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Abstract— This paper presents an integrated approach to
exploration, mapping, and localization. Our algorithm uses a
highly ef�cient Rao-Blackwellizedparticle �lter to representthe
posterior about maps and poses.It applies a decision-theoretic
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 expected information gain and takes into account possible
sensor measurements 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 real world and in simulation to demonstratethe effectiveness
of our approach.

I . INTRODUCTION

Robotsthat are able to acquirean accuratemodel of their
environmentareregardedasful�lling a major preconditionof
truly autonomousmobile vehicles.To learnan environmental
model, threeproblemsneedto be addressedsimultaneously,
namelyexploration,mapping,and localization.

Recently, Rao-Blackwellizedparticle �lters (RBPF) have
been introduced as an effective meansfor solving the si-
multaneouslocalizationand mapping(SLAM) problemwith
occupancy grid maps[4, 19]. The key idea of this technique
is to usea particle �lter in which eachparticle representsa
potentialtrajectory. Eachparticle furthermorecarriesits own
mapwhich is computedbasedon the associatedtrajectory.

Whereasa Rao-Blackwellizedparticle �lter for mapping
maintainsa posterioraboutthe robot's trajectoryandthe map
of the environment, it doesnot provide information on how
to steerthe robot through the environment to acquireuseful
sensordata.As demonstratedin the past [1, 24], the quality
of the resultingmap constructedby a mobile robot depends
on its trajectoryduringdataacquisition.In practice,themajor
sourcesof uncertaintyabout the state of the world are the
uncertaintyin the robot's poseand the uncertaintyresulting
from the limited accuracy of the sensorthe robot uses to
perceive its environment. Therefore,a robot performing an
autonomousexplorationtaskshouldtake theuncertaintyin the
mapaswell asin its pathinto accountto selectanappropriate
action.

As a motivating exampleconsiderFigure1. The left image
shows 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 robot to unknown terrain,whereasaction2
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Fig. 1. Supposetherobothasahighposeuncertaintyandhasto decidewhere
to go next. Shown arethreeopportunitiesin the left image.Our mapandpose
entropy-driven exploration systemchoosesaction 3 (as depictedin the right
image)sinceit provides the highestexpectedutility (seealsoFigure7).

performs a loop closure without observingunknown areas.
Action 3 doesboth: after closing the loop it guidesthe robot
to unknown terrain.

Classicalexplorationapproaches,which seekto reducethe
amountof unseenareaor which only considertheuncertainty
in the posterior about the map [2, 14, 23, 26, 27, 29],
would chooseaction 1, since this action guidesthe robot to
the closestlocation from which information about unknown
terraincanbeobtained.Active localizationapproaches,which
only estimatethe uncertaintyin the robotspose[11], would
chooseeither action 2 or 3 to re-localize the vehicle. Our
previous loop-closingapproach[24] would selectaction 2 to
reducetheentropy in theposterioraboutpotentialtrajectories.
However, the best action to reduce the uncertainty in the
posteriorabout mapsand trajectoriesis action 3. Executing
this actionyields new sensorinformationto make the correct
data associationand close the loop accurately. Additionally,
it provides informationaboutterrainso far unknown. As this
exampleshows, exploration approachesshouldconsiderboth
sourcesof uncertaintyto ef�ciently build accuratemaps.

Thecontribution of this paperis anintegratedtechniquethat
combinessimultaneouslocalization,mapping,andexploration.
In contrastto our previous work [24], in which a heuristic
was usedto re-traverseloops, the approachpresentedin this
paper is entirely decision-theoretic.Basedon the expected
uncertaintyreductionin the posteriorabout the trajectoryof
the robot aswell as in the posterioraboutpossiblemaps,we
selecttheactionwith thehighestexpectedutility. Thereby, we
take into accountthe sensorinformation, which is expected
to be obtainedalong the path when carrying out an action,
as well as the cost introduced by this action. Real world
and simulation experimentsshow the effectivenessof our



technique.
This paperis organizedas follows. After the discussionof

relatedwork, we give a brief overview on Rao-Blackwellized
mappingin SectionIII. SectionIV andV presentour decision-
theoreticexploration techniqueand explain how to compute
the expectedchangein entropy. Section VI describeshow
the set of possibleactionsis generated.Finally, SectionVII
containsexperimentalresultscarriedout on realrobotsaswell
as in simulation.

I I . 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 thesetechniques,however, assumethat an
accuratepositionestimateis given during exploration.Whaite
and Ferrie [27] presentan approachthat usesthe entropy to
measurethe uncertaintyin the geometricstructureof objects
that are scannedwith a laserrangesensor. In contrastto the
work describedhere,they usea parametricrepresentationof
theobjectsto bescannedanddonotconsidertheuncertaintyin
the poseof the sensor. Similar techniqueshave beenapplied
to mobile robots [23], but such approachesstill assumethe
correctknowledgeaboutthe poseof the vehicle.Noneof the
approachesmentionedabove take the pose uncertaintyinto
accountwhenselectingthenext vantagepoint.However, there
areexplorationapproachesthat have beenshown to be robust
againstuncertaintiesin the poseestimates[5, 13, 15].

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

Recentlynew techniqueshave beenproposedwhichactively
control the robot during SLAM. For example,Makarenko et
al. [16] as well as Bourgault et al. [1] extract landmarksout
of laserrangescansanduseanExtendedKalmanFilter (EKF)
to solve the SLAM problem. They furthermore introduce
an utility function which trades-off 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 consideractions to guide
the robot back to a known place in order reducethe pose
uncertaintyof the vehicle.Thesethreetechniquesdiffer from
theapproachpresentedin thispaperin thatthey rely onthefact
that the environmentcontainslandmarksthat canbe uniquely
determinedduring mapping.In contrastto this, our approach
makes no assumptionsabout distinguishablelandmarksand
usesraw laser range scansto computeaccurateoccupancy
grid maps.

One disadvantageof feature-basedexploration systemsis
that the underlying environmental models typically do not
provide any meansto distinguishbetweenknown anunknown
areas.Therefore,anadditionalmaprepresentationneedsto be
maintained(like, e.g.,anoccupancy grid in [1, 16] or a visual
mapin [22]) to ef�ciently guidethevehicle.Approacheswhich

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

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

There are planning techniquesthat can computeoptimal
plans, e.g., by maintaining a belief over possiblestatesof
the world and by computingthe strategy that is optimal in
expectationwith respectto that belief. Onesolutionto this is
thePartially ObservableMarkov DecisionProcess,alsoknown
as POMDP [12]. The major disadvantageof 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 becontentwith approximative
solutions that rely on strong assumptions.Essentially, our
approachcanberegardedasanapproximationof thePOMDP
with a onesteplook-ahead.

Comparedto theapproachesdiscussedabove, thenovelty of
thework reportedhereis thatour algorithmfor acquiringgrid
mapssimultaneouslyconsidersthe trajectoryandmapuncer-
tainty when selectingan appropriateaction. We furthermore
approximatethe information gatheredby the robot when it
executesanaction.Ourapproachalsoconsidersdifferenttypes
of actions,namelyso-calledexplorationactions,which guide
therobotto unknown areasandplacere-visitingactions,which
allow the robot to reliably closeloopsandthis way reduceits
poseuncertainty.

I I I . RAO-BLACKWELLIZED MAPPING

According to Murphy [19], the key idea of solving the
SLAM problem with a Rao-Blackwellizedparticle �lter is
to estimatea posteriorp(x1:t j z1:t ; u0:t � 1) about potential
trajectoriesx1:t of the robot, given its observationsz1:t and
its odometrymeasurementsu0:t � 1. This distribution is then
usedto computea posteriorover mapsandtrajectories:

p(x1:t ; m j z1:t ; u0:t � 1) =

p(m j x1:t ; z1:t )p(x1:t j z1:t ; u0:t � 1) (1)

This equation can be solved ef�ciently since the quantity
p(m j x1:t ; z1:t ) can be computedanalytically once x1:t

and z1:t are known. To estimatep(x1:t j z1:t ; u0:t � 1) over
the potential trajectories,Rao-Blackwellizedmappingusesa
particle �lter in which an individual map is associatedto
each sample.Each of those maps is constructedgiven the
observations z1:t and the trajectory x1:t representedby the
correspondingparticle. During resampling,the weight ! of
eachparticle is proportionalto the likelihoodp(zt j m; x t ) of
the mostrecentobservation zt given the mapm associatedto
this particleand its posex t .



IV. THE UNCERTAINTY OF A RAO-BLACKWELLIZED

PARTICLE FILTER FOR MAPPING

The goal of an exploration task is to minimize the uncer-
tainty in the posteriorof the robot. The uncertaintycan be
determinedby theentropy H . Theentropy of a posteriorabout
two randomvariablesx andy holds

H (p(x; y))

= Ex;y [� logp(x; y)] (2)

= Ex;y [� logp(x) � logp(y j x))] (3)

= Ex;y [� logp(x)] + Ex;y [� logp(y j x)] (4)

= H (p(x)) +
Z

x;y
� p(x; y) logp(y j x) dx dy: (5)

The integral in Eq. (5) canbe transformedas follows:
Z

x;y
� p(x; y) logp(y j x) dx dy

=
Z

x;y
� p(y j x)p(x) logp(y j x) dx dy (6)

=
Z

x
p(x)

Z

y
� p(y j x) logp(y j x) dy dx (7)

=
Z

x
p(x)H (p(y j x)) dx (8)

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

H (p(x; y)) = H (p(x)) +
Z

x
p(x)H (p(y j x)) dx: (9)

Basedon Eq. (9), we can ef�ciently computethe entropy of
a Rao-Blackwellizedparticle �lter for mapping.For a better
readabilitywe usedt insteadof z1:t ; u0:t � 1:

H (p(x1:t ; m j dt )) = H (p(x1:t j dt ))

+
Z

x 1: t

p(x1:t j dt )H (p(m j x1:t ; dt )) dx1:t (10)

Considering that our posterior is representedby a set of
weightedparticles,we can transformthe integral into a sum:

H (p(m; x1:t j dt )) � H (p(x1:t j dt ))

+
# particlesX

i =1

! [i ]
t H (p(m[i ] j x [i ]

1:t ; dt )) (11)

Here ! [i ]
t is the weight of the i -th particleat time stept.

Eq. (11) shows that accordingto the Rao-Blackwellization,
the entropy of the whole systemcan be divided into two
components.Whereasthe �rst term representsthe entropy of
the posteriorabout the trajectoriesof the robot, the second
term correspondsto the uncertaintyabout the map weighted
by the likelihood of the correspondingtrajectory. Thus, to
minimize the robot's overall uncertainty, oneneedsto reduce
the map uncertaintyof the individual particlesas well as the
trajectory uncertainty. In this section,we will describehow
we determineboth termsin our approach.

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

restrictedto this kind of representation,it only requiresa way
to computethe uncertaintyfor the usedmap representation.
Using occupancy grids, the computationof the map entropy
is straightforward. According to the common independence
assumptionabout the cells of such a grid, the entropy of a
mapm is the sum over the entropy valuesof all cells. Since
eachgrid cell c is representedby a binaryrandomvariablethe
entropy of m is computedas

H (m) =

�
X

c2 m

p(c) logp(c) + (1 � p(c)) log(1 � p(c)) : (12)

Note that the overall entropy calculatedfor a grid map is not
independentfrom the resolution of the grid. One potential
solution to this problemis to weight the entropy of eachcell
with its size.This approachresultsin a moreor lessconstant
entropy valuewhenre�ning the grid resolution.

Unfortunately, it is moredif�cult to computetheuncertainty
H (p(x1:t jdt )) of theposterioraboutthetrajectoryof therobot,
sinceeachposex t on the trajectorydependson the previous
locationsx1:t � 1. In the context of EKF-basedapproaches,the
poseuncertaintyis often calculatedby consideringonly the
lastposeof therobot,which correspondsto theapproximation
of H (p(x1:t jdt )) by H (p(x t jdt )) . It is alsopossibleto average
over the uncertaintyof the different posesalong the path as
doneby Roy et al. [21]:

H (p(x1:t j dt )) �
1
t

tX

t 0=1

H (p(x t 0 j dt )) (13)

Insteadonecanapproximatetheposterioraboutthe trajectory
by a high-dimensional(length of the trajectory times the
dimensionof the statevector x t ) Gaussiandistribution. The
entropy of a n dimensionalGaussianG(�; �) is computedas

H (G(�; �)) = log((2� e)(n= 2) j� j): (14)

Sincea �nite numberof particlesis used,theRBPFrepresen-
tation often generatesa sparsetrajectoryposteriorfor points
in time lying further back in the history. Unfortunately, this
canleadto a reducedrankof � , so that j� j becomeszeroand
the entropy H (G(�; �)) approachesminus in�nity .

Alternatively, onecould considerthe individual trajectories
representedby the samplesas vectorsin a high-dimensional
statespaceand computethe entropy of the posteriorbased
on a grid-baseddiscretization.Sincetheparticlestypically are
extremelysparse,this quantityis in mostcasesequivalentto or
slightly smallerthanthe logarithm of the numberof particles,
which is the upper bound for the entropy computedin this
way.

Instead we use an approachthat is similar to the one
proposedby Roy et al. [21], who computedthe entropy over
the trajectory posterior as the averageentropy of the pose
posteriorsover time (seeEq. (13)). To reducethe in�uence
of the dependency betweenthe entropieswhenthe robot gets
backto a particularplace,we averageover theplacescovered
by the vehicle. An example on how the trajectory entropy
evolvesover time is depictedin the left imageof Figure2.
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Fig. 2. The trajectoryentropy of a robot during a real world experiment.
The numbersin the right imageillustrate the time stepwhen the robot was
at the correspondinglocation.

V. THE EXPECTED INFORMATION GAIN

To evaluateanaction,thatguidesthe robot from its current
location to a goal location, we computethe expectedinfor-
mation gain, which is the expectedchangeof entropy of our
Rao-Blackwellizedparticle�lter whenwe executethataction.
In the last section,we describedhow to computethe entropy
of therobot's world model,whereasin this sectionwe want to
estimatethe expectedentropy after an actionhasbeencarried
out.

An action at generatedat time step t is representedby a
sequenceof relative movementsat = ût :T � 1 which the robot
has to carry out starting from its current pose x t . During
the execution of at , it is assumedthat the robot obtains a
sequenceof observationsẑt +1: T at thepositionsx̂ t +1: T . In the
following, all variableslabeledwith `̂ ' correspondto values
which occurduring theexecutionof an actionat . For a better
readabilitywe replacex̂ t +1: T by x̂ and ẑt +1: T by ẑ.

To computethe information gain of an action,we have to
calculatethe changeof entropy causedby the integration of
ẑ; at into the robot's world model

I (ẑ; at ) =

H (p(m; x1:t j dt )) � H (p(m; x1:t ; x̂ j dt ; at ; ẑ)) : (15)

Since in generalwe do not know which measurementsthe
robot will obtainalongits pathwhile executingactionat , we
have to integrateover all possiblemeasurementsequenceŝz
to computethe expectedinformationgain

E [I (at )] =
Z

ẑ
p(ẑ j at ; dt ) � I (ẑ; at ) dẑ: (16)

In the following, we will explain how to approximatep(ẑ j
at ; dt ) to reasonaboutpossibleobservation sequenceŝz. The
posteriorp(ẑ j at ; dt ) canbe transformedinto

p(ẑ j at ; dt )

=
Z

m;x 1: t

p(ẑ j at ; m; x1:t ; dt )

� p(m; x1:t j dt ) dm dx1:t (17)

=
Z

m;x 1: t

p(ẑ j at ; m; x1:t ; dt )

� p(x1:t j dt )p(m j x1:t ; dt ) dm dx1:t : (18)

Eq.(18) is obtainedfrom Eq.(17)by usingEq.(1). If weagain
assumethat our posterioris representedby a set of particles

we canrewrite Eq. (18) as follows:

p(ẑ j at ; dt ) �
# particlesX

i =1

p(ẑ j at ; m[i ] ; x [i ]
1:t ; dt )

� ! [i ]
t p(m[i ] j x [i ]

1:t ; dt ) (19)

Basedon Eq. (19) we can computeẑ for a given action at .
The factor p(m[i ] j x [i ]

1:t ; dt ) in Eq. (19) is assumedto be
computedanalyticallydueto theassumptionsmadein theRao-
Blackwellization(seeEq. (1)), namely that we can compute
the map m[i ] analytically given the positionsx [i ]

1:t as well as
the datadt . We can also approximatethe term p(ẑ j at ; dt )
of that equation.This can be achieved by performinga ray-
casting operation in the map m[i ] of the i -th particle to
estimatepossibleobservationsẑ. In otherwords,the(discrete)
posterioraboutpossibleobservationsobtainedalong the path
whenexecutingthe actionat canbe computedby ray-casting
operationsperformedin the mapof eachparticleweightedby
the likelihoodof that particle.

In caseswhere the ray-castingoperationreachesan un-
known cell in the map,we have to treat the beamdifferently.
Touchinganunknown cell meansthatwe cannotsayanything
aboutthebeamexceptthat its lengthwill beat leastaslong as
the distancebetweenrobot poseand the unknown cell (with
a high probability).Sincesuchbeamstypically have a serious
in�uence on themapuncertainty, we computedstatisticsabout
the averagechangeof mapentropy introducedby integrating
a beam which reachesan unknown cell in the map. Note
that in this situation,the changeof entropy is approximative
proportionalto the numberof unknown cells coveredby that
beam.In this way, thesystemalsoaccountsfor unknown areas
which arevisible from a plannedpathto any otherdestination.

This approximationdramatically reducesthe amount of
potential observations comparedto the amount of possible
proximity measurementsa laserrange�nder cangenerate.As
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 drawing a particle v from the
particle set, where eachparticle is drawn with a probability
proportional to its weight. We then use the map associated
to v to generatethe measurementŝz along the path. This
reducesthe computationalcomplexity and allows us to run
the explorationsystemon a real robot.Underthis simplifying
assumptionwe can rewrite the expectedinformation gain in
Eq. (16) by

E[I (at )] � I (ẑ(v); at ): (20)

The observation sequencêz(v) is generatedby 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
evenbeparallelized,sincethereis no interferencebetweenthe



integrationof measurementsequencesinto differentcopiesof
the RBPF.

Now all necessaryequationshave beenintroducedto com-
pute the expected information gain E [I (at )] for an action
at . To summarize,E [I (at )] describesthe expectedchange
of entropy in the Rao-Blackwellizedparticle �lter when ex-
ecuting at . To reasonabout possibleobservations the robot
will obtainalongthe path,we draw a particleaccordingto its
likelihoodandperforma ray-castingoperationin its map.The
expectedmeasurementsare then integratedinto the �lter and
the entropiesbeforeandafter the integrationaresubtracted.

The complexity of the computationof E [I (at )] depends
on two quantities.First, the �lter needsto be copiedto save
its currentstate.This introducesa linear complexity linear in
the size of the �lter (which in turn dependson the number
of particles).The secondquantity is the length l(at ) of the
plannedpathfrom the currentposeof the robot to the desired
goallocation,becausetheexpectedobservationsalongthepath
are taken into account.The integration of an observation is
linear in the numberof particlesN . This leadsto an overall
complexity of O(l(at ) � N ) to evaluatean actionat .

Besidesthe expectedentropy reduction,there is a second
quantity the robot shouldconsiderwhen selectingan action.
This is the cost to reachthe target location. The cost of an
action is computedbasedon the (convolved) occupancy grid
mapof the mostlikely particle.Traversinga cell introducesa
costproportionalto its occupancy probability.

The expected utility E [U(at )] of an action at in our
explorationsystemis de�ned as

E[U(at )] = E [I (at )] � � � cost(at ): (21)

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

After computingthe expectedutility for eachaction under
consideration,we select the action a�

t with the highest ex-
pectedutility

a�
t = argmax

a t

E[U(at )]: (22)

Every time the robot has to make the decisionwhere to
go next, it usesEq. (22) to determinethe action a�

t with
the highestexpectedutility and executesit. As soon as no
reachableunknown areasareleft, the robotseeksto minimize
its pose uncertainty, since the map uncertainty is 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 actionsare generated.
One attemptmight be to generatea vantagepoint for each
reachablegrid cell in the map. Since we reasonabout ob-
servations received along the path, we need to considerall
possibletrajectoriesto all reachablegrid cells in themap.The

numberof possibletrajectories,however, is hugewhich makes
it intractableto evaluateall of them.

To �nd appropriateactionsto guide a vehicle throughthe
environment, we consider two types of actions, so called
exploration actionsand place re-visitingactions. Exploration
actionsare designedto acquire information about unknown
terrainto reducethe mapuncertainty. To generateexploration
actions, we apply the frontier approachintroducedby Ya-
mauchi[29]. For eachfrontier betweenknown and unknown
areas,we generateanactionleadingtherobot from its current
posealong the shortestpath to that frontier.

Comparedto theactionsgeneratedfrom frontiers,theplace
re-visiting actions do not focus on new terrain acquisition.
They guide the robot back to an alreadyknown location or
performanactive loop-closure.Thegoalof theseactionsis to
improve thelocalizationof thevehicle,which meansto reduce
its trajectoryuncertainty. In our currentimplementation,place
re-visitingactionsaregeneratedbasedon 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
whetherthereexists a possibility to closea 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 actionperformingan active loop-closure.

VI I . EXPERIMENTS

Our approachhas been implementedand tested in real
world andsimulationexperiments.Theexperimentsdescribed
hereare designedto illustrate the bene�t of our exploration
techniquewhich takes into accountthe map as well as the
trajectoryuncertaintyto evaluatepossibleactions.

Our current exploration system uses a highly optimized
variant of the original algorithm for mapping with Rao-
Blackwellized particle �lters, which can handle trajectories
with a lengthof more thanonemile. An ef�cient implemen-
tation is necessarydue to the online requirementneededfor
autonomousexploration.Furtherdetailscanbe found in [8].

A. RealWorld Application

The�rst experimentis a realworld experimentcarriedoutat
building 106at theUniversityof Freiburg usinganActivMedia
Pioneer2 robot equippedwith a SICK laserrange�nder. The
explorationrun wasfully autonomous.Therobotstartedin the
lower left room (seeFigure3 (a)). The robot moved through
theneighboringroomandenteredthecorridor. After reaching
its target 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 thenapproachedthelower horizontal
corridor and moved around the loop (Figure 3 (e)). In the
end,the robot returnedto the lower left roomand�nished the
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Fig. 3. Six differentstagesof an autonomousexplorationrun on the second
¯oor of building 106 at the University of Freiburg. The map was acquired
fully autonomouslyby our integratedapproach.

explorationtask.As canbeseenfrom this experiment,assoon
astherobotgetstoo uncertainaboutits pose,it performsplace
re-visiting actionsor choosesexploration actionswhich also
reduceits poseuncertaintydue to the information gathered
along the path.

B. DecisionProcess

The next experiment is designedto show how the robot
choosesactions to reduce its 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.Each row depictsa decisionstep
of the robot during autonomousexploration. In the �rst step,
shown in the �rst row, the robothasalmostclosedthe loop. It
hadto decideif it is betterto move throughthe loop again or
to focuson exploring thehorizontalcorridor. In this situation,
therobotmovedto targetpoint 1 andactively closedthe loop,
sincethis provided the highestexpectedutility (seeright plot
in the �rst row of Figure4). Target location1 hadthe highest
expectedutility becausethe robot expecteda chanceto re-
localize itself by closing the loop and to observe partsof the
unknown areascloseto the plannedtrajectory. Therefore,this
actionsprovided an expectedreductionof mapandtrajectory
uncertainty. In the seconddecision, the robot focused on
acquiringnew terrainandapproachedthe horizontalcorridor,
since target location 6 had the highestexpectedutility. The
samehappenedin thethird decisionstep,shown in thelastrow
of this �gure. Moving back through the known areasof the
loop provided less expectedentropy reductionand therefore

the robot continuedexploring the horizontal corridor (target
location5).

Figure5 shows themapafterreachingtargetlocation5 from
the last decisionstep.To visualizethe changeof entropy over
time, the right plot shows the evolution of the map as well
as the pose uncertainty. The labels in the left image show
the time stepsin which the robot was at the corresponding
location. As can be seen,the entropy stayedmore or less
constantin thebeginning,sincethemapuncertaintydecreased,
whereastheposeuncertaintyincreased.After closingthe loop
ataroundtimestep45,theposeuncertaintydroppedsothatthe
overall uncertaintywasalsoreduced.Moving throughknown
areasbetweentime step 50 and 90 did not provide a lot of
new information and did not changethe entropy 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 PreviousApproaches

The third experimentaddressesthe decisionproblemof the
motivatingexamplepresentedin theintroductionof this paper.
It shows how our approachchoosesthe actionswhich leadto
the highestuncertaintyreductionin the posterioraboutposes
andmapscomparedto previous techniques.As canbeseenin
Figure 7, the robot hasalmostclosedthe loop. Supposethe
robothasa high poseuncertaintyandconsidersthreepotential
actionsto approachdifferenttarget locations(seeleft imageof
Figure7). Action 1 is a new terrainacquisitionaction,whereas
action2 performsa loop closure.Action 3 leadsthe robot to
unknown terrainwhile simultaneouslyclosingthe loop. Since
action3 combinesa loop-closurewith new terrainacquisition,
it provides the highest expectedutility (see right image of
Figure 7). Therefore,our approachchoosesthis target point.
This is an advantagecomparedto other approacheswhich
seekto actively closeloops in an heuristicway [24]. Sucha
techniquewouldchooseaction2 to reducetheposeuncertainty
of the vehicle. Classicalexploration approaches,which only
take into accountthe map uncertaintyor guide the robot to
the closestunknown 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 Freiburg and is depictedin Figure6. The envi-
ronmenthasa long corridor andcontainsno loop. According
to averyshortsensorrangeusedin thisexperiment,it washard
for the robot keeptrack of its own position.As can be seen,
our approachleadsto an interestingintuitive behavior. Due
to the large uncertaintyin the poseof the vehicle, the robot
choosesseveral times actionswhich guide it back to a well-
known place(which is thestartinglocationin this experiment)
to reduceits poseuncertainty.
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Fig. 4. Threepoints in time in which the robot had to decidewhereto move next. The left imagesdepict the trajectoryof the robot up the corresponding
point in time. The middle imagesillustrate the bestmapsandpossibleactionsto be evaluated.The plots on the right-handsideshow the expectedutility of
the individual target locations.
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points in time when the robot was at the correspondinglocation. The right plot depictsthe entropy during the dataacquisitionphase.It depictsthe map
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Fig. 6. The explorationof a long corridor. Due to the high poseuncertainty, the explorationsystemchoosesactionswhich guide the robot on a pathclose
to the startinglocation in order to re-localize.
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VII I . CONCLUSION

In this paper, we presentedan integratedapproachwhich
simultaneouslyaddressesmapping, localization, and explo-
ration.Weuseadecision-theoreticframework for mobilerobot
explorationin combinationwith a Rao-Blackwellizedparticle
�lter to build accurategrid maps. Our approachconsiders
different typesof actions,namelyexplorationactionsforcing
terrainacquisitionaswell asplacere-visitingandactive loop-
closing actionsthat reducethe robot's poseuncertainty. By
estimating the expected entropy of the particle �lter after
carrying out an action, we are able to determinethe action
which promisesthe highest expecteduncertaintyreduction.
Thereby, we take potentialmeasurementsgatheredalong the
path into account.The approachhas beenimplementedand
testedon real robotsandin simulation.As a result,we obtain
a robustdecision-theoreticexplorationalgorithmthatproduces
highly accurategrid maps.Practicalexperimentsshowed the
effectivenessof our actionselectiontechniquein comparison
to previous approaches.
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