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Abstract

This paper is concerned with the in-field autonomous operaii unmanned marine ve-
hicles in accordance with convention for safe and propeisemt avoidance as prescribed
by the Coast Guard Collision Regulations (COLREGS). Thesesrare written to train and
guide safe human operation of marine vehicles and are jedependent on human com-
mon sense in determining rule applicability as well as ridecation, especially when mul-
tiple rules apply simultaneously. To capture the flexipikixploited by humans, this work
applies a novel method of multi-objective optimizatiornteitval programming, in a behavior-
based control framework for representing the navigatidestuas well as task behaviors, in
a way that achieves simultaneous optimal satisfaction. Weent experimental validation
of this approach using multiple autonomous surface craffis Work represents the first in-
field demonstration of multi-objective optimization agalito autonomous COLREGS-based

marine vehicle navigation.



1 Introduction

1.1 Motivation

Mobile robotic platforms deployed in the marine environingifer substantial benefits to society
while bringing a multitude of policy and legal challengestrbducing mobile robotic vessels into
navigable waterways presents the risk of collision witleotressels (both manned and unmanned),
personal injury and property damage. Until policy, law apddfications evolve to address these
issues, one can only speculate on the requirements impas#gl/elopers, owners and operators of
mobile robotic marine vehicles. However, an inspectiorhefrelevant legal standards concerning
safe operation of vessels in navigable waters reveals kiety Ineed of owners, operators and
programmers to abide by the current “rules of the road” giverthe “International Regulations
for Prevention of Collision at Sea”, or the “COLREGS” (Conmdant, 1999). It is likely that
as the use of mobile robotics continues to proliferate withie marine environment a new legal
framework will evolve to address the ramifications of owhgrsand operation of these assets. A
prudent operator might take the stance that, until the lawhes up with the operation of these
vehicles, the smart move is to make the vehicles compliattt thie existing standards applicable

to safe navigation (Brown and Gaskell, 2000), (Brown andk@ks2000).

1.2 Solution Framework

Although the COLREGS is a document suitable for guiding haitm@havior, it is not suitable for
direct input into a vehicle control system. In practice réhare often multiple rules simultaneously
in effect, and to varying degrees. This is particularly tiueongested waters. In many situations
there are also multiple distinct vehicle maneuvers thatldsatisfy a given rule. Humans are fairly
good at dealing with conflicting rules and capitalizing oe flexibility of the written language,
but these situations present the harder challenges fonawnnous vehicle control.

To address this problem, we have used a novel method of whjkctive optimization, in-

terval programming (IvP), (Benjamin, 2004), within a beloambased architecture for capturing



COLREGS rules. Each COLREGS rule corresponds to a behdabptoduces an objective func-
tion over the vehicle’s decision, i.e., actuator, spacee dljective functions capture the behavior
prescribed by the COLREGS rule (in the peak areas of theifum¢tut also capture its flexibil-
ity (in the non-peak areas). Each iteration of the vehicletr@d loop then involves the creation
and solution of a multi-objective optimization problem, evle each module contributes one func-
tion. This approach is suitable for building additional s modules, on top of a COLREGS
foundation where the mission modules also produce additfonctions alongside the COLREGS
modules. Results from simulation and results from in-fiedpegiments with multiple autonomous

surface craft are reported to validate these algorithmsaactttecture.

2 Background

2.1 Behavior-Based Control

In behavior-based systems, robot or vehicle control is¢isalt of set of independent, specialized
modules working together to choose appropriate vehicierst It can be viewed as an alternative
to the traditional sense-plan-act control loop as showniguieé 1, where decision-making and

planning are performed on a single world model that is bygland maintained over time.

o = o+

sense act sense act
L* Behavio
L« Model L__«( Behavio :
action
plan Behavio selection

Figure 1: Behavior-based control differs from conventiatatrol by composing overall vehicle
behavior into distinct modules that are developed and ¢opédaiegely in isolation, and coordinated
through an action selection mechanism. In this case, asétaction is in the form of a new multi-
objective optimization technique to overcome known ditties associated with behavior-based
control.

Commonly cited virtues of behavior-based systems inclilke:ease of development of the
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independent modules, the lack of a single complex world made the potential for a highly
reactive vehicle with certain behaviors triggered by thprapriate events in a dynamic environ-
ment.

The origin of such systems is commonly attributed to Brodkstbsumption architecture”
in (Brooks, 1986). Since then, it has been used in a largetyaof applications including: in-
door robots, e.g., (Arkin, 1987), (Arkin, Carter, and Magkie, 1993), (Hoff and Bekey, 1995),
(Lenser, Bruce, and Veloso, 2002), (Pirjanian, 1998),KKie1999), (Saffiotti, Ruspini, and Kono-
lige, 1999), (Tunstel, 1995), (Veloso, Winner, Lenser,&ruand Balch, 2000), land vehicles, e.g.,
(Rosenblatt, 1997), planetary rovers, e.g., (Ju, Cui, amd ZD02), (Pirjanian, Huntsberger, and
Schenker, 2001), (Singh et al., 2000), and marine vehideas, (Lee, Kwon, and Joh, 2004),
(Benjamin, 2002b), (Bennet and Leonard, 2000), (CarreBaslle, and Ridao, 2000), (Kumar
and Stover, 2001), (Rosenblatt, Williams, and Durrant-#&h002), (Williams, Newman, Dis-
sanayake, Rosenblatt, and Durrant-Whyte, 2000). Actitetsen, as indicated in Figure 1, is the
process of choosing a single action for execution, giverothiputs of the behaviors. The “action
space” is the set of all possible distinct actions. For eXapmgdl combinations of rotational and

linear velocity for a robot, or all speed, heading and depthlginations for a marine vehicle.

2.2 Known Difficulties in Behavior-Based Control

The primary difficulty often associated with behavior-lmhsentrol concerns action selection -
namely how to ensure the chosen action really is in the besténterest of the robot or vehicle.
An action generally is a vector of values, one for each aotua¢ing controlled. For example, the
rotational and angular velocity for a land robot, or headspeed and depth for a marine robot.
Generally there are two techniques used in practice. Thpleshmethod is to pick (at ev-

ery iteration of the control loop) a single behavior to haxelasive control of the vehicle. Some
approaches, like (Bennet and Leonard, 2000), (Brooks, 1g8@&wman, 2003) assign a set of
fixed priorities to behaviors, and conditions for their eation. The priorities do not change dy-

namically. In other implementations, like (Kumar and Sto@801), priorities may be determined



dynamically. Although using strict priority scheme is agleg due to its simplicity, it is problem-
atic in applications where the outright ignoring of the “sedary” behaviors leads to gross vehicle
inefficiency, as is the situation with task described in thask.

The other common form of action selection, known variablyaion averaging”, “vector
summation” etc., takes the output of each behavior in thenfof a vector and uses the average
numerical value as the action sent to the vehicle’s actsat&ummation is typically weighted
to reflect behavior priority. This method has been used &ty in a number of applications,
(Arkin, 1987), (Arkin and Balch, 1997),(Balch and Arkin,94®), (Carreras et al., 2000), (Khatib,
1985).

When the preferred actions of two distinct behaviors disegthis approach rests on the idea

that the alternative actions degrade in effectiveness iam@n@r depicted in Figure 2.

ion f Average of best )
Best action for two actions Best action for

Behavior A \\ i / Behavior B

Utility

Combined effectiveness

Possible settings for a single actuator

Figure 2: In action-averaging, each behavior outpugmglebest action. The best action presum-
ably is the most effective among alternative actions fot faaticular behavior. The effectiveness
levels of alternative actions are rendered here only fosithtion and do not participate in the ac-
tion averaging process. When two behaviors are non-myteadilusive and share common action
choices with high levels of effectiveness, as shown hess #ttion averaging typically reflects an
appropriate compromise between behaviors.

In such a case, the action, or actuator setting, in betwestwihindividually preferred actions
may indeed be the most effective action overall. Howevéipaa@veraging is problematic in cases
when alternative actions degrade in effectiveness in a sradepicted in Figure 3, where the
numerical average does not represent an effective compedetween two behaviors that are, in

effect, mutually exclusive.
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Figure 3: The average of the best action produced by two hetsamnay have poor value for
both behaviors. The chooser of the action is oblivious to theresiace the behaviors output a
single preferred action and do not communicate the undwylgifectiveness of their alternatives,
rendered here only for illustration. In this case, intesdsting pursued by the two behaviors are
mutually exclusive, and the “compromise” is detrimentabaah.

3 The “IvP” Architecture

3.1 Behavior-Based Control with Interval Programming

By using multi-objective optimization in action selectjdrehaviors produce avbjective function
rather than a single preferred action (Pirjanian, 1998n{8min, 2002a) and (Rosenblatt, 1997).
In the examples in Figs. 2 and 3, the objective functions dratwlistinguish opportunities for
compromise. Note the overall preferred action in Figs. 2 &uage virtually the same despite the
differences in utility of secondary alternatives.

An interval programming problem consists of a collectionid? functions, each with an
associated priority weighting. Each function typicallyr@sponds to an aspiration of the decision
maker, or autonomous agent, and maps each point in the alecpace to a value that reflects
the degree to which that decision supports the correspgrafipiration. The priority weightings
reflect the degree to which the decision maker is willing &alé& off achievement in one aspiration
for another based on the overall context at the moment.

For a problem defined over a decision space withecision variable$xy,...,Xs), and hav-
ing k objective functionsf1(X1,...,Xn),- - ., fk(X1,...,Xn), with k priority weights(wj, ..., wy), the

general form is given by:



maximize  wyfi(Xg,..., %) + ...+ Wicf(X1, ..., Xn)
such that fi is an IvP piecewise defined function,

w; is a positive number.

Thek objective functions are effectively combined into a singjgective function, which begs the
guestion as to whether or not this constitutes “multi-otoyet optimization. This term is applied
here to discern a subclass of single-objective optiminapimblems where the single objective
function to be optimized is composed of components that lr@enselves meaningful objective
functions. By taking the sum of the set of contributing objexfunctions, the pitfall of action
averaging shown in Figure 3 is avoided, but the benefit of ¢omg behavior output shown in
Figure 2 is captured.

There are two practical challenges in producing and usigectitee functions as the primary
behavior output: (1) the method must be fast enough to acamtata the vehicle control loop,
typically 1-20Hz. On each iteration new functions are @datnd a new problem solved. (2) if the
method of solving the optimization problem depends on atdirpe of objective function (such as
linear or quadratic), then either certain behaviors caphg in, or such behaviors must produce
an objective function of the right type that approximatsegritie objective function.

This work differs from (Pirjanian, 1998) and (Rosenbla@i97) in that the process of multi-
objective optimization is not handled by a brute force esiin of all possible decisions. The use
of brute force is typically too slow and poorly scalable, afitgn, as in (Rosenblatt, 1997), is only
practically achievable by decoupling control variableidiens, i.e., first deciding the best heading
of a vehicle and then based on that heading, then decidinpagbespeed and so on for other
variables. In this work the interval programming (IvP) mbideused to implement multi-objective
optimization over a coupled n-dimension action space, tinggeach behavior contribute an IvP

objective function over this space.



3.2 Interval Programming Functions

The interval programming model specifies (1) a scheme faesgmting functions of unlimited

form and (2) a set of algorithms for finding a globally optirealution. All functions are piecewise

linearly defined, and thus are approximationof a behavior’'s true underlying utility function.

The piecewise functions need not use uniform shaped piestegebn functions or even within a
single function. The quality of the approximation is prifhadetermined by the number of pieces
one chooses to generate as well as the algorithms for refandgallocating pieces to areas of
the underlying function that are less amenable to locaklirepproximation. Furthermore, the
function produced by a behavior need only be defined overubset of the decision or action
space relevant to the behavior.

Practically speaking, there are two IvP C++ libraries. Theedibrary defines the data struc-
tures for representing IvP functions and problems, and dhaisn algorithms for solving syn-
tactically legal instances of an IvP problem. The secongltipis more dynamic and contains a
growing set of tools for casting or converting the utilitynfitions native to a vehicle behavior into
IvP functions. Each behavior produces an IvP function orh etscation of the control loop, so
this process needs to be fast, and the behavior designes teebd mindful about the tradeoff of
function quality and CPU time. The existing library utiis for building an IvP function from an
underlying function rely only on access to a function catldampling or evaluating any point in
the decision space for the underlying utility function. Turelerlying utility function is something
unique to each vehicle behavior module. For the developtreobehavior, the utility function is
the primary thing to determine and implement. To summatize behavior developer using the

IvP model needs to address the following four aspects:

1. Define the underlying utility function correlating vel@@ctions to the utility with respect to

the overall behavior goal.

2. Provide a method (in our case in C++) for rapidly evalug@aingiven point in the function

domain given certain current information about the worlgvirich the vehicle is operating.



3. Make a decision about what is typically a good enough appration of this utility function

with an IvP function.

4. Determine a policy for how the priority of that behaviordges with respect to aspects in

the world.

Examples of this process are given with behavior descriptio Section 4.

3.3 Action Selection with Interval Programming

The action taken by the vehicle in each iteration of the @rtop is the solution to the inter-
val programming problem instance composed of the obje&tinetions from each behavior. IvP
search is over the weighted sum of individual functions asesubranch and bound to search
through the combination space of pieces rather than theidacspace of actions. The only er-
ror introduced is in the discrepancy between a behaviars tnderlying utility function and the
piecewise approximation produced to the solver. This esrpreferable compared with the error
of restricting all behaviors to a quadratic function for exde. Furthermore, the search is much
faster than brute force evaluation of the decision spacdoas in (Rosenblatt, 1997), since each
piece implicitly evaluates many points in the decision gpdde larger the piece size, the greater
it will outperform brute force in terms of speed, but at a cofsaccuracy. The choice of piece
size and distribution is a tradeoff between speed and acguiBhe solution speed is primarily
correlated to the number of pieces contributed from eachabig function, but as the number of
dimensions or variables grow, more pieces are likely to lezlad to achieve a satisfactory func-
tion approximation. The decision regarding function aacyris a local decision to the behavior
designer, who typically has insight into what is sufficiehhe solver guarantees a globally optimal
solution and this work validates that such search is feasiba vehicle control loop of 4Hz on a
600MHz computer.

Like many branch and bound algorithms, the search can béygs¥danced by seeding the

problem with a good initial solution. The solution algorite implemented for the IvP model



employ a few application-independent heuristics such asn@xing first the best decision in the
highest weighted function. When using IvP for autonomousiale control, the initial solution
used is always the best decision derived from the previongr@ocycle - typically what was a
good decision a fraction of a second prior is also a prettydddaot best) decision in the present
unless something has changed in the world in the meanwhifact, when somethindoeschange
dramatically in the world, such as hitting a waypoint or arbgasehicle changes trajectory, the
solve time has been observed to be roughly 50% longer (Hdutsthfortably under practical

constraints). See (Benjamin, 2004) for more on IvP and sesgorithms.

4 The Vehicle Helm and “Bread and Butter” Behaviors

A primary motivation for applying multi-objective optimazion to the COLREGS navigation prob-
lem is that COLREGS behaviors serve to augment other befsawithout mutual design consid-
eration. We present here two “bread and butter” behavidfiemunt for illustrating the subsequent
description of the COLREGS behaviors. We also describe¢bisibn space used in our particular
helm and behaviors, and describe the notion of “closest pbapproach”, a key element of utility

functions related to relative vehicle motion.

4.1 The Decision Space and Vehicle Helm

Thehelmis the module consisting of the behaviors and the optinoraiaction selection) engine.
The action space in our helm consists of deciding the vaslhleadingf)), speedy), and time-
on-leg €). The latter is the “intended” duration of the chosen actibime helm is not committed to
executing an actiofB, v,t) for the intended time, but the time duration is used to furth&tinguish
the utility of actions. The helm produces a tuple v,t) on every iteration of the control loop, and
the values of heading and speed are fed into PID control tdyz®rudder and thrust commands.
The helm, through the Global Positioning System (GPS), basss to its own position and

trajectory &, y, 6, v), and through wireless communication has access to thegusieading, and
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speed of a given vehicley, vy, 6y, V). Each helm behavior has access to these variables if need
be, and they comprise all the necessary input to the belsad@scribed below for this work.

Helm behaviors can be configured with initial priority weigialues that may stay constant
during the execution of a mission. A behavior may also usédigtate information garnered from
the MOOSDB to calculate its own priority dynamically, pgpsan combination with its origi-
nal configuration weight. A priority weight of zero effeatly disables influence of a behavior.
Although the use of objective functions is designed to co@i@® multiple simultaneously active
behaviors, helm behaviors can be easily conditioned oabkivalue pairs in the MOOS database
to run at the exclusion of other behaviors. Likewise, bety@/can produce variable-value pairs
upon reaching a conclusion or milestone of significance édoithavior. In this way, a set of be-
haviors could be run in a plan-like sequence, or run in a Eyeglationship as originally described
in (Brooks, 1986). If two behaviors are both simultaneowsdijve, with competing or conflicting

objective functions, resolution is achieved via the malijective optimization solver.

4.2 Closest Point of Approach

For COLREGS behaviors, an important quality of a candideti®a (6, v,t), is theclosest point of
approach (CPAbetween two vehicles during a candidate leg. A Behavior gcody an objective
function with CPA as a component of its utility function nedd perform many variations of this
calculation on each new call to generate an IvP objectivetion. Thus, the algorithm with notes
on efficiency measures are given here.

Our own current position is known and given byy), and the other vehicle’s current position
and trajectory is given byxg, Y, 6y, V). To compute the CPA distance for a giveh v, t), first
the timetyin when the minimum distance between two vehicles occurs ipoted. The distance
between the two vehicles at the current time can by detexdrbgehe Pythagorean theorem. Gen-
erally, for any given time (where the current time is= 0), and assuming the other vehicle stays

on a constant trajectory, the distance between the two lestiar any chosefé, v, t) is given by:
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where

dist?(6,v,t) = kot? + kqt + ko, (1)

ko = cog(0)v? —2cog0)vcog By)Vy + COF(Bp)VE +
Si?(0)v2 — 2in(8)vsin(By)Vp + Sinf(Op)V2

ki = 2cog60)vy—2cog0)vy, — 2ycos 6p)vp +
208 6y)VpYp + 2Sin(0)vx— 2sin(0)vx, —
2xSin(6p)Vp + 2 Sin(Bp ) VpXp

Ko= Y% —2y¥h+ Y2 -+ X2 — 2XX + X2

The stationary point is obtained by taking the first derxatvith respect to:

dist?(8,v,t)" = 2kat + k1.

Since there is no “maximum?” distance, this stationary palniays represents the closest point of

approach, and therefore:

Ky

t'=—.
2k,

The value ofty,hin may be in the past, i.e., less than zero, if the two vehiclecarrently opening

range. Otmin may be well beyond, the time length of the candidate maneui@yv,t). Therefore

the value otn, is clipped by[0,t]. Furthermorenn is zero when the two vehicles have the same

heading and speed (the only condition whierés zero). The actual CPA value is then obtained by

pluggingtmin back into (1).

CPA(8,V,t) = /kotmin2 + Kitmin+ Ko. )

As mentioned before, this calculation is a common compoimetiite underlying utility func-

tion for behaviors dealing with relative vehicle motion. A&Havior, within a single iteration of
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the control cycle, will perform a sequence of calculationsddferent(6,v,t) values. However,
all calculations have the same values of current vehicl&ipogx, y), and current position and
trajectory of the other vehicley, vy, 6y, V). To make this overall sequence of calculations faster,
all terms in (1) comprised exclusively Bfy, Xy, Vb, 6y, Vp are calculated once and cached for later

calculations.

4.3 A Collision Avoidance Behavior

Each of the COLREGS behaviors described in the next sectealso collision avoidance behav-
iors, each based on a particular COLREGS protocol regattimgelative position and trajectory
between two vehicles. The collision avoidance behaviocriesd here differs from the COLREGS
behaviors only in that it doesn’t cal®w collisions are avoided. Such a behavior may be used in
an environment where the other vehicles are not following. BBEGS protocol for example. (We
use this behavior to describe general aspects of behagaticn as well as to provide a head start
for later descriptions of the COLREGS behaviors.)

The underlying utility function,f(8,v,t) utilized by this behavior, is based on the CPA dis-

tance for a candidate decisio8, v, t):

f(6,v,t) =g(CPA(B,vt))

The utility varies linearly between a parameterizable &rirdistance and an “outer” distance.
CPA distances lower than the inner-distance are treatedlsians, and values greater than the
outer-distance have a plateau utility nominally set to 1@Bunctions are normalized prior to
the application of the priority weight, so actual utilitynges are insignificant). CPA distance in
between the outer-distance and inner-distance degrastelynillustrated by the example in Figure
4.

The priority of the behavior is determined by the CPA distaota hypothetical continuation

of the current heading and speed out anoth&conds. A simulation track is shown in Figure 5.
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Figure 4: The objective functions produced by the Avoid@ah behavior for two situations. In
both cases, the controlled vehicle has a top speed of 4 nedeosnd with the contact moving on
the indicated heading. These are radial plots over headidgr@locity. Darker colors represent
more favorable actions, and larger radii on the plot indidagher candidate speeds. The vehicles
are 200 meters apart. CPA distances less than 10 metersraid@®d collisions (in white) and
those greater than 75 meters are neutral (in black). Distaimcbetween degrade linearly. In (a)
the contact is moving at 3 m/s and in (b) the contact is movirtgra/s.

4.4 A Waypoint Behavior

The waypoint behavior is populated with a sefxfy;) waypoints, and has access to the vehicle’s
current positior(x,y) via GPS. It ranks candidate le¢®, v,t) based on the proximity of the result-
ing position to the next waypoint. An example objective fiimie is shown in Figure 6. The series
of waypoint could be the result of either direct human entriganch time, or the result of a your
favorite path planning algorithm that runs either prioradarich or dynamically. This behavior also
can be configured to perform a track-line by specifying a mgyoint on the track line between
the current waypoints to steer toward, rather then steelinegtly toward the next waypoint. This
behavior currently has no temporal aspect, but is rathetegusolely by the deviation from the

current calculated shortest path to the waypoint (or thektlime point).

5 The COLREGS Behaviors

There are nearly 40 rules that comprise the “COLREGS”, gdmalf of which concern lighting
and sounds. We focus our attention on the four most chalengiles, from an autonomous
navigation perspective, that cover “head-on” situatioms ‘arossing” situation, rules 14-16. It is

also worth noting rules 8(b), (d) which address collisioaidance generally (all excerpts are from
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Waypoint , Waypoint

Figure 5: In simulation, the lefthand vehicle is guided by aypoint and collision avoidance
behavior to the point on the right. (Note this vehicle padsethe opposite side as would be
prescribed by the COLREGS. Compare this trajectory wittufégll.) The righthand vehicle
is executing a waypoint behavior with no collision avoidario the waypoint on the left. The
function rendered represents the addition of the two obe&iinctions at that point in time.

Previous Waypoint Next Waypoint
[ ]

Figure 6: The objective function produced for the waypoiehévior rates decisions higher that
bring the vehicle closer to the next waypoint and do not addutedistance. The utility drops
linearly. This is a radial plot over heading and velocity. rka shades represent higher utility.
Typically about 600 linear pieces are used to represenfuhigion.

(Commandant, 1999)):

Rule 8 :“Action to Avoid Collision”

(b) Any alteration of course and/or speed to avoid collisstiall, if the circumstances of
the case admit, be large enough to be readily apparent toreratessel observing visually
or by radar; a succession of small alterations of course andpeed should be avoided.
(d) Action taken to avoid collision with another vessel shalsuch as to result in passing
at a safe distance. The effectiveness of the action shatiedutly checked until the other

vessel is finally past and clear.
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This rule reveals a measure of the flexibility common in thHesusuitable for humans, but tricky
for robots, such aslarge enougtto be readily apparent”, andtnall alterations of course”. Gen-
erally the flexibility is found in both theondition of the rule and thepplicationof the rule.

Exploiting the latter is of paramount importance, since iihles need to at times co-exist with

other rules as well as the efforts of the vehicle to complsteask.

5.1 The “Head-on” Behavior

The rule regarding two vessels approaching head-on is Ruile Commandant, 1999):

Rule 14 :“Head-on Situation”
(a) Unless otherwise agreed, when two power-driven vesselsieeting on reciprocal or
nearly reciprical courses so as to involve risk of collisieach shall alter her course to

starboard so that each shall pass on the port side of the other

(b) Such a situation shall be deemed to exist when a vessettsether ahead or nearly
ahead and by night she could see the mast-head lights of tiee ot a line or nearly in
a line or both sidelights and by day she observes the corredipg aspect of the other

vessel.

(c) When a vessel is in any doubt as to whether such a situatimts she shall assume

that it does exist and act accordingly.

The objective function produced by this behavior is alscebasn the closest point of approach
for a given candidate maneuver l€6,v,t). The “head-on” condition referred to in the rule is
interpreted to be in effect when the relative bearing betwtbe two vehicles is within 15 degrees
of the heading of the contact. To achieve the desired effeetcandidate heading is compared
against the current relative bearing and starboard mangave rated higher, and likewise lower
for port maneuvers, as shown in Figure 7.

In addition, the behavior is given a range outside of whighghority of the behavior is zero

and is inactive (see Figure 11(a).).
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Figure 7: The “head-on” behavior produces objective fuomgibased in part on the closest point
of approach for a candidate maneuver and in part on a prefeifen starboard maneuvers passing
the contact on the port side. Darker colors represent memdale actions, and larger radii on
the plot indicate higher candidate speeds. Compare adagsie 4(b) where maneuvers to either
side of the contact are nearly equal in preference.

5.2 The “Crossing” Behaviors

COLREGS Rule 15 and 16 serve to define a “crossing” situatibmese roles are depicted in

Figure 8.

Give-way Vessel -~ . Stand-on Vesse

Figure 8: The Give-way vessel yields to the Stand-on vessel.

Rule 15 :“Crossing Situation”

(&) When two power-driven vessels are crossing so as tovievask of collision, the
vessel which has the other on her starboard side shall keepfabe way and shall, if the

circumstances of the case admit, avoid crossing ahead afttier vessel.

Rule 16: “Action by Give-way Vessel”

Every vessel which is directed to keep out of the way of ano#ssel shall, so far as

possible, take early and substantial action to keep wedrcle

The objective function produced by this behavior also zg#i closest point of approach for a

given candidate maneuver |€@,v,t) in its objective function formulation. The “crossing” cdnd
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tion referred to in the rule is interpreted to be in effect whiee relative bearing between the two
vehicles is greater than 15 degrees of the heading of thacibut less than 90 degrees. Accord-
ing to Rule 15, crossing ahead of the other vessel is to belasloiTo represent this preference in
the objective function, a candidate 1€@, v,t), is further evaluated to determine if it crosses ahead
or behind the other vessel. The ranking of utility of an atti® penalized further if it crosses

ahead, as shown in Figure 9.

Figure 9: The “crossing” behavior produces objective fior based in part on the closest point
of approach for a candidate maneuver and in part on a prefeneraneuvers that do not cross
ahead of the other vessel. Darker colors represent moreafaleoactions, and larger radii on the
plot indicate higher candidate speeds. (Compare with Eig(i).

6 Experiments

Testing is done both in simulation and on two kayak-basedrewrous surface crafts depicted in
Figure 10. Each vehicle had access to a compass and GarmiR38tke latter with updates of

1Hz.

The GPS also provided the vehicle speed information, andifficiently high enough speed

(> 0.5m/s), the GPS was preferred over the compass for headingune@aents. Each vehicle
communicated its position, heading and speed to the othcleeat a rate of 4Hz, via a 802.11b
wireless link. Each vehicle also had a unique ID that was knatlaunch time. For example, the

Rule-14 collision avoidance behavior described in Figurdélow, was parameterized explicitly
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Figure 10: Two kayak-based autonomous surface craft fat fegen-field experiments. Each had
access to GPS and shared their current position and trajegiih the other.

with the ID of the other vehicle. A contact management mothd¢ automatically sorts incoming
track data into distinct vehicle IDs is part of ongoing wotkis feature we believe is orthogonal
to testing the viability of the COLREGS behaviors.

Each vehicle is running MOOS, described in (Newman, 2008)¢clvprovides among other
things the important capability of launching separatamison-board processes that communicate
through a common database using sockets. Individual pgeseommunicate in a subscribe and
publish manner through this database. The database isractigiocess always running on-board.
The helm that comprises the individual behaviors and theirobjective optimization engine is a
single process in a MOOS community of processes. In expeatseported here, the helm runs
at 4Hz, and also contains the vehicle PID controllers. TieeePID controller for both “rudder”
and “thrust”. The helm passes control decisions in termsheftling” and “speed” to the PID
controllers.

Figure 11 shows a representative in-field experimentalltréisat we have achieved using
the behaviors and multi-objective optimization algorithdescribed in the previous section. This
experiment was designed to test "Rule 14 (Head-on Coll)sidrhe caption in the figure provides
a detailed step-by-step account of how the correct behavimrges based on the IvP optimized

action selection strategy described above in Section 3h Ratt on the plot represents a GPS
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entry in the vehicle log file.

Figure 12 shows a representative experimental result degathe Rule-15 (Crossing) be-
havior. In this experiment, vehicle 2 is controlled by bdtk tvaypoint and COLREGS Rule-15
behavior. The waypoint behavior is configured to only peradieviations from the shortest path to
the next waypoint. It is not penalized for time delays. Fas tkason, the vehicle, when presented
with a collision avoidance situation, simply slows downebthe situation resolve before resuming

normal speed to the next waypoint.
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Figure 11: In-field experiments with two autonomous kaya&sfying the COLREGS “Head-
on” Rule 14 behavior. Vehicle 1 and 2 are put on a head-onsootiicourse through a series
of waypoints. Vehicle 1 is utilizing a waypoint behavior aadrule-14" behavior. Vehicle 2
is only using a waypoint behavior and does not make any att@mpollision avoidance with
vehicle 1. In (a) the two vehicles are on a head-on collisiourse with vehicle 1 heading to
waypoint (105 —35), and vehicle 2 heading to waypoift-50, —110). Waypoints are shown in
circles. In (a) only the waypoint behavior is active in vaéit because vehicle 2 is still outside
the activation range. In (b) vehicle 1 is within the activatrange and within the activation angle
specified to the rule-14 behavior and is thus making a stadbmaneuver to avoid collision. In
(c) vehicle 1 has just moved outside the activation anglethuod the rule-14 behavior becomes
inactive, and the influence of the waypoint behavior begindaminate again. In (d) vehicle 1 is
proceeding uninhibited toward its destination. The imageam video shot during the experiment
that produced the data shown here.
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Figure 12: In-field experiments with two autonomous kayaksfying the COLREGS “Crossing”
Rule 15 behavior. Vehicle 1 and 2 are put on a collision cotiiseugh a series of waypoints.
Vehicle 2 is utilizing a waypoint behavior and a “rule-15"Hasior. Vehicle 1 is only using a
waypoint behavior and does not make any attempt at colligimidance with vehicle 2. In (a)
the two vehicles are on a collision course with vehicle 1 heatb waypoint(100,—175), and
vehicle 2 heading to waypoifi0, —200). Waypoints are shown in circles. In (a) only the waypoint
behavior is active in vehicle 2 because vehicle 1 is stilsml the activation range. In (b) vehicle
1 is within the activation range specified to the rule-15 bedraand is thus begins to slow down
to avoid collision. In (c) vehicle 1 has just progressed fasieggh so as to no longer be at risk for
collision, and the rule-15 behavior becomes inactive, &ednfluence of the waypoint behavior
begins to dominate again. In (d) vehicle 2 is proceedinghibited toward its destination.
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7 Conclusion

This paper has investigated the problem of autonomousmoilavoidance and navigation for un-
manned marine surface craft. We have presented a novel thetlirag IvP-based multi-objective
optimization to coordinate distinct vehicle behaviorsresenting both task execution and estab-
lished human protocol for safe navigation. This paper alewides, to our knowledge, the first
ever demonstration of such a system on a physical marineptat

An important goal in this work is to implement a techniquealalp of capturing the flexibility
in the COLREGS rules. Not just the flexibility @fhena rule is applied, but alseowit is applied.
We believe we have demonstrated such a technique by usiegtgj functions to represent not
only the preferred choice for a rule (the peak) but also tmegromise choices (the off-peak areas
of the function). A technique that allows the simultaneautuence of multiple behaviors also
allows for tying the weight of that influence to the perceidedeloping situation.

The level of experimentation in this work has convinced uthefviability of this technique in
terms of full end-to-end implementation of the algorithmspiysical marine platforms in certain
canonical collision risk situations. The current expemta¢results however do not yet suffice for
claiming a “COLREGS compliant” system. A proof to suppoistblaim may be as elusive as a
proof that a human passing a written COLREGS test will negese a collision. It is however an
objective in this project to build a “COLREGS compliant” $s and provide strong support for
that claim.

To this end, our current work (Summer 2006) focuses on usknehicles deployed to neigh-
boring regions on the water with a shore-link that generatesiltaneous randomly generated
re-deployment commands that direct the vehicles to newoglemnt areas, causing vehicles to
cross paths (in a wide variation of circumstances) to aatvheir new deployment area. We will
log the trajectories for post analysis detection of cadlisivery near collision, near collision and so
on. We can then compare performance between using (a) nsi@olavoidance, (b) non-protocol
collision avoidance, and (c) COLREGS collision avoidandih wifferent parameter settings. We

expect to augment the on-water tests with simulation teg¢hile the on-water tests are more
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realistic, the simulation tests can be run for many more swauith little effort.

In this work we relied on GPS on all vehicles for sharing vecguaate information about
position and trajectory over an 802.11b link. This allowedta avoid fitting the vehicles with
further sensors and implementing the algorithms to geaeedticle position from raw sensor data.
At the conception of this project this was purely a decisiboanvenience to allow us to focus on
decision making. In the meanwhile, Automatic Informatigrs@®ms (AIS) have become cheaper
and more prevalent on (manned) marine vehicles. Thesensydieoadcast position, trajectory
and vehicle identification to neighboring vehicles fittedhathe proper receiver equipment. We
are currently considering outfitting our platforms with Bsystems. We can envision the day when
deployment of unmanned surface craft are limited to zonesrevhll vehicles are AlS-compliant

and COLREGS-compliant.
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