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High-Precision Vibration Signal Acquisition and Processing Technology for Industrial
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Abstract: In modern industry, vibration, as a common physical phenomenon during equipment operation, contains rich information about the internal state of the equipment.
By collecting, processing, and analyzing vibration data, abnormal situations of the equipment can be detected promptly to prevent potential failures. However, the vibration
signals of industrial equipment often exhibit nonlinear and non-stationary characteristics. Traditional signal processing methods are difficult to accurately capture these
complex features, resulting in insufficient accuracy and low computational efficiency. This study uses a complementary set empirical mode decomposition of vibration signals
and introduces sample entropy to make an improvement. At the same time, a high-precision vibration signal acquisition and processing technology for industrial equipment
monitoring is designed by using discrete wavelet transform to process vibration characteristics. The results showed that compared with other methods, the proposed algorithm
has improved accuracy by 8.06% and 10.49%, reduced rejection rate and false acceptance rate by 3.72% and 5.83%, and significantly reduced computation time, proving
its high accuracy and computational efficiency. The coefficient of determination of the proposed algorithm was 0.987, which was higher than that of the comparison method,
proving its high-fitting performance in practical applications. This algorithm effectively improves the accuracy and efficiency of industrial equipment vibration signal monitoring,
providing strong support for early fault diagnosis and stable operation of industrial equipment. This is of great significance for promoting the development of industrial

intelligent manufacturing.
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1 INTRODUCTION

Mechanical automation has become the development
trend of factories today, and the precision industrial
production process requires increasingly high requirements
for motors and related mechanical equipment. Managers
not only need to ensure its efficiency and reliability but also
demand its consistent operation [1]. During the operation
of mechanical equipment, if components fall off, the
equipment ages, or the fixation is not firm, it will transform
into abnormal vibration of the equipment, forming a safety
hazard [2]. To constantly supervise machinery, it is
necessary to rely on professional technicians to conduct
real-time inspections of equipment on site, or to spend a lot
of time and cost training production personnel [3].
Moreover, there are many minor accidents during the
production process that are difficult to detect, and even
experienced technicians may not be able to detect them
promptly. The advancement of artificial intelligence
technology has filled the gap in this field with the
emergence of Vibration Signal Acquisition and Processing
(VSAP) technology for industrial equipment. This
technology can detect abnormal situations of mechanical
equipment promptly and provide corresponding alarm
prompts by monitoring the vibration of the equipment in
real-time. This can avoid production accidents caused by
equipment failures. Moreover, it is possible to predict
potential equipment problems in advance and take timely
measures for maintenance or replacement, thereby
reducing equipment maintenance costs and downtime, and
improving production efficiency [4]. However, the existing
technology for collecting and processing vibration signals
of industrial equipment still faces many challenges. Fourier
transform, local mean decomposition, and other methods
suffer from insufficient accuracy and efficiency in
processing nonlinear and non-stationary signals. Although
empirical mode decomposition algorithm can improve
accuracy by adding white noise to alleviate mode aliasing,
it has a large computational complexity and significant
residual noise interference [5]. Given this, this study first

uses Complete Ensemble Empirical Mode Decomposition
(CEEMD) to collect Industrial Equipment Vibration
Signals (IEVSs). In addition, by optimizing the CEEMD
algorithm using Sample Entropy (SE), a CEEMD-SE
algorithm is designed to obtain vibration characteristics of
industrial equipment. Then, using Wavelet Transform (WT)
to process the vibration characteristics, a high-precision
VSAP technology for industrial equipment monitoring is
designed to improve the monitoring accuracy and
efficiency of IEVS.

2 RELATED WORKS

In recent years, with the popularization of Industry 4.0
and intelligent manufacturing concepts, high-precision
VSAP technology has played a crucial role in ensuring
health monitoring and predictive maintenance of industrial
equipment. Many scholars have achieved significant
research results in this field. Igbal et al. designed a
vibration acoustic signal CNC machine tool-bearing fault
detection method built on Convolutional Neural Network
(CNN) to detect second-generation bearing faults in CNC
machine tools. It converted the raw signals of vibration and
sound signals into time-frequency analysis through
short-time Fourier Transform (FT) and used CNN for
diagnosing faults. This method had high classification
accuracy for vibration and acoustic signals in fault
detection [6]. Chu et al. designed a machining state
recognition model grounded on approximate entropy
Support Vector Machine (SVM) and short-time FT-CNN
to identify the vibration conditions generated during the
machining process of CNC milling machines. It utilized the
characteristics of entropy and short-time FT to characterize
the extracted processing signals as training models and
used k-Fold Cross Validations (FCV) criteria to represent
the recognition results. This method had a high recognition
rate and training efficiency [7]. Hajji et al. constructed an
adaptive feature learning algorithm built on deep CNN to
deal with traditional vibration signal feature extraction
methods being difficult to adapt to complex working
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conditions. By introducing transfer learning strategies, this
algorithm could demonstrate higher generalization ability
and accuracy in different types of mechanical fault
diagnosis, especially suitable for early fault detection [8].
Hosseinpour Zarnaq et al. designed a fault diagnosis
method for tractor auxiliary transmissions based on
vibration analysis and Random Forest (RF) classification
to enhance the precision of fault diagnosis. It adopted
discrete WT to process the collected vibration signals and
used RF and multi-layer perceptron neural networks to
classify the data, with high detection accuracy [9].
Mohammed et al. designed an industrial equipment fault
prediction approach built on the Internet of Things (IoT)
and Machine Learning (ML) to identify potential issues
with industrial equipment. It integrated industrial IoT,
message queue telemetry transmission, and ML algorithms
to collect real-time data based on vibration signals, current,
and temperature sensors. Multiple ML algorithms were
used to predict motor faults with high accuracy [10].

Aljemely et al. designed a combined fault diagnosis
method combining LSTM and a large interval nearest
neighbor algorithm for rolling bearing fault diagnosis. It
utilized orthogonal mass initialization technology to
memorize the vibration signals of faults during parameter
updates. This method surpassed other models in diagnostic
efficiency, stability, and reliability [11]. Chen et al.
designed a dual-scale first-layer kernel CNN fault
prediction model for railway switch machines based on
vibration models. It utilized a dual-scale structure
combined with two time scales to suppress noise and
extract vibration signals through the first layer kernel. This
model had high robustness and accuracy [12]. Cai designed
a tool state recognition method based on SSA-optimized
variational mode decomposition to address the difficulty of
extracting machine tool state feature information. It
utilized an optimized algorithm to decompose the tool
vibration signal and extract the kurtosis index and margin
factor of the intrinsic mode function to form a feature
vector. SVM was utilized to identify the tool state model.
This method had better recognition accuracy than other
algorithms [13]. Gu et al. designed a method based on the
variational mode decomposition method for parameter
optimization and permutation entropy to effectively extract
the features of bearing vibration signals for fault diagnosis.
It used a genetic algorithm to optimize parameter
combinations with SE minimization as the indicator, and
constructed evaluation indicators using mean square error
and correlation coefficient to optimize the decomposition
effect of variational mode decomposition. This method had
high diagnostic accuracy [14]. Al Haddad et al. designed a
fault state prediction method built on a gradient propulsion
ML model for the health monitoring of permanent magnet
synchronous motors. It integrated vibration signals and
current data, utilized feature selection information to
identify key attributes for fault assessment, and used the
selected features to distinguish fault states, with high
reliability [15].

In summary, although existing research has made
some progress in VSAP, it still faces problems such as high
computational resource consumption and insufficient
algorithm generalization ability in practical applications.
To address these challenges, a VSAP technology based on
CEEMD-SE-WT has been proposed. This method first

uses EMD to decompose complex vibration signals into
several intrinsic mode functions and then uses WT to
perform multi-scale analysis on each intrinsic mode
function to extract more refined fault features. This study
aims to improve the accuracy and real-time performance of
fault diagnosis, providing strong guarantees for the secure
operation of industrial equipment.

3 EMD-WT VSAP TECHNOLOGY FOR INDUSTRIAL
EQUIPMENT MONITORING

This section mainly elaborates on the implementation
of industrial equipment VSAP technology based on
EMD-WT. The first subsection is the implementation of
the EMD-based IEVS acquisition algorithm, and the
second subsection is the function design of the WT-based
IEVS processing technology.

3.1 IEVS Acquisition Algorithm Based on EMD

In modern industry, the analysis and processing of
equipment vibration signals are particularly important.
Many mechanical failures are accompanied by abnormal
vibrations. Vibration signals are signals generated during
the operation of mechanical equipment, which contain
information including the operating conditions and faults
of the equipment. Therefore, by conducting an in-depth
analysis of the characteristics of vibration signals, it is
possible to effectively diagnose equipment faults and
evaluate performance. Firstly, it is necessary to collect
industrial equipment signals. By collecting and analyzing
vibration signals, the operating status of mechanical
equipment can be understood. The traditional industrial
equipment VSAP technology mainly includes FT, local
mean decomposition, SVM, etc. However, these methods
suffer from low accuracy and efficiency in processing
vibration signals. EMD algorithm is a time-frequency
signal processing method that decomposes signals built on
the time scale features of the data itself, without the
requirement to pre-set any basis functions. It has benefits
in processing non-stationary and non-linear data, fitting in
analyzing signal sequences, and has a high SNR [16].
Therefore, this study adopts CEEMD developed on the
basis of the EMD algorithm for IEVS acquisition and
introduces SE to improve it, designing a vibration signal
acquisition algorithm based on CEEMD-SE. The
framework of the CEEMD-SE algorithm is shown in Fig.
1.

( Vibration signal ) Signal

CEEMD decomposition
decomposition,
Multilayer decomposition> RCCOnStrl.lct vector
i fusion
signal

Figure 1 CEEMD-SE algorithm framework

Fig. 1 shows the decomposition method of complex
signals. It is decomposed into several physically
meaningful intrinsic mode functions. Firstly, a Gaussian
White Noise (GWN) is added and the input vibration signal
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is added and subtracted to obtain a new signal, as expressed
in Eq. (1).

V(1) =2(2)+ 506, (1) (1)

In Eq. (1), yu(f) means the obtained new signal
sequence. y(¢) is the input vibration signal. gy denotes the
noise coefficient added to the input sequence by CEEMD
at a certain stage. 0.(f) is the GWN during the n-th
processing. Then, the obtained new signal is subjected to
EMD, and its mean is taken as the first intrinsic mode
component of CEEMD, while obtaining the residual
sequence. The calculation method is shown in Eq. (2).

(0= Set (0
30 =300 (1)

)

In Eq. (2), c1(?) is the first eigenmode component. N is
the total amount of times that GWN is added. ri(¢) is the

I
|| Add white
| noise 1
I
I
I

initial Add white

signal noise 2

noise 3

|

| .

|

| | Add white
|

|

|

Different
white noise

Different
white noise

first residual sequence obtained. Next, the residual
sequence is added with GWN to construct N new
sequences, and these N sequences are further subjected to
EMD, averaged, and subtracted to obtain the residuals of
the m-stage, as shown in Eq. (3).

T (t)=rm_1 (t)_cm (t) (3)

In Eq. (3), ru(?) is the residual of stage m, representing
the intrinsic modal components of stage m. Subsequently,
the EMD operation is repeated to obtain the vibration
signal after CEEMD, as expressed in Eq. (4).

y'(t)=R(t)+ %cm (¢) )

In Eq. (4), y'(f) means the final output signal sequence,
and R(?) is the final residual sequence. The implementation
path of CEEMD algorithm is shown in Fig. 2.

Iteration

Reconstruct
signal

Figure 3 Flow of vibration signal acquisition algorithm based on CEEMD-SE algorithm

In Fig. 2, the CEEMD algorithm requires multiple
EMD processes during signal decomposition. Each time, it
is required to conduct EMD on the signal, and then
combine the various eigenmode functions obtained from
the decomposition.

This process requires repeated iterations, resulting in a
high time complexity of the algorithm. Therefore, this
study introduces SE to optimize it. SE is an indicator
utilized to measure the complexity of time series.
Compared with other complexity indicators, it has the
advantages of simple calculation and insensitivity to data
length, making it more suitable for analyzing shorter time
series. The smaller the SE value, the stronger the regularity
and lower the complexity of the time series, while a larger
SE value indicates stronger randomness and complexity of
the time series. After CEEMD, SE can be calculated
separately for each eigenmode component to analyze the
complexity of each scale and shorten the computation time

[17]. The formula of SE is given by Eq. (5).

C(d-1,i) ©®)

S(d,i,L) :—log[

In Eq. (5), d is the embedding dimension, i is the
tolerance, L means the length of the time series. C(d, i)
denotes the proportion of matching points. The
implementation path of the proposed vibration signal
acquisition algorithm based on CEEMD-SE algorithm is
shown in Fig. 3.

In Fig. 3, a series of intrinsic modal components and
their corresponding SEs can ultimately be obtained. By
analyzing the time and frequency domain features of these
components, as well as the SE of each component, the
composition of the time series can be understood, thereby
completing the acquisition of vibration signals.
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3.2 IEVS Processing Technology Based on Improved WT

The CEEMD-SE algorithm achieves high-precision
acquisition of vibration signals through adaptive
decomposition and SE optimization. However, in actual
industrial environments, signals are often accompanied by
complex noise interference, and further processing is
needed to improve the reliability of feature extraction.
Although traditional processing methods such as FT have
made significant contributions in frequency domain
analysis, they have limitations in analyzing non-stationary
signals. This is because these methods cannot
simultaneously provide local information in both domains
[18]. The emergence of WT provides an effective way to
solve this problem. WT is a time-frequency analysis
method that can provide high-resolution information in
both domains simultaneously. This makes it very suitable
for analyzing non-stationary signals such as mechanical
equipment vibration. Through WT, vibration signals can be
decomposed into wavelet coefficients of different scales
and time positions. These coefficients can reflect the
frequency components of the signal at various times,
thereby revealing various features hidden in the vibration
signal [19]. Therefore, in this study, WT is taken to further
process the extracted signals. The implementation path of
WT is shown in Fig. 4.

e
— N
[ 4

Low Pass Filter

§=§——>|.r-— ——»LEEJ

Input Boundary extension; > ﬁ Right shift

High Pass Filter

Data output

Figure 4 WT algorithm process

In Fig. 4, WT is divided into continuous WT and
discrete T. Among them, continuous WT is a mathematical
tool utilized to analyze various kinds of functions, which is
fit in handling data with continuous changes and no
obvious discrete characteristics. Discrete WT can provide
time-frequency features of data and has the ability to
decompose at multiple scales, making it extensively
utilized in signal denoising, feature extraction,
compression, and other fields [20]. Therefore, this study
adopts discrete WT for vibration signal processing. Firstly,
the autocorrelation sequence of noise is defined as shown
in Eq. (6).

Lk=0
p@):{Okio ©)

In Eq. (6), p(k) is the autocorrelation sequence of noise,
and k is the k-th sequence. Then, the collected vibration
signal is input, and its autocorrelation sequence is shown
in Eq. (7).

o<,z (7)

JK

In Eq. (7), pi is the data sequence of the collected

vibration signal. K is the discrete data sequence's length. &
means the threshold for determining whether a discrete
data sequence is a white noise sequence, with a value of
1.95. If the autocorrelation sequence satisfies the condition
in Eq. (7), then the noise sequence belongs to a white noise
sequence [21]. Next, the vibration signal sequence is input,
and the discrete WT calculation method is given by Eq. (8).

In Eq. (8), W(a, b) is the transformation coefficient, ¥"
is the complex conjugate of the wavelet function. a and b
are the scale and translation parameters. By adjusting the
translation parameter, the position of the wavelet function
on the time axis can be changed, thereby matching it with
the signal at different time positions [22].

(0. 0) = (=2 ®

a
Next, the inner-product of the vibration signal

and the wavelet function is calculated to obtain the WT
coefficient of the signal, as shown in Eq. (9).

(¥(0), ¥ () =170 (e) " (t)dt ©)

In Eq. (9), ¥(¢) is a wavelet function. The discrete WT
is displayed in Fig. 5.

Level 3
coefficient

Down
sampling
;

Level 2

Figure 5 Discrete wavelet transform

The next step is to replace the wavelet function with
Morlet, as expressed in Eq. (10).

1 2
U4 (t) —q 4 M 2 (10)

In Eq. (10), wo is the frequency parameter,  is the
imaginary unit, and 7 is the pi. WT needs to extract
time-frequency features by calculating the inner product of
the signal and wavelet function, while the complex domain
inner product operation requires complex conjugation of
the wavelet function to maintain amplitude and phase
information. Therefore, it is necessary to perform complex
conjugate calculation on the Morlet wavelet function to
obtain the update of the Morlet wavelet function. The
calculation method is shown in Eq. (11).

| (=) .

v (1) = 4gio0(t=b), 24 (1D
In Eq. (11), Y., »(f) is the Morlet under the scale
parameter and translation parameter. The next step is to

obtain the transformation formula of Morlet wavelet, as
shown in Eq. (12).
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| (1-)*

In Eq. (12), W'(a, b) is the transform coefficient of the
Morlet wavelet. At this point, the processing of IEVS has
been completed. The process flow of IEVS processing
technology based on improved WT is shown in Fig. 6.

Signal
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Figure 6 Feature recognition of IEVS based on improved WT

4 INDUSTRIAL EQUIPMENT VSAP TECHNOLOGY BASED
ON CEEMD-SE-WT

This section mainly elaborates on the experimental
results of the high-precision VSAP technology proposed
for industrial equipment monitoring. Subsection 1 is the
performance analysis of industrial equipment VSAP
technology based on CEEMD-SE-WT. Subsection 2 is the
practical application effect analysis of industrial equipment
VSAP technology based on CEEMD-SE-WT.

4.1 Performance Analysis of Industrial Equipment VSAP
Technology Based on CEEMD-SE-WT

To verify the effectiveness of the high-precision VSAP
technology designed for industrial equipment monitoring,
this study used an Intel Core i7-10700 central processor,
CUDA Toolkit 12.3 graphics processor, RTX 4070 Ti
graphics card, 64 GB of RAM, and Windows 11 operating
system. MATLAB 2022b programming language was also
utilized for simulation experiments. The experimental
environment was set up in a certain ultra-low frequency
vibration  monitoring  experimental center.  The
experimental process included three modules: data
acquisition, signal preprocessing, and feature extraction.
The data acquisition module converted the collected analog
signals into digital signals through the YD980 eddy current
sensor and transmitted them to the computer through the
USB interface. In the signal preprocessing stage,
CEEMD-SE was used to decompose and extract features
from the collected vibration signals. Finally, WT was used
to further process and analyze the extracted feature signals,
thereby completing the collection and processing of
equipment vibration signals. The number of iterations was
1000. Firstly, the CWRU dataset was used to train the
algorithm and calculate the loss and accuracy of the
designed algorithm. The CWRU dataset was one of the
widely used standard datasets in the field of mechanical
fault diagnosis. It recorded normal operating conditions as
well as different types of bearing fault states, including

bearing inner and outer rings and rolling element damage.
Each fault condition also distinguished different fault sizes
and load conditions, providing researchers with rich fault
signal data and enabling them to develop and validate
various data analysis, feature extraction, and ML
algorithms. Fig. 7 shows the comparison results with
traditional EDM and the method in reference [20].
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09r ST LTSS 045F
08r yose 0.40[
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§ 061 ,{/ 0.30 k\ — == Reference [20]
9 | T e [20
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Figure 7 Loss and accuracy of various models

In Fig. 7a, the accuracy gradually increases and tends
to plateau. Among them, when the accuracy curve of
traditional EMD tends to stabilize, the accuracy is 0.85.
When the accuracy curve of the method in reference [20]
tends to stabilize, the accuracy is 0.90. The accuracy curve
of the CEEMD-SE-WT algorithm reaches a stable
accuracy of 0.93. In Fig. 7b, the loss curves of the three
algorithms show a gradually decreasing trend and tend to
stabilize. When the loss curves of the three algorithms tend
to stabilize, the loss values are 0.12, 0.10, and 0.0.6. The
accuracy of the designed algorithm is higher than others,
while the algorithm loss is lower, which proves the high
accuracy of the CEEMD-SE-WT algorithm and its
superiority in IEVS processing. In the CWRU bearing
dataset, the Precision, Rejection rate, False Acceptance
Rate (FAR), and Average Computation Time (ACT) of
different algorithms are calculated through two 5 x 10
FCVs, and the standard deviation of accuracy is calculated.
Comparisons are made with the methods in EMD,
reference [19], and reference [20], as shown in Tab. 1.
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In Tab. 1, during the first FCV, the precision of the
CEEMD-SE-WT algorithm was 92.84%, the rejection rate
was 4.62%, the FAR was 8.45%, and the ACT was 14.22s.
The second FCV was 90.11%, 5.33%, 10.73%, and 12.43
seconds. During the first FCV, compared to traditional
EMD and methods in references [19] and [20], the
CEEMD-SE-WT algorithm improved precision by 8.06%,
3.47%, and 4.15%, decreased rejection rates by 3.72%,
5.11%, and 4.25%, and reduced FAR by 5.83%, 4.83%,
and 2.82%. During the second FCV, the CEEMD-SE-WT
algorithm improved precision by 10.49%, 6.53%, and
3.85%, decreased rejection rates by 3.36%, 3.99%, and
4.24%, and reduced FAR by 5.19%, 3.44%, and 2.51%.

Table 1 The precision, rejection rate, and FAR of different models

Precision
Number of Model Precision|Rejection| FAR (Computation standard
experiments /% |rate/% | /% | time/s |deviation
/ %
EMD 84.78 8.34 [14.28 38.73 0.84
Reﬁr;]nce 8937 | 973 |13.68) 29.35 0.56
First time Referen
e[goe] °c 88.69 | 887 [1127 2126 0.61
EMD-WT| 92.84 4.62 |8.45 14.22 0.21
EMD 79.62 8.69 [15.92 39.56 0.79
Reference
Second [19] 83.58 9.32 |14.17 27.78 0.63
time Regrg]“ce 86.26 | 9.57 |1324| 24.65 0.68
EMD-WT| 90.11 5.33 [10.73 12.43 0.19

Meanwhile, in both cross validations, the computation
time of the CEEMD-SE-WT algorithm was lower than the
other methods, and the precision standard deviations of the
CEEMD-SE-WT algorithm were 0.21 and 0.19,
respectively, lower than the other methods. The above
results indicated that the CEEMD-SE-WT algorithm had
high precision and low rejection rates, as well as low time
complexity and high stability, demonstrating its superior
performance in IEVS processing. To further validate the
performance of the algorithm, this study calculated the
Precision, Recall, and Area Under the Curve (AUC) of the
CEEMD-SE-WT algorithm in two separate experiments.
The comparison with traditional EMD, algorithms in
references [19] and [20] is listed in Tab. 2.

Table 2 Recall and AUC values of various models

Model Number of Recall AUC
experlments

15t time 0.828 0.794

EMD 2nd time 0.842 0.787

Ist time 0.864 0.802

Reference [19] 2nd time 0.929 0.831

Ist time 0.904 0.862

Reference [20] 2nd time 0.932 0.753

Designed 1st time 0.933 0.969

algorithm 2nd time 0.956 0.978

In Tab. 2, in the first experiment, the recall rate of the
CEEMD-SE-WT algorithm was 0.933, which was 12.7%,
7.9%, and 3.2% higher than the traditional EMD's 0.828,
reference [19]'s 0.864, and reference [20]'s 0.904. The
AUC value of the CEEMD-SE-WT algorithm was 0.969,
while the AUC values of traditional EMD, reference [19],
and reference [20] were 0.794, 0.802, and 0.862,
representing improvements of 19.5%, 18.3%, and 12.4%.
In the second experiment, the recall rate of

CEEMD-SE-WT algorithm was 0.956, and the AUC value
was 0.978, which was significantly higher than other
algorithms. The above results further demonstrated the
high accuracy and stability of the CEEMD-SE-WT
algorithm in IEVS processing. Finally, to verify the
robustness of the proposed CEEMD-SE-WT algorithm, the
precision of different algorithms was calculated at
Signal-to-Noise Ratio (SNR) of 0 dB, 5 dB, and 10 dB,
respectively. The results are shown in Tab. 3.

Table 3 Precision of different algorithms at different SNRs

Index Precision / %
Reference Reference CEEMD-
Model EDM [19] 20] SE-WT
SNR =0 dB 65.32 71.45 75.68 85.67
SNR =5 dB 72.45 79.32 81.23 89.45
SNR =10 dB 78.23 84.56 86.34 91.23

From Tab. 3, the precision of the CEEMD-SE-WT
algorithm was 85.67% when the SNR was 0dB. The
precision of the EMD and methods in reference [19] and
reference [20] were 65.32%, 71.45%, and 75.68%,
respectively. Compared with the other three methods, the
CEEMD-SE-WT algorithm improved the precision by
31.1%, 19.9%, and 13.2%, respectively. When the SNR
was 5 dB and 10 dB, the precision of the CEEMD-SE-WT
algorithm was 89.45% and 91.23%, respectively, which
was significantly higher than other methods. The above
results demonstrated that the CEEMD-SE-WT algorithm
had stronger resistance to noise interference and higher
stability in complex industrial environments.

4.2 Analysis of the Practical Application Effect of Industrial
Equipment VSAP Technology Based on EMD-WT

To verify the practical application effect of industrial
equipment VSAP technology based on EMD-WT, this
study first introduces the coefficient of determination R?
and calculates the R? values of four algorithms to verify the
precision of the research algorithms in practical
applications, as shown in Fig. 8.

Fig. 8a and Fig. 8b are the R? scatter plots of reference
[20] and the CEEMD-SE-WT algorithm. The R? of the
algorithm in reference [20] is 0.954 and the R? of
CEEMD-SE-WT is 0.987. The R? of the CEEMD-SE-WT
algorithm is significantly higher than that in reference [20],
indicating that CEEMD-SE-WT can more precisely reflect
the true features of the signal when processing IEVS, and
has higher fitting precision and prediction ability. To
further verify its effectiveness in practical applications, the
CEEMD-SE-WT algorithm runs 5 times, the processing
time is calculated, and the results are compared with EMD,
the method in reference [21], and the method in reference
[22]. The results are shown in Tab. 4.

Table 4 Average runtime of different algorithms / s

Number of Algorithm
uns EMD Reference Reference CEEMD-
[21] [22] SE-WT
1 31.24 29.52 24.63 24.98
2 30.68 30.18 25.88 23.97
3 24.54 28.13 24.74 23.92
4 27.48 26.67 26.52 24.84
5 30.85 27.81 24.23 24.22
Average 28.96 28.46 25.20 24.39
runtime / s
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In Tab. 4, among the five independent runs,
CEEMD-SE-WT has the lowest processing time.
Meanwhile, the average processing time of EMD
algorithm is 28.96 s, reference [21] is 28.46 s, reference
[22] is 25.20 s, and CEEMD-SE-WT is 24.39 s. The
average runtime of CEEMD-SE-WT has significantly

decreased compared to other algorithms, indicating its high
operating efficiency. Finally, the error of CEEMD-SE-WT
during training is calculated and compared with traditional
EMD. The compares the training and expected values, as
exhibited in Fig. 9.
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Figure 9 Training errors of different algorithms

In Fig. 9a, the expected training error of the algorithm
is between 0.05 and 0.13. The training error of
CEEMD-SE-WT basically coincides with the expected
error. In Fig. 9b, there is a certain deviation between the
training error and the expected value of traditional EMD.
This proves that the CEEMD-SE-WT algorithm can better
collect and process vibration signals of industrial
equipment, and it has high robustness and adaptability.

5 CONCLUSION

In the modern industrial field, monitoring and
analyzing equipment vibration signals is crucial as it
directly relates to the operational status and fault diagnosis
of the equipment. Traditional VSAP technology has issues
with precision and efficiency. This study first used
CEEMD-SE to decompose the vibration signal, and
processed the collected signal through discrete WT,
proposing a CEEMD-SE-WT model. The precision of this
algorithm in a stable state was 0.93, which was
significantly lower than the accuracy of traditional EMD
and methods in reference [20], indicating that the designed

algorithm has higher precision. The average precision of
CEEMD-SE-WT in two experiments reached 92.84% and
90.11%, significantly higher than other methods. Its
rejection rate and FAR were also lower, and the
computation time was shorter, which proved that
CEEMD-SE-WT improved recognition precision while
reducing the possibility of false positives, and had higher
computational efficiency. Although the EMD-WT method
performed well in experiments and could be well applied
in fields such as intelligent manufacturing and rail transit,
there are still some shortcomings. Although the current
algorithm can cope with load changes to a certain extent,
its performance may be affected when dealing with more
complex IEVs. Meanwhile, in practical industrial scenarios,
due to the diverse types of equipment and complex
operating conditions, more testing is required to ensure
their stability and reliability. Future research will introduce
other advanced signal processing techniques combined
with the CEEMD-SE-WT algorithm to further enhance its
performance. At the same time, collecting vibration data of
different types of equipment under various working
conditions can enrich the training dataset of the algorithm
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and improve its applicability and robustness in practical
scenarios.
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