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Abstract: To address the challenges in processing and identifying mine acoustic emission signals, as
well as the inefficiency and inaccuracy issues prevalent in existing methods, an enhanced CELMD ap-
proach is adopted for preprocessing the acoustic emission signals. This method leverages correlation
coefficient filtering to extract the primary components, followed by classification and recognition
using the Swin Transformer neural network. The results demonstrate that the improved CELMD
method effectively extracts the main features of the acoustic emission signals with higher decompo-
sition accuracy and reduced occurrences of mode mixing and end effects. Furthermore, the Swin
Transformer neural network exhibits outstanding performance in classifying acoustic emission sig-
nals, surpassing both convolutional neural networks and ViT neural networks in terms of accuracy
and convergence speed. Moreover, utilizing preprocessed data from the improved CELMD enhances
the performance of the Swin Transformer neural network. With an increase in data volume, the
accuracy, stability, and convergence speed of the Swin Transformer neural network continuously
improve, and using preprocessed data from the enhanced CELMD yields superior training results
compared to those obtained without preprocessing.

Keywords: acoustic emission signal recognition; improve CELMD; correlation coefficient; Swin
Transformer neural network

1. Introduction

The working environment in underground mines is fraught with potential hazards,
particularly as mining depth increases. Underground mines face complex ground pressure
environments that can easily trigger various ground pressure disasters [1,2]. These disasters
not only threaten the lives of workers but also result in equipment damage and production
interruptions [3]. However, through real-time monitoring of rock mass acoustic emission
signals, combining the mechanical properties of the rock mass with the operational ar-
rangements of the mine, we can analyze the stress state and activity of the rock mass,
identify potential ground pressure issues in advance, and take measures to reduce risks and
enhance production efficiency [4,5]. Nevertheless, acoustic emission signals often contain
significant amounts of noise, which can disrupt the useful information of signals, leading
to misjudgments of ground pressure conditions [6,7]. Therefore, accurate identification
and classification of acoustic emission monitoring signal data are crucial [8]. Compared to
traditional identification and classification methods used previously, researchers have ap-
plied many new techniques, such as machine learning, to the recognition and classification
of acoustic emission signals, yielding promising results [9]. However, challenges persist,
including low success rates in identification and classification, as well as low efficiency [10].

Acoustic emission signals, often induced by changes in the internal state of surround-
ing rock or underground operations, represent a typical non-stationary signal [11]. Prior
to identification, it is typically necessary to preprocess the signals using mathematical
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methods to extract key features [12]. Wavelet transform is capable of capturing the transient
characteristics of signals but requires appropriate selection of wavelet basis functions and
scales [13]. Fourier transform is widely used for frequency domain analysis of acoustic
emission signals but is less effective in capturing transient events compared to wavelet trans-
form [14]. Furthermore, Fourier transform is prone to boundary effects when analyzing
signals of finite duration [15]. EMD (Empirical Mode Decomposition) decomposes signals
into a series of IMFs (Intrinsic Mode Functions), but during the decomposition process,
modal overlap may occur due to interference between different modes [16]. Similarly, if the
starting or ending parts of the signal are not recorded, errors in decomposition, known as
endpoint effects, can occur [17]. LMD (Local Mean Decomposition), proposed by Jonathan
S. Smith and others, decomposes signals into multiple product function components with
physical significance, alleviating mode mixing and endpoint effects [18]. However, LMD
is prone to errors due to noise interference during the decomposition process [19]. ELMD
(Enhanced LMD) and CELMD (Complex Enhanced LMD) optimization methods introduce
white noise into the original signal to decompose signals into more suitable frequency
bands, albeit with varying degrees of residual white noise [20]. CELMDAN (Complex
Enhanced LMD with Adaptive Noise) further reduces the impact of noise on decomposition
by significantly increasing the number of iterations, but it suffers from the issue of high
computational complexity [21].

The method of identification and classification of acoustic emission signals has a signif-
icant impact on classification accuracy [22]. Traditional methods primarily rely on manual
identification, with researchers utilizing the spectral features of signals and employing
methods such as fractal theory, chaos models, and others to assist with signal identifica-
tion [23]. However, the accuracy of these methods is limited by the experience and expertise
of the operator, resulting in generally lower accuracy. In recent years, the development
of deep learning has provided new possibilities for the classification of acoustic emission
signals. Researchers applied BP neural networks to the classification of acoustic emission
signals [24], while other researchers introduced CNN (convolutional neural network), with
both achieving favorable recognition rates [25]. Transformer is a neural network model
proposed by Google based on self-attention mechanisms, which has achieved great success
in natural language processing [26]. Dosovitskiy et al. applied the Transformer neural
network to image classification, proposing the ViT (Vision Transformer) neural network,
which broke the monopoly of convolutional neural networks in classification tasks [27].
Swin Transformer, based on ViT, optimized attention mechanisms and sampling effects, and
learned the hierarchical structure of convolutional neural networks, significantly improving
training speed and accuracy [28]. Researchers have applied it to the identification of forest
fires, achieving rapid and real-time monitoring of forest fires [29]. Additionally, it has
assisted medical professionals in achieving precise classification of tumors, and has also
achieved notable results in other fields [30].

Therefore, taking a metal mine in Guangxi Province as an example, this paper applies
the Swin Transformer neural network to the classification of underground acoustic emission
signals. Firstly, the improved CELMD method is used for the preprocessing of acoustic
emission signals, and then the Swin Transformer is employed for the recognition and classi-
fication of the processed signals. In this way, the influence of data preprocessing methods
and the selection of neural networks on the identification effect of acoustic emission signals
is studied, and factors affecting the performance of the Swin Transformer are explored.

2. Basic Principles
2.1. The Empirical Optimal Envelope Method

In the LMD method, the commonly used sliding average method can lead to distortion
in constructing envelope lines, prompting researchers to delve into the issue and make
some progress. For example, it employs cubic spline interpolation instead of sliding
averages and combines extreme point fitting techniques from the EMD method to compute
envelope lines, thereby obtaining local mean curves and envelope estimation curves [31].
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This method requires only one interpolation calculation to obtain the two required curve
functions, avoiding the cumbersome process of sliding averaging and thus improving
the computational efficiency of local mean decomposition in signal analysis. However,
when applying cubic spline interpolation to analyze strongly non-stationary signals, issues
such as “over-enveloping” and “under-enveloping” may arise, affecting the accuracy of
signal analysis. To address this problem, scholars have proposed using monotone cubic
Hermite interpolation as a replacement for cubic spline interpolation and have achieved
some success. However, in practical applications, it has been found that for some vibration
signals with strong non-stationary characteristics, using cubic spline interpolation or cubic
Hermite interpolation to construct envelope lines may lead to distorted decomposition
results [32].

Therefore, this paper adopts an empirical optimal envelope method based on Hermite
interpolation, which utilizes Hermite interpolation to obtain the optimal envelope curve
of the signal, and subsequently obtains local mean functions and envelope estimation
functions. The main steps include:

1. Firstitem; given a signal x(t), identify all of its local maxima and minima points. Use
Hermite interpolation to interpolate the local maxima points of the signal to obtain
the initial upper envelope curve c;(t). Similarly, obtain the initial lower envelope
curve c_g(t).

2. Second item; utilize the upper envelope curves c;(t) and lower envelope curves
c_o(t) to calculate the upper distance function e;(t) and lower distance function
e_o(t) of the signal.

{e-‘rO (t) = x(t) — cqo(t) 1)
e olt) = c_o(t) — x(t

3. Third item; employ Hermite interpolation to interpolate the sequences of local maxima
points of the upper envelope curves e ((t) and lower envelope curves e_¢(t) sepa-
rately, obtaining the first iteration upper envelope curves c.1(t) and lower envelope
curves c_1(t).

4. Fourth item; repeat the second and third items until all of the local maxima points of
the upper distance function ey (t) of the nth iteration upper envelope curve c4n(t)
equal zero, resulting in the empirical optimal upper envelope curve. Similarly, obtain
the empirical optimal lower envelope curve c_p(t).

5.  Fifth item; compute the local mean function f;; (t) and the optimal envelope estimation

curve g, (t).
{fll (t) — C+n(t)ﬁ£cfn(t)

g1 (t) — C+n(t)gcfn(t) (2)

2.2. Improve CELMD

Compared to the basic CELMD algorithm, the improved CELMD utilizes the empirical
optimal envelope method to compute the envelope curve instead of the sliding average
method, the empirical optimal envelope method has been applied by researchers to obtain
envelope curves in EMD, achieving favorable results. However, it has not yet been applied
to LMD. Furthermore, it employs mirror extension and endpoint correction methods to
further reduce the endpoint effect, these methods were often used separately in the past.
Additionally, it utilizes the correlation coefficient to filter out the main components [33].
The specific steps are as follows:

1. First item; add white noise signals a; with an amplitude ratio coefficient « to the
original signal X(t), and perform endpoint correction and mirror extension to obtain
the processed signal.

Xi(t) = X(t) + oag 3)
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2. Second item; utilize the empirical optimal envelope method to obtain the empirical
optimal upper envelope curves cn(t) and lower envelope curves c_n (t) of the signal,
and calculate the local mean function f; (t) and local envelope function g (t).

— Cen(t)Fen(t)
{ fl (t) _ C+n(t>2_cfn(t) (4)
gi(t) = =
3. Third item; demodulate the signal X; (t) to obtain a frequency-modulated signal sn(t),
treating it as the original signal, and repeat the second item until the function becomes
a pure frequency-modulated signal.

X1(t) = fn(t)

5
8n(t) ©)

sn(t) =

4.  Fourth item; obtain the first PF (Product Function) component of the signal.

PF1(t) = g1(t)g2(t) - - - gn(t)sn(t) (6)

5. Fifth item; separate the PF component from the original signal and repeat items 2—4
until all PF components and residual components of the signal are obtained.

X1 (t) :nX1(t) — PFy(t)
Xi(t) = X PF;(t) + uy (t) (7)

1

6.  Sixth item; repeat items 1-5 for an even number of rounds. In each round, the added
white noise has opposite signs between consecutive rounds. Obtain the corresponding
PF components and residual components for each round.

7. Seventh item; average the PF components and residual components obtained from
multiple rounds of decomposition. Select the main components based on correlation
coefficients and add them together to obtain the final signal.

2.3. Swin Transformer

The Swin Transformer neural network architecture is specifically designed for com-
puter vision tasks, particularly image classification and object detection. In recent years,
the Swin Transformer neural network has been widely applied in fields such as medicine,
transportation, and fire prevention, improving the efficiency of identifying objects such
as tumors, fires, and abnormal vehicles. However, its application in the field of signal
recognition, especially in acoustic emission signal recognition, is relatively limited. Its
overall architecture, as shown in Figure 1, consists of four stages, each containing similar
repeating units. Firstly, the Patch Partition divides the input RGB (Red, Green, Blue) image
of dimension H(High) x W(Width) x 3 into non-overlapping patches of equal size. Each
patch is treated as a token and serves as the effective input sequence length for the Swin
Transformer.

The first stage consists of a Linear Embedding and a Swin Transformer Block. It
projects the input sequence to an arbitrary dimension and conducts feature learning using
the Swin Transformer Block. In the remaining three stages, Patch Merging is used instead
of Linear Embedding. Its function is to improve sampling accuracy, i.e., to reduce the range
of each token while increasing the number of channels. This allows the Swin Transformer
Block to learn more features. After four stages of downsampling and feature learning,
the classification results are finally output through global pooling and fully connected
layers [34,35].
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Figure 1. Swin Transformer Network Architecture.

The structure of the Swin Transformer Block is illustrated in Figure 2. It mainly consists
of LN (Layer Normalization), W-MSA (Window-based Multi-head Self-Attention), SW-
MSA (Shifted Window-based Multi-head Self-Attention), MLP (Multi-Layer Perceptron),
and residual connections.
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Figure 2. Swin Transformer Block structure.

Generally, blocks within each stage comprise an even number of similar Swin Trans-
former Blocks. The main difference between Swin Transformer Blocks lies in whether
SW-MSA or W-MSA is used. The input features are first normalized by LN, followed
by feature learning using W-MSA or SW-MSA. Residuals are then computed, followed
by normalization again. Finally, output features are obtained through MLP and residual
calculations.

Swin Transformer has several variants according to the differences in the number of
Swin Transformer Blocks (B) in each stage, the number of heads (H) in the multi-head
self-attention layer, and other parameters. In this paper, we utilized Swin T (Tiny), Swin
S (Small), Swin B (Base), and Swin L (Large). The main structures corresponding to each
model are summarized in Table 1.

Table 1. Swin Transformer subspecies network architecture.

Model Swin T Swin S Swin B Swin L
stagel 2B, 3H 2B, 3H 2B, 4H 2B, 6H
stage2 2B, 6H 2B, 6H 2B, 8H 2B, 12H
stage3 6B, 12H 18B, 12H 18B, 16H 18B, 24H

stage4 2B, 24H 2B, 24H 2B, 32H 2B, 48H
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2.4. Model Building

The paper proposes an underground acoustic emission signal recognition and classifi-
cation method based on improved CELMD and Swin Transformer neural networks. The
method mainly consists of three stages: acoustic emission data collection and partitioning,
data preprocessing, and neural network training and classification. The flowchart depicting
the process is illustrated in Figure 3.

|_Acous‘cic emission data collection and partitioning

|
' |
| |
| | ‘l
Ty 3 N 1 I | 'HH |
=" ¥ N |
| ! |
| B SRansanas Improve ‘ |
e m) -~ CcELMD | |
| | | . I e . |
decomposition 10 |
: | l AL U0 Al M”“W |
i — | i —. |
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: Acoustic emission Original acoustic | : ; ; |
->He rIc At | Signal after preprocessing |
| monitoring system emission signal - |
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Ir Model training and classification |
| blasting operation sound emission I
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g i |
| Inputimage Signe’s |
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| Downsampling Feature learning l
| mechanical interference sound |
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» C|aSSIflcat|0n ore drawing operations sound
| T — —> B emission signals |
labels |
: electromagnetic interference |
| sound emission signals |
| Swin Transformer rock surrounding sound emission | |
[ signals |
e e e 1

Figure 3. Identification and classification model of mine acoustic emission signals.

3. Application Instance
3.1. Ground Pressure Monitoring System

This study takes the ground pressure monitoring system of Zhongjin Lingnan Panlong
Lead-Zinc Mine in Guangxi as the engineering background to verify the effectiveness
and feasibility of the proposed method. The network structure of the ground pressure
monitoring system, as illustrated in Figure 4, consists of 24 acoustic emission monitoring
channels, a sampling interval of 200 microseconds, and a signal generated every 1024
sampling points.
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Figure 4. Schematic diagram of ground pressure monitoring system.

3.2. Data Collection

The data used in this study were obtained from the 24-channel acoustic emission
monitoring system at the Panlong lead-zinc mine in Guangxi. A significant amount of
acoustic emission signals was collected from routine monitoring conducted between June
and October 2022. Invalid signals and those with excessive repetition were excluded,
resulting in a selection of 35,000 original acoustic emission signals categorized into seven
types. Each type comprises approximately 5000 signals and includes signals from BO
(blasting operation sound emission signals), SO (shovel operation sound emission signals),
RD (rock drilling operation sound emission signals), MI (mechanical interference sound
emission signals), OD (ore drawing operations sound emission signals), EI (electromagnetic
interference sound emission signals), and RS (rock surrounding sound emission signals).

The typical signal waveforms are illustrated in Figure 5; however, some signals were
not fully recorded because their length exceeded the sampling length of the monitoring
system. Furthermore, each type of signal has its own characteristics and patterns. Among
them, the frequency of SO signals is the lowest, and they exhibit strong persistence. This
is because shovel operations are typically carried out automatically by machinery and
proceed relatively slowly and continuously. This simplicity makes the identification of
shovel operation signals relatively straightforward. On the other hand, BO signals are
more complex, often containing both high and low frequency components simultaneously.
Additionally, their frequency and amplitude may exceed the threshold of the monitoring
system, resulting in a slight distortion of the monitored signals. However, the higher
amplitude is also beneficial for identification purposes. The patterns of EI signals are the
least obvious, exhibiting greater randomness.
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Figure 5. Typical acoustic emission waveform signal: (a) BO; (b) SO; (c) RD; (d) MI; (e) OD; (f) EL;

(g) RS.

3.3. Parameter Settings

The three parameters required for the improved CELMD algorithm include the pro-
portion coefficient of adding white noise, the number of times white noise is added, and
the correlation coefficient threshold for filtering the main components.

The proportion coefficient « is the ratio of the standard deviation of the white noise
signal to the standard deviation of the original signal. A larger proportion coefficient a
increases the likelihood of generating false PF components, while a smaller coefficient may
affect the effectiveness of reducing mode mixing. According to the method proposed by
the researchers, the value of the proportional coefficient is determined to be between 0.05



Appl. Sci. 2024, 14, 4188

90f17

and 0.8 for various types of signals, as shown in the following formula. In this article, after
calculating the signal data used, we used 0.2 [36].

Oy N 30’h
40’0 40

(8)

In the formula, 0, represents the standard deviation of high-frequency components
in the signal under analysis, and 0y represents the standard deviation of the signal under
analysis.

In theory, the more times white noise is added, the fewer white noise components are
included in the final PF components. However, in simulations, it was found that when the
number of noise additions is too high, the improvement in decomposition is minimal but
the computational time significantly increases. Therefore, the number of times white noise
is added is set to 100.

After decomposition, some PF components may not contribute significantly to the
overall characteristics. Therefore, it is common to filter the PF components first. Com-
mon filtering parameters include correlation coefficients, variance contribution rates, and
spectral coefficients. Researchers have demonstrated that these parameters are positively
correlated [37]. This paper adopts the correlation coefficient as the filtering parameter.
Generally, a correlation coefficient less than 0.5 indicates weak correlation between the PF
component and the signal. Therefore, the threshold is set to 0.5.

The learning rate of the Swin Transformer neural network is set to 0.0001, and the
epoch is set to 50. In addition, ViT neural network and convolutional neural network are
added as control groups, with the same learning rate and epoch as Swin Transformer. The
ratio of training set to validation set is set to 8:2. Through experiments, it has been verified
that the parameter settings can make the neural network training achieve convergence and
meet the requirements. Official pre-training weights are used to accelerate training, and
parameters such as success rate, loss rate, time, and confusion matrix are recorded for each
training round.

3.4. Data Preprocessing

Taking the collected rock mass acoustic emission signals as an example, the upper and
lower envelope curves of the rock mass acoustic emission signals are obtained using the
sliding average method, the cubic spline interpolation method, and the optimal empirical
envelope method. For the sake of presentation, only the data of the first 400 sampling
points in the results are taken. The results are shown in Figures 6-8. The envelope
curves constructed by the optimal empirical envelope method exhibit a smooth trend,
closely matching the original curve, and almost no over-enveloping or under-enveloping
phenomena are observed. On the other hand, both the cubic spline interpolation method
and the sliding average method exhibit more pronounced over-enveloping phenomena,
with the cubic spline interpolation method also displaying under-enveloping issues. Hence,
it can be observed that the optimal empirical envelope method can replace the sliding
average method for envelope curve determination.

Taking the collected rock mass acoustic emission signals as an example, both the
CELMD and improved CELMD methods were employed for decomposition. The de-
composition results are shown in Figures 9 and 10. From the figures, it can be observed
that CELMD decomposes a larger number of PF components, but the later components
contain more false components, resulting in poor decomposition accuracy. Moreover,
noticeable endpoint effects are evident at the left endpoint, and components PF3 to PF5
exhibit significant mode mixing phenomena. In contrast, the decomposition results of
the improved CELMD method show almost no false components, and the components of
different frequency signals are well decomposed. The influence of white noise is effectively
eliminated, and no abnormal amplitude or frequency is observed at the endpoints. There
are fewer occurrences of endpoint effects and mode mixing compared to the CELMD
method, indicating the significant advantages of the improved CELMD method.
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4. Classification Results and Discussion

1000

The unprocessed data and the data preprocessed using the improved CELMD method
were separately applied to train CNN, ViT networks, and four subtypes of Swin Transformer
networks for comparative analysis. The training results of the unprocessed data for each
model are presented in Table 2, while the training results of the preprocessed data for each
model are shown in Table 3.

Table 2. Training effectiveness of neural networks with unprocessed data.

Accuracy Model Training Inference
Model (%) Size Speed Speed Top1l Top7
M) (s) (s)

CNN 96.62 9 0.013 0.012 99.04 89.08
ViT 95.92 34 0.005 0.006 98.07 90.05
Swin T 97.89 11 0.007 0.004 99.00 91.28
Swin S 97.93 19 0.049 0.016 99.61 92.50
Swin B 97.78 34 0.019 0.007 98.87 91.48
Swin L 97.45 76 0.083 0.019 99.52 90.67

Table 3. Training effectiveness of neural networks with improved CELMD preprocessing data.

Accuracy Model Training Inference
Model (%) Size Speed Speed Top1l Top7
(M) (s) (s)

CNN 97.57 9 0.010 0.010 99.27 87.63
ViT 97.03 34 0.005 0.006 98.89 89.52
Swin T 98.62 11 0.007 0.004 99.52 95.69
Swin S 98.46 19 0.038 0.010 99.84 95.60
Swin B 98.06 34 0.019 0.007 99.08 95.94
Swin L 98.32 76 0.045 0.011 99.52 93.08

From Tables 2 and 3, it can be observed that the comprehensive accuracy of all six
models is above 95%. Among them, the accuracy of all four subtypes of Swin Transformer
networks is higher than that of convolutional neural networks and ViT networks. Although
the accuracy of the models is already at a high level, preprocessing the data still improves
the accuracy of various models. In terms of model size, convolutional neural networks and
Swin T networks are relatively lightweight. In particular, the Swin T model not only has
high accuracy on a lightweight basis but also exhibits excellent performance in inference
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speed. While its training speed is only surpassed by the ViT network, the other subtypes
of Swin Transformer networks, compared to the Swin T network, have deeper network
structures, resulting in varying degrees of slowdown in training and inference speeds.
However, there is no significant improvement in accuracy. This may be partly due to
the fact that the accuracy is already at a high level, partly because the acoustic emission
waveform data are relatively simple compared to other complex data types. The difficulty
in extracting features from simple data is not significant, and compared to the convolutional
operations of CNN and the W-MSA mechanism of VIT, the downsampling mechanism and
SW-MSA mechanism of Swin Transformer are more adept at handling complex data and
uncovering deep-level feature information. Therefore, only limited accuracy improvements
have been achieved.

In terms of best classification category performance (Top1), the four subtypes of Swin
Transformer exhibit only a slight advantage. However, in terms of worst classification
category performance (Top7), Swin Transformer networks outperform convolutional neural
networks and ViT networks, especially when trained with data preprocessed using the
improved CELMD method, the performance is significantly better than that of other
networks.

4.1. Analysis of Classification Accuracy of Swin Transformer Model

Figure 11 presents the confusion matrix results for the four different subtypes of
Swin Transformer on the entire dataset, with recognition accuracies exceeding 93% for
all categories. The categories with the highest classification accuracy are rock drilling
operation acoustic emission signals and mechanical interference acoustic emission signals,
with classification accuracies exceeding 98% for all four subtypes, reaching as high as
99.52% and 99.39%, respectively. The categories with poorer classification accuracy are
blasting operation acoustic emission signals, ore dumping operation acoustic emission
signals, and surrounding rock acoustic emission signals, with the lowest accuracies being
95.69%, 93.08%, and 95.94%, respectively. It is worth noting that among these categories
with lower accuracy, the majority of misclassified ore dumping signals are predicted
as surrounding rock acoustic emission signals, and the proportion of surrounding rock
signals misclassified as electromagnetic interference signals is the highest among the
misclassifications of surrounding rock signals. Additionally, the misclassification categories
of blasting signals are mainly mechanical interference signals.
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Figure 11. Swin Transformer neural network confusion matrix: (a) Swin T model confusion matrix;
(b) Swin S model confusion matrix; (c) Swin B model confusion matrix; (d) Swin L model confusion

matrix.

4.2. Comparison of Training Results with Different Data Volumes

Using Python 3.9 scripts, the dataset was randomly split, ensuring a roughly equal
distribution of samples for each class. Training and prediction were conducted using
dataset sizes of 2500; 5000; 10,000; 20,000; and 35,000. The recognition results of each model
without utilizing the improved CELMD preprocessing are presented in Figure 12, while
those with improved CELMD preprocessing are depicted in Figure 13.

The results indicate an overall upward trend in model performance with increasing
dataset sizes. CNN and ViT network exhibit greater sensitivity to dataset size, showing
significant increases in accuracy as the dataset grows. In contrast, Swin Transformer neural
networks demonstrate a more gradual improvement trend, yet consistently outperform
CNN and ViT network at each dataset size. However, this does not necessarily imply that
the learning capacity of these two networks is stronger than that of the Swin Transformer.
On the contrary, this phenomenon arises because the Swin Transformer network has a
stronger ability to extract primary features than CNN and ViT neural networks. This
enables it to learn more feature information from a smaller amount of data, thanks to its
unique downsampling mechanism and SW-MSA mechanism, which outperform CNN'’s
convolutional operations and ViT’s W-MSA mechanism.
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Figure 12. The trend of model accuracy changes with different volumes of unprocessed data.
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Figure 13. The trend of model accuracy changes with different volumes of preprocessed data.

4.3. Comparison of Convergence Speeds of Different Models

In neural network training, the loss rate represents the disparity between the model’s
predicted values and the actual values on the training data, serving as a crucial metric for
assessing model performance. The change in loss rate reflects the convergence speed and
training effectiveness of the model. ViT and Swin T neural networks share similar structures
and both compute loss rates using cross-entropy, making them suitable for comparison.
The variation of loss rates for these two models under different data preprocessing methods
and dataset sizes across training epochs is illustrated in Figures 14 and 15.
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Figure 14. The trend of model loss rate changes with different volumes of unprocessed data.
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Figure 15. The trend of model loss rate changes with different volumes of preprocessed data.
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For the Swin T network, the loss rate generally decreases with increasing training
epochs, with lower and more stable loss rates observed under larger dataset sizes. This
suggests that increasing the dataset size can accelerate the convergence speed and improve
the training effectiveness of the Swin T network. Moreover, training with data preprocessed
using the improved CELMD method results in smaller loss rates and faster convergence
speed compared to direct training. In comparison to the ViT neural network, regardless
of the dataset size or the use of improved CELMD preprocessing, the Swin T network
consistently exhibits lower loss rates and faster convergence speed.

5. Conclusions

To address the challenges of low accuracy and difficulty in identifying acoustic emis-
sion signals, we propose a multi-classification method for mine acoustic emission signal
waveforms based on the improved CELMD method and Swin Transformer neural network.
This method aims to achieve intelligent and high-accuracy identification and classification
of acoustic emission signals in mines.

The improved CELMD method first utilizes the empirical optimal envelope method
instead of the traditional sliding average method to extract the main features of the signal.
Furthermore, by incorporating methods such as mirror extension and endpoint correction,
it further enhances the decomposition effect and reduces the occurrence of mode mixing
and endpoint effects commonly encountered during signal decomposition.

Compared to convolutional neural networks and ViT neural networks, Swin Trans-
former neural networks demonstrate higher accuracy and convergence speed. Furthermore,
utilizing data preprocessed with the improved CELMD method enhances the performance
of Swin Transformer neural networks.

With an increase in dataset size, the accuracy, stability, and convergence speed of
Swin Transformer neural networks continue to improve. Training with data preprocessed
using the improved CELMD method yields superior results compared to training without
preprocessing.
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