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Abstract—This paper describesa test-bedfor technology
that unifies agentbasedcomputing and adaptive resource
managementfor dynamic real-time systems.We describe
a unified framework that combinesa hybrid agent based
architecturewith explicit resourceadapting mechanisms.

I . INTRODUCTION

SpaceMissionsof the
�������

Centurywill becharacter-
izedby constellationsof distributedspacecraft,miniatur-
ized sensorsand satellites,autonomousmobile robots,
increasedlevels of automationand intelligent on-board
processing.New technologywill be infusedto achieve
desiredlevels of autonomyand processingcapability.
Agent basedcomputingoffers the ability to decentral-
ize computingsolutionsby incorporatingautonomyand
intelligenceinto cooperating,distributedapplications.It
providesaneffective mediumfor expressingsolutionsto
problemsthat involve interactionwith real-world envi-
ronmentsand allows modeling of the world stateand
its dynamics. This model can be then usedto deter-
mine how candidateactionsaffect the world, and how
to choosethe best from a set of actions. Most agent
paradigmsoverlookreal-timerequirementsandcomput-
ing resourceconstraints.For areal-timesystem,theright
answerlateis wrong.Theeffectivenessof agentcomput-
ing canbe enhancedby combiningit with system-level
resourceallocationoptimizationapproaches.Adaptive
resourcemanagementapproachesfor real-timesystems
focus on guaranteeingthat real-time requirementsare
met with a particularset of computingresources,even
in dynamicallychangingenvironments.Theauthorsare
performingresearchwhich is unifying, for thefirst time,
the agentbasedcomputing paradigmwith the theory
of adaptive resourcemanagementfor dynamicreal-time
systems. This effort will producea resourcemanage-

mentmodelfor agentbasedsystemsthathave real-time
constraints.The modelwill be evaluatedby applyingit
to two ground-basedtestbedprototypesof futureNASA
systems:a satelliteconstellationcommandandcontrol
system,anda groupof cooperatingautonomousmobile
robots.Theconstellationcommandandcontrolsystemis
discussedin [5]. This paperrepresentstherobottestbed.
Theeffectivenessof adaptive resourcemanagementwill
beappliedto acooperatinggroupof autonomousmobile
robots.Scenarioswill involve thetasksof learning,plan-
ning, vision and navigation in unknown environments.
The taskswill have timing constraintsassociatedwith
them. A distributed setof computerswill be managed
dynamicallyto allow theagentscontrollingtherobotsto
makethebestdecisionspossibleundertheirresourceand
timing constraints.

The robot agentswill perform the RoboCupChal-
lenge. It representsa standardproblemon fast-moving
multiple robots, which collaborateto solve dynamic
problems[7]. It is designedto meet the needof han-
dling realworld complexities. In RoboCup,robotscom-
pete in a soccergame. RoboCupcan be viewed as a
multi-agentsystem,wheresoftware agentsprovide de-
cision supportfor dispatchingand engagingresources.
In sucha system,knowledge,actionandcontrolaredis-
tributedwhereeachagentmaycooperate,competeor co-
exist. Pastapproaches[13] havebeenmonolithicin their
design,whereinanagent(anindividual soccerplayer)is
a local processor a groupof processeson a singlema-
chine. During a gameof soccer, computingneedsmay
increasedependingon the stateof the game. If these
processescannotmigrateto a less loadedprocessor, a
singlemachinecouldgetoverloaded,causinganagentto
fail to completeits computationsin thedesiredtime. In
general,without somemeansof dynamicresourceman-
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agement,thereis an inefficient allocationof resources.
Ourapproachto achievethisobjectivecanbecategorized
into two main areas,distributedagentbasedcomputing
andresourcemanagementunderdynamic,real-timecon-
straints. This paperis a descriptionof the differentas-
pectsinvolvedin ourRoboCuptestbed.

I I . REAL-TIME SYSTEMS

A real-time systemmay be characterizedas being
staticor dynamic.A staticsystemis onewhoseresource
requirementsdo not changewith changesin its environ-
ment.A dynamicsystem[18] is onewhoseresourcere-
quirementschangeunpredictablyat runtime. This char-
acterizationis basedon thetemporalpropertiesandexe-
cutionbehavior of thesystem.Themajority of real-time
computingresearchhasfocusedon systemswhosere-
quirementsareevaluatedstatically. However, RoboCup
is a highly dynamicenvironment.This precludestheac-
curatecharacterizationof theenvironmentandits prop-
ertiesby staticmodels. In suchcontexts, temporaland
executioncharacteristicscan only be determinedaccu-
ratelyby empiricalobservationor experience(i.e.,apos-
teriori). In most real-timecomputingmodels,the ex-
ecutiontime of a job is usedto characterizeworkload
statically as an integer worst-caseexecution time [2],
[12], [6]. This is oftendifficult andsometimesimpossi-
ble. TheDeSiDeRaTa (Dynamic,Scalable,Dependable
Real-Time System)[17]middlewarewasdesignedto ad-
dresstheseshortcomings.Oneof thefundamentalinno-
vationsof DeSiDeRaTa is the dynamicpath paradigm,
thatis employedfor modelingandresourcemanagement
of distributed,real-timesystems.

To determinethepracticalityof theresourcemanage-
ment model, we needa benchmarksuite and environ-
ment for experimentalassessmentof adaptive QoSand
resourcemanagementsoftware. The benchmarkplaces
load on computationand communicationresourcesby
executionof softwarethatperformscontrolsystemfunc-
tions(e.g,monitoringandevaluatingsensordata,or con-
trolling anactuator).Usability requirementsdictatethat
the benchmarkapplicationcomponentsbe dynamically
controllable,relocatableandreplicable.Traditionalcom-
puting benchmarks[14], [8], [19], [15] are inadequate
for characterizingdynamicdistributedreal-timesystems.
Primarily, they were not designedto exhibit behavior
characteristicof control systems. Also, they focus on
componentlevel benchmarking,and thus they do not
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provide thenotionof largegrainentitieswith end-to-end
timing constraints.

Toaddresstheseproblems,wewill useDynBench[16]
andRoboCupasbenchmarks.

I I I . TESTBED

This sectiongives an overview of the physical and
software architectureof robots for the RoboCupchal-
lengeproblem.

A. HardwareDesign

Thephysicalrobot (Figure1) is madeup of anomni-
directionalbase,aball-dribblerandakicker. Thecontrol
circuitry on boardthe robot includesa microprocessor,
memoryanda wirelessreceiver. Our hardwaresystem
canbe broadly classifiedinto Mechanicalcomponents,
Controlcircuits,Processorandcommunicationdevices.

The mechanicaldesignof our robotswas developed
keepingin mind theagility andspeedof the robot. The
robots must also be able to kick and control the ball
accurately. To provide greatermobility, our robotsare
equippedwith an omnidirectionalbase. The main fea-
turesof anomnidirectionalsystemare:

� Ability to move in any direction
� Ability to turn theorientationin any direction

Thisallows therobotsto getfrom alocation �
	���
������ and
anorientation��� to a new location �
	���
������ andorienta-
tion � � by following a trajectorywhile turningcontinu-
ously. Besidesthebase,our robotis equippedwith aball
kicking mechanismandadribblebar.

The controlspart of the robot can be classifiedinto
two maincomponents- themicroprocessorandthemo-
tor relatedelectronics. Figure 2 shows a schematicof
our control system. The player robotsdo not requirea
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lot of computationalpower. Most of thecomputationis
performedonoff-boardworkstation.Theoff-boardcom-
puteranalyzesthevisual information,makespredictions
about the player movementsand then tells eachrobot
whereheis andwherehemustgo. Theprocessingeach
robotneedsto do is:

� Given a final velocity vector, orientationandposi-
tion, computeandexecutethe minimum time path
from thecurrentvelocityvector, orientationandpo-
sition

� Givena path,follow thepathwith a givenspeed.A
pathis a seriesof positions/orientations with conti-
nuity conditionsspecifiedat eachpoint (This is to
allow slower speedmotionsalonga well-specified
path)

� Keeptrackof hisposition,speedandorientationbe-
tweenvisionupdates

� Decode/processcommunications. The off-board
computermay sendmessagesto specificrobotsto
theeffect of arming thekicker, or activating it, de-
pendingon how thekicker is implemented

� Controlthespeedof thespinningbladerobotkicker
In a robot soccersystem,the robotsneedto commu-

nicatewith eachother andwith the basestation. This
communicationneedsto bedonefrequentlyto helprobot
shareplansandfind their goals. Most of thesesystems
usea basestationor controller. WirelessLANs allow
therobotsto transferinformation.Therearetwo waysto
connectthewirelessLAN to thehardwareon board. In
our case,theprocessoron boardthe robotshasa PCM-
CIA interfacefor thewirelessLAN. In somecases,there
is amicro-controlleronboard.For thesekind of systems,
therearewirelessserialmodemsthat connectto these-
rial portonboard.Thismoduleprovidesa lot of avenues

for resourcemanagement.Dynamicresourceallocation
is at thecoreof high-performancenetwork operations.It
involvesthereal-timemanagementof communicationre-
sources,that is, intelligentallocationof frequency chan-
nels,spreading-codesandtransmissiontime-slotsto net-
work users,in orderto sharethescarceradiobandwidth
efficiently amongthem.WirelessLANs typically oper-
ateon a dedicatedbandwidth,which for several of the
most popular frequency allocationsrangesfrom 26 to
150 MHz. Oneof the mostpopularfrequency bandsis
that centeredat 2.4 GHz. The channelcapacitycanbe
effectively utilized if the channelallocationis dynamic
[4]. This is takencareof by agentsthatdynamicallyad-
just the characteristicsof the datastreamto matchthe
changingnetwork conditions.

B. Software Design

Thearchitectureproposedby us is applicableto both
the simulator leagueand the small sizedrobot league.
The existing RoboCupclient modelsdo not adequately
take into accountthe real-timeconstraintsfacedby the
socceragentson thefield. This leadsto an overworked
andsub-optimalsystem.To performtheseactivities un-
derreal-timeconditions,anarchitectureis proposedthat
putstheentireRoboCupsubsystemunderthecontrolof
a resourcemanager. This managermonitorstheperfor-
manceof variousplayerson the field andbalancesthe
processorload basedon their capacities. In the pro-
posedmodel,we introducetheconceptof a Client man-
ager that residesin a level betweenthe server and the
clients.Thisclient manager, basedon theinput from the
resourcemanagerwill decidethe resourcesneededby
every client. Theclient managercommunicateswith the
serverusingthelibrariesnative to theserverandwith the
clientsusingDeSiDeRaTa’scommunicationlibraries.

Our architectureis a layeredone. This is similar to a
subsumptionarchitecture[3], [1]. Figure2 illustratesthis
architectureandthevariouslayers.Level 0 hasonly two
functions- detect/avoid obstaclesand gatherstatistics.
Thesestatisticsindicatethenumberof collisionsthatoc-
curredandthe numberof exceptionssentbackto level
1. If thereareno obstacles,the playercontinueson his
currentpath.Otherwise,hethrows anexceptionto level
1. Level 1 dealswith thefactorsthataffect theactionand
performanceof theclient. This includesobjecttracking
and exceptionhandlingfrom level 0. Level 2 pertains
to the individual planningadoptedby theclients. Some
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of theactionswe identifiedunderthis category werethe
actual strategy planning (offense,defenseand goalie),
playercommunication,utility of reasoningand predic-
tion. In level 3, we performtheactionevaluationof the
clients.Thisincludesmodelingtheopponent,sharingthe
knowledgelearnedandcomputingthe resourcesneeded
to reason.All the levels following level 3 would follow
the samecommunicationpath. The main advantageof
this schemeis that theclientsmaybe distributedacross
differentmachines.Theresourcemanagerwouldstill be
managingboththeCPUandthenetwork loads.

Theobjective of a vision systemis to captureframes
from an overheadcameraandextract informationfrom
the picture for our strategy module. That involves rec-
ognizingobjectsin the image(like the ball, or another
robot) anddeterminingwherethey arein the world co-
ordinatesystem.Robotsocceris a difficult environment
for imageprocessing.Primarily, it hasto bedonein real-
timesothatthegamehasnotchangedsignificantlywhen
therobotis readyto reactto theinputfrom thevisionsys-
tem. To meetthis demand,processingoneframeshould
take lessthan � ������� � of a second.Another issueis the
size of the camera. Besidesthe overheadcamera,the
goalierobot is equippedwith an on boardcamera.Our
on boardcamerahasto be small and light to fit on the
robot. Small and light camerastend to have low reso-
lution and unstablecolor reproduction. Thereare two
major techniquesthat allow us to identify the location
of objectsfrom an image. They areedge detectionand
thresholding. Edgedetection[9] recognizesedgesin the
picture,andtakesinto considerationa priori knowledge
abouttheshapesof theobjectson thefield. Edgedetec-
tion is primarily a techniqueintendedfor greyscaleim-
ages,but canbe adaptedto color imagestoo. The two

maindisadvantageswith edgedetectiontechniquesare:
� They don’t take advantageof thecolor information

for identifyingobjects
� They aresensitive to noise

Thresholding[10] is readilyappliedto color images,and
it doestake advantageof thecolor information. Objects
in animagearedistinguishedby their color. Pixelswith
similar colorsaregroupedtogetherby comparingeach
pixel in the imageto a setof thresholdvalues. Thresh-
olding suitsthe robot soccerenvironmentwell, because
differenttypesof objectshavedifferentcolors.Also, this
methodis very efficient, sincecomparingan imageto a
setof color rangeswould be fasterthanedgedetection.
The task of the vision systemis to supply the strategy
modulewith informationaboutthepositionof theobjects
it canseerelativeto agivenrobot.After thresholding,the
point on eachgroupof pixelsclosestto thecenterof the
imageis identified. This givesus the distancebetween
variouspoints in an image. Since the camerais cali-
brated,weknow thecorrelationbetweenthedistancesin
theimageandtheactualdistancesbetweenobjectsonthe
field. Thiswouldenablearobotto know thewhereabouts
of every objecton the field. However, if someplayers
areblockingthefield landmarksandtheball, estimating
therelativepositionandorientationbecomesdifficult. In
suchcases,theplayersof a teamwould needto cooper-
ateandbeliefnetworks[11] wouldbeusedto resolve the
uncertainty.

In thecaseof othersensingstrategies,theagentshould
find theball andidentify thetarget.Besidesvision, typi-
cal sensorsusedin mobilerobotresearcharerangefind-
ers,sonars,andbumpersensors.However, it is difficult
for them to discriminatethe ball and the target unless
specialequipment,such as a transmitter, is set inside
the ball or target, or a global positioningsystemis ad-
ditionally usedto inform thepositionsof all agents.The
simplestcaseis aglobalpositioningsystem,without on-
boardsensing.

IV. CONCLUSIONS

Resourcemanagementis vital to dynamicsystemsop-
eratingin real-time.Thispaperdescribesa testbedbeing
developedfor evaluationof resourcemanagementmid-
dleware. We have describedthe variousmodulesthat
constitutethe RoboCupsystemand discussedthe ap-
plicability of the resourcemanagerto a few of them.
Our systemwill allow assessmentof how effectively re-
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sourcemanagersbalancethe load betweenthe different
machinesrunning the clients so as to ensurereal-time
constraintsand achieve the most efficient allocationof
computationalresources.Theagentsbeingdevelopedby
usarefully cognizantof theresourcesavailableto them
andtheconstraintsof operation.Theseagentswill effi-
ciently controlledby a meta-agentwhich managestheir
timeandresources.
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