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Abstract: In the complex and variable deep-sea environment, the compensation control of ship motion ensures the safety and
efficiency of equipment installation and transportation in offshore wind farms. However, the ship motion posture compensation
control system is severely affected by uncertainties, which significantly impact the accuracy of compensation control. In this
paper, we propose a ship three-degree-of-freedom (3-DoF) motion posture stabilization control method based on the DTW-
LSTM-MATD?3 algorithm. We use the multi-agent twin delayed deep deterministic policy gradient (MATD3) to control a platform
with six electric cylinders to achieve stable control. However, owing to random noise affecting the ship’s motion posture, we
use a dynamic time warping (DTW) algorithm to distinguish between high-frequency noise and low-frequency tracking signals.
Further, we embed a long short-term memory (LSTM) network into the MATD3 network to better align the Critic network’s
training with the true Q-value. We use a combined reward function to enhance the agent’s exploration capability in complex
dynamic environments. Finally, verification was conducted under sixth-level, abrupt sea conditions with high-frequency noise,
as well as under real abrupt sea conditions, and a generalization test was also carried out. Simulation results show that the
proposed DTW-LSTM-MATD3 method has great compensation control ability.

Key words: Compensation control; Multi-agent twin delayed deep deterministic policy gradient (MATD3) algorithm;
Dynamic time warping (DTW) algorithm; Long short-term memory (LSTM) network

1 Introduction

In recent years, with the increasing severity of
global environmental issues, the demand for renew-
able energy in human society has grown extremely
rapidly, and new energy sources are having a great im-
pact on people’s lives (Nathwani and Kammen, 2019).
Wind power generation (Cauz et al., 2025), as a type
of renewable energy, has attracted the attention of
scholars and experts around the world. To stimulate
innovation in the development and utilization of new
energy, the Chinese government has advocated for the
construction of offshore wind power bases to facili-
tate expansion into deep-water and offshore areas
(Mbollerstrom et al., 2025). Offshore wind power has
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the advantages of stable wind energy resources, no
land occupation, and intense regenerative capacity (Li
et al., 2022). Offshore wind power equipment oper-
ates in a more severe environment than on-shore equip-
ment and faces challenges such as sudden changes in
sea conditions and difficulties in maintenance (Kang
et al., 2019). Specifically, owing to the interference of
the marine environment, ships will experience random
motion in six directions: roll, pitch, heave, sway, surge,
and yaw, which affects offshore operations (Shao
et al., 2022). The three-degree-of-freedom (3-DoF)
motion of roll, pitch, and heave cause changes in the
center of buoyancy of offshore operation platforms
(Wang et al., 2025). In extreme cases, it may cause
the platform to overturn, seriously affecting the safety
and work efficiency of personnel on board. Therefore,
this study focused on the compensation control of the
3-DoF motion of ships (Tang et al., 2023).

Traditional control methods include proportional-
integral-derivative (PID) control, model predictive
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control (MPC), and linear quadratic regulator (LQR)
systems. These control methods have been applied and
improved in various fields (Woodacre et al., 2018;
Yan et al., 2020; Winursito and Pratama, 2021). Zhang
et al. (2020) proposed an adaptive self-tuning PID
heading control scheme to solve the nonlinear control
problem of unavailable time-varying environmental
disturbances and parameter uncertainties in the ship
heading control system. Their scheme reduces the im-
pact of model parameters and position inputs on the
control method. and effectively resists time-varying
disturbances. Jimoh et al. (2021) proposed a distur-
bance observer-enhanced model predictive controller
for the stability problem of ship roll motion. They used
a speed model of ship motion to deal with external
disturbances and formulated control inputs containing
disturbance rates to attenuate the rate of change of dis-
turbances caused by waves. Lv and Li (2023) used
a strong fixed-time prescribed performance function
(SFPPF) to ensure the prescribed performance with
predefined convergence and proposed a dynamic in-
verse adaptive linear quadratic regulator (DI-ALQR)
control strategy. Their approach realized the integrated
control of ship position, roll, and pitch under the prem-
ise of balancing energy consumption and control accu-
racy, ensuring the prescribed performance. However,
the effectiveness of these model-based traditional
control methods is often limited when dealing with
complex systems, presenting significant challenges in
achieving satisfactory performance. When facing com-
plex environments or systems, the limitations of tradi-
tional control methods will increase, affecting the ac-
curacy of control.

Traditional reinforcement learning algorithms are
usually studied based on single-agent scenarios, ne-
glecting the impact of other complex motions. The
ship motion control studied in this study involves mul-
tiple degrees of freedom, which can provide a more
comprehensive analysis of a ship’s dynamic character-
istics, including the coupling between different de-
grees of freedom. Mou et al. (2021) studied the prob-
lem of covering 3D irregular terrain surfaces with hi-
erarchical drone swarms and proposed a reinforcement
learning algorithm based on swarm deep Q-learning
network (SDQN). They designed an observation his-
tory model integrating convolutional neural networks
(CNN) and mean embedding methods into SDQN to
address the communication limitations of drones. Liu
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et al. (2022) proposed using a proximal policy optimi-
zation (PPO) algorithm to control the autonomous
decision-making and coordinated operations of multi-
ple drones, adopting the idea of centralized training
and distributed implementation to enhance the decision-
making capabilities of drones during operations. Wang
and Zhao (2025) proposed a multi-agent deep determin-
istic policy gradient (MADDPG) algorithm with com-
munication to handle the cooperation of multiple ships
under partial observability. Agents established a unified
communication protocol, sharing observations to com-
pensate for missing information and achieve better coor-
dinated control. Zhao et al. (2024) combined MADDPG
with a long short-term memory (LSTM) network model
to address the limitations in multi-agent navigation and
obstacle avoidance. This algorithm can use more tem-
poral observations as inputs for the policy network,
improving the training efficiency of the algorithm.
Qin et al. (2023) proposed and evaluated two ap-
proaches for multi-robot mobile airborne perception:
a centralized soft actor-critic (SAC) method integrated
with data augmentation, and a distributed multi-agent
soft actor-critic (MASAC) algorithm, with the trajec-
tory and power of the unmanned aircraft as the con-
trol objects to maximize the minimum weighted spec-
tral efficiency. Experiments showed that both schemes
are effective; SAC has better training speed and spec-
tral efficiency, and MASAC has the best early train-
ing speed. Wu et al. (2025) proposed a computing
offloading and energy optimization framework for
reconfigurable intelligent surface (RIS), unmanned
aerial vehicles (UAVs), and mobile edge computing
(MEC), which uses the multi-agent twin delayed deep
deterministic policy gradient (MATD3) algorithm to
control task allocation, RIS phase shift, and UAV tra-
jectories to maximize energy efficiency. This method
is more adaptable to various scenarios and has higher
energy efficiency than traditional algorithms. Zhou et al.
(2024) proposed a new task decomposition MATD3
algorithm for the coordination and environmental un-
certainty of multiple drones, decomposing the path
planning task into two obstacle avoidance modules to
guide drones to complete the overall planned path,
and proposed a new reward function to enhance the
algorithm’s convergence. Hou et al. (2024) proposed
a new online decision-making algorithm for MASAC
to address the serious threat to maritime security
posed by underwater vehicles. This method includes a
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control-oriented framework for multi-agent reinforce-
ment learning and combined curriculum learning to
improve the success rate of multiple underwater vehi-
cles during tracking.

Generally, reinforcement learning algorithms have
a higher ability to perceive the environment than tradi-
tional control methods and do not rely on accurate
models (Zhang et al., 2025), thereby achieving reason-
able control effects. Among reinforcement learning al-
gorithms, multi-agent reinforcement learning is an im-
provement based on single-agent reinforcement learn-
ing. Each agent enables cooperation and coordinates
with others to complete complex tasks in the environ-
ment, improving the efficiency and accuracy of the
overall system.

Most existing ship motion compensation control
strategies struggle to balance rapid response and adapt-
ability in complex and variable marine environments.
Traditional control methods lack environmental per-
ception capabilities, while conventional reinforcement
learning methods often suffer from unstable training
and operational oscillations. In this study, we devel-
oped a 3-DoF motion compensation control algorithm
for ships under different sea conditions (Fig. S1 of the
electronic supplementary materials (ESM)). The main
contributions of this research are as follows:

1. A multi-agent reinforcement learning architec-
ture based on dynamic time warping (DTW)-LSTM-
MATD3 is proposed for ship 3-DoF motion compen-
sation control. This architecture generates control ac-
tions through multi-agent collaboration, effectively re-
ducing steady-state error and suppressing oscillations,
thereby significantly improving control accuracy in
dynamic environments.

2. A method integrating signal processing and
network optimization is designed. This method intro-
duces the DTW algorithm to distinguish high-frequency
interference noise from low-frequency tracking sig-
nals; simultaneously, the LSTM network model is em-
bedded into the Critic and Actor networks, enabling
them to more accurately approximate the true Q-value,
thereby enhancing the stability and convergence speed
of policy learning.

3. A combined reward function integrating linear
and normal rewards is constructed. This function en-
hances the agent’s exploration capability in complex
dynamic environments, thereby strengthening the gen-
eralization and robustness of the control strategy. The
feasibility and effectiveness of the proposed method

are verified through simulation experiments under vari-
ous sea conditions.

2 Ship 3-DoF motion compensation system
model

2.1 Kinematic analysis

To effectively analyze the performance of the
proposed control method, we establish the dynamic
model in this section, which includes the servo motor
model and the electric cylinder model, and analyze
the principle and solution process of the inverse kine-
matics of the parallel 3-DoF platform.

Under the influence of ocean waves, an offshore
operation platform is affected to varying degrees, pro-
ducing complex and uncontrollable motions that af-
fect the safety and stability of offshore wind turbine
loading and unloading operations. Therefore, the wave
compensation system must have high accuracy. Be-
fore studying the control method, it is necessary to es-
tablish an accurate compensation system model (Fig. 1).
The wave compensation system is composed mainly
of a load platform, a base platform, six electric cylin-
ders, Hooke hinges and ball hinges. The load platform
is a hexagonal base supported by six electric cylin-
ders. Each electric cylinder is composed of an upper
leg and a lower leg. The electric cylinders are con-
nected to the base platform and enable telescopic mo-
tion, thereby achieving 6 DoFs of motion, allowing
the load platform to be precisely positioned and ad-
justed in space.

Before realizing the entire motion of the electric
cylinder, it is necessary to use inverse kinematics to
transmit the 3-DoF ship motion information to the
computer and convert it into the telescopic displace-
ment of each electric cylinder. To determine the mo-
tion information of the load platform, according to the
multi-rigid-body kinematics principle of the spatial
parallel mechanism, a coordinate system is established
to describe the position and posture of the electric cyl-
inder. Fig. 1a shows the 3-DoF platform mechanism.
We establish the coordinate system in the load plat-
form o -xyz and the base platform o,-x"y’z" of the
parallel 6-DoF platform, and establish a moving coor-
dinate system in the load platform and a fixed coordi-
nate system in the base platform. In the initial state,
the axis of the fixed coordinate system and the axis of
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Fig. 1 Coordinate system of the parallel 3-DoF platform mechanism of the ship motion compensation system:
(a) coordinate system of the parallel six-degree-of-freedom mechanism; (b) simulation of the motion of each electric
cylinder of the Stewart platform under different force conditions

the moving coordinate system coincide. An analysis of
the overall motion characteristics of the load platform
is given in the electronic Section S2.1 of the ESM.

In this approach, we perform compensation for
3-DoF, and the load platform coordinates are simpli-
fied to D,=(z,¢,60). The roll ¢ and pitch angles 6 are
substituted into the rotation matrix r, that is, directly
multiplied with r, and then the z coordinate is added
to or subtracted from the heave displacement to obtain
the coordinates of the load platform in the fixed coordi-
nate system. Finally, the length vector and displace-
ment of the electric cylinder are calculated through in-
verse kinematics. The position of the load platform
can be inversely solved from the pose D, to find the
extension lengths AL, of the six electric cylinders, that
is, by subtracting the initial length /,, of the ith electric
cylinder from the distance between the upper and
lower Hooke hinge points:

AL,= ”li ||2_li0= \/ (P;_Bi)z _lim i=1,2,-,6, (1)

where [, represents the length of the electric cylinder
in the inertial coordinate system, P, represents the co-
ordinates of the connection point P, on the load plat-
form in the fixed coordinate system, B, represents the
coordinates of the connection point of the ith electric
cylinder in the fixed coordinate system, and ||- |, repre-

sents the Euclidean norm of a vector.
2.2 Dynamic model

To achieve the telescopic motion of the six electric
cylinders, it is necessary to analyze the dynamic prin-
ciples of the compensation system. Fig. 1b illustrates
the extension and retraction process of the six linear

cylinders when the Stewart platform performs 3-DoF
motion. The ship motion compensation system con-
sists of mechanical and electrical control parts. The
mechanical part is essentially the load platform, base
platform, Hooke’s joint, and ball joint. The electrical
control part includes the industrial computer, motion
control card, servo driver, servo motor, and other elec-
trical components.
The balance equation is as follows:

-M,S xa,+M S xg—r.a,—wxr.o+

rFo.— i[qix (Fs)l}juifi:o’ 2)

i=1

where §, is the position vector of the load platform’s
center of gravity, r, is the inertia matrix of the load
platform, o is the angular velocity of the load plat-
form, F'_ is the external torque acting on the load plat-
form, f; is the frictional torque of the ball hinge of the
ith electric cylinder, M, is the mass of the load plat-
form, (F), is the constraint force at the connection
point between the ith electric cylinder and the load
platform, g represents the acceleration due to gravity,
a, is the load platform’s center of mass acceleration,
and g, is the connection point between O, and the base
platform with the first lower leg. Eq. (2) represents
the connection between the dynamics of the six elec-
tric cylinders and the load platform, which reflects the
influence of the coordinated action of the six electric
cylinders on the load platform’s motion. By solving
and analyzing these equations, the motion state and
force conditions of the load platform under different
circumstances can be obtained. The derivation of the
balance equation for the electric cylinder is shown in
Section S2.2 of the ESM.
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Torques are generated by changes in the load
platform’s posture caused by the different displace-
ments of the six electric cylinders. Servo motors drive
the displacement changes of the electric cylinders, so
it is also necessary to model and analyze the two-
phase alternating current (AC) motor and the electric
cylinder.

2.3 Motor system modeling

The two-phase AC servo motor consists of two
mutually perpendicular stator coils and a rotor. The
transfer function of the entire servo cylinder system is
first obtained. The mathematical models of the servo
motor and the electric cylinder are derived, and then
the transfer function G, of the entire servo electric cyl-
inder system is obtained. The specific derivation is
shown in Section S2.3 of the ESM.

_X(s) _ 1729.53

G - b
) = (5 T S 4810235+ 1616.44

3)

where X, represents the displacement of the telescopic
rod, and U, represents the input voltage.

The electric cylinder converts the rotational mo-
tion of the servo motor into linear motion. The motion
characteristics of the six electric cylinders collectively
determine the position and posture of the load plat-
form in 3-DoF in space. The inverse kinematics con-
verts the 3-DoF ship motion into the extension and
retraction of the electric cylinders. Therefore, by con-
trolling the extension and retraction of the electric cyl-
inders, the changes in position of the load platform in
space can be controlled, achieving wave compensa-
tion control.

3 Ship 3-DoF compensation control method
based on DTW-LSTM-MATD3

3.1 Problem description

In this study, we investigated the compensation
control of ship motion in 3-DoF: roll, pitch, and heave.
The objective was to transform the acquired ship mo-
tion in these 3-DoF into the extension and contraction
movements of the six electric cylinders in a Stewart
platform and then compensate for the six electric cyl-
inders. Unlike the compensation control of 1-DoF ship
motion, the control object of 3-DoF ship motion is six

actuators, which is more complex and poses greater
challenges for compensation control. To handle this
issue, we use the MATD?3 algorithm, treating each elec-
tric cylinder as an agent. The six agents are used to
control the ship’s motion, ensuring effective compen-
sation effects under different sea conditions.

The Markov decision process (MDP) in reinforce-
ment learning describes an entirely observable envi-
ronment, where the observed state contains all the fea-
tures required for decision-making. At any given mo-
ment, the future state and reward depend only on the
current state and action. The reinforcement learning
agent can perceive the ship’s motion attitude and con-
tinuously update its policy to achieve more precise
compensation control of the ship’s 3-DoF. MDP de-
scribes the decision-making process of a single agent
in a certain environment, fundamentally composed of
a five-tuple <S,A, P,R, y>. The state space S describes
the environment in which all agents are located, the
action 4 describes the possible actions that each agent
can take, R is the set of reward functions for all
agents, and P is the state transition probability, indi-
cating the probability of the next state when the agent
is in the current state S and takes action 4. y is the dis-
count factor, used to evaluate the impact of future re-
wards on the current policy. Finally, reinforcement
learning enables each agent to learn each policy to
maximize its own cumulative reward; that is, the
agent finds the optimal policy.

(1) State space S: the state space contains all the
observations of the agents. For the ship, the environ-
ment state space observed by the agent includes the
displacement #,, of the electric cylinder after inverse
solution in the environment, the movement speed v,,
of the electric cylinder, the movement position x,, of
the compensation platform, and the movement speed
v,.. I represents the total time step size. The state
space of the agent is:

S= 1h,(0) (D5, (Do (D) @)

(2) Action space A: the compensation control of
ship motion needs to consider the continuity of the ac-
tion space. In this study, the action space refers to the
actions a,, of each electric cylinder in the compensa-
tion platform. Since the control of the ship’s 3-DoF
motion compensation system adopts position control,
the input of the neural network is the action space.
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(3) Reward function R: owing to the complexity
and diversity of the ship environment, it is difficult
for agents to obtain positive rewards during explora-
tion, leading to slow learning and the problem of
sparse rewards. To handle these issues, a method com-
bining linear reward functions and normal reward
functions is adopted to increase the exploratory nature
of agents and improve learning efficiency.

_5‘h1n1_h2m|5 |h1m_h2m| >0.001,

= (6)
|hy,— sy, | <0.001.

R=

~9x10°
e 2

To enable the six agents to explore better, we
adopt a composite reward function. For the linear re-
ward function, the slope of the reward function is a
constant, implying that the exploration speed of the
agents remains unchanged under all error values,
which is not conducive to improving the training
speed. For the normal reward function, when the com-
pensation error is large, the reward value is small;
when the compensation error is minimal, the reward
value becomes larger. When the error is extremely
large, although the corresponding reward value ob-
tained is 0, the distinction between different error
magnitudes is not obvious, which is not conducive to
training. Therefore, a composite reward function is ad-
opted, which combines the advantages of both reward
functions and helps improve the training effect. A Ly-
apunov analysis of the combined reward function is
shown in Section S3.1 of the ESM.

3.2 Noise discrimination based on the DTW algorithm

The DTW algorithm is used to describe the simi-
larity matching relationship of time series with non-
linear deformations on the time axis. It adjusts mainly
the corresponding relationship on the time axis elasti-
cally to calculate the minimum alignment cost between
two time series of different lengths, thus more accu-
rately measuring the similarity between time series.

The attitude time series of a ship during continu-
ous ship posture motion is divided into two segments:
a,} and b={b,,b,,---,b,,}. Firstly,
the cost matrix D of n, xn,, representing the degree
of difference between corresponding elements in the

a= {alﬂaza"’v
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two attitude time series is constructed. Any element
D(i,j) in the matrix D represents the local cost be-
tween element g, in sequence a and element b, in se-
quence b, as follows:

Ja, b)) Ja,=b,)

(Cl,'_bj)z ? (7)

2

(an—b) (a,~b,y)

i=1,2,n,, j=1,2,n,

Secondly, the cumulative cost matrix M is initial-
ized to record the minimum cumulative cost from the
starting point to each point in the matrix, and the opti-
mal alignment path is calculated gradually, as follows:

M(1,1) M(n,1)
M (i, j) . ()

M(nlanz)

M:
M(n2a 1)

where M (i, j)=D(i, j) +min{M (i-1, j),M (i, j-1),
M (i—1,j—1)}. Let M (i, j) denote any element in
the matrix M. The last element M (n,, n,) in the cu-
mulative cost matrix M is the DTW value between
the two attitude time series a and b.

During the ship’s 3-DoF motion, owing to the ef-
fect of different types of noise signals, the ship’s atti-
tude time series exhibits characteristics different from
those under normal conditions. Therefore, it is neces-
sary to find the boundary point between high-frequency
and low-frequency noise and take different compensa-
tion actions for different types of noise signals on the
compensation platform. At this time, the DTW value
of the ship posture motion sequence is quite different
from that under normal conditions. The DTW value is
transformed by fast Fourier transform (FFT), convert-
ing the time-domain signal into a frequency-domain
signal, and a DTW method for discriminating noise
signals is constructed. The criterion is as follows:

FFT(D) >FFT(Dn=Dsoﬂmax)9 (9)
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D ey = Soft max (D) = ——. (10)

In Eq. (9), D represents the DTW value of two
ship attitude time series. D, represents the DTW value
at the boundary point between high-frequency noise
and low-frequency signal. D, is set in Eq. (9). When
the noise signal frequency fis less than 30 Hz, D_ ...
approaches zero (Fig. 2). The specific expansion and
derivation of the softmax formula are shown in Sec-
tion S3.4 of the ESM. When f'is greater than 30 Hz,
D 18 greater than zero and shows a significant
increase, indicating that the boundary point is at /=
30 Hz, where the DTW value is 25. Therefore, D, is
set to the DTW value when the noise signal frequency
is 30 Hz.

4.0

35
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Fig. 2 Variation of noise signal frequency ranging from 0
to 100 Hz

Upon analysis, when /> f,, the DTW values of
the two ship attitude time series are greater than 25,
and the similarity is low. This indicates that during the
ship’s motion, high-frequency vibrations caused by
waves, mechanical vibrations from the main engine
or propeller, and other high-frequency noise factors
are present. The compensation platform needs to iden-
tify random signals in this region and explore a rela-
tively stable operating state for the ship. When f<f.,
the DTW values of the two ship attitude time series are
less than 25, and the similarity is high. This suggests
that low-frequency noise factors such as the response
inertia delay of steering and fluctuations in propeller
thrust are present in this region. At this time, the com-
pensation platform should implement tracking and

compensation control. Therefore, in this study we
used an LSTM network, which enables the agent to
learn long-term dependencies in the data and reduce
the problems of gradient vanishing and gradient ex-
plosion in sequence data. The structure and function
of the algorithm are detailed in the next section.

3.3 DTW-LSTM-MATD3 Algorithm

Owing to the presence of six highly coupled ac-
tuators in the Stewart platform, the policy network of
the MATD3 algorithm needs to learn complex nonlin-
ear relationships and deal with the challenges of non-
stationary environments and other aspects. The intro-
duction of the TD3 and MATD3 algorithms, along
with noise analysis, is given in Sections S3.2 and S3.3
of the ESM. In this study, LSTM networks were intro-
duced into the Critic and Actor networks of the
MATD3 algorithm. LSTM is a deep learning model
commonly used to process sequential data. Compared
with traditional recurrent neural networks, LSTM in-
troduces three gates, namely the input gate, forget gate,
and output gate, as well as memory cells with the
same shape as the hidden state. It helps to capture the
long-term and short-term dependencies in time series
during network training.

The current state space S is input into the Actor
network, and the current state space S and current ac-
tion 4 are concatenated and input into the Critic net-
work (Fig. 3). The fully connected layer is used to
learn the complex relationships between input fea-
tures, and the features are transformed linearly or non-
linearly through weights and biases. The third layer of
the Critic and Actor networks is set as the LSTM layer.
The output value H, of the LSTM layer is used as the
input for the next layer. This significantly enhances
the ability of the Critic and Actor network models to
handle complex sequential data. The use of cell states
and control gates in LSTM allows for reasonable re-
tention of earlier information in the time series and
also enables the capture of long-range dependencies
within the sequence information. Additionally, the pres-
ence of cell states can prevent the vanishing gradient
problem. This allows the agent to better utilize effec-
tive sequential information during learning, enhance
the rewards obtained by the agent, enhance explora-
tion, and ultimately enable the actuators to output op-
timal actions.

Fig. 4 is a structure diagram of the DTW-LSTM-
MATD3 algorithm used in this study. We input the
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Fig. 4 Structure diagram of the DTW-LSTM-MATD3 algorithm

3-DoF ship motion data into the Simulink model. The
extension and retraction amount of each actuator on
the lower platform are obtained through kinematic in-
version, and are used as the input signals for the wave-
compensation system control. Then, the states, actions,
transition probabilities, and reward function in the en-
vironment are determined, and the architecture of the

agent is designed. The Critic and Actor networks with
LSTM layers were established. These networks can
estimate target Q-values and optimize strategies based
on the next state s’ and corresponding action a’, to
handle time-series correlation issues in ship attitude
motion compensation control. Finally, the agent needs
to continuously explore and improve the accuracy of
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its policy through interaction with the environment. It
learns through trial and error and ultimately finds the
optimal control policy. Analyses of the impact of noise
on DTW-LSTM-MATD3 are shown in Section S3.5
of the ESM.

4 Simulation results comparison and analysis

The simulation environment was based on the 3-
DoF Stewart model in MATLAB/Simulink. The Stew-
art model can control the output of continuous actions
and can quickly compensate for the target points gen-
erated by ship motion. However, since it is difficult to
train the Stewart model with large-amplitude inputs,
the input data were first scaled down by a ratio of
10:3 to facilitate the training of the entire model.
We trained the model in Simulink in MATLAB, and
the Adam optimizer was used to update the network
model. Through continuous iteration, the network pa-
rameters of the neural network were continuously ad-
justed to ultimately achieve the optimal control policy
output. In this simulation experiment, the neural net-
work parameters of the MATD3 algorithm were set
(Table 1).

Table 1 Experimental parameter settings

Parameter Value
Data volume 10000
Sampling time (s) 0.01
Mini batch size 64
Critic network leaning rate 0.0001
Actor network learning rate 0.0001
Discount factor 0.995
Experience replay buffer capacity 2x10°
Sequence length 20

To verify the effectiveness of the DTW-LSTM-
MATD3 algorithm, we added comparisons with the
TD3, MADDPG, and MATD?3 control methods. Simu-
lation experiments were conducted in scenarios such
as sixth-level sea conditions under the P-M spectrum,
sudden changes from the fourth-level to sixth-level sea
conditions, generalization from the fourth-level to sixth-
level sea conditions, and real-world changing sea. Com-
pensation performance was evaluated using root mean
square error (RMSE), mean absolute error (MAE), and
compensation efficiency (7).

4.1 DTW-LSTM-MATD3 compensation control
based on P-M spectrum under sixth-level sea
conditions with high-frequency noise

In this section, we describe comparative simu-
lation experiments conducted on the compensation
control of 3-DoF ship motion. We simulated and
analyzed four algorithms: TD3, MADDPG, MATD3,
and DTW-LSTM-MATD3. Firstly, we used the ma-
rine hydrodynamics simulation software to gener-
ate the 3-DoF data of a certain engineering ship
under sixth-level sea conditions based on the PM
spectrum.

We added high-frequency noise to Agent 5 within
the 30—40 s interval and conducted simulation com-
parisons. Fig. 5 illustrates the compensation error of
the six electric cylinder agents under sixth-level sea
conditions. The sea conditions were more severe, the
extension and retraction of the electric cylinders were
greater, and the compensation difficulty was also in-
creased. The compensation effect of the TD3 algorithm
was not optimal. The compensation error amplitude
of Agents 1 and 2 exceeded 1 m, and the magnitude
of the compensation error for Agents 2 to 6 exceeded
0.4 m, making compensation control impossible.
Among the other three algorithms, the compensation
error amplitude of the MADDPG algorithm was clearly
greater than that of the MATD3 and DTW-LSTM-
MATD?3 algorithms. Within the 3040 s interval, when
Agent 5 was subjected to high-frequency noise, the
compensation error of DTW-LSTM-MATD3 was
closer to the zero-error level line, which was the best
result among the four algorithms.

Table 2 shows the performance metrics RMSE,
MAE, and # for the TD3, MADDPG, MATD3, and
DTW-LSTM-MATD?3 algorithms under sixth-level sea
conditions. Under the more severe sixth-level sea con-
dition, the TD3 algorithm had the lowest compensa-
tion efficiency of only 49.96% (Agent 2), significantly
lower than the other algorithms. The MADDPG algo-
rithm showed some improvement compared to TD3,
with a compensation efficiency of 98%, but was
still lower than that of DTW-LSTM-MATD?3, which
achieved the highest compensation efficiency of up to
99.53%. The maximum efficiency of the MATD3
algorithm was only 96.76%, indicating a certain
level of improvement but still lower than that of
DTW-LSTM-MATD3.
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Fig. 5 Compensation control error of each algorithm under sixth-level sea conditions

Table 2 Comparison of compensation control performance parameters under sixth-level sea conditions

D3 MADDPG MATD3 DTW-LSTM-MATD3
Agent UMSE MAE 4 RMSE  MAE RMSE MAE 5  RMSE MAE .
I 04633 03776 7827% 00241 00209 98.80% 0.0714 0.0580 96.66% 00159 0.0116 99.33%
2 08309 07223 49.96% 0.0271 00181 98.74% 0.0645 0.0515 96.43% 0.0215 0.0089 99.39%
305217 04303 72.72% 0.0213 00166 98.95% 0.0700 0.0542 96.56% 0.0142 0.0091 99.42%
4 03552 03038 78.06% 0.0193 00154 98.89% 0.0584 0.0484 9651% 0.0120 0.0066 99.52%
5 03030 02623 83.02% 0.0191 00165 98.93% 0.0617 0.0501 96.76% 0.0101 0.0073 99.53%
6 02878 02429 86.64% 0.0267 00215 98.82% 0.0836 0.0664 9635% 0.0195 0.0133 99.27%

4.2 Compensation control of DTW-LSTM-MATD3
under sudden change sea conditions

Robustness in control systems refers to the ability
to maintain reasonable performance when the model
is subjected to uncertain external changes or parameter
variations. It is a critical indicator for measuring con-
trol accuracy. In this study, we conducted simulation
experiments under sudden changes from the fourth- to
sixth-level sea conditions, with a high-frequency noise
signal of 100 Hz present in Agent 4 between 30 and
40 s. Under sudden change sea conditions, the ampli-
tude of ship motion underwent a drastic change at the
50-s mark, with a sharp increase, making the compen-
sation control of ship motion more challenging (Fig. 6).
The compensation control error of MADDPG, MATD3,

and DTW-LSTM-MATD3 was close to the zero-error
line, without any spikes or fluctuations. The DTW-
LSTM-MATD3 algorithm had the smallest error am-
plitude and higher compensation accuracy. Table 3
compares compensation control performance parame-
ters under sudden change sea conditions. The maxi-
mum compensation efficiency of the TD3 algorithm
was only 93.37%. For the MADDPG algorithm, the
compensation efficiency of Agents 1 to 6 ranged be-
tween 97.20% and 99.24%. The maximum compensa-
tion efficiency of the MATD3 algorithm was only
98.74%, indicating poor compensation performance.
In contrast, the DTW-LSTM-MATD3 algorithm had
the highest compensation efficiency of up to 99.60%,
with all compensation efficiencies above 99%. The
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Fig. 6 Compensation control error of each algorithm under sudden change from the fourth- to sixth-level sea conditions

Table 3 Comparison of compensation control performance parameters under sudden change from the fourth- to sixth-level

sea conditions

TD3 MADDPG MATD3 DTW-LSTM-MATD3
AgNt TMSE MAE n RMSE MAE n RMSE MAE n RMSE MAE n
1 03398 02597 82.79% 0.0151 0.0115 99.24% 0.0463 0.0404 97.33% 0.0127 0.0074 99.51%
2 0.1841 0.1304 90.63% 0.0386 0.0368 97.36% 0.0265 0.0181 98.70% 0.0104 0.0062 99.56%
302566 0.1675 89.62% 0.0376 0.0355 97.80% 0.0311 0.0205 98.73% 0.0127 0.0073  99.55%
4 01602 0.1206 90.72% 0.0379 0.0365 97.20% 0.0221 0.0164 98.74% 0.0079 0.0052 99.60%
5 0.1210 0.0879 93.37% 0.0380 0.0363 97.26% 0.0251 0.0187 98.59% 0.0088 0.0057 99.57%
6  0.1566 0.1145 93.13% 0.0391 0.0362 97.83% 0.0429 0.0284 98.30% 0.0179 0.0097 99.42%

RMSE and MAE values decreased, and during the
30-40 s interval when Agent 4 was subjected to high-
frequency noise, the compensation error was the low-
est among the four algorithms, demonstrating the abil-
ity to resist high-frequency noise.

4.3 Generalization test of DTW-LSTM-MATD3
with a high-frequency noise

Considering the variability of sea conditions, the
model must exhibit reasonable generalization. There-
fore, we selected the 3-DoF motion data of the ship
under fourth-level sea conditions for simulation verifi-
cation. We trained the compensation platform model

with the data of the fourth-level sea conditions, and
the network parameters of the trained model were
saved. Then, the data of the sixth-level sea conditions
with a high-frequency noise of 100 Hz were imported
for verification to conduct the generalization test. Fig. 7
shows the compensation error of each electric cylinder
generalized from the fourth- to the sixth-level. With the
TD3 algorithm, the compensation error of Agents 1
and 2 both reached 1 m, and the compensation effect
of the compensation platform was inadequate. The
compensation error of MADDPG reached 0.2 m, with
low compensation control accuracy. The compensa-
tion error amplitude of the MATD3 algorithm was



lower than that of MADDPG, while the compensation
error of the DTW-LSTM-MATD3 algorithm was closer
to zero, with the best compensation effect. Within the
3040 s interval, when Agent 4 was subjected to a
high-frequency noise signal of 100 Hz, the compensa-
tion error of the DTW-LSTM-MATD?3 algorithm ap-
proached the zero-scale line, while the other three
algorithms had larger amplitude fluctuations in their
compensation errors. Table 4 compares compensation
control performance parameters generalized from the
fourth to the sixth level sea conditions. The maximum
compensation efficiency of the TD3 algorithm was only
89.15%, and the maximum compensation efficiency of
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the MADDPG algorithm was only 93.64%. The com-
pensation efficiency of DTW-LSTM-MATD3 was
above 99.18%, with a maximum of 99.45%, higher
than the MATD3 algorithm. In addition, the RMSE
and MAE decreased, indicating that the DTW-LSTM-
MATD3 algorithm has better compensation perfor-
mance. It not only performed well on the training set
but also had good generalization ability.

4.4 Compensation control experiment under real
sea conditions

In this experiment, we used the actual motion
data of the “Yuming’ ship at sea. Fig. 8 presents the
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Fig. 7 Compensation control error of each algorithm generalized from the fourth- to sixth-level sea conditions

Table 4 Comparison of compensation control performance parameters generalized from the fourth- to sixth-level sea

conditions

Agent TD3 MADDPG MATD3 DTW-LSTM-MATD3
RMSE MAE n RMSE MAE RMSE MAE n RMSE MAE n

1 0.4541 0.3755 78.39% 0.1643 0.1272 92.68% 0.1378 0.1190 93.15% 0.0173 0.0142 99.18%

2 0.5834 0.4913 65.96% 0.1182 0.0957 93.37% 0.1242 0.1090 92.45% 0.0218 0.0103  99.29%

3 0.3454 0.2642 83.25% 0.1385 0.1126 92.86% 0.1185 0.0983 93.77% 0.0143 0.0093 99.41%

4 0.1981 0.1503 89.15% 0.1183 0.0956 93.10% 0.1139 0.1002 92.76% 0.0152 0.0095 99.31%

5 0.2392 0.1959 87.32% 0.1235 0.0983 93.64% 0.1197 0.1032 93.32% 0.0107 0.0085 99.45%

6 0.2562 0.2107 88.41% 0.1555 0.1235 93.21% 0.1413 0.1156 93.64% 0.0214 0.0138 99.24%
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Fig. 8 On-site diagram of the ‘Yuming’ ship’s motion
attitude test

test site of ship motion attitude. Firstly, the angular ve-
locity and linear acceleration raw data of the ship
were measured by gyroscopes and accelerometers, re-
spectively. Subsequently, these data were sent to the
integration box, where the internal processor per-
formed preliminary filtering and processing on the
raw data. Then, the integration box packages the pro-
cessed ship motion attitude data into standard data
frames through the Modbus communication protocol.
Finally, the data acquisition platform on the computer,
acting as the Modbus master station, actively queried
or received these data frames and recorded them. This
provided a true and reliable data source for subse-
quent research on control algorithms.

Fig. 9 presents the 100-s roll motion of the
“Yuming’ ship in a real marine environment. After the
kinematic inverse solution, low-frequency noise was
detected in Agent 1 from 10 to 20 s. Error comparisons
were conducted using four algorithms: TD3, MAD-
DPG, MATD3, and DTW-LSTM-MATD3. The results
show that DTW-LSTM-MATD3 had a smaller com-
pensation error and better performance. In addition,
we collected 100-s mutation sea condition data with
real noise and conducted simulation experiments again.

Fig. 10 presents the compensation error diagram
of the four algorithms. The errors of TD3 and MAD-
DPG were relatively large, while those of MATD3
and DTW-LSTM-MATD3 were closer to the zero-
scale line. The error amplitude of DTW-LSTM-MATD3
was lower, closer to the zero-scale line, and thus had
a better compensation effect.

Fig. 11 illustrates the roll motion diagram of the
“Yuming’ ship under sudden sea conditions with real
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Fig. 9 Roll motion diagram of the ‘Yuming’ ship in a real
marine environment

0.4

= = ‘MADDPG
====DTW-LSTM-MATD3

—TD3
02t MATD3

0.0

1 (m)

-0.2

-0.4

_06 1 1 1 1 1 1 1 1 1
0 10 20 30 40 50 60 70 80 90 100

t(s)

Fig. 10 Compensation control error diagram of various
algorithms

16 T

151

14}

= 13

12

10 . . . . . . . L L
0 10 20 30 40 50 60 70 80 90 100

t(s)

Fig. 11 Roll motion diagram of the ‘Yuming’ ship under
sudden changes in sea conditions with real noise

noise. From 0 to 10 s, the ship’s roll motion remained
within the range of 11.0° to 14.5°, maintaining a sta-
ble noisy state. At the 10-s mark, the ship’s motion
was affected by external disturbances, causing a sud-
den change, and the motion attitude dropped sharply.
Between 20 and 40 s, it re-entered a new state and
reached a higher roll motion near 35 s. At the 40-s
mark, the ship’s motion changed again, with the roll
angle rising. From 40 to 100 s, the ship maintained a
stable noisy motion at a higher roll angle. The ship’s
motion in real sea conditions was highly sensitive to



external disturbances, and its dynamic changes often
exhibited nonlinearity. Therefore, the controller needs
to have strong robustness and generalization, capable
of maintaining stable and effective compensation con-
trol even under conditions of model parameter uncer-
tainty and unknown environmental disturbances.

With the TD3 algorithm, the error amplitude of
Agents 1 and 2 reached 0.5 m, with significant fluctu-
ations, resulting in unstable compensation control ef-
fects (Fig. 12). The compensation effect of MADDPG
was worse than TD3 but better than MATD3 and
DTW-LSTM-MATD?3. The error of Agent 6 produced
sudden changes at 10 and 40 s, with errors exceeding
0.2 m. With Agent 3, the DTW-LSTM-MATD3 algo-
rithm had the lowest compensation error amplitude.
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However, at the mutation moments, all four algorithms
showed unstable compensation phenomena. Therefore,
owing to the sudden and high-frequency disturbances
in real sea conditions, the algorithm proposed in this
study struggled to achieve high-precision compensa-
tion control at the peak and trough points of the ship’s
sudden changes.

Table 5 compares compensation control perfor-
mance parameters under real mutation scenarios with
noisy sea conditions, where the compensation effic-
iency of four algorithms was evaluated using RMSE,
MAE, and # indicators. The # values of MATD3 and
DTW-LSTM-MATD3 were all higher than those of
TD3 and MADDPG. The compensation efficiencies of
MATD3 and DTW-LSTM-MATD3 were greater than
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Fig. 12 Roll motion compensation error diagram of ‘Yuming’ ship under real-time noisy abnormal sea conditions

Table 5 Comparison of compensation control performance parameters under real-time noisy abnormal sea conditions

Agent TD3 MADDPG MATD3 DTW-LSTM-MATD3
RMSE MAE n RMSE MAE RMSE MAE n RMSE MAE n

1 0.4000 0.3734 32.05% 0.0533 0.0497 90.96% 0.0215 0.0084 98.47% 0.0207 0.0080 98.54%

2 0.0185 0.1089 80.18% 0.0533 0.0497 90.96% 0.0234 0.0126 97.71% 0.0207 0.0080 98.54%

3 0.0227 0.0184 91.03% 0.0543 0.0538 73.85% 0.0146 0.0124 93.95% 0.0099 0.0056 97.26%

4 0.0641 0.0503 92.59% 0.0643 0.0575 91.52% 0.0387 0.0177 97.38% 0.0374 0.0154 97.73%

5 0.0825 0.0644 90.50% 0.0643 0.0575 91.52% 0.0387 0.0177 97.38% 0.0374 0.0154 97.73%

6 0.0189 0.0129 93.75% 0.0543 0.0538 73.85% 0.0146 0.0124 93.95% 0.0099 0.0056 97.26%
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93%, and the compensation efficiency of DTW-
LSTM-MATD3 was higher than that of MATD3, with
lower RMSE and MAE values. However, the improve-
ment in compensation efficiency of Agents 1, 2, 4,
and 5 was less than 1%, and the compensation effi-
ciency of Agents 1 to 6 was below 99%. Therefore,
our proposed improved algorithm had difficulty achiev-
ing high-precision compensation control throughout
the process when facing real, dynamic, instantaneous
mutation in complex environments with noise.

In the future, we will address these deficiencies,
aiming to enhance the algorithm’s robustness in deal-
ing with dynamic unknown environments and enhance
the overall compensation control effect of the system.

5 Conclusions

In this study, we developed a compensation con-
trol strategy suitable for the 3-DoF motion of ships
using multi-agent reinforcement learning methods, tar-
geting the 3-DoF motion of ships in complex sea con-
ditions. First, we constructed a reinforcement learning
environment for the ship’s 3-DoF motion compensa-
tion system. Next, we applied the DTW algorithm to
distinguish between high-frequency noise and low-
frequency tracking signals, and trained the model
using the MATD3 algorithm, incorporating the LSTM
neural network and a combined reward function to
improve the compensation efficiency of traditional
MATD3. Finally, simulation results showed that, com-
pared to the TD3 algorithm, MADDPG algorithm,
and traditional MATD3 algorithm, the DTW-LSTM-
MATD3 trained wave compensation platform model
achieved higher compensation efficiency under sixth-
level sea conditions, sudden change sea conditions,
and noisy signals. The model’s generalization ability
was also verified, demonstrating the superior compen-
sation performance of the proposed method for the 3-
DoF motion control of the ship’s posture.
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