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Abstract: The characteristics of impact and discontinuity of rolling bearing vibration 

signal make it difficult to extract the characteristics of rolling bearing. The combination 

of EMD and permutation entropy is used to extract fault features of rolling bearings. 

Firstly, the vibration signal of rolling bearing is decomposed into a series of IMF by 

EMD, and the entropy of the IMF of each order is calculated. The permutation entropy 

is combined with the feature vector to realize the quantification of the characteristics 

of the rolling bearing faults. The experimental results are verified by the decomposition 

of the normal, inner race fault, outer race fault and rolling parts fault vibration signals. 

The results show that this method has good fault feature extraction effect and obvious 

difference under fault conditions, which is suitable for extracting fault features of 

rolling bearings and is of great significance for improving the fault recognition rate of 

rolling bearings. 
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1. Introduction 

Rotary machinery is an important part of mechanical equipment[1], its application 

covers electric power, chemical idustry, machinery manufacturing and aerospace. 

Rolling bearing is an important part of rotating machinery. Its role is to reduce the 

friction loss between mechanical components. It has the advantages of low friction, 

easy assembly and use, and high working efficiency. During the operation of the 

equipment, it also acts to bear and transmit loads and is subjected to alternating stress. 

As time passes, the bearings will undergo deformation and corrosion, which will cause 

the bearing operating conditions to change. Due to imperfect production processes 

and improper operation and installation, the bearing will cause artificial damage. The 
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accumulation and deepening of these damages will eventually lead to bearing failure. 

So rolling bearings are vulnerable parts of rotating machinery. According to statistics, 

rolling bearings in rotating machinery cause failures of about 30% [2], And when the 

rolling bearing fail, it will cause the equipment to stop running. In serious cases, it 

may cause the casualties. Therefore, the fault diagnosis of rolling bearings is conducive 

to improving production efficiency and ensuring safe production. 

There are many methods for fault diagnosis of rolling bearings[3-5]. The traditional 

time domain and frequency domain methods are widely used, but it is mainly suitable 

for processing linear and stationary signals. When the rolling bearing fails, the 

vibration signal shows nonlinear and non-stationary characteristics. The time domain 

and frequency domain methods can not extract the fault characteristics of the rolling 

bearing. Therefore, people began to use the time-frequency domain method to extract 

the fault characteristics of the rolling bearing. The short time fourier transform (STFT), 

Winger distribution and wavelet analysis are used to extract fault features of rolling 

bearings. The STFT achieves the local requirements for the signal, but it still cannot 

overcome the fixed size and shape of the window function and have defects with time 

and frequency changes, Winger's bilinear features inevitably have cross terms, which 

interfere with the observation and interpretation of signals on the time-frequency 

plane. Wavelet analysis inherits and develops the localization of the short-time Fourier 

transform. At the same time, it overcomes the shortcoming that the size of the window 

does not change with frequency, but the wavelet analysis needs to determine the basis 

function and the number of decomposition layers in advance. The selection of the 

basis function and the number of decomposition layers has a great influence on the 

decomposition result, and it does not have self-adaptation. Empirical Mode 

Decomposition (EMD) is an adaptive time-frequency analysis method. It adaptively 

decomposes the signal into a series of intrinsic mode function according to the 

inherent characteristics of the signal; it can extract the essential characteristics of the 

signal and apply for non-linear and non-stationary signals. So it is widely used in fault 

diagnosis. In this paper, the method of combining EMD and permutation entropy is 

used to decompose the signal into a series of intrinsic mode function through EMD 

and calculate the permutation entropy of each IMF function. The permutation entropy 

is composed the feature vector as the input of the classifier. 

 
2. EMD 

EMD is proposed by NE Huang[6] based on the following assumption: Any complex 

signal is composed of some intrisic mode functions. Each intrinsic mode function has 

the same number of extremum points and zero-crossings in spite of linear or non-

linear and non-stationary, have only one extreme point between two adjacent zero-
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crossings and the upper and lower envelopes are locally symmetrical about the time 

axis. Any two mode are independent of each other. The steps of the EMD algorithm 

are as follows: 

(1) Determine all the local extreme points of the signal, then use a cubic spline curve 

to connect all the local maximum points to form an upper envelope, and connect all 

the local minimum points to form a lower envelope. The upper and lower envelopes 

should enclose all data points. 

(2) The average of the upper and lower envelopes is denoted as m1
. 

x(t)-m1=h1
 

Ideally, if h1
 is an IMF, then h1

 is the first IMF component of x(t). 

(3) If h1
 does not satisfy the IMF condition, use h1

 as the original data and repeat 

steps (1) to (3) to obtain the average m11
 of the upper and lower envelopes, and then 

determine whether h11=h1-m1
 meets conditions of the IMF, if not satisfied, are 

repeated k times to obtain h1(k-1)-m1k=h1k
 so that h1k

 satisfies the IMF condition. Let 

c1=h1k
, then c1

 is the first component of signal x(t) that satisfies the IMF condition. 

(4) Separate c1
 from x(t) and get 

r1=x(t)-c1
 

Steps (1) to (4) are repeated using r1  as the original data to obtain the second 

component c2
 of x(t) that satisfies the IMF condition, and the loop is repeated n times. 

The n components of the signal x(t) satisfying the IMF condition are obtained. 

In order to verify the decomposition effect of EMD, the simulated signal is subjected 

to EMD decomposition. The decomposition result is shown in Fig. 2. The original signal 

of the original signal is shown in Fig.1The signal x(t)=x1
(t)+x2

(t)+x3
(t). It can be 

seen from Fig. 2 that the signals x1,  x2 and x3
 are decomposed and fault feature 

extraction is implemented. 

x1
(t)=sin(5πt+π 3⁄ ) 

x2
(t)=sin(50πt+π 6⁄ ) 

x3
(t)=sin(100πt+π 3⁄ ) 
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Fig.1 The original signal 
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Fig.2 The first three IMF components after EMD 

 

3. Premutation Entropy 

The permutation entropy[7] is a time series complexity measure proposed by 

Christoph Band. For time series of length N of {x(k), k=1, 2,…,N}, the phase space 

delay coordinate method is used to reconstruct every element of x(i)  and its 

successive m sample points are taken for each sample point to obtain an m-

dimensional reconstruction vector of x(i): 

X(i)={x(i), x(i+τ),⋯,x(i+(m-1)τ)} 

Where m≥2 is the embedding dimension, τ is the time delay, i=1, 2, ⋯, N and the m 

reconstructed components in X(i) are arranged in ascending order, 

{x(i+(j1-1
)τ)≤x(i+(j1-1

)τ)≤ ⋯ ≤x(i+(j1-1
)τ)} 

If X(i) has the same element, x (i+ (jp-1
) τ), then it is sorted according to the size of 

j, that is, when p≤q, the arrangement x (i+(jp-1
) τ)≤x (i+(jq-1

) τ). 

Therefore, any vector X(i) can be used to derive a set of symbol sequences: 

S(l)=(j1,j2, ⋯, jm
)) 

Among them, j=1, 2,…, k. According to the theorem of permutation and combination, 

m different symbol sequences from the m-dimensional phase space map have a total 

of m! Different arrangements, and S(l)=(j1,j2,…,jm
) is included in m! species. if we 

suppose that the probability of occurrence of each S(l) is P1,P2,⋯,Pk
, respectively, 

which can be obtained according to Shannon's entropy theorem. The permutation 

entropy of the sequence {x(k),k=1,2,…N} can be defined as: 

Hp
(m)=-∑Pj

k

j

ln Pj
 

Obviously, 0≤Hp(m)≤ ln(m!), where the upper limit ln(m!) is Hp
(m). 
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In order to more easily measure signal complexity, Hp
(m) is usually divided by ln(m!), 

which is normalized to obtain the normalized value Hp
(m): 

Hp= Hp
(m) ln(m!)⁄  

By the size of the value Hp
, the degree of randomness of one-dimensional discrete 

signals{x(k), k=1, 2, …, N} can be measured. If the Hp
 value is smaller, the time series 

is the more regular. Conversely, If the Hp value is larger, the degree of disorder of the 

time series and the signal complexity is more higher. 

 

4. Fault Diagnosis Algorithm Based on EMD and Permutation Entropy 

Fault diagnosis method for rolling bearing based on EMD and permutation entropy is 

mainly used to identify faults by calculating sample entropy of each IMF after EMD 

decomposition. The feature extraction algorithm is as follows: 

(1) Perform EMD decomposition on the vibration signals of the bearings obtained to 

obtain a set of IMF functions. 

(2) The correlation between the IMF function obtained by the decomposition and the 

original vibration signal is analyzed. The correlation value exceeds the threshold (the 

threshold is set according to the actual situation) to retain the IMF function, and the 

IMF function is deleted when the correlation is smaller than the threshold. 

(3) Calculate the sample entropy of the remaining IMF function and construct it as the 

feature vector V. 

V=[SampEn1, SampEn2,⋯,SampEnn
] 

 

5 Experimental Results Analysis 

The data of the bearing data center of Case Western Reserve University was used for 

the experimental analysis. The bearing type was SKF6205 and the rotation speed was 

1750 r/min. Normal, inner ring fault, outer ring fault and rolling element fault vibration 

signals were taken. The fault diameter was 0.007 Inches, the sampling frequency is 

12000Hz, and the number of sampling points is 2000. The EMD decomposition results 

are shown in Fig. 3, 4, 5, and 6. 
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Fig.3 The first six IMF components in normal 
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Fig.4 The first six IMF components in inner race fault 
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Fig.5 The first six IMF components in outer race fault 
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Fig. 6 The first six IMF components in rolling parts fault 

 

Table. 1 The premutation entropy in various state 

 

Bearing status IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 

Normal 0.5742 0.4493 0.3225 0.2258 0.1655 0.1417 

Inner race fault 0.8248 0.5654 0.3965 0.2853 0.2130 0.1648 

Out race fault 0.8074 0.6287 0.4305 0.3063 0.2474 0.1820 

Rolling parts fault 0.7230 0.5574 0.3974 0.2930 0.2073 0.1601 
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From Fig. 3, 4, 5, and 6, it can be seen that different operating conditions exhibit 

different fault characteristics. It can be seen through the EMD decomposition that the 

IMF is much smaller than the fault state in the normal state, and the IMF is lower than 

the inner ring in the outer fault state. Faults and rolling-element faults are much larger. 

The inner-ring fault IMF is much larger than the rolling-element faults. Different fault 

conditions show different characteristics, and the differences are obvious. It is easy to 

distinguish between different types of faults. The IMFs decomposed in various states 

are used to calculate permutation entropy respectively, and the permutation entropy 

feature vector in each state is used to quantify the fault characteristics of the rolling 

bearing, and it is easy to realize the classification of different faults of the rolling 

bearing. Table 1 shows that under different fault conditions The difference of 

permutation entropy is obvious. Therefore, it is feasible to combine the EMD with the 

sample entropy for the fault feature extraction of rolling bearing, and it is helpful to 

improve the recognition rate of the rolling bearing fault diagnosis. 

 

6. Conclusion 

Due to the shortcomings of traditional time-frequency analysis methods, such as poor 

ability of adjustable non-stationary signals and poor feature extraction, this paper uses 

EMD to extract fault features of rolling bearings and uses the adaptive characteristics 

of EMD to decompose the vibration signals of rolling bearings into a series of IMFs. 

Then the sample entropy of each order IMF component is calculated separately. Finally, 

fault feature extraction of rolling bearing is realized. Compared with the faults of 

previous time-frequency methods, this method can extract fault features from 

nonlinear and non-stationary signals, and has been validated experimentally. Sex, it is 

of great significance to improve the fault diagnosis recognition rate of rolling bearings. 
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