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Abstract— Exploration and mapping belongsto the funda-
mental tasks of mobile robots. In the past, many approaches
have usedoccupancygrid mapsto representthe environment
during the map building processOccupancygrids, however,
are basedon the assumptionthat eachcell is either occupied
or free. In this paper we intr oduce coverage maps as an
alternative way of representingthe environment of a robot.
Coverage maps store for eachcell of a given grid a posterior
about the amount the corresponding cell is covered by an
obstacle. We also presenta model that allows us to update
coverage maps upon input obtained from proximity sensors.
We furthermor e describe how to use coverage maps for
a decision theoretic approach to exploration. Finally we
presentexperimental resultsillustrating that coverage maps
can be usedto ef ciently learn highly accurate models even
if noisy sensorssuch as ultrasounds are used.

[. INTRODUCTION

Generatingmapsis one of the fundamentaltasks of
mobile robots [5, 8, 9, 16]. Many successfulrobotic
systemsuse maps of the environmentto perform their
tasks.The question®f how to represenervironmentsand
how to acquiremodelsusingthis representatiotherefore
is anactive researctarea.Throughouthis paperwe focus
on the problemof how to representhe ervironmentof a
mobile robot, of how to updatethe map whenever new
sensoryinput arrives,and of how to guide the vehicle to
efciently build accuratemaps.In particularwe introduce
coveragemapsas a new probabilistic way to represent
the belief of the robot aboutthe stateof the ervironment.
In contrastto occupang grids [13], in which eachcell
is consideredas either occupiedor free, coveragemaps
represenin eachcell of a given discretizationa posterior
about the amountthis cell is covered by an object. As
an example consider the situation depictedin the left
imagesof Figure 1 in which a cell is partly covered
by an obstacle.With the standardoccupang algorithm
the probability that this cell is occupiedwill corverge
to 1 if the sensorsof the robot repeatedlydetect the
obstacle.The top left picture of this gure shaws the
resulting occupang probabilities (black representshigh
likelihoodthatthe cell is occupied).Sincethe objectdoes
only caver 20% of this cell, a coveragevalue of :2 (as
shavn in the lower left image of Figure 1) would be a
betterapproximationof the true situation.In additionto
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Fig. 1. Typical occupang map obtainedin situationsin which cells
are only partly occupied(top left) and a coveragemap containingthe
correspondingcoveragevalues (lower left). The coverageposteriorfor
the cell containingthe obstacledepictedin the right image.

probability

the representatiomspectwe also presenta sensommodel
that allows the robot to appropriatelyupdatea coverage
map uponsensoryinput and describehow coveragemaps
can be usedto realize a decision-theoretiapproachto
exploration of unknavn ervironments.

Exploration is the task of guiding a vehicle during
mappingsuchthatit coversthe ervironmentwith its sen-
sors.In additionto the mappingtask, ef cient exploration
stratgies are also relevant for surface inspection,mine
sweeping,or surwillance [3, 11]. In the past, several
stratgiesfor explorationhave beendeveloped.A popular
techniquefor exploration is to extract frontiers between
known and unknown areas[2, 6, 18 and to visit the
nearestinexploredplace.RecentlyKoeniget al. [10] have
shavn that such a stratey, which guidesthe vehicle to
the closestunexplored point, keepsthe traveled distance
reasonablysmall. Most approachegpplying sucha tech-
nigue solely distinguishbetweenscannedand un-scanned
areasanddo not take into accountthe actualinformation
gatheredat eachview-point. To overcomethis limitation,
Gonzaleset al. [7] determinethe amountof unseenarea
that might be visible to the robot from possible view-
points. To incorporatethe uncertaintyof the robot about
the state of the ervironment Mooreheadet al. [12] as
well asBourgaultet al. [1] useoccupanyg grids [13] and
computethe entrogy of eachcell in the grid to determine
the utility of scanningrom a certainlocation. Whaiteand
Ferrie[17] presentan approactthat alsousesthe entropy
to measurethe uncertaintyin the geometricstructureof
objects that are scannedwith a laser range sensor In
contrastto the work describedherethey usea parametric
representatiomf the objectsto be scannedAdditionally,



several researcherfocus on the problemof simultaneous
localizationand mappingduring exploration[1, 4, 5], an
aspectthat we do not addressn this paper

This paperis organizedas follows. In the next section
we introducecoveragemaps.In Sectionlll we presenta
sensormodel that allows us to updatea given coverage
map upon sensoryinput. In SectionlV we describea
decision-theoretiapproacto explorationbasedon cover
agemaps.Finally, we presentexperimentsillustrating the
various propertiesof our approach.We presentaccurate
mapslearnedby a real robot and discussthe advantages
of our techniqueover existing approaches.

Il. COVERAGE MAPS

As alreadymentionedabove, occupang grids rest on
the assumptiorthat the ervironmenthasbinary structure,
i.e. that eachgrid cell is either occupiedor free. This
assumptionhowever, is not alwaysjusti ed. For example,
if the ernvironment containsa wall that is not parallel
to the x- or y-axis of the grid there must be grid cells
which are only partly covered. In occupang grids the
probability that such cells are occupiedwill inevitably
cornvergeto one (seeFigure 1). Coveragemapsovercome
this limitation by storing for eachcell a posteriorabout
its coverage Coveragevaluesrangefrom 0 to 1. Whereas
a coverageof 1 meansthat the cell is fully occupied,an
empty cell hasa coverageof 0. Since the robot usually
doesnot know thetrue coverageof a grid cell it maintains
a probabilisticbelief p(c;) aboutthe coverageof the cell
¢ . In principle, there are different ways of representing
p(c). They rangefrom parametricdistributions such as
(mixtures of) Gaussianr non-parametriovariantssuch
ashistogramsThroughouthis paperwe assumehateach
p(c) is given by a histogram over possible coverage
values. More precisely we store a histogramfor each
grid cell, whereeachbin containsthe probability that the
correspondinggrid cell hasthe particularcoverage.

In the beginning of the exploration task all cells are
typically initialized using a equaldistribution in orderto
representhe maximumuncertaintyaboutthe actualstate
of the cell. The right image of Figure 1 shavs a typical
coverageposteriorwe frequentlyobtainfor partly covered
cells. Sucha scenariois depictedin the lower left image
of this gure. In contrastto occupang grids (top left
image) the resulting map representghe situation more
precisely In the next Sectionwe describehow we can
updatecoveragemapsbasedon sensoryinput.

1. UPDATING COVERAGE MAPS UPON
SENSORY INPUT

To updatea coveragemap basedwheneer sensordata
arrives,we apply a Bayesiarupdateschemesimilar to that
of occupang grids. Throughouthis paperwe assumehat
our sensoiprovidesdistancenformation. Thus,we needa

formalismto corvertthe distanceinformationto coverage
values.Whatwe needto know is the coveragemapc that
hasthe highestiik elihoodunderall distancaneasurements

utive measurementare independengiven that we know
the mapc, we obtain:
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Next we needto know how to determinethe likelihood
p(d; j ¢) of measuringl; giventhemapc. Againwe apply
Bayesrule and obtain:
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Equation(5) is obtainedfrom Equation(4) by assuming
that p(c) is constantandthat = p(d;) is constantfor

every t. The variables and ° representnormalization
constantensuringthat the left-handside sumsup to one
over all c. We assumethat the individual cells of a cov-

eragemapareindependentThis assumptioris frequently
usedin the context of occupang maps.We would like to

referto arecentwork by Thrun[15] on how to betterdeal
with the dependeng betweencells. We nally obtain:
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Thus,to updatea mapgivena measuremerd; we simply
have to multiply the currentbelief aboutthe coverageof
eachcell ¢ by the belief aboutthe coverageof this cell
resulting from d;. Additionally the maximum likelihood
coveragemap is obtainedby choosingthe mode of the
coveragehistogramfor eachcell ¢;. It remainsto describe
how we actuallycomputep(c; j d;), i.e. how we determine
the distribution aboutthe potential coveragevaluesof a
cell ¢ with distanced' to the sensormgivena measurement
d:. In our currentsystemwe usea mixture of a Gaussian
N (; ) and a uniform distribution to computethe
probability p(c; = x j d;) thatthe coverageof ¢ is x:

pla=xjd) = (did)+

N( (d d); (d;d);x): (9)
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Fig. 2. This pictureshaws our sensomodelP (¢, = x j d) for Albert's
ultrasoundsensorgherefor a measuredlistanced = 100cm).

The value of the uniform distribution is computedusing
the function (d';d;) which increasesmonotonouslyin
d andd. It re ects a typical behaior of proximity sen-
sorslike sonars,becausehe accuray of a measurement
decreasewith the distanceto the obstacle.The mean

(d d) of the Gaussianis computedin the following
way:

8
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with a grid resolutionof r. Note that we distinguishthree
situationsdependingn whetherthe measuremergndsin
¢ or not. Supposehatthe measuremerdoesnotendin ¢
andthe distanced' is shorterthand. In this casewe have
d d< 5. In suchasituation,the meanof the Gaussian
is zero, sinceit is more likely that a cell coveredby a
rangemeasurementhat doesnot endin it is completely
empty The secondline of Equation(10) representghe
situationin which d endswithin ¢;. In this casethe mean
is inverseproportionalto the amountthe cell is covered
by d. Finally, cells lying up to 20cm behind a cell, in
which the measuremengnds,are mostlikely completely
occupiedso thatthe meanis 1. The value of the standard
deviation (d';d) of the Gaussiaris also a function that
is monotonouslyincreasingn d' andd exceptwhenjd'

dj < 5. In this range (d';d) hasa constantvalue that
exceedsall valuesoutsideof this interval.

To obtain the optimal parameterdor the variousfunc-
tionsin our sensomodel (seeEquation(9)) we apply the
maximumlik elihoodprinciple. We useddatasetsrecorded
with our B21r robot Albert, depictedin Figure 4, in
our departmenbuilding. We then comparedhe resulting
maps with a ground-truthmap obtainedby applying a
highly accuratescan-alignmenprocedurg9] on the laser
rangeinformation and by manually extracting geometric
objectsfrom this data. Given thesegeometricprimitives
we can easily computethe exact coverageof each cell
of a given discretizationby straightforvard geometric
operations.We evaluate a particular set of parameters

M

Fig. 3. Coveragemap learnedfrom ultrasounddata (left image) and
groundtruth map (right image).

by computing the likelihood of the ground truth map
given the correspondingcoverage map and apply local
searchtechniquesto determinea parametersetting that
maximizesthe likelihood of the groundtruth map.

Theimageof Figure2 depictsa fraction of theresulting
sensormodel P(¢, = x j d) for a distanceof d =
100cm for the ultrasoundsensorof our robot. As the plot
illustrates,for a measuredlistanceof 1m, cells closeto
the robot are with high likelihood unoccupied However,
cells close the measureddistance are covered with a
high likelihood. The maximum likelihood coveragemap
obtainedwith this modelis shavn in the left image of
Figure 3. The size of the ervironmentis 17 2:6m? and
the resolution of the here presentedmap is 5cm. The
image also shaws the trajectory of the robot during the
explorationtask. The right imageof this gure shows the
ground truth map. As can be seenfrom the gure, the
similarity betweenthe learnedmap and the groundtruth
is quite high.

V. EXPLORATION WITH COVERAGE MAPS

One of the key problems during exploration is to
chooseappropriatevantagepoints. In generalthere are
two differentaspectghat are relevant. On the one hand,
the uncertainty of the robot in the map should be as
small as possibleand on the other hand,the number of
measurementto be incorporatedas well asthe distance
traveled shouldbe minimized.

Coveragemapsare well-suitedto supporta decision-
theoreticapproachto exploration. To determinethe un-
certaintyin the stateof a particularcell we considerthe
entrogy of the posteriorfor thatcell. Entropy is a general
measurdor the uncertaintyof a belief. The entropy H of

de ned as:

H(h) = p(hi) logp(hi): (11)
i=1
H is maximalin caseof a uniform distribution. The min-
imal value zerois be obtainedif the systemis absolutely
certain about the state of the correspondingcell. Thus,

if we want to minimize the uncertaintyin the current
map, all we needto do is to reducethe entropy of the



Fig. 4.

The right image depictsthe B21r robot Albert usedto carry out the experiments.Albert is equippedwith a SICK PLS laserrangesensor

and 24 ultrasoundsensorsBoth imagesin the middle shav photographgaken within the corridor of our of ce environment. The right imagedepictsa
coveragemap learnedby Albert usingits ultrasoundsensorsn this environment.

histogramsin the coverage map. Furthermore,we can
specify when the exploration task has been completed.
Supposeéhe ervironmentis of limited size. Thenthe goal
of the exploration processor a coveragemap ¢ hasbeen
achiered if H(h(g)) < for all cellsg 2 c that can
be reachedby the robot. Additionally, the systemhasto
detecta situationin which the robot is unableto reduce
the entrogy of a cell belov to ensurethe termination
of the exploration task. In our systemthis is achieved
by monitoring the changeof entropy. If this changeis
below :001for ve consecutie measurementshe cell is
regardedas explored enough.

To take into accountthe accurag of the information
provided by the sensowe computethe expectedinforma-
tion gain which is the expectedchangeof entrogy given
thatthe robot obtainsa measuremenrdt a certainlocation
in the map. For a given cell ¢, and measurementl, the
informationgainis de ned as:

I(h()jd) = H(h(a)) H(h3(@): (12)

Here h9(c) is the histogramof cell ¢, after integrating
measuremend accordingto our sensomodel. The infor-
mation gain of a measurements then computedas the
sumof the information gainsfor all cells coveredby that
measuremenSincewe do not know which measurement
we will receie if the robot scansthe ervironmentat a
certain position |, we have to integrate over all possible
measurementto computethe expectedinformation gain
for that view-po)i(nt:

EONQOD] = p(djo)

d ci2c(ld)

I(h(c)jd): (13)

Here C(I; d) is the set of cells covered by a measured
distanceof d from location|. To ef ciently computethe

likelihood of an obseration p(d j ¢) we apply a ray-

tracingtechniquesimilar to Moravec and Elfes [13] using

the currentmaximumlik elihood coveragemap.

In extensve experimentswe gured out that an ap-
proach that purely relies on the information gained at
particular vantagepoints usually minimizes the number
of measurementseededo learna map, it hasthe major
disadwantagethatit doesnot take into accountthe overall

pathlengthof the resultingtrajectory On the otherhand,

the popularstrat@y, which guidesthe robotto the closest
unexplored point, minimizesthe length of the trajectory

traveledby therobotbut increaseshenumberof necessary
measurementsThe stratgly usedby our robot therefore

computesa tradeof betweenthe utility of vantagepoints

L andthe costsdc(l; x) of reachingthem:

~ EfN(D]
Inext = argmax maxiez E[1 (19]
1) de(l; %) © (14)

maxjoz L de(19 x)

This way it combinesthe advantagesf both. It reduces
the distanceto be traveled by the robot and the number
of measurementsecessaryo achieve the desiredlevel of

certainty Pleasenote that by adaptingthe weight the

usercan easily in uence the behaior of a robot and op-

timize the robot's performancedor a specialtask.A value

closeto zeroresultsin a greedybehaior. A value close
to 1, in contrastleadsto a stratgy that only considers
the information gain. A more detailed discussionabout
differentthe explorationstratgiesincluding experimental
comparisonganbe found in [14].

V. EXPERIMENTAL RESULTS

Ourtechniquesiescribecabore have beenimplemented
andevaluatedusingdatagatheredwith arealrobotandin
simulationruns. In our experimentsthe use of coverage
maps has shovn an advantageover standardoccupang
grids for the decisionaboutwhich locationsneedfurther
consideration.When the robot has to actively control
its motions in order to acquireall relevant information
necessanto generatean accuratemap, the uncertainty
representations of utmostimportance.The experiments
describedin this section are designedto illustrate that
coverage maps in combination with our sensormodel
canbe usedto learn high-qualitymaps.They furthermore
illustratethat they facilitatea decision-theoreticontrol of
therobotduring explorationfor generatinghighly accurate
mapswith noisy sensors.



Fig. 5. The top image depictsa coveragemap build from recorded
sonardataat the University of WashingtonThe lower imageshavs 2%
of all sonarscansusedto build the map above and illustratesthe high
noisein the measuremendata.

A. Mappingwith Noisy Sensaos

The rst experimentis designedto illustrate that we
obtain highly accuratecoverage maps using our sensor
model. In this real world experimentwe usedsonardata
gatheredwith our mobile robot Albert in our of ce en-
vironment.Albert traveled alongthe corridor and entered
threeroomsof our lab. Thetwo middleimagesof Figure4
shaw picturesof this ervironment.As can be seen,there
are lots of glass paneswhich are hard to map with
ultrasound$ecausef their smoothsurface.Theresulting
coveragemapis showvn in theright imageof Figure4. We
would like to emphasizeéhat even smallerdetailssuchas
the narraw pillars at the walls arevisible in the resulting
map.

Another example for a coveragemap build from real
sonar data is depictedin the top image of Figure 5.
The sonardata(seelower image of the same gure) has
beenrecordedwhile the robot was controlled manually
using a joystick. Since the robot was not performingan
explorationtaskit did not enterary of the doorwaysin
this ervironment.

B. Advantaye over ScanCounting

The next experimentis designedto illustrate that an
approachwhich considersthe uncertaintyin the belief
aboutthe coverageof a cell to selectview-points yields
more accurate maps than techniquesrelying on scan
counting approachesScancounting techniquesstore for
eachcell the numberof timesit hasbeeninterceptedby
a measurementSeveral explorationtechniqueq2, 6, 18]
assumethat a place is explored if it has beenscanned
once.This is problematicespeciallywhen the underlying
sensorarenoisy Figure6 shavs atypical occupanyg grid
map of our laboratory ervironment obtained from real
sonardata and using this approach.Although this map
revealsthe structureof the ervironmentit lacks several
detailsthat are containedin the correspondingcoverage
map (seeFigure 3). Since the exploration processstops
as soonas all reachabldocationswere interceptedby a

Fig. 6. This imagedepictsan occupang grid map obtainedwith scan
counting(n = 1).

[ technique | pathlength [ jfci jH(h(c)) > gj |
coveragemaps 89:1m 0%
counting(n = 1) 26:6m 21%
counting(n = 50) 90:6m 1:5%

TABLE |
THISTABLE SHOWS THE PATH LENGTH AND NUMBER OF CELLSWITH
HIGH ENTROPY FOR DIFFERENT EXPLORATION STRATEGIES.

measurementnary cells of the resultingoccupang map
have a high uncertainty Especiallyif noisy sensorsare
usedthe robot hasto scancells multiple times. This leads
to anextensionof scancountingin which oneassumeshat
eachcell hasto be coveredn times and not only once.
A candidatevalue for n could be the maximumnumber
of measurementsecessaryor obtaininga coveragemap
thatful lls the entrogy thresholdcriterion.

To analyzethe quality of occupang mapsobtainedfor
different valuesof n we performedseveral experiments.
In theseexperimentswe additionally discountedlonger
beamsin orderto accountfor the fact that rangesensors
provide fewer information for distantplaces.The results
for n = 1 andn = 50 (in practicalexperimentswe found
thatn = 50 yields coveragemapsthattypically ful Il the
entropy criterion for ultrasoundsensors)re summarized
in Table I. The right column of this table containsthe
percentageof cells in ¢ for which the entrofy exceeds
the giventhreshold As canbe seenfrom the gure, more
than 20% of the cells do not ful Il the entrogy criterion
if n = 1. In the caseof n = 50 still 1:5% of the cells
are above this threshold.In contrastto this, our approach
considerghe uncertaintyin the coverageof theindividual
cells sothattheresultingmapsare moreaccurateAs this
experiment demonstratesgven extended scan counting
doesnot guarantedhat in the end every cell is explored
well enough.Typically, somecells will be measuredoo
often, othersnot often enough.

To analyzetherelationshipbetweerthe overall distance
traveled andthe percentagef sufciently explored cells,
we performeda seriesof 50 simulation experiments.In
these experimentswe forced the robot to reacha scan
count of n where n varied betweenl and 130. We
countedthe numberof cells m that were explored well
enoughgiventhe entrogy criterionfor coveragemapsand
plotted the length of the overall path againstm. The
resulting graphis shavn in Figure 7. The crosson the
right side indicatesthe path length obtainedwhen using
our exploration stratgly for coveragemapswith a low
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Fig. 7. This image shawvs the resulting path length for scancounting
obtainedusing a simulator The cross shawvs the average path length
whenusing coveragemaps.

valueof (seeEquation(14)).If onerequiresthat85%or
more of the cells ¢; shouldsatisfyH (h(c)) < = 0:65,
a decision-theoreticexploration strateyy yields shorter
trajectoriesthan extendedscancounting.

VI. CONCLUSIONS

In this paperwe introducedcoveragemapsas a new
representationscheme for grid-based maps built with
mobile robots from sensordata. Coverage maps store
in eachcell a posterioraboutthe coverageof that cell.
This way they offer the opportunityto reasonaboutthe
uncertaintyof the robot abouteachparticularpoint in the
ervironment.We alsodevelopeda sensomodeldesigned
to updatecoveragemapsupon sensoryinput. Finally, we
presented decision-theoretiapproacho guidea vehicle
during exploration.

The techniguehas beenimplementedand evaluatedin
extensie simulationruns andin real world experiments.
The experimentsillustrate that by using coveragemaps
it is possibleto build accuratemaps. Additionally they
demonstratéhat coveragemapscan be usedto control a
robotin orderto obtainmapsnot exceedinga given level
of uncertaintywhich is auxiliary especiallyif the robot
possessenoisy sensorsuchas ultrasounds.
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