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Abstract

In this paperwe introducecoveragemapsasa new
way of representinghe ervironmentof a mobile
robot. Coveragemapsstorefor eachcell of agiven
grid aposteriormbouttheamounthecorresponding
cellis coveredby anobstacle Usingthis represen-
tation a mobile robot can more accuratelyreason
aboutits uncertaintyin themapof the ervironment
than with standardoccupanyg grids. We present
a modelfor proximity sensordesignedo update
coveragemapsupon sensoryinput. We also de-
scribehow coveragemapscanbeusedto formulate
a decision-theoretiapproachor mobile robot ex-
ploration. We presenexperimentscarriedout with
real robotsin which accuratemapsarebuild from
noisy ultrasounddata. Finally, we presenta com-
parisonof differentview-point selectionstratejies
for mobilerobotexploration.

1 Intr oduction

Generatingnapsis one of the fundamentatasksof mobile
robotsandmary researcherbave focusedon the problemof
how to representhe ervironmentaswell ashow to acquire
modelsusingthis representatiofs, 9, 10, 14,17]. Themap-
ping problemitself hasseveralaspectshathave beenstudied
intensizely in the past. Someof the mostimportantaspects
arethelocalizationof the vehicleduring mapping,appropri-
ate modelsof the ervironmentand the sensorsas well as
stratgiesfor guiding the vehicle. In literature,the localiza-
tion problemplaysanimportantrole, sincethe quality of the
resultingmap dependsstrongly on the accurag of the pose
estimatesduring the mappingprocess. However, the accu-
ragy of the map also dependn the choice of view-points
during exploration. Especiallyif noisy sensorsareused,the
mapwill bequiteinaccuraten areasvhich have beensensed
afew timesonly or maybeevenfrom disadwantageousiew-
points.

Explorationis the taskof guidinga vehiclein sucha way
thatit coversthe ervironmentwith its sensors Ef cient ex-
ploration stratgies are also relevant for surfaceinspection,
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mine sweeping,or suneillance[3, 12]. In the past,several
stratgyies for exploration have beendeveloped. One group
of approachesglealswith the problemof simultaneousocal-
izationandmapping[1, 4], an aspecthatwe do not address
in this paper A commontechniquefor explorationstratgies
is to extractfrontiersbetweerknown andunknown aread 2,
7, 20] andto visit the nearesunexploredplace. Theseap-
proachenly distinguishbetweenscannedand un-scanned
areasanddonottakeinto accountheactualinformationgath-
eredat eachview-point. To overcomethis limitation, Gonza-
lesetal. [8] determinethe amountof unseerareathat might
bevisible to therobotfrom possibleview-points. To incorpo-
ratethe uncertaintyof therobotaboutthe stateof theenviron-
mentMooreheacktal. [13] aswell asBourgaultetal. [1] use
occupany grids[14] andcomputethe entroyy of eachcell in
thegrid to determinahe utility of scanningrom a certainlo-
cation. WhaiteandFerrie[19] presenianapproactthatalso
usesthe entropy to measurehe uncertaintyin the geometric
structureof objectsthatarescannedvith alaserrangesensor
In contrastto the work describedcherethey usea paramet-
ric representationf the objectsto be scanned Edlingerand
Puttkamer{7] developeda hierarchicalexploration strateyy
for of ce environments.Their approachrst exploresrooms
andthentraversesthroughdoorwaysto explore other parts
of theervironment. Tailor andKriegman[16] describea sys-
temfor visiting all landmarksn theernvironmentof therobot.
Theirrobotmaintainsalist of unvisitedlandmarkgshatareap-
proachecandmappedoy therobot. Dudeket al. [6] propose
astratgy for exploring anunknown graph-like ernvironment.
Theiralgorithmdoesnot considerdistancemetricsandis de-
signedfor robotswith very limited perceptualcapabilities.
RecentlyKoenig has shavn, that a strateyy, which guides
thevehicleto the closestpoint thathasnot beencoveredyet,
keepsthe traveleddistancereasonablysmall [11]. However,
as experimentsreportedin this paperillustrate, suchtech-
niguescanleadto a seriousincreaseof measurementsec-
essaryto build an accuratemapif the robotis not able to
incorporateneasurementsn-the- y while it is moving. This
might bethe case for example,for robotsextractingdistance
informationfrom cameramages.

In this paperwe introducecoveragemapsasa new proba-
bilistic way to representhebelief of therobotaboutthe state
of the ervironment. In contrastto occupanyg grids [14], in
which eachcell is consideredseitheroccupiedor free,cov-
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Figure 1: Typical occupang mapobtainedin situationsin which
cellsareonly partly occupied(left image)anda coveragemapcon-
tainingthe correspondingoveragevalues(right image).

eragemapsrepresentn eachcell of a givendiscretizationa
posterioraboutthe amountthis cell is coveredby an object.
As an exampleconsiderthe situationdepictedin Figurel in
which a cell is partly coveredby an obstacle.With the stan-
dardoccupang algorithmthe probability thatthis cell is oc-
cupiedwill corvergeto 1 if thesensor®f therobotrepeatedly
detectthe obstacle.The left pictureof this gure shaws the
resultingoccupang probabilities(blackrepresentsigh lik e-
lihood). Sincethe objectdoesonly cover 20% of this cell, a
coveragevalueof :2 (asshavnin therightimageof Figurel)
would be a betterapproximatiorof the true situation. In ad-
dition to the representatiomspectwe also presenta sensor
modelthatallows the robotto appropriatelyupdatea cover
agemapuponsensonyinputanddescribenow coveragemaps
canbeusedto realizea decision-theoretiapproactto explo-
rationof unknonvn ervironments.

This paperis organizedasfollows. In the next sectionwe
introducecoveragemaps. In Section3 we presenta proba-
bilistic techniqueto updatea given coveragemapuponsen-
soryinput. In Section4 we describea decision-theoretiap-
proachto explorationbasedon coveragemaps.In Section5
we presenexperimentsllustrating that our approachallows
amobilerobotcanlearnaccuratanapsfrom noisyrangesen-
sors.Additionally, we presenexperimentsomparingdiffer-
entview-point selectionstrat@iesfor exploration.

2 CoverageMaps

As alreadymentionedabove, occupanyg gridsreston theas-
sumptionthat the ervironmenthasbinary structure,i.e. that
eachgrid cell is either occupiedor free. This assumption,
however, is not alwaysjusti ed. For example,if the ervi-
ronmentcontainsa wall thatis not parallelto the x- or y-
axisof thegrid theremustbe grid cellswhich areonly partly
covered. In occupanyg grids the probability that suchcells
areoccupiedwill inevitably corvergeto one(seeFigure 1).
Coveragemapsovercomethis limitation by storinga poste-
rior aboutits coveragefor eachcell. Coveragevaluesrange
from 0 to 1. Whereasa coverageof 1 meanghatthe cell is
fully occupied,anemptycell hasa coverageof 0. Sincethe
robotusuallydoesnot know the true coverageof a grid cell,
it maintainsa probabilisticbelief p(c;) aboutthe coverageof
thecell ¢ . In principle,therearedifferentwaysof represent-
ing p(c). They rangefrom parametricdistributionssuchas
(mixturesof) Gaussian®r non-parametricvariantssuchas
histogramsThroughouthis papemwe assumehateachp(c;)
is givenby a histogramover possiblecoveragevalues.More
precisely we storea histogramfor eachgrid cell, in which
eachbin containsthe probability thatthe correspondingyrid
cellhastheparticularcoverage A typicalexampleis depicted
in Figure2. It shavs the posteriorfor the cell containingthe
obstaclen the situationillustratedin Figure1 obtainedafter
30 measurements.
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Figure?2: Coverageposteriorfor the cell containingthe obstaclen
thesituationdepictedn Figurel.

3 Updating CoverageMaps

To updatea coveragemap basedon sensoryinput, we ap-
ply a Bayesianupdateschemesimilar to that of occupanyg
grids. Throughoutthis paperwe assumehatour sensoipro-
videsdistancenformation. Accordingly, we have to corvert
the distanceinformationto coveragevalues. What we need
to know is the coveragemapc thathasthe highestik elihood

rule andassumehatconsecutie measurementreindepen-
dentgiventhatwe know themapc, we obtain:

. Bayes P(do;:::;dr jc) p(c)
p(cjdo;::i;dr) = o(do 1) 1)
= p(c) p(do;:::;drjo) (2)
= p(c) p(dk j ©) 3)

t=0
Next we needto know how to determinghelik elihoodp(d; j
¢) of measuringd; giventhe mapc. Again we apply Bayes
rule andobtain:

v— .
. Bayes p(cj di) p(d)
p(cjdo;::z;dr) = p(c) o T 4)
T+1 Y _
= O . p(cj d) )]
Y
= 0 p(cj di) (6)
t=0

Equation(5) is obtainedfrom Equation(4) by assuminghat
p(c) isconstanaindthat = p(d;) is constanfor everyt. The
variables and °represenhormalizatiorconstantgnsuring
thatthe left-handside sumsup to oneover all c. Underthe
strongassumptiorthattheindividual cellsof a coveragemap
areindependeritwe nally obtain:

Yo
p(cjdo;::i;dr) = ° p(crjd)  (7)
t=0 1=0
o Y Y .
= p(cjd) (8
1=0 t=0

Thisindependencis frequentlyassumedh thecontext of occu-
pangy maps.We would like to referto arecentwork by Thrun[18]
onhow to betterdealwith thedependenchbetweercells.



Thus, to updatea map given a measuremend; we simply
have to multiply the currentbelief aboutthe coverageof each
cell ¢ by the belief aboutthe coverageof this cell resulting
from d;. Additionally themaximumlik elihoodcoveragemap
is obtainedby choosingthe modeof the coveragehistogram
for eachcell .

It remaingto describehow we actuallycomputep(c; j d;),
i.e.how we determindghedistributionaboutthe potentialcov-
eragevaluesof acell ¢ with distanced' to thesensogivena
measuremerd;. In our currentsystemwe usea mixture of
aGaussiaN (; ) andauniformdistribution to compute
the probabilityp(c, = x j d;) thatthe coverageof ¢ is x:

p(c=xjd) = (d;d)+
N( (d d); (d;d);x): (9)

The value of the uniform distribution is computedusingthe
function (d'; d;) whichincreasesnonotonouslyn d' andd.
It re ects atypical behaior of proximity sensordike sonars,
becausehe accurag of a measurementdecreasesvith the
distanceo theobstacle.

Themean (d  d) of the Gaussiaris computedin the

following way: 38
< 0 (d dy< 5
d d =  I+94d jd di<i (10
1; (d d>5%

wherer is the grid resolutionof the map. Note thatwe dis-
tinguishthreesituations dependingpn whetherthe measure-
mentendsin ¢ or not. Supposehatthe measuremendoes
notendin ¢ andthedistanced' is shorterthand. In this case
wehaed d< 5. In suchasituation,the meanof the
Gaussiaris zero, sinceit is morelikely that a cell covered
by arangemeasuremerthatdoesnotendin it is completely
empty Thesecondine of Equation(10) representshesitua-
tionin whichd endswithin ¢;. In thiscasehemeanisinverse
proportionalto the amountthe cell is coveredby d. Finally,
cellslying up to 20cm behinda cell, in which the measure-
mentends,are mostlikely completelyoccupiedso that the
meanis 1.

The value of the standarddeviation (d';d) of the Gaus-
sianalsois a function thatis monotonouslhjincreasingn d'
andd exceptwhenjd'  dj < 5. Inthisrange (d';d) hasa
constanwaluethatexceedsall valuesoutsideof thisinterval.

To obtain the optimal parametersfor the functions in
our sensomodelwe apply the maximumlik elihood princi-
ple. We rst apply a highly accuratescan-alignmenproce-
dure[10] on laserrangeinformation. Next we manuallyex-
tract geometricobjectsfrom the correspondingangedata.
Giventhesegeometricprimitiveswe usestraightforward ge-
ometricprojectionsto computethe groundtruth information,
i.e., the exact coverageof eachcell of a given discretiza-
tion. We evaluatea particularsettingfor theparametersf our
modelby determininghelik elihoodof thegroundtruth given
a coveragemapobtainedusingthis setting. To maximizethe
likelihoodwe applylocal searchtechniquesn the parameter
spaceFigure3plotsp(c, = x j d) for ameasuredistanceof
d = 1m obtainedfor ultrasounddatarecordedvith our B21r
robotAlbert, which is depictedn picture(a) of Figure4. As
theplot illustrates for ameasuredlistanceof 1m, cellsclose
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Figure 3: Sensomodelp(c =
d = 100cm.

x j d) for a measuredlistance

to the robot are unoccupiedwith high likelihood. However,
cells closeto the measuredlistanceare coveredwith high
probability. Figure 4 shavs two coveragemapsbuild from
real sonardataobtainedby a real robot. Image(b) depictsa
mapof the Sieg Hall at the University of Washingtorand(c)
amapof theof ce ervironmentof ourlaboratory

4 Strategiesfor Choosingthe Next View-Point

Oneof the key problemsduring explorationis to chooseap-
propriatevantagepoints. At the selectedocationthe robot
will performthe next measuremenb retrieve new informa-
tion aboutits ervironment. In this sectionwe will present
four methodsto choosean appropriateposition. In general
therearetwo differentaspectshatarerelevantfor the view-
pointselection.Onthe onehand,the uncertaintyof therobot
in the map shouldbe assmall as possible,and on the other
hand thenumberof measurement® beincorporatecaswell
asthedistancdraveledshouldbe minimized.

To determinethe uncertaintyin the stateof a particular
cell we considerthe entrogy of the posteriorfor that cell.
Entropy is a generalmeasurefor the uncertaintyof a be-
lief. Theentropy H of a histogramh consistingof n bins

H(h) = p(hi) logp(hi):

i=1

(11)

H is maximalin caseof a uniform distribution. The mini-
mal valuezerois obtainedif the systemis absolutelycertain
aboutthe stateof the correspondingell. Thus,if we wantto
minimize the uncertaintyin the currentmap, all we needto
dois to reducethe entrofy of the histogramsn the coverage
map. Furthermoreywe canspecify at which momentthe ex-
plorationtaskhasbeencompleted. Supposehe size of the
ervironmentis limited. Thenthe goalof the explorationpro-
cesdor acoveragemapc hasbeenachievedif H (h(¢)) <
forall cellsg 2 cthatcanbereachedytherobot. Hereh(c))
correspondso the histogranrepresentinghe coverageof ;.
Additionally, thesystemhasto detecta situationin which the
robotis unableto reducethe entropy of acell belov to en-
surethe terminationof the explorationtask. In our system
this is achieved by monitoringthe changeof entrogy. If this
changeis below :001for ve consecutie measurementshe
cellis regardedasexploredenough.
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Figure4: Picture(a) shavs our B21r robotAlbert equippedwith aring of 24 sonarsensorsimage(b) depictsa coveragemapgeneratedor
datacollectedin the Sieg Hall building of the University of Washington Picture(c) displaysthe coveragemapof our laboratoryervironment.

4.1 ClosestLocation (CL)

A simpleandfrequentlyusedstrateyy is to driveto theclosest
locationatwhichtherobotcangathelinformationaboutacell
thathasnot beenexploredwell enough.This way the ques-
tion whethera cell hasbeenexploredwell enoughdepends
on the actualmeasuraisedto quantify the uncertaintyabout
individual grid cells. In our approachthis measurés the en-
tropy. A cell is regardedasbeensensediccuratelyenoughif
the entrogy of the coveragebelief doesnot exceed or if it
doesnot changeary longet This stratgy CL doesnot take
into accounthow muchinformationwill beobtainedatapar
ticularview-point. Ratherit seekgo minimizethedistanceo
thatlocation:

Inext = argmindc(l;x);
12L (c)

(12)

whereL (c) is the setof cellswhich have agrid cell with high
entropy in its visible rangeand d.(I; x) is the distancebe-
tweenthe locationsl andx given the currentmap ¢ of the
ervironment.

4.2 Maximum Information Gain (IG) and
(IG _WIN)

The secondstratgyy is solely governedby the information
gainthatcanbe obtainedaboutthe ernvironmentat a speci ¢

view-point. The informationgain is de ned asthe change
of entropy introducedby incorporatingthe measurementb-

tainedat thatlocationinto the map. If we integratea single
measuremend into a cell ¢, theinformationgainis de ned

as:

I(h(c)jd) = H(h(c)) H(hg(a))

whereh§(q) is thehistogranof cell ¢, afterintegratingmea-
surement accordingto our sensormodel. Theinformation
gain of a measuremenis then computedasthe sum of the

(13)

informationgainsfor all cells coveredby that measurement.

Sincewe do not know which measurementve will receve
if therobotmeasurest a certainpositionl, we have to inte-
grateoverall possiblemeasurements computeheexpected
informationgainfor thatview-point:

EN@] = p(djc)
d c2C(kd)

I(h(c)jd) (14)

HereC(l; d) is thesetof cellscoveredby measurement. To
efciently computethelikelihoodof anobsenrationp(d j c)
weapplyaray-tracingechniquesimilarto MoravecandElfes
[14] usingthe currentmaximumlik elihoodcoveragemap.

Sincethe complexity of Equation(14) dependsxponen-
tially on the numberof dimensionsf the measurementye
considerall measurementsdependently For example,for
our robot equippedwith 24 ultrasoundsensorsve compute
theaverageinformationgainoverall 24 sensors.

Thenext view-pointis thende ned as:

argmaxEf[l (1)]
12L(c)

(15)

lnext =

Oneof the disadwantage®f this strat@y is thatit doesnot
take into accountthe distanceto betraveledby therobot. To
dealwith this problemwe alsoconsidetthe strateyy |IG_WIN
which restrictsthe searchfor potential vantagepointsto a
localwindow until this hasbeenexplored.Oncethis hasbeen
done thereis noneedfor therobotto returnto thisareaagain.

4.3 Combination of IG and CL (IG_CL)

The nal stratgy discussedn this papertries to combine
the propertiesof the stratgies CL and IG. The goal is to
nd anoptimaltradeof betweertheevaluationfunctions(12)
and(15):

B El(D]
|next - alrszn(]gX maX|02|_(c) E[I (IO)]
dc(l;x)

maXoz L (c) de(1% %) (16)
By adaptingheweight theusercaneasilyin uencethebe-
havior of a robotandoptimizeits performanceor a special
task.A valuecloseto zeroresultsin abehaior similarto the
strat@y CL. For highvaluesof thestrateyy corvergesto the
strat@y IG. Pleasenotethat functionsof this type have suc-
cessfullybeenappliedin the pastfor coordinatingmultiple
robotsduringexploration[2, 15].

5 Experiments

We implementedthe modelsand exploration strateyies de-
scribedabove and performeda seriesof explorationrunsin
different ervironments. The goal of the experimentspre-
sentedin this sectionis to illustrate that a robot can build
accuratemapsusing our models. Additionally we describe
experimentsin which we analyzethe propertiesof the four
view-point selectiontechniqueglescribedabove.

5.1 Advantageover ScanCounting

The rst experiments designedo illustratethatanapproach
which considergheuncertaintyin the beliefaboutthe cover-

ageof a cell to selectview-pointsyields moreaccuratanaps
thantechniquegelying on scancountingapproachesScan
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Figure5: Theseimagesdepictmapsandtrajectoriesof the robot obtainedin the corridor of our of ce ervironment. The left map(a) is
atypical occupang grid mapobtainedwhenevery cell needsto be coveredjust once. Image(b) shavs a coveragemap obtainedwith the
stratgy CL. Therightmostimage(c) shavs anoccupang mapobtainedusingscancountingwith athresholdof n = 50.

| technique | pathlength | jf ¢ j H(h(c)) > 0:65q] |
coveragemaps| 891m 0%
counting 26:6m 21%
ext. counting 90:6m 1:5%

Table 1: Datafrom the experimentsshavn in Figure5. To com-
putetheentrogy for thescancountingresultswe generated@overage
mapsfrom therecordedsonardata.

countingtechniguesountthe numberof timesacell is inter-
ceptecby a measuremenSeveral explorationtechniqueg?2,
7, 20] assumehata placeis exploredif it hasbeenscanned
once.Thisis problematiespeciallywhentheunderlyingsen-
sorsarenoisy. Figure5 (a) shavs a typical occupang grid
mapof our laboratoryervironmentobtainedfrom real sonar
datawhenusingthe scancountingtechnique.Sincethe ex-
plorationprocesss stoppedassoonasall reachabldocations
were coveredby a measurementnary cells of theresulting
occupang map have a high uncertainty(seeTable 1). This
is dueto the high amountof sensomoise,which sonarsof-
tenproduce.On the otherhand,if we useour approachand
considerthe uncertaintyin the coverageof individual cellsto
selectview-points,theresultingmapsaremoreaccuratgsee
Figure5(b)).

Obviously, a straightforvard extensionof the scancount-
ing would be to assumethat eachcell hasto be coveredn
times and not only once. An occupang grid obtainedby
this extensioncanbe seenin Figure5 (c). In this experiment
we additionallydiscountedongerbeamsn orderto account
for the factthatrangesensorsprovide fewer informationfor
distantplaces. Whereasthis map looks similar asthe cor-
respondingcoveragemap, the robot's uncertaintyaboutthe
stateof the ervironmentis higher This is illustratedby the
valuesgivenin Table1. Theright columnof this tablecon-
tainsthe percentagef cellsin ¢ for which the entropy ex-
ceedghegiventhreshold.Thus,evenextendedscancounting
doesnot guarante¢hatin theendevery cell is exploredwell
enough. Typically, somecells will be measuredoo often,
othersnotoftenenough.

Figure 6 shaws the resultof a seriesof 50 simulationex-
periments.n theseexperimentswve forcedtherobotto reach
a scancountof n wheren varied betweenl and 1302 We
countedthe numberof cells m thatwould be exploredwell
enoughgiven the entrogy criterion for coveragemapsand
plottedthelengthof theoverallpathagainsim. Theresulting
graphis shavn in Figure6. The crosson theright sideindi-

%In practice agoodcandidatesalueof n would bethemaximum
numberof measurementsecessaryo obtaina coveragemapthat
ful lls theentrogy thresholdcriterion
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Figure6: Averagepathlengthof the robotdependingon the num-
berof sufciently exploredcells(leftimage)andthe simulationen-
vironmentusedduringthis experiment(rightimage).

categhepathlengthobtainedwvhenusingthe strateyy CL for
coveragemaps.As canbeseenjf morethan85%of themap
shouldbe exploredwell enough,a decision-theoretiexplo-
ration strateyy yields shortertrajectoriesthanextendedscan
counting.

5.2 A Comparison of the View-Point Selection
Strategies

Robots performing 2-d exploration taskswith sonarsoder
laserscannersiormally integrateevery sensormeasurement
becausdhe amountof datais reasonablysmall and easyto
integrate. In this sectionwe considerthe situationthat an-
alyzing a measuremenproduceshigh costs. This might by
thecaseif e.g.thedistancanformationneeddo beextracted
from stereocimages. In sucha situationthe numberof mea-
surementeededfor the explorationtaskis a value of in-
terest. As mentionedabove, one of the major advantageof
our coveragemapsis that they allow the integration of the
uncertaintyinto the selectionprocessf the next view-point.
The experimentdn this sectionaredesignedo comparethe
performanceof the differentstratgies. To carry out the ex-
perimentswe variedthesizeof thelocal window whenusing
IG_WIN andtheweight intheevaluationfunctionof IG_CL
(seeEquation(16)). In Figure7 (a) and(b) the numbersbe-
hind IG_CL shaw the valueof theweight andthe numbers
behindlG_WIN indicatethe radiusof a circle which de nes
the local window. The resultshave beenobtainedusing 20
runs per strateyy in the ervironmentshown in Figure 7 (d).
Pleasenotethatfurtherexperimentsarriedoutin alternatve
ervironmentsshaved similar resultsand are omittedfor the
sale of brevity. The maximumallowed entrogy during all
experimentgdescribedn this sectionwassetto :6.

Figure 7 (a) shows the averagenumberof measurements
necessaryo completethe explorationtaskfor eachstrateyy.
As canbeseerfromthe gure, thestratey |G needghemin-
imum amountof measurementsThe stratgy IG_CL with

= 1:0 needsapproximatelythe samenumberof measure-
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Figure 7: Figure (a) shavs the averagenumberof measurementseededvy differentstratgies, whereasn (b) depictsthe averagepath
lengthof the explorationfor eachstratgy. The valuebehindIG_WIN shaws the size of the local window andbehindIG_CL the value of
the parameter . The errorbarsshav the :05 signi canceinterval. The images(c) and(d) shav the pathsdriven during the exploration
experiment.Figure(c) shavs a samplepathof methodlG andthe (d) a pathgeneratedby CL.

mentsaslG. Thestratgyy CL requiresthe maximumnumber
of measurementsomparedo all otherstratgiesconsidered
here. The reasonis thatit only seeksto minimize the path
lengthwithout consideringheinformationgainedat particu-
lar locations.Theerrorbarscorrespondo the5% con dence
interval.

In our experimentsve foundthata nearesneighborview-
pointselectiorstratgy like CL outperformsanapproactton-
sideringinformationgainif the robotis allowedto integrate
measurementshile it is moving (assuminghatthe acquisi-
tion andintegrationof measurementsanbe donefast). This
can be seenin Figure 7 (b), which plots the averagepath
length driven by the robot during the exploration task for
all different stratgjies. With respectto the path length the
stratgly CL shaws the bestbehaior asthe resultingtrajec-
tories are shorterthan thoseof all othertechniques. Thus,
the CL stratgyy efciently coverstheterrain. In contrastto
that, the IG strat@y ignoresthe distanceto be driven and
thereforeproducesan extremely long path which resultsin
the worst behavior of all stratgjies (seealsoFigure7 (c) &
(d)). ThelG_CL stratgywith = :3 appeargo yield agood
trade-of betweemumberof measurementandoverall path
length. Accordingto the experimentst slightly outperforms
thelG_WIN strateyy.

6 Conclusions

In this papemwe haveintroducedanew representatioacheme
for mapsbuild with mobilerobotsfrom sensodata. In con-
trastto standardoccupang mapsour coveragemapsstore
a posteriorfor eachcell aboutits coverage. This offers the
opportunityto more accuratelycomputethe uncertaintyof
the robot aboutthe correspondingareain the ervironment.
Additionally, we have presentech sensormodeldesignedo
updatehesemapsuponsensoninput. Finally, we have com-
pareddecision-theoretiapproachew guideavehicleduring
exploration.

Thetechniquehasbeenimplementedandevaluatedin ex-
tensie simulationrunsandrealworld applications.The ex-
perimentsllustratethatby usingcoveragemapsit is possible
to build accurateanapsevenif noisysensorareused.Exper
imentsanalyzingdifferentexplorationstrategjiesindicatethat
a techniqguecombiningthe maximumuncertaintyreduction
andthe distanceto be traveledyields the besttrade-of be-
tweenthe numberof necessaryeasurementndthelength
of theresultingpaths.
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