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Abstract: This paper presents a rule-compliant trajectory optimization method for the
guidance and control of autonomous surface vessels. The method builds on Model Predictive
Contouring Control and incorporates the International Regulations for Preventing Collisions at
Sea—known as COLREGs—relevant for motion planning. We use these traffic rules to derive
a trajectory optimization algorithm that guarantees safe navigation in mixed-traffic conditions,
that is, in traffic environments with human operated vessels. The choice of an optimization-
based approach enables the formalization of abstract verbal expressions, such as traffic rules,
and their incorporation in the trajectory optimization algorithm along with the dynamics and
other constraints that dictate the system’s evolution over a sufficiently long receding horizon.
The ability to plan considering different types of constraints over a long horizon in a unified
manner leads to a proactive motion planner that mimics rule-compliant maneuvering behavior.
The efficacy of the derived algorithm is validated in different simulation scenarios.
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1. INTRODUCTION

Over the past few years, we have witnessed our society
rapidly moving towards an increased level of automation.
While the automotive industry has had the leading role
in this trend, the maritime domain is also progressing
towards developing and utilizing autonomous maritime
systems in many applications including transportation,
environmental monitoring, or search and rescue missions.
This shift towards autonomy is motivated by numerous
potential benefits, such as greater efficiency, reduced oper-
ational costs, and increased safety. Autonomous maritime
navigation has the potential to significantly reduce the risk
of collisions that often lead to human casualties, damaged
property, and devastating environmental disasters.

Ongoing research regarding safety in autonomous mar-
itime navigation has focused on the problem of incorpo-
rating the International Regulations for Preventing Col-
lisions at Sea (COLREGs) in existing motion planning
algorithms. Methods of subsets of controls, such Velocity
Obstacles (Kuwata et al., 2013) and its extensions (Ku-
foalor et al., 2018; Cho et al., 2020), as well as methods of
physical analogies, such as Artificial Potential Fields (Lyu
and Yin, 2019) have been studied thoroughly to work along
with COLREGs as they are methods of low-computational
complexity. These algorithms, however, are reactive and
difficult to combine with traffic regulations, often resulting
in rule violations. Search-based methods like A* (Švec
et al., 2014; Agrawal and Dolan, 2015; He et al., 2022), and
RRT* (Chiang and Tapia, 2018; Enevoldsen et al., 2021)
have also been employed. They search for a dynamically
feasible path in a joint time-state space by either creating
artificial costs or obstacles in the discrete grid map in order

to resemble rule-compliant maneuvers. These methods are
still not suitable to encompass the complete set of traffic
regulations and may even ignore some of the rules in
multi-vessel situations (Chiang and Tapia, 2018). Recently,
learning-based methods have also been investigated in
conjunction with the traffic rules (Meyer et al., 2020; Xu
et al., 2020), though drawbacks in these methods often
include poor generalization ability, convergence to local
minima, and lack of formal guarantees.

A popular category for motion planning under COL-
REGs includes methods based on Model Predictive Con-
trol (MPC). The main benefit of these methods is the
possibility to combine constraints of different nature under
one scheme. Among the limitations, the most important
ones include deadlocks (due to the local nature of the
computed path) and high computational demands (de-
pending on the complexity of the formulated problem).
To circumvent these limitations, Johansen et al. (2016)
and some extension works (Hagen et al., 2018; Kufoalor
et al., 2019; Tengesdal et al., 2020) established a sample-
based MPC approach that considers a finite space of
control inputs. Unlike typical MPC formulations, these
methods do not identify the best action at every time
step during trajectory generation. Conventional gradient-
based approaches have also been studied as well (Abdelaal
et al., 2018; Eriksen et al., 2020; Du et al., 2021) having the
benefit of exploring the entire control input space. How-
ever, all aforementioned approaches rely on a heuristic cost
function (that either combines hazard metrics or creates
repulsive fields based on the geometrical situation) and
consider only a subset of the necessary regulations which
may lead to rule violations.
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property, and devastating environmental disasters.

Ongoing research regarding safety in autonomous mar-
itime navigation has focused on the problem of incorpo-
rating the International Regulations for Preventing Col-
lisions at Sea (COLREGs) in existing motion planning
algorithms. Methods of subsets of controls, such Velocity
Obstacles (Kuwata et al., 2013) and its extensions (Ku-
foalor et al., 2018; Cho et al., 2020), as well as methods of
physical analogies, such as Artificial Potential Fields (Lyu
and Yin, 2019) have been studied thoroughly to work along
with COLREGs as they are methods of low-computational
complexity. These algorithms, however, are reactive and
difficult to combine with traffic regulations, often resulting
in rule violations. Search-based methods like A* (Švec
et al., 2014; Agrawal and Dolan, 2015; He et al., 2022), and
RRT* (Chiang and Tapia, 2018; Enevoldsen et al., 2021)
have also been employed. They search for a dynamically
feasible path in a joint time-state space by either creating
artificial costs or obstacles in the discrete grid map in order

to resemble rule-compliant maneuvers. These methods are
still not suitable to encompass the complete set of traffic
regulations and may even ignore some of the rules in
multi-vessel situations (Chiang and Tapia, 2018). Recently,
learning-based methods have also been investigated in
conjunction with the traffic rules (Meyer et al., 2020; Xu
et al., 2020), though drawbacks in these methods often
include poor generalization ability, convergence to local
minima, and lack of formal guarantees.

A popular category for motion planning under COL-
REGs includes methods based on Model Predictive Con-
trol (MPC). The main benefit of these methods is the
possibility to combine constraints of different nature under
one scheme. Among the limitations, the most important
ones include deadlocks (due to the local nature of the
computed path) and high computational demands (de-
pending on the complexity of the formulated problem).
To circumvent these limitations, Johansen et al. (2016)
and some extension works (Hagen et al., 2018; Kufoalor
et al., 2019; Tengesdal et al., 2020) established a sample-
based MPC approach that considers a finite space of
control inputs. Unlike typical MPC formulations, these
methods do not identify the best action at every time
step during trajectory generation. Conventional gradient-
based approaches have also been studied as well (Abdelaal
et al., 2018; Eriksen et al., 2020; Du et al., 2021) having the
benefit of exploring the entire control input space. How-
ever, all aforementioned approaches rely on a heuristic cost
function (that either combines hazard metrics or creates
repulsive fields based on the geometrical situation) and
consider only a subset of the necessary regulations which
may lead to rule violations.

COLREGs-aware Trajectory Optimization
for Autonomous Surface Vessels

A. Tsolakis ∗ D. Benders ∗ O. de Groot ∗ R. R. Negenborn ∗

V. Reppa ∗ L. Ferranti ∗

∗ Mechanical Maritime and Materials Engineering, TU Delft, 2628 CD
Delft, The Netherlands (e-mail: {a.tsolakis, d.benders, o.m.degroot,

r.r.negenborn, l.ferranti}@tudelft.nl)

Abstract: This paper presents a rule-compliant trajectory optimization method for the
guidance and control of autonomous surface vessels. The method builds on Model Predictive
Contouring Control and incorporates the International Regulations for Preventing Collisions at
Sea—known as COLREGs—relevant for motion planning. We use these traffic rules to derive
a trajectory optimization algorithm that guarantees safe navigation in mixed-traffic conditions,
that is, in traffic environments with human operated vessels. The choice of an optimization-
based approach enables the formalization of abstract verbal expressions, such as traffic rules,
and their incorporation in the trajectory optimization algorithm along with the dynamics and
other constraints that dictate the system’s evolution over a sufficiently long receding horizon.
The ability to plan considering different types of constraints over a long horizon in a unified
manner leads to a proactive motion planner that mimics rule-compliant maneuvering behavior.
The efficacy of the derived algorithm is validated in different simulation scenarios.

Keywords: Autonomous Surface Vessels, Model Predictive Control, Traffic Regulations

1. INTRODUCTION
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possibility to combine constraints of different nature under
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pending on the complexity of the formulated problem).
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Our work relies on a specific MPC formulation, namely, on
Model Predictive Contouring Control (MPCC), which has
been adopted in various autonomous vehicle applications
(Schwarting et al., 2018; Ferranti et al., 2018; Brito et al.,
2019; de Groot et al., 2021). While MPCC has shown good
results in local motion planning, it still bears the limitation
of avoiding dynamic obstacles in an unstructured manner
as there is no consideration of traffic rules. We show how
this local planner can be extended to incorporate the
“rules of the road”. We apply our method to marine vessels
considering every rule relevant to local motion planing
explicitly, that is, every relevant rule is formulated as a
constraint in the MPCC problem. We show, in different
navigation scenarios among other traffic participants, how
our algorithm can locally provide safe and rule-compliant
trajectories by utilizing these traffic regulations.

2. PROBLEM FORMULATION

We assume that the Autonomous Surface Vessel (ASV)
moves in a planar workspace W = R2 with state denoted
as z ∈ Z ⊆ Rn and control input as τ ∈ T ⊆ Rm. The
evolution of the ASV’s state is expressed by the following
discrete, nonlinear system:

z(t+ 1) = f(z(t), τ (t)), t = 0, 1, . . . (1)

We assume a planar motion for the nobs neighboring
vessels as well, and that their state zi ∈ Zi ⊆ Rni ,
i = {1, . . . , nobs}, is known to sufficient precision within an
area around the ASV via a suitable perception framework.
We consider the subset of COLREGs 1-18 that describes
navigation of vessels “in sight of one another” and that
are relevant to motion planning. The state of the ASV is
constrained by these rules expressed mathematically as a
set of state constraints denoted as ZR(z, zi) ⊆ Rn. At
each planning cycle, given the initial states z0 and zi

0 of
the ASV and vessel i respectively as their current states,
z(t) and zi(t), as well as a reference path parameterized
by path parameter s and initialized at s0, our goal is to
formulate an MPCC problem over a finite time horizon N
with the set of states z0:N ∈ Z, set of inputs τ0:N−1 ∈ T
and path parameter s0:N as decision variables:

min
z,τ ,s

N∑
k=0

J(zk, τk, sk) (2a)

s.t.: zk+1 = f(zk, τk), k = 0, . . . , N (2b)

sk+1 = g(zk, sk), k = 0, . . . , N (2c)

zk ∈ Z ∩ ZR(z0, z
i
0), k = 0, . . . , N (2d)

τk ∈ T , k = 0, . . . , N − 1 (2e)

where we denote the predicted variables with subscript
k. The solution to the receding horizon problem is the
optimal input sequence τ ∗

0:N−1 that minimizes cost func-
tion (2a) under system dynamics (2b), path evolution (2c),
state constraints (2d) and input constraints (2e). The cost
function (2a) is designed such that the ASV will achieve
navigation objectives according to the path evolution (2c)
discussed in Section 3.2 and compliance to a subset of
the rules discussed in Section 3.3. The dynamics (2b) and
physical limitations of the state and inputs (2d), (2e) are
detailed in Section 3.1 and the rule-compliance constraints
(2d) that serve the task of dynamic collision avoidance in
a structured manner are derived in Section 3.3.

Encounter Situation
Analysis & Classification

Constraint
Generation

COLREGs-Aware 
Motion Planner

Perception 
Module

Reference
Path

ASV

Fig. 1. Schematic overview of the COLREGs-aware trajec-
tory optimization method

3. COLREGS-AWARE TRAJECTORY
OPTIMIZATION

An overview of our COLREGs-compliant navigation archi-
tecture is provided in Figure 1. We encode the traffic rules
in an algorithmic framework for situational awareness,
which is necessary for rule-compliant decision making.
The “Constraint Generation” module generates a set of
mathematical constraints that are suitable for a receding
horizon problem and can guarantee a rule-compliant mo-
tion based on the module “Encounter Situation Analysis
& Classification” that assigns a specific traffic role to the
vessels. The latter is not detailed in this work for the
shake of brevity. Our “COLREGs-Aware Motion Planner”
module optimizes the ASVs’ trajectory and generates the
corresponding control command. As a result, alternatively
to previous works (Schwarting et al., 2018; Brito et al.,
2019; Ferranti et al., 2018), we consider dynamic collision
avoidance implicitly by enforcing compliance to the traffic
rules. In the remainder of this section we detail the main
modules of our architecture.

3.1 ASV Model

We adopt a 3-DoF kinematic model 1 . The ASV’s con-
figuration is described by its position p = (x, y)⊤ and
orientation ψ. We then denote as z = (x, y, ψ)⊤ ∈ Z
the system’s state and as τ = (u, 0, r)⊤ ∈ T the control
input, where u and r denote the surge and yaw velocities,
respectively. We make the simplifying assumption that
the sway velocity is zero as in Eriksen et al. (2020). The
evolution of the system’s state is expressed by the following
continuous-time, nonlinear system:

ż =

[
cos(ψ) − sin(ψ) 0
sin(ψ) cos(ψ) 0

0 0 1

]

︸ ︷︷ ︸
R(z)

τ (3)

In addition, u ∈ [umin, umax], r ∈ [rmin, rmax], and umin,
umax, rmin, rmax are the minimum and maximum longitu-
dinal and angular velocity inputs, respectively. The rest of
the states are subject to limitations imposed by the traffic
rules and discussed in Section 3.3. Lastly, the continuous
dynamics (3) are discretized using a Runge-Kutta method
in the form (2b) for the purpose of solving the receding
horizon problem (2).

1 MPCC can accommodate more complex models if needed.

3.2 Path Following

The key idea in MPCC is that the vehicle does not
need to track a reference trajectory but rather a time-
invariant reference path via the objective function under
certain input and state constraints. For the path following
objective, we follow the approach in Schwarting et al.
(2018) in which the vessel at time t is at position p = (x, y)
and tracks a continuously differentiable two-dimensional
reference path (xP (s), yP (s)) with path tangential angle
ψP (s) = arctan(∂yP (s)/∂xP (s)), parameterized by the
arc length s. The arc length s of the closest point to the
ASV can be approximated with an evolution of the path
parameter (2c) which can take the form:

sk+1 = sk + uk∆k (4)

with ∆k denoting the prediction timestep, uk the dis-
cretized longitudinal velocity and s0 initialized at each
planning cycle as the point of the path that is closest to
the ASV’s position. The path error vector ek is then:

ek(zk, sk) =
(
ẽlk(zk, sk) ẽck(zk, sk)

)⊤
(5)

where ẽlk(zk, sk) is the lag (alongside) error and ẽck(zk, sk)
is the contouring (cross-track) error. Details on the deriva-
tion of the path error vector can be found in Schwarting
et al. (2018). To follow the desired path one of the cost
terms in the objective function (2a) is:

Je(zk, sk) = e⊤k Qeek, k = 0, . . . , N (6)

where Qe is a tuning parameter matrix that penalizes
deviation from the reference path. Moreover, we may
include in (2a) another term in order to penalize excessive
control input as:

Jτ (zk, sk) = τ⊤
k Qττk, k = 0, . . . , N (7)

where Qτ is a tuning parameter matrix.

3.3 Rule-Compliance Constraints Generation

The subset of the rules relevant for motion planning can
be grouped in three categories: Situation Analysis and
Classification Rules (7, 13-18) that analyze the situation
and designate a traffic role to each of the encountering
vessels, Situation Invariant Rules (6, 8.a, 8.d) that hold
irrespective of the encounter situation, and Situation De-
pendent Rules (8.b, 8.c, 8.e, 13-17) that vary according
to the traffic role of the vessel. The rest of the rules are
either not implementable in motion planning (rules 1-5,
11 and 12) or can be better included in the higher level
motion planner that generates the reference path (rules 9
and 10) to be followed by the local motion planner while
accounting for other traffic participants.

Situation Analysis and Classification Rules have been
studied in great detail in Cho et al. (2020); Eriksen et al.
(2020) among other works. In this work we follow a similar
process for assigning traffic roles but we omit the details
for brevity. As a result of this module, the following roles
are expected from each vessel:

• GW: Head-On, Overtaking, Starboard-Crossing
• SO: Port-Crossing and Overtaken
• EGW: Port-Crossing with collision avoidance

where GW stands for Give-Way, SO for Stand-On and
EGW for Emergency-Give-Way. Each of these roles is

Fig. 2. Schema illustrating important notation for the ASV
(in blue) and vessel i (in orange)

assigned in every encounter scenario and then the corre-
sponding constraints described in the next section are im-
posed in (2). We can also assume that the aforementioned
traffic roles can be assigned according to rule 18 as well.
The remainder of this section describes the generation of
the rule-compliance constraints. We first describe Situa-
tion Invariant Rules and later Situation Dependent Rules.
Note that the rules are expressed as either soft or hard
constraints depending on the balance between necessity
for strict satisfaction and problem feasibility.

Situation Invariant Rules The first rule implementable
in a local motion planning algorithm is Rule 6 that
describes that “every vessel shall proceed at a safe speed
which depends upon the situation it is in”. This rule can
be implemented as a soft constraint in the cost (2a) as:

Juref
(zk) = qu(uk − uref)

2, k = 0, . . . , N (8)

where uref is the vessel’s reference longitudinal speed that
needs to be followed and can be set according to the
local regulations (e.g., open sea, canal, port). The tuning
parameter qu penalizes deviation from the reference speed.

Rule 8 describes the proper action to avoid collision:
Rule 8.a specifically describes that the vessel needs to
“take action in ample time”. This requirement can be
implemented as a suitable distance ρenc between two
vessels that determines when the ASV has encountered
another vessel and needs to assess the situation (see Figure
2). Rule 8.d describes that action should be taken such that
vessels are passing at a safe distance. Considering half of
the length of the vessel as the radius of its circumscribed
circle and ρs as a the minimum safe distance between two
vessels we can assume that the footprint of the ASV is a
circle of radius ρ = l/2 + ρs illustrated in Figure 2, where
l is the ASV’s length.

Situation Dependent Rules This section discusses rules
that should be activated according to the encounter situa-
tion of the ASV. Consider Rule 8.b that requests that “any
alteration of course and/or speed to avoid collision shall be
large enough to be readily apparent to another vessel”. This
rule is often ignored leading to vessel’s maneuvers that are
jittery and do not resemble rule-compliant maneuvers. One
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ẽlk(zk, sk) ẽck(zk, sk)
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(2020) among other works. In this work we follow a similar
process for assigning traffic roles but we omit the details
for brevity. As a result of this module, the following roles
are expected from each vessel:
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assigned in every encounter scenario and then the corre-
sponding constraints described in the next section are im-
posed in (2). We can also assume that the aforementioned
traffic roles can be assigned according to rule 18 as well.
The remainder of this section describes the generation of
the rule-compliance constraints. We first describe Situa-
tion Invariant Rules and later Situation Dependent Rules.
Note that the rules are expressed as either soft or hard
constraints depending on the balance between necessity
for strict satisfaction and problem feasibility.

Situation Invariant Rules The first rule implementable
in a local motion planning algorithm is Rule 6 that
describes that “every vessel shall proceed at a safe speed
which depends upon the situation it is in”. This rule can
be implemented as a soft constraint in the cost (2a) as:

Juref
(zk) = qu(uk − uref)

2, k = 0, . . . , N (8)

where uref is the vessel’s reference longitudinal speed that
needs to be followed and can be set according to the
local regulations (e.g., open sea, canal, port). The tuning
parameter qu penalizes deviation from the reference speed.

Rule 8 describes the proper action to avoid collision:
Rule 8.a specifically describes that the vessel needs to
“take action in ample time”. This requirement can be
implemented as a suitable distance ρenc between two
vessels that determines when the ASV has encountered
another vessel and needs to assess the situation (see Figure
2). Rule 8.d describes that action should be taken such that
vessels are passing at a safe distance. Considering half of
the length of the vessel as the radius of its circumscribed
circle and ρs as a the minimum safe distance between two
vessels we can assume that the footprint of the ASV is a
circle of radius ρ = l/2 + ρs illustrated in Figure 2, where
l is the ASV’s length.

Situation Dependent Rules This section discusses rules
that should be activated according to the encounter situa-
tion of the ASV. Consider Rule 8.b that requests that “any
alteration of course and/or speed to avoid collision shall be
large enough to be readily apparent to another vessel”. This
rule is often ignored leading to vessel’s maneuvers that are
jittery and do not resemble rule-compliant maneuvers. One
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way to implement this rule is to impose constrains on the
angular acceleration ṙ and the longitudinal acceleration u̇
to be larger than a certain value. However, as explained in
Eriksen et al. (2020), this can result in a highly non-convex
(and even non-connected) search space and, consequently,
in a hard-to-solve nonlinear optimization problem. More-
over, these variables are not included in (2). To circumvent
these problems, we consider this rule in the design of
constraints for Rules 13-15 later in this section. These
constraints will cause the ASV to alter its course in a
sufficient, rule compliant manner.

Rule 8.c states that “if there is sufficient room, alteration
of course alone may be the most effective action to avoid
a close-quarters situation”. This is already considered in
(8) where we can tune weight qu accordingly to track the
reference speed. According to Rule 8.e, though, the vessel
“shall slacken her speed or take all way off by stopping
or reversing her means of propulsion”. This means that
the objective described in term (8) might interfere with
collision avoidance as it describes a conflicting goal for
the motion planner. The problem can be overcome by
switching the value of the tuning parameter qu of cost term
(8) according to the vessel role as qu ∈ {quSO , quGW , quEGW}
with quEGW ≪ quGW < quSO .

Next, we consider Rules 13-15, which describe the ma-
neuver a vessel should follow in the Overtaking, Head-
On situation, and Crossing situation respectively. In most
MPC-based works these constraints are implemented as
soft constraints via a heuristic cost function. In this work,
instead, the goal is to implement these rules as hard con-
straints to guarantee a rule-compliant behavior. Moreover,
the design should not cause problems with feasibility and
allow the solution of (2) in real time. Thus, we aim to
design a set of affine constraints for each pairwise situation
that will result to a convex polytope in the receding hori-
zon problem (2). We can then have strict rule-compliance
guarantees in multi-vessel situations without complicating
the solution of the optimization problem.

To design these constraints, we assume knowledge of the
current state zi of vessel i as well as knowledge of its length
li and beam wi via a suitable perception module. Based
on this information, we can create bounding boxes for the
other vessels enlarged by the ASV’s footprint radius ρ, as
illustrated in Figure 3. The position of the vertices of the
enlarged circumscribed rectangle are:

pi,j
0 = pi

0 +Rxy(zi)

(
±(li/2 + ρ)
±(wi/2 + ρ)

)
(9)

for each vertex j = sb, ss, pb, ps shown in Figure 3. For
the ASV, we assume that it is circumscribed by a circle
Ck(pk, ρ) of the previously discussed radius ρ.

When the ASV has a GW role, we can define the affine
constraints (illustrated in Figure 3.a) to guarantee that
the ASV will follow a maneuver that is compliant with
Rules 13-16. These affine constraints are the anti-clockwise
tangent lines to the ASV’s circumscribing circle Ck(pk, ρ)

that pass through each vertex pi,j
k and the respective

tangent point qi,j
k = qi,j

k (Ck(pk, ρ),p
i,j
k ). To render the

constraints affine at each time t, we use the current
positions of the ASV and the other vessel which we denote
as p0 and pi

0 respectively. We can then use the latter to

compute the tangent point as qi,j
0 = qi,j

0 (C0(p0, ρ),p
i,j
0 ).

For each vessel i and for each of its vertices j of the
circumscribed rectangle, the constraint is given by:

Ai
0

⊤
(qi,j

0 ,pi,j
0 )pk ≤ bi0(q

i,j
0 ,pi,j

0 ) (10a)

with

Ai
0

⊤
=

[
qi,j
y,0 − pi,j

y,0 pi,j
x,0 − qi,j

x,0

]
(10b)

bi0(q
i,j
0 ,pi,j

0 ) = qi,j
y,0(p

i,j
x,0 − qi,j

x,0)− qi,j
x,0(p

i,j
y,0 − qi,j

y,0) (10c)

In case the ASV has an EGW role, a different constraint
should be defined to ensure compliance with Rule 17.
This is designed as illustrated in Figure 3.b so that the
ASV follows a maneuver according to Rule 17. In order to
design this constraint we first compute the point pEi

k as the
intersection of the line that passes through points pk and
pi
k with circle Ck(pk, ρ) thus, pEi

k = pEi

k (Ck(pk, ρ),p
i
k).

To keep these constraints affine as well, we use again the
current positions of the ASV and the other vessel, p0 and
pi
0 respectively. The constraint can be then defined as:

AEi
0

⊤
(p0,p

i
0)pk ≤ bi0(p0,p

i
0) (11a)

with

AEi
0

⊤
=

[
pi
x,0 − p

x,0
pi
y,0 − p

y,0

]
(11b)

bi0(p0,p
i
0) = (pi

x,0 − px,0)p
Ei
x,0 + (pi

y,0 − py,0)p
Ei
y,0 (11c)

Lastly, if the ASV has a SO role, no constraints are
imposed and the vessel is required to maintain its course
and speed according to Rule 17.

4. SIMULATION RESULTS

This section validates the efficacy of our algorithm in
different scenarios. The selected scenarios cover all possible
vessel encounters in which the ASV needs to take action
and emphasize rule compliance in each situation. Our
framework is implemented in ROS and the solver used is
generated with Forces Pro (Domahidi and Jerez, 2014).

Figure 4 demonstrates the ASV’s maneuver in an Overtak-
ing situation where the ASV has a GW role. As described
in Rule 13, the ASV turns to starboard while it keeps out
of the way of the Obstacle Vessel. Figure 5 illustrates a
Starboard-Crossing situation in which the ASV has a GW
role. In this scenario the ASV takes a collision avoidance
maneuver to its starboard and avoids crossing ahead of the
other vessel according to Rule 15. Figure 6 shows the ASV
in a Head-On situation and a GW role. In compliance with
Rule 14, the ASV changes course to starboard so that each
vessel passes on the port side of the other while it keeps out
of the way of the Obstacle Vessel. Lastly, Figure 7 presents
a Port-Crossing situation where the ASV normally would
have a SO role, but the Obstacle Vessel does not comply
with the rules and does not take action to avoid collision.
In this case, the ASV has an EGW role and needs to take
action to avoid collision while it does not alter its course
to port for a vessel on its own port side.

In the aforementioned Figures, the initial position of each
vessel is illustrated with a more transparent color shade
which progressively becomes opaque until the last recorded
position. In every scenario, the ASV autonomously per-
forms maneuvers that are clear and readily apparent thus
complying with Rule 8. Animations of the simulation sce-
narios can be found in Tsolakis et al. (2022).

Fig. 3. Collision avoidance affine constraints when the ASV has a) Give-Way role and b) Emergency Give-Way role

Fig. 4. Overtaking situation with the ASV in Give-Way
role, turning to starboard while it keeps out of the
way of the Obstacle Vessel as described in Rule 13.

Fig. 5. Starboard Crossing situation with the ASV in Give-
Way role, turning to starboard while it keeps out of
the way of the Obstacle Vessel and avoids crossing
ahead of the other vessel as described in Rule 15.

Fig. 6. Head-On situation with the ASV in Give-Way role,
turning to starboard so that each vessel passes on the
port side of the other as described in Rule 14.

Fig. 7. Port Crossing situation with the ASV in Stand-On
role, but obliged to take a collision avoiding maneuver
to its starboard and then passing behind the non-
compliant vessel as described in Rule 17.
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to its starboard and then passing behind the non-
compliant vessel as described in Rule 17.
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5. CONCLUSIONS & FUTURE WORK

This paper proposed a trajectory optimization algorithm
for COLREGs-compliant collision avoidance. The efficacy
of the proposed algorithm was validated via different
simulation scenarios specifically chosen to showcase rule-
compliant collision avoidance maneuvers that comply with
COLREGs. For future work, we will extend our method to
consider the kinetic model of vessels including model un-
certainties. Moreover, performance analysis will be realized
to characterize the effect of sampling time and receding
horizon length in the proposed method.
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