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Abstract

Attracting peopleand involving multiple personsinto
an interactionis anessentialcapabilityfor a humanoid
robot. A prerequisitefor sucha behavior is that the
robotis ableto sensepeoplein its vicinity andto know
wherethey arelocated.In thispaper, weproposeanap-
proachthat maintainsa probabilisticbelief aboutpeo-
ple in the surroundingsof the robot. Using this belief,
the robot is able to memorizepeopleeven if they are
currentlyoutsideits limited �eld of view. Furthermore,
we usea techniqueto localizea speaker in theenviron-
ment.In thisway, evenpeoplewhoarecurrentlynotthe
primary conversationalpartnersor who arenot stored
in the robot's belief canattractits attention.To enrich
human-robotinteractionand to expresshow the robot
changesits mood,we apply a techniqueto changeits
facial expressions.As we demonstratein practicalex-
periments,by integratingthepresentedtechniquesinto
its controlarchitecture,ourrobotis ableto interactwith
multiple personsin a multimodal way and to shift its
attentionbetweendifferentpeople.

Intr oduction
Ourgoalis to developa humanoidrobotthatperformsintu-
itive multimodalinteractionwith multiple personssimulta-
neously. Oneapplicationin thiscontext is aninteractivemu-
seumtour-guide.Comparedto previousmuseumtour-guide
projects(Thrunetal. 2000;Siegwartetal. 2003),which fo-
cusedon theautonomyof therobotsanddid not emphasize
theinteractionpartthatmuch,we wantto build a robotthat
behavesandactslike a human.Over thelast few years,hu-
manoidrobotshavebecomeverypopularasa researchtool.
Onegoalof building robotswith human-likebodiesandbe-
havior is thatpeoplecaneasilyunderstandtheirgesturesand
know intuitively how to interactwith sucha system.

Much researchhasalreadybeenconductedin theareaof
non-verbalcommunicationbetweena robot and a human,
suchasfacial expression,eye-gaze,andgestures(Breazeal
et al. 2001;Br�etheset al. 2004;Li et al. 2004;Stiefelha-
genet al. 2004;Tojo et al. 2000). Only little researchhas
beendonein the areaof developinga robotic systemthat
really behavesasa conversationalpartnerandactshuman-
like whenmultiplepersonsareinvolved. A prerequisitefor
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Figure1: A conversationof our robotAlpha with two peo-
ple. As canbe seen,the robot shifts its attentionfrom one
personto theotherto involvebothinto theconversation.

this taskis that therobotdetectspeoplein its surroundings,
keepstrack of them,andremembersthemeven if they are
currentlyoutsideits limited �eld of view.

In this paper, we presenta systemthat integratesseveral
componentsinto onecontrol architecture.More precisely,
oursystemmakesuseof visualperception,soundsourcelo-
calization,andspeechrecognitionto detect,track, and in-
volve peopleinto interaction. In contrastto previous ap-
proaches(Langet al. 2003;Matsusaka,Fujie,& Kobayashi
2001;Okuno,Nakadai,& Kitano 2002),our goalis thatthe
robot interactswith multiple personsanddoesnot focusits
attentionon only onesingleperson.It shouldalsonot sim-
ply look to thepersonwhois currentlyspeaking.Depending
on the input of theaudio-visualsensors,our robotshifts its
attentionbetweendifferentpeople.Furthermore,we devel-
opeda strategy that makesthe robot look at the personsto
establishshorteye-contactandto signalattentiveness.We
believe thateye movementsplay animportantrole duringa
conversation(alsocompareto Breazealet al. (2001)).Vivid
human-likeeye-movementsthatsignalattentivenessto peo-
ple make themfeel involved. Figure1 shows our robotAl-
phashifting its attentionfrom onepersonto theotherduring
aconversation.

We use Alpha also as an emotionaldisplay. Showing
emotionsplaysan importantrole in inter-humancommuni-
cationbecause,for example,therecognitionof themoodof
aconversationalpartnerhelpsto understandhis/herbehavior



andintention. Thus,expressingemotionshelpsto indicate
the robot's stateor its intentionandto show how the robot
is affectedby eventsin its environment(Fong,Nourbakhsh,
& Dautenhahn2003). Our goal is to attractpeopleanden-
gagethemin a conversationalinteractionwith our robot.To
make the interactioneven morehuman-like, we usea face
with animatedmouthandeyebrowsto displayfacialexpres-
sionscorrespondingto the robot's mood. As a result, the
usersgetfeedbackhow therobotis affectedby thedifferent
externalevents.

RelatedWork
Over thelastfew years,muchresearchhasbeencarriedout
in theareaof multimodalinteraction.In thissection,we�rst
concentrateonsystemsthatusedifferenttypesof perception
to senseandtrackpeopleduringaninteractionandthatuse
a strategy how to decidewhich persongetstheattentionof
the robot. Thenwe presentsystemsthatmake useof facial
expressionsto displaysomeemotionof therobot.

Lang et al. (2003)presentedan approachthat combines
severalsourcesof information(laser, vision,andsounddata)
to track people. Sincetheir sensor�eld of view is much
larger thanours,they arenot forcedto make the robot ex-
ecuteobservationactionsto getnew informationaboutsur-
roundingpeople.They apply an attentionsystemin which
only the personthat is currentlyspeakingis the personof
interest.While the robot is focusingon this person,it does
not look to anotherpersonto involve it into the conversa-
tion. Only if thespeakingpersonstopstalkingfor morethan
two seconds,therobotwill show attentionto anotherperson.
Okuno,Nakadai,& Kitano (2002)alsoapply audio-visual
trackingandfollow thestrategy to focustheattentionon the
personwho is speaking.They apply two differentmodes.
In the �rst mode,the robot always turns to a new speaker
andin thesecondmode,therobotkeepsits attentionexclu-
sively on oneconversationalpartner. Thesystemdeveloped
by Matsusaka,Fujie, & Kobayashi(2001)is ableto deter-
minetheonewho is beingaddressedto in theconversation.
Comparedto ourapplicationscenario(museumtour-guide),
in which therobot is assumedto bethemainspeaker or ac-
tively involvedin a conversation,in their scenariotherobot
actsasan observer. It looks at thepersonwho is speaking
anddecideswhen to contribute to a conversationbetween
two people.The attentionsystempresentedby Breazealet
al. (2001)only keepstrackof objectsthatarelocatedin the
�eld of view of the cameras.In contrastto this, we keep
trackof peopleover timeandmaintaina probabilisticbelief
aboutdetectedfaceseven if they arecurrentlynot observ-
able.Themodeldevelopedby Thórisson(2002)focuseson
turn-takingin one-to-oneconversations.In contrastto this,
we focuson how to decidewhich personin the surround-
ingsof the robotgetsits focusof attention.A combination
of bothtechniquesis possible.

Severalrobotsthatmakeuseof facialexpressionsto show
emotionshavealreadybeendeveloped.Schulte,Rosenberg,
& Thrun(1999)usedfour basicmoodsfor a museumtour-
guiderobotto show therobot'semotionalstateduringtrav-
eling. They de�ned a simple�nite statemachineto switch
betweenthedifferentmoodsdependingonwhetherandhow

long peoplewereblocking the robot's way. Their aim was
to enhancetherobot's believability duringnavigationin or-
derto achieve theintendedgoals.Similarly, Nourbakhshet
al. (1999)designeda fuzzy statemachinewith � ve moods
for a robotic tour-guide. Transitionsin this statemachine
occurdependingon externalevents,like peoplestandingin
therobot's way. Their intentionwasto achieve a betterin-
teractionbetweentheusersandtherobot.Doḿ�nguez Qui-
jadaet al. (2002)developeda headfor a robotictour-guide.
Thefacecandisplayvariousfacialexpressionswith random
intensities. Bruce, Nourbakhsh,& Simmons(2002) used
a three-dimensionalrenderedfaceto displayfacial expres-
sionsin orderto makepeoplecomplysimplerequestsof the
robot. Breazeal(2003)presenteda roboticheadthat is able
to display a variety of facial expressions. The emotional
expressionsare computedusing interpolationin the three-
dimensionalspacewith thedimensionsarousal,valence,and
stance. The robotic headis usedto analyzeand learn so-
cial interactionsbetweenan infant (the robot) andits care-
giver. Cãnamero& Fredslund(2001)built a LEGO robot
thatcanexpresssix differentemotionalstatesat variousin-
tensities.The emotionsareactivatedby tactile stimuli that
aresensedusingbinarytouchsensorson thefeet. Thegoal
wasto achieve believablehuman-robotinteraction.Scheeff
et al. (2000)developeda robotthatcanexpressninediffer-
entemotionalstates.The robot is tele-operatedin orderto
beableto analyzehuman-robotinteractionmorethoroughly.
Esauet al. (2003) designeda feedback-loopto control a
robotbasedon emotions.They designeda roboticheadthat
is ableto expressfour differentemotionalstates.Arkin et
al. (2003) presenteda systemthat learnsnew objectsand
associatesemotionaleffects to them. They usesix basic
emotionalstatesin thethree-dimensionalspacewith thedi-
mensionspleasantness,arousalandcon�dence. Suzuki et
al. (1998)developedanemotionmodelthatconsistsof four
states.Theauthorsapplya self-organizingmapto compute
therobot'semotionalstatebasedonexternalevents.

Most of the existing approachesdo not allow continu-
ouschangesof theemotionalexpression.Our approach,in
contrast,usesa bi-linear interpolationtechniquein a two-
dimensionalstatespace(Ruttkay, Noot,& tenHagen2003)
to smoothlychangetherobot's facialexpression.

The Designof our Robot
The body (without the head)of our robot Alpha hascur-
rently of 21 degreesof freedom(six in eachleg, threein
eacharm,andthreein thetrunk; seeleft imageof Figure2).
Its total height is about155cm. The skeletonof the robot
is constructedfrom carboncompositematerialsto achieve
a low weight of about30kg. To perform the experiments
presentedin this paper, we focuson the headof our robot,
which is shown in Figure2 (right image). The headcon-
sistsof 16 degreesof freedomthataredrivenby servo mo-
tors. Threeof theseservos move a stereocamerasystem
andallow acombinedmovementin theverticalandaninde-
pendentmovementin thehorizontaldirection.Furthermore,
threeservos constitutethe neck joint and move the entire
head,six servosanimatethemouth,andfour theeyebrows.
Usingsucha design,we cancontrol theneckandthecam-



Figure2: Theleft imageshowsthebodyof ourrobotAlpha.
Theimageon theright depictstheheadof Alpha in ahappy
mood.

erasto performrapid saccades,which arequick jumps,or
slow, smoothpursuitmovements(to keepeye-contactwith
auser).Wetake into accounttheestimateddistanceto a tar-
get to computeeye vergencemovements.Thesevergence
movementsensurethat thetargetmaintainsin thecenterof
the �eld of view of both cameras.Thus, if a target comes
closer, we turn theeyestoward eachother. For controlling
theeyemovements,we follow asimilarapproachto theone
presentedby Breazealet al. (2001).

Thecamerasareoneof themainsensorsto obtaininfor-
mationaboutthesurroundingsof therobot.Furthermore,we
usethestereosignalof two microphonesto performspeech
recognitionaswell assoundsourcelocalization. The dif-
ferentcapabilitiesareimplementedasindependentmodules
thatareableto updateandto queryinformationstoredin the
belief of therobot.

For thebehavior controlof ourrobot,weuseaframework
developedby Behnke& Rojas(2001)thatsupportsahierar-
chy of reactive behaviors. In this framework, behaviors are
arrangedin layersthatwork ondifferenttimescales.

Visual Detectionand Tracking of People
Our robot maintainsa probabilisticbelief aboutpeoplein
its surroundingsto dealwith multiplepersonsappropriately.
In this section,we describeour vision systemthat senses
peoplein the environmentusing the datadeliveredby the
two cameras.To �nd people,we �rst run a facedetectorin
thecurrentpair of images.Then,we applya mechanismto
associatethedetectionsto facesalreadystoredin thebelief
andupdateit accordingto theseobservations.

Our face detectionsystemis basedon the AdaBoost
algorithm and usesa boostedcascadeof Haar-like fea-
tures(Lienhard& Maydt 2002). Eachfeatureis computed
by thesumof all pixelsin rectangularregionswhichcanbe
computedveryef�ciently usingintegral images.Theideais
to detecttherelativedarknessbetweendifferentregionslike,
for example,the region of the eyesandthe cheeks.Origi-
nally, this ideawasdevelopedby Viola & Jones(2001) to
reliably detectfaceswithout requiringa skin color model.
This methodworksquickly andyieldshigh detectionrates.
However, sincefalseclassi�cationsarepossible,we apply
a probabilistictechniqueto dealwith theuncertaintyin the

detectionprocess.Thus,to maintaina belief aboutfacesin
thesurroundingsof therobotovertime,weupdatethebelief
basedon sensoryinput by applyingthe recursive Bayesian
schemeproposedby Moravec& Elfes (1985). In our case,
this updateschemedeterminesthe probability of the exis-
tenceof aface(aperson)givenasequenceof positiveand/or
negativeobservations:

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 denotestheexistenceof a face,zt is theobservation
(facedetected/notdetected)at time t, andz1:t refersto the
observationsequenceupto timet. As typically assumed,we
settheprior probability (hereP(f )) to 0.5. Therefore,the
secondtermin theproductin Eq. (1) becomes1 andcanbe
neglected. Furthervaluesthat have to be speci�ed are the
probabilityP(f j z = det) thata faceexistsif it is detected
in theimageandtheprobabilityP(f j z = : det) thata face
exists if it is not detected(anymore). In our experiments,it
turnedout thatadequatevaluesfor thoseparametersare0.9
and0.2, respectively. Using the updaterule in Eq. (1), the
probabilityof theexistenceof a faceis increasedif positive
observationsoccurandis decreasedotherwise.

To trackthepositionof afaceovertime,weuseaKalman
�lter (Kalman 1960). Applying such a �lter leads to a
smoothingof the estimatedtrajectoriesof the faces. Each
faceis tracked independently, andits statevectorcontains
the position and the velocities. Before we can updatethe
Kalman �lters and the probabilitiesof the facesusingob-
servations,we must�rst solve thedataassociationproblem,
i.e., we must determinewhich observation correspondsto
which faceof our belief andwhichobservationbelongsto a
new face. Sincewe currentlydo not have a mechanismto
identify people,we usea distance-basedcost function and
apply theHungarianmethod(Kuhn1955)to determinethe
mappingfrom observationsto faces.

TheHungarianmethodis a generalmethodto determine
the optimal assignmentof jobs to machinesusinga given
cost function in the context of job-shopschedulingprob-
lems.In ourcase,theHungarianmethodcomputestheopti-
mal assignmentof detectedfacesin thecurrentcameraim-
agesto facesalreadyexisting in the belief underthe given
cost function. If we have an observation to which no ex-
isting faceis assigned,we initialize a new Kalman�lter to
trackthecorrespondingface.Theupdateformulain Eq.(1)
is usedto computetheprobabilitywheneveranobservation
occurs. If the probability of a facedropsbelow a certain
threshold,the correspondingKalman �lter is deleted. Ei-
ther the facewas a falsepositive detection,or the person
correspondingto thefacemovedaway. To reducetheprob-
ability of falsepositive detections,we run the facedetector
in both images.Thedataassociationbetweenfacesin both
imagesis alsosolved usingthe Hungarianmethod. In our
experiments,we found out that our methodworks reliably
in sparselypopulatedenvironments.However, it mayfail in
crowdedsituations,alsodueto thelackof afacerecognition
system.Figure3 showsthreesnapshotsduringfacetracking



Figure3: Trackingthreefaceswith independentKalman�l-
ters. To solve the dataassociationproblemwe apply the
Hungarianmethod.

usingindependentKalman�lters andapplyingtheHungar-
ian methodto solve thedataassociationproblem. As indi-
catedby thedifferentlycoloredboxes,all facesaretracked
correctly.

Sincethe�eld of view of our robot is constraineddueto
theopeningangleof thecameras,wealsohaveto keeptrack
of peoplewhosefacescannotcurrentlybeobserved.In these
cases,we setthevelocitiesin thestatevectorto zerosince
wedonotknow how peoplemovewhenthey areoutsidethe
�eld view. To computethe correspondingprobabilitiesof
thepeopleoutsidethe �eld of view, we alsousetheupdate
formula in Eq. (1). In this case,we set P(f j z) in that
equationto avaluecloseto 0.5.Thismodelsthefactthatthe
probabilitiesof peoplewhoareassumedto bein thevicinity
of therobotbut outsideits �eld of view decreaseonly slowly
over time.

Speaker Localization
Additionally, we implementedasystemthatperformssound
sourcelocalization. We apply the Cross-Power Spectrum
PhaseAnalysis(Giuliani, Omologo,& Svaizer1994)to cal-
culatethespectralcorrelationmeasureClr (t; � ) betweenthe
left andtheright 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) and bSr (t; w) aretheshort-termpower spec-
tra of the left and right channeland bS�

r (t; w) is the com-
plex conjugate.bSl (t; w) and bSr (t; w) arecomputedthrough
Fouriertransforms,appliedto windowedsegmentscentered
aroundtime t. F T � 1 denotestheinverseFouriertransform.
Assumingonly a singlesoundsource,the argument� that
maximizesClr (t; � ) yieldsthedelay� betweentheleft and
the right channel.Once� is determined,the relative angle
betweena speaker and the microphonescanbe calculated
undertwo assumptions(Lang et al. 2003): 1. The speaker
andthemicrophonesareat thesameheight,and2. thedis-
tanceof the speaker to the microphonesis larger than the
distancebetweenthemicrophonesthemselves.

Oncethesoundsourcelocalizationsystemhaslocalized
the speaker, the information that the personhasspoken is
assignedto thatpersonin therobot'sbelief thathasthemin-
imum distanceto thesoundsource.If theangulardistance
betweenthespeaker andthepersonis greaterthana certain
threshold,we assumethe speaker to be a new personthat
just enteredthescene.
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Figure4: The �nite statemachinethat modelstypical dia-
loguesbetweenour robotwhosetaskis to actasa museum
tour-guideandvisitors. Statetransitionsoccurwhenanut-
teranceis correctlyrecognizedor whenno utteranceis rec-
ognizedaftera certainperiodof time.

DialogueManagement
For speechrecognition,wecurrentlyuseacommercialsoft-
ware (Novotech2005). This recognitionsoftware hasthe
advantagesthat it is speaker independentand yields high
recognitionrateseven in noisy environments,which is es-
sentialfor theenvironmentsin which we deploy the robot.
Thedisadvantage,however, is thatnosentencegrammarcan
bespeci�ed. Instead,a whole list of keywords/phrasesthat
shouldbe recognizedneedsto be de�ned. For speechsyn-
thesis,weuseafreelyavailablesystem(University of Bonn
2000)thatgeneratessynthesizedspeechbasedonstringson-
line.

Our dialoguesystemis realizedasa �nite statemachine.
Statetransitionsin this automatonoccurwhenanutterance
is correctlyrecognized,or whenno utteranceis recognized
after a certainperiodof time. With eachstate,a different
list of keywords/phrasesis associated.This list is sentto the
speechrecognitionsystemwheneverthestateof theautoma-
tonchanges.

Figure4 depictsthebasicstructureof the�nite statema-
chineof our dialoguesystemfor the situationin which the
robotactsasa museumtour-guide.During sucha task,this
automatonmodelstypical dialogueswith visitors in a mu-
seum.Initially, thesystemis in thestate“small talk”. In this
state,the robot tries to attractvisitors andto involve them
into aconversationthatconsistsof simplequestionsandan-
swers.Whenevera usershows interestin exhibits, therobot
changesits internalstateandexplainstheexhibits. Possible
coursesof dialoguescanbededucedfrom Figure4. For dif-
ferenttaskscarriedoutby therobot,weapplydifferent�nite
statemachinesto modela dialogue.

GazeControl and Focusof Attention
As explainedso far, our robot maintainsa belief aboutthe
positionsof facesas well as the correspondingprobabili-
tiesandthe informationaboutwhenthepersonhasspoken
last. Additionally, it computesfor eachpersonan impor-



tancevaluethat currentlydependson whenthe personhas
spoken last, on the distanceof the personto the robot (es-
timatedusingthesizeof theboundingbox of its face),and
on its positionrelative to thefront of therobot. Peoplewho
have recentlyspokengeta high importance.The sameap-
pliesto peoplewhostanddirectly in front of therobotandto
peoplewho arecloseto therobot.Theresultingimportance
valueis aweightedsumof thosethreefactors.

Thebehavior systemcontrolstherobotin suchawaythat
it focusesits attentionon the personwho hasthe highest
importance.Thus,the robot follows the movementsof the
correspondingfaceandlookstheuserin theeyes.If atsome
point in timeanotherpersonis consideredto bemoreimpor-
tantthanthepreviouslymostimportantone,therobotshifts
its attentionto the otherperson. For example,this canbe
the casewhena personstepscloserto the robot or whena
personstartsspeaking.

Notethatonecanalsoconsiderfurtherinformationto de-
terminethe importanceof a person.If our robot,for exam-
ple,coulddetectthatapersonis waving with its handsto get
therobot'sattention,thiscouldbeeasilyintegratedaswell.

To enabletherobotto reactto anunknownpersonoutside
its �eld of view who is speakingto it, we implementeda
behavior thatreactsto salientsoundssourcesthatcannotbe
assignedto any personalreadyexisting in thebelief. Thus,
the robot looks into the direction of the speaker to signal
attentivenessandto updateits belief.

Sincethe �eld of view of the robot is constrained,it is
importantthat the camerasmove from time to time to ex-
plore the environmentto get new information aboutother
people.Thus,we additionallyimplementeda behavior that
forcestherobotto regularlychangeits gazedirectionandto
look in thedirectionof otherdetectedfaces,not only to the
mostimportantone.Our ideais thattherobotshowsinterest
in multiple personsin its vicinity so that they feel involved
into theconversation.Likehumans,our robotdoesnotstare
at oneconversationalpartnerall thetime. Furthermore,the
robot is in this way able to updateits belief aboutpeople
outsideits current�eld of view.

As a result, the robot shows human-like behavior since
humansusually focustheir attentionon peoplewho speak
to them,on peoplestandingin front of them,andon people
whocomeveryclose.

Facial Expressions
Our robot is able to expressits mood by meansof facial
expressions,with animatedmouth andeyebrows, to make
theconversationmorehuman-likeandto provideadditional
feedbackto theconversationalpartners.

The robot's facial expressionis computedin a two-
dimensional space using six basic emotional expres-
sions(joy, surprise,fear, sadness,anger, anddisgust).Here,
wefollow thenotionof theEmotionDiscdevelopedby Rut-
tkay, Noot,& tenHagen(2003).Thedesignof theEmotion
Disc is basedon theobservationthatthesix basicemotional
expressionscanbearrangedon theperimeterof acircle (see
Figure 5), with the neutralexpressionin the center. The
EmotionDisc canbe usedto control the expressionof any

P

disgust

joy

anger

surprise

fear

sadness

Figure5: Thetwo-dimensionalspacein which we compute
therobot's facialexpression.Theexpressioncorresponding
to point P is computedaccordingto Eq. (3). The images
show thesix basicemotionalexpressionsof our robot

facialmodeloncetheneutralandthe six basicexpressions
aredesigned.Figure5 showsthesix basicfacialexpressions
of our robot. In our case,we de�ne themin termsof height
of the mouthcorners,mouthwidth, mouthopeningangle,
andangleandheightof theeye-brows. The parametersP 0

for the facecorrespondingto a certainpoint P in the two-
dimensionalspacearecalculatedby linearinterpolationbe-
tweentheparametersE 0

i andE 0
i +1 of theneighboringbasic

expressions:

P0 = l(p) � (� (p) � E 0
i + (1 � � (p)) � E 0

i +1 ): (3)

Here, l (p) is the length of the vectorp, which leadsfrom
the origin (correspondingto the neutralexpression)to P,
and� (p) denotesthenormalizedangulardistancebetweenp
andthevectorscorrespondingto the two neighboringbasic
expressions.This techniqueallows continuouschangesof
thefacialexpression.

To in�uence theemotionalstateof our robot,we usebe-
haviors that reactto certainevents. Eachbehavior submits
its requestin which direction and with which intensity it
wantsto changethe robot's emotionalstate. After all be-
haviorssubmittedtheirrequests,theresultingvectoris com-
putedby the sumof the individual requests.We allow any
movementwithin thecircle describedby theEmotionDisc.

Experimental Results
To evaluateour approach,which controls the gazedirec-
tion of therobotandwhich determinesthepersonwho gets
thefocusof its attention,we performedseveralexperiments
in our laboratory. Furthermore,we presentexperimentsin
which we utilize changesof therobot's facialexpressionto
enrichhuman-robotinteraction.Using a cameraresolution
of 320 � 240 pixels, the facedetectionalgorithm detects
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Figure6: Evolution of theprobabilitiesof two people(top
image) and the correspondingimportancevalues(bottom
image). While the robot is chattingwith person1, it rec-
ognizesthevoiceof a secondpersonandturnstowardsit at
time step26. As canbe seen,person2 is detectedandthe
robotupdatesits belief accordingly. Person2 doesnot con-
tinue talking and thus its importancedecreasesduring the
following time steps.Therefore,the robot concentrateson
person1 again(time step29) but alsoshows interestin per-
son2 by establishingshorteye-contactandupdatesits belief
at timesteps38and49.

facesin a distanceof approximately30� 200cm. To speed
up thecomputationof the imageprocessing,we searchthe
whole imagesfor facesonly twice in a second.In the time
between,we only considerregionsin theimages.Thesizes
andlocationsof thesesearchwindowsaredeterminedbased
on thepredictedstatesof thecorrespondingKalman�lters.

Localizing a Speaker and SignalingAttenti veness
The �rst experimentwasdesignedto demonstratehow the
robot reactsto a personoutsideits current �eld of view
who is talking to it andhow therobotestablishesshorteye-
contactto signalattentiveness.The evolution of the prob-
abilities of two peopleover time is depictedin the top im-
ageof Figure6. Whenthe robot detectedperson1 at time
step18,it startedto interactwith it. At timestep26therobot
recognizedthevoiceof asecondperson,whowasoutsideits
�eld of view, andturnedtowardsit. As canbeseen,theface
of person2 is detectedandtherobotupdatedits belief. The
importancevalueof person2 decreasedduring the follow-
ing time steps(seebottomimageof Figure6) sinceit was
fartheraway anddid not continuetalking. Thus,the robot
proceededconcentratingon person1 (time step29). How-
ever, to involveperson2 into theconversationaswell andto
updateits belief, therobot regularly lookedto person2 and
establishedshorteye-contact.Note thatwe do not evaluate
thecameraimagesduring the rapid saccadesto avoid false
positive or negativedetections.During a saccade,thebelief
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Figure7: Evolution of the importancevaluesof two peo-
ple. During thisexperiment,person2 is talking to therobot.
Thus,it hasinitially ahigherimportancethanperson1. The
robotfocusesits attentiononperson2 but alsolooksto per-
son1 at time steps10 and21 to demonstratethatit is aware
of person1. At time step21 therobotnoticesthatperson1
hadcomevery closeandthus it shifts its attentionto per-
son1, whichhasahigherimportancenow.

thereforestaysconstantfor ashortperiodof time. As canbe
seenfrom Figure6, at timesteps38and49,therobotlooked
to person2 andalsoupdatedits belief correctly.

Shifting Attention
The following experimentwas designedto show how the
robotshiftsits attentionfrom onepersonto anotherif it con-
sidersthe secondoneto be moreimportant. In this exper-
iment, person2 was talking to the robot. Thus, the robot
initially focusedits attentionon person2 becauseit hadthe
highestimportance.However, the robot lookedto person1
at time steps10 and21 to signalawareness.Whenlooking
to person1 at time step21 the robot suddenlynoticedthat
this personhadcomeveryclose.Accordingly, person1 got
thena higherimportancevalueandthe robot shiftedits at-
tentionto this person.As this experimentshows, our robot
doesnot focusits attentionexclusively on thepersonthat is
speaking.

Changesof the Facial Expression
The last experiment aims to demonstratehow the robot
changesits emotionalstateaccordingto externalevents.In
thebeginningof theexperiment,therobothadnot detected
any personfor several minutesand thereforeits facial ex-
pressionwasablendingof sadnessandfear(seetop left im-
ageof Figure8). Afterwards,in thesituationshown in the
centerimageof the �rst row, the robotsuddenlydetecteda
personanddisplayeda moodcorrespondingto a mixtureof
surpriseandhappiness.Sincethepersonstartedto interact
with therobot,therobotgothappy asshown in thefollowing
images.

Demonstrationat RoboCupGerman Open2005
We presentedAlpha during the RoboCupGermanOpen
2005in Paderborn.Figure9 shows the robot in a conver-
sationwith threepeople. We asked peoplewho interacted



Figure8: This �gure shows continuouschangesof the fa-
cial expression.Initially, therobotis in a moodcorrespond-
ing to a blendingof sadnessandfear sinceit is alone(top
left image).Then,therobotssuddenlydetectsa personand
changesits facialexpressiontowardssurprise(centerimage
in the �rst row). Afterwards,the robot getshappy because
thepersonstartsto interactwith it (following images).

Figure 9: Alpha is intercting with three people at the
RoboCupGermanOpen2005in Paderborn.

with therobot to �ll out questionairesto get feedback.The
30 peoplebetweenthe ageof 10 and61 who �lled out the
questionairehadfun in interactingwith Alpha andnoticed
thattherobotwasawareof theirpresence.Thepeoplefound
the eye-gazesand facial expressionhuman-like and could
recognizedifferentemotionalstates.Most of thepeoplein-
teractedwith therobotfor morethanthreeminutes.

Besidestheexperimentspresentedin this paper, we pro-
videvideosof our robotAlphaonour webpage1. Currently,
only conversationsin Germanare possiblebut we are al-
ready working on integrating English speechrecognition
andsynthesisaswell. In thevideos,wewantto demonstrate
how therobotperformsexplorationgazesin thebeginning,
how it reactsto sound,how it changesits focusof attention,
andhow it establishesshorteye-contactin order to signal
attentiveness.

1http://www.nimbro.net/media.html

Conclusionsand Future Work
In this paper, we presentedan approachto enablea hu-
manoid robot to interactwith multiple personsin a mul-
timodal way. We describedall componentsthat our robot
controlarchitecturecomprises.We usea probabilistictech-
niqueto maintainabeliefaboutthepresenceof peoplein the
surroundingsof our robot basedon vision data. The robot
is able to estimatethe positionsof peopleeven if they are
temporarilyoutsideits �eld of view. To enabletherobotto
shift its attentionto peoplewho aretalking to it, we usea
systemto localize the directionof speakers. Using vision
andsoundinformation,we canapplyanintelligentstrategy
to changethefocusof attention,andin this way canattract
multiple personsandincludetheminto a conversation.To
enrich human-robotinteractionand to expressthe robot's
approval or disapproval to external events,we usea tech-
niqueto changeits facialexpression.

As a result,we obtaina human-like interactionbehavior
that shows attentivenessto multiple persons. In practical
experiments,we demonstratedthat our techniquewasable
to reliablyupdatethebeliefof our robot,to controlits focus
of attentionandits gazedirection,andto changeits facial
expression.

In thenearfuture,wewill combinetheheadandthebody,
in orderto enabletherobotto performhuman-like gestures
andmovements.Furthermore,we will presentthe robot to
a broaderpublic soonto seehow peopleinteractwith the
systemandto getnew insightshow to improvethesystem.
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velopmentof anexpressivesocialrobot. In Bradbeer, R.; ;
andBillingsley, J.,eds.,MechatronicsandMachineVision
2002:CurrentPractice. ResearchStudiesPress.341–348.

Esau,N.; Kleinjohann,B.; Kleinjohann,L.; andStichling,
D. 2003. MEXI: Machinewith Emotionally eXtended
Intelligence– A softwarearchitecturefor behavior based
handlingof emotionsanddrives. In Proc. of Int. Conf. on
Hybrid andIntelligentSystems(HIS).

Fong,T.; Nourbakhsh,I.; andDautenhahn,K. 2003.A sur-
vey of sociallyinteractive robots.Robotics& Autonomous
Systems,specialissueonSociallyInteractiveRobots42(3-
4):143–166.

Giuliani,D.; Omologo,M.; andSvaizer, P. 1994.Talkerlo-
calizationandspeechrecognitionusingamicrophonearray
andacross-powerspectrumphaseanalysis.In Int. Conf. on
SpokenLanguageProcessing(ICSLP), 1243–1246.

Kalman,R. 1960. A new approachto linear �ltering and
predictionproblems.ASME-Journalof BasicEngineering
82(March):35–45.

Kuhn,H. 1955.Thehungarianmethodfor theassignment
problem.NavalResearch LogisticsQuarterly2(1):83–97.

Lang,S.;Kleinehagenbrock,M.; Hohenner, S.;Fritsch,J.;
Fink, G.; andSagerer, G. 2003. Providing the basisfor
human-robot-interaction: A multi-modalattentionsystem
for a mobile robot. In Proc. of the Int. Confonferenceon
MultimodalInterfaces.

Li, S.; Kleinehagenbrock,M.; Fritsch,J.; Wrede,B.; and
Sagerer, G. 2004. ”BIRON, let meshow you something”:
Evaluating the interactionwith a robot companion. In
Proc.of theIEEE Int. Conf. on Systems,Man, andCyber-
netics(SMC).

Lienhard,R., and Maydt, J. 2002. An extendedset of
haar-like featuresfor rapid object detection. In Proc. of
theIEEEComputerSocietyConf. onComputerVisionand
PatternRecognition(CVPR).

Matsusaka,Y.; Fujie,S.; andKobayashi,T. 2001. Model-
ing of conversationalstrategy for therobotparticipatingin
thegroupconversation.In Proc.of theEuropeanConf. on
Speech CommunicationandTechnology.

Moravec,H., andElfes, A. 1985. High resolutionmaps
from wide anglesonar. In Proc. of theIEEE Int. Conf. on
Robotics& Automation(ICRA).

Nourbakhsh,I.; Bobenage,J.;Grange,S.;Lutz, R.; Meyer,
R.; andSoto,A. 1999.An affectivemobileroboteducator
with a full-time job. Arti�cial Intelligence114(1-2):95–
124.

Novotech. 2005. GPMSC (General Purpose Ma-
chines' Speech Control). http://www.novotech-
gmbh.de/speechcontrol.htm.

Okuno,H.; Nakadai,K.; andKitano,H. 2002.Socialinter-
actionof humanoidrobot basedon audio-visualtracking.
In Proc. of the Int. Conf. on Industrial and Engineering
Applicationsof Arti�cial Intelligenceand ExpertSystems
(IEA/AIE).
Ruttkay, Z.; Noot, H.; andten Hagen,P. 2003. Emotion
Disc andEmotionSquares:Toolsto explorethefacialex-
pressionspace.ComputerGraphicsForum22(1):49–53.
Scheeff, M.; Pinto,J.; Rahardja,K.; Snibbe,S.; andTow,
R. 2000. Experienceswith Sparky, a social robot. In
Proc. of the Workshopon InteractiveRoboticsand Enter-
tainment(WIRE).
Schulte,J.; Rosenberg, C.; andThrun, S. 1999. Sponta-
neousshort-terminteractionwith mobile robotsin public
places.In Proc. of theIEEE Int. Conf. on Robotics& Au-
tomation(ICRA).
Siegwart, R.; Arras, K.; Bouabdallah,S.; Burnier, D.;
Froidevaux, G.; Greppin, X.; Jensen,B.; Lorotte, A.;
Mayor, L.; Meisser, M.; Philippsen,R.; Piguet,R.; Ramel,
G.; Terrien,G.; andTomatis,N. 2003. Roboxat Expo.02:
A large-scaleinstallationof personalrobots. Robotics&
AutonomousSystems42(3-4):203–222.
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