KSME

@ Springer

Journal of Mechanical Science and Technology 34 (4) 2020

Original Article
DOI 10.1007/s12206-020-0306-1

Keywords:

- Intelligent diagnosis

- Rolling bearing

- Compressed sensing

- Sparse auto-encoder

- Wavelet packet energy entropy

Correspondence to:
Peiming Shi
spm@ysu.edu.cn

Citation:

Shi, P, Guo, X., Han, D., Fu, R. (2020). A
sparse auto-encoder method based on
compressed sensing and wavelet packet
energy entropy for rolling bearing intelli-
gent fault diagnosis. Journal of Mechani-
cal Science and Technology 34 (4) (2020)
1445~1458.
http://doi.org/10.1007/s12206-020-0306-1

Received September 3rd, 2019
Revised  December 14th, 2019
Accepted February 4th, 2020

+ Recommended by Editor
No-cheol Park

© The Korean Society of Mechanical
Engineers and Springer-Verlag GmbH
Germany, part of Springer Nature 2020

A sparse auto-encoder method based on
compressed sensing and wavelet packet
energy entropy for rolling bearing
intelligent fault diagnosis

Peiming Shi', Xiaoci Guo', Dongying Han? and Rongrong Fu'

'School of Electrical Engineering, Yanshan University, Qinhuangdao 066004, China, *School of Vehicles
and Energy, Yanshan University, Qinhuangdao 066004, China

Abstract Improving diagnostic efficiency and shortening diagnostic time is important for
improving the reliability and safety of rotating machinery, and has received more and more
attention. When using intelligent diagnostic methods to diagnose bearing faults, the increas-
ingly complex working conditions and the huge amount of data make it a great challenge to
diagnose fault quickly and effectively. In this paper, a novel fault diagnosis method based on
sparse auto-encoder (SAE), combined with compression sensing (CS) and wavelet packet
energy entropy (WPEE) for feature dimension reduction is proposed. Firstly, vibration signals of
each fault type are projected linearly through compressed sensing to obtain compressed sig-
nals, which are merged into a low-dimensional compressed signal matrix of multiple fault types.
Secondly, the WPEE of low-dimensional compressed signal matrix of multi-fault type is deter-
mined, and the eigenvector matrix of bearing fault diagnosis is formed, which greatly reduces
the dimension of the eigenvector matrix. Finally, SAE are constructed by adding sparse penalty
to auto-encoder (AE) for high-level feature learning and bearing fault classification, and it not
only further learns the high-level features of data, but also reduces the feature dimension.
Compared with traditional feature extraction methods and the standard deep learning method,
the proposed method not only guarantees high accuracy, but also greatly reduces the diagno-
sis time.

1. Introduction

The vibration process of the bearing is not stable, and the vibration signal is mostly nonlinear,
and the noise is complex and changeable in modern industry, and it is more and more difficult
to identify bearing fault accurately and quickly by using traditional diagnosis methods. There-
fore, it is very important to identify and diagnose bearing faults quickly and accurately with ap-
propriate intelligent diagnosis methods [1-7].

In recent years, artificial intelligence and some signal processing technologies have devel-
oped rapidly [8-17], and many intelligent diagnosis methods for rotating machinery faults, in-
cluding support vector machine [9], artificial immunity [10, 11], blind source separation [12, 13],
principal component analysis (PCA) [11], evidence theory [15, 16] and information fusion [17],
have been paid more and more attention. Generally, rotating mechanical intelligent diagnosis
consists of two parts: feature extraction and fault classification [18]. Widodo et al. [19] found
that using support vector machine for feature extraction can achieve high accuracy in fault
classification. Lei et al. [20] proposed to use improved distance evaluation technology to extract
optimal features and to use adaptive neural fuzzy inference system (ANFIS) to classify faults.
Xu et al. [21] used improved fuzzy ARTMAP (IFAM) to identify different fault types after extract-
ing the optimal features. He et al. [22] used the correlation vector machine (RVM) method to
establish an intelligent diagnostic model for multi-stage bearings. Wang et al. [23] used possibil-
ity theory and the probabilistic neural network (PNN) to identify faults. Li et al. [24, 25] proposed
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Fig. 1. Key issues in the study of compressed sensing.

combining non-dimensional symptom parameters (NSPs) with
ant colony optimization (ACO) to classify early bearing faults.
Combining empirical mode decomposition (EMD), improved
rule matching strategy (IRMS) and fault decision table (FDT),
Dou et al. [26] proposed an easy-to-transplant fault diagnosis
method. Based on the symbolic aggregation approximation
(SAX) framework, Georgoulas et al. [27] proposed a new
method for intelligent fault diagnosis of bearings which can
detect bearing faults by the vibration signals and the resulting
feature vectors. Zhang et al. [28] proposed the synchronization
feature selection and parameter optimization of vibration sig-
nals based on SVM and ACO. Jia et al. [29] found that models
can be built by deep neural networks (DNN) to extract useful
information from raw data.

Although there are many kinds of intelligent diagnostic meth-
ods for bearings [30, 31], there are still some problems in the
application process. Firstly, the engineering experience of a
diagnostic expert is critical to the precise selection of features.
Secondly, since the mechanical structures are usually compli-
cated and related to each other, bearing fault types range from
single faults to composite faults. Therefore, fault feature extrac-
tion can be more effective after mastering the intelligent diag-
nosis method. Similarly, fault classification algorithms need to
be mastered and integrated with feature extraction algorithms
to diagnose faults intelligently and accurately. Thirdly, if the
size of the sensitive feature matrix is large, it will take a long
time to diagnose fault of rotating bearing with intelligent diag-
nosis algorithm. Therefore, it is urgent to find a suitable dimen-
sion reduction algorithm for sensitive feature space [32].

In recent years, only some research on mechanical feature
detection based on compressed sensing (CS) has been carried
out, and has shown great advantages under experimental con-
ditions. This is a booming research field, which is still in its
early stage [33]. For fault diagnosis of rotating machinery, di-

rect spectrum reconstruction in compressed measurement
domain is proposed [34]. However, because there is interfer-
ence in the actual project, it is not feasible to extract the fault
features directly from the spectrum. Wang et al. [35] introduced
CS theory to solve the problem of time-frequency feature ex-
traction in noise observation. However, it cannot restore the
characteristic waveform. Sun et al. [36] proposed an intelligent
diagnosis method which based on the CS-DNN, however, the
dimension of compressed data is still very high, and the time
consumed in classification and diagnosis using DNN s still
very long.

Based on the above theories and practical experiments, an
intelligent diagnosis method based on CS dimension reduction
and wavelet packet energy entropy (WPEE) feature extraction
is proposed. The bearing vibration signal was analyzed by this
method [37]. The method greatly reduces the complexity of the
neural network after the second compression of the data. The
high accuracy rate also proves that the useful information is not
lost after the data is compressed, and it also proves the
method has high reliability [38].

The remainder of this paper is structured as follows. In Sec.
2, CS dimensional reduction theory is briefly introduced. Fea-
ture extraction and classification based on WPEE-SAE is given
in Sec. 3. The proposed intelligent fault diagnosis method for
bearing fault is presented in Sec. 4. In Sec. 5, the experimental
results and comparison are analyzed and discussed. In Sec. 6,
conclusion is given.

2. Compressed sensing dimensional re-
duction theory

2.1 Compressed sensing

CS is a new information acquisition theory proposed by
Donoho [39] and Candes et al. [40]. CS mainly includes three
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aspects: Signal sparse representation, coding measurement
and signal reconstruction [41, 42]. The Key issues in the study
of compressed sensing can be represented by Fig. 1.

For example, a discrete-time signal x of a certain dimension,
the signal length is N, expressed as x(n), n = 1, 2,...N, which
can be regarded as n-column vector in R". If the transform
coefficient on an orthogonal basis of xe R" are sparse or
compressible, and ¥ can be expanded into a standard or-
thogonal base ¥ =[y,,y,.....w, ], asin Eq. (1):

x=zzlai(//i =VYa.

where a is the coefficient of the sequence x and it satisfies
a,=(x,y,)=y/x. This is the sparse representation of the
signal [43, 44].

The signal x is linearly projected on the observation matrix

1

Compressed acquisition dimension reduction

et

Fig. 2. Schematic diagram of compressed acquisition and dimension reduc-
tion.

®eR"™ (M <« N) to obtain a linear measurement value
yeRY, and the projection process can be expressed by the

Eq. (2):

y=0x=0¥a=0a. (2)
where ©@=0¥ is the M xN matrix, which is called the
perceptual matrix. The next step is signal reconstruction. If the
perceptual matrix © satisfies the RIP criterionor ® and ¥
are uncorrelated, the recovery of the sparse signal minimizes
the / norminstead of /,, asin Eq. (3):

®)

min,

a"[I s.t.y=d%a.

Signal reconstruction can be achieved by solving the optimal
norm problem below, as in Eq. (4):

min, a||[‘ s.t|ly—dWa|<e. 4)

2.2 Preliminary feature extraction and dimen-
sionality reduction using linear projection
of compressed sensing

Suppose x is a one-dimensional discrete-time signal of
length N, expressed as x(n), n = 1, 2,...N, which can be re-
garded as n-column vector in R". If the transform coefficient
on an orthogonal basis of x€R is sparse or compressible, and
Y can be expanded into a standard orthogonal base

¥ =[w,.p,.....v, ] [45], as in Eq. (5):
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Fig. 3. Time-frequency domain comparison of the original signal and the reconstructed signal.
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xzzl:ail//i =VYa. (5)

where a is the coefficient of the sequence x and it satisfies
a,=(x,p,)=y/x . This is the sparse representation of the
signal.

The signal x is linearly projected on the observation matrix
®eR"™ (M < N) to obtain a linear measurement value
yeRY, and the projection process can be expressed by the

Eq. (6):

y=0x (6)

This process is a linear projection of the signal. And y isa
low-dimensional observation obtained by compression of the
original signal. Fig. 2 is a schematic diagram of the linear pro-
jection process of the signal.

CS can completely reconstruct high-dimensional signals with
low-dimensional random projection under certain conditions.
Therefore, under the condition of sparsity and irrelevance, CS
can completely reconstruct the original signal using a small
amount of observation data.

When the one-dimensional signal x is compressed, the
data dimension is greatly reduced, and a low-dimensional ob-
servation value is obtained. When the original signal needs to
be transmitted and feature extraction, the low-dimensional data
greatly reduces the calculation amount and calculation time of
the project. When using low-dimensional observations to re-
construct the original signal, it is found that its time domain and
frequency are perfectly restored.

3. Feature extraction and classification
based on WPEE-SAE

3.1 Wavelet packet energy entropy theory

In the bearing fault diagnosis, when the bearing structure
element faults, the energy of each frequency component
changes accordingly [46, 47]. Therefore, the change in the
energy value of one or several frequency components can be
used to characterize the corresponding fault type.

The feature extraction method based on WPEE [47-49] can
be performed as following:

(1) The j-layer wavelet packet decomposition is performed on
the compressed low-dimensional observation S of a certain
fault type. The three-layer wavelet packet decomposition tree
structure is shown in Fig. 4, where W', W', w,, w,,...w/
are the characteristic semaphores of all the frequency compo-
nents of the first three layers, respectively. Through experi-
ments, it is found that the higher diagnostic accuracy can be
obtained when the energy envelope of the wavelet packet of 5
layers is decomposed.

(2) Reconstruct the wavelet packet decomposition coeffi-
cients. The characteristic signal sequence of the 32 frequency
bands is decomposed by the 1) step to reconstruct 32 wavelet

Input layer

Hidden layer Cutput layer

Fig. 5. AE neural network.

packet reconstructed signals.
(3) The j-layer wavelet packet decomposition sequence of
the signalis S, (k=0-—>2/-1).Assuming E,E,,....E, is

the energy spectrum of the signal on k scales [50], then, the
energy division of the signal is formed on the scale domain E,
and the sum of the power E, (i=1,2,...k) of each point is equal

to the total signal power E. Then the proportion of energy at

each scale can be expressed as follows: g_/.k(i)=% , and
Zk ¢, =1.According to the definition of WPEE:
H, = —z;\;gjk (i)ige, (i) (7)

where N is the original signal length and H, is the energy
entropy of k-th wavelet packet of j-level signal [18].

Thereby, the eigenvectors of the 5-layer WPEE decomposi-
tion of the low-dimensional observations can be obtained for
subsequent classification detection.

3.2 Sparse auto-encoder (SAE) classification
theory

3.2.1 Auto-encoder
Suppose there is a training sample set x’ € Re” . The AE
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neural network is an unsupervised learning algorithm which
uses a back-propagation algorithm and makes the target value
equal to the input value, suchas " =x" [51].

The AE neural network attempts to realize the function of
h,,(x)~x. That is to say, it tries to approximate an identity
function [52]. When the AE neural network is given some re-
strictions, such as restricting the number of hidden neurons,
some interesting relationships can be found [53].

3.2.2 Sparse auto-encoder neural network

The above discussion of AE is based on the assumption that
there are few hidden neurons. But even if there are many hid-
den neurons, we still discover the structure in the input data by
applying some other constraints to the AE neural network [54-
60].

Adding the regularity limit of L, to the AE (L, mainly re-
stricts most of the nodes in each layer to be 0, only a few are
not 0), and then obtains the SAE. As shown in Fig. 6, it is actu-
ally limiting the expression code obtained each time as sparse
as possible. Similar to the human brain, an input only stimu-
lates certain neurons, and most other neurons are suppressed,

so sparse expressions tend to be more effective than others.

Pre-training of shallow network (only one hidden layer) using
supervised training methods usually allows the parameters to
converge to a reasonable range. The AE uses a semi-
supervised machine learning method of layer-by-layer greedy
training, that is, unsupervised learning is performed using AE in
the stage of extracting new features from the original sample,
but after learning a certain degree of features, the supervised
learning method (such as softmax classifier) is used for training
and classification. To sum up, it is the semi-supervised learning
of layer-by-layer greedy training.

4. Intelligent fault diagnosis method for
bearing fault based on CS dimension
reduction and WPEE-SAE

Since a large amount of data is generated when bearing vi-
bration data is collected [61-63], an intelligent diagnosis
method of bearing fault based on CS dimension reduction and
WPEE-SAE is proposed in this paper. The intelligent method
proposed in this paper can be divided into following steps,
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Fig. 8. Comparison of original signals with low-dimensional observations.

namely data dimension reduction, feature extraction, feature
vector construction and diagnostic classification. The overall
process of this method can be shown in Fig. 7. Original signal
is linearly projected to obtain low-dimensional observation y
whose dimension is M x1, where M =Nxc and ¢ repre-
sent the compression ratio. Fig. 8 shows the original discrete
signal and the low- dimensional observations.

Step 1: Data reduction and feature extraction using linear
projection of compressed sensing: The signal x is a one-
dimensional vibration signal of N x1, and the dimension re-
duction part is compressed and acquired by the CS algorithm.
According to Eq. (2), a random Gauss matrix is used as the
observation matrix, and the high-dimensional where N is the
original signal length and H, is the k-th wavelet packet en-
ergy entropy of the j-th layer of the signal. The WPEE decom-
position vector of the j-layer of the low-dimensional observa-
tions constitutes the feature vector Y for subsequent classifica-
tion detection.

Step 2: Construct a feature vector matrix: Take the first vibra-
tion state letter t samples of the bearing, each sample consists
of N signal points, and sequentially perform steps 1 to obtain
the WPEE feature set Y, of the i-th vibration state signal. The
feature sets 1,,7,.Y.,...,Y, of the i kinds of vibration state sig-
nals are sequentially obtained, and these Y, constitute 7R .
Another t samples are taken, and according to this step, the
WPEE feature sets YY,, Y7,,..., YY, of the i kinds of vibration
state signals are obtained, and these YY, constitute TE. TR
and TE form the feature vector and satisfy TRe R™ ,
TE e R”, p and q to represent ¢xi samples and 2’ fea-
ture vector lengths, respectively.

Step 3: Diagnostic classification: The TR and TE obtained
from step 2 will enter the AE neural network as input to adjust
the neural network parameters. The training sample TR is pre-

trained by the AE to realize the deep neural network weight
initialization. Then, the BP algorithm is used to achieve the
overall fine-tuning of the AE that completes the initialization,
and the test samples are tested and classified to obtain fault
identification and classification. Because the feature vector
dimension obtained in step 2 is only pxgq , using low-
dimensional observations directly as input into the AE deep
neural network, the network complexity is greatly reduced. The
diagnostic time required is greatly reduced, so the diagnostic
efficiency can be significantly improved.

5. Experimental analysis and comparison
5.1 The first set of experimental data

5.1.1 Basic parameter of test platform

The experiment selected the experimental platform data of
Case Western Reserve University in the United States, and Fig.
10 is the experimental platform. A single point of failure was
placed on the bearings using EDM technology with fault diame-
ters of 0.007 inches, 0.014 inches, 0.021 inches, 0.028 inches,
and 0.040 inches. Data on normal bearings, single-point drive
and fan end faults were collected. For the drive end bearings,
data was collected using frequencies of 12 kHz and 48 kHz,
respectively. For fan-end bearings, data was collected using
only a frequency of 12 kHz. The main idea of this method is
shown in Fig. 7. The first selected data is shown in Fig. 11.

5.1.2 Low-dimensional compressed signal matrix
based on linear projection of compressed
sensing

Take the normal signal at the fan-end at 12 kHz, and the in-
ner ring fault signal, the rolling ball fault signal, and the outer

ring fault signal with a fault diameter of 0.007 inches and 0.021

1450



Journal of Mechanical Science and Technology 34 (4) 2020

DOI 10.1007/s12206-020-0306-1

Table 1. Changes in the average diagnostic accuracy rate of 15 times with the leaming rate changing.

Learning rate 05 1 1.5 2 25 3 35 4 45 5
Accuracy rate (%) 93.95 94.79 96.04 97.97 97.08 94.58 95.21 92.08 85.42 77.92
Time (s) 41 4 41 41 41 41 42 42 42 42
Table 2. Changes in the average diagnostic accuracy rate of 15 times with the number of hidden layer nodes changing.
Hidden layer nodes 20 40 60 80 90 100 110 120 130 140
Accuracy rate (%) 93.73 | 94.12 95.23 97.43 97.82 98.54 97.67 96.82 96.0 95.24
Time (s) 33 34 36 38 39 41 41 42 42 43

Linear Projection

Multi-State Combination

-

Ny
ot - H
TR T

' Ohservation Matrix 0 l

"~y
&=

! Feature vector ¥

Low dimensional observation y
Original signal x

Fig. 9. Schematic diagram of feature extraction.

Fig. 10. Experimental platform of Case Western Reserve University.

inches as the experimental signals [64]. Twenty-four samples
were selected for each signal, and 2400 data points were se-
lected for each sample to form training group and test group
sample data sources. The sample data sources of training
group and testing group are 2400 x 84 data sets.

Set the sample compression ratio (c) to 70 %, take the Gaus-
sian random matrix as the observation matrix, and obtain the
low-dimensional observation sets Y and YY of the training
group and the test group using linear projection of compressed
sensing. The dimensions are both 1680 x 84, which is used as
the training group sample data source and test group sample
data source, reducing the workload of data transmission.

5.1.3 Extracting feature sequences using WPEE

In the previous step, the low-dimensional observation sets Y
and YY of the training group and the test group with dimen-
sions of 1680 x 84 were obtained.

Compared with the original data, the dimension of data is
much reduced by compressed low-dimensional observations.
However the larger the amount of data is, the longer the time it
takes when classifiers are needed to classify faults. Therefore,
it is very important to further reduce the data dimension of fea-
ture parameters.

However, the contradiction is that the data dimension is re-
duced, and the difficulty of containing useful information of the
data becomes more and more difficult. Therefore, it is more
important to find a method that can extract useful information of
lengthy data. The method uses the WPEE function to extract
useful information from the low-dimensional data sets Y and YY.
Using the Eq. (6) the WPEE decomposition of the low-
dimensional observation set Y and YY is performed, and the
feature set with the dimension of only 84x32 is obtained,
which are TR and TE. Using this ultra-low dimensional feature
set, the fault signal can be identified and classified faster.

5.1.4 Diagnosis and classification of bearing faults
using SAE

In the previous step, we obtained the feature set with only
84x32 dimensions, namely TR and TE, and then input it into
the SAE neural network to identify and classify the existing
signal set. The SAE neural network layer selects 4 layers,
which are input layer, output layer and two hidden layers. The
5-layer wavelet energy entropy distribution selected by this
method is used as the eigenvalue, so the number of nodes in
the input layer is 32, the number of hidden layer nodes and
output layer nodes are 100, 100 and 7, respectively. So the
SAE model is 32-100-100-7. After a series of experimental
comparisons, the coefficients are configured as shown in Ta-
ble 4.

We can get that in Tables 1-3: When the learning rate and
the number of hidden layer nodes are changed, the average
value of the 15 diagnostic results and the diagnosis time are
recorded, and it can be seen that the diagnostic accuracy is
greatly different.
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Table 3. Changes in diagnostic accuracy rate, diagnostic time, and diagnostic standard deviation with diagnostic times changing from 5 to 50.

Diagnostic times 5 10 15 20 25 30 35 40 45 50
Accuracy rate (%) 925 94.53 94.79 96.13 96.15 96.87 96.99 97.97 97.65 97.25
Accuracy standard deviation 0.06 0.05 0.04 0.04 0.03 0.03 0.03 0.03 0.02 0.01
Time 21 31 42 53 63 73 82 90 102 110
Table 4. Parameter setting of SAE neural network.
Parameter name Parameter setting Parameter name Parameter setting
Activation function Sigmoid L2 norm constraint term 0
Learning rate 2 Non sparse penalty 0.05
Weight momentum factor 0.5 Sparse target value 0.05
Dropout fraction 0.005 Number of network nodes 32-100-100-7
gi% - l i ‘ I (a)
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Fig. 11. Raw samples of the seven bearing conditions: (a) Normal condition; (b) slightly inner race fault; (c) severe inner race fault; (d) slightly ball fault; (e)

severe ball fault; (f) slightly outer race fault; (g) severe outer race fault.

It can be seen in Figs. 12 and 13 that the diagnostic accu-
racy is the highest when the learning rate is 2, and the experi-
mental accuracy gradually decreases when the learning rate is
more than 2. Even when the learning rate is 5, the accuracy is
only 77.92 %. So the learning rate is set to 2. When the num-
ber of hidden layer nodes is changed, the change of diagnostic
rate is obvious, and the regularity is not so obvious. However,
the diagnostic accuracy is the highest when the number of
hidden layer nodes is set to 100. When the number of diagno-
ses is increasing, the accuracy of the diagnosis is gradually
increased, and the standard deviation of the accuracy is

gradually reduced. The parameters can be set as follows in
Table 4.

5.1.5 The diagnostic results of this method were
compared with those of other methods

By using the energy entropy function of wavelet packet to
process the low-dimensional observations, the ultra-low-
dimensional feature set is obtained. Without affecting the accu-
racy of diagnosis, the classification and detection tasks of the
AE are reduced, the diagnosis time is greatly reduced, and the
diagnosis efficiency is greatly improved. The original data node
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settings need to be processed are 720-200-60-7, because the
construction of the neural network is very complex, the time
required and equipment requirements will be high. However,
the WPEE will concentrate the feature information to the fea-
ture set of 32x84 . When the data is input to the SAE neural
network, the training and testing time can be greatly reduced,
but at the same time, the fault detection is not reduced. In addi-
tion, compared with the previous method of calculating and
integrating feature vectors by using various parameters (har-
ness factor, variance, waveform factor, etc.), this method only
needs to extract the WPEE of low-dimensional observations to
accurately identify the fault type. Compared with the PSO-SVM
algorithm, the fault diagnosis rate of the proposed method can
reach 98.5417 %, and the diagnosis rate of a few cases can be
as high as 100 %. From this it can be concluded that the
method can be applied to bearing fault diagnosis.

Contrast 1: Directly input the bearing signals of various fault

types into the neural network. Without compression sensing,
the diagnostic time will be extremely long and there will be
large fluctuations, and the diagnostic accuracy cannot be guar-
anteed.

Contrast 2: The low-dimensional observations obtained by
using CS are directly input into the neural network, and the low-
dimensional data is not processed by the WPEE. Although the
average diagnostic rate of the experiment is 97 %, the diagnos-
tic time isup to 170 s.

Contrast 3: Using low-dimensional observations for feature
extraction, extracting parameters (kurtness factor, variance,
waveform factor, etc.) and then using sensitive feature parame-
ters, the PSO-SVM algorithm can only achieve 95.83 %.

In this paper, when the method is used, the average diagnos-
tic rate of the experiment can reach 98.5417 %, and the diag-
nosis time is only 41 s. It not only does not need to extract
multiple sensitive feature parameters, but also reduces the
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Table 5. Comparison of three existing methods with this method.

Experimental method Number of samples Sa?a;;f:;:tt:ms 1?;?:98”‘):;:30?3) Accu(rjic\:/)i/a?it::dard Accuracy
1 2800 2400 416.7 0.87 96.75 %

2 2800 2400 170 0.43 97.47 %

3 100 4096 * 1.52 95.83 %
CS+WPEE-SAE 168 2400 41 0.0269 98.54 %

my method—= 1 1

1—Number of samples

2—-Sample contains data poinis

4—Accuracy standard devislon
S—Accuracy rate(%)

3—Timespenton 15diagnoses (s)

Fig. 14. The variation of five observation parameters with different methods.

complexity of the method, it can also use the relatively intelli-
gent method to diagnose and analyze, improve the operability
and facilitate the modular application.

The advantages of this method are now compared in Table 5
and Fig. 14. In Table 5, since the method 3 cannot directly ob-
tain the diagnosis result based on the acquired signal by the
program design, the diagnosis time is not counted. It is easy to
find from Table 5 and Fig. 13 that there are many samples
required for the diagnosis of method 1 and method 2. The
method 1 takes too long to diagnose the process, while method
2 shortens the diagnosis time, it requires a large number of
samples. Although method 3 requires only a small amount of
samples, it requires a large amount of analysis to extract sensi-
tive characteristic parameters, and the accuracy rate can only
reach 95.83 %. In contrast, in addition to extracting useful sig-
nal features from finite samples, the use of WPEE can also
simplify the time and complexity of neural network training and
testing, and obtain stable diagnostic results and high accuracy
rate. This will save a lot of time in the actual diagnosis of the
fault. Since the fault can be accurately identified and classified
when there are only a small number of samples, the fault can
be found more timely and the loss caused by the bearing fail-
ure can be reduced.

Fig. 15. The experimental platform and rolling bearing.

5.2 The second set of experimental data

The second set of data is also used to verify the validity of
the method. This set of data was collected on the QPZZ-Il ro-
tating machinery vibration analysis experimental platform,
where the sampling frequency is 3 kHz and the bearing speed
is 1500 r/min. Bearing vibration data of normal state, inner-race
fault, outer-race fault, and rolling ball fault are collected to verify
the effectiveness of the method proposed in this paper as show
in Fig. 15.

Step 1: Similar to Sec. 5.1.2, the raw vibration signals of four
states are shown in Fig. 16. Take 2400 points of each state
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Table 6. Parameter setting of SAE neural network.

Parameter name Parameter setting Parameter name Parameter setting
Activation function Sigmoid L2 norm constraint term 0
Leaming rate 2 Numepochs of pre training 20
Weight momentum factor 0.5 Numepochs of fine tuning 20
Dropout fraction 0.001 Number of network nodes 32-20-204

Table 7. Changes in diagnostic accuracy rate, diagnostic time, and diagnostic standard deviation with diagnostic times changing from 5 to 50.

Diagnostic times 5 10 15 20 25 30 35 40 45 50 55
Accuracy rate (%) 100 100 98.33 100 99 99.17 98.05 99.38 98.04 99 99.48
Accuracy standard deviation 0 0 0.064 0 0.05 0.045 0.07 0.039 0.065 | 0.049 | 0.033
Time (s) 16 20 25 31 37 42 44 50 54 60 64
0.2 .
0 1@
02 1 1 Il
0 500 1000 1500 2000 2500

) 500

2000 2500

0 500

1000

1500 2000

Data No. of The Four Bearing Conditions

Fig. 16. Raw samples of the seven bearing conditions: (a) Normal condition; (b) inner-race fault; (c) rolling ball fault; (d) outer-race fault.

vibration data as a sample, and take 15 samples from each of
the four states to form a 2400x60 training set.

Step 2: Based on the compression sensing algorithm, the
sample compression rate (c) is set to 70 %, and the Gauss
random matrix is used as the observation matrix. The original
vibration signal is linearly projected to obtain a low-dimensional
observation matrix, which is recorded as y. similarly, based on
the vibration data different from step1, another set of low-
dimensional observation matrices can be obtained, which is
recorded as YY. After compression, the dimension of the train-
ing setis 1680x60 .

Step 3: Feature sequence extraction based on WPEE. Using
the Eq. (6), the WPEE decomposition of the low-dimensional
observation set Y and YY is performed, and the feature set
with the dimension of only 60x32 is obtained, which are TR
and TE. Using this ultra-low dimensional feature set, the fault

signal can be identified and classified faster.

Step 4: Diagnosis and classification using SAE. The TR ob-
tained from step 3 is used as training sample to adjust each
parameter, and the result of parameter adjustment is shown in
Table 6. The model is built by using the parameters after fine
adjustment, TR is used as training sample to input into SAE
neural network for unsupervised pre fraining, and then the
supervised fine adjustment process is carried out according to
the label. TE is input into the trained model as a test sample.
The changes of accuracy, standard deviation of multiple diag-
nosis accuracy and diagnosis time with the number of repeated
diagnosis are shown in Fig. 17 and Table 7.

It can be seen from Table 7 and Fig. 16 that because the fea-
tures of the example are obvious, only a relatively simple neu-
ral network structure is needed to get a high diagnostic accu-
racy. It also takes only 25 seconds for 15 repetitions. It can be
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Fig. 17. Diagnostic accuracy and diagnostic time from 5 to 55 times with
repeated training.

found from Table 7 that in repeated training, the value of stan-
dard deviation is generally lower, that is, the diagnosis result is
more stable. Therefore, it can be verified that the proposed
SAE neural network intelligent diagnosis method based on CS
and WPEE can get stable and accurate diagnosis results on
the premise of only consuming a short diagnosis time, and the
method is effective.

6. Conclusion

In the existing fault diagnosis methods for rotary bearings,
most of them need to analyze and process a large amount of
data, and it takes a long time to transfer a large amount of data,
but by compressing the data and only processing the com-
pressed low-dimensional data, the fault diagnosis will become
faster and more efficient. In this paper, the low-dimensional
observations containing key information of the signal are ob-
tained by using CS, and then the ultra-low-dimensional feature
sets are obtained by WPEE. Finally, the SAE neural network is
used to classify them. The acquisition of compressed observa-
tions greatly reduces the computational complexity of subse-
quent analysis of WPEE and sparse classification. The WPEE
was used to analyze the signal in the diagnosis of circuit faults.
However, this paper finds that it can be used in the bearing
fault signal, and the feature set dimension obtained by WPEE
processing is very low. At this time, the feature set also con-
tains enough information to classify the faults by using the SAE
neural network combined with the softmax classifier, thereby
reducing the diagnostic complexity of the classification, short-
ening the diagnosis time, and ensuring high diagnostic accu-
racy. The application of technology to the industry provides a
theoretical basis.
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