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Abstract: In recent years, electrical fires caused by arc faults have been increasing, seriously affect-
ing the safety of people’s lives and property. Considering the complex arc fault characteristics of
actual low-voltage users, the non-intrusive arc fault detection and localization method is studied.
First, the characteristics of arc current waveforms are analyzed, and event detection based on the
Mann–Kendall Test is performed for the difference between the current waveforms of two adjacent
cycles, rather than using the current waveforms directly. Then, the current waveforms of the two
segments are calculated via subtraction to obtain the current waveform of the electric appliances
causing the event. A current feature parameter database of the normal and arc currents is constructed
via harmonic analysis, and a multi-appliance current decomposition model considering the sparse
operation characteristics of appliances is established; thus, the arc localization problem is transformed
into an optimization problem. Finally, a genetic algorithm is used to optimize the differential current
decomposition results, and then, locate the arc fault. A household arc fault simulation experiment is
carried out for the common electric appliances of actual low-voltage users. The experimental results
show that the proposed non-intrusive arc fault detection and localization method is effective.

Keywords: arc fault detection and localization; series arc; non-intrusive; Mann–Kendall Test;
current disaggregation

1. Introduction

With the development of society, people’s electricity consumption has increased greatly.
As a result, a large number of electrical fires occur frequently, causing huge economic losses
and casualties, which seriously threatens the safety of people‘s lives and property [1]. Long-
term overload operation or poor electrical connections, aging electrical lines or equipment
insulation layers and the breakdown of the insulation medium can all lead to arc faults [2].
The power supply lines of modern buildings are usually located inside the walls and
floors, and electrical equipment such as lighting fixtures and central air conditioners are
also embedded in the decoration boards, which brings great difficulty to the maintenance
and detection of wires, making them electrical fire hazards. When an arc fault occurs,
the temperature of the fault point will reach thousands of degrees Celsius [3], melt the
surrounding metal and ignite nearby combustibles, causing electrical fires, and may even
involve other lines, leading to large-scale blackouts of regional power distribution systems,
explosions and other serious incidents. A large number of studies show that arc faults in
low-voltage distribution lines are the main cause of electrical fires. Therefore, it is of great
significance to study the detection and localization methods of arc faults in low-voltage
distribution systems.

The hidden danger of arc faults may be distributed in the whole low-voltage distribu-
tion system. Arc faults can be divided into three types: series arc faults, parallel arc faults
and ground arc faults [4,5]. Parallel arc faults will lead to an increase in the main circuit
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current, and the fault current of a grounding arc fault flows from the wire to the earth, form-
ing a leakage current loop. Therefore, these two types of arc faults are easily detected by
traditional protection devices. A series arc is equivalent to a nonlinear resistive component,
and a arc in series with the load will lead to an increase in the total load impedance in the
main circuit. When a series arc fault occurs, the current in the circuit is less than the load
current under normal operation, and there is no ground leakage current, which makes it
difficult or impossible for the traditional circuit breaker or fuse to operate [6,7].

At present, to solve the problem of how to detect series arc faults, many scholars
mainly study the following three aspects: The first is based on mathematical models that
describe dynamic changes in the series arc through mathematical equations, including the
Cassie model [8], the Mayr model [9] and various models that improve upon them [10–15].
Due to the randomness and aperiodicity of series arc faults, there are no arc mathematical
models that can accurately describe the current waveforms of the series arc faults under
various working conditions. Therefore, the methods based on mathematical models mostly
stay in the simulation stage. The second aspect is based on the arc’s physical characteristics,
such as arc light, sound, electromagnetic radiation, etc. [16–18]. This type of detection
methods use advanced sensing technology to realize intelligent diagnosis of the series arc
fault. Because the installation position of the detection sensor is fixed, it is only suitable
for detecting series arc faults in a fixed position. The third aspect is based on arc voltage
and current characteristics, and is the mainstream research direction of series arc fault
detection. When an arc occurs, the electrical signal waveforms will be more distorted. Arc
fault detection can be achieved by extracting appropriate features and comparing them
with normal values. Commonly used features include time domain characteristics such as
current fluctuation features and zero-current feature [19]; inter-period correlations between
the current [20], current average and current pole difference [21]; the current amplitude
spectrum [22]; the symmetry of the voltage waveform [23]; sparse coding [24], etc. In
addition, some studies deal with the current signal using signal analysis methods to obtain
the feature vector and construct the mapping relationship between the feature vector and
the series arc fault. By inputting the feature vector into the classifier, such as a support
vector machine [25], a convolutional neural network [26], a recurrent neural network [27],
random forest [28], etc., an arc fault identification model is established. Commonly used
signal analysis methods include Fourier transform [29], Chirp Z-Transform [30], wavelet
transform [31], empirical mode decomposition [32], etc. However, it is difficult to extract
common features of loads and determine the feature thresholds of different loads. In
addition, most of the existing methods can only judge whether there is a series arc fault
in simple load scenarios, and it is difficult to detect in complex scenarios. The arc fault
detection equipment needs to be deployed on the socket of each electric appliance, which
is difficult to implement in reality. Few methods can directly realize arc fault detection,
identification and localization at the entrance of the user ‘s residential power supply.
Reference [33] proposes an arc feature extraction method suitable for complex scenarios,
and it was proven that the features extracted from the aggregated current can be used to
identify electric appliances that produce an arc fault. In reference [34], a non-intrusive
arc fault detection and localization method is proposed. A current waveform database
of normal and arc fault electric appliances is constructed, and the aggregated current at
the power supply entrance is decomposed in real time to detect and locate the arc faults.
Reference [35] proposes a two-step method for series arc fault detection and localization,
based on the MVC50 feature vector, but it is difficult to collect the arc voltage signal using
this method, and it is prone to wrong localization for the same types of electric appliances.

In this paper, in order to improve the calculation speed and the accuracy of non-
intrusive series arc fault detection, a novel non-intrusive series arc fault detection and
localization method based on the Mann–Kendall Test and current decomposition is pro-
posed. The event is detected in terms of current waveform change, and then, the differential
current before and after the event is obtained. The differential current is decomposed to
detect and locate the arc. The main contributions are as follows:
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• A current event detection method is proposed. For the first time, we introduce the
Mann–Kendall Test for series arc fault detection. The difference in current waveforms
between two adjacent cycles is used instead of using current data directly for event
detection. The differential current is decomposed only after the event is detected,
which improves computational efficiency.

• A non-intrusive arc detection and localization model based on differential current de-
composition is constructed. The decomposition of the differential current can not only
accelerate the operation speed, but also takes into account situations wherein multiple
electric appliances change their states at the same time, which reduces false positives.

• The method is verified in physical experiment scenarios. In order to realize the non-
intrusive detection of arc faults in complex scenarios, a physical arc fault experimental
platform is built to collect aggregated current and terminal voltage data when multiple
electric appliances are running at the same time, and the practicability of the proposed
method is verified.

The rest of this paper is organized as follows: In Section 2, the current event detection
method based on the Mann–Kendall Test is introduced. On this basis, In Section 3, a
calculation method for differential currents is proposed and the current decomposition
model proposed in this paper is introduced in detail. Section 4 introduces the framework
of this method. Then, the experimental results are presented and analyzed in Section 5.
Finally, Section 6 summarizes the paper.

2. Current Event Detection Method
2.1. Analysis of Arc Current Characteristics

In order to analyze the characteristics of arc faults and construct a sample database
of series arc faults in common electric appliances, we built a physical arc fault generator,
which can generate series arc faults under various appliances’ operating conditions, and
record the arc fault current waveform. Figure 1 is a schematic diagram of arc fault current
waveform data acquisition, in which the arc fault generator is built according to the UL1699
standard [36]. The arc generator consists of a movable electrode and a fixed electrode. The
arc current waveforms are generated by connecting different appliances and controlling
the gap between the two electrodes.
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Figure 1. Schematic diagram of arc fault data acquisition.

In the household, there are a variety of electric appliances that can usually be divided
into the following types: resistive appliances, inductive appliances and appliances with the
switching power supply. In this paper, we selected three corresponding typical appliances
for our research: an electric kettle, an air conditioner and a laptop, respectively. Their
rated parameters are shown in Table 1. According to the above arc fault data acquisition
schematic, we carried out experiments and recorded the current and voltage data of each
appliance under its normal and arc fault operations. The data sampling frequency was
25 kHz. Figure 2 shows the normal current waveforms and arc fault current waveforms of
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the three appliances. It should be noted that the voltage data were measured at the power
supply for all appliances under different conditions, that is, 220 V/50 Hz, so the voltage
waveform is not displayed in detail.

Table 1. Rated parameters of the three electric appliances.

Appliances Rated Voltage Rated Power

Electric kettle 220 V 1800 W
Air conditioner 220 V 1300 W

Laptop 220 V 90 W
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Figure 2. Appliance current waveforms with and without arc.

It can be seen that the current waveform is periodic when the appliance is under
normal operation. However, when the arc fault occurs, the arc current of the kettle has
obvious current-zero characteristics. The arc current of the air conditioner is no longer
periodic, and the current waveform has a large range of distortion with different amplitudes.
The arc current of the laptop fluctuates irregularly, and there are large differences between
adjacent cycles. Additionally, a large number of burrs appear, and the proportion of
sampling points near the zero value increases. In summary, when a series arc fault occurs,
the arc current waveform has obvious characteristics. That is, there will be asymmetry
of the periodic waveform, a current-zero phenomenon, a high occurrence of high-order
harmonics, and a large change rate of waveforms.



Energies 2023, 16, 3988 5 of 16

2.2. Event Detection Method Based on the Mann–Kendall Test

At present, some scholars use time series analysis algorithms, such as approximate
entropy [37] and sample entropy, to detect current events, but these algorithms are affected
by parameters and window size, and the calculation time is long. Mann–Kendall Test [38]
is a trend analysis method often used in hydrological, meteorological and geoscience time
series to detect the time of abrupt climate change. The Mann–Kendall Test does not require
the data samples to follow a certain distribution, and is not disturbed by a few outliers. It is
a nonparametric time series detection method that is simple in calculation and insensitive
to data boundaries. The principle of the Mann–Kendall Test is as follows:

For a time series X (x1, x2, . . . , xn) with n samples, a rank sequence sk is constructed:

sk =
k

∑
i=1

ri, (k = 2, 3, · · · , n) (1)

ri =

{
+1
(

xi > xj
)

0
(
xi ≤ xj

) j = 1, 2, · · · , i (2)

It can be seen that the rank sequence sk is a cumulative count of the number of values
at time i that are greater than the number at time j. Assuming that the time series is
stochastically independent, we can define the statistics as follows:

UFk =
[sk − E(sk)]√

Var(sk)
(k = 1, 2, · · · , n) (3)

where UF1 = 0, E(sk) and Var(sk) are the mean and variance of the cumulative count sk. When
x1, x2, . . . , xn are independent of each other and have the same continuous distribution,
they can be calculated using the following formula:

E(sk) =
n(n + 1)

4
, Var(sk) =

n(n− 1)(2n + 5)
72

(4)

UFk is a standard normal distribution. It is a series of statistics calculated by time
series x1, x2, . . . , xn.

According to the reverse order of time series X, that is xn, . . . , x2, x1, the above process
is repeated, and UBk = −UFk, k = n, n − l, . . . , 1, UB1, = 0. When the UF and UB curves
intersect at a point in the confidence interval, the time of intersection corresponds to the
timestamp of time series mutation.

In this paper, the Mann–Kendall test is performed using the difference between the
current waveforms of two adjacent cycles (Dc) rather than directly using the current time
series. The calculation formula to determine the difference between the current waveforms
of two adjacent cycles is as follows:

Dc =
1
N

N

∑
j=1
|∆ik(j)| (5)

∆ik(j) = ik(j)− ik−1(j) j = 1, 2, · · · , N; k = 2, 3, · · · , M (6)

where N is the number of sampling points per current cycle, the number of cycles is M, and
the current sampling values for two adjacent cycles are ik−1 and ik, respectively.

Figure 3 shows the value of Dc in some scenarios. (a)–(c) represent the Dc value
without and with the arc when only one single electric appliance is operating. (d) shows the
Dc value of the aggregated current with an arc on the common branch under the operation
of multiple appliances. It can be seen that the Dc values of different appliances are relatively
stable at a small value under normal operation. However, when a series arc fault occurs,
the magnitudes are much larger with large fluctuations. When an arc occurs, the value of
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Dc suddenly increases, so the Mann–Kendall test can be carried out for Dc, so as to obtain
the timestamp of when the current changes suddenly.
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Figure 3. Values of Dc under normal and arc fault conditions of different appliances.

According to the principle of the Mann–Kendall Test, event detection is conducted for
Dc, which is extracted from the aggregated current measured at the power supply entrance,
and the event detection results are shown in Figure 4. In this paper, the significance level
for the Mann–Kendall Test is set to 0.01. By comparing Figures 3 and 4, it can be found
that the errors of the event detection results are small, and the current mutation points
can be accurately located. Current event detection provides a basis for differential current
extraction and current decomposition in the next section.
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Figure 4. The event detection of Dc in Figure 3 based on Mann–Kendall Test.

As shown in Figure 5, the sudden changes in the aggregated current can be divided
into two cases: case 1 is where the electric appliance operates under normal conditions at
the beginning and a sudden arc fault occurs, resulting in distortion of the current waveform;
case 2 is where a certain electric appliance turns on or off, and the current suddenly increases
or decreases. The event detection examples shown above belong to case 1. For case 2,
when a normal electric appliance is turned on or off, the value of Dc will not have a large
change, so no arc event will be detected, which will not affect the arc detection. If the
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branch where the switched electric appliance is located has a potential arc hazard, the Dc
value will suddenly increase. The event detection results in this case are similar to those in
case 1 mentioned above, so we do not show them in this paper.
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3. Arc Detection and Localization Based on Differential Current Decomposition
3.1. Differential Current Extraction

The aggregated current at the power supply entrance is superimposed by the current
waveforms of many electric appliances in the household. If the aggregated current is
directly decomposed, it is not only slow in calculation, but also prone to false detection and
missed detection. Therefore, this paper proposes an arc detection and localization method
based on the decomposition of the differential current, which calculates the difference
in the currents before and after an event. In most cases, only one appliance changes its
operating state and generates an event in a relatively short period of time, but there are
also cases where multiple appliances change their operating states at the same time, such
as turning on a plug socket that connects multiple appliances. So, the differential current is
only the current of the appliances that generate events, and in most cases, it corresponds
to a single appliance; in few cases, it is the superimposed current of multiple appliances,
but generally not all of the appliances in the house. Therefore, the decomposition of the
extracted differential current can not only improve detection accuracy, but also reduce
calculation time.

Considering that the Mann–Kendall Test-based event detection method introduced
in the previous section inevitably has some errors, we select 20 cycles before and after the
mutation point, respectively, as shown in Figure 6. We divide these 40 cycles into an error
elimination area and a differential calculation area, and each area includes 20 cycles. The
differential current is obtained by subtracting the cycles in the differential calculation area
before and after the mutation point. The differential current consists of ten current cycles.
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The principle of differential current calculation is as follows: firstly, find the two
corresponding groups of 10 voltage waveforms in the differential calculation area. In order
to ensure that the current waveforms I2 and I1 can be directly subtracted in the time domain,
their voltage phase angles should be the same. So, we align the positive zero-crossing
points of the two groups of the first voltage waveform before and after the event, and under
this condition, the difference in the current before and after the event can be obtained by
subtracting the corresponding current waveform values in turn. The differential current
calculation formula is expressed as follows:

Ievent = I2 − I1 (7)

where Ievent is the differential current, I2 is the current waveform selected after the event,
and I1 is the current waveform selected before the event.

When the event is caused by an electric appliance being turned on, that is, it belongs
to case 2 mentioned in Section 2.2, the following applies:

I2 = I1 + Iopen, Ievent = I2 − I1 = Iopen (8)

where Iopen is the current of the electric appliance being turned on.
When the event is caused by an arc fault related to the electric appliance being turned

on, that is, it belongs to case 1 mentioned in Section 2.2, the following applies:

I2 = Iother + Iarc, I1 = Iother + Inormal (9)

where Iother is the superimposed current of the appliances, other than the appliance generat-
ing the event, Inormal is the normal current of the appliance generating the event, and Iarc is
the arc current of the appliance generating the event.

The differential current is as follows:

Ievent = I2 − I1 = Iarc − Inormal (10)

3.2. Arc Current Disaggregation and Fault Localization

It can be seen from Figure 2 that the current waveforms are different for different
electric appliances, and are also significantly different for the normal and arc states of the
same appliance. Therefore, by extracting the current features of different appliances in
normal and arc fault states and distinguishing them, the arc fault can be identified, as can
the corresponding electric appliances. In this paper, a differential current decomposition
model is proposed. By converting the arc detection problem into an optimization problem,
the principle is as follows [34]:

The current of an electric appliance can be decomposed into:

ia(t) = ∑
∀k∈N∗

αk,a• cos(kωt + θk,a) (11)

where ia(t) is the appliance current, a represents the appliance, k = 1, 2, . . . , kω represents
the angular frequency of the kth harmonic component in the current, αk,a is the amplitude
of the kth harmonic content, and θk,a represents the initial phase angle of the k-th harmonic
component.

The model in (11) can be used to describe the current waveform generated by any
appliance under a certain operating state. However, under actual working conditions, the
aggregated current often contains m different appliances. At this time, the aggregated cur-
rent can be approximately estimated through the linear superposition of the m appliances’
currents:

I(t) =
m

∑
a=1

(
δa•ia(t) + βa•i′a(t)

)
(12)
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where ia(t) and i
′
a(t) are the current waveforms generated by the appliance a under normal

and arc fault conditions, respectively, δ ∈ {0,1,−1} and β ∈ {0,1,−1} are the operating state
parameters of each appliance, and −1 ≤ δa + βa ≤ 1 for any appliance. Additionally, if
δa = −1, then βa = 1.

Let δ = [δ1, δ2, . . . , δm] and β = [β1, β2, . . . , βm]. According to Formula (11), (12) is
expressed in matrix form as follows:

α1,I∠θ1,I
α2,I∠θ2,I

...
αk,I∠θk,I

 =


α1,1∠θ1,1 · · · α1,m∠θ1,m α′1,1∠θ′1,1 · · · α′1,m∠θ′1,m
α2,1∠θ2,1 · · · α2,m∠θ2,m α′2,1∠θ′2,1 · · · α′2,m∠θ′2,m

... · · ·
...

... · · ·
...

αk,1∠θk,1 · · · αk,m∠θk,m α′k,1∠θ′k,1 · · · α′k,m∠θ′k,m


[
δT

βT

]
(13)

where m is the number of electric appliances in operation. Since I(t) is the measured
aggregated current, αk,I and θk,I are known quantities, and they are the amplitude and
phase angle of the kth harmonic of the aggregated current, respectively, which can be
obtained via online measurement; αk,m, α

′
k,m, θk,m and θ

′
k,m are the amplitude and phase

angle of the kth harmonic of the electric appliance m under normal operation and arc fault,
respectively, and they can be obtained based on experiments. So, only δ and β are unknown.
Equation (13) can be simplified as I = A•H; A is the current feature parameter matrix, which
contains the current waveform information of each appliance under the normal operation
and arc fault states. Additionally, H = (δ, β)T is the state coefficient matrix, which represents
the different operating states of each appliance. Then, the following optimization objective
function can be established:

min
H
‖I−A•H‖2 (14)

where ‖•‖2 is the 2-norm, and H is the unknown vector to be solved.
In order to further improve the decomposition accuracy, according to practical experi-

ence, the sparsity characteristics of appliance operations are integrated into the decomposi-
tion model. Sparsity means that when the measured aggregated current could correspond
to multiple appliance combinations within an acceptable error range, it prefers to fit the
measured values with a combination of a smaller number of appliances, since we use the
differential current for decomposition. In this way, it can avoid overfitting optimization
of the decomposition model (for example, when the model database contains six resistive
loads (Q1, Q2, Q3, Q4, Q5, and Q6), where IQ1 = 10A, IQ2 = 8A, IQ3 = 6A, IQ4 = 5A, and
IQ5 = 4A, IQ6 = 3A. When the actual differential current is 18 A and the harmonic content
is almost zero, the decomposition result after adding the sparsity characteristic is IQ1, IQ2,
rather than IQ3, IQ4, IQ5, IQ6. This is because in reality, the probability of opening four
electric appliances at the same time is very small). Although this characteristic is not always
satisfied in all scenarios, according to the actual test in the existing appliances database,
adding this feature can achieve good results.

In this paper, we use ‖H‖1, which is the number of 1 in the state coefficient vector H to
characterize the appliance sparsity, where ‖•‖1 is the 1-norm. We add ‖H‖1 to the objective
function in the form of a penalty term, aiming to find appliance combinations that are more
in line with engineering practice during differential current decomposition.

Therefore, the decomposition model considering the sparsity of appliance operation is
as follows:

f (H) = ‖I−A•H‖2 + q1‖H‖1 (15)

where q1 is the penalty parameter and q1 > 0.
Therefore, the identification of a normal or an arc state in an appliance is transformed

into the minimization problem shown in Formula (16):

Ĥ = arg min f (H) (16)
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4. Methodology Framework

As shown in Figure 7, the non-intrusive arc fault detection and localization method
proposed in this paper, based on the Mann–Kendall Test and current decomposition,
includes two stages: the model database construction stage and the identification stage.
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In the model database construction stage, a full sample database is constructed by
conducting physical arc fault experiments, which includes the current data of each appli-
ance under normal operation and the arc fault operation at a sampling frequency of 25 kHz.
Then, Fourier harmonic decomposition is performed on the measured current data of each
appliance to extract the key waveform parameters, such as the amplitude and the phase
angle of fundamental wave and each of the harmonic waves. Then, the full model database,
including the current feature parameter matrix A of all the electric appliances under normal
operation and the arc fault operation, is obtained for differential current decomposition in
the identification stage.

In the identification stage, firstly, the aggregated current and terminal voltage data
at the power supply for all appliances is acquired, and then, the Dc of each cycle of
aggregated current waveforms is calculated. Next, event detection for Dc, based on the
Mann–Kendall Test mentioned in Section 2.2., is carried out to find out whether there
is an event. If not, we reacquire the aggregated current and terminal voltage data and
continue to identify the newly acquired data. If an event is detected, the differential current
is obtained by subtracting the current before and after the event, which is mentioned in
Section 3.1. Then, harmonic analysis is carried out to obtain the amplitude αI and phase θI
of the aggregated current fundamental wave and each harmonic wave. Next, the matrix
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form of the aggregated current I is formed, and the A obtained in the model database
construction stage is substituted into Equation (15) to form a multi-appliance differential
current decomposition model. Then, an intelligent optimization algorithm is used to
optimize Equation (16). Finally, the operating state coefficient matrix H of each appliance
is obtained, the arc fault can be judged according to the elements in H, and the appliance
with the arc fault can be located.

5. Results and Discussion

In order to verify the effectiveness and accuracy of the low-voltage series arc fault
detection and localization method proposed in this paper, an experiment on real measured
data was designed. An arc fault generating device was used to generate an arc, and the arc
was connected to a simulated low-voltage power line. The simulated residential electrical
circuit topology and experimental circuit are shown in Figure 8. The kettle, air conditioner
and laptop were, respectively, connected to sockets A, B, and C. The data acquisition device
collected the terminal voltage and aggregated current data on the common branch l0 of
three appliances.
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In this paper, experiments were carried out for different arc fault locations and different
appliance operation combinations. The specific experimental design is shown in Table 2.
In the experiment, an arc occurred in four lines (l0, l1, l2, and l3). According to Section 2.2,
there were two cases of arc events. In the cases of arc events, each arc line and each scenario
in which electrical appliances were running constituted a set of experiments, and there
were 2 × 16 = 32 sets of experiments. Each set of experiments collected 20 s current and
voltage datapoints, including data from before and after the arc event. In order to verify
the reliability of the proposed method, each set of experiments was repeated 50 times. The
experimental data were collected at a sampling frequency of 25,000 Hz in this paper, that
is, each current waveform period was composed of 500 sampling points. The frequency
of the AC power supply was 50 Hz and the voltage was 220 V. It should be noted that the
occurrence of the arc was accompanied by the start event of the electric appliance, so we
only needed to detect the start event, and not the stop event; so, in this paper, we only
filtered out the timestamp when the start event occurred according to the positive changes
in Dc.

In order to obtain the current waveform database under normal and arc conditions,
the arc-generating device was connected in series with a single appliance, and the arc
fault simulation experiment was carried out. The 10 s voltage and current waveform data
of each appliance under normal and arc operations were collected to form a full sample
database. For the normal and arc currents of each appliance in the sample database, Fourier
decomposition was performed to obtain the key waveform parameters and form a current
feature parameter matrix A.
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Table 2. Experimental scenario simulation.

Scenario Number Arc Position Appliances

1

l0

A
2 B
3 C
4 A + B
5 A + C
6 B + C
7 A + B + C

8
l1

A + B
9 A + C
10 A + B + C

11
l2

A + B
12 B + C
13 A + B + C

14
l3

A + C
15 B + C
16 A + B + C

In order to objectively evaluate the accuracy of the proposed method, this paper used
the accurate identification rate of the arc fault (γ) to evaluate the detection and localization
results of the electric appliances with series arcs in each scenario. The formula is as follows:

γ =
R
M
× 100% (17)

where M represents the number of times that the experimental data were collected in each
scenario, that is, M = 50 in this paper, and R represents the number of times that each
scenario was detected and located correctly.

In the above multiple low-voltage user scenarios, the proposed method is verified.
This paper selected the genetic algorithm, which was suitable for dealing with a ‘0–1’
optimization problem to solve the arc detection and localization model. The results of arc
detection and localization in each scenario are as shown in Table 3. It can be seen that the
accuracy of the proposed method is between 86% and 98% for different arc fault scenarios.
Among them, scenario 10 and scenario 16 have the lowest accuracy of 86%. The reason for
the low accuracy of arc fault detection and localization in scenario 10 is that when an arc
occurs in the kettle, the waveform changes little and the arc features are submerged in the
aggregated currents of all the appliances. Additionally, the reason for the low accuracy of
arc fault detection and localization in scenario 16 is that sometimes, no event is detected
because the arc features are submerged in the currents of the high-power appliances, that
is, the kettle or the air conditioner. So, the Dc only changes slightly.

In order to visually display the process and results of arc fault detection and location,
for each set of experiments, one of the 50 experimental data acquisitions was randomly
selected for further demonstration. The experimental results are presented in Tables 4 and 5.
The objective function value (f-val) can be used to measure the difference between the
fitted differential current and the real differential current. The results of differential current
decomposition are represented by numbers. For example, 2 indicates that the air conditioner
is under normal working conditions, and 2′ indicates that the air conditioner is in the
arc state; the decomposition results of each arc scenario are compared with the ground-
truth obtained via pre-labeling. When the arc current result is ‘1’, it indicates that the
corresponding appliance is in the arc state. If only one appliance is in the arc state according
to the results, the arc fault occurs in the direct power supply branch of the appliance. If
multiple appliances are in the arc state according to the results, and other appliances are
in normal working condition, the arc fault occurs in the public power supply branch of
these appliances. The correct decomposition is marked with ‘True’; otherwise, it is marked
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with ‘False’; f-val represents the difference between the fitted differential current and the
ground-truth differential current.

Table 3. Experimental results of arc fault detection and localization.

Case Scenario Number γ Case Scenario Number γ

1

1 94%

2

1 94%
2 94% 2 96%
3 92% 3 92%
4 96% 4 96%
5 98% 5 96%
6 94% 6 94%
7 92% 7 96%
8 90% 8 92%
9 92% 9 90%

10 86% 10 86%
11 92% 11 94%
12 94% 12 92%
13 94% 13 94%
14 96% 14 94%
15 92% 15 94%
16 86% 16 86%

Table 4. Experimental results of case 1.

Scenario Number
Decomposition Results

Location Results f -Val
1 1′ 2 2′ 3 3′

1 −1 1 0 0 0 0 l1/l0 (True) 1.58
2 0 0 −1 1 0 0 l2/l0 (True) 1.32
3 0 0 0 0 −1 1 l3/l0 (True) 0.78
4 −1 1 −1 1 0 0 l0 (True) 2.96
5 −1 1 0 0 −1 1 l0 (True) 0.47
6 0 0 −1 1 −1 1 l0 (True) 0.86
7 −1 1 −1 1 −1 1 l0 (True) 1.53
8 −1 1 0 0 0 0 l1 (True) 2.67
9 −1 1 0 0 1 0 l1 (True) 2.48
10 0 0 0 0 0 0 None (False) None
11 0 0 −1 1 0 0 l2 (True) 1.62
12 0 0 −1 1 0 0 l2 (True) 0.78
13 0 0 −1 1 0 0 l2 (True) 1.41
14 0 0 0 0 −1 1 l3 (True) 1.16
15 0 0 0 0 −1 1 l3 (True) 1.95
16 0 0 0 0 0 0 None (False) None

Table 5. Experimental results of case 2.

Scenario Number
Decomposition Results

Location Results f -Val
1 1′ 2 2′ 3 3′

1 0 1 0 0 0 0 l1/l0 (True) 1.32
2 0 0 0 1 0 0 l2/l0 (True) 0.91
3 0 0 0 0 0 1 l3/l0 (True) 0.86
4 0 1 0 1 0 0 l0 (True) 2.85
5 0 1 0 0 0 1 l0 (True) 0.46
6 0 0 0 1 0 1 l0 (True) 0.77
7 0 1 0 1 0 1 l0 (True) 1.47
8 0 1 1 0 0 0 l1 (True) 3.12
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Table 5. Cont.

Scenario Number
Decomposition Results

Location Results f -Val
1 1′ 2 2′ 3 3′

9 0 1 0 0 1 0 l1 (True) 2.77
10 0 1 1 0 0 1 l0 (False) 4.65
11 1 0 0 1 0 0 l2 (True) 1.21
12 0 0 0 1 1 0 l2 (True) 0.88
13 1 0 0 1 1 0 l2 (True) 1.51
14 1 0 0 0 0 1 l3 (True) 0.98
15 0 0 1 0 0 1 l3 (True) 2.02
16 0 1 1 0 1 0 l1 (False) 3.45

6. Conclusions

The accurate detection and localization of arc faults can eliminate the hidden danger
of electricity in time, which is of great significance for protecting people ‘s lives and
property. Non-intrusive arc fault detection and localization only requires the acquisition
of aggregated currents at the power supply entrance, which provides the possibility for
the large-scale application of arc fault detection. To this end, this paper proposes a novel
non-intrusive arc fault detection and location method based on the Mann–Kendall Test and
differential current decomposition.

Firstly, the arc current waveforms of different appliances are obtained using an arc
fault generator, and the common arc current characteristics are analyzed. Then, in order
to achieve non-intrusive arc detection and localization, we use the Mann–Kendall Test to
detect the aggregated current. After the event is detected, in order to extract the current
of the electric appliances that caused the event, the current waveforms before and after
the event are subtracted after their voltage phases are aligned. Based on the current
decomposition model proposed in this paper, the arc fault detection and localization
problem is transformed into an optimization problem using harmonic decomposition. The
method of decomposing the differential current proposed in this paper can effectively
detect and locate the arc fault, even if multiple electric appliances are turned on at the
same time, and improve calculation efficiency. By solving the optimization problem, the
appliances in series with the arc can be identified. Finally, the experimental results show
that the proposed method has high accuracy for series arc fault detection and localization.
In the future, we will collect the arc data of more electric appliances and construct a more
comprehensive model database to further verify the applicability of the proposed method.
In addition, the current decomposition optimization method will be further studied to
improve the accuracy of the proposed method and reduce the response time.
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23. Kim, J.C.; Neacşu, D.O.; Ball, R.; Lehman, B. Clearing Series AC Arc Faults and Avoiding False Alarms Using Only Voltage

Waveforms. IEEE Trans. Power Deliv. 2020, 35, 946–956. [CrossRef]
24. Wang, Y.; Zhang, F.; Zhang, S. A New Methodology for Identifying Arc Fault by Sparse Representation and Neural Network.

IEEE Trans. Instrum. Meas. 2018, 67, 2526–2537. [CrossRef]
25. Yang, J.H.; Fang, H.Y.; Zhang, R.C.; Yang, K. An arc fault diagnosis algorithm using multiinformation fusion and support vector

machines. R. Soc. Open Sci. 2018, 5, 180160. [CrossRef] [PubMed]
26. Wang, Y.; Hou, L.; Paul, K.C.; Ban, Y.; Chen, C.; Zhao, T. ArcNet: Series AC Arc Fault Detection Based on Raw Current and

Convolutional Neural Network. IEEE Trans. Ind. Inform. 2022, 18, 77–86. [CrossRef]
27. Li, W.; Liu, Y.; Li, Y.; Gao, F. Series Arc Fault Diagnosis and Line Selection Method Based on Recurrent Neural Network. IEEE

Access 2020, 8, 177815–177822. [CrossRef]
28. Jiang, J.; Li, W.; Wen, Z.; Bie, Y.; Schwarz, H.; Zhang, C. Series Arc Fault Detection Based on Random Forest and Deep Neural

Network. IEEE Sens. J. 2021, 21, 17171–17179. [CrossRef]
29. Qu, N.; Wang, J.H.; Liu, J.H. An arc fault detection method based on multidictionary learning. Math. Probl. Eng. 2018, 2018, 1–8.

[CrossRef]
30. Artale, G.; Cataliotti, A.; Cosentino, V.; Cara, D.D.; Nuccio, S.; Tinè, G. Arc Fault Detection Method Based on CZT Low-Frequency

Harmonic Current Analysis. IEEE Trans. Instrum. Meas. 2017, 66, 888–896. [CrossRef]

https://doi.org/10.3390/en13010142
https://doi.org/10.1007/BF02084317
https://doi.org/10.1109/61.248303
https://doi.org/10.1109/61.852988
https://doi.org/10.1109/TPWRD.2004.837814
https://doi.org/10.1049/iet-gtd.2016.0405
https://doi.org/10.1109/TIM.2021.3124832
https://doi.org/10.1109/TIA.2013.2255253
https://doi.org/10.1109/TIA.2013.2288239
https://doi.org/10.3390/en15051829
https://doi.org/10.1016/j.epsr.2021.107626
https://doi.org/10.1016/j.epsr.2015.08.005
https://doi.org/10.1109/ACCESS.2019.2960512
https://doi.org/10.1109/TIM.2018.2880939
https://doi.org/10.1109/TPWRD.2019.2931276
https://doi.org/10.1109/TIM.2018.2826878
https://doi.org/10.1098/rsos.180160
https://www.ncbi.nlm.nih.gov/pubmed/30839700
https://doi.org/10.1109/TII.2021.3069849
https://doi.org/10.1109/ACCESS.2020.3027002
https://doi.org/10.1109/JSEN.2021.3082294
https://doi.org/10.1155/2018/1058982
https://doi.org/10.1109/TIM.2016.2627248


Energies 2023, 16, 3988 16 of 16

31. Wang, Z.; Balog, R.S. Arc Fault and Flash Signal Analysis in DC Distribution Systems Using Wavelet Transformation. IEEE Trans.
Smart Grid. 2015, 6, 1955–1963. [CrossRef]

32. Miao, W.; Xu, Q.; Lam, K.H.; Pong, P.W.T.; Poor, H.V. DC Arc-Fault Detection Based on Empirical Mode Decomposition of Arc
Signatures and Support Vector Machine. IEEE Sens. J. 2021, 21, 7024–7033. [CrossRef]

33. Lin, J.; Luan, W.; Liu, B. A Novel Non-Intrusive Arc Fault Detection Method for Low-Voltage Customers. In Proceedings of the
6th Asia Conference on Power and Electrical Engineering (ACPEE), Chongqing, China, 8–11 April 2021; pp. 84–88.

34. Luan, W.; Lin, J.; Liu, B.; Zhao, B. Arc fault detection and identification via non-intrusive current disaggregation. Electr. Power
Syst. Res. 2022, 210, 108113. [CrossRef]

35. Dowalla, K.; Bilski, P.; Łukaszewski, R.; Wójcik, A.; Kowalik, R. A Novel Method for Detection and Location of Series Arc Fault
for Non-Intrusive Load Monitoring. Energies 2023, 16, 171. [CrossRef]

36. Safety for Arc-Fault Circuit-Interrupters; Underwriter Laboratories Inc.: Northbrook, IL, USA, 2008.
37. Liu, Z.; Cao, X.; Wang, Z.; Li, J.; Chen, X. Non-invasive electric arc fault detection based on sliding approximate entropy. In

Proceedings of the 5th International Workshop on Advanced Algorithms and Control Engineering, Zhuhai, China, 26–28 February
2021; p. 012102.

38. Gocic, M.; Trajkovic, S. Analysis of changes in meteorological variables using Mann-Kendall and Sen’s slope estimator statistical
tests in Serbia. Glob. Planet. Chang. 2013, 100, 172–182. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.1109/TSG.2015.2407868
https://doi.org/10.1109/JSEN.2020.3041737
https://doi.org/10.1016/j.epsr.2022.108113
https://doi.org/10.3390/en16010171
https://doi.org/10.1016/j.gloplacha.2012.10.014

	Introduction 
	Current Event Detection Method 
	Analysis of Arc Current Characteristics 
	Event Detection Method Based on the Mann–Kendall Test 

	Arc Detection and Localization Based on Differential Current Decomposition 
	Differential Current Extraction 
	Arc Current Disaggregation and Fault Localization 

	Methodology Framework 
	Results and Discussion 
	Conclusions 
	References

