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Abstract

This paper presentsa new algorithm for mobile robot lo-

calization, called Monte Carlo Localization(MCL). MCL

is a versionof Markov localization,a family of probabilis-
tic appmadesthat have recentlybeenapplied with great
practical success.However previous approadeswere ei-

ther computationaly cumbersomésud as grid-basedap-

proachesthat representthe state spaceby high-resolution
3D grids), or hadto resortto extremelycoarse-gainedres-
olutions. Our approad is computationallyeficient while

retaining the ability to represent(almost)arbitrary distri-

butions. MCL appliessampling-basedhethod<or approx-

imating probability distributions,in a waythat placescom-
putation“where needed. Thenumberof sampless adapted
on-line,therebyinvokinglargesamplesetsonly whenneces-
sary Empirical resultsillustratethat MCL yieldsimproved
accuiacy while requiring an order of magnitudelesscom-
putationwhencompaed to previousapproades. It is also
mud easierto implement.

Intr oduction

Throughoutthe last decade sensobasedocalizationhas
beenrecognizedasa key problemin mobile robotics(Cox
1991;BorensteinEverett,& Feng1996). Localizationis a
versionof on-line temporalstateestimation,wherea mo-
bile robot seeksto estimateits positionin a global coor
dinateframe. The localizationproblemcomesin two fla-
vors: global localization and positiontracking. The sec-
ondis by far the most-studiegroblem;herea robotknows
its initial positionand“only” hasto accommodatemall er-
rors in its odometryasit moves. The global localization
probleminvolves a robot which is not told its initial po-
sition; hence,it hasto solve a much more difficult local-
ization problem,thatof estimatingits positionfrom scratch
(this is sometimegeferredto asthe hijackedrobot problem
(Engelson1994)). The ability to localize itsel—both lo-
cally andglobally—playedanimportantrole in acollection
of recentmobile robot applications(Burgardet al. 1998a;
EndresFeiten,& Lawitzky 1998;KortenkampBonasso&
Murphy 1997).
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While the majority of early work focusedon the track-
ing problem, recently several researcherfiave developed
whatis now a highly successfufamily of approachega-
pableof solving bothlocalizationproblems:Markovlocal-
ization (NourbakhshPawvers,& Birchfield 1995; Simmons
& Koenig 1995; Kaelbling, Cassandra& Kurien 1996;
Burgardetal. 1996). The centralideaof Markov localiza-
tion is to representhe robot’s belief by a probability dis-
tribution over possiblepositions,and use Bayesrule and
cornvolution to updatethe belief wheneer the robot senses
or moves. The ideaof probabilisticstateestimationgoes
backto Kalmanfilters (Gelb 1974; Smith, Self, & Cheese-
man 1990), which use multivariate Gaussiango represent
therobot'sbelief. Becausf the restrictve natureof Gaus-
siang(they canbasicallyrepresenbnehypothesi®nly anno-
tatedby its uncertainty)Xalman-filtersusuallyareonly ap-
pliedto positiontracking.Markov localizationemploysdis-
crete, but multi-modalrepresentationr representinghe
robot’s belief, hencecansolve the globallocalizationprob-
lem. Becauseof thereal-valuedandmulti-dimensionaha-
ture of kinematicstatespacesheseapproachesanonly ap-
proximatethe belief, andaccuratepproximatiorusuallyre-
quiresprohibitiveamountof computatiorandmemory

In particulay grid-based methods have been devel-
oped that approximatethe kinematic state spaceby fine-
grainedpiecavise constanfunctions(Burgardet al. 1996).
For reasonably-size@nvironments, these approacheof-
ten require memory in the excessof 100MB, and high-
performanceeomputing. At the otherextreme, variousre-
searcherfiave resortedo coarse-grainetbpologicalrepre-
sentationswhosegranularityis oftenanorderof magnitude
lowerthanthatof thegrid-basedpproachWhenhighreso-
lution is neededseee.g.,(Fox etal. 1998),who usedocal-
ization to avoid collisionswith static obstacleghat cannot
be detectedy sensors)suchapproacheareinapplicable.

In this paperwe presentMonte Carlo L ocalization(in
short: MCL). Monte Carlo methodswereintroducedin the
Seventies(Handschirl970),andrecentlyrediscaoeredinde-
pendentlyin thetamget-trackinglGordon,Salmondg& Smith
1993),statisticalKitagava 1996)andcomputewision liter-
ature(lsard& Blake1998),andthey have alsobeappliedin
dynamicprobabilisticnetworks(Kanazava, Koller, & Rus-



sell 1995). MCL usesfastsamplingtechniquedo represent
therobot's belief. Whenthe robotmaovesor sensesimpor-
tancere-sampling(Rubin 1988) is appliedto estimatethe
posteriordistribution. An adaptie samplingschemeKoller
& Fratkina1998),which determineshe numberof samples
on-the-fly is employedto trade-of computationand accu-
rag. As aresult, MCL usesmary samplesduring global
localizationwhenthey aremostneededwhereaghesample
setsizeis small during tracking, when the position of the
robotis approximatehknown.

By using a sampling-basedepresentationMCL has
several key advantage®ver earlierwork in thefield:
1. In contrasto existing Kalmanfiltering basedechniques,

it is ableto represenmulti-modal distributions andthus

cangloballylocalizearobot.

2. It drastically reducesthe amountof memory required
comparedo grid-basedviarkov localizationandcanin-
tegratemeasurementst a considerabhhigherfrequeng.

3. It is moreaccumte thanMarkov localizationwith afixed
cell size, asthe staterepresentedn the samplesis not
discretized.

4. It is mucheasierto implement.

Mark ov Localization

This sectionbriefly outlinesthe basicMarkov localization
algorithm upon which our approachis based. The key
idea of Markov localization—whichhasrecentlybeenap-
plied with greatsuccesst varioussites(NourbakhshPow-
ers, & Birchfield 1995; Simmons& Koenig 1995; Kael-
bling, Cassandra& Kurien 1996; Burgard et al. 1996;
Fox 1998)—isto computea probability distribution over all
possiblepositionsin theervironment. Let! = (z,y, ) de-
notea positionin the statespaceof the robot, wherez and
y aretherobot’s coordinatesn a world-centeredCartesian
referencdrame,andé is therobot’s orientation. The distri-
bution Bel(l) expressesherobot’s belieffor beingat posi-
tion!. Initially, Bel(l) reflectstheinitial stateof knowledge:
if therobotknawsits initial position, Bel(!) is centerecbn
the correctposition;if therobotdoesnotknow its initial po-
sition, Bel(l) is uniformly distributedto reflectthe global
uncertaintyof the robot. As the robot operates,Bel(l) is
incrementallyrefined.

Markov localization appliestwo different probabilistic
modelsto update Bel(l), an action model to incorporate
movementsof therobotinto Bel(l) anda perceptiormodel
to updatethe belief uponsensonyinput:

Robot motion is modeledby a conditional probability
P(l |V, a) (akernel),specifyingthe probabilitythata mea-
suredmovementactiona, when executedat !’, carriesthe
robotto!. Bel(l) is thenupdatedaccordingo thefollowing
generalformula, commonlyusedin Markov chains(Chung
1960):

Bel(l) +— / P(L|V',a) Bel(l') dI’ 1)

Theterm P(l | I', a) representa modelof therobot'skine-
matics, whoseprobabilisticcomponentaccountsor errors
in odometry Following (Burgardetal. 1996),we assume
odometryerrorsto bedistributednormally.

Sensorreadingsare integratedwith Bayesrule. Let s
denotea sensoreadingand P(s | ) thelikelihood of per
cewving s giventhattherobotis at position/, then Bel(l) is
updatedaccordingo thefollowing rule:

Bel(l) +— a P(s|!l) Bel(l) (2
Herea is anormalizerwhich ensureshat Bel(!) integrates
tol.

Strictly speakinghothupdatestepsareonly applicableif
the ervironmentis Markovian thatis, if pastsensoread-
ings areconditionallyindependenof future readingsgiven
the true position of the robot. Recentextensionsto non-
Markovian environments(Fox et al. 1998) can easily be
stipulatedto the MCL approachhence throughouthis pa-
perwill assumeahatthe ervironmentis Markovian andwill
not payfurtherattentionto thisissue.

Prior Work

Existingapproaches mobilerobotlocalizationcanbedis-
tinguishedby the way they representhe statespaceof the
robot.

Kalman filter-basedtechniques.Most of the earlierap-
proachego robotlocalizationapply Kalmanfilters (Kalman
1960). Thevastmajority of theseapproacheis basednthe
assumptiorthat the uncertaintyin the robot’s positioncan
be representedby a unimodal Gaussiardistribution. Sen-
sor readingstoo, are assumedo mapto Gaussian-shaped
distributions over the robot’s position. For theseassump-
tions,Kalmanfilters provide extremelyefficientupdaterules
that can be shavn to be optimal (relative to the assump-
tions) (Maybeck 1979). Kalman filter-basedtechniques
(Leonard& Durrant-Whytel992;Schiele& Crowley 1994;
Gutmann& Schlgyel1996)have provento berobustandac-
curatefor keepingtrack of the robot’s position. However,
sincethesetechniqueglo not represenimulti-modal prob-
ability distributions, which frequently occur during global
localization. In practice, localization approacheausing
Kalmanfilters typically requirethatthe startingpositionof
therobotis known. In addition,Kalmanfiltersrely onsensor
modelsthatgeneratestimatesvith Gaussiamuncertainty—
whichis oftenunrealistic.

Topological Mark ov localization. To overcomethese
limitations, different approacheshave used increasingly
richerschemego representincertaintymaoving beyondthe
Gaussiamensityassumptiorinherentin the vanillaKalman
filter. Thesedifferentmethodsanberoughlydistinguished
by the type of discretizationusedfor the representatiomnf
thestatespaceln (NourbakhshPawers,& Birchfield 1995;
Simmonsé& Koenig1995;Kaelbling, Cassandra& Kurien
1996),Markov localizationis usedfor landmark-basedor-
ridor navigation andthe statespaceis organizedaccording



to the coarsetopologicalstructureof the ervironment. The
coarseresolutionof the staterepresentatiotimits theaccu-
rag/ of the positionestimatesTopologicalapproachetypi-
cally give only aroughsenseasto wheretherobotis.

Grid-based Mark ov localization. To dealwith multi-
modal and non-Gaussiamensitiesat a fine resolution(as
opposedo the coarsediscretizatiorin theabove methods),
grid-basedapproacheperform numericalintegration over
anevenly spacedyrid of points(Burgardetal. 1996;1998b;
Fox 1998). This involvesdiscretizingthe interestingpart of
the statespace,and useit asthe basisfor an approxima-
tion of the statespacedensity e.g. by a piece-wiseconstant
function. Grid-basednethodsarepowerful, but suffer from
excessie computationabverheadanda priori commitment
to the sizeandresolutionof the statespace.ln addition,the
resolutionandtherebyalsothe precisionat which they can
representhestatehasto befixedbeforehandThecomputa-
tionalrequirementbave aneffectonaccurag aswell, asnot
all measurementsan be processedn real-time,andvalu-
ableinformation aboutthe stateis therebydiscarded. Re-
centwork (Burgardetal. 1998b)hasbegunto addressome
of theseproblemspsingoct-treedo obtainavariableresolu-
tion representationf thestatespace Thishastheadwantage
of concentratinghe computatiorandmemoryusagewhere
neededandaddressethelimitationsarisingfrom fixedres-
olutions.

Monte Carlo Localization
Sample-Basedensity Approximation

MCL is aversionof sampling/importancee-samplind SIR)

(Rubin 1988). It is known alternatvely as the bootstrap
filter (Gordon,Salmond,& Smith 1993),the Monte-Carlo
filter (Kitagava 1996), the Condensatiomalgorithm (lIs-

ard & Blake 1998), or the survival of the fittest algo-
rithm (Kanazava, Koller, & Russell1995). All thesemeth-
odsare genericallyknown as particle filters, and a discus-
sionof their propertiescanbefoundin (Doucet1998).

The key ideaunderlyingall this work is to representhe
posteriotbelief Bel(l) by asetof N weightedrandomsam-
plesor particlesS = {s; | i = 1..N }. A samplesetconsti-
tutesa discreteapproximationof a probability distribution.
Samplesn MCL areof thetype

{((z,y,0),p) €©)
where(z, y, §) denotea robotposition,andp > 0 is anu-
mericalweightingfactor, analogouso a discreteprobability.
For consistenyg, we assum@nN:1 pn = 1.

In analogywith thegeneraMarkov localizationapproach
outlined in the previous section, MCL proceedsin two
phases:

Robot motion. Whentherobotmoves,MCL generatesy
new sampleghatapproximatehe robot’s positionafterthe
motion command. Eachsampleis generatedy randomly
draving asamplefrom the previously computedsampleset,

with likelihood determinedby their p-values.Let !’ denote
thepositionof thissample Thenew samples! is thengener
atedby generatingsingle,randomsamplerom P(l | I/, a),
usingtheactiona asobsened. The p-valueof thenew sam-
pleis N—1.

Start location

| |
I i
10 meters

Fig. 1: Sampling-basedpproximatiorof the positionbelieffor a
non-sensingobot.

Figurel shavstheeffect of thissamplingtechniquestart-
ing at an initial known position (bottom center)and exe-
cuting actionsas indicated by the solid line. As canbe
seenthere, the samplesetsapproximatedistributions with
increasinguncertaintyrepresentinghegradualossof posi-
tion informationdueto slippageanddrift.

Sensor readings are incorporatedby re-weightingthe
sampleset,in away thatimplementsBayesrule in Markov
localization.More specifically let (!, p) beasample.Then

p — aP(s|l) (4)

wheres isthesensomeasuremengnda is anormalization
constanlthatenforcesZnN:1 pn = 1. Theincorporationof

sensorreadingsis typically performedin two phasesone
in which p is multiplied by P(s | {), andonein which the
variousp-valuesare normalized. An algorithmto perform
this re-samplingorocesfficiently in O(N) time is givenin

(CarpenterClifford, & Fernhead 997).

In practice,we have foundit usefulto adda smallnum-
berof uniformly distributed,randomsamplesaftereaches-
timation step. Formally, this is legitimate because¢he SIR
methodology(Rubin 1988) canaccommodatarbitrarydis-
tributionsfor samplingaslong assamplesareweightedap-
propriately(usingthe factor p), andaslong asthe distribu-
tion from which samplesaregenerateds non-zeroat places
where the distribution that is being approximateds non-
zero—whichis actuallythe casefor MCL. The addedsam-
plesareessentiafor relocalizationin therareeventthatthe
robotlosestrackof its position.SinceMCL usedinite sam-
ple sets,it may happerthatno sampleis generatedloseto
thecorrectrobotposition.In suchcasesMCL wouldbeun-
ableto re-localizethe robot. By addinga small numberof
randomsampleshowever, MCL caneffectively re-localize
therobot,asdocumentedh the experimentakesultssection
of this paper
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Fig. 2: Globallocalization:Initialization.

Propertiesof MCL

A nice propertyof the MCL algorithmis that it can uni-
versallyapproximatearbitrary probability distributions. As
shavnin (Tannerl993) thevarianceof theimportancesam-
pler corvergesto zero at a rate of 1/v/N (under condi-
tions thataretrue for MCL). The samplesetsize naturally
tradesoff accurag andcomputationaload. Thetrueadwan-
tage, however, lies in the way MCL placescomputational
resourcesBy samplingn proportionto likelihood,MCL fo-
cusedts computationatesource®n regionswith high like-
lihood, wherethingsreally matter

MCL is anonline algorithm. It lendsitself nicely to an
ary-time implementationDean& Boddy 1988;Zilberstein
& Russell1995). Any-time algorithmscangeneratean an-
swer at any time; however, the quality of the solutionin-
crease®ver time. The samplingstepin MCL canbetermi-
natedatary time. Thus,whenasensoreadingarrives,or an
actionis executed samplingis terminatedandtheresulting
samplesetis usedfor thenext operation.

Adaptive SampleSetSizes

In practice thenumberof samplesequiredto achiere acer
tain level of accurag variesdrastically During global lo-
calization,therobotis completelyignorantasto whereit is;
hencejt’ sbeliefuniformly coversits full three-dimensional
statespace During positiontracking,on theotherhand,the
uncertaintyis typically small and often focusedon lower
dimensionalmanifolds. Thus, mary more samplesare
needediuringgloballocalizationto accuratelyapproximate
thetrue density thanareneededor positiontracking.

MCL determinesthe sampleset size on-the-fly As
in (Koller & Fratkinal998),theideais to usethedivergence
of P(!) and P(l | s), the belief befoe and after sensing,
to determinethe samplesets. More specifically both mo-
tion dataandsensodatais incorporatedn asinglestep,and
samplingis stoppedwvheneer the sumof weightsp (before
normalization!) exceedsa thresholdy. If the positionpre-
dictedby odometryis well in tunewith the sensoreading,
eachindividualp is large andthe samplesetremainssmall.
If, however, the sensoreadingcarriesa lot of surprise,as
is typically the casewhentherobotis globally uncertainor
whenit losttrack of its position,theindividual p-valuesare
smallandthe samplesetis large.

Our approacHhdirectly relatesto the well-known property

Fig. 3: Ambiguity dueto symmetry

Fig. 4: Successfulocalization.

that the varianceof the importancesampleris a function
of the mismatchof the samplingdistribution (in our case
P(1)) andthe distribution that is being approximatedwith

the weightedsample(in our caseP(! | s)) (Tannerl993).
The lessthesedistributions agree,the larger the variance
(approximatiorerror). Theideais hereto compensatsuch
errorby largersamplesetsizesto obtainapproximatelyuni-

formerror.

A Graphical Example

Figures2 to 4 illustrateMCL in practice. Shavn thereis a
seriesof samplesets(projectedinto 2D) generatediuring
globallocalizationof our robotRHINO (Figureb), asit op-
eratedn anoffice building. In Figure2, therobotis globally
uncertain;hencethe samplesare spreaduniformly through
the free-spaceFigure3 shavs the samplesetafterapprox-
imately 1 meterof robot motion, at which point MCL has
disambiguatedhe robot’s positionup to a singlesymmetry
Finally, afteranother2 metersof robotmotion,the ambigu-
ity is resolhed,the robotknowswhereit is. The majority of
sampless now centeredightly aroundthe correctposition,
asshavnin Figure4.

Experimental Results

To evaluatethe utility of samplingin localization,we thor-

oughly testedMCL in arangeof real-worldernvironments,
applying it to three different types of sensors(cameras,
sonay and laserproximity data). The two primary results
are:

1. MCL vyields significantly more accurate localization
resultsthanthe mostaccurateprevious Markov localiza-
tion algorithm, while consumingan order of magnitude
less memory and computationalresources. In some
casesMCL reliably localizesthe robotwhereagrevious
methoddail.

2. By andlarge, adaptve samplingperformsequally well

asMCL with fixed samplesets. In scenariosnvolving a
large rangeof differentuncertaintieqglobal vs. local),
however, adaptie samplingis superiorto fixed sample
sizes.

Ourexperimentshave beencarriedout usingseveral B21,
B18, andPioneerrobotsmanufacturedy ISR/RWI, shovn
in Figure5. Theserobotsareequippedwith arraysof sonar
sensorgfrom 7 to 24), oneor two laserrangefinders,and



Fig. 5: Four of therobotsusedfor testing:Rhino,Minerva, Robin,
andMarian.

in the caseof Minerva, shovn in Figure5, a B/W camera
pointedat the ceiling. Eventhoughall experimentalresults
discussechereuse pre-recordedlatasets(to facilitate the

analysis),all evaluationshave beenperformedstrictly un-

derrun-timeconditions(unlessexplicitly noted).In fact,we

have routinelyrancooperatie teamsof mobilerobotsusing
MCL for localization(Fox etal. 1999).

Comparisonto Grid-Based Localization

The first seriesof experimentsillustratesdifferentcapabil-
ities of MCL andcomparest to grid-basedMarkov local-
ization, which presumablyis the mostaccuratéMarkov lo-
calizationtechniqueto date (Burgardet al. 1996;1998b;
Fox 1998).

;;;;;;;;;;

0 10 20 30 40 50 60 70 10 100 1000 10000 100000
Cell size [cm] Number of samples

Fig. 6: Accurag of (a) grid-basedvlarkov localizationusing
differentspatialresolutionsand(b) MCL for differentnumbersof
sampleglog scale).

Figure6 (a) plotsthelocalizationaccuray for grid-based
localization as a function of the grid resolution. These
resultswere obtainedusing datarecordedin the environ-
ment shovn in Figure 2. They are nicely suitedfor our
experimentshecausehe exact samedatahasalreadybeen
usedto comparedifferentlocalizationapproachesinclud-
ing grid-basedMarkov localization(which wastheonly one
that solved the global localization problem) (Gutmannet
al. 1998). Noticethat the resultsfor grid-basedlocaliza-
tion shownin Figure 6 were notgeneatedin real-time As
shawvn there,the accurag increasewith the resolutionof
thegrid, bothfor sonar(solidline) andfor laserdata(dashed
line). However, grid sizesbelov 8 cm do not permitupdat-
ing in real-time, even when highly efficient, selectve up-
dateschemesreused(Fox, Burgard,& Thrun1999). Re-
sultsfor MCL with fixed samplesetsizesareshavn in Fig-
ure 6 (b). Theseresultshase beengeneratedising real-

time conditions.Herevery small samplesetsare disadwan-
tageoussincethey infer toolargeanerrorin theapproxima-
tion. Large samplesetsarealsodisadwantageoussincepro-
cessinghemrequiresoo muchtime andfewer sensoitems
canbeprocesseth real-time.The“optimal” samplesetsize,
accordingto Figure6 (b), is somevherebetweeril,000and
5,000samples.Grid-basedocalization,to reachthe same
level of accuray, hasto usegrids with 4cm resolution—
whichis infeasiblegiveneven our bestcomputers.

In comparisonthe grid-basedapproach,with a resolu-
tion of 20 cm, requiresalmostexactly ten times as much
memorywhencomparedo MCL with 5,000samplesDur-
ing global localization,integratinga single sensorscanre-
quires up to 120 secondsusing the grid-basedapproach,
whereasMCL consumesonsistentlylessthan 3 seconds
underotherwiseequalconditions. Oncethe robothasbeen
localizedglobally, however, grid-basedocalizationupdates
grid-cellsselectivelyasdescribedn (Burgardetal. 1998b;
Fox 1998),andbothapproacheareaboutequallyfast.

Vision-basedLocalization

TotestMCL in extremesituationsye evaluatedt in apopu-
latedpublic place.During a two-weekexhibition, our robot
Minervawasemployedasatour-guidein the Smithsoniars
Museumof Natural History (Thrun et al. 1999). To aid
localization,Minervais equippedvith a camergpointedto-
wardstheceiling. Figure7 shavs amosaicof themuseuns
ceiling, constructedusinga methoddescribedn (Thrun et
al. 1999). The datausedhereis the mostdifficult dataset
in our possessiorastherobottraveledwith speed®f upto
163cm/sec.Wheneerit enterecor left the carpetedareain
the centerof themuseumijt crosseda 2cmbumpwhichin-
troducedsignificanterrorsin therobot'sodometry Figure8
shavsthe pathmeasuredby Minerva'sodometry

When only using vision information, grid-basedlocal-
ization fails to track the robot accurately This is because
the computationabverheadmakest impossibleto incorpo-
ratesufiiciently mary images.MCL, however, succeedeth
globally localizing the robot, andtrackingthe robot'’s posi-
tion (seealso(Dellaertetal. 1999a)). Figure9 shows the
pathestimateddy our MCL technique.Althoughthelocal-
izationerroris sometimesabove 1 meter the systemis able
tokeeptrackof multiplehypotheseandthusto recoverfrom
localizationerrors.Thegrid-basedVarkov localizationsys-
tem, however, wasnot ableto track the whole 700mlong
path of the trajectory In all our experiments,which were
carriedout underreal-timeconditions,the grid-basedech-
nigue quickly lost track of the robot’s position (which, as
was verified, would not be the caseif the grid-basedap-
proachwas given unlimited computationapower). These
resultsdocumenthatMCL is clearly superiorto our previ-
ousgrid-basedapproach.



Fig. 7: Ceilingmapof theNMAH

Adaptive Sampling

Finally, we evaluatedheutility of MCL'sadaptiveapproach
to sampling.In particular werewereinterestedn determin-
ing the relative merit of the adaptve samplingschemef
ary, over a fixed, staticsampleset (asusedin someof the
experimentsabove andin an earlierversionof MCL (Del-
laertet al. 1999b)). In a final seriesof experiments,we
appliedMCL with adaptie and fixed sampleset sizesus-
ing datarecordedvith Minervain the Smithsoniarmuseum.
Herewe usethe laserrangedatainsteadof the vision data,
to illustratethatMCL alsoworkswell with laserrangedata
in ervironmentsaschallengingasthe onestudiedhere.

ime lost %]

uuuuuuuuuu

Fig. 10: Localizationerrorfor MCL with fixed samplesetsizes
(topfigure)andadaptve sampling(bottomline)

In thefirst setof experimentave testedheability of MCL
to track the robotasit moved throughthe museum.In this
caseit turnedout thatadaptve samplinghasno significant
impacton the trackingability of the Monte Carlo Localiza-
tion. This resultis not surprisingsinceduring trackingthe
positionof therobotis concentratedn asmallarea.

We then evaluatedthe influenceof adaptingthe sample
sizeon the ability to globally localizethe robot, andto re-
cover from extremelocalizationfailure. For the latter, we
manuallyintroducedserere errorsinto the data,to testthe
robustnesf MCL in the extreme. In our experimentswe
“tele-ported”therobotat randompointsin time to otherlo-
cations. Technically this wasdoneby changingtherobot'’s
orientationby 180+ 90 degreesandshiftingit by +200cm,
withoutlettingtherobotknow. Theseperturbationsverein-
troducedrandomly with a probability of 0.01 per meterof
robotmotion. Obviously, suchincidentsmaketherobotlose
its position,andthereforearewell suitedto testlocalization

Fig. 8: Odometryinformationrecordecby Fig. 9: Trajectoryestimatedyiventheceiling
Minerva ona700m longtrajectory

mapandthe centerpixelsof on-lineimages.

underextremesituations.

Herewe foundadaptie samplingto be superiorto MCL
with fixed samplesets. Figure 10 shavs the comparison.
The top curve depictsthe frequeng with which the error
waslargerthanl meter(ourtolerancethreshold)for differ-
entsamplesetsizes. The bottomline givesthe sameresult
for the adaptie samplingapproach.As is easyto be seen,
adaptve samplingyields smallererror thanthe bestMCL
with fixed samplesetsizes.Our resultshave beenobtained
by averagingdatacollectedalong 700 metersof high-speed
robotmotion.

Conclusionand Futur e Work

This paperpresentedMonte Carlo Localization(MCL), a
sample-basedlgorithmfor mobilerobotlocalization.MCL
differsfrom previousapproache thatit usesrandomized
samplegparticles)o representherobot’sbelief. Thisleads
to avariety of advantage®ver previousapproachesA sig-
nificantreductionin computatiorandmemoryconsumption,
whichleadsto a higherfrequeng atwhichtherobotcanin-
corporatesensordata, which in turn implies much higher
accurag. MCL is alsomucheasierto implementthanpre-
vious Markov localizationapproacheslnsteadof having to
reasoraboutentireprobabilitydistributions,MCL randomly
guessepossiblepositions,in away thatfavorslikely posi-
tionsover unlikely ones.An adaptie samplingschemevas
proposedhat enablesMCL to adjustthe numberof sam-
plesin proportionto the amountof surprisein the sensor
data. ConsequentlyMCL usesfew samplesvhentracking
therobot’s position, but increaseshe samplesetsizewhen
therobotlosestrackof its position,or otherwiseis forcedto
globally localizetherobot.

MCL hasbeentestedthoroughlyin practice.As ourem-
pirical resultssuggestMCL beatsprevious Markov local-
ization methodsby an order of magnitudein memoryand
computatiorrequirementswhile yielding significantlymore
accurateresults.In somecasesMCL succeedsvheregrid-
basedMarkov localizationfails.

In future work, the increasecefficienyy of our sample-
basedocalizationwill be appliedto multi robot scenarios,
wherethesamplesetsof thedifferentrobotscanbesynchro-
nizedwheneer onerobotdetectsanother First experiments
conductedwith two robotsshaov thatthe robotsare ableto



localizethemselesmuchfasterwhencombiningtheir sam-
ple sets(Fox etal. 1999). Here,the robotswere equipped
with laserrange-findersand camerago detecteachother

We alsoplanto apply Monte Carlo methodgo the problem
of mapacquisitionwhererecentwork hasled to new statis-
tical framavorksthathave beensuccessfulappliedto large,

cyclic environmentsusinggrid representation§Thrun, Fox,

& Burgard1998).
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