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Abstract: To realize a quantitative diagnosis of faults in the planetary gearboxes of wind turbines
by processing the complex frequency signals of the planetary gear boxes and avoiding the aliasing
problem of the resulting frequencies, this paper proposes a diagnosis method based on improved
variational mode decomposition (IVMD) and average multi-scale double symbolic dynamic entropy
(AMDSDE). Moreover, an IVMD algorithm based on multi-scale permutation entropy is introduced
to reduce noise interference and realize signal demodulation. Considering the effects of complex
transfer paths and the correlation between current and adjacent state modes, AMDSDE is proposed.
Each fault size is obtained based on the entropy curve, and the AMDSDE of unknown faults is
calculated. To verify the accuracy of the proposed method, simulations and experimental signals
are processed. The quantitative diagnosis of the planetary gearboxes of wind turbines is realized,
providing a reliable basis for evaluating the health status of planetary gearboxes.

Keywords: entropy; fault diagnosis; signal analysis; signal-to-noise ratio; signal processing algorithms

1. Introduction

With the steady advancement of the ‘double carbon’ policy in China, the application
of wind turbines has gradually become more widespread. As the core components of
wind turbines, monitoring the status of planetary gearboxes is crucial to their operating
conditions and health. During the operation of planetary gearboxes, various types of faults
may occur, such as tooth breakage, tooth loss, cracks, and pitting, while certain faults such
as wear can persist throughout their life cycle. Due to the complexity related to the working
environment and equipment, the downtime for maintenance of planetary gearboxes can
severely affect the overall productive efficiency. So, the quantitative diagnosis of key com-
ponent faults in planetary gearboxes is of particular importance. As external excitations
change, the input speed of the planetary gearbox changes as well, due to which conven-
tional fault [1] frequency feature extraction methods experience a significant “frequency
ambiguity” phenomenon. To eliminate this phenomenon, the original signal needs to be
resampled in the angle domain and be transformed into an angle-domain stationary signal
that is not affected by speed changes. These may result in significant noise interference
in the gearbox vibration signal, in addition to fault impact signals. At the same time,
the unique multi-point meshing characteristics and signal transmission path differences
of planetary gearboxes make the collected vibration signal a complex modulation signal.
Consequently, it is difficult to extract quantitative indicators for the modulation signal of
planetary gearboxes that contain strong noise interference. In this case, the signal needs to
be demodulated and denoised before calculating its quantitative indicators.

To this end, Huang et al. [2] proposed a new algorithm called tensor singular spectral
decomposition for adaptively decomposing multi-channel time series. In recent years,
with the intersection of fault diagnosis and computer fields, fault diagnosis methods [3–5]
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based on deep learning have gradually become popular, such as transfer learning, digital
twins, etc. In Ref. [6], a coupled convolutional residual network is proposed to realize the
information stream fusion. To improve diagnostic accuracy, Zhang et al. [7] proposed a
digital twin-driven fault diagnosis framework using labeled simulated data and unlabeled
measured data to achieve cross-domain feature alignments in scenarios where the health
conditions of the measured data are unknown. Ref. [8] innovatively proposed a univer-
sal source-free domain adaptation method that can handle cross-domain fault diagnosis
scenarios without access to source data and is free of explicit assumptions about target
fault modes.

Their method can better extract weak fault quantification features hidden in the orig-
inal multi-channel signal. Variational modal decomposition (VMD) was first proposed
by Dragomiretskiy et al. [9] and is an algorithm that can effectively demodulate multiple
impact signals with a good denoising effect. VMD uses the non-recursive decomposition
method that can effectively solve the endpoint effects and mode-mixing problems of empir-
ical modal decomposition (EMD) and local mean decomposition (LMD). Currently, a large
body of research has demonstrated that VMD is effective and has significant advantages in
signal demodulation and denoising [10–13]. Li et al. [14] proposed a fault diagnosis method
for gear cracks and broken teeth based on variational modal decomposition–data-driven
time—frequency analysis (VMD–DDTFA), and] reported that the VMD algorithm has a cer-
tain effect on signal denoising. Zheng et al. [15] introduced a locust optimization algorithm
with correlation kurtosis as the adaptive fitness function, which can adaptively select the
VMD parameters. Tang et al. [16] proposed fault identification methods for key parts of in-
ternal combustion engines based on VMD. Li et al. [17] proposed an optimization algorithm
for VMD transformation parameters, which is conducive to signal decomposition and
reconstruction, and applied it to bearing fault discrimination. The accuracy of obtaining the
intrinsic mode function (IMF) components via VMD transformation mainly depends on the
selection of parameters. The currently available research mainly selects parameters based
on prior knowledge or optimizes only one of the parameters, limiting the applicability
of the method. Aiming at the shortcomings of the traditional VMD algorithm, this paper
proposes an improved VMD (IVMD) algorithm based on multi-scale permutation entropy
(MPE), which can select the optimal combination of VMD parameters to obtain the intrinsic
modal components containing fault signals.

It is of great significance to introduce a feature indicator that can reflect the size of the
fault for the diagnosis of key planetary gearbox components. Studies have revealed that
entropy has the characteristic of effectively reflecting changes in fault size. The entropy
theory was first proposed by Shannon [18]. Shannon entropy paved the way for the further
study and application of the entropy theory. Khandaker [19] proposed a scale-independent
flexible bearing health monitoring index based on the energy entropy of the time–frequency
manifold, which combined the concepts of the time–frequency manifold and Shannon
entropy to construct an accurate bearing health monitoring index, and several applications
in the field of fault diagnosis have been reported [20–22]. Bhabesh proposed an improved
distribution entropy (ImDistEn) in Ref. [23], which achieved a clear distinction between
different classes of real-world signals, in addition to accurately evaluating the complexity
of various synthetic signals. The above method is applied to the analysis of complex signals;
however, there are still certain limitations. Daw et al. [24] proposed a symbolic time series
analysis algorithm based on the theories of symbolic dynamics, chaotic time series analysis,
and information theory, which is faster, simpler, and more effective in processing vibration
signals compared to other entropy-based methods. In particular, the algorithm converts
the original time series into a symbolic sequence with a finite number of values, which
is a coarse-grained process. Based on symbolic time series analysis, Kurths et al. [25]
proposed the concept of symbolic dynamic entropy (SDE). In another study, Chen et al. [26]
applied SDE to bearing fault diagnosis. Nonetheless, existing SDE algorithms consider
only the effect of the probability of each state mode during their calculation process, and
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they perform well in processing simple signals such as bearing faults or gear faults of
fixed-shaft gearboxes.

Due to the modulation phenomenon and phase difference caused by the transmission
path in planetary gearboxes, traditional SDE algorithms cannot contain all the fault informa-
tion, leading to an inaccurate reflection of the actual fault condition of the planetary gearbox.

The signals of planetary gearboxes are complex, and the symbolic entropy of a single
scale is inadequate for extracting the true features of the signal. To address this issue, Costa
et al. [27] introduced a scale factor and proposed the multi-scale entropy (MSE) concept.
Ding et al. [28] introduced SDE Multi-scale to endow the extracted features with greater
advantages and higher sensitivity. Li et al. [29] proposed the multi-scale symbolic dynamic
entropy (MSDE) method and applied it to extract the fault features of a planetary gearbox,
achieving good results. In their work, Han et al. [30] applied MSDE to fault diagnosis of
bearings and identified the fault type and degree of rolling bearings.

Currently, the scale selection of multi-scale entropy relies primarily on experience.
A scale that is too small may lead to signal aliasing, while a scale that is too large may
result in scale repetition and computational efficiency reduction. Hence, the suitability of
the selected scale directly affects the authenticity of the entropy value in reflecting signal
features. Furthermore, due to the complex operating conditions of such equipment, various
noise impacts may appear in the time domain signal, causing the entropy values to jump
and affecting the accuracy. To address the problems of the above research, where traditional
SDE algorithms cannot fully capture all the fault information of planetary gearboxes, this
paper takes the relationship between the state mode matrix and its adjacent mode matrix
into consideration and introduces the concept of double symbolic dynamic entropy (DSDE).
To address the issues relating to scale selection and entropy parameter selection, this paper
builds on the DSDE concept and proposes AMDSDE. This algorithm scales the DSDE and
calculates the average of the resulting entropy values to avoid the effects of individual
noise shocks on the overall system. In addition, it adaptively selects the best scale based
on the entropy value change characteristics at each scale. The 3-sigma principle is applied
to calculate the failure threshold for fault scales. Subsequently, the proposed method is
used to process simulated and experimental signals of various sizes of sun gear faults in
planetary gearboxes.

The remainder of this paper is as follows. Section 2 presents the basic theory and
parameter optimization selection method of the traditional VMD algorithm. Section 3 intro-
duces the calculation method of the SDE and the AMDSDE theory. Section 4 demonstrates
the application of the IVMD and AMDSDE methods in the analysis of planetary gearbox
fault signals and the calculation of critical thresholds using the 3-sigma principle under
actual working conditions. Lastly, Section 5 draws the conclusions.

2. IVMD Algorithm

VMD is mainly used for constrained variational problems to achieve an adaptive
solution, obtaining the central frequency and bandwidth of each component through
iterative calculations, and ultimately dividing the original signal into several IMF signals
in the frequency domain.

The parameters of the VMD algorithm include the number of decomposition layers K,
the Lagrange multiplier λ, the quadratic penalty factor α, the fidelity parameter τ, the initial
center frequency ω̂1

k , and the convergence condition parameter ε. Among them, according
to Ref. [9], K, α, and τ are the parameters that significantly affect the VMD algorithm, and
selecting different values would result in different decomposition results. More specifically,
K determines the number of IMF components; thus, it affects the actual number of reso-
nance frequency bands contained in the IMF components. The quadratic penalty factor
α affects the optimization bandwidth range of the IMF components and directly affects
their convergence capability. Moreover, the selection of the fidelity parameter τ directly
affects the energy loss ratio between the sum of all IMF components and the original signal.
Currently, the research on the input variable parameters relies mainly on empirical values
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or focuses only on the number of decomposition layers K. The VMD transformation of each
parameter is a combination factor with cross-effects; by simply considering the variation of
a single parameter, accurate IMF components cannot be obtained. Therefore, it is essential
to select a more targeted parameter combination based on the signal characteristics.

This study found that the permutation entropy can reflect the periodicity of vibration
signals. The purpose of VMD transformation is to obtain a series of impact signals with
different frequencies exhibiting periodic characteristics. Consequently, this paper proposes
an IVMD algorithm based on multi-scale permutation entropy. In particular, based on
the principle of the minimum permutation entropy of IMF components, the grid search
algorithm is employed to optimize the VMD parameters. The specific steps for parameter
optimization are as follows:

(1) The search range, search step, initial value of the decomposition layer K, and the
quadratic penalty factor α are set.

(2) A two-dimensional grid is constructed on the coordinate system (K, α), the grid is
divided according to the search range and search step, and the VMD corresponding
to each grid point parameter is calculated.

(3) Based on the parameter combination corresponding to each grid point, the signal
of each fault size of the planetary gearbox (Figure 1) sun gear is decomposed via
VMD, and the mean multi-scale permutation entropy value of all IMF components is
calculated separately.

(4) The mean multi-scale permutation entropy value of all grid points is calculated in
turn. The grid (K, α) corresponding to the maximum entropy value is the optimal
decomposition parameter combination.

(5) The (K, α) obtained in Step 4 is set as the combination parameter of VMD transfor-
mation, VMD transformation on the signal is performed, and the spectrum of the
reconstructed signal is calculated to determine the fault type.
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Figure 1. Planetary gear structure diagram and fault diagram. 
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Figure 1. Planetary gear structure diagram and fault diagram.

To verify the effectiveness of the proposed IVMD algorithm, this paper processed
simulated sun gear fault signals of a planetary gearbox using both the traditional VMD
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and IVMD algorithms. To maintain generality, Gaussian white noise with a SNR of 15 was
added to the simulated fault signals. Figure 2 exhibits the results of the traditional VMD
algorithm. Figure 3 demonstrates the results of the IVMD algorithm.

Processes 2024, 12, x FOR PEER REVIEW 5 of 22 
 

 

(4) The mean multi-scale permutation entropy value of all grid points is calculated in 

turn. The grid (K, 𝛼) corresponding to the maximum entropy value is the optimal 

decomposition parameter combination. 

(5) The (K, 𝛼) obtained in Step 4 is set as the combination parameter of VMD transfor-

mation, VMD transformation on the signal is performed, and the spectrum of the 

reconstructed signal is calculated to determine the fault type. 

To verify the effectiveness of the proposed IVMD algorithm, this paper processed 

simulated sun gear fault signals of a planetary gearbox using both the traditional VMD 

and IVMD algorithms. To maintain generality, Gaussian white noise with a SNR of 15 was 

added to the simulated fault signals. Figure 2 exhibits the results of the traditional VMD 

algorithm. Figure 3 demonstrates the results of the IVMD algorithm. 

 

A
m

p
li

tu
d

e/
(m

/s
2
)

Frequency(Hz)

12,000

10,000

8,000

6,000

4,000

2,000

15,000

10,000

5,000

1,000

 
(a) (b) 

Figure 2. Traditional VMD algorithm results for a sun gear fault simulation signal. (a) Plot of select-

ing the optimal decomposition layer. (b) Spectrum analysis of the reconstructed signal after VMD. 

To verify the effectiveness of the improved VMD algorithm, this paper used the tra-

ditional VMD algorithm and the improved VMD algorithm to process the planetary gear-

box sun gear fault simulation signal. Without losing generality, this paper added Gaussian 

white noise with a signal–noise intensity of 15 to the simulated fault signal. Figure 1 shows 

the results of the traditional VMD algorithm. In particular, Figure 1a presents the optimal 

decomposition level, which was determined to be k = 4. Figure 1b displays the recon-

structed signal spectrum after VMD processing, which displays the fault frequency; how-

ever, it was heavily distorted by noise with the fault harmonic frequencies being sub-

merged in the noise. According to Figure 3a, the optimal VMD parameter combination 

was k = 6 and α = 2100. Figure 3b demonstrates that the noise was effectively suppressed 

by the improved algorithm, and the fault frequency and its harmonic frequencies were 

obtained accurately. Overall, the comparison of the results of the two methods confirms 

the superiority of the proposed algorithm and validates its effectiveness. 

T
h

e 
d

if
fe

re
n

ce
 e

n
er

g
y

 

 Number of layers

Figure 2. Traditional VMD algorithm results for a sun gear fault simulation signal. (a) Plot of selecting
the optimal decomposition layer. (b) Spectrum analysis of the reconstructed signal after VMD.
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Figure 3. IVMD algorithm results for a sun gear fault simulation signal. (a) The optimal parameters
for the sun gear fault. (b) Spectrum analysis of the reconstructed signal.

To verify the effectiveness of the improved VMD algorithm, this paper used the tradi-
tional VMD algorithm and the improved VMD algorithm to process the planetary gearbox
sun gear fault simulation signal. Without losing generality, this paper added Gaussian
white noise with a signal–noise intensity of 15 to the simulated fault signal. Figure 1
shows the results of the traditional VMD algorithm. In particular, Figure 1a presents the
optimal decomposition level, which was determined to be k = 4. Figure 1b displays the
reconstructed signal spectrum after VMD processing, which displays the fault frequency;
however, it was heavily distorted by noise with the fault harmonic frequencies being sub-
merged in the noise. According to Figure 3a, the optimal VMD parameter combination
was k = 6 and α = 2100. Figure 3b demonstrates that the noise was effectively suppressed
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by the improved algorithm, and the fault frequency and its harmonic frequencies were
obtained accurately. Overall, the comparison of the results of the two methods confirms
the superiority of the proposed algorithm and validates its effectiveness.

3. Symbolic Dynamic Entropy Optimization Algorithm
3.1. Basic Calculation Principles of Traditional SDE
3.1.1. SDE

Assuming that the time domain signal sequence {Z} = {z1, z2, z3, . . . , zN} is a vibra-
tion signal of a faulty planetary gearbox with a length of N, the main parameters involved
in the calculation of the symbolic dynamic information entropy of the signal are the symbol
number s, the embedding dimension m, and the time delay parameter λ. The calculation
process includes the following three steps:

(1) Symbolization of time domain signals. The amplitude of the time domain signal is
divided into S intervals according to the principle of average amplitude division, and the
corresponding amplitude intervals are shown in (1).

(
Amin, Amin +

1
s (Amax − Amin)

)
, Amin +

1
s (Amax − Amin), Amin +

2
s (Amax − Amin)

. . .[
Amin +

s−1
s (Amax − Amin), Amin +

s
s (Amax − Amin)

]

 (1)

Assuming that the symbol values corresponding to each interval are σi(i = 1, 2, . . . , s),
for different time domain signals within each interval, the corresponding symbol values are
selected and assigned to the original time domain amplitudes to obtain the corresponding
symbol sequence. Thus, the newly obtained symbol sequence is:

Y{yn(k), n = 1, 2, . . . , N, k = 1, 2, . . . s} (2)

where, yn(k) represents the symbol corresponding to the nth point of the original time
domain signal.

(2) Construction of a state pattern matrix and calculation of the state pattern probability.
According to the previously set embedding dimension m and time delay parameter λ,
the symbol sequence is divided into N − (m − 1)λ sub-vectors Ym,λ

i {y(i), y(i + λ), . . .,
y(i + (m − 1)λ)} in turn, which are constructed into a state pattern matrix Ym,λ

i , as shown
in (3):

Ym,λ
i =


y1(k) y1(k) . . . y1+(m−1)λ(k)
y1(k) y1(k) . . . y2+(m−1)λ(k)

...
...

...
...

yN−(m+1)λ(k) yN−Mλ(k) . . . yN(k)

k ∈ [1, 2, . . . , s] (3)

In theory, with S symbol numbers and the set embedding dimension m, there are sm

potential symbol arrangement state patterns. Based on the parameters set in SDE, it can
be derived from (3) that N − (m − 1)λ permutation state patterns appear in the obtained
state pattern matrix. The number of times each permutation state pattern qs,m,λ

a appears is
counted and its probability, denoted as pqs,m,λ

a , is calculated as follows:

P
(

qs,m,λ
a

)
=

∥
{

i : i ≤ N − (m − 1)λ, type
(

Ym,λ
i

)
= qs,m,λ

a

}
∥

N − (m − 1)λ
(4)

where type(·) represents the mapping relationship from the symbol sequence to the state
pattern matrix and ∥·∥ represents the norm of the set. The state pattern probability of each
permutation state pattern is calculated and all state pattern probabilities are combined
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into a state pattern probability matrix P
(

qs,m,λ
1

)
, P

(
qs,m,λ

2

)
, . . . , P

(
qs,m,λ

sm

)
. From the fact

that the state pattern includes all possibilities, it can be known that the sum of all state
pattern probabilities is 1, sum

(
P
(
qs,m,λ

a
))

, and the accuracy of the calculation process can
be calibrated.

(3) The SDE is calculated and normalized. According to the Shannon entropy defini-
tion in information theory, SDE is defined as the cumulative value of the product of the
probability of each state mode and its logarithm. Since the probability values of the state
mode are all decimal values between 0 and 1, the logarithmic values are all negative, so the
negation of the SDE value is finally taken, as shown in (5).

SDE(Z, s, m, λ) = −
sm

∑
a=1

P(qs,m,λ
a )log(Pqs,m,λ

a ) (5)

According to (4), when all state pattern probabilities are equal, i.e., P
(

qs,m,λ
a

)
= 1/sm,

the maximum SDE value is obtained, as shown in (6).

SDE(Z, s, m, λ)max = −
sm

∑
a=1

(
1

sm log
(

1
sm

))
= −log

(
1

sm

)
= log(sm) (6)

SDE is normalized based on (5) and (6), as described by (7).

SDE(Z, s, m, λ) =
SDE(Z, s, m, λ)

log(sm)
(7)

3.1.2. MSDE

The concept of multi-scale analysis was first proposed by Costa [24] with the main
purpose of measuring the dynamic characteristics of time series at different scales. Based on
the numerous advantages of multi-scale analysis in dealing with complex signals, several
scholars have conducted a series of studies on MSDE and applied it to the diagnosis of
rotating equipment faults, reporting good results. The MSDE calculation process consists
mainly of the following two steps:

(1) Coarse-grained segmentation of the original time domain signal. Taking the time
domain signal {Zi} = {z1, z2, z3 . . . , zN} with length N of the gear teeth with missing tooth
fault as the research object, the time domain signal is scaled by coarse-grained segmentation.
Assuming that the scaling factor is τ, various scale time domain sequences y =

{
yτ

j

}
are

obtained, whose expression is:

yτ
j =

1
τ

j+τ−1

∑
i=j

zi 1 ≤ j ≤ N − τ + 1 (8)

The scaling factor τ is adjusted to obtain time series at different scales. Clearly, when
τ = 1, the obtained time series is a single-scale time series, and the calculation result is
equivalent to directly calculating the SDE value of the signal.

(2) The SDE of time series
{

yτ
j

}
at different scales was calculated.

MSDE(Z, S, m, λ, τ) = SDE(Yτ
j , s, m, λ) (9)

3.2. Improved AMDSDE
3.2.1. AMDSDE

The symbol sequence consists of a series of pattern intervals of continuous arrange-
ment states. Due to the complex composition characteristics of the planetary gear signal of
a wind turbine, the fault frequency information is contained in different pattern intervals.
The traditional symbolic dynamic information entropy only considers the entropy value
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changes in each state mode, but it does not consider the correlation between different
state modes and cannot include all fault information. If the parameters are adjusted to
ensure that a single pattern interval contains all fault information, the calculated MSDE
will deviate greatly from its true result. To address this problem, this paper proposes the
concept of AMDSDE, which ensures that the parameters of the original state pattern matrix
are optimal while containing as much fault information as possible of the planetary gear
signals with different amplitudes and phases.

The transmission path of the fault excitation source signal from the planetary gearbox
to the receiving terminal leads to the composition of impact signals with multiple sets of
phase and amplitude differences, but with little overall difference; hence, the fault informa-
tion is mainly contained in a certain state pattern matrix and the adjacent two state pattern
matrices. The adjacent pattern of the current state pattern matrix is defined as the state-
transition matrix. Based on the state pattern matrix, the pre-transition and post-transition
probabilities of the transfer matrix are derived, i.e., Ppre

(
σb|qs,m,λ

a
)

and Ppost
(

σc|qs,m,λ
a

)
corresponding to the state transition matrix corresponding to the state pattern matrix is
derived as shown in (10) and (11):

P
(

σb

∣∣∣qs,m,λ
a

)
pre

= P
{

z(j − mλ) = σb|(j − mλ) : j, type
(

Zs,m,λ
j

)
= qs,m,λ

a

}
(10)

P
{

type
(

Zs,m,λ
j

)
= qs,m,λ

a , z(j − mλ) = (σb|j : j ≤ N − mλ)
}

(11)

Based on the acquired pre/post-transition probability values and according to the
definition of SDE (5), the corresponding pre/post-transition SDE calculation equations are
derived ((12) and (13)), denoted as SDEpre and SDEpost, respectively.

SDE(Z, s, m, λ)pre = −
sm

∑
a=1

s

∑
b=1

P
(

qs,m,λ
a

)
P
(

σb

∣∣∣qs,m,λ
a

)
(12)

SDE(Z, s, m, λ)post = −
sm

∑
a=1

s

∑
c=1

P
(

qs,m,λ
a

)
P
(

σc

∣∣∣qs,m,λ
a

)
(13)

Considering the effect of each state probability on the result, the corresponding weight
coefficients are added, and the final DSDE is obtained as:

doubleSDE(Z,s,m,λ)

= φ1·SDE(Z, s, m, λ)pre +φ2·SDE(Z, s, m, λ)pre

+φ3SDE(Z, s, m, λ)pre

(14)

where φ1,φ2,φ3 are the weight coefficients that satisfy φ1 +φ2 +φ3 = 1.
Similarly, the DSDE is normalized, and it reaches its maximum value only when all

the probabilities for state patterns and pre/post-transitions are equal.(
P
(

qs,m,λ
a

)
=

1
sm ,

)
,
(

P
(

qs,m,λ
a

)
=

1
sm , Ppre

(
σb

∣∣∣qs,m,λ
a

)
=

1
s

, Ppost

(
σc

∣∣∣qs,m,λ
a

)
=

1
s

)
double_SDE(Z, s, m, λ)max

= −
sm

∑
a=1

(
1

sm log
(

1
sm

))
−

s
∑

b=1

(
1
s

log
(

1
s

))
−

s
∑

c=1

(
1
s

log
(

1
s

))
= −log

(
1

sm

)
− log

(
1
s

)
− log

(
1
s

)
= log

(
sm+2)

(15)

Based on (15), double_SDE(Z, s, m, λ) is normalized as described by (16).

double_SDE(Z, s, m, λ) =
double_SDE(Z, s, m, λ)

log(sm+2)
(16)
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For MSDE, the entropy values for each group of fault signals are represented as
vectors made up of multiple data groups. To address the issue of misjudgment caused by
signal randomness, the mean of all entropy values is calculated. This approach effectively
mitigates the problem. Therefore, this paper calculates the mean of the obtained multi-
scale DSDE values to derive parameter indicators that can accurately reflect the fault size.
Additionally, it performs linear fitting on the entropy values corresponding to each size to
produce a quantitative diagnosis curve for the key components of the planetary gearbox.

The main steps of AMDSDE are as follows:
(1) The original time domain signal is segmented into coarse-grained intervals.
(2) The MSDE is computed for all time domain signals

{
yτ

j

}
at each scale

after coarse-graining.

MSDE(Yτ
j , s, m, λ, τ) = SDE(Yτ

js, s, m, λ) (17)

(3) The mean value of the entropy for each scale of the individual MSDE values
is computed.

DSDE(Z, s, m, λ, τ)i =
1
s

s

∑
i=1

MSDE(Yτ
j , s, m, λ, τ) (18)

(4) The DSDE is computed at each scale to obtain the AMDSDE.

AMDSDE(Z, s, m, λ, τ) = {DSDE(Z, s, m, λ, τ)i, i = 1, 2 . . . ., τ} (19)

To validate the effectiveness of the AMDSDE method, we calculated the AMDSDE for
the healthy state of the sun gear in a planetary gearbox, as well as for fault signals with
sizes of 0.3 cm, 0.4 cm, 0.5 cm, and 0.6 cm. The entropy curves for each state are shown
in Figure 4. We also computed the mean entropy value for each scale and linearized the
entropy values for each fault size, as illustrated in Figure 5.
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Compared to traditional methods, the proposed AMDSDE indicator shows a linear
relationship with the fault size of the planetary gearbox. This observation verifies the
effectiveness of the method proposed in this study.

3.2.2. AMDSDE Parameter Selection

When applying AMDSDE to extract fault features from planetary gearbox vibration
signals, the key parameters are the symbol number s, the embedding dimension m, the
time delay λ, and the scale factor τ. Multiple regression analysis was used to investigate
the effect of each parameter on AMDSDE, and the results are shown in Table 1 and Figure 6.
Ultimately, the parameters were set as follows: s = 8, m = 3, λ = 1, and τ = 20.

Table 1. Effect of multiple regression analysis parameters on AMDSDE index.

Serial Number Fixed Variable Independent Variable AMDSDE

1 s = 8, τ = 20, λ = 1 m∈[1,6] Figure 5a
2 m = 3, τ = 20, λ = 1 s∈[2,10] Figure 5b
3 m = 3, τ = 20, s = 8 λ∈[1,5] Figure 5c
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3.2.3. Fault Failure Threshold

Currently, the industry lacks a clearly defined range for determining the failure size
threshold of planetary gearboxes. Additionally, the judgment criteria vary for different
operating conditions. This means that failure assessments are primarily based on empirical
judgments, leading to significant uncertainty and potential safety hazards in equipment
condition monitoring. In the field of life prediction, the 3-sigma principle is commonly
used to calculate the failure threshold for determining component failure.

Assuming that the healthy status vibration time domain signal of the planetary gearbox
is fh(x) = {x1, x2, ···xN}, the mean µ and standard deviation can be separately calculated
via (20) and (21), respectively.

µ =
x1 + x2 + . . . xN

N
=

∑N
i=1 xi

N
(20)

σ =

√√√√∑N
i=1

[
(x1 − µ)2 + (x2 − µ)2 + . . . + (xN − µ)2

]
N

(21)
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According to the 3-sigma principle, the threshold setting range is [µ − 3σ, µ + 3σ].
The vibration signal corresponding to the fault size is selected in such a way that its peak
envelope line coincides with the threshold curve. In addition, the fault size is set as the
failure threshold for the gear of the planetary gearbox. To bring the method closer to
practical application, it is necessary to study the condition monitoring between the healthy
and failure states of the equipment.

Due to the complex structure of planetary gearboxes, when a gear fails, the fault
generates an impact signal transmitted to the sensor as a pulse attenuation signal. The
peak-to-peak value of this fault pulse can reflect the fault characteristics. Therefore, con-
sidering the fault signal characteristics of a planetary gearbox, it is necessary to obtain
its peak-to-peak value, which will be used to calculate the failure threshold. Based on
a specific sampling signal, the number of points to be analyzed is calculated using the
following equation:

Ns =
1
10

fs ∗ vs/60zs ∗ t (22)

where, Ns is the number of points to be analyzed, fs is the sampling frequency of the
vibration signal, vs is the input shaft speed of the planetary gearbox, zs is the number of
teeth on the sun gear, and t is the total sampling time.

Figure 7 exhibits the failure threshold curve calculated by the healthy status signal
and the 3-sigma principle. The blue curve is the healthy status signal, the red one is the
fault signal when the fault size was 3 mm, and the two green dashed lines denote the
failure thresholds calculated according to the 3-sigma principle. It can be observed that
when the fault size was 3 mm, the vibration amplitude was close to the threshold; thus, the
failure size was determined as 3 mm. When the critical components of a gearbox exceed
the failure threshold, this poses a serious threat to the safety of the equipment; thus, the
faulty component must be replaced. Condition monitoring of the critical components in
a planetary gearbox from the onset of weak faults to reaching the failure threshold is of
particular importance. The signal entropy values of known fault sizes before the sun gear
fails are separately calculated and the fault size–entropy curve is fitted. The fault size of an
unknown fault in a planetary gearbox can be determined by processing the fault signal and
obtaining Its signal entropy; subsequently, its fault status can be determined based on the
fault size–entropy curve that has been obtained.
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4. Experimental Signal Analysis of Sun Gear Faults in Planetary Gearboxes

To verify the effectiveness of the proposed method, this work conducted tests and anal-
ysis on experimental signals of different fault sizes for the sun gear in a power transmission
diagnostic test rig (Spectra GA Quest, Richmond, VA, USA), as shown in Figure 8.
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For the sake of generalization, the signals of different degrees of broken teeth and
cracks in the sun gear of the planetary gearbox were analyzed. The experimental parameters
of the test rig are listed in Table 2.

Table 2. Parameters of the test rig used to generate signals with different failure degrees of planetary
and sun gears.

Type Date

Sampling frequency/Fs 20,000 Hz
Maximum input shaft speed/ns 1800 r/min

Maximum engagement frequency/fm 600 Hz
Sun gear failure characteristic frequency/fs 25.4 Hz

Sampling time/t 10 s
The number of teeth of the sun gear 20

The number of teeth of the planetary gears 40
The number of teeth of the geared ring 100

The number of planetary gears 3

(1) The experimental signals were variable-speed signals. To avoid the frequency am-
biguity caused by traditional fault feature frequency extraction methods, the turn
domain resampling method [31] was applied first to equivalently extract the signals
of each group.

(2) To obtain the optimal parameter combination of K and α in the VMD transformation
for each type of sun gear fault, the grid search algorithm was employed to calculate
the MPE under different parameter states. The MPE values obtained under different
parameter combinations for the VMD transformation of the two types of sun gear
faults are exhibited in Figure 9. It can be observed that, as regards the sun gear crack
fault, the optimal VMD parameter combination was K = 5 and α = 1200, while for the
sun gear broken tooth fault, the optimal VMD parameter combination was K = 4 and
α = 1500.
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Subsequently, the optimal parameters were used to demodulate the signals, which
generated planetary gearbox fault signals with high SNR. Then, the demodulated signals
were subjected to spectral analysis; the results are depicted in Figures 10 and 11. In Figures
10b and 11b, it can be seen that the spectra contained a characteristic frequency component
at 25.4 Hz, which verified that the gearbox fault was a sun gear fault.
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Figure 10. Time–frequency domain diagram of IVMD transformation for sun gear crack failure.
(a) Time domain analysis of sun gear fault signal. (b) Frequency domain analysis of sun gear
fault signal.

To reflect the advancement of the VMD method proposed in this paper, traditional
VMD was used to analyze the signals of the two different types of sun gear faults; the
analysis results are presented in Figures 12 and 13.

By comparing the spectra of the traditional VMD and the IVMD, it can be deduced
that the denoising effect of the improved algorithm proposed in this paper was better. To
further demonstrate the superiority of the proposed algorithm, the SNR of eight different
sizes of sun gear crack faults was calculated.

SNR = 20 ∗ ln
(
Psignal/Pnoice

)
(23)
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where, Psignal. Is the power of the signal and Pnoise is the power of the noise.
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Figure 11. Time–frequency domain diagram of IVMD transformation for sun gear broken tooth
fault. (a) Time domain analysis of sun gear fault signal. (b) Frequency domain analysis of sun gear
fault signal.
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Figure 12. Traditional VMD transformation time–frequency domain diagram for sun gear crack
failure. (a) Time domain analysis of sun gear fault signal. (b) Frequency domain analysis of sun gear
fault signal.

Through (23), the SNR ratio responding to each fault size is obtained. The results are
listed in Table 3. Compared to the traditional VMD, the SNR of IVMD was significantly
improved. The above analysis proves the effectiveness of using the multi-scale permutation
entropy method to optimize the VMD parameters.

(3) After improving the VMD processing, the entropy values for different fault sizes of
broken teeth and cracks on the sun gear were calculated. The time domain signals
after VMD processing are exhibited in Figures 14 and 15, respectively. The vibration
signals of sun gear broken tooth faults of different sizes ranging from 0–7 mm are
shown in Figure 13.
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Table 3. SNR of traditional VMD and IVMD for sun gear crack faults with different fault sizes.

Signal Processing IVMD Traditional VMD

1 −1.6681 −10.1561
2 −2.7943 −9.3343
3 −1.7769 −7.4794
4 1.2260 −5.2479
5 3.0663 −3.0609
6 4.7450 −0.8851
7 6.1250 1.6454
8 8.3497 2.6639

Processes 2024, 12, x FOR PEER REVIEW 16 of 22 
 

 

 

A
m

p
li

tu
d

e/
(m

/s
2
)

Frequency(Hz)

1,000

5,000

4,500

4,000

3,500

3,000

2,500

2,000

1,500

1,000

500

3,944

 
(a) (b) 

Figure 12. Traditional VMD transformation time–frequency domain diagram for sun gear crack fail-

ure. (a) Time domain analysis of sun gear fault signal. (b) Frequency domain analysis of sun gear 

fault signal. 

 Frequency(Hz)

A
m

p
li

tu
d

e/
(m

/s
2
)

3,963

7,000

6,000

5,000

4,000

3,000

2,000

1,000

 
(a) (b) 

Figure 13. Traditional VMD transformation time–frequency domain diagram for sun gear broken 

tooth fault. (a) Time domain analysis of sun gear fault signal. (b) Frequency domain analysis of sun 

gear fault signal. 

By comparing the spectra of the traditional VMD and the IVMD, it can be deduced 

that the denoising effect of the improved algorithm proposed in this paper was better. To 

further demonstrate the superiority of the proposed algorithm, the SNR of eight different 

sizes of sun gear crack faults was calculated. 

𝑺𝑵𝑹 = 𝟐𝟎 ∗ 𝒍𝒏(𝑷𝒔𝒊𝒈𝒏𝒂𝒍/𝑷𝒏𝒐𝒊𝒄𝒆) (3) 

where, 𝑷𝒔𝒊𝒈𝒏𝒂𝒍. is the power of the signal and 𝑷𝒏𝒐𝒊𝒔𝒆 is the power of the noise. 

Through (23), the SNR ratio responding to each fault size is obtained. The results are 

listed in Table 3. Compared to the traditional VMD, the SNR of IVMD was significantly 

improved. The above analysis proves the effectiveness of using the multi-scale permuta-

tion entropy method to optimize the VMD parameters. 

  

A
m

p
li

tu
d

e
/(

m
/s

2
)

Time(s)

A
m

p
li

tu
d

e
/(

m
/s

2
)

Time(s)

Figure 13. Traditional VMD transformation time–frequency domain diagram for sun gear broken
tooth fault. (a) Time domain analysis of sun gear fault signal. (b) Frequency domain analysis of sun
gear fault signal.

Processes 2024, 12, x FOR PEER REVIEW 17 of 22 
 

 

Table 3. SNR of traditional VMD and IVMD for sun gear crack faults with different fault sizes. 

Signal Processing IVMD Traditional VMD 

1 −1.6681 −10.1561 

2 −2.7943 −9.3343 

3 −1.7769 −7.4794 

4 1.2260 −5.2479 

5 3.0663 −3.0609 

6 4.7450 −0.8851 

7 6.1250 1.6454 

8 8.3497 2.6639 

(3) After improving the VMD processing, the entropy values for different fault sizes of 

broken teeth and cracks on the sun gear were calculated. The time domain signals 

after VMD processing are exhibited in Figures 14 and 15, respectively. The vibration 

signals of sun gear broken tooth faults of different sizes ranging from 0–7 mm are 

shown in Figure 13. 

 

Figure 14. Time domain signals of sun gear broken teeth with different fault sizes. 

 

Figure 15. Time domain signal of a cracked sun gear with different fault sizes. 

Figure 14. Time domain signals of sun gear broken teeth with different fault sizes.



Processes 2024, 12, 1415 17 of 21

Processes 2024, 12, x FOR PEER REVIEW 17 of 22 
 

 

Table 3. SNR of traditional VMD and IVMD for sun gear crack faults with different fault sizes. 

Signal Processing IVMD Traditional VMD 

1 −1.6681 −10.1561 

2 −2.7943 −9.3343 

3 −1.7769 −7.4794 

4 1.2260 −5.2479 

5 3.0663 −3.0609 

6 4.7450 −0.8851 

7 6.1250 1.6454 

8 8.3497 2.6639 

(3) After improving the VMD processing, the entropy values for different fault sizes of 

broken teeth and cracks on the sun gear were calculated. The time domain signals 

after VMD processing are exhibited in Figures 14 and 15, respectively. The vibration 

signals of sun gear broken tooth faults of different sizes ranging from 0–7 mm are 

shown in Figure 13. 

 

Figure 14. Time domain signals of sun gear broken teeth with different fault sizes. 

 

Figure 15. Time domain signal of a cracked sun gear with different fault sizes. Figure 15. Time domain signal of a cracked sun gear with different fault sizes.

The failure thresholds of the sun gear faults were obtained by applying the 3-sigma
principle to obtain the key characteristics of the signals, and to provide data support when
performing AMDSDE parameters on subsequent signals. The results are presented in
Figures 16 and 17.
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The AMDSDE algorithm proposed in this paper was used to calculate the entropy
values of each fault size within the failure threshold range for both types of faults. The
entropy variation curves were plotted and fitted using the least squares method to obtain
the fault size–entropy curves. The fault size–entropy curves for sun gear broken tooth
faults and crack faults are demonstrated in Figures 18 and 19, respectively.
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Figure 18. Sun gear broken tooth fault size based on the AMDSDM curve and the dynamic entropy
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the AMDSDE curve and the theoretical curve.
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Symbol entropy is an effective indicator that reflects the energy of periodic signals.
The average dual-position symbol dynamic entropy is based on the traditional symbol
entropy and includes signals from different transmission paths of the planetary gearbox.
Therefore, it can effectively reflect the key components of the planetary gearbox. The fault
characteristic information can be obtained to obtain a fault characteristic curve with good
linearity that reflects the fault size.

In Figures 18 and 19, it can be observed that in the early fault stages, the entropy value
of the sign dynamics increased approximately linearly with increasing fault size. This is
because, when the fault size is small, the effect of meshing impacts on the vibration signals
of the gearbox gradually weakens, and the fault impacts change almost linearly with the
fault size. As the fault size increases gradually, the main impact reflected in the vibration
signal is the fault impact, while the impact of other factors becomes negligible. Therefore,
the entropy resembles an almost horizontal line. Based on the healthy status signals and the
3-sigma principle, the failure size of the broken teeth on the sun gear was determined to be
3.4 mm. Consequently, it can be concluded that in the early stages of sun gear broken teeth
and crack faults, the fault size–entropy curves are linear, indicating that the AMDSDE index
can be used to infer the corresponding fault size. The analysis of signals of sun gear broken
teeth and crack faults confirms the effectiveness of the method proposed in this paper.

5. Conclusions

The paper has proposed a planetary gearbox fault diagnosis method based on IVMD
transformation and AMDSDE, which can perform quantitative diagnosis of the key com-
ponents in the planetary gearboxes of wind turbines. demonstrating both theoretical and
practical value. The specific conclusions are drawn as follows:

(1) Combining the unique periodic characteristics and multi-scale permutation entropy
of the planetary gearbox signal of the wind turbine, an IVMD algorithm based on
MPE is proposed. A grid search algorithm has been used to select the combination
of the decomposition layer k with the largest MPE and the quadratic penalty factor
α as the optimal parameter combination for VMD transformation. This algorithm
improves the SNR of the signal and is able to separate the fault impact signal from the
planetary gearbox vibration signal.

(2) This paper proposes a method for fault mode recognition of key components of
planetary gearboxes based on AMDSDE. The paper fully considers the impact of
multiple transmission paths of planetary gearbox signals on fault impact. When
calculating symbolic entropy, the entropy value under the influence of the combination
of state mode probability and state transition probability obtained by adjacent modes
is calculated separately, so that the calculation results eliminate the influence of
amplitude difference and phase difference on fault characteristics.

(3) This study uses the proposed IVMD and AMDSDE algorithms to analyze the broken
teeth and crack signals of sun gears with different fault sizes, and it obtains a fault
size–entropy curve with good linearity, thus achieving quantitative diagnosis of the
fault size of the planetary gearbox of the wind turbine. The experimental results show
the correctness and feasibility of this method.

This algorithm improves the operating efficiency of wind turbines and reduces eco-
nomic losses and personnel losses. It is currently being used in wind turbines. In the
future, other equipment systems including planetary gearbox structures will be promoted
and further research will be conducted. Future research should focus on predicting the
remaining life of planetary gearboxes through AMDSDE.
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