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Abstract

Global localizationis the problemof determining
the position of a robot under global uncertainty
Thisproblemcanbedividedin two phases1) from
the sensomata(or sensorview), determinethe set
of locationswherethe robot canbe; and2) devise
a strategyy by which the robot cancorrectly elimi-
nateall but the right location. The approachpro-
posedin this paperis basedon Markov localiza-
tion. It appliesthe principal componentnethodto
getrotation invariantfeaturesfor eachlocation of
the map, a Bayesianclassificationsystemto clus-
terthefeaturesandpolar correlationsbetweerthe
sensorview andthe local mapviewsto determine
the locationswherethe robot canbe. In orderto
solve efficiently thelocalizationproblem,aswell as
to considetthe perceptualimitation of the sensors,
the possiblelocationsof the robotarerestrictedto
be in a roadmapthat keepthe robot closeto ob-
staclesandcorrelationdetweerthe possiblelocal
mapviews are pre—computedThe hypothesegare
clusteredanda greedysearchdeterminethe robot
movementgo reducethe numberof clustersof hy-
pothesesThis approachs testedusinga simulated
andarealmobilerobotwith promisingresults.

1 Introduction

Numeroustasksfor a mobile robot requireit to have a map
of its ernvironmentand knowledgeof whereit is locatedin
the map. Determiningthe location(positionandorientation)
of therobotin the ervironmentis known asthe robotlocal-
ization problem A recentsurwey [Borensteinet al., 1996
illustratesthe importanceof the localizationproblemandil-
lustrateghelarge numberof existing approaches.
Traditionally, localizationaddressetwvo subproblemspo-
sition tracking and global localization[Thrun et al., 1999.
Positiontracking refersto the problemof estimatingthe lo-
cationof therobotwhile it is moving. Drift andslippageim-
poselimits onthe ability to estimatethe locationof 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 robotunderglobal uncertainty This problem
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arises,for example,whena robot usesa mapthat hasbeen
generatedn a previousrun, andit is notinformedaboutits
initial locationwithin the map.

The globallocalizationproblemcanbe seenasconsisting
of two phases:hypothesigyeneratiorand hypothesiselimi-
nation[Dudeket al., 1999. Thefirst phaseis to determine
the set of hypotheticallocationsH that are consistentwith
the sensingdataobtainedby the robot at its initial location.
Thesecondohasds to determinejn the casethat H contains
two or morehypothesesyhich oneis thetruelocationof the
robot,eliminatingtheincorrecthypothesesldeally, therobot
shouldtravel the minimum distancenecessaryo determine
its exactlocation.

This paperpresentanapproacho solve the globallocal-
ization problemin a known indoor ernvironmentmodeledby
an occupang grid map, a two dimensionalmap wherethe
ervironmentis dividedin squareregionsor cells of the same
size. This approachis basedon Markov localization (see
[Gutmannet al., 1998) andtakesinto accountthe percep-
tual limitations of sensorsn two ways: 1) the robottriesto
keepa fixed distanceto obstacleawvhile the robotis moving
and?2) the sensorsiave a limited rangeof operation.Follow-
ing the approactdescribedn [Romeroet al., 2004 to build
a roadmapusing the first restriction, the numberof possi-
ble locationswheretherobotcanbeis significantlyreduced.
Taking into accountthe secondrestriction,local map views
are computedfrom the map for eachcell of the roadmap.
Thegeneraform of eachlocal mapview canbe compressed
into two realnumberausingthe principal componenmethod
[Gonzalezand Wintz, 1987 with the adwvantagethat these
featuresarerotationindependent.Thesecompressediews
arethenclusteredy Autoclasd CheesemaandStutz,1994,
aBayesiarclassificatiorsystem.Theideato generatehehy-
pothesess to computethe principalcomponentsf thesensor
data(or sensowiew), thenuseAutoclassto predictthe best
class(or classesyandfinally perform polar correlationsbe-
tweenthe sensowiew andthe predictedocal mapviews. To
eliminatehypothesesa greedysearchs performeduponthe
correlationsof thelocal mapviews of the sameclass.

The restof this paperis organizedas follows. Section2
reviews somerelatedrelevantliterature. Section3 describes
our approachto generatéhypothesesSectiond presentghe
framework of Markov localization. Section5 explains the
approacho eliminatehypothesesExperimentalesultsusing
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amobile robotsimulatoranda mobile robotwith a low cost
laserrangesensoimplementedy alaserline generatoand
acamerg areshovn in Section6. Finally, someconclusions
aregivenin Section7.

2 Redated work

Theoreticalwork onthe subjecthasbeenreportedn theliter-
ature. A solutionto the hypothesigieneratiorphases given
in [Guibaset al., 1999. In [Dudeketal., 1999 it is shovn
thatthe problemof localizinga robotwith minimumtravel is
NP-hard. Theseworks make strongassumptionsfirst, per
fect knowledgeaboutthe orientationof the mobile robot is
consideredsecondthey assumeheavailability of noise—free
sensoidata.

Practicalwork hasalsobeenreported(see[Thrun, 1998;
Castellanosand Tardos,1999). Landmarkmethodgely on
therecognitionof landmarkgo keeptherobotlocalizedgeo-
metrically. While landmarkmethodscanachieve impressie
geometriclocalization, they require efficient recognitionof
featuredo useaslandmarks.In contrastdensesensometh-
ods attemptto usewhateser sensorinformationis available
to updatethelocationof therobot. They do this by matching
densesensoiscansagainsia surfacemapof theernvironment,
without extracting landmarkfeatures. See[Gutmannet al.,
1994 for an experimentalcomparisonof two densesensor
matchingmethods:Kalman Filter and Markov localization.
Somecorrelationtechniquesof laserrange—findescansare
givenin [Weib et al., 1994. In [Fox andBurgard,199¢ a
methodto move therobotin orderto eliminatehypothesess
given. Theideais to move the robot so asto minimize fu-
ture expecteduncertainty measuredy the entrogy of future
belief distributions.

3 Hypothesisgeneration

In this sectionandthe two following sectionsa simpleoccu-
pang grid mapis usedasan exampleto showv the ideasbe-
hind the proposedapproach.Figure 1 (a) shaws this simple
mapbuilt usinga mobilerobotsimulator Figurel (b) shavs
alocal mapview, extractedfrom the mapfor the positionof
the robot shawvn in (a), consideringthat the robot direction
is alignedwith a globalfixeddirection (pointing downwards
in this case).Figurel1 (c) shavs the sensowiew (generated
by the simulator) consideringthat the robot is alignedwith
the global direction. Both views have an angularresolution
of 0.5deggreesa commonvaluefoundin laserrangesensors,
andinclude the robot positionfor referenceas a black cell.
Perceptualimitations aretakeninto accountsettinga maxi-
mumrangeof 3 meters.

The problemconsistin estimatingthe set H of possible
locationsthathavelocal mapviews consistentvith thesensor
view.

3.1 Polar correlation

To have a simple model of robot motion and hencea small
statespacein the Markov localization,we assumethat the
robotshouldbe in one of 8 possibledirections(d; = 45 * ¢
degrees; = 0,..7), with respecto the globalfixeddirection,
onefor eachadjacentell. A polarcorrelationusingasumof
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Figurel: A simpleervironment. Fromleft to right: (a) Oc-
cupang grid map. (b) Local mapview for therobotlocation
shavedin (a). (¢) Sensowview

Figure 2: Correlationresults. Angular displacementsare
from O (left) to 359.5 degreedright).

absolutedifferencescanbe usedto find the matchbetween
a local mapview andthe sensorview. Figure?2 shows the
correlationresultsfor all the possibleangulardisplacements
of the sensowiew againsthelocal mapview shonin Figure
1. Fromtheminimumdifferenceanangulardisplacementan
be computedo align the robotwith oneof the directionsg;.
Obviously, therightangulardisplacemenshouldbeindicated
consideringthe most probableposition of the robot. In the
caseof Figure2 theangulardisplacementorrespondso —21
degres,andthe bestestimatedlirectionis 270 degrees.

As the Markov localization needsa probabilistic value
p(s|l) of perceving a sensorview s given that the robotis
at location! (cell < z,y > with direction ;) a difference
valued(z,y,6;) canbe computedfor direction; from the
correlationresultsbetweenthe sensorview s andthe local
mapview atthecell < z,y >, andthena probabilisticvalue
canbe obtainedfrom d(z,y, 6;). We computed(z,y,0;) as
theminimumdifference(in the correlationresults)for anan-
gular interval with centerat 6;. The desiredprobability is
computedoy p(s|l) = e~*d@¥:.%) wherea is positive real
number

Consideringhatthis proceduras expensve, next sections
shav afastprocedurdo find a smallsetof candidatecellsto
applythis procedureinsteadof all thefreecellsin themap.

3.2 Roadmap

Following the ideasdescribedn [Romeroet al., 2004, the
setof possiblecells,wheretherobotis allowedto move, tries
to keepa fixed distancek to obstacles.It associatesigher
coststo free cells closeto obstaclesandthe lowestcoststo
cellsatdistancek from obstaclesFigure3 (a) shavsthefull
setof free cellswheretherobotcanbe aswhite pixels, while
Figure3 (b) shavsthecellsthatform theroadmap Thereis a
significantreductionin the numberof cells. Let R bethe set
of cellsof theroadmap.

In the next sectionwe aregoingto consideronly the cells
< z,y >€ R.
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Figure3: A roadmap.Fromleft to right: (a) Full setof free
cells. (b) Theroadmagor k£ =1 m.

Figure4: Clustersfound by Autoclass. Differentgray level
areassociatedo differentclasses

3.3 Principal component analysis

We apply the principal componentanalysis describedin
[GonzaleandWintz, 1987 to find two rotationinvariantfea-
turesfrom alocal mapview or sensowiew. The coordinates
of eachoccupiedcell of theview canbeinterpretedastwo di-
mensionalandomvariablesvith meanm andcovarianceC.
It is notedthatm is atwo dimensionalectorandC isa2 x
2 matrix. Theeigervectorse; ande, of C pointin thedirec-
tionsof maximumvariancesubjectto theconstrainthatthey
areorthogonalandtheeigervalues\; and\. areequatlto the
variancealongeigervectorse; ande, respectiely. Our ap-
proachusesthetwo eigervaluesasrotationinvariantfeatures
for alocalmapview or sensowiew.

3.4 Bayesian clustering

Since the eigervalues associatedo adjacentcells of the
roadmapnormally do not changea lot, it makes senseto

clustercells accordingto their eigervalues.For this purpose
we use Autoclass[Cheesemamand Stutz, 1996. Figure 4

shav with differentgray level the threeclassegoundfor the
cellsof theroadmapshawn in Figure3 (b). Autoclassfound

thesameclassfor cellscloseto theendcellsof theroadmap,
anotherclassfor cellsin the middle of the roadmapandthe
restof cellsin athird class.

At the beginning of the localization processto take the
robot to the roadmap,we apply the algorithm describedn
[Romeroet al., 2004 to learn a map of the environment.
Using that approachit is easyto know if the robot is in
the roadmapor needto executesomemaovements. Joining
all theseparts,the hypothesiggeneratiordoesthe following
steps:

1. Computetheeigervaluese from the sensowiew.

2. With e, use Autoclassto predict the most probable
classes.
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Figure5: Most probabldocationsfor therobot

3. For all cellsin the classedound in the previous step,
apply the correlationtechniqueto get the angulardis-
placementthat align the robot with one of the possi-
ble directionsandcomputethe conditionalprobabilities
p(s|l). Theconditionalprobability for othercellsof the
roadmaparesetto avery smallvalue.

For the sensowiew showvn in Figure 1 (c) the conditional
probabilitiesareshavn in Figure5. If the probability of find-
ing therobotatlocation! of the roadmags equalfor all the
cellsin theroadmapthesamdigureshavsthemostprobable
locationsfor therobot. Thelocationsin theleft top partof the
figure pointdownwardsandthelocationsin right bottompart
of thefigurepointto theleft. Thefollowing sectiondescribes
the procesgo updatethe probability of hypothesesfter the
robotsense®r moves.

4 Markov Localization

Thekey ideaof Markov localizationis to computea probabil-
ity distribution overall possibldocationsin theenvironment.
p(L; = 1) denotegheprobabilityof finding therobotatloca-
tion/ attimet. Here,l isalocationin z — y — 8; spacenhere
z andy areCartesiarcoordinate®f cellsandd; is avalid ori-

entation.p(Lo) reflectstheinitial stateof knowledgeandit is
uniformly distributedto reflectthe globaluncertainty p(L;)

is updatedvhenever ...

1. ... therobotmoves.Robotmotionis modeledby a con-
ditional probability, denotedby p, (I|I'). p,(|l') denotes
the probabilitythatmotionactiona, whenexecutedat!’,
carriestherobotto (. p,(I|l') is usedto updatethe belief
uponrobotmotion:

> Pa(U)p(Le =1)
p(s)

Herep(s) isanormalizerthatensureshatp(Ly 1) sums
up to 1 overall I. An exampleof p,(I|l') is shavn in
Figure 6, consideringthat the robot movesin the thick
roadmap,andthe orientationof the robotis alignedto
oneof thepossibleB directionst;, asit wasdescribedn
aprevioussection.

2. ... therobotsensesWhensensings,

p(Liyr =1) 1)
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Figure 7: Hypothesesftera movement. From left to right:
(a) Onehypotheses(b) Two hypothesis

p(s|)p(Ls = 1)
p(s)
Here p(s|l) is the probability of perceving s at loca-
tion [. In orderto get a efficient procedureto update

the probability distribution, cellswith probability below
somethresholdaresetto zero.

p(Lit1 =1) 2

To getarobustandefficient procedurepur approactcon-
sidersa thick roadmapwhich includethe cellsin the neigh-
borhoodof the roadmap(thin roadmay) besideghe cellsin
the roadmap. The possiblehypothesegor the robot are re-
strictedto bein thethick roadmap.

5 Hypothesis elimination

Let p(L; = I) bethe probability of finding the robotat loca-
tion [ attime . We considerashypothese®nly thoseloca-
tions! with p(L; =) > 8, whereg is athresholdvalue.Let
n bethe numberof hypotheses.

To eliminate hypothesesthe robot should move through
theroadmap After arobotmove, therearetwo differentsce-
nariosfor the cellsthat correspondo the differenthypothe-
ses:1) thecellsarein theroadmapunderall the hypotheses,
and?2) thecellsarein theroadmagfor lessthann hypotheses.
In thefirst scenariothe movementdoesnot helpto eliminate
hypothesesn thesecondscenarichemovementhelpsto de-
creaseghenumberof hypotheseskigure7 shovs anexample
of bothscenarioslf therearetwo hypothese$’ andP; then
themovementyrepresentedy a rotationfollowedby a trans-
lation, shavedin Figure7 (a) helpsto reducethe numberof
hypothesesvhile the othermovements not useful.

To getan efficient procedurepur approachconsidershat
the mobile robot is at the most probablelocation and then
considerall thecellsof thethin roadmapasvalid movements
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Figure 8: Numberof hypothesesssociatedo cells of the
roadmapusingtheroadmayxriteria. Darker cells have lower
numberof hypotheses

for the robot. If we assignto locationsthe numberof possi-
ble hypothesesa goodmovementto eliminatehypothesess
to direct the robot toward the nearestcell with lessthann
hypotheses.

If we considerthe hypotheseshawn in Figure5, Figure8
shavsthenumberof possiblehypothesiasanimage.Darker
cellshave lower valuesfor the numberof hypothesesln this
casethe besthypothesigs locatedin theright bottompart of
theroadmapandit is pointing to the left. The robotshould
move to the nearestarker cell of the roadmap.Let this cell
be calledthe goal cell.

If we have a criteriato considertwo local map views as
similar, we canuseit to detectshortermovementshanusing
only the previous criteria. Thetwo scenariogliscussedave
two variants:a) thecellsaresimilar consideringts local map
views, andb) notall the cellslook similar. Therobotshould
moveto a cell with scenarigb).

A similarity measurecanbe computedusingthe correla-
tion techniquepreviously presentedTwo cellslook similar if
thecomputedprobabilityis abore somethreshold If thereare
m cellsin theroadmapletc;, (i = 1, .., m) denotehem cells
of theroadmapandsim(c;, ¢;) bethesimilarity betweerthe
local mapview associatedo cellsc; andc;. sim(c;, ¢;) for
all i, = 1, ..., m form asimilarity matrix andit canbecom-
putedfrom the mapandthe roadmapbeforethelocalization
processstarts.To computethis matrix we cantake advantage
of thefactthatthis matrix is symmetricandhave zerovalues
in themaindiagonal.

Figure 9 shows the similarity matrix for our example. In
this case the cells of the thin roadmapwereorderedfollow-
ing a depthfirst searchirying to keepcells with adjacentn-
dicesassociatedo adjacentellsin theroadmap.Theimage
shavsthatthereareonly a few cellswith significantsimilar-
ities thatarenot closeto eachother This makessenséf we
considerthe mapshavn in Figure1 andthelimited rangeof
thesensors.

Two cells ¢; andcj in the thick roadmapare considered
similarif sim(c;, c;) is above somethreshold wherec; and
c; aretheclosestellsin thethin roadmagto ¢; andc]; respec-
tively.

If we considerthe hypotheseshown in Figure5 andthe
similarity criteria, Figure 10 shows the numberof possible
hypothesessanimage.In this casethegoalcell is closerto
thestartinglocationthantheonein Figure8.

Anotherimprovementoverthelastcriteriais to clusterthe
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Figure9: Similarity matrix. Darker pixels meanlower simi-
larities

Figure 10: Numberof hypothesesssociatedo cells of the
roadmapusingtheroadmagandthesimilarity criteria. Darker
cellshave lower numberof hypotheses

hypotheseandthenthe goal cell is the cell thatreduceghe
numberof clusters. In otherwords, the bestmovementfor
the robot shouldreducethe numberof clusters,not the total
numberof hypothesesFor instancejf therearetwo clusters
(c1, ¢2) andc; has4 hypothesesindc, hasonly 1 hypothe-
sis, andthe mostprobablehypothesiss in clusterc;, thena
movementhateliminatesonehypothesisn clustere; is bet-
terthanonemovementhateliminatesoneor two hypotheses
in clusterc; .

For the clusteringprocessve useAutoclasswith the coor
dinatesof the hypothesesIf thereis only one cluster then
thegoalcellis the nearestell thatreducegshe numberof hy-
potheses.Therobotis localizedif thereis only one cluster
andthereis no cell thatreduceghe numberof hypotheses.

Onceagoal cell is found, the robot shouldperformsome
movementgowardsthat cell, updatingthe probability distri-
bution.

6 Experimental Results

Thissectionpresentpreliminaryresultsobtainedusingamo-
bile robotsimulatoranda realmobilerobot. Both robotsuse
(or simulate)sonarsanda low costlaserrangesensorimple-
mentedwith a laserline generatoranda camera. The laser
sensogivesgoodmeasurementsithin arangeof 3 m.

Figure 11 (a) shavs a more complex simulatederviron-
ment. Figure 11 (b) shavs the map built with its roadmap.
Themapis about10x10m? andtheroadmagonsidersadis-
tanceto obstacle®f 1m.

Figure12 shavs 7 clustersfoundby AutoclassandFigure
13 shows the associatedsimilarity matrix. The symmetric
natureof themapis capturedn the similarity matrix.
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Figure11: A morecomplex mapbuilt usinga mobile robot
simulator Fromleft to right: (a) Simulatedervironment.(b)
Map built with its roadmap

I:l\(

S

Figure 12: Clustersfound by Autoclassfor ervironmentof
theFigurell.

If therobotis locatedasit is shovn in Figure1l (a), then
Figure 14 shows the most probablelocationsfor the robot.
Autoclassfound two clustersC; (pointing downwards)and
Cs (pointingupwards)andthelocationwith thehighestprob-
ability is in C;. The hypothese®limination processfound
a goal cell pointedby G in the figure. This result makes
sensebecausedhe possiblehypothesesfter that movement
have differentsensowiews.

Figure 15 shavs a map built usingthe real mobile robot.
Autoclassfoundin this case6 clustersandthe similarity ma-
trix is showvn in Figure15. In this realervironmentthe robot
localizationis easierthanin the previous simulatederviron-

Figure 13: Similarity matrix for ervironmentof the Figure
11. Darker pixelsmeanlower similarities
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Figure14: Most probabldocationsfor therobotfor theerwvi-
ronmentshovedin Figurell (a).

Figure15: A realmobilerobotin areal ervironment. From
left to right: (a) Map andits roadmap(b) Similarity matrix

ment.

7 Conclusions

An hybrid approacho solve the globallocalizationproblem
in indoorernvironmentshasbeenpresentedlt canbe seenas
amemge of alandmarkapproachanda densesensomethod
basedon the Markov localization. Landmarksaregenerated
and recognizedby a Bayesianclusteringtechnique(Auto-
class)from rotationinvariantfeaturegprincipalcomponents)
of sensoor localmapviews. Thesdandmarksareusedto re-
strictthesetof possibldocationsfor therobotandsoincrease
the speedf the Markov localizationprocess.

In the hypothesieliminationphasea fastgreedysearchs
introduced.This searchusesa similarity matrix to computea
similarity criteriabetweerthemapviews of cells. Thesearch
consideranovementgowardscells of the thin roadmapthat
reducethe numberof clustersof hypotheses.

To get an efficient localization algorithm, the approach
usesthe thick roadmapconcept,insteadof the full set of
free cells; restrictsthe numberof possibleorientationsof the
robot, takesadvantageof a correlationtechniqueto align the
robotandpre—computehe similarity matrix.

We planto explore a non deterministickind of movement
in thehypothesesliminationphaseusingthe Markov frame-
work to performsequencef (move—sensejor eachcluster
of hypothesesWe think this kind of movementswill beable
to predicta goal cell evenwhenthe mapis not very accurate
or in the caseof robotswith high odometricerrors.
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