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Parallel Arc Fault in Three-Phase Motor and

Frequency Converter Load Circuit
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Abstract—The parallel arc fault is one of the most important
causes of electrical fire. However, there is no effective detection
method for parallel arc fault. To solve this problem, a fault fea-
ture enhancement method based on energy transformation and
reconstruction of modal components and a fault feature extraction
method based on non-negative matrix factorization were proposed.
First, the parallel arc fault experiments under different load cur-
rent and current-limiting resistor conditions were carried out in
the three-phase motor and frequency converter load circuit. Sec-
ond, the current signal was decomposed into k modal components
by using adaptive empirical wavelet transform, and the energy
transformation and reconstruction of each modal component were
performed in turn to enhance the fault features. Third, the parallel
arc fault features were extracted from the enhancement signals
by using two-stage non-negative matrix factorization dimension
reduction. Finally, the performance of the fault feature enhance-
ment and extraction method was tested by using the identification
model established with a least squares support vector machine. The
results indicated that the proposed method can effectively enhance
and extract the parallel arc fault features from the current signals,
and the detection accuracy of the parallel arc fault can reach more
than 95%.

Index Terms—Fault detection, feature enhancement, feature
extraction, parallel arc fault.

I. INTRODUCTION

THREE-PHASE motor and frequency converter are typical
industrial loads with a large number of applications. The

power supply and distribution lines are often subjected to ex-
ternal forces such as extrusion, impact, and dragging during the
operation of mechanical equipment, so as to cause the insulation
damage of the lines. In addition, the industrial environment is
very bad. Due to the influence of many factors such as line
overheating, environment humidity, light irradiation, chemical
erosion, and the insulation of the line will be aged. The above
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factors will most likely cause the insulation performance among
the phase lines of the circuit to decrease. It will further cause
the insulation to be broken down, so as to lead to a parallel arc
fault. The temperature of the parallel arc fault is extremely high,
which is much higher than the ignition point of combustible
materials such as cable insulation. The parallel arc fault is one
of the main causes of electrical fire. Although the parallel arc
fault is caused by the short-circuit, the parallel arc fault often
occurs in the high-resistance state in the initial stage, which will
limit the current amplitude. So, the fault current amplitude is
smaller than the short-circuit current of the metallic short-circuit
fault [1]. It will affect the correct judgment of the conventional
short-circuit protection device, so as to cause safety accidents
such as device damage or electrical fire. Therefore, it is of great
significance to study a detection method of the parallel arc fault
in the industrial three-phase motor and frequency converter load
circuit to improve the reliability of industrial power supply and
distribution system and avoid the electrical fire.

Due to the current and voltage signals are easy to obtain, the
use of features of the current or voltage signal to detect the arc
fault is currently a research hotspot. Wu et al. [2] designed a
Butterworth bandpass filter with different bandpass frequency
for different load types to deal with the current signal, and used
the threshold method to detect the series arc fault. Jiang and
Zheng [3] adaptively decomposed and reconstructed the coupled
high-frequency differential signals according to the spectral fea-
tures and the desirable margin, and used the Chebyshev distance
and the high-order center distance to detect the series arc fault.
He et al. [4] extracted the average value of the absolute values,
the sum of harmonic amplitudes and wavelet energy entropy of
the current signal as the fault features, and used the threshold
method to detect the series arc fault. Ding et al. [5] used the
absolute difference amplitudes of the neighboring waveforms
of the current signal to determine the initial period of the fault,
and developed a one-dimensional convolutional neural network
(CNN) to identify the random features of the arc fault in the
absolute difference to detect the series arc fault. Chen et al. [6]
performed all-phase discrete Fourier transform on the current
signal, and used a deep learning neural network based on Lo-
gistic regression to detect the series arc fault. Ferracuti et al. [7]
constructed a gray image by using the current signals, extracted
the texture features from the gray co-occurrence matrix images,
and used linear discriminant analysis to detect the series arc fault.
Wang et al. [8] applied the raw current signal as the input of a
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one-dimensional (1-D) CNN, and developed an ArcNet model
to detect the series arc fault. Zhang et al. [9] proposed a data
expansion method of the series arc fault based on the generative
adversarial network, and established an identification model of
the series arc fault based on asymmetric CNN. Zhang et al. [10]
established a phase space image based on wavelet transform, and
developed a ResNet to detect the series arc fault. Zhang et al.
[11] extracted the time-frequency features of the current signal
by using generalized S-transform, and combined it with a 2-D
CNN to detect the series arc fault. Luo et al. [12] reconstructed
the current signal by using the wavelet high-frequency detail
signals, and extracted the integral, variance, kurtosis and Shan-
non entropy of the reconstructed signal as the fault features, and
developed an XGBoost model to detect the series arc fault. Long
et al. [13] calculated the Fourier coefficients, Mel frequency
cepstrum coefficients, and wavelet features as the fault features,
and developed a multifeature fusion neural network to detect
the series arc fault. Zhang et al. [14] selected different spectral
feature combinations as the fault features for resistive, inductive,
and switchable loads, respectively. And a K-nearest neighbor
algorithm was used to detect the series arc fault. Wang et al.
[15] decomposed the current signal by using empirical wavelet
transform (EWT), calculated the composite entropy of the fifth
modal component and the time-domain sensitive features of the
current signal as the fault features, and developed a probabilistic
neural network to detect the series arc fault. Gao et al. [16]
performed a five-layer decomposition on the current signal by
using EWT, calculated the singular values of the reconstructed
attractor track matrix (RATM) of each decomposed signals as
the fault features, and utilized a support vector machine (SVM)
to identify the series arc fault. Wang et al. [17] decomposed
the current signal by using variational modal decomposition
(VMD), calculated the sample entropy and energy entropy as
the fault features, and utilized a SVM to identify the series
arc fault. Jiang et al. [18] extracted the fault features from
the current signals by using an improved complete ensemble
empirical mode decomposition (CEEMD) method, reduced the
feature dimension by using a TreeBagger function, and applied
a random forest to detect the series arc fault. Zhang et al. [19]
adopted complete ensemble empirical mode decomposition with
adaptive noise (CEEMDAN) and Hilbert transform to extract the
fault features from the current signals, and used a long short-term
memory (LSTM) network to identify the series arc fault. Zou
et al. [20] decomposed the current signal by using CEEMDAN,
calculated 16 feature indexes based on time window of the
decomposed signals, extracted the fault features by using the
maximum mutual information coefficient and the significance
of feature changes, and utilized a SVM to identify the series
arc fault. Dai et al. [21] extracted the time-domain statistics,
frequency-domain indicators, and L2/L1 norm of the current
signal as the fault features, and used a random forest algorithm
to detect the series arc fault. Hwang et al. [22] combined the
time-domain statistics with fast Fourier transform based on the
phase lock loop information to detect the series arc fault. Cui
et al. [23] performed generalized S-transform on the current
signal, extracted the root mean square and energy of 2 kHz com-
ponent as the fault features, and applied a SVM to identify the

arc fault. Liu et al. [24] extracted the Hurst exponent, harmonic
variance, and wavelet energy entropy of the current signal as the
fault features, and combined CNN with LSTM to detect the arc
fault. Du et al. [25] selected the time-domain, frequency-domain,
and time-frequency domain features of the current signal by
using the proposed two feature selection methods, and applied
a K-nearest neighbor algorithm to detect the arc fault. Ren et al.
[26] utilized a phase space reconstruction method to extract the
chaotic features from the current and voltage signals, and used
a LSTM to identify the arc fault.

Scholars at home and abroad have obtained a lot of research
results in the field of arc fault. They have played an important
role in promoting the development of arc fault circuit breakers.
However, there are still the following issues.

1) The feature extraction and identification methods pro-
posed in [2], [3], [4], [5], [6], [7], [8], [9], [10], [11], [12],
[13], [14], [15], [16], [17], [18], [19], [20], [21], and [22]
are mainly aimed at the series arc fault. Due to the current
of the parallel arc fault is small, the weak raw fault features
are easily submerged by the normal working current of the
load. Therefore, the existing methods are difficult to detect
the parallel arc fault.

2) In [23], [24], [25], and [26], the research on the feature
extraction and identification method of the parallel arc
fault is mainly aimed at the civilian and aviation fields. In
the industrial three-phase power supply and distribution
systems, both the power supply and typical loads are quite
different from that in the civilian and aviation systems.
Therefore, the above methods are difficult to directly apply
to the industrial field.

Due to the fault current will be superimposed on the normal
working current of the load, the weak parallel arc fault features
are easily submerged by the normal working current. In addition,
the current signal has obvious broadband features when the arc
fault occurs in the circuit. The frequency band of the signal can
be generally from several Hz to tens of MHz, and the high-
frequency components will increase significantly [1], [2], [4],
[8], [12], [13]. However, the amplitudes of the high-frequency
components are relatively small. Due to the strong randomness
and instability of the arc fault [4], [5], [10], [15], [19], the
frequency band of the fault features in the arc fault current signal
is complex and changeable. So, it is difficult to determine the
fault features of the waveforms in various load circuits in the
distribution network by using a fixed division frequency band
[15]. Therefore, it is necessary to study the feature enhancement
and extraction method of the parallel arc fault to realize the
detection of the parallel arc fault.

In order to solve the abovementioned problems, the signal
decomposition methods such as EWT [15], [16], VMD [17],
CEEMD [18], and CEEMDAN [19], [20] have been widely
applied to the field of arc fault detection, and have obtained a
good performance on the feature extraction. However, for most
of these methods, the signal decomposition algorithms were
first performed on the current signals, and then the features of
each modal component were extracted separately to obtain the
arc fault features. As a result, there was a lack of correlation
among the modal components in the extracted arc fault features.
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Fig. 1. Flowchart of the proposed idea.

It will affect the detection performance of the arc fault detection
method. In response to the above issues, the parallel arc fault
experiments were carried out in the typical industrial load circuit,
and a new idea of the fault feature enhancement and extraction
was proposed in the article. It uses the complete frequency
band features of the parallel arc fault in the current signal to
realize the parallel arc fault detection. Since, the amplitudes
of the high-frequency features of the arc fault current signals
are very small, they are very easy to be lost in the feature
extraction process. In order to solve this problem, an arc fault
feature enhancement method was proposed in this article. The
current signal was decomposed into multiple modal components
in different frequency bands by using the signal decomposition
method, and the high-frequency components with smaller am-
plitude were amplified, then the feature enhancement signals
were obtained by reconstructing these signals. On the basis of
retaining the complete frequency band features of the arc fault,
this method can amplify the rich high-frequency components
of the arc fault features in the current signal, and enhance the
weak parallel arc fault features in the original current signal by
increasing the energy ratio of the arc fault feature signals in the
current signal. In this way, it converts the current signal with
weak parallel arc fault features into the feature enhancement
signals with strong fault features. It makes the subsequent feature
extraction method be able to effectively extract the features of
the parallel arc fault. In order to obtain low-dimensional fault
features from a matrix composed of multiple feature enhance-
ment signals to detect the parallel arc fault, it is necessary
to use non-negative matrix factorization (NMF) to reduce the
dimension of the feature enhancement signals and retain the
main features. The NMF is a common data dimension reduction
method, it can decompose the original matrix into a product of
a base matrix and a coefficient matrix by adding nonnegativity
constraints. Due to nonnegativity constraints, on the one hand,
there is no subtraction operation in the whole decomposition
process, and there are only addition operations between the data,
so the features will not offset each other. On the other hand,

the decomposed results are the low-dimensional approximation
of the original data and represent the essential features of the
original data [27]. Therefore, the low-dimensional data obtained
from the feature enhancement signals by using NMF can still
approximately retain the features of the parallel arc fault in the
feature enhancement signals. It can realize the feature extraction
of the parallel arc fault. The flowchart of the proposed idea is
shown in Fig. 1. The whole idea is composed of four parts:
parallel arc fault experiment, parallel arc fault feature extraction,
parallel arc fault feature enhancement and performance test.
The specific is as follows. First, the current signal was obtained
by conducting the parallel arc fault experiments. The adaptive
empirical wavelet transform (AEWT) was used to adaptively
decompose the current signal into k modal components, and
k feature enhancement signals were obtained by multiplying
the single modal component by an energy coefficient in turn
and then reconstructing these signals. Third, a two-stage NMF
dimension reduction method was proposed. k enhancement sig-
nals were first reduced into a 1-D signal by using the NMF,
so that the influence of the number of decomposition layers on
the number of the features can be eliminated. And an RATM
was constructed by using the 1-D signal. To realize the ex-
traction of the fault features, the RATM was reduced into a
1-D feature vector by reusing the NMF. Finally, the perfor-
mance of the proposed method was tested by using the iden-
tification model established with a least squares support vector
machine (LSSVM).

The main innovations and academic contributions of the arti-
cle are as follows.

1) The experiments and the detection method of the parallel
arc fault in the three-phase motor and frequency converter
load circuit were studied for the first time. It can further
broaden the research scope of the arc fault and provide
reference for the development of industrial arc fault cir-
cuit breakers with parallel arc fault detection function, so
as to effectively prevent electrical fires and other safety
accidents caused by the parallel arc fault.
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2) A new method of the parallel arc fault feature enhancement
based on the energy transformation and reconstruction
of each modal component decomposed by AEWT was
proposed. This method can enhance the high-frequency
fault features in the arc fault current on the basis of retain-
ing the complete frequency band features. It can solve to
some extent the problem of lacking the correlation among
the decomposed signals, which usually appears when the
fault features are extracted directly from the decomposed
components. It can provide a new idea for the enhancement
of weak fault features such as the arc fault features.

3) The NMF was applied to the field of the arc fault feature
extraction for the first time, and a new method of the fault
feature extraction based on two-stage NMF dimension
reduction and RATM was proposed. The number of fault
features extracted by this method can avoid the influence of
the number of signal decomposition layers. It can provide
reference for the fault feature extraction of the signal de-
composition method with adaptive decomposition layers.

The rest of this article is organized to the four parts of
Fig. 1. They are as follows. Section II describes the experimental
platform and experimental scheme of the parallel arc fault, and
briefly analyzes the current signal. Section III introduces the
basic theory of AEWT in detail, and provides an arc fault feature
enhancement method using decomposed signals multiplied by
the energy coefficient and reconstruction. Section IV introduces
the theory of the fault feature extraction method based on
two-stage NMF dimension reduction and RATM. Section V
establishes a parallel arc fault identification model, and presents
the test results of the proposed methods. Finally, Section VI
concludes this article.

II. PARALLEL ARC FAULT EXPERIMENT

A. Experimental Platform and Experimental Scheme

The parallel arc fault experimental platform built by two
typical industrial loads of the three-phase motor and frequency
converter is shown in Fig. 2. The platform is mainly composed of
the main circuit, arc fault generator and data acquisition device.

A three-phase power supply was used as the experimental
power supply of the main circuit. Its rated output voltage is ac
380 V, and its rated output frequency is 50 Hz. A VFD110E43A
type frequency converter and a Y160M-6-11 kW type three-
phase asynchronous motor were used as the experimental loads.
The loads were switched by contactor 1 and contactor 2, and the
current of the three-phase motor load was adjusted by a friction
load.

A flat carbon rod and a pointed copper rod of the arc fault
generator were, respectively, used as the stationary and movable
electrodes. The horizontal movement of the movable electrode
was realized by controlling a stepping motor. The stationary
and movable electrodes were connected in series with a current-
limiting resistor and then connected in parallel in the A-phase
and B-phase lines of the main circuit. The normal working state
of the circuit was simulated by the separation of the stationary
and movable electrodes. The arc fault state was simulated by
controlling the movable electrode. Under the well contact of the
stationary and movable electrodes condition, making the two

(a)

(b)

Fig. 2. Experimental platform. (a) Structure. (b) Photo.

TABLE I
EXPERIMENTAL SCHEME

The data acquisition device adopted a LHB100A5VY2 type
current transformer and a LHB-T1 type voltage transformer to
collect the A-phase line current and the arc voltage, respectively.
The data were uploaded to a computer by using a USB3200 type
data acquisition card, and then they were displayed and stored
by using a Labview software.

The experiments were conducted under the normal and paral-
lel arc fault states by utilizing the experimental platform shown
in Fig. 2. The experimental scheme is shown in Table I. The
experiments under the three-phase motor load condition were
conducted by connecting contactor 1 and breaking contactor 2,
while the experiments under the frequency converter load con-
dition were conducted by breaking contactor 1 and connecting
contactor 2. The current-limiting resistor of the parallel arc fault
was 130 Ω, 200 Ω, and 400 Ω, respectively. The load current
was set to 15 A, 18 A, and 20 A by adjusting the friction load.
The carrier frequency and operating frequency of the frequency
converter were set to 8 kHz and 50 Hz, respectively, and the data
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(a)

(b)

(c)

(d)

Fig. 3. Current waveforms of the three-phase motor load circuit. (a) I = 15 A,
R = 400 Ω. (b) I = 15 A, R = 130 Ω. (c) I = 20 A, R = 400 Ω. (d) I = 20 A,
R = 130 Ω.

B. Analysis of Experimental Results

The current waveforms of the three-phase motor load circuit
are shown in Fig. 3. The normal load current of the three-phase
motor is an approximate sinusoidal signal. In the fault state,
the circuit current waveform is the sum of the normal load
current and the parallel fault branch current. The current signal
on the parallel fault branch is the arc fault current signal of
the resistive load. Although there are some phenomena such as
zero-current and the increase of the high-frequency components
in the arc fault current signal, the current waveform basically
changes according to the sine law, and the normal load current
amplitude is relatively large. Therefore, the features will be
submerged by the superposition of the fault branch current signal
and the normal load current signal. Under the same experimental
conditions, it is difficult to find the difference of the current
waveforms between the normal state and the fault state.

The current waveforms of the frequency converter load circuit
are shown in Fig. 4. The frequency converter is a nonlinear load.
In the normal state, the load current presents double-peak char-
acteristics and exhibits a prolonged flat shoulder phenomenon.
When the parallel arc fault occurs, an arc fault current signal

(a)

(b)

(c)

(d)

Fig. 4. Current waveforms of the frequency converter load circuit. (a) I =
15 A, R = 400 Ω. (b) I = 15 A, R = 130 Ω. (c) I = 20 A, R = 400 Ω. (d) I =
20 A, R = 130 Ω.

with approximate sinusoidal law will be superimposed on the
normal load current signal, so as to cause a certain upward
and downward trend in the flat shoulder position. By comparing
the circuit current waveforms under different load current and
current-limiting resistor conditions, it can be seen that as the
working current of the frequency converter and current-limiting
resistor increases, the features in the flat shoulder position will be
weakened. When the load current is 20 A and the current-limiting
resistor is 400 Ω, it is also difficult to find the difference of the
current waveforms between the normal state and the fault state.

III. FAULT FEATURE ENHANCEMENT METHOD BASED ON

AEWT AND THE ENERGY TRANSFORMATION AND

RECONSTRUCTION OF MODAL COMPONENTS

A. Basic Theory of AEWT

The EWT is a signal decomposition method that combines
the adaptive decomposition concept of empirical mode de-
composition (EMD) method and the tightly supported frame-
work of wavelet transform theory. The method can overcome
the modal mixing problem caused by the discontinuous time-
frequency scale of the signal. It also has a complete and reliable



9926 IEEE TRANSACTIONS ON POWER ELECTRONICS, VOL. 40, NO. 7, JULY 2025

mathematical theory basis and low computational complexity.
And the problem of overenvelope and underenvelope in EMD
method can be solved by using EWT.

The EWT can adaptively divide the Fourier spectrum accord-
ing to the signal features, and extract the modal components
with a set of orthogonal wavelet filters. The detailed principle
can refer to [15] and [16]. When using EWT decomposition,
the number of decomposition layers of the signal should be set
first. For the current signals under different loads and experimen-
tal conditions, the corresponding optimal EWT decomposition
level is not a fixed value. The use of fixed decomposition level
will make it lack the adaptability to the current signal, so as to
affect the arc fault feature extraction and identification.

The EMD is an adaptive time series decomposition method
based on Hilbert transform. It can adaptively decompose the
signal based on the signal features without presetting the number
of decomposition layers and frequency band, and objectively
reflect the number of internal modes contained in the time series
signal [28]. Therefore, the number of decomposition layers of
EWT was determined based on EMD to realize the AEWT.
However, if the number of decomposition layers determined by
EMD is too small, the modal components obtained by AEWT
will be less and the corresponding frequency band will be wider.
During the process of the feature enhancement, it will result
in poor enhancement effect of the signal in the fault feature
frequency band with smaller energy in the modal components.
In order to avoid the problem, the minimum number of decom-
position layers of AEWT is limited to enhance the signals in
multiple feature frequency bands. The specific method of the
decomposition layers k is as follows.

The number of determining adoptively EMD modes n was
obtained by utilizing EMD to decompose the current signal
firstly. When n is less than or equal to 4, the number of EWT
decomposition layers k is set to 4. When n is greater than 4, the
number of EWT decomposition layers k is set to n. So the number
of EWT decomposition layers k can be adaptively determined
according to the above method.

B. Feature Enhancement Method Based on Energy
Transformation and Reconstruction of Modal Components

To retain the complete frequency band features of the arc
fault in the circuit current signal and enhance the weak parallel
arc fault features, a feature enhancement method based on the
energy transformation and reconstruction of modal components
was proposed. The current signal was normalized by the ef-
fective value and decomposed into k modal components by
using AEWT, and then each modal component was multiplied
by an energy transformation coefficient and reconstructed to
obtain k fault feature enhancement signals. The selection of the
number of current signal cycles has an important influence on
the detection performance of the parallel arc fault. The smaller
the number of the current signal cycles selected in the analysis,
the less the feature information of the parallel arc fault will be
contained in the signal. It will lower the detection accuracy of
the parallel arc fault. The increase of the number will enrich the
feature information, but it will increase the calculation amount

and operation time of the parallel arc fault detection method. By
comprehensively considering the above two aspects, the number
of current signal cycles used for analysis was finally set to 2,
i.e., each current signal has 400 sampling points. The specific
expressions are as follows:

⎧⎪⎪⎪⎨
⎪⎪⎪⎩

RS1 = γ × η1 × IMF1 + IMF2 + · · ·+ IMFk

RS2 = IMF1 + γ × η2 × IMF2 + · · ·+ IMFk

...
RSk = IMF1 + IMF2 + · · ·+ γ × ηk × IMFk

(1)

ηj = 1/

√√√√ 1

400

400∑
i=1

IMFj(i)
2 (2)

where, IMF1, IMF2, . . . , IMFkare the modal components
obtained by AEWT. RS1, RS2, . . . , RSk are k fault feature
enhancement signals. γis the energy coefficient, it can be set
according to the actual application scenario. Andj = 1, 2, . . . , k.

According to (1) and (2), the proposed fault feature enhance-
ment method can make the reconstructed signals contain the
parallel arc fault features in complete frequency band. And
the parallel arc fault features in different frequency bands can
be enhanced by performing an energy transformation on each
modal component.

C. Performance of Feature Enhancement

The current signals in Figs. 3(c) and 4(c) were decomposed
by utilizing AEWT, and the energy transformation and recon-
struction of the modal components were performed by using
the feature enhancement method proposed in Section III-B. The
energy coefficient γ was set to 0.5. The feature enhancement
signals are shown in Fig. 5.

The parallel arc fault features of the raw circuit current are
quite weak. However, the feature enhancement signal RS4 of
the three-phase motor load and the feature enhancement signal
RS6 of the frequency converter load are obviously different in
the normal state and fault state after the feature enhancement. It
can provide favorable conditions for the subsequent parallel arc
fault feature extraction.

IV. FAULT FEATURE EXTRACTION METHOD BASED ON NMF

A. Basic Theory

1) Non-Negative Matrix Factorization: NMF is a data di-
mension reduction method. It is widely used in pattern recogni-
tion, data mining, and information retrieval, but it has not been
applied in the field of arc fault feature extraction. NMF can be
divided into multiplicative update algorithm, gradient descent
algorithm and alternating least squares algorithm. The multi-
plicative update algorithm was adopted in the article because of
its low complexity and stable convergence.

A non-negative data matrix A = [x1, x2, . . . , xN ] ∈ R
(m×n)
+

is determined, and all elements of matrix A are non-negative.
NMF aims to find two low-rank non-negative matrices W and
H, to make the product of the two matrices will approxi-
mate the matrix A, i.e., A(m×n) ≈W(m×l) ×H(l×n). Where,
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(a)

(b)

Fig. 5. Feature enhancement signals. (a) Three-phase motor load. (b) Fre-
quency converter load.

W = [wmk] ∈ R
(m×l)
+ , and H = [hln] ∈ R

(l×n)
+ , W and H are

called the base matrix and the coefficient matrix, respectively, m,
l, n are the dimension of data, the rank of factorization, and the
size of data, respectively, l ≤ mn/(m+ n). Then the base data
matrix of l features is included in the matrix W, i.e., the target
matrix after dimension reduction. The NMF based on Frobenius
norm was adopted in the article. It can be expressed as follows:

OF =
∥∥A−WHT

∥∥2
F

s.t.W ≥ 0, H ≥ 0 (3)

where ‖ · ‖F is the Frobenius norm of the matrix.
The iterative multiplication updating algorithm of the objec-

tive function (3) is as follows:

wml ← wml
(AH)ml

(WHTH)ml

(4)

hln ← hln
(ATH)ln

(HTHWT)ln
(5)

where W = [wml],H = [hml].
The initial matrices W0 and H0 can be randomly generated

during the update calculation. When the termination condition
of the iteration is given, it is updated alternately according to (4)

Fig. 6. Principle of fault feature extraction method.

and (5). When the iteration termination condition is satisfied,
the target matrices W and H are obtained [29].

2) Reconstructed Attractor Track Matrix: The attractors tra-
jectories matrix (ATM) is a common method of architecting a
matrix for time series signals. Assuming a 1-D discrete signal
with length n is Y, where,Y = [y1, y2, . . . , yn], then the corre-
sponding ATM is constructed as follows:

A =

⎡
⎢⎢⎣

y1 y2 . . . yi
y2 y3 . . . yi+1

. . . . . . . . . . . .
ym ym+1 . . . yn

⎤
⎥⎥⎦ (6)

where 1 < i < n, m = n− i+ 1.
Conventional ATM is also called Hankel matrix. The data

of adjacent rows in the constructed matrix differ by only one
data point. Therefore, the problems such as high data correlation
between adjacent rows and high operation cost are caused. In
view of the above problems, a time delay step t can be reasonably
introduced. Then, an RATM is obtained, and its expression is as
follows [16]:

A =

⎡
⎢⎢⎣

y1 y2 . . . yi
y1+t y2+t . . . yi+t

. . . . . . . . . . . .
y1+(m−1)t y2+(m−1)t . . . yi+(m−1)t

⎤
⎥⎥⎦ . (7)

B. Fault Feature Extraction Method Based on Two-Stage NMF
Dimension Reduction and RATM

The principle of the fault feature extraction method based
on two-stage NMF dimension reduction and RATM is shown
in Figs. 1 and 6. The feature enhancement method proposed
in Section III was used to deal with the current signal with
400 sampling points, and a 400× k dimensional non-negative
feature matrix R was constructed by utilizing the absolute values
of the obtained k feature enhancement signals. Then, the non-
negative feature matrix R was reduced to a vector F by using
NMF. The delay step of RATM was set to 20, and a 20× 20
dimensional matrix E was constructed by using the vector F. A
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(a)

(b)

Fig. 7. Distribution of parallel arc fault features. (a) Three-phase motor load.
(b) Frequency converter load.

1× 20 dimensional vector T was obtained by reusing NMF to
reduce the dimension of the matrix E, and the elements in the
vector T were the features of the parallel arc fault.

C. Analysis of Parallel Arc Fault Features

When the load current is 20 A and the current-limiting resistor
is 400 Ω, 100 current signals in the normal state and 100 current
signals in the fault state were intercepted from the experimental
data of the three-phase motor and frequency converter loads,
respectively. The number of sampling points of each current
signal is 400.

The parallel arc fault features were extracted by using the
fault feature extraction method proposed in Section IV-B. The
distribution of these fault features is shown in Fig. 7. There are
obvious differences in the distribution range of some features
between the normal state and the fault state, such as, the features
T18 and T19 of the three-phase motor load, and the features T11

and T12 of the frequency converter load.

V. PERFORMANCE TEST OF PARALLEL ARC FAULT FEATURES

A. Parallel Arc Fault Identification Model and Validity Test of
Features

1) POA-LSSVM Identification Model: To verify the validity
of the extracted parallel arc fault features, a parallel arc fault
identification model was established with an LSSVM. LSSVM is
a machine learning algorithm based on SVM. It is mainly applied
in data regression, pattern classification and identification. The
algorithm reduces the parameter search range from 3-D to 2-D
by transforming the quadratic programming problem in SVM
into the solution of linear equations. It can greatly ensure the
calculation accuracy, reduce the computational complexity and
improve the calculation speed. The performance of the LSSVM
identification model is affected by the selection of penalty

Fig. 8. Process of LSSVM optimized by POA.

coefficient c and kernel parameter g [30]. In order to select the
optimal parameters to improve the performance of the identifi-
cation model, a pelican optimization algorithm (POA) was used
to optimize the parameters c and g.

POA is a new algorithm based on the natural behavior of
pelicans. The algorithm can simulate the behavior and strategy of
pelican population foraging, so as to transform the optimization
problem into the process of parameter search. The optimal
parameters can be found through the two-stage iteration of
exploration and hunting, so that it has better global search ability
and convergence speed [31]. The process of LSSVM optimized
by POA is shown in Fig. 8.

2) Results of Validity Test of the Parallel Arc Fault Features:
There are 36 groups of experiments in Table I. For each group of
experiments, 500 segments of current signal were intercepted.
The corresponding fault features were calculated by using the
proposed feature enhancement and extraction method and con-
structed as a sample set. The category labels of the fault features
extracted from the current signals in the normal state and fault
state were set to 0 and 1, respectively. Then, the sample set was
divided into the training samples and the test samples on average,
and one twentieth of the training samples was selected and used
as the optimization samples.

The population size of POA was set to 20, and the maximum
number of iterations was set to 40. The optimal parameters c and
g can be obtained by the optimization samples. They are 39.84
and 0.01, respectively. An LSSVM identification model was
established with the training samples and the optimal parameters
c and g. The tests were carried out by inputting the testing
samples into the LSSVM identification model. The identification
results of the parallel arc fault are shown in Figs. 9 and 10.

As seen in Figs. 9 and 10, the following three conclusions can
be obtained.

1) Under different experimental conditions, the detection ac-
curacy of the parallel arc fault is higher than 95%. Among
them, the true positive rate is higher than 93.87%, and
the false positive rate is lower than 3.47%. It was verified
that the proposed method can accurately detect the parallel
arc fault occurred in the three-phase motor and frequency
converter load circuit.
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(a) (b) (c)

Fig. 9. Identification results of parallel arc fault in the three-phase motor load
circuit. (a) R = 130 Ω. (b) R = 200 Ω. (a) R = 400 Ω.

(a) (b) (c)

Fig. 10. Identification results of parallel arc fault in the frequency converter
load circuit. (a) R = 130 Ω. (b) R = 200 Ω. (a) R = 400 Ω.

2) The detection accuracy of the parallel arc fault in the
frequency converter load circuit is obviously higher than
that in the three-phase motor load circuit. Due to the
current signal of the parallel fault branch is an approximate
sinusoidal signal, which is similar to the normal load
current signal of the three-phase motor load circuit. So,
the fault features are more difficult to extract from the
current signal, leading to a lower detection accuracy.

3) Compared with 130 Ω and 200 Ω, when the current-
limiting resistor is 400 Ω, the detection accuracy of the
parallel arc fault is lower. When the current-limiting re-
sistor is larger, the fault branch current will be smaller, so
the fault features will be weaker.

To evaluate the real-time performance of the proposed
method, the detection time for the parallel arc fault was sys-
tematically tested. The detection time is mainly composed of
two parts. One is the time required to collect the current data.
The current signal analyzed by the proposed method is two
cycles, so it needs to take 40 ms to collect the current signal
of two complete cycles. The other is the operation time of the
algorithm, which is measured from the completion of the current
signal acquisition to the detection result of the parallel arc fault
is obtained. The average operation time of the algorithm under
a computer test condition is 2.7 ms. The hardware platform
and software environment of the computer tests are mainly as
follows. The CPU of the computer is Intel (R) Core (TM) i5-9500
with 3 GHz main frequency, and the memory is 8 GB. The
operating system of the computer is 64-bit Windows 10. The
program codes of the proposed detection method are written
and run in a MATLAB 2023b software, which is installed on
the computer. Therefore, in the above hardware platform and
software environment, a total of 42.7 ms is required for a single
complete detection process. It is the time interval from initial

TABLE II
DETECTION ACCURACY OF DIFFERENT DECOMPOSITION METHODS WITH AND

WITHOUT FEATURE ENHANCEMENT METHOD

signal acquisition to final diagnostic conclusion. It can meet the
real-time requirements of IEC 62606 standard for the arc fault
detection [32].

B. Validity Verification of the Feature Enhancement Method

In order to verify the validity of the proposed feature en-
hancement method, the detection accuracy of the parallel arc
fault was tested and compared by using different decomposition
methods with and without the feature enhancement method.
Three decomposition methods were used. They are EMD, VMD,
and EWT, respectively. The test results are shown in Table II.
When using VMD and EWT, the number of decomposition
layers was determined according to the adaptive decomposition
layer determination method proposed in Section III-A. Without
feature enhancement method means that there is no energy
transformation and reconstruction of the modal components. For
all the methods in Table II, the same feature extraction method,
identification model and test method were used.

As seen in Table II, for each signal decomposition method,
the detection accuracy of the parallel arc fault will be obviously
improved when the proposed feature enhancement method was
used. It can verify the validity and versatility of the feature
enhancement method. Besides, it can be seen that the perfor-
mance of EWT is better than that of EMD and VMD under the
conditions of using the feature enhancement method.

C. Comparison With Existing Arc Fault Feature Extraction
Methods

In order to verify the superiority of the proposed feature
extraction method, nine similar feature extraction methods were
selected from the existing research methods, and used to test and
compare the detection performance. Among them, the methods
proposed in [4], [7], [12], [15], and [21] are mainly applied
to the series arc fault in the single-phase ac load circuit in the
civilian field, and the methods proposed in [16] and [17] are
mainly applied to the series arc fault in the three-phase motor
and frequency converter load circuit in the industrial field. And
the methods proposed in [23] and [24] are mainly applied to the
parallel arc fault in the aviation field.

The feature extraction processes of the abovementioned meth-
ods are as follows.

1) In [4]: The average value of the absolute values, the sum of
the harmonic amplitudes and the wavelet energy entropy
of the current signal were extracted and used as the fault
features.
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2) In [7]: The current signal was reconstructed by using
phase space transformation. From phase space, a similarity
matrix was constructed by using the Euclidean distance.
Then, the original signal was transformed into a gray-scale
image. Finally, the textural image features were extracted
from the image by using the gray-level co-occurrence
matrix and used as the fault features.

3) In [12]: The high-frequency reconstructed signals of the
current signal were constructed by using wavelet recon-
struction theory, and the integral, variance, kurtosis, and
Shannon entropy of the high-frequency reconstructed sig-
nals were extracted and used as the fault features.

4) In [15]: The current signal was decomposed by using
EWT. Then, the composite entropy of the fifth modal
component such as the sample entropy, fuzzy entropy,
permutation entropy, and approximate entropy were cal-
culated, and the time-domain sensitive features of the
current signal such as the variance, mean, kurtosis, margin
factor, waveform factor, pulse factor, root mean square,
skewness, and the average value of the absolute values
were calculated. Finally, the composite entropy and the
time-domain sensitive features were fused and used as the
fault features.

5) In [16]: The five-layer EWT of the current signal was
conducted, then the RATM of each layer of decomposed
signal was constructed. And the first two singular values of
the RATM were calculated and used as the fault features.

6) In [17]: The current signal was adaptively decomposed by
using a VMD, and the energy entropy and sample entropy
of the decomposed signals in the feature frequency band
were extracted and used as the fault features.

7) In [21]: The kurtosis, crest factor, clearance factor, L2/L1
norm, shape factor and spectral centroid of the current
signal were extracted and used as the fault features.

8) In [23]: The signal component with the frequency of 2 kHz
of the current signal was extracted by using the generalized
S-transform, and the root mean square and energy of the
component were calculated and used as the fault features.

9) In [24]: The time-domain Hurst exponent, harmonic vari-
ance, and wavelet energy entropy of the current signal
were calculated and used as the fault features.

The detection accuracy of the parallel arc fault for the above-
mentioned fault features were tested by utilizing the identifica-
tion model and test method proposed in Section V-A, and the
test results are shown in Table III.

The detection accuracy of the parallel arc fault of the proposed
feature enhancement and extraction method is obviously higher
than that of the other nine methods. It can verify the superiority
of the proposed method in the parallel arc fault detection.

D. Validity Verification of the Method Under the Conditions of
Speed Variation

In the industrial field, the three-phase motor often works
under the conditions of acceleration, deceleration, and speed
fluctuation. In most cases, the speed of the three-phase motor was
adjusted by changing the operating frequency of the frequency

TABLE III
DETECTION ACCURACY OF THE PARALLEL ARC FAULT WITH DIFFERENT

FEATURE EXTRACTION METHODS

TABLE IV
EXPERIMENTAL SCHEME UNDER SPEED VARIATION CONDITIONS

TABLE V
EXPERIMENTAL SCHEME UNDER THE CONDITIONS OF DIFFERENT CARRIER

FREQUENCIES OF THE FREQUENCY CONVERTER

converter. To verify the validity of the proposed method under the
conditions of speed variation, the parallel arc fault experiments
under the speed variation conditions were carried out by using
the experimental platform in Fig. 2. The experimental scheme is
shown in Table IV. Among them, the increase of the speed was
realized by increasing the operating frequency of the frequency
converter gradually from 30 to 50 Hz, the decrease of the
speed was realized by reducing the operating frequency of the
frequency converter gradually from 50 to 30 Hz. The fluctuation
of the speed was realized by adjusting the operating frequency
of the frequency converter between 35 and 45 Hz.

The proposed method was applied to detect the parallel arc
fault for the experiments under the speed variation conditions,
and the detection accuracy can reach 95.80%. It can verify that
the validity of the proposed method under the speed variation
conditions.

E. Validity Verification of the Method Under the Conditions of
Different Carrier Frequencies of the Frequency Converter

The carrier frequency of the frequency converter often needs
to be set according to the conditions of the industrial field. To
verify the validity of the proposed method for the parallel arc
fault detection under the conditions of different carrier frequen-
cies, the parallel arc fault experiments under four conditions of
the different carrier frequencies were carried out by using the
experimental platform in Fig. 2. The experimental scheme is
shown in Table V.
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The proposed method was applied to detect the parallel arc
fault for the experiments under the conditions of different carrier
frequencies of the frequency converter, the detection accuracy
can reach 99.85%. It can verify that the validity of the proposed
method under the conditions of different carrier frequencies of
the frequency converter.

VI. CONCLUSION

Aiming at the problem that there is no effective detection
method for the parallel arc fault in the industrial field, a fea-
ture enhancement method based on energy transformation and
reconstruction of the current decomposition signals, and a fault
feature extraction method based on two-stage NMF dimension
reduction and RATM were proposed. The main conclusions are
as follows.

1) When a parallel arc fault occurs in the circuit, the fault
features are very weak due to the influence of the normal
working current of the load. And the parallel arc fault in the
three-phase motor load circuit is more difficult to detect
than those in the frequency converter load circuit under
the same experimental conditions. So, it is necessary to
use an appropriate fault feature enhancement method to
solve the problem of the fault features submerged in the
normal circuit current.

2) A feature enhancement method based on AEWT and
the energy transformation and reconstruction of modal
components was proposed. It can obviously enhance the
parallel arc fault features of the current signal, and provide
an effective means to simplify the fault feature extraction
and improve the detection accuracy of the weak arc fault.

3) A fault feature extraction method based on two-stage NMF
dimension reduction combined with RATM was proposed.
It can effectively extract the fault features from the fea-
ture enhancement signals, and the number of features
is independent of the number of signal decomposition
layers. Combined with an LSSVM identification model,
the detection accuracy of the parallel arc fault with the
current-limiting resistor lower than 400 Ω in the three-
phase motor and frequency converter circuit is higher
than 95%. It can provide reference for the development
of industrial arc fault circuit breakers.

The development of the parallel arc fault detection and pro-
tection device has not been carried out in this article, but the
proposed detection algorithm of the parallel arc fault based
on AEWT, NMF, and LSSVM can be implemented on the
hardware platform of Raspberry Pi. Although Raspberry Pi is
more expensive than DSP and other microprocessors, and it will
increase the cost of the detection and protection device. In view
of the fact that the parallel arc fault is an important risk factor for
the equipment damage, electrical fire and other safety accidents,
it is still necessary to develop the detection and protection device
based on Raspberry Pi. Therefore, the next work will focus
on the development of the detection and protection device by
deploying the proposed method to a Raspberry Pi. It will provide
an effective protection method for preventing electrical fires and
other safety accidents caused by the parallel arc fault.
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