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Abstract. An essentiakapability of a soccerplaying robotis to robustly and
accuratelyestimateits poseon the eld. Trackingthe poseof a humanoidrobot
is, however, acomple problem.Themaindif culties arethattherobothasonly
a constrainedeld of view, which is additionally often affectedby occlusions,
thatthe roll angleof the camerachangesontinouslyand canonly be roughly
estimatedandthat deadreckoning providesonly noisy estimatesin this paper
we presenta techniquethat uses eld lines, the centercircle, cornerpoles,and
goalsextractedout of the imagesof a low-costwide-anglecameraas well as
motion commandsand a compasgo localize a humanoidrobot on the soccer
eld. We presentanew approactto robustly extractlinesusingdetectordor ori-
entedline pintsandthe Houghtransform.Sincewe rst estimatetheorientation,
the individual line pointsarelocalizedwell in the Houghdomain.In addition,
while matchingobsered lines and model lines, we do not only considertheir
HoughparametersOur similarity measurealsotakesinto accountthe positions
andlengthsof the lines. In this way, we obtaina much morereliable estimate
how well two lines t. We apply Monte-Carlolocalizationto estimatethe pose
of therobot. Theobsenationmodelusedto evaluatetheindividual particlescon-
sidersthe difference®f expectedandmeasuredlistancesndanglesof theother
landmarksAs we demonstraté real-world experimentspurtechniqués ableto
robustly andaccuratelytrack the positionof a humanoidroboton a soccer eld.
We alsopresenexperimentgo evaluatethe utility of usingthe differentcuesfor
poseestimation.

1 Intr oduction

The knowledgeaboutthe posesof the robotsduring a soccergameis oneof the pre-
requisitefeaturesfor successfuteamplay. Many approachego localizationon the
RoboCup eld or lessstructuredervironmentshave alreadybeenpresentedSeveral
approachesxist that usedistanceinformation provided by a proximity sensorlike a
laserscannefl], orimagesof anomnidirectionatamerg2-5] for localizingarobotin
theRoboCupenvironment.However, for sometypesof robotssuchsensorglonotseem
to beappropriatesincethey do not agreewith their designprinciple.Humanoidrobots,
for example,which are constructedo resemblea human,aretypically only equipped
with directedcameras.

In this paper we presentan approacho vision-basedocalizationof a humanoid
robotthatusesasinglewide-anglecameraMany problemsexist thatmake localization



for humanoidrobotsa complex problem.Therobotcanonly obsere a constrainegbart
of thesoccereld dueto the directedcameraanddueto occlusionscausedy moving
objects.The cameramagesaredistortedandoftenblurredbecausef cameramotion.
Furthermorethe roll angleof the camerachangescontinouslyand can usually only
be roughly estimated.The cameraperspectie, however, hasa signi cant impacton
the measuredlistancesaandanglesto landmarksFinally, comparedo a wheeledrobot
equippedwith odometrysensorsye geta very noisy estimateby deadrecloning,i.e.
the predictionof therobot's posebasedn executedmotioncommands.

We apply the well-known Monte-Carlolocalization(MCL) technique[6] to esti-
matetherobot's pose(x; y; ), where(x; y) denoteghe positiononthe eld and is
the orientationof therobot. MCL usesa setof randomsamplesalsocalledparticles to
representhe belief of the robot aboutits pose.We extract environment-speci cland-
marksout of the cameramages Featuresve usefor localizationarethe eld lines,the
centercircle, the cornerpoles,andthe goals.Additionally, we considercompassiata
aswell asthe motioncommandsentto therobot.

We presenta new techniqueto robustly extract lines out of images.In contrastto
previous approacheshat nd line transitionson scanlinesin theimage[2, 7], simply
detectedgeshasedn certaincolor changeg3, 8,4], or usingclassicakernelsthatde-
tectedgegradientsn greyscaleimages[9], we extractline sgmentsout of animage
by applyingfour differentdetectorghat nd orientedine points.Thedetectorguaran-
teethatgreenis detectedbn both sidesof aline. Sincethe detectorgrovide areliable
estimateof the orientationsof the individual line points,they arelocalizedwell in the
Houghdomainandwe candirectthe searchtowardslinesthatmatchtheseorientations.
Before applying the Houghtransformto nd linesin the two main orientationswe
locatethecentercircle.

For a discretesetof possibleposesof the robot, we computethe largestlines that
areexpectedo bevisible from thatpose.Duringlocalization thesdinesarethencom-
paredto thelargestcurrentlyobsenedlines. To geta muchmorereliableestimatehowv
welltwolines t, wedonotonly comparegheirHoughparameterdiVe alsotakeinto ac-
countameasurahatestimateshe positionsandlengthsof thelines.In the obsenation
modelof the particle Iter , we additionallyconsiderthe differencedbhetweermeasured
andexpecteddistancesndanglesof the otherlandmarksaswell asthe compasglata.
As we demonstratén practicalexperimentswyith ahumanoidrobotin the RoboCupen-
vironment,our techniquds ableto robustly andaccuratelytrack the poseof therobot.
In orderto assesshebene t of usingthedifferenttypesof featureswe presenexperi-
mentsillustratingtheirin uence onthelocalizationresult.

This paperis organizedasfollows. After discussingrelatedwork in the following
sectionweintroduceourrobotandthe RoboCupervironment.In Sectiord we describe
the Monte-Carlolocalizationtechniquethatis appliedto estimatethe robot's pose.In
Section5 we explain how to extractlines out of the imagesprovided by our camera.
Afterwards,we presenthe obsenation modelusedfor MCL in Section6. Finally, in
Section7, we shav experimentalresultsillustrating the robustnesof our approacho
estimateherobot's pose.



2 RelatedWork

Many systemghat performvision-basedocalizationin the RoboCupdomainhave al-
readybeenpresentedNone of themcandirectly be appliedfor localizationusingour
humanoidrobotaswe will pointoutin thefollowing.

Severallocalizationsystemsamake useof the eld lines.De Jongetal. [8] identify
edgesanddivide theimagein subimagesfterwards.They applythe Houghtransform
in eachsubimageassuminghatthe line sggments(eventhe onescorrespondingo the
centercircle) aremostly straight. They proposeto estimatethe positionof therobotby
consideringhe distancefrom the obsered line sggmentsto the closestexpectedines
for posedn alocalareaaroundits lastpose However, no posetrackingexperimentsare
presentedrFurthermoreijt remainsunclearhow to chooseanappropriatediscretization
of the image.locchi and Nardi [10] apply an extendedKalman lIter for localization
with aperspectie cameraThey matchobsernedandmodellinesin theHoughdomain.
Oneassumptiorfor this methodto work is that odometrydatayields a goodestimate
of the robot's pose.This cannotbe guaranteedn our case.Furthermorewe have to
dealwith the problemof changingcameraperspectiesduring walking. Marquesand
Lima [4] applya similar approactof line matchingin the Houghdomain.They search
color transitionson circlesin omnidirectionalimages.Rofer et al. [7] distinguishbe-
tweenfour differenttypesof lines.In eachimage they searctfor line transitionscorre-
spondingo thesetypesandrandomlydraw threetransitionsor each During MCL, the
measuredinglesto the dravn pointsarethencomparedo the expectedanglesof the
closestpointsof eachtype. Furthermorethey take into accountotherlandmarksike
goalsandpoles.Dueto the unpredictableoll angleof the cameraijt is in our casenot
enoughto consideronly a few pointson the lines for localization.We have to useas
muchinformationaboutthe linesaswe canextract.

Laueretal. [2] useline transitionsextractedout of omnidirectionaimagesandap-
ply gradientdecentto minimize an errortermin orderto locally nd the bestmatch
betweenthelinesin the currentimageandthe eld lines. It is not clearyet how this
methodperformsunderreal conditions,especiallyin caseof sensomoise.Schulen-
burg etal. [3] applya Kalman Iter andcombineomniision with laserdatafor local-
ization. They searchor colortransitionsn the omnidirectionaimageand nd linesin
the Cartesiarspace.Their approachassociategachpoint to a uniqueline. In orderto
avoid the dataassociatiorproblemandin orderto be ableto dealwith noisy data,we
searchfor linesin the Houghdomain.The approactpresentedy von Hundelshausen
andRojas[5] usesa techniqueto track the greenregionsandsearchfor transitionson
theboundarie®f thesetrackedregions. Trackingregionsis mucheasielin omnidirec-
tionalimagessince,dueto occlusionsgluringa dynamicsoccergame,usuallythesmall

eld of view changesapidly whenusingadirectedcameraonly.

Enderleet al. [11] rely only on particularlandmarksduring MCL anddo not take
into accountthe eld lines. This approactmay have problemsin caseof frequentoc-
clusionsasthey typically occurduring a soccergame.Note that Hoffmannet al. [12]
proposeto utilize negative information during localization.In casethe robot did not
detecta certainlandmarkthis informationcould be usedto excludesomestatesThe
ideahassofar only beentestedin simple setupsandnot during a soccergamewhere
occlusionsarelikely to causeproblems.
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3 The Designof Our Robot and Environmental Setup

Theleft imageof Figurel depictsoneof our robots,which we usedto carryoutthe ex-
perimentgresentedh this paper Theheightof therobotis 60cmandit has19 degrees
of freedom,which aredriven by seno motors.We usea Poclet PC, which is located
in the chest,to control the robot. The Poclet PCis equippedwith a 520MHz proces-
sorand128MB RAM. Therobotusesacompactash color camerawith awide-angle
lensto getinformationaboutthe environment.Thelensis locatedapproximatelyat the
positionof the larynx. Thelarge eld of view (150 horizontallyand112 vertically)
allowstherobotto seeatthe sametime the ball atits feetandobjectsabove thehorizon
(seeright imageof Figurel). The cameradeliversimagesat a rateof up to 5fpswith
aresolutionof 320 240 pixels. Additionally, the robotis equippedwith a compass,
whichis locatedin its head to facilitatelocalization.

Fig. 1. Theleft imageshawvs oneof our humanoidrobots.Therobotis controlledby a Poclet PC
and usesthe imagesof a low-costwide-anglecamerafor perceving the relevant information
aboutthe ervironment.An imagecapturedrom therobot's perspectie while it waswalking can
beseenontheright.

TheKidSizesoccereld in theHumanoidLeaguehasasizeof 4.5m 3m.Objects
thatcanbe usedfor localizationarethe two goals(coloredblue andyellow), the eld
lines,thecentercircle, andfour cornerpoles.

4 Monte Carlo Localization

To estimatethe posex; of the robotat time t, we apply the well-known Monte-Carlo
localization(MCL) techniqud6], whichis a variantof Markov localization.MCL re-
cursively estimateshe posteriorabouttherobot's pose:

P(Xt J Zu:t; Uo:t 1&

= P(zt j Xt) P(Xt J Xt 1;Ur 1) P(Xt 1] Z1t 15Uot 2)dXe 1 (1)

Xt 1
Here, is anormalizationconstantresultingfrom Bayes'rule, ug.; 1 denoteghe se-
quenceof all motioncommandsxecutedby therobotuptotimet 1, andz; isthe



sequencef all obsenations.Thetermp(X; j X; 1;U; 1) is calledmotion modeland
denoteghe probability that the robotendsup in statex; givenit executeshe motion
commandl; ; in statex; 1. Theobserationmodelp(z; j x;) denoteghelikelihood
of makingthe obsenationz; giventherobot's currentposeis Xx;.

MCL usesasetof randomsamplego representhebelief of therobotaboutits state
attimet. Eachsampleconsistof thestatevectorxg') andaweightingfactor! t(') thatis
proportionatto thelik elihoodthattherobotis in the correspondingtate The updateof
thebeliefis carriedout accordingo the samplingimportanceresamplingparticle lter .
First, the particlestatesarepredictedaccordingo the motionmodel.For eachparticle,
a new poseis dravn given the executedmotion commandsincethe previous update.
In the secondstep,new individual importanceweightsare assignedo the particles.
Particlei is weightedaccordingo thelikelihoodp(z; j XE')). Finally, anew particleset
is createdby samplingfrom the old setaccordingto the particleweights.Eachparticle
surviveswith aprobabilityproportionato its importanceveight. This stepis alsocalled
resampling.

In orderto allow for globallocalization,e.g.in caseof the “kidnappedrobot prob-
lem”, a small amountof the particlesis replacedby particleswith randomlydravn
poses.

5 Finding Lines Using Detectorsfor Oriented Line Segmentsand
the Hough Transform

In this section,we introduceour approachto robustly locatelines in the imagesof
thewide-anglecameraFigure? illustratesthewhole procesof nding individual line
points, extracting line segments,determiningtheir positionin egocentriccoordinates
andtheir transformatiorinto the Houghspace The detailsaredescribedelow.

5.1 Extracting Oriented Line Segments

To reducethein uence of differentlighting conditions,we color-classifypixelsin the
YUV colorspaceausingthe pie-slicemethod[13]. In amultistageprocessinsigni cant
coloredpixels arediscardedso thatonly the colorsof therelevantfeaturesremain.To
nd lines,we areonly interestedn the pixelsthatareclassi ed aswhite or green.

Line pointscanbedetectedy processinghecolor-classi edimageasfollows. We
apply eloncatedGaussiarkernelsto determinethe likelihoodof pixels beingpartof a
line. In short,we searchfor elongatedwhite regionsthathave greenneighborson two
oppositesides.By taking into accountthe relative differenceof the sum of the like-
lihoods of greenandwhite pixels within a neighborhoodwe estimatethe likelihood
thata pixel correspondso a line point. We useGaussiarkernelsof two differentsizes
to searchfor closerline points,which containmorewhite pixels andwhich arein the
lower partof theimage,andfor line pointsthatarefareraway. In orderto estimatethe
orientationof aline point, we considerfour differentorientationsandapply individual
kernels(seeFigure3) to computethe individual lik elihoods For eachline pointwith a
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Fig. 2. lllustration of the extraction of lines: The robot's current eld of view canbe seenin

image(a). The four smallimages(b) shav responsesf four orientedline detectorsimage(c)

depictsthe extractedline segmentsprojectedinto the egocentricspace The centercircle is de-
tectedandremoved.Image(d) shavstherepresentatioof theline sggmentsn theHoughspace,
wherethemajororientation max is estimatecandthe mainlinesaredetected.

likelihoodabove athresholdwe storethe orientationthatyieldedthe maximumlik eli-
hoodaswell asthe bestneighbororientation.Figure 2 (b) illustratesthe responsesf
theline detectordor theexampleimageshawn in Figure?2 (a).

After identifying the line pointsin the image,we project them onto the soccer
eld (seeFigure?2 (c)). To getthe metric egocentriccoordinateon the soccereld cor
respondingo animagecoordinatewe rst eliminatetheradialdistortionin theimage
andapplyanafne transformatiorafterwards.The parametersf the projectie trans-
formationcanbecalculatedrom four pairsof pointsonthe eld andthecorresponding
pointsin thecameramage.Here,we assume x edviewing angleof the cameraonto
the eld. Notethatafterthe undistortionprocessandthe projection,theline sggments
have aratherhigh distanceto eachothet

In additionto the coordinate®f theline points,the correspondingwo orientations
are alsotransformedrom the imagespaceinto the metric egocentricspace We esti-
matethe actualorientationof a line point by computingthe weightedmeanof these
transformedorientationsusingtheir likelihoods.Thus,we have a setof weightedline
pointsthataredescribedy their positionsandtheir orientationgelative to therobot.

To improve robustnesswe do not transformindividual line pointsinto the Hough
spacgseenext section).Insteadwe meigeline pointsthatareclosein theimagespace



Fig. 3. Thefour kernelsusedfor the detectionof orientedline sggmentsin two differentsizes.

andhave similar orientationsto onelongerline segment.This way, we candealwith
falsedetectioncausedy noisyobsenations.

5.2 The Hough Transform for Line Extraction

The Houghtransformis arobustmethodto nd lines tting asetof 2D points[14]. It
reliesonatransformatiorfrom the Cartesiarplanein theHoughdomain.Thefollowing
cune in theHoughdomainis associateavith a point(x; y) in the Cartesiarplane:

=x cos()+y sin() (2)

Here, istheperpendiculadistancdrom theoriginand istheanglewith thenormal.
This curve describeall thelinesthatgo through(x; y), sinceeachpointin the Hough
spacecorrespondso aline in the 2D Cartesiarspace.

By discretizingthe Houghspaceinto cells h( ;; ;), onecansearctfor local max-
ima. Theselocal maximain the Houghdomaincorrespondo the best tting linesfor
theinput points. The Houghtransformhasthe advantagehatit is quiterobustto sensor
noise,sinceoutliers do not affect the local maxima.Furthermore since distancef
pointsonthelinesarenot consideredit candealwith occlusions.

Beforewe applythe Houghtransformto nd thebest tting linesfor the extracted
orientedsegments,we locatethe centercircle. Wheneer large partsof the circle are
visible in theimage,this canimpair the line detection.Partsof the circle canbe mis-
classi ed asshortlines andthe circle canpotentiallyaffect the estimationof the main
orientations.To avoid theseproblemswe rst identify the centercircle following the
approactpresentedby de Jongetal. [8]. We considertheindividual line segmentsand
vote for the positionsat a distanceof the radiusof the centercircle, orthogonalo the
orientationof the segment.By determiningthe largestclusterof pointsandidentifying
the sggmentsthatvotedfor it, we nd the sggmentscorrespondingo the centercircle.
To avoid falsepositive detectionswe only interpreta clusterasthe centercircle if the
line segmentsthat votedfor it have a large rangeof orientations.The corresponding
segmentsareeliminated,i.e. they arenottransformednto the Houghspace Addition-
ally, the knowledgeaboutthe position of the centercircle is usedin the obsenation
modelof theparticle Iter (seenext section).

In the standardHoughtransform eachline segment(x; y) votesfor all binsh( ; )
which fulll Eg. (2). Sincewe have alreadyestimatedhe orientationof the line seg-
mentswe only have to votefor asmallsubsebf bins,which reducegshecomputational
costs.In particular we accumulatéts likelihoodin the binsh( ; ) thatcorrespond
to the estimatedbrientation of a segment.Here, indicatesthatwe considera local



neighborhoof whosebinsarealsoincrementedin this way, we directthe search
towardslinesthat t the preestimatearientationsln our currentimplementationye
useadiscretizatiorof 2:5 and6cmfor the Houghspace.

In generalto locatelinesin the Houghspaceonehasto searctthe entirespacefor
local maxima.In the RoboCupdomain,we only have two possibleorthogonalorien-
tationsfor the eld lines. This allows usto usea robust methodfor nding linesthat
additionallyreduceghe computationatosts:We candeterminethe two mainorienta-
tionsby addingthebinscorrespondingo and + 5,with 2 [0; 5[ and nding the
maximum:

max = argmax  h(i; ) ®3)

= imod » i

Finally, we searcHfor maximain thebinsof nax and max + -, respectiely. In this

mannerwe extractfrom theHoughspacedour eld lines,two for eachmainorientation,

thatareusedn theobserationmodelof theparticle Iter (seenext section)Figure2 (d)

illustratestherepresentationf the segmentsdn theHoughspacgthedarkerthebinsthe
higherthevalues)aswell asthemainorientation max -

6 Obsewation Model

In this sectionwe describehow to integratetheobsenrationsmadeby therobotin order
to updatethe weightsof the particles.

6.1 Corner Polesand Goals

The cornerpolesandgoalscanbe detectedoy processinghe color classi ed image.
Using constraintsaboutthe numberof pixels of certaincolorsin neighborhoodsthese
landmarkscan be found quite robustly. The egocentriccoordinateof the landmarks
lowerbordersareobtainedusingtheprojective transformationFor eachsuchlandmark,
we estimatethe distanceand angleto the individual particle poses.To computethe
likelihood of a landmarkobsenation, we evaluatethe differencesbetweenexpected
andmeasuredlistancesndanglesof landmarks

kde gok op Ko ok
2 1

where ; and , arethe variancesof the Gaussiansge andd, arethe expectedand
measuredobsened) distanceto the landmark,and  and , arethe expectedand
measurecngleof thelandmark.

(4)
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6.2 Center Circleand Lines

If the centercircle canbe detectedthe positionof its centeris estimatecasexplained
in Section5.2. To computethelik elihoodof this obsenation, we alsoevaluatethe dif-
ferencebetweerthe expectedandthe obsenedposition

k k
Peir cle = €XP 027(2:0 : (5)
3



Here,c. denoteghe expectedandc, the measuregbositionof the centercircle,and 3
is thevarianceof the Gaussiarevaluatingthe distance.

Line matchingis a bit morecomplicatedFirst, it shouldbe notedthattransforming
line sggmentsnto theHoughspacehasaserioushortcomeHoughparametergescribe
straightlines without starting and endpoints.Thus, signi cant information getslost
whenline sgmentsaretransformednto the HoughspaceTo overcomethis dravback,
we additionallycomputethe valueus thatcorresponds$o the meanpositionof theline
sgmentss onthestraightline | aswell asits standardieviation (u).

In particular we computefor eachsingleline segments belongingto | avalue

us=x sin() y cos(); (6)

where(x; y) is thethe positionof s in the Cartesiarspaceand is theangularHough
parameteof |. The valueug indicates,in the egocentricspacethe displacemenof s

alongl from the perpendiculanf | that goesthroughthe origin. Then,we determine
for | the meanu andthe standardderivation (u) of the us valuesof its sggments.A

low valueof (u) corresponds$o ashortline. Onthe otherhand,along line resultsin

ahighvalueof (u). Furthermoreu is anindicationfor the positionof theline. These
correlationsn the Cartesiarspacearelost whenapplyingthe plain Houghtransform.
In orderto morereliableestimatehow well two lines t, we do notonly compareheir
Houghparametersut alsotheiru and (u) values.Thisis especiallymportantin case
theactualrole angleof the camerais differentfrom the predictedangle.

In the obseration model,we do not take into accountall obsered lines. Instead,
we only considerthe largestones.For a discretesetof possibleposeson the soccer
eld, we precomputehesix largest eld lines(accordingto the numberof line points)
that are expectedto be visible from that poseaswell astheir parameters; ; u, and

(u). Fromthelines extractedout of the currentimage,we determinefor eachof the
two mainorientationgwo linesby nding localmaximain theHoughspaceWe assign
eachof theseobsened lines to one of the four largestlines that are expectedto be
visible from theparticlepose Here,we follow a nearesheighborapproactandusethe
Houghparameter$or comparison.

To computethelik elihoodof line obsenations we evaluatethe differencedetween
expectedandmeasuredHoughcoordinates = ( ; ) of matchedines,aswell asthe
differencedetweerthe expectedandmeasuredi and (u). Notethatwe only consider
thelinescorrespondingo the nearesheighbomatchingsm

Y kh™  hMk  ku™ u™k k (u)m u)mk
plines = exp 92 20 62 20 ( )62 2( )O : (7)
m 4 5 6

Hereagnin,the 'sarethevariance®f the Gaussiansg ando denotethe expectedand
measuredalues.Figure4 shows thelikelihoodof positionsgiventheline obsenation
from theindicatedpose.

6.3 Compass

To eliminateambiguitieswhich canbe causedy the symmetric eld lines,the robot
canadditionallyuseits compassCompasslatais evaluatedwith ananalogougunction
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@ (b) (© (d)
Fig. 4. Likelihood of positionsgiven the obsered line using (a) the Hough parametersnly,
(b) theu value,(c) the (u) valueand(d) all four parametergthe darkerthe morelikely).

thatis basedon the differencebetweermeasure@ndexpectedvaluesto yield thelik e-
lihood pcom - Sincethecompasslatais notthatprecisewe usea Gaussianith arather
high varianceto evaluatethe difference.

6.4 Integration of All Observations

Finally, we cande ne for a particle with the posex?) the likelihood of makingthe
obserationz; = flandmarks; circle; lines; compassy asthe productof theindividual
likelihoods

) Y
p(zt J XEI)) = Prandmar k  Peir cle  Plines  Pcom - (8)

landmar ks

Note thatwe usea con dencevaluec; for all individual obserationso; . ¢ indicates
how surewe arethato; wascorrectlyobsered. We ensurethat no obseration hasa
likelihoodp; smallerthan(1 ¢ ):

p=@0 ¢)+tg p: 9)

7 Experimental Results

In orderto evaluateour approachto estimatethe poseof a humanoidrobot on the
RoboCupsoccereld, we carriedout anexperimentin which the robotwascontrolled
via joystickto six differentposeghatweremarkedwith tapeonthe eld. Wetakethese
marked positionsas “ground truth”. Therefore,part of the errorsin the localization
resultsis dueto the problemof joystickingtherobotexactly ontothe marked positions.

Sincetherobotdoesnot possesary odometrysensorsye performdeadreckoning
to estimatethe poseof the robotbasedon motion commandssentto the robot's base.
The control input consistsof the robot's currentgait vectorthat controlsthe lateral,
sagittal,andthe rotationalspeedof omnidirectionalwalking. The estimatedselocities
areintegratedover time to determinehe relatve movement.However, dueto slippage
onthegroundthedeadreckoningestimates highly unreliable We usethereforearather
high noisein the motionmodelof the particle Iter .

Figure5 shavs thetrue poseof therobotaswell asthe estimatest the six marked
poseaisingthedifferentcueslt shouldbenotedthatin thebeginning,therobotglobally
localizeditself on the eld. We determinedhe positionof the robot by clusteringthe
particlesand computingthe weightedmeanof the particlesof the maximumcluster
In the gure, we only illustrate the poseestimatebasedon all available cuesandthe
poseestimateresultingwhenignoring the lines. As canbeeseen,we obtaina much
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more robust and accuratesstimateby consideringthe linesin the obseration model.
For example,shortlybeforetherobotreachegposition6 it hasafalsepositive detection
of alandmarkin thelaboratoryervironment.Thisresultsin afalseposeestimatevhen
thelinesarenot usedfor localization.The averageerrorin the x=y-positionwas20cm

andtheaverageerrorin theorientationof therobotwas5 whenthelineswereusedfor

localization.The analogousralueswere66cm and11 in the casethatthelineswere
not used.We alsoperformedexperimentsn which we ignoredthe cornerpolesor the
compassWe obsenedthatthelinesarethe mostrelevantfeature.

Fig.5. Resultof a localizationexperimentwith our humanoidrobot. The black ( lled) circles
correspondo thetrue pose thered (gray) lled circlesto thelocalizationresultusingall cues,
andthegreen(un lled) circlesto the estimatebasedn all cuesexceptthelines.As canbeseen,
by consideringall availablecuesthelocalizationworksrobustly andaccurately

8 Conclusions

In this paper we presentedh robust approacho accuratelylocalizea humanoidrobot
onthesoccereld. Thisis achallengingtasksincedatafrom anomniision cameraor

a distancesensoris not available. The imageof the perspectie cameracoversonly a

constrainegartof the erwvironmentand,additionally the roll angleof the cameracan
only beroughly estimatedHowever, it hasa high in uence onthe measuregbositions
of objects.A further problemis that the robot lacks odometrysensorsaand that dead
reckoningprovidesextremelynoisyposeestimateskor reliablelocalization,we usethe

the eld lines,thecentercircle,thecornerpoles,thegoalsaswell ascompasslata.We

developeda nev methodto robustly extractlinesout of noisyimages The mainideais

thatwe applyrobustdetectordor orientedline pointsin theimageandaggregatethem
locally to orientedline segments.In the Houghdomain,we thencandirectthe search
towardslinesthat t theseorientationsWhile comparingan obseredline to a model
line during localization,we do not only considertheir Hough parameterdut alsoan

estimateof their positionsandlengths As we demonstratedsinga humanoidroboton

thesoccereld, our systemprovidesarobustandaccurategoseestimate.
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