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Abstract— This paper is concerned with the in-�eld au-
tonomousoperation of unmanned marine vehiclesin accordance
with convention for safe and proper collision avoidance as pre-
scribed by the Coast Guard Collision Regulations (COLREGS).
Theserules are written to train and guide safehuman operation
of marine vehiclesand are heavily dependenton human common
sensein determining rule applicability as well as rule execution,
especiallywhen multiple rules apply simultaneously. To capture
the �exibility exploited by humans, this work applies a novel
method of multi-objecti ve optimization, interval programming,
in a behavior-based control framework for representing the
navigation rules, aswell as task behaviors, in a way that achieves
simultaneousoptimal satisfaction.We presentexperimental vali-
dation of this approachusing multiple autonomoussurfacecraft.
This work representsthe �rst in-�eld demonstration of multi-
objective optimization applied to autonomousCOLREGS-based
marine vehicle navigation.

I . INTRODUCTION

A. Motivation

Mobile robotic platformsdeployed in the marineenviron-
ment offer substantialbene�ts to society while bringing a
multitude of policy and legal challenges.Introducingmobile
robotic vesselsinto navigable waterways presentsthe risk of
collision with other vessels(both mannedand unmanned),
personalinjury and property damage.Until policy, law and
speci�cations evolve to addressthese issues,one can only
speculateon the requirementsimposedon developers,owners
and operatorsof mobile robotic marine vehicles.However,
an inspectionof the relevant legal standardsconcerningsafe
operationof vesselsin navigablewatersrevealsthelikely need
of owners,operatorsandprogrammersto abideby thecurrent
“rules of the road” given by the “Internation Regulationsfor
Preventionof Collision at Sea”,or the “COLREGS” [1]. It is
likely thatastheuseof mobileroboticscontinuesto proliferate
within the marine environment a new legal framework will
evolve to addresstherami�cationsof ownershipandoperation
of theseassets.A prudentoperatormight take the stancethat,
until the law catchesup with the operationof thesevehicles,
the smart move is to make the vehiclescompliant with the

existing standardsapplicableto safenavigation [2], [3].

B. SolutionFramework

AlthoughtheCOLREGSis a documentsuitablefor guiding
human behavior, it is not suitable for direct input into a
vehicle control system.In practice,there are often multiple
rules simultaneouslyin effect, and to varying degrees.This
is particularly true in congestedwaters. In many situations
thereare alsomultiple distinct vehiclemaneuversthat would
satisfy a given rule. Humansare fairly good at dealingwith
con�icting rulesandcapitalizingon �e xibility within rules,but
thesesituationspresentthe harderchallengesfor autonomous
vehiclecontrol.

To addressthis problem,we have useda novel methodof
multi-objective optimization,interval programming(IvP), [4],
within a behavior-basedarchitecturefor capturingCOLREGS
rules. Each rule correspondsto a behavior that producesan
objective function over the vehicle's decision, i.e., actuator,
space.Theobjective functionscapturethebehavior prescribed
by theCOLREGSrule (in thepeakareasof the function),but
alsocaptureits �e xibility (in the non-peakareas).Eachitera-
tion of the vehiclecontrol loop theninvolvesthe creationand
solutionof amulti-objectiveoptimizationproblem,whereeach
modulecontributesonefunction.This approachis suitablefor
building additionalmissionmodules,on top of a COLREGS
foundationwherethemissionmodulesalsoproduceadditional
functionsalongsidethe COLREGSmodules.

Resultsfrom simulation and results from in-�eld experi-
mentswith multiple autonomoussurfacecraft arereportedto
validatethesealgorithmsandarchitecture.

I I . BACKGROUND

A. Behavior-BasedControl

In behavior-basedsystems,robot or vehicle control is the
resultof setof independent,specializedmodulesworking to-
getherto chooseappropriatevehicleactions.It canbe viewed
asan alternative to the traditionalsense-plan-actcontrol loop
as shown in Fig. 1, where decision-makingand planning



are performedon a single world model that is built up and
maintainedover time.
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Fig. 1. Behavior-basedcontrol differs from conventional control by com-
posingoverall vehicle behavior into distict modulesthat are developedand
operate largely in isolation, and coordinatedthrough an action selection
mechanism.In this case,action selectionis in the form of a new multi-
objective optimization techniqueto overcomeknown dif®culties associated
with behavior-basedcontrol.

Commonlycitedvirtuesof behavior-basedsystemsinclude:
the easeof developmentof the independentmodules,the lack
of a single complex world model, and the potential for a
highly reactive vehiclewith certainbehaviors triggeredby the
appropriateeventsin a dynamicenvironment.

The origin of such systemsis commonly attributed to
Brooks' “subsumptionarchitecture”in [5]. Sincethen, it has
beenusedin a large variety of applicationsincluding: indoor
robots,e.g.,[6], [7], [8], [9], [10], [11], [12], [13], [14], land
vehicles,e.g.,[15], planetaryrovers,e.g.,[16], [17], [18], and
marinevehicles,e.g., [19], [20], [21], [22], [23], [24], [25].

Action selection,as indicatedin Fig. 1, is the processof
choosinga single action for execution,given the outputsof
the behaviors. The “action space” is the set of all possible
distinct actions.For example,all combinationsof rotational
and angularvelocity for a robot, or all speed,headingand
depthcombinationsfor a marinevehicle.

B. KnownDif�culties in Behavior-BasedControl

Theprimarydif�culty oftenassociatedwith behavior-based
control concernsactionselection- namelyhow to ensurethe
chosenactionreally is in the bestoverall interestof the robot
or vehicle.An action generallyis a vectorof values,one for
eachactuatorbeingcontrolled.For example,therotationaland
angularvelocity for a land robot,or heading,speedanddepth
for a marinerobot.

Generally there are two techniquesused in practice.The
simplestmethodis to pick (at every iteration of the control
loop)asinglebehavior to haveexclusivecontrolof thevehicle.
Some approaches,like [21], [5], [26] assigna set of �x ed
priorities to behaviors,andconditionsfor their activation.The
priorities do not changedynamically. In other implementa-
tions, like [23], priorities may be determineddynamically.
Although appealingdue to its simplicity, it is problematicin
applicationswhere the outright ignoring of the “secondary”
behaviors leadsto grossvehicleinef�ciency, asis thesituation
with taskdescribedin this work.

Theothercommonform of actionselection,known variably
as “action averaging”, “vector summation” etc., takes the

outputof eachbehavior in the form of a vectorandusesthe
averagenumerical value as the action sent to the vehicle's
actuators.Summationis typically weightedto re�ect behavior
priority. This methodhasbeenusedeffectively in a number
of applications,[6], [27], [28], [22], [29].

When the preferredactionsof two distinct behaviors dis-
agree,this approachrestson the idea that the alternative ac-
tionsdegradein effectivenessin a mannerdepictedin Fig.2.In
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Fig. 2. In action-averaging,eachbehavior outputsa singlebestaction.The
bestactionpresumablyis themosteffective amongalternative actionsfor that
particularbehavior. Theeffectivenesslevelsof alternative actionsarerendered
hereonly for illustrationanddonotparticipatein theactionaveragingprocess.
When two behaviors are non-mutuallyexclusive and sharecommonaction
choiceswith high levelsof effectiveness,asshown here,thenactionaveraging
typically re¯ectsan appropriatecompromisebetweenbehaviors.

sucha case,theaction,or actuatorsetting,in betweenthe two
individually preferredactionsmayindeedbethemosteffective
action overall. However, action averaging is problematicin
caseswhen alternative actionsdegradein effectivenessin a
mannerdepictedin Fig. 3, wherethe numericalaveragedoes
not representan effective compromisebetweentwo behaviors
that are, in effect, mutually exclusive.

U
til

ity

Best action for 
Behavior B

Best action for 
Behavior A two actions

Avg of best

Possible settings for a single actuator

Fig. 3. The averageof the best action producedby two behaviors may
have poor value for both behaviors. The chooserof the action is oblivious
to the error sincethe behaviors output a single preferredaction and do not
communicatethe underlyingeffectivenessof their alternatives, renderedhere
only for illustration.In this case,interestsbeingpursuedby thetwo behaviors
aremutually exclusive, andthe ªcompromiseºis detrimentalto both.

I I I . THE “ IVP” ARCHITECTURE

A. Behavior-BasedControl with Interval Programming

By using multi-objective optimization in action selection,
behaviors producean objectivefunction rather than a single
preferredaction ( [10], [15], [30]). In the examplesin Figs.
2 and 3, the objective functionsare what distinguishoppor-
tunities for compromise.Note the pair of preferredactionsin
Figs.2 and3 arevirtually the samedespitethe differencesin
utility of secondaryalternatives.



There are two practical challengesin handling objective
functions:(1) themethodmustbefastenoughto accommodate
the vehicle control loop, typically 1-20Hz.On eachiteration
new functionsare createdand a new problemsolved (speed
is a primary advantageof action averaging).(2) the method
cannotbe overly restrictive on objective function form. Non-
convex, multi-modal functionsarequite common.

The interval programmingmodel speci�es (1) a scheme
for representingfunctionsof unlimited form and (2) a set of
algorithmsfor �nding the globally optimal solution.All func-
tions arepiecewise linearly de�ned, thusthey aretypically an
approximationof a behavior's trueunderlyingutility function.
Searchis over the weightedsum of individual functionsand
usesbranch and bound to searchthrough the combination
spaceof pieces rather than the decision spaceof actions.
The only error introducedis in the discrepancy betweena
behavior's true underlyingutility function and the piecewise
approximationproducedto the solver. This error is preferable
comparedwith the error of restricting all behaviors to a
quadratic function for example. Furthermore,the searchis
muchfasterthanbruteforce evaluationof the decisionspace,
as donein [15]. The decisionregardingfunction accuracy is
a local decisionto the behavior designer, who typically has
insight into what is suf�cient. Thesolverguaranteesa globally
optimal solution and this work validates that such search
is feasible in a vehicle control loop of 4Hz on a 600MHz
computer.

To enhancesearchspeed,the initial decisionprovided to
the branchandboundalgorithmis the outputof the previous
cycle, sincetypically what was a good thing to do a fraction
of a secondprior, is not a bad thing at the present.(In fact,
whensomethingdoeschangedramaticallyin the world, such
as hitting a waypoint, the solve time has beenobserved to
be roughly 50% longer, but still comfortablyunderpractical
constraints).See[4] for moreon IvP andsearchalgorithms.

B. TheDecisionSpaceand VehicleHelm

Action selectionhere consistsof deciding the variables,
heading (� ), speed (v), and time-on-leg (t). The latter is
the “intended” duration of the chosenaction. The helm is
the moduleconsistingof the behaviors and the optimization
(action selection)engine.The helm producesa tuple h� ; v; t i
onevery iterationof thecontrolloop,andthevaluesof heading
and speedare fed into PID control to producerudder and
thrustercommands.

The helm, through GPS, has accessto its own position
(x, y), andthroughwirelesscommunicationhasaccessto the
position,heading,andspeedof a givenvehicle(xb, yb, � b, vb).
Each helm behavior has accessto thesevariables,and they
compriseall the necessaryinput to the behaviors described
below for this work.

C. ClosestPoint of Approach

For COLREGSbehaviors, an important quality of a can-
didateactionh� ; v; t i , is the closestpoint of approach (CPA)

betweentwo vehiclesduring a candidateleg. Behaviors pro-
ducingobjective functionsover candidateactions(legs),need
to calculatethis value quite often, and needto be ef�cient.
Thus,the algorithmandef�ciency measuresaregiven here.

For a given h� ; v; t i , we compute the time t0 when the
minimum distancebetweentwo vehiclesoccursgiven by:

dist 2(� ; v; t) = k2t2 + k1t + k0; (1)

where

k2 = cos2(� )v2 � 2cos(� )v cos(� b)vb + cos2(� b)v2
b +

sin2(� )v2 � 2sin(� )v sin(� b)vb + sin2(� b)v2
b

k1 = 2cos(� )vy � 2cos(� )vyb � 2y cos(� b)vb +
2cos(� b)vbyb + 2sin(� )vx � 2sin(� )vxb �
2x sin(� b)vb + 2sin(� b)vbxb

k0 = y2 � 2yyb + y2
b + x2 � 2xx b + x2

b

The stationarypoint is obtainedby taking the �rst derivative
with respectto t:

dist 2(� ; v; t)0 = 2k2t + k1:

Since there is no “maximum” distance,this stationarypoint
alwaysrepresentstheclosestpoint of approach,andtherefore:

t0 =
� k1

2k2
:

Thevalueof t0 is clippedby [0; t], andt0 is zerowhenthetwo
vehicleshave the sameheadingandspeed(the only condition
where k2 is zero). The CPA value is obtainedby plugging
t0 back into (1). For fast behavior implementation,when a
behavior begins the job of creating an objective function,
prior to many CPA calculations,all terms in (1) comprised
exclusively of x, y, xb, yb, � b, vb are calculatedonce and
storedfor later calculations.

IV. THE “ BREAD AND BUTTER” BEHAVIORS

A primarymotivationfor applyingmulti-objectiveoptimiza-
tion to the COLREGS navigation problem is that such be-
haviors could augmentexisting behaviors without any mutual
designconsideration.We presenttwo such“breadandbutter”
behaviors suf�cient for illustrating the subsequentdescription
of the COLREGSbehaviors.

A. A WaypointBehavior

The waypoint behavior is populatedwith a set of (x i ; yi )
waypoints,and has accessto the vehicle's current position
(x; y) via GPS.It rankscandidatelegs h� ; v; t i basedon the
proximity of the resultingposition to the next waypoint.
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Fig. 4. The objective function producedfor the waypoint behavior rates
decisionshigher that bring it closer to the next waypoint. The utility drops
linearly. Darker shadesrepresenthigher utility. Typically about 600 linear
piecesareusedto representthis function.

B. A Collision AvoidanceBehavior

The collision avoidancebehavior differs from the COL-
REGS behaviors only in that it doesn't care how collisions
are avoided. It is basedprimarily on the CPA distancefor a
candidateh� ; v; t i decision.The CPA distanceis appliedto a
metric function thatassignsa utility basedon parameterizable
a “inner” distanceand an “outer” distance.CPA distances
lower than the inner-distanceare treatedas collisions, and
valuesgreaterthan the outer-distancehave a plateauutility
nominally set to 100. (Functions are normalized prior to
the application of the priority weight, so utility rangesare
insigni�cant). CPA distancein betweentheouter-distanceand
inner-distancedegradelinearly, illustratedby the example in
Fig. 5.

(a) (b)

Fig. 5. The objective functions producedby the AvoidCollision behavior
for two situations.In both cases,the controlledvehicle hasa top speedof
4 meters/secondwith the contactmoving on the indicatedheading.Darker
colors representmore favorableactions,and larger radii on the plot indicate
higher candidatespeeds.The vehiclesare 200 metersapart.CPA distances
lessthan10 metersareconsideredcollisions(in white) andthosegreaterthan
75 metersareneutral(in black).Distancesin betweendegradelinearly. In (a)
the contactis moving at 3 m/s and in (b) the contactis moving at 5 m/s.

The priority of the behavior is determinedby the CPA
distanceof a hypotheticalcontinuationof the currentheading
andspeedout anothern seconds.A simulationtrack is shown
in Fig. 6.

(Noteits multi-modalandcouldhave goneto eithertheport
or starboardside - change�g. 5a. s.t. its dead-onso we can
refer backhereandalso in r14 section)

V. THE COLREGS BEHAVIORS

Thereare nearly 40 rules that comprisethe “COLREGS”,
nearly half of which concern lighting and sounds.We fo-
cus our attention on the four most challengingrules, from
an autonomousnavigation perspective, that cover “head-on”
situations and “crossing” situation, rules 14-16. It is also
worth noting rules8(b), (d) which addresscollision avoidance
generally(all excerptsare from [1]):

Waypoint Waypoint

Fig. 6. In simulation, the lefthand vehicle is guided by a waypoint and
collisionavoidancebehavior to thepointon theright. (Notethis vehiclepasses
to the oppositeside as would be prescribedby the COLREGS.Compare
this trajectorywith Fig. 12.) The righthandvehicle is executinga waypoint
behavior with no collision avoidanceto thewaypointon the left. Thefunction
renderedrepresentsthe addition of the two objective functionsat that point
in time.

Rule8 :“Action to Avoid Collision”

(b) Any alteration of course and/or speed to avoid
collision shall, if thecircumstancesof thecaseadmit,be
large enoughto be readily apparent to anothervessel
observingvisually or by radar; a successionof small
alterationsof courseand/or speedshouldbe avoided.

(d) Action taken to avoid collision with anothervessel
shall be such as to result in passingat a safedistance.
Theeffectivenessof theactionshall becarefully checked
until the other vesselis �nally pastand clear.

This rule revealsa measureof the �e xibility commonin the
rules,suitablefor humans,but tricky for robots,suchas“ large
enough to be readily apparent”, and “small alterationsof
course”.Generallythe�e xibility is foundin boththecondition
of therule andtheapplicationof therule.Exploiting thelatter
is of paramountimportance,sincethe rules needto at times
co-exist with other rules as well as the efforts of the vehicle
to completeits task.

A. The“Head-on” Behavior

Therule regardingtwo vesselsapproachinghead-onis Rule
14 in [1]:

Rule14 :“Head-on Situation”

(a) Unless otherwiseagreed, when two power-driven
vesselsare meetingon reciprocol ore nearly recipricol
coursessoas to involverisk of collision each shall alter
her course to starboard so that each shall passon the
port sideof the other.

(b) Such a situation shall be deemedto exist when a
vesselseestheotheraheador nearlyaheadandbynight
shecouldseethemast-headlights of theother in a line
or nearly in a line or both sidelightsand by day she
observesthe correspondingaspectof the other vessel.

(c) Whena vesselis in any doubtas to whethersuch a
situation exists sheshall assumethat it doesexist and
act accordingly.

The objective function producedby this behavior is also
basedon the closestpoint of approachfor a given candidate



maneuver leg h� ; v; t i . The “head-on”conditionreferredto in
the rule is interpretedto be in effect whentherelative bearing
betweenthe two vehiclesis within 15 degreesof the heading
of the contact.To achieve the desiredeffect, the candidate
headingis comparedagainstthe currentrelative bearingand
starboardmaneuversare ratedhigher, and likewise lower for
port maneuvers,asshown in Fig. 7.

contact heading

+15

�15

Fig. 7. The ªhead-onºbehavior producesobjective functionsbasedin part
on the closestpoint of approachfor a candidatemaneuver and in part on
a preferencefor starboardmaneuvers passingthe contacton the port side.
Darker colors representmore favorableactions,and larger radii on the plot
indicatehighercandidatespeeds.CompareagainstFig. 5(b) wheremaneuvers
to eithersideof the contactarenearlyequalin preference.

In addition,thebehavior givena rangeoutsideof which the
priority of thebehavior is zeroandis inactive (seeFig. 12(a).).

B. The“Cr ossing” Behaviors

COLREGS Rule 15 and 16 serve to de�ne a “crossing”
situation.
Rule15: “Cr ossingSituation”

(a) When two power-driven vesselsare crossing so as to
involve risk of collision, the vesselwhich has the other on
her starboard sideshall keepout of the way and shall, if the
circumstancesof the caseadmit, avoid crossingaheadof the
other vessel.

Stand�on VesselGive�way Vessel

Fig. 8. The Give-way vesselyields to the Stand-onvessel.

Rule16: “Action by Give-wayVessel”

Everyvesselwhich is directedto keepoutof thewayof another
vesselshall, so far as possible, take early and substantial
action to keepwell clear.

The objective function producedby this behavior also uti-
lizesclosestpoint of approachfor a givencandidatemaneuver
leg h� ; v; t i in its objective function formulation.

The“crossing”conditionreferredto in therule is interpreted
to be in effect when the relative bearing betweenthe two
vehicles is greater than 15 degrees of the heading of the
contact, but less than 90 degrees. According to Rule 15,
crossingaheadof theothervesselis to beavoided.To represent
this preferencein the objective function, a candidateleg,
h� ; v; t i , is further evaluatedto determineif it crossesahead
or behindthe othervessel.The rankingof utility of an action
is penalizedfurther if it crossesahead,asshown in Fig. 9.

Fig. 9. The ªcrossingºbehavior producesobjective functionsbasedin part
on the closestpoint of approachfor a candidatemaneuver and in part on
a preferencemaneuvers that do not crossaheadof the other vessel.Darker
colors representmore favorableactions,and larger radii on the plot indicate
highercandidatespeeds.(Comparewith Fig. 5(b).

VI. EXPERIMENTS

Testingis doneboth in simulationandon two kayak-based
autonomoussurfacecrafts depictedin Fig. 11. Eachvehicle
hadaccessto a compassandGarmin 18 GPS,the latter with
updatesof 1Hz. The GPS also provided the vehicle speed

Fig. 10. Two kayak-basedautonomoussurface craft for usedfor in-®eld
experiments.Eachhad accessto GPSand sharedtheir currentposition and
trajectorywith the other.

information,andat suf�ciently high enoughspeed(> 0:5m/s),
theGPSwaspreferredover thecompassfor headingmeasure-
ments.Eachvehicle communicatedits position,headingand
speedto the other vehicle at a rate of 4Hz, via a 802.11b
wirelesslink.

Fig. 12 shows a representative experimentalresult that we
have achieved using the algorithm describedabove. This ex-
perimentwasdesignedto test”Rule 14 (Head-onCollision)”.
The caption in the �gure provides a detailed step-by-step
accountof how thecorrectbehavior emergesbasedon the IvP
optimizedactionselectionstrategy describedabove in Section
III.

VI I . CONCLUSION

This paper has investigatedthe problem of autonomous
collision avoidanceand navigation for autonomoussurface
craft. We have presenteda novel method using IvP-based
multi-objective optimization to coordinate distinct vehicle
behaviors representingboth task execution and established
humanprotocol for safenavigation.This paperalsoprovides,
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Fig. 12. In-®eld experimentswith two autonomouskayaksverifying the COLREGSªHead-onºRule 14 behavior. Vehicle 1 and 2 are put on a head-on
collision coursethrougha seriesof waypoints.Vehicle1 is utilizing a waypointbehavior anda ªrule-14ºbehavior. Vehicle2 is only usinga waypointbehavior
and doesnot make any attemptat collision avoidancewith vehicle 1. In (a) the two vehiclesare on a head-oncollision coursewith vehicle 1 headingto
waypoint (105; � 35), and vehicle 2 headingto waypoint (� 50; � 110). In (a) only the waypoint behavior is active in vehicle 1 becausevehicle 2 is still
outsidetheactivation range.In (b) vehicle1 is within the activation rangeandwithin the activation anglespeci®edto the rule-14behavior andis thusmaking
a starboardmaneuver to avoid collision. In (c) vehicle1 hasjust moved outsidethe activation angleandthus the rule-14behavior becomesinactive, andthe
in¯uenceof the waypointbehavior begins to dominateagain.In (d) vehicle1 is proceedinguninhibitedtoward its destination.The imageis from video shot
during the experimentthat producedthe datashown here.

to ourknowledge,the�rst everdemonstrationof suchasystem
on a physicalmarineplatform. Furtherresearchis necessary
to explore the robustnessof this method in more complex
navigation scenarios,both in simulationandon the water.
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