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Abstract

This article describesa new algorithm for acquiringoccupancy grid mapswith mobile

robots.Existingoccupancy grid mappingalgorithmsdecomposethehigh-dimensionalmap-

ping probleminto a collectionof one-dimensionalproblems,wheretheoccupancy of each

grid cell is estimatedindependently. This inducescon�icts that may leadto inconsistent

maps,evenfor noise-freesensors.This articleshows how to solve themappingproblemin

theoriginal,high-dimensionalspace,therebymaintainingall dependenciesbetweenneigh-

boringcells.As aresult,mapsgeneratedby ourapproachareoftenmoreaccuratethanthose

generatedusingtraditionaltechniques.Our approachrelieson a statisticalformulationof

themappingproblemusingforwardmodels.It employs theexpectationmaximizationalgo-

rithm for searchingmapsthatmaximizethelikelihoodof thesensormeasurements.

1 Intr oduction

In the past two decades,occupancy grid mapshave becomea dominantparadigmfor envi-

ronmentmodelingin mobilerobotics.Occupancy grid mapsarespatialrepresentationsof robot

environments.They representenvironmentsby �ne-grained,metricgridsof variablesthatre�ect

theoccupancy of theenvironment.Onceacquired,they enablevariouskey functionsnecessary

for mobilerobotnavigation,suchaslocalization,pathplanning,collisionavoidance,andpeople

�nding.

The basicoccupancy grid mapparadigmhasbeenappliedsuccessfullyin many different

ways. For example,somesystemsusemapslocally, to plan collision-freepathsor to identify

environmentfeaturesfor localization[1, 10, 19, 20]. Others,suchasmany of thesystemsde-

scribedin [11, 23], rely onglobaloccupancy grid mapsfor globalpathplanningandnavigation.
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Figure 1: A setof noise-freesonarmeasurementsthata robotmayreceive while passinganopendoor. While the

measurementsareperfectlyconsistent,existing occupancy grid mapsinducea con�ict in the door region, where

shortandlongsensorconesoverlap.Thisarticlepresentsamethodthatovercomesthisproblem.

Occupancy mapshavebeenbuilt usingsonarsensors[15,26], laserrange�nders [23], andstereo

vision [3, 16, 17]. While mostexisting occupancy mappingalgorithmsusetwo-dimensional

maps,someactuallydevelop three-dimensional,volumetricmaps[16]. Variousauthorshave

investigatedbuilding suchmapswhile simultaneouslylocalizingtherobot[4, 23,27] andduring

robotexploration[5, 21,22, 26]. Someauthorshave extendedoccupancy grid mapsto contain

enrichedinformation,suchasinformationpertainingto the re�ective propertiesof thesurface

materials[9]. Occupancy grid mapsarearguablythemostsuccessfulenvironmentrepresenta-

tion in mobileroboticsto date[11].

Existing occupancy grid mappingalgorithmssuffer a key problem. They often generate

mapsthatareinconsistentwith thedata,particularlyin clutteredenvironments.Thisproblemis

dueto thefactthatexisting algorithmsdecomposethehigh-dimensionalmappingprobleminto

many one-dimensionalestimationproblems—onefor eachgrid cell—which are then tackled

independently. Theproblemis commonin environmentslike theoneshown in Figure1, where

amoving robotpassesbyanopendoor. Underconventionaloccupancy gridmappingalgorithms,

thesonarmeasurementsarecon�icting with oneanotherin theregion of thedoorway—which

oftenleadsto thedoorwaybeingclosedin the�nal map.

Figure2 illustratestheproblemgraphically. In diagram(a),apassingrobotmightreceivethe

(noise-free)rangemeasurementsshown in diagram(b). Inversesensormodelsmapthesebeams

into probabilisticmaps.This is doneseparatelyfor eachgrid cell andeachbeam,asshown in

diagrams(c) and(d). Combiningbothinterpretationsmayyield amapasshown in diagram(e).

Obviously, thereis acon�ict in theoverlapregion,indicatedby thecirclesin thisdiagram.Such

con�icts areusuallyaccommodatedby averaging.Theinterestinginsight is: Thereexist maps,

suchastheonein diagram(f), which perfectlyexplainsthesensormeasurementswithout any

2



�� �� �

� ��

FRQIOLFW

��

(a) (b) (c)

(d) (e) (f)

Figure 2: The problemwith currentoccupancy grid mappingalgorithms:For the environmentshown in Figure

(a), a passingrobot might receive the (noise-free)measurementshown in (b). Inversesensormodelsmapthese

beamsinto probabilisticmaps.This is doneseparatelyfor eachgrid cell andeachbeam,asshown in (c) and(d).

Combiningbothinterpretationsmayyield amapasshown in (e). Obviously, thereis acon�ict in theoverlapregion,

indicatedby thecirclesin (e). The interestinginsight is: Thereexist maps,suchastheonein diagram(f), which

perfectlyexplainthesensormeasurementwithoutany suchcon�ict. For asensorreadingto beexplained,it suf®ces

to assumeanobstaclesomewhere in theconeof ameasurement,andnoteverywhere.Thiseffect is capturedby the

forwardmodelsdescribedin thisarticle.

suchcon�ict. This is becausefor asensorreadingto beexplained,it suf�ces to assumeanobsta-

clesomewhere in its measurementcone.Putdifferently, thefactthatconessweepover multiple

grid cells inducesimportantdependenciesbetweenneighboringgrid cells. A decompositionof

themappingprobleminto thousandsof binaryestimationproblems—asis commonpracticein

theliterature—doesnotconsiderthesedependenciesandthereforemayyield suboptimalresults.

While this considerationusessonarsensorsas motivating example, it is easily extended

to certainother sensortypesthat may be usedfor building occupancy maps,suchas stereo

vision [17]; it is, however, lessapplicableto laserrange�nders, dueto their relatively small

angularperceptual�eld. Thisarticlederivesanalternativealgorithm,whichsolvesthemapping
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problemin theoriginal,high-dimensionalspace[24]. In particular, ourapproachformulatesthe

mappingproblemasamaximumlikelihoodproblemin ahigh-dimensionalspace,oftenwith tens

of thousandsof dimensions.The estimationis carriedout usingthe expectationmaximization

algorithm(in short:EM) [6], which is a popularstatisticaltool. A key featureof our approach

is that it relieson forwardprobabilisticmodelsof sensors,which modelthephysicsof sensors.

This is in contrastto the literatureon occupancy grid mapping,which typically usesinverse

modelsfor interpretingsensormeasurements.To obtaina probabilisticmapwith uncertainty,

we calculatemarginalsof the occupancy probability of eachgrid cell conditionedon the map

foundby EM. Empiricalresultsshow thatourapproachyieldsconsiderablymoreaccuratemaps.

2 OccupancyGrid Mapping with InverseModels

This sectionestablishesthe basicmathematicalnotationandderivesthe basicoccupancy grid

mappingapproach[7, 14, 16]. Standardoccupancy methodsarecharacterizedby two algorith-

mic choices:

1. They decomposethe high-dimensionalmappingprobleminto many binary estimation

problems,whicharethensolvedindependentlyof eachother.

2. They rely on inversemodelsof the robot's sensorswhich reasonsfrom sensormeasure-

mentsto maps(oppositeof thewaysensordatais generated).

As discussedin the introductionto this article, this decompositioncreatescon�icts even for

noise-freedata. Techniquessuchas Bayesianreasoningare then employed to resolve these

con�icts. We view this approachascomputationallyelegant but inferior to methodsthat treat

themappingproblemfor whatit is: A problemin ahighdimensionalspace.

Let m be theoccupancy grid map. We usemx;y to denotetheoccupancy of thegrid cell with

index hx; yi . Occupancy grid mapsareestimatedfrom sensormeasurements(e.g.,sonarmea-

surements).Let z1; : : : ; zT denotethe measurementsfrom time 1 throughtime T, alongwith

theposeatwhich themeasurementwastaken(which is assumedto beknown). For example,zt

might bea sonarscananda three-dimensionalposevariable(x-y coordinatesof therobotand

headingdirection). Eachmeasurementcarriesinformationaboutthe occupancy of many grid

cells. Thus,theproblemaddressedby occupancy grid mappingis theproblemof determining

theprobabilityof occupancy of eachgrid cell m giventhemeasurementsz1; : : : ; zT :

p(m j z1; : : : ; zT ) (1)
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Mapsarede�ned overhigh-dimensionalspaces.Therefore,thisposteriorcannotberepresented

easily. Standardoccupancy grid mappingtechniquesdecomposethe probleminto many one-

dimensionalestimationproblems,which aresolved independentlyof eachother. Theseone-

dimensionalproblemscorrespondto estimationproblemsfor the individual cells mx;y of the

grid:

p(mx;y j z1; : : : ; zT ) (2)

For computationalreasons,it is commonpracticeto calculatetheso-calledlog-oddsof p(mx;y j

z1; : : : ; zT ) insteadof estimatingtheposteriorp(mx;y j z1; : : : ; zT ). The log-oddsis de�ned as

follows:

lT
x;y = log

p(mx;y j z1; : : : ; zT )
1 � p(mx;y j z1; : : : ; zT )

(3)

Thelog-oddscantakeonany valuein < . Fromlog-oddsl T
x;y de�ned in (3), it is easyto “recover”

theposterioroccupancy probabilityp(mx;y j z1; : : : ; zT ):

p(mx;y j z1; : : : ; zT ) = 1 � [elTx;y ]� 1 (4)

Thelog-oddsatany point in time t is estimatedrecursively via Bayesrule,appliedto theposte-

rior p(mx;y j z1; : : : ; zt ):

p(mx;y j z1; : : : ; zt ) =
p(zt j z1; : : : ; zt � 1; mx;y ) p(mx;y j z1; : : : ; zt � 1)

p(zt j z1; : : : ; zt � 1)
(5)

A commonassumptionin mappingis thestaticworld assumption, which statesthatpastsensor

readingsareconditionallyindependentgivenknowledgeof themapm, for any point in time t:

p(zt j z1; : : : ; zt � 1; m) = p(zt j m) (6)

This assumptionis valid in staticenvironmentswith a non-changingmap. It will alsobemade

by our approach.However, by virtue of the grid decomposition,occupancy grid mapsmake

a muchstrongerassumption:They assumeconditionalindependencegivenknowledgeof each

individualgrid cell mx;y , regardlessof theoccupancy of neighboringcells:

p(zt j z1; : : : ; zt � 1; mx;y ) = p(zt j mx;y ) (7)

This is an incorrectassumptioneven in staticworlds, sincesensormeasurements(e.g.,sonar

cones)sweepovermultiplegrid cells,all of whichhaveto beknown for obtainingindependence.
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However, this conditionalindependenceassumptionis convenient. It allows us to simplify (5)

to:

p(mx;y j z1; : : : ; zt ) =
p(zt j mx;y ) p(mx;y j z1; : : : ; zt � 1)

p(zt j z1; : : : ; zt � 1)
(8)

Applying Bayesrule to thetermp(zt j mx;y ) givesus:

p(mx;y j z1; : : : ; zt ) =
p(mx;y j zt ) p(zt ) p(mx;y j z1; : : : ; zt � 1)

p(mx;y ) p(zt j z1; : : : ; zt � 1)
(9)

Thisequationcomputestheprobabilitythatmx;y is occupied.

A completelyanalogousderivation leadsto theposteriorprobability that thegrid cell mx;y

is free.Freenesswill bedenoted�mx;y :

p( �mx;y j z1; : : : ; zt ) =
p( �mx;y j zt ) p(zt ) p( �mx;y j z1; : : : ; zt � 1)

p( �mx;y ) p(zt j z1; : : : ; zt � 1)
(10)

By dividing (9) by (10),wecaneliminateseveralhard-to-computeterms:

p(mx;y j z1; : : : ; zt )
p( �mx;y j z1; : : : ; zt )

=
p(mx;y j zt )
p( �mx;y j zt )

p( �mx;y )
p(mx;y )

p(mx;y j z1; : : : ; zt � 1)
p( �mx;y j z1; : : : ; zt � 1)

(11)

This expressionis actually in the form of an oddsratio. To see,we notice that p( �mx;y ) =

1 � p(mx;y ), andp( �mx;y j �) = 1 � p(mx;y j �) for any conditioningvariable“ �”. In otherwords,

wecanre-write(11)asfollows:

p(mx;y j z1; : : : ; zt )
1 � p(mx;y j z1; : : : ; zt )

=
p(mx;y j zt )

1 � p(mx;y j zt )
1 � p(mx;y )

p(mx;y )
p(mx;y j z1; : : : ; zt � 1)

1 � p(mx;y j z1; : : : ; zt � 1)
(12)

Thedesiredlog-oddsis thelogarithmof thisexpression:

log
p(mx;y j z1; : : : ; zt )

1 � p(mx;y j z1; : : : ; zt )

= log
p(mx;y j zt )

1 � p(mx;y j zt )
+ log

1 � p(mx;y )
p(mx;y )

+ log
p(mx;y j z1; : : : ; zt � 1)

1 � p(mx;y j z1; : : : ; zt � 1)
(13)

By substitutingin thelog-oddsl t
x;y asde�ned above,wearriveat therecursiveequation:

l t
x;y = log

p(mx;y j zt )
1 � p(mx;y j zt )

+ log
1 � p(mx;y )

p(mx;y )
+ l t � 1

x;y (14)

with theinitialization

l0
x;y = log

p(mx;y )
p(1 � mx;y )

(15)
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Algorithm StandardOccGrids(Z ):

/* Initialization*/

for all grid cellshx; yi do

lx;y = logp(mx;y ) � log[1 � p(mx;y )]

endfor

/* Grid calculationusinglog-odds*/

for all timestepst from 1 to T do

for all grid cellshx; yi in theperceptualrangeof zt do

lx;y = lx;y + logp(mx;y j zt ) � log[1 � p(mx;y j zt )] � logp(mx;y ) + log[1 � p(mx;y )]

endfor

endfor

/* Recoveryof occupancy probabilities*/

for all grid cellshx; yi do

p(mx;y j z1; : : : ; zT ) = 1 �
1

elx;y

endfor

Table1: Thestandardoccupancy grid mappingalgorithm,shown hereusinglog-oddsrepresentations.

We notethat thecalculationof the log-oddscanalsobewritten in closedform, by solving the

inductionover t:

lT
x;y = (T � 1) log

1 � p(mx;y )
p(mx;y )

+
TX

t=1

p(mx;y j zt )
1 � p(mx;y j zt )

(16)

Table1 lists theresultingalgorithm.Thealgorithm�rst initializesa map,thenincorporatesthe

sensorreadingsincrementally. Finally, the desiredposteriorsarerecoveredfrom the log-odds

representationof themap.

Equations(14) and (15) are of central importancein occupancy grid mapping. As these

equationsand the algorithm shown in Table 1 suggest,only two probabilitiesare neededto

implementoccupancy gridmaps.First,theprobabilityp(mx;y ), whichis theprior for occupancy.

It is commonlysetto a valuebetween0.2 and0.5,dependingon theexpectedobstacledensity

in typical robotenvironments.

More importantis theprobability

p(mx;y j z) (17)
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which speci�estheprobabilityof occupancy of thegrid cell mx;y conditionedon themeasure-

mentz. Thisprobabilityconstitutesaninversesensormodel, sinceit mapssensormeasurements

backto its causes.Occupancy grid mapscommonlyrely on suchinversemodels.Notice that

the inversemodeldoesnot take theoccupancy of neighboringcells into account:It makesthe

crucial independenceassumptionthat the occupancy of a cell canbe predictedregardlessof a

cell's neighbors.Hereinlies a majorproblemof thestandardoccupancy approach,which leads

to thephenomenadiscussedin theintroductionto thisarticle. In fact,theproblemis commonto

anyoccupancy mappingalgorithmthatupdatesgrid cellsindependently, regardlesswhetherthe

updateis multiplicative,additive,or of any otherform.

3 OccupancyGrid Mapping with Forward Models

Thissectionpresentsouralternativeapproachto computingoccupancy grid maps.Thekey idea

is to useforwardmodelsin placeof the inversemodelsdiscussedin theprevioussection.For-

wardmodelsenableusto calculatethelikelihoodof thesensormeasurementsfor eachmapand

setof robotposes,in a way thatconsidersall inter-cell dependencies.Mapping,thus,becomes

anoptimizationproblem,which is theproblemof �nding themapthatmaximizesthedatalike-

lihood. This optimizationproblemcanbecarriedout in theoriginal high-dimensionalspaceof

all maps,hencedoesnot requirethesamedecompositioninto grid cell-speci�c problemsfound

in thestandardoccupancy grid mappingliterature.

3.1 Forward Model: Intuiti veDescription

The key ingredientof our approachis a forward model. A forward model is a generative de-

scriptionof thephysicsof thesensors.Putprobabilistically, a forwardmodelis of theform

p(z j m) (18)

wherez is asensormeasurementandm is themap.In otherwords,a forwardmodelspeci�esa

probabilitydistribution over sensormeasurementsz givena mapm. As before,we assumethat

therobotposesareknown andpartof z.

The speci�c forward modelusedin our implementationis quite simplistic. It modelstwo

basiccausesof sensormeasurements:

1. The non-random case. Eachoccupiedcell in the coneof a sensorhasa probability

phit of re�ecting a sonarbeam. If a sonarbeamis re�ected back into the sensor, the
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measurementis distortedby Gaussiannoise.Of course,thenearestoccupiedgrid cell has

the highestprobabilityof beingdetected,followed by the secondnearest,andso on. In

otherwords,thedetectionprobability is distributedaccordingto a geometricdistribution

with parameterphit , convolvedwith Gaussiannoise.

2. The random case.With probabilityprand , a sonarreadingis random,drawn from a uni-

form distribution over theentiremeasurementrange.In our simplisticsensormodel,the

possibilitythata sonarreadingis randomcapturesall unmodeledeffect, suchasspecular

re�ections,spuriousreadings,etc.

Beforeformalizingthe forwardmodel,let us illustrateit usinganexample.Figure3ashows a

mapwith threeobstacles(dark squares)anda sonarcone. Two of the obstaclesoverlapwith

thecone;theotheris irrelevant.With probabilityprand , themeasurementis random.Otherwise,

theroboteitherdetectsoneof theobstaclesor receivesa max-rangemeasurement.Theproba-

bility for detectingthenearerof thetwo obstaclesis (1� prand ) � phit ; however, with probability

(1� prand ) � (1� phit ) the robot fails to detectthe nearobstacle.It may thendetectthe second

obstacle,which will happenwith probability (1� prand ) � (1� phit ) � phit . Otherwise,its sensor

will havemissedbothobstaclesandreturnamax-rangereading,whichhappenswith probability

(1� prand ) � (1� phit )2.

For theexampleshown in Figure3a,Figure3bshows thecorrespondingprobabilitydensity

functionp(z j m). Clearlyvisible therearetwo peaksof highprobability, correspondingto both

obstaclesin thecone.Also visible is a third peakat themax-rangeof thesensor, which models

the(rare)casethatneitherobstacleis detected.Noticethat thedensityfunctionin Figure3b is

mixedwith auniformdistribution thatmodelsrandomnoise.

Clearly, sucha forward model is a simplistic approximationof the true characteristicsof

sonarsensors.More accurateforwardmodelsmight modelspecularre�ection andincorporate

surfacepropertiesin thepredictionsof returns[9]. Suchmodelswill inevitably improve accu-

racy of the resultingmaps;in fact, the notionof forward modelsmakesit possibleto bring to

bearcomplex physicalmodelof sonarsensorsthataremuchmoredif�cult to leveragein con-

ventionaloccupancy grid mappingtechniques[2]. Nevertheless,aswe shall seebelow, even

our simplistic modelyields resultsthat aresigni�cantly moreaccuratethanthoseobtainedby

conventionaloccupancy grid techniques,evenwith well-tunedinversemodels.
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Figure3: Exampleof aprobabilisticforwardmodel.Diagram(a)depictsamapwith threeobstacles(darksquares),

two of which lie in the sensorconeof a sonarsensor. Diagram(b) depictsthe probability of measuringz, for

different rangesz. The large peakin diagram(b) correspondsto the nearestobstaclein the cone. The second

(smaller)peakcorrespondsto the obstaclefurtheraway, which is only detectedif the nearobstacleis missed.If

neitherof theobstaclesis detected,thesensorreturnsa max-rangereading,which is indicatedby thepeakon the

far right. Finally, thisprobabilitydensityis mixedwith auniformdensitythatmodelsrandommeasurementerrors.

3.2 Forward Model: Formal Description

Formally, oursensormodelis amixturemodel.As before,let zt bethet-th sensormeasurement

alongwith the(known) poseof therobotwherethesensormeasurementwastaken. Let K t the

numberof obstaclesin the sensorconeof the t-th measurement.Using ray casting,onecan

calculatethedistancesto theseobstacles.Let

D t = f dt;1; dt;2; : : : ; dt;K t g (19)

denotethedistancesto theseobstaclesin increasingorder:

dt;1 � dt;2 � : : : � dt;K t (20)

Clearly, if obstaclesweredetectedreliably andwithout noise,i.e., phit = 1, the measurement

wouldbedt;1, thedistanceto thenearestobstacle.

To describethemultiplecausesof asensormeasurementszt , it is necessaryto introducenew

variables,which we will refer to ascorrespondencevariables. For eachsensormeasurement,

wede�ne K t + 2 binaryvariables:

ct = f ct; � ; ct;0; ct;1; ct;2; : : : ; ct;K t ; g (21)

Eachof thesevariablescorrespondsto exactly onecauseof themeasurementzt . If ct;k is 1 for

1 � k � K t , themeasurementis causedby thek-th obstaclein theobstaclelist D t . If ct;0 = 1,

noneof theobstaclesin thelist weredetectedandthesensorreturnsa max-rangereading.The
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randomvariablect; � correspondsto the casewherea measurementwaspurely random.Thus,

for eachmeasurementzt exactlyoneof thosevariablesis 1, all othersare0.

Eachof thesecorrespondencesde�ne a different probability distribution over the sensor

measurementszt . In the casethat the k-th obstaclein D t causedthe measurement,that is,

ct;k = 1, wehaveastraightforwardGaussiannoisevariablecenteredat therangedt;k :

p(zt j m; ct;k = 1) =
1

p
2� � 2

e� 1
2

( zt � dt;k ) 2

� 2 (22)

Here� is thevarianceof thenoise.If themeasurementis entirelyrandom,we obtaina uniform

distribution:

p(zt j m; ct; � = 1) =
1

zmax
(23)

wherezmax denotesthemaximumsensorrange.It will beconvenientto write thisprobabilityas

follows:

p(zt j m; ct; � = 1) =
1

p
2� � 2

e� 1
2 log z2

max
2� � 2 (24)

Theadvantageof thisnotationis its similarity to theGaussiannoisecase.

Finally, thesensormeasurementmightbecausedby missingall obstaclesin thecone,hence

becomesamax-rangereading.Wewill describethisby aGaussiancenteredonzmax :

p(zt j m; ct;0 = 1) =
1

p
2� � 2

e� 1
2

( zt � zmax ) 2

� 2 (25)

We cannow mergeall thesedifferentcausestogetherinto a singlelikelihoodfunction. Recall

thatct denotesthesetof all correspondencevariablesfor themeasurementzt .

p(zt j m; ct ) =
1

p
2� � 2

e
� 1

2

�
ct; � log z2

max
2� � 2 +

P K t
k =1

ct;k
( zt � dt;k ) 2

� 2 + ct; 0
( zt � zmax ) 2

� 2

�

(26)

Notice that in Equation(26), exactly oneof thecorrespondencevariablesin ct is 1. Thus,for

eachof thosepossibilities,thisequationreducesto oneof thenoisemodelsoutlinedabove.

Equation(26) calculatesthe probability of a sensormeasurementzt if its causeis known,

via thecorrespondencevariablect . In practice,we areof causenot told whatobstacle,if any,

wasdetected.Put differently, the correspondencevariablesare latent. All we have arerange

measurementszt . It is thereforeconvenientto calculatethejoint probabilityovermeasurements

andcorrespondencesct , which is obtainedasfollows:

p(zt ; ct j m) = p(zt j m; ct ) p(ct j m)

= p(zt j m; ct ) p(ct ) (27)
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Here p(ct ) is the prior over correspondences,which describeshow likely eachpossiblecor-

respondenceis. We alreadyinformally describedthe prior in the previous section,wherewe

arguedthattheprobabilityof receiving a randomreadingis prand , andtheprobabilityof detect-

ing anobstaclein thenon-randomcaseis phit for eachobstaclein thesensorcone.Putformally,

weobtain

p(ct ) =

8
>>><

>>>:

prand if ct; � = 1

(1� prand )(1� phit )K t if ct;0 = 1

(1� prand )(1� phit )k� 1phit if ct;k = 1 for k � 1

(28)

whichde�nesthemixtureuniform-geometricdistributiondiscussedabove.

3.3 ExpectedData Log-Lik elihood

To �nd the most likely map,we now have to de�ne the datalikelihood. In accordancewith

thestatisticalliterature,we will de�ne thelog-likelihoodof thedata,exploiting theobservation

thatmaximizingthelog-likelihoodis equivalentto maximizingthelikelihood(thelogarithmis

strictly monotonic).

First, let us de�ne the probability of all data. Above, we formulatedthe probability of a

singlemeasurementzt . As above,ourapproachmakesastaticworld assumption,but it doesnot

make the strongindependenceassumptionof the standardoccupancy grid mappingapproach

discussedabove. This enablesusto write the likelihoodof all dataandcorrespondencesasthe

following product:

p(Z; C j m) =
Y

t

p(zt ; ct j m) (29)

HereZ denotesthesetof all measurements(includingposes),andC is thesetof all correspon-

dencesct for all data.Thelogarithmof thisexpressionis givenby

logp(Z; C j m) =
X

t

logp(zt ; ct j m) (30)

Finally, we noticethat we arenot really interestedin calculatingthe probability of the corre-

spondencevariables,sincethoseareunobservable.Hence,we integratethoseoutby calculating

theexpectationsof thelog-likelihood:

E[logp(Z; C j m) j Z; m] (31)

HeretheexpectationE is takenover all correspondencevariables.Theexpectedlog-likelihood

of the datais the function that is being optimizedin our approach.We obtain the expected
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log-likelihoodfrom Equation(31)by substitutingEquations(30), (27),and(26),asindicated:

E[logp(Z; C j m) j Z; m]

(30)
= E

(
X

t

logp(zt ; ct j m)

�
�
�
�
�
Z; m]

)

(27)
= E

(
X

t

logp(zt j ct ; m) p(ct )

�
�
�
�
�
Z; m

)

(26)
= E

(
X

t

"

logp(ct ) + log
1

p
2� � 2

�
1
2

"

ct; � log
z2

max

2� � 2

+ ct;0
(zt � zmax )2

� 2
+

K tX

k=1

ct;k
(zt � dt;k )2

� 2

## �
�
�
�
�
Z; m

)

(32)

Exploiting thelinearityof theexpectationE, weobtain:

E[logp(Z; C j m) j Z; m]

=
X

t

"

E[logp(ct ) j zt ; m] + log
1

p
2� � 2

�
1
2

"

E[ct; � j zt ; m] log
z2

max

2� � 2

+ E[ct;0 j zt ; m]
(zt � zmax )2

� 2
+

K tX

k=1

E[ct;k j zt ; m]
(zt � dt;k )2

� 2

##

(33)

The goal of mappingis to maximizethis log-likelihood. Obviously, the mapm and the ex-

pectationsE[ct; � j zt ; m], E[ct;0 j zt ; m], andE[ct;k j zt ; m] all interact. A commonway to

optimizefunctionslike the oneconsideredhereis the expectationmaximizationalgorithm (in

short:EM) [6], whichwill bedescribedin turn. As wewill see,mosttermsin this log-likelihood

functioncanbeignoredin theEM solutionto thisproblem.

3.4 Finding Maps via EM

EM is aniterativealgorithmthatgraduallymaximizestheexpectedlog-likelihood[13, 18]. Ini-

tially, EM generatesarandommapm. It theniteratestwo steps,anE-step,andanM-step,which

standfor expectationstepandmaximizationstep, respectively. In the E-step,the expectations

over thecorrespondencesarecalculatedconditionedon a �x edmap.TheM-stepcalculatesthe

mostlikely mapbasedon theseexpectations.Iteratingbothstepsleadsto a sequenceof maps

thatperformshill climbing in theexpectedlog-likelihoodspace[13, 18].

In detail,wehave:

1. Initialization. Mapsin EM arediscrete:Eachgrid cell is eitheroccupiedor free. There

is no notionof uncertaintyin themapat this level, sinceEM �nds themostlikely map—

unlike conventionaloccupancy grid mappingalgorithms,which estimatesposteriors.In
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principle,mapscanbeinitializedrandomly. However, weobservedempiricallythatusing

entirelyunoccupiedmapsasinitial mapsworkedbestin termsof convergencespeed.

2. E-step. For a given map m andmeasurementsandposesZ , the E-stepcalculatesthe

expectationsfor thecorrespondencesconditionedonm andZ . Theseexpectationsarethe

probabilitiesfor eachof thepossiblecausesof thesensormeasurements:

et; � := E[ct; � j zt ; m]

= p(ct; � = 1 j m; zt )

=
1

p(zt j m)
p(zt j m; ct; � = 1) p(ct; � = 1 j m)

=
1

p(zt j m)
1

zmax
prand

=
1

p(zt j m)
p

2� � 2
prand

p
2� � 2

zmax

= � prand

p
2� � 2

zmax
(34)

Herewede�ned

� =
1

p(zt j m)
p

2� � 2
(35)

As we will seebelow, thevariable� is a factorin every singleexpectation.In particular,

wehave for 1 � k � K t :

et;k := E[ct;k j zt ; m]

= p(ct;k = 1 j m; zt )

=
1

p(zt j m)
p(zt j m; ct;k = 1) p(ct;k = 1 j m)

=
1

p(zt j m)
1

p
2� � 2

e� 1
2

( zt � dt;k ) 2

� 2 (1 � prand )(1 � phit )k� 1phit

=
1

p(zt j m)
p

2� � 2
(1 � prand )(1 � phit )k� 1phit e� 1

2

( zt � dt;k ) 2

� 2

= � (1 � prand )(1 � phit )k� 1phit e� 1
2

( zt � dt;k ) 2

� 2 (36)

Notice that the normalizer� is the sameasin Equation(34). Finally, we obtainfor the

correspondencevariablect;0:

et;0 := E[ct;0 j zt ; m]
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= p(ct;0 = 1 j m; zt )

=
1

p(zt j m)
p(zt j m; ct;0 = 1) p(ct;0 = 1 j m)

=
1

p(zt j m)
1

p
2� � 2

e� 1
2

( zt � zmax ) 2

� 2 (1 � prand )(1 � phit )K t

=
1

p(zt j m)
p

2� � 2
(1 � prand )(1 � phit )K t e� 1

2
( zt � zmax ) 2

� 2

= � (1 � prand )(1 � phit )K t e� 1
2

( zt � zmax ) 2

� 2 (37)

Noticethatbelow, wewill only usetheexpectationsE[ct;k j zt ; m]. However, thetheother

two expectationsareneededfor calculatingthenormalizationconstant� . In particular, �

canbecalculatedfrom (34), (36),and(37)asfollows:

� =

(

prand

p
2� � 2

zmax
+ (1 � prand )(1 � phit )K t e� 1

2
( zt � zmax ) 2

� 2

+
K tX

k=1

"

(1 � prand )(1 � phit )k� 1phit e� 1
2

( zt � dt;k ) 2

� 2

#) � 1

(38)

Thus,� is anormalizerthatis beingappliedto all correspondencevariablesat time t.

3. M-step. TheM-stepregardsall expectationsasconstantrelative to theoptimizationprob-

lem of �nding the most likely map. Substitutingin the expectationscalculatedin the

E-step,theexpectedlog-likelihood(33)becomes:

E[logp(Z; C j m) j Z; m]

=
X

t

"

const: + log
1

p
2� � 2

�
1
2

"

et; � log
z2

max

2� � 2

+ et;0
(zt � zmax )2

� 2
+

K tX

k=1

et;k
(zt � dt;k )2

� 2

##

(39)

Whendetermininganew mapm, all but thelasttermonthisexpressioncanbeomittedin

theoptimization.In particular, theonly remainingthemodelassertson theexpectedlog-

likelihoodis throughthe obstaclerangesdt;k , which arecalculatedusingthe map. This

resultsin thegreatlysimpli�ed minimizationproblem:

X

t

K tX

k=1

et;k (zt � dt;k )2 � ! min (40)
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Theminimizationof thisexpressionis performedby hill climbingin thespaceof all maps.

More speci�cally, the (discrete)occupancy of individual grid cells is �ipped whenever

doing so decreasesthe target function (40). This discretesearchis terminatedwhenno

additional�ipping canfurtherdecreasethetargetfunction.

Implementedin the straightforward way, this approachcanturn occupiedgrid cells into

unoccupiedonesin the map,but it cannotdo the opposite:turning free cells into occu-

pied one. This is becausefor free cells, the list of rangesD t lacks the corresponding

distance,andhenceno expectationis calculatedin theE-step.Our implementation,thus,

executesa “mini E-step”for any freegrid cell that is evaluatedin theM-step. This mini

E-stepinvolvessettingthecell temporarilyto occupied,calculatingtheexpectationsof all

affectedsensormeasurements,andsubsequentlydeterminingthe likelihoodmaximizing

map(M-step). As arguedbelow, this canbe doneef�ciently usingthe appropriatedata

structures.

Sinceour approachperformsmaximizationin a �nite space,it terminatesafter �nitely

many steps. In practice,we found that maximizing (40) takes lessthana minuteon a

low-endPCfor thetypesmapsshown in this article. Empirically, we never observedthat

ouralgorithmwastrappedin apoorlocalminimum.However, theoptimumis notalways

unique.

3.5 Calculating the ResidualOccupancyUncertainty

EM generatesa singlemap,composedof zero-oneoccupancy values. This mapcontainsno

notionof posterioruncertainty. In many applications,it is bene�cial to know how certainweare

in themap.Conventionaloccupancy grid mapsachievethisby calculatingthemarginalposterior

probabilityp(mx;y j Z ) for eachgrid cell, asstatedin Equation(4). Unfortunately, calculating

suchmarginal posteriorsis computationallyintractablein our moregeneralmodel. Hence,we

have to approximate.Theessentialideaof our approximationis to conditionthis marginal on

themapobtainedby EM. Let m̂ denotethis map,andm̂� x;y themapm̂ without thevaluefor

thegrid cell hx; yi . Ourapproachcalculatesthefollowing posterior:

p(mx;y j Z; m̂� x;y ) (41)

This is the marginal posteriorover a grid cell's occupancy assumingthat the remainingmap

hasbeencorrectlyrecoveredby EM. Beforediscussingtheimplicationsof this approximation,

we notethat the probability (41) canbe calculatedvery ef�ciently . In particular, we notethat

16



p(mx;y j Z; m̂� x;y ) dependsonly on a subsetof all measurements,namelythosewhosemea-

surementconesincludethegrid cell hx; yi . Denotingthis subsetby Zx;y , we cancalculatethe

desiredmarginalasfollows:

p(mx;y j Z; m̂� x;y )

= p(mx;y j Zx;y ; m̂� x;y )

=
p(Zx;y j mx;y ; m̂� x;y ) p(mx;y j m̂� x;y )

p(Zx;y j m̂� x;y )

=
p(Zx;y j mx;y ; m̂� x;y ) p(mx;y )

p(Zx;y j mx;y ; m̂� x;y ) p(mx;y ) + p(Zx;y j �mx;y ; m̂� x;y ) (1 � p(mx;y ))
(42)

The termsp(Z j mx;y ; m̂� x;y ) andp(Z j �mx;y ; m̂� x;y ) expressthe likelihoodof the measure-

mentsundertheassumptionsthatmx;y is occupied,or free, respectively. Below, it shall prove

convenientto rewrite (42)aslog-odds:

log
p(mx;y j Z; m̂� x;y )

1 � p(mx;y j Z; m̂� x;y )
= log

p(Zx;y j mx;y ; m̂� x;y ) p(mx;y )
p(Zx;y j �mx;y ; m̂� x;y ) (1 � p(mx;y ))

(43)

This log oddsratio is easilycalculatedfrom thesensormodel(26). Our implementationmain-

tainsalist of relevantsensormeasurementsZx;y for eachgrid cell hx; yi , whichmakesit possible

to calculatethemarginalsfor anentiremapin a few seconds,evenfor thelargestmapshown in

thisarticle.

Clearly, conditioningon theEM mapm̂ is only an approximation.In particular, it fails to

capturetheresidualuncertaintyin themapby (falsely)assertingthatthemapfoundby EM is the

correctone.As a result,our estimateswill beoverly con�dent. To counterthis overcon�dence,

ourapproachmixesthisestimatewith theprior for occupancy, usingamixing parameter� . The

mixing rule is analogousto theupdateruleof thelog oddsratio in in occupancy grid maps(14):

log
qx;y

1 � qx;y
= � log

p(mx;y j Z; m̂� x;y )
1 � p(mx;y j Z; m̂� x;y )

+ (1 � � ) log
p(mx;y )

1 � p(mx;y )
(44)

Hereqx;y denotesthe�nal approximationof themarginal posterior. Solvingthis equationfor q

givesusthefollowing expression:

qx;y = 1 �

2

41 +

 
p(mx;y j Z; m̂� x;y )

1 � p(mx;y j Z; m̂� x;y )

! �  
p(mx;y )

1 � p(mx;y )

! 1� �
3

5

� 1

(45)

Thisapproachcombinestwoapproximationswith oppositeerror. If � = 1, theposteriorestimate

is givenby the the termp(mx;y j Z; m̂� x;y ), This termwill overestimatethecon�dencein the

valueof mx;y . If � = 0, theposterior(45) is equivalentto theprior for occupancy p(mx;y ). This

prior underestimatesthecon�dencein theoccupancy value,sinceit ignoresthemeasurements
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Z. Thisconsiderationsuggeststhatan“optimal” � exist for eachgrid cell, whichwouldprovide

thebestapproximationto theposteriorprobabilityunderour model. However, computingthis

� is intractable;hencewesimplysetoneby hand.

3.6 The Mapping Algorithm with Forward Models

Table2 summarizesthe�nal algorithmfor learningoccupancy grid mapsusingforwardmodels.

Thealgorithmconsistsof threeparts:The initialization, theEM optimization,anda �nal step

thatextractstheuncertaintymap.

Our implementationusesan ef�cient datastructurefor cross-linkingsensormeasurements

zt andgrid cellshx; yi . A doubly-linkedlist makesit possibleto matchmeasurementsandgrid

cells highly ef�ciently , without the necessityto searchthroughlong lists of grid coordinates,

or sensormeasurements.Moreover, whencalculatingthe differences� x;y , only termsin the

expectedlog-likelihoodareconsideredthatactuallydependon thegrid cell hx; yi . By doingso,

theinnerloopsof thealgorithmarehighly ef�cient, makingit possibleto generatemapswithin

lessthanaminute.

As statedat several locationsin this article, the advantageof our new algorithmis that it

overcomesacritical independenceassumptionbetweenneighboringgrid cells,commonlymade

in theexisting literatureon occupancy grid mapping.On thedownside,we notethat this new

occupancy grid mappingalgorithmis not incremental.Instead,multiplepassesthroughthedata

arenecessaryto �nd a maximumlikelihoodmap. This is a disadvantagerelative to the stan-

dardoccupancy grid mappingalgorithm,which canincorporatedataincrementally. However,

for moderatelysizeddatasetswe found thatour algorithmtakeslessthana minute—whichis

signi�cantly fasterthantheprocessof datacollection.

4 Experimental Results

Our approachwassuccessfullyappliedto learninggrid mapsusingsimulatedand real robot

data.Sincelocalizationduringmappingis not thefocusof thecurrentarticle,we assumedthat

poseestimateswereavailable. In thesimulator, thesewereeasilyobtained.For therealworld

data,we reliedon theconcurrentmappingandlocalizationalgorithmdescribedin [25].

Ourmain�ndings arethatourapproachdoesabetterjob resolvingcon�icts amongdifferent

rangemeasurements.Thoseareparticularlyprevalent in discontinuousenvironment,suchas

environmentwith smallopenings(doors).They alsoarisein caseswith high degreesof noise,
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Algorithm ForwardOccGrids(Z ):

/*** Initialization***/

for all grid cellshx; yi domx;y = 0

/*** MaximumLikelihoodMappingwith EM ***/

repeatuntil convergence

/*** ExpectationStep***/

for all timestepst from 1 to T do

calculatedistancesD t andK t of occupiedcellsin m undersensorconezt

et; � = prand

p
2� � 2

zmax

et;0 = (1 � phit )K t e� 1
2

( zt � zmax ) 2

� 2

for all 1 � k � K t doet;k = (1 � prand ) (1 � phit )k� 1 phit e� 1
2

( zt � dt;k ) 2

� 2

� =
h
et; � +

P K t
k=0 et;k

i � 1

for all k in f� ; 1; 2; : : : ; K tg doet;k = � et;k

endfor

/*** MaximizationStep***/

repeatuntil convergence

for all grid cellshx; yi do

for occupancy i = 0 to 1 do

m[i ]
x;y = 0

for all measurementszt thatoverlapwith hx; yi do

calculatedistancesD t andK t of occupiedcellsin m with mx;y = i underconezt

if mx;y = 0 andi = 1 thenrecalculateet;k asspeci®edin E-step

m[i ]
x;y = m[i ]

x;y + et;k (zt � dt;k )2

endfor

endfor

� x;y = m[1]
x;y � m[0]

x;y

if � x;y � 0 thenmx;y = 1 elsemx;y = 0

endfor

endrepeat

endrepeat

/*** UncertaintyMap***/

for all grid cellshx; yi do

qx;y = 1 �
�

1 + e� � x;y
�

p(mx;y )
1� p(mx;y )

� 1� �
� � 1

endfor

Table2: Thenew occupancy grid mappingalgorithmwith forwardmodels.

19



(a) raw data(example)

First simulation run: 1 measurementof the opendoor
(b) Conventionalalgorithm (c) ML map (d) Mapwith uncertainty

Second:Simulation run: 3 measurementsof the opendoor
(e)Conventionalalgorithm (f) ML map (g) Mapwith uncertainty

Third simulation run: 16measurementsof the opendoor
(h) Conventionalalgorithm (i) ML map (j) Mapwith uncertainty

Figure4: Simulationresults:Therobottravelsalongacorridorwith anopendoor. Whenonlyasinglemeasurement

detectsthe opendoor (diagrams(b) through(d)), conventionaloccupancy grid mapsdo not show the opendoor

(diagram(b)), whereasour approachdoes(diagram(d)). Thesameis thecasefor a datasetwheretheopendoor

wasdetectedthreetimes(diagrams(e)through(g)). With 16measurementsof theopendoor, theregularoccupancy

mapshow anopendoor(diagram(h)). Eachgrid consistsof 122by 107grid with 10centimeterresolution.20



(a) (b) (c)

Figure 5: (a) The RWI B21 robot usedin our experiments. This robot is equippedwith a cyclic array of 24

Polaroidsonarsensors. (b) Comparisonof conventionaloccupancy grid mappingwith (c) our approachusing

forwardmodels.Theopendoorsareonly visible in (c). However, severalsmallobstaclesareshown in (c) thatstem

from apersonwalkingby therobotduringdatacollection.Eachgrid consistsof 114by 120grid with 10centimeter

resolution.

which for exampleis thecasewhenthewalls aresmooth.In theseenvironments,theincreased

existenceof con�icts inducesa degradationof the standardapproachthat is not found in our

approach.However, our approachdoesnot �lter our dynamics(e.g.,walking people)asnicely

astheconventionalapproachusinginversemodels.

4.1 Simulation Results

Our �rst experimentreliedon simulateddata. Simulationwaschosenbecauseit enablesus to

carefully vary certainparameters.In our particularcase,we were interestedin the minimum

numberof sensorreadingsrequiredto detecta narrow opendoor. Figure4ashows anexample

dataset,gatheredin a simulatedcorridorwhile driving by anopendoor. This robotis equipped

with acirculararrayof 24sonarsensors.While driving by thedoor, therobotreceivesn readings

of the opendoor—all otherreadingsre�ect the muchshorterdistanceto the doorposts.With

n = 1, the standardoccupancy grid map algorithm generatesthe map shown in Figure 4b.

Our approachis a well-optimizedone that usesvarioussmoothingoperationsto yield good

occupancy gridmaps.Two thingsareworthnotingwith respectto Figure4b. First,theopendoor

is mappedwrongly dueto the independenceassumptionin occupancy grid mapping.Second,

thereareseveralstripesin themapthatarealmostperpendicularto thewall. Thesestripesresult

from measurementsthathit thewall at steepangles.

A maximumlikelihoodmap, found usingEM with forward models,is shown Figure4c.
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(a)Raw data

(b) ConventionalOccupancy Grid Map

6

(c) MapGeneratedwith ForwardModels

6

Figure 6: Resultsobtainedfor a largerdataset,shown in (a). While thewall locatedat thetop of eachdiagramis

easyto detect,thewall shown locatedbelow therobotis extremelysmooth,producinga largenumberof erroneous

readings.Theoccupancy grid mapshown in (b) doesn't modelthewall, while at thesametimeopendoorslike the

onemarkedby thearrow arefalselymodeledasclosed.(c) Forwardmodelingyieldsa muchimprovedmodelof

thebottomwall andalsomodelsthedoorcorrectly. In addition,thismapshowsa traceof apersonwalkingbehind

therobot.Eachgrid consistsof 641by 131grid with 10centimeterresolution.
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Clearly, themostlikely solutionpossessesanopendoor. In fact,theresultof ouralgorithmdoes

notattributeany of thesensorreadingto arandomerrorevent. Instead,all of thesensorreadings

areperfectlywell explainedwith thismap!Figure4dshowstheuncertaintymapextractedfrom

the maximumlikelihood map using our posteriorapproximation. Again, this map correctly

featuresanopendoor, con�rming ourbasicconjecturethatourapproachis superiorin handling

seeminglyinconsistentsensormeasurements.

The basicexperimentwasrepeatedfor differentvaluesof n. As n increases,the evidence

for anopendoorincreases,andultimatelyeventhestandardoccupancy grid mappingalgorithm

will precludeamapwith anopendoor. Thebottomtwo rowsof Figure4 show resultsfor n = 3,

andn = 16, respectively. For n = 3, theevidencefor theexistenceof anopendooris high,yet

thestandardapproachstill shows no door, dueto thelargenumberof readingsthatsuggestthe

existenceof anobstaclein thedoorregion. Finally, for n = 16, thedoor is visible evenfor the

conventionalapproach,althoughnotasclearlyasfor ournew approach.

The interestingobservation hereis while the standardoccupancy grid mappingalgorithm

usesprobabilisticmeansto accommodateinconsistentsensorinterpretations,thereareno such

con�icts in ourapproach.All datasetsareperfectlyexplainedby any of themaximumlikelihood

mapsshown in Figure4.

4.2 RealWorld Results

Realworld resultswereobtainedusingaRWI B21robotequippedwith 24sonarsensors,shown

in Figure5a.Wecollectedtwo datasets,bothof whichpossesseduniquechallenges.

The�rst dataset,documentedin Figure5b&c, comparesthestandardoccupancy grid map-

ping algorithmto the oneusing forward models. In this dataset, thereare two narrow open

doorson eitherside. As predictedby thesimulation,thedoorsareonly visible in the forward

modelingapproach,whoseresultsareshown in Figure5c. Several dots in the EM mapstem

from thefactthatapersonwalkedby therobotduringdatacollection.Thishighlightsoneof the

nicefeaturesof standardoccupancy grid maps,which typically do not show tracesof peopleas

long asthey do not remainat a singlelocationin themajority of measurements.However, our

approachoverall amuchbetterjob describingtheenvironment.

The �nal andmost interestingdataset is muchlarger. Figure6a shows a robot tracein a

50 meterslong corridor. This corridor is quitechallenging:On theonehand,thereareseveral

opendoorson oneside.On theother, oneof thewalls is extremelysmooth,resultingin a large

numberof erroneousreadings.The level of noiseis so high that the standardoccupancy grid
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approachplainly fails to detectandmodelthewall, asshown in Figure6b. At thesametime,

it also fails to detectopendoors,as indicatedby the arrow in Figure6b. This is interesting,

sincewe have a naturaltrade-off: By adjustingthegain soasto paymoreattentionto occupied

regions,thewall eventuallybecomesvisible by thedoorswill beentirelyclosed.By adjusting

thegain into theoppositedirection,thedoorswill eventuallybecomevisiblebut thewall will be

missingentirely.

As Figure6c suggests,our approachsucceedsin �nding at leastsomeof the wall, while

modelingtheopeningscorrectly. However, our approachshows thetraceof thepersoncontrol-

ling therobotwith a joystick. Thepresenceof thepersonviolatesthestaticworld assumption

thatunderliesbothfamiliesof occupancy grid mappingalgorithms;however, ourapproachgen-

eratesmapsthat explain the correspondingreadings(but do not look as nice in this regard).

Nevertheless,the ability to modelboth the doorsandwalls moreaccuratelythanthe standard

approachsuggeststhatour approachis superiorin situationswith seeminglycon�icting range

measurements.Generatingmapsof thesizeshown heretypically takeslessthana minuteon a

low-endPC.

5 Discussion

This articlepresentedan algorithmfor generatingoccupancy grid mapswhich relieson phys-

ical forward models. Insteadof breakingdown the maplearningprobleminto a multitudeof

independentbinary estimationproblems—asis the casein existing occupancy grid mapping

algorithms—ourapproachsearchesmapsin thehigh-dimensionalspace.To performthissearch,

we have adoptedthepopularEM algorithmto themapestimationproblem.TheEM algorithm

identi�es aplausiblemapby graduallymaximizingthelikelihoodof all measurementsin ahill-

climbing fashion.Uncertaintymapsareobtainedby calculatingmarginal probabilities,similar

to thosecomputedby conventionaloccupancy grid mappingtechniques.

Our approachhastwo main advantagesover conventionaloccupancy grid mappingtech-

niques:First, we believe forwardmodelsaremorenaturalto obtainthaninversemodels,since

forward modelsare descriptive of the physical phenomenathat underliethe datageneration.

Second,andmoreimportantly, our approachyieldsmoreconsistentmaps.This is becauseour

approachrelieson fewer independenceassumptions.It treatsthemappingproblemfor what it

is: A searchin a high dimensionalspace.The disadvantagesof our approacharean apparent

increasedsensitivity to changesin the environment,and a needto go throughthe datamul-
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tiple times,which prohibits its real-timeapplication. Extendingthis algorithminto an online

algorithmis subjectof futureresearch(see[18]).

Experimentalresultsillustratethatmoreaccuratemapscanbebuilt in situationswith seem-

ingly con�icting sensorinformation. Suchsituationsincludeenvironmentswith narrow open-

ings andenvironmentsweresonarsfrequentlyfail to detectobstacles.Theseadvantagesare

counterbalancedby two of the limitations of our approach:First, dynamicobstaclesshow up

morefrequentlyin ourapproach,andsecond,ourapproachis not real-time.

In arecentarticle[8], weextendedthebasicEM approachto accommodateposeuncertainty

andenvironmentdynamics. We have successfullydemonstratedthat the algorithmdescribed

herecanbeextendedto yield signi�cantly moreaccuratemapsandrobotposeestimatesin the

presenceof moving objects.Thekey extensionhereis to includetherobotposevariablesin the

setof latentvariables.In thepresentarticle,thoseareobtainedthroughaseparatealgorithm[25]

andsimply assumedto becorrect.Furthermore,theimplementationin [8] employs laserrange

�nders, whoseaccuracy greatlyfacilitatestheidenti�cation of inconsistentsensormeasurements

whencomparedto thesonarsensorsusedin thepresentarticle.

As discussedfurtherabove, thesensormodelsusedin our implementationarehighly sim-

plistic. They do not modelmany commonphenomenain sonar-basedrangesensing,suchas

indirectreadingscausedby specularre�ection, or obstacledetectionin a sensor's sidecone.In

principle, the forward modelingapproachmakesit possibleto utilize any probabilisticsensor

model,suchasthe onein [2]. We conjecturethat improved sensormodelswill leadto better

mappingresults.

Anotheropportunityfor futureresearcharisesfrom thefactthatenvironmentspossessstruc-

ture. Theprior probability in our approach(andin conventionaloccupancy grid mappingtech-

niques)assumesindependencebetweendifferentgrid cells. In reality, this is just a crudeap-

proximation. Environmentsareusuallycomposedof larger objects,suchaswalls, furniture,

etc. Mappingwith forwardmodelsfacilitatetheuseof moreinformedpriors,asshown in [12].

However, theacquisitionof adequatepriorsthatcharacterizeindoorenvironmentsis largely an

openresearcharea.

Regardlessof theselimitations, we believe that our approachshedslight on an alternative

approachfor building mapswith mobile robots. We believe that by overcomingthe classical

independencethat forms the core of techniquesbasedon inversemodels,we can ultimately

arrive at morepowerful mappingalgorithmsthatgeneratemapsof higherconsistency with the

data.Theevidencepresentedin thisandvariousrelatedpaperssuggeststhatforwardmodelsare

powerful toolsfor building mapsof robotenvironments.
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