Conditional Visual Tracking in Kernel Space
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Abstract

We presenta conditionaltemporalprobabilistic framework for recon-
structing3D humanmotionin monoculawvideobasedn descriptoren-
codingimagesilhouetteobsenrations. For computationakf ciency we
restrict visual inferenceto low-dimensionalkernel inducednon-linear
statespaces. Our methodology(kBME) combineskernel PCA-based
non-lineardimensionalityreduction(kPCA) and ConditionalBayesian
Mixture of Experts(BME) in orderto learn comple« multivalued pre-
dictorsbetweermbsenationsandmodelhiddenstates.Thisis necessary
for accuratejnverse visual perceptiorinferenceswhereseveral proba-
ble, distant3D solutionsexist dueto noiseor the uncertaintyof monoc-
ular perspectie projection. Low-dimensionalmodelsare appropriate
becausemary visual processesgxhibit strongnon-linearcorrelationsin
both the imageobsenationsandthe target, hiddenstatevariables. The
learnedpredictorsaretemporallycombinedwithin a conditionalgraphi-
cal modelin orderto allow a principledpropagtion of uncertainty We
study several predictorsand empirically shov that the proposedalgo-
rithm positively compareswith techniquesasedon regressionKernel
Dependeng Estimation(KDE) or PCA alone,andgivesresultscompeti-
tive to thoseof high-dimensionainixture predictorsata fractionof their
computationatost. We shav thatthe methodsuccessfullyreconstructs
thecomple 3D motionof humansn realmonocularvideosequences.

1 Intr oduction and Related Work

We consideithe problemof inferring 3D articulatechumanmotionfrom monoculawideo.
Thisresearchopic hasapplicationdor scenaunderstandingncludinghuman-computen-
terfaces markerlesshumanmotion capture entertainmenandsuneillance. A monocular
approachs relevantbecauseén real-world settingsthe humanbody partsarerarely com-
pletely obsered even whenusingmultiple camerasThis is dueto occlusionsorm other
peopleor objectsin the scene.A robust systemhasto necessarilydealwith incomplete,
ambiguousand uncertainmeasurementsMethodsfor 3D humanmaotion reconstruction
canbeclassi edasgeneativeanddiscriminative They bothrequirea staterepresentation,
namelya 3D humanmodelwith kinematics(joint angles)or shape(surfacesor joint po-
sitions)andthey both usea setof imagefeaturesasobsenrationsfor stateinference.The
computationaboalin both caseds the conditionaldistribution for the model stategiven



imageobsenations.

Generatie model-basedpproachefs, 16, 14, 13] have beendemonstratetb e xibly re-
constructcomplex unknovn humanmotionsandto naturallyhandleproblemconstraints.
However it is dif cult to constructreliable obsenation likelihoodsdueto the complexity
of modelinghumanappearanceThis varieswidely dueto different clothing and defor
mation, body proportionsor lighting conditions. Besidesbeing someavhat indirect, the
generatie approachfurtherimposesstrict conditionalindependencassumptionsn the
temporalobsenrationsgiven the statesin orderto ensurecomputationatractability Due
to thesefactorsinferenceis expensve andproduceshighly multimodal statedistributions
[6, 16, 13]. Generatie inferencealgorithmsrequirecomples annealingschedule$6, 13|
or systematicon-linearsearctfor local optima[16] in orderto ensurecontinuingtracking.

Thesedif culties motivate the adwent of a complementaryclassof discriminatve algo-
rithms[10, 12, 18, 2], thatapproximatehe stateconditionaldirectly, in orderto simplify
inference. However, inverse,obsenation-to-statemultivalued mappingsare dif cult to
learn(seee.g. g. 1a)anda probabilistictemporalsettingis necessaryln anearlierpaper
[15] we introduceda probabilisticdiscriminative framewvork for humanmotionreconstruc-
tion. Becausahe methodoperatesn the originally selectedstateand obsenation spaces
thatcanbetaskgeneric thereforeredundantindoftenhigh-dimensionalinferenceis more
expensve and canbe lessrobust. To summarizereconstructingdD humanmotionin a

Figurel: (a, Left) Exampleof 18(° ambiguityin predicting3D humanposesfrom sil-
houetteémagefeatureqcenter).It is essentiathatmultiple plausiblesolutions(e.g. F; and
F,) arecorrectlyrepresente@ndtracked over time. A single statepredictorwill either
averagethedistantsolutionsor zig-zagbetweerthem,seealsotablesl and2. (b, Right) A
conditionalchainmodel. Thelocal distributionsp(y:jy: 1;2t) or p(ytjz:) arelearnedas
in g. 2. Forinference the predictedocal stateconditionalis recursvely combinedwith
the ltered prior c.f. (1).

conditionaltemporalframenork poseghefollowing dif culties: (i) Themappingbetween
temporalobsenationsandstatess multivalued(i.e. thelocal conditionaldistributionsto be
learnedaremultimodal),therefordt cannoteaccuratelyepresentedsingglobalfunction
approximations(ii) Humanmodelshave multivariate, high-dimensionatontinuousstates
of 50 or morehumanjoint angles.The temporalstateconditionalsare multimodalwhich
malesef cient Kalman ltering algorithmsinapplicable.Generainferencemethodqpar
ticle Iters, mixtures)haveto beusedinsteadput theseareexpensve for high-dimensional
models(e.g. whenreconstructinghe motion of several peoplethatoperatein ajoint state
space)(iii) Thecomponentsf thehumanstateandof the silhouetteobsenationvectorex-
hibit strongcorrelationspecausenary repetitve humanactuities lik e walking or running
have low intrinsicdimensionality It appearsvastefulto work with high-dimensionastates
of 50+ joint angles.Evenif the spaceweretruly high-dimensionalpredictingcorrelated
statedimensionsndependentlynay still be suboptimal.

In this paperwe presenta conditionaltemporalestimationalgorithmthat restrictsvisual
inferenceto low-dimensionalkernelinducedstatespaces.To exploit correlationsamong
obsenationsand amongstatevariables,we modelthe local, temporalconditionaldistri-
butionsusingideasfrom Kernel PCA [11, 19] and conditionalmixture modeling[7, 5],
hereadaptedo producemultiple probabilisticpredictions.The correspondingpredictoris



referredto asa ConditionalBayesiarMixture of Low-dimensionaKernel-InducedExperts
(kBME) By integratingit within a conditionalgraphicalmodelframework ( g. 1b), we

canexploit temporalconstraintgprobabilistically We demonstratéhatthis methodologyis

effective for reconstructinghe 3D motionof multiple peoplein monoculawvideo. Ourcon-
tribution w.r.t. [15] is a probabilisticconditionalinferenceframework thatoperatesver a
non-linearkernel-inducedow-dimensionaktatespacesanda setof experimentgon both
realandarti cial imagesequenceghatshav how theproposedramenork positively com-
pareswith powerful predictorsbasedon KDE, PCA, or with the high-dimensionaimodels
of [15] atafractionof their cost.

2 Probabilistic Inferencein a Kernel Induced State Space

We work with conditionalgraphicalmodelswith a chainstructure[9], asshavnin g. 1b,
Thesehave continuougemporalstatesy;,t = 1::: T, obsenationsz;. For compactness,
we denotejoint statesY; = (yi1;Y2;:::;Yt) or joint obserationsZ; = (z3;:::;z).
Learningandinferencearebasedon local conditionals:p(yjz:) andp(yjy: 1;Zt), with
yt andz; beinglow-dimensional kernelinducedrepresentationsf someinitial model
having statex; andobsenrationr;. We obtainz;;y: fromr, x; usingkernelPCA[11, 19].
Inferenceis performedn a low-dimensionalnon-linear kernelinducedlatent statespace
(see g. 1band g. 2 and(1)). For display or error reporting,we computethe original

alearnedpre-imagestatemap[3].

2.1 Density Propagationfor Continuous Conditional Chains

For online Itering, we computethe optimal distribution p(yjZ;) for the statey., con-
ditioned by obserationsZ; uptotimet. The ltered densitycanberecursvely derived
as: Z

p(ytjZt) = P(Ytjyt 15Z0)p(Yr 1JZ¢ 1) (1)

Yt 1

We computeusinga conditionalmixturefor p(y:jy: 1;z:) (aBayesiamixtureof experts
c.f. x2.2)andtheprior p(y: 1jZ: 1), eachhaving, sayM components\We integrateM 2
pairwiseproductsof Gaussiananalytically The meansf theexpandedoosteriorareclus-
teredandthe centersareusedto initialize a reducedM -componenKullback-Leiblerap-
proximationthatis re ned usinggradientdescen{15]. The propagtionrule (1) is similar
to theoneusedfor discretestatelabels[9], but herewe work with multivariatecontinuous
statespacesandrepresenthelocal multimodalstateconditionalsusingkBME ( g. 2), and
not log-linearmodels[9] (thesewould requireintractablenormalization). This comple
continuousmodelrulesoutinferencebasedon Kalman ltering or dynamicprogramming

[9].
2.2 Learning BayesianMixtur esover Kernel Induced State SpaceqkBME)

In orderto model conditional mappingsbetweenlow-dimensionalnon-linearspaceswve
rely onkerneldimensionalityreductionandconditionalmixture predictors.Theauthorsof
KDE [19] proposea powerful structuredunimodalpredictor This works by decorrelating
the outputusing kernel PCA and learninga ridge regressorbetweenthe input and each
decorrelatedutputdimension.

Our procedureis also basedon kernel PCA but takes into accountthe structureof the
studiedvisualproblemwherebothinputsandoutputsarelik ely to below-dimensionabnd
the mappingbetweenthem multivalued. The outputvariablesx; are projectedonto the
columnvectorsof the principal spacen orderto obtaintheir principal coordinates/;. A
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Figure 2: The learned low-dimensionalpredictor kBME, for computing p(xjr)
p(x¢jre); 8t. (We similarly learnp(xjx; 1;rt), with input (x;r) insteadof r — herewe
illustrateonly p(xjr) for clarity.) Theinputr andthe outputx aredecorrelatedisingKer-
nel PCAto obtainz andy respectrely. The kernelsusedfor theinputandoutputare
and , with inducedfeaturespaced-, andFy, respectiely. Their principal subspaces
obtainedby kernel PCA aredenotedby P(F,) andP (Fy), respectrely. A conditional
Bayesianmixture of expertsp(yjz) is learnedusingthe low-dimensionalrepresentation
(z;y). Usinglearnedlocal conditionalsof the form p(y:jz;) or p(yijy: 1;2t), tempo-
ral inferencecanbeef ciently performedn alow-dimensionakernelinducedstatespace
(seee.g. (1) and g. 1b). For visualizationanderrormeasurementhe Itered density e.g.
p(y:jZ:), canbemappedbackto p(x;jR¢) usingthe pre-imagec.f. (3).

similar procedurds performedon theinputsr; to obtainz;. In orderto relatethereduced
featurespace®f z andy (P (F.) andP (Fx)), we estimatea probability distribution over
mappingsfrom training pairs(z;;yi). We usea conditionalBayesiammixture of experts
(BME) [7, 5] in orderto accountfor ambiguitywhenmappingsimilar, possiblyidentical
reducedeatureinputsto very differentfeatureoutputsascommonin ourproblem( g. 1a).
This givesamodelthatis a conditionalmixture of low-dimensionakernel-inducedaxperts
(kBME):

N4
p(yjiz) =  d(zj jIN(YiW;z; ) 3
i=1

whereg(zj ;) is a softmaxfunction parameterizethy ; and(W;; ;) aretheparame-
tersandthe outputcovarianceof expertj, herea linear regressor As in mary Bayesian
settingg[17, 5], theweightsof the expertsandof the gates,W j and ;, arecontrolledby
hierarchicalpriors, typically Gaussiansvith 0 mean,andhaving inversevariancehyperpa-
rametercontrolledby a secondevel of Gammadistributions. We learnthis modelusing
a double-loopEM andemploy ML-1I type approximationg8, 17] with greedy(weight)
subseselection17, 15].

Finally, the kBME algorithmrequiresthe computationof pre-imagesn orderto recover
the statedistribution x from it'simagey 2 P(Fy). Thisis a closedform computation
for polynomialkernelsof odd degree. For moregeneralkernelsoptimizationor learning
(regressiorbasedmethodsarenecessary3]. Following [3, 19|, we usea sparseBayesian
kernelregressoto learnthe pre-image.Thisis basedntrainingdata(x;;yi):

p(xjy) = N(XjA y(y); ) 3

with parametersand covariances(A; ). Since temporalinferenceis performedin
the low-dimensionalkernel induced state space, the pre-imagefunction needsto be
calculatedonly for visualizing results or for the purposeof error reporting. Propa-
gating the result from the reducedfeature spaceP (Fy) to the output spaceX pro-



ducesa Gaussiarmixture with M elementshaving coefcients g(zj j) andcomponents
N (xjA y(W;z);Ad J-J>yA> + ),whereJ | istheJacobiarof themapping .

y

3 Experiments

Werunexperimentonbothrealimagesequence§g. 5and g. 6) andonsequencewhere
silhouettesverearti cially renderedThepredictionerroris reportedin degrees(for mix-
ture of experts,thisis w.r.t. themostprobableone,but seealso g. 4a),andnormalizedper
joint angle perframe.Themodelsarelearnedusingstandarcross-alidation. Pre-images
arelearnedusingkernelregressorandhave averageerror 1:7°.

Training Setand Model StateRepresentation: For trainingwe gatherpairsof 3D human
posestogetherwith their imageprojections,heresilhouettesusingthe graphicspackage
Maya. We userealisticallyrendereccomputergraphicshumansurfacemodelswhich we

animateusinghumanmotion capture[1]. Our original humanrepresentatiofix) is based
on articulatedskeletonswith sphericaljoints and has56 skeletal d.o.f. including global

translation.The databaseonsistsof 8000samplesof humanactvities includingwalking,

running,turns,jumps,gesturesn corversationsguarrelingandpantomime.

Image Descriptors: We work with imagesilhouette®btainedusingstatisticabackground
subtraction(with foregroundandbackgroundnodels).Silhouettesreinformative for pose
estimationalthoughproneto ambiguitieqe.g. theleft / rightlimb assignmenin sideviews)
or occasionalack of obsenability of someof thed.o.f.(e.g. 180° ambiguitiesn theglobal
azimuthalorientationfor frontal views, e.g. g. 1a). Thesearemultiplied by intrinsic for-
ward/ backward monocularambiguities[16]. As obsenrationsr, we useshapecontets
extractedon thesilhouettef4] (5 radial, 12 angularbins,sizerangel/8to 3 onlog scale).

The featuresare computedat differentscalesand sizesfor points sampledon the silhou-

ette. To work in a commoncoordinatesystem we clusterall featuresin the training set
into K = 50 clusters.To computetherepresentationf a new shapeeature(apointonthe

silhouette) we “project’ ontothe commonbasisby (inversedistance)weightedvoting into

the clustercenters.To obtaintherepresentatiofr) for a new silhouettewe regularly sam-
ple 200 pointsonit andaddall their featurevectorsinto a featurehistogram.Becausehe
representatiomsesoverlappingfeatuesof the observatiorthe elementsf the descriptor
arenotindependentHowever, a conditionaltemporalframenork ( g. 1b) e xibly accom-
modateghis.

For experimentswe useGaussiarkernelsfor the joint anglefeaturespaceanddot product
kernelsfor the obsenration featurespace. We learn stateconditionalsfor p(y:jz;) and
p(ytjyt 1;Zt) using6 dimensiondor the joint anglekernelinducedstatespaceand 25
dimensiongfor the obsenation inducedfeaturespace respectrely. In g. 3b) we shov
an evaluationof the ef cacy of our kBME predictorfor differentdimensionsn the joint
anglekernelinducedstatespacegthe obsenration featurespacedimensionis here50). On
the analyzeddancingsequencethat involves comple« motionsof the armsandthe legs,
the non-linearmodel signi cantly outperformsalternatve PCA methodsand gives good
predictionsfor compactJow-dimensionamodelst

In tables1 and 2, aswell as g. 4, we perform quantitatve experimentson arti cially
renderedsilhouettes. 3D groundtruth joint anglesare available and this allows a more

'Running times: OnaPentium4 PC(3 GHz,2 GB RAM), afull dimensionaBME modelwith
5 expertstakes802sto trainp(x:jX: 1;rt), whereaa kBME (includingthe pre-imageYakes95sto
trainp(y¢jyt 1;z:). Thepredictiontimeis 13.7sfor BME and8.7s(including the pre-imagecost
1.04s)for kKBME. Theintegrationin (1) takes2.67sfor BME and0.31sfor kBME. The speed-ugor
kBME is signi cant andlik ely to increasewith original modelshaving higherdimensionality
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Figure3: (a, Left) Analysisof ‘'multimodality’ for atrainingset. Theinput z; dimension
is 25,theoutputy; dimensionis 6, bothreducedusingkPCA. We clusterindependentlyn
(Yt 1;2zt) andy; usingmary clusters(2100)to simulatesmallinput perturbationandwe
histogramthey; clustersfalling within eachclusterin (y: 1;z;). This givesintuition on
thedegreeof ambiguityin modelingp(yjy: 1;2t), for smallperturbationsn theinput. (b,
Right) Evaluationof dimensionalityreductionmethoddfor anarti cial dancingsequence
(modelstrainedon 300 samples).The kBME is our modelx2.2, whereaghe KDE-RVM
is aKDE modellearnedwith a RelevanceVectorMachine(RVM) [17] featurespacemap.
PCA-BME andPCA-R/M are modelswherethe mappingsbetweenfeaturespacegqob-
tainedusing PCA) is learnedusinga BME anda RVM. The non-linearityis signi cant.
Kernel-basednethodsoutperformPCA andgive low predictionerrorfor 5-6dmodels.

systematicevaluation. Notice that the kernelizedlow-dimensionalmodelsgenerallyout-
performthe PCA ones. At the sametime, they give resultscompetitve to the onesof
high-dimensionaBME predictors,while being lower-dimensionaland thereforesigni -
cantlylessexpensve for inferencee.g. theintegralin (1).

In g. 5and g. 6 we shav humanmotion reconstructiorresultsfor two real image se-
guences.Fig.5 shavs the good quality reconstructiorof a personperformingan agile
jump. (Giventhe missingobsenationsin a sideview, 3D inferencefor the occludedbody
partswould notbepossiblewithoutusingprior knowledge!) For this sequenc&ve doinfer-
enceusingconditionalshaving 5 modesandreducedsd states We initialize trackingusing
p(yijz:), whereador inferencewe usep(ytjy: 1;z¢) within (1). In the secondsequence
in g. 6, we simultaneouslyeconstructhe motion of two peoplemimicking domesticac-
tivities, namelywashinga window and picking an object. Here we do inferenceover a
product, 12-dimensionaktatespaceconsistingof the joint 6d stateof eachperson. We
obtaingood3D reconstructiommesults,usingonly 5 hypothesesNotice however, thatthe
resultsarenot perfect,therearesmall errorsin the elbonv andthe bendingof the kneefor
the subjectat the |.h.s.,andin the differentwrist orientationsfor the subjectat ther.h.s.
Thisre ects thebiasof ourtrainingset.

KDE-RR | RVM | KDE-RVM | BME | kBME
Walk andturn 10.46 4.95 7.57 4.27 4.69
Cornversation 7.95 4.96 6.31 4.15 4.79

Runandturn left 5.22 5.02 6.25 5.01 | 4.92

Table 1: Comparisonof averagejoint angle predictionerror for different models. All
kPCA-basednodelsuse 6 outputdimensions. Testingis doneon 100 video framesfor
eachsequencethe inputsarearti cially generatedilhouettesnotin thetraining set. 3D
joint anglegroundtruthis usedfor evaluation. KDE-RRis aKDE modelwith ridgeregres-
sion (RR) for thefeaturespacemapping KDE-RVM usesanRVM. BME usesa Bayesian
mixtureof expertswith nodimensionalityreduction KBME is our proposednodel. kPCA-
basedmethodausekernelregressordo computepre-images.
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Figure4: (a, Left) Histogramshawing the accurag of variousexpert predictors: how
mary timesthe expertranked asthe k-th mostprobableby the model (horizontalaxis) is
closestto the groundtruth. The modelis consistenithe mostprobableexpertindeedis
the mostaccuratemostfrequently),but occasionallylessprobableexpertsare better (b,
Right) Histogramsshaw the dynamicsof p(y:jy: 1;2:), i.e. how the probability massis
redistribuitedamongexpertsbetweertwo successietime stepsjn acorversatiorsequence.

KDE-RR | RVM | KDE-RVM | BME | kBME
Walk andturn back 7.59 6.9 7.15 3.6 3.72
Runandturn 17.7 16.8 16.08 8.2 8.01

Table2: Jointanglepredictionerrorcomputedor two complex sequencewith walks,runs
andturns,thusmoreambiguity (100 frames).Modelshave 6 statedimensions.Unimodal
predictorsaveragecompetingsolutions.kBME hassigni cantly lower error.
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Figure5: Reconstructiorf ajump (selectedrames).Top: originalimagesequenceMid-
dle: extractedsilhouettesBottom: 3D reconstructiorseenfrom a syntheticviewpoint.

4 Conclusion

We have presentedh probabilisticframevork for conditionalinferencein latentkernel-
inducedlow-dimensionalstatespaces. Our approachhasthe following properties: (a)



Figure6: Reconstructinghe actiities of 2 peopleoperatingin an 12-d statespace(each
personhasits own 6d state). Top: original imagesequence Bottom: 3D reconstruction
seenfrom a syntheticviewpoint.

Accountsfor non-linearcorrelationsamonginput or outputvariables by usingkernelnon-
lineardimensionalityreduction(kPCA); (b) Learnsprobabilitydistributionsover mappings
betweerlow-dimensionattatespacesisingconditionalBayesiarmixture of experts,asre-
quiredfor accurateprediction. In the resultinglow-dimensionakBME predictorambigu-
ities andmultiple solutionscommonin visual, inverseperceptiorproblemsareaccurately
represented(c) Worksin a continuousconditionaltemporalprobabilisticsettingand of-
fersaformal managemenf uncertainty We shav comparisonshatdemonstratéow the
proposedapproacltoutperformsregression PCA or KDE alonefor reconstructinghe 3D
humanmotion in monocularvideo. Futurework we will investigate scalingaspectsor
largetraining setsandalternatve structuredpredictionmethods.
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