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Abstract

Mobile robotsthat provide serviceto peoplecan carry out their tasksmore ef�ciently
if they know where the peopleare. In this paper we presentan approach to actively
maintaina probabilisticbeliefaboutthecurrentlocationsof peoplein theenvironmentof
amobilerobot.Weassumethattherobotis equippedwithknowledgeabouttypicalmotion
behaviorsof peoplein formof HiddenMarkov Models(HMMs),which areupdatedbased
on vision and laser information. While the robot is carrying out its task it appliesa
decision-theoreticapproach to activelyselectpointsin theenvironmentthatareexpected
to provideinformationaboutthepositionsof people. Experimentalresultsobtainedwith
a mobile robot in a typical of�ce environmentillustrate that our methoddecreasesthe
uncertaintyaboutthepositionsof peoplecomparedto passiveapproacheswhich do not
consideradditionalobservationactions.

1 Intr oduction

Servicerobotsareenvisionedto coexist with humansandto ful�ll varioustaskssuchastransporta-
tion [11], cleaning[5], entertainment[2], andassistanceof peoplein theireverydayactivities [1, 15].
In many of suchtasksit is usefulto know thecurrentlocationsof thepeoplein theenvironment.For
example,arobotthatknowswhichroomsarecurrentlyemptycancarryout its cleaningtaskswithout
disturbinganyone.Furthermore,a robotthatanticipateswherea personmight begoingcangenerate
motionactionsthatavoid interferenceswith theperson.Finally, knowledgeaboutwherepeoplecur-
rently areallows therobotto moreef�ciently carryout delivery taskssincethenumberof detoursis
reduced.

In this paperwe investigatethe problemof how a robot caneffectively maintaina probabilistic
belief aboutthe positionsof the peoplein the environment. We assumethat the robot possesses
informationabouttypicalmotionbehaviorsof peoplein form of HiddenMarkov Models(HMMs) [3].
TheseHMMs areupdatedbasedon sensoryinput while therobot is carryingout its tasks.We usea
decision-theoreticapproachto identify whetherthe robotshouldaddobservationactionsto its task.
Throughoutthispaperanobservationactioncorrespondsto moving to aplacein theenvironmentand
obtainingasensormeasurementthere.

Theproblemof localizing peoplein theenvironmentof mobile robotswasstudiedintensively in
thepast.For example,severalauthorsconcentratedon thequestionof how to trackmultiple moving



targetsin the vicinity of the robot [24, 8, 16, 12]. Nguyenet al. [19] proposedto usean Abstract
HiddenMarkov mEmoryModel (AHMEM) to maintaina belief aboutthe positionsof peopleand
to infer their intentions. All thoseauthorsmainly focusedon the questionof how to representand
updatethebelief aboutthe individual targetsbeingtrackedanddid not consideractionsof therobot
soasto maximizethetrackingperformance.

Gonźalez-Bãnoset al. [13, 7] consideredthe problemof maximizing the visibility of a moving
targetwhich is followedby a roboticobserver. LaValle et al. [14] studiedtheproblemof localizing
an unknown object in a workspace.Additionally, several multi-robot systemsweredevelopedthat
keeptrackof moving objects[18, 9, 20] or surrounda moving target [21]. In thework presentedby
Rosencrantzet al. [23] a teamof robotstries to locateandtag “enemies”which arenot alwaysin
theirperceptual�eld of view. They usedvariable-dimensionparticle�lters to trackthelocationof the
moving objects.Themovementsfor theobserver robotsarecoordinatedsothattheinformationgain
is maximizedandthesearchtimeminimized.

All theseapproachesareeitherpassive in thesensethatthey just maintaina belief abouttheposi-
tionsof thetargetsbeingtrackedor arereactiveandgenerateshort-termplansto maintainor maximize
thevisibility of theobjectsbeingtracked. In this paper, in contrast,we considertheproblemof ac-
tively maintainingan accuratebelief aboutthe positionsof peoplewhile the robot hasto carry out
navigationtaskssuchasof�ce delivery. WeuselearnedHiddenMarkov Models[3] representingtyp-
ical motionbehaviors to maintainbeliefsaboutthe locationsof thepeopleandupdatethesemodels
uponsensoryinput. To detectandidentify peopleourapproachcombineslaserrangedatawith vision
information.Accordingto thenatureof HMMs, our systemis ableto exploit evennegative informa-
tion to updateits belief aboutpotentialpositionsof people.A decision-theoreticapproachis usedto
decidewhethertherobotshouldintegrateobservationactionsinto its plans.This way, our robotcan
effectively minimizetheuncertaintyaboutthepositionsof peoplewhile it is carryingout its tasks.

Thepaperis organizedasfollows. In thenext sectionwe explain thestructureof theHMMs that
we useto estimatethe locationsof people. In Section3 we describehow our robot usesits sensor
informationto identify peoplein theenvironment.Section4 introducesourstrategy how to decideif
andwhichobservationactionshouldbeexecutedto updatetherobot'sbelief. In Section5 wepresent
severalexperimentsillustrating the robustnessof our approachto maintainanaccuratebelief about
thepositionsof peopleusinglaserandvision datawith amobilerobot.

2 Hidden Mark ov Models for Typical Motion Behaviors of
People

Ourapproachassumesthatthetypicalmotionbehaviorsof thepeoplearegivenin theform of Hidden
Markov Models[22]. Peopleusuallydo not permanentlymove. Ratherthey typically movebetween
so-calledrestingplaces. Theseareplaceswherethe peoplefrequentlystayfor a while. Therefore
theHMM we usedistinguishestwo typesof states[3]. The�rst classof statesaretherestingplaces.
Thesecondclassareintermediatestateswhich lie on typical trajectoriesthatthepeoplefollow when
walking from restingplaceto restingplace. The transitionprobabilitiesof the intermediatestates
modelaveragewalkingspeed,whereasthetransitionprobabilitiesfor therestingplacesarecomputed
basedon a statisticsaboutthe averagetime periodthatelapsesuntil the personstartsto move on a
particulartrajectoryafterarriving at thecorrespondingrestingplace.

Figure 1 depictsthe structureof the HMM for our of�ce environment. The numberedsquares
indicatethe eight restingplacesandthe small circleson the trajectoriesarethe intermediatestates.
ThewholeHMM consistsof 966states.
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Figure1.Possibletransitionsof theHiddenMarkov Modelderivedfromlearnedmotionpatterns
in our laboratory. Thenumberedsquaresindicatetheeightrestingplacesandthesmallcircles
on thetrajectoriesare theintermediatestates.

3 PersonDetectionand Identi�cation

To keeptrack of multiple personsin an environment,one in principle would have to maintaina
belief aboutthejoint statespaceof all persons.This approach,however, is usuallynot feasiblesince
the complexity of the stateestimationproblemgrows exponentiallywith the numberof personsor
dimensionsof thestatespace.Thereforeweapproximatetheposteriorby factorizingthebeliefabout
thejoint statespaceandconsiderindependentbeliefsaboutthestatesof all persons.Eachsuchbelief
is representedby a separateHMM. To maintainthe individual beliefswe needto beableto update
the HMMs for the personsbasedon observationsmadeby the robot, which requiresthe ability to
reliably detectpeopleandto identify them. To achieve this, our currentsystemscombineslaserand
vision information[3]. To detectpeoplein the laser-rangescansobtainedwith therobotour system
extractsfeatureswhich are local minima that correspondto the people's legs. We alsoneedto be
ableto identify a personin orderto appropriatelyupdatethebelief aboutthelocationof thatperson.
To achieve this we employ thevision systemof our robotandlearnan imagedatabasebeforehand.
For eachpersonthis databasecontainsonehistogramwhich is built from 20 images.To identify a
person,we proceedasfollows. Every time thelaser-basedpeopledetectionsystemreportsa feature
in the �eld of view of the camera,an imageis collectedandthe following threestepsareapplied.
Segmentation:We determinea rectangularareain thecameraimagewhich containstheperson.To
determinethis areawe usea perspective projectionto mapthe 3D positionof the personin world
coordinatesto 2D imagecoordinates.Featureextraction: We computea colorhistogramfor thearea
selectedin thepreviousstep.Databasematching: To determinethelikelihoodof a particularperson,
wecomparethehistogramcomputedin step2 to all prototypesexisting in thedatabase.

Thus,eachobservationzt
j consistsof thepositionyt

j of a featureprovidedby a laser-basedpeople
detectorandasimilarity measureH (qt

j ; � i ) betweenthequerycolorhistogramqt
j of thecorresponding

segmentin thecameraimageandthedatabasehistogramof personi , whichhasbeenlearnedbefore.
To comparea given queryhistogramqt

j with a prototype� i in the databasewe usethe normalized
intersectionnorm[26].

Let � t
i denotethe stateof personi at time t. Whenever a new observation is obtainedwe apply

JointProbabilisticDataAssociationFilters [4] andintegratethe individual featuresaccordingto the
assignmentprobability� j i thatfeaturej correspondsto personi :

P(� t
i j z(1:t ) ) = �

StX

j =0

� j i P(zt
j j � t

i ) P(� t
i j z(1:t � 1) ): (1)



Here� is anormalizationfactor, St is thenumberof featuresdetectedat time t, andz(1:t ) denotesthe
sequenceof all measurementsup to time t (seealsoSchulzetal. [24]).

WecomputethelikelihoodP(zt
j j � t

i ) accordingto:

P(zt
j j � t

i ) = P(yt
j ; H (qt

j ; � i ) j � t
i ) = H (qt

j ; � i ) P(yt
j j � t

i ): (2)

HereP(yt
j j � t

i ) is theprobability that the laser-basedpeopledetectionsystemreportsa featurede-
tectionat locationyt

j giventhat thepersonis in state� t
i . We determinethis quantityusinga mixture

of a uniform distributionanda boundedGaussianwith meanyt
j . Notethatwe alsotake into account

visibility constraints,i.e., statesthat areoccludedareregardedasstatesoutsidethe boundedGaus-
sian.In thecasethatno featurehasbeenobtainedfor apersonweusethelikelihoodof falsenegative
observationsfor suchstatesthatarewithin therangeof therobot'ssensors.For all otherstatesweuse
theaveragelikelihoodthattherobotdoesnot detecta persongivenit is outsidethesensorrange.

4 Computing the ExpectedUtility of Observation Actions

Sincethe robot becomesuncertainaboutthe positionof a personwhen it hasnot beenobserving
thepersonfor a longerperiodof time, it shouldconsiderto actively performobservationactionsto
updateits belief. In this context two aspectsarerelevant. On onehand,theinformationgainshould
beaslargeaspossible,andon theotherhand,thecostof performingobservationactionsshouldbe
minimized.

To determinetheuncertaintyin thebeliefaboutthepositionsof thepeopleweconsidertheentropy
of theposteriors.Theentropy H of theposteriorBel j aboutpossiblestates� 1; : : : ; � N j of personj is
ageneralmeasurefor theuncertaintyandis de�ned as:

H (Bel j ) = �
N jX

i =1

Belj (� i ) � logBelj (� i ): (3)

H is maximal in caseof a uniform distribution. The minimal valuezerois obtainedif the robot is
absolutelycertainaboutthecurrentpositionof personj .

To take into accountthe informationprovided by the sensorsof the robot, we computethe ex-
pectedinformationgainwhich is theexpectedchangeof entropy giventhat therobotobtainssensor
information.Theinformationgainfor theposteriorBel j givenanobservationz is de�ned as:

I (Bel j j z) = H (Belj ) � H (Belj j z): (4)

HereH (Belj jz) is the entropy of the posterioraboutthe positionof personj after integratingthe
observationz.

Note that theproblemconsideredhere– choosingtheoptimalactionsequence– canberegarded
asa partially observableMarkov decisionprocess(POMDP)problem(see[10] for a comprehensive
overview). Sincesolving thePOMDPfor applicationsof thesizeconsideredhereis not feasiblein
practicewe follow an approachthat makes several simplifying assumptionsandhasbeenapplied
successfullyfor asimilarproblemin thepast[6]. First,weusearestrictedsetof potentialobservation
actionsthattherobotcancarryout. Sinceweassumethatthepeoplestayat therestingplacesmostof
thetime we only considerobservationactionsat viewpointsfor therestingplaces.Furthermore,we
consideronly oneobservationper taskanddo not considerall potentialmeasurementsperceivedby
therobotwhile it is carryingout its task. A taskis de�ned astheactionof driving to thenext target
locationof therobot.



Figure2. Theleft imageshowsthevisibility areafor restingplace6. Theright imageshowsfor
two scenariosthe detours to theviewpointsto which the robotmoves. Thesolid lines indicate
thedirectpathsto the target locationsof the robotand the dashedlinesare the detours to the
viewpoints.

Additionally, we take thepossibility into accountthat therobotcanobserve a restingplacewhen-
ever it arrivesat the �nal location of its currenttask. The casethat no part of the HMM can be
observedaftertherobotarrivedat its goalcanberegardedasaspecialcaseof this.

Sincewedonotknow whattherobotwill perceivewhenit hasexecutedits taska, wehave to sum
overall possibleobservationsza to computetheexpectedinformationgainfor Bel j :

E(Bel j ja) =
X

za

p(za j Bel j ) � I (Bel j j za): (5)

To ef�ciently computethelikelihoodp(za j Bel j ) wedonot integrateoverall possiblemeasurements.
Instead,weconsiderabstractobservationsnamelythattherobotidenti�es/doesnotidentify theperson
givenit is attheobservedrestingplaceor not. Thecorrespondinglikelihoodsaretheaveragedetection
respectively failure rates.Theoverall expectedinformationgainE(a) for the taska is givenby the
sumof theindividualexpectedinformationgainsfor theposteriorsof all J personsafterexecutinga:

E(a) =
JX

j =1

E(Bel j ja): (6)

Theexpectedutility of a cannow bede�ned as:

EU (a) = r (a) � c(a) + E(a): (7)

Here,r speci�esa reward functionwhich dependson theutility of �nishing a, whereasc(a) arethe
costof executinga.

During theexecutionof its currenttask,we allow therobotto consideroneadditionalobservation
of a restingplace. To reducethe complexity we computeviewpointsfor the restingplaces. From
theseviewpointsthe robot canobserve if a personis currentlystayingat the correspondingresting
place.

To computethe viewpoints we proceedas follows: We perform two deterministicvalue itera-
tions[25] in thestatic2D occupancy grid map[17] of theenvironment1: onewith thetargetposition
of thecurrenttaskasstartinglocationandonewith the robot's currentpositionasstartinglocation.

1Eachcell hx; yi of the occupancy grid map storesthe probability pocc(hx; yi ) that the correspondingareain the
environmentis occupied.Thecostfor traversinga cell hx; yi is proportionalto its occupancy probabilitypocc(hx; yi ).



For eachrestingplacel we computea visibility area,i.e. thesetof grid cellsfrom which l is visible.
The left imageof Figure2 shows for examplethe visibility areaof restingplace6. The viewpoint
for a restingplacel is thende�ned asthecell in its visibility areawhich hasthe lowestmove costs.
To determinethe move cost for a cell hx; yi we cansimply addthe costsfor reachinghx; yi from
thestartlocationandfor reachingthe�nal locationfrom hx; yi . Additionally we adda penaltyterm
correspondingto thecostimposedby rotatingtherobottowardsl. Theright imageof Figure2 depicts
for two scenariosthedetoursof therobotto viewpointsof restingplace6.

Theactionof moving to theviewpoint correspondingto a restingplacel to getanobservation is
referredto asa1 andtheactionof driving from l to theoriginal targetlocationis referredto asa2. Let
al = a1 � a2 bethewholeactionconsistingof a2 executedaftera1. Theexpectedutility of al is given
by:

EU(al ) = r (a1 � a2) � c(a1 � a2) + E(a1 � a2): (8)

Notethatbotha1 anda2 dependon therestingplacel. However, to enhancereadabilitywe omitted
theargumentl. Theexpectedinformationgainfor a1 � a2 canbecomputedas:

E(a1 � a2) =
JX

j =1

X

za1

X

za2

p(za1 j Bel j ) � p(za2 j Bel j ) � I (Bel j j za1 ; za2 ): (9)

During theexecutionof its currenttaska therobotmovesto theviewpoint correspondingto resting
placel � with

l � = argmax
l2f l1 ;:::;lN g

EU(al ) (10)

wheneverEU(al � ) > EU(a). Herel1; : : : ; lN aretherestingplaces.

5 Experimental Results

Theapproachdescribedabove hasbeenimplementedandtestedusinga B21r robotequippedwith a
laserrangescanneranda stereocamerasystem(seeleft imagein Figure5). Thestatesandpossible
transitionsof theHMM we usedto track thepositionsof thepersonsaredepictedin Figure1. The
updateof all individual HMMs andthe computationof the viewpoint with the maximumexpected
utility is donein 0.5secondsona3 GHzPentium4. Thus,therobotconsideredadditionalobservation
actionsat a frequency of 2 Hz. We assumethat therewardr (a) is equalfor all actions.The results
obtainedillustratethatour systemallowstherobotto actively performobservationactionsandto use
theseactionsto reduceits uncertaintyaboutthecurrentpositionsof thepeoplein its environment.

5.1 Performing an Observation Action During TaskExecution

The goal of the �rst experimentis to illustratethat our algorithmcaneffectively guidethe robot to
viewpointsthatprovideinformationaboutpositionsof peoplewhenneeded.Thetaskof therobotwas
to movefrom thepositionmarkedwith t = 0 in Figure3 to restingplace4. In theinitial situationthe
viewpoint of restingplace3 hadthe highestexpectedutility becausethe robotwasuncertainabout
the currentpositionof personX (seeinitial belief in the left imageof Figure4) andbecausethe
additionalmovecostsfor viewpoint 3 werevery low. Thereforetherobotdecidedto observe resting
place3 at time stept = 50. The robot detectedpersonX andascanbe seenin the left imageof



Figure 3. Therobot decidesto stopat the viewpoint to check 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 theexperimentshownin Figure3. Ascanbeseenat timestept = 50
whenthe robotdetectspersonX at restingplace3 it updatesits belief accordingly. Theright
image showsthecorrespondingevolutionof theprobability whentherobotdoesnot stopat the
viewpointto performanobservationaction.

Figure4 updatedits belief accordingly. If, in contrastto this, the robot in the samesituationdoes
not performanobservationactionat viewpoint 3 andmovesdirectly to its target location,its belief
aboutthe position of personX would not improve over time. This fact is illustratedin the right
imageof Figure4. In all the�gures weonly show posteriorsof therelevantrestingplacesto enhance
readability. In a similar experiment,in which the robot wasquite certainthat personX wasin its
of�ce, it did notstopat theviewpointbecausetheexpectedutility wasnot highenough.

5.2 Actively Searching for a Person

The secondexperimenthasbeendesignedto illustratethat the robot candealwith ambiguitiesand
thatit canincreaseits certaintyaboutthepositionsof thepersonby integratingnegative information.
Herethe robot wasstandingin the middle of the corridor looking to the eastandcurrentlyhadno
taskto execute.At aroundtimestept = 20therobotobserveda personwalking to theeast.A scene
overview is depictedin theleft imageof Figure5. Accordingto thecamerainformationthedetected
personwasmostlikely personB, who previously hadbeenstayingat restingplace4. Theresulting
posterioraboutthepositionof personB after integratingtheobservationsequenceis depictedin the
left imageof Figure6. The sizeof the squaresof the intermediatestatesof the HMM represents
the probability that the personis currently in the correspondingstate. Similarly the restingplaces
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Figure 5. Theleft image showspersonB walking downthe corridor. It enters the roomcon-
taining restingplace7 and walks to restingplace6 in the neighborroom. Sincethe robot is
uncertainwhere personB is going to after hemovedout of the �eld of view, therobotdecides
to search for it. Theviewpointcorrespondingto restingplace7 hasthehighestexpectedutility
andtherefore therobotmovesthere to performan observationaction(centerimage). Theright
image showstheevolutionof theprobability of personB to be at different restingplacesover
time. Whentherobotdoesnot detecta personat restingplace7 (timestept = 73) it infers that
personB is probablystayingat restingplace6.

arelabeledwith theprobability that thepersonis stayingat this particularplace.Thecircle labeled
personB correspondsto the position of the personprovided by the laser-basedpeopledetection
system.At aroundtime stept = 30 personB disappearedout of the �eld of view of the robotand
walkedthroughtheof�ce containingrestingplace7 to restingplace6. Sincetherobotwasuncertain
to which restingplacepersonB wasgoingto, therobotdecidedto searchfor it.

Accordingto the transitionprobabilitiesof the restingplaces,the robot believed that the person
mostlikely walkedto restingplace6. Still, theprobabilityof restingplace7 wasquitehigh(seeright
imageof Figure5). Sincethe viewpoint correspondingto restingplace7 hadthe highestexpected
utility, the robotdecidedto move thereto performthecorrespondingobservationaction(seecenter
imageof Figure5). In thisexample,therobotdid notobservepersonB atrestingplace7 sothat,after
theupdateof theHMM, thepersonwasmostlikely at restingplace6. The right imageof Figure5
shows theevolution of thebelief aboutthepositionof thepersonduringthis experiment.As canbe
seen,theprobabilityof personB to beat restingplace6 rapidly increasedat time stept = 73 when
therobotcheckedrestingplace7 anddid notdetectit there.

5.3 KeepingTrack of Multiple Persons

The �nal experimentdescribedin this sectionis designedto illustrate that the robot can actively
maintaina belief aboutthepositionsof multiple persons.In this particularexperimenttherobotwas
keepingtrackof two personsandwasstandingat thesameplaceasin thebeginningof theprevious
experiment.

Initially the robot believed that personsA andB weremost likely at restingplace4. At around
timestept = 15therobotobservedonepersonwalkingto theeastalongthecorridorandenteringthe
of�ce containingrestingplace7. Sincethesimilarity measuresbetweentheextractedsegmentin the
cameraimageandthedatabasehistogramsof personA andB wereambiguous,therobotwasrather
uncertainwhich personit hadobserved. The similarity betweenthe correspondingsegmentin the
cameraimageandthedatabaseimageof personB wasonly slightly higherthanthesimilarity to the
databaseimageof personA. Moreprecisely, thelikelihoodthatthedetectedpersonwaspersonB was
0.57andthe likelihoodof personA was0.43. Therefore,theprobabilityof personB, who actually



Figure 6. Therobotdetectsthat personB walksawaythroughthecorridor. Shownon the left
is thebelief aboutthepositionof personB after integrating part of theobservationsequence.
Thesizeof thesquaresof theintermediatestatesof theHMM representstheprobability that the
personis currently in thecorrespondingstate. In theexperimentshownon theright image the
robotdetectsa personin thecorridor. Sincetherobotis ratheruncertainwhetherthepersonis
A or B theprobability thatpersonB 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 thecasethat the robot is uncertainwhetherthepersonit detected
waspersonA or personB and therefore decidesto inspectrestingplace4. Whenthe robot
observesperson A there the probabilitiesof restingplaces6 and 7 immediatelyincreasefor
personB (time stept = 35). Theright image showsthat at the sametime the probability of
personA to beat restingplace4 seriouslyincreases.



walkeddown thecorridor, to beat restingplace4 remainedhigh. Theright imageof Figure6 depicts
the posterioraboutthe positionof personB after integratingpart of the observation sequence.At
aroundtime stept = 25 therobotdecidedto turn to restingplace4 to checkwhich personwasstill
there. Therobot identi�ed personA at time stept = 35 andupdatedits belief accordingly. As can
beseenin theleft imageof Figure7 theprobabilitiesthatpersonB wasat therestingplaces6 and7
immediatelyincreasedafter the inspectionof restingplace4. The right imageshows the evolution
of thebelief aboutthepositionof personA. As canbeseenfrom thegraphtherobotwasnow very
certainthatpersonA wasat restingplace4.

6 Conclusionsand Futur eWork

In thispaperweconsideredtheproblemof actively maintaininganaccuratebeliefaboutthepositions
of multiple personsin theenvironmentof a mobilerobot. Our approachrepresentstheprobabilistic
beliefsaboutthepositionsof peopleby HiddenMarkov ModelsandupdatesthesemodelsusingJoint
ProbabilisticDataAssociationFilters. It usesadecision-theoreticapproachto determineobservation
actionsthatarecarriedout while therobot is executingits tasks.Theutility of anobservationaction
is computedby trading-off movecostsandtheexpectedreductionof uncertainty.

Our approachhasbeenimplementedon a realrobotandevaluatedusingdataprovidedby a laser-
rangesensorandcameras.Experimentalresultsdemonstratethat our algorithmgenerateseffective
actionsthatseriouslyreducetheuncertaintyin thebelief aboutthepositionsof people.

In thefuture,we planto investigatewhetherour modelscanbeappliedto predictthebehaviors of
peoplein otherapplicationscenarioslike for exampleshoppingmallsor museums.In theseenviron-
mentsthepeoplealsoshow typicalbehavior andfrequentlystopat certainplaces.Thedif�culty here
is that theenvironmentsaremorecrowded.Sincein suchkind of environmentsthepeopleareoften
moving in groupsit will probablybehelpful to trackthemasonegroupandnotasindividuals.
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