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Abstract. An essentialcapabilityof a soccerplaying robot is to robustly and
accuratelyestimateits poseon the �eld. Trackingtheposeof a humanoidrobot
is, however, a complex problem.Themaindif�culties arethattherobothasonly
a constrained�eld of view, which is additionallyoften affectedby occlusions,
that the roll angleof the camerachangescontinouslyandcanonly be roughly
estimated,andthatdeadreckoningprovidesonly noisyestimates.In this paper,
we presenta techniquethat uses�eld lines, the centercircle, cornerpoles,and
goalsextractedout of the imagesof a low-cost wide-anglecameraas well as
motion commandsand a compassto localize a humanoidrobot on the soccer
�eld. Wepresentanew approachto robustlyextractlinesusingdetectorsfor ori-
entedline pintsandtheHoughtransform.Sincewe �rst estimatetheorientation,
the individual line pointsare localizedwell in the Houghdomain.In addition,
while matchingobserved lines andmodel lines, we do not only considertheir
Houghparameters.Our similarity measurealsotakesinto accountthepositions
and lengthsof the lines. In this way, we obtaina muchmorereliableestimate
how well two lines �t. We apply Monte-Carlolocalizationto estimatethe pose
of therobot.Theobservationmodelusedto evaluatetheindividualparticlescon-
sidersthedifferencesof expectedandmeasureddistancesandanglesof theother
landmarks.As wedemonstratein real-world experiments,ourtechniqueis ableto
robustly andaccuratelytrackthepositionof a humanoidroboton a soccer�eld.
We alsopresentexperimentsto evaluatetheutility of usingthedifferentcuesfor
poseestimation.

1 Intr oduction

The knowledgeaboutthe posesof the robotsduring a soccergameis oneof the pre-
requisitefeaturesfor successfulteamplay. Many approachesto localizationon the
RoboCup�eld or lessstructuredenvironmentshave alreadybeenpresented.Several
approachesexist that usedistanceinformationprovided by a proximity sensor, like a
laserscanner[1], or imagesof anomnidirectionalcamera[2–5] for localizingarobotin
theRoboCupenvironment.However, for sometypesof robotssuchsensorsdonotseem
to beappropriatesincethey donotagreewith theirdesignprinciple.Humanoidrobots,
for example,which areconstructedto resemblea human,aretypically only equipped
with directedcameras.

In this paper, we presentan approachto vision-basedlocalizationof a humanoid
robotthatusesasinglewide-anglecamera.Many problemsexist thatmakelocalization
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for humanoidrobotsacomplex problem.Therobotcanonly observeaconstrainedpart
of thesoccer�eld dueto thedirectedcameraanddueto occlusionscausedby moving
objects.Thecameraimagesaredistortedandoftenblurredbecauseof cameramotion.
Furthermore,the roll angleof the camerachangescontinouslyandcanusuallyonly
be roughly estimated.The cameraperspective, however, hasa signi�cant impact on
themeasureddistancesandanglesto landmarks.Finally, comparedto a wheeledrobot
equippedwith odometrysensors,we geta very noisyestimateby deadreckoning, i.e.
thepredictionof therobot's posebasedonexecutedmotioncommands.

We apply the well-known Monte-Carlolocalization(MCL) technique[6] to esti-
matetherobot's pose(x; y; � ), where(x; y) denotesthepositionon the �eld and� is
theorientationof therobot.MCL usesasetof randomsamples,alsocalledparticles,to
representthebelief of the robotaboutits pose.We extractenvironment-speci�cland-
marksoutof thecameraimages.Featuresweusefor localizationarethe�eld lines,the
centercircle, the cornerpoles,andthe goals.Additionally, we considercompassdata
aswell asthemotioncommandssentto therobot.

We presenta new techniqueto robustly extract lines out of images.In contrastto
previousapproachesthat �nd line transitionson scanlines in the image[2,7], simply
detectedgesbasedon certaincolor changes[3,8,4], or usingclassicalkernelsthatde-
tect edgegradientsin greyscaleimages[9], we extract line segmentsout of an image
by applyingfour differentdetectorsthat�nd orientedline points.Thedetectorsguaran-
teethatgreenis detectedon bothsidesof a line. Sincethedetectorsprovide a reliable
estimateof theorientationsof the individual line points,they arelocalizedwell in the
Houghdomainandwecandirectthesearchtowardslinesthatmatchtheseorientations.
Before applying the Hough transformto �nd lines in the two main orientations,we
locatethecentercircle.

For a discretesetof possibleposesof the robot,we computethe largestlines that
areexpectedto bevisible from thatpose.During localization,theselinesarethencom-
paredto thelargestcurrentlyobservedlines.To getamuchmorereliableestimatehow
well two lines�t, wedonotonly comparetheirHoughparameters.Wealsotakeinto ac-
countameasurethatestimatesthepositionsandlengthsof thelines.In theobservation
modelof theparticle�lter , we additionallyconsiderthedifferencesbetweenmeasured
andexpecteddistancesandanglesof theotherlandmarksaswell asthecompassdata.
As wedemonstratein practicalexperimentswith ahumanoidrobotin theRoboCupen-
vironment,our techniqueis ableto robustly andaccuratelytracktheposeof therobot.
In orderto assessthebene�t of usingthedifferenttypesof features,wepresentexperi-
mentsillustratingtheir in�uence on thelocalizationresult.

This paperis organizedasfollows. After discussingrelatedwork in the following
section,weintroduceourrobotandtheRoboCupenvironment.In Section4 wedescribe
theMonte-Carlolocalizationtechniquethat is appliedto estimatethe robot's pose.In
Section5 we explain how to extract lines out of the imagesprovided by our camera.
Afterwards,we presentthe observation modelusedfor MCL in Section6. Finally, in
Section7, we show experimentalresultsillustrating therobustnessof our approachto
estimatetherobot's pose.
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2 RelatedWork

Many systemsthatperformvision-basedlocalizationin theRoboCupdomainhave al-
readybeenpresented.Noneof themcandirectly beappliedfor localizationusingour
humanoidrobotaswewill pointout in thefollowing.

Several localizationsystemsmake useof the�eld lines.De Jonget al. [8] identify
edgesanddivide theimagein subimagesafterwards.They applytheHoughtransform
in eachsubimageassumingthat theline segments(eventheonescorrespondingto the
centercircle) aremostlystraight.They proposeto estimatethepositionof therobotby
consideringthedistancefrom theobserved line segmentsto theclosestexpectedlines
for posesin alocalareaaroundits lastpose.However, noposetrackingexperimentsare
presented.Furthermore,it remainsunclearhow to chooseanappropriatediscretization
of the image.Iocchi andNardi [10] apply an extendedKalman�lter for localization
with aperspectivecamera.They matchobservedandmodellinesin theHoughdomain.
Oneassumptionfor this methodto work is thatodometrydatayieldsa goodestimate
of the robot's pose.This cannotbe guaranteedin our case.Furthermore,we have to
dealwith the problemof changingcameraperspectivesduringwalking. Marquesand
Lima [4] applya similar approachof line matchingin theHoughdomain.They search
color transitionson circlesin omnidirectionalimages.Röfer et al. [7] distinguishbe-
tweenfour differenttypesof lines.In eachimage,they searchfor line transitionscorre-
spondingto thesetypesandrandomlydraw threetransitionsfor each.DuringMCL, the
measuredanglesto the drawn pointsarethencomparedto the expectedanglesof the
closestpointsof eachtype.Furthermore,they take into accountother landmarkslike
goalsandpoles.Dueto theunpredictableroll angleof thecamera,it is in our casenot
enoughto consideronly a few pointson the lines for localization.We have to useas
muchinformationaboutthelinesaswecanextract.

Laueret al. [2] useline transitionsextractedout of omnidirectionalimagesandap-
ply gradientdecentto minimize an error term in order to locally �nd the bestmatch
betweenthe lines in the currentimageandthe �eld lines. It is not clearyet how this
methodperformsunderreal conditions,especiallyin caseof sensornoise.Schulen-
burg et al. [3] applya Kalman�lter andcombineomnivision with laserdatafor local-
ization.They searchfor color transitionsin theomnidirectionalimageand�nd linesin
theCartesianspace.Their approachassociateseachpoint to a uniqueline. In orderto
avoid thedataassociationproblemandin orderto beableto dealwith noisydata,we
searchfor lines in theHoughdomain.Theapproachpresentedby von Hundelshausen
andRojas[5] usesa techniqueto track thegreenregionsandsearchfor transitionson
theboundariesof thesetrackedregions.Trackingregionsis mucheasierin omnidirec-
tional imagessince,dueto occlusionsduringadynamicsoccergame,usuallythesmall
�eld of view changesrapidlywhenusingadirectedcameraonly.

Enderleet al. [11] rely only on particularlandmarksduringMCL anddo not take
into accountthe �eld lines.This approachmayhave problemsin caseof frequentoc-
clusionsasthey typically occurduringa soccergame.Note thatHoffmannet al. [12]
proposeto utilize negative informationduring localization.In casethe robot did not
detecta certainlandmark,this informationcouldbeusedto excludesomestates.The
ideahasso far only beentestedin simplesetupsandnot duringa soccergamewhere
occlusionsarelikely to causeproblems.



4

3 The Designof Our Robot and Envir onmentalSetup

Theleft imageof Figure1 depictsoneof our robots,whichweusedto carryout theex-
perimentspresentedin thispaper. Theheightof therobotis 60cmandit has19degrees
of freedom,which aredriven by servo motors.We usea Pocket PC,which is located
in the chest,to control the robot.The Pocket PC is equippedwith a 520MHz proces-
sorand128MB RAM. Therobotusesa compact�ash color camerawith a wide-angle
lensto getinformationabouttheenvironment.Thelensis locatedapproximatelyat the
positionof the larynx. The large �eld of view (150� horizontallyand112� vertically)
allowstherobotto seeat thesametimetheball at its feetandobjectsabovethehorizon
(seeright imageof Figure1). Thecameradeliversimagesat a rateof up to 5fpswith
a resolutionof 320� 240pixels.Additionally, the robot is equippedwith a compass,
which is locatedin its head,to facilitatelocalization.

Fig.1. Theleft imageshowsoneof ourhumanoidrobots.Therobotis controlledby aPocketPC
and usesthe imagesof a low-cost wide-anglecamerafor perceiving the relevant information
abouttheenvironment.An imagecapturedfrom therobot'sperspectivewhile it waswalkingcan
beseenon theright.

TheKidSizesoccer�eld in theHumanoidLeaguehasasizeof 4.5m� 3m.Objects
thatcanbeusedfor localizationarethe two goals(coloredblueandyellow), the �eld
lines,thecentercircle,andfour cornerpoles.

4 Monte Carlo Localization

To estimatetheposex t of the robotat time t, we apply thewell-known Monte-Carlo
localization(MCL) technique[6], which is a variantof Markov localization.MCL re-
cursively estimatestheposteriorabouttherobot's pose:

p(x t j z1:t ; u0:t � 1)

= � � p(zt j x t ) �
Z

x t � 1

p(x t j x t � 1; ut � 1) � p(x t � 1 j z1:t � 1; u0:t � 2) dxt � 1 (1)

Here,� is a normalizationconstantresultingfrom Bayes' rule, u0:t � 1 denotesthese-
quenceof all motioncommandsexecutedby therobotup to time t � 1, andz1:t is the
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sequenceof all observations.Thetermp(x t j x t � 1; ut � 1) is calledmotionmodeland
denotesthe probability that the robotendsup in statex t given it executesthe motion
commandut � 1 in statex t � 1. Theobservationmodelp(zt j x t ) denotesthelikelihood
of makingtheobservationzt giventherobot's currentposeis x t .

MCL usesasetof randomsamplesto representthebeliefof therobotaboutits state
at timet. Eachsampleconsistsof thestatevectorx ( i )

t andaweightingfactor! ( i )
t thatis

proportionalto thelikelihoodthattherobotis in thecorrespondingstate.Theupdateof
thebelief is carriedoutaccordingto thesamplingimportanceresamplingparticle�lter .
First, theparticlestatesarepredictedaccordingto themotionmodel.For eachparticle,
a new poseis drawn given the executedmotion commandsincethe previous update.
In the secondstep,new individual importanceweightsare assignedto the particles.
Particlei is weightedaccordingto thelikelihoodp(zt j x ( i )

t ). Finally, anew particleset
is createdby samplingfrom theold setaccordingto theparticleweights.Eachparticle
surviveswith aprobabilityproportionalto its importanceweight.Thisstepis alsocalled
resampling.

In orderto allow for global localization,e.g.in caseof the“kidnappedrobotprob-
lem”, a small amountof the particlesis replacedby particleswith randomlydrawn
poses.

5 Finding Lines Using Detectorsfor Oriented Line Segmentsand
the Hough Transform

In this section,we introduceour approachto robustly locate lines in the imagesof
thewide-anglecamera.Figure2 illustratesthewholeprocessof �nding individual line
points,extracting line segments,determiningtheir position in egocentriccoordinates
andtheir transformationinto theHoughspace.Thedetailsaredescribedbelow.

5.1 Extracting Oriented Line Segments

To reducethe in�uence of differentlighting conditions,we color-classifypixels in the
YUV colorspaceusingthepie-slicemethod[13]. In amultistageprocess,insigni�cant
coloredpixelsarediscardedsothatonly thecolorsof therelevant featuresremain.To
�nd lines,weareonly interestedin thepixelsthatareclassi�edaswhiteor green.

Line pointscanbedetectedby processingthecolor-classi�edimageasfollows.We
applyelongatedGaussiankernelsto determinethe likelihoodof pixelsbeingpartof a
line. In short,we searchfor elongatedwhite regionsthathave greenneighborson two
oppositesides.By taking into accountthe relative differenceof the sumof the like-
lihoodsof greenandwhite pixels within a neighborhood,we estimatethe likelihood
thata pixel correspondsto a line point.We useGaussiankernelsof two differentsizes
to searchfor closerline points,which containmorewhite pixelsandwhich arein the
lower partof theimage,andfor line pointsthatarefareraway. In orderto estimatethe
orientationof a line point,we considerfour differentorientationsandapplyindividual
kernels(seeFigure3) to computetheindividual likelihoods.For eachline point with a
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(a) (b)

(c) (d)

Fig.2. Illustration of the extraction of lines: The robot's current�eld of view can be seenin
image(a). The four small images(b) show responsesof four orientedline detectors.Image(c)
depictsthe extractedline segmentsprojectedinto the egocentricspace.The centercircle is de-
tectedandremoved.Image(d) showstherepresentationof theline segmentsin theHoughspace,
wherethemajororientation� max is estimatedandthemainlinesaredetected.

likelihoodabove a threshold,we storetheorientationthatyieldedthemaximumlikeli-
hoodaswell asthebestneighbororientation.Figure2 (b) illustratesthe responsesof
theline detectorsfor theexampleimageshown in Figure2 (a).

After identifying the line points in the image,we project them onto the soccer
�eld (seeFigure2 (c)). To getthemetricegocentriccoordinateon thesoccer�eld cor-
respondingto animagecoordinate,we �rst eliminatetheradialdistortionin theimage
andapplyanaf�ne transformationafterwards.Theparametersof theprojective trans-
formationcanbecalculatedfrom four pairsof pointsonthe�eld andthecorresponding
pointsin thecameraimage.Here,we assumea �x edviewing angleof thecameraonto
the �eld. Note thatafter theundistortionprocessandtheprojection,the line segments
have a ratherhighdistanceto eachother.

In additionto thecoordinatesof theline points,thecorrespondingtwo orientations
arealsotransformedfrom the imagespaceinto the metric egocentricspace.We esti-
matethe actualorientationof a line point by computingthe weightedmeanof these
transformedorientationsusingtheir likelihoods.Thus,we have a setof weightedline
pointsthataredescribedby their positionsandtheir orientationsrelative to therobot.

To improve robustness,we do not transformindividual line pointsinto theHough
space(seenext section).Instead,wemergeline pointsthatareclosein theimagespace
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Fig.3. Thefour kernelsusedfor thedetectionof orientedline segmentsin two differentsizes.

andhave similar orientationsto onelongerline segment.This way, we candealwith
falsedetectionscausedby noisyobservations.

5.2 The Hough Transform for Line Extraction

TheHoughtransformis a robustmethodto �nd lines�tting a setof 2D points[14]. It
reliesonatransformationfrom theCartesianplanein theHoughdomain.Thefollowing
curve in theHoughdomainis associatedwith apoint (x; y) in theCartesianplane:

� = x � cos(� ) + y � sin(� ) (2)

Here,� is theperpendiculardistancefrom theorigin and� is theanglewith thenormal.
This curve describesall thelinesthatgo through(x; y), sinceeachpoint in theHough
spacecorrespondsto a line in the2D Cartesianspace.

By discretizingtheHoughspaceinto cells h(� i ; � j ), onecansearchfor localmax-
ima. Theselocal maximain theHoughdomaincorrespondto thebest�tting lines for
theinputpoints.TheHoughtransformhastheadvantagethatit is quiterobustto sensor
noise,sinceoutliersdo not affect the local maxima.Furthermore,sincedistancesof
pointson thelinesarenot considered,it candealwith occlusions.

Beforewe applytheHoughtransformto �nd thebest�tting linesfor theextracted
orientedsegments,we locatethe centercircle. Whenever large partsof the circle are
visible in the image,this canimpair the line detection.Partsof thecircle canbemis-
classi�ed asshortlinesandthecircle canpotentiallyaffect theestimationof themain
orientations.To avoid theseproblems,we �rst identify thecentercircle following the
approachpresentedby deJonget al. [8]. We considertheindividual line segmentsand
vote for thepositionsat a distanceof the radiusof thecentercircle, orthogonalto the
orientationof thesegment.By determiningthelargestclusterof pointsandidentifying
thesegmentsthatvotedfor it, we �nd thesegmentscorrespondingto thecentercircle.
To avoid falsepositive detections,we only interpreta clusterasthecentercircle if the
line segmentsthat voted for it have a large rangeof orientations.The corresponding
segmentsareeliminated,i.e. they arenot transformedinto theHoughspace.Addition-
ally, the knowledgeaboutthe positionof the centercircle is usedin the observation
modelof theparticle�lter (seenext section).

In thestandardHoughtransform,eachline segment(x; y) votesfor all binsh(� ; � )
which ful�ll Eq. (2). Sincewe have alreadyestimatedthe orientationof the line seg-
ments,weonly haveto votefor asmallsubsetof bins,whichreducesthecomputational
costs.In particular, weaccumulateits likelihoodin thebinsh(� � �; � ) thatcorrespond
to theestimatedorientation� of a segment.Here,� indicatesthatwe considera local
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neighborhoodof � whosebinsarealsoincremented.In this way, we direct thesearch
towardslines that �t thepreestimatedorientations.In our currentimplementation,we
useadiscretizationof 2:5� and6cmfor theHoughspace.

In general,to locatelinesin theHoughspaceonehasto searchtheentirespacefor
local maxima.In the RoboCupdomain,we only have two possibleorthogonalorien-
tationsfor the �eld lines.This allows us to usea robust methodfor �nding lines that
additionallyreducesthecomputationalcosts:We candeterminethetwo mainorienta-
tionsby addingthebinscorrespondingto � and� + �

2 , with � 2 [0; �
2 [ and�nding the

maximum:

� max = argmax
� = � i mo d �

2

X

� j

h(� i ; � j ) (3)

Finally, we searchfor maximain thebinsof � max and� max + �
2 , respectively. In this

manner, weextractfrom theHoughspacefour �eld lines,two for eachmainorientation,
thatareusedin theobservationmodelof theparticle�lter (seenext section).Figure2 (d)
illustratestherepresentationof thesegmentsin theHoughspace(thedarkerthebinsthe
higherthevalues)aswell asthemainorientation� max .

6 Observation Model

In thissection,wedescribehow to integratetheobservationsmadeby therobotin order
to updatetheweightsof theparticles.

6.1 Corner Polesand Goals

The cornerpolesandgoalscanbe detectedby processingthe color classi�ed image.
Usingconstraintsaboutthenumberof pixelsof certaincolorsin neighborhoods,these
landmarkscanbe found quite robustly. The egocentriccoordinatesof the landmark's
lowerbordersareobtainedusingtheprojectivetransformation.For eachsuchlandmark,
we estimatethe distanceand angleto the individual particle poses.To computethe
likelihood of a landmarkobservation, we evaluatethe differencesbetweenexpected
andmeasureddistancesandanglesof landmarks

pl andmar k = exp
�

�
kde � dok

2 � � 2
1

�
� exp

�
�

k� e � � ok
2 � � 2

2

�
; (4)

where� 1 and� 2 arethe variancesof the Gaussians,de anddo arethe expectedand
measured(observed) distanceto the landmark,and � e and � o are the expectedand
measuredangleof thelandmark.

6.2 Center Cir cleand Lines

If thecentercircle canbedetected,thepositionof its centeris estimatedasexplained
in Section5.2.To computethelikelihoodof this observation,we alsoevaluatethedif-
ferencebetweentheexpectedandtheobservedposition

pcir cl e = exp
�

�
kce � cok

2 � � 2
3

�
: (5)
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Here,ce denotestheexpectedandco themeasuredpositionof thecentercircle,and� 3

is thevarianceof theGaussianevaluatingthedistance.
Line matchingis abit morecomplicated.First, it shouldbenotedthattransforming

linesegmentsinto theHoughspacehasaseriousshortcome.Houghparametersdescribe
straight lines without startingand endpoints.Thus, signi�cant information gets lost
whenline segmentsaretransformedinto theHoughspace.To overcomethisdrawback,
we additionallycomputethevalueus thatcorrespondsto themeanpositionof theline
segmentss on thestraightline l aswell asits standarddeviation � (u).

In particular, wecomputefor eachsingleline segments belongingto l avalue

us = x � sin(� ) � y � cos(� ); (6)

where(x; y) is thethepositionof s in theCartesianspaceand� is theangularHough
parameterof l . The valueus indicates,in the egocentricspace,the displacementof s
alongl from the perpendicularof l that goesthroughthe origin. Then,we determine
for l themean�u andthestandardderivation � (u) of theus valuesof its segments.A
low valueof � (u) correspondsto a shortline. On theotherhand,a long line resultsin
a high valueof � (u). Furthermore,�u is anindicationfor thepositionof theline. These
correlationsin theCartesianspacearelost whenapplyingtheplain Houghtransform.
In orderto morereliableestimatehow well two lines�t, we do not only comparetheir
Houghparametersbut alsotheir �u and� (u) values.This is especiallyimportantin case
theactualroleangleof thecamerais differentfrom thepredictedangle.

In the observation model,we do not take into accountall observed lines. Instead,
we only considerthe largestones.For a discretesetof possibleposeson the soccer
�eld, we precomputethesix largest�eld lines(accordingto thenumberof line points)
that areexpectedto be visible from that poseaswell astheir parameters� ; �; �u, and
� (u). Fromthe linesextractedout of thecurrentimage,we determinefor eachof the
two mainorientationstwo linesby �nding localmaximain theHoughspace.Weassign
eachof theseobserved lines to one of the four largest lines that are expectedto be
visible from theparticlepose.Here,we follow anearestneighborapproachandusethe
Houghparametersfor comparison.

To computethelikelihoodof line observations,weevaluatethedifferencesbetween
expectedandmeasuredHoughcoordinatesh = (� ; � ) of matchedlines,aswell asthe
differencesbetweentheexpectedandmeasured�u and� (u). Notethatweonly consider
thelinescorrespondingto thenearestneighbormatchingsm

pl ines =
Y

m

exp
�

�
khm

e � hm
o k

2 � � 2
4

�
k�um

e � �um
o k

2 � � 2
5

�
k� (u)m

e � � (u)m
o k

2 � � 2
6

�
: (7)

Hereagain, the� 'sarethevariancesof theGaussians,e ando denotetheexpectedand
measuredvalues.Figure4 shows thelikelihoodof positionsgiventheline observation
from theindicatedpose.

6.3 Compass

To eliminateambiguities,which canbecausedby thesymmetric�eld lines,the robot
canadditionallyuseits compass.Compassdatais evaluatedwith ananalogousfunction
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(a) (b) (c) (d)

Fig.4. Likelihood of positionsgiven the observed line using (a) the Hough parametersonly,
(b) the �u value,(c) the� (u) valueand(d) all four parameters(thedarker themorelikely).

thatis basedon thedifferencebetweenmeasuredandexpectedvaluesto yield thelike-
lihoodpcom . Sincethecompassdatais not thatprecise,weuseaGaussianwith arather
highvarianceto evaluatethedifference.

6.4 Integration of All Observations

Finally, we cande�ne for a particlewith the posex ( i )
t the likelihoodof making the

observationzt = f landmarks; circle; lines; compassg astheproductof theindividual
likelihoods

p(zt j x ( i )
t ) =

Y

l andmar ks

pl andmar k � pcir cl e � pl ines � pcom : (8)

Note thatwe usea con�dencevaluecj for all individual observationsoj . cj indicates
how surewe arethat oj wascorrectlyobserved.We ensurethat no observation hasa
likelihoodpj smallerthan(1 � cj ):

pj = (1 � cj ) + cj � pj : (9)

7 Experimental Results

In order to evaluateour approachto estimatethe poseof a humanoidrobot on the
RoboCupsoccer�eld, we carriedout anexperimentin which therobotwascontrolled
via joystick to six differentposesthatweremarkedwith tapeonthe�eld. Wetakethese
marked positionsas “ground truth”. Therefore,part of the errors in the localization
resultsis dueto theproblemof joystickingtherobotexactlyontothemarkedpositions.

Sincetherobotdoesnotpossessany odometrysensors,weperformdeadreckoning
to estimatetheposeof the robotbasedon motioncommandssentto the robot's base.
The control input consistsof the robot's currentgait vector that controlsthe lateral,
sagittal,andtherotationalspeedof omnidirectionalwalking. Theestimatedvelocities
areintegratedover time to determinetherelative movement.However, dueto slippage
onthegroundthedeadreckoningestimateis highlyunreliable.Weusethereforearather
highnoisein themotionmodelof theparticle�lter .

Figure5 shows thetrueposeof therobotaswell astheestimatesat thesix marked
posesusingthedifferentcues.It shouldbenotedthatin thebeginning,therobotglobally
localizeditself on the �eld. We determinedthepositionof the robotby clusteringthe
particlesandcomputingthe weightedmeanof the particlesof the maximumcluster.
In the �gure, we only illustratethe poseestimatebasedon all availablecuesandthe
poseestimateresultingwhen ignoring the lines. As canbeeseen,we obtaina much
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morerobust andaccurateestimateby consideringthe lines in the observation model.
For example,shortlybeforetherobotreachesposition6 it hasa falsepositivedetection
of a landmarkin thelaboratoryenvironment.This resultsin a falseposeestimatewhen
thelinesarenot usedfor localization.Theaverageerrorin thex=y-positionwas20cm
andtheaverageerrorin theorientationof therobotwas5� whenthelineswereusedfor
localization.Theanalogousvalueswere66cm and11� in thecasethat the lineswere
not used.We alsoperformedexperimentsin which we ignoredthecornerpolesor the
compass.Weobservedthatthelinesarethemostrelevantfeature.

Fig.5. Resultof a localizationexperimentwith our humanoidrobot. The black (�lled) circles
correspondto the truepose,the red (gray) �lled circlesto the localizationresultusingall cues,
andthegreen(un�lled) circlesto theestimatebasedonall cuesexceptthelines.As canbeseen,
by consideringall availablecuesthelocalizationworksrobustlyandaccurately.

8 Conclusions

In this paper, we presenteda robustapproachto accuratelylocalizea humanoidrobot
on thesoccer�eld. This is a challengingtasksincedatafrom anomnivision cameraor
a distancesensoris not available.The imageof the perspective cameracoversonly a
constrainedpartof theenvironmentand,additionally, theroll angleof thecameracan
only beroughlyestimated.However, it hasa high in�uence on themeasuredpositions
of objects.A further problemis that the robot lacksodometrysensorsandthat dead
reckoningprovidesextremelynoisyposeestimates.For reliablelocalization,weusethe
the�eld lines,thecentercircle, thecornerpoles,thegoalsaswell ascompassdata.We
developedanew methodto robustlyextractlinesoutof noisyimages.Themainideais
thatwe applyrobustdetectorsfor orientedline pointsin theimageandaggregatethem
locally to orientedline segments.In theHoughdomain,we thencandirect thesearch
towardslines that �t theseorientations.While comparinganobserved line to a model
line during localization,we do not only considertheir Houghparametersbut alsoan
estimateof theirpositionsandlengths.As wedemonstratedusingahumanoidroboton
thesoccer�eld, oursystemprovidesa robustandaccurateposeestimate.
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