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Abstract: An accurate extraction of vibration signal characteristics of an on-load tap changer (OLTC) during contact
switching can effectively help detect its abnormal state. Therefore, an improved fuzzy C-means clustering method for
abnormal state detection of the OLTC contact is proposed. First, the wavelet packet and singular spectrum analysis are used to
denoise the vibration signal generated by the moving and static contacts of the OLTC. Then, the Hilbert-Huang transform that
is optimized by the ensemble empirical mode decomposition (EEMD) is used to decompose the vibration signal and extract
the boundary spectrum features. Finally, the gray wolf algorithm-based fuzzy C-means clustering is used to denoise the signal
and determine the abnormal states of the OLTC contact. An analysis of the experimental data shows that the proposed
secondary denoising method has a better denoising effect compared to the single denoising method. The EEMD can improve
the modal aliasing effect, and the improved fuzzy C-means clustering can effectively identify the abnormal state of the OLTC
contacts. The analysis results of field measured data further verify the effectiveness of the proposed method and provide a
reference for the abnormal state detection of the OLTC.
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. components account for more than 95% (341 Therefore,
1 Introduction , )
to ensure a safe operation of the on-load tapping

As an indispensable part of the power system, the

transformer, an analysis of the mechanical

power transformer with an OLTC is particularly  characteristics of the OLTC can be helpful for an

important for the regulation of the system voltage.
Therefore, condition monitoring of the OLTC plays a
vital role in the operation and maintenance of the
power transformer. In the past five years, frequent
OLTC failures reported by the China Southern Power
Grid Corporation and the State Grid Corporation of
China have gained the attention of both industry and
academia. According to the statistics, the faults
induced by the OLTC account for 20% of all types of
the on-load tapping transformer faults in China and
41% in European countries (-2, Among all the factors
that result in OLTC failures or faults, the mechanical

failures induced by the drive springs and other
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abnormal state signal extraction and fault diagnosis.
Because vibration signals contain a large amount of
information for characterizing the mechanical state of
the power equipment, collecting vibration signals from
the OLTC and other power equipment to monitor and
diagnose the operation condition state has gained
significant attention in this field. In Ref. [5], an
acoustic vibration analysis method for the OLTC
mechanical state feature extraction was proposed.
Fault diagnosis of the OLTC can be achieved using the
extracted features from the signal collected while the
transformer is energized. In Ref. [6], Seo et al
indicated that certain power companies in Australia,
Canada, and European countries have adopted
vibration measurement methods to perform online
condition monitoring of the OLTC of power

transformers. The change in the OLTC state can be
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evaluated by comparing the vibration signals collected
under different working states. In Ref. [7], a wavelet
transform-based method was proposed for the OLTC
vibration signal feature extraction, while Ref. [8]
proposed using the wavelet entropy and the empirical
mode decomposition (EMD) entropy to compare and
analyze OLTC vibration signals. Other methods such
as K-means clustering and the Hilbert transform were
also proposed to analyze and classify the mechanical
signals of the OLTC 191 The EMD algorithm, which
has been applied for signal analysis for a long time (131
was also introduced to detect the mechanical state of the
oLtc "M,

In addition to the aforementioned methods or
algorithms, including the wavelet transform analysis,
EMD, Hilbert transform, and K-means clustering,
other methods such as the Fourier transform®, deep
belief network (DBN) []7'18], wavelet and modal

analysis 191 and expert system 20 were proposed for
of the OLTC.

Considering that the OLTC vibration signal originating

analyzing the vibration signals
from contact switching is a nonlinear non-stationary
signal, conventional methods can analyze and process
this type of signal to a certain extent; however,
limitations remain in the algorithms. For example, the
short-time Fourier transform and wavelet transform
are capable of analyzing the non-stationary signal 2,
however, they cannot escape the limitation of the
fundamental wavelet. Generally, the EMD is applied
to analyze and process nonlinear and non-stationary
signals, which is an effective tool for adaptive signal
processing in both the time and frequency domains (31,
For the contact switching vibration signal of the OLTC,
the EMD can overcome the limitation of time-based
wavelet analysis if the processed signal is close to pure
white noise. Evidently, the analyzed signal is not pure
white noise, which makes the analysis results prone to
further

improvement are needed. For the K-means clustering

modal aliasing. Therefore, analysis and

algorithm, it is necessary to manually predetermine the

K value M

, which increases the complexity and
uncertainty of the algorithm. Similarly, the uncertainty
of the fuzzy C-means (FCM) clustering algorithm is
that the

generated 15 therefore, it is easy to fall into the local

initial clustering centers are randomly

optimum in the clustering process, resulting in the

decline of the clustering accuracy.

To further improve the diagnosis accuracy of OLTC
mechanical faults, this thesis proposes the use of
wavelet packets (WP) to denoise the collected
vibration signals as the first step, and the singular
spectrum analysis (SSA) is applied for secondary
denoising. Considering that the EMD is prone to
modal aliasing when decomposing non-pure white
noise, the ensemble EMD (EEMD) is adopted to
Thereafter, the
improved Hilbert-Huang transform (IHHT) is used to

decompose the denoising signal.

extract the characteristics of the OLTC vibration signal,
and finally, the optimized FCM clustering algorithm is
used to classify the abnormal state of the OLTC
contact. Based on this, an OLTC contact failure
experimental platform is designed and built to verify
the effectiveness of the proposed method. Field
measurements of OLTC signals are collected and
analyzed for further validation. The remainder of this
thesis is organized as follows. Section 2 introduces the
experimental platform for simulating the OLTC
contact switching. The proposed method and its
implementation are detailed in Section 3, while the
verification with onsite measured signals is described
in Section 4. The conclusions are finally presented in

Section 5.

2 Laboratory experimental platform of
OLTC contact switching

For a transformer with an OLTC, the contact
condition of the OLTC plays a vital role in its
normal operation; the monitoring and assessment of
its operating status is necessary and urgent for
power companies. Generally, the fault signals of the
OLTC include mechanical vibration signals and
electrical signals. In contrast, the mechanical
vibration signal can be used to characterize the
typical failures or abnormal states of the OLTC,
including contact wear, contact loosening, spindle
deformation, and drive spring failures. Among these,
the most common failures are contact wear and
contact loosening. Therefore, a laboratory test
system for simulating an actual OLTC operation is
built, as shown in Fig. 1. The system includes the
following two parts, which are described in detail in

the subsequent sections: (D Contact switching
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device; @ Data acquisition system.
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Fig. 1 Schematic of OLTC switching signal

acquisition system

2.1 Contact switching device

The contact switching device consists of (D a pair of
contacts, one of which is a moving contact and the other is
fixed, @ a sliding lead screw mechanism driven by a
motor, (3 a transformer oil-filled iron bucket to simulate
the tank shell of the transformer, (4) an insulation support
base made of epoxy resin board, and &) a controller. The
moving contact is installed in a moving slider controlled
by a DC motor (12 V, 5 W) and integrated with the sliding
lead screw, while the static contact is fixed on the
insulating board at the bottom of the iron bucket. Both the
moving and static contacts are immersed in the
transformer oil. By controlling the movement of the slider
and adjusting the distance between the moving and static
contacts using the controller, the actual operating scene of
the OLTC contacts can be simulated. Details regarding the
subparts of the contact switching device are provided in
Tabs. 1-3.

Tab.1 Parameters of the moving and the static contact

Type Material Length/mm Diameter/mm
Moving Silver-copper alloy 30 20
Fixed Silver-copper alloy 20 20

Tab.2 Parameters of the iron bucket

Diameter/mm Height/mm Oil level/mm Thickness/mm

500 300 200 3

Tab.3 Parameters of the sliding lead screw

Maximum Minimum Vibration
Length/mm
speed/(m/s) speed/(m/s) frequency/Hz
50 150 10 452

2.2 Data acquisition system

In the OLTC contact switching signal acquisition

system, the subsystem for data acquisition consists
of the following four parts: (1) acceleration sensor,
@ high-speed data acquisition card, 3 amplifier,
and @ host computer with data acquisition and
analysis software. Detailed parameters of the
acceleration sensor, high-speed data acquisition card,

and the amplifier are provided in Tabs. 4-6.

Tab.4 Parameters of the acceleration sensor

Type Manufacture Bandwidth/Hz ~ Excitation current/mA

CT1005LC ~ CHENGTEC 0.5-8 000 2-10

Tab.5 Parameters of the high-speed data acquisition card

. . Number of
Maximum sampling .
Type Manufacture sampling
rate/(kS/s)
channels
MCC1608G ~CHENGTEC 250 4

Tab. 6 Parameters of the amplifier

. Number of sampling
Type Manufacture Bandwidth/kHz

channels

CT5204 CHENGTEC 1-100 4

During contact switching, the vibration signals
generated by the contacts can be collected by the
acceleration sensor and delivered to the high-speed
data acquisition card through the amplifier. Following
hardware filtering and simple preprocessing by the
high-speed data acquisition card, the vibration signals
are finally sent to the host computer for display and
analysis.

The OLTC contact wear is simulated by artificially
rubbing the contact surface with sandpaper prior to
conducting the moving test using the contact switching
device, whereas the OLTC contact loosening is mainly
simulated by the artificial loosening of the moving
contact of the device. To better collect the vibration
signal during contact switching, three acceleration
sensors are uniformly installed around the outer wall
of the iron bucket in sequence (120° apart in the
horizontal plane). To simulate the operation of OLTC
contacts to be similar to reality, the dynamic and static
contacts in the contact switching device are made of
silver copper alloy containing 2% silver, which is the
material of OLTC contacts used in actual transformers.
Similarly, the Karamay #25 mineral oil is selected as
the insulating medium for immersing the static

contact.
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3 Experimental test result analysis

To ensure the stability of the output voltage, the
transformer OLTC needs to be adjusted for voltage
regulation with load variation. During the current-carrying
and voltage-regulating operation, the dynamic and fixed
contacts of the diverter switch will collide, wear, and
ablate. The friction and collision of the moving and fixed
contacts are the main sources of vibration signals;
however, the vibration of the transformer core and
winding also produces vibration signals, which makes the
measured vibration signal more complex and ultimately
reduces the accuracy of the abnormal state detection and
fault diagnosis results. Therefore, it is critical to analyze
the propagation process of the vibration signal and
denoise the final collected vibration signal.

The vibration signal generated by the friction and
collision of dynamic and static contacts first spreads
over a certain distance in the insulating oil in the iron
bucket, and then reaches and passes through the inner
and outer wall of the iron bucket. Because the inner
wall of the iron bucket is relatively smooth, the
vibration signal will be refracted and reflected, which
collected by the
acceleration sensor more complicated. However, the

makes the vibration signal
damping of mineral oil can reduce the complexity of
the vibration signal to a certain extent. The vibration
of the iron core and winding also produces vibration
signals in the transformer tank when the transformer is
running; thus, the vibration signals measured by the
external speed sensor installed on the outer wall of the
iron bucket are more complex. In addition, when the
dynamic and fixed contacts of the OLTC switch are
switched, arc power generation will occur. The arc
decomposes the mineral oil to produce C,H,, Hz, CoHa,

07 which metamorphose the

and other fault gases
mineral oil, reduce the insulation strength of the
mineral oil, affect the arc extinguishing ability and the
transmission of the vibration signal, and thus increase
the complexity and difficulty of the mechanical
vibration signal acquisition. Therefore, the vibration
signal collected by the acceleration sensor requires
signal denoising to obtain a vibration that can more
accurately reflect the operating state of the OLTC. The
flow of the vibration signal collection, processing, and
analysis is shown in Fig. 2.
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Fig. 2 Flow chart of vibration signal collection and analysis

As shown in Fig. 2, once the vibration signal is
received by the host computer, the following three
additional steps will be implemented for further
analysis of the abnormal state detection: signal
denoising using WP transform and SAA (WP-SSA),
feature extraction using IHHT, and gray wolf
optimizer (GWO)-based FCM clustering (GWO-FCM)
for the abnormal state classification. Details regarding
the four steps are provided in the following sections.

3.1 WP-SSA based signal denoising

In this thesis, the WP-SSA ['*jg proposed to denoise the
vibration signal, where the WP transform is used for the
first denoising while the SSA is used for secondary
denoising. The WP overcomes the shortcoming of the
which
high-frequency signals. When WP is used to decompose

wavelet  transform, cannot  decompose
the signal, it decomposes the signal layer-by-layer
according to the decomposition scale from low to high,
and all sub-band signals in each layer are decomposed
into low-frequency and high-frequency components. This
decomposition process is called the WP tree 191" After the
n-layer decomposition, a pure low-frequency component
and 2" high-frequency components are finally obtained. In
this study, the db3 wavelet basis is used as the WP basis
function and the Shannon wavelet is selected, while the
number of layers for the vibration signal decomposition is
determined to be five through a trial-and-error process. In
addition, the window length for SSA is selected as 63.
Thereafter, the signal denoised by WP is subjected to the
secondary denoising using SSA. Generally, the SSA is used to
remove small noise disturbances in the signal 2021 While
maintaining the signal characteristics as far as possible, it

improves the denoising accuracy and meets the
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requirements of secondary denoising. Its denoising
principle is as follows.

First, the one-dimensional data of the signal are
constructed into a two-dimensional Hankel matrix. Let
the signal to be processed be X=[x(1), x(2),** x(N)],

which can be formed into an mxn dimensional Hankel
[

matrix "7 as follows
xM  x(2) x(n)
e x(:2) x(:3) x(n.+ 1) M
x(m) x(m+1) x(N)

where, m and n should satisfy the condition of n=m =2,
and m+n—1=N.
Once SSA is performed on the Hankel matrix A, its

decomposition form can be written as follows 1)

A=UZV" )
where A is an mxn matrix, U is an mxm orthogonal
matrix, and V' is an nxn unitary matrix. X' is a
diagonal matrix of singular values of the order mxn.

Singular values are usually used to express the
information contained in the matrix, and the amount of

information contained is positively correlated with the
magnitude of the singular values. The singular values in X
are arranged in descending order, and their values decay
rapidly 2] Therefore, by choosing an appropriate threshold
value and preserving the first few singular values with large
values, the singular diagonal matrix can be reconstructed to
achieve the purpose of noise reduction. When using the
SSA for secondary denoising, the vibration signal is first
formed into a singular value matrix (with singular values in
the diagonal). Because the singular values are usually used
for describing the information contained in the matrix that
represents a positive correlation, the diagonal matrix of the
singular values can be reconstructed by choosing an
appropriate threshold and retaining the singular values of
the previous several large values.

To verify the effectiveness of the method proposed in
this study, the sine and cosine functions are used to
construct the original analog signal, which is followed by
adding Gaussian white noise to form an analog noisy
signal, and then using WP and SSA for secondary noise
reduction. The noise reduction results are shown in Fig. 3.
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As shown in Fig. 3, the denoising method proposed
in this study has a better denoising effect than any
single denoising method of WP and SSA. After
denoising with WP-SSA, the obtained signal in Fig. 3a
is nearly the same as the original signal shown in Fig.
3e. The the
experimental platform is then preprocessed with the

vibration signal collected from
proposed WP-SSA for denoising. To reflect the
denoising effect, the signal-to-noise ratio (SNR),
correlation coefficient R, and root mean square error
(RMSE) are calculated for the WP, the SSA, and the

WP-SSA, respectively; the results are shown in Tab. 7.

Tab.7 Denoising effect of vibration signal with different

denoising methods

R Cov(f;,y,) @
6,9,
RMSE = J%i[ f()- ()] (6))

where f{7) is the noisy signal, and y(7) is the signal after
noise reduction. The larger SNR, the closer the R value
is to 1; the smaller RMSE | the better the denoising
effect of WP-SSA.

As shown in Tab. 7, the secondary denoising
method of WP-SSA proposed in this study is superior
to the simple WP or SSA, which verifies the
effectiveness of the denoising method proposed herein.

3.2 EEMD-based signal feature extraction

Denoising method SNR R RMSE
WP 1.687 0.746 0.103

SSA 1.942 0.806 0.097
WP-SSA 2.942 0.916 0.089

After denoising with WP-SSA, the preprocessed signal
is decomposed with EMD and EEMD to generate the

The calculation formulas for the SNR, correlation
coefficient, and RMSE are given by Egs. (3)-(5) (23]

intrinsic mode function (IMF) (5] The decomposition
effects of the EMD and EEMD are shown in Figs. 4
and 5, respectively.
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Fig. 4 EMD decomposition effect of signals after denoising
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Fig. 5 EEMD decomposition effect of signals after denoising

Once the IMF is obtained from the measured signal,
the Hilbert transform is applied to generate the
corresponding Hilbert spectrum using the following

equation (zel

H(w,t) = Reiai(t)eXp(jjwf(t)dl) (6)

where H(w,t) is the relationship between the signal

amplitude, frequency, and time over the entire
frequency range of the signal, w is the frequency, ¢ is
time, a indicates the IMF; i=1, 2, ---, n, is the
decomposition number of EEMD.

By integrating the Hilbert spectrum on the time axis,
the Hilbert marginal spectrum can be finally obtained

through Eq. (7) as follows *7
T
(o) = jo H(w,)dt (7)

where T is the length of the signal sequence, H(w,t) is

the relationship between the signal amplitude,
frequency, and time in the entire frequency range of
the signal, and A(w) is the relationship between the
signal amplitude and frequency in the entire frequency
range of the signal.

The generated Hilbert marginal spectra are shown in

Fig. 6, which demonstrates that the marginal spectrum
waveforms of the OLTC contact simulation device
under normal and contact failure conditions are

approximately the same between 0 Hz to 60 Hz.
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However, the marginal spectral amplitude of the
vibration signal in the abnormal state is significantly
higher than that under the normal state between 60 Hz
and 110 Hz, as shown in Figs. 6b, 6¢c, and 6d.
Therefore, according to the Hilbert marginal spectrum,
when the OLTC enters an abnormal state, the
amplitude of the Hilbert marginal spectrum will
exhibit a larger increase compared to the normal state.

3.3 Abnormal state detection using GWO-FCM

The FCM algorithm is a clustering algorithm based on
an iterative optimization of the objective function 28],
By optimizing the objective function, the membership
degree of each data point to all the clusters is obtained,
and each data point is determined to achieve the
classification purpose of this algorithm. The objective
function of the FCM clustering algorithm J(U, P) is

defined as follows !

J(U,P)= Z}Z}W’” (d,)’ ®)
i=1 j=

where c is the number of clusters, n is the number of
samples, and m is the fuzzy index. Usually, the value
is m € [l, 25]. In this study, m=2, u; is the
membership degree of sample j to category i, dj
represents the Euclidean distance, that is, the distance
between sample j and the cluster center i, which is
defined as follows

@) =l =p,[ ©)

where x; indicates the i-th sample number, and p;
indicates the j-th cluster center.

During each iteration of optimizing the objective
function, the corresponding membership values can be
obtained through the membership function, from
which a new membership matrix u; and various cluster
centers ¢; can be calculated.

Considering that the initial clustering centers of the
FCM are generated randomly during the clustering
process and cannot go beyond the limit of local
which
performance, this study proposed the use of the GWO
algorithm to optimize the FCM algorithm. The GWO

is a

convergence, results in poor clustering

swarm intelligence optimization algorithm
proposed by Mirjalili et al. B9 in 2014, which is

inspired by the hunting behavior of gray wolves. The

GWO algorithm is used to describe the social
hierarchy and hunting behavior of gray wolf
populations. The social hierarchy is generally divided
into four categories, denoted as a, f, J, and w 31
Among these, a is the best wolf, f and ¢ are the second
and third best wolves, respectively, while @ indicates
the remaining wolves. The aim of the GWO algorithm
is to determine the optimal solution within the
specified range through the a, f, and 6 wolves, and
lead the w wolf to update the position and finally
complete the hunting behavior. The specific process is
as follows .

When a gray wolf begins to search for its prey, the
distance between the gray wolf and its prey can be

expressed as follows

D=|x,(k(C-1) (10)
X, (k+1)=X,, (k) ~ AD (11
A=a(2r-1) (12)
Cc=2, (13)

where k is the number of iterations, X,(k) is the
position vector of the prey, X(k) is the position vector
of the gray wolf, D is the distance vector between the
gray wolf and the prey, and 4 and C are the
coordination coefficients. Among these, the value of a
is [0, 2], and linearly decreases from 2 to O in the
iterative process; 71 and r, are random vectors between
[0, 1].

Gray wolves have the ability to identify the location
of their prey and to encircle the prey during hunting.
In each iteration of GWO, the three optimal solutions
of a, f, and 6 wolves are retained. The positions of
the remaining w wolves are then updated according
to their positions, and the optimal solution is finally

determined. The mathematical expression is as
[31]

follows
D, =|C,X, - X| (14)
D, =|C,X, - X| (15)
D, =|C, X, - X]| (16)
X, =X, —AD, (17)
X, =X, -4,D, (18)

X, =X, - A,D, (19)
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X(k+1)= w (20)

In the clustering process of FCM, the initial
clustering center is randomly generated and cannot
escape the limitation of local convergence, thus
influencing its clustering performance. By using GWO
to improve the FCM clustering algorithm, the
aforementioned problems can be solved. As an
efficient global search algorithm, GWO not only
solves the local convergence problem but can also
determine the optimal clustering center to minimize
the objective function value of FCM, as well as obtain
the best clustering result. The specific implementation
process is as follows.

(1) Initializing the gray wolf population through the
following equation

x, ; = lower,H(upper; —lower;)xrand(0,1) ~ (21)

where i= (15 25."> n)a.j: (15 2’"'5
indicate the maximum and minimum values of the j

d); upper; and lower;
element, respectively; n represents the population
number, and d indicates the population dimension.

(2) Setting the fitness function by the objective
function. In the FCM clustering process, the objective
function value is negatively correlated with the
clustering effect. When the objective function value J
decreases, the clustering effect gradually improves.
The fitness function is as follows

fitness = J ! (22)

Obviously, when the objective function J is smaller
and the clustering effect is better, the fitness function
of GWO is larger.

(3) Continuously iterating the parameters of a, f,
and 6 in the GWO algorithm to obtain the optimal
fitness function value a, which is taken as the new
clustering center of FCM to improve the clustering
performance.

The vibration signal processed by EEMD and the
Hilbert transform is used as the input of the K-means
clustering %,  FCM and GWO-FCM
clustering algorithm; the number of samples in the

clustering,

dataset is 4 000, the K value in the K-means clustering
is set to 3, and the fuzzy index of the FCM clustering
is chosen as 2. In Eq. (8), the original objective
function is determined and the cluster center is
randomly provided. Then, the objective function and

cluster center are optimized through repeated iterations
until the iteration termination condition is satisfied.
Finally, the GWO-FCM cluster center matrix is

obtained as follows

613.4342 44104.5947 -0.0437
C=| 1999.499 441039325 -0.0014
33855654 44103.9309 -0.0012

The number of iterations for the objective function
optimization is 159, and the final objective function
output value is obj fcn = 4.458 8x10®. The clustering
results obtained using K-means clustering, FCM, and
GWO-FCM are provided in Figs. 7-9.
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Fig. 7 K-means clustering result of experimental data
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Fig. 9 GWO-FCM clustering result of experimental data

As shown in Fig. 7, the K-means -clustering
algorithm roughly divides the input vibration signal
into three regions. The divisions are made according to

the overall distance of the cluster center, from large to
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small, the moving contact wear and contact loosening
fault states, and the contact normal working state. In
contrast, the FCM clustering and the GWO-FCM
clustering divide the input vibration signal into three
obvious areas, as shown in Fig. 8 and Fig. 9. It is clear
that the FCM clustering and GWO-FCM clustering
algorithms have better clustering results compared to
the K-means clustering algorithm. Among these,
GWO-FCM
performance compared to FCM clustering with clear

clustering has the best -clustering
cluster centers and clustering results.

To demonstrate the effectiveness of the GWO-FCM
clustering algorithm more specifically, this study
adopts the partition coefficient (PC) and partition
entropy (PE) as the clustering performance evaluation

index ¥,

The system clustering effect, K-means
clustering effect, and FCM clustering effect are
evaluated, the results of which are shown in Tab. 8.
Here, the closer the PC value is to 1 and the PE value
is to 0, the higher the clustering efficiency. The PC and
PE can be calculated using Egs. (23) and (24),

respectively.

c n

pc= D> (23)

nisy j=1

where a €[1, +o°].

Tab.8 Evaluation index of clustering algorithms

Clustering algorithm PC PE
Traditional clustering 0.798 9 0.140 2
K-means clustering 0.8197 0.1249
FCM clustering 0.8549 0.106 4
GWO-FCM clustering 0.946 2 0.086 9

As shown in Tab. 8, the GWO-FCM clustering
algorithm is better than the FCM and K-means
clustering algorithms with respect to the PC and PE
values. This confirms that the method proposed in this
study provides an effective classification in the
abnormal state detection of the OLTC experimental

test signals.

4 Verification with onsite measured data

To verify the feasibility of the method proposed in this

study, the OLTC switching vibration signals were
collected from a transformer in a local substation.
The sampling rate and the number of sampling
points were consistent with the parameters set in the
experiment test introduced in Section 3. The
collected OLTC switching vibration signals were
first preprocessed by the WP-SSA, and then the
IHHT was implemented to extract the features of
the denoised signal. The Hilbert marginal spectrum
of the onsite collected normal operating OLTC
switching signal after processing is provided in
Fig. 10.
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Fig. 10 Hilbert marginal spectrum of field collected data
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As shown in Fig. 10, the marginal spectral
amplitude of the vibration signal is higher than that of
the normal state and is lower than that of the fault state
between 60-110 Hz. The OLTC is suspected to have
certain faults; however, the fault types need a further
FCM, and

GWO-FCM clustering algorithms are used to obtain a

diagnosis. Finally, the K-means,

diagnosis of the vibration signal. The diagnosis results

are shown in Figs. 11-13.
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Fig. 13 GWO-FCM clustering results of field data

By comparing and analyzing the results in Figs.
11-13, the vibration signal of the transformer OLTC
tested onsite consists of the following four states: wear
of the moving contact, moving contact loosening,
performance degradation of drive spring, and normal
state. The proposed GWO-FCM clustering method has
than FCM

clustering and K-means clustering, which also verifies

a better classification performance

the feasibility of the proposed method for onsite

application.

5 Conclusions

This article proposes an improved FCM method for

abnormal state detection with both laboratory
measured OLTC signals and onsite collected real
OLTC switching signals. With the proposed method,
the abnormal states of the OLTC can be detected through
a series of processes including signal collection,
preprocessing, feature extraction, and fault diagnosis. The
following conclusions can be summarized based on the
results presented in this study.

(1) The WP-SSA secondary denoising method
proposed in this study solves the problem of WP
neglecting small disturbances in the denoising process and

improves the denoising effect of the vibration signals.

(2) By using the EEMD method, the modal aliasing
effect that is easily generated when EMD decomposes
vibration signals with Gaussian white noise is
improved, thereby improving the accuracy of the
vibration signal feature extraction.

(3) The GWO-FCM clustering algorithm has a
better clustering performance than the K-means
clustering and FCM clustering algorithms, which
improves the abnormal state detection for the OLTC
and also provides a reliable basis for online monitoring
and fault diagnosis of an actual transformer OLTC.
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