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ABSTRACT
This paperdescribesthecomputationalmodelunderlyingtheAG-
ILO autonomousrobot soccerteam,its implementation,andour
experienceswith it. Themostsalientaspectsof theAGILO control
software are that it includes(1) a cooperative probabilisticgame
stateestimatorworking with a simple off-the-shelf camerasys-
tem; (2) a situatedactionselectionmodulethat makesambleuse
of experience-basedlearningandproducescoherentteambehavior
evenif inter-robotcommunicationis perturbed;and(3) aplaybook
executorthatcanperformpreprogrammedcomplex soccerplaysin
appropriatesituationsby employing plan-basedcontroltechniques.
The useof suchsophisticatedstateestimationand control tech-
niquesdistinguishesthe AGILO software from many othersap-
plied to mid-sizeautonomousrobot soccer. The paperdiscusses
the computationaltechniquesand necessaryextensionsbasedon
experimentaldatafrom the2001robotsoccerworld championship.

1. INTRODUCTION
Roboticsoccerhasbecomea standard“real-world” testbedfor

autonomousmulti robotcontrol. In robotsoccer(mid-sizeleague)
two teamsof four autonomousrobots— onegoalkeeperandthree
�eld players— play socceragainsteachother. The soccer�eld
is four by nine metersbig surroundedby walls. The key charac-
teristicsof mid-sizerobot socceris that the robotsarecompletely
autonomous.Consequently, all sensingandall actionselectionis
doneonboardof the individual robots. Skillful play requiresour
robotsto recognizeobjects,suchasother robots,�eld lines, and
goals,andevenentiregamesituations.Therobotsalsoneedto col-
laborateby coordinatingandsynchronizingtheiractionsto achieve
their objectives— winning games.

In thispaper, weshow how theAGILO autonomousrobotsoccer
teammeetsthesechallenges.TheAGILO robotcontrollersemploy
gamestateestimation,situatedactionselection,andplaybookex-
ecutionastheir maincontrolmechanisms.Thegamestateestima-
tor estimatesthe completegamesituation,including the position
of the opponentrobotsand the ball almostat frame rateusing a
cheapoff-the-shelfcamerasystem.Theuseof suchavisionsystem
yieldsconsiderableinnaccuraciesin thesensordataandhighly in-
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completeinformationaboutthegamesituation.TheAGILO game
estimatordealswith theseproblemsby employing sophisticated
probabilisticreasoningtechniquesandby exploiting the coopera-
tion betweenthegamestateestimatorsof differentrobots.Thesec-
ondcomponentof theindividual robotcontrollersselectsappropri-
ateactionsbasedon an assessmentof the currentestimatedgame
state.Thesituatedactionselectionmechanismis thedefault mech-
anismfor choosingactionsandmustthereforeproposereasonable
actionsfor all possiblesituations.BecausetheAGILO robotsare
nonholonomicanddif�cult to steer, theAGILO soccerrobotsem-
ploy experience-basedlearningmechanismsto acquirecompetence
in robot control. Finally, the playbookexecutorperformsprepro-
grammedcomplex soccerplays in appropriatesituationsby em-
ploying plan-basedcontrol techniques.Theuseof plan-basedac-
tion selectionenablestherobotsto additionallyexploit knowledge
aboutthecurrentintentionsof theteammates.

Theremainderof thispaperexplainshow thesemechanismshave
beenimplementedand embeddedinto the AGILO robot control
software. We reporton our experienceswith thesoftwareandlay
outour plansfor thenext generationof thesystem.

2. OVERVIEW
TheAGILO RoboCupteamis realizedusinginexpensive,off the

shelf,easilyextendiblehardwarecomponentsanda standardsoft-
wareenvironment.Theteamconsistsof four PioneerI robots;one
of themis depictedin �gure 1(a). The robot is equippedwith a
singleonboardlinux computer(2), awirelessethernet(1) for com-
munication,andseveral sonarsensors(4) for collision avoidance.
A color CCD camerawith anopeningangleof 90

�

(3) is mounted
�x on therobot. The robotalsohasa guiderail (5) anda kicking
device (6) thatenabletherobotto dribbleandshoottheball.

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

Besidesgiving usa substantialhandicapin thegames,thehard-
warealso confrontsus with challengingresearchproblems. The
camerasystemwith an openingangleof 90

�

and pointedto the
front givesan individual robot only a very restrictedview of the
gamesituation. Therefore,the robot needsto cooperateto get a



more completepicture of the gamesituation. Vibrationsof the
camera,spotlight effects,andpoor lighting effectscausesubstan-
tial inaccuracies.Even small vibrationsthat causejumpsof only
two or threepixel linescausedeviationsof morethanhalf a meter
in thedepthestimation,if theobjectsareseveralmetersaway. The
robotsarenonholonomicwhich implies that reachingmany target
positionsrequirescomplex andaccuratedriving maneuvers. As a
consequence,simpleheuristicsfor decidingwhichrobotshouldget
to theball andhow donotwork well.
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Figure2: Software architectureof an AGILO robot controller.

Themainsoftwarecomponentsof theAGILO robotcontrollers
aredepictedin �gure 2. Theincomingvideostreamsareprocessed
by the vision-basedcooperative stateestimationmodule, which
computesthebeliefstateof therobotwith respectto thegamesitua-
tion. Theactionselectionmodulethencomputesanabstractfeature
descriptionof theestimatedgamestatethat canbeusedto recog-
nizerelevantgamesituations.Therearetwo basiccomponentsfor
actionselection.First, thesituatedactionselectionmoduleselects
action basedon a limited horizon utility assessment.Second,a
plan-basedcontrollerthat enablesthe teamto executemorecom-
plex andlearnedplays.Thesections3-5 detailthesoftwaredesign
andtheoperationof thesesoftwarecomponents.

3. VISION­BASED,COOPERATIVE GAME
STATE ESTIMATION

The gamestateestimatorsof the AGILO robotsmaintaina be-
lief statethatcontainstherespectiverobot'sbeliefaboutthecurrent
gamesituation[16]. The belief stateincludesthe estimatedposi-
tions andorientationsof the robot itself, its teammates,the ball,
andtheopponentrobotsandprovidesthe informationthat is nec-
essaryfor selectingtheappropriateactions(see�gure 3).
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Figure3: Software architectureof the stateestimator.

Estimatingthe gamestateboth accuratelyand reliably is very
dif�cult becausethestateis to beestimatedby multiple mobilein-
accuratesensorswith uncertainpositions,the soccer�eld is only

partly accessiblefor eachsensordueto occlusioncausedby other
robotsanda limited cameraview, the robotschangetheir direc-
tion andspeedvery abruptly, themodelsof thedynamicstatesof
the robotsof the other teamarevery crudeanduncertain,and it
requirestheprocessingof vastamountsof dataveryquickly.

Stateestimationis an iterative processwhereeachiteration is
triggeredby thearrival of a new pieceof evidence,a capturedim-
ageor astateestimatebroadcastedby anotherrobot.Thestateesti-
mationsubsystemconsistsof threeinteractingestimators:theself
localizationsystem,the ball estimator, andthe opponentsestima-
tor. This decompositionof gamestateestimationinto specialized
estimationproblemsreducestheoverall complexity of thestatees-
timation processand enablesthe robots to exploit the structures
andassumptionsunderlyingthedifferentsubtasksof thecomplete
estimationtask. The remainderof this sectiondescribesthecom-
ponentsof thegamestateestimator.

3.1 Perception
Theinformationneededfor gamestateestimationis providedby

theperceptionsystemandincludesthefollowing kindsof informa-
tion: (1) partialstateestimatesbroadcastedby otherrobots,(2) fea-
ture mapsextractedfrom capturedimages,and(3) odometricin-
formation.Theestimatesbroadcastedby theteammatescomprise
therespective robot's location,theball's location,andthelocations
of the opponents.From the capturedcameraimagesthe feature
detectorsextractproblem-speci�cfeaturemapsthatcorrespondto
(1) staticobjectsin theenvironmentincludingthegoal,theborders
of the�eld, andthelinesonthe�eld, (2) acolorblobcorresponding
to theball, and(3) thevisualfeaturesof theopponents.

Figure4: The �gur eshowsan imagecapturedby the robot and
the feature map that is computed for self, ball, and opponent
localization.

Theworkinghorseof theperceptioncomponentareacolorclas-
si�cation andsegmentationalgorithmthatis usedto segmentacap-
turedimageinto coloredregionsandblobs(see�gure 4). Thecolor
classi�er is learnedin a trainingsessionbeforetournamentsin or-
derto adaptthevisionsystemto speci�c lighting conditionsandef-
fects.Wearecurrentlyworkingonthenext versionof theclassi�er,
which will becapableof automaticallyadjustingitself to changing
lighting conditionsduringthegame.

3.2 Self Localization



Eachrobot's belief about its own position is maintainedas a
probabilitydensityfunctionthatmapsthepossiblepositionsof the
robot into the probability densitythat the respective positionhas
generatedthe observationsof the robot and is causedby the se-
quenceof driving actionsissuedby therobot.Theprobabilityden-
sity is approximatedby amulti-variateGaussiandensityandrepre-
sentedusingits meanvector

�

�

andits covariancematrix ���

� .
The robot's model of the static part of its environmentthat is

usedfor self localizationis composedof landmarkstogetherwith
theirpositionsandorientations.Thelandmarksincludegoals,�eld
lines,andwalls surroundingthepitch. Figure5 depictsanexcerpt
of the environmentmodel representingthe neighborhoodaround
a goal, which is usedfor self localizationin the robot soccerdo-
main. The goal is modeledasa setof 3D lines whereeachline
is associatedwith a color transition.Using theworld modelanda
positionestimate,therobotcanpredictwherein a capturedimage
linesshouldbevisibleandwhichcolor transitionthey represent.
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Figure 5: Model of the neighborhood of a goal. The model
contains the edgesof the objects and the color transition they
are the borderline of.

Theself-localizationalgorithm[6] itself consiststheiterationof
threesteps.First, the visible 3D curve featuresarepredictedand
projectedinto theimageplanegiventhecurrentestimatedposition.
Second,a local searchis performedto establishcorrespondences
betweenthe predictedand detected3D curve features. Third, a
maximuma-posteriori(MAP) estimationstep computesan esti-

mate
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�

�

of therobotposewhich best�ts to thepositionprediction
�	�

�

��


andto theimageobservations �


���� �

.

3.3 Opponent Tracking
The opponenttracker tracks the positionsof the other team's

robotsby (1) detectingfeatureblobs in the capturedimagethat
might correspondto an opponent,(2) estimatingthe world coor-
dinatesanduncertaintiesof theseblobs,and(3) associatingthem
with theobjecthypotheses— trackedopponents.

Roughplay ground,cameravibrationscausedby accelerations,
unknown shapesof the opponentrobots,andunpredictableoppo-
nentmovementscausealot of uncertainty. Therefore,thestateesti-
matorhasto dealwith two differentkindsof uncertainties.The�rst
oneis theinaccuracy of therobot's sensors.Werepresentthis kind
of uncertaintyusing a Gaussianprobability density. The second
kind of uncertaintyis introducedby thedataassociationproblem,
i.e. assigningfeatureblobsto objecthypotheses.This uncertainty
is representedby ahypothesestreewherenodesrepresenttheasso-
ciationof a featureblob with anobjecthypothesis.A node �

�
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is asonof thenode�

�
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if �
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resultsfrom theassignment
of an observed featureblob with a predictedstateof the hypothe-
sis �

�

�������




. In orderto constrainthegrowth of thehypotheses
tree, it is prunedto eliminateimprobablebrancheswith every it-
erationof theMHT. Our MHT Algorithm (anextensionof Reid's
Multiple HypothesesTracking(MHT) algorithm[13]) is capableof
handlingmultiplemobilesensorswith uncertainpositions.Eachit-

erationbeginswith thesetof hypotheses� �������




from theprevious
iteration ����� . Eachhypothesisrepresentsa differentassignment
of measurementsto objects,which wasperformedin thepast.The
algorithmmaintainsa Kalman�lter for eachhypothesis.For each
hypothesisapositionof thedynamicobjectsis predicted  

!��

���




and
comparedwith thenext observed opponentperformedby anarbi-
trary robot of the team. Assignmentsof measurementsto objects
areaccomplishedonthebasisof astatisticaldistancemeasurement.
Eachsubsequentchild hypothesisrepresentsonepossibleinterpre-
tation of the setof observed objectsand,togetherwith its parent
hypothesis,representsapossibleinterpretationof pastobservations
assignedto theobject.With every iterationprobabilitiesdescribing
thevalidity of anhypothesisarecalculated[4].

3.4 CooperativeStateEstimation
Thestateestimationmodulesof differentrobotscooperateto in-

creasethecoverage,accuracy, andreliability of theestimationpro-
cess.This is achieved by the individual robotsbroadcastingtheir
own observationsand their covariancesto their teammates. The
otherrobotsusethesebroadcastedestimatesasadditionalevidence
for their own estimationprocesses.Of course,how to weigh the
broadcastedestimatesagainsttheown perceived featuresis a sub-
tle anddelicateissue.For example,we areweighingtheown esti-
matesof theball muchhigherthanthebroadcastedestimates.This
implies that in behaviors suchasgoing to theball thecontrol sig-
nalsaremuchtighter coupledto the robot's own perception.The
otherrobots' estimatesof theball areonly consideredasstronger
evidenceif theball is farawayfrom therobotitself or notvisibleat
all. We arecurrentlyanalyzingthe advantagesanddisadvantages
of different parameterizationsusing our log �les of the robocup
competitionin thisyear.

Despitecrudeparameterizations,the cooperationbetweenthe
robotsenablesthemto track temporarilyoccludedobjectsandto
fasterrecover their positionafter they have lost trackof it. A rep-
resentative resultof our cooperative gamestateestimationprocess
is shown in �gure 10.

4. SITUATED ACTION SELECTION
AND EXECUTION

ThroughoutthegametheAGILO robotshavea �x edsetof tasks
with differentpriorities. Thetasksareshoottheball into thegoal,
dribble theball towardsthegoal, lookfor theball, block thewayto
thegoal, get theball, ... Thesituatedactionselectionmoduleen-
ablestherobotsto selectataskandto carryoutthetasksuchthatin
conjunctionwith theactionsof the teammatesit will advancethe
team's objectivesthemost. We considera taskto be the intention
of theAGILO robot teamto performa certainactions.Action se-
lectionandexecutionis constrainedby (1) tasksbeingachieveable
only if certainconditionshold (eg, therobothastheball) and(2) a
robotbeingableto only executeoneactionat a time.

We de�ne that a task assignment"$# is betterthan "&% if there
existsa taskin "

% thathaslower priority thanall theonesin "
# or

if they achieve the sametasksbut thereexists a task � in "$# such
that all taskswith higherpriority areperformedat leastasfastas
in "

% and � is achieved fasterby "
# thanby "

% . This performance
criterionimpliesthat if anAGILO robotcanshoota goalit always
will try becausethis is thetaskwith thehighestpriority. Also, if the
AGILO teamcanget to theball it tries to get therewith the robot
that can reachthe ball the fastest. This strategy might not yield
optimal assignmentsbut guaranteesthat the highestpriority tasks
areachievedasquickly aspossible.

To achieve a high degreeof autonomythe AGILO robotsper-



form the taskassignmentandexecutiondistributedly on the indi-
vidual robots.This makesthetaskassignmentmorerobustagainst
problemsin inter robot communication. Theseproblemscan be
causedby robotsbeingsentoff the�eld, computersbeingcrashed
afterheavy collisions,andcommunicationbeingcorrupteddueto
interferenceswith othercommunicationchannels.

Themostsalientfeaturesof thesituatedactionselectionarethe
following ones.First, to realizea competentandfasttaskassign-
mentandexecutionmechanismthe AGILO controllersmake am-
ple useof automaticlearningmechanisms.Second,the task as-
signmentmechanismworks distributedly on the individual robots
andarerobustagainstcommunicationcorruptions.Finally, thetask
assignmentandexecutionmechanismalwaysproducespurposeful
behavior andalwaysaimsat theachievementof highpriority tasks.

4.1 AGILO Simulator: a Tool for Learning
An importantmeansfor developingcompetentrobotsoccerskills

is a robot simulatorthat allows for realistic,controllable,andre-
peatableexperiments.For this reasonwe have developeda robot
simulatorthat accuratelysimulateshow the dynamicstateof the
robotchangesastherobot'scontrolsystemissuesnew drivingcom-
mandssuchassettingthetargettranslationalandrotationalveloci-
ties.TheAGILO softwaredevelopmentenvironmentthereforepro-
videsa robotsimulatorthatusesmulti layerneuralnetwork [7] to
simulatethedynamicsof theAGILO soccerrobots.We have used
theRPROPalgorithm[14] for supervisedlearningin orderto teach
theneuralnet themappingdynamicstatesandcontrolsignalsinto
thesubsequentstates.

For specializingthesimulatorto theAGILO robotswehaveper-
formedatrainingsessionin whichwehavecollectedatotalof more
than10000trainingpatternsfrom runswith realAGILO robotsfor
a largevarietyof navigationtasks.Usinga testsetof patternsthat
wasnot containedin the trainingpatternswe determinedthatpre-
dictionfor thepatternsfor moderatelydif�cult navigationtaskswas
about99%. The accuracy decreasedto about92% in situations
whereboth velocities, the translationaland rotationalone, were
changedabruptlyat thesametime. Theseinaccuraciesarecaused
by the lack of representative training patternsaswell asthe high
variancein navigationbehavior with maximalacceleration.

4.2 Task Assignment
A very simplealgorithm suf�ces to computetask assignments

thatsatisfytheperformancecriterionthatwehave statedbefore:
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The algorithmworks asfollows. In the beginning of eachiter-
ation the action of eachAGILO robot is resetto idle. Then the
algorithmiteratesoverall tasksin theorderof theirpriority. It then
assignsthe taskto the idle AGILO robot thatcanachieve the task
the fastest.The taskassignmentalgorithmdoestwo things: �rst,
it computesthetaskthatshouldbeachievedby therobotitself and
second,it computeswhich higherpriority taskswill probablybe
achievedby whichotherrobot.

The algorithmassumesknowledgeof the costof taskachieve-
ment.For robotsoccerwede�ne thecost %'�	� � ���

�

�

"

� 


of a robot �

�

performinganaction "

�

asthe time neededto completeanaction
"

�

, that is, thetime to reacha giventargetstate.To make accurate
predictionsa robothasto take its dynamicbehavior, theintentions
of its teammates,andpossibleopponentmovementsinto account.

TheAGILO taskcostestimatorperformsthreesteps.First, the

a b c

Figure 6: A training scenarioin the multi robot simulation environ-
ment: To acquiretraining patterns for the neural projector * a robot is
setto a randomly de�ned start state + , (position of the robot in sub�g-
ure a) and hasto dri ve to a randomly de�ned target state +.- indicated
by the dashedarrow. The dir ection and length of this arrow indicate
the target state's orientation and velocity. The time the robot needsto
reachits target state(sub�gur eb & c) is taken to completethe training
pattern /�/0+1,�23+ -54 ,time4 .

selectionof the multi robot navigation methodthat matchesthe
gamestatebest. By taking the estimatedgamestateinto account
thecostestimatorcantake evenexpectationsaboutthemovements
of the opponentsinto account. Second,computinga path in the
context of thenavigationpathsof theteammates.This is doneby
computingnavigation pathsthatavoid negative interferenceswith
the pathscomputedfor the higherpriority tasks(seesection4.3).
Third, the proposedpath is then decomposedinto a sequenceof
simplernavigationtasksfor which thetime costcanbeaccurately
predictedusinga 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 patternsgeneratedfrom accomplishingrandom
navigationtasksin thelearnedsimulator(see�gure 6).

4.3 Multi Robot Navigation Planning
Eachrobotalsoemploys a multi robotnavigationplannerin or-

derto planits own pathin thecontext of theintentionsof theteam
mates.Theplanneris givena joint navigationtaskthatspeci�esa
targetstate(position,orientationandvelocity) for eachrobotof the
team. Theobjective of thenavigation systemis to achieve a state
whereeachrobotis at its targetstateasfastaspossible.

4O

2O

3O

1O

start

target

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

But which navigation planningmethodshoulda robot apply to
achieve its objectives? Contemplate�gure 7. The �gure depicts
a singlerobot navigation taskin a typical gamesituationandthe
navigation plansproposedby differentnavigation planningalgo-



rithms with differentparameterizations.The �gure illustratesthat
thepathscomputedby thedifferentmethodsarequalitatively very
different.While onepathis longerandkeepslargerdistancesto the
closestobstaclesanotheroneis shorterbut requiresmoreabruptdi-
rectionalchanges.Theperformancethat thepathsaccomplishde-
pendson many factorsthattheplanningalgorithmshave not taken
into account.Thesefactorsincludewhethertherobotis holonomic
or not, the dynamicpropertiesof the robot, the characteristicsof
changein theenvironment,andsoon. As a consequence,it seems
impossibleto analyticallypredictwhich navigation algorithmand
parameterizationworksbestfor ourapplication.

Ratherthandesigningyet anothermulti robot navigation algo-
rithm we have decidedto equipthe AGILO robotswith a hybrid
robotnavigationplanningsystem.Thesystem[3] employs differ-
ent singlerobotnavigation andplanmerging mechanismsandse-
lectstheappropriatemethodsbasedon anassessmentof thegiven
navigation taskandgamesituation. This way the systemcanex-
ploit thedifferentpropertiesof theindividual methodsby learning
for whichnavigationtasksthemethodsarebestsuited.

Theplanningmethodsemployedby theAGILO navigationsys-
temincludethePotentialFieldMethod[9], theShortestPathMethod
[9], CircumnavigatingObstacles[9], andMaximizingthe Clear-
ance[9]. Plan merging and repair methodsincludemethodsfor
mergingplansthataddwaitingstepsin orderto avoid interferences.
Path replanningmethodsrevise the individual planssuchthat no
negative interferenceswill occurincludethe De�nition of Tempo-
rary Targets, the Hallucination of Obstaclesat Critical Sections,
andtheInsertionof New Obstacles. The�rst onemodi�es thepath
by introducingadditionalintermediatetarget points. The second
onehallucinatesadditionalobstaclesat the positionswherecolli-
sionsmight occur. The third onesimply considerstheotherrobot
at its respective positionasa staticobstacle.

The predictive modelof the expectedperformanceof different
navigation planningmethodsis 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 4 )

Thisruleessentiallysaysthatthepotential�eld methodis appro-
priateif thereis only oneintersectionandthejoint navigationprob-
lem coversat mostonefourth of the�eld, andthetargetpointsare
closeto eachothers.This is becausethepotential�eld algorithm
tendsto generatesmoothpathsevenfor clutteredneighborhoods.

We have learneda setof 10 rulesincludingtheoneabove using
thedecisiontreelearningC4.5algorithm[12] with standardparam-
eterizationandsubsequentrule extraction. To do so we have col-
lecteda training setof 1000datarecords,whereeachdatarecord
containeda descriptionof a randomlygeneratednavigation task
andthe time resourcesrequiredto completethetaskfor eachpos-
siblecombinationof navigationplanningandplanrepairmethod.

Thelanguagefor characterizingnavigationtasksuses7 features
(see�gure 8): (1) thenumberof intersectionsbetweentheline seg-
mentsthatrepresentthenavigationtasks,(2) thesizeof thebound-
ing box of thenavigationtasks,(3) theminimal lineardistancebe-
tweendifferentstartingpositions,(4) the minimal linear distance
betweendifferent target positions, (5) the minimal distancebe-
tweentheline segmentsthatrepresentthenavigationtasks,(6) the
maximumlengthof thelineardistancesof theindividualnavigation
tasks,and(7) the numberof obstaclesin theboundingbox of the
joint navigationtask.
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Figure8: Visualization of navigation task featuresthat areused
for classifyingnavigation tasks.

To sumup, theAGILO multi robotnavigationalgorithmworks
as follws. First, the appropriateplanningmechanismis selected
basedon theassessmentof thegivennavigationtaskandthesitua-
tion in which it is to beexecuted.In thesecondstep,thejoint nav-
igation taskis decomposedinto singlerobotnavigationproblems.
The individual problemsare thensolved using the selectedplan-
ning methods.Then,the individual plansarerepairedin orderto
avoid negative interferenceswith thehigherpriority plans.Finally,
the algorithmextractssequencesof target statesfrom the robot's
own navigationplanandsendsthosesequencesto therobot'sneural
network controller, which is furtherdescribedin thenext section.

4.4 Executionof Navigation Plans
The robot motion controllers areusedfor achieving given dy-

namic statesas fast as possible. The motion controller receives
the target state(for example,the next stateon a plannedpath)of
a robotandreturnslow level commandsthattransformthecurrent
stateinto the target stateas fastaspossible. To arrive at the tar-
getstatedifferenttrajectoriesarepossible.But how to setthemto
quickly reachthe targetstate?TheAGILO robotcontrollerslearn
a directmappingfrom therobot's currentstate( ��� ) andtherobot's
target state( �

-��

�����

-
) to thenext commandto be executed( �

�
) us-

ing multi layer arti�cial neuralnetworks [7] andthe RPROP[14]
algorithm:Net: ���

�

�

�
-��

�����

-�� � !
�

�
.

5. PLAN­BASED CONTROL
While oursituatedactionselectionaimsatchoosingactionsthat

have thehighestexpectedutility in therespective situationit does
not take into accounta strategic assessmentof the alternative ac-
tions andthe respective intentionsof the teammates.This is the
taskof theplan-basedactioncontrol. While situatedactionselec-
tion achievesanimpressivelevel of performanceit is still hampered
by therequirementfor smallactionandstatespaces,a limited tem-
poral horizon,and without explicitly taking the intentionsof the
teammatesinto account.

The goal of plan-basedcontrol in robotic socceris thereforeto
improve the performanceof the robot soccerteamby addingthe
capabilityof learningandexecutesoccerplays. Soccerplaysare
properlysynchronized,cooperative macroactionsthatcanbeexe-
cutedin certaingamecontexts andhave, in thesecontexts, a high
successrate.Plansfor soccerplaysspecifyhow theindividualplay-
ersof a teamshouldrespondto changinggamesituationsin order
to performtheplay successfully.

The integrationof soccerplaysinto thegamestrategiesenables
robot teamsto considerplay speci�c statespacesfor actionselec-
tion, parameterization,andsynchronization.In addition,the state
spacecanre�ect the intentionsof theotherrobots.An actionthat
is typically badmight be very goodif I know that my teammate
intendsto make a particularmove. Further, action selectioncan
considera wider time horizont, and the robotscan employ play



speci�c routinesfor recognizingrelevantgamesituations.
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Figure9: Block diagram of the high-level controller of the AG-
ILO soccerrobots.

In orderto realizeanactionassessmentbasedon strategic con-
siderationandonconsiderationsof theintentionsof theteammates,
wedeveloparobotsoccerplaybook,alibrary of planschematathat
specifyhow to performindividual teamplays. The plans,or bet-
terplays,aretriggeredby opportunities,for example,theopponent
teamleaving onesideopen. The playsthemselvesspecifyhighly
reactive, conditional,andproperlysynchronizedbehavior for the
individual playersof theteam.

The high-level controller of eachsoccerrobot is realizedas a
structuredreactive controller(SRC)[1] andimplementedin anex-
tendedRPL plan language[10]. The high-level controllerworks
as follows. It executesas the default strategy the situatedaction
selection. At the sametime, the controller continually monitors
the estimatedgamesituationin order to detectopportunitiesfor
makingplays. If anopportunityis detected,thecontrollerdecides
basedon circumstancesincludingthescoreandtheestimatedsuc-
cessprobabilityof theintendedplay whetheror not to performthe
play.

6. DEMONSTRATION
TheAGILO robotsoccerteam,describedin this paper, haspar-

ticipatedin the �fth robot soccerworld championshipin Seattle
(2001). The teamhasplayedsix gamesfor a total of about120
minutes. The teamadvancedto the quarter�nals playing games
againstSharif CE (7:0), SPQR(7:0), Eigen(0:4), Ulm Sparrows
(7:0), GMD Robots(1:1), andCOPSStuttgart(0:1). In the tour-
namentnoneof theAGILO playerswassentoff the �eld because
of causingcollisionswith opponentplayersor not leaving penalty
areain time. Most of the occasionsin which the AGILO players
had to be taken off to be restartedseemedto be causedby hard-
wareproblems.Unfortunately, in midsizerobotsoccerthereis no
externalsensingdevice which recordsa global view of the game
andcanbeusedasthegroundtruth for experiments.Thusfor the
experimentalresultsin this sectionwe canonly usethesubjective
informationof our robotsandarguefor theplausibilityof their be-
havior andbelief states.

6.1 GameStateEstimation
A typical resultof theAGILO gamestateestimatoris shown in

�gure 10. The upperpicture shows the tracked positionsof the
AGILO playersandtheball. Thelower pictureshows theindivid-
ual observationsof the opponentrobots. The colorsof the obser-
vationsindicatewhich AGILO robot the observation made. The
dashedlinesshow the tracksof theopponentrobots. You have to
look at thecolor �gures in orderto seetheindividual observations
of the different robotsandhow they aremergedinto a consistent
track.Qualitatively, wecanestimatetheaccuracy of thegamestate
estimationby looking for the jumps in the tracked lines. We can

seethat the own tracksaresmoothandcanthereforebe expected
to be accurate.Also, the tracksof the ball look very reasonable.
Thetracksof theopponentsarelessaccurateandonly partial.This
mustbeexpecteddueto thehigh inaccuracy andincompletenessof
the sensorydataandthe lack of odometrydata. Onecanseethat
theblueAGILO robotoccasionallyperceivedtheAGILO goalieas
anopponentplayer.

Figure 10: Resultsof the gamestateestimation processduring
a thirty secondsgameepisodeagainstUlm Sparrows in which
the AGILO team scoresa goal. The upper pictur e shows the
resultsof the self localization processesof the individual robots
and the tracking results for the ball (dotted lines) The lower
pictur eshows the resultsof tracking the opponentplayers.

Weareverypleasedwith theperformanceof ourgamestateesti-
mationmodule.Theself localizationsof therobotsseemsto work
veryaccuratelyandreliably. Thereareveryfew jumpsin thetracks
which would indicatelocalizationerrors. The sameholdsfor the
ball track. As can be expected,tracking the opponentplayersis
much more dif�cult. It is very hard to extract the tracksout of
thecloudsof differentobservations.However, we seethatseveral
tracksresultedfrom merging the observationsof differentrobots.
In addition, the merging of the different observations resultsin
fewer hallucinatedobstaclesandthereforeallows for moreeffcient
navigationpaths.

Our preliminaryresultssuggestthatpurely image-basedproba-
bilistic estimationof complex gamestatesis feasiblein real time
even in complex and fast changingenvironments. We have also
seenthatmaintainingtreesof possibletracksis particularlyuseful
for estimatinga globalstatebasedonmultiple mobilesensorswith
positionuncertainty. Finally, we have seenhow the stateestima-
tion modulesof individual robotscancooperatein orderto produce
moreaccurateandreliablestateestimation.

Thereareseveralwaysin which we intendto advanceour game
estimationmethods.First of all, we wantto betterunderstandhow
the actionmodelsfor the opponentplayersandthe parametersof



thealgorithmsshouldbesetto producebetterresults.It is alsoan
openquestionhow we coulduseprior informationsuchthat there
areatmostfour opponentrobotson the�eld or thereis mostof the
time an opponentin its own goal areacanbe usedto obtainbet-
ter results.Anotherimportantaspectis thateffective play requires
the teamto alwaysknow wheretheball is. We want to develop a
methodfor active ball localization. Thuswhenever the teamdoes
not know wherethe ball is it shouldlook for it in a goal directed
way. Onepossibleway to do this is to chooseactionssuchthat
the actionsreducethe entropy in the probability distribution over
theball's position[5]. Yet anotherextensionis to enablestatees-
timationto dealwith ambiguousstates.This couldbeachievedby
runningaMarkov localizationprocessin parallel.Finally, wewant
to improve theperceptualcapabilitiesof therobotsthroughanon-
line mechanismfor theadaptationof colorclassi�cation.

6.2 Action Selection
Theactionselectionis even moredif�cult to evaluate.A weak

indicationof thecoherenceof coordinationis thenumberof robots
performinggo2ball at thesametime. Ideally thereshouldalways
be exactly one robot going for the ball if the teamknows where
theball is. Thestatisticsextractedfrom thelog �les of theSeattle
tell us that 98.64%of the cyclesexactly one robot wasgoing to
theball, in 0.34%no robot,andin 1.02%of thecyclesmorethan
one.Theaveragedurationthata robotperformsgo2ballor handles
the ball without beinginterruptedby a decisionof a fellow robot
is 3.35seconds.In only 0.25%of the time a robot that is stuckis
determinedto go for the ball by the other robots. Thieseresults
suggestthat the taskassignmentalgorithmtogetherwith our task
costestimationmechanismworkswell.

a

c d

b

Figure 11: An examplefor intelligent cooperationin a real robot soc-
cer environment. Robot2 approachestheball (sub�gur ea)and thereby
collideswith a robot of the opponent team (b). As the opponent robot
constantly pushesrobot 2 is stuck and temporary not regardedby the
other robots. Thus robot 3 movestowards the ball while robot 2 tries
to get unstuck (c). Finally robot 3 dribbles towards the opponentgoal
while robot 2 is staying back in its own half (d).

Figure 11 shows a kind of situationthat hasoccurredseveral
timesduring theRoboCupandis replayedin theAGILO simula-
tor. Robotnumber2 is supposedto be the fastestto get the ball
andthereforeapproachestheball (�g. 11a). Neartheball robot2
collideswith anopponentrobot.Robot2 is in a deadlocksituation

andcannotmove forwardanymore.Theonly actionfeasibleto ex-
ecuteremainsget unstuck. Thusrobot 3 approachestheball now
(�g. 11b)Having reachedtheball robot3 dribblestowardstheop-
ponentgoalwhile robot2 is moving backwards(�g. 11c): Further
onrobot2 is nomorestuckandrobot3 is still dribbling. Bucketal.
[3] presentmoreconclusive resultsobtainedin theRoboCupsim-
ulation leaguethatshow that the teamperformanceusingthe task
assignmentalgorithm degradesgracefully as the corruptionlevel
for communicationis increased.They alsoshow how the taskas-
signmentalgorithmachievesmorecomplex patternsof cooperation
suchasdoublepasses.

We have alsoevaluatedour learnedhybrid multi robot naviga-
tion systemin the AGILO robot simulator. To do so, we have
comparedits performancewith the performanceobtainedby the
individual navigation methods.The resultsareshown in table1.
We have performeda bootstrappingt-testbasedon 1000different
joint navigationtasksto empiricallyvalidatethatthehybridnaviga-
tion plannerperformsbetterthantheindividual planningmethods.
Basedon theseexperimentswe obtaineda 99.9%con�dence in
the testset(99.9%in the trainingset)that thehybrid methodout-
performsthepotential�eld method(with its respective parameter-
ization). Therespective probabilitiesfor theshortestpathmethod
are 99.9%(99.9%), for the maximumclearancemethod99.84%
(99.71%),andfor theviapointmethod96.25%(94.62%).Thisval-
idatesour hypothesisthat the hybrid plannerdominatesthe other
planningmethodswith statisticalsigni�cance( ������� ).

Algorithm Meantime (1000problems)
� /sec signi�cance
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SimplePotentialField 15.92 99.99%
ShortestPath 13.14 99.99%
MaximumClearance 12.31 99.84%
Viapoint 11.95 96.25%
DecisionTree 11.44

Table1: Resultsof four evaluatedalgorithms and the trained decision
tr ee.The signi�cance level is basedon a t-test.

Besidesthe performancethe frequency with which the AGILO
systemselectsactionsis alsoimpressive. Thereareon average4-
5 actionselectioncyclesper seconddespitethe sophisticationof
taskcostpredictionandmulti robotnavigation. This speedcanbe
reachedbecausetheresultsof complex computationsareestimated
throughneuralnetworks anddecisiontreesthathave beentrained
usingexperience-basedlearningmechanisms.

Sofar our plan-basedcontrolmechanismshave only beapplied
in the AGILO robocupsimulatorandnot yet in extensive experi-
ments. Our next stepsin the advancementof our actionselection
mechanismsaretheautonomouslearningof morecomplex learn-
ing tasks,suchasdribbling towardstheopponentgoalandshoot-
ing in theright momentin theright cornerandgettingtheball away
from thewall. Anotherimportantissueis actionselectionunderun-
certainty. Theskills thatwe have learnedso far wereall acquired
with thesimulatorusingaperfectworld model.Webelieve thatwe
canlearnmuchbetterskills if our simulatorcanalsolearnproba-
bilistic modelsof theAGILO stateestimationprocesses.To learn
sucha probabilisticperceptionmodelwe needhowever a ceiling
camerathatrecordsthegroundtruththattheestimatedstatescanbe
comparedto. Finally, webelievethatin orderto acquiremoreskills
moreautonomouslyit is crucial to betterintegratelearningmech-
anismsinto robot control languages.To this end we extend our
plan-basedcontrollanguageRPLsuchthatit is capableof declara-



tively specifyinglearningproblemswithin thecontrolroutines.

7. RELATED WORK
The researchdescribedin this papercanbe discussedwith re-

spectto several dimensions.Within the robot soccerapplication
we cancompareit with thecontrol techniquesemployed by other
mid-sizeteamsandthoseemployedby teamsplaying in thesimu-
lator andthe small size league. In addition,we will comparethe
systemwith otherautonomouscontrolsystemsthatsharethecon-
trol principlesthatthey apply.

In the mid-sizeleaguemost competingteamsapply behavior-
basedcontrol techniquesandavoid the problemof estimatingthe
completegamestatewith theCSFreiburg teambeinganotableex-
ception[11]. However, becausethe Freiburg teamis usingLaser
range�nders as their primary sensors,which are very accurate
in depthestimation,they get away with a simpler stateestima-
tion mechanismin which canassumealmostperfectsensorswith
known positions. Most othermid-sizeteamscoordinatethe play
of their teammatesby negotiatingor assigningrolesto thediffer-
entplayers[8]. In contrast,in theAGILO teamthecoordinationis
implicit andbasedon a sophisticatedcostestimatefor taskassign-
ment.TheAGILO teamis alsodistinguishedin themid-sizeleague
with respectto its extensive useof learningandplan-basedcontrol
mechanisms.Technologically, theAGILO softwaresharescontrol
mechanismswith teamsin the simulatorleague. In particular, it
appliessimilar learningtechniquesastheKarlsruheBrainstormers
[15]. The useof suchtechniquesin autonomousrobot socceris
much more dif�cult due to the dif�culties in obtainingsuf�cient
training data,high variancesin physicaleffects, extremely noisy
sensors,andtheincompletenessof availableinformation.

With respectto thesoftwarearchitectureandemployedsoftware
techniquestheAGILO controlsoftwaresharescommonalitieswith
autonomousrobotic agentssuchas the extendedRHINO control
system[2]. TheRHINO system,too,makesextensive useof prob-
abilistic stateestimation,hasa default mechanismfor action se-
lection,andplan-basedcontrolmechanism.TheAGILO software
extendsthiswork in thatit appliesthesetechniquesto amulti robot
controlproblemin a verydynamicandadversaryenvironment.

8. CONCLUSION
This paperhasdescribedanddiscussedthe control softwareof

the AGILO autonomousrobot soccerteam. Similar to advanced
autonomousroboticagentsactingin humanworking environments
theAGILO teamemployssophisticatedstateestimationandcontrol
techniques,includingexperience-basedlearningandplan-basedcon-
trol mechanisms.

Wehaveshown thattheapplicationof probabilisticstateestima-
tion techniquestogetherwith information exchangebetweenthe
robotsresultsin gamestateestimatorsthatarecapableof estimat-
ing completestatesincluding robotswith surprisingaccuracy and
robustnesseven with restrictive and noisy camerasystems. We
have alsoseenthattheambleuseof experience-basedlearninghas
resultedin powerful controlmechanisms,includingcompetentco-
ordination,with little runtimecomputationalcost.Finally, wehave
explained how plan-basedcontrol mechanismswill enhancethe
robot's playing skills by enablingthe robotsto performcomplex
soccerplays. The resultsof the 2001 robot soccerworld cham-
pionshiphave shown that thesetechniquesallow for competitive
soccerplaydespiteaninferior hardwareequipment.
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