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A Framaeavork for
Vision Based~ormationControl

AveekDas,RafaelFierro, Vijay Kumar Jim Ostrovski, JohnSpletzerandCamillo Taylor

Abstiact—We describea framework for controlling and coordinating a
group of nonholonomic mobile robotsfor cooperative tasks ranging from
scoutingand reconnaissancéo distrib uted manipulation. The framework
allows usto build complexsystemsfrom simple controllers and estimators.
This modular approachis attractive becauseof the potential for reusability.
In addition, we show that our approachto compositionalsoguaranteessta-
bility and convergencein a wide range of tasks. There are two key features
in our approach. The rst is a paradigm for switching betweensimple de-
centralized controllers thus allowing changesin the formation. Second all
the controllers useinformation from a single sensor— an omnidir ectional
camera. We describe estimators that abstract the sensoryinformation at
different levels enabling decentralizedas well as cooperative control. Our
results consistof numerical simulations as well as experimentson a plat-
form of threenonholonomicrobots.

Keywords—Hybrid control, formation control, cooperative localization,
distrib uted manipulation, nonholonomicmobile robots.

|. INTRODUCTION

The last few yearshave seenactive researchn the eld of
controlandcoordinationfor multiple mobile robots,andappli-
cationto taskssuchasexploration[1], sunwillance[2], search
andrescu€[3], mappingof unknown or partially known ervi-
ronments[4], [5], distributed manipulation[6], [7] andtrans-
portationof large objects[8], [9]. An excellentreview of con-
temporarywork in this areais presentedh [10].

While robot control is consideredo be a well understood
problemarea[11], mostof the currentsuccesstoriesin multi-
robot coordinationdo not rely on or build on the resultsavail-
ablein the controltheoryanddynamicalsystemditerature.The
reasorfor this is fairly clear Traditionalcontroltheorymostly
enableghe designof controllersin a singlemodeof operation,
in which the task and the model of the systemare x ed[12],
[13], [14]. When operatingin unstructuredor dynamicervi-
ronmentswith mary differentsourcesof uncertaintyit is very
dif cult if notimpossibleto designcontrollersthatwill guaran-
teeperformancevenin alocal senseA similar problemexists
in developingestimatorsn the context of sensingandmapping
andmotionplanning.

In contrast,we know thatit is relatively easyto designre-
active controllersor behaiors that reactto simple stimuli or
commanddrom the ernvironment. We can seesuccessfubp-
plicationsof this ideain the subsumptiorarchitecturg15], in
theparadignfor behaior-basedobotics[16], [17], [18], andin
otherwork [10].

In this paperwe addresshe developmenibf intelligentrobot
systemsby composingsimple building blocksin a bottom-up
approach.The building blocks consistof controllersand esti-
mators,andthe framawork for compositionallows for tightly-
coupledperception-actiotoops. While this philosophyis sim-
ilar in spirit to the behaior basedcontrol paradigm[15], we
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differ in the control-theoreticapproachto the developmentof
thebasiccomponentsandour formal approactto their compo-
sition.

The goal of this paperis to develop a framework for com-
positionof simplecontrollersandestimatorgo controlthefor-
mationof a groupof robots. By formationcontrol, we simply
meanthe problemof controllingtherelative positionsandorien-
tationsof robotsin agroup,while allowing thegroupto moveas
awhole. We areparticularlyinterestedn problemsof coopera-
tive manipulationwherea “rigid” formationmaybe necessary
to transporta graspedobjectto a prescribedocation,and co-
operatve mapping,wherethe formation may be de ned by a
minimal (in comparison¥etof constraints.

Problemsn formationcontrolthathave beeninvestigatedn-
clude assignmenbf feasibleformations[19], [20], [21], get-
ting into formation[22], [23], [24], maintenancef formation
shape[25], [26], [27] and switching betweenformations[28],
[29]. Approacheso modelingandsolvingtheseproblemshave
beendiverse,rangingfrom paradigmsasedon combiningre-
active behaiors [17], [30] to thosebasedon leadeffollower
graphg25] andvirtual structureg31], [32].

In this paperwe describea suiteof controllersandestimators
anda methodologyfor their compositiorthatpermitscontrolof
formationsfor agroupof robotsin all theabore andotherappli-
cations. This suiteconsistof centralizedaswell asdecentral-
izedalgorithms— eithercanbeuseddependingnthenatureof
the communicatiorink. We considersituationsin which there
maybeno accesso ary globalpositioningsystemandthe main
sensingmodalityis vision. All our estimatorsarederived from
vision. Our platformof interestis anonholonomicarlikerobot
with a singlephysicalsensor anomnidirectionakamera.The
wider eld of view offeredby this cameraallows usto extract
moreinformationfrom thevideosignalthancorventionalcam-
erasandmalkesit possibleo implementawiderrangeof motion
stratgyieson the sameplatform.

Our contributionsin this paperaretwo-fold. Firstwe develop
abottom-upapproacho building controllersandestimatorsand
describe,in somedetail, the componentaisedfor multi-robot
coordination.Theseincludesimpledecentralized,eactive con-
trollersfor obstacleavoidance collision recovery andpursuing
targets,and more complex controllersfor maintainingforma-
tion, controllersthat canbe eithercentralizedor decentralized
and are derived from input-outputlinearization. Our second
contribution is the framework for multi-robotcoordinationthat
allows robotsto maintainor changeformationwhile following
a speci edtrajectory andto performcooperatie manipulation
tasks.We requirearobotto be designateésthereferencerobot
or leader All otherrobotschoosean appropriatecontrollerde-
pendingon the their relative positionand corverge on the de-
siredformation.Our framework involvesa sequentiatomposi-
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tion of controllers,or modesandwe shaw thatthe dynamicsof
theresultingswitchedsystemarestable.

Therestof this paperis organizedasfollows. Firstwe give a
broadovervien of our framavork in Sectionll, andillustrate
someof the salientfeaturesusing our nonholonomicmobile
robot experimentaltestbed. In Sectionlll we presenta setof
controllersthat sene asthe building blocksfor formationcon-
trol. We discussthe assignmenof formations,changesn for-
mations,and stableswitching stratgiesin SectionlV usinga
group of threerobotsasan example. SectionV addressethe
centralizedand decentralizedgchemedor sensingand estima-
tion for implementationof formation control. Hardware de-
tails andexperimentakesultsillustratingthe applicationof this
methodologyto cooperatre tasksarein SectionVI. Finally,
someconcludingremarksanddirectionsfor futurework arepro-
videdin SectionVII.

Il. FRAMEWORK

In this sectionwe describea framework for cooperatre con-
trol of multiple mobile robots. We aremotivatedby theoretical
ideasandmoderntoolsin softwareengineeringandtheemeng-
ing theoryof hybrid systemg'.

The software for eachrobot consistsof componentsalled
agents Agentsoperateconcurrentlyandlendthemselesto par-
allel composition Eachagentconsistof amainmode thatmay
in turn have submodesA modeis a discretestatecharacterized
by asetof differentialequationsndconstraintsTheconcepof
modesallowsusto formally de ne thenotionof sequentiatom-
position.De nition of submodegmplicitly de ne the notionof
hierarchical composition
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Fig. 1. Architecturediagramfor formation control. Agentsare indicatedby
roundedrectanglesandshadingindicatesoff-the-shelfcomponents.The esti-
matoragentsaregroupedtogetherin the dottedrectangle.To avoid clutter the
input/outputchannelsare not shavn explicitly. The controlleragentshawvs the
four mainsubmodegcircles)with arrovs denotingpossibletransitions
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The basisfor the softwareframewvork andformal de nitions
of compositiorareprovidedin [34]. Here,wewill usethearchi-
tecturediagramin Figurel to explainthede nitions. All robots
run the samesoftware. In the gure, thereare mary estimator
agentgshavn enclosedwithin the dottedrectangleon the left)

A hybrid systemhererefersto a collectionof digital programshatinteract
with eachotherin a physicalworld thatis analogin nature[33].

operatingconcurrently Well-de ned input andoutputportsde-
scribethe exchangeof informationbetweernthe agents.On the
right, is the beharioral diagramfor the controlleragent. There
arefour main submodegcircles)within the agent,with the ar-

rows indicatingtransitionsbetweenthe submodes.The condi-
tions (invariantsand guards)for transitions,andthe entry/eit

pointsin eachmodearenot shavn in the diagram,but areex-

plainedin following sections.Eachsubmodecancontaina hi-

erarchyof submodesln this framework, the couplingof oneor

moresensolagentswith a controlleragentde nesthe dynamic
systemandthespeci cationof thesubmodesvithin eachagent
de nes a behaior in the senseof Arkin andothers[16]. The
coordinatiorprotocolinstantiategachagent(all estimatorand
the controller)with parameterandprovidesa referencdrajec-
tory thatareusedin differentmodes.

Ourlow-level implementationn C++used.ive Objectg35].
Live Objectshave beendevelopedas part of the software ar
chitecturefor implementationon the hardware platforms. A
live objectencapsulatealgorithmsanddatain the usualobject-
orientedmannertogetherwith control of a threadwithin which
the algorithmswill execute,anda numberof eventsthat allow
communicatiorwith otherlive objects.

Thusfar, we haverestrictecburde nition tocomponents,e.,
agentsand modes,for a singlerobot agent. Sinceour robots
cancommunicatéhroughawirelessethernetyve canform two-
robotor -robotagentdy parallelcompositiorof robotagents.
However, our scopein this paperis muchlessambitious. The
availability and sharingof information betweenthe robotsal-
lows usto — (a) designmodeswithin estimatoragentshatcan
exploit sensoryinformation obtainedfrom other robots; and
(b) designthe coordinationprotocolto initiate or trigger mode-
switchingwithin the controlleragent.

Beforewe proceedvith thedescriptiorof theindividualcom-
ponentswe list several importantassumptiongoncerningthe
groupof robotsandtheformation.We assumeaswe doin [25],
therobotsarelabeledandoneof therobots,designateds  (or
simply ), is theleadrobot. Theleadrobot's motionde nesthe
motion of the group. The motionof the groupmemberswithin
theformationcanbe characterizeth termsof themotionof in-
dividual robotswith respecto the leadrobot, eventhoughthe
robotsmay not follow the leadrobotin a leadeffollower con-
guration. As in [28], therelationshipbetweena robotandits
neighboringobotsis describedy a contol graph Thecontrol
graphisaagyclic, directedgraphwith robotsasnodes, asthe
parentnode,andedgedirectedfrom nodeswith smallerinteger
valuesto thosewith higherintegervalues andno morethantwo
incoming edgesincoming at eachnode?. As explainedlater,
eachedgedenotes constrainbetweertherobotsconnectedy
theedge andthereforeacontrollerthattriesto maintainthecon-
straint. We will considertwo typesof scenariosin the rst, the
control graphis x ed andis not changedhroughthe task. In
thesecondapproachthe controlgraphis adaptedo changesn
the ervironmentandthe relative robot positions. We illustrate
boththesescenarioshroughsimulationsandexperimentsn the
following sections.

The numberingconstraintson the leadrobot and otherrobotsis relaxed in
otherwork [29], but we imposethis constrainthereto limit the scopeof the
paper
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I1l. CONTROL ALGORITHMS
A. Modeling

In this section,we describecontrol algorithmsthat specify
the interactionsbetweeneachrobot andits neighbor(s)or the
ervironment. The robotsarevelocity controllednonholonomic
carlike platformsandhave two independeninputs. The con-
trol laws arebasecbn input-outputfeedbacHKinearization.This
meanswe are ableto regulatetwo outputs. The kinematicsof
the robotaregivenby

1)
where ,and and arethelinear
andangularvelocities respectiely.

We considera subgroupof two robotsshavn in Figure 2.
First, we describea controller for leaderfollowing, adopted
from[25], andderive a secondcontrollerthattakesinto account
possibleinteractionswith anobstacle.
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Fig. 2. Two robotsin aleadetfollowing con®guration.

B. BasiclLeaderFollowing Control

By using this controller (denoted here), robot
follows  with a desiredSeparation and desiredrelative
Bearing . Notethatthis relative bearingdescribeshe head-
ing directionof thefollowerwith respecto theleader Thetwo-
robotsystenis transformednto a new setof coordinatesvhere
the stateof theleaderis treatedasanexogenousnput. Thusthe
kinematicequationsaregivenby

(2)

where

is the systemoutput,
is theinputfor i

, is 'sinput,and

By applyinginput-outputfeedbacHKinearizationthe controlve-
locitiesfor thefollower aregivenby

3)

where is the offset to an off-axis refelencepoint ~ on the

robot,and is anauxiliary controlinputgivenby

are the designcontrollergains. The closed-loop
linearizedsystemis simply givenby

(4)

In thefollowing, we prove thatundersuitableassumptionsn
the motion of the leadrobot, the closed-loopsystemis stable.
Sincewe areusinginput-outputfeedbacKinearization[13], the
outputvector  will corvergetothedesiredvalue  arbitrarily
fast. However, a completestability analysisrequiresthe study
of the internaldynamicsof therobot,i.e., theheadingangle
which depend®n the controlledangularvelocity

Theoeml: Assumethat the lead vehicle's linear velocity

alongthepath is lowerbounded.e.,

, its angularvelocity is boundedi.e., , andthe
initial relative orientation with . If the
controlinput Eq. 3 is appliedto  , thenthe systemoutput
in Eq. 4 convergesexponentiallyto thedesiredvalue
Proof. Letthesystemerror bede nedas

()
We needto show that the internal dynamicsof are stable

which is equivalentto shaving that the orientationerror  is
boundedThus,we have

and,aftersomealgebraicsimpli cation, we obtain

(6)

where

Thenominalsystemj.e., is givenby

(7)

whichis (locally) exponentiallystableprovidedthatthevelocity

of theleadrobot and . Since is boundedit
canbeshowvn that . By usingstability theoryof
perturbedsystemq12] andthe condition , we
canshaw that

for somenite time andpositve number

Remarkl: The above theoremshaws that, undersomerea-
sonableassumptionsthe formationsystemis stable,i.e., there



IEEE TRANSACTIONSON ROBGOTICSAND AUTOMATION, VOL. XX, NO.Y, MONTH 2001 4

exists a Lyapunw function , Where
anda positive number , suchthat

. Let and

(8)
beaLyapuna functionfor thesystemerrorEq.5. Then

(9)

where and are positive de nite matrices.

By looking at Eq. 8-9, we canstudysomepatrticularforma-
tions of practicalinterest. For example,if the leadertravelsin
a straightline, i.e., . It canbe shavn thatthe systemis
(locally) asymptoticallystablei.e., as provided
that and . If  is constani(circular motion),
then is bounded.lt is well-known thatan optimal nonholo-
nomicpathcanbe plannedby joining linearandcirculartrajec-
tory sggments Henceary trajectorygeneratedy suchaplanner
for theleademwill ensurestableleadeffollowerdynamicsusing
theabove controller

This resultcanbe extendedto  robotsin a corvoy-like for-
mation(c.f,, [36]). Let usconsidetateamof robotswhere
follows under . ConsidettheLyapuna function

(10)

Its derivativeis

(11)
where is theoutputerror,
and is the orientationerror between and

. If theleaderstrajectoryis well-behaed(sameassumptions
asTheoreml), thenthe corvoy-lik e systemcanbe shavn to be
stable.

C. Leader-ObstacleContiol

This controller(denoted ) allows thefollowerto avoid
obstacleswhile following a leaderwith a desiredseparation.
Thus,the outputsof interestarethe separation , andthedis-
tance betweerthereferencepoint  onthefollowerandthe
closestpoint onthe object. We de ne avirtual robot  as
shavnin Figure3, whichmovesontheobstaclesboundary For
this casethekinematicequationsaregivenby

12)
where is
theinputfor

is the systemoutput,
,and

06y,

Fig. 3. The LeadetObstacleController

By applyinginput-outputfeedbacKinearization the controlve-
locitiesfor thefollower aregivenby

(13)

where is anauxiliary controlinputgivenby

arethedesigncontrollergains,and is thedesired
distancdrom  toanobstacleTheclosed-looginearizedsys-
temis simply givenby

(14)

Remark2: It is worth noting that feedbackinput-outputlin-
earizationis possibleaslong as , i.e,, the
controlleris notde ned if —. Thisoccurswhen

vectors and arecollinear which shouldneverhappen
in practice.

Remarl3: By using this controller a follower robot will
avoid the nearesbbstaclewithin its eld-of-view while keeping
adesireddistancerom theleader Thisis areasonablassump-
tion for mary outdoorervironmentsof practicalinterest.While
thereare obvious limitationsto this schemen maze-like ervi-
ronmentsijt is not dif cult to characterizehe setof obstacles
andleadertrajectoriesfor which this schemewill work.

We now considera formationof threenonholonomiaobots.
Thereare three possibleapproacheso controlling the forma-
tion. The obvious approachs to usetwo basiclead-follover
controllers:either and , or and
(assuminghe leaderhasthe label ) [28]. Thetwo otherap-
proachearemoreattractve in termsof robustnesso noiseand
arediscussechext.

D. Dilation Contwol

This controllerallowsrobot  to maintaina desiredsepara-
tion anddesiredbearing  with respecto , andallows
tofollow and with desiredrelative bearings  and
, respectrely (seeFigure4). By changinghedilation factor
, theformationcanbecontractedr expandedn sizewhile pre-
servingthe shape.The kinematicequationdor this
controllerbecome

(15)
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where is the systemoutput,

is theinputvector and

Applying the sameapproacho controlusinginput-outputfeed-
backlinearizationcanasin the previoussubsectionye have

(16)

where is anauxiliary controlinputgivenby

are the designcontroller gains. The linearized
closed-loopsystembecomes

17)

As it canbeseen hastwo leadergo follow. Therefore the
leaders'trajectoriesmustsatisfy certainrequirementas given
in thenext result.

(%, Y, 'ap)

(%, 3, '0g)

Fig. 4. 3-RobotFormationControl Geometry

Theoem?2: Assumethat the lead vehicle's linear velocity
along the path is lower bounded,i.e.,
, its angularvelocity is alsobounded,.e,,
, therelative velocity , relative angularve-
locity , andrelative orientation are
boundedby small positve numbers , , , andthe initial

and
, thenthe
in Eq.17 corverges

relative orientation with
. If thecontrolinputEq. 16 is appliedto

formationis stableandthesystenoutput

exponentiallyto thedesiredvalue

Proof. Letthesystemerror bede nedas

(18)

By theorem1, the internaldynamicsof are stablei.e.,, the
orientationerror  is boundedNow for , werequireto con-
sidertheconditionsonrelative velocitiesandorientationsof
and

aftersomework, we have

(19)

wherethe nominalsystemi.e., is (locally) expo-
nentiallystableprovidedthatthevelocity of theleadrobot

and . Since , ,
and , it canbeshavn that . Knowing
that for somepositive constant , then

for somenite time andpositive number

Remarld: The dilation control strateyy is usefulbecauset
explicitly decoupleghescale from theshapg(internalangles
of thetriangle).In applicationdik e cooperatiemapping35], it
is bene cialto preserethescale.In cooperatie manipulation,
it is usefulto keeptheshapewhich determineshegrasponthe
enclosedbject,constantandvary the scale,which determines
themaximumclearancédetweertherobotsandtheencloseab-
ject. In contrasto usingtwo separation-bearingpntrollersthis
formationusesonly oneestimateof distanceandtwo estimates
of angle. Vision sensorsaandin particularthe geometryof our
omnidirectionabameraallowsvery accurateestimate®f angle,
while distancameasurementrerelatively poor.

E. FormationShapeContol

The formation shapecontroller (denoted ), allows
robot tofollow and with desiredseparations and

, respectirely, while  follows  with . Again, the
kinematicequationsaregivenby

(20)

where is the systemoutput,

is theinputvector and
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By applyinginput-outputfeedbacHKinearizationthe controlve-
locitiesfor the followerrobotsaregivenby

(21)

where is anauxiliary controlinputgivenby

Theclosed-loodinearizedsystemis givenby
(22)

As before,we will shav thatthe closed-loopsystemis stable,
andtherobotsnavigatekeepingformation.

Theoem3: Assumethat the lead vehicle's linear velocity
alongthepath islowerbounded.e.,

, its angularvelocity is also boundedi.e,, ,
the relative velocity and relative orientation
are boundedby small positve numbers ,
andtheinitial relative orientation with
and . If the controlinput Eq. 21 is appliedto ,
thentheformationis stableandthe systemoutput  in Eq.22
convergesexponentiallyto the desiredvalue

Theproofis similarto Theorem?.

Remarks: In contrasto the previoustwo three-roboforma-
tion controllersthis controllerallows explicit controlof all sep-
arationsand minimizesthe risk for collisions. This controller
is preferredvhenthe separationbetweerrobotsaresmall,and
when, coincidentally the estimatef distancethroughvision
arebetter

IV. COORDINATION PROTOCOL
A. Choiceof Formations

In Sectionlll, we have shavn thatundercertainassumptions
a groupof robotscan navigate maintaininga stableformation.
However, in realsituationamobileroboticsystemsresubjecto
sensoractuatomandcommunicatiorconstraintsandhave to op-
eratewithin unstructurecervironments.We describea switcth-
ing paradigmthat allows robotsto selectthe mostappropriate
controller(formation)dependingn theervironment.

In this work, we modelthe groupof autonomousnobile
robotsasatuple where is theref-
erencetrajectoryof the leadrobot, is a setof shapevectors
describingthe relative positionsof eachvehiclewith respecto
the referencdormationframe ,and is acontwol graph
wherenodesrepresentobotsandedgesepresentelationsbe-
tweennodes(seedetailsin following subsection]25]. Thus,

describesa dynamicalsystemevolving in continuous-time
on theinterval in the con guration space

. Without loss of generality the formationrefer
enceframe is x edto theleadrobot; however, it is nota
requirementn our method. Sometimest is necessaryo add
virtual robotsto the groupto represengithermoving targets,or
trajectorieghatarealongsuchfeaturesaswalls, lanes,or obsta-
cles.While thisresultsin achangdan , it doesnotchangehe
con gurationspaceof the system.

The control graphsdescribingthe formation are designed
from thebasiccontrollersdescribedn theprevioussection.The
enumeratiorof controlgraphsfor  robotsis discussedh [28].

Let bethe setof availablecontrollersfor
robot . We considerthe problemof selectingthe controller
forrobot , assuminghatthe controllersfor robots
have beenspeci ed.
We illustratethis approactusingthreenonholonomianobile
robots equippedwith rangesensorsFirst, , therefer
encerobot, follows a giventrajectory . Since

canonlyfollow  (becausefthenumberingconstraint),

. Thus follows with . Thesetof for
now hasthreecontrollers: .
Thus, as shavn in Figure 5, may follow or with
or , or follow both and with

The paletteof controllersfor the three-robotgroup becomes
. Eachmemberof this palettecorrespondso a
differentcontrolgraphanda differentmode.

Mode g, Mode g, Mode
sngC& S?’ISC lZC& SBZ?»C IZC& S.LSSZSC

o® Lo e

Fig. 5. The three control graphsfor the 3-robotcase. Eachgraphdenotesa
differentmode( ,and ) for

If theassumptiong Theoremdl and3 hold,theneachmode

with is stable.We needto shav thatfor a given
switchingstratgy  , the hybrid systemis stable,i.e., given
ary initial mode , adesirednode isachievedin nite time.

Ourswitchingstratey is guidedprimarily by our senso{om-
nidirectionalcamera)onstrainteandthe presenc®f obstacles.
Figure 6 depictsthe switching boundariesn Cartesianspace
where denoteghe maximunrange within which a neighbor
robot canbe detected. is a prede nedrangewherea
robotmay detecttwo possibldeaders.To be morespeci c,

may detect or both. In somecasesneither  nor
arewithin the eld—of-view of . Noticethetriangleinequal-
ity shouldbe satis ed. If with

werecollinear SSCwould notbede ned, thenaSBCshouldbe
utilized.

l13 , li3=1lx v
A : L

H ’ Autonomous
Navigation

lig= I+l

Autonomous
Navigation

[ I, —

|13 |23 |12

I X
lp 11 P =

Fig. 6. Choiceof controllersfor
andequilibriumpointin cartesian

. Theplot ontheright shavs theconstraints
coordinates.
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The formation control objectve is to drive to a region
whereit candetectboth and . Thus,theswitchingcontrol

stratgy for ~ canbesummarizeasfollows
If Then
If Then
If Then
If Then

Thesetof controlbehaiorsthatarobotmayexhibit whenthere
is noleaderwithin its eld-of-view is calledAutonomoudNavi-
gationhere.

Figure 7 depictsthe switchingboundariesn the presencef
obstacles.Here denotesa safetyregion within which an
obstaclecan be detected, is the desireddistancefrom the
robotto the obstacle,and is the anglebetween and

Autonomous
Navigation

Fig. 7. Choiceof controllersfor in presencef obstacles.

Let usassume follows with , If anobstacldas
detectedthen switchesto . Oncethe obstaclehas
beensuccessfullynegotiated,  switchesbackto ac-

cordingto thefollowing switchingrules.

If Then
If Then
If Then

B. StabilityAnalysis

Since a paletteof controllersand a switching stratgy are
given, we needto verify that the hybrid systemis stablepro-
vided that eachmode sharesa commonequilibrium point
Oneway to solwe this veri cation problemis to nd acommon
Lyapunw function, thusthe switchedsystemis stablefor ary
arbitrary fast switching sequence. This is in generala dif -
cult task. A numberof approachefave beenproposedn the
literatureto confrontthis problem(see[37] andthereferences
therein).In our 3-robotformationexample,it turnsoutthatun-
der somereasonableassumptionsthere may exist a common
Lyapuna function. Therefore the equilibrium point is stable,
andthesystenerrorof thedesiredormationmodecorvergesto
zero. However, the propertyof exponentialconvergenceis lost
in the switchingprocess.

Letthesystemerrorbede nedas

andaLyapuna functioncandidatdor thedesiredormation
begivenby

where
(23)

is aLyapuna functioncandidatdor subsystem i.e.,

follows  usinga basicleadeffollowing controllet If the
assumptiongn Theoreml aresatis ed, then . More-
over, if the assumptiongn Theorem3 aresatis ed for subsys-
tem , then . Since is commonfor all
modeswe only needto consider in Eq. 23 for studyingthe
stability of the switchedsystem.

By de nition is a Lyapunw function for mode . We

would like to shawv that, is alsoa Lyapunw functionfor
and . Letusconsideformationmode malkes

and exponentiallyas . But we needto shav
that . To accomplishthis, let usde ne ,
thenshawv that or . Themain
ideahereis to pick suchthat as . Thus,

we have
(24)

Usingthe inequalityconstrainimposedby the geometryof the
problemi.e., , itiseasytoshaw that
. Then isalyapuna functionfor (similarly for ).

Remarlks: It is well known that Lyapuna methodsprovide
consenrative stability regions, since we always considerthe
worst case. Simulationresultsreveal that the desiredforma-
tion is achiezed evenwhensomeof the assumptionsliscussed
herearenot satis ed, e.g., positionand orientationof are
randomlyinitialized.

V. SENSING AND ESTIMATION

The sole physicalsensorusedby the robotsin our experi-
mentsis the on-boardcatadioptriccamerasystem. From the
omnidirectionalimageryacquiredby thesecameraswe have
developedseverallogical sensos — anobstacledetector a col-
lision detector adecentalizedstateobserveranda centralized
stateobserver All of theselogical sensordracetheir originsto
oneof two setsof featuresin the omnidirectionalimage— ex-
tractededgesandsegmentedtolors(seeFigurel). Theobstacle
andcollisiondetectorsely on edgeimagesasinput. Implemen-
tationdetailsfor thesecanbefoundin our previouswork [35].

In contrasttheremainingsensorsely on color sgmentation
to identify targetsin theimage. To facilitatethis, eachrobotis
equippedwith a coloredcylindrical collar. Thisyieldsa
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symmetricatargetabouteachrobot's opticalaxis. We thenseg-
menttheimagefor thesecolorsby usinganextractoroperating
in YUV colorspaceOurimplementationiakesadvantagenf YU
andYV look-uptablesto signi cantly reduceprocessingime,
andsegmentsupto 8 colorssimultaneouslyBy applyingablob
extractorto the color sggmentedimage, eachrobot is able to
isolateteammatesvithin its own image.

Next, we exploit the characteristicof the omnidirectional
camerasOneof their primary advantagesn this applicationis
that catadioptriccamerasystemsafford a single effective point
of projection. This meanghat, afteran appropriatecalibration,
every pointin theomnidirectionaimagecanbe associateavith
a uniqueray throughthe focal point of the camera. As a re-
sult, by takingthecenterof gravity (CG) of theextractedcollars
in the color sgmentedmage,eachrobot cancomputereliable
estimatef the direction vectorsto its teammates.Thesedi-
rectionsprovide thebasisfor bothcentralizedanddecentralized
stateobsenation.

A. DecentalizedStateObservation

Image

The Follower R,
with Omnicam

‘The Leader &,

%= 1(x.9,0,)

%=1

g
e

Control Law
V0, 8, %)
A, 0,8,%)

Extended Kalman Filter for
Velocity Estimation

Fig. 8. Leaderfollower estimatiorframevork

Thecontrollersdescribedn Sectionlll, requirereliableesti-
mationof thelinearvelocity () andangularvelocity () of
the leadermobilerobot by follower robot , andrelative
orientation( ). Our algorithmestimates leaders veloc-
ity andthe relative positionand orientationusingan extended
Kalman Iter [38]. It usesthe omni-directionalvision system
to determingherange  andthebearing  of the obsened
leader asneededy follower  for estimationof and
Thelinearangularvelocitiesof the obsenedvehiclearetreated
aspartof thestate.In addition the Iter requiresasensomodel,
andtherelative kinematicg(seeEq. 1) of theleader andfol-
lower

The image processingalgorithmsprovide the following ob-
senations

(25)

Next we differentiatg(25)to obtain  and . Usingthekine-

maticequationg1), our extendedstatevectorthenbecomes

(26)

(27)

where , () is the processoise,andwe
assume . Thesystemoutputwith sensomoiseis
givenby
(28)
Thediscretesystembecomes
(29)

where ( (), ()) is the nonlinearstatetransitionfunction.
The input vector is given by ()isa
noisesourceassumedo bezero-mearaussianvith covariance

( ). We usea samplingintenal ms. Thediscrete
(obsenation)outputis givenby

(30)

Thecovariance ( ) is experimentallydeterminedThegoal
of the EKF algorithmis to estimate andits co-
variance given and attime ,and

thecurrentobsenation ( ). We usea standardestimation
algorithm, seefor instance[39], wherethe obsenation vector
andmeasuremergredictionaregivenby

(31)
(32)

with
(33)

The decentralizedstateobsener providesthe follower with
necessarynformationaboutthe velocity of theleaderfor feed-
forward control, in additionto the relative state(positionand
orientation). This eliminatesthe needfor explicit communica-
tion. Thebasicstructureor thisalgorithmis shovnin Figure8.

B. CentralizedStateObservation

The centralizedbbsener reliesuponinformationsharingbe-
tweenrobotsto solwve for the teampose(positionand orienta-
tion) in closedform. Theresultingestimatds morerobustthan
that obtainedin the decentralizedcasesincethe stateis fully
obserablewith eachobsenation; the needto estimatethe ve-
locity for statepredictionis eliminated.However, this comesat
the costof communicationln ourimplementationthe central-
ized obsener usestwo methodsfor estimatingthe teampose:
triangulation-base@ndpair-wiselocalization.
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Fig. 9. Three-dimensionajeometryfor agentocalization.

Using the triangulation-basednethod, a team of three (or
more) robotsis capableof localizingin  -spacewheneach
canmeasuréhedirectionvectorsto the otherteammembersin
Figure9 theunit vectors denotethedirectionbetween
robot androbot expressedn the coordinateframe of robot

. Let and representespectiely the
translationandrotationof robot with respecto the frame of
referenceof robot . Thesedirectionvectorsare derived from
theimagesusingthe proceduradescribedn the previous para-
graphs.Without lossof generalitywe canchoosehereference
frameof robot1 asour baseframeof referenceandrecoverthe
con guration of therobotteamby recoveringthe positionsand
orientationof the otherrobotswith respecto this frame.

In eachframe, the internalanglebetweenthe directionvec-
torsto the othertwo robots( ) canbe determinedrom their
scalarproduct;for instance . With this
angleinformation,thetranslatiorbetweernthe framescanread-
ily be determinedo a scalefactorby applyingthe sinerule to
theshadedrianglein Figure9. Positionvectorsrelative to other
framescanalsobeobtainedy usingthecorrespondingnit vec-
tors.

With the positionof agentsknown, we only requiretherela-
tive orientationof the framesto completethe localizationpro-
cedure. To accomplishthis, we note thatthe vectors  and

shouldhave equalmagnitude but oppositedirectionwhen
transformedo the sameframe. We notea similar relationship
betweerthevectors and . Fromtheseweobtain
thefollowing pairsof equations.

(34)

With all translatiorvectorsknown to a scalefactor theproblem
of solvingfor eachrotationmatrix reducego theform:

(35)
This canberephraseasthefollowing optimizationproblem:

(36)

The rotation matrix which minimizes this expressioncan be
computedn closedform asfollows:

37)

where [40].

Againrecallthatthis solutionyieldsthe poseof theteamto a
scalefactor. In orderto obtainmetricresultsameango recover
thescaleis necessaryT his canbeaccomplishedf thelengthof
ary oneof thetranslatiorvectorsbetweerframescanbe deter
mined. In our experimentsherobotswereconstrainedo move
ona at surface.Sincethe geometryof eachrobotwasknown,
ary robotcouldgaugehedistanceo its teammatebasednthe
radialdistanceo the extractedblobsin theimage. The smaller
therangetheclosertheblobwill appeato theimagecenter As
aresult,we have ameansby which eachrobotcanprovide two
estimate®f the scale(onefor eachof its visible partners).We
usethe redundanestimategrom all threeto obtainthe overall
scalefactorandtherelative poseof theteam.

This solutionoffersanimprovementover methodgresented
previously, in thatwe obtaintherelative positionandorientation
of therobotteamsolelyfrom angulameasurementsithoutre-
quiring that the angularestimatese referencedo a common
axislike thegravity vector This eliminateshe needfor the ad-
ditional sensorghatwererequiredto measureagentorientation
in previousimplementation$41]. However, it doesnot elimi-
natethesingularityassociatedvith linearformations.Addition-
ally, it requiresthatall threerobotsmaintainline-of-sightwith
eachother Thisis a stringentrequirementhatdoesnotholdin
an obstacle-clutteregénvironment. We note thoughthat when
the poseproblemis reducedto  -space/elative localization
canbeaccomplishedby apairof robots.Usingthisfact,ourim-
plementatiomlynamicallyswitchesetweertriangulation-based
and pair-wise localizationestimationbasedon teamgeometry

andthe externalenvironment.

& ] m
- (R B e
=)
] ]
() (b) (©)

Fig. 10. Triangularto pairwise localizationswitchresultingfrom teamgeome-
try (a-b)or occlusionsn the ervironment(c).

Considethecaseof atriangularformationapproachingnar
row passagéhroughobstacleshavn in Figure10. A formation
switchis orderedto allow theteamto proceedhroughthe pas-
sage(Figure10a). As therobotsapproacha linear formation,
therecomesa point wherethe improved accurag affordedby
the closedform solutionof the triangulation-basetbcalizeris
compromisedy operatingin proximity to its singularity This
pointis afunctionof thesensorsised but occurswhentheerror
in estimatingthe interior anglesbecomes signi cant percent-
ageof theanglesizeitself (in ourimplementationthis occurred
wheninterior anglesapproached 0 degrees).At this point, the
centralizedobsener automaticallyswitchesto pair-wise local-
ization mode (Figure 10b). Robot  exchangednformation
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with the teamleader to localize relative to the leaders
frame. performsa similar exchangewith  , obtainsa lo-
calizationestimaterelatveto , andasaresultdeterminests
poserelative to

While this modeswitchresultedfrom the formationgeome-
try, it canalsobedirectly triggeredby theervironment.Thisis
shavnin Figurel0c,wheretheline-of-sightbetweertwo robots
is occludedby anobstacle This occlusioncanbedetectedrom
a global visibility matrix, resultingin a pairwise localization
switch.

The pairwise methodsenes as the secondarylocalization
modefor the centralizedobsener. In mostformationgeome-
tries, the constraintobtainedby determiningherelative forma-
tion scale— alongwith the redundantangemeasurementfor
estimatingthe absolutescale— resultin improved performance
in the triangulation-basechode. Meanrangeerrorsweretypi-
cally 3-5%,comparedo 10%for the pairwisecase.

The adwantagesresulting from this internal switching are
twofold. It allows the centralizedobsener to robustly estimate
the teamstateregardlessof formationgeometry Additionally,
it allows theteamto reactto anobstacle-clutteredrvironment
with only a slight degradationin accurag. Sincethe obsenrer
providesonly stateestimatedor useby the controllermodes,
theswitchingis transparento all users.

VI. RESULTS

A. Simulationof Switting Strategy

X (m)

Fig. 11. The leaderfollows a sinusoidaltrajectorywhile followers switch to
avoid obstaclenhile maintainingdesiredriangleformation.

In SectionlV, we discusse@hoosingormationsandswitch-
ing stratgiesfor maintainingformationshapewhilst ensuring
a stableswitchedsystem.Here,we illustratethe applicationof
theseconceptgo a simulationof nonholonomicaobotswith
oneobstacle(Figure11). Robot s theleadrobot, andthe
desiredshapeis a triangle. The control modeswitchingin
and areshavnin Figurel2. Theformationshapés achieved
andtherobotssuccessfullynegotiatethe obstacle.

10

Control Modes for R2: SB,, =1, 5,0, =2 Control Modes for R3: SB,; = 1, 5B,,=2,5.5, =3

15 £ (3 g 0 i
Time (s) Time (s)

Fig. 12. Mode switchingfor robot  (left plot)and  (right plot) for trajec-
toriesin Figure11. The numberingof the modesareshavn on the top of each
plot.

B. Experiments
B.1 HardwarePlatform

The cooperatie control framevork wasimplementedn the
GRASPLab's Clodhuster  (CB) robots. The CB platformis
basednthe TamiyaClodhuster  radiocontrolled scale
modeltruck. EachCB is equippedvith anomnidirectionatam-
era(describedn SectionV) asits solesensof42]. Theplatform
lackson-boardprocessing.As a result,video signalsfrom the
cameraon-boardare sentto a remotecomputerfor processing
via awireless2.4 GHz videotransmitter Velocity andheading
control signalsare sentfrom the hostcomputerto the vehicles
as necessary This reducesthe costand size of the platform,
andmalesit simpleto coordinatehe dataprocessingndcon-
trol operationsNotethateachrobotcanbeindependentlgon-
trolled using differenthostcomputers. The CB teamusedfor
our multi-robotcoordinationexperimentsanbe seenin Figure
13.

Omni-Camera

Fig. 13. TheClodhuster ~ teamusedfor experiments.

B.2 FormationControl

Initial experimentsn formationcontrolwereintendedo val-
idate the dynamic stateestimationimplementationand corre-
spondingcontrolapproachAs aresult,experimentsrst exam-
ined stableformationsfollowing trajectoriesof straightlines,
gradualarcs and circles. Video datafrom thesetrials were
recordedusing a calibratedoverheadcamera. This allowed
“ground-truth”positiondataof theformationto berecordecand
analyzedoff-line togethemwith the stateobsenrer positionesti-
mates. Groundplanetrajectoriesfrom a pair of representatie
trials canbefoundin Figurel14.

We next comparedthe state obserer estimateswith the
ground-truttpositiondata.As anexample,in thetrial ontheleft
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Fig. 14. Sampleground-truthdatafor trajectoriesfor atriangularformation

sideof Figurel4,thedesiredormationwasanisoscelesriangle
whereboth followers maintaineda distanceof 1.0 m from the
leader Figure 15 contrastghe measuredeaderfollower sep-
arationdistanceswith thosecalculatedby the centralizedstate
obsener. Resultsarefor the mostpart satisactory with mean
separatiorerrorsof 3.2%and5.5%for the two followers. Dis-

continuitiesin stateobsener estimategredueto corruptedm-

agedataresultingfrom the remotevideotransmission Typical

imagecorruptionrateswere15-20%for eachrobot,leaving pe-
riodsof timewhereno localizationwaspossible.

Separation (m.)

— Ground Truth
+ - Localizer Estimate
05 ! - y y
0 5 10 15 20

Time (sec.)

Separation (m.)

— Ground Truth
+ - Localizer Estimate

05 I I I I
0

5 10 15 20
Time (sec.)

Fig. 15. Follower separatiordistancest ground-truthvs. centralizedobserer
estimategor followers  (top)and

A point of interestin theseplotsis thatthe actualseparation
distances alwaysgreateithanthatdesiredduringmotion. This
is due to the pure feedbackcontroller usedwith the central-
ized obserer. Additional experimentswith the decentralized
obsener usingan ExtendedKalmanFilter for velocity estima-
tion werealsoconductedvith improvementsn trackingperfor
mancedueto availability of feed-forwardterms. This is shovn
in Figures16-17,wheretheleadrobotexecuteda circle andthe
follower attemptedo maintain ~ m separatioranda relative
bearing(asde nedin Sectionlll) of degrees.Thecontroller
responses signi cantly improvedasaresult.We alsoexamined
therobustnes®f the estimatorby manuallyrestrainingthe fol-
lower at sec.As canbe seenfrom the plots, the system
recoveredquickly.

From theseresultswe concludethat both obsenrersprovide

11
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Fig. 16. Leadervelocity estimationby the follower. Resultsareconsistentvith
theactuallinearandangulavelocitiesfor theleaderoinga constantircle
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Fig. 17. Follower separatiomndrelative bearinghistoryfor afeed-forvard con-
troller. Notice the sharpjump at secaswe manuallyrestrainedthe
followerfor 5 sec.Thecontrollerrecorerswithin afew second®f remaoving the
restraint.

sufciently goodstateestimatesHowever, despitethe superior
estimatomperformancethe controlresponsdor the centralized
caseis compromisedy thelack of a feed-forwardcomponent.
We arecurrentlyintegratinga centralizedvelocity estimatorto
addresshis.

B.3 SwitchingFormations

Fig. 18. Triangularto in-line formationswitchto avoid obstacles.

In theseexperimentsthe goalwasto allow the leadrobotin
athreerobotformationto performanexploratorymissionwhile
the formation shapechangedn a decentralizedashionas re-
quired by the environment. We implementedhis by running
a simple reactie obstacleavoider [43] on the leaderand al-
lowing theteamto choosebetweentwo formationshapes an
isosceledriangle and an in-line corvoy. The role of the fol-
lowerswasto follow the leaderwhile maintaininga triangleif



IEEE TRANSACTIONSON ROBGOTICSAND AUTOMATION, VOL. XX, NO.Y, MONTH 2001

, W ! ® :

G

s (o7

2 EY 2 3 25 15 05 05 15 25

o T
Dist(m) Dist (m)

Fig. 19. Groundplanedatafor formationswitching- two runs. Theline change
from solid to dottedcorrespond$o theinitiation of the switch.
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Fig. 20. Ground-truthvs. centralizedobserer estimatesorrespondingo the
experimentin Figure19 (right). After approximately secondstheleaderde-
tectsthe obstaclesndtriggersa formationswitch(triangleto in-line). Notethe
obserer modeswitchesinternally from triangularto pairwise independenbf
theformationswitch,but dependentn theformationgeometry

therewere no obstaclesahead. In the presenceof obstacles,
thefollowersswitchto anin-line positionbehindtheleaderand

henceneggotiatethe obstacleswvhile following the leader The

resultsare summarizedn Figures18-19. The obstaclesused
were cardboardboxesandthe arrangemenshavn is to mimic

anarrov passag@ay causinga changean formationshape We

alsodemonstrat¢heinternalmodeswitchingin our centralized
stateobsenerin Figure20.

B.4 DistributedManipulation

The ability to maintaina prescribedformation allows the
robotsto “trap” objectsin theirmidstandto o w theformation
— guaranteeinghatthe objectis transportedo the desiredposi-
tion. With thisin mind, we proceededo applythistechniqueo
amanipulationapplication.Experimentsvereconductedising
a box asthe objectto be manipulated.In Figure21, theinitial
teamcon gurationis centeredaroundthe box, with the goalto

o w thenow encumberefbrmationalongatrajectorygenerated

by the leader By choosinga constrainingformationgeometry
the box is keptin contactwith all threerobotsduring the for-
mation o w. Severalsnapshotfrom a samplerunareshowvn in
Figure21.

Despitethe controlstratgy notaccountingor changesn the

12

Fig. 21. Distributedmanipulatiordemonstration

objectpose,the formationwastypically successfuln its ma-
nipulationtaskover the testedtrajectories. Theseexperiments,
while not an exhaustve investigationof distributed manipula-
tion, demonstratéhe potentialfor avision basedormationcon-
trol application.

VIlI. CONCLUSIONS

In this work we proposea framework for the development
of intelligent multi-robot systemsby composingsimple sens-
ing, estimationcontrolandcoordinatiorblocksin a bottom-up
approach.The maincontritutionsarea suiteof controlandes-
timation algorithms,and a paradigmfor switchingthat allows
a group of robotsto maintaina prescribedformation (shape
and size) while following a plannedtrajectory The switch-
ing paradigmalsoallows the robotsto changeformationin the
presencef obstacles.A distinguishingfeatureof our work is
the factthateachrobotreliesonly on a single omnidirectional
camerafor sensoryinformation. We demonstrateur frame-
work throughexperimentswith differentmulti-robot coopera-
tive taskslike exploration and distributed manipulation. Be-
causeour controllersand estimatorscan be decentralizedand
theframework allows the selectiorof the bestcontrollerandes-
timatorin a givensituation,our framework canpotentiallyscale
to groupsof tensandhundredsof robots. Analyzingthe effect
of communicatiorconstraintsgdecidingthe optimality of forma-
tion choicesfor a givenenvironment,sensoplanningfor coop-
eratve active visionandimplementingnulti-robotcoordination
taskswith alargernumberof robotsareimportantdirectionsfor
our futurework.
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