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Abstract. Generatingmapsbelongsto thefundamentaltasksof mobilerobots.In thepast,many approacheshaveusedoccupancy
grid mapsto representthe environmentduring mappingandexploration.Occupancy grids, however, arebasedon the assump-
tion thateachcell is eitheroccupiedor free. In this paperwe introducecoveragemapsasan alternative way of representingthe
environmentof a robot. Coveragemapsstorefor eachcell of a given grid a posterioraboutthe amountthe correspondingcell
is coveredby an obstacle.We alsopresenta modelthat allows us to updatecoveragemapsuponinput obtainedfrom proximity
sensors.We furthermoredescribehow to usecoveragemapsfor a decisiontheoreticapproachto exploration.Finally we present
experimentalresultsillustrating that coveragemapscanbeusedto ef�ciently learnhighly accuratemodelseven if noisysensors
suchasultrasoundsareused.

1 Intr oduction
Generatingmapsis oneof thefundamentaltasksof mobilerobots[5, 8, 9, 13, 17]. Many successfulroboticsystems
usemapsof the environmentto perform their tasks.The questionsof how to representenvironmentsand how to
acquiremodelsusingthis representationthereforeis anactive researcharea.Throughoutthis paperwe focuson the
problemof how to representthe environmentof a mobile robot, of how to updatethe mapwhenever new sensory
input arrives,andof how to guidethevehicleto ef�ciently build accuratemaps.In particularwe introducecoverage
mapsasa new probabilisticway to representthebelief of therobotaboutthestateof theenvironment.In contrastto
occupancy grids[13], in whicheachcell is consideredaseitheroccupiedor free,coveragemapsrepresentin eachcell
of a givendiscretizationa posteriorabouttheamountthis cell is coveredby an object.As an exampleconsiderthe
situationdepictedin the left imagesof Figure1 in which a cell is partly coveredby an obstacle.With the standard
occupancy algorithmtheprobabilitythat this cell is occupiedwill convergeto 1 if thesensorsof therobotrepeatedly
detectthe obstacle.The top left pictureof this �gure shows the resultingoccupancy probabilities(black represents
high likelihoodthatthecell is occupied).Sincetheobjectdoesonly cover20%of this cell, a coveragevalueof :2 (as
shown in the lower left imageof Figure1) would be a betterapproximationof the true situation.In additionto the
representationaspect,we alsopresenta sensormodelthat allows the robot to appropriatelyupdatea coveragemap
uponsensoryinputanddescribehow coveragemapscanbeusedto realizeadecision-theoreticapproachto exploration
of unknown environments.
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Fig.1.Typicaloccupancy mapobtainedin situationsin whichcellsareonlypartlyoccupied(topleft) andacoveragemapcontaining
the correspondingcoveragevalues(lower left). The coverageposteriorfor the cell containingthe obstacledepictedin the right
image.

Explorationis thetaskof guidingavehicleduringmappingsuchthatit coverstheenvironmentwith its sensors.In
additionto themappingtask,ef�cient explorationstrategiesarealsorelevantfor surfaceinspection,minesweeping,
or surveillance[3, 11]. In the past,several strategiesfor explorationhave beendeveloped.A populartechniquefor
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explorationis to extract frontiersbetweenknown andunknown areas[2, 6, 19] andto visit the nearestunexplored
place.RecentlyKoeniget al. [10] haveshown thatsucha strategy, whichguidesthevehicleto theclosestunexplored
point, keepsthe traveleddistancereasonablysmall. Most approachesapplyingsucha techniquesolely distinguish
betweenscannedandun-scannedareasanddo not take into accountthe actualinformationgatheredat eachview-
point. To overcomethis limitation, Gonzaleset al. [7] determinetheamountof unseenareathatmight be visible to
the robot from possibleview-points.To incorporatethe uncertaintyof the robot aboutthe stateof the environment
Mooreheadet al. [12] aswell asBourgaultet al. [1] useoccupancy grids [14] andcomputetheentropy of eachcell
in the grid to determinethe utility of scanningfrom a certainlocation.WhaiteandFerrie[18] presentan approach
that alsousesthe entropy to measurethe uncertaintyin the geometricstructureof objectsthat arescannedwith a
laserrangesensor. In contrastto the work describedherethey usea parametricrepresentationof the objectsto be
scanned.Additionally, several researchersfocus on the problemof simultaneouslocalizationand mappingduring
exploration[1, 4, 5], anaspectthatwe donotaddressin thispaper.

Thispaperis organizedasfollows.In thenext sectionweintroducecoveragemaps.In Section3 wepresentasensor
modelthatallowsusto updateagivencoveragemapuponsensoryinput.In Section4 wedescribeadecision-theoretic
approachto explorationbasedon coveragemaps.Finally, we presentexperimentsillustrating thevariousproperties
of our approach.We presentaccuratemapslearnedby a real robotanddiscusstheadvantagesof our techniqueover
existingapproaches.

2 CoverageMaps
As alreadymentionedabove,occupancy gridsrestontheassumptionthattheenvironmenthasbinarystructure,i.e. that
eachgrid cell is eitheroccupiedor free.This assumption,however, is not alwaysjusti�ed. For example,if theenvi-
ronmentcontainsawall thatis notparallelto thex- or y-axisof thegrid theremustbegrid cellswhichareonly partly
covered.In occupancy gridstheprobabilitythatsuchcellsareoccupiedwill inevitably convergeto one(seeFigure1).
Coveragemapsovercomethis limitation by storingfor eachcell aposterioraboutits coverage.Coveragevaluesrange
from 0 to 1. Whereasacoverageof 1 meansthatthecell is fully occupied,anemptycell hasacoverageof 0. Sincethe
robotusuallydoesnotknow thetruecoverageof agrid cell it maintainsaprobabilisticbeliefp(cl ) aboutthecoverage
of the cell cl . In principle, therearedifferentwaysof representingp(cl ). They rangefrom parametricdistributions
suchas(mixturesof) Gaussiansor non-parametricvariantssuchashistograms.Throughoutthispaperweassumethat
eachp(cl ) is givenby a histogramover possiblecoveragevalues.More precisely, we storea histogramfor eachgrid
cell, whereeachbin containstheprobabilitythatthecorrespondinggrid cell hastheparticularcoverage.

In the beginning of the exploration task all cells are typically initialized using a equaldistribution in order to
representthe maximumuncertaintyaboutthe actualstateof the cell. The right imageof Figure1 shows a typical
coverageposteriorwe frequentlyobtainfor partlycoveredcells.Suchascenariois depictedin thelower left imageof
this �gure. In contrastto occupancy grids(top left image)theresultingmaprepresentsthesituationmoreprecisely. In
thenext Sectionwe describehow wecanupdatethosecoveragemapsbasedonsensoryinput.

3 Updating CoverageMaps upon SensoryInput
To updatea coveragemapbasedon sensoryinput, we applya Bayesianupdateschemesimilar to thatof occupancy
grids.Throughoutthispaperweassumethatoursensorprovidesdistanceinformation.Accordingly,wehaveto convert
thedistanceinformationto coveragevalues.Whatwe needto know is thecoveragemapc thathasthehighestlike-
lihood underall distancemeasurementsd0; : : : ; dT . If we useBayesrule andassumethatconsecutivemeasurements
areindependentgiventhatweknow themapc, weobtain:

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

=
p(d0; : : : ; dT j c) � p(c)

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

TY

t =0

p(dt j c): (1)

Next we needto know how to determinethe likelihoodp(dt j c) of measuringdt given themapc. Again we apply
Bayesruleandobtain:

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

= � � p(c) �
TY

t =0

p(c j dt ) � p(dt )
p(c)

= � �
� T +1

p(c)T �
TY

t =0

p(c j dt ) = � 0 �
TY

t =0

p(c j dt ): (2)

Equation(2) is obtainedby assumingthatp(c) is constantandthat � = p(dt ) is constantfor every t. Thevariables�
and� 0 representnormalizationconstantsensuringthattheleft-handsidesumsupto oneoverall c. Weassumethatthe
individual cellsof a coveragemapareindependent.This assumptionis frequentlyusedin thecontext of occupancy



maps.Wewould like to referto arecentwork by Thrun[16] onhow to betterdealwith thedependency betweencells.
We �nally obtain:

p(c j d0; : : : ; dT ) = � 0 �
TY

t =0

LY

l =0

p(cl j dt ) = � 0 �
LY

l =0

TY

t =0

p(cl j dt ): (3)

Thus, to updatea mapgiven a measurementdt we simply have to multiply the currentbelief aboutthe coverage
of eachcell cl by the belief aboutthecoverageof this cell resultingfrom dt . Additionally themaximumlikelihood
coveragemapis obtainedby choosingthemodeof thecoveragehistogramfor eachcell cl . It remainsto describehow
we actuallycomputep(cl j dt ), i.e. how we determinethedistribution aboutthepotentialcoveragevaluesof a cell cl

with distancedl to thesensorgivenameasurementdt . In ourcurrentsystem,weuseamixtureof aGaussianN (�; � )
anda uniformdistribution 
 to computetheprobabilityp(cl = x j dt ) thatthecoverageof cl is x:

p(cl = x j dt ) = 
 (dl ; dt ) + N (� (dl � dt ); � (dl ; dt ); x): (4)

The valueof the uniform distribution is computedusingthe function 
 (dl ; dt ) which increasesmonotonouslyin dl

andd. It re�ects a typicalbehavior of proximity sensorslikesonars,becausetheaccuracy of ameasurementdecreases
with thedistanceto theobstacle.Themean� (dl � d) of theGaussianis computedin thefollowing way:

� (dl � d) =

8
<

:

0; (dl � d) < � r
2

1
2 + dl � d

r ; jdl � dj < r
2

1; (dl � d) > r
2

(5)

with a grid resolutionof r . Notethatwe distinguishthreesituations,dependingon whetherthemeasurementendsin
cl or not.Supposethatthemeasurementdoesnot endin cl andthedistancedl is shorterthand. In this casewe have
dl � d < � r

2 . In suchasituation,themeanof theGaussianis zero,sinceit is morelikely thatacell coveredby arange
measurementthatdoesnot endin it is completelyempty. Thesecondline of Equation(5) representsthesituationin
which d endswithin cl . In this casethemeanis inverseproportionalto theamountthecell is coveredby d. Finally,
cells lying up to 20cm behinda cell, in which the measurementends,aremost likely completelyoccupiedso that
the meanis 1. The valueof the standarddeviation � (dl ; d) of the Gaussianis alsoa function that is monotonously
increasingin dl andd exceptwhenjdl � dj < r

2 . In this range� (dl ; d) hasa constantvaluethatexceedsall values
outsideof this interval.
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Fig.2. Theright imagedepictstheB21r robotAlbert usedto carryout theexperiments.Albert is equippedwith a SICK PLSlaser
rangesensorand24 ultrasoundsensors.The left pictureshows our sensormodelP (cl = x j d) for Albert's ultrasoundsensors
(herefor a measureddistanced = 100cm).

To obtainthe optimal parametersfor the variousfunctionsin our sensormodel(seeEquation(4)) we apply the
maximumlikelihoodprinciple.We useddatasetsrecordedwith our B21r robot Albert, depictedin Figure2, in our
departmentbuilding. We thencomparedthe resultingmapswith a ground-truthmapobtainedby applyinga highly
accuratescan-alignmentprocedure[9] on the laserrangeinformationandby manuallyextractinggeometricobjects
from this data.Given thesegeometricprimitiveswe caneasilycomputethe exact coverageof eachcell of a given
discretizationby straightforwardgeometricoperations.We evaluatea particularsetof parametersby computingthe
likelihoodof thegroundtruth mapgiventhecorrespondingcoveragemap.We applylocal searchtechniquesto deter-
mineaparametersettingthatmaximizesthelikelihoodof thegroundtruthmap.

The right imageof Figure2 depictsa fraction of the resultingsensormodelP(cl = x j d) for a distanceof
d = 100cm for theultrasoundsensorsof our robot.As theplot illustrates,for a measureddistanceof 1m, cellsclose
to therobotarewith high likelihoodunoccupied.However, cellsclosethemeasureddistancearecoveredwith a high
likelihood.Themaximumlikelihoodcoveragemapobtainedwith this modelis shown in the left imageof Figure3.



Thesizeof theenvironmentis 17� 2:6m2 andtheresolutionof theherepresentedmapis 5cm. Theimagealsoshows
thetrajectoryof therobotduringtheexplorationtask.Theright imageof this �gure shows thegroundtruth map.As
canbeseenfrom the�gure, thesimilarity betweenthelearnedmapandthegroundtruth is quitehigh.

Fig.3. Coveragemaplearnedfrom ultrasounddata(left image)andgroundtruth map(right image).

4 Exploration with CoverageMaps
Oneof thekey problemsduringexplorationis to chooseappropriatevantagepoints.In generaltherearetwo different
aspectsthatarerelevant.Ontheonehand,theuncertaintyof therobotin themapshouldbeassmallaspossibleandon
theotherhand,thenumberof measurementsto beincorporatedaswell asthedistancetraveledshouldbeminimized.

Coveragemapsarewell-suitedto supporta decision-theoreticapproachto exploration.To determinethe uncer-
tainty in thestateof aparticularcell weconsidertheentropy of theposteriorfor thatcell.Entropy is ageneralmeasure
for theuncertaintyof abelief.Theentropy H of ahistogramh consistingof n binsh i ; (i = 1; : : : ; n) is de�ned as:

H (h) = �
nX

i =1

p(hi ) � logp(hi ): (6)

H is maximal in caseof a uniform distribution. The minimal valuezero is be obtainedif the systemis absolutely
certainaboutthestateof thecorrespondingcell. Thus,if we wantto minimizetheuncertaintyin thecurrentmap,all
we needto do is to reducethe entropy of the histogramsin the coveragemap.Furthermore,we canspecify, when
theexplorationtaskhasbeencompleted.Supposetheenvironmentis of limited size.Thenthegoalof theexploration
processfor a coveragemapc hasbeenachievedif H (h(cl )) < � for all cellscl 2 c thatcanbereachedby therobot
or if the posteriordoesnot changeany more.To take into accountthe accuracy of the informationprovidedby the
sensorwecomputetheexpectedinformationgainwhich is theexpectedchangeof entropy giventhattherobotobtains
ameasurementat acertainlocationin themap.

For a givencell cl andmeasurementd, theinformationgainis de�ned as:

I (h(cl ) j d) = H (h(cl )) � H (h0
d(cl )) : (7)

Hereh0
d(cl ) is thehistogramof cell cl afterintegratingmeasurementd accordingto oursensormodel.Theinformation

gainof ameasurementis thencomputedasthesumof theinformationgainsfor all cellscoveredby thatmeasurement.
Sincewe do not know which measurementwe will receive if therobotscanstheenvironmentat a certainpositionl ,
wehave to integrateoverall possiblemeasurementsto computetheexpectedinformationgainfor thatview-point:

E [I (l )] =
X

d

p(d j c) �
X

ci 2 C ( l;d )

I (h(ci ) j d): (8)

Here C(l ; d) is the set of cells coveredby a measureddistanceof d from location l . To ef�ciently computethe
likelihoodof an observationp(d j c) we apply a ray-tracingtechniquesimilar to MoravecandElfes [14] usingthe
currentmaximumlikelihoodcoveragemap.

In extensiveexperimentswe �gured out thatanapproachthatpurelyrelieson theinformationgainedatparticular
vantagepointsusuallyminimizesthenumberof measurementsneededto learna map,it hasthemajordisadvantage
that it doesnot take into accountthe overall path lengthof the resultingtrajectory. On the otherhand,the popular
strategy, which guidesthe robot to the closestunexploredpoint, minimizesthe lengthof the trajectorytraveledby
therobotbut increasesthenumberof necessarymeasurements.Thestrategy usedby our robot thereforecomputesa
tradeoff betweentheutility of vantagepointsL andthecostsdc(l ; x) of reachingthem:

lnext = argmax
l 2 L

�
� �

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

� (1� � ) �
dc(l ; x)

maxl 02 L dc(l0; x)

�
: (9)

This way it combinestheadvantagesof both. It reducesthe distanceto be traveledby the robot andthenumberof
measurementsnecessaryto achieve thedesiredlevel of certainty. Pleasenotethatby adaptingtheweight � theuser
caneasilyin�uence thebehavior of a robotandoptimizetherobot's performancefor a specialtask.A valuecloseto
zeroresultsin a greedybehavior. A valuecloseto 1, in contrastleadto a strategy thatonly considerstheinformation
gain.A moredetaileddiscussionaboutdifferentexplorationstrategiesandtheir prosandconscanbefoundin [15].



5 Experimental Results
Our techniquesdescribedabove have beenimplementedandevaluatedusingdatagatheredwith a real robot andin
simulationruns.In our experimentstheuseof coveragemapshasshown anadvantageoverstandardoccupancy grids
for thedecisionaboutwhich locationsneedfurtherconsideration.Whentherobothasto actively control its motions
in orderto acquireall relevant informationnecessaryto generatean accuratemap,theuncertaintyrepresentationis
of outmostimportance.The experimentsdescribedin this sectionare designedto illustrate that coveragemapsin
combinationwith our sensormodel can be usedto learn high-quality maps.They furthermoreillustrate that they
facilitatea decision-theoreticcontrolof the robotduringexplorationfor generatinghighly accuratemapswith noisy
sensors.

Fig.4. The left two imagesshow photographstaken within the corridor of our of�ce environment.The right imagedepictsa
coveragemaplearnedby Albert usingits ultrasoundsensorsin this environment.

5.1 Mapping with NoisySensors
The�rst experimentis designedto illustratethatweobtainhighly accuratecoveragemapsusingour sensormodel.In
this realworld experimentweusedsonardatagatheredwith ourmobilerobotAlbert in ourof�ce environment.Albert
traveledalongthecorridorandenteredthreeroomsof our lab. Theleft two imagesof Figure4 show picturesof this
environment.As canbe seen,therearelots of glasspaneswhich arehardto mapwith ultrasoundsbecauseof their
smoothsurface.Theresultingcoveragemapis shown in thethird imageof Figure4. We would like to emphasizethat
evensmallerdetailssuchasthenarrow pillars at thewalls arevisible in theresultingmap.Theresolutionof this map
is 10cm.

5.2 Advantageover ScanCounting
The next experimentis designedto illustrate that an approachwhich considersthe uncertaintyin the belief about
the coverageof a cell to selectview-points yields more accuratemapsthan techniquesrelying on scancounting
approaches.Scancountingtechniquesstorefor eachcell thenumberof timesit hasbeeninterceptedby ameasurement.
Severalexplorationtechniques[2, 6, 19] assumethataplaceisexploredif it hasbeenscannedonce.Thisis problematic
especiallywhenthe underlyingsensorsarenoisy. Figure5 (left image)shows a typical occupancy grid mapof our
laboratoryenvironmentobtainedfrom realsonardataandusingthis approach.Sincetheexplorationprocessstopsas
soonasall reachablelocationswereinterceptedby ameasurement,many cellsof theresultingoccupancy maphavea
highuncertainty(seetablein Figure5). This is dueto thehighamountof sensornoisethatis inherentto sonarsensors.
On the otherhand,if we useour approachandconsidertheuncertaintyin the coverageof individual cells to select
view-points,theresultingmapsaremoreaccurate(seeFigure3, left image).

Obviously, astraightforwardextensionof thescancountingwouldbeto assumethateachcell hasto becoveredn
timesandnot only once.We appliedthis techniqueto thesamedataasusedabove and�gured out that theresulting
maplooksverysimilar to thecoveragemap.But still, theuncertaintyaboutthestateof theenvironmentis higher. This
is illustratedby thevaluesgivenin thetablein Figure5. Theright columnof this tablecontainsthepercentageof cells
in c for which theentropy exceedsthegiventhreshold.Pleasenote,thatin thisexperimentweadditionallydiscounted
longer beamsin order to accountfor the fact that rangesensorsprovide fewer information for distantplaces.As
this experimentdemonstrates,evenextendedscancountingdoesnot guaranteethat in theendevery cell is explored
well enough.Typically, somecellswill bemeasuredtoo often,othersnot oftenenough.Anotherquestionis, how do
determinethevalueof n. In practice,agoodcandidateis themaximumnumberof measurementsnecessaryto obtaina
coveragemapthatful�lls theentropy thresholdcriterion.We performedaseriesof simulationrunsandfoundout that
if morethanapproximately85% of thecells ci shouldhold H (h(ci )) < � = 0:65, a decision-theoreticexploration
strategy yields shortertrajectoriesthanextendedscancounting(seetablein Figure5). For thesake of brevity these
experimentsarenotpresentedhere.For a morecomprehensivedescriptionwe would like to referthereaderto [15].

6 Conclusions
In this paperwe introducedcoveragemapsasa new representationschemefor grid-basedmapsbuilt with mobile
robotsfrom sensordata.Coveragemapsstorein eachcell a posterioraboutthecoverageof thatcell. This way they



technique pathlengthjf ci j H (h(ci )) > � gj

coveragemaps 89:1m 0%
counting(n = 1) 26:6m 21%
counting(n = 50) 90:6m 1:5%
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Fig.5. The top left imagedepictsanoccupancy grid mapobtainedwith scancounting(n = 1). The tableshows thepathlength
andnumberof cellswith highentropy for differentexplorationstrategiesin thisenvironment.Theright imagedepictstheresulting
pathlengthfor scancountingobtainedusinga simulator. Thecrossshows theaveragepathlengthwhenusingcoveragemaps.

offers the opportunityto reasonaboutthe uncertaintyof the robot abouteachparticularpoint in the environment.
We alsodevelopeda sensormodeldesignedto updatecoveragemapsuponsensoryinput. Finally, we presenteda
decision-theoreticapproachto guidea vehicleduringexploration.

Thetechniquehasbeenimplementedandevaluatedin extensivesimulationrunsandin realworld experiments.The
experimentsillustratethatby usingcoveragemapsit is possibleto build accuratemaps.Additionally they demonstrate
thatcoveragemapscanbeusedto controla robot in orderto obtainmapsnot exceedinga givenlevel of uncertainty
which is auxiliaryespeciallyif therobotpossessesnoisysensorssuchasultrasounds.
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