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Abstract

The rudder mechanism of the X-rudder autonomous underwater cehicle (AUV) is relatively complex, and fault diagnosis capability is an
important guarantee for its task execution in complex underwater environments. However, traditional fault diagnosis methods currently rely on
prior knowledge and expert experience, and lack accuracy. In order to improve the autonomy and accuracy of fault diagnosis methods, and
overcome the shortcomings of traditional algorithms, this paper proposes an X-steering AUV fault diagnosis model based on the deep
reinforcement learning deep Q network (DQN) algorithm, which can learn the relationship between state data and fault types, map raw residual
data to corresponding fault patterns, and achieve end-to-end mapping. In addition, to solve the problem of few X-steering fault sample data,
Dropout technology is introduced during the model training phase to improve the performance of the DQN algorithm. Experimental results show
that the proposed model has improved the convergence speed and comprehensive performance indicators compared to the unimproved DQN
algorithm, with precision, recall, F,__ ., and accuracy reaching up to 100%, 98.07%, 99.02%, and 98.50% respectively, and the model’s accuracy
is higher than other machine learning algorithms like back propagation, support vector machine.

Keywords Autonomous underwater cehicles; X-rudder; Fault diagnosis; Deep Q network; Dropout technique

1 Introduction promising. However, the four rudder blades are indepen-
dent of one another, the control allocation is complicated,
Autonomous underwater cehicles (AUVs) are widely and the rudder is prone to jamming, winding, deformation,
used in marine environment observation, resource investi- fracture, and other faults due to the complex marine envi-
gation, security, and defense due to their strong autonomy, ronment (Yuan et al., 2023). Thus, AUVs must be capable
wide detection range, diverse detection means, and strong of automatic fault diagnosis, which is conducive to the
concealment (Huang et al., 2020). X-rudder AUVs are more  timely adoption of targeted measures to control movement
efficient and maneuverable in performing operational tasks ~ under fault conditions while ensuring the safety of carri-
than cross-rudder AUVs. Thus, their applications are more ers to continue operational tasks or emergency surfacing.
Traditional fault diagnosis methods can be categorized

Article Highlights as analytical model-based, signal processing-based, and
* “Troubleshooting Quiz Game” model is developed to transform knowledge-based (Frank, 1990). The analytical model-
supervised learning problems into reinforcement learning problems. based approach has been the earliest proposed diagnostic
* A new fault diagnosis method based on deep reinforcement learn- method. It models the object to be diagnosed and performs
ing has been proposed, which can achieve the mapping of raw fault diagnosis by comparing the estimated state output

residual data to fault patterns. f . . .
rom the ideal model with the state obtained from actual
» Improve the DQN algorithm by combining with the Dropout tech-

nique, which overcome the problem of overfitting triggered by measurements. Alessandri (2903) used a feed-forward neu-
small sample size. ral network to fit the dynamics model of AUVs for estab-
lishing a fault observer. It involves comparing the residu-

B4 Yueming Li als between the observer state output and the measured
liyueming@hrbeu.edu. . .
iyueming@hrbeu.cdu.cn state values for fault diagnosis. Wang et al. (2007) pro-
' National Key Laboratory of Autonomous Marine Vehicle Technology, posed a fault fusion diagnosis method for AUV thrusters,
Harbin Engineering University, Harbin 150001, China which fuses overall and local fault information for fault
2 Jiangsu Automation Research Institute, Lianyungang 222061, China diagnosis. Sun et al. (2016) proposed an improved Gaussian
*  Wuhan Second Ship Design and Research institute, Wuhan 430000, part1cle ﬁlterlng algorlthm for fault mOdehng and motion
China state estimation of AUVs to realize fault diagnosis for
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AUV motion actuators. However, given that AUVs have
multiple degrees of freedom and are strongly coupled non-
linear systems, obtaining an accurate mathematical model
is difficult, which can affect the diagnostic results.

Signal processing-based fault diagnosis methods extract
eigenvalues such as amplitude, frequency, and phase from
directly measurable input and output information and their
trends. These eigenvalues are then used for fault diagnosis.
Zhang et al. (2015) proposed a fault feature extraction
method based on wavelet approximation components and
control signal rate of change. A feature fusion method with
normalization was employed to improve the accuracy of
propeller fault diagnosis under stochastic disturbances.
Miskovic and Barisic (2005) utilized a probabilistic princi-
pal component analysis technique for fault diagnosis of
underwater robot actuators with sensors. Similarly, the mea-
surement signal of AUVs is noisy due to interference from
environmental conditions, among other factors, which leads
to limitations in the application of the method.

Knowledge-based fault diagnosis methodology depends
on a priori knowledge of the operation mechanism of the
system being diagnosed, fault characteristics, and response
to faults, which leads to fault diagnosis. Wang et al. (2011)
established a qualitative model of the dynamics of the
“Beaver” with a qualitative diagnostic model of thruster
failure. Liu and Xu (2016) addressed the fault localization
problem of the rudder of a torpedo-shaped AUV. They
established a table of positive and negative properties of
the rudder deformation fault factor through qualitative
force analysis. The rudder deformation fault was isolated
by combining the fault detection results. However, this
method relies heavily on human experience and expert
knowledge.

In recent years, data-driven fault diagnosis methods
have been widely researched. At their core, these methods
utilize machine learning to learn fault characteristics from
data and construct fault diagnosis models with more objec-
tivity and accuracy (Jiang et al., 2018; Jiang and Yin,
2019; Ji et al., 2021). Machine learning algorithms analyze
vast amounts of data to identify patterns and trends within
the data, which they then use to predict outcomes for new
data. Their ability to learn autonomously and continuously
makes them highly suitable for fault diagnosis. For exam-
ple, Zhao et al. (2024) developed a lightweight deep learn-
ing model called ShuffleNetv2 and Coordinate Attention
Single Shot Multibox Detection (SN-CA-SSD) to detect
defects in turbine blades, which improves detection accuracy
and efficiency. Zarkovi¢ and Stojkovié (2017) presented
an artificial intelligence-based methodology utilizing fuzzy
logic to enhance fault detection and classification of power
transformers, which assists operators in making informed
decisions regarding maintenance and intervention urgency.
Alex et al. (2020) implemented machine learning algorithms
for fault classification in vehicle power transmission sys-
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tems. These algorithms use acoustic signals to diagnose
faults with high accuracy. Machine learning algorithms are
typically categorized into four types according to their
learning paradigms: supervised learning, unsupervised
learning, weakly supervised learning, and reinforcement
learning.

Supervised learning is the most extensively used algo-
rithm in the field of fault diagnosis. It employs a training
set comprising samples with known characteristics to con-
struct a mathematical model. This model is then applied to
predict and infer the characteristics of unknown samples.
Common algorithms in this category include decision trees,
artificial neural networks, support vector machines (SVMs),
naive Bayes classifiers, K-nearest neighbors, logistic regres-
sion, and random forests. Antonelli et al. (2004) proposed
a fault diagnosis observer for AUV actuators based on
SVMs. Tun et al. (2021) combined SVM with the random
forest method and proposed a hybrid fault diagnosis method
called HRF-SVM. This method can be better applied to
deal with small samples of fault training data. Wu and
Xiong (2021) proposed a K-nearest neighbor fault monitor-
ing method using multi-block information extraction and
Mahalanobis distance, which can mine the cumulative
information implied in the original data and improve the
fault monitoring performance.

Unsupervised learning does not label the information of
training samples. It aims to discover the inherent connec-
tions and patterns in the data through learning from unla-
beled samples, which provides a basis for further data anal-
ysis. Common algorithms include clustering and dimen-
sionality reduction algorithms. Sun et al. (2019) proposed
a fault diagnosis method for AUV thrusters that integrates
a deep neural network (DNN) and a denoising self-encoder.
Therefore, it combines the advantages of supervised and
unsupervised learning. Pan et al. (2021) proposed an online
diagnostic method based on Bayesian theory for the leak-
age detection of deep-sea manned submersibles.

Weakly supervised learning is a method that falls between
the two aforementioned methods. Its application in fault
diagnosis is most notable in scenarios where obtaining
labeled data is costly or achieving accurate labeling is dif-
ficult. Chang et al. (2024) proposed a weakly supervised
anomaly detection network based on feature map transfor-
mation and hypersphere transformation. This method uti-
lizes knowledge of unlabeled sample features and labeled
anomaly sample features. It sets an inverse square norm
loss for training and effectively distinguishes between nor-
mal and abnormal samples.

Reinforcement learning operates on the basic principle
of continuous interaction between an agent and its environ-
ment. It involves obtaining state information and reward
functions fed back from the environment, guiding the action
of the agent, and repeatedly optimizing its action strategy
through trial-and-error training to maximize rewards (Geng
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et al., 2018; Chen et al., 2007; Watkins, 2004). Classical
reinforcement learning algorithms, including Q-learning and
Sarsa, have been established by introducing a value func-
tion to quantitatively assess the quality of the strategy. How-
ever, early reinforcement learning algorithms were limited
by the computational and storage capacity of the hardware
and were only suitable for low-dimensional problems. The
extensive development of deep learning in recent years has
enabled it to extract high-level features from high-dimen-
sional raw data, such as images and text. This capability
has also driven the development of reinforcement learning
through the emergence of deep reinforcement learning
(Ferguson and Pope, 2000; Yeo, 2007; Yoshida et al.,
2013). Deep reinforcement learning (DRL) is a machine
learning method that combines the perceptual capability of
deep learning and the decision-making capability of rein-
forcement learning. It has great potential for application in
fault diagnosis (Arulkumaran et al., 2017). Wen et al. (2022)
employed a convolutional neural network for fault diag-
nosis and used the deep deterministic policy gradient
(DDPG) algorithm for automatic optimization of the hyper-
parameters of the convolutional neural network. Ding et al.
(2019) adopted the deep Q network (DQN) algorithm to
address the fault diagnosis problem of rotating machinery.
This algorithm relies on feature extraction techniques,
does not require complex network structure design and
parameter tuning, and can still realize the mapping of raw
data to fault types.

Gathering complete fault data is difficult. Thus, conduct-
ing fault analysis and prediction based on limited fault
data will be an important trend in future development
(Zhai et al., 2021). We propose a fault diagnosis model
based on DRL to reduce the dependence on expert experi-
ence and prior knowledge, improve the autonomy of fault
diagnosis models, and achieve accurate classification and
recognition of fault types through fewer fault samples.
This model realizes the nonlinear mapping of raw residual
data to fault modes. The highlights of the proposed method
are outlined as follows: 1) A synovial observer for a com-
plex six-degree-of-freedom X-rudder AUV is constructed to
provide a training sample set for the fault diagnosis model.
2) A “Troubleshooting Quiz Game” model is designed to
adapt to the operating mechanism of reinforcement learn-
ing. 3) An X-rudder fault diagnosis method based on DQN
for DRL is proposed, which can achieve end-to-end fault
diagnosis. 4) The DQN algorithm is improved using drop-
out technology, which enhances the convergence speed and
accuracy of the algorithm. The rest of the paper is orga-
nized as follows. Second 2 introduces fault modeling and
the sliding mode observer (SMO). Section 3 presents the
principle and improvement of the proposed algorithm. Sec-
tion 4 validates the effectiveness of the proposed algo-
rithm and compares it with several other machine learning
algorithms.

2 Modeling

2.1 AUV modeling

Following Wang et al. (2010), the kinematics and dynam-
ics models are expressed as Equation (1).

n=R(n)v
My+Cv)v+D(v)v+g(n)=1 (1)

where 5 is the current position and attitude angle, =

[x, v, 2, 0,0, l//]T; R (n) is the Jacobian matrix between #
and v; v is the velocity (linear velocity and angular velocity),
v = [u, v, W, D, {q, r]T; M is the mass matrix of the AUV,
M e R°*% C(v) is the Coriolis force coefficient matrix,
C(v)eR®*% D(v) is the viscous hydrodynamic coeffi-
cient matrix, D(v)eR®*%; g(n) is the restoring force/
torque vector, g(n)eR®*'; 7 is the control input vec-

T
tor, 7 = [ru, Tys Ty Ty Ty rr} .

2.2 X-rudder and fault modeling

The rudder of an AUV generally comprises three parts:
the driving unit, the transmission mechanism, and the rud-
der blade. After the driving unit receives steering control
instructions, it rotates to generate torque. Under the action
of torque, the transmission mechanism drives the rudder
blade to rotate around the rudder shaft, which results in
changes in the rudder.

An X-rudder AUV is a typical representative of an over-
actuated control system in attitude space. The system relies
on its X-shaped stern rudder to provide the torque for atti-
tude angle control. Each rudder blade has a separate servo
connected to it, which enables rudder blades to be maneu-
vered independently. The stern of an X-rudder is shown in
Figure 1. The figure shows that the four rudders of the stern
are completely consistent in material, roughness, and size.
The rudder range is —25° to 25°, and the rudder rate range
is =10(° )/s—10(° )/s. The number and positive direction for
each rudder are given as d = [(51, 05,05, 54]T.

The actuating forces and moments generated by the

Figure 1 Layout of an X-rudder
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X-rudder are denoted as Equation (2).

1, =X, ,u’0,° + X, ,ud,” + X, , ud,” + X, , u?d,’
T, = Y[jluzé1 + Yézuzé2 + Y(,-Suzé3 + Y&auzé4

T, = Zsu'd, + Zu’0, + Z,udy + Z; u’d,

1, =K, u?d, + K, u’0, + K, u’0, + K, u’0,

T, = M, u*d, + M, u’6, + M, u*5; + M, u*d,

1, = Nyu’0, + Ny u’d, + N, u*d; + N, u*d,

2

where X, Y;,Z;,K;, Ms,N; are the nominal coefficients

following Prestero (2001).

The drive unit is usually equipped with sensors (e. g.,
current sensors) to indicate its fault conditions. The fault
forms of the transmission mechanism include fractures
and stagnation, and their effects on the rudder angle are
shown through the rudder angle sensor. For the rudder
blade, the main forms of failure are loss and deviation
(Shao et al., 2020), which are difficult to directly observe
through sensors and are usually hidden. Thus, fault diagno-
sis methods are essential.

The desired rudder of the X-rudder mechanism is defined
as 6,.5(1' =1,2,3,4), and the actual effective rudder is
denoted as 67(i = 1,2,3,4). The fault modeling of the
X-rudder mechanism can be expressed as follows:

OF = adC + B 3)

where a is used to characterize multiplicative faults, which
means that the actual effective rudder is proportional to the
desired rudder angle. Therefore, the following condition is
satisfied: 0 <a < 1. § is used to characterize additive faults,
and it indicates the offset value of the actual effective rud-
der relative to the desired rudder.

From Equation (3), we have the following definitions:

o =1, =0, which indicates no fault; 0<a<1,£=0,
which implies a lost rudder; o = 0,8 (a constant value),
which suggests rudder jamming; a = 1, § (a constant val-
ue), which means rudder deviation; a = 0, = 0, which
indicates a complete rudder detachment or loose fault and
is considered a special case of a missing rudder (i.e., a
complete rudder loss).

The jammed rudder belongs to explicit faults, which can
be directly detected via the rudder angle feedback from
the sensor. Therefore, these faults are not within the scope
of this study. This work only focuses on the diagnosis of
the two hidden faults: rudder loss and rudder deviation
(off-center).

2.3 Sliding mode observer

The SMO can output the AUV estimated state. The resid-
ual data are obtained by calculating the difference between
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the estimated state and the measured state. The training
sample set can be constructed using the residual data from
faulty and normal states.

The design process of the SMO is as follows. Gravity
and buoyancy are assumed to cancel each other, and no
external interference is considered. Under these conditions,
the six-degree-of-freedom spatial equations of motion for
the X-rudder AUV can be simplified to the following :

M(X)X=F,(X)+F, 4)

vis
where M is the mass matrix, X is the (angular) accelera-
tion matrix, X is the (angular) velocity matrix, X is the
position and attitude angle matrix, F is the viscous hydro-
dynamic matrix, and F, is the control force matrix.

Let x, = X, x, = X. Then, Equation (4) can be written as

X, =X, )
X, :M_I[Fvis(x2)+ Fz]
The nonlinear SMO is designed as follows:
§1=£2+/11tanh(xl—,€l) ©
. 6
X, =M '[F,(x,)+F,]+2,tanh(x, - x,)

where %, X, is an estimate of x,x,. 4, = diag(4,, ., **+,
/116), A, = diag(/121,/122, ---,/126), and 4,,4, > 0. The hyper-
bolic tangent function is used instead of the sign function
in the classical SMO because the abrupt type switching of
the sign function near the zero point leads to a jitter in the
observer output near the sliding surface.

Observer errors are defined as

{e] =x, - X, )

€ =X, T X

According to Equations (5) (6) and (7), the error output
of the state observer is shown in Equation (8).
{él =e, — 4, tanh (e,) ®

e, = —J,tanh (e,)

According to Wang et al. (2005), choosing a proper gain
matrix 4,,4, results in e;é, < 0. The SMO satisfies the
attractiveness condition, which allows the sliding residuals
to converge to the sliding surface. Thus, e, — 0,e, — 0.

When the actuator fails, the deviation between the actual
output of the system and the output of the observer increases
gradually. The corresponding sliding residual will deviate
from the zero point, the oscillatory characteristic then dis-
appears, and the sliding mode stops immediately. Accord-
ingly, the residual data can be applied to fault diagnosis.
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3 Design and optimization of algorithms

Fault diagnosis, as a pattern recognition problem, is typ-
ically addressed using machine learning methods. Super-
vised learning-based fault diagnosis methods are the most
widely applied. These methods require the simultaneous
input of fault data and corresponding labels to distinguish
between different fault modes. For reinforcement learning-
based methods, the performance of fault diagnosis agents
is assessed by overall rewards. This weaker feedback pro-
vides much less guidance for performance adjustments
compared with the feedback used in supervised learning
methods. In reinforcement learning, agents usually only
receive overall reward signals without feedback for each
sample. Consequently, agents may not know which specific
samples lead to overall poor performance. They must indi-
rectly infer effective strategies or behaviors and identify
areas for improvement through overall reward signals. This
learning approach requires agents to explore and identify
patterns and differences in the data on their own without
clear instructions, which improves their overall performance.

3.1 Troubleshooting quiz game

Reinforcement learning theory enables agents to interact
with their environment and choose actions based on a strat-
egy to maximize gains. The agent accumulates extensive
learning experience in the environment, learns from its
mistakes, and updates its strategy (Xing et al., 2024). The
interaction process between the agent and the environment
is usually represented by a Markov decision process (MDP).

At any time step ¢, the agent is in the current environ-
ment state s, When the agent selects an action in the envi-
ronment, a reward value r, will be provided. The state of
the environment is updated to the next state s, , , according
to the state transfer function pg,. The reinforcement learn-
ing algorithm selects the action for the agent by means of
an action selection policy n(a |s) Therefore, the MDP can
be expressed as <S, A,P,R, y>, where y is an attenuation fac-
tor, y € [0, 1] (Fang et al., 2012; Wang and Fang, 2023).

According to MDP, an environment—agent interaction
model is designed to transform supervised learning prob-
lems into reinforcement learning problems. The “Trouble-
shooting Quiz Game” is set as follows:

1) Select a random strip of sample data ( X, Y,) from the
troubleshooting sample set.

2) Pass sample feature X, as the state of the environment
at the current time step s, to the agent (asking the question).

3) The agent performs the action «, to state s, (answer-
ing the question).

4) The environment receives the action @, and compares
it with the true fault type of the sample Y, and provides a
reward r,.

5) Proceed to the next time step, take the next piece of

sample data from the troubleshooting sample set at ran-

dom (X e Vs ), and continue running the Q&A session.
6) A round ends upon the completion of 7 time steps of

environment—agent interaction. The cumulative reward R

of the episode is regarded as an evaluation metric for the

correctness of the agent’s troubleshooting in that episode.
The procedure is shown in Figure 2.

gent
I nvlronment I

Answering
|
|
I
:

I Environment I i
X, 1

|

i

1

Asking = —

Envm)nment
Nl Nl

Figure2 Procedure of “Troubleshooting Quiz Game” in one episode

where X, is the state space, X, = [ue, Vs Wos Dos Qs Vs P s 0,5

={0,1,2,3,4,5,6,

7,8}. The reward function is defined as follows: r, =
l a=1Y,
0 a=Y,

we]. a, is the action space, Y, a, € 4,4

3.2 Q-learning

Q-learning is a classic model-free reinforcement learn-
ing algorithm. It is also considered a type of value func-
tion learning method, where “Q” stands for “quality”. The
Q-function signifies the quality of executing an action in a
given state, and it is defined as

Qn(s,a)=E[r’+ yr"+ P+ ---|s,a] 9)
where O, (s, a) is the Q value for state s given action a, r
is the reward of each time step, and y is the discount rate.

The Q-learning algorithm creates a table to calculate the
maximum expected future reward for each state and action;
this table is known as the Q-table. The Q-table is the data
structure used in the Q-learning algorithm to store Q-val-
ues, and it is a two-dimensional array. The rows corre-
spond to all possible states, and the columns correspond to
all possible actions. Each element QO (s, a) represents the
expected return of taking action a in state s.

The Q-learning algorithm is outlined as follows:

Initialize: Start with a Q-table full of zeros, where each
cell represents the value of taking a specific action in a
specific state.

Choose action: For each state, determine an action based
on the current Q-table while balancing exploration (trying
random actions) and exploitation (choosing the best-known
action).
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Perform and learn: Take action and observe the reward
and the new state. Update the Q-value for the taken action
using the following formula:

O(s.a) ~ Q(s.a) + o r + ymax O(s'.a’) = O(s.0) |
(10)

where « is the learning rate, r is the reward for taking action
a at state s, and max Q(s’,a’) is the maximum expected

future reward given the new state s’ and all possible actions.

Repeat. Repeat the process for multiple episodes until
the Q-values stabilize, which indicates that the agent has
learned a good policy.

Policy extraction: After learning, the agent can follow
the policy by selecting actions with the highest Q-values
for each state.

In general, Q-learning involves learning the state—action
function according to the agent’s interactions with the
environment, continuously updating the Q-table, and ulti-
mately obtaining the optimal policy based on the con-
verged Q-table.

3.3 DQN algorithm

However, Q-learning becomes infeasible when dealing
with large state spaces, given that the size of the Q-table
grows exponentially with the number of states and actions.
In such cases, the computational cost of the algorithm is
high, and a large amount of memory is required to store
the Q-values.

Mnih et al. (2013) combined Q-learning with DNNs to
address the aforementioned challenge. This method is
known as DQN, where the neural network in DQN acts as
an approximator for the Q-values of each (state, action)
pair. DQN is a newly developed end-to-end reinforcement
learning method that uses a DNN to map the relationships
between actions and states, which is similar to the Q-table
in Q-learning. The neural network takes states as inputs
and outputs the Q-values for all possible actions. Figure 3
illustrates the difference between Q-learning and DQN in
evaluating Q-values:

Essentially, DQN replaces the conventional Q-table with
a neural network. Instead of mapping (state, action) pairs
to Q-values, the neural network maps input states to (action,
Q-value) pairs. In the training process of the DQN, two
modifications of Q-learning are made to ensure that the
training process of DQN does not diverge: experience
replay and establishment of target network.

3.3.1 Experience replay

Experience replay is an efficient technique for prevent-
ing oscillations or divergence in the parameters. It smooth-
ens the learning process by allowing the agent to consider
its experience. The experience replay mainly consists of
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State-action  Q-value

Q-learning

:

®

Figure 3 Difference between Q-learning and DQN

two key steps: “storage” and “sampling and replay”.

Storage: During the interaction with the environment,
the agent collects a series of experience tuples, each con-
taining the current state s, the action taken a, the reward
received r, and the next state s" These experiences (s, a,
r,s') are stored in a data structure called the “experience
replay buffer”.

Sampling and replay: During the training process, the
agent randomly draws a batch of experiences from the
experience replay buffer and uses these experiences to train
the neural network.

Experience replay can eliminate data correlation, which
makes the data more likely independent and identically
distributed. This reduction in data can decrease the vari-
ance in parameter updates and accelerate convergence.

3.3.2 Target network

The DQN algorithm employs iterative updates. These
updates adjust the action values to target values that are
only periodically updated. This process reduces the corre-
lation with the target. The introduction of a target network
into DQN algorithms is accomplished by building two neu-
ral networks with the same structure: the target network
and the evaluation (eval) network (Mnih et al., 2015).

The eval network uses the current state of the environ-
ment to compute the Q-values for all possible actions with-
in the action space. The target network is used to calculate
the target-Q value with its output Q,(s’,a’), and then
update the eval network with the target-Q value:

y=r+yma}xQ(s',a'; 9’) (11)

where y is the target-Q value, and 0" is the parameter of the
target network.

The algorithm utilizes the difference between the two
datasets to calculate the loss function of the neural net-
work. The loss function is used to update the parameters
of the neural network for Q-eval, which determines the
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speed of convergence of the neural network. The loss func-
tion for the parameter of eval network update is

L) =E[(y-0(sa:0))'] (12

where 6 is the parameter of the eval network.

During the training of the algorithm, the parameters of
the eval network are updated by the gradient descent method
based on Equation (12). Then, two neural networks per-
form parameter synchronization at intervals through 8 — 6.

3.3.3 Greedy policy

The DQN algorithm balances the exploration and utiliza-
tion of reinforcement learning through a e—greedy strategy
based on the principle of

Vae 4 pel0,¢]
(13)
argmax Q,(s,a) pele1]
aecd

where p is a random number, and ¢ is the parameter for
balancing exploration and utilization. Clearly, the value of
¢ significantly impacts the training efficiency of the algo-
rithm. The traditional approach is to set it to a small value
near 0, which results in low exploration and high exploita-
tion. However, this approach can cause slower conver-
gence in practice. Therefore, the following mechanism for
the dynamic adjustment of ¢ is designed:

&= max(0.99nepisodeeo, gmm) (14)

where ¢, is the initial value, 7, is the number of train-
ing rounds, and ¢, is the minimum value. This approach
allows for a higher probability of exploration during the
initial training phase, which accelerates the convergence
of the algorithm. During the later stages of training, it
reduces the probability of exploration to prevent excessive
exploration.
The pseudo-code of the DQN is shown in Algorithm 1.

3.4 DQN-D algorithm

Given that faults are rare states during system operation,
the difficulty for the data-driven fault diagnosis method
for AUVs lies in the small number of AUV fault samples
and the imbalance between the number of faults and nor-
mal samples. This practical situation can easily lead to net-
work training overfitting. In this subsection, the dropout
technique is integrated into the DQN algorithm to prevent
the overfitting phenomenon from affecting the accuracy of
fault diagnosis. The DQN algorithm, which is improved
with the dropout technique, is referred to as the Deep Q-
network-dropout (DQN-D) algorithm (Hinton et al., 2012).

The DQN algorithm has a fully connected neural net-
work with two hidden layers, each containing 128 neu-

Algorithm 1 DQN with Experience Replay

| Initialize eval network, target network with random weights

0,6
2. Initialize replay memory B
for n; =1 to M do
4. get features s, of start state s of current episode

Get features ¢ of current episode with ¢ =

> max ( 0997504605 5mm)

6. for =1 to T do

7. Select a with & — greedy policy

8. Execute action a and observe reward  and s

9. Store transition (s, a, r, s") in B

10. Sample random minibatch of transition (s, a, 7, s')

11. Sety=r+ymaa}xQ(s’,a’; 9_)
Perform a gradient descent on L () =

2. E[(y— O(s,a; 9))2}0 update 0

13, If  mod C then // timing synchronization
parameter

14. setd0” =0

15. end if

16. end for

17.  end for

rons. The hidden layer adopts the Relu activation function.
The input to the neural network is a 9-dimensional state
vector, and the output is the Q-value corresponding to 9
discrete actions. Figure 4 shows the DQN neural network
structure applying the dropout technique. During the train-
ing phase, dropout is applied to the hidden layers to ran-
domly eliminate the activation values of some neurons dur-
ing forward propagation. For each neuron in every hidden
layer, a random vector of the same size as the neuron’s out-
put is generated based on the dropout probability. It deter-
mines whether to set its output to zero. During back propa-
gation (BP), only the neurons that were not dropped out
during the forward propagation participate in the gradient
computation and weight updates.

The principle of the dropout technique is given in the
Equation (15):

r{ ~ Bernoulli( p)

_)71=r[yl
Zi]+1:W§+1J}'1+bi+l
vt =) (15)

where p is the probability that the output of a neuron is
randomly zeroed; r' is the vector of 0—1 according to
Bernoulli; y' is the output of the / layer of the neural net-
work; y' is the result of randomly zeroing y’; w!*' and

i

@ Springer



1246

Journal of Marine Science and Application

Without dropout
Relu  Relu

®—_©0
i
S y('}\z/{'“).v(
o/ ,//i\x Na
128 Units 128 Units /

Figure 4 Structure of the neural network in DQN-D

b!* 'are the weight and bias of the i neuron in the / + 1
layer of the neural network; f () is the activation func-
tion; y! "' is the output of the neuron in the / + 1 layer of
the neural network.

The structure of the proposed DQN-D is shown in

Figure 5.

J/

b

Figure 5 Structure of the DQN-D algorithm

4 Simulations
4.1 Training sample

According to the SMO in Subsection 2.3, the sample set
is obtained by simulating the fault state with rudder loss
and rudder deviation, setting the control task as variable
depth and variable bow control, and calculating the differ-
ence between the actual outputs during the motion control
process and the estimated outputs from the SMO.

The residual signal is X, = [ue, Vs Wy Dos Qos Vs Pos Oy l//e].
The troubleshooting sample set for the X-rudder AUV rud-
der mechanism is described in Table 1.

The control objectives remain consistent for normal and
fault states, with the single rudder blade loss set to 50%
and the single rudder blade deviation fault set to 5°. The
simulation results of residual samples for ¢, are shown in
Figure 6.

4.2 Analysis of simulation results

To verify the effectiveness of the DQN-D algorithm
designed in this study, the fault diagnosis method based on
the DQN-D algorithm will be used to train and test the
fault diagnosis model for the X-rudder AUV rudder mecha-

@ Springer

Dropout

Relu Relu

128 Units 128 Units 4

Table 1 Troubleshooting sample set for the rudder mechanism

Fault type Fault description Sample size Label

FO Normality 2 000 0
F1 Rudder 1 loss 1 000 1
F2 Rudder 1 deviation 1 000 2
F3 Rudder 2 loss 1 000 3
F4 Rudder 2 deviation 1 000 4
F5 Rudder 3 loss 1 000 5
F6 Rudder 3 deviation 1 000 6
F7 Rudder 4 loss 1 000 7
F8 Rudder 4 deviation 1 000 8

nism. The sample set is divided into a training set and a
test set in a 9: 1 ratio for fault diagnosis model training. Two
sets of comparison tests are conducted: 1) the performance
of the DQN-D fault diagnosis model with different drop-
out rates is compared to validate the effect of the dropout
technique on the DQN algorithm; 2) the performance of
the DQN-D algorithm, BP neural network, and SVM is
compared to assess the relative advantages and disadvan-
tages of the DQN-D algorithm over other machine learn-
ing fault diagnosis methods. The abovementioned algo-
rithms use the same dataset, training, and testing process
in the comparison.

4.2.1 Performance comparison of DON-D fault diagnosis
models with different dropout rates

The dropout rate ( p) is an important hyperparameter of
the DQN-D algorithm. It represents different probabilities
of neuron failure during the model training. Different drop-
out rates affect the speed and performance of model con-
vergence, therefore. Thus, six fault diagnosis models are
simulated and trained with different dropout rates to com-
pare their fault diagnosis accuracy. In addition to the drop-
out rate, the hyperparameters of the DQN-D algorithm are
shown in Table 2.

In the “Troubleshooting Quiz Game”, only the correct-
ness of the current sample judgment is valued. The learn-
ing rate controls the speed of weight updates in neural net-
works. Considering the limited sample size, a lower learn-
ing rate of 0.003 is chosen to prevent overfitting during
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Figure 6 Residual data simulation results of J,
Table 2  Algorithm training parameters
Parameters Value
Discount factors y 0 in Figure 7.
Eval network learning rate 0.000 3
Initial greedy value ¢, 1 0 100
Min greedy value ¢, 0.1 3
S 80}
Target network update frequency C 10 §
[
Batch size N 128 s 80f
Replay capacity B 10 000 % 40
Z 40t
Max episode T 100 3
[
%201
g
training. Initial greedy value ¢, and minimum greedy value <

&, determine the balance between exploration and exploi-
tation for the agent. Notably, higher values encourage
exploration to accelerate convergence in the early stages,
and smaller values prevent excessive exploration in the later
stages. The target network update frequency C, batch size
N, replay capacity B, and max episode T are determined by
the training cost of the model, the complexity of the task,
and the depth learned. In this study, the size of these hyper-

1000 1500

Episode

0 500 2000

Figure 7 Average cumulative reward for different dropout rate
models

Figure 7 shows that setting different dropout rates affects
the convergence speed of the algorithm. When the dropout
rate ranges from 0.1 to 0.3, the convergence speed of the
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algorithm is more excellent than that of the case with a
dropout rate of 0. When the dropout rate is from 0.4 to 0.5,
the convergence speed of the algorithm is smaller than that
of the case with a dropout rate of 0. The fastest conver-
gence is achieved when the dropout rate is 0.2, which is
approximately 84 rounds ahead of the convergence of the
case with a dropout rate of 0.

Figure 8 displays the confusion matrices for different
dropout rates, where the rows in the confusion matrix rep-
resent the true labels, and the columns represent the labels
predicted by the model. The nine rows and nine columns
correspond to nine states of residual data. The experiment
is conducted on a test set of 1 000 samples. The graph
shows a general tendency to misdiagnose various fault
types as normal labels. However, most models perform
well, with the fewest errors when the dropout rate is 0.2
and the most errors when the dropout rate is 0.5.

To further analyze the performance of the fault diagno-
sis models with different dropout rates, the precision,
recall, and F' of the model results are calculated as fol-

1-score

where Ty, Ty, Fp, and F represent the number of true posi-
tive, true negative, false positive, and false negative predic-
tions, respectively. Accuracy represents the overall predic-
tive power of the model and is the most intuitive perfor-
mance metric. Precision represents the ability to avoid
false positive predictions, recall represents the ability to
correctly identify positive instances, and F, . represents
the overall balance between precision and recall. Table 3
describes the details of precision rates, recall rates, F,_ .
rates, and accuracy for the experimental results according
to Equation (16) (Xu et al., 2024).

As shown in Table 3, even at a dropout rate of 0, all four
performance metrics are above 94%. When the dropout
rate is between 0.1 and 0.4, the four performance metrics
of the models are all greater than those at a dropout rate of
0. At a dropout rate of 0.2, the four performance metrics
reach their maximum values with the highest average accu-
racy. As the dropout rate continues to increase, the perfor-
mance metrics of the models gradually decrease. When the
dropout rate is 0.5, the metrics of the models are already

lows: lower than those at a dropout rate of 0.
The abovementioned results demonstrate that introduc-
y _ T, + Ty ing dropout technology into the DQN algorithm and set-
ome T+ Tyt Fp+ Fy ting an appropriate dropout rate can improve not only the
T, convergence speed of the algorithm but also its perfor-
Precision = T, +F, mance. Consequently, the trained fault diagnosis model
T (16) has a higher fault diagnosis accuracy. The introduction of
Rt = ﬁ dropout technology can effectively inhibit the issue of neu-
P N ral networks’ tendency to overfit with a small number of
F _ 2% Prgision * Reca fault samples. It effectively enhances the performance of
1~ seore P ision T R the fault diagnosis model.
recision ecall g
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Figure 8 Confusion matrix of fault diagnosis models with different dropout rates
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Table 3 Performance of models with different dropout rates

Dropout Precision (%) Recall (%) F,_. (%) Accuracy (%)
0 99.60 94.13 96.79 95.30
0.1 100 96.80 98.38 97.40
0.2 100 98.07 99.02 98.50
0.3 100 96.43 98.18 97.10
0.4 99.73 95.33 97.48 96.30
0.5 99.07 92.54 95.69 94.00

4.2.2 Performance comparison of fault diagnosis models
based on DON-D algorithm, BP neural networks, and SVMs

The DQN-D algorithm is compared horizontally with
commonly used machine learning algorithms. The DQN-D
algorithm is tested with the dropout rate of 0.2. The com-
parison methods are as follows: 1) BP neural network:
BP-128, BP-256, and BP-512. The number of network lay-
ers is the same as that of the Q-network in the DQN algo-
rithm, with Relu as the hidden layer activation function
and softmax as the output layer activation function. The
numbers of neurons in the hidden layer are 128, 256, and
512. 2) SVM: SVM-linear, SVM-poly, and SVM-rbf. The
kernel functions are linear, polynomial, and radial basis
functions. The comparison of different algorithmic fault di-
agnosis models is shown in Figure 9.

100 - 9540 98.33
9+ ]
80}
70}
605590 5630 35849

: I

40
Figure 9 Comparison of different algorithmic fault diagnosis models

Accauy (%)

30+

Figure 9 demonstrates that the DQN-D algorithm with a
dropout rate of 0.2 has the highest diagnostic accuracy.
The diagnostic accuracy of the model trained by the shal-
low BP neural network is much lower than those of the
two other algorithms, which ranges only between 55% and
59%. Although increasing the number of neurons in the
hidden layer improves the diagnostic accuracy, reaching
an acceptable accuracy is still difficult. The SVM-based
fault diagnosis model is more dependent on the kernel
function. Specifically, when the kernel function is rbf, the
diagnostic accuracy is higher, which is similar to that of
the DQN algorithm without dropout. Thus, the two algo-
rithms are compared separately, the comparison results are
shown in Figure 10.

100
98|
96|
94|
92|
90|
88l
861
84|

2

B FO | F1 | F2 | F3 | F4 | F5 | F6 | F7 | F8
=DQN-D [97.96| 100 | 100 [92.59| 100 | 100 {94.44]| 100 | 100
= SVM-1bf|88.21|97.72|96.81]90.72|96.88|95.24(95.79]98.2698.26

Accauy (%)

Figure 10 Comparison of SVM-rbf- and DQN-D-based fault
diagnosis models

Figure 10 demonstrates that, for the fault type “F6”, the
diagnostic accuracy of the DQN-D-based model is 4.54%
lower than that of the SVM-rbf-based model. For all other
fault types, the diagnostic accuracy of the DQN-D-based
model is higher than that of the SVM-rbf-based model.
Even for the normal state, the diagnostic accuracy of the
DQN-D-based model is 9.75% higher than that of the
SVM-rbf-based model. Therefore, the fault diagnosis
method based on DQN-D has a stronger fault diagnosis
ability than the method based on SVM-rbf.

Based on the comprehensive analysis of the abovemen-
tioned comparative test results, the shallow BP neural net-
work model and SVM algorithm with linear and polynomial
kernel functions are unsuitable for the fault diagnosis of
the X-rudder AUV steering mechanism. The main reason
is that the sample size is small, and the neural network
structure is too simple to extract features from limited data.
The SVM with RBF is suitable for diagnosing faults in the
X-rudder AUV steering mechanism, but its effectiveness is
inferior to that of DQN-D, with a high misdiagnosis rate.
This finding proves the advantages of reinforcement learn-
ing-based fault diagnosis methods.

5 Conclusions
5.1 Main reults

This study proposes an improved DQN algorithm-based
fault diagnosis model for X-rudder AUVs based on DRL.
This model addresses the drawbacks of traditional fault
diagnosis methods and tackles the issue of scarce fault
sample data through a series of design and optimization
methods.

1) An SMO is established through the six-degree-of-free-
dom motion model of the X-rudder AUV, which provides
a foundation for training and testing models by generating
residual datasets for normal and faulty conditions.

2) A “Troubleshooting Quiz Game” is designed to trans-
form the supervised learning problem into a reinforcement
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learning problem. Through this mechanism, the model can
autonomously explore the mapping relationship between
raw residual data and fault patterns, which achieves end-
to-end mapping.

3) The introduction of dropout technology during model
training effectively overcomes the overfitting problem
caused by the scarcity of data samples. This improvement
leads to rapid algorithm convergence and performance
enhancement.

5.2 Main limitation of the method

First, the modeling of X-rudder mechanism failure ignored
the situation of multiple rudder blade failures. Then, the
accuracy of the fault diagnosis model needs to be further
improved. Finally, given the current stage of our research,
we were unable to conduct actual experiments or test the
actual performance of the proposed algorithm.

5.3 Future prospect

1) A more comprehensive fault model for the X-rudder
can be established to achieve high-precision classification
and recognition of all fault types.

2) Based on the existing DQN-D algorithm, performance
should be further improved and training costs reduced to
enable models to achieve or approach 100% accuracy.

3) Navigation data from real operations of the X-rudder
AUV should be collected to verify the feasibility of the
proposed method in this study.
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