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Abstract

Self-localizationis importantin almostall robotic tasks. For playing an aes-
thetic andeffective gameof robotic soccer, self-localizationis a necessarypre-
requisite.Whenwe designedour roboticsoccerteamfor participatingin robotic
soccercompetitions,it turnedout that all existing approachesdid not meetour
requirementsof beingfast,accurate,androbust. For this reason,we developeda
new method,which is presentedandanalyzedin this paper. This methodis one
of thekey componentsandis probablyoneof theexplanationsfor thesuccessof
our teamin nationalandinternationalcompetitions.We presentalsoexperimen-
tal evidencethat our methodoutperformsotherself-localizationmethodsin the
RoboCupenvironment.

1 Introduction

Roboticsocceris an interestingscientificchallenge[11] andan idealdomainfor test-
ing new ideasanddemonstratingexisting techniques.Oneof our main intentionsin
participatingin roboticsoccercompetitionswasto demonstratetheusefulnessof self-
localizationtechniquesthatwe have developed[9]. It turnedout, however, thatall ex-
istingself-localizationtechniqueswerenotefficientenoughfor adynamicenvironment
suchasroboticsoccer. Furthermore,mostof thetechniquesarenot robustenough.For
this reason,we developedanew techniquethatexploits oneparticularcharacteristicof
theRoboCupenvironment,namely, its purely polygonalstructure.Basedon thatwe
wereableto comeup with a very fast,accurate,androbustself-localizationtechnique,
whichwasmostprobablyoneof thekey factorsfor thesuccessof ourteamCSFreiburg
[7, 15]. This teamwon the the GermancompetitionsVision RoboCup’98andVision
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RoboCup’99. In addition,theteambecameworld championat RoboCup’98[1] andit
cameout third placeatRoboCup’99[18].

Solvingtheself-localizationproblem—theproblemof determiningthepositionand
orientationof the robot—isnecessaryfor almostall tasks. In robotic soccerit seems
even to be impossibleto play an effective andaestheticgameif thesocceragentsdo
not know where they are andhow they are oriented. As a matterof fact, someof
the problemsdisplayedin the gamesof the middle size leagueat RoboCup’97[10]
seemedto have to dowith thefactthatthesoccerrobotshadthewrongideaabouttheir
positions,which led to erraticmovementsanda numberof own goals.

Theself-localizationproblemcanbeaddressedusinga wide rangeof sensors(e.g.
odometry, sonars,vision, compasses,laserrangefinders,othersensors,or combina-
tions thereof)anda wide rangeof methods.In the sequelwe will only considerthe
combinationof datafrom theodometryandfrom laserrangefinders(LRF), sincethe
latterprovideaccurateandreliabledata,whichcanbeinterpretedwith muchlesscom-
putationaleffort than,say, datafrom a visionsystem.

Self-localizationcanbe basedon recognizingknown landmarksor on densesen-
sor matching. In thefirst approach,featuresareextractedfrom thesensorinputsand
matchedwith the featuresof the landmarksin orderto determinethe locationsof the
landmarks.However, in the RoboCupenvironment,thereareonly few naturalland-
marksthatarealwaysvisible to thesensorsandfor this reasonwedid notconsiderthis
approach.In thesecondapproach,all sensorinputsarematchedagainsttheexpected
sensorinputsfor a given model. Two competingmethodsfor densesensormatching
aregrid-basedMarkov localization [3, 2] andKalmanfiltering usingscanmatching
[5, 9]. As it hasbeendemonstrated,Markov localizationis morerobust, becauseit al-
waysgeneratessomepositionhypothesesandbecauseit canrecover from catastrophic
failures. However, self-localizationusingKalmanfiltering basedon scanmatchingis
moreaccurate [6], sinceit doesnot rely on grids.

For roboticsoccer, weneedrobustness, accuracy, andefficiency, wherebythelatter
propertymeansthatwe wantto estimatethepositionandorientationin a few millisec-
onds. Unfortunately, noneof the approachesdescribedabove satisfiesall threere-
quirements.For this reason,we designeda new scan-matchingapproachthatextracts
featuresfrom the raw sensorinputs,namely, straightlines, that arematchedagainst
ana priori model. Usingthescanmatch,which canbecomputedefficiently, thenew
positionestimationis thenderived by combiningit with the odometryreadingusing
Kalmanfiltering.

Therestof thepaperis structuredasfollows.Thenext sectionsketchesscanmatch-
ing methodsandhow they canbeusedto estimatethepositionusingKalmanfiltering.
Section3 describesour own methodandgivesan analysisof the run-timecomplex-
ity. Basedon that,we describein Section4 experimentsthatwe have madein order
to comparedifferentscanmatchingmethodsin theRoboCupenvironment.Finally, in
Section5 weconcludeandsketchfuturework.
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2 Scan Matching

Scanmatchingis the processof translatingandrotatinga rangescan(obtainedfrom
a rangedevice suchasa laserrangefinder) in sucha way that a maximumoverlap
betweensensorreadingsanda priori mapemerges.Mostof thescanmatchingmethods
presumeaninitial poseestimationthatmustbecloseto the trueposein orderto limit
thesearchspace.

Therobotposeandits updatefrom scanmatchingaremodeledassingleGaussian
distributions. This has the advantagethat robot posescan be calculatedwith high
precision,and that an efficient methodfor computingthe updatestepcan be used,
namely, Kalmanfiltering.

The extendedKalmanfilter methodhasthe following form. The probability of
a robot poseis modeledas a Gaussiandistribution �������
	��
������������� , where ������������������! is themeanvalueand ��� its "$#%" covariancematrix.

On robot motion &'	(�
����)*��+*�! ,���.-/� wherethe robot moves forward a certain
distance) andthenrotatesby + , theposeis updatedaccordingto:

� �10 � 23��43������&5�6�7�
89 �;:<)�=?>A@/������B:
)�@6CED�������F:G+

HI

� �10 � J34 � � � J34  � :KJ34 - � - J34  -
Here 2 denotestheexpectedvalueof the function 4 and J34 � and J34 - areits Jaco-
bianswith respectto � and & .

Fromscanmatchinga poseupdateL$	M�
���ON*���.N�� is obtainedandtherobotpose
is updatedusingstandardKalmanfilter equations[14]:

��� 0 � �P�RQOS� :<� QOSN � QOS�T ����U�Q�S� ���V:K� Q�SN � N �� �W0 � �P�RQOS� :<� QOSN � QOS
Thesuccessof theKalmanfilter dependsheavily on theability of scanmatchingto

correcttherobotpose.Therearea numberof methodsfor matchingscans:
Cox [5] matchessensorreadingswith the line segmentsof a hand-craftedCAD

map of the environment. He assignsscanpoints to line segmentsbasedon closest
neighborhoodandthensearchesfor a translationandrotationthatminimizesthetotal
squareddistancebetweenscanpointsandtheir targetlines.

Weisset. al. [19] usehistogramsfor matchingapairof scans.They first computea
so-calledanglehistogramfor determiningtherotationof thetwo scansandthenuse �
and � histogramsfor computingthetranslation.Althoughthismethodseemsto bewell
suitedfor theRoboCupenvironmentit is computationallyexpensive andtheprecision
of thealgorithmdependson thediscretizationsizeof thehistograms.

Lu andMilios [12] matchpairsof scansby assigningpointsin onescanto points
in theotherscan.For findinga correspondingscanpoint two heuristicscalledclosest-
point-ruleandmatching-range-ruleareappliedanda combinationis usedfor comput-
ing the rotationandtranslationof the two scans.This IDC algorithm(iterative dual
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correspondence) is well suitedfor any type of environmentincluding non-polygonal
ones.

GutmannandSchlegel [9] useacombinationof theCoxmatchingapproachandthe
IDC methodfor combiningtheefficiency androbustnessof theline matchingmethod
with the universalcapabilitiesof the IDC algorithm. They call their algorithm the
combinedscanmatcher (CSM).

Unfortunatelyall thosematchingalgorithmspossessa high computationalcom-
plexity, i.e., X3�PY�Z?� where Y are the numberof scanpoints, and their robustnessis
limited dueto thesmallsearchspace.Thereforewe developeda new algorithmLine-
Match thatmakesuseof thesimplepolygonalstructureof theRoboCupenvironment
andtradesoff generalityfor speedandtheability to globally localizetheroboton the
soccerfield.

3 Our Approach

Our LineMatch algorithmextractsline segmentsfrom a scanandmatchesthemwith
an a priori mapof line segmentssimilar to the methodsof [17, 4]. We expect that
this algorithmhasbetterrun-timeperformanceandis morerobust thantheotherscan
matcherswhile retainingthe sameaccuracy as the othermatchers.In how far these
expectationsarerealisticwill beshown in Section4.

3.1 The LineMatch Algorithm

In orderto guaranteethatextractedlines really correspondto field-borderlines,only
scanlines significantly longer than the extend of soccerrobotsareconsidered.The
followingalgorithmshowshow amatchingbetweenmodellinesandscanlinesis com-
putedby recursively trying all pairingsbetweenscanlinesandmodellines:

Algorithm 1 LineMatch(M, S,P)

Input: modellines [ , scanlines \ , pairs ]
Output: setof positionshypotheseŝ

if _ `3_*�a_ \._ then^ 0 �']
else^ 0 �'bL 0 �dcfe?g�e�h/i�cjh�kAlmg�nolVeV�P\���];�

for all prqs[ do
if tVe/u?n v?w?xykAiPh�z���[d��\���]G{
|5�Pp%��L}��~�� then^ 0 ��^a{%|*�7nol�e�xykAiPh�z���[d��\���]G{
|5��p
��L/��~*��~

return ^
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SelectScanlineselectsthenext scanline thatshouldbematchedandVerifyMatch ver-
ifies that the new ��p
��L/� pairing is compatiblewith the setof pairings ] alreadyac-
ceptedbycomputingacommonrotationandtranslation.Thealgorithmreturnsposition
hypothesesin the form of setsof pairswhich canbe easilytransformedinto possible
locationswherethescancouldhave beentaken.For theRoboCupfield thealgorithm
is capableof determiningtheglobalpositionof therobotmodulothesymmetryof the
field. Thismeansthatwe gettwo positionhypothesesif threefield bordersarevisible
(seeFigure1) andfour hypothesesif two bordersarevisible.

Position
hypotheses

RoboCup field model

Robot

Scan with extracted
line segments

Fig. 1. TheLineMatchalgorithmreturnstwo hypothesesfor therobotposition.

This scanmatchingmethodis similar to themethodsdescribedby Castellanoset
al. [4] andShaffer etal. [17]. In contrastto theseapproaches,however, weonly verify
that the global constraints concerningtranslationand rotation as well as the length
restrictionsof scanlines aresatisfied.This is sufficient for determiningthe position
hypothesisandmoreefficient. Further, we do not needany initial estimationof the
pose,whichmeansthatevenif therobothasanextremeerrorin its positionestimation,
it maystill beableto recover from that.

After matchingarangescan,themostplausiblepositionis usedin theKalmanfilter
stepfor updatingthe robot position(seeFigure2). We usethe position information
from odometryto determinethe most plausibleposition basedon a combinationof
closestneighborhoodandsimilarity in heading.

For initializing theself-localizationsystemtherobotis placedatany positionin the
RoboCupfield but roughlyorientedtowardstheopponentgoalandthemeananderror
covarianceof therobotpositionaresetto:

��� 0 � �������������  
��� 0 �

89a� � �� � �� � �
HI
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Thisensuresglobalself-localizationonthefirst scanmatch.

Scan

Matching

Check
Plausibility

Kalman
Filter

Most plausible
position

Set of position
hypotheses

scan
Laser

Odometry position

Self-Localization Module

RoboCup field model

Robot

Fig. 2. Self-localization:Themostplausiblehypothesisis usedfor updatingtherobot
position.

While it turnsout thattheimplementedalgorithmis extremelyfastin theRoboCup
environment(seeSection4.2),onemaywonderhow well it scaleswith thesizeof the
set [ . A first roughanalysissuggeststhat the worst-caseruntimeof the algorithm
is X3��_ [�_�� ����� , becausethe depthof the recursionis _ \._ andin eachrecursive call of
LineMatch _ [�_ differentpairingsaretried.

As it turnsout, however, it is possibleto comeup with a muchbetterrun-timees-
timation. After thesecondlevel of recursion,whentwo pairingshave beenmade,all
degreesof freedomfor rotationandtranslationhave beenremoved (SelectScanlineis
implementedin sucha way that it choosesnon-parallellines in thefirst two levelsof
recursion).This meansthaton deeperlevels of the recursiononly onepairingcanbe
consistent,which leadsto invoking anotherrecursive call of LineMatch. This means
thatwe mayget _ [�_ Z possiblepairingson the first two levels of recursionwhich are
verifiedby furtherrecursive calls trying _ [�_�_ \._ differentpairings.Finally, sinceVeri-
fyMatch needsX3��_ \._ � time,we getanoverall boundof X���_ [�_ �5_ \�_ Z?� .
3.2 Possible Ways to Optimize the Algorithm

In the generalcase,one hasto live with the cubic upperbound. Nevertheless,for
realisticenvironments,wherenot all walls are visible simultaneouslysuchas is the
casein office environments,preprocessingcanbe usedreducethe complexity. Such
a preprocessingphasewould storefor eachline all otherlinesthataresimultaneously
visible.

In Figure3, a typicalofficeenvironmentis shown. In this figureit is demonstrated
that for oneparticularwall (thedashedthick line), thereareonly very few walls that
can be simultaneouslyvisible (solid thick lines). This obviously generalizesto the
otherwallsaswell.
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Fig. 3. Preprocessing:Walls (solid thick lines)simultaneouslyvisiblewith a particular
wall (dashedthick lines).

Usingsucha datastructure,theamountof linesthatmustbetestedcanbedramat-
ically reducedandassuminga constantupperboundof simultaneouslyvisible walls,
wewouldgeta linearcomplexity of thealgorithm.

4 Comparison with other Scan Matchers

In order to show the advantagesof the LineMatchalgorithmwe comparedthe Cox,
CSM andLineMatch techniqueswith eachother. We did not include the IDC and
histogrammatchingmethodsasthepropertiesof thesealgorithmsarecoveredby the
CSMalgorithm[9].

Sincethe CSM algorithmneedsa setof referencescansas its a priori map,we
collecteda small setof scans,correctedtheaccumulatedodometryerrorby applying
the registrationmethodfrom [13], andusedthemasreferencescans.This approach
hasprovento bea successfulandeasyway for enablingmobilerobotnavigationin an
indoorenvironmentwithoutmodifying theenvironmentor creatinghand-craftedmaps
[8].

For comparingthedifferentmethodswe recordedrealdatawith oneof our mobile
roboticsoccerplayers(seeFigure4). Eachof our soccerrobotsis a PioneerI mobile
robotequippedwith a SICK laserrangefinder, a Cognachromevision systemfor ball
tracking,a Libretto70CTlaptopwith wirelessethernetconnectionanda customkick-
ingdevice. Thelaserrangefindercoversa180� field of view with anangularresolution
of 1� anda rangeresolutionof �A��p .

In orderto recorddataof a realisticgamescenariowe ranthesoccerrobot in our
RoboCupenvironmentwith severalstationaryandmoving obstacles.Fromthesedata
wecomputedtheaveragerun-timeof thedifferentalgorithmsandaddeddifferentkinds
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Fig. 4. CSFreiburg roboticsoccerplayers.

of noiseto thedatafor determiningtheaccuracy androbustnessof themethods.
Similar work hasbeenreportedby Shaffer et al. [16], who comparetwo scan

matchingmethodsthataresimilar to theCox andLineMatchalgorithmin this paper.
However, they useonly singlescanmatchesfor theirexperimentswhereasin ourexper-
imentsall datarecordedduringawholerobotrun is takeninto account.Also they only
ran their algorithmsin an almoststaticenvironmentwhereaswe recordedour datain
arealisticdynamicscenariowith many stationaryandmoving obstaclesthatcanblock
the robot’s sensors.Thereforethe resultspresentedin this papershouldgive a better
pictureof how goodthemethodsactuallyarein adynamicenvironmentlike RoboCup.

4.1 Noise Models

Thereareseveralkindsof noisetypically observedwhenrobotsoperatein real-world
environments. On one handthereis a typical Gaussiannoise in the odometryand
proximity sensorscomingfrom the inherentinaccuracy of the sensors.On the other
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handthereare non-Gaussianerrorsarising from robot colliding with obstacles,e.g.
otherrobotplayers,or from interferencewith thesensors.

In this paper, odometryerrorscomingfrom wheel-slippage,uneven floors,or dif-
ferentpayloadsarecharacterizedaccordingto thefollowing threeparameters(seeleft
partof Figure5).

�����m������ �;� � � � � �
� ��������������

Fig. 5. Effect of addingnoise �¡  � �o)A����  � �P���?��  � �o)A�6¢ (left) andbumpnoise �!����������¢
(right) to theodometry.

Range noise: theerror   � �o)A� in rangewhentherobotmovesa certaindistance) .
Rotation noise: theerror   � �P���O:d  � �o)A� in rotationwhentherobot turnsa certain

angle � or movesa certaindistance) .
Thereis anothersourceof lessfrequentbut muchlarger odometryerror coming

from situationsin which therobotcollideswith obstacles.Theseabrupterrorscanbe
characterizedby thefollowing parameters(seeright partof Figure5).

Error of the odometry: Theerror � , � , and � is addedto theodometryinformation.

Frequency: Probability thata bump occursif the robot travels onemeter. Through-
out the experimentsdescribedbelow, this probability wasset to �V£�¤ per meter
traveled.

4.2 Run-Time Performance

For computingtherun-timeperformanceof thescanmatchingtechniqueswemeasured
theaveragetimeamethodneededfor computingtheposeupdatebeforeit is fusedwith
the odometryestimate.In orderto receive measurementsthat show the performance
underreal gameconditionswe setupa realisticgamescenarioin our RoboCupenvi-
ronmentwith stationaryandmoving objects(seeFigure6) andusedour soccerrobot
asa right defenderwhereit moved over theentirefield a coupleof times. In this run
the robot moved a total distanceof approximately41 meters,turnedabouta total of
11000degrees(about30 revolutions)andcollectedover 3200scans.

Figure7 showsrun-timeresultsperformedontherobotson-boardcomputer, aPen-
tium 120MHz laptoprunningtheLinux operatingsystem.As expectedtheLineMatch
algorithmoutperformstheothercompetingtechniques.It is 8 timesfasterthantheCox
algorithmandabout20 timesfasterthantheCSM method.Thevery low averagerun-
time of only ¤ApFL per scanmatchallows the processingof all incomingrangefinder
datain realtime.
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Fig. 6. Experimentalsetup:severalboxeswereplacedinto theRoboCupfield to givea
realisticgamescenario.Noisy sensorreadingsarecausedby moving obstacles.

Cox CSM LineMatch¥}¦ p§L "A¨�pFL ¤ApFL
Fig. 7. Run-timeresultson aPentium120MHzlaptop.

4.3 Performance in Typical Game Scenario

For showing the accuracy and robustnessof the LineMatch algorithm we usedthe
datacollectedin the above run and addeddifferent kinds of noiseto the odometry
information. In orderto measuretheaccuracy of the positionestimatesgeneratedby
the differentmatchingmethodsa setof referencepositionsareneeded.To easethe
determinationof the referencepositionswe run oneof thescanmatchingalgorithms,
the Cox method,with the recordeddataandusedthis outputas the setof reference
positions.

For eachsetof noisevalues,26 runswith differentseedvaluesfor initializing a
randomnoisegeneratorwereperformed.Figure8 shows the trajectorymeasuredby
the robotswheelencodersanda typical trajectorywhenaddingthe maximumGaus-
sian noise ��©m�A�V� ¥ ���V�6©5��¢ . The valuescorrespondto the standarddeviation of the
Gaussiannoise �!  � ��)A�?��  � �����?��  � �o)A�6¢ with theunits ª pFp Z*« p , ª ¬5­�® Z/« " ¦ � � , andª ¬m­�® Z « p .

For eachscanmatchingmethodwe computedthe numberof timesthe robot po-
sition was lost and the distanceandheadingerror to the referenceposein casethe
positionwasnot lost. We useda thresholdof ��£ ��p for the distanceand "��A� for the
headingerrorfor determiningwhetheror not thepositionof therobotwaslost.

Figure9 shows theaveragedistanceandFigure10theaverageheadingerrorto the
referencepositionsfor five differentlevelsof Gaussiannoise.Thevaluetripleson the� -axiscorrespondto thestandarddeviationof theGaussiannoise�¡  � �o)A����  � �����?��  � �o)A�6¢ .
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Fig. 8. Trajectorymeasuredby the robot and typical trajectoryobtainedby adding
largeGaussiannoisewith standarddeviations ��©m�A��� ¥ �A�V�6©5��¢ to thesedata.

In theseandall following figurestheerrorbarsindicatethe95%confidenceinterval of
theaveragemean.
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Fig.9. Distanceerrorto referencepositionsin typicalgamescenariofor differentlevels
of Gaussiannoise.

From both figuresit can be seenthat all threemethodshave a similar accuracy
usuallybetterthan �A��p and ¤A� . Only theCoxmethodhasasignificanthigheraccuracy
thantheotherswhenonly few Gaussiannoiseis presentbut this is dueto thefact that
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Fig. 10. Headingerror to referencepositionsin typical gamescenariofor different
levelsof Gaussiannoise.

thereferencepositionsalsohave beengeneratedby theCoxmethod.
However, the LineMatch methodis much more robust than the other matching

algorithms. Figure11 shows the numberof timeswherethe robot positionwaslost
for the samelevels of Gaussiannoiseasin theprevious figures. Herethe LineMatch
algorithmshows a very goodperformanceandkeepsthe robot localizedeven under
high odometrynoise. Only for the maximumlevel of noise,LineMatchalso starts
loosingtheposition.We believe thatthehigherrobustnessof LineMatchis dueto the
largersearchspaceit usesfor findingmatches.

In the samemanner, we investigatedhow the methodscomparegiven simulated
bumpnoise. For accuracy the resultsweresimilar to thecaseof Gaussiannoise. All
threemethodshada similar accuracy for the distanceandheadingerror than in the
Gaussiancase.Figure12 shows theaveragenumberof positionswherethe robotwas
lostwhenbumpnoisewasaddedto theodometryinformation.

Thetriplesat the � -axiscorrespondto thebumpnoisevalues�¡�O���V����¢ usedin this
experiment.Thescaleof thesevaluesis p§p for � and � , anddegreesfor � . In addition
to thesebumpsoccurringwith probability0.2 permeter, we applieda smallGaussian
odometryerrorusingtheparameters� ¥ ���V���V��¤A¢ . As canbeseenin Figure12 all scan
matchingapproacheshaveproblemswhenbumpnoiseis present.This is dueto thefact
thattheGaussiandistributionassumptionwhenfusingtheobservationswith odometry
in theKalmanfilter doesnotmodelbumpnoisewell. However theLineMatchmethod
showslessfailuresthantheothermethodsandis thusagainmorerobustthantheother
ones.
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Fig. 11. Numberof timeswherepositionerrorwasabove �V£��Ap or above "��A� in typical
gamescenariofor differentlevelsof Gaussiannoise.
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Fig. 12. Numberof timeswherepositionerrorwasabove �V£��Ap or above "��A� in typical
gamescenariofor differentlevelsof bumpnoise.

4.4 Performance in Confusing Game Scenario

Wealsoevaluatedtheperformanceof thedifferentscan-matchingalgorithmsin a con-
fusinggamescenariowherealongwall wasplacedinsidetheRoboCupfield. Figure13
shows thedatawe collectedfor thisexperiment.
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Fig. 13. Confusinggamescenario:a long wall hasbeenformedby two boxesinside
theRoboCupfield to irritate theLineMatchalgorithm.

We expectthatundertheseconditionstheLineMatchalgorithmgetsirritatedsince
thelong wall is not filteredout in its preprocessingstepandthusLineMatchproduces
wrongmatchesor relieson dead-reckoningonly for thepositionestimation.Although
thisconfusingscenarioseemsquiteunlikely to occur, it canstill happenif anopponent
teamtries placing two or more of their robotsin a straightrow producingan even
surfacefor our laserrangefinders.

Luckily theLineMatchalgorithmdidn’t suffer toomuchfrom theseconditions.We
suspectthat this is dueto thefact that therearea lot of situationswheretheirritating
wall is not presentin therangescansbecauseof thelimited rangeandfield of view of
our laserrangerfinder. Thusthe robot is not ableto usethe LineMatchalgorithmto
updateits positionwhentheirritating wall is presentin therangedatabut it re-localizes
itself oncethewall vanishesfrom thedata.

As for theaccuracy similar resultsthanin thepreviousrunswererecorded.How-
ever the robustnessof LineMatchdroppedandis now similar to thoseof theCox and
CSM matchingmethods.Figure14 shows thenumberof lost positionswhenadding
Gaussiannoiseto theodometryinformation. Hereall threemethodsshow similar ro-
bustness.

Finally Figure15shows thenumberof timestherobotwaslostwhenaddingbump
noiseto theodometryinformation. HereLineMatchwasagainmorerobustdueto its
largersearchspacethantheothermethods.

5 Conclusion and Future Work

In thispaperwepresentedanew methodfor matchingrangescansto ana priori model
of line segmentswhich is well suitedfor localizing a mobile robot in a polygonal-
shaped,dynamicenvironmentlike RoboCup.Similar featurebasedmatchingmethods
have beenproposedby Shaffer et al [17] andCastellanoset al [4]. However no results
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Fig. 14. Numberof timeswherepositionerrorwasabove �V£���p or above "��A� in con-
fusinggamescenariofor differentlevelsof Gaussiannoise.
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Fig. 15. Numberof timeswherepositionerrorwasabove �V£���p or above "��A� in con-
fusinggamescenariofor differentlevelsof bumpnoise.

abouttheir computationalcomplexity have beenreportedsofar andeitherthey arenot
ableto globally localizetherobot,or thereareonly few experimentalresultsaboutthe
propertiesof thesemethods.Furthermoreit is unclearhow thesealgorithmsperformin
dynamicenvironmentslike RoboCupwheremany obstaclescanblock the sensorsas
noexperimentsundersuchconditionshave beencarriedout sofar.
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Our analyticalresultsshow that the methodis feasiblefor small polygonalenvi-
ronmentsandthat it canbe extendedto larger environmentsif preprocessingstepis
included. Our experimentalresultsdemonstratethat our methodis much fasterand
muchmorerobust thanexisting otherscanmatcherswhile retainingthe accuracy of
thecompetingmethods.

Ourscanmatchingmethodhasbeendevelopedasoneof thekey componentsof the
CSFreiburg roboticsoccerteamandhasbeenprovento befast, reliable,preciseand
robust. It never failed in any official or in-official gameandled theteamto its success
atvariouscompetitionsin theF-2000(middle-size)league.WewontheGermanVision
RoboCupin 1998and1999,won theworld championshipat RoboCup’98in Paris [1]
andcamein third placeat RoboCup’99in Stockholm[18].

Although the methodhasbeenutilized for RoboCupso far only, it is an obvious
stepto useit in otherpolygonal-shapedenvironments,e.g. asa localizationmethod
in our navigation systemfor office environments[8]. Thereforewe will extend the
algorithmin variousways,e.g. to allow for partial matcheswherenot all lines of a
rangescanare matchedto model lines and to explore several ways to optimize the
algorithmin orderto dealwith larger environments.Finally we aregoing to explore
theproblemof cooperative self-localizationin theRoboCupenvironmentfor allowing
thereorientationof disorientedgroupmembers.
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