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Series arc fault detection can improve the safety of low-voltage power systems. Te existing arc fault detection is mainly based on
various indicators of a frequency domain or time-frequency domain transformation for feature extraction, which is difcult to
extract comprehensive arc information, resulting in low detection accuracy. Tis paper presents a method for extracting
comprehensive information, combined with a convolutional neural network to detect arc faults. First, the arc fault experimental
platform is developed according to the UL1699 standard, and the current signals of various loads under diferent operating
conditions are collected. Ten, the current of a single cycle is embedded by coordinate delay, and the distance matrix is calculated
by using 50 vectors reconstructed by a single cycle. Finally, a convolutional neural network classifcation model is designed, which
is used to mine the information in the distance matrix to detect series arc faults. Te experimental results show that the average
accuracy of the method for arc fault identifcation of various loads is 99.00% and that the sampling frequency is low. It is suitable
for lines with diferent loads and has certain robustness, so this method has the potential to be implemented on hardware.

1. Introduction

With the continuous improvement in the electrifcation of
residential electricity in recent years, the incidence of
electrical fres has risen sharply. Tere are many causes of
electrical fres, among which the arc fault of low-voltage lines
is one of the main causes of electrical fres [1]. Te series
faulty arc can generate high temperatures at very small
currents, so traditional electrical fault protection devices
may not work in this situation. Terefore, it is necessary to
fnd a series arc fault classifcation method with high ac-
curacy to issue an alarm when an arc fault occurs, in order to
ensure the safety of electricity consumption.

Waveforms of the arc current tend to be random, and
waveforms produced by some special loads during normal

operation are similar to those of faulty arc current in other
loads, which increase the difculty of arc fault detection in
various series loads. In order to solve the above problems,
the frst step of the traditional arc detection method usually
involves extracting features and then analyzing those fea-
tures with a classifer, but it appears that the following
difculties arise in the process of extracting features: During
feature extraction, time-domain metrics have the charac-
teristics of being easy to extract, but they have low stability
and are susceptible to extreme values. When extracting the
frequency domain information of current signals, the fre-
quency-domain transform or time-frequency domain
transform should be used, among which frequency-domain
transformation mainly includes the Fourier transform [2],
CZT (chirp-Z-transform) [3], and the commonly used
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methods of time-frequency domain transformation are
wavelet transform [4, 5], and Hilbert yellow transform [6].
However, the frequency-domain and time-frequency do-
main transformations are computationally intensive and
hard to operate with hardware [7]. In order to solve the
problems encountered in feature extraction, it is preferred
that the one-dimensional signal be converted into image
information as a new object for research.

In the earlier research, some arc fault detection
methods have been proposed that convert one-dimen-
sional signals into graphics as research objects.Te authors
in [8] have realized unsupervised online detection of arc
faults by reconstructing phase space of the current series
with a window width of two cycles and extracting the
geometric features and attribute characteristics of the
image with the fault detection method of PCA.Te authors
in [9] have used a grayscale symbiotic matrix to extract
twenty-one eigenvalues from the recursive graph and
adopted regularized linear discriminant analysis to detect
arc faults. However, information about the image may
appear anywhere in the diagram, and these methods only
select some eigenvalues that describe the image and do not
analyze the image globally. Te authors in [10] have
extracted the characteristic grayscale images of arcs and
proposed a time domain visual recognition method based
on the multilayer convolutional neural network (CNN),
with an accuracy of 97.7%. However, the sampling fre-
quency used in this method is 1MHz, and to obtain the
grayscale plot of each half-cycle wave, ten thousand values
are required, which are too large to deal.

In order to preserve all the information about the
image and reduce the amount of computation simulta-
neously, this paper adopts phase space technology to re-
duce the dimensions of the arc current for decreasing the
size of the feature matrix. Phase space reconstruction
technology has the advantages of strong noise immunity
and being good at dealing with nonlinear data. In order to
fully collect the potential information on the image, the
CNN is introduced into the series arc fault detection
method. Te convolutional layer of the CNN can simul-
taneously identify connections between each class of
feature, and good performance is achieved by utilizing
features extracted from the input image, which presents
strong self-learning capabilities [11].

Terefore, in this paper, a combination of phase space
reconstruction technology and CNN is applied to series arc
fault detection research. First, series arc fault signals and
normal working signals under ten typical loads with ffteen
types of power are collected by the experimental platform.
Ten, the delay time and embedding dimensions are ob-
tained by the average mutual information method and the
false proximity point method, and the coordinate delay
embedding of each cycle signal of data collected by the
experimental platform is obtained; the set of features is
constructed. Finally, an ideal CNN model is designed, and
the convolution operation of the arc fault of the typical load
and the distance matrix image of the normal state extracts
potential features from the distance matrix to realize the
series arc fault detection of multiple loads.

2. Experimental Device and Data Acquisition

In this section, a series faulty arc generation and acquisition
device is designed according to the standard UL1699-
2008AFCI [12]. Te series arc test platform is mainly
composed of an air switch, arc generation device of point
contact, voltage and current transformer, data acquisition
card, and diferent loads, and the device and the circuit
diagram are shown in Figures 1 and 2, respectively. Te arc
fault generation device consists of a copper rod and static
contact carbon rod, and at the beginning of the experiment,
two electrodes are in contact with each other and then close
the circuit. Te distance between the two electrodes is then
adjusted by a knob, and when the two electrodes are sep-
arated to a certain length, an arc spark is generated. Te
sampling frequency is set at 10 kHz.

Experimental loads can be divided into two categories:
linear and nonlinear loads. A linear load includes a hair
dryer with hot air, kettle, and induction cooker. A nonlinear
load contains an air conditioner, fuorescent lamps with
diferent powers (10W, 20W, 45W, 55W, 65W, and 75W),
refrigerator, vacuum cleaner, dimmer, computer, and hair
dryer with cold air. Tese loads cover the resistance, sen-
sibility, and capacitive loads commonly used in daily life,
which are representative to a certain extent, and also contain
the interference load in the accidental tripping experiment
according to the standard UL1699-2008AFCI [12] and the
national standard GB/T 31143-2014 “General Requirements
for Arc Fault Protection Appliances (AFDD) ” [13]. Among
them, the circuit current waveform of the kettle and the
dimming lamp in one experiment is shown in Figure 3. Te
waveform of the current of the kettle during normal op-
eration is close to the sinusoidal wave, and after the arc fault
occurs, there is obviously a “zero rest” phenomenon. In the
normal operating state, the current waveform of the fuo-
rescent lamp fuctuates near a small value for a long time,
and the current waveform has a long “zero rest” when the arc
fault occurs, while a large spike pulse appears during the
nonzero break period.

3. Construction of a Fault Characteristic Matrix
Based on Phase Space Reconstruction

3.1. Phase Space Reconstruction Teory. Data collected by
using a small instrument, a transformer, often contains a lot
of sampling noise that reduces the accuracy of fault de-
tection. Previously, in many detection methods, some noise
reduction methods were used to handle the original signal
before calculating characteristic features, such as wavelet
packet noise reduction [14, 15] and wavelet threshold noise
reduction [16]. Tese noise reduction methods require time-
frequency domain decomposition of the signal, and noise
reduction techniques adopted in these methods usually use
wavelet or wavelet packet decomposition when extracting
characteristic features so that data can also be denoised when
extracting the characteristic features. In this section, if we
carry out noise reduction based on time-frequency domain
decomposition specifcally and then use other techniques to
construct numerical matrices, it violates the original
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intention of using CNN to collect arc feature information
independently. In order to simplify the process of fault
detection, the part of noise reduction would be better to be
skipped, so it is necessary to fnd a method that is highly
resistant to noise.

By selecting the appropriate embedding dimension,
Phase space reconstruction technology can reduce the in-
fuence of noise on the data, thus this technology is inde-
pendent of sampling frequency. Since the process of arc
current generation is afected by a variety of nonlinear
factors and presents chaotic properties, it has a natural
advantage in dealing with arc data based on chaos theory,
while phase space technology can reduce the dimension of
chaotic systems and decrease the amount of calculation.
Delayed coordinate embedding is the most commonmethod
of phase space reconstruction, which reconstructs a phase
space from the single time series, and it is a method of

recovering the prime dynamic system. According to the
Takens embedding theorem, the formula for constructing
the m-dimensional phase space vector X for a one-di-
mensional time series with delay time τ is as follows:

X(n) � [x(n), x(n + τ), . . . , x(n + (m + 1) + τ)]. (1)

3.2. Determination of the Embedding Dimensionm and Delay
Time τ. To embed a delay coordinate, it needs to determine
two parameters, i.e., the embedded dimension m and delay
time τ. Tere are some methods that can obtain the two
parameters at the same time, such as the C-C method and
the diferential entropy method [17], which avoid the in-
consistencies of separate calculations, but for the calculation
of multiple loads, the two values between diferent loads are
always diferent, leading to some loads to be neglected. If the
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Figure 1: Series arc fault experimental equipment.
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Figure 2: Series arc fault experimental circuit diagram.

Mathematical Problems in Engineering 3



parameters that appear in pairs are taken apart, it is difcult
to ensure the validity of parameters, but if the combination is
selected, the applicability for other loads cannot be guar-
anteed. Terefore, in order to fnd a situation where the
applicability for all loads is well, the method of solving
separately is used, and two parameters are determined by
summarizing parameter changing of each parameter.
Since the calculation of the embedded dimension needs to
determine the delay time τ frst, the delay time should be
solved as priority. Both the normal operation of the load
and the arc fault waveform data are nonlinear, so the
average mutual information method is used to determine
τ. Based on the defnition of information entropy in in-
formation theory, the average mutual information
method [18] uses the average mutual information to
represent the nonlinear correlation of two sequences, and
then, τ can be selected efectively. Te average mutual
information about a fnite time series and a sequence with
a delay time of τ is calculated as follows:

I(τ) � 
N

n�1
P xn, xn+τ( log2

P xn, xn+τ( 

P xn( P xn+τ( 
, (2)

where P(xn, xn+τ) is the joint probability distribution of the
sequences xn and xn+τ , and τ, which makes I(τ) reach the
frst local minimum, isthe optimal delay time. Before the

calculation, the data of each cycle are normalized by dividing
the maximum value of the amplitude, and the current signals
in the normal operation of ten diferent loads are selected to
calculate the mutual information corresponding to diferent
delay durations. Te results of calculation are shown in
Figure 4, from which it can be seen that the mutual in-
formation of diferent loads is obviously diferent from the
aspect of the trend and size. In terms of the size of the mutual
information, fuorescent and dimming lamps are at the
lowest level and the rest of loads have little diference. From
the trend point of view, except for the refrigerator, vacuum
cleaner, and hair dryer with a cold air mode, most of the load
curves are shown to be similar to the lower convex function
on the plot, reaching a unique minimum value at a delay
time of ffty sample points (i.e. 1/4 cycle). Under the cold air
mode, fuctuation in the hair dryer produces two troughs
with the time delay from 30 to 70, reaching aminimum value
of 0.38 at the point of about 45 and 55, and mutual in-
formation is 0.43 at a delay of 50. Te curve of the vacuum
cleaner generally shows a “W” type, reaching a minimum
value of 0.45 at a delay of 22 and 77, and mutual information
is 0.54 at a delay of 50. Te curve of the refrigerator also
exhibits a “W shape,” reaching a minimum value of 0.47 at a
delay of 22 and 80, and mutual information is 0.56 at a delay
of 50. Although values of the mutual information of these
three loads are not extremely small with the sample point
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being 50 as the delay time, they are close to the minimum
value. Since the time delay afects the size of the constructed
feature matrix directly, it is necessary to unify the size of the
input picture to apply the CNN to determine the arc fault of
various loads in the next step, so this paper sets the delay
time of each load at sampling points of 50.

Te state of the system in a phase space always converges
to certain attractors. When the parameter m is small enough,
the points on the attractor will close to or cross with each
other, and thus the topological properties of the original
attractor will not retain. If the parameter m is too large, it
increases the amount of computation and amplifes noise.
Terefore, it is better to choose a smaller number of em-
bedded dimensions as much as possible for retaining the
topological properties of the attractor. Te false nearest
neighbor (FNN) is an efective method for determining the
embedded dimension, and the delay time must be deter-
mined when calculating frst. If the minimum embedded
dimension of a time series is m∗, the attractor reconstructed
in an m∗-dimensional delayed space matches the attractor in
the original phase space, but if the dimension of the space is
smaller than m∗, this one-to-one correspondence will be
broken. In this case, some points on the axis of the one-
dimensional space are projected into the neighborhood of
other points, but in a high-dimensional space, these points
are actually not adjacent, and these points are called false
proximity points. Based on this law, for each point in the
time series, we search the distance of its nearest point in the
space of the m dimension, then increase the dimension of the
phase space by 1, and calculate the distance between them,
and we can determine whether it belongs to the false
proximity point. Note X(n) is the vector
[x(n), x(n + τ), . . . x(n + (m + 1) + τ)], where X(r)(n) is

the minimum proximity point of X, which is represented as
[x(r)(n), xr(n + τ), . . . xr(n + (m − 1)τ)], and the formulas
for these two distances are as follows [19]:

R
2
m(n) � 

m−1

k�0
x(n + kτ) − x

(r)
(n + kτ) 

2
,

R
2
m+1(n) � R

2
m(n) + x(n + mτ) − x

(r)
(n + mτ) 

2
,

(3)

where R2
m(n) and R2

m+1(n) are the distances between X(n)

and the nearest point in the m and m + 1 dimensions, re-
spectively, and if the diference between two distances is too
large, the point is marked as false proximity. Here, the
method of judgment is proposed by Kennel, the founder of
FNN. Either of formulas (4) and (5) is satisfed, and the point
is determined to be a false proximity point, where RA is an
estimate value of the embedded dimension, and in this
paper, Rtol is taken as ffteen and Atol is taken as two:

R2
m+1(n) − R2

m(n)

R2
m(n)

 

1/2

>Rtol, (4)

Rd+1(n)

RA

>Atol,

R
2
A �

1
N



N

n�1
x(n) −

1
N



N

n− 1
x(n)⎡⎣ ⎤⎦

2

.

⎧⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

(5)

We calculate the proportion of adjacent points corre-
sponding to the points in diferent embedding dimensions m,
and if the proportion is less than 5%, it can be considered that
this embedding dimension is sufcient to open the chaotic
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attractor. Sampling data of ten load currents are selected for
the calculation of false proximity points, and the results are
shown in Figure 5, which shows that the minimum embedded
dimension, which can make the proportion of false adjacent
points of all loads less than 5%, is four.

3.3.Constructionof theFeatureMatrix of theArc. After phase
space reconstruction, the vector X with m dimension is
obtained, whose number is τ, and the expression of the
distance matrix is as follows:

Di,j � X(i) − X(j)



. (6)

X in this paper is a four-dimensional vector, and a total
of ffty X are calculated for each segment of data, so the fnal
distance matrix D is 50 ∗ 50 that will serve as input to the
intelligent recognizer of the series arc. In order to observe
the characteristics of the matrix more intuitively, the data
corresponding to the matrix are converted into the grayscale
color, and the lighter the color, the smaller the value, while
the darker the color, the larger the value, forming a grayscale
map with 5050. For the vacuum cleaner, the distance matrix
is calculated using the sampling data of a certain period, and
it can be observed from Figure 6 that for the normal current,
the corresponding distance matrix is uniformly gradient, but
for the distance matrix corresponding to the fault data,
image distortion appears. If we examine a row or column of
the matrix, the varying trend of the element in the distance
matrix of the normal current decreases and then increases
later, and in the matrix of the arc fault, the trend is broken at
certain points, which are caused by the normal circuit dy-
namic system broken by arcs.

4. Faulty Arc Diagnosis Based on CNN

CNN is a deep feed-forward neural network with local
connections and weight sharing, which is composed of
several layers, including the convolutional layer, pooling
layer, activation function layer, batch normalization layer,
and fully connected layer. Extremely high accuracy can be
obtained with CNN for image classifcation and face rec-
ognition [20, 21]. CNN can efectively classify data of noise
and have a certain degree of fault tolerance [22]. Classic
CNN mainly contains LeNet, AlexNet, ResNet, GoogLeNet,
and DenseNet [22]. In recent years, although the basic layer
of CNN has not undergone major changes, the performance
of the network can be improved with diferent combinations
of the basic layers or other operations. With the appearance
of deep CNN, investigation of the CNN develops rapidly, but
due to the disappearance of gradient or gradient explosions
in deep training, the property of the network will decline if
the deeper network is pursued only [23]. Terefore, the key
to solving the problem is to fnd the appropriate framework
of the neural network, training method, and data for the
corresponding problem.

CNN can handle data in diferent dimensions, of which
one-dimensional CNN is suitable for fxed-length time
segments, and the main diference is the way it is moved by
feature detectors on data, compared with the commonly
used two-dimensional CNN [24]. Te current sampling
data of the load correspond to a one-dimensional time
series, but some problems appear in the application of the
one-dimensional CNN. Te frst issue is that one-dimen-
sional CNN often require features that are not correlated
with their location, but features of the arc tend to appear at
peaks and zero cross points of the sampled signal. Te
second problem is that the number of samples in a single
cycle is not enough, and if the data of multiple cycles are
analyzed, the accuracy and timeliness will be reduced.
However, the above problems do not emerge for the two-
dimensional CNN.

A convolutional layer is a core component of the net-
work, and it consists of subregions connected to the input
image or to output neurons connected to the previous layer,
which learns the features localized by these regions while
scanning the image. Te formula for convolution operations
is as follows:

y
l+1
i (n) � w

l
i · x

l
(n) + b

l
i, (7)

where yl+1
i (n) is the n-th local output of the layer l + 1, wl

i

and bl
i represent the weight and bias of the i-th flter core in

the layer l, xl(n) is the n-th local input of the layer l, and f is
the activation function.

Overftting of neural networks can be avoided by
adding a pooling layer after the activation process, so the
pooling layer is usually added after the convolutional
layer, which can narrow the dimension of the charac-
teristic map in the network and reduce the computational
complexity. Te formula for the maximum pooling op-
eration is as follows:
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P
l+1
i (n) � max

(j−1)H+1≤t≤jH
q

l
i(t) , (8)

where ql
i(t) is the value of the t neuron in the layer l of the i

-th channel and j and H are the step size and width of the
pooled kernel, respectively.

LeNet-5 is a CNN that was used for handwritten rec-
ognition in the early years and has been applied to arc fault
diagnosis recently, and in order to improve the accuracy and
stability of the network, the following improvements can be
made on the basis of the LeNet-5 architecture:

(1) To speed up the training of CNN and reduce sen-
sitivity of network initialization, a batch normali-
zation layer is used between a convolutional layer
and nonlinear part, which normalizes small batches
of data in the observation values for each channel
independently

(2) Te sigmoid function was used in the original
convolutional layer to construct the output feature,
but in this article, it is replaced with the ReLU ac-
tivation function, whichmakes a part of the output as
zero, for improving the sparseness of the network
[25], reducing overftting to some extent, avoiding
gradient dispersion, and speeding up training. Te
softmax function is used in the output layer to
convert the output result into a value that is more in
line with the probability.

(3) Tis article replaces the average pooling layer in the
original network with the maximum pooling layer.
Te advantage of the maximum pooling layer is
that the neural network can focus on most im-
portant elements, thereby reducing the impact of
parameter errors of the convolutional layer on the
estimate.
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(4) RMSProp is selected as an optimizer. Te RMSProp
optimizer uses the method of exponential attenua-
tion averaging, and when the loss value oscillates
locally, amplitude updated can jump out of the os-
cillation process so that the optimizer can converge
quickly.

Te fnal network in this paper is shown in Figure 7, and
the parameter designed is shown in Table 1.

5. Analysis of Experimental Results

Te environment of the experiment is as follows: the pro-
gramming language used is MATLAB2020b, the operating
system is 64 bit Microsoft-Windows 10, and the CPU is
AMD Ryzen7 5800H. Sixty types of loads are selected, a total
of 900 sets of data, which are randomly divided into training
sets and test sets with a ratio of 7 : 3, and then, the distance
matrix is calculated as the input of the CNN. In order to
select the appropriate parameters of the model, diferent
batch sizes and numbers of training rounds are set for the
experiment, and the accuracy of the test corresponding to
diferent parameters is shown in Table 2.

Since it is observed that the accuracy rate is the highest
when the training round is forty and the batch size is sixteen,
this set of parameters is selected for ten experiments, and the
two datasets are redivided before input is determined to
reduce the impact of the dataset division on the results. Te
results of ten experiments are shown in Table 3. In order to
show the training trends and advantages of the model more
clearly, the training curves of the improved LeNet-5 network
and four other networks (traditional LeNet-5, residual
convolutional neural network ResNet18 [23], AlexNet [26],
and DarkNet19 [27]) constructed in this paper are plotted,
which refect the loss and prediction accuracy changes of the
test set during training. From Figure 8 and Table 3, it can be
seen that the improved LeNet-5 network built in this paper
reaches a stable speed faster than the other four networks,
and the accuracy rate of the test set is also the highest, while
the average accuracy rate of detection for the test set reaches
99.00%.

In order to verify the applicability of this method for
series arc fault identifcation for each load, ffty samples
(ratio of normal and failure is one) are selected for each load,
and the average accuracy rates of ten recognition with the

CNN are calculated. It can be seen in Table 4 that there is a
high recognition accuracy for the identifcation of arc faults
in series for all loads.

Ten, robustness of the proposed scheme is verifed.Tis
paper analyzes the infuence of noise data, partially missing
data, and outlier data on recognition results: (1) Noise data:
Gaussian noise with a signal-to-noise ratio of 30 is added to
the original data; (2) partially missing data: 10 data are
randomly selected from every period to become missing
values, flled with the previous; (3) outlier data: we randomly
select one data within every period to replace with outliers.
Te diagram of the three abnormal data is shown in Figure 9.
Based on 900 diferent abnormal datasets, we calculate the
recognition accuracy of the three abnormal data, respec-
tively. Te results are shown in Table 5. It can be inferred
from the table that the proposed scheme has certain
robustness.

In terms of hardware implementation, recent network
and hardware technology have progressed rapidly, and data
acquisition and storage are more convenient. Te deep
convolutional neural network system can be implemented
by the feld programmable gate array (FPGA) hardware
platform. Te platform can simultaneously process about
300 convolution operations in all convolution layers in one
clock cycle with characteristics of fexibility, modulariza-
tion, and miniaturization. Because the convolution object
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6@50x50

5@25x25

Image input Convolution
Convolution Convolution

Maximum
pooling Maximum

pooling

16@21x21 16@10x10
120@6x6

1x2

Output

Figure 7: Convolutional neural network structure diagram.

Table 1: Convolutional neural network structure table.

Layer type Matrix size Number of channels
Image input 50× 50 1
Convolution 50× 50 6
Batch normalization 50× 50 6
ReLU 50× 50 6
Maximum pooling 25× 25 6
Convolution 21× 21 16
Batch normalization 21× 21 16
ReLU 21× 21 16
Maximum pooling 10×10 16
Convolution 6× 6 120
Batch normalization 6× 6 120
ReLU 6× 6 120
Fully connected 1× 2 1
Softmax 1× 2 1
Categorical output 2 —
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in this paper is a matrix rather than an image, the hardware
processing speed will be faster. If the acquisition frequency
is 10 kHz, the memory chip operating frequency is required
to be about 500 kHz.

In order to claim the superiority of the proposed method
for the identifcation of series arc faults, this paper selects
contemporary methods for comparison and analysis, which
are shown in Table 6.Te standards used in the experimental
platform for each method in Table 6 are consistent, but the

sampling frequency of the experimental platform is
diferent.

Compared with the methods in [8, 9], the method in
this paper does not need to manually extract indicators
and indicator screening, retaining all the information
about the image, and thus, the recognition accuracy can be
improved. Compared with the method in [10], the size of
our convolutional neural network input matrix is a
quarter of it, which greatly improves the operation speed.
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Figure 8: Loss and prediction accuracy of test sets of diferent networks.

Table 3: Te experiment results.

Trial 1 2 3 4 5 6 7 8 9 10
Accuracy rate 98.52 97.78 100 100 99.63 99.63 98.52 99.26 98.15 98.52

Table 2: Accuracy of diferent parameters.

Batch size
Number of training rounds

20 30 40 50
16 98.15 98.52 99.63 96.67
32 98.52 99.26 98.52 98.15
64 98.15 97.04 98.52 97.41
128 93.33 97.78 89.26 98.15
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Meanwhile, compared with other methods, the method
proposed in this paper is far lower than the other three
methods in terms of sampling accuracy and makes a good
balance between the calculation amount of arc informa-
tion extraction and analysis information. Obviously, the
accuracy of this method is the highest among these
methods.

6. Conclusion

In this paper, a high-precision diagnostic method is under
investigation, which is suitable for arc detection of multiple
loads. Based on the data of arcs collected by the experiment,

the efectiveness of the model is proved, and the following
conclusions are drawn:

(1) In this paper, phase space reconstruction has been
used to deal with the original acquired signal without
manual extraction of features. Te constructed dis-
tance matrix can fully retain arc fault characteristics
while reducing the matrix size of characteristics and
reducing the amount of calculation.

(2) Te CNN proposed in this paper has a 99% recog-
nition accuracy rate for fault diagnosis in the case of
many diferent loads, which has a higher conver-
gence speed and accuracy rate than other CNNs

Table 6: Comparison of the method in this paper with traditional series arc fault detection methods.

Method Whether to preserve
graph global information

Sampling accuracy
of the required data

Image
size

Accuracy
rate (%)

Attractor attribute + PCA [8] N 409.6 kHz — 98%–98.3
Linear discriminant [9] +GLCM N 25 kHz — 97
Time domain grayscale value image +CNN [10] Y 1MHz 100 ∗ 100 97.67
Phase space distance feature matrix +CNN Y 10 kHz 50 ∗ 50 99.00

Table 5: Recognition accuracy of abnormal data.

Abnormal data type Noise data (%) Partially missing data (%) Outlier data (%)
Identifcation accuracy 93.70 98.15 96.67
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Figure 9: Abnormal data diagram.
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(3) Teoretical analysis and experimental verifcation
have shown that the integrity of the extracted in-
formation and the property of the CNN lead the
proposed method to have a high recognition accu-
racy. Its accuracy is higher than that of other de-
tection methods, and it is suitable for lines with
diferent loads. Our work may provide new ideas for
the research and development of arc fault protection
electrical appliances.
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