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Abstract. Reinforcement Learning (RL) has shown promising advances in autonomous
navigation, particularly in learning adaptive control policies through interaction with
dynamic environments. However, training RL agents typically require direct interaction
with the real environment, which can be dangerous and costly. To mitigate this, of-
fline RL has emerged as a promising alternative, where agents learn from pre-collected
datasets. In this work, we study the application of offline RL approaches in inland ship-
ping, comparing the performance and robustness of Behavior Cloning (BC) and Con-
servative Q-Learning (CQL), two offline approaches, with Soft Actor-Critic (SAC), an
online RL algorithm. We design experiments to test the robustness of these algorithms
within the domain of unmanned surface vehicles (USVs), using an autonomous shipping
simulator based on MOOS-IvP with varied environmental conditions. Our results demon-
strate that both offline approaches can achieve performance comparable to the expert
online policy in nominal conditions while maintaining similar robustness characteristics
in out-of-distribution scenarios. Furthermore, we investigate the impact of dataset qual-
ity on offline RL performance, showing that with sufficient data, both BC and CQL can
learn policies that match the dataset quality and achieve robustness similar to online RL
algorithms.

1 Introduction
In recent years, there has been a growing interest in the development of autonomous shipping systems.
This interest is driven by an increased demand for safer, more efficient and sustainable transportation
methods. Inland Waterway Transport (IWT) is seen as a sustainable alternative to road and rail trans-
port, with a study by the European Commission showing that IWT has a substantially lower carbon
footprint than road and rail transport [3]. Beyond environmental benefits, IWT contributes to reducing
road congestion and offers lower transport costs for large volumes of goods. However, in some European
countries such as Belgium and The Netherlands, the size of IWT has been declining in recent years,
mostly due to a shortage of qualified skippers and the harsh competition from road and rail transport.
As these countries are home to the two largest ports in Europe and have a high density of inland wa-
terways, they could benefit greatly from autonomous shipping and increased IWT capacity. The Central
Commission for the Navigation of the Rhine (CCNR) has defined 6 levels of automation in inland wa-
terway navigation [2]. Existing autonomy solutions predominantly reach level 1 or 2, where a navigation
system partially automates the steering and propulsion. In these systems, a human operator performs
all remaining aspects of dynamic navigation, namely route planning, obstacle detection and avoidance.
To increase the efficiency of IWT, the industry is moving towards level 3 autonomy, where vessels can
navigate autonomously under specific conditions, with a remote human operator remaining available to
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intervene in case of overtake requests or system failures. With level 3 autonomy, a single remote operator
can monitor and manage multiple vessels concurrently, thereby reducing the need for additional skippers
and increasing the operational efficiency and economic viability of IWT.

Within the field of motion planning, much research is currently being done to develop level 3 au-
tonomous navigation solutions. In the context of IWT, motion planning is the process of determining
the most optimal path for a vessel to follow while avoiding obstacles and adhering to constraints such as
fuel efficiency, safety, and regulatory compliance. Long-established algorithms such as Rapidly Exploring
Random Tree (RRT*) [12] and Dynamic Window Approach (DWA) [6] have shown to be effective for the
autonomous navigation of unmanned surface vehicles (USVs) [21, 13]. However, these algorithms assume
only static obstacles. Furthermore, the need to manually tune the parameters of these algorithms for
different scenarios and vessel types along with the computational complexity of these algorithms may
render them unsuitable for real-world deployment. To address these challenges, Reinforcement Learning
(RL) has recently emerged as a promising solution to the motion planning problem for USVs. RL offers
several advantages over traditional approaches: it can automatically learn optimal policies without ex-
plicit parameter tuning, adapt to different scenarios through experience, and potentially discover more
efficient solutions than hand-crafted algorithms. RL is a machine learning framework that enables agents
to learn optimal decision-making strategies through trial and error interaction with their environment.
The learning process is guided by a reward function that quantifies the desirability of different actions
and states, allowing the agent to gradually improve its performance over time. However, training RL
agents presents its own set of challenges. To learn these decision-making policies, RL agents typically re-
quire extensive interaction with their environment, which can be dangerous, time-consuming, and costly
when dealing with physical vessels. To mitigate these risks, RL agents are often trained in simulated
environments, allowing them to explore freely and learn from a vast number of experiences. However,
this approach introduces the Sim-to-Real (S2R) gap, a discrepancy between simulated and real-world
environments, leading to challenges in deploying RL solutions in physicals settings.

The field of offline RL [17] has been proposed as a solution to the S2R gap. Offline RL agents
learn a policy from pre-collected datasets, which can be collected in simulation or real-world. This
approach offers several advantages: it eliminates the need for real-time interaction with the environment
during training and reduces the risk of unsafe exploration. However, offline RL agents face significant
challenges in generalization, particularly when faced with Out-of-Distribution (OOD) scenarios. Given
the high-dimensional nature of IWT, it is intractable to collect data for every potential scenario, making
robustness a key concern. To develop economically viable autonomous shipping solutions, RL models
must generalize across different vessel types, weather conditions, and environmental disturbances. This
requires the development of algorithms that can effectively learn from limited data while maintaining
robust performance in scenarios not present in the training data. To deal with the limited generalization
of offline RL agents, we investigate the robustness of common online and offline RL approaches in IWT.
Robust RL algorithms are designed to learn policies that are resilient to variations in the environment
and more capable of handling unseen scenarios. The challenge lies in balancing the trade-off between
robustness and performance, as overly conservative policies may fail to achieve optimal navigation while
overly aggressive ones may lead to unsafe behaviors. In this paper, we compare the robustness of various
offline RL algorithms for path planning in an autonomous shipping simulator. We design experiments
to evaluate robustness of offline RL algorithms in IWT by analysing their performance under varying
environmental conditions, comparing them with an online RL method. This research represents the first
comprehensive investigation into how robust offline RL algorithms can be validated for path planning in
autonomous shipping simulation environments. By investigating the robustness, our work contributes to
the development of more reliable autonomous shipping solutions, narrowing the gap between simulation
and real-world deployment.

This work is structured as follows: In Section 2, we review the related work in the field of autonomous
shipping, offline RL and robust RL. In Section 3, we describe RL and the main methodology used in this
work. In Section 4, we describe the shipping simulator used for our experiments. In Section 5, we present
the results of the experiments. Finally, in Section 6, we draw conclusions from the results and outline
future work.

2 Related Works
The field of autonomous shipping has seen significant advancements in recent years, with various ap-
proaches being developed for vessel navigation and control. Traditional approaches to autonomous ship-
ping navigation have primarily relied on classical control methods and search algorithms. A recent
work by [21] combined DWA with RRT* to create a robust navigation system for autonomous surface
vehicles. This hybrid approach addresses the challenges of both local collision avoidance and global
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Figure 1: A screenshot from the MOOS-IvP simulator. The RRT* algorithm is used to plan the path of
the ego vessel (henry). The other vessels (bots) and their paths are also shown. The yellow dots indicate
the obstacles detected by the ego vessel’s ranging sensor.

path planning. Similarly, Kim et al. [13] developed a collision avoidance algorithm specifically designed
for USVs that adheres to the International Regulations for Preventing Collisions at Sea (COLREGs).
Their approach demonstrates how traditional control methods can be enhanced with rule-based systems
to ensure safe navigation in compliance with maritime regulations. More advanced approaches, such as
Model-Predictive-Control (MPC), have been proposed to solve autonomous navigation for USVs [31]. [28]
expands upon this work by combining MPC with Artificial Potential Field (APF) to create a simulta-
neous planning and control method. For a more comprehensive review of path planning methods for
USVs, we refer the reader to Öztürk et al. [18]. While traditional methods have established a foundation
for autonomous shipping, they face significant limitations in complex, dynamic environments, requiring
extensive manual tuning and struggling with real-time adaptation to changing conditions. This has led
to an increased interest in learning-based approaches and RL in particular, which can develop adaptive
control policies through environmental interaction. Recent works have shown promising results apply-
ing online RL to autonomous shipping motion planning [27, 26, 9]. However, a critical gap remains:
most research evaluates algorithms in single environments without testing their robustness across varying
environmental conditions. In a previous work [15], we demonstrated that the online Soft Actor-Critic
(SAC) algorithm exhibits considerable robustness to changes in environment dynamics, maintaining de-
cent performance even when faced with significant environmental variations. This robustness is essential
for autonomous shipping systems, as they must navigate diverse environments with different vessel types
and conditions. Developing robust algorithms that can be trained on a single vessel type and deployed
across various scenarios reduces development costs and accelerates deployment, enabling autonomous
shipping systems to generalize effectively to diverse operational scenarios. Given the potential to utilize
real-world collected datasets, offline RL algorithms have seen a recent surge in interest for autonomous
shipping applications. Zhou et al. [32] proposed an offline RL algorithm for path following of USVs that
utilizes real-world data to train the policy. Furthermore, Sun et al. [22] develop USVs for cooperative
defense of marine infrastructure using a Behavioral Cloning (BC) approach. However, their work did not
investigate the robustness of the algorithm. Robustness is particularly critical for offline RL algorithms,
which often struggle with generalization when faced with OOD scenarios that were not represented in
their training datasets. In this work, we investigate the robustness of offline RL algorithms in the context
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of autonomous shipping, addressing an understudied area in the literature. We analyze how these algo-
rithms perform when faced with environmental variations and vessel parameter changes absent from their
training data. Challenging the common hypothesis that offline RL algorithms are inherently less robust
than their online counterparts, we demonstrate that offline methods can achieve comparable robustness
when properly designed. This aligns with recent findings [5], which suggest that the performance gap
between offline and online reinforcement learning is smaller than previously thought. Our work compares
the performance and robustness of offline RL algorithms to the simpler BC approach, while examining
their resilience to OOD data relative to online reinforcement learning algorithms. Additionally, we inves-
tigate how dataset quality affects the performance of offline reinforcement learning algorithms, providing
insights into the practical deployment considerations for autonomous shipping systems.

3 Preliminaries
3.1 Reinforcement Learning
RL is a branch of machine learning focused on solving sequential decision-making problems [24]. These
problems are formally represented as Markov Decision Processs (MDPs). An MDP is defined by a tuple
(S,A, P,R, γ), where S is the set of states, A is the set of actions, P (s′|s, a) is the transition probability
from state s to state s′ given action a, R(s, a) is the reward for taking action a in state s, and γ is the
discount factor which balances the trade-off between near-term and long-term rewards.

In an MDP, an agent interacts with an environment over a sequence of timesteps, producing a trajec-
tory τ = (s0, a0, s1, a1, . . . , sH). At each timestep t, the agent observes the current state st ∈ S, selects
an action at ∈ A according to its policy π, and receives a reward rt = R(st, at) as feedback. The environ-
ment then transitions to a new state st+1 according to the probability distribution P (st+1|st, at). This
interaction continues until the episode terminates, either after a fixed number of timesteps (horizon H) or
upon reaching a terminal state. In this work, the terminal state is defined as the vessel reaching the goal
waypoint or colliding with an obstacle. The objective of RL is to learn an optimal policy π∗ (Equation 1)
which maximizes the expected cumulative reward over trajectories, which in our experiments leads to an
agent that successfully navigates the vessel to the goal waypoint. This objective is formalized as:

π∗ = argmax
π

Eτ∼pπ(τ)

[
H∑
t=0

γt r(st, at)

]
, (1)

where pπ(τ) = P (s0)
∏H−1

t=0 π(at | st)P (st+1 | st, at) is the probability of a trajectory under policy π and
environment dynamics P . Many RL algorithms, utilize Q-learning [29] to learn an action-value function
(Q-function) to determine the optimal policy. The Q-function Q(s, a) quantifies the value of taking action
a in state s. Specifically, the Q-function for a given policy π, denoted Qπ(s, a), is the expected cumulative
discounted reward for taking action a in state s and subsequently following policy π. The optimal Q-
function, Q∗(s, a), represents the maximum expected cumulative discounted reward achievable by taking
action a in state s and then following the optimal policy π∗. Q-learning is based on temporal difference
(TD) learning, where agents learn value functions by bootstrapping from estimated future values rather
than waiting for complete episode returns. The algorithm updates Q-values using the immediate reward
plus the discounted maximum future Q-value. The optimal Q-function satisfies the Bellman optimality
equation and can be computed recursively:

Q∗(s, a) = Es′∼P (·|s,a)

[
r(s, a) + γmax

a′
Q∗(s′, a′)

]
(2)

Once all the Q-values are known, the optimal policy π∗ is obtained by selecting the action a that maximizes
Q∗(s, a) for each state s:

π∗(s) = argmax
a

Q∗(s, a) (3)

3.2 Offline Reinforcement Learning
Traditional online RL is challenging for real-world problems such as autonomous shipping due to its
reliance on direct environmental interaction for training. This interaction poses substantial risks (e.g.,
costly collisions, safety incidents) and is often time-consuming. Offline RL addresses these limitations
while maintaining the same objective of finding an optimal policy (Equation 1). Instead of interacting
with the environment, the agent learns from a dataset of transitions, collected using a policy πD (typically
gathered from expert demonstrations or human operators). The dataset D (Equation 4) is represented
as a collection of transitions with size T , each of which is a tuple containing the current state st, the
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action taken at, the reward received rt, the next state st+1, and a boolean flag indicating whether the
transition resulted in a terminal state:

D = (st, at, rt, st+1, terminalt)
T
t=0 (4)

Since the agent cannot explore beyond the states and actions represented in the dataset, the quality
and coverage of the dataset are critical factors in determining the success of the learned policy. For the
experiments performed in this work, we collected multiple datasets from the MOOS-IvP (uSimMarine)
shipping simulator [1]. Following the methodology established in the D4RL benchmark [7], we collected
datasets under different policies with varying levels of quality to evaluate the robustness of offline RL
algorithms under different data distributions. We specifically generated three types of datasets. πexpert is
the policy of a fully trained SAC agent, πmedium is a policy of a partially trained SAC agent, and πrandom

is a policy of uniform random actions. All datasets consist of 500,000 transition samples. These diverse
datasets allow us to evaluate how different offline RL algorithms perform when learning from datasets
with varying quality and coverage of the state-action space.

In this work, we focus on two offline algorithms: BC and Conservative Q-Learning (CQL). BC (or im-
itation learning) employs a pure supervised learning approach, training the agent to imitate the behavior
policy (πD) present in the dataset. The objective JBC is to minimize the expected difference between
the learned policy πθ and the behavior policy πD present in the dataset. Formally, this can be expressed
as:

JBC(θ) = min
θ

E(s,a)∼D

[
∥a− πθ(s)∥2

]
, (5)

where θ represents the parameters of the learned policy and (s, a) pairs are sampled from the dataset D.
For each observation in the dataset, the agent learns to predict the corresponding action taken by πD.
Since BC does not utilize the reward signal during this process, its effectiveness is highly dependent on
the quality of the dataset. If the dataset contains suboptimal actions, the BC agent will learn to imitate
these actions, leading to poor performance. In contrast to BC, CQL [14] aims not to imitate πD, but to
learn an optimal policy by estimating the Q-values from the dataset and selecting actions that maximize
these values. The core objective of CQL is to learn a conservative Q-function that avoids overestimation
of out-of-distribution (OOD) actions while still learning from the dataset. To address the critical issue
of Q-value overestimation for OOD actions in offline RL [30], the CQL objective JCQL consists of two
main components: a standard Q-learning term and a conservative regularization term:

JCQL(θ) = min
θ

LTD(θ) + αLC(θ), (6)

where LTD(θ) is the standard TD loss:

LTD(θ) = E(s,a,r,s′)∼D

[
(Qθ(s, a)− (r + γmax

a′
Qθ(s

′, a′)))2
]
, (7)

and LC(θ) is the conservative regularization term that penalizes high Q-values for actions not present in
the dataset:

LC(θ) = Es∼D

[
log

∑
a

exp(Qθ(s, a))− Ea∼πD(·|s)[Qθ(s, a)]

]
(8)

The hyperparameter α controls the strength of the conservative penalty. The first term acts as a soft
maximum over Q-values for all possible actions. By itself, this term would push up all Q-values. However,
the second term counteracts this by encouraging high Q-values specifically for actions that appear in the
dataset. When minimizing the difference between these terms, the Q-values for OOD actions are reduced
while the high values for in-distribution actions are maintained. The use of Q-values gives CQL the
potential to improve upon πD, particularly when the dataset is of suboptimal quality [10]. By learning
to select actions that maximize Q-values, CQL can disregard bad actions that might be present in the
dataset, a significant advantage over BC, which purely imitates the data. However, for this learning to be
effective the dataset must adequately cover the space of high-reward state-action pairs [17]. Furthermore,
a key challenge with CQL is its sensitivity to the conservative penalty term, which, if improperly tuned,
can lead to an overly conservative policy. In Section 5.2, we test the hypothesis that CQL can learn a
better policy than BC from suboptimal datasets, and potentially even outperform πD, by comparing their
performance when using datasets of varying quality. For our experiments, we used the OfflineRL-Kit [23]
implementation of BC and CQL.
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4 Simulation Environment
4.1 MOOS-IvP Simulator
Our experiments were performed in the MOOS-IvP (uSimMarine) simulator [1] (see Figure 1). Previous
work [9] has adapted this simulator for RL research by extending it to include procedurally generated
port environments. This extension addresses the distributional shift problem, where agents trained in
a single environment fail to generalize to new scenarios. Through domain randomization [25], we train
the agent on diverse scenarios by randomizing the port environment every 4 episodes, along with the
goal locations and routes of other vessels. For more detailed information on these procedurally generated
environments, readers are referred to [9]. It’s important to note that our agent operates without direct
knowledge of other vessels’ locations, instead relying on a ranging ray-casting sensor to detect both static
and dynamic obstacles. For vessel navigation, we implement a two-part motion planning approach. A
global motion planner determines the overall path using a set of waypoints, whilst a local motion planner
handles navigation between these waypoints. Specifically, we employ the RRT* algorithm [12] for global
path planning, and a RL agent for local navigation and collision avoidance.

4.2 Vessel Model

confidential
14

v
(x, y)

s

X

Y

yaw

ssway

ssurge

Figure 2: Visualization of the vessel model used in the simulation. The vessel has three degrees of
freedom: surge, sway, and yaw (ϕ).

In this work, we focus on IWT, where the hydrodynamic forces are less complex compared to open
marine settings. In inland waterways, factors such as roll, pitch and heave play a less significant role due
to calmer water conditions and more constrained environments. This is why we employ a Three Degrees
of Freedom (3DoF) vessel model that accounts only for surge, sway, and yaw movements. The pose vector
at time step t is defined as pt = [xt, yt, ϕt]

T where xt and yt are the coordinates of the vessel, and ϕt

is the heading angle of the vessel. The velocity vector at time step t is defined as vt = [st, ωt]
T where

st is the speed of the vessel and ωt is the angular velocity of the vessel. In this simulation, the vessel
dynamics are updated at each time step (dt = 100 ms) according to Equations 9 and 10. The vessel
model is visualized in Figure 2.

vt+1 = vt +

[
a · dt

urudder · T · dt

]
(9)

pt+1 = pt +

[
sinϕ(s · dt)
cosϕ(s · dt)

ω · dt

]
(10)

The acceleration a is computed from the net force acting on the vessel as shown in Equation 11, where
m is the mass of the vessel. The control inputs to the vessel are the thrust force Fthrust and the rudder
angle urudder. The parameter T represents the turn rate constant that determines the rate at which the
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vessel turns. Drag is calculated using the drag equation (Equation 12) (ρ is the density of water, v is the
velocity of the vessel, CD is the drag coefficient and A is the cross-sectional area of the vessel). In the
literature, a default drag coefficient between 0.5 and 1 is usually used when the actual drag coefficient is
unknown [11]. To conservatively estimate the drag force, we set the drag coefficient to 1.

a =
Fthrust − Fdrag

m
(11)

Fdrag =
1

2
ρv2CDA (12)

4.3 Reinforcement Learning in MOOS-IvP
We utilize the same state representation as used previously in [9]. The observation space consists of
the vessel’s odometry, Line-of-Sight (LoS) path-following errors [4], distance sensor readings to detected
obstacles, coordinates of the intermediate waypoints and the previous control action. The action space
is a 2-dimensional vector consisting of continuous control signals for thrust force [0, 1] and rudder angle
[−1, 1]. The reward function consists of four components, each designed to encourage specific behaviors:

Rpath = exp((−|ex|+ |ey|+ |eϕ|))− 1

Rdistance =
dt−1 − dt

v
if v ̸= 0 else 0

Rspeed = −0.1 + speedt

Rend =

{
1000 if goal reached

−1000 if collision

(13)

Rpath penalizes deviation from the planned path using the line-of-sight path following errors [4]. Specif-
ically, it incorporates cross-track error (ex), along-track error (ey), and heading error (eϕ) between the
vessel’s current position and the desired path. The Rdistance component rewards progress toward the
goal waypoint. It calculates the difference between the previous distance to the goal (dt−1) and the
current distance (dt). When the vessel moves toward the goal, this component yields a positive reward;
conversely, when moving away, it produces a negative reward. Additionally, Rspeed encourages the vessel
to move as fast as safely possible, where speedt is the speed of the vessel at time step t normalized to the
maximum speed of the vessel. We noticed that without this component, the agent would sometimes learn
to stand still indefinitely to avoid collisions. Finally, Rend provides a strong terminal reward or penalty
based on episode outcome. In this case, successfully reaching the goal results in a large positive reward,
while collisions incur a severe penalty. The final reward is calculated as a weighted (with G1, G2, G3)
sum of these components:

R(st, at) = G1 ·Rpath +G2 ·Rdistance +G3 ·Rspeed +Rend (14)

5 Results
5.1 Robustness
For our first experiment, we tested the robustness of the BC and CQL algorithms for varying mass and
turn rate values. We trained the agents utilizing the dataset Dπexpert , which was collected from a fully
trained SAC agent. The dataset was collected in the nominal environment, with the ego vessel having a
mass of 175,000 kg and a turn rate of 70. To test the robustness of our algorithms, we altered these vessel
parameters during evaluation. We compared the performance of the BC and CQL algorithms against
the SAC policy across these varying conditions. An episode is considered successful if the vessel reaches
the goal waypoint in less than 1000 time steps without colliding with any obstacles. The success rate is
calculated as the number of successful episodes divided by the total number of episodes. As shown in
Figure 3, in the nominal environment, both BC and CQL learn policies that closely match the success
rate of the expert (SAC) policy. Notably, we observe that the offline approaches demonstrate robustness
comparable to the online approach. They are able to maintain performance consistent with the expert
policy across varying mass and turn rate values.

For BC, which minimizes the Mean Squared Error (MSE) between predicted and expert actions given
observations, our trained policy achieved a MSE of 0.0005. Considering our action values range between
-1 and 1, this indicates that the BC policy has effectively become functionally equivalent to the expert
policy, explaining its robust performance across varying vessel parameters. For CQL, the interpretation
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Figure 3: Success rate of the SAC, BC and CQL algorithms for varying mass and turn rate values.
Only one parameter was varied at a time. Evaluation was done over 500 episodes. The nominal value is
indicated by the bold line. The shaded areas represent the 95% confidence interval.

of loss values is more complex due to its sophisticated objective function (see Section 3.2) that includes a
conservative regularization term. This term acts as a safety mechanism that prevents the algorithm from
making overly optimistic predictions about actions it hasn’t seen in the dataset. Effectively, this makes
the policy more cautious about trying actions it hasn’t seen before. However, our results demonstrate
that with a sufficiently comprehensive dataset, CQL also approximates the expert policy. The slightly
lower base performance of CQL compared to BC can be attributed to this inherent conservative nature
or potential hyperparameter sensitivity. On Figure 3, we notice the biggest performance decrease when
increasing the mass of the vessel. When the mass is increased, the vessel accelerates and decelerates
more slowly. This reduced responsiveness makes it harder for the vessel to decelerate or stop in time
when encountering obstacles, resulting in a notable increase in static collisions, as shown in Figure 4.
Meanwhile, dynamic collisions remain relatively consistent across higher mass values because the dynamic
obstacles now move faster than the ego vessel. Furthermore, the overall slower movement can extend
episode durations, sometimes causing the vessel to fail to reach the goal within the predefined horizon.
When the mass is decreased, the vessel accelerates and decelerates faster. As a result, the vessel may
accelerate too quickly, making it difficult for the agent to maintain control and leading to an increase
in both static and dynamic collisions. Figure 5 shows the impact of varying the vessel’s turn rate on
collisions. Decreasing the turn rate below nominal values maintains stable collision rates across all
algorithms, indicating robustness to slower turning capabilities. In contrast, increasing the turn rate
increases both static and dynamic collisions. While higher turn rates improve vessel agility, they also
make control more difficult for agents trained on lower turn rates. This increased sensitivity can lead to
oversteering and oscillation, resulting in more frequent collisions.

5.2 Impact of Dataset Quality
Both BC and CQL achieve success rates comparable to the expert policy, even under varied vessel
dynamics. This strong performance of BC, a simpler algorithm, naturally leads to the question of why
one would opt for the more complex CQL. As highlighted in Section 3.2, BC’s objective is to imitate the
behavior policy πD from the dataset, irrespective of πD’s optimality. A possible benefit of CQL is that
it offers the potential to learn a policy superior to πD when it is suboptimal. To test this hypothesis, we
trained the BC and CQL algorithms on an additional randomized dataset and a medium-quality dataset.
The policies learned from these datasets were evaluated in the nominal environment, with the results
presented in Table 1. When trained on the medium-quality dataset Dπmedium

, CQL achieves a success
rate of 31.5%, precisely matching the dataset performance. Similarly, when trained on the expert dataset
Dπexpert , both BC and CQL achieve success rates comparable to or slightly better than the original
expert policy (70.6% for BC and 68.4% for CQL versus 66.3% for the expert policy). However, neither
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Figure 4: Static and dynamic collision rates of the BC, CQL, and SAC algorithms when varying vessel
mass. Evaluations were performed over 500 episodes. The nominal mass value is indicated by a bold line.
Shaded areas represent 95% confidence intervals.

algorithm demonstrates significant improvement over the dataset policy they were trained on. This
suggests that in our autonomous vessel navigation task, the theoretical advantage of CQL in learning
a policy superior to the behavior policy is not realized. The random dataset Dπrandom

results further
emphasize the limitations of offline methods when the dataset lacks sufficient coverage of high-reward
state-action pairs, with both algorithms achieving near-zero success rates. The similar performance of
BC and CQL may be attributed to the large dataset size. With 500,000 samples in our dataset, most
situations encountered during evaluation are well-represented. This extensive coverage provides sufficient
examples for BC to effectively clone the expert policy without suffering from the lack of generalization
that typically affects imitation learning [19].

Method
Success Rate (%)

Random Medium Expert
Dataset 0.48 31.5 66.3
BC 0.4 32.9 70.6
CQL 0.1 31.5 68.4

Table 1: Success rates of different methods across datasets collected under three different policies, πrandom,
πmedium and πexpert. The dataset column shows the performance of the original data, while BC and CQL
show the performance of the learned policies. Evaluation was done over 500 episodes.

6 Discussion
6.1 Conclusion
This paper investigated the robustness of offline RL algorithms for autonomous vessel navigation, com-
paring the performance of BC and CQL against an online SAC baseline. Our key findings challenge
common assumptions about offline RL and provide valuable insights for the development of autonomous
shipping systems. As seen on Figure 3, 4 and 5, both BC and CQL can achieve performance comparable
to the expert (SAC) policy. However, as Table 1 highlights, the performance of these offline methods
is significantly lower when trained on suboptimal datasets. This emphasizes the importance of dataset
quality and coverage in offline RL. Contrary to common belief in the literature [17], we found that these
offline approaches exhibit robustness similar to the online SAC baseline when tested under varying vessel
dynamics, specifically changes in mass and turn rate. This suggests offline RL methods are viable alter-
natives for autonomous vessel navigation, particularly when high-quality demonstration data is available.
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Figure 5: Static and dynamic collision rates of the BC, CQL, and SAC algorithms when varying vessel
turn rate. Evaluations were performed over 500 episodes. The nominal turn rate value is indicated by a
bold line. Shaded areas represent 95% confidence intervals.

The more complex CQL did not demonstrate significant advantages over BC in our experiments. This
held true even when training on suboptimal datasets, where both algorithms achieved similar perfor-
mance levels. For well-defined navigation tasks with enough training data, simpler imitation learning
approaches may suffice. These findings have important implications for the development of autonomous
shipping systems. They suggest that offline approaches such as BC can be effective for vessel navigation
tasks when provided with high-quality demonstration data. This may simplify the development and
deployment of autonomous shipping solutions, reducing the need for complex online training procedures
while maintaining robust performance.

6.2 Future Work
Building on our findings, we have identified several promising directions for future research. First, we
plan to investigate how dataset size and coverage affect algorithm performance, particularly focusing on
whether CQL’s theoretical advantages emerge more clearly with smaller datasets where BC typically
struggles with generalization. This investigation would help establish minimum dataset requirements for
effective offline learning of autonomous navigation policies. Second, we aim to expand our robustness
analysis by including additional vessel parameters such as drag coefficient and cross-sectional area. This
extension would enable simulation of vessels with varying hull shapes and sizes, providing insights into
the algorithms’ adaptability across different vessel types. Furthermore, comparing the robustness of our
current approaches with robust RL algorithms such as Robust Adversarial Model-based Offline Rein-
forcement Learning (RAMBO) [20] and Robust Model-Based Policy Optimization (RMBPO) [8] could
be a valuable direction for future research. These algorithms are specifically designed to handle envi-
ronmental variations and uncertainties, and such a comparison might reveal whether specialized robust
approaches significantly outperform standard methods for vessel navigation. Another important aspect
of robustness is the ability to handle increased environmental complexity and traffic density. Future work
should investigate whether policies trained in sparse environments can maintain performance when faced
with more complex scenarios containing a higher number of dynamic obstacles and vessels. This would
provide valuable insights into the generalization capabilities of these algorithms across varying levels of
navigational difficulty. Additionally, these experiments may be replicated in ASVSim (AirSim for Surface
Vehicles) [16], an open-source vessel simulator we have recently developed. Lastly, our research group
has collected data using a real-world USV. By training and validating our algorithms with this real-world
data, we can assess their practical applicability and robustness under actual operating conditions.
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