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ABSTRACT

This paper proposed a new diagnosis model for the stator inter-turn short circuit fault in synchronous generators.
Different from the past methods focused on the current or voltage signals to diagnose the electrical fault, the sta-
tor vibration signal analysis based on ACMD (adaptive chirp mode decomposition) and DEO3S (demodulation
energy operator of symmetrical differencing) was adopted to extract the fault feature. Firstly, FT (Fourier trans-
form) is applied to the vibration signal to obtain the instantaneous frequency, and PE (permutation entropy) is
calculated to select the proper weighting coefficients. Then, the signal is decomposed by ACMD, with the instan-
taneous frequency and weighting coefficient acquired in the former step to obtain the optimal mode. Finally,
DEO3S is operated to get the envelope spectrum which is able to strengthen the characteristic frequencies of
the stator inter-turn short circuit fault. The study on the simulating signal and the real experiment data indicates
the effectiveness of the proposed method for the stator inter-turn short circuit fault in synchronous generators. In
addition, the comparison with other methods shows the superiority of the proposed model.
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1 Introduction

As one of the most important machines in electricity production, the synchronous generators directly
influence the stability and the safety of the electric power system. However, due to the complex operating
environment, the generator is facing the challenge of frequent faults. Stator inter-turn short circuit, which
is often caused by insulation damage, is a kind of common electrical fault in generator sets. Such fault
will lead to the unbalance of the three-phase voltages and even damage the components [1]. According to
the relevant investigation, the probability of such failure is as high as 30% [2]. Therefore, it is significant
to explore effective methods in particular for early detection on stator short circuit fault.

Many scholars have studied the fault diagnosis methods for generators and contributed to a series of
academic achievements. These existing methods for detecting the generator faults are mostly based on
electrical parameters such as the currents and voltages [3—5]. For instance, Bouzid et al. [6] used the
negative sequence current as the indicator to diagnose stator faults, but they ignored the influence of the
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inherent asymmetry inside the electric machines. Ma et al. [7] proposed a method according to the phase-
angle of branch current in synchronous condensers. However, the branch current in synchronous
condensers is not so easy to obtain in real conditions. Wang et al. [8] proposed the combined diagnosis
method by employing both the negative sequence current difference and the double frequency component
of the radial stator vibration for the stator inter-turn short circuit fault. This study is a typical work which
fully used the vibration signal by the frequency spectrum, while with a great pity it did not propose the
effective model to extract the fault feature obviously. In this work, however, the proposed model is useful
to extract not only double frequency component but also 4f, 6f (f is the fundamental electrical frequency)
characteristic frequency, which shows better effect than simple spectrum analysis in reference [8]. In
addition, the method in reference [7] only has simulation analysis because the current sensor is hard to be
installed due to the space limitation at the outlet of stator windings. The fault diagnosis method in this
paper has been verified by experiment on MJF-30-6 generator. Benefit from the simple installation of
sensors, the vibration signal is easy to be obtained. Thus, the diagnosis method based on vibration is
more practical in engineering.

In fact, the vibration signal of the generator contains a lot of faulty information, which can efficiently be
used to diagnose faults. He [1] analyzed the vibration characteristics of stator and rotor in synchronous
generators under different kinds of faults, and found that the amplitudes of 2f, 4/ and 6f (f refers to the
fundamental electrical frequency) components of stator vibration will be increased obviously when stator
short circuit fault occurs. Hegde et al. [9] adopted the vibration signature analysis to reveal the features of
inter-turn short circuit faults. Liang et al. [10] analyzed the stator vibration and current to detect the fault
in permanent magnet synchronous motor (PMSM). The aforementioned studies showed that the stator
vibration features are effective and sometimes pretty convenient for the fault detection in generators.

In order to extract the fault features of the stator inter-turn short circuit, the study of the processing
method for vibration signal is necessary. Actually, the vibration signal processing technology has a long-
term development in the field of rotating machinery fault diagnosis [11-15]. For example, EMD
(empirical mode decomposition) and EEMD (ensemble empirical mode decomposition) are used in many
fields related to the fault diagnosis model [16—21]. However, most of the fault diagnosis researches focus
on the mechanics. For instance, the rolling bearing and gearbox vibration processing shows the obvious
characteristics as a result of contact-impact. As for the generator, the vibration of the stator is caused by
the pulsating magnetic pull, and the fault features are so weak that it would be easily submerged in
environmental noise. Therefore, it is essential to study the method for suppressing the impact of the noise.

By far, scholars have tried a lot of ways to optimize the existing methods. Aiming at the chirp signal,
variational nonlinear chirp mode decomposition (VNCMD) was proposed by Chen et al. [22], which is
essentially a generalization of variational mode decomposition (VMD) method. To achieve the adaptively
decomposition of the chirp signal, the adaptive chirp mode decomposition (ACMD) was proposed by
Chen et al. [23] which employed a greedy algorithm to catch each signal component individually. Wang
et al. [24] used ACMD to realize the fault detection in rolling bearings. Their work proves the
effectiveness of ACMD in vibration signal analysis. As for the demodulation technique, the Hilbert
transform can be used for machine diagnosis [25]. Potamianos et al. [26] compared Hilbert transform
with the energy operator method for the signal demodulation, and found that the energy operator has a
faster adaptation due to its instantaneous nature. Xu et al. [27] realized the diagnosis of rolling bearings
based on the demodulation energy operator of symmetrical differencing (DEO3S). The study of Wu et al.
[28] and Shen et al. [29] also presented the effectiveness of DEO3S in machinery fault diagnosis. To
quantify the feature of the signal, permutation entropy is usually applied. Permutation entropy (PE)
algorithm was proposed by Bandt et al. [30] to detect the randomness and the dynamic mutation. Zhang
et al. [31] used the permutation entropy (PE) as the parameter to detect the bearing faults. Liu et al. [32]
employed PE to improve the algorithm of rolling bearing fault diagnosis.
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In this paper, the method of ACMD is introduced to decompose the stator vibration signal in
synchronous generator. Combining with the demodulation technique of DEO3S, a hybrid model based on
ACMD and DEO3S is proposed. The model applied ACMD to obtain the optimal mode of the original
signal, and acquired the envelop spectrum of the optimal mode which contains the fault feature by
DEO3S. Finally, the fault feature is extracted. The main contributions of the work are as follows:

(1) Aiming at the stator inter turn short circuit fault, many existed diagnosis methods are based on
electrical parameters. Few people considered vibration to diagnose this fault. After sufficient
study of the vibration of generator and the fault characteristic, the vibration signal of the stator is
introduced to detect the electrical fault in this study;

(2) The effectiveness of ACMD in signal decomposition and DEO3S in signal demodulation is
illustrated according to the comparative analysis. In order to highlight the effect of ACMD in
signal decomposition, EEMD is carried out. Moreover, the traditional Hilbert transform is
applied as a contrast to highlight the ability of DEO3S;

(3) The hybrid model for stator inter-turn short circuit in synchronous generator is verified. The
experiment on MIJF-30-6 generator is designed to test the proposed model based on
ACMD_ DEO3S. CD-21C speed sensor is used to collect the vibration signal of the stator. The
normal signal and the fault signal are both collected and analyzed.

The remainder of this paper is constructed as follows: A brief introduction of the method based on
ACMD and DEO3S is introduced in Section 2, while Section 3 gives the simulation study using the
simulating signal to extract the weak features in noisy environments. In Section 4, the experiment on
the MJF prototype generator and the analysis result are employed to demonstrate the effectiveness of the
proposed method. Finally, Section 5 concludes the main work of this paper.

2 Brief Introduction of the Main Theory

2.1 Review of ACMD

Adaptive chirp mode decomposition (ACMD) uses a greedy algorithm to estimate the signal
components. It can convert broadband nonlinear chirp signal into narrowband signal. Actually, the
vibration signal collected on generator exists modulation phenomenon inevitably. Thus, the characteristic
of ACMD is significant to the signal of generator. The process of the decomposition is as follows [23].
For one signal component, the problem in Eq. (1) should be solved.

. .2 w2 2
min {m,- +|(|n;||5+o||s(t) — st }
omin Ll i+l (e) = si (0]

s(t) = f:si(t) M

si(f) = my(t) cos [ 2 féfp(r)dr} + n;(1) sin[2m féfp(r)dr}

where s(7) is the original signal, s,(?) is the i-th chirp mode of s(?), ||s(¢) — s:(¢) ||§ indicates the remaining energy
after removing the currently estimated component, « > 0 is a weight coefficient, f,(#) is the instantaneous
frequency of the i-th chirp mode, m,(f) and n,(f) are the corresponding demodulated signals of s,(¢).

For a series of the digital signal with N samples, the discrete form of Eq. (1) can be described as
min{ || Ow|-+2]s - Gl } @)

where © = [Q Q] , Q is a second-order difference matrix, u; = [mT nT} withm! = [m;(t0), - -+, mi(ty—1 )]T,
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G[ == [Cl‘, S,] (3)
C; = diag[cos(¢i(10)), - - -, cos(ipi(tn—1))] @)
$; = diag[sin(ii(t0)), - - -, sin(pi(ty 1)) ®)

where ¢;(¢) = 2 [, fi(t)dr.

Eq. (2) indicates that, given a frequency function fi(¢) (or matrix G;), the vector u; (created by the
demodulated signals) can be estimated by solving a l,-regularized least-squares problem. Thus, the above
problem can be solved through an iterative algorithm that alternately updates the vector u;. For the j-th
iteration, the vector u; is updated as

o = [‘j] = argmin{ | ©u[} + ol|s ~ Glu|; }
i u; (6)

-1
- E@T@+ (GJ,I)TGJZ} (G)'s

where GJ,: is constructed with the instantaneous frequencies, and the superscript j stands for the iteration
number.

Then the mode can be estimated as
s, = Gu] (7)

1

The difference & between the modes in two adjacent iterations can be obtained as
, 2 9
g= 4= e ®

The above decomposition steps would operate iteratively until the difference value is within the given
stopping criterion. After that, the estimated mode can be obtained.

2.2 Introduction of DEO3S

The reason of the stator vibration in generator is periodic pulsating magnetic force. In this paper, DEO3S
is considered to be the tool of restoring the periodic shock signal. The process of demodulation energy
operator of symmetrical differencing (DEO3S) is as follows [27]. Assuming that x(¢) is a time signal

x(t) = acos(wt) (€))
where a, o are the amplitude and the frequency of x(f), respectively.

Teager energy operator is defined as

Y(x) =% —x ¥ (10)
and the discrete form for a time series x(n) can be described as
Ylx(n)] = *(n) —x(n—1) - x(n+1) (11)

where y(x) is the sum of kinetic energy and potential energy, thus this definition is called energy operator.

Combining with Eq. (9), we can obtain
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Y(x) = do?
L) Z (2
According to Eq. (12), the amplitude and the frequency of x(¢) can be expressed as
¥ (x)
w=4/—F=
¥ (x) (13)
RC)
(%)

DEOQO3S is developed on the basis of the above energy operator. Firstly, the symmetric differential
sequence y(n) is defined as

B Xx(n+1) —x(n)] + [x(n) —x(n — 1)] _x(n +1)—x(n—1)
y(n) = 3 = 7

(14)

The new difference sequence is obtained by smoothing y(n) as

j}(n):x(n+1)—2x§n)+x(n—l) (15)

Substitute Eqs. (14) and (15) into Eq. (11)

Fixoy) = P D+ 2400 bl 1) 6

According to Eq. (16), the energy operator based on DEO3S is obtained by taking y[x(n)] as the input
with the transfer function H(z) = z(1+2z" "+z2)/4, thus its estimated amplitude would be

) o 200500)
VIR 1) —x(n— 1]

(17

2.3 Process of the Hybrid Model

In this part, the detailed steps of the proposed model are described. For the stator vibration signal in a
synchronous generator, the following steps are performed to extract the feature frequencies under the stator
inter-turn short circuit fault. Steps 1 and 2 are the signal preprocessing to select proper parameters.

Step 1: Conduct Fourier transform to obtain the peak frequency of the signal;

Step 2: Preprocess the original signal. Calculate the PE values of the DEO3S envelope of ACMD
estimated modes in time domain to decide the weighting coefficient;

Step 3: Input the original signal and proper parameters to ACMD to acquire the optimal mode;
Step 4: Obtain the DEO3S envelop spectrum of the optimal mode.

The process is as Fig. 1.

3 Research of Simulating Signal

3.1 Brief Introduction of the Simulating Signal

In this section, a simulating vibration signal of the stator in a synchronous generator under the stator
inter-turn short circuit fault is studied. It can be suggested from reference [1] that the amplitudes at 2f;,
4f, and 6fy (fo = 50 Hz is the fundamental frequency of generator) will be increased as the fault occurs.
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But in fact, these characteristic frequencies are easy to be submerged in noise. In order to simulate the fault
signal with noises, a simulating signal x(¢) is designed as

x(2) = Amo + Ao cos(2mfot + o) + A1 cos(2mfit + 1)

(18)
+ A; cos(2mfrt + ) + Az cos(2mfst + 3) + n(t)

where 4,, is the DC component contained in x(); A;,cos(2nfit+p,) refers to the four main components of the
vibration signal to simulate the characteristic frequencies of the stator inter-turn short circuit fault; n(z) is a
Gaussian white noise with a signal-to-noise ratio of 40 dB. The amplitudes 4, and A5 are set to a small value
to simulate the condition in which these two components are submerged by noise. Meanwhile, different
phases @; are set to avoid beat vibration. The sampling frequency f; is 5,000 Hz and the sample number N
is 16,384. The detailed parameters of the simulating signal are shown in Table 1, while the time-domain
wave and the frequency spectrum of the simulating signal are shown in Fig. 2.

Optimal mode

|

DEO3S envelope
spectrum

|

Feature extraction

Original signal

l

Preprocessing to
select parameters

ACMD
decomposition

Figure 1: Process of the proposed model

Table 1: Parameters of the simulating signal

Amplitude Value Frequency Value Phase Value

Ao 10 fo 50 %0 2n/3
A, 180 f 100 0 /6
A 10 Ja 200 0 /3
As 5 £ 300 0 /2

It can be seen in Fig. 2 that the time-domain wave is out of order and no useful fault information is
displayed. The peak at 2f; can be easily selected, because the vibration signal of generator is usually
dominated in the double frequency component. However, the components of 4f, and 6f;, which represent
the fault information cannot be recognized in the spectrum, so the fault category cannot be accurately
identified only by the double frequency component.
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Figure 2: Simulating signal

3.2 Parameter Selection and Fault Feature Enhancement of ACMD

In order to highlight the fault characteristics contained in the original signal, the method of ACMD
described in Section 2.1 is employed. The key point of the application of ACMD method is how to select
the appropriate decomposition parameters, i.e., the initial instantaneous frequency f, and the weighting
coefficient a, to obtain the optimal mode. The research shows that the values of f, and a have a very
obvious influence on the estimated mode of ACMD.

In reference [23], the peak frequency of the signal is suggested as the choice of the initial instantaneous
frequency of ACMD. In our study, the peak frequency of the vibration signal, which is double-frequency at
100 Hz, can be easily obtained from the spectrum due to its predominance in the vibration signal regardless
there is a fault or not. Therefore, the double-frequency component is selected as the initial instantaneous
frequency of ACMD. According to reference [23], the weight factor a mainly affects the bandwidth of
the estimated mode, and « is usually set from 0.0001 to 0.1. The optimal mode estimated by ACMD for
the simulating signal and its spectrum are shown in Fig. 3. Compared Fig. 3 with Fig. 2, ACMD does not
show an obvious superiority. Although the fault feature is not shown up, the influence of the noise on the
signal analysis is reduced.
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Figure 3: The optimal mode estimated by ACMD and its frequency spectrum

The envelop curve of the signal usually includes more information of fault, thus the Hilbert envelope
spectrum of the estimated mode above with f, = 100 Hz and different a of 0.1, 0.01, 0.001 and
0.0001 are obtained, as shown in Fig. 4. Unfortunately, the 4f; and 6f;, components of the original signal
cannot be recognized in any Hilbert envelope spectrum.

It can be concluded that Hilbert envelope is not suitable for such original signal, so a better envelope

method is requested. In this paper, an alternative demodulation method called DEO3S is used to envelope
the estimated modes of ACMD. Compared with the traditional Hilbert demodulation method, DEO3S has
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a high sensitivity to the weak fault feature, which shows the potential ability in the diagnosis of rotating
machines. The DEO3S envelope spectrums of the estimated modes of ACMD with different o values are

shown in Fig. 5.

200 1200 150
150
(5] Q
E E 3 g0
=800 = 100 = =
g g £ £
50 < < 0
()b (0 b
1 2 : 0 100 200 300 400 500 0 1 2 3 0 100 200 300 400 500
Time (s) Frequency (Hz) Time (s) Frequency (Hz)
(a) =0.1 (b) 2=0.01
1200 150 50
40
1000
3 3 100 ]
= 2 230
= 800 = =
g g £ 20
< 600 < 50 <
10 L
L \
4005 1 2 3 0 100 200 300 400 500 6505 1 2 3 % 100 200 300 400 500
Time (s) Frequency (Hz) Time (s) Frequency (Hz)
(c) a=0.001 (d) a=0.0001

Figure 4: Hilbert envelope spectrum of the estimated modes by ACMD under different a
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Figure 5: Comparison of DEO3S envelope spectrum of the estimated mode by ACMD with different a

It can be seen from Fig. 5a that the characteristic components are submerged in the envelope spectrum
with a =0.1. When a = 0.01, only the f; and 2, components can be identified, as shown in Fig. 5b. Although
the characteristic components can be found when o = 0.001, as shown in Fig. 5c, they obviously suffer from
the disturbing frequencies of 150 Hz and 250 Hz which have the similar amplitudes. The spectrum in Fig. 5d
shows the best envelope effect because its characteristic frequency components are very prominent and the
influence of noise is suppressed. Thus, 0.0001 would be the optimal value of the weighting coefficient a. The
optimal parameters are f, = 100 Hz, o = 0.0001.

The above analysis shows that the weighting coefficient o will influent the optimal mode obtained by
ACMD, so as to influent the performance of DEO3S envelop spectrum indirectly. However, when using
the proposed method to deal with the real signal of a generator, it is unlikely to analyze every DEO3S
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envelop spectrum under different a. Thus, it is significant to select a proper index to evaluate the DEO3S
envelop signal under different o.

In order to achieve the best decomposition effect, the permutation entropy (PE) is introduced to quantify
the effect of the signal decomposition. PE is able to indicate the confusion degree of the original signal. In
theory, the higher the degree of the signal confusion is, the greater the possibility of failure will be. Therefore,
the distribution of the spectral lines is expected to be clearer, which means a lower complexity of the series
[33]. The detailed calculation of PE can be learned in reference [30]. In this paper, DEO3S is applied to
calculate the envelope for the estimated mode by ACMD. Thus, the PE values of the DEO3S envelope
under different weight factor values of a are calculated, and the result is shown in Fig. 6. As illustrated in
Fig. 6, the PE value when a = 0.0001 is the smallest. This result is the same as the previous analysis in
Fig. 5, so it is proved that PE can be used to evaluate the DEO3S envelop signal under different o,
further as the selection basis of the parameter of ACMD.

6

4.4453

o

Figure 6: PE values of the envelope under different weighting coefficient

3.3 Discussion of the Demodulation Result

In this part, the result of ACMD_DEO3S method was presented to solve the problem of fault feature
extraction. As a reference, EEMD was also used to evaluate the mode and the envelop. The comparison
with different methods is shown in Fig. 7.

It can be seen in Fig. 7a that the characteristic frequencies are extracted with clear spectrum lines by the
ACMD DEO3S method. Compared with the traditional decomposition and demodulation methods,
ACMD DEO3S has a higher sensitivity to the weak signal which shows the potential application in fault
diagnosis with vibration signal. In Fig. 7b, Eigenfrequency components of 4f, 6f cannot be found based
on ACMD _Hilbert envelop spectrum. In Fig. 7c, based on the EEMD_ DEO3S method, only 2f can be
found obviously. Eigenfrequency components of 4f, 6f are submerged in noise. Even the fundamental
frequency of 50 Hz is also not extracted. It can be discovered that the EEMD method cannot realize the
detection of the feature frequencies. In summary, the study of simulating signal provides an idea of
detecting weak impact.

4 Experimental Verification

4.1 Acquisition of the Vibration Signal

In order to verify the effectiveness of the proposed method, the experiment on MJF-30-6 prototype
generator was conducted in this section. The appearance of the experimental equipment and the schematic
diagram of stator and rotor slots are shown in Figs. 8a and 8b. The CD-21C speed sensor with the
sensitivity of 30 mV/mm/s was installed in the vertical direction on the stator outer circular surface to
acquire the vibration signal, as illustrated in Fig. 8c. The sampling frequency was set to 5,000 Hz, while
the number of samples was 32,768. The main parameters of the generator are listed in Table 2.
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Figure 7: Comparison of the proposed method and the traditional methods: (a) ACMD_DEO3S envelop
spectrum; (b) ACMD_Hilbert envelop spectrum; (c) EEMD_ DEO3S envelop spectrum

Figure 8: Experimental equipment, (a) appearance of the experimental equipment; (b) schematic diagram of

stator and rotor slots; (c) installation method of speed sensor

Table 2: The main parameters of the generator

Parameter Value Parameter Value
Rated capacity 30 kVA Rated capacity 30 kVA
Rated voltage 400 V Power factor 0.8

Rated speed 1000 r/min pole pairs 3

Phase number 3 Polar distance 221.5 mm
Inner diameter of stator core 1230 mm Length of stator core 220 mm
Radial air gap length 0.8 mm Parallel branches 2
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4.2 Signal Processing and Result Analysis

The original vibration signal of the stator and its frequency spectrum under normal condition and the
stator short circuit fault are shown in Figs. 9a and 9b, respectively. According to reference [1], the normal
signal of the stator should contain only the 2f, component in theory. However, the real condition is so
complicated that the obtained signal includes many noisy components. Meanwhile, the fault frequencies
of 4f, and 6f, are not easy to obtain from the spectrum, as shown in Fig. 9b. Although the amplitude of
the normal signal is smaller than that of the fault signal, the characteristic fault frequencies and the noise
components cannot be distinguished.
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Figure 9: The original vibration signal of the stator fault and its frequency spectrum

Next, the proposed ACMD DEO3S method was applied to the fault signal. Since the peak frequency of
100 Hz can be recognized from the frequency spectrum in Fig. 9, 100 Hz was selected to be the instantaneous
frequency of ACMD. Afterward, PE values of the estimated mode envelop under different weight factor
values of a were calculated. To enhance the accuracy, the section is expanded to 0.000001~0.1, and the
results are shown in Fig. 10.
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Figure 10: PE values of the estimated mode envelop under different a

It can be seen that the PE value is the smallest when « is set to 0.00001. Thus, 0.00001 is selected to be
the optimal value of the weight factor. Then, the optimal mode and its frequency spectrum can be obtained, as
indicated in Fig. 11.
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Figure 11: Optimal mode estimated by ACMD and its frequency spectrum
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Although the 4fy and 6fy components are not found in the spectrum of the optimal mode, these
components can be found in DEO3S envelop spectrum, as shown in Fig. 12a.
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Figure 12: Comparison of ACMD_DEO3S spectrum and other methods, (a) ACMD_DEO3S result in this
paper (b) Traditional Hilbert envelop based on ACMD _Hilbert (c) EEMD DEO3S method result

In order to verify the priority of the proposed method, alternative methods were conducted. However, it
can be suggested from Fig. 12b that the traditional Hilbert envelop is able to extract the 2, component, while
the 4f; and 6f, components cannot not be extracted. EEMD is a good adaptive decomposition method which
is widely used in the field of fault diagnosis. However, the result of EEMD_DEO3S in Fig. 12¢ shows that the
4f, and 6f, components are hard to be identified. Therefore, the proposed method in this paper is better than
others aiming in the feature extraction under the stator inter-turn short circuit fault.

The amplitudes of the characteristic components in the fault signal are shown in Table 3, which can be
used to quantify the effect of the fault feature extraction.

Table 3: Comparison of the amplitude of feature frequencies

Method 2fo 4fo 6/o
Fourier transform 0.6284 0.0132 0.0059
ACMD_ DEO3S 5.3950 1.1810 0.3800
ACMD Hilbert 0.5500 / /
EEMD DEO3S 0.3715 0.2750 0.1009

It can be seen from Table 3 that the proposed ACMD_ DEO3S method enhances the amplitude of 2/, 4f;
and 6f; components by 8.6, 8.6 and 64.4 times, respectively. This result shows that the method of
ACMD DEO3S is effective to enhance the key vibration features of the stator short circuit fault
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according to the quantitative analysis on the enhancement times of amplitude. After the conduction of the
proposed method, the comparison of the normal and the stator short circuit fault signal are shown in Fig. 13.
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Figure 13: Comparison of the normal signal result and stator short circuit result

Although the noise has some influence on the result, we can easily recognize that the 2f, component of
the normal signal is the prominent one. The result is consistent with the description in reference [1]. This is an
important reference for the fault diagnosis of the generator. The comparison of the amplitude values between
the normal and the faulty signals are shown in Table 4. It can be seen that the 2f;, 4f, and 6f, components in
the faulty case are respectively increased by 7.0, 7.5 and 16.4 times, respectively, with respect to the normal
condition. This result shows that the stator inter-turn short circuit fault will significantly intensify the
vibration amplitudes of the characteristic frequencies, which can be used as a faulty feature. reference [1]
also pointed out that fo, 2fy, 3fo and 4fy will enhance when rotor inter-turn short circuit occurs. Some
components are coincident, so it needs comprehensive research and judgment to diagnose. For example,
31, and 6f; can be the basis. Besides, it can be concluded that the proposed method of ACMD DEO3S is
able to improve the fault diagnosis by comparing with other methods according to the data in Tables 3
and 4.

Table 4: Comparison of the amplitude of normal signal with fault signal

State 2fo 4fo 6/o
Normal 0.7737 0.1585 0.0232
Stator short circuit 5.3950 1.1810 0.3800

5 Conclusion

In this paper, a new approach to detect the stator inter-turn short circuit fault in synchronous generators
called ACMD_ DEQO3S is proposed. The method uses ACMD to decompose the original vibration signal and
employs DEO3S to obtain the envelop spectrum of the optimal mode. The proposed method can extract the
weak characteristic in noise of the simulating signal, and the characteristic of the real signal in a generator is
also extremely impact by noise. Thus, the research of the simulating signal which contains weak impact in
noise shows the latent capacity of the method to realize fault diagnosis of generator. Moreover, the
experiment on the MJF-30-6 prototype generator validates the effectiveness of the method. The main
conclusions of the results are as follows:

(1) The vibration signal of the stator processed by the proposed method is useful to diagnose the stator
inter-turn short circuit fault based on the characteristics component variations.

(2) Comparing with the proposed ACMD_ DEO3S model, the result based on EEMD DEO3S is almost
illegible and the result based on ACMD _Hilbert lacks the information of 41, and 6f,, which highlights a more
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superior ability of the proposed ACMD_ DEO3S method to extract the characteristic frequencies of 2/, 4f
and 6fj.

(3) The quantitative analysis shows that the amplitudes of the characteristic frequencies will be increased
by significant multiples after processing. It can be a support for the theoretical analysis that 2f;, 4f, and 6f
would raise when the stator short circuit fault occurs.

In our next step, we would propose more approaches to diagnose other types of generator faults such as
rotor inter-turn short circuit, air-gap eccentricity, and even the mixed fault based on vibrations.
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