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Resumo

O desenvolvimento de veiculos marinhos autbnomos exige a simulacdo rigorosa de seus processos d
aprendizagem e controle antes da implantacdo no mundo real. Esta tese aborda o desa o critico do
planejamento de rotas e desvio de obstaculos para veleiros autbnomos. Algoritmos de navegacao tradi-
cionais, como A* e Otimizagdo por Colbnia de Formigas (ACO), operam sob um paradigma rigido
de "planejar-para-executar”, dependendo fortemente de mapas de obstaculos complet@s iori.

Esta estrita dependéncia de mapas os torna estruturalmente vulneraveis em ambientes de aguas aber-
tas, onde obstaculos ndo mapeados e dinAmicos sao onipresentes. Para superar essa limitacdo, est:
pesquisa propde a arquitetura de Controle por Refor¢o Hierarquico (HR-C). O método emprega uma
estrutura de dois niveis: a orientacao global de rota combina o algoritmo de busca A* com Campos
Potenciais Arti ciais (APF), enquanto o controle reativo local é gerenciado por uma politica aprendida
através da Otimizacao de Politicas Proximais (PPO). Fundamentalmente, o HR-C opera sem qualquer
mapa prévio de obsticulos, dependendo exclusivamente de um espac¢o de observagédo de 12 dimensde
alimentado por dados LIDAR em tempo real, contabilizando explicitamente as correntes oceanicas e

0 vento aparente. A abordagem é avaliada comparativamente contra métodos classicos dependentes
de mapa (A*+PID e ACO+PID) no ambiente de simulacdo de alta delidade Yara/eSailor. A avali-

acao abrange cinco cenarios complementares: (A) navegacao padrdo com mapa conhecido, (B) anélise
de estresse de atuadores utilizando apenas as velas, (C) teste empirico de falsi cagcdo com obstaculo
desconhecido, (D) ambiente dindmico multiembarcacdo com seis embarcacdes SDF fisicas como ob-
staculos em tempo real, e (E) uma corrida competitiva com seis agentes avaliando estratégias explicitas
de acionamento de vela. Os resultados demonstram que, enquanto os métodos classicos falham es-
truturalmente quando suas premissas de mapa séo violadas, o A*)APF+PPO navega com seguranga
por ameacas ndo mapeadas e dinamicas. Além do A*/APF+PPO de referéncia, esta tese investiga o
desacoplamento do atuador de vela da politica PPO. Dois médulos explicitos de controle de vela

um sistema fuzzy Mamdani e um regressor Polinomial ajustado ao diagrama polar do veleiro séo
introduzidos e avaliados em uma corrida competitiva com seis agentes. Em uma corrida individual
representativa, a con guracéo resultante A*)APF+PPO+Polynomial completou a missédo em 57 pas-

sos, com distancia nal de 4,2 m, reducéo de 72% no deslocamento total do leme em relagédo ao PPO
puro (1.106 vs. 4.003) e zero colisdes. A validagdo estatistica cod = 9 execucdes independentes
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conrma a reducao de desgaste do leme como reproduzivel (reducdo de 51% no RMS em relacdo ao
baseline Implicito,p < 0;001, Mann-Whitney U) e a seguranca contra colisbes como estatisticamente
robusta; a velocidade de conclusdo entre execug¢des nao apresentou diferenca signi cativa entre as vari-
antes A*/APF+PPO ( p = 0;33, Kruskal-Wallis), portanto a vantagem de velocidade observada numa
Unica corrida ndo deve ser lida como propriedade geral da con guragéo Polinomial. Todos os métodos
classicos falham na corrida com obstaculos dinamicos (A*+PID: 48 colisdes, ACO+PID: 15 colisdes).
Esta tese apresenta evidéncias de que a integracdo do planejamento estratégico com o aprendizado
por reforco guiado por sensores € necessaria para a autonomia maritima em ambientes dindmicos e
nao mapeados, e que o acionamento explicito da vela melhora de forma reproduzivel a longevidade do
hardware sem custo mensuravel a velocidade da misséo.

Palavras-chave : Veleiro Autbnomo, Veiculo de Superficie Nao Tripulado, Controle por Reforco
Hierarquico, Otimizacdo de Politicas Proximais, Campos Potenciais Arti ciais, Navegacdo sem Mapa,
Prevencao de Colisbes, Controle Fuzzy de Vela, Controlador Polinomial de Vela, Benchmark Multia-
gente.



Abstract

The development of autonomous marine vehicles requires rigorous simulation of their learning and
control processes prior to real-world deployment. This thesis addresses the critical challenge of path
planning and obstacle avoidance for autonomous sailboats. Traditional navigation algorithms, such as
A* and Ant Colony Optimization (ACO), operate under a rigid "plan-then-execute" paradigm, heavily
relying on complete, a priori obstacle maps. This strict map dependency renders them structurally
vulnerable in open-water environments where uncharted and dynamic obstacles are ubiquitous. To over-
come this limitation, this research proposes the Hierarchical Reinforcement Control (HR-C) framework.
The method employs a two-level architecture: global path guidance combines the A* search algorithm
with Arti cial Potential Fields (APF), while local reactive control is managed by a policy learned
through Proximal Policy Optimization (PPO). Critically, HR-C operates without any prior obstacle
map, relying exclusively on a 12-dimensional observation space driven by real-time 2D LIDAR data,
explicitly accounting for ocean currents and apparent wind. The approach is comparatively evaluated
against classical map-dependent baselines (A*+PID and ACO+PID) in the high- delity Yara/eSailor
simulation environment. The evaluation covers ve complementary scenarios: (A) standard navigation
with a known map, (B) a sail-only actuator stress analysis, (C) an empirical falsi cation test using a
controlled unknown obstacle, (D) a dynamic multi-vessel environment with six SDF-physical vessel bots
as real-time obstacles, and (E) a six-agent competitive race benchmark evaluating explicit sail actuation
strategies. Results across all ve scenarios demonstrate that while classical methods fail structurally
or behave erratically when their map assumptions are violated, A*/APF+PPO safely navigates un-
charted and dynamic threats autonomously. Beyond the baseline A*/APF+PPO, this thesis further
investigates the decoupling of the sail actuator from the PPO policy. Two explicit sail modules a
Mamdani Fuzzy inference system and a Polynomial regressor tted to the vessel's polar diagram are
introduced and benchmarked in a novel six-agent competitive race. In a single representative race run,
the resulting A*/APF+PPO+Polynomial con guration completed the mission in 57 steps, at a nal
distance of 4.2 m, with a 72% reduction in total rudder displacement compared to the pure end-to-end
PPO baseline (1,106vs. 4,003) and zero collisions. Statistical validation acros®l = 9 independent
runs con rms the rudder-wear reduction as reproducible (51% RMS reduction versus the Implicit base-
line, p < 0:001, Mann-Whitney U) and collision safety as statistically robust; completion speed across
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runs was not signi cantly di erent between A*/APF+PPO variants ( p = 0:33, Kruskal-Wallis), so
the single-run speed advantage should not be read as a general property of the Polynomial con gura-
tion. All classical baselines fail in the dynamic-obstacle race (A*+PID: 48 collisions, ACO+PID: 15
collisions). This thesis provides evidence that integrating strategic planning with sensor-driven rein-
forcement learning is necessary for maritime autonomy in unmapped, dynamic environments, and that
explicit sail actuation reproducibly improves hardware longevity without a measured cost to mission
speed.

Keywords : Autonomous Sailboat, Unmanned Surface Vehicle, Hierarchical Reinforcement Con-
trol, Proximal Policy Optimization, Arti cial Potential Fields, Mapless Navigation, Collision Avoidance,
Fuzzy Sail Control, Polynomial Sail Controller, Multi-Agent Benchmark.
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1 Introduction

The increasing global demand for water resources coupled with the escalating impacts of climate change
has made the continuous monitoring of aquatic ecosystems a priority for environmental agencies. Ac-
cording to the State Institute for the Environment of Rio de Janeiro (INEA-RJ), persistent monitoring

is the only viable path for e ective environmental licensing and public health management. However,
traditional monitoring via manned vessels is limited by high operational costs and limited spatial and
temporal resolution.

The F-Boat project is a collaborative initiative between Fluminense Federal University (UFF) and
the Federal University of Rio Grande do Norte (UFRN) that addresses these limitations by developing
an autonomous sailboat for persistent water quality monitoring. Wind propulsion makes these vessels
a sustainable, high-endurance platform for environmental sensing. The autonomous navigation of a
sailboat presents a unique challenge: the agent must co-optimize sail trim and heading while respecting
strict aerodynamic constraints and reacting to dynamic environmental disturbances, such as rain, wind
gusts, currents, and unexpected or dynamic obstacles.

Although partial solutions have recently been developed addressing some of these issues, navigation
among dynamic obstacles remains unsolved. Traditional algorithms do not t sailboats well because
they do not behave in the same way as terrestrial robots (S. JUNIOR et al., 2013; SANTOS et al.,
2016).

1.1 The Map Dependency Problem

Traditionally, in the eld of maritime robotics, trajectory planning has historically relied on a "plan-
reason-execute" paradigm. Algorithms such as A* and Ant Colony Optimization (ACO) have been
widely adopted. However, they su er from a fundamental aw, which is thenap dependencyln general,
these methods require a complete, static, and accurate map of the environment before departure.

In real-world marine operations, obtaining such a reliable map is impossible due to dynamic ele-
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ments. Floating debris, moving vessels, and unmapped coastal changes are inherent to the environment.
When a map-dependent planner encounters an unmapped obstacle, it lacks the structural logic to rea-
son and adapt its trajectory, leading to catastrophic mission failure. Recent literature underscores
that even small map inaccuracies can invalidate entire planned segments, driving a paradigm shift to-
ward sensor-driven mapless autonomy normally using exteroceptive sensors like 2D LIiDAR (SELLERS
et al., 2026). In this thesis, we argue that a fundamental paradigm shift from map-based planning to
sensor-driven, mapless autonomy is required for the operations of autonomous sailboats in open waters,
aligning with the 2025-2026 consensus that favors hybridizing topological guidance with reactive Deep
Reinforcement Learning (DRL) (ZHANG, H. et al., 2025).

1.2 Theme, Research Question and Problem

The theme of this thesis can be roughly enunciated as the study and development of a robust navigation
algorithm for sailboats operating in dynamic, unknown environments based on a hybrid paradigm
involving Deep Hierarchical Reinforcement Learning and Arti cial Potential Field.

Inside this theme and having in mind the Map Dependency Problem, this doctoral research is
driven by ve primary questions that seek to de ne how sailboats navigate in unknown environments:

1. RQ1: How can a hierarchical architecture combining a classical strategic layer with a learned
tactical layer be designed to eliminate map dependency while ensuring global waypoint conver-
gence?

2. RQ2: Can Arti cial Potential Fields (APF) be integrated into a Deep Reinforcement Learning
observation space to provide reactive safety without overriding the learned aerodynamic control
policy?

3. RQ3: What is the quanti able mechanical trade-o between the safety of reactive, mapless
autonomy and the actuator stress compared to pre-planned optimal routes?

4. RQ4: Does such a mapless, sensor-driven architecture generalize to dynamic multi-vessel envi-
ronments where other vessels act as moving physical obstacles undetectable by static planners?

5. RQ5: Can the sail actuation responsibility be structurally decoupled from the PPO network and
replaced by an explicit model-based module, such as a Fuzzy inference system or a Polynomial
polar-diagram regressor, to simultaneously improve mission speed and reduce actuator wear?
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These questions can be joined together in a single question that consists of the main research
problem which will be worked on this thesis, as described next.

Problem:

Is it feasible, and how safe, robust, and e cient can a navigation algorithm based on a hybrid
paradigm involving Deep Hierarchical Reinforcement Learning and Arti cial Potential Field be for
sailboats operating in unknown, dynamic environments?

1.3 Research Hypothesis and Contribution

Hence, addressing the aforementioned research problem leads to the formulation of the central research
hypothesis of this thesis, stated below, followed by the corresponding research contributions developed
to validate it.

Hypothesis:

The main hypothesis the thesis intends to argue is that it is possible to plan and execute trajectory
paths that allow a safe, robust, and e cient navigation of a sailboat operating in unknown, complex,
and dynamic environment with reduction of mechanical stress by way of using a hybrid algorithm
involving Deep Hierarchical Reinforcement Learning and Arti cial Potential Field.

The veri cation of this hypothesis goes throughout the implementation and empirical experiments
and tests, in order to verify the e ciency of the proposed technique when facing the best known
algorithms. Also, mechanical stress of the sailboat is addressed, as well as dynamic situations in which
obstacle avoidance is necessary.

The veri cation of the above hypothesis provides the main contribution of this work, as detailed

in sequence.
Contribution:

Development of a new hybrid navigation strategy using Deep Hierarchical Reinforcement Learning
and Arti cial Potential Field, which can be used by USV for autonomous navigation.

To reach this main contribution, we provide ve (original) secondary contributions (new techniques
or steps necessary during the veri cation of the above hypothesis) to the elds of Autonomous Surface
Vehicles (USVs) and Arti cial Intelligence. Some of them are new techniques necessary in the steps
followed to reach the main contribution:
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1. The Hierarchical Reinforcement Control (HR-C) + APF Framework: A novel hier-
archical navigation architecture that combines high-level A* strategic reference with Arti cial
Potential Field (APF) reactive guidance and a low-level Proximal Policy Optimization (PPO)
tactical agent driven by 2D LIDAR, enabling fully mapless, sensor-driven navigation.

2. The Unknown-Obstacle Falsi cation Test: A rigorous experimental demonstration of the
structural failure of map-dependent algorithms (A* and ACO) when confronted with unmapped
threats. Adversarial falsi cation testing has recently emerged as a critical standard for evaluating
rule compliance and safety in maritime RL agents before real-world deployment (MULLER et al.,
2025). This test directly proves the necessity of the proposed HR-C+APF model.

3. Mechanical Stress Analysis of Mapless Sailing: A pioneering evaluation of actuator wear
(rudder reversals and angular displacement) in reactive sailboats. Given that high-frequency
control signals generated by DRL reactive loops are now recognized by the 2025-2026 literature
as major causes of mechanical stress and actuator fatigue (KRAUTWIG et al., 2026), this analysis
establishes the "price of autonomy" for future hardware design and highlights the critical need
for control signal quality evaluation (AGYEI;, SARHADI; POLANI, 2025).

4. Dynamic Multi-Vessel Obstacle Scenario: An evaluation of HR-C in a scenario where six
SDF-physical vessels, following scripted trajectories, patrol the navigation corridor as moving
obstacles undetectable by any static map. The experiment con rms that HR-C+APF's real-time
LiDAR-driven policy navigates this scenario successfully, while classical planners (A* and ACO)
remain structurally blind to dynamically placed vessels.

5. Explicit Sail Actuation Modules and Competitive Race Benchmark: The structural
decoupling of the sail actuator from the PPO policy, enabling two plug-in modules a Mamdani
Fuzzy inference system and a Polynomial polar-diagram regressor to override the boom com-
mand. A novel six-agent competitive race, with six dynamic physical vessel obstacles, serves as the
evaluation arena. In a single representative race run, the resulting A*/APF+PPO+Polynomial
con guration reaches the goal in 57 steps, at a 4.2 m nal distance, with a 72% reduction in
total rudder displacement versus the end-to-end PPO baseline; acrd$s= 9 independent runs
(Section 5.7), this rudder-wear reduction is the statistically con rmed result, while completion
speed does not di er signi cantly between A*/APF+PPO variants.
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Publications Originating from this Thesis

The following papers were produced in direct relation to the research developed in this thesis; not all
of them originated from the speci c research questions answered here (Section 1.2), but all report work
carried out as part of this thesis's research program. Items mark¢dnder Review] or [Submitted]

are currently under evaluation. Earlier, more loosely related publications by the candidate are instead
cited as prior work in Chapter 3 (Section 3.4).

1. [Under Review] Araujo, A. P. D.; Mankina, V.; Guerra, R.; Branddo, D. N.; Vasconcellos,
E. C.; Pavanelli, E. B.; Distante, C.; Leo, M.; Preux, P.; Gongalves, L. M. G.; Clua, E. W. G.
Hierarchical Reinforcement Learning for Autonomous Sailboat Navigation in Unmapped Envi-
ronments. ACM Transactions on Autonomous and Adaptive System2026.

2. [Submitted] Araujo, A. P. D.; Guerra, R.; Brandao, D. N.; Vasconcellos, E. C.; Gongalves, L.
M. G.; Clua, E. W. G. Polynomial and Fuzzy Sail Actuation within a Hierarchical Reinforcement
Control Framework for Autonomous Sailboats: A Competitive Multi-Agent Benchmark. Ocean
Engineering 2026.

3. Vasconcellos, E. C.; Negreiros, A. P. F.; de Araujo, A. P. D.; Guerra, R.; Preux, P.; dos Santos,
D. H.; Gongalves, L. M. G.; Clua, E. W. G. Yara: An Ocean Virtual Environment for Research
and Development of Autonomous Sailing Robots and Other Unmanned Surface Vesselsurnal
of Intelligent & Robotic Systemsvol. 111, n. 3, 2025. (VASCONCELLOS; NEGREIROS, et al.,
2025).

4. Mankina, V.; Araujo, A. P. D.; Guerra, R.; Clua, E. W. G.; Cernicchiaro, C.; Goncalves, L.
M. G.; Distante, C. Al-Based Autonomous Sailboat Navigation: A Review. Journal of Field
Robotics vol. 42, 2025. (MANKINA et al., 2025).

5. Aratjo, A.; Guerra, R.; Preux, P.; Goncalves, L.; Distante, C.; Brandao, D.; Mankina, V.;
Vasconcellos, C.; Clua, E. Towards an Autonomous Sailboat Navigation Control Architecture.
In: 2024 Latin American Robotics Symposium (LARS)IEEE, 2024. (ARAUJO; GUERRA, et
al., 2024).

6. Araujo, A.; Preux, P.; Gongalves, L.; Cernicchiaro, C.; Distante, C.; Branddo, D.; Mankina,
V.; Vasconcellos, C.; Clua, E. A Comparison of DRL with APF and A* with Pl Control for
Trajectory Planning with Obstacle Avoidance for Sailboat Robots. [n:2024 Latin American
Robotics Symposium (LARS)IEEE, 2024. (ARAUJO; PREUX, et al., 2024).
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7. Vasconcellos, E. C.; Sampaio, R. M.; Aratjo, A. P. D.; Clua, E. W. G.; Preux, P.; Guerra,
R.; Goncgalves, L. M. G.; Marti, L.; Lira, H.; Sanchez-Pi, N. Reinforcement-learning Robotic
Sailboats: Simulator and Preliminary Results. NeurlPS 2023 Workshop on Robot Learning:
Pretraining, Fine-Tuning, and Generalization with Large Scale Mode|sNew Orleans, United
States, 2023. (VASCONCELLOS; SAMPAIO, et al., 2023).

8. Araujo, A. P. D.; Chandrasekharan, G. P.; Clua, E. W. G.; Preux, P.; Vasconcellos, E. C,;
Gongalves, L. M. G. Vision of the Seas: Open Visual Perception Framework for Autonomous
Sailing Vessels. 1n:2023 30th International Conference on Systems, Signals and Image Process-
ing (IWSSIP), IEEE, 2023. (ARAUJO, André P. D. et al., 2023).

1.4 Text Structure

The remainder of this thesis is organized as follows: Chapter 2 provides the technical background,
covering the core algorithms, the eSailor simulation environment, the eBoat digital twin physics, and
the onboard sensor suite. Chapter 3 surveys the related literature, organized from broad categories
of maritime navigation methods to the works most strictly related to this thesis. Chapter 4 presents
the mathematical implementation of the HR-C+APF model, the implementation of the comparative
baselines, and the explicit Fuzzy and Polynomial sail actuation modules. Chapter 5 describes the
ve evaluation scenarios (A E), presents the experimental results across all scenarios, and provides
the competitive race and statistical robustness analysis. Finally, Chapter 6 summarizes the primary
ndings, outlines the original contributions, and presents future perspectives for real-world deployment

on the physical F-Boat platform.



2 Background

This chapter provides the technical foundation required to understand the contributions of this thesis.
It covers the core algorithmic building blocks used in autonomous maritime navigation, the simulation
infrastructure and digital-twin models employed throughout the experiments, and the sensor suite that
de nes the agent's perception of its environment. The intent is to give the reader the conceptual
and mathematical tools necessary to follow the architectural decisions described in Chapter 4 and the
experimental analysis in Chapter 5.

2.1 Path Planning

Path planning is commonly divided into global and local planning (SANTOS et al., 2016). Global path
planning focuses on generating an e cient overall route, often using graph-search methods such as A*
or metaheuristics such as Ant Colony Optimization (ACO) to nd paths that account for environmental
constraints. Local path planning deals with immediate concerns such as dynamic obstacles, real-time
weather adjustments, and sudden environmental changes, typically addressed by reactive methods
such as Arti cial Potential Fields (APF) or learned policies from reinforcement learning. The e ective
integration of these two planning levels is crucial for comprehensive navigation systems, and it is
precisely this division that our proposed HR-C framework formalizes.

2.1.1 Graph-Search-Based Algorithms: A*

The A* algorithm (HART; NILSSON; RAPHAEL, 1968) is a widely used informed search algorithm
for path nding on graphs or grids. It e ciently nds the shortest path based on a cost functionf (n) =
g(n) + h(n), whereg(n) is the exact cost from the start andh(n) is an admissible heuristic (typically
Euclidean distance to the goal). A* expands nodes in a priority queue ordered Iby guaranteeing
optimality on a nite graph when h is admissible. In this thesis, the path generated by A* is executed
using PID controllers (A*+PID baseline), and its runtime adaptability is limited to the PID controller's
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reactions unless replanning is explicitly triggered (the A*(RP) variant). Algorithm 2.1 formalizes the
A* search with optional replanning used in the experiments.

Why A*, and not an incremental or dynamic planner such as D*?  Incremental replanning algo-
rithms D* (STENTZ, 1994), D* Lite (KOENIG; LIKHACHEV, 2002), and their descendants

are designed to reuse information from a previous search when tkeown map changes, making re-
peated replanning cheaper than recomputing from scratch. This thesis does not adopt them, for two
reasons speci c to its experimental design. First, for the classical map-dependent baselines (A*+PID,
A*(RP)+PID, ACO+PID), the object under test is precisely the structural map-dependency paradigm,
not the computational e ciency of any particular replanning strategy: D* still requires an occupancy-
grid representation of the environment to search over, so it would su er the same falsi cation-test failure
mode as A* the moment an obstacle is absent from that grid (Chapter 5, Scenario C). The A*(RP)
variant already grants the classical paradigm a reactive replanning capability, functionally analogous
to what D*-style incremental search would o er, without changing the underlying conclusion. Second,
and more fundamentally, A* plays a di erent role inside HR-C itself: its high-level layer (Table 7)
runs A* on a grid that is permanently empty, so there is no obstacle information to incrementally
reuse in the rst place the incremental-search advantage of D*-family algorithms is inapplicable by
construction, since all obstacle reactivity in HR-C is delegated to the APF-augmented PPO layer, not
to the strategic planner. A*, being the simplest and most widely reported baseline in the path-planning
literature (Chapter 3), was therefore chosen as the standard, comparable reference point for both roles.

2.1.2 Metaheuristic Optimization: Ant Colony Optimization

Randomization methods based on optimization techniques use stochastic algorithms to solve combina-
torial problems where deterministic methods fail. Instead of computing exact gradients, these methods
intelligently guide random sampling toward a global optimum.

Ant Colony Optimization (ACO) (DORIGO; MANIEZZO; COLORNI, 1996) is a metaheuristic
inspired by the foraging behavior of real ants, in which virtual agents probabilistically construct paths
guided by a pheromone matrix j and a heuristic attractiveness j; = 1=d;. After each iteration, the
global pheromone trail is updated: edges belonging to shorter paths receive more pheromone, while all
edges undergo evaporation at rate. The paths found are not guaranteed to be optimal, potentially
leading to longer traveled distances. In this thesis, the path found by ACO is executed via PID
controllers (ACO+PID baseline). Algorithm 2.2 details the ACO procedure fans = 100, njer = 100,

=1, =2, =0:1).
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Algorithm 2.1 A* Path Planning with Optional Replanning (A*(RP))

Require: Start s, goal g, obstacle mapM , waypoint tolerance"
Ensure: Sequence of waypointsV

1

2:

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:

20

21:

22

23:
24:
25:
26:
27:
28:

29

. function AStarPlan (s;g; M)
open f sg; closed ;
gscore[s] 0; fscore[s] k s gk
while opené ; do
N arg minozopen fscorelN’]
if n = gthen return ReconstructPath (n)
end if
open opennfng; closed closed f ng
for each 8-connected neighbar® of n with M [n9 6 OBSTACLE do
if n°2 closedthen continue
end if

Ocand gscore[n] + kn n(k
If gcand < gSCOI’e[nO.l then
parennd  n; GscorelN]  Gcand
fscorelM]  Geana + kn® gk; open open[f n%
end if
end for
end while
return Failure
: end function
W  AStarPlan  (po;g;M); k O
: while goal not reacheddo
if kp Wk "wpthen k k+1

end if
if replanning modeand obstacle detected by LiDARthen
W  AStarPlan (p;g;M); k O
end if
i m  PID(p;W,); apply actuators( ;90 ;m)
. end while
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Why ACO, and not Genetic Algorithms or Particle Swarm Optimization? Chapter 3 situates ACO
alongside Genetic Algorithms (GA) and Particle Swarm Optimization (PSO) as the three metaheuristics
most commonly applied to ASV path planning. ACO was selected as the representative metaheuris-
tic baseline for two reasons. First, its pheromone-trail mechanism produces a single incumbent path
that degrades gracefully under a reactive PID de ection layer (ZHENG et al., 2022), giving the fairest
possible metaheuristic baseline: like A*(RP)+PID, an ACO+PID stack with a proximity-triggered de-
ection is already precedented in the literature, whereas GA and PSO are typically deployed as one-shot
0 ine optimizers without an established reactive-execution counterpart, which would make a GA+PID

or PSO+PID baseline a non-standard construction speci c to this thesis rather than a reproducible
comparison point. Second, all three metaheuristics share the same structural map-dependency this
thesis falsi es: GA and PSO also optimize a candidate path against a known occupancy grid and do
not sense the environment at runtime, so substituting either for ACO would not change the qualitative
outcome of Scenario C, only the speci c (still map-dependent) trajectory produced.

2.1.3 Reactive Navigation: Arti cial Potential Fields

Introduced by Khatib (1986) (KHATIB, 1986), Potential Field Methods (PFM) use virtual attractive

and repulsive forces for navigation. The goal exerts an attractive potential, while obstacles exert
repulsive potentials, guiding the agent along the combined gradient. While usable standalone, classic
APF often su ers from local minima. In the HR-C framework, APF calculations are not used for direct
control; instead, they are integrated as input features into the RL agent's observation space, providing
explicit, reactive guidance for goal direction and obstacle proximity that the learned policy exploits
alongside other sensor data.

2.1.4 Reinforcement Learning: PPO and Hierarchical Control

Reinforcement Learning (RL) (SUTTON; BARTO, 2018) enables agents to learn optimal policies
through environmental interaction. The Proximal Policy Optimization (PPO) algorithm is an on-
policy gradient method that clips the policy update to prevent destabilizing large steps, making it
robust to hyperparameter choices and e ective for continuous control tasks.

Hierarchical Reinforcement Control (HR-C) (RUAN; DAI; YU, 2023; WANG; JIANG; WANG,
2023) structures the learning problem into two levels: a high-level component that manages global
path strategy by generating waypoints (using A*), and a low-level agent that focuses on local control
(using PPO) to reach each waypoint while reacting to obstacles in real time. This decomposition
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Algorithm 2.2 Ant Colony Optimization Path Planning (ACO + PID)

Require: Grid G, start s, goalg, Nanss, Niers, > » , Q
Ensure: Best path W?

1: Initialize oforall (i;j)2 G

22W? null ;L7 1

3: for iter = 1;:::;Nyer do

4: for each anta=1;:::;nyus do

5: W, ConstructPath (s;9; 5 ) La length(Wy,)
6: if La<L?then L? L, W? W ,

7 end if

8: end for

9: 7 (L )y (evaporation)

10: for each anta do

11: for each edgdi;j ) 2 W, do

12: i i T Q=L, (depOSIt)

13: end for

14: end for

15: end for

16: return W~

17: function ConstructPath  (s;g; ;; )

18: path  [s]; current s
19: while current 6 g do

20: N unvisited neighbors of current
21: P(J) / current ;j current ;j fOI’j 2N

22: next sampleN with distribution P
23: path  path[f nextg; current next

24: end while
25: return path
26: end function
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improves learning e ciency for complex, long-horizon tasks by separating strategic planning from
tactical execution. Recent architectures have further validated this hierarchical approach: models using
RRT paths to guide DQN agents accelerate training convergence and improve safety against irregular
obstacles (ZHANG, H. et al., 2025), and frameworks that construct sparse local graphs from LiDAR
point clouds handle unseen dynamic obstacles without prior maps (SELLERS et al., 2026). In the
HR-C framework, a PPO agent forms the low-level controller, trained on a 12-dimensional observation
that fuses navigation, wind, LIDAR, and APF data. Table 1 summarizes the high-level characteristics
of the navigation paradigms compared in this thesis.

Terminological note: agent vs. multi-vessel vs. multi-agent. This thesis usesagent in the precise
reinforcement-learning sense: an entity that perceives a state, executes a learned policy, and receives
a reward, applicable to the ego-sailboat controlled by PPO. Scenario D (Section 5.1.4) introduces
additional vessels that follow scripted sinusoidal and straight-line trajectories, with no perception,
policy, or reaction to the ego-vessel; they are therefoynamic vessel obstaclesot agents in this
sense, and Scenario D is described throughout this thesis as a dynamidti-vesselenvironment rather
than a multi-agent one. Scenario E (Section 5.1.5), in contrast, is legitimately multi-agent in the
classical sense of Wooldridge (WOOLDRIDGE, 2009): each of the six competing sailboats is driven by
an independent, autonomous decision-making control stack (A*+PID, ACO+PID, or one of the three
A*/APF+PPO con gurations) that perceives and acts within a shared environment, even though the
controllers do not communicate or negotiate with one another anon-cooperative concurrent multi-
agent setting, not a coordinated one.

Table 1: High-Level Evaluation of Compared Navigation Approaches

Approach Planning Path Optimal- Runtime Adapt- Map Required?
Time ity ability
Classical / Metaheuristic (Map-Dependent)

A*+PID Moderate  (of- | High (on graph) | None (laser ig-| Yes
ine) nored)

A*(RP)+PID Moderate  (of- | High (on graph) | Partial (LIDAR- | Yes
ine) + occa- triggered full
sional replans replan)

ACO+PID High (iterative) | Variable Partial  (reactive | Yes
PID, no replan-
ning)

Hierarchical Reinforcement Control (Mapless)

A*/APF+PPO (+Cur- N/A  (learned | Learned Very high (sensor-| No

rents) policy) driven at every
step)
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2.2 Simulation Environment: The eSailor Ecosystem

Simulation environments provide a risk-free, cost-e ective, and scalable virtual testbed to develop,
test, and train navigation strategies for USV systems. Simulators are essential for validating new ideas
and optimizing algorithms before real-world deployment, functioning as an essential bridge between
conceptual design and physical reality. Several core motivational aspects can be enumerated for using
simulation in USV (PARAVISI et al., 2019). First, and most important, simulation guarantees safety
and risk elimination, with zero hardware damage to real robots, which can crash into themselves or their
surroundings by programming or logic errors. Simulation allows for aggressive trial-and-error without
destroying expensive physical prototypes. In addition, extreme scenario testing is allowed, such as
the simulation of catastrophic failures, dangerous environments (e.g., radiation, deep-sea, space), and
edge-case scenarios. It would be impossible or unsafe for developers to test navigation in these scenarios
in the real world (JORGE et al., 2019).

A further motivation is accelerated Machine Learning and Al training. Simulators generate large
volumes of training images, depth maps, and sensor data to bootstrap computer vision models (SAL-
GADO; BEZERRA, et al., 2024; MENESES SANTOS et al., 2026). Scalable reinforcement learning
platforms such as NVIDIA Isaac Sim can run thousands of parallel simulations in the cloud, train-
ing navigation policies in a matter of hours a comparable approach to the one adopted in this
work (SALGADO; VASCONCELLOS, et al., 2026).

Another advantage is the speed of development with consequent cost reduction by way of iterative
engineering. Simulation allows engineers to rapidly tweak a robot's dimensions, actuators, or sensor
placement and instantly see the results, drastically speeding up the hardware and software design cycle.
Architectures based on software-in-the-loop (SIL) testing can be developed, so software updates and
control policies can be tested on digital twins before ever being uploaded to physical machines (DE
NEGREIROS et al., 2023).

These advantages motivate a strong focus on bridging the gap between simulation and reality
through Sim-to-Real pipelines. By combining physically accurate physics engines with domain ran-
domization, Al models trained in virtual environments can be transferred to operate reliably in un-
structured real-world conditions (VASCONCELLOS; SAMPAIO, et al., 2023).

In this work, all experiments and training procedures were conducted within thgara simulation
environment (VASCONCELLOS; NEGREIROS, et al., 2025), referred to as eSailor in this thesis. Yara
IS an open oceanic virtual environment built upon the Robot Operating System (ROS Noetic) and
Gazebo Classic 11, speci cally designed for developing, training, and evaluating autonomous agents
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