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Abstract

Attracting peopleand involving multiple personsinto
aninteractionis an essentiatapabilityfor a humanoid
robot. A prerequisitefor sucha behaior is that the
robotis ableto sensepeoplein its vicinity andto know
wherethey arelocated.In this paperwe proposeanap-
proachthat maintainsa probabilisticbelief aboutpeo-
ple in the surroundingf the robot. Using this belief,
the robot is able to memorizepeopleeven if they are
currentlyoutsideits limited eld of view. Furthermore,
we useatechniqueto localizea spealkr in theenviron-
ment.In thisway, evenpeoplewho arecurrentlynotthe
primary conversationalpartnersor who are not stored
in therobot's belief canattractits attention. To enrich
human-robointeractionandto expresshow the robot
changests mood, we apply a techniqueto changeits
facial expressions.As we demonstratén practicalex-
perimentspy integratingthe presentedechniquesnto
its controlarchitecturepur robotis ableto interactwith
multiple personsin a multimodal way andto shift its
attentionbetweerdifferentpeople.

Intr oduction

Ourgoalis to developa humanoidrobotthat performsintu-
itive multimodalinteractionwith multiple personssimulta-
neously Oneapplicationin this context is aninteractive mu-
seumtour-guide. Comparedo previousmuseumntour-guide
projects(Thrunetal. 2000;Siegwartetal. 2003),whichfo-
cusedon the autonomyof the robotsanddid notemphasize
theinteractionpartthatmuch,we wantto build a robotthat
behaesandactslike a human.Over the lastfew years hu-
manoidrobotshave becomevery popularasaresearchool.
Onegoal of building robotswith human-lile bodiesandbe-
havior is thatpeoplecaneasilyunderstandheirgesturesind
know intuitively how to interactwith sucha system.

Much researcthasalreadybeenconductedn the areaof
non-verbal communicationbetweena robot and a human,
suchasfacial expressiongye-gazeandgesturegBreazeal
etal. 2001;Brethesetal. 2004;Li etal. 2004, Stiefelha-
genetal. 2004;Tojo etal. 2000). Only little researcthas
beendonein the areaof developinga robotic systemthat
really behaesasa corversationapartnerandactshuman-
like whenmultiple personsareinvolved. A prerequisitefor
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Figurel: A corversationof our robot Alpha with two peo-
ple. As canbe seenthe robotshiftsits attentionfrom one
personto the otherto involve bothinto the corversation.

this taskis thatthe robotdetectspeoplein its surroundings,
keepstrack of them,andremembergshemevenif they are
currentlyoutsideits limited eld of view.

In this paper we presenta systemthatintegratesseveral
componentsnto one control architecture.More precisely
our systemmakesuseof visual perceptionsoundsourceo-
calization,and speechrecognitionto detect,track, andin-
volve peopleinto interaction. In contrastto previous ap-
proachegLangetal. 2003;Matsusakaf-ujie, & Kobayashi
2001;0kuno,Nakadai,& Kitano 2002),our goalis thatthe
robotinteractswith multiple personsaanddoesnot focusits
attentionon only onesingle person.It shouldalsonot sim-
ply look to thepersorwhois currentlyspeaking Depending
on the input of the audio-visualsensorspur robot shiftsits
attentionbetweendifferentpeople. Furthermorewe devel-
opeda stratgyy that makesthe robotlook at the persongo
establishshorteye-contactandto signal attentiveness.We
believe thateye movementglay animportantrole duringa
corversationalsocompareto Breazeaktal. (2001)).Vivid
human-like eye-mosementghatsignalattentivenesgo peo-
ple make themfeel involved. Figure1 shavs our robot Al-
phashifting its attentionfrom onepersorto the otherduring
acorversation.

We use Alpha also as an emotionaldisplay Shawing
emotionsplaysanimportantrole in inte-humancommuni-
cationbecausefor example the recognitionof the moodof
acorversationapartnetelpsto understandhis/herbehaior



andintention. Thus,expressingemotionshelpsto indicate
the robot's stateor its intentionandto shov how the robot

is affectedby eventsin its ervironment(Fong, Nourbakhsh,
& Dautenhahr?2003). Our goalis to attractpeopleanden-

gagethemin a corversationalnteractionwith our robot. To

male the interactioneven more human-like, we usea face
with animatednouthandeyebronsto displayfacialexpres-
sionscorrespondingo the robot's mood. As a result, the

usersgetfeedbackhow therobotis affectedby the different
externalevents.

RelatedWork

Overthelastfew years,muchresearcthasbeencarriedout
in theareaof multimodalinteraction.In this sectionwe rst
concentraten systemshatusedifferenttypesof perception
to senseandtrack peopleduring aninteractionandthatuse
a strateyy how to decidewhich persongetsthe attentionof
therobot. Thenwe presentsystemghat make useof facial
expressiondo displaysomeemotionof therobot.

Lang et al. (2003) presentedan approachthat combines
severalsource®f information(laser vision,andsounddata)
to track people. Sincetheir sensoreld of view is much
largerthan ours, they arenot forcedto make the robot ex-
ecuteobsenationactionsto getnew informationaboutsur
roundingpeople. They apply an attentionsystemin which
only the personthatis currently speakingis the personof
interest. While the robotis focusingon this person,it does
not look to anotherpersonto involve it into the corversa-
tion. Only if thespeakingpersonstopstalking for morethan
two secondstherobotwill shov attentionto anotheperson.
Okuno, Nakadai,& Kitano (2002)also apply audio-visual
trackingandfollow the strateyy to focustheattentiononthe
personwho is speaking. They apply two differentmodes.
In the rst mode,the robot alwaysturnsto a new spealer
andin thesecondmode,therobotkeepsits attentionexclu-
sively on onecorversationapartner The systemdeveloped
by MatsusakaFujie, & Kobayashi(2001)is ableto deter
minethe onewhois beingaddressetb in the corversation.
Comparedo our applicationscenarigmuseuntour-guide),
in which therobotis assumedo be the mainspealer or ac-
tively involvedin a corversationjn their scenariahe robot
actsasanobsenrer. It looks at the personwho is speaking
and decideswhento contritute to a corversationbetween
two people. The attentionsystempresentedy Breazeaket
al. (2001)only keepstrack of objectsthatarelocatedin the
eld of view of the cameras.In contrastto this, we keep
track of peopleovertime andmaintaina probabilisticbelief
aboutdetectedfacesevenif they are currently not observ-
able. The modeldevelopedby Thorisson(2002)focuseson
turn-takingin one-to-onecorversations.In contrastto this,
we focus on how to decidewhich personin the surround-
ings of therobot getsits focusof attention. A combination
of bothtechniquess possible.

Severalrobotsthatmake useof facialexpressiongo shav
emotionshave alreadybeendeveloped.Schulte Rosenbeg,
& Thrun (1999)usedfour basicmoodsfor a museumtour-
guiderobotto shawv therobot's emotionalstateduring trav-
eling. They de ned a simple nite statemachineto switch
betweerthedifferentmoodsdependingnwhetherandhow

long peoplewereblocking the robot's way. Their aim was
to enhanceherobot's believability during navigationin or-

derto achieve theintendedgoals. Similarly, Nourbakhstet

al. (1999)designeda fuzzy statemachinewith ve moods
for a robotic tour-guide. Transitionsin this statemachine
occurdependingn externalevents,like peoplestandingin

therobot'sway. Their intentionwasto achiese a betterin-

teractionbetweerthe usersandtherobot. Dom'nguez Qui-

jadaetal. (2002)developeda headfor arobotictour-guide.
Thefacecandisplayvariousfacialexpressionsvith random
intensities. Bruce, Nourbakhsh,& Simmons(2002) used
a three-dimensionalenderedaceto displayfacial expres-
sionsin orderto make peoplecomplysimplerequest®f the
robot. Breazeal2003)presentedh robotic headthatis able
to display a variety of facial expressions. The emotional
expressionsare computedusing interpolationin the three-
dimensionakpacewith thedimensionsarousalyalenceand
stance. The robotic headis usedto analyzeandlearn so-
cial interactionshetweenan infant (the robot) andits care-
giver. Callamero& Fredslund(2001) built a LEGO robot
thatcanexpresssix differentemotionalstatesat variousin-

tensities. The emotionsare activatedby tactile stimuli that
aresensedisingbinarytouchsensorsn thefeet. Thegoal
wasto achieve believablehuman-robointeraction. Scheef
etal. (2000)developeda robotthat canexpressnine differ-

entemotionalstates. The robotis tele-operatedn orderto

beableto analyzehuman-robointeractionmorethoroughly
Esauet al. (2003) designeda feedback-loopto control a
robotbasedn emotions.They designedaroboticheadthat
is ableto expressfour differentemotionalstates. Arkin et
al. (2003) presentech systemthat learnsnew objectsand
associateemotionaleffects to them. They usesix basic
emotionalstatesn thethree-dimensionapacewith the di-

mensionspleasantnessrousaland con dence. Suzukiet
al. (1998)developedan emotionmodelthatconsistsof four

states.The authorsapply a self-oganizingmapto compute
therobot's emotionalstatebasedn externalevents.

Most of the existing approacheslo not allow continu-
ouschangeof the emotionalexpression.Our approachijn
contrast,usesa bi-linear interpolationtechniquein a two-
dimensionaktatespacegRuttkay Noot, & tenHagen2003)
to smoothlychangeherobot'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 heightis about155cm. The skeletonof the robot
is constructedrom carboncompositematerialsto achieve
a low weight of about30kg. To performthe experiments
presentedn this paper we focuson the headof our robot,
which is shavn in Figure2 (right image). The headcon-
sistsof 16 degreesof freedomthataredrivenby seno mo-
tors. Threeof thesesenos move a stereocamerasystem
andallow acombinedmovemenin theverticalandaninde-
pendentmovementn thehorizontaldirection.Furthermore,
three senos constitutethe neck joint and move the entire
head,six senos animatethe mouth,andfour the eyebrows.
Using sucha design,we cancontrol the neckandthe cam-



Figure2: Theleftimageshavsthebodyof ourrobotAlpha.
Theimageontheright depictsthe headof Alphain a hapgy
mood.

erasto performrapid saccadesywhich are quick jumps, or
slow, smoothpursuitmovements(to keepeye-contactwith
auser).Wetake into accountheestimatedlistanceo atar-
getto computeeye vergencemovements. Thesevergence
movementsensurethat the target maintainsin the centerof
the eld of view of both cameras.Thus,if atargetcomes
closer we turn the eyestoward eachother For controlling
the eye movementsyve follow a similar approactto theone
presentedby Breazeaktal. (2001).

The camerasre oneof the main sensorgo obtaininfor-
mationabouthesurrounding®f therobot. Furthermorewe
usethe sterecsignalof two microphonedo performspeech
recognitionaswell assoundsourcelocalization. The dif-
ferentcapabilitiesareimplementedasindependenmnodules
thatareableto updateandto queryinformationstoredn the
belief of therobot.

Forthebehaior controlof ourrobot,we useaframewnork
developedby Behnle & Rojas(2001)thatsupportsa hierar
chy of reactve behaiors. In this framavork, behaiors are
arrangedn layersthatwork on differenttime scales.

Visual Detectionand Tracking of People

Our robot maintainsa probabilistic belief aboutpeoplein
its surroundinggo dealwith multiple personsappropriately
In this section,we describeour vision systemthat senses
peoplein the environmentusing the datadeliveredby the
two camerasTo nd people,we rst runafacedetectorin
the currentpair of images.Then,we apply a mechanisnio
associatehe detectiongo facesalreadystoredin the belief
andupdateit accordingio theseobsenations.

Our face detectionsystemis basedon the AdaBoost
algorithm and usesa boostedcascadeof Haarlike fea-
tures(Lienhard& Maydt 2002). Eachfeatureis computed
by the sumof all pixelsin rectangularegionswhich canbe
computedvery ef ciently usingintegralimages.Theideais
to detectherelative darknesdetweerdifferentregionslik e,
for example,the region of the eyesandthe cheeks. Origi-
nally, this ideawas developedby Viola & Jones(2001)to
reliably detectfaceswithout requiringa skin color model.
This methodworks quickly andyields high detectionrates.
However, sincefalseclassi cationsare possible,we apply
a probabilistictechniqueto dealwith the uncertaintyin the

detectionprocess.Thus,to maintaina belief aboutfacesin
thesurrounding®f therobotovertime, we updatethebelief
basedon sensoryinput by applyingthe recursve Bayesian
schemeproposedy Moravec & Elfes(1985). In our case,
this updateschemedetermineshe probability of the exis-
tenceof aface(apersongivenasequencef positive and/or
negative obsenations:

P(fjzit) =

L1 P(jz) _P(F)
P(fiz) 1 P(f)

1 P(fjzie 1)
P(f jzut 1)

Here,f denotesheexistenceof aface,z; is theobsenation
(facedetected/notletectedat time t, andz;.; refersto the
obsenationsequenceptotimet. Astypically assumedye
setthe prior probability (hereP (f )) to 0.5. Therefore the
secondermin the productin Eq. (1) becomed andcanbe
neglected. Furthervaluesthat have to be speci ed arethe
probabilityP (f j z = det) thatafaceexistsif it is detected
in theimageandtheprobabilityP (f j z = : det) thataface
existsif it is not detectedanymore). In our experimentsjt
turnedout thatadequateraluesfor thoseparametersare0.9
and0.2, respectiely. Usingthe updaterule in Eq. (1), the
probability of the existenceof a faceis increasedf positive
obsenationsoccurandis decreasedtherwise.

Totrackthepositionof afaceovertime, we useaKalman

lter (Kalman 1960). Applying sucha lter leadsto a
smoothingof the estimatedrajectoriesof the faces. Each
faceis tracked independentlyandits statevector contains
the position and the velocities. Before we can updatethe
Kalman lters andthe probabilitiesof the facesusing ob-
senations,we must rst solvethedataassociatiorproblem,
i.e., we mustdeterminewhich obsenation correspondgo
which faceof our beliefandwhich obsenationbelongso a
new face. Sincewe currentlydo not have a mechanisnto
identify people,we usea distance-basedostfunction and
apply the Hungarianmethod(Kuhn 1955)to determinethe
mappingfrom obsenationsto faces.

The Hungarianmethodis a generalmethodto determine
the optimal assignmenbf jobs to machinesusing a given
costfunction in the context of job-shopschedulingprob-
lems.In our casethe Hungariamrmethodcomputeghe opti-
mal assignmenbf detectedacesin the currentcameram-
agesto facesalreadyexisting in the belief underthe given
costfunction. If we have an obsenationto which no ex-
isting faceis assignedyve initialize a new Kalman lter to
trackthe correspondindace. The updateformulain Eq. (1)
is usedto computethe probability wheneer an obsenation
occurs. If the probability of a facedropsbelow a certain
threshold,the correspondingkalman lIter is deleted. Ei-
ther the facewas a false positive detection,or the person
correspondindo thefacemovedaway. To reducethe prob-
ability of falsepositive detectionswe run the facedetector
in bothimages.The dataassociatiorbetweerfacesin both
imagesis also solved usingthe Hungarianmethod. In our
experimentswe found out that our methodworks reliably
in sparselypopulatedervironments.However, it mayfail in
crowdedsituationsalsodueto thelack of afacerecognition
system Figure3 shavsthreesnapshotduringfacetracking
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Figure3: Trackingthreefaceswith independeniKalman I-
ters. To solve the dataassociatiorproblemwe apply the
Hungarianmethod.

usingindependenKalman Iters andapplyingthe Hungar
ian methodto solve the dataassociatiorproblem. As indi-
catedby the differently coloredboxes,all facesaretracked
correctly

Sincethe eld of view of our robotis constrainedlueto
theopeningangleof thecameraswe alsohave to keeptrack
of peoplewhosefacescannotcurrentlybeobsened. In these
caseswe setthe velocitiesin the statevectorto zerosince
we do notknow how peoplemove whenthey areoutsidethe
eld view. To computethe correspondingprobabilitiesof
the peopleoutsidethe eld of view, we alsousethe update
formulain Eqg. (1). In this case,we setP(f j z) in that
equatiorto avaluecloseto 0.5. This modelsthefactthatthe
probabilitiesof peoplewho areassumedo bein thevicinity
of therobotbut outsideits eld of view decreasenly slowly
overtime.

Spealer Localization

Additionally, we implemented systenthatperformssound
sourcelocalization. We apply the Cross-Pwer Spectrum
PhaseAnalysis(Giuliani, Omologo,& Svaizer1994)to cal-

culatethespectraktorrelationrmeasure€, (t; ) betweerthe

left andtheright microphonechannel:

Q| (t; W)Q (t; w)
Cr(, ) = FT ! ’ ; 2
() BEwisgw

Here,§, (t; w) and 8 (t; w) arethe short-termpower spec-
tra of the left andright channeland Qr (t; w) is the com-
plex conjugateﬂ (t; w) and$, (t; w) arecomputedhrough
Fouriertransformsappliedto windowedsegmentscentered
aroundtimet. FT ! denotegheinverseFouriertransform.
Assumingonly a single soundsource the argument that
maximizesCy, (t; ) yieldsthedelay betweertheleft and
theright channel. Once is determinedthe relative angle
betweena spealer and the microphonescan be calculated
undertwo assumptionglLang etal. 2003): 1. The spealer
andthe microphonesare at the sameheight,and2. the dis-
tanceof the spealer to the microphoness larger thanthe
distancebetweerthe microphoneshemseles.

Oncethe soundsourcelocalizationsystemhaslocalized
the spealer, the information that the personhasspolen is
assignedo thatpersonin therobot's beliefthathasthe min-
imum distanceto the soundsource.If the angulardistance
betweerthe spealer andthe personis greaterthana certain
threshold,we assumehe spealer to be a new personthat
justenteredhescene.
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Figure4: The nite statemachinethat modelstypical dia-

loguesbetweenour robotwhosetaskis to actasa museum
tour-guideandyvisitors. Statetransitionsoccurwhenan ut-

terances correctlyrecognizedr whenno utterances rec-

ognizedaftera certainperiodof time.

Dialogue Management

For speeclrecognitionwe currentlyusea commerciakoft-
ware (Novotech2005). This recognitionsoftware hasthe
adwantageghat it is spealer independentind yields high
recognitionrateseven in noisy ervironments,which is es-
sentialfor the environmentsin which we deploy the robot.
Thedisadwantagehowever, is thatno sentencgrammarcan
be speci ed. Instead,a wholelist of keywords/phrasethat
shouldbe recognizecheedso be de ned. For speechsyn-
thesiswe useafreely availablesystem(University of Bonn
2000)thatgeneratesynthesizedpeectbasedn stringson-
line.

Our dialoguesystemis realizedasa nite statemachine.
Statetransitionsin this automatoroccurwhenan utterance
is correctlyrecognizedpr whenno utterances recognized
after a certainperiod of time. With eachstate,a different
list of keywords/phrasets associatedThislist is sentto the
speechiecognitionsystemwheneerthe stateof theautoma-
tonchanges.

Figure4 depictsthe basicstructureof the nite statema-
chineof our dialoguesystemfor the situationin which the
robotactsasa museumour-guide. During sucha task,this
automatormodelstypical dialogueswith visitorsin a mu-
seum.Initially, thesystemis in thestate“small talk”. In this
state,the robot tries to attractvisitors andto involve them
into a corversatiorthatconsistof simplequestionandan-
swers.Wheneera usershowvsinterestin exhibits, therobot
changests internalstateandexplainsthe exhibits. Possible
coursesf dialoguescanbededucedrom Figure4. For dif-
ferenttaskscarriedoutby therobot,we applydifferent nite
statemachinedo modeladialogue.

GazeControl and Focusof Attention

As explainedso far, our robot maintainsa belief aboutthe
positionsof facesaswell asthe correspondingorobabili-
tiesandthe informationaboutwhenthe personhasspolen
last. Additionally, it computesfor eachpersonan impor-



tancevaluethat currently dependon whenthe personhas
spoken last, on the distanceof the personto the robot (es-
timatedusingthe sizeof the boundingbox of its face),and
onits positionrelative to the front of the robot. Peoplewho
have recentlyspolen geta high importance. The sameap-
pliesto peoplewho standdirectlyin front of therobotandto
peoplewho arecloseto therobot. Theresultingimportance
valueis aweightedsumof thosethreefactors.

Thebehaior systemcontrolstherobotin suchaway that
it focusesits attentionon the personwho hasthe highest
importance.Thus, the robot follows the movementsof the
correspondindgaceandlookstheuserin theeyes.If atsome
pointin time anothelpersoris consideredo bemoreimpor-
tantthanthe previously mostimportantone,therobotshifts
its attentionto the otherperson. For example,this canbe
the casewhena personstepscloserto the robotor whena
personstartsspeaking.

Notethatonecanalsoconsiderfurtherinformationto de-
terminetheimportanceof a person.If our robot,for exam-
ple,coulddetectthata persoris waving with its handgo get
therobot's attention this could be easilyintegratedaswell.

To enabletherobotto reactto anunknovn personoutside
its eld of view who is speakingto it, we implementeda
behaior thatreactsto salientsoundssourceghatcannotbe
assignedo ary personalreadyexisting in the belief. Thus,
the robot looks into the direction of the spealer to signal
attentvenessandto updateits belief.

Sincethe eld of view of the robotis constrainedijt is
importantthat the camerasamove from time to time to ex-
plore the environmentto get new information aboutother
people. Thus,we additionallyimplementeda behaior that
forcestherobotto regularly changdts gazedirectionandto
look in the directionof otherdetectedacesnot only to the
mostimportantone.Ourideais thattherobotshavsinterest
in multiple personsn its vicinity sothatthey feelinvolved
into the conversation Like humanspurrobotdoesnot stare
atonecorversationapartnerall thetime. Furthermorethe
robotis in this way able to updateits belief aboutpeople
outsideits current eld of view.

As a result, the robot shovs human-like behaior since
humansusually focustheir attentionon peoplewho speak
to them,on peoplestandingn front of them,andon people
who comevery close.

Facial Expressions

Our robot is able to expressits mood by meansof facial
expressionswith animatedmouth and eyebrows, to make
the corversatiormorehuman-like andto provide additional
feedbacko the corversationapartners.

The robot's facial expressionis computedin a two-
dimensional space using six basic emotional expres-
sions(joy, surprisefear, sadnessangeranddisgust).Here,
wefollow thenotionof the EmotionDisc developedby Rut-
tkay, Noot, & tenHagen(2003). Thedesignof the Emotion
Discis basedntheobsenationthatthe six basicemotional
expressionganbearrangedntheperimeternf acircle (see
Figure 5), with the neutralexpressionin the center The
EmotionDisc canbe usedto control the expressionof ary

joy

disgust surprise

ava

sadness

Figure5: Thetwo-dimensionakpacen which we compute
therobot's facialexpression.The expressiorcorresponding
to point P is computedaccordingto Eq. (3). The images
shaw the six basicemotionalexpression®f our robot

facial modeloncethe neutralandthe six basicexpressions
aredesignedFigure5 shavsthesix basicfacialexpressions
of ourrobot. In our casewe de ne themin termsof height
of the mouth corners,mouthwidth, mouth openingangle,
andangleandheightof the eye-bravs. The parameter$ °
for the facecorrespondindo a certainpoint P in the two-
dimensionakpacearecalculatedby linearinterpolationbe-
tweenthe parameter&andE?,,; of theneighboringoasic
expressions:

P’=1(p ( (M EP+ (1 (p) EQy): ®3)

Here,I(p) is the length of the vectorp, which leadsfrom
the origin (correspondingo the neutral expression)to P,
and (p) denoteshenormalizedangulardistancebetweem
andthe vectorscorrespondingdo the two neighboringbasic
expressions.This techniqueallows continuouschangeof
thefacialexpression.

To in uence the emotionalstateof our robot, we usebe-
haviors thatreactto certainevents. Eachbehaior submits
its requestin which direction and with which intensity it
wantsto changethe robot's emotionalstate. After all be-
haviors submittedheirrequeststheresultingvectoris com-
putedby the sumof the individual requests.We allow ary
movementwithin the circle describedy the EmotionDisc.

Experimental Results

To evaluateour approachwhich controlsthe gazedirec-
tion of therobotandwhich determineghe persorwho gets
thefocusof its attentionwe performedseveralexperiments
in our laboratory Furthermorewe presentexperimentsin
which we utilize change®f the robot's facial expressiornto
enrichhuman-robointeraction. Using a cameraresolution
of 320 240 pixels, the face detectionalgorithm detects
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Figure6: Evolution of the probabilitiesof two people(top
image) and the correspondingmportancevalues (bottom
image). While the robotis chattingwith personl, it rec-
ognizesthe voice of a secondpersonandturnstowardsit at
time step26. As canbe seen,person? is detectedandthe
robotupdatests belief accordingly Persor? doesnot con-
tinue talking and thusits importancedecreasesluring the
following time steps. Therefore the robot concentratesn
personl again(time step29) but alsoshavs interestin per
son2 by establishinghorteye-contacandupdatests belief
attime steps38 and49.

facesin adistanceof approximately\30  200cm. To speed
up the computationof the imageprocessingye searchthe
wholeimagesfor facesonly twice in a second.In thetime
betweenwe only considerregionsin theimages.The sizes
andlocationsof thesesearchwindows aredeterminedased
onthepredictedstatesof the correspondindlalman lters.

Localizing a Spealer and Signaling Attentiveness

The rst experimentwas designedo demonstratdow the
robot reactsto a personoutsideits current eld of view
whois talkingto it andhow therobotestablisheshorteye-
contactto signal attentveness. The evolution of the prob-
abilities of two peopleover time is depictedin the top im-
ageof Figure6. Whenthe robotdetectedpbersonl attime
stepl8, it startedo interactwith it. At time step26therobot
recognizedhevoiceof asecongersonwhowasoutsideits
eld of view, andturnedtowardsit. As canbeseentheface
of persor2 is detectecandtherobotupdatedts belief. The
importancevalue of person2 decreaseduring the follow-
ing time steps(seebottomimageof Figure 6) sinceit was
fartheraway anddid not continuetalking. Thus,the robot
proceededtoncentratingon personl (time step29). How-
ever, to involve persor? into the corversatioraswell andto
updateits belief, therobotregularly lookedto person2 and
establishedhorteye-contact.Note thatwe do not evaluate
the cameraimagesduring the rapid saccadeto avoid false
positive or negative detections During a saccadethe belief
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Figure 7: Evolution of the importancevaluesof two peo-
ple. During this experiment persor? is talking to therobot.
Thus,it hasinitially a higherimportancehanpersonl. The
robotfocusedts attentionon person? but alsolooksto per
sonl attime stepsl0and21to demonstrat¢hatit is aware
of personl. At time step21 therobotnoticesthat personl
had comevery closeandthusit shiftsits attentionto per
son1, which hasahigherimportancenow.

thereforestaysconstanfor ashortperiodof time. As canbe
seerfrom Figure6, attime steps38and49, therobotlooked
to person2 andalsoupdatedts belief correctly

Shifting Attention

The following experimentwas designedto shov how the
robotshiftsits attentionfrom onepersorto anotheif it con-
sidersthe secondoneto be moreimportant. In this exper
iment, person2 was talking to the robot. Thus, the robot
initially focusedits attentionon person2 becausét hadthe
highestimportance.However, the robotlookedto personl
attime steps10 and 21 to signalawarenessWhenlooking
to personl at time step21 the robot suddenlynoticedthat
this personhadcomevery close.Accordingly, personl got
thena higherimportancevalue andthe robot shiftedits at-
tentionto this person.As this experimentshaws, our robot
doesnot focusits attentionexclusively on the persorthatis
speaking.

Changesof the Facial Expression

The last experimentaims to demonstratehow the robot
changests emotionalstateaccordingto externalevents. In
the beginning of the experiment,the robothadnot detected
ary personfor seseral minutesand thereforeits facial ex-
pressiorwasa blendingof sadnesandfear(seetop left im-
ageof Figure8). Afterwards,in the situationshown in the
centerimageof the rst row, therobotsuddenlydetecteda
personmanddisplayeda moodcorrespondingo a mixture of
surpriseandhappiness Sincethe personstartedto interact
with therobot,therobotgothappy asshavnin thefollowing
images.

Demonstrationat RoboCup German Open 2005

We presentedAlpha during the RoboCupGermanOpen
2005in Paderborn. Figure 9 shavs the robotin a corver-
sationwith threepeople. We asled peoplewho interacted



Figure8: This gure shavs continuouschangef the fa-

cial expressionlnitially, therobotis in amoodcorrespond-
ing to a blendingof sadnessindfear sinceit is alone(top

left image). Then,therobotssuddenlydetectsa personand

changests facialexpressiortowardssurprise(centerimage

in the rst row). Afterwards,therobotgetshappy because
thepersonstartsto interactwith it (following images).

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

with therobotto Il out questionaireso getfeedback.The
30 peoplebetweenthe ageof 10 and61 who lled outthe
guestionairenadfun in interactingwith Alpha andnoticed
thattherobotwasawareof theirpresenceThepeoplefound
the eye-gazesand facial expressionhuman-like and could
recognizedifferentemotionalstates.Most of the peoplein-
teractedwith therobotfor morethanthreeminutes.

Besidegsthe experimentspresentedn this paper we pro-
vide videosof our robotAlpha on our webpagé. Currently
only corversationsin Germanare possiblebut we are al-
ready working on integrating English speechrecognition
andsynthesisaswell. In thevideos,we wantto demonstrate
how the robot performsexplorationgazesn the beginning,
how it reactso soundhow it changests focusof attention,
and how it establisheshorteye-contactin orderto signal
attentveness.

http:/iwww.nimbro.net/media.html

Conclusionsand Futur e Work

In this paper we presentedan approachto enablea hu-
manoid robot to interactwith multiple personsin a mul-
timodal way. We describedall componentghat our robot
controlarchitecturecomprisesWe usea probabilistictech-
nigueto maintainabeliefaboutthepresencef peoplein the
surroundingf our robot basedon vision data. The robot
is ableto estimatethe positionsof peopleevenif they are
temporarilyoutsideits eld of view. To enablethe robotto
shift its attentionto peoplewho aretalking to it, we usea
systemto localize the direction of spealers. Using vision
andsoundinformation,we canapply anintelligentstrateyy
to changethe focusof attention,andin this way canattract
multiple personsandincludetheminto a corversation. To
enrich human-robotinteractionand to expressthe robot's
approval or disapproal to external events,we usea tech-
nigueto changéits facialexpression.

As aresult,we obtaina human-like interactionbehavior
that shawvs attentvenessto multiple persons. In practical
experimentswe demonstratedhat our techniquewas able
to reliably updatethe belief of our robot,to controlits focus
of attentionandits gazedirection,andto changeits facial
expression.

In thenearfuture,wewill combinethehheadandthebody,
in orderto enablethe robotto performhuman-like gestures
andmovements.Furthermorewe will presenthe robotto
a broaderpublic soonto seehow peopleinteractwith the
systemandto getnew insightshow to improve thesystem.
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