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Abstract

Showingattentiveness$o peopleis an essentialcapability for a robot designedo interact with hu-
mans.Involvingseveral personsinto an interactionrequiresthatthe robotknowswhere the personsare
relativelyto its currentlocation. Theefore, we proposean approad that maintainsa probabilisticbelief
aboutpeoplein the surroundingsof the robot which is updatedbasedon sensoryinformation. Using
this belieftherobotis ableto memorizgpeopleevenif they are currently outsideits limited eld of view.
Furthermoe, we usea technigueto localizea spealkr in the environment.In this way, evenpeoplewho
are currently not storedin thebeliefof therobotcanattractits attention.Aswe showin practical exper
iments,our humanoidrobotis ableto shiftits attentionbetweerdifferentpersons.Evenpeoplewhoare
notthe primary corversationalpartnerare includedinto theinteraction.

1 Intr oduction

Our goal is to develop a humanoidrobot which performsmulti-modalinteractionwith multiple persons
simultaneouslyThis capabilityplaysanimportantrole wheneser arobothasto interactwith humansOne

applicationin this contet is aninteractve museuntour-guide. Comparedo previous museuntour-guide

projectd1, 2], whichfocusedontheautonomyof therobotsanddid notemphasizéheinteractionpartthat

much,we wantto build a robotwhich beharesandactslike a human.Over the lastfew years,humanoid
robotshave becomevery popular Thegoalof building robotswith human-like bodiesandbehaior is that

peoplecaneasilyunderstandheir gestureandknow intuitively how to interactwith sucha system.

Much researchasalreadybeenconductedn the areaof non-verbalcommunicatiorbetweena robot
anda human suchasfacialexpressiongye-gazeandgesture$3, 4,5, 6, 7]. Only little researcthasbeen
donein the areaof developinga robotic systemwhich really beharesasa corversationapartnerandacts
human-like whenmultiple personsareinvolved. A prerequisitdor this taskis thattherobotdetectgpeople
in its surroundingskeepstrack of them,andremembershemevenif they arecurrentlyoutsideits limited

eld of view. In this paperwe present systemwhich makesuseof vision, soundsourceocalization,and
speecho detect,track, andinvolve peopleinto interaction.In contrastto previousapproache§s, 9, 10],
our goalis thattherobotinteractswith multiple personsanddoesnotfocusits attentionon only onesingle
persoror usea strat@y to simply look to the persorwho is currentlyspeaking Dependingon the input of
theaudio-visuakensorspurrobotshiftsits attentionbetweerdifferentpeople.Furthermorewe developed
astratgy thatmakestherobotlook atthe persongo establistshorteye-contacandto signalattentveness.
We believe that eye movementsplay an importantrole during a corversation(also compareto Breazeal
etal. [3]). Thisresultsin amorehuman-like behaior, andthe peoplefeel betterinvolvedwhenthey notice
thattherobotshavsinterestin them. Thetwo imagesontheright of Figurel shav ourrobotAlphashifting
its attentionfrom onepersonto the otherduringa corversation.

This paperis 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 performspealer
localization.In Section6, we presenbur strately on how to determineghe gazedirectionof therobotand
how to decidewhich persongetstheattention.Finally, in Section7, we shav experimentakesults.
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Figurel: Thebodyof our robot Alpha canbe seenin the left imageandits headis shavn in the centerimage. The
two imageson the right shav snapshotef a corversationof Alpha with two people.As canbe seen therobot shifts
its attentionfrom onepersorto the otherto involve bothinto the conversation.

2 RelatedWork

Overthelastfew years muchresearcthasbeencarriedoutin theareaof multi-modalinteraction.Langet
al.[8] presente@napproactwhich combinessereralsource®f information(laser vision,andsounddata)
to track people.They apply anattentionsystemin which only the personthatis currentlyspeakings the
personof interest.While therobotis focusingon this personjt doesnotlook to anotheipersorto involve
it into the corversation Only if thespeakingoersorstopstalking for morethantwo secondstherobotwill
shaw attentionto anotheperson.Okunoetal. [10] alsoapplyaudio-visuatrackingandfollow the strateyy
to focusthe attentionon the personwho is speaking.They apply two differentmodes.In the rst mode,
therobotalwaysturnsto anew spealer andin thesecondnode therobotkeepsdts attentionexclusively on
onecorversationapartner The systendevelopedby Matsusakatal. [9] is ableto determinehe onewho
is beingaddressetb in the corversation.Comparedo our applicationscenariolmuseuntour-guide),in
whichtherobotis assumedo bethe mainspealer or actively involvedin a corversationjn their scenario
therobotactsasanobsener. It looks at the personwho is speakinganddecideswhento contributeto a
corversationbetweentwo people. The attentionsystempresentedy Breazeakt al. [3] only keepstrack
of objectswhich arelocatedin the eld of view of thecamerasin contrasto this, we keeptrackof people
overtime andmaintaina probabilisticbelief aboutdetectedacesevenif they arecurrentlynotobserable.

3 The Designof our Robot

The body (without the head)of our robot Alpha currentlyhasof 21 degreesof freedom(six in eachleg,
threein eacharm, andthreein the trunk; seeleft imageof Figure1). Its total heightis about155cm.
The skeletonof therobotis constructedrom carboncompositematerialsto achieve alow weightof about
38kg. Thehardskeletonis coveredby soft materialgo protecttherobotin thecaseof afall. To performthe
experimentgresentedn this paperwe focuson the headof our robotwhichis shavn in Figurel1 (center
image). The headconsistsof 16 degreesof freedomwhich are driven by seno motors. Threeof these
senos move a stereocamerasystemandallow a combinedmovementin the verticalandanindependent
movementin the horizontaldirection. Furthermorethreesenos constitutethe neckjoint and move the
head,six senos animatethe mouthandfour the eyebravs. Using sucha design,we cancontrolthe neck
andthe camerago performrapidsaccadesyhich arequick jumps,or slow, smoothpursuitmovementgto
keepeye-contactvith auser).Furthermorewe usethe sterecsignalof two microphoneso performspeech
recognitionaswell assoundsourcdocalization.For thebehavior controlof ourrobot,we usea framewvork
developedby Behnle andRojas[11] that supportsa hierarchyof reactive behaiors. In this framework,
behaiors arearrangedn layersthatwork on differenttime scales.

4 Detectingand Tracking PeopleUsing Vision Data

Our robot maintainsa probabilisticbelief aboutpeoplein its surroundingdo dealwith multiple persons
appropriatelyIn this sectionwe describehow to sensgeoplein the environmentusingthe datadelivered
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by thetwo cameras.To nd people,we rst run afacedetectorin the currentpair of images.Then,we
applyamechanisno associatehe detectiongo facesalreadystoredin the belief andupdateit according
to theseobsenations.

Ourfacedetectionsystemis basednthe AdaBoostalgorithmandusesa boostecdcascad®f Haarlike
featureq12]. Eachfeatureis computedby the sumof all pixelsin rectangularegionswhich canbe com-
putedvery ef ciently usingintegralimages.Theideais to detectthe relative darknesdetweerdifferent
regionslike, for example theregion of the eyesandthecheeks Originally, thisideawasdevelopedby Vi-
olaandJoned13] to reliably detectfaceswithoutrequiringa skin color model. This methodworksquickly
andyields high detectionrates.However, sincefalseclassi cationsarepossible we apply a probabilistic
techniqueo dealwith the uncertaintyin the detectionprocessThus,to maintaina beliefaboutfacesn the
surrounding®f therobotovertime, we updatethe belief basecon sensoryinput by applyingtherecursve
Bayesianschemeproposedby Moravec and Elfes [14]. In our case,this updateschemedetermineghe
probability of the existenceof aface(a person)givenasequencef positive and/ornegative obsenations:

1 PEjz) P(H) 1 Pz 1) )
P(fiz) 1 P(f) P jzi 1)

Here, f denotesthe existenceof a face, z; is the obsenation (face detected/nodetected)at time t,

and z;.; refersto the obsenation sequencaip to time t. As typically assumedye setthe prior prob-
ability (hereP(f)) to 0.5. Therefore,the secondtermin the productin Eq. (1) becomesl andcanbe
neglected. Furthervalueswhich have to be speci ed arethe probability P (f j z = det) thata faceexists
if it is detectedn the imageandthe probability P(f j z = : det) thata faceexistsif it is not detected
(anymore).In our experimentsijt turnedout thatadequatevaluesfor thoseparameterare0.9and0.2, re-

spectvely. Usingtheupdaterulein Eq. (1), theprobabilityof theexistenceof afaceis increasedf positive

obsenationsoccurandis decreasedtherwise.

To track the position of a faceover time, we usea linear Kalman Iter [15]. Applying sucha lter
leadsto a smoothingof the estimatednovementsof the faces. Eachfaceis tracked independentlyand
its statevectorcontainsthe positionandthe velocities. Beforewe canupdatethe Kalman Iters andthe
probabilitiesof thefacesusingobsenationswe must rst solvethedataassociatioproblemi.e.,we must
determinewhich obsenation correspondso which faceof our belief andwhich obsenationbelongsto a
new face. Sincewe currently do not have a mechanisnto identify people,we usea distance-basedost
functionandapply the Hungarianmethod[16] to determinethe mappingfrom obsenationsto faces.The
Hungarianmethodis a generalmethodto determinethe optimal assignmenbf jobsto machineausinga
given costfunctionin the contet of job-shopschedulingproblems. In our case,the Hungarianmethod
computeghe optimalassignmentf detectedacesin the currentcameramagesto facesalreadyexisting
in thebeliefunderthe givencostfunction. If we have anobsenationto which no existing faceis assigned,
we initialize anew Kalman lIter to trackthe correspondindgace. The updateformulain Eq. (1) is usedto
computethe probabilitywhenereranobsenationoccurs.If the probability of afacedropsbelow a certain
thresholdthe correspondindCalman Iter is deleted.Eitherthe facewasa falsepositive detectionor the
persorcorrespondingo thefacemovedaway. To reducethe probabilityof falsepositive detectionsyerun
thefacedetectolin bothimages.Thedataassociatioetweerfacesn bothimagess alsosolvedusingthe
Hungariamrmethod.In our experimentsye foundoutthatour methodworksreliably in sparselypopulated
ervironments.However, it mayfail in crovdedsituationsalsodueto thelack of afacerecognitionsystem.
Figure 2 shaws threesnapshotsluring facetracking usingindependenkKalman Iters and applyingthe
Hungarianmethodto solve the dataassociatiorproblem.As indicatedby the differently coloredboxes,all
facesaretrackedcorrectly

Sincethe eld of view of our robotis constraineddueto the openingangleof the cameraswe also
haveto keeptrackof peoplewhosefacescannotcurrentlybeobsened. In thesecasesyve setthevelocities
in the statevectorto zerosincewe do not know how peoplemaove whenthey are outsidethe eld view.
To computethe correspondingprobabilitiesof the peopleoutsidethe eld of view, we alsousethe update
formulain Eg. (1). In this case,we setP (f j z) in thatequationto a value closeto 0.5. This models
the factthatthe probabilitiesof peoplewho areassumedo bein the vicinity of the robotbut outsideits

eld of view decreas@nly slowly overtime. As explainedin Section6, the robot changests gazeinto
the directionof a personto checkwhetherit canbe detectedvheneer its uncertaintyexceedsa certain
threshold.

P(fjzu) = 1+
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Figure?2: Trackingthreefaceswith independenKalman lters. To solve the dataassociatiorproblemwe applythe
Hungarianmethod.

5 Dialogue Managementand Spealer Localization

For speeclrecognition,we currentlyusea commercialsoftware[17]. This recognitionsoftware hasthe
adwantagedhatit is spealer independenaindyields high recognitionrateseven in noisy ernvironments,
which is essentiafor the ervironmentsin which we deploy the robot. The disadwantage however, is
that no sentencegrammarcan be speci ed. Instead,a whole list of keywords/sentenceshich should
be recognizedneedsto be de ned. For speechsynthesiswe usea freely available system[18] which
generatesynthesizedspeechbasedon stringsonline. Our dialoguesystemis realizedasa nite state
machine.Statetransitionsin this automatoroccurwhenan utterancds correctlyrecognizedpr whenno
utterances recognizedhfteracertainperiodof time. With eachstate adifferentlist of keywords/sentences
is associatedThislist is sentto thespeechiecognitionsystenwheneerthestateof theautomatorchanges.

We alsoimplementeda techniquefor soundsourcelocalization. We apply the Cross-Pwer Spectrum
PhaseAnalysis[19] to calculatethe spectralcorrelationmeasureC; (t; ) betweertheleft andtheright
microphonechannel:

Q(t; W)Q (t; w)
Cr (L = FT ! r : 2
r(t) 18 (6 Wi 8 (t; w)j @

Here,$, (t; w) and$, (t; w) aretheshort-termpower spectraof theleft andrightchannebnd@, (t; w) isthe
comple conjugate.g (t; w) and$ (t; w) arecomputedhroughFouriertransformsappliedto windowed
segmentscenterecaroundtime t. FT ! denoteghe inverseFourier transform. Assumingonly a single
soundsourcetheargument which maximizesCy, (t; ) yieldsthedelay betweertheleft andtheright
channelOnce is determinedtherelative anglebetweera spealer andthe microphoneganbecalculated
undertwo assumption§8]: 1. Thespealerandthe microphonesreat the sameheight,and2. the distance
of the spealerto the microphoness largerthanthe distancebetweerthe microphonegshemseles. In the
experimentswe shav how to usethisinformationto shift the attentionof therobotto a spealer.

6 Controlling the GazeDir ection and the Focusof Attention

Ourrobotmaintainsa belief aboutthe positionsof facesaswell asthe correspondingprobabilities.Addi-
tionally, it computedor eachpersonanimportancevaluewhich currentlydependsn the distanceof the
personto therobot (estimatedisingthe sizeof theboundingbox of its face)andon its positionrelative to
the front of the robot. Peoplewho standdirectly in front of the robothave a highimportance.The same
appliesto peoplewho arecloseto therobot.

The behaior systemcontrolsthe robotin sucha way thatit focusests attentionon the personwho
hasthe highestimportance.Thus,the robot follows the movementsof the correspondingaceandlooks
the userin the eyes. Sincethe eld of view of the robotis constrainedit is importantthat the cameras
move from time to time to explore the ervironmentandto getnew informationaboutotherpeople.Thus,
we additionallyimplementedh behariior which forcesthe robotto regularly changeits gazedirectionand
to look in the direction of otherdetectedaces,not only to the mostimportantone. Our ideais thatthe
robotshawvsinterestin multiple personsn its vicinity sothatthey feelinvolvedinto thecorversationLike
humanspurrobotdoesnot stareat onecorversationapartnerall thetime. Furthermoretherobotis in this
way ableto updateits belief aboutpeopleoutsideits current eld of view.
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Figure 3: Evolution of the probabilitiesof two people. While the robotis chattingwith personi, it recognizeshe
voice of a secondpersonand turnstowardsit at time step25. As canbe seen,person?2 is detectedand the robot
updatests belief. Afterwards,it continuegalkingto personl but alsoshaws interestin person2 by establishinghort
eye-contackndupdatests beliefattime steps35, 45,53, and62.

If at somepointin time anotherpersonis consideredo be moreimportantthanthe previously most
importantone,the robot shiftsits attentionto the otherperson.For example,this canbethe casewhena
persorstepscloserto therobot. To shift the attentionof therobottemporarilyto a personwhoiis talking to
it, we useour spealer localizationsystem.In this way, therobotis alsoableto involve peopleoutsideits

eld of view who have not beendetectedefore. As a result,the robot shavs human-like behaior since
humansusuallyfocustheir attentionto peoplestandingin front of them,to peoplewho comevery close,
or to peoplewho speakto them.

By looking around,the robotis ableto detectfacesof peoplewho have not beenstoredin its belief
before.Furthermoreif therobotgetstoo uncertairaboutwhetheror nota personwhois outsideits current
eld of view is still there,it looks aroundto reduceits uncertainty The uncertaintyof a belief canbe
determinedy theentropy. Theentropy H of adiscreteposteriop(x) is computedy

X
H(p(x)) = p(xi) logp(xi): 3)

Xi

Herex; arethepossiblevaluesof adiscretebelief. In ourcaseEq. (3) simpli es to

H(p(f)) = p(f)logp(f) (1 p(f))logl p(f)): (4)

The entropy of a posterioris maximumin caseof a uniform distribution, andis zeroin casethe robotis
absolutelycertainabouttheexistenceof aface.As soonastheentropy in its beliefabouta persorexceedsa
certainthresholdtherobotconsidergo performanobsenationactionandto look to the predictedposition
of thecorrespondindaceto reducethe uncertainty

7 Experimental Results

To evaluateour approacho controlthe gazedirectionof the robotandto determinethe personwho gets
thefocusof its attention,we performedseveral experimentsn our laboratory Using a cameraresolution
of 320 240pixels,thefacedetectionalgorithmdetects§acesn adistanceof approximately30 200cm.
To speedup the computatiorof theimageprocessingywe searchthewholeimagesfor facesonly twicein
a second.In the time betweenwe only consideregionsin theimages. The sizesandlocationsof these
searchwindows aredeterminedasedn the predictedstateof the correspondindCalman lters.

7.1 Localizing a Spealer and Signaling Attenti veness

The rst experimentwasdesignedo demonstratéow therobotreactsto a personoutsideits current eld
of view who is talking to it andhow the robot establisheshorteye-contacto signalattentveness.The
evolution of the probabilitiesof two peopleover time is depictedin Figure3. Whenthe robot detected
personl attime step11, it startedto interactwith it. At time step25 the robot recognizedhe voice of
a secondperson,who wasoutsideits eld of view, andturnedtowardsit. As canbe seen,the faceof
person? is detectedand the robot updatedits belief. Sinceperson2 hada lower importancevalue (it
was fartheraway), the robot continuedits interactionwith personl. However, to involve person2 into
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Figure4: Evolution of the belief aboutthreepeople.While personsl and3 areinitially in the eld of view, person2
is not. Therobotconcentratests attentionon personsl and3, but to alsoshav interestin person2 andto updateits
belief, therobotlooksto person2 attime steps56, 66, and80.
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Figure5: Evolution of the probabilitiesof two people(left image)andthe correspondingmportancevalues(right
image). In the beginning, the robotis interactingwith personl. At time step22, afteran exploring gaze,the robot
detectsperson2. However, it continuesconcentratingon personl. After looking to person2 at time step40, the
robotshiftsits attentionto person?2 sincetherobotnoticedthatit hadcomevery closeandis thusconsiderecismore
important.Whentherobotlooksbackto personl (time step53), the personcannotbe detectecanymoreandtherobot
updatests beliefaccordingly

the corversationaswell the robot regularly lookedto person2 and establishedshorteye-contact. Note
that we do not evaluatethe cameraimagesduring the rapid saccadeso avoid falsepositive or negative
detectionsDuring a saccadethe belief thereforestaysconstanfor a shortperiodof time. As canbeseen
from Figure3, at time steps35, 45, 53, and 62, the robot looked to person2 andalsoupdatedits belief
correctly A similar experimentwith threepeople,in which the robot concentratedts attentionon two
personsut alsolookedto athird persorfrom time to time, is shavn in Figure4.

7.2 Shifting Attention

The following experimentwas designedto shav how the robot shifts its attentionfrom one personto
anotheiif it considerghe seconneto bemoreimportant. Theleft imageof Figure5 shavstheevolution
of the probabilitiesof two peopleduringthis experiment.In the beginning, the robotwasinteractingwith
personl. At time step22,therobotperformedanexploring gaze.As canbeseerfrom the gure, therobot
detectedhe faceof person2. Sincepersonl hada muchhigherimportancevalue(it wascloser;seethe
right imageof Figure5), the robotcontinuedconcentratingpn personl. During the following time steps,
the probability of person2 decreasedbecauset wasnotin the eld of view of the robot. However, the
robotkeptpersor? in its belief. At time step40, therobotdecidedo look to person2 to checkwhetherit
wasstill there.Therobotdetectedt, andsinceperson2 hadcomemuchcloser it gota higherimportance
thanpersonl. Thus,therobotshiftedits attentionto persor2. At thesametime, the probabilityof personlL
decreasedinceit wasnotin the eld of view anymore.At time step53, therobotlookedinto thedirection
of personl, however, the persorhadgoneandtherobotupdatedts beliefaccordingly

8 Conclusions

In this paper we presentechn approacho enablea humanoidrobotto corversewith multiple persons.
We usea probabilistictechniqueto updatea belief aboutpeoplein the surroundingf our robot based
on vision data. The robotis ableto maintainestimationsaboutthe positionsof peopleevenif they are
temporarilyoutsideits eld of view. To enablethe robotto shift its attentionto peoplewho aretalking
to it, we usea systemto localizethe directionof spealers. Using vision and soundinformation,we can
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applyanintelligent strategy to changethe focusof attention,andin this way canattractmultiple persons
andinvolve theminto a corversation.

As aresult,we obtaina human-like interactionbehaior that shavs attentvenesgo multiple persons.
This is valuablefor several real world scenariosn which the robot needsto interactwith humans. In
practical experiments,we demonstrateaur techniqueto reliably updatethe belief of our robot andto
controlits gazedirection.
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