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-is paper proposed a new hybrid diagnosis method for the generator’s 3D static eccentricity faults which include the axial
eccentricity, the radial eccentricity, and themixed eccentricity composed of the former two. Firstly, adaptive local iterative filtering
(ALIF) method was used to decompose the vibration signals of the generator under eccentricity faults. -en, in order to figure out
the intrinsic mode function (IMF) components with the upmost feature information, the correlation coefficient was calculated.
Finally, the components’ permutation entropy (PE) is extracted to construct the eigenvector matrix which can be used to input the
kernel fuzzy C-means (KFCM) algorithm to obtain the result of clustering. -e result indicates that the classification coefficient
based on ALIF and KFCM behaves closer to 1, while the average fuzzy entropy (FE) is closer to 0, showing that this method is able
to detect different eccentricity faults more accurately.

1. Introduction

As the center of electric system, generator is a typical high-
speed rotating machine which is highly potential to suffer
different faults such as rotor eccentricity or other mechanical
failures from time to time [1, 2]. In order to realize the early
detection and avoid losses, it is significant to explore high-
efficiency methods in particular for each fault.

-e typical faults of generator include rotor short circuit,
stator short circuit, and air-gap eccentricity. Among them,
eccentricity fault will lead to the change of air-gap magnetic
field which would worsen the performances of generator and
even damage the machine as a result of vibration, rotor
bending, winding wear, and friction between stator and
rotor [3]. -erefore, eccentricity fault detection is one of the
important contents of generator fault diagnosis.

To detect the eccentricity faults, there are two common
views: motor current signature analysis and vibration signals

[4]. Some scholars pay attention to the motor current sig-
nature analysis; for example, Taner Goktas et al. [5] dealt
with the discernment of broken magnet and static eccen-
tricity faults through the stator phase current. -ey analyzed
stator electromotive force and phase current waveforms in
detail to identify the discerning components and charac-
terize their dynamic behaviors. -e method was verified
through both simulations and experiments. Attoui and
Omeiri [6] proposed a new fractional-order controller
(FOC) with a simple and practical design method which can
ensure the stability of the nonlinear system in both healthy
and faulty conditions. And they used an online fault diag-
nostic technique based on the spectral analysis of stator
currents by a fast Fourier transform (FFT) algorithm in
order to detect the stator and rotor faults.

Besides, the fault diagnosis methods based on the vi-
bration signal are widely used in rolling bearing. However, it
is also effective and worth researching in generator because it
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can help us extract the fault feature. If we want to realize fault
classification based on vibration signal, the study of signal
processing technique is essential. In recent years, many
scholars have been widely exploring the signal processing
method. Encouragingly, a series of achievements have been
obtained. For instance, in 1998, Huang et al. [7] proposed
the empirical mode decomposition (EMD) method which
can get the amplitude and frequency of signal by decom-
posing the nonstationary signal into several intrinsic mode
function (IMF) components and combining with Hilbert
transform.

However, about the EMD method, the problem of mode
mixing is inevitable so that researchers spare no effort to
overcome it. In 2009, Wu et al. [8, 9] combined the EMD
method with the features of white Gaussian noise whose fre-
quency distribution is uniform to solve this problem efficiently
and they proposed ensemble empirical mode decomposition
(EEMD) whose essence is to decompose the nonlinear and
nonstationary multimodal signal from high frequency to low
frequency into IMF components. -e method shows a good
decomposition effect. Xue et al. [10] used EEMD to decompose
the ground-penetrating radar (GPR) signal into a series of IMFs
and calculated the permutation entropy (PE) of each IMF to
distinguish noise IMFs and target IMFs. Finally, they recon-
structed the signal with target IMFs to remove the noise
effectively.

Based on the research of the former scholars, M. A.
Torres et al. [11] proposed complete ensemble empirical
mode decomposition with adaptive noise (CEEMDAN)
method which can add white noise to the signal adap-
tively according to the features and obtain the IMF
components by calculating the only residual signal, so as
to solve the problem of mode mixing and improve the
efficiency of decomposition. It is widely introduced in the
field of fault diagnosis. For instance, in order to solve the
problem that the fault feature extraction is difficult
because the vibration signal of rolling bearing is polluted
by strong noise, Ji and Wang [12] proposed a CEEMDAN
aided fast spectral kurtosis graph algorithm for fault
diagnosis. -e method decomposed the signal into
multimodal components using the CEEMDAN algorithm
and reconstructed the effective component by kurtosis
value. -e processing result of the algorithm indicated
that the fault detection of bearing inner ring can be re-
alized effectively.

With the purpose of realizing a better decomposition effect,
people have also tried alternative methods. Cicone et al. [13]
proposed the method of adaptive local iterative filtering (ALIF)
based on the method of iterative filtering (IF) in 2016. In the
process of iterative decomposition, the filter function of ALIF
can alter different expressions with the signal changes; thus, the
multimode signal can be decomposed into multiorder single
components adaptively. Given its advantages, Tang and Pang
[14] used ALIF to decompose the rotor fault vibration signal of
turbogenerator sets to obtain several IMF components and then
obtained the instantaneous frequency and amplitude of each
IMF component through Hilbert transform. Finally, the fault
type of the shafting was identified according to the time-fre-
quency features of rotor vibration.

In order to represent the complexity of signal, entropy
theory, including fuzzy entropy (FE), sample entropy (SE),
PE, and approximate entropy (AE), is proposed and widely
used in many fields of data analysis such as energy, material,
and physiology [15, 16]. For example, Cao and Lin [17]
proposed using inherent FE and its multiscale version, which
employs EMD and fuzzy membership function to address
the dynamic complexity in electroencephalogram (EEG)
data.

In recent years, scholars have been trying to apply the
entropy theory in fault diagnosis. As is known, feature
extraction is one of the most important issues in mechanical
fault diagnosis, which directly relates to the accuracy and the
reliability of early fault prediction. Zhao et al. [18] used the
EEMDmethod to decompose the vibration signal of bearing
in generator and the correlation coefficient analysis method
to determine three improved IMFs, which are close to the
original signal.-en, they used themultiscale fuzzy theory to
calculate the entropy values of the selected three IMFs in
order to form a feature vector with the complexity measure,
which is regarded as the inputs of the support vector ma-
chine (SVM) model for training and constructing an SVM
classifier to recognize fault pattern.-eir method can extract
much feature information and effectively eliminate the
impact of mode mixing. In 2016, Rostaghi and Azami [19]
proposed dispersion entropy (DE), which not only has fast
calculation speed but also is less affected by the mutation
signal and takes into account the difference between the
signal amplitude. As its application in generator, Wang et al.
[20] distinguished the rotor short circuit and stator short
circuit based on variational mode decomposition (VMD)
and the refined composite multiscale dispersion entropy
(RCMDE).

To characterize the complexity of the signal and quantify
the signal features, in this paper, the PE algorithm is in-
troduced which is proposed by Bandt and Pompe [21] to
detect randomness and dynamic mutation. It has simple
calculation, strong antinoise ability, and high sensitivity to
signal changes. Subsequently, Ding and Zhang [22] used the
Haar wavelet and PE method to denoise and extract fault
eigenvalues. -en, they classified different gear faults
according to the principle of different PE distribution
corresponding to different faults. Moreover, Ren et al. [23]
screened several inherent frequency band functions ob-
tained by decomposing the hydrogenerator signal to achieve
the purpose of denoising.

For further research, it is necessary to classify the fault
feature information to realize the detection of different
types of faults. Clustering is to classify a group of data
with unknown distribution, merge data with the same
properties into the same class or cluster, and divide data
with different properties into different classes or clusters
[24, 25]. -e traditional fuzzy C-means (FCM) algorithm
is relatively mature; on this basis, the kernel learning
process was introduced in kernel fuzzy C-means (KFCM)
algorithm which stuck out the feature differences by
mapping the samples to high-dimensional space [26]. As
for its application, Bi et al. [27] used VMD to decompose
the signal of diesel engine and then selected the key
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component whose maximum singular value would be
calculated and input to KFCM to realize the classification
of the faults of diesel engine. In addition, Zhang et al. [28]
proposed a novel classifier that combined rough sets and
SVM in the fault diagnosis for hydroelectric generator
unit (HGU). -ey extracted the fault patterns lying in the
overlapped region instead of classifying the patterns
directly. -en, they defined the upper and lower ap-
proximations of each class on the basis of the rough set
technique. Next, they calculated the reliability that they
belong to a certain class for the fault patterns lying in the
overlapped region. -e results show that the proposed
classifier can more properly describe the complex map
between the faults and their symptoms.

With the development of artificial intelligence (AI)
technology, some scholars spare no efforts to introduce
AI technology to the field of fault classification; for
example, Gao et al. [29] realized the classification of faults
in rotor-bearing systems through AI model, which needs
sufficient fault samples to have a better effect. -ey
combined the finite element method (FEM) with gen-
erative adversarial networks (GANs) for rotor-bearing
systems to expand fault samples so as to improve the
accuracy. In addition, Wang et al. [30] proposed a
method using deep belief networks (DBN) to detect
multiple faults in axial piston pumps. For each individual
fault, they calculated all the data indicators of the signals
to construct samples. -en, they input the samples into
DBNs to classify the multiple faults. With restricted
Boltzmann machine (RBM) stacked layer by layer, DBNs
can automatically learn fault features. -ese methods
embodied the trend of intellectualization and
automation.

Honestly, we suppose that the fault diagnosis would
be more and more intelligent in the future. At the same
time, clustering algorithm in fault diagnosis will probably
develop in full swing. On the basis of this perspective, we
proposed a new method that combines the PE method
with ALIF and KFCM to meet the complicated feature
extraction of nonlinear dynamics in generators in this
paper. In fact, eccentricity fault is often not one-di-
mensional so that the diagnosis method focused on 3D
faults shows huge potential. Besides, some other methods
about eccentricity faults such as [31] focused on the
degree of eccentricity faults rather than the type.
-erefore, the method in this paper contributes ideas to
diagnosis of the fault types just like the axial eccentricity,
the radial eccentricity, and the mixed eccentricity
composed of the former two. As presented in the
following, the samples representing the same fault type
are divided into a vivid cluster and we can easily
recognize different fault types of generator.

-e remainder of this paper is constructed as follows.
-e theoretical model and process of the proposed method
are presented in Section 2 and Section 3, respectively, while
the simulation and the experimental study of the proposed
method are illustrated in Section 4. -e results analysis is in
Section 5. Finally, the brief conclusions drawn from the
study are presented in Section 6.

2. Theoretical Model of the Proposed Method

-e proposedmethod includes three parts, namely, the noise
filtering based on ALIF, the PE calculation of the decom-
posed signal, and the clustering based on KFCM.

2.1. ALIF Filter. -e filter function of ALIF can alter dif-
ferent expressions with the signal changes; thus, the mul-
timode signal can also be decomposed into multiorder
components adaptively [18]. -e process of the ALIF al-
gorithm includes inner loop and outer loop.

-e function of the inner loop is to select each IMF
component iteratively. -e moving operator Γ (z (t)) can be
obtained by

Γ(z(t)) � 
l(z)

− l(z)
z(t + τ)ω(τ) dτ, (1)

where ω (t) is the filtering function and l (z) is the filtering
interval which can be written as

l(z) � 2
Nλ
m

 , (2)

where λ ∈ (1.6, 2), m is the number of extreme points, and N
is the signal length.

-e solution process of ω (t) is as follows.
Suppose that h (x) and g(x) are smooth differentiable

functions and satisfy the following conditions on the interval
[a, b]:

(1) g(a) � g(b) � 0, g(x)> 0, for any x ∈ (a, b)
(2) h (a)< 0< h (b)

-en, the general form of the Fokker Planck equation is

zp

zt
� − δ

z(h(x)p)

zx
+ μ

z
2

g
2
(x)p 

zx
2 , (3)

where the value range of δ and μ is (0, 1).
In (3), z2 (g (x) p)/zx2 makes the solution p (x) of the

equation from the midpoint of the interval (a, b) to the
endpoints a and b, and − z (h (x) p)/zx makes p (x) gather
from the endpoints a and b to the center of the interval.

When the two mentioned are in balance, it has

− δ
z(h(x)p)

zx
+ μ

z
2

g
2
(x)p 

zx
2 � 0. (4)

And the solution p (x) of the equation now would be the
filtering function ω (t), which satisfies

(1) p (x)≥ 0 for any x ∈ (a, b)
(2) p (x)� 0 for any x ∉ (a, b)

-e wave operator κ (z (t)) can be obtained by sub-
tracting the original signal z (t) by the moving operator Γ (z
(t)) as

κ(z(t)) � z(t) − Γ(z(t)). (5)

However, the iterative process will not be going on
forever. Equation (6) is usually the condition to stop the
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process. When Ei is less than the specified threshold, the
inner loop iterative filtering will stop.

Ei �
κi,n − κi,n− 1

����
����2

κi,n− 2
����

����2
. (6)

-e effect of outer loop is to stop the process of IMF
extraction by inner loop.

When all IMF components are removed from the
original signal z (t) and the residual r (t) shows obvious trend
features, the outer loop will stop. -e detailed process is
illustrated in Figure 1.

2.2. Permutation Entropy. Permutation entropy is an ap-
propriate complexity measure for chaotic time series, in
particular in the presence of dynamical and observational
noise [21].

Given its obvious superiority in reflecting small abrupt
change behavior of system vibration response, PE is suitable
for signal of mechanical equipment. -e fundamental
principle of the algorithm is as follows.

Construct a set of time series {xi|i� 1, 2, . . ., N}; then,
reconstruct the phase space. It has

Xi � xi, xi + τ, . . . , xi +(m − 1)τ . (7)

wherem is the embedding dimension and τ is the delay time.
Any Xi has m! permutations. For any permutation w, T

(w) represents the number of times it appears; then, the
probability of its occurrence is

P(w) �
T(w)

N − (m − 1)τ
. (8)

-us, PE can be defined as

HPE � −  P(w)ln P(w). (9)

After normalization, it has

PE �
HPE

ln(m!)
. (10)

-e size of PE reflects the complexity and the randomness
of the time-series signal. -e larger PE means a more com-
plicated time-series signal.-e dimensionm and the delay time
τ will impact the calculation result during extracting the features
by PE. If m is too small, the reconstructed vector contains too
few states so that the algorithm will lose sense. However, ifm is
too large, the reconstruction of the phase space would ho-
mogenize the time series which would lead to long-time cal-
culation and fewer details. -e influence of the delay time τ is
relatively smaller [21].

2.3. KFCM Cluster. Kernel fuzzy c-means (KFCM) clus-
tering is a method to map the samples which are classified
into high-dimensional space through nonlinear mapping of
kernel space and then cluster after highlighting the differ-
ences of samples [31]. -e nonlinear map V is defined as

Φnxk⟶Φ xk(  ∈ F, (11)

where xk is the original feature space sample, xk ∈X.
-e clustering objective function of the KCFM algorithm

can be expressed as

Jm � 
c

i�1


n

k�1
μm

ik Φ xk(  − Φ vi( 
����

����
2
, (12)

where vi is the clustering center, c is the number of clus-
tering, n is the number of samples, μik is the degree of
membership, and m is the fuzzy weighted index.

At the same time, there is

μik ∈ [0, 1], 0< 
n

k�1
μik < n, (i � 1, . . . , c),



c

i�1
μik � 1, (k � 1, 2nLnn),

(13)

where K (x, y)� VT (x) V (y) and can be further written as

K(x, y) � exp −
‖x − y‖

2

2σ2 
⎡⎢⎣ ⎤⎥⎦, (14)

where σ is the Gaussian kernel parameter. -en, the Eu-
clidean distance of kernel space is

Φ xk(  − Φ vi( 
����

����
2

� K xk, xk(  + K vi, vi(  − 2K xk, vi( .

(15)

According to equations (14) and (15) as well as the
constraint condition, the degree of the membership and the
clustering center can be calculated by

uik �
1 − K xk, vi(  

− (1/(m− 1))


c
j�1 1 − K xk, vj  

− (1/(m− 1))
,

vi �


n
k�1 μ

m
ikK xk, vi( xk


n
k�1 μ

m
ikK xk, vi( 

.

(16)

To analyze the clustering effect, the classification coef-
ficient S and the average FE E are presented, which are
defined, respectively, as

S �
1
n



c

i�1


n

j�1
u
2
ij,

E � −
1
n



c

i



n

j

uij ln uij,

(17)

where c is the number of categories, n is the number of
samples, and uij is the degree of membership.

-e classification coefficient S is used to express the
fuzziness degree of the clustering result. If S � 1, the
clustering result belongs to the hard partition; else if S < 1,
it belongs to the fuzzy partition. -erefore, the closer S is
to 1, the better the effect will be. -e average FE indicates
the uncertainty of the classification; for the hard parti-
tion, E � 0, while for the fuzzy partition, E > 0. -erefore,
the effect will be better as E moves closer to 0 [32].
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3. Proposed Methodology

-e hybrid method to diagnose 3D rotor eccentricity faults
in synchronous generators based on ALIF PE and KFCM can
be diagrammed in Figure 2. And the detailed process is
introduced as follows.

Step 1. Decompose the signal data of training samples and
testing samples using the ALIF method to obtain multiorder
eigenmode components.

Step 2. Conduct correlation analysis between the original
signal and the multiorder eigenmode components in order
to get optimal mode components.

Step 3. Calculate the PE of the effective mode components as
the feature vector so as to construct the training sample
matrix and testing sample matrix.

Step 4. Input the training sample matrix to KFCM to obtain
the center of clustering.

Step 5. Input the center of clustering and testing samples to
KFCM together; then, we can get the result of clustering.

4. Simulation and Experiment Study

In this section, the simulating signal and the test data from
the CS-5 prototype generator are employed to validate the
proposed method. And, to get a comprehensive comparison,
they are applied to some other popular methods including
EEMD, CEEMDAN, and the clustering method based on
FCM as well.

4.1.Application toSimulating Signal. -e simulating signal is
constructed as

Start

Initialization:
number of
IMF j = 1

Initialize
inner loop i = 1

Filtering length
l (z)

Calculate the
wave operator

κ (z(t))

Calculate
the moving

operator Г(z(t))

Does κ (z(t)) satisfy
the IMF conditions ?

Is r (t) an IMF component?

cj = Г (z(t))

z (t) = Г (z(t))

i = i + 1
Structural filtering

function ω (t) by FP
equation

z (t) = r (t)

j = j + 1

EndIMF component

Y

Y

N

N
r (t) = z (t) – ∑Cg (t)

g=1

j

Figure 1: Process of outer loop.
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x(t) � sin(2∗ 50πt) + sin 2∗ 100πt +
π
6

  + sin 2∗ 200πt +
π
3

  + η(t), (18)

where x (t) consists of three harmonic signals and the white
Gaussian noise whose signal-to-noise ratio is 30 dB. Figure 3
illustrates the time domain waveform of the simulating
signal, with the number of the sampling points 1000 and the
sampling frequency of 1 kHz.

-e results after decomposing by EEMD and CEEM-
DAN are shown in Figures 4 and 5, respectively. It is
suggested from Figure 4 that IMF3 indicates an obvious
mode mixing due to the impact of the white Gaussian noise,
while in Figure 5, it shows that IMF3 and IMF 4 both have
the endpoint effect. -erefore, both EEMD and CEEMD
have defects.

-e signal is also decomposed by ALIF, as illustrated in
Figure 6. It shows that there are three IMF components and a
residual r. -e components IMF1, IMF2, and IMF3 corre-
spond to the three sinusoidal components of 200Hz, 100Hz,
and 50Hz, respectively. Obviously, the three IMF compo-
nents have neither the mode mixing nor the endpoint effect,
suggesting the superior effect of ALIF against the traditional
CEEMDAN and EEMD methods.

4.2. Comparison of Entropy Algorithms. Herein, we calcu-
lated the PE, DE, AE, and SE of the eccentricity faults signal
and normal signal, respectively. Based on the entropy of
normal signal, we obtained the difference between axial
eccentricity, radial eccentricity, mixed eccentricity signal,
and normal signal under corresponding entropy, respec-
tively. -e result is shown in Figure 7.

-e result shows that the difference of PE between the
three fault conditions and normal signal is the most obvious
and the values are 0.542, 0.962, and 1.369, respectively.
-erefore, it is easy to be distinguished based on the clear
distribution. Finally, we chose PE as the indicator to detect
the eccentricity faults.

4.3. Application to Experimental Signal

4.3.1. Method to Test the Vibration Signal. -e experiment is
carried out on the CS-5 prototype generator which has one
pole-pair and a rated rotation of 3000 rpm, as shown in
Figure 8(a). -e rotor is kept stable with the foundation by
the bearing blocks, while the stator can be moved along the
radial direction and axial direction, respectively, to simulate
the radial eccentricity, the axial eccentricity, and the mixed
eccentricity, as illustrated in Figure 8(b). -emovements are
performed by 8 screws, with four for the radial and the other
four for the axial shifts, and controlled by four dial
indicators.

During the experiment, the excitation current was set to
2.5 A to output the phase voltage at 220V, with three sliding
rheostats of 500Ω as the loads for the three phases. -e
vibration signals of the rotor and the stator are sampled
through four accelerometers whose sensitivity is 10mV/
mm/s, with two for the radial vibration and the other two for

the axial vibration, as illustrated in Figure 8(c).-e sampling
frequency was set to 5000Hz.

Four groups of experiments were taken, namely, the
normal condition, the radial eccentricity of 0.2mm (the
radial air-gap length is 1.2mm), the axial eccentricity of
2mm, and the mixed eccentricity composed of the former
two.

4.3.2. Fault Classification. EEMD, CEEMDAN, and ALIF
methods are employed to decompose the vibration data,
respectively. Taking the radial rotor vibration in the axial
eccentricity case as an example, the decomposed results are
illustrated in Figure 9. It shows that the results of EEMD and
CEEMDAN are somewhat similar. -e components E4, E5,
C5, and C6 all indicate obvious mode mixing. However, the
frequency range occupied by the first six components
decomposed by ALIF is significantly refined, without any
frequency mixing problem (E1∼E6, C1∼C6, and A1∼A6
indicate amplitudes of mode components).

Since the IMF component with large correlation coef-
ficient is able to well retain the fault features of the signal
[32], in this paper, the correlation coefficients between the
IMF components and the original signal are calculated, as
listed in Table 1.

As indicated in Table 1, the correlation coefficients be-
tween the first three IMF components and the original signal
are far greater than those of the other components.
-erefore, it can be considered that most of the fault in-
formation is included in the first three IMF components.
Consequently, IMF1 to IMF3 are selected to represent the
original signal. In this paper, PE is used to extract the fault
features of the IMF components for further clustering. -e
ALIF PE of the four signal types is calculated, respectively, as
shown in Table 2.

Besides, we need to set delay time τ and dimension m to
calculate PE. According to the change of PE at different delay
times in Figure 10, it can be seen that the delay time τ has little
influence on the calculation of time series. However, if the
dimension m is too small, it is difficult to detect the dynamic
mutation of the time series because there are too few states in the
reconstructed sequence; if the value of m is too large, the cal-
culation time is too long to reflect the subtle transformation of
the time series. According to Bandt’s suggestion [21], the value of
m is 3∼7. Combinedwith another research [33, 34], we setm� 6,
τ � 1, and a relatively good clustering effect is obtained.

As indicated in Table 2, the PE values of IMF1 to IMF3
are varied, suggesting that the complexities of them are
different. Consequently, the eigenvectors composed of these
permutation entropies should be also different, offering the
possibility of hard classification.

5. Case Verification and Result Analysis

5.1. Case Setup. 20 groups of vibration data for each case
(normal, radial eccentricity, axial eccentricity, and mixed
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eccentricity) are taken continuously (10 groups for training
and 10 groups for testing), and the points of each set are
2048.

EEMD, CEEMDAN, and ALIF methods are used to
adaptively decompose the 20 sets of data and obtain the
multiorder IMF components. -en, the correlation coeffi-
cients between each IMF and the original signal are
calculated.

By calculating the PE of the first three IMF components,
the eigenvector matrixes are obtained, with the forms of
3× 40.

Firstly, four clustering centers are obtained by clustering
the eigenvector matrixes. -en the clustering centers as well
as the eigenvector matrixes are applied with KFCM. Cal-
culations are performed iteratively until the errors are less
than the tolerance. -e final results are illustrated in
Figure 11.

5.2. Results Discussion. As illustrated in Figure 11(a), the
data points are scattered around the cluster center. More-
over, the mixed eccentricity and the radial eccentricity faults
cannot be distinguished. -erefore, EEMD does not offer a
satisfactory effect.

Figure 11(b) shows the clustering effect of CEEMDAN. It
is shown that the signal data points are clustered around the
center, with the distribution compact. Compared with
Figure 11(a), the clustering effect of this method is better
than that of EEMD. It can basically realize the detection and
classification of different eccentricity faults.

Figure 11(c) shows the effect of KFCM clustering based
on ALIF. It is shown that the clustering centers of each case
are far apart from each other and therefore can be distin-
guished clearly. What is more, the distances between two
cluster centers are larger than those of the aforementioned
two methods, showing an even better effect.

In order to compare the clustering effect of the above
three algorithms more accurately, the classification coeffi-
cient S and the average FE E are employed, as shown in
Table 3.

According to [32], the clustering effect of samples will be
better if the classification coefficient S is closer to 1 and the
average FE E is closer to 0. Obviously, the proposed method
has the best clustering effect, while EEMD ranks the last.

In order to verify the superiority of the proposed
method, the aforementioned eccentricity fault data are
further analyzed for comparison with that FCM. -e clus-
tering result by ALIF-FCM is illustrated in Figure 11(d).

Start

Training samples Testing samples

ALIF ALIF
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Figure 2: Process of the proposed method.
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As indicated in Figure 11(d), the mixed eccentricity
and the normal operation signals are far away. -e radial
eccentricity and axial eccentricity fault signals are

relatively close while the distinction is clear. -at means
this method can realize the identification and division of
different kinds of eccentricity faults. However, comparing
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Figure 11(d) with 11(c), it is shown that the distribution
of data points based on the KFCM clustering method is
more compact, and the different signal intervals are more
obvious.

In order to quantitatively compare the effects of FCM
and KFCM, the classification coefficient S and the average FE
E as well as the iteration times these two methods are cal-
culated, as shown in Table 4. Obviously, although the KFCM
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Figure 9: Decomposing results by three different methods, (a) signal decomposed by EEMD, (b) signal decomposed by CEEMDAN, and (c)
signal decomposed by ALIF.

Table 1: Correlation coefficients between IMF components and the original signal.

Algorithm
Correlation coefficient

IMF1 IMF2 IMF3 IMF4 IMF5
EEMD 0.7942 0.3723 0.2253 0.0328 0.0155
CEEMDAN 0.7826 0.4265 0.2661 0.0623 0.0326
ALIF 0.7756 0.5127 0.2984 0.0927 0.0658

Table 2: Permutation entropy of the first three IMF components.

Signal type
Permutation entropy

IMF1 IMF2 IMF3
Normal 4.1653 2.7183 2.6223
Radial eccentricity 5.7926 5.0729 4.9135
Axial eccentricity 6.0456 5.9557 5.4241
Mixed eccentricity 5.8743 5.1811 4.8916
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Figure 11: Cluster results by four different methods: (a) clustered by EEMD-KFCM, (b) clustered by CEEMDAN-KFCM, (c) clustered by
ALIF-KFCM (this paper), and (d) clustered by ALIF-FCM.

Table 3: Clustering index of different methods.

Algorithm Classification coefficient S Average fuzzy entropy E
EEMD 0.7412 0.5186
CEEMDAN 0.8941 0.2188
ALIF-KFCM 0.9268 0.1758

Table 4: Clustering index of KFCM and FCM.

Algorithm Classification coefficient S Average fuzzy entropy E Iteration times
FCM 0.9082 0.2067 12
KFCM 0.9268 0.1758 13

12 Mathematical Problems in Engineering



based method has one more interaction, it has a superior
clustering effect since its S is closer to 1 while its E is closer to
0.

6. Conclusion

In this paper, we proposed a fault diagnosis method for the
3D eccentricity faults in synchronous generators based on
ALIF PE and KFCM.-is method employs ALIF, which has
a better effect than EEMD and CEEMDAN in avoiding the
influence of mode mixing and endpoint effect, to decompose
the vibration signal. In the meantime, the proposed method
employs the PE and KFCM, which are superior to EEMD-
KFCM, ALIF-KFCM, and CEEMDAN-KFCM in getting the
classification coefficient S and the average FE E, to classify
the fault types.

-e index factors of the clustering effect, namely, the
classification coefficient S and the average FE E of ALIF-
KFCM, are 0.9268 and 0.1758, respectively. Comparing with
the results by EEMD-KFCM (S� 0.7412 and E� 0.5186), the
proposed ALIF-KFCM method improves 25.0% in S (the
closer to 1, the better), while it improves 66.1% in E (the
closer to 0, the better). Comparing with the results by
CEEMDAN-KFCM (S� 0.8941 and E� 0.2188), the pro-
posed method improves 3.66% in S and 19.7% in E.
Comparing with the results by ALIF-FCM (S� 0.9082 and
E� 0.2067), the proposed method improves 2.04% in S and
14.9% in E. Obviously, the proposed method is superior to
these aforementioned methods.

-e proposed method presents a qualified detection and
classification of the 3D eccentricity faults, which includes the
radial eccentricity, the axial eccentricity, and the mixed
eccentricity composed of the former two. We focused on the
type of static eccentricity faults rather than the degree. Based
on its clear figure and intelligent effect, this method is
potential for the application in the eccentricity fault mon-
itoring and diagnosis.

In our next step work, we will focus on how to decrease
the iteration times so that the proposed method can be
performed more efficiently. In addition, we will try to an-
alyze the diagnosis method under dynamic eccentricity fault
and even the complex fault conditions including both ec-
centricity and interturn short circuit.
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