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Abstract

Corvertionally, mobile robots are contwlled through
an actionselectionrmedarism (ASM)that chossesamang
multiple proposedactions. This choice can be madein
a variety of ways, and ASMshave beendevelgped that
demastrate manyof them,from strict priority schemego
votingsystems\We take a differentapproach, which wecall
corcurrent cortrol. Abardoningexplicit action selection,
werely insteadon the physicaldynanics of therobot's ac-
tuatas to achieverobustcontrol. We claim that with many
noisycontmllers and no arbitration amongcommaxs we
canelicit stablepredictale behavior froma mobilerobot.
Speifically, weconcernourselveswith theproblemof driv-
ing a single planar mobilerobotwith multiple contmwlling
agerts that are concurently sendingcommaudsdirectlyto
therobot’s wheelmotois. We stateandytically corditions
necessaryor our concurert contmol apptoach to beviable,
andverify empiricallyits geneal effectivenesandrobust-
nesgo error throughexperimentswith a physicalrobot.

1 Intr oduction

Someof the greatestadvarcesin contwol systemsof
thelast centurywere madejust prior to andduring World
War Il [2]. As is oftenthe case,war stimulatedscience.
A particularprodem with which the U.S. army was con-
cerred wasthat of aiming anti-aiccraft gunsat enemyair-
plares. In a startlingdemorstrationof thefarreacling ap-
plicaklity of contiol theoryandpradice,themostsuccess-
ful autonatedanti-aircrdt director theM-9, wasdeveloped
by commuicationsengneersat Bell Telephame Labomato-
ries[8].

The M-9 was madepossibleby a peculiarinvertion
of one of the lead scientists,D. B. Parkinsm. Parkin-
sonfound that, by appopriately shapinga potentioneter
and attachingit to a seno, mathenatical functiors could
be solved electromechnically, simply becausef the ten-
dercy of theseno to minimizetheerror Parkinsa’s supe-
rior, C. A. Lovell, evennotedthat(quotedin [8]):

“servomechanismsnay be useddirectly in making
transformationfrom one coordinate systemto an-
other..”

In this paperwe take inspirationfrom Parkinsors work
in examning amoden prablem: mobileroba contrd. We
areinterestedn exploiting the physicaldynamicsof our
systemin order to achieve robustcontrd. Specifically we
corcernourseheswith theproblemof driving asinglepla-
nar mohkle robot with multiple contrdling agents. These
agers caneachbedifferent in anumker of ways,from the
dataon which they opaateto the control law which they
appy tothatdata.Avoiding altogetheclassicabppraches
to actionselection10], we optinsteadto let the motas of
ourroba “solve” the problam for us, muchasParkinsons
potentiometerdid for him.

We claimthat,with mary noisycontrolles andnocom-
mard arbitraion, one canelicit stablepredctable beha-
ior from a molhile roba by virtue of the simple fact that
robot’s motorstendto tempaally average their inputs (we
elabgateonnecessargorditionsin Section3). Thusmary
agerts, possiblydispersedveranetwork, canconcurently
cortrol a singlerobotwithout explicit comrunication We
supprt this claim through expetiments with a physical
robot andshaow that sucha contiol systemhassereral de-
sirableproperties,including fault-tolerance, distributivity,
andscalability

2 RelatedWork

Closelyrelatedio ourwork s recentresearchin thearea
of collaboative contrd. In [4], Fongetal. preseha sys-
temfor thecollaboative teleoperationof arobot team.The
robots are essentiallyautoromous;the human operato is
treatedasa “limited sourceof planring andinformation’
In contiast,awholly syntheticcollaboative cortrol system
is presentedn [6]. In thatpaperthe authos conside the
caseof an“ensemble”of agentscontrdling a single sim-
ulatedroba andexplore the behaior of the systemwhen
failures occurandwhen maliciousagentsare introduced.



However, by usinganextremely simplediscrete-gentsim-
ulatorinsteadof aphysicalrobot, they missedhekey point
of concurentcontrd, whichis thatthebehaior of thesys-
temis the resultof comgex dynamicsand asynchonois
communication neitherof which wasusedin their simu-
lation. In part,we seekin this paperto refutethe counter
intuitive condusionsdrawn in [6].

The generalprodem of actionselectionfor robds has
beenstudiedat greatlength for anexcellenttaxoromyand
overview of recentdevelgpmentsn mechaismsfor action
selectionconsult[10]. To usetheterminolayy of thatsur
vey, our apprachto low-level mota contrd is aninstance
of supeposition-lasedcommandfusion Anotherinstance
of superpsition, which is relatedto our work, is the use
of artificial potentialfields. Potentialfields have beensuc-
cessfullyappliedto the contrd of both manipdators[7]
andmobile robots [1]. The work we presentherediffers
from theseothersuperpsition appoachesn thatwe per
form the superpsition “calculatian” physically in the mo-
tors,insteadof symbolicallyin a digital compuer.

Analogais to commandfusionis sensorfusion, which
hasalsobeenappliedto roba cortrol (e.g.,[9]). However,
becaseof theinherent differencedn timescaleunits,and
magitude of dataderived from differert sensorssystems
thatfusesuchinformationgeneally mustperfam substan-
tial compuationin orderto prodicea cortrol commaal.
We adwcate the oppasite apprach, in which eachcon-
troller maytake in datafrom different sensorsbut they all
speakhecomma “language”of simplemota commands.

Peripheally relatedto ourwork arecontol schemeshat
empoy voting amorg multiple participans. For exanple,
theDAMN architectue [11], basednaweightedsumvot-
ing system,hasbeenusedto contrd mokle robots,both
simulatedand real, indoor and outdbor. For a theoreti-
cal discussiorof the mostpopuar voting systemssee[3].
Voting hasalso beenappliedto patternrecogition tasks,
the Pandenonium architectue [12] beingan early exam-
ple. Pandenoniumis a layeredclassifiersystemin which
eachlayerconsistf “demons”thatmatchcertainfeatues
and “shriekK’ their outputs up to the next layer; the final
output of the systemdepads upa whoseshriekwasthe
loudest.

3 Method

As stateckarlier ourgoalis to letthemotois dothework
of conmbining multiple contrd signals. Our hypothesisis
that, by their nature,the motas tempoally averagetheir
inputs. Thatis, we expect eachmota to “compue” the
function "

Q= 2t Wt
n

whele thew, aretherequestedvheelspeedsvertime,
is thefinal wheelspeedandn is small.

Focusingon the standardPioneerroba (seeSection4)
usedin our experiments,we note that the roba hascon-
sideralte inertiaandthustakessometime to acceleratand
deceleate. This time is quite large whencompaed to the
time betweensuccessie mota requests. Uponreceiing
awheelspeedeqiest,themotorwill seno towardthedes-
ignated velocity target. However, a new requestcould be
recevedbefor the old targetis reachedcausinghe motor
to seno toward a new target. Thusa sequene of different
velocity requestsovertime will causehemotorto seno to
avelocity thatis apgoximatelythe meanof thereqiests.

Whereagobot contrd systemsusuallyignore or, if pos-
sible, avoid theselow-level dynamics,we seekto exploit
themin constreting distributed control systems.Specifi-
cally, we proposethata popuation of non-comnunicating
cortrollersdrive therobot by interleaving comnandsto the
motas. Theresultantroba motionwill bethe averag of
the commauls over time. Fromanotter point of view, the
robot’'svelodty vecta will bethenormalizedsuperpsition
of theinput velocity vectos. The next sectiondetailshow
we usethe Playerdevice sener [5] to easily achieve the
requredinterleaving of commaaals.

We cangenertize from the particularprablem of mo-
bile roba contrd andlooselystateandanalyzesomecon-
ditions of cortrol systemandtaskthatarenecessarfor our
corcurrer apprachto beviable:

1. Theplantmusthave significantinertia.

2. Thecontrolsignalsmustarrive with high frequengy.
3. Signalblerding mustbe meanindul for thetask.
4

. There mustbe a net biasin the input signalsthat is
“correct”.

Condtion 1 is satisfiedby mary physical systemsput by
few simulatedsystems. Conditian 2 can almostalways
besatisfied exceg whencomputationandor bandwdth is
lacking. Condition 3 is the mostrestrictive in thatit con-
strainsthe spaceof achiezalle tasksto thosein which the
desiredbehaior of the systemis aform of seno. Thislim-
itation is quite natuml, andstill permits the exection of
common low-level taskssuchastrajectoryfollowing and
target-following. In fact,almostary high4evel taskcould,
in principle,bebrokendownto seno compnentshowever
inconverient the transfamation might be. The final con-
dition is actually a constrént on the contollers involved;
sincethe systemwill averagethe contiol inputs, the con-
trollers mustproduceanaveragevaluethatwill achievethe
god of thattask. Thus,giventhetheclassicexanple of half
of thecontrdlersrequestingo turnleft andhalf requesting
to turnright, our metha would behae similarly to poten-
tial field appraches:the robot would move directly for-
ward

1Thefrequeng of the microcortroller that drives the motorsis 10Hz,
meaningthatnew wheelspeedsanberequestd every 100ms.
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Figure 2: The Pionee 2-DX usedin theseexpeiments.
Thecylinder mourtedonthetop of theroba is alaserbea-
con usedto gathergrownd-truth trajectoryinformationfor
performarce evaluation.

4 Hardware/ Software Details

We usedasourexpelimentaltest-bedan ActivMediaPi-
oneer 2-DX mobile robot (seeFigure 2). The Pioneer2-
DX isa44cmx 38cmx 22cmnortholoromictwo-wheeled
basethatis differentiallysteereda passve castemprovides
balarce). Thisresearchioba canbecorfiguredwith mary
differentperipherals,including front andrearsonararrays,
conpassespan-tilt-zaom camerasandlaserrange-findes.

Eachroba howsesa Pentiumbasedcompuer runring
Linux. Low-level sensorand actuatorcontrd is handed

by the TCP soclet-baeddevice sener Player, which ex-
ecuteson-toardthe robot. For detailsof Players internad
archtecture,consult[5].

Of particularimportanceto thetopic at handis the way
in which Playerhardlesmultiple clients.As shavn in Fig-
urel, Playermediateghe flow of commails anddatabe-
tweenclientsand devicesthrouwgh sharedbuffers. When-
ever aclientsendsanew commandto adevice, Playerputs
thatcommand in the device’s commandbuffer. Theappo-
priate device driver, at its leisure,retrievesthe command
from the buffer and passest on to the physical device.
In order to allow maximal flexibility in the designof dis-
tributedcontrd systemsPlayerdoesnotimplenentdevice
locking; when multiple clients are connectd to a Player
sener, they canall write into a single device’'s command
buffer. Ther is no queling of commarls and eachnew
commandwill ovemrite theold one;thedriver for the de-
vice will only sendto thedevice itself whatever command
it findseachtime it readsits commandbuffer.

For the experiments detailedin this paper the con-
trollers wereimplemented as Playerclients and execued
on a separateesktopmachine.Dataandcomnandswere
passedetweerclientsandsener over awirelessEtherné
(IEEE 802.11) network that hasan effective sharedband-
width of apprximately 1.9Mbps. In all caseshe device
beirg contrdled wasthe pair of DC motors that drive the
robot’'s wheels. The clientsreceive asdatatherobad’s cur
rentpositionandheadimy. Therobot's translationaleloc-
ity is fixed at a constantpositive (forward) value,leaving
theclientsto commaid a singleparametertherobd’s an-
gular velocity. In orde to ensue thattheclientshave equa
charteto actuallycommand the motors,we addeda small

2playg was developed at USC and is freely available from:
http://robotics. usc. edu/ pl ayer.
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Figure 3: Exampe trial of purely propational position
cortrol (unitsaremeters).

rancom delayto eachclient.

To evaluatethe performarte of our variows contioller
corfiguratiors, we requiredobjedive grourd-truth asto the
robot’s position We obtairedthis informationfrom anex-
ternd metrology systemthatusesa laserrange-finderthat
is accuateto apprximately 2cm Therobot wasoutfitted
with a special“beacs” (Figure 2) thatis covered with a
pager retroeflective in the infrared spectrumn which the
laseropeates. Expaimentaltrajectoy informationis de-
rived from this metrolog system.

5 Experimental Results

Following theleadof [6], we validatedourappr@achon
asimpletask: follow a circle of radius1 meter We also
apgy their perfomancemetric, in which the error for a
trial is definedasthe total differencein areabetweenthe
actualtrajectoryandthe target trajectory(i.e., the 1 me-
ter circle). For eachsegmert in the robot’s trajectory?, the
erra is computed by subtrating the areaof the triangle
formedby the endpointsof the segmert andthe centerof
thecirclefrom theareaof thesectordescritedby theradius
of the circle andthe changen anglecorrespondimy to the
segment. Thusthis erra is measuredh squaremeters.We
nomalize the erra to the areaof the ideal circle ( ),
subtrat the resultfrom 1 andmultiply by 100, yielding a
performarce figure that variesfrom 100% (perfect trajec-
tory execution) to 0% (divergentpaths).

For our first experiment we wrote a proportiond con-
troller that attemptsto hold the robd’s positionon
theboundaryof thecircle. This cortroller execuesthefol-

3We acknowledgethat this task can also be achieved open-lmp by
holding constant the speedsof the two wheels,with a fixed difference
betwee them.

4Although the robot movescontnuously, our metrologysystemgives
thetrajectory asa sequaceof discrde points.
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Figure 4: Exanpletrial of proportional andderiative con-
trollers in parallel(units aremeters).The perfamancefor
thistrial was88.54%.

lowing rule: if therobotis insidethe circle thenturn away
from the centerof thecircle; if therobot is outsidethecir-
clethenturntowardthe center Figure3 shavs anexample
trial of this expeiment, with the ideal 1 metercircle for
refelence.Clearly, this contrdler suffersfrom lag-induced
overshod which malkesit unstable.

Controltheorytells usthatwe cancorrectfor overshot
by addingto the comnandsignala termthatis the deriva-
tive of the errorsignal. Thuswe wrote a secondcontoller
thatis purely derivative. For our secondexpelimentwe ran
this derivative contrdler in parallelwith our proportiond
cortroller. Figure4 shavs asampleresult. As canbeseen,
theovershootis correctedandtherobot tracksthetargettra-
jectoryquitewell. Thus,by executingP andD controlles
separatly, with no command arbitratian, we achieve PD
cortrol throudh thephysicsof themotors. For compaison,
we alsoimplemerted PD contrd in asingleagentby com-
puting and addingthe proportioral and derivative terms.
We ran 10 trials of eachkind of PD contrd. Usinganun-
paired t-test,theresultanierrasaren  statisticallydiffer-
ent, from which we cancondude thatour parallelcontrd
appoachperformsaswell asthe corventioral methal.

In thefirst expeiment,the overshoois causedy a de-
lay betweerthe commau signal,which adjustsherobad’s
headng, andtheerra signal,whichdepend ontheroba’s
position Thusanothemway to combatovershodis to add
a compmentthat senos directly on headng. We wrote
a new proportiond contwoller thatassumesherobotis on
thebourdaryof thecircle, calculateghelocal tangem, and
usedt asatarmet heading Figure5 shavs anexampletrial
of this headhg controller alongside the original position
cortroller. Thoughit keepsanappraimately correcthead-
ing, this new contrdler suffers from positionaldrift. For
our third experimentwe ranthe positioncontrollerin par
allel with the headirg contoller. As Figure6 shavs, we
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Figure 5: Exampe trials of headimy and position con-
trollers (unitsaremeters).
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Figure 6: Exampe trial of headingandpositioncontrolles
togdher (units are meters). The perfamancefor this trial
was91.09%.

have found anotter setof contrdlers that,thoudh indepen-
dertly poa, perfam well whencombnedin themotors.
Having establishedhat our methodof concurentcon-
trol is viable when all cortrollers are doing the “right”
thing, we wantedto know how the systemrespormsto er
roneousinput; i.e., how fault-tolerant the systemis. For
our fourth expeiment we replicatedthe third experiment,
exceptthatinsteadof onepositioncontrollerandonehead-
ing contoller we ran 25 of each.In this popuation of 50,
we designéed somecontrdlers to be“malicious’ A mali-
cious controllercomputesthe samecommai signalasthe
corresponéhg “good’ contoller but then sendsthe addi-
tive inverse of the signal, effectively turningthe robot the
wrong way. We variedthe percentge of maliciouscon-
trollersin increments of 10%from 0% to 40%,runring 10
trials ateachlevel. Figure7 shavs arepresentatve trial for
each. The systemperfams well for small proportions of
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Figure 7: Exampledrials with various proportiors of ma-
licious contollers (units aremeters)
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Figure 8: Perfomanceon the circle following taskasthe
proportionof malicious contrdlers increases.

malicious contrdlers (the erra at 10% is not statistically
differentfrom thatat 0%) anddegradessublinearlyuntil it
bre&s dowvn competely at 40%. This catastropit failure
is clearly visible in Figure 8, which plots the meanerror
aganst the percemage of maliciouscontrdlers. We note
that theseresultsdirectly contradict [6], in which the au-
thors condude throughexpearimentswith arobotsimulator
thaterrorin a concurent contiol systemtendsto zeroas
theproportionof malicious cortrollersappraches50%.
As afinal experimentwe changdthetaskfrom follow-
ing a 1 metercircle to following a figure-8 compsedof
two 0.75metercircles. We ran, with slight modfications,
oneeachof the positionandheadimg cortrollers. Figure9
shaws the overlaid pathsfrom tentrials for this new task.
Theseesultssuggesthatourcontrd methal couldbeused
to drive arobot alorg ary sufliciently smoothtrajectoy.
Onesubtle,but importan, poirt is worth making Be-
fore running the experiments,we instrumened Playerto



15

1 L L L L L L L L L L
02 04 06 08 1 12 14 16 18 2 22 24

Figure 9: Overlaidtracksfrom 10trials of thefigure-8 task
(units aremeters)

causeit to recad “whose” command actuallygot throwgh
to the robot's motorsin eachcycle. We were then able
to verify that the proportion of a type of contrdler (e.g.,
godd headimy, maliciousposition in the population does
indeed correspnddirectly with theproportion of time dur-

ing whichthe motas areactuallycommailedby thattype
of controller

6 Conclusion

In this pape we proposeda methodfor the control of
a mohile robotby a large popuation of independentcon-
trollers. Thesecontrdlers do not commnunicatewith each
othe andperform no actionselection.Instead they com-
mard theroba concurently andthemacroscpic behaior
of the systemis determired by a mechanich“calculation”
thatis perfamedby the motors.

We statedconditins necessaryor this apprachto be
viable and successfullyappliedit to planarmobile roba
cortrol. Furtherwe shaovedthrowghexpeimentthatacon-
currentcontrd systemcanberemarlably robustto system-
aticerra in theinpu signals.In additionto fault-tolerae,
corcurreri contiol hasthe advantag of being easily dis-
tributible over a network. As a consegence,corcurren
cortrol systemsare inherettly scalable,up to the band-
width andcomputationavailablein the network.

We do not claim that this appoachto contiol is advs-
ablein all situations,evenwhenthe necessargorditions
laid outin Section3 aremet. Ratherwe offer it asa novel
and insightful example of how systemdynamics can be
bereficially exploitedin orderto elicit goal-directedbehar-
ior.

Onepossibilityfor furtherexplorationis to measurghe
effectivenessof our appr@achwhenthe contrdlers areop-
eratingon more dispar&e sensorinformation (e.g, stereo
vision andecholaation). Anothe directian is to tunesys-

temperfamanceby giving moreor lessweightto onekind
of contrdler; thisadjustmehcanbemadeeasilyby addng
or remaoving contrdlers, therdoy changng therelative pro-
pottion of contrdlersin the popuation.
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