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Abstract. Aiming at monitoring of gearbox faults, a gear fault feature extraction method based on 
variational mode decomposition (VMD) and multi-scale discrete entropy (MDE) is proposed in 
this paper. Firstly, the gear fault signal is decomposed into a series of intrinsic modal function 
(IMF) by VMD with selected parameters; Secondly, the decomposed IMF are extracted by MDE 
feature extraction method to form a feature sample set; Finally, the least square support vector 
machine (LSSVM) is used to classify the data set after feature extraction. The experiment results 
show that the proposed method owns the higher fault diagnosis accuracy than the traditional 
multi-scale entropy methods.  
Keywords: variational mode decomposition, multi-scale discrete entropy, feature extraction, least 
square support vector machine. 

1. Introduction 

The occurrence of mechanical faults in the gearbox can seriously affect the normal operation, 
even causing economic losses [1]. Therefore, it is necessary to monitor and analyze the gears in 
operation, which is of great significance for the later maintenance of the equipment. In the case of 
gear wear, broken teeth, pitting corrosion, point grinding and so on, the fault signal shows the 
characteristics of non-linearity, non-stationary [2]. The commonly used methods in the field of 
fault diagnosis include time domain analysis, frequency domain analysis, and time-frequency 
domain analysis. Zhang et al. [3] improved the accuracy of the final evaluation of bearing 
degradation performance by extracting multiple time domain and frequency domain features of 
bearing vibration signals and forming high-dimensional and multi-domain feature vectors. For 
non-linearity and non-stationary fault signal, the traditional time domain analysis such as 
skewness, kurtosis, variance and other indicators and frequency domain analysis can't well show 
its fault characteristics. At this time, the time-frequency domain decomposition method should be 
considered [4]. Empirical mode decomposition (EMD) [5] is suitable for dealing with 
non-stationary and nonlinear signals, but the intrinsic mode function (IMF) decomposed by EMD 
is prone to end-point effects and modes. In order to solve the above problems, Wu et al. [6] 
proposed the ensemble empirical mode decomposition (EEMD) by taking advantage the Gaussian 
white noise which has a uniform frequency distribution. However, the white noise in the signal 
after the residual EEMD decomposition will lead to the reconstruction error of the signal [7]. In 
order to solve the above problems, Dragomiretskiyet al. [8] proposed a new non-recursive and 
adaptive signal processing method variational mode decomposition in 2014. By constructing and 
solving constrained variational problems, this method can effectively alleviate the modal aliasing 
and boundary effects in conventional decomposition methods [9]. Moreover, VMD can effectively 
handle the background noise, which is suitable for the analysis of non-stationary and non-linear 
vibration signals [10]. Li et al. [11] used the combination of VMD and minimum entropy 
deconvolution method for bearing faults that occurred in the background of strong noise. Li et al. 
[12] selected the IMF obtained by VMD that has a good correlation with the original signal as the 
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feature component, and its validity was experimentally demonstrated. 
When there is a partial failure of the gear, periodic shocks will be generated. The information 

entropy can effectively reflect the information contained in events and is widely used in 
mechanical fault diagnosis [13]. The commonly used entropy extraction methods are sample 
entropy, permutation entropy, discrete entropy and so on [14]. However, due to the lack of relevant 
quantitative indicators, a single entropy to diagnose mechanical faults is not ideal. Therefore, it is 
necessary to perform multi-scale entropy analysis on the fault signal of the gear. Costa et al. 
proposed multi-scale sample entropy (MSE) [15]. MSE calculates the mean of adjacent data at 
different scales of the original signal, obtains a new coarse-grained sequence, and then solves the 
entropy of the corresponding sequence. Compared with the traditional entropy algorithm, MSE 
feature extraction has a wider dimension and higher reliability. Jin et al. [16] proposed a bearing 
fault diagnosis method based on MSE and an improved extreme learning machine. However, 
sample entropy has certain limitations in determining sample categories. It uses a hard threshold 
step function, and it is difficult to distinguish categories based on hard thresholds in life. Chen et 
al. [17] proposed a feature extraction method for ship radiated noise complexity in complex marine 
environments based on multi-scale permutation entropy (MPE). However, in most cases, multi-
scale permutation entropy is not sensitive to signal changes and cannot effectively extract effective 
information from the signal. Multi-scale discrete entropy (MDE) has the advantages of simple and 
fast calculation compared to MSE and MPE. MDE is also more sensitive to the data signals such 
as synchronization frequency, signal amplitude value and signal bandwidth. Zhang [18] used 
MDE in gear fault diagnosis and experimentally demonstrated the obvious superiority of this 
method compared with other feature extraction methods. 

In recent years, researchers used many methods to recognize the failure types of mechanical 
parts. Zhao et al. [19] successfully identified the fault type of the bearing by extracting the wavelet 
packet energy and inputting it into the BP neural network. Yang et al. [20] use a combination of 
dual-tree complex wavelet transform combined with convolution neural network method to 
achieve high-precision identification of planetary gear fault types. Support vector machine (SVM) 
is also a pattern recognition method that can solve problems such as small samples and 
non-linearity, and it has better learning ability and generalization ability compared with neural 
networks, so it is widely used in the fault diagnosis of rolling bearings [21, 22]. Least square 
support vector machine (LSSVM) is an extension of SVM, which solves the problem of too large 
solution scale in the operation of SVM algorithm, and improves the accuracy and accuracy of 
nonlinear signal processing. Compared with artificial neural network and other methods, it can 
overcome the shortcomings of long training time, randomness of training results and over-learning 
[23,24]. Wang et al. [25] used the combination of discrete wavelet transform and LSSVM for 
bearing fault diagnosis, and experiments proved that LSSVM classification had good results.  

For these advantages, this paper designs a new gear fault diagnosis method based on VMD, 
MDE and LSSVM. The detail steps of the proposed method are presented as follows: (1) The 
decomposition layer 𝑘 of VMD is selected by the maximum criterion of center frequency for the 
first time, and the gear vibration signal is decomposed by VMD, and IMF components are 
obtained. (2) MDE method is used to extract the features of each IMF component to form a feature 
sample set. (3) The acquired feature sample set is divided into training set and test set and input 
into LSSVM to identify the fault state of the gear. 

2. Basic theory 

2.1. Principle of VMD 

VMD is a new adaptive time-frequency decomposition method. It integrates the concepts of 
Wiener filtering, Hilbert transform, outlier demodulation, frequency mixing and signal analysis 
[26]. Through a series of iterations, the original signal can be decomposed into multiple IMF with 
different center frequencies and bandwidths. The constraint is that the sum of the decomposed 
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modal components is equal to the input signal and the sum of the bandwidths of the decomposed 
modal components should be minimized, so the constrained model is shown in Eq. (1): 

⎩⎪⎨
⎪⎧ min{ఓೖ},{ఠೖ} ൝෍ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ 𝜇௞ሺ𝑡ሻሿ𝑒ି௝ఠೖ௧ฯଶଶ௞ ൡ ,
𝑠. 𝑡.෍𝜇௞ = 𝑓௞ ,  (1)

where, 𝜕௧ is the partial derivative of 𝑡, 𝛿ሺ𝑡ሻ is the impulse function, 𝜇௞ is the 𝑘th modal function, 𝜔௞ is the center frequency of each mode, and 𝑓 is the original signal. 
On this basis, the quadratic penalty factor 𝛼 and the lagrange multiplication operator 𝜆ሺ𝑡ሻ are 

introduced to transform the above variational model into an unconstrained variational model. The 
transformed Lagrange expression is shown in Eq. (2): 

𝐿ሺ{𝜇௞}, {𝜔௞}, 𝜆ሻ = 𝛼෍ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ 𝜇௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ฯଶଶ௞  
      +ะ𝑓ሺ𝑡ሻ −෍𝜇௞ሺ𝑡ሻ௞ ะଶ

ଶ + ൽ𝜆ሺ𝑡ሻ, 𝑓ሺ𝑡ሻ −෍𝜇௞ሺ𝑡ሻ௞ ඁ, (2)

where, the 𝛼 parameters are used to ensure the accuracy of the reconstructed signal, which 𝜆ሺ𝑡ሻ can 
make the constraints more stringent. 

The Lagrange expression can be solved using the alternating power multiplier algorithm, and 
the saddle point of the Lagrange expression can be solved by alternately updating the 𝜇௞௡ାଵ, 𝜔௞௡ାଵ 
and 𝜆௡ାଵ. Among them, it can be expressed by Eq. (3): 

𝜇௞௡ାଵ = argminఓೖ∈௑ ቊ𝛼 ฯ𝜕௧ ൤൬𝛿ሺ𝑡ሻ + 𝑗𝜋𝑡൰ 𝜇௞ሺ𝑡ሻ൨ 𝑒ି௝ఠೖ௧ฯଶଶ +ะ𝑓ሺ𝑡ሻ −෍𝜇௜ሺ𝑡ሻ + 𝜆ሺ𝑡ሻ2௜ ะଶ
ଶቑ. (3)

The specific process of the VMD algorithm is as follows: 
Step 1: Initialize 𝜇௞ଵ, 𝜔௞ଵ, 𝜆௞ଵ  and 𝑛. 
Step 2: Update 𝜇௞: 

𝜇∧௞௡ାଵሺ𝜔ሻ = 𝑓መ(𝜔) − ∑ 𝜇̂௜(𝜔)௜ஷ௞ + 𝜆መ(𝜔)21 + 2𝛼(𝜔 − 𝜔௞)ଶ . (4)

Step 3: Update: 

𝜔௞𝜔௞௡ାଵ = ׬ 𝜔|𝜇̂௞(𝜔)|ଶ𝑑𝜔ஶ଴׬ |𝜇̂௞(𝜔)|ଶ𝑑𝜔ஶ଴ . (5)

Step 4: Update 𝜆: 

𝜆መ௡ାଵ(𝜔) ← 𝜆መ௡(𝜔) + 𝜏 ൥𝑓መ(𝜔) −෍𝜇̂௞௡ାଵ(𝜔)௞ ൩. (6)

Step 5: If: 
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෍‖𝜇̂௞௡ାଵ − 𝜇̂௞௡‖ଶଶ‖𝜇̂௞௡‖ଶଶ௞ < 𝜀, (7)

where (𝜀 > 0, this paper 𝜀 = 1×10-7), then stop the iteration, otherwise return to the second step. 

2.2. Multi-scale discrete entropy 

Azami et al. proposed a discrete entropy (DE) method [27]. Discrete entropy does not need to 
rank vector magnitude values in different embedded dimensions like sample entropy. 
Furthermore, it need not to calculate the distance between two vectors in different embedded 
dimensions. Therefore, compared with the sample entropy, discrete entropy, DE has more 
advantages such as faster operation. Moreover, DE effectively solves the influence of the medium 
amplitude of the embedded vector, and is more sensitive to the changes of synchronization 
frequency, amplitude value and signal bandwidth. 

Since the fault information of the gears in operation is distributed in multiple scales, the fault 
feature information on other scales will be omitted if only the discrete entropy of a single scale is 
used for analysis. This paper uses the multi-scale discrete entropy (MDE) method to extract the 
fault information of gears. The main calculation process is presented as follows: 

The multi-scale factor is introduced 𝜏 for the time series 𝑈 = {𝑢ଵ,𝑢ଶ, . . .𝑢ே}, and the series is 
divided into multiple non-overlapping sequence segments to obtain a new time series 𝑥௝ఛ: 
𝑥௝(ఛ) = 1𝜏 ෍ 𝑢௕௝ఛ

௕ୀ(௝ିଵ)ఛାଵ . (8)

Map sequences 𝑥௝ఛ to integer classes with labels ranging from 1 to 𝑐. Coarse-grained sequences 
are mapped to the interval 0 to 1 by introducing a normal cumulative distribution function: 

𝑦௝ = 1𝜎√2𝜋න 𝑒ି(௫ି௥௠௦)మଶఙమ௫ೕ
 𝑑𝑡, (9)

where 𝑟𝑚𝑠 and 𝜎 are the root mean square and standard deviation of the original signal. 
Using a linear algorithm to assign 𝑦௝ linearity between 1 to 𝑐 and introducing the embedding 

dimension 𝑚 and delay parameters 𝑑, the reconstruction sequence 𝑍௜௠,௖ is: 𝑍௜௠,௖ = ൛𝑍௜௖ ,𝑍௜ାௗ௖ , . . .𝑍௜ା(௠ିଵ)ௗ௖ ൟ. (10)

Calculate 𝑐௠ the relative probability of each potential dispersion 𝜋௩బ௩భ...௩೘షభ mode: 

𝑝൫𝜋௩బ...௩೘షభ൯ = 𝑁𝑢𝑚𝑏𝑒𝑟൛𝑖ห𝑖 ≤ 𝑁 − (𝑚 − 1)𝑑, 𝑧௜௠,௖ℎ𝑎𝑠𝑡𝑦𝑝𝑒𝜋௩బ...௩೘షభൟ𝑁 − (𝑚 − 1)𝑑 , (11)

Based on the definition of information entropy, the discrete entropy value under a single scale 𝜏 
is calculated: 

𝑒(𝑥,𝑚, 𝑐,𝑑) = −෍𝑝൫𝜋௩బ...௩೘షభ൯௖೘
గୀଵ ⋅ ln ቀ𝑝൫𝜋௩బ...௩೘షభ൯ቁ. (12)

Finally, the multi-scale discrete entropy is defined as the set of discrete entropy values at 
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multiple different scales, then the multi-scale discrete entropy is expressed as: 𝑀𝐷𝐸 = 𝐸(𝑥, 𝑠,𝑚, 𝑐,𝑑) = ሾ𝑒ଵ, 𝑒ଶ, . . . 𝑒௦ሿ். (13)

2.3. Overview of LSSVM 

The support vector machine (SVM) needs to reduce the error through the quadratic programming 
process, and LSSVM transforms the problem into a system of linear equations using the least squares 
method. It can be seen that LSSVM is based on SVM. It significantly reduces the computation of 
LSSVM, which can achieve higher classification efficiency. The specific process is as follows. 

Let the training data set be 𝑥௝, 𝑦௝, where 𝑥௝ is the input of the training data of the dimension 𝑛; 𝑦௝ is the output value of the model. The formula of LSSVM can be expressed as [28]: 𝑦(𝑥) = 𝜔்𝜃 + 𝑏, (14)

where 𝜃 represents the feature map, which converts the complex nonlinear relationship between the 
output 𝑦 and the input 𝑥 in to a linear relationship between 𝑦 and 𝜃, which 𝑏 is the bias vector and 𝜔 is the weight vector: 

minఠ,௕,௘𝐽(𝜔, 𝑒) = 12 ‖𝜔‖ଶ + 12 𝛾෍𝑒௜ଶ௡
௜ୀଵ 𝑠. 𝑡.𝑦௜ሾ𝜔்𝜙(𝑥௜) + 𝑏ሿ = 1 − 𝑒௜ , (15)

where 𝛾 is the regularization parameter, 𝑒௜ is the error term, and 𝜑(𝑥) is the nonlinear mapping 
function from the original space to the multi-dimensional feature space. The definition of the 
Lagrange function is: 

𝐿 = 12 ‖𝜔‖ଶ + 12 𝛾෍𝑒௜ଶே
௜ୀଵ −෍𝛼௜{𝑦௜ሾ𝜔்𝜙(𝑥௜) + 𝑏ሿ − 1 + 𝑒௜}ே

௜ୀଵ . (16)

For 𝜔, 𝑏, 𝛼௜ and 𝜀௜ in the above formula find the partial derivative and make it 0, and bring it 
into the above formula to get the matrix equation: 

൤0 −𝑦்𝑦 Ω + 𝛾ିଵ𝐼൨ ቂ𝑏𝛼ቃ = ൤0𝐼௡൨. (17)

Ω୧୨ = 𝑦௜𝑦௝𝜙(𝑥௜)்𝜙൫𝑥௝൯ = 𝑦௜𝑦௝𝐾൫𝑥௜ , 𝑥௝൯, 𝑦 and 𝐼௡ are n-order matrices. Solving the above 
equations can get a set of 𝛼 and 𝑏, then the LSSVM classification expression can be obtained as: 

𝑓(𝑥) = sgn ൥෍𝛼௜𝑦௜𝐾(𝑥, 𝑥௜) + 𝑏ே
௜ୀଵ ൩. (18)

LSSVM solves the original dual problem through the above process. The linear constraints in 
the optimization goal simplify the solution process and obtains the value of the optimization 
variables 𝛼 and 𝑏, which is simpler than SVM. 

3. The bundling machine gear fault diagnosis experiment 

To demonstrate the effectiveness of the method proposed in this paper, experiments are carried 
out on a motor-drive-gear fault test platform in Fig. 1. The speed of DC motor can reach 1450 rpm. 
By using a coupling, a shaft is attached to the motor. With the help of the shaft, the motion is 
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transmitted to the gear. The various defect gears are produced in this experiment platform. The 
accelerometer is connected as the signal detection unit. Fault vibration signals can be stored 
digitally in a computer through an amplifier and analogue-to-digital converter. The fault vibration 
signals are then obtained and extracted to different features. The vibration signals are acquired 
with a sampling rate of 5120 Hz. Five different states of gears are collected: point grinding, pitting 
corrosion, broken tooth, wear and normal. The sampling length of each fault state is 53248, and 
their fault signals are shown in Fig. 2. 

 
Fig. 1. Motor-drive-gear fault test platform 

 
Fig. 2. Five kinds of gear fault signals 

It can be seen that the vibration signal has complex shock characteristics, and it is difficult to 
identify the fault characteristics. Therefore, VMD is used to decompose the original signal into 
different IMF components. The vibration signal is divided into 50 groups, and the length of each 
group is 1024. Taking the normal gear signal as an example, different pre-decomposition modes 𝑘 are selected for VMD, in which the penalty factor a takes the default value 2000. The main 
difference of different modes lies in the difference of the central frequency. According to the VMD 
algorithm, the central frequency of each IMF component obtained from the VMD of the vibration 
signal will be distributed from low frequency to high frequency. If you want to obtain the optimal 
preset scale 𝑘, the center frequency of the last order IMF component should be the maximum for 
the first time. Table 1 shows the central frequencies of each IMF component under different 
modes. 
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Table 1. Center frequency after VMD when taking different𝑘values 

Preset scale Center frequency 
IMF1 IMF2 IMF3 IMF4 IMF5 IMF6 IMF7 IMF8 𝐾 = 2 25        𝐾 = 3 25 545 720      𝐾 = 4 25 250 545 940     𝐾 = 5 25 250 545 720 940    𝐾 = 6 25 250 350 545 720 940   𝐾 = 7 25 250 350 545 720 940 1165  𝐾 = 8 25 250 350 545 570 720 940 1165 

As can be seen from Table 1, the minimum value of the central frequency is taken from the 
initial preset scale 𝑘 = 2, and the maximum value of the central frequency tends to be stable when 𝑘 = 4 and 𝑘 = 7. In order to prevent the mode number 𝑘 of VMD from being too large and 
over-decomposing, the 𝑘 value selected in this paper is 4. The data of a group of gear point 
grinding faults are decomposed by EMD, EEMD and VMD respectively, in which the sampling 
frequency of this group of data samples is 5120 Hz, the number of sampling points is 53248, and 
the signal length of each segment is 1024. The results are shown in Fig. 3, Fig. 4 and Fig. 5. 

 
Fig. 3. EMD and its frequency spectrum under gear point grinding 

The fact that there are two peaks in each component of the three decomposition graphs is due 
to the use of bilateral spectra, so there are two peaks symmetrical to each other, which has no 
effect on the experimental decomposition results. By comparing the intrinsic modal components 
and their corresponding spectra obtained by the three decomposition methods, we can see that 
there are many invalid components in EMD and EEMD methods after decomposition, so they 
cannot extract their corresponding spectrum, and the first component in the EMD map and the 
first three components in the EEMD map have different degrees of modal aliasing. For VMD, we 
can see that the IMF components obtained by the decomposition are concentrated near their 
respective central frequencies, and the frequency domain characteristics are independent of each 
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other, which effectively avoids the problem of modal aliasing, and there are no invalid 
components. From this, we can know that VMD is better than the other two decomposition 
methods, which can improve the accuracy of using entropy as fault feature. 

 
Fig. 4. EEMD and its frequency spectrum under gear point grinding 

 
Fig. 5. VMD and its frequency spectrum under gear point grinding 

For the samples decomposed by the VMD method, their multi-scale sample entropy (MSE), 
multi-scale permutation entropy (MPE) and multi-scale discrete entropy (MDE) are extracted 
respectively. Due to the length of each sample segment being 1024, the maximum number of 
segments for all samples is 50. The length of feature samples extracted by each entropy extraction 
method is set to 48, forming a 50×48 feature sample dataset. Fig. 6 shows a comparison of the 
average values of three entropy extraction methods. To demonstrate the correlation between five 
types of samples extracted by different entropy extraction methods, Pearson correlation coefficient 
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analysis was performed on the samples extracted by different entropy extraction methods, and the 
results are shown in Fig. 7. 

 
Fig. 6. Comparison of three kinds of entropy 

It can be seen from the figure that after taking the average value of the extracted 50×48 feature 
samples, the samples extracted under the MSE method are stable, but their entropy is between 
[0, 0.5], which cannot well reflect the characteristics of the original fault signal. The entropy value 
extracted by MDE method has high stationarity, and the entropy value is also larger than that of 
the other two extraction methods, indicating that this method can better extract the features of the 
signal and improve the accuracy of the final fault classification. 

 
a) MSE Pearson correlation 

 
b) MPE Pearson correlation 

 
c) MDE Pearson correlation 

Fig. 7. Pearson correlation coefficients of three entropy extraction methods 
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Pearson correlation coefficient measures the correlation between the two fault types. After 
taking the absolute value, the larger the correlation coefficient is, the more relevant the two types 
are. It can be seen from Fig. 7 that the entropy extracted by MSE and MPE has a high correlation 
coefficient in the two fault states of broken tooth and wear, and the entropy extracted by MSE 
shows a high correlation between pitting corrosion and wear, point grinding and wear, point 
grinding and pitting corrosion, point grinding and broken teeth, which is not conducive to the final 
fault diagnosis and classification. Similarly, MPE also shows a high correlation between broken 
teeth and normal, pitting corrosion and normal fault data. However, for the data extracted by 
MDE, all fault samples show a lower correlation than the other two methods, and even the 
correlation between normal and point grinding, normal and wear data is very low, which is very 
conducive to the final fault diagnosis classification. To sum up, the entropy extracted by MDE has 
a better non-correlation between each fault type than the other two methods, which can make the 
final fault diagnosis more accurate. 

All the extracted data feature samples are visually analyzed by T-sne, and the results are shown 
in Fig. 8. 

By observing A, B, and C in the graph, it can be seen that the data samples have been 
decomposed using three different decomposition methods, and the samples extracted using the 
MSE entropy extraction method exhibit different correlations. There is a serious mixing 
phenomenon between the sample points in A and B, and it is impossible to observe any obvious 
boundaries between different types of samples through visualization. 

 
a) MSE combined with EMD 

 
b) MSE combined with EEMD 

 
c) MSE combined with VMD 

 
d) MPE combined with EMD 
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e) MPE combined with EEMD 

 
f) MPE combined with VMD 

 
g) MDE combined with EMD 

 
h) MDE combined with EEMD 

 
i) MDE combined with VMD 

Fig. 8. Visual analysis results of T-sne 

For the samples decomposed by VMD, as shown in C, it can be seen that the five samples have 
started to differentiate, but it is not particularly obvious, and there is still varying degrees of mixing 
between the samples. Like MSE, the samples extracted by MPE also have the same problem, 
where different types of samples in D and E cannot be distinguished at all, and the sample points 
are mixed together; However, the samples decomposed by VMD have achieved a certain degree 
of differentiation, and the samples under point grinding fault have been distinguished from the 
other four fault samples. However, there is still a mixing phenomenon between the other four 
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samples, as shown in F. In G and H, the differentiation between samples is still not very clear, and 
only wear fault samples can be distinguished in G. This indicates that EMD and EEMD methods 
cannot process the data well, resulting in poor differentiation between extracted feature samples. 
Finally, from I, it can be seen that after the VMD method decomposition, only a small portion of 
the feature data extracted by MDE under broken tooth fault is separated into two parts, and the 
remaining data samples are mapped to their respective regions, with a good degree of 
differentiation. The results indicate that the data extracted by combining MDE and VMD methods 
can effectively distinguish different types of fault samples, ultimately achieving high-precision 
fault classification. 

After obtaining the feature sample set, LSSVM classifier is used to perform fault classification 
on the entropy samples extracted by the MDE method. The first 40 groups of 50 sample data are 
used as the training set, and the remaining 10 groups of data are used as the test set. For the 
regularization parameters and kernel parameters of LSSVM, particle swarm optimization 
algorithm is used to iterate them. The range of regularization parameters and kernel parameters is 
set to [0.1, 200], the minimum and maximum speed is [–10, 10], and the particles used for 
optimization are 10. Each iteration is carried out 10 times, and the maximum accuracy is taken as 
the objective function. The optimal parameter combination is selected to be substituted into the 
LSSVM classifier for fault classification of the training and testing sets. Moreover, to verify the 
superiority of the proposed MDE based on VMD method, MSE and MPE are also used to extract 
the rolling bearing fault feature vectors at the same time and input them into LSSVM for pattern 
recognition. In order to avoid overfitting, LSSVM uses cross validation during training to separate 
the training and testing samples, improving its generalization ability. The specific approach is to 
divide the samples into 5 sub sets, with one individual sub sample retained as the validation model 
data, and the other 4 samples used for training. Cross validation is repeated 5 times, with each sub 
sample validated once, and an average of 5 times ultimately leads to a single estimate. This method 
repeatedly uses randomly generated sub samples for training and validation, with each result 
validated once, effectively avoiding the occurrence of over learning and under learning states. The 
random experiment was repeated 30 times and the final results were averaged. The comparison 
experiment results are presented in Fig. 9 and Table 2. 

For the decomposition method VMD, the average accuracy of MDE is 98 %, while the average 
accuracy of MPE is 90 %, and the average accuracy of MSE is 92%. The main reason is that MDE 
is more sensitive to the data signals such as synchronization frequency, signal amplitude value 
and signal bandwidth. Furthermore, one can compare the accuracy of three decomposition method. 
For VMD, the average accuracy of MDE, MPE and MSE is 98 %, 90 % and 92 % respectively. 
For EEMD, the average accuracy of MDE, MPE and MSE is 86 %, 78 % and 78 %. For EMD, 
the average accuracy of MDE, MPE and MSE is 84 %, 62 % and 66 %. VMD obtain the highest 
accuracy. The main reason is that VMD integrates the Wiener filter, which can effectively alleviate 
the modal aliasing and boundary effects of EMD and EEMD. In a word, for the same 
decomposition method, it can be seen that the data samples extracted by MDE can obtain better 
accuracy than the other two methods. For the same entropy extraction method, the signal 
decomposed by VMD can be get better classification accuracy. 

In order to further demonstrate the superiority of LSSVM classifier, nine samples were input 
into SVM classifier again for fault diagnosis. The random experiment was repeated 30 times and 
the average value was taken. From Table 2, we can see that the use of SVM classifiers has resulted 
in a small reduction in runtime, both of which remain around 0.9 seconds. For the signals 
decomposed by EMD method, the classification accuracy of the extracted MDE entropy and the 
accuracy of MSE and MPE methods are not significantly different, with 59 %, 58 %, and 60 % 
respectively; For the signal decomposed by the EEMD method, the MDE entropy accuracy is 
higher than the other two methods, reaching 79 %; For the signals decomposed by the VMD 
method, the MDE method has greatly improved the final accuracy, far surpassing the other two 
entropy extraction methods, reaching 96 %, once again proving the effectiveness of the VMD and 
MDE methods mentioned earlier. In terms of accuracy of different classifiers, the final accuracy 
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of using SVM classifier is lower than that of using LSSVM classifier. For the VMD-MDE method 
proposed in this article, the accuracy of SVM is also 2 % lower than that of LSSVM. In summary, 
although LSSVM is slightly longer in runtime than SVM classifier, its classification accuracy is 
higher than SVM classifier, which also demonstrates the superiority of LSSVM classifier. 

Table 2. Diagnostic accuracy rates under different methods 
Decomposition 

method 
Extraction 

method 
LSSVM 

Accuracy 
Operation 

time 
SVM 

Accuracy 
Operation 

time 

EMD 
MSE 
MPE 
MDE 

66 % 
62 % 
84 % 

1.62931 s 
1.54487 s 
1.51179 s 

58 % 
60 % 
59 % 

0.8291 s 
0.8533 s 
0.8091 s 

EEMD 
MSE 
MPE 
MDE 

78 % 
78 % 
86 % 

1.56038 s 
1.54516 s 
1.73575 s 

70 % 
75 % 
79 % 

0.8601 s 
0.8619 s 
0.9210 s 

VMD 
MSE 
MPE 
MDE 

92 % 
90 % 
98 % 

1.71418 s 
1.67633 s 
1.51163 s 

90 % 
86 % 
96 % 

0.9179 s 
0.8585 s 
0.8494 s 

In the confusion matrix classification diagram, label 1 is the normal state signal, label 2 is the 
wear state signal, label 3 is the pitting corrosion state signal, label 4 is the broken tooth state signal, 
and label 5 is the point grinding state signal. From Fig. 9, it can be seen that in all 9 confusion 
matrices, the predicted class and the real class are treated as positive and negative examples in the 
classifier classification respectively. Therefore, sensitivity is the proportion of accurately 
classified samples in all predicted classes; And specificity refers to the proportion of correctly 
classified samples among all real classes. Taking the average of the proportion of correctly 
classified samples between the predicted class and the real class yields Table 3. 

 
a) LSSVM based on EMD and MSE 

 
b) LSSVM based on EMD and MPE 

 
c) LSSVM based on EMD and MDE 

 
d) LSSVM based on EEMD and MSE 
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e) LSSVM based on EEMD and MPE 

 
f) LSSVM based on EEMD and MDE 

 
g) LSSVM based on VMD and MSE 

 
h) LSSVM based on VMD and MPE 

 
i) LSSVM based on VMD and MDE 

Fig. 9. Classification results of 9 different methods 

From Table 3, we can see that taking the EMD decomposition method as an example, the 
sensitivity and specificity of the predicted class and the real class are different under different 
entropy extraction methods. Among them, the MDE method has the highest sensitivity and 
specificity, indicating that the number of samples misclassified during the diagnostic process is 
smaller than the other two entropy extraction methods. However, throughout the EEMD and VMD 
methods, the MDE method has the highest sensitivity and specificity, reaching 86.36 %, 86 % and 
98.18 %, 98 % respectively, indicating that the MDE method can effectively avoid misclassifying 
samples compared to the other two entropy extraction methods. Taking the same entropy 
extraction method MSE as an example, the sensitivity and specificity of samples decomposed by 
VMD are much higher than those processed by the other two decomposition methods, reaching 
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93.02 % and 92 % respectively. This is also true for MPE and MDE methods, where the sensitivity 
and specificity of samples processed by VMD and extracted by MDE method reach 98.18 % and 
98 %, this also proves that the method proposed in this article does have advantages in correctly 
classifying certain types of samples. 

Table 3. Sensitivity and specificity of different methods in classifiers 
Decomposition method Extraction method Sensitivity Specificity 

EMD 
MSE 
MPE 
MDE 

69.74 % 
61.5 % 

85.88 % 

66 % 
62 % 
84 % 

EEMD 
MSE 
MPE 
MDE 

79 % 
77.74 % 
86.36 % 

78 % 
78 % 
86 % 

VMD 
MSE 
MPE 
MDE 

93.02 % 
91.36 % 
98.18 % 

92 % 
90 % 
98 % 

4. Conclusions 

In this paper, a gear fault feature extraction method based on VMD and MDE is proposed, and 
least square support vector machine LSSVM classifier is used to realize fault pattern recognition. 
First of all, five kinds of data samples of normal, broken teeth, point grinding, wear and pitting 
corrosion of gears are collected by the gear fault test-bed, and the best decomposition layers are 
selected by the principle that the center frequency of the decomposed IMF gets the maximum for 
the first time. The superiority of the VMD method is illustrated by comparing VMD with EMD 
and EEMD methods. Secondly, MDE method is extracted from the decomposed data, and the 
samples extracted by multi-scale discrete entropy, multi-scale sample entropy and multi-scale 
permutation entropy are compared. Pearson correlation coefficient shows the effectiveness of 
MDE method. Finally, in order to further illustrate the advantages of the proposed method, the 
samples extracted by EMD-MSE, EEMD-MPE and other methods are visually analyzed by T-sne, 
and all the data are input into the LSSVM classifier for fault diagnosis and classification. From 
the comparison results, we can see that the fault diagnosis accuracy obtained by VMD-MDE is 
98 %, which is significantly higher than the other eight classification methods. And in the 
classification of fault samples, the sensitivity and specificity of this method reached 91.18 % and 
98 %, indicating that this method can better classify samples correctly. To sum up, the method 
proposed in this paper has significant advantages. 

In the VMD method, the selection of decomposition layers and penalty factor affects the 
decomposition results, so whether to use the optimization algorithm to find the optimal 
combination of parameters to make the decomposition results optimal is a problem to be 
considered. 
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