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Abstract: The high sampling frequency of traditional Nyquist sampling theory not only puts greater
requirements on the sampling equipment, but also generates a large amount of data, which increases
the difficulty of information transmission and storage. To this end, this paper proposes a rolling bearing
fault signal detection method based on compressed sensing combined with a neural network. Based on
the theory of compressed sensing, the observations obtained from compression sampling are divided
into two sets of data. Given the one set of data, the predictive ability of the nonlinear time series through
the neural network can predict the second set of observed values. The predicted observations are used
to reconstruct the signal, thereby reducing the amount of data to be stored and transmitted and realizing
secondary compression of the signal.
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1. Introduction

A mechanical vibration signal is inextricably related to its operating state. To obtain the key
information contained in the signal, the signal is usually collected by a method following the classic
Nyquist sampling theorem [1-3]. Most acquisition chips currently used are also based on the Nyquist
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sampling theorem, to uniformly sample signals at equal intervals. The theorem requires that the
sampling frequency be at least twice the highest frequency of the signal being tested, and in practical
applications this frequency can often be five to 10 times as high [4,5]. The purpose of this high
frequency is to avoid signal aliasing and other phenomena, to obtain complete and accurate signal
information. However, this method not only requires high sampling equipment, but also generates a
large amount of data with greater redundancy, which increases the difficulty of data transmission and
analysis [6—8]. To solve the problem of excessive data volumes, people often compress the data, such
as the JPEG format in image compression, the MP3 format in audio compression, and the ZIP format
in file encoding compression, extracting only important information from the data and discarding a
great deal of redundant data [9—11]. Although this method can achieve information compression, the
compression process is carried out after the acquisition and requires a complex algorithm to
complete, which not only wastes sampled data, but also consumes a large amount of front-end
hardware resources. The method thus consists of distortion compression, and the data set itself will
be damaged by predictability.

To resolve the problems of the traditional sampling theorem, Donoho et al. [ 1] formally proposed
an entirely new method of signal acquisition and processing based on sparse representation and signal
approximation theory, that is, compressed sensing [12—14]. Compressed sensing can compress the
original signal while collecting it [15,16]. The sampling frequency is related to the structure of the
signal and the information is no longer determined by the signal bandwidth [17—19]. Part of the noise
and redundant information in the signal can also be eliminated, which can greatly reduce the amount
of data collected and reduce pressure on the acquisition end.

When the theory of compressed sensing was introduced, Donoho and others strictly proved its
mathematical correctness. Therefore, in view of its significant advantages, compressed sensing theory
has since quickly attracted the attention of many researchers. In terms of practical applications, Rice
University has successfully developed a single-pixel compression digital camera [20-22]. The
observation process is equivalent to a single-pixel video stream. The camera can take high-quality
images with pixel values much lower than that of the original image [23,24]. Self-adaptive ability,
however, is not available in traditional equipment. Similar devices include a coded aperture camera
developed by the Massachusetts Institute of Technology, a hyperspectral imager developed by Yale
University, and a DNA microarray sensor developed by Illinois State University [25-27].

Compressed sensing technology is currently being used in the fields of image and video
compression, nuclear magnetic resonance imaging, compressed sensing radar, data communications,
and so forth [28-30]. Since certain breakthroughs and given more in-depth research on its theoretical
framework, compressed sensing has also been applied in sub-Nyquist sampling systems [31-33] and
compressed sensing networks [34-36], among other fields [36,37]. However, there have been fewer
applications of compressed sensing in fault diagnosis of mechanical equipment, which is the research
topic of this paper. The use of compressed sensing theory to collect and detect mechanical vibration
signals can reduce the sampling frequency and number of samples, with a high probability of detecting
mechanical failure information, thus reducing pressure in terms of information transmission, storage,
and processing [38,39]. In addition, some optimization algorithms are also used to optimize the
compressed sensing networks [40—42].
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This paper uses compressed sensing technology to compress and collect the fault signals of rolling
bearings. Through the analysis and selection of the sparse representation algorithm, measurement
matrix, and reconstruction algorithm and the comparative analysis of the impact of each parameter
value, the original signal is recovered from a small amount of collected data with high accuracy. This
paper also introduces a neural network model into the compressed sensing process, the neural
network’s predictive ability is used to predict compressed sensing observation values for nonlinear
time series to achieve further compression. After testing and selecting the number of neurons and
transfer functions for the neural network, it is possible for the entire set of observation values to be
accurately predicted, with high probability, under the condition of greatly compressing the observation
values. Finally, it can accurately identify fault information bearing signal through the reconstruction
of the spectrum.

2. Compressed sensing framework

The core idea of compressed sensing theory is the assumption that the signal can be sparsely
represented under a transform basis technology. A linear random observation method is used to project
the signal onto a low-dimensional space to obtain a small number of observations containing most of
the information of the original signal. The nonlinear optimization algorithm then restores the
reconstructed signal, which is similar to the original signal.

Areal signal x € R¥*1 can be linearly expanded under a set of N-dimensional orthogonal bases
{;} V., and the vector {¥;}, is formed as a column vector to build an N x N wiki matrix ¥ =
[P, P, -, Py] € RNV, The signal x can then be expressed as

x=90 (D

where the coefficient vector 8 = [04,0,,-:-,0y] € RV and 0; = (x,¥;) = P x, which shows
that @ is the representation of the time domain signal x in the ¥ domain. If there are only K
elements in @ that are nonzero or that have large coefficients and K < N, then 0 is said to be K-
sparse, that is, the signal x is a sparse signal under the orthogonal basis ¥.

Given an M X N (M < N) dimensional measurement matrix @ that is not related to the
orthogonal basis ¥, the dimension reduction is carried out on the signal x to obtain the observation
vector y € RM*1; that is,

y=W¥x 2)

where the observation vector y contains the main information of the original signal x, and the
number of elements in y is much lower than in the original signal x; that is, the amount of data is
reduced, and the original value can be reconstructed from the observation value y by solving linear
equations. Because M < N, the number of unknowns in the system of equations is greater than the
number of equations. This is an underdetermined problem, but, according to the above, the signal x
can be expressed sparsely, so the observation process can be expressed as

y = &x = YO 3)

By reconstructing @, the original signal x can be reconstructed indirectly. Although it is an
underdetermined problem, because 6 is sparse, it greatly reduces the number of unknowns and
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reduces the size of the understanding space, making it possible to reconstruct the original signal. The
following optimization problems need to be solved:

0™ = argmin||@||; s.t. y=dx = >dPYHO “4)

According to the process of compressed sensing, the core problems can be summarized into the
following three points:

(1) Design an appropriate measurement matrix @ to observe the original signal x to obtain the
measurement value y = @x.

(2) According to a priori knowledge, select the sparse basis ¥ that enables the original signal x
to be represented sparsely under the basis.

(3) Use an appropriate reconstruction algorithm to find the optimal solution @, and finally
calculate the reconstructed signal ¥ = ¥0.

The sparsity of the signal is an important factor that affects the efficiency and accuracy of
compressed sensing. The traditional orthogonal base dictionary sometimes cannot guarantee the
signal’s sufficient sparsity. Therefore, the method of using the optimized learning algorithm to
construct the redundant dictionary has received more attention. This paper uses the most representative
K-SVD algorithm, widely used because of its relatively good sparse decomposition effect on various
signals [43.,44].

When applying the K-SVD algorithm, it is necessary to determine the original signal x, the initial
dictionary atom length n, the number of atoms K, the sample set atom number N, the linearly combined
atom number L in the sparse representation, and the number of iterations J . The proper parameter
value combination in the K-SVD algorithm is the key to ensuring that the sparse coefficient has
sufficient sparsity and attenuation. However, there is currently no uniform selection standard, which is
usually selected based on the experience of researchers or repeated experiments.

This paper uses faulty rolling bearing data collected by the Case Western Reserve University
Bearing Data Center for the original signal, to test combinations of various parameter values in the K-
SVD algorithm. The original data were taken from 6205-2RS JEM SKF deep groove ball bearings.
Inner ring fault signals were analyzed. The sampling frequency was 12 kHz, the motor speed was 1797
rpm, and the fault point was the inner ring score.

The atomic length n is chosen to be 512, because the parameter values to be determined are not
unique and are related to each other. This study uses single-factor analysis to pre-set the initial values
of each parameter. Each round of the test fixes three parameter values and adjusts a fourth. The order
of the parameters adjustments is K, N, L, and J.

From experience, when parameter K is tested, the initial values of the other parameters are set to
N =1100, L= 10, and J = 10. To ensure a complete dictionary, the value range of K in the test is 600—
950. The test results are shown in Table 1.

Table 1. Reconstruction errors for different values of K.

Value 700 750 800 850 900 950
Relative Error 0.432 0.425 0.425 0.417 0.412 0.438
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It is not difficult that the relative error of reconstruction has a tendency to decrease with the
increase of K. In this paper, there is K = 900.

Table 2 is a comparison chart of the reconstruction errors for different values of N. In the test, K
takes the value of 900, selected in the previous test, and the values of L and J, both equal to 10, remain
unchanged. Because of the limitation on the value of K, the dictionary needs to guarantee sufficient
training. Therefore, N = 950, 1000, ..., 1200 is used for testing.

Table 2. Reconstruction errors for different values of N.

Value 950 1000 1050 1100 1150 1200
Relative Error 0.424 0.418 0.414 0.413 0.413 0.414

Through the test results, one can find that the relative error of reconstruction is relatively stable,
and the reconstruction accuracy when N = 1100 is slightly better than for the other values.

The value of the parameter L is generally small. In this paper, L= 2, 4, ..., 12 is used for the test.
The test results are shown in Table 3.

Table 3. Reconstruction errors for different values of L.

Value 2 4 6 8 10 12
Relative Error 0.425 0.447 0.509 0.409 0.418 0.422

It is not difficult to see that, when the value of L is small, the error fluctuation is large, so this
paper uses L = 8 to ensure that the error is stable.

The number of iterations J is similar to the parameter L. The values in the relevant literature are
usually around eight. In this paper, J =2, 4, ..., 12 is used for testing. The test results are shown in
Table 4.

Table 4. Reconstruction errors for different values of J.

Value 2 4 6 8 10 12
Relative Error 0.421 0.408 0.401 0.404 0.408 0.413

To reduce the dictionary training time, the number of iterations J also needs to take on a smaller
value. According to the reconstruction error curve, J = 6 is more suitable.

In the follow-up experiments conducted, the values of the parameters of the K-SVD algorithm
are given.

The measurement matrix is the key to the dimensionality reduction projection of the signal, and
it is divided into a random matrix and a deterministic matrix. The former matrix is used in this paper.
Common random measurement matrices used currently include Gaussian random matrices, Bernoulli
random matrices, and partial Hadamard matrices. The performance of each matrix is different,
depending on the signals of different properties. The performance of each measurement matrix in
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different applications is quite different, with no uniform selection standard. Therefore, this paper
compares and analyzes the reconstruction performance of the above-mentioned common random
measurement matrices under the conditions.

The test selects 512 continuous data observations of the vibration signal of a faulty rolling bearing
as the original signal. It uses each measurement matrix to perform compression sensing and then
compares the accuracy of each set of fault information detected by the matrix. In other words, the
frequency corresponding to the highest spectral peak of the reconstructed signal spectrum is required
to be consistent with the original signal fault frequency, and the amplitude ratio of the secondary
spectral peak to the highest spectral peak of the reconstructed signal is less than 0.9.

The research shows that the frequency characteristics corresponding to each harmonic component
in the Fourier domain appear as two spectral lines. Therefore, to facilitate the experiment, the signal
sparsity K = 2 is used, which is equivalent to detecting only one harmonic component at a time. Under
different values for the number of data M, each measurement matrix performs 1000 compressed
sensing processes to calculate the probability of the conditions being satisfied. The test results are
shown in Figure 1.
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Figure 1. Measurement matrix failure detection probability.

As can be seen from Figure 1, the success rate of the failure information extraction of the partial
Hadamard matrix is significantly higher than that of the other matrices. Therefore, this paper selects
the partial Hadamard matrix as the measurement matrix of compressed sensing.

The essence of signal reconstruction is to solve the optimization problem of equation (4) and find
a solution that is as sparse as possible in the equation. At present, there are two main types of methods,
namely, the base tracking method and the greedy algorithm. The latter is used for analysis in this paper.
According to the principle of compressed sensing, for a signal with a large dimension, the amount of
computation for the reconstructed signal to solve the L1 norm minimization problem is large, and the
computation time required will increase. The iterative method using the greedy algorithm can reduce
computational complexity, can shorten the signal recovery time, and is easy to implement in hardware.
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The most commonly used iterative method is the orthogonal matching pursuit algorithm [45—47]. The
subspace pursuit algorithm selected in this paper is an improvement over the traditional orthogonal
matching pursuit algorithm in terms of efficiency and stability [48—50].

This paper adds neural network prediction theory to the compressed sensing process. First, the
signal is collected by the compressed sensing method to obtain a small amount of observation values,
which are divided into several consecutive data groups Xi,X,,:--,Xy , where X;=
[Xi) Xit1, """ » Xism—1]. Then, X; is used as the learning sample of the neural network, and the next
time data corresponding to each group of samples are used as the expected output, that is, the expected
output value corresponds to the input signal. For example, the expected output value corresponding to
the input signal X; is X,,4+1 . The neural network is thus trained, until the trained network is obtained.
Then the observation value is divided into two parts according to the set ratio, and only the first part
of the data is transmitted and stored, which is equivalent to greatly reducing the amount of information
data transmitted and stored. When the signal needs to be recovered, the last m data observations of
the previous observations stored are used as input, which ensures that the number of input data points
is equal to the number of elements of X;. The predicted value at the next moment can then be obtained
through the trained neural network. According to the principle of rolling prediction, after repeated
iterations, the predicted values of all later observations can be obtained. Finally, the standard first part of
the observation values and the predicted subsequent observation values are combined to obtain the
complete observation values, and the original signal can be restored by using the reconstruction algorithm.

Although the application of multilayer perception neural network has been quite extensive, there
are still no unified guidelines or established formulas for the specific design of its structure in different
fields, which is usually selected based on the designer’s experience or the experiment.

The total number of layers of the neural network mainly depends on the number of hidden layers,
which is generally one to two. In this paper, the predicted value of compressed sensing is input into
the network as the original signal. Because of the high level of randomness of the signal, the use of
multiple hidden layers is suitable to ensure the accuracy of the prediction. Therefore, this paper uses a
double hidden layer structure.

The transfer function, an important part of the neural network, is a continuous differentiable
function. Its main function is to increase the nonlinearity of the network. In this paper, the tan -sigmoid
function is selected as the transfer function between the input layer and the first hidden layer, and
between the first and second hidden layers. The transfer function between the second hidden layer and
the output layer uses a linear transfer function.

The training algorithm of the neural network is a method for solving the local minimum. The
more common algorithms include the gradient descent method, the conjugate gradient method, the
Newton method, and the Levenberg—Marquardt method. In this paper, after several experiments using
the above training algorithms, the network training is found to reach the upper limit of 20,000 iterations
when using the gradient descent or the conjugate gradient method, but it is still difficult for the training
error to satisfy the requirements. When the Newton method is used, although the stopping condition
can be satisfied after several thousand iterations, the training error is still large and does not meet the
error requirements in practical applications. Therefore, this paper uses the Levenberg—Marquardt
algorithm, with greater speed and higher accuracy for training the network.

The specific values of the neural network parameters are given later.

Mathematical Biosciences and Engineering Volume 17, Issue 5, 5864—5882.
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3. Simulation test

This article uses the bearing signal described earlier as the original signal. Given the number of
original data n = 512, the sparseness of the signal is 110, and the K-SVD algorithm is used to sparsely
represent the signal. Then, a partial Hadamard matrix is used to compress and observe the signal. The
test uses the compressed data number M = 205 as an example. That is, the compressed data are
compressed by about 60%. Then, the observations obtained are input into the neural network for
learning. This experiment intends to compress the observed value by about 50%, that is, the first 103
data are fixed values, and the last 102 data are predicted. After testing, the numbers of neurons in the
input layer, first and second hidden layers, and output layer of the neural network are 14, 11, 5, and 1,
respectively. This combination of numbers can guarantee a higher prediction success rate with fewer
neurons. Figure 2 shows the results of a comparison between the predicted and actual observed values.
The first 103 data points in panels (a) and (b) are exactly same and are fixed values. The 104th to 205th
data points in panel (b) are the predicted values for the corresponding data in panel (a). The error
between the predicted and actual values is shown in Figure 3.

It can be seen error of the first 70 data points of the prediction is almost zero, and the prediction
error of the subsequent data increases gradually with the rolling iteration process. The error fluctuation
of the 90th to 102th data points is more obvious. Nevertheless, the overall forecast error is still small
compared to the observed amplitude, which is basically maintained within a range of +0.15, accounting
for only about 0.4% of the total amplitude. It is difficult to distinguish the difference between the two

from Figure 2.
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Figure 3. Predicted value error curve.
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Finally, all the predicted observations are reconstructed using the subspace pursuit algorithm, and
MATLAB software is used to generate the reconstructed signals and their spectrograms, as shown in

Figure 4.
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Figure 4. Original and reconstructed signals of the inner ring fault.

It is not difficult to determine that the reconstructed signal obtained with the method in this paper
can simulate the original signal well, with only a certain error at some sampling points. The error for
the traditional method is more obvious, for example, the signal near the 160th sampling point is
seriously distorted. Although, given the experimental compression ratio, the proposed method can
accurately detect the fault frequency of the bearing about 154 Hz through their respective spectra, the
traditional method is already exhibiting obvious errors.

The error curve in Figure 5 is the difference between the original signal and its frequency
spectrum. In panels (a) and (b), the upper curve is the result of the comparison of the method in this
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paper, and the lower curve is the result of the traditional method. Although the signal error is not
obvious, the spectral error comparison shows that the reconstruction error of this method is slightly
better than that of the traditional method.
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Figure 5. Error curves of the signal and spectrum of each method.

To quantitatively compare the reconstruction accuracy of the neural network prediction method
used in this paper with the traditional method, the concept of a matching rate (MR) is introduced as a
measure of the reconstruction accuracy of this paper. The calculation formula of the MR is
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where x represents the original signal and X represents the reconstructed signal. The value of the MR
is between zero and one, where the closer the value is to one, the better the reconstruction effect, and
the closer to zero, the greater the reconstruction error. This method bypasses the disadvantage of the
traditional error measurement standard, where the error size cannot be determined because there
is no fixed value range. According to the test, for the application instances in this paper, as long as
MR = 0.6 is ensured, the fault information can be accurately identified through the reconstructed
signal spectrum.

Table 5 presents the average values of the reconstructed signal MR for the prediction and
traditional methods for multiple experiments under different compression amounts.

Table 5. MR values for the prediction and traditional methods for different compression ratios.

Compression ratio MR of our method MR of the traditional K-SVD method

0.72 0.8284 0.8111
0.76 0.8318 0.7943
0.80 0.8277 0.7822
0.84 0.8331 0.7695
0.88 0.8296 0.7349
0.92 0.8315 0.7344

It can be seen from Table 5 that, when the total compression is 72-92%, the MR of the prediction
method in this paper is significantly higher than that of the traditional method, which is basically stable
at around 0.83. The MR of the traditional method decreases significantly with the increase in
compression. At a compression of 92%, the gap between the traditional and prediction methods is quite
obvious. In the experiment, when using the traditional method to compress the signal by a more
compression amount, although there is only a difference of 0.1 between the final calculated match
value and the predicted value, the traditional method is found to be unable to guarantee the accuracy
of the extraction of the bearing fault information performance, and the success rate of the compressed
sensing process is significantly reduced. At 92% compression, the success rate is lower than 50%.

In addition to inner ring failure, the bearing can undergo outer ring failure and rolling element
failure. To verify the applicability of this method to the bearing’s outer ring and rolling element fault
signals, the original signal is replaced by, first, the outer ring vibration signal and, then, the rolling
element vibration signal, to test separately. The number of original signal data points n = 512, using
the method described above to perform compression observation, observation value prediction, and
signal reconstruction. The signal reconstruction results are shown in Figures 6 and 7.

Figure 6 shows that the reconstructed signal can simulate the original signal well. After
calculation, the MR of the signal at this time is about 0.91. In Figure 7, the reconstructed rolling
element fault signal contains significant error. The MR of the reconstructed signal at this time is about
0.75. Although there is a big difference between the original and reconstructed signals, the change
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trend of the two is basically the same. The amplitude and position of the main spectrum peak in the
spectrum are basically the same, which can be used to identify the failure frequency of the bearing.
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Figure 7. Original and reconstructed signals of roller fault.

4. Performance analysis of the compressed sensing of a damaged signal

In practical applications, the signal is often disturbed due to factors such as the environment and
equipment. Among these disturbances, the noise interference at the acquisition end, which refers to the
noise contained in the original vibration signal, which have affect to a certain extent on the observation
values that need to be predicted through the compressed sensing process. Neural network predictions
have higher signal structure requirements. To verify the performance of our signal processing method

Mathematical Biosciences and Engineering Volume 17, Issue 5, 5864—5882.



5876

in this paper when the original signal is disturbed by noise, noise is artificially added to the original
signal for testing, and its impact on the original signal noise is analyzed by comparing the reconstructed
signal spectrum and the MR. The level of noise is measured by the signal-to-noise ratio (SNR).

The original signal without noise interference used in the experiment is the same as above, but
Gaussian white noise is added to the original signal before compressive sensing sampling. In this paper,
the same experiment is carried out for a different SNR. At the same time, the MRs of each reconstructed
signal with a noise-free interference signal and a noise-containing signal are respectively calculated.
The results are shown in Table 6. In the experiment, the MR corresponding to each SNR value is the
average value of the MR of the reconstructed signal under the condition that the neural network
successfully predicts it five times.

Table 6. Reconstructed signal MRs under different SNRs.

SNR (dB) MR for a pure signal MR for a noisy signal
50 0.833 0.834
30 0.834 0.834
25 0.809 0.806
20 0.763 0.761
15 0.682 0.677
10 0.592 0.600
8 0.514 0.587
5 0.475 0.559

It is not difficult to see that, when the SNR is at least 30 dB, the MR tends to be stable, and a stage
is reached where no noise interference is added in the previous test, indicating that the noise
interference on the signal is basically negligible at that time. When the SNR is no more than 25 dB,
the signal MR decreases significantly as the SNR decreases. When the SNR equals 5 dB, the
reconstructed signal has difficulty simulating the original signal, and the fault frequency cannot be
accurately judged by its frequency spectrum. In addition, when the SNR is at least 15 dB, the MR of
the reconstructed signal relative to the undisturbed original signal is slightly greater than that of the
noisy signal. The reason for this phenomenon is that the compressed sensing process itself has a certain
noise reduction capability. If the signal structure contains less interference, weak noise interference
can be eliminated through its own calculation process.

In addition to the original signal being disturbed by noise, the observations can also be disturbed.
A major feature of compressed sensing is that a small amount of observations after compression are
used for the transmission of information, and the noise interference of observations is the impact of
noise during the transmission of analog signals.

The test method involves mixing Gaussian white noise into the observation value before the
observation value is input into the neural network for training. Then, the neural network is trained
using observations with noise, and the latter part of the data with noise observations is predicted by
the neural network. Finally, the predicted observations are used to reconstruct the signal to obtain fault
frequency information through the spectrum. In this paper, the same experiment is conducted under
different SNRs, and the MR of the reconstructed signal is calculated at the same time. The results are
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shown in Table 7. In the experiment, the MRs corresponding to each value of the SNR are the average
MR values in the case of five successful predictions by the neural network.

Table 7. Reconstructed signal MRs under different SNRs.

SNR (dB) MR
60 0.838
55 0.835
50 0.825
45 0.785
40 0.735
35 0.600
30 0.514

It can be seen from Table 7 that, when the SNR is no more than 50 dB, as the SNR decreases, the
signal MR decreases significantly. When the SNR is at least 50 dB, the signal MR tends to be stable
and is close to the matching degree without noise interference in the previous section.

The experiment finds that, when the observed SNR is less than 35 dB, the neural network
prediction rate is significantly reduced, the reconstructed signal cannot accurately simulate the original
signal, and it is difficult to judge the fault frequency through its spectrum. The test results indicate that,
when the compressed sensing observations are disturbed by noise, the original signal must be
reconstructed with higher accuracy by ensuring that the SNR is no greater than 35 dB in this method.

In addition to noise interference, data loss is also an inevitable phenomenon. To simulate data loss,
the loss mechanism before processing the data must be analyzed. At present, the loss mechanism is
usually divided into three: nonrandom loss, random loss, and complete random loss. However, there is
no good analysis and processing method for the nonrandom loss or complete random loss of data.
Therefore, this study simulates the random loss of data.

In the compressed sensing process, data loss can be split into data loss at the collecting end and
data loss at the observation value. However, because a neural network is needed to predict the sequence
of observations, this method has strict requirements on the integrity of the sequence data. If data are
lost from the observations, it is difficult to for the neural network to make accurate predictions.
Therefore, in the analysis of the impact of data loss, only the loss of original data at the acquisition end
is considered.

The original signal with no data loss that is selected for the experiment is the same as previously,
and, based on this, part of the data are randomly set to zero to simulate data loss. In this paper, the
same experiment is conducted for different data loss ratios. In the experiment, the signal with no data
loss is segmented into groups of 9 to 2 data. In each data segment, one data point is randomly selected
set to zero. The corresponding data loss ratio is about 11.1-50.0%. Table 8 shows the MRs of the
reconstructed signal with the data loss ratios to the original signal with data loss when the other
parameter conditions remain unchanged. The MR is the average value of 10 successful predictions by
the neural network.
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Table 8. Reconstructed signal MRs for different data loss ratios.

Loss ratio (%) MR
11.1 0.732
12.5 0.717
14.3 0.712
16.7 0.694
20.0 0.681
25.0 0.638
33.3 0.603
50.0 0.523

It can be seen from Table 8 that, in the case of loss of data from the original signal, the MR of the
reconstructed signal is significantly lower than in the case of no data loss in the previous experiment.
As the proportion of data loss increases, the MR of the reconstructed signal gradually decreases. The
experiment finds that the loss of data randomness destroys the structure of the signal to a certain extent,
so the information contained in the observations obtained through compressed sensing is disturbed and,
eventually, the neural network prediction rate under the same conditions is significantly reduced. In
addition, when the proportion of data loss is high, the reconstructed signal has difficulty simulating the
original signal, and its frequency spectrum will occasionally appear, since the original fault frequency
spectrum peak is lost according to the actual data loss.

From the results, one can conclude that, in the case of random loss of the original data, as long as
the loss ratio is less than 30%, the reconstructed signal obtained by the method in this paper is
guaranteed to simulate the original signal with greater accuracy. The bearing’s frequency can be used
to accurately determine its fault frequency.

5. Conclusion

This paper proposes a method for extracting rolling bearing fault information by combining
compressed sensing and a neural network. Four combinations of the main numerical parameters of the
K-SVD algorithm are selected for use in sparse signal representation. The reconstructed performances
of several common measurement matrices and greedy algorithms are compared and analyzed, and the
measurement matrix and signal reconstruction algorithms are suitable for the signal feature extraction
method are selected. A neural network is used to predict the latter part of the observation data obtained
by compression sampling. Further compression of the observation value is thereby achieved, and the
original signal is reconstructed from the prediction value. The feasibility of the method is verified by
simulation experiments. For the reconstruction of the bearing inner ring, outer ring, and rolling element
signals, the MRs can be guaranteed to be 0.83, 0.77, and 0.91, respectively. This method is obviously
superior to the traditional method. Additionally, considering that the signal will inevitably be disturbed
in practical applications, two situations are simulated in which the signal is disturbed by noise and data
are randomly lost. The minimum SNR and the maximum data loss ratio to ensure the accuracy of the
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extracted fault information are obtained: the original signal’s SNR must be at least 10 dB, the observed
SNR value must be at least 35 dB, and the original signal data random loss rate must be less than 30%.
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