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ABSTRACT

Our long-termobjectiveis to createSmartRoomTechnologiesthat
are aware of the userspresenceand their behavior and can be-
comeanactive,but not anintrusive,partof the interaction.In this
work, we presenta multimodalapproachfor estimatingandtrack-
ing the locationand identity of the participantsincluding the ac-
tivespeaker. Oursmartroomdesigncontainsthreeuser-monitoring
systems:four CCD cameras,anomnidirectionalcameraanda 16
channelmicrophonearray. Thevarioussensorymodalitiesarepro-
cessedboth individually andjointly andit is shown that the mul-
timodalapproachresultsin signi�cantly improvedperformancein
spatiallocalization,identi�cation andspeechactivity detectionof
theparticipants.

1. INTRODUCTION

New developmentsin communicationstechnologieshave brought
to light a numberof exciting and challengingapplicationsthat
promiseto changethe way peoplecommunicateandinteract. An
applicationthathasrecentlygainedsigni�cant attentionin the lit-
eratureis thedevelopmentof multimodal,unobtrusiveSmart Room
Technologies (SRT): monitorandinfer importantcluesaboutusers
in speci�c environmentssuchas their spatialposition, identities
andbehavior. This is a challengingmultidisciplinaryapplication
that involvesresearchin diversetopics including object tracking,
speaker activity detection,speaker identi�cation, human action
recognitionanduserbehavior modeling.

Oneof thewell-studiedareasin SRT is thedetection and track-
ing of user locations. Two importantsourcesof informationarethe
visualandtheacousticmodality. Within a multimodalframework,
thesetwo sourceshave beenusedto track a singleactive speaker
using methodssuchas Sequential Monte Carlo [1] [2], Kalman
filtering [3] and Dynamic Bayesian Networks (DBN) [4], taking
advantageof thecomplementaryinformationrepresentedby these
two modalities.

Recently, [5] and[6] extendedtheseapproachesto trackmultiple
speakersusingparticle�ltering, while at thesametime achieving
active speaker detection, whichisanotherimportantaspectof smart
roomtechnologies.In [7], visualclueswereusedto trackusersand
a microphonearrayto selectthe active speaker by computingthe
distancebetweenthevisualandacousticresults.

Anotherimportantaspectof SRT is speaker identification (SID),
in which the identity of the user is detected. Thereare several
additionalpossiblebiometricsystemsfor smartroomapplications
(e.g., retina,�ngerprint), althoughmostof themareimpracticaldue
to their invasive nature.Onefeasibleoption is to classifytheuser
accordingto acousticspeechfeatures[8] or throughfacerecogni-
tion.

In thispaper, weproposearealtimemultimodalapproachto de-
terminethespatialpositionof theuser, detectspeakeractivity, and
additionallydeterminethespeaker's identity aimedat applications
suchasremotevideo-conferencingandaudio-videoindexing and
retrieval for taskssuchasmeetings.

Our conferenceroom containsthreeusermonitoring systems:
four synchronizedcameraslocatedin the cornersof the room, a
full-circle 360degreecameralocatedat thecenterof thetable,and
an array of sixteenmicrophoneslocatedat the end of the table.
Thelocationof eachuseris computedbasedon(i) the3D polygon
surfacemodelfrom 4 synchronizedcamerasand(ii) a facedetec-
tion techniqueusinga full-circle 360degreecamera.Subsequently
a dynamicmodel,underthe Gaussiandistribution assumption,is
usedwith amoving window to combinetheabove informationand
localize the participants. The Speaker ID, operatingon far-�eld
soundobtainedfrom the microphonearray, algorithmemploys a
standardGaussianMixture modelbasedon MFCCs. Finally, the
activespeaker's identity and location is estimatedby fusingall the
informationchannels.

The long-term objective of this project is to createa system
which is cognizantof theusersandcanbecomeanactivebut non-
intrusive memberof the ir interaction. The speci�c goal of this
paperis to presentasmartroomdesignsuitablefor realtimemulti-
speaker remotevideo-conferencing,with augmentedinformation
channelscontainingspeaker IDs andrelative locationof thepartic-
ipantsandtheactive speaker. Moreover, theextractedinformation
canbeusedin a numberof otherapplicationssuchasvideoindex-
ing andretrieval, humanpostureinference[9], modelingof human
behavior, andasthedevice technologiesfurthermature,for appli-
cationssuchasaudio-visualspeechandemotionrecognition[10].

2. THE SMART ROOM

The presentinitial designprimarily comprisesmicrophonesand
camerasfor activity sensing. The microphonearray consistsof
16 omnidirectionalmicrophonesthatprocesssoundat 48kHzsam-
pling frequency. Fourteenmicrophonesaredistributedon a square
frameof 50×50cmandtwo microphonesareraisedin themiddle
of the frameto allow for vertical planelocalization. The room is
acousticallytreatedonthreewallsandhasafull-wall glasswindow
on theotherside,andhasceiling panelsandcarpetingon the�oor .

The3D camerasystemconsistsof 4 �re wire CCDcamerasnear
thecornersontheceilingthatoverlookthemeetingareaaroundthe
main tableandcapturethe imagesequencesof the meetingfrom
multiple angles. Eachcameraprovides1024× 768 imagesat 15
framesper second,but we scalethemto 320× 240 for real time
processing.Theroomis lightedwith halogenlights.

At thecenterof themeetingtable,a full-circle omnidirectional
(360◦) cameracapturesthefacesof all participants.Thesizeof the
original omnidirectionalimageis 1280×960.

The next subsectiondescribesthe algorithmsusedto process
eachof theseraw informationsources.

2.1. Micr ophonearray
Onemodalityof localizationis thesoundsourcelocalizationusing
a microphonearray. The principle of soundsourcelocalizationis
basedontheTime Difference of Arrival (TDOA) of thesoundto the
varioussensorsandthegeometricinferenceof thesourcelocation



Fig. 1. Four �re wire CCDcameras

from thisTDOA. In thismicrophonearrayimplementationwe �rst
estimatethepair-wisedelays[11] andthenemploy a least-squares
estimationprocedurefor thesourcelocalization[12].

Georgiou et al[11] have demonstratedthe impulsive natureof
audiosignalsandintroduceda time delayestimationapproachto
mitigateits effects. The algorithmcalledFractional Lower Order
Statistics-Phase Transform Method (FLOS-PHAT) is basedon a
signed-nonlinearityontheinputsignalthatreducesthedetrimental
effectsof outliers.

As is commonpractice,this implementationof theFLOS-PHAT
algorithmemploysmemoryin orderto approximatetheexpectation
in thelower orderstatistics,andadditionallythememoryvariesas
a functionof time to mitigatetemporalpropagationof errors.

Subsequently, basedon theTDOA estimates,a computationally
simple algorithm presentedby Huanget al[12], called One Step
Least Squares (OSLS),can be usedto spatially locatethe souce
usingthesepairsof delays.

The resultinglocalizationalgorithmis quite robust, but asex-
pected,not very accuratein rangedueto thesmallapertureof the
array. Weexpect,however, thatthisshortcomingwill becountered
by the visual modalities,which have higheraccuracy in the hori-
zontalplane.

2.2. Speaker ID

Speaker identi�cation was implementedby analyzingthe short-
time spectrum (through mel frequency cepstral coee�cients,
MFCCs)of thespokenphrases.In speaker recognition,theGaus-
sian Mixture Model (GMM), aweightedsumof Gaussiandistribu-
tions, hasbeenfound to be goodto capturethe speaker informa-
tion in MFCCs,andhencea GMM with 16 mixtureswasusedas
a speaker model. Model training wasaccomplishedby the stan-
dardExpectation-Maximization (EM) algorithm. All frameswere
initially dividedinto 16 clusters.An initial modelwasobtainedby
parameterestimation(for meanand covariancematrices),which
wereestimatedfrom thevectorsin eachcluster. Theprior weights
of GMM can be simply set by the proportionof featurevectors
in eachcluster. Next, the featurevectorsare clusteredby the
Maximum Likelihood (ML) methodusingthepreviouslyestimated
model.Thisprocessis iteratively executeduntil themodelparame-
tersconverged.Additionally, wehavecreatedasilence/background
noisemodel.

Thespeechsignalwasobtainedthroughbeamformingfrom the
microphonearray(seeFig. 4). Theresultof thespeaker identi�ca-
tion wasin termsof pairs,(Si,Pi), wherePi refersto theprobability
of speechactivity of speaker Si givenfor all speakersi. This infor-
mationis evaluatedandtransmittedto thefusionalgorithmevery1
second.

We shouldnotethat theacousticsignalprocessedis a reverber-
ant, far-�eld signalcorruptedby noise,andso theperformanceof
thismethodis expectedto belowercomparedto acasewhenclean
signalfrom aclose-talkingmicrophoneis to beused.

Fig. 2. Omnidirectionalimagefrom 360◦cameraandits panoramic
transform

2.3. Videodetection

Thegoalof visualtrackingis to detectandtrackthe3D locationsof
theparticipantsin themeetingroomusingvideostreamsacquired
by multiplesynchronizedcameras.

WeuseaGaussianbackground-learningmodelto segmentmov-
ing regionsin the scene.When large variationsfrom the learned
Gaussianmodelsaredetectedthe foregroundpixelsareextracted.
Thesepixel changesarethenmergedinto regions. However, this
methodwill segmentactualpeopleaswell astheirshadowsandre-
�ections. In our indoorsetting,theshadow regionscastby diffused
light do not have strongboundaries.We eliminatetheshadows by
combiningthe foregroundpixels detectionand the edgefeatures
detection[9] for segmentinginto moving regionsandcorrespond-
ing castshadows. The resultingregionsarethe silhouettesof the
moving objectsin theroom.

Thedetectedsilhouettesacrosstheviewsareintegratedfor infer-
ring the3D visualhulls of peoplein theroom[13]. Thesilhouette
contouris convertedto a polygonapproximationanda visualhull
with polyhedralrepresentationis thencomputeddirectlyfromthese
polygons[14]. This polygonal3D approximationof theshapesis
fastandis donein real-time.In detectingthelocationsof thepeople
in themeetingroom,weonly needanestimationof generallocation
of blobsof shapesinsteadof aprecisereconstruction.Furthermore,
we want thedetectionto cover anareaaslargeaspossiblegivena
limited numberof cameras.For this purposewe usea variationof
thevisualhull methodproposedby [15]: thepolyhedralvisualhull
is requiredto betheintegrationof only asubset(at least3 outof 4)
of thesilhouettesinsteadof all of them. The resultingvisual hull
shapeis lessaccurate,but the3D shapeof all peoplein the room
canbeapproximated.

The computedvisual hull is in a polygonalrepresentation.We
randomlysamplepoints on the polygon surfaceand constructa
height mapof thosepoints. This mapassumesthe XY planein
theCartesianspaceis themeetingroom�oor andtheZ coordinate
representstheheight. The local maximumsof theheightarethen
detectedandconsideredasheadsof the meetingparticipants. In
this processsomethresholdsareappliedto eliminatesmallregions
suchasmoving chairs.

2.4. Full-cir cle360-degreecamera
We have addedan omnidirectional(360◦) cameraon the meeting
tableto capturefacesof all participantsin orderto get thumbnail
representationof ”who's talking”. The imageof the omnidirec-
tional (360◦) camerais theresultof theprojectionof thesurround-
ing sceneinto a hemisphere.We canunroll the capturedoriginal
imageandprojectit backontoacylinderasin Fig. 2.



Fig. 3. Detectionof participants'faceswith the360◦camera
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Fig. 4. Thesystemis distributedrunningover TCP, with informa-
tion exchangeasdepictedabove.

To detect the foreground region, we use adaptive Gaussian
background-learningmodel. All pixels in a new framearecom-
paredto the currentcolor distribution in order to detectmoving
blobs prior to capturingthe faces. Morphologicaloperatorsare
usedto groupdetectedpixelsinto foregroundregions,andsmallre-
gionsareeliminated.Pixel color distributionsareupdatedin these
regionsfor adaptingthe backgroundmodelto slow variations. In
thesemoving regions, we perform facedetection. The facede-
tectoris basedon Haar-like featuresandis implementedusingIn-
tel'sopensourcecomputervisionlibrary [16]. To accuratelydetect
facesunderlow light level conditions,the color histogramof de-
tectedregionsis normalizedbeforehand.Detectedregionsarethen
trackedusinga graph-basedtrackingapproach[17]. Theseregions
correspondto theupperbody of the meetingparticipants.Spatial
and temporalinformation of tracking regions are combinedas a
graphicalstructurewherenodesrepresentthedetectedmoving re-
gionsandedgesrepresenttherelationshipbetweentwo moving re-
gionsdetectedin two separateframes.Eachnewly processedframe
generatesasetof regionscorrespondingto thedetectedmoving ob-
jects.Thesizeof originalomnidirectionalimageis 1280×960and
thepanoramicimageresolutionis 848×180. Theaveragesizeof
detectedfacesis approximately30× 30. The facesare detected
andtrackedat approximately13 FPSin a 2.8 GHz Pentium4PC.
In Fig. 3 we show anexampleof detectionandtrackingof thepar-
ticipants' facesduringa meeting.

2.5. Synchronization

Each modality was initially processedindependentlyand asyn-
chronously. Therefore,the estimated3D coordinatesfrom the
polygonal representation(Xv) and from the microphonesarray
(XMA), the anglesof the facesdetected(Xθ ), and the speaker in-
formationfrom the acousticanalysis(Si,Pi) aresentto the fusion
algorithmfor integration. Although the resultsarereceived in an
asynchronousmanner, they aretransformedandprocessedin asyn-
chronousfashion.

3. MULTIMOD AL INTEGRATION

Thevariousmodalitiesaresubsequentlyreceivedandprocessedby
a fusionalgorithmfor thepurposeof �nding andtrackingthepar-
ticipants' spatiallocationsandidentifying whereandwho thecur-
rent active speaker is. Fig. 4 shows the information�o w between
the variousmodules,andwhat informationis usedfor eachdeci-
sion.

Fig. 5. MicrophoneArray Distribution

3.1. Participant localization
It is well known thatvisual trackingalgorithmshave betterspatial
resolutionthanacousticlocalizationtechniques[7, 6]. Hence,our
algorithmfor localizationof all theparticipants'locationemploys
a dynamicvisualapproachthatusesonly informationobtainedby
camerasX = (Xv,Xθ ). Basedon the distribution of the samples
X , we model the positionof eachspeaker asa multidimensional
Gaussiandistribution.

A singledistribution with covarianceK of a signi�cant spread
andmeanM is initialized at the centerof the room. As dataare
obtained,thevarianceandmeanconvergeto thedetectedobject's
location. Wheninformationis receivedfor a locationscoringbe-
low a certainthresholdof belongingto theexisting distribution,a
new multidimensionalGaussianis initialized at (M,K). The pro-
cesscontinuessequentiallyuntil all thespeakersaredetected,with
new datapointseitherspawning new participantmodelsor adapt-
ing the existing ones. In addition, temporal�ltering ensuresthat
falseparticipantdetectionsareidenti�ed andremoved.Thisproce-
dureallows us to determinatenot only thespatialpositionsof the
participants(XP), but alsothenumberof participantsin the room
(NP).

3.2. Participant Identi�cation
The spatial location of the currentspeaker (XMA+P) as obtained
from themicrophonearray(XMA) andparticipants'locationinfor-
mation(XP), aswell asthe speaker ID from the GMM algorithm
(Si,Pi) areusedto determinetheidentitiesof theparticipants.The
goal is to detectwho the participantsareandalso correlatetheir
identity with their location in space(derive the “seatingarrange-
ment”).

Fig. 5 shows a samplescatterplot of theraw microphonearray
localizationXMA, andascanbeobserved,therangeinformationis
highly noisy. For simplicity, we modelP(Ci|XMA), theprobability
thattheacousticsourcecomesfrom clusteri givenXMA, asamulti-
dimensionalGaussiandistributioncenteredat thelocationsXP and
with a largevariancein rangeandsmallervariancein theothertwo
dimensions.

Using (S,P), the probabilisticidentity of the participantalong
with P(C|XMA), the probabilisticlocation of the currentspeaker,
over time and with physicalconstraints1 we estimatethe partici-
pantsseatingarrangement(L).

3.3. Speaker Identi�cation and Localization
We computeactivity speaker detectionby employing all modali-
ties: XMA+P, which is derived from the visual modality and the
microphonearray, and(S,P) obtainedfrom theacousticanalysisof
thesignal. The informationis fusedasdescribedin (1), whereri j
is thecorrelationmeasurebetweentheprobabilitiesof thecurrent
speakerbelongingin cluster j andbeingspeaker i.

1Suchthataparticipantcanonly beatonepoint in spaceata time,and
onepositioncanonly beoccupiedby oneparticipantat a time
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Fig. 6. All of theaboveresultsareobtainedin realtime,andinclude
thewholelengthof themeeting,with no time givenfor initial con-
vergence.A: Speaker ID asobtainedpurelyfrom thespeechsignal
usingaGMM; B: Localizationobtainedby thetwo visualinforma-
tion channelsandthemicrophonearray;C: Speaker Identi�cation
& Localizationbasedon all informationchannels.Assumesper-
fect knowledgeof L, the seatingarrangementof the participants;
D: As C, but the mappingof speaker-location,L, is continuously
estimatedfrom thedata;E: SpeakerLocationmapping,L.

P(Si) = Pi ·
n

å
i

ri j ·P(C j|XMA) (1)

4. RESULTS & DISCUSSION

The experimentswere performedusing two meetings(each 5
minutelong)with four participants,processedin realtime. Off-line
computationswerealsoperformedlater for comparisonpurposes.
The conversationin the meetingswas casualwith many interup-
tions,overlapsandshortutternaces,makingthisanextremelychal-
lengingtaskfor boththemicrophonearrayandtheSpeaker ID. We
usedtwo criteria: strongdecision,in which thedetectionwascon-
sideredcorrectif the speaker wasactive at least50% of the time
interval, andweakdecision,in which the detectionis considered
correctif thespeakerwasactive in any partof thetime interval.

Theparticipantslocalizationalgorithmtakesabout3 secondsper
participantto convergeduring thestartof themeeting.As canbe
observedfrom theresultsin Fig.6 (rowsC & D), thespeakeridenti-
�cation andlocalizationbasedonall themodalitiesis fairly robust,
achieving about70% performance.This is a signi�cant improve-
mentof about30%comparedto thespeaker ID basedpurelyonthe
speechsignalasshown in row A, which suffers from the far �eld
andnoisynatureof thedata.

Similarly, thereis a signi�cant improvementin theaccuracy of
localization(row B) ascontrastedto theperformancebasedpurely
on themicrophonearray. Themicrophonearrayasasinglemodal-
ity is veryunreliablewhenit comesto therangeof thespeaker (as
canbeobservedfrom Fig. 5), bothdueto thenoisyenvironmentas
well astherangeerrorsdueto theapertureof thearray. Themulti-
modallocalizationaccuracy is alsofurtherimprovedby theacous-
tic speaker ID modality, asthecorrelationbetweenactive speaker
andsoundsourcelocationis providingadditionalinformation.This
resultsin about10%improvementwhencomparingall modalities
(row C & D) versusthevisualandmicrophonearrayonly (row B).

Finally, theidenti�cation of theparticipants'spatialarrangement
(row E) is extremelyaccurate,a fact that explains the very close
resultsobservedin rows C & D.

5. CONCLUSION

In this paper, we have presentedthe �rst resultsfrom the smart
room that we aredevelopingat USC. We have demonstratedthat
complementarymodalities can increasethe generalparticipant
identi�cation andlocalization(without any prior knowledgeof the
numberof participants)including theactive speaker identi�cation
andlocalization.

Our goal of increasingthe system's awarenessof the usersin
thespacehasmany morechallengesahead.In our futurework we

proposeto investigatefurther integratedrecognitiontechnologies
includingfacerecognition,gesturerecognitionandheadposeesti-
mation.Additionally weplanto collectandsharewith theresearch
communityamultimodaldatacorpusfrom this testbed.
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