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Abstract

Wheneer mobilerobotsactin therealworld, they need
to beableto dealwith non-staticobjects.In the context

of mapping,a commontechniqueto dealwith dynamic
objectsis to lter out the spuriousmeasurementsor

respondingo suchobjects. In this paper we presenta
novel approacho estimateypical con gurationsof dy-

namicareasn the ervironmentof a mobilerobot. Our
approackclustersiocal grid mapsto identify the possi-
ble con gurations. We furthermoredescribehow these
clusterscanbeutilizedwithin aRao-Blackwellizegar

ticle Iter to localizea mobilerobotin a non-staticen-
vironment. In practicalexperimentscarriedout with a
mobilerobotin atypical of ce ervironmentwedemon-
stratetheadwantage®f our approaclttomparedo alter

native techniquesfor mappingand localizationin dy-

namicenvironments.

Intr oduction

Building mapsis an essentiaproblemin roboticsand has
beenstudiedover several years. Most of the approaches
to mappingwith mobile robots are basedon the assump-
tion thatthe ernvironmentis static. As reportedby Wang &
Thorpe(2002)aswell asby Hahnelet al. (2002),dynamic
objectscanleadto seriouserrorsin the resultingmap. A
populartechniqueto dealwith non-staticervironmentss to
identify dynamicobjectsandto Iter outtherangemeasure-
mentsre ected by theseobjects. Whereassuchtechniques
have beendemonstratedo be more robust than traditional
approachegheir majordisadwantagdies in thefactthatthe
resultingmapsonly containthe staticaspect®f theerviron-
ment.

In this paper we explore an alternatve solutionto deal
with dynamic ervironmentsby explicitely modeling the
low-dynamicor quasi-staticstates. Our approachis moti-
vatedby thefact,thatmary dynamicobjectsappeaionly in
alimited numberof possiblecon gurations.As anexample,
considerthedoorsin anof ce ernvironment,which aretypi-
cally eitheropenor closed.In suchasituation techniqueso

Iter out dynamicobjectsproducemapswhich do not con-
tain a singledoor. This canbe problematicsincein mary
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Figurel: Possiblestatesof alocal area. The differentcon-
gurations correspondo openandcloseddoors.

corridor ervironmentsdoorsare importantfeaturesfor lo-
calization. The knowledgeaboutthe differentpossiblecon-
gurations canexplicitly improve the localizationcapabili-
tiesof amobilerobot. Thereforejt is importantto integrate
suchinformationinto the mapof the ervironment.

As a motivating example considerthe individual local
mapsdepictedin Figurel. Thesemapscorrespondo typi-
cal con gurationsof the sameplaceandhave beenlearned
by a mobilerobotoperatingin anof ce ervironment. They
shav a partof a corridorincludingtwo doorsandtheir typ-
ical states.The key ideaof our work is to learnsuchlocal
con gurationsandto usethis informationto improvethelo-
calizationaccurag of amobilerobot.

Thecontrikution of this papelis anovel approacho map-
ping in low-dynamicervironments. Our algorithmdivides
the entiremapinto several sub-mapsandlearnsfor eachof
thesesub-mapgypical con gurationsof the corresponding
partof the ervironment. This is achieved by clusteringlo-
cal grid maps.Furthermorewe presentanextendedvionte-
Carlolocalizationalgorithm,whichusegheseclustersin or-
derto simultaneouslyestimatethe currentstateof the ervi-
ronmentandtheposeof therobot. Experimentsiemonstrate
that our maprepresentatiofeadsto animproved localiza-
tion accurag comparedto mapslacking the capability to
modeldifferentcon gurationsof theenvironment.

Related Work

In the past, several authorshave studiedthe problem of
learningmapsin dynamicervironments. A populartech-
nigueis to trackdynamicobjectsand Iter outthemeasure-
mentsre ected by thoseobjects (Hahneletal. 2002;Wang
& Thorpe2002). Enhancedsensomodelscombinedwith
the EM algorithm have beensuccessfullyappliedto Iter
outarbitrarydynamicobjectsby Hahnelet al. (2003). The
authorgeportthat Itering outdynamicobjectscanimprove
thescanregistrationandleadto moreaccuratenaps.



Anguelor etal. (2002)presenanapproacthwhichaimsto
learnmodelsof non-stationarpbjectsfrom proximity data.
The objectshapesare estimatedby applyinga hierarchical
EM algorithmbasedon occupang gridsrecordedat differ-
entpointsin time. The main differenceto our approachs
that we estimatetypical con gurationsof the environment
anddo not focuson learninggeometricmodelsfor different
typesof non-stationarpbstacles.

Theproblemof dealingwith peoplehasalsobeeninvesti-
gatedin the context of mobilerobotlocalization.For exam-
ple, Fox et al. (1999)usea probabilistictechniqueto iden-
tify rangemeasurementshich donotcorrespondo agiven
model.In contrasto ourwork, they usea x ed,staticervi-
ronmentaimodelanddo not reasoraboutcon gurationsthe
ervironmentcanbein. Montemerlo& Thrun (2002)usea
methodto trackwalking peoplewhile localizingtherobotto
increaseherobustnes®f the poseestimate.

Romeroet al. (2001)describean approachto global lo-
calizationthatclustersextractedfeaturesasecn similarity.
In this way, therobotis ableto reducethe numberof possi-
ble posehypotheseandcanspeedup a Markov localization
processTheauthorsalsoperforma clusteringof sub-maps,
but comparedo our work, they do not considerchangesn
theervironment.

In contrasto mostof theapproachediscussedofar, we
do not addresghe problemof Itering out or trackingdy-
namicobjects. Our techniqueis complementaryo andcan
easilybecombinedwith thoseapproachesie areinterested
in possiblestatesof the ervironment, like, e.g., openand
closeddoorsor movedtables.In this context, it makessense
to lter out measuremente ected by walking people,but
to integratethosewhich correspondo obstacledik e doors
or movedboxes. Our approachearnspossiblestateshased
on a clusteringof local maps. The differentervironmental
statehypothese&nablea mobile robotto morereliably lo-
calizeitself andto alsoestimatethe currentcon guration of
its surroundings.

In avery recentwork, Biber & Duckett (2005) proposed
an elegant approachthat incorporateschangesof the en-
vironmentinto the map representation.Comparedto our
work, they modeltemporalchange®f local mapswhereas
we aim to identify the differentcon gurationsof the ervi-
ronment.

Learning Maps of Low-Dynamic
Environments

Thekey ideaof ourapproachs to usetheinformationabout
changesn the ervironmentduring dataacquisitionto esti-
mate possiblespatialcon gurationsand storethemin the
map model. To achieve this, we constructa sub-mapfor

eachareain whichdynamicaspectfiave beenobsened. We
thenlearnclustersof sub-mapghatrepresenpossibleenvi-

ronmentaktatesn thecorrespondingreas.

Map Segmentation

In generalthe problemof learningmapsin dynamicervi-
ronmentds a high-dimensionastateestimatiorproblem.A
nave approachcould be to storean individual map of the

whole environmentfor eachpotentialstate. Obviously, us-

ing thisapproachpnewould haveto storeanumberof maps
thatis exponentialin thenumberof dynamicobjects.In real

world situations,the statesof the objectsin oneroom are
typically independenof the statesof the objectsin another
room. Therefore,it is reasonabléo maminalize the local

con gurationsof theindividual objects.

Our algorithmsegmentghe ervironmentinto local areas,
called sub-maps. In this paper we userectangularareas
whichincloselocally detecteddynamicaspectso segment
the ernvironmentinto sub-maps.For eachsub-mapthe dy-
namicaspectarethenmodeledndependently

Notethatin generakhe sizeof theselocal mapscanvary
from the size of the overall environmentto the size of each
grid cell. In the rst casewewould haveto dealwith theex-
ponentialcompleity mentionedabove. In the secondcase,
onehewily relieson the assumptiorthat neighboringcells
areindependentwhichis notjusti ed in the contet of dy-
namicobjects.In our currentsystemwe rst identify posi-
tionsin whichtherobotpercevescontradictoryobsenations
whicharetypically causedy dynamicelementsBasedna
region growing technique areaswhich inclosedynamicas-
pectsaredeterminedBy takinginto accountvisibility con-
straintsbetweernregions,they are memgeduntil they do not
exceeda maximumsub-mapsize (currently setto 20m?).
This limits the numberof dynamicobjectsper local map
andin this way leadsto atractablecompleity. An example
for threesub-mapsonstructedn suchaway is depictedn
Figure2. Notethateachsub-maphasanindividual sizeand
differentsub-mapgan(slightly) overlap.

Learning Environmental Con gurations

To enablearobotto learndifferentstateof theervironment,
we assumehatthe robot obsenesthe sameareasat differ-
entpointsin time. We clusterthe local mapsbuilt from the
differentobsenationsin orderto extractpossiblecon gura-
tions of the ervironment. To achieve this, we rst segment
the sensordataperceved by the robotinto obsenation se-
quencesWheneertherobotlearesa sub-mapthe current
sequencendsandaccordinglya new obsenationsequence
startsas soon as the robot entersa new sub-map. Addi-
tionally, we starta new sequenc&vheneertherobotmoves
throughthesameareafor morethanacertainamountof time
(30s). Thisresultsin aset of obsenation sequencefor
eachsub-map

= f 1 ag 1)
whereeach
i = Zstart (i) -1 Zend(i)- 2
Herez; describesnobsenationobtainedattimet. Foreach
sequence ; of obsenations,we build anindividual occu-
pang grid for thelocal areaof the sub-map.Sucha grid is
thentransformednto a vectorof probability valuesranging
from 0 to 1 andone additionalvalue to representin un-
known (unobsered)cell. All vectorswhich correspondo
the samelocal areaare clusteredusing the fuzzy k-means

algorithm (Dudaet al. 2001). During clustering,we treat
unknown cellsin anslightly differentway, sincewe do not



wantto getanextraclusterin casehesensodid notcovered
all partsof thelocalarea.ln our experimentwe obtainedhe
bestbehaior usingthe following distancefunction for two
vectorsa andb duringclustering

x (@ h) a6 ~he
d(a;b) = 0 a= b= 3
i otherwise

where is aconstantloseto zero.

Whencomparingtwo valuesrepresentinginknowvn cells,
one in generalshould use the averagedistancecomputed
over all known cellsto estimatethis quantity In our exper
iments,we experiencedhatthis leadsto additionalclusters
in casea big partof a sub-mapcontainsunknownn cellseven
if theknown areasof themapswerenearlyidentical. There-
fore,we usethedistancdunctiongivenin Eq.(3) whichsets
this distancevalueto zero.

Unfortunately the number of different ernvironmental
statesis not known in adwvance. Therefore we iterateover
thenumberof clustersandcomputein eachstepa modelus-
ing the fuzzy k-meansalgorithm. In eachiteration,we cre-
ateanew clusterinitialized usingtheinput vectorwhich has
the lowestlik elihoodunderthe currentmodel. We evaluate
eachmodel usingthe the Bayesianinformation Criterion
(BIC) (Schwarz1978).

BIC = logP(dj ) J?Jlogn )

TheBIC is apopularapproacho scorea modelduringclus-
tering. It tradesoff the numberj j of clustersin the model
multiplied by thelogarithmof the numberof inputvectors

n andthequality of themodelwith respecto thegivendata
d. The modelwith the highestBIC is chosenasthe setof
possiblecon gurations,in thefollowing alsocalledpatches,
for thatsub-map This processs repeatedor all sub-maps.

Notethatourapproachs anextensionof theclassicabc-
cupany grid map (Moravec & Elfes 1985), in which the
ervironmentis not supposedo be staticanymore. In situa-
tions without moving objects,the overall mapreduceso a
standarcbccupang grid map.

The compleity of our mappingapproachdependdin-
early on the numberT of obsenations multiplied by the
numbers of sub-maps. Furthermore the region growing
appliedto build up local mapsintroducesin the worst case
acompleity of p? log p, wherep is the numberof grid cells
considerecasdynamic. This leadsto anoverall complexity
of O(T s+ p?logp). Usingastandard®C,ourimplemen-
tationrequiresaround20% of thetime neededo 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), which has
originally beendevelopedfor mobile robot localizationin
staticervironment(Dellaertetal. 1998). MCL usesa setof
weightedparticlesto represenpossibleposesof the robot.
Typically, the statevectorconsistf the robot's positionas

well asits orientation.Thesensoreadingsareusedto com-
putetheweightof eachparticleby estimatinghelik elihood
of theobsenationgiventhe poseof the particleandthemap.

Besidesthe poseof the robot, we want to estimatethe
con guration of the ervironmentin our approachSincewe
do not usea staticmaplike in standardVICL, we needto
estimatethe mapm; aswell asthe posex; of the robotat
timet

P(Xt; M¢ j Zyt; Vot 1) =
P(Zt j Xt; Mt; Z1t 15 U0t 1)
P(X¢; Mt j Z1:t 13Ut 1): (5)

Here is a normalizationconstantandu; i refersto the
motion commandwhich guidesthe robotfrom x; 1 to x;.
The main differenceto approachesn simultaneoudocal-
izationandmapping(SLAM) is thatwe do notreasorabout
all possiblemapcon gurationslike SLAM approacheslo.
Our patch-magprestrictsthe possiblestatesaccordingto the
clusteringof patchesandthereforeonly a small numberof
con gurationsarepossible.

Underthe Markov assumptionthe secondine of Eq. (5)
canbetransformedo

p(Xt;nE j 21 13 Uo:t 1)

= P(Xt;Me j Xt 1;M¢ 1;Z1:¢ 15U 1)

Xt 1 Mg 1

i’(xt Zlimt 1) Z1t 1,Uot 2)dxe 1dmy 1 (6)

P(Xt j Xt 1;M¢ 1;Z1:t 1;Up 1)
Xt 1 My 1
p(me j Xe;Xe 1;Me 1;Z1t 1;Up 1)
i)(xt 3 M 1]zt 1Uot 2)dxe 1dme 1 (7)

P(Xt j Xt 1;Ur 1)p(Me j X¢;me 1)
Xt 1 Mg 1

pP(Xt 1;M¢ 1] Z1t 1;Uot 2)dxe 1dme 11 (8)

Eq. (8) is obtainedfrom Eq. (7) by assuminghatm; is in-
dependenfrom x; 1;z1t 1;U; 1 givenwe know x; and
m; 1 as well as assumingthat x; is independentfrom
m; 1;21:¢ 1 givenwe know X; ; andu; ;. Combining
Eq.(5) andEq. (8) leadsto

P(Xt; M¢ j Z1:¢; Vot 1)
= 5 p(Zijt;mt;Zl:t 1;Uot 1)

p(Xt j Xt 15Ut 1)p(Me j Xe; my 1)

Xt 1 Mg 1
P(Xt 1;M¢ 1] Z1t 1;Uot 2)dXy 2dmy 10 (9)

Eq.(9) describesiow to extendthe standardViCL approach
sothatit candealwith differentenvironmentalcon gura-
tions. Besideshe motionmodelp(x; j X; 1;u; 1) of the
robot, we needto specify a map transitionmodel p(m; |
X¢; Mt 1), which describeghe changein the environment
overtime.

In our currentimplementationye donotreasoraboutthe
stateof thewholemap,sinceeachsub-mapvouldintroduce
anew dimensionin the statevectorof eachparticle,which



leadsto a stateestimationproblem,that is exponentialin
the numberof local sub-maps. Furthermore the obsena-
tionsobtainedwith amobilerobotprovide informationonly
aboutthelocalervironmentof therobot. Thereforewe only
estimatethe stateof the currentpatchtherobotis in, which
leadsto oneadditionaldimensionin the statevectorof the
particlescomparedo standardMICL.

In principle, the maptransitionmodelp(my j X¢;m¢ 1)
canbelearnedwhile the robot movesthroughthe erviron-
ment. In our currentsystemwe usea x eddensityfor all
patchesWe assumethatwith probability thecurrentstate
of theervironmentdoesnot changebetweertimet 1 and
t. Accordingly, the statechangedo anothercon guration
with probability 1 . Whenever a particle staysin the
samesub-mapbetweent 1 andt, we draw a new local
mapcon gurationfor thatsamplewith probabilityl . If
a particlemovesto a new sub-mapwe draw the nev map
statefrom a uniform distribution over the possiblepatches
in that sub-map.To improve the maptransitionmodeldur-
ing localization,onein principle canupdatethe valuesfor

for eachpatchaccordingto the obsenationsof therobot.
However, adaptinghesedensitiesanalsobe problematidn
caseof adiverged Iter or a multi-modaldistribution about
the poseof the robot. Therefore we currentlydo not adapt
thevaluesof while therobotactsin theernvironment.

Note that our representatioftvearsresemblancevith ap-
proachesusing Rao-Blackwellizedparticle Iters to solve
the simultaneoudocalizationand mappingproblem (Mur-
phy 1999; Montemerloet al. 2002),asit separatethe esti-
mateaboutthe poseof therobotfrom the estimateaboutthe
map.It computeghelocalizationof thevehicleanduseghis
knowledgeto identify the currentstateof the (local) map.
The differenceis that we aim to estimatethe currentstate
of the sub-mapbasedon the possiblecon gurationsrepre-
sentedn our enhanceervironmentalmodel.

Experiments

To evaluateour approachwe implementedandthoroughly
testedit on an ActivMedia Pioneerll robot equippedwith
a SICK laserrange nder. The experimentsare designed
to shav the effectivenesof our methodto identify possible
con gurationsof the ervironmentandto utilize this knowl-
edgeto morerobustly localizea mobilevehicle.

Application in an Of ce Environment

The rst experimenthasbeencarriedout in a typical of-

ce ervironment. The datawas recordedby steeringthe
robotthroughthe environmentwhile the statesof the doors
changed. To obtain a more accurateposeestimationthan
the raw odometryinformation, we apply a standardscan-
matchingtechnique. Figure 2 depictsthe resulting patch-
map. For the threesub-mapshat containthe doorswhose
stateswere changedduring the experimentour algorithm
wasableto learnall con gurationsthatoccurred.The sub-
mapsandtheir correspondingatchesareshavn in thesame
gure.
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Figure2: A patch-mapepresentinghe differentcon gura-
tionslearnedfor the individual sub-mapsn atypical of ce
ervironment.

Localization and Sub-Map State Estimation

The secondexperimentis designedo illustrate the advan-
tagesof our map representatioffior mobile robot localiza-
tion in non-staticervironmentscomparedo standardMCL.
The datausedfor this experimentwasobtainedin the same
of ce ervironmentasabove. We placeda box at threedif-
ferentlocationsin thecorridor. Theresultingmapincluding
all patchesobtainedvia clusteringis depictedin Figure 3.
Notethatthetilesin the mapillustratethe averageover all
patchesTo evaluatethelocalizationaccurag obtainedwith
our map representationyve comparethe poseestimateso
that of a standardMCL using an occupang grid map as
well asa grid map obtainedby ltering out dynamicob-
jects(Hahneletal. 2003).

Figure4 plotsthelocalizationerrorovertime for thethree
differentrepresentationsThe error was determinedasthe
weightedaveragedistancefrom the posesof the particles
to the groundtruth, whereeachweightis given by the im-
portancefactorof the correspondingparticle. In the begin-
ning of this experimenttherobottraveledthroughstaticar
eassothatall localizationmethodsperformedequallywell.
Closeto the end,therobottraveledthroughthe dynamicar-
easwhichresultsin highposeerrorsfor bothalternatve ap-
proachesln contrasto that,ourtechniqueconstantlyyields
ahighlocalizationaccurag andcorrectlytrackstherobot.

To furtherillustrate,how our extendedVICL is ableto es-
timate the currentstateof the ervironment, Figure 5 plots
the posteriorprobabilitiesfor two differentpatcheselong-
ing to onesub-map.At time step15, the robotenteredthe
correspondingub-map At this pointin time, therobotcor-
rectly identi ed, thatthe particles,which localizethe robot
in patchl, performedmuch betterthanthe samplesusing
patchO. Dueto the resamplingsn MCL, particleswith a
low importanceweight are more likely to be replacedby
particleswith a high importanceweight. Over a sequence



Figure3: A patch-mapwith the differentcon gurationsfor
theindividual patches.
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Figure4: Theerrorin the poseestimateover time. As can
beseenusingour approachhequality of thelocalizationis
highercomparedo approachessingoccupang grid maps.

of integratedmeasurementandresamplingsthis led to an
probability closeto 1 that the ernvironmentlooked like the
maprepresentethy patchl (which exactly correspondetb
thegroundtruthin thatsituation).

Global Localization

Additionally, we evaluatedall threetechniquesn a simu-
lated global localizationtask. We comparedour approach
usingtwo patchedo representhestateof thedoorwith stan-
dardMCL usingoccupang grid maps(seeFigure6 and7).
In one experiment,the occupang grid map containedthe
closeddoor andin the secondone the opendoor. During
localization, the robot mostly moved in front of the door,
whichwasclosedin the beginningandopenedn thesecond
phaseof the experiment.

As can be seenin left column of Figure 6 and 7, the
MCL approachwhich usesthe occupang grid that mod-
els the closeddoor aswell asour approacheadto a cor-
rect poseestimate.In contrastto that, the occupanyg grid,
which modelsthe opendoor causeghe Iter to diverge. In
the secondphaseof the experiment,the door was opened
andtherobotagainmovedsomemetersn front of thedoor
(seeright columnof the same gure). At this pointin time,
the MCL techniqueusingthe occupanyg grid, which mod-
els the closeddoor cannottrack the correctposearymore,
whereasour approachs ableto correctlyestimatethe pose
of therobot. This simulatedexperimentagainillustratesthat
theknowledgeaboutpossiblecon gurationsof the environ-
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Figure5: Theimagein the rst row illustratesthe traveled
pathwith time labels.Theleft imagesin thesecondow de-
pict the two patchesandthe graphplots the probability of
both patchesaccordingto the sampleset. As canbe seen,
therobotidenti ed thatpatchl correctlymodelsthecon g-
urationof the ervironment.

mentis importantfor mobilerobotlocalization.Withoutthis
knowledge therobotis notableto correctlyestimatets pose
in non-staticervironments.

Map Clustering

Thelastexperimentis designedo illustratethemapcluster
ing processTheinputto the clusteringwasa setof 17 local
grid maps. The fuzzy k-meansclusteringalgorithmstarted
with a singlecluster which is givenby the meancomputed
over all 17 maps. Theresultis depictedin the rst row of
Figure8. Thealgorithmthenincreasedhe numberof clus-
tersand re-computedhe meansin eachstep. In the fth
iterationthe newly createdclusteris moreor lessequalto
cluster3. Thereforethe BIC decrease@ndthe clustering
algorithm terminatedwith the model depictedin the forth
row of Figure8.

Conclusion

In this paperwe presenteé novel approacho modelquasi-
staticernvironmentsusingamobilerobot. In areasvheredy-
namicaspectaredetectedpur approactcreatedocal maps
and estimatesfor eachsub-mapclustersof possiblecon-
gurations of the correspondingpacein the ervironment.
Furthermorewe describechow to extend Monte-Carlolo-
calizationto utilize the informationaboutthe differentpos-
sible ernvironmentalstateswhile localizing a vehicle. Our
approachasbeenimplementedcandtestedon real robotsas
well asin simulation.Theexperimentslemonstratehatour
techniqueyieldsa higherlocalizationaccurag comparedo
Monte-Carldocalizationbasednstandaradccupang grids
aswell as grid mapsobtainedafter Itering out measure-
mentsre ected by dynamicobjects.

One possibility to extend the presentedapproachis to
combineour map modelwith techniquedor simultaneous
localization and mapping. Additionally, it would be in-
terestingto apply techniquedor online clustering. A fur-
ther aspect,which has not beenanalyzedin detail is the
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Figure6: In thebeginningthedoorwasclosed(left column)
but waslateronopenedright column).The rst row depicts
thegroundtruth, whereaghe secondow illustratesthe par
ticle distributionsin casethe dooris supposedo be closed
in the occupanyg grid map,whereasio doorwasmappedn
thethird row.

Figure7: Particlecloudsobtainedwith ouralgorithmfor the
samesituationsasdepictedn Figure6.

usageof topologicalinformationfor dividing the environ-
mentinto sub-maps.Sucha segmentatiornwould probably
lead to more intuitive set of sub-maps. Neverthelessthe
resultsobtainedwith our currentimplementatiorare more
than promising. We belief that our representatiortan ap-
propriatelymodelmosttypesof realworld ervironments.
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