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Abstract. As in the previous years, the RoboCup Soccer Simulation League
team RoboLog consists of a C++ low level and a Prolog higher level part. For
implementation of reactive skills of a soccer agent, we are making use of and
extending the idea of steering behaviors. In our team, we use these extended
steering behaviors, called inversesteeringbehaviors, for dribbling and obstacle
avoidance.

1 Introduction

With RoboCup2003,RoboLogKoblenzis participatingin thesimulatedsoccerworld
championshipfor the fifth time. As in the yearsbefore,high level decisionsin our
teamarespecifiedwith statechartsand implementedin Prolog.For lower levels, we
are using a C++ layer betweenProlog and the SoccerServer network interface.The
C++ parthandlestheparsingof messages,maintainsaconsistentworld model,andalso
implementsthelower level behaviorsof ourplayers.

Wehavestartedto reimplementtheRoboLog-Kernelfrom scratchbeforeRoboCup
2002,wherewe alreadyhavebeenusingit for our goalie.To supportgoal-directedde-
cisionmakingin theProloglevel,ourkernelprovidesbasicactionsthatcanmakeshort-
term decisionsfor obstacleavoidanceandskill optimizationautonomously. Currently
we areinvestigatingonmakinguseof steeringbehaviors [5] for makingshort-termde-
cisionswhile pursuingseveralgoalsat once(like keepingcontrolof theball, avoiding
opponentsandreachinga specificplaceat thesametime).

For thehigher-level partof our teamwe arecurrentlyinvestigatingwaysto specify
[2] andimplementsocceragents.While in thelastyearsgoalsof anagentwerespecified
implicitly in our architecture,we aremoving to a explicit representationof goalsthis
year. We hopethat thebenefitof this approachis aneasiermaintenanceof our Prolog
codebasebecauseseparateconcernscanalsoberepresentedseparately. Thegeneration
of goalsis driven by combinationof differentkinds of spatialinformation,which is
anotherresearchissuein our project[6].

In this paper, we focuson thesteeringpartof our team.In thesubsequentsections
we give a brief overview of theoriginal conceptof steeringbehaviors andpresentour
extensionof thisconcept,calledinverse steering behaviors, whichweusefor dribbling
andobstacleavoidance.
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2 Inverse Steering Behaviors

Steering is thereactive,non-deliberativemovementof physicalagents[3]. Reynolds[5]
definesahierarchicalmodelwheresteeringis responsiblefor pathdeterminationfor au-
tonomouscharactersin animationsandgames.In this hierarchy, thelayerbelow steer-
ing, calledlocomotion,is responsiblefor theactualimplementationof steeringgoals.
In SimulationLeague,thelocomotionlayer is realizedby usingtheSoccerServer low
level commands.

Thelayeron topof steering,calledactionselection,representsthedeliberativepart
of anautonomousagentanddealswith selectingtheappropriatestrategiesandplans.
In our framework, thetop layeris representedby a Prologimplementation.

Thesteeringlayerusuallyconsistsof a collectionof steering behaviors. Whenap-
plied, steeringbehaviors producea steeringvectorwhich servesasinput for the loco-
motionlayer. An advantageof steeringbehaviors is thatseveralonescanbecombined
to form a morecomplex behavior. A problem,however, is how this combinationactu-
ally canbe achievedwithout resultingin undesiredbehaviors. Reynolds[5] proposes
differentwaysof “blending” steeringbehaviors, e.g.usingtheir weightedaverageor
choosingonly onebehavior ata timeaccordingto givenpriorities.A hybridarbitration
schemeusingandextendingtheseideascanbefoundin [4], whereit is calledprioritized
acceleration allocation.

Whenexperimentingwith thesearbitrationmethodsfor implementinga dribbling
skill, we raninto severalproblems:

1. Trapsituationsdueto localminima(cyclic behavior).
2. No passagebetweencloselyspacedobstacles.
3. Oscillationsin thepresenceof obstacles.

To overcomethesedrawbacks,we extendedtheconceptof steeringbehaviors [1].
In the original approach,steeringbehaviors only take factsaboutthe environmentas
input andproducea singlesteeringvectorasoutput.Our approachadditionallytakesa
numberof differentsteeringvectorsasinputdenotingpossiblesolutionsfor thesteering
task.Basedonagivencriterion,eachdirectionproducesacertaincost.In turn,from the
calculatedcostwe producea rating for eachsteeringvectorasoutput.In principlewe
invertedtheprocessof eachsinglesteeringbehavior, whichis why wecall ourapproach
inverse steering behaviors. To executea singlebehavior, thesteeringvectorproducing
thesmallestcostis selected.

To achievecomplex tasks,severalinversesteeringbehaviorscanbecombinedsimi-
lar to theoriginalapproach.In ourcasetheproblemis not to combinedifferentsteering
vectorsor actions,but to mergetheratingsfor eachgivendirection.All relevantbehav-
iors for a taskhave to be executed,producinga rating for eachgivensteeringvector.
Merging theratingsis achievedwith a heuristicscombiningratingsof all involvedbe-
haviorsfor eachdirectionseparately. Theresultof applyingtheheuristicsfor eachgiven
steeringvectoris a list of ratingslike theoneproducedby a singleinversesteeringbe-
havior. Like in thecaseof singlesteeringbehaviors the“best” actioncanbechosenby
simplyselectingthesteeringdirectionminimizing thecost.



Theheuristicsemployedin theprocessof combiningseveralbehaviorsis dependent
on the numberof behaviors involved andspecificto the complex taskthat hasto be
achieved.

With an appropriateheuristics,merging the ratingsfor eachsingle behavior can
producebetterresultsthantheoriginal approachsimply addingup steeringvectorsor
selectingone.In caseswheretwo behaviors have conflicting desires,inversesteering
behaviors will selecta steeringvectorobeying eachof the behaviors to a degree,and
thusmakea reasonablecompromisefor all involvedbehaviors.

3 Navigation Using Inverse Steering Behaviors

Whenusing inversesteeringbehaviors the task of navigation in a clutteredenviron-
mentis modeledasacostminimizationproblem.For both,theseparateinversesteering
behaviors andthe overall navigation taskwe createheuristiccostfunctions,basedon
which the quality of a givensolutioncanbe measured.For a betterunderstandingof
the latter statements,we will subsequentlydiscussa navigationexample,wherecolli-
sionfreepathsareachievedusingtheobstacleavoidanceandseek(goalapproaching)
behavior.

In Fig. 1 we seea particularsituation,wherea robothasto decidein which direc-
tion to steer. Thedecisionof therobothasto satisfybothhiswill of avoidingcollisions
andtakingthefastestway to thegoal.Giventhediscreteset{θ1,θ2,θ3,θ4} of steering
directionsto beevaluated,we first applytheinversesteeringbehaviors obstacle avoid-
ance and seek separately. Theseinversesteeringbehaviors assigneachof the given
directionsa costwith respectto a criterionrelatedto theinherenttask.
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Fig. 1. Evaluation of directions to avoid obstacles.

For instancetheseek behavior assignscostsaccordingto thedifferencebetweenthe
directionα denotingthestraightpathto thegoalpositionandthecurrentlyprocessed
directionθi, which canbe expressedusingthe formula δi = ||α− θi||. Consequently



directionθ2 andθ3 receivefewercosts,astheirdeviationto α is smaller. In contrast,the
obstacle avoidance behavior assignscostsbasedon thenumberxθi of obstaclesin the
currentlyprocesseddirection.Asaresultθ2 receivesthecostvalue1dueto anoccurring
obstacle,whereasθ1,θ3 andθ4 areobstaclefreeandthusreceive thecostvalue0. The
numberxθi is derivedby assigningeachdirectiona rectangulararea.Theserectangular
areasrepresentapossiblepathto betakenby theagent.Thewidth andthelengthof each
rectangularareaarebasedontheagent’swidth andvelocity. Thefasterheis, thesooner
hemustanticipateapotentialcollision.Thisenablesusto extractinformationaboutthe
existenceof obstaclesveryeasilyusinga geometricalconstructionof theproblem.The
boundingsphereof eachobject in the nearrangeof the agentis intersectedwith the
rectangularregion of the currentlyprocesseddirectionin order to determineif it lies
insidethis region.All objectsthatfulfill thelastconditionareconsideredto bepossible
collisionpartners.Figure2 showsatrajectoryof adribblingagentusinginversesteering
behaviors to determineits path.

Fig. 2. Dribbling around static obstacles.

4 Conclusions and Future Work

In our paperwe presentedhow to implementskills of a socceragentusing inverse
steeringbehaviors.Theintroductionof inversesteeringbehaviors in [1] wasmotivated
by drawbacksof theoriginal steeringbehaviors asproposedby Reynolds.Our inverse
steeringbehaviors arestill reactive, fast to calculate,andeasyto combinewith each
other to build more complex behaviors. Becauseour agentsevaluateseveral options



beforesteering,the actionsto be performedare bettermotivated.Additionally, it is
easierto solve theproblemof arbitrationinherentto steeringbehaviorsusingcostsasa
measureof quality.

For futureworkweareplanningto investigateonusingmachinelearningtechniques
to simplify building heuristicsandto combineourhandcraftedbehaviorswith machine
learnedones.
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