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Autonomous sailing offers a sustainable alternative for reducing greenhouse gas emissions in maritime trans-
port, aligning with global environmental targets. This study explores the application of reinforcement learning
(RL) to autonomous sailing, addressing challenges in handling dynamic and unpredictable environmental

Simulfnio“ conditions. Leveraging a sim-to-real transfer methodology, RL agents were trained in a simulation environment
ED)‘?:;::; domization with the domain randomization technique to enhance adaptability and robustness, and tested in real-world
Reality gap scenarios using a robotic sailboat in the Offshore Basin at MARIN. The study quantified the reality gap between
Roll tacking simulation and real-world environments, identifying key discrepancies in actuator latency and simulation

modeling accuracy. In real-world basin experiments, the best-performing RL agent successfully completed the
course in 12 out of 12 runs. Unlike conventional controllers, the trained agents demonstrated enhanced sailing
capabilities like roll tacking and recovery from wind-stalled conditions. This work advances the understanding
of autonomous sailing control and highlights pathways to bridge the reality gap, contributing to the broader

adoption of RL in dynamic real-world applications.

1. Introduction

Wind-assisted ships have (re)gained considerable attention as part
of an effort to vastly reduce the maritime industry’s greenhouse gas
emissions, with a target of a 50% reduction by 2050 set by the Inter-
national Maritime Organization (IMO, 2023). However, the control of
wind-assisted ships is challenging due to their low control authority
and the advance planning that is required. This challenge is further
compounded by the constantly changing and unpredictable maritime
environment it has to operate in, requiring precise maneuvering and
the optimal utilization of sails. Safely and efficiently controlling these
ships requires specialized skills, but due to its novelty, there are not
many people with expertise in this area (Chou et al., 2021).

To overcome these challenges, there is a need to explore innovative
control systems that autonomously operate wind-assisted ships in a
way that harnesses the energy of the wind efficiently. Smart control
systems, which leverage advanced technologies such as artificial intel-
ligence, have shown promise in various control applications, including
the control of power-propelled ships (Chen et al., 2020, 2019). These
systems are able to integrate real-time data, optimize sailing strategies,
and adapt to changing environmental conditions. In this work, “sailing”
denotes wind-propelled surface vessels equipped with sails, while “au-
tonomous” refers to the control of the sail and rudder without human
intervention.

Unlike motorized vessels, sailboats are unable to sail directly against
the wind. This is depicted as the “Dead Zone” in Fig. 1(a). Sailing down-
wind is fairly straightforward, as this is something that automatically
happens. However, to sail upwind, the sailboat has to depend on the
complex interaction between aerodynamic and hydrodynamic forces.
Forward power is generated through lift, produced by maintaining an
optimal angle of attack on the sail, similar to an airplane wing (Kimball,
2009). The forces on the sail are generated at the price of heeling
and/or leeway. The centerboard (or “keel” depending on the type of
sailboat) generates lift in the other direction to counter this leeway and
heeling moment by acting as a hydrofoil. The resulting forces on the
centerboard and sail are shown in Fig. 2.

The counteracting forces result in a forward motion of the sailboat.
This makes the prediction of the speed of a sailing vessel very complex
when going upwind. To reach an upwind target, a sailboat follows
a zigzag trajectory called beating, alternating between close-hauled
courses on opposite sides of the wind direction, Fig. 1(a). This involves
tacking, a maneuver where the boat turns its bow through the wind to
switch directions. Efficient tacking minimizes distance and maintains
speed toward the target. Such trajectories are shown in Fig. 1(b).

In previous research on autonomous sailing control (ASC), global
path planning algorithms, such as A* (Erckens et al., 2010) and RRT*
(Saoud et al.,, 2015), optimize routes while balancing efficiency and
adaptability in changing conditions. Local path planning approaches
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Fig. 1. Navigating wind angles with a sailboat.

Air
Flow
N~

(b)

Fig. 2. Forces on the (a) centerboard and (b) sail.

like Line-of-Sight (Deng et al., 2020) and Potential Field (Ulysse et al.,
2019) methods focus on near-field navigation to manage obstacles
and real-time adjustments. Path following, which manages rudder
and sail adjustments, often uses PID, adaptive fuzzy control (Stelzer
et al., 2007), or hybrid control techniques to respond to environmental
changes. Notable work includes (Lemaire et al., 2018) which presents
an adaptive system for selecting optimal tacking strategies for small
sailing robots. The system uses a PID controller for low-level rudder
control, and sail control is managed through a predefined lookup table
that maps apparent wind direction to sail sheet length.

Conventional control algorithms rely on predefined models and
rule-based approaches to manage systems, while reinforcement learn-
ing (RL) leverages trial-and-error interactions with the environment to
optimize decision-making through learned policies. In RL, a learner
called the agent performs an action in the environment at each time
step and the environment returns a state along with a scalar reward.
The agent learns to accomplish a task by gradually improving its policy
and maximizing long-term rewards. For path planning and control
in ASC, Suda and Nikovski (2022) presents an application of RL to
optimize decision-making for sailing a boat upwind under uncertain
wind conditions. The study demonstrates that learned policies can
outperform conventional control approaches, providing improvements
in sailing efficiency. da Silva Junior et al. (2020) proposes a high-level

path planning algorithm for autonomous sailboats using RL, optimizing
sailing routes by accounting for wind directions, obstacles, and safety
while generating feasible trajectories in various scenarios, including
upwind navigation. In addition to sailing-specific applications, RL has
also been investigated for low-level control of surface vessels, primarily
for motor-driven platforms. Chen et al. (2020, 2019) applied RL to the
control of heading and speed of power-propelled ships operating under
environmental loads, showing that learned policies can improve robust-
ness compared to conventional controllers. RL has also been explored
for dynamic positioning, where learned policies maintain position un-
der environmental loads, demonstrating its suitability for continuous
marine control problems (@vereng et al., 2021). Furthermore, RL has
been proposed as a method for collision-aware maneuvering for motor-
driven vessels, where agents are trained to simultaneously control
heading and speed in dynamically changing scenarios, showing their
ability to adapt to evolving vessel interactions (Chun et al., 2024).

One of the main challenges in RL is safely and autonomously
collecting extensive data, which is best handled through simulation.
Simulation allows for rapid, parallelized data collection, reducing train-
ing costs and human supervision requirements (Ibarz et al.,, 2021).
However, transfer of RL agents trained in simulation to real-world
robotic systems faces the “reality gap”, or inaccuracies in simulations
due to modeling errors and assumptions (Zhao et al., 2020). This
gap is widened by real-world robotic-system issues like sensor noise,
actuator latency, and variability in environmental dynamics, which
might not be fully represented in simulations. Although RL research in
ASC has primarily focused on simulated models (da Silva Junior et al.,
2020; Suda and Nikovski, 2022), bridging the reality gap is crucial to
achieving reliable real-world performance.

To address the challenges of transferring learned policies from
simulation to reality, domain randomization (DR) has become a widely
used and effective technique, particularly in dynamic and continu-
ous control environments. DR introduces variability into simulation
parameters to improve the generalization of learned policies to real-
world conditions, prioritizing robustness over simulation fidelity. Two
common approaches to DR are dynamics randomization and initial con-
dition randomization. For example, in quadruped locomotion, Tan et al.
(2018) randomized parameters like friction coefficients and applied
perturbation forces, while Wada et al. (2022) focused on variations
in aerodynamic coefficients for aerial vehicles. Similarly, Loquercio
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et al. (2020), Kaufmann et al. (2023), and Wang et al. (2022) ran-
domized initial conditions, such as lighting, starting positions, and
state perturbations. Kaufmann et al. (2023) extended their approach
by incorporating noise models, while Wang et al. (2022) demonstrated
how DR could be combined with progressive task complexity to fur-
ther enhance policy robustness, both achieving real-world task success
comparable to or even surpassing professional human performance. In
this study, DR was limited to variability in the initial state of the vessel
and the environmental wind setting, while the underlying system and
actuator dynamics were kept fixed.

While these sim-to-real studies demonstrate the potential of DR
to enable effective policy transfer, none have explicitly measured or
quantified the reality gap that was bridged. This gap, representing
the discrepancy between simulated environments and real-world con-
ditions, is a critical yet often overlooked factor. Quantifying it could
provide valuable insights into the effectiveness of sim-to-real transfer
methods, help refine simulation setups by identifying areas where
improvements are needed, and establish benchmarks for evaluating
transfer success. Without a clear measure of the reality gap, it is chal-
lenging to establish benchmarks for transfer effectiveness or to compare
the performance of different methods systematically. By addressing this
overlooked aspect, future research could strengthen the foundation of
sim-to-real transfer and expand its applicability across a broader range
of control tasks. In addition, existing work on RL for surface vessel
control focuses predominantly on motor-driven vessels and simulation-
based evaluation. While RL has been applied to wind-propelled sailing
in prior studies (Suda and Nikovski, 2022; da Silva Junior et al., 2020),
these studies remain simulation-based, and real-world validation of
RL-driven sailing control has not yet been demonstrated.

This study explores the viability of RL for controlling underactuated
systems, such as wind-assisted ships, in dynamic and unpredictable
real-world conditions. The research focuses on developing an RL-based
control system for a small sailboat in a simulation environment and
subsequently transferring it to a real-world environment, specifically
the Offshore Basin (OB) at MARIN (The Maritime Research Institute
Netherlands). The primary objective is to assess the effectiveness of
RL policies trained in simulation when applied to real-life scenarios.
By analyzing their performance and investigating the reality gap, this
work aims to enhance understanding of RL’s potential and limitations
in autonomous sailing control. While prior work on RL for autonomous
sailing has primarily focused on simulation-based performance, this
study provides systematic evaluations of learned sailing policies in a
controlled real-world basin environment and relates their performance
to differences between simulation and reality. In doing so, the study
contributes to broader research on sim-to-real transfer in dynamic
environments.

The paper is organized as follows: Section 2 describes the environ-
ments and the RL agent with the state and action spaces as well as the
reward function. Furthermore, the section highlights the training de-
tails for the RL agents and the evaluation process yielding the RL agents
to be transferred to the real world. Finally, the baseline controller is
explained, which is used for comparison with the RL agents. Section 3
presents the results in the simulation environment. First, the reality
gap is quantified and analyzed, and subsequently results are presented
to demonstrate that RL agents are able to learn to sail upwind in the
simulation environment. In Section 4, sim-to-real transfer results are
given, by first explaining the sim-to-real training setup and then the
deployment of the agent in the basin. This is followed by the results
demonstrating the fundamental and advanced sailing capabilities that
the agents displayed in the basin. Lastly, Section 5 finalizes the paper
with conclusions and ideas for future research.

2. Method

The reinforcement learning agent is trained in a simulation en-
vironment. The policies saved during training are then subjected to
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Table 1

Main particulars of the Optimist assembly.
Main particular Value Unit
Lpp 2.041 m
Beam 1.112 m
Ta 0.141 m
Tf 0.075 m
Hull mass 108.96 kg
Ballast mass 42.59 kg
Boom mass 1.65 kg

an evaluation process, and the selected ones are transferred to the
basin. An established successful robotic sailing controller is used as a
baseline to compare against the policies. This section presents detailed
information on these steps.

2.1. Environments

The following sections provide detailed information on the two
environments used in this study: the simulation environment where the
training of the RL agent was done and the basin environment where the
trained agents were transferred without any further tuning or training.

2.1.1. Basin environment and the optimist

The experiments to test the trained agents were conducted in the OB
at MARIN. The OB has the dimension of 45 m x 36 m x 10.2 m and is
equipped with wave, wind and current generation mechanisms as well
as a carriage. Wave and current generators were not used during the
experiments, and the wind was generated using electrical fans installed
on a platform of 24 m width. The carriage can follow the movements
of the Optimist in both directions on the horizontal plane. During the
experiments several precautions were taken to prevent any accident.
The Optimist was allowed to move in an inner domain safely away
from the sides of the basin. The perimeter of the inner domain was
demarcated by a rope barrier. Furthermore, two members of the basin
crew were in the water at a safe distance from the Optimist to recover it
in case of a risky situation. Fig. 3 shows a view of the OB with the wind
fans, Optimist, carriage and basin crew. Fig. 4 illustrates the Global
Coordinate System (GCS) in the basin with the dimensions of the inner
domain and the basin. The xy-plane of the GCS is aligned with the Still
Water Line (SWL). The z-axis points upwards.

The electrical fans generated the wind at two levels; 40% or 60%.
Prior to the experiments, steady wind velocity measurements were
conducted at three elevations (0.5 m, 1.0 m and 1.5 m) at the two wind
levels since the Optimist was not equipped with a sensor to measure
the wind. The wind probe array consisted of 64 (x,y) positions inside
the inner domain. These measurements were converted into a spatial
non-temporal wind field. This data was used during both the tests in
the basin and training in the simulation.

The robotized Optimist is shown in Fig. 5 and the main particulars
are listed in Table 1. It features three actuators, for moving the rudder,
setting the sail, and moving the ballast. The ballast can be moved
only in the transverse direction and is intended to imitate a person
on board. The carriage tracks and follows the Optimist, and features
the Optotrak Certus HD which is a Dynamic Measuring Machine for 3D
and 6-DOF motion tracking and analysis (NDI, 2024). This system is able
to track the positions and motions of infrared LEDs (markers) on the
Optimist in real-time at a high speed of approximately 495 frames per
second. Using at least 5 of the 8 LEDs, the position and motions of
the Optimist can be captured at high accuracy. The carriage is also
equipped with a wireless transmitter/receiver that can send and receive
data in real-time.

The choice of a small sailboat like the Optimist is advantageous
since it can be tested and controlled within the confines of a basin that
already has sensor systems and camera setup, reducing the complexity
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Fig. 3. A view of the Offshore Basin with the carriage following the Optimist and wall of wind fans.
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Fig. 4. Top view of the basin with the global coordinate system, dimensions
and wind direction. The xy-plane of the coordinate system is aligned with the
still water line. The z-axis points upwards. The inner domain is indicated by
the yellow rectangle.

Fig. 5. Robotized Optimist for autonomous sailing control, with: 1. Rudder
2. Servo motor to control the rudder angle 3. Triangles with a LED on each
corner 4. Servo motor to move the ballast 5. Ballast/battery 6. Winch for sail
control.

and risks associated with open water trials. Moreover, there is existing
knowledge and experience in ASC of small sailboats, which can serve
as a foundation for developing control strategies and as a benchmark
for evaluating the RL agents.

2.1.2. Simulation environment
The numerical model of the sailing Optimist is implemented using
MARIN’s time-domain seakeeping and maneuvering software known as

xSimulation (Quadvlieg and Rapuc, 2019). Fig. 6 shows the definitions
of the ship motions and the right-handed local coordinate systems
(LCSs). The setup of the numerical model of the Optimist includes
three main elements: the environment, the Optimist assembly, and
the numerical integrator. The environment is a digital copy of the
OB (see Fig. 11). The measured wind speed in the OB is imported
into the simulations in order to calculate the apparent wind speed
and direction using the heading and location of the Optimist. The
numerical integrator executes the integration in time using the implicit
Euler method. The Optimist assembly is comprised of three bodies with
associated LCSs as shown in Fig. 6(b), each with its own mass and
moment of inertia. These bodies are hull, ballast and boom\sail, and
linked together by means of constraints. The origin of the boom is at the
intersection between the boom profile and the centerline of the mast.
The origin of the ballast is chosen at the center of the aluminum profile,
which is the support of the ballast actuator on the hull edges.

A key feature of the simulator is its ability to estimate the hy-
drostatic and hydrodynamic forces on the Optimist. To calculate the
aerodynamic forces, the lift and drag coefficients of the Optimist’s sail
were measured in a previous study (Andersson et al., 2018) in steady
flow conditions. The driving and side forces acting on the sail were
then calculated. The leeway angle was assumed to be negligibly small.
The application position, or centre of effort, of the sail forces was
assumed to be in the center of the sail area of the Optimist. The angle of
attack was taken as the difference between the apparent wind direction
and the measured boom angle. These adjusted steady-state coefficients
are then applied to the unsteady motion of the 6-DOF. Calculated
aerodynamic forces and their application positions were then used in
combination with the hydrostatic and hydrodynamic forces to solve the
equations of motion in 6-DOF.

2.2. Reinforcement learning agent

Reinforcement Learning is a framework for sequential-decision mak-
ing, where an agent interacts with an environment, learning through
trial and error to maximize long-term rewards. Formally, RL problems
are often modeled as a Markov Decision Process (MDP), defined by the
tuple (S, A, p,r,y), where S is the state space, A is the action space,
p(s,411s.,a,) is the unknown transition dynamics with s,,s,,; € S and
a, € A, r(s;,q,) is the reward function, and y € (0, 1] is the discount
factor. In the MDP framework, the agent observes the current state s, at
each time step and selects an action a, according to its policy z(q,|s,).
The environment then transitions to a new state s,,; according to its
transition dynamics p and provides a reward r. This process repeats,
generating a trajectory of state-action-reward sequences. The agent’s
objective is to learn an optimal policy that maximizes the expected
cumulative discounted reward,

J(@) = Y iy aper [1'1G51 0] @
=0

The Markov property assumes that the future state depends only on
the current state and action, not on the history of previous states,
which makes the problem tractable for computational solution. RL
algorithms solve MDPs by iteratively improving the policy through
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(a) Ship motions in 6-DOF
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(b) Optimist assembly with three bodies and associated right-
handed LCSs

Fig. 6. Definitions of the ship motions and local coordinate systems.

experience, either by learning a value function that estimates expected
future rewards or by directly optimizing the policy parameters. Here,
the discount factor y plays a crucial role in balancing immediate versus
future rewards. A value of y close to one places more emphasis on
long-term performance, encouraging the agent to plan ahead, whereas
smaller values prioritize short-term gains. In our sailing application,
a high discount factor (y = 0.998 as listed in Table 5) was chosen
to ensure that the agent considers the long-term consequences of its
actions along the path to the upwind target, rather than focusing solely
on immediate gains. This is essential because successful upwind sailing
requires a sequence of well-coordinated maneuvers (tacking) where
short-term speed loss during a tack must be accepted to achieve the
ultimate goal of reaching the target.

Haarnoja et al. (2018a) proposed the Soft Actor—Critic (SAC) agent,
which extends maximum entropy RL by optimizing a policy to maxi-
mize both expected reward and entropy, promoting exploration. The
objective of the SAC agent is

o]
J(1) = Y By ayen [V (51 0)) + aH))]. 2

1=0
Here, H, represents the entropy term indicating the stochasticity of
the policy, and the temperature parameter a > 0 controls the trade-
off between reward maximization and exploration. The entropy term
encourages exploration by preventing premature policy convergence to
suboptimal deterministic solutions. A higher a leads to more stochastic
policies, favoring exploration, whereas a lower a results in more ex-
ploitative behavior. In this work, « was not selected manually. Instead,
the automatic entropy tuning mechanism proposed by Haarnoja et al.
(2018b) was used, where «a is learned online during training. This
allows the agent to adaptively adjust its exploration-exploitation trade-
off based on the learning progress and task complexity, removing the
need for manual tuning.

In the maritime domain, the SAC agent has found applications,
particularly in enhancing the capabilities of autonomous marine vehi-
cles and improving navigation safety. Greep et al. (2025) investigated
both model-free and model-based approaches with the SAC agent in
heading-keeping of ships in waves. Xu et al. (2022) extended upon
the SAC agent and applied it to the collision avoidance problem of an
autonomous underwater vehicle. Zheng et al. (2022) presented a linear
active disturbance rejection control strategy based on the SAC agent
and applied to the path tracking control of unmanned surface vessels
under wind and wave disturbances.

The SAC implementation from the Stable Baselines3 library (Raffin
et al.,, 2021) was used in this project. Detailed information regarding
training parameters and the architecture of the agent is presented in
Section 2.5.

Table 2
State and action spaces.
Action space (A) State space (S) Unit
Move rudder Rudder angle (6,) rad
Let sheet out/in Sheet length (/) m
Move Ballast Ballast position (x,) m
Boom angle (5,) rad
Distance to target (x,, y,) m
Velocity (u, v) m/s
Yaw angle (y) rad
Yaw rate (r) rad/s
Roll angle (¢) rad
Wind heading («,,) rad
Wind speed (v,,) m/s

2.3. State and action spaces

In our problem, both the state and action spaces are continuous, as
listed in Table 2. All the components in the state space were normalized
to the range of [-1, 1]. The actions that the policy outputs were also
in the range of [-1, 1], which were then scaled to the corresponding
range of each individual actuator and clamped to within the maximum
allowed actuator rates.

Since the Optimist was not equipped with any sensors to measure
the wind speed or direction, these were calculated in the simulation
model using pre-measured wind data as described in Section 2.1.1.

2.4. Reward function and terminations

In all our experiments there are multiple objectives that the agent
needs to achieve simultaneously. Each objective is represented by
a distinct reward component that measures a specific aspect of the
simulation, often tied to a physical quantity. These components are
combined into a single scalar reward value. Details about the reward
components are provided in Table 3. Each reward component is de-
signed to promote a specific aspect of the desired sailing behavior.
The distance reward encourages steady progress toward the upwind
target by reducing the distance to the target line. The control cost
discourages abrupt or excessive control actions, promoting smoother
rudder, ballast, and sail adjustments. The gybing penalty discourages
rapid boom reversals, which are mechanically stressful and increase
the risk of capsizing, thereby promoting safer maneuvering. When the
control policy triggers a termination, a substantial reward is given,
see Table 4. The termination rewards are designed to enforce safety
and task completion. Large negative rewards are assigned when the
agent leaves the operating area, exceeds roll angle limits, or runs out of
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Table 3
Reward components.
Reward component Description Calculation
Distance Encourage the agent to reduce the distance 2x( m — (Xtarget = Xship))
between its actual position (xg;,) and the
target line (xgyge = 10m)
Gybing Punish the agent if the boom swiftly —-100

changes sides. The sudden and large change
of boom angle can put excessive stress on
the sails and other equipment while also

causing a risk of capsizing.
Control cost
taking actions that are too large

A negative reward to penalize the agent for

—5 x (Rudder Rate + Ballast Rate + Sheet Rate)

Table 4

Terminations triggering the end of an episode with a corresponding reward.

Termination Termination Criteria Reward
Out of Time Agent runs out of time, (t > 360s) —-1000
Out of Boundaries Agent goes outside the boundaries of the inner domain shown in Fig. 4 —3000
Capsize Risk Agent runs the risk of capsizing the boat, (Roll > 36°) —3000
Reaching Target Agent reaches the target line, (Xgyip > Xgarger = 10m) +2000
time, discouraging unsafe or non-productive behavior. A large positive
reward is given when the target line is reached, reinforcing successful Table 5
. Hyperparameters for the RL agents.
task completion.
. X . . . Parameter Value
Several studies emphasize the importance of reward design in RL —
Optimizer Adam
and the trade-off between sparse and dense rewards (Hwangbo et al., Learning rate 0.0003
2019; Henderson et al., 2018). Sparse rewards, which only provide Discount factor 0.998
feedback at episode termination, can lead to slow or unstable learn- Target value smoothing constant 0.005
. . 1 . .. . 1 . L Number of hidden layers 2
ing in complex environments requiring extensive exploration (Larsen Hidden layer size 64
et al., 2021). In this sailing task, the continuous action space and low Activation function Tanh
probability of reaching the target through random exploration make Replay buffer size 400,000
urely sparse rewards impractical, consistent with findings by Suda and Batch size 256
p K y P p R ’ g_ y Initial exploration steps 20,000
Nikovski (2022). Intermediate rewards were therefore introduced to Policy training frequency 1
promote progress toward the target while discouraging unsafe behavior Policy training iterations 1
through termination penalties and task-specific constraints such as
limiting excessive gybing. Guided by these considerations, the relative Table 6

weighting of the reward components was tuned through a limited grid
search, where higher distance rewards encouraged aggressive sailing
behavior and stronger control penalties produced overly conservative
policies. The selected weights represent a compromise between reliable
task completion and smooth control behavior.

2.5. Training details

The SAC agent’s architecture comprises two neural networks: the
policy network for the actor and the Q-network for the critic. In this
case, both networks were designed as a multi-layer perceptron with
two hidden layers, each consisting of 64 units with the tanh activation
function. The weights in both networks were initialized with Glorot
initialization (Glorot and Bengio, 2010). The actor receives the state
as its input and outputs a Gaussian distribution for each action. The
critic predicts the Q-value for a state-action pair that it receives. Table
5 lists the common SAC agent parameters used in this study. The values
were obtained after a basic grid search.

To take the stochasticity in the environment and the policy into
account, RL agents were trained in four separate trials. The training
duration was 400,000 time steps. The agents were trained on a cluster
node featuring dual Intel(R) Xeon(R) Gold 6126 CPU @ 2.60 GHz 12
core CPUs, dual NVIDIA Tesla P100 GPUs (16 GB RAM and 3584 CUDA
cores each), 768 GB RAM memory, and a 500 GB SSD local disk.

After a training was completed, the agents were put through an
evaluation process explained in detail in Section 2.6.

Values of the initial conditions considered in the 36
evaluation runs.

Initial condition Values

Wind speed setting 40%, 60%
x-position —-8.0m

y-position —6.0m, 0.0m, 8.0m

Heading angle
Forward speed

—45.8°, —11.4°, 34.3°
0.2ms™!, 0.6ms™!

2.6. Evaluation of the agents in the simulation

The learned policies of the agents trained in the simulation as
described in Section 2.5 are put through an evaluation process again in
the simulation. This process consists of firstly running a large number of
evaluation runs for the policies, secondly assessing the results using five
metrics, and finally taking a weighted average of these metrics to obtain
an overall performance score. Depending on the overall performance
score, successful policies are selected to be transferred to the basin.

The evaluation runs are started with various initial conditions cov-
ering wind speed, starting position in the domain, heading angle and
forward speed, see Table 6 for more details. The Cartesian product of
all the initial condition values results in 36 evaluation runs per policy.

The results of the evaluation runs are examined using five metrics
listed in Table 7. Each metric is defined to assess a specific aspect of
a policy’s performance. The metrics are calculated as an average over
the 36 evaluation runs.

Finally, a weighted average of these metrics is calculated to obtain
an overall performance score for each evaluated policy, facilitating a
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Table 7
Metrics used in the evaluation process.
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Metric Description

Success rate
Time to complete
Energy ratio

Percentage of episodes where the agent reaches the target line
Average time it takes for the agent to reach the target line
Average ratio of the energy the agent puts into the rudder and ballast to

the energy the agent extracts from the wind via the sail

Control cost
High-risk behavior

Average rudder, ballast and sheet rates
Gybing and rolling are considered in this metric. The total number of

gybes is averaged over the total duration of the evaluation runs. For

rolling, no penalty was given for roll angles below 0.2 - 6

max> and above

this value penalty grows exponentially with the magnitude of the roll

angle. 6,

‘max

was calculated as 6,

=arctan(GM /BM).

‘max

quick way to compare them. For full description of the metrics and
their weighted average, the reader is referred to Bink (2024). The same
evaluation process is applied to the trained agents and the baseline
controller which is described next.

2.7. Baseline controller

RL agents are compared to the control system developed by
Southampton University’s Sailing Robot Team and described in Lemaire
et al. (2018). Hereafter, this controller will be referred to as the
Sailing Robot Controller of Southampton (SRCS). The SRCS was initially
developed for a one meter long autonomous sailing boat with the goal
to win the World Sailing Robot Competition. The code is open-source
and based on the Robot Operating System.

Several modifications were done in the SRCS to adapt it to the
problem at hand. The parts of the control system necessary to reach
an upwind target were extracted. The high-level control is comprised of
two key components: tack decision and goal heading. In our problem, the
tack decision has been modified to be based on “tacking zones”, which
are placed 6.0 m from each side of the basin, giving the Optimist space
to execute its tacking maneuver. A tack command is triggered when
the Optimist is sailing with its sail on the portside and enters the left
tacking zone, and vice versa. Among the four different tack maneuvers
implemented in the SRCS, the basic tack maneuver was selected for this
setup, as it is best suited to the conditions present in the basin. The goal
heading calculation in the SRCS was based on the relative angle to the
designated target. When the target is upwind, the goal heading is set
to 45° in the SRCS.

The low-level control consists of the sail and rudder control and did
not require any adaptations besides making it compatible with our
simulation environment. The sail setting is controlled with a look-up
table based on the apparent wind direction, which is computed from
the known wind field and the vessel heading. We took the values for
the sail setting from tests that the sailing robot team conducted with a
Laser dinghy, which is similar in size to the Optimist.

A PID controller was used for the rudder, which takes the error
in heading as input and outputs the rudder setting at every 0.1 s.
The PID controller was tuned in simulations and its performance was
validated using the data available in Lemaire et al. (2018). The overall
behavior when sailing upwind was very similar with a robust and stable
performance.

The SRCS did not include any control mechanism for moving the
ballast. Therefore, in all our runs with the SRCS, the ballast was kept
fixed at the center line of the boat.

3. Results in the simulation environment
3.1. Quantifying the reality gap
Before testing the learned policies in the real basin environment,

it is important to quantify the modeling error in the simulation with
respect to the reality in the basin. For this purpose, five runs were

Table 8
Average RMSE and NRMSE with + one standard deviation in the rudder and
sheet length signals.

RMSE NRMSE

0.74 + 0.08 deg
7.54 + 0.60 mm

Rudder Angle
Sheet Length

0.89% + 0.10%
14.98% + 0.75%

performed in the basin using open-loop controls with the same prede-
termined rudder and sheet actions. The basin runs were then replicated
in the simulation, matching the measured initial conditions and us-
ing the same control actions. The difference in the boat trajectories
predicted in the simulation environment and those measured in the
Offshore Basin is attributed to the so-called reality gap (Tobin et al.,
2017) in RL terminology. We then assumed that the reality gap is
mainly due to two sources: the latency in the basin and the modeling
error in the simulation.

The signals for the actuators from the simulation and the basin were
overlaid and synchronized. The latency in the basin for the rudder angle
was obtained as 0.2s, and for the sheet length as 0.3s. The remaining
error in the actuator signals is then calculated using the Root Mean
Squared Error (RMSE) and the Normalized Root Mean Squared Error
(NRMSE) as:

T
_ 1 basin simulated\2
RMSE = 4| ;(st — 53 )

3)
NRMSE = —MSE__ 109
gbasin _ gbasin
max min

where ¢ indicates the time index, T' the number of time steps over the
considered duration and s the signal. The average RMSE and NRMSE
values over the 5 runs are given in Table 8. The error in the rudder
angle is below 1% and in the sheet length about 15%. Therefore,
the rudder angle signal is sufficiently accurately reproduced in the
simulation. The sheet length signal still has some deviation in the
simulation compared to the measurement, which might be the source
for a part of the reality gap.

Fig. 7(a) shows the measured trajectory from one of the five runs
and its reproduced counterpart in the simulation. It is clear that the
trajectories differ significantly with errors accumulating over time. To
investigate the reality gap in more detail, each trajectory in the basin
runs is split in time increments of 4 s, which is approximately the
average time it takes for the Optimist to traverse a distance of one body
length. The initial conditions at each 4 s interval were obtained from
the basin data and used as input for the simulation for all 5 runs. The
resulting time-segmented trajectory reproduced in the simulation for
one of the five runs is shown in Fig. 7(b). For each 4-second increment,
the average position error is calculated as the Euclidean distance d
using the basin position of the Optimist (xf’“i“, y‘,’asm) and the simulated
one (xSimulated ysimulated) a¢ each time index ¢,

d= \/ (xbasm _ xsnmulated) + ( y})asm _ yflmulated) (&)

t t

Si-
DM~
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(a) Measured trajectory in the basin and its reproduced counterpart

in the simulation
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(b) Basin run compared to the time-segmented run performed in the simula-

tion

Fig. 7. Open-loop runs as an attempt to quantify the reality gap.
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Fig. 8. Mean position error for each 4-second time increment. The error bars
indicate + one standard deviation. The mean and standard deviation for each
4-second increment are calculated over the five runs. Note that the number of
runs in the last two time segments is smaller compared to the rest since the
durations of the runs were not consistent.

with T indicating the number of time steps in a 4-second increment.
Mean errors of the other ship motions and velocities between the
simulation and the basin runs were obtained by calculating the RMSE
using Eq. (3) for each 4-second increment.

The mean position error is shown in Fig. 8, where the mean and
standard deviations are calculated over the five runs. Since the mean
position error for the first 4-second increment is relatively high due to
the start-up procedure in the basin, it was excluded from the modeling
error analysis for all the runs. Fig. 8 illustrates the mean position error
across the remaining time increments. The error is highest between 8
and 32 s corresponding to when the Optimist navigates in areas of high
wind speeds and executes tacks.

The average RMSE values are listed in Table 9. These are calculated
in each 4-second time increment averaged over all the increments
in five runs. The average RMSE of yaw is notably high with a high
standard deviation as well, suggesting a large variability over the
time segments. Furthermore, the simulation typically overestimates the

Table 9

Mean RMSE in a 4-second time increment averaged over five runs
(with + one standard deviation) for the position, speed in x and
y directions, roll, pitch and yaw motions.

RMSE

0.2 + 0.06 m
0.03 + 0.02 m/s
0.03 + 0.01 m/s

Position
Speed in x-dir.
Speed in y-dir.

Roll 0.75 + 0.31 deg

Pitch 0.35 + 0.08 deg

Yaw 8.64 + 4.87 deg
Table 10

Summary of SAC training results. The success rate column depicts the percent-
age of times the agent reaches the target during training.

Run No Total runtime Episodes Success rate
1 22 h 46 m 5083 97.0%
2 23h7m 5317 97.6%
3 22 h 53 m 5166 98.2%
4 20h 17 m 4008 95.8%

amplitude of the pitch motion. Overall, the analysis reveals discrep-
ancies between simulation and reality, particularly in highly dynamic
conditions. These findings highlight areas where the model can be
refined to capture real-world behavior.

3.2. Verification of RL training in the simulation environment

To confirm that the RL agents are able to learn a reasonable sailing
policy with the setup described in the previous sections, four parallel
training runs were conducted with the same initial conditions. The
results are listed in Table 10. It is clear that due to the randomness
in the agent’s exploration process and the policy, the performance of
the agent varies even when trained using the same setup. Looking at
the success rate during the trainings, all four agents perform well.

Fig. 9 shows the learning curve of the agent in one of the runs
from Table 10. In the beginning of the training, the agent is heavily
exploring, hitting large penalties that drop the reward significantly. As
the learning progresses, the agent improves its policy and demonstrates
asymptotic stability within the final 4000 episodes. Fig. 10 shows the
paths of the boat in different episodes from this training process. The
agent gradually learns a beating maneuver to reach the upwind target
as it enhances its policy during training. Furthermore, it also learns to
stay within the area of the domain where the wind velocity is high.
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Fig. 9. Cumulative episode rewards from a training listed in Table 10. The
solid thick line represents a 100-episode moving average, while the light thin
line indicates raw reward. To visualize the transition from initial exploration
penalties (~ —63000) to the stable convergence phase (~ 640) the y-axis is
displayed on a symmetric logarithmic scale.

Table 11
Initial conditions for the SAC agent with and without domain randomization.

Initial condition SAC SAC with domain randomization
Wind speed setting 60% {40%, 60%}

x-position —8.37m [-10.0m, —6.0m]

y-position —6.13m [-8.0m, 12.0m]

Heading angle 30.0° [—45.0°, 45.0°]

Forward speed 0.3ms™! [0.0ms™!, 0.6ms™!]

4. Results of sim-to-real transfer

When the RL agents trained in the simulation were transferred to
the basin, the sensor data from the basin was sent to the RL agent and
the actions from the RL agent were sent to the basin via the simula-
tion environment, see Fig. 11. In this case, however, the simulation
environment was simply used as a means for communication between
the RL agent and the basin, and not as a constrained dynamics solver
for ship motions. The wind speed and heading were obtained in the
simulation environment using the measured position and heading of the
Optimist and pre-measured wind data. These were also sent to the RL
agent in addition to the sensory data from the basin. Furthermore, when
sending the actions from the RL agents to the basin, the simulation
model checks them using the real rates of the actuators in the basin.

4.1. Sim-to-real training setup

Two types of agents were considered for the sim-to-real study:

1. SAC trained with Domain Randomization: The domain random-
ization is achieved by randomly varying the initial conditions
of the environment during training, including the wind speed
setting, initial position, heading angle, and forward speed of
the vessel. The range of initial conditions is listed in Table 11.
Considering the limited testing time in the basin, two policies
with the highest overall performance score were selected for
transferring to the basin. They will be referred to as SAC RI 3 and
SAC RI 4 hereafter. Both SAC_RI_3 and SAC_RI 4 are chosen as
they performed comparably in the evaluation process described
in Section 2.6.

2. SAC trained without Domain Randomization: This agent was
trained with the same setup as in the verification runs in Sec-
tion 3.2. After evaluating the policies according to the process in
Section 2.6, one was selected for testing in the basin. Hereafter,
this agent will simply be referred to as SAC. The initial condition
for this agent is listed in Table 11.
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4.2. Deployment of the agent in the basin

Before starting any tests, the measurement systems were calibrated.
The rudder, ballast and sheet were zeroed. The position measurement
system was calibrated as well making sure that the carriage followed
the Optimist so that at least 5 LEDs were kept in the frame and the
global position could be recorded. Once all the systems were verified
to work, preliminary sanity checks were performed using the open-loop
controls. The fans were set at wind levels of either 40% or 60% and
a buffer period of about 2 min was allowed for the wind to stabilize
before proceeding with the tests.

Safety was of the highest importance during the testing procedure.
A basin crew of at least 3 people were always present to oversee the
systems in the basin, the hardware on the Optimist and the carriage.
Two members of the crew were in the water in the basin at all times
during the tests. They could intervene at any time to make sure that
the Optimist did not capsize, hit the carriage or perform any other
type of dangerous behavior. They also brought the Optimist back to the
desired starting position after each test. In some cases the runs had to
be stopped early, for example, when the carriage was unable to follow
the Optimist. This occurred when the Optimist sailed too fast, gybed,
or rolled excessively.

It was not possible to evaluate each agent in the basin as was done
in the simulation environment described in Section 2.6. This was due
to the high cost of the basin time. Instead, 3 different starting positions
with both wind levels were used for each agent with the aim to repeat
runs at least 2 times with the same initial conditions to investigate
the consistency and reliability of the results. The starting x-position
was set as x ~ —10m, while the starting y-position was chosen from
y~ {=7.5m,0m,7.5m}. The starting heading was 30° when starting at
the first two y-positions, and —30° at the last one. The initial forward
speed was provided by the basin crew gently pushing the Optimist at
the start of a run.

Besides assessing the RL agents, the basin time was used to run the
open-loop control tests as described in Section 3.1 and to assess the
SRCS explained in Section 2.7 serving as a baseline.

4.3. Demonstration of fundamental sailing capability

The average success rate, energy ratio and completion time of
the successful runs are summarized in Fig. 12. The lower the energy
ratio, the better, since it represents the ratio of rudder and ballast
energy used compared to the wind energy harnessed. The performances
of the three agents and the baseline controller are compared in the
task of reaching the upwind target in both the simulation and basin
(real-world) environments.

The SRCS performed very well in both the simulation and basin. In
each environment it was able to complete the tasks all but one time,
resulting in a success rate of 97.2% in the simulation environment
over 36 runs and 93.8% across 16 runs in the basin environment. The
average completion time is shorter in the simulation compared to the
basin for the SRCS as well as the RL agents. The only basin run the SRCS
failed to reach the target line is shown in Fig. 13, where the Optimist
was not able to generate enough speed to sail upwind. Even in the failed
run, the SRCS showed robust behavior in the sense that it still sailed
within the boundaries and did not engage in a risky behavior. These
results underscore the robustness and reliability of the classic control
methods in general and the SRCS in particular.

The SAC agent (trained without domain randomization) achieved a
success rate of 100% in the simulations but with varying completion
times. These are due to the different initial conditions it was evaluated
on, which were not encountered during training. It was still able to
complete the task every time. In the basin however, it encountered
more of a challenge, with its success rate falling to 56.2% over 16
trials. The agent was able to do quite well with the 40% wind speed
setting in the basin, with most runs succeeding from the different
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Fig. 11. Sim-to-real deployment architecture. During basin experiments, the simulation environment was used solely as a communication interface between the

RL agent and the physical system.

starting positions. However, it exhibited “cheating” behaviors in the
basin; once it gained a bit of speed it would turn into the wind and use
quick movements of the rudder (sculling) and/or the ballast (rocking)
to propel itself as evidenced by its inferior energy ratio compared to
the other controllers, see Fig. 12(b). This could explain why most of
the failures in the basin occurred with the 60% wind speed setting as
the wind was too strong to succeed by trying to go directly into it. The
only times it was able to complete the task with the 60% wind speed
setting were from the similar starting position as it was trained on, with
2 out of the 3 runs being successful as shown in Fig. B.18. As such, the
SAC agent’s policy was not generalizable to conditions unseen during
training.

A particularly intriguing aspect of the study is the comparison
between SAC_RI_3 and SAC_RI_4, both of which were subjected to the
same domain randomization training. Despite identical training setups
and comparable performances in the simulation, their performances
in the basin were quite different. SAC_RI_3 maintained an impressive
success rate of 100% over 12 runs, mirroring its simulation perfor-
mance. However, SAC_RI_4, which had demonstrated a 100% success
rate in simulation, saw its basin success rate halved to 50% across
6 runs. A Fisher’s Exact Test yielded a p-value of 0.025, indicating

10

a statistically significant difference in performance between the two
agents. This discrepancy between SAC_RI_3 and SAC_RI 4 highlights
the inherent variability in learned policies by RL agents, even when
identical training setups are employed. This variability arises from the
stochastic nature of RL training and the sailing task’s sensitivity to
small control differences, which can lead agents to converge to different
learned behaviors that are further amplified by real-world uncertainties
and disturbances. As a result, even extensive simulation evaluation may
not fully predict an RL agent’s real-world performance, especially when
the agent is not exposed to such phenomena during training.

SAC_RI_4 succeeded in half the runs in the basin, with all of the suc-
cessful runs being at the wind speed setting of 40%. In the failed runs at
the 60% wind speed setting (such a run is illustrated in Fig. B.19), it was
able to sail quite well for a while, staying within the boundaries and
demonstrating that it was trying to go upwind by beating. However, it
was unable to make enough progress going upwind due to drifting after
a tack maneuver, thus running out of time.

To compare the success rates of SAC_RI 3 and the SRCS, Fisher’s
Exact Test was applied, yielding a high p-value of 1.0. This outcome
indicates that there is no statistically significant difference in the suc-
cess rates between the two controllers at the conventional significance
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Fig. 13. The SRCS’s single failed run in the basin, showing that the speed loss
after the tacks is detrimental.
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levels. Furthermore, except for two outliers, the completion times of the
SAC_RI_3 agent are generally comparable to those of the SRCS. This is
underscored using the Mann-Whitney U test resulting in a p-value of
0.252, indicating that the distributions of the data are similar.

In Fig. 12(b), the energy ratios of all the successful runs of the
agents are summarized. The energy ratios for the SRCS and SAC_RI_3
are quite low suggesting that they mainly use the wind energy to propel
themselves in reaching the target. Furthermore, their energy ratios are
comparable when transferring from sim-to-real. The SAC agent has
the most inferior energy ratio, which is in line with the observations
described above. The SAC_RI_4 agent has a favorable energy ratio in
simulations, but its behavior worsens significantly when transferred to
the basin.

4.4. Demonstration of advanced sailing capability

During the runs in the basin with the SAC_RI_3 agent, two behaviors
caught attention particularly. These are explained below in detail.

Roll tacking: Using ballast effectively during tacking

Roll tacking is a technique used in sailing, especially in competitive
dinghy or small keelboat racing, to optimize a boat’s performance
during a tack. It involves intentionally heeling and rolling the boat
during the maneuver to maintain or even gain speed while changing
direction.
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Fig. 14. Time traces of yaw, roll, ballast position and rudder angle with
the SAC_RI_3 agent from a run in the basin where roll tacking strategy was
observed. The path of the boat from this run is shown in Fig. 15.

The SAC_RI_3 agent employed roll tacking quite often in the basin.
Fig. 14 shows time traces of four motions, and Fig. 15 illustrates the
path of the boat from such a run. At each tack, the agent moves the
ballast until the allowed limit to leeward (the side away from the wind).
This helps the boat turn more easily and reduces drag on the rudder.
After the roll, the agent flattens the boat by quickly moving the ballast
back toward the centerline. The agent uses this strategy in a systematic
way for each tack as can be seen in Fig. 14. Snapshots from this run
during a roll tacking are displayed in Appendix A. Note that since the
SRCS does not control the ballast position, a comparison is not possible.

Recovering from a stuck-in-the-wind situation

Fig. 12(c) illustrates that two runs with the SAC_RI_3 agent took
significantly more time to complete compared to the rest of the runs.
One of the two runs was actually a repeat run to reproduce the behavior
observed in the first one.

Fig. 16 shows the path of the Optimist in the basin during the two
runs. They were both started with similar initial conditions (y = 7.5 m,
40% wind and initial headings of —41° and —59°) and they both ended
up taking around 250 s to complete. During these runs, the agent got
stuck in the wind at similar positions in the basin (y = 0 m, x = 8 m)
with no forward speed. However, from this situation it sailed downwind
back towards the start line, increased its speed and made a second
attempt to carry out a series of tacks. It was able to resume sailing
and successfully reached the target line. The SRCS, SAC and SAC_RI 4
also got stuck in various situations shown in Figs. 13, B.18 and B.19,
respectively, but they were not able to recover.

5. Conclusions

This study investigates sim-to-real reinforcement learning for au-
tonomous sailing, focusing on transferring control policies from sim-
ulation to real-world environments. By training RL agents in simu-
lation and subsequently testing them in a controlled basin environ-
ment, we addressed critical challenges associated with the reality gap,
robustness, and adaptability of autonomous sailing systems.

Although identical setups were used in simulated training and in
the basin, the RL agents exhibited significant performance differences
in the two environments. For example, SAC_RI 4, while achieving a
100% success rate in simulations, displayed only a 50% success rate
in the basin. This suggests that the performance of the RL agents in the
simulation might not give an accurate indication regarding their perfor-
mance in the real world. More advanced evaluation techniques in the
simulation environment might mitigate this issue, possibly providing a
more realistic assessment for the suitability of the RL agents prior to
real-world deployment.
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Quantifying the reality gap revealed discrepancies between simula-
tion and real-world conditions, primarily due to actuator latency and
modeling inaccuracies. While the rudder angle signals aligned closely
between simulation and reality, the sheet length signals exhibited
greater deviations, contributing to the observed reality gap. Moreover,
the reality gap was found to be more significant in areas with higher
wind speeds and during maneuvers.

Despite the challenges posed by the reality gap, our results show
that the RL agents demonstrated the capability to learn complex sailing
strategies. The introduction of domain randomization during training in
simulation significantly enhanced the robustness of the agents, enabling
them to adapt to diverse conditions in the basin environment. When
transferring RL-trained policies to the basin environment, the results
highlighted that the SAC_RI_3 agent trained with domain randomiza-
tion achieved higher success rates and demonstrated greater adapt-
ability to real-world conditions compared to the SAC agent trained
without randomization. SAC_RI_3 consistently performed well in the
basin, achieving a success rate of 100% in 12 runs. The baseline
SRCS controller displayed robust performance in both simulation and
the basin, underscoring the reliability of traditional control methods.
Notably, the SAC_RI_3 agent matched the success rate of SRCS while
demonstrating advanced behaviors, such as roll tacking and recovering
from being stuck in the wind. This ability to recover from difficult
scenarios highlights the advantage of RL in handling dynamic and
unpredictable environments, where traditional control methods may
falter. While the basin experiments demonstrate the feasibility of sim-
to-real RL for autonomous sailing, the limited number of basin trials
and the variability observed between independently trained agents
indicate that more comprehensive real-world testing is needed to fully
characterize the robustness and reproducibility of the learned policies.

Although domain randomization improved robustness, it was lim-
ited to variations in the initial conditions and wind settings, and did
not account for the identified discrepancies in actuator latency and
modeling inaccuracies. Actuator latency leads to delayed corrective
actions, while inaccuracies in sheet modeling directly affect forces on
the sail, thereby affecting upwind progress. Since the agents were not
explicitly exposed to these sources of the reality gap during training,
their performances might differ when exposed to such uncertainties in
the basin. This may also have contributed to the performance difference
observed between the SAC_RI_3 and SAC_RI 4 agents.

As the experiments in this study were conducted in a controlled
basin environment, a promising direction for future research on sim-
to-real transfer in autonomous sailing would be to evaluate the agents
in open-water conditions. Such evaluations would provide valuable
insight into the generalization capability of the learned policies and
serve as a baseline for further improvements. In open-water conditions,
additional challenges are introduced such as more complex and time-
varying wind fields, wave-induced disturbances, and currents. These
phenomena directly affect vessel dynamics, sensor measurements, and
control effectiveness while also introducing partial observability chal-
lenges. For example, wave-induced roll may interfere with the learned
roll-tacking strategy, while currents may affect the agent’s perception
of progress toward the target. To account for these effects, training
and evaluation could be extended using mechanisms such as dynam-
ics randomization, online adaptation, or augmented state estimation.
Furthermore, given that actuator latency and modeling inaccuracies
were identified as significant contributors to the reality gap, extend-
ing domain randomization to such effects could further improve the
robustness of sim-to-real transfer. Developing systematic methods to
measure and minimize the reality gap would also be a fruitful avenue
for future research. This would provide deeper insights into simulation
fidelity and real-world transfer. Finally, hybrid control systems combin-
ing RL with traditional control methods may be promising, leveraging
the strengths of RL in handling dynamic and unpredictable scenarios
while maintaining the reliability of traditional control for standard
conditions.
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SAC_RI_3 in basin
wind = 60%, initial heading=43"
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Fig. 15. Roll tacking behavior from the agent. The agent moves the ballast to the maximum limits during tacking (left plot), which causes large roll angles (right

plot).

SAC_RI_3 in basin
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Fig. 16. Two basin runs with the SAC_RI_3 agent which got stuck in the wind but recovered itself and reached the target line.
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Appendix A. Supplementary material for roll tacking behavior

The figures in Appendix A and Appendix B are provided to en-
hance the reader’s experience by presenting detailed visual information
separately, ensuring the main text remains concise and focused.

Fig. A.17 shows six snapshots from the basin run with the SAC_RI_3
agent analyzed in Fig. 14 and Fig. 15.
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Fig. A.17. Roll tacking with the SAC_RI_3 agent in the basin. Snapshots are ordered alphabetically. The red circle shows the location of the moving ballast. The
agent keeps the ballast at the maximum limit on the leeward side (the side away from the wind) during tacking, see the snapshots from (a) to (e). After tacking,
the agent flattens the boat by quickly moving the ballast back toward the centerline as shown in the snapshot (f).
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Fig. B.18. Three basin runs with the SAC agent at 60% wind speed setting.
The agent reaches the target line in two runs while it fails in the third as it
gets stuck in the wind at the position of (x ~# 7m, y & —4m).
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Fig. B.19. A failed run with the SAC_RI_4 agent at the 60% wind speed setting.
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Appendix B. Supplementary results from the SAC and SAC_RI 4
agents

Trajectories of the Optimist from the basin runs with the SAC and
SAC_RI 4 agents are provided in Figs. B.18 and B.19. We especially
focus on the runs where the agents fail to investigate the weaknesses
in their policies.
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The authors do not have permission to share data.
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