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Abstract

We presenta conditionaltemporalprobabilistic framework for reconstruct-
ing 3D humanmotion in monocularvideo basedon descriptorsencoding
imagesilhouetteobsenations. For computationakf ciency, we restrict vi-
sualinferenceto low-dimensionakernelinducednon-linearstatespacesOur
methodologykBME) combineskernelPCA-basedon-lineardimensionality
reductionmethods(kPCA) and BayesianMixture of Experts(BME) in or-
derto learncomple« multivaluedpredictorsbetweerobsenationsandmodel
hiddenstates. This is necessaryor accuratejnverse,visual perceptionin-
ferenceswhereseveral probable distant3D solutionsexist dueto noise,or
the uncertaintyof monocularmperspectie projection. Low-dimensionaimod-
els are appropriatebecausamary visual processegxhibit strongnon-linear
correlationsin both theimageobsenationsandthe target, hiddenstatevari-
ables. The learnedpredictorsare temporallycombinedwithin a conditional
graphicalmodel, in orderto allow a principled propagationof uncertainty
We studyseveral predictorsandempirically shav thatthe proposedalgorithm
positively comparesvith techniquedasedn regressionKernelDependeng
Estimation(KDE) or PCA alone, and gives resultscompetitive to thoseof
high-dimensionamixture predictorsat a fraction of their computationatost.
We empirically shav that the methodsuccessfullyreconstructghe complex
3D motionof multiple humansn realmonocularvideosequences.

1 Intr oduction and RelatedWork

We considetthe problemof inferring 3D articulatechumanmotionfrom monoculawideo. This

researchopic hasapplicationsfor sceneunderstandingncluding human-computeinterfaces,
markerlesshumanmotion capture entertainmenor surwillance.A monocularapproachis rel-

evantbecausén real-world settingghe humanbodyis rarelyfully obsenable,evenwhenusing
multiple camerasgueto occlusionsorm otherpeopleor objectsin the scene.A robustsystem
hasto necessarilydealwith incomplete ambiguousanduncertainmeasurementdviethodsfor

3D humanmotion reconstructiorcanbe classi ed asgeneative anddiscriminative They both

requirea staterepresentatiomamelya 3D humanmodelwith kinematicgjoint angles)r shape
(surfacesor joint positions)andthey both usea setof imagefeaturesasobsenationsfor state
inference. The computationaboal in both casess the conditionaldistribution for the model
state,givenimageobsenations.

Generatre model-base@pproache§7, 20, 18, 17] have beendemonstratedo e xibly recon-
structcomplex unknovn humanmotionsandto naturallyhandleproblemconstraints However



it is dif cult to construcgoodobsenationlik elihoodsdueto thecomplexity of modelinghuman
appearanceThis varieswidely dueto differentclothing anddeformation body proportionsor
lighting conditions. Besidesbeingsomeavhatindirect, the generatie approactfurtherimposes
strict conditionalindependencassumption®n the temporalobsenationsgiven the states,in
orderto ensurecomputationatractability Dueto all thesefactors,inferenceis expensve and
produceshighly multimodalstatedistributions[7, 20, 17]. Successfuinferencealgorithmsre-
quirecomplex annealingschedule$7, 17] or systematicmon-linearsearchor local optima[20]
in orderto ensurecontinuingtracking.

Thesedif culties motivate the adwent of a complementaryclassof discriminative algorithms
[6, 14, 16, 9, 22, §, 2], thatapproximatdhe stateconditionaldirectly, in orderto simplify infer-

ence. However, inverse,obsenation-to-statemultivaluedmappingsare moredif cult to learn
(seee.g. g. 1a)andaprobabilistictemporalsettingis necessaryin anearlierpaper{19] we pro-
poseda probabilisticdiscriminative framawvork for humanmotion reconstruction.Becausehe
methodoperatesn theoriginally selectedstateandobsenation spaceshatcanbetaskgeneric,
thereforeredundantand often high-dimensionaljnferenceis more expensve and can be less
robust. To summarizereconstructingdD humanmotionin a conditionaltemporalframework

Figurel: (a, Left) Exampleof ambiguityin predicting3D humanposesirom silhouette
imagefeatures(center). It is essentiathat multiple plausiblesolutions(e.g. and ) are
correctlyrepresente@ndtracked over time. A singleregressowill eitheraveragethe distant
statesor zig-zagbetweenthem, seealsotablesl and?2. (b, Right) A conditionalchainmodel.
Thestateconditionals or arelearned g. 2). Forinferencethepredicted
local stateconditionalis recursively combinedwith the Itered prior c.f. (1).

posesthe following challenges:(i) The mappingbetweentemporalobsenationsand statesis

multivalued(i.e. the local conditionaldistributionsto be learnedare multimodal), thereforeit

cannotbeaccuratelyrepresentedsingglobalfunctionapproximations(ii) Humanmodelshave
multivariate,high-dimensionatontinuousstatesof 50 or more humanjoint angles.Giventhat
thetemporalstateconditionalsaremultimodal,ef cient Kalman Itering algorithmsdo not ap-
ply and more generalinferencemethodshave to be used. Thesebecomecomple, especially
whenreconstructinghe 3D motion of several peoplethat now operatein a augmentedjoint)

representatiospace (iii) The component®f the humanstateandof the silhouetteobsenation
vector typically exhibit strongcorrelations. E.g. mary repetitve humanactuities like walk-

ing or running have low intrinsic dimensionality thereforeit appearswastefulto work with

high-dimensionaktatesof 50+ joint angles. Furthermore gvenif the spaceweretruly high-
dimensionalpredictingcorrelatedstatedimensionsndependentlynaystill be suboptimal.

In this paper we presenta conditionaltemporalestimationalgorithm that restrictsvisual in-
ferenceto low-dimensional,kernelinducedstatespaces. To exploit correlationsamongob-
senationsand amongstatevariables,we model the local, temporalconditionaldistributions
usingideasfrom KernelPCA [15, 24] andconditionalmixture modeling[10, 5], hereadapted
to producemultiple probabilisticpredictions. The correspondingpredictoris referredto asa
Conditional BayesianMixture of Low-dimensionaKernel-InducedExperts(kBME). By inte-
grating it within a conditionalgraphicalmodel framawork ( g. 1b), we can exploit temporal
constraintprobabilistically We demonstrat¢hatthis methodologyis effective for reconstruct-
ing the 3D motionof multiple peoplein monocularvideo. Our contritutionw.r.t. [19] is anovel
probabilisticconditionalinferenceframework that operatesover a non-linear kernel-induced
low-dimensionaktatespaceanda full setof new experimentson bothrealandarti cial image



sequenceshatshav how the proposedramework positively comparesvith powerful predictors
basedn KDE, PCA, or with the high-dimensionaimodelsof [19], ata fractionof their cost.

2 Probabilistic Inferencein a Kernel Induced State Space

Wework with conditionalgraphicaimodelswith achainstructurg12], asshavnin g. 1b,These
have continuousemporalstates , prior , Obsenations . For compactness,
we denotgjoint states or joint obsenations . Learning
andinferencearebasedon local conditionals: and ,with- and  be-
ing low-dimensionalkernelinducedrepresentationsf someinitial modelhaving state  and
obsenation . We obtain from , usingkernelPCA[15, 24]. Inferenceis performed
in a low-dimensionalnon-linear kernelinducedstatespace(see g.1band g.2 and(1).) For
displayor error reporting,we computethe original conditional , or atemporally Itered
version , usinga learnedpre-imagestatemap|3].

2.1 Density Propagationfor Continuous Conditional Chains

For online Itering, we computethe optimal distribution for thestate , conditioned
by obsenations uptotime . The Itered densitycanberecursvely derivedas:

@)
We computeusinga conditionalmixture for (aBayesiammixture of expertsc.f.
2.2) andthe prior , eachhaving, say = componentsWe integrate pairwise

productsof Gaussiananalytically The meansof the expandedposteriorare clusteredandthe
centersaareusedto initialize areduced -componenKullback-Leiblerapproximatiorthatis re-
ned usinggradientdescen{19]. The propagatiorrule (1) is similarto the oneusedfor discrete
statelabels[12], but herewe work with multivariatecontinuousstatespacesandrepresenthe
local multimodalstateconditionalsusingkBME ( g. 2), andnotlog-linearmodels[12]. In this
settinginferencecant be performedusingKalman Itering or dynamicprogrammind12].

2.2 Learning Conditional BayesianMixtur esover Kernel Induced State SpacegkBME)

In orderto modelconditionalmappingdetweeriow-dimensionahon-linearspacesye rely on
kerneldimensionalityreductionand conditionalmixture predictors. In KDE [24] the authors
proposea structuredunimodalpredictor This works by decorrelatinghe outputusingkernel
PCA andlearningaridge regressobetweertheinputandeachdecorrelate@utputdimension.

Ourproceduraés alsobasenkernelPCA but takesinto accounthestructureof thevisualprob-

lem, wherebothinputsandoutputsarelikely to be low-dimensionabndthe mappingbetween
them multivalued. The outputvariables are projectedonto the columnvectorsof the prin-

cipal spacein orderto obtaintheir principal coordinates . A similar procedurds performed
ontheinputs to obtain . In orderto relatethe reducedfeaturespacef and (

and ), we estimatea probability distribution over mappingsfrom training pairs

We employ a Bayesiarmixture of experts(BME) [10, 23, 5], herelinearregressorsin orderto

accounfor ambiguitywhenmappingsimilar, possiblyidenticalreducedeatureinputs,into very

differentfeatureoutputs,ascommonin our problem(e.g. see g. 1a). Thisleadsto amodelthat
is a conditionalmixture of low-dimensionakernel-induceaxperts(kBME):

)

where is a softmaxfunctionparameterizety — and arethe parametersind
the outputcovarianceof expert , herealinearregressor As in mary Bayesiarsettingg21, 5],



Prelmage

Figure2: Thelearnedow-dimensionapredictor kBME, for computing

(Wesimilarly learn , with input insteadbf —hereweillustrateonly

for clarity.) Theinput andtheoutput aredecorrelatedisingKernelPCA to obtain and
respectiely. The kernelsusedfor theinputandoutputare  and , with inducedfeature

spaces and |, respectiely. Their principalsubspacesbtainedby kernelPCA aredenoted

by and , respectiely. A conditionalBayesiammixture of experts islearned

usingthe low-dimensionakepresentatior . Using learnedlocal conditionalsof the form

or , temporalinferencecanbeef ciently performedn alow-dimensional
kernelinducedstatespace(seee.g. (1) and g. 1b). For visualizationand error measurement,
the Itered density e.q. , canbemappeddackto usingthe pre-imagec.f. (3).

the weightsof the expertsand of the gates, and , arecontrolledby hierarchicalpriors,
typically Gaussiansvith 0 mean,andhaving inversevariancehyperparametersontrolledby a
secondevel of Gammadistributions. We learnthis modelusinga double-loopEM andemploy
ML-II typeapproximationgl11, 21] with greedy(weight) subseselection21, 19].

Finally, thekBME algorithmrequireghecomputatiorof a pre-imagen orderto recosertheout-

put distributionfromit'simage . Thisis aclosedform computatiorfor polynomial
kernelsof odd degree. For moregeneralkernelshowever, optimizationor learning(regression
basedmethodsarenecessary3]. Following [3, 24], we usea sparseBayesiarkernelregressor
to learnthe pre-imagemap. Thisis basedn training points

®3)
having parameterand covariances . Sincetemporalinferenceis performedin the low-
dimensionakernelinducedstatespacethe pre-imagefunction needsto be calculatedonly for
visualizingresultsor for the purposeof errorreporting.Propagatinghe resultfrom thereduced
featurespace into the outputspace producesa Gaussiammixture with  elements,
having coefcients andcomponents , Where
is the Jacobiarof themapping

3 Experiments

We run experimenton bothrealimagesequenceéshovnin g. 5and g. 6), andonsequences
where silhouetteswere arti cially rendered. Theseare advantageousdecauseof known 3D
groundtruth. Quantitatve resultsareshown in tablesl and2, g. 3 and g. 4. The prediction
erroris reportedin degrees(for mixture of experts,this is w.r.t. the mostprobableone,but see
also g. 4a),andnormalizedperjoint angle,perframe. The modelsarelearnedusingstandard
cross-alidation.Pre-imagesrelearnedusingkernelregressorandhave averageerror

Training Setand Model State Representation: Obtainingreal humanmotion training data
with 3D groundtruth is dif cult, thereforein orderto simplify this we gathertraining pairs
of 3D humanposestogetherwith their imageprojections,heresilhouettesusingthe graphics
packageMaya (Alias Wavefront), with realisticallyrendereccomputergraphicshumansurface
modelswhich we animateusinghumanmotion capture[1]. Our original humanrepresentation



( ) is basedon an articulatedskeletonwith sphericaljoints andhas56 skeletald.o.f.including
globaltranslation.Thedatabaseonsistof 8000sample®f humanactivitiesincludingwalking,
running,turns,jumps,gesturesn corversationsguarrelingandpantomime.

Descriptorsfor Image Obsewvations: Wework with imagesilhouette®btainedusingstatistical
backgroundsubtraction(we useseparatelybuilt foregroundand backgroundnodels). Silhou-
ettesareinformative for poseestimationalthoughproneto ambiguities(e.g. theleft / right limb
assignmenin sideviews) or occasionalack of obsenability of someof thed.o.f. (e.g. am-
biguitiesin the globalazimuthalorientationfor frontal views, e.g. g. 1a). Thesearemultiplied
by intrinsic forward/ backwardmonoculamambiguitieg20] thatarecommonin mary humanin-

teractionscenarios. As imagefeaturesyve useshapecontexts extractedon thesilhouettg4, 13]

(5 radialbins, 12 angularbins,with bin sizerangel/8to 3 onlog scale).

Thefeaturesarecomputedat differentscalesandsizesfor pointssamplecon the silhouette.To
work in a commoncoordinatesystem,we clusterall featuresin the training setinto

clusters. To computethe representationf a new shapefeature(a point on the silhouette),we
“project' ontothe commonbasisby (inversedistance)wveightedvoting into the clustercenters.
To obtaintherepresentatiof ) for anew silhouettewe regularly sample200pointsonit andadd
all their featurevectorsinto a featurehistogram. This descriptoris rich and semi-local,being
previously demonstratedor texture recognitionand poseprediction[13, 2, 19]. Therepresen-
tation usesoverlappingfeatuesof the observation thusthe elementf the descriptorare not
independentHowever, a conditionaltemporalframeavork ( g. 1b) e xibly accommodatethis.
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Figure3: (a, Left) Analysisof "multimodality’ for atrainingset. Theinput  dimensionis 25,
theoutput dimensionis 6, bothreducedusingkPCA. We clusterindependentlyn
and usingmary clusters(2100)to simulatesmall input perturbationsandwe histogramthe
clustersfalling within eachclusterin . This givesintuition on the degreeof ambi-
guity in modeling , for small perturbationsn theinput. (b, Right) Evaluationof
dimensionalityreductionmethodgor anarti cial dancingsequenceWe trainedmodelson 300
samples.The kBME is our proposednodel 2.2, whereaghe KDE-RVM is a modellearned
with a RelevanceVectorMachine(RVM) [21] featurespacemap. PCA-BME and PCA-R/M
aremodelswherethe mappingbetweenthe reducednput and outputfeaturespacegobtained
usingPCA) have beenlearnedusingaBME andaRVM. Thesequencés notveryambiguousut
the non-linearityis signi cant. Kernel-basednethodsoutperformPCA andgive low prediction
errorfor modelshaving 5-6 dimensions.

For experiments,we use Gaussiarkernelsfor the joint anglefeaturespaceand dot product
kernelsbhasedon a Bhattacharyaistogramsimilarity measurgwith exponent ) for the
obsenationfeaturespace.We learn stateconditionalsfor and using6
dimensiondor the joint anglekernelinducedstatespaceand 25 dimensiongor the obsera-

*Forward-backvard' ambiguitiesarecausedy monoculamperspectie projection. For a givencon g-
urationof an articulatedstructure(e.g. a human),a body limb canbe slantedboth towardsthe cameraor
away from the camerahut its imageprojection(thustheimageobsenation) canbe similar in both cases.
Please seehttp://wwwcs.toonto.edufrismin/MOVIES/ambigmpgfor a video. Thisfurthermotivatesour
probabilistic,multiple hypothesispproach.



tion inducedfeaturespace respectiely. In g. 3b) we shov an evaluationof the ef cacy of

our KBME predictorfor differentdimensionsn the joint anglekernelinducedstatespace(the
obsenation featurespacedimensionis here50). On the analyzeddancingseguenceinvolv-

ing complex motionsof the armsandthe legs, the non-linearmodelsigni cantly outperforms
alternatve PCA methodsgiving goodpredictionsfor compactjow-dimensionamodels?

In tablesl and2, aswell as g. 4, we performquantitatve experimentson arti cially rendered
silhouettes.For thesesequences3D groundtruth joint anglevaluesare available,andthis al-
lows amoresystemati@valuation.Noticethatthekernelizedow-dimensionamodelsgenerally
outperformthe PCA-basednes. At the sametime, they give competitive resultscomparedo
high-dimensionaBME predictors,while being lower-dimensionaland thereforesigni cantly
lessexpensveto do inferencewith, in particulartheintegralsin (1).

In g. 5and g. 6 we shav humanmotionreconstructiomesultsfor two realimagesequences.
Fig.5 shaws the good quality reconstructiorof a personperformingan agile jump. (Giventhe
misingobsenationsin asideview, 3D inferencefor theoccludedbodypartswould notbe possi-
ble withoutusingprior knowledge!)For this sequencee doinferenceusingconditionalshaving
5 modesandreduced6-dimensionaktates. We initialize tracking using , whereador
inferencewe use within (1). In the secondsequencén g. 6, we simultaneously
reconstructhe motionof two peoplemimicking domesticactiities, namelywashinga window
andpicking anobject.Herewe do inferenceover aproduct,12-dimensionastatespaceconsist-
ing of the joint 6-dimensionaktateof eachperson.We obtaingood3D reconstructiorresults,
usingonly 5 hypothesesNotice however, thatthe resultsarenot perfect,therearesmallerrors
in the elbow andthe bendingof the kneefor the subjectat thel.h.s.,andin the differentwrist
orientationgor the subjectatther.h.s,possiblyre ecting the biasfrom ourtrainingset.
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Figure4: (a, Left) Histogramshawving the accurag of variousexpert predictors,mainly how

mary timestheexpertrankedasthe -th mostprobableby the model(horizontalaxis)is closest
to the groundtruth. The modelis consistent(the most probableexpert indeedhasbeenthe
most accuratemost frequently), but occasionallyless probableexpertsare better (b, Right)

Histogramsshav the dynamicsof , 1.e. how the probability massis redistrituted
amongexpertsbetweertwo successie time stepsjn acorversatiorsequence.

4 Conclusion

We have presenteda probabilisticframework for conditionalinferenceover a kernel-induced
low-dimensionaktatespace Our approacthasthefollowing propertiesi{a) Accountsfor exist-
ing non-linearcorrelationsamonginput or outputvariables by usingnon-linearkerneldimen-
sionality reduction(kPCA); (b) Learnsprobability distributions over mappingsbetweenlow-

Running times: On a Pentium4 PC (3 GHz, 2 GB RAM), a full dimensionalBME modelwith 5

expertstakes 802sto train , whereasa kBME (including the pre-image)akes 95sto train

. The predictiontime is 13.7sfor BME and8.7s(including the pre-imagecost1.04s)for

kBME. For onetimesteptheintegrationin (1) takes2.67sfor BME and0.31sfor kBME. The speed-ugor
kBME is signi cant andlikely to increasewith original modelshaving higherdimensionality



KDE-RR | RVM | KDE-RVM | BME | kBME
Walk andturn back 10.46 4.95 7.57 427 | 4.69
Corversation 7.95 4.96 6.31 4.15 4.79
Runandturnleft 5.22 5.02 6.25 5.01 492

Table1: Comparisorof averagejoint anglepredictionerror for differentmodels. All KPCA-
basednodelsuse6 outputdimensionsTestingis doneon 100videoframesfor eachsequence,
the inputsarearti cially generatedsilhouettesnot in the training set. 3D joint angleground
truthis usedfor evaluation.KDE-RR usesridge regressionRR) for the featurespacemapping,
KDE-RVM usesanRVM mapping, nally stand-alon8ME usesa Bayesiammixture of experts
with no dimensionalityreductionfor the stateprediction . KBME is our proposedmodel.
kPCA-basednethodausekernelregressorgéo computepre-images.

KDE-RR | KDE-RVM | kBME
Walk andTurn 7.59 7.15 3.72
RunandTurn 17.7 16.08 8.01

Table2: Jointanglepredictionerrorcomputedor two complex sequencewith walks,runsand
turns,thusmoreambiguity (100 frames). Modelshave 6 statedimensions.Notice thatkBME
hassigni cantly lowererror. Unimodalpredictorancorrectlyaveragecompetingsolutions.
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Figure5: Reconstructiorof a jump (selectedrames). Top: original imagesequenceMiddle:
extractedsilhouettesBottom: 3D reconstructiorseenfrom a syntheticviewpoint.
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dimensionaktatespacesisingBayesiarconditionalmixture of experts,asrequiredfor accurate
prediction.In theresultinglow-dimensionakBME predictor ambiguitiesandmultiple solutions
commonin visual,inverseperceptiorproblemsareaccuratelyepresentedc) Worksin acontin-
uous,conditionaltemporalprobabilisticsettingandoffers a formal managemenaf uncertainty
We performsystematiccomparisonshat demonstratéow the proposedapproactoutperforms
regressionPCA or KDE alone,on the problemof reconstructinghe 3D motionof multiple hu-
mansin monoculawideo,in bothrealandarti cial imagesequencesThemethodcanef ciently
reconstruchumanmotionwith accurag closeto theoneof high-dimensionamixture of experts
modelsat a fraction of their computationatost. Futurework we will investigatescalingaspects
for largetraining setsandmorecomple predictionmethods.



Figure6: Reconstructinghe activities of 2 peopleoperatingn an12-dimensionaproductstate
space(eachone hasits own 6 dimensionalstate). Top row: original imagesequenceBottom
row: 3D reconstructiorseenfrom a syntheticviewpoint. Notice the small errorsin the elbov
andthe bendingof the kneefor the subjecton the left, aswell asthe subtleerrorsin the wrist
angleestimatiorfor the subjecton theright, possiblyre ecting the biasof ourtrainingset.
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