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Abstract

RecentlyRao-Bla&wellizedparticle Iter s havebeenintroducedas an effective means
to solvethe simultaneougocalizationand mapping(SLAM)problem. In sud a particle
Iter ead particle carries an individual map of the ervironment. Accodingly, a key
guestionis how to reducethe numberof particles. Additionally, the approad leaves
openhow to move the robotin order to improve the accuracy of the learnedmaps. In
this paper we presentnovel solutionsto both problems. First we presentan efcient
way to computemprovedproposaldistributionsin the predictionstepwhich drastically
reduceghe uncertaintyabouttherobot's pose Furthermok, we presentan approac to
effectivelyreducethe numberof re-samplingstepswhich seriouslyreduceghe particle
depletionproblem. Finally, we describea techniqueallowing the robotto activelyclose
loops during exploration. By re-enteringalready visited areasour algorithm reduces
the localizationerror and this way producesmore accurate maps. Experimentaresults
carried out with mobilerobotsin large-scaleindoor and outdoorervironmentsllustrate
theadvantaesof our methodsver previousapproades.

1 Intr oduction

Simultaneousnappingandlocalizationbelongsto one of the fundamentajproblemsof mobile ro-
botics. Robotsthat areableto concurrentlymaintaina modelof their environmentandto localize
themselesrelatively to thismodelareregardedasful lling amajorpreconditiorof truly autonomous
mobile vehicles. Recently Rao-Blackwellizedparticle Iters have beenintroducedas an effective
meandor solvingthe SLAM problemwith occupanyg grid maps[4]. Thekey ideaof this approach
is to usea particle Iter in which eachparticlecarriesits own mapwhich is computedbasedon the
trajectoryof thatparticle. The majordisadwantageof this approacHiesin the hugememoryrequire-
ments,sinceonemaphasto be maintainedor eachparticle. Therefore effective waysto reducethe
numberof requiredparticlesareof utmostimportancevhenernvironmentswhich large loopshave to
bemapped.

As mary otherapproache$o solve the SLAM problem,Rao-Blackwellizedparticle Iters do not
belongto the integratedtechniquessincethey only estimatethe map of the ervironmentand the
locationof the vehicleandlack a methodto actively controlthe motionsof the vehicle. Controlling
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Figure 1. Two differentmapsobtainedfroma real world experimentperformedin Sieg Hall at
the University of Washington.In the left image the robottraversedtheloop on theleft sideonly
oncebefor it enteedthe corridor. Accodingly, it wasunableto localizeitself correctlywhen
it closedthe loop. In theright image, the robottraverisedthe loop twice and therefore could
correctly estimatets positionin the map. Theaccumacy of the resultingmaptherefore is mud
higher

themovementf therobot,however, canhave aseriousn uence onthequality of theresultingmap.
For example,arobotthatentersalreadyvisitedterraincanmoreaccuratelyocalizeitself relatveto its

mapcomparedo anapproactwhich separatethe SLAM problemfrom thecontrolproblemanduses
an explorationstratgy thatseekgo visit unknovn terrainasfastaspossibleln generaljf therobot
usesanexplorationstratey thatavoidsre-visitingknown areaf theervironment,the probability of

makingcorrectassociationss reduced.

Figurel givesanexamplethatillustrateswhy anintegratedapproachhatperformsactive placere-
visiting providesbetterresultsthanapproachethatdo not 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 angle betweenthe loop and the straight
corridor, becauset did not collectenoughdatato accuratelylocalizeitself. The secondmapshovn
in theright imagehasbeenobtainedwith the approachdescribedn this paperaftertherobottraveled
twice aroundthe loop beforeenteringthe corridor. As canbe seenfrom the gure, this reduceghe
orientationerror from approximately7 degrees(left image)to 1 degree(right image). This example
illustratesthatthe capabilityto actively closeloopsduring explorationallows the robotto reduceits
poseuncertaintyduringexplorationandthusresultsin moreaccuratanaps.

In this papemwe present highly ef cient variantof the standardRao-Blackwellizednappingtech-
niquewhich seriouslyreduceghe numberof particlesneeded Thisis achiezed by usinganadaptve
motion modelwhich appliesa scan-matchingprocedureduring the predictionphaseand which es-
timatesthe parametersf the motion modelbasedon the uncertaintyin the scan-matchingrocess.
Additionally we introduceanadaptve resamplingschemehatmaintainghe particlediversityandthis
way reducegheparticledepletionproblem.Finally, we presenanintegratedalgorithmthatgenerates
trajectorieswhich actively closeloops. Our algorithmexplicitely takesinto accountthe uncertainty
aboutthe poseof therobotduringthe explorationtask. Additionally it avoidsthattherobotbecomes
overly con dent during the loop closing process. We presentpracticalexperimentscarriedout in
large-scaleén- and outdoorervironments,which canbe mappedby our systemwith 50 particlesor
evenless. Additionally, we presentresultsillustrating that our active loop-closingalgorithmyields
moreaccuratemapsthana combinationof Rao-Blackwellizednappingwith a standardexploration
behaior thatforcestherobotto alwaysvisit unknovn areas.

This paperis organizedasfollows. After thediscussiorof relatedwork in thefollowing sectionwe
brie y explaintheideaof Rao-Blackwellizednappingin Section3. Section4 present®ur adaptve
techniquego improve the performancehis mappingframevork. In Section5 we presentour inte-
gratedalgorithmthatactively controlstherobotduringmapping.Section6 thenpresent&xperiments
carriedout onrealrobotsaswell asin simulation.



2 RelatedWork

In the past,severaltechnique$ave beenproposedo reducethe numberof necessarparticlesin the
particle Iter . Onesolutionis to chooseheoptimal proposadistribution[3, 19]. Unfortunately such
adistribution is generallyunavailablein a form suitablefor sampling.However, in severaldomains
it is possibleto useGaussiarapproximation®f the optimal proposaldistribution. For example,the
unscentedarticle lter [19] attemptsto estimatea Gaussiampproximationof the proposalgiven
the model of the system. In FastSLAM-2[13] the proposaldistribution is also approximatedy a
Gaussiarwithin a Rao-Blackwellizedoarticle Iter for landmark-basedhapping. In this paperwe
follow a similarideain the contect of Rao-Blackwellizednappingwith grid maps.In particularwe
utilize ascan-matchingrocedurdor computinga Gaussiarapproximatiorof theobsenationmodel.
This extendsour previouswork [9] sincethe proposadistributionis computedbn a perparticlebasis
anddependentn the currentobsenationandtheindividual maps.

Within the context of exploring unknonvn ervironmentsseveral previous publicationsarerelevant.
Most explorationtechniquegresentedo far focus on generatingnotion commandghat minimize
thetime neededo coverthewholeterrain[1, 10, 20, 21]. Othermethodsseekto optimizethe view-
points of the robot to maximizethe expectedinformation gain andto minimize the uncertaintyof
the robot aboutgrid cells[7, 17]. The majority of approacheshowever, assumeshat the location
of the robotis known during exploration. In the areaof SLAM, mostof the papersfocuson the
aspecibf stateestimationaswell asbelief representatiomndupdate[2, 4, 5, 8, 9, 13, 14, 15, 18].
Thesetechniquesrepassve anddo notincludemeango actively controlthe motionsof therobots.
Recently several integratedapproachesiave beenproposed. For example, Makarenlo et al. [12]
extractlandmarksout of laserrangescansand usean ExtendedKalman Filter to solve the SLAM
problem.They furthermorentroducea utility functionwhich trades-df the costof reachingrontiers
with theutility of selectedpositionswith respecto a potentialreductionof the poseuncertainty The
approachis similar to the work doneby Federet al. [6] who considerlocal decisionsto improve
the poseestimateduring mapping. Both techniqueshowever, rely on the factthatthe environment
containdandmarkghatcanbeuniquelydeterminedluringmapping.In contrasto this, theapproach
presentedn this papermakesno assumptionsboutdistinguishabldandmarksin the environment.
It usesraw laserrangescansto computeaccurategrid maps. It considerghe utility of re-entering
known partsof the environmentandfollowing an encounteredoop to reducethe uncertaintyof the
robotin its pose.This way, theresultingmapsbecomehighly accurate.

3 Rao-BlackwellizedMapping

To estimatehe mapof theenvironmentwe useanef cient implementatiorof the Rao-Blackwellized
particle Iter for simultaneousocalizationandmappingproposedy Murphyetal. [4]. Thekey idea
of thisapproachs to estimatea posteriomp(x 1 J Z1¢; U1) aboutpotentialtrajectories<,.; of therobot
givenits obsenationsz;; andits odometrymeasurements;; andto usethis posteriorto computea
posteriorover mapsandtrajectories:

P(M; X1 | Zog;Uze) = P(M J Xas Ze)P(X1:t | Zas Uny): (1)

This canbe doneef ciently, sincethe quantityp(m j x1.;z1.t) canbe computedanalyticallyonce
X1+ andzgy areknown. To estimatethe posteriorp(Xy | Zi¢; Ugt) over the potentialtrajectories
Rao-Blackwellizedmappingusesa particle Iter in which anindividual mapis associatedo each
sample Eachmapis constructedjiventhe obsenationsz,; andthetrajectoryx,. representely the
correspondingarticle.



The particle Iter algorithmconsistsof threemajor steps. The rst stepcomputeshe successor
statedistribution by samplingfrom a so called proposaldistribution . The secondstepassignsan
individual importanceweightto eachparticle. Theseweightsaccountfor the fact that the proposal
distribution in generals notequalto thetrue proposabistribution. Thethird stepis theresampling
stepin which eachparticle surviveswith a probability proportionalto its importanceweight. This
resamplingprocessis necessarsinceonly a nite numberof particlesis usedto approximatea
posteriorandsinceit allows to apply a particle Iter in situationsin which the proposaldistribution
differsfrom thetrueone.

In Rao-Blackwellizegarticle Iters for SLAM eachparticlerepresents possibletrajectoryof the
robot. Drawing particlesfrom a proposaMdistributionis necessargincethe exactmotionof therobot
cannotbe determined.Thereforethe proposaldistribution is often calledmotion model. The weight
! t(i) of particlei beingat positionxﬁi) is computedaccordingo importancesamplingprinciple:

L) = p(Xgl) J Z1:1; Uzt; Xo) | )
(Xt j 21 Ure; Xo)

The effectivenessf a particle Iter canbe measuredn termsof the numberof particlesrequired
for correctlyrepresentinghe estimatedoosterior Key questionsthathave to be solvedin practical
applicationsare how the proposaldistribution is computedwhenthe resamplingshouldbe carried
out,andhow therobotshouldmove throughthe ervironmentto aquirethe necessargata.

Throughoutthe remainderof this paper we describetechniqueso computeaccurateproposal
distribution, to adaptvely determinevhento resampleandhow to actively closeloopsduringexplo-
ration. All approachesn commonleadto a highly ef cient Rao-Blackwellizednappingtechnique
thatscalego environmentghatareby oneorderof magnituddargerthanthosethatcouldbemapped
with previousgrid-basedrariantsof Rao-Blackwellizednapping.

4 Adaptive Sampling for Impr oved Rao-BlackwellizedMapping

In this sectionwe describegwo enhancement® Rao-Blackwellizednapping.First we introducean
improved motion model, which allows to drav samplesn a highly accuratevay. We thenpresent
an adaptve resamplingstratey, which performsa resamplingstepbasedon an estimateabouthow
well the currentsamplesetrepresentshe posterior As a consequenceherisk of particledepletion
is reduced.

As explainedabove, during the executionof the particle lter one needsto drav samplesfrom
a proposaldistribution . This distribution hasto be de ned by the userand shouldbe as close
as possibleto the true distribution (seeEq. (1)). Unfortunately a closedform of this posterioris
not known in general.In the context of mobile robotlocalization,the sampleghereforeareusually
dravn from themotionmodelp(x; j X; 1;Uu;) of therobot. The appropriatenessf this approachalso
dependson the likelihoodfunction p(z; j X¢), which speci esthe perceptionmodelandis usedto
computetheimportanceweights. If the varianceof the motion modelis signi cantly largerthanthe
varianceof the obsenationmodelp(z; | x;) thereis a highrisk thatthedravn samplegepresenthe
posteriorin apoorway. Sucha situationcantypically be obsenedwhenlaserrange nders areused
for mobile robotlocalization. Due to the high accurag of this sensorthe correspondindik elihood
functionis extremelypealed comparedo the modelof the odometry

The currentstate-of-the-arRao-Blackwellizedmappingalgorithmsdraw particlesfrom a x ed
motion model. In orderto ensurethe corvergenceof the Iter a x ed motion modelneedso over
estimateheerrorof therobot's motion. Evenif consecutierangemeasurementretransformednto
highly accurate@dometrymeasurementssingascan-matchingpproachik ein our previouswork [9]
the correspondingnotion modelhasto take into accountthe worstcasescenario.In principle, if all
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Figure 2. Thetwo componentsf the motionmodel. Within in interval L") the productof both
functionsis dominatedby the observationlikelihood. Accodingly the modelof the odometry
error cansafelybe approximatedoy a constantvalue

robot position

measurementare maximumrangereadingsthis is equivalentto the rav odometry Conserative
approximationgypically causethe particle Iter to requiremore samplessincethe diversity of the
particlesoftenis higherthanneeded.The modelintroducedin this sectionis adaptve and adjusts
thevarianceof the proposalaccordingto the accurag of the scan-matchingrocess Accordingly; it
requiredesssampleghana conserative approach.
A Rao-Blackwellizednappingtechniquecanbe signi cantly improvedby drawing from the opti-
mal proposadistribution (seeDoucet|[3]):
p(XEi) j mgi)l; XEi)li Zi; Uy) = r\'_‘p(zt J.mgl()ii;xgl))p(xp.) J(i);gl)l; o) :
P(zi J M”15 XYP(XO] X; 715 U ) dxO

3)

When using a laserrange nder, the likelihood function p(z; | mEi)l;xﬁi)) is usually extremely
pealed anddominateshe productp(z; j m{";;x")p(x" j x: u;) within the meaningfulareaof

the likelihood function. Thereforeit is possibleto approximatep(xﬁi) ] in)l; u;) by a constantk
within theinterval L) givenby:
n _ 0
LO = xjpzjmi;x) > (4)
Figure?2 illustratesa motion modelandthe dominantlik elihoodfunction aswell astheinterval L ().
Underthis assumptionit is possibleto formulateanapproximatiorfor theright handsideof Eq. (3):

Pz muxipea i xu) L ez mix®)
p(z i M1 x9p(x0) X u)dx® o Pz MYy x9dx

In our currentsystemwe locally approximatehe distribution aroundthe maximumof thelik elihood
functionusinga Gaussiarsothatwe obtain

pOxV i mPxO s zouw) 0 NP D) (6)

With suchanapproximatiorwe obtainaclosedform, whichis suitablefor sampling.The parameters
()

(5)

¢+’ and ﬁi) canbe computedoy evaluatingthelikelihoodfunctionfor a setof pointsf x; g sampled
aroundthe optimal poseobtainedrom the scan-matchingrocesdor particlei
. 1 X o
{ X; p(z: J m{’ 1) (7
j=1
1

o g e jm® 5 xg):; 8)
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where = jK:1 p(z | mt 1,x,) is anormalizer Notethatthe scan-matchingrocessaswell asthe

computatiorof S) and §') needdo becarriedoutfor eachparticle.

Furthermorewe have to specify how the importanceweightsare computedunderthis proposal
distribution. We canapproximateheimportanceveight! () for eachparticlei by:
: t(l)lg(z j m?)l’XEl)l

PO pzj m 55 x9px) x ;) dx®
Z
1k p(z: j m;;x9dx°
02 (i)

(i)
Iy

! t(i)lk P(z mgl)lixj)

j
SO ©)

The overall ideacanbe summarizedasfollows. We usea Gaussiarto approximatethe optimal
proposaldistribution basedonea scan-matchingrocessvhich is carriedout onceper particle. The
parameter®f this Gaussiarare obtainedby the maximumlik elihoodpositionprovided by the scan
matcherand by samplingaroundthat position. Given this Gaussiarwe computethe importance
weightsbasedn Eq. (9).

A furtheraspecthathasa majorin uence onthe performancef a particle Iter is theresampling
step.Duringresamplingparticleswith alow importanceveight! () aretypically replacedy samples
with a high weight. On the one hand, this techniqueis necessarsinceonly a nite numberof
particlesareusedto approximatea posterior Resamplingurthermoreallowsto applya particle Iter
in situationsin which thetrue posteriordiffersfrom the proposaldistribution. On the otherhand,the
resamplingstepcandeletegoodsamplesrom the samplesetsothatthe quality of theapproximation
decreasesr, in theworstcasethe lter diverges.

Accordingly it is importantto nd a criterionwhento performa resamplingstep. Liu [11] intro-
ducedthe so-callednumberof particlesN, to estimatehow well the currentparticlesetrepresents
thetrueposterior This quantityis computedas

Ne = P% (20)
o1 (W(l))

Theintuition behindN, is asfollows. If the samplesveredravn from thetrue posteriortheimpor-
tanceweightsof the samplesvould be equalto eachother The worth the approximatiorthe higher
thevarianceof theimportancewneights.SinceN, canberegardedasa measuref the dispersiorof
theimportanceweights,it is a usefulmeasurdo evaluatehow well the particlesetapproximateshe
true posterior Our approacHollows the oneproposeddy Doucet[3] to determinewhetheror nota
resamplingshouldbe carriedout. We resamplesachtime N dropsbelow a giventhresholdwhich
wassetto N; whereN is the numberof particles. In our experimentswe found that this technique
drasticallyreducegherisk of replacinggoodparticles becauséhe numberof resamplingoperations
is reducedandresamplingoperationsareonly performedvhenneeded.

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

During Rao-Blackwellizednapping wheneer therobotexploresnew terrain,all sampleshase more
or lessthesamemportanceveight,sincethemostrecenimeasuremerns typically consistentvith the



Figure 3. The (red) dotsand lines in thesethreeimage representthe nodesand edges of G,
In the left image | (i) containstwo nodes. In the middle image the robotis closinga loop.
Afterwadstherobotcontinuesxploring unknownterrain (right image).

partof themapconstructedrom theimmediatelyprecedingpbsenations.As aresult,theuncertainty
of the particle Iter increases.As soonasit re-entersknown terrain, however, the mapsof some
particlesareconsistenwith the currentmeasuremerdandsomearenot. Accordingly the weightsof

the samplediffer largely. Due to the resamplingstepthe uncertaintyaboutthe poseof the robot
usuallydecreases.

Notethatthis effectis muchsmallerif therobotjustmovesbackwardafew meterdo re-visitprevi-
ouslyscannedireas.This is becaus@achmapassociateto a particleis generallylocally consistent.
Inconsistenciemostly arisewhentherobotre-entersaareasexploredsometime ago. Therefore vis-
iting placesseenfurther backin the history hasa strongereffect on the differencesbetweenthe
importanceweightsandtypically alsoon the reductionof uncertaintycomparedo placesrecently
obsenred.

The key ideaof our approachis to identify opportunitiesfor closingloopsduringterrainacquisi-
tion. Hereclosingaloop meansactively re-enteringthe known terrainandfollowing a previously
traversedpath. To determinewhetherthereexists a possibility to closea loop we considertwo dif-
ferentrepresentationsef the ervironment. In our currentsystemwe associatdo eachparticlei an
occupang grid mapm() anda topologicalmap G, which both are updatedbasedon the robot's
perceptionsand actionswhile it is performingthe explorationtask. In the topologicalmapG®" the
verticesrepresenpositionsvisited by the robot. The edgesepresenthetrajectorycorrespondingo
the particlei. To constructthe topologicalmapwe initialize it with onenodecorrespondindo the
startinglocationof therobot. Let xE') be the poseof particlei atthe currenttime stept. We adda
new nodeatx\" to G if thedistancenetweerx!"’ andall othernodesin G exceedsa thresholdof

c = 2:5m orif noneof theotherno%esin G is visible from x{"

. o
8n 2 nodes(G") : dist,m(x{";n)>c _ not.visible,x(x{";n) : (11)

Wheneeranew nodeis addedwe alsoaddanedgefrom this nodeto the mostrecentlyvisitednode.
To determinewhetheror not a nodeis visible from anothemodewe performa ray-castingoperation
in theoccupanyg grid m(.

Figure 3 depictssucha graphfor oneparticularparticleduring differentphase®f anexploration
task. In eachimage,the topologicalmapG() is printedon top of metricmapm(). To motivatethe
ideaof our approachwe would lik e to referthe readerto the left imageof this gure. Heretherobot
wasalmostclosingaloop. This canbedetectedy thefactthatthelengthof theshortespathbetween
the currentposeof the robot and previously visited locationsin the topologicalmap G waslarge
whereast wassmallin thegrid-mapm(.

Thus,to determinewhetheror notaloop canbe closedwe computefor eachsample thesetl (i)

of positionsof interestwhich containsall nodesthatarecloseto currentposex?) of particlei based



onthegrid mapm( but arefar away giventhetopologicalmapG() of particlei:
1 (i) = fx{ 2 nodegGD) j dist,,m (x5 ;xM) < ¢, r distge (x5;x) > c,g (12)

Heredisty (X1;X2) is thelengthof the shortespathfrom x; to X, giventherepresentatioM . The
distanceébetweertwo nodesn G is givenby thelengthof theshortespathbetweerbothnodes The
termsc; andc, areconstantghat mustsatisfythe constraintc; < c,. In our currentimplementation
the valuesof theseconstantsrec; = 6m andc, = 20m.

If 1 (i) 6 ; thereexist so-calledshortcutsfrom x§') to the positionsin | (i). Theseshortcuts
represenedgesthat would closea loop in the topologicalmap G". The left image of Figure 3
illustratesa situationin which arobotencountershe opportunityto closealoop sincel (i) contains
two nodes. The key ideaof our approachs to usesuchshortcutswheneer the uncertaintyof the
robotin its posebecomedoo large. Therobotthenre-visitsportionsof the previously exploredarea
andthis way reducegsheuncertaintyin its position.

To determinghe mostlik ely movementallowing therobotto follow a previouspathof aloop, one
in principle hasto integrateover all particlesand considerall potentialoutcomesof that particular
action. Sincethis would be too time consumingor online-processingve consideronly the particle
i with thehighestaccumulatedmportancewneight:

X
i = argmax ! (13)
i t=1

Here! t(i) is the weightof samplei attime stept. If | (i ) 6 ; we choosethe nodex:, from | (i )
whichis closesto x! !:

x,, = argmindist, 1(x!' ;%) (14)
x2l (i )

In thesequelk,, is denotedastheentrypointatwhich therobothasthe possibilityto closealoop. te
correspondso thelasttime therobotwasatthe nodex;, .

To determinewhetheror not the robot shouldactivate the loop-closingbehaior our systemcon-
stantlymonitorsthe uncertaintyH (t) aboutthe robot's poseat the currenttime step. The necessary
conditionfor startingthe loop-closingprocesss the existenceof an entry point x;, andthatH (t)
exceedsgiventhreshold .Oncetheloop-closingprocesiasbeenactivated therobotapproaches,,
andthenfollows the pathtakenafterarriving previously atx;,. Duringthis procesgheuncertaintyin
the poseof thevehicletypically decreasedecauseherobotis ableto localizeitself in the mapbuilt
sofarandunlikely particlesvanish.

We furthermorehaveto de ne acriterionfor decidingwhentherobotactuallyhasto stopfollowing
aloop. A rst attemptcould beto introducea thresholdandto simply stopthe trajectoryfollowing
behaior assoonastheuncertaintypecomesmallerthanthegivenvalue. This criterion,however, can
beproblematiceespeciallyin thecaseof nestedoops. Supposeherobotencountersheopportunityto
closealoopthatis nestedvithin anouterandsofarunclosedoop. If it eliminatesall of its uncertainty
by repeatediytraversingthe inner loop, particlesnecessaryo closethe outerloop may vanish. As
aresult,the Iter divergesandthe robotfails to build a correctmap. Sucha situationis shown in
Figure4. To remedythis so-calledparticle depletionproblem[19] we introducea constrainton the
uncertaintyof the lter. Let H(te) denotethe uncertaintyof the posteriorwhenthe robotvisitedthe
entry pointthelasttime. The new constraintallows therobotto re-trazersethe loop only aslong as
its currentuncertaintyH (t) exceeddH (t¢). If theconstrainis violatedtherobotresumests frontier-
basedexplorationprocess.The ideaof this constraintis to avoid the depletionof relevant particles
duringtheloop-closingprocess.



Figure 4. An examplefor divergencebasedon particle depletion. A robottraveledthroughthe
inner loop several times(left image). After this the diversity of hypotheseaboutthe trajectory
outsidetheinnerloop had deceasedoo mud (middleimage) andtherobotis unableto close
theouterloop correctly (right image).

Algorithm 1 Theloop-closingalgorithm
Compute (i )
if 1 (i ) 6 ; thenbegin
H  H(te)
path x{i ] shortest path; ](Xte;XP ])
while H(t) > H ~ H(t) > threshold do
rolot_follow(path)

end

To betterillustratetheimportanceof this constraintonsidethefollowing example:A robotmoves
from placeA to placeB andthenrepeatedlyobseresB. While it is mappingB it doesnot get
ary furtherinformationaboutA. Sinceeachparticlerepresents whole trajectoryof the robotalso
hypothesesepresentingmbiguitiesaboutA will vanishwhenreducingpotentialuncertaintiegabout
B. Our constraintavoidsthe depletionof particlesrepresentinggmbiguitiesaboutA by abortingthe
loop-closingbehaior atB assoonasthe uncertaintydropsbelov the uncertaintystemmingfrom A.

Finally we have to describehow we actually measureghe uncertaintyin the poseestimate. The
mostpopularway of measuringhe uncertaintyof a posterioris to calculatets entropy. Theentroyy,
however, hasthe disadwantagethatit doesnot considerthe distancebetweenhe individual peaksof
multi-modaldistributions. In our experimentswe gured out that we obtainbetterresultsif we use
the volume expandedby the samplesnsteadof the entrogy of the posterior We thereforecalculate
the poseuncertaintyby determiningthe volume of the orientedboundingbox aroundthe particle
cloud. A goodapproximatiorof the minimal orientedboundingbox canbe obtainedef ciently by a
principalcomponentnalysis.

We usea frontier-basedexplorationstratey [1] to chooseargetpointsfor therobotaslong asit is
localizedwell enoughor noloop canbeclosed.In our currentsystemwe determingrontiersbasecn
themapof themostlikely particlei . Hereafrontieris arny known cell thatis animmediateneighbor
of anunknawvn, unexploredcell [21].

A preciseformulationof theloop-closingstratgyy is givenby Algorithm 1. In ourimplementation
thisalgorithmrunsasabackgroungrocesswhichtriggersinterruptsof thefrontier-basedxploration
procedure An applicationof this algorithmin a simulationrunis illustratedin Figure3.

Notethatourloop-closingiechniquecanalsohandlemultiple nestedoops. Duringtheloop-closing
processherobotfollowsits previously takentrajectoryto re-localize.lt doesnotleave thistrajectory
until the terminationcriterion, describedn previous section,is ful lled. Thereforeit never startsa



Figure 5. Activeloop-closingin an ervironmentwith multiple nestedoops.

new loop-closingprocesseforethecurrentoneis completed A typicalexamplewith multiple nested
loopsis shavn in Figure5. In the situationdepictedin the left imagethe robot startswith the loop-
closingprocesdor theinnerloop. After completingthis loop it movesto the secondnner oneand
againstartstheloop-closingprocessSinceour algorithmconsiderghe uncertaintyat the entry point
it keepsenoughvariancein the Iter to closethe outerloop. In generalthe quality of the solution
andwhetheror not the overall processsucceedslependson the numberN of particlesused. Since
determiningN is anopenresearctproblemthis quantityhasto be de ned by the userin our current
system.

6 Experiments

Our approacthasbeenimplementedandevaluatedin a seriesof real world and simulationexperi-

ments.For therealworld experimentsve usedaniRobotB21rrobot,an ActivMediaPioneer2-D X8,

andan ActivMedia Pioneer2-AT outdoorrobot. All robotsare equippedwith a SICK laserrange
nder. For the simulationexperimentsve usedthereal-timesimulatorof the Carngjie Mellon Robot
NavigationToolkit (CARMEN) [16].

The experimentsdescribedn this sectionaredesignedo illustratethat our approachcanbe used
to actively learnaccuratemapsof large ervironments. It also shavs that the improvementsof the
underlyingmappingalgorithmhave a majorin uence on quality of the solution. Furthermorepur
experimentsdemonstratéhat our integratedapproactyields betterresultsthanan approachwithout
active loop-closing. Additionally, we analyzehow the active terminationof the loop-closurein u-
encegheresultof the mappingprocess.

6.1 The Impr oved Motion Model and Adaptive Resampling

To seethe enhancementsbtainedby utilizing our improved motion modelandadaptve resampling
techniqueconsiderFigure6, which shav two mapscreatedrom exactly the samedataset. This data
wasacquiredusinga Pioneer2-AT roboton our campusatthe Universityof Freilurg. Thesizeof the
environmentis approximateh250m 250mandtherobottraveledl1.750km.During dataacquisition
severalpeoplewalkedby, carspasse@ndalsothegroundsurfacewasnotabsolutelyat whichmakes
the mappingtaskhard. The left imageshavs a mapcreatedwith our improved mappeywhereaghe
right imagewasconstructedvith a Rao-Blackwellizednappenacking the adaptve resamplingand
the improved motion modelbut usinga scan-matcheddometryasinput. Both techniquesised30
particlesandwe usedoptimizedparameter$or eachapproachAs canbe seenthe sequencef scans
in the left map are locally consistentout only the map using the improved techniquess globally



Figure 6. The campusof the Departmentof ComputerScienceat the University of Freiburg.
Theleft image showsa map createdwith the improved Rao-Bla&wellizedmappingtednique
wheeestheright image wasconstructedvith a Rao-Bla&wellizedmappendacking theimproved
techniquesntroducedn this paper
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Figure 7. Theleft image depictsa mapof the Intel Reseach Lab aswell asthetrajectoryof the
robotduring data acquisition. Therobotsstartedat (a), traversedthe big loop (b), and closed
it (c). It thenre-visitedthe loop again (d) and startedexploring the rooms(e). Theright plot
showsgheevolutionof N, . Eadh timeit dropsbelow40 a resamplings performed.

consistenandat the sametime extremelyaccurate Note thatin generalanaccuratenapcould also
be build without our improvementsalthoughit would requiresseriouslymoreparticles.

Thenext experimentillustratesthe evolution of themeasurdN, usedfor our adaptve resampling
technique.As mentionedabove, we permanentlynonitorN. andperformresamplingonly if this
valuedropsbelow .

Figure7 plotsthevalueof N, for acompletemappingtask.As canbeseerthe rst resamplings
carriedout afterthe rst loop-closureabeledwith (c). During the whole experimentonly 8 resam-
pling actionswereperformedwhich enabledhe lter to keepseveralhypothese$or alongerperiod
of time. Notetherelationshipbetweernthevalueof N andwhetheror notthe robotmovesthrough
known or unknawn terrain. Also notethatthevaluesigni cantly dropswhentherobotsclosesaloop
(c). Thisis becausehe likelihoodthe the obsenation varieslargely betweendifferent particlesin
suchasituation.However, aslong astherobotis accuratelyocalizedor exploresunknonvn areaghis
parametedropsonly slightly (see(b) and(d)).



Figure 8. Thisimage showsthe resultingmap of an exploration experimentcarried out usinga
Pioneer2 robotequippedwith a laserrange scannetlin the entrancehall of the Departmentor
ComputerScienceat the University of Freiburg. Also shownis the path of the robotaswell as
entryandexit pointswhele therobotstartedand stoppedhe activeloop-closingprocess.

6.2 RealWorld Exploration

The rst experimentwas carriedout to illustrate that our currentsystemcan effectively control a
mobile robotto actively closeloopsduring exploration. To performthis experimentwe useda Pio-

neer2 robotto explore the mainlobby of the Departmentor ComputerScienceat the University of

Freiturg. The sizeof this environmentis 51mtimes18m. Figure8 depictsthe nal resultobtained
by a completelyautonomougxplorationrun usingour active loop-closingtechnique.lt alsodepicts
the trajectoryof the robot, which hasan overall length of 280m. The robot decidedfour timesto

re-entera previously visited loop in orderto reducethe uncertaintyin its pose.Figure8 alsoshows

the correspondingentry pointsaswell asthe positionswheretherobotleft theloops(“exit points”).

As canbeseentheresultingmapis quiteaccurate.

6.3 Active Loop-Closingvs. Frontier-BasedExploration

The next experimentwas carriedout to compareour algorithmwith a standardexplorationstratey
thatdoesnot considedoop closingactions.Note thatthe currentimplementatiorof our exploration
systemdoesnot usetheimproved mapperandbuild mapsusingthe standardapproachNevertheless
the problemdiscussedn the following hold alsofor the improvedtechniqueaf reducingthe number
of particlesor increasingthe size of the map. Currentlywe are working on an integration of both
system.

The right image of Figure 1 showvs the map obtainedwith a B21r robotin the Sieg Hall at the
University of Washingtorusingour algorithm. To eliminatethein uence of measurementoiseand
differentmovementsf therobotwe removedthedatacorrespondingo thesecondooptraversalfrom
therecordeddata le andusedthis dataasinputto our mappingalgorithm. This way we simulated
thebehaior of agreedyexplorationstratey which forcestherobotto directly enterthe corridorafter
returningto the startinglocationin the loop. As canbe seenfrom the left imageof Figurel, an
approachthatdoesnotactively re-entettheloop failsto correctlyestimateghe anglebetweertheloop
andthe corridorwhich shouldbe orientedhorizontallyin that gure. Whereagshe angularerroris 7
degreeswith the standardapproactit is only 1 degreewith our method.Both mapscorrespondo the
particlewith thehhighestaccumulatedmportanceactor

To quantitatvely evaluatethe adwantageof the loop-closingbehaior we performeda seriesof
simulationexperimentsin an ervironmentsimilar to the Sieg Hall. We performed20 experiments,
10 with active loop-closingand 10 without. After completingthe explorationtaskwe measuredhe
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Figure 9. Comparisorof our loop-closingstrategy with a purely frontier-basedexploration tech-
nique Theleft bar in this graph plots the average error in the poseof the robot obtainedwith
our loop-closingstrategy. Theright bar showsthe average error obtainedwith a frontier-based
approad. Ascanbeseenpur techniquesigni cantly reduceghedistancedetweertheerror in
therelativeposeestimates.

averageerrorin the relative distancesetweenpositionslying on the resultingestimatedrajectory
andthe groundtruth provided by the simulator Theresultsaredepictedin Figure9. As canbeseen
theactive loop-closingbehaior signi cantly reducegheerrorin the positionof therobot.

6.4 Importance of the Termination Criterion

In this nal experimentwe analyzetheimportanceof the constraintthatterminateghe active loop-
closing behaior assoonasthe currentuncertaintyH (t) of the belief dropsunderthe uncertainty
H (te) of the posteriorwhentherobotwasatthe entry pointlasttime.

In this simulatedexperimentthe robothadto explore anernvironmentcontainingtwo nestedoops
(seeFigure 10). In one casewe simply useda constanthresholdto determinewhetheror not the
loop-closingbehaior shouldbe stoppedin the secondcasewe appliedthe additionalconstrainthat
theuncertaintyshouldnotbecomesmallerthanH (t).

Figure4 (in Section5) shows the map of the particle with the highestaccumulatedmportance
weightobtainedwith our algorithmusinga constanthresholdinsteadof consideringH (te). In this
casetherobotrepeatediytraversedthe innerloop (left image)until its uncertaintywasreducedoe-
low athreshold. After threeanda half roundsit decidedto againexplore unknawvn terrain,but the
diversity of hypothese®iaddecreasetibo much(middleimage). Accordingly the robotwasunable
to accuratelyclosethe outerloop (right image). We repeatedhis experimentseveral timesandin
no casetherobotwasableto correctlymapthe ervironment.In contrastto that, our approachusing
theadditionalconstraintalwaysgenerate@naccuratenap. Oneexamplerunis shavn in Figure10.
Heretherobotstoppedheloop-closingaftertraversinghalf of theinnerloop. In both casesve used
80 particles.

As this experimentillustrates the terminationof the loop-closingis importantfor the corvergence
of the lter andto obtainaccuratenapsin environmentswith several(nested)oops. Notethatsimilar
resultsin principle canalsobe obtainedwithout this terminationconstrainif the numberof particles
is dramaticallyincreased Sinceexplorationis anonline problemandsinceevery particle carriesits
own mapit is of utmostimportanceto keepthe numberof particlesassmallaspossible. Therefore
our approachalso can be regardedas a contrikution to limit the numberof particlesduring Rao-
Blackwellizedmapping.
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Figure 10. Different situationsduring the traversal of a nestedoop. After exploring unknown
areasthe robotdetectecan opportunityto closea loop (a). It thentraveisedparts of the inner
loop until its uncertaintyH (t) did not exceedtheuncertaintyH (t¢) of the posteriorat theentry
point. It thenleft the loop to explore new terrain (b). After this enoughhypothesesvere left
to correctly closethe outerloop (c). In contrastto that, a systenconsideringonly a constant
thresholdfails to correctly closethe outerloop (seeFigure 4).

7 Conclusion

In this paperwe presentedeveralimprovementsto Rao-Blackwellizedparticle Itering for simul-
taneoudocalizationand mapping. First, we presentecan approachto computea highly accurate
proposaldistribution usingscan-matchingAdditionally, we dynamicallydeterminewvhetheror nota
resamplingstepneedso be performed.Both approachesn commonallow to reducethe numberof
necessargamplesn Rao-Blackwellizednappingandat the sametime scalethis approacho larger
ervironments.Finally, we introduceda techniqueto actively closeloops. This algorithmforcesthe
robotto re-visit previously traversedloops. Thus,it reduceshe uncertaintyin the dataassociation
andtheposeestimate.

Our approachhasbeenimplementedandtestedon variousplatformsandin indoor and outdoor
ervironments. Experimentakesultsdemonstratéhat our currentsystemis ableto build large-scale
mapswith fty particlesorless.Additionally, experimentgarriedoutwith ourloop-closingalgorithm
indicatethatintegratedapproacheso explorationandSLAM yield signi cantly bettermaps.

Neverthelessthereareseveralremainingtasksto be solved. Onegeneralproblemof Rao-Black-
wellized mappingis thatthe numberof particlesneededo build an accuratemapis not known in
advance. A further limitation is thatthereare no meansto recover from a divergenceof the Iter
withoutacompletere-runof thewholealgorithm.Finally, it appearsnterestingo investigatevhether
the numberof effective particlesN. canbeusedasanindicatorto decidewhetheror not continue
theactive loop-closingprocess.
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