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Abstract

Showingattentivenessto peopleis an essentialcapability for a robot designedto interact with hu-
mans.Involvingseveral personsinto an interactionrequiresthat therobotknowswhere thepersonsare
relativelyto its currentlocation.Therefore, weproposeanapproach thatmaintainsa probabilisticbelief
aboutpeoplein the surroundingsof the robot which is updatedbasedon sensoryinformation. Using
this belieftherobotis ableto memorizepeopleevenif they are currentlyoutsideits limited �eld of view.
Furthermore, weusea techniqueto localizea speaker in theenvironment.In this way, evenpeoplewho
are currentlynot storedin thebeliefof therobotcanattract its attention.Asweshowin practicalexper-
iments,our humanoidrobotis ableto shift its attentionbetweendifferentpersons.Evenpeoplewhoare
not theprimaryconversationalpartnerare includedinto theinteraction.

1 Intr oduction

Our goal is to develop a humanoidrobot which performsmulti-modal interactionwith multiple persons
simultaneously. Thiscapabilityplaysanimportantrolewheneverarobothasto interactwith humans.One
applicationin this context is aninteractivemuseumtour-guide.Comparedto previousmuseumtour-guide
projects[1, 2], whichfocusedontheautonomyof therobotsanddid notemphasizetheinteractionpartthat
much,we want to build a robotwhich behavesandactslike a human.Over the last few years,humanoid
robotshavebecomeverypopular. Thegoalof building robotswith human-likebodiesandbehavior is that
peoplecaneasilyunderstandtheir gesturesandknow intuitively how to interactwith sucha system.

Much researchhasalreadybeenconductedin theareaof non-verbalcommunicationbetweena robot
anda human,suchasfacialexpression,eye-gaze,andgestures[3, 4, 5, 6, 7]. Only little researchhasbeen
donein theareaof developinga roboticsystemwhich really behavesasa conversationalpartnerandacts
human-likewhenmultiplepersonsareinvolved.A prerequisitefor this taskis thattherobotdetectspeople
in its surroundings,keepstrackof them,andremembersthemevenif they arecurrentlyoutsideits limited
�eld of view. In this paper, wepresentasystemwhichmakesuseof vision,soundsourcelocalization,and
speechto detect,track,andinvolve peopleinto interaction.In contrastto previousapproaches[8, 9, 10],
ourgoalis thattherobotinteractswith multiplepersonsanddoesnot focusits attentionononly onesingle
personor usea strategy to simply look to thepersonwho is currentlyspeaking.Dependingon theinputof
theaudio-visualsensors,ourrobotshiftsits attentionbetweendifferentpeople.Furthermore,wedeveloped
astrategy thatmakestherobotlook at thepersonsto establishshorteye-contactandto signalattentiveness.
We believe that eye movementsplay an importantrole during a conversation(alsocompareto Breazeal
etal. [3]). This resultsin amorehuman-likebehavior, andthepeoplefeelbetterinvolvedwhenthey notice
thattherobotshowsinterestin them.Thetwo imagesontheright of Figure1 show ourrobotAlphashifting
its attentionfrom onepersonto theotherduringaconversation.

Thispaperis organizedasfollows. Thenext sectiongivesanoverview overrelatedwork andSection3
describesour robot. In Section4, we presentour techniqueto detectand keeptrack of peopleusing
visual information. In Section5, we describeour dialoguesystemandexplain how we performspeaker
localization.In Section6, we presentour strategy onhow to determinethegazedirectionof therobotand
how to decidewhichpersongetstheattention.Finally, in Section7, weshow experimentalresults.
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Figure1: Thebodyof our robotAlpha canbeseenin the left imageandits headis shown in thecenterimage.The
two imageson theright show snapshotsof a conversationof Alpha with two people.As canbeseen,therobotshifts
its attentionfrom onepersonto theotherto involve bothinto theconversation.

2 RelatedWork

Over thelastfew years,muchresearchhasbeencarriedout in theareaof multi-modalinteraction.Langet
al. [8] presentedanapproachwhichcombinesseveralsourcesof information(laser, vision,andsounddata)
to trackpeople.They applyanattentionsystemin which only thepersonthat is currentlyspeakingis the
personof interest.While therobotis focusingon this person,it doesnot look to anotherpersonto involve
it into theconversation.Only if thespeakingpersonstopstalkingfor morethantwo seconds,therobotwill
show attentionto anotherperson.Okunoetal. [10] alsoapplyaudio-visualtrackingandfollow thestrategy
to focustheattentionon thepersonwho is speaking.They apply two differentmodes.In the �rst mode,
therobotalwaysturnsto anew speakerandin thesecondmode,therobotkeepsits attentionexclusively on
oneconversationalpartner. Thesystemdevelopedby Matsusakaetal. [9] is ableto determinetheonewho
is beingaddressedto in theconversation.Comparedto our applicationscenario(museumtour-guide),in
which therobotis assumedto bethemainspeakeror actively involvedin a conversation,in their scenario
the robot actsasan observer. It looksat thepersonwho is speakinganddecideswhento contribute to a
conversationbetweentwo people.Theattentionsystempresentedby Breazealet al. [3] only keepstrack
of objectswhicharelocatedin the�eld of view of thecameras.In contrastto this,wekeeptrackof people
over timeandmaintainaprobabilisticbeliefaboutdetectedfacesevenif they arecurrentlynotobservable.

3 The Designof our Robot

Thebody (without thehead)of our robotAlpha currentlyhasof 21 degreesof freedom(six in eachleg,
threein eacharm, and threein the trunk; seeleft imageof Figure1). Its total height is about155cm.
Theskeletonof therobotis constructedfrom carboncompositematerialsto achievea low weightof about
38kg. Thehardskeletonis coveredby softmaterialsto protecttherobotin thecaseof afall. To performthe
experimentspresentedin this paper, we focuson theheadof our robotwhich is shown in Figure1 (center
image). The headconsistsof 16 degreesof freedomwhich aredriven by servo motors. Threeof these
servosmove a stereocamerasystemandallow a combinedmovementin theverticalandan independent
movementin the horizontaldirection. Furthermore,threeservos constitutethe neckjoint andmove the
head,six servosanimatethemouthandfour theeyebrows. Usingsucha design,we cancontrol theneck
andthecamerasto performrapidsaccades,whicharequick jumps,or slow, smoothpursuitmovements(to
keepeye-contactwith auser).Furthermore,weusethestereosignalof two microphonesto performspeech
recognitionaswell assoundsourcelocalization.For thebehavior controlof ourrobot,weuseaframework
developedby Behnke andRojas[11] that supportsa hierarchyof reactive behaviors. In this framework,
behaviorsarearrangedin layersthatwork ondifferenttimescales.

4 Detectingand Tracking PeopleUsing Vision Data

Our robot maintainsa probabilisticbelief aboutpeoplein its surroundingsto dealwith multiple persons
appropriately. In this section,wedescribehow to sensepeoplein theenvironmentusingthedatadelivered
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by the two cameras.To �nd people,we �rst run a facedetectorin thecurrentpair of images.Then,we
applya mechanismto associatethedetectionsto facesalreadystoredin thebelief andupdateit according
to theseobservations.

Our facedetectionsystemis basedon theAdaBoostalgorithmandusesaboostedcascadeof Haar-like
features[12]. Eachfeatureis computedby thesumof all pixelsin rectangularregionswhich canbecom-
putedvery ef�ciently usingintegral images.The ideais to detectthe relative darknessbetweendifferent
regionslike, for example,theregionof theeyesandthecheeks.Originally, this ideawasdevelopedby Vi-
olaandJones[13] to reliablydetectfaceswithoutrequiringaskincolormodel.Thismethodworksquickly
andyieldshigh detectionrates.However, sincefalseclassi�cationsarepossible,we applya probabilistic
techniqueto dealwith theuncertaintyin thedetectionprocess.Thus,to maintainabeliefaboutfacesin the
surroundingsof therobotover time,weupdatethebelief basedonsensoryinputby applyingtherecursive
Bayesianschemeproposedby Moravec andElfes [14]. In our case,this updateschemedeterminesthe
probabilityof theexistenceof a face(a person)givena sequenceof positiveand/ornegativeobservations:

P(f j z1:t ) =
�
1 +

1 � P(f j zt )
P(f j zt )

�
P(f )

1 � P(f )
�

1 � P(f j z1:t � 1)
P(f j z1:t � 1)

� � 1

(1)

Here, f denotesthe existenceof a face, zt is the observation (face detected/notdetected)at time t,
andz1:t refersto the observation sequenceup to time t. As typically assumed,we set the prior prob-
ability (hereP(f )) to 0.5. Therefore,the secondterm in the productin Eq. (1) becomes1 andcanbe
neglected.Furthervalueswhich have to bespeci�ed aretheprobabilityP(f j z = det) thata faceexists
if it is detectedin the imageandthe probability P(f j z = : det) that a faceexists if it is not detected
(anymore).In our experiments,it turnedout thatadequatevaluesfor thoseparametersare0.9and0.2,re-
spectively. Usingtheupdaterule in Eq.(1), theprobabilityof theexistenceof a faceis increasedif positive
observationsoccurandis decreasedotherwise.

To track the positionof a faceover time, we usea linear Kalman�lter [15]. Applying sucha �lter
leadsto a smoothingof the estimatedmovementsof the faces.Eachfaceis tracked independently, and
its statevectorcontainsthepositionandthevelocities. Beforewe canupdatetheKalman�lters andthe
probabilitiesof thefacesusingobservations,wemust�rst solvethedataassociationproblem,i.e.,wemust
determinewhich observationcorrespondsto which faceof our belief andwhich observationbelongsto a
new face. Sincewe currentlydo not have a mechanismto identify people,we usea distance-basedcost
functionandapply theHungarianmethod[16] to determinethemappingfrom observationsto faces.The
Hungarianmethodis a generalmethodto determinetheoptimalassignmentof jobs to machinesusinga
given cost function in the context of job-shopschedulingproblems. In our case,the Hungarianmethod
computestheoptimalassignmentof detectedfacesin thecurrentcameraimagesto facesalreadyexisting
in thebeliefunderthegivencostfunction. If wehaveanobservationto whichnoexisting faceis assigned,
we initialize a new Kalman�lter to trackthecorrespondingface.Theupdateformulain Eq. (1) is usedto
computetheprobabilitywheneveranobservationoccurs.If theprobabilityof a facedropsbelow a certain
threshold,thecorrespondingKalman�lter is deleted.Eitherthefacewasa falsepositive detection,or the
personcorrespondingto thefacemovedaway. To reducetheprobabilityof falsepositivedetections,werun
thefacedetectorin bothimages.Thedataassociationbetweenfacesin bothimagesis alsosolvedusingthe
Hungarianmethod.In ourexperiments,wefoundout thatourmethodworksreliably in sparselypopulated
environments.However, it mayfail in crowdedsituations,alsodueto thelackof afacerecognitionsystem.
Figure2 shows threesnapshotsduring facetrackingusing independentKalman�lters andapplyingthe
Hungarianmethodto solve thedataassociationproblem.As indicatedby thedifferentlycoloredboxes,all
facesaretrackedcorrectly.

Sincethe �eld of view of our robot is constraineddueto the openingangleof the cameras,we also
haveto keeptrackof peoplewhosefacescannotcurrentlybeobserved.In thesecases,wesetthevelocities
in thestatevectorto zerosincewe do not know how peoplemove whenthey areoutsidethe �eld view.
To computethecorrespondingprobabilitiesof thepeopleoutsidethe�eld of view, we alsousetheupdate
formula in Eq. (1). In this case,we setP(f j z) in that equationto a valuecloseto 0.5. This models
the fact that theprobabilitiesof peoplewho areassumedto be in thevicinity of the robot but outsideits
�eld of view decreaseonly slowly over time. As explainedin Section6, the robot changesits gazeinto
the directionof a personto checkwhetherit canbe detectedwhenever its uncertaintyexceedsa certain
threshold.
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Figure2: Trackingthreefaceswith independentKalman�lters. To solve thedataassociationproblemwe apply the
Hungarianmethod.

5 DialogueManagementand Speaker Localization

For speechrecognition,we currentlyusea commercialsoftware[17]. This recognitionsoftwarehasthe
advantagesthat it is speaker independentandyields high recognitionrateseven in noisy environments,
which is essentialfor the environmentsin which we deploy the robot. The disadvantage,however, is
that no sentencegrammarcan be speci�ed. Instead,a whole list of keywords/sentenceswhich should
be recognizedneedsto be de�ned. For speechsynthesis,we usea freely availablesystem[18] which
generatessynthesizedspeechbasedon stringsonline. Our dialoguesystemis realizedas a �nite state
machine.Statetransitionsin this automatonoccurwhenanutteranceis correctlyrecognized,or whenno
utteranceis recognizedafteracertainperiodof time. With eachstate,adifferentlist of keywords/sentences
is associated.Thislist is sentto thespeechrecognitionsystemwheneverthestateof theautomatonchanges.

We alsoimplementeda techniquefor soundsourcelocalization.We applytheCross-Power Spectrum
PhaseAnalysis[19] to calculatethespectralcorrelationmeasureClr (t; � ) betweenthe left andthe right
microphonechannel:

Clr (t; � ) = F T � 1
bSl (t; w) bS�

r (t; w)

j bSl (t; w)jj bSr (t; w)j
: (2)

Here,bSl (t; w) andbSr (t; w) aretheshort-termpowerspectraof theleft andright channeland bS�
r (t; w) is the

complex conjugate.bSl (t; w) and bSr (t; w) arecomputedthroughFouriertransforms,appliedto windowed
segmentscenteredaroundtime t. F T � 1 denotesthe inverseFourier transform.Assumingonly a single
soundsource,theargument� which maximizesClr (t; � ) yieldsthedelay� betweentheleft andtheright
channel.Once� is determined,therelativeanglebetweenaspeakerandthemicrophonescanbecalculated
undertwo assumptions[8]: 1. Thespeakerandthemicrophonesareat thesameheight,and2. thedistance
of thespeaker to themicrophonesis largerthanthedistancebetweenthemicrophonesthemselves. In the
experiments,we show how to usethis informationto shift theattentionof therobotto a speaker.

6 Controlling the GazeDir ection and the Focusof Attention

Our robotmaintainsa belief aboutthepositionsof facesaswell asthecorrespondingprobabilities.Addi-
tionally, it computesfor eachpersonan importancevaluewhich currentlydependson thedistanceof the
personto therobot(estimatedusingthesizeof theboundingbox of its face)andon its positionrelative to
the front of the robot. Peoplewho standdirectly in front of the robothave a high importance.Thesame
appliesto peoplewhoarecloseto therobot.

The behavior systemcontrolsthe robot in sucha way that it focusesits attentionon the personwho
hasthe highestimportance.Thus,the robot follows themovementsof thecorrespondingfaceandlooks
the userin the eyes. Sincethe �eld of view of the robot is constrained,it is importantthat the cameras
move from time to time to exploretheenvironmentandto getnew informationaboutotherpeople.Thus,
we additionallyimplementeda behavior which forcestherobotto regularly changeits gazedirectionand
to look in the directionof otherdetectedfaces,not only to the mostimportantone. Our ideais that the
robotshowsinterestin multiplepersonsin its vicinity sothatthey feel involvedinto theconversation.Like
humans,our robotdoesnotstareatoneconversationalpartnerall thetime. Furthermore,therobotis in this
wayableto updateits belief aboutpeopleoutsideits current�eld of view.
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Figure3: Evolution of the probabilitiesof two people.While the robot is chattingwith person1, it recognizesthe
voice of a secondpersonand turns towardsit at time step25. As canbe seen,person2 is detectedand the robot
updatesits belief. Afterwards,it continuestalking to person1 but alsoshows interestin person2 by establishingshort
eye-contactandupdatesits belief at time steps35,45,53,and62.

If at somepoint in time anotherpersonis consideredto be moreimportantthanthe previously most
importantone,the robotshifts its attentionto theotherperson.For example,this canbethecasewhena
personstepscloserto therobot.To shift theattentionof therobottemporarilyto apersonwho is talking to
it, we useour speaker localizationsystem.In this way, therobot is alsoableto involve peopleoutsideits
�eld of view who have not beendetectedbefore.As a result,the robotshows human-like behavior since
humansusuallyfocustheir attentionto peoplestandingin front of them,to peoplewho comevery close,
or to peoplewhospeakto them.

By looking around,the robot is ableto detectfacesof peoplewho have not beenstoredin its belief
before.Furthermore,if therobotgetstoouncertainaboutwhetheror notapersonwhois outsideits current
�eld of view is still there,it looks aroundto reduceits uncertainty. The uncertaintyof a belief canbe
determinedby theentropy. Theentropy H of a discreteposteriorp(x) is computedby

H (p(x)) = �
X

x i

p(x i ) � logp(x i ): (3)

Herex i arethepossiblevaluesof adiscretebelief. In ourcase,Eq.(3) simpli�es to

H (p(f )) = � p(f ) logp(f ) � (1 � p(f )) log(1 � p(f )) : (4)

Theentropy of a posterioris maximumin caseof a uniform distribution, andis zeroin casethe robot is
absolutelycertainabouttheexistenceof aface.As soonastheentropy in its beliefaboutapersonexceedsa
certainthreshold,therobotconsidersto performanobservationactionandto look to thepredictedposition
of thecorrespondingfaceto reducetheuncertainty.

7 Experimental Results

To evaluateour approachto control thegazedirectionof the robotandto determinethepersonwho gets
thefocusof its attention,we performedseveralexperimentsin our laboratory. Usinga cameraresolution
of 320� 240pixels,thefacedetectionalgorithmdetectsfacesin adistanceof approximately30� 200cm.
To speedup thecomputationof theimageprocessing,we searchthewholeimagesfor facesonly twice in
a second.In the time between,we only considerregionsin the images.Thesizesandlocationsof these
searchwindowsaredeterminedbasedon thepredictedstatesof thecorrespondingKalman�lters.

7.1 Localizing a Speaker and SignalingAttenti veness

The�rst experimentwasdesignedto demonstratehow therobotreactsto a personoutsideits current�eld
of view who is talking to it andhow the robot establishesshorteye-contactto signalattentiveness.The
evolution of the probabilitiesof two peopleover time is depictedin Figure3. Whenthe robot detected
person1 at time step11, it startedto interactwith it. At time step25 the robot recognizedthe voice of
a secondperson,who wasoutsideits �eld of view, and turnedtowardsit. As canbe seen,the faceof
person2 is detectedand the robot updatedits belief. Sinceperson2 hada lower importancevalue (it
wasfartheraway), the robot continuedits interactionwith person1. However, to involve person2 into
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Figure4: Evolutionof thebelief aboutthreepeople.While persons1 and3 areinitially in the�eld of view, person2
is not. Therobotconcentratesits attentionon persons1 and3, but to alsoshow interestin person2 andto updateits
belief, therobotlooksto person2 at timesteps56,66,and80.
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Figure5: Evolution of the probabilitiesof two people(left image)andthe correspondingimportancevalues(right
image). In the beginning, the robot is interactingwith person1. At time step22, afteran exploring gaze,the robot
detectsperson2. However, it continuesconcentratingon person1. After looking to person2 at time step40, the
robotshiftsits attentionto person2 sincetherobotnoticedthatit hadcomevery closeandis thusconsideredasmore
important.Whentherobotlooksbackto person1 (timestep53), thepersoncannotbedetectedanymoreandtherobot
updatesits belief accordingly.

the conversationaswell the robot regularly looked to person2 andestablishedshorteye-contact.Note
that we do not evaluatethe cameraimagesduring the rapid saccadesto avoid falsepositive or negative
detections.Duringa saccade,thebelief thereforestaysconstantfor a shortperiodof time. As canbeseen
from Figure3, at time steps35, 45, 53, and62, the robot looked to person2 andalsoupdatedits belief
correctly. A similar experimentwith threepeople,in which the robot concentratedits attentionon two
personsbut alsolookedto a third personfrom time to time, is shown in Figure4.

7.2 Shifting Attention

The following experimentwas designedto show how the robot shifts its attentionfrom one personto
anotherif it considersthesecondoneto bemoreimportant.Theleft imageof Figure5 showstheevolution
of theprobabilitiesof two peopleduringthis experiment.In thebeginning,therobotwasinteractingwith
person1. At timestep22,therobotperformedanexploringgaze.As canbeseenfrom the�gure, therobot
detectedthe faceof person2. Sinceperson1 hada muchhigherimportancevalue(it wascloser;seethe
right imageof Figure5), therobotcontinuedconcentratingon person1. During thefollowing time steps,
the probability of person2 decreasedbecauseit wasnot in the �eld of view of the robot. However, the
robotkeptperson2 in its belief. At time step40, therobotdecidedto look to person2 to checkwhetherit
wasstill there.Therobotdetectedit, andsinceperson2 hadcomemuchcloser, it gota higherimportance
thanperson1. Thus,therobotshiftedits attentionto person2. At thesametime,theprobabilityof person1
decreasedsinceit wasnot in the�eld of view anymore.At timestep53,therobotlookedinto thedirection
of person1, however, thepersonhadgoneandtherobotupdatedits belief accordingly.

8 Conclusions

In this paper, we presentedan approachto enablea humanoidrobot to conversewith multiple persons.
We usea probabilistictechniqueto updatea belief aboutpeoplein the surroundingsof our robot based
on vision data. The robot is ableto maintainestimationsaboutthe positionsof peopleeven if they are
temporarilyoutsideits �eld of view. To enablethe robot to shift its attentionto peoplewho aretalking
to it, we usea systemto localizethedirectionof speakers. Using vision andsoundinformation,we can
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applyan intelligentstrategy to changethe focusof attention,andin this way canattractmultiple persons
andinvolvetheminto a conversation.

As a result,we obtaina human-like interactionbehavior thatshows attentivenessto multiple persons.
This is valuablefor several real world scenariosin which the robot needsto interactwith humans. In
practicalexperiments,we demonstratedour techniqueto reliably updatethe belief of our robot and to
controlits gazedirection.

Acknowledgment

Thisprojectis supportedby theDFG (DeutscheForschungsgemeinschaft),grantBE 2556/2-1.

References
[1] S. Thrun, M. Beetz,M. Bennewitz, W. Burgard, A. B. Cremers,F. Dellaert, D. Fox, D. Hähnel,C. Rosen-

berg, J.Schulte,andD. Schulz.Probabilisticalgorithmsandtheinteractive museumtour-guiderobotMinerva.
Int. Journalof RoboticsResearch, 19(11):972–999,2000.

[2] R.Siegwart,K.O.Arras,S.Bouabdallah,D. Burnier, G.Froidevaux,X. Greppin,B. Jensen,A. Lorotte,L. Mayor,
M. Meisser, R. Philippsen,R. Piguet,G. Ramel,G. Terrien,andN. Tomatis. Roboxat Expo.02:A large-scale
installationof personalrobots.RoboticsandAutonomousSystems, 42(3-4):203–222,2003.

[3] C. Breazeal,A. Edsinger, P. Fitzpatrick,andB. Scassellati.Active vision systemsfor sociablerobots. IEEE
TransactionsonSystems,Man,andCybernetics,Part A, 31(5):443–453,2001.

[4] L. Br�ethes,P. Menezes,F. Lerasle,andJ. Hayet. Facetrackingandhandgesturerecognitionfor human-robot
interaction.In Proc.of theIEEEInt. Conf. on Robotics& Automation(ICRA), 2004.

[5] S. Li, M. Kleinehagenbrock,J. Fritsch, B. Wrede,and G. Sagerer. ”BIRON, let me show you something”:
Evaluatingthe interactionwith a robot companion. In Proc. of the IEEE Int. Conf. on Systems,Man, and
Cybernetics(SMC), 2004.
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