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Abstract—This paper presents an integrated approach to
exploration, mapping, and localization. Our algorithm usesa
highly ef cient Rao-Blackwellized particle Iter to representthe
posterior about maps and poses.It applies a decision-theoketic
framework which simultaneously considers the uncertainty in
the map and in the pose of the vehicle to evaluate potential
actions. Thereby, it trades off the costof executingan action with
the expectedinformation gain and takes into account possible
sensor measuements gathered along the path taken by the
robot. We furthermor e describe how to utilize the properties
of the Rao-Blackwellization to ef ciently compute the expected
information gain. We present experimental results obtained in
the realworld and in simulation to demonstratethe effectiveness
of our approach.

I. INTRODUCTION

Robotsthat are able to acquirean accuratemodel of their
ervironmentareregardedasful lling a major preconditionof
truly autonomousnobile vehicles.To learnan ervironmental
model, three problemsneedto be addressesgimultaneously
namelyexploration, mapping,andlocalization.

Recently Rao-Blackwellizedparticle Iters (RBPF) have
been introduced as an effective meansfor solving the si-
multaneoudocalization and mapping (SLAM) problemwith
occupang grid maps[4, 19]. The key idea of this technique
is to usea particle lter in which eachparticle representa
potentialtrajectory Eachparticle furthermorecarriesits own
map which is computedbasedon the associatedrajectory

Whereasa Rao-Blackwellizedparticle Iter for mapping
maintainsa posterioraboutthe robot's trajectoryandthe map
of the ervironment,it doesnot provide information on how
to steerthe robot throughthe ervironmentto acquireuseful
sensordata. As demonstratedn the past[1, 24], the quality
of the resultingmap constructedoy a mobile robot depends
on its trajectoryduring dataacquisition.In practice,the major
sourcesof uncertaintyabout the state of the world are the
uncertaintyin the robot's poseand the uncertaintyresulting
from the limited accurag of the sensorthe robot usesto
perceve its environment. Therefore,a robot performing an
autonomougxplorationtaskshouldtake the uncertaintyin the
mapaswell asin its pathinto accountto selectanappropriate
action.

As a motivating exampleconsiderFigure 1. Theleft image
shavs a robot that has almost closed a loop. Supposethe
vehicle hasa high poseuncertaintyand hasto decidewhere
to go next. Three potential actionsare plotted on the map.
Action 1 leadsthe robotto unknavn terrain,whereasaction2

Fig.1. Supposeherobothasahigh poseuncertaintyandhasto decidewhere
to go next. Shawvn arethreeopportunitiesn the left image.Our mapandpose
entropy-driven exploration systemchoosesaction 3 (as depictedin the right
image)sinceit providesthe highestexpectedutility (seealsoFigure7).

performs a loop closure without observingunknovn areas.
Action 3 doesboth: after closingthe loop it guidesthe robot
to unknawn terrain.

Classicalexploration approachesywhich seekto reducethe
amountof unseerareaor which only considerthe uncertainty
in the posterior about the map [2, 14, 23 26, 27, 29,
would chooseaction 1, sincethis action guidesthe robot to
the closestlocation from which information about unknavn
terraincanbe obtained Active localizationapproachesyhich
only estimatethe uncertaintyin the robots pose[11], would
chooseeither action 2 or 3 to re-localize the vehicle. Our
previous loop-closingapproach24] would selectaction 2 to
reducethe entropy in the posterioraboutpotentialtrajectories.
However, the best action to reducethe uncertaintyin the
posteriorabout mapsand trajectoriesis action 3. Executing
this actionyields new sensorinformationto make the correct
data associationand close the loop accurately Additionally,
it providesinformation aboutterrainso far unknavn. As this
example shaws, exploration approacheshould considerboth
sourcesof uncertaintyto ef ciently build accuratemaps.

The contritution of this paperis anintegratedtechniquethat
combinessimultaneousocalization,mapping.andexploration.
In contrastto our previous work [24], in which a heuristic
was usedto re-traverseloops, the approachpresentedn this
paperis entirely decision-theoreticBasedon the expected
uncertaintyreductionin the posterioraboutthe trajectory of
the robot aswell asin the posterioraboutpossiblemaps,we
selectthe actionwith the highestexpectedutility. Therebywe
take into accountthe sensorinformation, which is expected
to be obtainedalong the path when carrying out an action,
as well as the cost introducedby this action. Real world
and simulation experimentsshav the effectivenessof our



technique.

This paperis organizedasfollows. After the discussionof
relatedwork, we give a brief overviev on Rao-Blackwellized
mappingin Sectionlll. SectionlV andV presenburdecision-
theoreticexploration techniqueand explain how to compute
the expectedchangein entrofy. Section VI describeshow
the set of possibleactionsis generatedFinally, SectionVII
containsexperimentalesultscarriedout on realrobotsaswell
asin simulation.

Il. RELATED WORK

In the context of exploration, most of the techniquespre-
sentedso far focus on generatingmotion commandsthat
minimize the time neededto cover the whole terrain [2, 14,
26, 29). Most of thesetechniqueshowever, assumethat an
accuratepositionestimateis given during exploration. Whaite
and Ferrie [27] presentan approachthat usesthe entrofy to
measurethe uncertaintyin the geometricstructureof objects
that are scannedwith a laserrangesensorIn contrastto the
work describednhere,they usea parametricrepresentatiorof
theobjectsto be scannednddo not considertheuncertaintyin
the poseof the sensar Similar techniqueshave beenapplied
to mobile robots[23], but such approachestill assumethe
correctknowledgeaboutthe poseof the vehicle. None of the
approachesnentionedabove take the pose uncertaintyinto
accountwhenselectingthe next vantagepoint. However, there
are explorationapproacheshat have beenshawvn to be robust
againstuncertaintiesn the poseestimated5s, 13, 15].

In the areaof SLAM, the vast majority of papershave
focusedon the aspectof state estimationas well as belief
representatioandupdate[3, 4, 6, 8, 9, 10, 17, 19, 25]. These
techniqueshowever, are passve and only processincoming
sensordatawithout explicitly generatingcontrol commands.

Recentlynew techniquesave beenproposedvhich actively
control the robot during SLAM. For example, Makarenk et
al. [16] aswell asBourgault et al. [1] extract landmarksout
of laserrangescansandusean ExtendedKalmanFilter (EKF)
to solve the SLAM problem. They furthermore introduce
an utility function which trades-df the cost of exploring
new terrain with the potential reduction of uncertainty by
measuringat selectedpositions.A similar techniquehasbeen
applied by Sim et al. [22], who consideractionsto guide
the robot back to a known place in order reducethe pose
uncertaintyof the vehicle. Thesethreetechniquediffer from
theapproachpresentedh this paperin thatthey rely onthefact
that the ervironmentcontainslandmarksthat can be uniquely
determinedduring mapping.In contrastto this, our approach
malkes no assumptionsabout distinguishablelandmarksand
usesraw laser range scansto compute accurateoccupang
grid maps.

One disadwantageof feature-basedxploration systemsis
that the underlying ervironmental models typically do not
provide ary meango distinguishbetweerknown anunknavn
areas.Thereforeanadditionalmaprepresentatiomeedsto be
maintained(like, e.g.,an occupang grid in [1, 16] or a visual
mapin [22]) to ef ciently guidethevehicle.Approachesvhich

do not maintain an additional model to identify unknavn
areastypically apply stratgies in which the robot follows
the contours of obstacles[28] or performswall following
combinedwith randomchoicesat decisionpoints[7].

Duckett et al. [5] userelaxationto solve the SLAM prob-
lem in their exploration approach.They condensdocal grid
mapsinto graph nodesand selectgoal points basedon that
graph structure,but do not considerthe expectedchangeof
uncertaintywhen choosingpossibletarget locations.

There are planning techniquesthat can compute optimal
plans, e.g., by maintaining a belief over possible statesof
the world and by computingthe strategy that is optimal in
expectationwith respecto that belief. One solutionto this is
the Partially ObsenableMarkov DecisionProcessalsoknown
as POMDP [12]. The major disadantageof the POMDP is
its extensive computationalcost and most solutionsare not
applicableto scenarioswith more than aroundone thousand
states[20]. Since we reasonabout a high-dimensionalstate
estimationproblem,we have to be contentwith approximatve
solutions that rely on strong assumptions Essentially our
approacttanberegardedasan approximationof the POMDP
with a one steplook-ahead.

Comparedo the approachediscussedbove, the novelty of
thework reportedhereis thatour algorithmfor acquiringgrid
mapssimultaneouslyconsidergthe trajectoryand map uncer
tainty when selectingan appropriateaction. We furthermore
approximatethe information gatheredby the robot when it
executesanaction.Our approactalsoconsiderglifferenttypes
of actions,namelyso-calledexploration actions,which guide
therobotto unknovn areasandplacere-visitingactions which
allow therobotto reliably closeloopsandthis way reduceits
poseuncertainty

I1l. RAO-BLACKWELLIZED MAPPING

According to Murphy [19], the key idea of solving the
SLAM problem with a Rao-Blackwellizedparticle Iter is
to estimatea posteriorp(x1t j zi1:t;Uot 1) about potential
trajectoriesx.; of the robot, given its obsenationsz;.; and
its odometry measurementsip:; 1. This distribution is then
usedto computea posteriorover mapsand trajectories:

P(X1:4; M j Z1:t; Uot 1) =

P(M J X1:t; Zo:t)P(X1:t | Za:t5 Vot 1) (1)
This equationcan be solved efciently since the quantity
p(m | Xit;Z1:t) can be computedanalytically once X1
and z;.; are known. To estimatep(X1:t j Z1.t;Uot 1) over
the potential trajectories,Rao-Blackwellizedmappingusesa
particle Iter in which an individual map is associatedio
each sample.Each of those mapsis constructedgiven the
obsenations z;.; and the trajectory x;.; representedyy the
correspondingparticle. During resampling,the weight ! of
eachparticleis proportionalto the likelihood p(z; j m; ;) of
the mostrecentobsenation z; giventhe mapm associatedo
this particle andits posex;.



IV. THE UNCERTAINTY OF A RAO-BLACKWELLIZED
PARTICLE FILTER FOR MAPPING

The goal of an explorationtaskis to minimize the uncer
tainty in the posteriorof the robot. The uncertaintycan be
determineddy theentrofy H . Theentrofy of a posteriorabout
two randomvariablesx andy holds

H (p(x; ¥))

= Exy[ logp(x;y)] (2)
= Exy[ logp(x) logp(yjx))] €)
= Exy[ log I%X)] + Exy [ logp(y j x)] 4)
= H(p(x)) + p(x; y) logp(y j x) dx dy: (5)
Xy
The integral in Eqg. (5) canbe transformedasfollows:
p(x; y) logp(y j x) dx dy
Xy Z
= p(y j x)p(x) logp(y j x) dx dy (6)
vz
= p(x) p(y j x) logp(y j x) dy dx (7)
z Y
= ®)

P()H (p(y j X)) dx

Eq. (5) andEq. (8) canbe combigedto

H(p(xy)) = H(p(X)+  p(x)H(p(yjx)) dx: (9)

Basedon Eq. (9), we canefciently computethe entrogy of
a Rao-Blackwellizedparticle Iter for mapping.For a better
readabilitywe used; insteadof z;.¢;Ug:t 1:

H (P(Xlzt; mj di)) = H(p(X1:t j di))
+ P(X1:t | de)H (p(M j X1:;d)) dXq:¢

X1:t

(10)

Consideringthat our posterior is representecby a set of
weightedparticles,we cantransformthe integral into a sum:

Hp(mixejd)  H(p(xa ] d)
# pg@kﬂes . _ .
+ H (p(ml x4 d)
i=1

(11)

Here! t['] is the weight of the i-th particle at time stept.

Eq. (11) shaws that accordingto the Rao-Blackwellization,
the entrofy of the whole systemcan be divided into two
componentsWhereaghe rst term representshe entropy of
the posteriorabout the trajectoriesof the robot, the second
term correspondgo the uncertaintyaboutthe map weighted
by the likelihood of the correspondingtrajectory Thus, to
minimize the robot's overall uncertainty one needsto reduce
the map uncertaintyof the individual particlesaswell asthe
trajectory uncertainty In this section,we will describehow
we determineboth termsin our approach.

Throughoutthis work, we use occupang grid maps[18]
to model the ervironment. Note that our techniqueis not

restrictedto this kind of representationt only requiresa way
to computethe uncertaintyfor the usedmap representation.
Using occupang grids, the computationof the map entropy
is straightforvard. According to the commonindependence
assumptionaboutthe cells of sucha grid, the entrogy of a
mapm is the sumover the entrogy valuesof all cells. Since
eachgrid cell c is representethy a binaryrandomvariablethe
entroy of m is computedas

H(m) 5
p(c) logp(c) + (1 p(c) log(l p(c): (12)

c2m

Note that the overall entrofy calculatedfor a grid mapis not
independentfrom the resolution of the grid. One potential
solutionto this problemis to weight the entrogy of eachcell
with its size. This approachresultsin a more or lessconstant
entropy valuewhenre ning the grid resolution.

Unfortunatelyit is moredif cult to computethe uncertainty
H (p(x1:.tjdt)) of the posterioraboutthetrajectoryof therobot,
sinceeachposex; on the trajectorydependson the previous
locationsxy:; 1. In the context of EKF-basedapproacheshe
poseuncertaintyis often calculatedby consideringonly the
lastposeof the robot, which correspondso the approximation
of H (p(x1.tjdt)) by H(p(xtjd;)). It is alsopossibleto average
over the uncertaintyof the different posesalong the path as
doneby Roy etal. [21]:

1 X

H (p(X1:t j dt)) n
t0=1
Insteadone canapproximatethe posterioraboutthe trajectory
by a high-dimensional(length of the trajectory times the
dimensionof the statevector x;) Gaussiandistribution. The

entropy of a n dimensionalGaussiarnG(; ) is computedas

H(G(; ) = log((2 &"2j j): (14)

Sincea nite numberof particlesis used,the RBPFrepresen-
tation often generates sparsetrajectory posteriorfor points

in time lying further backin the history Unfortunately this

canleadto areducedrankof |, sothatj j becomeszeroand

theentroy H(G(; )) approachesinusin nity .

Alternatively, one could considerthe individual trajectories
representedyy the samplesas vectorsin a high-dimensional
state spaceand computethe entropy of the posteriorbased
on a grid-basedliscretization Sincethe particlestypically are
extremelysparsethis quantityis in mostcasesquialentto or
slightly smallerthanthe logarithm of the numberof particles,
which is the upperboundfor the entrofy computedin this
way.

Instead we use an approachthat is similar to the one
proposedby Roy et al. [21], who computedthe entrogy over
the trajectory posterior as the averageentrogy of the pose
posteriorsover time (seeEqg. (13)). To reducethe in uence
of the dependeng betweenthe entropieswhenthe robot gets
backto a particularplace,we averageover the placescovered
by the vehicle. An example on how the trajectory entrogy
evolves over time is depictedin the left imageof Figure 2.

H(p(xeojd))  (13)
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Fig. 2. The trajectoryentrofy of a robot during a real world experiment.

The numbersin the right imageillustrate the time stepwhen the robot was
at the correspondindocation.

V. THE EXPECTED INFORMATION GAIN

To evaluatean action, that guidesthe robot from its current
locationto a goal location, we computethe expectedinfor-
mation gain, which is the expectedchangeof entrofy of our
Rao-Blackwellizedparticle Iter whenwe executethataction.
In the last section,we describechow to computethe entropy
of therobot's world model,whereasn this sectionwe wantto
estimatethe expectedentroyy afteran actionhasbeencarried
out.

An action a; generatedat time stept is representedy a
sequencef relatve movementsa; = 0.1 1 which the robot
has to carry out starting from its current pose x;. During
the execution of a;, it is assumedthat the robot obtainsa
sequencef obsenations?.,. 1 atthepositions®i.1: 1. In the
following, all variableslabeledwith ™ correspondo values
which occurduring the executionof an actiona;. For a better
readabilitywe replaceRi+1. 1 by R and2.1. 1 by 2.

To computethe information gain of an action, we have to
calculatethe changeof entrofy causedby the integration of
?; a; into the robot's world model

I (2;a) =
H (p(m; X1t j )

Sincein generalwe do not knov which measurementshe
robotwill obtainalongits pathwhile executingactiona;, we
have to integrate over all possiblemeasuremensequenceg
to computethe expecteog nformation gain

Ell(a)l =

H(p(m; X1, R j disa;2)): (15)

2‘|0(2*j a;d) 1(2a)de:  (16)

In the following, we will explain how to approximatep(2 j
a;; d;) to reasonaboutpossibleobsenation sequenceg. The
posteriorp(2 j a;; d;) canbe transformednto

P(2] &g dh)

P(2j a;; m; X1.t; o)
miX 1:t

b p(m; X1:¢ j di) dmdxy (17)

p(2j a;; m; X1:t; o)
miX 1:t

p(X1:t j de)p(M j X1:¢;de) dmdxae: (18)

Eq. (18)is obtainedrom Eq. (17) by usingEq. (1). If we again
assumethat our posterioris representedy a setof particles

we canrewrite Eq. (18) asfollows:

# pzxticles _ )
p(2j a:;d) p(2j a; mil;xll - dy)
i=1

pmlTjxhid)  9)

Basedon Eq. (19) we can compute? for a given action a;.

The factor p(mll j xIl:d) in Eq. (19) is assumedto be
computedanalyticallydueto theassumptionsnadein the Rao-
Blackwellization (see Eq. (1)), namely that we can compute
the map ml'] analytically given the positionsx.} aswell as
the datad;. We can also approximatethe term p(2 | a;;d;)

of that equation.This can be achiezed by performinga ray-

casting operationin the map mll of the i-th particle to

estimatepossibleobsenations?. In otherwords,the (discrete)
posterioraboutpossibleobsenationsobtainedalong the path
whenexecutingthe actiona; canbe computedby ray-casting
operationgperformedin the map of eachparticleweightedby

the likelihood of that particle.

In caseswhere the ray-castingoperationreachesan un-
known cell in the map,we have to treatthe beamdifferently
Touchingan unknavn cell meansthatwe cannotsayarything
aboutthe beamexceptthatits lengthwill be atleastaslong as
the distancebetweenrobot poseand the unknovn cell (with
a high probability). Sincesuchbeamstypically have a serious
in uence onthe mapuncertaintywe computedstatisticsabout
the averagechangeof map entroyy introducedby integrating
a beamwhich reachesan unknavn cell in the map. Note
that in this situation,the changeof entropy is approximatve
proportionalto the numberof unknavn cells coveredby that
beam.In this way, the systemalsoaccountdor unknovn areas
which arevisible from a plannedpathto ary otherdestination.

This approximation dramatically reducesthe amount of
potential obsenations comparedto the amount of possible
proximity measurementa laserrange nder cangenerateAs
we gured out in several experiments,it seemsto be a good
approximationfor robotsequippedwith a laserrange nder.

Despite this approximation,computing the expected in-
formation gain basedon Eq. (16) is possible but requires
a large amount of computationalresources.Therefore, we
furthermoreapproximatethe posteriorin this equationabout
possible sensory data, by draving a particle v from the
particle set, where eachparticle is dravn with a probability
proportionalto its weight. We then use the map associated
to v to generatethe measurement2 along the path. This
reducesthe computationalcompleity and allows us to run
the explorationsystemon a real robot. Underthis simplifying
assumptionwe can rewrite the expectedinformation gain in
Eq. (16) by

Ell (a)] L(2(v); &): (20)

The obsenation sequence(v) is generatediy a ray-casting
operationin the map of v. Note that if more computational
resourcesare available this approximationcan easily be im-

proved by drawing more (all) particles.This computationcan
evenbe parallelized sincethereis no interferencebetweerthe



integration of measuremergequencesto differentcopiesof
the RBPE

Now all necessargquationshave beenintroducedto com-
pute the expectedinformation gain E[l (a;)] for an action
a;. To summarize,E[l (a;)] describesthe expected change
of entrofy in the Rao-Blackwellizedparticle Iter when ex-
ecuting a;. To reasonabout possibleobsenations the robot
will obtainalongthe path,we draw a particleaccordingto its
likelihoodandperforma ray-castingoperationin its map.The
expectedmeasurementare thenintegratedinto the lter and
the entropiesbeforeand after the integration are subtracted.

The complity of the computationof E[l (a;)] depends
on two quantities.First, the Iter needsto be copiedto save
its currentstate.This introducesa linear complity linearin
the size of the lter (which in turn dependson the number
of particles). The secondquantity is the length I(a;) of the
plannedpathfrom the currentposeof the robotto the desired
goallocation,becaus¢he expectedobsenationsalongthe path
are taken into account.The integration of an obsenation is
linear in the numberof particlesN . This leadsto an overall
complity of O(I(a;) N) to evaluatean action a;.

Besidesthe expectedentrofy reduction,thereis a second
guantity the robot should considerwhen selectingan action.
This is the costto reachthe tamget location. The cost of an
actionis computedbasedon the (corvolved) occupang grid
map of the mostlikely particle. Traversinga cell introducesa
costproportionalto its occupang probability

The expected utility E[U(a;)] of an action a; in our
exploration systemis de ned as

ElU(a)] = E[(a)]

Here is a weighting factor which tradesoff the costwith
the entropy. This free parametercan be usedto trigger the
exploration processhy adaptingthe in uence of the traveling
cost.In our work, we determined experimentally

After computingthe expectedutility for eachactionunder
considerationwe selectthe action a, with the highestex-
pectedutility

cost(a;): (21)

a, = argmaxE[U(a)]: (22)
at

Every time the robot hasto make the decisionwhere to
go next, it usesEq. (22) to determinethe action a, with
the highestexpectedutility and executesit. As soon as no
reachablainknavn areasareleft, the robot seeksto minimize
its pose uncertainty since the map uncertaintyis minimal
in that situation. As soonas no action provides an expected
improvementin the poseuncertainty the exploration task is
completed.

VI. COMPUTING THE SET OF ACTIONS

Above we left open how potential actions are generated.
One attemptmight be to generatea vantagepoint for each
reachablegrid cell in the map. Since we reasonabout ob-
senations received along the path, we needto considerall
possibletrajectoriego all reachableagrid cellsin the map.The

numberof possibletrajectorieshowever, is hugewhich makes
it intractableto evaluateall of them.

To nd appropriateactionsto guide a vehicle throughthe
ervironment, we considertwo types of actions, so called
exploration actionsand place re-visiting actions Exploration
actions are designedto acquireinformation about unknavn
terrainto reducethe mapuncertainty To generatexploration
actions, we apply the frontier approachintroducedby Ya-
mauchi[29]. For eachfrontier betweenknown and unknavn
areaswe generatean actionleadingthe robotfrom its current
posealongthe shortestpathto that frontier.

Comparedo the actionsgeneratedrom frontiers,the place
re-visiting actions do not focus on new terrain acquisition.
They guide the robot back to an alreadyknown location or
performan active loop-closure The goal of theseactionsis to
improve thelocalizationof the vehicle,which meando reduce
its trajectoryuncertainty In our currentimplementationplace
re-visiting actionsare generatedasedon the trajectoryof the
robot. Suchan action can simply turn the robot aroundand
move it back along its previously taken path. Additionally,
we alsogenerateso calledloop-closingactions.To determine
whetherthere exists a possibility to close a loop, we would
like to refer the readerto a previous work [24] in which we
describehow a mobile robot canrobustly detectopportunities
to actively closea loop.

Given this classi cation, the actions1 and 3 depictedin
Figure 1 are exploration actions,whereasaction 2 is a place
re-visiting action performingan active loop-closure.

VII. EXPERIMENTS

Our approachhas been implementedand testedin real
world andsimulationexperiments.The experimentsdescribed
here are designedto illustrate the bene t of our exploration
techniguewhich takes into accountthe map as well as the
trajectoryuncertaintyto evaluatepossibleactions.

Our current exploration systemusesa highly optimized
variant of the original algorithm for mapping with Rao-
Blackwellized particle Iters, which can handle trajectories
with a length of more thanone mile. An ef cient implemen-
tation is necessandue to the online requirementeededfor
autonomoussexploration. Furtherdetailscan be foundin [8].

A. RealWorld Application

The rst experimentis arealworld experimentcarriedout at
building 106 atthe University of Freiburg usinganActivMedia
Pioneer2 robot equippedwith a SICK laserrange nder. The
explorationrun wasfully autonomousTherobotstartedin the
lower left room (seeFigure 3 (a)). The robot moved through
the neighboringroom and enteredthe corridor. After reaching
its tamget location in the horizontal corridor (Figure 3 (b)),
the robot decidedto move back to in the lower left room
to improve its poseestimate(Figure 3 (c)). The robot then
explored the neighboringroom and afterward returnedto the
corridor (Figure3 (d)). It thenapproachedhelower horizontal
corridor and moved aroundthe loop (Figure 3 (e)). In the
end,therobotreturnedto the lower left roomand nished the
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Fig. 3. Six differentstagesf an autonomousxplorationrun on the second
“oor of building 106 at the University of Freiturg. The map was acquired
fully autonomouslyby our integratedapproach.

explorationtask.As canbe seenfrom this experiment,assoon
astherobotgetstoo uncertainaboutits pose,it performsplace
re-visiting actionsor choosesexploration actionswhich also
reduceits pose uncertaintydue to the information gathered
alongthe path.

B. DecisionProcess

The next experimentis designedto shav how the robot
choosesactions to reduceits pose uncertainty as well as
its map uncertainty Figure 4 depicts parts of a simulated
exploration task performedin a map acquiredat Sieg Hall,
University of Washington.Eachrow depictsa decisionstep
of the robot during autonomousexploration. In the rst step,
shawn in the rst row, the robot hasalmostclosedthe loop. It
hadto decideif it is betterto move throughthe loop again or
to focuson exploring the horizontalcorridor In this situation,
therobotmovedto target point 1 andactively closedthe loop,
sincethis provided the highestexpectedutility (seeright plot
in the rst row of Figure4). Tametlocation1 hadthe highest
expectedutility becausethe robot expecteda chanceto re-
localizeitself by closing the loop andto obsene partsof the
unknavn areascloseto the plannedtrajectory Therefore this
actionsprovided an expectedreductionof map and trajectory
uncertainty In the second decision, the robot focused on
acquiringnew terrainand approachedhe horizontalcorridor,
since tamget location 6 had the highestexpectedutility. The
samehappenedh thethird decisionstep,shavn in thelastrow
of this gure. Moving back throughthe known areasof the
loop provided less expectedentrofy reductionand therefore

the robot continuedexploring the horizontal corridor (target
location5).

Figure5 shavs the mapafterreachingamgetlocation5 from
the last decisionstep.To visualizethe changeof entrofy over
time, the right plot shavs the evolution of the map as well
as the pose uncertainty The labelsin the left image shov
the time stepsin which the robot was at the corresponding
location. As can be seen,the entrofy stayedmore or less
constanin thebeginning,sincethe mapuncertaintydecreased,
whereaghe poseuncertaintyincreasedAfter closingtheloop
ataroundtime step45, the poseuncertaintydroppedsothatthe
overall uncertaintywas alsoreduced.Moving throughknown
areasbetweentime step 50 and 90 did not provide a lot of
new information and did not changethe entrogy that much.
As soonas the robot enteredespeciallythe wide part of the
horizontalcorridor, the overall uncertaintydroppedagain due
to the seriousreductionof map uncertaintycomparedto the
moderateincreaseof poseuncertainty

C. Comparisonto Previous Approaches

The third experimentaddressethe decisionproblemof the
motivating examplepresentedn the introductionof this paper
It shavs how our approachchooseghe actionswhich leadto
the highestuncertaintyreductionin the posterioraboutposes
andmapscomparedo previoustechniquesAs canbe seenin
Figure 7, the robot has almost closedthe loop. Supposethe
robothasa high poseuncertaintyandconsiderghreepotential
actionsto approactdifferenttargetlocations(seeleft imageof
Figure7). Action 1 is anew terrainacquisitionaction,whereas
action 2 performsa loop closure.Action 3 leadsthe robot to
unknavn terrainwhile simultaneouslyclosingthe loop. Since
action3 combinesa loop-closurewith new terrainacquisition,
it provides the highest expectedutility (seeright image of
Figure 7). Therefore,our approachchooseghis target point.
This is an adwantagecomparedto other approacheswvhich
seekto actively closeloopsin an heuristicway [24]. Sucha
techniquewnould chooseaction?2 to reducetheposeuncertainty
of the vehicle. Classicalexploration approacheswhich only
take into accountthe map uncertaintyor guide the robot to
the closestunknawvn area[2, 14, 23, 26, 27, 29 would select
action1. Evenanactive localizationtechniquewhich seeksto
reducethe poseuncertaintyof the vehicle[11] would choose
eitheraction2 or 3 (with a 50% chanceeach).

D. Corridor Exploration

The last experimentwas performedat building 79 at the
University of Freilburg andis depictedin Figure 6. The ervi-
ronmenthasa long corridor and containsno loop. According
to averyshortsensorangeusedin this experimentjt washard
for the robot keeptrack of its own position. As canbe seen,
our approachleadsto an interestingintuitive behaior. Due
to the large uncertaintyin the poseof the vehicle, the robot
choosesseveral times actionswhich guideit backto a well-
known place(which is the startinglocationin this experiment)
to reduceits poseuncertainty
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Fig. 4. Threepointsin time in which the robot hadto decidewhereto maove next. The left imagesdepictthe trajectoryof the robot up the corresponding
pointin time. The middle imagesillustrate the bestmapsand possibleactionsto be evaluated.The plots on the right-handside shov the expectedutility of
the individual target locations.
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pointsin time when the robot was at the correspondindocation. The right plot depictsthe entropy during the dataacquisitionphase.lt depictsthe map
entropy, the poseuncertainty and the overall (combined)entrofy over time.

Fig. 6. The exploration of a long corridor. Due to the high poseuncertainty the exploration systemchoosesactionswhich guide the robot on a path close
to the startinglocationin orderto re-localize.
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VIIl. CONCLUSION

In this paper we presentedan integrated approachwhich
simultaneouslyaddressesnapping, localization, and explo-
ration.We usea decision-theoretieramenork for mobilerobot
explorationin combinationwith a Rao-Blackwellizedparticle
Iter to build accurategrid maps. Our approachconsiders
differenttypesof actions,namelyexploration actionsforcing
terrainacquisitionaswell asplacere-visiting andactive loop-
closing actionsthat reducethe robot's pose uncertainty By
estimating the expected entropy of the particle lter after
carrying out an action, we are able to determinethe action
which promisesthe highest expected uncertainty reduction.
Thereby we take potentialmeasurementgatheredalong the
path into account.The approachhas beenimplementedand
testedon real robotsandin simulation.As a result,we obtain
arohustdecision-theoretiexplorationalgorithmthatproduces
highly accurategrid maps.Practicalexperimentsshoved the
effectivenessof our action selectiontechniquein comparison
to previous approaches.
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