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ABSTRACT

We presenta probabilisticmethodfor audio-visual(AV) speaker
tracking, usingan uncalibratedwide-anglecameraanda micro-
phonearray. The algorithm fuses2-D object shapeand audio
information via importanceparticle filters (I-PFs), allowing for
the asymmetricalintegrationof AV informationin a way that ef-
ficiently exploits the complementaryfeaturesof eachmodality.
Audio localizationinformationis usedto generatean importance
sampling(IS) function,whichguidestherandomsearchprocessof
aparticlefilter towardsregionsof theconfigurationspacelikely to
containthetrueconfiguration(a speaker). Themeasurementpro-
cessintegratescontour-basedand audio observations,which re-
sultsin reliableheadtrackingin realisticscenarios.We show that
imperfectsinglemodalitiescanbecombinedinto analgorithmthat
automaticallyinitializes and tracksa speaker, switchesbetween
multiple speakers,toleratesvisualclutter, andrecoversfrom total
AV objectocclusion,in thecontext of amultimodalmeetingroom.

1. INTRODUCTION

Speakertrackingconstitutesarelevanttaskfor applicationsthatin-
cluderemoteconferencing,HCI, andvideoindexing andretrieval.
Theuseof audioandvideoasseparatecuesfor trackingareclas-
sic problemsin signalprocessingandcomputervision. However,
soundandvisual informationare jointly generatedwhenpeople
speak,andprovide complementaryadvantagesfor speaker track-
ing if theirdependenciesarejointly modeled[9]. Ononehand,ini-
tializationandrecovery from failures- bottlenecksin visualtrack-
ing - canbe robustly addressedwith audio. In contrast,precise
objectlocalizationis bettersuitedto visualprocessing.

Probabilisticgenerative modelsaresuitablefor processingof
multimodalinformation.For speaker tracking,severalapproaches
havebeenproposed,includingBayesiannetworks[8], [1], andse-
quentialMonte Carlo (SMC) [9], [10]. In particular, SMC a.k.a.
particlefilters (PFs)representa principledmethodologyfor data
fusion[4]. For astate-spacemodel,abasicPFrecursively approx-
imatesthefiltering distribution of statesgivenobservationsusing
a dynamicalmodelandrandomsamplingby (i) predictingcandi-
dateconfigurations,and(ii) measuringtheir likelihood. Tracking
is thusposedasrandomsearchin aconfigurationspace.

This work was carriedout in the framework of the SwissNational
Centerof Competencein Research(NCCR)on InteractiveMultimodal In-
formationManagement(IM)2, andthe EuropeanprojectM4 throughthe
SwissFederalOffice for EducationandScience.

Samplingfrom dynamics(prediction)andmeasuring(updat-
ing) areSMC stagesin which datafusioncanbeintroduced.Cur-
rent formulationsfor AV speaker tracking fuse audio and video
only at the measurementlevel [9], [10], thusleadingto symmet-
rical modelsin which eachmodality accountsfor the samerele-
vance,solelydependingonthedynamicalmodeltogeneratecandi-
dateconfigurations.Additionally, AV sensors(camerasandmicro-
phones)tendto beindependentlycalibratedfor statemodelingand
measuringin 2-D or 3-D. Suchformulationstendto overlooktwo
importantfeaturesof AV data.First,audiois astrongcueto model
discontinuitiesthatclearlyviolateusualassumptionsin dynamics
(includingspeaker turns),speakerocclusion,and(re)initialization.
Its usefor samplingwouldthereforebringbenefitsto modelingre-
alistic situations.Second,eventhoughaudiomight beinaccurate,
andvisual calibrationcanbe erroneousdueto cameradistortion,
their joint occurrencetendsto beconsistent,andcanbelearnedin
a robustway from trainingdata.

This paperpresentsa methodfor AV speaker trackingusing
PFs,andintroducesnoveltieson datafusion andAV calibration.
Given a 2-D configurationspace,audioinformationis usedboth
for samplingandmeasuring.For sampling,3-D audiolocalization
computedat eachframe is introducedin the PF formulationvia
importancesampling[5], [6], by defininganaudioIS functionthat
emphasizesthe most informative regionsof the space.For mea-
suring,audioandvideoarejointly usedto computethelikelihood
of candidateconfigurations.We usea shape-basedobject repre-
sentation,but our approachis applicableto othervisualcues.We
alsopresenta simpleyet robustAV calibrationprocedurethates-
timatesa direct 3-D-to-2-D mappingfrom the audio localization
estimateontotheimageplane.Theprocedureusestrainingvideos
of peoplein anindoorsetup,not requiringprecisegeometriccali-
brationof cameraandmicrophones.Theresultis analgorithmthat
caninitialize andtrackamoving speaker, switchbetweenmultiple
speakers,toleratevisualclutter, andrecoverfrom AV objectocclu-
sionin ameetingroomviewedby awide-anglecamera.OtherAV
speaker trackingmethodswouldfind limitationsin thesesettings.

Thepaperis organizedasfollows. Section2 presentsour al-
gorithm. Section3 describesthe experimentalsetup. Section4
presentsresults.Section5 providessomefinal remarks.

2. OUR APPROACH: I-PF FOR AV TRACKING

Given a discriminative objectrepresentationanda Markov state-
spacemodel,with hiddenstates

�������
thatrepresentobjectconfig-

urations,andobservations
���	���

extractedfrom an AV sequence,
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where
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. The integral in Eq. 1 representsthe
predictionstep,in whichthedynamicalmodel
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andthe
previous distribution 
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areusedto computea pre-
dictiondistribution,whichis thenusedasprior for theupdatestep,
andmultiplied by the likelihood 
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to generatethecurrent
filtering distribution. A PFapproximatesEq. 1 for non-linear, non-
Gaussianproblemsasfollows. Thefiltering distribution is approx-
imatedby a setof weightedsamplesor particles
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denotethe i-th sampleandits im-
portanceweightatthecurrenttime. Thepoint-massapproximation
is given by <
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The predic-
tion steppropagateseachparticleaccordingto thedynamics,and
the updatingstepreweightsthem using their likelihood,
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A resamplingstepusingthenew weightsis nec-
essaryto avoid degradationof theparticleset[4].

Thedesignof a PFfor AV trackinginvolvesthedefinitionof
the objectrepresentation,the state-space,the dynamicalprocess,
thesamplingstrategy, theAV calibrationprocedure,andtheprob-
ability modelsfor soundandvisual observations. Eachof these
issuesarediscussedin thefollowing subsections.

2.1. Object modeling,statespaceand dynamics

Objectrepresentationsandstate-spacesdefinedeitheron the im-
ageplaneor in 3-D spacearesensiblechoices. However, while
3-D allows for more elaborateobject modeling, it also requires
precisecameracalibrationandcomputationof non-trivial features
[10]. We follow an image-basedapproachin which objectcon-
toursaremodeledaselementsof a shape-space,allowing for the
descriptionof a shapetemplateanda setof valid geometrictrans-
formations[2]. In our case,thebasicshapeis a parameterizedel-
lipse,suitablefor trackingheads,andwe have chosena subspace
of transformationscomprisingtranslationFHG ' F)I and scaling J .
Furthermore,a second-orderauto-regressive dynamicalmodel is
definedon theseparameters.With anaugmentedstatedefinedby�	�K( �&L ��' L �"�#�$��M

, and L �K( �&FNG� ' F I� ' J ��� , thedynamicalmodel
is definedby

�	��(POH�	�"�#��QSRUTS�
, where

OV' R
aretheparameters

of themodel,and
T

is awhitenoiseprocess.

2.2. Importance particle filters

Basic PFsrely only on the dynamicalmodel to generatecandi-
dateconfigurations,which asdiscussedearlierhaslimitationsdue
to imperfectmotion models,object occlusion,and the needfor
(re)initialization(e.g. dueto a speaker turn). Additional knowl-
edgeabout the true configurationscan be extractedfrom other
modalities,andmodeledvia importancesampling[5], [6], by us-
ing an IS function

6$� � �	���
that emphasizesthe most informative

regionsof thespace.Thetechniquefirst draws samplesfrom
6$� ��W �

ratherthanfrom the filtering distribution, concentratingparticles
in betterproposalregions. It thenintroducesa correctionmecha-
nismin orderto keeptheparticlesetasa faithful representationof

theoriginaldistribution,definedby animportanceratio,
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and appliedto the particle weights,
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Reinitializationis introducedvia a two-componentmixture,Z
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where
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denotesareinitializationprior, and
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is
theprior on themixture. A variationcanbefurther introduced,in
which samplesaredrawn from theoriginal dynamicalmodel,the
dynamics(with IS), andthereinitializationprior [6].

Weextendtheprevioususeof I-PFsto multimodalfusion.Au-
dio tendsto be imprecisefor localization,due to discontinuities
during periodsof silence,aswell aseffectsof reverberationand
othernoise.Audio doeshavesomeimportantadvantageshowever,
suchastheability to provide instantaneouslocalizationat reason-
ablecomputationalexpense,whichis well-suitedfor initialization.
In thispaper, audiolocalizationinformationis usedfor theIS func-
tion, thereinitializationprior, andthemeasurementprocess.

2.3. AV calibration

CurrentAV calibrationworksassumesimplifiedconfigurations[9],
[1], or resortto rigorouscameracalibrationprocedures[10]. How-
ever, cameracalibrationmodelsbecomemorecomplex for wide-
anglelenses(ausualrequirementin videoconferencing/meeting).

Despitethe factsthataudioinformationis usuallynoisy, and
that visual calibrationcanbe erroneousdueto geometricdistor-
tion, their joint occurrencetendsto bemoreconsistent.We have
thereforeoptedfor a roughAV calibrationprocedure,which esti-
matesamappingfrom audioconfigurationsin 3-D ontotheimage
planefrom trainingsequences,without requiringprecisegeomet-
ric calibrationof audioandvideo. For this purpose,we collected
sequenceswith peoplespeakingwhile performingtypical activi-
ties in the room (walking, sitting andstanding,moving on their
seats).Theaudiolocalizationproceduredescribedin Section2.5
wasusedto compute3-D points a �

for eachframe,anda hand-
initialized visual tracker wasusedto computethe corresponding
pointsin the imageplane.Thecorrespondenceswereusedto de-
fine a mappingbetweendiscretesets bdc�egfghieCj , suchthatbk�&a ���0( �&FNG ' F)I � . For new, unseendata,themappingis directly
implementedby nearestneighborsearch.

2.4. Visual observationsmodel

Theobservationmodelassumesthatshapesareembeddedin clut-
ter [2]. Edge-basedmeasurementsarecomputedalong l normal
lines to a hypothesizedcontour, resultingin a vectorof candidate
positionsfor eachline,

�]m� (n��opmq �
relative to thepoint lying on

thecontour
orms . With someusualassumptions,theobservationlike-

lihood for l normallinescanbeexpressedas
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where <opmq is thenearestedgedetectedon the �
���

line, and }
is aconstantintroducedwhennoedgesaredetected.



2.5. Audio observation model

In general,audio localizationmethodsrely on estimationof the
delaybetweenthe time of arrival of a signalon a pair of micro-
phones.We definethevectorof theoreticaltime delaysassociated

with a3-D locationa as�
��� �H� � (��$� q � � �>�( �

�
, where

� q � �
is thedelay(in samples)betweenthemicrophonesin pair � ,
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�
 a D_� q� 
�
^D�
�
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where
� q�

and
� q

j arethe locationsof themicrophonesin pair� , and
���

is thesamplingfrequency. In practice,eachtime delay
estimate <� q�

is calculatedfrom the generalizedcross-correlation
(GCC) [7]. A phasetransform(PHAT) is appliedto improve the
robustnessto reverberation,andtheGCCis interpolatedto achieve

sub-sampleprecision(detailsin [3]). Then,givenanvector �� ���(� <� q� �
of observedtimedelayestimates,thedistributionof theob-

servationgivenaspeakeratlocationa canbemodeledas
��`�� ��
 �
� ��(� �&�

� '+� � �
, where

� �
is thecovariancematrix,chosento bein-

dependentof location. The locationestimatecanthenbedefined
accordingto the maximum likelihood (ML) criterion as <a ��(
{$����y_{$| � 
����� ��
 �

� �
. The localizationestimatefor eachframe

is found by a dynamicsearchover 
����� ��
 �
� �

througha uniform
grid of room locations.To eliminatelow confidencevalues,esti-
mateswhoselikelihoodfalls below thatof a uniform distribution
arelabeledassilence,meaningtheaudioobservationscontaindis-
continuities. To synchronizeframe rates,multiple audio frames
aremergedby selectingonly theML locationacrossframes.

2.6. Defining the importance sampling function

Assumingindependence,we define
6$� �&L ����(*6$� �&FHG� ' F I� ' J ����(� �;� ��'+�A���

. Themean� �K( �&� M��� ' � M��� ' �
�� �

consistsof thepro-
jected3-D audio estimateonto the imageplane bk� <a ���

and the
unit scale.Thecovariancematrix

�A�
is diagonal,with translation

componentsproportionalto themeanheadsizein thetrainingset,
andwith scalingcomponentequalto thevariancein scaleof head
sizes.In caseof silence,no IS functionexists,so thefilter draws
samplesonly from thedynamicalmodel.Theimportancefunction
is alsousedfor theaudio-basedobservationlikelihood,
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in casethereis audio,andit is afixedconstantotherwise.

2.7. AV fusion for measurement

Observationsarecombinedin astandardapproach,
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3. EXPERIMENT AL SETUP

Audiovisual recordingswere madein a meetingroom with one
wide-anglecameraon a wall and an 8-microphonearray on the
table (Fig. 1). Video was capturedat 25 fps, while audio was
recordedat 16kHz, with featuresestimatedat 62.5 fps. Images
wereprocessedin CIF format,soa humanheadis about20 ¢ 35
pixels(1 pixel £ 8mm).Parametersfor thevisualtracker (dynam-
ics andobservations)havebeenkeptfixedfor all experiments.
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Fig. 1. Meetingroom.
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Fig. 2. Audio localizationof astill speakerat known locations.

4. RESULTS

4.1. Audio localization evaluation

We projectedtheaudioestimatesof severalknown locationsonto
the vertical plane,aswell ason the azimuth/elevation space(see
Figure 2). A strongbias is apparent,especiallyon the vertical
axis,andjustifiestheneedfor learningthemappingbetweenaudio
estimatesandpositionon theimageplane.

4.2. AV tracking

Ourresearchresults(includingadiscussionontheperformanceof
singlemodalities,andtheeffectsof clutterandocclusion)should
befully appreciatedby lookingdirectlyattheAV sequences,avail-
ableon a websitethat accompaniesthis paper1. Due to lack of
space,weonly presentbasicresultshere.

Resultsof single-persontrackingusing500particlesareshown
in Fig. 3 (top). The objective evaluationis presentedin Fig. 4
(top), basedon a manuallygeneratedground-truth.Thetracker is
automaticallyinstantiatedwhenthepersonentersthescene(video
frame18) andstartstalking, and remainson track whenspeech
ceases.Audio dataarenon-continuous(104audiosamplesin 228
frames).Mean(resp. median)errorsin pixelsover theentirese-
quencefor audio,hand-initializedvideo,andAV are18.9(11.5),
2.3 (2.0),and2.8 (2.3), respectively. Theaudiolocalizationerror
is the combinedeffect of 3-D localizationandthe mappingonto
theimage.Thelargesterrorsaredueto thedetectionof footsteps
as the soundsource,but the tracker copeswith theseshort-term
distractions.Themedianerror for eachmodalityandfor varying
numberof particles,computedover 20 runsof thePF, areshown
in Fig. 4 (center).

An exampleof speaker initialization/trackingin presenceof
visualclutter is shown in Fig. 3 (center).A secondpersonrepeat-
edlypassesbehindthespeakerwithoutdistractingthetracker.

1Availableat ¦�¦z¦^§2¨!©�¨-ª!«^§2¬�­!®]¯ °�ª+±�¨�¬+ª�®�ª+²´³µ±z¶�ª�¬�·`¨�¸�°^§ ­�±-¹�º�§



An exampleof speakertrackingwith AV occlusionis shown in
Fig. 3 (bottom). Thesequenceis challengingdueto physicalob-
staclesbetweenthe speaker andthe microphones.A visual-only
trackercannotrecover from aslow occlusion.However, AV track-
ing improvesperformance.In thefirst frames,thespeaker cannot
beinitialized dueto full audioocclusion.However, whena direct
pathbetweenthesoundsourceandthemicrophonearrayappears,
the tracker locks onto the speaker. Furthermore,the AV tracker
recovers from AV occlusionin repeatedcasesthanksto the au-
dio modalityasIS function,while usingvideoto provide finer lo-
calization.To our knowledge,previousworkshave not discussed
performancein casesof AV occlusion[9], [1].

Fig. 5 illustratesmultiple speaker trackingin a meetingsce-
nario(theoriginalimageshavebeencropped).Threepeopleseated
at thetablespeakin turn (center, right, left), startingat frames38,
213 and539, respectively. Evaluationon the first 700 framesis
shown in Fig. 4 (bottom).Thetrackerrequiressomeframesto lock
to thecorrectspeaker (mainly dueto lack of audiosamplesfrom
which to build an IS function) but eventuallysucceeds.For the
centerandleft speakers,theaudioerroraftermappingto the im-
ageis substantiallylargerthanfor theright speaker. However, this
roughinitialization is goodenoughfor headtracking. The main
sourceof error for AV tracking is the fitting of the contourtem-
plateontotheneck/shirtcontourratherthanontothechinbut error
remainsapprox.below 10pixels.A momentarysoundoverlapdue
to whisperingby asecondspeaker (ataroundframe390)confuses
theAV tracker, but it rapidly relocksontothemainspeaker.

Fig. 3. Top: Walking. Center:Visual Clutter. Bottom: AV occlusion.

5. CONCLUSIONS

We have shown that AV fusion via I-PFsmakesgooduseof the
complementaryadvantagesof individual modalitiesfor speaker
tracking. In additionto its principledformulation,our framework
hasshown to berobustto severalrealisticsituations.Currentwork
concentratesin two problems:theintegrationof color distribution
object modelsin our framework, and an extensionto deal with
multiplesimultaneousspeakers.
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Fig. 5. Chat: switchingbetweenmultiplespeakers.
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