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Intermittent Arc Fault Detection Based on Machine
Learning in Resonant Grounding

Distribution Systems
Ye Tian , Mou-Fa Guo , Member, IEEE, Member, CSEE, and Duan-Yu Chen, Member, IEEE

Abstract—In resonant grounding systems, most single-phase-
to-ground faults evolve from IAFs (Intermittent Arc Faults).
Earlier detection of IAFs can facilitate fault avoidance. This
work proposes a novel method based on machine learning for
detecting IAFs in three steps. First, the feature of zero-sequence
current is automatically extracted and selected by a newly-
designed FINET (“For IAFs, Neuron Elaboration Net”), instead
of traditional feature selection based on time-frequency decom-
position. Moreover, data of the zero-sequence current divided by
different time windows are successively input into the trained
FINET. A proposed PSF (principal-subordinate factor) analyses
the results obtained from FINET to improve anti-interference
in the mentioned IAF detection algorithm. Experiments using
PSCAD/EMTDC software simulation data show the proposed
method is feasible and highly adaptable. In addition, the detection
result of on-site recorded data demonstrates the effectiveness of
the proposed method in practical resonant grounding systems.

Index Terms—Resonant grounding distribution systems,
intermittent arc faults (IAFs) detection, “For IAFs, Neuron
Elaboration Net” (FINET), principal-subordinate factor (PSF).

I. INTRODUCTION

AGING insulation or contact between a power transition
line and a high impedance surface (e.g., trees, gravel,

concrete, turf or asphalt pavement) will cause the impedance
of transition to change based on a periodic arc, and thus
potentially result in IAFs [1]. Intermittent arc grounding
exceeding relative voltage will cause a rapid change in the grid
operating state, further causing high-frequency oscillation to
exceed relative voltage [2]. IAFs can cause significant damage
to electric power systems. However, the amplitude of the fault
current is insufficiently high to trigger normal power system
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supervision. Therefore, the detection of IAFs is still a topic
worth studying.

An exhaustive study of general power system fault detection
has been well documented in [3]. Unlike general power system
faults, IAFs are difficult to maintain in a continuous state.
Observable sinusoidal fault signals indicate that IAFs don’t
follow a clear pattern, which makes them more difficult to
detect. Prevalent methods for IAF detection are a combination
strategy of feature extraction and fault decision-making [4].
Several representative methods have been developed for hand-
crafted feature extraction including multiresolution morpho-
logical gradient (MMG) [5], wavelet transform (WT) [6], S
transform (ST) [7], mathematical morphology [8], adaptive
Kalman filter (AKF) [9], and advanced distortion detection
techniques (ADDT) [10]. In terms of fault decision-making
methods, artificial neural networks (ANN) [11], fuzzy in-
ference systems (FIS) [12], and support vector machines
(SVM) [13] or multiple SVMs [14] are all widely used.

In [5], MMG is used to extract current waveform character-
istics of 3.5 cycles post-fault, and these features are then pro-
cessed using a multi-layer perceptron neural network. In [15],
WT is used to decompose the fault waveforms and extract
features, which are then input to ANN for identification. The
above strategies require accurate fault transient waveform data.
On the one hand, this makes manual interception of fault
waveforms a lot of work; on the other hand, uncertain noise in
the actual environment will affect the effectiveness of different
strategies. In [16], empirical mode decomposition is used
to extract the frequency features of long-cycle fault signals,
which could then be further recognized by ANN. However,
this method requires longer waveform data, making it difficult
to detect IAFs in real-time. In addition, the intermittent IAF
process may cause the algorithm not to work.

The complexity of IAFs makes it difficult for existing
strategies to classify short-cycle or long-cycle waveforms.
Development of machine learning technology has allowed
manual extraction of mathematical features to be replaced
by neural networks. Current machine learning methods have
more computing nodes and branches. Each node can use more
efficient calculation methods such as convolution operation
to extract features, and these features are transferred to the
end node in the form of jumping nodes, greatly enhancing
the learning ability of the machine and realizing effective
recognition of the trained samples. In addition, it allows for

2096-0042 © 2019 CSEE



600 CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 9, NO. 2, MARCH 2023

reliable judgements for unknown samples. The optimal feature
quantity of short-cycle fault waveform can be automatically
self-summarized and extracted by the machine, and compared
with conventional classifiers, the density of neuron nodes in
neural networks allows for more comprehensive extraction
of features. Furthermore, neural network parameters can be
trained to obtain an optimal fit.

Machine learning uses multiple neural network architec-
tures, including perceptron, deep confidence networks, con-
volutional neural networks (CNNs), and recurrent neural net-
works (RNNs). Among these, RNNs are suitable for waveform
recognition with causality while CNNs are ideal for two-
dimensional matrix recognition with multiple local features.
In [17], CNNs are used to identify the spectrum map of the
distribution network fault. Since CNNs provide strong image
processing power, the recognition rate of image content im-
proved significantly. Although machine learning has performed
well in areas such as image processing [18], the detection of
faults in distribution networks is still in its infancy. Earlier
research asked human subjects to actively describe certain
features to train the network model, leaving neural networks
unable to self-search or conclude rules from known empirical
data. At the same time, since the actual grid cannot perform
fault experiments, the number of actual fault samples recorded
is limited. Hence, most methods use software simulation data
as training samples and actual data as testing samples. The use
of transient process characteristics of one-time simulation fault
data as training samples raises two problems. First of all, the
one-time simulation waveform is not fully utilized; secondly,
if the fault transient process is disturbed, the classification
capability of conventional classifiers will be limited. In other
words, simple classifiers cannot avoid over-fitting problems
due to insufficient data or diversity [19]. Deep neural network
architectures provide some solutions to avoid over-fitting,
but these often result in gradient disappearance or gradient
explosion [20]. Nowadays, due to rapid development of artifi-
cial intelligence (AI) technology, multi-branch, refined neural
networks with inception structures hold out some prospect for
a solution to this problem [21]. To a certain degree, this kind
of network architecture improves the limitations of traditional
neural networks [22].

Traditional methods suffer from two main problems. One is
that previous strategies used only one segmentation in the fault
signal as the detection object, ignoring the intermittent process
of IAFs; the other is the training of traditional neural networks
is limited by the number of samples, which will produce a
problem of gradient disappearance or over-fitting. In order to
achieve effective detection of short-cycle waveform signals,
this study proposes FINET, a neural network architecture
optimization designed to identify IAFs in resonant grounding
distribution networks. The zero-sequence current waveform at
the outgoing point of the main substation is used to identify
IAFs on the feeder. The waveform is divided into several
detection windows at different times (including fault transient
and steady state processes), and then become the FINET input.
These continuous windows are identified by FINET as IAFs
and non-IAFs (normal, load switching, etc.) and further input
to PSF. The PSF method is composed of principal factor

(PF) counter and subordinate factor (SF) counter. FINET
outputs are jointly counted by the two counters in PSF.
When required conditions of the PSF method are satisfied, the
occurrence of IAFs is confirmed. Since the final decision is
mainly based on computation results, the possibility of fault
misjudgment is significantly reduced. To study performance
of the proposed scheme, different distribution network archi-
tectures and various events are simulated in power systems
computer aided design/electromagnetic transients including
DC (PSCAD/EMTDC). In addition to simulation data, the
measured data (hardware experimental data and field data) are
also adopted for analysis.

The main contributions of this paper are summarized as
follows:

• By dividing the fault waveform, problems of small num-
ber of training samples and non-representative sample
characteristics are solved.

• A novel neural network architecture (FINET) is proposed
to solve the problems of neural network over-fitting and
gradient disappearance during training.

• Since the traditional method has few criteria, the problem
of missed detection or misjudgement of the measured
waveform is solved by inputting the segmented zero-
sequence current waveform to the proposed detection
method (FINET+PSF).

The rest of this paper is organized as follows: Section II
provides detailed information on the resonant grounding distri-
bution system model, events model, simulation and measured
data. Section III introduces the optimal neural network archi-
tecture for IAFs, and provides a scheme using FINET+PSF
to implement IAFs detection. Section IV compares the pro-
posed detection methods with other established approaches in
simulation and engineering practice; Section V draws some
concluding remarks.

II. MODELING AND SIMULATION

Different kinds of events (IAFs, single-phase-to-ground
fault, load switching and capacitor bank switching) in res-
onant grounding distribution systems are simulated using
PSCAD/EMTDC software. Typical radial and branch networks
are respectively depicted in Fig. 1(a) and Fig. 1(b). Figure 1(c)
simulates an actual 10 kV resonant grounding distribution
network of China Fujian Power Co., Ltd. OL and CL denote
the length of the overhead and cable line, respectively. The
above systems are connected to an ideal power supply, the
main transformer has a capacity of 20 MVA, and the main
line parameters of the simulation model are listed in Table I.

TABLE I
LINE PARAMETERS

Line types Phase-sequence R (Ω/km) L (mH/km) C (µF/km)

Overhead line Positive-sequence 0.17 1.2 0.0096
Zero-sequence 0.23 5.5 0.0080

Cable line Positive-sequence 0.27 0.255 0.339
Zero-sequence 2.7 1.102 0.28

IAFs are difficult to simulate and identify because of the
following characteristics [4]:
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Fig. 1. Software simulation models. (a) Model 1: Radial network. (b) Model 2: Branch network. (c) Model 3: Field network.

1) Weak fault current: The value of current at the fault
location is less than 10% of the total system load.

2) Nonlinearity: Because of the existence of fault arc
and grounding medium, the fault current presents non-
linearity.

3) Randomness: Arc instability creates randomness in the
current.

4) Intermittence: Arc burning and extinguishing result in
current intermittency.

5) Asymmetry of current waveform: The positive and neg-
ative half-cycle waves of the fault current are not com-
pletely symmetrical.

Most previous arc models simulate arc characteristics based
on high-frequency arc extinguishing theory or power frequency

arc extinguishing theory. Common arc models include those
proposed by Cassie, Mayr, Schwarz, cybernetics, etc., where
the cybernetic model is suitable for simulating small current
arc faults [23]. Since the distribution network mostly uses low
current grounding, the IAF simulation in this study uses a
cybernetic model.

The mathematical expression of cybernetics is as follows:
dgarc

dt
=

1

τc
(Gc − garc)

Gc =
|i|

Vc × Lc
, τc = β

Ic
Lc

(1)

where Gc is steady-state conductance, and τc is arc time
constant, Vc is the steady-state field strength in the arc column,
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which is approximately constant. The empirical value Vc =
15 V/cm, Lc is the arc length in cm. The coefficient β takes
the empirical value 2.85 × 10−5. Ic is the peak value of arc
current, which is approximate to the short-circuit current value
of direct grounding in kA.

As shown in Fig. 2(a), the fault model is connected in
series by a cybernetic resistance (Rarc) and a random resistance
(Rr). The model is a single-phase-to-ground fault model when
Rarc = 0 and Rr is constant, and a IAFs model when Rarc

is controlled by cybernetics and Rr varies with transient
moments. As shown in Fig. 2(b) and Fig. 2(c), in the load
switching model, the resistive three-phase unbalanced load
accounts for 10% ∼ 25% of the total system load. In the
capacitor bank switching model, the reactive power of the
shunt compensation capacitor bank is 3600 kvar. These four
events are simulated at each fault location of model 1 (F1
∼ F9) and model 2 (F1 ∼ F7). In addition to software
simulation data, we use both the experimental data of the
hardware system [24], [25] and field data provided by Fujian
Electric Power Co., Ltd. Field data is randomly selected
from different distribution network architectures and different
lines. As shown in Fig. 3(a), an IAF experiment was carried
out on the hardware experimental system, with a recording
device [26] recording the experimental waveform. All the
above mentioned data are summarized in Table II.

R
r

R
arc
=

breaker breaker

L

CP+jQ

(a) (b) (c)

g
arc

1

Fig. 2. Events model. (a) IAFs/single-phase-to-ground fault. (b) PQ-load
switching. (c) Capacitor bank switching.

TABLE II
COMPLETE WAVEFORMS INFORMATION

Waveform type

Number of complete zero-sequence
current waveforms
Software simulation Measured

Model 1 Model 2 Hardware
experiment Field data

Intermittent arc faults 162 108 12 10
Single-phase-to-ground
fault

270 180 54 11

Load switching 54 36 NA NA
Capacitor bank
switching

32 23 NA NA

Total(IAFs-non-IAFs) 162–356 108–239 12–54 10–11

As shown in Fig. 3(b), FINET inference on the edge side
uses a Jetson TX2, which integrates the GPU and CPU.
The zero-sequence current waveform data obtained by the
recording devices is input to TX2 for recognition through RS
485 communication. TX2 detects whether IAFs occur in real
time and stores detection results in memory. The detection
results are sent to a portable device such as a smart-phone or
a notebook computer via HTTP.

III. INTERMITTENT ARC FAULTS DETECTION METHOD

The waveform of IAFs changes continuously with severity
of the fault. Hence, it is necessary to pay attention to its inter-
mittent and imprecise changes during the detection process. In
addition, a faster recognition speed needs to be considered dur-
ing the detection process. Since single-phase-to-ground faults
usually evolve from IAFs, real-time identification of IAFs can
effectively prevent more serious faults from occurring.

Traditional machine learning methods include SVM, Ad-
aBoost, and so on. Early on, these methods provided good
results for simple regression problems. However, with increas-
ing difficulty of the classification problem and limitations
of computing nodes, network structures with more layers
such as RNN and CNN have emerged for classification. The
fault characteristics of IAFs are not obvious. Although the
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Fig. 3. Hardware condition. (a) Hardware experimental system. (b) Hardware detection system structure diagram.
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fault waveform “zero rest” and non-linear characteristics are
retained during the segmentation process, this brings higher
requirements to the machine learning method. In addition to
sequential neural networks such as RNN and chain-CNN,
multi-branch and dense-connected neural networks can have
stronger learning capabilities. Not only can they accurately
identify trained data sets, but they can also effectively classify
data samples with similar characteristics.

The traditional IAF detection methods only intercept some
features of a single fault waveform to make a judgment and
ignore the intermittent processing of IAFs. The mathematical
feature extraction method of artificial designs usually involve
too many parameters, making it difficult to optimize the
method, and it is more difficult to set the fault threshold in
practice. In fact, the richer the extracted feature information,
the better the classification effect. The selection, combination,
and optimization of waveform feature values require a lot of
practical experience and research work, and machine learning
is a continuous trial and error optimization system through the
computer until the output result of neural networks is accurate.
It is very difficult to achieve this effect with manual design
methods to replace this process. Compared with common
IAF detection methods, machine learning methods are more
intelligent. Through automatic iterative processes, the network
can be trained to obtain the best classification effect. Because
the convolutional network has translation invariance and a
spatial hierarchical structure of modes, the shape features of
the IAF waveform can be effectively extracted, also avoiding
the problem of difficult threshold settings.

The overall experiment is shown in Fig. 4 with three
steps. Step 1: the zero-sequence current waveform of software
simulation model 1 is processed into training samples and
input into FINET for training. Finally, the trained FINET
is obtained. Step 2: the waveform of software simulation
model 2, the experimental waveform of hardware system and
field waveform are processed into testing samples and the
performance of FINET and other neural networks were com-
pared. Step 3: trained FINET and PSF methods are combined
to implement real-time IAFs detection and final detection
accuracy is compared with other state-of-the-art methods.

A. Acquisition of Training and Testing Samples

As shown in Fig. 5(b) and Fig. 5(c), detection windows

(Win(k)) are manually intercepted and the length of each
window is 2 power frequency periods. Due to the periodicity
of the fault process, each window basically retains the IAFs
waveform non-linearity, non-stationary and other character-
istics, which includes two similar peaks and troughs. The
number of detection windows is shown in Table III. The
sampling frequency (fRecorder) of the software simulation and
hardware experiment is 10 kHz, so the first-order tensor length
of each detection window is 400 (2 × 10 k × 1

50 ). Similarly, the
field data sampling frequency is 4 kHz and the tensor length
is 160.

TABLE III
THE NUMBER OF DETECTION WINDOWS

Data source
Number of detection
windows Fault

point
Monitoring
point

IAF non-IAF Total
Software
simulation

Model 1 1082 2497 3579 F1 ∼ F9 MP1 ∼ MP4
Model 2 656 1597 2253 F1 ∼ F7 MP1 ∼ MP2

Measured
Hardware
experiment 52 156 208 OMIT OMIT

Field data 41 66 107 OMIT OMIT

As shown in Fig. 5(d), to standardize data at different
sampling frequencies [fRecorder ∈ (0, 25.6) kHz], pretreatment
process is as follows:

First, as shown in (2), we use the bicubic interpolation in
open source computer vision library (OpenCV) to map the
detection window’s tensor length to 1024.

g(x) =
3∑

i=0

aix
i (2)

where g(x) is the interpolation function, ai is the interpolation
coefficient, x is interpolation interval elements.

Second, as shown in (3), the min-max normalization method
is used to normalize the value of each detection window’s
element to between 0 and 1,

xi =
xi −min(Win(k))

max(Win(k))−min(Win(k))
(3)

where xi is the window element, Win(k) is the detection
window, and the max(.) and min(.) are respectively the
maximum and minimum operators.
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Fig. 4. Flow chart of the proposed IAFs detection in resonant grounding distribution systems.
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Finally, with the change of tensor of the window data,
1024 data points are divided into 32 segments, with 32 data
points in each segment. Therefore, a sample for training or
testing is formed in terms of a 32 × 32 square matrix. The
method solves the sampling frequency mismatch problem, and
calculation is efficient and robust.

B. Design and Training Process for FINET

Given Alexnet’s successful application of CNN in image
recognition in 2012 [27], mainstream work now focuses on
deepening neural networks. Usually, the “depth” in a deep
network refers to a series of continuous presentation layers;
how many layers are contained in the data model, which
is called the depth of the model. Other data representations
that only learn one or two layers are called shallow learning.
But an excessive number of network layers will cause two
limitations: First, too many parameters would result in appli-
cation difficulty and over-fitting due to insufficient training
samples. Second, the gradient disappears. In practice, it is
found that recognition accuracy cannot be increased using
a simple sequential CNN structure, and calculation speed is
slow. In [21], an inception structure is proposed to reduce
the number of parameters by using sparse layer connections
instead of sequential layer connections. This structure is more
conducive to GPU calculation of dense matrices to speed
up the calculation process. Although deepening the network

model will enhance its learning ability, an excessively deep
network model will complicate parameter optimization and
produce degradation through accuracy saturation. In [28], a
deep network architecture called DenseNet is proposed, which
creates a leaping connection method so input of the latter layer
is the output of all the previous layers. The use of dense blocks
associates layers with layers to avoid gradient disappearance.
The fitting effect of this kind of network works well, but the
structure of dense networks produces excessive numbers of
the input and model parameters, reducing calculation speed.
According to the above two methods, this paper innovatively
proposes a structure in which the inception structure and the
Dense block are merged to correlate the layers. This method
not only improves calculation speed (the network parameters
are less than 10% of these deep networks) but also has
good network fitting effect, reducing the problem of gradient
disappearance. Complete architecture of FINET is shown in
Fig. 6. The network only uses part of the blocks of the above-
mentioned deep network architecture, and the number of layers
is much smaller. In identified results, “1” indicates that FINET
recognizes the detection window as IAF, and “0” indicates that
it is non-IAF. In the 16-layer FINET network, the structure
between the 2nd ∼ 11th layers is a fusion of inception and
Dense blocks, which replaces the artificial design to extract
features. The 12th ∼ 15th are fully connected layers used as
the classifier as follows:
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Fig. 6. The FINET architecture designed for IAF.

1) Taking the 3rd layer as an example, as shown in Fig. 7(a),
the separable convolution consists of two stages. First, a
single 3 × 3 convolution kernel is used for feature extrac-
tion while zero-padding is applied while maintaining the
size of the output feature maps. In the second stage, 36
one-dimensional convolution kernels are used to generate
36 feature maps. Separable convolution reduces kernel
parameters by more than 60% compared to traditional
convolution.

2) Taking the 11th layer as an example, as shown in
Fig. 7(b), the concatenate layer combines feature maps
outputted by the 8th and 10th layers into 72 feature maps.

Padding Convolution

kernel 3×3 Convolution

kernel 1×1

Feature

maps 1×36

Filter×1

Filters×36

(a)

(b) (c)

32×32 32×32

State1:Depthwise

convolution

State2:Pointwise

convolution

34×34

Feature

maps×(36+36)

Concatenate

Fully

connected

ReLU

Softmax

+

Feature

maps×72

Fig. 7. Layer operation. (a) Separable convolution layer. (b) Concatenate
layer. (c) Fully connected layer.

3) The 12th to 15th layers are a fully connected layer. As
shown in Fig. 7(c), the 12th layer expands the feature map
into a first-order tensor, the activation function of 13th
layer is “ReLU” [29], and the 14th layer drop 25% of
features to prevent over-fitting. In addition, the activation
function of the 15th layer is “Softmax” [30] and the loss
function is “categorical cross-entropy” [30].

There are 3579 detection windows in the simulated radial
network, 90% are randomly selected as a training set and the
rest are used as the validation set. The structure of the fully
connected layer remains unchanged, and the connection mode
of the 2nd ∼ 11th layer is optimized until the FINET structure
with the fastest convergence rate and the highest accuracy
is obtained. Fig. 8 shows performance in terms of validation
accuracy and loss value during the training process. Therefore,
in the experiment, the model is selected after training in 23
epochs.

Evaluating the error of a machine learning model consists
of 3 parts: model error = variance + bias + random error of
noise.

Due to random errors from noise, there is no perfect
predictive model. Hence, the smaller the variance and bias,
the higher accuracy of the model.

The neural network model with few neurons will be under-
fitting, both of variance and bias is relatively large; while the
model with numerous neurons will be overfitting, the variance
tends to be large, the bias is opposite. Face with samples
that the model has never seen, the error (|predicted value −
actual value|) is large. Therefore, reducing the variance of
complicated neural networks as much as possible, that is,
avoiding overfitting is the key to convergence of machine
learning.
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If there is a large error in the prediction of the model, the
model can be corrected through the following 5 points:

1) Add training data: Adding measured data to the training
set can greatly reduce the variance.

2) Date augmentation: Artificially expand the amount of
data and increase sample diversity to solve overfitting.

3) Adjust the dropout ratio: Make the weight of neuron
nodes more uniform to avoid overfitting.

4) Batch normalization: Mix the simulated and measured
data sets, divide them into several sets, normalize them sepa-
rately, and train the processed data to avoid overfitting.

5) The model stops training as soon as it begins to degrade
in performance on the validation set.

C. Principal-subordinate Factor Method

The generation of IAFs due to insulation equipment aging
is simulated at the fault point (IAFs FP) of line 1 and the
zero-sequence current waveform is recorded at the monitoring
point [MP(1, 1)] in Fig. 1(c). As shown in Fig. 9(a), it is a
curve of the above simulation waveform.

The random behavior of IAFs is set as follows:
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Fig. 9. Fault decision by PSF method. (a) Intermittent process of IAFs. (b)
Ideal PF curve. (c) Ideal PF curve.

1) Simulation time:
|t2− t1| ∈ [0.3, 0.8] s; |t3− t2| ∈ [0.1, 0.3] s;
|t4− t3| ∈ [1.5, 2] s.

2) Simulation transition resistance:
At t1 ∼ t2, Rarc is controlled, Rr ∈ [0.5, 2] kΩ;
At t2 ∼ t3, Rarc = 0 Ω, Rr ∈ [10, 100] kΩ;
At t3 ∼ t4, Rarc is controlled, Rr ∈ [10, 300] Ω;
After t4, Rarc = 0Ω, Rr > 100 kΩ.

The random process can be described as follows:
1) At t1, the line changes from a healthy working state to a

short-term IAF state.
2) At t2, the line changes to the intermittent state.
3) At t3, the line is re-ignited and converted to a long-term

IAF state.
4) At t4, the IAFs are extinguished again, since the insula-

tion is not completely broken down, the line temporarily
returns to a healthy state.

As shown in Fig. 10, the complete zero-sequence current
waveform is divided into sequential detection windows at
different times according to the sampling step (fs). FINET
identifies them as IAF(1) or non-IAF(0), and then inputs the
0 or 1 sequence into the PSF method for statistical analysis.
The decision made by the PSF method is the final detection

The complete zero-sequence current waveform sample

0 0.5

Detection windows

Win(1) Win(2) Win(n)

Testing samples

IAFs

wavefom

non-IAFs

wavefom

PSF

Method

The output of

FINET
The FINET
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1 1 0
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1.0 1.5 2 3

Time (s)

2.5

Fig. 10. The overall flow chart of FINET+PSF method.
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result of complete zero-sequence current waveforms (Table II).
According to the actual situation, the sampling step can be
appropriately set (fs = 1000 ∼ 5000 windows·s−1). The
advantage is that doing so avoids redundant judgment by
FINET and can implement real-time detection (the detection
time of each window requires 216.695 µs with a single Nvidia
GTX 2080 GPU, and requires 1.278 ms on TX2).

Most scholars use mathematical extraction of fault features
+ a classifier to identify faults, but this method is limited by
the ability of the classifier. The use of machine learning classi-
fications and statistics to achieve fault waveform detection can
greatly increase detection accuracy. The complete PSF method
is shown in Algorithm 1, and the experimental parameters in
PSF method are shown in Table IV. The ideal curves of PF
and SF are respectively shown in Fig. 9(b) and (c), and the
working principle of the PSF method is as follows:

1) When IAF does not occur, the two-cycle waveform in the
detection window is identified as “0” by FINET, and SF
= SF + 1.

2) When IAF occurs, the output of FINET is “1”, and PF
= PF + 1.

3) When PF = PF + 1, SF is set as 0.
4) Short-term IAFs were confirmed as occurring when PF

> η1 × fs and SF > β × fs are satisfied.
5) Long-term IAFs were confirmed as occurring when PF

> η2 × fs is satisfied.
6) When PF < η3 × fs and SF > β × fs are satisfied, both

PF and SF are set as 0.

TABLE IV
PARAMETER VALUE OR RANGE IN THE PSF METHOD

Parameter η1 β η2 η3
Value/range 0.2 ∼ 0.3 0.1 1 ∼ 2 0.05

Traditional methods have difficulty overcoming interference
caused by the IAF intermittent process. Through the dividing
waveform, the complete fault process of IAFs is preserved.
FINET continuously judges the process and outputs whether
each divided waveform is a fault waveform. This transient,
steady and intermittent waveform information is fully counted
by the PSF method, thus improving both recognition accuracy
and resistance to interference.

IV. RESULTS AND PRACTICE

A. Comparison with Other Methods

In Fig. 11, the structure of the chain-CNN is in the form
of a convolution layers-fully connected layer. Similar to the
chain-CNN, the structure of the RNN is in the form of an
LSTM/GRU units-fully connected layer. Different from the
traditional structure, FINET has more branches, and layers are
not connected one by one. Besides, in addition to subsequent
connections, FINET’s neurons also have jump connections
(as shown by the dotted line), so the proposed structure
is smarter than a traditional structure. These four kinds of
neural networks (chain-CNN, LSTM-RNN, GRU-RNN, and
the proposed FINET) were trained using the same training
samples and were tested using the same testing samples.

Algorithm 1: The algorithm of PSF method
Input: The real-time recognition results of continuous

detection windows from FINET.
Output: The final detection results of IAFs.

1 Begin: Take model 3 in Fig. 1 as an example, define
2 PF =

pfMP (1,1)pfMP (1,2)pfMP (1,3)

pfMP (2,1)pfMP (2,2)pfMP (2,3)pfMP (2,4)pfMP (2,5)

pfMP (3,1)pfMP (3,2)pfMP (3,3)pfMP (3,4)

pfMP (4,1)pfMP (4,2)pfMP (4,3)

pfMP (5,1)pfMP (5,2)pfMP (5,3)pfMP (5,4)pfMP (5,5)

,

3 SF =


sfMP (1,1)

sfMP (2,1)

sfMP (3,1)

sfMP (4,1)

sfMP (5,1)


4 Init: PF = 0, SF = 0
5 Step 1:
6 if the window (MP(i,j), j = 1, i = 1 ∼ 5) is IAF then
7 pfMP(i,1) ← pfMP(i,1) + 1, sfMP(i,1) ← 0
8 goto Step 2
9 else

10 sfMP(i,1) ← sfMP(i,1) + 1
11 goto Step 3
12 end
13 Step 2:
14 if the window (MP(i, j), j > 1, i = 1 ∼ 5) is IAF then
15 pfMP(i,j) ← pfMP(i,j) + 1
16 goto Step 3
17 else
18 goto Step 3
19 end
20 Step 3:
21 l← where(pfMP(i,1) = max[pfMP(i,1)])
22 t← where(sfMP(i,1) = max[sfMP(i,1)]){where(.) and

max(.) are from the nmpy function library}
23 if (pfMP(l,1) > η1 × fs and sfMP(l,1) > β × fs) or

(pfMP(l,1) > η2 × fs)? then
24 IAFs may occur on line l
25 p← where(pfMP(l,j) = max[pfMP(l,j)])
26 IAFs may occur between MP(l, p) and MP(l, p+1)
27 goto Init
28 else if (sfMP(t,1) > β × fs) and (pfMP(t,1) < η3 × fs)

then
29 goto Init
30 else
31 goto Step 1
32 end

Software simulation data (model 1) are used as the training
samples, while software simulation data (model 2), hardware
experimental data and field data are used as testing samples
(the number of samples is consistent with the number of
detection windows in Table III). Test results are shown in
Table V, and the test accuracy (φ) of the calculation formula
is as shown in (4).

φ =
Correct numbers of detection windows
Total numbers of detection windows

× 100% (4)
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TABLE V
RECOGNITION RATE OF FINET IN COMPARISON WITH OTHER NEURAL

NETWORK A RCHITECTURES

Network architecture
type

Testing accuracy (φ)
Software simulation
(branch network)

Hardware
experiment Field

LSTM-RNN [31] 88.8% 81.7% 80.4%
GRU-RNN [32] 88.7% 82.2% 86.9%
Chain-CNN [17] 70.9% 75.0% 61.7%
FINET 94.9% 90.4% 94.4%

Table V shows that FINET designed for IAFs has higher ac-
curacy for different distribution network architectures in terms
of both simulation and measured data. Waveforms of IAFs
have intermittent and distortion characteristics and change
uncertainly with time, making them difficult to effectively
identify. By dividing the IAF waveform, every two periodic
waveforms are processed into a 32 × 32 matrix. Short time-
series samples are not conducive to identification of LSTM
or GRU type RNN, so recognition accuracy is not high.
Although CNN is suitable for matrix classification, segmented
samples also bring learning challenges. The learning ability
and generalization ability of chain-CNN are not sufficient for
effective identification. Compared with traditional RNN and
CNN, FINET has more branches and nodes, and learning
ability is enhanced while avoiding the problems of overfitting
and gradient disappearance. By dividing the waveform, a small
amount of measured data can also obtain a larger number of
detection windows, proving the effectiveness of the method in
terms of recognition rate.

As shown in Fig. 12, the information of feature maps
extracted by FINET is significantly richer than those extracted
through chain-CNN. As for LSTM/GRU-RNN, because there
is less short-cycle waveform information after division, the
traditional RNN structure cannot obtain enough fault features,
so it cannot obtain higher recognition accuracy.

The training sets used in most other papers is composed
of a combination of simulation and measured samples, while
the remainder are tested to obtain high accuracy. However,
the testing set samples in this paper have never been trained,
hence, this is a more difficult task. Existing machine learning
methods have not been completely correct in identifying

Feature maps of IAFs

exported by FINET
×72

Feature maps of IAFs

exported by chain-CNN
×72

Fig. 12. The feature maps of FINET and chain-CNN.

TABLE VI
DETECTION ACCURACY OF PROPOSED METHOD IN COMPARISON WITH

SOME STATE-OF-THE-ART WORKS

Comparative
literature

Method Detection accuracy(ϕ)
Software
simulated Measured Mix

Sarlak [5] MMG+perceptron 97.3% NA NA
Mishra [7] ST+ANN 100% NA NA
Samantaray [9] AEKF +PNN 96.8% NA NA
Mortazavi [13] SWT+SVMs NA NA 97.2%
Lala [16] EMD+ANN over 98% NA NA
Proposed method FINET+PSF 100% 100% 100%

unfamiliar sets. Therefore, FINET is used as the front-end,
and the PSF method is proposed as the back-end detector
structure. Software simulation and measured zero-sequence
current waveforms (Table II) are input to the algorithm for
identification. Detection results are shown in Table VI.

Table VI compares the detection accuracy of FINET+PSF
methods for IAF and non-IAF zero-sequence current wave-
forms and some highly cited papers in the field of IAF
detection. Different papers use different software simulation
models, identification methods, and data sources. Thus, only
final detection accuracy is compared, and detection accuracy
(ϕ) expression of this paper is as shown in (5).

ϕ =
Correct numbers of complete waveforms
Total numbers of complete waveforms

× 100% (5)

The differences between the proposed method and other
state-of-art methods are summarized as follows:

1) Other previous works only take short or long period
waveforms in a complete fault waveform as identification
samples. A fault index calculated from only a section
of waveform may miss all the information that a com-
plete waveform can provide. In this paper, the complete
waveform is first divided into several detection windows
and input to FINET to obtain a sequence of 0 or 1.
The counting method of PSF is introduced to statistically
analyse the sequence of 0 or 1 to improve the recognition
accuracy of the complete waveform.

2) When there is no intermittent process in the IAFs, PSF
can count consecutive 1 sequences to judge this is a long-
term arc fault. The general method may ignore intermit-
tent processes in IAFs, even including frequent faults and
intermittent processes alternations. The PSF can produce
statistics during the intermittent failure process. If the
intermittent process is very short, the PSF method ignores
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Fig. 13. Practice detection results curve. (a) Simulation model 3: IAFs. (b) Field data: IAFs. (c) Hardware experient: single-phase-to-ground fault.

it and continues to count the subsequent 0 or 1 sequences;
if the intermittent process is long, the PSF method clears
and recounts after making a fault judgement in the pre-
vious statistical sequence. Compared with methods that
do not divide the signal, this method provides improved
immunity and eliminates signal redundancy.

Given the complex and variable on-site environment and
fault conditions, it is difficult to select an appropriate thresh-
old to determine fault occurrence. Different from traditional
threshold triggering methods, the combination of FINET and
PSF confers strong interference resistance and robustness.
Thus, both simulation model data and measured data can
be accurately identified. The method can provide real-time
detection of abnormalities in the latest window data, and
can confirm whether IAFs occur in a short detection period.
Therefore, early warning of a serious ground fault can be im-
plemented to enhance security of power distribution systems.

B. Engineering Practice and Implementation

The author’s laboratory recording device is combined with
a Jetson TX2 to implement a real-time detection system based
on deep learning, as shown in Fig. 3(b). The device is applied
to hardware experimental systems for testing, as shown in
Fig. 13(c). For detecting the result of a single-phase ground
fault in the hardware system, the first line is the zero-sequence
current waveform of the single-phase ground fault, the second
line is the 0 or 1 sequence output by FINET, the third line is the
statistical curve of PF, and the fourth line is the statistical curve
of SF. It can be seen from the 0 or 1 sequence that FINET can
effectively distinguish between single-phase ground fault and

IAFs. Therefore, the statistical curve of PS does not change,
and the statistical curve of SF keeps counting and clearing.

Similarly, Fig. 13(a) and Fig. 13(b) are respectively de-
tection results of simulation and field complete waveforms.
Taking Fig. 13(a) as an example, it can be known from the
0 or 1 sequence that FINET cannot judge all waveforms of
all detection windows correctly, but through statistics of PF
and SF, short-term IAFs are settled in the intermittent process,
and long-term IAFs in the fault process are detected. Both
short-term and long-term IAFs are accurately captured, and
the early warning signal of the IAFs is outputted. The above
experimental results indicate that FINET+PSF can minimize
false negative rates of IAFs.

V. CONCLUSION

An accurate and reliable method for detecting intermittent
arc faults is proposed based on combining the deep neural
network FINET and a proposed PSF method. By extracting
the real-time waveform window of zero-sequence current,
IAFs and other events in the resonant grounding distribution
system can be accurately distinguished without time-frequency
decomposition. In the experiment, PSCAD/EMTDC was used
to simulate three kinds of distribution network models to
obtain software simulation data which is used for training and
testing. In addition, hardware experimental data and field data
are also tested to verify the proposed method’s adaptability.
The results show the proposed method has good adaptability
since both of the simulation and measured data can be accu-
rately detected. The proposed approach achieves IAF detection
accuracy in excess of 90%, while that of FINET + PSF
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is 100%, outperforming current state-of-the-art methods and
indicating feasibility for practical engineering tasks.

REFERENCES

[1] M. G. Adamiak, B. D. Russell, C. L. Benner, R. W. Dempsey, J.
M. Parsick, and A. C. Depew, “Field experience with high-impedance
fault detection relays,” in Proceedings of the 2005/2006 IEEE/PES
Transmission and Distribution Conference and Exhibition, 2006, pp.
868–873.

[2] T. J. Yuan, F. Yin, D. Jian et al., Single Phase Arc Grounding Over-
voltage in Modern Distribution Network, China Electric Power Press,
2017.

[3] S. R. Ola, A. Saraswat, S. K. Goyal, S. K. Jhajharia, B. Rathore, and O.
P. Mahela, “Wigner distribution function and alienation coefficient-based
transmission line protection scheme,” IET Generation, Transmission &
Distribution, vol. 14, no. 10, pp. 1842–1853, May 2020.

[4] A. Ghaderi, H. L. Ginn III, and H. A. Mohammadpour, “High impedance
fault detection: A review,” Electric Power Systems Research, vol. 143,
pp. 376–388, Feb. 2017.

[5] M. Sarlak and S. M. Shahrtash, “High impedance fault detection using
combination of multi-layer perceptron neural networks based on multi-
resolution morphological gradient features of current waveform,” IET
Generation, Transmission & Distribution, vol. 5, no. 5, pp. 588–595,
May 2011.

[6] W. C. Santos, F. V. Lopes, N. S. D. Brito, and B. A. Souza, “High-
impedance fault identification on distribution networks,” IEEE Transac-
tions on Power Delivery, vol. 32, no. 1, pp. 23–32, Feb. 2017.

[7] M. Mishra, P. Routray, and P. K. Rout, “A universal high impedance
fault detection technique for distribution system using S-transform and
pattern recognition,” Technology and Economics of Smart Grids and
Sustainable Energy, vol. 1, no. 1, pp. 9, Aug. 2016.

[8] S. Gautam and S. M. Brahma, “Detection of high impedance fault
in power distribution systems using mathematical morphology,” IEEE
Transactions on Power Systems, vol. 28, no. 2, pp. 1226–1234, May
2013.

[9] S. R. Samantaray, P. K. Dash, and S. K. Upadhyay, “Adaptive kalman
filter and neural network based high impedance fault detection in power
distribution networks,” International Journal of Electrical Power &
Energy Systems, vol. 31, no. 4, pp. 167–172, May 2009.

[10] R. Bhandia, J. de Jesus Chavez, M. Cvetković, and P. Palensky,
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