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Abstract. Trackingspeakersin multipartyconversationsconstitutesa fundamentaltaskfor automaticmeet-
ing analysis. In this paper, we presenta probabilisticapproachto jointly track the locationandspeaking
activity of multiple speakers in a multisensormeetingroom, equippedwith a small microphonearrayand
multiple uncalibratedcameras.Our framework is basedon a mixed-statedynamicgraphicalmodelde�ned
on a multipersonstate-space,which includestheexplicit de�nition of a proximity-basedinteractionmodel.
Themodelintegratesaudio-visual(AV) datathrougha novel observationmodel.Audio observationsarede-
rivedfrom a sourcelocalizationalgorithm.Visualobservationsarebasedon modelsof theshapeandspatial
structureof humanheads.Approximateinferencein our model,neededgiven its complexity, is performed
with a Markov Chain Monte Carlo particle �lter (MCMC-PF), which resultsin high samplingef�ciency.
We presentresults-basedon anobjective evaluationprocedure-thatshow thatour framework (1) is capable
of locatingandtrackingthepositionandspeakingactivity of multiple meetingparticipantsengagedin real
conversationswith goodaccuracy; (2) candealwith casesof visual clutter andpartial occlusion;and (3)
signi�cantly outperformsa traditionalsampling-basedapproach.
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1 Intr oduction

The automaticanalysisof meetingsrecordedin multi-sensorroomsis an emerging research®eld in various
domains,includingaudioandspeechprocessing,computervision,human-computerinteraction,andinforma-
tion retrieval [23, 46, 32, 41, 8, 30, 47, 10]. Analyzing meetingsposesa diversity of technicalchallenges,
andopensdoorsto anumberof relevantapplications,includingautomaticstructuringandindexing of meeting
collections,andfacilitationof remotemeetings.

In thecontext of meetings,localizingandtrackingpeopleandtheirspeakingactivity playfundamentalroles
in two areas.The®rst oneis mediaprocessing:speaker locationis usefulto selector steeracameraaspartof a
visualizationor productionmodel,to enhancetheaudiostreamvia microphone-arraybeamformingfor speech
recognition,to provide accumulatedinformation for personidenti®cation,and to recognizelocation-based
events(e.g. a presentation).Thesecondoneis humaninteractionanalysis:socialpsychologyhashighlighted
therole of non-verbalbehavior (e.g. gazeandfacialexpressions)in interactions,andthecorrelationbetween
speaker turn patternsandaspectsof thebehavior of a group[31]. Extractingcuesto identify suchmultimodal
behaviors requiresreliablespeaker tracking.

Althoughthetrackingtaskin meetingsis facilitatedby theconstraintsof thephysicalspaceandtheexpected
type of humanactivities, the multimodalmultispeaker trackingproblemposesvariouschallenges.Thesein-
cludealgorithmsfor AV datafusion,thatmake useof themodalities'complementarity, andfor tractablejoint
multipersonmodels(which representeachindividual state,while accountingfor the constraintsintroduced
by their interaction). In meetings,interactionin its simplestform relatesto proximity in thevisual modality
(occlusionbeingthefundamentalcase),andto overlappingspeechin theaudiomodality(commonlyfoundin
spontaneousconversations[38]). Approachesaddressingsomeof theseissueshavebegunto appear[5, 6].

In thispaper, weaddresstheproblemasoneof approximateinferencein adynamicalgraphicalmodel,using
particle®ltering(PF)techniques[18, 11], building onrecentadvancesin the®eld [21]. For astate-spacemodel,
a PFrecursively approximatesthe®ltering distribution of statesgivenobservations,usinga dynamicalmodel,
an observation model,andsamplingtechniques,by predictingcandidatecon®gurationsandmeasuringtheir
likelihood.Ourmodelusesa mixed-state,multi-objectstate-space,which in additionto beingmathematically
rigorous,allows for the integrationof a pairwisepersonocclusionmodel,throughthe additionof a Markov
RandomField (MRF) prior in the multi-objectdynamicmodel. To addressthe problemsof traditionalPFs
in handlinghigh-dimensionalspaces(de®nedby the joint multi-objectcon®gurations),we combineMarkov
ChainMonteCarlo(MCMC) techniqueswith thePFframework, allowing for ef®cientsampling[28, 21]. Our
work integratesdatacapturedby asmallmicrophonearrayandmultiple cameraswith mostlynon-overlapping
®elds-of-view throughthe de®nition of a novel observation model of AV features. Basedon an objective
evaluationof the quality of estimatedheadlocationandspeakingactivity, andusingsmall-groupdiscussion
data,we show thatour framework is capableof jointly trackingthelocationandspeakingactivity of multiple
meetingparticipantswith goodaccuracy, dealingwith realisticconditions,andoutperforminga traditionalPF
model.

Thepaperis organizedasfollows. Section2 discussesrelatedwork. Section3 summarizesour framework.
Section4 describesthe multi-persondynamicalmodel. Section5 presentsthe multi-personAV observation
model. Section6 describesthesamplingtechnique.Section7 discussesthecaseof varyingnumbersof peo-
ple. Section8 describesanddiscussesexperimentsandresults.Finally, section9 providessomeconcluding
remarks.

2 Relatedwork

Localizingandtrackingspeakersin enclosedspacesusingAV informationhasincreasinglyattractedattention
in signal processingand computervision [36, 17, 7, 34, 13, 43, 48, 1, 3, 6, 5], given the complementary
characteristicsof eachmodality. Broadlyspeaking,thedifferencesamongexistingworksarisefrom theoverall
goal (tracking single vs. multiple speakers), the speci®cdetection/trackingframework, and the AV sensor
con®guration.Much work hasconcentratedon thesingle-speaker case,assumingeithersingle-personscenes
[7, 34, 1], or multipersonsceneswhereonly thelocationof thecurrentspeakerneedsto betracked[36, 17, 13,
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43, 48, 3]. Many of theseworksusedsimplesensorcon®gurations(e.g.onecameraandamicrophonepair) [7,
34, 43, 3]. Amongtheexisting techniques,probabilisticgenerativemodelsbasedonexact[34] or approximate
inferencemethods(bothvariational[3] andsampling-based[43, 48]) appearto be themostpromising,given
their principledformulationanddemonstratedperformance.

Noneof theabove workscanhandletheproblemaddressedhere:continuouslyinferring, from audioand
video data,the locationandspeakingstatusfor several peoplein a realistic conversationalsetting. In fact,
althoughaudio-basedmultispeaker trackingandvision-basedmultiobjecttrackinghavebeenstudiedfor a few
yearsasseparateproblemsin signalprocessing[42, 37, 45, 25] andcomputervision [19, 35], respectively,
theAV multispeaker trackingproblemhasbeenstudiedonly relatively recently, makinguseof morecomplex
sensorcon®gurations[8, 20, 39, 6, 5]. While singlecamerasareusefulfor remoteconferencingapplications,
multipersonconversationalsettingslike meetingsoftencall for theuseof multiple camerasandmicrophones
to cover anentireworkspace(table,whiteboards,etc.) [8, 6, 5]. More speci®cally, thework in [8] described
a systembasedon a device that integratesa small circular microphonearrayandseveralcalibratedcameras,
whoseviews are composedinto a panorama,The system,in which eachpersonis tracked independently,
consistsof threemodules:AV auto-initialization,(usingeitherastandardacousticsourcelocalizationalgorithm
or visualcues),visualtrackingusinga HiddenMarkov Model (HMM), andtrackingveri®cation.Thework in
[20] describeda non-probabilisticmultispeaker detectionalgorithmusingan omnidirectionalcamera(which
haslimitationsof resolution)andamicrophonearray, calibratedwith respectto eachother. At eachvideoframe,
themethodextractsskin-colorblobsby traditionaltechniques,andthendetectsa soundsourceusingstandard
beamformingon thesmallsetof directionsindicatedby theskin-bloblocations.Thework in [39] describedan
AV multispeakersystem,basedon a stereocameraanda linearmicrophonearray, consistingof threeseparate
modules:stereo-based,visualtrackingof 3-D headlocationandposefor eachpersonindependently, estimation
of theaudiosignal'sdirectionof arrival with themicrophonearray, andestimationof audio-visualsynchronous
activity. Two hypothesistestsareusedto make independentdecisionsaboutthespeakingactivity andvisual
focusof thespeakers,basedonsimplestatisticalmodelsde®nedontheobservationsderivedfrom eachmodule.

To the bestof our knowledge,the closestworks to ours are [5, 6], both basedon PF techniques.The
work in [5] usedtwo calibratedcamerasand four linear sub-microphonearrayson a wall, and was based
on the modelproposedin [19], de®ninga multi-personstate-spacein which the numberof peoplecanvary
over time. An full-body multi-personobservation modelwasde®nedby two terms: one for video, derived
from a pixelwisebackgroundsubstractionmodel,andonefor audio,derivedfrom a setof short-timeFourier
transformscomputedon eachmicrophone's signal. The PF relied on importancesampling(IS), andis thus
likely to rapidlybecomeinef®cientasthenumberof objectsincreases.Thework in [6] usedthesamecalibrated
sensorsetupas[8], andtrackedmultiplespeakerswith a setof independentPFs,onefor eachperson.EachPF
usesamixtureproposaldistribution,in whichthemixturecomponentsarederivedfrom theoutputof single-cue
trackers(basedon audio,color, or shapeinformation). This proposalincreasesrobustnessin caseof tracking
failurein singlemodalities.

As we describein the remainderof the paper, our work substantiallydiffers from previous work in AV
multispeaker trackingwith respectto multi-objectdynamicandAV observationmodeling,andto thesampling
mechanism.Building on themodelin [21], our modelhastwo advantagesover [5, 6]. First, unlike [5, 6], we
usea multi-persondynamicalmodelthatexplicitly incorporatesa pairwisepersoninteractionprior term. This
modelis especiallyusefulto handlepersonocclusion.Second,unlike [5], we useef®cientMCMC sampling,
that allows to track several objectsin a tractablemanner(effectively closeto the caseof independentPFs),
while preservingtherigorousjoint state-spaceformulation. Finally, we objectively evaluatetheperformance
of ouralgorithm,in moredetailthanthatof [5, 6].

3 Model formulation

We usea generative approachto model the trackingproblem[18, 11]. Given a Markov state-spacemodel,
with hiddenstatesX t representingthe joint multi-object con®guration(e.g. position, scale,etc.), and AV
observationsY t , the®ltering distribution p(Xt jY 1:t ) of X t giventheobservationsY 1:t = (Y 1; :::; Y t ) up to
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time-stept canberecursively computedusingBayes'ruleby

p(X t jY 1:t ) / p(Y t jX t ) � (1)
Z

X t � 1

p(X t jX t � 1)p(X t � 1 jY 1:t � 1)dX t � 1;

wherep(X t jX t � 1) is thedynamicalmodelof the temporalevolution of themulti-objectstate-space,and
p(Y t jX t ) denotesthe observation likelihood,which measureshow well theobservations®t the multi-object
predictions.

PFsapproximateEq. 1 for non-linear, non-Gaussianproblems[11]. Fromthevariousavailableformula-
tions,we follow theonedescribedin [18]. ThebasicPFrepresentsthe®ltering distribution usinga weighted
setof samplesf (X (n )

t ; w(n )
t ); n = 1; :::; N g, whereX (n )

t andw(n )
t denotethen-th sampleandits associated

weightateachtime-step,andupdatesthis representationasnew dataarrive. With this representation,Eq.1 can
beapproximatedby amixturemodel,

p(X t jY 1:t ) � Z � 1p(Y t jX t )
X

n

w(n )
t � 1p(X t jX

(n )
t � 1); (2)

usingIS (Z is anormalizationconstant).Giventheparticlesetat theprevioustime-step,f (X (n )
t � 1; w(n )

t � 1)g, aset

of new con®gurationsatthecurrenttime-steparedrawnfromaproposaldistributionq(Xt ) =
P

r w( r )
t � 1p(X t jX

( r )
t � 1).

Theweightsarethencomputedasw(n )
t / p(Y t jX

(n )
t ).

A stateat time-stept is de®nedby Xt = (X i;t ); i 2 I t , whereI t is thesetof objectidenti®ersin thecon-
®guration,mt = jI t j denotesthenumberof objects,andj � j indicatessetcardinality. Eachobjecthasaunique
identi®er, givenby thepositionoccupiedby theircon®gurationin thestatevector. In whatfollows,weassume
I t to be®xed(thecasewhenI t variesover time is discussedin Section7). A mixedstate-spaceis de®nedfor
single-objectcon®gurationsXi;t , whereboth the geometrictransformationsof a person's modeltemplatein
the imageplaneandthespeakingactivity aretracked. In thespeci®cimplementationdescribedin this work,
a personis representedby theelliptical silhouetteof theheadin the imageplane(Fig. 1(left)). Furthermore,
a single-objectstateX i;t = (x i;t ; ki;t ) is composedof a 3-D continuousvectorx i;t = (ui;t ; vi;t ; si;t ), de®ned
overasubspaceof af®netransformationscomprising2-D translationandscaling,andadiscretebinaryvariable
ki;t , whichmodelseachparticipant'sspeakingstatus(0: silent,1: speaking).

The generative modelin Eq. 1 andits approximationin Eq. 2 requirethespeci®cationof thedynamical
andobservationmodels. Additionally, the dimensionof the multi-objectstate-spacegrows linearly with the
numberof objects,so thatevenfor a small groupdiscussion(4-5 participants)andthecompactsingle-object
state-spacedescribedabove, thedimensionof thejoint state-spaceis prohibitively high for IS, which callsfor
a moreef®cientsamplingscheme.Theseissuesarediscussedin thefollowing sections.

4 Multi-object dynamical model

The dynamicalmodel includestwo factors: onethat describesinteraction-free,single-objectdynamics,and
anotheronethatexplicitly modelsinteractions(e.g.occlusion),constrainingthedynamicsof eachobjectbased
on the stateof the others,via a pairwiseMRF prior [26, 21]. The ®eld is de®nedon an undirectedgraph,
wherethegraphverticesaretheobjects,andthelinks arede®nedbetweenobjectpairsat eachtime-step.The
dynamicalmodelis expressedas

p(X t jX t � 1) /

 
Y

i 2I t

p(X i;t jX i;t � 1)

! 0

@
Y

( i;j )2C

� (X i;t ; X j;t )

1

A ; (3)

wherep(X i;t jX i;t � 1) denotesthe dynamicsof the i -th object,andthe prior is a productof pairwisepoten-
tials, denotedby � (X i;t ; X j;t ) over the set of cliquesC (i.e., pairs of connectednodes)in the graph. The
approximationin Eq. 2 is now givenby
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p(X t jY 1:t ) � Z � 1p(Y t jX t )

0

@
Y

( i;j )2C

� (X i;t ; X j;t )

1

A

 
X

n

w(n )
t � 1

Y

i 2I t

p(X i;t jX (n )
i;t � 1)

!

; (4)

wherethe interactionterm canbe movedout of the sumover all particles,asit doesnot dependon past
information [21]. Furthermore,assumingthat the motion and the speakingactivity are independent,each
single-objectdynamicalmodelis factorizedas

p(X i;t jX i;t � 1) = p(x i;t jx i;t � 1)p(ki;t jki;t � 1);

wherethecontinuousdistributionp(x i;t jx i;t � 1) is classicallymodeledasasecond-orderauto-regressivemodel
[18], andp(ki;t jki;t � 1) =

� � 00 � 01
� 10 � 11

�
isa2� 2 transitionprobabilitymatrix(TPM)with parametersf � 00; � 01; � 10; � 11g

(� 01 = 1 � � 00 and� 10 = 1 � � 11).
Theinteractionmodelwe adopttakesinto accountvisual information,andpenalizeslargevisualoverlaps

betweenobjects[21], whichreducesthepossibilityof associatingtwo con®gurationsto onesingleobjectwhen
peopleoccludeeachothermomentarily. Let the spatialsupportsof x i;t andx j;t , i.e., the applicationof the
continuoustransformationto theobjecttemplateon theimageplane,bedenotedby Si;t andSj;t , respectively.
Theoverlapmeasuresarethewell-known precision(� ) andrecall(� ) measuresfrom informationretrieval [2].
AssumingthatSi;t is thereference,themeasuresaregivenby

� (Si;t ; Sj;t ) =
jSi;t \ Sj;t j

jSj;t j
; � (Si;t ; Sj;t ) =

jSi;t \ Sj;t j
jSi;t j

: (5)

As � (Si;t ; Sj;t ) = � (Sj;t ; Si;t ), the(symmetric)pairwisepotentialsin theMRF canbede®nedas

� (X i;t ; X j;t ) / exp(� � � (� (Si;t ; Sj;t ) + � (Si;t ; Sj;t )) ; (6)

where� � is a modelparameter. Precisionandrecall take their maximumvalue(unity) whenthe spatial
supportof two objectsperfectlymatch,which correspondsto theminimumvalueof � (�; �), effectively penal-
izing suchobjectoverlap. In contrast,bothprecisionandrecall reachtheir minimum(zero)whentheobjects
havenooverlap,whichcorrespondsto themaximumvalueof � (X i;t ; X j;t ) / 1.

5 Audio-visual observation model

Observationmodelsarederived from audioandvideo. Both shapeandspatialstructureof humanheadsare
usedasvisual cues,so the threetypesof observationsarede®nedasYt = (Y a

t ; Y sh
t ; Y st

t ), wherethe su-
perindicesstandfor audio,shape,andspatialstructure,respectively. As otherworks[35], we furtherassume
thatobservationsareextractedfor eachobject,andthatthedifferentobservationsareconditionallyindependent
giventhesingle-objectstates,producingthefollowing factorizedrepresentation,

p(Y t jX t ) =
Y

i 2I t

p(Y a
i;t jX i;t )p(Y sh

i;t jX i;t )p(Y st
i;t jX i;t ): (7)

All termsin Eq. 7 arede®nedin thefollowing subsections.

5.1 Audio observations

Audio observationsarederivedfrom themicrophonearraysignalsto produce2-D locationestimatesin thecor-
respondingimageplane.Theaudioobservationlikelihoodis thende®nedusingsuchestimates.Theprocedure
consistsof threesteps:audiosourcelocalization,speech/nonspeechclassi®cation,andmappingof speaker
locationestimatesontotheimageplane[14]. Eachof thesestepsaredescribedin thefollowing subsections.
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5.1.1 Sourcelocalization

A simplesinglesourcelocalizationtechniquebasedon Time Delay of Arrival (TDOA) is usedto generate
candidate3-D speaker locations.In particular, we usetheSteeredResponsePower - PhaseTransform(SRP-
PHAT) measure[9], dueto its low computationalrequirementsandsuitability for reverberantenvironments.

Wede®neavectorof theoreticaltime-delaysassociatedwith a3-D locationZ 2 R3 as� Z , (� 1;Z ; : : : ; �  ;Z ; : : : � N  ;Z ),
whereN  is thenumberof pairsand�  ;Z is thedelay(in samples)betweenthemicrophonesin pair  , de®ned

as�  ;Z = f s
cs

�
jjZ � M  

1 jj � jjZ � M  
2 jj

�
, whereM  

1 ; M  
2 2 R3 arethe locationsof the microphonesin

pair  , jj � jj is theEuclideannorm,f s thesamplingfrequency, andcs thespeedof sound.Notethatfor agiven
time-delay� 0 andpair  , thereexistsahyperboloidof locationsZ satisfying�  ;Z = � 0.

Fromtwo signalss 
1 (t) ands 

2 (t) of agivenmicrophonepair  , thefrequency-domainGCC-PHAT [22] is
de®nedas

G 
P H AT (f ) ,

S 
1 (f ) �

h
S 

2 (f )
i �

�
�
�S 

1 (f ) �
h
S 

2 (f )
i � �

�
�
; (8)

whereS 
1 (f ) andS 

2 (f ) areFouriertransformsof thetwo signalsand[�]� denotesthecomplex conjugate.Typ-
ically thetwo FouriertransformsareestimatedonHamming-windowedsegmentsof 20-30ms.By performing
anInverseFourierTransform,andsummingthetime-domainGCC-PHAT R  

P H AT (� ) acrosspairs,we obtain
theSRP-PHAT measure,

PSRP � P H AT (Z ) ,
N  X

 =1

R 
P H AT (�  ;Z ): (9)

Fromthis, thesourcelocationis estimatedas

Ẑ = arg max
Z 2 R3

[PSRP � P H AT (Z )]: (10)

From geometricalconsiderations,at leastthreemicrophonepairs(N  � 3) arerequiredto obtaina unique
peak.

Themaximizationis implementedthroughexhaustivesearchovera ®xedgrid of points,H � R3 suchthat
8Z 2 R3 ; 9ZH 2 H suchthat�( Z; ZH ) � 
 0; where�( Z1; Z2) is thedistancein time-delayspace,

�( Z1; Z2) ,

vu
u
t 1

N  

N  X

 =1

(�  ;Z 1 � �  ;Z 2 )2; (11)

and
 0 is the desiredprecisionin samples.Sincewe typically upsampleR  
P H AT (� ) with a factor � up ,

thedesiredprecisionis setaccordinglyto 
 0 = 1=� up . Thegrid H is built by picking pointsheuristicallyon
a few concentricspherescenteredon the microphonearray. The spheres'radii werealsodeterminedby 
 0.
Conceptuallythis approachrelatesto [16]. Note that in practice,the estimatedrangeis imprecise,andonly
azimuthandelevationaresigni®cant.Finally, for eachtime frame,our implementationapproximatesEq. 10
by

Ẑ � argmax
Z 2 H

[PSRP � P H AT (Z )]: (12)

5.1.2 Speech/non-speechclassi�cation

In the secondstep,a speech/non-speechclassi®cationalgorithmbasedon short-termclusteringof the local-
izationresultsis usedto ®lter out noisyspeaker locationestimates.Conventionalsingle-channelspeech/non-
speechsegmentationapproachesarebaseduponenergy, SNRestimation[9] or morecomplex estimatorssuch
aszero-crossingrate[29]. While relatively robust, techniquesbasedon energy thresholdingoftenmisslow-
energy beginningsof wordsandshortspeaker turns. Furthermore,they canprovide a signi®cantamountof
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erroneousaudioestimatesto the observation model. Unlike traditionalapproaches,we posethe problemof
speech/non-speechclassi®cationin theframework of localization,makingdecisionspurelybasedon theloca-
tion information.We®rst runsinglesourcelocalizationoneachtimeframe,thenclassifyeachframeasspeech
or non-speech,relying onshort-termclusteringof locationestimates.Ourmotivationfor short-termclustering
is thatnoisylocationestimatesfeaturehighvariationsover time,while locationestimatesareconsistentduring
speechperiods.Thealgorithmhasthreesteps:(1) build short-termclustersof frameswhoselocationestimates
arecloseto eachother;(2) retainonly signi®cantclustersby applyingadurationconstraint;and(3) labelthose
framesbelongingto any signi®cantclusterasspeech,othersasnon-speech.

In step1, two framest1 andt2 belongto thesameclusterif d(Ẑ t 1 ; Ẑ t 2 ) < d0 andjt2 � t1 j � T0, whered0

andT0 arethresholdsin spaceandtime respectively. d(Ẑ t 1 ; Ẑ t 2 ) is a distancede®nedaccordingto thesetup.
With a single,planarmicrophonearrayit is reasonableto usethedifferencein azimuthbetweenẐ t 1 andẐ t 2 .
T0 shouldbecloseto thelengthof a phoneme.

For step2, we ®nd the longestsegmentof contiguousframeswithin eachcluster. If that segmentlasts
morethana thresholdTS , the clusteris kept as“signi®cant”, otherwiseit is dropped.Simplercriteria such
asminimum clusterdurationor the minimum numberof frameswithin the clusterdid not prove adequate.
Additionally, to eliminatediffuseor minor far-®eld noisesources(e.g. PC),we alsodiscardclusterswhose
meansquareSRP-PHAT valueis below a thresholdTSRP � P H AT .

In step3, framesbelongingto any signi®cantclusterarelabeledasspeech,othersasnon-speech.In the
usualcasewheretheaudioframerateis higherthanthevideoframerate,wedownsampletheaudioby grouping
audio3-D estimatesbetweenconsecutivevideoframes.For example,with audioframerate62.5fpsandvideo
framerate25 fps, therecanbe zero(non-speech),one,two or three(speech)audio3-D estimatesf Ẑ t g per
videoframe.

5.1.3 AV calibration

Mappingthe3-D audiolocationestimatesontothecameraimageplanesrequiresa form of sensorcalibration.
As discussedin Section2, mostprevious works have eitherassumedsimpli®edcon®gurations[43, 3] or re-
sortedto rigorouscameracalibrationprocedures[48, 5, 6]. Note that, in general,camerasandmicrophones
mightnotnecessarilyremainin thesamelocationfor long term,sopracticalcalibrationproceduresareneeded
to copewith sensorchanges.Unlike suchpreviousapproaches,we usea nearest-neighborapproachto project
3-D audioestimateson thecorresponding2-D imageplanes,exploting the fact that,althoughaudiolocaliza-
tion estimatesareusuallynoisy, andvisualcalibrationis affectedby geometricdistortion,their joint occurrence
tendsto bemoreconsistent[14]. Theprocedurerequiresanoff-line roughAV calibrationprocedurebetween
thesensors,without requiringprecisegeometriccalibrationof audioandvideo. Theprocedureusestraining
datacollectedby having a persontalking while performingactivities in themeetingroomin typical locations
(walking,sitting,moving while seated,standingat thewhiteboardandprojectorscreenareas).Thecorrespon-
dencesbetween3-D and2-D+camera-index pointsareobtainedfrom theaudioestimates,asdescribedearlier
in this subsection,andfrom theoutputof a single-personPFvisual tracker, respectively. For non-overlapping
®elds-of-view (FOVs), thesetof correspondencesobtainedfor thetrainingsetde®nesa mappingbetweendis-
cretesets� : R3 ! R2 � f 0; ::; NC AM � 1g, whereNC AM is thenumberof cameras,suchthat3-D positions
aremappedinto vectorscontainingimageposition(ut ; vt ) andcameraindex camt , �( Z t ) = (ut ; vt ; camt ).
Note thatwhenseveral imageviews areconcatenatedinto a singleimage(aswe do in Section8), thecamera
index simply resultsin an®xed2-D translationtermaddedto (ut ; vt ). Finally, themappingfor unseendatais
computedvia nearestneighborsearch.

5.1.4 Observation model

The audioobservation likelihoodis ®nally de®nedon the imagedomain,relatingtheEuclideandistancebe-
tweenthe 2-D audio locationestimatesandthe candidateparticles. Let xa

i;t = (ua
i;t ; va

i;t ) denotethe audio
estimateclosestto thetranslationcomponentsx i;t = (ui;t ; vi;t ) of thei-th object.We de®nea distribution for
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eachvalueof thespeakingstatusvariable,

p(Y a
i;t jx i;t ; ki;t = 1) /

�
K a

1 ; jjx i;t � xa
i;t jj � R a ;

K a
2 ; otherwise;

(13)

p(Y a
i;t jx i;t ; ki;t = 0) /

�
K a

1 ; jjx i;t � xa
i;t jj � R a ;

K a
2 ; otherwise;

(14)

whereR a de®nesa radiusaroundthe translationcomponentsof Xi;t , andK a
1 > K a

2 areconstantterms
introducedto refectthedesiredsituation:thelikelihoodof apersonactively speakingmustbelargewhenthere
exists a nearbyaudioestimate,andsmall if suchconditiondoesnot hold (e.g., K a

1
K a

2
= 10). In caseno audio

locationestimatesexist, ua
i;t andva

i;t aresetto anarbitrarily largenumber.

5.2 Shapeobservations

Assumingthatshapesareembeddedin clutter, edge-basedobservationsarecomputed,basedonaclassicmodel,
alongL normallines to a hypothesizedcontour[18]. This resultsin a vectorof candidatepositionsfor each
line l , f zl

i;c ; l 2 f 1; :::; Lg; c 2 f 1; :::; Cl gg, relative to zl
i; 0, thepoint lying on thecontour. With sometypical

assumptions,theshape-basedlikelihoodfor eachobjectis givenby

p(Y sh
i;t jX i;t ) /

LY

l =1

max

 

K sh ; exp(�
kzl

i; ĉ � zl
i; 0k2

2(� sh )2 )

!

; (15)

wherezl
i; ĉ is the nearestedgedetectedon the l th line, � sh is a standarddeviation parameter, andK sh is a

constantthatlimits thein�uence of caseswhennoedgesaredetected.

5.3 Spatial structure observations

We proposean observation modelof spatialstructureof humanheads,basedon a parametricrepresentation
of theoverlapbetweenskin-blobsandheadcon®gurations.Themodelis basedon the fact that thepresence
of skin pixels in a typical headblob is usuallylimited to speci®cregionsinsideandoutsidea headelliptical
con®guration.Skinpixelsaremainlydistributedin thecentralandlowerregionsof ahead,but alsooutsidethe
headellipse,e.g. on theneckregion. Additionally, theblobscorrespondingto a headoftenappearconnected
to otherskin-colorblobsdueto bodyposturesof peoplein conversations(e.g.restingtheheadona hand).

Skin-colorblobsareextractedateachframeaccordingto astandardprocedure.A 20-componentGaussian
Mixture Model (GMM) of skin color in RGB spacewasestimatedfrom a trainingsetof peopleparticipating
in real meetingsin the room, including Caucasian,Indian, and Latin-Americanindividuals, and collected
over several days[30]. Skin pixels were classi®edbasedon thresholdingof the skin likelihood, followed
by morphologicalpostprocessingto extractblobs(Fig. 1).

Given a setof skin-colorblobsanda single-objectcon®gurationXi;t , andassumingthat the candidate
con®gurationis thereference,the recallbetweenthespatialsupportSi;t andeachblob is computed.Let SB

i;t
denotethespatialsupportof theblob with thelargestrecall.A headtemplateis furtherdecomposedinto three
non-overlappingpartswith spatialsupportSl

i;t , l 2 f 1; 2; 3g, Si;t = [ l Sl
i;t (Fig. 1). With this representation,

precisionandrecallarecomputedfor eachof theheadparts(� (Sl
i;t ; SB

i;t ) and� (Sl
i;t ; SB

i;t )), andfor thewhole
head,(� (Si;t ; SB

i;t ) and� (Si;t ; SB
i;t )). Althoughtheproposedfeaturesareobviously not asdiscriminantasthe

onesusedin dedicatedfaceprocessingalgorithms[44], they arereasonablein realisticconditions,including
out of planerotation,andpartial occlusion.The featuresde®nean eight-componentobservationspaceYst

i;t ,
that is modeledby a mixture modelcomposedof GMM with diagonalcovariancematrices,anda uniform
distributionU(�) usedto limit theeffectof very low likelihoodvalues,

p(Y st
i;t jX i;t ) / ! 0U(Y st

i;t ) +
N stX

l =1

! l N (Y st
i;t ; � l ; � l ); (16)

wheref ! 0; ! l ; � l ; � l g aremodelparameters.Whennoblobsaredetected,thelikelihoodis setto aconstant
value.
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Figure1: Spatialstructureobservations. Given a con�guration (in yellow), anda skin blob (in gray),part-basedpreci-
sion/recallfeaturesarecomputedfrom thespatialsupportof con�gurationpartsandblob (seetext).

6 MCMC sampling

Inferencewith atraditionalparticle®lter (basedonIS) onthehigh-dimensionalspacede®nedby severalobjects
beingtrackedis computationallyinfeasible,giventhatthenumberof particlesrequiredfor agivenperformance
growsroughlyexponentiallywith thedimensionalityof thespace[28, 11]. In orderto ef®cientlyplacesamples
ascloseaspossibleto regionsof high likelihood,we build on recentwork andproposeto approximateEq.
4 with MCMC techniques[28], usinga Metropolis-Hastings(MH) samplerat eachtime-step[21]. MCMC
methodsproduceasequenceof samplesfrom aMarkov chainwhosestationarydistributioncorrespondsto the
targetdistribution (the®ltering distribution in the trackingcase),after runningthesamplerlong enough,and
discardingthe initial part of the run, calledburn-in period[28]. The MH algorithmconsistsof two iterative
steps.First,givenacurrentcon®gurationX , anew sampleX� is drawn from aproposaldistributionq(X � jX ).
Then, the proposedsampleis acceptedasthe new con®gurationin the Markov chainwith probability (also
calledacceptanceratio),

� = min
�

1;
p(X � )q(X jX � )
p(X )q(X � jX )

�
; (17)

wherep(X ) denotesthetargetdistribution (in our casep(X ) = p(X t jY 1:t )). If themove is not accepted,
thechainremainsin thesamecon®guration.Thesamplesetobtainedby theMH sampleris a fair samplefrom
thetrue®ltering distribution,andsoall particleweightsareequalto 1

N [28].
In the trackingcase,we run a MH samplerat eachtime-step.However, for computationaltractability, a

proposaldistribution that simpli®esthe evaluationof the acceptanceratio is needed,asEq. 17 involvesthe
evaluationof Eq. 4 (a sumoverall particles).We de®nea mixturemodeloverall objects,whereoneobjectis
chosenat eachstepin thechainto attemptamove,

q(X �
t jX t ) =

X

i

q(i )q(X �
t jX t ; i ); (18)

whereq(i ) is the prior over objectindices,andq(X �
t jX t ; i ) arethe mixture components.To constructa

candidatecon®gurationX�
t from thecurrentcon®gurationXt , anobjectindex i � is ®rstchosenwith probability

q(i = i � ). A move will beattemptedon i � , while therestof themulti-objectcon®gurationis left unchanged.
Themixturecomponentsarede®nedsothat

q(X �
t jX t ; i ) =

8
><

>:

1
N

P
n p(X �

t jX (n )
t � 1) i = i � ;

1
N

P
n p(X �

t jX (n )
t � 1) i 6= i � ; X �

t = X t ;
0 i 6= i � ; X �

t 6= X t ;
(19)

which implies thatgiven i � , thenew con®gurationfor objecti� is sampledfrom p(X �
i � ;t jX

(n � )
i � ;t � 1), using

a randomlychosenparticlen � from theprevioustime,while keepingall theotherobjectcon®gurations®xed.
UsingtheDirac deltafunction,thespeci®cexpressionful®lling Eq. 19 is

q(X �
t jX t ; i ) =

1
N

X

n

p(X �
i;t jX (n )

i;t � 1) �
Y

l 2I t �f i g

p(X l;t jX (n )
l;t � 1)� (X �

l;t � X l;t ):
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Thisdistributionful®lls thedesiredpropertyof cancellingall thefactorsthatinvolvesummationsoverparticles
in theacceptanceratio. It is notdif®cult to show thattheacceptanceprobabilityis simpli®edto

� = min

 

1;
p(Y t jX �

t )
Q

( i � ;j )2C i �
� (X �

i � ;t ; X �
j;t )

p(Y t jX t )
Q

( i � ;j )2C i �
� (X i � ;t ; X j;t )

!

; (20)

whereCi � denotesthesetof pairwisecliquesthat involve objecti � . For thefactorizedform for themulti-
objectlikelihood(Eq. 7), theexpressioncanbefurthersimpli®edto

� = min

 

1;
p(Y t jX �

i � ;t )
Q

( i � ;j )2C i �
� (X �

i � ;t ; X �
j;t )

p(Y t jX i � ;t )
Q

( i � ;j )2C i �
� (X i � ;t ; X j;t )

!

; (21)

which only involvesthe evaluationof single-objectAV likelihoodterms. The MH samplerimprovesthe
predictionsof multi-objectcon®gurationsby accepting,ateachstep,single-objectcandidatescloserto aregion
of high likelihood,without discardinggood candidatesalreadyacceptedfor other objects. Note that other
formulationscombiningMCMC iterationswith PF techniquesexist in thestatisticsliterature[4, 27, 15, 12],
but they all differ from thealgorithmpresentedhere.

Finally, themeanestimateisapproximatedby themarginalmeanestimatesfor eachobject,X̂ t = (X̂ i;t ); i 2
I t . EachX̂ i;t is computedasusualin mixed-statemodels,®rst computingthemaximuma posteriori(MAP)
estimatefor thediscretevariableki;t , andthentheweightedmeanof thecontinuouscomponentx i;t giventhe
MAP discreteestimate[18],

k̂i;t = argmax
m

X

n 2J i;m

w(n )
t ; x̂ i;t =

P
n 2J i; k̂ i;t

w(n )
t x (n )

i;t

P
n 2J i; k̂ i;t

w(n )
t

; (22)

whereJ i;m = f njk(n )
i;t = mg. Thefull MCMC-PFalgorithmis summarizedin Fig. 2.

___________________________________________________________________________________________________

Generate N samplesf X ( n )
t ; w( n )

t g from f X ( n )
t � 1 ; w( n )

t � 1g.

� Initialize theMH sampler, by samplingX from thepurelypredictivedistribution
P

n w( n )
t � 1p(X t jX

( n )
t � 1). This

impliesrandomlychoosinga particlen � from f X ( n )
t � 1 ; w( n )

t � 1g, andthensamplingfrom p(X t jX
( n � )
t � 1 ).

� MH sampling . Draw B + N samples,whereB andN denotethe numberof particlesin the burn-in andfair
samplesets,respectively. For eachsample,

– Sample X � from q(X � jX ) (Eq. 18).

– Compute acceptance ratio � (Eq. 21).

– Accept X � (X  X � ) with probability� .

– Add X to thesetf X ( n )
t ; w( n )

t g, with w( n )
t = 1=N .

� Compute mean estimate X̂ t .

___________________________________________________________________________________________________
Figure2: MCMC-PFalgorithm.

7 Varying number of people

AlthoughtheMCMC-PFcouldformally integratebirth-deathprocessesaspartof the®ltering recursion(e.g.,
via reversible-jumpMCMC [28]), this would requirea multi-personobservation model that allowed for the
comparisonbetweencon®gurationscontainingvaryingnumberof people[19, 5]. The factorizedobservation
model in Eq. 7 is not suitablefor sucha case. For this reason,we optedfor a simpleprocessin which, at
eachtime frame,the setof peopleof the sceneI t is ®rst established,andthenthe MCMC-PF is appliedon
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the detectedI t . It hasbeenarguedthat, unlessa clearambiguity in the numberof sceneobjectsexists, the
detection-then-trackingmechanismcanbemoreef®cientthanthecasein whichparticleswith varyingnumber
of objectscoexist in the sametime-step,as particlescorrespondingto the “wrong” numberof objectsare
effectively wasted[35].

New objectsarehandledas follows. All skin-colorblobs insidea setof birth-likely sceneregions,and
not overlappingwith existing objects,areprobedascandidates.Givena standardellipsetemplate,anda new
object ID i � (chosenas the next available object ID in a list), a numberof single-objectsamplesf X ( r )

i � ;t g

is constructedby drawing samplesf x ( r )
i � ;t g from a Gaussiandistribution (with meantranslationequalto the

blob centroid,meanscalingsetto unity, anddiagonalcovariancematrix setto explorea relatively shortspace
aroundthemean),while settingf k ( r )

i � ;t g to zero.Thesetof samplesis rankedbasedon their visual likelihood,
p(Y sh

i � ;t jX i � ;t )p(Y st
i � ;t jX i � ;t ), andthepresenceof anew objectis decidedby thresholdingthelikelihoodof the

bestcon®guration.Thebestcon®gurationis usedin theprior in theMCMC-PFfor thenew object. Needless
to say, morerobustpeopledetectorscouldbeintegratedin ourapproach[44]. Objectdisappearanceis declared
wheneveracon®gurationleavestheimagelimits, or whenacon®gurationhastoolow visuallikelihood.Finally,
continuingpeoplearehandledasin thecaseof ®xednumberof objects.

8 Experimentsand Results

8.1 Data collection

Dataarerecordedin a 8.2m� 3.6m� 2.4mmeetingroomcontaininga 4.8m� 1.2mrectangularmeetingtable,
andequippedwith fully synchronizedvideo andaudiocapturedevices. The video equipmentincludesthree
identicaluncalibratedCCTV cameras[33]. Two camerasonoppositewallsrecordfrontalviewsof participants,
including the tableandworkspacearea,andhave non-overlapping®elds-of-view (FOVs). A third wide-view
cameralooksover thetop of theparticipantstowardsthewhite-boardandprojectorscreen.Theaudioequip-
mentconsistsof aneight-elementcircularequi-spacedmicrophonearraycenteredon thetable,with diameter
20cm,andcomposedof high quality miniatureelectretmicrophones.Videowascapturedat 25 fps (288� 360
pixels),while audiowasrecordedat 16kHz,with featuresestimatedat 62.5fps. Trainingdatato estimatethe
GMM parametersfor skin-colormodelsandspatialstructurefeatures,andfor the AV calibrationprocedure
wereadditionally recordedin the meetingroom. In Section8.4, we presentresultson two two-camerase-
quences,(meeting1andmeeting2, 1715and1200videoframes,respectively), andonethree-camerasequence
(meeting3, 1200video frames). The sequencesarecomposedby concatenatingthe differentviews into one
larger mergedimage. The ®rst two sequenceshave non-overlappingFOVs, while in the third thereis some
overlap.

Microphone
Array

Rack
Equipment

WhiteboardProjector Screen

Meeting Table

Camera

Participant

Figure3: Meetingrecordingcon�guration.
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8.2 Parameter setting

For the audio sourcelocalizationalgorithm,we used� up = 20. The thresholdsin the speech/non-speech
classi®cationalgorithmwereset to d0 = 5o, T0 = 200 ms, TS = 100 ms, andTSRP � P H AT = 0:03. The
®rst two thresholdswereintuitively chosen,basedon experimentsconductedon a separatetestdataset[14],
andon the typical phonemelength, respectively. The third thresholdwaschosenon a single, separatetest
case[14]. Regardingthevideoobservations,theGMM parametersfor skin-colorpixelsandspatialstructure
featureswereestimatedby standardExpectationMaximization(EM). Modelselectionwasautomaticallydone
using the minimum descriptionlengthprinciple. All otherparametersweresetby handto sensiblevalues,
andkept®xedfor all experiments.Regardingthedynamicalmodelfor thesingle-objectcontinuousdynamics
p(x i;t jx i;t � 1), we usean augmentedcontinuousstate,~x i;t = (x i;t ; x i;t � 1), and expressthe dynamicsas
~x i;t = A~x i;t � 1 + B (! t ; 0)T , with A =

� 2 � 1
1 0

�
, B =

� 1 0
0 0

�
, and ! t is a white noiseprocesswith standard

deviationsfor translationandscalingequalto 4 and10� 4, respectively. The TPM parametersfor speaking
activity weresetto � 00 = � 11 = 0:8; � 01 = � 10 = 0:2. For the interactionmodel, � � = 3. In the audio
observationmodel,Ra = 50 pixels,andK a

1 = 1 = 10K a
2 . For theshape-basedobservations,thenumberof

measurementlines L = 16, eachwith lengtha = 20 pixels, � sh = 5, andK sh = exp(� (a=2) 2

2( � sh )2 ) = e� 2.
A scalingprocedurewasappliedasthevariouslikelihoodtermshave a differentdynamicrange.Finally, we
assumea uniformprior for theproposalq(i ) in theMH sampler.

8.3 Performanceevaluation measures

We evaluateboth the trackingquality andthe ability to infer speakingstatus.For the ®rst criterion, a semi-
automaticheadbounding-boxgroundtruth (GT) is generatedfor eachpersonat eachvideo frame,usinga
color-basedsingle-persontracker [35]. We thencomputeprecisionandrecallbetweentheGT andour tracker
estimates(representedby boundingboxes)for eachpersonat eachframe,andde®nefour person-basedmea-
sures:

1. Track state(TS). A frame-level binaryvariable,which is unity if bothprecisionandrecallaregreater
thana thresholdTT S , andzerootherwise.In theexperiments,TT S = 0.

2. Track F-measure(FT ). Theprecision/recallcombination(FT = 2� �
� + � ) is computedfor thoseframeswith

TS = 1.
3. Successrate (SR). A sequence-level variable,de®nedasunity if TS = 1 for theentiresequence,and

zerootherwise.
4. Tracking rate(TR). A sequence-level variable,de®nedastheratiobetweenthenumberof frameswhere

TS = 1 andthenumberof framesin thesequence.
Jointly, FT , SR, andTR provideanindicationof thequalityandstabilityof thetracker, includingeventual

recovery from failures. Note that SR is a much stricter measurethan TR. All resultsare computedover
multiplerunsof theparticle®lter, to accountfor its stochasticnature.SR andTR arethenreportedasaverages.
Finally, anoverallaverage,over thenumberof people,is alsoreported.

Regardingspeakingactivity, a binaryGT of speaker turnswasmanuallygeneratedfor eachperson.Preci-
sionandrecallarethencomputedbetweentheGT andthetrackerestimatefor eachpersonateachvideoframe,
de®ning:

5. SpeakingstatusF-measure (FS ). For eachperson,ameasurecomputedasin FT .
FS is alsoreportedasaveragesovermultiple runsandpeople,aswith theothermeasures.

8.4 Resultsand discussion

We ®rst evaluatedthespeci®cabilitiesof our framework to estimatelocationandspeakingactivity, conducting
experimentsundertwo controlledconditions:(1) thenumberof trackedpeoplewasknown andkept®xedfor
thedurationof thesequence,and(2) thetrackerwashand-initializedin the®rst frame.Thesourcelocalization
algorithmwasoriginally evaluatedin [14]. Detailsof suchevaluationarenot includedherefor spacereasons,
but in summary, theobjective evaluationof theshort-termclusteringalgorithmcon®rmedits superiorityover
energy-basedmethodsfor the speechdetectiontask,as further developedin [24]. Resultsof the algorithm
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handlingvarying numbersof objectsarediscussedat theendof this section.The meancon®gurationis dis-
played,ateachtime-stepfor eachperson,asanellipseof distinctcolor. Inferredspeakingactivity is shown asa
doubleellipsewith contrastingtones.Thenumberof particlesin all caseswasB + N = 500, with 30%of the
particlesbeingdiscardedin theburn-inperiodof theMH sampler. All theresultswereobtainedusing20 runs
of theMCMC-PF. Peoplearegivenanobjectidenti®er(O1,O2,...)with respectto thepositionthey ®rst occupy
in the video, from left to right. The resultsarebestappreciatedby watchingthe videosacccompanying this
submissionatwww:idiap :ch= � gatica =publicatio ns=pub05=av � tracking � multiperson :html .

8.4.1 Meeting1

The resultson the meeting1sequenceareshown in Fig. 4 andTable1. In this sequence,recordedwith no
visualbackgroundclutter, four seatedspeakersareengagedin aconversationandtalk at a relaxedpace,taking
turnswith little overlap,whichoccursfor instancewhenpeoplelaugh.Thelastrow in Table1 (SGT ) indicates
theproportionof time duringwhicheachpersonspoke in thesequence,aslabeledin thespeakingactivity GT.

Regardingvisual tracking,the four objectsweretracked with goodquality andstablythroughoutthe se-
quencefor all runs(seeSR, TR, andFT rowsin Table1, andvideomeeting1_mcmc_500:avi in thewebsite).
Thealgorithmcanhandlepartialvisualself-occlusion(e.g.personO3toucheshischinandrestshisheadonhis
right handin Fig. 4(a),(e), and(g)), andvariationsof headpose(from frontal to sideviews), which con®rms
theadvantagesof combiningvisualcues.

With respectto speakingactivity, oursourcelocalizationmethod,combinedwith theAV calibrationproce-
dure,hasshown to beableto estimatelocationreasonablywell, anddetectspeaker turnswith goodaccuracy
andlow latency, whenpeopletalk at the meetingtable [14]. The audioactivity inferredby the MCMC-PF
preservesthesepropertiesfor thosesegmentswhereonly onespeaker takestheturn,while smoothingout very
shortspeaker turnswith thedynamicalmodel(seeFS row in Table1). Althoughwe usea single-sourcelocal-
izationalgorithm,theMCMC-PFcansometimesinfer simultaneousspeakingactivity for multipleparticipants
(seeFig. 4(d)). In general,however, a “dominantspeaker” effect is observedin overlappingspeechsegments.

To studytheef®ciency of theMCMC-PF, wecompareit with atraditionaljoint multi-objectPF, whichuses
IS insteadof MCMC, while all otheraspectsandparametersof the®lter remain®xed. Resultsarealsocom-
putedusing20runs,andareshown in Table1,Fig. 4,andvideomeeting1_pf _500:avi . Clearly, ourapproach
outperformsthetraditionalPFin bothability to trackandestimationof thespeakingstatus.With theclassicPF,
a lossof trackoccurredfor all of theobjects(seeSR) at somepoint in thesequence(especiallypoor for O2,
who wastrackedsuccessfullyonly in 60% of the runs). The tracker alsohashigh visual jitter. Furthermore,
the inferenceof speakingactivity is degradedconsiderably. Theperformancelossis explainedby theway in
which themulti-objectstate-spaceis exploredin a traditionaljoint PF. Many particlesareeffectively wasted:
a badcandidatecon®gurationfor oneobjectwill producea low multi-objectlikelihoodvalue,eventhoughthe
candidatesfor all otherobjectsaregood.Additionally, relatively badgeometriccon®gurationscombinedwith
correctspeakingactivity valuesmightbecommon,giventhejoint audio-visualobservationmodel.A combina-
tion of thesefactorswith e.g.motionchangesmighteventuallydrift oneor moreobjectsawayfrom thecorrect
con®gurationandresultin trackingloss(Fig. 4(j-l)). A standardproportiontestindicatesthat thedifference
in performancebetweenMCMC-PF andPF for Oav g is statisticallysigni®cantwith con®dencegreaterthan
99.99%for bothSR andTR. As a®nal remark,thenumberof particlesthatis requiredwith thetraditionalPF
to performaswell astheMCMC-PFis prohibitively high.

8.4.2 Meeting2

Theresultsonthemeeting2sequenceareshown in Fig. 5, Table2, andin thevideomeeting2_mcmc_500:avi .
This sequencedepictsfour seatedspeakersin a moreanimatedconversation(seeSGT row in Table2), with
many turnsandcasesof overlappedspeech.Therearealsotwo sourcesof visual clutter: the texturedback-
ground,anda ®fth walking person(not tracked) who entersandleavesthe scenecreatingvisual distraction
by approachingthe speakers. Our algorithmperformsquite satisfactorily with respectto quality of tracking
andspeaker activity detection.Althoughthetracker getsmomentarilydistractedby thewalking personor the
background,it recovers in almostall cases,asshown by the SR, TR, andFT rows in Table2. The com-
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g h
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Figure4: Multi-speaker trackingresults,meeting1. Both locationandspeakingstatus(doubleellipseif a personspeaks)
areinferredfor eachparticipant.(a-h): MCMC-PF, imagescorrespondto frames10, 370,420,526,760,1120,1420,and
1690,respectively. (i-l): TraditionalPF:imagescorrespondto frames760,905,908,and910,respectively. Trackingis lost
for O1 for therestof thesequence.
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method measure O1 O2 O3 O4 Oav g

SR 1.00 1.00 1.00 1.00 1.00
MCMC-PF T R 1.00 1.00 1.00 1.00 1.00

FT 0.89 0.87 0.85 0.92 0.88
FS 0.71 0.75 0.77 0.75 0.75
SR 0.80 0.60 0.85 0.90 0.79

PF T R 0.95 0.79 0.94 0.98 0.92
FT 0.87 0.86 0.83 0.87 0.86
FS 0.60 0.62 0.55 0.61 0.59

SGT 0.19 0.19 0.10 0.16 0.16

Table1: Trackingresultsfor meeting1, for ourapproachandatraditionalmulti-objectPF. Resultsareshown for individual
people,andaveragedover all people.

binationof visual cuesrendersthe tracker morerobust: On onehand,thespatialstructureobservationshelp
in casesof uncertaintywith respectto edgeinformation(e.g. texturedbackground),On the otherhand,the
shapeobservationsre®nethespatialstructuremodel,which consistentlydrivesthetracker to skin-blobareas,
but sometimeswithout muchaccuracy. A limitation of thelikelihoodmodelcanbeseenfor O3, for whomwe
canobserve a combinedeffect of edge-relatedclutter, andheadspatialstructure(i.e., lesshair) thatmight not
havebeenrepresentedaccuratelyin thetrainingdata(Fig. 5(e)and(h)), alsoevidentwhenplayingthevideo).
Regardingspeakingactivity, our approachcancorrectlyinfer somecasesof simultaneousspeech(Fig. 5 (d)
and(g)). Finally, our approachis againsigni®cantlymoreeffective thana traditional joint multi-personPF,
which in this caseshows an even moresevereperformancedegradation(seeFig. 5(i-n), Table2 andvideo
meeting2_pf _500:avi ). For the samereasonsdiscussedfor meeting1, andchallengedby the distractions
introducedby thewalking person,the traditionalPF is unableto trackall of theobjectsconsistently, andthe
quality of theestimationof speakingactivity is considerablydegraded.SR canbe aslow as35-40%,FS as
low as38%,andwith theexceptionof FT , all other®guresareconsiderablylower thantheonesobtainedfor
meeting1. Thestandardproportiontestshowsa statisticallysigni®cantdifferencein performancebetweenour
approachandatraditionalPFfor Oav g with con®dencegreaterthan99.99%, for bothSR andTR. Overall,the
resultson this sequencesuggestthat theMCMC-PF is morerobust to realisticconditionsthanthe traditional
approach.

method measure O1 O2 O3 O4 Oav g

SR 0.95 0.95 1.00 1.00 0.98
MCMC-PF T R 0.99 0.97 1.00 1.00 0.99

FT 0.88 0.88 0.87 0.86 0.87
FS 0.72 0.72 0.71 0.79 0.74
SR 0.60 0.40 0.35 0.75 0.52

PF T R 0.68 0.45 0.50 0.79 0.61
FT 0.86 0.85 0.81 0.85 0.84
FS 0.55 0.38 0.42 0.65 0.50

SGT 0.26 0.24 0.19 0.35 0.26

Table2: Trackingresultsfor meeting2, for our approachanda traditionalmulti-objectPF.

Fig. 6 presentsthe resultsregardingspeakingactivity detectionfor eachpersonasa function of video
framenumber. In the®rst place,we displaytheresultsobtainedwith audio-sourcelocalizationmappedonto
the imageplane,assumingthat the location of the meetingparticipantsis known in the ground-truth,i.e.,
dividing the imageinto four regions,assigningregionsto people,andassociatingspeakingactivity estimates
to individualsbasedon theregion theestimatesfall in (A). We alsopresenttheresultsfor our approach(AV),
wherethe resultscorrespondto the medianof the inferred speakingactivity estimatedover 20 runs of the
MCMC-PF. We ®nally displaythemanuallylabeledGT. Two casesaredisplayed,for differentvaluesof the
parametersof thesymmetricTPM: � 00 = 0:8; � 01 = 0:2 (Fig. 6(a-d)),and� 00 = 0:95; � 01 = 0:05 (Fig. 6(e-
h)). We ®rst observe that the sourcelocalizationalgorithmdetectsspeak/non-speakchangeswith low delay,
andclassi®esmostof the correctlocationestimatesasspeechframes[14]. Furthermore,given the lack of
a temporalsmoothnessconstraint,long speaker turnsareoften broken into smallerturns. We also observe
that shortspuriousturnsdueto noisearesometimesdetectedandincorrectlyassignedto speakers. In turn,
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Figure5: Multi-speaker trackingresults,meeting2. (a-h): MCMC-PF, imagescorrespondto frames50, 200,360, 546,
575,630,860,and909,respectively. (i-n): TraditionalPF:imagescorrespondto frames150,170,190,195,200,and210,
respectively. Trackingis lost for O2andO4 for therestof thesequence.
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Figure6: Speaker activity inferenceresults,meeting2. In each�gure, resultsareshown, asa functionof framenumber,
for audio+av mapping,with manuallylabeledlocation(A), theMCMC-PF approach(AV), andfor themanuallylabeled
groundtruth (GT). Figures(a-d) correspondto O1-O4, respectively, for TPM valuesf 0:8; 0:2g. Figures(e-h) are the
correspondingresultsfor TPM valuesf 0:95; 0:05g

theMCMC-PFintroducesa temporaldynamicalprocessthatservesasasmoothing®lter. Shortturnsareoften
eliminated,whichalsotendsto mergebrokenturnsinto longerunits.Thedegreeof smoothnessclearlydepends
on theTPM parametersandtheir relationto theparametersin theswitchingaudioobservationlikelihood(Eqs.
13-14).As expected,the®lteringis higherin Fig. 6(e-h)comparedto 6(a-d).However, thelargerthesmoothing
effect, thelongerthedelayto detectbeginningsandendingof speaker turns,thusde®ninga ®ltering tradeoff.

8.4.3 Effect of the MRF prior

The in�uence of the MRF prior cannotbe appreciatedin the previous two cases.To analyzethe effect of
this term,we conductedexperimentswith a ®ve-persontracker on two excerptsof meeting2, wherethewalk-
ing silent person(O5) is signi®cantlyoccludedby two seatedparticipantsseveral times. The ®rst excerpt
(meeting2-oc1) is 140 frameslong (frames550-690). The secondone (meeting2-oc2) is 170 frameslong
(frames830-1000).Performanceis computedover20runsof theMCMC-PF, withoutandwith theMRF prior.

Resultsfor meeting2-oc1areshown in Table3, Fig.7,andvideosmeeting2_o1_mcmc_500_no_int :avi
(without MRF) andmeeting2_o1_mcmc_500_int :avi (with MRF). Without the MRF prior, trackingis of
high quality for objectsO2-O4(SR = 1, TR = 1, andFT � 0:87). Theresultsfor O1 andO5 areshown in
Table3. For O1, trackingwaslost oncein 20 runs,locking ontoO5. More importantly, for O5, trackingwas
lost in 25%of thecases,locking sometimesontoO1, or drifting away. In contrast,theuseof theMRF prior
producedhigh quality trackingfor the®ve objects(SR = 1, TR = 1 , FT � 0:87 for O2-O4,seeTable3 for
O1andO5).

For meeting2-oc2, the resultsobtainedwith and without the useof the MRF prior are shown in Table
3. The occlusionaffectsobjectsO3 andO5, which got lost or confusedwith eachother. On onehand,an
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Figure7: Five-objecttracker, effectsof theMRF model. (a-c): meeting2-oc1, frames560,585,and594,without MRF
prior. (d-f): sameframes,with MRF prior.

improvementwasobtainedfor O5 with the useof the interactionterm (O5 wascorrectly tracked in the 20
runs).On theotherhand,handlingtheocclusionfor O3 representedthemainchallenge,giventhathis spatial
structuremodel,asdescribedpreviously, wasnot so accurate.Althoughnot perfect,theperformancefor O3
wasof goodquality, andequivalentwith or without the useof the MRF prior (SR = 0:9, TR = 0:92 in
both cases).The performancefor the other threeobjects(O1,O2,andO4) is of high quality in both cases
(SR = TR = 1, FT � 0:87). An exampleof the performancewith the MRF prior canbe seenin video
meeting2_o2_mcmc_500_int :avi .

Overall,theresultsindicatethattheinteractiontermmodelis effective,but its impactdependsonthemodel
of eachobjectbeingaccurate.Onecouldexpectthat theocclusionmodel's advantagewould diminish in case
theinvolvedobjectsdid not®t thelearnedvisualmodelswell.

measure meet2-oc1 meet2-oc2
O1wo O5wo O1w O5w O3wo O5wo O3w O5w

SR 0.95 0.75 1.00 1.00 0.90 0.95 0.90 1.00
T R 0.96 0.89 1.00 1.00 0.92 0.96 0.92 1.00
FT 0.87 0.74 0.88 0.74 0.77 0.72 0.76 0.74

Table3: Resultsfor sequenceswith personocclusion.Performancewasaffectedfor O1 andO5 in meeting2-oc1, andfor
O3andO5 in meeting2-oc2. wo / w indicateswithout / with MRF prior.

8.4.4 Meeting3

Resultsfor this sequenceareshown in Table4, Fig. 8, andvideo meeting3_mcmc_500:avi . In this case,a
person(O3)makesapresentationandusesthewhiteboard,while theothersremainseatedandmostlysilent(see
SGT row in Table4). Dueto theFOV overlap,oneperson(O2)appearsin two views. Weonly trackthisperson
in thefrontalview. Ouralgorithmcorrectlytracksthelocationof thefour peopleacrossthesequence,although
trackingis morechallengingfor O3 (thepresenter)dueto his sizeanddistancefrom thearray. As onewould
expect,theaudiolocalizationalgorithmdetectsa speaker at thetablebetterthanat a whiteboard/presentation,
given their shorterdistanceto themicrophonearray. Due to this fact,whenO2 makesnoise(in frames200-
225),or whenthepresenteranda seatedpersonspeaksimultaneously(e.g.,O1 in frames660-700,Fig. 8(c)),
the tracker infers speakingactivity only for the personat the table. Additionally, whenpeopleclearly face
away from the array, theaudioestimatesdegrade,andso doesthe inferenceof thespeakingstatus.Overall,
thespeakingactivity of thepresenteris inferredwith reasonablequality, althoughsomeof his turnsaremissed
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(e.g. aroundframe1130,Fig. 8(e)). The activity of O1 andO4 is estimatedwith goodquality, comparable
to the obtainedwith the previous sequences.The comparatively low FS -value for O2 is explainedby the
fact thathe spoke brie�y only once,andmadenoisethatwasidenti®edasspeakingactivity. In comparison,
ascanbe seenfrom Table4 andvideo meeting3_pf _500:avi , a traditional joint PF shows againa much
degradedperformance.On onehand,suchapproachis not ableto track all of the objectsthroughtheentire
sequencein many occasions.TheSR is especiallybadfor O2 who, althoughseated,hada relatively sudden
changeof dynamics,andfor O3, thepresenter. On theotherhand,thequality of speakingactivity inference
is muchworse,thesituationbeingaggravatedby thesparsenessof speaker turnsfor threeof theparticipants.
Onceagain,thestandardproportiontestindicatesastatisticallysigni®cantperformancedifferencebetweenour
methodandthetraditionalPFfor Oav g with con®dencegreaterthan99.99%, for bothSR andTR.

method measure O1 O2 O3 O4 Oav g

SR 1.00 1.00 1.00 1.00 1.00
MCMC-PF T R 1.00 1.00 1.00 1.00 1.00

F l 0.88 0.88 0.87 0.90 0.88
Fs 0.81 0.57 0.57 0.79 0.69
SR 0.95 0.15 0.45 0.95 0.62

PF T R 0.95 0.27 0.87 0.96 0.76
F l 0.87 0.83 0.84 0.90 0.86
Fs 0.38 0.05 0.15 0.05 0.16

SGT 0.07 0.02 0.57 0.03 0.17

Table4: Trackingresultsfor meeting3for ourapproachanda traditionalmulti-objectPF.

8.4.5 Auto-initialization

A ®rst exampleis shown in Figure9(a-c)andmeeting1_mcmc_500_autoinit :avi . Thetracker is initialized
at frame0 with I 0 = ; (zeroobjects).Thebirth-likely areafor this exampleis theentirescene,roughlyabove
the chestof the seatedparticipants.At frame1, O1, O2, andO4 areautomaticallyinitialized, while O3 is
initialized oncehe moveshis handaway from his faceat frame24. From this frameon, the performanceis
equivalentto the oneobtainedwith manuallyinitialized objects. A secondexampleis shown in Figure9(d-
f) andvideo meeting2_mcmc_500_autoinit :avi . In this case,the tracker is initialized at frame800 with
I 800 = ; . At frame801, thealgorithmdetectsO1-O4andinitializes themcorrectly. O5 is detectedat frame
825.

An objective evaluationwasconductedon meeting1andmeeting2to testthesoleeffect of automaticini-
tialization. We considerfor evaluationonly thoseframesafter which the objectshave beenautomatically
initialized, which occursaroundframe25 for meeting1, andaroundframe1 for meeting2. To beableto pro-
vide a fair comparisonwith theresultsobtainedfor meeting2in Table2 (i.e. keepingequivalentconditions),
wesetmmax

t = 4, allowing amaximumof four objectsalongthesequence.This impliesthatonly thefour ®rst
detectedobjectsaretracked,while the®fth personis excludedfrom thisprocess,asin theexperimentsreported
in Table2. The resultsareshown in Table5. For meeting1, we observe, oncethe objectsareautomatically
initialized, the performanceessentiallyremainsthe sameasthe caseof manualinitialization (Table1). For
meeting2, we observe that, comparingwith Table2, the performancedecreasedfor O2 (SR decreasedfrom
0.95 to 0.85,all other®guresremainapproximatelythe same),andimprovedslightly for O1 (SR increased
from 0.95to 1.00).Theperformancefor O3-O4remainedthesame.Consideringall objects,theperformance
degradationis marginal (comparetheOav g columnsin Tables2 and5). Overall, theseresultssuggestthat the
algorithmis adequatefor our application,althoughasstatedin Section7, it couldbe improvedby theuseof
a specializedfacedetectoralgorithm[44]. Finally, a morethoroughevaluationof the algorithmfor varying
numberof peoplewould requiretheadaptationof our evaluationprotocolto handlemulti-objectcon®guration
andidenti®cationissues.Designinggoodevaluationproceduresfor suchcasesconstitutesa researchtopic on
its own [40].

9 Conclusionand futur e work
In thispaper, wepresentedaprobabilisticframework for thejoint trackingof multiplepeopleandtheirspeaking
activity in a multi-sensormeetingenvironment. Our framework integratesa novel AV observationmodel,a
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Figure8: Multi-speaker tracking results,meeting3. Figures(a-e) correspondto frames50, 490, 690, 945, and 1130,
respectively. Thepresenteris speakingin all thedisplayedframes,excepting(b).
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Figure9: Auto-initialization.Theinitial con�gurationcontainsnoobjects.meeting1: (a-c)frames0, 1, and24. meeting2:
(d-f) correspondto frames800,801,and825.

method measure O1 O2 O3 O4 Oav g

SR 1.00 1.00 1.00 1.00 1.00
meeting1 T R 1.00 1.00 1.00 1.00 1.00

F l 0.89 0.87 0.84 0.92 0.88
Fs 0.72 0.74 0.78 0.75 0.75

SR 1.00 0.85 1.00 1.00 0.96
meeting2 T R 1.00 0.98 1.00 1.00 0.99

F l 0.89 0.85 0.88 0.86 0.87
Fs 0.72 0.73 0.71 0.80 0.74

Table5: Trackingresultsfor meeting1andmeeting2for theMCMC-PFwith auto-initialization.

principledmechanismto representsimple,proximity-basedinteractions(occlusion),andanef®cientsampling
strategy that overcomessomeof the problemsfacedby traditionalPFsin high-dimensionalstate-spaces.In
principle,thesensorcalibrationalgorithmwe de®nedsetsfew constraintson thesensors'location,socameras
andmicrophonescouldpotentiallybeplacedin variouscon®gurations.Wehaveshown thatour framework can
localizeandtrackmultiple peopleandtheir speakingstatuswith goodaccuracy, toleratingvisualclutter, and
outperforminga traditionalPF. Several issuesremainopenfor improvement. First, morere®nedinteraction
modelscould be proposed,makinguseof the speakingstatusvariablein the MRF prior, andintroducingan
occlusionvariablein thestate-space,whichcouldexplicitly de®neasetof switchingocclusionmodes.Second,
althoughour modelcanre�ect simultaneousspeakingactivity from multiple people,it is basedon a limiting
single-audio-sourceassumption.We are currentlydeveloping truly multi-speaker detectiontechniques[25]
and plan to integratethem in our framework in the future. Third, the auto-initializationmechanismcould
be enhancedby usingaudio-basedlocalizationand/orfacedetection,whoseintegrationin the MCMC-PF is
conceptuallydirect. Finally, the evaluationon moredynamicdata,including morecomplex casesof object
birth/death,arealsopartof futurework.
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