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Abstract

This paperis concernedwith thein- eld autonomou®perationof unmannedna-
rine vehiclesin accordancevith conventionfor safeandpropercollision avoidance
asprescribedoy the CoastGuardCollision Regulations(COLREGS).Theserules
arewrittento trainandguidesafehumanoperatiorof marinevehiclesandarehea-
ily dependenbn humancommonsensean determiningrule applicabilityaswell as
rule execution, especiallywhen multiple rules apply simultaneously To capture
the e xibility exploited by humans,this work appliesa novel methodof multi-
objective optimization,intenal programming,n a behaior-basedcontrol frame-
work for representinghe navigationrules,aswell astaskbehaiors, in a way that
achievessimultaneou®ptimal satishction. We presenexperimentalalidationof
this approachusing multiple autonomousurfacecraft. This work representshe
rst in- eld demonstratiorof multi-objectve optimizationappliedto autonomous
COLREGS-basetharinevehiclenavigation.

1. Intr oduction
1.1. Motivation

Mobile robotic platformsdeployedin the marineenvironmentoffer substantiabene tsto society
while bringinga multitudeof policy andlegal challengesintroducingmobileroboticvesselsnto
navigablewaternayspresentsherisk of collisionwith othervesselgbothmannedaindunmanned),
personainjury andpropertydamage.Until policy, law andspeci cationsevolve to addresshese
issuespnecanonly speculat®ntherequirementgamposedon developerspwnersandoperatorof



mobileroboticmarinevehicles.However, aninspectionof therelevantlegal standardgoncerning
safe operationof vesselsin navigable watersrevealsthe likely needof owners, operatorsand
programmergo 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
asthe useof mobile roboticscontinuego proliferatewithin the marineenvironmenta new legal
framework will evolve to addresshe rami cations of ownershipandoperationof theseassetsA
prudentoperatormight take the stancethat, until the law catchesup with the operationof these
vehicles,the smartmove is to make the vehiclescompliantwith the existing standardsipplicable
to safenavigation[Brown andGaslell, 2000],[Showalter, 2004].

1.2. Solution Framework

Althoughthe COLREGSIs a documensuitablefor guidinghumanbehaior, it is not suitablefor
directinputinto avehiclecontrolsystem.In practice thereareoftenmultiple rulessimultaneously
in effect, andto varyingdegrees.Thisis particularlytruein congestedvaters.In mary situations
therearealsomultiple distinctvehiclemaneuersthatwould satisfyagivenrule. Humansarefairly
goodat dealingwith con icting rulesand capitalizingon the e xibility of the written language,
but thesesituationgpresenthe harderchallengegor autonomousehiclecontrol.

To addresghis problem,we have useda novel methodof multi-objective optimization,in-
terval programming(lvP), [Benjamin, 2004], within a behaior-basedarchitecturefor capturing
COLREGSrules.EachCOLREGSrule correspond$o abehaior thatproducesanobjective func-
tion over thevehicle's decision,.e., actuatoy space.The objectve functionscapturethe behaior
prescribedy the COLREGSrule (in the peakareasof the function), but alsocaptureits e xibil-
ity (in the non-peakareas).Eachiterationof the vehicle control loop theninvolvesthe creation
andsolutionof a multi-objectve optimizationproblem,whereeachmodulecontritutesonefunc-
tion. This approachis suitablefor building additionalmissionmodules,on top of a COLREGS
foundationwherethe missionmodulesalsoproduceadditionalfunctionsalongsidehe COLREGS
modules Resultdfrom simulationandresultsfrom in- eld experimentswvith multiple autonomous
surfacecraftarereportedo validatethesealgorithmsandarchitecture.

2. Background
2.1. Behavior-BasedControl

In behavior-basedsystemsrobotor vehiclecontrolis theresultof setof independentspecialized
modulesworking togetherto chooseappropriatevehicleactions.lt canbeviewedasanalternatve

to the traditional sense-plan-aatontrol loop as shavn in Figure 1, wheredecision-makingand

planningareperformedon a singleworld modelthatis built up andmaintainedovertime.

Commonlycited virtues of behaior-basedsystemanclude: the easeof developmentof the
independenmodules,the lack of a single complex world model, andthe potentialfor a highly
reactve vehiclewith certainbehaiors triggeredby the appropriateaventsin a dynamicernviron-
ment. The origin of suchsystemds 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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Figurel: Behavior-basedcontrol differsfrom cornventionalcontrol by composingoverall vehicle
behaior into distinctmoduleshataredevelopedandoperatdargely in isolation,andcoordinated
throughanactionselectiormechanismin this case actionselections in theform of anew multi-
objective optimizationtechniqueto overcomeknown dif culties associatedvith behaior-based
control.

2002], [Pirjanian, 1998], [Riekki, 1999], [Safotti 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], and marinevehicles,e.g.,[Lee et al., 2004], [Benjamin,
2002b],[BennetandLeonard,2000],[Carreraset al., 2000], [Kumarand Stover, 2001], [Rosen-
blattetal., 2002],[Williams etal., 2000]. Action selectionasindicatedin Figurel, is the process
of choosinga singleactionfor execution,giventhe outputsof the behaiors. The “action space”
is the setof all possibledistinct actions. For example,all combinationsof rotationalandlinear

velocity for arobot,or all speedheadinganddepthcombinationgor a marinevehicle.

2.2. Known Dif culties in Behavior-BasedControl

The primary dif culty often associatedvith behaior-basedcontrol concernsaction selection-
namelyhow to ensurghechoseractionreallyis in the bestoverallinterestof therobotor vehicle.
An actiongenerallyis a vectorof values,onefor eachactuatorbeingcontrolled.For example,the
rotationalandangularvelocity for alandrobot,or heading speedanddepthfor a marinerobot.

Generallytherearetwo techniquesisedin practice. The simplestmethodis to pick (at ev-
ery iterationof the controlloop) a singlebehaior to have exclusive control of the vehicle. Some
approacheslike [Bennetand Leonard,2000], [Brooks, 1986], [Newman, 2003] assigna set of
X ed prioritiesto behaiors, andconditionsfor their activation. The priorities do not changedy-
namically In otherimplementationdjk e [KumarandStover, 2001], prioritiesmaybe determined
dynamically Althoughusingstrict priority schemes appealinglueto its simplicity, it is problem-
aticin applicationsvheretheoutrightignoringof the“secondarybehaiorsleadsto grossvehicle
inef ciency, asis the situationwith taskdescribedn this work.

The othercommonform of actionselection,known variably as “action averaging”, “vector
summation’etc., takesthe outputof eachbehaior in the form of a vectorandusesthe average
numericalvalueasthe actionsentto the vehicle's actuators.Summations typically weightedto
re ect behaior priority. Thismethodhasbeenusedeffectively in anumberof applications|Arkin,
1987],[Arkin andBalch,1997],[Balch andArkin, 1998],[Carrerasetal., 2000],[Khatib, 1985].



Whenthe preferredactionsof two distinctbehaiors disagreethis approachrestsontheidea
thatthe alternatve actionsdegradein effectivenessn a mannerdepictedn Figure2.
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Figure2: In action-aeraging,eachbehaior outputsa singlebestaction. The bestactionpresum-
ably is the mosteffective amongalternatve actionsfor thatparticularbehaior. The effectiveness
levels of alternatve actionsarerenderechereonly for illustrationanddo not participatein theac-

tion averagingprocessWhentwo behaiors arenon-mutuallyexclusive andsharecommonaction

choiceswith highlevelsof effectivenessasshavn here thenactionaveragingtypically re ectsan

appropriatecompromiseébetweerbehaiors.

In suchacasetheaction,or actuatorsetting,in betweerthetwo individually preferredactions
mayindeedbethe mosteffective actionoverall. However, actionaveragingis problematian cases
when alternatve actionsdegradein effectivenessin a mannerdepictedin Figure 3, wherethe
numericalaveragedoesnot represenan effective compromiseébetweenwo behaiors thatare,in

effect, mutuallyexclusive.
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Figure 3: The averageof the bestaction producedby two behaiors may have poor value for
both behaiors. The chooserof the actionis oblivious to the error sincethe behaiors outputa
singlepreferredactionanddo not communicatéhe underlyingeffectivenesf their alternatves,
renderechereonly for illustration. In this case,interestsbeingpursuedoy the two behaiors are
mutuallyexclusive, andthe“compromise’is detrimentako both.

3. The“IlvP” Architecture

3.1. Behavior-BasedControl with Interval Programming

By usingmulti-objective optimizationin actionselectionpehaiors produceanobjectivefunction
ratherthana singlepreferredaction[Pirjanian,1998],[Benjamin,2002a]Jand[Rosenblatt,1997].



In the examplesin Figs. 2 and 3, the objectve functionsare what distinguishopportunitiesfor
compromise.Note the overall preferredactionin Figs. 2 and3 arevirtually the samedespitethe
differencesn utility of secondaralternatves.

An interval programmingproblem consistsof a collection of IvP functions, eachwith an
associategbriority weighting. Eachfunctiontypically corresponds$o anaspirationof the decision
maker, or autonomousgent,and mapseachpoint in the decisionspaceto a valuethatre ects
the degreeto which thatdecisionsupportsthe correspondingspiration. The priority weightings
re ect thedegreeto whichthedecisionmakeris willing to tradeoff achiezementin oneaspiration
for anotheasedn the overall context atthe moment.

generaform s givenby:

maximize W fo(Xg;iXn) + oo Wicf(Xa; 0005 Xn)
suchthat fi is anlvP piecavisede ned function,
w; is apositive number

Thek objectve functionsareeffectively combinednto a singleobjectie function,which begsthe
guestionasto whetheror not this constitutesmulti-objective” optimization. This termis applied
hereto discerna subclassf single-objectre optimizationproblemswherethe single objectve
function to be optimizedis composedf componentghat are themseles meaningfulobjectve
functions. By taking the sumof the setof contrikbuting objective functions,the pitfall of action
averagingshowvn in Figure 3 is avoided, but the bene t of combiningbehaior outputshavn in
Figure2 is captured.

Therearetwo practicalchallengesn producingandusingobjective functionsasthe primary
behaior output: (1) the methodmustbe fastenoughto accommodatéhe vehicle control loop,
typically 1-20Hz.On eachiterationnew functionsarecreatecandanew problemsolved. (2) if the
methodof solvingthe optimizationproblemdepend®n a stricttype of objectve function(suchas
linear or quadratic) theneithercertainbehaiors cannotplug in, or suchbehaiors mustproduce
anobjectve functionof theright typethatapproximate#s true objectve function.

This work differsfrom [Pirjanian,1998]and[Rosenblatt1997]in thatthe processof multi-
objectve optimizationis nothandledby a bruteforce evaluationof all possibledecisionsTheuse
of bruteforceis typically too slow andpoorly scalableandoften,asin [Rosenblatt1997],is only
practicallyachiezableby decouplingcontrolvariabledecisionsi.e., rst decidingthebestheading
of a vehicle and then basedon that heading,then decidingthe bestspeedand so on for other
variables.In thiswork theinterval programmingvP) modelis usedto implementmulti-objectve
optimizationover a coupledn-dimensiomactionspacepy letting eachbehaior contritute an IlvP
objectve functionover this space.



3.2. Interval Programming Functions

The interval programmingmodel speci es (1) a schemefor representingunctionsof unlimited

form and(2) asetof algorithmsfor nding aglobally optimalsolution.All functionsarepiecavise

linearly de ned, andthus are an approximationof a behaior's true underlyingutility function.

The piecavise functionsneednot useuniform shapedpiecesbetweerfunctionsor evenwithin a

singlefunction. The quality of theapproximations primarily determinedy the numberof pieces
onechoosedo generateaswell asthe algorithmsfor re ning andallocatingpiecesto areasof

the underlyingfunction that are lessamenabléeo local linear approximation. Furthermore the
function producedby a behaior needonly be de ned over the subsetof the decisionor action
spaceaelevantto thebehaior.

Practicallyspeakingtherearetwo IvP C++ libraries. The corelibrary de nesthe datastruc-
turesfor representingvP functionsand problems,and the solution algorithmsfor solving syn-
tactically legal instancesf an IvP problem. The secondibrary is moredynamicandcontainsa
growing setof toolsfor castingor corvertingthe utility functionsnative to a vehiclebehaior into
IvP functions. Eachbehaior producesan IvP function on eachiteration of the controlloop, so
this processeeddgo befast,andthe behaior designemeedso be mindful aboutthe tradeof of
functionquality andCPUtime. The existing library utilities for building anIvP functionfrom an
underlyingfunctionrely only on accesgo a function call for samplingor evaluatingary pointin
thedecisionspacefor theunderlyingutility function. Theunderlyingutility functionis something
uniqueto eachvehiclebehaior module. For the developerof the behaior, the utility functionis
the primary thing to determineandimplement. To summarizethe behaior developerusingthe
IvP modelneedgo addresshefollowing four aspects:

1. De ne theunderlyingutility functioncorrelatingvehicleactionsto the utility with respect
to theoverall behaior goal.

2. Provide amethod(in our casein C++) for rapidly evaluatinga given pointin the function
domaingivencertaincurrentinformationabouttheworld in whichthevehicleis operating.

3. Make adecisionaboutwhatis typically a goodenoughapproximatiorof this utility func-
tion with anIvP function.

4. Determinea policy for how the priority of thatbehaior changesvith respecto aspectsn
theworld.

Examplesof this processaregivenwith behaior descriptionsn Sectior4.

3.3. Action Selectionwith Inter val Programming

The actiontaken by the vehiclein eachiterationof the control loop is the solutionto the inter-
val programmingprobleminstancecomposef the objectie functionsfrom eachbehaior. IvP
searchis over the weightedsum of individual functionsand usesbranchand boundto search
throughthe combinationspaceof piecesratherthanthe decisionspaceof actions. The only er-
ror introducedis in the discrepang betweera behaior's true underlyingutility functionandthe
piecevise approximatiorproducedo the solver. This erroris preferablecomparedvith the error
of restrictingall behaiors to a quadraticfunctionfor example. Furthermorethe searchis much



fasterthanbruteforce evaluationof the decisionspaceasdonein [Rosenblatt1997], sinceeach
pieceimplicitly evaluatesmary pointsin the decisionspace.Thelargerthe piecesize,thegreater
it will outperformbruteforce in termsof speedbut at a costof accurag. The choiceof piece
sizeanddistribution is a tradeof betweenspeedandaccuray. The solutionspeedis primarily
correlatedo the numberof piecescontritutedfrom eachobjectve function, but asthe numberof
dimensionsor variablesgrow, morepiecesarelikely to be neededo achiese a satishctoryfunc-
tion approximation.The decisionregardingfunctionaccurag is a local decisionto the behaior
designerwhotypically hasinsightinto whatis sufcient. Thesolverguaranteeagloballyoptimal
solutionandthis work validatesthat suchsearchs feasiblein a vehiclecontrolloop of 4Hz on a
600MHzcomputer

Like mary branchandboundalgorithms,the searchcanbe greatlyenhancedy seedinghe
problemwith a good initial solution. The solution algorithmsimplementedfor the IvP model
employ a few application-independerteuristicssuchasexamining rst the bestdecisionin the
highestweightedfunction. WhenusingIvP for autonomous/ehicle control, the initial solution
usedis alwaysthe bestdecisionderived from the previous control cycle - typically whatwasa
gooddecisiona fractionof a secondprior is alsoa prettygood(if notbest)decisionin the present
unlesssomethincghaschangedn theworld in themeanwhile In fact,whensomethingloeschange
dramaticallyin the world, suchas hitting a waypointor a nearbyvehicle changegrajectory the
solve time hasbeenobsened to be roughly 50% longer (but still comfortably under practical
constraints) See[Benjamin,2004]for moreon IvP andsearchalgorithms.

4. The VehicleHelm and “Br eadand Butter” Behaviors

A primarymotivationfor applyingmulti-objectve optimizationto the COLREG Snavigationprob-
lemis that COLREGSbehaiors sene to augmenbtherbehaiors without mutualdesignconsid-
eration.We presentieretwo “breadandbutter” behaiors sufcient for illustratingthe subsequent
descriptiorof the COLREGShehaiors. We alsodescribehedecisionspaceusedin our particular
helmandbehaiors,anddescribehenotionof “closestpointof approach”akey elemenof utility
functionsrelatedto relative vehiclemotion.

4.1. The DecisionSpaceand VehicleHelm

Thehelmis themoduleconsistingof the behaiors andthe optimization(actionselection)engine.
Theactionspacen our helm consistof decidingthe variables heading(q), speedv), andtime-
on-lgg (t). Thelatteris the“intended”durationof thechoseraction. Thehelmis not committedto
executinganactionhg; v;ti for theintendedime, but thetime durationis usedto furtherdistinguish
theutility of actions.Thehelmproducesatuplehg;v;ti oneveryiterationof thecontrolloop, and
thevaluesof headingandspeedarefedinto PID controlto producerudderandthrustcommands.

The helm, throughthe Global PositioningSystem(GPS),hasaccesdo its own positionand
trajectory(x, y, g, v), andthroughwirelesscommunicatiorhasaccesso the position,headingand
speedof a givenvehicle(xy, Vb, gb, Vb). Eachhelmbehaior hasaccesgo thesevariablesf need
be,andthey compriseall the necessarynputto the behaiors describedelow for thiswork.

Helm behaiors canbe con gured with initial priority weight valuesthat may stay constant



duringthe executionof amission.A behaior mayalsouseworld stateinformationgarneredrom
the MOOSDB to calculateits own priority dynamically perhapsn combinationwith its origi-
nal con guration weight. A priority weight of zero effectively disablesin uence of a behaior.
Althoughthe useof objective functionsis designedo coordinatemultiple simultaneouslhactive
behaiors, helmbehaiors canbeeasilyconditionedonvariable-aluepairsin theMOOSdatabase
to run at the exclusionof otherbehaiors. Likewise, behaiors canproducevariable-alue pairs
uponreachinga conclusionor milestoneof signi canceto the behaior. In this way, a setof be-
haviorscouldberunin aplan-like sequencegr runin alayeredrelationshipasoriginally described
in [Brooks, 1986]. If two behaiors areboth simultaneoushactive, with competingor con icting
objective functions,resolutionis achiezedvia the multi-objectve optimizationsolver.

4.2. ClosestPoint of Approach

For COLREGSbehaiors, animportantquality of a candidateactionhg; v;ti, is theclosestpoint of
approad (CPA) betweertwo vehiclesduringa candidatdeg. A Behavior producinganobjective
functionwith CPA asa componentf its utility functionneedgo performmary variationsof this
calculationon eachnew call to generatean IvP objectie function. Thus,thealgorithmwith notes
on ef ciency measurearegivenhere.

Ourown currentpositionis known andgivenby (X, y), andthe othervehicle's currentposition
andtrajectoryis givenby (Xp, Yb, 9o, Vb). TO computethe CPA distancefor a givenhg;v;ti, rst
thetime tyin whenthe minimumdistancebetweertwo vehiclesoccursis computed.The distance
betweerthetwo vehiclesatthe currenttime canby determinedy the Pythagoreatheorem.Gen-
erally, for ary giventimet (wherethe currenttimeist = 0), andassuminghe othervehiclestays
on aconstantrajectory the distancebetweerthe two vehiclesfor ary choserhg; v;ti is givenby:

dist?(q; vit) = kat?+ kgt + ko; (1)
where

ko= cog(q)V?i 2coqq)vcoggy)Vp+ COS(gh)VE+
sif(q)V2i 2sin(q)Vsin(g) Vo + SinP(gp) V2

ki = 2coqq)vyi 2coq)vybi 2ycogqp)Vp+
200g(gb)VbYb+ 2SIN(q) VX 2sin(q)VX i
2xsin(gp) Vo + 2Sin(go) VbXp

ko= Y2i b+ Yo+ X0 206+ X
Thestationarypointis obtainedby takingthe rst derivative with respectot:

dist?(q;v;t)0= 2kot + k:



Sincethereis no “maximum?” distancethis stationarypoint alwaysrepresentshe closestpoint of
approachandtherefore:

t0= ﬂ

2ko

Thevalueof tymin maybein the past,i.e., lessthanzero,if thetwo vehiclesarecurrentlyopening
range.Or tmin maybewell beyondt, thetime lengthof thecandidatananeuer hg; v;ti. Therefore
thevalueof tyn is clippedby [0;t]. Furthermorédnn is zerowhenthetwo vehicleshave thesame
headingandspeedtheonly conditionwherek; is zero). TheactualCPA valueis thenobtainedoy
pluggingtmin backinto (1).

p
CPA(q;vit) = kotmin? + Kitmin+ Ko: (2)

As mentionedefore,this calculationis acommoncomponentn the underlyingutility func-
tion for behaiors dealingwith relative vehicle motion. A behaior, within a singleiteration of
the control cycle, will performa sequencef calculationson differenthqg;v;ti values. However,
all calculationshave the samevaluesof currentvehicle position (X, y), and currentpositionand
trajectoryof the othervehicle(xy, Yb, o, Vb). TO make this overall sequencef calculationgaster
all termsin (1) comprisedexclusively of X, y, Xn, Vb, Gb, Vb arecalculatedonceandcachedor later
calculations.

4.3. A Collision AvoidanceBehavior

Eachof the COLREGSbehaiors describedn thenext sectionarealsocollision avoidancebeha-

iors, eachbasedon a particularCOLREG Sprotocolregardingtherelative positionandtrajectory
betweenwo vehicles.Thecollisionavoidancebehaior describedherediffersfromthe COLREGS
behaiors only in thatit doesnt carehow collisionsareavoided. Sucha behaior maybeusedin

anernvironmentwherethe othervehiclesarenot following COLREG Sprotocolfor example.(We

usethis behaior to describegenerabspect®f behaior creationaswell asto provide a headstart
for laterdescriptionsf the COLREGSbehaiors.)

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

f(g;vit) = g(CPA(q; ;1))

Theuutility varieslinearly betweera parameterizablénner” distanceandan“outer” distance.
CPA distancedower thanthe innerdistancearetreatedascollisions,andvaluesgreaterthanthe
outerdistancehave a plateauutility nominally setto 100. (Functionsare normalizedprior to
the applicationof the priority weight, so actualutility rangesareinsigni cant). CPA distancen
betweertheouterdistanceandinnerdistancedegradeinearly; illustratedby theexamplein Figure
4.



(a) (b)

Figure4: The objective functionsproducedby the AvoidCollision behaior for two situations.In
both casesthe controlledvehiclehasa top speedof 4 meters/secondith the contactmoving on
theindicatedheading. Theseareradial plots over headingandvelocity. Darker colorsrepresent
morefavorableactions,andlargerradii onthe plot indicatehighercandidatespeedsThevehicles
are200 metersapart. CPA distancedessthan10 metersareconsideredollisions(in white) and
thosegreaterthan 75 metersareneutral(in black). Distancesn betweendegradelinearly. In (a)
the contactis moving at 3 m/sandin (b) the contactis moving at5 m/s.

The priority of the behaior is determinedy the CPA distanceof a hypotheticalcontinuation
of the currentheadingandspeedut anothem secondsA simulationtrackis shavn in Figure5.

Waypoint Waypoint

Figure 5: In simulation, the lefthandvehicle is guidedby a waypointand collision avoidance
behaior to the point on the right. (Note this vehicle passedo the oppositeside as would be
prescribedby the COLREGS.Comparethis trajectorywith Figure11.) The righthandvehicle
is executinga waypointbehaior with no collision avoidanceto the waypointon the left. The
functionrenderedepresentthe additionof thetwo objective functionsat thatpointin time.

4.4. A Waypoint Behavior

Thewaypointbehaior is populatedvith a setof (x;;y;) waypoints,andhasaccesgo thevehicle's
currentposition(x;y) via GPS.It rankscandidatdegshg; v;ti basedntheproximity of theresult-
ing positionto the next waypoint. An exampleobjective functionis shavn in Figure6. The series
of waypointcouldbetheresultof eitherdirecthumanentryatlaunchtime, or theresultof ayour
favorite pathplanningalgorithmthatrunseitherprior to launchor dynamically This behaior also
canbe con guredto performatrack-lineby specifyinga moving point on the trackline between
the currentwaypointsto steertoward, ratherthensteeringdirectly towardthe next waypoint. This



behaior currentlyhasno temporalaspectput is ratherguidedsolely by the deviation from the
currentcalculatedshortespathto thewaypoint(or thetrack-linepoint).

Previous Waypoint Next Waypoint
[ ]

Figure6: The objectve function producedfor the waypointbehaior ratesdecisionshigherthat
bring the vehicle closerto the next waypointand do not add detourdistance. The utility drops
linearly. This is a radial plot over headingandvelocity. Darker shadegepresentigher utility.

Typically about600linearpiecesareusedto representhis function.

5. The COLREGS Behaviors

Thereare nearly 40 rulesthat comprisethe “COLREGS”, nearly half of which concernlighting
and sounds. We focus our attentionon the four most challengingrules, from an autonomous
navigation perspectie, that cover “head-on” situationsand “crossing” situation,rules 14-16. It
is alsoworth noting rules 8(b), (d) which addres<ollision avoidancegenerally(all excerptsare
from [Commandant1999]):

Rule8 :“Action to Avoid Collision”

(b) Any alteration of courseand/or speedo avoid collision shall, if the circumstancesf
thecaseadmit,belarge enoughto bereadilyappaentto anothervessebbservingvisually
or by radar; a successionf smallalterationsof courseand/orspeedshouldbe avoided.
(d) Actiontakento avoid collision with anothervessekhall be sut asto resultin passing
at a safedistance Theeffectivenessf theactionshall be carefully chedkeduntil the other
vessels nally pastandclear

This rule revealsa measureof the e xibility commonin therules,suitablefor humanshut tricky
for robots,suchas*large enoughto be readily apparent” 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 paramounimportance,sincethe rules needto at times co-exist with
otherrulesaswell asthe efforts of thevehicleto completaits task.

5.1. The “Head-on” Behavior

Therule regardingtwo vesselsapproachindiead-ons Rule 14 in [Commandant1999]:



Rulel4:“*Head-on Situation”

(a) Unlessotherwiseagreed,whentwo powerdrivenvesselsare meetingonreciprocal or
nearly reciprical coursesso asto involverisk of collision eat shall alter her courseto
starboad sothat ead shall passon the port sideof the other

(b) Sudh a situationshall be deemedo exist whena vessekeeghe otheraheador nearly
aheadand by night shecould seethe mast-headights of the otherin a line or nearlyin
a line or both sidelightsand by day sheobserveghe correspondingaspectof the other
vessel.

(c) Whena vesseis in any doubtasto whethersud a situationexists sheshall assume
thatit doesexistandactaccodingly.

The objective function producedby this behaior is alsobasedon the closestpoint of approach
for a given candidatemaneuer leg hg;v;ti. The “head-on” conditionreferredto in the rule is
interpretedo bein effectwhentherelative bearingbetweerthetwo vehiclesis within 15 degrees
of the headingof the contact. To achieve the desiredeffect, the candidateheadingis compared
againstthe currentrelative bearingandstarboardnaneuersareratedhigher andlik ewise lower
for portmaneuers,asshavn in Figure7.

+15
.- Tteell
contact heading <,iiiii‘:‘:‘:":-:-:—:-:.ﬁ.
<15

Figure7: The“head-on”behaior producesobjectie functionsbasedn parton the closestpoint

of approachor acandidatananeuer andin parton apreferencdor starboardnaneuerspassing
the contacton the port side. Darker colorsrepresentnorefavorableactions,andlarger radii on

theplot indicatehighercandidatespeedsCompareagainstFigure4(b) wheremaneuersto either
sideof the contactarenearlyequalin preference.

In addition,the behaior is givenarangeoutsideof which the priority of the behaior is zero
andis inactive (seeFigurel1(a).).

5.2. The “Cr ossing” Behaviors

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

Rule15:*Cr ossingSituation”



Give-way Vessel -~ Stand-on Vessel

Figure8: The Give-way vesselieldsto the Stand-onvessel.

(a) Whentwo powerdriven vesselsare crossingso as to involve risk of collision, the
vesselvhich hasthe otheron her starboad sideshall keepout of thewayandshall, if the
circumstancesf the caseadmit,avoid crossingaheadof the othervessel.

Rulel6: “Action by Give-way\Vessel”

Everyvessewhich is directedto keepout of the way of anothervesselshall, so far as
possibletake early and substantialctionto keepwell clear.

The objectve function producedoy this behaior alsoutilizes closestpoint of approacHor a
givencandidatananeuer leg hg; v;ti in its objectve functionformulation. The “crossing” condi-
tion referredto in theruleis interpretedo bein effect whentherelatve bearingbetweernhe two
vehiclesis greaterthan15 degreesof the headingof the contact but lessthan90 degrees.Accord-
ing to Rule 15, crossingaheadof the othervessels to be avoided. To representhis preferencen
theobjectve function,a candidatdeg, hg; v; ti, is furtherevaluatedo determinef it crossesahead
or behindthe othervessel. The ranking of utility of an actionis penalizedfurther if it crosses
aheadasshawn in Figure9.

Figure9: The“crossing”behaior producesbjectve functionsbasedn parton the closestpoint
of approachfor a candidatemaneuer andin parton a preferencananeuersthat do not cross
aheadof the othervessel.Darker colorsrepresenmorefavorableactions,andlarger radii on the
plot indicatehighercandidatespeeds(Comparewith Figure4(b).



6. Experiments

Testingis donebothin simulationandon two kayak-base@utonomousurfacecraftsdepictedn
Figure10. Eachvehiclehadaccesto a compassand Garmin18 GPS,the latter with updatesof
1Hz.

802.11b Antenna

Figurel0: Two kayak-basea@autonomousurfacecraftfor usedfor in- eld experimentsEachhad
accesso GPSandsharedheir currentpositionandtrajectorywith the othetr

The GPSalsoprovidedthe vehicle speednformation,andat sufciently high enoughspeed
(> 0:5m/s),the GPSwas preferredover the compasdor headingmeasurementsEachvehicle
communicatedts position,headingandspeedo the othervehicleat arateof 4Hz,via a802.11b
wirelesslink. Eachvehiclealsohada uniquelD thatwasknown atlaunchtime. For example,the
Rule-14collision avoidancebehaior describedn Figure 11 belown, wasparameterize@xplicitly
with theID of theothervehicle.A contactmanagemennhodulethatautomaticallysortsincoming
track datainto distinctvehicleIDs is partof ongoingwork. This featurewe believe is orthogonal
to testingtheviability of the COLREGSbehaiors.

Eachvehicleis runningMOOS, describedn [Newman,2003], which providesamongother
thingstheimportantcapabilityof launchingseparatelistincton-boardorocessethatcommunicate
througha commondatabaseisingsoclets. Individual processesommunicaten a subscribeand
publishmannerthroughthis databaseThedatabasés a distinctprocessalwaysrunningon-board.
Thehelmthatcomprisegheindividual behaiors andthe multi-objectve optimizationengineis a
singleprocessn a MOOS communityof processesln experimentseportednhere,the helmruns
at4Hz, andalsocontainsthe vehiclePID controllers.Thereis a PID controllerfor both“rudder”
and“thrust”. The helm passesontrol decisionsin termsof “heading” and “speed”to the PID
controllers.

Figure 11 shaws a representate in- eld experimentalresultthat we have achiered using
the behaiors andmulti-objective optimizationalgorithmsdescribedn the previous section.This
experimentwasdesignedo test’Rule 14 (Head-onCollision)”. Thecaptionin the gure provides
a detailedstep-by-ste@ccountof how the correctbehaior emegesbasedon the IvP optimized



actionselectionstratgy describedabore in Section3. Eachpoint on the plot representa GPS
entryin thevehiclelog le.

Figure 12 shaws a representate experimentalresultregarding the Rule-15(Crossing)be-
havior. In this experiment,vehicle2 is controlledby boththe waypointand COLREGSRule-15
behaior. Thewaypointbehaior is con guredto only penalizedeviationsfrom theshortespathto
thenext waypoint.It is not penalizedor time delays.For this reasonthe vehicle,whenpresented
with acollision avoidancesituation,simply slowvs down to let thesituationresole beforeresuming
normalspeedo the next waypoint.

7. Conclusion

This paperhasinvestigatedthe problemof autonomousollision avoidanceandnavigationfor un-
mannedmarinesurfacecraft. We have presented novel methodusinglvP-basednulti-objective
optimizationto coordinatedistinct vehicle behaiors representindoth task executionand estab-
lishedhumanprotocolfor safenavigation. This paperalsoprovides,to our knowledge,the rst
ever demonstratiomf sucha systemon a physicalmarineplatform.

An importantgoalin thiswork is to implementatechniquecapableof capturingthe e xibility
in the COLREGSrules.Not justthe e xibility of whenaruleis applied,but alsohowit is applied.
We believe we have demonstrategucha techniqueby usingobjective functionsto represenhot
only thepreferredchoicefor arule (the peak)but alsothe compromisechoiceq(the off-peakareas
of the function). A techniquethat allows the simultaneousn uence of multiple behaiors also
allows for tying theweightof thatin uence to the perceved developingsituation.

Thelevel of experimentationn thiswork hascorvincedusof theviability of thistechniquen
termsof full end-to-endmplementatiorof the algorithmson physicalmarineplatformsin certain
canonicakollisionrisk situations.The currentexperimentakesultshowever do notyet sufce for
claiminga “COLREGS compliant”system.A proofto supportthis claim may be aselusive asa
proofthata humanpassingawritten COLREG Stestwill never causea collision. It is however an
objectie in this projectto build a “COLREGScompliant” systemand provide strongsupportfor
thatclaim.

To thisend,our currentwork (Summer2006)focuseson usingsix vehiclesdeplo/edto neigh-
boring regions on the water with a shore-linkthat generatesimultaneougandomly generated
re-deplymentcommandghat direct the vehiclesto new deploymentareas,causingvehiclesto
crosspaths(in awide variationof circumstancedp arrive at their nev deploymentarea.We will
log thetrajectoriedor postanalysisietectiorof collision, very nearcollision, nearcollisionandso
on. We canthencompareperformancéetweerusing(a) no collision avoidance (b) non-protocol
collision avoidanceand(c) COLREGScollision avoidancewith differentparametesettings.We
expectto augmentthe on-water testswith simulationtests. While the on-water testsare more
realistic,the simulationtestscanberunfor mary morehourswith little effort.

In this work we relied on GPSon all vehiclesfor sharingvery accuratenformation about
positionandtrajectoryover an 802.11blink. This allowed usto avoid tting the vehicleswith
furthersensorandimplementinghealgorithmsto generaterehiclepositionfrom raw sensodata.
At the conceptiorof this projectthis waspurelya decisionof corvenienceo allow usto focuson



decisionmaking. In the meanwhile AutomaticinformationSystemqAIS) have becomecheaper
and more prevalenton (manned)marinevehicles. Thesesystemsbroadcasposition, trajectory
andvehicleidenti cation to neighboringvehicles tted with the properrecever equipment.We

arecurrentlyconsideringout tting our platformswith suchsystemsWe canervisionthedaywhen

deploymentof unmannedsurfacecraft arelimited to zoneswhereall vehiclesare AlS-compliant
andCOLREGS-compliant.
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Figurell:In- eld experimentsvith two autonomougayaksverifyingthe COLREGS*Head-on”
Rule-14behaior. Vehiclel and2 areput on a head-orcollision coursethrougha seriesof way-
points. Vehiclel is utilizing awaypointbehaior anda Rule-14behaior. Vehicle2 is only using
awaypointbehaior anddoesnot make ary attemptat collision avoidancewith vehiclel. In (a)
thetwo vehiclesareon a head-orcollision coursewith vehicle1l headingto waypoint(105;j 35),
andvehicle2 headingto waypoint(j 50;j 110. Waypointsareshown in circles. In (a) only the
waypointbehaior is activein vehiclel becauseehicle2 is still outsidetheactivationrange.In (b)
vehiclel is within theactivationrangeandwithin the activationanglespeci edto the Rule-14be-
havior andis thusmakinga starboardnaneuer to avoid collision. In (c) vehicle1 hasjustmoved
outsidethe activation angleandthusthe Rule-14behaior becomesnactive, andthein uence of
thewaypointbehaior beginsto dominateagain. In (d) vehiclel is proceedingininhibitedtoward
its destination.Theimageis from video shotduringthe experimentthat producedhe datashavn

here.
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Figurel2: In- eld experimentswith two autonomougayaksverifyingthe COLREGS‘Crossing”
Rule 15 behaior. Vehicle1 and?2 are put on a collision coursethrougha seriesof waypoints.
Vehicle 2 is utilizing a waypoint behaior and a Rule-15behaior. Vehicle1 is only using a
waypointbehaior and doesnot make ary attemptat collision avoidancewith vehicle2. In (a)
the two vehiclesare on a collision coursewith vehicle 1 headingto waypoint(100,; 175, and
vehicle2 headingo waypoint(0; i 200). Waypointsareshavn in circles.In (a) only thewaypoint
behaior is active in vehicle2 becauseehiclel is still outsidethe activationrange.In (b) vehicle
1 is within the activationrangespeci edto the Rule-15behaior andis thusbeginsto slov down
to avoid collision. In (c) vehiclel1 hasjust progressedar enoughso asto no longerbe at risk for
collision, andthe Rule-15behaior becomesnactive, andthein uence of the waypointbehaior
beginsto dominateagain. In (d) vehicle2 is proceedinguninhibitedtowardits destination.



