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Abstract
A major dif�culty for 3D humanbodytracking from monocular

image sequencesis thenearnon-observabilityof kinematicdegrees
of freedomthatgeneratemotionin depth.For knownlink (bodyseg-
ment)lengths,thestrict non-observabilitiesreduceto twofold `for-
wards/backwards �ipping' ambiguitiesfor each link. Theseimply

� # links formal inverse kinematicssolutionsfor the full model,and
hencelinkedgroupsof ���

� # links � local minimain themodel-image
matchingcostfunction.Choosingthewrongminimumleadsto rapid
mistracking, sofor reliabletracking, rapid methodsof investigating
alternativeminimawithin a groupareneeded.Previousapproaches
to this haveusedgeneric search methodsthat do not exploit the
speci�c problemstructure. Here, we complementtheseby using
simplekinematicreasoningto enumerate the tree of possiblefor-
wards/backwards�ips, thusgreatlyspeedingthesearch within each
linkedgroupof minima.Our methodscanbeusedeitherdeterminis-
tically, or within stochastic`jump-diffusion' stylesearch processes.
Wegiveexperimentalresultsonsomechallengingmonocularhuman
tracking sequences,showinghowthenew kinematic-�ippingbased
samplingmethodimprovesandcomplementsexistingones.

Keywords: Monocular3D humanbodytracking, kinematicambi-
guity, CovarianceScaledSampling, inversekinematics,particle �l-
tering, constrainedoptimization,high-dimensionalsearch.

1 Intr oduction

A majordif�culty for 3D humanbodytrackingfrom monocu-
lar imagesequencesis thequasi-unobservability of kinematic
degreesof freedomthat generatemotion in depth. For un-
known limb (link) lengthsthis leadsto continuousnonrigid
`af�ne folding' ambiguities,but oncelengthsareknownthese
reduceto twofold `forwards/backwards�ipping' ambiguities
for eachlink. The full modelthushas �

# links formal inverse
kinematicssolutions.Evenwith strongjoint limits andnoim-
agecorrespondenceambiguities,the model-imagematching
cost function typically still has 	�
��

# links 
 local minima, so
optimizing it is a dif�cult global searchproblem. But alsoa
necessaryone,asfollowing thewronglocalminimumrapidly
leadsto mistracking.

Several genericglobal searchmethodshave alreadybeen
appliedto this problem[4, 11, 14, 16], but they tend to be

�
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somewhat inef�cient as they make little useof the speci�c
problem structure. Here, we develop a new methodthat
speedsthesearchfor localminimaby usingsimplekinematic
principles to construct`interpretationtrees' generatingthe
possible3D body con�gurationsassociatedwith a given set
of projectedjoint centres( � 3). We give simpleclosed-form
inversekinematicssolutionsfor constructingthesetreesfor
humanlimbs, andshow how themethodcanbeusedto pro-
duceanef�cient deterministic̀ kinematicjump' samplerfor
thedifferentcon�gurations.We usethis samplerto construct
anovel mixturedensitypropagationbasedtrackingalgorithm
( � 4) thatcombineslocal covariancebaseddiffusion,adaptive
kinematicchainselectionbasedon localuncertainties,quasi-
globalkinematicjumpsandlocal continuousconstrainedop-
timization.Wepresentquantitativeresultsshowing theeffec-
tivenessof the new samplerscomparedto existing methods
( � 5.1), and concludewith somechallengingmonocularex-
perimentsshowing the �nal tracker's ability to follow rapid,
complex humanmotionsin clutter.

1.1 RelatedResearch

Thereis a largeliteratureon humanmotiontrackingbut rel-
atively little work on developingsearchmethodsthatexploit
boththe local andglobalstructurepresentin the3D monoc-
ular articulatedproblem.Sidenbladhet al useparticle�lter -
ing with importancesamplingbasedoneitheralearnedwalk-
ing modelor a databaseof motion snippets,to focussearch
in the neighborhoodof known trajectorypathways[11, 12].
Deutscheret al proposean annealingframework in a multi-
camerasetting[3]. During annealing,thesearchfor parame-
tersis drivenby noiseproportionalwith their individualvari-
ances[4]. Consideredasanimproved(implicit) searchspace
decompositionmechanism,anearlymethodof this typewas
proposedby Gavrila & Davis [6] to ef�ciently samplepartial
kinematicchains. Adaptively identifying andsamplingpa-
rameterswith high varianceis useful,but kinematicparam-
etersusuallyhave quitestronginteractionsthatmake simple
axis-alignedsamplingquestionable.It is importantto realize
that the principal axes of the covariancechangedrastically
dependingon theviewing direction,andthatevenif theseare
computedandusedfor sampling(as in [14]), they areonly
localmeasuresthatcapturelittle informationabouttheglobal
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minimumstructure.
Sminchisescu& Triggs[14] arguethataneffectiverandom

samplermustcombineall threeof cost-surface-awarecovari-
ancescaling,a samplingdistribution with widenedtails for
deepersearch,andlocal optimization(becausedeepsamples
usuallyhaveveryhighcosts,andhencewill notberesampled
evenif they leadto otherminima). More recently, they have
alsoconstructeddeterministicoptimizationmethods[15] and
cost-function-modifyingMCMC samplers[16], for �nding
`transitionstates'(saddlepoints)leadingto nearbyminima.

Skeletal reconstructionmethodsrecover an interpretation
tree of possible3D joint positions,basedon user-speci�ed
imagejoint positions[8, 17]. Lee& Chen[8] attemptto prune
their perspective interpretationtreeusingphysicalreasoning,
while Taylor [17] relies on additionaluser input to specify
plausiblerelative joint-centredepthsfor his af�ne one. Al-
thoughthesemethodsdo incorporatethe forward-backward
�ipping ambiguity, they cannot reconstructskeletaljoint an-
gles,andthis makestheminappropriatefor trackingapplica-
tions.

Our approachcan be seenas a marriageof locally op-
timized covariancebasedrandomsamplingwith a domain-
speci�c deterministicsamplerbasedon skeletal reconstruc-
tion using inversekinematics. The local covarianceinfor-
mation obtainedduring optimizationalso providesa useful
heuristicfor whichkinematicparametersto sample.

2 Modeling and Estimation

Representation The 3D body model used in our human
trackingexperimentsconsistsof akinematic`skeleton'of ar-
ticulatedjoints controlledby angularjoint parameters,cov-
eredby a `�esh' built from superquadricellipsoidswith ad-
ditional globaldeformations[1]. A typical modelhas30–35
joint parameters;8 internal proportionsencodingthe posi-
tionsof thehip, clavicle andskull tip joints;and9 deformable
shapeparametersfor eachbodypart. Thecompletemodelis
encodedin asinglelargeparametervector � . Duringtracking
andstaticposeestimationwe usuallyestimateonly joint pa-
rameters,but duringinitialization somelengthratiosarealso
estimated.In use,the superquadricsurfacesarediscretized
into 2D meshesandthemeshnodesaremappedto 3D points
using the kinematicbody chain then projectedto predicted
imagepoints ��� 
��


 usingperspective imageprojection.
Observation Lik elihood: During trackingrobustmodel-to-
imagematchingcostmetricsareevaluatedfor eachpredicted
image feature ��� , and the resultsare summedover all ob-
servationsto producethe imagecontribution to the param-
eter spacecost function. Cost gradientand Hessiancon-
tributions ���	��
�� are also computedand assembled. We
usea robust combinationof extracted-feature-basedmetrics
andintensity-basedmatchingones(registeringthemodelre-
projectedtexture at previous tracking stepwith the current

image)androbusti�ed normalizededgeenergy. Thefeature-
basedtermsassociatethe predictions� � with nearbyimage
features 
� � , the cost being a robust function of the predic-
tion errors ��� � 
��


��


� ��� � � 
��


 . We alsogive resultsfor a
simplerlikelihooddesignedfor modelinitialization,basedon
squareddistancesbetweenreprojectedmodeljointsandtheir
speci�edimagepositions.

Priors and Constraints: Our model[14] incorporatesboth
hardconstraints(for joint anglelimits) andsoftpriors(penal-
ties for anthropometricmodel proportions,collision avoid-
ancebetweenbodyparts,andstabilizationof usefulbut hard-
to-estimatemodel parameterssuchas internal d.o.f. of the
clavicle complex). The priors provide additionalcost, gra-
dientandHessiancontributionsfor theoptimization.

Estimation: We apply Bayes rule and maximize the to-
tal posteriorprobability to give locally MAP parameteres-
timates:
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Here,
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 is the prior on the modelparameters,
%


	
 ����� �


 is
the costdensityassociatedwith observation ) , andthe inte-
gral is over all observations(assumedindependent). Equa-
tion (1) givesthe modellikelihoodin a single image,under
the modelpriors but without initial stateor temporalpriors.
Duringtracking,thetemporalprior at time * is determinedby
thepreviousposterior
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 for theimagecorrespondencesearch(1).

3 Kinematic Jump Processes

Eachcon�gurationof theskeletalkinematictreehasanasso-
ciatedinterpretationtree— thetreeof all fully- or partially-
assigned3D skeletalcon�gurationsthatcanbeobtainedfrom
the given one by forwards/backwards�ips. The tree con-
tainsonly, andgenericallyall, con�gurationsthatareimage-
consistentin the sensethat their joint centreshave thesame
image projectionsas the given one. (Someof thesemay
still be inconsistentwith otherconstraints:joint limits, body
self-intersection,occlusion...).Theinterpretationtreeis con-
structedby traversingthekinematictreefrom theroot to the
leaves.For eachlink, we constructthe3D spherecentredon
thecurrentlyhypothesizedpositionof thelink' sroot,with ra-
diusequalto link length. This sphereis piercedby thecam-
eraray of sight throughthe observed imagepositionof the
link' sendpointto give (in general)two possible3D positions
of theendpointthatareconsistentwith theimageobservation
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Figure1: Forwards/backwardsambiguityfor akinematiclink
undermonocularperspective projection. Given a standard
joint con�guration 7 7�7��������	� . , one can build an alternative
`�ipped' con�guration 7�7 7
����������
 with the samejoint-centre
imageprojections.� 
 is foundby intersectingthespherecen-
teredat � � with radius ��� � � . � with the cameraline of sight
throughtheprojectionof � . , ��� . .

and the hypothesizedparentposition (see�g. 1). Joint an-
glesarethenrecoveredfor eachpositionusingsimpleinverse
kinematics(seebelow). If theray missesthesphere,thepar-
ent hypothesiswasinconsistentwith the imagedataandthe
branchcanbepruned.

More precisely, the above tree structureappliesto non-
branchingkinematicchainssuchas limbs. When there is
kinematicbranching— e.g. for thefour limbsattachedto the
trunk — eachbranchcanbe sampledindependently, so the
setof possibleinterpretationshasa naturalfactored̀ product
of trees'structure.In suchcaseswe build independenttrees
for eachlimb andtake their product,e.g. eachfull-body con-
�guration containsindependently-sampledcon�gurationsfor
eachof thefour limbs.

Comparedto currentgenericcon�gurationspacesampling
methods,forwards/backwards�ipping generateshigh-quality
hypothesesvery rapidly, and also provides unusuallythor-
ough coverage,at least within eachkinematically-induced
equivalenceclassof minima. Its quality stemsfrom the fact
that thehypothesesgeneratedall have approximately-correct
imageprojections(in particular, correctjoint-centreprojec-
tions). Its rapidity stemsfrom theexistenceof simpleclosed
form solutionsfor the inversekinematicsin this particular
case(i.e. �e xible kinematicsconstrainedby observed joint-
centreprojections),andthefact that theaccuratehypotheses
generateddo not needfurther `polishing' by expensive non-
linearoptimization.

Onecouldalsogeneratè�ips' usingclassicalclosed-form
or iterative techniquesfor solving the full inversekinemat-
ics of the articulatedskeleton,e.g. [10, 18]. However these
methodsarenot well-adaptedto this applicationin thesense
that they solve a much more complicatedproblem(full re-
dundantkinematicsfrom agivenend-effectorpose)while ig-
noringmuchof theavailableimageinformation(constrained
projectionsof intermediatejoint centres).

Figure2: The`�ipping' ambiguitiesof theforearmandhand
undermonocularperspective. (The left-most con�guration
violatesa wrist joint-anglelimit andwill beprunedaway).

3.1 Dir ect InverseKinematics

As describedabove,�ipping appliesonly to kinematicchains
with fully sphericaljoints. Singled.o.f. joints suchashinges
areusuallytoorigid to havea�ipping ambiguity, astwo d.o.f.
areneededto move the link endto anarbitrarynew position
on thesphere.However, for humankinematics,�ipping am-
biguities apply even to hinge joints suchas the elbow: al-
thoughphysicallya hinge,the elbow effectively hasspheri-
cal mobility onceaxial rotationsof theupperarm aboutthe
shoulderare included. Herewe give the inversekinematics
of this threelink caseasanexample.We work in a reference
coordinatesystemandknow the3D positions�

� of joints �
� ,

)����

7�7 � , aswell astherotationaldisplacement1 of �!. with
respectto the referenceframe. The kinematicchain is rep-
resentedin termsof Euleranglesandpuretranslationsalong
negative � axes.We use

�

1 to denotethe � columnof thero-
tation matrix 1 . Suppose� �

� ���

-

���
�

>
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7 7 �

unit vectorsspecifyingthe (known) � axesat eachindivid-
ual joint, afterapplyingtherotationin that joint. Thereare3
d.o.f. in �

. , 1 d.o.f. in �

 and2 d.o.f. in �� – thesearerep-

resentedby rotationmatrices1
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asin �g. 3. To solve for
rotations,we descendthekinematicchainandfactorrotation
angles
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by applyingtheconstraintsderivedfrom
theknown positionsof �

� . Thekey observationis that,atany
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Again thereare4 possiblesolutionsbut 2 canbepruned.Fi-
nally, (; ��+*= areobtainedin thesamewayas (
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Figure3: A three-jointlink modelinganthropometriclimbs.
It hasonesphericaljoint � . , onehingejoint � 
 anda 2 d.o.f.
endeffector �� . Therepresentationis built in termsof Euler
angles(with associatedrotationmatrices1
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with angles
assub-scriptsand the joint rotationcentersassuperscripts)
and pure translationsto the next joint along the negative �

axis. The inversekinematicssolutionfactorsrotationangles
usingknowledgeof successive z axes(computedfrom � �
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. ) for limbs.

known (
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�4*
.

�+�
.

�+(

 values.As asspecialcase,notethat 1

.

'

remainsunconstrainedwhen �
. , �


 and �  arecollinear. In
thiscase,�

. is either�x edto somedefaultvalueor (for track-
ing) sampledwithin its rangeof variation.

3.2 Iterati ve InverseKinematics

In somesituations,the simpleclosedform inversekinemat-
icsgivenabovedoesnot suf�ce. Thismighthappenfor more
generalkinematicstructures— for exampletheloopedkine-
matic chainsformed when the handsare joined or placed
on the hips — or when the exact inversekinematicseither
fails (a cameraray doesnot intersectits sphere)or is ex-
pectedto beinaccuratefor somereason(a joint limit or body
non-self-intersectionconstraintis violated). In suchcases,
we can fall back on a more generalapproachthat directly
minimizesthe sumof squareddifferencesbetweenthe cur-
rent and desiredjoint con�gurations, using nonlinearopti-
mization in joint space.Our minimizer usesanalyticalgra-
dientsandHessiansin a second-orderdampedNewton trust-
region framework, with bothhardjoint-anglelimits andsoft
non-self-intersectionand imagecorrespondenceconstraints
[14]. In practice,this methodlocatesnew �ipped local min-
ima fairly successfully, but is signi�cantly more expensive
thankinematics-based�ipping as 	 


� 
 full local optimiza-
tion runsareneededfor eachnew minimumfound.However
this is still signi�cantly moreef�cient thantherandomsam-
plerswe have tested— see� 5.

4 The Algorithm

In normaluse,weembedour kinematicjump samplerwithin
a cost-sensitivemixturedensitypropagationframework [14].
Thejumpsamplerensuresrapid,consistentdiffusionof sam-
plesacrossthe kinematicminima associatedwith any given
setof imagejoint positions,while the randomsamplerpro-
vides robustnessagainstincorrect image correspondences.
Here, we use a CovarianceScaledSampling[14] tracker.
This probabilisticmethodrepresentsthe posteriordistribu-
tion of hypothesesin joint spaceasa mixture of long-tailed
Gaussian-like distributions ������� , whoseweights,cen-
tresandscalematrices(`covariances')���

�


�� � �
	

�

��� �


 are
obtainedas follows. Randomsamplesare generated,and
eachis optimized(by nonlinearlocal optimization,respect-
ing any joint constraints,etc.) to maximizethelocalposterior
likelihoodencodedby animage-andprior-knowledgebased
cost function. The optimizedlikelihoodvalueandposition
give the weight andcentreof a new component,andthe in-
verseHessianof the log-likelihoodgivesa scalematrix that
is well adaptedto thecontoursof thecostfunction,evenfor
very ill-conditionedproblemslike monocularhumantrack-
ing. However, whensampling,particlesaredeliberatelyscat-
teredmorewidely thana Gaussianof this scalematrix (co-
variance)would predict, in order to probemore deeplyfor
alternativeminima.

Fig.4 givesthegeneralform of thealgorithm,and�g. 5 de-
scribesthe novel KinematicDiffusionJumpSampling rou-
tine that lies at its core. On entry, the userspeci�es a set




of kinematicsub-chainsthat may be sampled(this canbe
quite large,asthe routineadaptively decideswhich to sam-
ple). At eachtime step,covariancescaledsamplesaregen-
eratedfrom theprior. For eachsuchsampleaninterpretation
treeis createdon-line by the BuildInter pretationTreerou-
tine, with kinematicsolutionsobtainedusing InverseKine-
matics. Thechainto besampledis chosenadaptively using
a voting processbasedon the local covariancestructureof
thatregion of theparameterspace,SelectSamplingChainin
�g. 5. Local covariancescaledresamplingis performedbe-
fore the jump becausewe do not (yet) have the covariance
informationneededto performit afterwards. Eachelement
of thesampleablesub-chainset




is simply a list of parame-
ter namesto sample.For instance,for a sub-chainrootedat
theleft shoulder, this might includetherotationalparameters


)( �6�4*�� �+� � �4(��6�4(�� �+*��


 wherethe 
��0�
%

���


 standfor (shoulder,
elbow, hand)and ( �4* � � for therotationaxes.

The proposedsamplingstrategy provides a balancebe-
tweenlocal andglobal searcheffort sincesamplesaregen-
eratedaroundtheprior modes,aswell asaroundnew peaks
thatarepotentiallyemergingandhavenot yetbeenexplored.
Re-weightingbasedonclosestprior modesasin �g. 4, step5,
ensuresthetracker is notdistractedby remotemulti-modality
whentrackingthecorrectminima.
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Kinematic Jump + CSSDiffusion BasedTracker

Input: The set



of permissiblekinematic chain par-
titions to use for sampling, and the previous posterior
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Figure4: Thestepsof our mixturedensitypropagationalgo-
rithm.

5 Experiments

This sectiongivesexperimentsshowing the performanceof
our new Kinematic Jump Sampling(KJS) methodrelative
to two establishedrandomsamplingmethods,cost-surface-
sensitive CovarianceScaledSampling(CSS) [14] and the
traditionalcost-insensitive SphericalSampling(SS)method
usedimplicitly, e.g. in CONDENSATION [7]1.

5.1 Quantitati veEvaluation

Our �rst set of experimentsstudiesthe quantitative behav-
ior of thedifferentsamplingmethods,particularlytheir ef�-
ciency at locatingminima or low-cost regionsof parameter

1CONDENSATION samples̀ spherically' in the sensethat the sourceof
randomnessis Gaussiandynamicalnoisewith a �x ed prespeci�edcovari-
ance.Wecouldchoosecoordinatesin whichthisdistributionwasspherically
symmetric. Whereasin CSS,the `noise' adaptsto the local costsurfaceat
eachtimestep.

�

� KinematicDiffusionJumpSampling
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Generatesa setof samples� basedon CovarianceScaled
Samplingdiffusionandkinematicjump processes.

1. UseSelectSamplingChain
8� � �





 to selectakinematic
chain 9 � �




to samplefor eachmixturecomponent
�:�

�

.
2. Generate; randomsamplesasfollows:
2.1.Choosea mixturecomponent

�:�
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with probability
�

� .
2.2.CSSsamplefrom
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to obtain < � .
2.3. = � = BuildInter pretationTree
�< � �>9 �


 .
2.4. For eachpath(list of 3D joint positions)? in =�� , use
InverseKinematics
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 to �nd joint angles�A@ , andadd��@

to thelist of samples,� �

�CB �A@ .

SelectSamplingChain
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Heuristic to selecta chain 9 �




to samplefor a com-
ponentwith covariance� . 9
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BED
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 will providetheindex of parameter9 � in the ; -d
skeletonjoint state.

1. Diagonalize� to obtain 
�F � �>G �




� � .�HIH

�

.
2. For eachchain 9��




, �nd
vote.

���
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.

���

�
�

.
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�

F
�KJ Idx 
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ML

Intuitively this counts the cumulated uncertainty of
9 along the local covariance principal directions F�� ,
weightedby their correspondingstandarddeviations GN� .
3. Returnthechain 9 with thehighestvote.(Alternatively,
the best O chainscould be returned,or a vote-weighted
randomone).

BuildInter pretationTree
�<0�>9




Builds the interpretationtree for < basedon �ipping the
variablesin chain 9 ( � 3).

InverseKinematics
+?




Useseitherclosed-form( � 3.1) or iterative ( � 3.2) inverse
kinematicsto �nd thejoint-spacecon�gurationassociated
with a list of 3D joint positions? .

Figure5: The componentsof our CSSdiffusion plus kine-
maticjump samplingalgorithm.

space.We studyperformancefor differentkinematicparti-
tions of the joint spaceunderdeterministicKinematicJump
Sampling(KJS), and also give resultsfor the randomCo-
varianceScaled(CSS)and Spherical(SS) samplers,show-
ing how differentcoreshapes(sphericalvs. localcovariance-
based)andtail widths(scaled-GaussianversusCauchy)affect
their ef�ciency. Thestudywasbasedon thesimple,but still
highly multi-modal,model-jointto known-image-jointlikeli-
hoodfunctionthatweuseto initialize our34d.o.f.articulated
model2. Themodelstartedat approximatelyits true3D con-

2Our full initialization procedurealsoestimatessomebody dimensions,
but heretheseareheld�x ed.
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METHOD SCALE NUMBER OF MEDIAN PARAMETER MEDIAN STANDARD MEDIAN COST

M INIMA DISTANCE DEVIATION

NO OPT OPT NO OPT OPT NO OPT OPT

KJS1 - 1024 2.9345 2.8378 92.8345 93.9628 0.0998 0.0212
KJS2 - 1466 3.2568 2.2986 83.4798 82.5709 0.1045 0.0203

CSS 1 8 1.1481 2.5524 10.9351 47.6042 116.9512 8.4968
CSS 4 59 3.2123 2.9474 35.2918 55.3163 1995.1232 6.9810
CSS 8 180 4.9694 3.3466 75.1119 109.8131 16200.8134 7.0986
CSS 16 667 6.4242 6.7209 177.1111 465.8892 45444.1223 8.6958
CSS 1/HT 580 5.0536 6.9362 106.6311 517.3872 15247.7134 8.7242
SS 1 0 0.1993 - 24.5274 - 273.5091 -
SS 4 11 0.7673 2.0492 96.1519 39.0745 4291.1211 6.2801
SS 8 42 1.4726 2.5488 188.1571 56.8268 16856.1211 6.9648
SS 16 135 2.7195 2.8494 367.7461 87.8533 63591.4211 8.6958
SS 1/HT 232 2.1861 6.5474 178.6471 535.9991 18173.1121 17.8807

Table 1: Quantitative resultson sampledistribution for KJS, aswell asCSSandSSwith different typesof tails (scaled-
Gaussianvs. HT, with andwithout optimizationNO OPT vs. OPT).KJS �nds 1024minima in 1024samplesfor the �rst
trial and1466minima in 1536samplesfor thesecondround. The CSS/SSexperimentsused2000samples.Note thatKJS
�nds many moreminima thanSSandCSS,andthat its samplesarealreadyvery closeto the �nal minima in cost,whereas
SSandCSSsamplesrequirea substantialamountof optimizationto becomeplausiblehypotheses.Also notethatCSShas
signi�cantly betterperformancethanSS,bothin termsof numbersof minimafoundandmediancostsof raw samples.

�guration.
Table1 summarizestheresults,giving thenumberof min-

ima foundby eachmethod,andalsotheirmediancosts(like-
lihoodsrelative to thetruecon�guration) andtheir distances
from the startingcon�guration in both sphericalparameter
spaceunits and covariance-scaledstandarddeviations. It
givesstatisticsboth for raw samples,and for samplesafter
local continuousoptimizationsubjectto joint andbodynon-
self-intersectionconstraints.Fig.6 shows somehistograms
of numbersof samplesandminima found versusparameter
spaceandMahalanobisdistance.
Spherical and Covariance ScaledSampling: CSSandSS
wererun with bothGaussianandheavy tailed (HT Cauchy)
distributions,using2000samplesper run. For a fairercom-
parisonwe kept the volume of the distribution corescon-
stant: thevolumeof theunit covarianceCSSellipsoid is al-
waysequalto thevolumeof thecorrespondingsphere,i.e. the
sphere's radiusis taken to be �

���

� �

.�7 7�7

���

, where
�

� are
theeigenvaluesof thecovarianceellipsoid.We ranthemeth-
odsfor Gaussiandistributionswith scaling4,8,16andCauchy
distributionswith scaling1. Samplesthat violatedphysical
constraintswereprojectedbackonto the feasibleconstraint
surface. This often leadsto highly non-Gaussianfeatures
suchasmulti-peakedhistograms,even thoughthe raw sam-
pling distribution is Gaussian.

In theresults,notethesigni�cantly greaternumberof local
minimafoundby CSSthanby SS,andalsothatCSSsamples
onaveragehavemuchlowercostthanSSones.Onecanalso
seethelargecostdifferencebetweenunoptimized(NO OPT)

andoptimized(OPT) samples.Although the tableseemsto
show thatSSgeneratesslightly lower-costoptimizedminima
thanCSS,this is illusory. SS is simply too myopic to �nd
more than a few close-lying(and hencelow cost) minima,
whereasCSSreliably �nds both theseandalsomany more
distantones,someof which naturallyhave somewhathigher
cost.

Kinematic Jump Sampling: We ranKJSfor severaldiffer-
entpartitionsof theskeletoninto sampleablesubchains.Ex-
perimentKJS1sampledtheleft andright shoulderjoints and
theleft calf, for afrontalview similarto theonein �g. 2. Each
of the 1024con�gurationsgeneratedleadto a distinct local
minimum after optimization. The secondexperimentKJS2
sampledthe left andright calf joints andthe right shoulder
joint for a total of 1536samplesleadingto 1466minimaaf-
ter optimization. In both casesthe parameterspaceminima
werehit quiteaccurately, sooptimizationis largely super�u-
ous. The KJS samplesalso have far lower coststhan raw
SSor CSSsamples.Thus,KJSsamplingis alsolikely to be
effective when usedwith optimization-freediscretedensity
propagationmethodssuchasCONDENSATION.

5.2 Tracking

Finally, we illustratethefull KJS+ CSSmethodon a 4s se-
quenceinvolving full-body trackingof a subjectperforming
agileandrapiddancingmoves. This sequencecontainsboth
self-occlusionandsigni�cant relativemotionin depth.It was
shotat 25 frames(50 �elds) per secondagainsta cluttered,
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Figure6: Top: Distribution of optimizedparameterspacedistanceandstandarddeviation for the KJS1experiment. The
samplesarefrom theproductof theinterpretationtreesfor theleft andright shoulderjointsandtheleft calf, for a frontalview
similar to �g. 2. Bottom:Analogousdistributionsfor CovarianceScaledSampling(CSS)with scalingfactor8.

unevenly illuminated background,without specialclothing
or markers. Fig.7 shows someframesfrom the original se-
quence(�rst row), 2D trackingresultsshowing the current-
bestmodelcon�guration reprojectedinto theoriginal image
(middlerow), andthecorresponding3D modelposerendered
from a downwards-lookingsyntheticcamera(bottom row).
The trackswere initialized by running a methodsimilar to
that in � 5.1, thenselectingan initial setof 8 hypothesesthat
gave plausibleinitial bodyposes.From thenon, the full se-
quencewastrackedautomaticallyusinganobservationlike-
lihood function basedon edgeand intensity measurements
as explainedin � 2. The samplingprocedurewas basedon
CSSdiffusion(with scaling4-6) followedby kinematicjump
samplingwith closed-forminversekinematics. The selec-
tion of whichkinematicsub-chainto sampleat a givenmode
andtime wasdoneautomaticallyusingthe local-uncertainty
basedvoting mechanismdescribedin � 5. In this experiment
the list




of usersuppliedchainscontainedthe short3-link
chainsassociatedwith theneck,andeachshoulderandeach
hip. For tracking, one usually needsa searchprocessthat
doesnotwandertoofarfrom thegivenprior modes,andthese
chainshave the advantageof generatingshallow interpreta-
tion treesrepresentingrelatively probablelocal jumpsor am-
biguities. Suchbehavior is importantnot only for ef�cient
andreliabiletracking,but alsofor thecoherenceof thepost-
trackingsmoothingprocess,if any. (No smoothingwasdone
here). The above settingsprove highly effective in the se-
quenceanalyzedhere,ascanbeseenfrom themodelrepro-
jectionbothin theoriginal image,andasseenfrom above.

6 Conclusions

Wehavepresentedanovelkinematicsamplingframework for
recovering3D humanbodymotionfrom monocularvideose-
quences.The costsurfacefor monocularhumantrackingis
structuredand highly multi-modal. For any feasibleset of
imagejoint positions,thereareexponentiallymany 3D body
con�gurationsprojectingto it. All of thesehave similar im-
ageprojections,and they tend to have similar imagelikeli-
hoodsas well. The different 3D con�gurationsare linked
by `forwards/backwards�ipping' moves,onefor eachkine-
matic link. Our methodusessimple inversekinematicsto
systematicallygeneratethe completeset of suchcon�gura-
tionsgivenany oneof them,andhenceto investigatethefull
set of associatedcost minima. Our experimentsshow that
kinematicsamplingcomplementsandsubstantiallyimproves
on conventionalrandomsamplingbasedtrackers,andthat it
canbeusedvery effectively in tandemwith them. Thecom-
binedsystemis ableto trackshortsequencesinvolving fast,
complex dancingmotionsin clutteredbackgrounds.

Ongoing work is studingwhetheradding further physical
sceneconstraintscan improve the pruning of inconsistent
samples,and also investigatingthe possibility of applying
jump-basedstrategiesfor non-kinematicambiguitiessuchas
imagematching(e.g. `right limb but wrongedge'correspon-
denceerrors)andwithin otherMCMC algorithms. We also
plan to make a more quantitative evaluationof our voting
heuristic,andwe areinterestedin developingsmoothingal-
gorithmsthatarebetteradaptedto longrangeinter-framedy-
namicmoves.
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Figure7: Jumpkinematicsin action! Trackingresultsfor a 4s agiledancingsequence.First row: original images.Middle
row: 2D tracking resultsshowing the model-imageprojectionof the bestcandidatecon�guration at the given time step.
Bottomrow: thecorresponding3D modelcon�guration renderedfrom above. Note thedif�culty of thesequence,thegood
modelimageoverlap,andtherealisticqualityof 3D reconstuctedmodelposes.
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