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ABSTRACT

This paperdescribeghe computationamodelunderlyingthe AG-
ILO autonomougobot soccerteam,its implementationand our
experiencesvith it. Themostsalientaspect®f the AGILO control
software arethatit includes(1) a cooperatre probabilisticgame
state estimatorworking with a simple off-the-shelf camerasys-
tem; (2) a situatedaction selectionmodulethat makes ambleuse
of experience-basel@arningandproducesoherenteambehaior
evenif interrobotcommunications perturbedand(3) a playbook
executorthatcanperformpreprogrammedomplex soccerplaysin
appropriatesituationsby employing plan-basedontroltechniques.
The use of suchsophisticatedstate estimationand control tech-
niquesdistinguisheghe AGILO software from mary othersap-
plied to mid-size autonomousobot soccer The paperdiscusses
the computationatechniquesand necessarextensionsbasedon
experimentadatafrom the2001robotsoccemorld championship.

1. INTRODUCTION

Roboticsoccerhasbecomea standardreal-world” testbedfor
autonomousnulti robotcontrol. In robotsoccermid-sizeleague)
two teamsof four autonomousobots— onegoalkeeperandthree

eld players— play socceragainsteachother The soccer eld
is four by nine metersbig surroundedvy walls. The key charac-
teristicsof mid-sizerobot socceris thatthe robotsare completely
autonomous Consequentlyall sensingandall actionselectionis
doneonboardof the individual robots. Skillful play requiresour
robotsto recognizeobjects,suchas otherrobots, eld lines, and
goals,andevenentiregamesituations.Therobotsalsoneedto col-
laborateby coordinatingandsynchronizingheir actionsto achieve
their objectves— winning games.

In this paperwe shav how the AGILO autonomousobotsoccer
teammeetgshesechallengesThe AGILO robotcontrollersemploy
gamestateestimation situatedactionselection,andplaybookex-
ecutionastheir main controlmechanismsThe gamestateestima-
tor estimateghe completegamesituation,including the position
of the opponentrobotsand the ball almostat frame rate using a
cheapoff-the-shelfcamerasystem.The useof suchavisionsystem
yields considerablénnaccuraciein the sensorataandhighly in-
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completeinformationaboutthe gamesituation. The AGILO game
estimatordealswith theseproblemsby emplg/ing sophisticated
probabilisticreasoningechniquesand by exploiting the coopera-
tion betweerthegamestateestimatorof differentrobots. Thesec-
ondcomponenbf theindividual robotcontrollersselectsappropri-
ateactionsbasedon an assessmertf the currentestimatedgame
state.Thesituatedactionselectionrmechanisnis thedefault mech-
anismfor choosingactionsandmustthereforeproposereasonable
actionsfor all possiblesituations. Becausehe AGILO robotsare
nonholonomicanddif cult to steerthe AGILO soccerobotsem-
ploy experience-basel@éarningmechanism#o acquirecompetence
in robot control. Finally, the playbookexecutorperformsprepro-
grammedcomple soccerplaysin appropriatesituationsby em-
ploying plan-basedontrol techniques.The useof plan-basedc-
tion selectionenableshe robotsto additionallyexploit knowvledge
aboutthe currentintentionsof theteammates.

Theremaindeof thispaperexplainshow thesemechanismbave
beenimplementedand embeddednto the AGILO robot control
software. We reporton our experienceswith the softwareandlay
outour plansfor the next generatiorof the system.

2. OVERVIEW

TheAGILO RoboCupeamis realizedusinginexpensve, off the
shelf, easily extendiblehardware component&nda standardsoft-
wareernvironment. Theteamconsistof four Pioneen robots;one
of themis depictedin gure 1(a). The robotis equippedwith a
singleonboardinux computen(2), awirelessetherne(1) for com-
munication,and several sonarsensorg4) for collision avoidance.
A color CCD camerawith anopeningangleof 90 (3) is mounted

x ontherobot. The robotalsohasa guiderail (5) anda kicking
device (6) thatenabletherobotto dribble andshootthe ball.

(a) (b)

Figure1: An AGILO soccerrobot (a) and a gamesituation (b).

Besideggiving us a substantiahandicapn the gamesthe hard-
ware also confrontsus with challengingresearchproblems. The
camerasystemwith an openingangleof 90 and pointedto the
front gives anindividual robot only a very restrictedview of the
gamesituation. Therefore,the robot needsto cooperatdo geta



more completepicture of the gamesituation. Vibrationsof the

cameraspotlight effects,andpoorlighting effectscausesubstan-
tial inaccuracies.Even small vibrationsthat causgumps of only

two or threepixel lines causedeviationsof morethanhalf a meter
in the depthestimationjf the objectsareseveralmetersaway. The

robotsare nonholonomiownhich impliesthat reachingmary target

positionsrequirescomplex andaccuratedriving maneuers. As a

consequencaimpleheuristicsfor decidingwhich robotshouldget

to the ball andhow do notwork well.
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Figure2: Software architecture of an AGILO robot controller.

The main software component®f the AGILO robotcontrollers
aredepictedn gure 2. Theincomingvideostreamsareprocessed
by the vision-basedcoopentive state estimationmodule which
computeshebeliefstateof therobotwith respecto thegamesitua-
tion. Theactionselectiormodulethencomputesinabstracfeature
descriptionof the estimatedyamestatethat canbe usedto recog-
nizerelevantgamesituations.Therearetwo basiccomponentgor
actionselection.First, the situatedactionselectionmoduleselects
action basedon a limited horizon utility assessmentSecond,a
plan-basedtontrollerthat enableshe teamto executemore com-
plex andlearnedplays. The sections3-5 detailthe softwaredesign
andthe operationof thesesoftwarecomponents.

3. VISION-BASED,COOPERATIVE GAME
STATE ESTIMATION

The gamestateestimatorsof the AGILO robotsmaintaina be-
lief statethatcontaingherespectie robot's beliefaboutthecurrent
gamesituation[16]. The belief stateincludesthe estimatedposi-
tions and orientationsof the robotitself, its teammates,the ball,
andthe opponentrobotsand providesthe informationthatis nec-
essanyfor selectingthe appropriateactions(see gure 3).
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Figure 3: Software architecture of the state estimator.

Estimatingthe gamestateboth accuratelyandreliably is very
dif cult becausehe stateis to be estimatedy multiple mobilein-
accuratesensorswith uncertainpositions,the soccer eld is only

partly accessibldor eachsensomueto occlusioncausedy other
robotsand a limited cameraview, the robotschangetheir direc-
tion andspeedvery abruptly the modelsof the dynamicstatesof
the robotsof the otherteamare very crudeand uncertain,and it
requireshe processingf vastamountf datavery quickly.

Stateestimationis an iterative processwhere eachiterationis
triggeredby the arrival of a new pieceof evidence,a capturedm-
ageor astateestimateébroadcastely anotherobot. The stateesti-
mationsubsystentonsistsf threeinteractingestimatorsthe self
localizationsystem,the ball estimatoy andthe opponentsestima-
tor. This decompositiorof gamestateestimationinto specialized
estimationproblemsreduceghe overall compleity of the statees-
timation processand enablesthe robotsto exploit the structures
andassumptionsinderlyingthe differentsubtask®f the complete
estimationtask. The remainderof this sectiondescribegshe com-
ponentf the gamestateestimator

3.1 Perception

Theinformationneededor gamestateestimatioris providedby
the perceptiorsystemandincludesthefollowing kindsof informa-
tion: (1) partialstateestimateroadcastety otherrobots,(2) fea-
ture mapsextractedfrom capturedmages,and (3) odometricin-
formation. The estimates$roadcastethy the teammatescomprise
therespectie robot'slocation,theball'slocation,andthelocations
of the opponents. From the capturedcameraimagesthe feature
detectorsextract problem-speci cfeaturemapsthat correspondo
(1) staticobjectsin theervironmentincludingthegoal,theborders
of the eld, andthelinesonthe eld, (2) acolorblobcorresponding
to theball, and(3) thevisualfeaturesof theopponents.

Figure4: The gur eshowsanimagecapturedby the robotand
the feature map that is computed for self, ball, and opponent
localization.

Theworking horseof theperceptiorcomponenareacolor clas-
si cation andsegmentatioralgorithmthatis usedto sggmentacap-
turedimageinto coloredregionsandblobs(see gure 4). Thecolor
classi er is learnedin atraining sessiorbeforetournamentsn or-
derto adapthevision systento speci c lighting conditionsandef-
fects.Wearecurrentlyworking onthenext versionof theclassi er,
whichwill becapableof automaticallyadjustingitself to changing
lighting conditionsduringthe game.

3.2 SelfLocalization



Eachrobot's belief aboutits own position is maintainedas a
probability densityfunctionthatmapsthe possiblepositionsof the
robot into the probability densitythat the respectie positionhas
generatedhe obserations of the robot andis causedby the se-
quenceof driving actionsissuedby therobot. The probabilityden-
sity is approximatedby a multi-variateGaussiardensityandrepre-
sentedusingits meanvector andits covariancematrix

The robot's model of the static part of its ervironmentthat is
usedfor self localizationis composef landmarkstogethemwith
their positionsandorientations Thelandmarksncludegoals, eld
lines,andwalls surroundinghe pitch. Figure5 depictsanexcerpt
of the ervironmentmodel representinghe neighborhoodaround
a goal, which is usedfor self localizationin the robot soccerdo-
main. The goalis modeledas a setof 3D lines whereeachline
is associatedvith a color transition. Using the world modelanda
positionestimatethe robotcanpredictwherein a capturedmage
linesshouldbevisible andwhich color transitionthey represent.

Figure 5: Model of the neighborhood of a goal. The model
contains the edgesof the objects and the color transition they
arethe borderline of.

Theself-localizationalgorithm[6] itself consistgheiterationof
threesteps. First, the visible 3D curwe featuresare predictedand
projectednto theimageplanegiventhecurrentestimategosition.
Seconda local searchis performedto establishcorrespondences
betweenthe predictedand detected3D curwe features. Third, a
maximum a-posteriori(MAP) estimationstep computesan esti-

mate of therobotposewhich best ts to the positionprediction
andto theimageobsenrations

3.3 OpponentTracking

The opponenttracker tracksthe positionsof the otherteams
robotsby (1) detectingfeatureblobsin the capturedimagethat
might correspondo an opponent,(2) estimatingthe world coor
dinatesand uncertaintieof theseblobs,and (3) associatinghem
with the objecthypotheses— tracked opponents.

Roughplay ground,cameravibrationscauseddy accelerations,
unknavn shapef the opponentrobots,and unpredictableoppo-
nentmovementsausealot of uncertainty Thereforethestateesti-
matorhasto dealwith two differentkindsof uncertaintiesThe rst
oneis theinaccurayg of therobot's sensorsWe representhis kind
of uncertaintyusing a Gaussiarprobability density The second
kind of uncertaintyis introducedby the dataassociatiorproblem,
i.e. assigningeatureblobsto objecthypothesesThis uncertainty
is representetly ahypothesetreewherenodesepresentheasso-
ciation of a featureblob with an objecthypothesis.A node
is asonof thenode if resultsfrom theassignment
of an obsered featureblob with a predictedstateof the hypothe-
sis . In orderto constrainthe growth of the hypotheses
tree, it is prunedto eliminateimprobablebrancheswith every it-
erationof the MHT. Our MHT Algorithm (an extensionof Reid's
Multiple Hypothesedracking(MHT) algorithm[13]) is capableof
handlingmultiple mobile sensorsvith uncertaimpositions.Eachit-

erationbeginswith thesetof hypotheses fromtheprevious
iteration . Eachhypothesigepresents differentassignment
of measurement® objects which wasperformedn the past.The
algorithmmaintainsa Kalman lIter for eachhypothesisFor each
hypothesis positionof thedynamicobjectsis predicted and
comparedvith the next obsened opponentperformedby an arbi-
trary robot of the team. Assignmentof measurement® objects
areaccomplishednthebasisof astatisticaldistanceneasurement.
Eachsubsequenthild hypothesigepresentenepossibleinterpre-
tation of the setof obsered objectsand, togetherwith its parent
hypothesistepresenta possiblenterpretatiorof pastobserations
assignedo theobject. With every iterationprobabilitiesdescribing
thevalidity of anhypothesisrecalculated4].

3.4 Cooperative State Estimation

The stateestimatiormodulesof differentrobotscooperateo in-
creasdhecoverageaccuray, andreliability of the estimationpro-
cess. This is achieved by the individual robotsbroadcastingheir
own obserationsand their covariancego their teammates. The
otherrobotsusethesebroadcastedstimatesgsadditionalevidence
for their own estimationprocessesOf course,how to weigh the
broadcasted@stimatesagainstthe own perceved featuress a sub-
tle anddelicateissue.For example,we areweighingthe own esti-
matesof theball muchhigherthanthe broadcastedstimatesThis
impliesthatin behaiors suchasgoingto the ball the control sig-
nalsare muchtighter coupledto the robot's own perception.The
otherrobots' estimateof the ball areonly consideredasstronger
evidenceif theball is far away from therobotitself or notvisible at
all. We arecurrentlyanalyzingthe adwantagesanddisadwantages
of different parameterizationsising our log les of the robocup
competitionin this year

Despitecrude parameterizationsthe cooperationbetweenthe
robotsenableghemto track temporarilyoccludedobjectsandto
fasterrecover their positionafterthey have losttrack of it. A rep-
resentatie resultof our cooperatre gamestateestimationprocess
isshavnin gure 10.

4. SITUATED ACTION SELECTION
AND EXECUTION

Throughouthegamethe AGILO robotshave a x edsetof tasks
with differentpriorities. The tasksareshootthe ball into the goal,
dribble theball towardsthegoal, lookfor theball, blodk thewayto
the goal, gettheball, ... The situatedactionselectionmoduleen-
ablestherobotsto selectataskandto carryoutthetasksuchthatin
conjunctionwith the actionsof the teammatesit will advancethe
teams objectivesthe most. We considera taskto be the intention
of the AGILO robotteamto performa certainactions. Action se-
lectionandexecutionis constrainedy (1) tasksbeingachiezeable
only if certainconditionshold (eg, therobothastheball) and(2) a
robotbeingableto only executeoneactionatatime.

We de ne that a task assignment is betterthan if there
existsataskin  thathaslower priority thanall theonesin  or
if they achieve the sametasksbut thereexistsatask in  such
thatall taskswith higherpriority areperformedat leastasfastas
in and isachievedfasterby thanby . Thisperformance
criterionimpliesthatif an AGILO robotcanshoota goalit always
will try becaus¢hisis thetaskwith thehighestpriority. Also, if the
AGILO teamcangetto theball it triesto gettherewith the robot
that canreachthe ball the fastest. This stratggy might not yield
optimal assignmentbut guaranteeshat the highestpriority tasks
areachievedasquickly aspossible.

To achieve a high degree of autonomythe AGILO robotsper



form the taskassignmentind executiondistributedly on the indi-

vidual robots. This makesthe taskassignmeninorerobustagainst
problemsin inter robot communication. Theseproblemscan be

causeddy robotsbeingsentoff the eld, computerdeingcrashed
after heavy collisions,and communicatiorbeing corrupteddueto

interferencesvith othercommunicatiorchannels.

The mostsalientfeaturesof the situatedactionselectionarethe
following ones. First, to realizea competentindfasttaskassign-
mentand executionmechanisimthe AGILO controllersmake am-
ple use of automaticlearningmechanisms.Second the task as-
signmentmechanisnworks distributedly on the individual robots
andarerobustagainscommunicatiorcorruptions Finally, thetask
assignmenandexecutionmechanisnmalwaysproducegpurposeful
behaior andalwaysaimsatthe achie&zementof high priority tasks.

4.1 AGILO Simulator: a Tool for Learning

An importantimeandor developingcompetentobotsocceskills
is a robot simulatorthat allows for realistic, controllable,andre-
peatablesxperiments. For this reasonwe have developeda robot
simulatorthat accuratelysimulateshow the dynamicstateof the
robotchangesistherobot's controlsystenissuesiew driving com-
mandssuchassettingthe targettranslationabndrotationalveloci-
ties. The AGILO softwaredevelopmenienvironmentthereforepro-
videsarobot simulatorthatusesmulti layer neuralnetwork [7] to
simulatethe dynamicsof the AGILO soccemobots. We have used
theRPROPalgorithm[14] for supervisedearningin orderto teach
the neuralnetthe mappingdynamicstatesandcontrol signalsinto
thesubsequendtates.

For specializinghesimulatorto the AGILO robotswe have per
formedatrainingsessiorin whichwe have collectedatotal of more
than10000training patterngrom runswith real AGILO robotsfor
alargevariety of navigationtasks.Using a testsetof patternshat
wasnot containedn the training patternswe determinedhat pre-
dictionfor thepatterndor moderatelydif cult navigationtaskswvas
about99%. The accurag decreasedo about92% in situations
where both velocities, the translationaland rotationalone, were
changedabruptlyat the sametime. Theseinaccuraciesrecaused
by the lack of representati training patternsaswell asthe high
variancein navigationbehaior with maximalacceleration.

4.2 TaskAssignment

A very simple algorithm sufces to computetask assignments
thatsatisfythe performanceriterionthatwe have statedbefore:

ASSIGN-TASKS
1 for to LENGTH
2 do ACTION

The algorithmworks asfollows. In the beginning of eachiter-
ation the action of eachAGILO robot s resetto idle. Thenthe
algorithmiteratesover all tasksin the orderof their priority. It then
assignghetaskto theidle AGILO robotthatcanachieve the task
the fastest. The taskassignmentlgorithmdoestwo things: rst,
it computeghetaskthatshouldbeachiezed by therobotitself and
second,it computeswhich higher priority taskswill probablybe
achiezed by which otherrobot.

The algorithm assume&nowledge of the costof task achieve-
ment. For robotsoccemwe de ne thecost of arobot
performinganaction asthetime neededo completeanaction

, thatis, thetime to reacha giventametstate. To make accurate
predictionsarobothasto take its dynamicbehaior, theintentions
of its teammatesandpossibleopponentmovementsnto account.

The AGILO taskcostestimatomperformsthreesteps.First, the

Figure 6: A training scenarioin the multi robot simulation environ-
ment: Toacquiretraining patternsfor the neural projector arobotis
setto arandomly de ned start state  (position of the robotin sub g-
ure a) and hasto drive to arandomly de ned targetstate indicated
by the dashedarrow. The direction and length of this arrow indicate
the target state's orientation and velocity. The time the robot needsto
reachits targetstate(sub gur eb & c) is takento completethe training
pattern time .

selectionof the multi robot navigation methodthat matchesthe
gamestatebest. By taking the estimatedyamestateinto account
the costestimatorcantake even expectationsboutthe movements
of the opponentdnto account. Second,computinga pathin the
contet of the navigation pathsof theteammates.This is doneby
computingnavigation pathsthat avoid negative interferenceswith
the pathscomputedfor the higherpriority tasks(seesection4.3).
Third, the proposedpathis then decomposednto a sequencef
simplernavigation tasksfor which thetime costcanbe accurately
predictedusing a neuralnetwork. The mappingfrom navigation
tasks, given by start points and destinations,into the time cost
neededfor the task completionis realizedthrougha multi layer
arti cial neuralnetwork andlearnedthroughthe backpropagation
derivative RPROP [?]. We have trainedthe network usingabout
300.000training patternsgeneratedrom accomplishingrandom
navigationtasksin thelearnedsimulator(see gure 6).

4.3 Multi Robot Navigation Planning

Eachrobotalsoemplog/s a multi robotnavigation plannerin or-
derto planits own pathin the contet of theintentionsof theteam
mates.The planneris given ajoint navigationtaskthatspeci esa
targetstate(position,orientationandvelocity) for eachrobotof the
team. The objective of the navigation systemis to achieve a state
whereeachrobotis atits tamgetstateasfastaspossible.

: O start

Figure 7: Navigation plans for a given singlerobot navigation task as
proposedby differ ent navigation planning methods.

But which navigation planningmethodshoulda robot apply to
achieve its objectves? Contemplategure 7. The gure depicts
a singlerobot navigation taskin a typical gamesituationandthe
navigation plansproposedby different navigation planningalgo-



rithms with differentparameterizationsThe gure illustratesthat
the pathscomputedoy the differentmethodsarequalitatively very
different. While onepathis longerandkeepdargerdistanceso the
closesbbstaclesnothemneis shorterbut requiresmoreabruptdi-
rectionalchanges.The performancehatthe pathsaccomplishde-
pendson mary factorsthatthe planningalgorithmshave nottaken
into account.Thesefactorsincludewhethertherobotis holonomic
or not, the dynamicpropertiesof the robot, the characteristicof
changean the ervironment,andsoon. As a consequencét seems
impossibleto analytically predictwhich navigation algorithmand
parameterizatiomorks bestfor our application.

Ratherthan designingyet anothermulti robot navigation algo-
rithm we have decidedto equipthe AGILO robotswith a hybrid
robot navigation planningsystem.The system[3] employs differ-
entsinglerobot navigation andplan meiging mechanismsandse-
lectsthe appropriatamethodshasedon anassessmertf the given
navigation taskand gamesituation. This way the systemcan ex-
ploit the differentpropertiesof the individual methodsby learning
for which navigationtasksthe methodsarebestsuited.

The planningmethodsemplagred by the AGILO navigation sys-
temincludethePotentialField Method[9], the ShortesPath Method
[9], CircumnavigatingObstacleg9], and Maximizingthe Clear-
ance[9]. Plan meging and repair methodsinclude methodsfor
meging plansthataddwaiting stepsn orderto avoid interferences.
Path replanningmethodsrevise the individual planssuchthat no
negative interferenceswvill occurincludethe De nition of Tempo-
rary Targets the Hallucination of Obstaclesat Critical Sections
andthelnsertionof New ObstaclesThe rst onemodi es thepath
by introducingadditionalintermediatetarget points. The second
one hallucinatesadditionalobstaclesat the positionswherecolli-
sionsmight occur Thethird onesimply considerghe otherrobot
atits respectie positionasa staticobstacle.

The predictive model of the expectedperformanceof different
navigation planningmethodss speci ed by rulessuchasthe fol-
lowing one:

if there is one intersection of the navigation problems
the navigation problems cover a small area ( )
the target points are close to each others (
the starting/target point distances are small (
then fastest-method( potential eld,temp.targets )

_—

Thisrule essentiallysaysthatthepotential eld methods appro-
priateif thereis only oneintersectiorandthejoint navigationprob-
lem coversat mostonefourth of the eld, andthetargetpointsare
closeto eachothers. This is becausehe potential eld algorithm
tendsto generatesmoothpathsevenfor clutteredneighborhoods.

We have learneda setof 10 rulesincludingthe oneabove using
thedecisiontreelearningC4.5algorithm[12] with standargaram-
eterizationand subsequentule extraction. To do so we have col-
lecteda training setof 1000datarecords whereeachdatarecord
containeda descriptionof a randomly generatechavigation task
andthe time resourcesequiredto completethe taskfor eachpos-
siblecombinationof navigationplanningandplanrepairmethod.

Thelanguagdor characterizingiavigationtasksuses? features
(see gure 8): (1) thenumberof intersectionbetweertheline sey-
mentsthatrepresenthe navigationtasks(2) the sizeof thebound-
ing box of the navigationtasks,(3) the minimal lineardistancebe-
tweendifferent startingpositions,(4) the minimal linear distance
betweendifferent target positions, (5) the minimal distancebe-
tweentheline sggmentsthatrepresenthe navigationtasks,(6) the
maximumlengthof thelineardistance®f theindividual navigation
tasks,and(7) the numberof obstaclesn the boundingbox of the
joint navigationtask.

F1 # crosspoints = 0
- - - F2 n? bounding box
---- F3 mindist start start
-+-- F4 mindist target target
-~ F5 mindist line line
F6 max line length
F7 # obstacles in bound. box = 3

Figure8: Visualization of navigation task featuresthat areused
for classifyingnavigation tasks.

To sumup, the AGILO multi robot navigation algorithmworks
asfollws. First, the appropriateplanningmechanismis selected
basedn theassessmemf the given navigationtaskandthe situa-
tion in which it is to be executed.In the secondstep,thejoint nav-
igationtaskis decomposethto singlerobot navigation problems.
The individual problemsare then solved using the selectedplan-
ning methods.Then, the individual plansarerepairedin orderto
avoid negative interferencesvith the higherpriority plans.Finally,
the algorithm extractssequencesf tamget statesfrom the robot's
own navigationplanandsendghosesequencet® therobot's neural
network controller whichis furtherdescribedn the next section.

4.4 Executionof Navigation Plans

The robot motion contwollers are usedfor achieving given dy-
namic statesas fast as possible. The motion controller receves
the target state(for example,the next stateon a plannedpath) of
arobotandreturnslow level commandghattransformthe current
stateinto the tamet stateasfastaspossible. To arrive at the tar
getstatedifferenttrajectoriesare possible.But how to setthemto
quickly reachthe targetstate?The AGILO robotcontrollerslearn
adirectmappingfrom therobot's currentstate( ) andtherobot's
target state( ) to the next commando be executed( ) us-
ing multi layer arti cial neuralnetworks [7] andthe RPROP[14]
algorithm: Net

5. PLAN-BASED CONTROL

While our situatedactionselectioraimsat choosingactionsthat
have the highestexpectedutility in the respectre situationit does
not take into accounta strategic assessmertf the alternatve ac-
tions andthe respectie intentionsof the teammates. This is the
taskof the plan-basedctioncontrol. While situatedactionselec-
tion achiezesanimpressie level of performancét is still hampered
by therequiremenfor smallactionandstatespacesalimited tem-
poral horizon, and without explicitly taking the intentionsof the
teammatesinto account.

The goal of plan-basedaontrolin robotic socceris thereforeto
improve the performanceof the robot soccerteamby addingthe
capability of learningand executesoccerplays. Soccerplaysare
properlysynchronizedcooperatre macroactionsthatcanbe exe-
cutedin certaingamecontets andhave, in thesecontets, a high
successate.Plansfor socceplaysspecifyhow theindividual play-
ersof ateamshouldrespondo changinggamesituationsin order
to performthe play successfully

The integrationof soccemlaysinto the gamestrat@iesenables
robotteamsto considermplay speci ¢ statespacedor actionselec-
tion, parameterizatiorand synchronization.In addition,the state
spacecanre ect the intentionsof the otherrobots. An actionthat
is typically bad might be very goodif | know that my teammate
intendsto male a particularmove. Further action selectioncan
considera wider time horizont, and the robots can emplg play



speci ¢ routinesfor recognizingrelevantgamesituations.
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Figure 9: Block diagram of the high-level controller of the AG-
ILO soccerrobots.
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In orderto realizean actionassessmeritasedon stratejic con-
sideratiorandon considerationsf theintentionsof theteammates,
we developarobotsocceplaybook.alibrary of planschematahat
specifyhow to performindividual teamplays. The plans,or bet-
ter plays,aretriggeredby opportunitiesfor example,the opponent
teamleaving onesideopen. The playsthemseles specify highly
reactive, conditional,and properly synchronizecoehaior for the
individual playersof theteam.

The high-level controller of eachsoccerrobot is realizedas a
structuredreactve controller(SRC)[1] andimplementedn anex-
tendedRPL plan languag€10]. The high-level controllerworks
asfollows. It executesasthe default stratgy the situatedaction
selection. At the sametime, the controller continually monitors
the estimatedgamesituationin orderto detectopportunitiesfor
makingplays. If anopportunityis detectedthe controllerdecides
basedon circumstancemcluding the scoreandthe estimatedsuc-
cessprobability of theintendedplay whetheror notto performthe
play.

6. DEMONSTRATION

The AGILO robotsoccerteam,describedn this papey haspar
ticipatedin the fth robot soccerworld championshipn Seattle
(2001). The teamhasplayedsix gamesfor a total of about120
minutes. The teamadwancedto the quarter nals playing games
againstSharif CE (7:0), SPQR(7:0), Eigen (0:4), UIm Sparravs
(7:0), GMD Robots(1:1), and COPSStuttgart(0:1). In the tour
namentoneof the AGILO playerswassentoff the eld because
of causingcollisionswith opponeniplayersor not leaving penalty
areain time. Most of the occasionsn which the AGILO players
hadto be taken off to be restartedseemedo be causedby hard-
wareproblems.Unfortunately in midsizerobotsoccerthereis no
external sensingdevice which recordsa global view of the game
andcanbe usedasthe groundtruth for experiments.Thusfor the
experimentalresultsin this sectionwe canonly usethe subjectve
informationof our robotsandarguefor the plausibility of their be-
havior andbelief states.

6.1 Game State Estimation

A typical resultof the AGILO gamestateestimatoris shavn in
gure 10. The upperpicture shawvs the tracked positionsof the
AGILO playersandtheball. Thelower pictureshavs the individ-
ual obserationsof the opponentrobots. The colorsof the obser
vationsindicatewhich AGILO robot the obseration made. The
dashedines shawv the tracksof the opponentrobots. You have to
look atthecolor gures in orderto seetheindividual obserations
of the differentrobotsandhow they are memgedinto a consistent
track. Qualitatively, we canestimategheaccurag of thegamestate
estimationby looking for the jumpsin the tracked lines. We can

seethat the own tracksare smoothand canthereforebe expected
to be accurate.Also, the tracksof the ball look very reasonable.
Thetracksof theopponentsrelessaccurateandonly partial. This
mustbe expecteddueto thehighinaccurag andincompletenessf
the sensorydataandthe lack of odometrydata. One canseethat
theblue AGILO robotoccasionallypercevedthe AGILO goalieas
anopponenplayer

Figure 10: Resultsof the gamestate estimation processduring
a thirty secondsgameepisodeagainstUlm Sparrows in which
the AGILO team scoresa goal. The upper pictur e shows the
resultsof the selflocalization processesf the individual robots
and the tracking resultsfor the ball (dotted lines) The lower
pictur e shows the resultsof tracking the opponentplayers.

We arevery pleasedvith the performancef ourgamestateesti-
mationmodule. The self localizationsof the robotsseemgo work
very accuratelyandreliably. Therearevery few jumpsin thetracks
which would indicatelocalizationerrors. The sameholdsfor the
ball track. As canbe expected,tracking the opponentplayersis
much more dif cult. It is very hardto extract the tracksout of
the cloudsof differentobsenrations. However, we seethat several
tracksresultedfrom meiging the obsenationsof differentrobots.
In addition, the memging of the different obserations resultsin
fewer hallucinatedbbstaclesandthereforeallows for moreeffcient
navigationpaths.

Our preliminaryresultssuggesthat purelyimage-basegroba-
bilistic estimationof complex gamestatesis feasiblein real time
even in comple and fastchangingervironments. We have also
seenthatmaintainingtreesof possibletracksis particularlyuseful
for estimatinga global statebasedn multiple mobile sensorsvith
positionuncertainty Finally, we have seenhow the stateestima-
tion modulesof individual robotscancooperatén orderto produce
moreaccurateandreliablestateestimation.

Thereareseveralwaysin which we intendto advanceour game
estimationmethods First of all, we wantto betterunderstandown
the actionmodelsfor the opponentplayersandthe parametersf



the algorithmsshouldbe setto producebetterresults. It is alsoan
openquestionhow we could useprior informationsuchthatthere
areatmostfour opponentobotsonthe eld orthereis mostof the
time an opponentin its own goal areacanbe usedto obtain bet-
ter results. Anotherimportantaspecis thateffective play requires
the teamto awaysknow wherethe ball is. We wantto develop a
methodfor active ball localization. Thuswheneer the teamdoes
not know wherethe ball is it shouldlook for it in a goal directed
way. One possibleway to do this is to chooseactionssuchthat
the actionsreducethe entrofy in the probability distribution over
the ball's position[5]. Yetanotherextensionis to enablestatees-
timationto dealwith ambiguousstates.This could be achieved by
runninga Markov localizationprocessn parallel.Finally, we want
to improve the perceptuatapabilitiesof the robotsthroughan on-
line mechanisnfor the adaptatiorof color classi cation.

6.2 Action Selection

The actionselectionis even moredif cult to evaluate. A weak
indicationof thecoherencef coordinationis the numberof robots
performinggo2ball at the sametime. Ideally thereshouldalways
be exactly one robot going for the ball if the teamknows where
theball is. The statisticsextractedfrom thelog les of the Seattle
tell us that 98.64%o0f the cycles exactly one robot was going to
the ball, in 0.34%no robot,andin 1.02%of the cyclesmorethan
one.Theaveragedurationthata robotperformsgo2ballor handles
the ball without beinginterruptedby a decisionof a fellow robot
is 3.35seconds.In only 0.25%o0f the time a robotthatis stuckis
determinedo go for the ball by the otherrobots. Thieseresults
suggesthat the task assignmenglgorithmtogetherwith our task
costestimatiormechanisnworkswell.

a b
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Figure 11: An examplefor intelligent cooperationin areal robot soc-
cerervironment. Robot 2 approacheghe ball (sub gur ea) and thereby
collideswith a robot of the opponentteam (b). As the opponentrobot
constantly pushesrobot 2 is stuck and temporary not regardedby the
other robots. Thus robot 3 movestowards the ball while robot 2 tries
to getunstuck (c). Finally robot 3 drib blestowards the opponentgoal
while robot 2 is staying back in its own half (d).

Figure 11 shavs a kind of situationthat hasoccurredseveral
timesduring the RoboCup andis replayedin the AGILO simula-
tor. Robotnumber2 is supposedo be the fastestto get the ball
andthereforeapproachegheball (g. 11a). Neartheball robot2
collideswith anopponentrobot. Robot2 is in adeadlocksituation

andcannotmove forwardanymore. Theonly actionfeasibleto ex-
ecuteremainsget.unstu& Thusrobot3 approacheshe ball now
(9. 11b)Having reachedheball robot3 dribblestowardsthe op-
ponentgoalwhile robot2 is moving backwards( g. 11c): Further
onrobot2 is nomorestuckandrobot3 is still dribbling. Bucketal.
[3] presenmoreconclusie resultsobtainedin the RoboCup sim-
ulation leaguethatshaw thatthe teamperformanceausingthe task
assignmentlgorithm degradesgracefully as the corruptionlevel
for communicatioris increased.They alsoshav how thetaskas-
signmentlgorithmachiezesmorecomplex patternsof cooperation
suchasdoublepasses.

We have also evaluatedour learnedhybrid multi robot naviga-
tion systemin the AGILO robot simulator To do so, we have
comparedits performancewith the performanceobtainedby the
individual navigation methods. The resultsare shovn in table 1.
We have performeda bootstrapping-testbasedon 1000different
joint navigationtasksto empiricallyvalidatethatthehybrid naviga-
tion plannerperformsbetterthantheindividual planningmethods.
Basedon theseexperimentswe obtaineda 99.9% con dencein
thetestset(99.9%in the training set)that the hybrid methodout-
performsthe potential eld method(with its respectre parameter
ization). Therespectie probabilitiesfor the shortestpathmethod
are 99.9% (99.9%), for the maximum clearancemethod99.84%
(99.71%),andfor theviapointmethod96.25%(94.62%).This val-
idatesour hypothesighat the hybrid plannerdominateshe other

planningmethodswith statisticalsigni cance( ).
Algorithm Meantime (1000problems)
/sec signi cance

SimplePotentialField || 15.92 99.99%
ShortesPath 13.14 99.99%
MaximumClearance || 12.31 99.84%
Viapoint 11.95 96.25%
DecisionTree 11.44

Table 1: Resultsof four evaluated algorithms and the trained decision
tree. The signi cance level is basedon a t-test.

Besidesthe performancehe frequeng with which the AGILO
systemselectsactionsis alsoimpressie. Thereareon average4-
5 action selectioncycles per seconddespitethe sophisticationof
taskcostpredictionandmulti robot navigation. This speedcanbe
reachedecauseheresultsof complex computationsreestimated
throughneuralnetworks and decisiontreesthat have beentrained
usingexperience-basel@arningmechanisms.

Sofar our plan-basedontrol mechanisméave only be applied
in the AGILO robocupsimulatorandnot yet in extensve experi-
ments. Our next stepsin the advancemenbf our actionselection
mechanismarethe autonomoudearningof morecomple learn-
ing tasks,suchasdribbling towardsthe opponentgoal and shoot-
ingin therightmomentin theright cornerandgettingtheball away
fromthewall. Anotherimportantissueis actionselectiorunderun-
certainty The skills thatwe have learnedso far wereall acquired
with the simulatorusinga perfectworld model.We believe thatwe
canlearnmuchbetterskills if our simulatorcanalsolearnproba-
bilistic modelsof the AGILO stateestimationprocessesTo learn
sucha probabilisticperceptionmodel we needhowever a ceiling
camerahatrecordghegroundtruththattheestimatedtatesanbe
comparedo. Finally, we believe thatin orderto acquiremoreskills
more autonomouslyt is crucialto betterintegratelearningmech-
anismsinto robot control languages.To this end we extend our
plan-basedaontrollanguageRPL suchthatit is capableof declara-



tively specifyinglearningproblemswithin the controlroutines.

7. RELATED WORK

The researchdescribedn this papercan be discussedwith re-
spectto several dimensions. Within the robot soccerapplication
we cancompareit with the control techniquesmplo/ed by other
mid-sizeteamsandthoseemplo/ed by teamsplayingin the simu-
lator andthe small sizeleague. In addition,we will comparethe
systemwith otherautonomousontrolsystemghatsharethe con-
trol principlesthatthey apply

In the mid-size leaguemost competingteamsapply behaior-
basedcontrol techniquesand avoid the problemof estimatingthe
completegamestatewith the CS Freiturg teambeinganotableex-
ception[11]. However, becausehe Freiburg teamis usingLaser
range nders as their primary sensorswhich are very accurate
in depthestimation,they get away with a simpler state estima-
tion mechanisnin which canassumealmostperfectsensorawvith
known positions. Most other mid-sizeteamscoordinatethe play
of their teammatesby negotiatingor assigningolesto the differ-
entplayerg[8]. In contrastjn the AGILO teamthe coordinationis
implicit andbasecdbn a sophisticateadostestimatefor taskassign-
ment. TheAGILO teamis alsodistinguishedn themid-sizeleague
with respecto its extensve useof learningandplan-baseaontrol
mechanismsTechnologicallythe AGILO software sharesontrol
mechanismaith teamsin the simulatorleague. In particular it
appliessimilar learningtechniquessthe KarlsruheBrainstormers
[15]. The useof suchtechniquesn autonomousrobot socceris
much more dif cult dueto the dif culties in obtainingsufcient
training data, high variancesin physicaleffects, extremely noisy
sensorsandtheincompletenesef availableinformation.

With respecto the softwarearchitectureandemplo/ed software
techniqgueshe AGILO controlsoftwaresharesommonalitiesvith
autonomousobotic agentssuchas the extendedRHINO control
system[2]. The RHINO systemtoo, makesextensve useof prob-
abilistic stateestimation,hasa default mechanisnfor action se-
lection, and plan-baseaontrol mechanismThe AGILO software
extendsthiswork in thatit appliesthesetechniqueso amulti robot
controlproblemin avery dynamicandadversaryenvironment.

8. CONCLUSION

This paperhasdescribedand discussedhe control software of
the AGILO autonomousobot soccerteam. Similar to advanced
autonomousoboticagentsactingin humanworking ervironments
the AGILO teamemplo/s sophisticatedtateestimatiorandcontrol
techniquesincludingexperience-basedarningandplan-basedon-
trol mechanisms.

We have shavn thatthe applicationof probabilisticstateestima-
tion techniquegogetherwith information exchangebetweenthe
robotsresultsin gamestateestimatorghat are capableof estimat-
ing completestatesincluding robotswith surprisingaccurag and
robustnesseven with restrictive and noisy camerasystems. We
have alsoseenthatthe ambleuseof experience-basel@arninghas
resultedin poverful controlmechanismsncludingcompetento-
ordination,with little runtimecomputationatost. Finally, we have
explained how plan-basedcontrol mechanismawill enhancethe
robot's playing skills by enablingthe robotsto perform comple
soccerplays. The resultsof the 2001 robot soccerworld cham-
pionshiphave shavn that thesetechniquesallow for competitve
soccelplay despiteaninferior hardwareequipment.
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