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Resumo

Os Veiculos Auténomos de Superficie (ASVs) sdo veiculos concebidos para operacdes maritimas
como recolha de dados, reabastecimento e monitorizagdo ambiental. Mas atracar um ASV € uma
tarefa desafiante porque os ambientes marinhos sdo muito dindmicos e imprevisiveis devido as
perturbagdes muito comuns de ondas, correntes e obstdculos. Este trabalho aborda estes desafios
através da exploracdo e implementacao de um Modelo Preditivo de Controlo (MPC) optimizada
para atracagem de ASVs.

O MPC € uma técnica de controlo emergente capaz de lidar com restricdes multivaridveis e
optimizacao de sistemas em tempo real.

O foco deste trabalho envolve a concep¢do e implementacdo de um modelo matematico de
um ASV real, controlado por um algoritmo MPC também concebido e implementado. Para testar
o sistema, foi entendido que era necessario um cendrio mais complexo, pelo que, embora nao
tenha sido inicialmente planeado, foi também desenvolvido um sistema de orientagdo bem como
um planeador de trajectéria global de forma a controlar o sistema em situagdes mais complexas.
Para simulagdo, foi implementado um ambiente virtual com perturbacdes de ondas, correntes e
obstaculos dinamicos. O sistema foi testado em 3 casos distintos com complexidade crescente
, avaliando métricas como erro de posicionamento, tempo de atracagem, consumo energético e
capacidade de respeitar restri¢des.

Os resultados demonstram que o controlador MPC desenvolvido, com a inovadora capacidade
de incorporar o desvio de obstdculos, a consegue realizar manobras de atracagem com elevada
precisdo mesmo na presenca de ruido nos sensores, respeitando sempre as restricdes fisicas do
sistema. Este projeto visa contribuir para os avangos dos sistemas maritimos auténomos através
da melhoria da precisdo, robustez e eficiéncia operacional das manobras de atracagem de ASVs.



Abstract

Autonomous Surface Vehicles (ASVs) are vehicles designed for maritime operations such as data
collection, refueling, and environmental monitoring. However, docking an ASV is a challenging
task, as marine environments are highly dynamic and unpredictable due to frequent disturbances
from waves, currents, and obstacles. This work addresses these challenges through the exploration
and implementation of a Model Predictive Control (MPC) strategy optimized for ASV docking.

MPC is an emerging control technique capable of handling multivariable constraints and real-
time system optimization.

The focus of this work involves the design and implementation of a mathematical model of a
real ASV, controlled by an MPC algorithm that was also developed and implemented. To properly
test the system, it was determined that a more complex scenario was required. Therefore, although
not initially planned, a guidance system as well as a global trajectory planner were also developed
to enable control of the system under more complex conditions. For simulation purposes, a virtual
environment was implemented that included disturbances from waves, currents, and dynamic ob-
stacles. The system was tested under three distinct scenarios of increasing complexity, evaluating
metrics such as positioning error, docking time, energy consumption, and constraint compliance.

The results demonstrate that the developed MPC controller, with its innovative capability to
incorporate obstacle avoidance, is able to perform docking maneuvers with high precision even in
the presence of sensor noise, while consistently respecting the physical constraints of the system.
This project aims to contribute to the advancement of autonomous maritime systems by improving
the accuracy, robustness, and operational efficiency of ASV docking maneuvers.
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Chapter 1

Introduction

Over the past decade, the world has been undergoing profound alterations, especially in maritime
environments. With climate shifts, coastal regions have been facing rising sea levels [5] and en-
vironmental regulations are becoming stricter, creating the need for more sustainable practices in
ocean environments and continuous monitoring of marine ecosystems. Offshore infrastructures
and industries are also changing [12], expanding into deeper and harsher waters, demanding 24/7
capabilities with reduced human exposure. In parallel, the very recent heightened investments in
defense and the urgency for humanitarian assistance have also pressured automation in remote and
dangerous environments and accelerated the need for intelligent autonomous systems.

At the same time, advancements in sensing, computing, and robotics have opened new pos-
sibilities for how the systems interact with and monitor the environment, setting the stage for
Autonomous Surface Vehicles (ASVs) to be a pivotal technology for this transformation.

ASVs are crucial to perform tasks like water pollution monitoring, ocean data collection,
remote infrastructure inspections [7], serve defense and surveillance missions, or even serve as
communication relays as these are often in cooperation with other vehicles such as autonomous
underwater vehicles (AUVs) [59] or unmanned aerial vehicles (AAVs). All achieved without the
need for human intervention, reducing risk and complexity, and this is possible due to their abil-
ity to operate continuously, for very extended periods, in often complex environments, keeping
flexibility and precision.

Among the many challenges that ASVs face to complete such missions, docking stands out as
a critical one, being transversal to all types of operations.

Docking is a high-precision task that requires the ASV to navigate in close proximity to static
structures under the influence of dynamic environmental forces such as wind, currents, and waves.

For these reasons, research on this topic has been growing in recent years, with big interest
in intelligent systems capable of adapting to changing environments and constrained, complex

scenarios.
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1.1 Motivation

Docking is a high-precision task that requires the ASV to navigate in close proximity to static
structures under the influence of dynamic environmental forces such as wind, currents, and waves.

Autonomous docking is a key enabler of long-term ASV operations, since it allows critical
operations such as battery recharging, data offloading, and equipment transfer without human in-
tervention. These capabilities are essential for the transition from supervised to fully autonomous
maritime operations.

In practical terms, the success of autonomous maritime missions often is defined on whether
docking can be performed accurately and safely under uncertain and dynamic conditions, or not,
as ASVs are expected to operate in increasingly demanding scenarios.

However, docking remains one of the most complex operations for marine robots due to the
combined effects of unpredictable ocean conditions and the need for fine-tuned control near phys-
ical obstacles. Failing to dock accurately can result in mission failure, equipment damage, or even
environmental harm.

Achieving robust docking could leverage future development in maritime missions, paving the

path for further research on this, and all the interconnected topics.

1.2 Objectives

Ensuring robust docking is not only vital for mission continuity, but also for enabling long-
duration, multi-stage operations, reducing reliance on human intervention.

This project seeks to explore the existing strategies and methods for ASV docking, and develop
solutions that tackle the unique challenges of marine operations and autonomous systems with
the main focus being on guidance and control (GNC), as these are the most critical section of
these operations. There were also taken into account algorithms that account for environmental
disturbances such as ASV dynamics, integrated within the system, static obstacle avoidance, and,
in the end tests were conducted to evaluate the performance across various scenarios. This project
is intended to be used in INESCTEC’s ZARCO 1.1 ASV.

Figure 1.1: ZARCO ASV
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For validation,it was used a near-real simulated model. The docking is set to be made in ’Ma-
rina de Lega da Palmeira’ 1.2 where ZARCO is currently standing, so a near-real representation

of this harbor was also developed in order to achieve a realistic simulation.

Figure 1.2: Marina de Leca da Palmeira

This dissertation addresses the pressing need for reliable and autonomous docking strategies
by exploring control strategies and methods that can operate effectively amidst environmental un-
certainty, system constraints, and limited onboard computational resources. By focusing on this
critical capability, this work aims to serve as a foundation for further advancements in intelli-
gent maritime autonomy and to contribute to the broader development of fully autonomous ASV

systems.

1.3 Document Structure

In addition to the introduction, this dissertation contains 5 more chapters.

Chapter 2 presents the state of the art of this field and validates it with a concise literature
review, from where different ideas for the development of the project were taken. The different
approaches were also discussed in order to understand which methodologies could result in a better
solution with exciting and robust results.

In the third chapter 3, all the methodologies used and developed to achieve the final solution
were exposed and explained. It starts by giving a context on the overall system framework and
information flow, and then it proceeds to expand on all the mentioned topics. From mathematical
modeling to higher layer systems such as map building and global planning to the lower level
systems, Guidance and Control, which are the core of this work. It is also mentioned how the
simulation was created for validation and the tools used for every process ?? of the project.

Once explained how the system works, chapter 4 provides validation of the work through

simulation results and metrics, all of which are explained.
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Finally, chapter 5 provides a brief conclusion on the achieved results. It mentions the positives
and negatives aspects of the work and concludes by mentioning at could be improved, how it could

be improved and other possible features that a future work could add.



Chapter 2

Background and Literature Review

Docking is a critical operation in marine environments, as it serves as the transition point for all
kinds of resources between the sea and the land. It is a complex maneuver that requires precise
control and extra safety due to tight spaces in the berth and the presence of various obstacles, such
as piers, other vessels, and mooring equipment.

Environmental disturbances such as wind, currents and waves, and flow patterns like tidal vari-
ation can also significantly impact the ASV’s stability and docking precision requiring advanced
guidance and control systems to ensure accurate positioning and avoid collisions.

Unlike traditional vessels, ASVs rely entirely on onboard algorithms for control, making pre-
cise and reliable docking highly dependent on the performance of the control system.

The process usually includes using sensor data in real-time, like LIDAR, sonar, and cameras,
to find the berth and environment nearby. Along with algorithms for planning paths and avoiding
obstacles, the ASV changes its movements to match the docking target. Being precise is very
important to guarantee smooth transfer operations, whether it is about loading or unloading cargo,
moving scientific equipment, or recharging ASV batteries. For this, real-time computation is
needed.

This chapter aims to provide an essential foundation for understanding the context, challenges,
and technical framework surrounding this research. Beginning with the analysis of what au-
tonomous surface vehicles are, how they are modeled, and what their main applications are in

the diverse real-world scenarios. Then a brief introduction

2.1 Dynamics modelling for ocean vehicles

The dynamic behavior and control strategies for marine vessels are more complex than those
in terrestrial environments, primarily due to the continuous influence of external forces such as
waves, wind, and currents, significantly influencing the control strategies for ASVs. In reality,
ships and marine vehicles operate along six degrees of freedom (DOF), including surge, sway,
heave, roll, pitch, and yaw. The motion control of marine vehicles is considered, with an emphasis

on the nonlinear dynamics and environmental disturbances.
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Marine dynamics involve modeling the forces and moments acting on a marine vehicle, such
as a ship or underwater vehicle, to predict its motion. These dynamics are described by a set of
nonlinear differential equations that account for hydrodynamic forces, added mass, damping, and
control inputs (e.g., thrusters). Guidance and Control of Ocean Vehicles by Thor Fossen (1994)
[16] provides an essential framework for understanding these dynamics and their implications on
control systems. Fossen’s work emphasizes the role of hydrodynamic effects such as added mass,
damping and restoring forces. These factors create challenges in achieving precise control, espe-
cially in docking, where high stability is essential for the ASVs safety and performance. Today,
there is a widely accepted equation (2.1) to model the dynamics of marine vehicles. However, even
though a "consensual" equation exists at a starting point, ocean vehicle dynamics are complex and

adaptations are often needed to accurately represent the behavior of each specific vehicle.
Mv+C(v)v+D(v)v+g(n)=r1 2.1
* M: inertia matrix including the added mass.
 v: vector of velocities in the body-fixed frame.
* C(v): coriolis and centripetal matrix.
* D(v): damping matrix.
* g(n): gravitational and buoyancy forces.
* 7: vector of control inputs (forces and moments).

Recently, neural network-based approaches have also been employed to approximate marine
vehicle dynamics[24], offering the capability to capture complex nonlinear behaviors that conven-

tional physics-based models may oversimplify. .

2.2 Global planning

Global Planning is a crucial step for point-to-point navigation in obstacle dense environments. It
involves the formulation of optimal trajectories and paths ASVs from a start to a goal position, con-
sidering the presence of static obstacles within the operational marine environment. Approaches
to global planning can be essentially classified into four categories: graph-based, sampling-based,
potential field, and artificial intelligence (AI)-based methods. Each category presents unique ad-

vantages and limitations that must be considered depending on the operational scenario.

2.2.1 Path Planning
Graph-Based Approaches

Graph-based path planning methods discretize the navigation environment into grids, lattices,

or interconnected nodes, forming graphs that represent feasible states and possible transitions.
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Among the earliest and most influential graph search methods is Dijkstra’s algorithm [11], which
systematically explores paths from a start node to all reachable nodes, guaranteeing optimal so-
lutions by consistently selecting nodes with the lowest cumulative cost. Although robust and
optimal, Dijkstra’s approach explores paths uniformly in all directions, potentially causing unnec-
essary computational overhead, particularly in large environments.

To address this inefficiency, the A* algorithm, introduced by Hart et al. [23], enhances Di-
jkstra’s method by incorporating heuristic guidance. A* evaluates nodes based on the function
f(n) = g(n) + h(n), where g(n) is the cumulative cost from the start node to node n, and h(n)
is a heuristic estimate of the remaining cost to reach the goal. This heuristic-driven approach
significantly accelerates convergence to the optimal path, particularly in structured environments.

However, the fundamental assumption of static environments limits A*’s effectiveness in
highly dynamic and uncertain maritime settings. This limitation has led to the development of
dynamic variants, such as D* (Dynamic A*) 2.1 proposed by Stentz [52], and the Anytime Re-
pairing A* (ARA*) introduced by Koenig and Likhachev [34], which are specifically designed for

real-time replanning under evolving environmental conditions.
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(a) Initial map. (b) Best path with door opened. (c) Best path with closed door.

Figure 2.1: D* algorithm grid planning. Each cell displays three values: the current cost estimate
from the start node g(), the heuristic estimate to the goal node k(), and the backpointer b(), indi-
cating the previous cell from which the current cell was reached.

Unlike static algorithms such as A*, D* continually recalculates paths whenever new obsta-
cles (gray cells) are encountered or known paths become blocked. The path highlighted by the
bold black line represents the optimal route recalculated in response to newly detected obstacles.
This adaptive feature allows D* to efficiently and robustly guide navigation in environments with

changing conditions and uncertain information.

Sampling-Based Approaches

Sampling-based planning algorithms address motion planning problems by avoiding the discretiza-

tion of the configuration space. Instead, they rely on random sampling to incrementally explore

'Images Source: University of Zagreb’s Faculty of Electrical Engineering and Computing (FER) slides from the
’ Autonomous Mobile Robots’ course.
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feasible paths from start to goal. This approach is particularly advantageous in high-dimensional
and complex environments.

One of the earliest and most well-known methods in this family is the Probabilistic Roadmap
(PRM), introduced by Kavraki et al. [29]. PRMs operate in two phases: a preprocessing phase,
where a roadmap is built by randomly sampling collision-free configurations and connecting them
using local planners; and a query phase, where the start and goal positions are connected to the
roadmap to extract a valid path. This could make them suitable for ASV operations in structured
or semi-structured maritime spaces such as ports or offshore facilities. However, PRMs typically
require prior knowledge of the environment and struggle with real-time adaptability in dynamic
contexts.

In contrast, Rapidly-exploring Random Trees (RRT), introduced by LaValle [35], are single-
query planners that grow a tree rooted at the start configuration by iteratively sampling the space
and connecting the sample to the nearest existing node in the tree 2.2. The RRT excels at explor-
ing large and high-dimensional configuration spaces, making it a natural fit for ASV missions in
cluttered or partially known environments. Its exploratory bias enables it to quickly find feasible
paths, even in non-convex domains. However, RRT does not guarantee path optimality and often

produces jagged or inefficient trajectories.

Figure 2.2: One iteration of the RRT algorithm, where gnew becomes the next node in the tree.”

To overcome these limitations, RRT* was proposed by Karaman and Frazzoli [28], extending
RRT with an rewiring procedure. Instead of simply connecting a new sample to its nearest neigh-
bor, RRT* evaluates a neighborhood of nearby nodes to minimize the total path cost to each node,
not just the immediate edge cost to the nearest neighbor2.3. This allows the tree to evolve over
time toward increasingly optimal solutions. As the number of samples increases, RRT* guaran-
tees convergence to the optimal path, making it a robust choice for time-sensitive missions with

performance constraints.

2Image source: Carnegie Mellon University: Link to slides.


https://www.cs.cmu.edu/~maxim/classes/robotplanning_sp19/lectures/RRT_16350_sp19.pdf
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(b)

Figure 2.3: RRT* rewiring step illustration[26]

Beyond their classical formulations, both PRM and RRT families have been extended to ac-
count for dynamic constraints, sensor uncertainty, and dynamic obstacle avoidance, enabling their
use in real-time ASV deployments. Variants such as Kinodynamic RRT[62] or PRM* incorporate
motion dynamics or probabilistic guarantees, making them suitable for more realistic modeling
of marine vehicles with bounded control inputs and nonholonomic constraints. Methods trying to
accelerate the convergence of these algorithms, such as Bidirectional RRT* or approaches com-
bining the strength of sampling-based planners with the power of optimal planning (2.2.1) are also

being a big topic of research in recent years [63, 64].

Artificial Potential Field and AI-Based Approaches

Another variant of path planning algorithms are Artificial Potential Field (APF) planners. First
introduced by in 1986 by Khatib [32], these simulate a artificial field through attractive and repul-
sive forces that guide the robot towards the desired goal. In these methods, goal exerts a attractive
force while obstacles exert repulsive forces. The robot follows the gradient descent of this field to

reach the target while avoiding obstacles 2.4.
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Figure 2.4: Quiver plot of robot navigation using simple potential field. In Red, the robot path from
start (bottom left) to end (upper right) position. Blue arrows show the potential field, repulsive
around the obstacle and attractive towards goal *
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These are very useful due to its ease of implementation but has a big limitation which is that it
may fall in local minima for convex problems, not achieving the most optimized solution.

Hao et al, suggest a improvement on the APF method to reduce its limitations [22] but adap-
tations like that are often complex and may require extra computational power.

The most common approach to tackle this problem are Navigation Functions 2.5. Introduced
by Rimon and Koditschek in 1992, [48] Navigation Functions suggest a local minima free solution
for artificial potential fields, defined by a function which has an unique minimum at goal and max

value near obstacle boundaries 2.2.

[ — x|

(|l —xgl | + B (x)) /¢

0(x) = 2.2)

Here, x is the robot’s position, x, is the goal position, (x) is a function representing the
influence of obstacles, and k is a tuning parameter. The resulting is a scalar field that guides the

robot through gradient descent toward the goal while avoiding obstacles as seen in the figure 2.5.

Repulsive Potential Whole Potential

Attractive Potential

(a) (b) (c)

Figure 2.5: APF Navigation Function Slope Map *

This method has further been applied in modern solutions, although it has the limitation of
bounding the map as a circle, which makes their application harder as it becomes complex to
generalize.

Logunov et al. [39] extends APF method by combining polygon extraction techniques with
adaptive repulsive force assignment, adding semantic context to obstacles. In marine navigation
scenarios, for example, obstacles like buoys may generate less repulsive influence compared to
structures like walls due to its less risk associated semantic.

The research on Al approaches have been also increasing, for example, in [54] an approach
using Deep Reinforcement Learning is tested for path planning. The results obtained are interest-
ing but the number of training iterations may have a big variation depending on the initial pose

and the tuning parameters.

3Image source: Boston University Website.

4Image source: Carnegie Mellon University, Qatar branch - Link to slides.


https://sites.bu.edu/msl/research/coordinated-aggressive-control-of-aerial-vehicles/
https://sites.bu.edu/msl/research/coordinated-aggressive-control-of-aerial-vehicles/
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2.2.2 Path smoothing

Path finding algorithms often deliver jagged linear paths , which are not optimal, due to very tight
and regular changes of direction. Although these paths are feasible to avoid obstacles, they are
generally not optimal for smooth control execution. Rough paths can lead to unstable control
commands, higher actuator stress and poor precision.

To mitigate these problems, smoothing techniques often using interpolation or approximation
curves, are often applied as a post-processing step, after the path finding algorithm. These tech-
niques, refine the original trajectory, making them feasible and smooth for control.

Among the most common methods are spline-based approaches, heuristic-based smoothing,
and optimization-driven techniques.

Spline approaches such as Bézier curves, introduced by Pierre Bézier [3] and B-splines, intro-
duced by Schoenberg [49] in 1946, use approximation curves to smooth the reference trajectory
and generate smooth trajectories with continuous curvature profiles, suitable for efficient and sta-
ble control, although, due to their nature, these do not guarantee that the curve will pass through
all the trajectory points. On the other hand, cubic spline, formalized by Ahlberg et al. [1], are
specific types of interpolation curves, which although possibly not as smooth, these curves always
pass through all the trajectory points, making them useful for tight, very constrained scenarios.

Figure 2.6 shows a comparison of some of the mentioned smoothing techniques with sample

control points, created for the purpose of the comparison.

6 @ Control Points
— Bézier Curve
—— Cubic Spline
— B-Spline
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Figure 2.6: Smoothing methods comparison with sample control points

Path finding and post-processing with smoothing algorithms is often used in robotics and make
a crucial combination for precise control for all types of robots that require motion, wether these
are vehicles [50] or robotic arms in 2 or 3 dimensional space.

After getting a smoothed path, feasible for navigation, it’s necessary to use them in control, in

order to obtain the desired behavior from the robot.
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2.3 Guidance and Control

Marine vehicle control strategies can be broadly categorized into guidance and control. Guidance
involves determining a desired path or set of waypoints for the ASV to follow while control focuses
on making real-time adjustments to keep the ASV with the desired behavior 2.7. Control strategies
must adapt to external disturbances and uncertainties, particularly in docking scenarios where

proximity to other vessels or structures requires extremely accurate maneuvering.

reference state—| Control —
L

Path —| Guidance Navigation

—

Figure 2.7: Simplified flow diagram for guidance and control

In this project, the focus is more on control, especially for the docking application of an ASV,
but there is also a focus on guidance, important for extra safe and accurate positioning in a dynamic
marine environment. Guidance can also be used for sensor integration, processing the inputs from
the sensors, but that topic is not going to be discussed with further detail due to not being in the

range of topics of the dissertation.

2.3.1 Guidance
Trajectory Tracking

Trajectory following control approaches are generally used when time is critical with time-constrained
control, as these follow a time-parameterized path, meaning both position and timing are pre-
scribed. The objective is to match both the desired position and velocity (and possibly accelera-
tion) at every instant.

Works with trajectory tracking applications of ASVs are adopting MPC [71] since it allows
for the incorporation of future trajectory predictions into the control strategy, enabling a fast re-
sponse to environmental changes [68]. Methods using MPC sound really promising, especially
when compared to traditional methods, for example, the PID which used to be the most used for
trajectory following. Malouche & Bouani (2017) conducted a study comparing the performance
of constrained MPC with a Multiple Input Multiple Output adaptive PID regulator for trajectory
tracking [41], showing that the MPC outperforms the PID in terms of handling constraints and

optimizing trajectories in real-time applications.

Path Following and Target Tracking

Everyday path following approaches are being tested in all types of autonomous vehicles, includ-
ing for ASV docking. In path following methods the controller is never concerned with time as

it only tries to follow a spatial path 2.8. The objective with path following is to stay on the path,
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regardless of how fast or slow you go, with the main focus usually being to minimize the deviation

from the path (lateral or positional error), often quantified as cross-track error [36].

% N Pa(S2) I
pd(ss)\_/

(a) trajectory tracking (b) path following

Figure 2.8: Trajectory tracking vs. Path following [49]

Some articles differ path following from target tracking with the difference being that in target
following methods, instead of only trying to minimize cross-track error and keeping a constant
speed, these try to follow a virtual, ahead of the path, target, effectively guiding the vehicles
through smooth turns. Common techniques such as Line of Sight (LOS), Pure Pursuit (PP) or
Constant Bearing (CB) belong to this category, with LOS methods, in particular, being known for
their robustness, due to being the only ones that take into consideration the distance from the path
making them popular in marine vehicle implementations. They define a "lookahead" point along
the reference line, and with the control generally aiming towards minimizing the heading to the
target but sometimes also aiming to minimize distance to that target instead of heading 2.9. In
example, [67] suggest an LOS approach using well-known L1 method for 3D UAV path following
while in [17] a an integral LOS approach control for UVs with adaptive compensation for drift

forces is suggested.

(x:r-.Ll ’y:'r—l )

north
T—- east

Figure 2.9: Line-of-Sight (LOS) guidance principle. The vehicle at position (x},y”) steers toward
a lookahead point (x7, ;,y7, ;) on the desired path. The LOS angle v is calculated based on the
relative position between the vehicle and the lookahead point, while A represents the lookahead

distance and 7, denotes the along-track distance. [27]
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2.3.2 Control

Control refers to the process of managing the robot’s actuators, and so its behavior, in order for
it to autonomously achieve the desired objectives such as moving to a target position, following
a trajectory, avoiding obstacles, or even maintaining its stability. Control techniques have been
used across all different applications for autonomous systems, from controlling the navigation of
autonomous vehicles in all types of environments to precise control of industrial manipulators
or even in controlling power, voltage, and current in energy systems. For the purpose of this
dissertation, the focus will be on control for navigation

There are two main types of control :

* Open Loop Control: The controller has no feedback. The robot executes pre-difined com-
mands, assuming everything about the robot and the environment is the same and was known

when designing the controller [57].

* Closed Loop Control: Operates with feedback 2.10. Sensors are integrated and used to
monitor the environment, and the controller dynamically adjusts its actuation based on this
information [58] [65].

. 1 Yy
Controller ) Plant

Sensors |«

Figure 2.10: Closed Loop Control System Principals [47]

Proportional Integrative and Derivative (PID) control remains one of the simplest and most
used techniques in marine applications 2.11. Silva etAl, [51] describe the utility of PID con-
trollers in ASVs for stable motion and control under various conditions. Also, [69] proposes
the design of an adaptive PID controller to cope with dynamic changes in the operational envi-
ronment, such as water currents and wind, improving the performance of the vessel. Interesting
approaches like optimized self-adaptive PID speed control for autonomous vehicles to deal with
the nonlinearities and disturbances were suggested. Kebbati [30] tested, in 2021, a method that
takes advantage of Genetic Algorithms(GA) and Neural Networks(NN) to optimize PID gains,
concluding that although GA-PID shows smoother responses, Neural Networks are more robust
against disturbances.

Sliding mode control (SMC) is another control technique that has been applied to ASVs [13].
This control technique is usually useful for tasks with precise objectives like trajectory tracking

[25] it has issues, for example, the chattering phenomenon which happens when the control signal
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Figure 2.11: PID Control System Diagram [4]

oscillates rapidly around the sliding surface affecting control and stability, and less cost-efficient
solutions have to be applied.

In contrast, optimal control techniques like the MPC may not be as well suited for very specific
objectives but provides continuous control signals that are less prone to oscillations and is better to
deal with more complex tasks, allowing to incorporate diverse constraints without compromising
the robustness of the system.

MPC is an advanced control strategy that has gained significant popularity in recent years,
especially in fields requiring high performance and adaptive control, such as autonomous vehicles
[19, 55], robotic manipulators [10] or even in power systems [6]. MPC operates by predicting
the future behavior of a system over a specified time horizon, using a dynamic model of the
system to optimize control actions 2.12. Unlike traditional control methods that respond to current
states, MPC proactively calculates an optimal sequence of control actions by solving a constrained

optimization problem at each control step, that always takes into consideration system restrictions.

Artificial Intelligence (AI) or Machine Learning (ML) methods, especially reinforcement learn-
ing (RL), deep reinforcement learning (DRL) and neural networks, are also becoming more sig-
nificant in control systems, including marine vehicles. Al-based controllers work amounts of data
to learn optimal control strategies and adapt dynamically to environmental uncertainties or system
changes, providing robustness beyond traditional controllers [14, 38]. DRL, in particular, allows
autonomous vehicles to learn efficient control policies through trial-and-error interactions with
their environments, with methods like Particle Policy Optimization (PPO) gaining more attention
over the past few years [31]. These approaches show remarkable performance improvements in

complex scenarios with unknown or dynamic conditions.

SImage source link


https://math.stackexchange.com/questions/1098070/model-predictive-control
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Figure 2.12: Illustration of an MPC prediction and control graph with a reference trajectory. After
computing the predicted control sequence (turqoise) only the first input (at k+1) is applied’

Hybrid techniques have also gained relevance in research due to the capability of merging
strengths of control techniques for specific tasks in order to get complex and very robust control
systems. In example, Kebbati [30] tested, in 2021, a method that takes advantage of Genetic Algo-
rithms(GA) and Neural Networks(NN) to optimize PID gains, concluding that although GA-PID
shows smoother responses, Neural Networks are more robust against disturbances. Geranmehr &
Vafaee [21], suggests an hybrid adaptive neural network controllers incorporating sliding mode
techniques to improve robustness against uncertainties in vehicle dynamics, respectively. In [20]
a hybrid approach using MPC as a body level controller and SMC as a limb level reference con-
troller is suggested for a multi-legged robot control. On the other hand, Chavez et al. [8] and
ML-MPC hybrid approach suggest combining NN with MPC for station keeping control of an
ASYV achieving faster control execution time and reduced poisition error.

Such hybrid systems show being able to manage complex ASV operations and provide reliable

performance in some scenarios

Optimal Control Problem
Solvers

Optimal control methods like the MPC, rely on solving an optimization problem at each time in
order to compute the optimal control input every time. In control, the objective of solving such
problems is to find a solution in order to try and find the best input for the system.

Typically, the optimization problem is formulated in the form of a ®Cost Function 2.3, where

cost matrices define what we want to prioritize.

7=y (x,T Ox, +u! Ru,) 2.3)

N
t=0

These are also commonly called Objective Functions
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In the given example, it can be seen a quadratic cost function formulation, where Q and R are
the cost matrices and these are usually chosen keeping in mind certain performance criteria like
minimizing deviations from a target state or reducing the energy consumption of the control inputs.
A larger Q would emphasize tighter state regulation, while a larger R would penalize excessive or
aggressive control actions.

Note that, a cost function might not be quadratic, sometimes even being highly nonlinear,
and to solve those optimization problems, there are diverse approaches and solutions, all of them
already extensively tested which pros and cons were already discussed for each different problem

requirement :

e Quadratic Problem Solvers: Introduced in 1956 by Frank and Wolf [18], these methods
became widely used for optimization problems whose cost function is quadratic and con-
straints are linear 2.3. QP solvers are crucial to solve Linear Quadratic Regulator (LQR)

problems, commonly used in control systems for trajectory tracking optimization.

* Nonlinear Programming (NLP) Solvers: For systems with nonlinear dynamics or non-
quadratic cost functions 2.4, the optimization becomes nonlinear. The (Interior Point Opti-

mization) IPOPT solver is the most commonly used in this context [60].

N
min J(x) = Z@(x,,u,)
o =0
24
subject to:  g(x) =0, 4
h(x) <0

» Nature-inspired solvers: There are different types of nature-inspired optimal control solvers.

A general for such optimization problem is 2.6.

N
J=Y 0(x,u) (2.5)

t=0
min J(x) subject to: xeSs (2.6)

where S is the feasible search space and J(x) 2.5 is the total cost. These have the advantage
of being gradient-free methods, and, contrarily to the other gradient-based methods, the
minimum x is found by testing all the feasible possibilities and understanding which results

in a lower final cost.

Particle Swarm Optimization (PSO) is a social-behavior inspired optimization technique,
where articles cooperate and share information about good solutions through social learning
2.13. It is very good for nonlinear and non-convex optimization problems, see [61], but
it may be computationally very expensive and not output the optimal solution "due to the

limitation of the search space of particles" [9].
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Figure 2.13: Particle Swarm Optimization (PSO) algorithm dynamics for position planning. Each
particle moves from position x} to xé“ with velocity v/ ™! influenced by its personal best solution

i
(presr) and the swarm’s global best solution (gpes;). The dotted lines represent particle memory
influence and swarm influence components. [66]

Another one of this methods is Genetic Algorithm (GA). GAs where the first nature-inspired
methodology and can also be very useful for solving highly nonlinear and complex opti-
mization problems with multiple objectives. These differ fro PSO in the sense that, individ-
ual particles do not ’communicate’, and instead, compete for survival, with only the fittest
passing genes to next generation In the optimization context, context GAs can be used to
optimize trajectories or control inputs in systems, where gradient-based methods fail. It has
the problem of being computationally expensive and seemingly not suitable for real-time
applications such as MPC but with some fine tuning for the specific objective, it’s possi-
ble to overcome this problem. Integration of GAs in conjunction with other optimization

techniques have also been suggested [33].

2.4 Related Work

Over the years, solutions to guidance and control systems for navigation and docking have been
proposed using various methods. Early approaches to ASV docking considered fuzzy control
systems [56], although these required significant computational resources and lacked extensive
testing across diverse docking scenarios, despite showing promising initial results. In contrast,
Lexau et al. [37] suggests using PID with LOS guidance as a GNC approach for docking large
ships under wind and current disturbances.

In recent years optimal-control solutions became the most mentioned topic for navigation and
docking in marine environments, though, nowadays Al methodologies are also being strongly
researched and applied in the field.

Classical path following approaches include Line-of-Sight (LOS) guidance methods, which
represent one of the most fundamental approaches in marine vehicle guidance. Nilsson et al. [44]

suggests using geometric relationships to create a Voronoi diagram with guidance waypoints that
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generate heading commands and taking advantage of MPC frameworks to control the vehicle.
A wide variety of MPC-based approaches have been developed for ASV trajectory tracking and
docking applications, for example, Zheng et al. [70] present both nonlinear MPC (NMPC) and lin-
earized MPC (LMPC) formulations for two-dimensional trajectory tracking of autonomous marine
surface vehicles, demonstrating the effectiveness of MPC in handling constraints and optimizing
trajectories in real-time applications. Their work provides a comprehensive comparison between
nonlinear and linearized approaches, showing computational complexity trade-offs. Martinsen et
al. [42] propose a method for performing autonomous docking using numerical optimal control,
framing the task as a dynamic positioning problem with spatial constraints for collision avoidance.
Their approach presents a complete method for docking, maneuvering, dynamic positioning, and
control allocation, implemented as a real-time MPC-based algorithm, in a very concise approach.
In the article [43], researchers also mention an MPC approach for docking, integrating sensors,
and although the sensors are not in the range of this dissertation, the mentioned guidance and
control techniques were also very useful for the development of this work.

Recent advances in guidance systems for ASV docking include the work by Sun et al. [53],
who developed a novel SARLOS guidance system for berthing control with collision avoidance,
which is a twist in the already suggested . Their approach incorporates control barrier functions
(CBF) to transform collision avoidance with docks into constraints on ship speed and yaw rate,
establishing (QP) formulations to calculate optimized reference signals.

For environments with multiple obstacles, @dven et al. [45] present hybrid methods that ad-
dress docking while avoiding both static and dynamic obstacles. Their approach utilizes com-
putational geometry for partitioning non-convex harbor areas into convex polygons, followed by
search algorithms and numerical optimal control for trajectory planning.

Optimization-based motion planning for marine vessels in complex environments has also
been explored in [2] by Bergman et al., who propose algorithms for automatic computation of
spatial safety envelopes around computed trajectories. Their work addresses the transition from
optimization-based motion planning to optimization-based control for docking operations.

The recent advancements have also been getting attention, with researchers applying these
techniques in autonomous docking. Lgver et al. [40] implemented explainable Al methods for
deep reinforcement learning agents performing automatic docking. Their work addressed the
black-box nature of artificial neural networks by implementing Kernel SHAP, LIME, and Linear
Model Trees to provide explanations for decisions made by the docking agent trained via Proximal
Policy Optimization.

Visual guidance is also a very discussed topic, with techniques rely on visual feedback for high
precision docking. Page et al. [46] noted that visual-based methods generally provide the best
accuracy near docking stations and are therefore suitable for situations where precise localization
is required. Yet environmental factors such as lighting and visibility (which are very common in
marine applications) can affect the effectiveness of visual data and limit its application in some

situations.
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2.5 Summary and Analysis

Since the MPC may already need some computational power the RRT would possibly bring the
most advantage since the its intended to work on a complex and dynamic environment and even
though it may not output the shortest path, but docking problem does not deal with long paths, so
small differences, if they happen, should not be a significant problem.

In this chapter, we exposed and reviewed various guidance and control techniques for ASV
docking. Firstly, it was considered the relative strengths and limitations of classical planning
methods. Graph-based methods like Dijkstra’s and A*, or even more advanced methods like the
D* guarantee optimality in static environments but struggle with real-time changes and had the
requirement of map discretization which creates an extra layer of complexity. Sampling-based
approaches like RRT or PRM on the other hand, don need map discretization but often deliver
suboptimal trajectories although being fast. Then we introduced RRT#*, a twist on the classic RRT
algorithm that improves the quality of the generated trajctories. Then, potential-field planners were
also discussed, appearing as a strong methodology bringing real-time adaptability and smoother
paths, but with the handicap of being possibly stuck in local minima, though the problem already
being partially tackled with the introduction of Navigation Functions.

Then the documentation turned to hybrid schemes that combine real-time trajectory optimiza-
tion with global path generation, and focusing on how the chosen combination addressed com-
putational complexity, environmental disturbances to result in smooth, collision-free docking ma-
neuvers. Guidance algorithms were discussed, with highlight for LOS algorithms, where a vir-
tual look-ahead point is selected on the reference path and the vessel’s heading is continuously
controlled to minimize point-to-point error, wether by heading or position control. Afterwards,
relevant theory was exposed, clearly mentioning the difference between path following, where
progress is tracked, and timing-required trajectory following.

Moving beyond pure path-planning, this chapter dove into classical control techniques (PID
and sliding-mode control) that translate these reference paths into actuator commands: PID is the
most well-known control method for its simplicity and proven stability despite tuning challenges.
Then it was also mentioned SMC which is robust to disturbances but has the cost of possible
chattering.

Finally, optimization-based controllers were introduced, giving more relevance to Model Pre-
dictive Control (MPC) for its powerful handling of multi-variable constraints over a receding hori-
zon. In the context of this topic, it was also mentioned optimal control problem (OCP) solvers,
with highlight to nonlinear solvers, that allow the integration of more complex and realistic sys-
tems, but still with the handicap of possibly falling in local minima solutions and nature-based
solvers, which may solve the local minima solution problem, although harder and more expensive
to compute.

Emerging AI/DRL techniques were also mentioned, as these are able to learn control policies
directly from data and manage how to balance computational load, disturbance rejection, and

control stability, with other possible capabilities yet to be found, but regularly being studied.
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The trend toward hybrid approaches reflects the recognition that no single methodology can
address all challenges inherent in autonomous marine operations. The integration of path planning
with control systems, environmental disturbance compensation, and real-time constraint handling

has become essential for the practical deployment of autonomous docking systems.



Chapter 3

Homing and Docking Control
Framework for ASVs

The autonomous motion of surface vehicles in maritime environments presents significant chal-
lenges due to the complex nonlinear dynamics, environmental disturbances, and safety-critical
constraints inherent to marine systems. Docking is transversal to all missions where maritime
vessels are used, being not only one of the most important tasks of the mission but also one of the
most meticulous ones due to it’s proximity to obstacles.

MPC has emerged as a paradigmatic approach for handling such multi-objective control prob-
lems with constraints. However, the computational burden associated with NMPC often precludes
real-time implementation, particularly for systems requiring high sampling frequencies.

This paper proposes a sequential linearization MPC (SL-MPC) framework that achieves an ef-
ficient compromise between control performance and computational efficiency. The methodology
systematically linearizes the nonlinear ASV dynamics at each control step, enabling the applica-
tion of a quadratic NLP solver while maintaining adequate fidelity to the underlying nonlinear
system behavior.

This work also understands the limited amount of test possibilities for ASV motion using only
the controller given an initial and a desired state, specially in constrained harbor scenarios so, a
complete GNC pipeline was developed as well as Path Planning and Pre-Planning methodologies,
introducing the homing process (moving for an area close to the desired docking position).

This chapter starts by explaining the complete system architecture, exposing how each sub-
system interconnects. It then proceeds to dive deep into the developed solution for each layer
starting from map decomposition, path planning and map interaction, and ending with the core of

the work, the GNC algorithms achieving a complete functional docking strategy for ASVs.

22
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3.1 System Architecture

3.1.1 Hierarchical System Framework

The autonomous docking system employs a hierarchical control architecture that decomposes the
complex navigation and docking problem into manageable subsystems operating at different tem-
poral and spatial scales. This decomposition follows established principles in autonomous vehicle
control, where high-level strategic decisions are made at slower rates while low-level reactive
control operates at higher frequencies to ensure system responsiveness and safety. The system ar-
chitecture proposed in this work is defined 3 main hierarchical subsystems. Figure 3.1 illustrates
a simplified version of the complete system workflow, showing how these subsystems connect.
Planning Layer: This layer generates collision-free reference trajectories from the vessel’s
current position to the desired docking location. This layer processes harbor map, deconstructing
it into static obstacle constraints, which are then used to produce a sequence of [x,y| coordinates

that connect the initial and last positions through a collision-free path.

* Environmental Mapping Module: This module takes a bird’s eye view image of the harbor
as an input, and processes it, making a realistic binary occupancy map, defining obstacles
(as polygons) and motion allowed areas. It uses Douglas-Peucker Algorithm for vertex
reduction and afterwards it is performed obstacle dilation for safety, to ensure conservative

motion while accounting for vehicle dimensions and positioning uncertainties.

* Artificial Potential Field Module: This module repulsive forces that prevent the vehicle
from hitting static obstacles. It uses distance from polygons to calculate the repulsive force,

which is then used to generate a cost function that penalizes proximity to obstacles.

* Global Path Planning Module: This module generates globally optimal or near-optimal
collision-free paths (sequence of nodes) from arbitrary starting positions to specified dock-

ing locations.

» Path Smoothing Module: This module uses the predefined nodes and creates a continuous

path that passes through all of them using interpolation curves.

GNC Layer: This layer performs real-time trajectory optimization and control command gen-
eration. The guidance module generates a reference state automatically sent to the MPC algorithm,
which continuously solves the finite-horizon optimal control problem to track the reference while

adapting to dynamic conditions and disturbances.

* Guidance Module: Sometimes considered as part of local planning layer, it acts as the
interface between global planning and control. It computes the reference which is then sent

to the controller.

* Model Predictive Control Module: This module is the heart of the system, as it defines in
real-time the best action to take in every different dynamic situation. This module imple-

ments the SL-MPC which performs performs iterative optimization of control sequences,
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and generates thruster commands that minimize tracking errors while respecting physical

constraints.

Motion Layer: This layer represents the pipeline after the output from the control system.
This consists in applying the optimal thruster’s force, given by the MPC and then apply it to the
vehicle in order to induce motion and a consequent new state. in a real-world scenario the ASV
would move and the new state estimations would be calculated and used to feed Guidance and to
serve as new operating point. Since this work focuses on simulation, the real-world ASV motion
is simulated through a realistic function of the vehicle dynamics which, when fed with the control

input, outputs the new state.

Harbor Environment

v

Environmental Mapping

Global Path Planning

v

Guidance System

Reference State \

MPC Controller GNC LAYER
New State
v
Thruster

Dynamics Model MOTION LAYER

Figure 3.1: System Workflow Diagram
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For a better understanding of each layer, from this moment on, this dissertation will follow the

color scheme presented in 3.1 for each Module and subsystem.

- Planning Layer

- Guidance Layer

4 MPC Controller Layer
-1 Motion Layer

3.1.2 Real-Time GNC Loop Architecture

The GNC Layer implements the following sequence at each control iteration:

Reference State Generation: The guidance algorithm provides reference state x; on the
planned trajectory based on the current position of the vehicle. Reference generation includes
look-ahead logic to ensure smooth trajectory following and appropriate approach speeds for dock-
ing maneuvers.

Sequential Linearization: The nonlinear ASV dynamics are linearized around the current
operating point (xo,up), generating time-varying linear models suitable for convex optimization.
This linearization process captures the essential nonlinear characteristics while maintaining com-
putational tractability.

Discretization: The continuous-time linearized dynamics must be converted to discrete-time
form suitable for digital implementation. It allows the MPC algorithm to compute control actions
at discrete sampling instants while maintaining adequate approximation accuracy for the ASV’s
dynamics.

Optimization Problem Formulation: The MPC optimization problem is constructed using
the linearized dynamics, current state measurements, and reference signals. The optimization
variables include the control sequence over the control horizon, while the cost function balances
trajectory tracking, control effort, and constraint satisfaction.

Optimal Control Computation: The optimization problem is solved using interior point
methods implemented through CasADi’s automatic differentiation framework. This step is where
it is possible to add and tune parameters and constraints in order to achieve a good real-time
performance while maintaining convergence guarantees.

Control Implementation: The first element of the optimal control sequence is applied to the
vehicle’s thruster system, while the remaining sequence provides warm-start initialization for the
subsequent optimization iteration.

Figure 3.2 shows the iterative loop that forms the heart of the real-time control system. The
image shows the closed-loop interaction between the MPC controller, the ASV Motion, and the

guidance system, highlighting the GNC Layer, which is the main focus of this work.

Symbolic Model Representation using CasADI: The control system implementation lever-
ages CasADi for symbolic computation and automatic differentiation, enabling efficient gradient-

based optimization while maintaining code clarity and numerical accuracy. Vehicle dynamics, cost
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Figure 3.2: Detailed diagram of the MPC Module with highlight of the GNC subsystem

functions, and constraints are represented symbolically, allowing CasADi to automatically gener-
ate optimized code for function evaluation and derivative computation. This approach eliminates

hand-coded gradients while ensuring numerical accuracy and computational efficiency.

3.1.3 Performance and Safety Considerations

The system architecture incorporates layers of safety mechanisms and performance monitoring to
ensure reliable operation in the challenging marine environment:

Constraint Handling: Physical limitations of the thruster system, maximum approach speeds
are enforced through hard constraints in the MPC formulation. Minimum safe distances from
obstacles can also be enforced through hard constraints, although that could make the optimization
problem too complex and not real-time feasible.

Real-Time Performance Monitoring: Computational timing, convergence metrics, and con-
trol performance indicators are continuously monitored to detect potential system malfunction.

Figure 3.3 shows how the GNC and Motion layers interact for the simulation and therefore,

system monitoring.

l Plot
>
MPC Controller ASV Motion New State |—1—> .

Reference State|

Guidance algorithm [«

Figure 3.3: Guidance, Control, Motion and Plot relations

The main focus of the dissertation lies in the guidance and control system. For simulation,

the nonlinear version of the system dynamics is executed with the optimal control obtained from



3.2 Introduction to MPC 27

the MPC controller and then, the new simulated state is used for both motion visualization, mon-
itorization, and input for the guidance module in order to obtain the closed loop GNC system,

required for the real world system.

3.2 Introduction to MPC

1. Prediction: MPC relies on a mathematical model of the ASV’s dynamics to predict its
future states. In the context of docking, it allows MPC to anticipate how the ASV will

respond to control actions, enabling smoother and safer maneuvers.

2. Optimization : At each control step, an optimization problem is solved to find, for each
thruster, the control inputs that minimize a desired cost function while satisfying system
constraints. This solution is evaluated over a short period, known as the prediction horizon,
to anticipate future states. However, it is only implemented for an even shorter period, called
the control horizon, before being recalculated based on updated sensor data. This approach
allows us to save unnecessary computational power and enables real-time adaptability to

dynamic conditions.

3. Actuation: After the optimization process determines the optimal control inputs, the first
control input from the optimized sequence is applied to the ASV. This step is crucial as
it guides the vessel’s movement toward the docking target, ensuring that the actions taken

align with the predictions made during the optimization phase.

4. Update: Following the execution of the control input, the ASV updates its state estimates
based on the simulated nonlinear dynamics equations. The MPC loop then repeats, recalcu-
lating a new thruster input command, thereby continuously adapting to any changes in the

environment or the ASV’s state.

Figure 3.4 shows a simplified scheme of an general MPC framework . Reference signal guides
the optimizer, which uses a vehicle dynamics model to predict the optimal control actions. These
actions are applied to the plant (ASV), adjusting variables like speed and position based on feed-
back.

The MPC controller represents the core of this system, as every upper layer calculations for
reference signals are done in order to allow a better performance of the controller, thus, better

overall system performance.
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Figure 3.4: MPC generalized scheme

3.3 Mathematical Modeling

3.3.1 Vehicle Dynamics

In modeling an autonomous surface vehicle (ASV) operating in the horizontal plane, the general
approach goes for a balance between capturing the essential physics of 6-DOF motion and reduc-
ing the complexity by neglecting z-axis motion, heave (vertical translation), roll (rotation about the
longitudinal axis), and pitch (rotation about the transverse axis). This reduction yields a 3-DOF
model in surge (forward), sway (sideways), and yaw (rotation about the vertical axis). Below,
there’s a deeper explanation of each component of the model, providing both mathematical form
and physical insight, and setting the stage for model predictive control (MPC) design.

Coordinate Frames and State Definition

For our ASV moving in the horizontal plane, we adopt a 6-DOF body-fixed model(reduced to
planar motion).

Then we defined our full state 3.1, which is the typical formulation for these problems, taking
only into account [x y Y] and the speed information [u v r], since the z-axis information is not
necessary for planar control. Then we obtain the full-state formulation for the problem, as shown

in eqaution 3.3.

X = L (3.1)
v
where 11 and v are :
X u
n = y N V= V] . (3'2)
v r

Thus, the 6-dimensional full-state is:
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* (x,y) are global NED coordinates (m).

29

(3.3)

* v is the yaw angle (rad), measured from true north.

* (u,v) are surge and sway velocities (m/s) in the body frame.

* ris the yaw rate (rad/s), the time derivative of y.

Kinematic Relations

As mentioned, in equations (3.1, 3.2, 3.3), (x,y) are earth-fixed positions, y is heading, and (u, v, r)

are surge, sway, and yaw-rate in the body frame. To understand how the vehicle behaves in the

earth frame we have to map how body-fixed frame relates with earth-fixed frame. This relationship

can be seen in Figure 3.5.

A
¥,
‘,‘ Vi
X v(sway) U (Surge) -~
\'-\ /..v’
\ __./""
rivaw) . — ~
\ ¥ (Orientation)
____________ -
_~ - (x,y) Position
-
A _

0, X

Figure 3.5: Relation between Earth fixed frame (East-North-Down ENU) system with vehicle

Body fixed frame

Kinematics describe how body-frame velocities translate into motion in the inertial frame.

This mapping is accomplished by a rotation matrix J(y) .

cosy —siny 0
J(y)=|siny cosy O (3.4)
0 0 1
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Knowing the rotation matrix we can then define the relation between 71 and v represented the

following equation 3.5

n=Jw)yv, (3.5

This rotation highlights that surge and sway velocities projected into the ENU frame depend

directly on the vessel’s heading. The yaw rate component completes the kinematic description:

v=r.

Dynamics Equations

The dynamic behavior of the ASV in the body-fixed frame is governed by the Newton-Euler

equations, which can be expressed in the compact form:

(Mgp +Ma)V + (Crp(V) +Ca(v)+D(V))v =71 (3.6)

This fundamental equation represents the balance of forces and moments acting on the vessel,
where each term captures distinct physical phenomena that must be carefully modeled for accurate
control design. The total system inertia M, total Coriolis matrix C(v), and the generalized force

vector T are given by:

M = Mpp+ My 3.7
C(v) = Crp(v) +Ca(v) (3.8)
T=TXxu 3.9

where T is the control allocation matrix and u represents the thruster commands.

Inertia Force Components

Rigid-Body Inertia (Mgp)
The rigid-body inertia matrix represents the vessel’s inherent resistance to acceleration due to
its mass distribution and rotational inertia. In the general case, this matrix accounts for the vessel’s

mass m, center of gravity location zg, and moment of inertia /;:

m 0 mzg
Mpp=1| 0 m O (3.10)
mzg 0 I
For the ASV under consideration, with the simplifying assumption that the center of gravity

coincides with the origin of the body-fixed coordinate system (zg = 0), this reduces to:
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Mgp = 3.11)

S o 3
o I o
S~ O O

where:

* m (kg) represents the total vessel mass

e I, (kg) -m? is the moment of inertia about the vertical (yaw) axis
The units indicate: surge and sway inertia in kg; yaw inertia in kg-m?.

Added Mass Effect (My)

Added mass represents the additional inertia experienced due to the acceleration of surround-
ing fluid that moves with the vessel. This phenomenon is particularly significant for marine vehi-
cles operating at the air-water interface, where the vessel must accelerate not only its own mass
but also a volume of water that moves coherently with the hull.

The added mass matrix in its general form is:

X, 0 0
Ma=1|0 —Y -V (3.12)
0 —N; —N;

The units represent: (1,1) surge added mass in kg; (2,2) sway added mass in kg; (3,3) yaw
added inertia in kg-m?; (2,3) and (3,2) sway-yaw coupling in kg-m.

The physical interpretation of each coefficient is:

* X;: Added mass in surge direction due to surge acceleration, representing the water mass

accelerated forward/backward with the vessel

* Y, Added mass in sway direction due to sway acceleration, significantly larger than surge

due to the bluff body characteristics in lateral motion

* N;: Added rotational inertia due to yaw acceleration, accounting for the rotational accelera-

tion of fluid around the vessel

* Y; = N;: Cross-coupling terms between sway velocity and yaw rate, representing the dy-

namic interdependence of lateral and rotational motions

The total system inertia matrix becomes:

M=Mgg+My=| 0 m—Y, —Y | kg kgm, kg-m? (3.13)
0 —N; L —N;



Homing and Docking Control Framework for ASVs 32

Coriolis and Centripetal Force

Rigid-Body Coriolis Matrix (Czz(V))

This matrix captures the non-inertial nature of the body-fixed reference frame. It represents
the Coriolis and centrifugal forces which come from the vessel’s motion in the rotating body-fixed
coordinate frame.

In general form:

0 0 —m(zgr+v)
CRB(V) = 0 0 mu (3~14)
m(zgr+v) —mu 0

For the simplified case where the center of gravity is at the coordinate origin (zg = 0):

0 0 —my
Crg(V)=1]0 0 mu|N (3.15)

my —mu 0

These terms represent:

* —my: Centrifugal force in surge due to sway velocity

* mu: Centrifugal force in sway due to surge velocity

* Cross terms: Coupling between translational and rotational motions

Hydrodynamic Coriolis Effect (C4(Vv))
This matrix represents the Coriolis forces that come from from the added mass effects, essen-

tially the "centrifugal forces" experienced by the accelerated fluid mass:

0 0 Y‘;V+ Yﬂ"
Ca(v) = 0 0 —Xu |N (3.16)
—Y‘;V— Yﬂ’ Xul/t 0

The total Coriolis matrix is then:

0 0 —(m—=Yy)v=Yir
C(V) =Crp(V) +Ca(v) = 0 0 (m—X;)u N  (3.17)
(m—=Yy)v+Yir —(m—Xy)u 0

Hydrodynamic Damping Matrix

The damping matrix D(Vv) represents the velocity-dependent hydrodynamic forces that oppose
the vessel’s motion. For marine vehicles, these forces are predominantly quadratic in velocity,
reflecting the turbulent nature of flow separation at moderate to high Reynolds numbers.

The damping matrix takes the form:
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- u\u\|u| 0 0
Dv)=| 0 =Xyl Yyl (3.18)
0 _Nv\v\|v| _Nr\r\‘r|

The physical significance of each coefficient:

* X,,: Surge drag coefficient, relatively small due to the streamlined hull design in the forward

direction

Y,,: Sway drag coefficient, significantly larger than surge drag due to bluff body effects

when moving sideways
* N, Yaw damping coefficient, providing rotational stability
* Y, = N,,: Cross-coupling terms between sway velocity and yaw rate, representing the com-
plex hydrodynamic interactions during turning maneuvers
Thruster Allocation

The thrust allocation matrix 7 establishes the relationship between individual thruster commands

and the generalized forces and moments applied to the vessel:

T=TxXu (3.19)
where:
Xforce 1 1 0 T
onrce =10 0 —1 I (3.20)
Nuoment . —rr —nr Tunnet

This thrust allocation provides:

* Surge force: Algebraic sum of both bow thrusters (77 + 7»), providing redundancy and

higher maximum thrust capability

* Sway force: Generated exclusively by the tunnel thruster (—T7;,,,1), making lateral posi-

tioning more challenging

* Yaw moment: Created by differential bow thruster operation (0.335(7; — 7»)) combined

with tunnel thruster contribution (—0.37;,e1)

This can then, be compactly expressed as:
Mv+C(v)v+D(v)v=Tu (3.21)

Combined with the kinematic relationship, the complete 6-DOF ASV model is:
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n=J(y)v (3.22)
Mv+C(v)v+D(v)v=Tu (3.23)

This comprehensive dynamic model provides the nonlinear foundation for the sequential lin-
earization approach employed in the MPC implementation, where these complex dynamics are
linearized around successive operating points to enable real-time optimization while preserving

essential model fidelity for trajectory control.

The complete dynamics model, with the identified parameters substituted into each matrix

component, can be seen in Appendix A.

3.3.2 MPC Controller
State-Space Model

The state-space representation provides a unified framework for modeling both linear and nonlin-
ear dynamical systems via first-order differential equations.

In its most general continuous-time form, we write:
x(t) = Ax(t) + Bu(r), (3.24)

y(t) = Cx(t) + Duf(t), (3.25)

where:

* x(t) € R" is the state vector capturing the internal dynamic variables at time z,

* u(t) € R™ is the input (control) vector of external forces or commands,

* y(r) € R? is the output vector, typically a measurable subset or transformation of the state,

* A € R"" is the state matrix, defining autonomous dynamics,

e B € R™™ ig the input matrix, coupling controls into the state,

o C € RP*" is the output matrix, projecting state to outputs,

o D € RP*™ ig the feedthrough or direct-transmission matrix.

Equations 3.24-3.25 form the foundation for modern control design, enabling tools such as
pole placement, observer design, and optimal control formulations While this linear framework
forms the theoretical foundation for much of modern control theory, real-world systems like ma-
rine vehicles exhibit inherently nonlinear behavior that cannot be adequately captured by linear
models. The challenge lies in extending these concepts to handle nonlinear dynamics while main-

taining computational tractability for real-time applications.
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Nonlinear System Dynamics and ASV Modeling

Transitioning from linear to nonlinear systems represents a fundamental shift in both mathemati-
cal complexity and computational requirements. For autonomous surface vehicles, the nonlinear
nature of the dynamics come from a variety of reasons: coupling between translational and ro-
tational motions, the velocity-dependent nature of hydrodynamic forces, and the often complex
interactions between the vehicle and the marine environment.

The general nonlinear state-space representation extends the linear framework by replacing

the linear functions with nonlinear mappings:

x = f(x,u) (3.26)

where f: R” x R — R" is a nonlinear vector function that encapsulates the complete system
dynamics. Unlike the linear case, where system behavior is completely characterized by con-
stant matrices, the nonlinear function f can exhibit complex dependencies on both state and input
variables.

For our autonomous surface vehicle application, the state vector combines position, orienta-
tion, and velocity information 3.3.

The nonlinear function f(x, u) encapsulates the complete physics of marine vehicle motion. As
mentioned in the previous chapter, this includes the kinematic relationships between body-fixed

velocities and earth-fixed position changes.

Sequential Linearization

The sequential linearization approach represents a crucial method for managing the computational
complexity of nonlinear MPC while preserving essential system characteristics. The importance
of this approach is that, while the system may exhibit strong nonlinearities over large regions of
the state space, it can be well-approximated by linear models over the smaller regions traversed
during a single control iteration.

For linearization, the mathematical equation rests on the Taylor series expansion of the nonlin-
ear function around a chosen operating point. For a general nonlinear function f(x,u), the Taylor

series expansion around the point (X, u,(co)) yields:

of of 0) 2 (0) 2
f(x,u) = f(x;u)) + o (x— %) + 5 (u—u)+ &(||x —x¢%, [Ju—u”|?)
¢ aX (kau]((())) au (kauk ) ¢ ¢
(3.27)

The first-order approximation, obtained by neglecting higher-order terms, provides the lin-

earized model:

f(x,u) ~ f(xg, u,(cO)) +Ap(x—x¢) + Br(u— u,(co)) (3.28)

The Jacobian matrices A; and B are fundamental to the linearization process:
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of
A= I c RO%6 (3.29)
X (kau]((O))
of
B, = 3u € RO*3 (3.30)
u (Xk,ll,({ ))

The state Jacobian A characterizes how perturbations in the state variables affect the rate of
change of the system. On the other hand, the input Jacobian B describes the influence of control
inputs in the system behavior.

For the ASV configuration, this matrix reflects the control allocation from individual thruster
forces to generalized forces and moments, modified by the current operating conditions. The
sequential nature of the linearization approach addresses the fundamental limitation of static lin-
earization, which is the degradation of approximation quality as the system evolves away from
the linearization point. To solve this problem, the system is re-linearized at each sampling in-
stant around the current state in order to maintain approximation accuracy while enabling efficient

optimization.

Discretization

The transition from continuous-time system models to discrete-time representations suitable for
digital implementation requires careful consideration of numerical integration methods. The choice
of discretization method impacts both accuracy and computational efficiency, making it a key de-
sign decision in MPC implementation.

The fundamental challenge in discretization lies in accurately representing the continuous-time
dynamics through a discrete-time model that can be efficiently evaluated in numerical optimiza-
tion. For linear systems, exact discretization methods based on matrix exponentials provide the-
oretically perfect representations. However, for nonlinear systems or time-varying linear systems
(as arise in sequential linearization), approximate methods must be employed.

The zero-order hold (ZOH) assumption represents the most common approach for discretiz-
ing control systems. This assumption models the control input as remaining constant over each
sampling interval, which accurately reflects the behavior of digital control systems where control
commands are updated at discrete time instants.

Under the ZOH assumption, the discrete-time equivalent of the linearized continuous-time
system can be derived through integration. For the linearized system x = A;x+ Byu+fy, the exact

discrete-time representation is:

T; T;
Xpp1 = eMxy + </ eA"TdT> Biu; + (/ eA"TdT> fy (3.31)
0 0

While this exact representation is theoretically appealing, the computation of matrix exponen-
tials can be expensive, particularly when performed repeatedly in real-time applications. For the
sampling rates typical in marine vehicle control (10-100 Hz), first-order approximations provide

adequate accuracy with significantly reduced computational cost.
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The first-order (Euler) approximation replaces the matrix exponential with its first-order Taylor

expansion:

A T+ AT, (3.32)

This leads to the discrete-time model:

X1 = Ag Xk + By puy +fo i (3.33)
where:
Agx =T+ T,A (3.34)
By = TiBy (3.35)
f()’k = f(Xk, u/((O)) — Aka — Bklll((m (336)

The affine term f ;. ensures that the discrete-time linear model reproduces the nonlinear dy-
namics in a very precise way at the linearization point, providing consistency between the original
nonlinear system and its discrete-time approximation.

For applications requiring higher accuracy, higher-order integration methods can be employed.
The Runge-Kutta family of methods represents a systematic approach to achieving improved ac-
curacy through multiple function evaluations per time step.

For this work, the fourth-order Runge-Kutta (RK4) method is suggested as it is considered to
have a good balance between accurate system representation and computational speed. It is able to
evaluate the system dynamics at multiple points within each time interval to achieve fourth-order
accuracy 3.6.

For the nonlinear system x = f(x,u), the RK4 method computes:

kl = f(Xk,llk) (337)
T
k; If(Xk—l-Ekl,llk) (3.38)
T
k3 = f(x; + Ekz,uk) (3.39)
ky = f(x; + Tiks, uy) (3.40)
T

Xi+1 :Xk+g(k1+2k2+2k3 +k4) (3.41)
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Figure 3.6: This figure shows the 4 slopes k1, k2, k3 and k4 used to calculate the final solution.
This figure is an adaption of one provided by Flores and Hamid in [15]

This improved accuracy comes at the cost of increased computational complexity, requiring
four function evaluations per time step compared to one for the Euler method, for example. How-
ever, due to the requirements of marine vehicles, which require high precision and fast dynamics,
RK4 method is still justifiable.

Optimization Problem Formulation

The heart of Model Predictive Control lies in the systematic formulation of an optimization prob-
lem that encodes control objectives, system constraints, and performance criteria into a mathemat-
ical framework suitable for numerical solution. The challenge in MPC design is to construct this
optimization problem such that its solution provides control actions that achieve desired system
behavior while respecting physical limitations and safety requirements.

The optimization problem formulation process involves :

* Designing the cost function structure, which encodes the relative importance of different

control objectives

* Formulating the system constraints, which ensure that physical limitations and safety re-

quirements are respected

* Defining prediction and control horizons, which determine the temporal scope of the opti-

mization

Therefore, the structure of the optimization problem begins with the selection of decision
variables. These variables represent the control inputs over the prediction horizon, providing the

optimizer with the degrees of freedom needed to achieve desired system behavior.
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For efficiency, its made a clear distinction between the prediction horizon N and the control
horizon N.. While the system behavior is predicted over N time steps to ensure adequate foresight,
optimization variables are only defined over the shorter control horizon N..

Equation 3.42 represents a general nonlinear OCP formulation where a better representation
of N and Nc distinction can be observed. This approach recognizes that control predictions be-
come increasingly uncertain over longer time horizons, but still provide important information to

incorporate on the problem.

N
ml}n J(U,x0.xa) = Y [" 2 +2f Quc+ ¢ (a)]
k=0

subject to:  xgy1 = f(xk,ux), k=0,1,... N—1
X0 = Xmeasured (3.42)
Umin < U < Umax, k=0,1,...,N.—1
glxp,ur) <0, k=0,1,....N—1
h(xy) <0

The decision variable vector is structured as:

U=[uf,uf,...,uy _,]" e R (3.43)

Beyond the control horizon, the control input is held constant at the final optimized value:

U =uUpN.—1, k:Nc,...,N—l (3.44)

This control horizon implementation provides an important advantage as it reduces the num-
ber of optimization variables, typically providing a three-to-four-fold reduction in problem size
improving computational efficiency.

In our problem optimization problem is parameterized by current system information and ref-

erence trajectories:

p=[x.x;, 0" (3.45)

where Xx( represents the current measured state, X; contains reference state information pro-
vided by the guidance system, and ® contains adaptive weight parameters that allow the optimiza-

tion objective to be adjusted based on operating conditions.
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3.4 Global Planning

3.4.1 Map construction
Map extraction

To have a realist map of the real-world scenario, in this case, Leca da Palmeira harbor, within
our simulation framework, we begin by generating an occupancy map that captures both static
infrastructure (piers, breakwaters) and navigable water.

For this, first, it was acquired a satellite representation of the harbor! which was then processed.
To estimate real-world distances from the image, the meters-per-pixel resolution at the docking

location was calculated using the Web Mercator projection formula:

156543.03 - cos(¢)
22

Where ¢ is the latitude in radians and z is the zoom level. For the selected location (¢ = 41.2°)

Resolution = (3.46)

and a zoom level of 18, the resulting resolution is approximately:

156543.03 - cos(41.2°)
218

Resolution ~ ~ 0.4497 meters per pixel (3.47)

This resolution was used to convert pixel measurements on the map to real-world metric units
that reflect the true dimensions of the static infrastructure for accurate trajectory planning, obstacle
sizing, and control validation.

Then by taking advantage of OpenCV’s Zcolor space transformations, we isolate the charac-
teristic blue-green hues of open water via adaptive thresholding in HSV space, yielding a binary
mask where free (0) and occupied (1) cells are clearly delineated.

Subsequently, the cleaned binary mask undergoes contour extraction; each contiguous obstacle
region is converted into a closed polyline, which we then approximate with vertex reduction using

the Douglas—Peucker algorithm 1. This simplifies distance checks and visualization.

I'This Map was obtained using OpenStreetMap, a collaborative project that creates and distributes free and editable
geographic data from the whole world.

20penCV (Open Source Computer Vision Library) is a cross-platform, programming library designed for real-time
computer vision and image processing. It provides optimized implementations of common algorithms such as filtering,
contour detection, and geometric transformations.


https://www.openstreetmap.org/search?lat=41.185714&lon=-8.704836&zoom=18##map=18/41.185713/-8.704836&layers=C
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Algorithm 1 Douglas—Peucker Line Simplification

Require: Sequence P = {pi,...,pn}, tol. €
Ensure: Simplified sequence P’
1: if |[P| <2 then
2 return P
3: end if
4: dmax < 0, imax < 0
5: fori=2to |P|—1do
6:  d < PerpDist(p;, p1pn)
7 if d > dy.x then
8 Amax < d, Imax < 1
9 end if
10: end for
11: if dpax > € then
12:  split P at iy, recurse on both halves
13:  return concatenate results
14: else

15: return {plapn}
16: end if

The complete pipeline for the map construction ends with the dilation of the real-sized binary
map. This step is very common in this type of works since generally in environments where
dimensions are in the 10% order, a dilation of 1 meter, for example, does not represent much in
terms of extra size, but it has a significant impact when vehicles are navigating near obstacles and
extra safety is needed.

Figure 3.7 shows the complete pipeline for map construction. Blue lines shows a zoom vision
of a specific zone and how it changes through map alterations and and in the obstacle dilation

image, thin red line shows the initial map boundaries before dilation.

3.4.2 Path Planning

To ensure a smooth and predictable behavior from the ASV, it was necessary to provide the ASV
with, not only initial and final position and heading, but also with a target state, calculated in the
guidance module. Feeding the controller with only the initial and final state the controller is prone
to make the optimized trajectory fall in local minima, even with accurate repulsion fields.

To obtain the target state from the guidance module, this must be provided with a trajectory
that connects initial and final positions. That trajectory is defined in the grid search module, which,
given an initial and final position, executes an algorithm to find an optimized trajectory (a sequence
of nodes that have no obstacle between them and that are connected to the initial position in one

side and to the final position in the other).

Grid Search

For a discrete map and graph search approach several questions might arise:
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* Coordinates lat, long
 Map dimension (m*m)
* Zoom Level

NS

>

* Douglas-Peucker
simplification

NS

>

« Obstacle dilation

NS

P4

« Real-size Map of the harbor

« Binary Grid

« simplified number of vertex for
faster computation

« Dilated obstacles for safe navigation

Map Construction

Figure 3.7: Map construction complete pipeline

* What if the environment representation isn’t discrete?

* Path consists of straight lines, do we really need the cells in between?

42
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» With large environment size or high dimensions, do graph search algorithms remain feasible,

do we need map decomposition?

This work suggests an approach where decomposition may not be needed, specially in high
dimension maps, which the case for most of the harbors. So initially an approach using RRT* was
tested but it was taking around 30 sedonds to find a path so, a bidirectional extension of RRT 2 was
used for faster convergence in large or cluttered harbors, since starting point which can possible
be an open water space might haver higher steps but in the docking position side smaller steps are
need to "get out" of the docking zone.

In this adaptation, two trees grow simultaneously from the start xjpjc and goal xgoa1:

Ty < {Xinit}, T < {Xgoar} (3.48)
At each iteration, the algorithm performs the following steps:
1. Sample a random configuration Xy4pq
2. Attempt to connect Xpew to the nearest node in 7,
3. If collision-free, merge trees

4. If not, swap roles of Ty and 7, and repeat

Algorithm 2 Asymmetric Bidirectional RRT Algorithm

Require: Xy, Xg0a1, Obstacles, 1, N
Ensure: Path or FAIL
I T {xslart}’ Tg — {xgoal}
2: fori=1,2,...,Ndo
3 Xpgna < Sample()
Xnear <— NeareSt(TSaxrand)
Xnew < Steer(xneara Xrand » 77)
if CollisionFree(xyeqr, Xnew) then
T <~ T, U {xnew}
end if
Xnear <— Nearest(Ty, Xranq)
10: Xnew < Steer(xnearuxmndv T])
11:  if CollisionFree(xpeqr, Xnew) then

R e A A

12: Ty T, U{xpew }

13:  end if

14:  if trees can connect then
15: return PATH

16:  end if

17: end for

18: return FAIL

The bidirectional approach provides several computational advantages:
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* Faster convergence: Two trees explore the space simultaneously, reducing the expected

time to find a connection.

» Balanced exploration: Each tree focuses on its local region, avoiding unnecessary explo-

ration of distant areas

* Robustness in cluttered environments: Particularly effective due to the fact that goal is
normally in a confined space requiring, benefiting from small steps to converge faster for a

zone out of the confined zone.

The connection criterion between trees uses a distance threshold Oconnect:

Connectable (xpew, Tg) = Ixg € Ty ¢ ||Xnew — Xg|| < Sconnect and CollisionFree(xpew,x,)  (3.49)

The final path is constructed by merging the optimal paths from both trees:

" = Path (xinit — xconnect) ¥ Path(xconnect — xgoal) (350)

where Xconnect 1 the connection point between the two trees, and & denotes path concatenation.

Path Smoothing

Given a discrete sequence of waypoints {Py, Py,..., Py} from the BI-RRT* grid search algorithm,
we fit a cubic B-spline curve s(7) € R?, T € [0, 1], defined by:

M+2
s(t) =Y Nis(1)P (3.51)
i=0

where N;3(7) are the degree-3 B-spline basis functions on a uniformly spaced knot vector.

The basis functions are defined recursively as:

I, <1<
Nio(7) = ’ ik (3.52)
0, otherwise

T—1T Titk+1— T

Nix(7) = Nix—1(7)+ Nit14-1(7) (3.53)

Titk — T Titk+1 — Tit+1
To enforce a path without collision, the WP list near obstacles is densified in order to guarantee
that the interpolation curve fits the desired direction.

The spline parameterization provides several advantages for ASV trajectory following:

* Smoothness: The cubic B-spline ensures C? continuity, providing smooth velocity and ac-

celeration profiles

* Local control: Modifications to individual WP only affect a local region of the curve
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* Computational efficiency: Spline evaluation requires only local basis function computation

The resulting spline is smooth, stays within the convex hull of the WPs, and can be evaluated
efficiently for guidance. Figure 3.8 shows an example of the spline path plotted in the simulator,

clearly showing that it reaches all reference WPs, still keeping its continuity and smoothness.

@ v

Figure 3.8: Spline path is shown in light orange. Small red dots identify the WPs found by the
grid search algorithm.

3.5 Guidance and Control Framework

3.5.1 Guidance System Structure

The main role of the Guidance module is to provide the MPC with the reference state for which
the MPC optimization will be aimed to.

The system flow shown in 3.9 is followed :

Set Target to Final Position
and Heading

W = W_terminal
Send Reference State to
MPC

. Get new target on Spline _/
CEBE SR }—0 from lookahead distance

Distance

Start LOS Guidance

Get Closest Point on Spline
> q
to current position

Figure 3.9: Guidance system diagram

projection

Spline-Based Path Representation

The foundation of our guidance system relies on a smooth path representation using cubic splines.
Rather than following discrete WPs, the desired trajectory is parameterized as a continuous curve

using arc-length parameterization:

p(s) = [x(s),y(s)]" (3.54)

where s € [0, s10rq1] represents the arc-length parameter along the spline path. This parameter-

ization offers several advantages over discrete waypoint following:
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1. Smoothness: Eliminates discontinuities in curvature that can cause control oscillations

2. Precision: Enables exact calculation of path properties such as curvature and tangent direc-

tion
3. Flexibility: Allows for smooth path modifications and re-planning

4. Mathematical convenience: Facilitates precise lookahead distance calculations

After getting the computed spline from the global planning module, the closest point from
the current position to the spline is calculated, and from that point, the dynamic LOS algorithm
determines the "lookahead" point in arc-length distance s. The dynamic "lookahead" calculation

follows the following equation 3.59, creating a LOS guidance system.

Dynamic LOS Strategy

LOS guidance, also known as Pure Pursuit or ’carrot chasing’, represents a fundamental approach
to path-following control for autonomous vehicles. The core principle involves continuously guid-
ing the vehicle toward a target point positioned at a fixed lookahead distance along the desired path.
It begins with determining the vessel’s current position relative to the desired path. The current

path parameter is found by solving the closest point projection:

Scurrent = argrnvin Hp(s) — Pcurrent || (3.55)

The LOS target point is then computed by advancing a fixed lookahead distance Ly along the
path:

8§ = Scurrent + Lo (356)

PLos = p(starget) = [xLOSayLOS]T (3.57)

The defined heading angle steers the vessel directly toward this target point:

Xref XLOS
Xief = | Yrep | = YLOS (3.58)
Yref arctan?2 (y LOS — Ycurrent s XLOS — xcurrent)

While this classical approach provides stable path-following behavior, the fixed lookahead
distance Ly may lead to stagnation or hard-to-tune speed vs position control.

Our guidance system is an adaptation to optimize the classic lookahead strategy :

We implement a dynamic feedback mechanism that responds to the vessel’s tracking perfor-
mance. The system monitors the distance to the previous LOS target and adjusts the lookahead

distance accordingly:



3.5 Guidance and Control Framework 47

Lo— (Vreer — @ - drarger) - Ts  if diarger <5 m (3.59)
2 otherwise

where Ty is the sampling time and djarger = ||Pressel — PLOS,prev|| Tepresents the distance to

the previous LOS target, ¢ = 0.08 is the distance feedback gain, and v,.r = 0.3 m/s provides a
velocity-dependent component.

This dynamic adjustment implements a simple yet effective control law: when the vessel ap-

proaches the target point closely (d;uger < 5 m), the lookahead distance increases to maintain a

smooth trajectory generation. To ensure a non-stagnated lookahead, an extra safety non-decreasing

constraint was added.
L§H = max(L§H L) (3.60)

Context-Based Adaptive Weight Selection

The effectiveness of multi-objective cost functions depends critically on appropriate weight se-
lection that reflects the relative importance of different objectives. Static weight selection often
performs poorly across diverse operating conditions, as the appropriate balance between objectives
varies significantly with factors such as proximity to obstacles, distance from target waypoints, and
mission phase.

The adaptive weight selection strategy addresses this challenge by automatically adjusting cost

function weights based on current operating conditions:

@rrrivo  if ||€ > d,
o = tracking || pos,k” threshold (36])

Orerminal 1f ||€poskl| < dinreshola

where €5 x = [Xk]xy — [X4]xy represents the position tracking error.

During approach phases, when the vehicle is far from its target, the weights @;4cxing €mpha-
size trajectory tracking and efficient progress toward the goal. These weights typically assign high
importance to position tracking while allowing moderate control effort to achieve rapid conver-
gence.

As the vehicle approaches the target position (within distance dj esnoia), the weights shift to
Orerminal» Which emphasize precision and stability. These terminal weights typically reduce the
relative importance of rapid tracking in favor of smooth control actions and precise final position-
ing.

For the purpose of this work, the weight values are defined as follows :

Oacking = [10, 0.5, 0, 0, 100],  @ermina = [5, 30, 1.5, 1, 200].

where,
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o= [a)p()S7 wl/la wvxv (Dvyy wr]

There are also terms for penalizing thrusters directly. The most crucial is wyp, which is used to

penalize the difference between these values (in N) to zero. It takes the following form :

Wrpr = [wthl , Wrn2, COzh3]

During movement, w;j,, values also change, similarly to wy but for different functionalities.

0, — [0,0,1000] if ||€pos k|l > dinreshota (3.62)
[0,0,0] if ||€pos k|| < dinreshota

Penalizing tunnel thruster input (lateral movement) during homing and stopping penalization
while in docking motion since lateral motion is crucial for it.

Wwsmoorh = 0.1 is also used to penalize the difference between two consecutive thruster inputs,
to promote a smooth and stable movement.

This adaptive strategy addresses a fundamental challenge in marine vehicle control: the same
controller must perform effectively across dramatically different operating regimes, from high-
speed transit in open water to precision maneuvering in confined spaces near docks. The weight
adaptation provides a systematic mechanism for achieving appropriate behavior across these di-
verse conditions without requiring manual parameter adjustment or mode switching.

The implementation of adaptive weight selection requires careful consideration of the transi-
tion between weight sets. Abrupt changes in weights can cause discontinuities in the optimization
problem, potentially leading to poor performance or convergence difficulties. Smooth transition
functions, such as sigmoid or linear interpolation over a small region around the threshold, can

help maintain optimization stability while providing the desired adaptive behavior.

3.5.2 MPC
3.5.2.1 Obstacle Avoidance Formulation
Map Interaction

In order to interact with the given map, to obtain the distances between the ASV and the surround-

ing obstacles, three hypotheses come up.

* Represent the vehicle as a particle and dilate the obstacle to at least the longer size of the

vehicle for safety

* Represent the vehicle as a circle with a diameter of at least the longer side of the vehicle,

usually more for safety

* Represent the vehicle as an ellipse or superellipse (also known as Laimé curves).
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For this work it was chosen to combine first and second methods, for fast computation and

extra safety, although it recognizes that last method would be the more realistic.

Obstacles Representation

Initial Approach : Obstacles as superellipses
Initially it was tested in simulation a version for the dock where obstacles where superellipses.
These were chosen due to being differentiable, easy to test and most of all,

The function of an ellipse is :

-1=0, (3.63)

A superellipse comes from the classic ellipse function but with a tunable power term, instead

of fixed 2. 3.64 presents the general superellipse equation :

n

+

n

ol —1=0, (3.64)

Y

a b
The bigger the power term, the sharper the edges will be, and the more like a rectangle it will
look like. Figure below shows a comparison between the power terms, with the realistic version
of the ASV length and width (1.5m and 1m respectively). Subfigure 3.10a shows a classic ellipse,
where n = 2. Subfigure 3.10b shows a superellipse where n = 8 and subfigure 3.10c shows a

version where n = 1000.

-05 05 05
:

(@n=2 (byn=38 (c) n= 1000

Figure 3.10: Visualization of power term variation in Superellipses

For the purpose of this work, it was used the version where n=8 as it was a good trade-off
between computational complexity and realistic simulation.
After this, it was possible to define the distance to the obstacle as the distance from the vehi-

cle’s center of mass to the border of the superellipse.
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—1<0, (3.65)

where :

10 -

—10

—20

—30

i
20 30 40 50 60 70 80 %0
Figure 3.11: Initial Map using obstacles modulated as superellipses

Final Approach : Point-Based Obstacle Avoidance with Hard Constraints

For the final version, it was the extracted map from the image of the harbor which was then
processed and turned into a binary map where docks are polygons, which were then simplified
using the Douglas-Peucker algorithm and then dilated for safety.

For obstacle avoidance in the MPC formulation, we employ a point-based discretization ap-
proach that converts the simplified polygon obstacles into densely distributed boundary points, as

seen in figure 3.12.

\\‘\/‘

(a) Dock visualization (b) Zoomed dock visualization

Figure 3.12: Densified polygon line segments for obstacle avoidance

Polygon Discretization
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Each polygon obstacle O; with vertices {v;1,vi2,...,Vim } is discretized by densifying each
edge segment. For edge e; ; connecting vertices v; ; and v; j1, we generate Ngense uniformly
distributed points:

k
Pijk ZVi’j+N7(Vi’j+l —V,',j), k=0,1,..., Ngense (3.66)
dense

This creates a dense point set P, = {p, j « } representing the boundary of the obstacle O;.

Distance Calculation

The minimum distance from the ASV position pasy = [x,y] to obstacle &; is computed as:

Lasv
2

d(pasv,0;) = géilgl_ Pasv —Pll2 — — dsafety (3.67)
where:

* Lagsy is the characteristic length of the ASV

* dgfery 1s an additional safety margin

Hard Constraint Formulation

The collision avoidance requirements are enforced through hard constraints in the MPC opti-
mization problem:

A%y 40 05) = dmin, Vi€ {0,1,...,N—=1}, Vj€{l,... ,Nops} (3.68)
where:
. X;ZH.‘ ¢ = Pokaifks Yieri T represents the predicted position at time step k + i
* dmin > 0 is the minimum allowable distance to obstacles

* Nops is the total number of obstacles

Computational Considerations

The point densification parameter Ngense presents a trade-off between:
¢ Accuracy: Higher Ngepse provides more precise boundary representation

* Computational efficiency: Lower Ngense reduces the number of distance calculations per

optimization iteration

For real-time applications, we typically choose Ngense = 10 points per meter of edge length,

providing sufficient resolution while maintaining computational tractability.

. . . L . .
The discretization error is bounded by €gisc < 5 degf , where Legge 1s the maximum edge length,

ensuring that the approximation quality can be controlled through an appropriate choice of Ngepse-
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3.5.3 Cost Function Design
Multi-Objective Cost Function Design

The cost function represents the mathematical encoding of control objectives and performance
criteria. In real-world applications, multiple competing objectives must be balanced, requiring
careful design of the cost function structure to achieve appropriate trade-offs between different
performance goals.
The temporal structure of MPC naturally leads to a cost function that evaluates performance
over the entire prediction horizon:
N-1

J<Xk7Uk) - Z L(Xk,llk,Xd, w) "‘Vf(xk,llk,Xd, 0‘)) (369)
k=0

The stage cost function L(-) evaluates performance at each prediction step, while the terminal

cost function V¢(-) provides additional emphasis on final state accuracy.

N—1

V(X U, X, @) = Y 0y - L(Xg, 0, Xg, ©) (3.70)
k=0

Where w, represents the final weight emphasis variable.

This structure allows the optimization to consider both transient behavior and steady-state
performance.

For autonomous surface vehicle applications, the stage cost function must balance several

competing objectives:

2
L%, ug, X4, 0) = Opos ||[x6, ] — [xa, val ||
+ 0y, (Vg = va) + O (vyx—vya)?

+ 0y (Ve — Va)* + @ (re — rg)?
2 3 2

+ Ogmootn ||k —we—t |7+ Y. @, 1 (3.71)
i=1

with [vy, vy, r] = [u,v,r], body frame fixed, velocities.

The meaning of each penalization term is as described below :

* The position tracking term @pos]|[Xc]xy — [Xa]ry||> penalizes deviations from the desired tar-
get. The notation [x|y, indicates the position components of the state vector, specifically
the x and y coordinates. The weight w),,s determines the relative importance of tracking the

desired target.
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* The heading tracking term @y (W — W,;)? serves the same purpose as position penalization,
but for angle. This allows to align the vehicle with the target along the homing motion and

most importantly, allows set a desired final angle, crucial for docking.

* The velocity tracking terms @, (vyx— Vx,d)2 and @y, (vyx— vy‘,d)2 serve multiple purposes the
control system. When reference velocities are provided by the guidance system, this term
enforces desired speed profiles. When reference velocities are set to zero, this term provides
damping to reduce oscillatory behavior and improve stability. These appear separated by

axis due to being more versatile if condition-specific tuning is needed.

* The heading rate tracking term @, (rx — r4)> allows to reduced heading and consequently
movement oscillation while the vehicle is moving. For this term, the r; is always set to 0,

since the aim is to reduce unnecessary oscillations.

* Ogmoorn||ux — ux_1||* serves as a smoothing term, to control the thruster’s force variation.
This is used in order to prevent abrupt changes that could cause unrealistic real-life move-

ments or even cause the the controller to lose stability.

* Wy, “;2 « also penalizes thrusters directly. In this work, funnel thruster has a higher during

homing since it’s not really needed.

Complete MPC Formulation with Obstacle Constraints

The MPC optimization problem becomes:

r%in Jk(Uk,Xk) (372)
k

St Xpqivik = AdkXpqijk + BaxWpir + fgl(,)l)<
Xk = Xk
Unin < Wik < Umax
d(XgH\kvOj) > dmin, Vi, j
i=0,1,...,N.—1

where Ji(Uy, X¢) is the one mentioned in3.69 and constraints are as defined in 3.68.

OCP Solving

At each sampling instant #;, the MPC controller solves the following finite-horizon optimal control

problem:
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rrllJin Ji(Ug, Xg) (3.73)
k
0
St Xppit1k = Ad Xk T BaxWyix + ffl,,)( (3.74)
Xk|k = X} (375)
Umin < uk+i‘k < Umax , izO,...,NC— 1 (376)
Wepik = Wein,—1fks L =Ny ;N1 (3.77)
where:
e U= [ulgk,uzﬂ‘k, e 7“1{+Nc—1\k]T € R3Me is the control sequence

* N is the prediction horizon
¢ N, <N is the control horizon

* X;x denotes the predicted state at time k+ i given information at time k

Cost Function Design

The objective function incorporates trajectory tracking performance and control effort minimiza-

tion:

N—1
Je(U,Xi) = Y L(Xieifhes Wi Xre) + Vi (X Njier Xre) (3.78)
i=0

where the stage cost is defined as:

L(Xvuaxr8f') = pros - Xref,pnsHZQ + ”ll - urefH%{ (379)

and the terminal cost is:

Vf(xvxref) = quXp()s - Xref,pus”%)f (3.80)

Here, X5 = [x, y]T represents the position components, Q, Q 7= 0 are positive definite weight-
ing matrices for state deviations, R > 0 is the control effort weighting matrix, and gy > 1 is the

terminal cost amplification factor.

3.5.4 Simulation Control Scheme

For simulation and monitoring the following scheme was used 3.13. The controller switches
weights when we is 7m from the final target and then a counter £ is used to count the number of

times the requirements (position error [xg, yx] — [x4, V4] and heading error y; — y;) where satisfied.



3.6 Strategies and Computational Tools 55

Then if they were satisfied 50 times (5 seconds) it is considered as completed and the simulation

finishes.

Simulation Loop

\\
GNC and Motion \\

‘ Motion ‘
—

Figure 3.13: Simulation scheme showing the relationship between simulation software and the
other systems, defining if simulation continues or not

3.6 Strategies and Computational Tools

Interior Point Optimizer

The optimization problem (3.73)—(3.77) is solved using the Interior Point Optimizer (IPOPT),
which implements a primal-dual interior point method. The algorithm converts inequality con-
straints to equality constraints through the introduction of slack variables and applies a logarithmic
barrier approach.

The barrier problem takes the form:

nl}gl Ji(U) —u;log(sj) (3.81)

subject to equality constraints, where s are slack variables and y > 0 is the barrier parameter.

Automatic Differentiation

Gradient and Hessian computations are performed using CasADi’s automatic differentiation capa-
bilities, ensuring exact derivatives without finite difference approximations. This approach signif-
icantly enhances convergence rates and numerical stability.

Warm Starting Strategy

To improve computational efficiency, a warm starting technique is employed where the initial

guess for the current optimization is constructed by shifting the previous optimal solution:

(0) _ 1,.%T *T *T *T T
U, = [uk\kflvukJrl\kfl?‘"’uk+N672\k71=uk+NCfl\k—l] (3.82)
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This strategy typically reduces the number of interior point iterations required for convergence,

thereby decreasing computational time.



Chapter 4

Experimental Validation and Results

4.1 Introduction

In order to simulate the complete docking process, an user interface (UI) was created using Python,
more specifically, Matplotlib library, taking advantage of CasADI’s seamless integration with
Python, creating the possibility to use a less common programming language for control. Once
defining (outside of the GUI) the initial position and desired final heading, the GUI shows the
final version of the dilated map and allows interactive defining of the docking position with a
click on the map. Then it also allows choosing, path following method or direct method (without
guidance). Once finished the initial process, the GUI iteratively updates the visualization with
the ASV represented by the already mentioned superellipse and its movement through the harbor
dilated map.
Figure 4.1 shows the Ul used for simulation tests.

Start Position
Target (Click to Move)

CONTROL PANEL

Target: (225.0, 180.7)

DIRECT TRACKING

00

Path Planning

« Generate optimal path
« Path Following
- Obstacle Avoidance

00 4

ons:
1 [Xlick on
2 Choos 0
3 [DBtart simulation!

nent to set target

below

() START
Direct

(®) START
Path Planning

[S) RESET TARGET

Figure 4.1: Ul used for simulation tests
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4.2 Preliminary Results

Performance Metrics

Initially, an approach modulating obstacles as superellipses was tested. This approach was a
success, not only in standard metrics such as speed, position, heading and stabilization but also
computationally, since it proved to be real-time feasible.

One of the first completed docking movements captured in simulation is showed in figure 4.2.
The arrows point towards the vehicles direction and these were plotted for every 20 iterations with

T, = 0.1s, so 2 every 2 seconds.

Boat's trajectory

-20 0 20 40 60 80 100

Figure 4.2: In red are the static obstacles. Coloured arrows represent vehicles position and heading
in space.

Obstacles are represented through the red dashed line and the vehicle follows an optimal tra-
jectory without hitting any obstacle and being able to change its heading in the end and stabilize
in order to stop in the desired final position with the desired heading. In this version, the only
reference sent to the MPC was the final point, final heading, and obstacles, no global planning
nor guidance was being apply. Obstacle avoidance was modulated through equation mentioned in
3.65 and implemented using hard constraints.

Afterwards, keeping the obstacles as superellipse, a new map was created in order to teste and
more complex solutions:
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Boat's trajectory

Live Boat Trajectory

--- Trajectory

—— RRT Path 0
®  Waypoints

¥ position (m)
N

¥ position (m)

—————— e S 30 40 50 60 70 80 90
X position (m)

30 40 50 60 70 80

tinn (m)

(a) (b)

Figure 4.3: Second version of the map used for simulation using obstacles as superellipes

All simulations presented on this chapter were made using a sampling time 7y = 0.1s a pre-
diction horizon and a N = 15s and a control horizon 5s. For the weights of the cost function, the

weights used were the ones already mentioned in chapter 3

4.3 Final Simulation Environment and Results

The final results were achieved through the realistic harbor scenario and the following section will

take advantage of the scenario through the exploitation of the following use cases:

» Use case PH: Moving and stabilizing in a target position with a predefined heading

» Use case PHO: Moving and stabilizing in a target position with a predefined heading with
an obstacle in between

— Without path planner (only repulsive forces)

— With path planner and repulsive forces

» Use case C: Complete Docking Motion with different obstacles

For each demonstration of the achieved results the simulation plot will be followed by:

Plot with x, y, and psi (heading) overtime, and a dashed line showing the reference value for
each.

Plot with surge, sway, and yaw overtime, with a dashed line showing the reference value for
each.

Plot with thrusters force for each thruster overtime.

* Plot showing CPU solving time for the OCP.
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The thruster’s and computational time plots won’t be mentioned often since, in most cases,
there aren’t big visual differences between each. The most important thing to notice in the
thruster’s plot is the capacity of, through the mpc, defining when to use each thruster. In this

work, tunnel thruster is barely used until final docking movement as it can be seen in the graphs.
4.3.1 Use case PH

Heading aligned with next position

In image 4.4. it is possible to observe the vehicle (represented by the rounded rectangle) moving

towards the target position, rotating and stopping with the desired heading.

ASV Trajectory with Body-Fixed Frame Visualization
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230 35 20 25 20 ES
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(a) (b)

Figure 4.5: Use Case PH (Heading not aligned) : Linear and angular velocities and [x,y, y| chang-
ing over time.



4.3 Final Simulation Environment and Results 61

|

(@) (b)

Figure 4.6: Use Case PH (Heading not aligned) : Thrusters input variation along time and time to
solve the OCP problem

The graphs above 4.5b show how the linear and angular velocities and [x,y, y] change over

time for this simulation, proving the smooth and stable behaviour of the vehicle

Heading not aligned with final position

To test the feasibility of this use case, the initial angle was defined as an angle not aligned with
the final position. Image below ?? show controller is also able to drive the vehicle correctly in this
scenarios.

ASV Trajectory with Body-Fixed Frame Visualization

Y position (m)

126

124

25 20 ES 20 25 20 25 260

¥ nncitinn fm)

Figure 4.7: Use Case PH (Heading aligned) : Simulation
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Iy

(@) (b)

Figure 4.8: Use Case PH (Heading aligned) : Linear and angular velocities and [x,y, y]| changing
over time.

(a) (b)

Figure 4.9: Use Case PH (Heading aligned) : Thrusters input variation along time and time to
solve the OCP problem.

In the image 4.7 we can visualize a simulation of use case PH but in a case where the initial
heading is not aligned with the final position. The controller is capable of making the vehicle
rotate, in order to get to the desired heading (aligned with final position) until in is at a distance
lower than 5 meters from it, where weights and desired heading change and the vehicle it start
rotating and slowing down, in order to achieve the desired final position and heading, in a stable

position, without moving.

4.3.2 Use case PHO

This use case differs from the previous one since it already has applies obstacle avoidance but
it differs from the last one since there is no guidance. The reference for the MPC is always the
desired final position, and only heading changes, since before being close to the final position the
target heading is the arctan2 between the vehicle’s current position and target position and when
it is close to the final position the heading change to the one desired for final pose. Weights change
when heading changes, as mentioned in 3.61.

It’s visible in 4.10 there is no reference waypoint used to generate a path, but obstacle avoid-

ance integration was sufficient to drive the vehicle safely.
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ASV Trajectory with Body-Fixed Frame Visualization

Y position (m)
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Figure 4.11: Use Case POH : Linear and angular velocities and [x, y, ] changing over time.

() (b)

Figure 4.12: Use Case POH : Thrusters input variation along time and time to solve the OCP
problem.

Graphs above 4.11a-4.11b show, specially in velocities, less smooth variations, with small
dumps from time to time, contrarily to graphs from other simulations. This happens due to the
obstacle hard constraints inserted in the controller.

Although it worked for this situation, this only works in certain situations where the OCP

doesn’t fall in local minima or becomes infeasible. It’s for that reason that the guidance system
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was developed, creating a more controlled scenario. This obstacle avoidance method is computa-
tionally expensive is it can be seen in 4.12b, although it can be tuned through defining fewer points

to represent the boundary of the obstacle but that compromises the quality of the method.

4.3.3 Use case C

In this use case, the whole system is implemented from planning to guidance and control. The
small red dots, represent the global planning created Asymmetrical BI-RRT, presented in the form

of WPs, used to generate the path which is then followed by the robot.

ASV Trajectory with Body-Fixed Frame Visualization
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Figure 4.13: Use Case C (heading not aligned) : Short movement for the dock, simulation

(a) (b)

Figure 4.14: Use Case C (heading not align) : Linear and angular velocities and [x,y, y| changing
over time
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(@) (b)

Figure 4.15: Use Case C (heading not align): Thrusters input variation along time and time to
solve the OCP problem

ASV Trajectory with Body-Fixed Frame Visualizati
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Figure 4.16: Use Case C (heading aligned) : Larger movement simulation

In the two images 4.13 and 4.16 it is possible the see that the vehicle had to deviate his path
from the obstacle even though passing very close to it, which is the advantage of the hard con-

straints.

(a) (b)

Figure 4.17: Use Case C (heading aligned) : Linear and angular velocities and [x,y, y| changing
over time
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Wi ThrsterCommanc v Time

(@) (b)
Figure 4.18: Use Case C (heading aligned) : Thrusters input variation along time and time to solve

the OCP problem

Graphs with the speed over time, show that the robot is able to reach the desired targets and,
in the end, stop in the final desired pose.
4.3.4 Introducing Noise

To try and test how the control would do under harsher and more realistic circumstances, use cases
PH and C were tested in the same way as before but with the an ciclic error on thruster’s input
which is simulated by adding noise to the thruster value every 20 iterations following an Normal
distribution between [—2,2|N.

Use Case PH

ASV Trajectory with Body-Fixed Frame

¥ position (m)

20 ES 200 s £ B3

in ()

Figure 4.19: Use Case PH : Simulation with noise on thruster’s input.
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(@) (b)

Figure 4.20: Use Case Use Case PH with noise : Linear and angular velocities and [x,y, Y| chang-
ing over time

(a) (b)

Figure 4.21: Use Case Use Case PH with noise : Thrusters input variation along time and time to
solve the OCP problem

In figure 4.19 and in the following graphs, it’s possible to see the the controller is still able to
guide the boat to the desired position and stop in the desired pose.

Use Case C

ASV Trajectory with Body-Fixed Frame Visualization

¥ position (m)

20 210 20

Figure 4.22: Use Case C : Simulation with noise on thruster’s input.
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(@) (b)

Figure 4.23: Use Case Use Case C with noise : Linear and angular velocities and [x, y, y] changing
over time

(a) (b)

Figure 4.24: Use Case Use Case C with noise : Thrusters input variation along time and time to
solve the OCP problem

For use case C 4.22 the noise made the vehicle hit the docking during the final movements but

MPC still showed stability capabilities under the tested harsh environments.

4.4 Discussion

In terms of speed, the vehicle goes considerably slow, and that is a weak point of this work. The
vehicle only goes faster when it goes directly to a far WP, which only happens between the last 2
WPs. This could be changed with a finer tuning of the penalization parameters, possibly forcing a
higher speed in the vehicle’s x body frame axis.

The vehicle shows stability throughout the whole process as seen in the images and graphs.
Even so, with the introduction of obstacle hard constraints, int some situations the controller wasn’t
able to solve the OCP, which became infeasible, creating less controlled situations.

The obstacle avoidance method is the weakest point of this dissertation although it brings
a new perspective into static obstacle avoidance and how this could be introduced in control.
Since it only uses distances, it could be even integrated with sensor readings in the future. The
method has a clear effect in the control but it is not yet generalizable due to mainly computational
efficiency problems. For further implementations or real world testes, it would need to be tested

more intensively.
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Time taken on each iteration was showed but these are highly dependent on the machine where
these were ran, so these values are highly volatile and it’s meaning is less relevant than the rest

Further simulations should be done using realistic wave effects or different noise considera-
tions but, for the essential process of docking, the MPC is able to guide the vehicle towards the
target position and stabilize it with the desired heading, concluding the initial objectives of this

work.



Chapter 5

Conclusion and Future Work

5.1 Conclusion

This paper presented a comprehensive Sequential Linearization Model Predictive Control frame-
work for autonomous surface vehicle navigation. The methodology successfully addresses the
computational challenges associated with nonlinear MPC while maintaining adequate control per-
formance for trajectory tracking and obstacle avoidance.

In this dissertation, we set out to develop and validate a robust Model Predictive Control
framework for ASV docking operations. The primary objective was to achieve precise trajectory
tracking, which was succesfully achieved. And then were also suggested to introduce efficient
obstacle avoidance which was achieved in controlled conditions.

To accomplish these goals, we implemented a comprehensive MPC-based guidance and con-
trol architecture, integrating a dynamic Line-of-Sight (LOS) guidance strategy and constraints for
static obstacle avoidance. The framework was tested and validated through simulation scenarios,
revealing relevant results in docking precision.

The key findings from this research include:

* Real-time trajectory tracking with maneuver precision for homing.
» Successful integration of static obstacle avoidance in OCP as hard constraints.

* A robust control architecture for ASV docking, using an MPC-based architecture suitable

for complex scenarios.

* An open foundation for future developments in maritime autonomous navigation and con-

trol.

Despite these advancements, certain limitations were found. The computational demand of
the MPC solver currently restricts its implementation on hardware with limited computational
resources especially when adding obstacle contraints. Additionally, experimental validation was
confined to simulation scenarios, which may not fully replicate unpredictable real-world condi-

tions.

70
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Overall, this dissertation demonstrates the viability and effectiveness of MPC-based control

strategies for autonomous maritime operations, establishing a solid foundation for future research.

5.2 Future Work

This project intends to be part of a small step for the development of marine robotics, as it is a very
complex and rich field. This project opens the door for MPC applications in docking scenarios,
specially through the possibility of introducing different types of geometric obstacles in the cost
to ensure safety. In future work, it’s necessary to introduce environmental disturbances, as this
need to be tested, before real-life tests. A continuity of this work would go around methods for
introducing obstacle constraints in OCP, in a more clear and tested version. It would probably also
dive into sensing methodologies on how to introduce sensors for real-time obstacle avoidance.
This stands for static obstacles but also for dynamic obstacles, as it is a very important scenario
which this work does not approach. It would be interesting to see how the introduction of Al
methodologies could help, as the introduction of Neural Network to substitute the nonlinear dy-
namics equation is already suggested but yet to be intensively tested. Last but not least, real-world

validation would also be an important contribution for the statement of MPC in marine scenarios.
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Appendix A

Complete Dynamic Model Assembly

Rigid-Body Inertia Matrix with Values:

50 0 0
Mgg= 10 50 0 | kg kg-m? (A.1)
0 0 7.73

Added Mass Matrix with Values:

522 0 0
My=| 0 4639 1.98 | kg, kg-m, kg-m? (A.2)
0 198 48.24

Total System Inertia Matrix:

5522 0 0
M=Mg+Ms=| 0 9639 198 |kg kgm, kg:m? (A3)
0 198 5597

Rigid-Body Coriolis Matrix with Values:

0 0 —50v
Cre(V)=|0 0 50u|N (A.4)
50v  —50u 0

Hydrodynamic Coriolis Matrix with Values:

0 0  46.39v+1.98r
Ca(v) = 0 0 ~5.22u N (A.5)
—46.39v — 1.98r 5.22u 0
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Total Coriolis Matrix:

0 0 —96.39y — 1.98r
C(v) = Crg(V) +Ca(v) = 0 0 55.22u N (A.6)
96.39v+1.987 —55.22u 0
Damping Matrix with Values:
—8.27ul 0 0
D(v) = 0 —338.21|v] —8.96/r| | N,N'm (A7)
0 —8.96|v| —96.17|r|

Control Allocation Matrix with Values:

With the geometric configuration parameters:
e r; = 0.335 m: Half the distance between the two bow thrusters

¢ r3 = 0.3 m: Distance from the tunnel thruster to the vessel’s center of rotation

1 1 0
T=1| 0 0 ~1 | N/N,m™! (A.8)
0.335 —0.335 —0.3

Complete model for the Dynamics:

Combining all components, the complete ASV dynamics become:

5522 0 0 7 [a 0 0  —96.39v—1.98¢] [u
0 9639 198 | |v|+ 0 0 55.22u v|  (A9)
0 198 5597 || |96.39v+1.98r —5522u 0 r
—8.27|ul 0 0 u 1 1 0 Ti

+| 0 —33821p 896 | [v]| =] 0 0 ~1 T (A.10)

0 —8.96v| —96.17|r|| |r 0.335 —0.335 —0.3] |Tiunne



	Front Page
	Acknowledgements
	Table of Contents
	List of Figures
	1 Introduction
	1.1 Motivation
	1.2 Objectives
	1.3 Document Structure

	2 Background and Literature Review
	2.1 Dynamics modelling for ocean vehicles
	2.2 Global planning
	2.2.1 Path Planning
	2.2.2 Path smoothing

	2.3 Guidance and Control
	2.3.1 Guidance
	2.3.2 Control

	2.4 Related Work
	2.5 Summary and Analysis

	3 Homing and Docking Control Framework for ASVs
	3.1 System Architecture
	3.1.1 Hierarchical System Framework
	3.1.2 Real-Time GNC Loop Architecture
	3.1.3 Performance and Safety Considerations

	3.2 Introduction to MPC
	3.3 Mathematical Modeling
	3.3.1 Vehicle Dynamics
	3.3.2 MPC Controller

	3.4 Global Planning
	3.4.1 Map construction
	3.4.2 Path Planning

	3.5 Guidance and Control Framework
	3.5.1 Guidance System Structure
	3.5.2 MPC
	3.5.3 Cost Function Design
	3.5.4 Simulation Control Scheme

	3.6 Strategies and Computational Tools

	4 Experimental Validation and Results
	4.1 Introduction
	4.2 Preliminary Results
	4.3 Final Simulation Environment and Results
	4.3.1 Use case PH
	4.3.2 Use case PHO
	4.3.3 Use case C
	4.3.4 Introducing Noise

	4.4 Discussion

	5 Conclusion and Future Work
	5.1 Conclusion
	5.2 Future Work

	References
	A Complete Dynamic Model Assembly

