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Abstract— With the proliferation of electric vehicles (EVs), the sup-
porting facilities and infrastructure become new components in
conjunction with conventional electrical appliances. These novel
appliances, e.g., charging piles and energy storage devices, bring
new features as well as challenges to the existing power grid. To
enhance the accuracy of mechanical fault identification for on-load
tap changers (OLTCs) in smart grid with EVs, a feature selection
method for OLTC mechanical fault identification is proposed in
this paper. This method relies on the multi-feature fusion and the
joint application of the K-nearest neighbors algorithm (KNN) and
the improved whale optimization algorithm (IWOA). By multi-feature
fusion, the high-dimensional set of time-domain and frequency-
domain characteristics as well as energy and composite multi-scale permutation entropy can be constructed. As a result,
the maximum correlation minimum redundancy (mRMR) principle can be used to screen the sensitive feature subsets.
Finally, IWOA is used to optimize the sensitive feature subsets, and KNN is used to classify the different types of optimal
feature subsets. The experimental results show that the proposed method is at least 8% more accurate than the existing
methods. The high-accuracy nature of the proposed method can accelerate the promotion of EVs and the establishment
of intelligent transportation environments.

Index Terms— Mechanical fault diagnosis, multi-feature fusion, improved whale optimization algorithm (IWOA), on-load
tap changer, electric vehicle (EV).

I. INTRODUCTION

ON-LOAD tap changers (OLTCs) play an important role
in regulating reactive power and stabilizing grid voltage

in power systems [1]. According to statistical reports, OLTC-
induced transformer faults account for more than 20% of the
total faults, and mechanical faults account for more than 90%
of the total [2].In recent years, with the rapid application
of electric vehicles (EVs), the matching charging piles and
energy storage devices have been incorporated into the power
grid [3]. These components inevitably bring new features
and challenges to the traditional power grid. Specifically, a
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large number of different EVs, as well as their charging
behaviors under different access levels, will affect the level
of grid voltage. The change of voltage will directly affect
the change of current. When the power grid operates under
low voltage, it will lead to the increase of both reactive
power and active power, so as the operational cost. Through
frequent voltage regulation of OLTC, the quality of power
grid can be improved, but the occurence of fault at OLTCs
becomes frequent. Therefore, it is necessary to design an
efficient mechanical feature extraction method for OLTCs.
Such a method is expected to identify the hidden faults in
the process of OLTC operation in smart grid with EVs as
early as possible. As a direct consequence, an early-warning
mechanism is enabled and of great significance to ensure the
reliable operation of transformer on-load tap changers [4].

In recent years, there have been a plethora of theoretical and
practical research studies on the mechanical faults of OLTCs.
The main methods include: dissolved gas analysis of the OLTC
oil [5], motor driving torque analysis [6], temperature analysis
[6], and vibration signal analysis [7]–[13]. Among them,
vibration signal analysis is the most commonly used method.
This method was first proposed by Bengtsson et al with the
ABB corporation in 1996 [7]. This analytical method mainly
uses an acceleration sensor to monitor the vibration signal of
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the OLTC switching process in a non-interferential manner
and obtains the state information and working condition of
the OLTC switching process. The obtained information can
be utilized to evaluate the operational status of OLTCs and
diagnose faults. In this analytical method, how to identify the
effective characteristic quantities from the collected vibration
signals and combine them with an effective diagnosis method
is the key. In [8]–[10], the time-domain characteristics of
the OLTC vibration signals are determined by continuous
wavelet. Accordingly, the working state criterion of the OLTC
is established according to the ridge distribution diagram of
the vibration signal. As a result, the characteristics of the ridge
distribution diagrams regarding the typical faults of OLTCs
are analyzed, and a mechanical fault diagnosis method of
OLTC based on Kohonen’s self-organizing mapping network
is proposed.

For different stages of OLTC’s switching process, Seo et
al. proposed to use wavelet analysis to take the time and
amplitude information of the OLTC vibration signal pulse as
the characteristic parameters [11]. In this way, the abnormal
pulse and action time sequence are associated with analyzing
the operational status and identifying the abnormal states
of specific parts. Due to the randomness and low-frequency
chaos of the vibration signal in the OLTC switching process,
the authors in [12], [13] propose an OLTC fault diagnosis
model based on the power spectrum of the vibration signal
and the hidden Markov chain. The proposed diagnosis model
is capable of reconstructing the phase space of the OLTC
vibration signal and identifying the working condition of the
OLTC by defining the phase space coefficient. However, due
to the limitations of the phase space reconstruction algorithm,
the chaotic information of the signal cannot be fully retrieved.

In [1], the narrow-band noise assisted multi-variate empiri-
cal mode decomposition (EMD) algorithm is introduced into
the mechanical fault monitoring for converters and OLTCs.
The EMD algorithm mainly relies on the narrow-band noise
signal to suppress the modal aliasing phenomenon and over-
come some defects of the traditional methods. Experimental
results have verified the high diagnostic accuracy of this
method. However, the judging criterion for the characteristic
matrix in this method is oversimple and needs further improve-
ment.

In order to further improve the diagnostic accuracy of OLTC
mechanical faults, we propose a mechanical fault feature
selection method for OLTCs based on multi-feature fusion
and IWOA-KNN. The main contributions of this paper are
summarized as follows:
• By the quadratic penalty factor and the preset scale on

the decomposition of the variable mode decomposition
(VMD), the envelope entropy is chosen as the fitness
function, and particle swarm optimization (PSO) is used
to make the self-adaptive selection of its parameters.

• To overcome the defect of single feature selection
and enhance diagnostic accuracy of OLTC mechanical
faults, a high-dimensional collection of time-domain and
frequency-domain characteristics as well as energy and
composite multi-scale permutation entropy is constructed
by multi-feature fusion.

• To reduce the redundancy and complexity brought by
multi-feature fusion, the mRMR principle is used to
screen the initial multi-feature fusion, and the diagnostic
accuracy is chosen as the fitness function. In this way,
IWOA is used to optimize the best feature subsets, and
KNN is used to classify different types of the best feature
subsets.

In addition, the high-accuracy nature of the proposed method is
able to accelerate the promotion of EVs and the establishment
of intelligent transportation environments. With the rapid de-
velopments of intelligent algorithms, information and commu-
nications technology (ICT) for the automobile industry [14]–
[18], and with the applications of 5G wireless technologies for
traffic control and optimization [19]–[21], it is expected that
there will be a large number of intelligent EVs and electrical
appliances that can benefit from the proposed mechanical fault
diagnosis method. and with the application of 5G network
in traffic ,it is expected that there will be a large number of
intelligent EVs and electrical appliances that can benefit from
the proposed mechanical fault diagnosis method.

The rest of this paper is organized as follows. In Section II,
we introduce the multi-feature fusion from three perspectives.
Then, we propose the feature selection model for OLTC
mechanical faults in Section III. The experimental verification
and discussion of the obtained results are presented in Section
IV. Finally, we conclude the paper in Section V.

II. MULTI-FEATURE FUSION

In this section, we introduce how multiple features can be
fused to form the feature matrix that helps the diagnosis of
mechanical faults in OLTCs. These features include energy
characteristics, entropy characteristics, and time-frequency
characteristics.

A. Energy Characteristics and Entropy Characteristics
VMD is a novel adaptive time-frequency analytical method

based on Wiener filter, Hilbert transform, analytic signal,
and heterodyne demodulation [22]–[24]. The essence of this
decomposition is an iterative solution process for a specific
model. By utilizing the VMD algorithm, the number of
intrinsic mode function (IMF) components K should be set
in advance. For different K, the final signal processing result
will be different, and the penalty parameter Ψ has a great
influence on the broadband of the modal components. This
paper proposes to optimize the two parameters of the VMD
algorithm by the PSO algorithm [25]. Following the paradigm
given in [26], the envelope entropy of a signal x(j) with length
N is adopted as the fitness function, and the definition of
envelope entropy is as follows:

Ep = −
N∑
j=1

pj log(pj), (1)

where a(j) is the envelope signal extracted from x(j) after
Hilbert demodulation; pj = a(j)∑N

j=1 a(j)
is the normalized

form of a(j). In this paper, the minimum value of envelope
entropy is taken as the fitness function value in the process
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of optimization. Therefore, the optimization on the fitness
function is constructed as follows:

Minimize Ep. (2)

Compared with a typical OLTC vibration signal, the energy
of the OLTC fault vibration signal in the same frequency
band is quite different, which contains rich fault information
in the energy corresponding to each frequency component.
Therefore, the IMF signal components decomposed by PSO-
VMD can be used as the characteristics to effectively extract
most kinds of fault features of OLTC. The specific computing
steps of energy characteristics are detailed as follows:

1) Decomposite the OLTC vibration signal x(j) by PSO-
VMD and select k IMF components;

2) Calculate the total energy of each signal’s inherent
modal function component by Ei =

∫∞
−∞ |ci(t)|

2dt,
where ci(t) represents the magnitude of each scale
coefficient or natural mode function at time t;

3) Calculate the quadratic sum of energy by EΣ =√∑k
i=1 |Ei|2;

4) Construct feature vector T with feature energy as el-
ements by T = [Ek,1, Ek,2, . . . , Ek,i], where Ek,i
represents the ith energy eigenvalue corresponding to
the kth IMF component;

5) Normalize T to yield the normalized feature vector T′ =
[Ek,1/EΣ, Ek,2/EΣ, . . . , Ek,i/EΣ].

B. Composite Multi-Scale Permutation Entropy
Characteristics

The composite multi-scale permutation entropy (CMPE)
algorithm optimizes the single coarsening in the classic MPE
algorithm by means of composite coarsening. Through ob-
taining multiple composite coarsening time series on multiple
scales, we can determine multiple permutation entropy values
for multiple coarsening sequences. In this way, we can obtain
the CMPE values by averaging multiple permutation entropy
values [27]. After decomposing the OLTC vibration signal
with the PSO-VMD algorithm, k IMF are obtained, CMPE
is calculated for each IMF component, and the CMPE matrix
can be written as

CMPE =


CMPE1,1 CMPE1,2 . . . CMPE1,s

CMPE2,1 CMPE2,2 . . . CMPE2,s

...
...

. . .
...

CMPEk,1 CMPEk,2 . . . CMPEk,s

 , (3)

where CMPEν,υ represents the CMPE value with scale υ
of the νth IMF component, ∀ ν ∈ {1, 2, . . . , k} and υ ∈
{1, 2, . . . , s}. With CMPE, we can average each column of
elements 1 to k in the matrix one by one and obtain the average
CMPE vector as CMPE = [CMPE1,CMPE2, . . . ,CMPEs],
where CMPEυ = k−1

∑k
ν=1 CMPEν,υ .

C. Time-Frequency Characteristics
Time-domain characteristic vectors are obtained by using a

statistical analytical method to process the probability density
function of OLTC vibration signals. Specifically, these signals

can be divided into two types: dimensional and dimensionless.
Two characteristic parameters of the response signal amplitude
and energy are selected, which are the root mean square (RMS)
error value t1 and kurtosis t2; six characteristic parameters of
response signal time series distribution are selected: standard
deviation t3, peak-to-peak t4, peak index t5, pulse index t6,
margin index t7, and waveform index t8.

The frequency-domain characteristic parameter analysis
refers to the transformation of the vibration signals from the
time domain to the freqmethods. Compared with time-domain
analysis, frequency-domain analysis provides more intuitive
and rich fault information. Four characteristic parameters are
selected to reflect the position change of the main frequency
band: average frequency p1, average frequentness p2 (This
transformation can facilitate further analysis and processing
the signal by statistical fitness is a measure characterizing
the dispersion of frequency components), waveform stability
factor p3, and center of gravity frequency p4. Besides, three
frequency-domain characteristic parameters are selected to
reflect the dispersion and concentration degree of the spectrum,
which are amplitude variance p5, deviation degree p6, and
amplitude kurtosis p7.

The time and frequency characteristics can be jointly ex-
pressed in the form of matrix as b1 = [t1, t2, . . . , t8] and b2 =
[p1, p2, . . . , p7]. We can concatenate both matrices to yield
the time-frequency characteristic matrix as b3 = [B1,B2].
Consequently, all features are fused together to form a matrix
incorporating all features, which is defined as follows:

b′ = [T′,CMPE,B]. (4)

In this paper, the signal represented by N samples is divided
into S segments. In particular, we stipulate that each segment
has 1024 samples, and the feature matrix generated by S
segments can be expressed as

B′ =


b′1
b′2
...
b′S

 =


b′1,1 b′1,2 . . . b′1,J
b′2,1 b′2,2 . . . b′2,J

...
...

. . .
...

b′S,1 b′S,2 . . . b′S,J

 , (5)

where J = s+k+15 is the dimension of the feasible solution
and S is thought of the number of whale populations in our
specific application scenario.

III. FEATURE SELECTION MODEL FOR OLTC
MECHANICAL FAULTS

In this section, we first present the conventional whale
optimization algorithm to clarify some basics and provide a
comparison benchmark for our advanced algorithm. Then, we
detail how the key features are selected to reduce the computa-
tional complexity and propose the IWOA-KNN algorithm that
relies on the feature matrix to provide accurate fault diagnosis.

A. Whale Optimization Algorithm
The whale optimization algorithm is a new swarm intelli-

gence optimization algorithm proposed by Mirjalili and Lewis
[28]. By simulating the foraging behaviors of the bubble
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net, the whale optimization algorithm can be divided into
three stages: encircling, spiral updating, and prey searching.
First, whales search for prey and gradually obtain relevant
information of prey. Then, whales constantly approach prey by
surrounding and spiraling close to prey and finally pounce on
prey. This process can also be transferred to find the optimal
solution to an optimization problem. Accordingly, the three
updating methods are formulated in the following paragraphs.

1) Surround food: As specified in [28], humpback whales
swim to prey in a spiral motion when they are engaged in the
predatory behavior of spitting bubbles. Therefore, the mathe-
matical model of the spiral renewal stage can be expressed as
follows

M1(q + 1) = M∗(q)−AD1, (6)

where D1 = Abs (CM∗(q)−M(q)) is the distance matrix
between the current optimal solution and the search body and
Abs(·) is the entry-wise absolute value conversion function;
q is the index of the current iteration; M∗(q) is the position
matrix of the current optimal solution and M(q) is the position
matrix of the search body; A and C are process control
coefficients. Both process control coefficients are defined to
be A = a(2r− 1) and C = 2r, where the range of a is [0, 2],
and it is in the form of recursive subtraction updated with
a← {a− 2q/Qmax}, in which Qmax represents the maximum
number of iterations; r is a random variable distributed over
[0, 1].

2) Spiral renewal: Following the assumption given in [28],
humpback whales swim to their prey in a spiral motion as a
predator-prey behavior when they spit bubbles. Consequently,
the mathematical model of the spiral renewal stage can be
written as follows

M2(q + 1) = M∗(q) + D2exp(bl) cos(2πl), (7)

where D2 = Abs (M∗(q)−M(q)) is the distance matrix
between whale and prey; b is a process control coefficient
to regulate the shape of the spiral; l is a random variable dis-
tributed within (−1, 1). Because whales not only swim towards
a prey in a spiral motion, but also shrink the encirclement, the
position update should be carried out depending on either (6)
or (7) with a 50% probability as the threshold probability ρth.
The probabilistic expression is given by

M(q + 1) =

{
M1(q + 1), ∆ < ρth

M2(q + 1), ∆ ≥ ρth

, (8)

where ∆ is a random variable uniformly distributed over [0, 1].
3) Search prey: In addition to the bubble net search strategy,

humpback whales can also search prey randomly, which is
based on the value of process control coefficient A. If A /∈
(−1, 1), the distance matrix should be updated in a random
manner. To find a prey, the whale will deviate from the orig-
inal target prey, which makes the classic whale optimization
algorithm have a global search ability. The random updating
expression is given as follows

M(q + 1) = Mrand −ADrand, (9)

where Drand = Abs (CMrand −M(q)) and Mrand is the
position of a random whale in the current population.

Algorithm 1 Pseudocode of the classic whale optimization
algorithm.

1: BEGIN
2: Initialize the whale population Mi, ∀ i ∈ {1, 2, . . . , S}

and the maximum iteration number Qmax, and ρth and
set q = 1;

3: Calculate the fitness of search agent and obtain the best
agent M∗;

4: while q ≤ Qmax do
5: for i = 1 : S do
6: Update a, A, C, l, and ∆;
7: if ∆ < ρth then
8: if |A| < 1 then
9: Update the position by (6)

10: else
11: Randomly select an individual in a population;
12: Update the position by (9);
13: end if
14: else
15: Update the position by (7);
16: end if
17: end for
18: Calculate the fitness of the search agent;
19: Update M∗ if the solution is improved;
20: q + +;
21: end while
22: Return the best fitness value M∗.
23: END

The pseudocode of the classic whale optimization algorithm
is given in Algorithm 1 for clarification and comparison
purposes.

B. K-Nearest Neighbor Method
The K-nearest neighbor (KNN) method is the simplest

but one of the most effective non-parametric methods for
classification and regression [29], especially when the size of
the sample set is small. In the realm of machine learning,
KNN is mainly used in regression analysis and modeling. In
the process of classification modeling, the sample training, as
well as the output of sample classification, rely on the KNN
method. To enable the KNN based classification, the Euclidean
distance between two arbitrary feature matrices M1 and M2

with the same dimension is defined as [30]

δ(M1,M2) = ‖M1 −M2‖F , (10)

where ‖ · ‖F is the Frobenius norm of the matrix enclosed.
When applying KNN, it is common to divide datasets into

training datasets and test datasets for training and verification
purposes, respectively. Each sample in the test datasets needs
to determine its K nearest neighbors from the training data.
To mitigate the overfitting problem, the cross-validation (CV)
method is introduced. In this paper, the K-fold CV method
is used. In particular, the K-fold CV methods partitions the
dataset into K sets, among which K − 1 sets are selected
as a training group, and only a single set is used as a test
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dataset. The KNN classifier is trained by the K − 1 datasets
and then applied to the single remaining test dataset to predict
the class labels of its samples. Subsequently, we can calculate
the error prediction rate of the class label, which is also known
as the classification error rate. The random results of different
training rounds are averaged, and the reliable statistical results
are hereby obtained. Without loss of generality, we set K = 10
in this paper.

C. Selection Model of OLTC Based on Multi-Feature
Fusion and IWOA-KNN

To enhance the accuracy of the mechanical fault feature
identification for OLTCs, we propose a feature selection
method based on multi-feature fusion and the joint application
of an improved whale optimization algorithm (IWOA) and
the KNN method (IWOA-KNN). Apparently, massive features
will increase the complexity of feature recognition and reduce
the accuracy of diagnosis. Therefore, it is necessary to per-
form feature selection before optimization. In this paper, We
use the maximum correlation minimum redundancy (mRMR)
principle to deal with the feature matrix B′ [26]. After the
feature selection process, the reduced feature matrix is defined
as follows:

B′′ =


b′′1,1 b′′1,2 . . . b′′1,F
b′′2,1 b′′2,2 . . . b′′2,F

...
...

. . .
...

b′′S,1 b′′S,2 . . . b′′S,F

 , (11)

where F ≤ J is the reduced dimension of the feasible solution.
With the reduced dimension of F , we can initialize the

population position. The population position initialization
based on the opposition based learning (OBL) algorithm can
effectively improve the following optimization process [31],
[32]. Therefore, we adopt this initialization approach in this
paper. The population representation is given by

H+ =


h+

1,1 h+
1,2 . . . h+

1,F

h+
2,1 h+

2,2 . . . h+
2,F

...
...

. . .
...

h+
S,1 h+

S,2 . . . h+
S,F

 . (12)

We can initialize each entry of H+ by

h+
i,j = b′′i,j + φ(i, j)(b′′max,j − b′′min,j), (13)

where b′′min,j = mini∈{1,2,...,S}{b+i,j} and b′′max,j =

maxi∈{1,2,...,S}{b+i,j}; φ(i, j) is an entry-wise random variable
uniformly distributed over [0, 1]. Similarly, we can determine
the opposition population by

H− =


h−1,1 h−1,2 . . . h−1,F
h−2,1 h−2,2 . . . h−2,F

...
...

. . .
...

h−S,1 h−S,2 . . . h−S,F

 , (14)

where
h−i,j = bmin,j + bmax,j − h+

i,j . (15)

Then, both population matrices can be concatenated to be

H = [H+;H−] =



h+
1,1 h+

1,2 . . . h+
1,F

h+
2,1 h+

2,2 . . . h+
2,F

...
...

. . .
...

h+
S,1 h+

S,2 . . . h+
S,F

h−1,1 h−1,2 . . . h−1,F
h−2,1 h−2,2 . . . h−2,F

...
...

. . .
...

h−S,1 h−S,2 . . . h−S,F


. (16)

Subsequently, we need to keep the dimension of the pop-
ulation and halve the concatenated matrix to obtain. To do
so, we first introduce the fitness function of the classification
process. Because the feature selection is considered as a multi-
objective problem, it is necessary to simultaneously minimize
the number of features and maximize the classification accu-
racy of a given classifier. As a result, the fitness function can
be defined infra

Fitness = αγ + (1− α)ξ/F, (17)

where α ∈ [0, 1] is a weighting parameter, which is used to
balance between the classifiers accuracy and the number of
the selected features; γ is error rate which is calculated by
using the KNN classifier; ξ is the number of feature subsets.
From the above definition of the fitness function, it is clear
that the value range of Fitness is [0,1]. By the fitness function
defined in (17), we can construct the fitness vector as F =
[Fitness1,Fitness2, . . . ,Fitness2S ], corresponding to the rows
of H. We sort the elements of F in ascending order and obtain
the sorted vector Fsort. We can obtain the original indexes of
the first S elements of Fsort and extract the row vectors with
the corresponding indexes in H to form a new matrix G.
Finally, we quantize the element in G by the following rule:

m = I{g > 0.5}, (18)

where I{·} is the the Iverson bracket that returns 1 if the
enclosed condition is true or 0 otherwise [33]. This operation
converts continuous values to binary values, i.e., 0 or 1.

By the entry-wise quantization over G, we can obtain the
initial population matrix

M(0) =


m1,1(0) m1,2(0) . . . m1,F (0)
m2,1(0) m2,2(0) . . . m2,F (0)

...
...

. . .
...

mS,1(0) mS,2(0) . . . mS,F (0)

 . (19)

We present the pseudocode of the entire initialization process
in Algorithm 2.

To obtain an adequate equilibrium between search space
and optimization efficiency, we introduce a dynamic inertia
weight to improve the position update relation, which is given
as follows [31]:

ω = ωmax − (ωmax − ωmin) (q/Qmax)
1/q

, (20)

where ωmax and ωmin are the maximum and minimum inertia
weights, respectively. When λ < ρth and |A| < 1, we then
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Algorithm 2 Pseudocode of the initialization process.

1: BEGIN
2: Set population size and other system parameters;
3: for i = 1 : F do
4: for j = 1 : S do
5: Generate h+

i,j by (13);
6: end for
7: end for
8: Obtain H+;
9: for i = 1 : F do

10: for j = 1 : S do
11: Generate h−i,j by (15);
12: end for
13: end for
14: Obtain H−;
15: Obtain H;
16: for i = 1 : 2S do
17: Determine the fitness Fitnessi corresponding to the ith

row of H;
18: end for
19: Obtain F;
20: Obtain Fsort by ascending sorting;
21: Extract the original indexes of the first S entries of Fsort;
22: Use the row vectors in H corresponding to the extracted

original indexes to form G;
23: Quantize G to obtain the initial population matrix M(0);
24: Return M(0);
25: END

update the whale positions by

Mω(q + 1) = Mω
1 (q + 1)I{λ < ρth}I{|A| < 1}

+Mω
rand(q + 1)I{λ < ρth}I{|A| ≥ 1}

+M2(q + 1)I{λ ≥ ρth},
(21)

where
Mω

1 (q + 1) = M∗(q)− ωAD1, (22)

and
Mω

rand(q + 1) = Mrand − ωADrand. (23)

The pseudocode of the IWOA is presented in Algorithm 3
for clarification and comparison purposes. The overall IWOA-
KNN optimization process is pictorially illustrated in Fig. 1.

IV. EXPERIMENTAL VERIFICATION AND DISCUSSION

In this section, we present the experimental results to verify
the proposed IWOA-KNN method for fault diagnosis and
discuss the results in detail. We also give the details of the
experiment setup and the approaches to extracting various
features.

A. Experiment Setup
In this paper, the model CM111-50-63B-10193W Huaming

M-type on-load tap changer is used. The type of sensor is
LC0151 based on the integration of traditional piezoelectric
sensors and charge amplifiers. The sampling frequency is 50

Algorithm 3 Pseudocode of the IWOA.

1: BEGIN
2: Initialize the whale population Mi, ∀ i ∈ {1, 2, . . . , S}

by Algorithm 2 and the maximum iteration number Qmax,
and ρth and set q = 1;

3: Calculate the fitness of search agent and obtain the best
agent M∗;

4: while q ≤ Qmax do
5: for i = 1 : S do
6: Update a, A, C, l, and ∆;
7: if ∆ < ρth then
8: Calculate ω by (20);
9: if |A| < 1 then

10: Update the position by (22)
11: else
12: Randomly select an individual in a population;
13: Update the position by (23);
14: end if
15: else
16: Update the position by (7);
17: end if
18: end for
19: Quantize the positions of whales into binary values

using (18);
20: Calculate the fitness of all whales using (17);
21: Update M∗ if the solution is improved;
22: q + +;
23: end while
24: Return the best fitness value M∗.
25: END

kHz. Under normal working conditions the shifting process
of M-type OLTC is about 140-150 ms. The frequency is
concentrated within 20 kHz, and 7830 sampling points are
thereby selected. The acceleration sensor is installed near the
vibration source, which is comprehensively considered to be
on the top of the on-load tap changer, and the vibration signal
is converted into a digital signal through the data acquisition
card and stored on a laptop computer. The installation diagram
and test system diagram of the sensor is shown in Fig. 2.
Through the tripod hoisting, the action mechanism is extracted
from the inside of the tap changer to set the fault of the contact.
In the process of contact replacement, due to the heavy weight
of the switch core, it is necessary to lift the switch core from
the oil chamber of the tap changer by a tripod crane1.

In this paper, four kinds of vibration signals yielded by
the OLTCs can be identified and analyzed in the experiments,
which are corresponding to normal operation, contact burn-
ing, contact loosening, and contact shedding. To analyze the
measured signal waveform, first, the signal is normalized, and
the average amplitude under normal working conditions is
taken as the benchmark. Similarly, the signal amplitudes under
other working conditions multiple the same normalization
coefficient. In this way, the average vibration amplitude under
different working conditions is consistent. It should be noted

1The details of the lifting procedure are given in [34]
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Fig. 1: Flowchart of the overall IWOA-KNN optimization process.

that the normalization process only changes the amplitude
of the signal, rather than the influence of the amplitude
on the results. Therefore, the integrity and the contained
fault information of the detected signals can be retained. We
illustrated the amplitudes of the four normalized signals in
Fig. 3.

B. Extraction of Multi-Feature Parameters
In this paper, taking the vibration signal of normal condi-

tions as an example. The value of Ep is obtained by decompos-
ing the vibration signal of normal working conditions using the
PSO-VMD method. We present the minimum of Ep in terms
of the number of iterations in Fig. 4. As can be seen from Fig.
4, after the 7th iteration, minimum Ep begins to converge, so
the double parameter value of VMD optimized by the PSO
algorithm is [K,Ψ] = [7, 893]. The time-domain diagram and
frequency-domain spectrum diagram of IMFs obtained by the
PSO-VMD decomposition is illustrated in Fig. 5. From this
figure, it is obvious that the VMD can decompose the vibration
signal from low frequency to high frequency.

PCB

accelerometer

Data

acquisation

system

PC
OLTC

Fig. 2: Schematic diagram of OLTC vibration test system.

The distribution of specific energy characteristics of four
OLTC vibration signals is shown in Fig. 6. The abscissa
represents different IMFs, and the ordinate represents energy.
By the results given in this figure, we verify that energy
characteristics can classify different types of vibration signals
from OLTCs. The results also show that the energy distribution
can be used as a reference for fault feature selection for
OLTCs.

The CMPE value corresponding to each IMF after decom-
position is taken as a multi-scale feature of the vibration
signal. The CMPE value is related to the number of samples
N , scale factor s, embedding dimension η, and delay time
τ . Considering that the composite multi-scale permutation
entropy is an improvement of the multi-scale permutation
entropy, we set the system parameters as N = 7280, η =
3, 4, 5, 6, and s = 20. We average the value for ten times and
present them in Fig. 7. In figure 7, the abscissa represents the
scale factor η and the ordinate represents the CMPE value. It
can be seen from this figure, for all cases with different η,
four different operations conditions can be distinguished well.

In this paper, the time-frequency features of four normal-
ized OLTC vibration signals are determined by the methods
proposed in [35], [36]and constructed in the matrix form as
specified in Section II. In this way, B′ for our experiments
can be obtained.

C. Experimental Results and Discussion

In order to verify the method in this paper, we adopt a
set of evaluation metrics for experiments, including the mean,
standard deviation (STD), maximum, and minimum of fitness.
The mean and STD of fitness can be expressed as

Mean =
1

R

R∑
r=1

Fitnessr, (24)



8 IEEE SENSORS JOURNAL, VOL. XX, NO. XX, XXXX 2020

A
m

p
li

tu
d

e 
(m

/s
2
)

Time (s)

(a) Normal condition.

A
m

p
li

tu
d

e 
(m

/s
2
)

Time (s)

(b) Contact burning.

A
m

p
li

tu
d

e 
(m

/s
2
)

Time (s)

(c) Contact loosening.

A
m

p
li

tu
d

e 
(m

/s
2
)

Time (s)

(d) Contact shedding.

Fig. 3: Vibration signals corresponding to four different operational states of OLTCs.
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Fig. 4: Minimum Ep versus the number of iterations.

and

STD =

(
1

R

R∑
r=1

(Fitnessr −Mean)

)1/2

. (25)

To verify the effectiveness of the proposed multi-feature

fusion-based method, we compare its performance with several
crucial benchmarks, including the single composite multi-scale
permutation entropy (SCMPE), feature fusion based multi-
scale fuzzy entropy (FFMFE), and single multi-scale fuzzy
entropy (SMFE) [37], [38]. For each working condition, 50
data groups are collected and processed. Each data group
consists of 7280 samples. 10-fold cross-validation (CV) meth-
ods for splitting partitions the dataset into 10 sets, of which
9 sets are randomly selected for training purposes and the
one remaining set is used for testing purposes. To facilitate
the experiments testing CMPE, we introduce another two
parameters, which are the number of KNN classifications
c = 5 and the maximum scale factor smax = 20. We follow
the suggestion from [39] and let the algorithmic weighting
parameter for fitness α = 0.01 so as to achieve an appropriate
feature selection recognition rate. In addition, we set other
algorithmic parameters as ωmax = 0.9, ωmin = 0.4, τ = 1,
Qmax = 100, and S = 42.

Fig. 8 and Fig. 9 show the means and STDs for different
fault diagnosis methods obtained from 50 trials. In these
experiments, we employed the mRMR principle to screen
the sensitive feature subsets. It can be seen from Fig. 8
that the mean of fitness regarding the proposed method is
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the highest among all cases. This implies that the proposed
method has a better diagnostic capability than all benchmarks.
The comparison of the mean of fitness verifies the diagnostic
advantages of the proposed method for mechanical faults of
OLTCs.Moreover, as shown in Fig. 9, the STD of the proposed
method is the lowest among all methods, which indicates a
good optimization reliability.

To study the necessity of the mRMR principle for our
proposed diagnostic method, we carry out experiments using
the same system parameters for the six diagnostic methods
without introducing the mRMR principle. The experimental
results of mean and STD are shown in Fig. 10 and Fig. 11,
respectively. From both figures, we can clearly see that the
performance advantage reflected by the mean of fitness has
been kept without introducing the mRMR principle. However,

the reliability advantage might not necessarily be maintained
always, since the STD corresponding to the proposed method
get higher than the benchmarks for some cases. The compar-
ison between the experiments with and without utilizing the
mRMR principle verify that this principle is imperative for
keeping the optimized results reliable.

In addition, given η = 4, we also conduct experiments with
the same settings as above to compare IWOA-KNN to the
benchmarks with comparable settings: whale optimization al-
gorithm (WOA)-KNN, discrete PSO (DPSO)-KNN [40], PSO-
KNN [41], and grasshopper optimization algorithm (GOA)-
KNN [42]. The experimental results of mean and deviation are
shown in Fig. 12 and Fig. 13. The results of mean substantiate
that IWOA-KNN outperforms the four benchmarks, and the
results of STD show the reliability advantage of IWOA-KNN
over the four benchmarks.

V. CONCLUSION

In this paper, multi-feature fusion and IWOA were em-
ployed to select mechanical fault features of OLTCs. Also,
the mRMR principle was used to filter the high-dimensional
feature set encompassing time-domain and frequency-domain
characteristics as well as energy and composite multi-scale
permutation entropy. In addition, IWOA was used to optimize
the sensitive feature subset to obtain the optimal feature subset,
and KNN was used to classify the different types of optimal
feature subset. Compared with a number of benchmarks for
four different OLTC working conditions, the proposed method
yielded the best performance. The experimental data analysis
and comparison verified the effectiveness of the proposed
method. Moreover, the advantages of CMPE based feature
fusion in extracting sensitive features were corroborated,
which showed the necessity of the mRMR principle. The
high-accuracy nature of the proposed method is expected to
accelerate the promotion of EVs and the establishment of
intelligent transportation environments.
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