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Abstract— Acquiring models of the ervironment belongs to
the fundamental tasks of mobile robots. Approachesaddressing
the problem of simultaneouslocalization and mapping (SLAM)
typically processthe perceived sensordata and do not in uence
the motion of the mobile robot. In this paper, we presentan
approachto actively closingloopsduring exploration. It appliesa
Rao-Blackwellizedparticle Iter to maintain multiple hypotheses
about potential trajectories of the robot and correspondingmaps.
To prevent the particle Iter from becoming overly con dent,
we presenta technique to recoer the particle diversity after
successfully closing a loop. This way the particle depletion
problem is avoided. The combination of our approach with the
active loop closing strategy allows to deal with multiple nested
loops. Experimental resultspresentedin this paper illustrate the
advantage of our method over pervious approachesto mapping
with Rao-Blackwellized particle lters.

|. INTRODUCTION

Simultaneoudocalization and mappingbelongsto one of
the fundamentaproblemsin mobile robotics.Robotsthat are
ableto concurrentlyaquirea model of their environmentand
to localize themseles relatively to this model are regarded
asful lling a major preconditionof truly autonomousnobile
vehicles.Recently Rao-Blackwellizedparticle Iters (RBPF)
have beenintroducedas an effective meansfor solving the
SLAM problemwith occupang grid maps[4, 17]. The key
idea of this techniqueis to use a particle Iter in which
each particle carriesits own map. The individual mapsare
computedbaseddn thetrajectoryof the correspondingparticle.

Wheneer robots build maps of unknawvn terrain au-
tonomously the questionariseswhere to move next to ac-
quire useful sensordata. As we demonstratedn a previous
work [19], the quality of a mapconstructedy a mobile robot
dependson its trajectoryduring dataacquisition.This is typi-
cally dueto the factthatthe vehicleneedsto re-localizeitself
during explorationto build an accurateervironmentalmodel.
A goodposeestimationis necessaryo make the correctdata
associationj.e., to determineif the currentmeasurements
into the map built so far Avoiding repeatedvisits of the
same place reducesthe probability of making correct data
associationgndthereforeincreasesherisk thatthe Iter does
not corverge to the correct solution. Therefore, exploration
stratgies, which always guide the robot to unknown areas,
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Fig. 1. This gure illustratesthata loss of particle diversity introducedby
repeatedoop closingcanleadto a wrong solutionin the context of mapping
with a Rao-Blackwellizedparticle Iter.

perform typically worse comparedto a systemconsidering
placere-visiting actions.

However, especiallyif a Rao-Blackwellizedparticle Iter is
usedto solve the SLAM problem,re-visitingknown areascan
be problematic.Considey for example, a robot that moves
from place A to place B and then repeatedlyobsenes B.
While it is mappingB it doesnot getary furtherinformation
aboutA. Sinceeachparticle representa whole trajectory of
the robot, also hypothesesepresentingambiguitiesabout A
will vanishwhile reducingpotentialuncertaintiegaboutB . The
lossof uncertaintyaboutA canlaterresultin Iter divergence
if the robot returnsto A. In practice, such situationsoccur
when the robot hasto map environmentswith nestedloops.
If the vehicle repeatediytraversesan inner loop, it canlose
particlesthat are necessaryto correctly close an outer loop
(seeFigure 1, for example). This phenomenoris known as
the particle depletionproblem[21].

In this paper we considerthe problemof actively closing
loops during exploration. In our recentwork [19], the robot
is able to detectloops and to actively follow the previously
traversed path to reduceits pose uncertainty Whereasthis
approachhas beendemonstratedo be very effective and to
yield accuratemaps,its major dravback lies in the heuristic
stopping criterion that abortsthe loop closing process.Due
to the risk of particle depletion,the robot shouldspendonly
a limited amountof time in an inner loop and hasto leave
an inner loop whenever the uncertaintydropsbelow a certain
thresholdcomputedfrom the uncertaintywhenit enteredthe
loop [19].

The contrikution of this paperis a new techniqueto recover
the uncertainty of the Rao-Blackwellizedparticle lter in



the context of nestedloops. Our approachdeterminesan
approximationof the posteriorrepresentedby the particlesat
the entry of a loop and propagatedts uncertaintythroughthe
loop. This way, hypothesesieededo closean outerloop are
maintained.The major advantageof this approachis that the
robot can, in principle, stay arbitrary long in an inner loop
without losing information necessaryo closeouterloops.
This paperis organizedas follows. After the discussion
of relatedwork, we explain the idea of Rao-Blackwellized
mappingin Sectionlll. SectionlV presentsour exploration
techniquewith active loop closing. SectionV then describes
how to recover the diversity of a particle Iter whenthe robot
leavesaloop. Finally, SectionVI containsexperimentakesults
carriedout on real robotsaswell asin simulation.

Il. RELATED WORK

In the context of exploration, mary techniquespresented
so far focus on generatingmotion commandsthat minimize
the time neededto cover the whole terrain [2, 11, 22].
Most of theseapproacheshowever, assumethat an accurate
position estimationof the robot is given during exploration.
In contrastto this, Ko et al. [10] presenteda multi-robot
exploration systembasedon a mappingtechniquesimilar to
that of Gutmannand Konolige[7] which is ableto deal with
unknown relative startlocationsof the robots.In contrastto
our approachtheirrobotsconsiderendezwusinsteadof place
re-visiting actionsto re-localize.

In the areaof SLAM, the vast majority of papershas
focusedon the aspectof state estimationas well as belief
representatiomnd update[3, 6, 4, 5, 7, 8, 16, 17, 20]. These
techniqueshowever, are passve and only processincoming
sensordatawithout explicitely generatingcontrol commands.
Recently sometechniqueshave beenproposedvhich actively
control the robot during SLAM. For example, Makarenlo et
al. [15] introducedan utility functionwhich trades-of the cost
of exploring new terrainwith the utility of selectedpositions
with respectto a potential reductionof the poseuncertainty
Sim et al. [18] presentedan approachin which the robot
follows a parametriccurve to explore the ervironment.Both
techniquesintegrate the pose uncertainty into the decision
procesof whereto move next. However, they rely on the fact
that the ervironmentcontainslandmarksthat canbe uniquely
determinedduring mapping.In contrastto this, our approach
malkes no assumptionsabout distinguishablelandmarksand
usesraw laserrangescansto computeaccurategrid maps.

Only very few works addressthe problem of revoking
a previously made decisionin the SLAM contet. Hahnel
et al. [9] maintain a data associationtree in which each
branch representsa sequenceof associationsWhenerer a
branchbecomesmore likely than the current best one their

approaclswitchesto the alternatie dataassociatiorsequence.

Their work can be regardedorthogonalto our techniquefor
recovering the uncertaintyof a particle lter. In fact, both
approachesanbe combined.
Ourapproactpresentedhereextendsour previouswork [19]
and presentsa way to recover particle diversity when apply-

ing a Rao-Blackwellizedparticle Iter to solve the SLAM
problem.Our algorithmenhanceshe ability to correctlyclose
loops, especiallyin the context of nestedoops.

I1l. RAO-BLACKWELLIZED MAPPING

According to Murphy [17], the key idea of solving the
SLAM problem with a Rao-Blackwellized particle Iter
(RBPF)is to estimatea posteriorp(X1:t j Z1:t;Uo:t 1) about
potential trajectoriesx.; of the robot given its obsenations
z;.+ andits odometrymeasurementsg.: 1. This distribution
is thenusedto computea posteriorover mapsandtrajectories:

P(X1:t;M j Z1:t; Uot 1) =
p(mM j X1:t5Z2:)P(X1t J Za:t; Uit 1) 1)

Eq. (1) can be solved ef ciently, since the quantity p(m j
X1:t; Z1:t) canbe computedanalyticallyoncexy.; andz;.; are
known. To estimatep(X1:t j Z1:t;Uo:t 1) over the potential
trajectories,Rao-Blackwellizedmappingusesa particle Iter
in which an individual map is associatedto each sample.
Each of those maps are constructedgiven the obsenations
z;.+ andthe trajectoryxy.; representedby the corresponding
particle. During resamplingthe weight! of eachparticleis
proportionalto the likelihoodp(z; j m; x;) of the mostrecent
obsenationz; giventhe mapm associatedo this particleand
its posex;. Throughoutthis paperwe usea highly optimized
variant of the original algorithm for mappingwith RBPFs.
An efcient implementationis necessarydue to the online
requirementeededior autonomousexploration.

IV. EXPLORATION WITH ACTIVE LOOP-CLOSING

The goal of an exploration task is to minimize the un-
certainty of the robot aboutthe world. The uncertaintyof a
posteriorcanbe determinedy theentropy H. In thefollowing
we derive how to computethe entrofy of a Rao-Blackwellized
particle Iter for mapping.To improve the readability we use
d to referto all sensorand odometrymeasurementandx to
representhe whole trajectoryof the vehicle.For the entrogy
holds

H(p(gn;:x j d)) = H(p(m j x; d)p(x j d)) 2)
= p(m j x; d)p(x j d)

7 7 log(p(m j x; d)p(x j d)) dmdx 3)
= p(m j x; d)dm p(x j d) log(p(x j d)) dx

7xZm

. p(m j x; d)p(x j d) log(p(m j x; d)) dmdx (4)
= p(x j d) log(p(x j d)) dx

zx Z

p(xjd)  p(mjx;d)log(p(m j x; d)) dmdx(5)

X »

= H(p(xjd)+ p(xjd)H(p(m jx;d)) dx: (6)

X
R
Eq. (5) is obtainedfrom Eq. (4) since  p(m j x;d)dm= 1.
This derivationshowvs thatin the context of Rao-Blackwellized



Fig. 2. Thered/graycirclesandlinesin thesetwo imagerepresenthe nodes
andedgesof Gl8. In theleft image,| (s) containedwo nodes After closing
the loop the robot continuesto acquirenew terrain (right image).

particle Iters theentropy canbedividedinto two components.
Whereashe rst term representshe entropy of the posterior
aboutthe trajectoryof the robot, the secondterm corresponds
to the uncertaintyaboutthe map weightedby the lik elihood
of the correspondingdrajectory Thus,to minimize the robot's
overall uncertainty one needsto reducethe map uncertainty
of the individual particlesaswell asthe poseuncertainty

Throughoutthis paperwe mainly focus on the rst com-
ponentof Eq. (6), althougha reductionof the uncertaintyin
the posterioraboutthe trajectoryof the robottypically assigns
smallweightsto inconsistenmaps,which leadsto a reduction
of the secondtermtoo. To minimize the uncertaintyaboutthe
trajectoryof the robot our approachidenti es opportunitiesto
actively closeloops during terrain acquisition.This approach
actively re-entersknown areasof the map and follows a
previously traversedpath.As aresult,unlikely pathhypotheses
are eliminatedfrom the particle setor get a low importance
weight so that the overall uncertaintyis reduced.

To determinewhetherthere exists a possibility to close a
loop we considertwo differentervironmentalrepresentations.
Each particle s maintainsan occupang grid map m[s! and
a topologicalmap G*! during the exploration task. The ver-
ticesin Gl representpositionsvisited by the robot and the
trajectoryof particles correspondso the edgesin G, New
nodesare createdand addedto the graphstructurewheneer
the robot moved for a certain distanceor it cannotobsene
ary previously creatednodefrom its currentlocation.

There exist techniquesto combinetopological mapswith
other kind of spacialrepresentationsThis is typically done
to handle large-scalemaps or to simplify the loop-closing
problem[1, 12, 13]. Thoseapproachesanattachdetailedlocal
mapsto the nodesof the topologicalmap.Building up sucha
hierarchyis not intendedby our work, sincewe only usethe
topologicalmapto detectloopsin the ervironment.

Figure 2 shows such a graph for one particular particle
during differentphaseof an explorationtask.In bothimages
the topological map G! is depictedon top of metric map
mlsl. To motivatetheideaof our active loop-closingalgorithm,
considerthe left image of Figure 2. Here the robot is almost
closingaloop. This canbe detectedy the factthatthe length
of the shortestpath betweenthe current pose of the robot
and previously visited locationsin the topological map G-
is large, whereasit is small in the grid map m!sl. Thus, to
determinewhetheror not a loop can be closedwe compute
for eachsamples the setl (s). This setof positionsof interest

containsall nodesthat are closeto the currentposex{sl of

particle s basedon the grid map m[S! but are far avay given
the topologicalmap G!

1(s) = fx{3) 2 nodes(@) j dist i (x{3; xI) < &1 7
[s]. [

dist g (x5 X1y > 90 (7)

Here disty, (X1;X2) is the length of the shortestpath from
X1 to X2 given the grid map and distg(x1;X2) the shortest
path basedon the topologicalmap. The termsc; andc, are
constantghat must satisfy the constraintc; < c,.

If 1 (s) 6 ;, thereexist so-calledshortcutsfrom x{sl to the
positionsin | (s). Theseshortcutsrepresentdgesthat would
generatea cycle in the graphstructureof G5! and therefore
constitutean opportunityto closea loop (compareFigure 2).
To determinethe mostlikely movementthat guidesthe robot
around the loop, one in principle has to integrate over all
particlesand considerall potentialoutcomesof that particular
action. Since this would be too time consumingfor online-
processingwve consideronly the particles with the highest
accumulatedogarithmicimportanceweight
[s]

t0

s argmax

S

log!

t0=1

(8)

Here! t[S] is theweightof samples attimestept. If | (s ) 6 ;,
we choosethe nodex;, from | (s ) which is closestto x{s I

9)

argmin dist s ](x{s )
x2l (s)

In the sequel,x;, is denotedas the entry point at which
the robot has the possibility to close a loop. The term te
correspondgo the last time the robot was at the nodexq, .

Oncethe robot detectsa loop, it approaches:, andthen
follows the pathtaken after previously arriving at X, . During
this procesghe uncertaintyin the poseof the vehicletypically
decreasedjecauseherobotis ableto localizeitself in themap
built so far and unlikely particlesvanish.

Furthermore,we have to de ne a criterion for deciding
when the robot actually has to stop following a loop. As
illustrated in the introduction (see Figure 1), this criterion
can have a major in uence on the quality of the resulting
map. Therefore,one hasto nd an adequatecriterion which
allows the Iter to eliminate unlikely hypothesesut at the
sametime makesthe corvergenceo awrongsolutionunlikely.
The termination criterion of the loop-closing processis the
main weaknesf our previous approach[19] in which the
robot has to lease an inner loop wheneer the uncertainty
dropsbelow acertainthresholdcomputedrom the uncertainty
whenit enteredthe loop. In the following we will introduce
an alternatve criterion which takes into accounthow well
the current sensorinformation is suited to identify unlikely
hypothesesvithin the particle set.

To estimatehow well thecurrentsetof N particlerepresents
the true posteriorLiu [14] introducedthe effective numberof

Xt

e

particlesN. (alsocalled effective samplesize):
1
Ne = Py (10)

2
s=1 !



The idea behind this measureis to determinethe variance
in the importanceweightsof the particles.Liu usesNe to

resamplein an intelligent way but it is also very useful in

the context of active loop-closing.We monitor the changeof

Ne overtime,whichallowsto analyzehow thenew acquired
information affects the Iter. If N staysconstantthe new

informationdoesnot help to identify unlikely hypothesesep-
resenteddy the individual particles.In that case the variance
in the importanceweights of the particlesdoes not change
over time. If, in contrast,the value of N. decreasesver
time, the new information can be usedto identify that some
particlesarelesslik ely thanothers Thisis exactly the criterion
we needto decidewhetheror not the loop-closingshouldbe
aborted As long asnew informationhelpsto identify unlikely
particleswe follow the loop. As soonas the obsenationsdo
not provide ary new knowledge aboutthe ervironmentwe
continueto explore new terrain. In the experimentalsection
we will shav how N, behaeswhen closingloops.

As long asno loop is detectedwe usea frontier-basedex-
plorationstrat@y [2, 22] to choosetarget pointsfor the robot.
In our currentsystenwe determindrontiersbasedn the map
of the mostlikely particles . Accordingto Yamauchi[22], a
frontier is ary known cell thatis animmediateneighborof an
unknawn, unexploredcell.

V. RECOVERING PARTICLE DIVERSITY AFTER LOOP
CLOSURE

In addition to the active loop-closingtechniquedescribed
above, we needa way to recover hypotheses/anishedfrom
a particle Iter duringthe repeatedraversalof aninnerloop.
Even if the stoppingcriterion basedon N, makes particle
depletionunlikely, the vanishingof importanthypothesesnd
the resultingproblemof lter divergenceremains.Note that
the risk of particle depletionincreaseswith the size of the
ervironment. Also, the smaller the numberof particles,the
higheris thatrisk.

Considerasanexample,arobotthathasaccuratelymapped
an inner loop. In such a casethe particle Iter will have
corverged to a very pealed distribution and typically only
one hypothesispresentat the entry point will have survived.
Thus,it is not guaranteedhatthis hypothesiss the onewhich
perfectly closesthe outerloop. In principle, a robot therefore
hasto maintaina sufcient variety of particlesallowing it to
performthe next loop closure.Sincethe robot doesnot know
in advancehow mary loopsit will nd in the environment
this problemcannotbe solvedin generalwith a nite number
of particlesonly.

If one knew the starting point of such an inner loop in
adwance,one solution would be to suspendhe particle Iter
and to start for each particle an individual RBPF initialized
with the currentstateof that particle. After the corvergence
of all lters one canthen attachtheir solutionsto the corre-
spondingparticlesin the suspendedter . Apart from the fact
that a loop cannotbe recognizedn advancethis approachis
not feasiblefor online taskslik e explorationsincethe amount

of computationalesourcesmeededyrows exponentiallyin the
numberof loops.

The recovering techniquedescribedin this sectionis an
approximationof this approach.The key ideais to simulate
this processas soon as the robot detectsa loop. Given the
currentsetof particlestherobotcomputeghe posteriorat the
entry point of the loop giventhe particlesin its currentbelief.
In this approximatve particle set the statesand weights are
computedaccordingto

xt? = pred, (x{*) (11)
) Ll (12)
Here pred,_(x\)) is the stateof the ancestorof x| at time

te. Whenever the robot stopsthe loop closingbehaior it uses
this posteriorto propagatehe variety of the particlesthrough
the loop. In probabilistictermsthis correspondgo rewriting
thetermp(Xy1:t j Z1:t; Uo:t 1) in EQ. (1) in the following way:

P(X1:t j Zet;Uot 1) =
P(Xte+1:t J X1:te; Zte+1: t5 Ute:t 1)P(X1:te J Z1:te; Uoite 1)(13)

In our current implementation this posterior is ap-
proximated by importance sampling from p(Xt +1:t ]
X1t.:Zto+1:t; Ut.:t 1). The trajectorydrawn from this poste-
rior is attachedo eachparticlein p(X1:t, j Z1:t.; Uot, 1). This
processpropagateshe different hypothesesrom the entry
point into the current belief before leaving the loop. If the
robot then hasto closea secondloop it hasa higher chance
to nd hypotheseglosingthis loop accurately

Note that in generala mappingsystemhasto maintaina
stackof saved statesespeciallyin ervironmentswith several
nested loops. Due to the fact that we control the robot
actively and never starta secondloop-closingprocesshefore
completingthe currentone,we only have to maintaina single
saved stateat eachpoint in time.

As we demonstratein the experimentsthis techniqueis
a powerful tool to recover vanishedhypotheseswithout re-
startingthe mappingalgorithmfrom scratch.lt only needsto
attacha local trajectoryto eachparticle which can be done
within a few secondgon a 2.8GHz PentiumlV).

V1. EXPERIMENTS

Our approachhas beenimplementedand evaluatedin real
world andin simulation.The experimentsdescribedhereare
designedto illustrate the bene t of our active loop closing
techniquewith the ability to recover the diversity of the
particles after loop closing. We also demonstratehow N
evolves during exploration and why it is an useful criterion
to stop the loop-closing process. Furthermorewe discuss
the adwantagesof our approachcomparedto our previous
algorithmdescribedn [19].

A. Recwering the Particle Diversity

This experimentis designedto shov the effect of our
techniqueto recover the particle variety whentherobotleaves
a loop. The ernvironmentusedto carry out this experimentis
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Fig. 3. This gure shavs the sameexperimentas depictedin Figure 1,

but usingour recovering techniqueln the left imagethe robotssavesthe set
of approximatedparticlesat time stepte and later on recovers the vanished
hypothesegmiddle image).This allows the robotto correctly closethe outer
loop (right image).

depictedn therightimageof Figure3. Therobotstartedn the
outerloop, enteredthe inner loop, and stayedtherefor a long
periodof time. As shavn in Figure 1, without our recovering
techniquethe lter can corverge to a wrong solution. The
reasonis that at the time whenthe robot leavesthe loop only
onehypothesi®of the original particlesetat the entry point has
survived. Accordingly, the robot lacks an appropriateparticle
to properlyclosethe outerloop. Usingour algorithm,however,
therobotcanrecoverthe hypothesesit the entry pointandcan
propagatehemthroughtheloop (seeleft andmiddleimageof
Figure 3). The mostlikely map of the posteriorafter closing
the outerloop is shawvn in the right image.

To provide a more quantitatve analysiswe mappedthe
ervironment 30 times without the capability of restoringthe
Iter and 30 times with this option. The standardtechnique
was able to build a correctmapin only 40% of all runs.In
all othercaseghe algorithmdid not producean accuratemap.
In contrastto this, our algorithm yielded a successrate of
93% We repeatedthis experimentin different ervironments
and got similar results. Figure 4 shows two (partial) maps
of the Killian Court at the MIT. The left map hasbeenbuilt
without the recovering techniqueusing40 particlesandshaws
inconsistenciedueto vanishechypothesesTheright maphas
beenconstructedusing our recovering techniquein which the
correcthypothesishasbeenrestored The averagesuccessate
of ourapproactwas55%whereaghe standardapproactound
the correctdataassociatiorin only 5% of all 40 runs.

This shaws that our recovering techniqueis a powerful
extensionto autonomousexploration with mapping systems
basedon RBPFsespeciallyin the context of (multiple) nested
loops. Note that in generalthe succesgate of the standard
approachincreasesvith numberof particlesused.Sinceeach
particle carriesits own map, it is of utmostimportanceto
keepthis value as small as possible.Thereforeour approach
alsocanbe regardedas a contritution to limit the numberof
particlesduring Rao-Blackwellizedmapping.

Additionally, we analyzedin our experimentsthe approxi-
mation error obtainedby retrospectiely recovering the par
ticles at the entry point of a loop. Using this systemwe
obsened that in our experimentstypically around 75% of
the particlesin the Iter at time stepte had a successoin
the current set and were thereforesaved. In principle, this
value must drop for loops of increasinglength. However, in
our experimentswe found similar valuesin several different

recover particle
diversity

— save particle

inconsitencies diversity

o |‘.3'HH

Start Start

Fig. 4. This gure shawvstwo mapsof theKillian Courtatthe MIT. Thesize
of the ervironmentis 150m  80m. The left map was constructedwith the
standardRBPFapproachlf, in contrasttherobotis ableto recoser hypotheses
the map becomesamore accurate(right image).

ervironments. The Kullback-Leibler distance (KL-distance)
betweertherecoveredparticlesetandthetrue oneattime step
te wasbetweenl:0 and1:5 comparedo a valuearound13in

the situationin which only a single hypothesissurvived. This
againillustratesthe advantageof our nen techniqueover the
previousapproach19]. Usingthetechniquedescribedherethe
robot canmove arbitrarily long througha nestedoop without
losing the capabilityto closean outerloop.

B. UsingNe

In this experimentwe analyzethe constrainthatterminates
the active loop-closingbehaior. The processs stoppedvhen-
ever Ng staysconstantfor a certainperiod of time.

Onetypical evolution of N is depictedin the left image
of Figure 5. The robot startedat position A andin the rst
partof the experimentexploredunknown terrain (betweerthe
positions A and B). As can be seen,N. decreasesover
time. After the loop has beenclosed correctly and unlikely
hypothesesiad partly beenremoved by the resamplingaction
(positionB) therobotprocessetheinnerloopandN, stayed
more or less constant.This indicatesthat acquiring further
datain this areahasonly a very small effect on the relative
likelihoodof the particlesandthe systemcould not determine
which hypothesesepresentedinlikely con gurations.In such
a situation,it thereforemakesmoresenseo focuson new ter-
rain acquisitionandto not continuethe loop-closingprocess.

If the robottakesinto accountthe evolution of N  to stop
theloop-closingprocedurejt movesthroughthis loop only as
long asit canacquireusefuldatato identify unlikely particles.
It collectsenoughdatato malke the correctdataassociation.
Unlessthe numberof particlesis not too small or the size of
the loop is not too big, the Iter will typically not corverge
to a wrong hypothesis.One example for an exploration task
donewith 30 particlesin an ervironmentwith severalloopsis
depictedn Figure6. Theloop closingprocedurevasexecuted

to Stopthe Loop-ClosingProcedue
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