the
estimationproblemis extremelyill-conditioned,with at least

1/3of the30+degreesof freedomremainingverynearlyun-

observablein any givenmonocularimage.Themostimpor-
tantnon-observabilitiesaremotionsof majorbodysegments

in depth(i.e. towardsor away from thecamera— theseac-
countfor 1/3 of the3D d.o.f.), but othersincluderotations

of near-cylindrical limbs abouttheir axes,andinternalmo-
tions of compoundjoints like the spineor shoulderthat are

dif�cult to observeevenwith 3D data.

(iv) In additionto beingill-conditioned,themonocularesti-

mationproblemis highly multi-modal.In particular, for any
givensetof imageprojectionsof the3D joint centers,there

aretypically somethousandsof possibleinversekinematics
solutionsfor the3D bodycon�guration1. Underany reason-

ablemodel-imagematchingcostmetric,eachkinematicso-
lutionproducesacorrespondinglocalminimumin con�gura-

tion space,andcorrespondenceambiguitiesonly compound

this numberof minima. In practice,choosingthe wrong
minimum rapidly leadsto mistracking,so reliable tracking

requiresa powerful multiple hypothesistracker capableof
�nding andfollowing a signi�cant numberof minima. The

developmentof sucha tracker is oneof the main contribu-
tions of this paper. Somemore recentwork, not reported

1For eachbodysegment,for any givendepthfor its top (innermost)end-
point, the bottomendpointcanbe alignedwith its imageprojectioneither
in a `slopedforwards' con�guration, or in a `slopedbackwards' one. A
full body modelcontainsat least10 main body segments,andhencehas
at least �����	��
����� possibleinversekinematicssolutions(setsof for-
wards/backwardssegmentcon�gurations). SeeLee andChen(1985)and
theempiricalcon�rmationsin SminchisescuandTriggs(2002a,b).

1



here,furtherenhancestrackingreliability by explicitly enu-
meratingthepossiblekinematicminima(Sminchisescuand

Triggs,2003).
Also note that thesefour dif�culties interactstrongly in

practice. For example,minor modelingor matchingerrors
tendto leadto largecompensatorybiasesin hard-to-estimate

depth parameters,which in turn causemis-predictionand

trackingfailure.Hence,we believe thata successfulmonoc-
ular 3D body tracking systemmust pay attentionto all of

them.

Organisation: � 1.1discussesseveralexisting approaches

to humanarticulartracking,explainingwhy we believe that
they are not suitable for the dif�cult 3D-from-monocular

caseand informally motivating our new tracker. � 2 brie�y
describesour 3D body model, which includesfull 3D oc-

clusion prediction, joint angle limits and body non-self-
intersectionconstraints. � 3 discussesour robust model-

imagematchingframework, which combinesrobustoptical

�o w, edgeenergy, and motion boundaries. � 4 detailsour
hybrid search/ tracking scheme,which combinesa mix-

ture densitypropagationtracker with carefully shapedcost-
sensitive sampling,with robust constraint-respectinglocal

optimization. � 5 brie�y describesthe local optimization
schedulewe useto �nd initial 3D body posesand internal

bodyproportionsfrom model/imagejoint correspondencein-
put. � 7 detailssomeexperimentson challengingmonocular

sequences.Theseillustratetheneedfor eachof robustcost

modeling, joint and self-intersectionconstraints,and well-
controlledsamplingpluslocal optimization.We endthepa-

perwith discussionsof theeffect of thesamplingregimeon
searchef�ciency ( � 7) andapproximationaccuracy ( � 8), and

ideasfor futurework.

1.1 High-DimensionalTracking Strategies

Locatinggoodposesin a high-dimensionalbodycon�gura-

tion spaceis intrinsically dif�cult. Threemain classesof
searchstrategiesexist: local descentincrementallyimproves

an existing estimate,e.g. using local Newton strategies to
predict good searchdirections (Bregler and Malik, 1998;

Rehg and Kanade,1995; Kakadiarisand Metaxas,1996;

WachterandNagel,1999); regular sampling evaluatesthe
costfunctionat a prede�nedpatternof pointsin (a sliceof)

parameterspace,e.g. a local rectangulargrid (Gavrila and
Davis, 1996); and stochastic sampling generatesrandom

samplingpoints accordingto somehypothesisdistribution
encoding“goodplacesto look”, e.g. (Deutscheret al., 2000;

Sidenbladhet al., 2000). Denselysamplingthe entire pa-
rameterspacewould in principleguaranteea goodsolution,

but it is infeasiblein morethan2–3 dimensions.In 30 di-
mensionsany feasiblesamplemustbeextremelysparse,and

hencelikely to misssigni�cant costminima. Local descent

doesat least�nd a local minimum, but with multimodality
there is no guaranteethat the globally most representative

onesarefound. Whichever methodis used,effective focus-
ing is thekey to high-dimensionalsearch.This is an active

researcharea(Deutscheret al., 2000;HeapandHogg,1998;
ChamandRehg,1999;Merweet al., 2000),but no existing

methodcanguaranteeglobalminima.

During tracking the search method is applied time-

recursively, the startingpoint(s) for the currentsearchbe-
ing obtainedfrom the resultsat theprevious time step,per-

hapsaccordingto somenoisydynamicalmodel. To the(of-
ten limited!) extent that thedynamicsandthe imagematch-

ing costarestatisticallyrealistic,Bayes-law propagationof

a probability densityfor the true stateis possible. For lin-
earizedunimodaldynamicsand observation modelsunder

leastsquares/ Gaussiannoise,thisleadsto ExtendedKalman
Filtering. For likelihood-weightedrandomsamplingunder

generalmultimodaldynamicsandobservationmodels,boot-
strap�lters (Gordonetal.,1993;GordonandSalmond,1995)

or CONDENSATION (Isard and Blake, 1998) result. In ei-
ther casevarious model parametersmust be tuned and it

sometimeshappensthat physically implausiblesettingsare
neededfor acceptableperformance. In particular, to con-

trol mistrackingcausedby correspondenceerrors,selection

of slightly incorrectinversekinematicssolutions,andsimi-
lar model identi�cation errors,visual trackersoften require

exaggeratedlevelsof dynamicalnoise. The problemis that
evenquiteminor errorscanpull thestateestimateasubstan-

tial distancefrom its truevalue,especiallyif they persistover
severaltime steps.Recoveringfrom suchanerrorrequiresa

statespacejump greaterthanany thata realisticrandomdy-
namicsis likely to provide,whereasusinganexaggeratedly

noisydynamicsprovidesaneasilycontrollabledegreeof lo-

cal randomizationthatoften allows themistrackedestimate
to jump backonto the right track. Boostingthe dynamical

noisedoeshave the sideeffect of reducingthe information
propagatedfrom pastobservations,andhenceincreasingthe
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local uncertaintyassociatedwith eachmode. But this is a
small penaltyto pay for reliable tracking lock, and in any

casethe lossof accuracy is often minor in visual tracking,
whereweakdynamicalmodels(i.e. short integrationtimes:

most of the stateinformationcomesfrom currentobserva-
tionsanddynamicaldetailsareunimportant)arecommon.

In summary, in multi-modal problems, sample based

Bayesiantrackersoftenget trappedinto following incorrect
local minima, andsomeform of explicit local (but not too

local!) searchmustbeincludedto rescuethem.For trackers

operatingin this “memorylessstepandsearch”regime, the
machineryof Bayes-law propagationis super�uous— the

dynamicalmodelis not correctin any case— andit is sim-
pler to think in termsof sequentiallocal searchratherthan

trackingandnoisydynamics.It seemsthatmany, if notmost,
existingBayesiantrackersin visionoperateessentiallyin this

regime, and the currentpaperis no exception. Hence,we
will assumeonly weakzerothorderdynamicalmodelsand

usethe languageof searchratherthantracking. But this is

largelya matterof terminology, andmoreelaboratedynami-
cal modelsaretrivial to incorporateif desired.

Many existinghumantrackerssilently in�ate thedynami-

calnoiseasa localsearchmechanism,e.g. (ChamandRehg,
1999;HeapandHogg,1998;Deutscheret al., 2000).But in

eachof thesepapers,it is only onecomponentof theoverall
searchstrategy. Therandomizationprovidedby noisein�a-

tion is an effective searchstrategy only for relatively low-
dimensionalproblems,wherethesamplescancover thesur-

roundingneighborhoodfairly densely. In high dimensions,
volumeincreasesveryrapidlywith radius,soany samplethat

is spreadwidely enoughto reachnearbyminima mustnec-

essarilybe extremelysparse.Hence,the samplesaremost
unlikely to hit the small coreof low cost valuessurround-

ing anotherminimum: if they fall into its basinof attrac-
tion at all, they aremuch more likely do so at a high cost

point,simplybecausehighcostpointsarefarmorecommon.
This is fatalfor CONDENSATION-styleweightedresampling:

high cost points are very unlikely to be resampled,so the
new minimum is almostcertainto be missedeven though

anindependenttrackstartedat thesamplewould eventually

condenseto theminimum. Themoral is that in high dimen-
sions,randomsamplingalonedoesnot suf�ce: someform

of local optimizationof the samples,or at leasta delayed
decisionaboutwhetherthey are viable or not, is essential

to prevent mistracking. ChamandRehg(1999);Heapand
Hogg(1998)andthecurrentwork useexplicit descent-based

localoptimizationfor this,while (Deutscheretal.,2000)use
a simulatedannealinglike process(which is usuallylessef-

�cient, althoughbetteralignedwith thepoint-basedsample-
and-evaluatephilosophyof pureparticletracking).

The 3D-from-monocularproblem has characteristicill-
conditioning associatedwith depth degrees of freedom,

whereastransversedegreesof freedomaredirectly observ-
ableandhencerelatively well conditioned.It alsohaslarge

numbersof kinematic local minima relatedby motions in
depth, in addition to the minima in transversal directions

producedby correspondenceambiguities.Hence,we would

like to ensurea thorough,perhapsevenapreferential,search
along the hard-to-estimatedepthdegreesof freedom. The

problemis thatthetwo setsof directionshave verydifferent
propertiesandscales.Preciselybecausethey havesuchsim-

ilar imageappearances,relatedkinematicminimamaycause
confusionevenif they areseparatedby signi�cant distances

in parameterspace,whereasfalse-correspondenceminima
only causeconfusionif they arerelatively nearby. In other

words,thenaturalmetricfor trackerconfusion— andhence

for thesamplingdistribution of therandomizedlocal search
— is perceptualimagedistance,not parameterspacedis-

tance. This holdsnotwithstandingthe fact that large jumps
in con�guration(depth)areimprobableundernaturalhuman

dynamics:thetrackermayhavebeengraduallymisleadover
a periodof time, andit is essentialthat it shouldbe ableto

jump farenoughto recoverbeforetrackingfailsentirely2.

This suggeststhatwe needto in�ate thedynamicalnoise

preferentiallyalongthe depthdirections. But thesedepend
stronglyon wherethemodelis viewedfrom, sono constant

(con�guration or camera-positionindependent)noisein�a-
tion suf�ces here. The simplestway to adaptthe noiseto

the con�guration/camera-positionis to estimatethe covari-
anceof the posteriorlikelihoodandusethis for noisescal-

ing. (In fact, we advocatein�ating the prior covariance—

thepreviousposteriorafterdynamicswith physicallyrealis-
tic noiselevels— i.e. thereshouldbebothrealisticdynamics

andsomedegreeof deliberaterandomsearch).Evaluating

2Ideally, asubsequentsmoothingprocesswouldpushthecorrective jump
backin time to wheretheerror �rst occurred(wherethe jump presumably
becomessmall). But whetheror not this is done,the likelihoodpenaltyfor
following an incorrectpatharbitrarily far forwardsin time is likely to be
greaterthanthatfor any singlecorrective jump,badasthis maybe.
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covariancesmight beburdensomein a conventionalparticle
trackingframeworkwhereweonlyhadpointsamplesof like-

lihoods,but we have alreadyseenthat someform of local
re�nementof thesamplesis practicallyessentialin high di-

mensions,andef�cient local optimizersrequire(andin the
caseof quasi-Newtonstylemethods,evenprovide) informa-

tion equivalentto covarianceestimates.

The emphasizehow much differencecovariancescaling
can make, considerthe 32d.o.f. cost spectrumin �g. 5 on

page12,which hasa 2000:1rangeof principalstandardde-
viations. For in�ation largeenoughto doublethe sampling

radiusalong the most uncertaindirection (e.g., for a mod-

estsearchfor local minimaalongthis costvalley), a scaling
basedon uniform dynamicalnoisewould producea search

volume ������� times larger than that of our prior-basedone,
andan overwhelmingfractionof thesesampleswould have

extremelyhigh costand imagesimplausiblydifferent from
the sourceimage(seealso�g. 1 on page6). Suchwastage

factorsareclearlyuntenable.In practice,samplersbasedon
in�ating non-covariance-baseddynamicalnoisessimply can

not sampledeeplyenoughalongthemostuncertain(depth)

directionsto �nd the local minima there,andfrequentmis-
trackingis theresult.

Finally, given that we are including a componentof
covariance-scaledbut in�ated noise expressly as a local

searchmechanism,whatkindsof noisedistributionswill give

themostef�cient search?Basically, we needto keepa rea-
sonablylargeproportionof thesamplesfocusedon thecur-

rent track, while scatteringthe othersfairly widely in the
hopeof �nding othergood tracks. Also, volume increases

veryrapidlywith radiusin highdimensions,so(evenwith lo-
cal optimization)wecannothopeto sampledenselyenough

to provideeffectivesearchcoverageat largein�ation factors.
It is preferableto choosea moderatein�ation level, even

thoughthis only providesaccessto relatively nearbylocal

minima.

In summary, owing to its high dimensionalityand the

ill-conditioning and multi-modality associatedwith unob-
servabledepthdegreesof freedom,we believe that reliable

3D-from-monocularhumanbody tracking requiresdeliber-

atesampling(or someotherform of localsearch)in a region
shapedby, but signi�cantly largerthan,thelocalstatecovari-

ance,followed by local optimizationof the samplesbefore
any resamplingstep.

1.2 Previous Work

Below we will compareour methodto severalexistingones,
which we brie�y summarizeherewithout attemptinga full

literature review. 3D body tracking from monocularse-

quencesis signi�cantly harderthan 2D (Cham and Rehg,
1999;Ju et al., 1996)or multi-camera3D (Kakadiarisand

Metaxas,1996; Gavrila andDavis, 1996; Bregler andMa-
lik, 1998;DelamarreandFaugeras,1999;PlankersandFua,

2001;DrummondandCipolla, 2001)tracking,andsurpris-
ingly few works have addressedit (Deutscheret al., 2000;

Sidenbladhetal.,2000;WachterandNagel,1999;Gonglaves
et al., 1995;Howeet al., 1999;Brand,1999).

Deutscheretal. (2000)usesasophisticated̀annealedsam-

pling' strategy anda cross-over operator(Deutscheret al.,
2001) to speedup CONDENSATION. He reportsvery good

resultsfor unconstrainedfull-body motion,but for his main
sequenceheuses3 camerasanda blackbackgroundto limit

theimpactof thealternativeminimaproducedby clutterand
depthambiguities. Sidenbladhet al. (2000) usesa similar

importancesamplingtechniquewith a stronglearnedprior
walkingmodelor adatabaseof motionsnippets(Sidenbladh

et al., 2002)to tracka walking personin anoutdoormonoc-

ular sequence. Subsequentwork (Sidenbladhand Black,
2001)integrates�o w, edgeandridgecuesusingLaplacelike

errordistributionslearnedfrom trainingdata,andshows im-
provedupperbody trackingfor a subjectperformingplanar

motionin a clutteredscene,acquiredwith a moving camera.
Our currentmethodusesno motion model— we optimize

staticposes— but it is true that whenthey hold, prior mo-
tion modelsarevery effective trackingstabilizers.It is pos-

sible,but expensive, to trackusinga bankof motionmodels

(Blake et al., 1999).Partitionedsampling(MacCormickand
Isard, 2000) is anothernotablesamplingtechniquefor ar-

ticulatedmodels,undercertainlabelingassumptions(Mac-
CormickandIsard,2000;Deutscheret al., 2000).

Several authorsaddressthe dif�culty that the sampling-
basedsearchesof pure particle �ltering converge rather

slowly to modes(Pitt andShephard,1997;HeapandHogg,
1998; Cham and Rehg, 1999; Merwe et al., 2000; Choo

andFleet,2001),especiallywhentheobservationlikelihood

peaksdeepin the tail of the prior. This is especiallyprob-
lematic in high dimensions,whereprohibitively long sam-

pling runs are often requiredfor convergence. Heap and
Hogg (1998);ChamandRehg(1999);Merwe et al. (2000)
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all combineCONDENSATION-stylesamplingwith eitherlo-
cal optimizationor Kalman �ltering, while Pitt and Shep-

hard(1997)samplesdiscretelyusingthecurrentobservation
likelihood (and not the transitionprior). The visual track-

ers of Heapand Hogg (1998) andChamand Rehg(1999)
combineCONDENSATION-stylesamplingwith least-squares

optimization,but they only considerthe simpler(andmuch

better conditioned)caseof 2D tracking. Cham & Rehg
combinetheir heuristic2D ScaledPrismaticModel (SPM)

body representationwith a �rst order motion model and a
piecewiseGaussianresamplingmethodfor theCONDENSA-

TION step.TheGaussiancovariancesareestimatedfrom the
Gauss-Newton approximationat the �tted optima3, but the

searchregionwidthsarecontrolledby thetraditionalmethod
of addinga largedynamicalnoise((ChamandRehg,1999)

section3.2).
Choo and Fleet (2001) use a stick model (without any

shapemodel) for which 3D-2D joint to image correspon-

dencesfrom motion capturedataareavailableandpropose
a (gradient-based)Hybrid MonteCarlosamplerthat is more

ef�cient than (point-based)CONDENSATION. The method
providesmoreef�cient localdescenttowardstheminima,but

it is still proneto trappingin sub-optimallocalminima.
WachterandNagel(1999)usearticulatedkinematicsanda

shapemodelbuilt from truncatedcones,andestimatemotion
in a monocularsequence,usingedgeandintensity (optical

�o w) informationusinganextendedKalman�lter . Anatomi-

caljoint limits areenforcedatthelevelof the�lter prediction,
but notduringtheupdatestep,wherethey couldbeviolated.

They show experimentsin anunconstrainedenvironmentfor
a subjectwearingnormalclothing, trackingmotion parallel

with the imageplaneusing articulatedmodelswith 10-15
d.o.f.

Both Brand(1999)andHowe et al. (1999)pose3D esti-
mationasa learningand inferenceproblem,assumingthat

someform of 2D tracking(stick 2D modelpositionsor sil-
houettes)is availableover anentiretime-series.Howe et al.

(1999)learnGaussiandistributionsover short“snippets”of

observedhumanmotiontrajectories,thenusetheseaspriors

3Thecovarianceestimatesof nonlinearleast-squaresoptimizersasused
by (Heap and Hogg, 1998; Cham and Rehg, 1999) are not robust to
model/imagematchingerrorsand incorrect(i.e. biased)for naturalimage
statisticsthat have highly non-Gaussianshapewith high kurtosisandlong
tails (ZhuandMumford,1997;SidenbladhandBlack,2001).Weuseanob-
servationlikelihoodandarobustlocalcontinuousoptimizerbasedonheavy
tail errordistributions(see� 3.1and � 4.1) to addresstheseproblems.

Figure2: Differentbody modelsusingfor tracking(a,b,c).

In (c) thepredictionerrorsfor amodelcon�gurationarealso
plotted(per node,for a contourandintensitycostfunction,

seetext).

in anEM-basedBayesianMAP framework to estimatenew

motions. Brand (1999) learnsa HMM with piecewise lin-
earstatesandsolvesfor theMAP estimateusinganentropy

minimization framework. As presented,thesemethodsare
basicallymonomodalsothey cannotaccommodatemultiple

trajectoryinterpretations,andthey alsorely heavily on their
learned-priortemporalmodelsto stabilizethetracking.Nev-

ertheless,they provideapowerful higher-level learningcom-

ponentthat is complementaryto the framework proposedin
this paper.

2 Human Body Model

Our humanbody model(�g. 2a,b,c)consistsof a kinematic

`skeleton' of articulatedjoints controlledby angularjoint
parameters ��� , coveredby `�esh' built from superquadric

ellipsoidswith additionaltaperingand bendingparameters

(Barr, 1984). A typical modelhasaround30 joint parame-
ters,plus8 internal proportion parameters��� encodingthe

positionsof the hip, clavicle andskull tip joints, plus 9 de-
formable shapeparametersfor eachbodypart,gatheredinto

a vector ��� . A completemodelcanbe encodedasa single
largeparametervector ���
	��

��
���

�
�

��� . During trackingwe

usuallyestimateonly joint parameters,but during initializa-
tion the most importantinternalproportionsandshapepa-

rametersarealsooptimized,subjectto a soft prior basedon

standardhumanoiddimensionsobtainedfrom Group(2002)
andupdatedusingcollectedimageevidence.This modelis

far from photorealistic,but it suf�ces for high-level inter-
pretationandrealisticocclusionprediction,offering a good
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Figure1: (a) Typical parameterspaceminimadistribution measuredwith respectto anarbitraryminimum. Notice that the

minima are far from eachother in parameterspaceso wide samplingis necessaryto �nd them. However, boostingthe

dynamicsby samplingfrom thetransitionprior (asin particle�ltering) leadsto inef�ciencies (b).

Model Contour

Model based search lines

Target Contour

Figure3: Examplesof our robust low-level featureextraction: original image(a), motion boundaries(b), intensity-edge

energy (c), robust horizontal�o w �eld (d) andthe model-basededgematchingprocess(e). Multiple edgematchesfound
alongindividualsearchlines(modelprojectedcontournormals)arefusedusingaprobabilisticassignmentstrategy (seetext).

trade-off betweencomputationalcomplexity andcoverage.

The modelis usedasfollows. Superquadricsurfacesare
discretizedasmeshesparameterizedby angularcoordinates

in a 2D topologicaldomain.Meshnodes� � aretransformed
into 3D points �

�
���

�
	 �

� and then into predictedimage

points �
�

���
�

	��
� using compositenonlineartransforma-

tions:

�
�

	 �
�

��� 	��
�

	 �
� �

��� 	�� 	 �
� �

�
� �	�

	 ���
�

�
� � � � (1)

where
�

representsa sequenceof parametricdeformations

that constructthe correspondingpart in its own reference

frame,� representsachainof rigid transformationsthatmap
it throughthekinematicchainto its 3D position,and � rep-

resentsperspective imageprojection.During modelestima-
tion, robust prediction-to-imagematchingcost metricsare

evaluatedfor eachpredictedimagefeature� � , andtheresults

are summedover all featuresto producethe imagecontri-
bution to theoverall parameterspacecostfunction. We use

bothdirectimage-basedcostmetricssuchasrobusti�ed nor-
malizededgeenergy, andextractedfeaturebasedones.The

latter associatethe predictions�
� with oneor morenearby

imagefeatures
�
� (with additionalsubscriptsif therearesev-

eralmatches).Thecostis thena robust functionof thepre-

diction errors���
�

	��
�

�
 �
���

�
�

	 �
� .

3 ProblemFormulation

We aim towardsa probabilistic interpretationand optimal
estimatesof the modelparametersby maximizing the total
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probabilityaccordingto Bayesrule:

�

	���� 
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 	 ��
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�

	 � � (2)

where
�

	 
� � � � � is the costdensityassociatedwith theobser-

vation of node � and �

	 � � is a prior on model parameters.

In ourMAP approach,wediscretizethecontinuousproblem
andattemptto minimize the negative log-likelihoodfor the

total posteriorprobability, expressedas the following cost
function:

�

	�� � � ������� 	

�

	 
��� � �

�

	 � � � (3)

� �������

�

	 
��� � � �������
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	�� � �

���

	�� ���

�! 

	�� � (4)

3.1 Observation Lik elihood

Whethercontinuousor discrete,thesearchprocessdepends

critically on theobservationlikelihoodcomponentof thepa-
rameterspacecostfunction. Besidessmoothnessproperties,

thelikelihoodshouldbedesignedto limit thenumberof spu-

riouslocalminimain parameterspace.Ourmethodemploys
a combinationof robust edgeand intensity informationon

top of a multiple assignmentstrategy basedon a weighting
schemethat focusesattentiontowards motion boundaries.

Our likelihood term is also basedon robust (heavy-tailed)
error distributions. Note that both robustly extractedimage

cuesandrobustparameterspaceestimationareused:thefor-
mer provides “good featuresto track”, while the latter di-

rectlyaddressesthemodel-imageassociationproblem.

Robust Err or Distrib utions: Robust parameterestimation

can be viewed as the choiceof a realistic total likelihood
model for the combinedinlier and outlier distributions for

the observation. We model the total likelihood in termsof
robust radial terms "

� , where "
�

	�#
� can be any increasing

function with "
�

	 �
�

� � and �

�%$

"
�

	 �
�

� &

')(

. Thesemodel

errordistributionscorrespondingto acentralpeakwith scale
* , anda widely spreadbackgroundof outliers + . Herewe

usedthe`Lorentzian' " � 	�#
�

*

�
�,+

�����
	 �

�

$

')(

�
and`Leclerc'

" � 	�#
�

*

�
�-+ 	 �

�
�.��
�	

�

$

'
(

� �
robusterrorpotentials.

Thecostfor theobservation � , expressedin termsof corre-
spondingmodelpredictionis

�

	



� �/� �
�

� 0

1

&

�32

� 	 �
�
, where4

is thetotal numberof modelnodes,5 � is apositivede�nite
weightingmatrix associatedto theassignment� , and:

�

�
	 �

�
�

67

8

79

0

:

" � 	<; � � 	 �
�

5 �=; � � 	 �
�/> �

if � is assigned
+�?A@ �,+ if back-facing

+

�/BCB

�,D�+
�

DFE � if occluded

(5)

Therobustobservationlikelihoodcontribution is thus:

� �

	 � � � �������

�

	 
��� � �
(6)

�

�

�	 � ��� 4G?A@H+�?<@ � 4

�IBCB

+

�/BCB

(7)

where
�

�	�� �
representsthe term associatedwith the image

assignedmodelnodes,while 4

�/BCB

and 4J?<@ arethenumbers

of occludedandback-facing(self-occluded)modelnodes.
Noticethatoccludedmodelpredictionsarenot simply ig-

nored.They contributea constantpenaltyto theoverall ob-
servationlikelihood.This is necessaryin orderto build like-

lihoodsthat preserve their responsepropertiesunderocclu-
sionandviewpointchange.For instance,good�ts from both

frontal andsideviews shouldideally have similar peakre-
sponses,but it is clear that the numberof occludedmodel

pointsis in generallargerin asideview thanin afrontalone.

This canleadto down-weightingof peaksfor sideviews if
only thevisible nodesaretaken into account.An additional

dif�culty arises,for example,in caseswherethe legs pass
eachother(in a side-view) andthemodel`locks' bothof its

legsontothesameimageleg. To avoidsuchsituations,wein-
cludeall of themodelnodeswhenfusingthelikelihood,but

we slightly penalizeoccludedonesin order to make them
lessattractive. A way to choosethe occlusionpenalty + is

to �t themodelto thedataandcomputeanapproximateer-

ror per node. By usinga slightly highervaluefor occluded
nodes,we make themmoreattractive thana bad�t but less

attractive thanothernon-occludedstatesthatcanexist in the
neighborhoodof the parameterspace.We �nd this heuris-

tic gives good resultsin practice4, althougha more rigor-
oustreatmentof occlusionwould bedesirablein thegeneral

case.At present,this is computationallytoo expensive, but
interestingapproximationscanbefoundin MacCormickand

Blake (1998).

CueIntegration and AssignedImageDescriptors: Weuse

both edgeand intensity featuresin our cost function (see
Sminchisescu(2002b) for details). For edges,the images

aresmoothedwith a Gaussiankernel,contrastnormalized,
andaSobeledgedetectoris applied.For intensities,arobust

multi-scaleoptical�o w methodbasedonBlackandAnandan
(1996)implementationgivesbotha �o w �eld andanassoci-

atedoutlier map(see�g. 3b). The outlier mapis processed
4This is particularly effective when combinedwith the Covariance

ScaledSampling(CSS)algorithmpresentedin � 4. Lossof visibility of cer-
tainbodypartsleadsto increaseduncertaintyin relatedparameters,andCSS
automaticallyensuresbroadersamplingin thoseparameterspaceregions.
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similar to edges,to obtaina smooth2D potential�eld �

 

.
It conveys useful informationaboutthe motion boundaries

andis usedto weight thesigni�canceof edges(see�g. 3b).
We typically usediagonalweighting matrices 5 � , associ-

atedwith thepredictedfeature� � andcorrespondingmatched
observation 
� � , of theform 5 � 	 � � � � � � D��

 

	 
� � � , where D

is aconstantthatcontrolstheemphasisandcon�dencein the

motionboundaryestimation.(Thesmoothedmotionbound-
ary imageis a real imagewith valuesbetween0 and1 asin

�g. 3b. For instance,D � � will weight all the edgesuni-
formly, while D � � will entirelyexcludetheedgeresponses

thatarenotonmotionboundaries).In practice,wefoundthat
valuesof D in therangeD � ����� –��� � workedwell. For visi-

blenodesonmodeloccludingcontours( � ), weperformline
searchalongthenormalandretainall possibleassignments

within the searchwindow (see�g. 3e), weighting them by
their importancequali�ed by themotionboundarymap 5 .

For visible modelnodeslying insidethe object(� ), we use

thecorrespondence�eld derivedfrom therobustoptical�o w
at theircorrespondingimageprediction.Thisactsasa resid-

ualmeasurementerrorateachvisiblemodelnode(seeSmin-
chisescu(2002b)for details).Theassigneddataterm(6) thus

becomes:

�

�	 �
�

�

�

�

	

��
������
����

" �

�

	 ��� �

�

	 �
�

5 �

�

� � �

�

	 �
��� �

(8)

�

�

�

	

�


��

"

�

@

	 ���

�

@

	��
�

5

�

@

���

�

@

	��
�

�
� (9)

wherethesubscripts“ �
� ” denotemultiple edges�

� assigned

to modelprediction� , and“ �
@ ” denotethe�o w termassigned

to modelprediction� .

3.2 Model Priors

Thecompleteprior penaltyover modelparametersis a sum
of negativelog likelihoods

�  

�

�

��� �

�

$
�

�! 

� corresponding

to thefollowing prior densities�

� � , �

$ , �

 

� :

Anthr opometric data �

� � : The internalproportionsfor a

standardhumanoid(basedon statisticalmeasurements)are
collectedfrom (Group,2002)andusedeffectively asaGaus-

sian prior, �

� � �"! 	$#

� �

� %
���

�
, to estimatea concrete

modelfor thesubjectto be tracked. Left-right symmetryof
thebodyis assumed:only “one side” of theinternalpropor-

tions parametersareestimatedwhile collectingimagemea-
surementsfrom theentirebody.

Parameter stabilizers �

$ : Certainmodelingdetailsarefar
moreimportantthanonemight think. For example,it is im-

possibleto trackcommonturningandreachingmotionsun-
lesstheclavicle jointsin theshoulderaremodeledaccurately.

However, theseparametershave fairly well de�ned equilib-
rium positionsandleaving themunconstrainedwould often

lead to ambiguitiesthat producenearly singular(�at) cost

surfaces.We control thesehard-to-estimateparameterswith
long-tailed“sticky prior” stabilizersscalingtheir Gaussian

equilibria, �

$ �&! 	$#

$

� %

$

�
. This ensuresthat in the ab-

senceof strongobservations,theparametersareconstrained

to lie neartheirdefaultvalues,whereasstrongerobservations
can“unstick” themfrom thedefaultsandeffectively turnoff

theprior.

Anatomical joint anglelimits ' ?$( : 3D consistency requires

that the valuesof joint anglesevolve within anatomically
consistentintervals. Also, when estimatinginternal body

proportionsduringinitialization,we ensurethatthey remain
within a certain rangeof deviation from the standardhu-

manoid (typically ���*) ). We model this with a set of in-
equalitiesof theform '

?+(-,
�/. � , where'

?$( is a `box-limit'

constraintmatrix.

Body part interpenetration avoidance �

 

� : Physicalcon-

sistency requiresthat differentbody partsdo not interpene-
trateduringestimation.We avoid this by introducingrepul-

sive potentialsthatdecayrapidly outsidethesurfaceof each
body part,

�
 

� � �	��
 	
�

�

	 �
�

�

�

	 �
�

�

 10

0

�
, where

�

	 �
�

. �

de�nestheinterior of thepartand� controlsthedecayrate.

3.3 Distrib ution Representation

Werepresentparameterspacedistributionsassetsof separate
modes2 �4365 , eachhaving anassociatedoverallprobabil-

ity, meanandcovariancematrix 2�� � 	�7 �
�98

�
�;:

�
�
. These

canbeviewedasGaussianmixtures.Cham& Rehg(Cham

andRehg,1999)alsousemultipleGaussians,but they hadto
introducea specialpiecewise representationastheir modes

seemto occurin clustersafteroptimization.We believe that
this is anartifactof theircostfunctiondesign.In ourcase,as

the modesarethe resultof robust continuousoptimization,

they are necessarilyeither separatedor confounded. Our
3D-from-monocularapplicationalsorequiresa moreeffec-

tive samplingmethodthan the 2D oneof ChamandRehg
(1999),asexplainedin � 4.2.
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3.4 Temporal Propagation

Equation2 re�ects the searchfor the model parametersin

a static image,underlikelihoodtermsandmodelpriors but
without a temporalor initialization prior. For temporalob-

servations��� ��� 
�

0

� 
�

:

� � � � 
����� , andsequenceof states�	� �

� �

0

� �

:

� � � � �
��� , theposteriordistribution over modelparam-

etersbecomes:

�

	 �
�.� ��� � �

�

	 
���	� �
� �

�

	��
� ����������

�

	��
�.� �
�

0

0

�

�

	 �
�

0

0

� ���

0

0

�

(10)

where�

	 � � � � �

0

0

� is a dynamicalprior and �

	 � �

0

0

� � �

0

0

� is
the prior distribution from � � � . Togetherthey form the

temporalprior �

	�� � � � �

0

0

� for initializing the static image
search(2)5.

4 Search Algorithm

Our parametersearchtechniquecombinesrobustconstraint-

consistentlocal optimization with a more global discrete

samplingmethod.

4.1 Mode Seekingusing Robust Constrained
ContinuousOptimization

The cost function is a negative log likelihood. In order to

optimizeasample� to �nd thecenterof its associatedlikeli-
hoodpeak,we employ an iterative secondorderrobustcon-

strainedlocal optimizationprocedure.At eachiteration,the
log-likelihoodgradientsandHessiansof theobservationsand

thesoft priors6 areassembledfrom (3):

�

���

�

�

�

�

�

�

���

�

� � ���

�

$
���

�! 

� (11)

�

���

:

�

�

�

:

�

�

�

���

:

�

� � ���

:

�

$
���

:

�! 

� (12)

For local optimizationwe usea secondorder trust region
method,wherea descentdirectionis chosenby solving the

5In practice,atany giventimestepwework onanegative log-likelihood
`energy' function that is essentiallystatic,beingbasedon both the current
observation likelihoodandtheparameterspacepriors,asin (3) on page7.
Thesamplesfrom thetemporalprior �! #"%$'& (

$*)

�,+

areusedasinitialization
seedsfor local energy minimization. Thedifferentminima foundwill rep-
resentthecomponentsof theposteriormixturerepresentation.

6`Soft' meansthatthesetermsarepartof thecostsurface,whereas̀hard'
constraintssuchasjoint limits restrictthe rangeof variationof their corre-
spondingparameters.
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Figure 4: (a) Displacedminimum due to joint limits con-

straints,(b) Joint limits without body non-self-intersection
constraintsdonotsuf�ce for physicalconsistency.

regularizedsubproblem(Fletcher,1987):

	

�

��- 5 �%. � � �

� subjectto ' ?+( , �/. � (13)

where 5 is a symmetricpositive de�nite dampingmatrix

and
-

is a dynamicallychosenweightingfactor. Joint limits
' ?$( arehandledashardboundconstraintsin the optimizer,

by projectingthegradientontothecurrentlyactive (i.e. cur-
rently unlimited)variables.Thejoint constraintschangethe

characterof the cost function andthe minima reachedvery
signi�cantly. Fig.4 plotsa 1D slice throughtheconstrained

costfunctiontogetherwith a secondorderTaylor expansion
of the unconstrainedcost. Owing to the presenceof the

bounds,thecostgradientis nonzero(orthogonalto theactive

constraints)at theconstrainedminimum. Theunconstrained
costfunctionis smooth,but theconstrainedonechangesgra-

dient abruptlywhena constraintis hit, essentiallybecause
the active-setprojectionmethodchangesthe motion direc-

tion to maintaintheconstraint.

4.2 CovarianceScaledSampling

Although representationsbased on propagatingmultiple
modes,hypothesesor samplestend to increasethe robust-

nessof model estimation, the great dif�culty with high-
dimensionaldistributions is �nding a sampleableproposal

densitythat often hits their typical sets— the areaswhere

mostof their probabilitymassis concentrated.Herewe de-
velop a proposaldensitybasedon local parameterestima-

tion uncertainties7. The local sampleoptimizationsgive us

7Relatedvariablemetricideascanbefoundin globaloptimization,in the
context of continuousannealing(VanderbiltandLouie,1984)andhavebeen
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not only local modes,but alsotheir (robust,constraintcon-
sistent)Hessiansandhenceestimatesof the local posterior

parameterestimationuncertaintyat eachmode8.

The main insight is thatalternative costminimaaremost
likely to occur along local valleys in the cost surface, i.e.

along highly uncertaindirectionsof the covariance. It is
alongthesedirectionsthat cost-modelingimperfectionsand

noise,and3D nonlinearitiesandconstraints,have the most
likelihoodof creatingmultiple minima,asthecostfunction

is shallowestandthe3D movementsarelargestthere. This

is particularlytrue for monocular3D estimation,wherethe
covarianceis unusuallyill-conditioned owing to the many

poorly observable motion-in-depthd.o.f. Someexamples
of suchmultimodal behavior along high covarianceeigen-

directionsaregiven in �g. 7. Also, it is seldomenoughto
sampleat thescaleof theestimatedcovariance.Samplesat

this scalealmostalwaysfall backinto the samelocal mini-
mum,andsigni�cantly deepersamplingis necessaryto cap-

ture nearbybut non-overlappingmodeslying furtherup the

valley9. Hence,we sampleaccordingto rescaledcovari-
ances,typicallyscalingbyafactorof 8 orso.Finally, onecan

sampleeitherrandomly, or accordingto a regularpattern10.
For theexperimentsshowedhere,we userandomsampling

usingCSSwith Gaussiantails. Fig.6 summarizestheresult-
ing covariance-scaledsearchmethod.

Giventheexplanationsabove,wemustimplementthefol-

lowing steps:

(i) Generatefair samplesfrom a prior with known modes.

appliedby Black (1992)to low-dimensional(2D) optical�o w computation.
8A sampleis optimized to convergenceto obtain the corresponding

mode.TheHessianmatrixat theconvergencemodegivestheprincipalcur-
vaturedirectionsandmagnitudearoundthe modeandits inversegivesthe
covariancematrix, re�ecting thecostlocal uncertaintystructure.TheHes-
sianis estimatedby thealgorithm � 4.1duringoptimization(using(11)),and
thecovarianceis readilyobtainedfrom there.

9In part this is dueto imperfectmodeling,which easilycreatesbiases
greaterthana few standarddeviations,particularlyin directionswherethe
measurementsareweak.Also, onecasein whichmultiple modesarelikely
to lie soclosetogetherin positionandcostthatthey causeconfusionis when
asinglemodefragmentsdueto smoothevolutionsof thecostsurface.In this
case,singularity(`catastrophe')theorypredictsthatgenerically, exactly two
modeswill arise(bifurcation)andthat they will initially move apartvery
rapidly (at aspeedproportionalto 
���� � ). Hence,it is easyfor onemodeto
getlost if wesampletoocloseto theonewearetracking.

10For ef�ciency purposes,an implementationcouldsampleregularly, in
fact only along lines correspondingto the lowest few covarianceeigen-
directions. Although this gives a very sparsesamplingindeed,this is an
avenuethatcanbeexploredin practice.

This is easy. In our casewe propagateGaussianmixtures11

canbe usedas importancesamplingdistributions,andcor-

rection weighting is readily performed. Mixtures provide
a compact,explicitly multi-modal representationandaccu-

ratelocalization,advantagesemphasizedby HeapandHogg
(1998) and Chamand Rehg(1999) ( � 5.1). However, both

papersusesamplingstagesbasedon theunmodi�ed process

model(i.e. dynamicswith �x ed,near-sphericalnoise),which
thereforehavetrappingandsamplewastageproblemsanalo-

gousto CONDENSATION.

(ii ) Recover new modesof a distribution for which only
someof the modesare known. This is signi�cantly more

dif�cult. A-priori, thedistribution of unknown modesis not
available,noraretheboundariesof thebasinsof attractionof

the existing modes(in orderto �nd their neighbors).Also,

such likelihood peaksare often well-separatedin con�gu-
ration space(e.g. the forwards/backwards�ipping ambigu-

ities for humanpose,or the cascadesof incorrectmatches
whenamodellimb is assignedto theincorrectsideof anim-

agelimb). For typical distributionsof minima in parameter
spaceandin cost,see�g. 13onpage18andtheresultsin ta-

ble 1 on page19. For well-separatedpeaks,samplingbased
purelyon theknown (andpotentiallyincomplete)onesis in-

adequate,asmostof the sampleswill simply fall backinto

thepeaksthey arosefrom12. Sobroadersamplingis neces-
sary, but it is alsoimportantto focusthesamplesin relatively

low costregions(seealso�g. 1). To achievethis wepropose
to usethelocalcostsurfaceto shapeabroadsamplingdistri-

bution. As expectedon theoreticalgrounds,this turnsout to
give signi�cantly improvedresultsfor CSS(for samplecost

11Thereareat leasttwo waysto obtaina mixture. Oneis by clusteringa
setof posteriorsamplesgenerated,e.g., by CONDENSATION updates.This
may producecentersthat arenot necessarilywell-separated,andthat may
not actuallyre�ect the truemodesof the posteriorowing to samplingarti-
facts.Anotherpossibility, followedhere,is to optimizethesampleslocally.
In thiscasethemodesfoundaretruelocal peaksthatare,necessarily, either
separatedor confounded.

12Severalmetricsexist for assessingtheef�ciency of particle�lters (Liu,
1996;MacCormickandIsard,2000).The`survival diagnostic'(alsocalled
`effective samplesize') measureshow many particleswill survive a resam-
pling operation.If the weightsareunbalancedvery few may survive, thus
reducingsearchdiversity. But balancedweightsdo not imply thatall peaks
have beenwell explored:samplestrappedin asinglemodehave reasonably
well-balancedweights. The samecriticism appliesto the `survival rate'.
This triesto characterizetheratio of thevolumeof supportof theposterior
to thatof theprior. Low valuessuggestthat the �lter mayproduceinaccu-
ratedensityestimates,but again,trappingleavesthesurvival ratereasonably
high.
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median,numberof minimafound,theircost)thancompeting
methodsbasedon eitherpureprior-basedsamplingor prior-

basedsamplingplusspherical̀ dynamical'noise(seetable1
onpage19).

(iii ) Samplea prior underdynamicobservationsbut with-

out making restrictive assumptionson the motion of its
peaks. In this casethe modesfrom time � � � are avail-

able,andit is critical that thesamplingprocedurecover the

peaksof the observation likelihood in the next time step � .
This meansthat samplesshouldbe generatedin the basins

of attractionof thedensitypeaksafter applyingthedynam-
ical update. In the absenceof knowledgeaboutthe peaks'

motion (i.e. known systemdynamics),we exploit the local
uncertaintystructurein thedistribution,andshapethesearch

region basedon it. Again,broadersamplingis necessary, as
thetrackedobjectmovesbetweenframes.Also,asexplained

above, the modetracking processis not one-to-one. New

modesmightemergeor split undertheeffectof increasedun-
certainty, andit is importantthat thesamplingprocessdoes

not misssucheventsby samplingtoo closeto a givenmode
core,which maybothmove andsplit betweentwo temporal

observations.Our quantitative resultsin � 6 directly support
such�ndings e.g. for modesplitting re�ecting bi-modality

generatedby locally-planarversusin-depthmotionexplana-
tions(seebelow).

In this paper, we have not usedspeci�c motionmodelsas

we want to beableto trackgeneralhumanmotions(seefor

instance,the sequencesgiven in �g. 9–11). For the experi-
mentsshown in thenext section,weusedtrivial driftlessdif-

fusiondynamics,soCSShasto accountfor localuncertainty
and samplewidely enoughto cover moving peaks. One

couldalsouseconstantvelocitydynamics,or moresophisti-
catedlearnedmotion modelssuchaswalking Rohr (1994);

Deutscheret al. (2000);Sidenbladhet al. (2000).Whenthey
hold, suchmodelscan signi�cantly stabilize tracking, but

notethat they oftenturn out to bemisleading,e.g. whenthe
subjectmakesunexpectedmotionslike turningor switching

activities.

To build up intuition abouttheshapeof our costsurface,we

studiedit empirically by samplingalong uncertaincovari-

ancedirections(in fact eigenvectorsof the covariancema-
trix), for variousmodelcon�gurations. With our carefully

selectedimagedescriptors,the costsurfaceis smoothapart
from theapparentgradientdiscontinuitiescausedby active-

setprojectionat joint constraintactivationpoints.Hence,our
local optimizerreliably �nds a local minimum. We �nd that

multiple modesdo indeedoccur for certaincon�gurations,
usuallyseparatedby costbarriersthataclassical(unin�ated)

samplingstrategy would have dif�culty crossing.For exam-
ple, �g. 7 shows the two mostuncertainmodesof the �g. 9

humantrackingsequenceat times0.8sand0.9s. (Theseare

minima only within the sampledslice of parameterspace,
but they do lie in theattractionzonesof full parameterspace

minima). Secondaryminima like thoseshown hereoccur
ratheroften,typically for oneof two reasons.The�rst is in-

correctregistrationandpartiallossof trackwhenbothedges
of a limb model are attractedto the sameimage edgeof

the limb. This is particularly critical when thereis imper-
fect body modelingand slightly misestimateddepth. The

secondoccurswhen the characterof a motion in depth is
misinterpreted.Imageregistrationis maintaineduntil thein-

correct3D interpretationbecomesuntenable,at which point

recovery is dif�cult. This situationoccursin �g. 7 (seealso
�g. 12). Identifying andtrackingsuchambiguousbehaviors

is critical, as incorrectdepthinterpretationsquickly leadto
trackingfailure.

Fig.8a shows sometypical slicesalong cost eigendirec-

tions at much larger scalesin parameterspace. Note that
we recover theexpectedrobustshapeof thematchingdistri-

bution, with somebut not too many spuriouslocal minima.
This is crucial for ef�ciency androbustness,as the tracker

canonly follow a limited numberof possibleminima.

5 Model Initialization

Our tracker startswith a setof initial hypothesesproduced
by a modelinitialization process.Correspondencesneedto

bespeci�edbetweenmodeljoint locationsandapproximate
joint positionsof thesubjectin the initial image,anda non-

trivial optimizationprocessis run to estimatecertainbody
dimensionsand the initial 3D joint angles. Previous ap-

proachesto single-view model initialization (Taylor, 2000;
BarronandKakadiaris,2000)do not fully addressthe gen-

erality andconsistency problems,failing to enforcethejoint

limit constraints,andassumingeitherrestrictedcameramod-
elsor restrictedhumanposesin theimage.An algorithmlike

theonewe proposecouldalsoprobablybebootstrappedus-
ingestimatesof 2D joint positionsderivedfrom learnedmod-
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, at time � �"! , build `new' mixture posterior
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, at time � , asfollows:

1. Build covariancescaledproposaldensity�&%
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. For theexperimentswehaveusedGaussian

tails. ThecovariancescaledGaussiancomponentproposalsare '

�

�
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�)�+*,�
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with s=4–14in ourexperiments.

2. Generatecomponentsof theposteriorat time � by samplingfrom �
%

$*)

�

asfollows. Iterateover -

�

!/.0.0. 1 until thedesired

numberof samples1 aregenerated:

2.1. Choosecomponent2 from �3%

$*)

�

with probability
�

$*)

�

� .

2.2. Samplefrom '

���
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�

�)���

$*)

�
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to obtain 4+5 .

2.3.Optimize 4+5 over theobservationlikelihoodat time � , �����

� 6

7

$

	

de�ned by (2), usingthelocal continuousoptimizational-

gorithm( 8 4.1).Theresultis theparameterspacecon�gurationatconvergence�

$

5

, andthecovariancematrix �

$

5

�:9
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$

5

	

)

� .

If the �

$

5

modehasbeenpreviously foundby a local descentprocess,discardit (For notationalclarity, without any lossof

generality, considerall themodesfoundaredifferent).

3. Constructanun-prunedposteriorfor time � as: �<;
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Figure6: Thestepsof our covariance-scaledsamplingalgorithm.

elsof silhouetteappearance(RosalesandSclaroff, 2000).

For stability, parametersare initialized in three stages,

eachbasedon theformulationdescribedin � 4.1. Hard joint

limits areenforcedat all stagesby theconstrainedoptimiza-
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tion procedure,andcorrespondingparametersontheleft and
right sidesof thebodyareheldequal,whereasmeasurements

arecollectedfrom theentirebody(seebelow). The�rst stage
estimatesjoint angles� � , internalproportions� � anda few

simpleshape��� parameters,subjectto the given 3D to 2D
joint correspondencesandprior intervalson theinternalpro-

portionsand body part sizes. The secondstageusesboth

thegivenjoint correspondencesandthe local contoursignal
from imageedgesto optimizetheremainingvolumetricbody

parameters(limb cross-sectionsand their taperingparame-
ters � � ) while holding the otherparameters�x ed. Finally,

we re�ne thefull model( � ) usingsimilar imageinformation
to the secondstage. The covariancematrix corresponding

to the �nal estimateis usedto generatean initial setof hy-
potheses,which arepropagatedin time usingthe algorithm

describedin � 4. While the processis heuristic, it gives a
balancebetweenstability and�e xibility . In practicewe �nd

that enforcingthe joint constraints,mirror informationand

prior boundson the variationof body parametersgives far
morestableandsatisfactoryresults.However, with monocu-

lar images,the initialization alwaysremainsambiguousand
highly uncertainin someparameterspacedirections,espe-

cially under3D-2D joint correspondencedata. In our case,
we employ a suitablecoarseposeinitialization andusethe

aboveprocessfor �ne re�nement,but if available,onecould
fuseposeinformationfrom multiple images.

6 Experiments

For the experimentsshown herewe usean edgeandinten-

sity basedcostfunctionanda bodymodelincorporatingpri-
ors and constraintsas explainedin � 3.1 and � 3.2. We use

Gaussiantails for CSS.A quantitativeevaluationof different
Gaussianscalingsappearsin table1 onpage19.

To illustrateour methodwe show resultsfor an 8 second

armtrackingsequenceandtwo full bodyones(3.5sand4s).
All threesequencescontainboth self-occlusionandsigni�-

cantrelativemotionin depth.The�rst two (�g. 9) wereshot
at 25 frames(50 �elds) per secondagainsta cluttered,un-

evenly illuminatedbackground.The third (�g. 11) is at 50

non-interlacedframespersecondagainstadarkbackground,
but involves a more complex model and motions. In our

unoptimizedimplementation,a 270 Mhz SGI O2 required
about5s per �eld to processthe arm experimentand180s

per�eld for thefull bodyones,mostof thetime beingspent
in costfunctionevaluation.The�gures show thecurrentbest

candidatemodeloverlayedon theoriginal images.We also
explore the characteristicfailure modesof varioustracker

components,asfollows. By a Gaussiansinglemodetracker
we meana singlehypothesistracker doing local continuous

optimizationbasedonGaussianerrordistributionsandwith-

outenforcingany physicalconstraints.A Robustsinglemode
tracker improvesthisby usingrobustmatchingdistributions.

A Robustsinglemodetracker with joint limits alsoenforces
physicalconstraints.For multimodaltrackers,thesampling

strategy canbeeitherCONDENSATION-basedor CSS-based,
asintroducedin previoussections.

Clutter ed background sequences: Thesesequencesex-
plore 3D estimationbehavior with respectto imageassign-

mentanddepthambiguities,for a bendingrotatingarmun-
deran 8d.o.f. modelanda pivoting full-body motionunder

a 30d.o.f. one. They have clutteredbackgrounds,specular
lighting andloose�tting clothing. In thearmsequence,the

deformationsof the arm musclesare signi�cant and other

imperfectionsin ourarmmodelarealsoapparent.

The Gaussiansingle modetracker managesto track 2D

frontoparallelmotionsin moderateclutter, althoughit grad-
ually slipsoutof registrationwhenthearmpassesthestrong

edgesof thewhitepillar (0.5sand2.2sfor thearmsequence
and0.3sfor thehumanbodysequence).Any signi�cant mo-

tion in depthis untrackable.

The robust singlemodetracker tracksfrontoparallelmo-

tionsreasonablywell evenin clutter, but quickly losestrack

during in-depthmotions,which it tendsto misinterpretas
frontoparallelones. In thearm trackingsequence,shoulder

motion towardsthecamerais misinterpretedasfrontoparal-
lel elbow motion,andtheerrorpersistsuntil theupperbound

of the elbow joint is hit at 2.6s and tracking fails. In the
full body sequence,the pivoting of the torso is underesti-

mated,being partly interpretedas quasi-frontoparallelmo-
tion of the left shoulderandelbow joints. Despitethepres-

enceof anatomicaljoint constraints,the �st eventuallycol-
lapsesinto the body if non-self-intersectionconstraintsare

notpresent.

The robust joint-limit-consistentCSSmulti-modetracker
tracksthemotionof theentirearmandbodysequencewith-

out failure. We retainjust the 3 bestmodesfor the arm se-
quenceand the 7 bestmodesfor the full humanbody se-
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quence.As discussedin � 4.2, multimodalbehavior occurs
mainly during signi�cantly non-frontoparallelmotions,be-

tween2.2–4.0sfor thearmsequence,andovernearlytheen-
tire full bodysequence(0.2–1.2s). For the latter, themodes

mainly re�ect the ambiguity betweentrue pivoting motion
andits incorrect“frontoparallelexplanation”.

We alsocomparedour methodwith a 3D versionof that
of (HeapandHogg, 1998;ChamandRehg,1999). These

methodswere developedfor 2D tracking and we were in-

terestedin how well they would behave in the far lesswell
controlledmonocular3D case.We useda parametricGaus-

sian mixture representation,local descentfor modere�ne-
ment(asin HeapandHogg(1998);ChamandRehg(1999))

anda processmodelbasedonconstantvelocityplusdynam-
ical noisesamplingas in Chamand Rehg(1999) (section

3.2, page3), on the clutteredfull body tracking sequence.
However, notethatunliketheoriginalmethods,oursusesro-

bust (ratherthan leastsquares)imagematchingand robust

optimizationby default, andalsoincorporatesphysicalcon-
straintsand modelpriors. We used10 modesto represent

thedistributionoverour30d.o.f.3D con�gurations,whereas
ChamandRehg(1999)used10 for their 38d.o.f. 2D SPM

model. Our �rst setof experimentsuseda non-robustSSD
imagematchingmetric anda Levenberg-Marquardtroutine

for local sampleoptimization(asin ChamandRehg(1999),
exceptthatweuseanalyticalJacobians).With thiscostfunc-

tion, we �nd that outlierscauselarge �uctuations, biasand

frequentconvergenceto physically invalid con�gurations.
Registrationis lost early in the turn (0.5s), assoonas the

motion becomessigni�cantly non-frontoparallel. Our sec-
ondexperimentsusedourrobustcostfunctionandoptimizer,

but still with samplingas in Chamand Rehg(1999). The
tracksurvivedfurtherinto theturn,but waslostat0.7swhen

thedepthvariationbecamelarger. As expected,we �nd that
a dynamicalnoiselargeenoughto provide suf�ciently deep

samplingalonguncertainin-depthdirectionsproducesmuch
toodeepsamplingalongwell-controlledtransversalones,so

thatmostof thesamplesarelost on uninformativehigh-cost

con�gurations. Similar argumentsapply to standardCON-
DENSATION, as can be seenin the monocular3D experi-

mentsof Deutscheretal. (2000).

Black background sequence:In this experimentwe focus

on 3D errors,in particulardepthambiguitiesandthe in�u-
enceof physicalconstraintsandparameterstabilizationpri-

ors. We usean improved body model with 34 d.o.f. The
four extraparameterscontroltheleft andright clavicle joints

in the shouldercomplex, which we �nd to be essentialfor
following many armmotions.Snapshotsfrom thefull 4sse-

quenceareshown in �g. 11, andvariousfailuresmodesin
�g. 12.

TheGaussiansinglemodetrackermanagesto follow near-

frontoparallelmotionsfairly reliablyowing to theabsenceof
clutter, but it eventually losestrack after 0.5s (�g. 12a–d).

Therobustsinglemodetracker tracksthenon-frontoparallel
motionsomewhatlonger(about1s),althoughit signi�cantly

misestimatesthedepth(�g. 12e,f— theright leg andshoul-
derarepushedmuchtoo far forwardandtheheadis pushed

forward to matchsubjectcontour, c.f. the “correct” posein

�g. 11). It eventually losestrack during the turn. The ro-
bustmulti-modetracker with joint-limits is ableto trackquite

well, but, as body non-self-intersectionconstraintsare not
enforced,themodesoccasionallyconvergeto physicallyin-

feasiblecon�gurations(�g. 12g)with terminalconsequences
for tracking.Finally, therobustfully constrainedmulti-mode

tracker is ableto dealwith signi�cantly morecomplex mo-
tionsandtracksthefull sequencewithout failure(�g. 11).

7 SamplingDistrib utions

We also ran somemore quantitative experimentsaimedat

studyingthebehavior of thedifferentsamplingregimes,par-
ticularly the ef�ciency with which they locate minima or

low-cost regions of parameterspace. We are interestedin
how thesamplingdistribution,ascharacterizedby theshape

of its coreandthe width of its tails, impactsthe searchef-

�ciency. For the study herewe usedthe simple, but still
highly multi-modal,3D joint to imagejoint likelihoodsur-

face that we use for initializing our 34 d.o.f. articulated
model. We only estimatedjoint parameters,not body di-

mensions.We ranexperimentsinvolving CovarianceScaled
Sampling(CSS)andSphericalSampling(SS)for Gaussian

distributionswith scalings1,28. To allow a fair comparison,
at eachscalewe keptthevolumeof thesphere(proportional

to
�

� ) equal to the volume of the correspondingrescaled

unit covarianceCSSellipsoid (proportionalto
-

0

� � �
-

� , the
productof eigenvalues). Also note that the �nal sampling

distributionsarenot exactly Gaussian— in fact they areof-
tennoticeablymultimodal— becauseoursamplerpreserves
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t=0. 1s t=0.75 s t=1.7 s t=2.2s t=2.8 s t=4 s

Figure9: Arm trackingagainsta clutteredbackground.

t=0 .1 s t=0.3 s t=0.6 s t=0.8 s t=1.2s t=1.6s

t=2 s t=2.4 s t=2.6s t=3 s t=3.3s t=3.5 s

Figure10: Humantrackingagainstaclutteredbackground.Seeplate14onpage23 for details.

the physicalconstraintsby projectinginadmissiblesamples

backonto the constraintsurface. Oncemade,the samples

arelocally optimizedsubjectto thephysicalconstraintsus-
ing the methodof � 4.1. We report the numberof minima

foundby eachmethod,andthemediansandstandarddevia-
tionsof theirparameterspacedistancesandcostdifferences,

in table1. Fig.13 shows distributionsof numbersof sam-
plesandminima versusparameterspacedistance,standard

deviationandcost,for scaling8. NotethatCSS�nds signi�-
cantlymoreminima,andalsoplacessamplesat positionsof

signi�cantly lower cost,thanSS.Onecanalsoseethe large
costdifferencebetweenoptimizedandunoptimizedsamples.

SSappearsto �nd minimaof slightly lowermediancostthan

CSS,but this is misleading.CSSstill �nds the few minima
foundby SS,but it also�nds many othermoredistantones,

which,beingfurtheraway, tendsto increaseits mediancost.

8 Approximation Accuracy

The trackingexperimentsin � 6 illustratedthe practicalbe-

havior andfailure modesof someof the componentsof the
CSSalgorithm,and � 7 presenteda morequantitativeevalua-

tion. Now we turn to moretechnicalpoints.

The CSSalgorithm involvesboth local continuousopti-

mizationandsomewhatmoreglobalcovariance-scaledsam-

pling. It thereforehasanaturalmechanismto trade-off speed
and robustness. When tracking fails, both the numberof

modesusedto representthe distribution andthe numberof
samplesproducedin the samplingstagecan be increased.
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Figure11: Humantrackingundercomplex motion.See�gure 15onpage24 for details.

b c d e f ga

Figure12: Failuremodesof variouscomponentsof thetracker (seetext).

This increasesthe computationalcost,but it may allow the
tracker to follow more dif�cult portions of the image se-

quence.In principle,a suf�ciently long run of any sampling
methodwould visit every region of the parameterspace,so

that the basinof attractionof eachmodewassampledand
all minima werefound. It hasbeenarguedthatmixed con-

tinuous/discretetrackers(HeapandHogg,1998;Chamand

Rehg,1999)will 'diverge' if the visual information is am-
biguousand converge to a `best' modewhen the target in

the image is easily detectable. However, this kind of di-
vergenceis not that importanthere. We are working with

likelihoodsurfacesthathave multiple peakswith individual
probabilities. Local optimizationmethodscanconverge to

any of thesepeaksand samplingmethodswill eventually
`condense'near them if they useenoughsamples. Given

the sampling/dynamicsstage,both methodshave a chance

of jumping betweenpeaks(i.e. escapingspuriousones),al-
thoughthis may be a very slow process.The methodpre-

sentedhereis designedto addresstheproblemsof moreef�-
cientandsystematicmulti-modalexploration.Notealsothat

CSScanbe viewed asan importancesamplingdistribution
andcorrectionweighting for fair samplegenerationcanbe

performedwith respectto thetrueprior.

A secondissueconcernsthe algorithm's ef�ciency ver-
susits biasbehavior. In tracking,assumingtemporalcoher-

ence,onemaywantto con�ne thesearchto theneighborhood
of thecon�gurationspropagatedfrom theprevious tracking

step. This canbe doneimplicitly by designinga likelihood
surfacethat emphasizeslocal responses13, or by tuning the

searchprocessfor locality, usingshort rangedynamics. In

eithercase,a globalestimateof theposteriordistribution is
tooexpensive,bothfor samplingandoptimization,while re-

strictingattentionto nearbystatescarriestherisk of missing
distantbut signi�cant peaks.

A third issue concernsthe approximationaccuracy of
a Gaussianmixture for arbitrarymulti-modal distributions.

Themixturemodelis likely to be inaccurateaway from the
modecores,and this may affect the accuracy of statistical

calculationsbasedon it. However for tracking and local-
ization applicationswe are mainly interestedin the modes

themselves,not the low-probability regions in their remote

tails. Samplingmethodsarenon-parametricso in principle

13For example,anoptical�o w correspondence�eld, likethatdescribedin
� 3.1but basedonleastsquaresbrightnessmatching,canbehaveasalocality
prior, forcing local imagevelocity explanationsandpruningaway remote,
potentially`objective' multi-modality.
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Figure13: Optimizedandunoptimizedsamplestatisticsfor Spherical(SS)andCovarianceScaled(CSS)Samplingwith

scalingfactor8 andrunsof 2000samples.Notethesigni�cantly largernumberof minimafoundby CSSthanby SS,andalso
thatthesamplesareplacedatmuchlowercost.

they do not have this limitation, but in practiceso few sam-

ples fall deepin the tails that noisinessof the estimatesis

a problem. Puresample-basedrepresentationsalsoprovide
little insight into thestructureof theuncertaintyandthede-

greeof multi-modalityof thelikelihoodsurface.In any case,
the issueof approximationaccuracy in low-probability re-

gionsis not a mainconcernhere. Providedinitial seedsare

availablein the individual mode's basinsof attraction,sam-

pling methodscangeneratefair samplesfrom themodesand
optimizationmethodscanpreciselyidentify their meansand

covariancesby localdescent.Thetwo techniquescanbeuse
inter-changeably, dependingon theapplication.It is thepro-
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METHOD SCALE NUMBER OF PARAMETER STANDARD COST

M INIMA DISTANCE DEVIATIONS MEDIAN

MEDIAN MEDIAN

UNOPT OPT UNOPT OPT UNOPT OPT

CSS 1 8 1.148 2.55242 10.9351 47.6042 116.951 8.49689

CSS 4 59 3.21239 2.9474 35.2918 55.3163 1995.12 6.98109

CSS 8 180 4.969 3.34661 75.1119 109.813 16200.8 7.09866

SS 1 0 0.199367 - 24.5274 - 273.509 -

SS 4 11 0.767306 2.04928 96.1519 39.0745 4291.12 6.28014

SS 8 42 1.47262 2.54884 188.157 56.8268 16856.1 6.96481

Table1: Quantitative resultsfor thedistribution of minimafound. NoteagainthatCSS�nds moreminimaandplacesraw

samplesat lowercostthanSS.

cessof �nding theinitial seedsfor eachmodethatrepresents
themajordif�culty for high-dimensionalmulti-modaldistri-

butions.

A fourth andimportantpracticalissueconcernstheprop-
ertiesof the likelihoodfunction. For many complex models

a goodlikelihoodis dif�cult to build, andtheoneusedmay

be a poor re�ection of the desiredobservation density. In
thesesituations,thestrengthof true andspuriousresponses

is similar andthis may affect the performanceof the track-
ing algorithm,irrespective how muchcomputationalpower

is used. In suchcontexts, it canbe very dif�cult to identify
thetruetrackedtrajectoryin a temporal�o w of spuriousre-

sponses.This is a particularlycomplex problem,sincemany
likelihoodscommonlyusedin vision degradeungracefully

underocclusion/disocclusioneventsandviewpoint change.
At present,we do not have goodmechanismsfor detecting

disocclusioneventsin complex backgrounds.The CSSal-

gorithm hasan elegant mechanismthat accountsfor high-
uncertaintyif particulardegreesof freedomarenotobserved

(like occludedlimbs, etc.) and it will automaticallysam-
ple broadly there. However, for sub-sequenceswith long

occlusionevents, it is still likely to attachoccludedlimbs
to backgroundclutter, ratherthanmaintainingthemas oc-

cluded.Globalsilhouettes,or a humancontourdetector(Pa-
pageorgiu andPoggio,1999),or higher-ordermatchingcon-

sistency (Sminchisescu,2002a)may help here. As an indi-

cationof thepotentialbene�tsof this,wecurrentlyusefore-
ground/backgroundsegmentationandthemotionboundaries

from the robust optical �o w computationto weight the im-
portanceof contours,andthis signi�cantly improvesthere-

sultsin thesequenceswe haveanalyzed.

9 Conclusionsand Futur e Work

We have presenteda new methodfor monocular3D human

body tracking, basedon optimizing a robust model-image
matchingcost metric combining robustly extractededges,

�o w andmotionboundaries,subjectto 3D joint limits, non-
self-intersectionconstraints,and model priors. Optimiza-

tion is performedusingCovarianceScaledSampling,anovel
high-dimensionalsearchstrategy basedon samplinga hy-

pothesisdistributionfollowedby robustconstraint-consistent
local re�nementto �nd a nearbycostminima. Thehypoth-

esisdistribution is determinedby propagatingthe posterior
at the previous time step (representedas a Gaussianmix-

turede�ned by theobservedcostminimaandtheir Hessians

/ covariances)throughtheassumeddynamics(heretrivial) to
�nd theprior at thecurrenttimestep,thenin�ating theprior

covariancesandresamplingto scattersamplesmorebroadly.
Our experimentson realsequencesshow that this is signi�-

cantlymoreeffectivethanusingin�ated dynamicalnoisees-
timatesasin previousapproaches,becauseit concentratesthe

samplesonlow-costpoints,ratherthanpointsthataresimply
nearbyirrespective of cost. In futurework, it shouldalsobe

possibleto extend the bene�ts of CSSto CONDENSATION

by using in�ated (diluted weight) posteriorsand dynamics
for samplegeneration,thenre-weightingtheresults.Ourhu-

man trackingwork will focus on incorporatingbetterpose
andmotion priors aswell asdesigninglikelihoodsthat are
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betteradaptedfor humanlocalizationin theimage.
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Figure14: Clutterhumantrackingsequencedetailedresultsfor theCSSalgorithmin � 6, onpage14.
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Figure15: Complex motiontrackingsequencedetailedresultsfor theCSSalgorithmin � 6 onpage14.
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