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Abstract

In this paperwe introducecoveragemapsasa new
way of representingthe environmentof a mobile
robot.Coveragemapsstorefor eachcell of agiven
gridaposteriorabouttheamountthecorresponding
cell is coveredby anobstacle.Usingthis represen-
tation a mobile robot can more accuratelyreason
aboutits uncertaintyin themapof theenvironment
than with standardoccupancy grids. We present
a model for proximity sensorsdesignedto update
coveragemapsupon sensoryinput. We also de-
scribehow coveragemapscanbeusedto formulate
a decision-theoreticapproachfor mobile robotex-
ploration.We presentexperimentscarriedoutwith
real robotsin which accuratemapsarebuild from
noisy ultrasounddata. Finally, we presenta com-
parisonof differentview-point selectionstrategies
for mobilerobotexploration.

1 Intr oduction
Generatingmapsis oneof the fundamentaltasksof mobile
robotsandmany researchershave focusedon theproblemof
how to representthe environmentaswell ashow to acquire
modelsusingthis representation[5, 9, 10,14,17]. Themap-
pingproblemitself hasseveralaspectsthathavebeenstudied
intensively in the past. Someof the mostimportantaspects
arethe localizationof thevehicleduringmapping,appropri-
ate modelsof the environmentand the sensors,as well as
strategiesfor guiding thevehicle. In literature,the localiza-
tion problemplaysanimportantrole,sincethequality of the
resultingmapdependsstronglyon the accuracy of the pose
estimatesduring the mappingprocess.However, the accu-
racy of the map also dependson the choiceof view-points
duringexploration. Especiallyif noisysensorsareused,the
mapwill bequiteinaccuratein areaswhichhavebeensensed
a few timesonly or maybeevenfrom disadvantageousview-
points.

Explorationis the taskof guidinga vehiclein sucha way
that it coverstheenvironmentwith its sensors.Ef�cient ex-
ploration strategies are also relevant for surfaceinspection,
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mine sweeping,or surveillance[3, 12]. In the past,several
strategies for explorationhave beendeveloped. Onegroup
of approachesdealswith theproblemof simultaneouslocal-
izationandmapping[1, 4], anaspectthatwe do not address
in this paper. A commontechniquefor explorationstrategies
is to extract frontiersbetweenknown andunknown areas[2,
7, 20] and to visit the nearestunexploredplace. Theseap-
proachesonly distinguishbetweenscannedandun-scanned
areasanddonottakeintoaccounttheactualinformationgath-
eredat eachview-point. To overcomethis limitation, Gonza-
leset al. [8] determinetheamountof unseenareathatmight
bevisible to therobotfrom possibleview-points.To incorpo-
ratetheuncertaintyof therobotaboutthestateof theenviron-
mentMooreheadetal. [13] aswell asBourgaultetal. [1] use
occupancy grids[14] andcomputetheentropy of eachcell in
thegrid to determinetheutility of scanningfrom acertainlo-
cation. WhaiteandFerrie[19] presentanapproachthatalso
usestheentropy to measuretheuncertaintyin thegeometric
structureof objectsthatarescannedwith alaserrangesensor.
In contrastto the work describedherethey usea paramet-
ric representationof theobjectsto bescanned.Edlingerand
Puttkamer[7] developeda hierarchicalexplorationstrategy
for of�ce environments.Their approach�rst exploresrooms
and then traversesthroughdoorways to explore other parts
of theenvironment.Tailor andKriegman[16] describeasys-
temfor visiting all landmarksin theenvironmentof therobot.
Theirrobotmaintainsalist of unvisitedlandmarksthatareap-
proachedandmappedby therobot. Dudeket al. [6] propose
a strategy for exploringanunknown graph-likeenvironment.
Theiralgorithmdoesnotconsiderdistancemetricsandis de-
signedfor robotswith very limited perceptualcapabilities.
RecentlyKoenig hasshown, that a strategy, which guides
thevehicleto theclosestpoint thathasnot beencoveredyet,
keepsthe traveleddistancereasonablysmall [11]. However,
as experimentsreportedin this paperillustrate, such tech-
niquescan leadto a seriousincreaseof measurementsnec-
essaryto build an accuratemap if the robot is not able to
incorporatemeasurementson-the-�y while it is moving. This
mightbethecase,for example,for robotsextractingdistance
informationfrom cameraimages.

In this paperwe introducecoveragemapsasa new proba-
bilistic way to representthebeliefof therobotaboutthestate
of the environment. In contrastto occupancy grids [14], in
whicheachcell is consideredaseitheroccupiedor free,cov-
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Figure1: Typical occupancy mapobtainedin situationsin which
cellsareonly partly occupied(left image)anda coveragemapcon-
tainingthecorrespondingcoveragevalues(right image).

eragemapsrepresentin eachcell of a givendiscretizationa
posteriorabouttheamountthis cell is coveredby anobject.
As anexampleconsiderthesituationdepictedin Figure1 in
which a cell is partly coveredby anobstacle.With thestan-
dardoccupancy algorithmtheprobabilitythat this cell is oc-
cupiedwill convergeto 1 if thesensorsof therobotrepeatedly
detecttheobstacle.The left pictureof this �gure shows the
resultingoccupancy probabilities(blackrepresentshigh like-
lihood). Sincetheobjectdoesonly cover 20%of this cell, a
coveragevalueof :2 (asshown in theright imageof Figure1)
would bea betterapproximationof thetruesituation. In ad-
dition to the representationaspect,we alsopresenta sensor
modelthatallows the robot to appropriatelyupdatea cover-
agemapuponsensoryinputanddescribehow coveragemaps
canbeusedto realizeadecision-theoreticapproachto explo-
rationof unknown environments.

This paperis organizedasfollows. In thenext sectionwe
introducecoveragemaps. In Section3 we presenta proba-
bilistic techniqueto updatea givencoveragemapuponsen-
sory input. In Section4 we describea decision-theoreticap-
proachto explorationbasedon coveragemaps.In Section5
we presentexperimentsillustrating thatour approachallows
amobilerobotcanlearnaccuratemapsfrom noisyrangesen-
sors.Additionally, we presentexperimentscomparingdiffer-
entview-point selectionstrategiesfor exploration.

2 CoverageMaps

As alreadymentionedabove,occupancy gridsreston theas-
sumptionthat the environmenthasbinary structure,i.e. that
eachgrid cell is either occupiedor free. This assumption,
however, is not always justi�ed. For example, if the envi-
ronmentcontainsa wall that is not parallel to the x- or y-
axisof thegrid theremustbegrid cellswhichareonly partly
covered. In occupancy grids the probability that suchcells
areoccupiedwill inevitably convergeto one(seeFigure1).
Coveragemapsovercomethis limitation by storinga poste-
rior aboutits coveragefor eachcell. Coveragevaluesrange
from 0 to 1. Whereasa coverageof 1 meansthat thecell is
fully occupied,anemptycell hasa coverageof 0. Sincethe
robotusuallydoesnot know the truecoverageof a grid cell,
it maintainsa probabilisticbelief p(cl ) aboutthecoverageof
thecell cl . In principle,therearedifferentwaysof represent-
ing p(cl ). They rangefrom parametricdistributionssuchas
(mixturesof) Gaussiansor non-parametricvariantssuchas
histograms.Throughoutthispaperweassumethateachp(cl )
is givenby a histogramover possiblecoveragevalues.More
precisely, we storea histogramfor eachgrid cell, in which
eachbin containstheprobability that thecorrespondinggrid
cell hastheparticularcoverage.A typicalexampleis depicted
in Figure2. It shows theposteriorfor thecell containingthe
obstaclein thesituationillustratedin Figure1 obtainedafter
30measurements.
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Figure2: Coverageposteriorfor thecell containingtheobstaclein
thesituationdepictedin Figure1.

3 Updating CoverageMaps
To updatea coveragemap basedon sensoryinput, we ap-
ply a Bayesianupdateschemesimilar to that of occupancy
grids. Throughoutthis paperwe assumethatour sensorpro-
videsdistanceinformation. Accordingly, we have to convert
the distanceinformationto coveragevalues. What we need
to know is thecoveragemapc thathasthehighestlikelihood
underall distancemeasurementsd0; : : : ; dT . If weuseBayes
rule andassumethatconsecutivemeasurementsareindepen-
dentgiventhatweknow themapc, we obtain:

p(c j d0; : : : ; dT )
Bayes

=
p(d0; : : : ; dT j c) � p(c)

p(d0; : : : ; dT )
(1)

= � � p(c) � p(d0; : : : ; dT j c) (2)

= � � p(c) �
TY

t =0

p(dt j c) (3)

Next weneedto know how to determinethelikelihoodp(dt j
c) of measuringdt given the mapc. Again we applyBayes
ruleandobtain:

p(c j d0; : : : ; dT )
Bayes

= � � p(c) �
TY

t =0

p(c j dt ) � p(dt )
p(c)

(4)

= � �
� T +1

p(c)T �
TY

t =0

p(c j dt ) (5)

= � 0 �
TY

t =0

p(c j dt ) (6)

Equation(5) is obtainedfrom Equation(4) by assumingthat
p(c) isconstantandthat� = p(dt ) is constantfor everyt. The
variables� and� 0 representnormalizationconstantsensuring
that the left-handsidesumsup to oneover all c. Underthe
strongassumptionthattheindividualcellsof acoveragemap
areindependent1 we�nally obtain:

p(c j d0; : : : ; dT ) = � 0 �
TY

t =0

LY

l =0

p(cl j dt ) (7)

= � 0 �
LY

l =0

TY

t =0

p(cl j dt ) (8)

1Thisindependenceis frequentlyassumedin thecontext of occu-
pancy maps.We would like to referto a recentwork by Thrun[18]
onhow to betterdealwith thedependency betweencells.



Thus, to updatea map given a measurementdt we simply
haveto multiply thecurrentbeliefaboutthecoverageof each
cell cl by thebelief aboutthe coverageof this cell resulting
from dt . Additionally themaximumlikelihoodcoveragemap
is obtainedby choosingthemodeof thecoveragehistogram
for eachcell cl .

It remainsto describehow we actuallycomputep(cl j dt ),
i.e.how wedeterminethedistributionaboutthepotentialcov-
eragevaluesof acell cl with distancedl to thesensorgivena
measurementdt . In our currentsystem,we usea mixtureof
a GaussianN (�; � ) anda uniform distribution 
 to compute
theprobabilityp(cl = x j dt ) thatthecoverageof cl is x:

p(cl = x j dt ) = 
 (dl ; dt ) +

N (� (dl � dt ); � (dl ; dt ); x): (9)

The valueof the uniform distribution is computedusingthe
function
 (dl ; dt ) which increasesmonotonouslyin dl andd.
It re�ects a typical behavior of proximity sensorslikesonars,
becausethe accuracy of a measurementdecreaseswith the
distanceto theobstacle.

The mean� (dl � d) of the Gaussianis computedin the
following way:

� (dl � d) =

8
<

:

0; (dl � d) < � r
2

1
2 + dl � d

r ; jdl � dj < r
2

1; (dl � d) > r
2

(10)

wherer is thegrid resolutionof themap. Note thatwe dis-
tinguishthreesituations,dependingon whetherthemeasure-
mentendsin cl or not. Supposethat the measurementdoes
notendin cl andthedistancedl is shorterthand. In thiscase
we have dl � d < � r

2 . In sucha situation,themeanof the
Gaussianis zero, sinceit is more likely that a cell covered
by a rangemeasurementthatdoesnot endin it is completely
empty. Thesecondline of Equation(10) representsthesitua-
tion in whichd endswithin cl . In thiscasethemeanis inverse
proportionalto theamountthecell is coveredby d. Finally,
cells lying up to 20cm behinda cell, in which the measure-
mentends,aremost likely completelyoccupiedso that the
meanis 1.

The valueof the standarddeviation � (dl ; d) of the Gaus-
sianalsois a function that is monotonouslyincreasingin dl

andd exceptwhenjdl � dj < r
2 . In this range� (dl ; d) hasa

constantvaluethatexceedsall valuesoutsideof this interval.
To obtain the optimal parametersfor the functions in

our sensormodelwe apply the maximumlikelihoodprinci-
ple. We �rst apply a highly accuratescan-alignmentproce-
dure[10] on laserrangeinformation. Next we manuallyex-
tract geometricobjectsfrom the correspondingrangedata.
Giventhesegeometricprimitiveswe usestraightforwardge-
ometricprojectionsto computethegroundtruth information,
i.e., the exact coverageof eachcell of a given discretiza-
tion. Weevaluateaparticularsettingfor theparametersof our
modelby determiningthelikelihoodof thegroundtruthgiven
a coveragemapobtainedusingthis setting.To maximizethe
likelihoodwe applylocal searchtechniquesin theparameter
space.Figure3 plotsp(cl = x j d) for ameasureddistanceof
d = 1m obtainedfor ultrasounddatarecordedwith our B21r
robotAlbert, which is depictedin picture(a) of Figure4. As
theplot illustrates,for ameasureddistanceof 1m, cellsclose
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Figure3: Sensormodel p(cl = x j d) for a measureddistance
d = 100cm.

to the robot areunoccupiedwith high likelihood. However,
cells closeto the measureddistanceare coveredwith high
probability. Figure4 shows two coveragemapsbuild from
realsonardataobtainedby a real robot. Image(b) depictsa
mapof theSieg Hall at theUniversityof Washingtonand(c)
a mapof theof�ce environmentof our laboratory.

4 Strategiesfor Choosingthe Next View-Point
Oneof thekey problemsduringexplorationis to chooseap-
propriatevantagepoints. At the selectedlocationthe robot
will performthenext measurementto retrieve new informa-
tion about its environment. In this sectionwe will present
four methodsto choosean appropriateposition. In general
therearetwo differentaspectsthatarerelevantfor theview-
pointselection.On theonehand,theuncertaintyof therobot
in the mapshouldbe assmall aspossible,andon the other
hand,thenumberof measurementsto beincorporatedaswell
asthedistancetraveledshouldbeminimized.

To determinethe uncertaintyin the stateof a particular
cell we considerthe entropy of the posteriorfor that cell.
Entropy is a generalmeasurefor the uncertaintyof a be-
lief. The entropy H of a histogramh consistingof n bins
hi (i = 1; : : : ; n) is de�ned as:

H (h) = �
nX

i =1

p(hi ) � logp(hi ): (11)

H is maximal in caseof a uniform distribution. The mini-
mal valuezerois obtainedif thesystemis absolutelycertain
aboutthestateof thecorrespondingcell. Thus,if we wantto
minimize the uncertaintyin the currentmap,all we needto
do is to reducetheentropy of thehistogramsin thecoverage
map.Furthermore,we canspecify, at which momenttheex-
plorationtaskhasbeencompleted.Supposethe sizeof the
environmentis limited. Thenthegoalof theexplorationpro-
cessfor acoveragemapc hasbeenachievedif H (h(cl )) < �
for all cellscl 2 c thatcanbereachedby therobot.Hereh(cl )
correspondsto thehistogramrepresentingthecoverageof cl .
Additionally, thesystemhasto detectasituationin which the
robot is unableto reducetheentropy of a cell below � to en-
surethe terminationof the exploration task. In our system
this is achievedby monitoringthechangeof entropy. If this
changeis below :001for � ve consecutive measurements,the
cell is regardedasexploredenough.
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Figure4: Picture(a)shows ourB21r robotAlbert equippedwith a ring of 24sonarsensors.Image(b) depictsa coveragemapgeneratedfor
datacollectedin theSieg Hall building of theUniversityof Washington.Picture(c) displaysthecoveragemapof our laboratoryenvironment.

4.1 ClosestLocation (CL)
A simpleandfrequentlyusedstrategy is to driveto theclosest
locationatwhichtherobotcangatherinformationaboutacell
thathasnot beenexploredwell enough.This way theques-
tion whethera cell hasbeenexploredwell enoughdepends
on theactualmeasureusedto quantify theuncertaintyabout
individual grid cells. In our approachthis measureis theen-
tropy. A cell is regardedasbeensensedaccuratelyenoughif
the entropy of the coveragebelief doesnot exceed� or if it
doesnot changeany longer. This strategy CL doesnot take
into accounthow muchinformationwill beobtainedatapar-
ticularview-point. Ratherit seeksto minimizethedistanceto
thatlocation:

lnext = argmin
l 2 L (c)

dc(l ; x); (12)

whereL (c) is thesetof cellswhichhaveagrid cell with high
entropy in its visible rangeand dc(l ; x) is the distancebe-
tweenthe locationsl and x given the currentmap c of the
environment.

4.2 Maximum Inf ormation Gain (IG) and
(IG WIN)

The secondstrategy is solely governedby the information
gainthatcanbeobtainedabouttheenvironmentat a speci�c
view-point. The information gain is de�ned as the change
of entropy introducedby incorporatingthemeasurementob-
tainedat that locationinto themap. If we integratea single
measurementd into a cell cl , the informationgain is de�ned
as:

I (h(cl ) j d) = H (h(cl )) � H (h0
d(cl )) (13)

whereh0
d(cl ) is thehistogramof cell cl afterintegratingmea-

surementd accordingto our sensormodel. The information
gain of a measurementis thencomputedas the sum of the
informationgainsfor all cellscoveredby thatmeasurement.
Sincewe do not know which measurementwe will receive
if therobotmeasuresat a certainpositionl , we have to inte-
grateoverall possiblemeasurementsto computetheexpected
informationgainfor thatview-point:

E [I (l )] =
X

d

p(d j c) �
X

ci 2 C ( l;d )

I (h(ci ) j d) (14)

HereC(l ; d) is thesetof cellscoveredby measurementd. To
ef�ciently computethe likelihoodof anobservationp(d j c)
weapplyaray-tracingtechniquesimilarto MoravecandElfes
[14] usingthecurrentmaximumlikelihoodcoveragemap.

Sincethe complexity of Equation(14) dependsexponen-
tially on the numberof dimensionsof the measurement,we
considerall measurementsindependently. For example,for
our robot equippedwith 24 ultrasoundsensorswe compute
theaverageinformationgainoverall 24sensors.

Thenext view-point is thende�ned as:

lnext = argmax
l 2 L (c)

E[I (l )] (15)

Oneof thedisadvantagesof this strategy is thatit doesnot
take into accountthedistanceto betraveledby therobot. To
dealwith thisproblemwe alsoconsiderthestrategy IG WIN
which restrictsthe searchfor potentialvantagepoints to a
localwindow until thishasbeenexplored.Oncethishasbeen
done,thereis noneedfor therobotto returnto thisareaagain.

4.3 Combination of IG and CL (IG CL)
The �nal strategy discussedin this papertries to combine
the propertiesof the strategies CL and IG. The goal is to
�nd anoptimaltradeoff betweentheevaluationfunctions(12)
and(15):

lnext = argmax
l 2 L (c)

�
� �

E [I (l )]
maxl 02 L (c) E[I (l0)]

�
dc(l ; x)

maxl 02 L (c) dc(l0; x)

�
(16)

By adaptingtheweight� theusercaneasilyin�uencethebe-
havior of a robot andoptimizeits performancefor a special
task.A valuecloseto zeroresultsin abehavior similar to the
strategyCL. Forhighvaluesof � thestrategyconvergesto the
strategy IG. Pleasenotethat functionsof this typehave suc-
cessfullybeenappliedin the pastfor coordinatingmultiple
robotsduringexploration[2, 15].

5 Experiments
We implementedthe modelsand exploration strategies de-
scribedabove andperformeda seriesof explorationrunsin
different environments. The goal of the experimentspre-
sentedin this sectionis to illustrate that a robot can build
accuratemapsusingour models. Additionally we describe
experimentsin which we analyzethe propertiesof the four
view-pointselectiontechniquesdescribedabove.

5.1 Advantageover ScanCounting
The�rst experimentis designedto illustratethatanapproach
whichconsiderstheuncertaintyin thebeliefaboutthecover-
ageof a cell to selectview-pointsyieldsmoreaccuratemaps
thantechniquesrelying on scancountingapproaches.Scan
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Figure5: Theseimagesdepictmapsandtrajectoriesof the robot obtainedin the corridor of our of�ce environment. The left map(a) is
a typical occupancy grid mapobtainedwhenevery cell needsto be coveredjust once. Image(b) shows a coveragemapobtainedwith the
strategy CL. Therightmostimage(c) shows anoccupancy mapobtainedusingscancountingwith a thresholdof n = 50.

technique pathlength jf ci j H (h(ci )) > 0:65gj
coveragemaps 89:1m 0%
counting 26:6m 21%
ext. counting 90:6m 1:5%

Table1: Datafrom the experimentsshown in Figure5. To com-
putetheentropy for thescancountingresultswegeneratedcoverage
mapsfrom therecordedsonardata.

countingtechniquescountthenumberof timesacell is inter-
ceptedby a measurement.Severalexplorationtechniques[2,
7, 20] assumethata placeis exploredif it hasbeenscanned
once.Thisis problematicespeciallywhentheunderlyingsen-
sorsarenoisy. Figure5 (a) shows a typical occupancy grid
mapof our laboratoryenvironmentobtainedfrom realsonar
datawhenusingthe scancountingtechnique.Sincethe ex-
plorationprocessis stoppedassoonasall reachablelocations
werecoveredby a measurement,many cellsof the resulting
occupancy maphave a high uncertainty(seeTable1). This
is dueto the high amountof sensornoise,which sonarsof-
tenproduce.On theotherhand,if we useour approachand
considertheuncertaintyin thecoverageof individualcellsto
selectview-points,theresultingmapsaremoreaccurate(see
Figure5(b)).

Obviously, a straightforwardextensionof the scancount-
ing would be to assumethat eachcell hasto be coveredn
times and not only once. An occupancy grid obtainedby
this extensioncanbeseenin Figure5 (c). In this experiment
we additionallydiscountedlongerbeamsin orderto account
for the fact that rangesensorsprovide fewer informationfor
distantplaces. Whereasthis map looks similar as the cor-
respondingcoveragemap, the robot's uncertaintyaboutthe
stateof the environmentis higher. This is illustratedby the
valuesgiven in Table1. Theright columnof this tablecon-
tains the percentageof cells in c for which the entropy ex-
ceedsthegiventhreshold.Thus,evenextendedscancounting
doesnot guaranteethat in theendevery cell is exploredwell
enough. Typically, somecells will be measuredtoo often,
othersnotoftenenough.

Figure6 shows the resultof a seriesof 50 simulationex-
periments.In theseexperimentswe forcedtherobotto reach
a scancountof n wheren variedbetween1 and130.2 We
countedthe numberof cells m that would be exploredwell
enoughgiven the entropy criterion for coveragemapsand
plottedthelengthof theoverallpathagainstm. Theresulting
graphis shown in Figure6. Thecrosson theright sideindi-

2In practice,agoodcandidatevalueof n wouldbethemaximum
numberof measurementsnecessaryto obtaina coveragemapthat
ful�lls theentropy thresholdcriterion
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Figure6: Averagepathlengthof therobotdependingon thenum-
berof suf�ciently exploredcells(left image)andthesimulationen-
vironmentusedduringthis experiment(right image).

catesthepathlengthobtainedwhenusingthestrategy CL for
coveragemaps.As canbeseen,if morethan85%of themap
shouldbe exploredwell enough,a decision-theoreticexplo-
ration strategy yields shortertrajectoriesthanextendedscan
counting.

5.2 A Comparisonof the View-Point Selection
Strategies

Robotsperforming 2-d exploration taskswith sonarsoder
laserscannersnormally integrateevery sensormeasurement
becausethe amountof datais reasonablysmall andeasyto
integrate. In this sectionwe considerthe situationthat an-
alyzing a measurementproduceshigh costs. This might by
thecaseif e.g.thedistanceinformationneedsto beextracted
from stereoimages.In sucha situationthenumberof mea-
surementsneededfor the exploration task is a value of in-
terest.As mentionedabove, oneof themajor advantagesof
our coveragemapsis that they allow the integration of the
uncertaintyinto theselectionprocessof thenext view-point.
Theexperimentsin this sectionaredesignedto comparethe
performanceof thedifferentstrategies. To carry out theex-
periments,wevariedthesizeof thelocalwindow whenusing
IG WIN andtheweight� in theevaluationfunctionof IG CL
(seeEquation(16)). In Figure7 (a) and(b) thenumbersbe-
hind IG CL show thevalueof theweight� andthenumbers
behindIG WIN indicatetheradiusof a circle which de�nes
the local window. The resultshave beenobtainedusing20
runsper strategy in the environmentshown in Figure7 (d).
Pleasenotethatfurtherexperimentscarriedout in alternative
environmentsshowedsimilar resultsandareomittedfor the
sake of brevity. The maximumallowed entropy during all
experimentsdescribedin thissectionwassetto :6.

Figure7 (a) shows the averagenumberof measurements
necessaryto completetheexplorationtaskfor eachstrategy.
As canbeseenfrom the�gure, thestrategy IG needsthemin-
imum amountof measurements.The strategy IG CL with
� = 1:0 needsapproximatelythesamenumberof measure-
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Figure7: Figure(a) shows the averagenumberof measurementsneededby differentstrategies,whereasin (b) depictsthe averagepath
lengthof the explorationfor eachstrategy. The valuebehindIG WIN shows thesizeof the local window andbehindIG CL the valueof
the parameter� . The error-barsshow the :05 signi�cance interval. The images(c) and(d) show the pathsdriven during the exploration
experiment.Figure(c) shows a samplepathof methodIG andthe(d) a pathgeneratedby CL.

mentsasIG. Thestrategy CL requiresthemaximumnumber
of measurementscomparedto all otherstrategiesconsidered
here. The reasonis that it only seeksto minimize the path
lengthwithoutconsideringtheinformationgainedat particu-
lar locations.Theerror-barscorrespondto the5%con�dence
interval.

In our experimentswe foundthata nearestneighborview-
pointselectionstrategy likeCL outperformsanapproachcon-
sideringinformationgain if the robot is allowed to integrate
measurementswhile it is moving (assumingthattheacquisi-
tion andintegrationof measurementscanbedonefast).This
can be seenin Figure 7 (b), which plots the averagepath
length driven by the robot during the exploration task for
all different strategies. With respectto the path length the
strategy CL shows the bestbehavior asthe resultingtrajec-
tories are shorterthan thoseof all other techniques.Thus,
the CL strategy ef�ciently coversthe terrain. In contrastto
that, the IG strategy ignoresthe distanceto be driven and
thereforeproducesan extremely long pathwhich resultsin
the worst behavior of all strategies(seealsoFigure7 (c) &
(d)). TheIG CL strategy with � = :3 appearsto yield agood
trade-off betweennumberof measurementsandoverall path
length. Accordingto theexperimentsit slightly outperforms
theIG WIN strategy.

6 Conclusions
In thispaperwehaveintroducedanew representationscheme
for mapsbuild with mobilerobotsfrom sensordata. In con-
trast to standardoccupancy mapsour coveragemapsstore
a posteriorfor eachcell aboutits coverage.This offers the
opportunity to more accuratelycomputethe uncertaintyof
the robot aboutthe correspondingareain the environment.
Additionally, we have presenteda sensormodeldesignedto
updatethesemapsuponsensoryinput. Finally, wehavecom-
pareddecision-theoreticapproachesto guideavehicleduring
exploration.

Thetechniquehasbeenimplementedandevaluatedin ex-
tensive simulationrunsandrealworld applications.Theex-
perimentsillustratethatby usingcoveragemapsit is possible
to build accuratemapsevenif noisysensorsareused.Exper-
imentsanalyzingdifferentexplorationstrategiesindicatethat
a techniquecombiningthe maximumuncertaintyreduction
and the distanceto be traveledyields the besttrade-off be-
tweenthenumberof necessarymeasurementsandthelength
of theresultingpaths.
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