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Abstract

RecentlyRao-Blackwellizedparticle �lter s havebeenintroducedas an effectivemeans
to solvethesimultaneouslocalizationandmapping(SLAM)problem.In such a particle
�lter each particle carries an individual map of the environment. Accordingly, a key
questionis how to reducethe numberof particles. Additionally, the approach leaves
openhow to move the robot in order to improve the accuracy of the learnedmaps. In
this paper we presentnovel solutionsto both problems. First we presentan ef�cient
way to computeimprovedproposaldistributionsin thepredictionstepwhich drastically
reducestheuncertaintyabouttherobot's pose. Furthermore, wepresentan approach to
effectivelyreducethe numberof re-samplingstepswhich seriouslyreducesthe particle
depletionproblem.Finally, wedescribea techniqueallowing therobot to activelyclose
loops during exploration. By re-enteringalreadyvisited areasour algorithm reduces
the localizationerror and this wayproducesmore accuratemaps.Experimentalresults
carried out with mobilerobotsin large-scaleindoor andoutdoorenvironmentsillustrate
theadvantagesof our methodsoverpreviousapproaches.

1 Intr oduction

Simultaneousmappingandlocalizationbelongsto oneof the fundamentalproblemsof mobile ro-
botics. Robotsthat areableto concurrentlymaintaina modelof their environmentandto localize
themselvesrelatively to thismodelareregardedasful�lling amajorpreconditionof truly autonomous
mobile vehicles. Recently, Rao-Blackwellizedparticle �lters have beenintroducedasan effective
meansfor solvingtheSLAM problemwith occupancy grid maps[4]. Thekey ideaof this approach
is to usea particle�lter in which eachparticlecarriesits own mapwhich is computedbasedon the
trajectoryof thatparticle.Themajordisadvantageof this approachlies in thehugememoryrequire-
ments,sinceonemaphasto bemaintainedfor eachparticle.Therefore,effectivewaysto reducethe
numberof requiredparticlesareof utmostimportancewhenenvironmentswhich largeloopshave to
bemapped.

As many otherapproachesto solve theSLAM problem,Rao-Blackwellizedparticle�lters do not
belongto the integratedtechniquessincethey only estimatethe map of the environmentand the
locationof thevehicleandlack a methodto actively control themotionsof thevehicle.Controlling
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Figure 1. Two differentmapsobtainedfroma real world experimentperformedin Sieg Hall at
theUniversity of Washington.In theleft image therobottraversedtheloop on theleft sideonly
oncebefore it entered thecorridor. Accordingly, it wasunableto localizeitself correctlywhen
it closedthe loop. In the right image, the robot traversedthe loop twice and therefore could
correctlyestimateits positionin themap. Theaccuracyof theresultingmaptherefore is much
higher.

themovementsof therobot,however, canhaveaseriousin�uenceonthequalityof theresultingmap.
For example,arobotthatentersalreadyvisitedterraincanmoreaccuratelylocalizeitself relativeto its
mapcomparedto anapproachwhichseparatestheSLAM problemfrom thecontrolproblemanduses
anexplorationstrategy thatseeksto visit unknown terrainasfastaspossibleIn general,if therobot
usesanexplorationstrategy thatavoidsre-visitingknown areasof theenvironment,theprobabilityof
makingcorrectassociationsis reduced.

Figure1 givesanexamplethatillustrateswhy anintegratedapproachthatperformsactiveplacere-
visiting providesbetterresultsthanapproachesthatdonot considerre-enteringknown terrainduring
the exploration phase. In the situationshown in the left imagethe robot traversedthe loop just
once. The robot was not able to correctly determinethe anglebetweenthe loop and the straight
corridor, becauseit did not collectenoughdatato accuratelylocalizeitself. Thesecondmapshown
in theright imagehasbeenobtainedwith theapproachdescribedin thispaperaftertherobottraveled
twice aroundthe loop beforeenteringthecorridor. As canbeseenfrom the �gure, this reducesthe
orientationerror from approximately7 degrees(left image)to 1 degree(right image).This example
illustratesthat thecapabilityto actively closeloopsduringexplorationallows therobot to reduceits
poseuncertaintyduringexplorationandthusresultsin moreaccuratemaps.

In thispaperwepresentahighly ef�cient variantof thestandardRao-Blackwellizedmappingtech-
niquewhich seriouslyreducesthenumberof particlesneeded.This is achievedby usinganadaptive
motion modelwhich appliesa scan-matchingprocedureduring the predictionphaseandwhich es-
timatestheparametersof the motionmodelbasedon the uncertaintyin the scan-matchingprocess.
Additionally weintroduceanadaptiveresamplingschemethatmaintainstheparticlediversityandthis
wayreducestheparticledepletionproblem.Finally, wepresentanintegratedalgorithmthatgenerates
trajectorieswhich actively closeloops. Our algorithmexplicitely takesinto accounttheuncertainty
abouttheposeof therobotduringtheexplorationtask.Additionally it avoidsthattherobotbecomes
overly con�dent during the loop closingprocess.We presentpracticalexperimentscarriedout in
large-scalein- andoutdoorenvironments,which canbemappedby our systemwith 50 particlesor
even less. Additionally, we presentresultsillustrating that our active loop-closingalgorithmyields
moreaccuratemapsthana combinationof Rao-Blackwellizedmappingwith a standardexploration
behavior thatforcestherobotto alwaysvisit unknown areas.

Thispaperis organizedasfollows. After thediscussionof relatedwork in thefollowing section,we
brie�y explain theideaof Rao-Blackwellizedmappingin Section3. Section4 presentsour adaptive
techniquesto improve the performancethis mappingframework. In Section5 we presentour inte-
gratedalgorithmthatactively controlstherobotduringmapping.Section6 thenpresentsexperiments
carriedout on realrobotsaswell asin simulation.



2 RelatedWork

In thepast,severaltechniqueshavebeenproposedto reducethenumberof necessaryparticlesin the
particle�lter . Onesolutionis to choosetheoptimalproposaldistribution[3, 19]. Unfortunately, such
a distribution is generallyunavailablein a form suitablefor sampling.However, in severaldomains
it is possibleto useGaussianapproximationsof theoptimalproposaldistribution. For example,the
unscentedparticle �lter [19] attemptsto estimatea Gaussianapproximationof the proposalgiven
the modelof the system. In FastSLAM-2[13] the proposaldistribution is alsoapproximatedby a
Gaussianwithin a Rao-Blackwellizedparticle �lter for landmark-basedmapping. In this paperwe
follow a similar ideain thecontext of Rao-Blackwellizedmappingwith grid maps.In particularwe
utilize ascan-matchingprocedurefor computingaGaussianapproximationof theobservationmodel.
Thisextendsourpreviouswork [9] sincetheproposaldistribution is computedonaper-particlebasis
anddependenton thecurrentobservationandtheindividualmaps.

Within thecontext of exploring unknown environmentsseveralpreviouspublicationsarerelevant.
Most explorationtechniquespresentedso far focuson generatingmotioncommandsthat minimize
thetime neededto cover thewholeterrain[1, 10,20,21]. Othermethodsseekto optimizetheview-
pointsof the robot to maximizethe expectedinformationgain andto minimize the uncertaintyof
the robot aboutgrid cells [7, 17]. The majority of approaches,however, assumesthat the location
of the robot is known during exploration. In the areaof SLAM, mostof the papersfocuson the
aspectof stateestimationaswell asbelief representationandupdate[2, 4, 5, 8, 9, 13, 14, 15, 18].
Thesetechniquesarepassiveanddo not includemeansto actively control themotionsof therobots.
Recently, several integratedapproacheshave beenproposed.For example,Makarenko et al. [12]
extract landmarksout of laserrangescansandusean ExtendedKalmanFilter to solve the SLAM
problem.They furthermoreintroduceautility functionwhich trades-off thecostof reachingfrontiers
with theutility of selectedpositionswith respectto apotentialreductionof theposeuncertainty. The
approachis similar to the work doneby Federet al. [6] who considerlocal decisionsto improve
theposeestimateduringmapping.Both techniques,however, rely on the fact that theenvironment
containslandmarksthatcanbeuniquelydeterminedduringmapping.In contrastto this,theapproach
presentedin this papermakesno assumptionsaboutdistinguishablelandmarksin the environment.
It usesraw laserrangescansto computeaccurategrid maps. It considersthe utility of re-entering
known partsof theenvironmentandfollowing anencounteredloop to reducetheuncertaintyof the
robotin its pose.Thisway, theresultingmapsbecomehighly accurate.

3 Rao-BlackwellizedMapping

To estimatethemapof theenvironmentweuseanef�cient implementationof theRao-Blackwellized
particle�lter for simultaneouslocalizationandmappingproposedby Murphyetal. [4]. Thekey idea
of thisapproachis to estimateaposteriorp(x1:t j z1:t ; u1:t ) aboutpotentialtrajectoriesx1:t of therobot
givenits observationsz1:t andits odometrymeasurementsu1:t andto usethis posteriorto computea
posteriorovermapsandtrajectories:

p(m; x1:t j z1:t ; u1:t) = p(m j x1:t ; z1:t )p(x1:t j z1:t ; u1:t): (1)

This canbe doneef�ciently , sincethe quantityp(m j x1:t ; z1:t ) canbe computedanalyticallyonce
x1:t andz1:t areknown. To estimatethe posteriorp(x1:t j z1:t ; u1:t ) over the potentialtrajectories
Rao-Blackwellizedmappingusesa particle �lter in which an individual map is associatedto each
sample.Eachmapis constructedgiventheobservationsz1:t andthetrajectoryx1:t representedby the
correspondingparticle.



The particle�lter algorithmconsistsof threemajor steps.The �rst stepcomputesthe successor
statedistribution by samplingfrom a socalledproposaldistribution � . The secondstepassignsan
individual importanceweight to eachparticle. Theseweightsaccountfor the fact that the proposal
distribution� in generalis notequalto thetrueproposaldistribution. Thethird stepis theresampling
stepin which eachparticlesurviveswith a probability proportionalto its importanceweight. This
resamplingprocessis necessarysinceonly a �nite numberof particlesis usedto approximatea
posteriorandsinceit allows to applya particle�lter in situationsin which theproposaldistribution
differsfrom thetrueone.

In Rao-Blackwellizedparticle�lters for SLAM eachparticlerepresentsapossibletrajectoryof the
robot.Drawing particlesfrom aproposaldistribution is necessarysincetheexactmotionof therobot
cannotbedetermined.Thereforetheproposaldistribution is oftencalledmotionmodel.Theweight
! (i )

t of particlei beingatpositionx(i )
t is computedaccordingto importancesamplingprinciple:

! (i ) =
p(x(i )

t j z1:t ; u1:t ; x0)

� (x(i )
t j z1:t ; u1:t ; x0)

: (2)

Theeffectivenessof a particle�lter canbemeasuredin termsof thenumberof particlesrequired
for correctlyrepresentingtheestimatedposterior. Key questions,thathave to besolvedin practical
applications,arehow theproposaldistribution is computed,whenthe resamplingshouldbecarried
out,andhow therobotshouldmove throughtheenvironmentto aquirethenecessarydata.

Throughoutthe remainderof this paper, we describetechniquesto computeaccurateproposal
distribution,to adaptively determinewhento resample,andhow to actively closeloopsduringexplo-
ration. All approachesin commonleadto a highly ef�cient Rao-Blackwellizedmappingtechnique
thatscalesto environmentsthatareby oneorderof magnitudelargerthanthosethatcouldbemapped
with previousgrid-basedvariantsof Rao-Blackwellizedmapping.

4 AdaptiveSampling for Impr ovedRao-BlackwellizedMapping

In this sectionwe describetwo enhancementsto Rao-Blackwellizedmapping.First we introducean
improvedmotion model,which allows to draw samplesin a highly accurateway. We thenpresent
anadaptive resamplingstrategy, which performsa resamplingstepbasedon anestimateabouthow
well thecurrentsamplesetrepresentstheposterior. As a consequence,therisk of particledepletion
is reduced.

As explainedabove, during the executionof the particle �lter oneneedsto draw samplesfrom
a proposaldistribution � . This distribution hasto be de�ned by the userand shouldbe as close
aspossibleto the true distribution (seeEq. (1)). Unfortunately, a closedform of this posterioris
not known in general.In thecontext of mobile robot localization,thesamplesthereforeareusually
drawn from themotionmodelp(x t j xt � 1; ut ) of therobot.Theappropriatenessof thisapproachalso
dependson the likelihoodfunction p(zt j xt ), which speci�es the perceptionmodelandis usedto
computetheimportanceweights.If thevarianceof themotionmodelis signi�cantly larger thanthe
varianceof theobservationmodelp(zt j xt ) thereis a high risk thatthedrawn samplesrepresentthe
posteriorin a poorway. Sucha situationcantypically beobservedwhenlaserrange�nders areused
for mobile robot localization. Due to the high accuracy of this sensorthe correspondinglikelihood
functionis extremelypeakedcomparedto themodelof theodometry.

The currentstate-of-the-artRao-Blackwellizedmappingalgorithmsdraw particlesfrom a �x ed
motionmodel. In orderto ensuretheconvergenceof the �lter a �x edmotionmodelneedsto over-
estimatetheerrorof therobot'smotion.Evenif consecutiverangemeasurementsaretransformedinto
highlyaccurateodometrymeasurementsusingascan-matchingapproachlikein ourpreviouswork [9]
thecorrespondingmotionmodelhasto take into accounttheworstcasescenario.In principle, if all
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Figure 2. Thetwo componentsof themotionmodel.Within in interval L (i ) theproductof both
functionsis dominatedby the observationlikelihood. Accordingly the modelof the odometry
error cansafelybeapproximatedbya constantvalue.

measurementsare maximumrangereadingsthis is equivalent to the raw odometry. Conservative
approximationstypically causethe particle�lter to requiremoresamplessincethe diversityof the
particlesoften is higher thanneeded.The model introducedin this sectionis adaptive andadjusts
thevarianceof theproposalaccordingto theaccuracy of thescan-matchingprocess.Accordingly, it
requireslesssamplesthana conservativeapproach.

A Rao-Blackwellizedmappingtechniquecanbesigni�cantly improvedby drawing from theopti-
malproposaldistribution (seeDoucet[3]):

p(x(i )
t j m(i )

t � 1; x(i )
t � 1; zt ; ut ) =

p(zt j m(i )
t � 1; x(i )

t )p(x(i )
t j x(i )

t � 1; ut )
R

p(zt j m(i )
t � 1; x0)p(x0 j x(i )

t � 1; ut )dx0
: (3)

When using a laser range�nder, the likelihood function p(zt j m(i )
t � 1; x(i )

t ) is usually extremely
peaked anddominatestheproductp(zt j m(i )

t � 1; x(i )
t )p(x(i )

t j x(i )
t � 1; ut ) within the meaningfulareaof

the likelihood function. Thereforeit is possibleto approximatep(x (i )
t j x(i )

t � 1; ut ) by a constantk
within theinterval L (i ) givenby:

L (i ) =
n

x j p(zt j m(i )
t � 1; x) > �

o
(4)

Figure2 illustratesa motionmodelandthedominantlikelihoodfunctionaswell astheinterval L (i ) .
Underthisassumptionit is possibleto formulateanapproximationfor theright handsideof Eq.(3):

p(zt j m(i )
t � 1; x(i )

t )p(x(i )
t j x(i )

t � 1; ut )
R

p(zt j m(i )
t � 1; x0)p(x0 j x(i )

t � 1; ut )dx0
'

p(zt j m(i )
t � 1; x(i )

t )
R

x02 L ( i ) p(zt j m(i )
t � 1; x0)dx0

(5)

In our currentsystemwe locally approximatethedistributionaroundthemaximumof thelikelihood
functionusingaGaussiansothatweobtain

p(x(i )
t j m(i )

t � 1; x(i )
t � 1; zt ; ut ) ' N (� (i )

t ; � (i )
t ): (6)

With suchanapproximationweobtainaclosedform, which is suitablefor sampling.Theparameters
� (i )

t and� (i )
t canbecomputedby evaluatingthelikelihoodfunctionfor a setof pointsf x j g sampled

aroundtheoptimalposeobtainedfrom thescan-matchingprocessfor particlei

� (i )
t =

1
�

�
KX

j =1

x j p(zt j m(i )
t � 1; x j ) (7)

� (i )
t =

1
�

�
KX

j =1

(x j � � (i )
t )(x j � � (i )

t )T p(x(i )
t j m(i )

t � 1; x j ); (8)



where� =
P K

j =1 p(zt j m(i )
t � 1; x j ) is a normalizer. Notethatthescan-matchingprocessaswell asthe

computationof � (i )
t and� (i )

t needsto becarriedout for eachparticle.
Furthermore,we have to specifyhow the importanceweightsarecomputedunderthis proposal

distribution. Wecanapproximatetheimportanceweight! (i ) for eachparticlei by:

! (i )
t = ! (i )

t � 1p(zt j m(i )
t � 1; x(i )

t � 1)

= ! (i )
t � 1

Z
p(zt j m(i )

t � 1; x0)p(x0 j x(i )
t � 1; ut)dx0

' ! (i )
t � 1k

Z

x02 L ( i )
p(zt j m(i )

t � 1; x0)dx0

' ! (i )
t � 1k

X

j

p(zt j m(i )
t � 1; x j )

= ! (i )
t � 1k� (9)

The overall ideacanbe summarizedasfollows. We usea Gaussianto approximatethe optimal
proposaldistribution basedonea scan-matchingprocesswhich is carriedout onceperparticle. The
parametersof this Gaussianareobtainedby themaximumlikelihoodpositionprovidedby thescan
matcherand by samplingaroundthat position. Given this Gaussianwe computethe importance
weightsbasedon Eq.(9).

A furtheraspectthathasa majorin�uence on theperformanceof a particle�lter is theresampling
step.Duringresamplingparticleswith alow importanceweight! (i ) aretypically replacedby samples
with a high weight. On the one hand, this techniqueis necessarysinceonly a �nite numberof
particlesareusedto approximateaposterior. Resamplingfurthermoreallowsto applyaparticle�lter
in situationsin which thetrueposteriordiffersfrom theproposaldistribution. On theotherhand,the
resamplingstepcandeletegoodsamplesfrom thesamplesetsothatthequalityof theapproximation
decreasesor, in theworstcase,the�lter diverges.

Accordingly, it is importantto �nd a criterionwhento performa resamplingstep.Liu [11] intro-
ducedtheso-callednumberof particlesNe� to estimatehow well thecurrentparticlesetrepresents
thetrueposterior. Thisquantityis computedas

Ne� =
1

P N
i=1 (w(i ))2 : (10)

Theintuition behindNe� is asfollows. If thesamplesweredrawn from thetrueposteriortheimpor-
tanceweightsof thesampleswould beequalto eachother. Theworth theapproximationthehigher
thevarianceof theimportanceweights.SinceNe� canberegardedasa measureof thedispersionof
theimportanceweights,it is a usefulmeasureto evaluatehow well theparticlesetapproximatesthe
trueposterior. Our approachfollows theoneproposedby Doucet[3] to determinewhetheror not a
resamplingshouldbecarriedout. We resampleeachtime Ne� dropsbelow a giventhresholdwhich
wassetto N

2 whereN is the numberof particles. In our experimentswe found that this technique
drasticallyreducestherisk of replacinggoodparticles,becausethenumberof resamplingoperations
is reducedandresamplingoperationsareonly performedwhenneeded.

5 Exploration With Active Loop-Closing for Rao-Blackwellized
Mapping

DuringRao-Blackwellizedmapping,whenever therobotexploresnew terrain,all sampleshavemore
or lessthesameimportanceweight,sincethemostrecentmeasurementis typically consistentwith the
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Figure 3. The(red) dotsand lines in thesethreeimage representthe nodesand edgesof G(i ) .
In the left image I (i ) containstwo nodes. In the middle image the robot is closing a loop.
Afterwardstherobotcontinuesexploringunknownterrain (right image).

partof themapconstructedfrom theimmediatelyprecedingobservations.As aresult,theuncertainty
of the particle �lter increases.As soonas it re-entersknown terrain,however, the mapsof some
particlesareconsistentwith thecurrentmeasurementandsomearenot. Accordinglytheweightsof
the samplesdiffer largely. Due to the resamplingstepthe uncertaintyaboutthe poseof the robot
usuallydecreases.

Notethatthiseffect is muchsmallerif therobotjustmovesbackwardafew metersto re-visitprevi-
ouslyscannedareas.This is becauseeachmapassociatedto aparticleis generallylocally consistent.
Inconsistenciesmostlyarisewhentherobot re-entersareasexploredsometime ago. Therefore,vis-
iting placesseenfurther back in the history hasa strongereffect on the differencesbetweenthe
importanceweightsandtypically alsoon the reductionof uncertaintycomparedto placesrecently
observed.

Thekey ideaof our approachis to identify opportunitiesfor closingloopsduring terrainacquisi-
tion. Hereclosinga loop meansactively re-enteringthe known terrainandfollowing a previously
traversedpath. To determinewhetherthereexistsa possibility to closea loop we considertwo dif-
ferentrepresentationsof the environment. In our currentsystemwe associateto eachparticlei an
occupancy grid mapm(i ) anda topologicalmapG(i ) , which both areupdatedbasedon the robot's
perceptionsandactionswhile it is performingthe explorationtask. In the topologicalmapG(i ) the
verticesrepresentpositionsvisitedby therobot. Theedgesrepresentthetrajectorycorrespondingto
the particlei . To constructthe topologicalmapwe initialize it with onenodecorrespondingto the
startinglocationof the robot. Let x (i )

t be theposeof particlei at the currenttime stept. We adda
new nodeat x(i )

t to G(i ) if thedistancebetweenx(i )
t andall othernodesin G(i ) exceedsa thresholdof

c = 2:5m or if noneof theothernodesin G(i ) is visible from x(i )
t

8n 2 nodes(G(i )) :
h
distm ( i ) (x(i )

t ; n) > c _ not visiblem ( i ) (x(i )
t ; n)

i
: (11)

Wheneveranew nodeis added,wealsoaddanedgefrom thisnodeto themostrecentlyvisitednode.
To determinewhetheror not a nodeis visible from anothernodewe performa ray-castingoperation
in theoccupancy grid m(i ) .

Figure3 depictssucha graphfor oneparticularparticleduringdifferentphasesof anexploration
task. In eachimage,the topologicalmapG(i ) is printedon top of metricmapm(i ) . To motivatethe
ideaof our approachwe would like to referthereaderto theleft imageof this �gure. Heretherobot
wasalmostclosingaloop. Thiscanbedetectedby thefactthatthelengthof theshortestpathbetween
the currentposeof the robot andpreviously visited locationsin the topologicalmapG(i ) waslarge
whereasit wassmall in thegrid-mapm(i ) .

Thus,to determinewhetheror not a loop canbeclosedwe computefor eachsamplei thesetI (i )
of positionsof interest,which containsall nodesthatarecloseto currentposex (i )

t of particlei based



on thegrid mapm(i ) but arefar awaygiventhetopologicalmapG(i ) of particlei :

I (i ) = f x(i )
t0 2 nodes(G(i )) j distm ( i ) (x(i )

t0 ; x(i )
t ) < c1 ^ distG( i ) (x(i )

t0 ; x(i )
t ) > c2g (12)

HeredistM (x1; x2) is thelengthof theshortestpathfrom x1 to x2 giventherepresentationM . The
distancebetweentwo nodesin G(i ) is givenby thelengthof theshortestpathbetweenbothnodes.The
termsc1 andc2 areconstantsthatmustsatisfytheconstraintc1 < c2. In our currentimplementation
thevaluesof theseconstantsarec1 = 6m andc2 = 20m.

If I (i ) 6= ; thereexist so-calledshortcutsfrom x (i )
t to the positionsin I (i ). Theseshortcuts

representedgesthat would closea loop in the topologicalmap G(i ) . The left imageof Figure 3
illustratesa situationin which a robotencounterstheopportunityto closea loop sinceI (i ) contains
two nodes.The key ideaof our approachis to usesuchshortcutswhenever the uncertaintyof the
robot in its posebecomestoo large. Therobotthenre-visitsportionsof thepreviously exploredarea
andthiswayreducestheuncertaintyin its position.

To determinethemostlikely movementallowing therobotto follow apreviouspathof a loop,one
in principle hasto integrateover all particlesandconsiderall potentialoutcomesof that particular
action. Sincethis would betoo time consumingfor online-processingwe consideronly theparticle
i � with thehighestaccumulatedimportanceweight:

i � = argmax
i

TX

t=1

! (i )
t : (13)

Here! (i )
t is the weightof samplei at time stept. If I (i � ) 6= ; we choosethe nodex te from I (i � )

which is closestto x [i � ]
t :

xte = argmin
x2I (i � )

distm [ i � ] (x[i � ]
t ; x): (14)

In thesequelx te is denotedastheentrypointatwhich therobothasthepossibilityto closea loop. t e

correspondsto thelasttime therobotwasat thenodex te .
To determinewhetheror not the robot shouldactivatethe loop-closingbehavior our systemcon-

stantlymonitorstheuncertaintyH(t) abouttherobot's poseat thecurrenttime step.Thenecessary
condition for startingthe loop-closingprocessis the existenceof an entry point x te andthat H(t)
exceedsagiventhreshold.Oncetheloop-closingprocesshasbeenactivated,therobotapproachesx te

andthenfollowsthepathtakenafterarriving previouslyatx te . During thisprocesstheuncertaintyin
theposeof thevehicletypically decreases,becausetherobotis ableto localizeitself in themapbuilt
sofar andunlikely particlesvanish.

Wefurthermorehaveto de�ne acriterionfor decidingwhentherobotactuallyhasto stopfollowing
a loop. A �rst attemptcouldbeto introducea thresholdandto simply stopthe trajectoryfollowing
behavior assoonastheuncertaintybecomessmallerthanthegivenvalue.Thiscriterion,however, can
beproblematicespeciallyin thecaseof nestedloops.Supposetherobotencounterstheopportunityto
closealoopthatis nestedwithin anouterandsofarunclosedloop. If it eliminatesall of its uncertainty
by repeatedlytraversingthe inner loop, particlesnecessaryto closethe outerloop may vanish. As
a result, the �lter divergesandthe robot fails to build a correctmap. Sucha situationis shown in
Figure4. To remedythis so-calledparticledepletionproblem[19] we introducea constrainton the
uncertaintyof the �lter . Let H(te) denotetheuncertaintyof theposteriorwhentherobotvisitedthe
entrypoint the last time. Thenew constraintallows therobot to re-traversethe loop only aslong as
its currentuncertaintyH(t) exceedsH(te). If theconstraintis violatedtherobotresumesits frontier-
basedexplorationprocess.The ideaof this constraintis to avoid the depletionof relevantparticles
duringtheloop-closingprocess.



Figure 4. An examplefor divergencebasedon particle depletion.A robot traveledthroughthe
inner loop several times(left image). After this thediversity of hypothesesaboutthe trajectory
outsidethe inner loop haddecreasedtoo much (middleimage) andtherobot is unableto close
theouterloopcorrectly(right image).

Algorithm 1 Theloop-closingalgorithm
ComputeI (i � )
if I (i � ) 6= ; then begin

H  H(te)
path  x [i � ]

t � shortest pathG[ i � ] (xte ; x[i � ]
t )

while H(t) > H ^ H(t) > threshold do
robot follow(path)

end

To betterillustratetheimportanceof thisconstraintconsiderthefollowing example:A robotmoves
from placeA to placeB and thenrepeatedlyobservesB. While it is mappingB it doesnot get
any further informationaboutA. Sinceeachparticlerepresentsa whole trajectoryof therobotalso
hypothesesrepresentingambiguitiesaboutA will vanishwhenreducingpotentialuncertaintiesabout
B . Our constraintavoidsthedepletionof particlesrepresentingambiguitiesaboutA by abortingthe
loop-closingbehavior atB assoonastheuncertaintydropsbelow theuncertaintystemmingfrom A.

Finally we have to describehow we actuallymeasurethe uncertaintyin the poseestimate.The
mostpopularwayof measuringtheuncertaintyof aposterioris to calculateits entropy. Theentropy,
however, hasthedisadvantagethat it doesnot considerthedistancebetweentheindividual peaksof
multi-modaldistributions. In our experimentswe �gured out thatwe obtainbetterresultsif we use
thevolumeexpandedby thesamplesinsteadof theentropy of theposterior. We thereforecalculate
the poseuncertaintyby determiningthe volumeof the orientedboundingbox aroundthe particle
cloud. A goodapproximationof theminimal orientedboundingbox canbeobtainedef�ciently by a
principalcomponentanalysis.

Weusea frontier-basedexplorationstrategy [1] to choosetargetpointsfor therobotaslongasit is
localizedwell enoughor noloopcanbeclosed.In ourcurrentsystemwedeterminefrontiersbasedon
themapof themostlikely particlei � . Herea frontier is any known cell thatis animmediateneighbor
of anunknown, unexploredcell [21].

A preciseformulationof theloop-closingstrategy is givenby Algorithm 1. In our implementation
thisalgorithmrunsasabackgroundprocess,whichtriggersinterruptsof thefrontier-basedexploration
procedure.An applicationof thisalgorithmin asimulationrun is illustratedin Figure3.

Notethatourloop-closingtechniquecanalsohandlemultiplenestedloops.Duringtheloop-closing
processtherobotfollowsits previously takentrajectoryto re-localize.It doesnot leavethis trajectory
until the terminationcriterion,describedin previous section,is ful�lled. Thereforeit never startsa
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Figure5. Activeloop-closingin anenvironmentwith multiplenestedloops.

new loop-closingprocessbeforethecurrentoneis completed.A typicalexamplewith multiplenested
loopsis shown in Figure5. In thesituationdepictedin the left imagetherobotstartswith the loop-
closingprocessfor the inner loop. After completingthis loop it movesto thesecondinneroneand
againstartstheloop-closingprocess.Sinceouralgorithmconsiderstheuncertaintyat theentrypoint
it keepsenoughvariancein the �lter to closethe outerloop. In general,the quality of the solution
andwhetheror not theoverall processsucceedsdependson thenumberN of particlesused.Since
determiningN is anopenresearchproblemthis quantityhasto bede�ned by theuserin our current
system.

6 Experiments

Our approachhasbeenimplementedandevaluatedin a seriesof real world andsimulationexperi-
ments.For therealworld experimentsweusedaniRobotB21r robot,anActivMediaPioneer2-DX8,
andan ActivMedia Pioneer2-AT outdoorrobot. All robotsareequippedwith a SICK laserrange
�nder. For thesimulationexperimentsweusedthereal-timesimulatorof theCarnegie Mellon Robot
NavigationToolkit (CARMEN) [16].

Theexperimentsdescribedin this sectionaredesignedto illustratethatour approachcanbeused
to actively learnaccuratemapsof large environments. It alsoshows that the improvementsof the
underlyingmappingalgorithmhave a major in�uence on quality of the solution. Furthermore,our
experimentsdemonstratethatour integratedapproachyieldsbetterresultsthananapproachwithout
active loop-closing. Additionally, we analyzehow the active terminationof the loop-closurein�u-
encestheresultof themappingprocess.

6.1 The Impr ovedMotion Model and AdaptiveResampling

To seetheenhancementsobtainedby utilizing our improvedmotionmodelandadaptive resampling
techniqueconsiderFigure6, whichshow two mapscreatedfrom exactly thesamedataset.This data
wasacquiredusingaPioneer2-AT robotonourcampusat theUniversityof Freiburg. Thesizeof the
environmentis approximately250m� 250mandtherobottraveled1.750km.Duringdataacquisition
severalpeoplewalkedby, carspassedandalsothegroundsurfacewasnotabsolutely�at whichmakes
themappingtaskhard.Theleft imageshows a mapcreatedwith our improvedmapper, whereasthe
right imagewasconstructedwith a Rao-Blackwellizedmapperlacking theadaptive resamplingand
the improvedmotionmodelbut usinga scan-matchedodometryasinput. Both techniquesused30
particlesandweusedoptimizedparametersfor eachapproach.As canbeseenthesequenceof scans
in the left map are locally consistentbut only the map using the improved techniquesis globally



Figure 6. The campusof the Departmentof ComputerScienceat the University of Freiburg.
Theleft image showsa mapcreatedwith the improvedRao-Blackwellizedmappingtechnique,
wherestheright imagewasconstructedwith a Rao-Blackwellizedmapperlacking theimproved
techniquesintroducedin thispaper.
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Figure7. Theleft image depictsa mapof theIntel Research Lab aswell asthetrajectoryof the
robotduring dataacquisition.Therobotsstartedat (a), traversedthebig loop (b), andclosed
it (c). It thenre-visitedthe loop again (d) and startedexploring the rooms(e). Theright plot
showstheevolutionof Ne� . Each timeit dropsbelow40 a resamplingis performed.

consistentandat thesametime extremelyaccurate.Notethat in generalanaccuratemapcouldalso
bebuild withoutour improvements,althoughit would requiresseriouslymoreparticles.

Thenext experimentillustratestheevolutionof themeasureNe� usedfor ouradaptiveresampling
technique.As mentionedabove, we permanentlymonitorNe� andperformresamplingonly if this
valuedropsbelow N

2 .
Figure7 plotsthevalueof Ne� for acompletemappingtask.As canbeseenthe�rst resamplingis

carriedout after the �rst loop-closure,labeledwith (c). During thewholeexperimentonly 8 resam-
pling actionswereperformed,which enabledthe�lter to keepseveralhypothesesfor a longerperiod
of time. Notetherelationshipbetweenthevalueof Ne� andwhetheror not therobotmovesthrough
known or unknown terrain.Also notethatthevaluesigni�cantly dropswhentherobotsclosesa loop
(c). This is becausethe likelihoodthe the observation varieslargely betweendifferentparticlesin
suchasituation.However, aslongastherobotis accuratelylocalizedor exploresunknown areasthis
parameterdropsonly slightly (see(b) and(d)).
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Figure 8. This image showstheresultingmapof an exploration experimentcarried out usinga
Pioneer2 robotequippedwith a laserrangescannerin theentrancehall of theDepartmentfor
ComputerScienceat theUniversity of Freiburg. Alsoshownis thepathof therobotaswell as
entryandexit pointswhere therobotstartedandstoppedtheactiveloop-closingprocess.

6.2 RealWorld Exploration

The �rst experimentwas carriedout to illustrate that our currentsystemcan effectively control a
mobile robot to actively closeloopsduringexploration. To performthis experimentwe useda Pio-
neer2 robot to explorethemain lobby of theDepartmentfor ComputerScienceat theUniversityof
Freiburg. Thesizeof this environmentis 51mtimes18m. Figure8 depictsthe �nal resultobtained
by a completelyautonomousexplorationrun usingour active loop-closingtechnique.It alsodepicts
the trajectoryof the robot, which hasan overall lengthof 280m. The robot decidedfour timesto
re-entera previously visited loop in orderto reducetheuncertaintyin its pose.Figure8 alsoshows
thecorrespondingentrypointsaswell asthepositionswheretherobot left the loops(“exit points”).
As canbeseentheresultingmapis quiteaccurate.

6.3 ActiveLoop-Closingvs.Frontier-BasedExploration

Thenext experimentwascarriedout to compareour algorithmwith a standardexplorationstrategy
thatdoesnot considerloop closingactions.Notethat thecurrentimplementationof our exploration
systemdoesnot usetheimprovedmapperandbuild mapsusingthestandardapproach.Nevertheless
theproblemdiscussedin thefollowing hold alsofor theimprovedtechniqueif reducingthenumber
of particlesor increasingthe sizeof the map. Currentlywe areworking on an integrationof both
system.

The right imageof Figure1 shows the mapobtainedwith a B21r robot in the Sieg Hall at the
Universityof Washingtonusingour algorithm.To eliminatethein�uence of measurementnoiseand
differentmovementsof therobotweremovedthedatacorrespondingto thesecondlooptraversalfrom
therecordeddata�le andusedthis dataasinput to our mappingalgorithm. This way we simulated
thebehavior of agreedyexplorationstrategy whichforcestherobotto directlyenterthecorridorafter
returningto the startinglocation in the loop. As canbe seenfrom the left imageof Figure1, an
approachthatdoesnotactively re-entertheloopfails to correctlyestimatetheanglebetweentheloop
andthecorridorwhich shouldbeorientedhorizontallyin that �gure. Whereastheangularerror is 7
degreeswith thestandardapproachit is only 1 degreewith ourmethod.Bothmapscorrespondto the
particlewith thehighestaccumulatedimportancefactor.

To quantitatively evaluatethe advantageof the loop-closingbehavior we performeda seriesof
simulationexperimentsin an environmentsimilar to the Sieg Hall. We performed20 experiments,
10 with active loop-closingand10 without. After completingtheexplorationtaskwe measuredthe
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Figure9.Comparisonof our loop-closingstrategywith a purelyfrontier-basedexplorationtech-
nique. Theleft bar in this graphplots theaverage error in theposeof therobotobtainedwith
our loop-closingstrategy. Theright bar showstheaverageerror obtainedwith a frontier-based
approach. Ascanbeseen,our techniquesigni�cantly reducesthedistancesbetweentheerror in
therelativeposeestimates.

averageerror in the relative distancesbetweenpositionslying on the resultingestimatedtrajectory
andthegroundtruth providedby thesimulator. Theresultsaredepictedin Figure9. As canbeseen
theactive loop-closingbehavior signi�cantly reducestheerrorin thepositionof therobot.

6.4 Importance of the Termination Criterion

In this �nal experimentwe analyzethe importanceof theconstraintthat terminatestheactive loop-
closingbehavior assoonas the currentuncertaintyH(t) of the belief dropsunderthe uncertainty
H(te) of theposteriorwhentherobotwasat theentrypoint lasttime.

In this simulatedexperimenttherobothadto exploreanenvironmentcontainingtwo nestedloops
(seeFigure10). In onecasewe simply useda constantthresholdto determinewhetheror not the
loop-closingbehavior shouldbestopped.In thesecondcaseweappliedtheadditionalconstraintthat
theuncertaintyshouldnotbecomesmallerthanH(te).

Figure4 (in Section5) shows the mapof the particlewith the highestaccumulatedimportance
weightobtainedwith our algorithmusinga constantthresholdinsteadof consideringH(t e). In this
casethe robot repeatedlytraversedthe inner loop (left image)until its uncertaintywasreducedbe-
low a threshold.After threeanda half roundsit decidedto againexploreunknown terrain,but the
diversityof hypotheseshaddecreasedtoo much(middle image). Accordingly the robotwasunable
to accuratelyclosethe outer loop (right image). We repeatedthis experimentseveral timesandin
no casetherobotwasableto correctlymaptheenvironment.In contrastto that,our approachusing
theadditionalconstraintalwaysgeneratedanaccuratemap.Oneexamplerun is shown in Figure10.
Heretherobotstoppedtheloop-closingaftertraversinghalf of theinnerloop. In bothcaseswe used
80particles.

As thisexperimentillustrates,theterminationof theloop-closingis importantfor theconvergence
of the�lter andto obtainaccuratemapsin environmentswith several(nested)loops.Notethatsimilar
resultsin principlecanalsobeobtainedwithout this terminationconstraintif thenumberof particles
is dramaticallyincreased.Sinceexplorationis anonlineproblemandsinceevery particlecarriesits
own mapit is of utmostimportanceto keepthenumberof particlesassmallaspossible.Therefore
our approachalso can be regardedas a contribution to limit the numberof particlesduring Rao-
Blackwellizedmapping.
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Figure 10. Differentsituationsduring the traversal of a nestedloop. After exploring unknown
areastherobotdetectedan opportunityto closea loop (a). It thentraversedpartsof the inner
loopuntil its uncertaintyH(t) did not exceedtheuncertaintyH(te) of theposteriorat theentry
point. It then left the loop to explore new terrain (b). After this enoughhypotheseswere left
to correctly closethe outer loop (c). In contrast to that, a systemconsideringonly a constant
thresholdfails to correctlyclosetheouterloop (seeFigure4).

7 Conclusion

In this paperwe presentedseveral improvementsto Rao-Blackwellizedparticle �ltering for simul-
taneouslocalizationand mapping. First, we presentedan approachto computea highly accurate
proposaldistributionusingscan-matching.Additionally, wedynamicallydeterminewhetheror nota
resamplingstepneedsto beperformed.Both approachesin commonallow to reducethenumberof
necessarysamplesin Rao-Blackwellizedmappingandat thesametime scalethis approachto larger
environments.Finally, we introduceda techniqueto actively closeloops. This algorithmforcesthe
robot to re-visit previously traversedloops. Thus,it reducesthe uncertaintyin the dataassociation
andtheposeestimate.

Our approachhasbeenimplementedandtestedon variousplatformsandin indoor andoutdoor
environments.Experimentalresultsdemonstratethatour currentsystemis ableto build large-scale
mapswith �fty particlesor less.Additionally, experimentscarriedoutwith ourloop-closingalgorithm
indicatethatintegratedapproachesto explorationandSLAM yield signi�cantly bettermaps.

Nevertheless,thereareseveral remainingtasksto besolved. Onegeneralproblemof Rao-Black-
wellized mappingis that the numberof particlesneededto build an accuratemapis not known in
advance. A further limitation is that thereareno meansto recover from a divergenceof the �lter
withoutacompletere-runof thewholealgorithm.Finally, it appearsinterestingto investigatewhether
thenumberof effective particlesNe� canbeusedasan indicatorto decidewhetheror not continue
theactive loop-closingprocess.
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