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Abstract: A comprehensive fault diagnosis method of rolling bearing about noise interference, fault 

feature extraction, and identification was proposed. Based on complete ensemble empirical mode 

decomposition with adaptive noise (CEEMDAN), detrended fluctuation analysis (DFA), and im-

proved wavelet thresholding, a denoising method of CEEMDAN-DFA-improved wavelet threshold 

function was presented to reduce the distortion of the noised signal. Based on quantum-behaved 

particle swarm optimization (QPSO), multiscale permutation entropy (MPE), and support vector 

machine (SVM), the QPSO-MPE-SVM method was presented to construct the fault-features sets and 

realize fault identification. Simulation and experimental platform verification showed that the pro-

posed comprehensive diagnosis method not only can better remove the noise interference and 

maintain the original characteristics of the signal by CEEMDAN-DFA-improved wavelet threshold 

function, but also overcome overlapping MPE values by the QPSO-optimizing MPE parameters to 

separate the features of different fault types. The experimental results showed that the fault identi-

fication accuracy of the fault diagnosis can reach 95%, which is a great improvement compared with 

the existing methods. 
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1. Introduction 

Rolling bearings are the most important parts of rotating machinery and are widely 

used in modern mechanized equipment [1,2]. The fault of rolling bearing components can 

cause serious damage to the running status of the machine and the production process. 

Therefore, it is important to explore a new fault diagnosis technique. However, in practi-

cal engineering, the collected bearing vibration signals contain various interference sig-

nals (e.g., white noise, harmonic interference), and have nonlinear and nonstationary 

properties, which makes it difficult to distinguish the bearing fault types and to identify 

them [3]. Therefore, to improve the fault diagnosis accuracy of rolling bearings, this paper 

researched three aspects of signal denoising, fault feature extraction, and fault type iden-

tification of rolling bearings. 

Common vibration signal denoising methods include empirical mode decomposi-

tion (EMD) [4], discrete wavelet transform (DWT) [5], singular-value decomposition 

(SVD) [6–8], and so on. Abdelkader et al. [9], based on EMD algorithm, proposed a 

method to determine the travel point based on the energy values of the IMF components 

of each order, and an improved wavelet threshold was used to denoise the selected IMF 

component-bearing vibration signals. Zhao et al. [10] fused the EMD algorithm and se-

lected and tested (ST) the algorithm to denoise the signal, solving the low accuracy in the 

low-speed operation of the bearing of the EMD denoising method based on the number 
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of interrelationships and the kurtosis criterion. Gao et al. [11] added the CEEMDAN algo-

rithm to adaptive noise, further reducing the modal effect, yielding better convergence, 

and realizing the fault diagnosis of rolling bearings. 

The hard and soft thresholding functions in wavelet thresholding denoising are 

widely used, but both functions have their shortcomings and can cause a certain degree 

of distortion when reconstructing the signal. Tajeddini et al. [12] proposed a generic 

threshold function based on an unbiased risk estimation method to carry out wavelet-

packet transform preprocessing of the vibration signal, followed by generic threshold de-

noising. Kumar et al. [13] proposed an improved modified kurtosis-mixing threshold rule 

to denoise the vibration signal, which improved the signal-to-noise ratio. Yang et al. [14] 

used a particle-swarm algorithm to perform adaptive optimal processing of the initial pa-

rameters of the wavelet threshold function, which solved the problem of the initial pa-

rameters being influenced by empirical values and overcame the defects such as signal 

noise removal not being complete enough or removing the useful information. Chegini et 

al. Ref. [15] proposed a new method of bearing vibration signal denoising based on em-

pirical wavelet transform (EWT) as well as the threshold function, which better overcame 

the defect of constant deviation of the traditional soft threshold function. However, the 

denoising performance of the wavelet threshold denoising method is closely related to the 

wavelet basis function and the threshold function, and is not adaptive. Although the 

CEEMDAN algorithm is adaptive, the definition of noise and useful signal is relatively 

vague, resulting in high distortion of the denoised signal. Shi et al. [3] proposed a de-

trending fluctuation analysis technique for the critical values of the noise component and 

the useful signal component. This method ensures the accuracy of signal correlation dis-

crimination to a certain extent. Based on the CEEMDAN algorithm decomposition of the 

vibration signal, Chaabi et al. [16] used wavelet analysis, principal component analysis, 

and order tracking analysis to perform multi-method denoising. In order to improve iden-

tification accuracy of rolling bearings with nonlinear and nonstationary vibration signals, 

Chen et al. [17] proposed a novel fault diagnosis method based on wavelet thresholding 

denoising and CMEEMDAN with adaptive noise. To verify the denoising effectiveness of 

combined wavelet thresholding and CEEMDAN, Bie et al. [18] added random Gaussian 

white noise to the bearing fault signal to simulate the actual noise disturbance of rolling 

bearings, and adopted the CEEMDAN-wavelet threshold function to the denoising 

method. The experimental results showed that the combined denoising method could ef-

fectively remove the interference of noise. Therefore, based on the application character-

istics of each denoising method, this paper proposed a denoising method based on a 

CEEMDAN-DFA-improved wavelet threshold function. The method uses the CEEMDAN 

algorithm to decompose the vibration signal, performs detrended fluctuation analysis 

(DFA) on the obtained eigenmode function (IMF), calculates the scalar function value of 

each IMF component, selects the noise-dominated IMF component, and applies an im-

proved wavelet threshold function to denoise it. 

The current methods of fault feature extraction for rolling bearings are mainly time-

domain analysis, frequency domain analysis, and time-frequency domain analysis; 

among them, the time-frequency domain analysis method is most commonly used. Zhen 

et al. [19] decomposed the vibration signal using wavelet packets and selected a suitable 

bandwidth according to the Kurtosis spectrum correlation theory, and finally applied the 

envelope spectrum analysis to extract the eigenfrequencies. Han et al. [20] used the Teager 

energy operator to enhance the signal after wavelet denoising and then extracted the bear-

ing fault features by the CEEMD algorithm. Li et al. [21] used exchange entropy (PE) for 

bearing fault feature extraction, but could not measure multi-scale signals. Multi-scale 

variational entropy (MPE) [22,23] was introduced into fault diagnosis by Yin et al. [24]. 

Du et al. [25] used MPE to extract fault features and combined them with a self-organizing 

fuzzy classifier based on the harmonic mean difference (HMDSOF) to classify the fault 

features. MPE can respond to the changes of vibration signals very well, but its parameters 
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have a great influence on the calculation of entropy values. If the parameters are not se-

lected properly, it will cause the arrangement entropy values of multiple signals of bear-

ings to be mixed, and thus the type of bearing failure cannot be identified. In order to 

achieve complete separation of arrangement entropy values under different operating 

conditions of the bearings, this paper adopted quantum particle swarm optimization 

(QPSO) to optimize the initial parameters of MPE, and then selected the appropriate MPE 

entropy values to construct the rolling bearing fault feature vector. 

Common fault classification and identification methods include artificial neural net-

works (ANN) [26], extreme learning machines (ELM) [27,28], and support vector ma-

chines (SVM) [29,30]. The ANN has made possible many achievements in the field of pat-

tern identification, but its identification performance is strongly influenced by parameters 

and it is easy to fall into local minima during the optimization process. Although ELM 

runs fast, its generalization performance is poor. SVM has fewer adjustable parameters 

and runs stably. It can obtain higher diagnostic accuracy under the condition of fewer 

training samples [24]. Therefore, this paper used a SVM for fault identification of rolling 

bearings. This paper also proposed a comprehensive rolling bearing fault feature extrac-

tion and identification method based on the combination of QPSO-MPE-SVM. 

The main work and contributions of this paper are summarized as follows: 

(1) A CEEMDAN-DFA-improved wavelet thresholding denoising method was pro-

posed. The method uses the CEEMDAN algorithm to decompose the vibration sig-

nal, performs DFA on the obtained IMF, calculates the scalar function value of each 

IMF component, selects the noise-dominated IMF component, and applies an im-

proved wavelet threshold function to denoise it. 

(2) Combining QPSO-MPE-SVM into an effective fault diagnosis method can accurately 

extract fault features and improve the identification accuracy of bearing faults. 

(3) Experimental cases were used to illustrate the effectiveness of the proposed method 

in bearing vibration signal denoising, fault feature extraction, and fault identification. 

The rest of this paper is organized as follows. The CEEMDAN-DFA-improved wave-

let thresholding denoising method is introduced, and its validity is verified in Section 2. 

The QPSO-MPE-SVM fault feature extraction and diagnosis method is presented, and its 

validity is verified in Section 3. The effectiveness of the proposed method is proven by 

experimental example in Section 4. In addition, contrastive analysis among the different 

methods is conducted. Finally, some conclusions are summarized in Section 5. 

2. Denoising Algorithm of the CEEMDAN-DFA-Improved Wavelet Threshold Function 

2.1. Basic Algorithm Related to CEEMDAN-DFA-Improved Wavelet Threshold Function 

2.1.1. CEEMDAN Algorithm 

To overcome the high computing time and the residue of added noise present in the 

IMFs, and to better deal with the modal mixing problem of empirical modal decomposi-

tion (EMD), the ensemble empirical mode decomposition (EEMD) was proposed by Liu 

et al. in 2009 [31]. The EEMD algorithm is effective in suppressing modal aliasing, but a 

certain degree of distortion is produced when the signal is reconstructed. The improved 

CEEMDAN algorithm was proposed by Colominas et al. in 2014 [32]. The improved 

CEEMDAN algorithm is summarized as follows. 

(1) The jth IMF component generated by the signal decomposition by the EMD is de-

fined as  jE  . The jth IMF by the CEEMDAN is defined as jIMF  .  in t  is for 

the Gaussian white noise. The CEEMDAN performs I EMD decomposition on the 

noisy signal    0

ix t n t   formed by the combination of the original signal and 

the white noise. Then the first IMF component decomposed by CEEMDAN can be 

expressed as: 
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   '

1
1 1

1

i

I
iIMF t IMF t

I 

   (1) 

(2) First residual sequence of the first stage (j = 1) is expressed as: 

     '

1 1r t x t IMF t   (2) 

(3) The      1 1 1 1,2,ir t E n t i    is processed several times using the EMD al-

gorithm until the first IMF component is generated. The second IMF component is 

expressed as: 

       12 1 1 1
1

1 I
i

i

IMF t E r t E n t
I




    (3) 

(4) Perform step (3) above for the other remaining stages ( 2,3,j J  ), then the 1j   

IMF component is expressed as: 

   1j j jr t r IMF t   (4) 

       1 1

1

1 I
i

j j j j

i

IMF t E r t E n t
I





    (5) 

(5) Add 1 for j and repeat step (4) until the residual sequence cannot be processed. The 

number of IMF components is J. The final calculated residual sequence is expressed 

as: 

     
1

j

J

j

r t x t IMF t


    (6) 

(6) The original signal ( )x t  represented by the IMF component and the residual com-

ponent is expressed as: 

     '

1

J

j
j

x t IMF t r t


   (7) 

The CEEMDAN algorithm introduces a segment of positive and negative white noise 

for each stage processing, and overcomes the reconstruction error defect of the EEMD 

algorithm by processing only one residual component to find each IMF component. The 

CEEMDAN algorithm is able to reconstruct the decomposed signal with close to zero de-

viation. However, it also has shortcomings, for example, the definition of noise and useful 

signal in IMF components containing more noise is relatively ambiguous, and direct re-

moval of these components can cause signal distortion. 

2.1.2. DFA Algorithm 

To solve the problem of CEEMDAN for noise and useful signal demarcation ambi-

guity, the DFA algorithm is more accurate [33]. 

(1) ( )x i  is defined as the average of the time series ( )x i  in the time intervals [1,N], 

and denoted as: 

 
1

1 N

i

x x i
N 

   (8) 
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where N is the number of segments of length n. 

(2) The time series y(k) is segmented into segments of length n. It is denoted as: 

   
1

, 1,2,3,
k

i

y k x i x k


        (9) 

(3) The trend  sy i  of each series segment is calculated as: 

 
0

k

s n

n

ny i a i


  (10) 

(4) After removing the uncertain trend in each series segment, the second-order fluctu-

ation coefficient of the segment series is expressed as: 

      
1

2
2 1

, 1
n

s

i

F n s y s n i y i
n 

       (11) 

   2

1

1/2

1
,

sn

Ns

qF n F n s
N 

 
  
 

  (12) 

(5) Change the segment length n in step (1), and repeat steps (2) and (3) to obtain the 

change in the fluctuation function of the time series. The correlation of the time series 

represented by the Hurst function is expressed as: 

 

 

 

 

2

2

12

2 2

1
log ,

log

log log

nN

sq n

F n s
F n N

H
n n



 
 
 

 


 

(13) 

(6) The relationship between the scalar function α and the time series fluctuation func-

tion F(n) is expressed as: 

 F n n  (14) 

It can be seen that α is related to ( )F n , and ( )F n  is related to H. Therefore, α is 

related to H. The value of α is proportional to the smoothness of the signal. When 0 < α < 

0.5, it indicates that the proportion of noise in the signal is very large; α = 0.5 indicates the 

signal is not correlated; the signal has a large correlation when α > 0.5 [34]. By comparing 

the values of α in the IMF components, the noise-dominated IMF components and the 

useful information-dominated IMF components can be distinguished. 

DFA is an algorithm for correlation discrimination of non-smooth signals. It is used 

to confirm the critical value of the noise component and the useful signal component, 

which can guarantee the accuracy of signal correlation discrimination to a certain extent. 

2.1.3. Improved Wavelet Threshold Function 

To solve the distortion problem of the signal caused by the CEEMDAN, a wavelet 

threshold function is introduced to denoise the dominant component of the noise. Tradi-

tional threshold functions include hard threshold functions and soft threshold functions. 

The hard threshold function can maintain the signal characteristics well, but there is a 

discontinuity at the set threshold λ, which will cause serious oscillations when the signal 

is reconstructed. The soft threshold function does not have the discontinuity at the set 

threshold, but the wavelet coefficients after threshold quantization will have a constant 
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deviation, which leads to a large deviation for the signal characteristics. Therefore, Based 

on the advantages of the hard thresholding function and soft thresholding function, an 

improved wavelet threshold function is presented to reduce reconstruction error. 

The improved threshold function must meet the following conditions. 

(1) A good continuity is maintained at the set threshold; 

(2) The threshold function has monotonicity and continuity when the wavelet coefficient 

is greater than the set threshold; 

(3) The threshold function should have an asymptote, and the curve  y x x  can 

overlap with the asymptote. 

The improved wavelet threshold function is expressed as: 

    ,

1/2
2

2 /

, , ,

,

, ,

j k k

j k j k j k

j k

j k j k

sign e

a

 
    



  

 
  
   

  



)

＜

 (15) 

where k and ɑ in the expression are adjustable, k > 0, (0.05,0.5)a . 

The characteristics of the improved wavelet threshold function are as follows: 

(1) When ,j k  , 
 , /

1
j k k

e
  

 and , 0j k 
)

, the improved wavelet threshold 

function is continuous at the threshold  . When ,j k  , 
 , /

0
j k k

e
  

  and 

, ,j k j k 
)

, the improved wavelet threshold function is an asymptote, which 

makes the reconstructed signal closer to the actual value. 

(2) When 0k  , the properties of the improved wavelet threshold function are close 

to the hard threshold function. When k  , the properties of the improved wave-

let threshold function are close to the soft threshold function. 

(3) When ,j k  , a very large part of the wavelet coefficient is noise, and the a value 

is adjusted to be as small as possible to remove the noise interference. 

The selection of the threshold value has a large impact on the signal denoising effect. 

The formula for the threshold selection rule used in this paper is expressed as: 

 

 

2ln

ln 1
i

N

i


 


 (16) 

where   is for noise intensity. i is the number of decomposition layers. N is the signal 

length. The threshold 
i  varies with the number of decomposition layers. The wavelet 

coefficients of a noisy signal are inversely related to the number of decomposition layers. 

To ensure that the reconstruction error of the signal after denoising is small, the threshold 

i  should be dynamically smaller as the number of decomposition layers increases. 

2.2. The Validation of CEEMDAN-DFA-Improved Wavelet Threshold Function Denoising 

Algorithm 

The operational flow of the CEEMDAN-DFA-improved wavelet threshold function 

denoising algorithm is shown in Figure 1. Firstly, the CEEMDAN is used to decompose 

the vibration signal of the rolling bearing to obtain a series of IMF components. Then, the 

IMF is analyzed by DFA, and the scaling function values of each order of IMF are calcu-

lated. According to the correlation of DFA, the IMF component dominated by noise is 

selected, and the improved wavelet threshold function is used for denoising. Finally, the 
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IMF component after denoising and the IMF component dominated by useful signals are 

reconstructed, and the reconstructed signal is the bearing vibration signal after denoising. 

 

Figure 1. The operational flow of the CEEMDAN-DFA-improved wavelet threshold function algo-

rithm. 

The verification data of the denoising algorithm come from the rolling bearing data-

base provided by the Electrical Engineering Laboratory of Case Western Reserve Univer-

sity (CWRU) [35]. The validation data selected for this paper were the inner rings of a 

bearing with a damaging size of a 0.007-inch signal. To meet match the actual working 

environment, random Gaussian white noise was superimposed on the used bearing inner-

ring fault signal. Figure 2 shows the time domain waveform of the bearing inner-ring fault 

noise-containing signal. The noise-containing signal was first decomposed using 

CEEMDAN to obtain the 12th-order IMF component, and then the IMF was calculated by 
the DFA for the scaling function value  . The calculation results are shown in Table 1. 

From the table, it can be seen that the scaling function value   of the first four-order IMF 

components was less than 0.5. Therefore, it can be determined that the main component 

of the first fourth-order IFM component is noise, and the main component of the remain-

ing IMF is useful information. Signal reconstruction was performed on the first fourth-

order IMF, and the reconstructed signal was denoised. 

 

Figure 2. The time domain waveform of the inner-ring fault noise signal. 
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Table 1. Scalar function values of each order IMF of the bearing inner ring fault signal. 

IMF 1 2 3 4 5 6 

α 0.4639 0.4214 0.3651 0.3124 0.5154 0.5712 

IMF 7 8 9 10 11 12 

α 0.6812 0.7948 0.8106 0.8637 0.8961 0.8942 

To compare the advantages of the proposed denoising algorithms, four denoising 

methods were used, including CEEMDAN-DFA, CEEMDAN-DFA-hard thresholding, 

CEEMDAN-DFA-soft thresholding and the CEEMDAN-DFA-improved wavelet thresh-

olding. The denoising results are shown in Figure 3. 

 

Figure 3. The time domain waveform of inner-ring fault noise signal. 

The results show that both CEEMDAN-DFA and CEEMDAN-DFA-hard threshold 

denoising methods cause large signal distortion. The values of the signal-to-noise ratio 

(SNR) and root-mean-square error (RMSE) using the four denoising methods to the inner 

ring fault signal are shown in Table 2. The proposed CEEMDAN-DFA-improved wavelet 

threshold denoising method improved the SNR by 11.4% and reduced the RMSE by 16.2% 

compared with the CEEMDAN-DFA-wavelet soft threshold denoising method. It can be 

seen that the proposed denoising method in this paper has better performance than other 

denoising methods. 

Table 2. The SNR and RMSE of the inner-ring fault denoising. 

Method SNR RMSE 

CEEMDAN-DFA 4.9134 0.12143 

CEEMDAN-DFA-wavelet hard threshold function 9.7542 0.08719 

CEEMDAN-DFA-wavelet soft threshold function 13.6718 0.06024 

CEEMDAN-DFA-improved wavelet threshold function 15.2324 0.05047 
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3. Fault Feature Extraction and Identification Algorithm of the QPSO-MPE-SVM 

3.1. Basic Algorithm Related to the QPSO-MPE-SVM 

3.1.1. MPE Algorithm 

The theoretical foundation of MPE is based on multiscale analysis and alignment en-

tropy. MPE was used to coarsely granulate the initial time series to create a multiscale 

time series [35]. The calculation procedure is described as follows: 

(1) The initial time series  x i  is coarsely granularized to obtain the coarse-grained se-

ries jy , which is calculated as follow: 

( 1) 1

1
1j i

i j

N
y x j




   

    (17) 

(2) Calculate multi-scale alignment entropy based on sequence jy . 

( , , , ) ( , , )jMPE x m PE y m    (18) 

The MPE calculation requires the signal length N, delay time  , embedding dimen-

sion m, and scale factor  . The MPE can respond very well to the changes of vibration 

signals, but if the parameters are not selected properly, the permutation entropy values of 

multiple vibration signals will be overlapped, and thus the fault characteristics cannot be 

extracted [36]. 

3.1.2. QPSO Algorithm 

In order to achieve complete separation of the MPE values for different operating 

conditions of the bearings, the QPSO is introduced in this paper to optimize the initial 

parameters of the MPE. To find the global optimal solution, the calculation formula is 

expressed as [37]: 

1

1 M

best j

j

m P
M 

   (19) 

 1j gP rP r P    (20) 

   1 11 ln1/j best jL t P m L t u     (21) 

where mbest is particle optimum average. M is race number. Pg is the global optimal solu-

tion for the particle.   is compression expansion factor. 

The fitness function has a large impact on the optimization results of QPSO when 

studying the trend of the data. 

The MPE values of time series  x i  are a formed sequence  pH X ,  pH X  is 

described as follows: 

        1 , 2 , ,P P P PH X H H H n   (22) 

Skewness formula is described as follows: 

   

 

3

3

m

P P

d

P

E H X H X
ske

H X

  
  

 (23) 
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where E is the expected value.  m

pH X  and  d

pH X  are the mean and standard devi-

ations of  pH X . 

The fitness function about QPSO is described as follows: 

  2

1

1
F X

ske



 (24) 

The fitness function has a large impact on the optimization results of QPSO. The 

skewness value is inversely proportional to the fitness function. Therefore, by calculating 

the minimum value of the skewness, we can obtain the best fitness function value. Using 

this value to optimize the parameters of the alignment entropy, we can make the distinc-

tion between the alignment entropy values of different fault types more obvious and make 

it easier to carry out fault diagnosis and classification. 

3.1.3. SVM Algorithm 

Assume that   , | 1, 2, ,x y i k  is the input training set, where k is the number 

of training set samples.
d

ix T  is the d-dimensional feature vector.  1,1iy    denotes 

the category of sample 
ix . 

In order to maximize the sample interval, the optimization formula was constructed 

and expressed as follows [38]: 

 

2

,
1

|| ||
min

2

. . 1 1,2, ,

k

i
w b

i

i i i

w
C

s t y w x b i k









      


 (25) 

where w is the weighting of the optimal classification surface. C denotes the penalty pa-

rameter of the deviation item 
i . When 0C＞ , 

i  
is the error caused when the sample 

points are misclassified. 

The above nonlinear planning problem was transformed into a linear planning prob-

lem using the Lagrangian equation. The Lagrangian equation fuses the objective function 

with the constraint function and then finds the optimum value of that equation, which is 

the optimal classification surface. The classification decision function was obtained as: 

    *

1

sgn ,
k

i i i

i

f x y K x x b


 
  

 
  (26) 

where 
i  

is a Lagrangian multiplier.  ,iK x x  represents the kernel function of the 

Mercer condition, which is denoted as follows: 

 
2

2

|| ||
, exp

2

x y
K x y

g

 
  

 
 (27) 

where g indicates the complexity of the subspace distribution of the sample data. 

3.2. The Validation of the QPSO-MPE-SVM Algorithm 

The process of QPSO-MPE-SVM fault feature extraction and identification is shown 

in Figure 4, which is as follows. 

(1) The denoised vibration signal is again disintegrated by CEEMDAN, and the IMFs 

are selected according to the correlation coefficient and Kurtosis values of the IMF 

for signal reconstruction; 
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(2) The initial parameters of the MPE are optimized using the QPSO to obtain the better 

MPE parameters; 

(3) The MPE values of the reconstructed signals are calculated using the optimized MPE 

parameters, and the MPE values with obvious differentiation are selected to con-

struct the bearing fault feature set; 

(4) The obtained MPE fault feature set is input to the SVM for fault identification. 

The correlation coefficient value is proportional to the fault information content in 

the IMF component. The kurtosis value reflects the amount of shock information in the 

IMF component; the larger the kurtosis value, the more shock information in the IMF 

component, and the smaller the kurtosis value, the less oscillating information in the IMF 

component. 

 

Figure 4. QPSO-MPE-SVM fault identification flow chart. 

The validated data came from the rolling bearing database provided by the Electrical 

Engineering Laboratory of Case Western Reserve University (CWRU) [35]. The correlation 

coefficient values and Kurtosis values of each order IMF component of the bearing fault 

signal (normal signal, inner-ring fault signal, outer-ring signal, and rolling-body fault sig-

nal) at 1797 rmp were calculated and the results are shown in Figure 5. 

From Figure 5, it can be seen that the correlation coefficients of the four vibration 

signals were different, the correlation coefficients of the first five order IMFs of the four-

fault signals were all above 10%, and Kurtosis values were all greater than 3. Therefore, 

the first fifth-order IMF components were selected for signal reconstruction. 

To prove whether the bearing fault characteristic information can be accurately ex-

tracted from the first fifth-order IMFs, we took the inner ring fault signal as an example 

for research. The CEEMDAN decomposed the fault signal of the bearing inner ring and 

selects the first-order and fifth-order IMF for signal reconstruction. Then, the recon-

structed signal was analyzed by Hilbert-Huang transform (HHT) envelope spectrum. The 

envelope spectrum analysis of the original signal and the reconstructed signal is shown 

in Figure 6. 

According to the correlation coefficient and 

kurtosis value, the appropriate IMF component 

was selected for signal reconstruction

The QPSO algorithm was used to 

optimize the initial parameters of MPE

QPSO-MPE was used to calculate the 

permutation entropy of reconstructed 

signals, and the fault feature set was 

constructed

The fault feature set is input into 

SVM for recognition

end

denoising signal

Start
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(a) (b) 

Figure 5. Plots of IMF component correlation coefficients and Kurtosis values. (a) The correlation coefficients of IMF; (b) 

The Kurtosis values of IMF. 

  
(a) (b) 

Figure 6. The HHT envelope spectrum of the inner-ring fault signal. (a) The envelope spectrum analysis of the original 

signal; (b) The envelope spectrum analysis of the reconstructed signal. 

The theoretical value of the characteristic frequency of the inner-ring fault signal is 

162.1 Hz, and the actual value is 161.9 Hz. The error of no more than 10% between the 

theoretical frequency value and the actual frequency can be determined as the same fault. 

From the original signal envelope spectrum shown in Figure 6a, it can be seen that there 

were other interference peaks near the peak of the fault characteristic frequency (161.9 Hz), 

which could not effectively extract the fault characteristic frequency. The HHT envelope 

spectrum of the reconstructed signal shown in Figure 6b, indicating that the characteristic 

frequency (161.9 Hz) can be easily extracted, and it is also easy to extract the di-frequency 

(323 Hz) and tri-frequency (484.9 Hz) of the fault features. 

In summary, it was proved that the first fifth-order IMF components can retain the 

fault feature information, which further verifies the effectiveness of the proposed de-

noising method in this paper. This scheme can realize the real-time processing of fault 

signals and can be looped. 

3.2.1. Optimize MPE Values Using QPSO 

The initial parameters of MPE were set to N = 1024, 1  , 6m   and 12  . The 

first fifth-order IMF components of the normal signal, inner-ring fault signal, outer-ring 
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fault signal, and rolling-element fault signal were selected for signal reconstruction. The 

MPE values reconstructed signal was calculated and the results are shown in Figure 7. It 

can be seen that the MPE values of each signal were not distinguishable, so they could not 

be used as an effective feature set for fault classification. 

To separate the MPE values of the four operating conditions of the bearings, the 

QPSO was used to optimize the initial MPE parameters. The parameters of QPSO were 

set to 30 for the number of races, 200 for the maximum number of iterations, and 10 and 

0.2 for the maximum and minimum inertia weights, respectively. The parameters of the 

optimized MPE are shown in Table 3. The MPE values were calculated using the opti-

mized parameters, and the results are shown in Figure 8. It can be seen that the MPE val-

ues of each signal were independent of each other, which can better construct the fault 

feature set. In this paper, the scale factors with stable and larger partition degrees were 

selected to construct the fault feature vector, so the selected factors were 5, 6, 7, 8, and 9. 

Table 3. Parameters of MPE after QPSO optimization. 

Signal N    m    

Normal signal 1182 1 5 12 

Inner-ring fault signal 1467 2 6 14 

Outer-ring fault signal 1384 3 7 13 

Rolling-body fault signal 953 1 6 12 

 

Figure 7. The MPE values without QPSO optimization. 

 

Figure 8. The MPE values optimized after QPSO. 
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3.2.2. Fault Feature Extraction and Identification Using the QPSO-MPE-SVM 

Sixty sets of vibration data were selected for each of the four operating conditions of 

the bearings, for a total of 240 sets. These data were divided equally into two groups, one 

for the training set, and the other for the test set. Two fault-identification experiments 

were operated. One experiment is with the initial parameters of MPE, and the fault iden-

tification results are shown in Figure 9; the other experiment was with the optimized pa-

rameters of MPE by QPSO, and the fault identification results are shown in Figure 10. The 

indications in the figure include 1 for the normal state, 2 for the inner-ring failure state, 3 

for the outer-ring failure state, and 4 for the rolling-element failure state. 

 

Figure 9. MPE-SVM fault identification results. 

 

Figure 10. QPSO-MPE-SVM fault identification results. 

Analysis of Figures 9 and 10 reveals that when the MPE values without optimization 

were directly input to the SVM for fault identification, the fault identification accuracy 

was 85.83%, while the fault identification accuracy could reach 97.5% after optimization 

by the QPSO. In order to verify the reliability of the proposed method, several simulation 

experiments were repeated, and the simulation results all showed that the proposed 

method could effectively improve the accuracy of bearing fault diagnosis. Thus, the effec-

tiveness of the QSPO-MPE-SVM method proposed is confirmed. 
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4. Fault Diagnosis of Rolling Bearing of Sine Roller Screen Based on Vibration Signal 

The experimental platform is shown in Figure 11. The experimental platform com-

pletes the tasks of installing sensors, driving bearings, applying radial loads and acquiring 

vibration signals. The test bearing was a grease-lubricated deep-groove ball bearing, and 

rolling bearing parameters as shown in Table 4. The working limit temperature of the 

bearing is 400 °C. The rotational speed is 10–800 r/min, and the limit rotational speed is 

2000 r/min. The speed can be continuously adjusted, and the error is less than ±1%. The 

applied radial load is 120 kg, the ultimate is 500 kg, the model number of the load sensor 

is MZLF-2, and the sensor sensitivity is 2.0 ± 0.01 mV/V. The model number of the accel-

eration sensor is KH-HZD-B-2-12, and the sensitivity is 20 ± 0.05 mV/mm/s. The model 

number of data acquisition cards is USB3200N (32 bit, 4 channels, 20 MHz); the vibration 

sensor (MIC-HZB-F-2-12) collected the vibration acceleration of the bearing in real-time, 

and transferred the vibration signal to the data-acquisition card. The signal was finally 

transferred to the computer for data processing. All the experimental data were within 

the allowable error range. 

 

Figure 11. Sine roller screen rolling bearing fault experimental platform. 

Table 4. Rolling bearing parameters. 

Inner Ring Diameter 

1D  

Outer Ring Diameter 

2D  

Rolling Body Diam-

eter d  

Bearing Mid Diame-

ter D  

Number of Rolling 

Bodies n  
Contact Angle   

70 mm 130 mm 20.43 mm 100 mm 8 0° 

4.1. Rolling Bearing Feature Frequency Calculation 

The rolling bearing speed is 500 r/min. The theoretical formula of the fault frequency 

is expressed as: 

(1) Journal rotation frequency is expressed as: 

60r

v
f   (28) 

(2) Inner-ring fault characteristic frequency is expressed as: 

1 cos
2

r
a

nf d
f

D


 
  

 
 (29) 

(3) Outer-ring fault characteristic frequency is expressed as: 

1 cos
2

r
b

nf d
f

D


 
  

 
 (30) 
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(4) Rolling-body fault characteristic frequency is expressed as: 

2

21 cos
2

r
d

Df d
f

d D


  
   

   

 (31) 

where v is journal rotation speed. 

The calculation results by the formulas are shown in Table 5. 

Table 5. The fault feature frequency of rolling bearing. 

Rotational Speed Inner Ring Fault Frequency Outer Ring Fault Frequency Rolling Body Fault Frequency 

500 r/min 40.143 Hz 26.523 Hz 19.545 Hz 

4.2. Rolling Bearing Fault Signal Denoising and Feature Extraction 

Taking the inner ring fault signal as an example, the original vibration signal and 

HHT envelope spectrum of the inner-ring fault are shown in Figures 12 and 13, respec-

tively. It was denoised using CEEMDAN-DFA-improved wavelet thresholding. 

 

Figure 12. Time domain diagram of the original signal of the inner-ring fault. 

 

Figure 13. Original signal envelope spectrum of the inner-ring fault. 

The IMFs were generated by the CEEMDAN decomposition, and the value of the 

scaling function   of the IMFs was calculated.   values of the first eighth-order IMFs 

are shown in Table 6. 

Table 6. Scalar function value of each IMF component of the inner-ring signal. 

IMF IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 

 value 0.4138 0.4096 0.2961 0.4537 0.5068 0.5564 0.6224 0.6743 

According to the DFA, correlation can be judged that the first fourth-order IMFs were 

dominated by noise, so the first four-order IMFs need to be denoised. The time-domain 

signal of the inner-ring fault after denoising is shown in Figure 14. The denoised signal 
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and the remaining IMFs were reconstructed, and the reconstructed signal is the fault sig-

nal of the bearing inner ring. 

 

Figure 14. Time domain diagram of the inner-ring fault signal after denoising. 

The denoised signal was again decomposed by the CEEMDAN, and the correlation 

coefficients and Kurtosis values of each IMF were calculated. The calculation results are 

shown in Table 7. 

Table 7. Correlation coefficients and Kurtosis values of IMFs of the inner-ring signal. 

IMF IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 

Correlation coefficient 0.9214 0.4327 0.3961 0.2715 0.2049 0.0621 0.0592 0.0357 

Kurtosis value 4.5217 4.9371 4.1964 3.4922 3.2614 2.5147 2.2291 2.0634 

From Table 7, it can be found that the correlation coefficients of the first fifth-order 

IMF components were greater than 0.1, and the Kurtosis values were greater than three. 

Therefore, the first fifth-order IMF component signal was reconstructed, and the HHT 

envelope spectrum of the reconstructed signal was analyzed. The analysis result is shown 

in Figure 15. It can be seen that the characteristic frequency of the inner-ring fault signal 

was 39.55 Hz, which is close to the theoretically calculated value (40.143 Hz). 

 

Figure 15. Envelope spectrum of the inner-ring fault signal after denoising. 

The initial parameters of the MPE of the four running signals were all set as N  = 

1024, 1  , 6m  , 12  . The MPE values were calculated using the initial parame-

ters, and the results are shown in Figure 16a. It can be seen that the MPE values of four 

signals had small differences and overlapped each other, which is not conducive to the 

construction of the fault feature set. 

The initial parameters were optimized using the QPSO, and the results are shown in 

Table 8. 
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(a) (b) 

Figure 16. The MPE values of the four running signals. (a) The MPE values using the initial parameters; (b) The MPE 

values using the optimized parameters. 

Table 8. The optimized parameters of MPE after QPSO. 

Signal N λ m τ 

Normal Signal 1285 1 5 12 

Inner-ring fault signal 1836 2 7 14 

Outer-ring fault signal 1587 1 6 14 

Rolling-body fault signal 1054 1 5 13 

The MPE values of the four running signals were calculated using the optimized pa-

rameters, and the results are shown in Figure 16b. It can be seen that the MPE values of 

the four signals achieved separation without overlap, which is suitable for constructing 

fault feature sets for fault-type identification. The MPE values with scale factors (5, 6, 7, 8, 

9, and 10) were selected to construct the fault feature vectors. 

4.3. Rolling Bearing Failure Identification and Control Experiment 

A total of 160 sets of vibration experimental data were selected from 40 sets of four 

running signals, of which 100 sets were used as training samples and the remaining 60 

sets were used as test samples. Comparing the four test sets, the recognition results are 

shown in Figure 17. The fault identification result of the original signal by MPE-SVM is 

shown in Figure 17a. The fault identification result of QPSO-MPE-SVM to the original 

signal is shown in Figure 17b. The results of MPE-SVM fault identification on the denoised 

(CEEMDAN-DFA-improved wavelet threshold function) signal are shown in Figure 17c. 

The results of QPSO-MPE-SVM fault identification on the denoised (CEEMDAN-DFA-

improved wavelet threshold function) signal are shown in Figure 17d. 

The following conclusions can be drawn from the analysis of Figure 17. 

When using the MPE-SVM method for fault identification on the original signal with-

out denoising, there were 23 false identifications, and the identification accuracy was only 

61.67%. When using the QPSO-MPE-SVM method for fault identification on the original 

signal without denoising, there were 17 false identifications, and the identification accu-

racy was 71.67%, which shows that the noise in the collected vibration signal had a large 

interference to the bearing fault diagnosis. 

When using the MPE-SVM method for fault identification on the denoised signal, the 

number of false identifications was reduced to 10, and the identification accuracy in-

creased to 83.33%. When using the QPSO-MPE-SVM method for fault identification on 

the denoised signal, the number of false identifications was only three and the fault iden-

tification accuracy was 95%. 
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(a) (b) 

  
(c) (d) 

Figure 17. Four types of test sets identify results. (a) The results of MPE-SVM fault identification on the original signal; (b) 

the results of the QPSO-MPE-SVM fault identification on the original signal; (c) the results of MPE-SVM fault identification 

on the denoised signal; (d) the results of QPSO-MPE-SVM fault identification on the denoised signal. 

By applying the comprehensive diagnosis method proposed in this paper to the ex-

perimental platform of rolling bearings, the fault diagnosis of the actual measured fault 

signal of the inner ring of the bearing was achieved. The de-noising process and fault fea-

ture extraction were completed, and the fault feature set was constructed to achieve fault 

identification. The experimental results showed that the fault identification accuracy 

could be 95%. The method was verified, by several experiments, to not only have high 

accuracy and reliability, but also not be limited to inner-ring fault diagnosis, also being 

applicable to vibration signals with non-smooth and non-linear characteristics (such as 

outer-ring fault signals). Therefore, the method has good practical application value. 

5. Conclusions 

This paper proposed a CEEMDAN-DFA-improved wavelet threshold denoising 

method and QPSO-MPE-SVM fault feature extraction and identification method, the pur-

pose being to realize the fault diagnosis of the rolling-bearing vibration signal. 

The denoising process with the CEEMDAN-DFA-improved wavelet threshold 

method is as follows: Firstly, the vibration signal is decomposed into IMF by CEEMDAN, 

and the DFA is performed on the IMF components. Then, the scaling function of each IMF 

component is calculated to select the noise-dominated IMF component. Finally, the im-

proved wavelet threshold function is applied to denoise the noise-dominated IMFs. The 

de-noised IMFs and the remaining other IMFs are merged to get reconfigured signals. The 

validation results showed that compared with traditional denoising methods, the 
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CEEMDAN-DFA-improved wavelet threshold function method proposed in this paper 

could better remove noise, effectively reduce the signal distortion, and maintain the orig-

inal characteristics of the signal. 

The fault feature extraction and identification with the QPSO-MPE-SVM method are 

as follows: Firstly, the reconfigured signal is decomposed again by CEEMDAN, and the 

correlation coefficients and Kurtosis values of each order IMF component are calculated; 

the IMF components with larger values about correlation coefficients and Kurtosis are 

selected for signal reconstruction, and the HHT envelope spectrum analysis is performed 

on the reconstructed signal to extract the fault characteristic frequencies. Then, the initial 

parameters of MPE are optimized with QPSO, the MPE value is calculated for the recon-

structed signal, and the appropriate MPE value is selected to construct the rolling-bearing 

fault feature vectors. Finally, the fault feature vectors are inputted to the trained SVM for 

rolling-bearing fault type identification. The validation results showed that the MPE pa-

rameters were optimized by the QPSO, which makes the MPE values of the four signals 

achieve separation without overlap, which is more suitable for constructing fault feature 

sets for fault type identification. 

The algorithms proposed in the paper were all validated by building an experimental 

platform of rolling bearings. The experimental results showed that the fault identification 

accuracy of rolling bearings could reach 95%; it not only has high accuracy and reliability, 

but also can be applicable to vibration signals with non-smooth and non-linear character-

istics, having good practical application value. 

Author Contributions: Conceptualization, Y.W. (Yi Wang); data curation, Y.W. (Yi Wang); formal 

analysis, Y.W. (Yi Wang); funding acquisition, X.C.; Investigation, C.X.; methodology, Y.W. (Yi 

Wang); project administration, X.C.; resources, X.C.; software, Y.W. (Yu Wang) and C.X.; supervi-

sion, X.C. and C.X.; validation, Y.W. (Yu Wang) and C.X.; writing—original draft, Y.W. (Yi Wang); 

writing—review and editing, Y.W. (Yu Wang), X.C. and C.X. All authors have read and agreed to 

the published version of the manuscript. 

Funding: This research was funded by the National Natural Science Foundation of China Program 

(No.62073198), the Major Research Development Program of Shandong Province of China 

(No.2016GSF117009). 

Institutional Review Board Statement: Not applicable. 

Informed Consent Statement: Informed consent was obtained from all subjects involved in the 

study. 

Data Availability Statement: https://csegroups.case.edu/bearingdatacenter/pages/12k-drive-end-

bearing-fault-data accessed on 30 August 2021. 

Conflicts of Interest: The authors declare no conflict of interest. 

References 

1. El Laithy, M.; Wang, L.; Harvey, T.J.; Vierneusel, B.; Correns, M.; Blass, T. Further understanding of rolling contact fatigue in 

rolling element bearings—A review. Tribol. Int. 2019, 140, 105849. 

2. Liu, J.; Shao, Y. Overview of dynamic modelling and analysis of rolling element bearings with localized and distributed faults. 

Nonlinear Dyn. 2018, 93, 1765–1798. 

3. Shi, W.; Yan, L.J.; Xie, X.B.; Zhou, L. Magnetotelluric noise supperssion based on CEEMDAN-DFA combined with endpoint 

detection technology using for oil and gas exploration. Fresenius Environ. Bull. 2020, 29, 8969–8978. 

4. Huang, S.X.; Wang, X.P.; Li, C.F.; Kang, C. Data decomposition method combining permutation entropy and spectral substitu-

tion with ensemble empirical mode decomposition. Measurement 2019, 139, 438–453.  

5. Wang, D.; Zhao, Y.; Yi, C.; Tsui, K.-L.; Lin, J.H. Sparsity guided empirical wavelet transform for fault diagnosis of rolling element 

bearings. Mech. Syst. Signal Process. 2018, 101, 292–308.  

6. Zhang, J.; Zhang, P.L.; Hua, C.R.; Qin, P. Improved method for bearing AE signal denoising based on K-SVD algorithms. J. Vib. 

Shock 2017, 36, 150–156. 

7. Ma, J.; Wu, J.D.; Wang, X.D. A hybrid fault diagnosis method based on singular value difference spectrum denoising and local 

mean decomposition for rolling bearing. J. Low Freq. Noise Vib. Act. Control 2018, 37, 928–954. 

https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b


Entropy 2021, 23, 1142 21 of 22 
 

 

8. Zeng, M.; Chen, Z. SOSO Boosting of the K-SVD denoising algorithm for enhancing fault-induced impulse responses of rolling 

element bearings. IEEE Trans. Ind. Electron. 2019, 67, 1282–1292. 

9. Abdelkader, R., Kaddour, A.; Derouiche, Z. Enhancement of rolling bearing fault diagnosis based on improvement of empirical 

mode decomposition denoising method. Int. J. Adv. Manuf. Tech. 2018, 97, 3099–3117. 

10. Zhao, D.Z.; Li, J.Y.; Cheng, W.D.; Wang, T.Y.; Wen, W.G. Rolling element bearing instantaneous rotational frequency estimation 

based on EMD soft-thresholding denoising and instantaneous fault characteristic frequency. J. Cent. South Univ. 2016, 23, 1682–

1689. 

11. Gao, S.Z.; Li, T.C.; Zhang, Y.M. Rolling bearing fault diagnosis of PSO–LSSVM based on CEEMD entropy fusion. Trans. Can. 

Soc. Mech. Eng. 2020, 44, 405–418. 

12. Tajeddini, M.A.; Aalipour, A.; Safarinejadian, B. Decision fusion method for bearing faults classification based on wavelet de-

noising and dempster-shafer theory. Iran. J. Sci. Technol. Trans. Electr. Eng. 2019, 43, 295–305.  

13. Kumar, H.; Pai, P.; Sriram, N. Classification of rolling element bearing fault using singular value. J. Qual. Maint. Eng. 2019, 26, 

181–197. 

14. Yang, X.; Qiu, M.; Chen, L.H.; Chen, Y. Adaptive wavelet threshold function based on PSO-RWE for vibration signal denoising 

of rolling bearing. J. Aerosp. Power 2020, 35, 2339–2347. 

15. Chegini, S.N.; Bagheri, A.; Najafi, F. Application of a new EWT-based denoising technique in bearing fault diagnosis. Measure-

ment 2019, 144, 275–297. 

16. Chaabi, L.; Lemzadmi, A.; Djebala, A.; Bouhalais, M.L.; Ouelaa, N. Fault diagnosis of rolling bearings in non-stationary running 

conditions using improved CEEMDAN and multivariate denoising based on wavelet and principal component analyses. Int. J. 

Adv. Manuf. Technol. 2020, 107, 3859–3873. 

17. Chen, W. G.; Li, J.N.; Wang, Q.; Han, K. Fault feature extraction and diagnosis of rolling bearings based on wavelet thresholding 

denoising with CEEMDAN energy entropy and PSO-LSSVM. Measurement 2021, 172, 108901. 

18. Bie, F.F.; Zhang, S.J.; Pei, J.F.; Xu, P.Q. Study on the Method of Wavelet Threshold and CEEMDAN in Rolling Baring Recognize. 

Mach. Des. Manuf. 2020, 2, 68–71. 

19. Zhen, D.; Zhu, J.R.; Zhang, C.; Shi, Z.Q. Gu, F.S. Fault diagnosis of rolling bearing based on wavelet packet energy and spectral 

kurtosis. J. Mach. Des. 2021, 38, 23–28. 

20. Han, T.; Liu, Q.N.; Zhang, L.; Tan, A.C.C. Fault feature extraction of low speed roller bearing based on teager energy operator 

and CEEMD. Measurement 2019, 138, 400–408. 

21. Li, H.; Xie, J.; Wei, W. Permutation entropy and Lyapunov exponent: Detecting and monitoring the chaotic edge of a closed 

planar under-actuated system. Mech. Syst. Signal Process. 2019, 123, 206–221.  

22. Li, J.; Shang, P.; Zhang, X. Financial time series analysis based on fractional and multiscale permutation entropy. Commun. 

Nonlinear Sci. Numer. Simul. 2019, 78, 104880.  

23. Yin, Y.; Shang, P. Multivariate weighted multiscale permutation entropy for complex time series. Nonlinear Dyn. 2017, 88, 1707–

1722.  

24. Ye,M.Y.; Yan, X.A.; Jia, M.P. Rolling Bearing Fault Diagnosis Based on VMD-MPE and PSO-SVM. Entropy 2021, 23, 762. 

25. Du, W.; Guo, X.; Wang, Z.; Wang, J.; Yu, M.; Li, C.; Wang, G.; Wang, L.; Guo, H.; Zhou, J.; et al. A new fuzzy logic classifier 

based on multiscale permutation entropy and its application in bearing fault diagnosis. Entropy 2020, 22, 27.  

26. Mocanu, D.C.; Mocanu, E.; Stone, P.; Nguyen, P.H.; Gibescu, M.; Liotta, A. Scalable training of artificial neural networks with 

adaptive sparse connectivity inspired by network science. Nat. Commun. 2018, 9, 2383. 

27. Yan, X.; Liu, Y.; Ding, P.; Jia, M. Fault diagnosis of rolling-element bearing using multiscale pattern gradient spectrum entropy 

coupled with laplacian score. Complexity 2020, 2020, 4032628.  

28. Zhou, Z.; Chen, J.; Zhu, Z. Regularization incremental extreme learning machine with random reduced kernel for regression. 

Neurocomputing 2018, 321, 72–81.  

29. Wang, Z.; Yao, L.; Cai, Y.; Zhang, J. Mahalanobis semi-supervised mapping and beetle antennae search based support vector 

machine for wind turbine rolling bearings fault diagnosis. Renew. Energy 2020, 155, 1312–1327.  

30. Yan, X.; Liu, Y.; Xu, Y.; Jia, M. Multistep forecasting for diurnal wind speed based on hybrid deep learning model with improved 

singular spectrum decomposition. Energy Convers. Manag. 2020, 225, 113456. 

31. Wu, Z.; Huang, N.E. Ensemble empirical mode decomposition: A noise-assisted data analysis method. Adv. Adapt. Data Anal. 

2009, 1, 1–41. 

32. Colominas, M.A.; Schlotthauer, G.; Torres, M.E. Improved complete ensemble EMD; a suitable tool for biomedical signal pro-

cessing. Biomed. Signal Process. Control 2014, 14, 19–29. 

33. Yuan, Z.; Peng, T.T.; An, D.; Cristea, D.; Pop, M.A. Rolling bearing fault diagnosis based on adaptive smooth ITD and MF-DFA 

method. J. Low Freq. Noise Vib. Act. Control 2019, 39, 968–986. 

34. Song, Q.; Zhao, S.F.; Wang, M.S. On the accuracy of fault diagnosis for rolling element bearings using improved DFA and multi-

sensor data fusion method. Sensors 2020, 20, 6465. 

35. Zhao, D.F.; Liu, S.L.; Gu, D.; Sun, X.; Wang, L.; Wei,Y.; Zhang, H.L. Improved multi-scale entropy and it’s application in rolling 

bearing fault feature extraction. Measurement 2019, 152, 248–263. 

36. Ren, M.L.; Huang, X.D.; Zhu, X.X.; Shao, L.J. Optimized PSO algorithm based on the simplicial algorithm of fixed point theory. 

Appl. Intell. 2020, 50, 2009–2024. 

https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://sciprofiles.com/profile/1629832
https://sciprofiles.com/profile/author/S203N2ZiRUtEM0ZycUFMRkZuYnF6Zm5WVE1lSTVaSDF1eWNUOGtJTUVsaz0=
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b
https://www.webofscience.com/wos/alldb/general-summary?queryJson=%5b%7b


Entropy 2021, 23, 1142 22 of 22 
 

 

37. Wan, L.J.; Li, H.Y.; Chen, Y.W.; Li, C.Y. Rolling bearing fault prediction method based on QPSO-BP neural network and demp-

ster–shafer evidence theory. Energies 2020, 13, 1062–1075. 

38. Liu, W.Q.; Shen, J.X., Yang, X.Q. Rolling bearing fault detection approach based on improved dispersion entropy and AFSA 

optimized SVM. Int. J. Electr. Eng. Educ. 2020, 15, 1–16.  


