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Abstract

Whenevermobilerobotsactin therealworld, they need
to beableto dealwith non-staticobjects.In thecontext
of mapping,a commontechniqueto dealwith dynamic
objectsis to �lter out the spuriousmeasurementscor-
respondingto suchobjects.In this paper, we presenta
novel approachto estimatetypicalcon�gurationsof dy-
namicareasin theenvironmentof a mobilerobot. Our
approachclusterslocal grid mapsto identify thepossi-
ble con�gurations.We furthermoredescribehow these
clusterscanbeutilizedwithin aRao-Blackwellizedpar-
ticle �lter to localizea mobile robot in a non-staticen-
vironment. In practicalexperimentscarriedout with a
mobilerobotin atypicalof�ce environment,wedemon-
stratetheadvantagesof ourapproachcomparedto alter-
native techniquesfor mappingand localizationin dy-
namicenvironments.

Intr oduction
Building mapsis an essentialproblemin roboticsandhas
beenstudiedover several years. Most of the approaches
to mappingwith mobile robotsare basedon the assump-
tion that theenvironmentis static. As reportedby Wang&
Thorpe(2002)aswell asby Hähnelet al. (2002),dynamic
objectscan lead to seriouserrorsin the resultingmap. A
populartechniqueto dealwith non-staticenvironmentsis to
identify dynamicobjectsandto �lter out therangemeasure-
mentsre�ected by theseobjects.Whereassuchtechniques
have beendemonstratedto be morerobust thantraditional
approaches,theirmajordisadvantagelies in thefactthatthe
resultingmapsonly containthestaticaspectsof theenviron-
ment.

In this paper, we explore an alternative solution to deal
with dynamic environmentsby explicitely modeling the
low-dynamicor quasi-staticstates. Our approachis moti-
vatedby thefact,thatmany dynamicobjectsappearonly in
alimited numberof possiblecon�gurations.As anexample,
considerthedoorsin anof�ce environment,whicharetypi-
cally eitheropenor closed.In suchasituation,techniquesto
�lter out dynamicobjectsproducemapswhich do not con-
tain a singledoor. This canbe problematicsincein many
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Figure1: Possiblestatesof a local area.Thedifferentcon-
�gurations correspondto openandcloseddoors.

corridor environmentsdoorsare importantfeaturesfor lo-
calization.Theknowledgeaboutthedifferentpossiblecon-
�gurations canexplicitly improve the localizationcapabili-
tiesof amobilerobot.Therefore,it is importantto integrate
suchinformationinto themapof theenvironment.

As a motivating example considerthe individual local
mapsdepictedin Figure1. Thesemapscorrespondto typi-
cal con�gurationsof thesameplaceandhave beenlearned
by a mobilerobotoperatingin anof�ce environment.They
show a partof a corridor includingtwo doorsandtheir typ-
ical states.The key ideaof our work is to learnsuchlocal
con�gurationsandto usethis informationto improvethelo-
calizationaccuracy of a mobilerobot.

Thecontributionof thispaperis anovel approachto map-
ping in low-dynamicenvironments.Our algorithmdivides
theentiremapinto severalsub-mapsandlearnsfor eachof
thesesub-mapstypical con�gurationsof thecorresponding
part of the environment. This is achievedby clusteringlo-
calgrid maps.Furthermore,wepresentanextendedMonte-
Carlolocalizationalgorithm,whichusestheseclustersin or-
der to simultaneouslyestimatethecurrentstateof theenvi-
ronmentandtheposeof therobot.Experimentsdemonstrate
that our maprepresentationleadsto an improved localiza-
tion accuracy comparedto mapslacking the capability to
modeldifferentcon�gurationsof theenvironment.

RelatedWork
In the past, several authorshave studied the problem of
learningmapsin dynamicenvironments. A populartech-
niqueis to trackdynamicobjectsand�lter out themeasure-
mentsre�ectedby thoseobjects (Hähnelet al. 2002;Wang
& Thorpe2002). Enhancedsensormodelscombinedwith
the EM algorithm have beensuccessfullyappliedto �lter
out arbitrarydynamicobjectsby Hähnelet al. (2003). The
authorsreportthat�ltering outdynamicobjectscanimprove
thescanregistrationandleadto moreaccuratemaps.



Anguelov etal. (2002)presentanapproachwhichaimsto
learnmodelsof non-stationaryobjectsfrom proximity data.
The objectshapesareestimatedby applyinga hierarchical
EM algorithmbasedon occupancy gridsrecordedat differ-
ent points in time. The main differenceto our approachis
that we estimatetypical con�gurationsof the environment
anddonot focuson learninggeometricmodelsfor different
typesof non-stationaryobstacles.

Theproblemof dealingwith peoplehasalsobeeninvesti-
gatedin thecontext of mobilerobotlocalization.For exam-
ple, Fox et al. (1999)usea probabilistictechniqueto iden-
tify rangemeasurementswhichdonotcorrespondto agiven
model.In contrastto our work, they usea �x ed,staticenvi-
ronmentalmodelanddonot reasonaboutcon�gurationsthe
environmentcanbe in. Montemerlo& Thrun (2002)usea
methodto trackwalkingpeoplewhile localizingtherobotto
increasetherobustnessof theposeestimate.

Romeroet al. (2001)describean approachto global lo-
calizationthatclustersextractedfeaturesbasedonsimilarity.
In this way, therobotis ableto reducethenumberof possi-
bleposehypothesesandcanspeedupaMarkov localization
process.Theauthorsalsoperforma clusteringof sub-maps,
but comparedto our work, they do not considerchangesin
theenvironment.

In contrastto mostof theapproachesdiscussedsofar, we
do not addressthe problemof �ltering out or trackingdy-
namicobjects.Our techniqueis complementaryto andcan
easilybecombinedwith thoseapproaches.Weareinterested
in possiblestatesof the environment,like, e.g., openand
closeddoorsor movedtables.In thiscontext, it makessense
to �lter out measurementsre�ected by walking people,but
to integratethosewhich correspondto obstacleslike doors
or movedboxes. Our approachlearnspossiblestatesbased
on a clusteringof local maps. The differentenvironmental
statehypothesesenablea mobile robot to morereliably lo-
calizeitself andto alsoestimatethecurrentcon�gurationof
its surroundings.

In a very recentwork, Biber & Duckett (2005)proposed
an elegant approachthat incorporateschangesof the en-
vironment into the map representation.Comparedto our
work, they modeltemporalchangesof local mapswhereas
we aim to identify the differentcon�gurationsof the envi-
ronment.

Learning Maps of Low-Dynamic
Envir onments

Thekey ideaof ourapproachis to usetheinformationabout
changesin theenvironmentduring dataacquisitionto esti-
matepossiblespatialcon�gurationsand storethem in the
map model. To achieve this, we constructa sub-mapfor
eachareain whichdynamicaspectshavebeenobserved.We
thenlearnclustersof sub-mapsthatrepresentpossibleenvi-
ronmentalstatesin thecorrespondingareas.

Map Segmentation
In general,the problemof learningmapsin dynamicenvi-
ronmentsis ahigh-dimensionalstateestimationproblem.A
nä�ve approachcould be to storean individual mapof the

wholeenvironmentfor eachpotentialstate.Obviously, us-
ing thisapproach,onewouldhaveto storeanumberof maps
thatis exponentialin thenumberof dynamicobjects.In real
world situations,the statesof the objectsin one room are
typically independentof thestatesof theobjectsin another
room. Therefore,it is reasonableto marginalize the local
con�gurationsof theindividualobjects.

Ouralgorithmsegmentstheenvironmentinto localareas,
called sub-maps. In this paper, we use rectangularareas
which incloselocally detecteddynamicaspectsto segment
theenvironmentinto sub-maps.For eachsub-map,thedy-
namicaspectsarethenmodeledindependently.

Notethatin generalthesizeof theselocal mapscanvary
from thesizeof theoverall environmentto thesizeof each
grid cell. In the�rst case,wewouldhaveto dealwith theex-
ponentialcomplexity mentionedabove. In thesecondcase,
oneheavily relieson theassumptionthatneighboringcells
areindependent,which is not justi�ed in thecontext of dy-
namicobjects.In our currentsystem,we �rst identify posi-
tionsin whichtherobotperceivescontradictoryobservations
whicharetypically causedbydynamicelements.Basedona
region growing technique,areaswhich inclosedynamicas-
pectsaredetermined.By takinginto accountvisibility con-
straintsbetweenregions,they aremergeduntil they do not
exceeda maximumsub-mapsize(currentlyset to 20m2).
This limits the numberof dynamicobjectsper local map
andin this way leadsto a tractablecomplexity. An example
for threesub-mapsconstructedin sucha way is depictedin
Figure2. Notethateachsub-maphasanindividualsizeand
differentsub-mapscan(slightly) overlap.

Learning Environmental Con�gurations
To enablearobotto learndifferentstatesof theenvironment,
we assumethat the robotobservesthesameareasat differ-
entpointsin time. We clusterthe local mapsbuilt from the
differentobservationsin orderto extractpossiblecon�gura-
tionsof theenvironment. To achieve this, we �rst segment
the sensordataperceived by the robot into observationse-
quences.Whenever therobot leavesa sub-map,thecurrent
sequenceendsandaccordinglya new observationsequence
startsas soonas the robot entersa new sub-map. Addi-
tionally, we starta new sequencewhenever therobotmoves
throughthesameareafor morethanacertainamountof time
(30s). This resultsin a set� of observationsequencesfor
eachsub-map

� = f � 1; : : : ; � n g; (1)

whereeach

� i = zstart ( i ) ; : : : ; zend ( i ) : (2)

Herezt describesanobservationobtainedattimet. For each
sequence� i of observations,we build an individual occu-
pancy grid for the local areaof thesub-map.Sucha grid is
thentransformedinto a vectorof probabilityvaluesranging
from 0 to 1 andoneadditionalvalue� to representan un-
known (unobserved)cell. All vectorswhich correspondto
the samelocal areaareclusteredusing the fuzzy k-means
algorithm(Duda et al. 2001). During clustering,we treat
unknown cells in anslightly differentway, sincewe do not



wantto getanextraclusterin casethesensordid notcovered
all partsof thelocalarea.In ourexperiment,weobtainedthe
bestbehavior usingthe following distancefunction for two
vectorsa andbduringclustering

d(a; b) =
X

i

(
(ai � bi ) ai 6= � ^ bi 6= �

0 ai = � ^ bi = �
� otherwise;

(3)

where� is a constantcloseto zero.
Whencomparingtwo valuesrepresentingunknown cells,

one in generalshoulduse the averagedistancecomputed
over all known cells to estimatethis quantity. In our exper-
iments,we experiencedthatthis leadsto additionalclusters
in caseabig partof a sub-mapcontainsunknown cellseven
if theknown areasof themapswerenearlyidentical.There-
fore,weusethedistancefunctiongivenin Eq.(3) whichsets
this distancevalueto zero.

Unfortunately, the number of different environmental
statesis not known in advance. Therefore,we iterateover
thenumberof clustersandcomputein eachstepamodelus-
ing thefuzzy k-meansalgorithm. In eachiteration,we cre-
ateanew clusterinitializedusingtheinputvectorwhichhas
the lowestlikelihoodunderthecurrentmodel. We evaluate
eachmodel� usingthe theBayesianInformationCriterion
(BIC) (Schwarz1978).

B I C = logP(d j � ) �
j� j
2

logn (4)

TheBIC is apopularapproachto scoreamodelduringclus-
tering. It tradesoff thenumberj� j of clustersin themodel
� multipliedby thelogarithmof thenumberof inputvectors
n andthequalityof themodelwith respectto thegivendata
d. The modelwith the highestBIC is chosenasthe setof
possiblecon�gurations,in thefollowing alsocalledpatches,
for thatsub-map.This processis repeatedfor all sub-maps.

Notethatourapproachis anextensionof theclassicaloc-
cupancy grid map (Moravec & Elfes 1985), in which the
environmentis not supposedto bestaticanymore. In situa-
tions without moving objects,the overall mapreducesto a
standardoccupancy grid map.

The complexity of our mappingapproachdependslin-
early on the numberT of observationsmultiplied by the
numbers of sub-maps. Furthermore,the region growing
appliedto build up local mapsintroducesin theworst case
acomplexity of p2 logp, wherep is thenumberof grid cells
consideredasdynamic.This leadsto anoverall complexity
of O(T � s + p2 logp). UsingastandardPC,our implemen-
tationrequiresaround20%of thetime neededto recordthe
log �le.

Monte-Carlo Localization Using Patch-Maps
It remainsto describehow our patch-maprepresentation
canbe usedto estimatethe poseof a mobile robot moving
throughits environment. Throughoutthis paper, we apply
anextensionof Monte-Carlolocalization(MCL), whichhas
originally beendevelopedfor mobile robot localizationin
staticenvironment(Dellaertet al. 1998).MCL usesa setof
weightedparticlesto representpossibleposesof the robot.
Typically, thestatevectorconsistsof therobot'spositionas

well asits orientation.Thesensorreadingsareusedto com-
putetheweightof eachparticleby estimatingthelikelihood
of theobservationgiventheposeof theparticleandthemap.

Besidesthe poseof the robot, we want to estimatethe
con�gurationof theenvironmentin our approach.Sincewe
do not usea staticmap like in standardMCL, we needto
estimatethe mapmt aswell asthe posex t of the robot at
time t

p(x t ; mt j z1:t ; u0:t � 1) =
� � p(zt j x t ; mt ; z1:t � 1; u0:t � 1)
p(x t ; mt j z1:t � 1; u0:t � 1): (5)

Here � is a normalizationconstantand ut � 1 refersto the
motion commandwhich guidesthe robot from x t � 1 to x t .
The main differenceto approacheson simultaneouslocal-
izationandmapping(SLAM) is thatwedonot reasonabout
all possiblemapcon�gurationslike SLAM approachesdo.
Our patch-maprestrictsthepossiblestatesaccordingto the
clusteringof patchesandthereforeonly a small numberof
con�gurationsarepossible.

UndertheMarkov assumption,thesecondline of Eq. (5)
canbetransformedto

p(x t ; mt j z1:t � 1; u0:t � 1)

=
Z

x t � 1

Z

m t � 1

p(x t ; mt j x t � 1; mt � 1; z1:t � 1; ut � 1)

�p(x t � 1; mt � 1 j z1:t � 1; u0:t � 2) dxt � 1 dmt � 1 (6)

=
Z

x t � 1

Z

m t � 1

p(x t j x t � 1; mt � 1; z1:t � 1; ut � 1)

�p(mt j x t ; x t � 1; mt � 1; z1:t � 1; ut � 1)
�p(x t � 1; mt � 1 j z1:t � 1; u0:t � 2) dxt � 1 dmt � 1 (7)

=
Z

x t � 1

Z

m t � 1

p(x t j x t � 1; ut � 1)p(mt j x t ; mt � 1)

�p(x t � 1; mt � 1 j z1:t � 1; u0:t � 2) dxt � 1 dmt � 1: (8)

Eq. (8) is obtainedfrom Eq. (7) by assumingthatm t is in-
dependentfrom x t � 1; z1:t � 1; ut � 1 given we know x t and
mt � 1 as well as assumingthat x t is independentfrom
mt � 1; z1:t � 1 given we know x t � 1 and ut � 1. Combining
Eq.(5) andEq.(8) leadsto

p(x t ; mt j z1:t ; u0:t � 1)
= � � p(zt j x t ; mt ; z1:t � 1; u0:t � 1)

Z

x t � 1

Z

m t � 1

p(x t j x t � 1; ut � 1)p(mt j x t ; mt � 1)

�p(x t � 1; mt � 1 j z1:t � 1; u0:t � 2) dxt � 1 dmt � 1: (9)

Eq.(9) describeshow to extendthestandardMCL approach
so that it can dealwith differentenvironmentalcon�gura-
tions. Besidesthe motion modelp(x t j x t � 1; ut � 1) of the
robot, we needto specify a map transitionmodel p(m t j
x t ; mt � 1), which describesthe changein the environment
over time.

In ourcurrentimplementation,wedonotreasonaboutthe
stateof thewholemap,sinceeachsub-mapwould introduce
a new dimensionin thestatevectorof eachparticle,which



leadsto a stateestimationproblem,that is exponentialin
the numberof local sub-maps.Furthermore,the observa-
tionsobtainedwith amobilerobotprovideinformationonly
aboutthelocalenvironmentof therobot.Therefore,weonly
estimatethestateof thecurrentpatchtherobot is in, which
leadsto oneadditionaldimensionin the statevectorof the
particlescomparedto standardMCL.

In principle, themaptransitionmodelp(m t j x t ; mt � 1)
canbe learnedwhile the robot movesthroughthe environ-
ment. In our currentsystem,we usea �x ed densityfor all
patches.Weassume,thatwith probability� thecurrentstate
of theenvironmentdoesnot changebetweentime t � 1 and
t. Accordingly, the statechangesto anothercon�guration
with probability 1 � � . Whenever a particle staysin the
samesub-mapbetweent � 1 and t, we draw a new local
mapcon�gurationfor thatsamplewith probability1 � � . If
a particlemovesto a new sub-map,we draw the new map
statefrom a uniform distribution over the possiblepatches
in thatsub-map.To improve themaptransitionmodeldur-
ing localization,onein principle canupdatethe valuesfor
� for eachpatchaccordingto theobservationsof therobot.
However, adaptingthesedensitiescanalsobeproblematicin
caseof a diverged�lter or a multi-modaldistribution about
theposeof the robot. Therefore,we currentlydo not adapt
thevaluesof � while therobotactsin theenvironment.

Note that our representationbearsresemblancewith ap-
proachesusing Rao-Blackwellizedparticle �lters to solve
the simultaneouslocalizationandmappingproblem(Mur-
phy 1999;Montemerloet al. 2002),asit separatestheesti-
mateabouttheposeof therobotfrom theestimateaboutthe
map.It computesthelocalizationof thevehicleandusesthis
knowledgeto identify the currentstateof the (local) map.
The differenceis that we aim to estimatethe currentstate
of the sub-mapbasedon the possiblecon�gurationsrepre-
sentedin our enhancedenvironmentalmodel.

Experiments

To evaluateour approach,we implementedandthoroughly
testedit on an ActivMedia PioneerII robot equippedwith
a SICK laserrange�nder. The experimentsare designed
to show theeffectivenessof our methodto identify possible
con�gurationsof theenvironmentandto utilize this knowl-
edgeto morerobustly localizea mobilevehicle.

Application in an Of�ce Environment

The �rst experimenthasbeencarriedout in a typical of-
�ce environment. The datawas recordedby steeringthe
robot throughtheenvironmentwhile thestatesof thedoors
changed.To obtain a more accurateposeestimationthan
the raw odometryinformation, we apply a standardscan-
matchingtechnique. Figure 2 depictsthe resultingpatch-
map. For the threesub-mapsthat containthe doorswhose
stateswere changedduring the experimentour algorithm
wasableto learnall con�gurationsthatoccurred.Thesub-
mapsandtheircorrespondingpatchesareshown in thesame
�gure.
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Figure2: A patch-maprepresentingthedifferentcon�gura-
tions learnedfor the individual sub-mapsin a typical of�ce
environment.

Localization and Sub-Map StateEstimation

The secondexperimentis designedto illustrate the advan-
tagesof our map representationfor mobile robot localiza-
tion in non-staticenvironmentscomparedto standardMCL.
Thedatausedfor this experimentwasobtainedin thesame
of�ce environmentasabove. We placeda box at threedif-
ferentlocationsin thecorridor. Theresultingmapincluding
all patchesobtainedvia clusteringis depictedin Figure3.
Note that the tiles in themapillustratetheaverageover all
patches.To evaluatethelocalizationaccuracy obtainedwith
our maprepresentation,we comparethe poseestimatesto
that of a standardMCL using an occupancy grid map as
well as a grid map obtainedby �ltering out dynamicob-
jects(Hähneletal. 2003).

Figure4 plotsthelocalizationerrorovertimefor thethree
differentrepresentations.The error wasdeterminedas the
weightedaveragedistancefrom the posesof the particles
to the groundtruth, whereeachweight is givenby the im-
portancefactorof thecorrespondingparticle. In thebegin-
ningof this experiment,therobottraveledthroughstaticar-
eassothatall localizationmethodsperformedequallywell.
Closeto theend,therobottraveledthroughthedynamicar-
eas,whichresultsin highposeerrorsfor bothalternativeap-
proaches.In contrastto that,our techniqueconstantlyyields
ahigh localizationaccuracy andcorrectlytrackstherobot.

To furtherillustrate,how ourextendedMCL is ableto es-
timate the currentstateof the environment,Figure5 plots
theposteriorprobabilitiesfor two differentpatchesbelong-
ing to onesub-map.At time step15, the robot enteredthe
correspondingsub-map.At this point in time, therobotcor-
rectly identi�ed, that theparticles,which localizetherobot
in patch1, performedmuchbetterthan the samplesusing
patch0. Due to the resamplingsin MCL, particleswith a
low importanceweight are more likely to be replacedby
particleswith a high importanceweight. Over a sequence



Figure3: A patch-mapwith thedifferentcon�gurationsfor
theindividualpatches.
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Figure4: Theerror in theposeestimateover time. As can
beseen,usingourapproachthequalityof thelocalizationis
highercomparedto approachesusingoccupancy grid maps.

of integratedmeasurementsandresamplings,this led to an
probability closeto 1 that the environmentlooked like the
maprepresentedby patch1 (which exactly correspondedto
thegroundtruth in thatsituation).

Global Localization
Additionally, we evaluatedall threetechniquesin a simu-
latedglobal localizationtask. We comparedour approach
usingtwo patchesto representthestateof thedoorwith stan-
dardMCL usingoccupancy grid maps(seeFigure6 and7).
In one experiment,the occupancy grid mapcontainedthe
closeddoor and in the secondone the opendoor. During
localization,the robot mostly moved in front of the door,
whichwasclosedin thebeginningandopenedin thesecond
phaseof theexperiment.

As can be seenin left column of Figure 6 and 7, the
MCL approachwhich usesthe occupancy grid that mod-
els the closeddoor as well asour approachlead to a cor-
rect poseestimate.In contrastto that, the occupancy grid,
which modelstheopendoorcausesthe �lter to diverge. In
the secondphaseof the experiment,the door was opened
andtherobotagainmovedsomemetersin front of thedoor
(seeright columnof thesame�gure). At this point in time,
the MCL techniqueusingthe occupancy grid, which mod-
els the closeddoor cannottrack the correctposeanymore,
whereasour approachis ableto correctlyestimatethepose
of therobot.Thissimulatedexperimentagainillustratesthat
theknowledgeaboutpossiblecon�gurationsof theenviron-
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Figure5: The imagein the �rst row illustratesthe traveled
pathwith time labels.Theleft imagesin thesecondrow de-
pict the two patchesandthe graphplots the probability of
both patchesaccordingto the sampleset. As canbe seen,
therobotidenti�ed thatpatch1 correctlymodelsthecon�g-
urationof theenvironment.

mentis importantfor mobilerobotlocalization.Withoutthis
knowledge,therobotis notableto correctlyestimateits pose
in non-staticenvironments.

Map Clustering
Thelastexperimentis designedto illustratethemapcluster-
ing process.Theinput to theclusteringwasasetof 17 local
grid maps.The fuzzy k-meansclusteringalgorithmstarted
with a singlecluster, which is givenby themeancomputed
over all 17 maps. The result is depictedin the �rst row of
Figure8. Thealgorithmthenincreasedthenumberof clus-
tersand re-computedthe meansin eachstep. In the �fth
iterationthe newly createdclusteris moreor lessequalto
cluster3. Therefore,the BIC decreasedandthe clustering
algorithmterminatedwith the model depictedin the forth
row of Figure8.

Conclusion
In thispaper, wepresentedanovelapproachto modelquasi-
staticenvironmentsusingamobilerobot.In areaswheredy-
namicaspectsaredetected,ourapproachcreateslocalmaps
and estimatesfor eachsub-mapclustersof possiblecon-
�gurations of the correspondingspacein the environment.
Furthermore,we describedhow to extendMonte-Carlolo-
calizationto utilize the informationaboutthedifferentpos-
sible environmentalstateswhile localizing a vehicle. Our
approachasbeenimplementedandtestedon real robotsas
well asin simulation.Theexperimentsdemonstrate,thatour
techniqueyieldsahigherlocalizationaccuracy comparedto
Monte-Carlolocalizationbasedonstandardoccupancy grids
as well as grid mapsobtainedafter �ltering out measure-
mentsre�ectedby dynamicobjects.

One possibility to extend the presentedapproachis to
combineour mapmodelwith techniquesfor simultaneous
localization and mapping. Additionally, it would be in-
terestingto apply techniquesfor online clustering. A fur-
ther aspect,which has not beenanalyzedin detail is the
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Figure6: In thebeginningthedoorwasclosed(left column)
but waslateronopened(right column).The�rst row depicts
thegroundtruth,whereasthesecondrow illustratesthepar-
ticle distributionsin casethedoor is supposedto beclosed
in theoccupancy grid map,whereasnodoorwasmappedin
thethird row.

Figure7: Particlecloudsobtainedwith ouralgorithmfor the
samesituationsasdepictedin Figure6.

usageof topologicalinformation for dividing the environ-
ment into sub-maps.Sucha segmentationwould probably
lead to more intuitive set of sub-maps. Nevertheless,the
resultsobtainedwith our currentimplementationaremore
thanpromising. We belief that our representationcanap-
propriatelymodelmosttypesof realworld environments.
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