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Abstract

Autonomous underwater vehicles (AUVs) are increasingly used in marine exploration
and underwater operations, where unexpected thruster faults may hinder mission execu-
tion and compromise operational safety. Therefore, efficient and reliable fault diagnosis
methods are essential for improving the safety and autonomy of AUV operations. Data-
driven fault diagnosis approaches provide an efficient way for detecting thruster faults
in autonomous underwater vehicles (AUVs). A typical data-driven method that directly
supplies the original AUV dynamic signal sequences into a CNN classifier is adopted as the
baseline in this study and is referred to as OriCNN. To further improve the representation
of fault-related information in the OriCNN, whose temporal location may vary among
finite signal windows, and to enrich the available input channels of the OriCNN, this study
proposes a CNN-based fault diagnosis framework integrating multidomain data sequence
reconstruction (MDDSR) and data channel extension (DCE). MDDSR constructs alter-
native representations in the time, frequency, and time—frequency domains to reduce the
sensitivity of CNN inputs to variations in the temporal location of fault-related features.
DCE employs multiple signal processing techniques to generate enhanced data sequences,
treats each sequence as an independent data channel, and optimizes channel arrangements
to reduce CNN convergence iteration. Experiments using a prototype AUV in a lake were
conducted, in which the thruster faults were software-simulated thrust-loss conditions gen-
erated by modifying the thruster control-voltage command. Experimental results show that
the proposed MDDSR + CNN effectively mitigated the unstable training behavior observed
in OriCNN and the proposed MDDSR + DCE + CNN further reduced the convergence
iterations while maintaining robustness against different convolution kernel sizes. These
results indicate that the proposed MDDSR + CNN and MDDSR + DCE + CNN frameworks
contribute to AUV thruster fault diagnosis and thereby to safer and more autonomous
underwater operations.

Keywords: autonomous underwater vehicle (AUV); underwater thruster; fault diagnosis;
convolutional neural network (CNN); multidomain data sequence reconstruction (MDDSR);
data channel extension (DCE)
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1. Introduction

The abundant biological and mineral resources in oceans have driven increasing global
interest in marine exploration and resource utilization [1]. The exploration and extraction
of marine resources require high-performance underwater equipment. Due to their high-
precision navigation and autonomous operation capabilities in remote marine areas, AUVs
have been widely used in marine oil and gas exploration and development, marine surveys,
deep-sea sampling, environmental assessment, submarine cable or pipeline inspection, and
other tasks related to marine resource development [2]. Underwater thrusters are typically
used as power supply components in AUVs [3,4]. These thrusters are subjected to varying
loads and high-performance demands during their operation. Thus, underwater thrusters
often develop faults such as blade damage, blade biofouling, blade corrosion and motor
stall, as shown in Figure 1.
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Figure 1. AUV thruster structure and representative physical failure modes in practical operation.

The physical failure modes illustrated in Figure 1 represent typical mechanisms that
may degrade thruster performance during practical underwater operations. Such failures
can cause the actual thrust output to deviate from the expected thrust, potentially hindering
mission execution and increasing operational risks [5,6]. Therefore, a software-based fault
simulation strategy is commonly adopted, in which the thruster control-voltage command
is modified to generate different prescribed operating conditions. This strategy provides a
surrogate representation of actuator output degradation rather than a direct reproduction
of blade damage, blade biofouling, blade corrosion and motor stall.

Existing fault diagnosis methods for underwater thrusters can be classified into two
main categories, namely model-based and model-free diagnosis methods [7,8]. Model-
based diagnosis methods involve the establishment of a dynamic model of the examined
underwater vehicle or underwater thruster system, following which thruster faults are
diagnosed by analyzing the residuals between model output values and corresponding
sensor-measured values [9,10]. A dynamic model of an underwater vehicle or underwater
thruster system can be established using three types of methods. The first type of method
involves the creation of an analytical model of system dynamics on the basis of physical laws.
Gan, Dong and Chu [11] proposed a thruster fault diagnosis method based on load feature
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extraction. They established an analytical model of thruster load torque on the basis of the
output load characteristics of thrusters under typical fault patterns. Subsequently, they used
a sliding-mode observer, a least-squares method, and a support vector machine algorithm
to estimate thruster load torque, identify model parameters, and classify fault patterns.
Simulation results indicated that the diagnostic accuracy of the aforementioned method was
higher than 95% within 5 s of the thruster fault. Song and He [12] proposed a comprehensive
AUV model that describes system dynamics and the influence of environmental disturbances
on the AUV model, and they used this model to determine the state of the system. They
computed residual signals on the basis of reconstruction errors relative to observations
and then used these residual signals to detect thruster faults. Simulation experiments
demonstrated the effectiveness of the aforementioned method in detecting actuator faults
in several cases. Hu, Wu, Zhou and Zeng [13] proposed a fault detection scheme that
combines an extended state observer with an adaptive threshold based on a six-degree-of-
freedom model of an underwater vehicle. They calculated diagnostic residuals by using
extended state variables, and the adaptive threshold was employed to monitor residual
changes. The aforementioned method effectively detected thruster and rudder faults. In
the three methods described above, faults are diagnosed on the basis of an analytical model.
However, the complexity of marine environments hinders the establishment of accurate
analytical models [14-16].

The second type of method involves establishing a mapping model based on artificial
intelligence technology for mapping input control signals to output system state signals.
Zhang, Zhang, Yan, Gao and Yu [17] proposed a fault detection method for the rudder
system of an AUV. In their method, singular value decomposition is employed to denoise
the original sensor data, and a recurrent neural network is then used to identify parameters
of an AUV motion model. An adaptive threshold is used to analyze the prediction error,
and the results of threshold analysis are combined with those of qualitative force analysis
to diagnose and localize rudder system faults. He, Li, Cao, Li, Jiang and An [10] proposed
an improved particle-filter-based prediction method. In this method, gray prediction
is conducted to accurately estimate and track the fault state of the examined thruster.
Moreover, a Gaussian kernel function is adopted to evaluate the reliability of the prediction
results, thereby effectively reducing the possibility of false diagnosis. In the aforementioned
two methods, control signals output by a controller and state data measured by sensors
are used to establish a system dynamics model, which consequently has relatively high
accuracy. However, these methods do not provide a deep explanation of the established
model [18,19].

The third type of method involves the integration of an analytical model with a mapping
model. Gao, Liu, Zhang, Feng, He and Zio [20] developed a fault detection framework for
underwater thrusters by combining a physical model and a generative adversarial network.
This framework can integrate physical information into the training of the generative adver-
sarial network and yield a model that accurately detects thruster damage and biofouling
faults on the basis of a small number of fault-free samples. Chu, Chen, Zhu and Zhang [21]
established a fault detection framework for magnetically coupled underwater thrusters
by integrating a sliding-mode observer with a neural network model. This framework
uses a recurrent neural network to model underwater thrusters and employs a sliding-
mode observer to detect faults. Experimental results indicated the effectiveness of the
thruster modeling technique and fault detection method. Although these hybrid frame-
works combine analytical and data-driven mapping models, they do not fully overcome the
limitations of model-based diagnosis. Accurate analytical models are difficult to establish
in complex marine environments, whereas data-driven mapping models provide limited
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interpretability. Therefore, hybrid model-based approaches remain subject to a trade-off
between modeling accuracy and interpretability.

Unlike model-based methods, model-free methods do not involve the establishment of
a dynamic model of underwater vehicles or underwater thrusters; rather, they rely on the
direct learning of the relationship between the state data of underwater vehicles or thrusters
and fault patterns from training data [22,23]. Model-free diagnostic methods are primarily
of two types: two-stage and single-stage diagnostic methods.

Two-stage diagnostic methods consist of two stages: feature extraction and fault classifi-
cation. Cui, Zhang, Zhang and Liu [24] proposed a thruster fault feature extraction method
based on resonance sparse signal decomposition a fault severity identification method in
which Euclidean distance and gray relations are combined. This method can efficiently deter-
mine the severity of thruster faults. Chu, Gu, Li, Chen and Zhang [25] developed a fault diag-
nosis method based on the combination of particle swarm optimization and a hidden Markov
model for underwater thrusters. In their method, a three-step approach is employed for pre-
processing thruster data, followed by fault classification using a hidden Markov model opti-
mized with the particle swarm optimization algorithm. Yin, Wang, Zhang, Jin and Liu [26]
established a time—frequency energy method based on the smoothed pseudo Wigner—Ville
distribution (SPWVD) for feature extraction, they used transferable support vector data
description for fault severity classification. Jiang, Feng, He, Guo, Wang and Lv [27] created
a fault diagnostic framework by combining a wide convolutional neural network (CNN)
model and an extreme learning machine model. The wide CNN model, which contains
more layers than a conventional CNN, maps inseparable features to a nonlinear separable
space to extract deep data features. Moreover, the extreme learning machine model en-
hances the generalization ability of the wide CNN model. The framework of Jiang et al.
exhibits high fault diagnosis accuracy for AUV actuators.

In single-stage diagnostic methods, the aforementioned two stages are integrated into
a single stage. Ji, Yao, Li, Tang and Tian [28] proposed a fault diagnosis method based on a
sequence CNN. In this method, the convolutional layer of a sequence CNN extracts global
and local features from the control signals and motion state data of underwater vehicles.
Subsequently, the fully connected layer of this network conducts fault classification on the
basis of the extracted features. Zhu, Cheng, Yang, Chen and Yang [29] proposed a multi-
sensor information fusion model based on the deep belief network. This model outputs the
severity of thruster faults on the basis of the control signals and operation state signals of
the examined underwater thruster. Wu, Wang, Zhou, Zhu and Zeng [30] proposed a fault
diagnosis algorithm based on a multichannel fully convolutional network. This algorithm
outputs fault types for underwater vehicles on the basis of signals from multiple sensors
in these vehicles. Compared with two-stage diagnostic methods, single-stage diagnostic
methods are simpler and have higher efficiency [31,32].

The aforementioned three representative single-stage, model-free fault diagnosis meth-
ods for underwater vehicle thrusters all use original signal data sequences as CNN in-
puts. In this study, an OriCNN is used as a general designation for this existing class of
methods—i.e., a CNN combined with original data sequences. However, two limitations
were observed for the OriCNN baseline under the training procedure adopted in this study.
First, periodic drops in validation accuracy occurred during the training process, and the
temporal drift of thruster fault signals was identified as one of the contributing causes. Sec-
ond, CNN training requires a considerably large number of iterations to converge, and the
limited number of original data channels was identified as one of the contributing causes.

To address these limitations, the present study developed an improved single-stage
model-free fault diagnosis framework for AUV thrusters. In contrast to the OriCNN models,
which combine original data sequences with a CNN, the proposed framework combines
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multidomain data sequence reconstruction (MDDSR) and data channel extension (DCE)
into a CNN. The main contributions of this paper are explained as follows.

First, MDDSR is introduced as an input-representation strategy that constructs al-
ternative representations of the original dynamic signals in the time, frequency, and
time—frequency domains. The purpose of this strategy is to investigate whether complemen-
tary signal representations can address the periodic accuracy degradation of OriCNN and
provide more stable CNN training behavior under the investigated experimental settings.
The reconstructed sequences are then used to train the CNN model, forming the proposed
MDDSR + CNN framework.

Second, although the MDDSR + CNN method improves the input representation,
it still requires a relatively large number of iterations to converge during CNN training.
To further reduce this iteration requirement, the DCE method is developed. Multiple
enhanced data sequences are generated using signal processing techniques and treated
as additional channels. By optimizing the arrangement of these channels, the proposed
MDDSR + DCE + CNN framework further reduces the number of iterations required for
convergence compared with MDDSR + CNN.

Third, the sensitivity of the investigated configurations to convolution-kernel size is
examined by comparing their training behavior under several predefined kernel sizes. The
effects of kernel-size variations on training accuracy and the number of iterations required
to reach convergence are evaluated to verify the stability of the proposed methods.

The remainder of this paper is organized as follows. Section 2 describes the proposed
methods, Section 3 details an experiment conducted with a prototype AUV in a lake to
examine the effectiveness of these methods, and Section 4 provides the conclusions of
this study.

2. Methodologies
2.1. Overall Multi-Representation CNN Framework

To address the limitations associated with the input representation of the OriCNN
baseline, this study develops a multi-representation CNN framework by integrating MDDSR
and DCE with a CNN classifier. In the proposed framework, MDDSR generates alternative
representations of the original dynamic signals in the time, frequency, and time—frequency
domains, whereas DCE constructs multiple signal-derived channels using different signal-
processing operations. These reconstructed or extended representations are supplied to a
single CNN for feature extraction and fault-severity classification. The overall architecture
of the proposed framework is illustrated in Figure 2.

In Figure 2, the architecture of the OriCNN baseline is indicated by box A, with the
operation sequence denoted by blue arrows. Dynamic AUV signals, such as control voltage
and motion state signals, are obtained and then segmented using a sliding time window.
Subsequently, the original data sequences are obtained by removing the mean value from the
segmented dynamic signals. After the data quality assurance, an input matrix is constructed
on the basis of the original data sequence. This matrix is then used to train a CNN model to
determine the severity of thruster faults.

In Figure 2, the architecture of the proposed MDDSR + CNN model is denoted by
boxes A and B, with the operation sequence represented by orange and red arrows. In box B,
the original data sequence is reconstructed using different methods in the time, frequency,
and time-frequency domains. For a given application, only one reconstruction method is
selected to reconstruct the original data sequence. An input matrix is then constructed on
the basis of the reconstructed data sequence. Subsequently, this matrix is input to a CNN
model to train it to determine the severity of thruster faults.
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Figure 2. Overall architecture of the proposed MDDSR + DCE + CNN framework. (A) Data
acquisition and preprocessing module; (B) Multidomain data sequence reconstruction (MDRSR)
process; (C) Data channel extension (DCE) algorithm; (D) Single-channel CNN evaluation module.

In Figure 2, the architecture of the proposed MDDSR + DCE + CNN model is denoted
by boxes A-D, with the overall operation sequence indicated by green and red arrows. In
box C, the original data sequence is processed through wavelet decomposition (WD), a WD
combined with the modified Bayes (WD + MB) method, and an evidence theory (ET)-based
approach. Each processing step results in a time-domain data sequence, which is treated as
an independent data sequence channel. Thus, multiple data channels are obtained, and DCE
is achieved. Each channel’s data sequence is reconstructed using the steps in box B and then
input into box D. In box D, fault samples are constructed on the basis of single-channel data
sequences and then used to train a CNN model. The number of training iterations required
for convergence is recorded for each single-channel data sequence. These sequences are
then arranged according to the corresponding convergence-iteration count sand an input
matrix is constructed on the basis of this arrangement to train the CNN model to obtain the
severity of thruster faults.

The proposed framework is based on input-level multi-representation learning rather
than classifier-level ensemble learning. Specifically, MDDSR generates alternative represen-
tations of the original dynamic signals in the time, frequency, and time—frequency domains,
while DCE constructs multiple signal-derived channels and organizes them into a unified
input matrix. Although individual channels are evaluated using CNN models to investigate
their training behavior and determine the predefined channel arrangements, these evalua-
tions are not used to construct an ensemble of independent classifiers. Instead, the arranged
data channels are supplied to a single CNN classifier for fault-severity classification. There-
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fore, the proposed method does not combine predictions from multiple independently
trained models through voting, averaging, stacking, or other ensemble decision mechanisms.
Its methodological contribution lies in the construction and organization of complementary
input representations for CNN-based fault diagnosis.

2.2. Data Structure and Data Quality Preprocessing

The input data used in the proposed framework consist of AUV dynamic signals ac-
quired during thruster operation. In this study, the surge speed and the rate of control
voltage variation are used as the primary dynamic signals. Each continuous signal is seg-
mented using a sliding time window of length L, yielding the sequence T'(k), k =1,2, ..., L,
which can be represented in vector form as, T = [T (1), T(2), ..., T(L)]*. For a single-signal
input, the corresponding CNN input has a data structure of L x 1. When the two original
dynamic signals are used jointly, they are arranged as adjacent channels to form an L x 2
input matrix. After data channel extension, seven time-domain sequences are arranged into
an L x 7 matrix.

Before sequence reconstruction, data quality is improved through preprocessing of the
acquired signals. The mean value of each segmented signal is removed to reduce baseline
drift, thereby obtaining the original data sequence used by the proposed framework. In the
subsequent time-domain reconstruction, wavelet decomposition is employed to suppress
the influence of high-frequency measurement noise, while the modified Bayes algorithm
enhances weak fault-related features to facilitate reliable localization of the thruster fault
signal. These preprocessing steps reduce the effects of baseline drift, measurement noise,
and weak fault features before the reconstructed sequence is supplied to the CNN.

2.3. Multidomain Data Sequence Reconstruction (MDDSR )

In the proposed MDDSR method, the original data sequence is reconstructed in the
time, frequency, and time—frequency domains by using different methods. The detailed
reconstruction process is described as follows:

(1) Reconstruction in the time domain

Following the above definition of the data structure and preprocessing procedure,
Figure 3 illustrates the time-domain reconstruction process, noted as RT, corresponding to
box B in Figure 2.

As shown in Figure 3a, the preprocessed surge-speed signal is denoted by T(k),
k=1,2, ..., Land is represented in vector form as T = [T(1), T(2), ..., T(L)]*. Although
mean removal reduces baseline drift, the fault-related component may remain weak and
its temporal position may vary among samples. Therefore, WD and the MB algorithm are
applied to suppress high-frequency measurement noise and enhance fault-related features,
respectively, yielding the enhanced feature sequence T,z (k) shown in Figure 3b.

The steps involved in time-domain reconstruction are described as follows
(Figures 2 and 3):

Step 1.1: The original data sequence is extracted using a sliding time window.

A sliding time window of length L is used to extract AUV dynamic signals. The mean
removal method is then employed to reduce the baseline drift of the dynamic signal data,
thereby yielding the original data sequence T'(k), k =1, 2, ..., L.

Step 1.2: The wavelet-scale components of the original data sequence are obtained
via WD.

To reduce the influence of high-frequency measurement noise in the original data
sequence, WD is used to obtain the wavelet-scale components of the original data se-
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quence. Relevant terms in the computation of these components Ty, (k) are expressed
in Equations (1) and (2) [33]:

Tw(k) =T(k) — ZDCP M
p<j
DCj (k) = m%Z Coj,mlpj,m (k)
Co; = ]E‘Z T(k);m(k) (2)

Py (k) = ‘/%tp(% - m)

where T (k) is the original data sequence, j is the WD level, m is the translation factor of the

wavelet function, Yim (k) is the wavelet function, and Coj is the wavelet coefficient.

m
Step 1.3: The fault features in the wavelet-scale components are enhanced using the
MB algorithm.
Equations (3) and (4) are used to calculate the expectation 7, and variance ¢, respec-
tively, of the wavelet-scale components Ty, (k) of the original data sequence under normal

working conditions of the thruster.

L
o= 3 T ) ()
2 N T 0) = Ao 4
7 = 12 [Two®) = 7ol (4)

Here, Ty, (k) denotes the wavelet-scale component obtained under the normal thruster
operating condition, while 7, and & denote its estimated mean and variance, respectively.
These statistics provide the normal-condition reference used by the modified Bayes proce-
dure to enhance deviations associated with the investigated thruster output-loss conditions.
The enhanced fault feature sequence, T,z (k), is then calculated using Equations (5)—(7).

Twmp(k) = ¢1(k) — (k) — 1 5)

L,
n L[ Twlk =) =)’
]:

p1(k) = p (6)
1 L 15hL 2
2| Twlk =) = =2 Tw(k =)
_ 1 j=1 1j=1
$y(k) = —In = (7)
0

where L, represents the window length in the MB algorithm.

The resulting sequence Ty (k) is therefore an enhanced representation of the wavelet-
scale component and is subsequently used to locate the maximum fault-related feature for
time-domain reconstruction.

Step 1.4: The original data sequence is reconstructed based on the position of the
maximum fault feature value in the enhanced fault feature sequence.

The position of the maximum fault feature value (i, ) in the enhanced fault feature
sequence Ty (k) is identified. If i, < L/2, the data sequence T (i, + L/2), ..., T(L) is
extracted from the original data sequence T'(k) = T(1), ..., T (imay), ---» T(L/2), .o, T (iax +
L/2 — 1), T(ipax + L/2), ..., T(L) and then shifted to the left end of T'(k) to obtain the
reconstructed data sequence Ty (k) = T (ipax + L/2), ..., T(L), T(1), ..., T (imay), ---» T(L/2), ...,
T(imax + L/2 = 1). If i, = L/2, the data sequence T(1), ..., T (iax — L/2) is extracted from
the original data sequence T'(k) = T(1), ..., T (ipax — L/2), T(igax — L/2 + 1), ..., T(L/2), ...,
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T (imax)s ---» T(L) and then shifted to the right end of T'(k) to obtain the reconstructed data
sequence Tr(k) =T (i —L/2+ 1), ..., T(L/2), ..., T(igax)s -+ T(L), T(1), ..., T (inax — L/2).

To quantify the positional effect of this reconstructlon, the temporal-location deviation
of the selected fault-related feature is defined relative to the center of the even-length input
window. For the window length L used in this study, the two central sample positions are
L/2 and L/2 + 1. For a detected feature at index i, its location deviation is defined as

d(i):mm(|i—§|,|i—(§+1> |>. (8)

Before reconstruction, the deviation of the selected time-domain feature is therefore
dsefore = d(i..). The circular re-indexing described above relocates i,,, to one of the
two central positions; hence, d3'" = 0. This measure quantifies the positional alignment of
the feature selected by the reconstruction procedure and should not be interpreted as an
independent measurement of physical fault-signal drift.

(2) Reconstruction in the frequency domain

Figure 3 illustrates a schematic of the reconstruction process in the frequency domain,
noted as RF, which is consistent with that in box B of Figure 2.

r(k)1 WMMWWWMWWMWL

(a) An original data sequence of AUV surge speed signal
v WD+MB

TLVMB (k )
1 Lax

(b) The enhanced fault
feature sequence

v
r(k)wwwwwmwmww w
1 L
@) ¥
W WMM&W
©%

T (k)
1

(f) The reconstructed data sequence

Figure 3. Schematic of the circular re-indexing-based reconstruction process in the time domain.
(a) An original data sequence of AUV surge speed signal. (b) The enhanced fault feature sequence
processed by WD + MB. (c) Extraction of the local sequence window. (d) Reconstruction of the local
data sequence within the window. (e) Integration of the reconstructed sequence back into the original
signal. (f) The final reconstructed data sequence.

Figure 4a,b show original data sequences in which the thruster fault signal is lo-
cated at the middle and left side of the time axis, respectively. The fast Fourier transform
(FFT) is applied to these data sequences to obtain corresponding amplitude sequences
[Figures 4c and 4d, respectively]. An amplitude sequence describes only the frequency
composition of the original data sequence, not the temporal positions of its frequency
components. For an ideal circular shift in a finite discrete sequence, the Fourier trans-
form differs only by a phase factor, while the magnitude spectrum remains unchanged.
Therefore, the FFT magnitude representation is insensitive to ideal circular shifts in the
input sequence. However, this property does not imply complete invariance to arbitrary
temporal variations in experimentally measured finite-window signals, because window
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truncation and boundary effects may also alter the magnitude spectrum. Accordingly, the
frequency-domain representation is used here to reduce sensitivity to temporal feature
location rather than to automatically correct temporal drift. The amplitude sequences in
Figure 4c,d show consistent frequency distributions, with no drift observed for the thruster
fault signal on the frequence axis.

=

i

0 <) 0 © P

=)

Wb

0 (b) L 0 (d P
Original data Amplitude spectrum

Figure 4. Schematic of the reconstruction process in the frequency domain. (a) Original sequence with
the fault signal in the middle; (b) Original sequence with the fault signal on the left; (¢) Amplitude
spectrum of (a) obtained by FFT; (d) Amplitude spectrum of (b) obtained by FFT.

The FFT is applied to the original data sequence T (k) to obtain the amplitude sequence

F(p) as follows:
Py-1

X(p) =) x(me P = q, +jb, (9)

n=0

Fip) =[X(p)| = a3 + 13 (10)

wherep =0, 1, ..., Pr—1;nis the discrete-time sample index; Py is the DFT length;
j= V-1; and a, and b, denote the real and imaginary parts of X(p), respectively. The
first half of the magnitude spectrum, p =0, 1, ..., P;/2 — 1, is used as the frequency-domain
representation F(p).

(3) Reconstruction in the time—frequency domain

Figure 5 illustrates a schematic of the reconstruction process in the time—frequency
domain, noted as RTF, which is consistent with that in box B of Figure 2.

Figure 5a shows the original data sequence T (k) of an AUV surge speed signal
with a length of L. The sequence T (k) is processed using the SPWVD to generate a 2D
time—frequency power spectrum TF (m, n), as illustrated in Figure 5b. A thruster fault causes
an energy concentration area in TF(m, n). Due to external random interference, the position
of the maximum value of the 2D time—frequency power spectrum density in the energy
concentration area is random, which makes it difficult to accurately identify the location of
this area on the basis of a single maximum fault feature value. Therefore, an instantaneous
power spectrum entropy curve is calculated [Figure 5c], and the position (i,,;,) of the
minimum value of the instantaneous power spectrum entropy is considered the position of
the energy concentration area. In Figure 5¢, i.,;, < L/2. As shown in Figure 5d,g, the data
fromi,;, + L/2to L are extracted from TF(m, n) and shifted to its left end to obtain the recon-
structed 2D time—frequency power spectrum TFg (m, ). The circular re-indexing relocates
the identified energy-concentration region toward the center of the time axis in TFg (m, ),
thereby reducing variation in the temporal location of the selected time—frequency feature
across samples. The above operation is a circular re-indexing of the original finite sequence.
It does not modify the sample amplitudes or introduce a new signal transform; instead, it
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changes the sequence origin so that the detected fault-related feature is relocated to a more

consistent temporal position within the input window.

£

1 L E
(a) Original data g
s 3

0

Time L
(g) The reconstructed
time-frequency power
spectrum

—

Frequency ~y

01 Time L
(b) Time-frequency
power spectrum

~

o Frequency =y

—

1 imin
(c) Instantaneous*
power spectrum entropy

o Frequency ~

o Frequency

h

Time

(d) (e

Figure 5. Schematic of the reconstruction process in the time-frequency domain. (a) Original data
sequence; (b) Time—frequency power spectrum generated by SPWVD; (c) Instantaneous power
spectrum entropy curve; (d) Extraction of the target segment from i,,;,, + L/2 to L; (e) Shifting the
extracted segment to the left; (f) Circular re-indexing process; (g) The reconstructed time—frequency

power spectrum.

The steps involved in the reconstruction process in the time—frequency domain are

detailed as follows (Figures 2 and 5):
Step 3.1: The 2D time—frequency power spectrum is calculated using the SPWVD.
The SPWVD, which is expressed in Equation (11), is used to obtain the 2D time—frequency
power spectrum TF (m, n), which is defined in Equation (12). It should be emphasized that
SPWVD is the first processing stage of RTF rather than an alternative method to RTF. RTF is
obtained by applying the proposed reconstruction procedure to the time—frequency power

spectrum generated by SPWVD.

L-1 M1
TF(mm) =2 Y hk) Y gzn+1+k)z*(n+1— ke >mmP (11)
k=—(L,—1) I=—(M,-1)
TF(1,1) - TF(,L)
TF(m,n) = : : (12)
TE(P,1) - TF(P,L)

where z(n) denotes the analytic signal corresponding to the input sequence, z*(n) is its

complex conjugate, h(k) and g(I) are the frequency- and time-domain smoothing windows,

respectively, k and [ are the corresponding smoothing indices, p is the number of frequency

bins, m =1, ..., p denotes the frequency-bin index, and n =1, ..., L denotes the time-bin index.
Step 3.2: The instantaneous probability density function is constructed.
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The probability density function p(m, n) for an instantaneous spectrum at one time

step is expressed as follows:
TF(m,n)
plm, ) = ———— (13)

> TF(m,n)

m=1
where m denotes the frequency-bin index and n denotes the time-bin index.
Step 3.3: The instantaneous power spectrum entropy curve is obtained.
The instantaneous power-spectrum entropy H(n) is calculated for each time step
using Equation (14). The values of H(n) over all time steps form the instantaneous power-
spectrum entropy curve.

P
H(n) = = p(m,n)logp(m,n) (14)
m=1

Step 3.4: The 2D time—frequency power spectrum is reconstructed.

The position of the minimum value (7,,,;,,) in the instantaneous power spectrum entropy
curve is identified. If i ,;, < L/2, the data from i, + L/2 to L are extracted from TF(m,
n) and then shifted to its left end to obtain the reconstructed 2D time—frequency power
spectrum TFg(m, n). Ifi_ ;. > L/2, the data from the starting point to i,,;, — L/2 are extracted
from TF(m, n) and then shifted to its right end to obtain TFy (m, n).

The same positional-deviation definition is used for the time—frequency representation.
Before reconstruction, the temporal-location deviation of the selected energy-concentration
region is 45" = d(i,;.). After circular re-indexing, i,,;, is relocated to one of the two central
time positions, giving daf*" = 0. Thus, the reconstruction explicitly aligns the selected
time—frequency feature with the center of the finite input window. This metric describes
the positional effect of the reconstruction itself and does not constitute an independent
measurement of physical fault drift.

2.4. Data Channel Extension (DCE)

Figure 6 illustrates a schematic of the DCE process used in the proposed framework.
This process is consistent with that in box C of Figure 2.

The MB enhancement employed in the DCE procedure follows the formulation given in
Equations (3)-(7), whereas the subsequent evidence-theory-based fusion is mathematically
defined in Equations (15)—(18).

To explicitly define the evidence-theory-based fusion used in DCE, let Sy (1) denote
an MB-enhanced sequence, corresponding to either T}z (k) or Towap (k), and let L denote
the sequence length. The credibility distribution associated with the enhanced sequence is

first calculated as
Syip(m)
L

Zl Smp (1)

The similarity between the credibility distributions obtained from the two enhanced

F(A,) = (15)

signal sources is then evaluated by

|Fi(Ap) = F;(A)|

By A0 = 1 = A, E () (16)
The corresponding support degree is calculated as
L
QA = [] FyAp (17)
j=1
i#j
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And the fused credibility sequence is obtained as

(A
C(Ak) — LQI( k)

> Qi(Ap)
=

(18)

Here, F;(A;) and F;(A;) denote the credibility distributions derived from the MB-
enhanced surge-speed and control-voltage-variation sequences, respectively; F;;(A;) char-
acterizes their similarity, Q, (A;) denotes the corresponding support degree, and C(A4;) is
used as the fused feature sequence T (k) in the subsequent DCE procedure.

Original data sequences

V3
_»MWW AP A AR
1 L1 L

(a) Tu(k) $wp § (b) Tx(k)
WA e MM
1 L1 L

(c) Tiw(k) $vB§ () k)

]\JMI\

L1 L
(e) Trwms(k) ‘ ET ‘ (f) Towms(k)

(8) Te(k)
A/ VY

Data channel extension in time-domain

FFT SPWVD
DCE in frequency DCE in time-
domain frequency domain

Figure 6. Schematic of the DCE method used in the proposed framework. (a) Original surge
speed signal sequence T, (k); (b) Original control voltage variation rate sequence T, (k); (c) Wavelet-
scale component T, (k) obtained by WD; (d) Wavelet-scale component T, (k) obtained by WD;
(e) Enhanced fault feature sequence Ty (k) processed by MB; (f) Enhanced fault feature sequence
Tywwms (k) processed by MB; (g) Fused feature sequence T (k) obtained by ET.

The proposed DCE method is explained using original data sequences for signals
related to the surge speed [T, (k); Figure 6a] and the rate of control voltage variations [T, (k);
Figure 6b] of an AUV. After these signals are obtained, WD is conducted on T; (k) and
T, (k) to obtain corresponding wavelet-scale components, namely T,y (k) [Figure 6¢] and
Tow (k) [Figure 6d], respectively. The fault features in Ty (k) and Toy (k) are then enhanced
using the MB algorithm to obtain corresponding enhanced fault feature sequences, namely
T1wwms (k) [Figure 6e] and Towp (k) [Figure 6f]. Subsequently, T1wag (k) and Towyg (k) are
fused to obtain a fused feature sequence based on ET [T~ (k); Figure 6g].

The aforementioned signal processing procedure ultimately results in the two original
data sequences T, (k) and T, (k) being expanded into seven data sequences: T, (k), T, (k),
Tiw (k), Tow (k), Tywms (k), Towme (k), and T (k). Thus, DCE is achieved in the time domain.
The seven time-domain data sequences are processed using the fast Fourier transform to
obtain seven amplitude spectrum sequences, namely F; (p), F,(p), Fiw (p), Fow (P), Frwms (),
Fowmp (p), and Fc(p). Consequently, DCE is also achieved in the frequency domain. The
seven time-domain data sequences are then processed using the SPWVD to obtain seven 2D
time-frequency power spectra: TF; (m, n), TF,(m, n), TFyw(m, n), TEyw(m, n), TE jy\p (m,
1), TFywwp (m, n), and TF-(m, n). Thus, DCE is achieved in the time-frequency domain.

https://doi.org/10.3390/jmse14212050


https://doi.org/10.3390/jmse14212050

J. Mar. Sci. Eng. 2026, 14, 2050

14 of 33

As indicated by boxes B and D in Figure 2, after DCE is completed, the seven time-
domain data sequences are reconstructed to obtain seven reconstructed time-domain data
sequences: Tig(k), Tor(k), Tywr (k), Tawr (k), Tiwmsr (k), Townpr (k), and Teg (k). These
seven reconstructed sequences are arranged adjacent to each other in a certain order to
create a 2D matrix, which is then used to train the CNN in the proposed framework.
Four predefined channel arrangements, denoted DCE1-DCE4, were investigated to ex-
amine whether the ordering of the seven reconstructed representations was associated
with differences in CNN training behavior. These four configurations represent selected
arrangement strategies rather than an exhaustive optimization over all possible channel
permutations. All four DCE configurations contain the same seven reconstructed represen-
tations; only their channel ordering differs. Therefore, comparisons among DCE1-DCE4
keep the channel set fixed and provide a limited assessment of the four investigated ordering
strategies. However, because random permutations were not evaluated, these comparisons
do not establish a general or globally optimal ordering rule.

In DCE], the seven reconstructed time-domain data sequences are arranged according
to the order of signal processing. Thus, the 2D matrix contains the following reconstructed
sequences from left to right: Tix (k), Tor (k), T1wr (k), Towr (k), Trwmer (), Towmsr (k), and
Tcr (k). The sequences T (k) and T,y (k) correspond to the original data sequences, Ty (k)
and T,y (k) correspond to the data sequences obtained through WD processing, T ypr (k)
and Towyer (k) correspond to the data sequences obtained using the MB algorithm, and
Tcr (k) corresponds to the fused feature sequence based on ET. DCE1 is expressed as follows:

Tir(1) Tor() Tiwr() Towr(l) Tiwmer(l)  Towmsr(1)  Ter(l)
Tir(2) Tor(2) Tiwr(2) Towr(2) Tiwmer(2) Towmsr(2) Tcr(2) (19)
Tir(L) Tor(L) Tiwr(L) Towr(L) Tiwmsr(L) Towmsr(L) Ter(L)

In DCE2, the seven reconstructed time-domain data sequences are sorted by signal
type. The leftmost three columns of the 2D matrix contain the reconstructed sequences
corresponding to the surge speed signal, namely Ty (k), T1wr (k), and Tiynpr (k). The next
three columns to the right comprise the reconstructed sequences corresponding to the signal
related to the rate of control voltage variations, namely Tyi (k), Towr (k), and Toynpr (k).
Finally, the rightmost column consists of the reconstructed sequence corresponding to the
fused signal, namely TR (k). DECE2 is expressed as follows:

TlR(l) TlWR(l) TlWMBR(l) TZR(l) TZWR(l) TZWMBR(l) TCR(l)
TlR (2) TlWR (2) TlWMBR (2) TZR (2) TZWR (2) TZWMBR (2) TCR(Z) (20)
TlR (L) TlWR (L) TlWMBR (L) TZR (L) TZWR(L) TZWMBR(L) TCR(L)

In DCES3, the seven reconstructed channels were arranged in ascending order of the
training-curve stabilization iteration counts obtained from their individual-channel CNN
training trajectories. DCE4 used the corresponding descending order. These are heuristic,
data-dependent arrangements within the four predefined DCE configurations, not the
result of an exhaustive search. The individual-channel counts were obtained from the
training-stage procedure described in Section 3.1, in which the monitoring windows and
parameter-update windows originated from the same continuous experimental records.
The same channel-ordering rules were applied to the reconstructed frequency-domain am-
plitude sequences to form a two-dimensional CNN input matrix. The seven time—frequency-
domain power-spectrum representations were stacked to form a three-dimensional CNN
input matrix.
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2.5. CNN Architecture for Multi-Representation Fault Classification

In this study, a CNN architecture based on the classical LeNet-5 structure was adopted

for fault-severity classification (Figure 7).

Input fault sample

AUV dynamic signals

B

Surge speed
e et el

Control-voltage variation rate

Data representation
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Time-frequency representation
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Figure 7. Overall structure of the CNN model used in the proposed framework.

The CNN consists of an input layer, two convolutional layers (C1 and C2), two max-

pooling layers (S1 and S2), a flattening layer (F0), two fully connected layers (F1 and F2),

and an output layer. C1 and C2 contain 6 and 16 convolutional kernels, respectively. F1

and F2 contain 120 and 84 neurons, respectively, and the output layer contains 5 neurons

corresponding to the 5 investigated fault-severity levels. The structures of the input layer,

convolution kernel 1, and convolution kernel 2 are determined by the structure of the input

matrix (Table 1).

Table 1. CNN Input Structures and Layer Configurations for Different Data Representations.

No Input Representation Input C1 Kernel c1 S1 C2 Kernel C2 S2
) P P Tensor Size Filters  Pooling Size Filters  Pooling
1 Single time-domain Lx1 K x 1 6 2x1 Kx6 16 2x1
sequence
’ Single amplitude-spectrum Px1 K x1 6 2% 1 Kx6 16 2% 1
sequence
Two time-domain
3 Lx2 Kx2 6 2x1 Kx6 16 2x1
sequences
g Twoamplitude-spectrum K x 2 6 2x1 Kx6 16 2x1
sequences
5 DCE time-domain Lx7 K x 7 6 2x1 Kx6 16 2x1
representation
¢  DCEamplitude-spectrum K x 7 6 2x1 Kx6 16 2x1
representation
7 Single time—frequency PxL K x K 6 2x2  KxKx6 16 2x2
representation
g Iwossignaltimefrequency ;o5 g g0 6 2x2  KxKx6 16 2x2
representation
9 DCEtime-frequency (4 7 g xy7 6 2x2  KxKxb6 16 2x2

representation

In Table 1, L denotes the length of the time-domain sequence, P denotes the number of

frequency bins, and K denotes the spatial size of the convolution kernel. “filters” denotes
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the number of convolutional kernels used to generate the output feature maps. For example,
for an L x 7 DCE input, C1 uses a K x 7 spatial kernel with six output maps. The resulting
six feature maps are then processed by C2 using K x 6 kernels, with 16 output maps. This
notation separates the spatial kernel dimensions from the number of output feature maps.
For all input representations, the final output layer contains five neurons corresponding to
the five investigated software-simulated thrust loss levels: 0%, 10%, 20%, 30%, and 40%.

The CNN was trained using cross-entropy loss, and the network parameters were
updated by gradient descent. The learning rate was 0.01 for the time-domain and frequency-
domain samples, and was 0.001 for the time—frequency-domain CNN experiments. The
maximum number of training updates was 2000. The training procedure was sample-wise,
with one parameter-update sample processed before each weight update, corresponding
to an effective batch size of 1. A dropout rate of 0.5 was applied after the flattening layer.
The initial values of the CNN weights were randomly generated. All compared config-
urations within each experiment used the same CNN architecture and corresponding
training procedure.

CNN learns the nonlinear mapping relationship between the input fault samples and
the corresponding fault severity labels. Therefore, different input representations influence
the feature extraction capability and convergence performance of the CNN, whereas the
final output remains the same classification result of thruster fault severity.

3. Results
3.1. Experimental Setup

(1) Experimental prototype and environment

Figure 8 depicts the structure of the AUV prototype used in this study to conduct
experiments for evaluating the proposed framework. The AUV prototype was constructed
by the authors. This open-frame AUV is battery-powered and propelled by four vector
thrusters: port forward, port aft, starboard forward, and starboard aft. It has a symmetrical
overall structure, which consists of aluminum profiles and corner brackets, and it exhibits
excellent stability in terms of pitch and roll. The total mass of the AUV is 20 kg, and
its length, width, and height are 0.7, 0.45, and 0.3 m, respectively. The AUV’s control
system primarily consists of a PC104 computer, analog acquisition modules, analog-to-
pulse width modulation modules, a depth gauge, a Doppler speed sensor, and an attitude
sensor. The Doppler velocity log measures surge, lateral, and heave velocities; the attitude
sensor measures heading, roll, and pitch angles; and the depth gauge measures depth.
Experiments were conducted with the AUV at Haiyun Lake on the campus of Jiangsu
University of Science and Technology (Zhenjiang, Jiangsu, China) under a signal sampling
frequency of 5 Hz (Figure 9).

Signal acquisition
Starboard Underwater Control  Energy Buoyancy Voltage sensor £ ca;ld

forward  camera unit unit unit N
thruster

Attitude 3l A
sensor e < —N
P ft  Doppler Liquid port aft PC104  TTL to RS485
rflssllllre forward  speed level  thruster motherboard module
u

thruster sensor meter

Figure 8. Structure of the AUV prototype used in this study.
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Haiyun Lake AUV prototype

Figure 9. Photograph of the experimental environment and adopted AUV.

(2) Experimental procedure and data

The experiment proceeded as follows. During the experiments, the two forward
thrusters were used for heading control, while the two aft thrusters were used for surge
velocity control. The vehicle floated on the water surface; therefore, the operating depth
was approximately zero (surface operation). The environmental condition was the water-
surface condition. A closed-loop controller started the vehicle from rest while maintaining
a constant heading. After 100 time steps, the vehicle reached the target surge speed of
0.3 m/s and then operated in steady state at 0.3 m/s. At time step 250, a thrust-loss fault
with A = 0% was simulated in the port aft thruster according to Equation (21). Only the
port aft thruster was modified; no other thruster was altered. The closed-loop controller
continued to operate the vehicle for another 350 time steps, after which the run was stopped.
Thus, each run lasted 600 time steps. The same procedure was repeated with A = 10%, 20%,
30%, and 40%, yielding five datasets, i.e., one independent run for each A value. The same
closed-loop controller settings were used in all runs. Data from time steps 101 to 600 were
selected for subsequent analysis.

The experiments do not physically reproduce the mechanical failure modes shown in
Figure 1, such as blade damage, blade biofouling, blade corrosion and motor stall. Because
these failure modes ultimately reduce the actual thrust output relative to the theoretical or
commanded output, they are collectively treated as thrust-loss faults. The present study
focuses on classifying the severity level of this thrust loss. Accordingly, Equation (21)
is used to simulate thrust-loss conditions. Equation (21) implements a software-based
modification of the thruster control command and should therefore be interpreted as a
surrogate actuator-efficiency or software-simulated thrust-loss condition, rather than a
direct physical reproduction of a specific mechanical fault.

The fault-severity parameter is denoted by A, and the modified control signal is ex-
pressed as follows:

V=(1-A)xV+084ixA (21)

In Equation (21), V and V' are both control-voltage signals and are expressed in volts.
V is the control-voltage command generated by the AUV controller, while V' is the modified
control-voltage command actually applied to the thruster driver after the software-based
fault simulation. A denotes the prescribed thrust loss severity. It is dimensionless and is
expressed as a decimal fraction, e.g., A = 0.1 for 10%. When the thrust loss severity is A, the
actual thruster output V' and the theoretical output T are related by V' = (1 — A)T. The
constant 0.84 is an empirically determined voltage-related coefficient used in the software-
based fault-injection formula.

The derivation of Equation (21) is as follows. First, the thrust measurement setup
shown in Figure 10 was used to obtain the thruster’s thrust—voltage characteristic curve.
The curve was then fitted by the least-squares method to obtain an analytical thrust—voltage
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function, namely T = 6.26 x V —5.26, V & [0.84,5]. When a thrust-loss fault of severity A
occurs, the actual thrustis T" = (1 — A)T. Let V' denote the control voltage corresponding
to this actual thrust T'. Then 6.26 x V' —5.26 = (1 —A)(6.26 x V —5.26). Solving this
relation yields V' = (1 —A)V + 0.84A, substituting the fitted analytical form of T(-) into
this expression gives Equation (21). Therefore, Equation (21) is derived from the calibrated
relationship between the parameter A and the measured physical thrust loss.

Figure 10. The thrust measurement setup.

To verify experimentally that A = 10%, 20%, 30%, and 40% correspond to the claimed
percentages of actual thrust loss, the thrust measurement setup shown in Figure 10 was
used again. For each A, the actual thrust was measured and compared with the theoretical
thrust to check the relation T’ = (1 — A)T and to obtain the corresponding thrust calibration
curve. The calibration results confirm that the prescribed A values produce the intended
thrust-loss levels within experimental uncertainty.

Two types of AUV dynamic signals were used as the data sources for fault diagnosis.
The surge speed was measured by the Doppler speed sensor, whereas the control-voltage-
related signal was obtained from the control signal generated by the AUV controller for the
thruster driver. The rate of control voltage variation was subsequently used together with
the surge speed as the diagnostic input signal. All experimental signals were acquired at a
sampling frequency of 5 Hz. Figures 11 and 12 show the surge-speed and control-voltage-
variation signals, respectively, under the five considered thruster fault-severity levels.
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Figure 11. Surge speed signals of the AUV.

https://doi.org/10.3390/jmse14212050


https://doi.org/10.3390/jmse14212050

J. Mar. Sci. Eng. 2026, 14, 2050

19 of 33

§ 0.2r v/s

T 0Fr

=~ -0.2 . :

- 100 200 300 400 500 600

S 0.2

< -0 ..

© 100 200 300 400 500 600

(°c\>l 0.37

i O

~ -03 —_—

© 100 200 300 400 500 600

S 02

>

T 0

~ 02—

© 100 200 300 400 500 600

S 0.2

~ -0 22— .
100 200 300 400 500 600

Step/(0.2s)

Figure 12. Signals related to the rate of control voltage variations for the AUV.

To ensure consistent data quality before CNN-based diagnosis, the acquired signals
were processed using a common sampling interval and segmented using sliding time win-
dows. The mean value of each segmented signal was removed to reduce baseline drift and
obtain the original data sequence. For the subsequent time-domain feature reconstruction,
wavelet decomposition was further applied to reduce the influence of high-frequency mea-
surement noise, and the modified Bayes algorithm was used to enhance weak fault-related
features. These preprocessing procedures were used to improve the consistency and quality
of the fault samples before they were supplied to the proposed diagnostic framework.

(3) Construction of the fault sample set and CNN training-stage evaluation

Considering that this study mainly addresses the problems of periodic accuracy degra-
dation and relatively large number of iterations to converge during CNN training, only
training samples are constructed in this study, with no test samples. The training samples
are divided into a training set and a validation set. The samples in the training set are used
to update the CNN weights, while the samples in the validation set do not participate in
weight updates and are used only to evaluate the current model after each weight update,
i.e., to monitor the training process and convergence behavior.

Figure 13 illustrates the construction of a fault sample set. Figure 13a displays an
AUV dynamic signal with a length of 500 steps and a fault severity of 0%. A time window
with a length of 400 steps was used to extract this signal, as indicated by the blue box in
Figure 13a; thus, a data sequence with a length of 400 steps was obtained. This sequence
was considered the first fault sample and also served as the first training sample. The
time window was then shifted one time step to the right [orange box in Figure 13a] to
extract the next data sequence; thus, the second fault sample was obtained and used as
the first validation sample. This process was repeated until the time window was slid to
the right end of the dynamic signal, resulting in 100 fault samples with a fault severity of
0%, 50 of which were training samples and the other 50 of which were validation samples.
The aforementioned process was then repeated for 500-step AUV dynamic signals with
fault severity values of 10%, 20%, 30%, and 40%. A total of 100 fault samples were obtained
for each severity level, with 50 of these samples used as training samples and the other
50 used as validation samples [Figure 13b,e]. Thus, a total of 250 training samples and
250 validation samples were acquired.
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Figure 13. Construction of samples for CNN parameter updating and training-stage accuracy moni-
toring. (a) Dynamic signal with 0% fault severity and sliding window extraction; (b) Dynamic signal
with 10% fault severity; (¢) Dynamic signal with 20% fault severity; (d) Dynamic signal with 30%
fault severity; (e) Dynamic signal with 40% fault severity.

The CNN model was trained and evaluated during the training process according to
the following steps:

Step 4.1: The CNN weights were initialized, and the parameter-update sample index i
was set to 1.

Step 4.2: The 250 validation samples were individually input into the current CNN
model. Each output of the CNN was compared with the corresponding true label to
determine whether the sample was correctly classified. The training-stage classification
accuracy was then calculated as follows:

nright

22
Ntotul ( )

Accuracy =

where n,;y, represents the number of correctly classified validation samples and Ny,
denotes the total number of validation samples (250 in this study). These validation samples
were used only to characterize classification accuracy during training and were not used to
update the CNN weights.

Step 4.3: The ith training sample was input into the CNN model, and the CNN output
was compared with the corresponding true label. The cross-entropy loss was then calculated
using Equation (23), and the CNN weights were updated using Equation (24). Subsequently,
the training sample index was set to i =i + 1. If i > 250, i was reset to 1.

Jo
Loss = — Zi Y; log(pj)
j=

e’ (23)
Pi=7
>, e
k=1
dLoss
Whew = Worg — 1 - ow (24)
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where ], represents the number of fault severity levels; p; is the predicted probability of the
jth fault severity level, wherej = 1,2, ..., Jy; z; is the original score of the jth fault severity
level; y; indicates the true label encoding (if the true label is j, then y; = 1; otherwise, y; = 0);
log is the natural logarithm (base e); w is the CNN weight;  is the learning rate; and
dLoss/dw is the loss gradient.

Step 4.4: Steps 4.2 and 4.3 were repeated until the maximum number of training
iterations was reached.

3.2. Effectiveness of the MDDSR + CNN Method

To comprehensively evaluate the effectiveness of the proposed MDDSR + CNN method,
comparisons were conducted in terms of diagnostic accuracy and convergence iterations.
The surge speed signal of the AUV was first considered as the original data sequence. Sepa-
rate fault sample sets were constructed using this sequence, its time—frequency power spec-
trum, the reconstructed time-domain data sequence, the reconstructed frequency-domain
data sequence, and the reconstructed time-frequency power spectrum to ensure a fair com-
parison, all models were trained under the same CNN architecture and training settings.

The OriCNN is used as a general designation for three representative single-stage, model-
free fault diagnosis methods—i.e., a CNN combined with original data sequences [28-30].
The SPWVD + CNN was a combination of the SPWVD method described in reference [26]
and the CNN method described in reference [30]. It tried to use a simple time—frequency
transformation alone to address the problems of periodic drops in accuracy and periodic
increases in loss entropy. Due to the proposed MDDSR + CNN method, the general terms for
the three methods were: RT + CNN, RF + CNN, and RTF + CNN; the three methods were
trained separately. Figure 14a,b show the training results, obtained with these five models
for the surge speed signal. The aforementioned process was repeated using the signal based
on the rate of change of the control voltage, which was taken as the original data sequence.
The training results of the five models for this signal are illustrated in Figures 15a and 15b,
respectively. The process was then repeated again by arranging the two original data
sequences adjacent to each other to form a 2D original data sequence. The training results
obtained with the five models for this 2D sequence are illustrated in Figure 16a,b.

16 ~OiCNN {10
14L —— SPWVD+CNN |
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12f —— RF+CNN T 0.8
10 —v— RTF+CNN 1 >
z g
S8 206
Q
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RT+CNN
2 —a— RF+CNN
0 0.2 —¥— RTF+CNN
1 1 1 0‘0 1 1 1
0 500 1000 1500 2000 0 500 1000 1500 2000
Iteration Iteration
(a) Training loss (b) Training-stage classification accuracy

Figure 14. Experimental results obtained with different CNN-based models for the surge speed signal
of the AUV.
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Figure 15. Experimental results obtained with different CNN-based models for the signal related to
the rate of control voltage variations.
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Figure 16. Experimental results obtained with different CNN-based models for the combination of
the signals related to the surge speed and control voltage variation rate of the AUV.

To facilitate the subsequent description of the training results, the convergence iteration
is defined. The convergence iteration is defined as the first iteration at which the training-
stage classification accuracy reaches a stable state in this paper. Specifically, if the variation
in training accuracy over 100 consecutive evaluations does not exceed a threshold & = 0.05,
the first iteration satisfying this condition is taken as the convergence iteration.

As illustrated in Figures 14-16, the validation accuracy of the OriCNN baseline for
the surge speed signal exhibited an overall increasing trend as the number of iterations
increased [Figures 14b-16b]; however, periodic accuracy degradation occurred at iterations
251, 501, 751, 1001, 1251, 1501, and 1751. Correspondingly, the loss entropy increased at
several of these iterations [Figures 14a—16a].

The reasons for the above experimental results are analyzed as follows in this paper.
The reported drops occur at iterations 251, 501, 751, 1001, 1251, 1501, and 1751. These
iteration numbers are not arbitrary: they are 250 + 1, 2 x 250 + 1, 3 x 250 + 1, etc. Since
the training set contains 250 samples and the CNN weights are updated one sample at a
time, one complete pass over the training set corresponds to 250 weight updates. The drops
occur at the first validation evaluation after each complete pass, i.e., when the training
procedure returns to the first training sample and starts the next pass. The mechanism
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behind this behavior is analyzed as follows. The training samples are generated by a sliding
time window moving one step at a time. Consequently, the temporal position of the fault-
related feature within the window gradually shifts from one sample to the next. During
one pass, the CNN progressively adapts to this shift. At the end of the pass, the model
has adapted to the temporal location in the last sample. When the next pass starts from
the first sample, the temporal position of the fault-related feature in the first sample is
maximally different from that in the last sample of the previous pass. This mismatch can
cause a temporary drop in validation accuracy at the beginning of each new pass. Because
the pass is repeated periodically, the drop also appears periodically, with a period equal
to the number of training samples, i.e., 250. Furthermore, in later passes, the model has
already been trained on previous passes, so the magnitude of the drop tends to decrease.

As illustrated in Figures 14-16, the SPWVD + CNN model exhibited similar periodic
fluctuations in both accuracy and loss entropy. This phenomenon can be explained by
the fact that SPWVD only plots the time—frequency power spectrum of the original signal
sequence and does not alter the temporal distribution of the original signal sequence. In
other words, although the signal representation is transformed from the time domain to
the time—frequency domain, the temporal ordering of the fault-related feature is preserved.
Consequently, the location of the energy concentration caused by the fault signal in the
time—frequency power spectrum remains the same as its temporal position in the original
signal sequence. For this reason, the experimental results of the SPWVD + CNN method
are similar to those of OriCNN. It indicates that a simple time—frequency transformation
alone cannot effectively eliminate the influence of temporal drift in thruster fault signals.

This interpretation motivated MDDSR. If the periodic accuracy drop is mainly associ-
ated with variations in the temporal location of fault-related features within finite sliding
windows, then reconstructing the sequences in the time, frequency, and time—frequency
domains may reduce the sensitivity of the CNN input to such temporal-location variations.
The frequency-domain representation, for example, is insensitive to ideal circular shifts in
the magnitude spectrum, while the time-domain and time—frequency reconstructions aim
to align the fault-related feature more consistently within the window.

As illustrated in Figures 14-16, as the number of iterations increased, no periodic
accuracy degradation was observed and the loss entropy converged to a low value without
periodic fluctuations for the RT + CNN, RF + CNN, and RTF + CNN. These results demon-
strate that the proposed MDDSR-based reconstruction strategies can effectively mitigate
the periodic accuracy degradation and unstable training behavior observed in OriCNN.

Furthermore, the SPWVD 4 CNN baseline still shows periodic collapses in Figures 14-16
while RTF + CNN does not, and this discrepancy is explained as follows. SPWVD + CNN
first applies the smoothed pseudo Wigner—Ville distribution (SPWVD) to the original se-
quence to obtain a two-dimensional time-frequency power spectrum, which is then used
directly as the CNN input. RTF 4+ CNN begins with the same SPWVD time—frequency rep-
resentation but introduces one additional processing step: the time—frequency power spec-
trum is reconstructed according to the feature-location procedure described in Section 2.3,
and the reconstructed spectrum is then used as the CNN input. Therefore, SPWVD + CNN
and RTF + CNN share the same SPWVD transformation and CNN classifier, and the princi-
pal methodological difference between them is whether the SPWVD time-frequency power
spectrum is reconstructed before CNN training. Under the same CNN architecture and
corresponding training settings, the comparison between SPWVD + CNN and RTF + CNN
therefore serves as a controlled ablation of the time—frequency reconstruction step. The
periodic fluctuations observed for SPWVD + CNN but not for RTF + CNN indicate that
the reconstructed time—frequency representation is associated with more stable training
behavior under the adopted experimental procedure.
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In the aforementioned experimental validations, the size of the convolution kernel (K)
was 41. To examine the sensitivity of the observed training behavior to the convolution-
kernel size K, the MDDSR + CNN configurations were additionally evaluated at K = 21,
31, 51, and 61, in addition to K = 41. These comparisons describe consistency across the
examined kernel sizes.

Asillustrated in Figure 17, the OriCNN and SPWVD + CNN configurations required ap-
proximately 2000 training iterations to reach the reported training-curve stabilization regime.
In comparison, the RT + CNN, RF + CNN, and RTF + CNN configurations reached the
reported training-curve stabilization regime within 75-320 iterations. Thus, compared with
the approximately 2000 iterations required by OriCNN and SPWVD + CNN, the MDDSR-
based configurations therefore required fewer training iterations under the investigated set-
tings. OriCNN and SPWVD + CNN exhibited periodic decreases in training-stage classifica-
tion accuracy accompanied by fluctuations in training loss, whereas RT + CNN, RF + CNN,
and RTF + CNN showed more stable training behavior and required fewer iterations to reach
the reported training-curve stabilization regime. Overall, these results indicate that the
MDDSR-based configurations exhibited more stable training behavior and required fewer
iterations to reach the reported training-curve stabilization regime across the investigated
convolution kernel sizes.
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Figure 17. Experimental results obtained with different CNN-based models under various convolution

kernel sizes.

3.3. Effectiveness of the MDDSR + DCE + CNN Method

(1) Effectiveness of the MDDSR + DCE + CNN method in the time domain

The original data sequences of the surge speed T, (k) and rate of control voltage
variations T, (k) for the AUV were subjected to DCE to obtain seven time-domain data
sequences: T (k), T,(k), Tyw(k), Tow (k), Tywms (k), Towms(k), and T (k). These sequences
were then reconstructed in the time domain to obtain seven reconstructed time-domain
data sequences: Tig(k), Tor(k), Trwr(k), Towr (k), Trwmer (k), Towmsr (k), and Tcg (k).
Subsequently, fault samples were constructed on the basis of these reconstructed sequences
and used in the same CNN training-stage evaluation procedure described in Section 3.1.
Figure 18a,b show the training loss and training-stage classification accuracy, respectively,
obtained for each reconstructed sequence.

As shown in Figure 18, the training-stage classification accuracy for all seven recon-
structed sequences exhibited no periodic drops [Figure 18b]. In addition, the training
loss for each sequence decreased to a low value without periodic increases. The numbers
of training iterations required to reach the reported training-curve stabilization regime
differed among the seven reconstructed sequences, with values of 257, 293, 151, 139, 148,
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145, and 185 iterations for Ty (k), Tor (k), T1wr (k), Towr (k), Tiwmer (k), Towmsr (k), and
Tcr(k), respectively.
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(a) Training loss (b) Training-stage classification accuracy
Figure 18. Experimental results obtained with the proposed DCE + CNN model in the time domain
for different reconstructed time-domain data sequences obtained through DCE.

In DCE1 and DCE2, the seven reconstructed time-domain sequences are arranged
from left to right according to the signal processing sequence and signal type, respec-
tively [Equations (19) and (20), respectively]. Moreover, in DCE3 and DCE4, the seven recon-
structed time-domain sequences are arranged in ascending and descending orders, respectively,
of the corresponding convergence-iteration counts [ Equations (25) and (26), respectively].

[ Towr (D) Towmsr(D)  Tiwamer(1)  Tiwr(1)  Ter(l)  Tir(l)  Tor(1)]
Towr(2)  Towmsr(2) Tiwmsr(2) Tiwr(2) Tcer(2) Tir(2) Tor(2) (25)
L Towr (L) Towmsr(@L)  Tiwmsr(L) Tiwr(L) Ter(L) Tig(L) Thr(L)]
[Tor(1) Tig(1) Ter() Tiwr()  Tiwmsr(l)  Towmer(1)  Towgr(1) ]
Tor(2) Tir(2) Tcr() Tiwr(2) Tiwmsr(2) Towmsr(2)  Towr(2) (26)
| Tor(L)  Tir(L) Ter(L) Tiwr(L)  Tiwmsr(L)  Towmsr(L)  Towr(L) ]

The 2D matrices obtained from DCE1, DCE2, DCE3, and DCE4 were separately used as
fault samples in the same CNN training-stage evaluation procedure. Figure 19a,b show the
training loss and training-stage classification accuracy, respectively, for the four predefined
channel arrangements.

For DCE1, DCE2, DCE3, and DCE4, the training-stage classification accuracy of the
MDDSR + DCE 4 CNN model exhibited no periodic drops. For each of the four predefined
channel arrangements, the training loss also decreased to a low value without periodic
increases. These results indicate stable training-stage classification behavior under the
adopted procedure. Figure 20 further compares the numbers of iterations required to
reach the reported training-curve stabilization regime for the individual reconstructed
time-domain sequences and the four DCE arrangements under convolution kernel sizes
ranging from 21 to 61.

When the convolution kernel size (K) was 21, the MDDSR + DCE1 + CNN, MDDSR +
DCE2 + CNN, MDDSR + DCE3 + CNN, and MDDSR + DCE4 + CNN models converged
in 160, 145, 130, and 80 iterations, respectively. The results obtained under K values of
31, 41, 51, and 61 were consistent with those acquired under a K value of 21. Among
the four predefined channel arrangements evaluated in this experiment, DCE4 exhibited
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the fewest convergence iterations under the investigated values of K. This observation is
limited to the four examined arrangements and does not establish DCE4 as the globally
optimal permutation of the seven channels. Under K values of 21, 31, 41, and 51, the
minimum numbers of iterations required to converge for a single reconstructed time-domain
sequence were 135, 130, 139, 148, and 133, respectively. Under K values of 21, 31, 41, 51,
and 61, the MDDSR + DCE4 + CNN model converged in 80, 75, 65, 68, and 70 iterations,
respectively. Therefore, under these K values, compared with the minimum numbers
of iterations required to converge for a single reconstructed time-domain sequence, the
MDDSR + DCE4 + CNN model required 40.7%, 42.3%, 53.2%, 54.1%, and 47.4% fewer
iterations to converge, respectively. Thus, the MDDSR + DCE + CNN method effectively
reduces convergence iteration in time-domain analysis.
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Figure 19. Experimental results obtained with the proposed MDDSR + DCE + CNN model in
the time domain for different combinations of reconstructed time-domain data sequences obtained
through DCE.

300 T

" [ —— K=21 K=51
£250r K=31— K=61 ]
o5 - K=41 1
5 5200F .

an

£-2150 -
H-glOO- \-
st -
Sl I I I e e e e e
&\&W&~&$§§’&QO & E&E

Figure 20. Experimental results obtained with the proposed MDDSR + DCE + CNN model in the
time domain under different convolution kernel sizes (K).

(2) Effectiveness of the MDDSR + DCE + CNN method in the frequency domain

The seven time-domain data sequences, namely T, (k), T,(k), Tiw(k), Tow(k),
Trwmg (k), Towme(k), and Tc(k), obtained through DCE were reconstructed in the fre-
quency domain to obtain seven amplitude sequences, namely F; (p), F,(p), Fiw(?), Faw (p),
Fiwms (P), Fowmg (P), and Fc(p). Each of these amplitude sequences was used to construct
fault samples and evaluated using the same CNN training-stage procedure described in
Section 3.1. Figures 21 and 22 present the training loss and training-stage classification

https://doi.org/10.3390/jmse14212050


https://doi.org/10.3390/jmse14212050

J. Mar. Sci. Eng. 2026, 14, 2050

27 of 33

accuracy obtained for the individual amplitude sequences and the four predefined channel
arrangements, respectively, while Figure 23 summarizes the numbers of training itera-
tions required to reach the reported training-curve stabilization regime under different

convolution kernel sizes.
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(a) Training loss (b) Training-stage classification accuracy
Figure 21. Experimental results obtained with the proposed MDDSR + DCE + CNN model in the

frequency domain for each amplitude sequence.
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Figure 22. Experimental results obtained with the proposed MDDSR + DCE + CNN model in the
frequency domain for the four predefined channel arrangements of the amplitude sequences.
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Figure 23. Experimental results obtained with the proposed MDDSR + DCE CNN model in the
frequency domain under different convolution kernel sizes.
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For the seven individual amplitude sequences and the four predefined channel
arrangements, the training-stage classification accuracy exhibited no periodic drops
[Figures 21b and 22b]. In all 11 cases, the training loss decreased to a low value without
periodic increases [Figures 21a and 22a]. As illustrated in Figure 23, the MDDSR + DCE4 +
CNN model converged in fewer iterations than the MDDSR + DCE1 + CNN, MDDSR +
DCE2 + CNN, and MDDSR + DCE3 4+ CNN models. Among the four investigated channel
arrangements, DCE4 yielded the lowest convergence-iteration count under the investigated
kernel sizes. Under convolution kernel sizes (K) of 21, 31, 41, 51, and 61, the MDDSR +
DCE4 + CNN model converged in 255, 160, 140, 210, and 160 iterations, respectively. The
corresponding minimum number of iterations required to converge for the single amplitude
sequences were 320, 200, 260, 230, and 190, respectively. Thus, compared to using a single
amplitude sequence, the DCE4 arrangement reduced the number of iterations required to
converge by at least 20.3%, 20.0%, 46.2%, 8.7%, and 15.8% under K values of 21, 31, 41, 51, and
61, respectively. Among the four predefined arrangements investigated in this study, DCE4
yielded the lowest convergence-iteration counts in the frequency-domain experiments.

(3) Effectiveness of the MDDSR + DCE + CNN method in the time—frequency domain

The seven time-domain data sequences, namely T, (k), T,(k), Tiw(k), Tow(k),
Tiwms (k), Towme(k), and Tc(k), obtained through DCE were reconstructed in the
time—frequency domain to obtain seven 2D time-frequency power spectra: TF(m, n),
TFy(m, n), TFywg (m, n), TFywg (m, 1), TFywwpr (1, 1), TFywver (1, 1), and TFcg (m, n).
Each of these spectra was used to construct fault samples and evaluated using the same CNN
training-stage procedure described in Section 3.1. Figures 24 and 25 present the training loss
and training-stage classification accuracy obtained for the individual 2D time-frequency
power spectra and the four predefined channel arrangements, respectively, while Figure 26
summarizes the numbers of training iterations required to reach the reported training-curve
stabilization regime under different convolution kernel sizes.
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Figure 24. Experimental results obtained with the proposed MDDSR + DCE + CNN model in the
time—frequency domain for each 2D time—frequency power spectrum.

As shown in Figures 24 and 25, the training-stage classification accuracy for all seven
individual time—frequency representations and the four predefined channel arrangements
increased without periodic accuracy degradation, while their training losses decreased to
low and stable values. These results characterize the classification behavior observed during
training under the adopted procedure. Figure 26 further shows that under convolution
kernel sizes (K) of 21, 31, 41, 51, and 61, the MDDSR + DCE4 + CNN model converged
in 69, 67, 60, 64, and 71 iterations, respectively. Among the four investigated channel
arrangements, DCE4 yielded the lowest convergence-iteration counts under the investigated
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Loss

kernel sizes. The corresponding minimum numbers of iterations required to converge for
the individual 2D time—frequency power spectra were 101, 81, 82, 91, and 86, respectively.
Therefore, compared with the individual 2D time—frequency power spectra, DCE4 reduced
the number of iterations required for convergence by at least 31.7%, 17.3%, 26.9%, 29.7%,
and 17.4% under K values of 21, 31, 41, 51, and 61, respectively. Among the four predefined
arrangements investigated in this study, DCE4 yielded the lowest convergence-iteration
counts in the time—frequency-domain experiments.
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Figure 25. Experimental results obtained with the proposed MDDSR + DCE + CNN model in the
time—frequency domain for the four predefined channel arrangements of the 2D time—frequency
power spectra.
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Figure 26. Experimental results obtained with the proposed MDDSR + DCE + CNN model in the
time-frequency domain under different convolution kernel sizes (K).

(4) Repeated-Training Stability and Statistical Variability Evaluation

A repeated-training analysis for representative CNN configurations is added. Each
configuration was trained ten times using different random seeds, while keeping the dataset
partition, preprocessing procedure, network architecture, and training settings unchanged.
And then the upper and lower extrema of the convergence iterations over the ten runs, as
well as the midpoint between the upper and lower extrema, are obtained and rounded. The
results are summarized in Table 2, where MDDSR + CNN (double) represents the input for
CNN is obtained by arranging the surge speed signal and the rate of change of the control
voltage adjacent to each other to form a 2D original data sequence, MDDSR + CNN (single)
represents the corresponding minimum number of iterations required to converge for the
single signal sequences, the reduction (double) indicates the reduction between MDDSR
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+ DCE4 + CNN and MDDSR + CNN (double), and the reduction (single) indicates the
reduction between MDDSR + DCE4 + CNN and MDDSR + CNN (single).

Table 2. Comparison of convergence iterations under different convolution kernel sizes.

Domain K MDDSR + CNN MDDSR + CNN MDDSR + Reduction Reduction
(Double) (Single) DCE4 + CNN (Double) (Single)

21 123+ 6 133+ 8 78+ 8 36.12 £ 9.62% 40.78 £ 9.58%

31 118 £ 6 127 £7 72+t6 38.57 £ 8.21% 42.87 £ 7.87%

Time 41 272+ 5 142 £ 6 637 76.78 £ 3.00% 55.35 + 6.82%
51 133+ 7 153 £9 65+6 50.75 + 7.10% 57.14 + 6.44%

61 132+ 6 132+ 6 72+7 45.10 £+ 7.80% 45.10 £ 7.80%

21 315+ 8 322 +38 250 £9 20.51 + 4.88% 22.24 + 4.73%

31 242 +7 199 £ 10 151+ 11 3742 + 6.36% 23.65 £ 9.36%

Frequency 41 239+ 10 265 + 11 148 + 8 37.83 + 5.95% 43.93 + 5.35%
51 265+ 9 228+ 9 202 + 12 23.53 +7.13% 11.06 *+ 8.77%

61 268 + 11 189 £ 8 158 £ 6 40.85 £ 4.67% 16.12 + 6.73%

21 88 £5 96 £ 6 655 25.57 £ 9.91% 31.70 + 9.48%

Time— 31 82+ 4 78 £5 65+6 20.18 + 11.21%  15.83 + 13.09%
frequency 41 7415 85+6 62 +4 1547 + 11.12%  26.36 + 9.90%
51 78+5 93 +6 63+6 18.40 + 12.92%  31.56 + 10.87%

61 74+ 4 85*5 68 £5 747 £ 11.76% 19.38 £+ 10.63%

Table 2 presents the midpoints and fluctuation ranges of the convergence iterations
for each configuration across different domains and convolution kernel sizes, based on
repeated training with ten random seeds. Overall, among the 15 “domain-kernel size”
combinations in the time, frequency, and time—frequency domains, MDDSR + DCE4 +
CNN achieved lower convergence iterations than both the MDDSR + CNN (double) and
MDDSR + CNN (single) baselines. It indicates that the MDDSR + DCE4 + CNN configu-
ration required fewer training updates to reach the reported training-curve stabilization
regime than the corresponding single- and two-channel MDDSR + CNN configurations
under the investigated settings.

4. Discussion

AUV thrusters are susceptible to failure modes such as blade damage, blade biofouling,
blade corrosion, and motor stall, which can degrade thrust output and compromise mission
safety. In the present study, a multi-representation CNN-based fault diagnosis framework
was developed by integrating multidomain data sequence reconstruction (MDDSR) and
data channel extension (DCE) with a CNN classifier. From the perspective of input-data rep-
resentation, MDDSR constructs complementary representations in the time, frequency, and
time-frequency domains to reduce the sensitivity of CNN inputs to variations in the tempo-
ral location of fault-related features within finite signal windows. DCE enriches the input
representation by constructing multiple signal-derived channels and investigates different
predefined arrangements of these channels. The proposed framework was evaluated using
a prototype AUV in a lake under software-imposed thruster control-command modification
conditions. Under the training procedure used in this study, the MDDSR-based configura-
tions exhibited more stable training-stage classification behavior and required fewer itera-
tions to reach the reported training-curve stabilization regime than the OriCNN baseline. By
further incorporating DCE, the investigated DCE4 configuration required 6.6-76.4% fewer
convergence iterations than the corresponding MDDSR + CNN configurations under the
examined settings. Therefore, the proposed MDDSR + CNN and MDDSR + DCE + CNN
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is effective in mitigating the unstable training behavior observed in OriCNN and in reducing
the number of iterations to converge during CNN training, respectively.

The present study still has several limitations to overcome, such as, the generalization
capability and robustness of the proposed framework under independent test sets, real fault
modes, multiple platforms, and varying operating conditions remain to be further verified,
the independent effect of channel ordering have not yet been systematically evaluated.
Therefore, future work will focus on the following terms. An untouched independent test
set is conducted to evaluate the generalization performance of the proposed framework on
independent records. Systematic random-permutation experiments are performed to isolate
and quantify the independent effect of channel ordering on training behavior. Repeated
independent AUV experiments under real hardware failures and physical fault modes
rather than only under software-simulated thrust-loss conditions are conducted across
multiple operating sessions and environmental conditions, with sufficient repetitions at each
fault-severity level, to quantify between-trial variability, construct confidence intervals, and
perform appropriate statistical significance analyses. Moreover, future work will investigate
the replacement of CNN activation functions with spiking layers as a hypothesis to be
tested, and will examine whether such architectures can improve diagnostic performance
or convergence behavior under more diverse operating conditions.
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