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Abstract: Wind turbine planetary gearboxes have complex structures and operating en-
vironments, which makes it difficult to extract fault features effectively. In addition, it is
difficult to achieve efficient fault diagnosis. To improve the efficiency of feature extraction
and fault diagnosis, a fault diagnosis method based on improved multivariate variational
mode decomposition (IMVMD) and ensemble refined composite multivariate multiscale
dispersion entropy (ERCmvMDE) with multi-channel vibration data is proposed. Firstly,
the IMVMD is proposed to obtain the optimal parameters of the MVMD, which would
make the MVMD more effective. Secondly, the ERCmvMDE is proposed to extract rich
and effective feature information. Finally, the fault diagnosis of the planetary gearbox is
achieved using the least squares support vector machine (LSSVM) with features consisting
of ERCmvMDE. Simulations and experimental studies indicate that the proposed method
performs feature extraction well and obtains higher fault diagnosis accuracy.

Keywords: multivariate variational mode decomposition; refined composite multivariate
multiscale dispersion entropy; fault diagnosis; planetary gearbox

1. Introduction
Planetary gearboxes are common transmission components with a large carrying

capacity, high transmission ratio, and balance torque. They have been widely used in wind
turbines. As the operating conditions of a planetary gearbox are often severe, with harsh
environments, there will be frequent damage to its internal components [1]. Failures of the
planetary gearbox will influence the transmission efficiency and may even lead to serious
damage to the entirety of the equipment [2]. Therefore, the effective fault diagnosis of
planetary gearboxes in wind turbines is very important.

Existing fault diagnosis methods mainly focus on the feature extraction of the vibra-
tion signals of planetary gearboxes, and the effectiveness of feature extraction directly
influences fault diagnosis [3,4]. Owing to the complex structure of the planetary gear-
box, the vibration signals of various components are always coupled and modulated
with each other, and other factors also influence the vibration signal, such as background
noise [5,6]. Fault feature extraction with the original vibration signals usually does not
result in good performance. It is necessary to preprocess the original vibration signals for
fault feature extraction.

The vibration signals of planetary gearboxes are usually nonlinear and nonstation-
ary, and empirical mode decomposition (EMD) can decompose the different modal and
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noise components automatically [7]. Variational mode decomposition (VMD) has been
proposed to overcome the problems of endpoint effects and mode mixing of EMD [8],
and VMD has been widely used in the signal processing of planetary gearboxes [9,10].
Some studies indicate that the intensity and spectral structure of vibration signals are
not the same for different fault locations, which may cause misjudgment when using a
single-direction vibration signal. In recent years, an increasing number of studies have
used multi-channel vibration data for fault diagnosis, and the multivariate signal analysis
method ensures that each channel has the same decomposition scale; this has been widely
used in planetary gearbox fault diagnosis [11]. Rilling et al. extended EMD to bivariate
empirical mode decomposition (BEMD) [12]. Rehman and Mandic proposed multivariate
empirical mode decomposition (MEMD) to process multi-channel data [13]. Moreover,
multivariate variational mode decomposition (MVMD) was proposed by Rehman and
Aftab to overcome the problems of endpoint effects and mode mixing [14]. However, the
preset parameters of MVMD have a significant influence on its processing results [15], and
parameter optimization is still an important issue.

Many nonlinear dynamic methods, such as sample entropy (SE), permutation entropy
(PE), fuzzy entropy (FE), dispersion entropy (DE), and their multiscale entropy forms, have
been widely used in the field of planetary gearbox fault diagnosis because of their ability
to extract nonlinear fault characteristic information hidden in vibration signals [16–20].
Owing to the richer fault feature information contained in multivariate multiscale entropy,
various methods have also been proposed and applied, such as mvMSE, mvMFE, and
mvMDE [21–23].

Multiscale entropy may lead to inaccurate calculations owing to sequence coarse-
graining when the sample is too short and it cannot adequately extract the fault features [24].
Refined composite methods, such as RCMSE, RCMFE, and RCMDE, have been proposed
to improve the computational stability of multiscale entropy [25–27]. Refined composite
multiscale entropy has been applied in the field of planetary gearbox fault diagnosis and
has yielded many research results [28,29]. Refined composite multiscale entropy generally
obtains a coarsened sequence using the mean value. However, Azami H et al. obtained
the coarsened sequence by variance and standard deviation, and the results indicated that
RCMFE based on different coarse-graining methods can obtain different features at different
times [27]. Therefore, research on refined composite methods for multiscale entropy is
important for the effective extraction of fault features.

Based on the above analysis, a fault diagnosis method based on improved multivariate
variational mode decomposition (IMVMD) and ensemble refined composite multivariate
multiscale dispersion entropy (ERCmvMDE) with multi-channel vibration data is proposed
for wind turbine planetary gearboxes. The main contributions of this study are as follows.
A comprehensive evaluation index based on orthogonality and dispersion entropy is
proposed to obtain the optimal parameters of the MVMD. An ensemble refined composite
multivariate multiscale dispersion entropy is proposed to form the composite feature. The
fault diagnosis of the wind turbine planetary gearbox is achieved with a least squares
support vector machine (LSSVM) using the proposed feature extraction method.

The remainder of this paper is organized as follows. The related theory, proposed
signal processing method, and proposed feature extraction method are introduced in
Section 2. In Section 3, the proposed fault diagnosis method is described. In Section 4,
simulation analyses are presented to verify the advantages of the proposed IMVMD and
ERCmvMDE. In Section 5, fault diagnosis using the proposed method is analyzed and
compared. Finally, the conclusions are drawn in Section 6.
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2. Methods
2.1. Improved Multivariate Variational Mode Decomposition
2.1.1. The Basic Theory of MVMD

MVMD is a multi-channel signal processing method that evolved from VMD [14].
MVMD can perform the coordinated decomposition of multi-channel signals.

Assume that a multi-channel signal S =
{

sp(t)
}p=1,2,...,P, which contains P channels,

can be decomposed into a series of intrinsic mode functions (IMFs) by MVMD as

S(t) =
K

∑
k=1

uk(t) (1)

where K is the number of IMFs, uk(t) = [u1(t), u2(t), . . . , uP(t)].
MVMD requires that the sum of the bandwidth of the IMFs be the minimum. The

original signal can be accurately reconstructed by IMFs simultaneously. The constrained
problem is expressed as follows:

min
{up,k},{ωk}

{
∑
k

∑
p

∥∥∥∂t

[
uk,p
+ (t)e−jωkt

]∥∥∥2

2

}
s.t. ∑

k
up,k(t) = sp(t), p = 1, 2, . . . , P

(2)

where ∂t[·] represents the calculation of the partial derivatives of time, and uk,p
+ (t) is the

modulating signal of the k-th IMF of the pth signal channel. ωk is the center frequency of
the IMF. The bandwidth of uk(t) can be estimated by the L2 norm of the gradient function
of uk

+(t).
To solve the problem in Equation (2), its corresponding augmented Lagrangian func-

tion can be expressed as

L({uk,p}, {ωk}, λp) = α∑
k

∑
p

∥∥∥∂t[u
k,p
+ (t)e−jωkt]

∥∥∥2

2
+ ∑

p

∥∥∥∥sp(t)− ∑
k

uk,p(t)
∥∥∥∥2

2
+

∑
p

〈
λp(t), sp(t)− ∑

k
uk,p(t)

〉 (3)

where α is the penalty factor, λp(t) represents the Lagrange multiplier, and <·,·> represents
the inner product.

The alternate direction method of multipliers (ADMM) is used to obtain the optimal
solution of MVMD for Equation (3), where the modal update is as follows:

ûn+1
k,p (ω) =

ŝp(ω)− ∑i ̸=k ûi,p(ω) +
λ̂p(ω)

2
1 + 2α(ω − ωk)

2 (4)

The center frequency update is as follows:

ωn+1
k =

∑
p

∫ ∞
0 ω

∣∣∣ûk,p(ω)
∣∣∣2dω

∑
p

∫ ∞
0

∣∣∣ûk,p(ω)
∣∣∣2dω

(5)

Owing to the ability of the MVMD method to process multiple channel data simulta-
neously, the number of IMFs obtained from each channel’s decomposition is equal, and
the center frequency is the same. This decomposition method makes signal analysis more
stable and conducive to fault diagnosis.
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2.1.2. IMVMD

The modal number K and penalty factor α in the MVMD algorithm must be set
manually, and these parameters directly affect the decomposition quality [30]. When K is
extremely small, insufficient decomposition may occur, leading to mode mixing. Pseudo-
components may appear when the K value is too large. The α value determines the
bandwidth of the IMF component, which in turn affects the MVMD.

In this paper, a comprehensive performance indicator based on orthogonality and DE
is proposed to obtain the appropriate MVMD parameters. The details of the indicator are
as follows.

DE can detect time-series complexities and dynamic mutations. This method has the
advantages of simple calculations, good robustness, and high computational efficiency.

DE(im f ) = −
ncm

∑
π=1

pe. ln pe (6)

where m denotes the embedding dimension, nc is the number of classes, and pe is the
probability of the π-th mode of the IMF. The smaller the DE value of the signal, the
smoother the IMF curves.

The orthogonality index is mainly used to evaluate the independence between the two
modes as follows:

Or(a, b) =
a·b
|a||b| (7)

where a and b are two vectors. The lower the orthogonality value, the higher the indepen-
dence of the two vectors. The larger the orthogonality index, the higher the possibility of
modal mixing.

The better decomposition effect of MVMD is reflected in reduced modal mixing and
smoother IMF curves, which means that the DE and orthogonality values are the minimum.
Since the original signal is decomposed into several IMFs, corresponding to several DEs, the
largest DE represents the worst IMF in the decomposition. If the worst IMF has a smaller
DE, the remaining IMF curves will be smoother. Therefore, a comprehensive evaluation
index is proposed in this study to assist in determining parameters K and α. The indicators
are as follows: 

min Sy(K, α) = R̂(K, α) + D̂(K, α)

R(K, α) = 1
C2

K

K
∑

i,j=i+1
Or(im fi, im f j)

D(K, α) = max{DE(im f1), DE(im f2), . . . , DE(im fK)}

(8)

where imf denotes the decomposition modal components of MVMD under control parame-
ters K and α. R̂(K, α) and D̂(K, α) are the normalization forms of the values of R(K, α) and
D(K, α) under different parameters. C2

K is the combination number.
The steps to obtain the parameters are as follows.
Step 1: The Sy values for different values of K are calculated with a constant de-

fault value of α, and the K value corresponding to the minimum Sy is obtained as the
optimal value.

Step 2: The Sy values for different values of α are calculated while keeping the optimal
K value unchanged, and the α value corresponding to the minimum Sy is obtained as the
optimal value.

According to the above steps, the optimal parameters K and α can be obtained to
improve the MVMD performance. The steps proposed in this study only require traversal
calculations within the preset range of K and α according to the step size. The amount of
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calculation is usually small, and the results can generally be obtained within a few seconds
of programming on an ordinary computer.

2.2. Ensemble Refined Composite Multivariate Multiscale Dispersion Entropy
2.2.1. The Basic Theory of mvMDE

Multivariate multiscale dispersion entropy (mvMDE) was proposed by Azami in
2019 [21]. This method has a faster calculation speed, better stability, and fewer calculation
parameters to be set and considered, making it suitable for the analysis of multivariate data.

Assume a multi-channel signal U =
{

up,b

}p=1,2,...,P

b=1,2,...,L
with P channels and a data length

of L. The calculation process for mvMDE is as follows.
(1) The coarse-graining process is used to obtain time series with different scales. The

original time series is divided into non-overlapping segments of length τ. The mean value
of each segment forms a new data series, as follows:

xτ
p,i =

1
τ

iτ
∑

b=(i−1)τ+1
up,b

where p = 1, 2, . . . , P

where i = 1, 2, . . . , (N =

⌊
L
τ

⌋
)

(9)

where N is the length of xτ
p, and τ is the scale factor.

(2) The multi-channel coarse-grained time series Xτ =
{

xτ
p,i

}p=1,2,...,P

i=1,2,...,N
is mapped to

the range of 0 to 1 using a normal distribution function as follows:

yτ
p,i =

1
σp
√

2π

∫ xτ
p,i

−∞
e

−(t − µp)
2

2σ2
p dt (10)

where σp
2 and µp are the variance and mean value of time series xτ

p, respectively.

(3) The series Yτ =
{

yτ
p,i

}p=1,2,...,P

i=1,2,...,N
continues to be mapped to different categories

as follows:
zτ,c

p,i = R(c ∗ yτ
p,i + 0.5) (11)

where zτ,c
p,i represents the i-th member of the classified signal in the p-th channel. R is the

rounding function and c is the number of categories.
(4) The time series zm,τ,c

p,j is built with embedding dimension m and time delay d,
as follows:

zm,τ,c
p,j =

{
zτ,c

p,j , zτ,c
p,j+d, zτ,c

p,j+2d . . . , zτ,c
p,j+(m−1)d

}
, j = 1, 2, · · · , N − (m + 1)d (12)

(5) Each zm,τ,c
p,j can be mapped to a dispersion pattern as

πv0v1···vm−1 , where zτ,c
p,j = v0, zτ,c

p,j+d = v1, . . . , zτ,c
p,j+(m−1)d = vm−1 (13)

Because the dispersion pattern contains m dimensions, each dimension can be one of
the integers from 1 to c. Therefore, the number of dispersion patterns for zm,τ,c

p,j is cm.
(6) The relative frequency of each potential dispersion pattern of each channel is

calculated according to Equation (13):

r(πv0v1···vm−1) =
Number

(
πv0v1···vm−1

∣∣∣zm,τ,c
p,j

)
(N − (m − 1)d)P

(14)
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where Number
(

πv0v1···vm−1

∣∣∣zm,τ,c
p,j

)
represents the number of zm,τ,c

p,j mapped to the disper-
sion pattern πv0v1···vm−1 .

(7) The mvMDE value can be calculated according to Shannon entropy as

mvMDE(u, τ, m, c, d) = −
cm

∑
π=1

r(πv0v1···vm−1). ln r(πv0v1···vm−1). (15)

2.2.2. ERCmvMDE

As stated above, equidistant segmentation and mean value methods are applied in the
coarse-graining process for mvMDE. This processing method has the following limitations.

(I) The length of the time series after coarse-grained processing will decrease signifi-
cantly with an increase in the scale factor. A shorter data length will decrease the stability
and reliability of the mvMDE calculation. Meanwhile, this coarse-graining process has only
one starting position, and the potential information in the time series processed by other
starting positions is ignored.

(II) If the coarse-graining process uses only the mean value of the signal segments,
some important information may be lost, such as the peaks and variances. This information
is usually very important for the fault diagnosis of planetary gearboxes.

An ensemble refined composite multivariate multiscale dispersion entropy (ER-
CmvMDE) method is proposed in this paper to overcome the above limitations. Firstly, the
sliding coarse-graining method is used instead of the equidistant segmentation method.
The refined composite entropy calculation is more stable. Secondly, multiple forms of
coarse-grained processing methods are adopted to extract more comprehensive fault fea-
ture information. The detailed steps of the ERCmvMDE method are as follows.

Step 1: Assuming a multi-channel signal with P channels and a data length of

L,U =
{

up,b

}p=1,2,...,P

b=1,2,...,L
, and the scale factor is τ. The τ coarse-grained sequences are

obtained as follows: Xτ
a =

{
xτ

p,a,i

}p=1,2,...,P

i=1,2,...,N

where a = 1, 2, . . . , τ and i = 1, 2, . . . , (N =
⌊

L
τ

⌋
)

(16)

Four different coarse-grained methods are used to obtain the elements of Xτ
a ,

as follows.
Coarse-grained processing by mean value:

xτ
p,a,i |mean=

1
τ

iτ+a−1

∑
b=(i−1)τ+a

up,b (17)

Coarse-grained processing by root mean square amplitude (RMSA):

xτ
p,a,i |RMSA=

 1
τ

iτ+a−1

∑
b=(i−1)τ+a

√∣∣∣up,b

∣∣∣
2

(18)

Coarse-grained processing by variance:

xτ
p,a,i |variance=

1
τ

iτ+a−1

∑
b=(i−1)τ+a

up,b −
1
τ

iτ+a−1

∑
b=(i−1)τ+a

up,b

2

(19)
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Coarse-grained processing by maximum value:

xτ
p,a,i |max= max

(i−1)τ+a≤b≤iτ+a−1
{up,b} (20)

Using the above four coarsening strategies, four types of coarsening sequence groups
can be independently calculated as Xτ

a |mean, Xτ
a |RMSA, Xτ

a |variance, and Xτ
a |max.

Step 2: For groups of coarse-grained sequences of the same type, the relative frequency
of each potential dispersion pattern for each coarse-grained sequence is calculated according
to Equations (10)–(14), and the average relative frequency of each potential dispersion
pattern for all different starting points is calculated as follows:

r(πv0v1···vm−1) =
1
τ

τ

∑
a=1

r(πv0v1···vm−1 |X
τ
a ) (21)

where r(πv0v1···vm−1 |Xτ
a ) represents the relative frequency of the dispersion patterns of the

a-th coarse-grained sequence.
Step 3: The RCmvMDE value can be calculated according to Shannon entropy as

RCmvMDE(u, τ, m, c, d) = −
cm

∑
π=1

r(πv0v1···vm−1). ln r(πv0v1···vm−1). (22)

Step 4: The RCmvMDE values calculated with the different coarse-graining strategies
are combined to obtain the ERCmvMDE, as follows:

ERCmvMDE(u, τ, m, c, d) = {RCmvMDEmean(u, τ, m, c, d), . . .
. . . , RCmvMDEmax(u, τ, m, c, d), . . .
. . . , RCmvMDERMSA(u, τ, m, c, d), . . .
. . . , RCmvMDEvariance(u, τ, m, c, d)}

(23)

The ERCmvMDE contains the RCmvMDE when using mean value coarsening strategies.

3. The Structure of the Proposed Method
In this study, a fault diagnosis method based on IMVMD, ERCmvMDE, and the

LSSVM is proposed for planetary gearboxes. The fault diagnosis flowchart is shown in
Figure 1.
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The detailed steps of the proposed methods are as follows.
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Step 1: The appropriate parameter values of K and α are obtained by the proposed
IMVMD, and the multi-channel signal of the planetary gearbox is decomposed to obtain
the IMFs.

Step 2: The ERCmvMDE values of the IMFs are calculated and used as feature vectors
for fault diagnosis.

Step 3: The LSSVM is trained using feature vectors, and the trained LSSVM is used to
classify the predicted samples for fault diagnosis.

4. Simulation Analyses
In this section, the performance of the IMVMD and ERCmvMDE methods proposed

in this study is verified through simulations.

4.1. Simulation Analysis of IMVMD

Multi-channel observation signals with multiple characteristic frequencies are consid-
ered as X(t) = {X1(t) + nG(t), X2(t) + nG(t)}, where nG(t) is Gaussian white noise. The signal
to noise ratio (SNR) is set to −5 dB, and the observation signals can be described as follows:{

x1(t) = cos(2π ∗ 10t) + 0.5 ∗ cos(2π ∗ 20t) + 0.25 ∗ cos(2π ∗ 30t)
x2(t) = 2 ∗ cos(2π ∗ 10t + π/2) + 1.5 ∗ cos(2π ∗ 20t + π/2) + cos(2π ∗ 30t + π/2)

(24)

The multi-channel signal contains components of 10 Hz, 20 Hz, and 30 Hz, which
are similar to the basic frequency and multiple frequencies of a planetary gearbox. The
observed waveforms are shown in Figure 2.
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It can be seen that the Sy value reaches a minimum when K is 3, which means that the
IMFs are the most regular and smooth and are not easily mixed up. The decomposition
performance of MVMD is best when K is equal to 3. There are just three frequency compo-
nents in the original signals according to Equation (24), which indicates that IMVMD has
obtained the optimal K.

The Sy values for different values of α∈[100, 5000] are calculated using a constant
default value of K = 3, where the step of α is 100. The results are shown in Figure 4.
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As shown in Figure 4, it can be seen that when α is 3600, the fitness function has a
minimum value. Therefore, the optimal parameters obtained by IMVMD are K = 3 and
α = 3600. The final decomposition effects of IMVMD are shown in Figure 5.
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As shown in Figure 5, both channel signals are decomposed into IMFs that are smooth
and regular. As shown in the frequency spectra of the IMFs, the center frequencies of the
IMFs of the two-channel signals are strictly related to the three characteristic frequencies
of the original signal. As shown in Figure 5a, the 30 Hz component of x1 almost disap-
pears under strong noise interference, but the IMF with a 30 Hz center frequency is still
decomposed by IMVMD. The results indicate that IMVMD has excellent performance in
signal decomposition.

4.2. Simulation Analysis of ERCmvMDE

To verify the performance of the proposed ERCmvMDE, multi-channel signals formed
by power-law noise and white noise are applied. Power-law noise is colored noise based
on white noise, and it is difficult to distinguish between white noise and power-law noise
directly in the time domain.

Signals with three channels are applied in this section. As the signals are formed by
power-law noise and white noise, four types of multi-channel signals are formed with three
independent channel signals as follows: (1) all three channels contain white noise; (2) two
channels contain white noise and one channel contains power-law noise; (3) one channel
contains white noise and two channels contain power-law noise; (4) all three channels
contain power-law noise. The length of the multi-channel signal is 1024, and each type of
data is independently generated into 20 groups.

The RCmvMSE [21], RCmvMFE [26], RCmvMDE [27], and ERCmvMDE methods are
used to calculate the entropy of the multi-channel signals. The parameters for the different
methods are listed in Table 1. The mean values and standard deviations (SDs) of the results
obtained by the different methods are shown in Figure 6.

Table 1. The parameter settings for the different methods.

Method Unique Parameters Common Parameters

ERCmvMDE Number of classes is 6 Scale factor is 20
Scalar embedding value is 2

Scalar time lag value is 1

RCmvMDE Number of classes is 6
RCmvMSE Scalar threshold value is 0.15

RCmvMFE Scalar threshold value is 0.15
Fuzzy power is 2

Figure 6a–c show the mean values and SDs of RCmvMFE, RCmvMSE, and RCmvMDE,
respectively. Figure 6c–f show the mean values and SDs of the results for ERCmvMDE.
RCmvMFE and RCmvMSE have larger SDs, particularly for signals with more channels
of power-law noise. RCmvMDE and ERCmvMDE have small SDs, which means that
these methods have good computational stability. As shown in Figure 6a,b, the entropies
of the four types of signals cannot be distinguished from each other well. However, the
ERCmvMDE values of the four types of signals can be clearly distinguished from each other.

The ERCmvMDE values based on the mean value, maximum value, and RMSA
decrease with an increase in the scale factor, and there is a more significant decrease if the
signal contains more white noise channels. However, the ERCmvMDE values based on
variance show the opposite trend. This indicates that ERCmvMDE can obtain more useful
information than RCmvMDE.

The results indicate that ERCmvMDE not only has good computational stability but
can also extract rich and effective feature information.
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5. Experimental Analyses
5.1. Description of the Case

A public failure dataset for a planetary gearbox, named the ‘WT-Planetary Gearbox
Dataset’, provided by Liu et al. [31], was used to verify the proposed method. The failure
data were produced by a drive train dynamic simulator to simulate the vibration data of
a planetary gearbox of a wind turbine. The test rig included a planetary gearbox, motor,
fixed-shaft gearbox, loads, and data collection device. The planetary gearbox consisted
of four planet gears and a sun gear, and the detailed parameters of the planetary gearbox
are listed in Table 2. The planetary gearbox was operated under five different conditions:
healthy, broken tooth of sun gear, wear gear of sun gear, root crack of sun gear, and missing
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tooth of sun gear. The vibration data in the two directions, i.e., X and Y, were collected at a
sampling frequency of 48 k Hz.

Table 2. The parameters of the planetary gearbox.

Rotating Frequency of Sun Gear Tooth Number

fr = 20 Hz Sun gear Ring gear Planet gear
28 100 36

The time-domain waveforms of the vibration data under different operating conditions
are shown in Figure 7.
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Because the dataset had sufficiently long data samples and the collection time for each
condition exceeded 5 min, the dataset contained over 14 million data points for each opera-
tion condition. The dataset for each operation condition was evenly segmented into 200
groups, and each group contained 72,000 data points. Then, a sample of 1024 consecutive
points with random starting positions was selected for each group, and a non-overlapping
sample dataset was built for analysis in this study. Because of the use of the LSSVM for
sample classification in this study, the dataset had to be divided into a training set and a
testing set. The detailed parameters of the dataset are listed in Table 3.

Table 3. Parameters of sample dataset.

Operation Condition Data Length Number of
Train Samples

Number of
Test Samples Label

Healthy

1024 120 80

1
Broken tooth 2
Missing tooth 3

Root crack 4
Wear gear 5

5.2. Feature Extraction Performance

The vibration dataset of the planetary gearbox was processed by IMVMD, and the
optimal parameters obtained by IMVMD were K = 4 and α = 140. The vibration datasets
were decomposed by IMVMD with the optimal parameters. Then, the IMFs were processed
by ERCmvMDE to extract features, and RCmvMSE, RCmvMFE, and RCmvMDE were also
applied to extract features for comparison. The mean values and SDs of the results are
shown in Figure 8.
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Figure 8a–c show the mean values and SDs of RCmvMFE, RCmvMSE, and RCmvMDE,
respectively. Figure 8c–f show the mean values and SDs of the results for ERCmvMDE. The
mean values of RCmvMSE, RCmvMFE, and RCmvMDE for IMF2 to IMF4 were less smooth
as the scale factor increased, and the mean values of the different operating conditions
were significantly mixed. It was difficult to achieve effective fault diagnosis. As shown
in Figure 8d–f, the mean values of each IMF had better continuity as the scale factor
increased, and the distance between each operating condition increased significantly, which
suppressed the mixing problem. These results indicate that the features extracted by
ERCmvMDE are more conducive to fault diagnosis.

As the feature extraction methods are based on the multiscale entropy of the IMFs,
the dimensions of the features are always too large, which makes intuitive judgment
difficult. Thus, the t-Distributed Stochastic Neighbor Embedding (t-SEN) method was
applied to enable the multi-dimensional features to be displayed in a 2D space. The t-SEN
visualizations of the different feature extraction methods are shown in Figure 9.
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where  b
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Figure 9. The t-SEN visualizations of different feature extraction methods. (a) IMVMD+ RCmvMSE,
(b) IMVMD + RCmvMFE, (c) IMVMD + RCmvMDE, (d) IMVMD + ERCmvMDE.

As shown in Figure 9, the sample features based on RCmvMSE and RCmvMFE be-
tween different operating conditions were too close, which is not conducive to classification.
The sample feature of RCmvMDE appeared to exhibit a clustering phenomenon, but some
of them appeared to be mixed. The sample feature based on ERCmvMDE appeared clus-
tered for different operation conditions, but the features of each operation condition could
be separated well. In order to quantitatively illustrate the effects of the different feature
extraction methods, the within-class scatter, between-class scatter, and a separability index
were used to measure the clustering and classification effects of the feature datasets [32].
The between-class scatter describes the classification effect between samples of different
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classes, while the within-class scatter describes the clustering effect between samples of the
same class. The calculation of these indices is as follows:

Sb =
2

C(C − 1)

C−1
∑

k=1

C
∑

l=k+1
∥yk − yl∥

Sw =
1
C

1
n

C
∑

k=1

n
∑

i=1
∥yki − yk∥

γ =
Sb
Sw

yk =
1
n

n
∑

i=1
yki

yki(k = 1, 2, . . . , C; i = 1, 2, . . . , n)

(25)

where Sb is the between-class scatter, Sw is the within-class scatter, γ represents the sepa-
rability index, yki(k = 1, 2, . . . , C; i = 1, 2, . . . , n) is the dataset of features, C is the number
of classes, and n is the sample number. The larger Sb and γ are and the smaller Sw is, the
better the clustering and classification effects of the feature set.

The evaluation indices of the features extracted by the different methods are listed in
Table 4.

Table 4. The evaluation indices of the features extracted by the different methods.

Method Sb Sw γ

IMVMD+ RCmvMSE 29.109 37.130 0.784
IMVMD + RCmvMFE 25.297 38.374 0.660
IMVMD + RCmvMDE 40.459 38.117 1.060

IMVMD + ERCmvMDE 55.202 27.857 1.982

The results indicate that the proposed method based on IMVMD and ERCmvMDE
has better performance in the feature extraction of the wind turbine planetary gearbox.

5.3. Fault Diagnosis Analyses

The LSSVM was applied for fault classification; the training sample set, test sample
set, and sample labels were set as shown in Table 3.

5.3.1. Performance of IMVMD in Fault Diagnosis

To verify the performance of IMVMD in fault diagnosis, the IMFs were obtained with
the optimal parameters (K = 4, α = 140) and default parameters (K = 5, α = 200). The
ERCmvMDE of the IMFs was then calculated and formed as a feature vector for the LSSVM.
Confusion diagrams of the fault diagnosis results are shown in Figure 10.
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The results indicated that the fault diagnosis accuracy based on the optimal parameters
obtained by IMVMD was significantly improved. The fault diagnosis accuracy can reach
99.5% when using the method proposed in this study. The results further demonstrate that
IMVMD can improve the decomposition efficiency.

5.3.2. Performance of ERCmvMDE in Fault Diagnosis

To verify the performance of ERCmvMDE in fault diagnosis, feature extraction meth-
ods based on different entropies were compared for fault diagnosis. The IMFs were obtained
by IMVMD, and the RCmvMSE, RCmvMFE, RCmvMDE, and ERCmvMDE of the IMFs
were calculated and formed as a feature vector for the LSSVM. Confusion diagrams of the
fault diagnosis results are shown in Figure 11.
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As shown in Figure 11, the fault diagnosis accuracies based on RCmvMSE, RCmvMFE,
RCmvMDE, and ERCmvMDE were 96.5%, 97.75%, 97.5%, and 99.5%, respectively. Feature
extraction based on ERCmvMDE provided better fault diagnosis than the other feature
extraction methods. The fault diagnosis based on RCmvMSE resulted in incorrect results
for the broken tooth, crack, and wear gear conditions. The fault diagnosis based on
RCmvMFE resulted in some incorrect results in almost all conditions, except for the missing
tooth condition. Fault diagnosis based on RCmvMDE resulted in incorrect results under
almost all conditions except the wear gear condition. The proposed fault diagnosis method
resulted in fewer incorrect results, and there were only two mistakes in the broken tooth
and crack conditions.
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To validate the adaptability of the proposed method across different data samples,
a random starting point approach was employed to acquire diverse samples. As stated
above, the original data were evenly segmented into 200 groups with 72,000 data points for
each state, and the sample data length was only 1024. Therefore, a random starting point
could form diverse data samples. The data sample sets were randomly generated 20 times,
the IMFs were obtained by IMVMD, and the RCmvMSE, RCmvMFE, RCmvMDE, and
ERCmvMDE of the IMFs were calculated and formed as a feature vector for the LSSVM.
The average fault diagnosis accuracies are listed in Table 5.

Table 5. Average fault diagnosis accuracies of different methods when applied 20 times.

Method RCmvMSE RCmvMFE RCmvMDE ERCmvMDE

Average accuracy 96.44% 97.18% 96.94% 99.31%

The results indicate the proposed methods still had good performance with different
data sample sets.

The above experimental analysis results indicate that the proposed IMVMD and
ERCmvMDE can make feature extraction more effective, and the proposed fault diagnosis
method performs well in the fault diagnosis of wind turbine planetary gearboxes.

6. Conclusions
Feature extraction from multi-channel vibration signals is an important issue for the

fault diagnosis of wind turbine planetary gearboxes. A fault diagnosis method based on a
novel feature extraction method was proposed in this study. Firstly, an improved MVMD
was proposed to obtain the optimal parameters of the MVMD, which would make the
MVMD more effective. Secondly, ERCmvMDE was proposed to extract rich and effective
feature information. Finally, the LSSVM was applied for fault classification. The following
conclusions were drawn from the simulations and experimental studies.

(a) IMVMD can obtain the optimal parameters of K and α of MVMD, which will affect
the decomposition effect. The fault diagnosis accuracy when using IMVMD was higher
than that using MVMD.

(b) ERCmvMDE not only exhibits good computational stability but can also extract
rich and effective feature information.

(c) The fault diagnosis accuracy using ERCmvMDE was higher than that using
RCmvMSE, RCmvMFE, and RCmvMDE in the experimental study. In additional, testing
work needs to be conducted to verify the broad applicability of this method in wind turbine
planetary gearbox fault diagnosis in the future.

Author Contributions: Methodology, X.X.; Software, X.W.; Formal analysis, X.X.; Data curation, X.W.
and W.C.; Writing—original draft, W.C.; Writing—review & editing, X.X. All authors have read and
agreed to the published version of the manuscript.

Funding: This work was supported by the Suqian Sci & Tech Program (Grant No. H202410).

Institutional Review Board Statement: Not applicable.

Data Availability Statement: The data that support the findings of this study are available upon
request from the authors.

Conflicts of Interest: Author Weilin Chen are employed by BLUE.x.y Intelligent Technology Co., Ltd.
The remaining authors declare that the research was conducted in the absence of any commercial or
financial relationships that could be construed as a potential conflict of interest.



Entropy 2025, 27, 192 19 of 20

References
1. Tao, H.; Shi, H.; Qiu, J.; Jin, G.; Stojanovic, V. Planetary gearbox fault diagnosis based on FDKNN-DGAT with few labeled data.

Meas. Sci. Technol. 2023, 35, 025036. [CrossRef]
2. Ha, J.M.; Fink, O. Domain knowledge-informed synthetic fault sample generation with health data map for cross-domain

planetary gearbox fault diagnosis. Mech. Syst. Signal Process. 2023, 202, 110680. [CrossRef]
3. Amin, A.; Bibo, A.; Panyam, M.; Tallapragada, P. Vibration based fault diagnostics in a wind turbine planetary gearbox using

machine learning. Wind Eng. 2023, 47, 175–189. [CrossRef]
4. Liu, X. Vibration modelling and fault evolution symptom analysis of a planetary gear train for sun gear wear status assessment.

Mech. Syst. Signal Process. 2022, 166, 108403. [CrossRef]
5. Nie, Y.; Li, F.; Wang, L.; Li, J.; Wang, M.; Sun, M.; Li, G.; Li, Y. Phenomenological vibration models of planetary gearboxes for gear

local fault diagnosis. Mech. Mach. Theory 2022, 170, 104698. [CrossRef]
6. Yang, Y.; Hu, N.; Li, Y.; Cheng, Z.; Shen, G. Dynamic modeling and analysis of planetary gear system for tooth fault diagnosis.

Mech. Syst. Signal Process. 2024, 207, 110946. [CrossRef]
7. Huang, N.E.; Shen, Z.; Long, S.R.; Wu, M.C.; Shih, H.H.; Zheng, Q.; Yen, N.-C.; Tung, C.C.; Liu, H.H. The empirical mode

decomposition and the Hilbert spectrum for nonlinear and non-stationary time series analysis. Proc. R. Soc. Lond. Ser. A Math.
Phys. Eng. Sci. 1998, 454, 903–995. [CrossRef]

8. Dragomiretskiy, K.; Zosso, D. Variational mode decomposition. IEEE Trans. Signal Process. 2013, 62, 531–544. [CrossRef]
9. Zhang, B.C.; Sun, S.Q.; Yin, X.J.; He, W.D.; Gao, Z. Research on Gearbox Fault Diagnosis Method Based on VMD and Optimized

LSTM. Appl. Sci. 2023, 13, 11637. [CrossRef]
10. Li, Y.; Cheng, G.; Liu, C.; Chen, X. Study on planetary gear fault diagnosis based on variational mode decomposition and deep

neural networks. Measurement 2018, 130, 94–104. [CrossRef]
11. Lipinski, P.; Brzychczy, E.; Zimroz, R. Decision tree-based classification for planetary gearboxes’ condition monitoring with the

use of vibration data in multidimensional symptom space. Sensors 2020, 20, 5979. [CrossRef]
12. Rilling, G.; Flandrin, P.; Gonçalves, P.; Lilly, J.M. Bivariate empirical mode decomposition. IEEE Signal Process. Lett. 2007, 14,

936–939. [CrossRef]
13. Rehman, N.; Mandic, D.P. Multivariate empirical mode decomposition. Proc. R. Soc. A Math. Phys. Eng. Sci. 2010, 466, 1291–1302.

[CrossRef]
14. Rehman, N.; Aftab, H. Multivariate variational mode decomposition. IEEE Trans. Signal Process. 2019, 67, 6039–6052. [CrossRef]
15. Wang, Q.; Wang, X.; Song, Q.; Jiang, X. Improved MVMD Method and Its Application in Bearing Fault Diagnosis. Noise Vib.

Control 2023, 43, 88–94. Available online: https://nvc.sjtu.edu.cn/EN/Y2023/V43/I6/88 (accessed on 15 September 2024).
16. Li, Y.; Feng, K.; Liang, X.; Zuo, M.J. A fault diagnosis method for planetary gearboxes under non-stationary working conditions

using improved Vold-Kalman filter and multi-scale sample entropy. J. Sound Vib. 2019, 439, 271–286. [CrossRef]
17. Li, Y.; Li, G.; Yang, Y.; Liang, X.; Xu, M. A fault diagnosis scheme for planetary gearboxes using adaptive multi-scale morphology

filter and modified hierarchical permutation entropy. Mech. Syst. Signal Process. 2018, 105, 319–337. [CrossRef]
18. Wei, Y.; Yang, Y.; Xu, M.; Huang, W. Intelligent fault diagnosis of planetary gearbox based on refined composite hierarchical fuzzy

entropy and random forest. ISA Trans. 2021, 109, 340–351. [CrossRef]
19. Sharma, S.; Tiwari, S.K. A novel feature extraction method based on weighted multi-scale fluctuation based dispersion entropy

and its application to the condition monitoring of rotary machines. Mech. Syst. Signal Process. 2022, 171, 108909. [CrossRef]
20. Li, H.; Huang, J.; Yang, X.; Luo, J.; Zhang, L.; Pang, Y. Fault diagnosis for rotating machinery using multiscale permutation

entropy and convolutional neural networks. Entropy 2020, 22, 851. [CrossRef]
21. Ahmed, M.U.; Mandic, D.P. Multivariate multiscale entropy analysis. IEEE Signal Process. Lett. 2011, 19, 91–94. [CrossRef]
22. Ahmed, M.U.; Chanwimalueang, T.; Thayyil, S.; Mandic, D.P. A multivariate multiscale fuzzy entropy algorithm with application

to uterine EMG complexity analysis. Entropy 2017, 19, 2. [CrossRef]
23. Azami, H.; Fernández, A.; Escudero, J. Multivariate multiscale dispersion entropy of biomedical times series. Entropy 2019,

21, 913. [CrossRef]
24. Humeau-Heurtier, A. Multivariate refined composite multiscale entropy analysis. Phys. Lett. A 2016, 380, 1426–1431. [CrossRef]
25. Wang, Z.; Yao, L.; Cai, Y. Rolling bearing fault diagnosis using generalized refined composite multiscale sample entropy and

optimized support vector machine. Measurement 2020, 156, 107574. [CrossRef]
26. Azami, H.; Escudero, J. Refined composite multivariate generalized multiscale fuzzy entropy: A tool for complexity analysis of

multichannel signals. Phys. A Stat. Mech. Its Appl. 2017, 465, 261–276. [CrossRef]
27. Azami, H.; Rostaghi, M.; Abásolo, D.; Escudero, J. Refined composite multiscale dispersion entropy and its application to

biomedical signals. IEEE Trans. Biomed. Eng. 2017, 64, 2872–2879. [CrossRef]
28. Chen, G.; Lu, T.; Wang, X.; Wei, Y.; Ma, H. Fault severity identification of planetary gearbox based on refined composite multiscale

diversity entropy. Trans. Inst. Meas. Control 2024, 46, 2161–2173. [CrossRef]

https://doi.org/10.1088/1361-6501/ad0f6d
https://doi.org/10.1016/j.ymssp.2023.110680
https://doi.org/10.1177/0309524X221123968
https://doi.org/10.1016/j.ymssp.2021.108403
https://doi.org/10.1016/j.mechmachtheory.2021.104698
https://doi.org/10.1016/j.ymssp.2023.110946
https://doi.org/10.1098/rspa.1998.0193
https://doi.org/10.1109/TSP.2013.2288675
https://doi.org/10.3390/app132111637
https://doi.org/10.1016/j.measurement.2018.08.002
https://doi.org/10.3390/s20215979
https://doi.org/10.1109/LSP.2007.904710
https://doi.org/10.1098/rspa.2009.0502
https://doi.org/10.1109/TSP.2019.2951223
https://nvc.sjtu.edu.cn/EN/Y2023/V43/I6/88
https://doi.org/10.1016/j.jsv.2018.09.054
https://doi.org/10.1016/j.ymssp.2017.12.008
https://doi.org/10.1016/j.isatra.2020.10.028
https://doi.org/10.1016/j.ymssp.2022.108909
https://doi.org/10.3390/e22080851
https://doi.org/10.1109/LSP.2011.2180713
https://doi.org/10.3390/e19010002
https://doi.org/10.3390/e21090913
https://doi.org/10.1016/j.physleta.2016.02.029
https://doi.org/10.1016/j.measurement.2020.107574
https://doi.org/10.1016/j.physa.2016.07.077
https://doi.org/10.1109/TBME.2017.2679136
https://doi.org/10.1177/01423312241232006


Entropy 2025, 27, 192 20 of 20

29. Su, H.; Wang, Z.; Cai, Y.; Ding, J.; Wang, X.; Yao, L. Refined composite multiscale fluctuation dispersion entropy and supervised
manifold mapping for planetary gearbox fault diagnosis. Machines 2023, 11, 47. [CrossRef]

30. Yang, H.; Gao, L.; Li, G. Underwater acoustic signal prediction based on MVMD and optimized kernel extreme learning machine.
Complexity 2020, 2020, 6947059. [CrossRef]

31. Liu, D.; Cui, L.; Cheng, W. A review on deep learning in planetary gearbox health state recognition: Methods, applications, and
dataset publication. Meas. Sci. Technol. 2023, 35, 012002. [CrossRef]

32. Zhao, R.; Xue, Y.; Wu, Y. Rolling bearing fault data set dimension reduction method of improved Dt-SNE. J. Lanzhou Univ. Technol.
2022, 48, 42–49. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/machines11010047
https://doi.org/10.1155/2020/6947059
https://doi.org/10.1088/1361-6501/acf390
https://doi.org/10.3969/j.issn.1673-5196.2022.03.007

	Introduction 
	Methods 
	Improved Multivariate Variational Mode Decomposition 
	The Basic Theory of MVMD 
	IMVMD 

	Ensemble Refined Composite Multivariate Multiscale Dispersion Entropy 
	The Basic Theory of mvMDE 
	ERCmvMDE 


	The Structure of the Proposed Method 
	Simulation Analyses 
	Simulation Analysis of IMVMD 
	Simulation Analysis of ERCmvMDE 

	Experimental Analyses 
	Description of the Case 
	Feature Extraction Performance 
	Fault Diagnosis Analyses 
	Performance of IMVMD in Fault Diagnosis 
	Performance of ERCmvMDE in Fault Diagnosis 


	Conclusions 
	References

