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Abstract

Mobile robotsthat provide serviceto peoplecan carry out their tasksmore efciently

if they knowwhele the peopleare. In this paperwe presentan approad to actively
maintaina probabilisticbeliefaboutthe currentlocationsof peoplein theenvironmenif

amobilerobot. We assumehattherobotis equippedvith knowledg abouttypicalmotion
behavios of peoplein form of HiddenMarkov Models(HMMs), which are updatedbased
on vision and laser information. While the robotis carrying out its taskit appliesa

decision-theagtic approad to activelyselectpointsin the ervironmenthat are expected
to provideinformationaboutthe positionsof people Experimentakresultsobtainedwith

a mobilerobotin a typical of ce ervironmentillustrate that our methoddeceaseshe
uncertaintyaboutthe positionsof peoplecompaedto passiveapproadceswhich do not
consideradditionalobservatiomactions.

1 Intr oduction

Servicerobotsareervisionedto coexist with humansandto ful Il varioustaskssuchastransporta-
tion [11], cleaning[5], entertainmenf2], andassistancef peoplein their everydayactwvities[1, 15].
In mary of suchtasksit is usefulto know the currentlocationsof the peoplein the environment.For
example,arobotthatknows whichroomsarecurrentlyemptycancarryoutits cleaningtaskswithout
disturbingarnyone.Furthermorearobotthatanticipatesvherea personmight be goingcangenerate
motionactionsthatavoid interferencesvith the person.Finally, knowledgeaboutwherepeoplecur
rently areallows therobotto moreef ciently carryoutdelivery taskssincethe numberof detourss
reduced.

In this paperwe investigatethe problemof how a robot can effectively maintaina probabilistic
belief aboutthe positionsof the peoplein the ervironment. We assumethat the robot possesses
informationabouttypicalmotionbehaiorsof peoplein form of HiddenMarkov Models(HMMs) [3].
TheseHMMs areupdatedbasedon sensoryinput while the robotis carryingout its tasks.We usea
decision-theoretiapproactto identify whetherthe robot shouldadd obsenation actionsto its task.
Throughouthis paperanobsenationactioncorrespond$o moving to aplacein theervironmentand
obtaininga sensomeasuremerthere.

The problemof localizing peoplein the environmentof mobile robotswas studiedintensiely in
the past.For example,severalauthorsconcentrate@n the questionof how to track multiple moving



targetsin the vicinity of the robot[24, 8, 16, 12]. Nguyenet al. [19] proposedo usean Abstract
HiddenMarkov mEmory Model (AHMEM) to maintaina belief aboutthe positionsof peopleand
to infer their intentions. All thoseauthorsmainly focusedon the questionof how to represenand
updatethe belief aboutthe individual targetsbeingtracked anddid not consideractionsof therobot
soasto maximizethetrackingperformance.

Gonzalez-Bdioset al. [13, 7] consideredhe problemof maximizingthe visibility of a moving
tagetwhich s followedby aroboticobsenrer. LaValle etal. [14] studiedthe problemof localizing
an unknavn objectin a workspace.Additionally, several multi-robot systemswere developedthat
keeptrack of moving objects[18, 9, 20] or surrounda moving target[21]. In the work presentedby
Rosencrantzt al. [23] a teamof robotstries to locateandtag “enemies”which are not alwaysin
their perceptualeld of view. They usedvariable-dimensioparticle Iters to trackthelocationof the
moving objects.The movementdor the obsener robotsarecoordinatedgsothatthe informationgain
is maximizedandthe searchtime minimized.

All theseapproacheareeitherpassve in the sensehatthey just maintaina belief aboutthe posi-
tionsof thetargetsbeingtrackedor arereactve andgeneratehort-ternplansto maintainor maximize
thevisibility of the objectsbeingtracked. In this paperin contrastwe considerthe problemof ac-
tively maintainingan accuratebelief aboutthe positionsof peoplewhile the robot hasto carry out
navigationtaskssuchasof ce delivery. We uselearnedHiddenMarkov Models[3] representindyp-
ical motion behaiors to maintainbeliefsaboutthe locationsof the peopleandupdatethesemodels
uponsensoryinput. To detectandidentify peopleour approacltombinedaserrangedatawith vision
information. Accordingto the natureof HMMs, our systemis ableto exploit evennegative informa-
tion to updateits belief aboutpotentialpositionsof people.A decision-theoretiapproachs usedto
decidewhetherthe robotshouldintegrateobsenationactionsinto its plans. This way, our robotcan
effectively minimizethe uncertaintyaboutthe positionsof peoplewhile it is carryingoutits tasks.

The paperis organizedasfollows. In the next sectionwe explain the structureof the HMMs that
we useto estimatethe locationsof people.In Section3 we describehow our robot usesits sensor
informationto identify peoplein the ernvironment.Section4 introducesour stratgy how to decideif
andwhich obsenationactionshouldbe executedo updatetherobot's belief. In Section5 we present
several experimentsllustrating the robustnesf our approachto maintainan accuratebelief about
the positionsof peopleusinglaserandvision datawith amobilerobot.

2 Hidden Mark ov Modelsfor Typical Motion Behaviors of
People

Ourapproactassumethatthetypical motionbehaiors of thepeoplearegivenin theform of Hidden
Markov Models[22]. Peopleusuallydo not permanentlynove. Ratherthey typically move between
so-calledrestingplaces Theseare placeswherethe peoplefrequentlystayfor a while. Therefore
theHMM we usedistinguishegwo typesof stateq3]. The rst classof statesaretherestingplaces.
Thesecondlassareintermediatestateswhichlie ontypical trajectorieghatthe peoplefollow when
walking from restingplaceto restingplace. The transitionprobabilitiesof the intermediatestates
modelaveragewalking speedwhereaghetransitionprobabilitiesfor therestingplacesarecomputed
basedon a statisticsaboutthe averagetime periodthat elapsesuntil the personstartsto move on a
particulartrajectoryafterarriving atthe correspondingestingplace.

Figure 1 depictsthe structureof the HMM for our of ce ernvironment. The numberedsquares
indicatethe eightrestingplacesandthe small circleson the trajectoriesare the intermediatestates.
ThewholeHMM consistf 966 states.



Figure 1. Possibletransitionsof theHiddenMarkov Modelderivedfromlearnedmotionpatterns
in our laboratory. Thenumbeed squaesindicatethe eightrestingplacesandthe smallcircles
onthetrajectoriesare theintermediatestates.

3 PersonDetectionand Identi cation

To keeptrack of multiple personsin an ervironment,one in principle would have to maintaina
belief aboutthejoint statespaceof all persons.This approachhowever, is usuallynot feasiblesince
the complity of the stateestimationproblemgrows exponentiallywith the numberof personsor
dimensionf the statespace Thereforewe approximatehe posteriorby factorizingthe belief about
thejoint statespaceandconsidelindependenbeliefsaboutthe statesf all personsEachsuchbelief
is representetby a separatdHMM. To maintainthe individual beliefswe needto be ableto update
the HMMs for the personsbasedon obsenationsmadeby the robot, which requiresthe ability to
reliably detectpeopleandto identify them. To achieve this, our currentsystemsombinedaserand
visioninformation[3]. To detectpeoplein the laserrangescansobtainedwith the robotour system
extractsfeatureswhich arelocal minimathat correspondo the peoples legs. We also needto be
ableto identify a personin orderto appropriatelyupdatethe belief aboutthe locationof thatperson.
To achieve this we employ the vision systemof our robotandlearnanimagedatabasdeforehand.
For eachpersonthis databaseontainsone histogramwhich is built from 20 images. To identify a
personwe proceedasfollows. Every time the laserbasedpeopledetectionsystenreportsa feature
in the eld of view of the cameraanimageis collectedandthe following threestepsare applied.
S@mentation:We determinea rectangulamareain the cameramagewhich containsthe person.To
determinethis areawe usea perspectie projectionto mapthe 3D position of the personin world
coordinateso 2D imagecoordinatesFeatule extraction: We computea color histogranfor thearea
selectedn the previousstep.Databasematding: To determineghelik elihoodof a particularperson,
we comparethe histogramcomputedn step2 to all prototypesexisting in the database.

Thus,eachobsenation zjt consistf the positionyjt of afeatureprovidedby alaserbasedpeople
detectorandasimilarity measuréd (qt; i) betweerthequerycolorhistogranqt of thecorresponding
sgmentin the cameramageandthe databaséistogramof person, which hasbeenlearnedbefore.
To comparea given queryhistogramqt with a prototype ; in the databaseve usethe normalized
intersectiomorm|[26].

Let ! denotethe stateof personi attimet. Wheneer a new obsenation is obtainedwe apply
JointProbabilisticDataAssociationFilters [4] andintegratethe individual featuresaccordingto the
assignmenprobability j; thatfeature] corresponds$o person:

>§t
P(!jz®) = P HP(Ljz® D). )
j=0



Here isanormalizatiorfactor S! is the numberof featuresdetectedattime t, andz*" denoteghe
sequencef all measurementspto timet (seealsoSchulzetal. [24]).
We computethelikelihoodP (z' j |) accordingto:

P )= POLHE: 0 D= HG: ) PO 2)

HereP (yjt j 1) is the probability thatthe laserbasedpeopledetectionsystemreportsa featurede-
tectionat Iocationyjt giventhatthe personis in state . We determinethis quantityusinga mixture
of auniform distribution anda boundedGaussiarwith meanyjt. Note thatwe alsotake into account
visibility constraintsj.e., statesthat are occludedareregardedas statesoutsidethe boundedGaus-
sian.In thecasethatno featurehasbeenobtainedor a personwe usethelik elihoodof falsenegative
obsenationsfor suchstateghatarewithin therangeof therobot's sensorsFor all otherstatesve use
theaveragdik elihoodthatthe robotdoesnot detecta persongivenit is outsidethe sensorange.

4 Computing the ExpectedUtility of Observation Actions

Sincethe robot becomeauncertainaboutthe position of a personwhenit hasnot beenobserving
the personfor alongerperiodof time, it shouldconsiderto actvely performobsenation actionsto
updateits belief. In this contect two aspectarerelevant. On onehand,theinformationgainshould
be aslarge aspossible andon the otherhand,the costof performingobsenation actionsshouldbe
minimized.

To determingheuncertaintyin thebeliefaboutthe positionsof the peoplewe consideitheentrogy

of theposteriorsTheentrofy H of theposteriorBel; aboutpossiblestates 4;:::; ; of person is
ageneraimeasurdor theuncertaintyandis de ned as:
X
H(Bel;) = Bel; (i) logBel;( i): (3)

i=1

H is maximalin caseof a uniform distribution. The minimal value zerois obtainedif the robotis
absolutelycertainaboutthe currentpositionof person .

To take into accountthe information provided by the sensorsof the robot, we computethe ex-
pectedinformationgainwhich is the expectedchangeof entrogy giventhatthe robotobtainssensor
information. Theinformationgainfor the posteriorBel; givenanobsenrationz is de ned as:

| (Bel; jz) = H(Bel;) H(Belj2z): 4)

HereH (Bel;jz) is the entrofy of the posterioraboutthe positionof personj after integratingthe
obsenationz.

Note thatthe problemconsiderechere— choosingthe optimal actionsequence- canberegarded
asa partially obserableMarkov decisionproces§fPOMDP) problem(see[10] for acomprehensie
overview). Sincesolvingthe POMDPfor applicationsof the sizeconsideredhereis not feasiblein
practicewe follow an approachthat makes several simplifying assumptionsand hasbeenapplied
successfullyor asimilar problemin thepast[6]. First,we usearestrictedsetof potentialobsenation
actionsthattherobotcancarryout. Sincewe assumehatthepeoplestayattherestingplacesmostof
thetime we only considerobsenation actionsat viewpointsfor the restingplaces.Furthermorewe
consideronly oneobsenation pertaskanddo not considerall potentialmeasurementgerceved by
therobotwhile it is carryingoutits task. A taskis de ned asthe actionof driving to the next target
locationof therobot.



Figure 2. Theleft image showsthevisibility areafor restingplace6. Theright image showsfor
two scenarioghe detouss to the viewpointsto which the robot moves. Thesolid lines indicate
the direct pathsto the target locationsof the robotand the dashedines are the detouss to the
viewpoints.

Additionally, we take the possibility into accounthatthe robotcanobsenre a restingplacewhen-
ever it arrivesat the nal location of its currenttask. The casethat no part of the HMM can be
obseredaftertherobotarrivedatits goalcanberegardedasa specialcaseof this.

Sincewe do notknow whattherobotwill perceve whenit hasexecutedts taska, we have to sum
overall possibleobsenationsz, to computethe expectednformationgainfor Bel; :

X
E(Beljja) = P(za j Belj) 1(Bel; j za): (5)

Za

Toefciently computethelikelihoodp(z, j Bel;) we donotintegrateoverall possiblemeasurements.
Insteadwe considerabstracbbsenationsnamelythattherobotidenti es/doesotidentify theperson
givenit is attheobsenedrestingplaceor not. Thecorrespondingjk elihoodsaretheaveragedetection
respectiely failure rates. The overall expectedinformationgain E (a) for thetaska is givenby the
sumof theindividual expectednformationgainsfor the posteriorsof all J personsafterexecutinga:

X
E(a) = E (Bel;ja): (6)
j=1

Theexpectedutility of a cannow bede ned as:
EU(a)=r(a) c(a)+ E(a): (7)

Here,r speci esarewardfunctionwhich dependn the utility of nishing a, whereas(a) arethe
costof executinga.

During the executionof its currenttask,we allow the robotto consideroneadditionalobsenation
of arestingplace. To reducethe compleity we computeviewpointsfor the restingplaces. From
theseviewpointsthe robot canobsenre if a personis currently stayingat the correspondingesting
place.

To computethe viewpoints we proceedas follows: We perform two deterministicvalue itera-
tions[25] in the static2D occupanyg grid map[17] of the ervironment: onewith thetargetposition
of the currenttaskasstartinglocationandonewith the robot's currentpositionasstartinglocation.

lEachcell hx; yi of the occupanyg grid map storesthe probability poco(h%; yi) that the correspondingareain the
ervironmentis occupied.The costfor traversinga cell h; yi is proportionalto its occupanyg probability pocc(hX; yi).



For eachrestingplacel we computea visibility area,.e. the setof grid cellsfrom which| is visible.
Theleft imageof Figure 2 shows for examplethe visibility areaof restingplace6. The viewpoint
for arestingplacel is thende ned asthe cell in its visibility areawhich hasthe lowestmove costs.
To determinethe move costfor a cell hx; yi we cansimply addthe costsfor reachinghx; yi from
the startlocationandfor reachingthe nal locationfrom hx; yi. Additionally we adda penaltyterm
correspondingo thecostimposedoy rotatingtherobottowardsl. Therightimageof Figure2 depicts
for two scenarioghe detoursof therobotto viewpointsof restingplace6.

Theactionof moving to the viewpoint correspondingo a restingplacel to getanobsenationis
referredto asa; andtheactionof driving from| to theoriginal targetlocationis referredto asa,. Let
a = a; a bethewholeactionconsistingof a, executedaftera;. Theexpectedutility of & is given
by:

EU(@)=r(as a) cda a)+E(@ a): (8)

Notethatbotha; anda, dependon therestingplacel. However, to enhanceeadabilitywe omitted
theamgument. Theexpectednformationgainfora; a, canbecomputeds:

E(an a) =
X X X _ _ _
P(za, j Belj) p(za, j Bely) 1(Bel; j za,;2a,): 9)
=1 za; Za,

During the executionof its currenttaska the robotmovesto the viewpoint correspondingo resting
placel with

= argmax EU(a) (20)
12f 115::5In 0

5 Experimental Results

Theapproactdescribedabore hasbeenimplementedandtestedusinga B21r robotequippedwith a
laserrangescanneilanda stereocamerasystem(seeleft imagein Figure5). The statesandpossible
transitionsof the HMM we usedto track the positionsof the personsaredepictedin Figurel. The
updateof all individual HMMs andthe computationof the viewpoint with the maximumexpected
utility isdonein 0.5second®na3 GHz Pentiumd. Thus,therobotconsiderecdditionalobsenation
actionsat a frequeng of 2 Hz. We assumehattherewardr (a) is equalfor all actions. Theresults
obtainedllustratethatour systemallows therobotto actively performobsenationactionsandto use
theseactionsto reducets uncertaintyaboutthe currentpositionsof the peoplein its environment.

5.1 Performing an Observation Action During Task Execution

The goal of the rst experimentis to illustrate that our algorithm caneffectively guidethe robotto
viewpointsthatprovide informationaboutpositionsof peoplewhenneededThetaskof therobotwas
to move from thepositionmarkedwith t = 0 in Figure3 to restingplace4. In theinitial situationthe
viewpoint of restingplace3 hadthe highestexpectedutility becausehe robotwasuncertainabout
the currentposition of personX (seeinitial belief in the left imageof Figure 4) and becausehe
additionalmove costsfor viewpoint 3 werevery low. Thereforetherobotdecidedto obsene resting
place3 attime stept = 50. TherobotdetectedpoersonX andascanbe seenin the left imageof



Figure 3. Therobotdecidesto stopat the viewpointto chedk whetherpersonX is in its room
(restingplace3) or notwhile it is executinga task.
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Figure 4. Theleft image showsthe evolution of the probability of personX to be at different
restingplacesovertimefor theexperimenshownin Figure 3. Ascanbeseenat timestept = 50
whenthe robotdetectspersonX at restingplace 3 it updatests beliefaccodingly. Theright
image showsthe correspondingevolution of the probability whenthe robotdoesnot stopat the
viewpointto performan observatioraction.

Figure4 updatedts belief accordingly If, in contrastto this, the robotin the samesituationdoes
not performan obsenation actionat viewpoint 3 andmovesdirectly to its targetlocation, its belief
aboutthe position of personX would not improve over time. This factis illustratedin the right
imageof Figure4. In all the gures we only shav posteriorsof therelevantrestingplaceso enhance
readability In a similar experiment,in which the robot was quite certainthat personX wasin its
of ce, it did not stopattheviewpointbecausehe expectedutility wasnot high enough.

5.2 Actively Searching for a Person

The secondexperimenthasbeendesignedo illustratethat the robot candealwith ambiguitiesand
thatit canincreasats certaintyaboutthe positionsof the persorby integratingnegative information.
Herethe robot was standingin the middle of the corridor looking to the eastand currentlyhadno
taskto execute.At aroundtime stept = 20therobotobseneda persorwalking to the east.A scene
overview is depictedn theleft imageof Figure5. Accordingto the cameranformationthe detected
personwasmostlikely personB, who previously hadbeenstayingat restingplace4. Theresulting
posterioraboutthe positionof personB afterintegratingthe obsenationsequencés depictedn the
left imageof Figure6. The size of the squaref the intermediatestatesof the HMM represents
the probability that the personis currentlyin the correspondingstate. Similarly the restingplaces
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Figure 5. Theleft image showspersonB walking downthe corridor. It entes the roomcon-
taining restingplace 7 and walksto restingplace 6 in the neighborroom. Sincethe robotis
uncertainwhete personB is goingto after he movedout of the eld of view, therobotdecides
to seach for it. Theviewpointcorrespondingo restingplace? hasthe highestexpectedutility
andtherefore therobotmovesthere to performan observatioraction (centerimage). Theright
image showsthe evolution of the probability of personB to be at different restingplacesover
time Whentherobotdoesnot detecta personat restingplace? (timestept = 73) it infersthat
personB is probablystayingat restingplace6.

arelabeledwith the probability thatthe personis stayingat this particularplace. The circle labeled
personB correspondgo the position of the personprovided by the laserbasedpeopledetection
system.At aroundtime stept = 30 personB disappearedut of the eld of view of the robotand
walkedthroughtheof ce containingrestingplace? to restingplace6. Sincetherobotwasuncertain
to which restingplacepersonB wasgoingto, therobotdecidedo searchor it.

Accordingto the transitionprobabilitiesof the restingplaces,the robot believed that the person
mostlik ely walkedto restingplace6. Still, the probability of restingplace7 wasquite high (seeright
imageof Figureb). Sincethe viewpoint correspondindo restingplace7 hadthe highestexpected
utility, the robotdecidedto move thereto performthe correspondingobsenation action(seecenter
imageof Figureb). In thisexample therobotdid notobsene persorB atrestingplace7 sothat,after
the updateof the HMM, the personwasmostlikely atrestingplace6. The right imageof Figure5
shaws the evolution of the belief aboutthe positionof the personduringthis experiment.As canbe
seenthe probability of personB to be atrestingplace6 rapidly increasedttime stept = 73when
therobotchecledrestingplace7 anddid notdetectit there.

5.3 KeepingTrack of Multiple Persons

The nal experimentdescribedn this sectionis designedto illustrate that the robot can actively
maintaina belief aboutthe positionsof multiple personsin this particularexperimentthe robotwas
keepingtrack of two personsandwasstandingat the sameplaceasin the beginning of the previous
experiment.

Initially the robotbelievedthat personsA andB were mostlikely at restingplace4. At around
time stept = 15therobotobsenedonepersonwalkingto the eastalongthecorridorandenteringthe
of ce containingrestingplace?. Sincethe similarity measure®etweernthe extractedsegmentin the
cameramageandthe databasdistogramof personA andB wereambiguoustherobotwasrather
uncertainwhich personit had obsened. The similarity betweenthe correspondingsggmentin the
cameramageandthe databasémageof personB wasonly slightly higherthanthe similarity to the
databas@nageof personA. More preciselythelik elihoodthatthedetectegersonvaspersorB was
0.57andthelikelihoodof personA was0.43. Therefore the probability of personB, who actually



Figure 6. Therobotdetectshat personB walksawaythroughthe corridor. Shownon the left
is the beliefaboutthe positionof personB after integrating part of the observationsequence
Thesizeof the squaesof theintermediatestatesof the HMM representghe probability that the
personis currentlyin the correspondingstate In the experimentshownon theright image the
robotdetectsa personin the corridor. Sincetherobotis ratheruncertainwhetherthe personis
A or B theprobability that personB still staysat restingplace4 remainshigh.
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Figure 7. Theleft image showsthe evolution of the probability of personB to be at different

restingplacesover time for the casethat the robotis uncertainwhetherthe personit detected
was personA or personB and therefore decidesto inspectrestingplace4. Whenthe robot
observeperson A there the probabilities of restingplaces6 and 7 immediatelyincreasefor

personB (timestept = 35). Theright image showsthat at the sametime the probability of

personA to beat restingplace4 seriouslyincreases.



walkeddown the corridor, to beatrestingplace4 remainechigh. Therightimageof Figure6 depicts
the posterioraboutthe position of personB after integrating part of the obsenation sequence At

aroundtime stept = 25therobotdecidedto turn to restingplace4 to checkwhich personwasstill

there. Therobotidenti ed personA attime stept = 35 andupdatedits belief accordingly As can
be seenin theleft imageof Figure7 the probabilitiesthatpersonB wasattherestingplacest and7

immediatelyincreasedafter the inspectionof restingplace4. Theright imageshaows the evolution
of the belief aboutthe positionof personA. As canbe seenfrom the graphtherobotwasnow very
certainthatpersonA wasatrestingplace4.

6 Conclusionsand Futur e Work

In this papemwe consideredhe problemof actively maintaininganaccuratéeliefaboutthe positions
of multiple personsn the ervironmentof a mobile robot. Our approactrepresentshe probabilistic
beliefsaboutthepositionsof peopleby HiddenMarkov ModelsandupdategshesemodelsusingJoint
ProbabilisticDataAssociatiorFilters. It usesa decision-theoretiapproacto determineobsenation
actionsthatarecarriedout while therobotis executingits tasks.The utility of anobsenationaction
is computedby trading-of move costsandthe expectedreductionof uncertainty

Our approacthasbeenimplementedn arealrobotandevaluatedusingdataprovidedby a laser
rangesensorand cameras.Experimentakesultsdemonstratehat our algorithm generate&ffective
actionsthatseriouslyreducethe uncertaintyin the belief aboutthe positionsof people.

In thefuture,we planto investigatevhetherour modelscanbe appliedto predictthe behaiors of
peoplein otherapplicationscenariodik e for exampleshoppingmalls or museumsin theseerviron-
mentsthe peoplealsoshow typical behaior andfrequentlystopat certainplaces.Thedif culty here
is thatthe environmentsaremorecrowded. Sincein suchkind of ervironmentsthe peopleareoften
moving in groupsit will probablybe helpfulto trackthemasonegroupandnotasindividuals.
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