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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 Con-
touring Control and incorporates the International Regulations
for Preventing Collisions at Sea relevant to motion planning.
We use these rules for traffic situation assessment and to derive
traffic-related constraints that are inserted in the optimization
problem. Our optimization-based approach enables the formal-
ization 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 planning horizon. The
ability to plan considering different types of constraints and the
system’s dynamics, over a long horizon in a unified manner,
leads to a proactive motion planner that mimics rule-compliant
maneuvering behavior, suitable for navigation in mixed-traffic
environments. The efficacy and scalability of the derived algo-
rithm are validated in different simulation scenarios, including
complex traffic situations with multiple Obstacle Vessels.

Index Terms—Autonomous Surface Vessels, Model Predictive
Control, Traffic Regulations

I. INTRODUCTION

OVER the past decade, we have witnessed the world of
transportation rapidly advancing towards an increased

level of automation. While the automotive industry has had
the leading role in this trend, the maritime sector is also
progressing towards developing and utilizing autonomous mar-
itime systems in many applications including transportation
[1], large-scale monitoring [2] or search and rescue missions
[3]. Among the main societal benefits, the most interesting
ones concern greater efficiency, reduced operational costs,
and increased safety. According to [4], over the period 2014-
2020, accidents of navigational nature (collisions, contacts,
and groundings/strandings) represented almost 43% of all
occurrences while human actions accounted for almost 61%
of the contributing factors. Therefore, autonomous maritime
navigation has the potential to significantly reduce the risk
of collisions, which often lead to human casualties, damaged
property, and devastating environmental disasters.

Despite the numerous benefits that autonomy has to offer
in the maritime industry, the deployment of Autonomous
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Surface Vessels (ASVs) in real traffic environments is still
limited. One of the main challenges to address relates to the
transition period in which ASVs will be expected to co-exist
with human-operated vessels in dense traffic environments,
such as ports and inland waterways. This raises major so-
cietal concerns about the capabilities of the ASVs to interact
safely with human-operated vessels in mixed-traffic conditions
without causing disruptions or jeopardizing human safety. In
this work, we propose a rule-compliant trajectory optimization
and control method for ASVs that allows navigation in mixed-
traffic environments.

Safety in autonomous maritime navigation is a broad and
active topic (refer to [5] for an overview). Ongoing research re-
garding safety has focused on the problem of interpretation and
incorporation of the International Regulations for Preventing
Collisions at Sea (COLREGs) [6] in autonomous navigation.
Fuzzy logic [7], Dynamic Bayesian Networks (DBN) [8,
9] as well as Finite-State Machines (FSM) [10] have been
proposed for situational awareness and decision making. For
the task of collision avoidance, methods of subsets of controls,
such Velocity Obstacles (VO) [11, 12] and some extensions
like Generalized Velocity Obstacles (GVO) [13], Probabilistic
Velocity Obstacles (PVO) [14], Dynamic Reciprocal Veloc-
ity Obstacles (DRVO) [15] or Optimal Reciprocal Collision
Avoidance (ORCA) [16] as well as methods of physical
analogies, such as Artificial Potential Fields (APF) [17–19]
have been studied thoroughly to work along with COLREGs,
as they are methods of low computational complexity. This
simplicity, however, comes at the cost of being more reactive
and difficult to combine with the full set of traffic regulations
which may require longer planning horizons. Moreover, these
methods usually give a rough direction of where the ASV
should move while disregarding vessel dynamics unless addi-
tional reachability approximations are used [15].

To plan over longer horizons, search-based methods like
A* [20–22], Voronoi Diagrams [23], and optimal Rapidly-
exploring Random Trees (RRT*) [24, 25] have also been em-
ployed. 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 to resemble rule-compliant maneuvers.
Because the trajectories are computed in the configuration
space, they are often non-smooth and their computation is
expensive. Moreover, these methods are hard to combine with
the complete set of traffic regulations and may even ignore
some of the rules in multi-vessel situations [24]. Recently,
learning-based methods have also been investigated in con-



IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS 2

junction with the traffic rules [26, 27], though drawbacks in
these methods often include poor generalizability, convergence
to local minima, and lack of formal guarantees.

A popular category for motion planning under COLREGs
includes optimization-based methods. Our method fits in this
category as well. The main benefit of these methods is
the potential to combine multiple objectives and constraints
of different nature in a single control module. Among the
limitations, the most important ones include deadlocks (due to
the local nature of the computed path) and high computational
demands (depending on the complexity of the formulated
problem). To circumvent these limitations, [28] established a
sample-based Model Predictive Control (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. This work was
tested with extensive field verification [29, 30] and it was
further extended in other research directions such as Scenario-
Based MPC [31, 32]. In [33], the task of navigation under
COLREGs is expressed as a multi-objective optimization
problem where a particle swarm optimization algorithm is used
for its solution. While these methods are suitable in cases
of limited computation capacity, they are not guaranteed to
converge, and thus, a collision-free path may not be found.

Optimization-based algorithms that rely on conventional
gradient-based methods have been studied as well [34–37]
having the benefit of exploring the entire control input space.
However, all aforementioned approaches rely on a heuristic
cost function for rule compliance (that either combines hazard
metrics or creates repulsive fields based on the geometri-
cal situation). The use of soft constraints for safety-critical
tasks such as rule compliance is questionable since there
can be conflicts with other mission objectives (e.g., trajectory
tracking). Works in which rule compliance is enforced by
introducing hard state constraints to the optimization problem
include [38, 39]. In [38] however, the designed constraint is
too conservative as it restricts the heading of the ASV and
it does not take advantage of state predictions. In [39], hard
constraints based on a half-space definition for the domain
of the encountered vessels are defined based on their relative
position with respect to the ASV and a deflection angle as
a parameter. However, that particular definition can lead to
infeasibilities since the position of the ASV is not taken into
account while tuning this parameter. Moreover, the resulting
constraints are nonlinear which may complicate the solution
of the optimization problem.

In this work we extend the idea originally presented in [40]
where we approached the problem of navigation in mixed-
traffic environments by introducing a trajectory optimization
algorithm for computing safe and rule-compliant trajectories
for ASVs based on Model Predictive Contouring Control
(MPCC) since the latter has been proven to be especially
suitable for autonomous vehicle applications [37, 40–44]. In
contrast to other works that rely on heuristic hazard metrics
and soft constraints for rule compliance, we rely on a purely
geometric interpretation of the relevant rules and formulate
hard constraints to enforce rule-compliant maneuvers while the
vessel follows a time-invariant reference path. We formulate

these constraints as affine expressions to keep the structure
of the optimization problem simple and the algorithm scal-
able with respect to the number of Obstacle Vessels (OVs).
While the collision-free space is generally nonconvex [45],
the specific design of our constraints establishes a convex
search space, encompassing homotopy-equivalent trajectories.
Moreover, we leverage the predictive nature of the controller
resulting in proactive, less conservative actions for the ASV
while respecting the relevant traffic rules. Last but not least,
we have also extended our work with respect to [40] by con-
sidering the dynamic model of the vessel including input and
state constraints. The result is a trajectory optimization algo-
rithm that achieves path following by generating dynamically
feasible, rule-compliant, collision-avoiding trajectories within
the prediction horizon while respecting actuator limitations as
well. The contributions of this work are:

• A formal derivation of affine constraints that guarantees
rule compliance in a convex search space.

• Simplified transition expressions in the traffic rule
decision-making module that rely on the design of the
affine constraints.

• An algorithm that scales to multiple obstacles and allows
the vessels to safely navigate through dense traffic envi-
ronments.

Section II describes the trajectory optimization problem.
Section III describes the vessel dynamics and Section IV the
path-following task. Decision-making based on the traffic rules
is studied in Section V and the rule constraints are formulated
in Section VI. Finally, Section VII presents simulation results
and Section VIII concludes the paper.

II. PROBLEM FORMULATION

Consider that the ASV is moving in a planar workspace
W = R2. The motion is described by the discrete, nonlinear
dynamical system:

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

with state z ∈ Z and control input u ∈ U known by an
appropriate set of sensors. We assume planar motion for n OVs
as well, with their state defined as zi ∈ Zi, i = {1, . . . , n},
known to sufficient precision within an area around the ASV
along with an estimate of its length li and width wi via a
suitable perception framework [46, 47]. We take into account
the subset of COLREGs rules 1-18 that describes navigation
of vessels in “sight of one another”. The state of the ASV is
constrained by these rules expressed mathematically as a set
of state constraints denoted as ZR(zk, z

i
k).

Given the current state z(t), a reference path parameterized
by path parameter s initialized at s(t), and a prediction of each
OV’s state zi

1:N , we formulate a discrete-time, constrained,
receding horizon problem over a finite time horizon N with
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the set of states z1:N ∈ Z , set of inputs u2:N ∈ U , and set of
path parameters s1:N as decision variables:

min
z,u,s

N−1∑
k=1

J(zk,uk, sk) + JN (zN , sN ) (2a)

s.t.: zk+1 = f(zk,uk), k = 1, . . . , N (2b)
sk+1 = g(zk, sk), k = 1, . . . , N (2c)

zk ∈ Z ∩ ZR(zk, z
i
k), k = 1, . . . , N (2d)

uk ∈ U , k = 2, . . . , N (2e)
z1 = z(t), s1 = s(t), (2f)

where we denote variables with subscript k as the predicted
ones in the receding horizon problem. The solution to the re-
ceding horizon problem is the optimal input sequence u∗

2:N−1

of the ASV that minimizes cost function (2a), under system
dynamics (2b), path evolution (2c), state constraints (2d) and
input constraints (2e). The cost function (2a) consists of the
stage cost that is the sum of the following terms:

J(zk,uk, sk) = Jv(zk) + Ju(uk)︸ ︷︷ ︸
dynamic behavior

+ Je(zk, sk) + Ju(zk)︸ ︷︷ ︸
path following

(3)
and the terminal cost JN (zN , sN ) that can be designed in
order to ensure stability. The first two terms are designed to
achieve a desirable dynamic behavior discussed in Section
III and the last two for navigation objectives discussed in
Section IV. The dynamics (2b) and physical limitations of
the state and inputs (2d), (2e) are detailed in Section III and
the rule-compliance constraints (2d) that serve the task of
rule-compliant collision avoidance are activated according to
the decision-making scheme of Section V and are derived in
Section VI.

An overview of our COLREGs-compliant navigation archi-
tecture is provided in Figure 1. We first encode the traffic rules
in an algorithmic framework for situational awareness which
is necessary for rule-compliant decision making. The module
“Traffic Rule Decision Making” attributes a specific traffic role
to the vessels based on which the “Constraint Generation”
module generates a set of mathematical constraints that are
suitable for a receding horizon problem and can guarantee
a rule-compliant motion. The “Trajectory Optimizer” module
then computes the trajectory for the vessel while considering
the aforementioned constraints and outputs the corresponding
control command to the ASV. Alternatively to previous works
on MPCC [37, 40–44], we consider dynamic collision avoid-
ance implicitly by enforcing compliance to the traffic rules.

We focus on the subset of the rules that are relevant to
motion planning. They can be grouped into three categories:
Traffic Rule Decision Making (7, 13-18) that analyze the
situation and designate a traffic role to each vessel, Situation
Invariant Rules (6, 8.a, 8.d) that apply irrespective of the traffic
situation, and Situation Dependent Rules (8.b, 8.c, 8.e, 13-17)
that vary according to the traffic role. The rest of the rules
are either not implementable in motion planning (rules 1-5,
11, and 12) or can be better included in a higher-level motion

Reference
Path

Trajectory Optimizer

Actuators

Perception
Module

State
Estimation

ASV

Constraint
Generation

Traffic Rule 
Decision Making
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Role

Fig. 1. Schematic method overview (light blue blocks). Given the measured
states z(t) and zi(t), we first infer the traffic role of the vessels based on
which a suitable set of constraints is generated. The latter is then inserted in
the optimization problem and the first step of the optimal input sequence, u∗

1 ,
is applied to the ASV at each control cycle as u(t).

planner that generates the reference path to be followed (rules
9 and 10).

III. MODEL DYNAMICS AND PHYSICAL LIMITATIONS

For modeling vessel dynamics we rely on the maneuvering
model described in [48]. The ASV’s configuration is described
by its position p = (x, y)⊤, orientation ψ, longitudinal and
lateral velocities u, v, and yaw rate r. Note that the velocities
are expressed in the body reference frame of the vessel. We
then denote as z = (x, y, ψ, u, v, r)⊤ ∈ Z ⊂ R6 the system’s
state and as u = (τl, τr, τb, αl, αr)

⊤ ∈ U ⊂ R5 the control
input of an ASV with two azimuth thrusters at its beam and
one bow thruster. Specifically, we denote as τl, τr, and αl, αr

the thrusts and azimuths of the left and right azimuth thruster
respectively, and as τb the thrust produced by a bow thruster of
the ASV. Assuming that there are not any ocean currents, and
wind or wave disturbances, the evolution of the system’s state
is expressed by the following continuous, nonlinear system:

ż =

[
03×3 R(z)
03×3 −M−1(C(z) +D(z))

]
z +

[
03×3

M−1

]
τ (u),

(4a)
with:

M = MRB +MA, (4b)

C(z) = CRB(z) +CA(z), (4c)

D(z) = DL +DNL(z), (4d)

τ =


τl cosαl + τr cosαr

τl sinαl + τr sinαr + τb

wlr(τr cosαr − τl cosαl)−
llr(τl sinαl − τr cosαr) + lbτb

 (4e)

where R(z) is the rotation matrix, MRB the rigid-body
mass matrix, CRB(z) the rigid-body Coriolis and centripetal
matrix, MA the added-mass matrix, CA(z) the added Coriolis
and centripetal matrix, DL, DNL(z), the linear and nonlinear
damping matrices, τ the generalized force vector acting on the
vessel, and wlr, llr, lb are length parameters that describe the
configuration of the thrusters. The added-mass and Coriolis
matrices are introduced due to hydrodynamic forces when we
consider the additional forces resulting from the fluid acting on
the vessel. The continuous system dynamics (4) are discretized
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with a Runge-Kutta method in the form (2b) to solve the
receding horizon problem (2).

We also consider actuator limitations τl ∈ [τlmin , τlmax ],
τr ∈ [τrmin , τrmax ], τb ∈ [τbmin , τbmax ], αl ∈ [αlmin , αlmax ],
αr ∈ [αrmin , αrmax ], where τlmin , τlmax , τrmin , τrmax , τbmin , τbmax ,
αlmin , αlmax , αrmin , αrmax are the minimum and maximum control
inputs respectively.

We can further include two terms in the objective function
to tune the response of the dynamical system. First of all, to
reduce undesirable drift of the vessel, we include the term:

Jv(zk) = qvv
2
k, k = 1, . . . , N, (5)

to penalize lateral velocity v with tuning parameter qv . More-
over, we penalize excessive control input by including the
term:

Ju(uk) = u⊤
k Quuk, k = 1, . . . , N, (6)

where

Qu =


qτl 0 0 0 0
0 qτr 0 0 0
0 0 qτb 0 0
0 0 0 qαl

0
0 0 0 0 qαr

 , (7)

is a tuning parameter matrix. The rest of the states are subject
to limitations imposed by the traffic rules as discussed in
Section VI.

IV. PATH FOLLOWING

The key idea in the MPCC problem formulation as ex-
pressed in (2), 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 [41, 43] in which the vessel at time t is at
position p(t) = (x(t), y(t))⊤ 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) described as:

sk+1 = sk + uk∆k, (8)

with ∆k denoting the prediction timestep, uk the discretized
longitudinal velocity, and s1 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 defined as:

ek(zk, sk) =

[
ẽl(zk, sk)
ẽc(zk, sk)

]
, (9)

where the longitudinal error is defined as:

ẽl(zk, sk)=−
(
cosψP(sk) sinψP(sk)

)(xk−xP (sk)
yk−yP (sk)

)
,

(10)
and the contouring error as:

ẽc(zk, sk)=
(
sinψP(sk) − cosψP(sk)

)(xk−xP (sk)
yk−yP (sk)

)
,

(11)

To achieve path tracking using the definition of the error
defined in (9), one of the cost terms in the objective function
(2a) will take the form:

Je(zk, sk) = e⊤k Qeek, k = 1, . . . , N, (12)

where
Qe =

[
qel 0
0 qec

]
, (13)

is a tuning parameter matrix that penalizes deviation from the
reference path.

To progress along the path, the ASV needs to have a non-
zero longitudinal velocity uk. This can be achieved by another
term in the objective function:

Ju(zk) = qu(uk − uref)
2, k = 1, . . . , N, (14)

where uref denotes a desired reference speed and qu is a
weighting factor to penalize deviation from the reference
speed. Thus, the vessel can track a time-invariant path, the
progress upon which is determined by the predicted longi-
tudinal speed uk. In this manner, the path-following task
is quite flexible and allows the vessel to deviate from it
if necessary (e.g., for collision avoidance) without creating
conflicting objectives. The choice of these parameters qu, uref
is further discussed in Section VI as it plays a role in rule
compliance as well. For a more detailed description of the
path following task the reader is referred to [41, 43].

V. TRAFFIC RULE DECISION MAKING

Situation analysis and classification refers to a decision-
making scheme that attributes a pairwise traffic role to the
ASV and each OV, based on a subset of the traffic rules. This
topic has been studied in great detail in [14, 35] among other
works and is of great importance as it dictates the actions each
vessel needs to follow in order to avoid collision in a safe
manner. This section presents the simple Finite-State Machine
(FSM) presented in Figure 2 that provides a pairwise role
symmetry with transitions that consider properly defined entry
and exit criteria for each state. The FSM has three states that
represent the traffic role of the vessel - Stand On (SO), Give
Way (GW), or Emergency (EM) as discussed in this Section.
The corresponding transition expressions to enter or exit each
state of the FSM namely, T ent

GW, T ext
GW, T ent

EM, and T ext
EM, depend

on the current states z(t) and zi(t) of the ASV and each OV
and their derivation is presented step-by-step in this Section.

The first step is to identify if there exists risk of collision
with an OV within the vicinity of the ASV. Rule 7 considers
“Risk of Collision” with part 7.d.i describing that “such risk
shall be deemed to exist if the compass bearing of an ap-
proaching vessel does not appreciably change” and part 7.d.ii
“such risk may sometimes exist even when an appreciable
bearing change is evident, particularly when approaching a
very large vessel or a tow or when approaching a vessel at
close range”. According to Rule 17.a.i, “Where one of two
vessels is to keep out of the way the other shall keep her course
and speed”. Thus, we can assume that any vessel encountered
within an encounter radius denoted as ρenc around the ASV
would keep a constant velocity if there is no risk of collision.
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Fig. 2. Schematic representation of the FSM for traffic role decision making.
Traffic situations that lead to the same traffic role are grouped for simplicity.

We can then integrate the position vector equations from the
current time t until some time in the future denoted as τ :

p(τ) = p(t) + (τ − t)R̃(z(t))v(t), (15a)

pi(τ) = pi(t) + (τ − t)R̃(zi(t))vi(t), (15b)

where we denote as v = (u, v)⊤, vi = (ui, vi)⊤the transla-
tional velocities of the two vessels and as R̃(z(t)) the 2× 2
sub-matrix of R(z(t)), that maps the translational velocities
from each body reference frame to the global reference frame.
The current distance between the two vessels is:

d(t) =
∥∥p(t)− pi(t)

∥∥
2

(16)

The distance between two vessels at a future time τ computed
at time t, can be expressed as:

d(τ |t) =
∥∥∥p(t)− pi(t) + (τ − t)(R̃(z(t))v(t)− R̃(zi(t))vi(t))

∥∥∥
2

(17)
Both d(t) and d(τ |t) are shown in Figure 3. Finding the
minimum of d(τ |t) is equivalent to finding the minimum
of its square, which is a quadratic function with respect to
time τ . The minimum of this function is then the solution of
∂d(τ |t)2/∂τ = 0 which results to:

tCPA(t) = −
(R̃(z(t))v(t)− R̃(zi(t))vi(t))⊤(p(t)− pi(t))∥∥∥R̃(z(t))v(t)− R̃(zi(t))vi(t)

∥∥∥2
2

(18)
This future time is known as the time to the “Closest Point of
Approach”. The corresponding distance is then:

dCPA(t) =

{ ∥∥∥p− pi + (R̃(z)v − R̃(zi)vi)tCPA

∥∥∥
2

tCPA ≥ 0

d tCPA < 0
(19)

since tCPA < 0 means that the two vessels are diverging
and thus dCPA is the current distance. Dependence on current
time t is omitted for readability. We continue by assuming
that a rough estimate of the length li and width wi of
the other vessel can be inferred by a visual perception or
communication system (e.g., Automatic Identification System
(AIS)) and the footprint of vessels to be circles of radii

Fig. 3. Encounter situation analysis between the ASV and OV i. Their current
states z(t) and zi(t) are used to determine the distance at the Closest Point
of Approach (dCPA) and thus if risk of collision exists assuming constant
velocities.

ρ =
√
(l/2)2 + (w/2)2 and ρi =

√
(li/2)2 + (wi/2)2, re-

spectively, for the purposes of this module. Then, we can deem
that risk of collision exists when dCPA < ρ + ρi + ρs which
means that the two vessels will be closer than a safety margin
ρs that for now is chosen arbitrarily. Note that using dCPA as
a metric for risk of collision is similar to the requirement of
Rule 7 to monitor the relative bearing over time but easier to
evaluate risk of collision considering the dimensions of the two
vessels. For the purposes of traffic role decision making we use
circular footprints as this serves only as a rough estimate of
whether or not risk of collision exists. For collision avoidance
we use a more accurate approximation of marine vessels’
footprints discussed in Section VI.

If a risk of collision exists, the next step is to decide on the
actions to be taken by the vessels involved. According to Rules
13-17, there can be three different, pair-wise traffic situations
between the two vessels:

• Head-On / Head-On
• Starboard-Crossing / Port-Crossing
• Overtaking / Overtaken

These traffic situations depend on the relative position of the
two vessels encoded in the relative bearing:

ψi
β(t) = arctan

(
ŷ⊤R̃(z(t))(pi(t)− p(t))

x̂⊤R̃(z(t))(pi(t)− p(t))

)
, (20)

and the relative course:

ψi
c(t) = ψi(t)− ψ(t), (21)

with x̂, ŷ denoting the unit vectors of the ASV’s body
reference frame shown in Figure 3. The combination of ψi

β(t)
and ψi

c(t) defines the role classification shown in Figure
4 similar to that found in [14]. To determine the head-on
situation, we need to define one additional parameter ψh that
defines a threshold for the relative course ψi

c(t). Unfortunately,
it is not clearly stated in the rules what the value should be
but according to [35], court decisions indicate ψh = ±6◦.
Note that for some combinations of ψi

β(t) and ψi
c(t) the traffic
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Fig. 4. Traffic situation classification as a function of the relative course
ψi
c, and the relative bearing ψi

β described in [6]. Note that the same figure
from the perspective of the OV would be role-symmetric since pairwise-role
symmetry is necessary.

situations may not be considered if dCPA ≥ ρ + ρi + ρs and
risk of collision is not deemed to exist.

According to the rules, in each traffic situation, a vessel
can be either a Give-Way (GW) vessel, which must take
collision-avoiding action, or a Stand-On (SO) vessel, which
is required to maintain its course and speed. According to
this classification, each vessel has a GW or SO role as
described in Rules 16 and 17 respectively. While Rule 16 is
straightforward for the GW vessel, Rule 17.a.ii describes that
“The latter vessel” (i.e., the SO) “may however take action to
avoid collision by her maneuver alone, as soon as it becomes
apparent to her that the vessel required to keep out of the
way is not taking appropriate action in compliance with these
Rules” and Rule 17.b states that “When, from any cause, the
vessel required to keep her course and speed finds herself so
close that collision cannot be avoided by the action of the
give-way vessel alone, she shall take such action as will best
aid to avoid collision”. Thus, another role emerges for the
SO vessel which in some cases must take collision-avoiding
action. We will denote this state here as Emergency (EM)
state. This situation is studied in depth in [49] where they
design a collision alert system for SO vessels. In summary,
the following roles are expected from each vessel:

• GW: Head-On, Overtaking, and Starboard-Crossing
• SO: Port-Crossing and Overtaken with no needed action
• EM: Port-Crossing and Overtaken with emergency action
The last thing to consider for a complete encounter situation

analysis is the entry and exit criteria. In [35] thresholds on
dCPA and tCPA are defined in order to determine entry and exit
criteria. However, these values may change rapidly especially
in multi-vessel scenarios while the vessels are still in close
proximity and likely to perform more complex maneuvers.
Unfortunately, the rules do not describe explicitly for how

long these pairwise roles should hold. Nevertheless, Rule 13.d
clearly states that “Any subsequent alteration of the bearing
between the two vessels shall not make the overtaking vessel
a crossing vessel within the meaning of these Rules or relieve
her of the duty of keeping clear of the overtaken vessel until
she is finally past and clear”. Based on that we can infer
that the pairwise roles, as long as they are attributed to the
vessels, should remain consistent until the encounter situation
is over. Thus, we keep the pairwise roles for as long as the
other vessel remains within the encounter radius ρenc of the
ASV for a normal traffic situation. An emergency situation is
considered when d < ρemg where ρemg defines the radius of a
circular area around the ASV within which, if a GW vessel
enters, it is inferred it does not comply with the rules. This is
then deemed to be an emergency situation for which even as
an SO vessel the ASV needs to take action to avoid collision
according to Rule 17.

Lastly, in compliance with Rule 18.a, we assume that the
perception system used by the ASV (e.g., similar to the one in
[47]) can determine if the other vessel is “(i) a vessel not under
command; (ii) a vessel restricted in her ability to maneuver;
(iii) a vessel engaged in fishing; (iv) a sailing vessel.” which
will set the role of the ASV to GW.

The aforementioned, lead to the design of the FSM illus-
trated in Figure 2 that is governed by the following Boolean
expressions according to [6] that depend on the current states
z(t) and zi(t):

Tenc = d(t) < ρenc (22a)

Trsk = dCPA(t) < ρ+ ρi + ρs (22b)

Thdn =(ψi
c(t) ≥ π − ψh) ∧ (ψi

c(t) < π + ψh) (22c)

Tstr = (ψi
c(t) ≥ π + ψh) ∧ (ψi

c(t) < 13π/8) (22d)

Tbrn = (ψi
c(t) ≥ 13π/8) ∧ (ψi

c(t) < 3π/8) (22e)

Tovr = (π + ψi
β(t)− ψi

c(t) ≥ 5π/8)∧
(π + ψi

β(t)− ψi
c(t) < 11π/8) (22f)

Tstb = (ψi
β(t) ≥ 0) ∧ (ψi

β(t) < 5π/8) (22g)

Temg =d(t) < ρemg (22h)

which combined formulate the final transition expressions for
the FSM of Figure 2:

T ent
GW = Tenc ∧ {Trsk ∧ [Thdn ∨ Tstr ∨ (Tbrn ∧ (Tovr ∨ Tstb))]}

(23a)
T ext

GW = ¬Tenc (23b)
T ent

EM = Temg (23c)
T ext

EM = ¬Temg, (23d)

In the equations above, logic symbols ∧, ∨, ¬, stand for “and”,
“or” and “not” respectively. Note that it is intentional that
the EM state can only be reached from the SO state as we
would like to allow vessels to come closer than ρemg if they
adhere to the rules and they are assigned a pair of SO-GW
roles. The FSM of Figure 2 can then assign the appropriate
traffic role to each of the vessels. Note that for simplicity,
the Overtaking, Head-On, and Starboard-Crossing situations
have been grouped under the GW state and the Overtaken and
Port-Crossing situations under the EM state, since the required
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actions are the same. Based on the traffic role assigned in
this module, the corresponding collision avoidance constraints
described in the next sections are generated and inserted in
the optimization problem (2) before each planning cycle.

VI. CONSTRAINT GENERATION

A. Situation Invariant Rules
The first rule that is implementable in a local motion plan-

ning algorithm is Rule 6, which describes that “Every vessel
shall at all times proceed at a safe speed so that she can take
proper and effective action to avoid collision and be stopped
within a distance appropriate to the prevailing circumstances
and conditions”. This rule is already implemented as a soft
constraint in the cost function (2a) given in (14) as part of the
path following task. The vessel’s reference speed that needs to
be followed can be set according to the local regulations that
are applicable in its environment (e.g., open sea, canal, port,
etc.) and the type of the vessel.

Rule 8 describes the proper action to avoid collision: Rule
8.a specifically describes that“Any action to avoid collision
[...], made in ample time [...]”. This requirement is imple-
mented with the already defined encountered distance ρenc
between the two vessels which determines when the ASV has
encountered another vessel and needs to assess the situation
(see Figure 3).

Rule 8.d describes that action should be taken such that
vessels are passing at a safe distance. While this is not
explained adequately in the rules, we can think of what would
be the best way to approximate the footprint of the OV.
Because of the oblong shape that the vessels usually have,
the circumscribed rectangle is a good approximation of the
vessel’s footprint since it is a simple shape but at the same time
not very conservative (e.g., as the circumscribed circle would
be). We can then implement this safety distance by enlarging
the circumscribed rectangle by some margins (ρibm, ρ

i
sn, ρ

i
pt, ρ

i
sb)

depending on the side of the vessel illustrated as the orange
dashed rectangle in Figure 5. Since the decision variables
include the center of the ASV where the body reference
frame is attached, a common practice for the task of collision
avoidance is to inflate the footprint of the obstacle by the
dimensions of the ASV by using the Minkowski sum [50].
In general, the Minkowski sum depends on the relative ori-
entation as well, which makes the computation of the inflated
obstacle’s footprint more involved, and the resulting shapes
to vary. A simpler way is to approximate the footprint of
the ASV with the circumscribed circle which will make the
Minkowski sum rotation-invariant. The Minkowski sum of the
rectangular bound of vessel i and the circumscribed circle of
the ASV with radius ρ is then the rounded orange rectangle
illustrated in Figure 5, the most outer “boundary” around
the OV. Notice that as done in previous works on MPCC
[41–43], the footprint of the ego-vehicle (here the ASV) can
be approximated with a multiplicity of offseted circles along
the symmetry axis that will make the approximation much
less conservative but still favorable in terms of computational
complexity. This approximation of the OV’s footprint with the
safety margins is utilized in the following section where we
generate the rule-compliant constraints.

Fig. 5. Footprints of the two vessels for collision avoidance. A rectangle shape
is a simple representation of the real footprint of a vessel without being too
conservative. The rectangle’s sides can be augmented to allow for some safety
margin as well. The rectangle is inflated by the radius of the circumscribed
circle of the ASV leading to a rounded rectangle. Note that the ability to
approximate the ASV with multiple circles of smaller radius can allow for
less conservative approximations if needed (e.g. in inland waterways).

B. Situation Dependent Rules

This section discusses rules that hold according to the
encounter situation of the ASV. Rule 8.b states 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 maneuvers
that are jittery and do not resemble rule-compliant maneuvers.
One way to implement this rule is to impose constraints on
the angular acceleration ṙ and the longitudinal acceleration u̇
to be larger than a certain value. However, as explained in
[35], this can result in a highly non-convex (and even non-
connected) search space and, consequently, in a hard-to-solve
nonlinear optimization problem. Moreover, these variables are
not included in (2). To circumvent these problems, we consider
this rule in the design of constraints for Rules 13-17 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 sea-room, al-
teration of course alone may be the most effective action
to avoid a close-quarters situation [...]”. This is already
considered in (14) 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 (14) might interfere with
collision avoidance as it then describes two conflicting goals
for the trajectory optimizer. The problem can be overcome by
switching the value of the tuning parameter qu of cost term
(14) according to the vessel role as qu ∈ {quSO , quGW , quEM}
with quEM ≪ quGW = quSO . Thus, in an emergency situation,
the reference velocity following task is relaxed to allow the
ASV to slow down or even reverse if necessary.

Next, we consider Rules 13-15, which describe the ma-
neuver a GW vessel should follow in the Overtaking, Head-
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b) Head On a) Overtaking c) Starboard Crossing d) Overtaken e) Port Crossing

Fig. 6. Rule-compliant (green) and prohibited (red) trajectories for the ASV (blue) in each traffic situation with an OV (orange) according to rules 13-17:
The three situations on the left - a) Overtaking, b) Head On

, c) Starboard Crossing - are situations where the ASV has a GW role while the two on the right - d) Overtaken, e) Port
Crossing - describe suitable emergency maneuvers with the ASV in an EM role.

On, Starboard Crossing situations, respectively, as well as
Rule 17 which describes emergency actions that arise in the
Overtaken and Port Crossing situations for an EM vessel.
Figure 6 presents examples of compliant (green) and non-
compliant (red) maneuvers for each situation. In the following,
we design suitable constraints to enforce compliant maneuvers
while avoiding non-compliant ones.

In most MPC-based works these constraints are imple-
mented as soft constraints via a heuristic cost function that
relies on some hazard metric or aims at creating a repulsive
field [28–36]. In this work, instead, the goal is to implement
these rules as geometric, hard constraints to guarantee a rule-
compliant behavior and decouple this task from the tasks
of path-following and velocity-following described in the
objective function. The design of these constraints should
not cause problems with feasibility and allow the solution of
(2) in real time. Thus, we design a set of affine constraints
for each pairwise situation. Then, in multi-vessel encounters,
this will result to a convex polytope around the ASV, a
rule-compliant search space in the receding horizon problem
(2). We can then have strict rule-compliance guarantees in
multi-vessel situations without complicating the solution of
the optimization problem. These constraints might be more
conservative than other types (e.g., quadratic constraints used
in [41, 43]), but they are more suitable to represent the traffic
rules as discussed in this Section. To design these constraints,
we rely on the notion of the separating and supporting planes
from convex optimization [51].

For each timestep k ∈ 1, . . . , N along the prediction
horizon, a supporting hyperplane of each circle j ∈ [1, 4] with
radius ρ centered at the vertices of the inflated rectangle (see
Figure 7) of OV i ∈ 1, . . . , n can be defined as:

Hi,j
d : di,j

k pk ≤ di,j
k

⊤ (
pi,j
k + di,j

k ρ
)
, (24)

where:

di,j
k =

(
p̂k − pi,j

k

)⊤∥∥∥p̂k − pi,j
k

∥∥∥ , (25)

is the normalized relative position vector defined with p̂k

and pi,j
k the predictions of the ASV and the OV’s vertices

respectively. For the OV we rely on a constant velocity
assumption to derive the predicted positions as:

pi
k = pi(t) + k ·∆k · R̃(z(t))vi(t), (26)

by inferring its current position pi(t) and velocity vi(t). The
predicted positions of the vertices are then:

pi,1
k = pi

k + R̃(z(t))

(
(li/2 + ρbm)
(wi/2 + ρpt)

)
(27a)

pi,2
k = pi

k + R̃(z(t))

(
(li/2 + ρbm)
−(wi/2 + ρsb)

)
(27b)

pi,3
k = pi

k + R̃(z(t))

(
−(li/2 + ρst)
−(wi/2 + ρsb)

)
(27c)

pi,4
k = pi

k + R̃(z(t))

(
−(li/2 + ρsn)
(wi/2 + ρpt)

)
(27d)

More general predictions from prediction modules can be
accommodated as well. For the predictions of the ASV, we
employ the trajectory of the previous planning cycle by shift-
ing the previous plan one step forward: p̂k ≜ p̂t|k = pt−1|k+1

for k = 1, . . . , N − 1 while for the last step k = N the
predicted position is approximated as the linear extrapolation
of the last two steps of the previous planning cycle: p̂N ≜
p̂t|N = 2pt−1|N −pt−1|N−1. Note that the hyperplane of (24)
can always be defined as long as p̂k ̸= pi,j

k and is at the same
time a separating hyperplane with respect to the ASV which
is now reduced to a sequence of single points p̂1:N along
the prediction horizon. Hyperplane Hi,j

d , illustrated in Figure
7, can be used as a constraint to ensure that the footprints
of the ASV and the OV will not overlap thus achieving
collision avoidance. However, it cannot enforce rule-compliant
trajectories similar to the green ones illustrated in Figure 6.
For this reason, we want to rotate this hyperplane in a proper
manner and force the generated trajectories as close to the
desired ones as possible. That is, to the starboard side of the
ASV and behind the OV as implicitly required by Rules 13-
17. The range of rotation that keeps the supporting plane of
each circle j to be a separating plane with respect to the ASV
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Fig. 7. The affine constraint in the example of a starboard-crossing situation.
The constraint restricts the allowable space for the ASV and forces the
trajectory away from the reference path and behind the OV for the task of
rule-compliant collision avoidance according to the rules.

(each point p̂k) is that between the two orange hyperplanes
illustrated in Figure 7 denoted as Hi,j

d and Hi,j
max. We are

interested in the maximum counter-clockwise rotation of the
orange hyperplane Hi,j

d with normal vector di,j
k that would

lead to Hi,j
max. The maximum angle of rotation θi,jk is:

θi,jk =

 arccos

(
ρ

∥p̂k−pi,j
k ∥

) ∥∥∥p̂k − pi,j
k

∥∥∥ > ρ

0
∥∥∥p̂k − pi,j

k

∥∥∥ ≤ ρ (28)

Note that when θi,jk = 0 we have ri,jk = di,j
k so that the rotated

vector ri,jk can be defined even if
∥∥∥p̂k − pi,j

k

∥∥∥ ≤ ρ. Lastly, we
introduce a rotation factor α ∈ [0, 1] as a tuning parameter with
which we can tune the deflection of the predicted trajectory.
The rotated vector is then:

ri,jk = R̃(αθi,jk )di,j
k (29)

The affine constraints will then take the form:

Hi,j
r : ri,jk

⊤
pk ≤ ri,jk

⊤ (
pi,j
k + ri,jk ρ

)
(30)

Thus, the red hyperplane of Figure 7 denoted as Hi,j
r reduces

smoothly to the orange hyperplane Hi,j
d as

∥∥∥p̂k − pi,j
k

∥∥∥ → ρ

and the constraint can always be defined as long as p̂k ̸=
pi,j
k . Depending on the traffic role of the ASV we can tune

the rotation factor α differently to achieve a deflection of the
trajectory as desired. In case the ASV has a GW role, in order
to yield trajectories like the first three in Figure 6 this requires
α → 1. On the other hand, if the ASV has an EM role, the
last two trajectories of Figure 6 will be achieved for α→ 0. If
the ASV has an SO role, no constraints are imposed and the
vessel is required to maintain its course and speed according to
Rule 17. Lastly, in order to comply with Rule 8.b that requires
readily apparent maneuvers, we can use the current states for
the first few meters of the encounter that is, p̂k = p1 and
pi,j
k = pi,j

1 . This will force a strong alteration of course or

speed at the beginning of the encounter so that the actions of
the ASV are readily apparent to the OVs.

Since these constraints are computed a priori based on
the shifted plan, we can determine which one of them will
be active and thus have only one constraint per obstacle
to further simplify problem (2). Therefore, there will be a
single constraint per OV that is “rolling” along the periphery
of the rounded rectangle depending on the relative position
and orientation of the ASV and the OV. In summary, each
constraint i with i = 1, . . . , n, splits the workspace of the
vessels W in two half-spaces, one containing the ith OV and
its counterpart containing the ASV making sure that their
footprints are always separated and thus collision avoidance
is ensured. Moreover, the deflection tuning of this half-space
is used to enforce rule-compliant trajectories. The affine con-
straints to be inserted in (2) will then take the final form:

ZR : Ai
k

⊤
pk ≤ bik, i = 1, . . . , n, (31)

with:

Ai
k = ri,jk , bik = Ai

k

⊤
(
pi,j
k +Ai

kρ
)
, j ∈ [1, 4] (32)

where the index for j ∈ [1, 4] is chosen so that the correspond-
ing affine constraint does not intersect the inflated rounded
rectangle of Figure 7.

Note that the aforementioned considerations regarding i) a
well-defined expression of constraints that ensures feasibility
and ii) a pre-processing procedure to activate just one con-
straint per OV were not contemplated in [40]. In addition, in
this work, a discussion on the effect of these constraints in
traffic situations with multiple OVs follows. The constraint
space ZR for the position p of the vessel is illustrated
qualitatively in Figure 8. The ASV has either a GW or an
EM role with respect to each OV and the corresponding
affine constraint is generated. When these overlap, they lead
to the convex polytope ZR which is the search space for the
trajectory optimization problem (2). One of the benefits of
such a design is that as the ASV and OV move with respect
to each other to resolve the traffic situation, the constraints are
“rolling” out of the way of the ASV thus not impeding its path
anymore. Therefore, they can remain active for as long as the
traffic role is active according to Section V without blocking
the motion of the ASV. Thus, neither complicated exit criteria
nor hysteresis in the decision-making module are needed for
the FSM designed in Section V in contrast to other works (e.g.,
[11, 35]). Note that in Figure 8, the set ZR is presented only
at the current time. In the optimization problem, there would
be N polygons, one for each timestep k along the prediction
horizon.

In the context of vessels navigating in dynamic environ-
ments with uncertain neighboring agents’ intentions, ensuring
formal closed-loop stability is challenging. One possible ap-
proach to address this issue is by modeling uncertainties in
predicting neighboring vehicles’ intentions within the motion
planning problem and designing a suitable terminal cost in
(2a) to ensure stability.
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Fig. 8. Multiple half-space constraints active simultaneously that result in a
convex search space for the trajectory optimization problem.

Algorithm 1 Traffic role decision making and constraint
generation
Input: z(t), zi(t), li, wi, ∀i ∈ [1, · · · , n]
Output: A, b, qu see (31), (32)

1: for t = 1, 2, . . . do
2: for i ∈ [1, · · · , n] do ▷ Traffic role decision making
3: Compute d(t) from Eq. (16)
4: Compute dCPA(t) from Eq. (19)
5: Compute ψi

b(t) from Eq. (20)
6: Compute ψi

c(t) from Eq. (21)
7: Compute rolei(t) from Eq. (23) and the FSM
8: end for
9: for k ∈ [1, · · · , N ] do ▷ Constraint generation

10: p̂k ← pt−1|k+1, p̂N ← 2pt−1|N − pt−1|N−1

11: pi
k ← pi(t) + k ·∆k · R̃(z(t))vi(t)

12: for i ∈ [1, · · · , n] do
13: if rolei == SO then
14: qiu ← quSO

15: else
16: if rolei == GW then
17: qiu ← quGW

18: α← [0, 1] ▷ Set α value close to 1
19: else if rolei == EM then
20: qiu ← quEM

21: α← [0, 1] ▷ Set α value close to 0
22: end if
23: for j ∈ [1, · · · , 4] do
24: Compute pi,j

k from Eq. (27) given pi
k

25: Compute di,j
k from Eq. (25) given p̂k

26: Compute θi,jk from Eq. (28)
27: Compute ri,jk from Eq. (29)
28: end for
29: Choose rik as the active ri,jk

30: Compute Ai
k, b

i
k from Eq. (31)

31: end if
32: end for
33: end for
34: qu ← min(qiu), ∀i ∈ [1, · · · , n]
35: Create A, b by concatenating Ai

k, b
i
k

36: end for

qel qec quEM quGW qv qτu qτr
1 10 10 1000 250 0.1 3

TABLE I
OBJECTIVE FUNCTION WEIGHT VALUES

ρs ρenc ρemg ψh ρibm ρisn ρipt ρisb α

2 21 10 0.25 li li/2 wi wi 0.97
TABLE II

GEOMETRY PARAMETER VALUES

VII. SIMULATION RESULTS

This section presents simulation results to validate the
efficacy of our algorithm in different traffic scenarios. The
first vessel-to-vessel scenarios are chosen to highlight the
rule-compliant collision avoidance maneuvers in each possible
traffic situation. We then test the algorithm in multi-vessel
encounters to show that it does not lead to deadlocks in
complex traffic situations and that it is scalable with respect
to the number of OVs. Our framework is implemented in
ROS: the controller in C++ and the simulator of the ASV
and OVs in Python. The solver used relies on the Primal-Dual
Interior-Point method and is generated with Forces Pro [52,
53]. The algorithm runs in an Ubuntu machine with an Intel
i7 CPU@1.8GHz and 16GB of RAM.

In the following simulation scenarios, the ASV is expected
to follow a horizontal reference path along X-axis of the global
reference frame at a reference surge velocity uref = 1m/s while
avoiding collisions according to the regulations. The values of
the used parameters are summarized in Tables I and II while
the numerical values of the ASV model described in (4a) can
be found in [54]. For all the OVs the dimensions are the same
as the ones used for the ASV: li = l = 1.25m and wi = w =
0.29m while their longitudinal velocities vary in the range
0.9 − 1.2m/s. The horizon length is set to N = 41 steps and
the prediction timestep at ∆k = 0.25s.

Figure 9 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 OV. Figure 10 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 OV.
Figure 11 illustrates another scenario in which the ASV has a
GW role in a Starboard-Crossing situation. 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. Lastly, Figure 12 presents a Port-Crossing situation where
the ASV normally would have an SO role, but the OV does
not comply with the rules and does not take action to avoid
collision. In this case, the ASV has an EM 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. Notice that in every
scenario, the ASV autonomously performs maneuvers that are
clear and readily apparent thus complying with Rule 8.

A multi-vessel encounter is illustrated in Figure 13 where
the ASV is able to successfully avoid collision with each
vessel obstacle in a rule-compliant manner. The ASV first
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Fig. 9. Overtaking situation with the ASV in GW role, turning to starboard
while it keeps out of the way of the OV (Rule 13.)

Fig. 10. Head-On situation with the ASV in GW role, turning to starboard
so that each vessel passes on the other’s port (Rule 14).

Fig. 11. Starboard Crossing situation with the ASV in GW role, turning to
starboard while avoiding crossing ahead of the other vessel (Rule 15).

Fig. 12. Port Crossing situation with the ASV in EM role, passing behind
the non-compliant vessel (Rule 17).

Fig. 13. Trajectories in a multi-vessel encounter situation with the ASV passing through multiple OVs while following a horizontal path.
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Fig. 14. A screenshot from RVIZ to illustrate the convex polytope constraints
generated along the prediction horizon for timestep k = 10, 20, 30, 40.

encounters OV 1 and attempts to overtake it. A bit later
it encounters two vessels (OV 2 and 3) crossing from its
starboard side so it alters course to starboard to pass behind
them. As soon as it returns to its reference path, OV 6 is
coming from its port side not complying with the rules, and
thus the ASV reduces speed to avoid collision. Right after, the
ASV encounters OV 4 in a head-on situation and OV 5 in a
port-crossing situation. At first, it changes course to starboard
and later slows down to successfully avoid collision with both,
according to the rules. The simulation environment in which
we run our experiments (RVIZ) is illustrated in Figure 14
where the constraint polytopes can be seen along the prediction
horizon. The corresponding state and input of the system for
the multi-vessel scenario is provided in Figures 15, 16, and
17. In Figure 18 the successive traffic roles are shown as the
ASV navigates through traffic. The ASV has a GW role with
respect to OV 1, 2, 3 and 4 and an SO role with respect to
OV 5 and 6. The latter do not comply with the rules and
thus an EM role emerges for the ASV as they approach in
dangerous proximity. In Figure 19 we compare the relative
distance between the ASV and each OV i to the minimum
accepted distance for collision avoidance (ρ+ρi). Note that this
is more conservative than what we enforce with the collision
avoidance constraints, but it is used just as an indication that
collision avoidance is achieved. Lastly, we show in Figure 20
the computation time with respect to the increasing number
of obstacles to illustrate the scalability of the algorithm. The
average time for the control loop is on average about 33 ms
for every run showing that the number of obstacles does not
complicate the solution of the optimization problem.

VIII. CONCLUSIONS & FUTURE WORK

In this work, we proposed a trajectory optimization and
control algorithm for safe navigation of ASVs in mixed-traffic
environments by incorporating COLREGs as constraints. The
efficacy of the proposed algorithm was validated via dif-
ferent simulation scenarios involving relevant rule-compliant
collision avoidance maneuvers that comply with COLREGs.
Scenarios with multiple vessels were also tested to show the
algorithm’s ability to handle complex traffic situations without
deadlocks and its scalability with respect to the number of
obstacles. For future work, we aim to robustify the algorithm
against uncertainties and faults.

Fig. 15. Pose (position and orientation) of the ASV for the multi-vessel
encounter presented in Figure 13.

Fig. 16. Twist (translational and rotational velocities) of the ASV for the
multi-vessel encounter presented in Figure13.

Fig. 17. Control input of the ASV for the multi-vessel encounter presented
in Figure 13.
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Fig. 18. Traffic role for the ASV with respect to each OV corresponding to
the traffic situations that emerge in Figure 13.

Fig. 19. The distance between the ASV and each OV in the scenario presented
in Figure 13 as a function of time. The lower dashed line represents the sum
of ρ+ ρi for each OV showing that there is no collision.

Fig. 20. Computation times for increasing number of obstacles: The average
computation time remains similar meaning that the additional constraints do
not complicate the solution of the optimization problem.
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