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Abstract

This paperis concernedwith the in-�eld autonomousoperationof unmannedma-
rinevehiclesin accordancewith conventionfor safeandpropercollisionavoidance
asprescribedby theCoastGuardCollision Regulations(COLREGS).Theserules
arewrittento trainandguidesafehumanoperationof marinevehiclesandareheav-
ily dependenton humancommonsensein determiningruleapplicabilityaswell as
rule execution,especiallywhenmultiple rules apply simultaneously. To capture
the �e xibility exploited by humans,this work appliesa novel methodof multi-
objective optimization,interval programming,in a behavior-basedcontrol frame-
work for representingthenavigationrules,aswell astaskbehaviors, in a way that
achievessimultaneousoptimalsatisfaction. We presentexperimentalvalidationof
this approachusingmultiple autonomoussurfacecraft. This work representsthe
�rst in-�eld demonstrationof multi-objective optimizationappliedto autonomous
COLREGS-basedmarinevehiclenavigation.

1. Intr oduction

1.1. Moti vation

Mobile roboticplatformsdeployedin themarineenvironmentoffer substantialbene�ts to society
while bringinga multitudeof policy andlegal challenges.Introducingmobileroboticvesselsinto
navigablewaterwayspresentstherisk of collisionwith othervessels(bothmannedandunmanned),
personalinjury andpropertydamage.Until policy, law andspeci�cationsevolve to addressthese
issues,onecanonly speculateontherequirementsimposedondevelopers,ownersandoperatorsof



mobileroboticmarinevehicles.However, aninspectionof therelevantlegal standardsconcerning
safeoperationof vesselsin navigable watersreveals the likely needof owners,operatorsand
programmersto abideby the current“rules of the road” given by the “InternationalRegulations
for Preventionof Collision at Sea”,or the “COLREGS” [Commandant,1999]. It is likely that
astheuseof mobile roboticscontinuesto proliferatewithin themarineenvironmenta new legal
framework will evolve to addresstherami�cationsof ownershipandoperationof theseassets.A
prudentoperatormight take the stancethat, until the law catchesup with the operationof these
vehicles,thesmartmove is to make thevehiclescompliantwith theexisting standardsapplicable
to safenavigation[Brown andGaskell, 2000],[Showalter, 2004].

1.2. Solution Framework

AlthoughtheCOLREGSis a documentsuitablefor guidinghumanbehavior, it is not suitablefor
directinput into avehiclecontrolsystem.In practice,thereareoftenmultiplerulessimultaneously
in effect,andto varyingdegrees.This is particularlytruein congestedwaters.In many situations
therearealsomultipledistinctvehiclemaneuversthatwouldsatisfyagivenrule. Humansarefairly
goodat dealingwith con�icting rulesandcapitalizingon the �e xibility of the written language,
but thesesituationspresenttheharderchallengesfor autonomousvehiclecontrol.

To addressthis problem,we have useda novel methodof multi-objective optimization,in-
terval programming(IvP), [Benjamin,2004], within a behavior-basedarchitecturefor capturing
COLREGSrules.EachCOLREGSrulecorrespondsto abehavior thatproducesanobjectivefunc-
tion over thevehicle's decision,i.e.,actuator, space.Theobjective functionscapturethebehavior
prescribedby theCOLREGSrule (in thepeakareasof thefunction),but alsocaptureits �e xibil-
ity (in the non-peakareas).Eachiterationof the vehiclecontrol loop theninvolvesthe creation
andsolutionof a multi-objective optimizationproblem,whereeachmodulecontributesonefunc-
tion. This approachis suitablefor building additionalmissionmodules,on top of a COLREGS
foundationwherethemissionmodulesalsoproduceadditionalfunctionsalongsidetheCOLREGS
modules.Resultsfrom simulationandresultsfrom in-�eld experimentswith multipleautonomous
surfacecraft arereportedto validatethesealgorithmsandarchitecture.

2. Background

2.1. Behavior-BasedControl

In behavior-basedsystems,robotor vehiclecontrol is theresultof setof independent,specialized
modulesworkingtogetherto chooseappropriatevehicleactions.It canbeviewedasanalternative
to the traditionalsense-plan-actcontrol loop asshown in Figure1, wheredecision-makingand
planningareperformedonasingleworld modelthatis built upandmaintainedover time.

Commonlycited virtuesof behavior-basedsystemsinclude: the easeof developmentof the
independentmodules,the lack of a singlecomplex world model,andthe potentialfor a highly
reactive vehiclewith certainbehaviors triggeredby theappropriateeventsin a dynamicenviron-
ment. Theorigin of suchsystemsis commonlyattributedto Brooks' “subsumptionarchitecture”
in [Brooks, 1986]. Sincethen, it hasbeenusedin a large variety of applicationsincluding: in-
door robots,e.g., [Arkin, 1987], [Arkin et al., 1993], [Hoff and Bekey, 1995], [Lenseret al.,
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Figure1: Behavior-basedcontroldiffers from conventionalcontrolby composingoverall vehicle
behavior into distinctmodulesthataredevelopedandoperatelargely in isolation,andcoordinated
throughanactionselectionmechanism.In thiscase,actionselectionis in theform of anew multi-
objective optimizationtechniqueto overcomeknown dif�culties associatedwith behavior-based
control.

2002], [Pirjanian,1998], [Riekki, 1999], [Saf�otti et al., 1999], [Tunstel,1995], [Velosoet al.,
2000], land vehicles,e.g., [Rosenblatt,1997], planetaryrovers, e.g., [Ju et al., 2002], [Pirja-
nian et al., 2001], [Singh et al., 2000], andmarinevehicles,e.g.,[Lee et al., 2004], [Benjamin,
2002b],[BennetandLeonard,2000], [Carreraset al., 2000], [KumarandStover, 2001], [Rosen-
blatt etal., 2002],[Williams etal., 2000].Action selection,asindicatedin Figure1, is theprocess
of choosinga singleactionfor execution,given theoutputsof thebehaviors. The“action space”
is the setof all possibledistinct actions. For example,all combinationsof rotationalandlinear
velocity for a robot,or all speed,headinganddepthcombinationsfor amarinevehicle.

2.2. Known Dif�culties in Behavior-BasedControl

The primary dif�culty often associatedwith behavior-basedcontrol concernsaction selection-
namelyhow to ensurethechosenactionreally is in thebestoverall interestof therobotor vehicle.
An actiongenerallyis a vectorof values,onefor eachactuatorbeingcontrolled.For example,the
rotationalandangularvelocity for a landrobot,or heading,speedanddepthfor amarinerobot.

Generallytherearetwo techniquesusedin practice. The simplestmethodis to pick (at ev-
ery iterationof thecontrol loop) a singlebehavior to have exclusive controlof thevehicle. Some
approaches,like [BennetandLeonard,2000], [Brooks, 1986], [Newman,2003] assigna setof
�x edpriorities to behaviors, andconditionsfor their activation. Theprioritiesdo not changedy-
namically. In otherimplementations,like [KumarandStover, 2001],prioritiesmaybedetermined
dynamically. Althoughusingstrictpriority schemeis appealingdueto its simplicity, it is problem-
atic in applicationswheretheoutrightignoringof the“secondary”behaviors leadsto grossvehicle
inef�ciency, asis thesituationwith taskdescribedin thiswork.

The othercommonform of actionselection,known variably as“action averaging”,“vector
summation”etc., takesthe outputof eachbehavior in the form of a vectorandusesthe average
numericalvalueastheactionsentto thevehicle's actuators.Summationis typically weightedto
re�ect behavior priority. Thismethodhasbeenusedeffectively in anumberof applications,[Arkin,
1987],[Arkin andBalch,1997],[BalchandArkin, 1998],[Carrerasetal., 2000],[Khatib, 1985].



Whenthepreferredactionsof two distinctbehaviors disagree,this approachrestson theidea
thatthealternativeactionsdegradein effectivenessin amannerdepictedin Figure2.
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Figure2: In action-averaging,eachbehavior outputsa singlebestaction.Thebestactionpresum-
ably is themosteffective amongalternative actionsfor thatparticularbehavior. Theeffectiveness
levelsof alternative actionsarerenderedhereonly for illustrationanddo not participatein theac-
tion averagingprocess.Whentwo behaviorsarenon-mutuallyexclusiveandsharecommonaction
choiceswith high levelsof effectiveness,asshown here,thenactionaveragingtypically re�ects an
appropriatecompromisebetweenbehaviors.

In suchacase,theaction,or actuatorsetting,in betweenthetwo individually preferredactions
mayindeedbethemosteffectiveactionoverall. However, actionaveragingis problematicin cases
when alternative actionsdegradein effectivenessin a mannerdepictedin Figure 3, wherethe
numericalaveragedoesnot representaneffective compromisebetweentwo behaviors thatare,in
effect,mutuallyexclusive.
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Figure 3: The averageof the bestaction producedby two behaviors may have poor value for
both behaviors. The chooserof the action is oblivious to the error sincethe behaviors outputa
singlepreferredactionanddo not communicatetheunderlyingeffectivenessof their alternatives,
renderedhereonly for illustration. In this case,interestsbeingpursuedby the two behaviors are
mutuallyexclusive,andthe“compromise”is detrimentalto both.

3. The “IvP” Ar chitecture

3.1. Behavior-BasedControl with Inter val Programming

By usingmulti-objectiveoptimizationin actionselection,behaviorsproduceanobjectivefunction
ratherthana singlepreferredaction[Pirjanian,1998],[Benjamin,2002a]and[Rosenblatt,1997].



In the examplesin Figs. 2 and3, the objective functionsarewhat distinguishopportunitiesfor
compromise.Notetheoverall preferredactionin Figs. 2 and3 arevirtually thesamedespitethe
differencesin utility of secondaryalternatives.

An interval programmingproblemconsistsof a collection of IvP functions,eachwith an
associatedpriority weighting.Eachfunctiontypically correspondsto anaspirationof thedecision
maker, or autonomousagent,andmapseachpoint in the decisionspaceto a valuethat re�ects
thedegreeto which thatdecisionsupportsthecorrespondingaspiration.Thepriority weightings
re�ect thedegreeto which thedecisionmaker is willing to tradeoff achievementin oneaspiration
for anotherbasedon theoverall context at themoment.

For a problemde�ned over a decisionspacewith n decisionvariables(x1; : : : ;xn), andhav-
ing k objective functions f1(x1; : : : ;xn); : : : ; fk(x1; : : : ;xn), with k priority weights(w1; : : : ;wk), the
generalform is givenby:

maximize w1 f1(x1; : : : ;xn) + : : : + wk fk(x1; : : : ;xn)
suchthat fi is anIvP piecewisede�ned function,

wi is apositivenumber.

Thek objective functionsareeffectively combinedinto asingleobjective function,whichbegsthe
questionasto whetheror not this constitutes“multi-objective” optimization.This termis applied
hereto discerna subclassof single-objective optimizationproblemswherethe singleobjective
function to be optimizedis composedof componentsthat are themselves meaningfulobjective
functions. By taking the sumof the setof contributing objective functions,the pitfall of action
averagingshown in Figure3 is avoided,but the bene�t of combiningbehavior outputshown in
Figure2 is captured.

Therearetwo practicalchallengesin producingandusingobjective functionsastheprimary
behavior output: (1) the methodmustbe fastenoughto accommodatethe vehiclecontrol loop,
typically 1-20Hz.Oneachiterationnew functionsarecreatedandanew problemsolved.(2) if the
methodof solvingtheoptimizationproblemdependsonastrict typeof objective function(suchas
linearor quadratic),theneithercertainbehaviors cannotplug in, or suchbehaviors mustproduce
anobjective functionof theright typethatapproximatesits trueobjective function.

This work differs from [Pirjanian,1998]and[Rosenblatt,1997] in that theprocessof multi-
objectiveoptimizationis nothandledby abruteforceevaluationof all possibledecisions.Theuse
of bruteforceis typically tooslow andpoorlyscalable,andoften,asin [Rosenblatt,1997],is only
practicallyachievableby decouplingcontrolvariabledecisions,i.e., �rst decidingthebestheading
of a vehicle and then basedon that heading,then decidingthe bestspeedand so on for other
variables.In thiswork theinterval programming(IvP) modelis usedto implementmulti-objective
optimizationover a coupledn-dimensionactionspace,by letting eachbehavior contributeanIvP
objective functionover thisspace.



3.2. Inter val Programming Functions

The interval programmingmodelspeci�es (1) a schemefor representingfunctionsof unlimited
form and(2) asetof algorithmsfor �nding agloballyoptimalsolution.All functionsarepiecewise
linearly de�ned, andthusarean approximationof a behavior's true underlyingutility function.
Thepiecewise functionsneednot useuniform shapedpiecesbetweenfunctionsor evenwithin a
singlefunction.Thequalityof theapproximationis primarily determinedby thenumberof pieces
onechoosesto generateaswell as the algorithmsfor re�ning andallocatingpiecesto areasof
the underlyingfunction that are lessamenableto local linear approximation. Furthermore,the
function producedby a behavior needonly be de�ned over the subsetof the decisionor action
spacerelevantto thebehavior.

Practicallyspeaking,therearetwo IvP C++ libraries.Thecorelibrary de�nes thedatastruc-
turesfor representingIvP functionsandproblems,and the solutionalgorithmsfor solving syn-
tactically legal instancesof an IvP problem. Thesecondlibrary is moredynamicandcontainsa
growing setof toolsfor castingor convertingtheutility functionsnative to a vehiclebehavior into
IvP functions. Eachbehavior producesan IvP function on eachiterationof the control loop, so
this processneedsto befast,andthebehavior designerneedsto bemindful aboutthe tradeoff of
functionquality andCPUtime. Theexisting library utilities for building anIvP functionfrom an
underlyingfunctionrely only on accessto a functioncall for samplingor evaluatingany point in
thedecisionspacefor theunderlyingutility function.Theunderlyingutility functionis something
uniqueto eachvehiclebehavior module.For thedeveloperof thebehavior, theutility functionis
the primary thing to determineandimplement.To summarize,the behavior developerusingthe
IvP modelneedsto addressthefollowing four aspects:

1. De�ne theunderlyingutility functioncorrelatingvehicleactionsto theutility with respect
to theoverall behavior goal.

2. Provide a method(in our casein C++) for rapidly evaluatinga givenpoint in thefunction
domaingivencertaincurrentinformationabouttheworld in whichthevehicleis operating.

3. Make a decisionaboutwhat is typically a goodenoughapproximationof this utility func-
tion with anIvP function.

4. Determinea policy for how thepriority of thatbehavior changeswith respectto aspectsin
theworld.

Examplesof thisprocessaregivenwith behavior descriptionsin Section4.

3.3. Action Selectionwith Inter val Programming

The actiontaken by the vehicle in eachiterationof the control loop is the solutionto the inter-
val programmingprobleminstancecomposedof theobjective functionsfrom eachbehavior. IvP
searchis over the weightedsum of individual functionsand usesbranchand boundto search
throughthe combinationspaceof piecesratherthanthe decisionspaceof actions. The only er-
ror introducedis in thediscrepancy betweena behavior's trueunderlyingutility functionandthe
piecewiseapproximationproducedto thesolver. This error is preferablecomparedwith theerror
of restrictingall behaviors to a quadraticfunction for example. Furthermore,thesearchis much



fasterthanbruteforceevaluationof thedecisionspace,asdonein [Rosenblatt,1997],sinceeach
pieceimplicitly evaluatesmany pointsin thedecisionspace.Thelargerthepiecesize,thegreater
it will outperformbruteforce in termsof speed,but at a costof accuracy. The choiceof piece
sizeanddistribution is a tradeoff betweenspeedandaccuracy. The solutionspeedis primarily
correlatedto thenumberof piecescontributedfrom eachobjective function,but asthenumberof
dimensionsor variablesgrow, morepiecesarelikely to beneededto achieve a satisfactoryfunc-
tion approximation.Thedecisionregardingfunctionaccuracy is a local decisionto thebehavior
designer, whotypically hasinsightinto whatis suf�cient. Thesolverguaranteesagloballyoptimal
solutionandthis work validatesthatsuchsearchis feasiblein a vehiclecontrol loop of 4Hz on a
600MHzcomputer.

Like many branchandboundalgorithms,thesearchcanbegreatlyenhancedby seedingthe
problemwith a good initial solution. The solution algorithmsimplementedfor the IvP model
employ a few application-independentheuristicssuchasexamining�rst the bestdecisionin the
highestweightedfunction. WhenusingIvP for autonomousvehiclecontrol, the initial solution
usedis alwaysthe bestdecisionderived from the previous control cycle - typically what wasa
gooddecisiona fractionof a secondprior is alsoa prettygood(if not best)decisionin thepresent
unlesssomethinghaschangedin theworld in themeanwhile.In fact,whensomethingdoeschange
dramaticallyin the world, suchashitting a waypointor a nearbyvehiclechangestrajectory, the
solve time hasbeenobserved to be roughly 50% longer (but still comfortablyunderpractical
constraints).See[Benjamin,2004]for moreon IvP andsearchalgorithms.

4. The VehicleHelm and “Br eadand Butter” Behaviors

A primarymotivationfor applyingmulti-objectiveoptimizationto theCOLREGSnavigationprob-
lem is thatCOLREGSbehaviors serve to augmentotherbehaviors without mutualdesignconsid-
eration.Wepresentheretwo “breadandbutter” behaviorssuf�cient for illustratingthesubsequent
descriptionof theCOLREGSbehaviors. Wealsodescribethedecisionspaceusedin ourparticular
helmandbehaviors,anddescribethenotionof “closestpointof approach”,akey elementof utility
functionsrelatedto relativevehiclemotion.

4.1. The DecisionSpaceand VehicleHelm

Thehelmis themoduleconsistingof thebehaviorsandtheoptimization(actionselection)engine.
Theactionspacein our helmconsistsof decidingthevariables,heading(q), speed(v), andtime-
on-leg (t). Thelatteris the“intended”durationof thechosenaction.Thehelmis notcommittedto
executinganactionhq;v;ti for theintendedtime,but thetimedurationis usedto furtherdistinguish
theutility of actions.Thehelmproducesa tuplehq;v;ti onevery iterationof thecontrolloop,and
thevaluesof headingandspeedarefed into PID controlto producerudderandthrustcommands.

Thehelm, throughtheGlobalPositioningSystem(GPS),hasaccessto its own positionand
trajectory(x, y, q, v), andthroughwirelesscommunicationhasaccessto theposition,heading,and
speedof a givenvehicle(xb, yb, qb, vb). Eachhelmbehavior hasaccessto thesevariablesif need
be,andthey compriseall thenecessaryinput to thebehaviorsdescribedbelow for thiswork.

Helm behaviors canbe con�gured with initial priority weight valuesthat may stayconstant



duringtheexecutionof amission.A behavior mayalsouseworld stateinformationgarneredfrom
the MOOSDB to calculateits own priority dynamically, perhapsin combinationwith its origi-
nal con�guration weight. A priority weight of zeroeffectively disablesin�uence of a behavior.
Although theuseof objective functionsis designedto coordinatemultiple simultaneouslyactive
behaviors,helmbehaviorscanbeeasilyconditionedonvariable-valuepairsin theMOOSdatabase
to run at the exclusionof otherbehaviors. Likewise,behaviors canproducevariable-valuepairs
uponreachinga conclusionor milestoneof signi�canceto thebehavior. In this way, a setof be-
haviorscouldberunin aplan-likesequence,or runin alayeredrelationshipasoriginally described
in [Brooks,1986]. If two behaviors arebothsimultaneouslyactive,with competingor con�icting
objective functions,resolutionis achievedvia themulti-objective optimizationsolver.

4.2. ClosestPoint of Approach

For COLREGSbehaviors,animportantqualityof acandidateactionhq;v;ti , is theclosestpointof
approach (CPA) betweentwo vehiclesduringa candidateleg. A Behavior producinganobjective
functionwith CPA asa componentof its utility functionneedsto performmany variationsof this
calculationon eachnew call to generateanIvP objective function.Thus,thealgorithmwith notes
onef�ciency measuresaregivenhere.

Ourown currentpositionis known andgivenby (x, y), andtheothervehicle'scurrentposition
andtrajectoryis givenby (xb, yb, qb, vb). To computetheCPA distancefor a givenhq;v;ti , �rst
thetime tmin whentheminimumdistancebetweentwo vehiclesoccursis computed.Thedistance
betweenthetwo vehiclesat thecurrenttimecanby determinedby thePythagoreantheorem.Gen-
erally, for any giventime t (wherethecurrenttime is t = 0), andassumingtheothervehiclestays
onaconstanttrajectory, thedistancebetweenthetwo vehiclesfor any chosenhq;v;ti is givenby:

dist2(q;v;t) = k2t2 + k1t + k0; (1)

where

k2 = cos2(q)v2 ¡ 2cos(q)vcos(qb)vb + cos2(qb)v2
b +

sin2(q)v2 ¡ 2sin(q)vsin(qb)vb + sin2(qb)v2
b

k1 = 2cos(q)vy¡ 2cos(q)vyb ¡ 2ycos(qb)vb +
2cos(qb)vbyb + 2sin(q)vx¡ 2sin(q)vxb ¡
2xsin(qb)vb + 2sin(qb)vbxb

k0 = y2 ¡ 2yyb + y2
b + x2 ¡ 2xxb + x2

b

Thestationarypoint is obtainedby takingthe�rst derivativewith respectto t:

dist2(q;v;t)0= 2k2t + k1:



Sincethereis no “maximum” distance,this stationarypoint alwaysrepresentstheclosestpoint of
approach,andtherefore:

t0=
¡ k1

2k2
:

Thevalueof tmin maybein thepast,i.e., lessthanzero,if thetwo vehiclesarecurrentlyopening
range.Or tmin maybewell beyondt, thetime lengthof thecandidatemaneuverhq;v;ti . Therefore
thevalueof tmin is clippedby [0;t]. Furthermoretmin is zerowhenthetwo vehicleshave thesame
headingandspeed(theonly conditionwherek2 is zero).TheactualCPA valueis thenobtainedby
pluggingtmin backinto (1).

CPA(q;v;t) =
p

k2tmin
2 + k1tmin+ k0: (2)

As mentionedbefore,this calculationis a commoncomponentin theunderlyingutility func-
tion for behaviors dealingwith relative vehiclemotion. A behavior, within a single iterationof
the control cycle, will performa sequenceof calculationson differenthq;v;ti values. However,
all calculationshave the samevaluesof currentvehicleposition(x, y), andcurrentpositionand
trajectoryof theothervehicle(xb, yb, qb, vb). To make thisoverall sequenceof calculationsfaster,
all termsin (1) comprisedexclusively of x, y, xb, yb, qb, vb arecalculatedonceandcachedfor later
calculations.

4.3. A Collision AvoidanceBehavior

Eachof theCOLREGSbehaviorsdescribedin thenext sectionarealsocollisionavoidancebehav-
iors, eachbasedon a particularCOLREGSprotocolregardingtherelative positionandtrajectory
betweentwo vehicles.Thecollisionavoidancebehavior describedherediffersfromtheCOLREGS
behaviors only in that it doesn't carehowcollisionsareavoided.Sucha behavior maybeusedin
anenvironmentwheretheothervehiclesarenot following COLREGSprotocolfor example.(We
usethisbehavior to describegeneralaspectsof behavior creationaswell asto provideaheadstart
for laterdescriptionsof theCOLREGSbehaviors.)

The underlyingutility function, f (q;v;t) utilized by this behavior, is basedon the CPA dis-
tancefor acandidatedecisionhq;v;ti :

f (q;v;t) = g(CPA(q;v;t))

Theutility varieslinearlybetweenaparameterizable“inner” distanceandan“outer” distance.
CPA distanceslower thanthe inner-distancearetreatedascollisions,andvaluesgreaterthanthe
outer-distancehave a plateauutility nominally set to 100. (Functionsare normalizedprior to
the applicationof the priority weight,so actualutility rangesareinsigni�cant). CPA distancein
betweentheouter-distanceandinner-distancedegradelinearly, illustratedby theexamplein Figure
4.



(a) (b)

Figure4: Theobjective functionsproducedby theAvoidCollisionbehavior for two situations.In
bothcases,thecontrolledvehiclehasa top speedof 4 meters/secondwith thecontactmoving on
the indicatedheading.Theseareradial plots over headingandvelocity. Darker colorsrepresent
morefavorableactions,andlargerradii on theplot indicatehighercandidatespeeds.Thevehicles
are200metersapart.CPA distanceslessthan10 metersareconsideredcollisions(in white) and
thosegreaterthan75 metersareneutral(in black). Distancesin betweendegradelinearly. In (a)
thecontactis moving at3 m/sandin (b) thecontactis moving at5 m/s.

Thepriority of thebehavior is determinedby theCPA distanceof ahypotheticalcontinuation
of thecurrentheadingandspeedoutanothern seconds.A simulationtrackis shown in Figure5.

Waypoint Waypoint

Figure 5: In simulation, the lefthandvehicle is guidedby a waypoint and collision avoidance
behavior to the point on the right. (Note this vehicle passesto the oppositeside as would be
prescribedby the COLREGS.Comparethis trajectorywith Figure 11.) The righthandvehicle
is executinga waypointbehavior with no collision avoidanceto the waypointon the left. The
functionrenderedrepresentstheadditionof thetwo objective functionsat thatpoint in time.

4.4. A Waypoint Behavior

Thewaypointbehavior is populatedwith asetof (xi ;yi) waypoints,andhasaccessto thevehicle's
currentposition(x;y) via GPS.It rankscandidatelegshq;v;ti basedontheproximity of theresult-
ing positionto thenext waypoint.An exampleobjective functionis shown in Figure6. Theseries
of waypointcouldbetheresultof eitherdirecthumanentryat launchtime,or theresultof a your
favoritepathplanningalgorithmthatrunseitherprior to launchor dynamically. Thisbehavior also
canbecon�gured to performa track-lineby specifyinga moving point on thetrack line between
thecurrentwaypointsto steertoward,ratherthensteeringdirectly towardthenext waypoint.This



behavior currentlyhasno temporalaspect,but is ratherguidedsolely by the deviation from the
currentcalculatedshortestpathto thewaypoint(or thetrack-linepoint).

Next WaypointPrevious Waypoint

Figure6: The objective function producedfor the waypointbehavior ratesdecisionshigherthat
bring the vehiclecloserto the next waypointanddo not adddetourdistance.The utility drops
linearly. This is a radial plot over headingandvelocity. Darker shadesrepresenthigherutility.
Typically about600linearpiecesareusedto representthis function.

5. The COLREGS Behaviors

Therearenearly40 rulesthat comprisethe “COLREGS”, nearlyhalf of which concernlighting
and sounds. We focus our attentionon the four most challengingrules, from an autonomous
navigation perspective, that cover “head-on”situationsand“crossing” situation,rules14-16. It
is alsoworth noting rules8(b), (d) which addresscollision avoidancegenerally(all excerptsare
from [Commandant,1999]):

Rule8 :“Action to AvoidCollision”

(b) Anyalteration of courseand/orspeedto avoidcollision shall, if thecircumstancesof
thecaseadmit,belargeenoughto bereadilyapparentto anothervesselobservingvisually
or by radar; a successionof smallalterationsof courseand/orspeedshouldbeavoided.
(d) Actiontakento avoidcollisionwith anothervesselshall besuch asto resultin passing
at a safedistance. Theeffectivenessof theactionshall becarefullycheckeduntil theother
vesselis �nally pastandclear.

This rule revealsa measureof the�e xibility commonin therules,suitablefor humans,but tricky
for robots,suchas“ large enoughto bereadilyapparent”,and“smallalterationsof course”.Gen-
erally the �e xibility is found in both the condition of the rule and the application of the rule.
Exploiting the latter is of paramountimportance,sincethe rulesneedto at timesco-exist with
otherrulesaswell astheeffortsof thevehicleto completeits task.

5.1. The “Head-on” Behavior

Therule regardingtwo vesselsapproachinghead-onis Rule14 in [Commandant,1999]:



Rule14 :“Head-on Situation”

(a) Unlessotherwiseagreed,whentwopower-drivenvesselsaremeetingonreciprocalor
nearly reciprical coursesso as to involverisk of collision each shall alter her courseto
starboard sothateach shall passon theport sideof theother.
(b) Such a situationshall bedeemedto exist whena vesselseestheotheraheador nearly
aheadandby night shecouldseethemast-headlights of theother in a line or nearly in
a line or both sidelightsand by day sheobservesthe correspondingaspectof the other
vessel.
(c) Whena vesselis in any doubtas to whethersuch a situationexistssheshall assume
that it doesexist andactaccordingly.

The objective function producedby this behavior is alsobasedon the closestpoint of approach
for a given candidatemaneuver leg hq;v;ti . The “head-on”condition referredto in the rule is
interpretedto bein effect whentherelative bearingbetweenthetwo vehiclesis within 15 degrees
of the headingof the contact. To achieve the desiredeffect, the candidateheadingis compared
againstthecurrentrelative bearingandstarboardmaneuversareratedhigher, andlikewise lower
for portmaneuvers,asshown in Figure7.

contact heading

+15

-15

Figure7: The“head-on”behavior producesobjective functionsbasedin parton theclosestpoint
of approachfor acandidatemaneuverandin partonapreferencefor starboardmaneuverspassing
the contacton the port side. Darker colorsrepresentmorefavorableactions,andlarger radii on
theplot indicatehighercandidatespeeds.CompareagainstFigure4(b)wheremaneuversto either
sideof thecontactarenearlyequalin preference.

In addition,thebehavior is givena rangeoutsideof which thepriority of thebehavior is zero
andis inactive (seeFigure11(a).).

5.2. The “Cr ossing”Behaviors

COLREGSRule 15 and 16 serve to de�ne a “crossing” situation. Theseroles are depictedin
Figure8.

Rule15 :“Cr ossingSituation”



Stand-on VesselGive-way Vessel

Figure8: TheGive-wayvesselyieldsto theStand-onvessel.

(a) Whentwo power-driven vesselsare crossingso as to involve risk of collision, the
vesselwhich hastheotheronher starboard sideshall keepoutof thewayandshall, if the
circumstancesof thecaseadmit,avoidcrossingaheadof theothervessel.

Rule16: “Action byGive-wayVessel”

Everyvesselwhich is directedto keepout of the way of anothervesselshall, so far as
possible, takeearlyandsubstantialactionto keepwell clear.

Theobjective functionproducedby this behavior alsoutilizesclosestpoint of approachfor a
givencandidatemaneuver leg hq;v;ti in its objective functionformulation.The“crossing”condi-
tion referredto in therule is interpretedto bein effect whentherelative bearingbetweenthetwo
vehiclesis greaterthan15degreesof theheadingof thecontact,but lessthan90degrees.Accord-
ing to Rule15,crossingaheadof theothervesselis to beavoided.To representthis preferencein
theobjective function,acandidateleg, hq;v;ti , is furtherevaluatedto determineif it crossesahead
or behindthe othervessel. The rankingof utility of an action is penalizedfurther if it crosses
ahead,asshown in Figure9.

Figure9: The“crossing”behavior producesobjective functionsbasedin parton theclosestpoint
of approachfor a candidatemaneuver and in part on a preferencemaneuvers that do not cross
aheadof theothervessel.Darker colorsrepresentmorefavorableactions,andlarger radii on the
plot indicatehighercandidatespeeds.(Comparewith Figure4(b).



6. Experiments

Testingis donebothin simulationandon two kayak-basedautonomoussurfacecraftsdepictedin
Figure10. Eachvehiclehadaccessto a compassandGarmin18 GPS,the latterwith updatesof
1Hz.

Kill Switch

802.11b Antenna

Cool Water Circulated
Cooling System

Main vehicle computer
in Watertight Enclosure

Figure10: Two kayak-basedautonomoussurfacecraft for usedfor in-�eld experiments.Eachhad
accessto GPSandsharedtheir currentpositionandtrajectorywith theother.

TheGPSalsoprovided thevehiclespeedinformation,andat suf�ciently high enoughspeed
(> 0:5m/s), the GPSwaspreferredover the compassfor headingmeasurements.Eachvehicle
communicatedits position,headingandspeedto theothervehicleat a rateof 4Hz, via a 802.11b
wirelesslink. Eachvehiclealsohada uniqueID thatwasknown at launchtime. For example,the
Rule-14collision avoidancebehavior describedin Figure11 below, wasparameterizedexplicitly
with theID of theothervehicle.A contactmanagementmodulethatautomaticallysortsincoming
trackdatainto distinctvehicleIDs is partof ongoingwork. This featurewe believe is orthogonal
to testingtheviability of theCOLREGSbehaviors.

Eachvehicleis runningMOOS,describedin [Newman,2003],which providesamongother
thingstheimportantcapabilityof launchingseparatedistincton-boardprocessesthatcommunicate
througha commondatabaseusingsockets. Individual processescommunicatein a subscribeand
publishmannerthroughthisdatabase.Thedatabaseis adistinctprocessalwaysrunningon-board.
Thehelmthatcomprisestheindividual behaviors andthemulti-objective optimizationengineis a
singleprocessin a MOOScommunityof processes.In experimentsreportedhere,thehelmruns
at 4Hz,andalsocontainsthevehiclePID controllers.Thereis a PID controllerfor both“rudder”
and“thrust”. The helm passescontrol decisionsin termsof “heading” and“speed” to the PID
controllers.

Figure 11 shows a representative in-�eld experimentalresult that we have achieved using
thebehaviors andmulti-objective optimizationalgorithmsdescribedin theprevioussection.This
experimentwasdesignedto test”Rule 14(Head-onCollision)”. Thecaptionin the�gure provides
a detailedstep-by-stepaccountof how the correctbehavior emergesbasedon the IvP optimized



actionselectionstrategy describedabove in Section3. Eachpoint on the plot representsa GPS
entryin thevehiclelog �le.

Figure 12 shows a representative experimentalresult regarding the Rule-15(Crossing)be-
havior. In this experiment,vehicle2 is controlledby both thewaypointandCOLREGSRule-15
behavior. Thewaypointbehavior is con�guredto only penalizedeviationsfrom theshortestpathto
thenext waypoint.It is notpenalizedfor timedelays.For this reason,thevehicle,whenpresented
with acollisionavoidancesituation,simplyslowsdown to let thesituationresolvebeforeresuming
normalspeedto thenext waypoint.

7. Conclusion

Thispaperhasinvestigatedtheproblemof autonomouscollisionavoidanceandnavigationfor un-
mannedmarinesurfacecraft. We have presenteda novel methodusingIvP-basedmulti-objective
optimizationto coordinatedistinct vehiclebehaviors representingboth taskexecutionandestab-
lishedhumanprotocolfor safenavigation. This paperalsoprovides,to our knowledge,the �rst
everdemonstrationof suchasystemonaphysicalmarineplatform.

An importantgoalin thiswork is to implementa techniquecapableof capturingthe�e xibility
in theCOLREGSrules.Not just the�e xibility of whenarule is applied,but alsohowit is applied.
We believe we have demonstratedsucha techniqueby usingobjective functionsto representnot
only thepreferredchoicefor a rule (thepeak)but alsothecompromisechoices(theoff-peakareas
of the function). A techniquethat allows the simultaneousin�uence of multiple behaviors also
allows for tying theweightof thatin�uence to theperceiveddevelopingsituation.

Thelevel of experimentationin thiswork hasconvincedusof theviability of this techniquein
termsof full end-to-endimplementationof thealgorithmson physicalmarineplatformsin certain
canonicalcollision risk situations.Thecurrentexperimentalresultshowever do not yet suf�ce for
claiminga “COLREGScompliant”system.A proof to supportthis claim maybeaselusive asa
proof thata humanpassinga writtenCOLREGStestwill never causea collision. It is however an
objective in this projectto build a “COLREGScompliant”systemandprovide strongsupportfor
thatclaim.

To thisend,ourcurrentwork (Summer2006)focusesonusingsix vehiclesdeployedto neigh-
boring regions on the water with a shore-linkthat generatessimultaneousrandomlygenerated
re-deploymentcommandsthat direct the vehiclesto new deploymentareas,causingvehiclesto
crosspaths(in a wide variationof circumstances)to arrive at their new deploymentarea.We will
log thetrajectoriesfor postanalysisdetectionof collision,verynearcollision,nearcollisionandso
on. We canthencompareperformancebetweenusing(a)nocollisionavoidance,(b) non-protocol
collision avoidance,and(c) COLREGScollision avoidancewith differentparametersettings.We
expect to augmentthe on-water testswith simulationtests. While the on-water testsare more
realistic,thesimulationtestscanberun for many morehourswith little effort.

In this work we relied on GPSon all vehiclesfor sharingvery accurateinformationabout
positionandtrajectoryover an 802.11blink. This allowed us to avoid �tting the vehicleswith
furthersensorsandimplementingthealgorithmsto generatevehiclepositionfrom raw sensordata.
At theconceptionof this projectthis waspurelya decisionof convenienceto allow usto focuson



decisionmaking. In themeanwhile,AutomaticInformationSystems(AIS) have becomecheaper
andmoreprevalenton (manned)marinevehicles. Thesesystemsbroadcastposition, trajectory
andvehicleidenti�cation to neighboringvehicles�tted with the properreceiver equipment.We
arecurrentlyconsideringout�tting ourplatformswith suchsystems.Wecanenvisionthedaywhen
deploymentof unmannedsurfacecraft arelimited to zoneswhereall vehiclesareAIS-compliant
andCOLREGS-compliant.
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Figure11: In-�eld experimentswith two autonomouskayaksverifying theCOLREGS“Head-on”
Rule-14behavior. Vehicle1 and2 areput on a head-oncollision coursethrougha seriesof way-
points.Vehicle1 is utilizing a waypointbehavior anda Rule-14behavior. Vehicle2 is only using
a waypointbehavior anddoesnot make any attemptat collision avoidancewith vehicle1. In (a)
thetwo vehiclesareonahead-oncollisioncoursewith vehicle1 headingto waypoint(105;¡ 35),
andvehicle2 headingto waypoint(¡ 50; ¡ 110). Waypointsareshown in circles. In (a) only the
waypointbehavior is activein vehicle1 becausevehicle2 is still outsidetheactivationrange.In (b)
vehicle1 is within theactivationrangeandwithin theactivationanglespeci�edto theRule-14be-
havior andis thusmakingastarboardmaneuver to avoid collision. In (c) vehicle1 hasjustmoved
outsidetheactivationangleandthustheRule-14behavior becomesinactive, andthein�uence of
thewaypointbehavior beginsto dominateagain. In (d) vehicle1 is proceedinguninhibitedtoward
its destination.Theimageis from videoshotduringtheexperimentthatproducedthedatashown
here.
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Figure12: In-�eld experimentswith two autonomouskayaksverifying theCOLREGS“Crossing”
Rule 15 behavior. Vehicle1 and2 areput on a collision coursethrougha seriesof waypoints.
Vehicle 2 is utilizing a waypoint behavior and a Rule-15behavior. Vehicle 1 is only using a
waypointbehavior anddoesnot make any attemptat collision avoidancewith vehicle2. In (a)
the two vehiclesareon a collision coursewith vehicle1 headingto waypoint(100;¡ 175), and
vehicle2 headingto waypoint(0; ¡ 200). Waypointsareshown in circles.In (a)only thewaypoint
behavior is active in vehicle2 becausevehicle1 is still outsidetheactivationrange.In (b) vehicle
1 is within theactivationrangespeci�ed to theRule-15behavior andis thusbeginsto slow down
to avoid collision. In (c) vehicle1 hasjust progressedfar enoughsoasto no longerbeat risk for
collision, andtheRule-15behavior becomesinactive, andthein�uence of thewaypointbehavior
beginsto dominateagain. In (d) vehicle2 is proceedinguninhibitedtowardits destination.


