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Abstract

Global localizationis the problemof determining
the position of a robot under global uncertainty.
Thisproblemcanbedividedin two phases:1) from
the sensordata(or sensorview), determinethe set
of locationswherethe robotcanbe; and2) devise
a strategy by which the robot cancorrectlyelimi-
nateall but the right location. The approachpro-
posedin this paperis basedon Markov localiza-
tion. It appliestheprincipalcomponentmethodto
get rotation invariantfeaturesfor eachlocationof
the map,a Bayesianclassificationsystemto clus-
ter thefeatures,andpolarcorrelationsbetweenthe
sensorview andthe local mapviews to determine
the locationswherethe robot canbe. In order to
solveefficiently thelocalizationproblem,aswell as
to considertheperceptuallimitation of thesensors,
thepossiblelocationsof the robotarerestrictedto
be in a roadmapthat keepthe robot closeto ob-
stacles,andcorrelationsbetweenthepossiblelocal
mapviews arepre–computed.Thehypothesesare
clusteredanda greedysearchdeterminethe robot
movementsto reducethenumberof clustersof hy-
potheses.Thisapproachis testedusingasimulated
andarealmobilerobotwith promisingresults.

1 Introduction
Numeroustasksfor a mobile robot requireit to have a map
of its environmentandknowledgeof whereit is locatedin
themap.Determiningthe location(positionandorientation)
of the robot in the environmentis known asthe robot local-
ization problem. A recentsurvey [Borensteinet al., 1996]
illustratesthe importanceof the localizationproblemandil-
lustratesthelargenumberof existing approaches.

Traditionally, localizationaddressestwo subproblems:po-
sition tracking andglobal localization [Thrun et al., 1998].
Positiontrackingrefersto the problemof estimatingthe lo-
cationof therobotwhile it is moving. Drift andslippageim-
poselimits on theability to estimatethelocationof therobot
within its global map. The robot knows its initial location
and tracksits location after small movementsusing sensor
data. Global localizationis the problemof determiningthe
locationof the robotunderglobaluncertainty. This problem

arises,for example,whena robot usesa mapthat hasbeen
generatedin a previous run, andit is not informedaboutits
initial locationwithin themap.

Theglobal localizationproblemcanbeseenasconsisting
of two phases:hypothesisgenerationandhypothesiselimi-
nation[Dudeket al., 1998]. The first phaseis to determine
the set of hypotheticallocations� that are consistentwith
the sensingdataobtainedby the robot at its initial location.
Thesecondphaseis to determine,in thecasethat � contains
two or morehypotheses,whichoneis thetruelocationof the
robot,eliminatingtheincorrecthypotheses.Ideally, therobot
shouldtravel the minimum distancenecessaryto determine
its exactlocation.

This paperpresentsanapproachto solve theglobal local-
izationproblemin a known indoorenvironmentmodeledby
an occupancy grid map, a two dimensionalmap wherethe
environmentis dividedin squareregionsor cellsof thesame
size. This approachis basedon Markov localization (see
[Gutmannet al., 1998]) and takes into accountthe percep-
tual limitations of sensorsin two ways: 1) the robot tries to
keepa fixed distanceto obstacleswhile the robot is moving
and2) thesensorshavea limited rangeof operation.Follow-
ing theapproachdescribedin [Romeroet al., 2000] to build
a roadmapusing the first restriction, the numberof possi-
ble locationswheretherobotcanbeis significantlyreduced.
Taking into accountthe secondrestriction,local mapviews
are computedfrom the map for eachcell of the roadmap.
Thegeneralform of eachlocal mapview canbecompressed
into two realnumbersusingtheprincipal componentmethod
[Gonzalezand Wintz, 1987] with the advantagethat these
featuresarerotation independent.Thesecompressedviews
arethenclusteredby Autoclass[CheesemanandStutz,1996],
aBayesianclassificationsystem.Theideato generatethehy-
pothesesis to computetheprincipalcomponentsof thesensor
data(or sensorview), thenuseAutoclassto predictthe best
class(or classes)andfinally performpolar correlationsbe-
tweenthesensorview andthepredictedlocal mapviews. To
eliminatehypotheses,a greedysearchis performeduponthe
correlationsof thelocalmapviewsof thesameclass.

The restof this paperis organizedas follows. Section2
reviews somerelatedrelevant literature. Section3 describes
our approachto generatehypotheses.Section4 presentsthe
framework of Markov localization. Section5 explains the
approachto eliminatehypotheses.Experimentalresultsusing
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a mobile robotsimulatoranda mobile robotwith a low cost
laser� rangesensor(implementedby a laserline generatorand
acamera) areshown in Section6. Finally, someconclusions
aregivenin Section7.

2 Related work
Theoreticalwork onthesubjecthasbeenreportedin theliter-
ature.A solutionto thehypothesisgenerationphaseis given
in [Guibaset al., 1995]. In [Dudeket al., 1998] it is shown
thattheproblemof localizinga robotwith minimumtravel is
NP–hard.Theseworks make strongassumptions:first, per-
fect knowledgeaboutthe orientationof the mobile robot is
considered;second,they assumetheavailability of noise–free
sensordata.

Practicalwork hasalsobeenreported(see[Thrun, 1998;
CastellanosandTardos,1999]). Landmarkmethodsrely on
therecognitionof landmarksto keeptherobotlocalizedgeo-
metrically. While landmarkmethodscanachieve impressive
geometriclocalization,they requireefficient recognitionof
featuresto useaslandmarks.In contrast,densesensormeth-
odsattemptto usewhatever sensorinformation is available
to updatethelocationof therobot.They do this by matching
densesensorscansagainstasurfacemapof theenvironment,
without extracting landmarkfeatures.See[Gutmannet al.,
1998] for an experimentalcomparisonof two densesensor
matchingmethods:KalmanFilter andMarkov localization.
Somecorrelationtechniquesof laserrange–finderscansare
given in [Weib et al., 1994]. In [Fox andBurgard,1998] a
methodto movetherobotin orderto eliminatehypothesesis
given. The idea is to move the robot so asto minimize fu-
tureexpecteduncertainty, measuredby theentropy of future
belief distributions.

3 Hypothesis generation
In this sectionandthetwo following sectionsa simpleoccu-
pancy grid mapis usedasanexampleto show the ideasbe-
hind the proposedapproach.Figure1 (a) shows this simple
mapbuilt usinga mobilerobotsimulator. Figure1 (b) shows
a local mapview, extractedfrom themapfor thepositionof
the robot shown in (a), consideringthat the robot direction
is alignedwith a globalfixeddirection(pointingdownwards
in this case).Figure1 (c) shows the sensorview (generated
by the simulator)consideringthat the robot is alignedwith
the global direction. Both views have an angularresolution
of 0.5degrees,a commonvaluefoundin laserrangesensors,
and includethe robot position for referenceasa black cell.
Perceptuallimitations aretaken into accountsettinga maxi-
mumrangeof � meters.

The problemconsistin estimatingthe set � of possible
locationsthathavelocalmapviewsconsistentwith thesensor
view.

3.1 Polar correlation
To have a simplemodelof robot motion andhencea small
statespacein the Markov localization,we assumethat the
robot shouldbe in oneof 8 possibledirections( ���	��

�����
degrees,������������� ), with respectto theglobalfixeddirection,
onefor eachadjacentcell. A polarcorrelation,usingasumof

Figure1: A simpleenvironment.Fromleft to right: ( � ) Oc-
cupancy grid map.( � ) Local mapview for therobot location
showedin (a). ( � ) Sensorview

Figure 2: Correlationresults. Angular displacementsare
from 0 (left) to ���! ��"� degrees(right).

absolutedifferences,canbe usedto find the matchbetween
a local mapview and the sensorview. Figure 2 shows the
correlationresultsfor all thepossibleangulardisplacements
of thesensorview againstthelocal mapview shonin Figure
1. Fromtheminimumdifferenceanangulardisplacementcan
becomputedto align therobotwith oneof thedirections�#� .
Obviously, therightangulardisplacementshouldbeindicated
consideringthe mostprobablepositionof the robot. In the
caseof Figure2 theangulardisplacementcorrespondsto $	%�&
degres,andthebestestimateddirectionis %'�!� degrees.

As the Markov localization needsa probabilistic value(*),+
- .,/ of perceiving a sensorview + given that the robot is
at location . (cell 0213�5476 with direction � � ) a difference
value 8 ) 1*�94:�9��� / canbe computedfor direction ��� from the
correlationresultsbetweenthe sensorview + and the local
mapview at thecell 0;13�94<6 , andthena probabilisticvalue
canbe obtainedfrom 8 ) 13�54=�5� � / . We compute8 ) 1*�94:�9� � / as
theminimumdifference(in thecorrelationresults)for anan-
gular interval with centerat � � . The desiredprobability is
computedby (>)?+
- .,/ �A@'B:C�DFEHGJI K#I LNMPO where Q is positive real
number.

Consideringthatthis procedureis expensive,next sections
show a fastprocedureto find a smallsetof candidatecellsto
applythis procedure,insteadof all thefreecellsin themap.

3.2 Roadmap

Following the ideasdescribedin [Romeroet al., 2000], the
setof possiblecells,wheretherobotis allowedto move,tries
to keepa fixed distanceR to obstacles.It associateshigher
coststo free cells closeto obstaclesandthe lowestcoststo
cellsat distanceR from obstacles.Figure3 (a) shows thefull
setof freecellswheretherobotcanbeaswhitepixels,while
Figure3 (b) showsthecellsthatform theroadmap.Thereis a
significantreductionin thenumberof cells. Let S betheset
of cellsof theroadmap.

In thenext sectionwe aregoingto consideronly thecells0T13�94U6�VWS .
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Figure3: A roadmap.Fromleft to right: ( � ) Full setof free
cells. ( � ) Theroadmapfor R = 1 m.

Figure4: Clustersfound by Autoclass.Differentgray level
areassociatedto differentclasses

3.3 Principal component analysis
We apply the principal componentanalysis describedin
[GonzalezandWintz, 1987] to find two rotationinvariantfea-
turesfrom a local mapview or sensorview. Thecoordinates
of eachoccupiedcell of theview canbeinterpretedastwo di-
mensionalrandomvariableswith meanX andcovarianceY .
It is notedthat X is a two dimensionalvectorand Y is a 2 Z
2 matrix. Theeigenvectors[�\ and [
] of Y point in thedirec-
tionsof maximumvariance(subjectto theconstraintthatthey
areorthogonal)andtheeigenvalueŝ \ and ^ ] areequalto the
variancealongeigenvectors[�\ and [
] respectively. Our ap-
proachusesthetwo eigenvaluesasrotationinvariantfeatures
for a localmapview or sensorview.

3.4 Bayesian clustering
Since the eigenvalues associatedto adjacentcells of the
roadmapnormally do not changea lot, it makes senseto
clustercellsaccordingto their eigenvalues.For this purpose
we useAutoclass[Cheesemanand Stutz, 1996]. Figure 4
show with differentgraylevel thethreeclassesfoundfor the
cellsof theroadmapshown in Figure3 (b). Autoclassfound
thesameclassfor cellscloseto theendcellsof theroadmap,
anotherclassfor cells in the middleof the roadmapandthe
restof cellsin a third class.

At the beginning of the localizationprocess,to take the
robot to the roadmap,we apply the algorithm describedin
[Romeroet al., 2000] to learn a map of the environment.
Using that approachit is easyto know if the robot is in
the roadmapor needto executesomemovements. Joining
all theseparts,the hypothesisgenerationdoesthe following
steps:

1. Computetheeigenvalues[ from thesensorview.

2. With [ , use Autoclass to predict the most probable
classes.

Figure5: Most probablelocationsfor therobot

3. For all cells in the classesfound in the previous step,
apply the correlationtechniqueto get the angulardis-
placementthat align the robot with one of the possi-
ble directionsandcomputetheconditionalprobabilities(>)?+
- .,/ . Theconditionalprobability for othercellsof the
roadmaparesetto averysmallvalue.

For the sensorview shown in Figure1 (c) theconditional
probabilitiesareshown in Figure5. If theprobabilityof find-
ing therobotat location . of the roadmapis equalfor all the
cellsin theroadmap,thesamefigureshowsthemostprobable
locationsfor therobot.Thelocationsin theleft toppartof the
figurepointdownwardsandthelocationsin right bottompart
of thefigurepoint to theleft. Thefollowing sectiondescribes
the processto updatethe probability of hypothesesafter the
robotsensesor moves.

4 Markov Localization
Thekey ideaof Markov localizationis to computeaprobabil-
ity distributionoverall possiblelocationsin theenvironment.(*)?_a` � .?/ denotestheprobabilityof findingtherobotat loca-
tion . at time b . Here, . is a locationin 1c$U4	$U� � spacewhere1 and 4 areCartesiancoordinatesof cellsand � � is avalid ori-
entation.(*)d_feg/ reflectstheinitial stateof knowledgeandit is
uniformly distributedto reflecttheglobaluncertainty. (*)d_f`N/
is updatedwhenever ...

1. ... therobotmoves.Robotmotionis modeledby a con-
ditionalprobability, denotedby (:h
)d.i- .?jH/ . (=h
)d.i- .?jH/ denotes
theprobabilitythatmotionaction � , whenexecutedat .dj ,
carriestherobotto . . (=h
)?.5- . j / is usedto updatethebelief
uponrobotmotion:

(>)d_ `lk \�� .,/amon;pHq (=h
)?.5- .djH/l(*)?_a` � .?/
(*),+g/ (1)

Here(*),+#/ is anormalizerthatensuresthat (>)d_a`lk \ / sums
up to 1 over all . . An exampleof (=h
)?.5- .djH/ is shown in
Figure6, consideringthat the robot movesin the thick
roadmap,and the orientationof the robot is alignedto
oneof thepossible8 directions� � , asit wasdescribedin
a previoussection.

2. ... therobotsenses.Whensensing+ ,
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Figure7: Hypothesesafter a movement.From left to right:
( � ) Onehypotheses.( � ) Two hypothesis

(>)d_ `lk \�� .,/am (*),+
- .,/r(*)?_a` � .?/
(*),+g/ (2)

Here (>)?+
- .,/ is the probability of perceiving + at loca-
tion . . In order to get a efficient procedureto update
theprobabilitydistribution,cellswith probabilitybelow
somethresholdaresetto zero.

To geta robustandefficient procedure,our approachcon-
sidersa thick roadmapwhich includethe cells in the neigh-
borhoodof the roadmap(thin roadmap) besidesthe cells in
the roadmap.The possiblehypothesesfor the robot arere-
strictedto bein thethick roadmap.

5 Hypothesis elimination
Let (*)d_f` � .,/ betheprobabilityof finding therobotat loca-
tion . at time b . We considerashypothesesonly thoseloca-
tions . with (*)d_f` � .?/ 6Ts , wheres is a thresholdvalue.Lett bethenumberof hypotheses.

To eliminatehypotheses,the robot shouldmove through
theroadmap.After a robotmove,therearetwo differentsce-
nariosfor the cells that correspondto the differenthypothe-
ses:1) thecellsarein theroadmapunderall thehypotheses,
and2) thecellsarein theroadmapfor lessthan t hypotheses.
In thefirst scenario,themovementdoesnot helpto eliminate
hypotheses;in thesecondscenariothemovementhelpsto de-
creasethenumberof hypotheses.Figure7 showsanexample
of bothscenarios.If therearetwo hypothesesu�\ and u>] then
themovement,representedbya rotationfollowedbya trans-
lation, showedin Figure7 (a) helpsto reducethenumberof
hypotheseswhile theothermovementis not useful.

To getanefficient procedure,our approachconsidersthat
the mobile robot is at the most probablelocation and then
considersall thecellsof thethin roadmapasvalid movements

Figure 8: Numberof hypothesesassociatedto cells of the
roadmapusingtheroadmapcriteria. Darker cellshave lower
numberof hypotheses

for the robot. If we assignto locationsthe numberof possi-
ble hypotheses,a goodmovementto eliminatehypothesesis
to direct the robot toward the nearestcell with lessthan t
hypotheses.

If we considerthehypothesesshown in Figure5, Figure8
showsthenumberof possiblehypothesisasanimage.Darker
cellshave lower valuesfor thenumberof hypotheses.In this
casethebesthypothesisis locatedin theright bottompartof
the roadmapandit is pointing to the left. The robot should
move to thenearestdarker cell of the roadmap.Let this cell
becalledthe vxw�� . cell.

If we have a criteria to considertwo local mapviews as
similar, we canuseit to detectshortermovementsthanusing
only thepreviouscriteria. Thetwo scenariosdiscussedhave
two variants:a) thecellsaresimilar consideringits localmap
views,andb) not all thecells look similar. Therobotshould
moveto a cell with scenario(b).

A similarity measurecanbe computedusingthe correla-
tion techniquepreviouslypresented.Two cellslook similar if
thecomputedprobabilityisabovesomethreshold.If therearey cellsin theroadmap,let � � , ( ���7&'�����H� y ) denotethe y cells
of theroadmap,and + � yz) �{�9�5�i| / bethesimilarity betweenthe
local mapview associatedto cells � � and � | . + � yz) � � �5� | / for
all �}�,~���&J�F�H���H� y form asimilarity matrixandit canbecom-
putedfrom themapandtheroadmap,beforethelocalization
processstarts.To computethismatrixwecantakeadvantage
of thefactthatthis matrix is symmetricandhave zerovalues
in themaindiagonal.

Figure9 shows the similarity matrix for our example. In
this case,thecellsof thethin roadmapwereorderedfollow-
ing a depthfirst searchtrying to keepcellswith adjacentin-
dicesassociatedto adjacentcells in theroadmap.Theimage
shows that thereareonly a few cellswith significantsimilar-
ities thatarenot closeto eachother. This makessenseif we
considerthemapshown in Figure1 andthelimited rangeof
thesensors.

Two cells � j� and � j| in the thick roadmapare considered
similar if + � y�) � � �i� | / is above somethreshold,where � � and�i| aretheclosestcellsin thethin roadmapto � j� and � j| respec-
tively.

If we considerthe hypothesesshown in Figure5 andthe
similarity criteria, Figure 10 shows the numberof possible
hypothesesasanimage.In thiscase,thegoalcell is closerto
thestartinglocationthantheonein Figure8.

Anotherimprovementover thelastcriteriais to clusterthe
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Figure9: Similarity matrix. Darker pixelsmeanlower simi-
larities

Figure10: Numberof hypothesesassociatedto cells of the
roadmapusingtheroadmapandthesimilarity criteria.Darker
cellshave lowernumberof hypotheses

hypothesesandthenthegoalcell is thecell that reducesthe
numberof clusters. In otherwords, the bestmovementfor
the robotshouldreducethenumberof clusters,not the total
numberof hypotheses.For instance,if therearetwo clusters
( �F\ , �{] ) and �F\ has4 hypothesesand ��] hasonly 1 hypothe-
sis,andthemostprobablehypothesisis in cluster �F\ , thena
movementthateliminatesonehypothesisin cluster � ] is bet-
ter thanonemovementthateliminatesoneor two hypotheses
in cluster�g\ .

For theclusteringprocesswe useAutoclasswith thecoor-
dinatesof the hypotheses.If thereis only onecluster, then
thegoalcell is thenearestcell thatreducesthenumberof hy-
potheses.The robot is localizedif thereis only onecluster
andthereis no cell thatreducesthenumberof hypotheses.

Oncea goal cell is found, the robot shouldperformsome
movementstowardsthatcell, updatingtheprobabilitydistri-
bution.

6 Experimental Results
Thissectionpresentspreliminaryresultsobtainedusingamo-
bile robotsimulatoranda realmobilerobot. Both robotsuse
(or simulate)sonarsanda low costlaserrangesensor, imple-
mentedwith a laserline generatoranda camera.The laser
sensorgivesgoodmeasurementswithin a rangeof 3 m.

Figure 11 (a) shows a more complex simulatedenviron-
ment. Figure11 (b) shows the mapbuilt with its roadmap.
Themapis about10x10 y ] andtheroadmapconsidersadis-
tanceto obstaclesof 1m.

Figure12shows7 clustersfoundby Autoclass,andFigure
13 shows the associatedsimilarity matrix. The symmetric
natureof themapis capturedin thesimilarity matrix.

Figure11: A morecomplex mapbuilt usinga mobile robot
simulator. Fromleft to right: ( � ) Simulatedenvironment.( � )
Mapbuilt with its roadmap

Figure12: Clustersfound by Autoclassfor environmentof
theFigure11.

If therobot is locatedasit is shown in Figure11 (a), then
Figure 14 shows the mostprobablelocationsfor the robot.
Autoclassfound two clusters��\ (pointing downwards)and��] (pointingupwards)andthelocationwith thehighestprob-
ability is in � \ . The hypotheseseliminationprocessfound
a goal cell pointedby � in the figure. This result makes
sensebecausethe possiblehypothesesafter that movement
havedifferentsensorviews.

Figure15 shows a mapbuilt usingthe real mobile robot.
Autoclassfoundin this case6 clustersandthesimilarity ma-
trix is shown in Figure15. In this realenvironmenttherobot
localizationis easierthanin theprevioussimulatedenviron-

Figure 13: Similarity matrix for environmentof the Figure
11. Darkerpixelsmeanlowersimilarities
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Figure14: Mostprobablelocationsfor therobotfor theenvi-
ronmentshowedin Figure11(a).

Figure15: A realmobile robot in a realenvironment.From
left to right: ( � ) Mapandits roadmap.( � ) Similarity matrix

ment.

7 Conclusions
An hybrid approachto solve theglobal localizationproblem
in indoorenvironmentshasbeenpresented.It canbeseenas
a mergeof a landmarkapproachanda densesensormethod
basedon theMarkov localization.Landmarksaregenerated
and recognizedby a Bayesianclusteringtechnique(Auto-
class)from rotationinvariantfeatures(principalcomponents)
of sensoror localmapviews. Theselandmarksareusedto re-
strict thesetof possiblelocationsfor therobotandsoincrease
thespeedof theMarkov localizationprocess.

In thehypothesiseliminationphasea fastgreedysearchis
introduced.Thissearchusesasimilarity matrix to computea
similarity criteriabetweenthemapviewsof cells.Thesearch
considersmovementstowardscells of the thin roadmapthat
reducethenumberof clustersof hypotheses.

To get an efficient localization algorithm, the approach
usesthe thick roadmapconcept,insteadof the full set of
freecells; restrictsthenumberof possibleorientationsof the
robot,takesadvantageof a correlationtechniqueto align the
robotandpre–computethesimilarity matrix.

We plan to explorea nondeterministickind of movement
in thehypotheseseliminationphaseusingtheMarkov frame-
work to performsequenceof (move–sense)for eachcluster
of hypotheses.We think this kind of movementswill beable
to predicta goalcell evenwhenthemapis not very accurate
or in thecaseof robotswith highodometricerrors.
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