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Autonomous Docking

Trajectory planning and dynamic route adaptation for autonomously docking a ma-
rine vessel using Model Predictive Control

Erik Laitala

Evelina Strémdahl

Department of Mechanics and Maritime Sciences

Chalmers University of Technology

Abstract

This thesis presents a comprehensive study on the application of Model Predictive
Control (MPC) for the autonomous docking of marine vessels. The research focuses
on developing and implementing trajectory planning and dynamic route adaptation
algorithms that enable a vessel to autonomously dock in various maritime environ-
ments. The research on autonomous docking is important for its potential to enhance
safety, e Lciehcy, and reliability in maritime operations, particularly in crowded or
challenging docking scenarios. This technology aims to minimize human error and
simplify the docking procedure in busy marine environments. The key challenges
addressed include path planning, collision avoidance, trajectory tracking, and the
integration of real-time dynamic adjustments to account for moving obstacles and
environmental changes. Our methodology utilizes MPC to continuously predict and
optimize the vessel’s path, thereby ensuring safe and e [cieht docking maneuvers. A
simulation environment created in Python and real-world simulations created in a
Unity-based environment were utilized to validate the e [edtiveness of the proposed
algorithm. Simulation results demonstrated a functional trajectory planner capable
of successfully following a reference path, avoiding obstacles, and docking a marine
vessel in narrow spaces, indicating the potential for using MPC to autonomously
dock a boat. Initial tests in a real-world environment were performed to further
confirm the potential of the proposed solution. Comparative performance analysis
highlights the strengths and limitations of the system during diLerkent conditions,
demonstrating its potential for real-world application. Future works aim to enhance
the complexity of the maritime scenarios and vessel dynamics handled by the algo-
rithms, as well as additional testing in real-world environments to further validate
and refine the system. The presented analysis also demonstrates the potential for
additional features to improve the stability and reliability of the MPC-based system.
This includes the integration of various sensor data for extensive environmental map-
ping providing real-time updates about the surroundings to ensure a safer docking
procedure.

Keywords: Model Predictive Control, Receding Horizon Control, Path Planning,
Trajectory Planning, Collision Avoidance, Autonomous docking, Maritime Naviga-
tion, Dynamic Route Adaptation.
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List of Acronyms

Below is the list of acronyms that have been used throughout this thesis listed in

alphabetical order:

CTE
DWA
EVC
GPS
IMU
IPOPT
LiDAR
MPC
NMPC
OCP
OpEn
PANOC
RHC
RK4
RRT
SNOPT
UAV

Cross-Track Error

Dynamic Window Approach
Electronic Vessel Control

Global Positioning System

Inertial Measurement Unit

Interior Point OPTimizer

Light detection and ranging

Model Predictive Control
Nonlinear Model Predictive Control
Optimal Control Problem
Optimization Engine

Proximal Averaged Newton-Type Method
Receding Horizon Control

Runge Kutta 4

Rapidly Exploring Random Tree
Sparce Nonlinear OPTimizer
Unmanned Aerial Vehicle






Nomenclature

Below is the nomenclature of parameters and simulation weights that has been used
throughout this thesis.

Parameters
Pose vector
_ Kinematic model
Velocity vecotor
R( ) Rotation matrix
Umin Vehicle constraint on the minimal velocity possible (m/s)
Umax Vehicle constraint on the maximal velocity possible (m/s)
Vinin Vehicle constraint on the minimal velocity possible (m/s)
Vimax Vehicle constraint on the maximal velocity possible (m/s)
F min Vehicle constraint on the maximal angular velocity (radians/s)
I max Vehicle constraint on the maximal angular retardation (considered
symmetric) (radians/s)
Ny Number of control inputs
Ny Number of states
ts Time step in Unity and Python (s)
P Boundary coordinates
O Obstacle list
No Max number of static obstacles
N Length of the receding horizon controller in Python/Unity
path_interval Path interval points sent to the MPC
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Simulation Weights

Xii

Weight on static obstacle avoidance

Weight on the boundary constraints

Weight on dynamic obstacle avoidance
Weight on the cross-track error

Weight on the deviation from the reference control input
Weight on prioritizing forward drive

Weight on acceleration in surge direction
Weight on acceleration in sway direction
Weight on acceleration in the angular rotation
Weight on the terminal state

Weight on the terminal heading
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1

Introduction

In contrast to the automotive sector, where signi cant technical improvements have
been made in the development of automotive features, the maritime industry is
still in the starting phase. Unlike land-based vehicles, marine vessels face unique
challenges, including factors such as wind, current, and strong waves signi cantly
Impacting navigation and docking procedures. For beginners and even experienced
sailors, maneuvering and docking, particularly in adverse conditions, can be di cult
and potentially lead to undesirable consequences.

The current approach to docking heavily relies on manual techniques and the skill of
the operator. This master's thesis seeks to address this gap by proposing the devel-
opment of an algorithm capable of safely and autonomously docking marine vessels
in a busy environment, speci cally targeting leisure boats. However, the focus ex-
tends to broader applicability across vessel types. The algorithm's objective includes
navigating vessels around both static and dynamic obstacles in a busy harbor with
narrow passages while considering environmental factors. Making a signi cant step
towards enhanced e ciency and user-friendliness in docking operations. Utilizing
Model Predictive Control (MPC) to predict optimal navigation, this thesis aims to
develop a functional algorithm through an in-depth analysis of existing literature,
dynamic vessel modeling, and rigorous simulation and testing.

1.1 Related work

In the research eld of autonomous docking, a shift is underway to address the
di culties of a marine environment. Complexities introduced by factors such as
wind, current, and strong waves present unique challenges for marine vessels during
docking and navigation, making it a critical area of advancement in the maritime
industry. Automating the docking procedure shifts the responsibility for vessel nav-
igation from the operator's skills to the algorithm, ensuring a safer and more con-
sistent operation. However, to rely on an algorithm to control a vessel, it must be
capable of consistently ensuring safe maneuvering without collisions or unnecessary
risks. This requires a thorough understanding of both the vehicle's dynamics and
the surrounding environment.

In light of these challenges and opportunities, this section reviews existing research
e orts in autonomous docking systems, involving various path-planning algorithms
and methods for trajectory planning, highlighting advancements, limitations, and

1



1. Introduction

key insights that motivate the presented thesis.

In the paper "Dijkstra’'s and a-star in nding the shortest path: A tutorial” [1] the
utilization of path planning on a preprocessed map is discussed as a well-established
method for controlling and navigating robots or vehicles. By transforming the target
environment into a simpli ed 2D space, partitioned into walkable and non-walkable
sections and by imposing prede ned restrictions, such as avoiding obstacles or min-
imizing travel distance, path planning aims to nd an optimal path for navigation.
While various algorithms exist for this purpose, each with its advantages and draw-
backs, they typically search for the shortest and safest path within the de ned
constraints. Moreover, while some may consider the orientation of the vehicle, these
algorithms operate under the constraint of solely relying on coordinates or nodes,
without utilizing the dynamics of the robot or vehicle.

The trajectory planning process for autonomous marine vessels followed by establish-
ing a prede ned path is outlined in a study by Lutz et. al [2]. This method involves
the development of a model of the boat capable of capturing the dynamics of the
vessel. Addressing various constraints, including the model, the generated path,
environmental factors, prioritizing of forward drive, etc. is accomplished through
the implementation of MPC which is a widely used method for solving constrained
optimization problems. In MPC the dynamic model is used to represent the system
while addressing speci c constraints. These characteristics make MPC well-suited
for trajectory planning in the context of autonomous marine navigation.

The interest in autonomous docking of marine vessels has gained more attention
due to growing interest in autonomous marine operations such as autonomous fer-
ries and cargo vessels. Despite this, limited literature and research on the topic
exists, where the focus has more often been on specic vessel types. The paper
"Autonomous docking using direct optimal control” [3] proposes a method that in-
troduces the docking problem as an optimal control task. This paper's approach
to autonomous docking involves numerical optimal control techniques. A method
that ensures maneuverability while complying with physical constraints is proposed
where the kinematics and thrust con guration of a cargo ship are modeled. Spa-
tial constraints are also considered during the docking procedure to ensure collision
avoidance. The ndings of the research suggest that the proposed method is ef-
fective at successfully demonstrating safe docking maneuvers without violating any
safety restrictions. However, while the paper provides a foundation for autonomous
docking using optimal control, it leaves room for extending the research to address
di erent challenges encountered in other boat operations concerning smaller marine
vessels. This includes more challenging scenarios such as navigating narrow spaces
and dynamically changing environments.

To achieve a smooth automatic parking algorithm, a paper presented a lateral vehicle
trajectory planner and a control algorithm using MPC for an automatic perpendic-
ular parking system [4]. A clothoid path planner was used together with a simple
kinematic model to achieve the smooth steering motion. The MPC optimizes a -

2



1. Introduction

nite time horizon to satisfy vehicle constraints and control the motion. Experiments
from the paper showcased an e ective algorithm that controlled a vehicle to handle
a smooth convergence to a set parking spot; even meeting the requirements outlined
in ISO 16787:2017 Intelligent transport systems and assisted parking parking sys-
tems [4].

An important aspect to consider in the eld of autonomous driving is the problem

of collision avoidance. As a consequence, there is extensive research that focuses
on this topic. In a paper by Helling et al. [5] a dual collision detection method in
MPC with various culling techniques is proposed for obstacle avoidance. The au-
thors employ optimization-based approaches, using dual re-formulation of indicator,
distance, and signed distance functions to address nonlinear, non-continuously dif-
ferentiable formulations precisely. The implementation of culling techniques such as
frustum, occlusion, and backface culling, is shown to reduce computational complex-
ity successfully. However, despite promising results in con ned environments, such
as a path-following scenario for an autonomous surface vessel, multiple challenges
remain unaddressed. The main drawbacks include the method's scalability to more
dynamic and unpredictable environments and the system's exibility to various ob-
stacle geometries necessary for an autonomous docking system. This thesis aims
to address these challenges by focusing on dynamic route adaptation and obstacle
avoidance in a complex environment such as a busy harbour containing dynamic,
and static obstacles and narrow passages. This could advance the practical applica-
bility of MPC in di erent autonomous docking scenarios.

The paper "Obstacle avoidance in real time with nonlinear model predictive control
of autonomous vehicles" [6] presents a study of nonlinear model predictive control
(NMPC) for trajectory tracking and obstacle avoidance in autonomous road vehicles
at realistic speeds. The focus of the study primarily lies on the performance relative
to the prediction horizon of the NMPC. The study compares two di erent techniques
for obstacle avoidance in real-time; the rst method uses trigonometric identities to
nd the nearest point on the reference trajectory, this point is then used as the
desired trajectory point for the current controller step. This method is based on
the principle of repelling the vehicle from the closest point on the trajectory. In the
second method, at each time step, a desired point on the trajectory is calculated
based on lines drawn from the center of gravity of the vehicle to the reference
trajectory and the point closer to the goal point is selected as the desired trajectory
to follow. The study contributes to existing literature in the eld of autonomous
vehicle control and emphasizes the importance of longer prediction horizons for
e ective obstacle avoidance. However, although the focus is on realistic driving
environments, narrow spaces and passages are not considered. The paper also only
deals with static obstacles and does not consider the additional challenges that
appear with dynamic obstacles.



1. Introduction

1.1.1 Research questions

Based on the background and related work in the eld of automation in marine
environments, this thesis aims to formulate an algorithm that can autonomously
dock a marine vessel in a constrained environment that includes both static and dy-
namic obstacles and narrow passages. The algorithm needs to safely steer the vessel,
avoid obstacles, and dock the vessel at a preset destination with the right orientation.

This will be achieved by answering the following research questions:

" How can an optimized path that prioritizes minimum length, safety, and user
comfort in di erent marine navigation scenarios be found?

" How can an MPC be formulated with the optimized path as a reference and
the dynamics of the boat in mind?

" What metrics and criteria are suitable for evaluating the performance of the
algorithm in terms of path selection, obstacle avoidance, user comfort, and
reaching the destination?

How does the proposed system perform in challenging maritime scenarios and
what insights can be gained about its applicability in real maritime operations?

1.2 Scope and limitations

The proposed algorithm theoretically has applicability across various harbor envi-
ronments, as long as it has been appropriately pre-processed before. To streamline
implementation and reduce pre-processing requirements of the harbor structure and
its obstacles' positions, boundaries, and orientation; this project focuses on the har-
bor layout and obstacle con gurations at Volvo Penta's harbor in Krossholmen.
The map is assumed to describe the environment of Krossholmen with navigable
and non-navigable space. The obstacles are limited to approximations of di erent-
sized polygons with four vertices and varying orientations in the world map; with
nodes constructing their shape.

Boat dynamics are modeled with certain assumptions to ensure a functional rep-
resentation and still capture boats with varying sizes. These assumptions include
neglecting roll, pitch, and heave by assuming calm water and modeling the boat's
motion using a purely kinematic model without any force interactions. Testing and
simulations are done in three steps. The rst steps include simulations in an environ-
ment created in Python using Matplotlib as a replica of the harbor in Krossholmen.
The second step involves validating the algorithm's performance by testing and sim-
ulations on a boat simulator at CPAC providing more realistic maritime scenarios.
The third step involves real-world testing in an actual maritime environment. Test-
ing will primarily be done on a Cranchi Endurance 41 with Volvo Penta D6 engines,
with the model tailored to reasonably accommodate variations in boat sizes while
maintaining practicality. The third step is performed with limitations due to the
time constraints of the thesis work.

4



1. Introduction

1.3 Methodology

To reach the goals of this master thesis and to answer the stated research questions,
the following steps were taken.

1. Review of existing literature:
A comprehensive literature review was conducted, focusing on topics related
to autonomous boat docking, dynamic models, and model predictive control.

2. Vessel modeling:
A model was identi ed and constructed to accurately capture the motion of a
marine vessel.

3. Mathematical formulation of the optimization problem:
The optimization problem was mapped out by integrating a kinematic boat
model, environmental factors, and related issues associated with autonomous
docking. The mathematical structure within which the algorithm operates
was established.

4. Simulations of di erent scenarios:
Multiple simulations were performed to explore the algorithm and achieve sat-
isfactory results under varying conditions. Factors such as obstacle avoidance,
precise navigation, and adaptability to environmental changes were considered.

5. Rig tests and simulation on a boat simulator:
Rig tests were conducted to validate the algorithm's performance in a sim-
ulated boat environment under controlled conditions. A boat simulator was
used to test the algorithm's response time and accuracy, emulating real-world
scenarios.

6. Real-world tests based on viable simulation results:
When the simulations yielded promising results, real-world boat tests were
conducted.
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Theory

The following chapter introduces the theoretical framework essential for the research
presented in this thesis. The chapter comprises three parts. Firstly relevant path-
planning algorithms critical to the eld of automation are presented/described. The
second part introduces the basics and necessary building stones of a model predictive
controller (MPC). In the third part, relevant software architecture used for solving
optimization problems is also introduced.

2.1 Path planning algorithms

Path planning algorithms and trajectory planning are essential parts of the eld
of automation. Path planning consists of generating a geometric path between an
initial point and a nal point, focusing only on the spatial aspects of the journey [7].
The trajectory planning algorithm consists of assigning a time law to the geomet-
ric path [8], taking aspects such as velocity and acceleration into account. These
sections focus on a deeper understanding of di erent algorithms aiming to uncover
their limitations and applications within the eld of automation.

2.1.1 Dijkstra algorithm

Dijkstra's algorithm is a widely used algorithm for path planning formulated by
computer scientist Edsger W. Dijkstra in 1956 and published in 1959 [1]. The
algorithm nds the shortest path from a single source vertex to all other vertices in
a weighted graph. The traditional Dijkstra algorithm searches for the shortest path
in the order of an increasing path length. The basic idea behind it is to nd the
shortest path from a node to a destination node in a map with a single source [9].
How the Dijkstra algorithm searches for the optimum path is shown in Figure 2.2.
The pseudocode for Dijkstra's algorithm follows the structure in Appendix A.2.

A drawback of the Dijkstra algorithm is that it solves the single shortest path
problem for a graph with only non-negative edge path costs. It is impossible to pass
a path if a graph contains negative edges which may result in inaccurate results [1].

2.1.2 A* algorithm

The A* algorithm is one of the most widely used path- nding algorithms in com-
puter science, originally formulated by Peter Hart et al. in 1968 [11]. A* is an
informed search algorithm, meaning it uses heuristic information to guide its search
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2. Theory

(a) Dijkstra algorithm without obstacles. (b) Dijkstra algorithm with obstacles.
From: Introduction to A*[10] From: Introduction to A*[10]

Figure 2.1: The Dijkstra search algorithm mapping out a path from the start node
(red) to the end node (purple), visited nodes are in colors unvisited in gray.
From: Introduction to A*[10]

process towards the goal. Unlike uninformed search algorithms like Dijkstra's algo-
rithm, A* selects which path to explore rst, leading to a signi cant improvement

in e ciency [1]. The algorithm works by having a priority queue of nodes yet to be
explored. At each interaction step, the algorithm selects the node with the lowest
combined cost of the path from the start node and the heuristic estimate of the
distance to the goal; this cost is calculated using the formula 2.1 [11].

f(n) = g(n) + h(n) (2.1)

g(n) is the cost of the path from the start node to node n and h(n) is the heuristic
estimate of the distance from node n to the goal. How the A* algorithm searches
for the optimum path is shown in Figure 2.2. The pseudocode for the A* algorithm
is formulated in Appendix A.1.

2.1.3 Dynamic window approach

The dynamic window approach (DWA) is a local reactive avoidance technique that
works within the velocity space [12]. The method describes an object's, often a
robot's, trajectory through a sequence of circular and straight-line arcs showcased
in Figure 2.3.

8
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(a) A* algorithm without obstacles. (b) A* algorithm with obstacles.
From: Introduction to A*[10] From: Introduction to A*[10]

Figure 2.2: The A* search algorithm mapping out a path from the start node (red)
to the end node (purple), visited nodes are in colors and unvisited are in gray.
From: Introduction to A*[10]

Figure 2.3: Example of the local reactive avoidance technique employed by DWA.
An MPC-controlled robot with a trajectory including all the evaluated options.
From: A convergent dynamic window approach to obstacle avoidance[13] .

The search space is constrained by the kinematic and dynamic constraints of the
robot, focusing on a speci ¢ range of velocities centered around the current velocity
vector (v¢; We). Where (v¢; W) are the robot's current linear velocity and angular
velocity. The range is reachable within the next sampling interval t, which de nes
the dynamic windowVy of possible reachable velocities, as described in equation 2.2.

Vag=f(v;1)jv2[ve Vp tivet+t vy tJAT 21+ 1+ 1, tlg (2.2

Here v, and v, represent the maximal translation acceleration and deceleration,
while w, and w, represents the maximal rotational acceleration and deceleration.
Vy is described as safe if the robot can stop along the trajectory de ned by it before
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encountering any obstacles. To ensure a possible and fast reactive response, the
dynamic window approach focuses exclusively on the rst sampling interval, assum-
ing constant velocities for the remaining intervals [12]. This reduction simpli es
the search space to a two-dimensional set of velocity tuplég;w). The setV, of
acceptable velocities can be calculated according to equation 2.3 [12].

Va=f(v;!)] q2min(V;!)VbAquin(V;!)!bg (2.3)

The term in (V; W) represents the distance to the closest obstacle on the corre-
sponding curvature.

2.2 Model Predictive Control

Model Predictive Control (MPC) is a control technique in which the current control
action is obtained by solving, at each sampling instance, a nite, open-loop, optimal
control problem [14]. The fundamental idea behind MPC is built upon the concept
of optimal control. The basic idea is to use a dynamic model to predict system
behavior and optimize the prediction to provide the optimal decision - the control
action at the current time [15]. The model of the system is hence of high importance
when using MPC since the optimal control depends on the initial state of the dy-
namic system. A second concept of MPC is therefore to use past measurements to
estimate the most likely initial state of the system. This involves examining records
of past data and integrating them with the system model to solve the state estima-
tion problem and identify the most likely value of the state at any given time. In
summary, both the control problem where predictions of a model are used to deter-
mine the optimal control action and the state estimation problem where past data
is used to estimate an optimal state value involves dynamic models and optimization.

The core of MPC can be summarized as threceding horizon ideavhich follows the
steps:
1. At time instant k, predict the process response over a nite prediction horizon
N. This response will depend on the sequence of future control inputs over
the control horizon,M .

2. Choose the control sequence that minimizes a set of cost functions, i.e., which
gives the best performance in terms of a speci ed objective.

3. Apply the rst element of the control sequence, the current control action, to
the process, discard the rest of the sequence, and return to step 1.

The key ingredients of formulating MPC involve an internal model describing the
processes and disturbances of a system, an estimator/predictor to determine the
evolution of the state, and an objective/criterion to express the desired system
behavior. It also contains an optimization algorithm to determine future control
actions and the receding horizon principle explained above [16]. In the following
subsections, each of these parts will be studied further.

10
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2.2.1 Dynamic models

Employing MPC for trajectory generation for autonomous vehicles starts by devel-
oping a dynamic model of vehicle motion. Dynamic models build on di erential
equation models,

(:i)t( = f(x;u;t)
y = h(x;u;t) @9
X(to) = Xo

wherex 2 R" is the state. u 2 R" is the input, y 2 RP is the output, andt 2 R"

Is the time [15]. The initial value for the system,Xxg, is specied by the values of
the state x at the time t = to. The emphasis for dynamic modeling of the motion
of a vehicle will be on discrete-time state space models, but these often originate
from continuous-time models of a process, which may be obtained by linearizing an
originally non-linear model.

2.2.1.1 Discretization methods

In most MPC formulations the system dynamics are given in continuous time in
the form of the di erential equations presented in 2.4. However, when searching for
solutions to engineering problems the controller will, in practice, almost always be
implemented through a digital computer by sampling the variables of the system
and transmitting the control action to the system at discrete time steps. Hence,
discretizing the continuous time model to a discrete-time model is a necessary step
to take [17]. There are multiple methods for discretizing a continuous time model,
a more simple method is the rst-order Euler forward integration method

Xk+1 = X+t F(Xg;uk); k=0;:::;N (2.5)

whereuy, = u(ty), starting from the initial conditions Xo. The larger the time step

t is, the higher the deviation from the true model trajectoryx(t). Hence, to cap-
ture the true model dynamics of the system and get a reasonable accuracy a shorter
time step is necessary, which would increase the optimization problem’'s complex-
ity. The numerical stability is also an aspect to consider when choosing a reliable
integration method. For the Euler scheme, by having a time step, t that is too
large, there is a possibility that any error will be ampli ed during each iteration,
meaning that after some time the value ok, might become unstable and hence
also meaningless. In other words, the explicit Euler scheme will deliver an unstable
simulation when the time step t is too large [18].

A more widely used method of integration is Runge Kutta 4 (RK4). The RK4
method can be viewed as a predictor-corrector method as it rst predicts a value in
the mid-point and then corrects it to a better estimate at the next step. RK4 is a
popular fourth-order method and involves four steps to advance fromto n+1. For
the same step size t, RK4 is more e cient and accurate than the Euler scheme [18].
RK4 is a commonly used method as the trade-o between computational complexity
(CPU time) and accuracy is preferable. The RK4 method has four stages and the
integration order of the scheme is four [19]. The method is formulated as
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X4
Xge1 = X+ 1 i (2.6)
i=1
where
1= F(Xi; u(te)
t t
2= f (et = pulte+ =)
(2.7)
=1 (et 52Ut )
3 k 2 2 2
a=F(xe+ tau(te+ 1))
and 1 1 1 1
= - =2 .=+ .=z 2.
1 6’ 2 3, 3 3a 4 6 ( 8)
The fully assembled RK step is then formulated as
1 1 1 1
Xke1 = X t61+§2+§3+64 (2.9)

2.2.2 Problem formulation

MPC is a control method in which the next control action is obtained by solving
online, at each sampling instant, a nite horizon optimal control problem (OCP)
where the current state of the plant is the initial state of the system. The OCP,
P; (x), is de ned by

minJ (x;u(?))

u()

st. x = f (x;u); x(0) = Xo (2.10)
(X(t);u(t)) 2 Zforallt2 R o

whereJ; is the objective function or the cost function de ned by
VA 1
Ji1 (x;u(y) = . “(x(t); u(t))dt (2.11)

in which x(t) and u(t) satis esx = f (x; u). The cost function quanti es the system's
performance and typically includes terms related to the control objective such as
tracking set points, deviations from desired states, minimizing control e orts, and
constraints. Solving this optimization problem yields a nite control sequence and
the rst control action in this sequence is applied to the plant [15], i.e., only the
control action computed for the rst time step is implemented and the remainder of
the solution is discarded. After this, the time horizon is shifted and a new open-loop
optimal control is found for the next time horizon. The process is repeated every
time step, which is why MPC also sometimes is referred to as receding horizon
control (RHC) [6]. When there exists a solution to this problem it is denoted by
ud ( ;x) and the resulting optimal value function byV_ (x).

As mentioned in 2.2.1.1 it is favorable to replace the continuous time di erential
equation with a discrete-time di erence equation when searching for solutions to
engineering problems. The discretization for both the state space equations and
the objective de ned in 2.10 can be made using both methods described in 2.2.1.1.
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However, a general expression for the control of a constrained time-invariant system
Is described by the nonlinear di erence equation

x*=f(xu) f:X U! X (2.12)

As mentioned previously, another key ingredient in formulating MPC is the con-
struction of an estimator to determine the evolution of the state [16],[15]. However,
for the purpose of this thesis, a state estimator is not of the essence as the focus of
the MPC lies on trajectory tracking. Hence the concept of de ning a state estimator

in an MPC is not further investigated.

2.2.3 Nonlinear Model Predictive Control

MPC is an optimal control strategy incorporating cost functions to nd the optimal
open-loop controller over a nite horizon. In nonlinear model predictive control
(NMPC), a nonlinear mathematical plant is added to the cost functions to nd
the optimal control sequence that minimizes the resulting cost while satisfying any
constraints [6]. NMPC extends the concept of MPC to handle nonlinear systems and
uses nonlinear models, which can include time-varying parameters, for prediction
and optimization. Unlike MPC, the constraints on the states and control inputs
can be nonlinear, which allows for more accurate handling of system limitations.
NMPC involves solving an OCP over a nite prediction horizon, however, unlike
MPC, these problems are necessarily not convex, and as a result, NMPC can be
computationally more expensive [20].

2.2.4 Obstacle avoidance techniques

There are various methods available for solving obstacle avoidance in MPC. These
methods di er in their robustness, computational complexity, and suitability for
speci c scenarios. Not all methods will be covered but a selected few that seems
suitable for the marine environment.

2.2.4.1 The repulsive potential function

The repulsive potential functionPy acts as a penalty term that discourages an MPC-
controlled point from approaching a singularity point too closely. The potential
function is typically de ned in terms of the controlled point's position(x;y) and the
position (Xo;Yo) of the obstacle and is given by the equation 2.13 [6].

1

(X X0)2+(y Yo)?+
Here, is a small positive number introduced to avoid singularity issues whemi; y)
and (Xo;Yo) are getting too close. The value of determines the strength of the
penalty; a smaller value of results in a stronger penalty, while a larger value of
results in a weaker penalty. For linear obstacles, an approach presented by Abbas
et al. [6] is to nd the nearest point on the obstacle's line to the current position
(x;y) and treat this point as the reference poin{Xo;Yyo) for the repulsive potential
function Py. Similar methods can be applied to other shapes.

Py = (2.13)
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2.2.4.2 Dynamic hyperplane

The Dynamic Hyperplane Method aims to separate two convex sets by dividing each
set into a separate halfplane de ned by a hyperplane, according to equation 2.14[21].

H(; )=fs2RVj *s= g (2.14)

Where s is a point in space, is the normal vector and is an o set. By taking
two convex setsV; and V, described by a polygon with the pointsV = [py; p2:::pa]”
and Vi \ V; = ? then the dynamic hyperplane method de nes two halfplanes that
separate the two sets according to 2.15 - 2.17[21].

H (; )=fVi2RYNej >V g (2.15)
H*(; )=fWw2RYNej >V, g (2.16)
a2 R V) >k k>0 (2.17)

By adding the oset as a decision variable to the existing decision variables in
the OPC; the condition to separate the two sets from colliding holds if the OPC
can nd a hyperplane for each iteration. As seen by the showcase in Figure 2.4, by
setting this condition as a constraint or a cost with a high penalty weight the OPC
will be forced to nd a solution that satis es the dynamic hyperplane; navigating
the controlled object in a collision-free path [21].

Figure 2.4: A showcase where a controlled object depicted in blue for an increasing
iteration, avoids an object depicted in red and its corresponding dynamic hyperplane,
depicted in magenta.

From: E cient optimization-based trajectory planning [21].

2.3 Software architecture

In this section, the concept of an MPC solver is introduced. An MPC solver is a type
of optimization tool designed to solve complex control problems. It formulates and
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solves optimization problems in real time, making predictions of a dynamic system
based on a mathematical model. Notably, there are several open-source MPC solvers
available, each with unique strengths and weaknesses. For this study, two optimizers
have been investigated: OpEn and IPOPT.

2.3.1 OpEn

OpEn is an open-source optimization engine designed speci cally for dynamic, real-
time, optimization in various applications, including robotic systems, autonomous
vehicles, and unmanned aerial vehicles (UAVS) [22]. OpEn sets up the following
optimization problem to minimize the given objective function while satisfying the
speci ed constraints,

P(p) : Minimize u2 R"
subject to f (u;p)
u2 U

Fi(uip) 2 C

(2.18)

whereu 2 R"™ represents the vector of decision variables of the problem, ap@ R"»

Is a vector of parametersf; : R™ R"™ I R™ js a smooth mapping andC is a
closed convex set.

OpEn utilizes the Proximal Averaged Newton-Type Method (PANOC) for solving
parametric nonconvex optimization problems [22]. PANOC is a line-search method
that combines forward-backward iterations with fast Newton-type steps over the
forward-backward envelope, which helps in shaping and directing the optimization
process, ensuring convergence towards a solution while e ciently handling the con-
straints and objectives of the optimization problem [23].

When the code has been formulated in Python (or Matlab) OpEn will use a code
generation tool to create Rust code to increase e ciency and make it more robust.
Many potential runtime errors are caught at compile time, due to Rust's strict type
system and borrow checker, leading to more robust and reliable code

A drawback of using OpEn is when the Rust code has been generated and later
called, the number of parameters is set. This hinders the amount of obstacle param-
eters the OpEn solver can handle which could cause problems in an obstacle- lled
environment.

2.3.2 IPOPT

IPOPT (Interior Point OPTimizer) is a widely used optimization solver which is
included with the CasADI symbolic framework installation. IPOPT is used for
optimizing problems shown in 2.19.

minimize f (x)
subjectto g 9(X) Qu (2.19)
XL X Xy
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X represents the optimization variablesf (x) is the objective function, andg(x) is
the general nonlinear constraints. The boundsg,, gy, X, and xy represent the
lower and upper bounds for the constraints and variables, respectively [24].
IPOPT employs an interior point line search Iter method to nd a local solution
to the nonlinear problem. This method combines primal-dual interior point tech-
nigues with a lIter line search to handle both equality and inequality constraints
e ectively [24].

2.3.3 Solver comparison

Comparing the two solvers one main di erence is the pre-set number of parameters
in PANOC a problem that IPOPT doesn't have. But as the solver will be used in
real-time with a dynamic environment the solver time will be the main factor for
which optimizer to be used. A runtime comparison between IPOPT, PANOC, and
another solver called SNOPT (Sparse Nonlinear OPTimizer), was made in the paper
"A Penalty Method Based Approach for Autonomous Navigation using Nonlinear
Model Predictive Control" [25].

Figure 2.5: Solver-time comparison between IPOPT, PANOC, and SNOPT
from: A Penalty Method-Based Approach for Autonomous Navigation using Non-
linear Model Predictive Control. [25]

The runtime comparison shown in Figure 2.5 clearly shows that the OpEn PANOC
has a solver runtime that is faster than IPOPT by a factor around roughlyl(?.
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Methods

This section details the approach taken to develop, implement, and evaluate the
autonomous docking system. Which is composed of the implemented path planner,
the design of the trajectory planner, and the simulation environments used for test-
ing. It provides an overview of the techniques and processes employed to create a
robust and reliable system for autonomous docking.

3.1 Path planning algorithm

To maintain the algorithm's speed and predictability, the A* search algorithm was
chosen over Dijkstra's algorithm and the dynamic window approach. A* o ered a
more e cient search strategy by incorporating heuristic information to guide the
search towards the goal, resulting in faster path nding while ensuring optimality.
The path planner implemented is an already constructed path planner from the
ExtremityPath nder library in Python [26]. The path planner navigates environ-
ments represented by polygons, applying a visibility graph optimized for shortest
path nding. The environment for the ExtremityPath nder was set up by using a
boundary polygonP and obstacle polygon€;. To allow the ExtremityPath nder

to distinguish between boundary and obstacle polygons, the boundary polygon was
oriented counter-clockwise, and the obstacles were oriented clockwise. The polygons
were also de ned to meet ExtremityPath nder's requirements:

The polygons can not self-intersect.
Must not have consecutive identical vertices.
The polygons must consist of at least three vertices.

The polygons were then stored in the following arrays.

P = f(X1;y1); (X2;1¥2): -0 (Xni Yn) 0 (3.1)
Oi = f(X1;:y1); (X2:¥2); 2175 (Xm3 Ym) G (3.2)
boundary_coordinates= P (3.3)
obstacles= fO1;O,;:::; Ok (3.4)

The ExtremityPath nder then proceeded by constructing a visibility graph G. This
graph connected all vertices that could directly see each other.
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(a) All visible vertices from the starting (b) All visible vertices from the obstacle's
node. bottom left vertices.

Figure 3.1: Vertices seen from a) starting node and b) obstacle's bottom left vertex.
Figures 3.1a and 3.1b show what the visibility graph sees from the starting node

and one of the obstacle's vertex. This was done on all vertices and each connection
g; was weighted by an Euclidean distancd(i; | ) between the vertices; and v,

q
di;j)= i Xx)2+(yi V)?

To compute the shortest path, the ExtremityPath nder temporarily extends its
structure to include the start and goal nodes. Visibility checks were performed
from these nodes to existing graph nodes. If either the start or goal node had no
visible connections, the path was deemed impossible. The A* algorithm was then
employed to nd the shortest path in the visibility graph G, by using a heuristic
based on Euclidean distance to prioritize nodes during the search, equation 2.1. If a
path was found, the sequence of nodes (including the start and goal) was translated
back into coordinate points and returned, and the total path lengti. was computed
according to

L = 1d(vi;vi+1): (3.5)

i=1

3.2 Trajectory planning using model predictive
control

In MPC, a cost function is essential to quantify the performance of the control actions
over a prediction horizon. The cost functions designed for a speci ¢ system guide the
optimization process to determine the control action that minimizes costs, ensuring
that the system behaves as desired. The nal optimization problem integrates all
cost functions into a single objective function, where the goal is to minimize this
function subject to constraints and dynamics that ensure the boat's safe and e cient
navigation.
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The following section outlines the method for formulating the optimization prob-
lem within the MPC framework for an autonomous docking system with obstacle
avoidance. The approach involves the development of a kinematic model describing
the vessel's motion, the formulation of appropriate cost functions for various objec-
tives, and the integration of these elements with set constraints of the system to a
comprehensive optimization problem.

3.2.1 \Vessel model

The rst step towards using MPC for trajectory generation and obstacle avoidance
for an autonomous boat involves developing a model of the boat's motion. A rst
strategy for this was to model the motion of the boat in the 2D plane by assuming
that the boat's motion acts on a plane surface, i.e., neglecting roll and pitch. This
means that the motion of the boat is assumed to be constant relative to the water
surface. Environmental forces such as wind, waves, and currents are neglected when
developing the model in the 2D plane. Although these factors may signi cantly
a ect the boat's motion in the real world, this simpli cation reduces the complexity

of the model while still capturing the essential aspects of the boat's motion. For
this thesis, the model of the boat is assumed to be purely kinematic, meaning that
the motion of the boat is described without considering the forces and torques that
cause this motion. The model only focuses on the geometry of the motion, and
by doing so, ideal conditions can be assumed by neglecting friction, drag, or other
forces.

The motion of the marine vessel is represented by the pose vector

h i
= Xy 2R? S (3.6)
which also represents the states of the system and the velocity vector
h is
=uvr 2R (3.7)

i.e., the control inputs of the systems. Herdgx;y) represents the position of the
vessel in the earth- xed reference frame, represents the orientation around the
z-axis, the yaw angle,(u;v) represents the body- xed linear velocities, surge, and
sway, andr is the yaw rate, see Figure 3.2.

Using these notations, a 3-DOF kinematic vessel model can be described as

_=R() (3.8)
whereR () is the rotational matrix given by
2 _ 3
cos( ) sin() O

R( )= Qsin( ) cos() 05 : (3.9)
0 0 1

The nal kinematic model is given by
2
ucos( ) vsin(

_=R() = ﬁusin( ) + vcos( )g: (3.10)
r
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Figure 3.2: Varibles used to describe the motion of a boat in the horizontal plane.
(x;y) - boat position coordinates,(u; V) - linear body xed velocities (surge, sway)
- yaw angle,r - yaw rate.

3.2.2 Collision avoidance

To ensure safe maneuvering while driving toward the docking position, a safe colli-
sion avoidance technique is of high importance, both for avoiding static and dynamic
obstacles but also for staying within the harbor environment.

To ensure a safe distance between the boat and the obstacles or the environment's
boundaries, padding was added to each obstacle and boundary, see Figure 3.3.

The padded obstacle is then used as the real obstacle when planning the path and
trajectory of the boat. The distance from the boat to each obstacle is calculated
from the boat's center to the edges of each padded obstacle. This means that the
size of the padding is determined by the longest distance from the center of the boat
to the edge of the boat to ensure that the padding is large enough to avoid collision
when driving close to an obstacle, see Figure 3.4a. However, to ensure that the least
amount of drivable space gets removed by padding, two extra reference points were
added to the boat according to Figure 3.4b, to minimize the size of the padding.
There is a possibility to add more reference points depending on the size of the boat
and to minimize the padding further. However, to minimize the computation time

it is more suitable to have as few reference points as possible such that the padding
covers the entire boat while also removing the least amount of drivable space. For
this thesis, three reference points were deemed suitable.
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Figure 3.3: Example of environment displaying padding of obstacle and boundary.

3.2.2.1 Static obstacles & boundaries

Obstacles can be interpreted in many di erent ways but are, in this thesis, modeled
as convex polygons with a maximum of four vertices. Each polygon obstacle is
represented by a set of half-spaces R? according to

Ho=fp2 R*:bym alnp> 0, m2 Nywig (3.11)

where each vectol,.,, and scalarb,.,, de nes a half-space and the constrainH,
represents the intersection of these half-spaces. In this expression, M de nes the
number of inequalities forming the polygon, i.e., one inequality for each half-space,
n denotes the n-th obstacle, angb represents a point in the two-dimensional space
with coordinates(x; y) which is the position of the boat. The constrainH,, is de ned

as the collection of pointsp such that the condition hp.m = by a}m p > 0 holds

for the nite set of M inequalities. Hence, for a pointp to not be inside an obstacle,

p 2 H,, constraint 3.12 must hold.

W
8n 2 Nunoy  [Pam (P)]5 = (3.12)

m=1

Based on this constraint, a soft obstacle avoidance cost with penal@o is de ned
according to

Wo

Jo(p) = Qo [ham (P)]? (3.13)

n=1 m=1
meaning that if, a point p is inside an obstacle such as in Figure 3.5, the cap
will increase.
Since additional reference points were added to the boat to minimize the padding of
each obstacle, these points were also used when calculating the obstacle avoidance
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(a) One reference point. (b) Three reference points.

Figure 3.4: Example of how reference points added at the center of the boat are
used for collision avoidance to minimize the size of the padding of each obstacle.
The radius R of the red circles represents the size of the padding.

cost. This means the nal obstacle avoidance cost will be the sum of the cost for all
three points.

X3
Jo= Jo(pi) (3.14)

i=1
For the MPC, a boundary region is also de ned as the region in which the docking
procedure will take place, i.e., the boundary of the harbor environment. Meaning
that the boat should always stay inside the boundaries when in autonomous docking
mode. The boundary region is also de ned as a convex polygon with four vertices,
hence the boundary constraint and cost are de ned similarly to the constraint and
cost for the static obstacle avoidance but in the opposite way. For a poinpt in the
boat to inside all Mg half-spaces of the boundary region constraint 3.15 must hold.

o
[hm(p)]* =0 (3.15)
=1

m

The cost for the boat being outside the boundaries can then be formulated as

M
Je(P)= Qs [ha(P)? (3.16)
=1

m=

meaning that if, a point p in the boat is outside the boundary region, the cosi o
will increase with a scale of the penalty weighQg. Similar to the static obstacle
avoidance cost, the cost of being outside of the boundaries is calculated for all
reference points in the boat, giving the nal cost as

X3
Jg = JB(pi): (317)

i=1
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Figure 3.5: Example of when the costl o will increase. The red dots represent the
three reference points aligned at the boat's center, if one or more reference points
are inside the padded obstacle, the cost will increase.

3.2.2.2 Dynamic obstacles

Incorporating dynamic obstacle avoidance in the MPC is crucial for ensuring safe
navigation in dynamic environments, such as busy harbors. Dynamic obstacles,
similar to static obstacles, can be modeled using various methods. In this thesis, they
are represented as ellipses due to the simplicity of their mathematical representation,
making them easy to incorporate into optimization problems and hence favorable in
the context of optimization in autonomous systems.

The ellipse is de ned as the implicit function

h iy
ep)= 1 (p C)E(p o, (3.18)

where p is the current position, (x;y) and c is the center of the ellipse. E is
a positive-de nitive matrix that encodes the shape and orientation of the ellipse
according to

#

1
E=R() & Cl) R() (3.19)
0 %
with semi-major axisa, semi-minor axisb, rotation angle , and whereR( ) is the
rotation matrix " #
_coy ) sin()
R()= sin( ) cog ): (3.20)

This de nition is made to facilitate the integration of a cost function for obstacle
avoidance. To ensure safe navigation in a busy harbor with dynamic obstacles, the
cost function is de ned to penalize the states of the boat that are too close or inside
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a dynamic obstacle. By using the implicit function 3.18, the cost can be formulated
as

Xo h in
Jo(P)= Qo 1 (p C)E(p 0, (3.21)
n=1
whereNp is the number of dynamic obstacles anf]? denotes the non-negative part
of the expression, ensuring that only values less than one contribute to the cost.
As for the static obstacles and boundaries, the dynamic obstacle avoidance cost is
calculated for all three reference points in the boat, giving a nal cost

X3
Jo= Jp(pi): (3.22)

i=1

3.2.3 Reference path

To make sure that the boat follows the predetermined reference path given by the
path planner, the deviation from this path can be penalized using a soft cost function
in the MPC. This cost can be formulated in several ways, for example by penalizing
the di erence between the boat's current position to the nearest waypoint on the
reference path or by using a cross-track error (CTE) which is the method used in
this thesis. CTE is chosen since it directly measures the lateral deviation from the
reference path, simplifying the cost function by enhancing precision and stability.
The CTE is de ned to minimize the deviation of the boat from the desired reference
path. The cost function with penalty Qcre IS given by

Jere(P)= Qere min(kp s1 t(sz s1) KO (3.23)

where p is the current position of the boat in the two-dimensional space with co-
ordinates (x;y). Unlike the collision avoidance costs, only the current position of
the boat, i.e., the reference boat at the center of the boat is used for the CTE,
and s, represents two consecutive points on the reference path atfds the optimal
interpolation parameter along the line segment betwees; and s, that minimizes
the perpendicular distance to the boat's position. To ndt?the projection of the
point p onto the line segment betwees; and s, was rst computed according to

p= (p s1) (52 s1)
k S S k2 +

(3.24)

where is a small value to avoid dividing by zero. To nd thet that minimizes the
distance on the segmentf is projected back to[0; 1] using t” = min(max( £, 0); 1).
The perpendicular distance fronp to the line segment, i.e. the minimum distance, is
then computed asd = s;+ t?°(s, s;) p and the cross-track error cost is calculated
as 3.23 with a penalty weight ofQcre .

In summary, the CTE is calculated by iterating through the waypoints on the ref-
erence path, projecting the boat's position onto each path segment, and nding the
minimum squared distance to any segment. An example of this can be viewed in
Figure 3.6. This distance is then used to compute cost, which is weighted by the
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penalty Qcte. This will ensure that the boat stays close to the desired reference
path, minimizing the CTE.

Figure 3.6: Example image of how the cross-track error is de ned.

3.2.4 Control action & initial acceleration

To follow the given path with smooth behaviors, the objective function is de ned by
several cost functions as explained in the sections above. To ensure smooth transi-
tions cost functions penalizing the deviations from the original trajectory, deviating
from the original velocity and acceleration is necessary. Deviations from the original
trajectory are handled with the cross-track error as explained in 3.2.3. Deviations
from the original velocity can be penalized by adding a cost to the control actions.
The parameters that the MPC controls are the motions that the marine vessel is
capable of exhibiting in multiple directions, surge (u), sway (v), and yaw rate (r).
To ensure safe and comfortable maneuvering, a reference control input is sent to
the MPC to ensure that the boat will keep the desired velocities at each instance.
For this to happen, a cost function for the control action is designed to penalize
deviations from the reference control input. This makes the controller follow a
desired control trajectory closely. The control action cost with penalty weight and
horizon N is de ned by

J =rk ~k k kz; k 2 N[O;N 1] (325)
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where is the control input, [u;v;r]”, and ~ is the reference input,[t; ¥ H, i.e.,
the desired control action the system aims to follow. The control action cost is cru-
cial for tasks that require precise control, such as trajectory tracking or maintaining
stability. It also helps ensure smooth control actions by penalizing large deviations
from the reference control input.

To follow the given trajectory with smooth behaviors, the objective function is also
de ned by a cost function that penalizes the acceleration:

Ja=Qa k ki « K% K2 Non 1 (3.26)

where  represent the control input at time stepk, and +; represents the control
input at subsequent time stepk +1. Qg is the penalty weight matrix, [Ghy; Gay; G ],
that penalizes the changes in the control inputs, the acceleration, and N is the
prediction horizon. This cost function penalizes changes in control inputs across
three directions, the longitudinal, lateral, and rotational accelerationa,;a,, and
a,, and is essential for providing smooth transitions and reducing abrupt changes in
control inputs.

3.2.5 Final state

Reaching the nal docking position with the right orientation is crucial in a docking
scenario. Hence, a cost function is formulated to ensure the boat reaches its de-
sired docking position with minimal positional and orientation errors. The terminal
positions cost function with penaltiesQy and Q y is given by

JE=Qn (X X)*+(y ¥)® +Q n( £)? (3.27)

where x and y are the current position and is the current orientation (heading
angle) of the boat. The nal state, i.e. the desired terminal position and the de-
sired terminal orientation isx¢, yf, and . Qy is the penalty associated with the
positional deviation andQ 5 with the nal orientation deviation and by appropri-
ately tuning these weights, one can balance the importance of the positional and
orientation accuracy to the requirements of the control task.

3.2.6 Perioritizing forward drive

A marine vessel is capable of exhibiting motion in multiple directions, including
longitudinal (surge), lateral (sway), and rotational (yaw) movements. This encom-
passes forward and backward propulsion, lateral translation, and rotation around
its vertical axis. To ensure a comfortable and safe drive toward the docking po-
sition and before the docking procedure starts, forward or backward propulsion is
preferred, i.e., motion in the longitudinal direction (surge). To make sure that this
movement is prioritized before the docking procedure starts, a cost functiod,, is
designed to ensure that the vessel minimizes lateral acceleration, which in turn pri-
oritizes forward drive stability and smoothness. The cost function can be expressed
as
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2
J=Q &=Q,
whereQ, is the penalty weight determining the importance of minimizing the lateral
acceleration,a, is the lateral acceleration which is based on the change in control
input over a given time step, i.e. the current control input in the lateral direction,
the lateral velocity vk at time step k, and the previous control input in the lateral
direction v, ; at time stepk 1. t is the time step between the current and
previous control input. By penalizing the lateral acceleration, the control strategy
encourages the boat to maintain a straight and stable trajectory, enhancing both
control and safety.

(3.28)

3.2.7 Optimization problem

The objective function is the overall cost function to be minimized and will include
the terms described in sections 3.2.2-3.2.6. Besides the de nition of the objective
function for the optimization problem, a set of hard constraints for the system is
also necessary to de ne the optimization problem. These constraints include the
vessel dynamics, the maximum and minimum velocities of the vessel, and the initial
and nal state of the system, i.e., the start and docking position.

The complete optimization problem with the objective function and constraints is
formulated as:

lj( 1
min [J0+JB+JD+JCTE+J +JA+J|:+JV] (329&)
O:N 1 g
s.t. 8k 2 N[O;N 1] (329b)
t
kel = k+€( 112 2+2 3+ 4) (3.29¢)
with 1= f( & (3.29d)
t
2 = f( k + 7 1, k+%) (3296)
t
3=f( k+ - 5 k+%) (3.29f)
a= (kg k) (3.299)
and f( ; )= R( ) (3.29h)
0= nitial 5 N = final (3.29i)
min max - (3-29j)

3.3 Environment setup

For simulations, two di erent environments were used and the OpEn solver was
selected for its fast computational time, shown in Figure 2.5. One environment was
implemented in Python, where all data was con ned within the Python simulations.
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The other environment was implemented in Unity, controlled by a proportional
controller in a twin Electronic Vessel Control (EVC) installation rig. The twin EVC
installation rig is an external rig used to steer and simulate a vessel's operations. In
the Unity environment, the data was not con ned to the Python simulation but was
instead read and sent via CAN buses between the twin EVC installation rig and the
connected computer.

3.3.1 Simulation in Python environment

To achieve an accurate environment representation, the Python environment was
mapped based on the simulation environment created in Unity. This Unity environ-
ment is itself a simpli ed model of the real test harbor at Krossholmen, depicted in
Figure 3.7.

(@) From: Google maps. Image ovenb) lllustration of the harbor in Unity en-
Krossholmen harbor. vironment.

Figure 3.7: Harbor comparison between a) actual harbor at Krossholmen and b)
Unity.

Since the Unity environment consists of convex blocks, the corners of these blocks
were translated into polygons within the Python environment, while trying to keep

a 1:1 scale. This process was accomplished using the Python Matplotlib library.
Figure 3.8 shows the Python environment mapped out after the simulation harbor
in Unity. The negative o set is to keep the same position relative to the harbor in
Unity's environment.

3.3.1.1 Python environment - MPC connection

In the Python environment, simulations maintained a one-to-one connection with
the MPC in and output. Where the vessel's next position and orientation are directly
based on the MPC's output. The updated state is then the next input to the MPC
model as seen in Figure 3.9.
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Figure 3.8: Mapped-out replica after the Unity's simulation environment.

Figure 3.9: Block scheme of Python environment

The loop in 3.9 is continued until the current state has reached the nal state, in
other words, the docking position.

3.3.2 Simulation in Unity

The simulations in Unity had a more realistic setup, with both the vessel and en-
vironment dynamically modeled to behave similarly to a real vessel in water. The
Unity simulations were interfaced with a twin EVC installation rig which in turn had
CPAC's Assisted docking program integrated, which controlled the vessel's states.
As the twin EVC installation rig operated using latitude and longitude coordinates
and the MPC utilized cartesian coordinates, any data exchanged between the twin
EVC installation rig and the MPC was converted with the equations 3.30 - 3.33.
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1
lat = lat o + % 180 (3.30)
!
X 180
long = lon + — 3.31
g Oref RCOSQ&tref ﬁ)) ( )
X =(long longs) 180 R cos(at e @) (3.32)
y=(lat latys) 180 R (3.33)

In Equations 3.30 - 3.33at,es and long,s are the reference latitude and longitude
values, used as xed points for converting between Cartesian coordinates and geo-
graphic coordinates. R is the radius of the Earth in meters.

The communication between the MPC and twin EVC installation rig was made
over a CAN bus, which was e ective but may round o small data and lead to
data loss during bit conversion. To address this issue a rounding sum was added
to the conversion equation to preserve the accuracy of small values when data was
transmitted over CAN. The conversion equation is shown in the equation 3.34.

scale

bitdata = (data scale o set)+sgn(data scale o set) (3.34)

In the equation, 3.34 data represents the value to be converted and transmitted over
CAN. Scale and o set are parameters to ensure proper conversion, and sgn is used
to determine a value's positive/negative sign.

The rounding conversation was needed due to the twin EVC installation rig operated
with a proportional controller, which minimized the error between the set and the
actual state. Precise control was needed in an obstacle- lled environment where
small vessel movements were necessary for safe navigation. The converted values
were then sent over the CAN bus as shown in Figure 3.10.
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Figure 3.10: CAN bus architecture for sending MPC data. Read from right to left
and state values are separated by colors.

The values sent over the CAN bus are from the top down in Figure 3.10, and each
set point value is represented in that order in table 3.1 below. Zero indicates the
current value of the vessel and one is the next value.

Table 3.1: Setpoint values for the states and control signals sent over the CAN-bus.
0 indicates the current state and control signal of the boat and 1 indicates the next
optimum value of the state and control signal.

LatSetPoint0
LongSetPoint0
HeadingSetPoint0
LatSpeedSetPoint0
LongSpeedSetPoint(
YawRateSetPoint0
LatSetPointl
LongSetPointl
HeadingSetPointl
LatSpeedSetPointl
LongSpeedSetPointl
YawRateSetPointl

3.3.2.1 Unity environment - MPC connection

A distinction from the Python simulations was that the MPC did not maintain a
one-to-one connection. The input state to the MPC was the actual state of the
simulated vessel, read via CAN bus, see Figure 3.11. The optimal state derived
from the MPC output did not directly move the current state of the vessel to the set
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