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Series Arc Fault Detection of Grid-Connected PV
System via SVD Denoising and IEWT-TWSVM
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Abstract—Series arc fault (SAF) is one of the most harmful
faults during the operation of photovoltaic (PV) systems. It is
a challenging task to find SAFs promptly for avoiding the PV
fire. Aiming at the SAFs under different operating conditions,
a novel detection algorithm by combining the Hankel singular
value decomposition (Hankel-SVD) denoising method and the im-
proved empirical wavelet transform–twin support vector machine
(IEWT-TWSVM) is proposed. The Hankel-SVD algorithm is used
to denoise the dc-bus current, which alleviates the influence of
switching frequency and irrelevant background noise effectively.
Then, the denoised current is decomposed by the IEWT, and the
composite multiscale permutation entropy of each frequency band
is input into the TWSVM classifier of the salp swarm optimization
for completing the fault detection. The proposed algorithm not
only can detect SAFs at various fault locations, but also resist
dynamic shading, inverter startup, strong wind, and other inter-
ference phenomena. Moreover, the detection performance due to
the arc transient process, a long-line fault, a single string array
fault, a multiply string array fault, and different sampling rates of
this model is verified in this study, and the corresponding results
are relatively ideal. Experimental results show that the detection
accuracy of the proposed method is as high as 98.10% for the
measured data, which is more superior than other methods, such
as wavelet decomposition, empirical mode decomposition, statistics
methods including mean, standard deviation, and entropy.

Index Terms—Composite multiscale permutation entropy
(CMPE), improved empirical wavelet transform (IEWT),
photovoltaic (PV) power system, series arc fault (SAF), singular
value decomposition (SVD), twin support vector machine
(TWSVM).

I. INTRODUCTION

DUE to the advantages of photovoltaic (PV) power gener-
ation of quick installation, convenient operation, environ-

mental friendliness, and low maintenance cost, it has attracted
more and more attention all over the world. With the concerted
efforts of governments and enterprises in various countries, the
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PV industry has developed rapidly. According to the data from
the 21st century renewable energy policy network [1], the global
new installed capacity of PV power generation in 2018 was
100 GW, with a total capacity of 505 GW. The total installed
capacity of global PV power generation is expected to reach
1 TW in 2021. In many countries, PV power generation has
become an important and ever-increasing power generation way,
which accounted for 12.1% of the total power generation in
Honduras in 2018, besides, accounted for 8.2%, 7.7%, and 6.5%
in Italy, Germany, and Japan, respectively. As the PV power
generation system is exposed to the external environment and
suffers from the effects of weathering and aging for a long
time, it is easy to occur the deterioration of cables, joints,
system components, etc. If repairs and maintenance are not
provided regularly, the probability of dc arc faults will be greatly
increased, and even serious PV fire accidents can happen [2].
With the increase in the number of residences, commercial
PV facilities, and large-scale PV power generation, it has been
an important and challenging task to avoid PV fire accidents
effectively. Therefore, the National Electrical Code (NEC) [3]
requires all PV systems with a dc operating voltage of more than
80 V to be equipped with arc fault circuit interrupters.

Comparing with the ac arc fault, the dc arc fault cannot
be detected by the zero crossing of the current. There are
two main arc fault types in PV systems including the parallel
arc fault (PAF) and the series arc fault (SAF). Moreover, the
PAF also includes the grounding arc fault, and it is usually
accompanied by large current and voltage changes, which can
be easily detected by conventional detection equipment [4]. On
the contrary, the current and voltage changes of the SAF are not
obvious, so that they are not enough to melt the fuse or activate
the overcurrent protection device [5]. In addition, the output
characteristics of the PV system are nonlinear. Under the control
of the maximum power point tracking (MPPT) algorithm for
converters, the waveform of the SAF loses the original variation
characteristic, which will easily lead to misjudgment by the
detection equipment. Therefore, it is necessary to design a novel
SAF detection method with the properties of high flexibility,
high reliability, and good robustness to improve the identification
ability for SAFs in PV systems.

Previous research methods of arc fault diagnoses for PV sys-
tems are mainly studied from three directions, namely the time
domain, the frequency domain, and the time–frequency domain.
The time-domain method mainly uses statistical indicators, such
as mean, standard deviation, correlation coefficient, entropy,
to detect arc faults. Lu et al. [6] collected ripple components
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from the line current and voltage of a dc system, and then
calculated their rate of change and standard deviation. After
that, multiple thresholds were predetermined to judge arc faults.
Although the effectiveness is verified on the PV system, it
does not consider the influence of the waveform abnormality
caused by the meteorological environment and operating state
changes on the algorithm. Chen et al. [7] calculated the Euler
integral for the mean current of the two time windows before
and after, found that there would be a large pulse signal when
the arc was started, and then define a detection variable. An arc
fault was considered to occur when the detection variable was
greater than the predetermined threshold value. However, the
arc fault condition is only tested under ideal conditions, and the
influence of various interference conditions on the application of
the algorithm is not analyzed further. Ahmadi et al. [8] proposed
the signal-to-noise ratio (SNR) of the cross-correlation function
to detect arc faults. By calculating the correlation coefficient
of the dc-bus voltage under normal and fault conditions of
a PV system, the SNR relationship between them was ob-
tained. Then, the arc fault was determined by the judgment of
whether the SNR exceeds the limit value. Unfortunately, this
method is prone to misjudgment in the PV system with mas-
sive noise. Generally speaking, the time-domain-based method
is relatively simple and convenient, but it is relatively weak
in the anti-interference ability. Especially, when some of the
time-domain-based methods are applied for other types or sizes
of PV systems, it is inevitable to reselect suitable thresholds
again.

The frequency-domain methods mainly use the discrete
Fourier transform (DFT) or the fast Fourier transform (FFT) for
arc fault detection. Chae et al. [9] investigated an SAF detection
method based on relative amplitude comparisons. The DFT was
adopted to calculate the standard deviation of the frequency
content of several consecutive time windows to determine the
threshold of each frequency component. When the detected
frequency components in several consecutive cycles were all
exceed the predetermined threshold, it was judged as an arc
fault. The method in [9] has been tested in a dc microgrid and
can effectively avoid some misjudgments caused by interference
in a normal state. Once it is applied in a PV system, the difference
of switching frequency between different inverters will affect the
threshold setting. Besides, the adjustment of the MPPT will also
interfere with the algorithm and affect its accurate judgment. In
fact, there are relatively few studies on arc fault diagnoses with
frequency-domain methods alone.

The time–frequency method combines the time domain and
frequency domain information of the waveform for fault analy-
ses whose effective information is more sufficient compared with
only the time-domain-based or the frequency-domain-based
method. Zhu et al. [10] proposed an arc fault detection algorithm
based on the discrete wavelet transform (DWT). The signal of
the dc-bus current was collected at a sampling frequency of
200 kHz, and the ratio of the average power of the first-level
DWT coefficient to the reference average power was used as the
features. If they exceeded a certain threshold, it was considered
as an arc fault. However, it does not further study the influ-
ence of meteorological environment and operating state changes

on the algorithm. Xia et al. [11] applied the wavelet packet
decomposition (WPD) to decompose the current signal at a sam-
pling frequency of 250 kHz into three layers and four frequency
bands. The energy and wavelet coefficients of each frequency
band were extracted as the features of the support vector machine
(SVM) classifier. The WPD can divide the spectrogram equally
into different frequency bands, but the fault components of the
arc are also easy to be segmented by multiple bands at the same
time. Thus, it is difficult to choose an appropriate frequency
band to analyze the arc fault. Liu et al. [12] used the variational
mode decomposition (VMD) to extract the information of the
current signal, and the Shannon entropy was used to calculate the
complexity of the modal components. After that, the mutation
of entropy was used to determine the occurrence of arc faults.
This method has strong anti-interference so that it can correctly
identify the startup of inverters, dynamic shading, etc. However,
the arc fault cannot be successfully identified in [12] if the
occurrence time of arc fault is too short. To make it worse, the
calculation of the VMD is too complex to be used in practical
applications. Miao et al. [13] used a noninvasive magnetic
sensor to obtain the current signal when an arc occurs. Then,
an improved empirical mode decomposition (EMD) algorithm
was investigated to decompose it, and the Hurst exponent was
adopted to select the appropriate component. Moreover, the
variance and standard error of the component were extracted
and input to an SVM for the fault detection and a higher
identification accuracy can be obtained. However, the method
in [13] was only verified by PV simulators without practical
experiments. Wu et al. [14] proposed a combined fault detection
method based on the ensemble empirical mode decomposition
(EEMD) and the fuzzy C-means clustering (FCM). Numerical
simulations and experimental data were used to prove that the
proposed method had a good anti-interference ability. However,
only simulation data were adopted to test some interference
conditions. Besides, the method in [14] also admitted that
there may be misjudgments in the case of weak arcs and arc
flashes.

The application of artificial intelligence technology has the
advantages of effectively combining the methods of time do-
main, frequency domain, and time–frequency domain to con-
struct an automatic fault classifier for improving the efficiency
and accuracy of arc fault diagnoses. Telford et al. [15] adopted
the mean value of the movement of the 50-ms time window and
the approximate coefficients and detail coefficients, obtained
by the DWT decomposition as input data. After that, they trained
a hidden Markov model to detect arc faults. But this method is
only suitable for dc systems with linear outputs, and it cannot
work well when it is applied in the PV systems with nonlinear
output characteristics. Khamkar and Patil [16] combined the
DWT and cascaded fuzzy logic algorithms to detect and locate
arc faults. However, only numerical simulations were provided
in [16] to verify the model. To address the problem of the lack of
effectively measured arc signal samples, Lu et al. [17] used the
method of domain adaptation based on the deep convolutional
generative adversarial network (DC-GAN) to enhance the arc
waveform recorded in the laboratory environment to the actually
measured arc waveform, and generated a large number of data.
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TABLE I
SUMMARY OF RESEARCH BACKGROUND AND MERITS/LIMITATIONS OF PREVIOUS METHODS

Then, a convolutional neural network was applied to realize
the fault identification of SAFs. However, the algorithm in [17]
needs to obtain a lot of data through numerical simulations, and
the corresponding execution time is longer than the requirement
of the threshold method.

In addition to some of the aforementioned conventional de-
tection methods, some researchers also use other characteristics
to identify and detect arc faults, such as the increment of heat
energy, ultraviolet, acoustic signals, and electromagnetic radi-
ation detection [5]. Xiong et al. [18] proposed a dc arc fault
detection method based on electromagnetic radiation signals.
The fourth-order Hilbert curve fractal antenna was used to
detect the electromagnetic radiation signal of the dc arc, and
the amplitude and frequency spectrum of the electromagnetic
radiation signal measured under different circuit currents were
analyzed. It was found that the characteristic frequency of the
electromagnetic radiation of the dc arc generated by a PV
system is about 39 MHz, and the rule that the duration of the
electromagnetic radiation pulse of the dc arc fault is much longer

than the switching operation, which can effectively distinguish
the fault from normal interference. The disadvantage in [18] is
that advanced sensors and measurement equipment are required
to accurately capture information, which makes the application
field to be subject to certain constraints. Alam et al. [19] designed
a detection technology for PV arc faults via the method of spread
spectrum time-domain reflectometry (SSTDR). The occurrence
of the fault was confirmed by detecting the impedance change
and autocorrelation before and after the failure of the PV array.
The advantage of the method in [19] is that it is unnecessary
to measure the voltage and current, and the potential arcs in
the PV array can also be predicted. However, an expensive
detection equipment with rather high sampling frequency is
indispensable.

As for the review and summary of previous researches as
shown in Table I, it can be seen that traditional time-domain-
based or frequency-domain-based methods have poor expres-
sion of arc features, and are vulnerable to interference from
the system or the surrounding environment, resulting in poor
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Fig. 1. Composition of a PV grid-connected system.

detection effect. The time–frequency domain method can make
full use of the features differences in the time domain and
the frequency domain before and after the occurrence of arc
faults for capturing more effective characteristic expressions
to greatly improve the detection accuracy. However, typical
time–frequency decomposition methods, such as the WT and the
WPD, cannot divide frequency bands adaptively such that they
are unsuitable for various high-efficiency inverters with different
switching frequencies. The fixed partition may divide valid
features into different regions to form fragmentation features,
which bring difficulties to the fault detection. Therefore, on the
basis of removing the switching frequency and the background
noise, an improved empirical wavelet transform (IEWT) is used
in this study to segment relatively complete feature bands adap-
tively; a composite multiscale permutation entropy (CMPE) and
a twin support vector machine (TWSVM) are combined into the
proposed strategy to achieve the objectives of feature extraction
and classification. Some previous methods in [11], [12], and [17]
via the same current data of PV arrays to realize the arc fault
detection will be compared with the proposed strategy in this
study to support the aforementioned discussions.

The rest of this article is organized as follows. Section II
introduces the composition of a PV system, and the states of
PV currents in the time–frequency domain when a SAF occurs.
Section III explains the proposed algorithm and the diagnostic
process. The effectiveness of the proposed method is verified
and analyzed by the measured data in Section IV. In Section V,
the performance of the proposed method is compared with other
methods to highlight superior advantages. Finally, Section Ⅵ
concludes this article.

II. COMPOSITION OF PV SYSTEM AND WAVEFORM OF ARC

FAULT TIME–FREQUENCY

A. Composition of a PV System

A PV grid-connected generation system generally consists of
PV arrays, dc combiner boxes, inverters, protection devices, and
transformer, as shown in Fig. 1. Among them, the PV array is

Fig. 2. Arc fault generator (AFG).

composed of several PV modules. The output power of the array
will be increased when they are connected in series or parallel.
The output current and voltage of PV modules are nonlinear and
varied due to the irradiance and temperature. Thus, the MPPT
algorithm is universally used to extract the maximum power
from a PV system.

B. SAF Characteristics of a PV System

Various types of arc faults, including SAF, PAF, and grounding
arc fault, due to hardware aging and loose joints may be caused
by PV generation systems in daily use. Among them, the SAF
is difficult to detect due to the weak changes of currents, which
is the major issue to be solved in this study. Fig. 1 shows a PV
system with a structure of 2 × 12, that is, 12 of the PV modules
are connected in series, and 2 series modules are connected in
parallel for power supply. Under standard test conditions, the
maximum power, the open-circuit voltage, and the short-circuit
current of individual modules are 270 W, 38.5 V, and 9.09 A,
respectively. That is to say, the maximum power, the open-circuit
voltage, and the short-circuit current of the entire array are
6.48 kW, 462 V, and 18.18 A, respectively. In Fig. 1, the positions
labeled from a to d indicate the SAFs occurred at the bus rod,
and the front, the middle and the end of the PV substring. An
arc fault generator (AFG) shown in Fig. 2 is a device used to
simulate the arc generation. It includes two electrodes, which
are fixed, and a mobile one whose material is a bar copper.
In the AFG, the structure of the discharge electrode includes
tip-tip and tip-post. The movement of the electrode is driven by
a stepper motor and its controller. After the control pulse is sent
out by the controller, the electrode will move at a certain speed.
By considering the randomness of actual arc length variation
mentioned in [20], the fault waveforms of different arc lengths
can be obtained by separating the electrodes during the speed
range from 3 to 9 mm/s randomly, and the signals captured by
short time windows are taken as the research object. Through
these measures, the negative influence of artificial simulation
operation on the actual fault detection can be avoided. The
detailed experimental conditions are listed in Table II.
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TABLE II
EXPERIMENTAL CONDITIONS

Here, one takes the time–frequency domain waveform when
an SAF occurs at position as an example to illustrate the
characteristics of the SAF. First, the electrode is controlled to
be closed via the AFG; at this time, it is in unfaulty condition.
Then, electrodes are controlled to separate and enter the stage
of arcing. The movement of the electrode is stopped after
5.5 s and it is the stage of stable burning. After 9.2 s, the
arc disappears naturally. The time–frequency domain waveform
of the current in the entire arc simulation stage is depicted
in Fig. 3. It shows the development of the waveform in the
time domain when an SAF occurs; four stages are included:
normal, arcing, stable burning, and breaking arc. The frequency-
domain waveforms after the FFT transformation (dc components
have been removed), including three stages of normal, arcing,
and stable burning, are illustrated in Fig. 3(b). In [5], it is
recorded that the frequency-domain characteristics of arc faults
mainly exist within 100 kHz. According to the Shannon–Nyquist
theorem, this study collects current signals at a sampling rate
of 200 kHz, and analyzes the corresponding results. There
are three obvious high-energy frequency bands in Fig. 3(b),
where the component at 16 kHz is the switching frequency of
the inverter, and the components at 32 and 48 kHz are two
and three times the switching frequency. As can be seen from
Fig. 3(a), after an SAF occurs, the dc-bus current will drop to
a certain extent, and then immediately rise; it is mainly caused
by the operation of the MPPT controller. Due to the increase in
the arc gap, the dc-bus current continues to drop. When the arc
gap is fixed, the dc-bus current fluctuates up and down. With
the ablation of the electrode, the voltage drop of the arc itself
increases with the increase in the gap, and the arc is extinguished
due to the insufficient applied voltage. As can be seen from
Fig. 3(b), there are three main characteristics of arc faults. First,
the noise in a low frequency of the current spectrogram of
normal and stable burning is smaller, but the one in the stage
of arcing is larger than the former. The second characteristic is
that the components of the normal current near the frequency
doubling of 32 and 48 kHz are much higher than those in the
case of a fault. Finally, the frequency spectrum of the normal
current is more stable than that of the fault current, namely the
noise of the normal current is slightly smaller than the fault
current.

From the abovementioned analyses, it can be found that when
an SAF occurs in a PV system, the dc-bus current has a certain
degree of fluctuation in the time domain, but the difference
between the states of stable burning and normal operation is

Fig. 3. Time–frequency characteristics of SAF. (a) Time-domain waveform
and (b) frequency-domain waveforms at different stages.

not obvious. Moreover, the sudden changes in illuminance or
the adjustments of the MPPT algorithm have the same effect,
which makes the traditional time-domain analysis unreliable.
In addition, from the current spectrogram, it can be observed
that the holistic amplitude of the fault current and the normal
current in the frequency domain are not much different. Unfor-
tunately, traditional methods, such as the wavelet transform, are
generally only suitable for the case of the obviously different
frequency spectrum, otherwise, the misjudgments are prone to
occur. Besides, due to the existence of the switching frequency
with its multiple frequency components, the algorithm of the
frequency domain is easily affected by the switching action
signal so that the recognition accuracy decreases. Therefore, the
bandpass filtering algorithm will be used in this study to reduce
the adverse effects of switching frequency. The series time–
frequency domain signals and machine learning algorithms are
combined to achieve a simple, fast, safe, and reliable fault
diagnosis.
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III. ALGORITHM PRINCIPLE AND DIAGNOSIS PROCESS

A. Hankel Singular Value Decomposition (Hankel-SVD)

1) Principle of Singular Value Decomposition (SVD): For a
matrix A with a size of m × n, its SVD can be expressed as

A = UΣVT (1)

where U ∈ Rm×m and V ∈ Rn×n are both orthogonal matri-
ces, and

∑
= (diag(σ1, σ2, . . . , σr),O) ∈ Rm×n is the singu-

lar value matrix, in which O is the zero matrix, r = min(m,n),
and σ1 ≥ σ2 ≥ · · · ≥ σr > 0. The nonzero diagonal elements
in
∑

are the singular values of the matrix A. If the SVD is
applied to matrices with different construction methods, the
processing effects also differ. Yue et al. [21] showed that if
a Hankel matrix was formed by a 1-D signal, various fre-
quency components of the original signal could be obtained
by the SVD. The singular values (σ1, σ2, . . . , σr), respec-
tively, correspond to the components of the original signal
frequency spectrum, whose amplitudes are arranged from large
to small. As can be seen from Fig. 3(b), the amplitude of
the switching frequency is the largest, whereas the ampli-
tude of the background noise is minimal. In this way, after
the SVD decomposition, the front-ranked singular values denote
the amplitude of the switching frequency, and the last-ranked
singular values represent the amplitude of the background noise.
Once these singular values are removed, the switching frequency
and the background noise component disappear.

2) Filtering and Signal Reconstruction: The Hankel matrix
is a type of matrix that has been widely applied in many
fields, such as numerical analysis, optimization theory, and
system identification. There is a set of a digital signal vector
X = [x(1), x(2), . . . , x(N)], and the Hankel matrix can be con-
structed by the phase space reconstruction as

A =

⎡⎢⎢⎢⎣
x(1) x(2) · · · x(n)
x(2) x(3) · · · x(n+ 1)

...
...

...
...

x(m) x(m+ 1) · · · x(N)

⎤⎥⎥⎥⎦ (2)

where m, n, and N have a relation of m+ n− 1 = N . The
Hankel matrix is filtered by the SVD to remove the corre-
sponding singular values, and then a new singular value matrix
Σ̃can be obtained. After that, a new Hankel matrix Ã can be
calculated by the formula of Ã = UΣ̃VT . It can be found from
the construction formula of the Hankel matrix that the first
row and last column (or the first column and last row) of the
matrix Ã can be directly restructured to acquire a new digital
signal, f(t).

Yue et al. [21] illustrated that if the row (m) satisfies the rela-
tion of 2e < m ≤ N/2 (e is the number of the main component
of the signal in frequency domain), the singular values processed
by the SVD will appear in pairs. To obtain the best effect of the
noise reduction, the product of m and n of should be maximized.
Thus, m is equal to N/2, and

Pfn ≈ σ2n−1 + σ2n (3)

where Pfn represents the amplitude of the nth frequency com-
ponent, which is in descending order of the frequency spectrum
complex amplitude in the signal X , and σ2n−1 and σ2n stand for
a pair of singular values corresponding to the nth frequency.

B. Improved Empirical Wavelet Transform

1) Empirical Wavelet Decomposition: Gilles [22] proposed
the concept of EWT in 2013, which is adaptive for analyzing
nonstationary time-varying signals. That is, the amplitude mod-
ulation and frequency modulation (AM–FM) components at dif-
ferent frequency bands can be extracted by a series of the wavelet
filter bank, which is constructed based on the frequency-domain
distribution characteristics of the signal. Specifically, the steps
can be expressed as follows:

a) Extract the signal spectrum by the FFT. The Fourier
transform of the signal f(t) can be performed by the following
formula:

f̂(ω) =
1

2π

∫ +∞

−∞
f(t)e−iwtdt (4)

where the frequency spectrum of f(t) is denoted as f(ω) =

|f̂(ω)|, in which ω ∈ [0, π].
b) Segment the signal bands. First, the number of local max-

imum values labeled as Num can be found from the obtained
frequency spectrum, and they are arranged in the descending
order. Then, local maximum values are further arranged accord-
ing to the corresponding frequencies (ω) in the ascending order
(ω1, ω2, . . . , ωNum). After that, the normalized frequency band
[0, π] is divided into subbands K(K≤Num), and the subbands of
the AM–FM component with the center of ωk(k = 2, 3, . . . ,K)
is set as [Ωk−1, Ωk], where Ωk−1 = (ωk−1 + ωk)/2, Ω0 = 0,
and ΩK = π.

c) Construct a wavelet filter bank. For subbands [Ωk−1, Ωk],
the scale function φ̂k(ω) and the wavelet function ϕ̂k(ω) can be,
respectively, expressed as follows:

φ̂k(ω) =⎧⎪⎨⎪⎩
1 |ω| ≤ (1 − γ)Ωk

cos
(

π
2 β(

|ω|−(1−γ)Ωk

2γωk
)
)

(1 − γ)Ωk ≤ |ω| ≤ (1 + γ)Ωk

0 otherwise

(5)

ϕ̂k(ω) =⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

1 (1 + γ)Ωk< |ω|<(1−γ)Ωk

cos
(
π
2 β
(
|ω|−(1−γ)Ωk+1

2γωk

))
(1 − γ)Ωk+1 ≤ |ω|≤(1 + γ)Ωk+1

sin
(

π
2 β
(

|ω|−(1−γ)Ωk

2γωk

))
(1 − γ)Ωk ≤ |ω| ≤ (1 + γ)Ωk

0 otherwise

(6)

where β(x) is a random function, and the same definition in [22]
is used as follows:

β(x) = x4(35 − 84x+ 70x2 − 20x3). (7)
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d) Signal reconstruction. The inverse Fourier transform is
used to calculate f(ω)× φ̂k(ω) and f(ω)× ϕ̂k(ω), and then
the time-domain representations of each frequency band can be
obtained, namely the modal component ewt(k).

2) Algorithm Improvement Based on Mathematical Morphol-
ogy: The EWT has the defect of too dense segmented frequency
spectrum. To make it worse, the switching frequency compo-
nents and noise in the dc-bus current of a PV system make it
difficult to reasonably segment the frequency spectrum, which
results in a lack of characteristics. Therefore, the method of
mathematical morphology is used in this study to improve the
defects of the EWT. The basic idea of mathematical morphology
is to use the structure element as the probe to search for informa-
tion, and the relationship between various parts of the data can be
obtained by the continuous translation of the structure element.
With the purpose of achieving different processing targets, the
morphological operations consist of four forms, namely erosion,
dilation, open operation, and close operation [23]. The close
operation is mainly adopted to process the frequency spectrum
for reducing the adverse effects of the original spectrum noise
on the EWT segmentation in this study.

Suppose that F(o) is the sampled signal to be the structural
elements, and the domain definition of them can be expressed
asDF = {0, 1, 2, . . . , N − 1} andDS = {0, 1, 2, . . . ,M − 1},
respectively, where N and M are both natural numbers (N > M).
The formulas for the morphological dilation and erosion can be,
respectively, represented as

(F ⊕ s)(o) = max[F (o− p) + s(o)] (8)

(FΘs)(o) = min[F (o+ p)− s(o)]. (9)

Moreover, the formula for the close operation is defined as

(F � s)(o) = (F ⊕ sΘs)(o) (10)

where ⊕, Θ, and � are the symbols of dilation, erosion, and close
operation, respectively.

To retain the characteristics of the original signal frequency
spectrum to a maximum extent, the linear structure elements s(p)
= 0 are used for the close operation. The size of it is the width of
the straight line, but usually, it is required to adjust according to
different types of signals. The improvement of the EWT is to add
an operation after the first step of the calculation, that is, after f(ω)
is calculated, and suppose that f(ω)=F(o), then f(ω) is processed
by the close operation of the formulas in (8)–(10), so that a
new f̂(ω) can be obtained. Subsequently, the decomposition
quality of the EWT can be improved by the segmentation of the
frequency spectrum on f̂(ω). The dc-bus current in the normal
state of a PV system is taken as an example to explain the
improvement effect of the EWT. The segmentation region of
the frequency band of the EWT before and after the algorithm
improvement is illustrated in Fig. 4. It can be obviously observed
that, before the improvement, the cutting lines of the frequency
spectrum are mainly concentrated in the front half part and they
are so dense. It implies that there is a great adverse effect on
the extraction of subsequent frequency spectrum characteristics.
On the contrast, the entire spectrum can be divided orderly by

Fig. 4. Spectrum segmentation of (a) EWT and (b) IEWT.

the segmentation of the frequency spectrum after the algorithm
improvement.

C. Composite Multiscale Permutation Entropy (CMPE)

1) Permutation Entropy (PE): The PE is used for measuring
the complexity of time series, and it has the advantages of
high computational efficiency, good robustness, and invariance
[24]. The complexity of each sequence obtained after the EWT
decomposition is calculated by the PE, and it is adopted as
the classification feature in this study. The principle of the
PE is assuming that there is a discrete sequence vector ewt =
[w(1), w(2), . . . , w(N)] , and the phase space reconstruction
can be performed on the sequence vector of ewt by setting the de-
lay time (t) and the embedding dimension (d). The reconstructed
sequence vector of ewt can be expressed as follows:

∧
ewt =

⎡⎢⎢⎢⎢⎢⎢⎣

w(1) w(1 + t) · · · w(1 + (d− 1)t)
...

...
...

w(i) w(i+ t) · · · w(i+ (d− 1)t)
...

...
...

w(v) w(v + t) · · · w(v + (d− 1)t)

⎤⎥⎥⎥⎥⎥⎥⎦ (11)

where i = 1, 2, . . . , v, in which v = N − (d − 1)t represents
the number of components in the reconstruction matrix, and
each reconstruction component is composed of a row of data
in the matrix. Each reconstruction component is rearranged
in the ascending order of numerical value, and the column of
each element of the reconstruction component is denoted as

j1, j2, . . . , jd. By this way, each reconstructed sequence
∧

ewt can
find the corresponding symbol order as

s(l) = (j1, j2, . . . , jd) (12)

where l = 1, 2, . . . , e and e ≤ d!. Similar to this, the way
of an arbitrary symbol order can be represented by s(l).
If P1, P2, . . . , Pe stand for the probability of each sym-
bol sequence, respectively, the normalized PE [25] can be
represented as

PE = − ln (d!)−1
d!∑
j=1

Pj ln(Pj). (13)

The entropy of the PE is between 0 and 1, and it is believed
that the smaller the entropy is, the more structured the original
time series will be.
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2) Composite Multiscale Permutation Entropy (CMPE):
The PE can only reflect the spatial structure on the overall time
scale of the data, while the structure on different time scales
of the data will be ignored. Fortunately, the abovementioned
problem can be solved by the multiscale permutation entropy
(MPE) [26]. The MPE adds a new scale factor (τ ) on the basis
of the PE, and then the coarse-graining processed time series
y(τ) can be obtained by the following formula:

y
(τ)
j =

1
τ

jτ∑
i=(j−1)τ+1

x(i), 1 ≤ j ≤ N

τ
, τ ≤ N. (14)

Thus, the MPE can be expresses as

MPE(ewt, τ, d, t) = PE(y(τ), d, t). (15)

Although the MPE remedies the defect of single-scale in
the PE, the length of the coarse-graining sequence is equal to
the length of the original time sequence divided by the scale
factor, which makes the deviation of entropy increase with the
decrement in the length of the coarse-graining sequence. The
proposed CMPE solves the above-mentioned problems [27].
The time series y

(τ)
g = {y(τ)g,1 , y

(τ)
g,2 , . . . , y

(τ)
g,(N−g)/τ} of the gth

dimension of the scale (τ ) is calculated by the CMPE to be on
the basis of the MPE, in which yτg,j can be calculated by the
following formula:

y
(τ)
g,j =

1
τ

jτ+g−1∑
i=(j−1)τ+g

x(i), 1 ≤ g ≤ τ. (16)

The CMPE is calculated by taking the mean of the sum of the
MPE under the corresponding scale, and can be represented as

CMPE(ewt, τ, d, t) =
1
τ

τ∑
k=1

PE(y
(τ)
k , d, t). (17)

D. TSVM Based on Salp Swarm Optimization

1) Twin Support Vector Machine (TSVM): Jayadeva and
Chandra [28] proposed a TWSVM to construct two nonpar-
allel hyperplanes by computing two quadratic programming
problems. Since the number of constraint conditions of each
quadratic programming problem is half than that of the classic
SVM, the training speed of the TWSVM is theoretically about
four times the speed of the traditional SVM. However, the
TWSVM is not perfect. For instance, the issue of parameter
selection cannot be handled well by the TWSVM, which affects
the results of classification. The nonlinear TWSVM with Gaus-
sian kernel functions is mainly used in this study. First, suppose
that there are mtrain training samples in the q-dimensional
real space Rq, m1 samples belong to the positive class, and
m2 = mtrain −m1 samples belong to the negative ones. The
matricesA ∈ Rm1×q andB ∈ Rm2×q represent the positive and
negative class training samples, respectively, and each row of
them represents a sample. The training process of the TWSVM
is to find two nonparallel hyperplanes, that is,{

Kf (H
T , CT )w1 + b1 = 0

Kf (H
T , CT )w2 + b2 = 0

(18)

where Kf is the undetermined kernel function, CT = [A, B]T ,
w1 and w2 are normal vectors, and b1 and b2 are deviating
variables. These two hyperplanes can be obtained by solving
the following two quadratic programming problems:{

min 1
2

∥∥Kf (A,C
T )w1 + e1b1

∥∥2
+ c1e

T
2 ξ

s.t.− (Kf (B,CT )w1 + e2b1) + ξ ≥ e2, ξ ≥ 0
(19)

{
min 1

2

∥∥Kf (B,CT )w2 + e2b2

∥∥2
+ c2e

T
1 η

s.t.(Kf (A,C
T )w2 + e1b2) + η ≥ e1, η ≥ 0

(20)

where e1 and e2 are both unit column vectors, whose numbers
of columns are the same to the kernel function Kf (A,C

T )
and Kf (B,CT ), respectively. In addition, c1 and c2 are penalty
factors, and ξ and η are slack variables. Therefore, each class in
the binary classification problem corresponds to a hyperplane.
If the distance between the sample and the hyperplane of the
positive class is less than that to the negative class, the sample
is classified as a positive class; otherwise, it is regarded as
a negative class. The kernel function used in this study is a
Gaussian kernel function to be expressed as

Kf (hiv , hjv ) = exp

(
−‖hiv − hjv‖2

2σ2

)
(21)

where σ is the width of the Gaussian kernel function, and hiv

and hjv are the ith and jth input samples, respectively.
2) Salp Swarm Algorithm (SSA): According to the above-

mentioned analyses, there are three hyperparameters that remain
to be optimized in the TWSVM, namely c1, c2 , and σ. It is time
consuming for parameter tuning by human, making it worse,
and the optimal parameters are difficult to be found. Mirjalili
et al. [29] proposed a novel metaheuristic intelligent algorithm,
in which the salp swarm is searched in the form of a chain.
This algorithm has a simple structure, and there is almost no
parameter setting involved. Additionally, it has an excellent
performance of calculation. The corresponding optimization
process is explained as follows.

S1: Initialization population. According to the upper and
lower limit values of each dimension of the search space, the
position PosiSSAjSSA

(0) of the salpa is initialized, where iSSA =
1, 2, . . . , NSSA, and jSSA = 1, 2, . . . , DSSA, in which NSSA is
the population size of the salp swarm, and DSSA is the spatial
dimension

PosiSSAjSSA
(0) = rand(NSSA, DSSA)

× (ubjSSA − lbjSSA) + lbjSSA (22)

where rand () is the random operator; ubjSSA
and lbjSSA

are the
upper and lower limits of the search space, respectively.

S2: Calculate the adaptation degree of each salpa with respect
to the objective function, and determine the initial position of
the food source. Then, the position with the smallest adaptation
degree is chosen as the target one.

S3: Determine the leader and the follower. Those salpas
located in the first half of the salpa chain are the leaders, and the
rest are the followers.
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Fig. 5. Processing framework of the proposed method.

S4: Update the position of the leader of the salpa

PosiSSAjSSA
(tSSA)

=

{
PFjSSA + z1((ubjSSA − lbjSSA)z2 + lbjSSA) z3 ≥ 0.5

PFjSSA − z1((ubjSSA − lbjSSA)z2 + lbjSSA) z3 < 0.5
(23)

where tSSA is the current iteration times, PosiSSAjSSA
(tSSA) is the

position of the leader (iSSA) of the current generation salpas
in the jSSAth dimension space, PFjSSA is the position of the
current food source in the jSSAth dimension space, z2 and z3

are the random number uniformly distributed between [0,1], c1

adaptively decreases as the time of iteration increases, and the
value of z1 is selected as

z1 = 2e−(4tSSA/Max_iter)2

. (24)

In (24), Max_iter is the maximum iteration. Moreover, the
values of z1, z2 , and z3 are the same as those used in [29].

S5: Update the position of the followers of salpas

PosiSSAjSSA
(tSSA) =

1
2
(PosiSSAjSSA

(tSSA − 1)

+ PosiSSA−1
jSSA

(tSSA − 1)) (25)

where PosiSSAjSSA
(tSSA) is the position of the followers (iSSA) of

the current generation salpas in the jSSA
th dimension space.

S6: Perform boundary treatment on each dimension of the
updated individual, and update the position of the food source
based on the updated global optimization position of salpa.

S7: Judge whether the maximum iteration are achieved, and
if so, output the current optimal hyperparameters (c1, c2, σ) and
the objective function value; otherwise, jump to S3 to continue
iterative evolution.

E. Diagnosis Process

As shown in Fig. 5, the aforementioned algorithms are com-
bined in this study to construct a novel model of SAF detection of
a PV system. The processing procedure of the proposed scheme
is expressed as follows.

S1: Collect the dc-bus current (IPV) of a PV system with a
sampling frequency of 200 kHz, and select the data during a
certain time window for analyses.

S2: Perform bandpass filtering on IPV. First, the dc compo-
nent in the current will be filtered out. Then, the Hankel matrix
is constructed, and the SVD is performed to filter the high-
frequency switching frequency and noise components. Finally,
a new value of the SVD is used to reconstruct the new signal
waveform, Inew.

S3: Decompose Inew by the IEWT and the multiple sets of
modal components. It implies that information from different
frequency bands can be obtained, and the CMPE value of each
modal component can be calculated as the input data of the
classifier.

S4: Divide the input data into training and testing sets. The
training data are used to train the TWSVM classifier, meanwhile,
the SSA is used to find the optimal hyperparameters of the model.

S5: The test data are used to evaluate the diagnostic accuracy
of the trained model.

The distinct objectives for each step throughout the pro-
cess in Fig. 5 are explained as follows. The Hankel-SVD
method is investigated to eliminate the interference of the back-
ground noise and the switching frequency. Moreover, the EWT
method is adopted for the time–frequency decomposition of
signals, and the IEWT method is proposed to ensure that the
decomposition is self-adaptive, so as to avoid the signal be-
ing forced to be decomposed into a fixed frequency band and
the decomposition is too intensive. After relatively complete
decomposition of the corresponding frequency band features,
the CMPE is then used to further mine the multiscale fault
information in the sequence waveform. Finally, the TWSVM
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Fig. 6. Photograph of a 2 × 12 scale PV system.

TABLE III
PARAMETERS OF 2 × 12 SCALE PV SYSTEM UNDER STANDARD

TEST CONDITION

is applied to classify the multiscale fault information to improve
the training speed.

IV. EXPERIMENTAL VERIFICATION AND ANALYSES

A. Experimental Platform

A PV roof grid-connected system with a capacity of 6.48 kWp
is used in this study to verify the proposed method. The scale of
the PV array is 2 × 12, i.e., 12 of the PV modules are connected
in series, and 2 series modules are connected in parallel. The
photograph of the experimental setup in this study is depicted
in Fig. 6, and the parameters of the laboratory PV system under
standard test conditions are summarized in Table III. In Fig. 6,
the oscilloscope (DSOX2024A) is adopted to collect the dc-bus

TABLE IV
SUMMARY OF MULTIPLE DATA SETS

current at a sampling frequency of 200 kHz, and connected to
the location of the current acquisition in Fig. 1. The AFGs are
connected in series at the four positions of a, b, c, and d (as
shown in Fig. 1) to, respectively, simulate the arc fault occurs
at the bus rod, and the front, the middle, and the end of the
substring. The recorded current waveforms include the states
of normal, arcing and stable burning. The collected data covers
various experimental samples under an irradiance range of 150–
900 W/m2, an atmospheric temperature range of 10–40 °C, and
an arc gap of 0–15 mm. The distribution of experimental samples
is illustrated in Table IV, where the labels of samples are of two
classes. The positive category is 1, and the negative one is −1,
which represent the states of arc fault and normal situations,
respectively. “SAF in a” means that an arc fault occurs at position
a in Fig. 1, and other marks can be deduced by analogy. The ratio
of training and test samples is 4:1. The types of the adopted server
are XEON W-2123 CPU, 2∗GTX1080Ti GPU, and 32G RAM.

B. Determination of Model Parameters

1) Time Window: The selection of a time window is incon-
sistent in different literatures. For example, a time window of 50
ms is used in [12], whereas the time-window selection in [17]
is 20 ms. For arc faults, the sampling rate is usually higher due
to the requirement of high-frequency signals as the features.
The bigger the time window is, the more data points will be;
obviously, the longer it takes for the signal to perform the time–
frequency decomposition. To select an appropriate time window,
data for four time windows including 5, 10, 15, and 20 ms
are selected, respectively, and then the corresponding execution
times are recorded as 0.24, 0.6, 1.2, and 2.4 s, respectively.
Owing to the great harm caused by arc faults, it is essential
to detect and cutoff the pathway maintained by the current as
soon as possible. A complete ripple signal above 200 Hz can
be decomposed by a time window of 5 ms. The frequency of
the separable waveform signal gradually increases as the time
window shortens. In addition, both the arc at steady state and the
early arc are required to be accurately identified in this study. The
information component of the steady-state arc at the early fault
waveform will reduce with the reduction of the time window,
which will lead to the reduction in the recognition ability of the
proposed algorithm. By considering the timeliness and accuracy
of arc fault detection, a time window of 5 ms is used as the
detection window in this study.

2) SVD Filtering Parameters: The switching frequency of
the inverter in the experimental system is 16 kHz. Through the
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Fig. 7. Energy differential spectrum of current signal. (a) Arc fault. (b) Normal.

analysis of the signal spectrum, it is found that there are obvious
high-energy signals at 16, 32, and 48 kHz, where 32 and 48 kHz
are two and three times the switching frequency. According
to the analytic results noted in Section II-B, it is appropriate
to remove the switching frequency and retain the frequency
doubling component of the switching frequency. Therefore,
for the obtained SVD, the largest two eigenvalues require to
be placed to zero. Besides, to remove background noise and
retain the characteristics of the original signal as possible, the
energy difference spectrum of the singular value is adopted
to calculate the most appropriate degree of denoising, and the
Pearson correlation coefficient is used to calculate the signal
correlation before and after denoising. The energy difference
spectrum of the singular value reflects the energy contribution
of the effective signal and noise to the singular value, and it is
defined as

Q(iσ) = (σiσ
2 − σiσ+1

2)

/
r∑

jσ=1

σjσ
2 (26)

where iσ = 1, 2, . . . , r, and σiσ represents a sequence of singu-
lar values. Since the background noise has a small proportion of
energy and no mutation occurs, the order of the singular value
of the noise can be determined and removed. Fig. 7(a) and (b)
shows the singular value energy spectrum of the current signal
under the fault state and the normal state, respectively. As can
be seen from Fig. 7, the distribution of the energy spectrum is
relatively uniform if the singular value exceeds 400. Therefore,
the effective characteristic information of the first 400 singular
values is determined to retain in this study.

Pearson correlation coefficient [30] can be expressed as

rs =

∑r
iσ=1 (Xiσ −X)(Yiσ − Y )(√∑r

iσ=1 (Xiσ −X)
2
)(√∑r

iσ=1 (Yiσ − Y )
2
)
(27)

where Xiσ, Yiσ (iσ = 1, 2, . . . , r) are the sample of two groups
of sequences, and X,Y are the mean of two groups of sequence.
By taking the normal signal sample as an example, correlation
coefficients of the SVD before and after removing the last 100
values are compared on the basis of removing the switching
frequency, and it is calculated that rs is equal to 99.6%. It shows
that the data characteristics before and after filtering are well
preserved. The waveform of this normal signal sample after
removing the dc component and noise is depicted in Fig. 8.

Fig. 8. Current spectrum before and after SVD.

As can be seen from Fig. 8, the switching frequency at 16 kHz
has been basically eliminated, whereas the amplitude of other
frequency points does not change before and after processing.
Therefore, the influence of the switching frequency and back-
ground noise can be removed without affecting the original
characteristics of the signal by the Hankel-SVD model, which
provides a guarantee for obtaining the effective expression of
the fault characteristics.

3) Quantity of Frequency Bands and Scale Factor: There are
two ways of signal division by the EWT; one is fully adaptive
division. If it is adaptively decomposed into several segments in
accordance with signal spectrum characteristics, it will lead to
an unstable extracted feature. For example, for multiple groups
of signals, the number of segmented frequency bands for each
group of signals may differ from each other. The other way of
segmentation is to set the number of frequency bands manually,
whereas the width of each frequency band is determined adap-
tively. By this way, the stability of the number of features can
be guaranteed due to a certain number of frequency bands of
signal decompositions. Thus, the latter treatment is adopted in
this study. But the influence of the number of frequency bands
on the detection effect must be further investigated.

There is the same problem for the CMPE. Although the CMPE
can avoid the problem of incomplete feature extraction of the
PE, the selection of the number of scales will also affect the
final detection effect.

To find the best combinations, the relationship between the
number (N) of frequency bands and the diagnostic accuracy and
that between the scale (τ ) of the PE and the diagnostic accuracy
are analyzed by experiments. The corresponding relationship
illustrations are depicted in Fig. 9. If the values of N and τ are
selected too large, it will lead to longer computing times for
the proposed algorithm, and practical applications will be lim-
ited. Because there are at least two high-frequency components
in the signal spectrum (i.e., the frequency doubling component),
the value of N is suggested to be not less than 3. In summary,
the value of N from 3 to 6 and the value of τ from 1 to 10 are
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Fig. 9. Detection effect of different frequency bands and scales.

considered in this study. The TWSVM with Gaussian kernel
function is used as the classifier, the hyperparameters are set
to default values (c1 = 4, c2 = 5, and σ = 7.2 × 10−4), and no
optimization is performed.

In Fig. 9, blue, green, red, and orange lines represent the
detection accuracy when the number of frequency bands (N)
are 3, 4, 5, and 6 at different scales (τ ), respectively. With the
increase of the scale (τ ), the accuracy shows different trends
as the number of frequency bands (N) are different. When the
value of N is equal to 3, the accuracy fluctuating rises during
the range of 81–95%, and the highest accuracy reaches 95.24%.
When the value of N is equal to 4, the accuracy is basically
in the range of 81–93%. When the value of N is 5 or 6, the
accuracy first increases and then decreases, and the change is
relatively gentle. Among them, the highest detection accuracy
about 95.24% is obtained as (N = 5, τ = 5) or (N = 3, τ =
9). The larger the scale (τ ), the longer the computation time.
Therefore, N = 5 and τ = 5 are selected as the parameters of
the model.

To verify the effectiveness of the model, the detection effects
of PE, MPE, CMPE, and other methods under the number of the
frequency bands equal to five (N = 5) are tested in this study,
and the classifier used is the same as the foregoing one. For the
single-scale PE, the effect is not good and the detection accuracy
is only 80.95%. The detection accuracy of the MPE and the
CMPE under different scale factors is depicted in Fig. 10. It is
clear that the accuracy change trend of the MPE and the CMPE is
similar as the scale increases. However, the overall performance
of the CMPE is more superior to the MPE, indicating that the
defects of the PE and the MPE can be improved by the CMPE,
and the excellent arc fault characteristics can be extracted.

4) Optimization of TWSVM Kernel Function: To determine
appropriate hyperparameters for the TWSVM model, the SSA
is adopted for optimization in this study. The changes of penalty
factors (c1 and c2) and the kernel function width (σ) in the
iteration processes are depicted in Fig. 11(a), where the axes
X, Y, and Z represent c1, c2, and σ, respectively. The color of the
scattered points stands for the accuracy, in which yellow means
the highest. The accuracy change of each iteration process of the

Fig. 10. Accuracy of MPE and CMPE in different scales.

Fig. 11. Quantitative results of SSA. (a) Parameter space. (b) Objective space.

TABLE V
COMPARISON OF PSO, GA, AND SSA OPTIMIZATION

SSA is illustrated in Fig. 11(b). The maximum iteration times
are set to be 200 in this study. As can be seen from Fig. 11(b),
the accuracy keeps ascending as the iteration times increase,
and finally, it reaches 98.10%, which is improved by about 3%
compared with the proposed algorithm without the SSA.

Particle swarm optimization (PSO) and genetic algorithm
(GA) are two most widely used algorithms in the field of
optimization. With the continuous innovation in this field, other
new optimization algorithms, such as the SSA, have received
more attention in recent years. To verify the superiority of the
SSA used in this study, the optimization performance of the
SSA is compared with the ones of the PSO and the GA, and
the corresponding results are summarized in Table V. As can
be seen from Table V, under the same iteration times of 200,
the accuracies of the PSO and the GA are 97.14% and 96.19%,
respectively, whereas the SSA found relatively better ones, and
increasing the accuracy of the model to be 98.10%. Moreover,
the SSA spends less computing time in the optimization process
than the PSO and the GA, which improves the efficiency of
optimization.
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C. Analysis of Anti-Interference Ability

In this study, the waveform was collected by a higher sam-
pling rate and a minor time window. In general, the current
waveform in the normal state is stable in a minor time window.
However, it is inevitable that there will be interference, which
will cause the signal to fluctuate, and the phenomenon of a
suspected fault will appear. Similarly, arc faults may occur
under any circumstances, or the collected time window ap-
pears when the changes of the arc are in a transient state. In
such conditions, whether the proposed method can effectively
identify arc faults is also worthy to discuss. The following
situations, which are likely to be misjudged, are recited and
discussed.

1) Dynamic fast shading: If there are cloud covers or larger
flying objects move quickly over a PV array, it will result in
dynamic shading for leading to the mutation in the waveform.
In this study, large pieces of cardboard are used to shade the PV
component quickly for simulating this situation. In normal and
arc fault states, a total of 30 sets of dynamic shading samples
are collected.

2) Inverter startup: At this stage, the semiconductor switch is
turned ON, and the current gradually increases from 0. The noise
level changes due to the switching action, and it will produce
a certain amount of interference. Thirty sets of samples in this
case are collected for testing.

3) MPPT adjustment: The controller with built-in MPPT
functions executes the perturbation and observation algorithm at
regular intervals to ensure better power output. In this process,
the current signal will appear relatively strong noise, which
may lead to the proposed algorithm misjudgment. Thirty sets
of samples in this case are collected for testing.

4) Blowing interference: As is mentioned in [5] that when the
dc arc is interfered by strong wind, the low frequency part of
the signal will change, which will affect the detection of the arc
fault. When this arc fault is simulated, an industrial fan is used to
blow the arc and meanwhile, the arc must keep not extinguished,
and 30 sets of samples are collected.

The frequency spectrums under different working conditions
are depicted in Fig. 12. As mentioned in Section II-B, when
an arc fault occurs, the amplitude of the frequency-doubling
component of the switching frequency will decrease, and the
noise of the low-frequency part will become stronger. In addi-
tion, pink noise may occur [31]. As can be seen from Fig. 12(b)
and (c), in the process of the inverter start-up and the MPPT
adjustment, the frequency-doubling component also decreases
due to the action of the semiconductor switch, and the noise
also becomes stronger. That is, its performance forms a domain
arc fault with similar characteristics to cause interference. Ac-
cording to the proposed feature extraction method, a total of
25 dimensions of CMPE feature quantities can be obtained for
each sample, to better display feature information. Ten samples
are taken from each category, and the t-SNE [32] is used for
the visualization. The t-SNE can realize the mapping of high-
dimensional data to the low-dimensional space, and the distance
between two points represents the similarity between them.
The closer the distance is, the higher the similarity will be. The

Fig. 12. Frequency spectrum under different working conditions. (a) Shading
in normal. (b) Inverter startup. (c) MPPT adjustment. (d) Blowing interference.

Fig. 13. Features visualization of various samples.

corresponding results are depicted in Fig. 13, where “o” rep-
resents the failure sample and “×” denotes the normal sample.
Although similar samples are distributed in different regions of
space, the boundary between different samples is relatively obvi-
ous, i.e., the proposed feature extraction method can effectively
express the differences. By considering the dispersion of the
feature distribution, the TWSVM with kernel functions is used
to map the feature quantity to high dimension for achieving the
effective classification. As can be seen from the classification
results shown in Table VI, the adjustment of MPPT has a little
impact on the detection results, and the measurement accuracy
can reach 96.67%; that is, there is a misjudgment in one sam-
ple. The other categories of samples are 100% identifiable. By
observing this misjudged sample, it is caused by the adjustment
of MPPT under the occurrence of a large-area cloud shading.
Because the corresponding current drop is very large, resulting
in a large noise change, it may be misjudged as an arc fault.
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TABLE VI
SUMMARY OF MULTIPLE DATA SETS TO TEST ANTI-INTERFERENCE ABILITY

TABLE VII
IDENTIFICATION RESULTS OF EARLY FAULT

5) Early fault identification: The goal of the arc fault detection
is to detect the fault as soon as possible when an arc occurs and
make a correct judgment. Nevertheless, in the early stage of
the fault, there are both normal and fault states in the sampling
time window. To test the effectiveness of the proposed method,
the situation of the arc faults identification in different stages
of the transition from the normal state to the fault state is also
evaluated. The sampling time window is selected as 5 ms, and the
time of the normal stage are set as 4, 3, 2 and 1 ms, respectively.
In each time of the normal stage, ten samples are collected and
put into the model for testing. The final test results are displayed
in Table VII. All samples can be accurately identified as the
occurrence of arc faults, except for one misjudgment. Thus, the
proposed algorithm not only has an excellent recognition ability
for the steady-state process, but also it can accurately recognize
the fault in the early stage.

D. Analysis of Adaptability

The diagnostic effect of the proposed algorithm in long-line
and single serial systems is first discussed here to analyze the
adaptability of the algorithm. At the same time, the application
prospect of the algorithm is verified by studying the relationship
between the accuracy and execution time of the algorithm under
different sampling frequencies.

1) Long-line fault: Generally speaking, the higher the capacity
of the electric field is, the more the numbers of components
connected in series will be. The content of the background
noise is easily affected by the distance between the collection
point and the fault point, which will reduce arc characteristics.
Consequently, the line is lengthened by 10–20 m in this study,
and 30 sets of fault samples are collected under this condition.

2) Single string system: The single series system is generally
adopted in a household roof PV system. Once a fault occurs on
the single series system, the performance of arc is stronger than

Fig. 14. Frequency spectrum under different systems. (a) Long line. (b) Single
string.

TABLE VIII
SUMMARY OF MULTIPLE DATA SETS TO TEST ADAPTABILITY

TABLE IX
TEST RESULTS OF MULTIPLE STRINGS FAULT SAMPLE

the inside fault of a double series, which is more harmful. There
are 30 sets of fault samples to be collected for verification in this
study.

The FFT spectra of the above-mentioned two fault types,
whose dc component has been removed, are depicted in Fig. 14.
It is worthy to mention that the waveform amplitude in Fig. 14
is smaller than that in Fig. 12(b) due to a lower irradiance. The
diagnostic results from Table VIII show that, whether it is a
long-line fault or a single string system, the background noise,
which mainly affects the signal, is significantly different from
the characteristics produced by the fault state. Thus, judging
from the diagnosis result, there is no misjudgment incident.

3) Multiple strings systems of different sizes: In some large
power plants, multiple-string PV arrays will be constructed.
Therefore, existing PV modules are assembled into a 3 × 8
scale array for verification. Arc locations are selected at the
bus rod, the front of substring, the middle of substring, and
the end of the substring. The number of total samples is 150.
The testing results of the multiple-string systems with differ-
ent sizes are summarized in Table IX. As can be seen from
Table IX, the proposed algorithm still performs well with a total
accuracy of 96%. When the fault occurred in the bus rod, the
front of string, and the end of string positions, two samples are
misjudged, respectively. By observing these misjudged samples,
they are caused by the low irradiance of 150–200 W/m2 when
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Fig. 15. Accuracy and time of fault detection under different sampling
frequencies.

the characteristic information is relatively weak. It is worthy
to continuously improve the identification accuracy under the
occurrence of a very low irradiance or a huge irradiance drop in
the future research.

4) Change of sample frequency: In the same time window, the
higher the sampling rate, the more data points and the longer
the processing time of data will be. To evaluate the relationship
among the sampling frequency, the processing speed, and the
accuracy, the data in Table IV are downsampled to 100, 66.8, and
50 kHz, respectively. The detection model is retrained, and the
ratio of sample classification remains unchanged. The average
test results of the samples are depicted in Fig. 15. It can be clearly
found that if the sampling frequency is 200 kHz, the accuracy is
the highest, but the execution time is also the longest.

With the reduction of the sampling frequency, the accuracy
is gradually reduced, and the execution time is also gradually
shortened. If the sampling frequency is 50 kHz, the accuracy is
93.33%, and the execution time is only 0.079 s. Therefore, the
sampling frequency can be controlled according to application
requirements to achieve a balance between the execution time
and the accuracy.

5) Verification of different PV systems: To study the applica-
bility and robustness of the proposed algorithm, a 3 × 6 scale
PV system, which is depicted in Fig. 16, is used for verification.
The power plant’s PV modules have a capacity of only 1.8 kW,
and the aging situation is inevitable after six-year operation.
Moreover, the brand and operation parameters of inverters in
Fig. 16 are summarized in Table X, which are different from
the experimental system of a 2 × 12 scale PV system in Fig. 6.
In this system, 230 sets of samples are obtained, half normal
and half faulty. Sixty sets are randomly selected from normal
and fault samples for testing, and the accuracy rate is only
62%. The major reason is that the switching frequency of two
inverters is quite different, and the number of frequency doubling
components and noise level are also different, which leads to the
fact that the original learning features are not applicable. To this
end, 200 sets of samples are selected to retrain the diagnostic
model, and the remaining 30 sets of samples are used for testing.

Fig. 16. Photograph of a 3 × 6 scale PV system.

TABLE X
PARAMETERS OF A 3 × 6 SCALE PV SYSTEM UNDER STANDARD

TEST CONDITION

The test accuracy rate can reach 96.7%. From the verification
results, it can be found that the proposed method is based on the
changes in switching frequency and noise level before and after
the fault to dig out the fault characteristics, which is dependent
on the inverter used. Thus, the model should be retrained when
it is applied for different types of inverters. Considering that
each inverter has a fixed switching frequency, it will also have
the value and significance of promotion if a diagnostic model
can be trained for each specific type of inverter. In the future
research, the further mining of characteristic information can be
investigated to solve the algorithm adaptability under different
switching frequencies of inverters.

V. COMPARISON AND DISCUSSION

A. Performance Analysis of Each Module

For the purpose of analyzing and comparing the performance
of the IEWT, the CMPE, and the TWSVM, three models are con-
structed, namely the EWT-CMPE-TWSVM model, the IEWT-
MPE-TWSVM model, and the IEWT-CMPE-SVM model. Ac-
cording to the data set in Table IV, the above-mentioned models
are compared with the proposed method, and the ratio of sample
classification remains unchanged. The test results including
detection accuracies, execution times, and relative percentages
of execution times are summarized in Table XI. Note that, the
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TABLE XI
TEST RESULTS FOR VARIOUS MODELS

relative percentage of the execution time in Table XI is calculated
by the basis of the execution time required in the proposed
method (246 ms).

In fact, the EWT algorithm improved by the mathematical
morphology can effectively avoid too dense spectrum segmen-
tation, prevent effective information fragmentation, and improve
the accuracy of recognition. As can be seen from Table XI,
the IEWT algorithm improves the accuracy by 9.21%, whereas
the corresponding execution time is only increased by 1.22%.
Note that, the effectiveness of the mathematical morphology in
the feature extraction can also be referred to [33]. When the
MPE is used in the fault feature extraction, the detection speed
is increased by 42.28%, but its accuracy is 5.62% lower. This
indicates that the CMPE can improve the entropy quality by
solving the problem that the entropy of the MPE changes greatly
due to coarse granularity. Although the SVM is very effective in
dealing with the binary classification problem, it needs to solve
the quadratic programming problem in the process of calcula-
tion, which requires a large amount of computation. As Jayadeva
[34] stated, the TWSVM can determine two nonparallel planes
by solving two related SVM-type problems, and the computation
time can be greatly improved in comparison with the SVM.
This time difference is mainly reflected in the training stage.
The experiment shows that the running times of the TWSVM
and the SVM are, respectively, 100 ms and 380 ms after one
training process, which is four times faster. During the testing
phase, the SVM and the TWSVM run roughly with the same
amount of time. The same parameter tuning and optimization
techniques are used to implement the SVM and the TWSVM,
and the diagnostic accuracy of both methods is 98.10%. That
is, the TWSVM do not change the classification accuracy of the
SVM.

B. Compared With Other Methods

The comparison with other similar methods in [11], [12],
[17], and [35] via current data of PV arrays to realize the arc
fault detection is summarized in Table XII. In [11], the current
time-domain sequence was collected at a sampling frequency of
250 kHz; the current data were decomposed by the method of
the wavelet packet transform, and the wavelet coefficients and
energy were used as the input data of the SVM classifier for
training. However, not all interferences phenomena, especially
the most common shading and inverter startup, are considered.
In [12], a complex VMD algorithm was adopted to calculate
the change of entropy in a time window of 50 ms, so that

whether an arc fault occurred can be determined. In other words,
the signal used in [12] must contain transient processes, and
the effective entropy can be obtained based on the amount of
mutation. On the contrast, the proposed method in this study
focuses on the steady-state signal of the arc fault; additionally,
the early stages of the development of the fault are also taken into
account. In [17], the current sequence waveform was folded into
a 2-D matrix as input data, and an end-to-end domain adaptation
combined with DC-GAN (DA-DCGAN) was constructed to
directly detect arc faults. As for [17], it is inevitable that a
lot of network layer parameters must be set manually, and the
quantity of computation of training the network will be quite
large. Besides, considering that there is difficulty in obtaining
the measured signal, a sampling frequency of 20 kHz, and a
time window of 20 ms is set in [17] as the acquisition standard.
On this basis, 25 000 sets of normal data and 5000 sets of arc
fault data collected from the PV simulation system are used
as source-domain data, and the obtained data is enhanced to
arc data of the real environment by transfer learning. In other
words, to achieve higher diagnostic accuracy, a large amount
of data is required to train the identification model in [17]. In
[35], the WPD was performed as Rbio3.1 was applied as the
mother wavelet. Moreover, the wavelet coefficient energy value
of a specific frequency band was taken as the characteristics,
and the random forest (RF) was used for classification and
identification to detect the arc faults of different PV systems.
However, the change in switching frequency during the inverter
startup is not taken into account in [35], which is easily to cause
misjudgment. Besides, only when the mutation of the wavelet
coefficients (transient process) is detected, the occurrence of the
fault can be found and the identification cannot be realized for
arc fault signals at the steady state.

To compare the advantage of the proposed method, this study
will make a quantitative comparison with [11], [12], [17], [20],
and [35]. In [20], the mean, the median, the variance, the root-
mean-square value, and the difference between the maximum
and minimum values of the bus current are used as feature quanti-
ties, and an integrated machine-learning algorithm is applied as a
classifier for the dc arc recognition. Although the method in [20]
is not applied for a PV system, it is a typical time-domain-based
analytic method for arc faults, which meets the requirements of
the quantitative comparison with the proposed method in this
study.

The measured data collected in Tables IV, VI, and VIII are
used as input data, the ratio of the training samples to the testing
ones is 4:1, and the classification accuracy and the execution
time are adopted as evaluation indicators. The comparisons of
the detection accuracy and the execution time of the proposed
method with the ones in [11], [12], [17], [20], and [35] are
summarized in Table XIII. As can be seen from Table XIII, the
defects of [11], [12], and [35] are the lack of the anti-interference
ability, and various normal interference samples are recognized
as fault samples, which leads to an accuracy of only 61.4%,
60.7%, and 65.61%, respectively. In [12], due to the use of
the VMD algorithm, the calculation time is up to 1.7 s, which
is much larger than other methods. In [17], the deep learning
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TABLE XII
COMPARATIVE RESULTS BETWEEN THE PROPOSED METHOD AND METHODS IN [11], [12], [17], AND [35]

TABLE XIII
COMPARISON OF TEST RESULTS OF DIFFERENT METHODS

method is adopted, and good detection results can be obtained.
However, it required many data as support, and the parameter
adjustment process takes a lot of time. In [20], time-domain data
are taken as features such that the corresponding execution time
is shortest. Moreover, there are more features captured in [20],
which makes it slightly more accurate than that in [11]. Because
the fault feature in [20] cannot be effectively expressed by the
features in the time domain, the accuracy is only 68.07%. In
addition, the method in [20] is also prone to misjudgment when it
is faced with interference samples. Although the EWT is adopted
by the proposed method to result in a slower speed, a high quality
of feature expression can be obtained via the time–frequency
feature extraction, and the holistic accuracy is superior to the
methods in [11], [12], [17], [20] and [35].

VI. CONCLUSION

A new type of PV arc fault diagnostic method is proposed
in this study by investigating the time–frequency characteristics

of PV arrays under normal and arc fault conditions. The time–
frequency domain information matrix of the signals can be ob-
tained by using the EWT algorithm of mathematical morphology
modification. Moreover, the fault features can be characterized
by the CMPE, and the binary classification can be realized by the
TWSVM. The major contributions of this study are summarized
as follows.

1) Because the Hankel-SVD can eliminate the specified
switching frequency and the background noise, it can
avoid the influence of the inverter noise and other electrical
noise on the extraction of arc fault characteristics.

2) The frequency spectrum decomposed by the EWT is
smoothed by the closed operation in the mathematical
morphology, which solves the problem of too dense fre-
quency spectrum division of dc arc signals by the EWT.

3) Compared with the SVM, the utilization of the TWSVM
greatly improves the training time of the classification
algorithm. By using SSA to optimize the hyperparameters
in the TWSVM, the corresponding optimal values can
be found quickly, and the recognition accuracy can be
improved.

4) Arc faults in the transient state or the steady state can be
effectively detected by the proposed method.

The proposed method can effectively resist the interference of
dynamic fast shading, the inverter startup, and the strong wind,
which has been proved by experimental verification. Addition-
ally, the detection accuracy of early faults is relatively high. In
the case of long-line faults, single string array, and multiply
strings array of different sizes, the adaptability of the proposed
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method is also relatively strong. In this study, the proposed
algorithm applies the EWT and the CMPE, respectively, for the
time–frequency decomposition and the eigenvalue calculation.
It takes a longer time and the single execution time reaches
246 ms. In the future research, the diagnostic speed can be
improved by optimizing the time–frequency decomposition al-
gorithm, screening the effective fault features and adopting a
fast classification algorithm.
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