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Abstract: Ship trajectory tracking controllers based on deep reinforcement learning (DRL)
are widely applied in various fields such as autonomous driving and robotics due to their
strong adaptive learning capabilities and optimization decision-making ability. However,
ship trajectory control faces challenges such as long training cycles and poor convergence
performance. These issues are primarily caused by the unreasonable design of algorithm
models and reward functions, which limit the performance optimization and energy effi-
ciency improvements in real-world navigation. In this paper, we propose a ship trajectory
tracking control algorithm based on deep reinforcement learning. The proposed algorithm
introduces maximum entropy theory and experience replay techniques. Additionally, it en-
hances the reward function module by adding reward terms and fitting weight designs. A
three-dimensional simulation environment is constructed to validate the proposed method.
The results demonstrate that the controller designed in this study outperforms traditional
DRL controllers in terms of fast convergence, convergence stability, and final reward values.
The controller meets the requirements for tracking conventional trajectories and shows
stable and efficient performance in both wide-area water search experiments and river
channel traversal experiments. These experimental results provide valuable insights for
future research directions.

Keywords: trajectory control; deep reinforcement learning; trajectory tracking controller;
reward function

1. Introduction
1.1. Background

With the development of the global shipping industry and the continuous advance-
ment of related technologies, intelligent ship technology is gradually becoming one of the
main research directions in the industry [1,2]. Trajectory tracking control, as one of the
core technologies for intelligent ships, plays a significant role in automatic navigation and
collision avoidance [3,4].

Traditional ship trajectory tracking control methods primarily include PID control,
fuzzy control, sliding mode control, and others [5]. These methods can meet the basic
control requirements of ships to some extent, but their control accuracy and robustness
are often limited in the complex and ever-changing marine environment. Deep reinforce-
ment learning (DRL) technology is gradually demonstrating its unique advantages in the
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maritime field [6,7]. DRL does not require high-precision models and performs well in
handling complex, nonlinear ship trajectory tasks [8,9]. However, it also faces challenges
such as long training cycles and low interpretability.

1.2. Related Work

Traditional ship control is usually based on PID, etc. Fossen et al. utilized a line-of-
sight- (LOS) based underactuated ship path tracking control method, which is one of the
earliest and most widely used strategies for ship motion control [10]. Their team introduced
a nonlinear Lyapunov function to design the controller, effectively addressing issues posed
by the model [11]. In this framework, DO [12] introduced a nonlinear Lyapunov func-
tion [13] to design the controller, effectively addressing issues posed by the model. Shen
et al. [14] modeled fully actuated ships and, to tackle external environmental disturbances,
proposed an adaptive dynamic surface sliding mode control method with a disturbance
observer. They performed simulation experiments to verify its feasibility. Jiao et al. [15]
introduced a performance function with constraints for controller design, utilizing radial
basis function (RBF) neural networks to correct jittering parameters. Their simulation
results showed that the trajectory tracking error converged within the specified range,
verifying the effectiveness and superiority of the proposed control strategy. Qi [16] used
a high-gain observer to estimate the system’s velocity vector and combined this with the
approximation capability of RBF neural networks and the backstepping method to design
a controller that successfully completed trajectory tracking for the ship. Shen et al. [17],
under input constraints, designed a sliding mode recursive control law by constraining
the ship’s trajectory, considering both the position and velocity errors, which enhanced the
system’s robustness. Finally, they integrated neural networks to complete the trajectory
tracking control of the ship. Liu et al. [18] employed a disturbance observer to estimate
low-frequency disturbances in the dynamics, designed adaptive laws to estimate unknown
time-varying current velocities, and used an auxiliary power system to compensate for
input saturation constraints in the brake system. Chen et al. [19] proposed a fixed-time
fractional order synovial control method to address uncertainty issues in the model and
environment. This method can effectively track and reduce the shaking phenomenon of
synovium. He et al. [20] proposed an autonomous ship collision avoidance path plan-
ning method suitable for multi-ship encounter scenarios, achieving real-time ship course
adjustment through fuzzy adaptive PID control.

In recent years, research on trajectory control has primarily focused on deep reinforce-
ment learning methods. Zhao L et al. [21] designed a trajectory controller based on the
PPO algorithm, achieving good tracking performance in unknown environments. Song
et al. [22] developed a trajectory controller using carrot tracking guidance combined with
the PPO algorithm, which avoids complex parameter calculations and demonstrates high
tracking accuracy in disturbed environments. Zhang et al. [23] and Zhu et al. [24] designed
a trajectory controller using line-of-sight (LOS) guidance combined with the DDPG algo-
rithm, with simulation results showing good tracking performance; however, interference
issues were not considered in the tests. Wang [25] designed a trajectory controller based on
DDPG-H, achieving precise tracking under both interference-free and disturbed conditions,
with relatively smooth rudder angle outputs. Zhao Y et al. [26] proposed a trajectory
control method based on DQN smooth convergence. Chen et al. [27] proposed a ship
route planning method that integrates the A* algorithm with a Double Deep Q-Network
(A-DDQN), demonstrating improvements in reducing fuel consumption and carbon emis-
sions. Cui et al. [28] incorporated LSTM and MHA mechanisms into the TD3 algorithm
network, enhancing its attention to historical state information and achieving superior ship
performance compared to conventional methods in complex encounter scenarios. Wang
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et al. [29] proposed a SAC-based multi-path tracking controller that significantly improves
path-following accuracy and success rate. Experimental results showed that the proposed
algorithm converges faster and has better control effects compared to traditional DQN
algorithms, which has practical significance.

In practical ship control applications, vessel trajectory tracking primarily relies on
PID control and Model Predictive Control (MPC). Due to the inherent limitations of these
two control algorithms, some real-world vessels adopt a hybrid “PID+MPC” architecture.
For instance, Kongsberg’s Dynamic Positioning (DP) system, deployed on thousands of
offshore vessels, traditionally uses PID for thrust allocation. Meanwhile, Hyundai Heavy
Industries has applied MPC technology in LNG ship berthing systems, where its core
functionality lies in multi-step prediction and constrained optimization to ensure safe
docking in complex environments. However, these methods exhibit limited adaptability in
harsh sea conditions and require high parameter-tuning costs, prompting the industry to
explore smarter solutions.

Deep reinforcement learning, owing to its advantages in adaptive decision-making,
has gradually transitioned from academic research to practical applications in recent years.
Researchers at the Norwegian University of Science and Technology developed a DRL-
based ship navigation controller and conducted experiments using a 1:75.5 scale physical
ship model. Results showed that under wind-free conditions, the controller achieved
precise tracking of a 40 m square trajectory, with measured position and heading angles
aligning closely with simulation data. Even under strong wind disturbances, the system
demonstrated robustness by completing complex maneuvers such as “figure-8” paths,
despite initial deviations, thereby validating the feasibility of DRL.

A review of current research in ship motion control reveals that while traditional trajectory
control algorithms can accomplish tracking tasks, they suffer from limited adaptability and
high tuning costs. DRL algorithms effectively address these shortcomings while remaining
compatible with other parallel research efforts. However, as studies progress, challenges such
as prolonged training cycles and decision under- or overfitting have become apparent. Given
these research characteristics, this study develops a Soft Actor—Critic algorithm to enhance
training efficiency in ship control. This approach not only addresses a key challenge in ship
trajectory tracking control but also constitutes the core contribution of this paper.

2. Mathematical Model of the Ship
2.1. Kinematic Equations

In this study, since the research task focuses on the trajectory tracking control of
an unmanned ship and primarily addresses its horizontal motion, only three degrees of
freedom are considered: roll, surge, and heave. Additionally, two coordinate systems are
established: the body-fixed coordinate system and the North—East coordinate system, see
Figure 1 for details.

Figure 1. Body-fixed coordinate system.
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Thus, the conversion relationship between the ship’s velocity in the North-East-Down
(NED) coordinate system and the velocity in the body-fixed coordinate system (Body) is
shown in Figure 2. The conversion formula is as follows:

X = ucosy + vsin
y = usimj) — vcos (1)
p=r

0, > v,

Figure 2. Transformation relationship of the coordinate system.

The vectors v = [u,v, 1] and 1 = [x, y,tb]T = [N, E, p]" represent the ship’s velocity,
position, and heading angle information, which are used to describe the ship’s state. The
ship’s kinematic equations can be expressed as follows:

1 =R(p)v @)

In the equation, 1 represents the ship’s velocity in the North-East-Down (NED) coor-
dinate system, and R(1) € R**? is the coordinate transformation matrix, which satisfies

the following:
RY($) =R (W) and [[R(W)]| =1 3)
cosp —sinp O
R(P) = [simp cosPp O 4)
0 0 1

2.2. Dynamics Model

When the ship is tracking at high speed, if the speed exceeds 4 knots, it exhibits
underactuated characteristics, lacking sufficient sway control force. Tracking is achieved
solely through the coordination of surge and yaw. Generally, in the study of track and
heading control, it is assumed that the ship is sailing at a constant or slowly changing
speed, and the speed is close to the surge speed:

U=vuZ+vZxu (5)

To simplify the model, it is typically assumed that the ship is symmetric about its
longitudinal axis, allowing the separation of the longitudinal motion equation from the
lateral motion and yaw motion equations. The ship’s speed is not influenced by the other
two equations.

(m — Xy )u — Xau = Xjyy[uju =1ty (6)
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Assuming that the speed of the propeller is constant and only the sway and yaw
equations are considered, the dynamic equation can be simplified as follows:

MV + N(up)v = bd (7)

In the equation, v = [v, r]T is the state vector, M is the mass matrix, N(u,) contains
velocity and linear term matrices, b is the control input matrix, and $ is the steering angle.
In ship maneuvering motion, Equation (7) is usually simplified, and the simplified

response equation is:
TiTof + (Tq + T)f +r = K6 + KT36 (8)

Applying the Laplace transform to Equation (8) yields the transfer function:

E( )= K(1 + Tzs)
5% T (1+Tys)(1+ Tos)

©)

In the formula, K, T1, T, T3 are the manipulative indices.

In this paper, considering the large inertia and low frequency characteristics of the
ship, as well as the steering delay response phenomenon, combined with the steering
engine model and the environmental disturbance term, a first-order linear response model
was obtained:

(10)

Tr+r=Kd+w
TEd = 6 — &

where Tg, 6g, 0 are the rudder time constant, the commanded rudder angle, and the actual
rudder angle, respectively. w is the environmental disturbance term.

3. Method
3.1. MDP Model of USV (Unmanned Surface Vehicle) Ship Trajectory Control

In order to realize the track control of unmanned ships, it is necessary to build a
Markov decision process (MDP) model [30] that integrates the construction environment
and data collection. The model is composed of four tuples (P, S, A, R), where A represents
the action space, S represents the state space, P represents the state transition probability,
and R represents the reward function. The planning system process of the MDP model is as
follows: update the initial state information Sy of the unmanned ship, output action a; € A.
According to strategy 7t within each time step t, the unmanned ship enters a new state S¢ 4
and evaluates the action effect through the reward function R;.

3.2. PER-Soft Actor—Critic
3.2.1. Soft Actor—Critic

The SAC algorithm was proposed by Tuomas haarnoja et al. Compared with the
traditional Actor—Critic (AC) algorithm, SAC introduced the maximum entropy framework
and added the entropy regularization term to the objective function, which improved
the exploration efficiency and stability of the algorithm, and solved the problem that the
traditional reinforcement learning could not solve in the continuous action space.

The introduction of maximum entropy helps to accelerate policy learning and reduce
the likelihood of the agent becoming stuck in local optima. Therefore, entropy regulariza-
tion is added to the objective function of DRL, and its optimization objective function is:

7" = argmax Ex | ) r(sy, ar) + «H(7t(+[st)) (11)
T t
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where 7% is the optimal strategy, « is the regularization coefficient, and H(7t(-|s¢)) is the
degree of randomness in the state s;.

The regularization of entropy: By adjusting the coefficient, the larger the value, the
greater the exploration rate of the algorithm, so as to improve the convergence speed of the
strategy and reduce the possibility of falling into the local optimum.

The selection of the entropy regularization coefficient (temperature coefficient) is very
important in this algorithm. The choice of the regularization coefficient should be different
in different states and environments. When the optimal state solution is uncertain, the
entropy weight should be appropriately increased. When confirming some state solutions,
it should be smaller. The goal of reinforcement learning is that the mean value of constraint
entropy is greater than Hp. Then we can obtain the following loss function:

L(®) = Egwparon( Js) [ -alogrm(at[se) — ocHo]Q(st, ar) (st at) (12)

When the entropy of the strategy is lower than Hp, the objective function will increase
the regularity coefficient o and improve the exploratory ability of the agent. On the contrary,
it will reduce the coefficient to ensure the improvement in the reward.

The SAC algorithm is solved by strategy iteration. Therefore, the soft Bellman equation
is used:

Q(st,at) = r(st,at) + VEs,,, [V(st41)] (13)

The stable value function is represented as follows:

V(st) = Eanon[Q(st, at) — xlogm(at|st)] = Eapore [Q(st, at) + cH(7t(+|st))] (14)

According to the soft Bellman equation, the final strategy can converge to the finite
state and action space, so the improved formula of the Soft strategy is:

exp (%Qﬁold (s, ))

i 05)

Thhew = argmi,n Dir | 7/ (+]s),
7T

In the SAC algorithm, there are two parts: Actor and Critic networks, corresponding
to the action value function Q(st, at) and the strategy function 7t(st, ar). When selecting
the Q value, a smaller value should be selected to avoid overestimating the Q value. The
TD method is used to calculate network loss. The loss function of the Critic-Q network is
as follows:

1 , 2
LQ (d)) = E(St,at,rtrst+l)ND [2 (Q(b (S’t/ at) - (rtY (]lzl%rzl %(St+1, at+1 ) OCIOgT[(at+1 |St+1 )) ) ) ‘| (16)
where D is the sample, &, ¢ is the network parameter and the target network parameter,
respectively.
The strategy function obtains the loss function through KL divergence:

Lﬂ(e) = EStND,atNTKG [Odog(ﬂfe (at|st)) - Qd) (st/ at)] (17)

In a continuous action environment, the sampling process itself is non-differentiable,
and sampling actions directly from the policy network result in a non-differentiable. To
address this issue, the Reparameterization Trick was employed to transform the sampling
process into a differentiable form. The specific method is detailed in Table 1.
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Table 1. Reparameterization Trick.

Reparameterization Trick

1. Generate Gaussian distribution parameters:
The strategy network outputs the mean g (s¢) and standard deviation og(st) of
Gaussian distribution;

2. Add random noise:
Generating Gaussian random noise & ~ N(0,1);

By & generating specific actions: a; = pg(st) + 0 (st)-&;

3. Scaling using a bitangent sine function:
To ensure that the action is within a reasonable range, zoom:

ar = tanh (g (st) + 0o (st)-E).

The reparameterized action e;t is substituted into the Q network to calculate the Q
value, and a new loss function is obtained:

Lr(0) = Eqp e N {odog ( (719 (aNe (s, a)) ’st> min Qy, (st, a0 (st, a)) ) } (18)

=1,

3.2.2. Priority Experience Replay

The prioritized experience replay (PER), proposed by Schaul et al. in 2016 [31], is a
technique to improve the efficiency of deep reinforcement learning algorithms. The main
idea of this technique is to enable the model to learn more from experiences that are more
informative; that is, those resulting in larger temporal difference (TD) errors. The larger the
error, the more the model needs to be corrected, making that sample more valuable. The
TD error is defined as follows:

Ot = 1t +vQq (St+1,at41,0) — Qo (s, at; 0) (19)

where r; is the instant reward, v is the discount factor, Q; and Q, are the target Q network
and the current Q network, respectively. When sampling, the greater the 5; value, the
greater the probability. When sampling for new samples, the samples are stored according
to the size of the error value §;. The new samples are added to the priority queue, and
the samples with the lowest 6; value in the queue are deleted. Priority p; is expressed
as follows:

p; = ‘5i‘+€ (20)

where |6;| is the absolute value of the TD error and € is a small positive value, which is
used to avoid the case where the priority p; is 0.
The sampling probability of the sample is expressed as follows:

_ P

.= 21
Pi Yip 2D

where p/* is the o power of priority and }; p{* is the sum of « power of all priorities. «
is a super parameter used to control the importance of priority. When « = 0, all samples
are uniformly sampled. When « = 1, sampling is entirely based on priority. However, the
model will produce deviations when sampling. In order to correct the deviation caused by
priority sampling, the importance sampling weight w; was introduced:

1 1 \P
i = (N'p@) @)
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1
L= Ezi; w; 87 (23)

where n is the size of the experience pool, and {3 is a super parameter, which is used to
control the degree of importance sampling. Generally speaking,  gradually increases
from a small value to 1 to gradually reduce the impact of the deviation. L is the final
loss function.

3.2.3. Combination of PER and Soft Actor—Critic

The final algorithm is PER-SAC, and the specific algorithm process is shown in
Algorithm 1.

Algorithm 1 PER-SAC Algorithm

1. Set policy parameters, initialize the corresponding target network, and initialize
experience pool D;
2. For episode e = 1-E do:
For each step in the time step: execute the action a; € 7g, check the experience
pool capacity, obtain the reward r; and the next state s¢; 1, store the track
(st, a, It, St11), and update the experience pool;
Sample x pieces of experience with sampling probability from experience pool D;
Calculate importance sampling weight;
Update the two Q networks and the policy network 7, and update the
temperature coefficient at the same time;
3. End.

Figure 3 is the network structure diagram describing the PER-SAC algorithm:

Agent —alogmy(&']s')
Actor ¢ Critic
L(m¢, D) ¢——a——@ L(¢1, D)update €———@——> L(¢2, D)update
~alogra(i(s,€)]¥') ot l l o
5, (8ya 5 (5,0
I—_[—__________—___________--__ - [
. I R g |
a; € my(s) o o o minj—12{Qs (-‘,'M(;yf)} i e O o e o o i
environment "N/ ® [ NN «\*/® ;
L ! ) ® i
|

(8t3 7ty 1415 T41) 2 Critic Network $2)

ma(s) ? dj(s,§)
Policy Network 7y T ‘“‘“l """""""""" ‘I """"
D

e e
° e o @ e © o !
e © o m3(s') I ® o @ o o o
o o o . L J .
L J | 91 Target Critic Network 2|

Target Policy Network 7 L minj—y 2 {Q;(.&’,J’)} J

I
}
I
I
1
1
|
1
]
1
]
]
]
]
]
}
I
I
]
I
!
I
p—— |
1
|
1
]
]
]
]
I
I
}
}
}
}
}
I
1
|
I
1
1
|
]
]

S SSRGS
(M-f:,-ﬁ'(-h“r) "

Priority
based
experience
pool

_________________________________________________________

Figure 3. PER-SAC network structure diagram.



J. Mar. Sci. Eng. 2025, 13,792

9 of 21

S=1[s_1,8]=

3.3. Network Architecture Design

The algorithm used in this study is designed based on the Actor—Critic (AC) frame-
work, requiring specific designs for both the Actor and Critic networks according to the
complexity of the control task, including the type of neural network, neurons, and activa-
tion functions.

In the AC framework, neural networks are primarily used to approximate the policy
and value functions, with common types including the Multilayer Perceptron (MLP),
Recurrent Neural Network (RNN), the Long Short-Term Memory Network (LSTM), and
the Convolutional Neural Network (CNN). This study employed MLP, also known as the
Artificial Neural Network (ANN), which consists of an input layer, hidden layers, and an
output layer, with fully connected layers between them.

Neural networks have two important metrics: width and depth. Increasing depth
enables the network to better approximate complex features, but may also lead to overall
performance degradation. Increasing the width enhances the learning capability of each
layer but raises computational costs. Considering the complexity of the trajectory tracking
task while balancing these two metrics, the network adopted a uniform structure with two
hidden layers containing 128 and 64 neurons, respectively. Activation functions introduce
nonlinearity to neural networks, with common choices, including Tanh, Sigmoid, ReLU,
and LeakyReLU, whose output ranges are confined to [—1, 1], [0, 1], [0, +0), and (—oo, +c0),
respectively. For trajectory control tasks, where action outputs may be positive or negative
but within a limited range, the output layer uses the Tanh function, while hidden layers
employ ReLU to achieve rapid convergence and mitigate gradient vanishing.

The detailed network structure is shown in Figure 4.

Relu
X
u Tanh
W) T Tanh
an
A

r ” S=[s-18]=

e

1/} o Q (sya)
Ye

128 64 128 64
Input layer Hidden layer Output layer Input layer Hidden layer Output layer
(a) Actor Network (b) Critic Network

Figure 4. Network architecture diagram.

The Actor network took 12 consecutive states as the input at each timestep, processed
them through two hidden layers activated by ReLU functions, and finally output actions
sampled from the policy distribution through a Tanh activation function. The Critic
network, at each timestep, took the same 12 states plus 1 action as input, processed them
through two ReLU-activated hidden layers, and output the state—action value Q through a
Tanh activation function.

3.4. Design of Reward Function Module

The reward function is the core component of the reinforcement learning algorithm,
which determines the behavior of agents and affects learning efficiency and performance.
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This paper combined PER with the reward function to optimize ship task training and
improve the efficiency of policy fitting.

When designing the reward function R, we typically categorize it into two types based
on its distribution characteristics: dense rewards and sparse rewards. Sparse rewards
refer to only providing positive or negative feedback when the agent performs critical
actions, while giving zero reward at other times. In contrast, dense rewards evaluate
and provide feedback for every action taken by the agent. In practical applications, a
balance between these two reward mechanisms is necessary. Sparse rewards may lead
to insufficient feedback, making it difficult to discover optimal actions, whereas dense
rewards provide timely guidance. Therefore, the design should incorporate both dense and
sparse rewards while considering the impact of positive and negative rewards on the agent.

In this study, to ensure that the vessel simultaneously considers heading error and
tracking error during trajectory following, we designed both positive and penalty dense
rewards. Specifically, tracking error was associated with positive rewards to encourage ex-
ploration, while heading error was assigned negative values to prompt timely adjustments.
The reward function was formulated as follows:

Ry = — || + & x 0.5 (24)

In the equation, x, 3 represent the weight parameters.

The trajectory tracking control route of the ship is discrete points, so there are straight
lines between the discrete points. A reward function was added as guidance on the straight
line. The reward item is:

Ry = ¢+ growth_rate * X, x = len_percent (25)

growth_rate =1+ (% + K) (26)

where len_percent is the path completion degree, and its value range is (0,1). ¢, k is the
function base value and the function base growth rate coefficient, respectively. See Figure 5
for details.

't
Pry1 Vi+1r Xies1)

D

len_percent

P (Yrr Xi)
0 >

Figure 5. len_percent schematic diagram.

In the track control, the ultimate goal is to complete the tracking of the target trajectory.
In order to avoid the unmanned ship from deviating too much from the design trajectory
and reduce the training cycle time, a penalty value was given when the error was too large,
and the sparse motion boundary reward was set:
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R, _{ ~100, if [e| > 10 )
0, else

Therefore, the overall reward for track control is Ry, = Ry + Ry + Rs.

The deep reinforcement learning ship trajectory tracking control system has the prob-
lem of long training cycles. The orthogonal experiment method can be used to analyze
multiple weights without losing the experimental information and reducing the number of
experiments as much as possible.

In order to consider the influence of various factors, the Lo (3*) orthogonal table was
introduced, and four factors were considered. Each factor had three levels. See Table 2
for each factor and level. The minimum number of rounds required for the reward and
incentive value to gradually converge to a relatively stable level in the ship training task
was calculated, and the results were analyzed directly. See Table 3 and Figure 6.

Table 2. Factors and levels of the orthogonal table.

Factor A Factor B Factor C Factor D
Horizontal . Track Completion
Serial Number Bow Error Distance Error Degree Angle
1 —-15 0.1 0.2 45
2 -5 0.5 1 90
3 -10 2 2 135

Table 3. Intuitive analysis results.

Factor A Factor B Factor C Factor D
Kyj 233 265 191 262
Ky 117 138 167 157
Kz 178 125 170 108.9
Ry 116 140 24 153.1
280
—&— FactorA
260 ; = Tactclc
—&— FactorD
240 A
© 220
5
S 200
[
2 180 ‘
3 \/
% 160 ‘
[
o
O 140
120
100
Al A2 A3 Bl B2 B3 Cl C2 C3 D1 D2 D3
level factor

Figure 6. Visual analysis diagram.

In the Table 3, Ry is the range, Kjj is the mean of factor j at level I, abbreviated as
horizontal mean.

It can be observed from the above figure and table that although the ranges of each
factor differed, they were all within the same order of magnitude. The influence of factor
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A and factor B on the training cycle of the algorithm was basically the same. Factor D
had a certain influence, but its influence degree was slightly lower than that of factor A
and factor B. Factor C played a guiding role in reward and had a certain impact, but it
cannot be compared with heading and distance errors. To sum up, the optimal parameter
combination of the reward function was A;B3C».

Factor A represents the heading error. From an intuitive analysis, it is clear that A did
not converge, so further analysis of A was conducted while keeping factors B and C fixed, as
shown in Table 4. The result showed that A reached its optimal value around level 2. Factor
B represents the distance error, and its weight coefficient showed convergence. Although
factor C had a smaller influence than A and B, proper track completion can promote the
stability and efficiency of the training process. As for factor D, it can be observed that the
controller showed decreasing difficulty in the training angle.

To sum up, the final coefficient selection combination of the controller reward weight
was A2B3C2.

When a USV executes track control training, the process of obtaining the reward
function is shown in Figure 7.

—{nitialize unmanned ship state and random trajectory path PATH)

\

| Track control model I<

\

Follow the current strategy g , output action a

v

Get rewards R(a, s) , Get the next status s’ ~ p(a, s)

L]

Store status, actions, rewards, sample data, and update
experience pool

\ Y

Update training | Update the training
Critic network "| of the Acrtor network

Yes \

end of the round

No

Strategy not converging

Training finished?

Strategy convergence

Output: Optimal strategy parameters and optimal strategy

Figure 7. Training process and reward acquisition.
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Table 4. Factor a convergence analysis.

PATH = [(—80,—80), (—50,20), (20,40), (45,10), (60,55)]

Factor A Convergence Rounds
-5 160
—10 395
-30 2893
=50 5000 + (Not converging)

4. Analysis of Simulation Results

This paper used the PyBullet simulation platform (Version: 3.2.5) and the Gym (Ver-
sion: 0.19.0) learning framework to build a three-dimensional visual simulation environ-
ment for unmanned ship motion control. Simulation experiments were designed to verify
the feasibility of the ship trajectory tracking controller based on deep reinforcement learn-
ing in various water conditions, and the convergence efficiency of the new controller was
verified by comparing it with other RL algorithms.

The parameter settings of the training phase of the deep reinforcement learning
algorithm are shown in Table 5 below.

Table 5. SAC training parameter settings.

Parameter Value
Discount factor y 0.99
Actor network learning rate 0.0003
Critic network learning rate 0.0003
Replay memory size 100,000
Neural network hidden layer 2
Number of neurons in each hidden layer 128
Action noise standard deviation 0.1
Maxepisodes M 40 x 107

4.1. Network Training and Comparative Test

Before testing, the controller needed to be pre-trained to ensure that the SAC algorithm
had learned the basic control strategy. After completing the pre-training, the training
process was analyzed and evaluated. Various algorithms were then compared with the
training path shown in Figure 8 for the evaluation results. The initial state of the unmanned
vessel was set ton = (80,80, OO]T, and the path was PATH = [(—80,—80), (—40,0), (0,0),
(40,40), (80,40)], with the units in meters.

For the convenience of analysis, the reward values of each algorithm were processed
using a moving average. The four algorithms analyzed were: DDPG, PPO, TD3, and PER-
SAC. In terms of convergence speed, PER-SAC and DDPG converged quickly, followed
by TD3, while PPO was the slowest, starting to converge at around 580 episodes. Among
the four algorithms within the limit of 1000 rounds, only PER-SAC converged stably. PER-
SAC finally began to converge and stabilize at 330 rounds; DDPG began to converge at
110 rounds and reached its highest value at 580 rounds, but ultimately did not converge
well and experienced significant fluctuations. TD3 converged after 360 rounds; PPO started
to converge last, but ultimately did not have stable convergence. From the reward values,
it can be observed that PER-SAC and PPO exhibited better stability, with the reward values
of PER-SAC slightly higher than those of PPO. DDPG, in terms of the reward function
trend, was able to converge at a rate comparable to PER-SAC, but its volatility was the most
significant, lacking stability. In summary, based on both convergence speed and reward
values, it can be concluded that the PER-SAC algorithm, with its prioritized experience
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replay mechanism, is able to make better use of experience and eventually converge to a
better policy, demonstrating the ability to promote stability and efficiency in the learning
process. Based on the completed episodes, we analyzed the task completion rate and the
average and maximum values of the task completion rewards, as shown in Table 6.

20 - — PER-SAC
— DDPG
— TD3

PPO

0-

=20+~

—40 -

Reward

—-60 -

-100 -

¥ " Vf\. ~—r
-120+ ﬁé/ i ~J/

0 200 400 600 800 1000
Episodes

Figure 8. Comparison of rewards for trajectory control training.

Table 6. Training results.

Algorithm Task Completion Rate Average Value Maximum Value
PER-SAC 79.4% 16.55 25.88
DDPG 57.6% 12.43 20.56
TD3 33.5% —1.07 10.21
PPO 26% 2.62 16.59

During the evaluation of the algorithm, the stability of the loss function curve based
on the neural network is also an important evaluation metric, as it directly reflects the
quality of the network architecture. The loss values generated during the training process
were stored, and the results are depicted in Figures 9 and 10.

200}
150} l
I

100 -

Loss values

50 -

Lo L.JJ hﬂlllllu Mo Lo, i el o LJ l.ulL L; L oo

0 2000 4000 6000 8000 10000 12000 14000
Episodes

Figure 9. The loss curve of the Critic network in the PER-SAC algorithm.
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Figure 10. Loss curve of the Actor network in the PER-SAC algorithm.

At the beginning of training, the Critic network exhibited a relatively high loss value,
with some values exceeding 200. This indicates that, in the early stages of training, the
Critic network has a very limited understanding of the environment, and the predicted
Q-values deviate significantly from the actual values. At the same time, the loss value
fluctuated greatly in the early stages, reflecting the network’s attempt to learn and adjust
its parameters. The significant decrease in loss values during the initial phase suggests
that the learning rate is appropriate and that gradient descent is being effectively applied.
After 2000 iterations of learning, the loss value gradually decreased, with some fluctua-
tions, but the overall trend was downward. Particularly after 13,000 steps, the loss value
approached zero, indicating that the Critic network had largely converged and learned an
effective policy. Occasional fluctuations during the convergence process were due to the
algorithm exploring new strategies. However, overall, the loss value remained at a low
level, suggesting that the network is now able to predict the environment’s rewards with
relatively high accuracy.

The evaluation of the Actor network’s loss curve showed that, in the first 3500 episodes,
the loss curve exhibited a significant downward trend. Around episode 5700, a sharp drop
occurred, but it stabilized afterward, suggesting that the network was continuously learning
and improving. As training progressed, this volatility persisted, with some noticeable
spikes, indicating that the model was constantly adjusting its policy to adapt to changes in
the environment. After episode 8000, the loss value gradually stabilized, and the network
began to converge, with the convergence speed becoming more stable.

4.2. Verification Simulation

After completing the training, the trained model was saved for subsequent evaluation.
The test results for the PER-SAC algorithm were designed for single-objective, multi-
objective, and special route scenarios. The initial position of the ship in the simulation was
set to (—80,—80), with an initial heading angle of 45°.

Simulation Experiment 1: The straight-line and zigzag trajectories were designed
to observe the controller’s tracking performance and response to sharp angle changes.
The trajectory coordinates were [(—80,—80), (80,80)] for the straight line and [(—80,—80),
(—40,0), (0,0, (40,—80), (80,80)] for the zigzag pattern, with all units in meters, The result is
shown in Figure 11.
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Figure 11. Experimental results of straight and sharp path tracking: (al,a2) Path tracking visualization;
(b1,b2) Comparison chart of heading angle error; (c1,¢2) Distance error diagram.

From the tracking results of the two trajectories, it can be seen that the ship was able to
complete the trajectory tracking task within a certain error margin, proving the feasibility
of the controller. Although there was a slight deviation in the path at the beginning, this
was due to a 45-degree deviation between the ship’s heading and the preset path direction,
which aligned with the ship’s motion dynamics. The ship exhibited error fluctuations at the
corners, which were consistent with the dynamic constraints of the USV. From the heading
error tracking chart, it is evident that the ship can essentially achieve the desired heading
angle with minimal error. The error fluctuations corresponded to specific steps, indicating
that the fluctuations occurred at the USV’s starting point and path turning points, which
were consistent with the dynamic constraints, and the error quickly converged to zero.

Simulation Experiment 2: To simulate the trajectory of a traditional vessel, the designed
trajectory points were (—80,—80), (—50,—50), (—30,50), (30,50), (50,—50) and (—80,—80),
(—30,—20), (—30,60), (40,10), (80,80). The tracking performance and result are shown in
Figure 12.

From the test results and the error table, it can be concluded that, similar to the
verification results in Experiment 1, the USV, based on the execution strategy trained in
this paper, was able to follow the curved path effectively. Although the USV experienced
slight yaw, and there were changes in motion parameters at the start and end points of the
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path, it quickly returned to the target instructions and the target path. The control error
was within an acceptable range.
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Figure 12. Experimental results of conventional path tracking: (al,a2) Path tracking visualization;
(b1,b2) Comparison chart of heading angle error; (c1,¢2) Distance error diagram.

4.3. Characteristic Water Area Simulation

To validate the performance of the controller in different actual water environments,
it was tested in various scenarios. The wide-area water search experiment simulated the
ship’s trajectory tracking ability in vast and complex water regions, while also evaluating
the controller’s path-following capability under simulated obstacle avoidance conditions.
The river channel search traversal experiment, on the other hand, focused on narrow,
constrained path tracking tasks, aiming to examine the performance of the control system
in following a specific channel under high precision requirements. The experimental results
are depicted in Figure 13, the yellow dashed line in Figure 13a represents the simulated
water boundary.

Through the simulation analysis of the two classic paths mentioned above, it is clear
that the vessel was able to complete the trajectory tracking task within a certain error
margin, demonstrating the feasibility of this controller. In Figure 13al,a2, by observing
the ship’s path tracking simulation image, it can be seen that the vessel completed the
trajectory control with a small error. Although there was some deviation at the trajectory
switching points, it followed the laws of ship motion. Comparing the heading angle
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tracking graph, it is evident that the controller was still able to track the optimal heading in
narrow water areas.
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Figure 13. Characteristic water area path tracking experiment: (a) River channel search and traversal
experiment; (b) Wide area water search experiment; (c1,c2) Comparison chart of heading angle error;
(d1,d2) Distance error diagram.

The river channel search traversal experiment was selected to simulate the ship’s rapid
turning control when encountering obstacles. The vessel was able to quickly complete the
turn and avoid obstacles. Even with the ship’s continuous sharp turns, it still completed
the trajectory task within a certain level of precision.

In summary, the controller demonstrates excellent performance in both complex
water regions and narrow channels. It effectively avoids obstacles and maintains heading,
showing high precision and stability. These results provide strong validation for the
controller’s performance in real-world applications.

5. Conclusions

This paper addressed the issues of long training periods and sparse rewards in the
USV trajectory tracking task by designing a controller that integrates the Soft Actor—Critic
algorithm and the prioritized experience replay strategy. Additionally, the reward function
module was designed, and simulation comparison experiments were conducted. The main
contributions are as follows:
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e  To tackle the problem of sparse rewards in the USV trajectory control task, the priori-
tized PER algorithm is introduced. This enhanced sample utilization and training sta-
bility, while also reducing the interaction cost between the agent and the environment.

e  The reward module was designed with specific attention given to the formulation of
reward components and tuning appropriate weight parameters. This helps promote a
balance between exploration and exploitation, ensuring the stability and efficiency of
the learning process. It also influences the convergence speed of the algorithm and the
quality of the policy.

o  The performance of the PER-SAC controller was compared with other reinforce-
ment learning controllers in various aspects to validate the feasibility of the pro-
posed controller.

The research showed that the PER-SAC controller, compared to other RL controllers,
can improve training efficiency and achieve faster convergence of the policy. However,
further research is still required, and work will be continued in the following aspects. In the
training environment, the simulation used in this study was based on a static water body;,
without considering the impact of environmental factors such as wind, waves, and currents
on the controller. Additionally, due to certain constraints, no experimental validation in
real-world water bodies was conducted in this study. Conducting field experiments in real
water environments is crucial for improving the algorithm and validating the model. In
future work, we will account for external uncertain environmental disturbances, design a
more robust controller with stronger anti-disturbance capabilities, and conduct experiments
in real water bodies.
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