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Deep learning has shown substantial progress in fault diagnosis in recent years. Nevertheless, its application is
hindered by excessive computational requirements and challenges in addressing data scarcity and multi-
condition adaptability in practical settings. Notably, the problem of feature redundancy stands out, as it not
only inflates computational demands but also obscures vital features, reducing the generalizability and precision
of diagnostic models. To address these challenges, this study proposes an efficient transfer fault diagnosis al-
gorithm based on a multi-scale redundant feature selection network enhanced by parameter optimization. First,
the proposed algorithm combines short-time Fourier transform (STFT) and synchrosqueezing wavelet transform
(SWT) to comprehensively extract deep-level features from the data. Secondly, a channel and spatial redundancy
feature selection unit is employed to effectively reduce channel and spatial redundancy in the features, thereby
focusing on the learning of highly representative features. Furthermore, a transformer feature extraction (TFE)
module is integrated at the backend of the model to accurately capture global contextual information and
detailed features in the data. Finally, a multi-strategy improved Harris Hawk optimization algorithm (MS-HHO)
was designed to achieve efficient hyperparameter tuning and global optimal configuration. Experimental results
demonstrate that the proposed model achieved peak diagnostic accuracies of 98.63%, 98.83%, and 98.9% on
three validation datasets using only 20% of the samples. Even under severe noise conditions, the model main-
tained an average diagnostic accuracy of 73.75%. Additionally, it exhibited superior diagnostic performance and
robustness compared to competing models in diverse transfer tasks.

1. Introduction

Bearings play a crucial role in wind turbines, primarily supporting
and carrying the rotating components, such as the main shaft and
gearbox, ensuring their smooth operation. The health condition of the
bearings directly impacts the turbine’s performance. Bearing failures
can cause vibrations, equipment wear, or reduced power generation
efficiency, ultimately affecting the safety, stability, and reliability of the
entire wind turbine. Diagnosing faults in the bearings, a critical
component of wind turbines, not only significantly improves equipment
efficiency and extends service life but also reduces maintenance costs
and minimizes potential safety risks (Table 1).

Fault diagnosis methods for rolling bearings have evolved from ap-
proaches based on expert knowledge and mathematical/physical models
to data-driven techniques. Expert knowledge-based methods rely on

* Corresponding author.
E-mail address: anaimin@lut.edu.cn (A. An).

https://doi.org/10.1016/j.eswa.2025.127267

established knowledge bases and expert experience to infer and analyze
equipment faults, thereby identifying them (Wan et al., 2024). On the
other hand, mathematical/physical model-based methods establish
mathematical and physical models by analyzing the operational mech-
anisms and processes of the equipment. These models are then validated
through experiments and data to achieve fault diagnosis (Yang et al.,
2024). Although these traditional methods are effective for diagnosing
simple and fixed types of faults, they require extensive specialized
knowledge and lack scientific rigor. Additionally, their flexibility is
limited when applied to different equipment and systems.

With the rapid progress in data acquisition and analysis technologies
in recent years, data-driven approaches have become a major focus in
fault diagnosis research. These methods are characterized by their
robust data mining potential and reduced dependency on specialized
domain knowledge. The key categories of data-driven methods include
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Table 1
Overview of the current state of data-driven fault diagnosis methods.
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Data-Driven Fault
Diagnosis Methods

Advantage

Disadvantage Representative study

Wavelet transform
Short-time Fourier
transform

Empirical mode
decomposition
Variational modal
decomposition
Artificial neural network
K-Nearest Neighbors
Support vector machine
Random forest

Signal Analysis-Based
Methods

Feature extraction is easy;
Highly interpretable.

Machine Learning-Based Ease of modeling;

Methods

dimensional data;
Fast training.

Naive Bayes

Convolutional neural
network

Deep Learning-Based
Methods

Autoencoder e Strong model nonlinear
Generative Adversarial characterization.
Network

Transformer

Capable of handling some high-

Automatic feature extraction;
Strong generalization performance; e High data quality and quantity requirements;
Recurrent neural network e Enables end-to-end learning;

Sensitivity to noise;

Feature extraction relies on manual
experience;

Unable to learn automatically.

(Zhang et al., 2022)
(Wei et al., 2022)

(Wang et al., 2020)

(Ni et al., 2022)

Model performance is heavily dependent on
the extracted features;

Limited non-linear expressiveness;

Weak model generalization performance.

(Liang et al., 2023)
(Lu et al., 2021)
(Wang et al., 2021)
(Buchaiah and Shakya,
2022)

(Kumar and Anand,
2024)

(Wang et al., 2023)

High demand for computing resources;

Poor model interpretability. (Jin et al., 2022)
(He et al., 2021)

(Shao et al., 2023)

(Zhang et al., 2023)

signal analysis, machine learning, and deep learning. Signal analysis
approaches, including wavelet transform (WT), short-time Fourier
transform (STFT), empirical mode decomposition (EMD), and varia-
tional modal decomposition (VMD), have shown promising results in the
early detection of sensitive fault states by decomposing and filtering
distinct components of vibration signals. However, their reliance on the
assumption of signal linearity poses challenges. Under variable-speed
and variable-load conditions, the time-varying, nonlinear, and coupled
characteristics of wind turbine-bearing vibration signals limit their
utility in fault diagnosis for complex systems. Machine learning models,
such as artificial neural networks (ANN) (Kumbhar et al., 2021), k-
nearest neighbors (KNN) (Li et al., 2024), and support vector machines
(SVM) (Shao et al., 2021), achieve diagnostic tasks by uncovering the
relationships between features and fault patterns. While shallow ma-
chine learning methods reduce reliance on manual expertise, they
exhibit certain limitations. First, their diagnostic accuracy heavily de-
pends on the construction of the feature set. Second, their nonlinear
representation capabilities are constrained in scenarios involving weak
vibration signals or complex coupling of fault features, making it chal-
lenging to fully capture the intricate relationships between fault char-
acteristics and categories.

Compared to traditional methods, deep learning can automatically
extract high-level features from complex sensor data through large-scale
data-driven model training, without the need for manually designed
feature engineering. This characteristic enables deep learning to exhibit
exceptional diagnostic performance in fault detection of critical wind
turbine components such as bearings, gearboxes, and motors (Yan
et al.,2021; Zhang et al., 2022). For instance, convolutional neural
networks (CNN) excel in processing vibration signals and time-
—frequency images, while long short-term memory networks (LSTM) are
particularly advantageous in capturing the dynamic characteristics of
time-series data. Transformer networks, on the other hand, offer sig-
nificant advantages in capturing long-range dependencies and per-
forming large-scale parallel computations. The application of these
technologies has notably enhanced diagnostic accuracy and robustness.
Shan et al. (2023) proposed a bearing fault identification method based
on Mel-frequency cepstral coefficients and CNN, optimizing the CNN
structure to achieve efficient feature extraction and accurate classifica-
tion in complex environments. Qin et al. (2023) combined LSTM net-
works with a multi-channel attention mechanism to propose a fault
diagnosis method for wind turbine pitch systems, significantly
improving diagnostic accuracy under complex conditions. Liu et al.

(2023) integrated CNN with Transformer models, leveraging the CNN’s
ability to extract local features and the Transformer’s capacity to cap-
ture global context, thus enhancing fault diagnosis accuracy. Although
deep learning-based fault diagnosis methods can automatically extract
features from large-scale data, they still face several challenges,
including high computational demands and limited generalization
ability. (1) During feature extraction, models may learn a substantial
number of redundant features, leading to unnecessary computational
costs and reduced diagnostic efficiency. (2) Model training requires a
large number of labeled samples and assumes that the training and
testing data share the same distribution. (3) These models are typically
designed for specific operating conditions, resulting in poor general-
ization performance and complex training procedures. (4) In real-world
industrial applications, variations in data distributions across different
operating conditions or equipment may lead to a decline in diagnostic
accuracy. As a result, the practical applicability and stability of these
methods remain constrained in real-world scenarios.

In recent years, feature selection methods have been extensively
studied for their effectiveness in enhancing model performance and
reducing computational burden (Zhang et al., 2021; Zhao et al., 2023).
The primary objective of feature selection is to eliminate redundant and
irrelevant features while retaining those most discriminative for classi-
fication tasks, thereby improving computational efficiency and decision-
making capabilities. Zhang et al. (2021) proposed a feature selection
method called conditional-weight joint relevance feature selection
(CWJR-FS), which enhances selection discrimination by jointly consid-
ering the classification information of candidate and selected features,
demonstrating superior performance in multi-label classification tasks.
Similarly, Gao et al. (2020) introduced the feature redundancy maxi-
mization (FRM) method, which leverages the summation of conditional
mutual information and the maximization of the minimum criterion to
effectively reduce redundant features and improve selection accuracy.
Furthermore, Gao et al. (2021) proposed an information-theoretic
feature selection approach that preserves sample similarity to mitigate
the impact of outliers and irrelevant features, thereby increasing selec-
tion efficiency. Despite their effectiveness in multi-label learning and
traditional classification tasks, these methods primarily focus on static
data, and their applicability to bearing fault diagnosis remains under-
explored. Some studies have employed attention mechanisms for feature
selection, dynamically adjusting feature weights during model training
to enable adaptive selection (Lv et al., 2022; Liao et al., 2023; Cui et al.,
2024). This approach assigns higher weights to key features while
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Table 2
Current research status of fault diagnosis methods based on transfer learning.
Transfer Advantage Disadvantage Representative
method study
Instance- o High efficiency ; o Difficulty in (Tang et al.,
based e Easy to instance selection ; 2023)
transfer implement ; e Challenges in
learning e Reduces data handling domain
demand. discrepancies ;
o High risk of
overfitting.
Model- e Good integrity in o Complex model (Dong
based transfer ; structure ; et al.,2022)
transfer e Strong e Difficulty in
learning versatility ; parameter tuning ;
o Efficient use of e High computational
data. resource demand.
Feature- e Enhanced feature e Challenges in (An et al., 2023)
based representation ; feature matching ;
transfer e Low data e Risk of data bias ;
learning demand ; e High computational
e Good model resource demand.
robustness.

suppressing redundant ones, thereby improving model robustness.
However, most existing methods have been developed for natural lan-
guage processing (NLP) and image classification tasks, with limited
applications in wind turbine-bearing fault diagnosis. Moreover, they
have yet to fully integrate transfer learning strategies to optimize feature
selection for cross-operating conditions.

In recent years, transfer learning has gained significant attention in
the field of intelligent fault diagnosis (Chen et al., 2023), particularly as
an effective approach for enhancing model generalization under con-
ditions of cross-operating-condition data distribution shifts and data
scarcity (Han and Feng, 2023). The current research status of fault
diagnosis strategies based on transfer learning is summarized in Table 2.
Some studies have adopted adversarial transfer learning frameworks,
achieving significant progress in enhancing cross-operating-condition
adaptability. Jiang et al. (2023) proposed the dual domain adversarial
network (DDAN), which employs multi-channel parallel feature
extraction to capture domain-invariant features and utilizes the L1,2-
norm based Wasserstein discrepancy (L1,2 WD) for domain alignment,
thereby improving the stability and computational efficiency of the
diagnostic model. Building on this, Wu et al. (2023) introduced the
conditional distribution-guided adversarial transfer learning network
(CDGATLN), which reduces distribution discrepancies between multiple
source domains and the target domain through a conditional distribu-
tion alignment strategy. Additionally, it incorporates a monotonic
importance constraint for adaptive knowledge transfer, thereby
enhancing the adaptability of cross-operating-condition fault diagnosis.
However, these studies do not consider the potential introduction of
redundant features during feature extraction, which may lead to un-
necessary computational resource consumption and degraded model
performance. Recently, researchers have increasingly combined atten-
tion mechanisms with transfer learning to enhance feature extraction
and cross-domain adaptability in fault diagnosis (Li et al.,2023; Zhang
et al., 2024; Zhong et al., 2022; Zhong et al., 2023). Shao and Kim
(2024) proposed the adaptive multi-scale attention convolutional neural
network (AmaCNN), integrating multi-scale feature fusion (MSFFCNN)
and a multi-level attention scheme (MLAS) to improve cross-domain
feature learning robustness. It further employs correlation alignment
(CORAL) and semantic alignment loss (SA Loss) for domain adaptation,
demonstrating superior performance in small-sample cross-domain fault
diagnosis. Liu et al. (2024) developed the interpretable domain adap-
tation transformer (IDAT), utilizing a multi-layer Transformer frame-
work to extract cross-domain modulation information while applying
ensemble attention weights to improve interpretability. Experimental
results show that IDAT excels in various cross-operating-condition and

Table 3
HUST dataset working condition numbers.
Condition 20 Hz 25 Hz 40 Hz 60 Hz 70 Hz 80 Hz
Encoding Ua Up Uc Up Ug Ur
Table 4

Description of DIRG bearing numbers and their states.

Name Defect Dimension (um)
0A NO DEFECT -

1A Diameter of an indentation on the inner ring 450

2A Diameter of an indentation on the inner ring 250

3A Diameter of an indentation on the inner ring 150

4A Diameter of an indentation on a roller 450

5A Diameter of an indentation on a roller 250

6A Diameter of an indentation on a roller 150

cross-machine bearing fault diagnosis tasks. Wang and Zhao (2023)
introduced the inter-domain attention mechanism, which generates
source sample attention vectors to dynamically learn shared features
between source and target domains. They further proposed an Inter-
Domain Attention Encoder to enhance the domain adversarial neural
network (DANN) for improved transferability. Experiments on the aero-
engine and CWRU bearing datasets reveal an average accuracy increase
of 1.05 % over conventional methods in certain unsupervised cross-
domain tasks (Table 3).

Despite advancements in transfer learning for cross-condition fault
diagnosis and data scarcity, several limitations persist: (1) Feature
redundancy remains an issue—current models often extract redundant
or irrelevant features, increasing computational overhead while
reducing generalization capability. In multi-condition scenarios, this
problem can significantly (Table 4) impact diagnostic accuracy. (2)
Manual hyperparameter tuning is inefficient—most methods do not
fully exploit optimization algorithms for hyperparameter adjustment,
restricting adaptability and leading to high computational costs (Shen
et al., 2024). Although techniques like grid search (Huang et al., 2024),
Bayesian optimization (Wang et al., 2024), and competitive swarm op-
timizers (Zhao et al., 2024) have been applied to fault diagnosis models,
they still face challenges such as large search spaces, high computation
costs, and local optima. These factors hinder model stability and real-
world deployment. Thus, improving diagnostic accuracy while
reducing computational demands remains a critical challenge in transfer
learning-based fault diagnosis.

To overcome these limitations, we propose an efficient fault diag-
nosis method that combines parameter optimization and redundant
feature filtering, aiming to reduce computational demands while pre-
serving or even improving diagnostic accuracy. To address channel and
spatial redundancy in feature extraction, we develop a multi-scale
redundant feature filtering network, which consists of channel redun-
dancy filtering and spatial redundancy filtering units. This design
effectively removes irrelevant and redundant information, focusing on
extracting key diagnostic features to enhance model generalization and
accuracy. Additionally, we incorporate a Transformer-based feature
extraction (TFE) module, leveraging its strong global context modeling
capability to capture both detailed and global information from the data.
To further optimize the model, we introduce a multi-strategy improved
Harris hawks optimization algorithm, which efficiently explores the
hyperparameter search space to achieve optimal parameter selection. To
improve diagnostic robustness across different operational conditions,
we integrate an unsupervised domain adaptation framework, enhancing
adaptability in cross-condition fault diagnosis. This study achieves high
diagnostic performance with reduced computational costs, providing a
practical and effective solution for fault diagnosis in complex industrial
settings. The main contributions are summarized as follows:
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Fig. 1. Different Stages of the HHO Algorithm.

(1) We propose an enhanced STFT-SWT feature extraction method to
improve the quality of feature representation, facilitating more
effective fault diagnosis.

(2) An improved MS-HHO algorithm is introduced to enhance
hyperparameter search efficiency, achieving an optimal trade-off
between computational cost and model performance.

(3) A lightweight feature redundancy filtering mechanism is
designed to eliminate irrelevant information, thereby improving
diagnostic accuracy and enhancing the model’s generalization
capability.

(4) A Transformer-based feature extraction strategy is integrated to
optimize global information capture, improving the model’s
adaptability to complex working conditions.

This paper is structured into four sections. Section 1 provides an
overview of the current state of fault diagnosis technologies for wind
turbine bearings, emphasizing their limitations. Section 2 discusses the
theoretical foundations and model design applied in this study. Section 3
centers on experimental validation, detailing the design, simulation, and
analysis of the experiments conducted. Finally, Section 4 summarizes
the findings and outlines potential avenues for future research.

2. Optimization strategies and model architecture of the
proposed method

2.1. Harris hawks optimizer

The HHO algorithm the cooperative hunting behavior of Harris
hawks to solve optimization problems (Heidari et al., 2019). Its opera-
tion consists of two core phases: exploration, representing global search
capabilities, and exploitation, corresponding to local refinement, as
depicted in Fig. 1. A critical parameter, the prey escape energy factor E,
governs the transition between these phases. The mathematical formu-
lation of E is defined as follows:

Expert Systems With Applications 279 (2025) 127267

E=Ey x E
=201 5)

where t and T denote the current iteration count and the maximum
number of iterations, respectively. E; represents the energy control
factor, while E, corresponding to the initial energy.
The pseudocode of the HHO algorithm is shown in Algorithm 1.
Algorithm 1 Pseudo-code of HHO algorithm

Inputs: The population size N and maximum number of iterations T.
Outputs: The location of the rabbit and its fitness value Initialize the random
population X; (i =1, 2, ..., N).
while (stopping condition is not met) do
Calculate the fitness values of hawks
Set X,appie as the location of rabbit (best location)
for (each hawk (X;)) do
Update the initial energy Ey and jump strength J using Eq:
Ey =2rand-1 ; J = 2(1 — rand)
E=Ey xE;
Update the E using Eq.{ B = 2(1 B £)

(Exploration phase)
if (|[E| > 1) then
Update the location vector using Eq:
X(t+1) = { Xrand () — 11| Xrana (t) — 21 X(0) | q=0.5
(Xravpic(t) = Xm(t) ) —r3(LB+r4(UB—LB)) q < 0.5
(Exploitation phase)
if (|[E|< 1) then
Soft besiege
if (r > 0.5 and |E|> 0.5) then
Update the location vector using Eq:
X(t+1) = Xrappie (t) —X(t) —E[JXrapbie (t) — X(t) |
Hard besiege
else if (r > 0.5 and |E|< 0.5) then
Update the location vector using Eq:
X(t+1) = Xravpic (t) —E|Xrapbie (t) — X(t) |
Soft besiege with progressive rapid dives
else if (r < 0.5 and |E|> 0.5) then
Update the location vector using Eq:
Y = Xrabbit (£) —E| Xranbic (£) — X(t) |
Z =Y +S x Levy(D)
Y F(Y) < F(X(t
Xe+1) = {z FEZ; < FEX((t));
Hard besiege with progressive rapid dives
else if (r < 0.5 and |E|< 0.5) then
Update the location vector using Eq:
Y = Xravbic (£) —EXravpic (t) — Xm () |
Z =Y+S x Levy(D)
Y F(Y) < F(X(t
Xe+1)= {z F((zg < F((X((t));
Return X, gppi

2.2. Harris hawks optimizer with multi-strategy enhancements

The traditional HHO faces challenges such as premature convergence
to local optima, low convergence accuracy, and slow convergence speed.
To overcome these issues, this paper proposes several strategies to
enhance the algorithm. To enhance the diversity of the initial popula-
tion, a chaotic reverse learning strategy is employed to initialize the
Harris Hawks population. Next, an adaptive dynamic exploration
strategy is introduced to improve the global search performance of the
algorithm. Finally, a time-varying Cauchy-enhanced hard trapping
strategy is employed to enhance the algorithm’s ability to escape local
optima.

2.2.1. Chaos reverse learning strategy

The distribution of the initial population in the search space is crucial
for the algorithm’s efficiency and accuracy. Random initialization can
lead to uneven population distribution, resulting in slow convergence in
the early stages. To ensure a more even distribution, this paper combines
chaotic mapping and reverse learning strategies for generating the
initial population, with a greedy strategy used to select the best
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Fig. 2. Validation results of the effectiveness of the chaotic inverse learning strategy.

individuals to improve solution quality. The chaotic sequence is gener-
ated using the Tent chaotic mapping method, described as follows:

[ X
Sen={ 0ol

The reverse learning strategy based on Tent chaotic mapping is
described as follows:

OSXkSH
u < X<1

®))

Xopr = Xin + (LB + UB — Xin)Xk:1 ()]

The new solutions are generated by combining the reverse solution
and the initial solution, as described by the following formula:

Xnew:XOBL U Xin (4)

2.2.2. Adaptive dynamic exploration strategy

In the Harris Hawks optimization process, the update strategy for the
initial Hawk population relies on the positions of other random in-
dividuals, without effectively integrating the global optimum or popu-
lation center information. This limited approach increases the risk of
premature convergence to local optima. To address this issue, this paper
introduces an adaptive dynamic exploration strategy that employs a
nonlinear weight factor w to adjust the dependency of new individuals
on their current states in the next iteration. In the early exploration
phase, a smaller o is used to reduce the influence of historical solutions,
enhancing the algorithm’s global search capability. In the later phase, a
larger w is employed to strengthen the dependency on historical solu-
tions, accelerating convergence. Additionally, a sine operator is
employed to enhance the diversity of hawk positions, while a nonlinear

step factor r| balances global and local search capabilities during the
exploration phase. The improved exploration phase equation is as
follows:

X (t) + 7y sinr |Fy Xeapwi () — X () |
(mebit(t) - Xm(t) ) —TI3 (LB + T4(UB - LB) )

X(t+1) = { 205
q < 05
5)

where 7, and r; are random numbers within the interval [0,2I1]. 7%, de-
termines the hawk’s movement distance, while r; influencing the impact
of the optimal solution on the hawk’s next position. The weight factor ®
and step factor r} are calculated as follows:

et/T — 1

0=—— (6)

A=)

where 7>1 serves as the adjustment coefficient.

2.2.3. Time-varying Cauchy-enhanced hard besiege strategy

In the HHO algorithm, when prey escape energy is low, hawks adopt
a hard besiege strategy to directly attack the prey. However, this
approach depends heavily on the quality of the current optimal solution.
Poor quality of the current optimum can degrade new solutions, slowing
convergence and reducing precision. Additionally, the rigid nature of
this strategy limits global exploration. To address these issues, a time-
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Fig. 3. Validation results of the effectiveness of the adaptive dynamic exploration strategy.
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Fig. 5. Overall network structure diagram.

varying Cauchy perturbation is introduced to enhance global search
capabilities and effectiveness during the hard besiege phase. The heavy-
tailed property of the Cauchy distribution expands the search range,
while incorporating time-dependent scale parameters b adjusts the “tail
thickness” dynamically, improving diversity and flexibility. The math-
ematical formulation of this strategy is as follows:

X(t + 1) = Xrabbit(t) — QE|XrabbiI(t) — X(t) | (8)

Q=a+btan(z(p —1/2)) ()]
2(-01t/T) _ o(-01)

b= 1 _ e(-01) 1D

where a is the location parameter, and p is a random vector following a
normal distribution.

2.2.4. Ablation experiment for the improved strategies
To validate the effectiveness of the proposed improvement strate-
gies, the standard test functions from reference (Takashima et al., 2010)

are used to evaluate the algorithm’s performance.

(1) Validation of the effectiveness of the chaotic inverse learning
strategy

The chaotic inverse learning strategy is used to improve the quality
of the algorithm’s initial solution. In the experiment, the population size
is set to 100, the maximum number of iterations is 500, and the opti-
mization dimension is set to 30.

As shown in Fig. 2, the use of the chaotic inverse learning strategy to
initialize the population improves the algorithm’s convergence speed
and accuracy on the unimodal test function F2 and the multimodal test
function F9. Although the improvement is not highly significant, it lays
the foundation for further enhancement of the algorithm’s performance
when combined with other strategies in later stages.

(2) Validation of the effectiveness of the adaptive dynamic explora-
tion strategy
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Fig. 3 presents the comparison results before and after the
improvement of the adaptive dynamic exploration strategy in the
exploration phase. In the single-peak test function F1 and multi-peak test
function F10, before the improvement, the update of new individuals
was strongly dependent on the positions of previous individuals, causing
the algorithm to have an unclear search objective, with some individuals
wandering in the search space. After the improvement, the search paths
of the population are more evenly distributed, and the points in the
population cover the target area effectively, concentrating significantly
on the optimal solution. These results demonstrate that the improved
algorithm enhances the global exploration ability of the population and
improves the convergence performance, enabling the algorithm to more
precisely converge to the global optimal solution.

(3) Validation of the effectiveness of the time-varying Cauchy-
enhanced hard besiege strategy

As shown in Fig. 4, the algorithm enhanced with the time-varying
Cauchy-enhanced hard encirclement strategy exhibits a marked
improvement in convergence performance over the baseline algorithm
on multi-peak test function F11 and single-peak test function F3. For
F11, the modified algorithm converges to a lower objective value with
fewer iterations, maintaining stability and showcasing enhanced global
search capabilities and an ability to escape local optima. In contrast, the
unmodified algorithm converges more slowly. For F3, the improved

algorithm achieves the optimal solution in fewer iterations, significantly
accelerating both convergence speed and accuracy, while the baseline
algorithm suffers from slow convergence and inadequate exploration
capabilities. Overall, the modified algorithm demonstrates high effi-
ciency and robustness, excelling in both complex multi-peak and single-
peak optimization tasks.

2.2.5. Time complexity analysis of the improved algorithm

Assume the population size of the HHO algorithm is N, the problem
dimension is D, and the maximum number of iterations is T. The time
complexity of the original HHO algorithm can be divided into three
major components: initialization, fitness evaluation, and individual
position update. The time complexity of the HHO algorithm is O(N) +
O(T x N) + O(T x N x D). The computational complexity of the MS-
HHO algorithm is mainly influenced by the chaotic reverse learning
strategy, adaptive dynamic exploration strategy, and time-varying
Cauchy-enhanced hard trapping strategy. The computational
complexity of the chaotic reverse learning strategy consists of three
main parts: the Tent chaotic mapping, the reverse learning strategy, and
the solution update, with corresponding time complexities of O(N),
O(2xTxN), and O(T x N), respectively. The total computational
complexity of the chaotic reverse learning strategy is O(N) +
O(3 x T x N), the time complexity of the adaptive dynamic exploration
strategy is O(T x N x D), and the computational complexity of the time-
varying Cauchy-enhanced hard encirclement strategy is O(T x N x D).
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Based on the above, ignoring the constant factors with minimal impact
on time complexity, the overall complexity of the MS-HHO algorithm is
O(N) + O(TxN)+ O(T xN x D), and the improvements do not
significantly increase the time complexity.

2.3. Dual-modal redundant feature selection network

The backbone network used in this study is shown in Fig. 5. It takes
both STFT and SWT image data as dual-modal inputs and consists of two
parts: the dual-modal feature extraction network and the deep feature
fusion network.

The dual-modal redundant feature selection network consists of two
branches, each incorporating a multi-scale redundant feature selection
network (MSRFS), conventional convolutional layers (Conv-BN-Elu,
CBE), and a transformer feature extraction layer (TFE). First, the STFT
time-frequency image Fsrpr and the SWT image Fsyr are fed into their
respective branches. After passing through the MSRFS and CBE layers,
the multi-scale features F2,,; and F2r are extracted. The outputs of the
MSRFS and TFE layers from both branches are then fused using the
dense residual feature fusion network (DRF) to obtain the fused features
Flier F2..» and F3 ., enabling deep fusion and reutilization of dual-

Fuse> Fuse>
modal features.

2.3.1. Multiscale redundancy feature selection network (MSRFS-Net)

The MSRFS-Net is illustrated in Fig. 6. This module incorporates a
multiscale deeply separable convolutional module (MS-DSConv),
channel redundancy selection unit (CRSU), spatial redundancy selection
unit (SRSU), and a standard convolution-BN-GELU layer (CBG). The
computational procedure of the MSRFS-Net network is described as
follows:

F$3al = Convy 1 (Concat[Convysc(Fswr) @ Yi,Sm @ Convusc(Fswr)])
1n

Fgpr? = Convy, (Concat[Convysc (Fopry ) @ Ya, Suz ® Convusc (Fapr ) |)
12)

Fgpr = Concat [Fégn?, Convy 1 (0(Convepg (0(Convepe (Fswr) )))) ] (13)

where Fsyr represents the input SWT image features, while Y; and Y,
denotes the features after selection by the channel redundancy unit. Syn
and Sy, correspond to the spatial importance weight matrices calculated
by the first and second spatial redundancy selection units, respectively.
The ’concat’’ refers to the concatenation operation, the Convysc rep-
resents the multi-scale convolution process, and 0 indicates the GELU
activation function in the CBG convolution.

(1) Channel redundancy selection unit

In traditional CNN networks, the features extracted from different

channels are often correlated, which fails to fully exploit complementary
feature information, resulting in redundancy between channels (Li et al.,
2023). To address this issue, a channel reconstruction unit is introduced
to reduce the impact of feature channel redundancy on the model’s
learning performance. The channel reconstruction unit consists of three
steps: split, transform, and fuse, as shown in Fig. 7.

In the separation phase, the input feature X € R is divided into
two parts, aC and (1 — a)C, based on its channels, the channel split ratio
a ranges from [0, 1]. Then, a 1 x 1 convolution is applied for channel
compression to improve computational efficiency. Additionally, a
channel compression ratio r is used to control the feature channels,
balancing the computational cost of the CRSU unit. After these opera-
tions, the input feature is split into two parts, X, and Xj,.

In the upper part of the transformation phase, grouped convolution
and pointwise convolution are employed to form a “feature enrichment
extractor” that fully extracts the features X,;,. Grouped convolution re-
duces parameters and computational complexity but disrupts channel
interaction. To address this, parallel pointwise convolution is introduced
to compensate for the loss of channel information. Grouped convolution
with a kernel size of k x k (with g = 2 in this paper) and 1 x 1 pointwise
convolution are applied to all features X,;,. The outputs from the grouped
convolution (GWC) and pointwise convolution (PWC) are then fused to
generate enriched features Y;. The mathematical description of this
phase is as follows:

Y: = M°X,, + M"'X,,, 14

%C kxkxc

ac
where M¢ ¢ Re and MP € Rr>1*1%¢ represent the learnable

s hxw

weight matrices of GWC and PWC, respectively. X, € Rr and Y; €
R denote the input and output features of this phase, respectively.

In the lower section of the transformation stage, a 1 x 1 pointwise
convolution (PWC) is applied to extract shallow hidden detail infor-
mation from the feature Xj,,, serving as a complement to the enriched
features. Meanwhile, the input feature X, is reused without incurring
additional computational costs. The calculation formula for features Y,

in the lower transformation stage is as follows:

Y, = MPZX[DW U Xiow (15)

Txlxlx

(1-a)c ( 1 ﬁ) ¢
where MP2 ¢ R represents the learnable weight ma-

trix of the PWC, and U denotes the concatenation operation. X, €
(1-a)c
r W and Y, € ROMV refer to the input and output features,

respectively.

In the fusion phase, global average pooling is used to collect the
global information S,, € R®!*! of feature channels. The mathematical
formulation is as follows:
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Next, the soft attention operation is employed to generate impor-
tance vectors S; and S, for the global channel vector. The calculation is CBG
expressed as:
st F1
P a7 ¥ ¥ Y
eS1 + 52 1x1 1x1 1x1
Conv Conv Conv
es2
L (18) \ Key Query
| CBG | Group
where the importance vectors satisfy f;+p, = 1. Finally, the trans- Conv3x3
formed features Y; and Y, are merged along the channel dimension to Value
obtain the refined channel features Y. The calculation is expressed as:
Y =pY1+h,Y2 19 Ix1 Ix1
Conv Conv
(2) Spatial redundancy selection unit (SRSU)
The feature spatial redundancy unit typically enhances the model’s
focus on distinct feature positions by learning weights for each feature
location, reducing the representational capacity of redundant features.
Its structure is shown in Fig. 8.

The computation process for the feature importance map Sy in the
SRSU is as follows:

1 Kyn—1 Ky—1

T Z ZX(i~V+m,j~V+n) (20)
m=0 n=0
mn
ADSC(mV = DSCOTlV(X) (22)
Su =6 (W2 5 % 5(Wiyy1 * (Aap @ Aup @ Apscony) + Dionyr ) + oy )
(23)

where K, and K,, represent the height and width of the pooling window,
while S specifies the stride. Variables m and n range from m =
0,...Kn—1ton =0,...K, —1. WL € RECxCx1x1
matrix for the first 1 x 1 convolution layer, b},,,; € R corresponds to
its bias, and ¢ is the reduction ratio. The spatial attention weight matrix
A€ is generated by the second convolution layer.

represents the weight

2.3.2. Transformer feature extraction network (TFE-Net)

Transformers are particularly adept at analyzing fault signals in
complex conditions due to their powerful parallel computation and
global feature extraction advantages. The feature extraction module
presented in this paper combines the global modeling proficiency of the
Transformer with the local modeling strengths of CNN, enabling it to
fully exploit essential information in bearing fault signals. Traditional

10

5
FSWT
TFE-Net

Fig. 9. TFE-Net structure.

CNN face challenges during feature extraction because the limited
receptive field of convolutional layers inhibits their ability to capture
global context effectively, thereby constraining fault feature extraction.
TFE-Net, through its self-attention mechanism, efficiently captures long-
distance dependencies among local and global features. Moreover, to
alleviate the computational burden of processing high-resolution time-
—frequency images, TFE-Net adopts convolutional projections instead of
traditional linear mappings, effectively reducing computational costs
while ensuring robust training and inference performance.

The structure of TFE-Net is shown in Fig. 9, and the output feature F2
is computed using the following formula:

F, = reshape(K + V

x Softmax(Conv"*! (Conv"*! (Concat(GConv***(K),Q))))) (24

where “reshape” signifies the reshaping function, while “GConv3 x 3"
represents a group convolution with a kernel size of 3 x 3.
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Fig. 10. domain migration fault diagnosis structure diagram.

Finally, the features undergo downsampling to yield the output SWT
feature F3y,;. The specific procedures are as follows:

F3yr = Down(CBE(Concat (F;, CBE(CBE (Fyr)) ) ) ) (25)

2.4. Domain migration fault diagnosis framework

The overall structural framework of fault diagnosis for domain
migration adopted in this article is shown in Fig. 10.

The domain transfer fault diagnosis algorithm comprises a single
feature extraction network (F), n domain-specific feature extraction
networks (G), and n domain-specific state classifiers. In this context, F
denotes the STFT-SWT dual-modal feature extraction network designed
in this study, and G refers to the two CBE structural networks. The
training process mainly consists of two components: feature space
alignment and classifier alignment, which are detailed in the following
steps:

1) Extracting shared features from all domains: For each source domain,
namely X}, X2,..., X3, as well as the target domain Xr, samples are
passed through the shared feature extraction network to obtain
feature representations F(x{) and F(x') in the shared feature space.

Extraction of domain-specific feature representations: The shared
feature representations F(x{) obtained in the previous step are fed
into the appropriate feature extraction networks corresponding to
each source domain. In contrast, the sample features F(x!) from the
target domain are processed through all domain-specific feature
extraction networks. This approach results in the feature represen-
tations for the source domains and the target domain, designated as
Gi(F(x{) ) and G;(F(x")), respectively.

The health status C;(G;(F(x{))) of the source domain samples is
predicted using domain-specific state classifiers. The cross-entropy
loss of the classifier is then calculated based on the labels of the
source domain samples:

Ly = jZN;EXNXst<Ci (Gi (F(X?> ) )7},?')

2

—~

3)

(26)

11

4) The local maximum mean discrepancy (LMMD) is utilized to align
the distribution differences between each source domain and the
target domain. LMMD achieves local alignment of same-class sam-
ples between the source and target domains by incorporating class
information, thereby effectively reducing class confusion. This
method is particularly effective in scenarios where there are
considerable differences in class distribution between the source and
target domains. The calculation formula for LMMD is given below:

L = Dist(G(F(xX°) ), G(F(x') ) )

Sowep() - Y wee(x)

X} €Ds xteDy

(27)

1 C
-3
c=1
H
where C represents the number of subdomain categories, “Dist” repre-
sents the distance metric function c € {1,2,...,c} indicates the label
category, and wi° and wi represent the weights of x} and x{ that are
classified under category c. -, wi$(x;) represents the weighted sum
for category c, and the formula for calculating wi* is as follows:

_yic
2 (g5)epie

C
wi =

(28)

where y;. represents the c-th element of the label vector y;, while
Z(x,- ) enYie denotes the total number of samples belonging to class c. D

encompasses the entire space of both the source and target domains.

This paper adopts a weighted approach to balance the loss across the
various specific feature spaces. The corresponding calculation formula is
as follows:

Liyp = wily +waly + - + wyly

= XN: w;Dist (G;(F(x¥) ), G(F(x"))) @9
j=1

where w; represents the weights assigned to each source domain, and x9
indicates that the data comes from source domain subclass j. The
weighted approach allows for calculating the actual distance between
the restructured source domain and the target.

The formula for calculating the distance metric between the same
subclasses of the source and target domains is as follows:
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Fig. 11. Test rig of HUST bearing dataset.
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dy=Dist(G; (F(x}) ) .G (F(x") ))
=min{Dist(G;(F(x") ),G;(F(x)) ), - Dist(G; (F((x) ) ). G;(F(x™) ) ) }
30)

where x§! represents data sourced from subclass [ in the reassembled
source domain dataset.

The weight distributor functions as a binary classifier, determining
the origin of each subdomain based on the distributional distance be-
tween the source and target domains. The calculation formula is as
follows:

1 Dist(Gy(F(x") ). G(F(x)) ) = di

w(x) = o Dist(Gj (F(le) )’G}-(F(xﬂ) ) ) #d

(3D

wherej € {1,2, -, N} represents the index of the source domain, and [ €
{1,2,-,L} represents the index of the subdomain.

The optimization goal encompasses three elements: minimizing
classification error, addressing domain adaptation loss, and ensuring
consistency loss. The complete optimization objective can be formulated
as follows:

Condition 20Hz 25Hz 40Hz 60Hz 70Hz 80Hz
Encoding UA UB UC UD UE UF
(3) Severe (5) Severe (7) Severe (9) severe
inner outer ball combo
(1) Normal ki

(2) medium
inner

(4) medium

outer

(6) medium
ball

(8) medium
combo

Fig. 12. Photographs of the failure bearings.

(a)

Fig. 13. Experimental platform: (a) General view of the experimental platform; (b) Acceleration sensor position and its orientation reference system.
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Table 5
DIRG bearing test speeds and loads.

Nominal load (N) Nominal speed (Hz)

0 100 200 300 400 500
1000 100 200 300 400 500
1400 100 200 300 400 -
1800 100 300 300 - -
Table 6
DIRG dataset working condition numbers.
Condition Encoding  Condition Encoding  Condition Encoding
100 Hz-0 N Va1 200 Hz- Vg3 400 Hz-O N Vp1
1400 N
100 Hz- Va2 200 Hz- Vg4 400 Hz- Vpa
1000 N 1800 N 1000 N
100 Hz- Vas 300 Hz-O N Va 400 Hz- Vps
1400 N 1400 N
100 Hz- Vs 300 Hz- Veo 500 Hz-ON Vg
1800 N 1000 N
200 Hz-ON Vg1 300 Hz- Ves 500 Hz- V2
1400 N 1000 N
200 Hz- Va2 300 Hz- Vea
1000 N 1800 N
Loss = Lclg + ]'LLMMD (32)

where 4 represents the weighting parameter.

3. Experiment and analysis
3.1. Data sources

Case 1 utilizes the HUST bearing dataset (Zhao et al., 2024). The test
platform for this bearing dataset is shown in Fig. 11. The dataset in-
cludes vibration signals of bearings under 11 different operating con-
ditions and 9 distinct health states: healthy, medium inner ring fault,
severe inner ring fault, medium outer ring fault, severe outer ring fault,
medium ball fault, severe ball fault, medium combined fault, and severe
combined fault. The images of bearing faults are displayed in Fig. 12.
The test platform employs triaxial accelerometers to capture vibration
signals from the bearings in three different directions, with a sampling
frequency of 25.6 kHz and a sampling duration of 10.2 s for each data
set.

Case 2 utilizes the Turin Polytechnic University bearing dataset
(Daga et al., 2019), which was obtained by the dynamic and identifi-
cation research group (DIRG) at the rolling bearing test bench. The
experimental platform is depicted in Fig. 13. This dataset comprises
three distinct health states: normal, inner race damage, and rolling
element damage, with both inner race damage and rolling element
damage each classified into three levels based on severity. The

Expert Systems With Applications 279 (2025) 127267

experiment assessed the vibration characteristics of the bearings under
various rotational speeds and loads, with the data summarized in Ta-
bles 5 and 6. The data collection frequency was set at 51,200 Hz, with a
sampling interval of 10 s. For ease of reference, this bearing dataset is
designated as DIRG.

Case 3 utilizes bearing data collected from a wind turbine test rig,
where the experimental bearing model is HRB6005. The primary com-
ponents of this test rig include wind turbine blades (with a radius of 0.6
m), a driving motor, and a planetary gearbox, as illustrated in Fig. 14.
The experiment is designed with three fault modes and two operating
conditions, detailed in Table 7. The sampling frequency of the experi-
mental data is set at 20,000 Hz. For clarity, this bearing dataset is
defined as the WTEP bearing dataset (Fig. 15.)

3.2. Indicators for model evaluation

This research uses four indicators to evaluate the model’s predictive
performance: Accuracy, Precision, Recall, and F1 Score, as defined
below:

(1) Accuracy

S (TP(i) + TN(D) )
SV (TP(i) + TN(i) + FP(i) + FN(i))

Accuracy = (33)

where TP represents the number of true positives, TN represents true
negatives, FP represents false positives, FN represents false negatives, i

Table 7
Description of the WTEP dataset.

Labels  Operation condition Types Damage size
1 W, (60r/min); Wg (84 v/ Healthy -
2 min) Failure of the inner 0.6mmx0.3
ring mm
3 Failure of the outer
ring
4 Failure of the roller

Inner Outer Ball

Fig. 15. WTEP dataset of faulty bearings.

Fig. 14. Wind turbine generator fault diagnosis experimental platform.
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Fig. 16. STFT and SWT image feature data corresponding to vibration signals.

denotes the class.

(2) Recall and Macro-Recall

L TP()
Recall(i) = P() + FNG) (€D)]
1 N
Macro — Recall = N ; Recall(i) (35)
(3) Precision and Macro- Precision
.o TP(i)
Precision(i) = () 1 PP (36)
1 N
Macro — Precision = N ; Precision(i) (37)
(4) F1-Score and Macro-F1 Score
N Precision(i) x Recall(i)
F1{) =2 x Precision(i) + Recall(i) (38)
1 N
Macro —F1 = N ;Fl(l) (39)

3.3. Data pre-processing

The frequency and amplitude of bearing vibration signals usually
fluctuate over time, and these temporal variations are key for diagnosing
the state of mechanical equipment. To capture these time-frequency
domain features more effectively, this paper applies the STFT and SWT
to extract detailed information from vibration signals, building a
feature-rich STFT-SWT dataset.

(1) Short-time Fourier transform.

The STFT divides the signal into short time intervals and applies the
Fourier transform within each window, enabling the simultaneous

14
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analysis of the signal’s local time and frequency components. Given that
x(t) is the input time-domain signal and w(t) is the window function, the
STFT of the input signal is defined as:

STFT{x(¢) } (r, w) — / = x(ew(t - r)e " dt (40)

where w(t — 7) represents the window function centered at 7, and e 7** is
the complex Fourier transform kernel.

Fig. 16 illustrates the time—frequency spectrograms of the vibration
signal obtained using STFT and SWT. As shown in Fig. 16, three
abnormal vibration regions, labeled @, @, and ® in the signal, corre-
spond to regions I, II, and III in both the STFT and SWT spectrograms.
These results indicate that the time-frequency feature maps generated
by STFT and SWT not only capture the time-domain anomalies in the
vibration signal but also extract valuable frequency-domain features,
significantly enhancing the diversity of the input feature signals.

(2) Synchrosqueezing wavelet transform

The SWT is a time-frequency analysis method that builds upon the
traditional wavelet transform. Its main objective is to achieve higher
frequency resolution by further compressing or reassigning the time-
—frequency map produced by the wavelet transform, thus creating a
more accurate time—frequency representation.

The formula for the wavelet transform is shown below:

wiiab) = [ " Xt (0de (41)

where y_;(t) is the wavelet function under the influence of scale a and
translation factor b. During the synchrosqueezing process, the instan-
taneous frequency at each moment is first estimated. Instantaneous
frequency represents the local frequency of the signal at a specific time
and is calculated through the phase variation of the wavelet transform
coefficients. The specific formula is as follows:
0

w(a,b) = %arg(Wx(a7 b)) (42)
where wy(a,b) represents the instantaneous frequency, and arg(Wy(a,
b)) denotes the phase of the wavelet transform coefficients.

da

To(b, ) = A Wi(a by~ wr(a,b)) (43)

where 7 is the Dirac function, used to compress the energy into a specific
frequency location, and Ty(b,w) represents the time-frequency co-
efficients after the SWT.

Fig. 17 illustrates the STFT-SWT time-frequency image features of
vibration signals under different fault states in the HUST dataset,
recorded at an operating frequency of 20 Hz. The time-frequency
characteristics extracted through STFT and SWT reveal variations in
amplitude and frequency properties of the vibration signals across
different fault conditions. Specifically, as the type of fault changes, the
energy distribution of the vibration signals in both the time and fre-
quency domains shows significant differences. Under fault conditions,
vibration signals frequently demonstrate sudden changes or unusual
energy concentrations, which are typically illustrated through STFT-
SWT feature maps. For example, in a healthy state, the energy distri-
bution of the signal is relatively uniform, while in a fault state, energy
may be abnormally concentrated in specific frequency ranges or exhibit
significant time—frequency changes. These abnormal energy distribution
patterns serve as important indicators for fault diagnosis, suggesting that
the equipment may have hidden faults. By comparing the STFT-SWT
feature maps for different fault states, one can further analyze the sig-
nal’s frequency characteristics, transient behaviors, and energy distri-
bution in the time-frequency domain. This methodology not only
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Fig. 17. STFT-SWT feature data for nine vibration signals from the HUST dataset under 20 Hz operating conditions.

captures variations in instantaneous frequency within the vibration
signals but also precisely identifies areas of concentrated energy when
faults occur, thus providing more comprehensive time-frequency
feature information for fault prediction and health management.

3.4. Experiment and result analysis

3.4.1. Validation of optimization algorithm improvement strategy

To further validate the effectiveness of the improved algorithm
proposed in this study, we conducted tests using the modified MS-HHO
algorithm alongside the bat algorithm (BAT), dragonfly algorithm (DA),
and grey wolf optimization (GWO) on several standard test functions. To
ensure the validity of the experiments, the population size N for each
algorithm was set to 100, the number of iterations T was set to 500, and
the dimensionality was fixed at 30. Each algorithm underwent 10 trials,
and the experimental results are presented in Fig. 18.

Fig. 18 illustrates the iterative processes of the MS-HHO algorithm,
BAT algorithm, DA algorithm, and GWO algorithm on the standard test
functions F1 to F12. Compared to the other algorithms, the MS-HHO
algorithm demonstrates a faster convergence to the optimal solution
on the unimodal test functions F1 to F4. The unmodified HHO algorithm
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also exhibits rapid convergence in the later stages of these test functions.
For the multimodal test functions F5 to F7, the improved MS-HHO al-
gorithm consistently achieves higher convergence accuracy than the
other comparative algorithms. In the F8 test function, both the HHO and
MS-HHO algorithms converge near the optimal solution. Furthermore,
for the F9 and F11 test functions, the MS-HHO algorithm converges to
the vicinity of the optimal solution relatively early, thereby validating
the effectiveness of the proposed improvements.

To validate the effectiveness of our proposed optimization method,
we compared it with improved versions of the Bat Algorithm (IBA)
(Umar et al., 2024), the Dragonfly Algorithm (IDA) (Zhao et al., 2023),
and the Grey Wolf Optimizer (IGWO) (Hou et al., 2022). These improved
algorithms outperform their classical versions (BAT, DA, and GWO) in
terms of convergence speed, search efficiency, and global optimization
performance. Specifically, IBA enhances the position and velocity up-
dates of BAT by integrating PSO-inspired strategies. IDA incorporates
spiral foraging mechanisms and Cauchy perturbation to improve its
ability to escape local optima. IGWO applies dynamic ratio weighting to
refine search accuracy and optimization efficiency. These enhancements
make them more representative of real-world optimization challenges.
We conducted comparative experiments under identical test conditions,
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Fig. 18. Comparison results between the MS-HHO algorithm and other algorithms.

evaluating our method against these improved algorithms on multiple
benchmark functions. The results are summarized in Table 8.

Table 8 compares the performance of the MS-HHO algorithm with
other optimization algorithms on standard test functions. For unimodal
functions (F1-F7), MS-HHO achieves the best convergence results on F1
through F6, demonstrating strong global optimization capability and
stability. The improved IGWO follows closely, performing well on F1,
F2, F3, F4, and F7. Mean-while, IBAT excels on F3 and F4, while IDA

shows competitive performance on F1 and F3. For multimodal functions
(F8-F12), MS-HHO continues to exhibit strong optimization perfor-
mance, particularly on F9, F11, and F12, where it achieves the best re-
sults. This highlights its ability to maintain high convergence accuracy
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in complex search spaces. On F8, MS-HHO slightly lags behind IGWO
and HHO but still ranks among the top algorithms, demonstrating strong
optimization potential. For F10, its performance is slightly lower than
IGWO and IBAT but remains competitive. Most notably, MS-HHO ach-
ieves the best convergence result on F12, significantly outperforming
other methods, further proving its robustness and adaptability in high-
dimensional optimization tasks. In summary, MS-HHO surpasses other
optimization algorithms in most test cases, validating its effectiveness
and reliability in tackling diverse optimization problems.
To ensure a more appropriate parameter configuration, the improved
MS-HHO algorithm was used to optimize the model parameters. Table 9
lists the optimal parameter values of DMRFS-Net obtained through this
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Table 8
Test results of the improved algorithm and other algorithms on standard test functions.
Function BAT IBAT DA IDA GWO IGWO HHO MS-HHO
F1 Mean 1.490E-02 6.433E-05 6.632E + 02 0.000E + 00 1.085E-41 0.000E + 00 8.263E-105 0.000E + 00
Std 3.340E-02 3.217E-04 8.750E + 02 0.000E + 00 7.035E-42 0.000E + 00 1.861E-104 0.000E + 00
Rank 5 4 6 1 3 1 2 1
F2 Mean 8.440E-01 3.022E + 00 1.168E + 01 2.230E-117 4.174E-24 0.000E + 00 8.999E-59 0.000E + 00
Std 1.141E + 00 3.092E + 00 7.461E + 00 0.000E + 00 4.290E-24 0.000E + 00 1.466E-58 0.000E + 00
Rank 5 6 7 2 4 1 3 1
F3 Mean 4.483E + 00 0.000E + 00 6.459E + 03 0.000E + 00 2.054E-11 0.000E + 00 1.838E-94 0.000E + 00
Std 9.929E + 00 0.000E + 00 6.746E + 03 0.000E + 00 4.447E-11 0.000E + 00 3.296E-94 0.000E + 00
Rank 4 1 5 1 3 1 2 1
F4 Mean 6.400E-02 0.000E + 00 1.386E + 01 3.200E-162 2.915E-10 0.000E + 00 1.136E-53 0.000E + 00
Std 1.430E-01 0.000E + 00 5.637E + 00 0.000E + 00 3.016E-10 0.000E + 00 2.403E-53 0.000E + 00
Rank 5 1 6 2 4 1 3 1
F5 Mean 3.838E + 01 2.760E + 01 2.952E + 04 5.127E-01 2.653E + 01 2.867E-01 2.767E + 01 3.000E-03
Std 2.162E + 01 5.543E + 00 5.591E + 04 2.040E + 00 5.450E-01 2.611 E-02 3.160E-01 2.000E-03
Rank 8 6 8 3 4 2 5 1
Fo6 Mean 1.481E + 00 2.023E + 00 6.103E + 02 3.340E-03 2.510E-01 2.611E-02 7.255E-04 1.177E-05
Std 7.337E + 00 1.848E + 00 6.909E + 02 5.144E-03 3.540E-01 2.860E-01 5.968E-04 7.796E-06
Rank 6 7 8 3 5 4 2 1
F7 Mean 3.300E-01 1.316E-04 6.200E-02 4.220E-05 3.859E-04 2.961E-07 5.016E-05 2.897E-06
Std 3.910E-01 1.012E-04 2.900E-02 6.070E-05 2.004E-04 2.373E-07 4.203E-05 2.542E-05
Rank 8 6 7 3 5 1 4 2
F8 Mean —1.170E + 03 —1.171E + 02 —6.222E + 03 —9.214E + 03 —6.364E + 04 —1.111E + 04 —1.257E + 04 —1.078E + 04
Std 3.800E-01 1.227E + 00 5.390E + 02 3.105E + 02 8.038E + 02 4.621E-01 3.800E-02 2.810E-01
Rank 6 8 7 5 4 2 1 3
Fo Mean 3.412E + 01 0.000E + 00 8.296E + 01 0.000E + 00 1.395E + 00 0.000E + 00 0.000E + 00 0.000E + 00
Std 1.499E + 01 0.000E + 00 5.772E + 01 0.000E + 00 3.118E + 00 0.000E + 00 0.000E + 00 0.000E + 00
Rank 3 1 4 1 2 1 1 1
F10 Mean 6.110E-01 8.882E-16 4.824E + 00 2.247E-15 3.892E-15 8.811E-16 4.441E-16 4.441E-16
Std 6.840E-01 0.000E + 00 1.650E + 00 1.220E-15 2.176E-14 1.164E-16 0.000E + 00 0.000E + 00
Rank 6 1 7 4 5 2 3 3
F11 Mean 1.700E-02 0.000E + 00 6.628E + 00 0.000E + 00 3.000E-03 0.000E + 00 0.000E + 00 0.000E + 00
Std 1.500E-02 0.000E + 00 6.293E + 00 0.000E + 00 5.000E-03 0.000E + 00 0.000E + 00 0.000E + 00
Rank 3 1 4 1 2 1 1 1
F12 Mean 6.460E-01 1.425E-01 1.056E + 01 1.090E-05 2.300E-02 2.133E-03 2.602E-05 1.863E-06
Std 5.350E-01 1.612E-01 5.533E + 00 3.124E-05 1.800E-02 6.895E-03 1.083E-05 2.386E-06
Rank 6 7 8 3 5 4 2 1
Table 9 Table. 10 .
Model parameter search results. Ablation experiment on the HUST dataset.
Parameter Hyperparameter name Search Range Best Search Method Name MSRFS TFE DRE Input
STFT SWT
Index Results
hy InitialLearnRate [102-10] 103 EEE x; v Vv
hy MiniBatchsize [8,16,32, 32
CBE + TFE M3 v v
--521,1024] CBE + MSRFS M4 v v
hs MaxEpochs [20-100] 30
h Reducti - CBE + MSRFS + TFE M5 v v v
4 eduction ratio r in the [2-12] 2
CRSU unit CBE + MSRFS + TFE M6 v v v v
hs Increase ratio ¢ in the [2-12] 4 MSRFS + TFE + DRF M7 \/ \/ \/ \/ \/
SRSU unit

optimization. The search ranges for h1, h2, and h3 were based on ref-
erences (Gong et al., 2024b; Shallue et al., 2019; Gong et al., 2024a),
while those for h4 and h5 were derived from references (Woo et al.,
2018; Hu et al., 2019). These ranges were further refined through pre-
liminary experiments to determine the most suitable search space.

Table 9 indicates that the hyperparameters for the DMRFS-Net
model, specifically InitialLearnRate, MiniBatchsize, and MaxEpochs,
should be set to 10'3, 32, and 30, respectively, to achieve optimal
learning performance. Furthermore, with the channel reduction ratio r
in the CRFU unit set to 2 and the channel restoration ratio ¢ in the SRFU
unit set to 4, the model effectively emphasizes essential feature
information.

3.4.2. Model diagnostic performance verification

(1) Structure verification

17

To validate the effectiveness of the proposed dual-modal feature
extraction network and the dual-modal fusion module, ablation exper-
iments were conducted on the HUST and DIRG bearing datasets. These
experiments aimed to assess the impact of various feature extraction and
fusion strategies for different modalities. The arrangements for the
ablation experiments are presented in detail in Table 10.

Table 11 illustrates the ablation experiment results of different
models on three bearing experimental datasets. When single STFT and
SWT time-frequency images are input, the average macro precision
(Macro-P), macro recall (Macro-Recall), and macro F1 score (Macro-F1)
of the M1 and M2 models are 83.15 %, 79.69 %, and 79.59 %, respec-
tively, across the three datasets. The M3 model demonstrates improve-
ments of 11.42 %, 15.02 %, and 14.7 % in Macro-P, Macro-Recall, and
Macro-F1, respectively, when compared to the M1 model. The M4 model
shows gains of 11 %, 15.09 %, and 15.99 % in these metrics compared to
the M2 model. The M5 model further increases the Macro-P, Macro-
Recall, and Macro-F1 by 3.49 %, 4.07 %, and 3.96 %, respectively, in
comparison to the M3 model. Compared to the M5 model, the M6 model
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Table 11

Ablation experiment on the DIRG dataset.
Name HUST DIRG WTEP

Macro —P Macro- Recall Macro —F1 Macro —P Macro Recall Macro F1 Macro —P Macro Recall Macro F1

M1 87.15 81.23 80.64 80.72 77.71 78.69 80.01 78.88 78.97
M2 86.36 82.47 81.70 82.84 78.74 78.25 81.82 79.08 79.28
M3 91.02 90.12 89.90 92.90 91.56 91.52 92.29 91.86 91.92
M4 92.34 91.85 91.97 94.02 92.57 92.65 92.24 92.16 92.86
M5 94.45 93.58 93.60 96.72 96.34 96.35 94.66 94.76 94.22
M6 96.08 95.36 95.37 97.92 97.76 97.77 96.08 96.11 96.64
M7 99.63 99.64 99.63 99.57 99.26 99.27 99.17 99.42 99.46
bl removing redundant or irrelevant information, which enhances

Table 12

Ablation results for the computational complexity of various models.

Name Parameters FLOPS Training Time (s) Test Time (s)
M1 30.21 M 1.82G 75 0.06
M2 30.21 M 1.82G 74 0.06
M3 33.64 M 2.12G 86 0.27
M4 20.17M 0.98G 62 0.04
M5 23.56 M 1.31G 112 0.38
M6 47.24M 3.42G 152 0.49
M7 49.42 M 3.81G 167 0.51

yields smaller gains of 1.48 %, 1.6 %, and 1.97 %, respectively, in these
performance metrics. Finally, the M7 model demonstrates a further in-
crease in average Macro-P, Macro-Recall, and Macro-F1 by 2.86 %, 3.14
%, and 2.96 %, respectively, compared to the M6 model.

The following conclusions can be obtained from the results of the
three ablation experiments described above:

(a) By adding the TFE module to the single-branch baseline model
CBE, the average macro precision increased by 11.42 % across the
three bearing datasets. The results show that the TFE module
effectively captures long-range dependencies between local and
global features, allowing the model to better capture global
context and significantly improve diagnostic performance.

(b) Adding the MSRFS module to the single-branch baseline model
CBE led to an 11 % increase in average macro precision across the
three bearing datasets. The results show that the MSRFS module
refines features in both the channel and spatial dimensions,
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fault feature sensitivity and improves the model’s efficiency,

generalization, and robustness.
(c) The dual-input CBE + MSRFS + TFE model, which uses both STFT
and SWT images, achieved a 1.48 % increase in average macro
precision compared to the single-input CBE + MSRFS + TFE
model. STFT captures global features in the frequency domain,
providing broad signal information, while SWT focuses on local
time-domain features, highlighting details in fault signals.
Combining these inputs allows the model to represent fault fea-
tures more accurately, reducing information loss.
By adding the DRF module to the dual-input CBE + MSRFS + TFE
model to deeply integrate features at different levels, the model’s
average macro precision improved by 2.86 % across the three
datasets. The DRF module uses dense residual connections,
enabling feature transmission and reuse across layers, mini-
mizing feature loss and ensuring key information flows through
the network.
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To further validate the performance of the proposed model, we
evaluate it based on the number of parameters, complexity (FLOPs), and
training/testing time. The results are shown in Table 12.

Table 12 shows the ablation results for the CBE model, with M1 to
M7 models maintaining consistent depth, and M6 and M7 models using
a dual-branch structure. The M3 model, which adds the TFE network to
the baseline CBE, increases the number of parameters by 11.26 % and
computational complexity by 16.48 %, but achieves an 11.43 %
improvement in diagnostic accuracy. The TFE module enhances

b
b
-
¥
B
L2
&k

- Hn
L}
i
B

~
(@)

~
gl
3
~
o,
N~
il

Wl EHEN
WMERE BEES

B

5

B

HEES BES
L X Rl

FEEe C PBNE

(g) k=15 (h) k=17

Fig. 19. Output responses of convolution kernels of different sizes.
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Fig. 20. Comparison results of attention mechanisms: (a) The output response without the redundancy selection unit; (b) The output response with the redundancy
selection unit.
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Fig. 21. Grad-CAM feature visualization results: (a)(b)(c)(d)(e)(f) are the STFT time—frequency images corresponding to different fault modes; (g)(h)(1)(§)(k)(1) are

the Grad-CAM visualization results corresponding to the STFT time-frequency images; (m)(n)(0)(p)(q)(r) are the SWT time-frequency images corresponding to
different fault modes; (s)(t)(W)(v)(W)(x) are the Grad-CAM visualization results corresponding to the SWT time-frequency images.
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diagnostic performance with only a slight increase in computational
costs. The M4 model, incorporating the lightweight MSRFS network,
reduces parameters by 33.44 % and computational complexity by 46.15
%, while improving diagnostic accuracy by 11 %. Replacing standard
convolutions with MSRFS significantly boosts accuracy while saving
computational resources. The M7 model, with its dual-branch structure,
offers the highest diagnostic accuracy without adding extra computa-
tional cost. Although the training time for M7 is longer than that of M1
and M2, its testing time is only 0.47 s longer, which does not impact real-
time diagnosis.

Fig. 19 illustrates the output responses produced by convolution
kernels of various sizes.

Fig. 19 illustrates that as the size of the convolution kernel increases
from 3 x 3 to 17 x 17, the feature visualization results undergo sig-
nificant changes. The 3 x 3 kernel captures rich details, effectively
identifying local features like edges and corners, but has a limited
receptive field and lacks global context. The 5 x 5 and 7 x 7 kernels
progressively enlarge the receptive field, retaining some local informa-
tion while incorporating more global context. The 9 x 9 to 13 x 13
kernels further blur details, shifting focus to global information, whereas
the 15 x 15 and 17 x 17 kernels nearly completely obscure local details,
resulting in smoother feature maps that emphasize overall structure over
fine features. The multi-scale convolution structure’s strength lies in its
simultaneous use of kernels of various sizes, enabling the capture of local
and global features at different levels. This approach effectively in-
tegrates multi-scale information within the model, enhancing feature
representation and improving its ability to recognize complex patterns.

Fig. 20 shows the output responses without the attention mechanism
and the output responses with the channel and spatial attention mech-
anisms from the MSCAM module designed in this paper.

Fig. 20(a) shows that the feature output response without the
redundancy selection unit is relatively blurred, with uniformly distrib-
uted features across the output response map. This makes it challenging
for the model to highlight key information. In contrast, Fig. 20(b)
demonstrates that the feature map with the redundancy selection unit
exhibits clearer local features, with certain regions significantly
enhanced. This indicates that the model better captures critical features.
The redundancy selection unit guides the model to focus on distin-
guishable areas while suppressing irrelevant information. As a result,
the model equipped with the redundancy selection unit extracts more
edge and high-frequency details, enhances feature representation, and
avoids attention to irrelevant regions, thereby improving generalization
performance. Overall, the redundancy selection unit enables the model
to more accurately identify key features, demonstrating stronger clas-
sification and generalization capabilities.

In fault diagnosis tasks, high-dimensional features often contain a
significant amount of redundant information, which not only reduces
the model’s generalization ability but also affects computational effi-
ciency. To better analyze the issue of feature redundancy and gain
deeper in-sights into the model’s decision-making process under
different operating conditions, we intro-duce gradient-weighted class
activation mapping (Grad-CAM) (Li et al., 2023) for feature visualiza-
tion. Grad-CAM is a gradient-based visualization technique that high-
lights key feature regions the model focuses on during decision-making,
thereby identifying features that play a crucial role in classification
while revealing potential redundancies. By computing the gradient of
the target class concerning the feature maps of the last convolutional
layer, Grad-CAM generates heatmaps that intuitively illustrate the
feature regions of interest to the model. The Grad-CAM visualizations of
different fault types used in this study are presented in Fig. 21.

As shown in Fig. 21, the proposed model exhibits superior perfor-
mance in filtering redundant features in vibration signal fault diagnosis.
By analyzing and comparing the time-frequency representations ob-
tained using Short-Time Fourier Transform (STFT) and Stationary
Wavelet Transform (SWT) with their corresponding Grad-CAM visuali-
zations, the following observations can be made:
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Table 13
Comparison results of diagnostic performance and efficiency of different models.
Method ACC Train-Time Test-Time Parameters ~ FLOPS
(%) O] (s)
CNN + MSRFS 89.14 69 0.07 2296 M 1.25G
LSTM + MSRFS 92.62 95 0.15 2418 M 1.44G
BiGRU + 95.08 128 0.23 26.76 M 1.68G
MSRFS
ResNet + 96.24 164 0.25 28.55M 1.95G
MSRFS
DMRFS-Net 99.53 175 0.41 49.42 M 3.18G

(1) Selective Attention to Key Features: In the STFT time-frequency
representation Fig. 21 (a), high-energy regions are concentrated
in the upper half, while the Grad-CAM visualization Fig. 21(g)
indicates that the model primarily focuses on these high-energy
areas and largely disregards the low-energy regions in the
lower half, which correspond to redundant features. This in-
dicates that the model effectively discriminates between infor-
mative and redundant features, ensuring its focus remains on
signal components critical for fault diagnosis.
(2) Accurate Detection of Transient Impact Features: In the SWT
time—frequency representation Fig. 21 (m), transient impact
characteristics of the vibration signal primarily appear in the
middle and lower regions. The corresponding Grad-CAM visual-
ization Fig. 21 (s) illustrates that the model selectively attends to
these transient impact areas while disregarding irrelevant re-
gions. This suggests that the model effectively captures short-
duration transient events, which are often crucial for fault
identification.
Efficient Redundant Feature Filtering: Experimental findings
demonstrate that when processing STFT and SWT representa-
tions, the model autonomously extracts meaningful features
while suppressing redundant information. This ability not only
improves classification accuracy but also enhances the model’s
interpretability, making it highly applicable for real-world fault
diagnosis.

@3

=

Overall, the integration of Grad-CAM visualization enables the pro-
posed model to effectively prioritize critical vibration signal features
while minimizing the influence of redundant components. This con-
tributes to enhanced diagnostic performance and interpretability, of-
fering a robust and efficient solution for vibration-based fault detection.

(2) Comparison of different algorithms

To validate the superiority of the proposed model’s performance,
comparisons were made with traditional models such as CNN (Wang
et al., 2022), LSTM (Tian et al., 2023), BiGRU (Zhang et al., 2022), and
ResNet (Chen et al., 2023).

According to Table 13, DMRFS-Net achieves improvements in
average accuracy of 11.32 %, 7.46 %, 4.68 %, and 3.42 % over the
benchmark models CNN, LSTM, BiGRU, and ResNet across three bearing
datasets. This improvement is attributed to the dual-branch feature
extraction structure of DMRFS-Net, which is designed to maximize the
use of limited data. While DMRFS-Net exhibits a slightly higher
parameter count and computational complexity compared to the other
single-branch models, its diagnostic performance is superior. Further-
more, the training times of CNN, LSTM, BiGRU, and ResNet models are
reduced by 60.57 %, 45.71 %, 36.72 %, and 6.29 %, respectively, in
comparison to DMRFS-Net. In the testing phase, the testing time of
DMRFS-Net is only 0.34 s longer than that of CNN. These findings sug-
gest that DMRFS-Net not only ensures high diagnostic accuracy but also
maintains a fast online testing speed.

Fig. 22 illustrates the feature visualization results of different models
on the HUST dataset. As shown in Fig. 22(a), the feature clustering
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Fig. 22. Feature visualization results of different models at 20 Hz for the HUST dataset.

results of the CNN model exhibit significant overlap and unclear dis-
tribution between classes. The samples from different categories are not
fully separated in the low-dimensional space, with overlapping observed
in fault categories 3 and 9, as well as in fault categories 4, 5, and 8. The
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LSTM model shows some improvement in feature distribution compared
to CNN, with certain categories (such as 1, 2, 3, 6, 7, and 9) demon-
strating better separation in the low-dimensional space. However, some
categories (such as 5 and 8) remain dispersed, and the boundaries
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Fig. 23. Training curves of different models on the HUST dataset.
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Table 14
Summarizes the transfer tasks conducted on the HUST dataset.

Expert Systems With Applications 279 (2025) 127267

Table 16
Summarizes the transfer tasks conducted on the WTEP dataset.

Number Scenarios Transfer task Number Scenarios Transfer task

1 variable operating condition Up — Ug 1 5% Wa = Wg

2 Us - Ug 2 Wg — Wa

3 Uc — Ug 3 10 % Wu —» Wg

4 Up — Up 4 Wg — Wy

5 Ug - Up 5 15 % Wa = Wg

6 Ur — Up 6 Wg — Wy

7 variable operating condition Ua Ug — Uc 7 20 % Wa — Wg

8 Uc Up — Ug 8 Wi — Wy

9 Ug Ug Up — Uy

10 UpUc Up - Ug

11 Ug Uc Ug U — Up proposed model under -cross-condition small-sample scenarios,

12 Ua Ug Uc Up - U comparative analyses were conducted against conventional models
(CNN, LSTM, BiGRU, and ResNet) as well as advanced domain adapta-
tion approaches (MSCNN-CBAM (Du et al., 2022), SimAM-CDAN (Tang

Table 15

Summarizes the transfer tasks conducted on the DIRG dataset.

Number Scenarios Transfer task

variable operating condition Va1 = Vi1
Va2 = Vg2
Vpa = Veq
Vez = Vb2
Ves — Vps
Vp1 = Vi1
variable operating condition Va1 Ve2 = Vi3

Ve Vps = Vi1

Vi1 V2 Vg = Vas

Va1 Ve Va1 = Ve
VAZ VBZ VC3 le - VD3
Vi1 Ves Vi Vez2 = Var

©®NO U~ WN -

[ )
[ SRR

between classes are not well defined. In contrast, the clustering perfor-
mance of the BIGRU and ResNet models shows significant enhancement,
achieving effective clustering of the nine distinct fault categories. The
proposed DMRFS-Net model exhibits the most pronounced advantages,
achieving complete separation of the categories in low-dimensional
space. There is almost no overlap between the different colored cate-
gories, and the intra-class clustering is exceptionally tight, demon-
strating a high degree of inter-class distinction. The experimental results
indicate that the DMRFS-Net model is better able to learn the key feature
information of different fault modes, resulting in superior classification
performance compared to other models.

Fig. 23 illustrates the training curves for various models. From
Fig. 23(a), it can be observed that the CNN model’s training accuracy
increases rapidly in the initial stages, peaking around the 260th itera-
tion, at which point both the training accuracy and loss stabilize. Fig. 23
(b) and 23(c) reveal that the LSTM model exhibits fluctuations during
training, with the LSTM and BiGRU models stabilizing their losses and
achieving optimal performance after 300 and 280 iterations, respec-
tively. The accuracy of ResNet shows a stable upward trend, while the
loss function decreases significantly in the initial phase and then de-
clines gradually. However, there are slight oscillations in the iteration
curve of ResNet, which can be attributed to the inherent structure of
ResNet that may cause certain layers’ gradients to remain unstable,
resulting in irregular jumps during updates. The training performance of
DMRFS-Net is relatively stable, with accuracy and loss trends similar to
those of CNN and BiGRU, stabilizing after approximately 200 iterations.
Experimental results indicate that, compared to other benchmark
models, the proposed model rapidly converges within a few iterations
while maintaining very low loss values and high accuracy, thus ensuring
its efficiency and robustness in practical applications.

(3) Sparse sample fault diagnosis verification across working
conditions

To rigorously assess the transfer diagnostic performance of the
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et al., 2024), and AmaCNN-CORAL (Shao and Kim, 2024). The experi-
ments encompassed three datasets and four controlled training sample
proportions (5 %, 10 %, 15 %, and 20 %) through systematic ablation
studies. Within the HUST and DIRG bearing datasets, 12 different
transfer tasks were formulated for each experimental condition,
covering both single-source and multi-source domain adaptation, as
illustrated in Tables 14 and 15. The corresponding transfer tasks for the
WTEP dataset are summarized in Table 16. Each experiment was con-
ducted 10 times, and the final comparative analysis was based on the
averaged diagnostic accuracy.
The values of 1 in the transfer tasks were as follows:

1=2/(1+¢%/n) -1 (44)
where i indicates the current iteration of training, and n signifies the
total number of iterations. Formula (44) guarantees that the value 1 is
constrained between O and 1, adjusting dynamically as the training
progresses.

Figs. 24 to 27 illustrate the diagnostic comparison results of different
models when applied to the HUST dataset under conditions of cross-
condition small sample size.

Fig. 24 to Fig. 27 illustrate that the diagnostic accuracy of all models
improves as the proportion of training samples increases. Traditional
models, such as CNN and LSTM, exhibit relatively lower performance
across all tasks, particularly under low training sample conditions (5 %
and 10 %). Specifically, CNN achieves an average diagnostic accuracy of
58.54 % and 68.67 % at 5 % and 10 % training samples, respectively,
while LSTM attains 64.00 % and 74.82 %. These results indicate that
CNN and LSTM have limited generalization ability in small-sample
scenarios. Compared to CNN and LSTM models, BIGRU and ResNet
achieve an average diagnostic accuracy improvement of 22.26 % and
24.01 %, respectively, when trained with only 5 % of the available
samples. Among traditional models, ResNet yields the highest diagnostic
accuracy, indicating that its residual connections effectively enhance
feature utilization. Furthermore, at 5 % training samples, attention-
based models such as MSCNN-CBAM, SimAM-CDAN, AmaCNN-
CORAL, and the proposed DMRFS-Net improve diagnostic accuracy by
2.75 %, 4.28 %, 6.80 %, and 10.10 % over ResNet, respectively. These
findings suggest that even under extremely limited data conditions (5
%), models with feature selection mechanisms can still extract a suffi-
cient number of informative features, maintaining an average diagnostic
accuracy of approximately 80 %. As shown in Fig. 25, when the training
sample ratio is 10 %, the proposed DMRFS-Net outperforms MSCNN-
CBAM, SimAM-CDAN, and AmaCNN-CORAL by 6.63 %, 4.93 %, and
1.83 % in terms of average diagnostic accuracy, respectively. The
experimental results indicate that DMRFS-Net consistently surpasses all
comparative models across various transfer tasks when trained with a
limited number of samples (5 % and 10 %), demonstrating strong
generalization capabilities.

As illustrated in Fig. 27, when the training sample ratio reaches 20 %,
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Fig. 24. The diagnostic accuracy under 5% training samples from the HUST dataset.
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Fig. 25. The diagnostic accuracy under 10% training samples from the HUST dataset.
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Fig. 26. The diagnostic accuracy under 15% training samples from the HUST dataset.

the proposed DMRFS-Net achieves an average diagnostic accuracy of
98.63 %, surpassing all baseline models. Specifically, compared to CNN,
LSTM, BiGRU, and ResNet, DMRFS-Net exhibits accuracy improvements
of 20.31 %, 14.30 %, 9.70 %, and 5.99 %, respectively. Additionally,
relative to advanced domain adaptation models such as MSCNN-CBAM,
SimAM-CDAN, and AmaCNN-CORAL, DMRFS-Net demonstrates accu-
racy gains of 5.34 %, 4.63 %, and 2.30 %, respectively. These results
indicate that while all models achieve an accuracy exceeding 80 % with
20 % training samples, DMRFS-Net consistently delivers superior
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diagnostic performance across varying operating conditions. This
highlights its capacity to extract meaningful information from limited
labeled data, ensuring high accuracy and reliability in fault mode
recognition. Furthermore, DMRFS-Net not only maintains stable per-
formance in small-sample scenarios but also consistently outperforms
competing models across different working conditions, reinforcing its
robust adaptability and generalization in cross-condition fault diagnosis.

Figs. 28 to 31 present the diagnostic comparison results of various
models operating under cross-domain small sample conditions on the
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Fig. 27. The diagnostic accuracy under 20% training samples from the HUST dataset.
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Fig. 28. The diagnostic accuracy under 5% training samples from the DIRG dataset.

90.00%

—~

80.00%

Accuracy(%

70.00%

60.00%

1 2 3

ECNN =LSTM = BiGRU mResNet

4

5 6 7 8

MSCNN-CBAM = SimAM-CDAN ® AmaCNN-CORAL ®DMRFS-Net

1 12

9 10 1

Fig. 29. The diagnostic accuracy under 10% training samples from the DIRG dataset.

DIRG dataset.

As shown in Fig. 28, when the training sample ratio is only 5 % on the
DIRG dataset, the proposed DMRFS-Net achieves an impressive 83.21 %
average diagnostic accuracy, significantly outperforming all compared
models. Specifically, compared to CNN, LSTM, BiGRU, and ResNet,
DMRFS-Net improves diagnostic accuracy by 39.71 %, 24.51 %, 8.46 %,
and 7.48 %, respectively. Additionally, compared to MSCNN-CBAM,
SimAM-CDAN, and AmaCNN-CORAL, it achieves accuracy gains of
6.79 %, 4.77 %, and 3.32 %, respectively. These results demonstrate that
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even under extremely limited training data conditions, DMRFS-Net
effectively learns fault features, exhibiting exceptional diagnostic
capability and adaptability. Furthermore, as shown in Figs. 29 to 31,
increasing the training sample ratio to 10 %, 15 %, and 20 % further
enhances DMRFS-Net’s diagnostic accuracy to 87.15 %, 96.03 %, and
98.83 %, consistently surpassing all baseline models. This trend re-
inforces the robustness and effectiveness of the proposed approach in
cross-condition small-sample fault diagnosis. Notably, DMRFS-Net not
only maximizes the utility of limited labeled data but also maintains
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Fig. 30. The diagnostic accuracy under 15% training samples from the DIRG dataset.
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Fig. 31. The diagnostic accuracy under 20% training samples from the DIRG dataset.
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Fig. 32. Diagnostic accuracy of different models under varying sample conditions on the WTEP dataset.

strong generalization across different operating conditions and datasets,
solidifying its superiority in small-sample cross-condition fault
diagnosis.

The diagnostic comparison results of different models under cross-
operating conditions in small-sample scenarios on the WTEP dataset
are shown in Fig. 32.

The experimental results presented in Fig. 32 further validate the
superior performance of DMRFS-Net across different training sample
proportions. As the training sample ratio increases, the testing accuracy

26

of all models on the WTEP dataset exhibits an upward trend. However,
under limited training data conditions, traditional models such as CNN
and LSTM demonstrate significant performance limitations. Notably, at
5 % of training samples, their accuracy reached only 57.58 % and 64.44
%, respectively, indicating weak generalization capability. In contrast,
BiGRU and ResNet show improved performance, achieving 89.79 % and
95.53 % accuracy at 20 % training samples, yet still falling short of
optimal results. Models incorporating attention mechanisms and multi-
scale feature fusion (e.g., MSCNN-CBAM, SimAM-CDAN) further
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Fig. 33. Comparison of the classification accuracy of different models on the HUST data set under different noise conditions.

enhance diagnostic accuracy. Compared to CNN, the accuracy of
MSCNN-CBAM, SimAM-CDAN, AmaCNN-CORAL, and DMRFS-Net im-
proves by 66.62 %, 66.41 %, 67.78 %, and 71.76 %, respectively, at 20
% of training samples, demonstrating the effectiveness of feature
extraction enhancements. Among them, DMRFS-Net achieves an
average diagnostic accuracy of 98.90 %, surpassing all baseline models.
Specifically, compared to MSCNN-CBAM, SimAM-CDAN, and AmaCNN-
CORAL, DMRFS-Net achieves an additional accuracy gain of 3.09 %,
3.21 %, and 2.05 %, respectively, further confirming its superiority.
Moreover, even with only 5 % training samples, DMRFS-Net main-
tains an accuracy of 84.60 %, outperforming all other models, high-
lighting its strong feature learning ability and generalization capacity in
low-data scenarios. Overall, DMRFS-Net not only maintains high accu-
racy under small-sample conditions but also continues to excel as more
training data becomes available, demonstrating its robust adaptability
and effectiveness in cross-condition small-sample fault diagnosis tasks.

3.4.3. Model anti-noise performance verification

To validate the noise resistance of the proposed model, Gaussian
white noise is employed to simulate noise interference in actual indus-
trial processes. Gaussian white noise with signal-to-noise ratios of —5
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dB, 0 dB, 5 dB, 10 dB, and 15 dB is injected into the original datasets
under various operating conditions. The noise resistance of different
models is then assessed through various transfer tasks. Each transfer task
is conducted five times at the same signal-to-noise ratio (SNR), with the
training sample size set to 20 %. The average classification accuracy is
taken as the final evaluation metric, and the results are presented in
Figs. 33 and 34.

Figs. 33 and 34 illustrate that the predictive performance of all
models in cross-condition tasks declines to varying extents with
increasing noise intensity and decreasing training data volume. In
Fig. 33(a), with the training set at 20 % in the HUST dataset, the average
diagnostic accuracy of the models CNN, LSTM, BiGRU, and ResNet de-
clines by 56.17 %, 68.15 %, 77.55 %, and 61.39 %, respectively, when
the injected signal-to-noise ratio is —5 dB compared to 15 dB.
Conversely, the proposed model DMRFS-Net experiences a more modest
decline of 27.78 % under the same conditions, achieving an average
diagnostic accuracy of 74.22 %, which is still considered acceptable. As
the training sample size reduces from 20 % to 15 %, 10 %, and 5 %,
DMRFS-Net’s average diagnostic accuracy decreases by 3.49 %, 15.57
%, and 19.15 %, respectively, with each decline being less significant
than those observed in the other four models. Fig. 34(d) illustrates that
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Fig. 34. Comparison of the classification accuracy of different models on the DIRG data set under different noise conditions.

in the DIRG dataset, with a training sample size set at 5 % and the
introduction of noise with a signal-to-noise ratio of —5 dB, the proposed
DMRFS-Net model achieves average diagnostic accuracy improvements
of 57.98 %, 47.97 %, 43.49 %, and 34.45 % compared to the models
CNN, LSTM, BiGRU, and ResNet, respectively. The experimental find-
ings reveal that the proposed model maintains superior diagnostic ac-
curacy across all SNR levels from —5 dB to 15 dB, and under the most
challenging noise condition of —5 dB, it still outperforms the compar-
ative models. This is primarily because the other three comparative
models only accept vibration signals as input, while the proposed model
utilizes dual-branch STFT and SWT image data, offering greater di-
versity and richness in input features compared to the other models.
Additionally, the MCSAM and TFE modules in the proposed model
effectively enhance both local and global critical feature information
while suppressing unnecessary features and noise. Furthermore, the
DCAFF module captures the interaction information between STFT and
SWT image features more effectively, and combined with the DRF
module, it facilitates thorough fusion and reusability. Moreover, the
proposed model employs the multi-strategy enhanced MS-HHO algo-
rithm for parameter optimization, whereas the comparative models may
have suboptimal parameters, leading to lower diagnostic accuracy.
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4. Conclusion

This paper introduces an efficient transfer fault diagnosis algorithm
based on a parameter-optimized multi-scale redundant feature selection
network. It aims to overcome challenges faced by traditional deep
learning models, including excessive computational resource con-
sumption, limited generalization capacity, and inadequate diagnostic
accuracy resulting from feature redundancy. Furthermore, to address
the practical limitations of conventional deep learning models in sce-
narios involving scarce samples and insufficient adaptability across
various operating conditions, corresponding optimization strategies are
proposed to improve model performance. The primary conclusions are
as follows:

(1) This paper utilizes STFT-SWT to encode one-dimensional signals
into two-dimensional image data, which serves as the input for
the dual-branch DMRFS-Net structure. This significantly en-
hances the richness of the features and the model’s ability to
extract key information. Experimental results show that the dual-
branch DMRFS-Net model outperforms the single-branch
DMRFS-Net model in terms of macro-average precision, with
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improvements of 7.98 %, 6.14 %, and 7.48 % across three data-
sets, respectively.

To reduce the impact of feature redundancy on model perfor-
mance, this paper introduces a lightweight redundant feature
selection module, which effectively reduces the model’s param-
eter count and computational complexity while maintaining
diagnostic accuracy. Additionally, the integration of the Trans-
former module enables precise capture of global contextual in-
formation, further enhancing the model’s adaptability under
complex operating conditions.

In small-sample transfer tasks (with 20 % training samples), the
proposed model achieved diagnostic accuracies of 98.63 %,
98.83 %, and 98.9 % on the three datasets, significantly out-
performing other advanced comparison methods. Even under
conditions with only 5 % of the training samples and the injection
of —5dB noise, the model maintained high diagnostic accuracy on
the three datasets (62.09 %, 60.06 %, and 61.22 %), demon-
strating excellent generalization and noise resilience.

To address the issues of local optima and slow convergence in the
HHO algorithm, a chaotic backward learning strategy, adaptive
dynamic exploration, and time-varying Cauchy strategy are
employed to optimize the population search path, enhancing
both global exploration and local search performance. Experi-
mental results demonstrate that the improved algorithm signifi-
cantly outperforms classical algorithms on standard benchmark
functions.

(2)

(3)

(€]

While the proposed method performs well in feature selection,
parameter optimization, and small-sample transfer diagnosis, it has
certain limitations. (1) MSRFS may still preserve non-essential features
in high-noise environments, affecting diagnostic precision. (2) The
model focuses on varying conditions within a single device but does not
account for cross-device transfer. Future research should investigate
inter-device feature differences and develop effective transfer strategies
to enhance adaptability. (3) The computational complexity remains a
challenge in resource-limited settings, such as edge computing, neces-
sitating further optimization. Moving forward, research will emphasize
the practical deployment of this method in wind power generation and
industrial applications. By integrating edge computing and real-time
diagnostics, future efforts aim to improve deployment efficiency and
facilitate intelligent maintenance in wind energy and smart
manufacturing.
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Abstract

In contemporary industrial processes, vibration signals collected from bearings often contain
significant noise, challenging the efficacy of conventional predictive models in extracting
critical degradation features and accurately predicting the remaining useful life (RUL) of
bearings. Addressing these challenges, this paper introduces a novel method for predicting
bearing RUL under noisy conditions, leveraging a dual-branch multi-scale convolutional
attention network (DMCSA) integrated with a dense residual feature fusion network (DRF).
Initially, the method applies continuous wavelet transform (CWT) to vibration signals to extract
color time-frequency image data, followed by grayscale processing to construct a
comprehensive color-grayscale time-frequency image dataset, thereby augmenting the model’s
input features. Enhanced channel and spatial attention mechanisms, combined with multi-scale
convolutions, facilitate superior feature extraction and selection. The model’s resilience to noise
is fortified by incorporating noise into the training dataset. Subsequently, selected color-gray
time-frequency features undergo fusion and relearning through the DRF framework at the
model’s backend. The crayfish optimization algorithm (COA) is deployed for the astute
determination of the model’s critical hyperparameters. The proposed DMCSA-DRF model is
then applied to predict the health indicator (MSCA-DRF-HI) of the test dataset, culminating in
the accurate prediction of the bearings’ RUL. Validation experiments demonstrate that our
method surpasses comparative models in prediction accuracy under diverse noise interferences,
signifying a substantial advancement in predictive performance.

Keywords: remaining useful life, multi-scale convolutional, attention enhancement mechanism,
dense residual feature fusion, color-grayscale features

1. Introduction prerequisite for decision-making in equipment health man-
agement. Predicting the RUL of equipment enables the early
1.1. Status of research and challenges in RUL prediction estimation of potential failure occurrences, thereby mitigating

catastrophic events resulting from equipment failures, redu-
cing unnecessary maintenance costs, and enhancing equip-
ment reliability, availability, and safety.

Currently, mainstream prediction methods are primar-
ily divided into two categories: physics-based methods and
* Author to whom any correspondence should be addressed. data-driven methods, as illustrated in table 1. Physics-based

The prediction of RUL of equipment is at the core of
prognostics and health management (PHM), serving as a

1 © 2024 0P Publishing Ltd
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Table 1. Research status of RUL prediction methods.

Relevant
RUL prediction models Research methods literature
Damage accumulation [9, 10]
theory-based prediction
methods
Physical models Material [11-13]
mechanics-based
prediction methods
Data-driven models
Regression models [14-16]
Statistical model-based Markov models [17, 18]
prediction methods Proportional hazard [19, 20]
models
Stochastic process-based ~ Wiener process [21, 22]
prediction methods Gamma process [23, 24]
Atrtificial neural [25, 26]
networks
Machine learning-based ~ Support vector machines  [27, 28]
prediction methods Bayesian [29, 30]
Deep learning [31, 32]

methods rely on the degradation or failure mechanisms of the
equipment to establish mathematical expressions describing
the degradation process, thereby achieving RUL prediction
through these expressions [1-3]. However, as systems con-
tinue to scale up, structures become increasingly complex, and
inter-device coupling strengthens, establishing precise phys-
ical models tailored to specific critical equipment poses signi-
ficant challenges.

Data-driven methodologies harness sensor monitoring data
to gauge equipment health status [4-6], predominantly fall-
ing under the purview of statistical models, stochastic pro-
cesses, and machine learning techniques. Statistical models
and stochastic processes leverage prior experience and know-
ledge to fit sensor data and prognosticate equipment RUL [7,
8]. However, as system complexity escalates and precision
becomes more critical, the applicability of methods grounded
in statistical models and stochastic processes dwindles, con-
straining their utility in RUL prediction.

Machine learning approaches, on the other hand, dir-
ectly delineate the underlying nonlinear mapping relationships
between historical data without the constraints encountered in
stochastic process methodologies. Zhang et al [33] employed
artificial neural networks (ANN) to achieve precise RUL pre-
diction for lithium-ion batteries. Ordonez et al [34] introduced
a RUL prediction methodology for aircraft engines predicated
on support vector regression (SVR) models, substantiating its
efficacy through experimental validation. Similarly, Bai ef al
[35] proposed a bearing RUL prediction approach anchored in
Bayesian neural networks. Despite the commendable results
attained by shallow machine learning methods in RUL pre-
diction, the burgeoning volume of equipment monitoring data
poses challenges in capturing critical equipment state inform-
ation from high-dimensional, intricate historical data.

Deep learning techniques have shown extensive prospects
in the field of RUL prediction by uncovering complex nonlin-
ear relationships from large-scale high-dimensional data. In
the task of predicting the RUL based on time series, the long
short-term memory (LSTM) and gated recurrent unit (GRU)
networks have shown significant results due to their ability
to extract temporal information [36-38]. Additionally, con-
volutional neural network (CNN) has emerged as a primary
focus due to its formidable ability to extract features [39,
40]. Yang et al [41] introduced a novel bearing RUL pre-
diction model featuring a one-dimensional dual convolutional
structure, enabling both online training and offline testing
for bearing RUL. Pursuing exhaustive feature extraction, the
amalgamation of CNNs for spatial feature extraction with
LSTM for temporal feature extraction has spawned CNN-
LSTM models [42], adept at extracting spatio-temporal fea-
tures and enhancing RUL prediction accuracy. Although the
above-mentioned methods have achieved remarkable results in
the field of RUL prediction based on time series data. However,
the degradation signals of real bearings are non-stationary and
transient and contain a large amount of noise, how to effect-
ively extract key degradation features under a large amount of
strong noise background is still a key challenge for the RUL
prediction task. This also forces researchers to further explore
models with better feature extraction performance and more
effective signal analysis methods.

1.2. Summary of existing RUL methods and related work in
this paper

In addressing the RUL prediction problem under noisy con-
ditions, Wang and Wang [43] developed a CNN-based semi-
supervised deep learning model for RUL prediction, utilizing
a fully convolutional denoising autoencoder (FCDAE) to dis-
till both global and local features from data. Considering the
problem of uncertainty in the RUL prediction process caused
by noise, Liu ef al [44] proposed a semi-supervised learning-
based method for uncertainty quantification and interval pre-
diction of equipment RUL. Xiao et al [45, 46] introduced a
noise-enhanced RUL prediction method, augmenting model
robustness by integrating noise into training samples, with
validation on the C-MAPSS aero-engine dataset. Zhao et al
[47] proposed a gated attention mechanism capsule neural net-
work (GAM-CapsNet), assigning weights to features to bolster
noise resilience. Wang et al [48] proposed an RUL prediction
method based on the convolutional attention mechanism and
temporal convolution, which used an effective adaptive shrink-
age model (EAS) to compute the thresholds corresponding to
the input features, and screening out the redundant and noisy
features by the threshold function.

Additionally, the construction of accurate health indic-
ators (HI) remains a pivotal challenge in RUL prediction.
Traditional methods employing first-order [41], second-order,
and piecewise degradation functions [47] to represent HI
have exhibited limitations, often failing to accurately reflect
equipment’s specific health status or degradation level at
given times, potentially obscuring inherent degradation traits.
Qin et al [49] devised a HI construction method using a
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degradation-trend-constrained variational autoencoder (DTC-
VAE), enabling the adaptive generation of HI under unsu-
pervised conditions. Zhou et al [50] developed an HI con-
struction method based on the distribution contact ratio met-
ric (DCRHI), facilitating the standardized determination of
HI thresholds across various operational conditions. The RUL
prediction methods under noisy conditions and the HI con-
struction methods mentioned above rely solely on the extrac-
tion of time-domain features from vibration signals, thus over-
looking the rich potential of frequency-domain feature inform-
ation embedded within the signals. Moreover, these models
fail to address the inherent limitations associated with manu-
ally tuning model parameters.

In response to the challenges of extracting critical degrad-
ation features amidst noise and formulating suitable HI, this
paper introduces a feature extraction model characterized by a
dual-branch structure that incorporates grayscale-color time-
frequency features, multi-scale channel spatial attention, and
dense residual structures. To augment model robustness, noise
is intentionally introduced during training. The HI construc-
tion process attentively considers the bearings’ actual degrada-
tion trends and monotonicity, leading to a more accurate depic-
tion of the bearing degradation process. The paper proposes
the following major contributions:

(1) An enhanced feature extraction framework employing
multi-scale channel and spatial attention mechanisms to
diminish redundant and noisy data while accentuating
essential degradation features.

(2) The employment of a monotonicity function for screening
one-dimensional time-frequency vibration signal features
during the model’s training phase, facilitating the accur-
ate construction of HI and the subsequent extraction of
MCSA-DRF-HI for truncated test bearings to predict their
RUL.

(3) To enhance the diversity and richness of the input features,
this study introduces a novel RUL prediction model, the
dual-branch multi-scale convolutional attention network
with dense residual feature fusion (DMCSA-DRF), which
utilizes color-grey scale time-frequency images. This dual-
branch structure is specifically designed to process and
enrich the feature space. To increase the model’s resilience
against environmental noise, three distinct types of noise
are systematically introduced during the training phase,
thereby improving the model’s robustness. Additionally,
in response to the challenges posed by manual hyperpara-
meter tuning—which can be both time-consuming and
imprecise—the COA is implemented for optimizing the
model’s hyperparameters.

2. Method

2.1. CNN

The CNN conducts a weighted operation on the input data
using a convolutional kernel, transmitting essential features of
the data sequentially to the model’s backend. The convolution
operation is formulated as follows:

g
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Conv layer

Figure 1. Multi-scale convolutional layer structure.
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where f is the activation function, a;; represents the value at
position (i,j) in the feature map, wf? j represents the weight at
(i,j) in the kth convolution kernel, and bk represents the bias
corresponding to the kth convolution kernel.

2.1.1. Multi-scale convolutional structures. The multi-
scale convolutional feature extraction structure illustrated in
figure 1, employs convolutional kernels of varying sizes K1,
K2, and K3, denoted as F > W pCraxHxW g ploxHxW
respectively. The output of the Concat layer is defined as:

_ Cx1 XHXW Cxo XHXW K3 XHXW
FConcat - [FKI 7FK2 7F§3

— F(Crit+Crat+Cis) xHXW ?)

where Ckj, Ckz, Cks are the number of output channels
corresponding to the convolution kernels K1, K2, and K3,
respectively.

2.1.2. Global pooling.  Figure 2 illustrates the comparison
between the fully connected (FC) layer and the global average
pooling (GAP)/global max pooling (GMP) layer.
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Figure 3. MCSA-Net architecture diagram.

GMP identifies the maximum value among all elements
in each feature map, retaining locally significant features.
Conversely, GAP calculates the average value of all elements
in each feature map, capturing overall feature information.
The global pooling layer reduces model parameters, mitigates
overfitting, and extracts essential global features.

2.2. Crayfish optimization algorithm

The COA [51] emulates the heat avoidance, competitive, and
foraging behaviors exhibited by crayfish. These three behavi-
ors correspond to distinct phases in the algorithm, namely, heat
avoidance, competitive, and foraging phases. The algorithm
employs temperature as a control parameter, effectively bal-
ancing the exploratory and exploitative performance of the
algorithm. The pseudo-code of COA is as follows:

Algorithm 1. Crayfish optimization algorithm pseudo-code.

Initialization population N, iterations 7, dimension dim
Randomly generate an initial population
Calculate the fitness value of the population to get X¢,X1.
While r < T
Defining temperature temp by Eq:temp = rand x 15 + 20

If temp > 30
(Summer resort stage)

Define cave Xghage according to Eq: Xshade = (X6 +X1) /2

If rand < 0.5

Crayfish conducts the summer resort stage according to Eq: X;}'l =X, + Cy X rand x (Xgnage — X )

(Competition stage)
Else

i

Crayfish compete for cave through Eq: X/ ' = X ; — XL ; + Xihade

End
Else
(Foraging stage)
The food intake p and food size Q are obtained by Eq:

p=Ci X (\/2170 X exp (—%ﬁ“y)) and Q = C3 x rand X (fimess; /fitnessf,oa)

IfQ>2
Crayfish shreds food by Eq: X0 = €xp (—é) X Xfood

Crayfish foraging according to Eq:
ijrl = Xij + Xtooa X p X (c0s (2 x rand) — sin (27 x rand))
Else

Crayfish foraging according to Eq: ij]rl = (Xi, — Xtooa) X p+p X rand x X; ;

End
End
Update fitness values, X, X1
t=t+1
End
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Figure 4. CA architecture diagram: (a) CA-CBAM and CA-CSAR structures; (b) improved CAE structure.

2.3. Multi-scale channels and spatial attention networks
(MCSA)

The architecture of MCSA-Net, as illustrated in figure 3, integ-
rates the concept of a residual network. Although the MSCNN
module efficiently captures rich feature information, it may
compromise the representational ability of critical features to
some extent. Consequently, in this branch, a feature chan-
nel and spatial attention mechanism are introduced to further
refine the extracted features. The attention mechanism select-
ively filters key feature information from the abundant multi-
scale features obtained by MSCNN. The second branch com-
prises three convolutional layers, Conv3, Conv4, and ConvS5.
Conv3 and Conv4 employ [13 x 13] and [11 x 11] convolu-
tional kernels, respectively, for fixed-scale feature extraction
from the original input. Conv5 employs a [1 x 1] convolu-
tional kernel, reducing model parameters by decreasing the
output channels of this branch network.

2.3.1. Feature channel attention enhancement (CAE). In
the domain of CNN, different channels correspond to dis-
tinct features, each contributing variably to the model’s tasks.
To address this, researchers have introduced convolutional
attention mechanisms such as convolutional block attention
module (CBAM) [52] and channel and spatial attention resid-
ual (CSAR) [53]. These mechanisms integrate both channel
and spatial attention, offering a comprehensive focus that sur-
passes either attention type used in isolation. The CA atten-
tion mechanism in CBAM and CSAR, detailed in figure 4(a),
serves as the foundation for an enhanced channel attention
enhancement (CAE) and spatial attention enhancement (SAE)

mechanism proposed in this study. The original CA mechan-
ism in CBAM, which utilizes fully connected layers for chan-
nel interaction, has been identified as inefficient and poten-
tially detrimental to model performance [54]. The refined CAE
mechanism amalgamates the strengths of CBAM and CSAR’s
CA mechanisms by substituting the fully connected layers
with a more efficient one-dimensional convolution, thereby
mitigating the drawbacks associated with fully connected lay-
ers. Additionally, while CSAR’s CA only employs GAP, fail-
ing to account for global feature information, the enhanced
CAE retains the GMP operation from CBAM, as illustrated
in figure 4(b). This allows the model to dynamically emphas-
ize features of significant contribution and diminish those of
lesser relevance.

The utilization of GAP and GMP for feature CAE enables
selective attention. The formulas for GAP and GMP are as
follows:

Fo=Vear(X) =

SV X)) B

i=1j=1

Feo = Uswp (X) = Max [X. (i,))] @)

where X, (i,j) represents the value of the input feature map
X at the channel C in the feature map X, at (i,j), Vgap is
the global average pooling function, Ugwmp is the global max
pooling function, ¢ is the ReLU activation function, and o is
the sigmoid activation function. a; is the weight of channel
enhancement of GAP on the feature map, the sizeisc x 1 x 1;
a, is the weight of channel enhancement of GMP on the fea-
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ture map, the size is the same as that of a;, and its calculation [ WLH Wclﬁ ngg'll T
: . ) 21 22 2
formula is as follows: & = wi o Wi wal 9)
ml m2 mn
a; = o (Convyy; (6 (Convixi (Fe1)))) (5) L War  Wai War J uxn
o1l 12 In T
ay = o (Convyy (6 (Conviy (Fea)))). (6) Wiy Wi Wa
. 21 22 2
d’2 = W Waz Wa (10)
The CAE matrix « of the input feature map X¢x,x, 1S cal- e '1 e 2 T
Jm Jn. mn
culated as: L Wa2 WYWa War 1 uxn
[ Wi+ wa Wi +Weh
a=a Qa (7 d od, =
ml m2 mn mn
where @ represents the elements added point by point in order. L War T Way War TWay |
The weight matrix « of the output of the CAE is multiplied an

with the input features X in channel order to obtain the CAE
feature map Ucag, which is calculated as follows:

Ucag = ®@Xc. ()

2.3.2. Feature space attention enhancement (SAE).  In the
spatial domain, attention mechanisms are employed to either
amplify or attenuate the significance of different positions
within the feature map, thereby refining the model’s focus on
pertinent spatial features. The structures of spatial attention
mechanisms in CBAM and CSAR, as depicted in figure 5(a),
utilize a combination of pooling strategies and convolutions
to extract comprehensive spatial feature information. Drawing
inspiration from these mechanisms, an improved SAE mech-
anism is proposed, integrating the benefits of both CBAM’s
and CSAR’s spatial attentions, with its architecture showcased
in figure 5(b).

The structure of SAE is illustrated in figure 5(b), which
extracts the importance of local and global feature information
from different positions through max-pooling and average-
pooling. Where the matrix extracted by max pooling is d| =
d},d%,---,d{], d| has dimension ¢ x m X n and the matrix
extracted by average pooling is d, = [dé,dg, o ~,dzc} , dy has
dimension ¢ X m X n, and d; ® d is described as:

where d' and d), are the weight matrices of the ith channel
extracted by the max and average pooling operations, respect-
ively, and w/" and w};’ are the weights in the weight matrices
extracted by the max and average pooling.

The SAE weight matrix of the features is formulated as:

B =0 (Convix; (6 (Conviyx (di ®dr)))) (12)
where @ represents the point-by-point summation of the ele-
ments in the spatial weight matrix of each feature map in the
order of the feature map channels.

The formula for computing the SAE map Ugag correspond-
ing to feature map X is as follows:
Usag = S @ X 13)
where @ denotes the multiplication of the corresponding pos-
itional elements.

2.3.3. Dense residual feature fusion network. =~ The DRF
network structure, shown in figure 6, introduces dense
residual connectivity to prevent network deepening bey-
ond optimal levels, thereby avoiding potential performance
degradation. This connectivity facilitates the re-utilization of
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color-grayscale time-frequency feature maps and addresses
the gradient vanishing issue common in deep networks.

The DRF network contains three convolutional layers,
whose input features F, are described as:

F, =6 (Conv®[Fc,Fg)) (14)

where [F¢,Fg| is the color-grayscale spliced feature map
extracted by MCSA, Com® is the sixth single-scale convolu-
tional layer, and § is the relu activation function. The output
of the mth convolutional layer in the DRF is:

Fam=0Wam FrFao, - Fam—1]) (15)

where w, ,, denotes the weights of the mth convolutional layer
in the DRF, and [F,,F,0,- - -,Fgm—1] denotes the stitching of
the residually connected feature maps. In the last convolu-
tional layer, Conv10, of DREF, the 1 x 1 convolutional kernel is
utilized for parameter and dimension reduction. The formula
for calculating the final output F,, of the DRF is described as:

Fon=Conv'®[F,,Fy0,Fa1,Fa]. (16)

The final DRF output is:Fy; = [Fep, Fy].

2.4. Design of the DMCSA-DRF prediction model

2.4.1 DMCSA-DRF model. A two-branch MCSA network
is implemented to extract features from both color and
grayscale time-frequency image data, merging these fea-
tures through a DRF network. This approach, illustrated in

figure 7, underscores the emphasis on texture feature inform-
ation within the dataset.
The model parameters are shown in table 2.

2.4.2. DMCSA-DRF model prediction process.  Figure 8
illustrates the prediction process of the DMCSA-DRF model,
comprising the following key steps:

Step 1: Data preprocessing:

The time-frequency feature image of the original vibra-
tion signal undergoes extraction using CWT. Subsequently,
the extracted time-frequency feature image is converted to
greyscale to construct the color-greyscale time-frequency fea-
ture image dataset. Additionally, the one-dimensional time-
frequency domain of the original signal is extracted, normal-
ized, and smoothed using Gaussian filtering to formulate the
HI of the training set.

Step 2: Noise injection:

Salt & pepper noise, Gaussian noise, and speckle noise
are injected into the training data to simulate the interfer-
ence signals in real industrial processes, respectively. The data
containing noise is input into the DMCSA-DRF model for
training.

Step 3: Model training

During model training, the COA optimization algorithm is
employed to optimally search for key hyperparameters such
as InitialLearnRate, MiniBatchsize, and MaxEpochs in the
model.

Step 4: Model evaluation

Test data is input into the trained model for prediction,
and the model’s performance is assessed using metrics such
as relative accuracy (RA), mean absolute error (MAE), root
mean squared error (RMSE), and the coefficient of determ-
ination (R?). Additionally, the complete full-life dataset is
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Table 2. Model parameters.

MSCA-DRF
Layer name Kernel size Stride Number of channels Output size
MS-CNN [9x9],[7 x7],[5x 5] 2 32 [112 x 112 x 32]
MS-Convl Concat — — 96 [112 x 112 x 96]
Pooling [2 x 2] 1 — [112 x 112 x 32]
MS-CNN [7 x 7], [5 % 5], [3 x 3] 2 64 [56 x 56 x 64]
MS-Conv2 Concat — — 192 [56 x 56 x 192]
Pooling [2 x 2] 1 — [56 x 56 x 192]
CNN [1x 1] 1 96 [112 x 112 x 96]
Convl Concat — 1 — [112 x 112 x 192]
CNN [1x 1] 1 96 [56 x 56 x 96]
Conv2 Concat — — 384 [56 x 56 x 384]
CNN [13 x 13] 2 64 [112 x 112 x 64]
Conv3 .
Pooling [2 x 2] 1 — [112 x 112 x 64]
Convd CNN [11 x 11] 1 128 [112 x 112 x 128]
Pooling [2 x 2] — [56 x 56 x 128]
Conv5 CNN [1x 1] 2 64 [56 x 56 x 64]
CNN [3 x 3] 1 64 [56 x 56 x 64]
Conv6 Concat — — 160 [56 x 56 x 160]
Conv7 CNN [3 x 3] 1 128 [56 x 56 x 128]
Convs CNN [3 x 3] 1 256 [56 x 56 x 256]
v Concat — — 192 [56 x 56 x 192]
CNN [3 x 3] 1 64 [56 x 56 x 128]
Conv9 Concat — — 448 [56 x 56 x 384]
CNN [1x 1] 2 64 [28 x 28 x 64]
Conv10 Concat — — 576 [56 x 56 x 576]

truncated, and the truncated HI for model prediction is com-
bined with a regression model to facilitate RUL prediction
post-truncation.

The formulas for calculating the aforementioned evaluation
indices are as follows:

(1) Relative accuracy (RA)

|yi —Pi|

Yi

RA=1— (17)

where y; is the actual values, p; is the predicted values.
(2) Mean absolute error (MAE)

N

1
MAE = NZ;@,-—p,-) (18)
i=
where N is the number of samples evaluated.
(3) Root mean squared error (RMSE)
RMSE = 19)

(4) Coefficient of determination (R?)
N 2
Z (yi —Pi)
R=1-"— (20)
_ 2
_; =)
The closer R% is to 1, the better the model fitting
performance.
3. Results

3.1. Experiments and analyses case |

3.1.1. Data sources. In Case I, the PHM2012 rolling bear-
ing accelerated life experimental dataset [55] is selected for
validation of the DMCSA-DRF model. The dataset was col-
lected by the PRONISTIA experimental platform as shown
in figure 9, which can complete the bearing accelerated
degradation-to-failure experiment in a few hours. Two accel-
eration sensors are deployed in the vertical and horizontal
directions of the test bearing, with a sampling frequency of
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Figure 9. PRONOSTIA experimental platform.

Table 3. Description of PRONOSTIA dataset.

Condition Speed (rpm) Load (N) Training set  Test set
1 1800 4000 Bearingl_1, Bearingl_3
Bearingl_2  to
Bearingl_7
IT 1650 4200  Bearing2 1, Bearing2_3
Bearing2_2 to
Bearing2_7
I 1500 5000  Bearing3_1, Bearing3_3
Bearing3_2

25.6 kHz, a sampling interval of 10 s, and a sampling dura-
tion of 0.1 s each time to collect bearing vibration informa-
tion. The dataset contains data under three different operating
conditions, including seven datasets for each of operating con-
ditions I and II, and three datasets for operating condition III,
with a sampling frequency of 25.6 and a sampling interval of
10 s. The description of the dataset is shown in table 3.

3.12. Data pre-processing

3.1.2.1. Vibration signal feature extraction. ~ This paper opts
for the extraction of time-frequency domain features from the
complete vibration signals of bearings. These features are eval-
uated through monotonicity constraints, with those demon-
strating strong monotonicity utilized to construct HI. The cal-
culation formula is represented as follows:

_|dF>0 dF <0

M
on T—1

T—1 (21)
where T represents the length of the feature sequence, dF rep-
resents the differential of the feature sequence, and a higher
monotonicity value approaching 1 indicates better feature
monotonicity. The monotonicity corresponding to the 21 time-
frequency features of the quantized PRONOSTIA bearing 1-1
is depicted in figure 10.

Upon analysis of figure 10, it is observed that among the 21
extracted features, the time domain feature ‘rootAmplitude’

0.2

54
—
wn

Monotonicity
e
=

0.05

Figure 10. Monotonicity of feature metrics.

exhibits the highest monotonicity. Consequently, ‘rootAmp-
litude’ is utilized as the HI for bearings operating under the
same conditions.

3.1.2.2. Health indicator and failure thresholds.  The selec-
ted features with strong monotonicity were normalized and
smoothed to be used as HI, with Gaussian filtering chosen for
the smoothing process, employing a sliding window set to 15.

Figure 11 illustrates the smoothed HI for two training
sets, bearingl_1 and bearingl_2, from Condition I of the
PRONOSTIA dataset. The actual lifetimes of bearingl_1 and
bearingl_2 are 28030s and 8710s, respectively. In this paper,
the HI values corresponding to the end of life of the training set
bearings are used as the fault thresholds for the same operating
conditions [56]. The HI values corresponding to the end of life
of the two training set bearings in figure 11 are 0.5. Therefore,
the fault threshold for this operating condition is set to 0.5.
The same method is applied to set the fault thresholds for other
operating conditions. For the PRONOSTIA dataset, the fault
threshold for condition II is HI = 0.2, and for condition III, it
is HI = 0.5.

3.1.2.3. Color time-frequency image feature extraction.
Given the non-stationary and instantaneous nature of bearing
vibration signals, CWT is employed to capture instantaneous
characteristics and enhance the time-frequency features of the
vibration signals. The formulation of CWT is as follows:

)

where x (1) is the input signal, a is the complex conjugate of
the mother wavelet function, a is the scale parameter, which is
used to capture the different frequency components; and b is

t—>b

c(ah) =72 +/Ooxw ( @)
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Figure 11. Feature degradation trends for the PRONOSTIA dataset
for condition I.

the translation parameter, which is used to control the transla-
tion of the wavelet function on the time axis

() =3 (23)
where wy is the center frequency of the wavelet.
The Fourier transform of ¢ (¢) is:
— % (w—wo)z
¢ (W) =V2re (24)

This yields a continuous wavelet transform of the signal in
the frequency domain

+o00
z(a,b) = v/a /f(w) ~p* (aw) - €*"dt (25)

where f(w) is the Fourier transform of x (1), ¢ * (aw) - " is
the Fourier transform of ¢ (=2).
The above expression can be discretized as:

z(m,n) =VmAa) ()" (mAdf,) - >0 (26)
where f;, is the discrete frequency.

3.1.3. Experiments and analysis.

3.1.3.1. Determination of training parameters.  To identify
the most advantageous hyperparameter combinations for
model optimization, this study implements the COA to con-
duct a systematic exploration of key model parameters. A
detailed comparison is carried out against several advanced
optimization algorithms, including the dragonfly algorithm
(DA), grey wolf optimization algorithm (GWO), whale optim-
ization algorithm (WOA), and Bat optimization algorithm
(BAT). The COA rigorously tests various hyperparameter

configurations, assessing model performance across diverse
hyperparameter settings to pinpoint the optimal combinations
that significantly enhance model training efficacy.

Figure 12 showcases the comparative analysis results
between the COA and other optimization algorithms across 12
test functions. Notably, the population size, maximum number
of iterations, and dimensionality are all standardized for this
comparison. The historical search distribution plot of the COA
distinctly reveals a concentration of search trajectories around
the optimal solution, highlighting the algorithm’s precision in
navigating the hyperparameter space. Moreover, the conver-
gence curve comparison underscores COA’s superior conver-
gence speed and accuracy over competing algorithms for test
functions F1 to F12, as detailed in table 4.

To substantiate the effectiveness of the COA algorithm, it
was benchmarked against the Grid Search (GS) algorithm,
a conventional approach in machine learning for exhaustive
hyperparameter search. The comparative validation, summar-
ized in table 5, where ‘Non’ represents the training set without
noise and the test set contains noise (including ‘salt & pepper
noise,” ‘Gaussian noise,” and ‘speckle noise’). The other cases
are injected with noise for both the test set and the training set.

Table 5 indicates that under non-noisy conditions, hyper-
parameters optimized via COA display negligible differences
in predictive accuracy compared to those determined by GS,
yet with a notable reduction in training time. Specifically, in
noisy environments, COA-optimized models demonstrate sig-
nificantly reduced training times by 72.2%, compared to GS-
optimized models, evidencing COA’s enhanced efficiency and
effectiveness in parameter optimization under adverse condi-
tions. Given these findings, the COA emerges as the preferred
algorithm for hyperparameter optimization within this study,
attributed to its superior search efficiency. This decision is
supported by COA’s demonstrated capability to expedite the
optimization process while ensuring the maintained accuracy
of models, particularly in environments affected by noise.

3.1.3.2. Validation of features extracted by different-sized con-
volutional kernels.  Figure 13 illustrates the results of fea-
ture extraction utilizing multi-scale convolutional kernels.
The analysis indicates that smaller-sized convolution kernels
primarily capture detailed low-frequency information within a
local data range, while larger-sized kernels focus on extracting
high-frequency overall information across a wider data spec-
trum. The utilization of various kernel sizes, as opposed to a
single-scale approach, enhances the richness of the extracted
feature information.

3.1.3.3. Validation of attention mechanism effectiveness.
Figure 14 offers a comparative analysis of model outputs with
and without the incorporation of attention mechanisms. The
enhanced clarity and definition of feature outlines in models
utilizing channel and spatial attention mechanisms signify a
marked improvement in feature representation. This enhance-
ment facilitates a more nuanced differentiation between essen-
tial and peripheral features, optimizing the model’s focus and
interpretability.
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Figure 12. Comparative results of COA algorithm on test functions F1-F12 against other algorithms.
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Table 4. Hyperparameter search results.

Parameter Hyperparameter Best search
index name Search range results

i InitialLearnRate [1072-107°] 10~

ho MiniBatchsize  [16,32, ...,521,1024] 64

h3 MaxEpochs [20-100] 40

3.1.3.4. Validation of the model's noise resistance

performance.  To assess the model’s resistance to noise,
three distinct types of noise are introduced during the training
process:

(a) Salt & pepper noise: This type of noise, akin to impulse
noise, randomly sets pixel values of some points in the
image to 0 and 255.

(b) Gaussian noise: Gaussian noise is generated by adding a
noise signal obeying a Gaussian distribution to the original
data.

(c) Speckle noise: Speckle noise arises from the multiplic-
ation of the noise signal with the original signal and
typically stems from the system’s time-varying or non-
linear nature.

The input feature map after adding noise is shown in
figure 15.
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Table 5. GS algorithm and COA algorithm search results under noise conditions.

Average

accuracy
Model Noise (—5 dB-30 dB) (RA%) Time hy hy hs
Non 89.03 133.6min 107 64 20
GS Salt & pepper noise 96.25 157.1 min 1073 32 30
Gaussian noise 94.33 166.3 min 1073 64 30
Speckle noise 95.57 154.7 min 1073 32 20
Non 90.56 30.2 min 10~ 64 40
COA Salt & pepper noise 96.25 45.6 min 1074 64 40
Gaussian noise 95.91 42.4 min 10~ 32 30
Speckle noise 95.73 44.4 min 1073 64 30
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Figure 13. Output features of different-sized convolutional kernels: (a) 3 X 3 convolution output; (b) 5 X 5 convolution output; (c) 7 x 7
convolution output; (d) 9 x 9 convolution output; (e) 11 x 11 convolution output; (f) 13 x 13 convolution output.

Figure 16 delves into the predictive accuracy of the MCSA-
DREF training under varied noise conditions, establishing the
model’s adeptness in maintaining accuracy across a spectrum
of signal-to-noise ratios (SNRs) from —5 dB to 30 dB. Where
‘without noise’ means that no noise is injected in the training
phase of the model, but the test set contains noise. Notably,
the introduction of noise during training phases does not uni-
formly affect predictive accuracy; while lower SNR levels see
effective mitigation of noise’s impact on key features, higher
SNR conditions demonstrate the model’s intrinsic capacity for
discerning critical degraded features amidst noise, affirming
the model’s resilience.

To validate the noise robustness of the proposed method,
combinations of the MCSA network with the DRF network
and the MSCNN network with a multi-scale dilated convo-
lIution MS-DCNN network structure were tested. The CNN-
DRF model substitutes the MSCNN layer in MCSA with
a 3 x 3 single-scale convolutional kernel, excluding CAE
and SAE, while keeping the DRF component unchanged.

The MSCNN-DRF model simply omits CAE and SAE from
the MCSA-DRF configuration. MS-DCNN-DRF replaces
MSCNN-DRF’s multiscale convolution with a multiscale
dilated convolution structure, applying dilation rates of 2, 3,
and 4, optimized via the COA algorithm. MDCSA-CNN intro-
duces CAE and SAE into a multi-scale dilated convolution
framework, diverging from MSCA-DRF by replacing DRF
with a conventional convolution structure. The experimental
evaluation, conducted across ten iterations per model against
varying levels of salt & pepper noise, aimed to ascertain aver-
age accuracy, with results showcased in figure 17.

Figure 17 showcases the performance comparison of six
distinct structural models when subjected to salt and pep-
per noise, with the signal-to-noise ratio (SNR) ranging from
—5 dB to 30 dB. The MCSA-DRF model exhibited a notable
enhancement in prediction accuracy, quantified as a 10.4%
relative increase. Similarly, the MCSA-CNN, MS-DCNN-
DRF, MSCNN-DRF, and CNN-DRF models also showed rel-
ative increases in prediction accuracy, each marked at 24.1%,



Meas. Sci. Technol. 35 (2024) 096102

W Jia et al

(a)

Figure 14. Output comparison between models with and without
attention mechanism: (a) output of the model without attention
mechanism; (b) output of the model with attention mechanism.

21.9%, 19.7%, and 25.5%. The magnitude of the relative
increase in prediction accuracy serves as an indicator of the
model’s sensitivity to noise interference; higher increases sug-
gest a lower noise resistance, while lower increases denote
stronger resilience. Through this comparative analysis, it
becomes clear that the MCSA-DRF model demonstrates
superior noise resistance capabilities compared to the other
evaluated structural prediction models.

Table 6 displays the average prediction accuracies for a
test set subjected to salt & pepper noise, Gaussian noise,
and speckle noise across SNR ranging from —5 dB to
30 dB. Compared to the CNN-DRF baseline, the utiliza-
tion of a multi-scale convolutional structure in MS-DCNN-
DRF and MSCNN-DREF resulted in reductions of 9.23% and
12.84% in the average MAE (AVEyag) and the average
RMSE (AVERwmsE), respectively. Additionally, the average RA
(AVER,) and the average R*> (AVER,) are improved by 3.17%
and 6.41%, respectively. This enhancement is attributed to
the utilization of multi-scale features, providing a broader
and more detailed spectrum of information, thereby signific-
antly enhancing the models’ feature extraction capabilities.
Compared to MDCSA-CNN, MCSA-CNN resulted in reduc-
tions of 21.15% and 8.67% in the AVEpmag and AVEgRwsE,
respectively. The AVER, and the AVEZ are improved by
3.53% and 2.22%, respectively. Despite the multi-scale dilated
convolution’s capability for extensive feature extraction, it
is noted that consecutive dilated convolution can introduce
a checkerboard effect [57], potentially omitting crucial fea-
tures. The proposed model, incorporating MCSA and DRF
strategies, outperformed both the CNN-DRF and MCSA-CNN
models in terms of average prediction accuracy by a signific-
ant margin. This affirms the effectiveness of combining multi-
scale convolutional attention with dense residual fusion in
enhancing model accuracy amidst noise disturbances.

Figure 18 shows the results of the comparison of the train-
ing time and testing time of each model on the PRONOSTIA
dataset. In the analysis presented in figure 18, The MS-
DCNN-DRF and MSCNN-DRF models exhibit an increase
in training time compared to the CNN-DRF model, attrib-
uted to the computational demands of their multi-scale struc-
tures. Similarly, the MDCSA-CNN model’s training duration

(€3]

(h)

Figure 15. Color-grayscale time-frequency noisy images: (a), (e)
original images; (b), (f) images with added salt & pepper noise; (c),
(g) images with added Gaussian noise; (d), (h) images with added
speckle noise.

extends beyond that of MCSA-CNN, underscoring the higher
computational load of multi-scale dilated convolution versus
standard multi-scale convolution. Among all models evalu-
ated, the MCSA-DRF configuration requires the longest train-
ing period. However, during the online testing phase, the
MCSA-DRF model’s testing duration is remarkably efficient,
with a minimal difference from the CNN-DRF model, which
represents the benchmark for speed. This minimal discrep-
ancy in testing time across models underscores a crucial con-
sideration in real-world applications, where the emphasis is
often placed on diagnostic accuracy and the ability to perform
timely online testing rather than solely on training duration.
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Figure 16. Prediction accuracy of the MCSA-DRF model on the
test set under three types of noise during both noise and noise-free
training.
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Figure 17. Comparative results of different models under salt &
pepper noise.

Consequently, despite the extended training time, the MCSA-
DRF model’s superior accuracy and competitive testing speed
render it a more advantageous choice compared to the altern-
ative configurations evaluated, highlighting its potential for
effective deployment in industrial settings.

3.1.3.5. Validation of the model in non-noisy conditions
performance.  Figure 19 displays the predictive outcomes
fortestsets 1_5 and 2_5 from the PRONOSTIA dataset, where
the actual HI is marked by a red solid line, the model’s pre-
dicted HI by a blue curve, and the prediction error by an orange
line. To assess the predictive performance of the proposed
model, we compare it with five other models. These include
three different combinations of model configurations from the
noise experiments, along with two additional convolutional

models featuring attention mechanisms, namely GAM-CNN
[58] and CBAM-MSCNN [59]. The prediction errors for all
test sets are summarized in table 7.

Table 7 provides a comprehensive overview of the perform-
ance metrics for all test set data under the evaluated mod-
els. It indicates that the proposed model has a 31.8% and
24.7% decrease in MAE and a 26% and 15% decrease in
RMSE compared to the single branch structure CNN [58]
and MSCNN [59] with an attention mechanism. Compared
with MSCNN-DRF and CNN-DREF, the MAE of the proposed
model decreases by 64.8% and 70%, and the RMSE decreases
by 53.9% and 58%, respectively. Despite the increase in com-
putational and training time necessitated by the MCSA-DRF’s
two-branch structure, the enhancements in MAE and RMSE
underscore the efficacy of the model’s advanced attentional
mechanism in refining feature extraction capabilities.

Figure 20 and table 8 provide further insights into
the quantitative evaluation of various models applied to
the PRONOSITA dataset. The proposed models, denoted
as MAEMCSA-DRF = 0374, RMSEMCSA-DRF 13099,
RAMcsa-prr = 0.903, and RZMCSA-DRF = 0.986, demonstrate
superior evaluation index values compared to existing single-
branch CNN [58] and MSCNN models [59] with attention
mechanisms. This enhancement confirms the dual-branch
structure’s ability to effectively capture and interpret the com-
plex information inherent in degraded features. Moreover,
the proposed method’s notable improvements in prediction
accuracy over models without an attention mechanism affirm
the value of integrating attention mechanisms for heightened
feature discernment. Comparatively, the MCSA model with
the DRF structure exhibits marked accuracy improvements
over the MCSA-CNN, validating the DRF’s contribution to
bolstering the model’s overall predictive.

3.2. Experiments and analyses case Il

3.2.1. Data sources. The XJTU-SY accelerated degrada-
tion dataset [60] acquisition platform is shown in figure 21,
which allows accelerated life degradation experiments to be
performed on various types of bearings under different oper-
ating conditions. The sensor deployment position is the same
as that of PRONOSTIA, the sampling frequency is 25.6 kHz,
the sampling interval is 1 min, and the duration of each sample
is 1.28 s. The description of this data set is shown in table 9.

3.2.2. Data pre-processing

3.2.2.1. Health indicator and failure thresholds  Figure 22
shows the smoothed HI of three training sets, bearingl_1,
bearing1_4, and bearingl_5, in operational condition I of the
XJTU-SY dataset.

The actual lifetimes of bearingl_1, bearingl_4, and bear-
ingl_5 are 52 min, 122 min, and 123 min, respectively. The HI
values corresponding to the end of life of the three training set
bearings in figure 22 are 0.7. Therefore, the fault threshold for
this operating condition is set to 0.7. For the XJTU-SY dataset,
the fault threshold for condition IT is HI = 0.8.
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Table 6. Average prediction results of the test set under three types of noise ranging from —5 dB to 30 dB for different models.

Salt & pepper noise Gaussian Noise Speckle noise
Model MAE RMSE RA R MAE RMSE  RA R® MAE RMSE RA R’
CNN-DRF 0.64 20.19 0.80 0.77 0.69 22.10 0.79 0.75 0.61 21.14 0.79 0.81
MS-DCNN-DRF 0.60 18.08 0.82 0.81 0.66 21.47 0.80 0.80 0.57 18.10 0.82 0.84
MSCNN-DRF 0.58 17.92 0.83 0.87 0.59 19.11 0.82 0.87 0.53 16.77 0.82 0.83
MDCSA-CNN 0.52 15.1 0.85 0.91 0.57 18.58 0.83 0.89 0.48 14.05 0.87 0.90
MCSA-CNN 0.44 13.94 0.86 0.93 0.38 17.73 0.87 0.96 0.41 11.92 0.94 0.96
MCSA-DRF 0.18 6.27 0.96 0.97 0.12 4.01 0.98 0.99 0.09 3.11 0.98 0.98
MCSA-DRF I A 0.27
MCSA-CNN 0.21
MDCSA-CNN I X7 I .23
MSCNN-DRF ST .15
MS-DCNN-DRF INTF7 N (.18
CNN-DRF TV .11
0 5 10 15 20 25 30 35 40 45
B Training time(min) ™ Test time(s)
Figure 18. Training time and testing time of the model on the PRONOSTIA dataset.
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Figure 19. Prediction results: (a) prediction results for bearings 1-5; (b) prediction results for bearings 2-5.
Table 7. Evaluation results of the test set.
MCSA-DRF MCSA-CNN [58] [59] MSCNN-DRF CNN-DRF

Test set MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Bearing1-3 0.35 12.26 0.42 12.47 0.55 15.12 0.47 14.07 1.13 31.73 1.27 35.67
Bearing1-4 0.24 9.85 0.39 14.94 0.33 12.82 0.32 11.98 1.57 39.19 1.91 47.35
Bearing1-5 0.06 11.33 0.97 31.41 1.12 30.97 0.81 26.52 1.09 30.67 1.47 37.21
Bearing1-6 0.26 9.94 0.37 13.76 0.43 13.05 0.36 13.43 0.67 23.92 0.88 27.35
Bearing1-7 0.57 15.25 0.62 22.13 0.82 26.66 0.73 24.12 1.29 36.03 1.41 36.84
Bearing2-3 0.20 8.67 0.29 10.44 0.34 13.11 0.26 12.66 0.79 26.35 0.69 25.17
Bearing2-4 0.16 7.24 0.22 9.27 0.28 10.22 0.24 11.27 1.07 31.01 0.94 30.06
Bearing2-5 0.05 15.76 0.83 26.74 0.84 26.84 0.89 27.46 1.15 32.11 1.61 42.31
Bearing2-6 0.19 7.91 0.27 10.06 0.23 9.65 0.31 10.51 0.76 25.16 1.22 33.29
Bearing2-7 0.49 14.84 0.51 15.01 0.53 15.08 0.61 21.62 0.91 29.04 1.49 39.05
Bearing3-3 0.21 9.04 0.38 14.25 0.44 13.55 0.46 13.81 1.26 34.18 0.71 24.38
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Figure 20. Model prediction performance evaluation chart.

Table 8. Comparison of prediction results of the PRONOSTIA
dataset in different models.

Evaluation indicators

Model MAE RMSE RA R?

CNN-DRF 1.236 34.425 0.727 0.694
MSCNN-CNN 1.063 30.763 0.715 0.736
GAM-CNN [58] 0.537 17.006 0.801 0.818
CBAM-MSCNN [59] 0.496 17.041 0.812 0.903
MCSA-CNN 0.479 16.407 0.862 0.919
MCSA-DRF 0.374 13.099 0.903 0.986

’ Digital force display l | Motor speed controller H Vertical accelerometer Tested bearing

Horizontal accelerometer

AC motor Support bearings Hydraulic loading

Figure 21. Data collection platform for XJTU-SY dataset.

3.2.3. Experiments and analysis

3.2.3.1. Validation of model’s noise resistance performance.

To validate the comprehensive predictive performance of the
proposed model under noise conditions, it is compared with
other deep learning-based RUL prediction models, including
CNN-LSTM, attention stacked bi-directional long short-term
memory (A-SBiLSTM), and gated recurrent unit (GRU). Each
experiment is conducted five times, and the mean values are
taken as the final evaluation results, as shown in table 10.
Figure 23 presents a comparative analysis of average predic-
tion accuracy across different models on the XJTU-SY dataset

Table 9. Data partition for RUL prediction study.

Condition Speed (rpm) Load (N) Training set  Test set
I 1650 11000 Bearingl-1 Bearing1-2
Bearing1-4 Bearing1-3
Bearing1-5
II 1500 5000  Bearing2-1 Bearing2-2
Bearing2-4 Bearing2-3
Bearing2-5
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Figure 22. Feature degradation trends for the XJTU-SY dataset for
condition I.
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Figure 23. Comparative results of different models under salt &
pepper noise.

under varying levels of salt-and-pepper noise, from signal-to-
noise ratios of —5 dB to 30 dB.

It can be observed from figure 23 that the MCSA-DREF,
CNN-GRU, A-SBiLSTM, and CNN-LSTM models demon-
strate respective relative increases in prediction accuracy, all
indicated as 8.3%, 14.78%, 17.07%, and 26.47%. Notably, the
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Table 10. Average prediction results of the test set under three types of noise ranging from —5 dB to 30 dB for different models.

Salt & pepper noise Gaussian Noise Speckle noise
Model MAE RMSE RA R’ MAE RMSE RA R’ MAE RMSE RA R’
CNN-LSTM [61] 0.75 23.61 0.7 0.71 0.68 22.27 0.78 0.81 0.71 22.01 0.75 0.78
A-SBiLSTM [62] 0.31 13.01 0.89 0.91 0.40 13.98 0.87 0.88 0.47 14.35 0.89 0.90
CNN-GRU [63] 0.29 11.21 0.93 0.94 0.31 12.76 091 0.94 0.25 12.90 0.91 0.93
MCSA-DRF 0.14 5.40 0.97 0.97 0.10 3.22 0.98 0.99 0.19 6.78 0.97 0.96
! Predict HI !
MCSA-DRF 23.8 0.8 Actual HI
0.6 -
0.2
ASBI-LSTM 0 ‘ —
0 50 100 150
Time(min)
CNNLSTM 02 ~——= Predict error
0 5 10 15 20 25 30
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Figure 24. Training time and testing time of the model on the
XJTU-SY dataset.

MCSA-DRF model showcases the least variation in prediction
accuracy in response to noise changes, highlighting its robust-
ness in noisy environments.

According to table 10, the CNN-LSTM model performs
the worst in predicting results under three types of noise,
with the highest average prediction errors AVEyag = 0.71
and AVERrymsg = 22.63, and the lowest AVERs = 0.74 and
goodness of fit AVEZ = 0.77. Compared to CNN-LSTM, A-
SBiLSTM and CNN-GRU exhibit reductions of 45.07% and
60.56% in the average prediction error AVEyag, reductions
of 39.11% and 45.69% in AVEgRwmsg, increases of 18.92%
and 24.32% in average prediction accuracy AVEgra, and
increases of 16.88% and 22.08% in average goodness of fit
AVER. LSTM with attention mechanism and GRU with resid-
ual attention soft-threshold mechanism exhibit certain degree
of noise robustness. The MCSA-DRF model achieves the
best prediction metrics (AVEyag = 0.14, AVEgMsg = 5.13,
AVEga = 0.97, AVER = 0.97), further elucidating that the
enhanced channel and spatial attention augmentation mechan-
isms in the MCSA-DRF model effectively filter out redundant
features and noise, enhancing the model’s robustness.

The offline training time and online testing time of different
models on the XJTU-SY dataset are illustrated in figure 24.

Figure 24 details the offline training and online test-
ing times for these models on the XJTU-SY dataset. The
CNN-LSTM model, owing to its simpler structure, requires
the least time for both training and testing. Conversely,
MCSA-DRF, with its more complex architecture, has the
longest training and testing times, though the difference in
online testing time between MCSA-DRF and the less time-
consuming CNN-LSTM model is minimal, at just 0.18 s. This
negligible difference, combined with the high accuracy of
MCSA-DREF, indicates the model’s efficiency in online testing
scenarios across both datasets.
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Figure 25. Prediction results: (a) prediction results for bearing 1-3;
(b) prediction results for bearing 2-3.

3.2.3.2. Validation of the model in non-noisy conditions
performance.  Figure 25 showcases the results of non-noise
experiments conducted on the XJTU-SY dataset, delineating
predictions under diverse operating conditions. In figure 25(a),
the model’s predictions for the Condition I test set are presen-
ted, while figure 25(b) illustrates predictions for the Condition
II test set. The model’s predictions closely match actual health
indicator trends, with prediction errors predominantly within
the [—0.2, +0.2] range, validating its capability to accurately
forecast bearing RUL. Utilizing the comparative method from
Case I for validation, table 11 elucidates the prediction errors
for all test sets.

Table 11 provides a thorough evaluation of the performance
across various models on the XJTU-SY dataset. Notably, the
proposed model achieves significant reductions in MAE and
RMSE, demonstrating a marked improvement over traditional
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Table 11. Evaluation results of the test set.
MCSA-DRF MCSA-CNN GAM-CNN [58] CBAM-MSCNN [59] MSCNN-DRF CNN-DRF
Test set MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE MAE RMSE
Bearing1-1 0.19 12.58 0.48 14.62 0.62 17.25 0.58 15.88 0.83 22.92 1.01 32.25
Bearingl-3  0.09 8.27 0.36 12.18 0.44 13.28 0.54 15.47 0.95 28.35 0.96 28.92
Bearing2-1 0.17 9.75 0.85 23.71 0.97 30.76 0.93 27.86 1.21 35.83 1.66 41.24
Bearing2-3  0.15 10.68 0.31 11.42 0.51 15.29 0.55 15.61 0.71 19.12 0.94 28.16

Table 12. Comparison of prediction results of XJTU-SY dataset in
different models.

Evaluation Indicators

Model MAE RMSE RA R?

CNN-DRF 1.143 32.643 0.784 0.796
MSCNN-CNN 0.925 26.578 0.805 0.861
GAM-CNN [58] 0.650 18.705 0.829 0.902
CBAM-MSCNN [59] 0.635 19.145 0.878 0.936
MCSA-CNN 0.500 15.483 0.899 0.958
MCSA-DRF 0.410 13.320 0.965 0.977

single-branch prediction methods without DREF, as referenced
in the literature [56, 57]. These results underscore the advant-
age of integrating color-grayscale time-frequency features
with the DRF structure, which significantly enhances the
model’s capability to learn from crucial degradation fea-
ture information. Additionally, when compared to MSCNN-
DRF and CNN-DRF models, the proposed model shows a
substantial improvement in both MAE and RMSE metrics,
highlighting the effectiveness of the attention mechanism in
bolstering feature extraction performance.

Table 12 delves into the specific comparative outcomes
on the XJTU-SY dataset. Against the backdrop of CNN
[58] and MSCNN [59] models that utilize a single-branch
structure with an attention mechanism for processing color
time-frequency images, the proposed approach records not-
able increases in prediction accuracy. This improvement evid-
ences the enriched information content of the hybrid color-
grayscale time-frequency features introduced by this study.
The dual-branch structure employed for extracting these fea-
tures affords a more detailed depiction of bearing degrada-
tion states. Furthermore, relative to CNN and MSCNN mod-
els lacking an attention mechanism, the proposed strategy
registers significant gains in improved average prediction
accuracy by 23.1% and 19.9%, validating the critical role of
the attention mechanism in enhancing the model’s feature dis-
cernment capabilities. Additionally, the integration of the DRF
structure into MCSA not only yields an increase in prediction
accuracy but also substantiates the DRF’s contribution to the
overall enhancement of the model’s predictive accuracy.

Figure 26 shows the evaluation results of the proposed
model on the XJTU-SY dataset, and the proposed model
obtains the prediction indexes: MAEmcsaprr = 0.41,
RMSEMCSA—DRF = 1332, RAMCSA—DRF 0965, and
R?yvcsaprr = 0.977. The evaluation indexes are better than

20

RMSE

RA MAE

CBAM-MSCNN
=-@== MCSA-CNN
—O— MCSA-DRF

R2

Figure 26. Model prediction performance evaluation chart.

the other comparative models, which further validates the
effectiveness of the model.

3.3. Experimental study of RUL prediction

Figures 27 and 28 illustrate the RUL prediction results
for the PORNOSTIA dataset and the XJTU-SY dataset for
condition I, respectively. The RUL prediction methodology
encompasses several stages: initially, the complete lifecycle
signals from the test set bearings are truncated to represent
early-stage degradation; subsequent to this truncation, time-
frequency images reflecting these early degradation phases
serve as inputs to the trained model for MCSA-DRF-HI
prediction relevant to the truncated signals. The next phase
involves leveraging a regression model to forecast the sub-
sequent HI values, facilitating the computation of the anticip-
ated RUL. This research employs three key evaluation met-
rics to gauge the regression experiments’ efficacy in fitting the
model predictions to actual outcomes: the sum of squares of
errors (SSE), R and RMSE, alongside the RUL predictions
themselves. These metrics offer a comprehensive view of the
model’s predictive accuracy and its ability to fit the regres-
sion model effectively to the observed data. The results are
as follows:

SSE—>"wi (31 51)

i=I

27

where y; is the ith actual value, 9, is the corresponding ith
fitted value, and w; is the corresponding fitted weight. SEE
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Table 13. Assessment of the performance of different model fits.

Index
Number of

Fit model R? SSE RMSE coefficients Predict RUL Actual RUL
Polynomial 0.9930 0.0002 0.0025 7 143

Fourier 0.0985 0.0016 0.0039 4 240

Power 0.9893 0.0011 0.0033 2 186 158

Rational 0.9906 0.0010 0.0031 8 199

Exponential 0.9964 0.0001 0.0018 2 151
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Figure 27. Truncated prediction results for PONORSTIA bearing
1-3.

evaluates the model fitting performance by calculating the sum
of squares of the errors between the actual and fitted values.
The closer SSE is to 0, the better the model fits the input data.
Taking the XJTU-SY dataset as an example, the evaluation
metrics for different fitted models are shown in table 13.

Table 13 reveals that the Fourier, power, and rational num-
ber fitting models exhibit delays in their predictions, result-
ing in predicted RULSs that surpass the actual service lives of
the bearings. Such inaccuracies render these models unsuit-
able for practical RUL prediction, where the goal is to fore-
cast potential failures in advance to facilitate timely main-
tenance interventions. Contrarily, the polynomial and expo-
nential fitting models demonstrate the capability to accurately
predict failure times ahead of occurrence. Among these, the
exponential fitting model stands out due to its minimal fitting
error and most precise RUL prediction, showcasing the low-
est fitting error, the highest coefficient of determination R2,
and the closest alignment of predicted RUL with actual RUL.
Consequently, the exponential fitting model is selected as the
regression prediction model for validating RUL predictions
within this research.

Figures 27 and 28 illustrate the RUL prediction results for
the PRONOSTIA and XJTU-SY datasets, respectively, under
condition I. The visualizations feature an orange solid line,
intersected by two blue solid lines, representing the model’s
future HI prediction. The discrepancy in the x-axis coordin-
ates between these blue lines denotes the predicted RUL, while
the x-axis coordinates at the point where the predicted HI
crosses the failure threshold indicate the estimated bearing
failure time. A subsequent graph within each figure highlights
the fitting error of the predicted HI, maintaining the fitting
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Figure 28. Truncated prediction results for XJTU-SY bearing 1-3.

error range of the test set within a 95% confidence interval,
thus affirming the regression model’s precision in fitting the
predicted values accurately.

The scoring function is constructed from the relative error
between the actual RUL and the predicted RUL and is defined
as follows:

ActRUL; — PreRUL,
ActRUL;

E,; =100 x (28)
where ActRUL; is the actual bearing life and PreRUL,; is the

predicted RUL.
The scoring function A; is defined as follows:

A= { exp(—1n(0.5) % (E;/5)) E; <0 29)
exp(In(0.5) % (E;/20)) E; >0
The predictive scoring metrics are defined below:
|
Score = - ZA,». (30)

i=1

The results of the truncated RUL predictions for the
PRONOSTIA and XJTU-SY datasets are presented in
table 14.

During the experimental phase focused on RUL predic-
tion, the proposed method was evaluated against four dif-
ferent research approaches. On the PRONOSTIA dataset, a
study referenced as [59] offered a single-stream multi-scale
convolution approach enhanced by an attention mechanism,
achieving an average prediction error of 10.95 and a score
of 0.5653. Another study [64],, introduced a novel recurrent
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Table 14. Evaluation of RUL prediction models.

[64] [65] [57] [59] Proposed model
Dataset Mean SCORE Mean SCORE Mean SCORE Mean SCORE Mean SCORE
PRONOSTIA 44.49 0.4384 28.18 0.4285 16.11 0.4522 10.95 0.5653 12.73 0.5761
XJTU-SY — — — — 27.84 0.4476 32.66 0.4766 9.74 0.4874

coding-decoding structure equipped with an attention mech-
anism that utilized five sub-band spectral energy values, also
resulting in an unspecified average RUL prediction error of
44.49 and a score of 0.4384. For the XJTU-SY dataset, the
research evaluated two models that incorporated both atten-
tion mechanisms and convolutional structures. Literature [59]
resulted in a prediction error of 32.66 and a score of 0.4766.
Literature [57], combining dilated convolution and adaptive
threshold group convolution, exhibited an average prediction
error of 27.84 and a score of 0.4476. The comparative ana-
lysis underscored that the method proposed in this study out-
performed other models on both datasets in terms of prediction
scores, thereby highlighting its superior effectiveness.

4. Conclusion

In this paper, we introduce a RUL prediction method named
COA-DMCSA-DREF, aimed at bearings in noisy environments.
The method begins with extracting color time-frequency fea-
ture images from vibration signals using CWT and converting
these to greyscale to form a color-grey scale image dataset. It
then employs enhanced CAE and SAE alongside multi-scale
convolution for feature extraction from this dataset. A DRF
structure is implemented at the model’s backend for effect-
ive feature integration. The COA optimizes model parameters,
which, combined with a regression model, enables RUL pre-
diction. In the validation phase, incorporating improved CAE
and SAE into MSCNN-DREF significantly boosted the MCSA-
DRF model’s prediction accuracy of 97.39% and 97.35% on
both PRONOSTIA and XJTU-SY datasets under various noise
conditions (—5 dB to 30 dB). This method outperformed oth-
ers, showcasing superior prediction accuracy, noise resist-
ance, and generalization performance. The advantages of the
DMCSA-DRF-based RUL prediction method proposed in this
paper are summarized as follows:

(1) Given the prevalence of noise in real-world bearing data,
this study proposes an enhanced channel and spatial atten-
tion mechanism aimed at amplifying essential features
while reducing and filtering out unnecessary features and
noise. Furthermore, a novel dual-branch multi-scale atten-
tion structure is introduced to tackle the problem of
redundancy that often occurs in the multi-scale convolu-
tion process. The incorporation of a DRF structure at the
model’s backend significantly improves the representation
of features, ensuring a more robust and effective feature
extraction and integration.

(2) In the data preprocessing phase, to mitigate the chal-
lenge of limited sample availability, we utilized CWT

22

and grayscale processing to create a color-grayscale
time-frequency image dataset. This approach significantly
enriches the input data’s feature information. Additionally,
during the (HI design phase, careful attention was given
to the bearings’ actual degradation trend and monoton-
icity. The resulting HI effectively captures the genuine
degradation path while maintaining strong monotonicity,
ensuring a reliable and accurate reflection of the bearings’
condition.

(3) To address the constraints of manually setting model
parameters, we utilized the COA to conduct an optimal
search for the model’s hyperparameters, promoting a more
scientific and logical parameter configuration. Testing
revealed that the COA not only slightly surpasses the
grid search algorithm in search accuracy but also signific-
antly exceeds it in terms of search efficiency. Moreover,
in the application of RUL prediction on truncated data
from both the PRONOSTIA and XJTU-SY datasets, the
MCSA-DRF model, utilizing the predicted MCSA-DRF-
HI, achieved the highest prediction scores. This outcome
serves as further evidence of the proposed model’s capab-
ility and effectiveness in RUL prediction tasks.

In this study’s approach to RUL prediction, the analysis
was limited to data under uniform operating conditions, with
the HI specifically tailored to these conditions. This approach
did not address the potential applicability of the model and
HI across varied operational settings. Consequently, future
research endeavors will concentrate on developing methodo-
logies to enhance the universality of models and HIs, aiming
to achieve robust performance and predictive accuracy across
a broader spectrum of operating conditions.
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Abstract

Currently, most mainstream gearbox fault diagnosis methods rely heavily on deep learning
techniques. However, such deep learning-based diagnostic models often face challenges such as
high computational resource requirements, poor real-time performance, and low diagnostic
accuracy when applied to other operating conditions. To address the aforementioned issues, a
novel lightweight cross-operating-condition gearbox transfer fault diagnosis framework is
proposed, incorporating parameter optimization and adaptive feature attention enhancement.
The framework utilizes two-dimensional Gramian angular field images to extract deep gearbox
fault information. An improved lightweight mechanism integrating multi-scale channel and
spatial adaptive attention enhancement is first adopted to allocate feature weights. This
mechanism amplifies critical features while effectively mitigating the influence of redundant or
noisy features. Subsequently, a local maximum mean discrepancy loss is employed to achieve
cross-domain feature alignment across different operating conditions. Finally, a multi-strategy
improved triangular topology optimization algorithm is applied to fine-tune the model’s
hyperparameters, boosting its cross-condition diagnostic capabilities and ensuring more
accurate fault detection across different operational scenarios. Experimental results indicate that
the proposed model achieved accuracy rates of 99.85% and 99.94% on two validation datasets,
while maintaining diagnostic accuracies of 74.6% and 79.6% in the presence of significant
noise. The model’s diagnostic performance and robustness are superior to those of other models,
demonstrating its effectiveness in challenging conditions.

Keywords: gearbox fault diagnosis, lightweight structure, feature attention enhancement,
gram angle field images, parameter optimization, unsupervised domain adaptation
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1. Introduction

As a renewable and clean energy source, wind power’s con-
tribution to the global energy landscape is progressively
increasing [1, 2]. Nevertheless, the wind turbine gearbox,
being a pivotal transmission component, is susceptible to fail-
ures that can cause severe economic consequences and a
decline in power generation efficiency. Therefore, the estab-
lishment of robust and dependable gearbox fault diagnosis
techniques is vital for enhancing the stability of wind turbine
operations [3, 4].

Currently, with the increasing availability of equipment
monitoring data, the mainstream research methods in fault
diagnosis have transitioned from expert knowledge-based
systems [5, 6] and physical models [7] to data-driven
approaches. However, fault diagnosis methods relying on
expert knowledge systems and physical models are highly
dependent on domain-specific expertise, making them less
adaptable to complex operating conditions.

Fault diagnosis methods based on data-driven approaches
mainly depend on historical and real-time monitoring data,
without requiring the system’s physical mechanisms or expert
knowledge. These techniques have increasingly become the
dominant approach in fault diagnosis. Data-driven methods
are generally divided into signal analysis techniques [8], shal-
low machine learning methods [9], and deep learning methods
[10]. Signal analysis methods extract relevant features from
the monitoring signals (e.g. vibration, current, and temperat-
ure signals) obtained from sensors through signal processing,
facilitating fault diagnosis [11]. Miao er al [12] proposed
a novel feature mode decomposition method for extracting
mechanical equipment fault signal features, enabling accur-
ate decomposition of fault characteristic information. Cheng
et al [13] introduced a signal analysis technique based on max-
imum Ramanujan spectrum signal-to-noise ratio deconvolu-
tion, which overcomes the limitations of traditional decon-
volution methods that struggle to achieve optimal denois-
ing results. Fault diagnosis methods based on signal ana-
lysis are capable of extracting time-frequency features from
signals. However, their generalization ability is constrained
by factors such as sensitivity to noise, a strong reliance on
manual feature selection, and challenges in setting parameters
for decomposition algorithms. In contrast, shallow machine
learning models can automatically learn intricate patterns and
features from the data during training, eliminating the need
for predefined fault classification rules and reducing the reli-
ance on human experience [14]. Dhiman et al [15] proposed
a fault detection method for wind turbine gearboxes based
on adaptive thresholds combined with twin support vector
machines,(SVM) which accurately identified gearbox faults in
a wind farm in the UK. Compared to signal analysis methods,
shallow machine learning-based fault diagnosis methods fur-
ther reduce the dependence on human expertise and improve
diagnostic accuracy. However, shallow machine learning has
certain limitations in fault diagnosis: (1) its accuracy heavily
relies on the construction and extraction of feature sets; and
(2) the nonlinear representation capacity of shallow machine

learning models is limited, making it challenging to fully
uncover the complex mapping between sensitive features and
fault categories, especially in conditions where vibration sig-
nals are weak and fault features are coupled.

Recently, deep learning has gained widespread adoption in
the field of fault diagnosis, driven by its exceptional capacity
for feature extraction and the ability to handle complex nonlin-
ear mappings [16—18]. Yang e al [19] leveraged the strong fea-
ture learning abilities of the deep belief network to accurately
identify gearbox faults. Zhang et al [20] introduced a gearbox
fault diagnosis approach utilizing the discriminative sparse
autoencoder, which is aimed at addressing complex vibration
signals. The convolutional neural network (CNN) extracts fea-
tures from signals autonomously via its local receptive field
architecture, thus substantially minimizing the reliance on fea-
ture engineering [21]. Considering the irreversible information
loss caused by excessive downsampling in traditional convo-
lutional networks, Zhao et al [22] proposed a CNN model
based on mixed information, which employs inter-channel
connections to facilitate information exchange between dif-
ferent channels and utilizes residual connections to prevent
information loss. Long short-term memory (LSTM) networks
[23] and gated recurrent units (GRU) [24] are capable of
capturing dynamic variations and long-term dependencies in
data, offering advantages in time series fault signal analysis.
Considering that gearboxes typically operate under variable
speed conditions, Chen et al [25] proposed an LSTM model
that integrates gearbox speed and vibration signals, enabling
fault diagnosis of gearboxes under variable speed conditions.
Additionally, some studies have employed Transformer mod-
els, which efficiently capture global dependencies and are par-
ticularly suited for modeling large-scale data, for fault fea-
ture extraction [26]. However, although deep learning meth-
ods have shown good performance in certain fault diagnosis
tasks, they still face practical challenges, including high com-
putational complexity [27-29], limited feature representation
capability [30-32], and insufficient adaptability across varying
operating conditions [33-35]. Specifically, CNN architectures
primarily rely on local convolution operations, which hampers
their ability to capture global features, thereby limiting their
representation of complex vibration signals. As such, improv-
ing feature extraction capabilities while minimizing compu-
tational complexity remains a key challenge in current fault
diagnosis research.

In response to the challenges of high computational com-
plexity and limited feature expression capacity in deep learn-
ing models for fault diagnosis, researchers have incorporated
the attention mechanism. This mechanism enables the model
to automatically focus on critical feature regions associated
with the fault during the input data processing, thereby effect-
ively overcoming the limitations of traditional CNN models
in capturing global features. The most representative mod-
els in channel attention mechanisms, squeeze-and-excitation
network [36] and efficient channel attention [37], primarily
enhance feature representation by learning the importance
weights of different channels. The spatial attention mechan-
ism, gather-excite networks [38], enhances the model’s focus
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on local key features by capturing the feature distribution
information along the spatial dimension. Some studies have
combined channel attention and spatial attention into a hybrid
attention mechanism to simultaneously strengthen the rep-
resentation of both the channel and spatial locations of key
features, such as the convolutional block attention module
(CBAM) [39] and channel-wise and spatial attention residual
[40]. However, existing attention mechanisms still have the
following limitations: (1) Single attention mechanisms focus
solely on either channel or spatial factors, neglecting the dis-
tribution features of the other, which results in insufficient
local feature representation; (2) Hybrid attention combining
channel and spatial attention requires additional computa-
tions for both, thereby increasing computational complex-
ity. Therefore, designing an efficient and lightweight spatial-
channel fusion attention mechanism that improves feature
representation while maintaining computational efficiency
remains a pressing challenge.

The distribution of gearbox fault data is highly influenced
by changes in operating conditions, which has led to the wide-
spread use of transfer learning (TL) techniques to enhance
diagnostic capabilities across varying operating conditions
[41-43]. TL fundamentally aims to identify common feature
representations between multiple related but distinct tasks,
intending to apply these shared features to new tasks [44, 45].
Zhang et al [46] developed a dynamic conditional adversarial
domain adaptation model for gearbox fault diagnosis. By
aligning the feature distributions of source and target domain
data, this model mitigates the performance loss associated
with cross-condition transfer. Ma et al [47] proposed a fault
diagnosis method for wind turbine gearboxes based on deep
adversarial transfer neural networks. This approach employs a
domain adversarial strategy to address data distribution differ-
ences, transferring features learned from auxiliary datasets to
the target dataset, which reduces the reliance on labeled data
and facilitates efficient cross-domain fault diagnosis in sim-
ilar domains. Despite the advancements in TL, current meth-
ods continue to struggle with issues such as complex model
structures, unstable distribution alignment, and high computa-
tional overhead, hindering their practical application in indus-
trial settings. As aresult, a critical challenge in the field of fault
diagnosis is how to reduce model complexity while improving
cross-condition generalization performance.

The choice of hyperparameters is critical to a model’s
diagnostic accuracy, robustness, and generalization ability
during training. Nevertheless, hyperparameter optimization
strategies aimed at improving model performance are often
neglected. A carefully selected hyperparameter configura-
tion can enhance diagnostic efficiency, boost accuracy, and
improve the model’s adaptability in practical applications. To
tackle this issue, Huang et al [48] proposed a hyperparameter
tuning approach for CNN-LSTM models based on grid search
(GS), demonstrating substantial performance improvements.
However, as the search space expands, GS becomes increas-
ingly computationally expensive. To address this, Wang et al
[49] introduced a Bayesian optimization-based fault diagnosis
method for SVM, optimizing the penalty factor and kernel

function parameters to enhance model performance. Similarly,
Zhao et al [50] developed a competitive group optimiza-
tion algorithm aimed at refining hyperparameter selection in
autoencoder-based models. Additionally, studies [S1] indicate
that heuristic optimization methods provide an effective means
of balancing diagnostic accuracy and computational efficiency
in hyperparameter tuning.

Although substantial progress has been made in gear-
box fault diagnosis in current research, challenges such as
high model complexity, restricted feature extraction capab-
ilities, low efficiency in hyperparameter optimization, and
poor adaptability across different operating conditions remain.
To overcome these obstacles, this paper introduces an effi-
cient, lightweight gearbox fault diagnosis approach that
incorporates parameter optimization and adaptive attention
enhancement. The key contributions of this paper are as
follows:

(1) The Gramian angular field (GAF) transformation is
applied to convert vibration signals into Gramian angu-
lar sum/difference field (GASF/GADF) images, enabling
the CNN to effectively extract time-series patterns and
enhance the discriminability of features.

(2) A lightweight dual-branch MCSA (DMCSA) feature
extraction network is introduced, which strengthens the
expression of fault features and mitigates issues of feature
redundancy and noise. Additionally, a dense residual fea-
ture fusion module (DRF) is used to reduce the parameter
count and effectively integrate and utilize GASF-GADF
features.

(3) A multi-strategy enhanced TTAO is developed to improve
the efficiency and performance of model hyperparameter
search, preventing the model from getting trapped in local
optima.

(4) An unsupervised domain adaptation-based TL strategy is
introduced to strengthen the model’s generalization ability
in cross-condition scenarios, reducing reliance on labeled
data from the target domain.

2. Theoretical background

2.1. Triangulation topology aggregation optimizer (TTAO)

The TTAO algorithm is a method that combines mathemat-
ical characteristics with stochastic search algorithms [52]. The
algorithm iteratively generates new triangle vertices in the
search space and forms similar triangles of varying sizes based
on these vertices. This process aggregates and collects ver-
tices with valuable information from different topology units,
ultimately solving the optimization problem. TTAO consists
of two key steps: general aggregation and local aggregation,
which correspond to the development and exploration phases
of heuristic algorithms. General aggregation produces new
nodes by exchanging positive information between different
triangular topology units, while local aggregation constructs
new topological units at optimal positions based on the best
vertex of each unit.
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2.11. Improved triangular topology optimization algorithm
(ITTAO).  Although the TTAO algorithm demonstrates excel-
lent optimization performance, it suffers from issues such
as a tendency to get trapped in local optima and low con-
vergence precision during the development and exploration
stages. Therefore, improvements are made to these phases of
the algorithm.

2.1.1.1. The adaptive collaborative group weight dynamic bal-
ancing strategy. In the original TTAO algorithm, the
update of new triangle vertices is performed by apply-
ing random linear weights to the three existing vertices,
without adequately considering factors such as coordina-
tion and dynamic adjustment between the vertices. This
limitation restricts the algorithm’s ability to explore the
solution space effectively in the early stages. The ori-
ginal vertex update formula of the TTAO algorithm is as
follows:

= =
Xi4: * X

— —
i1+ rnxXio+(1—ri—r)*X3 (1)

where r| and r, represent random numbers selected from the
interval [0,1].

The formula for the adaptive collaborative elite weight
dynamic balancing strategy is described as follows:
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— — — —
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where A defines the degree of displacement relative to
the domain points of the individuals, while parameter C
serves to diminish the tendency for individuals to converge.
The adaptive cooperative group weight dynamic balancing
strategy effectively utilizes the information-sharing mechan-
ism between individuals, preventing excessive reference to a
single vertex and improving the exploration efficiency at the
early stage of the algorithm.

2.11.2. A global search mechanism based on the Cauchy
inverse cumulative distribution (CICD). To overcome the
limitations of traditional development phases (general aggreg-
ation), where the algorithm often falls into local optima, this
paper proposes an adaptive global exploration mechanism
based on the CICD. Unlike the conventional Gaussian dis-
tribution, the Cauchy distribution exhibits heavy-tailed char-
acteristics, allowing the generation of more sampling points
that are far from the current solution within the search
space. This enhances the global jumping ability of the search
algorithm, particularly in complex multimodal functions.
Additionally, by incorporating the inverse cumulative distri-
bution function of the probability distribution, the algorithm
can adaptively adjust the search scope, facilitating a progress-
ive global exploration from coarse to fine granularity at differ-
ent stages of iteration. This mechanism not only strengthens
the diversity of the population but also significantly improves
the algorithm’s ability to escape local extrema, providing a
more robust theoretical foundation for the search for the global
optimal solution [53]. The Cauchy inverse cumulative distri-
bution function is described as follows:

Fl(p;a,b)—a+b~tan(7r'( —;)) (8)

where a represents the location parameter, b is the scale para-
meter, and p denotes the given probability.
The updated formula after improvement is as follows:

1+ 1
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The parameters a and b are set according to [53]. Without
the CICD operator, the update step size of the triangular topo-
logical unit remains relatively stable, with a limited range of
step sizes. However, with the introduction of the CICD oper-
ator, the step size becomes more flexible and can undergo sig-
nificant changes in certain dimensions, making the movement
of the topological unit within the search space more random
and diverse.

The step size variation of the CICD operator is shown in
figure 1, with the dimensionality set to 500.

Figure 1 illustrates the step size of the CICD operator. The
randomness and oscillation of the path arise from the step sizes
generated by the CICD, with significant step size variations
in certain areas. These large step sizes aid the optimization
algorithm in escaping local optima, enabling the exploration
of different regions within the search space.

Acicp = 0.01 - tan (’/T . (

2.11.3. Local aggregation strategy based on the nonlinear
tangential fight operator.  To address the issue of premature
convergence during the exploration phase (local aggregation),
this paper introduces an innovative Tangent-based nonlinear
flight perturbation operator (TNFPO). This operator is inspired



Meas. Sci. Technol. 36 (2025) 056109

W Jia et al

——— CICD Step Path

Figure 1. The step size of the CICD operator.

Algorithm 1. Improved triangulation topology aggregation optimizer pseudo-code.

Input: Initialization population N, iterations T, dimension D

Output: The optimal position Xp.s and its fitness value fyes

Initialize the triangle population
Whiler < T
(Formation of triangular topological units)

Generate three other positions using the Eq described below.
= =
Xio=Xi1+ 1*10(75

—

s

=

Xia=Xi1+1xf(0+ %)

Xia=wiy *X; 11 +w2xX;21 + w3 *xX; 31

(Generic aggregation)

—

ses . t+1 t t
Update positions using Eq: Xi’new1 =7y * Xl-ybm + (1 - V4) * Xm,zd,bes, - Acicp

If fzr <fi— do

i newl i,best

_ ——
Xt — xtt!

i,best

else if fF < fXT—a do

i,newl i,sbest

end if

(Local aggregation)

Update positions using Eq: X;,J;:wz = XELI“

i new?2 i, best

end if

—
Xt

i,sbest =

i,newl

141

i,newl

i,best

+ 0% (X’.Jrl fxg;m) *tan (5 - rand (1,dim())())

—_— —
x4 = xitl

i,best

i,new2

Select the optimal population position Xpes according to fitness values

end while
—
Return X, and fpeg

by the Levy flight model and leverages the nonlinear charac-
teristics of the tangent function to simulate random transition
behaviors. It enables individuals to perform both large and
small-scale random perturbations near local optima, facilitat-
ing a non-uniform expansion of the local search area [54]. The
formula for the forward flight operator is presented as follows:

f=tan (% -rand(l,dim)) (10)

where ‘dim’ represents the dimensionality of the problem.
The pseudocode of the TTAO algorithm, with improve-
ments from multiple strategies, is given below:

2.1.2. Performance evaluation of improvement strategy 1.
To evaluate the impact of Improvement Strategy 1, which
employs an adaptive collaborative group-weight dynamic
balancing strategy, on the optimization performance of the
TTAO algorithm, an ablation study was conducted. This study
involved comparative analyzes using both an unimodal test
function (F1) and a multimodal test function (F10). The per-
formance of the original TTAO and the improved TTAO-
Strategy 1 was assessed under identical conditions, with a pop-
ulation size of 100 and a maximum of 500 iterations. The
experimental results are presented in figure 2.

As depicted in figure 2(b), TTAO-Strategy 1 (pink solid
line) achieves a faster convergence rate in the early stage



Meas. Sci. Technol. 36 (2025) 056109

W Jia et al

Parameter space

x,)

TFi(x,

(@

Parameter space

Fl0(x, ,%,)

(©

TTAO vs STTAO-Strategy | Convergence Curve
I i I TTAO
TTAO-Strategy |

Best Score

0 100 200 300 400 500
Tteration

(b)

TTAO vs STTAO-Strategy | Convergence Curve
[ [ [ TTAO
TTAO-Strategy |

Best Score
3

0 100 200 300 400 500
Tteration

(d)

Figure 2. Performance verification of improvement strategy 1.

of optimizing the unimodal test function F1 than the ori-
ginal TTAO (blue solid line). This suggests that the proposed
strategy strengthens early exploration, allowing the algorithm
to approach the global optimum more efficiently. Additionally,
once convergence is reached, the improved algorithm attains
higher optimization accuracy than the original TTAO, confirm-
ing its superior performance in unimodal problems. For the
multimodal test function F10 (figure 2(d)), TTAO-Strategy 1
consistently outperforms the original algorithm, particularly
in later iterations, where it maintains a strong convergence
trend and reduces the likelihood of premature local optima
entrapment. These findings demonstrate that the adaptive col-
laborative group-weight dynamic balancing strategy enhances
information exchange among individuals, improving search
efficiency while maintaining global exploration capability.

2.1.3. Performance evaluation of improvement strategy 2.

To evaluate the impact of Improvement Strategy 2, which
introduces an adaptive global exploration mechanism based
on the CICD, on the optimization performance of the TTAO
algorithm, comparative experiments were conducted on the
unimodal test function F2 and the multimodal test function F9.
These tests aimed to assess the effectiveness of the proposed
strategy across different types of optimization problems. The

experiments were performed using both the original TTAO and
the improved ITTAO, with experimental settings identical to
those used in the validation of Improvement Strategy 1. The
results are presented in figure 3.

As illustrated in figures 3(b) and (c), for the unimodal
test function F2, the original TTAO algorithm exhibits a
dispersed distribution of search points (green dots) across
the solution space. This results in a significant amount of
ineffective exploration, leading to suboptimal search effi-
ciency, with some individuals failing to converge rapidly
to the optimal solution (red pentagram). In contrast, the
improved TTAO algorithm integrates the CICD for adapt-
ive global exploration, enabling a more targeted early-
stage search. This adjustment minimizes ineffective explor-
ation, enhances search efficiency, and accelerates conver-
gence toward the optimal solution. Figures 3(f) and (g) fur-
ther demonstrate that for the multimodal test function F9,
the original TTAO algorithm struggles with premature con-
vergence, as indicated by search trajectories lingering near
local optima. The enhanced TTAO algorithm, however, exhib-
its a more effective search capability, allowing for rapid
early-stage convergence to the global optimum. These res-
ults confirm that the CICD-based adaptive global explora-
tion mechanism significantly reduces ineffective searches and
improves search directionality. By leveraging the heavy-tailed
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Figure 3. Performance verification of improvement strategy 2.

property of the Cauchy distribution, the mechanism enables
broader early-stage exploration, preventing entrapment in
local optima. Additionally, the inverse cumulative distribu-
tion function dynamically adjusts the search range, ensuring
that the algorithm adapts effectively across different optimiz-
ation phases. This enhancement not only significantly accel-
erates convergence for unimodal problems but also improves
the algorithm’s global search capability in multimodal optim-
ization tasks, effectively mitigating the risk of premature
convergence.

2.14. Performance evaluation of improvement strategy 3.
To assess the impact of the TNFPO on the optimization per-
formance of the TTAO algorithm, this study conducts com-
parative experiments on the unimodal test function F3 and the
multimodal test function F11. The objective is to evaluate the
effectiveness of TNFPO in enhancing both convergence speed
and global search capability.

As shown in figure 4(b), the original TTAO algorithm
exhibits a relatively slow decline in the early convergence
phase and later stagnates into a slow convergence state, indic-
ating a risk of premature convergence during the local search
phase. In contrast, the TTAO algorithm incorporating the
TNFPO mechanism significantly reduces the objective func-
tion value in the early optimization stage and approaches the
global optimum within a smaller number of iterations, demon-
strating higher convergence efficiency. This suggests that
TNFPO effectively enhances local search capability through
nonlinear perturbations, thereby accelerating the convergence
process for unimodal functions. As illustrated in figure 4(c),
the original TTAO algorithm experiences a slow decline in
the optimization process and stagnates in the mid-to-late

stages, implying that certain individuals may be trapped in
local optima. In contrast, the improved ITTAO algorithm sig-
nificantly enhances convergence speed and strengthens the
algorithm’s ability to escape local optima. This indicates that
TNFPO, by simulating the random jump behavior of Lévy
flight, introduces both large- and small-scale non-uniform
perturbations during the search process. Consequently, it
enhances the algorithm’s global search capability and reduces
the probability of premature convergence in multimodal
optimization problems.

2.2. Dual-branch multi-scale attention feature extraction
model

The proposed DMCSA-DRF model architecture, illustrated
in figure 5, includes two primary components: the DMCSA
module and the DRF module. The model uses Gram angle
difference/sum field images as input for both branches. Each
branch utilizes a multi-scale attention structure with residual
connections for feature extraction. A dense residual struc-
ture is applied at the model’s backend to efficiently integ-
rate and repeatedly utilize the features from both branches,
ensuring precise fault recognition across various fault

types.

2.2.1 Multiscale channel and spatial attention feature
extractor (MCSA).  Figure 6 illustrates the multi-scale fea-
ture extraction structure. The input image is first processed
by the multi-scale convolution layer (MS-Conv) for feature
extraction at multiple scales. Subsequently, parallel structures
are employed to extract features using the Channel attention
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Figure 5. Structure of the DMCSA-DRF model.

enhancement mechanism (CAE) and SAE attention weight
matrices, denoted as « and 3, respectively.

The output of the MCSA network is described as
follows:

Fps = DSConv (Fys) (1D

FMCSAZCOIlcat[FMs*Oé,FDs,FMS *ﬁ] (12)

2.2.2. Multiscale feature extraction model.  This paper util-
izes convolution kernels of different sizes for multi-scale fea-
ture extraction. To reduce the number of model parameters,
a depthwise separable convolution structure is employed as a
substitute for the traditional convolution structure. The multi-
scale feature extraction framework is shown in figure 7.

The multiscale feature extraction wunit comprises
three convolutional kernels of different sizes (K1, K2,
and K3), each extracting features of different scales
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(FIC(’fl XHXW Flc(gz XHXW F§§3 *HXWy from the input data. This
enables the model to capture detailed information at various
levels of the data. The different features extracted at individual
scales are concatenated across channels to form a multiscale
feature set Fs, calculated as follows:

[ pCa xHXW -CooxHXW -Cry x HXW
Fys = |F& Fra Fis }

— F(CK1+CK2+CK3)><H><W

13)

2.2.3. Channel attention enhancement mechanism (CAE).
In CNN, different channels may represent distinct features,
with varying levels of contribution to the task being processed.
To address this issue, this paper proposes an CAE mechan-
ism. CAE combines the strengths of the channel attention
mechanisms in CBAM and CSAR by replacing fully connec-
ted layers with 1D convolutions, thereby avoiding the detri-
mental effects of FC layers. Furthermore, while CSAR’s CA
mechanism only uses global average pooling (GAP) and fails
to consider the global information of the input features, the
improved CAE preserves the global max pooling (GMP) oper-
ation from CBAM. The CAE structure is depicted in figure 8.
CAE strengthens the channel attention for features that signi-
ficantly contribute to the model, while diminishing attention
for less significant features, allowing the model to dynamic-
ally learn critical feature representations.

Global maximum/mean pooling (GAP/GMP) operation
is used in the CAE, the GMP and GAP computations are

|
GAP || —»| Conv | —» Relu —p copy | —Pp- | Sigmoid

Gye | —> | comv | —> Rt —p [ Cony |~ | Sigmoid

Figure 8. Improved channel attention enhancement mechanism.

described as follows:

1 m n
My =Vaar (X) = ——> > Xc(i.j) (14)

i=1j=1

M, = Ugmp (X) = Max [X, (i,))] 15)
where X, (i,j) is the eigenvalue of the input feature at (i,j) for
the cth channel, ¢ is the ReLu activation function, and o is the
sigmoid activation function.

The feature information extracted from GMP and GAP was
further filtered by two 1 X 1 convolution and activation func-
tions to calculate the local and global attention weights for dif-
ferent feature channels, respectively, which were calculated as
follows:

— 2 1 1
a =0 (WCAE—conv2 *0 (WCAE—convl * M + bCAE—conv])

+BEAE —comv2) (16)

— 2 1 1
a, =0 (WCAEfcanVZ * 6 (WCAEfconvl * M2 + bCAEfconvl)

2
+bear—com2) (17)
a=a Day (18)
where Wing_comi € R7*Cx1x1 represents the weight matrix

corresponding to the first convolutional layer after GMP or
GAP, and b pp o1 € R denotes the bias of the first convo-
lutional layer. W2, _ ... € REX FXIx1 represents the weight
matrix of the second convolutional layer, bZsg_coma € RE
denotes the bias of the second convolutional layer, and r is

the channel reduction factor.
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2.2.4. Spatial attention enhancement mechanism (SAE).
The spatial attention mechanism typically enhances or dimin-
ishes the representational ability of different locations in the
feature map by learning the weights of each feature position,
thereby improving the model’s focus on features at different
positions. This paper proposes an improved SAE mechanism,
as shown in figure 9.

The matrix extracted by maximum pooling in SAE is
denoted as dy = [d},d3,- - -,df], the dimension of d; is ¢ x
m X n, and the matrix extracted by average pooling in SAE
is denoted as dy = [d},d3,- -, dS], the dimension of d is
cxmXxn,d ®d, is described as:

rooll 12 n 7
NI Ml
n
di = Wai Wa Wai (19)
ml m2 mn
L War Wai Wat 1 mxn
roo1l 12 In 7
e ovg
n
dy = W Wa War (20)
wml WmZ . Wmn
L a2 d2 a2 1 mxn

11 11 1n 1n
Wil T Wao Wai T Wa
& o d =

ml m2 mn mn
Wai T Wap Wai T War | n

2y

where d| and d are the weight matrices of the ith channel
extracted by the maximum and average pooling operations,
respectively, and wj' and w’' are the weights in the weight
matrices extracted by the maximum and average pooling.
The SAE weight matrix of the features is formulated as:

B =0 (WéAE—conVZ * 5 (WéAE—convl * (dl S2) dz) + béAE—convl)
+b§AEfconv2) (22)

where Wi coni € RECXEXIX s the weight matrix of the

first convolutional layer, bl g _ o1 € R°C is the bias of the
first convolutional layer, ¢ is the reduction ratio, and the spa-
tial attention weight matrix 3'*">" is obtained by the second
convolution.

Figure 10. Dense residual feature integration module.

2.2.5. Feature residual dense fusion (DRF) module.
Figure 10 illustrates the DRF. Unlike traditional residual struc-
tures, this paper replaces the standard convolution in the resid-
ual connections with depthwise separable convolutions, fur-
ther reducing the number of parameters while maintaining
model performance.

In the DRF network, each layer’s output serves as input
to all subsequent layers, utilizing a dense residual connec-
tion mechanism. This not only alleviates the issue of vanish-
ing gradients but also enables the reuse of feature maps, help-
ing to prevent performance degradation as the network depth
increases. The DRF network contains three convolutional lay-
ers, with the input feature F, represented as:

F,=§(Conv|[Fs,Fp)) (23)
where [F,Fp] is the GAF feature splice map extracted by
MCSA, and ¢ is the Relu activation function. The output of
the mth convolutional layer in the DRF is:

Fam=0Wam|FrFao, - Fam-1])- 24

where w, ,, denotes the weights of the m-th convolutional layer
in the DRF, and [F,,F0,- - -,F4m—1] denotes the stitching of
the residually connected feature maps. The calculation of out-
put F,,, is as follows:

Fep = Conv[F.,Fg0,Fg1,Fap]. (25)

The final output of the DRF is described as: Fyy = F,,, ® F,.

2.3. The DMCSA-DRF unsupervised domain adaptation fault
diagnosis framework

To diagnose faults across different operating conditions of the
gearbox, this study adopts an unsupervised domain adaptation
fault diagnosis framework based on DMCSA-DREF, as shown
in figure 11. The framework utilizes DMCSA-DRF as the fea-
ture extractor and calculates the distribution difference of the
features extracted from the source and target domains using
the local maximum mean difference (LMMD) method, result-
ing in the domain loss (Lypmmp). Additionally, the classifier at
the backend of the model computes the classification loss (L),
and by combining Ly yvp and L, the total loss (Loss) for the
unsupervised fault diagnosis framework is obtained. Through
backpropagation, the model parameters are iteratively updated
to enable accurate fault state identification.

The optimization objective of the DMCSA-DRF model
includes the classifier loss L. corresponding to the source



Meas. Sci. Technol. 36 (2025) 056109

W Jia et al

mm————————— =

Condition
I data \

=
L
Condition ! 1 \I
n data | =

8 155
Xt fispbifnray I
B
|
|
7

Actual unlabeled —_——_———————————

data to be tested
Pseud ing of target

Model Training

QO o000 QO

Parameter update

Figure 11. Unsupervised domain adaptation diagnostic framework.

domain data, as well as the domain loss L yvp between the
source and target domains. The first optimization objective L.
is obtained by measuring the cross-entropy loss function of the
error between the predicted labels Y~ and the actual labels Y
calculated as follows:

ZZy Agfe (2°,1)

1—1 c=1

(26)

where 7 is the total number of samples in the source domain; C
is the number of sample categories; z° is the activation output
generated by the fully connected layer; f(z*) = softmax (z*);
fe(2%,i) is the cth element of output f(z*,i).

The second optimization objective is the domain loss
L vmmvp- Given the source domain D; and the target domain Dy,
the samples from both domains follow different probability
distributions p and ¢g. By applying a kernel function, the data
from both domains are mapped to a reproducing kernel Hilbert
space, and the LMMD distance between the two domains is
expressed as:

2
dn (p.q Z lef%b( )leﬁ%b (=)
parf o
@

where C is the number of categories of fault samples; wi“ and
wi are the weights of samples xl-(‘v) and xl-(l) belonging to a cer-
tain category of faults, respectively. The weight w¢ is calcu-

lated as:

S (28)
Z y jo
(%,5)€D
where y;. is the cth element of the label vector Y;. The source

domain samples use their true labels yl(s) to calculate the
weight wi¢ of each sample belonging to a particular class

of faults. The target domain samples use their pseudo-labels
i =f(x;) to compute the weight of each sample wi* .

For a given source domain D; and target domain D;, the
features extracted by the model are {Z'}’_, and {ZJ’-I};;I,
respectively, and the LMMD calculation between the two
domains is denoted as:

dy (p,q) =

Z ZZws‘ws‘k 7z )

cl i=1j=I

m m
tc. tc il _tl
+ZZwi w; k(z,- ,zj)

i=1j=1

n m
sc. tc sl sl
—ZZZwi W k(z 1% )

i=1j=1

(29)

where 7/ is the activation output of the /-th fully connected
layer (€ L={1,2,...,|l|}).
The overall optimization objective of the model is:

Loss = L. + & Livvp 30)

where £ is a hyperparameter.
The pseudocode for the DMCSA-DRF-based unsupervised
domain adaptation algorithm is shown below:

2.4. System structure and diagnostic steps

The structure of the ITTAO-DMCSA-DRF model adopted in
this paper is shown in figure 12.

The model training steps are described below:

Step 1: Sample interception and coding. All source
and target domain data are intercepted, and the intercep-
ted one-dimensional vibration signals are encoded into two-
dimensional GADF and GASF image data using GAF.

Step 2: The model is pre-trained using labeled sample data
{X;,Y;} from the source domain. Then, the unlabeled target
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Algorithm 2. Unsupervised domain adaptation fault diagnosis algorithm based on DMCSA-DRF pseudo-code.

Input: Labeled source domain data Dy = {xj,y} }fv: |» unlabeled target domain data D; = {)J,}jwzl

Output: Predicted labels for target domain samples y;.
1. Initialize model parameters
2. while not convergent do

(1) Randomly sample data {x{,y{ }/-, from source domain Ds and data {xﬁ}?’zl from target domain D;.
(2) Input the source and target domain samples into the common feature extractor F to obtain shared

features z} = F (x}) and zj = F (xj).

(3) Use the source classifier C to predict labels for source domain features: ¥ = C(z}).
(4) Compute the classification loss L. according to equation (26).
(5) Calculate the domain adaptation loss Lymmp using the source domain features z* and target domain

features 7' according to equation (29).

(6) Compute the total loss L of the model according to equation (30).
(7) Update the model parameters through backpropagation.

3. end while

4. Input the target domain samples into the model to generate predicted labels: 3, = C (F (x’
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Figure 12. Overall system structure.

domain data {X,} is input into the pre-trained model to obtain
the corresponding pseudo-labels Y”,.

Step 3: Training the model. The source domain with labeled
samples and the target domain with pseudo-labeled samples
are input into the model using joint distribution alignment for
feature distribution alignment, the total model Loss is com-
puted by classification loss and domain loss, and the gradient
is computed by backpropagation and iterated according to the
parameters optimized by ITTAO.

Step 4: Model Performance Evaluation. All the data
in the target domain are used as inputs to the pre-
trained model, and the performance of the model is eval-
uvated by calculating the model’s Accuracy, Precision,
MacroRecall, and MacroF1-score based on the prediction
results.

3. Experiments and analyzes

3.1. Data sources

3.1.1. Case study 1 dataset: PHM2009. The data was
obtained using the PHM?2009 gearbox data [55], the gearbox
structure is shown in figure 13(a), with two accelerometers
deployed near the input and output shafts on both sides of the
gearbox. This gearbox dataset contains eight types of faults
and the dataset description is shown in table 1. The data were
collected at 30, 35, 40, 45, and 50 Hz with a sampling fre-
quency of 66.7 kHz at high and low loads, respectively. In this
paper, experimental validation is carried out using input data
at high loads, with five speeds corresponding to five operating
conditions, numbered A to E, as shown in table 2.
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Figure 13. Gearbox structure.

Table 1. Description of fault categories in PHM2009 gearbox
dataset.

Gear Bearing Shaft

Label 32T 48T 80T 96T IS:AS IDIS OSAS IS OS
1 H H H H H H H HH
2 C H E H H H H HH
3 H H E H H H H H H
4 H H E B B H H H H
5 ¢ H E B Inh B O HH
6 H H H B Imh B O ImH
7 H H H H Imh H H H H
8 H H H H H B O Im KS

IS: Input shaft; ID: Intermediate shaft OS: Output shaft.
H= Health; E: Eccentric; Br: Broke; B: Ball; In: Inner; Im: Imbalance.
KS: Keyway shear.

Table 2. PHM?2009 gearbox dataset working condition markers.

Condition (Hz) 30 35 40 45 50

Code A B C D E

Table 3. Description of DDS gearbox data set.

Type Description

Health Gears in a healthy state

Chipped The crack occurs in the gear feet
Gearboxes Miss Missing one of the feet in the gear

Root Crack occurs in the root of gear feet

Surface Wear occurs on the surface of the gear

3.1.2. Case study 1 dataset: Dynamics Simulator DDS.  The
gearbox dataset used in the experiment is from Southeast
University’s Drivetrain DDS [56]. The gearbox structure is
shown in figure 13(b), which consists of components such as
the motor, planetary gearbox, reduction gearbox, and load.
Vibration sensors of model 608A11 are deployed at three dif-
ferent axial positions (x, y, and z) on the gearbox to col-
lect vibration signals from gears exhibiting different fault
modes. The gearbox features five distinct fault states, as lis-
ted in table 3. The dataset includes two operational conditions:
Condition A with a rotational speed of 20 Hz (1200 rpm) and
no load (0 V, 0 Nm), and Condition B with a rotational speed
of 30 Hz (1800 rpm) under load (2 V, 7.32 Nm).

In the experiment, data from five categories of the DDS
gearbox were resampled at equal intervals, resulting in a data-
set containing 1,000 samples, each with a length of 1,024. The
resampled data were then encoded using GAF and used as
input to the model for performance validation.

In the experiment, data from five categories of the DDS
gearbox were resampled at equal intervals, resulting in a data-
set containing 1,000 samples, each with a length of 1,024. The
resampled data were then encoded using GAF and used as
input to the model for performance validation.

3.2. Indicators for model assessment

To evaluate the model’s effectiveness, we employ commonly
used evaluation metrics in fault diagnosis multiclass classi-
fication to assess its predictive performance. These metrics
include accuracy, precision, recall, macro-recall, F1 score, and
macro Fl-score. Below are the formulas for calculating these
evaluation metrics:

Accuracy:
TP+ TN
Accuracy = + . (€2))
TP+ TN+ FP + FN
Precision:
TP
Precision = ——. 32
recision TP TN (32)
Recall:
TP
Recall = ———. 33
T TP TIN (33)
Macro-recall:
N
> Recall;
MarcoRecall = - (34)
N
F1-score:
Precision x Recall
F, — =2 . 35
17 seore 8 Precision + Recall (33)
Macro F1-score:
N
> F| — score;
Marco F; — score = N 36)
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where TP stands for true positives, TN denotes true negatives,
FP indicates false positives, FN refers to false negatives, and
N represents the total number of sample classes.

3.3. Data pre-processing

The GAF [57] is a novel approach for representing time series
data. GAF transforms one-dimensional signals into polar
coordinates and performs inner product operations, ensuring
angular differences between different modalities at the same
time point, thus achieving maximum differentiation between
different features. The definition of the GAF is as follows:

Given an input one-dimensional sequence of signals
X ={x1,x, -+ ,x,}, the signals are first normalized to the
[—1,1] interval by equation (37) and the [0, 1] interval by
equation (38):

(x; — max (X) 4+ (x; — min (X)))

max (X) — min (X) 37)

X_1=

x; — min (X)
max (X) — min(X) "

Xo= (38)

Secondly, the normalized signals were mapped to the polar
coordinate system using the following formulae, encoding the
magnitude as the angular cosine and the time axis as the radius:

¢ = arccos (x,-) ’,.71 <x;<l,x;eX (39)
r=ytLe N
where #; is a time point and N is a constant factor used to nor-
malize the scale span of the polar coordinate system.
The formulas for computing the Gramian angular differ-
ence/ summation field are presented below:

GADE = [sin(¢; — ¢,)] = VI- %2 -X—X'\/I-X* (40)
GASF = [cos (¢ + 6,)] = X' - XV I-x -\ I-x @1)

where [ is the unit row vector. The 2D GADF and GASF trans-
formed the image of a 1D sequence can be obtained by map-
ping the values of GADF and GASF to a 2D color image. The
images of the PHM2009 dataset after coding for 8 different
states are shown in figure 14.

3.4. Experimental validation

3.4.1 ITTAO algorithm performance validation. The per-
formance of the model can be affected by the settings of certain
hyperparameters during the training process. Furthermore,
manually setting these hyperparameters has inherent limita-
tions. Consequently, this paper utilizes the ITTAO algorithm
for optimal hyperparameter configuration. The hyperparamet-
ers in the model include the InitialL.earnRate, Mini-Batch Size,

and MaxEpochs. In the process of feature attention extrac-
tion, the ITTAO algorithm is employed to adaptively optimize
the channel reduction factor parameter r and restoration factor
parameter A in the CAE and SAE modules. Additionally,
optimization is conducted for the domain loss proportion
factor £ corresponding to the UDA framework, aiming to
enhance the model’s classification accuracy by dynamically
adjusting the proportion of domain loss. Figure 15 presents
the test results of the ITTAO algorithm alongside the bat
algorithm (BAT), the dragonfly algorithm (DA), and the grey
wolf algorithm (GWO) on some of the standard test functions.
To ensure the validity of the experiments, each algorithm’s
population size N is set to 100, the number of iterations T is
set to 500, and the dimensionality is set to 30. Each algorithm
is tested 10 times.

Figure 15 illustrates the iterative processes of the ITTAO,
BAT, DA, and GWO algorithms on several standard test func-
tions. Compared to other algorithms, the ITTAO algorithm
achieves faster convergence to the optimal solution on the
F1-F4 unimodal test functions. On the multimodal test func-
tions F8-F11, the ITTAO algorithm maintains its superior
performance.

Table 4 presents the experimental results on the stand-
ard benchmark functions F1-F13, demonstrating that the pro-
posed improved algorithm, ITTAO, outperforms the compared
algorithms in most test cases. Moreover, compared to the ori-
ginal TTAO algorithm, ITTAO exhibits significant perform-
ance enhancements across nearly all test functions. The only
exception is F8, where the improvement is marginal. These
results indicate that the three proposed strategies effectively
enhance both the exploration and exploitation capabilities of
the algorithm.

Table 5 presents the optimal parameters required for the
DMCSA-DRF model along with their respective value ranges.

To further validate the effectiveness of the ITTAO
algorithm, the proposed model was evaluated under six
different optimization strategies or algorithmic conditions.
Specifically, ‘Non’ refers to a baseline model where no optim-
ization technique was applied, and parameters were set manu-
ally based on empirical experience. The model being optim-
ized is the proposed DMCSA-DRF. The other comparative
algorithms include the GS algorithm, the improved Harris
hawks optimization algorithm (IHHO) [53], the improved
crayfish optimization algorithm (ICOA) [58], the improved
whale optimization algorithm (IWOA) [59], and the proposed
ITTAO algorithm. Each experiment was conducted five times,
and the average performance was used as the final evaluation
metric. The results are presented in table 6 and figure 16.

As shown in table 6, when no optimization algorithm
was used (Non), the model had the shortest training time
(7 min), but its prediction accuracy was only 96.34%, indic-
ating the limitations of manually set parameters. In contrast,
GS significantly improved the prediction accuracy to 99.16%.
However, due to its exhaustive search method, the training
time increased substantially to 117 min, resulting in a very
high computational cost that makes it unsuitable for practical
complex scenarios. Heuristic optimization algorithms (IHHO,
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Figure 14. Vibration waveforms and GADF and GASF image for eight states at 35 Hz rpm for PHM2009 gearbox data: (a), (b), (c), (d),
(m), a (n), (0), respectively (p) PHM2009 eight different data sets the vibration signals of the fault statuses; (e), (), (g), (h), (q), (), (s), (t)
are respectively PHM2009 dataset GADF image features of 8 different fault statuses; (i), (j), (k), (1), (u), (v), (w), (x) are respectively
PHM?2009 dataset GASF image features of 8 different fault statuses.
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Figure 15. Test results of ITTAO algorithm and other optimization algorithms on some standard test functions.

ICOA, IWOA) achieved a better balance between training time
and prediction accuracy compared to Non and GS. The pre-
diction accuracies of IHHO, ICOA, and IWOA were 98.92%,
98.96%, and 98.65%, respectively, with training times con-
trolled between 35 and 40 min. Compared to GS, heuristic
optimization algorithms effectively reduced the training time
while maintaining high prediction accuracy. Compared to
Non, they significantly enhanced model performance, demon-
strating that heuristic optimization algorithms can effectively
improve the efficiency and quality of hyperparameter tun-
ing. The ITTAO proposed in this paper further optimized the
balance between training efficiency and model performance.

It achieved the highest prediction accuracy of 99.86% with
only 33 min of training time, significantly outperforming other
optimization algorithms. Compared to Non, ITTAO increased

the training time by only approximately 26 min, yet resulted
in a 3.52% accuracy improvement. Compared to GS, ITTAO
reduced the training time by 72% while improving accuracy
by 0.7%, reflecting its efficiency and optimization capabil-
ity. Moreover, as seen in figure 16, although the optimization
algorithms increased the computational overhead during the
training phase, the differences in test times among different
algorithms were minimal, all remaining between 0.56 s and
0.66 s. This suggests that the use of optimization algorithms
mainly affects the training phase and does not impact the real-
time performance of online deployment.

As indicated in table 6, the DMCSA-DRF model exhib-
its optimal learning performance when the hyperparameters
InitialLearnRate, MiniBatchSize, and MaxEpochs are con-
figured at 10-3, 64, and 20 respectively. With the CAE unit’s
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channel reduction ratio r set to 8 and the SAE unit’s chan-
nel restoration ratio ¢ set to 4, the model can effectively prior-
itize crucial feature information. Additionally, by setting the
domain loss ratio factor £ to 0.5, the model achieves a sat-
isfactory balance between the two types of losses, ensuring
accurate identification of various fault states. It is worth not-
ing that when no optimization algorithm is used, manual tun-
ing introduces an unquantifiable time cost, and the subjectiv-
ity of parameter setting can lead to unstable model perform-
ance. In contrast, ITTAO avoids the uncertainty associated
with manual tuning by automatically searching for optimal
parameters, resulting in more stable and efficient optimiza-
tion. Moreover, ITTAO demonstrates its effectiveness in deep
learning hyperparameter optimization by achieving faster con-
vergence, lower computational costs, and superior optimiza-
tion capabilities. This makes it a highly efficient optimization

solution for engineering applications, such as gearbox fault
diagnosis.

3.4.2. Model performance validation.

3.4.2.1. Performance verification of the data preprocessing.

To evaluate the effectiveness of GASF/GADF prepro-
cessing in fault diagnosis tasks, this study designs a com-
parative experiment focusing on data preprocessing, aimed
at investigating the impact of this preprocessing method
on model performance. Since the original one-dimensional
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vibration signals have certain limitations in expressing tem-
poral features, the GASF/GADF method can convert time
series into two-dimensional images with spatiotemporal
dependencies, which helps improve the model’s feature
extraction capabilities. Therefore, we selected models with
different architectures to compare their performance differ-
ences between unprocessed and preprocessed data, to val-
idate the overall impact of the GASF/GADF transformation
on accuracy, robustness, and computational efficiency. The
experimental setup keeps the number of layers for 1D-CNN
and 2D-CNN consistent, with only the input signals differing.
The LSTM and GRU hidden layer units are set to 75 and 80,
respectively, while the CNN in CNN-LSTM and CNN-GRU
consist of 3 x 3 convolutional layers designed to process the
2D images. Each model experiment was conducted 5 times,
with the average being taken as the final evaluation result. The
experimental results are shown in table 7.

As shown in table 7, in terms of prediction accuracy,
the models based on raw signals (ID-CNN, LSTM, GRU)
achieved accuracies of 76.23%, 81.44%, and 83.42%, respect-
ively. In contrast, models using GASF/GADF transform-
ations (2D-CNN, CNN-LSTM, CNN-GRU) saw improve-
ments in accuracy by 9.13%, 7.49%, and 7.17%, highlight-
ing the advantages of preprocessing in feature representation.
Although the training time increased from 7-9 s to 11-15 s,
and the testing time also rose (from 0.23-0.27 s to 0.29-
0.30 s), the increase in computational cost is still accept-
able given the accuracy gains. Notably, the CNN-GRU model
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Table 4. Test results of the improved algorithm and other algorithms on standard test functions.
Function BAT DA GWO TTAO ITTAO
- Mean 0.3811 221.3359 3.61 x 107# 3.10 x 1073 0
Std 0.1777 133.5912 3.949 x 1074 4.60 x 1073 0
- Mean 1.3692 5.7088 4799 x 10724 3.98 x 1072 0
Std 1.9974 4.8701 5.688 x 1072 3.87 x 1072 0
- Mean 5.2213 6.936 x 10° 6.066 x 10712 126.94 0
Std 11.5471 1.046 x 10° 5.988 x 10~ 12 47.92 0
4 Mean 0.2987 13.2627 1.639 x 10710 4768 0
Std 0.3195 4.8746 4.825 x 1071 0.995 0
Fs Mean 44,5232 1.1206 x 10* 25.8992 183.301 28.1295
Std 34.4697 1.0161 x 10* 0.7777 95.2583 0.1226
F6 Mean 43552 174.232 0.3496 2.1169 0.0032
Std 3.8514 260.323 0.2265 0.4334 0.0036
7 Mean 0.0162 0.108 7.2852 x 1074 0.0353 0.0067
Std 0.0352 0.0732 1.7345 x 10~* 0.0118 0.0041
- Mean —116.6015 —5911 x 1073 —6.557 x 10° —7.929 x 1073 —8.807 x 103
Std 0.4135 560.0519 489.0051 490.940 251.6433
- Mean 38.4139 95.438 1.4276 15.324 0
Std 13.5351 35.7186 0.6835 3.4899 0
F10 Mean 0.3088 8.1203 2.815 x 1071 4.1682 4.441 x 1016
Std 0.5069 5.4866 1.589 x 10713 1.1166 0
11 Mean 0.0025 3.2396 0 0.0126 0
Std 0.0050 3.5499 0 0.0084 0
Flo Mean 0.2601 9.7770 0.1772 0.9979 0.0181
Std 0.04 13.2665 0.0403 0.6845 0.0097

Note: Bold values indicate the best performance results.

Table 5. Model parameter search results.

Parameter
index Hyperparameter name Search range
h; InitialLearnRate [ 1072-1 0_6]
h, MiniBatchsize [8,16,32, ...,521,1024]
hs MaxEpochs [20-100]
hy Reduction ratio r [2—-64]
in the CAE unit
hs Increase the ratio [2-64]
¢ in the SAE unit
hg Domain loss [0-1]

Percentage Factor &

achieved superior training efficiency while maintaining high
accuracy. Overall, GASF/GADF preprocessing effectively
enhances the model’s discriminative capability and improves
fault diagnosis accuracy, while maintaining a good balance
between training and inference efficiency.

3.4.2.2. Performance verification of the attention mechanism.
To validate the effectiveness of the proposed improved atten-
tion enhancement mechanism, ablation experiments were con-
ducted comparing our method with other convolutional atten-
tion mechanisms, including SE [36], CSAR [39], CBAM [40],
and GAM [60]. In these experiments, the same CNN archi-
tecture was used in conjunction with each attention mechan-
ism for performance evaluation. The experimental results are
shown in table 8.

As shown in table 8, the SE attention mechanism has the
lowest number of parameters and computational complexity
(6k and 0.091 G), with the shortest testing time (0.28 s).
However, due to its consideration of only channel attention,
the classification accuracy is limited to 88.33%. In compar-
ison, the CBAM and GAM attention mechanisms calculate
both channel and spatial attention, achieving classification
accuracies of 91.06% and 92.22%, respectively. However,
due to their multi-layer perceptron and large convolutional
kernel structures, the parameters (105.4 k and 105.7 k) and
computational complexity (FLOPs) of CBAM and GAM are
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Table 6. Comparative test of different optimization methods.

Number Optimization algorithm Train time Test time ACC (%) Parameter [h1-h6]

1 Non 7 min 0.57s 96.34 (1072, 32, 30, 4, 4, 0.4]
2 GS 117 min 0.66 s 99.16 [1073, 64, 30, 8, 4, 0.5]
3 IHHO 35 min 0.57s 98.92 [1072, 128, 20, 4, 4, 0.5]
4 ICOA 39 min 0.56s 99.04 [1073, 32, 20, 4, 2, 0.4]
5 IWOA 40 min 0.59 s 98.65 (1072, 64, 20, 4,2, 0.5]
6 ITTAO 33 min 0.56 s 99.86 [1073, 64, 20, 8, 4, 0.5]

Note: The bold numbers represent the highest accuracy achieved among all methods.
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Figure 16. Comparison of diagnostic performance and test time of different models.

Table 7. Ablation study of GASF/GADF data preprocessing.

Input signal type Evaluation metrics
Model Raw signal GASF- GADF ACC% Training time (s) Test time (s)
1DCNN R 76.23 7.12 0.23
LSTM R 81.44 9.07 0.27
GRU v 83.42 8.66 0.25
2DCNN \ 83.19 15.54 0.30
CNN-LSTM \ 87.54 13.65 0.29
CNN-GRU v 89.43 11.60 0.29

Table 8. Ablation experiment on the DDS dataset.

Model Attention Parameters FLOPs ACC% Test time (s)
SE 6k 0.091G  88.33 0.28
CSAR 32.1k 1.794G  91.15 0.59

CNN CBAM 105.4k 20.447 G  91.06 0.66
GAM 105.7k 36.558G  92.22 0.85
CAE-SAE 19.9k 0.597G 9437 0.52

significantly higher, at 20.447 G and 36.558 G, respectively.
Consequently, the testing times (0.66 s and 0.85 s) are also
higher than the other models, leading to greater computational
resource demands. Although the parameter count (32.1 k) and
FLOPs (1.794 G) of CSAR are lower than those of CBAM
and GAM, its accuracy (91.15%) and testing time (0.59 s) are
still lower than those of the CAE-SAE. Overall, the CAE-SAE
attention mechanism designed in this study is comparable to
SE in terms of parameter count (19.9 k) and computational
complexity (FLOPs: 0.597 G), yet it achieves the highest clas-
sification accuracy (94.37%) with a testing time of just 0.52 s.

This demonstrates that the proposed method strikes a balance
between high accuracy and efficient diagnostic performance.

3.4.2.3. Performance verification of the model structure.
To validate the effectiveness of the model designed in this
study, ablation experiments were conducted on the PHM2009
dataset to assess the impact of different feature extrac-
tion modules on the overall network performance improve-
ment. The experiments used a standard convolutional layer
(CNN + BN + ReLU, CBR) as the baseline model, with input
data processed in both single-input and multi-input modes.
The results of the ablation experiments are presented in table 9.
Table 9 shows the results of the ablation experiments
conducted on the PHM2009 dataset. For input GASF and
GADF feature maps, the diagnostic accuracy of the single-
branch CBR baseline model was 81.19% and 79.14%, respect-
ively. After replacing the CBR baseline model with the
MSCNN module, the diagnostic accuracy of the MSCNN
model increased by 6.65%. The MSCNN model employs con-
volution kernels of multiple sizes, which not only enhance the
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Table 9. Ablation experiment on the PHM2009 dataset.
MSCNN CAE SAE DRF PHM2009

GASF GADF ACC% Learning parameters

CBR v 81.19 48M

CBR N 79.14 48M

MSCNN v R 86.97 0.9M

MSCNN + CAE v N N 92.45 L.1M

MSCNN + SAE v v v 93.66 L.1M

MSCAM v \ v N 95.76 1.3M

MSCAM + DRF v S v \ v N 97.55 1.7M

DMSCAM + DRF v S v v v v 99.85 19M

diagnostic performance but also significantly expand the num-
ber of learnable parameters. When the CAE and SAE mod-
ules were incorporated into the MSCNN model, the diagnostic
accuracy further improved to 92.45% and 93.66%, respect-
ively. Compared to the baseline CBR model, the diagnostic
accuracy of the model improved by 7.14% and 7.77%, respect-
ively, after incorporating the CAE and SAE attention mech-
anisms designed in this paper. The addition of the attention
mechanisms allows for a more effective capture of key fea-
tures representing faults in the data. However, it also slightly
increases the number of learnable parameters. When the CAE
and SAE channel and spatial attention modules were added to
the MSCNN model, the diagnostic accuracy of the MSCAM
model increased by 3.46% and 2.33%, respectively, compared
to the single-attention models, MSCNN-CAE and MSCNN-
SAE. By incorporating the DRF module into the MCSAM
model, the diagnostic accuracy was enhanced by 1.83%. With
the proposed dual-branch feature extraction model DMCSA-
DREF, the diagnostic accuracy reached 99.85%. The experi-
ments show that, in comparison to the single-branch MCSA-
DRF model, the dual-branch DMCSA-DRF model improves
diagnostic accuracy by 2.3%.

To validate the effectiveness of the proposed model, we
replaced the attention mechanisms CAE/SAE, multiscale con-
volution MSCNN, and dense connection DRF in DMCSA-
DREF, resulting in CNN-DRF, MSCNN-DRF, and MCSA-
DRF, while keeping the overall layer count consistent.
Additionally, we compared our models with two other meth-
ods combining different attention mechanisms with multiscale
convolution, namely CSAM-MSCNN [61] and CBAM-
MSCNN [62], the evaluation results are shown in figure 17.

As shown in figure 17, the prediction accuracy of the
multi-scale feature extraction model MSCNN-DRF increased
by 19.22% compared to the single-scale feature extraction
model CNN-DREF. This indicates that the multi-scale structure
can capture richer feature information from different recept-
ive fields, aiding the model in uncovering deeper correla-
tions between data. Compared to CNN-DRF and MSCNN-
DREF, the DMCSA-DRF model shows an improvement in aver-
age classification accuracy by 27.6% and 7.03% across eight
categories, respectively. This improvement suggests that the
CAE and SAE mechanisms in the DMCSA-DRF model can

20

dynamically adjust attention distribution among various fea-
tures, reducing redundant information and thereby enhancing
the model’s diagnostic performance. Compared to MCSA-
DRF, DMCSA-DRF achieved a 1.97% increase in prediction
accuracy, indicating that the dual-branch structure’s input val-
idates the model’s ability to learn richer feature information.
Furthermore, compared to the CBAM-MSCNN and CSAM-
MSCNN, DMCSA-DRF exhibited improvements in predic-
tion accuracy by 4.86% and 2.79%, respectively, suggesting
that the parallel structure of channel and spatial attention in
this paper holds an advantage over the concatenated structures
of channel and spatial attention in the CBAM-MSCNN and
CSAM-MSCNN.

Figure 18 displays the confusion matrices for various mod-
els on the transfer task from dataset B to A using the DDS
gearbox data.

As illustrated in figure 18, the proposed MCSA-DRF
feature extraction model achieves an average increase of
41.57% in diagnostic accuracy across five classes com-
pared to CNN-DRF. This demonstrates that the integration
of multi-scale features and attention mechanisms significantly
enhances the model’s feature learning capabilities. Compared
to CBAM-MSCNN and CASM-MSCNN, the MCSA-DRF
model improves average diagnostic accuracy by 4.82% and
2.06%, respectively. This indicates that the parallel attention
mechanism in MCSA-DREF is more effective at enhancing key
features than the sequential structures of CBAM and CASM.
Compared to MSCNN-DREF, the MCSA-DRF model improves
the average diagnostic accuracy for classes 3, 4, and 5 by
13.9%. This improvement is due to the attention enhance-
ment mechanism in MCSA-DREF, which effectively filters out
redundant features introduced by the multi-scale structure.
Additionally, the DMCSA-DRF model increases the average
diagnostic accuracy across five classes by 4.92% compared to
MCSA-DREF. This indicates that the GASF and GADF images
constructed from GAF encoding contain some uncorrelated
feature information, and the dual-branch structure can more
effectively learn critical feature information. The proposed
dual-branch DMCSA-DRF model significantly enhances the
representation of key features by fully extracting and utiliz-
ing multi-scale feature information, thereby achieving accur-
ate recognition of different gearbox states. The performance
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Figure 17. Confusion matrix for task A — E under different methods.

evaluation results of different models on the PHM2009 data-
set are shown in figure 19.

As shown in figure 19, the CNN-DRF model exhibits
a relatively low Precision, particularly evident in the 8th
class, where the misdiagnosis rate reaches 100%. All faults
of the 8th class are misclassified as the 1st, 6th, and 7th
classes. Compared to CNN-DRF, the model MSCNN-DRF
reduces the misclassification rate on class 8-21%, and the

21

Marco Recall and Marco Fl-score of MSCNN-DRF are
improved by 19.22% and 29.1%, respectively, which sug-
gests that the proposed multiscale structure significantly
improves the overall diagnostic performance of the model.
DMCSA-DRF demonstrates improvements in Marco Recall of
27.6% and 7.02% compared to CNN-DRF and MSCNN-DRF,
respectively. Additionally, DMCSA-DRF achieves enhance-
ments in Marco Fl-score of 38% and 6.11%, respectively.



Meas. Sci. Technol. 36 (2025) 056109

W Jia et al

Average Accuracy = 67.53%

70.00%

(a) CNN-DRF

Average Accuracy = 91.2%

99.00%

81.00%

5 85.00%

(¢) CBAM-MSCNN

Average Accuracy = 95.6%

1 98.00%

100.00%

95.00%

(¢) MCSA-DRF

Average Accuracy = 89.27%

100.00%

(b) MSCNN-DRF

Average Accuracy = 93.67%

(d) CSAM-MSCNN

Average Accuracy = 99.87%

1 100.00%
100.00%

100.00%

(f) DMCSA-DRF

Figure 18. Confusion matrix for task B — A under different methods.

These findings validate the robust feature extraction perform-
ance of the proposed dual-branch multi-scale attention struc-
ture. Compared to CBAM-MSCNN and CSAM-MSCNN,
DMCSA-DRF exhibits improvements in Marco Recall of
6.88% and 4.82%, respectively. Moreover, DMCSA-DRF
achieves enhancements in the Marco F1-score of 8.86% and
6.8%, respectively. Additionally, it achieves high diagnostic
accuracy across all fault categories, further confirming the
superiority of the proposed model.
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3.4.2.4. Performance validation of model structure under dif-
ferent source domain conditions. ~ To further verify the gen-
eralization performance of the model, the experiment involved
setting data from different operating conditions sequentially as
the source domain and other conditions as the target domain,
to experimentally validate the diagnostic performance of dif-
ferent models. Each model was subjected to five experiments
for each transfer task, and the mean classification accuracy was
taken as the final evaluation metric, as depicted in figure 20.
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Figure 19. Performance validation of different models on the
PHM2009 dataset.

Figures 20(a)—(e) depict the model evaluation results when
conditions A, B, C, D, and E serve as the labeled source
domain data, with the other four conditions acting as the tar-
get domain data, respectively. The CNN-DRF model achieved
the lowest average accuracy of 72.36% in transfer tasks across
five different conditions, whereas the multi-scale MSCNN-
DRF model achieved an accuracy of 90.2%. The multi-scale
MSCNN-DRF model improved accuracy by 24.64% com-
pared to the single-scale CNN-DRF, indicating that multi-
scale features contain richer fault information, which effect-
ively enhances the model’s diagnostic performance. The aver-
age accuracy of the MCSA-DRF proposed in this paper
on the target conditions is 96.26%, while MSCNN-CBAM
and CSAM-MSCNN obtain average accuracies of 92.87%
and 95.2%, respectively, on these conditions. In compar-
ison to the MCSA-DREF, the accuracies of MSCNN-CBAM
and CSAM-MSCNN decrease by 3.52% and 1.1%, respect-
ively. In comparison to the single-branch structure of MCSA-
DRF, DMCSA-DRF demonstrates a 3.73% increase in average
accuracy on the target conditions. This increase supports the
effectiveness of DMCSA-DRF’s dual-branch design, which
incorporates both GADF and GASF inputs simultaneously to
learn the underlying fault feature information within the data
more effectively and comprehensively.

Figure 21 presents the evaluation metrics of different
models on the target domain condition A. Notably, the
Precision of the CNN-DRF model is subpar, particularly
evident in class 3 and class 5, with misclassification rates
of 47.67% and 62%, respectively. In contrast to the CNN-
DRF model, both the MSCNN-DRF and MCSA-DRF mod-
els demonstrate decreased misclassification rates in class 3,
reducing to 13% and 8.33%, and in class 5, decreasing to
14.67% and 5%, respectively. Analysis of the macro indic-
ator Marco F1-score indicates a notable increase in perform-
ance for both the MSCNN-DRF and MCSA-DRF models
by 33.53% and 43.16%, respectively, underscoring the signi-
ficant enhancement in diagnostic accuracy facilitated by the
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multi-scale attention structure. Compared to CBAM-MSCNN
and CSAM-MSCNN, DMCSA-DREF achieves improvements
in the MarcoF1-score of 9.58% and 6.67%, respectively, fur-
ther validating the superiority of the proposed model.

Figure 22 shows the evaluation results of different models
in transfer tasks under various conditions. The CNN-DRF fea-
ture extraction model had the poorest diagnostic performance
when two different conditions were used as the source domain,
achieving the lowest accuracy of 67.49%. The average accur-
acy of MSCNN-DRF on the target condition is 88.95%, which
is 31.8% higher than that of the single-scale CNN-DREF, but
7.32% lower than that of MCSA-DRF. This is attributed to
the multi-scale attention mechanism in MCSA, which not
only provides rich feature information at different scales but
also enhances the model’s ability to extract key features. The
average accuracy of MSCNN-CBAM and CSAM-MSCNN on
the target condition is 91.94% and 93.92%, respectively. In
comparison, the proposed DMCSA-DRF achieves an average
accuracy of 99.94% on the target condition, which is 6.02%
and 4.48% higher, respectively. This demonstrates that the
parallel multi-scale attention enhancement mechanism pro-
posed in this paper effectively improves the model’s diagnostic
performance. Compared to the single-branch MSCA-DREF,
the DMCSA-DRF model with a dual-input branch structure
achieves a 4.69% higher average accuracy on the target con-
dition. This enhancement demonstrates that the dual-branch
structure of DMCSA-DREF offers richer input feature inform-
ation, allowing the model to capture more fault information.

3.4.3. Ablation experiments compared with other models.
To further evaluate the performance of the DMCSA-DRF
model, this study compares it with other deep learning models.
The comparison models include the residual network (ResNet)
[63], LSTM networks [64], and GRU [65]. The GADF and
GASF image data, encoded via Gram Angle Field, are used as
inputs for the DMCSA-DRF model, while the vibration signal
data, sampled and cropped, are input to the ResNet, LSTM,
and GRU models. Figure 23 illustrates the accuracy and loss
trends for different models for training.

As observed in figure 23(a), the DMCSA-DRF model
demonstrates the fastest accuracy improvement on the train-
ing set, stabilizing after 100 iterations with a final accuracy
approaching 100%, well above the performance of the other
models. The LSTM model achieves the second-best training
accuracy, reaching its peak after 300 iterations. However, it
exhibits a slower convergence rate and more significant accur-
acy fluctuations. The GRU model performs slightly worse,
with slower accuracy gains and more pronounced fluctuations.
The ResNet model experiences the slowest accuracy improve-
ment, and its final accuracy is lower than that of the other mod-
els. In the loss curve presented in figure 23(b), the DMCSA-
DRF model achieves the fastest reduction in loss, stabiliz-
ing after approximately 100 iterations and reaching the low-
est final loss. The ResNet model shows the second-fastest loss
reduction, with a steeper decline than DMCSA-DRF in the
first 25 iterations. This is because the DMCSA-DRF model,
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Figure 20. Prediction accuracy comparison of various models with different operating conditions as the source domain in the PHM2009

dataset.
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Figure 22. Prediction accuracy comparison of various models with
different operating conditions as the source domain in the DDS
dataset.

utilizing a dual-branch input structure, initially fits the data at a
slower rate than ResNet. However, after the 25th iteration, the
loss reduction rate of DMCSA-DRF exceeds that of all other
models. The LSTM and GRU models demonstrate slower loss
reduction rates and higher final loss values. In summary, the
DMCSA-DRF model outperforms the other models in terms
of both accuracy and convergence speed, providing superior
diagnostic accuracy and training efficiency.

For further comparison of the models’ classification per-
formance, the T-SNE algorithm was employed to visualize the
classification results of ResNet, LSTM, GRU, and DMCSA-
DRF. T-SNE is capable of revealing the local structure and
cluster characteristics within the data. As shown in figure 24,
the visualization results use different numbers and colors to
represent sample categories, with detailed category informa-
tion listed in table 1. Increased dispersion among points of

25
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Figure 23. Training curves for different models.

different colors, and increased clustering among points of the
same color, signifies higher recognition levels of the models
for different fault types.

From figure 24(a), it is evident that Res-Net can separ-
ate different categories without any overlap between them.
However, it divides class 2 into two parts, failing to achieve
proper clustering for class 2. Additionally, the clustering
for classes 3, 4, 5, 6, and 8 appears to be more dispersed.
According to figure 24(b), the LSTM model successfully
clusters all eight classes. Nevertheless, there is a slight over-
lap between class 8 and class 7, and the clustering of classes
2,4, 5, and 6 appears to lack concentration. The visualiza-
tion results for the GRU model are presented in figure 24(c).
Compared to ResNet and LSTM, the clustering performance
of GRU is slightly inferior for class 7, but relatively concen-
trated for other classes. However, apart from classes 3 and 5,
there is a slight overlap among other categories. Compared to
the other three models, the DMCSA-DRF model proposed in
this paper achieves superior classification performance across
all eight classes. Moreover, there is no overlap between differ-
ent classes, ensuring accurate identification of all eight distinct
fault classes.

As depicted in figure 25(a), ResNet can separate classes 1
and 2 from the other classes, but it performs poorly in clus-
tering class 2, and there is substantial overlap among classes
3,4, and 5. Figure 25(b) illustrates that LSTM can distinguish
all five classes, although the distinction between classes 3 and
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Figure 24. The T-SNE visualization results of different models in Tasks A-E: (a) ResNet; (b) LSTM; (c) GRU; (d) DMCSA-DRE.

4 is not pronounced, and there is slight overlap among the
other classes. GRU can also distinguish all five classes, but
there is some minor overlap between classes 4 and 5. The pro-
posed DMCSA-DRF model achieves clear distinction among
all five classes with no overlap, demonstrating its superior-
ity. This advantage is due to the DMCSA-DRF model’s multi-
scale attention structure, which efficiently extracts crucial fault
features, and the DRF module’s capability to repeatedly utilize
and learn from these multi-scale features, thereby improving
the model’s diagnostic accuracy.

To further validate the diagnostic performance of the pro-
posed model and comparison models, a comparison is made
based on the learnable parameters, FLOPs, and testing time of
the models. The comparison results are shown in table 10.

Table 10 indicates that the LSTM model has the fewest
learnable parameters (1.5 M) and the lowest computational
complexity (24.5 G), leading to the fastest diagnostic speed,
although its diagnostic accuracy ranks third. The ResNet
model, with 20.7 M parameters and 47.4 GFLOPs, ranks
third in terms of parameter size and computational complex-
ity while exhibiting the worst diagnostic performance. The
GRU model, with 22.3 M parameters and 55.1 GFLOPs,
achieves second place in diagnostic accuracy. In contrast,
the proposed DMCSA-DRF model, with 1.9 M parameters,
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ranks second in both computational complexity and testing
time, yet it achieves the highest diagnostic accuracy. The res-
ults indicate that the proposed model provides a better bal-
ance between diagnostic accuracy and efficiency, thus meet-
ing the real-time fault detection requirements in industrial
applications.

3.4.4. Anti-noise performance verification.  To evaluate the
proposed model’s resistance to noise, Gaussian white noise
was used to replicate the noise interference commonly found
in industrial processes. We introduced Gaussian white noise
with signal-to-noise ratios (SNR) of —5dB,0dB, 5dB, 10dB,
and 15 dB into the original datasets across different opera-
tional scenarios. The noise resistance performance of vari-
ous models was subsequently validated through distinct TL
tasks. Each task was executed five times per SNR level, and
the average classification accuracy was recorded as the final
assessment metric. The results of the validation are depicted
in figures 26 and 27.

From figures 26 and 27, it is evident that as the injec-
ted noise increases, the predictive performance of all models
across different operating conditions tasks declines to vary-
ing degrees on both datasets. Figures 26(a) and (e) show that
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Table 10. Comparative results of ablation experiments for different models.

Model Attention Parameters FLOPs Test time (s) Acc rank
ResNet 20.7M 474G 1.56 4
LSTM 1.5M 245G 0.75 3
GRU CAE + SAE 23M 55.1G 2.04 2
DMCSA-DRF 1.9M 289G 0.97 1

on the PHM2009 dataset, the average diagnostic accuracy
of DMCSA-DRF decreases by 27.78% when noise with an
SNR of—S5 dB is introduced, compared to an SNR of 15 dB.
Despite this decrease, the average diagnostic accuracy remains
at 70.8%, which is still acceptable. With the addition of —5 dB
noise, the average diagnostic accuracies for ResNet, LSTM,
and GRU are 54.48%, 60.29%, and 63.39%, respectively.
These values are 23.05%, 14.84%, and 10.47% lower than
the diagnostic accuracy achieved by the proposed method.
According to figures 27(a) and (b), on the DDS dataset, inject-
ing noise with an SNR of —5 dB results in a 20.17%, 22.75%,
and 15.73% decrease in the average diagnostic accuracies of
the comparison models ResNet, LSTM, and GRU, respect-
ively, when compared to the proposed DMCSA-DRF model.
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The proposed model surpasses other models in diagnostic
accuracy across all noise levels with SNR from —5 dB to
15 dB. Remarkably, even in the most adverse noise condi-
tion of —5 dB, its diagnostic accuracy is superior to that of
the other three models. This is because, firstly, the other three
comparison models solely accept vibration signals as input,
whereas the model proposed in this study utilizes dual-branch
GADF and GASF image data, exhibiting superior diversity
and richness in input features compared to the other three
models. Secondly, the proposed model’s multi-scale attention-
enhanced structure effectively enhances critical fault feature
information and suppresses unnecessary features and noise.
Furthermore, the model proposed in this paper employs an
improved ITTAO algorithm for parameter optimization, while
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Figure 26. Comparison of classification accuracies of different models on the PHM2009 dataset under varying noise conditions.

the comparison models may suffer from suboptimal model
parameters, resulting in lower diagnostic accuracy.

4. Conclusion

This paper presents an innovative lightweight and unsu-
pervised method, ITTAO-DMCSA-DREF, for efficient cross-
condition fault diagnosis in gearboxes. The proposed approach
leverages GAF images as inputs, which provide enriched

feature representations, and incorporates a multi-scale atten-
tion mechanism to extract diverse and critical fault features.
A dense residual structure is employed to enhance feature
reuse and integration, further improving representational effi-
ciency. To address domain discrepancies, the LMMD loss
function aligns feature distributions between source and tar-
get domains, thereby boosting cross-condition diagnostic
performance. Additionally, the improved ITTAO optimiza-
tion algorithm refines both the model’s structural parameters
and its lightweight characteristics, enabling energy-efficient,
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Figure 27. Comparison of classification accuracies of different models on the DDS dataset under varying noise conditions.

high-accuracy diagnosis while meeting industrial application
requirements. Experimental results demonstrate that the pro-
posed method achieved the highest prediction accuracies of
99.85% and 99.94% in transfer tasks across different con-
ditions on two gearbox datasets, outperforming all compar-
ison models. The main conclusions of this study are as
follows:

(1) A lightweight feature extraction model with multi-
scale channel and spatial attention enhancement is pro-
posed. This model enables efficient and accurate extrac-
tion and identification of critical gearbox fault fea-
tures while consuming minimal computational resources.
Furthermore, noise analysis experiments demonstrate that
the improved attention mechanism effectively suppresses
noise, thereby enhancing the model’s robustness against
noise interference.

(2) The standard TTAO algorithm was improved by incor-
porating an adaptive synergistic elite weight dynamic
balancing strategy, the Cauchy heavy-tailed distribution,
and the tangent operator. These modifications enhance
the algorithm’s flexibility and diversity, strengthening
its ability to escape local optima. Comparative evalu-
ations of standard test functions against other classical
algorithms validate their effectiveness. Furthermore, the
ITTAO algorithm was employed for optimal hyperpara-
meter tuning, optimizing the reduction ratio and increase
ratio in CAE and SAE mechanisms. This optimization
enables adaptive channel adjustment, thereby enhancing
the representation of critical features.

(3) The model uses GAF to encode one-dimensional signals
into two-dimensional GASF/GADF image data, which is
used as the input to the two-branch DMCSA for validation.
Compared with MCSA with a single-branch structure, the
prediction accuracy of DMCSA with a dual-branch struc-
ture is improved by 3.74% and 4.69% on the two data-
sets. The experimental results show that the GAF-based
DMCSA with a dual-branch structure can still maintain a
high diagnostic accuracy under sample-less conditions.
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The proposed approach has notable limitations. It is con-
strained by the assumption that the fault modes in the source
and target domains are identical, which limits the model’s abil-
ity to detect new or unknown fault modes in the target domain
during cross-condition fault diagnosis tasks. Additionally, the
method has only been validated for diagnosing faults in a
single type of gearbox across different operational condi-
tions, neglecting the broader challenge of fault diagnosis in
cross-equipment and cross-condition scenarios. Future work
should address these gaps by developing methods capable
of handling divergent fault modes between source and tar-
get domains and enabling robust fault diagnosis across equip-
ment types and operational conditions. Simultaneously, fur-
ther efforts to enhance the model’s lightweight characterist-
ics are crucial for practical implementation and deployment in
industrial processes.
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Wind power signals exhibit strong non-stationarity, high-frequency noise, and temporal coupling characteristics,
which make it difficult for traditional models to effectively capture feature representations, temporal de-
pendencies, and prediction reliability. To address the challenges of non-stationarity, multi-scale temporal dy-
namics, and uncertain interval estimation, this study proposes a unified deterministic—probabilistic deep
ensemble forecasting framework for wind power prediction. First, the complete ensemble empirical mode
decomposition with adaptive noise (CEEMDAN) is employed to decompose the original power series, followed by
K-means clustering to reconstruct intrinsic mode functions (IMFs). The high-frequency components are further
processed using feature model decomposition (FMD) to reduce mode mixing and enhance feature separability.
Then, a hybrid deep forecasting model is constructed by integrating a multi-scale temporal convolutional
network (MSTCN), bidirectional gated recurrent unit (BiGRU), and non-stationary self-attention (NSA) mecha-
nism to jointly model multi-scale dynamic and contextual dependencies, thereby improving prediction accuracy
and stability. In addition, a multi-strategy improvement black-winged kite algorithm (MSBKA) is designed for
multi-strategy optimization of model parameters, enhancing hyperparameter search efficiency and global
convergence capability. Finally, an improved non-crossing quantile regression (INCQR) method is introduced by
combining H-Pinball loss and Softplus mapping to ensure structural consistency and monotonicity of prediction
intervals, thus improving the reliability of uncertainty quantification. Experimental results demonstrate that the
proposed model achieves the highest fitting accuracy across four seasonal datasets (R2, = 0.9533, R2 =

Spr-. sum.
0.9628, R2,, = 0.9802, and R2,, = 0.9810) and exhibits superior consistency and coverage of prediction in-

tervals (PICP = 92.65 %, PINAW = 0.1044).

1. Introduction substantially raising the operational costs of wind farms. Therefore,
accurately forecasting wind power has become a critical issue for
ensuring the efficient operation of wind farms and the stable functioning

of power systems [3-5].

1.1. Research motivation

In recent years, both global wind turbine installed capacity and
power generation have steadily increased, making wind energy a crucial
force in enhancing the share of renewable energy [1]. At the same time,
wind power forecasting plays an increasingly vital role in wind farm

1.2. Research methods overview

operation and grid dispatching. However, the stochastic, non-stationary,
and intermittent nature of wind energy poses significant challenges for
grid integration [2], increasing the risk to system stability and

In wind power prediction, signal preprocessing and model design are
vital to achieving high accuracy [6,7]. Preprocessing addresses issues
like non-stationarity, nonlinearity, and noise, yielding cleaner inputs for
modeling [8,9]. Variational mode decomposition (VMD) [10], empirical
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mode decomposition (EMD) [11], complete ensemble empirical mode
decomposition with adaptive noise (CEEMDAN) [12], and wavelet
packet decomposition (WPD) [13]. Liu et al. [14] employed VMD to
stabilize wind speed signals, integrating it with LSTM to improve
short-term prediction accuracy. Similarly, Zhao et al. [15] utilized VMD
to mitigate signal volatility and enhance spatiotemporal feature
extraction, resulting in substantial improvements in forecasting perfor-
mance. Although VMD effectively reduces noise and enhances statio-
narity, it has limited adaptability to highly nonstationary signals and
requires a predefined number of modes. To address these limitations,
some researchers have turned to EMD, which offers better nonlinear
adaptability, higher temporal resolution, and lower parameter depen-
dence [16]. Yuzgec et al. [17] developed an EMD-based model with echo
state networks (ESN), which outperformed VMD-ESN and WD-ESN on
multiple datasets. However, EMD is prone to mode mixing during
decomposition, which affects accuracy [18,19].

To overcome the inherent limitations of EMD, the CEEMDAN in-
troduces adaptive noise to effectively alleviate the mode mixing prob-
lem. It also eliminates the need to predefine the number of modes,
thereby enhancing model adaptability. He et al. [20] proposed a
CEEMDAN-LSTM framework, in which wind speed signals are first
decomposed into several IMFs using CEEMDAN. Each IMF is then
modeled separately using LSTM networks, and the final prediction is
obtained by aggregating the outputs. In tests conducted at wind farms in
Austria and Almeria, the model achieved mean absolute percentage
errors (MAPE) as low as 0.3285 and 0.1455, respectively. Karijadi et al.
[21] proposed a hybrid forecasting framework incorporating CEEM-
DAN, which significantly enhanced prediction accuracy under abrupt
wind speed changes, highlighting CEEMDAN's strengths in robust
feature extraction.

In wind power forecasting, while effective signal decomposition
methods are essential for enhancing feature representation, the selection
of an appropriate prediction model is equally critical in determining
forecasting performance. Machine learning-based forecasting ap-
proaches improve the modeling capability for meteorological variables
such as wind speed by establishing nonlinear mapping relationships
between input features and power output. Commonly used models
include support vector machines (SVM) [22], decision trees (DT) [23],
random forests (RF) [24], K-nearest neighbors (KNN) [25], and artificial
neural networks (ANN) [26]. Although these methods offer strong
nonlinear modeling and high-dimensional feature processing capabil-
ities, they typically rely heavily on feature engineering and exhibit
limited ability to model complex temporal dependencies.

In recent years, deep learning has been widely applied to wind power
prediction due to its end-to-end modeling capability and automatic
feature extraction, effectively improving the modeling of complex
nonlinear and temporal features. The main architectures include: (a)
convolutional neural networks (CNN) [27,28], which extract local
spatial features; (b) long short-term memory networks (LSTM) [29,30],
which capture temporal dependencies via gating mechanisms; (c) gated
recurrent units (GRU) [31,32], which simplify gating structures to
enhance computational efficiency; and (d) transformer models [33,34],
which leverage self-attention mechanisms to capture global contextual
information. Wei et al. [35] proposed an LSTM model integrating
maximal information coefficient (MIC) and multi-task learning (MTL) to
jointly predict wind speed and power, enhancing multi-objective
modeling. Xiao et al. [36] optimized the GRU model using weighted
principal component analysis (WPCA) and particle swarm optimization
(PSO), achieving superior performance on non-stationary wind power
data. Bidirectional structures such as BiLSTM and BiGRU, which model
forward and backward temporal dependencies simultaneously, have
demonstrated stronger feature extraction and higher prediction accu-
racy [37,38]. Furthermore, to leverage the complementary advantages
of spatial and temporal modeling, hybrid models have gained increasing
attention. Gao et al. [39] proposed a CNN-GRU hybrid model that ex-
tracts spatial features from multi-source inputs via CNN and models
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temporal dependencies using GRU, enabling more comprehensive
feature representation. Sun et al. [40] designed a CNN-LSTM architec-
ture to address complex spatiotemporal coupling in offshore wind power
prediction, significantly improving forecasting performance. These
studies indicate that hybrid deep learning architectures hold great
promise for enhancing wind power prediction accuracy.

At present, most existing wind power forecasting methods adopt
deterministic modeling, which provides a single future power value
through point prediction and has achieved certain progress in improving
forecasting accuracy. However, due to the inherent nonstationarity and
randomness of wind power signals, deterministic prediction fails to fully
characterize the uncertainty in the forecasting process, thereby limiting
its applicability in grid scheduling and risk management [41,42]. In
contrast, probabilistic modeling can effectively quantify prediction un-
certainty through prediction intervals or probability distributions, of-
fering more reliable risk assessment references for power system
operation [43,44]. Nevertheless, relying solely on probabilistic
modeling may enhance interval expressiveness at the expense of point
prediction accuracy, leading to an overall decline in predictive perfor-
mance. Therefore, integrating deterministic and probabilistic fore-
casting within a unified framework can simultaneously ensure
forecasting accuracy and provide reasonable interval estimation,
achieving a balance between precision and reliability-this is one of the
core motivations of the forecasting framework proposed in this study.
Among probabilistic modeling approaches, quantile regression (QR) has
become mainstream because it can output prediction intervals under
various confidence levels [45,46]. Jonkers et al. [47] proposed a
CNN-QR-based regional wind power forecasting framework capable of
flexibly generating arbitrary quantile distributions without retraining
the model. Hu et al. [48] combined conformalized quantile regression
(CQR) with temporal convolutional networks (TCN), achieving both
efficient modeling and quantile calibration, thereby significantly
improving interval prediction accuracy and reliability. However, tradi-
tional QR suffers from the quantile crossing problem, which leads to
inconsistent and unreliable prediction intervals. To address this issue,
some studies have introduced regularization and order-consistency
constraints to ensure the monotonicity and stability of the predicted
intervals [49,50].

Despite the remarkable progress achieved in wind power forecasting
technology, several fundamental challenges remain to be addressed in
practical applications.

(1) Insufficient high-frequency modal analysis and representation:
Existing methods often struggle to distinguish and suppress high-
frequency features and noise, leading to inadequate capture of
high-frequency dynamic information in wind power sequences.
Residual noise further interferes with subsequent feature
modeling [51,52].

(2) Limited modeling of nonstationary features: Conventional deep
forecasting models have difficulty simultaneously extracting
local dynamic features and global temporal dependencies. Their
limited capacity for nonstationary signal modeling compromises
prediction accuracy and stability.

(3) Low efficiency of model optimization: The hyperparameter

optimization of complex models is typically inefficient, prone to

local optima or slow convergence, thereby constraining overall

performance and generalization ability [53].

Insufficient reliability in uncertainty prediction: Current ap-

proaches, such as quantile regression, often suffer from quantile

crossing and inconsistent prediction intervals, resulting in un-

stable and unreliable uncertainty estimates [54].

(4

—

To address the aforementioned challenges, this study develops an
integrated forecasting framework for non-stationary wind power time
series, characterized by cross-scale analysis, deep frequency-aware
representation learning, and probabilistic consistency inference. The
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Fig. 1. MSBKA-MSTCN-BiGRU-NSA-INCQR overall prediction framework.

framework is built upon hierarchical modal decoupling, frequency- prediction architecture of MSTCN-BiGRU-NSA, the multi-strategy
informed deep modeling, adaptive hyperparameter optimization, and global optimization mechanism of MS-BKA, and the consistency-
structurally consistent interval estimation. Specifically, the cross-scale preserving probabilistic modeling of INCQR are jointly integrated to
cooperative decomposition of CEEMDAN-FMD, the frequency-fusion form a systematic pipeline from signal analysis to predictive inference.
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This design substantially enhances structural feature representation,
forecasting accuracy, optimization robustness, and the reliability of
uncertainty quantification. The major contributions of this work are as
follows.

(1) A hierarchical CEEMDAN-FMD modal decoupling mechanism is
proposed to establish a macro-scale stabilization and micro-scale
resolution enhancement cross-scale analytic scheme, thereby
improving frequency-band discriminability and modal separation
quality for non-stationary signals.

(2) A modal-level frequency-aware deep prediction framework,
MSTCN-BiGRU-NSA, is developed to jointly capture local dy-
namics, global dependencies, and non-stationary sensitivities,
enabling comprehensive representation of multi-scale non-sta-
tionary features.

(3) A multi-strategy enhanced MS-BKA optimization mechanism is
introduced, where mutation-based reverse mapping and dynamic
heavy-tailed perturbations significantly strengthen global search
efficiency and convergence robustness in complex hyper-
parameter spaces.

(4) Animproved non-crossing quantile regression method (INCQR) is
proposed, incorporating the H-Pinball loss and Softplus-based
structural constraints to ensure interval monotonicity and con-
sistency, thereby enhancing the reliability of uncertainty
estimation.

1.3. Chapter content distribution

The first section of this paper discusses the current research status of
wind power forecasting. The second section covers the theoretical
background, including the fundamental theories and model structures
employed in this study. The third section presents the experimental
work, while the fourth section concludes the paper and offers prospects
for future research.

2. Theoretical overview
2.1. Definition of the forecasting problem

The wind power forecasting task proposed in this study is formulated
as a typical multivariate time series prediction problem. Its objective is
to predict the wind power output at future time steps based on given
historical observation sequences and meteorological environmental
features.

At time step t, the input feature vector is expressed as:

Xt:{x£1)7x£2>~,'--7x£d)} @

where, d denotes the dimension of the input features, which include
wind speed and wind direction measured at multiple heights of the
meteorological mast (m;, my, ms, my), wind speed and wind direction at
the turbine hub, as well as environmental variables such as temperature,
atmospheric pressure, and humidity.

Given a historical observation sequence of length L:

Xt—L+1:t = {Xt—L+17 . --7Xt} (2)

The objective of the forecasting task is to construct a nonlinear
function F( -) that predicts the wind power output over the forthcoming
h time horizons:

ywh = F(Xt—L+1:t7 ®) (3)

where, ® denotes the model parameters, and Yy, ., represents the pre-
dicted values.

In terms of the optimization objective, this study simultaneously
focuses on deterministic and probabilistic forecasting.
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(a) Deterministic forecasting objective: The goal is to enhance point
prediction accuracy by minimizing the error between the pre-
dicted values y,,; and the true observations y; :

mgn[E[l(th, ./y\t+h)] 4)
where, [(-) can be selected from common error metrics such as RMSE.

(b) Probabilistic forecasting objective: The prediction interval [y1,,
yf;h] is constructed through quantile regression, which not only
satisfies the desired coverage constraints but also avoids quantile
crossing, thereby enhancing the structural consistency and reli-
ability of the predictive intervals.

P(yt+h € B’\ﬁhy:«:h} ~1- a) ®

Overall, the wind power forecasting problem is formulated as a
comprehensive joint modeling framework that aims to achieve both
high point forecasting accuracy and robust interval reliability.

2.2. Overdll framework of the prediction model

To systematically characterize the multi-scale and strongly non-
stationary dynamic evolution of wind power time series, this study de-
velops a cross-scale driven hybrid forecasting framework from a unified
perspective of signal structural analysis, temporal dependency repre-
sentation, and uncertainty-consistent modeling. The framework is
structurally grounded in a hierarchical CEEMDAN-FMD modal decou-
pling mechanism, which employs a cooperative strategy of macro-scale
stabilization and micro-scale resolution enhancement to achieve multi-
granular frequency-band reconstruction and modal refinement,
thereby providing separable and stable modal representations for sub-
sequent temporal modeling. Building upon this foundation, a modal-
level frequency-aware deep modeling paradigm based on MSTCN-
BiGRU-NSA is introduced to project the decomposed modal features
into a unified temporal representation space, enabling the joint char-
acterization of local dynamics, long-range dependencies, and non-
stationary variation responses. Furthermore, a multi-strategy
enhanced MS-BKA optimization mechanism is incorporated to
improve search efficiency and convergence robustness in complex
hyperparameter spaces. Finally, on the basis of deterministic forecasts,
an improved INCQR method is employed to achieve reliable uncertainty
quantification under structural consistency and monotonicity con-
straints. The overall framework is illustrated in Fig. 1.

The workflow of the proposed model consists of the following steps.

(1) Primary modal decomposition: CEEMDAN is applied to decom-
pose the input wind power series into multiple IMFs, reducing
signal complexity.

(2) K-means clustering: Sample entropy is calculated for each IMF,
and the IMFs are clustered into high-, mid-, and low-frequency
groups based on entropy values.

(3) Secondary modal decomposition: The MS-BKA algorithm is used
to optimize the parameters of FMD, after which the high-
frequency group is further decomposed via FMD to simplify
complex fluctuations. The resulting subcomponents are recom-
bined with the medium- and low-frequency IMFs to form a
refined IMF set.

(4) Model training and optimization: Each IMF is modeled individ-
ually, and model parameters are fine-tuned using the MS-BKA
algorithm by minimizing prediction error. The optimized
MSTCN-BiGRU-NSA-INCQR model is then trained for integrated
forecasting.

(5) Model testing and assessment: The trained model is evaluated on
the test dataset, with both deterministic and probabilistic fore-
casting performance metrics examined.
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Fig. 2. Schematic diagram of two-stage modal decoupling.

2.3. Two-stage modal decoupling strategy

To improve high-frequency dynamic feature modeling and suppress
the adverse effects of modal aliasing and noise, this paper adopts a two-
stage modal decoupling framework based on CEEMDAN and FMD. The
schematic representation of the proposed decoupling process is depicted
in Fig. 2.

2.3.1. CEEMDAN-based mode decomposition

CEEMDAN [55] is an improved method based on EMD. CEEMDAN
introduces adaptive noise components to enhance the completeness and
robustness of signal decomposition. The CEEMDAN algorithm for signal
decomposition is presented in Algorithm 1.

Algorithm 1
CEEMDAN decomposition algorithm

Input: Measured wind power time series x(t);
CEEMDAN parameters: number of realizations N,, standard deviation of added
noise ¢, and maximum number of decomposition iterations K.
Output: Intrinsic Mode Functions {IMF;, IMFy, ..., IMFx} and residual signal r(t),
representing multi-scale dynamic components of wind power fluctuations.

1 Signal standardizationRemoves scale differences and suppresses extreme

fluctuations.

x(t) — pe

X(t)= o

where, y, and oy denote the mean and standard deviation of the wind power signal,
respectively.

2 Noise-assisted Ensemble Generation

x;(£) =x'(t) + ow;(t),i=1,2,....N,

where, w;(t) is Gaussian white noise. Enhances robustness against stochastic wind

disturbances.

3 Extraction of the First Intrinsic Mode Function (IMF;)Each noise-assisted real-
ization is decomposed via EMD, and the ensemble-averaged first IMF is computed as:

IMF, (t) = 1% iEMD(Xi(t))

e =1

(continued on next column)

Algorithm 1 (continued)

() =x'(t) — IMF; (t)

where, IMF; (t) captures high-frequency power variations induced by rapid wind speed
changes, while r;(t) retains the lower-frequency dynamics associated with gradual
power evolution.

4 Iterative Extraction of Subsequent IMFs

Ne
IMF, (0 :Nl S EMD(re 1 (0) + owi(8) k=2,3,...,.K

e <

1ic(t) =11 (t) — IMFic(t)

Each successive IMF represents a progressively lower-frequency oscillation
component.

5 Output and Physical Interpretation

After K iterations, obtain:

Returns {IMF,, ...,IMF,1}.

High-frequency IMFs capture transient power fluctuations due to turbulence, while
low-frequency IMFs and the residual reflect long-term operational and environmental
trends.

The computational complexity of CEEMDAN primarily arises from
multiple EMD executions and the iterative sifting operations involved in
each decomposition. Assuming the signal length is N, the number of
noise realizations is N,, the total number of decomposed IMF is M, and
the maximum number of EMD iterations is K. The algorithm mainly
consists of three stages: noise generation, noise sample decomposition,
and multiple noisy EMD extractions. Accordingly, the computational
complexity of noise generation is denoted as O(N x N,), that of noise
sample decomposition as O(N x N, x M x K), and that of multiple noisy
EMD decompositions as O(N x N, x M x K). Therefore, the overall time
complexity of the CEEMDAN algorithm can be expressed as:

Teeempan = O(N X N, x M x K) 6)

The computational complexity of CEEMDAN is linearly related to the
signal length, the number of noise realizations, the number of modes,
and the maximum number of sifting iterations.

2.3.2. FMD-based mode decomposition
Feature mode decomposition (FMD) is a non-iterative signal
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Fig. 3. TCN structure diagram.

processing method based on dynamic filter design [56]. In this study, the
input to FMD is the high-frequency modal component obtained from
CEEMDAN decomposition and subsequent K-means clustering. This
component contains rapid power fluctuations caused by wind turbu-
lence and gust effects, while also including noise interference. The
objective of FMD is to adaptively separate the effective dynamic features
from random disturbances within high-frequency signals, thereby
providing more robust high-frequency representations for subsequent
forecasting.

This process can be formulated as a constrained convex optimization
problem:

argmax{CKu(u) = | ( 1] w(n— st)>

{fk(l)} n=1 \ m=0

/ (XNjuk(nf) } @)

where, ui(n) denotes the k-th decomposed mode corresponding to the
high-frequency component of the wind power signal; fi represents the k-
th FIR filter with a filter length of T; denotes the estimated signal period;
and M is the displacement order. In the context of wind power fore-
casting, ux corresponds to the power fluctuation patterns within
different frequency ranges.

The matrix form corresponding to the decomposed modes is
expressed as follows:

Uy = Xfi ®

N-L+1

. (ﬁuk(N—LJrl—mTS)) 7

where, u; and X are defined as follows:

le(l)
U = )
uk(Nf L+ 1)
)
x(1) x(L) fi(1)
X= : : Ji =
x(N—-L+1) - x(N) fi(L)

The correlated kurtosis (CK) of the decomposed mode is defined as
follows:
U Wy

Cu(e) =~ (10)
k

where, the superscript H denotes the conjugate transpose of a matrix.
Wy is an intermediate variable used to regulate the weighted correlation
matrix, and its corresponding expression is given as follows:

11)
> uii(n)

Substituting Equation (8) into Equation (10) yields the following
expression:

_ X WaXfi  fERxwxfi

CRulthe) =" gty — fiRofe

12

where, Rxwx denotes the weighted correlation matrix, and Rxx repre-
sents the correlation matrix.

In Equation (12), the filter coefficients can be optimized by solving a
generalized eigenvalue problem, where the maximum eigenvalue 14
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corresponds to the largest f coefficient.
Rxwxfi = Rxxfid (13)

The filter coefficients corresponding to the maximum eigenvalue can

maximize CK, thereby extracting the mode most strongly associated

with high-frequency power fluctuations.
To avoid redundant modes, the correlation coefficients between
modes are computed after each filtering operation:

- () ~ ) (wa(n) ~ )
CCpy=——"2 14)
|5 - 5 i -

where, u, and u, represent any two modal components, while &, and 1
denote their respective mean values. By applying a joint constraint
based on CK and the correlation coefficient, components exhibiting
weak dynamic correlation with wind power variations are eliminated,
retaining only the key modes. This iterative process continues until the
predefined number of modes n is achieved, resulting in the final output
Unr = {w1,Uz,...,Un }. These modes physically correspond to the effective
high-frequency power dynamics induced by wind turbulence and gust
effects rather than unstructured noise. When combined with the me-
dium- and low-frequency components derived from CEEMDAN, they
form a multi-scale feature input used for both point and interval fore-
casting of wind power.

The computational complexity of FMD mainly arises from three
stages: (1) Initialization of the filter bank, which requires generating B
band-pass FIR filters, each of length L, with a computational complexity
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Fig. 7. Improved non-crossed quantile regression module.
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Fig. 9. Schematic diagram of OBL solution space.

of O(B x L); (2) Iterative correlated-kurtosis deconvolution. For each
sub-band signal, every iteration involves matrix construction and
inversion O(L?N + L*®), matrix multiplication and filter updating
O(M xL xN) (where M denotes the shift order), and Hilbert-based
autocorrelation period estimation O(N x log N). If the number of itera-
tions for each sub-band is R, the corresponding complexity is O(R[L? +
M x L + log N] + L?); (3) Correlation-matrix computation and modal
elimination, where b x b correlation matrices must be calculated per
iteration, resulting in an accumulated time complexity of approximately
O(N x B?). By combining the above stages, the overall time complexity
of the FMD algorithm can be expressed as:

Tpup =O(B x R[N x (L* + M x L+1log N) +L%]) + O(N x B®) @15)

Among these stages, the filter optimization and the iterative
correlated-kurtosis deconvolution of sub-band signals constitute the
primary sources of computational cost in the FMD algorithm.[57]

2.4. Model structure

2.4.1. Multi-scale temporal convolutional network structure

The TCN [57] is a type of neural network well-suited for processing
time-series data. The TCN primarily consists of two key operations:
dilated causal convolution and residual connection. The overall archi-
tecture of the TCN is illustrated in Fig.3.

Traditional single-scale TCNs utilize a fixed dilation rate in their
convolutional layers, restricting the model to specific feature scales.
Following the approach in Ref. [58], a multi-scale TCN with a parallel
structure is introduced to enhance the extraction of multi-scale temporal
features. The architecture of the proposed multi-scale TCN is shown in
Fig. 4, and the corresponding algorithm is described below.
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Fig. 10. The location of the wind farms. The map of China is from a freely available map website: http://bzdt.ch.mnr.gov.cn/.
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Fig. 12. CEEMDAN-FMD two-stage modal decoupling process diagram.

Algorithm 2
MSTCN

Input: The time-series data X € RV corresponding to multiple meteorological
features, where N is the number of features and T denotes the number of time steps.

Output: The fused multi-scale features Foy;.
1 Parallel Multi-Scale Feature Extraction

For each TCN branch, the following procedures are applied:

Forj=1to 3 do:
(1) Feature computation in the first DDC layer:

Fgc = WEC*XM + bgc

(2) The batch normalization operation:
P = (b V.57

(3) GELU Activation:

R~ fo (R

(4) Dropout Factor

Fh=fs (FgL T)

(5) Feature computation in the second DDC layer:

2 _ W gy 2
FIZDC_WIZJC*F 'sp + bpe

(6) BN and GELU activation:

(continued on next column)

10

Algorithm 2 (continued)

B =fs (o (fo (Foe: #.47) ) 7)

End for
2 Multi-scale feature fusion
(1) Concatenation operation, resulting in feature channels of 3xc.

Fus =feon (F3p Fin, Fip)

(2) The1 x 1 convolution for dimensionality reduction, resulting in feature channels
of size c.

Fys = Wia*Fys + bia

3 Residual connection, outputting multi-scale features.

Foue =fc(Fus) @ fc(Xin)
= (W1 *Fus +b1) & (W2*Xi +b2)

The Gaussian error linear unit (GELU) is employed in place of ReLU
within the multi-scale TCN framework, introducing a more flexible
activation mechanism than that used in conventional TCN. The GELU
function applies a smooth probabilistic gating to the input by combining
it with the cumulative distribution function of the standard normal
distribution. This approach maintains nonlinear representational ca-
pacity while effectively mitigating issues such as gradient vanishing and
neuron "death."
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Correlation coefficient map FMD
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Fig. 13. Correlation spectrum of each component after CEEMDAN-FMD decomposition.
B ox [ o2 state. x, corresponds to the current input, while h,_; denotes the output
Fou(x) =x®(x) = Vol ezdt 16) from the previous time step. ¢ indicates the sigmoid activation function;

where, ®(x) denotes the cumulative distribution function of the stan-
dard normal distribution.

2.4.2. Bidirectional gated recurrent unit

BiGRU leverages bidirectional propagation to capture forward and
backward dependencies in sequence data. The model architecture is
presented in Fig. 5.

Given an input sequence X = (x1,Xz,...,Xr), where xr represents the
feature vector at the t-th time step, and T denotes the length of the time
series, the computational process of the GRU unit is described as follows.

Z = G(Wz'[ht—hxt] + bz)
7:5 = G(Wr’[ht—luxt} + br)
he = tanh(Wh-[re-he—1,x;] + b)
hy = (1 —2)-heq + 20-he

a7)

where, z; denotes the update gate signal, r; represents the reset gate
signal, Ii is the candidate hidden state, and h; is the updated hidden

11

W,, W;, and W, are the weight matrices; b, b, and by, represent the bias
terms.

2.4.3. Non-stationary self-attention mechanism

To address the non-stationarity in wind speed and power charac-
terized by trends, cycles, and sudden changes, we incorporate a non-
stationary self-attention mechanism [59]. This approach not only cap-
tures complex dynamic patterns but also mitigates the loss of
non-stationary signals caused by normalization and decomposition,
improving overall prediction accuracy.

For a given input time series X;, the non-stationary self-attention
mechanism is described as follows:

(1) Standardization

Calculate the mean y, and variance 62 of the input sequence, and
perform standardization:
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Table 1
Performance comparison results of different algorithms on test functions.
Function Index BAT DA GWO SFOA HHO APO MS-BKA
F1 Mean 2.47E-01 9.20E+01 1.10E-40 0.00E+00 4.15E-103 1.15E-01 0.00E+00
Std 3.39E-01 5.88E+01 1.39E-40 0.00E+00 8.79E-103 4.51E-02 0.00E+00
Rank 6 7 4 2 3 5 1
F2 Mean 7.80 E-01 1.12E4+01 3.86E-24 0.00E+00 3.68E-55 2.48E-01 0.00E+00
Std 7.40E-01 8.13E+00 1.80E-24 0.00E+00 7.29E-55 4.60E-02 0.00E+00
Rank 6 7 4 2 3 5 1
F3 Mean 1.68E+00 1.65E+03 8.21E-13 0.00E+00 1.77E-98 4.34 E+00 0.00E+00
Std 2.59E+00 1.08E+03 1.15E-12 0.00E+00 3.42Ee-98 1.86E+00 0.00E+00
Rank 5 7 4 2 3 6 1
F4 Mean 0.00E+00 1.90E+01 2.74E-10 0.00E+00 1.87E-54 2.17 E+00 0.00E+00
Std 0.00E+00 1.43 E4+01 2.90E-10 0.00E+00 4.06E-54 5.79E-01 0.00E+00
Rank 3 7 5 2 4 6 1
F5 Mean 6.07E+01 1.84E+05 2.65E+01 2.90E+01 2.73E-03 3.40E+01 2.85E+01
Std 7.15E+01 3.83E+05 5.85E-01 3.42E-04 3.98E-03 2.38E+00 2.61E-01
Rank 6 7 4 2 1 5 3
Fo6 Mean 5.76E+00 2.22E+02 2.92E-01 6.19E+00 1.09E-05 1.70E-01 —4.92E-120
Std 3.22E+00 3.01E+02 2.78E-01 1.18E+00 1.50Ee-05 7.92E-02 1.55Ee-119
Rank 6 7 4 5 2 3 1
F7 Mean 1.14E+00 6.21E-02 7.23E-04 4.47E-03 1.57E-05 2.81E-02 9.31E-166
Std 1.52E+00 7.24E-02 1.79E-04 2.78E-03 1.43E-05 4.25E-03 0.00E+00
Rank 7 6 3 4 2 5 1
F8 Mean —1.17E+02 —5.85E+03 —6.35E+03 —5.35E+03 —1.27E+04 —5.45E+03 —7.37E-03
Std 3.90E+03 7.29E+02 1.40 E+03 3.56E+02 5.43E-02 3.77E+02 2.23E+02
Rank 7 5 6 3 1 4 2
F9 Mean 3.75E+01 1.12E4+02 1.80E4+00 0.00E+00 0.00E+00 1.69E+02 0.00E+00
Std 7.73E+00 6.00E+01 2.47E+00 0.00E+00 0.00E-+00 8.48E+00 0.00E-+00
Rank 5 6 4 2 3 7 1
F10 Mean 2.06E-01 7.22E+00 2.89E-14 4.44E-16 4.44E-16 6.17E+00 4.44E-16
Std 3.29E-01 1.61E+00 0.00E+00 0.00E+00 0.00E-+00 1.27E+00 0.00E+00
Rank 4 7 5 2 3 6 1
F11 Mean 3.41E-02 5.04E+00 2.17E-03 0.00E+00 0.00E+00 3.12E-01 0.00E+00
Std 4.19E-02 2.87E+00 4.85E-03 0.00E+00 0.00E+00 1.89E-01 0.00E+00
Rank 5 7 4 2 3 6 1
F12 Mean 4.17E-01 1.73E4+00 9.17E-03 6.49E-01 6.72E-07 4.67E-03 8.25E-18
Std 2.11E-01 1.58E+00 7.32E-03 1.73E-01 7.31E-07 1.73E-03 2.41E-17
Rank 6 7 4 5 2 3 1
Table 2
Comparison results of different optimization algorithms in model parameter optimization.
Method Total time (s) MAE RMSE R?
WOA 1890.2 9.2828 12.1889 0.9562
NGO 1894.3 8.4977 11.5567 0.9606
HHO 2548.1 8.1892 11.0566 0.9673
GWO 2366.4 8.9752 12,1331 0.9566
BKA 2498.6 8.5147 12.8795 0.9584
IGWO 2583.7 8.0244 10.8514 0.9687
IHHO 2944.7 7.9560 10.5232 0.9706
ISSA 2751.6 7.6549 10.1317 0.9724
MS-BKA 2567.6 6.2521 8.3380 0.9801

Zi:;@)(xi*ﬂx)

X

18)

log © = MLP(oy,2)
A= MLP(ﬂxvz)

19

where, 7 represents the time scaling compensation factor, and A denotes

the offset compensation term.

(3) Non-stationary attention

(2) Generation of non-stationary factors

Using the raw data statistics—the mean p, and variance
o2—compensation factors 7 and A are calculated through a multilayer

perceptron (MLP).

14

The aforementioned time scaling compensation factor = and offset
compensation term A are incorporated into the traditional attention
scoring function, resulting in the following final attention calculation
expression:

(20)

KT 4+ 1AT
SAn_s(Q,K, V, 7, A) = Soft max <T(24+) 14

Vi

The non-stationary attention mechanism enables the model to
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Fig. 15. Comparison of evolution curves of different algorithms.

effectively compensate for information loss caused by normalization and

Energy 344 (2026) 139884
characteristics of wind power time series.
2.4.4. Improved non-crossed quantile regression
(1) Quantile loss function

The classical quantile regression (CQR) method estimates condi-
tional quantiles by minimizing the Pinball loss function, and has been
widely applied in uncertainty modeling and interval forecasting tasks.
The loss function assigns different weights to the positive and negative
parts of the prediction errors, and is expressed as follows:
LY (. @) = { s 0 @D

(1 - a)(a,(la) _yn)s}'n < a,(la)

Although the Pinball loss function has demonstrated strong perfor-
mance in quantile estimation, its non-differentiability can cause oscil-
lations near zero when using gradient-based optimization algorithms,
thereby affecting the stability of model convergence. To address this
issue, a fully differentiable Huber-norm Pinball (H-Pinball) loss function
[54] is adopted as a replacement for the conventional Pinball loss. The
mathematical formulation of the H-Pinball loss function is defined as
follows:

data decomposition operations while capturing long-term dependencies, |y — a(")| /2, |¥n — a<“)| >
. . o1s . ~(a) n ’ nol=
thereby enhancing its capability to model the non-stationary P Qn s1) = { a2 @) (22)
On=Tn’) /@) |yn—aa" | <n
Table 3 - @i o~y [ n)ya -Gy 20
Model parameter optimization results. L (0 Gy ) = @) ) (23)
(1= a)p(¥n,qy 1) Yu—dy <O
Parameter Hyperparameter name Search Range Best Search
Index Results where, 7 is a positive threshold value. The comparison between the H-
hy The FMD filter parameter F [10,50] 45 Pinball and traditional Pinball loss functions under different ; values is
hy E::ailfirmlv?dal component (3,121 6 illustrated in Fig. 6. As shown in Fig. 6, the H-Pinball loss is differen-
hs The number of hidden units in [10,128] 50 tiable everyWhere~
the BiGRU layer.
hy The NumHeads parameter of [1,8] 5
multi-head attention. Table 5
hs The KeyDimension parameter  [10,100] 30 Comparison results of different hybrid strategies.
of multi-head attention.
he InitialLearnRate [1071-107° 102 Model MAE RMSE R?
hy MiniBatchsize [8,16,32, 32 VMD-ATT-LSTM 13.0144 16.2240 0.9175
--»521,1024] VMD-SSA-SVR 10.9389 13.1677 0.9204
hg MaxEpochs [20-200] 150 Proposed 6.2521 7.3024 0.9801
ho Dropout [0.1-0.5] 0.2
Table 4
Comparison results of different decomposition methods.
Model Decomposition strategy Decomposition VMD CEEMDAN FMD EMD Decomposition time (s) Evaluation indicators
Method - 5
MAE R
MSTCN-BiGRU-NSA Single decomposition - v - - - 0.2433 11.4421 0.9234
- - - 31.2240 9.1124 0.9394
- - v - 1.2451 9.1524 0.9424
- - - v 0.0751 10.2217 0.9271
Two-stage decomposition VMD v - - - 0.4234 10.5202 0.9357
- v - - 32.6624 8.6637 0.9511
- - v - 1.4437 8.0234 0.9589
- - - v 0.3211 9.2351 0.9502
EMD v - - - 0.3561 9.3575 0.9587
v - - 35.2248 8.5144 0.9469
- - v - 1.2514 8.2791 0.9526
- - v 0.1422 9.0576 0.9315
FMD v - - - 1.3549 8.2241 0.9405
- v/ - - 34.7181 8.3614 0.9414
- - v - 2.6347 8.0244 0.9596
- - - v 1.2454 8.1127 0.9524
CEEMDAN v - - - 33.7560 8.0076 0.9652
v - - 63.1270 8.3511 0.9569
- - v - 28.4622 6.2521 0.9801
- - - v 36.5547 8.0911 0.9607
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(2) Improved non-cross quantile regression method

onventional quantile regression often suffers from the quantile
crossing problem, in which higher quantiles produce smaller predicted
values than lower ones. This violates the inherent monotonicity property
of quantiles, resulting in unreliable probabilistic forecasts and potential
decision-making risks, particularly in wind power prediction scenarios.
To address this issue, studies [54,60] introduced non-crossing quantile
regression approaches. Building upon this idea, the present study pro-
poses an enhanced non-crossing quantile regression method, as illus-
trated in Fig. 7.

As shown in Fig. 7, the improved INCQR framework avoids directly
producing quantile predictions. Instead, it first generates a series of non-
negative quantile elements {m;, My, ...,M,} as intermediate represen-
tations. The final quantiles are derived through a negative exponential
summation mapping, formulated as:

r—i+1
g™ —eXP< - ﬁlj)
=

The predicted quantiles are strictly monotonic, as expressed by 1 >
g > g > g > ... > § > 0. Unlike the NCQR approach in
Ref. [54], the proposed method introduces an adaptive Softplus acti-
vation function to enforce non-negativity on the quantile elements
produced by the model. The formulation of the adaptive Softplus func-
tion is given as:

(24)

1

25
7 (25)

f(x) ==1log(1+ ™)

where, f is a trainable parameter. Compared with traditional activation
functions such as ReLU and Softplus used for non-negativity constraints,
the adaptive Softplus activation function can automatically adjust its
"activation shape" according to the training data, thereby enhancing the

model's adaptability. The Softplus activation functions under different
values of f are illustrated in Fig. 8.

Table 6
Comparison of model structure parameter settings.

Model Network Architecture Summary Parameter settings
CNN- BiGRU CNN(3 x 1,16) + BN + ReLU + InitialLearnRate =
MaxPool(3 x 3) 1073
CNN(3 x 1,32) + BN + ReLU + MiniBatchsize = 64
MaxPool(2 x 2) MaxEpochs = 150
BiGRU(35) + Concat + FC(1) Dropout = 0.2
Regression
TCN- BiGRU [TCN(5 x 1, 64, dilations [1]) x 2] x InitialLearnRate = 1 x
2 1072
LayerNorm + ReLU + Dropout MiniBatchsize = 64
BiGRU(35) + Concat + FC(1) MaxEpochs = 150
Regression Dropout = 0.1
LSTM- BiGRU LSTM(50) InitialLearnRate = 1 x
ReLU + Dropout 1072
BiGRU(35) + Concat + FC(1) MiniBatchsize = 128
Regression MaxEpochs = 150
Dropout = 0.1
Transformer- 2 x Multi-Head Self-Attention (4 InitialLearnRate = 1 x
BiGRU heads, 128 key channels) 1073

BiGRU(35) + FC(1) MiniBatchsize = 32

Regression MaxEpochs = 100

Dropout = 0.2
MSTCN-BiGRU [TCN(5 x 1, 64, dilations [1-3]) x InitialLearnRate = 1 x

31 x2 1073

LayerNorm + ReLU + Dropout + MiniBatchsize = 64

Concat MaxEpochs = 150

BiGRU(35) + Concat + FC(1) Dropout = 0.2

Regression

16
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2.5. Model hyperparameter optimization

2.5.1. Black-winged kite algorithm

The BKA algorithm [61] simulates the hunting strategies and
migratory behaviors of black kites to solve complex optimization
problems. The mathematical formulation of the algorithm is presented
as follows.

Algorithm 3
Black-winged kite algorithm

Input: The population size pop, the maximum number of iterations 7, and the variable
dimension dim.

Output: The best quasi-optimal solution obtained by BKA for a given optimization problem.
1. Initialization phase

2. Initialization of the position of Black-winged kites and evaluation of the objective
function.

3. Calculate the fitness value of each Black-winged kite.

4. while (<T) do

5. Attacking behavior

6. if P~

7. b=y e n(1+sin(r))x yi/
8. else if do

9, yia=y +nx(2r=1)xy;’
10. end if

11. Migration behavior

12. if F,<F, do

13. Yih :)/',”%'(0’1)*(»”*14,’)

14. else if do

15. i :y,"’+C(0,I)><(L]—m><y,")

16. Select the best individual

17. if yi<L,

18. K = Vit P = 1 (915)
19. else if do

20. Xy =L, F = (L)
21. end if

22. end while

23. Return X,,, and F,,

2.5.2. Algorithm improvement

As iterations progress, the BKA algorithm's population tends to
cluster in a particular region, raising the likelihood of becoming trapped
in local optima, especially when optimizing complex multimodal func-
tions. To overcome this problem, an opposition-based learning (OBL)
strategy is adopted in the later iteration stage to improve convergence
stability and exploration efficiency. By reflecting the solution search
region across a symmetric counterpart, the method promotes population
diversity and enhances the algorithm's capacity to escape local optima.
This reverse learning process is shown in Fig. 9.

(1) Mutation OBL strategy

The mutation OBL strategy introduces a mutation factor p on top of
the OBL approach. This factor determines the direction of the learning
strategy, enabling adaptive selection based on the value of p. The
mathematical formulation of the mutation-based opposition learning
strategy is presented as follows.

T\ i+ (ub— X))

,b<p

26
b>p (26)

newi

where, R follows a uniform distribution over the interval (0, 1); b is a



W. Jia et al. Energy 344 (2026) 139884

Table 7
Comparison of model performance under different architectures and attention mechanisms.
Model Experimental conditions Attention Model Complexity Evaluation indicators
SA NSA Trainable parameters (M) FLOPs (G) Train Test MAE R?
Time(s) Time
(s)

CNN- BiGRU M1 - - 0.0251 0.5510 x 1073 1425.6 0.0880 22.3386 0.8357
M2 v - 0.0262 0.5541 x 1073 1627.3 0.3511 17.6208 0.8978
M3 - v 0.0322 0.5581 x 1073 1833.4 0.3782 14.3591 0.9166

TCN- BiGRU M1 - - 0.1420 0.3680 x 1071 1214.3 0.0751 11.3399 0.9355
M2 v - 0.1560 0.3690 x 107! 1277.8 0.2200 8.3429 0.9514
M3 - v 0.1591 0.3712 x 107! 1294.6 0.1522 7.8567 0.9668

LSTM- BiGRU M1 - - 0.0372 0.7403 x 1073 1007.1 0.0813 15.6744 0.8722
M2 v - 0.0375 0.7441 x 1073 1144.6 0.1470 13.9967 0.9154
M3 - v 0.0377 0.7490 x 1072 1158.6 0.1480 12.0211 0.9381

Transformer- BiGRU M2 v - 0.4322 0.8542 x 1072 1345.5 0.1582 9.2207 0.9432
M3 - v 0.4401 0.8591 x 1073 1366.2 0.1641 8.0081 0.9622

MSTCN-BiGRU M1 - - 0.3492 0.1100 1869.4 0.2560 8.0284 0.9589
M2 v - 0.3590 0.1110 2510.6 0.3571 7.3511 0.9702
M3 - v 0.3654 0.1111 2567.6 0.4891 6.2521 0.9801
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Fig. 16. Comparison of prediction performance of different models.
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Fig. 16. (continued).

random number in the range [0, 1]; and p denotes the mutation
probability.

The algorithm uses a greedy strategy to keep the best solutions for
the next generation.

o {Xfm S o) <)
1 S ) > FE)

1
X1€+
A dynamic comparison-based strategy facilitates the algorithm's
evolution toward the target position, leading to faster convergence.

(27)

(2) Dynamic perturbation mechanism leveraging the properties of
the Cauchy distribution

During the attack phase of the BKA algorithm, two update strategies
are utilized: one employs a nonlinear transformation based on the sine
function, while the other uses an update mechanism governed by a
decay factor n. The mathematical expressions are given below:

Y9+ n(l +sin(r) xy? p<r
Yitnx@r-1)xy? p>r

ij

Y= (28)
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where, n is a dynamic decay factor that decreases as the number of it-
erations increases. Its calculation formula is as follows:

2
t

n=0.05x¢ - <?) 29

In the later stages of the algorithm, the exponential decay of
parameter n causes new solutions to cluster near the current ones,
limiting the global search capability and making the quality of new
solutions highly dependent on the current solutions. This paper in-
troduces a dynamic perturbation mechanism based on the Cauchy dis-
tribution, leveraging its heavy-tailed property to design a jump-based
solution update strategy that enhances the algorithm's global explora-
tion capability. The mathematical formulation of the Cauchy distribu-
tion is as follows:

CauchyTnverCumbDist(dim), = a + b-tan(z(p — 0.5)) (30)
where, p is a random variable, a is the location parameter, and b is the
scale parameter.

The improved position update formula is:
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Y9 4+ n(1 +sin(r)) x y9 p<r

b
{ Y9 +nx (2r— 1) x ¥y x CauchyTnverCumDist(dim) p >r

Y1 =

(31)

The computational complexity of the BKA algorithm consists of two
main stages: the initialization stage with a time complexity of O(M), and
the fitness evaluation stage with a time complexity of O(T x M) + O(T x
M x D), where M denotes the population size, T represents the
maximum number of iterations, and D is the dimensionality of the so-
lution space. The overall computational complexity of the BKA algo-
rithm is O(M x (T + T x D + 1)), and after eliminating constant and
lower-order terms with negligible influence, the final time complexity
can be expressed as O(M x T x D). For the improved BKA algorithm, the
initialization stage has a time complexity of O(M), the dynamic Cauchy
perturbation strategy corresponds to a complexity of O(D), and the
mutation-based opposition learning contributes a complexity of O(M x
T x D). Therefore, the total time complexity of the improved BKA al-
gorithmis O(M x T x D)+ O(M x T x D)+ O(D), and by retaining only
the dominant terms, its final time complexity is O(M x T x D). The
incorporation of these hybrid improvement strategies does not signifi-
cantly increase the algorithm's overall computational cost, making the
proposed dual-strategy enhancement an acceptable and effective means
of improving convergence performance.
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3. Experimental part
3.1. Experimental environment and data preprocessing

3.1.1. Experimental environment

The experiments were implemented using Python 3.10, PyTorch
2.2.1, and CUDA 12.1 deep learning frameworks. The computational
platform was equipped with an Intel Core i5-12600KF CPU and an
NVIDIA GeForce RTX 4060 Ti GPU.

3.1.2. Dataset description

The dataset used in this study consists of monitoring data from two
wind farms located in northern China (Wind farm A and Wind farm B),
as illustrated in Fig. 10. The input features include wind speed and wind
direction measurements at heights of 10 m, 30 m, 50 m, and 70 m from
the meteorological mast, wind speed and wind direction at the turbine
hub, as well as environmental variables such as temperature, atmo-
spheric pressure, and humidity. The dataset contains two years of
monitoring data (2023-2024) from both wind farms, with a sampling
interval of 15 min.

3.1.3. Cascaded seasonal data isolation strategy
A multi-feature input scheme is employed to forecast wind turbine
power, using a dataset containing 13 meteorological features and one
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Fig. 18. Wind power prediction results of different models for different seasons (Wind Farm A, 2023).

power output variable. To meet model input requirements, the data are
segmented and preprocessed accordingly. To prevent information
leakage common issue in time series prediction where future data are
unintentionally introduced during training cascaded seasonal data
isolation strategy is applied before sample generation. The yearly data
are split into spring, summer, autumn, and winter subsets, each inde-
pendently divided into training, validation, and testing sets, with no
temporal overlap between seasons. A sliding window method is then
used within each seasonal training set to generate input samples,
ensuring that each sample at time t relies solely on historical and current
data. The overall multivariate dataset construction procedure is shown
in Fig. 11.

Fig. 11 presents the construction process of multi-feature input
samples. Specifically, the model input consists of samples from time
steps t and t+1, while the power value at time t+2 is used as the pre-
diction target. This process is iteratively repeated to construct a dataset
with multi-feature inputs.

3.1.4. Two-stage modal decoupling

To enhance the modelability of non-stationary signals, a two-stage
modal decoupling strategy is proposed, combining CEEMDAN for
extracting dominant components with FMD for further refinement and
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feature enhancement. This approach facilitates effective signal decom-
position and modeling, as shown in Fig. 12.

Fig. 12 illustrates that the original wind turbine power signal exhibits
no clear pattern, making accurate prediction challenging for traditional
models. To address the complex fluctuations caused by seasonality,
operational conditions, and random disturbances, a two-stage CEEM-
DAN-FMD modal decoupling approach is employed. First, CEEMDAN
decomposes the signal into 12 intrinsic mode functions. Next, sample
entropy is calculated, and the IMFs are clustered into high-frequency,
medium-frequency, and low-frequency groups using K-means clus-
tering. Finally, the high-frequency group undergoes further decompo-
sition via FMD, yielding six subcomponents. The medium- and low-
frequency groups, along with the FMD-derived components, are inte-
grated as inputs for the prediction model.

To further analyze the correlation characteristics among different
modes, a correlation map based on the Pearson correlation coefficient
was generated, as shown in Fig. 13.

In the correlation maps shown in Fig. 13, each subplot illustrates the
joint distribution between two IMF components. The blue scatter points
represent the value pairs of the two components at each time instance,
while the red line denotes their linear regression trend. As observed from
Fig. 13, the scatter distributions of most IMF pairs appear to be rather
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Fig. 18. (continued).

dispersed and exhibit no obvious linear patterns. Moreover, the trend
lines tend to be nearly horizontal, indicating weak linear correlations
between the components. This suggests that the CEEMDAN-FMD
method effectively achieves modal decoupling and mitigates informa-
tion redundancy across modes. Specifically, the correlation coefficient
between IMF1 and IMF4 is 0.15, and that between IMF2 and IMF®6 is
—0.15, indicating a certain degree of positive or negative linear rela-
tionship, albeit with low magnitude, which does not compromise the
overall independence of the components. Experiments further demon-
strate that the modes are independent and capable of extracting struc-
turally distinct and physically meaningful feature components from the
raw signals, providing a more decoupled and non-interfering data
foundation for subsequent feature extraction and modeling.

3.2. Evaluation metrics

(1) Mean Squared Error (MSE)

n

1 2
MSE:;Z()’I'—}’?)

i=1

(32)

where, n denotes the number of samples, y; represents the actual values,

and y¥ corresponds to the predicted values generated by the model.

(2) Root Mean Squared Error (RMSE)

1< 2
RMSE= | ; yi =) (33)
(3) Mean Absolute Error (MAE)
1 n
MAE:EZb/,-fyﬂ (34)
i1
(4) Mean Absolute Percentage Error (MAPE)
I
MAPE =" ; = x 100 (35)
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Fig. 19. Wind power prediction results of different models for different seasons (Wind Farm A, 2024).

(5) Coefficient of determination (R?)

u 2
Y i-¥)

RP=1-5— (36)
; ¥i—y)?

where, y denotes the mean of the true values.

(6) Prediction Interval Normalized Average Width (PINAW)
N
PINAW = 2 (Ui — L) (37)

N-(Max(real) — Min(real))

where, N represents the total number of actual samples, while Max(real)
and Min(real) denote the lower and upper bounds of the observed values,
respectively. For the i-th predicted sample, U; and L; correspond to the
lower and upper confidence limits of its prediction interval.

(7) Prediction Interval Coverage Probability (PICP)

22

S I(L < real; < Uj)
N

PICP = (38)
where, II(-) denotes the indicator function, which equals 1 when the
condition is true and O otherwise. PINAW measures the compactness of
the prediction interval, with smaller values indicating higher precision.
PICP reflects the coverage probability of the interval containing the true
values, where values closer to the confidence level indicate greater
reliability.

3.3. MSTCN-BiGRU-NSA model performance verification
3.3.1. BKA algorithm performance verification

(1) Performance verification on standard test functions

A series of comparative experiments was conducted to evaluate the
proposed MS-BKA algorithm against a suite of established metaheuristic

methods, including bat algorithm (BAT), dragonfly algorithm (DA), grey
wolf optimizer (GWO), starfish optimization algorithm (SFOA), harris
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Fig. 19. (continued).

hawks optimization (HHO), and arctic puffin optimization (APO), using
selected standard benchmark functions. To maintain the integrity of
experimental design, all algorithms were tested under identical settings:
a population size of 100, 500 iterations, and a fixed dimensionality of
30. Each algorithm underwent 10 independent runs to minimize sto-
chastic variation. The experimental results are summarized in Fig. 14.
Fig. 14 presents a comparison of the convergence curves of various
optimization algorithms across 12 test functions. As shown in Fig. 14,
the proposed MS-BKA algorithm demonstrates superior convergence
speed and higher accuracy than the compared algorithms on the
unimodal benchmark functions F1, F2, F3, F4, F6, and F7. For the
unimodal test function F5, its convergence performance ranks only
behind the HHO and SFOA algorithms. Regarding the convergence
validation on multimodal test functions, the improved MS-BKA algo-
rithm demonstrates superior convergence on F9, F11, and F12 compared
to other algorithms. On test function F10, although the final conver-
gence values of the SFOA, HHO, and BAT algorithms are comparable to
those of MS-BKA, the MS-BKA algorithm achieves rapid convergence
during the early iteration phase, exhibiting higher convergence effi-
ciency than the others. For test function F8, the convergence perfor-
mance of MS-BKA is second only to that of HHO. Results suggest that the
MS-BKA algorithm maintains a competitive edge in convergence
behavior on the majority of test functions, thereby validating the
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practical impact of the proposed modifications.

The results obtained from testing the enhanced MS-BKA algorithm
and several other algorithms on 12 standard benchmark functions are
compiled in Table 1. As shown in Table 1, the improved MS-BKA algo-
rithm achieved the best results in 10 out of the 12 test functions, except
for F5 and F8, accounting for 83.3 % of the optimal outcomes. The MS-
BKA algorithm shows relatively uniform performance across the tested
functions when compared to other approaches, with the evaluated al-
gorithms maintaining robust convergence characteristics.

(2) Performance verification based on different optimization algo-
rithms on the model

To verify the effectiveness of the proposed improved MS-BKA opti-
mization algorithm in practical hyperparameter tuning, a unified
comparative experiment is conducted under a fixed MSTCN-BiGRU-NSA
architecture. The model hyperparameters are defined as joint search
variables, and several metaheuristic algorithms-including the whale
optimization algorithm (WOA), northern goshawk optimization (NGO),
HHO, GWO, as well as their improved variants (IGWO [62], IHHO [63],
and ISSA [64])-are employed for parameter optimization alongside the
proposed MS-BKA. The mean absolute percentage error (MAPE) is used
as the objective function, and the generalization performance of each
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Fig. 20. Cloud and rain maps corresponding to different models in different
seasons (Wind Farm A 2023-2024).

algorithm is evaluated based on the prediction metrics obtained from
the test set. In addition, the evolutionary convergence curves of the
different algorithms are recorded and visualized. The experimental re-
sults are summarized in Table 2 and Fig. 15.

As shown in Table 2, traditional algorithms without any improve-
ment strategies (WOA, NGO, HHO, GWO, and BKA) exhibit slightly
lower optimization time costs than their improved counterparts; how-
ever, their optimization performance remains limited, and they are
prone to premature convergence to local optima. Compared with the
original BKA algorithm, the proposed improved MS-BKA achieves an
increase of 2.26 % in R, while reducing MAE and RMSE by 26.57 % and
35.26 %, respectively, without a significant rise in optimization time.
The performance enhancement of MS-BKA primarily stems from the
opposition-based learning mechanism, which enhances population
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diversity, and the dynamic Cauchy perturbation mechanism, which
improves the algorithm's ability to escape local optima. Furthermore,
compared with other improved algorithms (IGWO, IHHO, ISSA), MS-
BKA still achieves the best predictive performance, with a slight in-
crease in runtime (approximately 2567 s), demonstrating its superior
efficiency and effectiveness in deep model hyperparameter
optimization.

As shown in Fig. 15, some traditional algorithms (such as GWO,
HHO, SSA, and BKA) converge quickly in the early stages, but become
trapped in local optima in the later stages, with the curves flattening out.
In contrast, their improved versions (IGWO, IHHO, ISSA, and MS-BKA)
exhibit better optimization stability and lower error levels in the mid-to-
late stages. In particular, the MS-BKA algorithm quickly reaches the
optimal MSE in the early iteration stage and maintains the lowest error
throughout, demonstrating excellent convergence speed and robustness.
This indicates that MS-BKA achieves a good balance between global
search and local exploitation, obtaining the optimal solution in fewer
iterations, thereby significantly improving the model's convergence ef-
ficiency and prediction accuracy.

The hyperparameter optimization results for the wind power fore-
casting method proposed in this study are presented in Table 3.

As shown in Table 3, by optimizing the FMD decomposition algo-
rithm with MS-BKA and using minimum sample entropy as the fitness
function, the optimal filter length and number of modal decompositions
were determined to be F = 45 and M = 6, respectively. In the model
architecture, the prediction error was set as the optimization objective.
The optimal number of hidden units in the BIGRU layer was 50, while
the best values for the multi-head attention layer were NumHeads = 5
and KeyDimension = 30. The model parameters were set as follows:
InitialLearnRate to 10 ~2, MiniBatchSize to 32, MaxEpochs to 150, and
Dropout rate to 0.2. These parameter settings ensure the model's per-
formance is fully leveraged and achieves optimal results.

3.3.2. Performance verification of two-stage modal decoupling strategy
(1) Verification of the effectiveness of CEEMDAN-FMD

To investigate the impact of different signal decomposition strategies
on wind power forecasting performance, multiple comparative experi-
ments were conducted. The experiments included two categories of
decomposition schemes: the first category consisted of single-stage
decomposition methods (VMD, CEEMDAN, FMD, and EMD), which
were used to evaluate the baseline performance of each algorithm in
multi-scale feature extraction; the second category comprised two-stage
decomposition strategies, in which different decomposition methods
were combined to verify the effectiveness of the two-stage approach. All
experiments were performed under identical data partitioning and
training parameter settings to ensure the comparability and fairness of
the results. Table 4 presents the forecasting performance comparison of
various decomposition strategies under a fixed model architecture.

As shown in Table 4, different decomposition strategies were
compared under the MSTCN-BiGRU-NSA model. The results indicate
that single-stage methods are insufficient to distinguish high-frequency
noise from informative signal components, leading to limited fore-
casting improvements. To overcome this limitation, this study applies a
secondary FMD decomposition to the high-frequency modes obtained
from the initial CEEMDAN step. Compared with single-stage approaches
(VMD, CEEMDAN, FMD, and EMD), the proposed CEEMDAN-FMD
achieves substantial performance gains, reducing MAE by 45.36 %,
31.39 %, 31.69 %, and 38.84 %, and improving R? by 6.14 %, 4.33 %,
4.00 %, and 5.72 %, respectively. These results confirm that CEEMDAN-
FMD significantly enhances model precision by improving high-
frequency feature separability and effectively suppressing noise. In
comparison with other CEEMDAN-based hybrid strategies (CEEMDAN-
VMD, CEEMDAN-CEEMDAN, and CEEMDAN-EMD), CEEMDAN-FMD
achieves further MAE reductions of 21.92 %, 25.13 %, and 22.73 %, and
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Fig. 21. Interval prediction results of different models under different confidence levels.

R? improvements of 1.54 %, 2.42 %, and 2.02 %, respectively, main-
taining its leading performance across all combinations. Although
CEEMDAN-FMD requires a slightly longer decomposition time (about
29 s), its remarkable gains in accuracy and stability highlight its effi-
ciency at a reasonable computational cost. Overall, the two-stage
CEEMDAN-FMD strategy fully capitalizes on CEEMDAN's broadband
decomposition and FMD's high-frequency optimization, achieving hi-
erarchical feature enhancement and delivering superior accuracy and
robustness in wind power forecasting.

To further assess the behavior of conventional "decomposition +
prediction”" hybrid frameworks, two additional baseline models were
incorporated. The first, VMD-ATT-LSTM, decomposes the raw wind
power series using VMD and feeds the resulting modal components as
multi-channel inputs into an attention-augmented LSTM network, rep-
resenting a typical VMD-driven deep learning hybrid. The second, VMD-
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SSA-SVR, applies VMD to obtain multi-scale components, trains an in-
dividual SVR predictor for each component, and employs the Sparrow
Search Algorithm (SSA) for hyperparameter optimization; the final
output is produced through linear aggregation of the modal-level pre-
dictions. Both hybrid approaches follow the same data split, input
window configuration, and evaluation criteria as the proposed frame-
work to ensure fairness and comparability.

Table 5 indicates that VMD-SSA-SVR slightly outperforms VMD-ATT-
LSTM in MAE and RMSE, benefiting from SSA's adaptive optimization of
SVR hyperparameters. However, the attention mechanism within LSTM
improves temporal feature extraction, resulting in only minor differ-
ences between the two models. Despite both hybrid frameworks
achieving R? values above 0.90 and maintaining stable fitting perfor-
mance, they remain clearly inferior to the proposed CEEMDAN-FMD +
MSTCN-BiGRU-NSA + MS-BKA + INCQR framework. This stems from
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Table 8
Quality evaluation of prediction intervals of different models.

Model/ QR- Uncertainty Deterministic Performance

Confidence method Performance Evaluation

Level Evaluation

PICP PINAW R? RMSE MAE

FEDformer INCQR 0.8104 0.3198 0.8855 23.9994 17.5043
NCQR 0.7804 0.3306 0.8644 25.7261 18.9614
QR 0.7727 0.3629 0.8457 26.1275 19.0534

DLinear INCQR 0.8787 0.2616 0.9482 16.1365 10.6727
NCQR 0.8266 0.3008 0.9101 19.2305 11.6241
QR 0.8198 0.3089 0.9067 20.1137 12.0766

Informer INCQR 0.8778 0.3447 0.9391 17.5026 11.8183
NCQR 0.8258 0.3014 0.9017 19.7248 12.6514
QR 0.8146 0.3107 0.8978 20.6759 13.6667

Transformer INCQR 0.8849 0.1859 0.9530 12.2438 9.8864
NCQR 0.8246 0.2961 0.9254 17.6527 11.0051
QR 0.8211 0.2917 0.9144 18.8354 11.4017

PatchTST INCQR 0.9107 0.1396 0.9770 9.1072 8.6346
NCQR 0.8770 0.2037 0.9424 11.9504 10.2472
QR 0.8739 0.2184 0.9407 11.9908 10.6628

Proposed INCQR 0.9265 0.1044 0.9895 6.5345 6.0207
NCQR 0.8864 0.1766 0.9634 8.7588 9.9455
QR 0.8798 0.1894 0.9506 11.0277 9.2154

the limitations of traditional hybrid strategies, which depend on single-
stage decomposition and linear recombination and thus fail to charac-
terize the complex cross-scale non-stationary behaviors in wind power
series. Furthermore, their predictors do not explicitly account for noise
variation or structural uncertainty, reducing robustness under complex
operating conditions. By contrast, the proposed framework integrates a
hierarchical macro-/micro-scale analysis and a synergistic deep
modeling design that jointly address local dynamics, global de-
pendencies, and non-stationary sensitivity.

(2) Validation of model structure and NSA attention mechanism

To assess the performance of the proposed MSTCN-BiGRU model and
its non-stationary self-attention (NSA) mechanism for wind power pre-
diction, experiments were designed as shown in Table 5. The study
compares multiple temporal modeling architectures and attention
mechanisms to evaluate feature extraction ability, predictive accuracy,
and computational efficiency. All models were trained on the same
dataset, constructed using the proposed two-stage modal decoupling
method, and their hyperparameters were tuned via the improved
MSBKA algorithm to ensure fair comparison. The configurations of each
model are summarized in Table 6.

Table 7 presents the comparative experimental results of the model
under different experimental conditions. In Table 6, M1, M2, and M3
denote three distinct configurations: without any attention mechanism,
with a conventional self-attention mechanism, and with the proposed
non-stationary self-attention mechanism, respectively.

According to Table 7, under the M1 condition, the MSTCN-BiGRU
model outperforms CNN-BiGRU, TCN-BiGRU, and LSTM-BiGRU,
reducing MAE by 64.06 %, 29.20 %, and 48.78 %, and improving R2
by 14.74 %, 2.50 %, and 9.94 %, respectively. Under both M2 and M3
settings, MSTCN-BiGRU still attains the lowest MAE and highest R?,
confirming that the multi-scale TCN architecture enables effective
extraction of dynamic features at different temporal scales and enhances
trend prediction accuracy. Under the M3 setting, compared with M1, the
CNN-BiGRU, TCN-BiGRU, LSTM-BiGRU, and MSTCN-BiGRU models
reduce MAE by 35.72 %, 30.72 %, 23.31 %, and 22.13 %, while
improving R% by 9.68 %, 3.35 %, 7.56 %, and 2.21 %, respectively.
These results confirm that integrating Non-Stationary Self-Attention
(NSA) enhances prediction accuracy compared with models lacking
attention mechanisms. Moreover, models using NSA (M3) outperform
those with traditional self-attention (M2) in both MAE and Rz, proving
NSA's superior capability in modeling non-stationary wind power
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dynamics. By adaptively redistributing attention weights, NSA effec-
tively captures the unstable correlations between wind speed and
power, thereby improving robustness against abrupt changes and
fluctuations.

From the joint analysis of model complexity and prediction accuracy,
the MSTCN-BiGRU contains about 0.3654 M trainable parameters,
reflecting its compact structure. While its FLOPs (0.1111G) and training
time (2567s) are slightly higher than competing models, the computa-
tional overhead remains reasonable. Additionally, the model's online
inference time of 0.489 s confirms strong real-time performance. In
summary, the MSTCN-BiGRU achieves a favorable balance between
accuracy, computational efficiency, and practical deployability.

3.3.3. Model comparison experiment
(1) Comparison of the prediction performance of multiple models

To verify the proposed model's generalization across different wind
farms and years, four independent subsets were established using
2023-2024 monitoring data from Wind Farms A and B, denoted as A-
2023, A-2024, B-2023, and B-2024. All subsets followed a uniform
preprocessing pipeline, and the original signals were subjected to two-
stage CEEMDAN-FMD decomposition, with decomposed modes pro-
vided as auxiliary features for comparison models. The proposed method
was evaluated against DLinear [65], Autoformer [66], Informer [67],
and PatchTST [68] under identical hyperparameter configurations and a
fixed random seed. Each experiment was repeated five times for statis-
tical reliability, and the results are shown in Fig. 16.

According to Fig. 16, conventional models (DLinear, Informer, and
Autoformer) show a clear lag in regions of sharp power variation, while
PatchTST ranks second to the proposed model, achieving smooth overall
trends but missing local detail. The proposed model, however, fits the
actual power curves of both Wind Farms A and B more accurately over
two years, reflecting stronger dynamic adaptability and generalization.
Analysis of the eight subplots further reveals that in rapid power-rising
segments, other models display large amplitude deviations, whereas the
proposed model precisely captures peak values and trends. In high-
frequency oscillation areas, traditional models over-smooth their pre-
dictions, losing fine variation patterns, while the proposed model almost
overlaps with the true curve, retaining detailed fluctuations effectively.
Overall, the proposed model excels in dynamic feature extraction and
detail preservation under non-stationary conditions, verifying its accu-
racy in modeling complex wind power variations. The comparative re-
sults of MAE, MSE, and R? distributions are shown in Fig. 17.

(2) Ablation experiment of model prediction performance in
different seasons

To assess the proposed model's robustness and generalization across
seasonal and operational variations, experiments were conducted using
continuous two-year monitoring data from Wind Farm A (2023-2024).
The data were divided into four seasonal subsets-spring, summer,
autumn, and winter-and tested separately. Benchmark models included
state-of-the-art time-series forecasting frameworks: DLinear, Informer,
Transformer [69], PatchTST, FEDFormer [70], and TimeMixer [71]. For
fair comparison, all models were evaluated under the same experimental
settings described in Section (1). The corresponding results are shown in
Figs. 18 and 19.

Figs. 18 and 19 show the seasonal forecasting results for Wind Farm
A (2023-2024). The blue dots denote actual power, the red dashed line
represents the proposed model, and other lines indicate baseline models.
In high-fluctuation periods (spring and summer), frequent wind speed
changes and strong turbulence cause evident high-frequency oscilla-
tions. The proposed MSTCN-BiGRU-NSA model, integrating two-stage
modal decomposition and multi-band modeling, accurately tracks the
actual dynamics with no visible lag at peaks, highlighting its strong
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Fig. 22. The impact of different seasonal characteristics on the model: (a) and (b) are spring experimental results; (c) and (d) are summer experimental results; (e)
and (f) are autumn experimental results; (g) and (h) are winter experimental results.

responsiveness to rapid fluctuations. By contrast, FEDformer and
Informer tend to over- or under-estimate at peaks, while PatchTST and
TimeMixer reduce oscillations but still lag during multi-peak intervals.
In stable periods (autumn and winter), when the wind field is relatively
steady, the proposed model yields smooth predictions consistent with
actual values, indicating superior low-frequency fitting and noise
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robustness. DLinear and Transformer capture general trends but show
minor deviations in low-power ranges.

As shown by the cross-year prediction results, the 2023 wind power
curve clearly captures the periodic characteristics of turbine operation.
The proposed model performs best in spring and summer, accurately
capturing peaks and valleys during rapid power variations, and achieves
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Table 9
Results of encoding each feature.
Feature name Code Feature name Code
Wind speed at 10m on Feature The wind direction of the Feature 8
wind tower (m/s) 1 wind tower 50m (°)
Wind speed at 30m on Feature The wind direction of the Feature 9
wind tower (m/s) 2 wind tower 70m (°)
Wind speed at 50m on Feature Hub height wind direction Feature
wind tower (m/s) 3 ©) 10
Wind speed at 70m on Feature Temperature(®) Feature
wind tower (m/s) 4 11
Hub height wind speed Feature Atmospheric pressure(hPa) Feature
(m/s) 5 12
The wind direction of Feature Humidity (%) Feature
wind tower 10m (°) 6 13
The wind direction of the Feature
wind tower 30m (°) 7

the highest fitting precision in autumn and winter, highlighting its
strong cross-frequency adaptability. Despite the increased fluctuation
amplitude and meteorological complexity in 2024, the model continues
to exhibit stable prediction trends and minimal peak errors, confirming
its excellent robustness and generalization across years. In contrast,
other models, especially FEDformer and Informer, show excessive
smoothing or local distortions in certain seasons, indicating weaker
modeling capability for complex non-stationary signals. In summary, the
MSTCN-BiGRU-NSA framework based on two-stage modal decomposi-
tion effectively integrates high-frequency fluctuation capture with low-
frequency trend modeling, reducing the negative impact of seasonal and
random disturbances. Compared with DLinear, Informer, Transformer,
PatchTST, FEDformer, and TimeMixer, the proposed method demon-
strates superior adaptability and stability across both seasonal and
yearly variations, making it well-suited for accurate forecasting in
complex wind environments.

To evaluate the seasonal forecasting performance of different
models, raincloud plots were used to visualize the residual distributions.
The width of each “cloud” represents the probability density of the
prediction errors, depicting their dispersion and distributional charac-
teristics. The box section illustrates the interquartile range (IQR),
describing the concentration of the residuals, while the black line within
the box marks the median, indicating the central bias of the model
predictions. The dots display the residuals of individual samples,
providing insights into the sample-level variability. The results are
presented in Fig. 20.

As shown in Fig. 20, the proposed model exhibits the most stable
error distributions across all seasons during 2023-2024, with concen-
trated and symmetric residuals whose medians are close to zero. This
indicates small prediction errors, balanced bias, and stable generaliza-
tion. In contrast, FEDformer and Informer display more dispersed error
distributions with pronounced long-tail effects and multiple extreme
errors, while their skewness further increases in 2024, suggesting poor
robustness to complex meteorological disturbances. PatchTST and
TimeMixer show noticeable skewed distributions and clustered outliers
in certain seasons (especially summer and autumn), implying systematic
over- or underestimation. Although DLinear and Transformer exhibit
slightly higher residual concentration than the aforementioned models,
their overall dispersion remains greater than that of the proposed model.
Overall, the proposed approach maintains compact, balanced residual
distributions across both seasonal and annual scales, reflecting superior
stability and adaptability under varying operating conditions. In sum-
mary, the two-stage modal decomposition-based MSTCN-BiGRU-NSA
integrated forecasting framework consistently produces concentrated,
symmetric residuals with near-zero medians across different seasons and
years, confirming its predictive consistency and robustness under both
fluctuating and steady operating conditions. Compared with other
models, the proposed method not only significantly reduces residual
dispersion and extreme errors but also maintains a stable error
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distribution structure across seasonal and annual variations, further
verifying its strong generalization capability and practical applicability
in complex meteorological environments.

3.3.4. Uncertainty interval assessment

To further evaluate the uncertainty inherent in the forecasting pro-
cess, this study applies the improved INCQR method to quantify the
predictive uncertainty of different models. The model performance is
assessed under confidence levels of 70 %, 80 %, and 95 %, and the
evaluation results are presented in Fig. 21.

Fig. 21 illustrates the comparison between the prediction intervals,
actual values, and predicted results of different models under various
confidence levels. The blue line represents the actual power, the red line
denotes the predicted values, and the shaded regions in different colors
correspond to different confidence intervals. As shown in Fig. 21, FED-
former and DLinear exhibit wider high-confidence intervals (95 %)
during periods of sharp power fluctuations, indicating higher uncer-
tainty under extreme conditions. Meanwhile, at a lower confidence level
(70 %), their intervals fail to adequately cover the actual values,
reflecting weaker model stability. Informer and Transformer show some
improvement in interval compactness and trend alignment, but still
exhibit noticeable deviations at local peaks and troughs. PatchTST
further enhances interval stability, demonstrating stronger temporal
feature extraction and convergence capability. In contrast, the proposed
model maintains the narrowest and smoothest prediction intervals
across all confidence levels, ensuring sufficient coverage at high confi-
dence while significantly reducing interval width at lower confidence.
These results highlight the model's superior capability in uncertainty
quantification and interval calibration, providing more reliable interval
references for wind power forecasting.

Table 8 presents the interval prediction performance of different
models using three methods: classical quantile regression (QR), non-
crossing quantile regression (NCQR), and the improved non-crossing
quantile regression (INCQR) proposed in this study. The experimental
results indicate that, compared with the traditional QR approach, all
evaluated models (FEDformer, DLinear, Informer, Transformer,
PatchTST, and the Proposed model) achieved improvements in the PICP
by 4.87 %, 7.18 %, 7.76 %, 7.77 %, 4.21 %, and 5.31 %, respectively.
Moreover, after applying the improved INCQR method, the PICP values
of all models further increased by 3.84 %, 6.31 %, 6.30 %, 7.31 %, 3.84
%, and 4.52 %, respectively, compared with the traditional NCQR
method. These results demonstrate that the INCQR method more accu-
rately captures the dynamic variations of wind power and effectively
enhances the coverage capacity of the confidence intervals, particularly
under high-confidence conditions. Furthermore, in terms of interval
width, the INCQR method significantly reduced the prediction interval
normalized average width. For all models, the PINAW values under
INCQR were considerably smaller than those obtained with NCQR and
QR, confirming that the improved INCQR not only enhances interval
coverage but also minimizes interval width, thereby improving the
precision of uncertainty estimation. Among all models combined with
the INCQR method, the proposed model achieved the highest PICP
(0.9265), narrowest PINAW (0.1044), lowest RMSE (6.5345) and MAE
(6.0207), as well as the best fitting accuracy (R? = 98.95). Overall, the
experimental findings confirm that the proposed approach substantially
enhances both the coverage and accuracy of probabilistic forecasts,
while effectively narrowing the prediction intervals, thus outperforming
conventional methods and demonstrating strong applicability for high-
variability wind power forecasting tasks.

3.3.5. Model interpretability analysis

The interpretability of deep neural networks has long been a crucial
research focus in the field of wind power forecasting, aiming to uncover
the internal decision-making logic of models and enhance the trans-
parency and credibility of prediction results [72-75]. In this study, the
SHAP (Shapley Additive exPlanations) method is introduced at the
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post-processing stage to perform a systematic contribution analysis of 13
input feature variables. The SHAP-based feature analysis quantitatively
explains the influence of different features on the model's predictive
outputs from a result-oriented perspective, revealing both the impor-
tance and directional effects of each input variable. Fig. 22 presents the
distributions and mean absolute values of SHAP scores under different
seasonal conditions, intuitively illustrating the positive and negative
impacts and the relative contribution of each feature to the prediction
results. A larger absolute SHAP value indicates a stronger influence of
that feature in the forecasting process; positive values represent a
driving effect on power increase, while negative values correspond to a
suppressive effect on power generation. The encoding and descriptions
of the input features are summarized in Table 9.

Fig. 22 illustrates the SHAP-based feature interpretability analysis,
which reveals the seasonal variations in the model's response to different
input features. In spring, the hub-height wind speed (Feature 5) and the
70 m tower wind speed (Feature 4) exert the most significant influence
on wind power prediction, indicating that variations in high-altitude
wind velocity serve as the primary drivers of power output. During
summer, these two features remain highly influential, while the impact
of lower-level wind speeds (Feature 1 and Feature 2) further increases,
reflecting the combined effects of multi-layer wind fluctuations under
intensified turbulence. In autumn, wind-speed features continue to
dominate, but the contribution of mid- and low-level wind-direction
features (Feature 6 and Feature 7) rises, suggesting that airflow direc-
tional stability plays a critical role in power regulation. In winter, a
pattern of "wind-speed dominance, wind-direction coordination, and
meteorological modulation” emerges, with the influence of wind-
direction features (Feature 6 and Feature 8) further enhanced, while
meteorological factors such as temperature, pressure, and humidity
regulate power output through air density variation. Overall, wind-
speed features remain the dominant contributors throughout the year,
whereas wind-direction and meteorological variables exhibit comple-
mentary effects across seasons. The proposed model effectively captures
the seasonal evolution of key feature importance, elucidating the
coupling mechanism among wind speed, wind direction, and meteoro-
logical factors that govern wind power generation, thereby providing
interpretable theoretical guidance for operational optimization and
seasonal dispatching of wind farms.

4. Conclusion

This study proposes a wind power forecasting method that integrates
a two-stage CEEMDAN-FMD modal decomposition with an MSTCN-
BiGRU-NSA prediction model, further enhanced by an improved BKA
optimization algorithm and the INCQR-based uncertainty modeling
mechanism. Experimental results demonstrate that the proposed
approach significantly improves forecasting accuracy, strengthens
temporal modeling capabilities, and enhances uncertainty quantifica-
tion. Specifically, CEEMDAN-FMD effectively decomposes non-
stationary signals, the enhanced BKA algorithm improves model sta-
bility, and INCQR substantially increases the consistency and credibility
of prediction intervals. Despite its strong performance in accuracy and
robustness, the proposed method still presents challenges in terms of
computational complexity and lightweight deployment. Future research
will focus on model simplification and multi-scenario adaptability to
improve its practical applicability and scalability.
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