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Abstract

We presenta methodfor recovering 3D humanbody motion
from monocularvideo sequencebasedon a robustimage math-
ing metric, incorporation of joint limits and non-self-intesection
constaints, and a new sample-ande ne seach strategy guided
by rescaledcost-functioncovariances.Monocular 3D bodytrack-
ing is challenging: besideghe dif culty of matding animperfect,
highly exible, self-occludingmodelto cluttered image featues,
realistic body modelshaveat least30 joint parametes subjectto
highly nonlinearphysicalconstaints, and at leasta third of these
degreesof freedomare nearly unobservablén any given monoc-
ular image. For image matding we usea carefully designedro-
bust cost metric combiningrobust optical ow, edg enegy, and
motion boundaries. The nonlinearitiesand matcing ambiguities
male theparameterspacecostsurfacemulti-modal,ill-conditioned
and highly nonlinear so searhing it is dif cult. \We discussthe
limitations of CONDENSATION-like samples, and describea novel
hybrid search algorithm that combinesn ated-covariance-scaled
samplingand robust continuousoptimizationsubjectto physical
constaints and model priors. Our experimentson challenging
monocularsequenceshowthatrobustcostmodelingjoint andself-
intersectionconstaints,andinformedsamplingare all essentiafor
reliable monocular3D motionestimation.

Keywords: 3D human body tracing, particle Itering, high-
dimensionakearh, constainedoptimization robustmatding.

1 Intr oduction

Extracting3D humanmotionfrom naturalmonocularvideo
sequenceposesdif cult modelingand computationprob-
lems:

(i) Even a minimal humanmodel is very comple, with

at least 30 joint parametersand mary more body shape
ones,subjectto highly nonlinearjoint limits and non-self-
intersectiorconstraints.

(i) Matchinga complex, imperfectlyknown, self-occluding
model to a clutteredsceneis inherently dif cult. Typical

looseclothingonly complicatesnatters.

(i) In contrastto simplied 2D approachegCham and
Rehg,1999; Ju et al., 1996) and the multi-camera3D case
(Kakadiarisand Metaxas,1996; Gavrila and Davis, 1996;
Bregler and Malik, 1998; Delamarreand Faugeras,1999;
PlanlersandFua,2001;DrummondandCipolla, 2001),the
estimatiorproblemis extremelyill-conditioned,with atleast
1/3 of the 30+ degreesof freedomremainingvery nearlyun-
obsenablein arny givenmonocularimage. The mostimpor-
tantnon-obserabilitiesaremotionsof majorbodysegments
in depth(i.e. towardsor away from the camera— theseac-
countfor 1/3 of the 3D d.o.f.), but othersincluderotations
of nearcylindrical limbs abouttheir axes, andinternal mo-
tions of compoundoints like the spineor shoulderthat are
dif cult to obsene evenwith 3D data.

(iv) In additionto beingill-conditioned,the monocularesti-
mationproblemis highly multi-modal. In particular for any
givensetof imageprojectionsof the 3D joint centersthere
aretypically somethousand®f possibleinversekinematics
solutionsfor the 3D bodycon guration®. Underary reason-
ablemodel-imagematchingcostmetric, eachkinematicso-
lution produces correspondingpcalminimumin con gura-
tion spaceandcorrespondencambiguitiesonly 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 one of the main contritu-
tions of this paper Somemore recentwork, not reported

1For eachbodysegment,for ary givendepthfor its top (innermostiend-
point, the bottom endpointcan be alignedwith its imageprojectioneither
in a “slopedforwards' con guration, or in a ‘slopedbackvards' one. A
full body model containsat least10 main body segments,and hencehas
at least possibleinverse kinematicssolutions(setsof for-
wards/backards sggmentcon gurations). SeeLee and Chen(1985)and
theempiricalcon rmationsin SminchisescandTriggs(2002a,b).



here,further enhancesrackingreliability by explicitly enu-
meratingthe possiblekinematicminima (Sminchisescand
Triggs,2003).

Also notethat thesefour dif culties interactstrongly in
practice. For example,minor modelingor matchingerrors
tendto leadto largecompensatorpiasesn hard-to-estimate
depth parameterswhich in turn causemis-predictionand
trackingfailure. Hence we believe thata successfuinonoc-
ular 3D body tracking systemmust pay attentionto all of
them.

Organisation: 1.1discusseseveralexisting approaches
to humanarticulartracking,explaining why we believe that
they are not suitablefor the dif cult 3D-from-monocular
caseand informally motivating our new tracker. 2 briey
describesour 3D body model, which includesfull 3D oc-
clusion prediction, joint angle limits and body non-self-
intersectionconstraints. 3 discussesour robust model-
imagematchingframework, which combinesrobust optical
ow, edgeenegy, and motion boundaries. 4 detailsour
hybrid search/ tracking scheme,which combinesa mix-
ture densitypropagatiortracker with carefully shapedcost-
sensitve sampling, with robust constraint-respectingpcal
optimization. 5 briey describesthe local optimization
schedulewe useto nd initial 3D body posesand internal
bodyproportiondrom model/imaggoint correspondende-
put. 7 detailssomeexperimentson challengingmonocular
sequencesTheseillustratethe needfor eachof robust cost
modeling, joint and self-intersectiorconstraints,and well-
controlledsamplingpluslocal optimization. We endthe pa-
perwith discussion®f the effect of the samplingregime on
searchef ciency ( 7) andapproximatioraccurag ( 8), and
ideasfor futurework.

1.1 High-Dimensional Tracking Strategies

Locatinggoodposesin a high-dimensionabody con gura-
tion spaceis intrinsically dif cult. Three main classesof
searclstratgiesexist: local descentincrementallyimproves
an existing estimate,e.g. using local Newton stratejies to
predict good searchdirections (Bregler and Malik, 1998;
Rehg and Kanade, 1995; Kakadiaris and Metaxas, 1996;
Wachterand Nagel,1999); regular sampling evaluatesthe
costfunctionat a prede nedpatternof pointsin (a slice of)
parameterspace,e.g. a local rectangulagrid (Gavrila and
Davis, 1996); and stochastic sampling generategandom

samplingpoints accordingto somehypothesisdistribution
encoding‘good placeso look”, e.g. (Deutscheetal., 2000;
Sidenbladhet al., 2000). Denselysamplingthe entire pa-
rameterspacewould in principle guarantee goodsolution,
but it is infeasiblein more than2—3 dimensions.In 30 di-
mensiongary feasiblesamplemustbe extremelysparseand
hencelikely to misssigni cant costminima. Local descent
doesat least nd a local minimum, but with multimodality
thereis no guaranteahat the globally most representatie
onesarefound. Whichever methodis used,effective focus-
ing is the key to high-dimensionabkearch.This is an active
researctarea(Deutscheetal., 2000;HeapandHogg, 1998;
ChamandRehg,1999; Merwe et al., 2000),but no existing
methodcanguaranteglobalminima.

During tracking the search method is applied time-
recursvely, the starting point(s) for the currentsearchbe-
ing obtainedfrom the resultsat the previous time step,per
hapsaccordingto somenoisy dynamicalmodel. To the (of-
tenlimited!) extentthatthe dynamicsandtheimagematch-
ing costare statisticallyrealistic, Bayes-lav propagatiorof
a probability densityfor the true stateis possible. For lin-
earizedunimodal dynamicsand obsenation modelsunder
leastsquare$ Gaussiamoise thisleadsto Extendedkalman
Filtering. For likelihood-weightedandomsamplingunder
generamultimodaldynamicsandobsenationmodels boot-
strap Iters (Gordonetal.,1993;GordonandSalmond1995)
or CONDENSATION (Isard and Blake, 1998) result. In ei-
ther casevarious model parameteranust be tuned and it
sometimeshappenghat physicallyimplausiblesettingsare
neededfor acceptableperformance. In particular to con-
trol mistrackingcausedy correspondencerrors,selection
of slightly incorrectinversekinematicssolutions,and simi-
lar modelidenti cation errors,visual trackers often require
exaggeratedevels of dynamicalnoise. The problemis that
evenquiteminor errorscanpull the stateestimatea substan-
tial distancdrom its truevalue,especiallyif they persistover
severaltime steps.Recoreringfrom suchanerrorrequiresa
statespacgump greaterthanary thatarealisticrandomdy-
namicsis likely to provide, whereasusingan exaggeratedly
noisy dynamicsprovidesan easilycontrollabledegreeof lo-
cal randomizatiorthat often allows the mistracled estimate
to jump back onto the right track. Boostingthe dynamical
noisedoeshave the side effect of reducingthe information
propagatedrom pastobsenations,andhenceincreasinghe



local uncertaintyassociatedvith eachmode. But this is a
small penaltyto pay for reliable trackinglock, andin ary
casethe loss of accuray is often minor in visual tracking,
whereweak dynamicalmodels(i.e. shortintegrationtimes:
most of the stateinformation comesfrom currentobsena-
tionsanddynamicaldetailsareunimportantjarecommon.

In summary in multi-modal problems, sample based
Bayesiantrackersoften gettrappedinto following incorrect
local minima, and someform of explicit local (but not too
local') searchmustbeincludedto rescuethem. For trackers
operatingin this “memorylessstepandsearch’regime, the
machineryof Bayes-lav propagationis super uous— the
dynamicalmodelis not correctin ary case— andit is sim-
pler to think in termsof sequentialocal searchratherthan
trackingandnoisydynamics.It seemghatmary, if notmost,
existing Bayesiartrackersin vision operateessentiallyin this
regime, andthe currentpaperis no exception. Hence,we
will assumeonly weak zerothorder dynamicalmodelsand
usethe languageof searchratherthantracking. But this is
largely a matterof terminology andmoreelaboratedynami-
cal modelsaretrivial to incorporatef desired.

Many existinghumantrackerssilently in ate the dynami-
cal noiseasalocal searchmechanisme.g. (ChamandRehg,
1999;HeapandHogg,1998; Deutscheet al., 2000). But in
eachof thesepapersit is only onecomponenbf the overall
searchstrategyy. The randomizatiorprovided by noisein a-
tion is an effective searchstratey only for relatively low-
dimensionaproblemswherethe samplesancoverthe sur
roundingneighborhoodairly densely In high dimensions,
volumeincreaseseryrapidlywith radius,soany samplethat
is spreadwidely enoughto reachnearbyminima mustnec-
essarilybe extremely sparse.Hence,the samplesare most
unlikely to hit the small core of low costvaluessurround-
ing anotherminimum: if they fall into its basinof attrac-
tion at all, they are much morelikely do so at a high cost
point, simply becausdigh costpointsarefar morecommon.
Thisis fatalfor CONDENSATION-styleweightedresampling:
high cost points are very unlikely to be resampledso the
nev minimum is almostcertainto be missedeven though
anindependentrack startedat the samplewould eventually
condenséo the minimum. Themoralis thatin high dimen-
sions,randomsamplingalonedoesnot sufce: someform
of local optimizationof the samples.or at leasta delayed
decisionaboutwhetherthey are viable or not, is essential

to prevent mistracking. Chamand Rehg(1999); Heapand
Hogg(1998)andthecurrentwork useexplicit descent-based
local optimizationfor this, while (Deutscheetal.,2000)use
a simulatedannealindik e procesgwhich is usuallylessef-
cient, althoughbetteralignedwith the point-basedgample-
and-evaluatephilosophyof pureparticletracking).

The 3D-from-monocularproblem has characteristicill-
conditioning associatedwith depth degrees of freedom,
whereadrans\ersedegreesof freedomare directly observ-
ableandhencerelatively well conditioned.It alsohaslarge
numbersof kinematiclocal minima relatedby motionsin
depth, in additionto the minima in trans\ersal directions
producedby correspondencambiguities.Hence we would
like to ensureathorough perhapsvenapreferentialsearch
along the hard-to-estimatelepth degreesof freedom. The
problemis thatthetwo setsof directionshave very different
propertiesandscales Preciselybecause¢hey have suchsim-
ilar imageappearanceselatedkinematicminimamaycause
confusionevenif they areseparatedby signi cant distances
in parameterspace,whereasfalse-correspondenaainima
only causeconfusionif they arerelatively nearby In other
words,the naturalmetricfor tracker confusion— andhence
for the samplingdistribution of the randomizedocal search
— is perceptualimage distance,not parameterspacedis-
tance. This holds notwithstandinghe fact that large jumps
in con guration (depth)areimprobableundematuralhuman
dynamics:thetracker mayhave beengraduallymisleadover
a periodof time, andit is essentiathatit shouldbe ableto
jump far enoughto recover beforetrackingfails entirely?.

This suggestshatwe needto in ate the dynamicalnoise
preferentiallyalongthe depthdirections. But thesedepend
stronglyon wherethe modelis viewedfrom, so no constant
(con guration or camera-positioindependenthoisein a-
tion sufces here. The simplestway to adaptthe noiseto
the con guration/camera-positiors to estimatethe covari-
anceof the posteriorlikelihood and usethis for noisescal-
ing. (In fact, we adwocatein ating the prior covariance—
the previous posteriorafterdynamicswith physicallyrealis-
tic noiselevels— i.e. thereshouldbebothrealisticdynamics
and somedegreeof deliberaterandomsearch). Evaluating

2|deally, asubsequergmoothingprocessvould pushthecorrectve jump
backin time to wherethe error rst occurred(wherethe jump presumably
becomesmall). But whetheror notthis is done,the likelihood penaltyfor
following anincorrectpath arbitrarily far forwardsin time is likely to be
greaterthanthatfor ary singlecorrectve jump, badasthis maybe.



covarianceanight be burdensomen a corventionalparticle
trackingframewnork wherewe only hadpointsamplef lik e-
lihoods, but we have alreadyseenthat someform of local
re nementof the sampleds practicallyessentialn high di-
mensionsand ef cient local optimizersrequire(andin the
caseof quasi-Nevton style methodsgvenprovide) informa-
tion equivalentto covarianceestimates.

The emphasizehow much differencecovariancescaling
can make, considerthe 32d.0.f. costspectrumin g. 5 on
pagel2, which hasa 2000:1rangeof principal standardie-
viations. For in ation large enoughto 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 thanthat of our prior-basedone,
andan overwhelmingfraction of thesesamplesvould have
extremely high costand imagesimplausibly differentfrom
the sourceimage(seealso g. 1 on page6). Suchwastage
factorsareclearly untenableln practice,samplerdasedon
in ating non-covariance-basedynamicalnoisessimply can
not sampledeeplyenoughalongthe mostuncertain(depth)
directionsto nd thelocal minimathere,andfrequentmis-
trackingis theresult.

Finally, given that we are including a componentof
covariance-scaledut in ated noise expressly as a local
searchmechanismyhatkindsof noisedistributionswill give
the mostefcient search?Basically we needto keeparea-
sonablylarge proportionof the sampledocusedon the cur-
rent track, while scatteringthe othersfairly widely in the
hopeof nding othergoodtracks. Also, volumeincreases
veryrapidlywith radiusin highdimensionsso(evenwith lo-
cal optimization)we cannot hopeto sampledenselyenough
to provide effective searctcoverageatlargein ation factors.
It is preferableto choosea moderatein ation level, even
thoughthis only providesaccesdo relatively nearbylocal
minima.

In summary owing to its high dimensionalityand the
ill-conditioning and multi-modality associatedwvith unob-
senable depthdegreesof freedom,we believe thatreliable
3D-from-monoculathumanbody tracking requiresdeliber
atesampling(or someotherform of local search)n aregion
shapedy, but signi cantly largerthan,thelocal statecovari-
ance,followed by local optimizationof the sampleshefore
ary resamplingstep.

1.2 Previous Work

Below we will compareour methodto severalexisting ones,
which we brie y summarizeherewithout attemptinga full

literature review. 3D body tracking from monocularse-
guencess signi cantly harderthan 2D (Chamand Rehg,
1999; Ju et al., 1996) or multi-camera3D (Kakadiarisand
Metaxas,1996; Gavrila and Davis, 1996; Bregler and Ma-
lik, 1998;DelamarreandFaugeras1999;PlanlersandFua,
2001; Drummondand Cipolla, 2001) tracking, and surpris-
ingly few works have addressedt (Deutschetet al., 2000;
Sidenbladtetal.,2000;WachterandNagel,1999;Gonglaves
etal.,1995;Howeetal., 1999;Brand,1999).

Deutscheetal. (2000)usesasophisticatedannealegam-
pling' strat@y anda cross-aer operator(Deutscheret al.,
2001)to speedup CONDENSATION. He reportsvery good
resultsfor unconstrainedull-body motion, but for his main
sequencée uses3 camerasanda blackbackgroundo limit
theimpactof the alternatve minimaproducedy clutterand
depthambiguities. Sidenbladhet al. (2000) usesa similar
importancesamplingtechniquewith a stronglearnedprior
walking modelor adatabasef motionsnippetgSidenbladh
etal., 2002)to tracka walking personin anoutdoormonoc-
ular sequence. Subsequentvork (Sidenbladhand Black,
2001)integrateso w, edgeandridgecuesusingLaplacelike
errordistributionslearnedfrom training data,andshows im-
proved upperbody trackingfor a subjectperformingplanar
motionin aclutteredsceneacquiredwith a moving camera.
Our currentmethodusesno motion model— we optimize
staticposes— but it is true thatwhenthey hold, prior mo-
tion modelsarevery effective trackingstabilizers.It is pos-
sible,but expensve, to track usinga bankof motionmodels
(Blake etal., 1999). Partitionedsampling(MacCormickand
Isard, 2000) is anothernotablesamplingtechniquefor ar
ticulatedmodels,undercertainlabelingassumptiongMac-
Cormickandlsard,2000;Deutschegetal., 2000).

Several authorsaddresghe dif culty that the sampling-
basedsearchesof pure particle Itering corverge rather
slowly to modes(Pitt and Shephard1997;HeapandHogg,
1998; Cham and Rehg, 1999; Merwe et al., 2000; Choo
andFleet,2001),especiallywhenthe obsenrationlik elihood
peaksdeepin the tail of the prior. This is especiallyprob-
lematicin high dimensionswhere prohibitively long sam-
pling runs are often requiredfor corvergence. Heap and
Hogg (1998); Chamand Rehg(1999); Merwe et al. (2000)



all combineCoNDENSATION-style samplingwith eitherlo-
cal optimizationor Kalman ltering, while Pitt and Shep-
hard(1997)sampledliscretelyusingthe currentobsenation
likelihood (and not the transitionprior). The visual track-
ers of Heapand Hogg (1998) and Chamand Rehg (1999)
combineCONDENSATION-style samplingwith least-squares
optimization,but they only considerthe simpler(andmuch
better conditioned)caseof 2D tracking. Cham & Rehg
combinetheir heuristic2D ScaledPrismaticModel (SPM)
body representatiowith a rst order motion modelanda
piecavise Gaussiamesamplingnethodfor the CONDENSA-
TION step.The Gaussiarcovariancesreestimatedrom the
Gauss-Neiton approximationat the tted optima®, but the
searctregion widthsarecontrolledby thetraditionalmethod
of addinga large dynamicalnoise((ChamandRehg,1999)
section3.2).

Choo and Fleet (2001) use a stick model (without ary
shapemodel) for which 3D-2D joint to image correspon-
dencesrom motion capturedataare available and propose
a (gradient-basedjlybrid Monte Carlosamplerthatis more
ef cient than (point-based)CONDENSATION. The method
providesmoreef cient localdescentowardstheminima,but
it is still proneto trappingin sub-optimalocal minima.

WachterandNagel(1999)usearticulateckinematicsanda
shapemodelbuilt from truncatecdconesandestimatemotion
in a monocularsequenceysing edgeandintensity (optical
0 w) informationusinganextendedalman Iter . Anatomi-
caljoint limits areenforcedatthelevel of the lter prediction,
but notduringthe updatestep,wherethey couldbeviolated.
They show experimentsn anunconstraine@rnvironmentfor
a subjectwearingnormalclothing, trackingmotion parallel
with the image plane using articulatedmodelswith 10-15
d.o.f.

Both Brand (1999)andHowe et al. (1999) pose3D esti-
mation as a learningand inferenceproblem,assuminghat
someform of 2D tracking(stick 2D model positionsor sil-
houettes)s available over anentiretime-series Howe et al.
(1999)learn Gaussiardistributionsover short“snippets” of
obseredhumanmotiontrajectoriesthenusetheseaspriors

3The covarianceestimatesf nonlinearleast-squaresptimizersasused
by (Heap and Hogg, 1998; Cham and Rehg, 1999) are not rohust to
model/imagematchingerrorsandincorrect(i.e. biased)for naturalimage
statisticsthat have highly non-Gaussiashapewith high kurtosisandlong
tails (ZhuandMumford, 1997;SidenbladrandBlack, 2001). We useanob-
senationlikelihoodandarobustlocal continuousoptimizerbasedn heary
tail errordistributions(see 3.1and 4.1)to addressheseproblems.

Figure 2: Differentbody modelsusingfor tracking (a,b,c).
In (c) thepredictionerrorsfor amodelcon gurationarealso
plotted (per node,for a contourandintensity costfunction,
seetext).

in an EM-basedBayesianMAP framawork to estimatenew
motions. Brand (1999) learnsa HMM with piecewise lin-
earstatesandsolvesfor the MAP estimateusingan entropy
minimizationframework. As presentedthesemethodsare
basicallymonomodakothey cannotaccommodatenultiple
trajectoryinterpretationsandthey alsorely heavily on their
learned-priotemporalmodelsto stabilizethetracking. Nev-
erthelessthey provide a powerful higherlevellearningcom-
ponentthatis complementaryo the framework proposedn
this paper

2 Human Body Model

Our humanbody model( g. 2a,b,c)consistsof a kinematic
“skeleton’ of articulatedjoints controlled by angularjoint
parameters , coveredby " esh' built from superquadric
ellipsoidswith additionaltaperingand bendingparameters
(Barr, 1984). A typical modelhasaround30 joint parame-
ters,plus8internal proportion parameters encodinghe
positionsof the hip, clavicle andskull tip joints, plus 9 de-
formable shapeparameterfor eachbodypart,gatherednto
avector . A completemodelcanbe encodedasa single
large parametevector . Duringtrackingwe
usuallyestimateonly joint parametershut duringinitializa-
tion the mostimportantinternal proportionsand shapepa-
rametersarealsooptimized,subjectto a soft prior basedon
standarchumanoiddimensionobtainedfrom Group(2002)
andupdatedusing collectedimageevidence. This modelis
far from photorealistic,but it sufces for high-level inter-
pretationandrealistic occlusionprediction,offering a good
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Figurel: (a) Typical parametespaceminimadistribution measuredvith respecto anarbitraryminimum. Notice thatthe
minima are far from eachotherin parameterspaceso wide samplingis necessaryo nd them. However, boostingthe
dynamicsby samplingfrom thetransitionprior (asin particle Itering) leadsto inef ciencies (b).
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Figure 3: Examplesof our robust low-level featureextraction: original image (a), motion boundarieqb), intensity-edge
enegy (c), robusthorizontal ow eld (d) andthe model-baseddgematchingprocesge). Multiple edgematchesfound
alongindividual searcHines(modelprojectedcontournormals)arefusedusinga probabilisticassignmenstrat@y (seetext).

trade-of betweercomputationatompleity andcoverage.
The modelis usedasfollows. Superquadricurfacesare
discretizedasmeshegparameterizedy angularcoordinates
in a 2D topologicaldomain.Meshnodes aretransformed
into 3D points andtheninto predictedimage

points using compositenonlineartransforma-
tions:

1)
where representa sequencef parametricdeformations

that constructthe correspondingpart in its own reference
frame, representachainof rigid transformationshatmap
it throughthekinematicchainto its 3D position,and rep-
resentgerspectie imageprojection. During modelestima-
tion, robust prediction-to-imagematchingcost metricsare

evaluatedfor eachpredictedmagefeature , andtheresults
are summedover all featuresto producethe image contri-
bution to the overall parametespacecostfunction. We use
bothdirectimage-basedostmetricssuchasrobusti ed nor-

malizededgeeneny, andextractedfeaturebasedones. The
latter associatehe predictions  with one or more nearby
imagefeatures (with additionalsubscriptsf thereareses-

eral matches).The costis thena robust function of the pre-
dictionerrors

3 Problem Formulation

We aim towards a probabilistic interpretationand optimal
estimatef the model parameterdy maximizing the total



probabilityaccordingto Bayesrule:

)

where is the costdensityassociatedvith the obser
vation of node and
In our MAP approachye discretizethe continuougproblem
and attemptto minimize the negative log-likelihoodfor the
total posteriorprobability, expressedas the following cost
function:

®3)
(4)

3.1 Obsewation Lik elihood

Whethercontinuousor discrete the searchprocesslepends
critically ontheobsenationlikelihoodcomponenbf the pa-
rameterspacecostfunction. Besidessmoothnesgproperties,
thelikelihoodshouldbedesignedo limit the numberof spu-
riouslocal minimain parametespace Our methodemploys
a combinationof robust edgeand intensity information on
top of a multiple assignmenstratgy basedon a weighting
schemethat focusesattentiontowards motion boundaries.
Our likelihood term is also basedon robust (heavy-tailed)
error distributions. Note that both robustly extractedimage
cuesandrobustparametespaceestimatiorareused:thefor-
mer provides “good featuresto track”, while the latter di-
rectly addressethe model-imageassociatiorproblem.

Robust Err or Distrib utions: Rolust parameteestimation
can be viewed as the choice of a realistic total likelihood
model for the combinedinlier and outlier distributions for
the obsenation. We modelthe total likelihoodin termsof
robust radial terms , where can be ary increasing
function with and — —. Thesemodel
errordistributionscorrespondingo a centralpeakwith scale
, anda widely spreadbackgroundof outliers . Herewe
usedtheLorentzian' — and Leclerc'
— robusterror potentials.
Thecostfor theobsenation , expressedn termsof corre-
spondingmodelpredictionis , where
is thetotal numberof modelnodes,  is apositive de nite
weightingmatrix associatedo the assignment, and:

- if isassigned
if back-facing
if occluded

is a prior on model parameters.

Therobustobsenationlikelihoodcontritutionis thus:

(6)

7
where representshe term associatedvith the image
assignednodelnodeswhile and arethenumbers

of occludedandback-facing(self-occludedmodelnodes.

Notice thatoccludedmodelpredictionsarenot simply ig-
nored. They contribute a constanpenaltyto the overall ob-
senationlikelihood. Thisis necessaryn orderto build like-
lihoodsthat presere their responseropertiesunderocclu-
sionandviewpointchange For instancegood ts from both
frontal and side views shouldideally have similar peakre-
sponseshut it is clearthat the numberof occludedmodel
pointsis in generalargerin asideview thanin afrontalone.
This canleadto down-weightingof peaksfor side views if
only the visible nodesaretakeninto account.An additional
dif culty arises,for example,in caseswherethe legs pass
eachother(in a side-viev) andthe modellocks' both of its
legsontothesamemageleg. To avoid suchsituationswein-
cludeall of the modelnodeswhenfusingthelik elihood,but
we slightly penalizeoccludedonesin orderto make them
lessattractve. A way to choosethe occlusionpenalty is
to t the modelto the dataandcomputean approximateer
ror pernode. By usinga slightly highervaluefor occluded
nodeswe make themmoreattractve thanabad t but less
attractive thanothernon-occludedtateghatcanexist in the
neighborhoof the parametespace. We nd this heuris-
tic gives good resultsin practicé, althougha more rigor-
oustreatmenf occlusionwould be desirablan thegeneral
case.At presentthis is computationallytoo expensve, but
interestingapproximationganbefoundin MacCormickand
Blake (1998).

Cuelntegration and Assignedimage Descriptors: We use
both edge and intensity featuresin our cost function (see
Sminchisescy(2002b)for details). For edges,the images
are smoothedwith a Gaussiarkernel, contrastnormalized,
anda Sobeledgedetectoris applied.For intensities arobust
multi-scaleoptical o w methodbasednBlackandAnandan
(1996)implementatiorgivesbotha o w eld andanassoci-
atedoutlier map(see g. 3b). The outlier mapis processed

4This is particularly effective when combinedwith the Covariance
ScaledSampling(CSS)algorithmpresentedn 4. Lossof visibility of cer

(5) tainbodypartsleadsto increasedincertaintyin relatedparameterandCSS

automaticallyensuredroadersamplingin thoseparametespaceaegions.



similar to edges,to obtaina smooth2D potential eld

It corveys usefulinformation aboutthe motion boundaries
andis usedto weightthe signi cance of edgeqsee g. 3b).
We typically usediagonalweighting matrices , associ-
atedwith thepredictedeature andcorrespondingnatched
obsenation , of theform , Where

is aconstanthatcontrolstheemphasisandcon dencein the
motion boundaryestimation.(The smoothednotion bound-
ary imageis arealimagewith valuesbetweern0 and1 asin
g. 3b. For instance, will weightall the edgesuni-
formly, while will entirelyexcludethe edgeresponses
thatarenotonmotionboundaries)In practice we foundthat
valuesof in therange —  workedwell. For visi-
ble nodeson modeloccludingcontoury ), we performline
searchalongthe normalandretainall possibleassignments
within the searchwindow (see g. 3e), weighting them by
theirimportancequali ed by the motionboundarymap

For visible modelnodeslying insidethe object( ), we use
thecorrespondenceld derivedfrom therobustoptical o w
attheir correspondingmageprediction.This actsasaresid-
ualmeasuremerdrrorateachvisible modelnode(seeSmin-
chisesc2002b)for details). Theassignediataterm(6) thus
becomes:

- (8)

- 9)

" denotemultiple edges assigned
" denotethe o w termassigned

wherethe subscripts'
to modelprediction , and”
to modelprediction .

3.2 Model Priors

The completeprior penaltyover modelparameterss a sum
of negativelog likelihoods corresponding
to thefollowing prior densities ,

Anthr opometric data : Theinternal proportionsfor a

standarchumanoid(basedon statisticalmeasurementsre
collectedfrom (Group,2002)andusedeffectively asa Gaus-
sian prior, , to estimatea concrete
modelfor the subjectto betracked. Left-right symmetryof

thebodyis assumedonly “one side” of theinternalpropor

tions parametersre estimatedwhile collectingimagemea-
surements$rom theentirebody.

Parameter stabilizers : Certainmodelingdetailsarefar
moreimportantthanonemightthink. For example,it is im-
possibleto track commonturning andreachingmotionsun-
lesstheclavicle jointsin theshoulderaremodeledaccurately
However, theseparametersiave fairly well de ned equilib-
rium positionsandleaving themunconstrainedvould often
lead to ambiguitiesthat producenearly singular ( at) cost
surfaces.We controlthesehard-to-estimatparametersvith
long-tailed“sticky prior” stabilizersscalingtheir Gaussian
equilibria, . This ensureghat in the ab-
senceof strongobsenations,the parametergreconstrained
to lie neartheirdefaultvalueswhereastrongembsenations
can“unstick” themfrom the defaultsandeffectively turn off
theprior.

Anatomical joint anglelimits  : 3D consisteng requires
that the valuesof joint anglesevolve within anatomically
consistentintervals. Also, when estimatinginternal body
proportionsduringinitialization, we ensurethatthey remain
within a certainrangeof deviation from the standardhu-
manoid (typically ). We modelthis with a set of in-

equalitiesof theform ,where isa box-limit'
constraintmatrix.
Body part interpenetration avoidance : Physicalcon-

sisteny requiresthat differentbody partsdo not interpene-
trate during estimation.We avoid this by introducingrepul-
sive potentialsthatdecayrapidly outsidethe surfaceof each
body part, , Where

de nestheinterior of thepartand controlsthe decayrate.

3.3 Distribution Representation

Werepresenparametespacelistributionsassetsof separate
modes , eachhaving anassociateaverall probabil-
ity, meanand covariancematrix . These
canbe viewed asGaussiamixtures. Cham& Rehg(Cham
andRehg,1999)alsousemultiple Gaussiandyut they hadto
introducea specialpiecavise representatiomstheir modes
seemto occurin clustersafteroptimization. We believe that
thisis anartifactof their costfunctiondesign.In our caseas
the modesare the resultof robust continuousoptimization,
they are necessarilyeither separatedr confounded. Our
3D-from-monoculam@pplicationalsorequiresa more effec-
tive samplingmethodthanthe 2D one of Chamand Rehg
(1999),asexplainedin 4.2.



3.4 Temporal Propagation

Equation?2 re ects the searchfor the model parametersn
a staticimage,underlik elihoodtermsand model priors but
without a temporalor initialization prior. For temporalob-
senations , andsequencef states

, the posteriordistribution over modelparam-
etersbecomes:

(10)

is adynamicalprior and is
. Togetherthey form the

for initializing the staticimage

where
the prior distribution from
temporalprior

search(2)°.

4 Search Algorithm

Our parametesearchtechniguecombinesobustconstraint-
consistentlocal optimization with a more global discrete
samplingmethod.

4.1 Mode Seekingusing Robust Constrained
Continuous Optimization

The costfunction is a negative log likelihood. In orderto
optimizeasample to nd thecenterof its associatedik eli-
hoodpeak,we employ aniterative secondorderrobustcon-
strainedocal optimizationprocedure At eachiteration,the
log-likelihoodgradientandHessian®f theobsenationsand
thesoft priors® areassembledrom (3):

(11)
(12)

For local optimizationwe use a secondorder trust region
method,wherea descentirectionis choserby solving the

5In practice atary giventime stepwe work on a negative log-likelihood
“enegy' functionthatis essentiallystatic,beingbasedon both the current
obsenration likelihood andthe parametespacepriors, asin (3) on page?’.
Thesampledrom thetemporalprior areusedasinitialization
seeddor local enegy minimization. The differentminimafoundwill rep-
resenthe component®f the posteriomixturerepresentation.

6°Soft' meanghatthesetermsarepartof thecostsurface whereashard'
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
constraintglo notsufce for physicalconsisteny.

regularizedsubproblen{Fletcher,1987):

subjectto (13)
where is a symmetricpositive de nite dampingmatrix
and is adynamicallychosenweightingfactor Jointlimits

are handledashard boundconstraintgn the optimizer,
by projectingthe gradientonto the currentlyactive (i.e. cur
rently unlimited) variables.The joint constraintshangethe
characterof the costfunction andthe minimareachedvery
signi cantly. Fig.4 plotsa 1D slice throughthe constrained
costfunctiontogetherwith a secondorderTaylor expansion
of the unconstrainedcost. Owing to the presenceof the
boundsthecostgradientis nonzeralorthogonato theactive
constraintspat the constrainedninimum. The unconstrained
costfunctionis smooth put theconstrainednechangegra-
dient abruptly when a constraintis hit, essentiallybecause
the active-setprojectionmethodchangeghe motion direc-
tion to maintainthe constraint.

4.2 Covariance ScaledSampling

Although representationdbased on propagatingmultiple
modes,hypothese®r samplestend to increasethe robust-
nessof model estimation, the great dif culty with high-
dimensionaldistributionsis nding a sampleableproposal
densitythat often hits their typical sets— the areaswhere
mostof their probability massis concentratedHerewe de-
velop a proposaldensitybasedon local parameterestima-
tion uncertaintieé The local sampleoptimizationsgive us

"Relatedvariablemetricideascanbefoundin globaloptimization,in the
context of continuousannealingVanderbiltandLouie, 1984)andhave been



not only local modes,but alsotheir (robust, constraintcon-
sistent)Hessiansand henceestimatesf the local posterior
parameteestimationuncertaintyat eachmodé.

The maininsightis that alternate costminimaare most
likely to occuralonglocal valleys in the costsurface, i.e.
along highly uncertaindirectionsof the covariance. It is
alongthesedirectionsthat cost-modelingmperfectionsand
noise,and 3D nonlinearitiesand constraints have the most
likelihoodof creatingmultiple minima, asthe costfunction
is shallavestandthe 3D movementsarelargestthere. This
is particularlytrue for monocular3D estimation,wherethe
covarianceis unusuallyill-conditioned owing to the mary
poorly obsenable motion-in-depthd.o.f. Someexamples
of suchmultimodal behaior along high covarianceeigen-
directionsaregivenin g. 7. Also, it is seldomenoughto
sampleat the scaleof the estimatedcovariance.Samplesat
this scalealmostalwaysfall backinto the samelocal mini-
mum, andsigni cantly deepersamplingis necessaryo cap-
ture nearbybut non-overlappingmodeslying furtherup the
valley®. Hence,we sampleaccordingto rescaledcovari-
ancestypically scalingby afactorof 8 or so. Finally, onecan
sampleeitherrandomly or accordingto a regular patterri®.
For the experimentsshoved here,we userandomsampling
usingCSSwith Gaussianails. Fig.6 summarizesheresult-
ing covariance-scaledearchmethod.

Giventhe explanationsaabore, we mustimplementthefol-
lowing steps:

(i) Generatdair sampledrom a prior with known modes.

appliedby Black (1992)to low-dimensional2D) optical o w computation.

8A sampleis optimizedto convergenceto obtain the corresponding
mode.The Hessiammatrix at the corvergencemodegivesthe principal cur
vaturedirectionsand magnitudearoundthe modeandits inversegivesthe
covariancematrix, re ecting the costlocal uncertaintystructure. The Hes-
sianis estimatedy thealgorithm 4.1duringoptimization(using(11)),and
the covarianceis readily obtainedrom there.

9n part this is dueto imperfectmodeling,which easily createsbiases
greaterthana few standarddeviations, particularlyin directionswherethe
measurementareweak. Also, onecasein which multiple modesarelikely
to lie soclosetogetheiin positionandcostthatthey causeconfusionis when
asinglemodefragmentgdueto smoothevolutionsof thecostsurface.In this
case singularity("catastrophe'jheorypredictsthatgenerically exactly two
modeswill arise(bifurcation)andthat they will initially move apartvery
rapidly (ata speedproportionatto ). Hence,it is easyfor onemodeto
getlostif we sampletoo closeto theonewe aretracking.

10For efciency purposesanimplementatiorcould sampleregularly, in
fact only along lines correspondingo the lowest few covarianceeigen-
directions. Although this gives a very sparsesamplingindeed,this is an
avenuethatcanbeexploredin practice.
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This is easy In our casewe propagateGaussiammixtures
canbe usedasimportancesamplingdistributions, and cor
rection weighting is readily performed. Mixtures provide
a compact,explicitly multi-modalrepresentatiomnd accu-
ratelocalization,advantageemphasizedy HeapandHogg
(1998) and Chamand Rehg(1999) ( 5.1). However, both
papersusesamplingstagesdasedon theunmodi ed process
model(i.e. dynamicswith x ed,nearsphericahoise),which
thereforehave trappingandsamplewastageproblemsanalo-
gousto CONDENSATION.

(i) Recorer new modesof a distribution for which only
someof the modesare known. This is signi cantly more
dif cult. A-priori, thedistribution of unknovn modesis not
available,nor aretheboundarie®f the basinof attractionof
the existing modes(in orderto nd their neighbors).Also,
suchlikelihood peaksare often well-separatedn con gu-
ration space(e.g. the forwards/backwards ipping ambigu-
ities for humanpose,or the cascade®f incorrectmatches
whenamodellimb is assignedo theincorrectsideof anim-
agelimb). For typical distributionsof minimain parameter
spaceandin cost,see g. 13onpagel8andtheresultsin ta-
ble 1 on pagel9. For well-separategheaks samplingbased
purelyonthe known (andpotentiallyincomplete)onesis in-
adequateas mostof the sampleswill simply fall backinto
the peaksthey arosefrom'?. Sobroadersamplingis neces-
sary butit is alsoimportantto focusthe samplesn relatively
low costregions(seealso g. 1). To achieve this we propose
to usethelocal costsurfaceto shapea broadsamplingdistri-
bution. As expectedon theoreticalgrounds this turnsoutto
give signi cantly improvedresultsfor CSS(for samplecost

UThereareatleasttwo waysto obtaina mixture. Oneis by clusteringa
setof posteriorsamplegyeneratede.g., by CONDENSATION updates.This
may producecentersthat are not necessarilywvell-separatedand that may
not actuallyre ect the true modesof the posteriorowing to samplingarti-
facts.Anotherpossibility followed here,is to optimizethe sampledocally.
In this casethe modesfoundaretruelocal peakshatare,necessarilyeither
separatedr confounded.

125g/eralmetricsexist for assessinthe ef ciency of particle Iters (Liu,
1996;MacCormickandlsard,2000). The ‘survival diagnostic'(alsocalled
“effective samplesize') measuresiov mary particleswill survive aresam-
pling operation.If the weightsareunbalancedrery few may survive, thus
reducingsearchdiversity But balancedveightsdo notimply thatall peaks
have beenwell explored: sampledrappedn asinglemodehave reasonably
well-balancedweights. The samecriticism appliesto the “survial rate'.
This triesto characterizeéheratio of the volume of supportof the posterior
to thatof the prior. Low valuessuggesthatthe Iter may produceinaccu-
ratedensityestimatesbhut again trappingleavesthesurvival ratereasonably
high.



medianhumberof minimafound,their cost)thancompeting
methodsbasedon eitherpureprior-basedsamplingor prior-
basedsamplingplusspherical dynamical'noise(seetablel
onpagel9).

(iii) Samplea prior underdynamicobsenationsbut with-
out making restrictve assumptionson the motion of its
peaks. In this casethe modesfrom time are avail-
able,andit is critical thatthe samplingprocedurecover the
peaksof the obsenation likelihoodin the next time step .
This meansthat samplesshouldbe generatedn the basins
of attractionof the densitypeaksafter applyingthe dynam-
ical update. In the absenceof knowledgeaboutthe peaks'
motion (i.e. known systemdynamics),we exploit the local
uncertaintystructuren thedistribution,andshapehesearch
region basedonit. Again, broadersamplingis necessaryas
thetrackedobjectmovesbetweerframes.Also, asexplained
above, the modetracking processis not one-to-one. New
modeamightemenpeor splitundertheeffectof increasedin-
certainty andit is importantthatthe samplingprocesdoes
not misssucheventsby samplingtoo closeto a givenmode
core,which may bothmove andsplit betweertwo temporal
obsenations. Our quantitatve resultsin 6 directly support
such ndings e.g. for mode splitting re ecting bi-modality
generatedy locally-planarversusin-depthmotion explana-
tions(seebelow).

In this paper we have not usedspeci ¢ motionmodelsas
we wantto be ableto track generalhumanmotions(seefor
instance the sequencegivenin g. 9-11). For the experi-
mentsshowvn in the next sectionwe usedtrivial driftlessdif-
fusiondynamics soCSShasto accounffor local uncertainty
and samplewidely enoughto cover moving peaks. One
couldalsouseconstantelocity dynamics or moresophisti-
catedlearnedmotion modelssuchaswalking Rohr (1994);
Deutscheetal. (2000); Sidenbladtet al. (2000). Whenthey
hold, suchmodelscan signi cantly stabilize tracking, but
notethatthey oftenturn outto be misleadinge.g. whenthe
subjectmakesunexpectedmotionslik e turning or switching
actiities.

To build up intuition aboutthe shapeof our costsurface,we
studiedit empirically by samplingalong uncertaincovari-
ancedirections(in fact eigervectorsof the covariancema-
trix), for variousmodel con gurations. With our carefully
selectedmagedescriptorsthe costsurfaceis smoothapart
from the apparengradientdiscontinuitiescausedy active-
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setprojectionatjoint constrainactivationpoints.Hence our

local optimizerreliably nds alocal minimum. We nd that
multiple modesdo indeedoccur for certaincon gurations,
usuallyseparatetby costbarriersthata classicalunin ated)

samplingstratey would have dif culty crossing.For exam-

ple, g. 7 shavs the two mostuncertainmodesof the g. 9

humantrackingsequenceattimes0.8s and0.9s. (Theseare
minima only within the sampledslice of parameteispace,
but they dolie in theattractionzonesof full parametespace
minima). Secondaryminima like thoseshavn here occur
ratheroften, typically for oneof two reasonsThe rst isin-

correctregistrationandpartiallossof trackwhenbothedges
of a limb model are attractedto the sameimage edge of

the limb. This is particularly critical whenthereis imper

fect body modeling and slightly misestimateddepth. The
secondoccurswhen the characterof a motion in depthis

misinterpretedimageregistrationis maintaineduntil thein-

correct3D interpretatiorbecomesintenableat which point
recoveryis dif cult. This situationoccursin g. 7 (seealso
g. 12). Identifying andtrackingsuchambiguousehaiors

is critical, asincorrectdepthinterpretationgjuickly leadto

trackingfailure.

Fig.8a shavs sometypical slicesalong costeigendirec-
tions at much larger scalesin parameteispace. Note that
we recoverthe expectedrobustshapeof the matchingdistri-
bution, with somebut not too mary spuriouslocal minima.
This is crucial for ef ciency androbustnessasthe tracker
canonly follow alimited numberof possibleminima.

5 Model Initialization

Our tracker startswith a setof initial hypothesegproduced
by a modelinitialization process.Correspondencaseedto
be speci ed betweemrmodeljoint locationsandapproximate
joint positionsof the subjectin theinitial image,anda non-
trivial optimizationprocessis run to estimatecertainbody
dimensionsand the initial 3D joint angles. Previous ap-
proachego single-viav modelinitialization (Taylor, 2000;
Barronand Kakadiaris,2000)do not fully addresghe gen-
erality andconsisteng problemsfailing to enforcethe joint
limit constraintsandassuminggitherrestricteccameramod-
elsorrestrictechumanposesn theimage.An algorithmlike
the onewe proposecould alsoprobablybe bootstrappedis-
ing estimate®f 2D joint positionsderivedfrom learnednod-
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Fromthe “old' mixture prior , attime , build “newn' mixture posterior
, attime , asfollows:

1. Build covariancescaledporoposadensity . Fortheexperimentsve have usedGaussian
tails. The covariancescaledGaussiarcomponenproposalare with s=4—14in our experiments.

2. Generateomponentsf the posteriorattime by samplingfrom asfollows. Iterateover until thedesired
numberof samples aregenerated:

2.1. Choosecomponent from with probability

2.2. Samplefrom to obtain

2.3.0ptimize  overtheobsenrationlikelihoodattime , de ned by (2), usingthelocal continuousptimizational-

gorithm( 4.1). Theresultis theparametespacecon gurationatconvergence , andthecovariancematrix
If the modehasbeenpreviously found by alocal descenprocessdiscardit (For notationalclarity, without ary Iossof
generality considerall themodesfound aredifferent).

3. Constructanun-prunedoosteriorfor time  as: where
4. Prunethe posterior  to keepthebest componentsvith highestprobability — (renamendices into the set
) andrenormalizethedistribution asfollows: where
5. For eachmixture component in , nd theclosestprior component in , accordingto a Bhat-
tacharyyadistance _ - ———— . Recompute
. Discardthecomponent of from furtherconsideration.
6. Computethe posteriormixture where _

Figure6: The stepsof our covariance-scaledamplingalgorithm.

elsof silhouetteappearancéRosalesandSclarof, 2000). eachbasedon theformulationdescribedn 4.1. Hardjoint
For stability, parametersare initialized in three stages, limits areenforcedat all stagedy the constrainedptimiza-
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tion procedureandcorrespondingarametersntheleft and
right sidesof thebodyareheldequal whereasneasurements
arecollectedfromtheentirebody(seebelow). The rst stage
estimategoint angles , internalproportions anda few
simpleshape parameterssubjectto the given 3D to 2D
joint correspondenceandprior intervalson theinternalpro-
portionsand body part sizes. The secondstageusesboth
the givenjoint correspondenceandthe local contoursignal
from imageedgego optimizetheremainingvolumetricbody
parameterglimb cross-sectionand their taperingparame-
ters ) while holding the other parametersx ed. Finally,
we re ne thefull model( ) usingsimilarimageinformation
to the secondstage. The covariancematrix corresponding
to the nal estimateis usedto generaten initial setof hy-
potheseswhich are propagatedn time usingthe algorithm
describedin 4. While the processis heuristic, it givesa
balancebetweenrstability and e xibility. In practicewe nd
that enforcingthe joint constraintsmirror informationand
prior boundson the variation of body parametergivesfar
morestableandsatishctoryresults.However, with monocu-
lar images the initialization alwaysremainsambiguousand
highly uncertainin someparameteispacedirections,espe-
cially under3D-2D joint correspondencdata. In our case,
we emplgy a suitablecoarseposeinitialization and usethe
above procesdor ne re nement,butif available,onecould
fuseposeinformationfrom multiple images.

6 Experiments

For the experimentsshovn herewe usean edgeandinten-
sity basedcostfunctionanda body modelincorporatingpri-
ors and constraintsas explainedin 3.1 and 3.2. We use
Gaussiarails for CSS.A quantitatve evaluationof different
Gaussiarscalingsappearsn tablel on pagel9.

To illustrate our methodwe shaw resultsfor an 8 second
armtrackingsequencandtwo full bodyones(3.5sand4s).
All threesequencesontainboth self-occlusionandsigni -
cantrelatve motionin depth.The rst two ( g. 9) wereshot
at 25 frames(50 elds) per secondagainsta cluttered,un-
evenly illuminated background. The third (g. 11) is at 50
non-interlacedramespersecondagainstadarkbackground,
but involves a more comple« model and motions. In our
unoptimizedimplementation,a 270 Mhz SGI O2 required
about5s per eld to processhe arm experimentand 180s
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per eld for thefull bodyones mostof thetime beingspent
in costfunctionevaluation.The gures shav thecurrentbest
candidatemodeloverlayedon the original images. We also
explore the characteristidailure modesof varioustracker
componentsasfollows. By a Gaussiarsinglemodetradker
we meana singlehypothesigracker doing local continuous
optimizationbasedon Gaussiarerrordistributionsandwith-
outenforcingany physicalconstraintsA Rolustsinglemode
tracker improvesthis by usingrobustmatchingdistributions.
A Rolustsinglemodetracker with joint limits alsoenforces
physicalconstraints.For multimodaltrackers,the sampling
stratgyy canbeeitherCONDENSATION-basedr CSS-based,
asintroducedn previoussections.

Clutter ed background sequences: These sequence®x-

plore 3D estimationbehaior with respectto imageassign-
mentanddepthambiguities for a bendingrotatingarmun-

deran 8d.o.f. modelanda pivoting full-body motion under
a 30d.o.f. one. They have clutteredbackgroundsspecular
lighting andloose tting clothing. In the arm sequencethe
deformationsof the arm musclesare signi cant and other
imperfectiongn ourarmmodelarealsoapparent.

The Gaussiansingle modetradker managedo track 2D
frontoparallelmotionsin moderateclutter, althoughit grad-
ually slipsoutof registrationwhenthearm passeshe strong
edgeof thewhite pillar (0.5sand2.2sfor thearmsequence
and0.3sfor thehumanbodysequence)Any signi cant mo-
tion in depthis untrackable.

The robust single modetracker tracksfrontoparallelmo-
tionsreasonablyvell evenin clutter, but quickly losestrack
during in-depth motions, which it tendsto misinterpretas
frontoparallelones. In the arm tracking sequenceshoulder
motion towardsthe cameras misinterpretedasfrontoparal-
lel elbon motion,andtheerrorpersistaintil theupperbound
of the elbow joint is hit at 2.6s and tracking fails. In the
full body sequencethe pivoting of the torsois underesti-
mated,being partly interpretedas quasi-frontoparallemo-
tion of the left shoulderandelbaw joints. Despitethe pres-
enceof anatomicaloint constraintsthe st eventuallycol-
lapsesinto the body if non-self-intersectioronstraintsare
notpresent.

The robust joint-limit-consistentCSSmulti-modetradker
tracksthe motion of the entirearmandbody sequencevith-
out failure. We retainjust the 3 bestmodesfor the arm se-
guenceand the 7 bestmodesfor the full humanbody se-



guence. As discussedn 4.2, multimodal behaior occurs
mainly during signi cantly non-frontoparalleimotions, be-
tween2.2-4.0sfor thearmsequenceandovernearlytheen-
tire full body sequenc€0.2—1.2). For the latter, the modes
mainly re ect the ambiguity betweentrue pivoting motion
andits incorrect‘frontoparallelexplanation”.

We also comparedour methodwith a 3D versionof that
of (HeapandHogg, 1998; Chamand Rehg,1999). These
methodswere developedfor 2D tracking and we were in-
terestedn how well they would behave in the far lesswell
controlledmonocular3D case.We useda parametridGaus-
sian mixture representationlocal descentfor modere ne-
ment(asin HeapandHogg(1998);ChamandRehg(1999))
anda processnodelbasedn constantelocity plusdynam-
ical noise samplingasin Chamand Rehg(1999) (section
3.2, page3), on the clutteredfull body tracking sequence.
However, notethatunlike theoriginal methodspursusesro-
bust (ratherthan leastsquaresjmage matchingand robust
optimizationby default, andalsoincorporategphysicalcon-
straintsand model priors. We used10 modesto represent
thedistribution overour30d.0.f.3D con gurations,whereas
ChamandRehg(1999) used10 for their 38d.0.f. 2D SPM
model. Our rst setof experimentsuseda non-rolust SSD
imagematchingmetric anda Levenbeg-Marquardtroutine
for local sampleoptimization(asin ChamandRehg(1999),
exceptthatwe useanalyticalJacobians)With this costfunc-
tion, we nd thatoutlierscauselarge uctuations, biasand
frequentconvergenceto physically invalid con gurations.
Registrationis lost early in the turn (0.5s), assoonasthe
motion becomessigni cantly non-frontoparallel. Our sec-
ondexperimentaisedour robustcostfunctionandoptimizer,
but still with samplingasin Chamand Rehg(1999). The
tracksurvivedfurtherinto theturn, but waslostat0.7swhen
the depthvariationbecamdarger. As expectedwe nd that
a dynamicalnoiselarge enoughto provide sufciently deep
samplingalonguncertainin-depthdirectionsproducesnuch
too deepsamplingalongwell-controlledtrans\ersalones,so
thatmostof the samplesarelost on uninformative high-cost
con gurations. Similar agumentsapply to standardCon-
DENSATION, as can be seenin the monocular3D experi-
mentsof Deutscheetal. (2000).

Black background sequence:In this experimentwe focus
on 3D errors,in particulardepthambiguitiesandthe in u-
enceof physicalconstraintsand parametestabilizationpri-
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ors. We usean improved body modelwith 34 d.o.f. The
four extraparametersontroltheleft andright clavicle joints
in the shouldercomplex, which we nd to be essentiafor
following mary armmotions.Snapshotfrom thefull 4 s se-
guenceareshovn in g. 11, andvariousfailuresmodesin
g. 12.

TheGaussiarsinglemodetradker manageso follow near
frontoparalleimotionsfairly reliably owing to theabsencef
clutter, but it eventuallylosestrack after 0.5s (g. 12a-d).
Therobustsinglemodetradker tracksthe non-frontoparallel
motionsomavhatlonger(aboutl s), althoughit signi cantly
misestimateshe depth( g. 12e,f— theright leg andshoul-
derarepushedmuchtoo far forward andthe headis pushed
forward to matchsubjectcontour c.f. the “correct” posein
g. 11). It eventuallylosestrack during the turn. The ro-
bustmulti-modetradker with joint-limits is ableto trackquite
well, but, as body non-self-intersectiortonstraintsare not
enforced the modesoccasionallycorvergeto physicallyin-
feasiblecon gurations( g. 12g)with terminalconsequences
for tracking.Finally, therobustfully constainedmulti-mode
tracker is ableto dealwith signi cantly morecomplex mo-
tionsandtracksthefull sequencevithoutfailure( g. 11).

7 Sampling Distrib utions

We also ran somemore quantitatie experimentsaimed at
studyingthebehaior of the differentsamplingregimes par
ticularly the ef ciency with which they locate minima or
low-costregions of parameteispace. We are interestedin
how the samplingdistribution, ascharacterizetby the shape
of its coreandthe width of its tails, impactsthe searchef-
ciency. For the study here we usedthe simple, but still
highly multi-modal, 3D joint to imagejoint likelihood sur
face that we use for initializing our 34 d.o.f. articulated
model. We only estimatedjoint parametersnot body di-
mensionsWe ran experimentsnvolving CovarianceScaled
Sampling(CSS)and SphericalSampling(SS)for Gaussian
distributionswith scalingsl,2 8. To allow afair comparison,
at eachscalewe keptthe volumeof the sphere(proportional
to ) equalto the volume of the correspondingescaled
unit covarianceCSSellipsoid (proportionalto , the
productof eigervalues). Also notethat the nal sampling
distributionsarenot exactly Gaussian— in factthey areof-
tennoticeablymultimodal— becaus®ur samplempreseres



Figure10: Humantrackingagainsia clutteredbackgroundSeeplate14 on page23 for details.

the physicalconstraintsdy projectinginadmissiblesamples
back onto the constraintsurface. Oncemade,the samples
arelocally optimizedsubjectto the physicalconstraintsus-
ing the methodof 4.1. We reportthe numberof minima
found by eachmethod,andthe mediansandstandardievia-
tionsof their parametespacealistanceandcostdifferences,
in table 1. Fig.13 shaws distributions of humbersof sam-
plesand minima versusparameteispacedistance standard
deviationandcost,for scaling8. NotethatCSS nds signi -
cantlymoreminima, andalsoplacessamplesat positionsof
signi cantly lower cost,thanSS.Onecanalsoseethelarge
costdifferencebetweeroptimizedandunoptimizedsamples.
SSappeardo nd minimaof slightly lower mediancostthan
CSS,but this is misleading.CSSstill nds the few minima
foundby SS,but it also nds mary othermoredistantones,
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which, beingfurtheraway, tendsto increasets mediancost.

8 Approximation Accuracy

The tracking experimentsin 6 illustratedthe practicalbe-
havior andfailure modesof someof the component®f the
CSSalgorithm,and 7 presente@ morequantitatve evalua-
tion. Now we turnto moretechnicalpoints.

The CSSalgorithm involves both local continuousopti-
mizationandsomavhatmoreglobal covariance-scaledam-
pling. It thereforehasanaturalmechanisnto trade-of speed
and robustness. When tracking fails, both the number of
modesusedto representhe distribution andthe numberof
samplesproducedin the samplingstagecan be increased.



Figure12: Failure modesof variouscomponent®f thetracker (seetext).

This increasegshe computationakost, but it may allow the
tracker to follow more dif cult portions of the image se-
guence.n principle,asufciently long run of ary sampling
methodwould visit every region of the parametespace so
that the basinof attractionof eachmodewas sampledand
all minimawerefound. It hasbeenarguedthat mixed con-
tinuous/discretdrackers (HeapandHogg, 1998; Chamand
Rehg,1999)will 'diverge' if the visual informationis am-
biguousand corverge to a “best' modewhen the tamgetin
the image is easily detectable. However, this kind of di-
vergenceis not that importanthere. We are working with
likelihoodsurfacesthat have multiple peakswith individual
probabilities. Local optimizationmethodscan corverge to
ary of thesepeaksand samplingmethodswill eventually
‘condense’nearthemif they useenoughsamples. Given
the sampling/dynamicstage,both methodshave a chance
of jumping betweernpeaks(i.e. escapingspuriousones),al-
thoughthis may be a very slow process. The methodpre-
sentechereis designedo addresshe problemsof moreef -
cientandsystematienulti-modalexploration. Notealsothat
CSScanbe viewed asanimportancesamplingdistribution
and correctionweighting for fair samplegenerationcan be
performedwith respecto thetrue prior.
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A secondissueconcernsthe algorithm's ef ciency ver
susits biasbehavior. In tracking,assumingemporalcoher
encepnemaywantto con ne thesearcto theneighborhood
of the con gurationspropagatedrom the previoustracking
step. This canbe doneimplicitly by designinga likelihood
surfacethat emphasizesocal respons€e's, or by tuning the
searchprocesdor locality, using shortrangedynamics. In
eithercase a global estimateof the posteriordistribution is
too expensve, bothfor samplingandoptimization,while re-
stricting attentionto nearbystatescarriestherisk of missing
distantbut signi cant peaks.

A third issue concernsthe approximationaccurag of
a Gaussiammixture for arbitrary multi-modal distributions.
The mixture modelis likely to beinaccurateaway from the
mode cores,and this may affect the accurag of statistical
calculationsbasedon it. However for tracking and local-
ization applicationswe are mainly interestedn the modes
themseles, not the low-probability regionsin their remote
tails. Samplingmethodsare non-parametrisoin principle

13For example,anoptical o w correspondenceld, likethatdescribedn
3.1butbasednleastsquaredrightnessnatchingcanbehae asalocality
prior, forcing local imagevelocity explanationsand pruningaway remote,
potentially”objectize’ multi-modality
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Figure 13: Optimizedand unoptimizedsamplestatisticsfor Spherical(SS) and CovarianceScaled(CSS)Samplingwith
scalingfactor8 andrunsof 2000samplesNotethesigni cantly largernumberof minimafoundby CSSthanby SS,andalso

thatthe samplesareplacedat muchlower cost.

they do not have this limitation, but in practiceso few sam-
plesfall deepin the tails that noisinessof the estimateds
a problem. Puresample-basedepresentationalso provide
little insightinto the structureof the uncertaintyandthe de-
greeof multi-modality of thelikelihoodsurface.In ary case,
the issueof approximationaccurag in low-probability re-
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gionsis not a main concernhere. Provided initial seedsare
availablein theindividual modes basinsof attraction,sam-
pling methodscangeneratdair sampledrom the modesand
optimizationmethodscanpreciselyidentify their meansand
covariancesy local descentThetwo techniqueganbeuse
inter-changeablydependingn theapplication.It is the pro-



METHOD SCALE NUMBER OF PARAMETER STANDARD Cost
MINIMA 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 the distribution of minimafound. Note againthat CSS nds more minimaandplacesraw

samplesatlower costthanSS.

cesf nding theinitial seeddor eachmodethatrepresents
themajordif culty for high-dimensionaiulti-modaldistri-
butions.

A fourth andimportantpracticalissueconcernghe prop-
ertiesof the likelihoodfunction. For mary complex models
a goodlikelihoodis dif cult to build, andthe oneusedmay
be a poor re ection of the desiredobsenation density In
thesesituationsthe strengthof true andspuriousresponses
is similar andthis may affect the performanceof the track-
ing algorithm,irrespectve how much computationapower
is used. In suchcontets, it canbe very dif cult to identify
thetruetrackedtrajectoryin atemporal o w of spuriousre-
sponsesThisis a particularlycomplex problem,sincemary
likelihoodscommonlyusedin vision degradeungracefully
underocclusion/disocclusiomventsand viewpoint change.
At presentwe do not have good mechanismsor detecting
disocclusioneventsin complex backgrounds.The CSSal-
gorithm hasan elegant mechanisnthat accountsfor high-
uncertaintyif particulardegreesof freedomarenotobsened
(like occludedlimbs, etc) and it will automaticallysam-
ple broadly there. However, for sub-sequencewith long
occlusionevents, it is still likely to attachoccludedlimbs
to backgroundclutter, ratherthan maintainingthemas oc-
cluded.Globalsilhouettespr a humancontourdetector(Pa-
pageogiu andPoggio,1999),or higherordermatchingcon-
sisteng (Sminchisescu2002a)may help here. As anindi-
cationof the potentialbene ts of this, we currentlyusefore-
ground/backgroundggmentatiorandthemotionboundaries
from the robust optical o w computationto weightthe im-
portanceof contours,andthis signi cantly improvesthe re-
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sultsin thesequencewe have analyzed.

9 Conclusionsand Future Work

We have presentec new methodfor monocular3D human
body tracking, basedon optimizing a robust model-image
matching cost metric combining robustly extractededges,
o w andmotionboundariessubjectto 3D joint limits, non-
self-intersectionconstraints,and model priors. Optimiza-
tion is performedusingCovarianceScaledSamplinganovel
high-dimensionakearchstratgly basedon samplinga hy-
pothesidlistributionfollowedby robustconstraint-consistent
local re nementto nd a nearbycostminima. The hypoth-
esisdistribution is determinedby propagatinghe posterior
at the previous time step (representedis a Gaussianmix-
turede ned by the obsened costminimaandtheir Hessians
/ covariances}hroughtheassumediynamicgheretrivial) to
nd the prior at the currenttimestepthenin ating the prior
covariancesandresamplingo scattersamplesnorebroadly
Our experimentson real sequenceshav thatthis is signi -
cantlymoreeffective thanusingin ated dynamicalnoisees-
timatesasin previousapproachedecausé& concentratethe
sample®nlow-costpoints,ratherthanpointsthataresimply
nearbyirrespectve of cost. In futurework, it shouldalsobe
possibleto extendthe bene ts of CSSto CONDENSATION
by usingin ated (diluted weight) posteriorsand dynamics
for samplegenerationthenre-weightingtheresults.Our hu-
man trackingwork will focus on incorporatingbetterpose
and motion priors aswell asdesigninglikelihoodsthat are



betteradaptedor humanlocalizationin theimage.
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Figure14: Clutterhumantrackingsequenceletailedresultsfor the CSSalgorithmin 6, on pagel4.
23



Figure15: Complex motiontrackingsequenceletailedresultsfor the CSSalgorithmin 6 on pagel4.
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