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Based on Multi-Feature Fusion

Quanyi Gong, Ke Peng, Wei Wang *, Bingyin Xu, Xinhui Zhang and Yu Chen

School of Electronic Engineering, Shandong University of Technology, Zibo, China

With the increase of various loads connected to the low-voltage distribution system, the
difficulty of identifying low-voltage series fault arcs has greatly increased, which seriously
threatens the electricity safety. Aiming at such problems, a neural network algorithm based
on multi-feature fusion is proposed. The fault current has the characteristics of
randomness, high frequency noise, and singularity. A GA-BP neural network model is
built, and the wavelet analysis method (based on singularity), Fourier transform method
(based on high frequency noise), current cycle difference method (based on randomness),
and current cycle similarity derivation method (based on randomness) are used for feature
extraction and can more comprehensively reflect the characteristics of arc faults.
Simulation results show that the multi-feature fusion algorithm has a higher recognition
rate than other algorithms. Moreover, compared with the support vector machine model,
logistic regression model, and AlexNet model, the GA-BP neural network model has a
higher recognition accuracy than the other three models, which can reach 99%.

Keywords: low-voltage series arc, neural networks, fault identification, multi-feature fusion, arc fault characteristics

INTRODUCTION

According to the statistics of the Fire Department of the Ministry of Public Security, the proportion
of electrical fires in the United States in recent years is about 30% and is showing an upward trend.
The number of electrical fires has ranked first among all types of fires (USFA, 2018). The fault arc is
an important cause of electrical fire. The arc can be drawn when the current exceeds 0.5 A under
220V AC. The temperature of the fault point can reach several thousand degree Celsius if it is not
handled in a timely and accurate manner, which will seriously affect the safety of electricity use. In
civil occasions after the electric meter, under normal circumstances, when parallel arc faults and
grounding arc faults occur, traditional low-voltage protection devices are easy to detect and
disconnect the circuit to protect it. However, Yu et al. (2021) discovered a series arc faults
caused by poor contact and insulation failure, and the circuit current decreases when a fault
occurs. This causes traditional protection devices such as circuit breakers and fuses to reject trips.
Therefore, in order to ensure the safety of electricity consumption in civil occasions, effectively
solving the low-voltage series fault arc has become a problem and has been widely concerned and
studied by scholars at home and abroad.

At present, the detection methods for low-voltage AC arcs are mainly divided into two categories:
1) analyze the current signal according to the change law of the line current and voltage signal when
an arc fault occurs and propose a corresponding identification method (Parise et al., 2013; Soheili
et al,, 2016; Wang et al.,, 2017; Shekhar et al.,, 2018); 2) under the premise of knowing the specific
location where the fault arc may occur in advance, use the arc’s arc light, arc sound, electromagnetic
radiation, temperature, and other physical characteristics to detect the arc. These methods have great
limitations in detecting arc faults. It is generally used to detect arcs in specific switch cabinets (Li
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et al,, 2020; Dong et al., 2021). At present, the most widely used
method is to use the current waveform characteristics to analyze
the arc fault. Zhang et al. (2016) summarize some characteristics
of fault arc current, such as current peak characteristics and
continuous multiple cycles of current signal loss, strict
periodicity, and other characteristics (Abdullah et al,, 2018)
and use the irregular characteristics to detect the fault arc.
Although the detection method has strong real-time
performance, it is difficult to determine the public threshold at
the same time. The Fourier transform on the current signal for
frequency domain analysis is performed, and the characteristic
components are extracted (Artale et al., 2017; Guo et al., 2020).
The disadvantage of this method is that the detection method has
poor real-time performance and a large amount of calculation.
The algorithms used in (Lu et al., 2017; Tan, 2017; Bai and Xu,
2020) are all established on the basis of the wavelet transform.
The wavelet transform is a localized analysis method for time and
frequency, which is prone to spectrum aliasing. An artificial
neural network, machine learning, and other methods to
detect the fault arc in combination with the characteristics of
fault arc current are used, but it needs a lot of training and
screening data to ensure the accuracy of the algorithm (Caldron-
Mendoza et al., 2019; Jiang et al., 2019; Lu et al., 2020).
Therefore, a single threshold standard is difficult to meet the
detection requirements. In response to the above problems, this
article proposes a multi-feature fusion detection method. The
major contributions of the article are summarized as follows:

1) An arc fault characteristic analysis method based on multi-
feature fusion is proposed. When an arc occurs, the line
current has the characteristics of abrupt randomness,
increased high-frequency components, and singularity.
Aiming at the above characteristics, use of the methods of
Fourier transform (reflecting high-frequency characteristics),
wavelet analysis (reflecting singularity), current cycle-to-cycle
difference, and derivation of cycle-to-cycle similarity
(reflecting randomness) for fusion of multiple feature
vectors can more comprehensively reflect the fault
characteristics. Compared with the algorithm established by
a single characteristic, it has stronger universality and is
suitable for a variety of load types.

2) A neural network algorithm for multi-feature fusion is
proposed. Aligning the characteristic values of arcs
extracted by the four methods to realize multi-feature
fusion can make up for the shortcomings between each
method. Compared with the method of directly applying
multiple criteria to the four methods, the neural network
algorithm has stronger adaptability. For situations that are not
satisfied with the four methods, it can spontaneously search
for feature information from multi-feature fusion vectors and
feature tags to achieve accurate recognition. The test results
show that the multi-feature fusion algorithm has a higher
detection accuracy than a single algorithm.

3) The GA-BP neural network model is established, and the
training data of the model are established on the basis of the
arc characteristic values extracted by the four methods. Before
the data are input to the neural network, the arc characteristic
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FIGURE 1 | AC series fault arc test circuit.

information is effectively amplified, which greatly reduces the
workload of the neural network to extract the characteristic
information; therefore, the model training process is simple.

4) Compared with the support vector machine, logistic
regression model, and AlexNet model, as far as the
algorithm in this article is concerned, the GA-BP model
has better detection performance in terms of detection
accuracy and training timeliness.

The remainder of this article is organized as follows: in
Section 2, we collect low-voltage AC series current data and
analyze fault characteristics. Section 3 introduces the extraction
method of each arc characteristic value and comparison of the
test results of different loads. In Section 4, we build and train a
neural network detection model and propos an arc fault
detection algorithm. In Section 5, we perform simulation
verification on the constructed neural network model and
compare it with other methods. Finally, conclusions are
summarized in Section 6.

DATA COLLECTION AND WAVEFORM
ANALYSIS

Data Collection

The national standard GB/14287.4 stipulates that the fault arc
detector is aimed at the voltage level of China’s civil use and
applications where the rated voltage is 220 V (AC 50 Hz) and the
maximum power level is 10 kW. According to the GB/14287.4
standard, to build a series fault arc experimental circuits as shown
in Figure 1, it consists of AC power supply, a switch, aload, an arc
generator, and a data acquisition device. The arc generator used
includes a stationary carbon electrode with a diameter of 6.4 mm
and a copper moving electrode.

Current Waveform Characteristic Analysis

First, we perform average filtering on the collected current signal,
the principle of filtering is to take the average of every few points
in a section of the waveform, and replace it with the average.
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FIGURE 2 | Voltage and line current waveforms at both ends of the
AC arc.

Essentially, a digital filter to reduce interference and noise, the
filtered current frequency is 5 kHz.

From the analysis of Figure 2, during t,~f,, the voltage u),
applied to the arc at ¢; drops to 0, the current I also drops to 0, and
the arc is extinguished. The voltage across the arc gap will
continue to increase in accordance with the sine law. Since the
arc gap resistance Ry, is very large when the arc gap is not broken
down, u;, can be approximately regarded as the power supply
voltage u at this time, and I will be basically 0 and will be
maintained, showing a “zero rest” phenomenon. In an AC
circuit, when a series fault arc occurs, the line current is very
close to 0 during the continuous time of the natural zero-
crossing point. When an arc fault occurs, the line current
has the characteristics of singularity. uj, changes according to
the law of sine, and its amplitude keeps increasing until when u;,
reaches the arc voltage U, at time t,, the arc gap is broken down
and the arc reignites, at which time Ry, will decrease rapidly.
Since Ry, is basically negligible relative to the load impedance Z
at this time, #, will rapidly increase from 0 to U,/Z, it is
manifested as a sudden current phenomenon when a series
fault arc occurs.

It can also be seen from Figure 2 that the value of U, in
different power frequency half-cycles is not exactly the same. The
main reason is that when a series fault arc occurs, the arc
combustion is often accompanied by the partial volatilization
of the electrode, resulting in dynamic changes in the arc gap
spacing, the composition of the surrounding gas, and the degree
of arc cooling. Each time a series arc fault occurs, the arcing
voltage U, cannot be exactly the same, resulting in certain
randomness of the line current I in the adjacent half-power
frequency cycle whether it is the effective value or the time of
current sudden change. Moreover, due to the ionization discharge
process during arcing, the current contains high-frequency noise
in the high-frequency range. In summary, when a low-voltage AC
series arc fault occurs on the line, the current has the
characteristics of singularity, high-frequency noise, and
randomness.

When a resistive load has a fault arc, the “zero rest”
phenomenon is obvious. When the current increases from 0,
there will be a sudden change, and it will naturally decrease to 0
according to the sinusoidal law. When an arc fault occurs in an
inductive load, the current “zero rest” phenomenon is not
obvious, and it basically changes according to the sine law.
When a capacitive load has an arc fault, a pulse current will
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be generated, and there will be a sudden change in the line
current, which basically changes according to the sinusoidal law.
When an arc fault occurs in a resistive inductive load, the “zero
rest” phenomenon is obvious, there is a pulse current, and it
basically changes according to the sinusoidal law. When a fault
arc occurs in a nonlinear load, there may also be a “zero rest”
phenomenon during normal operation. The “zero rest” time is
relatively shorter than that when a fault occurs. The current
waveform has no normal laws at all, and it is prone to missing
waveforms and positive and negative waveforms. In the case of
semi-axis asymmetry, multiple pulse currents may occur in the
power frequency half-cycle, the number of pulse currents is not
fixed, and there is a sudden change in the line current. It is
classified as linear and nonlinear, which can comprehensively
cover all load types.

Figure 3 shows the current waveforms of a typical load
vacuum cleaner and a computer, representing linear and
nonlinear load. The first five cycles are the normal operating
current, and the last five cycles are the fault arc current.

From Figure 3, it can be observed that the arc current of the
vacuum cleaner has a “zero rest” phenomenon almost every time
before the zero- crossing point, that is, “flat shoulders”, the
current is basically reduced to 0 according to the sine law, and
there is a sudden change. However, for computers, there are “zero
rest” features during normal work, it is prone to missing
waveforms and asymmetry of positive and negative semi-axes,
and the current waveform has no sine law at all. It is difficult to
satisfy multiple load types such as linear load and nonlinear load
at the same time by using a detection method established by the
single characteristic of the current when an arc occurs. In order to

Current/A
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Timels

Vacuum cleaner current waveform

Current/A

15 . . .
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FIGURE 3| Typical load normal and fault current waveform. (A) Vacuum
cleaner current waveform. (B) Computer current waveform.
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FIGURE 4 | Curve graph of correlation coefficient r after Pearson
transformation. (A) Heater 800 W. (B) Microwave oven + resistance.
(C) Computer.

improve the universality of the algorithm, a multi-characteristic
algorithm based on the singularity of current, high-frequency
noise, and randomness is proposed.

ARC FEATURE EXTRACTION

Feature Analysis Based on Correlation

Coefficient

When the electrical appliance is working normally, the line
current has strong stability; when a fault arc occurs, it will be
affected by the arc voltage, and a random characteristic will
appear in the current signal. This characteristic is a variable
that depends on many factors, such as gap width, the electrode
material, the type of discharge medium, temperature, humidity of
the environment, etc. Algorithms established on the basis of
randomness can be carried out from two aspects of current
cycle similarity and cycle-to-cycle difference.

Digital Arc Fault Detection

A method of derivation of similarity between current cycles
based on randomness is proposed. First, the collected current
signal is high-pass-filtered to eliminate the influence of the stable
signal, highlighting the high-frequency random characteristics. A
notch filter centered on zero frequency is proposed, and its
transfer function is as follows:

(1-2")

B = ey

1)

The filter is a high-pass filter; the higher the frequency, the
weaker the signal attenuation, where a is set to 0.77; after passing
through the filter, the DC component is completely filtered out,
and the fundamental frequency is greatly suppressed. Then, we
perform Pearson transformation under a sliding window on the
filtered current signal; the sliding step is the distance of a
sampling point. In order to adapt to the calculation of the
sliding window, the Pearson calculation formula under the
mean value is adopted (Hine and Wetherill, 1975):

ri(n) = 2 Tkn @)

2
xi *Xk-n

where x; is the sampled current of the load, and the r value is
calculated on it; the result is shown in Figure 4.

Through the calculation of r for a variety of loads, if  is directly
used as the detection standard, it does not meet all load types. By
observing the graph of the correlation coefficient 7, under the
normal working state of the load, no matter what the value of r, it
is in a relatively stable state, and there is no major change in the

A

25 . - . . . . -
[
=20t 1
@
>
215t 1
©
2
5 10T b
el
B s5¢ l 1
=

0 L st ol AA,JLAMJL“AM Nann .

0 0.1 0.2 0.3 0.4
Time/s
Heater 800W
B
S 150 1 1
[
>
[
2 100 ¢ 1
[
2
@
2 501 i
4
- M M
0 PRSIV WO | ¥ Ny, sl L
0 0.1 0.2 0.3 0.4
Timels
Microwave + Computer
FIGURE 5 | First derivative of the correlation coefficient r for different
loads. (A) Heater 800 W. (B) Microwave + computer.
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FIGURE 6 | Spectrum diagram under Fourier transform.

value, but in the event of a fault arc, there is a large rate of change
between the correlation coefficients. Therefore, the rate of change
between correlation coefficients (first derivative) can be used as
the detection standard. When the load is working normally, r is in
the stable stage, the first derivative value approaches 0, and the
fault stage is variable. The extraction process of the first derivative
is as follows:

fw=fo+ 70 L0

+...+o(t"). 3)

First, we perform Taylor expansion at 0, o (¢") is the Peano
remainder, and # is an integer. Because the first derivative is
calculated, n is 3; then, we perform Laplace transform and
derivation, and finally, after the inverse Laplace transform, we
can get (Lezama et al., 2015; Tisserand et al., 2015)

a= 24 J;E(t—r)z —57(t-1) +Tzlf(r)dz. (4)

ot
We discretize Eq. 4; t is the time scale of the integration
window, and 7 is the real-time sampling point. We perform
derivative calculations under the trapezoidal integral idea, where
the sliding window size takes the distance of 10 sampling points,
and finally get
rloa(lo)

+1ra(2)+r;a(3)+ - +roa(9) + — (5)

D= ria(l)

We use Eq. 5 to calculate the first derivative of the correlation
coefficient r, and the calculation result is given as an absolute
value. The result is shown in Figure 5.

It can be seen from Figure 5 that there is a big difference
between the first-derivative value of the correlation coefficient
when the load is running normally and when a fault occurs, it can
effectively judge the fault arc and can be used as the characteristic
quantity of the arc. The d; value is taken as the arc characteristic

quantity.

Feature Extraction Based on Fourier

Transform

When a series arc fault occurs, because the current contains
high-frequency noise, we perform Fourier transform on the
signal, extract high-frequency signals, and perform fault
analysis. In order to improve the accuracy of the
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transformation of nonlinear loads, the fast Fourier transform
(FFT) is selected here.
The FFT is defined as

[ee)

x(t)e7dt. (6)

—00

X(6) :J

In Eq. 6, the continuous frequency spectrum of the signal x(t)
is calculated. It can be obtained in the actual control system as the
discrete sample value x (nT) of the continuous signal x(f).
Therefore, it is necessary to use the discrete x (nT) to calculate
the frequency spectrum of the signal x(f)

N-1

X(g) =) x(mwg

n=0

(g=01,--N-1LWy=e¥). (7)

In Eq. 7, j is the imaginary part of the complex number. We
perform FFT on the collected current signal, and the result is
shown in Figure 6.

From Figure 6, when a series arc fault occurs, the high-
frequency component in the line current waveform is
significantly higher than the high-frequency component during
normal operation. The area of amplitude integration when a fault
occurs has a greater change than that during normal operation.
The FFT can be performed on each half-cycle of the current, and
the frequency band above 100 HZ is extracted. The converted
amplitude is numerically integrated as the arc characteristic
quantity d,.

Feature Extraction Based on Wavelet

Transform

The wavelet analysis method is suitable for singularity detection.
Compared with the Fourier transform method, the wavelet
analysis method solves the shortcomings of the Fourier
transform window size that does not vary with the frequency
and can provide an adaptive “time-frequency” window that
changes with frequency. Different shapes of window functions
(wavelet basis functions) can be used to analyze and process
signals to achieve higher frequency resolution at low frequencies
and higher time resolution at high frequencies (Huang and Zeng,
2021).

The wavelet basis function is defined as

1]® t—h
wron =l e

oL (t=h
(Pc,h()_‘ﬁ‘q’ ¢

Among them, ¢(f) is the basis wavelet or mother wavelet
function, and after the scale factor ¢ and the translation factor h
are transformed, ¢, ;(t) is collectively called the wavelet.

Discrete cases

®)

Pym (t) = 2’§¢(2%q - m) qmelZ. 9)

A discrete wavelet transform (DWT) is used to decompose the
original time-domain waveform signal to obtain the approximate
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FIGURE 7 | Wavelet transform detail components.

(low frequency) component and the detailed (high frequency)
component of the original signal. Wavelet decomposition means
that the low-frequency components of the original signal after
DWT transformation are then DWT-transformed, and the
number of cycles is determined by the number of
decomposition layers. We perform wavelet transform on the
collected current data; in order to more easily analyze the
wavelet coefficients of each layer between different loads after
the wavelet transform, it is necessary to normalize the collected
current data before the wavelet transform. Although this
changes the value of the wavelet coefficients of each layer
under the original current signal, it does not change the
detailed information, which is helpful for comparative
analysis among multiple loads, and it is easy to find the
classification threshold. Then, we use the DB4 wavelet base
to perform four-layer decomposition and reconstruction, as
shown in Figure 7.

Before and after the fault, the first-layer coefficient changes
significantly and can be clearly observed, which can be used as the
arc characteristic quantity, and the maximum value of the
absolute value of the first-layer coefficient is taken as the arc
characteristic quantity dj.

Feature Extraction Based on Current Cycle

Difference

The current cycle difference method is also proposed on the basis
of randomness, and the line current and its distortion point have
a stable period. After the arc occurs, the line current waveform
changes from the normal situation, a strong randomness is
superimposed on the periodic basis, and the corresponding
position and amplitude of the distortion will also show a
certain degree of randomness. Therefore, by obtaining the
default threshold of the waveform difference signal of adjacent
periods, the influence of noise is eliminated by the wavelet
denoising method of the zero-setting strategy, the denoised
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N
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FIGURE 8 | Results of the difference method between current cycles.
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signal is divided by the average value of the original absolute
value of the current period, and the influence of the stable period
signal is weakened.
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TABLE 1 | Statistics of arc fault detection results (d).

Load type Detection of 100 half-periods (normal/fault)
Heater 800 W (50/49)
Microwave oven (50/0)
Computer (50/43)
Hair dryer (47/42)
Electric fan (49/45)
Computer + M/W oven (50/41)
Fan + electric kettle (48/38)

First, the current signal is subtracted from adjacent periods to
obtain the waveform difference signal (9)

L (8) = L (¢ + KT) + e (2), (10)
Li(t) = L(t+kT) - A(t) + exc () . (11)

In Eqs 10, 11, I};(¢) and I(t) are the instantaneous current
values of the k cycle when the electrical appliance is working
normally and the arc occurs, e(f) is the noise signal, and A(#)
represents the random characteristic of the arc current. If the
adjacent period is subtracted, the normal signal becomes

Al () = ejpe1 — e (t) . (12)
The arc current signal becomes
ALy (t) = I (1) (Agsr () — Ak (8)) + expr — exx (B). (13)

It can be seen that after the adjacent periods are subtracted,
the normal current signal only has the noise signal, and the arc
current signal has another item besides the noise signal. This
signal is related to the stable periodic signal of the normal
current on one hand, and on the other hand, it is related to the
random characteristics of the arc. Then, the waveform
difference signal is denoised by wavelet threshold, and
then, the denoised signal is normalized. Next, the
maximum value of each cycle is extracted as the arc
characteristic quantity, and the common threshold is
obtained according to the data analysis result. Finally, we
count the number of arc characteristic quantities greater than
the reference value for the specified time to determine the
occurrence of the arc.

The calculation result is shown in Figure 8.

From Figure 8, the calculation result of the current cycle
difference method changes greatly before and after the fault,
which can effectively distinguish the fault state and can be used as
the arc characteristic quantity d,.

Comparison of Four-Arc Feature Detection
Effects

We respectively adopt the method of derivation of similarity
between current cycles and the difference between current
cycles, the wavelet analysis, and Fourier transform to
simulate and verify vacuum cleaners, electric heaters, and
resistance + microwave oven loads. The 10 current cycles
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FIGURE 10 | Fourier transform method detection effect. (A) Comparison
of three load d, values. (B) Classification results of wavelet analysis.

TABLE 2 | Statistics of arc fault detection results (dy).

Load type Detection of 100 half-periods (normal/fault)
Heater 800 W (50/0)
Microwave oven (50/50)
Computer (50/50)
Hair dryer (0/50)
Electric fan (0/46)
Computer + M/W oven (50/40)
Fan + electric kettle (50/0)

before 0.2s are in the normal working state, and the last 10
cycles are in the fault arc state. The identification effect of the
similarity derivation method between current cycles is shown in
Figure 9.

The values 1, 0.9, and 0.8 are taken to represent the
classification results of the arc half-cycle of the three loads of
the vacuum cleaner, electric heater, and resistance + microwave
oven, respectively. In addition, 0, 0.1, and 0.2 are taken to
represent the classification results of the non-arc half-cycle of
the three loads of the vacuum cleaner, electric heater, and
resistance + microwave oven, respectively. From Figure 9, all
three load types can perform arc fault judgment under the
condition of a threshold of 1. For the 20 half-cycles of arc
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TABLE 3 | Statistics of arc fault detection results (ds). Computer + M/W oven (44/46)
Fan + electric kettle (50/0)

Load type Detection of 100 half-periods (normal/fault)
Heater 800 W (50/26)
Microwave oven (50/33)
Computer (47/18)
Hair dryer (50/36)
Electric fan (49/14)
Computer + M/W oven (50/6)
Fan + electric kettle (48/21)

faults, the microwave oven + resistance has the best detection
effect, only one arc half cycle is misjudged, and the worst
detection effect is the vacuum cleaner load, which misjudges
four-arc half-cycles. However, all three load types have identified
14 or more arc half-cycles within 0.2, which fully meets the
requirements of GB/14287.4.

A total of 100 groups of current half-cycle data are collected for
the other seven load types, including 50 groups for normal and 50

groups for the fault. We perform fault detection, and the results
are shown in Table 1.

From Table 1, this method cannot effectively detect arc faults
in microwave ovens.

Using the Fourier transform method, the threshold value of
the arc characteristic quantity d, is set to 0.18, and the detection
effect is shown in Figure 10.

From Figure 10, when a fault arc occurs, the integral value
after Fourier transform has a greater change than when there is no
fault arc. However, finding a common threshold that satisfies a
variety of load types is difficult. Under a threshold of 0.15, only
the vacuum cleaner and the microwave oven + resistance can
accurately identify the fault, and the electric heater is completely
misjudged. For the Fourier transform method, if we want to
accurately identify the existence of a fault arc, then we need to
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FIGURE 13 | General model of the BP neuron.

train a classification model to classify the load before judgment,
which results in a large amount of algorithm calculations.

The detection effect of this method on the other seven kinds of
loads is shown in Table 2.

The Fourier transform method has a high detection accuracy
for the load type that meets the threshold and has less
misjudgment of the arc half-cycle, but it is limited by the load
type and has poor universality.

The wavelet analysis method is used to calculate the arc
characteristic quantity d; of the sampled current; the threshold
is set to 0.01, and the recognition effect is shown in Figure 11.

From Figure 11, in the 20 half-cycles of the arc fault, the wavelet
analysis method can effectively identify the number of arc half-cycles
of the vacuum cleaner, electric heater, and resistance + microwave
oven as 2, 8, 8, and 8, respectively. There are many misjudgments,
poor detection timeliness, and failure to quickly remove faults.

The detection effect of this method on the other seven kinds of
loads is shown in Table 3.

The wavelet analysis method has strong universality, but the
detection accuracy of the arc half-cycle is low, resulting in poor
timeliness of the algorithm.

The current cycle difference method extracts the arc
characteristic quantity according to the method of subtracting
adjacent cycles, wavelet threshold denoising, and dividing the
denoised signal by the average value of the absolute value of the
original current cycle dy; the threshold is 0.6, and the recognition
effect is shown in Figure 12.

Digital Arc Fault Detection

The current cycle difference method effectively recognizes that
the number of 10 arc cycles is 8, 6, and 9, respectively, for the
three loads of the vacuum cleaner, electric heater, and resistance +
microwave oven, which are 16, 12, and 18 when converted to arc
half-cycles.

The detection effect of this method on the other seven kinds of
loads is shown in Table 4.

The method cannot effectively detect arc faults in the Fan +
Electric kettle and Electric fan in Table 4.

Through the comparative analysis of the four methods, on the
basis of randomness, two methods based on similarity and
difference are selected, which have the characteristics of strong
timeliness and a high accuracy. However, in practical
applications, it will be affected by the complex and changeable
environment, which will cause greater interference to the input
signal, and the algorithm constructed by using randomness is
greatly affected by interference. Therefore, using two random-
based methods at the same time can effectively enhance the anti-
interference of the fusion algorithm and ensure the high
timeliness and recognition rate of the algorithm. The
singularity-based wavelet algorithm has poor accuracy but has
strong generalization ability, which can improve the
generalization ability of the fusion algorithm for multiple load
types. The Fourier transform method based on high-frequency
characteristics has a high accuracy but poor generalization ability.
The accuracy of the algorithm is improved. Therefore, a multi-
feature fusion method is proposed on this basis, and the input
feature vector covers the three characteristics of the arc fault
current signal.

In summary, the multi-feature fusion algorithm proposed in
this article has the following characteristics:

1) The proposed algorithm is established on the basis of
randomness, singularity, and high-frequency characteristics
and can more comprehensively reflect the three fault
characteristics of the fault arc current.

2) There is no redundancy between the arc feature values
corresponding to the three features, and the algorithm
corresponding to each feature is used to improve the
timeliness, versatility, and accuracy of the fusion algorithm.

] 16 32 16

dl

. I

—>
d}
Output
N
Hidden
Input layer
FIGURE 14 | Basic framework of the multi-feature.
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TABLE 5 | Types of loads in the experiment.

Load type Load name

Heater 800 W

Vacuum cleaner

Microwave oven

Computer

Hair dryer

Electric fan

Computer + microwave oven
Electric fan + electric kettle

Linear load

Nonlinear load
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FIGURE 16 | GA-BP algorithm flow chart.

NEURAL NETWORK AND DETECTION
ALGORITHM

GA-BP Neural Network

From the BP network, a large number of mapping relationships
between input and output modes are learned and stored, and
there is no need to reveal the mathematical equations describing
this mapping relationship in advance. Its learning rule is the
gradient descent method, which continuously adjusts the weights
and thresholds of the network through backpropagation to
minimize the sum of squared errors of the network. The BP
neural network has three layers: input layer, hidden layer, and
output layer. The traditional BP neural network algorithm is easy
to fall into the local minimization problem, and the convergence
speed is slow. Therefore, this article adopts the GA-BP neural
network model. The genetic algorithm has the ability to search for
the global optimal solution and has strong robustness. The
algorithm applies the genetic algorithm to the weight and
threshold optimization of the neural network, reduces the
distribution range of the optimal solution, and optimizes and
accurately solves it again through the BP algorithm to avoid the
network falling into a local minimum point so as to accelerate the
convergence, the purpose of reducing the number of training. The
GA-optimized BP neural network flowchart is shown in
Figure 13.
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The Basic Framework of Multi-Feature
Fusion Network Model

We aligned the features extracted by the Fourier transform
method, wavelet analysis method, current cycle difference
method, and current cycle similarity derivation method and

Digital Arc Fault Detection

used the aligned data as the final arc feature array entering a
deep neural network to distinguish between normal and fault
currents. This model uses a fully connected 10-layer neural
network with eight hidden layers with 16, 32, and 16 neurons.
Each neuron connects all neurons through learnable weights. The
product of the input signal and the weight is the output of the
hidden layer. The output layer uses the Sigmoid function as the
activation function for binary classification. The basic framework
of the multi-feature fusion network is shown in Figure 14.

Before substituting the data into the neural network for
training, the collected current data need to be preprocessed as
follows:

1) Select the current data of the same time length as the sampling
current, calculate the four-arc characteristic quantities, and
perform characteristic alignment.

2) Make a one-to-one correspondence between the aligned arc
feature array and the feature label, the normal state is 0 and the
fault state is 1 to avoid confusion.

Through the built test platform, the current signals of the eight
load types mentioned in Table 5 are collected. In MATLAB, first,
preprocess the collected current signal and then use the trained
GA-BP neural network to simulate the collected current signal.
The first detection method proposed in this article is that there is
no need to classify the load during the detection process. The
second is that the neural network model extracts characteristic
information from the four-arc characteristic values, carrying out
simple two-class classification, so the training process is simple.
Compared with the method of relying on the neural network to
extract the arc feature quantity for the two-class classification, the
neural network’s dependence on the original data is greatly
reduced. In order to reflect these two points, all preprocessed
data of different load types are randomly shuffled and mixed, and
500 sets of data are randomly selected, the selection of input
parameters is also random, and there is no need to filter the

TABLE 6 | Statistics of arc fault detection results (GA-BP model).

Load type Identify the time taken for 14 and more arc half-cycles
Heater 800 W 0.15-0.20 s
Vacuum cleaner 0.14-0.18 s
Microwave oven 0.18-0.24 s
Computer 0.14-0.17 s
Hair dryer 0.15-0.19 s
Electric fan 0.14-0.20 s
Computer + M/W oven 0.15-0.19 s
Fan + electric kettle 0.14-0.19s

Number of failures or misjudgments not recognized

e oNoNoNo)

TABLE 7 | Non-training set load detection results.

Load type Identify the time taken for 14 and more arc half-cycles
Induction cooker 0.20-0.28 s
Electric kettle 0.16-0.28 s
Halogen lamp 0.26-0.46 s
Electric fan + computer 0.23-0.32 s
Electric fan + kettle 0.24-0.30 s

Number of failures or misjudgments not recognized

- O ~ O
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original training data, which greatly reduces the workload of the
pretraining period. The 500 sets of data are divided into the data
set at a ratio of 9 to 1, of which 450 sets are randomly selected as
the training and 50 sets as the test, the GA-BP neural network for
training is input, and the same data to train the BP neural network
is chosen. The training process is shown in Figure 15.

It can be concluded from Figure 15 that the performance of
the BP neural network after GA optimization is significantly
better than that before optimization in terms of the mean square
error accuracy and the number of iterations.

The Arc Fault Detection Algorithm

According to GB/14287 4, if 14 or more half-cycle arc faults occur
within 1s, the arcing fault circuit breaker (Arcing Fault Detectors,
AFD) should send out an alarm signal within 30 s and nine or less
half-cycles within 1s when the arc fault occurs, but no alarm is
given. Based on this, the algorithm flow is shown in Figure 16.

TEST VERIFICATION AND ANALYSIS

Test Results and Analysis

The output result of the test set is shown in Figure 17A. When the
output result is greater than 0.5, we take 1 and judge it as a fault
half-cycle; when the output result is less than 0.5, we take 0 and
judge it as a non-fault half-cycle, and we export test set
classification results. The detection results for the mixed data of
eight different load types are shown in Figure 17B, and there is no
misjudgment phenomenon. Therefore, the multi-feature fusion
algorithm proposed in this article greatly improves the detection
accuracy. Therefore, the multi-feature fusion algorithm proposed
in this article can be effectively used for arc fault detection.

To further verify the feasibility of the GA-BP neural network
model, we select typical electrical appliances and their combinations,
with each load combination collecting 30 groups of current data, and
perform simulation verification. The results are shown in Table 6.

The above test results verify the effectiveness of the network, but
the test samples are all training set load types, and to verify the
practicability of the algorithm for unknown loads, in actual
engineering applications, the actual terminal power load is
complex and changeable. Therefore, it is necessary to verify the
detection performance of the non-training set load. For each load
combination, 30 groups of current data are collected, and simulation
verification is performed. The results are shown in Table 7.

The detection timeliness is reduced compared to the non-
training set load, there are many misjudgments of arc half-cycles,
but the judgment of 14 arc half-cycles is still completed within the
aging. Therefore, it also has a higher detection accuracy for the non-
training set load, and the GA-BP neural network model can still
guarantee a high recognition rate. Therefore, the GA-BP neural
network model based on multi-feature fusion can be effectively used
as a low-voltage AC series fault arc detection algorithm.

Method Comparison

The input data of the AlexNet model are composed of 500 groups
of current data after filtering and denoising, including groups of
faults and non-faults, and based on the folder where the data file is

Digital Arc Fault Detection

located, an array is generated (marked as 1 for arc faults and 0 for
no faults) to train the network, and its detection accuracy rate is
76%. However, the training data are expanded to 10,000 groups
(Zhu et al., 2021), and the detection accuracy can reach 99%. There
is a high detection accuracy, but the initial workload is huge and
10,000 sets of training data cannot guarantee the
comprehensiveness of the data. If the test data are a load that is
not in the training set, guaranteeing the recognition accuracy is
difficult. Therefore, this method requires huge data support to
ensure the training accuracy of the network and the
comprehensiveness of the data. Substituting 500 sets of feature-
aligned data used to train and test the GA-BP model into the
support vector machine and logistic regression model, 450 sets of
training data and 50 sets of test data are consistent with the GA-BP
model. The support vector machine model is similar to a three-
layer feedforward neural network. Its kernel function uses the
Gauss™ kernel function RBF. After the support vector machine
model training, its accuracy rate is 94%. The linear regression
model uses the glmfit function to perform logistic regression with
an accuracy rate of 90%. However, in Figure 17, the recognition
rate of the 50 sets of test data in the constructed GA-BP network
model can reach 100%.

Through the extraction of arc characteristic quantities in the
early stage of the algorithm, the process of spontaneously
extracting arc characteristic information like the AlexNet
network model is avoided. Only the preprocessed arc
characteristic array is required to extract the characteristics,
which greatly reduces the GA-BP network model’s large batch
of data dependence. The training process is a simple two-
classification process, and the four methods of extracting arc
characteristic quantities are complementary. Even if the test load
is aload type that is not in the training set, as long as one of the arc
characteristic quantities is satisfied, the algorithm can guarantee
accuracy. Even if the four-arc characteristic values cannot
effectively identify the arc fault, the neural network can also
find characteristic information from the arc characteristic vector
formed by the four-arc characteristic values and the characteristic
label. If we directly make a decision on the test results of the four
methods, the evaluation results of load types that are not satisfied
with the four methods have greater rigidity. The GA-BP neural
network model has strong adaptability and can spontaneously
search for characteristic information from the four-arc
characteristic quantities. Although the more comprehensive the
training set data, the higher the detection accuracy, in practical
applications, it is not possible to incorporate all load types into the
training set. For various impacts (environmental changes, noise, non-
training set load types, etc.) and situations and the data generated, due
to the self-adaptability of the GA-BP neural network model, it is more
suitable as an arc fault detection algorithm.

CONCLUSION

Aiming at the problem of strong concealment of low-voltage AC
series arc faults, which seriously threatens the safety of electricity
use in civil occasions, we propose a neural network algorithm
based on multi-feature fusion; extract the arc characteristic
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quantity by the wavelet analysis method, Fourier transform
method, current cycle difference method, and current cycle
similarity derivation method; establish a GA-BP neural
network model for training; and use the trained GA-BP neural
network model for arc fault identification. The effectiveness of the
method is verified by simulation by MATLAB, and the
conclusions of this article are as follows:

1) The multi-feature fusion algorithm has a higher recognition
rate than other single algorithms, and the GA-BP neural
network model is integrated, which makes the algorithm
judgment have a certain degree of adaptability. It has a
better recognition effect for the non-training set load, and
it also has a good detection effect for the non-training set load.
Compared with the support vector machine, logistic
regression model, and AlexNet neural network, the results
show that the GA-BP neural network model based on multi-
feature fusion has a higher recognition rate for the test set load
than the other three molds, which can reach 100%.

The training process of GA-BP is the neural network that
extracts characteristic information from the four-arc
characteristic values, carrying out simple two-class
classification, so the training process is simple.
Compared with the method of relying on the neural
network to extract the arc feature quantity for the two-
class classification, the neural network’s dependence on the
original data is greatly reduced. The algorithm in this article
is a good combination of traditional algorithms and neural
networks and provides analysis ideas for the identification

2

~
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