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Abstract
A major dif culty for 3D humanbodytracking from monocular
image sequenceis the nearnon-observabilityof kinematicdegrees
of freedonthat geneate motionin depth.For knownlink (bodyseg-
ment)lengths,the strict non-observabilitieseduceto twofold “for-
wards/ba&éwards ipping' ambiguitiesfor ead link. Theseimply
#links formal inverse kinematicssolutionsfor the full model, and
hencelinked groupsof ~ #'"ks |ocal minimain the model-imae
matding costfunction. Choosinghewrongminimumleadsto rapid
mistracking, sofor reliabletracking, rapid methodof investigating
alternativeminimawithin a groupare neededPreviousappoacdes
to this have usedgeneric seach methodsthat do not exploit the
speci ¢ problemstructue. Here, we complementheseby using
simplekinematicreasoningto enumeate the tree of possiblefor-
wards/ba&wards ips, thusgreatly speedinghe seach within eac
linkedgroupof minima.Our methodsanbeusedeitherdeterminis-

tically, or within stochastic jump-difusion’ styleseach processes.

We giveexperimentatesultson somechallengingmonoculathuman
tracking sequencesshowinghowthe new kinematic- ippingbased
samplingmethodmprovesand complementsxistingones.

Keywords: Monocular3D humanbodytradking, kinematicambi-
guity, CovarianceScaledSampling inversekinematicsparticle |-
tering, constainedoptimization high-dimensionaseach.

1 Intr oduction

A majordif culty for 3D humanbodytrackingfrom monocu-
larimagesequencess thequasi-unobsembility of kinematic
degreesof freedomthat generatemotion in depth. For un-
known limb (link) lengthsthis leadsto continuousnonrigid
“af ne folding' ambiguitiesput oncelengthsareknownthese
reduceto twofold “forwards/backwards ipping' ambiguities
for eachlink. Thefull modelthushas #'""s formal inverse
kinematicssolutions.Evenwith strongjoint limits andnoim-
agecorrespondencambiguities the model-imagematching
costfunction typically still has ~ #"ks |ocal minima, so
optimizingit is a dif cult global searchproblem. But alsoa
necessargne,asfollowing thewronglocalminimumrapidly
leadsto mistracking.

Several genericglobal searchmethodshave alreadybeen
appliedto this problem([4, 11, 14, 16], but they tendto be
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someavhatinef cient asthey male little useof the specic

problem structure. Here, we develop a new methodthat
speedshesearctfor local minimaby usingsimplekinematic
principlesto construct’interpretationtrees' generatingthe

possible3D body con gurationsassociatedvith a given set
of projectedjoint centres( 3). We give simple closed-form
inversekinematicssolutionsfor constructingthesetreesfor

humanlimbs, andshav how the methodcanbe usedto pro-

duceanefcient deterministic kinematicjump' samplerfor

thedifferentcon gurations.We usethis samplerto construct
anovel mixturedensitypropagatiorbasedrackingalgorithm
( 4) thatcombinedocal covariancebasedliffusion,adaptie

kinematicchainselectiorbasedn local uncertaintiesguasi-
globalkinematicjumpsandlocal continuousconstraineap-

timization. We presentjuantitatie resultsshaving the effec-

tivenessof the new samplerscomparedo existing methods
( 5.1), and concludewith somechallengingmonocularex-

perimentsshaving the nal tracker's ability to follow rapid,

comple« humanmotionsin clutter

1.1 RelatedReseach

Thereis alarge literatureon humanmotiontrackingbut rel-
atively little work on developingsearchmethodsthatexploit
boththelocal andglobal structurepresentin the 3D monoc-
ular articulatedproblem. Sidenbladret al useparticle Iter -
ing with importancesamplingbasecdn eitheralearnedwalk-
ing modelor a databasef motion snippetsto focussearch
in the neighborhoof known trajectorypathways[11, 12).
Deutscheret al proposean annealingframeavork in a multi-
camerasetting[3]. During annealingthe searchor parame-
tersis drivenby noiseproportionalwith theirindividual vari-
anced4]. Consideregsanimproved(implicit) searchspace
decompositioomechanisman early methodof this typewas
proposedy Gavrila & Davis [6] to ef ciently samplepartial
kinematicchains. Adaptively identifying and samplingpa-
rameterswith high varianceis useful, but kinematicparam-
etersusuallyhave quite stronginteractionghat make simple
axis-alignedsamplingguestionablelt is importantto realize
that the principal axes of the covariancechangedrastically
dependingntheviewing direction,andthatevenif theseare
computedand usedfor sampling(asin [14]), they areonly
local measureshatcapturdittle informationabouttheglobal



minimumstructure.

Sminchisesc& Triggs[14] aguethataneffectiverandom
samplemustcombineall threeof cost-surfce-avarecovari-
ancescaling,a samplingdistribution with widenedtails for
deepersearchandlocal optimization(becauseleepsamples
usuallyhave very high costs andhencewill notberesampled
evenif they leadto otherminima). More recently they have
alsoconstructedleterministiooptimizationmethodg15] and
cost-function-modifyingMCMC samplerg[16], for nding
“transitionstates'(saddlepoints)leadingto nearbyminima.

Skeletal reconstructiormethodsrecover an interpretation
tree of possible3D joint positions,basedon userspeci ed
imagejoint positiong8, 17]. Lee& Chen[8] attempto prune
their perspectie interpretatiortreeusingphysicalreasoning,
while Taylor [17] relies on additionaluserinput to specify
plausiblerelative joint-centredepthsfor his af ne one. Al-
thoughthesemethodsdo incorporatethe forward-backvard
ipping ambiguity they cannotreconstructkeletaljoint an-
gles,andthis malkestheminappropriatdor trackingapplica-
tions.

Our approachcan be seenas a marriageof locally op-
timized covariancebasedrandomsamplingwith a domain-
speci ¢ deterministicsamplerbasedon skeletal reconstruc-
tion using inversekinematics. The local covarianceinfor-
mation obtainedduring optimizationalso provides a useful
heuristicfor which kinematicparameterso sample.

2 Modeling and Estimation

Representation The 3D body model usedin our human
trackingexperimentsonsistf akinematic skeleton' of ar
ticulatedjoints controlledby angularjoint parametersgov-
eredby a” esh' built from superquadriellipsoidswith ad-
ditional globaldeformationg1]. A typical modelhas30-35
joint parametersg internal proportionsencodingthe posi-
tionsof thehip, clavicle andskull tip joints; and9 deformable
shapeparametersor eachbody part. The completemodelis
encodedn asinglelargeparametevector . Duringtracking
andstaticposeestimationwe usuallyestimateonly joint pa-
rametersput duringinitialization somelengthratiosarealso
estimated.In use,the superquadrisurfacesare discretized
into 2D meshesandthe meshnodesaremappedo 3D points
using the kinematicbody chainthen projectedto predicted
imagepoints usingperspectie imageprojection.
Obsevation Lik elihood: During trackingrobustmodel-to-
imagematchingcostmetricsareevaluatedor eachpredicted
image feature , andthe resultsare summedover all ob-
senationsto producethe image contribution to the param-
eter spacecost function. Cost gradientand Hessiancon-
tributions are also computedand assembled. We
usea robust combinationof extracted-feature-basadetrics
andintensity-basednatchingones(registeringthe modelre-
projectedtexture at previous tracking stepwith the current

image)androbusti ed normalizededgeenegy. Thefeature-
basedtermsassociateghe predictions with nearbyimage
features , the costbeinga robust function of the predic-
tion errors . We alsogive resultsfor a
simplerlik elihooddesignedor modelinitialization,basedn
squaredlistancedetweerreprojectednodeljoints andtheir
speci edimagepositions.

Priors and Constraints: Our model[14] incorporatesoth
hardconstraintgfor joint anglelimits) andsoft priors(penal-
ties for anthropometrionodel proportions,collision avoid-
ancebetweerbody parts,andstabilizationof usefulbut hard-
to-estimatemodel parametersuchas internal d.o.f. of the
clavicle complex). The priors provide additional cost, gra-
dientandHessiarcontributionsfor the optimization.

Estimation: We apply Bayesrule and maximize the to-
tal posteriorprobability to give locally MAP parameteles-
timates:

@)
Here, is the prior on the model parameters, is
the costdensityassociatedvith obsenation , andthe inte-
gralis over all obsenations(assumedndependent). Equa-
tion (1) givesthe modellikelihoodin a singleimage,under
the model priors but without initial stateor temporalpriors.
Duringtracking,thetemporalprior attime is determinedy

the previous posterior andthe systemdynam-
ics , wherewe have collectedthe obsenationsat
time into vector andde ned . The

posteriorat becomes

Together and formthetime prior

for theimagecorrespondenceearch(1).

3 Kinematic Jump Processes

Eachcon gurationof the skeletalkinematictreehasanasso-
ciatedinterpretationtree— thetreeof all fully- or partially-

assigne®D skeletalcon gurationsthatcanbeobtainedrom

the given one by forwards/backwrds ips. The tree con-
tainsonly, andgenericallyall, con gurationsthatareimage-
consistenin the sensehattheir joint centreshave the same
image projectionsas the given one. (Someof thesemay
still beinconsistentvith otherconstraintsjoint limits, body
self-intersectionpcclusion...). Theinterpretatiortreeis con-
structedby traversingthe kinematictreefrom theroot to the
leaves. For eachlink, we constructhe 3D spherecentredon

thecurrentlyhypothesizegositionof thelink' sroot, with ra-
diusequalto link length. This spherds piercedby the cam-
eraray of sightthroughthe obsenedimage positionof the
link' sendpointto give (in general}wo possible3D positions
of theendpointthatareconsistentvith theimageobsenation
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Figurel: Forwards/backwrdsambiguityfor akinematiclink

under monocularperspectie projection. Given a standard
joint con guration , one can build an alternatve
" ipped' con guration with the samejoint-centre
imageprojections. isfoundby intersectinghespherecen-
teredat  with radius with the cameraline of sight
throughthe projectionof

and the hypothesizedharentposition (see g. 1). Joint an-
glesarethenrecoveredfor eachpositionusingsimpleinverse
kinematics(seebelow). If theray misseghe spherethe par
ent hypothesisvasinconsistenwith the imagedataandthe
branchcanbe pruned.

More precisely the above tree structureappliesto non-
branchingkinematic chainssuch as limbs. When thereis
kinematicbranching— e.g. for thefour limbs attachedo the
trunk — eachbranchcan be sampledindependentlyso the
setof possibleinterpretation$iasa naturalfactored product
of trees'structure.In suchcaseswve build independentrees
for eachlimb andtake their product,e.g. eachfull-body con-
guration containandependently-samplezbn gurationsfor
eachof thefour limbs.

Comparedo currentgenericcon gurationspacesampling
methodsforwards/backwrds ipping generateligh-quality
hypothesewery rapidly, and also provides unusuallythor-
ough coverage,at leastwithin eachkinematically-induced
equivalenceclassof minima. Its quality stemsfrom the fact
thatthe hypothesegeneratedll have approximately-correct
image projections(in particular correctjoint-centreprojec-
tions). Its rapidity stemsfrom the existenceof simpleclosed
form solutionsfor the inversekinematicsin this particular
case(i.e. e xible kinematicsconstrainedoy obsened joint-
centreprojections)andthe factthatthe accuratehypotheses
generatedlo not needfurther “polishing' by expensve non-
linearoptimization.

Onecouldalsogeneraté ips' usingclassicaklosed-form
or iterative techniquedor solving the full inversekinemat-
ics of the articulatedskeleton,e.g. [10, 18]. However these
methodsarenot well-adaptedo this applicationin the sense
that they solve a much more complicatedproblem (full re-
dundankinematicdrom a givenend-efectorpose)while ig-
noring muchof the availableimageinformation(constrained
projectionsof intermediatgoint centres).

Figure2: The  ipping' ambiguitiesof the forearmandhand
undermonocularperspectie. (The left-mostcon guration
violatesa wrist joint-anglelimit andwill be prunedaway).

3.1 DirectinverseKinematics

As describedabove, ipping appliesonly to kinematicchains
with fully sphericajjoints. Singled.o.f. joints suchashinges
areusuallytoorigid to havea ipping ambiguity astwo d.o.f.
areneededo move thelink endto anarbitrarynew position
onthe sphere.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 the upperarm aboutthe
shoulderareincluded. Herewe give the inversekinematics
of thisthreelink caseasanexample.We work in areference
coordinatesystemandknow the 3D positions  of joints
, aswell astherotationaldisplacement of  with
respectto the referenceframe. The kinematicchainis rep-
resentedn termsof Euleranglesandpuretranslationsalong
negatve axes.Weuse todenotethe columnof thero-
tation matrix . Suppose , With
unit vectorsspecifyingthe (known) axesat eachindivid-
ualjoint, afterapplyingtherotationin thatjoint. Thereare3
d.o.f.in ,1d.o.fin and2d.of.in —thesearerep-
resentedy rotationmatrices asin g. 3. To solve for
rotations we descendhekinematicchainandfactorrotation
angles by applyingthe constraintglerivedfrom
theknown positionsof . Thekey obsenationis that,atarny
joint , giventhe known previous rotationaldisplacement,
we have to factorout arotationthatalignsthe z-axiswith

Forinstanceat , andwe extract
from:

, but usually2 do
is thenrecov-

In generalthis gives4 solutionsfor
not satisfyall 3 equalitiesandareremoved.
eredtogetherwith by solving

for thenext joint

Againthereare4 possiblesolutionsbut 2 canbe pruned.Fi-
nally, areobtainedn thesameway as , giventhe



Figure3: A three-jointlink modelinganthropometridimbs.
It hasonesphericajoint , onehingejoint anda?2d.o.f.
endeffector . Therepresentatiofs built in termsof Euler
angles(with associatedotationmatrices with angles
as sub-scriptsand the joint rotation centersas superscripts)
and pure translationsto the next joint alongthe negative
axis. Theinversekinematicssolutionfactorsrotationangles
usingknowledgeof successie z axes(computedrom

) for limbs.

known values.As asspecialcase notethat
remainsunconstrainedvhen , and arecollinear In
thiscase, iseither x edto somedefaultvalueor (for track-
ing) sampledwithin its rangeof variation.

3.2

In somesituations,the simple closedform inversekinemat-
ics givenabove doesnotsufce. This might happerfor more
generakinematicstructures— for exampletheloopedkine-

matic chainsformed when the handsare joined or placed
on the hips — or whenthe exact inversekinematicseither
fails (a cameraray doesnot intersectits sphere)or is ex-

pectedo beinaccuratdor somereason(ajoint limit or body
non-self-intersectiortonstraintis violated). In suchcases,
we can fall back on a more generalapproachthat directly

minimizesthe sumof squareddifferenceshetweenthe cur-

rent and desiredjoint con gurations, using nonlinearopti-

mizationin joint space.Our minimizer usesanalyticalgra-

dientsandHessiansn a second-ordedampedNewton trust-

region framework, with both hardjoint-anglelimits andsoft

non-self-intersectiorand image correspondenceonstraints
[14]. In practice,this methodlocatesnew ipped local min-

ima fairly successfullybut is signi cantly more expensve

than kinematics-basedpping as full local optimiza-
tion runsareneededor eachnew minimumfound. However

thisis still signi cantly moreefcient thantherandomsam-
plerswe have tested— see 5.

Iterati ve InverseKinematics

4 The Algorithm

In normaluse,we embedour kinematicjump samplemwithin
a cost-sensitie mixture densitypropagatiorframework [14].
Thejump samplerensuresapid, consistendiffusionof sam-
plesacrossthe kinematicminima associatedvith any given
setof imagejoint positions,while the randomsamplerpro-
vides robustnessagainstincorrect image correspondences.
Here, we use a CovarianceScaledSampling[14] tracker.
This probabilistic methodrepresentghe posteriordistribu-
tion of hypotheseén joint spaceasa mixture of long-tailed
Gaussian-lik distributions , whoseweights, cen-
tresandscalematrices("covariances') are
obtainedas follows. Randomsamplesare generatedand
eachis optimized(by nonlinearlocal optimization,respect-
ing ary joint constraintsetc) to maximizethelocal posterior
likelihoodencodedy animage-andprior-knowledgebased
costfunction. The optimizedlikelihood value and position
give the weightand centreof a new componentandthein-
verseHessianof the log-likelihoodgivesa scalematrix that
is well adaptedo the contoursof the costfunction, evenfor
very ill-conditioned problemslike monocularhumantrack-
ing. However, whensampling particlesaredeliberatelyscat-
teredmorewidely thana Gaussiarof this scalematrix (co-
variance)would predict, in orderto probemore deeplyfor
alternatve minima.

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

of kinematicsub-chainghat may be sampled(this canbe
quite large, asthe routine adaptvely decideswhich to sam-
ple). At eachtime step,covariancescaledsamplesaregen-
eratedfrom the prior. For eachsuchsampleaninterpretation
treeis createdon-line by the Buildinter pretationTreerou-
tine, with kinematic solutionsobtainedusing InverseKine-
matics. The chainto be sampleds choseradaptvely using
a voting processhasedon the local covariancestructureof
thatregion of the parametespace SelectSamplingChainin
g. 5. Local covariancescaledresamplingis performedbe-
fore the jump becausene do not (yet) have the covariance
information neededo performit afterwards. Eachelement
of the sampleablesub-chairset is simply alist of parame-
ter namesto sample.For instancefor a sub-chairrootedat
theleft shoulderthis mightincludetherotationalparameters

wherethe standfor (shouldey
elbow, hand)and for therotationaxes.

The proposedsampling stratgyy provides a balancebe-
tweenlocal and global searcheffort sincesamplesare gen-
eratedaroundthe prior modes,aswell asaroundnew peaks
thatarepotentiallyemeging andhave notyetbeenexplored.
Re-weightingoasedn closesprior modesasin g. 4, step5,
ensureshetrackeris notdistractedby remotemulti-modality
whentrackingthe correctminima.



Kinematic Jump + CSSDiffusion BasedTracker

Input: The set of permissiblekinematic chain par
titions to use for sampling, and the previous posterior

1. Build the covariance scaled proposal density

A -).
2. Generatea setof samples using KinematicDiffu-
sionJumpSamplingon and .
3. Optimizeeachsample w.r.t. thetime obsena-

tion likelihood(1), usinglocal constraineaptimizationto
getMAP estimates with covariances

4. Construct the unpruned posterior

, Where —, and
pruneit to keepthe = componentswvith highestprob-
ability: , with
5. For eachmixture component in , nd
the closestprior component in in Bhat-
tacharyyadistance . Scale

anddiscardcomponent of

6. Computethe nal posterior mixture
, with _

Figure4: Thestepsof our mixture densitypropagatioralgo-
rithm.

5 Experiments

This sectiongives experimentsshawving the performanceof
our new Kinematic Jump Sampling (KJS) methodrelative
to two establishedandomsamplingmethods,cost-suréce-
sensitve CovarianceScaled Sampling(CSS) [14] and the
traditional cost-insensitie SphericalSampling(SS) method
usedimplicitly, e.g. in CONDENSATION [7].

5.1 Quantitati ve Evaluation

Our rst setof experimentsstudiesthe quantitatve beha-
ior of the differentsamplingmethods particularlytheir ef -
cieng at locatingminima or low-costregions of parameter

1ConDENSATION samples spherically'in the sensethat the sourceof
randomnesss Gaussiardynamicalnoisewith a x ed prespeci edcovari-
ance.We couldchoosecoordinatesn whichthis distribution wasspherically
symmetric. Whereasn CSS,the "noise' adaptsto the local costsurfaceat
eachtime step.

KinematicDiffusionJ umpSampling
Generatea setof samples basedn CovarianceScaled
Samplingdiffusionandkinematicjump processes.

1. UseSelectSamplingChain to selectakinematic
chain to samplefor eachmixturecomponent .
2. Generate randomsamplesasfollows:

2.1. Choosea mixturecomponent with probability
2.2.CSSsamplefrom  to obtain

2.3. =BuildInter pretationTree

2.4. For eachpath(list of 3D joint positions) in , use
InverseKinematics to nd jointangles ,andadd

to thelist of samples,

SelectSamplingChain

Heuristicto selecta chain to samplefor a com-
ponentwith covariance . . The function
ldx will providetheindex of parameter inthe -d
skeletonjoint state.

1. Diagonalize to obtain

2. For eachchain , nd

vote ldx

Intuitively this counts the cumulated uncertainty of
along the local covariance principal directions

weightedby their correspondingtandardieviations

3. Returnthechain with thehighestvote. (Alternatively,

the best chainscould be returned,or a vote-weighted

randomone).

BuildInter pretationTree
Builds the interpretationtreefor  basedon ipping the
variablesn chain  ( 3).

InverseKinematics
Useseither closed-form( 3.1) or iterative ( 3.2) inverse
kinematicso nd thejoint-spacecon gurationassociated

with alist of 3D joint positions

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

space. We study performancédor differentkinematicparti-
tions of the joint spaceunderdeterministicKinematic Jump
Sampling (KJS), and also give resultsfor the randomCo-
varianceScaled(CSS)and Spherical(SS) samplers,show-
ing how differentcoreshapegsphericals. local covariance-
basedpndtail widths(scaled-GaussiarersusCauchy)affect
their ef ciency. The studywasbasedon the simple,but still
highly multi-modal,model-jointto known-image-jointik eli-
hoodfunctionthatwe useto initialize our34d.o.f.articulated
modeP. The modelstartedat approximatelyits true 3D con-

2Qurfull initialization procedurealsoestimatessomebody dimensions,
but heretheseareheld x ed.



METHOD || SCALE | NUMBER OF || MEDIAN PARAMETER || MEDIAN STANDARD MEDIAN CoOST
MINIMA DISTANCE DEVIATION
NO OPT | OPT NOOPT | OPT NOOPT | oOPT

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: Quantitatve resultson sampledistribution for KJS, aswell as CSSand SSwith differenttypesof tails (scaled-
Gaussiarvs. HT, with andwithout optimizationNO OPTvs. OPT).KJS nds 1024 minimain 1024 sampledfor the rst
trial and1466 minimain 1536sampledor the secondround. The CSS/SSexperimentsused2000samples.Note that KIS
nds mary moreminimathanSSandCSS,andthatits samplesarealreadyvery closeto the nal minimain cost,whereas
SSandCSSsamplegequirea substantiabmountof optimizationto becomeplausiblehypothesesAlso notethat CSShas
signi cantly betterperformancehanSS,bothin termsof numbersof minimafoundandmediancostsof raw samples.

guration.

Table1l summarizesheresults giving the numberof min-
imafoundby eachmethod,andalsotheir mediancosts(like-
lihoodsrelative to the true con guration) andtheir distances
from the starting con guration in both sphericalparameter
spaceunits and covariance-scaledgstandarddeviations. It
gives statisticsboth for raw samples,and for samplesafter
local continuousoptimizationsubjectto joint andbody non-
self-intersectiorconstraints. Fig.6 shovs somehistograms
of numbersof samplesand minima found versusparameter
spaceandMahalanobiglistance.

Spherical and Covariance ScaledSampling: CSSandSS
wererun with both Gaussiarand heavy tailed (HT Cauchy)
distributions, using2000sampleerrun. For a fairercom-

parisonwe kept the volume of the distribution corescon-

stant: the volume of the unit covarianceCSSellipsoid s al-

waysequalto thevolumeof thecorrespondingpherei.e. the

spheres radiusis takento be , Where are
the eigervaluesof the covarianceellipsoid. We ranthemeth-
odsfor Gaussiamlistributionswith scaling4,8,16andCauchy
distributionswith scalingl. Sampleghat violated physical
constraintswere projectedback onto the feasibleconstraint
surface. This often leadsto highly non-Gaussiarieatures
suchasmulti-pealed histogramsgventhoughthe raw sam-
pling distributionis Gaussian.

In theresultsnotethesigni cantly greatemumberof local
minimafoundby CSSthanby SS,andalsothatCSSsamples
on averagehave muchlower costthanSSones.Onecanalso
seethelargecostdifferencebetweerunoptimized NO OPT)

andoptimized(OPT) samples.Althoughthe table seemso
shav that SSgenerateslightly lower-costoptimizedminima
than CSS,this is illusory. SSis simply too myopicto nd

more than a few close-lying (and hencelow cost) minima,
whereasCSSreliably nds both theseand also mary more
distantones,someof which naturallyhave someavhathigher
cost.

Kinematic Jump Sampling: We ranKJSfor several differ-

ent partitionsof the skeletoninto sampleablesubchainsEx-

perimentKJS1sampledheleft andright shoulderjoints and
theleft calf, for afrontal view similartotheonein g. 2. Each
of the 1024 con gurationsgeneratedeadto a distinctlocal

minimum after optimization. The secondexperimentKJS2
sampledthe left andright calf joints andthe right shoulder
joint for atotal of 1536sampledeadingto 1466minima af-

ter optimization. In both caseghe parametespaceminima
werehit quite accuratelyso optimizationis largely super u-

ous. The KJS samplesalso have far lower coststhan raw

SSor CSSsamples.Thus,KJS samplingis alsolikely to be

effective when usedwith optimization-freediscretedensity
propagatiormethodssuchas CONDENSATION.

5.2 Tracking

Finally, we illustratethe full KIS+ CSSmethodona 4s se-
guenceinvolving full-body trackingof a subjectperforming
agileandrapiddancingmoves. This sequenceontainsboth
self-occlusiorandsigni cant relative motionin depth.It was
shotat 25 frames(50 elds) per secondagainsta cluttered,
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Figure 6: Top: Distribution of optimized parameteispacedistanceand standarddeviation for the KJS1 experiment. The
samplesarefrom theproductof theinterpretatiortreesfor theleft andright shouldefjoints andtheleft calf, for a frontal view
similarto g. 2. Bottom: Analogousdistributionsfor CovarianceScaledSampling(CSS)with scalingfactor8.

unevenly illuminated background,without specialclothing
or markers. Fig.7 shaovs someframesfrom the original se-
quence( rst row), 2D trackingresultsshaving the current-
bestmodelcon guration reprojectednto the original image
(middlerow), andthecorrespondin@D modelposerendered
from a downwards-lookingsyntheticcamera(bottom row).
The trackswere initialized by running a methodsimilar to
thatin 5.1,thenselectinganinitial setof 8 hypotheseshat
gave plausibleinitial body poses.Fromthenon, the full se-
guencewastracked automaticallyusingan obsenation lik e-
lihood function basedon edgeand intensity measurements
asexplainedin 2. The samplingprocedurewas basedon
CSsdiffusion (with scaling4-6) followedby kinematicjump
samplingwith closed-forminversekinematics. The selec-
tion of which kinematicsub-chairto sampleata givenmode
andtime wasdoneautomaticallyusingthe local-uncertainty
basedvoting mechanisndescribedn 5. In this experiment
thelist of usersuppliedchainscontainedthe short 3-link
chainsassociatedavith the neck,andeachshoulderandeach
hip. For tracking, one usually needsa searchprocessthat
doesnotwanderoofarfrom thegivenprior modesandthese
chainshave the advantageof generatingshallov interpreta-
tion treesrepresentingelatively probabldocal jumpsor am-
biguities. Suchbehaior is importantnot only for ef cient
andreliabile tracking,but alsofor the coherencef the post-
trackingsmoothingprocessif any. (No smoothingwasdone
here). The above settingsprove highly effective in the se-
guenceanalyzechere,ascanbe seenfrom the modelrepro-
jectionbothin the originalimage,andasseenfrom above.

6 Conclusions

We have presente@novel kinematicsamplingframenork for
recovering3D humanbodymotionfrom monoculawvideose-
guences.The costsurfacefor monocularhumantrackingis
structuredand highly multi-modal. For ary feasibleset of
imagejoint positions thereareexponentiallymary 3D body
con gurationsprojectingto it. All of thesehave similarim-
ageprojections,andthey tendto have similar imagelik eli-
hoodsaswell. The different3D con gurationsare linked
by “forwards/backwards ipping' moves,onefor eachkine-
matic link. Our methodusessimple inversekinematicsto
systematicallygeneratehe completeset of suchcon gura-
tionsgivenary oneof them,andhenceto investigatethe full

setof associatedostminima. Our experimentsshow that
kinematicsamplingcomplementandsubstantiallimproves
on corventionalrandomsamplingbasedrackers,andthat it
canbe usedvery effectively in tandemwith them. The com-
binedsystemis ableto track shortsequencesvolving fast,
complex dancingmotionsin clutteredbackgrounds.

Ongoing work is studingwhetheradding further physical
sceneconstraintscan improve the pruning of inconsistent
samples,and also investigatingthe possibility of applying

jump-basedtratgiesfor non-kinematicambiguitiessuchas
imagematching(e.g. ‘right limb but wrongedge'correspon-
denceerrors)andwithin otherMCMC algorithms. We also
plan to make a more quantitatve evaluation of our voting

heuristic,andwe areinterestedn developingsmoothingal-

gorithmsthatarebetteradaptedo long rangeinter-framedy-

namicmoves.



Figure7: Jumpkinematicsin action! Trackingresultsfor a 4 s agile dancingsequenceFirst row: originalimages.Middle
row: 2D tracking resultsshoving the model-imageprojectionof the bestcandidatecon guration at the given time step.
Bottomrow: the correspondin@D modelcon guration renderedrom above. Note the dif culty of the sequencethe good
modelimageoverlap,andtherealisticquality of 3D reconstuctednodelposes.
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