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Abstract. Thesucces®f CSFreiturg at RoboCup2000canbe attributedto an
effective cooperatiorbetweerplayershasedon sophisticatedoccerskills anda
robustandaccurateself-localizatiormethod.In this paperwe presenbur multi-
agentcoordinationapproacHor both, actionandperceptionandour rich setof
basicskills whichallow to respondo alargerangeof situationsgn anappropriate
way. Furthermoreour actionselectiormethodbasedn anextensionto behaior
networksis describedResultsincluding statisticsfrom CS Freiturg final games
atRoboCup2000arepresented.

1 Introduction

After winning RoboCupin 1998 and comingin third in 1999, CS Freilurg won the
competitionin the F2000leagueat RoboCup2000again.One of the reasondor this
successs mostprobablythe accurateandreliable self-localizationmethodbasedon
laserrangefinders[10]. However, while this wasbasicallyenoughto win the competi-
tion in 1998,it wasnecessaryo work on a numberof differentproblemareasn order
to staycompetitive.

Our main researchaim this yearwasto develop and testnew techniquesn the
areaf actionselectionandmulti-robotcoopeation. In orderto do sowe alsohadto
redesigrtheactionrepertoile andto rethinkwhatkind of problemscouldbe solvedby
a groupof robotsin which way. In additionto theseissueswe further enhancedur
perceptiontechnology. However, mostof the work in this areawas alreadydonelast
year[13] andwill bedescribednly briefly.
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Figure 1 depictsthe software architectureof our players.The perceptiontechnol-
ogy asdescribedn Section3 is the basisof our team.In the areaof coopeative sen-
sor interpretation we were able to come up with interestingand significantresults.
As describedn Section3.3, the group estimationof the ball positionis doneusinga
combinatiorof Markov localizationandKalmanfiltering. For RoboCup2000we com-
pletelyredesigneaur strategy componentWe employ a variationof thedynamicrole
assignmenasusedin the ARTteam[5] anda variationof the SFAR [14] techniquefor
determiningoptimal positionson thefield for eachplayer Oneof the objectivesin the
developmenthis yearwasto enhancehebasicskills of thesocceragentsin particular
we addedadribbling skill anda ball-shootingskill. For bothof thesenew skills, it was
necessaryo modify the hardwareandto accountfor thesemodificationsby incorpo-
rating new software.In orderto choosetheright actionin eachsituation,someaction
selectiormedanismis necessaryVe designe@new actionselectiormechanisnbased
on Dorer's[6] extendedbehaior networks,which areusedin Dorer's simulationteam
[7], therunnerupin the 1999competition.

All in all, it turnedout that the combinationof techniquesve employed allowed
usto stay competitve, to demonstratehat our robotscan play an attractve (robotic)
soccemgame andto win thecompetitiona secondime after1998.

2 Hardware

The basichardware setupof CS Freilburg hasremainedmainly unchangedincethe
teamfirst participatedat RoboCupin 1998[9]. Figure2(a) shavs a picture of one of
our Pioneerl robotsenhancedy a custom-madeicking device, the Cognachrome
vision systemfor ball recognition,a SICK laserrangefinder for self-localizationand
objectrecognition,a ToshibaLibretto Notebookfor local informationprocessingnd
the WaveLanradioethernefor communication.

(b)
Fig. 2. A CSFreiturg player(a) anda sketchof the new kicking device (b).

In 1999we alreadyput effort in improving our perceptiortechnology{13]. Were-
placedtheold PLS200aserrangefinderswith thenew LMS200modelswhich provide
depthinformationfor a field of view with an angularresolutionof andan
accuray of 1 cm. With a serialconnectionof 500 KBaud we now getup to 25 scans



per second We also modified and extendedthe Cognachromeoftwareto reducethe
amountof vision databy discardingall informationsnot neededor our ball recogni-
tion module.Doing sowe wereableto raisetheframerateto 60 framespersecondThe
overall performancef our perceptiormodulewasfurtherimproved by exploiting the
featureof RTLinux to assignmillisecondaccuratdime stamp<o all sensoreadings.

The major hardwareimprovementof this yearis a new powerful kicker andball
steeringmechanismFigure2(b) shawvs a sketchof the completelyretuild device. The
kicker is basedon a wind-screerwiper motorwhich compressefour springsattached
to the ball steeringplate when turning. The springscan be unlocked by a solenoid
with the resultof a very strongkick. The ball steeringflippers can be turnedto an
uprightpositionandbackby two separatelyvorking DC motors.The movableflippers
helpedo avoid situationsavhererobotswould getstuckor accidentallyhit the ball while
turning towardsit. In the future we intendto exploit the new featurefor an elaborate
ball interceptiorbehaior.

3 Perception

Backin 1998,the CS Freilurg teamhasbeendesignedinderthe hypotheseshatit is

of greatadvantagef every robotwould know its exactpositionandorientationon the

soccerfield. The generalperceptionapproactcanroughly be divided into laserbased
perceptionyision-basegerceptiorandmulti agentsensoiintegration.

3.1 Laser-Based Perception

As our researctgroup alreadygot a lot of experiencewith differentself-localization
methodausinglaserrangefinderdata[8] it hasbeenanobviousstepto adapta variant
of themfor our soccerobots. Themethoddevelopedfor the CSFreiturg teamextracts
line sggmentdrom alaserscanandmatcheshemto ana priori line modelof thesoccer
field. Only linesof acertainminimumextendaretakeninto accounfor discardingother
playersthat are presentin the field of the rangefinder The scan-matchegositionis

fusedin a Kalmanfilter with the estimatefrom odometry

Severalexperimentdhave beenperformedisingthislocalizationmethodandacom-
parisonwith otherscan-matchingnethodsshows thatthe line-basedmethodis faster
andmorerobustthanpoint-basedscan-matchingnethodswhile still retainingthe pre-
cisionof theothermethodq10].

After matchinga scanto thea priori modelof thesocceffield, playersareextracted
from the scanby remaoving all points belongingto the field walls and clusteringthe
remainingones.For eachclusterthe centerof gravity is computedandconsideredas
the centerof a player. Inherentto this approachis the systematicakerror due to the
differentshape®f therobots[17]. At leastfor someplayersthis errorcanbereduced,
e.g.in our systemwe assumehatthe opponengoalkeeperis usuallyorientedparallel
to the goalline, thusaddinga constantoffset to the centerof gravity canreducethe
positionerrorfor the opponengoali€.

1 Of coursethis offset dependsn the shapeof the opponent goalieand hasto be adjusted
beforethegame.



3.2 Vision-Based Perception

For recognizingandtrackingthe ball we make useof the Cognachromeision system
whichdeliverspixel-areanformation(socalledblobg of previouslytrainedcolors.We
extendedthe suppliedsoftwareto overcomeproblemswith noisyreadingsto enhance
colortraining,andto customizehe computeddlob informationto our needs.

A filter doesplausibility teststo discardblobswhoseshapesizeor positionmake it
very unlikely to correspondo theball. Fromtheremainingblobsthe oneclosesto the
previously selectedlobis choserand- by fitting acircleto it —variouspropertiesuch
ascenterradius,or sizein pixelsaredeterminedFitting a circle to the blob seemedo
improve the overall position estimationof the ball aslocalizationwas still accurate
whentheball waspartially occludedoy otherrobots.

Fromthe computedblob centerthe global ball positionis determinedy usingan
off-line learnedmappingtablethatcontainsdistanceandheadingvaluesfor eachpixel.
Thislookuptableis autonomouslyearnedby therobotbeforethe gameby positioning
itself at variouspositionon thefield andtaking measurementsf the ball which stays
atafixedposition.Interpolationis thenusedto computethe distanceandheadingpairs
for pixelswhereno explicit informationis available[15].

Despiteof theappliedfilters we still obsenedinfrequentwrongball measurements
dueto reflectionson shiry surfacesor badlytrainedcolors,e.g.we hadproblemswith
thewhite field markingsbecausavhentrainingthe ball color, shiry reflectionsonthe
ball appearedo have a similar color. In orderto detectsuchwrongball measurements
a global sensorintegration module compareghe obsenationsof all players.This is
describedn thenext section.

3.3 Multi Robot Sensor Integration

The perceptionf all playersare sentto the multi robot sensorintegration module
for building and maintaininga global view of the world. Becausethe global model
integratesmoredatathana singleplayeris ableto perceve, it shouldbe moreaccurate
andcomprehensie thanary local world modelof a single player After meiging the
player's perceptionsnto the global world modelit is sentbackto all players.Using
thesensolinformationsof thewholeteamenables playerto take into accounthidden
objectswhen selectingan action. This proved to be especiallyadvantageoudor the
global ball position, sincethe ball is seenalmostall the time by at leastone player
Furthermoreknowing whetheran obsened objectis an opponenbr ateammatas, of
courseyery helpfulfor aneffective cooperatre teamplay.

In the first versionof our multi robot sensorintegration modulewe were usinga
simpleaveragingmethodfor computingglobal positionsof all objectson thefield [9].
However, we encounteregroblemswith very inaccurateor even completelywrong
measurements.g. wrong ball obsenationsas mentionedabove, which corrupteda
coherenfglobal position. Thereforea more sophisticateanethod,namelyKalmanfil-
tering, for fusing obsenationsandrejectingoutliersis now employed. Whentracking
the ball, however, rejectingoutliersby usinga validationgate[3] hasa big disadwan-
tage:Oncethe systemis trackingthe ball basedon a wrong ball obsenration, thefilter
needsseveralcyclesuntil it acceptotherobsenationsagain.

Therefore we followed the proposalof Gutmannet al.[8] and combinedMarkov
localization[4] which employs a multi-modal probability distribution for fusing ball
obsenationswith a uni-modalKalmanfilter for preciseball localization.This way, the
Kalmanfilter alwaystracksthe ball usingobsenrationsvalidatedoy oneor morerobots
andonly few cyclesareneededn casethe systemwastrackinga ball basedon wrong
obsenations.
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Fig. 3. Probabilitygrids after (a) correctmeasurementgb) one additionalwrong measurement
and(c) anothercorrectone.

Figure 3 illustratesour Markov localizationvarianton the basisof real measure-
ments At first the ball estimates veryreliable.An erroneousneasurememakesthis
estimatdesslik ely, but still moreprobablethanthenew estimateAnothercorrectmea-
suremenstrengthengheassumptionghatthe previousonewaswrong.

4 Strategy

Coordinationamongour playersand their positioningon the field followed a rather
inflexible schemeat the lasttournamentsin orderto achieve a moreflexible andmore
effective coordinatedeamplay we redesigneaur strategly componentompletelythis
year As describedn thefollowing sectionsve introduceddynamicrolesfor theplayers
anddynamictargetpositionsfor eachrole.

4.1 RoleAssignment

The CS Freiturg playersorganizethemselesin roles, namely active supportand
strategic. While the active playeralwaystries to getandplay the ball, the supporting
playerattemptgo assisby positioningitself appropriatelyThe stratgjic playeralways
occupiesa gooddefensie position.

Eachplayerconstantlycalculatests utility to pursuea certainrole andcommuni-
catesthe resultto its teammatesBasedon its own andthe receved utilities a player
decideswhich role it wantsto take. This approachis similar to the onetaken by the
ART team[5],%2 however, the CS Freilurg playersadditionally communicateto their
teammatesvhich role they are currently pursuingandwhich role they desireto take.
A role canonly betakenfrom anotherplayerif the own utility for thisrole is the best
of all playersandthe robot currently pursuingthe role alsowantsto changeits role.
Following this strategyy malkesit lesslikely thattwo or more playersare pursuingthe
samerole atthe sametime thanassigningolesbasedon utility valuesonly.

Figure 4 shavs a screenshobf the global view during a game.While the active
player dribblesthe ball aroundan opponentthe supportingplayer movesto its tar
get positionandthe stratgic playerobsenesthe ball. Rolesfor the field playersare
assignedn theorderactive strategic, support Sincethegoalkeepehasa specialhard-
waresetup,it' sroleis fixed by assigningappropriateutility valuesto all roles.

2 Note, however, thatour approactwasdevelopedindependently



Fig. 4. Visualizationof theresultsof the globalsensointegrationtogethemwith aplayersutilities
for takinga certainrole, its currentrole andits currentaction. The smallwhite circle denoteghe
positionof the ball asdetermineddy the global sensoiintegration,whereaghe smallgrey ones
correspondo theball asperceved by theindividual players.

4.2 Positioning

The target positionsof the playersaredeterminedsimilar to the SFAR methodof the
CMU teamin the small sizeleague[14]. From the currentsituationobsened by the
robotsa potentialfield is constructedvhich includesrepulsie forcesarisingfrom op-
ponentplayersandattractingonesfrom desirablepositions,e.g.positionsfrom where
theball is visible. Positionsarethenselectechasedon therobot's currentrole, e.g.the
positionof theactive playeris setcloseto theball, thesupportingplayeris placedto the
sideandbehindtheactive one,andthestrategjic playertakesa defensie positionwhich
is abouthalf way betweerthe own goalandtheball but behindall opponenplayers.

() (b)

Fig.5. Traceof the positionsof the ball (black) andthe CS Freiturgs' playersduring (a) the
quarterfinal and(b) thefinal.

Figure5 shavs atraceof the positionsof our playersandtheball duringthequarter
final againstCMU andthefinal againstGolem While in the quarterfinal ourteamspent
mostof thetime in the opponentsalf our playerswereforcedinto our own half most
of thetime duringthefinal game.Thehigh correlationbetweerthe positionof theball
andour playershowever demonstratethe effective positioningof our team.



5 Tactics: Basic Skillsand Action Selection

In orderto play an effective and successfugameof robotic soccera powerful setof

basicskills is neededThis sectiondescribeshe basicskills implementedor thegoal-
keeperandthefield playersin CS Freiturg, aswell asthe methodof actionselection
developedfor thefield players.

5.1 Goalkeeper

As in mostotherrobotsoccerteamsin the middle sizeleaguethe hardwareconfigura-
tion of our goalkeepediffersfrom the oneof thefield playerswhichis mainly because
of the differenttasksthe goalkeeperandfield playersare designedor. Our goaliehas
a specialhardwaresetupwherethe headof the robot, containingthe sonararray laser
rangefinderandvision camerajs mounted  to onesideallowing therobotto move
quickly parallelto thegoalline (seeFigure6). Thiskind of setupis quite popularin the
middlesizeleagueandusedby otherteamstoo, e.g.the Agilo team[2].

Fig. 6. Goalleepers tacticsfor saving CSFreikurg's goal: (a) ball searching(b) minimizing area
of attack,(c) turningto corner (d) interceptingball, (e) intelligentinterceptionusingopponent
headingand(f) intelligentinterceptiorusingopponento ball heading.

Ourgoalkeepemusessix skills sketchedn Figure6 for keepingtheball from rolling
over our goalline. If therobotdoesnt know wheretheball is, it rotatesleft andright
searchingfor it (SeachBall). If the ball doesnot directly roll towardsour goal, the
areaof attackis minimizedby moving to a positionfrom whereboth sidesto the robot
allow approximatelythe sameamountof angularspacefor the ball passingbetween
goalieandgoalposts(BlockBall). Ontheleft andright sideof the goal,therobotturns
towardsthe cornersgiving lesschancegor anopponento scorea directgoal. The last
threeskills concerrncase®f directgoaldangemwheretheball or anopponents moving
directly towardsour goal(InterceptBall) Heretherobotmovesto aninterceptiorpoint
basedon the headingof the ball (Figure6(d)), the headingof an opponenbwning the
ball (Figure6(e)),or the headingof an opponento the ball (Figure6(f)). Thelasttwo
andmoresophisticatedacticsarebasen the assumptiorthatthe attackingrobotwill
kick the ball in a straightway which is true for mostrobot teamsparticipatingin the
middle size leaguebut is not true for teamslike Golemor Alpha++. Thereforethese
two tacticscanbeturnedon or off beforea gamestarts.



5.2 Basic Skillsfor Field Players

To gethold of theball a playermovesto a positionbehindtheball following acollision-
free trajectorygeneratedy a path planningsystemwhich constantly(re)planspaths
basedon the player's perceptiorof theworld (GoToBall). The systemis basedon po-
tential fieldsanduses  searchfor finding its way out of local minima. If closeto
the ball a playerapproacheshe ball in a reactve mannerto getit preciselybetween
the fingerswhile still avoiding obstaclegGetBal). Oncein ball possessiora player
turnsandmovestheball carefullyuntil facingin a directionwhich allows for anattack
(TurnBall). If the playeris right in front of the opponentgyoal it kicks the ball in a
directionwhereno obstacleblock thedirectway to thegoal (ShootGod)l. Otherwisdt
first headg¢owardsa clearareain thegoalandturnssharplyjust beforekicking in case
theopponengoalkeepemaovedin its way (MoveShootEint). Howeverif obstaclesre
in thewayto thegoal,theplayertriesto dribblearoundthem(DribbleBall) unlesghere
is not enoughroom. In this casethe ball is kickedto a positioncloseto the opponents
goalby alsoconsideringeboundshotsusingthewalls (Shoot®Pos). In theeventof be-
ing too closeto anopponenor to thefield borderthe ball is propelledaway by turning
quickly in an appropriatedirection (TurnAwayBal). If a playergetsstuckcloseto an
obstaclet triesto freeitself by first moving away slowly and(if thisdoesnt help)then
trying randommoves(FreeFomStal). Howeveraplayerdoesnt give way if theball is
stuckbetweerhimselfandanopponento avoid beingpushedwith the ball towardshis
own goal (WaitAndBlo).

Againstfastplaying teamsour robotswere often outperformedn the racefor the
ball whenapproachingt carefully We thereforedevelopedtwo variantsof a skill for
situationdn which speeds crucial.Bothlet therobotrushto theball andhit it forwards
while still avoiding obstaclesln offensive play BumpShootG@énses employedto hit
the ball into the opponentsggoal whenvery closeto it. In defensie play the use of
BumpShootDefensanbeswitchedon or off accordingo thestrengthof theopponent.

Playersfulfilling stratgic taskspositionthemselesfollowing collision-freepaths
to dynamicallydeterminedoositions(GoToPos). From thesepositionsthe playersei-
ther searchthe ball if not visible (SeachBall) by rotating constantlyor obsere it by
turninguntil facingit (ObserveBal)l. In offensive play a stratgic playermayalsotake
apositionfrom whereit shouldbe ableto scorea goaldirectly (WaitForPasg. Oncein
suchapositionhesignalsto histeammatethatheis waiting to gettheball passedThe
decisionis thenupto theball owning playerwhetherto passheball (PassBal) or try to
scorea goalby itself. Especiallyagainsfastplayingteamswe rarely got the chanceto
try outball passingbetweerplayers Equippedwith the strongkicking device shooting
attheopponentgjoalalwaysappeareanorepromisingthanpassingheball to another
teammate.

To complywith the”10-secondsule” aplayerkeepdrackof thetime heis spending
in a penaltyarea.Wheneer he spentmorethanthe allowed time he leavesthe area
following acollision-freepathgeneratedy thesamepathplanningsystemasemployed
in the GoToBall skill (LeaveRnaltyAea).

At RoboCup2000, our teamseemedo be oneof the few teamscapableof effec-
tively dribbling with the ball andthe only onewhich exploited deliberatelythe possi-
bility of reboundshotsusingthewalls. Thereforetheseskills will bedescribedn more
detail.

Figure 7(a) shawvs a screenshobf a player's local view while dribbling. In every
cycle, potentialcontinuationsof the currentplay are consideredSuchcontinuations



arelinesto pointscloserto the opponentgjoalwithin a certainanglerangearoundthe
robot's heading All the possiblelines are evaluatedandthe directionof the bestline
sampleis takenasthe new desiredheadingof therobot. A line is evaluatedby assign-
ing it avaluewhichis thehigherthefurtherit is away from objects thelessturningis
necessarfor theplayerandthecloserits headings to theopponentgjoalcenter Deter
mining the robotsheadingthis way andadjustingthe wheelvelocitiesappropriatelyin
every cycle letstherobotsmoothlyandsafelydribblearoundobstaclesvithoutloosing
the ball. The CS Freilurg teamscoredsomebeautifulgoalsin this year's tournament
aftera playerhaddribbledthe ball overthefield aroundopponentslongan S-like tra-
jectory. Of courseall this only worksbecaus¢heball steeringnechanisnallowsfor a
tight ball control.

@) (b)
Fig. 7. A CSFreiturg playersview of theworld while (a) dribblingand(b) ball-shootingCircles
denoteotherrobotsandthesmallcirclein front of theplayercorrespondso theball. Linesalmost

parallelto thefield bordersareperceved by thelaserrangefinder The otherlinesleadingaway
from the playerareevaluatedby theskills.

Figure 7(b) shavs a screenshoof a playerduring ball-shooting For this skill the
linesarereflectedatthewalls andareevaluatedo find the bestdirectionwhereto kick
the ball. A linesvalueis the higherthe further away from obstaclest is, the closer
its endpointis to the opponentgjoal andthe lessturningis requiredfor the playerto
facein thesamedirection.Takinginto accounthattheball doesnt rebouncetthefield
borderdn aperfectilliard-like mannemwe calibratednanuallythecorrelatiorbetween
the anglesof reflection.Using the passingskill our playerswereableto play the ball
effectively to favorablepositionsandevento scoregoalsdirectly.

Figure8 shaws statisticsof how long a skill wasactive for a certainrole. Sincewe
constantlyimproved and modifiedthe actionselectionmechanisnduring the prelim-
inary gamesthe statisticsare basedon the threefinal gamesonly. We found it quite
surprisingthatthe playerswere searchingor the ball up to 10 % of the playingtime.
However analysisof thelog-filesshavedthatthe high numbersanbe eitherattributed
to communicatiorproblemsor to oneof few situationswhereno playerwasseeinghe
ball. In thefinal gamegheball wasseenby theteamin 95%of the playingtime.

Thestatisticsshowv thatthe goalkeepemwasmostof thetime minimizing the areaof
attackbut notunderdirectthreatsincethe InterceptBallskill wasonly activein 11 % of
thetime. Thesupportingandstrateyic playerspentmostof theirtime observingheball.
This wasintendedsincemoving moreoftenor moreaccuratelyto their targetpositions



Fig. 8. Time in percenta skill wasactive in thefinal gameshrokendown for the differentroles.

resultsin avery nenousbehaior aswe couldobserein oneof our preliminarygames.
It turnedout that for our ratherclumsyrobotsstayingat one spotwas more effective

than moving and turning constantly Becausethe stratgic playerusually occupieda

gooddefendingpositionwe allowedit to move evenless.

At first view it seemssurprisingthatthe active playerwasmostof thetime (64 %)
occupiedwith gettinghold of the ball. However the factthatafter kicking the ball the
active playerusuallystartsto follow the ball againexplainsthe high numbersfor GoTo
andGetBall.Nevertheles# madeuseof all theskills availableto it. This demonstrates
thatthe active playerin factdistinguishedbetweena large numberof differentgame
situations.

5.3 Action Selection for Field Players

Ouractionselectiormoduleis basedn extendedbehaior networksproposedy Dorer
[6]. They area revisedand extendedversionof the behaior networks introducedby
Maes[11] andcanbe viewed asa particularform of decision-theoretiplanning.The
mainstructuraklementsn extendecbehaior networksarecompetencenodulesvhich
consistof a certainbehaior to be executed preconditionsandpositive or negative ef-
fects.Goalscanexplicitly be specifiedand canhave a situation-dependemelevance,
reflectingtheagentscurrentmotivations Thestateof theervironmentasit is perceved
by theagent,s describedria a numberof continuougpropositions . Compe-
tencemodulesareconnectedvith goalsif they areableto influencegoalconditionsand
alsowith eachother if acompetencenodulehasaneffectthatis a preconditionof an-
other Along theresultingnetwork connectionsn acitivation spreadingmedanismis
defined with goalsbeingthe sourceof activation.An actionis selectedy considering
eachcompetencenodules executabilityandrecevedactivation.

Figure9 shavs a partof the extendedbehaior network thatwasusedin thisyear's
competition[12]. The ellipsesrepresenthe competencenoduleswith their precon-
ditions below andtheir effectson top of them. Currently our playershave two goals:
Shoota soccegoal or coopeate with teammatesThe relevanceconditionrole active



1.0
(=)

role_active

0.7

MoveShootFeint
oalarea fr
ront

GetBall shootgoal_excl_lastact

ObserveBall

0.9

_ge(bal\_ang\e

getball_ballway_free

ball_present

GotoBall

Fig. 9. A partof CSFreiturg's extendedoehaior network.

(playerhasrole active ensureghatonly one of thesegoalsis relevantat a time de-
pendingon the player's currentrole. The strengthof the effect connectiongindicated
by the numbersext to arrowvs) aresetmanuallysofar andreflectprioritiesamongthe
competencenodules.

6 Conclusion

The gamesplayedby CS Freilburg at RoboCup2000looked muchmoredynamicthan
thegamesin 1999and1998.So, the cooperatiormechanisnandthe actionselection
(with the new actionrepertoire)seento have improvedour play considerably
However, alsothe otherteamshave improvedtheir play. In generaljt seemso be
the casethat the performanceof all F2000teamshave increasedver the yearsand
thatthereare morevery goodteamsnow — provided we measurdghe performanceby
goals/minuteAs canbeseenin Fig. 10,theaveragegoalratehasalmostdoubledfrom
1997-200C andthegoalrateof thetwo bestteamsbecamebetterovertheyears.

Fig. 10. GoalratesatRoboCuptournamentsn goalsper minute.

Furthermoreat RoboCup2000therewasa large numberof teamswith a perfor
mancevery closeto the performancef CS Freiturg. In fact,while in previousyears,
CSFreiturg wastheonly teamwith anaveragegoalrateof morethan  goals/minute,
thisyeartherewere5 teamswith a similar goalrate.Furthermoreit wasobviousto ev-
erybodythatthe mechanicatlesignof CE SharifandGolemwasdefinitely superionto

% Note, however, thatthe conclusionthatthe goalratein 2000washigherthanthe goal ratein
1997is statisticallysignificantonthe 90%level only.



ours.Thatwe neverthelessvereableto stayaheadtanatleastpartially attributedto the
carefuldesignof our actionstheactionselectiormechanisnaswell asthecooperation
mechanismdt shouldalsobenoted,however, thatsomegameresultswerevery close.

In

particular thefinal andthethird/fourthplacegamesveredecidedby penaltykicks.
In thefuture,we intendto enhanceur robotbaseto malke it fasterto uselearning

techniquedor tuningskill parametergio refinethe methodof actionselectionandto
enhancdeamplay.
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