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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 approachesthat haverecentlybeenappliedwith great
practical success.However, previous approacheswere ei-
ther computationally cumbersome(such as grid-basedap-
proachesthat representthe statespaceby high-resolution
3D grids),or hadto resortto extremelycoarse-grainedres-
olutions. Our approach is computationallyefficient while
retaining the ability to represent(almost)arbitrary distri-
butions. MCL appliessampling-basedmethodsfor approx-
imatingprobability distributions,in a waythat placescom-
putation“whereneeded.” Thenumberofsamplesis adapted
on-line,therebyinvokinglargesamplesetsonlywhenneces-
sary. Empirical resultsillustratethat MCL yieldsimproved
accuracy while requiring an order of magnitudelesscom-
putationwhencompared to previousapproaches. It is also
much easierto implement.

Intr oduction
Throughoutthe last decade,sensor-basedlocalizationhas

beenrecognizedasa key problemin mobile robotics(Cox
1991;Borenstein,Everett,& Feng1996). Localizationis a
versionof on-line temporalstateestimation,wherea mo-
bile robot seeksto estimateits position in a global coor-
dinateframe. The localizationproblemcomesin two fla-
vors: global localization and position tracking. The sec-
ond is by far themost-studiedproblem;herea robotknows
its initial positionand“only” hasto accommodatesmaller-
rors in its odometryas it moves. The global localization
problem involves a robot which is not told its initial po-
sition; hence,it hasto solve a much more difficult local-
izationproblem,thatof estimatingits positionfrom scratch
(this is sometimesreferredto asthehijackedrobotproblem
(Engelson1994)). The ability to localize itself—both lo-
cally andglobally—playedanimportantrole in a collection
of recentmobile robot applications(Burgardet al. 1998a;
Endres,Feiten,& Lawitzky 1998;Kortenkamp,Bonasso,&
Murphy1997).
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While the majority of early work focusedon the track-
ing problem, recently several researchershave developed
what is now a highly successfulfamily of approachesca-
pableof solvingboth localizationproblems:Markovlocal-
ization (Nourbakhsh,Powers,& Birchfield 1995;Simmons
& Koenig 1995; Kaelbling, Cassandra,& Kurien 1996;
Burgardet al. 1996). Thecentralideaof Markov localiza-
tion is to representthe robot’s belief by a probability dis-
tribution over possiblepositions,and use Bayesrule and
convolution to updatethe belief whenever the robot senses
or moves. The idea of probabilisticstateestimationgoes
backto Kalmanfilters (Gelb 1974;Smith,Self, & Cheese-
man 1990), which usemultivariateGaussiansto represent
therobot’sbelief. Becauseof therestrictivenatureof Gaus-
sians(they canbasicallyrepresentonehypothesisonlyanno-
tatedby its uncertainty)Kalman-filtersusuallyareonly ap-
plied to positiontracking.Markov localizationemploysdis-
crete,but multi-modalrepresentationsfor representingthe
robot’sbelief, hencecansolve theglobal localizationprob-
lem. Becauseof thereal-valuedandmulti-dimensionalna-
tureof kinematicstatespacestheseapproachescanonly ap-
proximatethebelief,andaccurateapproximationusuallyre-
quiresprohibitiveamountsof computationandmemory.

In particular, grid-based methods have been devel-
oped that approximatethe kinematicstatespaceby fine-
grainedpiecewiseconstantfunctions(Burgardet al. 1996).
For reasonably-sizedenvironments, theseapproachesof-
ten require memory in the excessof 100MB, and high-
performancecomputing. At the otherextreme,variousre-
searchershave resortedto coarse-grainedtopologicalrepre-
sentations,whosegranularityis oftenanorderof magnitude
lowerthanthatof thegrid-basedapproach.Whenhighreso-
lution is needed(seee.g.,(Fox etal. 1998),whouseslocal-
ization to avoid collisionswith staticobstaclesthat cannot
bedetectedby sensors),suchapproachesareinapplicable.

In this paperwe presentMonte Carlo Localization(in
short: MCL). MonteCarlomethodswereintroducedin the
Seventies(Handschin1970),andrecentlyrediscoveredinde-
pendentlyin thetarget-tracking(Gordon,Salmond,& Smith
1993),statistical(Kitagawa1996)andcomputervisionliter-
ature(Isard& Blake1998),andthey have alsobeappliedin
dynamicprobabilisticnetworks(Kanazawa, Koller, & Rus-



sell 1995).MCL usesfastsamplingtechniquesto represent
therobot’s belief. Whentherobotmovesor senses,impor-
tancere-sampling(Rubin 1988) is appliedto estimatethe
posteriordistribution.An adaptivesamplingscheme(Koller
& Fratkina1998),which determinesthenumberof samples
on-the-fly, is employedto trade-off computationandaccu-
racy. As a result,MCL usesmany samplesduring global
localizationwhenthey aremostneeded,whereasthesample
set size is small during tracking,when the positionof the
robot is approximatelyknown.

By using a sampling-basedrepresentation,MCL has
severalkey advantagesover earlierwork in thefield:
1. In contrastto existing Kalmanfiltering basedtechniques,

it is ableto representmulti-modaldistributions andthus
canglobally localizea robot.

2. It drastically reducesthe amount of memory required
comparedto grid-basedMarkov localizationandcan in-
tegratemeasurementsata considerablyhigherfrequency.

3. It is moreaccurate thanMarkov localizationwith a fixed
cell size, as the staterepresentedin 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 greatsuccessat varioussites(Nourbakhsh,Pow-
ers, & Birchfield 1995; Simmons& Koenig 1995; Kael-
bling, Cassandra,& Kurien 1996; Burgard et al. 1996;
Fox 1998)—isto computea probabilitydistributionover all
possiblepositionsin theenvironment.Let �����	��

��

��� de-
notea positionin thestatespaceof therobot,where � and
� arethe robot’s coordinatesin a world-centeredCartesian
referenceframe,and � is therobot’sorientation.Thedistri-
bution ����������� expressestherobot’sbelief for beingat posi-
tion � . Initially, ����������� reflectstheinitial stateof knowledge:
if therobotknows its initial position, ����������� is centeredon
thecorrectposition;if therobotdoesnotknow its initial po-
sition, ����������� is uniformly distributedto reflect the global
uncertaintyof the robot. As the robot operates,����������� is
incrementallyrefined.

Markov localization applies two different probabilistic
modelsto update ����������� , an action model to incorporate
movementsof therobotinto ����������� anda perceptionmodel
to updatethebeliefuponsensoryinput:

Robot motion is modeledby a conditionalprobability ���"!#��$%

&'� (a kernel),specifyingtheprobabilitythata mea-
suredmovementaction & , whenexecutedat � $ , carriesthe
robotto � . ����������� is thenupdatedaccordingto thefollowing
generalformula,commonlyusedin Markov chains(Chung
1960):

�����������)(+*
,  ����!#� $ 

&-�.��������� $ �./0� $ (1)

Theterm
 ����!1� $ 
2&'� representsa modelof therobot’skine-

matics,whoseprobabilisticcomponentaccountsfor errors
in odometry. Following (Burgardet al. 1996),we assume
odometryerrorsto bedistributednormally.

Sensorreadingsare integratedwith Bayesrule. Let 3
denotea sensorreadingand

 ��34!5��� the likelihood of per-
ceiving 3 giventhat therobot is at position � , then ����������� is
updatedaccordingto thefollowing rule:

�����������6(+* 7  ��38!9���.����������� (2)

Here 7 is a normalizer, whichensuresthat ����������� integrates
to : .

Strictly speaking,bothupdatestepsareonly applicableif
the environmentis Markovian, that is, if pastsensorread-
ingsareconditionallyindependentof future readingsgiven
the true position of the robot. Recentextensionsto non-
Markovian environments(Fox et al. 1998) can easily be
stipulatedto theMCL approach;hence,throughoutthis pa-
perwill assumethattheenvironmentis Markovian andwill
not payfurtherattentionto this issue.

Prior Work
Existingapproachesto mobilerobotlocalizationcanbedis-
tinguishedby the way they representthe statespaceof the
robot.

Kalman filter-basedtechniques.Most of theearlierap-
proachesto robotlocalizationapplyKalmanfilters(Kalman
1960).Thevastmajorityof theseapproachesis basedonthe
assumptionthat the uncertaintyin the robot’s positioncan
be representedby a unimodalGaussiandistribution. Sen-
sor readings,too, areassumedto mapto Gaussian-shaped
distributionsover the robot’s position. For theseassump-
tions,Kalmanfiltersprovideextremelyefficientupdaterules
that can be shown to be optimal (relative to the assump-
tions) (Maybeck 1979). Kalman filter-basedtechniques
(Leonard& Durrant-Whyte1992;Schiele& Crowley 1994;
Gutmann& Schlegel1996)haveprovento berobustandac-
curatefor keepingtrack of the robot’s position. However,
sincethesetechniquesdo not representmulti-modalprob-
ability distributions,which frequentlyoccur during global
localization. In practice, localization approachesusing
Kalmanfilters typically requirethat thestartingpositionof
therobotis known. In addition,Kalmanfiltersrely onsensor
modelsthatgenerateestimateswith Gaussianuncertainty—
which is oftenunrealistic.

Topological Mark ov localization. To overcomethese
limitations, different approacheshave used increasingly
richerschemesto representuncertainty, moving beyondthe
Gaussiandensityassumptioninherentin thevanillaKalman
filter. Thesedifferentmethodscanberoughlydistinguished
by the type of discretizationusedfor the representationof
thestatespace.In (Nourbakhsh,Powers,& Birchfield1995;
Simmons& Koenig1995;Kaelbling,Cassandra,& Kurien
1996),Markov localizationis usedfor landmark-basedcor-
ridor navigation andthe statespaceis organizedaccording



to thecoarse,topologicalstructureof theenvironment.The
coarse; resolutionof thestaterepresentationlimits theaccu-
racy of thepositionestimates.Topologicalapproachestypi-
cally giveonly a roughsenseasto wheretherobotis.

Grid-based Mark ov localization. To deal with multi-
modal and non-Gaussiandensitiesat a fine resolution(as
opposedto thecoarserdiscretizationin theabove methods),
grid-basedapproachesperform numericalintegrationover
anevenlyspacedgrid of points(Burgardetal. 1996;1998b;
Fox 1998).This involvesdiscretizingtheinterestingpartof
the statespace,and use it as the basisfor an approxima-
tion of thestatespacedensity, e.g.by a piece-wiseconstant
function. Grid-basedmethodsarepowerful, but suffer from
excessive computationaloverheadanda priori commitment
to thesizeandresolutionof thestatespace.In addition,the
resolutionandtherebyalsothe precisionat which they can
representthestatehasto befixedbeforehand.Thecomputa-
tionalrequirementshaveaneffectonaccuracy aswell, asnot
all measurementscanbe processedin real-time,andvalu-
able informationaboutthe stateis therebydiscarded.Re-
centwork (Burgardetal. 1998b)hasbegunto addresssome
of theseproblems,usingoct-treesto obtainavariableresolu-
tion representationof thestatespace.Thishastheadvantage
of concentratingthecomputationandmemoryusagewhere
needed,andaddressesthelimitationsarisingfrom fixedres-
olutions.

Monte Carlo Localization
Sample-BasedDensityApproximation

MCL is aversionof sampling/importancere-sampling(SIR)
(Rubin 1988). It is known alternatively as the bootstrap
filter (Gordon,Salmond,& Smith 1993),the Monte-Carlo
filter (Kitagawa 1996), the Condensationalgorithm (Is-
ard & Blake 1998), or the survival of the fittest algo-
rithm (Kanazawa, Koller, & Russell1995). All thesemeth-
odsaregenericallyknown asparticle filters, anda discus-
sionof theirpropertiescanbefoundin (Doucet1998).

The key ideaunderlyingall this work is to representthe
posteriorbelief ����������� by asetof < weighted,randomsam-
plesor particles =>�@?93�A"!'B.��:DCECF<HG . A samplesetconsti-
tutesa discreteapproximationof a probabilitydistribution.
Samplesin MCL areof thetype

���	��

��

����
�IJ� (3)

where �	��

��

��� denotea robot position,and I>KML is a nu-
mericalweightingfactor, analogousto adiscreteprobability.
For consistency, weassumeNPOQ-RTS'I Q �U: .

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

Robot motion. Whentherobotmoves,MCL generates<
new samplesthatapproximatetherobot’s positionafter the
motion command.Eachsampleis generatedby randomly
drawing asamplefrom thepreviouslycomputedsampleset,

with likelihood determinedby their I -values.Let � $ denote
thepositionof thissample.Thenew sample’s � is thengener-
atedby generatingasingle,randomsamplefrom

 ����!#� $ 

&-� ,
usingtheaction & asobserved.The I -valueof thenew sam-
ple is <HV S .

10 meters

Start location

Fig. 1: Sampling-basedapproximationof thepositionbelief for a
non-sensingrobot.

Figure1 showstheeffectof thissamplingtechnique,start-
ing at an initial known position (bottom center)and exe-
cuting actionsas indicatedby the solid line. As can be
seenthere, the samplesetsapproximatedistributionswith
increasinguncertainty, representingthegraduallossof posi-
tion informationdueto slippageanddrift.

Sensor readings are incorporatedby re-weighting the
sampleset,in a way that implementsBayesrule in Markov
localization.Morespecifically, let ����
�IJ� bea sample.Then

I (+* 7  ��38!#��� (4)

where3 is thesensormeasurement,and 7 is anormalization
constantthatenforcesNWOQ'RTS I Q �X: . The incorporationof
sensorreadingsis typically performedin two phases,one
in which I is multiplied by

 ��3H!5��� , andonein which the
various I -valuesarenormalized.An algorithmto perform
this re-samplingprocessefficiently in O(N) time is givenin
(Carpenter, Clif ford,& Fernhead1997).

In practice,we have foundit usefulto adda small num-
berof uniformly distributed,randomsamplesaftereaches-
timation step. Formally, this is legitimatebecausethe SIR
methodology(Rubin1988)canaccommodatearbitrarydis-
tributionsfor samplingaslong assamplesareweightedap-
propriately(usingthe factor I ), andaslong asthedistribu-
tion from whichsamplesaregeneratedis non-zeroat places
where the distribution that is being approximatedis non-
zero—whichis actuallythecasefor MCL. Theaddedsam-
plesareessentialfor relocalizationin therareeventthat the
robotlosestrackof its position.SinceMCL usesfinite sam-
ple sets,it mayhappenthatno sampleis generatedcloseto
thecorrectrobotposition.In suchcases,MCL wouldbeun-
ableto re-localizethe robot. By addinga small numberof
randomsamples,however, MCL caneffectively re-localize
therobot,asdocumentedin theexperimentalresultssection
of this paper.



Robot position
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Fig. 2: Globallocalization:Initialization. Fig. 3: Ambiguity dueto symmetry. Fig. 4: Successfullocalization.

Propertiesof MCL

A nice propertyof the MCL algorithm is that it can uni-
versallyapproximatearbitraryprobabilitydistributions. As
shown in (Tanner1993),thevarianceof theimportancesam-
pler converges to zero at a rate of :#YDZ < (under condi-
tions thataretrue for MCL). The samplesetsizenaturally
tradesoff accuracy andcomputationalload.Thetrueadvan-
tage,however, lies in the way MCL placescomputational
resources.By samplingin proportionto likelihood,MCL fo-
cusesits computationalresourceson regionswith high like-
lihood,wherethingsreallymatter.

MCL is an online algorithm. It lendsitself nicely to an
any-time implementation(Dean& Boddy1988;Zilberstein
& Russell1995). Any-time algorithmscangenerateanan-
swer at any time; however, the quality of the solution in-
creasesover time. Thesamplingstepin MCL canbetermi-
natedatany time. Thus,whenasensorreadingarrives,or an
actionis executed,samplingis terminatedandtheresulting
samplesetis usedfor thenext operation.

Adaptive SampleSetSizes

In practice,thenumberof samplesrequiredto achieveacer-
tain level of accuracy variesdrastically. During global lo-
calization,therobotis completelyignorantasto whereit is;
hence,it’ sbeliefuniformly coversits full three-dimensional
statespace.Duringpositiontracking,on theotherhand,the
uncertaintyis typically small andoften focusedon lower-
dimensionalmanifolds. Thus, many more samplesare
neededduringgloballocalizationto accuratelyapproximate
thetruedensity, thanareneededfor positiontracking.

MCL determinesthe sampleset size on-the-fly. As
in (Koller & Fratkina1998),theideais to usethedivergence
of
 ����� and

 ���[!\3]� , the belief before andafter sensing,
to determinethe samplesets. More specifically, both mo-
tion dataandsensordatais incorporatedin asinglestep,and
samplingis stoppedwhenever thesumof weightsI (before
normalization!) exceedsa threshold̂ . If the positionpre-
dictedby odometryis well in tunewith thesensorreading,
eachindividual I is largeandthesamplesetremainssmall.
If, however, the sensorreadingcarriesa lot of surprise,as
is typically thecasewhentherobot is globally uncertainor
whenit lost trackof its position,theindividual I -valuesare
smallandthesamplesetis large.

Our approachdirectly relatesto thewell-known property

that the varianceof the importancesampleris a function
of the mismatchof the samplingdistribution (in our case ����� ) andthe distribution that is beingapproximatedwith
the weightedsample(in our case

 ���_!T3#� ) (Tanner1993).
The less thesedistributions agree,the larger the variance
(approximationerror). Theideais hereto compensatesuch
errorby largersamplesetsizes,to obtainapproximatelyuni-
form error.

A Graphical Example
Figures2 to 4 illustrateMCL in practice.Shown thereis a
seriesof samplesets(projectedinto 2D) generatedduring
global localizationof our robotRHINO (Figure5), asit op-
eratesin anofficebuilding. In Figure2, therobotis globally
uncertain;hencethe samplesarespreaduniformly through
the free-space.Figure3 shows thesamplesetafterapprox-
imately 1 meterof robot motion, at which point MCL has
disambiguatedtherobot’spositionup to a singlesymmetry.
Finally, afteranother2 metersof robotmotion,theambigu-
ity is resolved,therobotknowswhereit is. Themajority of
samplesis now centeredtightly aroundthecorrectposition,
asshown in Figure4.

Experimental Results
To evaluatetheutility of samplingin localization,we thor-
oughly testedMCL in a rangeof real-worldenvironments,
applying it to three different types of sensors(cameras,
sonar, and laserproximity data). The two primary results
are:

1. MCL yields significantly more accurate localization
resultsthanthemostaccuratepreviousMarkov localiza-
tion algorithm,while consumingan orderof magnitude
less memory and computationalresources. In some
cases,MCL reliably localizestherobotwhereasprevious
methodsfail.

2. By and large, adaptive samplingperformsequally well
asMCL with fixedsamplesets.In scenariosinvolving a
large rangeof different uncertainties(global vs. local),
however, adaptive samplingis superiorto fixed sample
sizes.
Ourexperimentshave beencarriedoutusingseveralB21,

B18, andPioneerrobotsmanufacturedby ISR/RWI, shown
in Figure5. Theserobotsareequippedwith arraysof sonar
sensors(from 7 to 24), oneor two laserrangefinders,and



Fig. 5: Fourof therobotsusedfor testing:Rhino,Minerva,Robin,
andMarian.

in the caseof Minerva, shown in Figure5, a B/W camera
pointedat theceiling. Even thoughall experimentalresults
discussedhereusepre-recordeddatasets(to facilitate the
analysis),all evaluationshave beenperformedstrictly un-
derrun-timeconditions(unlessexplicitly noted).In fact,we
have routinelyrancooperative teamsof mobilerobotsusing
MCL for localization(Fox etal. 1999).

Comparison to Grid-BasedLocalization

The first seriesof experimentsillustratesdifferentcapabil-
ities of MCL andcomparesit to grid-basedMarkov local-
ization,which presumablyis the mostaccurateMarkov lo-
calizationtechniqueto date(Burgardet al. 1996;1998b;
Fox 1998).
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Fig. 6: Accuracy of (a)grid-basedMarkov localizationusing
differentspatialresolutionsand(b) MCL for differentnumbersof

samples(log scale).

Figure6 (a)plotsthelocalizationaccuracy for grid-based
localization as a function of the grid resolution. These
resultswere obtainedusing datarecordedin the environ-
ment shown in Figure 2. They are nicely suitedfor our
experimentsbecausethe exact samedatahasalreadybeen
usedto comparedifferent localizationapproaches,includ-
ing grid-basedMarkov localization(whichwastheonly one
that solved the global localization problem) (Gutmannet
al. 1998). Notice that the resultsfor grid-basedlocaliza-
tion shownin Figure 6 were not generatedin real-time. As
shown there,the accuracy increaseswith the resolutionof
thegrid, bothfor sonar(solid line) andfor laserdata(dashed
line). However, grid sizesbelow 8 cm do not permitupdat-
ing in real-time,even when highly efficient, selective up-
dateschemesareused(Fox, Burgard,& Thrun1999). Re-
sultsfor MCL with fixedsamplesetsizesareshown in Fig-
ure 6 (b). Theseresultshave beengeneratedusing real-

time conditions.Herevery smallsamplesetsaredisadvan-
tageous,sincethey infer toolargeanerrorin theapproxima-
tion. Largesamplesetsarealsodisadvantageous,sincepro-
cessingthemrequirestoomuchtimeandfewersensoritems
canbeprocessedin real-time.The“optimal” samplesetsize,
accordingto Figure6 (b), is somewherebetween1,000and
5,000samples.Grid-basedlocalization,to reachthe same
level of accuracy, hasto usegrids with 4cm resolution—
which is infeasiblegivenevenourbestcomputers.

In comparison,the grid-basedapproach,with a resolu-
tion of 20 cm, requiresalmostexactly ten times as much
memorywhencomparedto MCL with 5,000samples.Dur-
ing global localization,integratinga singlesensorscanre-
quires up to 120 secondsusing the grid-basedapproach,
whereasMCL consumesconsistentlyless than 3 seconds
underotherwiseequalconditions.Oncetherobothasbeen
localizedglobally, however, grid-basedlocalizationupdates
grid-cellsselectivelyasdescribedin (Burgardet al. 1998b;
Fox 1998),andbothapproachesareaboutequallyfast.

Vision-basedLocalization

To testMCL in extremesituations,weevaluatedit in apopu-
latedpublic place.Duringa two-weekexhibition, our robot
Minervawasemployedasa tour-guidein theSmithsonian’s
Museumof Natural History (Thrun et al. 1999). To aid
localization,Minerva is equippedwith a camerapointedto-
wardstheceiling. Figure7 showsamosaicof themuseum’s
ceiling, constructedusinga methoddescribedin (Thrun et
al. 1999). The datausedhereis the mostdifficult dataset
in ourpossession,astherobottraveledwith speedsof up to
163cm/sec.Whenever it enteredor left thecarpetedareain
thecenterof themuseum,it crosseda 2cmbumpwhich in-
troducedsignificanterrorsin therobot’sodometry. Figure8
showsthepathmeasuredby Minerva’sodometry.

When only using vision information, grid-basedlocal-
ization fails to track the robot accurately. This is because
thecomputationaloverheadmakesit impossibleto incorpo-
ratesufficiently many images.MCL, however, succeededin
globally localizingthe robot,andtrackingthe robot’sposi-
tion (seealso(Dellaertet al. 1999a)). Figure9 shows the
pathestimatedby our MCL technique.Althoughthe local-
izationerror is sometimesabove 1 meter, thesystemis able
tokeeptrackof multiplehypothesesandthusto recoverfrom
localizationerrors.Thegrid-basedMarkov localizationsys-
tem, however, wasnot able to track the whole 700m long
path of the trajectory. In all our experiments,which were
carriedout underreal-timeconditions,thegrid-basedtech-
nique quickly lost track of the robot’s position (which, as
was verified, would not be the caseif the grid-basedap-
proachwasgiven unlimited computationalpower). These
resultsdocumentthatMCL is clearlysuperiorto our previ-
ousgrid-basedapproach.



Fig. 7: Ceilingmapof theNMAH Fig. 8: Odometryinformationrecordedby
Minervaon a700m longtrajectory

Fig. 9: Trajectoryestimatedgiventheceiling
mapandthecenterpixelsof on-lineimages.

Adaptive Sampling
Finally, weevaluatedtheutility of MCL’sadaptiveapproach
to sampling.In particular, werewereinterestedin determin-
ing the relative merit of the adaptive samplingscheme,if
any, over a fixed, staticsampleset(asusedin someof the
experimentsabove andin an earlierversionof MCL (Del-
laert et al. 1999b)). In a final seriesof experiments,we
appliedMCL with adaptive andfixed samplesetsizesus-
ing datarecordedwith Minervain theSmithsonianmuseum.
Herewe usethe laserrangedatainsteadof thevision data,
to illustratethatMCL alsoworkswell with laserrangedata
in environmentsaschallengingastheonestudiedhere.
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Fig. 10: Localizationerrorfor MCL with fixedsamplesetsizes
(topfigure)andadaptivesampling(bottomline)

In thefirst setof experimentswetestedtheability of MCL
to track the robotasit moved throughthe museum.In this
caseit turnedout thatadaptive samplinghasno significant
impacton the trackingability of theMonteCarloLocaliza-
tion. This resultis not surprisingsinceduring trackingthe
positionof therobotis concentratedona smallarea.

We thenevaluatedthe influenceof adaptingthe sample
sizeon the ability to globally localizethe robot,andto re-
cover from extremelocalizationfailure. For the latter, we
manuallyintroducedsevereerrorsinto the data,to test the
robustnessof MCL in the extreme. In our experimentswe
“tele-ported”therobotat randompointsin time to otherlo-
cations.Technically, this wasdoneby changingtherobot’s
orientationby 180 b 90degreesandshiftingit by b 200cm,
without letting therobotknow. Theseperturbationswerein-
troducedrandomly, with a probabilityof L�CFL�: permeterof
robotmotion.Obviously, suchincidentsmaketherobotlose
its position,andthereforearewell suitedto testlocalization

underextremesituations.
Herewe foundadaptive samplingto besuperiorto MCL

with fixed samplesets. Figure 10 shows the comparison.
The top curve depictsthe frequency with which the error
waslargerthan1 meter(our tolerancethreshold),for differ-
entsamplesetsizes.Thebottomline givesthe sameresult
for the adaptive samplingapproach.As is easyto beseen,
adaptive samplingyields smallererror than the bestMCL
with fixedsamplesetsizes.Our resultshave beenobtained
by averagingdatacollectedalong700metersof high-speed
robotmotion.

Conclusionand Futur eWork
This paperpresentedMonte Carlo Localization(MCL), a
sample-basedalgorithmfor mobilerobotlocalization.MCL
differsfrom previousapproachesin that it usesrandomized
samples(particles)to representtherobot’sbelief. This leads
to a varietyof advantagesover previousapproaches:A sig-
nificantreductionin computationandmemoryconsumption,
which leadsto a higherfrequency atwhich therobotcanin-
corporatesensordata,which in turn implies much higher
accuracy. MCL is alsomucheasierto implementthanpre-
viousMarkov localizationapproaches.Insteadof having to
reasonaboutentireprobabilitydistributions,MCL randomly
guessespossiblepositions,in a way that favors likely posi-
tionsover unlikely ones.An adaptive samplingschemewas
proposedthat enablesMCL to adjustthe numberof sam-
ples in proportionto the amountof surprisein the sensor
data. Consequently, MCL usesfew sampleswhentracking
therobot’s position,but increasesthesamplesetsizewhen
therobotlosestrackof its position,or otherwiseis forcedto
globally localizetherobot.

MCL hasbeentestedthoroughlyin practice.As our em-
pirical resultssuggest,MCL beatsprevious Markov local-
ization methodsby an orderof magnitudein memoryand
computationrequirements,whileyieldingsignificantlymore
accurateresults.In somecases,MCL succeedswheregrid-
basedMarkov localizationfails.

In future work, the increasedefficiency of our sample-
basedlocalizationwill be appliedto multi robot scenarios,
wherethesamplesetsof thedifferentrobotscanbesynchro-
nizedwhenever onerobotdetectsanother. Firstexperiments
conductedwith two robotsshow that the robotsareableto



localizethemselvesmuchfasterwhencombiningtheir sam-
ple sets(Fox et al. 1999). Here,the robotswereequipped
with laserrange-findersand camerasto detecteachother.
We alsoplanto applyMonteCarlomethodsto theproblem
of mapacquisition,whererecentwork hasled to new statis-
tical frameworksthathave beensuccessfullappliedto large,
cyclic environmentsusinggrid representations(Thrun,Fox,
& Burgard1998).
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