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ABSTRACT Arc faults pose challenges to electric safety, which can cause serious fire hazards. However,
the commonly used arc fault detection method is prone to nuisance tripping. This paper proposed a
hybrid arc fault detection method based on the improved Mel-Frequency Ceptral Coefficients (MFCC) for
preprocessing and a neural network model for arc identification called ARC_MFCC. As per the IEC 62606,
twelve different loads/scenarios are considered for this research. An arc tangent-based core filter is employed
to improve the MFCC to enhance the arc features within a bandwidth of 3 kHz to 7 kHz. A lightweight neural
network model of fully connected cascaded with the MFCC-based preprocessing, which can distinguish the
arc fault with normal operation under different test conditions. As a verification result, the ARC_ MFCC
can achieve an accuracy of 99.34%. Moreover, the proposed method is implemented by Raspberry pie 4B.
Test results show an average running time of about 4.2 ms per sample, which Ensures that the tripping time
can meet IEC 62606.

INDEX TERMS Series arc fault protection, improved Mel-Frequency Ceptral Coefficients (MFCC),
artificial intelligence, fully connected neural network.

I. INTRODUCTION

According to the IEA [1], global power demand growth of
more than 6% is reported in 2021 and the report forecasts
an average annual power demand growth of 2.7% from
2022-2024. The increasing demand for electricity has also
brought more safety risks. Arc faults can occur due to aging
of transmission lines, loosening of wire connection terminals,
and substandard insulation materials. Arc faults can raise
the local temperature up to 5000°C through gas discharge,
resulting in severe electrical fires. In order to avoid arc fault,
arc fault circuit breakers were required to be used in residen-
tial electrical installations in the United States in 2002 [2].
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In 2013, the International Electrotechnical Commission
(IEC) also proposed a protection technology called arc fault
detection device (AFDD) [3].

Arc faults are generally divided into series arc faults and
parallel arc faults. Parallel arc faults are easy to detect because
of their high current. In series arc fault, the arc current is
less than normal, and Load current especially nonlinear load
current covers part of the current arc characteristics, making
series arc faults more challenging to detect than parallel arc
faults. Traditional AFCI has only a 61.67% success rate in
series arc fault detection [4]. Therefore, scholars worldwide
have done much research on series arc faults.

Traditional methods generally obtain arc characteristics by
analyzing voltage and current signals in the time-frequency
domain and then setting the threshold to achieve the purpose
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of protection. Scholars such as Artale used low-frequency
harmonics after Chirp Z-Transform (CZT) to identify arc
faults [5]. Kim detected the series AC arc voltage waveform
and then analyzed the unique symmetric energy distribu-
tion generated by the arc fault to identify the arc fault [6].
However, the installation position of the acquisition device
severely limits the collection of voltage waveforms. Recently,
some novel techniques such as neural network algorithms
have been applied. Kai Yang proposed an arc fault identifi-
cation method based on a time-domain optical convolutional
neural network, using the grayscale image corresponding to
the arc current’s half-wave signal as the model input [7].
Wenchu Li proposed a series arc fault diagnosis and line
selection method based on a recursive neural network, which
achieved 98.7% diagnosis and line selection accuracy [8].
Wang Yao proposed an arc detection model ArcNet based on
a convolutional neural network (CNN), which uses 10 kHz
of original current data to achieve a maximum arc detection
accuracy of 99.47% [9]. Joshua E. Siegel develops Deep
Neural Networks (DNNs) taking Fourier coefficients, Mel-
Frequency Cepstrum data, and Wavelet features as input
for differentiating normal from malignant current measure-
ments [10]. HOANG-LONG DANG chose average value,
median value, variance value, RMS value, and distance of
the maximum and minimum values of time-domain parame-
ters of current for arc fault detection [11]. Na Qu uses Fast
Fourier Transform (FFT) to extract ten current features in
the frequency domain. The support vector machine optimized
by particle swarm optimization (PSO-SVM) is designed to
detect the arc fault [12]. The algorithm proposed by Edwin is
based on a Kalman filter, used for identifying fault symptoms
and a decision block, which confirms the presence of a series
arc fault to activate a tripping signal [13]. Na Qu proposed
an Online Adjustment Method of regular order p that can
improve the sparsity and accuracy of the sparse representation
algorithm [14].

The method based on artificial intelligence has excel-
lent accuracy. However, implementing artificial intelligence
methods in industrial embedded microcontrollers is chal-
lenging because of the complicated model, which leads to
complexity of pressure calculation and requires high com-
puting power equipment to preprocess the data in advance.
In addition, other methods have used less load types than the
standard requirements [3].

This paper proposes an algorithm based on the improved
MFCC and neural network, which can reduce the computa-
tional pressure while ensuring high precision. The proposed
method is also verified on the industrial embedded platform.

The main contributions of this paper are as follows:

1) This paper relied on an advanced arc current data acqui-
sition device to collect and analyze the data of 12 loads.
We selected the influential frequency band for arc fault detec-
tion to highlight data discrimination with or without arc
current.

2) An improved MFCC arc current feature extraction
method is proposed. The arctan filter bank is used to replace
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the original Mel filter bank, which significantly enhances the
pertinence of the original method to arc fault detection.

3) An arc fault detection method ARC_MFCC is pro-
posed by combining the artificial intelligence method with
the improved MFCC method. We made various datasets for
comparison to select the optimal data processing format.

4) The memory space occupied by the method layout and
real-time computing pressure is reduced by transforming and
compressing the model. Our method is successfully imple-
mented on two commonly used industrial embedded micro-
processors, and experimental results prove the practicability
of the method.

Il. DATA COLLECTION AND ANALYSIS

A. ARC FAULT EXPERIMENT PLATFORM

In practice, arc faults occur randomly, making it challenging
to pinpoint their exact timing and gather the necessary data
in a timely manner. Therefore, it is necessary to produce
arc under various fundamental load types using a particular
test platform. The arc fault experiment platform is created in
accordance with the IEC 62606 standard, as seen in Fig.1.

Arc data Off-line data processing Two ways of
acquisition system and analysis generating an arc

Dﬂl e R

Arc generator Cable specimen
Pan of the loads

Are generamr
II Il “ssne
FY :

Fluorescent l.«mp:

220V/50Hz Hdlogun lamps

ower supply Load branch1 Load branch 2| h\‘

Vacuumcl ancer[r iron Slerilizer Resistive load cabinet

FIGURE 1. Arc data collection process and circuit arrangement.

Arcs can be generated in two different ways — one
using an arc generator and the other using a cable sample.
We employed both techniques to come as near to the real
scenario as possible. The arc generator can replicate the actual
arc generated during a slack cable connection, and the arc
generated by the cable sample can simulate the arc caused by
insulation breakdown in the circuit. The input of this device
is powered by a 220 V, 50 Hz power supply. The two load
positions can be combined with different loads according
to the various experimental types in the standard to build
experimental circuits. A current transformer (CT) is used
to sense the current in the line. In addition, the arc signal
acquisition system can automatically record the data in the
experimental process and generate data files for PC offline
data processing and analysis.

B. TYPES OF LOADS AND VISIBLE ARC FEATURES

As arc fault protection is mainly used in residential areas,
different household appliances were selected as experimental
loads. The arc current and normal load current under 12 dif-
ferent loads were collected in this experiment. The types of
loads included are shown in the TABLE 1. The specifications
of the load comply with the IEC 62606 standard [3]. The arc
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TABLE 1. Load type and number.

number The load type number The load type
01 Resistive load 07 electric hand tool (drill)
02 air compressor 08 Electric iron
03 Vacuum cleaner 09 Electric kettle
04 Fluorescent lamp 10 air conditioner
05 Dimming light 11 Disinfection cabinet

electronic switch
06 12

Halogen lamp
mode power supply

current and normal load current come from a single load and
different loads connected in parallel.

Regardless of the linear or nonlinear load, the non-arc
current waveform is comparatively constant over a brief
observation period. However, the arc current lacks significant
stability. Arc discharge will be impacted by a number of
elements including load, electrode material, etc. because arc
discharge is a very complex physical and chemical process in
and of itself. Even in adjacent periods, the current waveform
is significantly different, and no stable periodicity was even
observed. As shown in Fig.3(a).

In addition, the arc discharge process changes abruptly.
If the judgment time is too long, the protection may fail.
Nowadays, many common arc faults protection methods take
the alternating current period as the calculation unit [9], it is
not easy to find the dynamic characteristics of the arc current
in one AC cycle, so a method that can detect the current
arc characteristics effectively and detect arc faults faster with
smaller calculation units is needed.

Due to irregular arc combustion, from the perspective
of the frequency domain of Fig.3(b), arc current signals
are distributed within O to 10 kHz and the high-frequency
component of the resistive load is small. In addition, the
high-frequency component of the switching power supply
load is prominent in the middle part of the frequency band,
At the low-frequency and higher frequency bands, the spec-
trum amplitude of arc and non-arc signals overlap. Therefore,
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FIGURE 3. Electronic switch mode power supply.

the frequency domain characteristics of the arc should be
selected to exclude the influence of other load harmonics.

In order to differentiate the arc-free current spectral ampli-
tudes of signals are added in different bands to calculate the
total spectrum amplitude ratio k of arc and non-arc state.
As can be seen from the calculation results in Fig.2(c) and
Fig.3(c). when the resistive load is in the 1 kHz-10 kHz band,
k = 548.03%, much higher than 294.95% in the whole band.
Under electronic switch mode power supply, In 1 kHz to
10 kHz band, £k = 1533.38%, and in 3 k to 7 kHz band,
k = 1949.57%, the distinction between arc and non-arc
current is more pronounced than resistive load. 1 k to 10 kHz
can cover most of the frequency domain characteristics of arc
current without shielding the characteristics of an arc fault.

Ill. ARC CURRENT FEATURE EXTRACTION BASED ON
IMPROVED MFCC
A. MFCC
MEFCC is one of the most widely used speech feature parame-
ters in speech recognition, it can effectively reflect the speech
signal energy in the different frequency ranges. According to
the above study, arc fault current signal has obvious frequency
distribution characteristics, and analysis of characteristic fre-
quency signals can be more conducive to arc fault feature
extraction. The speech signal can be regarded as a random
signal in a stationary signal in speech recognition. In arc
fault detection, the normal current signal of the linear and
nonlinear loads is a periodic stationary signal, while the arc
fault is a sudden random signal. The arc fault is consistent
with the randomness of the speech signal. In addition, the
MFCC method reduces the calculation dimension and the
amount of data, and these advantages also play a positive
role in the extraction of arc fault features. Therefore, MFCC
is improved to find a suitable method for arc fault feature
extraction.

To intensify the high-frequency signal, MFCC first pre-
weighted the target signal. The sound signal is divided into
data of the same duration for periodic processing in the
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second step of frame splitting and window processing. Then,
to improve the continuity between frames, a hamming win-
dow is added. The third stage involves applying the Fourier
transform to the signal to determine its energy distribution on
the spectrum, followed by the modulo square of the speech
signal’s spectrum to determine its energy spectrum. The
energy spectrum signal is then passed through the triangular
Mel filter bank based on the Mel scale value in the fourth
stage. Since the high-frequency range is closer to the auditory
mechanism of the human ear, the Mel value increases slowly
in the high-frequency range while increasing quickly in the
low-frequency range [15], [16]. The energy spectrum signal
from the filter bank is subjected to a logarithmic operation in
the fifth step. In order to see the signal masked by the low
amplitude noise, the lower amplitude components must be
dragged higher than the larger amplitude component. After
the discrete cosine transform, the typical MFCC characteris-
tic parameters can be derived.

The original data Pre-weighted data FFT data
I i frame splitting

VLR and

/1) ‘ “ || Pre-weighted window processing [ |
ARIRIRIN| '\’ FFT
IRIRIRIR W)

MFCC parameters Mel filter

My / =
T (A Logarithmic
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transform E

Logarithmic

Discrete cosine - !
processing |

FIGURE 4. MFCC feature extraction process.

B. IMPROVED MFCC

Although MFCC and arc fault feature extraction share some
similarities. But the direct application is not recommended
because the inherent characteristics of arc fault (characteristic
frequency band) are not exactly same as speech recognition.
Therefore, it is necessary to improve the Mel filter for the
MFCC core and adjust other steps appropriately to increase
the applicability of the MFCC for arc fault detection. MFCC
is optimized in accordance with the criteria for dependability
and real-time arc fault detection. It also makes a suggestion
for a faster and more accurate arc fault detection system by
further utilizing its advantages of effective feature extraction
and reduced data volume.

The original MFCC method uses log function mapping,
as shown in Fig.5(a) Due to the human ear auditory mech-
anism and masking effect, the original MFCC method pays
more attention to the low-frequency part of the speech signal.
In the low-frequency band of regular frequency, The Mel
value at low regular frequency increases much faster than
that at high, so the processing of low frequency signal is
emphasized. in Fig.5(b), the slope of the logarithm mapping
function decreases significantly from regular low frequency
to high. The MFCC method pays more attention to the signal
at the frequency band with the higher slope of the mapping
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function. Mel frequency mapping is as follows:

f
mel—mxlg(l+700) (1)
Generally, m = 2595.
The characteristic frequency band of an arc fault is 3 K to
7 kHz, and the frequency band of 1 K to 10 kHz can cover
most characteristic signals of an arc fault. In order to match
the inherent characteristics of arc faults, The signal on the
characteristic frequency band shall be mainly processed. The
low frequency and high frequency signals outside the feature
band will shield the current arc feature and disturb the feature
extraction. Consider the case of Mel mapping, the mapping
function with the highest slope at the characteristic frequency
band should be selected, and the slope should decrease as it
gets closer to the interference frequency band. Common func-
tions such as Arctan trigonometric functions, Sigmoid, and
Tanh follow this rule. Therefore, function mapping relations
based on Arctan, Sigmoid, and Tanh functions are constructed
as follows:

A = m X (arctan <(f SfO)) +D,) 2)
Sig = mX (W +D5‘jg) (3)
1 +e s
=fp) —(f—fo)
e s —e s
T = mxX(———= T P1)4) “)
e s e s

A, Sig and T are the mapping values under the three
functions, respectively. m is the magnification is to enlarge
the three mappings to the amplification multiple taken under
the same order of magnitude as Mel frequency. f is the regular
frequency value, fy is the regular frequency amplification
center value; S controls the change rate of the slope of the
mapping function. In order to ensure the validity of the com-
parison, m = 2595, fo = 5000, and S = 3000 are all taken
in the three mappings. D,, Ds;e and Dy are offsets to ensure
that the mapping value grows from zero regular frequency.
These values do not affect the critical slope parameter of the
mapping relation. The three mappings are shown in Fig.5(a).

In Fig.5(b), arctan, Sigmoid and Tanh functions all have the
maximum slope at a certain point and maintain a large slope
near this point. The farther away from this point, the slope
decreases significantly, matching the inherent characteristic
of the feature frequency band for arc fault feature extraction.
However, it can be seen from the fig.5(b) that Sig based on
Sigmoid has a slow convergence [17], resulting in a gentle
slope change, and its effect of highlighting the magnification
is much weaker than other mapping relationships. In addition,
a large number of operations were carried out on the three
mapping relations, respectively, and then the average time of
multiple operations was obtained. This calculation is based
on PC. The operation time of Sig is 2.6 times that of A. The
operation time of T is 10.32 times that of A and 3.96 times
that of Sig. The reason for Sig’s long operation time is due
to the complex exponential operation of natural constant e in
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FIGURE 5. Comparison of Mel and arctan/Sigmoid/Tanh.

Sig. There are more such operations in T, resulting in a longer
operation time. If the operation time is not considered, T can
achieve similar effects to A, which is also a good choice. If we
consider the real-time computing effect of the method and
its implementation on the real-time computing platform with
low computational power, there is no doubt that A is the most
competitive. The specific situation is shown in TABLE 2.

TABLE 2. Arctan/Sigmoid/Tanh contrast.

The basic The rate of Average time Out reason
mapping convergence per 100,000
function operations[ns]
Arctan Fast 912500 -
Convergence is
Sigmoid Slow 2375700 slow and takes a
long time
Tanh Fastest 9418700 Time is too long

After determining the mapping relation of the Arctan func-
tion, the functions of each parameter of A are further intro-
duced in detail:

L1:5000arctan(x-5)/3000+5151
—— L2:5000arctan(x-5)/1000+5151
AN NN

m  hSs D

~—— L3:arctan(x/3000)

-20 -15 -10 -5 0 5 10 15 20 )
Frequency[kHz]

FIGURE 6. Effect of arctan function mapping parameters.
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Where fy determines the regular frequency center band
position of amplification in the arctan domain. The frequency
band near the center corresponds to a broader Arctan domain.
The characteristic frequency signal can be effectively ampli-
fied, and the non-characteristic frequency signal can be sup-
pressed. The excessively high-frequency and low-frequency
bands can shield and interfere with arc fault feature extrac-
tion, even though their frequency range is wide, their corre-
sponding range in the arctan domain is narrow. Therefore,
fo should be selected in the center of the characteristic
frequency band of the arc fault. Because the characteristic
frequency band is 3 kHz-7 kHz, 5 kHz can be selected as
the frequency center value.

By controlling S, the change speed of arctan value can be
changed. When § increases, the Arctan curve flattens, and
the effective amplification frequency band becomes broader.
The smaller the S is, the steeper the Arctan curve becomes,
and the effective amplification frequency band becomes nar-
rower, but the band’s resolution near the center frequency
is enhanced. If we want to carry out feature extraction on
the central frequency band more centrally and reduce the
influence of the interference frequency bands at both ends,
the S value can be reduced. Generally, if we focus on the
current data of the 1 kHz-10 kHz frequency band for arc
feature extraction, S is about 3000.

In order to make the arctan value grow from zero with the
regular frequency, eliminate the negative value and simplify
the calculation, D, is computed as follows:

D, = —arctan (0 _f0> ©)

N

m is used to magnify arctan data and align them with regular
frequency values at the center frequency for easy comparison
and reference. Its value changes with the change of the central
frequency. Refer to the value of fy, m = 5000. In Fig.6, the
functions of fy, D,, and m are reflected by L1 and L2, and L1
and L3 reflect the functions of S.

With the above correspondence, the arctan filter needs to be
constructed, just like the Mel filter of MFCC. It needs to take
a group of equidistant arctan points between the highest and
lowest arctan values in the arctan domain. Where the lowest
arctan value is set to 0, The highest arctan value:

(SR/ 2 —f0>

S +D) (6)

H,ctan = m x (arctan

where SR is the signal sampling rate.

The regular frequency points corresponding to arctan
points can be obtained through the inverse transform between
arctan value and regular frequency value:

f=Sxtan(%—D)+fo %

Draw the arctan filter in two domains respectively, as follows:
As shown in fig.7(b), the arctan filter in the regular fre-
quency domain is a set of filters with the center frequency
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FIGURE 7. Arctan filters distribution in different domains.

(5 kHz) as the center, and the width of the filter gradually
widens with the increase or decrease of the frequency.

The Arctan filter can smooth the spectrum, eliminate the
high harmonics, and highlight the formant of the signal.
Therefore, the amplitude of a signal is not be presented within
the improved MFCC parameters, which the arc fault feature
extraction characterized by the improved MFCC is not be
affected by the change in the input signal amplitude. There
is also a significant reduction in the amount of computation.

Since each filter can produce one MFCC parameter, the
standard MFCC comprises multiple MFCC parameters. From
the perspective of regular frequency, more MFCC parameters
are generated in the central frequency band, so the part in the
central frequency band of the signal is considered emphati-
cally. The influence on the frequency band that interfere with
the feature extraction of the arc fault is weakened, which is in
line with the inherent characteristics of the arc fault.

Arc fault protection standards IEC 62606 require the real-
time detection of arc fault (minimum detection time of series
arc 0.12 s). Given this, the following improvements to the
original MFCC method are proposed.

Low voltage AC signal has a natural frequency cycle
(50 Hz/20 ms), some existing AC arc fault detection methods
are conducted using the AC period as the data process time
unit [9]. In order to better embody the change of current
arc characteristics within a period, we choose the 0.1 AC
frequency period (2 ms) as the window length. The window
slides with the minimum indexing value of the AC frequency
period (1 ms), the data overlap rate is 50%, as shown in Fig.8.

windowl window2 oo discard
(e, fpoooon 5
mk —> <2ms <}
T T T, S =
I\ Overlap Ims

2

20
Time[ms]

FIGURE 8. Data frame and window processing.
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Redundant data will not be used, and there won’t be a lot of
calculating strain(pressure).

Standard MFCC parameters can only reflect the static
characteristics of the signal. Arc faults are highly random,
and their dynamic characteristics change dramatically due to
the influence of various factors on the combustion state [18].
For random signals, the combination of dynamic and static
characteristics can effectively improve the recognition effect.
The combination of dynamic and static characteristics can
effectively improve the recognition effect [19]. The difference
calculation can be performed using the following formula:

Ciy1 — G, t<K

b k(Crk—Crk)

k=l TR others
e ®

C — G, t>0—-K

where ¢ represents the serial number of dynamic parameters,
dt and C; represent the first-order difference and the Ceptral
coefficient when the serial number is . Q represents the order
of the Ceptral coefficient. K represents the time difference of
the derivative, which can be taken as 1 or 2.

IV. METHODOLOGY: ARC_MFCC

Arc fault detection has high real-time, high reliability, and
fulfill the distribution requirements. In order to meet the
requirements, the proposed method must be implemented
on Low computing power platform, otherwise it will not
have significant impact on the practical applications. The
improved MFCC can extract the characteristics of arc faults
according to their inherent characteristics. However, MFCC
is generally composed of multiple parameters, it is difficult
for human eyes to find the law of its characteristics, so it
is difficult to set the judgment standard artificially, and the
accuracy is also difficult to guarantee.

A new method is needed to use the improved MFCC
parameters to achieve arc fault detection. At present, the most
advanced algorithm uses a deep neural network to identify
series fault arcs. Deep learning is a new research direction
in machine learning. Deep learning has excellent adaptive
characteristics and unparalleled data processing power, suit-
able for processing improved MFCC parameters. Therefore,
neural network is selected to cooperate with the improved
MECC to identify and judge the arc fault features.

A. DATA PREPROCESS AND MAKE THE ARC_MFCC
DATASET
The 100 kHz raw data collected by the arc data acquisi-
tion system is considered as a first-level data set. The most
fundamental prerequisite for using deep learning algorithms
for training and recognition is that all input data must be
consistent. As a result, the original data must be divided into
equal-length segments and processed. The inherent power
frequency period (20 ms) of ac electrical signals makes them
a good choice.

The MFCC approach can attempt to overcome the circum-
stance where the power frequency period is the smallest Data

VOLUME 10, 2022



Y. Wang et al.: Novel Series Arc Fault Detection Method Based on MFCC and Fully Connected Neural Network

IEEE Access

processing unit because it relies on the spectrum analysis of
the signal but disregards its time-domain waveform. After the
arc fault occurs, some phenomena such as flat shoulder and
high current slope at zero crossing point can occur[citation].
The 20 ms window must include all the characteristics of
an arc fault, including two flat shoulder phenomena. The
10 ms window guarantees that it includes a complete flat
shoulder or part of each of the two flat shoulders [20]. The
duration of the two flat shoulder parts is still a complete flat
shoulder phenomenon duration. There are still enough visual
arc features in the signal segment. It is worth mentioning
that 10 ms is the minimum window length to ensure that
the window covers a complete flat shoulder phenomenon
duration. Therefore, the secondary data set was made by data
segmentation of 10 ms.

The improved MFCC method is used to process the data
of the secondary data set. The final ARC_MFCC data set
is obtained. The final dataset consists of 56,420 samples,
including 29,045 arc samples and 27,375 non-arc samples.

Arc current waveform

20ms length

5ms length

current[A]

0 5 10 15 20 25 30 35 40
time[ms]

FIGURE 9. Comparison of different data segmentation duration.

B. NEURAL NETWORK MODEL

The improved MFCC increases data processing steps, which
will consume extra computing time [21]. However, the arc
fault features are effectively extracted from the data processed
by the improved MFCC, it is not necessary to entirely rely on
the neural network model to extract features, so a relatively
simple network model can be adopted. Convolutional pooling
and other operations can significantly increase the amount
of computation. If such steps can be omitted in the simpli-
fied network model, the computing time can be effectively
reduced [10], [22].

A deep learning neural network model is proposed based
on the fully connected network. The improved MFCC param-
eters are used as the neural network input to carry out adaptive
recognition of arc fault features. In order to enable the data to
be input to the fully connected layer, a layer of flattened pro-
cessing is required for the data. Then the model uses a fully
connected 4-layer neural network, in which the first three
layers with 128, 64, and 32 neurons, respectively. The fourth
fully connected layer uses the Softmax function to achieve
multi-state classification. The input signal passes through the
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influence of the corresponding weights and Relu function of
the first three fully connected networks and then passes to
the next layer. The TensorFlow framework implements the
arc fault detection model.

This section describes experimental results to evaluate
the performance of the proposed ARC_MFCC method.
Databases containing both Arc and non-arc samples were
used in all experiments. Samples from the test dataset do not
appear in the training or validation dataset.

ARC_MFCC model is trained with the ARC_MFCC
dataset. Although the amount of data is relatively large, it can
be automatically marked with and without an arc. The data
set was randomly split, 75% of the data was used for training,
15% for testing, and 10% for validation. The number of
labels corresponding to the load and their respective training,
verification, and test samples is shown in TABLE 3.

>>'>>>

128 61 32

Tnput data Flatten fully-connected Softmax output
3-layer second category

FIGURE 10. The network architecture of the ARC_MFCC.

The neural network model of ARC_MFCC is implemented
on the TensorFlow backend using Keras. The model uses
an adaptive learning rate strategy to train 200 iterations at
a batch size of 100 and monitor *“Validation loss” at an
adaptive learning rate of 10 patience. The initial learning rate
is set to 0.0001, and the minimum learning rate is 0.00001.
The training and validation accuracy diagrams are shown in
Figl1. According to the arc and normal load current classi-
fication results, the maximum arc fault detection accuracy
of ARC_MFCC is 99.34%. Fig.12. provides the confusion
matrix of ARC_MFCC for arc fault detection results.

Train History

0.98

0.96 +

accuracy

£
©
=

— Train
0.90 4 Validation

0 10 20 30 a0 50
Epoch

FIGURE 11. Training accuracy chart.

The number in the square represents the proportion of each
part. 0.90% of the samples with arc were judged to have no
arc, and 0.40% of the samples without arc were judged to
have an arc. The color of the square represents the number of
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TABLE 3. ARC_MFCC dataset.

Signal Training Test Validation Total
Load type The label
types Samples Samples Samples Samples
. arc 0 3436 687 458 4581
Resistive load
normal 1 3461 692 462 4615
. arc 0 1876 375 250 2501
air compressor
normal 1 1733 347 231 2311
arc 0 1171 234 156 1561
Vacuum cleaner
normal 1 1962 392 262 2616
arc 0 2639 528 352 3518
Fluorescent lamp
normal 1 1823 365 243 2431
L arc 0 818 164 109 1091
Dimming light
normal 1 1793 359 239 2391
electronic switch arc 0 4343 869 579 5791
mode power supply 15 1 1628 326 217 2171
electric hand tool arc 0 750 150 100 1000
(drill) normal 1 1756 351 234 2341
o arc 0 1460 292 195 1946
Electric iron
normal 1 1456 291 194 1941
. arc 0 1517 303 202 2023
Electric kettle
normal 1 1010 202 135 1346
. . arc 0 1500 300 200 2000
air conditioner
normal 1 1808 362 241 2411
. . . arc 0 518 104 69 691
Disinfection cabinet
normal 1 346 69 46 461
arc 0 1756 351 234 2341
Halogen lamp
normal 1 1756 351 234 2341
Total number of samples= 42316 8464 5642 56420

Normalized confusion matrix

True label

NO_ARC

ARC NO_ARC
Predicted label

FIGURE 12. Confusion matrix.

samples in proportion to the population. The darker the color,
the bigger the proportion.

In addition, models can be evaluated using performance
metrics such as accuracy, precision, recall, and FS scores
in machine learning-based classification systems. These per-
formance indicators were calculated using the parameters
shown in TABLE 4. The accuracy of ARC_MFCC detec-
tion is 99.62%, the Recall is 99.10%, and the accuracy of
arc detection is 99.34%. The F0.5 score of the model was
99.52%, and the F0.95 score was 99.37%. The high accuracy,
recall rate, and accuracy values verify that ARC_MFCC is a
good model for arc fault detection.
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TABLE 4. Precision, recall, & accuracy of ARC_MFCC.

Predicted Class
@ Arc Normal Total
8 Arc 2879 26 2905
S | Normal 11 2726 | 2737
< Total 3477 2882 5642
Precision= 99.62%
Recall= 99.10%
Accuracy= 99.34%

C. COMPARISON OF DIFFERENT DATASETS

According to the above section, the shorter the data segmen-
tation length is, the fewer arc fault features are included.
In addition, when the segmentation length is less than 10 ms,
any part of the flat shoulder phenomenon may not be included
in the window due to the location. However, a shorter data
segmentation means faster arc fault response and more arc
fault judgment times. Five data sets are created, as shown
in TABLE 4, to test the effects of various data segmentation
lengths and the presence or absence of dynamic parameters
on ARC MFCC arc fault detection methods.
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Four different data sets based on the improved MFCC
method are obtained through different data segmentation and
whether dynamic parameters are added. Data sets processed
by the original MFCC method are also made for comparison.
The models are retrained for different datasets, and the hyper-
parameters are fine-tuned to suit each dataset.

As the length of data segmentation decreases, the decrease
in accuracy is evident and expected. Because the decrease of
data segmentation length leads to the loss of some critical arc
features in the window, which affects feature extraction and
makes the arc fault features less evident, it is easy to con-
fuse with non-arc samples. Secondly, from the perspective of
identification accuracy, the addition of dynamic parameters
also improves the method’s accuracy, which also conforms
to the randomness of arc faults. In TABLE 5, the decrease
in accuracy is generally accompanied by a decrease in the
amount of data per frame, which also means that the model
can calculate results faster and the calculation pressure is
low. Since complete identification accuracy has already been
attained in the case of 10 ms, the accuracy does not consider-
ably increase even though the amount of data in each window
grows with the addition of 20 ms. The parameter composition
of the standard enhanced MFCC parameters combined with
dynamic parameters under the 10 ms is best appropriate
for the ARC MFCC method when accuracy and calculation
pressure are taken into account holistically.

TABLE 5. Accuracy under different datasets.

Data
Data . i
. . points Recognition
segmentation kinds of dataset
per accuracy
length
sample
Standard Improved MFCC 32 90.97%
5 ms Standard Improved MFCC +
Lo 64 92.29%
first derivative
Standard Improved MFCC 72 93.29%
Standard Improved MFCC +
10 ms L. 144 99.34%
first derivative
Original MFCC 72 74.12%
Standard Improved MFCC 152 98.08%
20 ms Standard Improved MFCC +
304 99.53%

first derivative

V. IMPLEMENTATION ON REAL-TIME COMPUTING
PLATFORM

Arc faults may occur in any position of the power grid at any
time, and their randomness is extreme. Therefore, if we want
to effectively reduce arc fault damage, we need to widely
install AFDD, which called the distributed nature of arc fault
protection. Since it needs to be used in large quantities,
the cost of a single AFDD can’t be too high. Therefore,
the arc fault protection method should realize accurate arc
fault detection on an embedded real-time computing platform
with low cost, low computation power, and small volume.
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If the method can’t meet the above requirements, its practical
application value will be significantly reduced.

At the beginning of the design, the ARC_MFCC method
takes reducing the calculation pressure and ensuring accuracy
as the basic requirements. In order to demonstrate its practica-
bility, the implementation scheme based on the raspberry PI
4B embedded platform are proposed. The above experiments
show that the 10 ms segmentation length can ensure high
accuracy of arc fault detection and will not lead to excessive
data volume. Therefore, the method verification based on
the embedded platform adopts the 10 ms data segmentation
length.

A. IMPLEMENTED ON RASPBERRY PI 4B

The raspberry PI14B features a high-performance 64-bit quad-
core processor, up to 4 GB of RAM, and a wealth of 1O ports,
enabling it to quickly and flexibly process data and control
peripheral devices.

The standard neural network model is complicated and
takes a long time. TensorFlow Lite provides support for run-
ning the TensorFlow model on a variety of devices. Tensor-
Flow Lite can be used to convert the model to a particular
format that reduces model file size and introduces optimiza-
tions without compromising accuracy, thus reducing model
computation time without compromising accuracy.

FIGURE 13. Hardware wiring diagram based on raspberry Pl 4B.

In reality, series fault arc is usually caused by cable insu-
lation aging damage, poor contact, or broken line [23], and
carbonized cables can better mimic the situation of arc fault
in the actual process [24]. Based on using the arc generator,
we also used the cable equipment to generate arc to verify
our hardware equipment, which can be more suitable for the
actual arc fault scenario. When the raspberry PI 4B detects
an arc fault, it can send a trip signal to the external tripper.
Each sample takes an average of 4.2 ms to run the test on
the raspberry PI 4B, indicating that it can process all received
data in time without causing data loss. The twelve loads in the
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Tripping fime:67ms

Tripping time:68ms

electronic switch power load(6.44A)
Tripping time:171ms

Resistive load(20A)

Tripping time:63ms

Vacuum cleaner(4.52A) Halogen lamp(4.73A)

(a) Current signal and trip signal sampling and tripping equipment

Hardware tripping signal |

20 504

current{A]

o
current{A]
|
o
S e
—

-80 60 40 20 0 20 40 60 80 100

time[ms] time[ms]
Resistive load(20A) electronic switch power load(6.44A)
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o
current{A]

o
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(b) Current waveform acquired on the arc data acquisition system

time[ms]
Halogen lamp(4.734)

FIGURE 14. Actual arc fault test diagram.

TABLE 6 represent four typical load types (resistible load,
Power electronics load, motor type load, and gas discharge
load), all of which can trip within the IEC 62606 standard

time requirements.

B. COMPARISON OF ARC_MFCC ATTRIBUTES WITH
PRIOR METHODS

The ARC_MFCC method is compared with the existing

methods from the following aspects:

TABLE 7. Comparison of attributes with prior methods.

-80-60-40-20 0 20 40 60 80 100120140160180

TABLE 6. Trip times for different loads.

Current Tripping time[s
number Load type " pping Is]
[A] 1 2 3
2.61 0.541 0.288 0.405
. 5.03 0.257 0.330 0.343
01 Resistive load
17.13 0.044 0.042 0.045
30.46 0.033 0.032 0.039
02 air compressor 5.51 0.070 0.068 0.090
03 Vacuum cleaner 4.68 0.055 0.062 0.057
Fluorescent
04 3.26 0.141 0.146 0.119
lamp
05 Dimming light 2.66 0.163 0.169 0.128
electronic switch
06 mode power 6.69 0.068 0.056 0.062
supply
electric hand
07 tool (drill) 5.99 0.048 0.045 0.054
08 Electric iron 4.56 0.040 0.045 0.043
09 Electric kettle 8.20 0.042 0.055 0.044
10 air conditioner 6.82 0.070 0.081 0.078
Disinfection
11 . 3.65 0.045 0.046 0.053
cabinet
12 Halogen lamp 5.02 0.146 0.129 0.142
1) Can the detection method detect arc faults under

2)

3)

more loads? Is high accuracy achieved even under
high-frequency signal interference?

Whether the layout of the method on the embedded
platform is realized, and whether the arc fault can be
detected and the arc current can be cut off in time under
the actual situation? Furthermore, offer more than one
option?

Is the method simple in practical application? Do addi-
tional hardware support and algorithms need to be
implemented?

The respective characteristics of the ARC_MFCC method

and

other methods are illustrated in TABLE 7. The

ARC_MFCC method still guarantees an accuracy of 99.34%

even

with 12 loads from standard requirements and common

household appliances, providing more excellent protection

and closer to the actual situation than other methods. Thanks

Particulars Wenchu Li ez al. [8] Kai Yang et al. [7] Joshua E. Siegel et al. ArcNet (previous | ARC_MFCC
[10] work) [9] (proposed)
Method framework Based RNN proposed | TDV-CNN (temporal | Deep Neural Networks | Applied CNN | Improved MFCC
a series arc fault | domain visualization | (DNNs) taking DWT, | based network | combined with
diagnosis and line | convolutional neural | MFCC, and DFT as input directly to the raw | neural network
selection method network methodology) data without
processing it
Max. detection accuracy 98.7% 98.7% 99.95% 99.47% 99.34%
Number of types of loads 1(Mainly for motor) 5 4 8(in 4 groups) 12
Suitable for industrial MCU | No No Raspberry Pi 3B Raspberry Pi 3B Raspberry Pi 4B
Runtime on industrial MCU | - - 18 ms (200 ms sampling 31 ms (20 ms 4.2 ms (10 ms
time) sampling time) sampling time)
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to the lower computational pressure, we can successfully
layout the ARC_MFCC method on the real-time computing
platforms. The arc current can be faster detected and cut off in
actual application, which provides a foundation for others to
apply this method or make improvements. Compared with our
previous work (ArcNet), this method does not need the zero-
crossing reference signal of the current cycle. It does not need
to mark the load type of samples, so it is more convenient for
making data sets and practical applications.

VI. CONCLUSION

In this paper, a hybrid arc fault detection method is pro-
posed, which is based on the improved MFCC, and a fully-
connected neural network model called ARC_MFCC. Arc
current signals are analyzed in time and frequency domains
under twelve test conditions according to IEC 62606. As a
result, the current components within a bandwidth of 3 kHz
to 7 kHz are used for arc fault detection. An arc tangent-based
core filter is employed for the MFCC to make it focus on
the arc features. Moreover, a data segmentation window of
10 ms and first-order derivative processing is applied for the
MFCC-based algorithm, which can improve the computation
efficiency. A lightweight fully-connected neural network of
three layers is followed to distinguish the arc fault from
normal operation. As a verification result, the ARC_MFCC
can achieve an accuracy of 99.34%. Finally, the proposed
method is implemented by Raspberry pie 4B. Test results
show an average running time of about 4.2 ms, which can
meet the protection requirements of IEC 62606.
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