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Abstract. The detection of multi-feature fusion is a crucial approach to address the issue of series arc fault
detection. Effective feature selection plays a vital role in enhancing the accuracy of the classifier and reducing
system complexity. In this study, a feature selection algorithm based on Fisher-mutual information is proposed
to tackle the problem of feature selection in multi-feature fusion detection. This algorithm utilizes the
characteristics of arc fault voltage source to construct a feature pool. The Fisher-score algorithm and mutual
information algorithm are employed to construct an optimal feature subset. The feature subset undergoes rough
selection by retaining key features of the classifier and fine selection by eliminating redundant features.
Experimental results and comparisons with related methods demonstrate that the proposed feature selection
method significantly enhances the classifier’s recognition accuracy, reduces classification and recognition time,
diminishes the feature dimension, and outperforms other existing methods.
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1 Introduction

When an arc fault occurs, the temperature at the fault
point can reach thousands of degrees Celsius, which easily
ignites the line and surrounding combustibles, making it a
leading cause of electrical fires [1]. Among these faults,
series arc faults pose a challenge in detection due to their
lack of overcurrent and residual current characteristics, as
well as difficulty in distinguishing their waveform charac-
teristics from nonlinear loads [2]. Currently, research on
series arc fault detection methods, both domestically and
internationally, primarily relies on current-based
approaches. These approaches can be categorized into
two groups: detection using single features and detection
using multi-feature fusion. Detection methods based on
single features utilize parameters such as zero time of
current [3,4], harmonic content [5], and similarity of
adjacent wave current [6] to identify faults. However, due
to the diverse nature of nonlinear load currents, single-
feature based methods struggle to ensure applicability
across various load types. Therefore, the mainstream
approach for arc fault detection involves the fusion of
multiple features. From the perspective of feature fusion,
two methods are commonly employed: multi-feature
nding author: wwsdut@163.com

penAccess article distributed under the terms of the CreativeCom
which permits unrestricted use, distribution, and reproduction
decision fusion and feature fusion using artificial intelli-
gence technology. In terms of decision fusion, for instance,
reference [7] employs the ratio of current change rate to its
effective value and the harmonic amplitude of the current
signal in the range of 6–12 kHz as characteristics for arc
fault detection. On the other hand, reference [8] calculates
the cosine similarity of adjacent periodic current signals
and the wavelet energy in the range of 3125–6250Hz as
characteristic quantities for arc fault detection. In reference
[9], a study utilized four characteristic quantities � pulse
width percentage, coefficient of variation, interharmonic
mean, and wavelet singular entropy � to create an
identification index for arc faults. However, the process
of feature selection and threshold setting in the multi-
feature decision fusion method is highly subjective. To
address this issue, researchers have turned to feature fusion
techniques using machine learning and deep learning,
which have gained significant attention in recent years
[10,11]. As described in [12], involves mathematical
statistics, time domain analysis, time-frequency domain
analysis of current data, and the synthesis of a fully
connected neural network to propose an arc fault detection
method. In reference [13] proposed a fusion method
combining wavelet decomposition and empirical mode
decomposition was proposed. This method extracts multi-
dimensional features of current from the time domain,
frequency domain, and wavelet domain, and employs
monsAttribution License (https://creativecommons.org/licenses/by/4.0),
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machine learning to construct an arc fault identification
model. Similarly, in reference [14], a three-dimensional
feature matrix was constructed based on current pulse
width characteristics, interharmonic mean, and wavelet
singular entropy, the parameters of the support vector
machine were optimized using the particle swarm optimi-
zation algorithm to enable pattern recognition and arc fault
detection. Additionally, references [15,16] employed a
multi-layer convolutional neural network to extract high-
dimensional features of the arc signal, enabling effective
identification of arc faults.

For arc fault detection, it is not easy to find the most
relevant and important features for pattern recognition
classifiers. Considering that people always hope that the
classifier containsmore features, if the number of features is
not limited, when the selected features are applied to the
classifier recognition, not only the training speed of the
classifier is slow, but also the accuracy of the classifier
recognition is affected. Therefore, reducing the dimension
of the selected arc features through feature selection is a
necessary condition to improve the performance of the arc
detection model.

Feature selection is a complex project that involves
multiple transform domains and waveform morphologies.
The ideal feature selection process should consider the
complexity and real-time performance of the detection
model, while also ensuring high detection accuracy. While
there have been numerous studies on multi-feature fusion
detection methods, there is a lack of research on the
redundancy and optimality of multi-feature selection.
Therefore, investigating feature selection methods that
take into account feature redundancy and efficiency is of
great engineering value. Such research can help improve
the computational efficiency of multi-feature fusion
detection methods and reduce the complexity of detection
models.

Feature selection methods in academic research
typically fall into three categories: filter, wrapper, and
embedding. The filtering method sorting features based on
an evaluation function and then training the classifier with
the selected features. Various filtered feature selection
methods are mentioned in reference [17]. Another method
called maximum relevance minimum redundancy
(mRMR) was proposed in [18], which utilizes the SVM
classifier for pattern recognition. Reference [19] proposed
the ReliefF feature selection method and selected SVM
classifier for classification, the wraparound feature selec-
tion method is to use the final selected classifier as an
evaluation function for feature selection, and the optimal
feature subset is selected based on the evaluation criteria of
the classifier. A feature selection method based on support
vector machine recursive feature elimination (SVM-RFE)
and binary particle swarm optimization (BPSO) was
proposed in [20]. In this method, the BPSO fitness function
incorporates a classifier for training and evaluation
purposes. Lastly, the embedded method performs feature
selection simultaneously with training and learning of
the classifier. In reference [21], an average impure feature
selection method was proposed and embedded into a single
base learner of random forest.
When performing feature selection, for high-dimen-
sional features, wraparound and embedded feature selec-
tion methods are often prone to overfitting phenomenon,
while filtered feature selection methods are simpler and
faster, so this paper chooses the filtered feature selection
method for dimensionality reduction of arc features.

Based on the above background, this paper proposes a
feature selection method based on Fisher-score-mutual
information (Fisher-MI), which comprehensively considers
the relevance of the selected features and the redundancy
among the features to achieve the filtering and screening of
the feature subset, and effectively achieves the reduction
of the training time of the classifier and the enhancement of
the recognition accuracy.
2 Feature selection method based on
Fisher-MI algorithm

2.1 Principle of rough feature selection based on
Fisher score

The Fisher-score [22] (also known as Fisher-score) aims to
minimize the feature distance within the same category and
maximize it between different categories. This approach
helps identify features with high discriminative power.

Arc fault identification can be considered as a binary
classification problem for which Fisher-score Si for different
features are calculated as shown below:

Si ¼ ðmr
k � mkÞ2 þ ðms

k � mkÞ2

1
nr�1

Xnr
i¼1

ðxr
i;k � mr

kÞ2 þ 1
ns�1

Xns
i¼1

ðxs
i;k � ms

kÞ2
; ð1Þ

where mk, mr
k, m

s
k is the mean value of the kth feature over

the whole dataset, over the rth class dataset and over the
sth class dataset respectively;xr

i;k is the kth eigenvalue of
the ith r-class sample and xs

i;k is the kth eigenvalue of the
ith s-class sample [22].

The Fisher-score method is used to reflect the distance
relationship between features by considering the variance.
This approach helps to address the issue of large or small
eigenvalues for a certain class. The numerator of the
formula represents the inter-class variance of the sample,
while the denominator represents the intra-class variance.
The variance indicates the magnitude of the distance
between selected features. From formula (1), it can be
observed that a larger inter-class variance and a smaller
intra-class variance lead to a higher calculated Fisher-score
value. This suggests a stronger correlation between the
feature and the category, the feature also has enhanced
recognition capabilities.

In this paper, we propose a method that combines a
classifier to achieve coarse feature selection. We sort the
feature scores in descending order and input them into the
classifier for learning and training. This allows us to
evaluate the recognition accuracy under different feature
dimensions and verify the recognition ability of the selected
feature subset.
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2.2 Arc recognition model based on GA-BP neural
network

BP neural network is a multilayer feed-forward network
model for error backward transfer, and its network
structure consists of input layer neurons, hidden layer
neurons, and output layer neurons. Each layer neuron is
fully interconnected with the next layer neuron. The input
layer neurons only receive external inputs and do not
process the inputs. The neurons in the hidden layer and the
output layer are functional neurons that process the inputs
by means of an “activation function”. The sigmoid function
is used in this paper and its expression is:

sigmoidðxÞ ¼ 1

1þ e�x
: ð2Þ

Since BP neural network has good generalisation
ability, nonlinear mapping ability and adaptive learning
ability, this paper adopts BP neural network as the
classification model for arc fault detection, and at the same
time, adopts genetic algorithm to overcome the problems of
slow convergence and easy to fall into the local minimum
that exist in traditional BP neural network. It optimizes
the initial weights and thresholds of the BP neural network
using genetic algorithms to enhance their accuracy and
convergence speed. The trained neural network is then used
to classify and identify the arc data. The flow of the arc
recognition method using the GA-BP neural network is
illustrated in Figure 1.

2.3 Principle of feature selection based on mutual
information

Mutual information (MI) is a widely used parameter for
quantifying the degree of redundancy between information.
When the MI algorithm is applied for feature selection, the
magnitude of mutual information between features
indicates the level of redundancy between them. The
mutual information I(X;Y) between features X and Y can
be calculated as follows:

IðX;Y Þ ¼ �
X

x∈X;y∈Y
pðx; yÞlog pðx; yÞ

pðxÞpðyÞ ; ð3Þ

where p(x) and p(y) are the edge probability densities and p
(x,y) is the joint probability density.

The larger the value of mutual information I(X,Y)
between features X and Y, the higher the redundancy of
featuresX andY.When the value of I(X;Y) is 0, it indicates
that featuresX andY are independent of each other, which
can be used as a basis to achieve the selection of the optimal
feature subset.

2.4 Fisher-MI based feature selection method

The flow of the Fisher-MI feature selection based method
proposed in this paper is shown in Figure 2 with the
following steps:
–
 The features in the feature pool are scored using the
Fisher-score algorithm and ranked based on their scores
to determine the importance of the selected features.
Higher scores indicate higher importance.
–
 The selected features are sequentially input into the
GA-BP neural network classification model in the order
of their ranking for learning and training, the arc fault
identification accuracy is obtained for different feature
dimensions.
–
 By comparing the arc recognition accuracy under
different feature dimensions, the feature set that achieves
the highest recognition accuracy for the first time is
selected as the roughly selected feature subset.
–
 The MI algorithm is used to calculate the mutual
information of the roughly selected feature subset
screened in (3). With the aim of removing redundant
features in the roughly selected feature subset, the
features corresponding to amutual information value of 0
are selected to constitute the optimal feature subset for
the Fisher-MI feature selection method.

3 Feature analysis and feature pool
construction

3.1 Fault feature

There have been numerous studies on the feature
extraction method of arc fault current. From a transform
domain perspective, it can be divided into multi-domain
features such as time domain, frequency domain, and
wavelet domain. Examples of these features include zero
rest time [3,4], current change rate [7], harmonic content
[5,13], high-frequency content [7], and wavelet coefficient
energy [8]. Additionally, features can be categorized as full-
domain features, such as harmonic content [5,13] and
waveform similarity [6,8], or local domain features, such as
zero rest time [3,4] and current rate of change [7].
Furthermore, features can be described using statistical
features [13] or waveform morphological features [13].
Examples of statistical features include the mean value,
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Fig. 3. Time domain waveform of arc fault voltage source.

Us

RS Ls R1 L1 R2 L2
RL

LL

UarcM

Fig. 4. Equivalent circuit diagram for series arc faults.
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variance, and peak-to-peak values of the waveform, while
morphological features include waveform cliffiness and
skewness. Although there are numerous methods for
describing arc current fault features, there is a lack of
categorization methods for feature selection, and each
feature has multiple description methods. Therefore, this
paper aims to extract relevant fault features based on the
principle of arc fault equivalent circuits to construct a
feature pool.

Figures 3 and 4 depict the time domain waveform of the
arc fault voltage source and the equivalent circuit diagram
of the series arc fault, respectively. In Figure 4, point M
represents the monitoring point in the line. According to
the substitution theorem, a series arc fault in the line can be
equivalently represented as a fault point in the series of an
arc fault voltage source [2]. This arc fault voltage source
can be approximated as a signal source composed of a
square wave superimposed on a high frequency. Therefore,
the randomness of the arc fault source waveform, caused by
the variability of the carbonisation degree of the arc
electrodes, results in the randomness of the fault current.
Additionally, the odd harmonics (e.g., 1, 3, 5, 7) used to
form the square wave in the arc fault source introduce
additional odd harmonic characteristics to the fault
current. The high-frequency component in the arc fault
source introduces high-frequency characteristics to the
fault current. Furthermore, the high resistance character-
istic of the arc fault source near the current overcurrent is
similar to the high resistance characteristic of the arc fault
source at the fault point, leading to the zero-break
characteristic of the fault current.

3.2 Current signal feature pool construction

Based on the analysis in the previous section, the references
[3–8,13] are selected to describe the statistical, local and full
domain features of fault currents, respectively, and then
construct the feature pool. The current features described
in the reference are shown in Table 1.
In Table 1, N is the number of current signal points in a
cycle, Ik is the amplitude of the kth current signal, IK is the
vector consisting of all current signals in the Kth cycle,
Ik(0.002) is the amplitude of the current signal during the
first 0.002 seconds of the current signal, a is the amplitude
of the current signal during the first 0.002 seconds of the
current signal, fc, 3rd hc, and 5th hc are the amplitudes of
the fundamental, third harmonic, and fifth harmonic,
respectively, after the FFT transform, Icd1-Ica5 are the
amplitudes of the signals in the cd1–ca5 layers of the
current after doing the db4 wavelet transform, respectively.
Icd1(0.002)-Ica5(0.002) are the amplitude of the signal within the
cd1–ca5 layer after doing the db4 wavelet transform for the
signal within 0.002 seconds before the current.
4 Experimental validation

4.1 Experimental environment setup

As shown in Figure 5, reference GB 14187.4-2014 to build a
series arc experimental platform and select five typical
loads for testing, the load includes resistive loads (electric
heater 800W), resistive inductive loads (induction cooker
1800W), non-linear loads (hoover 1300W,microwave oven
1500W, computer 180W).

The experimental current signals were acquired using a
Tek-MDO3014 oscilloscope and a 0.2 level low power
current transformer with a sampling frequency of 100 kHz.
Figure 6 shows the current waveforms before and after the
above mentioned load failure.



Table 1. Description and physical significance of selected features.

Numbering Current feature Computing formula Physical meaning

1 Mean value Imean ¼ 1
N

XN
k¼1

Ik Randomness of arc current

2 Variance Ivar ¼ 1
N�1

XN
k¼1

ðIk � ImeanÞ2 Randomness of arc current

3 Skewness Iskewness ¼ 1
N

PN
k¼1

ðIk�ImeanÞ2
I var 3

2

Randomness of arc current

4 Kurtosis Ikurtosis ¼ 1
N

PN
k¼1

ðIk�ImeanÞ4
I2var

High frequency characteristic

5 Peak-to-peak value IM�m ¼ Imax � Imin High frequency characteristic

6 Maximum current change rate IDmax ¼ max{Ikþ1 � Ik} Zero-recess characteristic

7 Cosine similarity cos u ¼
P

IK � IKþ1ffiffiffiffiffiffiffiffiffiffiffiP
I2
K

p
�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiP
I2
Kþ1

p Current similarity

8 The zero rest time within 0.002
seconds
before the current

tð0:002Þ ¼ 1
N � 0:02 PN

k�1

ðjIkð0:002Þj

<

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1

N

XN
k�1

I2k � 0:05
vuut Þ

Zero-recess characteristic

9 The proportion of fundamental
wave

Ifc ¼ fc
fcþ3rdhcþ5thhc Low frequency characteristics

10 The proportion of 3rd harmonic I3rdhc ¼ 3rdhc
fcþ3rdhcþ5thhc Low frequency characteristics

11 Proportion of 5th harmonic I5thhc ¼ 5thhc
fcþ3rdhcþ5thhc Low frequency characteristics

12 The energy of cd3 layer and Ecd3 ¼
PN
k¼1

I2cd3 High frequency characteristic

13 The energy of cd4 layer and Ecd4 ¼
PN
k¼1

I2cd4 High frequency characteristic

14 The maximum value of cd1 layer
module

Mcd1 ¼ max{cd1} Zero-recess characteristic

15 The maximum value of cd2 layer
module

Mcd2 ¼ max{cd2} Zero-recess characteristic

16 The maximum value of cd3 layer
module

Mcd3 ¼ max{cd3} Zero-recess characteristic

17 The maximum value of cd4 layer
module

Mcd4 ¼ max{cd4} Zero-recess characteristic

18 The maximum value of cd5 layer
module

Mcd5 ¼ max{cd5} Zero-recess characteristic

19 The maximum value of ca5 layer
module

Mca5 ¼ max{ca5} Zero-recess characteristic

20 The energy of cd1 layer in 0.002
seconds
before the current

Ecd1ð0:002Þ ¼
XN
k¼1

I2cd1ð0:002Þ Zero-recess characteristic

21 The energy of cd2 layer in 0.002
seconds
before the current

Ecd2ð0:002Þ ¼
XN
k¼1

I2cd2ð0:002Þ Zero-recess characteristic

22 The energy of cd3 layer in 0.002
seconds before the current

Ecd3ð0:002Þ ¼
XN
k¼1

I2cd3ð0:002Þ Zero-recess characteristic

23 The energy of cd4 layer in 0.002
seconds before the current

Ecd4ð0:002Þ ¼
XN
k¼1

I2cd4ð0:002Þ Zero-recess characteristic

24 The energy of cd5 layer in 0.002
seconds before the current

Ecd5ð0:002Þ ¼
XN
k¼1

I2cd5ð0:002Þ Zero-recess characteristic

25 The energy of ca5 layer in 0.002
seconds before the current

Eca5ð0:002Þ ¼
PN
k¼1

I2ca5ð0:002Þ Zero-recess characteristic
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Fig. 5. Physical diagram of experimental circuit. Fig. 6. Comparison of waveforms of different load currents.
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4.2 Fisher-score based feature rough selection test

The Fisher-score algorithm is used to calculate the scores of
the 25 features selected above respectively and sort them in
the order of scores from high to low, Table 2 shows the
normalised Fisher-score values of the selected features, the
closer the Fisher-score value of a feature is to 1, the higher
the importance of the feature.

Figure 7 presents the distribution of eigenvalues for
certain features in Table 2 during normal and fault states.
The first 4 cycles represent eigenvalues during normal
current, while cycles 5–14 represent eigenvalues during
fault current. The changes in the distribution of different
eigenvalues before and after the fault indicate the impact of
each feature on the classification performance of the
classifier. It can be observed that the top-ranked feature
shows a more distinct difference between normal and fault
eigenvalues, whereas the lower-ranking features exhibits
overlapping eigenvalues. Consequently the higher-ranked
features demonstrate better recognition capabilities in
identifying faulty arcs.

Based on the search strategy of sequential forward
search [23], the 25 selected features are ranked according to
the importance of the features calculated by Fisher-score,
and a series of feature subsets Feature(i)= {F1, F2,..., Fi}
are formulated as the input vectors of the GA-BP neural
network. Feature(i) is a subset of features consisting of the
top i (i=1, 2, ..., 25) features F1, F2,...,Fi in the ranking.

The parameters of the GA-BP neural network in this
paper are shown as follows. The structure of the BP neural
network is a total of three layers: input layer, hidden layer
and output layer, the number of nodes in the input layer is i
(i=1, 2,…, 25), the number of nodes in the hidden layer is
6, and the number of nodes in the output layer is 2. The
parameters of the genetic algorithm are set as follows:
the maximum number of iterations is 1000, the population
size is 20, the number of evolutionary generations is 50, the
learning rate is 0.1, the crossover probability is 0.3, and the
mutation rate is 0.1. The number of training samples and
test samples for the experiments in this paper are 1200
groups and 500 groups, respectively.

Based on the input features of different dimensions, the
curved relationship between input feature dimensions and
classification accuracy is plotted as shown in Figure 8:
Figure 8 shows that when the first-ranked feature is
input into the GA-BP neural network for arc classification
and identification, an accuracy of 96.4218% is achieved,
and with the subsequent input of relevant features, the arc
fault identification accuracy initially shows an upward
trend, but when the input features reach a certain number,
even if it continues to increase the number of input feature
dimensions, the arc fault identification accuracy no longer
changes and even shows a decreasing trend. In this
experiment, when the first 15-dimensional features are
input into the GA-BP neural network, the recognition
accuracy of the system reaches the maximum value of
99.2467% for the first time, and when the feature input
continues to be increased, the recognition accuracy of the
system shows a decreasing or fluctuating state due to the
effect of feature redundancy, and when all the features are
input into the system, the system’s recognition accuracy
still does not reach the maximum value. This shows that
Fisher-score feature selection method can effectively
reduce the feature dimension and achieve the detection
effect of all features by using only a small number of
relevant features. According to the experimental results,
this paper takes the first 15-dimensional features as the
roughly selected feature subset.

4.3 MI-based feature selection test

To enhance the performance of the classifier and remove
redundant relationships between features, we utilized the
MI algorithm to select the features. We selected a
15-dimensional feature subset that achieved the highest
recognition accuracy for the first time. The MI algorithm
was then used to calculate the mutual information value
between features, resulting in the creation of a mutual
information matrix (Tab. 3). This matrix helped us
identify mutually independent features and construct
the optimal feature subset.

According to the results in Table 3, the features that
remain after dimensionality reduction using the MI
algorithm are: Maximum current change rate, The
maximum value of cd2 layer module, The maximum value
of cd1 layer module, The maximum value of cd3 layer
module, The maximum value of cd4 layer module, The
maximum value of cd5 layer module, The energy of ca5



Table 2. Fisher-score values corresponding to different features.

Ranking Feature Fisher-score value

1 Maximum current change rate 1.00
2 The maximum value of cd2 layer module 9.95 � 10�1

3 The maximum value of cd1 layer module 9.45 � 10�1

4 The maximum value of cd3 layer module 8.92 � 10�1

5 The energy of cd1 layer in 0.002 seconds before the current 7.89 � 10�1

6 The maximum value of cd4 layer module 5.73 � 10�1

7 The energy of cd2 layer in 0.002 seconds before the current 5.69 � 10�1

8 The energy of cd3 layer in 0.002 seconds before the current 3.62 � 10�1

9 The maximum value of cd5 layer module 2.69 � 10�1

10 The energy of ca5 layer in 0.002 seconds before the current 2.34 � 10�1

11 The energy of cd3 layer 2.25 � 10�1

12 The energy of cd4 layer 1.83 � 10�1

13 The zero rest time within 0.002 seconds before the current 1.65 � 10�1

14 The energy of cd4 layer in 0.002 seconds before the current 1.32 � 10�1

15 Cosine similarity 1.08 � 10�1

16 The energy of cd5 layer in 0.002 seconds before the current 1.05 � 10�1

17 Peak-to-peak value 1.28 � 10�2

18 The maximum value of ca5 layer module 2.80 � 10�3

19 Skewness 2.40 � 10�3

20 The proportion of 3rd harmonic 2.20 � 10�3

21 The proportion of fundamental wave 8.38 � 10�4

22 Variance 6.14 � 10�4

23 Proportion of 5th harmonic 5.88 � 10�4

24 Mean value 3.14 � 10�5

25 Kurtosis 0

Fig. 7. Distribution of eigenvalues for different feature rankings. Fig. 8. Input feature vs. accuracy variation curve.
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layer in 0.002 seconds before the current, The energy of cd3
layer, The zero rest time within 0.002 seconds before the
current, and Cosine similarity. These features are consid-
ered the optimal subset for the Fisher-MI feature selection
method. The recognition accuracy curve obtained by
inputting this subset into the GA-BP neural network,
following the aforementioned method in sequence, is shown
in Figure 9. From Figure 9, it can be observed that the arc
recognition accuracy reaches 99.6234% after removing the
redundant features using the MI algorithm. This demon-
strates that the dimensionality reduction process of the
Fisher-MI feature selection method effectively improves
the fault recognition accuracy while reducing the feature
dimensionality.



Table 3. Mutual information matrix of roughly selected feature subsets.

Feature 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
2 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
4 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
5 0 0 0 0 1.0724 0 1.3194 1.1926 0 0 0 0.0199 0 0.9093 0
6 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
7 0 0 0 0 1.3194 0 3.5603 1.4644 0 0 0 0.0325 0 1.0825 0
8 0 0 0 0 1.1926 0 1.4644 3.7457 0 0 0 0.0412 0 1.3170 0
9 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
10 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
11 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
12 0 0 0 0 0.0199 0 0.0325 0.0412 0 0 0 0.1003 0 0.0486 0
13 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
14 0 0 0 0 0.9093 0 1.0825 1.3170 0 0 0 0.0486 0 4.4433 0
15 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0

Fig. 9. Variation curve of recognition accuracy of Fisher-MI and
Fisher-score feature selection.

Fig. 10. Comparison of change in accuracy of different feature
selection methods.
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4.4 Performance comparison of different feature
selection methods

In order to verify the advantages of the algorithm proposed
in this paper, a comparison is made between other typical
filter feature selection methods. The effects of the selected
feature subsets from different feature selection methods on
the performance of the classifier are evaluated from three
perspectives: recognition accuracy, number of selected
feature dimensions, and program running time.

Two filter feature selection methods, mRMR [18] and
ReliefF [19], are chosen for comparative analysis with the
feature selection methods proposed in this paper.

In this case, the mRMR feature selection method is to
ensure the direct maximum correlation between features
and categories while taking into account the redundancy
between features, and when feature selection is performed,
it ensures the high correlation between the feature set S and
the category c. When two features xi and xj are highly
correlated, then one of them is removed, which is calculated
by the formula:

mRMR ¼ max
1

jSj
X
xi

Iðxi; cÞ � 1

jS2j
X

xi;xj∈S
Iðxi;xjÞ

2
4

3
5:
ð4Þ

The ReliefF feature selection method is based on the
correlation between the selected features and categories to
give different weights to the features, the larger the weight
value of the features, the stronger the classification ability.
The ReliefF algorithm firstly randomly draws a sample X,
there are two nearest-neighbour samples of the sample:
samples of the same category T, samples of the different
categories F, according to the distance criterion to
calculate the distance between the sample X and its
nearest-neighbour samples to determine the correlation
between sample X and feature A, which are denoted as
d(A, X, T) and d(A, X, F). The distance between the



Table 4. Indicators for different feature selection methods.

Feature selection method Recognition accuracy rate/% Feature dimension Program running time/s

No feature selection 99.0584 25 0.1265
Fisher-score 99.2467 15 0.0684
mRMR 99.4350 13 0.0595
ReliefF 99.2467 16 0.0722
Fisher-MI 99.6234 10 0.0512
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sampleX and the nearest neighbour is calculated according
to the distance metric to determine the correlation between
the sampleX and the featureA, which is denoted as d(A, X,
T) and d(A, X, F) respectively. If d(A, X, T)< d(A, X, F),
it means that the category is closer to feature A and its
correlation with it is higher, then the weight will be
increased; on the contrary, the weight will be decreased.
Finally repeat n this above process to get the average of the
results after n iterations for each feature. The formula for
calculating the distance between two samples in feature A
is as follows:

dðA;X;T Þ ¼ X1½A� �X2½A�
maxðAÞ �minðAÞ

�

Acontinuous0AdiscreteandX1½A�
¼ X2½A�1AdiscreteandX1½A�≠X2½A�: ð5Þ

The formula for its characteristic weights is as follows:

W ½A� ¼ W ½A� �

Xk
i¼1;j¼1

dðA;X;T Þ

ðm⋅kÞ

þ

X
C ≠ classðXiÞ

�
pðCÞ

1�PðclassðpiÞÞ
Xk

i¼1;j¼1

dðA;Ri;MjðCÞÞ
�

ðm⋅kÞ ;

ð6Þ
where Mj(C) represents the jth nearest-neighbour sample
among the different classes, p(C) represents the distribu-
tion probability of the class, class(pi) denotes the class to
which pi belongs,m is the number of samples sampled, and
k is the number of nearest-neighbour samples.

Figure 10 presents the comparison of the change curve
of recognition accuracy between the feature selection
method proposed in this paper and the two feature
selection methods mentioned above. It can be observed
that the Fisher-MI and mRMR feature selection methods,
which consider both the correlation between features and
categories and the redundancy between features, exhibit
significantly higher accuracy in recognizing arc faults
compared to the Fisher-score and ReliefF feature selection
methods that only consider the correlation between
features and categories. This implies that effectively
reducing the negative impact of redundancy between
features can improve the performance of the classifier.

In terms of the feature subset dimension, the mRMR
and ReliefF feature selection methods yield feature subsets
with dimensions of 13 and 16, respectively, in order to
achieve maximum recognition accuracy for fault recogni-
tion of arcs. These subsets are considered as the optimal
feature subsets selected by the feature selection methods.
On the other hand, the feature selection method proposed
in this paper results in a final feature dimension of 10. It is
evident that this method not only achieves higher arc
recognition accuracy but also effectively reduces network
complexity, shortens procedure running time, and
improves classifier performance.

The experimental environment of this paper uses Intel
Core i5-8300H CPU to achieve the verification of the
feasibility of the feature selection method in this paper, and
the evaluation indexes of different feature selection
methods are shown in Table 4.
5 Conclusion

In this paper, after comprehensively considering the
relevance of the selected features and the redundancy
between the features, a Fisher-MI feature selection method
is proposed, in which the features with strong relevance to
the classifier are firstly selected by the Fisher-Score
algorithm to achieve the rough selection of the feature
subset, and the MI algorithm is used to reject the features
that are redundant with each other in the feature subset to
achieve the selective selection of the feature subset.

The experimental results show that the feature subset
filtered by the feature selection method proposed in this
paper effectively improves the accuracy of arc recognition
in arc fault identification and shortens the time of arc
detection, and it is found by comparing with other filtered
feature selection that selecting the feature subset with
strong relevance and low redundancy can effectively
improve the performance of the classifier.
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