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Abstract. Generatingnapsbelongsto the fundamentatasksof mobilerobots.In thepast,mary approachebave usedoccupang
grid mapsto representhe ervironmentduring mappingand exploration. Occupang grids, however, are basedon the assump-
tion thateachcell is eitheroccupiedor free. In this paperwe introducecoveragemapsasan alternatve way of representinghe
ervironmentof a robot. Coveragemapsstorefor eachcell of a given grid a posterioraboutthe amountthe correspondingell
is coveredby an obstacle We also presenta modelthat allows us to updatecoveragemapsuponinput obtainedfrom proximity
sensorsWe furthermoredescribehow to usecoveragemapsfor a decisiontheoreticapproacho exploration.Finally we present
experimentalresultsillustrating that coveragemapscanbe usedto ef ciently learnhighly accuratemodelsevenif noisy sensors
suchasultrasoundsreused.

1 Intr oduction

Generatingnapsis oneof thefundamentatasksof mobile robots[5, 8, 9, 13, 17]. Many successfutobotic systems
usemapsof the ervironmentto performtheir tasks.The questionsof how to represenervironmentsand how to
acquiremodelsusingthis representatiothereforeis an active researcharea.Throughouthis paperwe focuson the
problemof how to representhe ervironmentof a mobile robot, of how to updatethe mapwheneer new sensory
input arrives,andof how to guidethe vehicleto ef ciently build accuratemaps.In particularwe introducecoverage
mapsasa new probabilisticway to representhe belief of the robotaboutthe stateof the environment.In contrasto
occupang grids[13], in which eachcell is consideredseitheroccupiedor free,coveragemapsrepresenin eachcell
of a givendiscretizationa posterioraboutthe amountthis cell is coveredby an object. As an exampleconsiderthe
situationdepictedin the left imagesof Figure 1 in which a cell is partly coveredby an obstacle With the standard
occupany algorithmthe probability thatthis cell is occupiedwill corvergeto 1 if the sensorof the robotrepeatedly
detectthe obstacle.The top left pictureof this gure shows the resultingoccupang probabilities(black represents
high likelihoodthatthe cell is occupied) Sincethe objectdoesonly cover 20% of this cell, a coveragevalueof :2 (as
shawvn in the lower left imageof Figure 1) would be a betterapproximationof the true situation.In additionto the
representatiomspectwe alsopresenta sensomodelthat allows the robot to appropriatelyupdatea coveragemap
uponsensorynputanddescribehow coveragemapscanbeusedto realizea decision-theoretiapproacho exploration
of unknown ervironments.
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Fig. 1. Typicaloccupang mapobtainedn situationsn whichcellsareonly partly occupiedtop left) andacoveragemapcontaining
the correspondingoveragevalues(lower left). The coverageposteriorfor the cell containingthe obstacledepictedin the right
image.
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Explorationis thetaskof guidingavehicleduringmappingsuchthatit coversthe environmentwith its sensorsin
additionto the mappingtask,ef cient explorationstratgjiesarealsorelevantfor surfaceinspection mine sweeping,
or suneillance[3, 11]. In the past,several stratgjiesfor explorationhave beendeveloped.A populartechniquefor
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explorationis to extract frontiers betweenknown andunknawvn areag2, 6, 19] andto visit the nearestunexplored
place.RecentlyKoenigetal. [10] have shovn thatsucha stratey, which guidesthevehicleto the closestunexplored
point, keepsthe traveled distancereasonablysmall. Most approachespplying sucha techniquesolely distinguish
betweenscannedand un-scannedreasand do not take into accountthe actualinformation gatheredat eachview-
point. To overcomethis limitation, Gonzaleset al. [7] determinethe amountof unseerareathat might be visible to
the robot from possibleview-points. To incorporatethe uncertaintyof the robot aboutthe stateof the ervironment
Mooreheackt al. [12] aswell asBourgaultet al. [1] useoccupang grids[14] and computethe entrogy of eachcell
in the grid to determinethe utility of scanningirom a certainlocation. Whaiteand Ferrie [18] presentan approach
that also usesthe entrogy to measurethe uncertaintyin the geometricstructureof objectsthat are scannedwith a
laserrangesensorin contrastto the work describedherethey usea parametricrepresentatiorf the objectsto be
scannedAdditionally, several researchergocus on the problemof simultaneoudocalizationand mappingduring
exploration[1, 4, 5], anaspecthatwe do not addressn this paper

Thispaperis organizedasfollows. In thenext sectiorwe introducecoveragemapsin Section3 we presentisensor
modelthatallows usto updatea givencoveragemapuponsensoninput. In Sectiord we describeadecision-theoretic
approacho explorationbasedon coveragemaps.Finally, we presentexperimentsillustrating the variousproperties
of our approachWe presentaccuratenapslearnedby a realrobotanddiscusghe advantage®f our techniqueover
existing approaches.

2 CoverageMaps

As alreadymentionedhbore,occupanyg gridsrestontheassumptionhattheenvironmenthasbinarystructurej.e. that
eachgrid cell is eitheroccupiedor free. This assumptionhowever, is not alwaysjusti ed. For example,if the ervi-
ronmentcontainsawall thatis not parallelto thex- or y-axisof thegrid theremustbegrid cellswhich areonly partly
covered.In occupang gridsthe probabilitythatsuchcellsareoccupiedwill inevitably corvergeto one(seeFigurel).
Coveragemapsovercomethis limitation by storingfor eachcell a posterioraboutits coverage Coveragevaluesrange
from 0to 1. Whereasa coverageof 1 meanghatthecellis fully occupiedanemptycell hasa coverageof 0. Sincethe
robotusuallydoesnot know thetrue coverageof agrid cell it maintainsa probabilistichelief p(c,) aboutthe coverage
of the cell ¢. In principle, thereare differentways of representing(c;). They rangefrom parametricdistributions
suchas(mixturesof) Gaussiansr non-parametrizariantssuchashistogramsThroughouthis papemwe assumehat
eachp(q) is givenby a histogramover possiblecoveragevalues.More precisely we storea histogramfor eachgrid
cell, whereeachbin containsthe probabilitythatthe correspondingyrid cell hasthe particularcoverage.

In the beginning of the explorationtaskall cells are typically initialized using a equaldistribution in orderto
representhe maximumuncertaintyaboutthe actualstateof the cell. The right imageof Figure 1 shaws a typical
coverageposterionwe frequentlyobtainfor partly coveredcells. Sucha scenarids depictedn thelower left imageof
this gure. In contrasto occupanyg grids (top left image)theresultingmaprepresentshe situationmorepreciselyn
thenext Sectionwe describehow we canupdatethosecoveragemapsbasedn sensoryinput.

3 Updating CoverageMaps upon Sensorylnput

To updatea coveragemapbasedon sensoryinput, we apply a Bayesianupdateschemesimilar to that of occupang
grids.Throughouthis papemwe assumehatour sensoprovidesdistancenformation.Accordingly, we have to corvert
the distanceinformationto coveragevalues.Whatwe needto know is the coveragemapc thathasthe highestlike-
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Next we needto know how to determinethe likelihoodp(d; j ) of measuringd; giventhe mapc. Again we apply
Bayesrule andobtain:
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Equation(2) is obtainedby assuminghatp(c) is constanandthat = p(d;) is constanfor everyt. Thevariables
and Crepresenhormalizationconstant@nsuringhattheleft-handsidesumsupto oneoverall c. We assumehatthe
individual cells of a coveragemapareindependentThis assumptionis frequentlyusedin the contet of occupang



maps.We wouldlik e to referto arecentwork by Thrun[16] on how to betterdealwith thedependengbetweercells.
We nally obtain:

0 0

p(cijd) = p(ci j di): 3)
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Thus, to updatea map given a measurement; we simply have to multiply the currentbelief aboutthe coverage

of eachcell ¢ by the belief aboutthe coverageof this cell resultingfrom d;. Additionally the maximumlik elihood

coveragemapis obtainedoy choosinghe modeof the coveragehistogramfor eachcell ¢, . It remaingto describenow

we actuallycomputep(c j d;), i.e. how we determinghe distribution aboutthe potentialcoveragevaluesof a cell ¢

with distanced' to thesensogivenameasuremertd,. In our currentsystemwe usea mixtureof aGaussiaN (; )

andauniformdistribution to computethe probabilityp(c; = x j d;) thatthe coverageof ¢ is x:
pa=xjd) = (djd)+ N( (d d); (d;d);%): 4)

The value of the uniform distribution is computedusingthe function (d'; d;) which increasesnonotonouslyin d'
andd. It re ects atypicalbehaior of proximity sensordik e sonarspecauseheaccurag of ameasuremerdecreases
with thedistanceo theobstacleThemean (d'  d) of the Gaussiaris computedn the following way:
8
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with a grid resolutionof r. Note thatwe distinguishthreesituations dependingon whetherthe measuremergndsin
¢ or not. Supposehatthe measuremerdoesnot endin ¢; andthe distanced' is shorterthand. In this casewe have
d d< 5. In suchasituation themeanof the Gaussiaris zero,sinceit is morelik ely thata cell coveredby arange
measuremerthatdoesnot endin it is completelyempty The secondine of Equation(5) representshe situationin
which d endswithin ¢ . In this casethe meanis inverseproportionalto the amountthe cell is coveredby d. Finally,
cellslying up to 20cm behinda cell, in which the measuremengnds,are mostlikely completelyoccupiedso that
the meanis 1. The value of the standarddeviation (d';d) of the Gaussiaris alsoa function thatis monotonously
increasingn d' andd exceptwhenjd'  dj < 5. In thisrange (d'; d) hasa constanwaluethatexceedsall values
outsideof thisinterval.
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Fig.2. Theright imagedepictsthe B21r robotAlbert usedto carry out the experiments Albert is equippedvith a SICK PLSlaser
rangesensorand 24 ultrasoundsensorsThe left pictureshavs our sensomodelP (¢, = x | d) for Albert's ultrasoundsensors
(herefor ameasuredlistanced = 100cm).

To obtainthe optimal parametergor the variousfunctionsin our sensomodel (seeEquation(4)) we apply the
maximumlik elihood principle. We useddatasetsrecordedwith our B21r robot Albert, depictedin Figure2, in our
departmenbuilding. We thencomparedhe resultingmapswith a ground-truthmap obtainedby applyinga highly
accuratescan-alignmenprocedurd9] on the laserrangeinformationandby manuallyextractinggeometricobjects
from this data.Given thesegeometricprimitiveswe can easily computethe exact coverageof eachcell of a given
discretizationby straightforward geometricoperationsWe evaluatea particularsetof parameterdy computingthe
likelihoodof the groundtruth mapgiventhe correspondingoveragemap.We applylocal searchtechniquedo deter
mine a parametesettingthatmaximizesthelik elihoodof the groundtruth map.

The right imageof Figure 2 depictsa fraction of the resultingsensormodel P (¢, = x j d) for a distanceof
d = 100cm for the ultrasoundsensor®f our robot. As the plot illustrates for ameasuredlistanceof 1m, cellsclose
to therobotarewith high likelihoodunoccupiedHowever, cells closethe measuredlistancearecoveredwith a high
likelihood. The maximumlik elihood coveragemapobtainedwith this modelis showvn in theleft imageof Figure3.



Thesizeof theervironmentis 17 2:6m? andtheresolutionof the herepresentednapis 5cm. Theimagealsoshovs
thetrajectoryof therobotduring the explorationtask. The right imageof this gure shavsthe groundtruth map.As
canbeseenfrom the gure, thesimilarity betweerthe learnedmapandthegroundtruth is quite high.

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

4 Exploration with CoverageMaps

Oneof thekey problemsduringexplorationis to chooseappropriaterzantagepoints.Iln generaktherearetwo different
aspectshatarerelevant.Ontheonehand theuncertaintyof therobotin themapshouldbe assmallaspossibleandon
theotherhand,the numberof measurement® beincorporatedaswell asthe distanceraveledshouldbe minimized.
Coveragemapsare well-suitedto supporta decision-theoreti@pproacho exploration. To determinethe uncer
taintyin thestateof aparticularcell we consideitheentrogy of theposteriorfor thatcell. Entropy is ageneraimeasure

X
H(h) = p(hi) logp(hi): (6)

i=1
H is maximalin caseof a uniform distribution. The minimal value zerois be obtainedif the systemis absolutely
certainaboutthe stateof the correspondingell. Thus,if we wantto minimizethe uncertaintyin the currentmap,all
we needto do is to reducethe entrofy of the histogramsn the coveragemap. Furthermorewe canspecify when
the explorationtaskhasbeencompleted Supposehe environmentis of limited size. Thenthe goal of the exploration
procesdor a coveragemapc hasbeenachievedif H (h(c)) < for all cellsc 2 cthatcanbereachedy therobot
or if the posteriordoesnot changearny more. To take into accountthe accurag of the information provided by the
sensowe computethe expectednformationgainwhichis theexpectedchangeof entropy giventhattherobotobtains
ameasuremerdt a certainlocationin themap.

For agivencell ¢, andmeasuremerd, theinformationgainis de ned as:

I(h(g)jd) = H(h(a)) H(h3(a)): ()

Hereh§(c) is thehistogranof cell ¢ afterintegratingmeasuremert accordingo our sensomodel.Theinformation
gainof ameasuremeris thencomputedasthe sumof theinformationgainsfor all cellscoveredby thatmeasurement.
Sincewe do not know which measuremenwe will recevve if therobotscanghe ervironmentat a certainpositionl,
we have to integrateover all possiblemeasurement® computethe expectednformationgainfor thatview-point:

X

X
E[N(N] = p(dj o) I(h(c)) j d): (8)

d ci2c(ld)

Here C(I;d) is the setof cells coveredby a measuredistanceof d from location|. To efciently computethe
likelihoodof anobsenationp(d j ¢) we apply a ray-tracingtechniquesimilar to Moravec and Elfes [14] usingthe
currentmaximumlik elihoodcoveragemap.

In extensie experimentsve gured outthatanapproachhatpurelyreliesontheinformationgainedat particular
vantagepointsusuallyminimizesthe numberof measurementseededo learna map,it hasthe major disadwantage
thatit doesnot take into accountthe overall pathlength of the resultingtrajectory On the otherhand,the popular
stratgyy, which guidesthe robot to the closestunexplored point, minimizesthe length of the trajectorytraveledby
therobotbut increaseshe numberof necessaryneasurementd.he stratey usedby our robotthereforecomputesa
tradeof betweerthe utility of vantagepointsL andthe costsdc(l; x) of reachinghem:
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This way it combinesthe advantagesf both. It reduceghe distanceto be traveledby the robot and the numberof

measurementsecessaryo achieve the desiredlevel of certainty Pleasenotethat by adaptingthe weight the user

caneasilyin uence the behaior of arobotandoptimizetherobot's performancdor a specialtask.A valuecloseto

zeroresultsin agreedybehaior. A valuecloseto 1, in contrastieadto a strat@y thatonly considergheinformation
gain.A moredetaileddiscussioraboutdifferentexplorationstratgiesandtheir prosandconscanbefoundin [15].



5 Experimental Results

Our techniquedlescribedabove have beenimplementedand evaluatedusing datagatheredwith a real robotandin

simulationruns.In our experimentshe useof coveragemapshasshavn anadvantageover standardccupanyg grids
for the decisionaboutwhich locationsneedfurther considerationWhenthe robot hasto actively controlits motions
in orderto acquireall relevantinformationnecessaryo generatean accuratemap,the uncertaintyrepresentatioiis
of outmostimportance.The experimentsdescribedn this sectionare designedo illustrate that coveragemapsin

combinationwith our sensormodel can be usedto learn high-quality maps.They furthermoreillustrate that they

facilitate a decision-theoreticontrol of the robot during explorationfor generatinghighly accuratamapswith noisy
Sensors.

Fig.4. The left two imagesshav photographgaken within the corridor of our of ce environment. The right image depictsa
coveragemaplearnedby Albert usingits ultrasoundsensorsn this environment.

5.1 Mapping with Noisy Sensors

The rst experimentis designedo illustratethatwe obtainhighly accuratecoveragemapsusingour sensomodel.In
thisrealworld experimentwe usedsonardatagatheredvith our mobilerobotAlbertin ourof ce ervironment.Albert
traveledalongthe corridorandenteredhreeroomsof our lab. Theleft two imagesof Figure4 show picturesof this
ervironment.As canbe seentherearelots of glasspaneswhich are hardto mapwith ultrasound$ecausef their
smoothsurface.Theresultingcoveragemapis shovn in thethird imageof Figure4. We would like to emphasizéhat
evensmallerdetailssuchasthe narrow pillars atthewalls arevisible in the resultingmap.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 techniquegelying on scancounting
approachesScancountingtechniquestorefor eachcell thenumberof timesit hasbeeninterceptedy ameasurement.
Severalexplorationtechnique$2, 6, 19 assumehataplaceis exploredif it hasbeenscanneance.Thisis problematic
especiallywhenthe underlyingsensorsare noisy. Figure5 (left image)shaws a typical occupanyg grid mapof our
laboratoryervironmentobtainedfrom real sonardataandusingthis approachSincethe explorationprocesstopsas
soonasall reachabldocationswereinterceptedy a measurementnary cellsof theresultingoccupang maphave a
highuncertainty(seetablein Figure5). Thisis dueto thehighamountof sensonoisethatis inherentto sonarsensors.
On the otherhand,if we useour approachandconsiderthe uncertaintyin the coverageof individual cellsto select
view-points,theresultingmapsaremoreaccuratgseeFigure3, left image).

Obviously, a straightforvardextensionof the scancountingwould beto assumehateachcell hasto becoveredn
timesandnot only once.We appliedthis techniqueto the samedataasusedabore and gured out thattheresulting
maplooksvery similarto thecoveragemap.But still, theuncertaintyaboutthe stateof the environmentis highet This
is illustratedby the valuesgivenin thetablein Figure5. Theright columnof thistablecontainghepercentagef cells
in ¢ for whichtheentrofy exceedghe giventhreshold Pleasenote,thatin this experimentwe additionallydiscounted
longer beamsin orderto accountfor the fact that rangesensorgrovide fewer informationfor distantplaces.As
this experimentdemonstratesven extendedscancountingdoesnot guaranteghatin the endevery cell is explored
well enough Typically, somecellswill be measuredoo often, othersnot often enough Anotherquestionis, how do
determinghevalueof n. In practice a goodcandidatés the maximumnumberof measurementsecessarjo obtaina
coveragemapthatful lls theentropy thresholdcriterion.We performeda seriesof simulationrunsandfoundoutthat
if morethanapproximately85% of the cells¢; shouldhold H (h(ci)) < = 0:65, a decision-theoretiexploration
stratgyy yields shortertrajectorieshanextendedscancounting(seetablein Figure5). For the sale of brevity these
experimentsarenot presentedhere.For amorecomprehensie descriptiorwe would like to referthereadetrto [15].

6 Conclusions

In this paperwe introducedcoveragemapsas a new representatioschemefor grid-basedmapsbuilt with mobile
robotsfrom sensordata.Coveragemapsstorein eachcell a posterioraboutthe coverageof thatcell. This way they
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Fig.5. Thetop left imagedepictsan occupang grid mapobtainedwith scancounting(n = 1). Thetableshaws the pathlength
andnumberof cellswith high entroyy for differentexplorationstrateiesin this environment. Therightimagedepictstheresulting
pathlengthfor scancountingobtainedusinga simulator The crossshows the averagepathlengthwhenusingcoveragemaps.

offers the opportunityto reasonaboutthe uncertaintyof the robot abouteachparticularpoint in the ervironment.
We also developeda sensommodel designedo updatecoveragemapsupon sensoryinput. Finally, we presenteda
decision-theoretiapproacho guidea vehicleduringexploration.

Thetechniquehasbeenmplementedindevaluatedn extensive simulationrunsandin realworld experimentsThe
experimentsllustratethatby usingcoveragemapsit is possibleto build accuratenaps Additionally they demonstrate
that coveragemapscanbe usedto controlarobotin orderto obtainmapsnot exceedinga givenlevel of uncertainty
whichis auxiliary especiallyif therobotpossessesoisysensorsuchasultrasounds.
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