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Abstract

This paperdescribegnimplementedobotsystemwhich
relies heavily on probabilistic Al techniquesfor acting
underuncertainty The robot Pearl and its predecessor
Flo have beendevelopedby a multi-disciplinaryteamof
researchersver the pastthreeyears. The goal of this
researchis to investigate the feasibility of assistingel-
derly peoplewith cognitive and physical actiity limi-
tations through interactive robotic devices, therebyim-
proving their quality of life. The robot's task involves
escortingpeoplein an assistediving facility—a time-
consumingaskcurrently carriedout by nurses.lts soft-
warearchitectureemploys probabilistictechniquest vir-
tually all levels of perceptionanddecisionmaking. Dur-
ing the courseof experimentsconductedin an assisted
living facility, the robot successfullydemonstratedhat
it could autonomouslyprovide guidancefor elderly resi-
dents.While previousexperimentswith elded robotsys-
temshave providedevidencethatprobabilistictechniques
work well in thecontext of navigation,we foundthesame
to betrue of humanrobotinteractionwith elderly people.

Intr oduction

The US populationis agingat an alarmingrate. At present,
12.5%o0f the US populationis of age65 or older The Admin-
istrationof Aging predictsa 100%increasef thisratio by the
year2050[26]. By 2040,the numberof peopleof ageof 65 or
olderper100working-agepeoplewill haveincreasedrom 19
to 39. At thesameime, thenationfacesasigni cant shortage
of nursingprofessionalsTheFederatiorof NursesandHealth
CareProfessionalbasprojectecaneedor 450,000additional
nursesby the year2008. It is widely recognizedhatthe sit-
uationwill worsenasthe baby-boomegeneratiormovesinto
retirementage with no clearsolutionin sight. Thesedevelop-
mentsprovide signi cant opportunitiesfor researcherm Al,
to developassistve technologythatcanimprove the quality of
life of our agingpopulation,while helpingnurseso become
moreeffective in their everydayactiities.

To respondto thesechallengesthe NursebotProject was
conceved in 1998 by a multi-disciplinary team of investi-
gatorsfrom four universities, consistingof four health-care

faculty, oneHCI/psychologyexpert,andfour Al researchers.

Thegoalof this projectis to developmobileroboticassistants
for nursesand elderly peoplein varioussettings. Over the

courseof 36 months,the teamhasdevelopedtwo prototype
autonomousnobilerobots,shavn in Figurel.

Fromthemary servicesucharobotcouldprovide (se€[11,
16]), thework reportecherehasfocusednthetaskof remind-
ing peopleof events(e.g., appointmentsjiand guiding them
throughtheir ervironments. At presentnursingstaf in as-
sistedliving facilities spendssigni cant amountsof time es-
corting elderly peoplewalking from onelocationto another

The numberof actiities requiring navigation is large, rang-
ing from regulardaily events(e.g.,meals) appointmentge.g.,
doctorappointmentsphysiotherap, hair cuts), socialevents
(e.g.,visiting friends,cinema) to simply walking for the pur
poseof exercising. Many elderly peoplemove at extremely
slow speedge.g.,5 cm/sec) makingthe taskof helpingpeo-
ple aroundone of the mostlaborintensve in assistediving
facilities. Furthermore the help provided is often not of a
physical nature,aselderly peopleusually selectwalking aids
over physicalassistancby nursesthuspreservingsomeinde-
pendence.Instead,nursesoften provide importantcognitive
help, in the form of reminders,guidanceand motivation, in
additionto valuablesocialinteraction.

In two day-longexperiments,our robot hasdemonstrated
the ability to guide elderly people,without the assistancef
a nurse. This involves moving to a persons room, alert-
ing them, informing them of an upcomingevent or appoint-
ment,andinquiring abouttheir willingnessto be assisted.It
theninvolvesa lengtty phasewherethe robot guidesa per
son, carefully monitoringthe persons progressandadjusting
the robot's velocity and path accordingly Finally, the robot
alsosenesthesecondanpurposeof providing informationto
the persoruponrequestsuchasinformationaboutupcoming
communityevents,weatherreports, TV schedulesetc.

From an Al point of view, several factorsmale this task
a challengingone. In additionto the well-developedtopic
of robot navigation [15], the task involves signi cant inter
actionwith people.Our presentobot Pearlinteractsthrough
speechandvisual displays. Whenit comesto speechmary
elderly have dif culty understandingven simple sentences,
andmoreimportantly articulatingan appropriateesponseén
acomputerunderstandableay. Thosedif culties arisefrom
perceptuabndcognitive de ciencies,ofteninvolving a multi-
tudeof factorssuchasarticulation,comprehensiorandmen-
tal agility. In addition, peoples walking abilities vary dras-
tically from personto person. Peoplewith walking aidsare
usually an order of magnitudeslower than peoplewithout,
and peopleoften stopto chator catchbreathalongthe way.
It is thereforeimperatize that the robot adaptsto individual
people—araspeciof peopleinteractionthat hasbeenpoorly
exploredin Al androbotics.Finally, safetyconcernsiremuch
higherwhendealingwith the elderly population especiallyin
crowdedsituationg(e.g.,dining areas).

The software systempresentedhereseekso addresshese
challenges.All software componentsise probabilistictech-
niquesto accommodatevarious sorts of uncertainty The
robot's navigation systemis mostly adoptedfrom [5], and
thereforewill notbedescribedn this paper Ontop of this, our
software possessea collectionof probabilisticmodulescon-
cernedwith peoplesensing,nteraction,andcontrol. In par
ticular, Pearlusesef cient particle lter techniquedo detect



Figure 1: Nursebotd-lo (left) andPearl(centerandright) interacting
with elderlypeopleduringoneof our eld trips.

andtrack people. A POMDP algorithm performshigh-level
control, arbitrating information gatheringand performance-
relatedactions. And nally, safetyconsiderationsreincor
poratedeven into simple perceptuaimodulesthrougha risk-
sensitve robot localizationalgorithm. In systematicexperi-
ments,we found the combinationof techniquedo be highly
effective in dealingwith theelderlytestsubjects.

Hardware, Software, And Environment

Figurel shavsimagesof therobotsFlo ( rst prototype,now
retired) and Pearl (the presentrobot). Both robots possess
a differential drive system. They are equippedwith two on-
boardPentiumPCs,wirelessEthernetSICK laserrange nd-
ers,sonarsensorsmicrophonegor speechrecognition speak-
ers for speechsynthesistouch-sensitie graphicaldisplays,
actuatecheadunits, andstereocamerasystems.Pearldiffers
from its predecessoFlo in mary respectsjncluding its vi-
sualappearanceawo sturdyhandle-baraddedo provide sup-
portfor elderlypeopleamorecompactesignthatallows for
cago spaceand a removable tray, doubledbatterycapacity
a secondlaserrange nder, anda signi cantly more sophis-
ticatedheadunit. Many of thosechangesverethe resultof
feedbackirom nursesand medicalexpertsfollowing deploy-
mentof the rst robot, Flo. Pearlwaslargely designedand
built by the StandardRobotCompaly in Pittskurgh, PA.

On the software side, both robotsfeatureoff-the-shelfau-
tonomousmobile robot navigation system[5, 24], speech
recognitionsoftware[20], speectsynthesisoftware[3], fast
image captureand compressionsoftware for online video
streamingfacedetectiontrackingsoftware[21], andvarious
new software modulesdescribedn this paper A nal soft-
warecomponenis a prototypeof a e xible remindersystem
usingadvancedplanningandschedulingechnique$18].

The robot's ervironmentis a retirementresortlocatedin
Oakmont,PA. Like mostretirementhomesin the nation,this
facility suffers from immensestafng shortages.All exper
imentsso far primarily involved peoplewith relatively mild
cognitive, perceptualor physical inabilities, thoughin need
of professionalssistance.In addition, groupsof elderly in
similar conditionswerebroughtinto researchHaboratoriedor
testinginteractionpatterns.

Navigating with People

Pearls navigation systembuilds on the one describedn [5,
24]. In this sectionwe describehreemajornenv modulesall
concernedvith peopleinteractionandcontrol. Thesemodules
overcomeanimportantde ciency of thework describedy [5,
24], which hada rudimtaryability to interactwith people.

Locating People

Theproblemof locatingpeopleis the problemof determining
theirx-y-locationrelative to therobot. Previousapproacheto
peopletrackingin roboticswere feature-basedthey analyze
sensomeasurementémages,rangescans)for the presence
of featureq13, 22] asthe basisof tracking. In our case the
diversity of the environmentmandated differentapproach.
Pearldetectspeopleusingmapdifferencing:the robotlearns
amap,andpeoplearedetecteddy signi cant deviationsfrom
the map. Figure 3a shavs an example map acquiredusing
preisting software[24].

Mathematically the problemof peopletrackingis a com-
binedposteriorestimationproblemandmodelselectionprob-
lem. Let N be the numberof peoplenearthe robot. The
posteriorover the peoples positionsis given by

P(y1e; it ynejztsutsm) @
wherey,: withl n N isthelocationof apersomattime
t, z' thesequencef all sensomeasurements' thesequence
of all robotcontrols,andm is theenvironmentmap.However,
to usemapdifferencing,the robot hasto know its own loca-
tion. Thelocationandtotal numberof nearbypeopledetected
by therobotis clearlydependentn therobot's estimateof its
own locationandheadingdirection. Hence,Pearlestimatesa
posteriorof thetype:

P(yze; s YN xtjztutsm) )
wherex! denoteshe sequencef robotposegthepath)upto
timet. If N wasknown, estimatingthis posteriorwould be a
high-dimensionaéstimationproblem,with compleity cubic
in N for Kalman Iters [2], or exponentialin N with particle
Iters [9]. Neitherof theseapproachess, thus, applicable:
Kalman lters cannotglobally localizetherobot,andparticle
Iters would be computationallyprohibitive.

Luckily, undermild conditions(discussedbelow) the poste-
rior (2) canbefactorednto N + 1 conditionallyindependent
estimates:

p(x'jz';utsm)  p(yngejz';utim) (3)
n
Thisfactorizatioropenghedoorfor aparticle Iter thatscales
linearly in N. Our approachs similar (but not identical)to
the Rao-Blackwellizedparticle Iter describedn [10]. First,
the robot path x! is estimatedusing a particle Iter, asin
the Monte Carlolocalization(MCL) algorithm[7] for mobile
robotlocalization.However, eachparticlein this lter is asso-
ciatedwith asetof N particle lters, eachrepresentingneof
the peoplepositionestimate(yn jz'; ut; m). Thesecondi-
tional particle Iters represenpeoplepositionestimateson-
ditionedon robot path estimates—henceapturingthe inher
entdependencef peopleandrobotlocationestimates.The
dataassociatiorbetweenmeasurementand peopleis done
usingmaximumlikelihood, asin [2]. Underthe (false)as-
sumptionthat this maximum/ik elihood estimatoris always
correct,our approacttanbe shavn to corvergeto the correct
posteriorandit doessowith updatetimelinearin N . In prac-
tice, we found that the dataassociatioris correctin the vast
majority of situations. The nestedparticle Iter formulation
hasa secondarnadwantagethat the numberof peopleN can
be madedependenbn individual robot path particles. Our
approachfor estimatingN usesthe classicalAIC criterion
for model selection,with a prior thatimposesa compleity
penaltyexponentialin N .
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Figure 2: (a)-(d) Evolution of the conditionalparticle Iter from global uncertaintyto successfulocalizationandtracking. (d) The tracker
continuedo trackapersorevenasthatpersonis occludedrepeatedlyy a secondndividual.

Figure2 shaws resultsof the Iter in action. In Figure2a,
the robotis globally uncertain,and the numberandlocation
of the correspondingpeopleestimatesvariesdrastically As
therobotreducesdts uncertaintythe numberof modesin the
robot poseposteriorquickly becomesnite, and eachsuch
modehasa distinct setof peopleestimatesasshawn in Fig-
ure 2b.  Finally, asthe robot is localized, so is the person
(Figure 2c). Figure 2d illustratesthe robustnessof the Iter
to interferingpeople. Hereanothermpersonstepsbetweerthe
robot andits tamget subject. The Iter obtainsits robustness
to occlusionfrom a carefully crafted probabilistic model of
peoples motion p(Yn:t +1 jYn:t ). This enableghe conditional
particle lters to maintaintight estimatesvhile the occlusion
takesplace,asshavnin Figure2d. In asystemati@nalysisn-
volving 31 trackinginstancesvith upto ve peopleatatime,
theerrorin determiningthe numberof peoplewas9.6%. The
errorin therobotpositionwas2:5 5:7 cm, andthe people
positionerrorwasaslow as1:5 4:2 cm,whencomparedo
measurementsbtainedwith a carefully calibratedstaticsen-
sorwith 1 cmerror

Whenguiding people the estimateof the persorthatis be-
ing guidedis usedto determinethe velocity of the robot, so
that the robot maintainsroughly a constantdistanceto the
person. In our experimentsin the target facility, we found
the adaptve velocity controlto be absolutelyessentiafor the
robot's ability to copewith the hugerangeof walking paces
foundin theelderlypopulation.Initial experimentswith x ed
velocity led almostalwaysto frustrationon the peoples side,
in thattherobotwaseithertoo slow or toofast.

Safer Navigation

Whennavigating in the presencef elderly people,the risks
of harmingthemthroughunintendedphysical contactis enor
mous. As notedin [5], the robot's sensorsareinadequateo
detectpeoplereliably. In particular the laserrangesystem
measuresbstaclesl8 cm above ground,but is unableto de-
tectary obstacledelov or above this level. In the assisted
living facilities, we foundthat peopleareeasyto detectwhen
standingor walking, but hardwhenon chairs(e.g.,they might
be stretchingtheir legs). Thus,therisk of accidentallyhitting
a persons foot dueto poorlocalizationis particularlyhighin
denselypopulatedegionssuchasthedining areas.
Following anideain [5], we restrictedthe robot's opera-
tion areato avoid denselypopulatedegions,usingamanually
augmentednapof the ervironment(blacklinesin Figure3a
— the white spacecorrespondso unrestrictedree space).To
staywithin its operatingarea,the robotneedsaccuratdocal-
ization, especiallyat the boundariesf this area. While our
approachyields sufciently accurateresultson average,it is
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Figure 3: (a) Map of thedining areain thefacility, with diningareas
marked by arrows. (b) Samplesat the beginning of globallocaliza-
tion, weightedexpectedcumulative risk function.

importantto realize that probabilistictechniquesnever pro-

vide hardguaranteeshatthe robot obeys a safetyconstraint.
To addresghis concernwe augmentedhe robotlocalization
particle Iter by a samplingstratgyy thatis sensitve to thein-

creasediskin thediningareaqseealso[19, 25]). By generat-
ing samplesn high-riskregions,we minimize thelikelihood
of beingmislocalizedn suchregions,or worse thelikelihood
of enteringprohibitedregionsundetectedCornventionalparti-

cle lters generatesamplesn proportionto the posteriorik e-

lihood p(x!jzt; ut; m). Ournew particle lter generatesobot
posesamplesn proport\i{onto

P(Yn jz';u'; m) (4)

n

wherel is a risk function that speci es how desirableit is

to samplerobot posex;. The risk functionis calculatedby

consideringanimmediatecostfunctionc(x; u), whichassigns
coststo actionsa androbot statesx (in our case:high costs
for violating anareaconstraints|ow costselsavhere).To an-

alyzethe effect of poorlocalizationon this costfunction, our

approachutilizes an augmentednodel that incorporateshe

localizeritself asa statevariable. In particular the statecon-

I(x¢) p(x'jz';u'; m)
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sistsof therobotposex;, andthestateof thelocalizer by. The
latteris de ned asaccuratgly = 1) orinaccuratgly = 0).
The statetransitionfunctionis composedf the corventional
robotmotionmodelp(x¢ju; 1;X; 1), andasimplisticmodel
thatassumewvith probability , thatthetrackerremaingn the
samestate(goodor bad). Putmathematically:

P(Xe; Brjur ;% 1B 1) =
P(Xjur 15Xt 1) Ip=n o+ (1 )lpen . (5)
Our approach calculates an MDP-style value function,
V (x; b), underthe assumptionthat good tracking assumes

good control whereaspoor tracking implies randomcontrol.
Thisis achiezed by thefollowing valueiterationapproach:

8 V (x; b)

3 miny c(x; u) + <o POXG X byu)V (X% BP)
2

if b= 1 (goodlocalization)

P
wapp POXE 1 bsu)V (X 1)
if b= 0 (poorlocalization)

(6)

P
u (x5 u) +

where isthediscountfactor Thisgivesawell-de ned MDP

that can be solved via value iteration. The risk function is

them simply the differencebetweengood and bad tracking:
I(x) = V(x;1) V(x;0). Whenappliedto the Nursebot
navigation problem,this approacheadsto a localizational-

gorithm that preferentiallygeneratesamplesin the vicinity

of thedining areas.A samplesetrepresenting uniform un-

certaintyis shawvn in Figure 3b—noticetheincreasedgample
densitynearthe dining area. Extensve testsinvolving real-

world datacollectedduringrobotoperatiorshav notonly that
therobotwaswell-localizedin high-risk regions,but thatour

approachalsoreducedcostsafter (arti cially induced)catas-
trophic localizationfailure by 40.1%,whencomparedo the

plain particle Iter localizationalgorithm.

High Level Robot Control and Dialog Management

The mostcentralnev modulein Pearls software is a prob-
abilistic algorithmfor high-level control and dialog manage-
ment.High-level robotcontrolhasbeena populartopicin Al,
and decadesf researchhasled to a reputablecollection of
architecturege.g.,[1, 4, 12]). However, existing architectures
rarelytake uncertaintyinto accounturing planning.

Pearls high-level control architectureis a hierarchical
variant of a partially obserable Markov decision process
(POMDP)[14]. POMDPsaretechniquedor calculatingop-
timal control actionsunderuncertainty The control decision
is basedon the full probability distribution generatedy the

Obsenration True State Action Reward
pearlhello requestbegun say hello 100
pearlwhatis like startmeds askrepeat -100
pearlwhattimeis it

for will the wanttime say.time 100
pearlwason abc wanttv askwhich_station -1
pearlwasonabc wantabc say.abc 100
pearlwhatisonnbc ~ wantnbc con rm _channelnbc -1
pearlyes wantnbc say.nbc 100
pearlgoto thethat

prettygoodwhat sendrobot askrobotwhere -1

pearlthatthathellobe sendrobotbedroomcon rm _robot_place -1

pearlthebedroomary i sendrobotbedroomgo_to_bedroom 100
pearlgoit eightahello sendrobot askrobotwhere -1
pearlthekitchenhello sendrobotkitchen go_to_kitchen 100

Table 1: An exampledialogwith anelderly person.Actionsin bold
font areclari cation actions,generatedy the POMDP becausef
highuncertaintyin the speectsignal.

stateestimatoy suchasin Equation(2). In Pearls case this

distribution includesa multitude of multi-valuedprobabilistic

stateandgoalvariables:
robotlocation(discreteapproximation)

persons location(discreteapproximation)

persons statug(asinferredfrom speectrecognizer)

motiongoal (whereto move)

remindergoal (whatto inform the userof)

userinitiatedgoal (e.g.,aninformationrequest)

Overall, there are 288 plausible states. The input to the
POMDPIs afactoredprobabilitydistribution overthesestates,
with uncertaintyarising predominantlyfrom the localization
modulesand the speechrecognitionsystem. We conjecture
that the consideratiorof uncertaintyis importantin this do-
main,asthe costsof mistakinga usersreply canbelarge.

Unfortunately POMDPsof the size encounteredhereare
anorderof magnituddargerthantoday's bestexact POMDP
algorithmscan tackle [14]. However, Pearls POMDP is a
highly structured®OMDR wherecertainactionsareonly ap-
plicable in certainsituations. To exploit this structure,we
developeda hierarchical versionof POMDPs,which breaks
down thedecisionmakingprobleminto acollectionof smaller
problemsthatcanbe solved moreef ciently. Ourapproachs
similar to the MAX-Q decompositiorfor MDPs[8], but de-
ned over POMDPs(wherestatesareunobsered).

Thebasicideaof thehierarchicaPOMDPIs to partitionthe
actionspace—nothe statespace sincethe stateis not fully
obsenable—intosmallerchunks. For Pearls guidancetask
the actionhierarcly is shavn in Figure4, whereabstract ac-
tions(shavnin circles)areintroducedo subsuméogical sub-
groupsof lower-level actions.This actionhierarcly inducesa
decompositiorof the control problem,whereat eachnodeall
lowerlevel actions,if ary, areconsideredn the contet of a
local sub-controller At the lowestlevel, the control problem
is aregular POMDR with a reducedactionspace.At higher
levels, the control problemis alsoa POMDR yet involvesa
mixture of physical and abstractactions(whereabstractac-
tionscorrespondo lower level POMDPs.)

Let u be suchan abstractaction,and  the control pol-
icy associatedvith the respectre POMDRP The “abstract”
POMDP is then parameterizedin termsof statesx, obser
vationsz) by assuminghatwhenever u is chosenPearluses
lowerlevel controlpolicy :

p(xIx;u) = p(x9x; (%))
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p(zjx; u) p(zjx; (X))
R(x; u) R(X; u(x)) (7)

Here R denotesthe reward function. It is importantto no-
tice thatsucha decompositiormay only bevalid if rewardis
receved at the leaf nodesof the hierarcly, andis especially
appropriatavhenthe optimalcontroltransgressesgown along
asinglepathin thehierarcly to receveits reward. Thisis ap-
proximatelythe casein the Pearldomain,whererewardis re-
ceived uponsuccessfullydelivering a person,or successfully
gatheringinformationthroughcommunication.

Using the hierarchical POMDR the high-level decision
makingproblemin Pearlis tractable anda nearoptimal con-
trol policy canbe computedoff-line. Thus,during execution
time the controller simply monitorsthe state(calculatesthe
posteriorjandlooksuptheappropriatecontrol. Table1 shovs
an exampledialog betweenthe robot and a testsubject. Be-
causeof the uncertaintymanagemenin POMDPSs,the robot
choosedo aska clari cation questionatthreeoccasionsThe
numberof suchquestiongdepend®n the clarity of a persons
speechasdetectedy the Sphinxspeechrecognitionsystem.

An importantquestionin our researcltoncerngheimpor-
tanceof handlinguncertaintyin high-level control. To inves-
tigatethis, we rana seriesof comparatie experimentsall in-
volving realdatacollectedin ourlab. In oneseriesof experi-
ments,we investicatedthe importanceof consideringhe un-
certaintyarisingfrom the speechinterface. In particular we
comparedPearls performanceo a systemthat ignoresthat
uncertaintybut is otherwiseidentical. Theresultingapproach
is an MDP, similar to the one describedin [23]. Figure5
shaws resultsfor threedifferent performancemeasuresand
threedifferentusers(in decreasingrder of speechrecogni-
tion performance) For poor spealers,the MDP requiresless
timeto “satisfy” arequestiueto thelack of clari cation ques-
tions (Figure5a). However, its errorrateis muchhigher(Fig-
ure 5b), which negatively affectsthe overall reward receved
by the robot (Figure 5¢). Theseresultsclearly demonstrate
theimportanceof consideringuncertaintyat the highestrobot
controllevel, speci cally with poorspeectrecognition.

In a secondseriesof experimentswe investicatedthe im-
portanceof uncertaintymanagemenin the context of highly
imbalancedcostsand rewards. In Pearls case,such costs
areindeedhighly imbalanced:askinga clari cation question
is much cheaperthan accidentallydelivering a personto a
wronglocation,or guiding a persorwho doesnot wantto be
walked. In this experimentwe comparedperformanceusing
two POMDPmodelswhich differedonly in their costmodels.
Onemodelassumedniform costsfor all actions whereaghe

User Data -- Error Performance

Non-uniform cost mode
Uniform cost modedmss
1.6

Errors per task
[

o

Figure 6: Empirical comparisorbetweeruniform andnon-uniform
costmodels. Resultsare an averageover 10 tasks. Depictedare 3
exampleusers,with varying levels of speechrecognitionaccurag.
Users2 & 3 hadthe lowestrecognitionaccuray, andconsequently
moreerrorswhenusingthe uniform costmodel.

secondmodel assumedh more discriminative costmodelin

which the costof verbalquestionsvaslower thanthe costof

performingthe wrong motionactions.A POMDPpolicy was
learnedfor eachof thesemodels,andthentestedexperimen-
tally in our laboratory Theresultspresentedn gure 6 shov

thatthe non-uniformmodelmakesmorejudicioususeof con-
rmation actions,thusleadingto a signi cantly lower error
rate, especiallyfor userswith low speechrecognitionaccu-
ragy.

Results

We testedtherobotin ve separatexperimentsgachlasting
onefull day The rst threedaysfocusedon open-endedn-
teractionswith alarge numberof elderly usersduringwhich
therobotinteractedverbally andspatiallywith elderly people
with the speci c taskof deliveredsweets.This allowed usto
gaugepeoplesinitial reactiongo therobot.

Following this, we performedtwo daysof formal experi-
mentsduring which the robotautonomouslyed 12 full guid-
ances,nvolving 6 differentelderly people. Figure 7 shavs
anexampleguidanceaxperiment,nvolving anelderly person
who usesa walking aid. The sequencef imagesillustrates
the majorstageof a successfutlelivery: from contactingthe
persongexplainingto herthe reasorfor the visit, walking her
throughthe facility, and providing information after the suc-
cessfuldelivery—inthis caseontheweather

In all guidanceexperiments,the task was performedto
completion. Post-&perimentaldebrie ngsillustrateda uni-
form highlevel of excitementonthe sideof theelderly Over
all, only a few problemswere detectedduring the operation.
Noneof thetestsubjectshaveddif culties understandinghe
majorfunctionsof therobot. They all wereableto operatehe
robot after lessthan ve minutesof introduction. However,



(a) Pearlapproachinglderly (b) Remindingof appointment

(c) Guidancehroughcorridor  (d) Enteringphysiotherag dept.

(e) Asking for weatherforecast (f) Pearlleaves

Figure 7: Exampleof a successfujuidanceexperiment.Pearlpicks
up the patientoutsideher room, remindsher of a physiotheray ap-
pointment,walks the personto the departmentand respondgo a
requesbf theweathemreport.In thisinteraction theinteractiontook
placethroughspeectandthetouch-sensitie display

initial aws with apoorly adjustedspeectrecognitionsystem
ledto occasionatonfusionwhichwas x edduringthecourse
of this project. An additionalproblemarosefrom the robot's
initial inability to adaptits velocity to peoples walking pace,
whichwasfoundto becrucialfor therobot's effectiveness.

Discussion

This paperdescribeda mobileroboticassistanfor nursesand
elderly in assistediving facilities. Building on a robot nav-
igation systemdescribedin [5, 24], nenv software modules
speci cally aimedat interactionwith elderly peoplewerede-
veloped. The systemhasbeentestedsuccessfullyin exper
imentsin an assistediving facility. Our experimentswere
successfuln two maindimensions.First, they demonstrated
therobustnes®f thevariousprobabilistictechniquesn achal-
lengingreal-world task. Secondthey providedsomeevidence
towardsthe feasibility of usingautonomousnobile robotsas
assistant$o nursesandinstitutionalizedelderly One of the
key lessondearnedwhile developingthis robotis thatthe el-
derly populationrequirestechniqueghat cancopewith their
degradation(e.g.,speakingabilities) andalsopaysspecialat-
tentionto safetyissuesWe view theareaof assistve technol-
ogy asa primesourcefor greatAl problemsin thefuture.
Possiblythemostsigni cant contritution of thisresearctio
Al is thefactthattherobot's high-level control systemis en-
tirely realizedby a partially observabléMarkov decisionpro-
cess(POMDP)[14]. This demonstrateshat POMDPshave
maturedto a level that makes them applicableto real-world
robot control tasks. Furthermore,our experimentalresults

suggesthat uncertaintymattersin high-level decisionmak-
ing. Thesendings challengealongtermview in mainstream
Al thatuncertaintyis irrelevant,or at bestcanbe handleduni-
formly atthe higherlevelsof robotcontrol[6 17]. We conjec-
tureinsteadthatwhenrobotsinteractwith peopleuncertainty
is penasive andhasto be consideredat all levels of decision
making,notsolelyin low-level perceptuatoutines.
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