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Robotsthatareableto acquireanaccuratemodelof theirenvironmentareregardedasful�lling amajor
preconditionof truly autonomousmobilevehicles.To learnamapof theenvironment,threeproblemsneed
to beaddressedsimultaneously, namelyexploration,mapping,andlocalization.In thiswork,wepresentan
integratedsolutionto thesethreeproblems.To solve thesimultaneouslocalizationandmapping(SLAM)
problem,ourapproachusesahighly ef�cient variantof algorithmproposedby Murphyandcolleagues[2,
4]. In this algorithm,a Rao-Blackwellizedparticle�lter (RBPF)is usedto ef�ciently representthe joint
posterioraboutpossiblemapsandtrajectoriestakenby therobot. Thekey contribution of our approachis
anef�cient decision-theoreticalgorithmfor computingvantagepointsthatreducetheexpecteduncertainty
in theRBPF.

Theapproachesmostlyrelatedto ourwork havebeenpresentedby Makarenko etal. [3] andBourgault
et al. [1]. They useanExtendedKalmanFilter (EKF) to solve theSLAM problemandintroducea utility
function which trades-off the cost of exploring new terrain with the potential reductionof uncertainty
by measuringat selectedpositions.A similar techniquehasbeenappliedby Sim et al. [5], who consider
actionsto guidetherobotbackto aknownplacein orderto reducetheposeuncertaintyof thevehicleduring
exploration.In contrastto ourwork, theseapproachesassumethattheenvironmentcontainslandmarksthat
canbeuniquelydeterminedduringmapping.Our approach,in contrast,learnsoccupancy grid mapsand
thusis not restrictedto environmentswith pre-de�nedlandmarks.

Comparedto previousapproaches,thenovelty of thework reportedhereis thatour algorithmsimulta-
neouslyconsiderstheuncertaintyin thetrajectoryandin themapwhile building accurateoccupancy grids.
Basedon an ef�cient schemefor computingthe uncertaintyof the joint posterior, we apply decision-
theoreticframework for choosingappropriateactions. Thereby, we utilize the propertiesof the Rao-
Blackwellization. In brief, the uncertaintyof an RBPF is determinedby its entropy, which consistsof
two components.Whereasthe�rst onecomputestheuncertaintyover thetrajectorytakenby therobot,the
secondcalculatestheuncertaintyof the individual mapsweightedby the likelihoodof thecorresponding
particles.We alsodemonstratehow the�lter canbeusedto ef�ciently simulatepossiblemeasurementsto
beobtainedalonga paththroughalreadymappedterrain.To determinepotentialactions,we considerdif-
ferentactiontypesincludingactionsthatcollectsensorinformationaboutunknownareasaswell asactions
designedto re-visit known placesto reducetheposeuncertaintyof thevehicle.To �nally selectanaction,
wetakeinto accountthepotentialmeasurementsgatheredalongthepathof therobotaswell asthecostfor
carryingout this action.

Ourapproachhasbeenimplementedandtestedin therealworldandin simulation.Experimentalresults
suggestthatour approachleadsto a robustexplorationbehavior thatproduceshighly accurategrid maps.
Furthermore,we illustratetheadvantagesof our actionselectiontechniqueoverpreviousapproaches.
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Figure1: Supposetherobothasahighposeuncertaintyandhasto decidewhereto gonext. Shownarethree
opportunitiesin theleft image.By estimatingthechangeof uncertaintywhich is introducedby executing
anaction,we candeterminewhich actionpromisesthehighestuncertaintyreduction(seemiddle image).
Thus,ourapproachchoosesaction3 asdepictedin theright image.

Figure2: Fivedifferentstagesof anautonomousexplorationrunon thesecond�oor of building 106at the
Universityof Freiburg. Themapwasacquiredfully autonomouslyby our integratedapproach.
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Figure3: Therobothadto decidewhereto move next duringanexplorationexperiment.The left image
depictsthe trajectoryof therobotso far andthemiddle imageillustratesthebestmapin thatsituationas
well aspossibleactionswith correspondingtarget locations. The plot on the right handsideshows the
expectedutility of the individual goal locations. The robot selectedlocation1 andperformedan active
loopclosure,sincethis actionprovidedthehighestexpectedutility.
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