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Abstract—The rotor system in the fault state generally
shows apparent nonlinear behavior and complex dynamic
characteristics. In general, the data collected from multi-
ple sensors (namely, multichannel signals) is required to
achieve accurate condition monitoring of the rotor system.
Even though the traditional multivariate entropy method
can extract fault characteristics of the vibration signals
from multiple sensors in the rotor system, some critical
fault information might be lost when it is applied to pro-
cess the multivariate information. In this article, a novel
approach called cross diversity entropy (Cross-DE) is pro-
posed to address the issue discussed above. More specif-
ically, when processing the multichannel signals, the de-
veloped Cross-DE uses the diversity of orbits in different
phase spaces to represent the complexity of the whole
system. Moreover, in the process of calculating the diver-
sity of orbits, Cross-DE calculates the cosine similarity
between the orbits in the same phase space and different
phase spaces, resulting in information interaction between
different channels. Furthermore, the developed Cross-DE
fuses the information from different channels to solve the
problem of fault information loss during feature extraction.
Therefore, the developed Cross-DE has the capability of ac-
curately extracting complete fault features from multichan-
nel, which benefits the health management of rotor system
condition monitoring significantly. The 2-D displacement
signal of the rotor is applied in this article to demonstrate
the performance of the Cross-DE. Also, the effectiveness
of Cross-DE is verified using both simulated signal and
experimental data.

Index Terms—Cross diversity entropy (Cross-DE), fault
diagnosis, feature extraction, rotor system.
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I. INTRODUCTION

ROTATING machinery is widely used in a range of mod-
ern industries, such as transportation, power equipment,

aerospace, vehicles, etc [1], [2], [3]. Due to the harsh working
environments, the rotor system of rotating machinery is prone to
failure, which will lead to high maintenance costs and even seri-
ous accidents. Therefore, it is of great significance for condition
monitoring and fault diagnosis of rotating machinery, especially
for the rotor system [4], [5], [6].

In recent decades, the feature extraction and fault recogni-
tion of rotor systems have been a research hotspot [7], [8],
[9]. For instance, the authors in [10] proposed a modified
stacked autoencoder (MSAE), which uses an adaptive Mor-
let wavelet to diagnose faults of rotating machinery auto-
matically. With the development of machine learning, Chen
et al. [11] developed a CNN-based duplet classifier for ro-
tor and bearing fault diagnosis, which can accurately identify
mixed faults. Xia [12] developed a fault diagnosis method for
rotating machinery based on CNN, which considers multiple
sensors information fusion to achieve higher diagnostic accu-
racy. Li et al. [13] proposed a novel online domain adapta-
tion learning method based on deep reinforcement learning,
which has excellent diagnostic performance and adaptability.
Besides, some other scholars use variational mode decomposi-
tion and ensemble empirical mode decomposition for rotor fault
diagnosis [14], [15].

In general, the nonlinear behavior in the rotor system will
become stronger when faults occur, and the corresponding mea-
sured vibration signal contains rich fault information, which
could significantly benefit the health management of the rotor
system [16], [17]. Therefore, extracting useful features from
vibration signals has become a crucial procedure for fault diag-
nosis [18], [19]. As for the operating rotor system, the motion
of the rotor shaft is usually tracked using displacement signals
in the horizontal and vertical directions. The signals in the
horizontal and vertical directions are obtained by a pair of
displacement sensors at 90° to each other. These are typical 2-D
signals [20], [21]. Deep learning approaches, such as hybrid
attention mechanism can extract the features of 2-D vibration
signals and achieve good fault diagnosis results [22], [23].
However, it is important to consider the limitations of hybrid at-
tention mechanisms and deep learning. These include challenges
related to interpretability, data requirements, and computational
resources.
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In processing such vibration signals, the entropy-based fault
characterization method has been a vital tool for feature extrac-
tion in recent years [24]. The entropy method is widely used
because it does not require prior knowledge, signal preprocess-
ing, and only needs to set fewer parameters when characterizing
vibration signals [25]. Moreover, the entropy method provides
advantages, such as simplicity, interpretability, low computa-
tional cost, and high data efficiency in handling complex data.
The entropy-based method can extract features from vibration
signals, so as to accurately identify the health state of the system.
The principle of the entropy-based method is that when there is
a higher complexity in the vibration signal, the corresponding
entropy will be greater [26], [27]. The rotor vibration signal
characteristics can be extracted by entropy algorithm to realize
rotor condition monitoring and fault diagnosis [28].

Entropy theory originates from information entropy, which is
a physical quantity used to characterize the complexity of in-
formation [29]. Approximate entropy (AE) uses entropy theory
to measure the complexity of any time series [30]. Richman
et al. [31] proposed a sample entropy (SE), which uses the
correlation dimension to measure complexity. The fuzzy entropy
(FE), which is an improvement of SE, was introduced in [32].
Bandt et al. [33] proposed a permutation entropy (PE), which
uses the state probability in information entropy to measure
complexity. Recently, a new entropy method, namely, diversity
entropy (DE), is proposed, which introduces cosine similarity
to measure the divergence of trajectory in phase space [34].
Compared with SE, FE, and PE, DE has three advantages:
1) High consistency, 2) robust-to-noise influence, and 3) cal-
culation efficiency.

It should note that the single-scale entropy algorithm usually
ignores the correlation of time series at different scales, and the
amount of information is limited. To address this issue, Costa
et al. [35] extended the SE to the multiscale space and proposed
a multiscale sample entropy (MSE). Similarly, FE and PE are
also extended to be a multiscale fuzzy entropy (MFE) [36],
[37] and multiscale permutation entropy (MPE) [38], [39]. DE
is also extended from single scale to multiscale space in [34],
namely, the multiscale diversity entropy (MDE), and the MDE
has a strong capability of extracting abundant fault information.
However, it is difficult to accurately identify the failure mode
of rotating machinery with a single-channel signal. Zografos
et al. [40] extended information entropy to multivariate entropy
for feature extraction of multisource information fusion, and
proposed multivariate embedding theory. Combining multivari-
ate embedding theory with MSE, MFE, and MPE, multivariate
multiscale sample entropy (MVMSE), multivariate multiscale
fuzzy entropy (MVMFE), and multivariate multiscale permu-
tation entropy (MVMPE) were proposed in [41], [42], and
[43]. In essence, these multivariate strategies construct the same
phase space for each channel to realize the feature extraction of
multichannel signals.

Through the combination of MDE and multivariate strat-
egy, multivariate multiscale diversity entropy (MVMDE) and
multichannel multiscale diversity entropy (MCMDE) were pro-
posed in [44]. The calculation process of MVMDE is similar to
MVMSE and MVMFE, and the process of MCMDE is similar

to MVMPE. However, the original multivariate strategy has
difficulties in distinguishing single faults in different channels.
In order to solve this problem, variational embedding multiscale
diversity entropy (VEMDE) was proposed [44]. The varia-
tional embedding strategy constructs phase spaces with different
embedding dimensions for different channels, improving fault
characteristics’ separability.

The main challenges and problems are as follows: For the
condition monitoring and fault diagnosis of rotor systems,
it is necessary to extract the features of 2-D displacement
signals. However, take the MDE-based multivariate strategy
as an example, the current multivariate strategies are essen-
tially an independent calculation of multivariate phase space.
Then accumulates the cosine similarity in the two channels,
which can only reflect the information in the channels, and the
correlation and coupling between the horizontal and vertical
displacements are not reflected. These multivariate strategies
may lead to the lack of information when processing signals
and impair the performance of feature extraction and fault
diagnosis accuracy.

This article proposes a novel multichannel strategy cross
diversity entropy (Cross-DE) for 2-D signal processing to solve
this problem. The main improvement of Cross-DE compared
with other methods is to analyze the correlation between differ-
ent channels. Specifically, after constructing the phase space for
two channels, it calculates the cosine similarity of a single chan-
nel and the cosine similarity between two channels, which sup-
plements the information on correlation and coupling between
signals. In this way, the coupling information between channels
is captured, and the relationship between signals is considered
to avoid the loss of information in the multivariate fusion pro-
cess. This method can extract more comprehensive information,
significantly improving feature extraction ability and providing
more accurate fault diagnosis results. It is worth noting that
Cross-DE is different from cross-entropy methods [45], which
are used to quantify the synchronism or similarity between two
time series.

To conclude, the main contributions of this article can be
summarized as follows.

1) A reliable multichannel strategy called Cross-DE is pro-
posed to extract the 2-D signal. This method considers
the information fusion between different channel signals,
and effectively solves the problem of fault information
loss in the process of feature extraction of multichannel
signals.

2) Cross-DE has better feature extraction ability and higher
classification accuracy than VEMDE, MVMDE, and
MCMDE, and this has been proved by simulation and
experimental studies. This method is an effective tool for
typical fault diagnosis of the rotor systems.

The rest of this article is organized as follows. Section II
describes the methodology, more specifically, the proposed
Cross-DE method. Section III uses simulation and experiment to
evaluate the performance of Cross-DE, and its effectiveness for
fault identification is validated. Finally, the effectiveness of the
proposed method and its possible applications are highlighted
in Section IV. Finally, Section V concludes this article.
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Fig. 1. Brief illustration of fault diagnosis using entropy-based meth-
ods.

II. METHODOLOGY

In this section, first, the principle of fault diagnosis method
based on entropy is briefly explained. Then, the five steps of
calculating Cross-DE will be introduced in detail. The disad-
vantages of other multivariate methods and the improvements
made by Cross-DE are also presented. After that, the phase space
embedding dimension is discussed, and the developed fault
diagnosis framework based on Cross-DE and extreme learning
machine (ELM) is introduced.

The principle of fault diagnosis of rotor system based on
entropy is shown in Fig. 1. First, the vibration signals of different
faults should be extracted from the sensors. Then, these signals
will be used for feature extraction by the entropy algorithm.
Finally, artificial intelligence technology is used for feature
recognition and fault diagnosis. Feature extraction is a vital step
in the process of fault diagnosis. The effect of fault features
extracted from vibration signals directly affects the accuracy
of diagnosis results. Entropy method is an excellent feature
extraction method. Entropy can characterize the complexity of
the signals. The larger the complexity of the vibration signal,
the larger the feature value extracted by Cross-DE. Therefore,
entropy methods can effectively distinguish different health
conditions and be used for fault diagnosis.

A. Proposed Cross Diversity Entropy

1) Theory of Cross Diversity Entropy: In this section, a novel
method, called Cross-DE, is proposed and introduced. It is used
to describe the complexity of 2-D time series. For a 2-D time
series X , it can be written as

X =

[
X1

X2

]
=

[
x1

1x
1
2 · · ·x1

N

x2
1x

2
2 · · ·x2

N

]
. (1)

Xc(c = 1, 2) represents two signal channels, where N denotes
the data length of time series in each channel.

The proposed Cross-DE calculation method is introduced as
follows.

Step 1: Divide the signals of the two channels into multiscale
time series in the same way. Segment the channel Xc(c = 1, 2)
into multiscale time series Yc = {Yc

1,Y
c
2, . . . ,Y

c
τ} which is

a positive integer, representing the scale factor in the multiscale
analysis. For different scale factors τ , the time series after seg-
mentation is Yc

τ = [yc1,τ , y
c
2,τ , . . . , y

c
k,τ , . . . , y

c
j,τ ], j = N/τ ,

k = 1, 2, . . . , j, yck,τ can be calculated as follows:

yck,τ =
1
τ

τk∑
i=(k−1)τ+1

xc
i . (2)

Step 2: According to the phase space embedding theory [46],
[47], the time series at each scale factorYc

τ can be reconstructed
into a series of orbits, the embedding dimension is m, and the
structure of the phase space is demonstrated as follows:

Yc
τ (m) =

[
Yc

1,τ ,Y
c
2,τ , . . . ,Y

c
j−m+1,τ

]

=

⎡
⎢⎢⎢⎣

yc1,τ yc2,τ · · · ycj−m+1,τ

yc2,τ yc3,τ · · · ycj−m+2,τ
...

...
. . .

...
ycm,τ ycm+1,τ · · · ycj,τ

⎤
⎥⎥⎥⎦ . (3)

Yc
τ (m) is the phase space reconstructed by the time series in

channel c under the scale factor τ after embedding in dimension
m. Yc

τ (m) is a (m)× (j −m+ 1) matrix.
Step 3: First, calculate the cosine similarity between adjacent

orbits in two channels Dc
a(m) = {dc1, dc2, . . . , dcj−m}, c = 1, 2.

After that, by considering the correlation between the 2-D
time series, Cross-DE will calculate the cosine similarity be-
tween the corresponding orbits of the two channels Db(m) =
{d1, d2, . . . , dj−m+1}.

The cosine similarity is calculated as follows:

Dc
a(m) =

{
dc1, d

c
2, . . . , d

c
j−m

}
= {dc (Yc

1,Y
c
2) , d

c (Yc
2,Y

c
3)

· · · , dc (Yc
j−m,Yc

j−m+1

)}
(4)

dc
(
Yc

i ,Y
c
i+1

)
=

∑m
k=1 y

c
i+k−1 × yci+k√∑m

k=1

(
yci+k−1

)2 ×
√∑m

k=1

(
yci+k

)2

(5)

Db(m) = {d1, d2, . . . , dj−m+1}
=

{
d1

(
Y1

1,Y
2
1

)
, d2

(
Y1

2,Y
2
2

)
,

· · · , dj−m+1
(
Y1

j−m+1,Y
2
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)}
(6)

d
(
Y1

s ,Y
2
s

)
=

∑m
k=1 y

1
s+k−1 × y2

s+k−1√∑m
k=1

(
y1
s+k−1

)2 ×
√∑m

k=1

(
y2
s+k−1

)2

(7)

D = D1
a(m) +D2

a(m) +Db(m) (8)

where c = 1, 2, i = 1, 2, . . . , j −m, s = 1, 2, . . . , j −m+ 1.
Under the scale factor τ ,Dc

a(m) represents the cosine similarity
calculated by the c channel, and Db(m) represents the cosine
similarity calculated between the two channels. Therefore, a
total of 2(j −m) + (j −m+ 1) cosine similarities will be
generated at each scale. The cosine similarity of two orbits
in phase space represents the similarity between them, and the
range of cosine similarity is [−1, 1]. When the calculated cosine
similarity tends to 1, it means that the two orbits tend to be
periodic and deterministic dynamical behavior. On the contrary,
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Algorithm 1: Cross Diversity Entropy.
Input: x: the time series,

m: the embedding dimension,
t: the time delay value (it is usually equal to 1),
τ : the scale factor,
ε: the number of symbols

Output: Cross−DE
1: for s: =1 to τ do
2: obtain the time series Ys at scale s;
3: for c: =1 to 2 do
4: reconstruct the phase space Y c

s (m);
5: calculate cosine similarity of the same channel

Dc
a(m);

6: end for
7: calculate the cosine similarity between the two

channels Db(m);
8: obtain all cosine similarity

D = [D1
a(m), D2

a(m), Db(m)];
9: calculate the number that D falling into each

subinterval;
10: calculate the state probabilityPk = (P1, P2, . . . , Pε);
11: calculate Cross −DEs = − 1

ln ε

∑ε
k=1 Pk lnPk;

12: end for
13: Cross −DE = {Cross −DE1, . . . ,Cross −DEτ}
14: return Cross −DE

when the calculated cosine similarity tends to -1, it means that
the two orbits tend to have chaotic and stochastic dynamical
behavior.

Step 4: Divide the interval [−1, 1] into ε subintervals as
(I1, I2, . . . , Iε). Then, all the calculated cosine similarities
are classified into these subintervals, and the state probability
(P1, P2, . . . , Pε) that the cosine similarities fall into each subin-
terval is obtained.

Step 5: Substitute the state probability into the following
equation, the Cross-DE of the 2-D time series when the scale
factor is τ can be calculated

Cross−DE = − 1
ln ε

ε∑
k=1

Pk lnPk. (9)

Like other multivariate MDE methods, the calculated range
of Cross-DE is [0, 1]. Cross-DE will increase monotonically
with the increase of dynamical complexity. When the Cross-DE
approaches 1, the more complicated the time series is, which rep-
resents a more chaotic and irregular phenomenon. Conversely,
when the Cross-DE approaches 0, the lower the complexity
of the time series is, which represents a more periodic and
deterministic phenomenon. The pseudo-code of Cross-DE is
given in Algorithm 1.

In order to more clearly explain the calculation steps of
Cross-DE, the algorithm diagram is executed, by taking scale
τ=2 as an example (as shown in Fig. 2). Step 1 is to segment the
channelXc(c = 1, 2) into time seriesYc

2 = [yc1,2, y
c
2,2, . . . , y

c
j,2]

with scale τ=2. Step 2 is to reconstruct the time series into

Fig. 2. Schematic diagram of the calculation steps for the Cross-DE.

a series of orbits Yc
2(m) = [Yc

1,2,Y
c
2,2, . . . ,Y

c
j−m+1,2], and

the embedding dimension is m. Step 3 is to calculate the cosine
similarity Dc

a(m) of the orbits in the same channel and the
cosine similarityDb(m) of the orbits between the two channels.
Step 4 is to calculate the probability (P1, P2, . . . , Pε) of cosine
similarity falling into ε subinterval. Step 5 is to substitute the
obtained probability into (9) and calculate the Cross-DE.

Entropy is a physical quantity that can quantify the dynamic
complexity of 2-D time series. The multivariate entropy methods
based on DE use the cosine similarity between orbits to calculate
the state probability, and the entropy obtained can be regarded
as the expectation of the diversity between orbits in the whole
system. The original multivariate entropy methods only calcu-
late the cosine similarity between adjacent orbits in two-phase
spaces, which is Dc

a(m), and the number is 2(j −m). These
methods cannot reflect the correlation and coupling between
2-D signals, and do not correlate and synthesize the information
between the two channels.

However, in order to quantify the complexity of the system,
the diversity between orbits needs to be considered more com-
prehensively. The diversity of orbits in different phase spaces
also represents the complexity of the whole system. There-
fore, Cross-DE increases the calculation of cosine similarity
between orbits in different phase spaces, which is Db(m), and
the number of cosine similarities increases by j −m+ 1. In
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Fig. 3. For systems of different complexity, the entropy value calculated by DE with different parameters choices. (a) Fixed ε = 30, N = 2048, and
varied m (1 to 15). (b) Fixed m = 4, N = 2048, and varied ε (5 to 50). (c) Fixed m = 4, ε = 30, and varied N (128 to 4096).

this way, the correlation and coupling between 2-D signals are
considered. Cross-DE considers the information fusion between
two channels, which can extract the features of 2-D signals more
accurately.

2) Parameter Analysis of Cross Diversity Entropy: The pro-
posed Cross-DE is a multivariate multiscale method based on
DE. In order to guarantee the optimal feature extraction effect,
the most crucial three parameters for DE feature extraction
should be considered first: the embedding dimension m, the
number of symbols ε, and the signal length N .

The parameter analysis of DE will use logistic map [48], [49].
The basic iterative equation of the logistics map is as follows:

xn+1 = rxn (1 − xn) (10)

where x0 is any number within [0, 1], and r indicates a variable
parameter. When r ∈ (1, 3), after multiple iterations, a stable
value of x can always be obtained; when r ∈ (3, 3.448), two dif-
ferent solutions will be obtained; when r > 3.5699, the system
enters a chaotic state; when r continues to increase to 1 +

√
8,

the system returns stability and presents three solutions; when
r continues to increase, the system returns to chaos. Changing
different parameters r will change the complexity of the system.
The steps to discuss the embedding dimension m using logistic
map are presented as follows.

Step 1: Choose a set of parameters r that can make the
system chaos be different. x0 = 0.1 and the time series is
410 000 points generated by 410 000 iterations in this arti-
cle. A total of nine r values are taken, and the complexity
of the system increases alone the increase of r, where r ∈
{3.45, 3.57, 3.61, 3.66, 3.76, 3.81, 3.87, 3.94, 4.0}.

Step 2: Change the values of the three parameters, respec-
tively, and use DE to extract features of the time series in
step 1, and distinguish systems of different complexity. The
time-series input to DE is divided into 100 samples. The change
value of signal length is set to N ∈ [128, 4096], the embedding
dimension is set to m ∈ [1, 15], and the number of symbols is
set to ε ∈ [5, 50].

Step 3: Change the value of a parameter to compare the
effect of DE in distinguishing different complexity systems.
The parameter value with the best effect is most suitable for
DE feature extraction.

The calculation result is shown in Fig. 3. Different polylines
in the figure represent different complexity. Any point represents
the entropy value calculated by DE for the current complexity
system when the parameter takes the corresponding abscissa
value. Moreover, the complexity increases with the increase
of r, so the entropy value should also increase accordingly.
Under the same parameter, the more significant the difference
in entropy value corresponding to different r, the better the DE
can distinguish systems of different complexity.

Fig. 3(a) shows the selection of m, the other two parameters
are fixed as ε = 30 and N = 2048. It can be found that when
m = [4, 6], DE has the best effect in distinguishing systems with
different complexity. When m takes other values, the difference
in entropy values corresponding to systems of different complex-
ity is too small, and even violates the law that the entropy value
increases with the increase of r. Fig. 3(b) is the selection of ε, the
other two parameters are fixed as m = 4 and N = 2048. Based
on the same criteria, it can be seen that the optimal value of ε is
[30, 50]. At this time, the differentiation of different complexity
is most obvious. Fig. 3(c) shows the selection of N , the other
two parameters are fixed as m = 4 and ε = 30. It shows that the
change in signal length N cannot have a significant impact on
DE performance. Based on the above discussion, set the signal
length as N = 2048. The number of symbols is set to ε = 30.
The embedding dimension is set to m = 4.

B. Cross Diversity Entropy Based Fault Diagnosis

First, the fault features are extracted from the 2-D signal
describing the trajectory of the rotor shaft. Then, the ELM
classifier is used to identify different types of faults. Fig. 4 is
a schematic diagram of the proposed fault diagnosis method.
Specific steps are introduced as follows.
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Fig. 4. Schematic diagram of the proposed fault diagnosis method.

Step 1: Measure the vibration signal of the rotor axis orbit
under different health conditions (horizontal and vertical direc-
tions).

Step 2: Cross-DE is used for feature extraction, and the
measured signal is quantified as an entropy value, representing
the complexity of the signal in different health conditions.

Step 3: Use half of the fault features as a training sample set
to train ELM. Then use the remaining fault features as a test set
to test the trained ELM to identify different health conditions.

Step 4: Step 3 will be repeated 20 times, and the mean testing
accuracy is taken as the fault diagnosis results.

III. RESULTS AND VALIDATION

In this section, simulation and experiment are used to validate
the effectiveness and superiority of the proposed method. Sim-
ulation can help evaluate the fault conditions that are difficult to
realize in practice; also, it can simply simulate different degrees
of faults. The simulation will not cause false verification caused
by the actual assembly and other environmental noise. It is
an effective research method with generality. The simulation
simulates the fault signals in the ideal environment, but there
is a lot of interference in the practical working environment,
so the effectiveness of the method needs to be further verified
in the practical environment, which can be achieved in the
experimental study. Therefore, simulation and experiment are
complementary and indispensable, and both of them are applied
to validate the effectiveness of the developed method for fault
diagnosis.

A. Simulation Evaluation

1) Rotor Simulation System: The rotor model used in this
simulation is a single rotor model with two supporting bearings,
which are 6205 deep groove ball bearings. Fig. 5 is a 3-D model
of the rotor test bench based on SolidWorks. Fig. 6 shows the
simplified rotor model. The system is divided into eight units
and six nodes. The rotor shaft is simplified as an Euler–Bernoulli
beam [50], corresponding to 1©, 2©, 3©, 5©, and 6© units; the
blade disk rotor is represented by the lumped-mass method,
corresponding to unit 4©; the support bearing is simplified as the

Fig. 5. 3-D model of the rotor test bench.

Fig. 6. Simplified rotor model: rotor shaft (corresponding to 1©, 2©, 3©,
5©, and 6© units), blade disc rotor (corresponding to 4©), support bearing

(corresponding to 7© and 8© units).

TABLE I
MAIN PARAMETERS OF THE ROTOR TEST BENCH

parallel connection of the damper and the spring, corresponding
to 7© and 8© units. Among them, node 3 is the signal point for
measuring the vibration displacement.

The main parameters of the rotor test bench are shown in
Table I. The finite element method is applied to model the sim-
plified rotor shaft, blade disk rotor, and rotor system, and finally
obtain the general dynamic equation [51], [52]. According to
the first-order differential equation finally established in the
Appendix of this article, the response analysis of the rotor can
be solved. The simulation in this section introduces different
generalized force vectors to simulate the response analysis of
rotor imbalance and friction.

2) Fault Diagnosis Results of the Simulated Rotor System:
This simulation introduces different generalized force vectors
to the dynamic equations of the rotor system. The three health
conditions of rotor imbalance (RI), shaft friction (SF), and full-
periphery friction (FPF) are simulated. White Gaussian noise
is added to the obtained simulation signal, and the signal-noise
ratio of the noise is 20 db. The simulated vertical displacement
signals (VDS) and horizontal displacement signals (HDS) of the
three health conditions are shown in Fig. 7.

The Cross-DE, VEMDE, MCMDE, and MVMDE methods
are used for comparison. These methods are used to extract fea-
tures at 20 scales from the three types of simulated signals, and
take 50 samples for each health condition. The main parameters
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Fig. 7. Simulated displacement signals of the three health conditions.
(a) VDSRI. (b) HDSRI. (c) VDSSF. (d) HDSSF. (e) VDSFPF. (f) HDSFPF.

Fig. 8. Features extracted from simulated signal: four entropy methods
are used: (a) Cross-DE. (b) VEMDE. (c) MCMDE. (d) MVMDE.

of all methods are the same: The embedding dimension m = 4,
the scale factor τ = 20, and the number of symbols ε = 30 [44].

The feature extraction results of the simulation signal are
shown in Fig. 8. The horizontal axis of Fig. 8 represents the
sample numbers. The horizontal axis is divided into three parts:
The first fifty samples are from the condition of rotor imbalance;
the middle fifty samples are from the shaft friction; the last fifty
samples are from the full-periphery friction. The mean value
of the features of the first ten samples is taken as the reference
vector, and the vertical axis represents the Euclidean distance
between the samples and the reference vector. The evaluation
criteria are as follows: The closer the Euclidean distance between
the same fault sample and the reference vector, the better the
stability of the entropy method; the more obvious the difference
of Euclidean distance between different fault samples, the better
the performance of feature extraction and fault classification of
the entropy method.

From Fig. 8, it can be found that the features extracted by
VEMDE, MCMDE, and MVMDE from the shaft friction sam-
ples have many overlaps with the features of other conditions.
There is a massive gap between the features of the shaft friction
samples. From Fig. 8(a), the features extracted by Cross-DE
can clearly distinguish these three faults. And the features of the
samples for each type of fault are close.

Fig. 9. (a) Physical diagram of experimental system. (b) Schematic di-
agram of the main components. (c) Horizontal and vertical displacement
sensors installed radially on the shaft.

This phenomenon can be attributed to the fact that both
VEMDE, MCMDE, and MVMDE only independently calculate
the cosine similarity of the horizontal and vertical displacement
signals. These three entropy methods do not consider the connec-
tion between the vertical and horizontal displacement signals.
However, Cross-DE increases the cosine similarity between the
signals of the two channels, and then considers the correlation
between the 2-D signals. Therefore, Cross-DE has better stabil-
ity and feature extraction effect.

B. Experiment Evaluation

The physical diagram of the experimental rotor system is
shown in Fig. 9(a). The schematic diagram of the main com-
ponents and their names are shown in Fig. 9(b), where the
names of the components from 1 to 7 are: Support bearing
pedestal, displacement sensor bracket, friction assembly and
bracket, shaft, casing friction support and blade disc, test bearing
pedestal, and worm gear and worm.

The 2-D time series processed in this experiment are the
signals of the horizontal displacement sensor and the vertical
displacement sensor. The two sensors are installed radially on
the rotor shaft, position 2 in Fig. 9(b). And the specific location
of the displacement sensor is shown in Fig. 9(c).

In order to evaluate the recognition ability of Cross-DE to a
single fault and compound fault, six single faults, six composite
faults, and normal conditions are designed in this experiment.
The designed six single faults include full-periphery friction
(FPF), blade crack 1 (BC1), blade crack 2 (BC2), leaf disc
crack (LDC), coupling failure (CF), and shaft crack (SC). The
designed six compound faults include leaf disc cracks and
full-periphery friction (LDC-FPF), leaf disk cracks and bearing
failures (LDC-BF), shaft friction and coupling failure (SF-CF),
shaft cracks and full-periphery friction (SC-FPF), shaft cracks
and leaves disc crack (SC-LDC), full-periphery friction and cou-
pling failures and bearing failures (FPF-CF-BF). The sampling
frequency was 10240 Hz. The rotating speed was 1000 r/min.
These single faults are shown in Fig. 10.

This experiment is divided into two parts to evaluate the
recognition ability of Cross-DE for single fault and composite
fault, respectively. First, 2-D displacement signals with differ-
ent health conditions are extracted. The vertical displacement
signals (VDS) and horizontal displacement signals (HDS) of
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Fig. 10. Fault states of the experimental rotor system. (a) Full-
periphery friction. (b) Leaf disc crack. (c) Shaft crack. (d) Blade crack
1. (e) Blade crack 2.

Fig. 11. Displacement signals of four example faults.

the four example faults are shown in the Fig. 11. Then the 2-D
signals of each health condition are divided into 100 samples
for feature extraction. The obtained features are then used as
input to the ELM classifier. In addition, 50 samples of each
health condition were randomly selected to construct a training
dataset, and the remaining 50 samples were used to construct a
test dataset.

In order to demonstrate the superiority of Cross-DE, the
existing multivariate entropy methods are used for comparison,
including VEMDE, MCMDE, and MVMDE to extract fault fea-
tures. In addition, to demonstrate the superiority of multichannel
analysis, we also compare Cross-DE with MDE single-channel
signal. The single-channel signal is to perform feature extraction
on the vertical or horizontal displacement signal separately. The
main parameters of all methods are the same: the embedding
dimension m = 4, the scale factor τ = 20, and the number of
symbols ε = 30.

The above entropy methods are used to extract the features
of designed single and compound faults. The obtained features
are then used as input to the ELM classifier. Each method is
run 20 times and the average test accuracy is taken as the result
to reduce randomness. The line chart of classification results is
shown in Fig. 12. Tables II and III, respectively, show the average

Fig. 12. (a) Results of single fault experiment. (b) Results of compound
fault experiment.

TABLE II
CLASSIFICATION RESULTS OF THE SINGLE FAULT EXPERIMENT

TABLE III
CLASSIFICATION RESULTS OF THE COMPOUND FAULT EXPERIMENT

test accuracy and variance of various methods for single fault
and compound fault identification.

From Fig. 12, it can be found that multivariate methods are
better than single-channel-based methods. This is because the
information contained in single channel signal is limited. The
multivariate method comprehensively considers the information
of the two channels, so the effect of extracting features is
better. It can be found from Tables II and III that the average
test accuracy of Cross-DE for single fault and compound fault
identification is the highest, 95.31% and 98.96%, respectively .
In addition, Cross-DE has the lowest variance, which is 0.98%
and 0.36%, respectively. This shows that Cross-DE has the
best feature extraction ability and stability in recognizing single
faults or compound faults. This is because VEMDE, MCMDE,
and MVMDE do not correlate and synthesize the information
between the two channels, resulting in the loss of information.
Cross-DE considers the information fusion between two chan-
nels, which can extract complete fault information from 2-D
signals. So Cross-DE has better feature extraction ability.

In order to compare the effect of feature extraction more
clearly, we visualized the features extracted by different meth-
ods. The feature dimension is reduced to two dimensions by
t-SNE visualization method [53]. The visual results of single
fault feature extraction by various entropy methods are shown
in Fig. 13. The smaller the intracluster spacing of sample points
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Fig. 13. Visualization of features extracted by six entropy methods.
(a) MDE-ver. (b) MDE-hor. (c) VEMDE. (d) MCMDE. (e) MVMDE.
(f) Cross-DE.

Fig. 14. Visualization of features extracted by six entropy methods.
(a) MDE-ver. (b) MDE-hor. (c) VEMDE. (d) MCMDE. (e) MVMDE.
(f) Cross-DE.

of each type of fault, the larger the intercluster spacing, which
indicates that the better the classification effect and the higher
the feature extraction ability.

From Fig. 13(a) and (b), it can be found that the features
extracted using the displacement signal of a single channel
are ineffective. Similarly, it can be seen in Fig. 13(e) that
the feature extraction effect of MVMDE is also poor. From
Fig. 13(c) and (d), among the features extracted with VEMDE
and MCMDE, the features of BC2 and CF are obviously mixed.
So VEMDE and MCMDE are not able to distinguish all health
conditions. In contrast, it can be seen from Fig. 13(f) that
Cross-DE has the best feature extraction and can distinguish
different single health conditions well. Consistent with the pre-
vious discussion results, Cross-DE has better feature extraction
ability than other multivariate methods.

Similarly, the dimension of compound fault features extracted
by various entropy methods is reduced to two dimensions
through t-SNE, and the visualization results are shown in Fig. 14.

From Fig. 14(a) and (b), it can be found that the features
extracted by analyzing the single-channel signal are inferior

Fig. 15. Entropy value when selecting different parameters.

and cannot distinguish most of the compound faults. As shown
in Fig. 14(e), MVMDE cannot distinguish between SF-CF and
normal conditions. Moreover, the features of LDC-FPF, FPF-
CF-BF, and LDC-BF are also mixed with many points, and
the distinction between different clusters is not clear. From
Fig. 14(c) and (d), it can be found that although the feature
extraction effect of VEMDE and MCMDE is better than that of
MVMDE, the clusters of SF-CF, FPF-CF-BF, and LDC-FPF are
obviously mixed. The classification effect is still not satisfactory.
In contrast, the features extracted with Cross-DE in Fig. 14(f)
perform best. Clusters of different compound health conditions
can be more clearly distinguished. This is because Cross-DE
extracts the information in the 2-D signal more thoroughly, and
it is easier to distinguish compound faults.

In addition, the single fault signals are employed to fur-
ther verify that the parameters set are optimal. Fig. 15 shows
the entropy curves with the change of parameters embedding
dimension m and the number of symbols ε. The embedding
dimension is set to m ∈ [1, 10], and the number of symbols is
set to ε ∈ [5, 50]. It can be found from Fig. 15. that the entropy
curves tend to be stable when m > 2, and does not affect the
separability of the entropy values of different faults with the
increase of m. The value of ε also has no noticeable impact on
the fault classification performance of DE. Therefore, the rec-
ommended parameter values m = 4 and ε = 30 can achieve the
desired effect when processing experimental data, which are still
the optimal values. Moreover, the entropy features of different
parameter selection are input into ELM. The dimensionality of
the input features of ELM is fixed to 20, and the result is shown
in Fig. 16. Fig. 16 shows that when the embedding dimension
m > 4 and the number of symbols ε > 25, the classification
accuracy exceeds 90%. Furthermore, when the parameters take
the preset values m = 4 and ε = 30, the classification accuracy
exceeds 95%, which again verifies that the preset parameter is
the optimal value.

Then, Table IV shows the standard deviation (std) of entropy
values of fault samples under different scales. It can be seen
from Table IV that the std of entropy value diminishes with
the scale increase. When the scale is around 20, the std reaches
the minimum value. When the scale continues to rise, the std
shows an upward trend. This indicates that when the scale
factor is around 20, the stability of Cross-DE is better and the
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Fig. 16. Classification accuracy when selecting different parameters.

TABLE IV
STD OF CROSS-DE UNDER PARTIAL SCALES (×10−3)

Fig. 17. Visualization results under different scales.

entropy estimation is more accurate. This can effectively prevent
misclassification of faults caused by large entropy fluctuation.
Therefore, the recommended scale factor is τ = 20. In addition,
Fig. 17 shows the visualization results after the dimensionality
reduction of entropy features under different scales. It can be
seen from Fig. 17 that when the scale factor τ = 5, the fault
classification effect is poor, and other fault samples except LDC
have evident mixing. With the increase of scale, the impact
of fault classification becomes better. When τ = 20, the best
classification effect can be achieved and most fault types can be
distinguished. After that, the increasing scale will not change the
classification effect significantly. The recommended scale factor
is set to τ = [20, 30]. However, large scale will cause expensive
calculation costs. Therefore, the optimal value of scale factor is
τ = 20.

IV. CONCLUSION

In this article, Cross-DE is proposed to solve the problem
of fault information loss caused by the traditional multivariate
entropy method when dealing with multichannel information.
When processing multichannel signals, Cross-DE calculates the
cosine similarity between orbits in the same and different phase
spaces and considers the information fusion between different
channels. Therefore, Cross-DE can extract fault information
from multichannel signals comprehensively, which can help
achieve more accurate fault diagnosis and benefit the health
management of the rotor system. The effectiveness of Cross-DE
is verified by simulation signals and experimental data. Thus,
the developed Cross-DE is of high practical value in fault
diagnostics to various industrial practices.

In this preliminary study, the proposed Cross-DE can be
effectively applied to the feature extraction of rotor displacement
vibration signals. In future work, we will use Cross-DE for fault
diagnosis of common components, such as bearings, which are
very common in mechatronic equipment. Moreover, in practice,
the rotor system often requires more sensors for condition mon-
itoring. Therefore, in future work, the effectiveness of Cross-DE
in processing higher dimensional signals will be investigated.

APPENDIX

The first model of the Euler–Bernoulli beam element. The
left and right nodes of each shaft unit each have two generalized
displacement vectors of vertical and horizontal planes, which
are represented as uxs and uys. For the elastic axis section of
the Euler–Bernoulli beam, the translational inertia matrix of the
shaft MZ

M , the moment of inertia matrix of the shaft (including
the element diameter moment of inertia matrix MZ

T , the element
pole moment of inertia matrix JZ

S ), and the stiffness matrix
KZ

S of the shaft element. The dynamic equation of the elastic
shaft section of the Euler–Bernoulli beam can be represented as
follows:(

MZ
M +MZ

T

)
üxs +ΩJZ

S u̇xs +KZ
S uxs = Qxs(

MZ
M +MZ

T

)
üys − ΩJZ

S u̇ys +KZ
S uys = Qys (11)

where Ω is the rotational angular velocity of the shaft, and Qxs

and Qys are the generalized force vectors.
For the blade disk rotor unit, the displacement vectors of

the vertical and horizontal planes are uxp and uyp. The quality
matrix of the disc unit is Mp, the moment of inertia matrix of
the disc is Jpe. The dynamic equation of the disc element can
be expressed as follows:

Mpüxp +ΩJpeu̇yp = Qxp

Mpüyp − ΩJpeu̇xp = Qyp (12)

where Ω is the rotational angular velocity of the shaft, and Qxp

and Qyp are the generalized force vectors.
For any node i of the entire rotor system, the displacement

vector in the vertical plane is ui1, and the displacement vector
in the horizontal plane is ui2. The dynamic equation of the rotor
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system is as follows:

Miüi1 +ΩJiu̇i2 +Kiui1 = Qi1

Miüi2 − ΩJiu̇i1 +Kiui2 = Qi2 (13)

where Ω is the rotational angular velocity of the shaft, Mi is
the mass matrix, Ji is the moment of inertia matrix, Ki is
the stiffness matrix, and Qi1 and Qi2 are the generalized force
vectors.

Analysis of generalized force vector: the disc structure is com-
plex, and the simplified disc model has an imbalance between
its center of mass and the center of the circle. Therefore, add
horizontal and vertical unbalanced forces at the leaf disc nodes
as follows:

Qi1(h) = mpepω
2sin (Ωt+ βp)

Qi2(h) = mpepω
2 cos (Ωt+ βp) (14)

where h is the node of the disc, ep is the unbalance of the disc,
and βp is the initial phase of the disc.

According to the analysis of the friction, this phenomenon is
mainly caused by the displacement of the rotor or the shaft vibra-
tion, which exceeds the friction gap, so the main consideration
is the collision force and friction force

PN = −kia (sfa − σa) , sfa > σa

PT = firaPN (15)

where PN is the impact force, PT is the friction force, kia is the
friction stiffness, σa is the friction gap, fira is the coefficient
of friction, sfa is the radial displacement of the disc rotor in a
relatively static state.

In addition, the model simplified the bearing into a parallel
connection of a damper and a spring. Therefore, the damping
matrixCi must be added to the equation, and the support stiffness
of the bearing should be added to the stiffness matrix. So far, the
rotor model is basically completed. The final kinetic equation is
as follows:

Mzüz + (ΩJz + Cz) u̇z +Kzuz = Qz. (16)

Substituting each matrix to get the following equation:(
Ω

[
0 Ji

-Ji 0

]
+

[
Ci 0
0 Ci

])[
üi1

üi2

]

+

[
Mi 0
0 Mi

] [
üi1

üi2

]
+

[
Ki 0
0 Ki

] [
üi1

üi2

]
=

[
Qi1

Qi2

]

(17)
where 0 is the homogeneous zero matrixes of the corresponding
matrix. Convert the differential equation to the first-order form[

Mz 0
0 Kz

] [
üz

u̇z

]
+

[
ΩJz + Cz Kz

-Kz 0

] [
u̇z

uz

]
=

[
Qz

0

]
.

(18)
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