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ABSTRACT Internal overvoltage accidents in the distribution network are likely to cause an equipment
insulation breakdown and result in system power outages and economic losses. Therefore, an internal
overvoltage identification method based on the time-frequency atomic decomposition is investigated in this
study. Firstly, the overvoltage waveforms are divided into four time periods. Then, the waveforms during
these four time periods are decomposed by the atomic decomposition algorithm to obtain the effective
atoms from the waveforms. Moreover, the root-mean-square (RMS) value of the zero-sequence voltage,
the dominant atom frequency, the total relative matching degree, and the effective atom frequency are
extracted as major features. In addition, the layered identification of the overvoltage types can be realized by
combining the corresponding identification criteria. The salient advantage is the features with low dimension
and a high degree of discrimination. Various overvoltage types can be identified just by the corresponding
thresholds, and it is easier to deploy in the field than conventional methods based on classifier training. The
effectiveness of the proposed method is verified by experimental results, and it concludes that the proposed
algorithm has high accuracy and strong adaptability.

INDEX TERMS Distribution network, internal overvoltage, atomic decomposition, effective atoms, hierar-
chical identification.

I. INTRODUCTION
An overvoltage situation generated by the change of system
parameters due to the operation of the circuit breaker or
the system failure is called an internal overvoltage in the
power system. Because the reasons for the change of system
parameters are various, the amplitude, oscillation frequency,
and time duration of internal overvoltages are different. The
internal overvoltage is usually divided into the operating
overvoltage and the temporary overvoltage according to the
main cause. The operating overvoltage mainly caused by the
line switching, the capacitor switching and the intermittent
arc grounding occurs in the electromagnetic transient tran-
sition process, and it has a short duration. The temporary
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overvoltage includes the ferroresonance overvoltage and the
power-frequency voltage rising. It may even exist for a long
time, and is called the steady-state overvoltage [1].

A distribution network has characteristics with a complex
structure, multiple types of equipment and a low-insulation
level. Therefore, 70% of overvoltage accidents in a whole
power system occur in distribution networks [1], [2]. The
defective equipment may cause insulation breakdown under
the occurrence of overvoltage, and even cause explosion acci-
dents, whichmay result in huge economic losses and personal
hazards [2]. If the overvoltage type can be accurately and
timely distinguished in the initial stage of internal overvolt-
age, it is helpful to find out the reason of the accident and
evaluate the insulation state of the equipment. It can improve
the self-healing capacity of the distribution network, ensure
reliable power supply, and stabilize the power supply voltage.
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There are many overvoltage types, and some of them have
high similarity in waveforms, which are easy to cause mis-
judgment. At present, the identification of overvoltage can be
generally divided into two stages including feature extraction
and classifier training. Effective features and appropriate
classifiers are important for the identification of overvolt-
age. The feature extraction involves two steps including sig-
nal decomposition and feature construction. Since most of
overvoltage signals are non-stationary, it is necessary to use
time-frequency analysis to decompose them and obtain infor-
mation in both time domain and frequency domain in order to
construct distinguishing features. Until now, traditional meth-
ods via time-frequency analyses used in the overvoltage iden-
tification contain Wavelet transform [3]–[6], S-transform [7],
and Hilbert-Huang transform [8], etc. Angrisani et al. [4]
used discrete wavelet transform as a time-frequency analysis
tool to obtain time-frequency characteristics of waveforms
in different frequency bands. Mokryani et al. [5] evaluated
the characteristic expression ability of various Daubechies
series wavelet in overvoltage fault identification. In order to
identify the overvoltage situation, Wang et al. [7] adopted
S-transformation to extract overvoltage characteristics and
construct six different features, which are input into fuzzy
expert systems and support vector machine (SVM) to identify
eight types of overvoltage. Babu and Mohan [8] decom-
posed voltage waveforms into a series of intrinsic mode
function (IMF) components by the empirical mode decom-
position (EMD), and then constructed the energy distribution
of instantaneous amplitude, which was used to identify power
system faults including short circuit and overvoltage. In gen-
eral, these methods have a good effect in signal decompo-
sition, but there are some shortcomings for different types
of overvoltage. It is difficult to choose an optimal wavelet
basis for the wavelet transform. In the S-transformation,
the resolution of the high-frequency domain of the signal
will be reduced, and the time-frequency analysis ability of
the signal containing similar high-frequency components is
poor because of the width of the Gaussian window to be the
reciprocal of frequency. On the other hand, EMD has the
problems of modal aliasing and endpoint effects [9]. As for
the overvoltage signals with different time scales, the decom-
posed components are not unique, so that the adaptability of
the method needs to be improved. In addition, there are much
redundant information and high feature dimensions in the
sub-signals decomposed by the above methods, which are not
conducive to the recognition of subsequent classifiers. There-
fore, it is necessary to investigate appropriate mathematical
methods for dimensionality reduction to construct charac-
teristics with low dimensionality and high discrimination
information as the input features for pattern recognition. Tra-
ditional methods for feature dimensionality reduction include
statistical analysis [10], [11], kernel principal component
analysis [12], singular value decomposition [13], etc.

After key features are extracted, it is necessary to select
an appropriate pattern recognition method for the overvolt-
age classification. In general, conventional methods include

support vector machine (SVM) [14], artificial neural net-
work [1], [15], fuzzy logic [16], deep learning [17], etc.
Among them, SVM can obtain a high recognition accuracy
in a small sample. Babu and Mohan [8] used RBF-SVM to
classify three fault features, and compared the accuracy of
extracted features using voltage waveforms at each phase.
Experimental results in [8] showed that the recognition accu-
racy of each voltage signal was all over 92% through the
trained network. In recent years, deep learning has been
rapidly developed. Chen et al. [17] applied an automatic
encoder to the identification of overvoltage. Without decom-
posing the signal, the overvoltage waveform was directly
inputted into a neural network, and the feature was auto-
matically extracted and identified. Although classifier-based
methods have achieved extremely high accuracy, these clas-
sifiers either require a large amount of tagged data, or require
tedious network hyper-parameters adjustment and training
in advance, which takes a lot of time and is not easy for
practical applications. Because the source of the overvolt-
age waveform is difficult to obtain, numerical simulations
are generally used to train the corresponding model. When
new measured data is added, diagnostic models need to
be retrained. The entire diagnostic model is always oper-
ated under the process of training, diagnosis, labeling, and
retraining.

This study proposes an internal overvoltage identification
method based on time-frequency atomic decomposition. The
atomic decomposition algorithm is different from Fourier
transform, Wavelet transform, and other analytical methods
that attempt to express signals with fixed basis functions.
From the intrinsic properties of the signal, the adaptively
selects the best matching atom in the over-complete atomic
library to achieve signal expression. It is simple, flexible, and
has a clear physical meaning. At present, this method has
been widely used in many areas such as biomedical [18],
speech and language analysis [19], etc. Yang et al. [20]
first applied the atomic decomposition to solve the prob-
lem of the mixed overvoltage to be difficult for decom-
posing into a single overvoltage combination. In this study,
the atomic decomposition algorithm is used to decompose
seven types of internal overvoltage waveforms. After obtain-
ing and constructing the effective and discriminant atom
features, the identification can be completed only by thresh-
olds. The proposed method has high recognition accuracy
and strong adaptability through ATP/EMTP simulation, and
actual data verification. Compared with traditional classifier-
based identificationmethods, the proposed algorithm is easier
to deploy in practical applications.

This study is organized into seven sections. Following the
Introduction, Section II introduces the principle of atomic
decomposition algorithm and its implementation process.
Section III explains the source and characteristics of the
overvoltagewaveform. Section IV presents the feature extrac-
tion and recognition based on the atomic decomposition
algorithm. Section V analyzes and discusses the experimen-
tal process and verification results. Section VI expresses
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the application of the proposed method in a real system.
Section VII summarizes the proposed method.

II. METHODOLOGY
A. ATOMIC DECOMPOSITION ALGORITHM
The implementation of atomic decomposition is based on
matching pursuit (MP) [21]. After traversing the entire atomic
library in each iteration, it will search out the atom to mostly
match the current signal, and remove the corresponding atom
from the original signal. Then, it traverses the atomic library
again with the residual signal. When the number of iterations
is reached, or the residual signal energy is lower than the
preset threshold, the matching in this process will be stopped.
Ultimately, the intrinsic characteristics of the signal can be
linearly represented by these most matching atoms.

The most matching between the obtained atom and the
signal in each iteration can be expressed as follows. Suppose
that the atomic library is D and the signal is f . At the nth

iteration, the atom gγ n selected fromD should have the largest
inner product with the current residual signal Rn−1f , that is,

R0f = f
Rnf = Rn−1f −

〈
Rn−1f , gγ n

〉
gγ n

gγ n = arg max
gγ i∈D

∣∣〈Rn−1f , gγ i〉∣∣ (1)

where R0f is the original signal, Rnf is the residual compo-
nent after the nth iteration, <,> is the inner product. After
the nth iteration, the signal f can be expressed as

f =
n−1∑
i=0

〈
Rif , gγ i

〉
gγ i + Rnf (2)

If the residual component Rnf is assumed to be ignored,
the signal can be approximated as

f =
n−1∑
i=0

〈
Rif , gγ i

〉
gγ i (3)

B. MP ALGORITHM BASED ON OPTIMIZATION
In the atomic decomposition algorithm, the choice of atomic
library determines the efficiency of the algorithm, and the
simplicity of the result. Since the overvoltage signal can be
generally composed of fundamental superimposed harmonics
or attenuated harmonic components, the attenuation sinu-
soidal model in [22] is used in this study, and can be expressed
as

gγ (t) = Kγ [u(t − ts)− u(t − te)]e−ρ(t−ts) · cos(2π ft + φ)

(4)

where γ= (f , ρ, φ, ts, te) is the set of atomic five parameters,
in which f is the frequency; ρ is the attenuation coefficient; φ
is the phase; ts and te are the starting and ending times, respec-
tively; u(t) is the unit-step function; Kγ is the normalization
factor.

Every iteration of the MP algorithm needs to find atomic
parameters to make the atom for matching the current signal

FIGURE 1. Flow chart of atomic decomposition algorithm.

best, which is essentially a 5-dimensional optimization prob-
lem. Therefore, an imperialist competitive algorithm (ICA)
is selected to optimize the search process of the MP Algo-
rithm. The ICA is a global optimization algorithm that
draws on the competition between the empire of the colonial
stage of human politics and the occupation of its colonies.
The detailed principle of the algorithm can be referred
to [23]. In order to solve the parameter optimization prob-
lem, it is assumed that the signal length to be decomposed
is N , and the atomic parameter set γ= (f , ρ, φ, ts, te) is
discretized. The atomic parameter set can be rewritten as
γ = (2π f /N , 2πs/N ,m/N , ns, ne), where f ∈ [1,N ],
s ∈ [0,N−1],m ∈ [−N ,N ], and 0 ≤ ns < ne ≤ N−1. The
objective function can be defined as maxF(f , s,m, ns, ne) =∣∣〈Rnx, gγn 〉 gγn ∣∣. The process of searching the most match-
ing atom by the ICA optimization algorithm is depicted
in Fig. 1.

A test signal x(t) is constructed in (5) to verify the perfor-
mance of the atomic decomposition algorithm.

x(t) = v(t)+


10 cos(100π t), 0 ≤ t ≤ 90ms
12 cos(200π t)e−20t , 20 ≤ t ≤ 60ms
14 cos(500π t), 20 ≤ t ≤ 90ms

(5)

where v(t) is the white noise with 20dB, which is used to
test the noise immunity of the method. The sampling rate
is 200kHz; the number of sampling points and iterations (n)
are selected as 18000 and 4, respectively. The parameters of
the obtained atoms are summarized in Table 1, where Pi is
equal to

∣∣〈Rix, gγi 〉∣∣ represents the matching degree between
the atom and the original signal. Obviously, a larger value
indicates that the atom matches the original signal better. The
atomwith the largest Pi (that is P1) is defined as the dominant
atom, which represents the original signal most. It can be seen
that the first three atoms with larger Pi accurately identify
the parameters such as the frequency, starting and ending
times, and the attenuation factor of the three components
contained in the original signal. Because Pi is very low for the
fourth atom, the matching degree of the atom to the original
signal is low, and it is called the false atom. Although the
matching degree of the atom to the signal can be determined
by the size of Pi, the value is related to the amplitude of the
original signal, and it is difficult to directly use for excluding
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TABLE 1. Parameters of most matching atom.

FIGURE 2. Comparison of original noiseless signal and reconstructed
signal.

the false atom. To solve this problem, the relative matching
degree of the atom is defined as

Gi = Pi/P1 (6)

When the value (Gi) of an atom is very small, the atom
can be ignored. As for the value (Gi) of the 4th atom equal
to 0.017, since the value is too small, it is considered to be
a false atom and can be ignored. The first to third atoms
are combined for linear reconstruction, and the reconstructed
waveform is basically consistent with the original noiseless
waveform (as shown in Fig. 2). It shows that the atomic
decomposition algorithm can not only restore the signal
components to a certain extent, but also obtain the signal
parameters.

III. WAVEFORM ACQUISITION AND ANALYSIS
In this study, the alternative-transients-program/
electromagnetic-transients-program (ATP/EMTP) simula-
tion software is used to build a distribution network model,
and the corresponding overvoltage simulation waveform can
be obtained for characteristic analyses and technical verifi-
cation. The model is mainly built based on the basic data of
a substation in Fujian Province, China, as shown in Fig. 3.
In Fig. 3, T1 is a 110kV/10kV main transformer; the 10kV
side is a neutral-point-ungrounded system, in which there are
10 feeders; OL and CL stands for the overhead line and the
cable line, respectively; parameters of the transformer and
these lines are the same as the ones in [24]; F10 to F92 are
fault points; there are two sets of capacitors on the bus bar,
in which each set with a capacity of 4200 kvar; K1 and K2 are

FIGURE 3. Simulation model of distribution network.

FIGURE 4. Period division of overvoltage signal.

time-controlled switches, in which the power-frequency is
50Hz, and the sampling rate is 200 kHz. Moreover, the length
of the 10th line is variable, and the ferroresonance overvoltage
is generated by changing the distance from the fault point
F02 to the bus bar.

This model is used to generate seven types of internal
overvoltage waveforms as the sample set including the single
phase-to-ground type, the intermittent arc grounding type,
the sub-frequency ferroresonance type, the fundamental fer-
roresonance type, the high-frequency ferroresonance type,
the capacitor switching type, and the line switching type.
In general, the overvoltage monitoring system triggers the
sampling device after the overvoltage occurs, and records the
waveform before and after the overvoltage [7]. In this study,
the voltage waveform from the 0.5 cycle before the trigger to
the 8 cycle after the trigger (time range is -10ms∼160ms) is
taken as the target signal, and the signal is divided into four
time periods, named T0∼T3, as shown in Fig. 4. As for the
difference of different overvoltage waveforms characteristics
in different time periods, key features can be extracted.

The temporary overvoltage lasts for a long time, and
the three-phase voltage waveforms of the single phase-to-
ground type are depicted in Fig. 5(a). The amplitude of the
faulty phase voltage drops to 0 after experiencing a short
high-frequency oscillation, and the amplitude of the normal
phase voltage increases to

√
3 times of the original value.

Although intermittent arc grounding is an operating overvolt-
age, it is classified as transient overvoltage because of its long
duration. Their three-phase voltage waveforms are depicted
in Fig. 5(b). During the faulty period, three-phase voltage
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FIGURE 5. Waveforms of overvoltage. (a)Single phase-to-ground; (b) Intermittent arc grounding; (c) Sub-frequency ferroresonance; (d) Fundamental
ferroresonance; (e) High-frequency ferroresonance; (f) Line switching; (g) Capacitor switching.

waveforms are seriously distorted due to the multiple ignition
and extinguishing of the fault phase, and high-frequency
components are generated on three-phase voltages. Fer-
roresonance mainly includes sub-frequency, fundamental and
high-frequency. The corresponding waveforms are depicted
in Fig. 5(c), 5(d) and 5(e), respectively. Ferroresonance is
excited at 20ms, and the main frequencies of waveform sig-
nals of the fundamental, sub-frequency, and high-frequency
ferroresonance are power-frequency, fractional multiple of
power-frequency, and integer multiple of power-frequency,
respectively. In addition, the overvoltage waveforms induced
by the capacitor switching type and the line switching type
are depicted in Fig. 5(f) and 5(g), respectively.

IV. IDENTIFICATION OF OVERVOLTAGE
In this study, a novel internal-voltage overvoltage identi-
fication method for a distribution network is investigated.
It mainly uses four parameters (f , ts, te, Gi) of several atoms
obtained by the atomic decomposition to construct key fea-
tures, and forms five criteria for the overvoltage identifica-
tion. The number of iterations of all atomic decompositions
is uniformly set to be 10, so that not only effective atoms but
also some false atoms can be obtained. In addition, only the
atoms withGi greater than 0.05 are considered. If the value of
Gi is too small, it can be considered as noise. By the selection
in this study, it can cover most of 95% waveform information
when the relative matching value is 5%.

A. TIME-DOMAIN FEATURE EXTRACTION
The duration of the operating overvoltage is much shorter
than that of the temporary overvoltage, lasting only about
10ms [2]. In other words, in the T0 period, the operating
overvoltage has been restored to normal, and the relatively
complete information of sub-frequency ferroresonance can be
obtained with the duration of four cycles. Therefore, the root-
mean-square (RMS) value of the zero-sequence voltage in the
T0 period (U0·RMS) can be taken as the feature to distinguish

FIGURE 6. Distribution of U0·RMS.

the operating overvoltage from the temporary overvoltage,
and the corresponding formula can be represented as

U0(n) = (UA(n)+ UB(n)+ UC (n))/3

U0·RMS =

√√√√ 1
N

N∑
n=1

U2
0 (n)

(7)

where UA(n), UB(n) and UC(n) express the voltage sam-
pling sequences of three-phase voltages; U0(n) is a sampling
sequence of the zero-sequence voltage; N is the sampling
number of four cycles.

In the simulation model, 140 overvoltage samples are
obtained (i.e. 20 samples for each type), and then U0·RMS
can be calculated. The distribution of U0·RMS is depicted
in Fig. 6. As can be seen form Fig. 6, it is obvious that
U0·RMS for the operating overvoltage is lower than that for
the temporary overvoltage. Therefore, Criterion I for the
overvoltage identification can be defined as follows.

In the T0 period, when the value of U0·RMS is less than
the threshold value (δ1), it can be judged as the operating
overvoltage; otherwise, it can be judged as the temporary
overvoltage.
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The value of δ1 must be taken into account to maximize
the distinction between the operating overvoltage and the
transient overvoltage. With respect to small sample distribu-
tion statistics (as shown in Fig. 6), the minimum value of
U0·RMS for the temporary overvoltage is 2.8725kV, while the
maximum value of U0·RMS for the operating overvoltage is
0.4719kV, and the distribution is relatively stable. Therefore,
the value of δ1 can be conservatively selected as 1.5kV.

B. FREQUENCY DOMAIN FEATURES EXTRACTION
1) FEATURE EXTRACTION IN T1 PERIOD
As mentioned above, the duration of the transient component
for the operating overvoltage is generally less than 10ms,
while the T1 period includes the characteristic information
before and after the fault of the operating overvoltage. There-
fore, this study uses the information of the T1 period to
identify the overvoltage caused by line or capacitor switching.
The atomic decomposition is performed on three-phase volt-
age waveforms during this period, and decomposed atomic
parameters are used for identification.

According to thewaveform analysis in section III, the dura-
tion of the line switching is longer than that of the capacitor
switching. To reflect this difference, the duration of the atom
at the frequency (f ) is defined as

T (f ) = te − ts (8)

where ts and te are the starting time and the ending time of
the atom, respectively. Yang et al. [25] stated that the time
durations of the capacitor switching and the line switching to
be about 2∼3ms and 10ms, respectively. By considering the
difference of the waveform, the duration of 5ms is taken as the
boundary value. The atomic decomposition is performed on
100 overvoltage samples including line and capacitor switch-
ing, and the frequency distribution for effective atom duration
of A-phase waveform in two intervals greater than and less
than 5ms is depicted in Fig. 7. As can be seen from Fig. 7, it is
obvious that two overvoltage types have low-frequency and
high-frequency components as T ≤ 5ms, and the difference
of the frequency characteristics is not significant. Fortunately,
the atomic frequency difference asT > 5ms is sufficient to
identify them. The reason is that the high-frequency oscilla-
tion of the capacitor switching has disappeared, resulting in
the frequency of the effective atom to be less than 2000Hz.
But, the line switching still has atoms over 2000Hz in this
interval.

In some cases, the transient characteristics of one phase
voltage may not be obvious, and the values of Gi for some
atoms are too low, so that the effective atom cannot be suc-
cessfully extracted. Therefore, Criterion II for the overvolt-
age identification can be defined as follows. In the T1 period,
if there are atoms with the frequency to be greater than
2000Hz, and its duration is longer than 5ms in two-phase
voltages, it can be judged as the overvoltage caused by the
line switching. If there are atoms with the frequency to be less
than 2000Hz, and its duration is less than 5ms in two-phase
voltages, it can be judged as the overvoltage caused by the

FIGURE 7. Frequency distribution of effective atomic frequency
distribution in T1 period. (a) T ≤ 5ms; (b) T > 5ms.

capacitor switching. Otherwise, it can be judged as another
type of operating overvoltage.

2) FEATURE EXTRACTION IN T2 PERIOD
In general, the duration of the temporary overvoltage is rel-
atively long, including a certain transient process, and the
signal gradually stabilizes over time. Moreover, the intermit-
tent arc grounding overvoltage has a strong uncertainty in the
duration, which may stabilize combustion or may extinguish
the arc immediately. In order to obtain its information char-
acteristics, the analysis period should not be set too long. The
T2 period includes the transient and steady-state development
phases of the overvoltage, and the duration of five cycles
ensures the frequency characteristics of the sub-frequency
ferroresonance and the intermittent arc grounding.

In order to study the frequency characteristics of five
types of temporary overvoltage, the discrete fourier trans-
form (DFT) is performed on their zero-sequence voltages,
and the corresponding results are depicted in Fig. 8. It is
shown that the ferroresonance at sub-frequency and high
frequency are different from the other three types, and the
maximum energy distribution is in the non-power-frequency
band.With respect to this characteristic, two types of ferrores-
onance can be identified firstly.

The frequency of the high-frequency ferroresonance is
distributed at integer multiple of 2, 3, 4, etc. of the power
frequency, while that of the sub-frequency ferroresonance is
mainly distributed at fractions of 1/2, 1/3, 1/4, etc. of the
power frequency. Therefore, the dominant atoms of the
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FIGURE 8. DFT analysis result of five types of overvoltage.

high-frequency and sub-frequency ferroresonance must have
significant differences with the power-frequency overvolt-
age. Criterion III for the overvoltage identification can be
defined as follows.

In the T2 period, if the frequency of the dominant atom is
greater than 100Hz, it can be judged as the high-frequency
ferroresonance. If the frequency of the dominant atom is less
than 40 Hz, it can be judged as the sub-frequency. Otherwise,
it is the power-frequency overvoltage.

Similarly, some phenomena also can be seen from Fig. 8.
Among the power-frequency overvoltage, the intermittent
arc grounding has a large number of harmonics with larger
amplitudes in the frequency-band greater than 100 Hz, which
is mainly due to the grounding phase with multiple burn-
ing and arcing. The transient frequency of the intermittent
arc grounding is mainly distributed at 100∼3000Hz [26].
Therefore, the atomic frequency is in this frequency-band
can be defined as the high-frequency atom, and the total
relative matching degree of high-frequency atom reflecting
the amount of high-frequency components contained in the
waveform can be calculated as

GH ·toal =
3000∑
f=100

Gf (9)

where Gf is the relative matching degree of the atom of
f ∈ [100, 3000].

20 single phase-to-ground, fundamental ferroresonance,
and intermittent arc grounding samples are selected, respec-
tively. After the atomic decomposition, the value of GH ·toal
at three types of overvoltage can be calculated and depicted
in Fig. 9. It is obvious that the fundamental ferroresonance
only has a small number of components larger than 100 Hz,
and the value of GH ·toal is low due to the fewer atoms
and low relative matching degree. Similarly, the value of
GH ·toal for the single phase-to-ground type is also very low.
However, when the single phase-to-ground occurs at certain
phase angles, the value of GH ·toal at individual samples is
higher due to short-term high-frequency oscillations. The
value of GH ·toal at the intermittent arc grounding type is
obviously higher than the other two types of overvoltage. Due
to the influence of various external factors, the uncertainty of

FIGURE 9. GH·toal distribution in T2 period.

FIGURE 10. Frequency distribution of effective atom in T3 period.

ignition and arc extinction is large. Therefore, Criterion IV
for the overvoltage identification can be defined as follows.

In the T2 period, if the value of GH ·toal is greater than the
threshold value (δ2), it can be judged as the intermittent arc
grounding type. In Fig. 9, for the intermittent arc grounding,
the minimum value ofGH ·toal is equal to 0.5692, while for the
single phase-to- ground and fundamental ferroresonance, the
maximum value of GH ·toal is equal to 0.1305. Therefore,
the value of δ2 can be conservatively selected as 0.4.

3) FEATURE EXTRACTION IN T3 PERIOD
After 5 cycles under the occurrence of overvoltage,
single phase-to-ground and fundamental ferroresonance have
entered a stable state. The transient process of single
phase-to-ground disappears, and the waveform is a stable
power-frequency waveform. Moreover, the fundamental fer-
roresonance enters a stable oscillation state. Since the steady-
state characteristics are more obvious, two types of overvolt-
age can be distinguished in the T3 period.

Similarly, 20 single phase-to-ground and fundamental fer-
roresonance samples are respectively selected, and the zero-
sequence voltage in the T3 period can be decomposed.
The frequency distribution of effective atoms is depicted
in Fig. 10. Obviously, the single phase-to-ground has only one
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TABLE 2. Experimental condition and identification results.

effective atom with a frequency of 50 Hz, while each sample
of the fundamental ferroresonance under stable oscillation
still contains some non-power-frequency atoms.

By considering the error of the decomposition result,
Criterion V for the overvoltage identification can be defined
as follows.

In the T3 period, if there is an atom, whose frequency
satisfies the condition of 60 ≤ f ≤ 300 Hz, it can be
judged as the fundamental ferroresonance type. If all atomic
frequencies satisfy the condition of 40 < f < 60 Hz, it can
be judged as the single phase-to-ground type.

C. IDENTIFICATION PROCESS
In this study, the features are extracted in the time domain
and the frequency domain, and the overvoltage type can be
hierarchically identified according to the identification crite-
ria after the threshold values of δ1 and δ2 are predetermined.
The steps are explained as follows.
Step 1: When an overvoltage occurs, three-phase voltage

waveforms in the target period at the bus bar of the distribu-
tion network are recorded by the fault recorder.
Step 2: Calculate the value of U0·RMS in the T0 period,

and identify the operating overvoltage (next to step 3) or the
temporary overvoltage (next to step 4) by Criterion I.
Step 3: For the operating overvoltage, atomic decom-

position is performed on the three-phase voltage waveforms
during the T1 period to obtain high-frequency effective atoms
and their duration. The overvoltage of the line switching or
the capacitor switching can be recognized by Criterion II.
Step 4: For the transient overvoltage, the zero-sequence

voltage during the T2 period is decomposed to calculate
the frequency of the dominant atom, and the high-frequency
ferroresonance, sub-frequency ferroresonance, or power-
frequency overvoltage can be identified by Criterion III
(next to step 5).

Step 5: For the power-frequency overvoltage, the total
relative matching degree of high-frequency atoms during the
T2 period is calculated, and the intermittent arc grounding
overvoltage or the remaining two types can be identified by
Criterion IV (next to step 6).
Step 6: The frequency distribution of the effective atom

of the zero-sequence voltage during the T3 period is
calculated, and the fundamental ferroresonance or sin-
gle phase-to-ground overvoltage can be identified by
Criterion V.

The detailed process is depicted in Fig. 11, where f m1A,
f p1B, f

q
1C respectively express the atomic frequencies for three-

phase voltages A, B and C in the T1 period, and take A-phase
and B-phase as examples to represent any two phases in the
three-phase system; m, p, q, k, and l denote the number of
atoms; f k2 and f l3 denote the atomic frequencies in the T2 and
T3 periods, respectively.

V. EXPERIMENT AND DISCUSSION
A. ACCURACY ANALYSIS
Various types of overvoltage samples can be obtained from
the simulation model in Fig. 3 to verify the effectiveness of
the proposed method. By changing faulty phase angle, phase
separation, closing time, and other factors, 2742 overvoltage
samples (Data 1) are obtained in Table 2, in which the sam-
pling rate is set as 200 kHz. Especially, for the single phase-
to-ground, the variation of transition resistance is from 1� to
20�. Two threshold parameters (δ1 and δ2) are set as 1.5kV
and 0.4, respectively.

All the samples are used for the verification of the pro-
posed method. From the identification results, the recog-
nition accuracy of the overvoltage type is 100%, except
for the fundamental ferroresonance. There are two rea-
sons. Firstly, the extracted characteristic frequency is not
the main component and may be interfered by the errors.
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FIGURE 11. Flow of overvoltage identification based on atomic decomposition algorithm.

Secondly, the fault location also affects the content of the
characteristic frequency. When the fault location is close
to the oscillation range of the sub-frequency ferroreso-
nance, the content of characteristic frequency will be further
reduced. It may lead to the decrease of atomic relative match-
ing degree for some samples and the misjudgment of single
phase-to-ground. Nevertheless, the recognition accuracy of
the fundamental ferroresonance still can reach 97.27%, and
the overall recognition accuracy of overvoltage can achieve
99.89%, which indicates that the proposed algorithm can
effectively identify seven types of overvoltage.

B. ADAPTIVE ANALYSIS
1) ANTI-INTERFERENCE CAPABILITY
Since there may be a lot of noise in the actual field, it is
necessary to verify whether the algorithm can identify effec-
tively under noise interference. 20% of the correctly identi-
fied samples in Table 2 are randomly selected as the analysis
sample (Data 2), which was added into 20dB Gaussian white
noise for recognition. The corresponding recognition results
are summarized in Table 3. It is clearly seen that although
the recognition accuracy is reduced after adding noise, it still
can reach 99.63%. Because the recognition criteria mainly
involve dominant atom or the atoms with a large rela-
tive matching degree, the algorithm has a strong anti-noise
performance.

TABLE 3. Recognition accuracies under noise interference.

2) SAMPLING OUT OF SYNCRONIZATION
The overvoltage recording device may appear three-phase
asynchrony when collecting waveforms. In order to study
the influence of signal sampling asynchrony on diagnosis
accuracy, the C-phase voltage is set to lag the A-phase voltage
by 0.1ms at the sampling time, and the Data 2 samples are
processed for correlation. The recognition results are summa-
rized in Table 4. It is shown that the identification method is
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TABLE 4. Recognition accuracies under asynchronous sampling.

TABLE 5. Recognition accuracies under different sampling rates.

basically not affected by the sampling out of synchronization,
and can still effectively identify seven types of overvoltage.

3) DIAGNOSIS AT LOW SAMPLING RATE
In order to collect operating overvoltage waveforms, some
data recorders typically operate at higher sampling rates, e.g.
200 kHz. But high sampling rates represent a high cost of
equipment and a large software resource overhead. In order
to verify the effectiveness of the proposed method at a low
sampling rate, the samples of Data 2 with low sampling rates
16kHz and 4kHz are examined. The recognition results are
summarized in Table 5.

Comparing the recognition results under two sampling
rates, the method can effectively identify overvoltage types
at the sampling rate of 16 kHz, and the accuracy is over
98.53%. However, at the sampling rate of 4 kHz, one sample
of the intermittent arc grounding is misjudged due to the
reduction of the high-frequency component of the waveform.
Similarly, the line switching is not recognized because the
effective frequency of the waveform acquired at this sam-
pling rate to be less than 2000 Hz required for the fault
identification. As can be seen from Fig. 7(a), the effective
atomic frequency of the capacitor switching is up to 8 kHz.
If two types of operating overvoltage are effectively recog-
nized, the waveform sampling rate should be not less than
16 kHz.

FIGURE 12. Diagnosis results under different grounding resistances.

4) HIGH-RESISTANCE GROUNDING FAULT DIAGNOSIS
In general, there are two types of single phase-to-ground
including the low-resistance grounding and the high-
resistance grounding. Since the high overvoltage amplitude
is easily generated by the low-resistance grounding, metallic-
to-ground overvoltage is generally considered in the overvolt-
age identification. However, the high-resistance grounding
faults often occur in the distribution network, especially in
the early stage of insulation damage. Its characteristics are
that the non-fault phase voltage amplitude will not rise very
high, and the fault phase waveform is very different from the
metallic-to-ground. If the features are still constructed with
respect to the characteristic of the faulty phase amplitude
close to zero [7], it will be difficult to identify the high-
resistance grounding fault.

In this study, the proposed method is applied to fault
identification with the high-resistance grounding, and its
applicable range is evaluated. Numerical simulations at the
high-resistance grounding are performed in the fault point
F10∼F12 of the model in Fig. 3. The initial phase angles of
the fault are 0◦, 45◦, and 90◦, respectively. The grounding
resistance values are 50, 100, 200, 500, 1000, 2000, 2100,
2500, 3000�. There are 81 samples, and the recognition
results are depicted in Fig. 12.

When the grounding resistance is less than 2000 �, the
proposed method can effectively identify. If the grounding
resistance exceeds 2000 �, it cannot be recognized because
the RMS value of the zero-sequence voltage is lower than the
threshold value (δ1). In fact, the increase of the grounding
resistance only changes the amplitude of the fault phase,
and it does not change the frequency component of the
zero-sequence voltage. Since the proposed method is based
on the difference in frequency between the single phase-
to-ground and the fundamental ferroresonance, it can be
effectively identified when the grounding-resistance is from
0 to 2000 �.

C. DISCUSSION
Numerical simulations show that the proposed method has
high recognition accuracy and adaptability. Methods in other
literatures are compared from three aspects of feature extrac-
tion, data requirements, and computational complexity.
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Wang et al. [7] extracted six features by the
S-transformation of phase voltages, in which the temporary
overvoltage can be represented by a single dimension feature,
and the operating overvoltage and lightning overvoltage can
be represented by 5-dimensional features. Due to different
expressive abilities of these features, fuzzy expert system
and support vector machine (SVM) were trained for iden-
tification. Chen et al. [17] used the single-layer auto-encoder
(SAE) and the stack sparse auto-encoder (SSAE) to reduce
the dimensional and feature extraction of the three-phase
voltage waveform. However, the obtained features have no
physical meaning or interpretation. Lin et al. [27] adopted
wavelet to decompose the signal into different frequency
bands and extracted 36 features for identification. The fre-
quency band of the wavelet decomposition can only be
divided by a multiple of 2 according to the sampling rate,
and these frequency bands cannot be artificially adjusted.
Therefore, 36 features were extracted to describe the over-
voltage characteristics, and the multi-level SVMwas used for
identification. In this study, atomic decomposition is used to
obtain a plurality of atomic signals for matching the original
waveform best. Each atomic signal contains five information
parameters with practical physical meanings, which can help
fault analysis and overvoltage suppression.

Whether it is a fuzzy expert system, SVM or softmax, it is
a classifier for supervised learning. If one wants to train a
good performance identification network, a sufficient number
of training samples is always required. If the dimension of
data is large, dimensionality reduction optimization should
also be considered to solve the problem of over-fitting or
local optimal. Thus, this kind of method is not suitable for
the field of small sample identification. According to the
characteristics of overvoltage signals, this study achieves a
low-dimensional representation of features with a high degree
of feature discrimination. Only a small amount of labeled
measured data or simulated data is required to obtain reli-
able thresholds, which does not require network training.
Therefore, it is relatively easy to realize the deployment and
application.

In terms of computational complexity, the calculation of
S-transformation is relatively large, and SAE and SSAE
networks are also relatively complex. The tuning process
requires high performance of the computer, while the atomic
decomposition and wavelet transform are relatively simple.
Ordinary computers or embedded systems can complete the
corresponding work.

Performance comparisons with other published papers [7],
[17], [27] are given in Table 6. Although the identification
accuracy of these four methods is very close, the advantages
of the proposed method are obviously recited as follows:
(1) Features with physical meaning; (2) Unnecessary of clas-
sifier training; (3) Low requirement for hardware devices.

VI. APPLICATIONS
In many countries and regions, feeder monitoring termi-
nals and fault indicators for faulty line selection and faulty

TABLE 6. Performance comparison.

FIGURE 13. Voltage waveform measured by fault indicator. (a) Waveforms
of zero-sequence voltage; (b) Three-phase voltage waveforms of
capacitor switching.

location have been widely applied in the field of smart
distribution networks. Because of low cost, convenient
installation, and flexible communication mode, the fault
indicator with transient waveform recording is favored by
power-grid users. In this study, the fault indicator with
transient waveform recording is used to diagnose the type of
overvoltage.

When a fault occurs in the circuit, the fault indicator of
each phase is triggered and started to record three-phase
voltage and current waveforms before and after the fault,
which are synthesized by the collection unit to generate
zero-sequence waveforms and upload all waveforms to the
main station. In fact, the fault indicator cannot really col-
lect the phase voltage. Instead, it can obtain the change
of the ground electric field in the form of capacitor par-
tial voltage to represent the transient change characteristics
of the voltage waveform. Therefore, there are some differ-
ences between the so-called electric field waveform and the
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TABLE 7. Diagnosis results by measured signals.

actual voltage waveform, which makes it difficult to diagnose
various types of overvoltage. Since the fault indicator is
separately phase-recorded, there is inevitably a three-phase
asynchronous problem. Fortunately, as far as the equipment
manufacturing standard is concerned, the synchronous sam-
pling error of the three-phase waveform is not more than
0.1ms. In other words, the performance of the proposed
method is not affected by the sampling out of synchronization
problem according to the previous analysis. The fault indica-
tor always has a sampling rate of 4 kHz because of the work-
ing power supply. Therefore, in addition to the overvoltage
of line switching, other six types of overvoltage can be theo-
retically recognized. Fig. 13 shows the voltage waveforms of
the single phase-to-ground, the fundamental ferroresonance,
the intermittent arc grounding, and the capacitor switching
collected by the fault indicator.

It is clearly seen that waveforms of the single phase-to-
ground and the fundamental ferroresonance are similar to
the simulated waveform. The high-frequency component of
the intermittent arc grounding is significantly reduced due
to the reduced sampling rate. The waveform of the capaci-
tor switching is more intense with respect to the simulated
waveform and occurs the low-frequency oscillation. In order
to verify the identification ability to the voltage waveform
collected by the fault indicator, 18 sets of measured over-
voltage signals are selected for verification. The recognition
results are summarized in Table 7, which clearly indicates
that the recognition accuracy of the single phase-to-ground
and the capacitor switching are 100%, and the intermittent
arc grounding and the fundamental ferroresonance have only
one sample to be misjudged. The reason for the misjudgment
of the intermittent arc grounding samples is that the high-
frequency components of the waveform collected by the
fault indicator are insufficient, resulting in the total relative
matching degree in the T2 period to be lower than the thresh-
old value. With the improvement of the waveform sampling
precision of the equipment, this problem will be solved.
The sample of fundamental ferroresonance is misjudged as
the single phase-to-ground because the content of power-
frequency component is slightly higher than the threshold
value. In practice, the threshold value can be re-adjusted
according to the measured data. Although the number of
measured samples is small, the total recognition accuracy still
can reach 88.89%.

VII. CONCLUSION
This study investigates an internal overvoltage identifica-
tion method for distribution networks. The effective atoms
and their parameter information can be obtained by time-
frequency atomic decomposition. The parameters with low
dimension, physical meaning, and high discrimination are
used as key features. Moreover, five identification criteria are
designed, which can be used to distinguish seven types of
overvoltage without training the classifier. Since the proposed
method requires less computing resources, it is easy to deploy
in the device terminal. This study further verifies that the
proposedmethod has strong adaptability and high recognition
accuracy in numerical simulations and measured data. The
proposed method can achieve the accuracy improvements
2.09%, 2.89% and 1.61% than [7], [17] and [27], respectively.
Even for experimental data, the recognition accuracy of the
proposed method also can be over 88%.
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