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Abstract: In order to solve the problems of low precision and long
time-consuming of traditional methods, this paper designs a rolling bearing
wear fault early warning method based on empirical mode decomposition
(EMD). Based on the wear reason of rolling bearing, the acceleration sensor is
used to collect its vibration signal, and the EMD algorithm is used to stabilise
the signal to obtain multi-scale signal. Each multi-scale signal is decomposed
into sub-band to get multi-scale sub-band signal, then the multi-scale sub-band
sample entropy is obtained, and the optimisation function of local preserving
projection algorithm is constructed to obtain the eigenvalue and eigenvector of
wear failure fault, and finally the fault early warning is realised. The simulation
results show that the signal denoising effect of this method is good, the early
warning accuracy is always above 94%, and the average alarm time is close to
0.27 s.
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1

Introduction

In practice, due to the heavy task of mechanical equipment and the bad working
environment of some equipment, the failure rate of rolling bearing is greatly improved
(Wang and Zhou, 2020). In different types of mechanical equipment components, rolling
bearing is the most widely used, but also the most critical, and is one of the easily
damaged parts. According to the relevant survey data, more than 30% of the mechanical
equipment using rolling bearings at this stage are caused by rolling bearings. Once the
mechanical equipment fails, the work efficiency will be reduced, and the life safety of
workers may be threatened. Therefore, it is necessary to conduct in-depth study on the
wear failure of mechanical equipment rolling bearings (Wang et al., 2017).
At present, there are many researches on the early warning methods of wear failure of
rolling bearings, and some research results have been achieved, and they have been
further promoted in practice. For example, Jiang et al. (2019) proposed a kind of early
warning method for wear failure of mechanical equipment rolling bearing based on oil
monitoring information. Based on the aviation test data, the wear dataset of rolling
bearing of mechanical equipment is obtained. On this basis, multi-parameter correlation
analysis is used to reduce the dataset, and the parameters of the reduced dataset are tested
by fitting regression and normal distribution. The obtained data are used as the criteria of
wear failure warning, and the warning results of rolling bearing wear failure are output.
However, in the process of rolling bearing wear failure warning using this method, due to
the long data processing time, the early warning time is increased. In Wei et al. (2018),
the wear failure early warning method of mechanical equipment rolling bearing based on
big data mining is proposed. First, according to the working principle of heavy machinery
rolling bearings, the bearing pedestal is used as the basis of modelling. According to the
modelling results, the failure process is analysed and the fault characteristic values are
calculated. On this basis, the early warning of wear failure is realised by monitoring the
change of fault signal and characteristic value. However, due to some errors in the
modelling process and a large number of noise in the fault signal, the accuracy of fault
warning for wear failure of rolling bearing is reduced. In Liu et al. (2020), an early
warning method for wear failure of rolling bearing based on principal component analysis
and neural network is proposed. In this method, expert method is used to design the
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failure index of rolling bearing, and principal component analysis is used to analyse the
correlation of the failure index. According to the processing results, the research data are
preprocessed and the multiple principal components obtained are taken as the foundation
of BP neural network construction. Through setting activation function and model
training, the rolling bearing wear loss effect is output. However, there is a lot of noise in
the research data used in this method, so the early warning of wear failure of rolling
bearing is greatly reduced.
Because the above method does not consider the noise in the collected signal, the
accuracy of fault alarm is low. Therefore, in order to improve the accuracy and reduce the
time of the early warning, a new early warning method based on EMD is proposed.

2

Design of early warning method for wear failure of rolling bearing

2.1 Analysis of wear reasons of rolling bearing
Before the design of the early warning method of rolling bearing wear failure, it is
necessary to analyse the reasons of rolling bearing wear, and design the early warning
method of rolling bearing wear failure, so that the method has multiple advantages such
as high early warning accuracy and short warning time.
The specific structure is shown in Figure 1.
1

Outer ring: the outer ring mainly has the function of supporting roller and steel ball.
Generally, it is installed on the bearing pedestal or shell.

2

Inner ring: the inner ring usually moves with the shaft and is generally mounted on
the shaft (Yuan et al., 2017).

3

Bearing retainer: the main function of the cage is to separate the rolling elements
according to a certain distance, and each rolling element is separated by an equal
distance, so the load of each rolling element is the same.

4

Rolling element (steel ball or roller): the bearing capacity of a rolling element is
usually related to its size and mass (Xu, 2017).

In the process of mechanical equipment being put into use, there are many reasons for
rolling bearing failure, such as corrosion, insufficient lubrication and assembly error.
Therefore, different failure modes will appear, such as wear failure, corrosion failure, etc.
The process of wear failure of rolling bearing of mechanical equipment can be generally
divided into three stages, as shown in Figure 2.
Generally, according to the wear principle, the wear of rolling bearing is divided into
the following parts.

2.1.1 Adhesive wear
The oil film generated by lubricating oil will be cracked due to high temperature, which
will cause adhesion on the contact peak point on the surface of rolling bearing. However,
with the decrease of temperature, the adhesion point at the contact peak point will
gradually fracture. This process is repeated all the time, and this process is called sticking
therefore, the severity of adhesive wear is related to the fracture location of adhesion
point (Xu et al., 2018; Xia and Lin, 2019).
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Figure 1

Rolling bearing structure (see online version for colours)

Figure 2

Wear process curve
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2.1.2 Fatigue wear
No matter what kind of friction state the rolling bearing surface is, there must be a kind of
alternating stress. Under the action of this stress, the rolling bearing surface will crack
due to fatigue, and then the lubricating oil will enter into the crack through extrusion,
which will cause the crack to expand and finally fall off. Therefore, there will be a kind
of pit of different sizes on the rolling bearing surface wear is called fatigue wear
(Ma et al., 2020; Hao and Hu, 2020). The influence of the viscosity of the lubricating oil
on the fatigue wear of the rolling bearing is shown in Table 1.
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Table 1

Effect of lubricant viscosity on fatigue wear of rolling bearing

Oils

Temperature/°C

Viscosity/(mm/s)

Contact fatigue
stress/MPa

Transfer
power/kW

Spindle oil

20

116

450

4.9

Machine oil

20

757

600

8.8

82

84

430

4.5

Cylinder oil

57

303

490

5.0

45

757

550

7.4

According to Table 1, the viscosity of lubricating oil of rolling bearing is positively
correlated with contact fatigue stress and transmission power.

2.1.3 Abrasive wear
In the process of rolling bearing work, the bulge of the surface and the hard particles
outside will scratch the surface, and even more will cause surface falling off. This process
is called abrasive wear, and the main forms are mainly divided into micro cutting,
extrusion peeling and fatigue failure.

2.1.4 Corrosion and wear
The metal of rolling bearing will wear out due to chemical or electrochemical reaction
with surrounding medium. This wear process is called corrosion wear (Duan et al., 2020;
Zhang et al., 2017).

2.1.5 Fretting wear
Figure 3 shows the specific fretting wear mechanism.
Figure 3(a) shows that under the action of vibration, abrasive particles will be
produced due to adhesion and accumulate in the adjacent concave valley; Figure 3(b)
under the action of friction, the convex surface of the rolling bearing will gradually
flatten out, so that the abrasive particles generated will remain between the contact
surfaces; Figure 3(c) shows that under the continuous grinding effect of abrasive particles
on the contact surface, more abrasive particles will be generated Figure 3(d) shows that
pockmarks will be produced under the action of larger abrasive particles (Chen et al.,
2017).

2.1.6 Erosion wear
Erosion wear refers to that the hard materials or particles contained in flowing gas and
liquid will cause wear on the surface of rolling bearing (Fu et al., 2017; Guo and Wang,
2019).
To sum up, the above analysis of rolling bearing wear causes, and need to be based on
the analysis results, in order to achieve rolling bearing wear failure early warning.
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Fretting wear mechanism

(a)

(b)

(c)

(d)

2.2 Early warning of rolling bearing wear failure based on EMD
On the basis of the above analysis, this paper introduces EMD and designs a new early
warning method of rolling bearing wear failure.
EMD algorithm is used to decompose the collected signal, because this method can
select the appropriate basis function to decompose the signal according to the
characteristics of the signal, accurately obtain the resolution of the signal in different
frequency bands, overcome the uncertainty problem in wavelet decomposition, and has
certain adaptability in the field of signal analysis (Sawaqed and Alrayes, 2020), so as to
improve the accuracy of fault early warning.
The implementation steps of signal decomposition are as follows:
1

The collected signal x(t) is a local maximum point and a minimum point, and then
the upper and lower envelope is formed by cubic spline curve, and its mean value is
m(t).

2

The average value of upper and lower envelope lines m(t) and noise component z(t)
need to be subtracted from x(t), and the result is expressed as follows:
h1 (t ) = x(t ) − m(t ) − z (t )

(1)

After calculating the above results, it is necessary to judge whether h1(t) can satisfy
the constraint of eigenmode function. If it is not satisfied, it is necessary to take
h1(t) as the original signal and repeat the above process until h1(t) can constrain
the condition and regard it as an eigenmode function (Minhas et al., 2020).
3

According to the above results, it is necessary to subtract h1(t) from x(t) to obtain the
residual signal.
r1 (t ) = x(t ) − h1 (t )

(2)
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In this way, n eigenmode functions are obtained in turn. The residual term is
represented by rn(t), then the original signal is:
n

x(t ) =

 h (t ) + r (t )
1

n

(3)

i =1

The stop conditions of original signal decomposition are: when rn(t) has no
extremum and the function is a monotone function; when rn(t) is less than the
preset minimum value.
The vibration signal decomposition process based on EMD is shown in Figure 4.
Figure 4

Decomposition process of vibration signal

Assume that the failure signals of inner ring, outer ring, ball and cage of rolling bearing
are x1, x2, x3 and x4 respectively; the data matrix of wear failure signal of bearing inner
ring, outer ring, ball and cage is represented by X1, X2, X3 and X4 respectively (Yang
et al., 2018; Huang and Zhang, 2020). Since the number of sensors arranged in each
experiment is n, the sensors on inner ring, outer ring, ball and cage are represented if the
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collected signals are represented by A1, A2, ..., An, B1, B2, ..., Bn, C1, C2, ..., Cn and
D1, D2, ..., Dn.
Figure 5

Flow chart of fault warning

The multi-scale sub-band sample entropy of the above signals is obtained.
samEn(m, r , D ) = − ln

B m +1 (r )
B m (r )

(4)

where Bm(r) is the multi-scale sub-band signal.
B m (r ) =

1
D − m +1

D − m +1



Bim (r )

(5)

i =1

where D is the distance between two signals and m is the signal bandwidth.
Then the multi-scale sub-band sample entropy of the four signals is K1 = [j1, j2, ..., jn],
J1 = [j1, j2, ..., jn], L1 = [l1, l2, ..., ln] and F1 = [f1, f2, ..., fn]. Then there are:

K1 =

1
P
π



+∞

−∞

K1 ( τ )
dτ
t−τ

(6)
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J1 =

1
P
π



+∞

F1 =

1
P
π



+∞

L1 =

1
P
π



+∞

J1 ( τ )
dτ
t−τ

(7)

F1 ( τ )
dτ
t−τ

(8)

L1 ( τ )
dτ
t−τ

(9)

−∞

−∞

−∞

In the above formula, Cauchy principal component is represented by P.
Hilbert transform is applied to K1, J1, F1 and L1 to calculate the analytic signals KK1,
JJ1, FF1 and LL1, which are respectively expressed by the following formulas:
KK1 = K1 + id1

(10)

JJ1 = J1 + ij1

(11)

FF1 = F1 + if1

(12)

LL1 = L1 + il1

(13)

On this basis, the local preserving projections (LPP) algorithm is used to reduce the
dimension of the analytical signal.
1

The LPP optimisation function can be expressed as follows:
min 



( y − y )
i

2

j

i, j

Si , j  = min 





 (W
i, j

T

xi − W T x j ) Si , j 


2

(14)

In the above formula, xi and xj represent two adjacent data points in the
high-dimensional space, Wi,j represents the similarity matrix between xi and xj
in the original space, and yi and yj correspond to the two data points of xi and xj
in the reduced dimension space.
2

The similarity matrix is obtained. If xi is the k nearest neighbour of xj, then Wi,j is
expressed as follows:
xi − x j

Wi , j = exp−

2

(15)

t

Otherwise, Wi,j = 0.
For the optimisation function transformation, we can get the following results:
1 
=
2 

 (W

T

i, j

xi − W T x j ) Si , j  = W T XLX T W


2

(16)

In the above formula, X is a high dimensional matrix.
Then W can be obtained by the following formula:
W = μXDX T

(17)
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In the above formula, D represents the diagonal matrix, and W is mainly composed
of the eigenvector w1, w2, ..., wm corresponding to μ1, μ2, ..., μm composed of the
first m eigenvalues.
According to the eigenvalues and eigenvectors of the wear failure fault of rolling bearing,
the specific process is shown in Figure 5.
To sum up, EMD algorithm is used to complete the design of early warning method
for rolling bearing wear failure. The following needs to test the application effect of this
method.

3

Simulation experiment

3.1 Experimental scheme design
The main purpose of this paper is to verify the effectiveness of the method, and design
the experiment. The specific experimental scheme is as follows:
1

Experimental environment: the experiment is carried out in the simulation
environment. The hardware environment of the experiment is Windows 10 system,
the processor is 3.6 GHz computer, and the simulation tool is Matlab 2010b.

2

Experimental data: all data used in this paper are from large rolling bearing
processing plants. The number of parameter samples is 1,024 and the parameter
sampling period is 0.5 s.

3

Experimental methods: select the Jiang et al. (2019) based on oil monitoring
information of mechanical equipment rolling bearing wear failure early warning
method, Wei et al. (2018) based on big data mining mechanical equipment
rolling bearing wear failure early warning method, Liu et al. (2020) based on
principal component and neural network rolling bearing wear failure early warning
method, and this paper designed based on EMD mechanical equipment The early
warning method of wear failure of rolling bearing is used as the experimental
method.

4

Experimental index: signal noise, early warning precision and early warning time are
used as evaluation indexes. The smaller the noise component in the signal, the less
the influence on the accuracy of early warning results. The higher the early warning
precision, the higher the possibility of accurate early warning. The shorter the
warning time, the higher the efficiency and the better the practical application effect.

3.2 Analysis of experimental results
3.2.1 Signal noise comparison
The four methods of mechanical equipment rolling bearing wear failure signal noise
situation is shown in Figure 6.
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Signal noise comparison, (a) Jiang et al. (2019) method (b) Wei et al. (2018) method
(c) Liu et al. (2020) method (d) the method of this paper

(a)

(b)

(c)

(d)

After analysing the above results, the noise amplitude of the method in Jiang et al. (2019)
is between –1.2 V–1.5 V, that of the method in Wei et al. (2018) is –1.2 V–1.3 V, and
that of the method in Liu et al. (2020) is –1.9 V–1.5 V, compared with the literature
method, the signal noise amplitude of this method is about 0, which is the lowest among
the three methods. Therefore, using this method for mechanical equipment rolling
bearing wear failure warning can get better early warning results.

3.2.2 Comparison of early warning accuracy
The comparison of early warning accuracy of the four methods is shown in Figure 7.
After analysing the above results, the accuracy rate of early warning for wear failure
of rolling bearing in Jiang et al. (2019) fluctuates in the range of 82%–92%, that of Wei
et al. (2018) fluctuates in the range of 62%–89%, and that of Liu et al. (2020) fluctuates
in the range of 34%–63%, which is the lowest among the four methods, while the early
warning accuracy of this method is accurate The failure rate of this kind of rolling
bearing can always achieve 94% failure rate in heavy machinery.
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Figure 7
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Comparison of early warning accuracy (see online version for colours)

3.2.3 Comparison of early warning time
Table 2 shows the time consumption comparison of the four methods.
Table 2

Comparison results of early warning time (s)

Number of
experiments

Jiang et al.
(2019) method

Wei et al. (2018)
method

Liu et al. (2020)
method

The method of
this paper

10

7.63

4.32

1.96

0.12

20

6.83

4.78

2.31

0.23

30

8.56

3.21

2.54

0.25

40

7.85

3.86

2.64

0.28

50

7.96

3.64

2.87

0.31

60

6.88

3.47

2.95

0.34

70

7.52

4.24

3.01

0.29

80

6.31

3.85

2.98

0.30

Mean value

7.44

3.92

2.66

0.27

After analysing the above results, the average time-consuming of rolling bearing wear
failure warning based on Jiang et al. (2019) is 7.44 s, that of Wei et al. (2018) is 3.92 s,
that of Liu et al. (2020) is 2.66 s, and that of this method is 0.27 s, which is the lowest
among the four methods.
To sum up, the signal denoising effect of this method is good, the accuracy of early
warning is more than 94%, and the early warning accuracy is high. The average time
consumption of early warning of rolling bearing wear failure is 0.27 s, which shows the
advantages of the rolling bearing wear failure early warning method based on EMD.
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Conclusions

Bearing is the most widely used and easily damaged component in the industrial
production process. It is of great significance to carry out accurate fault warning for
bearing. Therefore, based on the early warning of rolling bearing wear, this paper puts
forward a new wear early warning method. The simulation results show that the signal
denoising effect of this method is good, the early warning accuracy is more than 94%,
the early warning accuracy is high, and the average early warning time of moving bearing
wear failure is 0.27 s, which shows that this method has good application effect.
On the basis of in-depth study of the basic theoretical knowledge, although this paper
has achieved relatively satisfactory research results at this stage, but due to the influence
of time and energy and other factors, it still needs to be further improved and improved.
The follow-up will focus on the following aspects of the content of research:
1

At the present stage, the method still has high complexity. In the follow-up research
process, we focus on how to reduce the complexity of research.

2

The current simulation experiment has certain limitations, and due to the time
constraints, no more parameters are included in the experiment. In the future, a
lot of time will be used to further verify the performance of the whole method.
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