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Oral presentation

Robotsthatareableto acquireanaccuratenodelof theirervironmentareregardedasful lling amajor
preconditiorof truly autonomousnobilevehicles.To learnamapof theernvironment threeproblemaseed
to beaddressedimultaneouslynamelyexploration,mapping andlocalization.In thiswork, we presenan
integratedsolutionto thesethreeproblems.To solve the simultaneousocalizationandmapping(SLAM)
problem,our approactusesa highly ef cient variantof algorithmproposedy Murphy andcolleague$2,
4]. In this algorithm,a Rao-Blackwellizedparticle Iter (RBPF)is usedto ef ciently representhejoint
posterioraboutpossiblemapsandtrajectoriegaken by therobot. The key contribution of our approachis
anefcient decision-theoretialgorithmfor computingvantagepointsthatreducethe expecteduncertainty
in theRBPFE

Theapproachemostlyrelatedto ourwork have beenpresentedby Makarenlo etal. [3] andBourgault
etal. [1]. They useanExtendedKalmanFilter (EKF) to solve the SLAM problemandintroducea utility
function which trades-of the cost of exploring new terrain with the potentialreductionof uncertainty
by measuringat selectedpositions. A similar techniquehasbeenappliedby Sim et al. [5], who consider
actionsto guidetherobotbackto aknown placein orderto reduceheposeuncertaintyof thevehicleduring
exploration.In contrasto ourwork, theseapproacheassumehattheenvironmentcontaindandmarkghat
canbe uniquelydeterminedduring mapping. Our approachjn contrastjearnsoccupang grid mapsand
thusis notrestrictedto environmentswith pre-de nedlandmarks.

Comparedo previousapproacheghe novelty of thework reportedhereis thatour algorithmsimulta-
neouslyconsidergheuncertaintyin thetrajectoryandin themapwhile building accurateoccupang grids.
Basedon an efcient 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 RBPFis determinedby its entropy, which consistsof
two componentsWhereaghe rst onecomputegheuncertaintyoverthetrajectorytakenby therobot,the
secondcalculateghe uncertaintyof the individual mapsweightedby thelik elihood of the corresponding
particles.We alsodemonstratéow the Iter canbe usedto ef ciently simulatepossiblemeasurement®
be obtainedalonga paththroughalreadymappederrain. To determinepotentialactions we considerdif-
ferentactiontypesincludingactionsthatcollectsensoinformationaboutunknavn areasaswell asactions
designedo re-visit known placesto reducethe poseuncertaintyof the vehicle. To nally selectanaction,
we take into accounthe potentialmeasuremengatheredilongthe pathof therobotaswell asthe costfor
carryingoutthis action.

Ourapproachhasbeenmplementedndtestedn therealworld andin simulation.Experimentatesults
suggesthatour approacHeadsto a robustexplorationbehaior thatproducesighly accurategrid maps.
Furthermorewe illustratethe advantage®f our actionselectiontechniqueover previousapproaches.
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Figurel: Supposeherobothasahigh poseuncertaintyandhasto decidewhereto gonext. Shovn arethree
opportunitiedn theleft image. By estimatingthe changeof uncertaintywhichis introducedby executing
anaction,we candeterminewhich actionpromiseghe highestuncertaintyreduction(seemiddle image).
Thus,our approackthoosesction3 asdepictedn theright image.
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Figure?2: Five differentstagef anautonomougxplorationrun onthesecondoor of building 106atthe
Universityof Freiturg. Themapwasacquiredfully autonomoushpy our integratedapproach.
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Figure3: Therobothadto decidewhereto move next during an explorationexperiment. The left image
depictsthe trajectoryof the robot so far andthe middle imageillustratesthe bestmapin that situationas
well aspossibleactionswith correspondindargetlocations. The plot on the right handside shows the
expectedutility of the individual goal locations. The robot selectedocation1 and performedan active
loop closure sincethis actionprovidedthe highestexpectedutility .
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