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Abstract

Self-localizationis importantin almostall robotic tasks. For playing an aes-
thetic and effective gameof robotic soccer self-localizationis a necessaryre-
requisite. Whenwe designedur robotic soccerteamfor participatingin robotic
soccercompetitions,it turnedout that all existing approacheslid not meetour
requirement®f beingfast, accurateandrobust. For this reasonwe developeda
new method,which is presentedandanalyzedin this paper This methodis one
of the key componentsandis probablyone of the explanationsfor the succes®f
our teamin nationalandinternationalcompetitions.We presentalsoexperimen-
tal evidencethat our methodoutperformsother self-localizationmethodsin the
RoboCupervironment.

1 Introduction

Roboticsocceris aninterestingscientificchallengg11] andanidealdomainfor test-
ing new ideasand demonstratingxisting techniques.One of our main intentionsin
participatingin roboticsoccercompetitionswvasto demonstratéhe usefulnes®f self-
localizationtechniqueghatwe have developed[9]. It turnedout, however, thatall ex-
isting self-localizatiortechniquesverenotefficientenoughfor adynamicervironment
suchasroboticsoccer Furthermoremostof thetechniquesrenot robustenough.For
this reasonwe developeda new techniquethatexploits oneparticularcharacteristiof
the RoboCupenvironment,namely its purely polygonalstructure. Basedon thatwe
wereableto comeup with avery fast,accurateandrobustself-localizationtechnique,
whichwasmostprobablyoneof thekey factorsfor thesuccessf ourteamCSFreiburg
[7, 15]. This teamwon the the Germancompetitionsvision RoboCup’98and Msion



RoboCup’99 In addition,theteambecamewvorld championat RoboCup’9d1] andit
cameout third placeat RoboCup’9918].

Solvingtheself-localizatiorproblem—theproblemof determininghepositionand
orientationof the robot—isnecessaryor almostall tasks. In robotic soccerit seems
evento be impossibleto play an effective andaesthetiqgameif the socceragentsdo
not know wherethey are and how they are oriented. As a matterof fact, someof
the problemsdisplayedin the gamesof the middle size leagueat RoboCup’97[10]
seemedo have to dowith thefactthatthe soccerobotshadthewrongideaabouttheir
positionswhich led to erraticmovementsanda numberof own goals.

Theself-localizationproblemcanbe addressedsinga wide rangeof sensorge.qg.
odometry sonars,vision, compassedaserrangefinders,other sensorspr combina-
tionsthereof)anda wide rangeof methods. In the sequelwe will only considerthe
combinationof datafrom the odometryandfrom laserrangefinders(LRF), sincethe
latterprovide accurateandreliabledata,which canbeinterpretedvith muchlesscom-
putationaleffort than,say datafrom a vision system.

Self-localizationcanbe basedon recognizingknown landmarksor on densesen-
sor matding. In thefirst approachfeaturesare extractedfrom the sensolinputsand
matchedwith the featuresof the landmarksn orderto determinethe locationsof the
landmarks.However, in the RoboCupervironment,thereare only few naturalland-
marksthatarealwaysvisible to the sensorsandfor this reasorwe did notconsidetthis
approach.In the secondapproachall sensorinputsare matchedagainstthe expected
sensotinputsfor a given model. Two competingmethodsfor densesensomatching
are grid-basedVarkov localization [3, 2] and Kalmanfiltering using scanmatding
[5, 9]. As it hasbeendemonstratedylarkov localizationis morerobust, becausét al-
waysgeneratesomepositionhypotheseandbecausé canrecover from catastrophic
failures. However, self-localizationusingKalmanfiltering basedon scanmatchingis
moreaccuate[6], sinceit doesnotrely ongrids.

For roboticsoccerwe needrobustnessaccumcy, andefficiency wherebythelatter
propertymeanghatwe wantto estimatethe positionandorientationin afew millisec-
onds. Unfortunately none of the approacheslescribedabove satisfiesall threere-
guirements For this reasonwe designeda new scan-matchingpproachhatextracts
featuresfrom the raw sensorinputs, namely straightlines, that are matchedagainst
ana priori model. Usingthe scanmatch,which canbe computedefficiently, the new
positionestimationis thenderived by combiningit with the odometryreadingusing
Kalmanfiltering.

Therestof thepapeiis structuredasfollows. Thenext sectionsketchescanmatch-
ing methodsandhow they canbeusedto estimatethe positionusingKalmanfiltering.
Section3 describesour own methodand givesan analysisof the run-time comple-
ity. Basedon that, we describein Section4 experimentsthatwe have madein order
to comparadifferentscanmatchingmethodsn the RoboCupervironment. Finally, in
Section5 we concludeandsketchfuturework.



2 Scan Matching

Scanmatchingis the processof translatingandrotatinga rangescan(obtainedfrom
a rangedevice suchasa laserrangefinder) in sucha way that a maximumoverlap
betweersensoreadingsanda priori mapemeges.Mostof thescanmatchingmethods
presumeninitial poseestimationthat mustbe closeto the true posein orderto limit
thesearchspace.

Therobotposeandits updatefrom scanmatchingaremodeledassingle Gaussian
distributions. This hasthe adwantagethat robot posescan be calculatedwith high
precision,and that an efficient methodfor computingthe updatestep can be used,
namely Kalmanfiltering.

The extendedKalmanfilter methodhasthe following form. The probability of
a robot poseis modeledas a Gaussiardistribution () ~ N(u;,%;), wherey, =
(z,y,a)T isthemeanvalueandy; its 3 x 3 covariancematrix.

On robot motiona ~ N((6,0),%,) wherethe robot moves forward a certain
distanced andthenrotateshby 6, the poseis updatedaccordingto:

z + d cos(a)
w = EF(a)=] y+dsin(a)
a+6
Y, = VELVF' +VF,X,VFTI

Here E denoteghe expectedvalueof the function ' andV F; andV F, areits Jaco-
bianswith respecto ! anda.

From scanmatchinga poseupdates ~ N (u,,3,) is obtainedandtherobotpose
is updatedusingstandardKalmanfilter equationg14]:

o= TSI (O 5 )
o= (ST

Thesuccessf the Kalmanfilter dependsieaily ontheability of scanmatchingto
correcttherobotpose.Therearea numberof methodsor matchingscans:

Cox [5] matchessensorreadingswith the line segmentsof a hand-craftedCAD
map of the environment. He assignsscanpointsto line segmentsbasedon closest
neighborhoodindthensearchesor a translationandrotationthat minimizesthetotal
squaredlistancebetweerscanpointsandtheir targetlines.

Weisset. al. [19] usehistogramdgor matchinga pair of scans.They first computea
so-calledanglehistogranfor determiningtherotationof the two scansandthenusez
andy histogramgor computingthetranslation Althoughthis methodseemsgo bewell
suitedfor the RoboCupervironmentit is computationallyexpensve andthe precision
of thealgorithmdepend®on thediscretizatiorsizeof the histograms.

Lu andMilios [12] matchpairsof scansby assigningpointsin onescanto points
in the otherscan.For finding a correspondingcanpointtwo heuristicscalledclosest-
point-ruleandmatding-range-ruleareappliedanda combinations usedfor comput-
ing the rotation andtranslationof the two scans. This IDC algorithm (iterative dual



correspondengeis well suitedfor ary type of environmentincluding non-polygonal
ones.

GutmanrandSchleyel [9] useacombinatiorof the Coxmatchingapproactandthe
IDC methodfor combiningthe efficiengy androbustnesf the line matchingmethod
with the universal capabilitiesof the IDC algorithm. They call their algorithm the
combinedscanmatder (CSM).

Unfortunatelyall thosematchingalgorithmspossess high computationakcom-
plexity, i.e., O(n?) wheren are the numberof scanpoints, and their robustnesss
limited dueto the small searchspace.Thereforewe developeda new algorithmLine-
Match thatmakesuseof the simple polygonalstructureof the RoboCupervironment
andtradesoff generalityfor speedandthe ability to globally localizethe roboton the
socceffield.

3 Our Approach

Our LineMatd algorithm extractsline sggmentsfrom a scanand matcheghemwith

ana priori map of line sggmentssimilar to the methodsof [17, 4]. We expectthat
this algorithmhasbetterrun-time performanceandis morerobustthanthe otherscan
matcherswhile retainingthe sameaccurayg asthe othermatchers.In how far these
expectationsarerealisticwill beshavn in Sectiord.

3.1 ThelLineMatch Algorithm

In orderto guarantedhat extractedlines really correspondo field-borderlines, only
scanlines significantly longer than the extend of soccerrobotsare considered.The
following algorithmshavs how a matchingbetweermodellinesandscanlinesis com-
putedby recursvely trying all pairingsbetweerscanlinesandmodellines:

Algorithm 1 LineMath(M, S,P)
Input: modellines M, scanlines S, pairs P
Output: setof positionshypothesesi

if |P| =S| then
H =P

else
H:=10

s := SelectScanline (S, P)
for all m € M do
if VerifyMatch(M,S, P U{(m,s)}) then
H := HU{LineMatch(M,S, P U {(m,s)})}
return H



SelectScanlinselectshe next scanline thatshouldbe matchedand \erifyMatch ver-

ifies thatthe new (m, s) pairingis compatiblewith the setof pairings P alreadyac-
ceptedoy computingacommorrotationandtranslation.Thealgorithmreturngposition
hypothesedn the form of setsof pairswhich canbe easilytransformednto possible
locationswherethe scancould have beentaken. For the RoboCupfield the algorithm
is capableof determiningthe global positionof the robotmodulothe symmetryof the
field. This meanghatwe gettwo positionhypothese# threefield bordersarevisible
(seeFigurel) andfour hypothese# two bordersarevisible.

1 Scan with extracted
Y line segments

Position
hypotheses

RoboCup field model

Fig. 1. The LineMatchalgorithmreturnstwo hypothese$or therobotposition.

This scanmatchingmethodis similar to the methodsdescribedby Castellanost
al. [4] andShafer etal. [17]. In contrasto theseapproachedjowever, we only verify
that the global constaints concerningtranslationand rotation as well asthe length
restrictionsof scanlines are satisfied. This is sufficient for determiningthe position
hypothesisand more efficient. Further we do not needary initial estimationof the
posewhich meanghatevenif therobothasanextremeerrorin its positionestimation,
it maystill beableto recover from that.

After matchingarangescanthemostplausiblepositionis usedin theKalmanfilter
stepfor updatingthe robot position (seeFigure 2). We usethe positioninformation
from odometryto determinethe most plausibleposition basedon a combinationof
closesineighborhoodndsimilarity in heading.

For initializing the self-localizationsystentherobotis placedatary positionin the
RoboCugfield but roughly orientedtowardsthe opponengoalandthe meananderror
covarianceof therobotpositionaresetto:

Hi = (07 07 O)T
o~ 0 0
El = 0 O 0
0 0 o



This ensureglobalself-localizationonthefirst scanmatch.

RoboCup field model

Set of position
Laseria ScarT hypotheses
scan Matching
Plausibility Most plausible

Check position
Kalman Robot
Odometry F Filter — position
Self-Localization Module

Fig. 2. Self-localization:The mostplausiblehypothesiss usedfor updatingthe robot
position.

While it turnsoutthattheimplementedalgorithmis extremelyfastin theRoboCup
ernvironment(seeSection4.2),onemaywonderhow well it scaleswith thesizeof the
set M. A first roughanalysissuggestghat the worst-caseuntime of the algorithm
is O(|M|151), becausehe depthof the recursionis |S| andin eachrecursie call of
LineMatdh | M| differentpairingsaretried.

As it turnsout, however, it is possibleto comeup with a muchbetterrun-timees-
timation. After the secondevel of recursionwhentwo pairingshave beenmadeall
degreesof freedomfor rotationandtranslationhave beenremored (SelectScanlines
implementedn suchaway thatit choosesion-parallellinesin thefirst two levels of
recursion).This meansthaton deepetevels of the recursiononly one pairing canbe
consistentwhich leadsto invoking anotherrecursve call of LineMatd. This means
thatwe may get | M |? possiblepairingson the first two levels of recursionwhich are
verified by furtherrecursie callstrying | A/ ||.S| differentpairings. Finally, since\eri-
fyMatch needs0(|S|) time, we getanoverallboundof O(|M|?]S|%).

3.2 Possible Waysto Optimize the Algorithm

In the generalcase,one hasto live with the cubic upperbound. Neverthelessfor
realistic ervironments,wherenot all walls are visible simultaneouslysuchasis the
casein office environments,preprocessingan be usedreducethe complity. Such
apreprocessinghasewould storefor eachline all otherlinesthataresimultaneously
visible.

In Figure3, atypical office ervironmentis shawvn. In thisfigureit is demonstrated
thatfor oneparticularwall (the dashedhick line), thereareonly very few walls that
can be simultaneouslyvisible (solid thick lines). This obviously generalizego the
otherwalls aswell.



Fig. 3. PreprocessingiValls (solid thick lines) simultaneouslyisible with a particular
wall (dashedhick lines).

Usingsuchadatastructure theamountof linesthatmustbetestedcanbe dramat-
ically reducedandassuminga constantupperboundof simultaneouslyisible walls,
wewould getalinearcompleity of thealgorithm.

4 Comparison with other Scan Matchers

In orderto shav the advantageof the LineMatch algorithmwe compareahe Cox,
CSM and LineMatch techniqueswith eachother We did not include the IDC and
histogrammatchingmethodsasthe propertiesof thesealgorithmsare coveredby the
CSM algorithm[9].

Sincethe CSM algorithm needsa setof referencescansasits a priori map, we
collecteda small setof scanscorrectedthe accumulateddometryerror by applying
the registrationmethodfrom [13], andusedthemasreferencescans. This approach
hasprovento be a successfuandeasyway for enablingmobile robotnavigationin an
indoorervironmentwithout modifying the ervironmentor creatinghand-crafteanaps
[8].

For comparingthedifferentmethodsve recordedealdatawith oneof our mobile
robotic soccerplayers(seeFigure4). Eachof our soccemrobotsis a Pioneerl mobile
robotequippedwith a SICK laserrangefinder, a Cognatiromevision systemfor ball
tracking,aLibretto 70CTlaptopwith wirelessethernetonnectioranda customkick-
ing device. Thelaserrangefindercoversa 180 field of view with anangularesolution
of 1° andarangeresolutionof 5em.

In orderto recorddataof arealisticgamescenariove ranthe soccerrobotin our
RoboCupervironmentwith several stationaryandmoving obstaclesFromthesedata
we computedheaveragerun-timeof thedifferentalgorithmsandaddedifferentkinds



Fig. 4. CSFreiturg roboticsoccerplayers.

of noiseto thedatafor determiningtheaccurag androbustnes®f the methods.
Similar work hasbeenreportedby Shafer et al. [16], who comparetwo scan
matchingmethodsthat are similar to the Cox andLineMatchalgorithmin this paper
However, they useonly singlescanmatchegor theirexperimentsvhereasn ourexper
imentsall datarecordedduringawholerobotrunis takeninto account Also they only
rantheir algorithmsin an almoststaticervironmentwhereaswe recordedour datain
arealisticdynamicscenariovith mary stationaryandmoving obstacleshatcanblock
the robot’s sensors.Thereforethe resultspresentedn this papershouldgive a better
pictureof how goodthe methodsactuallyarein adynamicervironmentlike RoboCup.

4.1 NoiseModels

Thereareseveral kinds of noisetypically obserned whenrobotsoperaten real-world
ervironments. On one handthereis a typical Gaussiamoisein the odometryand
proximity sensorsomingfrom the inherentinaccurag of the sensors.On the other



handthereare non-Gaussiarerrorsarising from robot colliding with obstaclesge.g.
otherrobotplayers,or from interferencewith the sensors.

In this paper odometryerrorscomingfrom wheel-slippageunevenfloors, or dif-
ferentpayloadsarecharacterize@ccordingto the following threeparametergseeleft
partof Figureb).

a4 Ag(a) Q
Q 5+85(8) [\ +8a(0) @
/ v

Fig. 5. Effect of addingnoise{As(d), An (), A (d)) (left) andbumpnoise(z, y, o)
(right) to theodometry

Rangenoise: theerrorA;(d) in rangewhentherobotmovesa certaindistances.

Rotation noise: theerror A, («) + A,(4) in rotationwhenthe robotturnsa certain
anglea or movesa certaindistance’.

Thereis anothersourceof lessfrequentbut muchlarger odometryerror coming
from situationsin which therobot collideswith obstaclesTheseabrupterrorscanbe
characterizedy thefollowing parameterg¢seeright partof Figure5).

Error of the odometry: Theerrorz, y, anda is addedto the odometryinformation.

Frequency: Probabilitythata bump occursif therobottravels onemeter Through-
out the experimentsdescribedbelow, this probability wassetto 0.2 per meter
traveled.

4.2 Run-Time Performance

For computingtherun-timeperformancef thescanmatchingtechniquesve measured
theaveragetime amethodneededor computingthe poseupdatebeforeit is fusedwith
the odometryestimate.In orderto recevve measurementthat shov the performance
underreal gameconditionswe setupa realisticgamescenarioin our RoboCupervi-
ronmentwith stationaryandmaoving objects(seeFigure6) andusedour soccemrobot
asaright defendemwhereit moved over the entirefield a coupleof times. In thisrun
the robot moved a total distanceof approximately41l meters turnedabouta total of
11000degreeg(about30 revolutions)andcollectedover 3200scans.

Figure7 shavsrun-timeresultsperformedontherobotson-boarccomputera Pen-
tium 120MHz laptoprunningtheLinux operatingsystem.As expectedhe LineMatch
algorithmoutperformgheothercompetingechniquesilt is 8 timesfasterthanthe Cox
algorithmandabout20 timesfasterthanthe CSM method.The very low averagerun-
time of only 2ms per scanmatchallows the processingof all incomingrangefinder
datain realtime.



Fig. 6. Experimentaketup:severalboxeswereplacedinto the RoboCugfield to givea
realisticgamescenario Noisy sensoreadingsarecausedy moving obstacles.

Cox | CSM | LineMatch
16ms | 39ms 2ms

Fig. 7. Run-timeresultson a Pentium120MHzlaptop.

4.3 Performancein Typical Game Scenario

For shawing the accurag and robustnessof the LineMatch algorithm we usedthe
datacollectedin the above run and addeddifferentkinds of noiseto the odometry
information. In orderto measurehe accurayg of the positionestimategeneratedy
the differentmatchingmethodsa setof referencepositionsare needed. To easethe
determinatiorof the referencepositionswe run one of the scanmatchingalgorithms,
the Cox method,with the recordeddataand usedthis outputasthe setof reference
positions.

For eachsetof noisevalues,26 runswith differentseedvaluesfor initializing a
randomnoisegeneratomwere performed. Figure 8 shaws the trajectorymeasuredy
the robotswheelencodersanda typical trajectorywhen addingthe maximumGaus-
sian noise {400, 100, 40). The valuescorrespondo the standarddeviation of the
Gaussiamoise(A;(d), A, (), A,(8)) with theunits /mm? /m, \/deg?/360°, and
Vdeg?/m.

For eachscanmatchingmethodwe computedthe numberof timesthe robot po-
sition waslost and the distanceand headingerror to the referenceposein casethe
positionwasnot lost. We useda thresholdof 0.5m for the distanceand30° for the
headingerrorfor determiningwhetheror not the positionof the robotwaslost.

Figure9 shavstheaveragedistanceandFigure 10the averageheadingerrorto the
referencepositionsfor five differentlevels of Gaussiamoise. Thevaluetripleson the
z-axiscorrespondo thestandardleviation of the Gaussiamoise{A;(8), An (), Ay (d)).

10
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Fig. 8. Trajectorymeasuredy the robot and typical trajectory obtainedby adding
large Gaussiamoisewith standardieviations(400, 100, 40) to thesedata.

In theseandall following figurestheerror barsindicatethe 95% confidencenterval of
theaveragemean.
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Fig. 9. Distanceerrorto referencgositionsin typicalgamescenaridor differentlevels
of Gaussiamoise.

From both figuresit canbe seenthat all three methodshave a similar accurag
usuallybetterthan5em and2°. Only the Cox methodhasa significanthigheraccurag
thanthe otherswhenonly few Gaussiamoiseis presentut thisis dueto thefact that
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Fig. 10. Headingerror to referencepositionsin typical gamescenariofor different
levelsof Gaussiamoise.

thereferencepositionsalsohave beengeneratedy the Cox method.

However, the LineMatch methodis much more robust than the other matching
algorithms. Figure 11 shavs the numberof timeswherethe robot positionwaslost
for the samelevels of Gaussiamoiseasin the previous figures. Herethe LineMatch
algorithmshows a very good performanceand keepsthe robot localizedeven under
high odometrynoise. Only for the maximum/level of noise,LineMatch also starts
loosingthe position. We believe thatthe higherrobustnesof LineMatchis dueto the
largersearchspaceit usesfor finding matches.

In the samemanney we investigatechow the methodscomparegiven simulated
bump noise. For accurag the resultsweresimilar to the caseof Gaussiamoise. Al
threemethodshad a similar accurag for the distanceand headingerror thanin the
Gaussiartase.Figure12 shows the averagenumberof positionswherethe robotwas
lostwhenbump noisewasaddedo the odometryinformation.

Thetriplesatthe z-axis correspondo the bump noisevalues(z, y, «) usedin this
experiment.Thescaleof thesevaluess mm for z andy, anddegreedfor «. In addition
to thesebumpsoccurringwith probability 0.2 permeter we applieda small Gaussian
odometryerror usingthe parameterg100, 5, 2). As canbe seenin Figure12 all scan
matchingapproachebave problemswvhenbumpnoiseis presentThisis dueto thefact
thatthe Gaussiamistribution assumptiowhenfusingthe obsenationswith odometry
in the Kalmanfilter doesnot modelbumpnoisewell. However the LineMatchmethod
shawslessfailuresthanthe othermethodsandis thusagainmorerobustthanthe other
ones.

12
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Fig. 11. Numberof timeswherepositionerrorwasabove 0.5m or above 30° in typical
gamescenaridor differentlevels of Gaussiamoise.

Cox ¢
CSM +
100 - LineMatch O
90 B
> 80 |- ﬁ -
2 70 | .
K=}
‘U:‘) 60 - } -
o
o 50 |- B
%2}
e} 40 - B
30 % B
20 - B
ol ¢ ]
O iD 1 & 1 1
100:100:10  200:200:30 ~ 300:300:50 500:500:100
noise

Fig. 12. Numberof timeswherepositionerrorwasabove 0.5m or above 30° in typical
gamescenaridor differentlevelsof bumpnoise.

4.4 Performancein Confusing Game Scenario

We alsoevaluatedhe performancef the differentscan-matchinglgorithmsin a con-
fusinggamescenariovherealongwall wasplacednsidetheRoboCufield. Figurel3
shavsthedatawe collectedfor this experiment.

13
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Fig. 13. Confusinggamescenario:along wall hasbeenformedby two boxesinside
the RoboCupfield to irritate the LineMatchalgorithm.

We expectthatundertheseconditionsthe LineMatchalgorithmgetsirritated since
thelong wall is notfiltered outin its preprocessingtepandthusLineMatchproduces
wrongmatchewr relieson dead-reckoningnly for the positionestimation.Although
this confusingscenaricseemsyuite unlikely to occur it canstill happerif anopponent
teamtries placing two or more of their robotsin a straightrow producingan even
surfacefor our laserrangefinders.

Luckily theLineMatchalgorithmdidn’t suffer too muchfrom theseconditions.We
suspecthatthisis dueto thefact thattherearealot of situationswheretheirritating
wall is not presenin the rangescanshecausef the limited rangeandfield of view of
our laserrangerfinder Thustherobotis not ableto usethe LineMatchalgorithmto
updatdts positionwhentheirritating wall is presentn therangedatabut it re-localizes
itself oncethewall vanishedrom thedata.

As for theaccurag similar resultsthanin the previousrunswererecorded.How-
ever the robustnes®of LineMatchdroppedandis now similar to thoseof the Cox and
CSM matchingmethods.Figure 14 shavs the numberof lost positionswhenadding
Gaussiamoiseto the odometryinformation. Hereall threemethodsshow similar ro-
bustness.

Finally Figure15 shows the numberof timestherobotwaslost whenaddingbump
noiseto the odometryinformation. Here LineMatchwasagainmorerobustdueto its
largersearchspacethanthe othermethods.

5 Conclusion and Future Work

In this papemwe presente@d nenv methodfor matchingrangescango ana priori model
of line sgmentswhich is well suitedfor localizing a mobile robot in a polygonal-
shapeddynamicervironmentlike RoboCup.Similar featurebasednatchingmethods
have beenproposediy Shafer etal [17] andCastellano®tal [4]. However noresults

14
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Fig. 14. Numberof timeswherepositionerrorwasabove 0.5m or above 30° in con-
fusinggamescenaridor differentlevels of Gaussiamoise.
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Fig. 15. Numberof timeswherepositionerrorwasabore 0.5m or abose 30° in con-
fusinggamescenaridor differentlevelsof bumpnoise.

abouttheir computationatompleity have beenreportedsofar andeitherthey arenot
ableto globally localizetherobot,or thereareonly few experimentakesultsaboutthe
propertieof thesemethods Furthermoret is unclearhow thesealgorithmsperformin
dynamicernvironmentslike RoboCupwheremary obstaclecanblock the sensorsas
no experimentsundersuchconditionshave beencarriedout sofar.

15



Our analyticalresultsshow that the methodis feasiblefor small polygonalervi-
ronmentsandthatit canbe extendedto larger environmentsif preprocessingtepis
included. Our experimentalresultsdemonstratehat our methodis much fasterand
much more robust than existing other scanmatcherswhile retainingthe accurag of
the competingmethods.

Ourscanmatchingmethodhasbeendevelopedasoneof thekey componentsf the
CS Freiturg robotic socceteamandhasbeenprovento befast, reliable, preciseand
robust. It never failed in ary official or in-official gameandled the teamto its success
atvariouscompetitionsn the F-2000(middle-size)eague We wonthe Germarnvision
RoboCupin 1998and1999,won the world championshimat RoboCup’98in Paris[1]
andcamein third placeat RoboCup’99n Stockholm[18].

Although the methodhasbeenutilized for RoboCupso far only, it is an obvious
stepto useit in otherpolygonal-shape@nvironments,e.g. asa localizationmethod
in our navigation systemfor office ervironments[8]. Thereforewe will extend the
algorithmin variousways, e.g. to allow for partial matcheswvherenot all lines of a
rangescanare matchedto modellines andto explore several ways to optimize the
algorithmin orderto dealwith larger ervironments. Finally we are goingto explore
the problemof cooperatre self-localizationin the RoboCupenvironmentfor allowing
thereorientatiorof disorientedgroupmembers.
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