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Abstract. Vibration signals from high-voltage circuit breakers (HVCB) typically contain complex
background noise, and traditional fault diagnosis methods often neglect the temporal relationship
between vibration signals and fault characteristics. To address these issues, an IMCEEMDAN-
TSG fault diagnosis model based on vibration signals is proposed. First, Pearson correlation
coefficient filtering is combined to improve the Complete Ensemble Empirical Mode
Decomposition with Adaptive Noise (IMCEEMDAN) for adaptive multi-resolution analysis,
which effectively separates the intrinsic mode function (IMF), thereby filtering out noise
contained in the signal, suppressing mode aliasing, and preserving key signal features. Secondly,
a TSG hybrid algorithm is constructed by combining the Temporal Convolutional Network (TCN)
embedded with the Self-Attention Mechanism (SAM) and the Gated Recurrent Unit (GRU). This
architecture facilitates the parallel feature extraction of multi-channel IMF and the capture of
temporal relationships, thereby deeply modeling temporal dependencies and revealing the
dynamic evolution of vibration signals. Experimental results demonstrate that the proposed model
achieved a fault diagnosis accuracy of 100 % on the HVCB simulation datasets, surpassing the
traditional Convolutional Neural Network (CNN) by 19.07 %. Furthermore, compared with
conventional algorithms, significant improvements were observed across all classification
metrics, providing an accurate and reliable solution for the mechanical fault diagnosis of HVCB.

Keywords: HVCB, vibration signal, deep learning, fault diagnosis.

Nomenclature

HVCB High voltage circuit breaker

EEMD Ensemble empirical mode decomposition

TCN Temporal convolutional network

CEEMDAN Complete ensemble empirical mode decomposition with adaptive noise
IMCEEMDAN Lr(r;iireove complete ensemble empirical mode decomposition with adaptive
LSTM Bidirectional long short-term memory

MSCNN Multi-scale convolutional neural network

EMD Empirical mode decomposition

IMF Intrinsic mode function

SAM Self-attention Machine

GRU Gated recurrent unit

CNN Convolutional neural network

RNN Recurrent neural network
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1. Introduction

With the release of the dual carbon policy, the operational stability of the power system has
become increasingly important [1]. As a significant control and protection device in the power
system, HVCB’s reliability directly affects the power supply’s reliability and stability in the power
grid [2, 3]. However, due to the long-term exposure of the HVCB to mechanical actions,
electromagnetic impacts, and environmental factors, its mechanical components are prone to
malfunctions, which can affect the safe operation of the power system and even cause significant
losses to the social economy. Therefore, the equipment status monitoring and fault diagnosis of
HVCB are fundamental requirements for ensuring the safety of the power system [4].

The vibration signals generated during the opening and closing of the HVCB contain
information about the equipment’s status. By analyzing the vibration characteristics, the operating
condition of the equipment can be accurately evaluated, and potential faults such as mechanical
wear and mechanism jamming can be predicted [5]. Currently, multiple methods have been
developed for diagnosing faults in HVCB through the analysis of vibration signals. However,
there are still two main challenges: the HVCB usually operates in complex noise environments,
and the collected vibration signals will contain much noise [6, 7]. Secondly, the vibration signals
of the HVCB have long periodicity, and the fault characteristics may be hidden in the early data
[8], but researchers often overlook this aspect of information.

In recent years, with the rapid development of deep learning technology, the field of fault
diagnosis has undergone a fundamental transformation from traditional “knowledge-driven” to
“data-driven” [9, 10]. Although deep learning methods such as CNN, RNN, and LSTM have
achieved good results in the field of fault diagnosis, they still have problems of gradient vanishing
and gradient explosion when processing the global features of vibration signals [11-15].

Regarding the problem of environmental noise contained in the original vibration signals of
the HVCB, the commonly used solutions mainly include EMD [16] and the improved methods
based on EMD, such as EEMD [17], CEEMD [18], and CEEMDAN [19], etc., for noise reduction.
Multiple IMFs are derived from the vibration signal using EMD, reducing noise and feature
information coupling. It is well-suited to the analysis of signals exhibiting non-linearity and non-
stationarity [20]. However, both the EMD denoising method and the EEMD denoising method
have problems of modal confusion and noise residue, which may lead to severe distortion of the
decomposition effect [21]. Therefore, Torres et al. [22] proposed an improved CEEMD method
called CEEMDAN, which reduces the impact of noise on signal decomposition by gradually
adding noise and averaging step by step, significantly enhancing the accuracy and stability of
decomposition. Although CEEMDAN can adaptively decompose the vibration signals of the
HVCB, in actual engineering, additional screening strategies still need to be designed to separate
the noise effectively.

Aiming at the problem that fault features exist in the early stage of the signal and are ignored,
Zhang et al. [23] proposed a fault diagnosis method based on MS-TCN to capture the early fault
features in long sequences. However, this method is prone to overfitting under complex working
conditions. Ye et al. [24] incorporated an attention mechanism into the convolutional layer of a
1D attention convolutional capsule neural network to redistribute the feature weights of vibration
signals, thereby augmenting the model’s capacity for feature extraction. However, when this
network processes long sequences of one-dimensional vibration signals, the multiple weight
negotiations of its dynamic routing will reduce the real-time performance of the algorithm. Kumar
et al. [25] extracted the important features of the vibration signals of polymer gears through the
LSTM-GRU hybrid model. They achieved multi-type fault diagnosis of polymer gears through
their timing relationships. However, this hybrid model lacks consideration of the weight
distribution among different frequency bands of the vibration signal.

Given this, this paper proposes an IMCEEMDAN-TSG fusion diagnostic model to achieve
efficient fault diagnosis of HVCB. This model consists of an improved adaptive noise
complementary ensemble empirical mode decomposition (IMCEEMDAN), a temporal
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convolutional network (TCN), a self-attention mechanism (SAM), and a gated recurrent unit
(GRU). Its main contributions are as follows:

— A fusion diagnosis model based on IMCEEMDAN-TSG is proposed, and the diagnostic
accuracy of this model is higher than that of traditional deep learning models.

— Introducing the Pearson correlation coefficient screening strategy to improve the adaptive
decomposition of CEEMDAN, combined with the dynamic convolution of TCN, can enable the
model to maintain high-precision fault diagnosis performance even in a strong noise environment.

— GRU captures the local timing details of the transient vibration waveform of the vibration
signal through the gating mechanism, making up for the deficiency of TCN in local dynamic
modeling.

—Embed a self-attention mechanism in the residual network of TCN to achieve dynamic
allocation of feature weights for vibration signals. The model can automatically focus on
fault-sensitive features based on the important differences between various IMF components and
time series fragments, thereby enhancing the model’s generalization ability for complex faults.

2. The principle of IMCEEMDAN-TSG mode

The workflow of the proposed model is shown in Fig. 1. The vibration signal of the HVCB is
decomposed into several IMF components by CEEMDAN and screened through the Pearson
correlation coefficient. Then, the screened IMF components are input into the TSG hybrid model
through multiple channels for parallel computing to extract time series features. Finally, fault
classification is carried out by the Softmax classifier. CEEMDAN with the Pearson correlation
coefficient screening strategy introduced can more effectively and adaptively separate
environmental noise. TCN uses causal convolution and residual networks to capture long-term
dependencies of vibration signals. SAM applies attention weights to the features extracted by
TCN, and the weighted features are input into GRU, which can further capture the short-term
temporal relationship of the vibration signal.
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Fig. 1. The workflow of IMCEEMDAN-TSG

2.1. IMCEEMDAN signal denoising method

To remove the influence of environmental noise on the vibration signal from the original
signal, a Pearson correlation coefficient screening strategy was used to improve CEEMDAN.
Characteristic IMFs were determined by calculating the Pearson correlation coefficient between
each IMF and the original signal, and noise was then removed.

2.1.1. CEEMDAN decomposition principle

CEEMDAN is an improved EMD method suitable for processing nonlinear and non-stationary
signals. By adding adaptive noise to the vibration signal, performing multiple EMD
decompositions on the noisy signal, and finally averaging all resultant IMF components from the
decomposition, the modal aliasing phenomenon can be reduced, and the accuracy and stability of
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the decomposition can be improved [16]. First, adding different noise instances to the original
signal s(t) to generate a set of new signals:

si(t) = s(t) +n;(2), (1

where s;(t) is the signal with added noise and n;(t) is the random noise instance.
Secondly, perform EMD decomposition on each noisy signal s;(t) to get a set of IMF
components, and the calculation formula is:

5i() = ) I (O +7:(0), @
k=1

where I; (t) is the k-th intrinsic mode function of the i-th signal, N is the number of IMF
components, and 7;(t) is the residual of the i-th signal.
Then, all IMF component sets are average to derive the final intrinsic mode function:

M
) 1
L(t) = MZ Ii (O, )
i=1

where I%(t) is the final k-th intrinsic mode function, and M is the number of noise instances.
2.1.2. Pearson correlation coefficient screening strategy

The Pearson correlation coefficient, also known as the Pearson product-moment correlation
coefficient, can measure the linear correlation between the IMF components decomposed by the
CEEMDAN denoising method and the original vibration signal and filter out the noise in the
original vibration signal [26]. Its calculation formula is:

Doy = cov(X,Y) E(XY) —EX)E()
T ooy JEGO) = [ECOPYEY?) - [EO)P @
n By % i — (g %) gy )

TN ) — e )N S Y — (Bl v

where cov(X,Y) is the covariance of X and Y, oy and oy are the standard deviations of X and Y.
The closer the value of pyy is to 1, the stronger the correlation between the two sets of data.

2.2. TCN-SAM model principle

To further extract important vibration signal features from the IMF components decomposed
by the CEEMDAN denoising method and capture the temporal relationships of the HVCB’s
vibration signals, the IMF components decomposed by the CEEMDAN denoising method are fed
into the TCN-SAM algorithm for parallel computation to improve diagnostic accuracy.
Furthermore, when a HVCB fails, such as when the tripping and closing coils become loose, the
vibration signal exhibits a strong transient nature. This places a high demand on feature extraction
models that can efficiently locate local transient features when processing long sequences of data.

To meet these requirements, SAM is incorporated into the residual module of the TCN, aiming
to improve the TCN’s processing capabilities for long sequences of data and its ability to focus on
key features. The TCN-SAM model structure is shown in Fig. 2. SAM is inserted between two
convolutional layers in the TCN’s Temporal Block module, enabling the model to focus on the
important features extracted by the convolutional layers.
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Fig. 2. Structure diagram of TCN-SAM

2.2.1. Principle of TCN module

To solve the problem of gradient vanishing or gradient exploding in traditional deep learning
models such as CNN and RNN, TCN provides stronger long-sequence causality and a more
flexible receptive field. It uses convolutional neural networks to process sequence data, making it
suitable for modeling long sequences [27]. The causal convolution of the TCN module strictly
adheres to the temporal nature of the input sequence, for a one-dimensional time series
X = {x¢,xq,...,x.} and dilation coefficient f = {0,1,2,...,k — 1}:

k-1

HT) = (XE)T = D f O xr-a, ®)
i=0

where k represents the expansion coefficient and d represents the expansion factor.

After adding causal convolution, the top layer of the TCN network can also receive feature
information transmitted from the bottom layer, and the range is significantly improved compared
to the previous receptive field size.

2.2.2. Self-attention mechanism (SAM)

In order to enable TCN to assign weights to vibration signal features when processing IMF
components, SAM is added to the residual network of TCN to improve the model’s ability to
extract important features of vibration signals.

SAM is a method that generates a contextual representation of each element by calculating the
relationship between each position in the input sequence. Unlike traditional models such as RNN
or LSTM, SAM allows the element at each position to interact directly with all other positions in
the sequence, which makes it particularly suitable for processing long-distance dependencies [28].

Each element in the input sequence is mapped to a query vector @, a key vector K, and a value
vector V through different weight matrices. @, K, and V corresponding to the input element x; are
expressed as follows:

Qi = WQxl-, Ki = Wle-, Vi = vai' (6)

A scaling factor is usually introduced during calculation to scale the similarity between Q and
K. Then normalized by the SoftMax function to obtain the attention weight of each position. The
calculation formula is:
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. QK"
Attention(Q, K, V) = softmax V. (7)

Nen

The value of Attention (Q, K, V) represents the importance of sequence features and can give
higher weights to important features, making the model more robust.

2.3. Principle of GRU module

The GRU layer is added after the TCN-SAM module to enhance the algorithm’s ability to
capture dynamic correlation features between adjacent time steps of the vibration signal and
optimize the model’s ability to extract local features. The GRU is a simplified version of the
LSTM unit proposed by Cho et al. [13] and generally achieves comparable performance but with
faster computation speed. Fig. 3 shows the basic architecture of the GRU unit.
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Fig. 3. Structure diagram of GRU unit

The working principle of the GRU structural unit is as follows: the update gate (Z;) is
responsible for adjusting the degree of integration of the current information with the hidden state
at the previous moment to update the state of the hidden layer. The calculation formula of the
update gate is shown in Eq. (8). The reset gate (R;) is responsible for determining which
information is retained from the current input and the past hidden state. The calculation formula
of the reset gate is shown in Eq. (9). The current hidden layer (h',) state is shown in Eq. (10). The
final hidden layer (h,) state is shown in Eq. (11):

Zy = O'(W(Z)Xt + U(Z)ht_l), (®)
1. =o(WPx, + UTh,_,), )
h'; = tanh(Wx, + 1, © Uh,_,), (10)
he=2z,Qh1+(1—2)Oh,. (11)

GRU does not clear the sequence information over time. It retains the relevant information and
passes it to the next unit, effectively avoiding the gradient disappearance problem.

3. Simulated fault experimental setup

To verify the effectiveness and superiority of the proposed method, this section will design a
systematic experimental scheme. First, Section 3.1 introduces the construction of the simulation
experimental platform. Based on this, Section 3.2 elaborates on the simulated fault types and their
settings. Finally, Section 3.3 presents a complete fault diagnosis process.
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3.1. Simulated fault experiment platform

A fault simulation experimental platform was built based on the ZN63A-12/T1250-25(G)
vacuum HVCB. The operating state of the HVCB was controlled by a switch’s mechanical
characteristic tester. The acceleration sensors (sampling rate of 64 kHz) were used to collect
vibration signals within 0.4 s intervals during multiple opening and closing operations of the
HVCB under simulated fault conditions. The collected vibration signals were input into a host
computer for signal processing and analysis via an MPS-HD2408 signal acquisition card. The
simulated fault experimental platform is shown in Fig. 4.

-
Collect ! ! ! Transformer E?

Acceleration sensors

LEEEE

Signal conditioner

C Ontr, ] M’N Qs

Control unit Computer
Fig. 4. The fault simulation experiment platform of HVCB

3.2. Simulation fault categories

Using the above fault simulation experimental platform of HVCB, vibration signals of five
typical fault states of HVCB were collected, including normal working state, loosening of the
closing coil, jamming of the core, jamming of the energy storage spring, loosening of the operating
mechanism, and dry grinding of the transmission chain, with 200 samples for each state. The
specific simulation conditions and the number of collected samples are shown in Table 1. During
the acquisition of vibration signals on the fault simulation experimental platform, the background
interference in the experimental environment is quite complex, and a large amount of random
noise is mixed into the acquired vibration signals.

To facilitate the comparison of various operating conditions of the HVCB, Fig. 5 and Fig. 6
show the normal working state and the simulated fault state of the HVCB.

Table 1. HVCB fault setting method

Label Condition Simulation method
F1 Normal No fault
F2 Closing coil loose Loosen the coil fixing nut
F3 Core stuck Insulation tape-wrapped core
F4 Energy storage spring stuck Foreign body placement
F5 Loose operating mechanism Loosen the actuator nut
F6 Drive chain dry grinding Reduce chain lubrication

3.3. Fault diagnosis procedure

The case study’s runtime environment included an Intel i5-12400f CPU, an RTX-4060Ti GPU,
Python version 3.9, and PyTorch version 12.8 CUDA.

JOURNAL OF VIBROENGINEERING 7
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s

e) Loose operatiﬁg mechanism f) Drive chain dry grinding
Fig. 6. The classic fault states of HVCB. Photo by Zhihui Yu, 10.06.2025, PuTian

Fig. 7 shows the fault diagnosis process. The vibration signals of HVCB collected on the
simulation fault experiment platform are decomposed by CEEMDAN and then divided into a
training set, a validation set, and a test set in a ratio of 7:2:1. The hyperparameters of
IMCEEMDAN-TSG training are shown in Table 2. The training set and validation set are input
into the TSG hybrid algorithm, and the model is trained by adjusting the network weight
parameters. Finally, the performance of the trained model is tested on the test set. At the same
time, an early stopping mechanism is added during the model training process. When the loss
function does not decrease for five consecutive rounds, the model stops training to prevent
overfitting.

4. Experimental results and analysis

This section designs several experiments to evaluate the performance of the proposed
algorithm. The experiments first demonstrate and analyze the fault diagnosis results of the
proposed algorithm for HVCB. Simultaneously, multiple ablation experiments were conducted to
verify the effectiveness of its various mechanisms. Finally, the proposed algorithm was compared
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with several traditional and advanced deep learning algorithms to validate its advancement.

\ Collect the vibration of HVCB \

Im-CEEMDAN

—ﬁ TCN-SAM-GRU ‘
¥

Loss plateaued
for 5 epochs

TCN-SAM-GRU

Test the performance of
the model

id it work as
expected?

Update the model hyperparameters

‘ Output optimal model

Fig. 7. Fault diagnosis process

Table 2. Model hyperparameter settings

Hyperparameters | Value | Hyperparameters | Value
Batch-Size 64 Learn-rater 0.001
Epochs 30 Optimizer Adam
Sample 5 Dropout 0.3
Patience 3 Weight-decay 0.001

4.1. IMCEEMDAN decomposition of vibration signals

The HVCB typically operate in noisy environments, and their vibration signals contain noise
or transient impacts. After the vibration signals are processed by IMCEEMDAN decomposition,
noise reduction can be achieved by selectively filtering IMF components, thereby enhancing the
robustness and generalization ability of the model. Fig. 8 shows the time-domain diagram of the
HVCB’s vibration signal generated by the experimental platform under normal operating
conditions.

Amplitude (V)

0 50 100 150 200 250 300 350 400
Time (ms)

Fig. 8. Time-domain diagram of vibration signal of HVCB (Normal condition)

This signal is first decomposed by CEEMDAN into several IMF components and residuals as
shown in Fig. 9, thereby reducing the volatility and complexity of the vibration signal data. In this
case, the standard deviation of the added noise in the CEEMDAN algorithm is set to 0.2, and the
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number of iterations is set to 300. Fig. 9 presents the decomposition result of the vibration signal
using the CEEMDAN algorithm. Since the vibration signal of the HVCB is a transient signal, the
amplitude of the signal tends to be flat in the later stage. To facilitate the comparison of the
differences between each IMF component and the residuals, only 1000-3000 data points are used
for display.

In Fig. 9, IMF1-IMF13 are arranged in descending order of frequency and complexity.
IMF1-IMF4 represents the most frequent and complex parts of the time series, which do not
exhibit significant mode aliasing. As the number of IMF component sequences gradually
decreases, the variation patterns become more intuitive.

2.5
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0.0 i 0
-2.5 -1
13 0.5 IMF_4
0 i 0.0 M W W
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Fig. 9. CEEMDAN decomposition result (Normal condition)

To compare the correlation degree between each IMF component and the original vibration
signal, the Pearson correlation coefficient between the vibration signal and each IMF component
after decomposition was calculated. Fig. 10 shows the decomposition result. The results show that
the Pearson correlation coefficients between IMF1 and IMF3 and the original vibration signal are
the highest, indicating that IMF1 and IMF3 are the main features of the original vibration signal.
The Pearson correlation coefficients between IMF2, IMF4, and IMF5 and the original vibration
signal are much higher than those of the remaining components, which are the secondary features
of the original vibration signal.

07
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Fig. 10. Pearson correlation coefficient between IMF component and vibration signal
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Irrelevant classifications with a Pearson correlation coefficient less than 0.2 were removed,
and the components IMF1, IMF2, IMF3, IMF4, and IMF5 were superimposed and reconstructed.
The reconstructed signal was compared with the original vibration signal, as shown in Fig. 11.
The results show that the standard deviation between the reconstructed signal and the source
vibration signal is 0.4013, the mean difference is 0.0007, and the Pearson correlation coefficient
reaches 0.993. The reconstructed vibration signal and the original vibration signal have a high
degree of similarity in overall level and fluctuation. Moreover, the difference at the highest peak
of the two signals is only 0.1030, indicating that these five IMF components jointly characterize
the main subset of significant attributes in the original source vibration signal. The reconstructed
signal is relatively smooth, and the phase at the peak is aligned, achieving high-fidelity extraction
of fault feature information.

—— Original signal

—— Reconstructed signal = Original signal
@ Significant peak 31 == Reconstructed signal
3 Enlarged area @ The wave peak of Or
27 M The wave peak of Re

A=0.1051

1880 1890 1900

Amplitude

o

Relevant information:
Sampling point range: 1000-3000
Original signal: Mean value = 0.0007, Standard deviation = 0.4013
Reconstructed signal: Mean value = -0.0046, Standard deviation = 0.4019
Correlation coefficient = 0.994053

Wave peak difference: Location = 1872, A = 0.105120

1000 1250 1500 1750 2000 2250 2500 2750 3000
Sampling point

Fig. 11. Pearson correlation coefficient between IMF component and vibration signal

19

4.2. IMCEEMDAN-TSG model testing experiment

After the IMCEEMDAN decomposition algorithm decomposes the vibration signal, the TSG
mixed model is used to extract the five IMF components after Pearson correlation coefficient
screening to extract the main features. Table 3 shows the dimension changes of the IMF
components after being processed by the TSG model. The features extracted by the model are
used to identify the fault state and complete the fault diagnosis. Fig. 12 shows the confusion matrix
of the diagnostic results. The experimental results show that the IMCEEMDAN-TSG model has
a good diagnostic effect on the simulated fault data set of the HVCB, and the diagnostic accuracy
can reach 100 %.

Table 3. Model hyperparameter settings

Layers Dimensionality Layers Dimensionality
Input signal [64, 5, 25600] Adjustment | [64, 25600, 128]
TCN Blockl | [64, 32,25600] GRUI [64, 25600, 128]
TCN Block2 | [64, 64,25600] GRU2 [64, 25600, 128]
TCN Block3 | [64, 128, 25600] | Classification [64, 6]
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Fig. 12. IMCEEMDAN-TSG model test results
4.3. Compared with other methods

This experiment conducted multiple ablation experiments and comparative tests on the
proposed algorithm. First, the Pearson correlation coefficient screening strategy was applied to
the EMD, EEMD, and CEEMDAN decomposition methods for comparison. Second, a controlled
variable method was used on the TSG hybrid model to verify the rationality and necessity of the
improvement strategy by gradually removing key modules from the model. Finally, the proposed
algorithm was compared horizontally with several classic and cutting-edge algorithms on the same
dataset, and its superiority was verified through multiple evaluation metrics.

4.3.1. Comparative experiment of different decomposition methods

The Pearson correlation coefficients between the IMF components obtained after processing
the vibration signals with EMD, EEMD, and CEEMDAN denoising methods and the original
signals were calculated separately. The IMF components with higher values were used to construct
the reconstructed signal by superposition, and the SNR and NCC values were calculated. The
results are shown in Table 4. Since the EMD and EEMD denoising methods are affected by the
endpoint effect of the vibration signal during decomposition, endpoint oscillations occur, resulting
in errors when determining the peak of the wave. The results show that among the signal indicators
generated under the same reconstruction method, the NCC of the CEEMDAN denoising method
is 0.9910, which is 0.0046 higher than that of the EMD denoising method and 0.2687 higher than
that of the EEMD denoising method. And the SNR of the CEEMDAN denoising method is 1.7476,
which is higher than that of the EMD denoising method and is much higher than that of the EEMD
denoising method.

Table 4. Model hyperparameter settings
Metrics | EMD | EEMD | CEEMDAN
SNR | 15.6450 | 0.4792 17.3926

NCC 0.9864 | 0.7223 0.99101

4.3.2. Ablation experiment

To further verify the effectiveness of the IMCEEMDAN-TSG model, it was compared with
the combined models such as TCN, TCN-SAM, TCN-GRU, and TSG. Fig. 13(a) presents the
results of this experiment. The results show that the diagnostic accuracy of the
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IMCEEMDAN-TSG model reaches 100 %, and the F1 score and recall rate are all close to 1. The
accuracy, F1 score, and recall rate of the combined models, such as TCN, TCN-SAM, TCN-GRU,
and TSG, are all lower than those of the proposed model.

Compared with single TCN, TCN-SAM adds the attention mechanism to the causal
convolution and residual network of TCN, enabling the model to extract the important features of
the vibration signal by freely allocating weights. The TCN-GRU model integrates the long-term
dependencies of the signals extracted by TCN through GRU, improving the model’s extraction
efficiency for non-stationary signals. Meanwhile, the TSG model possesses the advantages of both
TCN-SAM and TCN-GRU, not only being able to reallocate the feature weights of the vibration
signal through the long-term dependencies of the signals extracted by TCN after the self-attention
mechanism but also being able to model the complex temporal relationships and nonstationarity
through GRU, comprehensively enhancing the efficiency and robustness of the model’s feature
extraction.

P P
100 100
95 95
90, 20
85 85
80 80
Recall F1 Recall F1
TCN TCN-GRU IMCEEMDAN-TSG NN BILSTM MSCNN
TCN-5AM TCN-SAM-GRU RNN CNN-LSTM IMCEEMDAN-TSG
a) Ablation experiment b) Comparative experiment

Fig. 13. Comparison of evaluation indicators of different models
4.3.3. Comparative experiment

The development of deep learning has broken the limitations of traditional fault diagnosis,
which relies heavily on signal processing experts for manual feature extraction, and has greatly
improved the efficiency of diagnosis under massive data. To verify the advancement of the
proposed model, it is compared with methods such as CNN [29], RNN [30], BiLSTM ([31],
CNN-LSTM [32], and MSCNN [33]. The comparison results are shown in Fig. 13(b).

When the CNN model processes one-dimensional vibration signals, due to the limitations of
its receptive field, this network has difficulty capturing the early transient characteristics of the
HVCB’s vibration signals. When the RNN model is used to extract the features of vibration
signals, it is prone to experiencing gradient explosion, which may affect the diagnostic accuracy.
The BiLSTM model is very sensitive to the input at each time step. Noise in the original signal
accumulates continuously during each loop, causing a severe shift in the extracted features. The
CNN-LSTM hybrid model fails to effectively integrate the vibration features and the temporal
features when extracting the important features of the HVCB’s vibration signals. The MSCNN
model is suitable for processing stationary signals, but its performance is not ideal when
processing non-stationary signals such as vibration signals from HVCB.

Therefore, based on the experimental results, it can be concluded that compared with the
IMCEEMDAN-TSG model, the above-mentioned traditional models have poor performance in
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extracting the characteristics of the vibration signals of HVCB and are unable to complete the
fault diagnosis of HVCB effectively.

5. Conclusions

This paper proposes an IMCEEMDAN-TSG deep learning classification method, which can
not only reduce the impact of environmental noise on vibration signals but also capture the
temporal relationship of the HVCB’s vibration signals to improve the fault diagnosis accuracy of
HVCB. First, the vibration signal is decomposed into IMFs to separate the environmental noise
through the CEEMDAN algorithm with the Pearson correlation coefficient screening strategy.
Secondly, TCN is used to capture the long-term relationship of the vibration signal, and SAM is
added to TCN to enable the algorithm to freely allocate feature weights and reduce the impact of
noise on the important features of the vibration signal. Then, the GRU algorithm further captures
the short-term relationship of the vibration signal. Finally, the extracted important features are
input into the classifier to classify the operating status of the equipment and complete the fault
diagnosis. The experimental results show that the classification effect evaluation indicators such
as accuracy, F1 score, and recall rate of the HVCB simulation fault data set of this method reached
100 %, 0.98, and 0.99, which are all improved compared with other traditional methods.

At present, this method still has many challenges to face:

1) This method only uses the vibration signal of the HVCB for fault diagnosis. Using a single
signal may not accurately reflect the operating status of the equipment.

2) It is difficult to obtain a large number of vibration signals covering various circuit breaker
types, different operating conditions, and different failure modes in real time with accurate
annotations. However, a large amount of data is required when training the IMCEEMDAN-TSG
hybrid model.

3) Although this method performs well in tests on the HVCB fault simulation dataset, it cannot
explain its physical meaning.

In the future, we will conduct targeted research to address the challenges faced by this method.
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