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Abstract—The purpose of our reseach is to develop a hu-
manoid museumguide robot that performs intuiti ve, multimodal
interaction with multiple persons.In this paper, we presenta
robotic systemthat makesuse of visual perception, sound source
localization, and speechrecognition to detect, track, and involve
multiple personsinto interaction. Depending on the audio-visual
input, our robot shifts its attention between different persons.
In order to direct the attention of its communication partners
towards exhibits, our robot performs gestures with its eyes and
arms. As we demonstrate in practical experiments,our robot is
able to interact with multiple personsin a multimodal way and
to shift its attention between differ ent people. Furthermor e, we
discussexperiencesmade during a two-day public demonstration
of our robot.

|. INTRODUCTION

Our goal is to develop a museumguide robot that acts
human-like. The robot should perform intuitive, multimodal
interaction,i.e., it shoulduse speechgye-gaze,and gestures
to conversewith the visitors. Furthermoretherobot shouldbe
able to distinguish betweendifferent personsand to interact
with multiple personssimultaneouslyComparedto previous
museumtour-guide projects [17], [24], [28], which mainly
focusedon the autonomyof the (non-humanoidyobots and
did not emphasizethe interactionpart so much, we want to
build a robot that behareshuman-like during the interaction.

Much researchhas alreadybeenconductedin the areaof
non-verbalcommunicatiorbetweera robotanda human,such
asfacial expressiongye-gazeand gesturecommandg4], [9],
[20], [25], [29]. However, only little researcthasbeendonein
the areaof developinga robotic systemthatis ableto interact
with multiple personsappropriately This was also statedby
Thrun[27] asoneof the openquestiondn the eld of human-
robot interaction.

In contrastto previous approacheso human-robotnterac-
tion using multimodal sensing[8], [12], [19], our goal is that
the robot involves multiple personsinto interactionand does
not focus its attentionon only one single person.It should
neithersimply look to the personwho is currently speaking.
Dependingon the input of the audio-visualsensorspur robot
shifts its attentionbetweendifferent people.

In orderto direct the attentionof the visitors towards the
exhibits, our robotperformsgesturesvith its eyesandarms.To
male theinteractionevenmorehuman-like, we usea headwith
an animatedmouthandeyebrovs andshow facial expressions

Fig. 1. Our robot Alpha interactingwith peopleduring a public demonstra-
tion.

correspondingo the robot's mood. As a result, the usersget
feedbackhow the robot is affected by the different external
events. This is importantbecauseexpressingemotionshelps
to indicate the robot's stateor its intention. Figure 1 shows
our robot Alpha interacting with people during a two-day
demonstratiorin public.

This paperis organizedas follows. The next sectiongives
an overview over related work, and Section lll introduces
the hardware of our robot. In Section IV, we presentour
techniqueto detectandkeeptrack of peopleusingvision data
and a spealer localization system.In SectionV, we explain
our stratgy on how to determinethe gazedirection of the
robot and how to decidewhich persongetsits attention.In
SectionVI, we describethe pointing gesturesour robot per
forms,andin SectionVIl, we illustratehow the robotchanges
its facial expressiondependingon external events.Finally, in
SectionVIll, we shav experimentalresults and discussthe
experiencesve madeduring the two-day demonstratiorof our
robotin public.

II. RELATED WORK

Over the lastfew years,muchresearcthasbeencarriedout
in the areaof multimodal interaction. Several systemsexist
thatusedifferenttypesof perceptiono senseandtrack people
during an interactionand that use a stratgy to decidewhich
persongetsthe attentionof the robot.

Lang et al. [8] apply an attention systemin which only
the personthatis currently speakingis the personof interest.
While the robotis focusingon this person,it doesnot look to
anotherpersonto involve it into the corversation.Only if the
speakingpersonstopstalking for morethantwo secondsthe



robotwill showv attentionto anotherperson.Okunoetal. [19]
also follow the strategyy to focus the attentionon the person
who is speaking.They apply two differentmodes.In the rst
mode, the robot always turns to a new spealer, and in the
secondmode, the robot keepsits attention exclusively on
one corversationalpartner The systemdeveloped by Mat-
susakaet al. [12] is able to determinethe one who is being
addressedo in the corversation.Comparedo our application
scenario(museumguide), in which the robot is assumedo
be the main spealer or actively involved in a corversation,
in their scenariothe robot actsas an obserer. It looks at the
personwho is speakingand decideswhento contritute to a
corversationbetweentwo people.

The model developedby Thorisson[26] focuseson turn-
taking in one-to-one corversations. This model has been
appliedto avirtual characterSincewe focuson how to decide
which personin the surroundingf the robotgetsits focusof
attention,a combinationof both techniqueds possible.Kopp
and Wachsmuth[6] developeda virtual corversationalagent
which usescoordinatedspeechand gesturesto interactwith
humansin a multimodalway:.

In the following, we summarizethe approacheso human-
like interaction behaior of previous museum tour-guide
projects.Bischof and Graefe[3] presenteda robotic system
with a humanoidtorso that is able to interact with people
usingits arms.This robot also actedas a museumtour-guide.
However, the robot does not distinguish betweendifferent
personsand does not have an animatedface. Several (non-
humanoid)museumtour-guide robotsthat make use of facial
expressionsto shav emotionshave alreadybeendeveloped.
Schulte et al. [22] used four basic moods for a museum
tour-guide robot to showv the robot's emotional state during
traveling. They de ned a simple nite statemachineto switch
betweenthe differentmoods,dependingon how long people
were blocking the robot's way. Their aim wasto enhancehe
robot's believability during navigationin orderto achieve the
intendedgoals. Similarly, Nourbakhshet al. [16] designeda
fuzzy statemachinewith ve moodsfor a robotic tour-guide.
Transitionsin this statemachineoccur dependingon external
events,like peoplestandingin the robot's way. Their intention
wasto achiese a betterinteractionbetweenthe usersand the
robot. Mayor et al. [13] useda facewith two eyes,eyelidsand
eyebravs (but no mouth) to expressthe robot's mood using
seven basicexpressionsThe robot's internal stateis affected
by several events during a tour (e.g., a blocked path or no
interestin the robot).

Most of the existing approacheglo not allow continuous
changesin the facial expression.Our approach,in contrast,
usesa bilinear interpolationtechniquein a two-dimensional
statespace[21] to smoothlychangethe robot's facial expres-
sion.

I11. THE DESIGN OF OUR ROBOT

The body (without the head)of our robot Alpha has cur-
rently 17 degreesof freedom(four in eachleg, threein each
arm, andthreein the trunk; seeleft imageof Figure 2). The

Fig. 2. The left image shavs the body of our robot Alpha. The image on
the right depictsthe headof Alphain a hapyy mood.

joints of the robot are driven by FaulhaberDC-motors of

differentsizes.The robot's total heightis about155cm. The
skeleton of the robot is constructedfrom carboncomposite
materialsto achieze alow weightof about30kg. Thehead(see
right image of Figure 2) consistsof 16 degreesof freedom,
which aredrivenby seno motors.Threeof thesesenos move

two camerasand allow a combinedmovementin the vertical
and an independentmovementin the horizontal direction.
Furthermore three senos constitutethe neck joint and move

the entire head, six senos animatethe mouth, and four the
eyebravs. Using sucha design,we can control the neck and
the camerado performrapid saccadesyhich arequick jumps,
or slow, smoothpursuitmovements(to keepeye-contactwith

a user).We take into accountthe estimatedlistanceto a target
in orderto computeeye vergencemovementsThesevergence
movementsensurethat the target remainsin the centerof the
focusof both camerasThus,if atargetcomescloser the eyes
areturnedtoward eachother (seealso[4]).

The camerasare one of the main sensorsto obtain infor-
mation aboutthe surroundingsof the robot. Furthermorewe
usethe stereosignal of two microphonego perform speech
recognitionaswell as soundsourcelocalization.

For the behavior control of our robot, we usea framework
developedby Behnle andRojas[1] thatsupportsa hierarchyof
reactve behaiors. In this framework, behaiors are arranged
in layersthat work on differenttime scales.

IV. KEEPING TRACK OF PEOPLE

To sensepeoplein the ervironmentof our robot, we use
the data delivered by the two camerasand the information
of our spealer localizationsystem.In orderto keeptrack of
personseven when they are temporarily outside the robot's
eld of view, the robot maintainsa probabilistic belief about
the peoplein its surroundings.

A. Misual Detectionand Tracking of People

Figure 3 illustrates how the updateof the robot's belief
works. To nd peoplein the currentpair of images,we rst
run a facedetector Then,we apply a mechanismo associate
the detectiongo facesalreadystoredin the belief and nally,
we updatethe belief accordingto the new obsenations.In the
following, we explain the individual stepsin more detail.

Our facedetectionsystemis basedon the AdaBoostalgo-
rithm and usesa boostedcascadeof Haarlike features[10].
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Fig. 3. The threestepscarried out to updatethe belief of the robot about
the peoplein its surroundingsbasedon vision data.

Eachfeatureis computedy the sumof all pixelsin rectangular
regions,which canbe computedvery ef ciently usingintegral
images.The idea is to detectthe relatve darknessbetween
different regions like the region of the eyes and the cheeks.
Originally, this idea was developedby Viola and Jones[30]
to reliably detectfaceswithout requiring a skin color model.
This methodworks quickly andyields high detectionrates.

After the facedetectionprocesswe mustdeterminewhich
detectedfacein the currentimagesbelongsto which person
that alreadyexist in the belief and which face belongsto a
new face.To solve this data associationproblem, we apply
the HungarianMethod [7]. The HungarianMethod is a gen-
eral methodto determinethe optimal assignmenbf jobs to
machines,using a given cost function in the context of job-
shop schedulingproblems.Sincewe currently do not have a
mechanismto identify people,we use a distance-basedost
function to determinethe mappingfrom currentobsenations
to facesalreadyexisting in the belief.

To deal with false classi cations of face/non-&ce regions
and associationfailures, we apply a probabilistic technique.
We usea recursve Bayesianupdatescheme[14] to compute
the existenceprobability of aface(detailscanbe foundin [2]).
In this way, the robot can also keeptrack of the probability
that a personoutsidethe current eld of view is still there.

Figure 4 shavs three snapshotsduring face tracking. As
indicatedby the differently coloredboxes,all facesaretracked
correctly

B. Speakr Localization

Additionally, we implementeda systemto localizea spealer
in the ervironment.We applythe Cross-Pwer SpectrunPPhase
Analysis [5] to calculate the spectral correlation measure
betweenthe left and the right microphonechannel.By doing
S0, we candeterminethe delay betweenthe left andthe right
channel As we canusethis delay the relative anglebetween
a spealer and the microphonescan be calculatedunder two
assumptiong8]: 1. The spealer and the microphonesare at
the sameheight,and 2. the distanceof the spealer to the mi-
crophoness largerthanthe distancebetweerthe microphones
themseles.

We assignthe informationthat the personhasspolento the
personin the robot's belief that hasthe minimum distanceto
the soundsource.lf the angulardistancebetweenthe spealer

Fig. 4. Trackingthreefaces.

andthe personis greaterthana certainthreshold,we assume
the spealer to be a new person,who just enteredthe scene.

V. GAZE CONTROL AND FOCuUSs OF ATTENTION

For eachpersonin the belief, we computean importance
value. This importancevaluetriggersthe focusof attentionof
the robot. It currently dependson the time when the person
has last spolen, on the distanceof the personto the robot
(estimatedusing the size of the boundingbox of its face),
and on its position relative to the front of the robot. People
who have recentlyspolengeta higherimportancehanothers.
The sameappliesto peoplewho standdirectly in front of the
robot andto peoplewho are closeto the robot. The resulting
importancevalueis a weightedsum of thesethreefactors.

The robot focusesits attentionalways on the personwho
has the highestimportance,which meansthat it keepseye-
contactwith this person.If at some point in time another
personis consideredo be moreimportantthanthe previously
mostimportantone, the robot shifts its attentionto the other
person.For example,this canbe the casewhena personsteps
closerto the robot or when a personstarts speaking.Note
that one can also considerfurther information to determine
the importanceof a person.If our robot, for example, could
detectthat a personis waving with his/her handsto get the
robot's attention,this could easily be integratedaswell.

If a personthatis outsidethe current eld of view and not
storedin the belief so far startsto speak,the robot reactsto
this by turning towards the correspondingdirection. In this
way, the robot shavs attentvenessand is able to updateits
belief.

Sincethe eld of view of the robot is constrained(it is
approximately90 degrees),it is importantthat the cameras
move from time in orderto time to explore the environment
sothattherobotis ableto updateits belief aboutsurrounding
people. Thus, the robot regularly changesits gazedirection
andlooksin the directionof otherfaces,not only to the most
important one. Our idea is that the robot shavs interestin
multiple personsn its vicinity so thatthey feel involved into
the corversationLike humanspur robotdoesnot stareat one
corversationalpartnerall the time.

VI. POINTING GESTURES

As already investigatedby Sidner et al. [23] who used
a robotic penguin,humanstend to be more engagedin an
interactionwhen a robot usesgesturesto refer to objectsof
interest.The attentionof the communicatiorpartnerss dravn
towardsthe objectsthe robot is pointing to. Thus,we let the
robot perform pointing gesturesto an exhibit wheniit starts
to presentone. In this way, the visitors are attractedmore,



Fig. 5. Sideview of the arm movementduring a pointing gesture.

follow the gazedirection of the robot, and are able to easily
infer which of the exhibits (if thereare several nearby)is the
oneof interest.

While analyzing arm gestures performed by humans,
Nickel et al. [15] found out that most people use the line
of sight betweenheadand handwhen pointing to an object.
Comparedto this line of sight, the direction of the forearm
was not so expressive. Peopleusually move the arm in such
a way thatin the hold phasethe handis in oneline with the
headandthe objectof interest.We usethis resultto compute
the position of the handof our robot during the hold phase.

Ourrobothasarmswith threedegreesof freedom:two in the
shoulderand onein the elbon. To specify an arm movement,
we usethex (left andright) andy (backandforth) directionof
the shoulderjoint and an abstractparametethat speci esthe
armextension.Thearmextensionis avaluewhich speci esthe
distancebetweenhandand shoulderrelative to the maximum
possible distancewhen the arm is outstretched.Using this
extensionvalue, the position of the elbow joint is computed.
The x componenbf the shoulderjoint acceptsralueshetween

12 and 52 andthe y componentvalues between 38
and66 .

Whentherobotstartsto explain anexhibit, it simultaneously
movesthe headandthe eyesin thedirectionof the exhibit, and
it pointsin the directionwith the correspondingarm. We rst
computethe point wherethe (almost) outstretchedirm would
meetthe line of sight. This is the point wherethe robot's hand
restsduring the hold phase Figure 5 illustratesthe movement
of the arm during a gesture.To model the arm gesture,we
usean individual sine curve for eachjoint. We optimizedthe
movementso that it appearshuman-lile.

Figure6 (from (a) to (d)) shons an examplescenariofrom
thevisitor's perspectie. Initially, therobotandthe personwere
looking at eachotherwhile talking. Then,the personasledthe
robot to presentan exhibit. Thus,the robot startedto explain
the exhibit and simultaneouslylooked in the direction of the
correspondingobject. Immediately afterwards, it startedthe
arm gesture.

VIl. FACIAL EXPRESSIONS

Shaving emotionsplays an importantrole in inter-human
communicationbecausefor example,the recognitionof the
mood of a corversationalpartnerhelpsto understanchis/her
behaior and intention. Thus, to make the interactionmore
human-lilke, we usea facewith animatedmouthandeyebrowns

(@) (b)

(© (d)

Fig. 6. Alpha performinga pointing gesture(from (a) to (d)). Initially, the
robotfacesthe person.Then,it looksin the directionof the exhibit and starts
the arm gesture.

to display facial expressionscorrespondingto the robot's
mood. As a result, the usersget feedbackhow the robot is
affectedby the differentexternal events.

The robot's facial expressionis computedin a two-
dimensionakpaceusingsix basicemotionalexpressiongjoy,
surprisefear, sadnessanger anddisgust).Here,we follow the
notion of the Emotion Disc developedby Ruttkay et al. [21].
The designof the Emotion Disc is basedon the obsenation
thatthe six basicemotionalexpressionsanbearrangedn the
perimeterof a circle (seeFigure7), with the neutralexpression
in the center The Emotion Disc can be usedto control the
expressionof ary facial model once the neutral and the six
basicexpressionsare designed Figure 7 shavs the six basic
facial expressionof our robot.

The parameterd © for the face correspondingo a certain
point P in the two-dimensionakpaceare calculatedby linear
interpolation betweenthe parametersE? and E2,; of the
neighboringbasicexpressions:

PP=1(p) ( (p) EP+ (L (P) Efy): 1
Here, I(p) is the length of the vector p that leads from
the origin (correspondingto the neutral expression)to P,
and (p) denotesthe normalizedangulardistancebetweenp
and the vectorscorrespondingo the two neighboringbasic
expressionsThis techniqueallows continuouschangesof the
facial expression.

To inuence the emotional state of our robot, we use
behaiors that reactto certainevents.For example,if no one
is interestedin the robot, it is getting more and more sad, if
someonghentalksto it, therobot's moodchangedo a mixture
of surpriseand happinessEachbehaior submitsits request
in which directionandwith which intensityit wantsto change
the robot's emotionalstate. After all behaiors submittedtheir
requeststhe resulting vectoris computedby the sum of the
individual requestsWe allow any movementwithin the circle
describedby the Emotion Disc.

VIIl. EXPERIMENTAL RESULTS

To evaluateour approachto control the gazedirection of
the robot and to determinethe personwho gets the focus



anger

disgust

joy

ave

sadness

[\

fear

surprise

=

field of view

(@) <10 (b) =10

Fig. 7. The two-dimensionalspacein which we computethe robot's facial
expression.

of its attention, we performed several experimentsin our
laboratory One of them is presentedhere. Furthermore we
reportexperiencesve madeduring public demonstration.

A. Shifting Attention

This experimentwas designedo shav how the robot shifts
its attentionfrom one personto anotherif it considersthe
secondoneto be moreimportant.In the situationconsidered
here,two personsverein the surroundingof Alpha. Personl
wasonly listeningandperson2 wastalking to therobot. Thus,
therobotinitially focusedits attentionon person2 sinceit had
the highestimportance Theimagesfrom (a) to (d) in Figure8
illustrate the setupof this experimentand shov how the robot
changests gazedirection.The lower imagein Figure8 shovs
the evolution of the importancevalue of the two personsAt
time steps10 and 21, the robot looked to personl to signal
awarenessndto involve him/herinto the corversation When
looking to personl attime step21, the robotsuddenlynoticed
thatthis persorhadcomevery close.Accordingly, personl got
a higherimportancevalue, and the robot shifted its attention
to this person.As this experimentdemonstratespur robot
doesnot focusits attentionexclusively on the personthat is
speakingFurtherexperimentalkesultsarepresentedn [2]. We
provide videosof our robot Alpha on our webpagé.

B. PresentingAlphato the Public

During a two-day sciencefair of Freiburg University in
June 2005, we exhibited our robot. Alpha had simple con-
versationswith the peopleand presentedts robotic friends.
Figure 9 shavs Alpha in action. For speechrecognition,we
currently use a commercialsoftware (GPMSC developedby
Novotech[18]) andfor speechsynthesisthe LoquendoTTS
software[11], which is alsocommercial Our dialoguesystem
is realizedasa nite statemachine(see[2] for details).

We asled several peoplewho interactedwith the robot to
Il outquestionnaireto getfeedback Almostall peoplefound
the eye-gazesgesturesand the facial expressionhuman-like
and felt that Alpha was aware of them. The people were

Ihttp://www.nimbro.net/media.html
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Fig. 8. Theimageg(a) to (d) illustratethe setupin this experiment.Thelower
image shavs the evolution of the importancevaluesof two people.During
this experiment,person2 is talking to the robot. Thus, it hasinitially a higher
importancethanpersonl. The robotfocusests attentionon person2 but also
looks to personl at time steps10 and 21 to demonstratehat it is aware of
personl. At time step21 the robot noticesthat personl hascomevery close
andthusit shiftsits attentionto personl, which hasa higherimportancenow.

mostly attractedand impressedby the vivid human-like eye
movements.Most of the peopleinteractedwith the robot for
morethanthreeminutes.This is a goodresultbecauset was
rather crowded aroundour stand. Sometoddlerswere afraid
of Alpha and hid behindtheir parents Apparently they were
not surewhat an creaturethe robot is.

One limitation of our current systemis that the speech
recognitiondoesnot work sufciently well in extremelynoisy
ervironments.In the exhibition hall, even the humanshadto
talk ratherloud to understandeachother Thus, the visitors
had to use close-talkingmicrophonesin orderto talk to the
robot. Obviously, therewere several recognitionfailures.

To evaluatethe expressvenesf the gesturesye performed
an experimentin which we asled the people (which were
not familiar with robots)to guesswhich exhibit Alpha was
pointingto. In this experiment Alpha randomlypointedto one
of the robots.We had two robotsexhibited on eachside of a
tableand,ascanbeseenfrom Figure9, therobotson thesame
sideweresitting quite closeto eachother 91% of the gestures
were correctly interpreted Eachsubjectguessedhe target of
four pointinggesturesOneinterestingobsenationwasthatthe
peopleautomaticallylooked into the robot's eyesin orderto
determinghe objectof interest.Thus,they noticedthatthearm
was not the only sourceof directional information. Another
obsenationwasthatthe peopledid not verbalizethe namesof
the referencedobots(they were clearly marked), insteadthey
adopteda pointing behaior as well. Further experimentsin
our laboratorywith the aim to evaluatethe dereferencability
of pointing gesturesyielded similar results.



Fig. 9. Alpha presentingts friends.
IX. CONCLUSIONS

In this paper we presentedan approachto enablea hu-
manoidrobotto interactwith multiple personsn a multimodal
way. Using visual perceptionand sound sourcelocalization,
the robot appliesan intelligent stratgy to changeits focus
of attention.In this way, it can attract multiple personsand
includetheminto aninteraction.In orderto directthe attention
of its communicatiorpartnerstowardsobjectsof interest,our
robot performspointing gestureswith its eyes and arms. To
expressthe robot's approval or disappr@al to externalevents,
we usea techniqueto changeits facial expression.

In practical experiments,we demonstratecbur technique
to control the robot's gaze direction and to determinethe
personwho getsits attention.Furthermorewe discussedhe
experienceswe made during a public demonstrationof our
robot.
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