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Abstract—Series arc faults (SAFs) are a primary cause of fire
incidents in photovoltaic systems. Accurately and rapidly detecting
SAF under the interference of power electronic devices remains
a significant challenge. This article proposes an SAF detection
method based on the time-frequency Markov permutation transi-
tion field (TFMPTF). First, variational mode decomposition is used
to decompose the current signal into modes containing different fre-
quency components to prevent interference between the informa-
tion of different frequency bands. Then, the modes are transformed
into two-dimensional matrices using TFMPTF. Innovatively, the
concept of time-frequency permutation patterns state transition
analysis in TFMPTF is proposed, from which the distinct structural
information of the current signal can be effectively depicted. Af-
terward, singular value decomposition is employed to extract fault
features from matrices. Finally, fault features are processed using a
kernel extreme learning machine to obtain detection results. Offline
experimental results show that the average detection accuracy of
the proposed method is 98.97%, and the advancedness and adapt-
ability of the proposed method are verified by comparing it with
different methods. The proposed method and comparison methods
are implemented in a microprogrammed control unit (MCU) for
online experiments, further confirming that the detection speed and
detection accuracy of the proposed method are reliable.

Index Terms—Arc fault, kernel extreme learning machine
(KELM), Markov transition matrix, photovoltaic (PV) system,
variational mode decomposition (VMD).

Acronyms
SAF Series arc fault.
PV Photovoltaic.
TFMPTF Time-frequency Markov permutation transition

field.
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VMD Variational mode decomposition.
SVD Singular value decomposition.
KELM Kernel extreme learning machine.
MCU Microprogrammed control unit.
MPPT Maximum power point tracking.
NEC National Electrical Code.
SVM Support vector machine.
RF Random forests.
RP Recurrence plots.
IRP Improved recurrence plots.
RQA Recurrence quantification analysis.
MTF Markov transition field.
TMPTM Time Markov permutation transition matrix.
FMPTM Frequency Markov permutation transition matrix.
ELM Extreme learning machine.
PSO Particle swarm optimization.
DAQ Data acquisition.
PMSM Permanent magnet synchronous motor.
PF Proposed feature extraction method.
Std Standard deviation.
Var Variance.
PUF Pulse factor.
KF Kurtosis factor.
WTEnt Wavelet energy entropy.
MFE Multiscale fuzzy entropy.
EMD Empirical mode decomposition.
FDE Frequency domain energy.
MMV Min-to-max value.
PCA Principal component analysis.
LDA Linear discriminant analysis.
NNMF Non-negative matrix factorization.
ABT AdaBoost.
GRBT GradientBoosting.
HiGRBT HistGradientBoosting.
ET Extra trees.
NN Neural network.
EHCNN Enhanced convolutional neural network.

I. INTRODUCTION

THE excessive consumption of traditional fossil fuels
has exacerbated environmental pollution and the global
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greenhouse effect. Therefore, it is essential to vigorously de-
velop new alternative energy sources. Photovoltaic (PV) energy
has the advantages of abundant reserves, cleanliness, and no
geographical restrictions. In theory, PV energy can satisfy the
energy needs of all countries [1]. In 2023, the global PV sys-
tem installation capacity reached 444 GW, and PV energy is
playing an increasingly critical role in this world. However,
the safety of PV systems is highly susceptible to dc arc faults
during long-term operation [2]. DC arc faults represent a type
of plasma discharge phenomenon that can penetrate the air. The
temperature at the site of a dc arc fault may reach as high as
3000°C, which can easily ignite nearby combustible materials
and potentially lead to fires within the system. DC arc faults
can be regarded as introducing stochastic impedance into the
circuit, which complicates the inverter’s ability to accurately per-
form maximum power point tracking (MPPT) and subsequently
diminishes the efficiency of the PV system. Consequently, dc
arc faults pose a significant threat to the safety of PV systems,
making it imperative to detect them promptly in order to ensure
system safety. The National Electrical Code (NEC) states that
PV systems with voltage levels above 80 V must possess arc fault
detection capabilities [3]. Compared to dc parallel arc faults, dc
series arc faults (SAFs) pose a greater hazard to PV systems [4].
The arc-like noise generated by the power electronic devices in
PV systems poses a significant challenge to accurately detect
SAF.

Scholars have proposed SAF detection methods based on
physical phenomena, such as sound, light, and electromagnetic
radiation. However, these methods are only applicable to sce-
narios with limited space. The SAF detection methods based
on current signals are not limited by the size of the application
scenario and are the main means of detecting SAF at present.

By extracting the average value of the spectral energy of the
arc current within the range of 48.83 to 93.99 kHz, it is possible
to determine whether an arc fault occurred [5]. In [6], SAF
detection was achieved by extracting the reflection waveform
amplitude based on spread spectrum time domain reflectom-
etry. Some scholars measured the uncertainty information of
arc current by extracting Tsallis entropy [7] and Hurst index
[8], with which normal condition and SAF condition can be
distinguished. The abovementioned methods implement SAF
detection by setting a threshold, however, detection methods
based on a single threshold are difficult to effectively adapt to
the complex operation states of the systems [9].

Currently, scholars have integrated different types of arc
features based on machine learning algorithms to enhance the
adaptability of SAF detection methods. Machine learning algo-
rithms are capable of adaptively uncovering the intricate nonlin-
ear relationships between fault features and fault classifications
[10]. In [11], different types of features (variance, pulse factor,
kurtosis factor, and wavelet energy entropy) were fused based
on the extreme learning machine (ELM) to obtain the detection
results. The randomness of arc current under different scales can
be measured by extracting the multiscale fuzzy entropy from the
components obtained based on variational mode decomposition
(VMD) [12], and a support vector machine (SVM) was uti-
lized to achieve SAF detection. In [13], the complete ensemble

empirical mode decomposition (EMD) with the adaptive noise
was utilized to decompose the current signal, and the fusion of
16-dimensional feature vectors was achieved based on SVM.
In [14], five features reflecting the time-domain fluctuation
characteristics of the current signal were input into the random
forests (RF) to obtain the probability of an SAF occurring.
Inputting the original one-dimensional arc current into a deep
convolutional neural network can directly extract abstract fault
features [15]. The fusion of different types of fault information
in one-dimensional current signals based on a machine-learning
algorithm can enhance the adaptability of the detection method.

However, compared with the original one-dimensional sig-
nals, the converted two-dimensional matrixes can possess more
distinct structural information and spatial correlation informa-
tion between data points [16], [17], from which it is more
conducive to extracting subtle internal features [18]. Nowadays,
the fault diagnosis method based on converting one-dimensional
signals into two-dimensional matrices is receiving increasing
attention [19].

In [20] and [21], wavelet transform (WT) is utilized to decom-
pose the arc current into multiple one-dimensional components,
which are then used to construct a two-dimensional matrix, and
SAF detection is achieved by mining the texture information
from this matrix. In [22], the current signal is processed using
fractional Fourier transform, from which a two-dimensional
time-frequency matrix can be obtained, and then the singular val-
ues extracted from the two-dimensional time-frequency matrix
are fused based on SVM. The two-dimensional matrix obtained
from recurrence plots (RP) contains crucial chaotic information
about the arc current [23], and the DET of two-dimensional
matrix can differentiate between normal conditions and SAF
conditions. To overcome the shortcoming that traditional RP
can easily lose high-frequency fault information, improved RP
(IRP) is proposed in [24], and recurrence quantification analysis
(RQA) based features and singular values are extracted from
two-dimensional matrix for SAF detection. In [25], the recon-
struction of the attractor track is utilized to convert the different
empirical wavelet components into two-dimensional matrices,
and singular values extracted from different matrices were in-
putted into an SVM can yield gratifying detection results. In [26],
arc current was converted to two-dimensional matrix using a
Gramian angular summation field, with which the characteristics
information of arc current can be enhanced.

The SAF detection methods based on two-dimensional ma-
trix construction have brought beneficial effects to obtaining
inspiring detection results. However, the fluctuation patterns
of arc currents in PV systems are complex, and the arc-like
components caused by power electronic devices pose a great
challenge to SAF detection. Therefore, for further enhancing the
performance of SAF detection, it is still necessary to investigate
the methods of converting one-dimensional arc current into
two-dimensional matrix from different perspectives, which is
the part of motivation of this article.

Markov transition field (MTF) can mine the state transition
information of one-dimensional signals [27]. Compared to the
abovementioned matrix transformation methods, MTF provides
a unique perspective for analyzing the intrinsic characteristics
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Fig. 1. Flowchart of the proposed method.

of signals [18]. However, MTF lacks the capability to com-
prehensively analyze state transition characteristics in high-
dimensional spaces and time-frequency domains.

To overcome the shortcomings of MTF, the time-frequency
Markov permutation transition field (TFMPTF) is proposed in
this article. TFMPTF can transform one-dimensional arc current
signals into two-dimensional matrixes and extract essential state
transition information within arc current from new perspectives.
Moreover, this article proposes an SAF detection method by
integrating VMD, TFMPTF, and kernel extreme learning ma-
chine (KELM), which can promise excellent SAF detection
performance for PV systems.

The contributions of this article can be categorized into the
following three aspects.

1) A sophisticated mechanism for analyzing the characteris-
tics of state transitions in the time-frequency domain is in-
troduced in TFMPTF. TFMPTF effectively addresses the
limitation of MTF, which only examines state transition
characteristics from the time domain while overlooking
critical dynamic fault information concealed within the
frequency domain.

2) An innovative concept of permutation pattern state tran-
sitions is introduced in TFMPTF. TFMPTF enables si-
multaneous analysis of the characteristics of permutation
pattern state transitions in both the time and frequency
domains. When calculating the transition probabilities of
permutation pattern states using TFMPTF, it fully con-
siders the correlations among multiple consecutive data
points, thereby overcoming the limitation inherent in MTF,
which only addresses the state transition characteristics of
individual data points.

3) A SAF detection framework based on VMD, TFMPTF,
and KELM is proposed, as illustrated in Fig. 1. Initially,
VMD is employed to decompose the current into modes
with distinct frequency components. Subsequently, these
modes are transformed into two-dimensional matrices
using TFMPTF, thereby facilitating the effective acquisi-
tion of advanced time-frequency permutation pattern state
transition information related to the arc current. Following
this step, singular values extracted from the matrices are
utilized to construct feature vectors. Finally, KELM is
applied to derive detection results.

This article establishes an experimental platform for arc fault
detection in PV systems. The platform can simulate the normal

operating state and SAF state of the PV system under the three
load types (inverter, dc–dc, and resistor). Offline and online
experiments are conducted based on this platform. The advanced
and robust nature of the proposed SAF detection method is veri-
fied by offline comparative experiments. The online experiments
indicate that the detection speed of the proposed SAF detection
method can meet the requirements of the UL1699B standard
[28], and prove that it is suitable for application in PV systems.

II. VARIATIONAL MODE DECOMPOSITION

VMD is a kind of nonrecursive and adaptive signal decom-
position method. By iteratively searching for the optimal center
frequency and the effective bandwidth of variational problems,
signal decomposition can be achieved using VMD. Compared
with WT, EMD, and empirical WT, VMD has more advantages
in weakening mode confusion, resisting noise interference, and
improving decomposition accuracy. SAF can introduce abun-
dant high-frequency noise into the current signal. This article
utilizes VMD to decompose the current into different modes,
with which the mutual interference between the fault informa-
tion of different frequency bands can be weakened and the fault
features can be extracted more easily.

The pivotal principle of VMD is solving constrained varia-
tional problems, which can be expressed as follows:

min
{uk},{ωk}

K∑
k=1

∥∥∥∥∂t
[(

δ (t) +
j

πt

)
∗ uk (t)

]
e−jωkt
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2

2

s.t.
∑
k

uk (t) = S (t) (1)

where K represents the number of modes, and S(t) is the
arc current to be decomposed. δ(t) and ∗ represent the Dirac
delta function and convolution operation, respectively. {uk}
and {ωk} denote the set of modes and corresponding center
frequencies, respectively. ∂t{·} is partial derivative operation
over time t. By introducing the penalty coefficient β and the
Lagrange multiplier λ(t), the constrained optimization problem
in (1) can be transformed into an unconstrained optimization
problem
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Based on iterative optimization, the values of {uk}, {ωk},
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∣û

(n+1)
k (ω)

∣
∣
∣
2
dω

∫ ∞
0

∣
∣
∣û
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where ûn+1
k (ω), Ŝ(ω), and λ̂n+1(ω) are the form of un+1

k (t),
S(t), and λn+1

k (t) after Fourier transform operation. The
stopping criteria for the abovementioned iterative operation

is
∑K

k=1
‖ûn+1

k (ω)−ûn
k (ω)‖22

‖ûn
k (ω)‖22 < ε, ε represents the convergence

accuracy.
K is a critical parameter in VMD. If the value of K is too small,

VMD is not able to effectively separate the arc features from the
current signal. If the value of K is too large, the computation
time will increase seriously. Moreover, a large value of K will
cause over-decomposition of the signal, leading to duplicate fault
information in different modes.

III. TIME-FREQUENCY MARKOV PERMUTATION TRANSITION

FIELD

Converting one-dimensional modes obtained based on VMD
into two-dimensional matrices can effectively mine structural
information in arc current, which is beneficial for enhancing
the performance of SAF detection. This section introduces the
basic principles of traditional MTF and proposes TFMPTF to
overcome the shortcomings of MTF.

A. Traditional MTF

MTF can analyze the state transition characteristics between
adjacent data points [18], [29], which is an effective matrix
transformation method. After the decomposition of arc cur-
rent based on VMD, the mode uk can be obtained. uk =
{uk,1, uk,2, . . . , uk,I}, k ∈ {1, 2, 3, 4}, I represent the number
of data point of uk. Dividing the value range of the data points of
uk into q regions on average, and the MTF with the dimension
of q × q can be calculated using the following equation [27]
equation (4) shown at the bottom of this page:

For example, P (uk,i ∈ Q1|uk,i−1 ∈ Q2)=
Num1,2

Num1
. Num1,2

represents the number of cases that uk,i belongs to the 1-th
region Q1 and uk,i−1 belongs to 2-th region Q2 simultaneously.
Num1 represents the number of cases that uk,i belongs to 1-th
region Q1.

B. Principle of TFMPTF

MTF is capable of capturing the temporal dependencies be-
tween adjacent data points; however, there are two shortcomings
associated with MTF: 1) MTF only considers the state transition
probability between adjacent data points, without adequately
considering the correlation between multiple data points in a
continuous time period; 2) MTF ignores the data state transition
information within the frequency domain.

In this article, TFMPTF is proposed to address the deficiencies
in MTF, with which fault features from arc current can be
extracted more effectively. First, TFMPTF can calculate the

transfer characteristics of permutation pattern states in high-
dimensional space from the perspective of the time domain,
from which the time Markov permutation transition matrixes
(TMPTMs) corresponding to each mode (uk) can be yielded.
Second, TFMPTF is able to analyze the transition probability of
permutation pattern states of frequency domain energy (FDE),
from which the frequency Markov permutation transition matrix
(FMPTM) of arc current S(t) can be obtained.

The method for obtaining TMPTMs and FMPTM of arc
current based on TFMPTF is shown as follows.

1) Principle of TMPTMs: The mode uk of arc current S(t)
is converted into high-dimensional matrix UTk. The ith row
of matrix UTk is UTk,i = {uk,i, uk,i+1, . . . , uk,i+(m−1)} , 1 ≤
i ≤ n− (m− 1). m represents the embedding dimension.

Sorting the data points of UTk,i in ascending or-
der to obtain the corresponding sorted vector UT ∗

k,i =
{uk,i+(v1−1) ≤ uk,i+(v2−1) ≤ . . . ≤ uk,i+(vm−1)} . v1, v2, . . .,
vm represent the corresponding indexes of data points in Uk,i.
For example, v1= 2 represents the value of the second data point
(uk,i+1) in Uk,i is with the smallest value.

Note that a vector Uk,i containing m data points has a total
of m! permutation pattern states. Each UT ∗

k,i corresponds to a
unique permutation pattern state πtg, g = {1, 2, . . . ,m!}. Ac-
cording to the concept of MTF, the TMPTMk corresponding to
the mode uk can be yielded, k ∈ {1, 2, . . . ,K}.

For example,P (UT ∗
k,i∈πt1|UT ∗

k,i−1∈πt2)=Num1,2

Num .Num1,2

represents the number of cases that UTk,i is with permutation
pattern state πt1 and UTk,i−1 is with permutation pattern state
πt2 simultaneously. Num represents the number of row vectors
in matrix UTk.

2) Principle of FMPTM: The time-frequency matrix UF cor-
responding to the arc current S(t) is defined in the following
equation:

UF =

⎡
⎢⎢⎢⎣
u1

u2

...
uK

⎤
⎥⎥⎥⎦ =

⎡
⎢⎢⎢⎣
u1,1 u1,2 . . . u1,n

u2,1 u2,2 . . . u2,n

...
...

. . .
...

uK,1 uK,2 . . . uK,n

⎤
⎥⎥⎥⎦

= [uf1 uf2 . . . ufn] (6)

where u1, u2, . . ., uK are the K modes of arc currentS(t), which
are obtained based on VMD. ufi = [u1,i;u2,i;u3,i; . . . ;uK,i]
is a column vector containing the components of different fre-
quency bands.

Then the data points of ufi are arranged in ascend-
ing order to obtain the corresponding sorted vector uf ∗

i =
{uh1,i ≤ uh2,i ≤ . . . ≤ uhK ,i} . h1, h2, . . ., hK represent the
indexes of the corresponding data points in ufi. For example,
h1 = 2 represents the value of the second data point (u2,i) in ufi
is with the smallest value. Each ufi corresponds to the unique

MTM =

⎡
⎢⎣
P (uk,i ∈ Q1|uk,i−1 ∈ Q1) . . . P (uk,i ∈ Q1|uk,i−1 ∈ Qq)

...
. . .

...
P (uk,i ∈ Qq|uk,i−1 ∈ Q1) . . . P (uk,i ∈ Qq|uk,i−1 ∈ Qq)

⎤
⎥⎦ . (4)
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Fig. 2. Images of TMPTMs and FMPTM under normal and SAF conditions.

permutation pattern πfg , g = {1, 2, . . . ,K!}. According to the
concept of MTF, the FMPTM of current signal S(t) can be
obtained.

For example, P (uf ∗
i ∈ πf1|uf ∗

i−1 ∈ πf2) =
Num1,2

Num .
Num1,2 represents the number of cases that uf ∗

i is with
permutation pattern πf1 and uf ∗

i−1 is with permutation pattern
πf2 simultaneously. Num represents the number of column
vectors in matrix UF .

3) Parameter Selection and Calculation Results of TFMPTF:
According to (5) and (7) shown at the bottom of this page,
TMPTMs and FMPTM obtained based on TFMPTF are ma-
trices with the size of m!×m! and K!×K!. The sizes of
TMPTMs and FMPTM are determined by parameter m and
parameter K, respectively, and parameter K controls the num-
ber of TMPTMs as well. Based on the analysis in the last
paragraph of Section II, K is set to 4 in this article to ob-
tain the best decomposition performance of VMD. Therefore,
the size of FMPTM is 24× 24, and the number of TMPTMs
is 4.

If the value of parameter m is too small, the permutation pat-
tern information in the signal cannot be fully mined. If the value
of parameter m is too large, the size of TMPTMs will be too large,
and the calculation time of subsequent feature extraction will
increase. Moreover, the redundant fault information introduced
by a large value of m is not conducive to the improvement of
detection performance. In this article, m is set to 4 to obtain
satisfactory detection performance, and the sizes of TMPTMs
are 24× 24.

Fig. 2 shows the images of TMPTMs and FMPTM under
normal and SAF conditions, respectively. The image textures
corresponding to normal and SAF conditions are significantly
different, from which it is indicated that the time-frequency
permutation pattern state transfer information mined based on

Fig. 3. t-SNE visualization of singular values under SAF and normal
conditions.

TFMPTF can effectively distinguish between normal and SAF
conditions.

IV. SINGULAR VALUE DECOMPOSITION

The singular values of arc current contain the pivotal fault
information, singular value decomposition (SVD) is an effective
feature extraction method [24]. In this article, the singular val-
ues of two-dimensional matrices (TMPTMs and FMPTM) are
extracted by SVD to construct high-dimensional feature vectors.

The singular values of a matrix A with the size of L×L
can be calculated: A = HSV T . S = [diag(δ1, δ2, . . . , δL)] ∈
RL×L represents a diagonal matrix. δ1, δ2, . . . , δL are the
singular values of matrix A, and δ1 > δ2 > . . . > δL > 0.
H = [h1, h2, . . . , hL] ∈ RL×L, V = [v1, v2, . . . , vL] ∈ RL×L.
H and V belong to orthogonal matrices.

In this article, TMPTMs and FMPTM are with the size of 24×
24 simultaneously. Therefore, for a sample of arc current, 24×
5 = 120 singular values can be extracted, and the dimension
of the feature vector constructed based on singular values is
120. Fig. 3 shows the t-SNE visualization of singular values
under SAF conditions and normal conditions. The most singular
values under SAF conditions and normal conditions have good
differentiation, and only a small number of data points appear in
state confusion, from which the validity of the extracted features
is proved.

This article uses KELM to process the extracted features,
with which the complex nonlinear relationship between feature
vectors and fault types can be adequately explored.

V. KERNEL EXTREME LEARNING MACHINE

Huang et al. [30] proposed KELM by introducing the ker-
nel function principle into ELM. KELM not only inherits the

TMPTMk =

⎡
⎢⎢⎢⎣
P
(
UT ∗

k,i ∈ πt1|UT ∗
k,i−1 ∈ πt1

)
. . . P

(
UT ∗

k,i ∈ πt1|UT ∗
k,i−1 ∈ πtm!

)
...

. . .
...

P
(
UT ∗

k,i ∈ πtm!|UT ∗
k,i−1 ∈ πt1

)
. . . P

(
UT ∗

k,i ∈ πtm!|UT ∗
k,i−1 ∈ πtm!

)
⎤
⎥⎥⎥⎦ . (5)

FMPTM =

⎡
⎢⎣
P
(
uf ∗

i ∈ πf1|uf ∗
i−1 ∈ πf1

)
. . . P

(
uf ∗

i ∈ πf1|uf ∗
i−1 ∈ πfK!

)
...

. . .
...

P
(
uf ∗

i ∈ πfK!|uf ∗
i−1 ∈ πf1

)
. . . P

(
uf ∗

i ∈ πfK!|uf ∗
i−1 ∈ πfK!

)
⎤
⎥⎦ . (7)
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Fig. 4. Structure diagram of KELM.

advantage of ELM’s fast training speed but also has more ad-
vantages in generalization ability than ELM, SVM, and artificial
neural networks [31]. Fig. 4 shows the structure of KELM.

Supposing that the training dataset containing Q feature vec-
tors is {FV1,FV2, . . . ,FVQ}, and the sample to be tested is
FV∗. The output result of KELM with kernel function K(·) is
shown as follows:

f (FV∗) =

⎡
⎢⎣
K

(
FV∗,FV1

)
...

K
(
FV∗,FVQ

)
⎤
⎥⎦
T (

HHT + τI
)−1

T (8)

HHT =

⎡
⎢⎣
K

(
FV1,FV1

)
. . . K

(
FV1,FVQ

)
...

. . .
...

K
(
FVQ,FV1

)
. . . K

(
FVQ,FVQ

)
⎤
⎥⎦ (9)

where τ denotes the regularization parameter and is significantly
related to the stability of the KELM’s output.

As shown in Fig. 4, β∗ = (HHT + τI)
−1

T is output matrix.
This article utilizes the radial basis function as the kernel func-
tion. K (·) = exp(−‖FV∗−FVq‖

2δ2 ), and parameter δ can control
the perceived range of K(·). In this article, particle swarm
optimization (PSO) is applied to search the two key parameters
τ and δ of KELM [32], [33].

VI. EXPERIMENTAL PLATFORM AND DATA COLLECTION

The experimental platform (in Fig. 5) is established in this
article to verify the performance of the proposed method. PV
simulated source can simulate the volt-ampere characteristics
of solar cells and can provide direct current energy to the load.
The three types of commercial loads are the inverter, dc–dc, and
resistor. The selector switch can control the selection of load
type. The electric arc generator is connected in series to the
circuit. When the system is powered on, SAF can be caused by
separating the two electrodes of the arc generator to a certain
distance based on the arc length controller.

This platform uses a current sensor to collect arc current. The
analog signal outputted by the current sensor is converted into
a digital signal by the data acquisition (DAQ) board and then
the digital signal is transmitted to the microprogrammed control
unit (MCU). Since arc characteristics are mainly reflected in the
frequency band less than 100 kHz [26], [34], the sampling rate
of the DAQ board is set to 200 kHz in this article. The MCU can
analyze the collected data online or save the collected data. PC
can download the saved data in MCU via USB.

Fig. 5. Experimental platform. (a) Diagram. (b) Actual platform.

Fig. 6. Normal current and arc current under different types of loads.

Python 3.7 is used in both MCU and PC to implement al-
gorithm programming. The MCU is equipped with an ARM
Cortex-A72 CPU. The PC has a Windows 11 operating system,
intel i5-12500H CPU, and NVIDIA RTX 3050 GPU, respec-
tively, and the size of RAM of the PC is 32 GB.

Fig. 6 presents the normal current and arc current under
different types of loads. Under SAF conditions, the randomness
of the current signal is enhanced, and the amplitude of fluctuation
is increased. Since inverter and dc–dc are nonlinear loads, the
current fluctuation degree under inverter and dc–dc is greater
than that under resistor (linear load). Under normal conditions,
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TABLE I
EXPERIMENTAL CONDITIONS CORRESPONDING TO THE DATASET

Fig. 7. Experimental platform of PMSM traction system.

the current signal has good stationarity. However, transient
actions such as MPPT operation and voltage fluctuation will
introduce arc-like components into the current signal.

In this article, 31 500 samples are collected based on the es-
tablished experimental platform, among which 18 900 samples
are used to construct a training set, and the remaining 12 600
samples were used as a test set. Each sample contains 1024 data
points. The experimental conditions corresponding to the dataset
are shown in Table I. When the load type is an inverter, a total of
11 600 samples are collected, comprising 5800 samples under
normal conditions and 5800 samples under SAF conditions.
The operational voltage range of the inverter is between 250
and 400 V, while the current range spans from 6 to 17 A.
In the case of a dc–dc converter, as the load type, a total of
4700 samples are gathered, this includes 2500 samples under
normal conditions and 2200 samples under SAF conditions.
The voltage range during operation for the dc–dc converter is
between 80 and 150 V, with a current range from 2 to 8 A.
Lastly, when using a resistor as the load type, another set of
4700 samples is collected—comprising again of 2500 samples
under normal conditions and another set of 2200 samples under
SAF conditions. The operational voltage range in this scenario
extends from 50 to 400 V and the current ranges from 2 to 17 A.
Note that normal samples contain transient conditions (output
voltage fluctuation of PV source and starting process of loads).

This article also studies the influence of adjacent permanent
magnet synchronous motor (PMSM) traction systems on the ob-
tained current signals. The experimental platform of the PMSM
traction system is shown in Fig. 7. This platform is adjacent to
the PV system, with a distance of 3 m. The PMSM used in the
system is sourced from an electric vehicle, with a maximum
power of 10 kW. Fig. 8 shows the current signals collected from
the PV system and the PMSM traction system during the load
perturbation of the PMSM. The rotational speed of the PMSM
is 400 r/min. As shown in Fig. 8(b) and (c), when the load of the
PMSM exists a nonlinear sudden increase, the dc side and ac side

Fig. 8. Current waveform diagrams of different circuits during the PMSM
load change process. (a) Current waveform of PV system under resistor load.
(b) DC-side current waveform of the inverter for a PMSM. (c) A-phase current
waveform of ac side of the inverter for a PMSM.

TABLE II
DETECTION RESULTS OF PROPOSED METHOD UNDER DIFFERENT

EXPERIMENTAL CONDITIONS

current signals of the PMSM inverter increase correspondingly.
In this complex electromagnetic environment, the current signal
collected using the current sensor is not contaminated with
additional noise, as shown in Fig. 8(a). Therefore, the current
signal collected from the PV system using a current sensor will
not be affected by the complex electromagnetic working state
of the adjacent system.

VII. EXPERIMENTAL RESULTS ANALYSIS

A. Detection Results of Proposed Method in Offline
Environment

This article verifies the performance of the proposed method
based on the collected data in an offline environment. The detec-
tion results of the proposed method under different experimental
conditions are given in Table II. The overall detection accuracy
is 98.97% (12 471/12 600). The detection accuracy under nor-
mal and SAF conditions is 99.24% (6431/6480) and 98.69%
(6040/6120), respectively. The proposed method can not only
accurately implement SAF detection, but also can effectively
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Fig. 9. Detection accuracy and the feature extraction time with different values
of K.

suppress false alarms under normal conditions. Since SAF can
lead to a complex random fluctuation of the current signal, the
detection accuracy under normal conditions is higher than that
under SAF conditions, from which the difficulty of detection is
increased.

Under normal conditions, the detection accuracy correspond-
ing to the resistor load (99.93%) is higher than that corre-
sponding to the inverter (99.11%) and dc–dc (98.86%). This
is because the resistor is a linear load, whereas the inverter
and dc–dc converter are nonlinear loads. The high-frequency
switching operation of nonlinear loads will introduce complex
noise in the current signal, and the transient operation time of
nonlinear load is longer than that of linear load. Consequently,
under normal conditions, inverters and dc–dc converters are
more likely to generate false alarms for detection algorithms
compared to resistors.

Under SAF conditions, the detection accuracy associated with
resistors (99.01%) is higher than that of inverters (98.62%)
and dc–dc converters (98.56%). Both inverters and dc–dc in-
corporate internal power control mechanisms. When arc faults
occur within the system with inverters and dc–dc, the unstable
fluctuations introduced by these faults can disrupt the stable
operating range of their control algorithms, resulting in stronger
and more complex oscillation patterns within the current signal.
Therefore, relative to resistors, both inverters and dc–dc con-
verters complicate SAF detection.

The number of modes K and the embedding dimension m are
the key parameters in the proposed TFMPTF.

Fig. 9 illustrates the detection accuracy and feature extraction
time across different values of K. When K is small, VMD
decomposes the arc current into a limited number of modes,
resulting in a shorter computation time for the VMD decomposi-
tion process. With fewer modes, there are also fewer TFMPTMs
to process, consequently, the feature extraction time tends to
decrease as K decreases. However, if K is too small, it may
not adequately separate the fault features within the arc cur-
rent, which hinders accurate SAF detection. Conversely, if K
is excessively large, it can lead to over-decomposition of the
arc current. While this significantly increases computation time,
further improvements in detection accuracy become challeng-
ing. As K increases, detection accuracy initially rises. However,
once K exceeds 4, detection accuracy stabilizes while feature

Fig. 10. Detection accuracy and the feature extraction time with different
values of m.

extraction time markedly increases. Therefore, this article sets K
at 4.

Fig. 10 illustrates the detection accuracy and feature extrac-
tion time across varying values of m. When the value of m is too
small, the vector encompasses insufficient states to effectively
capture abrupt changes in arc current dynamics. Conversely, if
m is excessively large, it significantly enlarges the size of the
TFMPTMs, thereby prolonging the time required for singular
value extraction. Additionally, a high value of m may lead to
homogenization among different vectors, resulting in excessive
redundant information. As depicted in Fig. 10, when m is less
than 4, detection accuracy falls below 98.1%. Upon exceeding
this threshold, detection accuracy experiences a slight decline
but remains above 98.8%. For values of m less than or equal
to 4, feature extraction time stabilizes around 93 ms. However,
once m surpasses 4, feature extraction time escalates rapidly
in an exponential manner with increasing values of m. There-
fore, taking into account both detection accuracy and feature
extraction time considerations, this study establishes m at a value
of 4.

In this article, KELM is employed as the classifier to achieve
precise detection results. The selection of parameters τ and δ
significantly influences KELM’s performance. To ensure opti-
mal classification efficacy, a five-fold cross-validation method is
implemented during the training process to assess KELM’s per-
formance across various parameter combinations. This method
partitions the training set into five equal-sized subsets, utilizing
four for training KELM while reserving one for validation pur-
poses. This procedure is repeated five times, with each iteration
selecting a different subset as the test set and using the remaining
subsets for validation. Ultimately, the average of these five
evaluation results yields the final validation accuracy.

Fig. 11 illustrates the validation accuracy corresponding to
different values of τ and δ. As τ and δ fluctuate, the validation
accuracy displays multiple peaks along with pronounced non-
linearity; furthermore, there exists a strong coupling between τ
and δ. The traditional grid search method for determining the key
parameters of KELM suffers from issues related to insufficient
precision and low search efficiency. PSO is a heuristic optimiza-
tion algorithm that does not rely on gradient information, making
it well-suited for tackling optimization problems characterized
by multiple peaks, discontinuities, and nonlinearity. In this study,
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Fig. 11. Validation accuracy under different values of τ and δ.

PSO is employed to identify the two critical parameters τ and δ
of KELM [32]. Prior to utilizing PSO for parameter extraction
in KELM, it is essential to establish the search ranges for the
parameters under optimization, configure the internal settings
of PSO, and construct an appropriate objective function. The
designated search ranges for τ and δ are set as [0, 1000] and [0,
22 000], respectively. The internal parameters of PSO include
the inertia factor ω as well as learning factors C1 and C2.
Based on [33], ω, C1 and C2 are configured at 1.45, 0.729,
and 0.729, respectively. The cross-validation accuracy obtained
during KELM training serves as the fitness value in the parameter
optimization process.

The core principle of optimizing the key parameters of KELM
using PSO involves the continuous evaluation of fitness values
for various parameter combinations throughout the iterations,
with higher fitness values indicating superior combinations. In
this study, the PSO population is configured to consist of 30
individuals, and a total of 500 iterations are performed. The
final optimization results yield τ = 398.1 and δ = 11684.2.

B. Performances Comparison of Different Feature Extraction
Methods in an Offline Environment

In this article, the performance of the proposed feature ex-
traction method (PF) is compared with nine different feature
extraction methods. The features obtained based on different
feature extraction methods are input into KELM to yield detec-
tion results. It is important to note that, in order to compare the
stability and robustness of various feature extraction methods,
each method is executed 30 times. In each experiment, 18 900
samples are randomly selected to construct the training set,
while 12 600 samples are used for the test set. Subsequently,
the average detection accuracy and standard deviation (Std) of
detection accuracy for different feature extraction methods are
calculated.

Feature extraction method CF1: CF1 uses traditional MTF and
SVD to extract features. First, the MTF of the current signal
is constructed, and then the singular values of the MTF are
extracted to construct the feature vector. CF1 can be used to

verify whether the performance of the proposed TFMPTF is
superior to that of traditional MTF.

Feature extraction method CF2 [23]: CF2 is based on the RQA
of RP. First, the RP of arc current is constructed. Then perform
RQA on RP to obtain recurrence rate, determinism, entropy, and
averaged diagonal line length to construct the feature vector. In
[23], embedding dimension, time delay, and criterion threshold
are 4, 2, and 0.6021, respectively.

Feature extraction method CF3 [24]: CF3 is based on IRP,
RQA and SVD. CF3 extracts RQA-based features (recurrence
rate, determinism, entropy, averaged diagonal line length) and
five maximum singular values to construct the feature vector.
In CF3, the embedding dimension and time delay are 4 and 2,
respectively.

Feature extraction method CF4 [11]: CF4 constructs feature
vectors by extracting current variance (Var), pulse factor (PUF),
kurtosis factor (KF), and wavelet energy entropy (WTEnt). The
type of wavelet basis function used in CF4 is db4.

Feature extraction method CF5 [12]: CF5 is based on VMD
and multiscale fuzzy entropy (MFE). First, the arc current is
decomposed into four components by using VMD, and the fuzzy
entropy of first mode and second mode are extracted under the
first five scales to construct a 10-dimensional feature vector. The
embedded dimension, gradient, and border width of MFE are 3,
2, and 0.15, respectively.

Feature extraction method CF6 [35]: CF6 is a feature extrac-
tion method based on EMD, FDE, min-to-max value (MMV),
and Var. First, arc current is decomposed into modes by the
EMD. Then the FDE, MMV, and Var are extracted from modes
to construct four-dimensional fault feature vector.

Feature extraction methods CF7, CF8, and CF9: The primary
distinction between PF and the three comparative methods (CF7,
CF8, and CF9) resides in their respective dimension reduction
techniques. CF7 is a principal component analysis (PCA) [36]
based method. CF8 is a linear discriminant analysis (LDA)
[37] based method. CF9 is a non-negative matrix factorization
(NNMF) [38] based method. PCA, LDA, and NNMF are three
representative dimensionality reduction techniques. Each matrix
(TMPTMs and FMPTM) is compressed into a 24-dimensional
vector through PCA, LDA, or NNMF. Consequently, the dimen-
sion of the fault feature vectors in CF7, CF8, and CF9 matches
that of PF.

Table III presents the performance of the proposed feature
extraction method (PF) and nine comparative feature extraction
methods (CF1, CF2, CF3, CF4, CF5, CF6, CF7, CF8, and CF9).
The average detection accuracy of PF, CF1, CF2, CF3, CF4, CF5,
CF6, CF7, CF8, and CF9 are 98.97%, 93.02%, 94.03%, 97.75%,
92.06%, 97.38%, 95.17%, 98.30%, 91.81%, and 97.05%, re-
spectively. The Std of accuracy of PF, CF1, CF2, CF3, CF4,
CF5, CF6, CF7, CF8, and CF9 are 0.08%, 0.24%, 0.20%,
0.18%, 0.25%, 0.20%, 0.22%, 0.13%, 0.23%, and 0.16%,
respectively.

The average detection accuracy of PF is 5.95% higher than
that of CF1, indicating that the performance of the feature
extraction method based on VMD and TFMPTF is superior to
that based on traditional MTF. Compared with MTF, the pro-
posed method can mine the state transition information hidden
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TABLE III
OFFLINE PERFORMANCE OF DIFFERENT FEATURE EXTRACTION METHODS

in the time-frequency domain more effectively. The detection
accuracy of PF is significantly higher than that of the other nine
state-of-the-art feature extraction methods, which further proves
the advancement and effectiveness of the proposed feature ex-
traction method. Although the feature extraction time of CF1,
CF4, and CF6 is below 10 ms; however, the average detection
accuracy of CF1, CF4, and CF6 are not satisfactory (below 96%).
A comparison of the experimental results for PF, CF7, CF8, and
CF9 indicates that the detection accuracy achieved using PCA,
LDA, and NNMF is inferior to that obtained through SVD. The
feature extraction times for PCA and LDA are comparable to
those of SVD. However, the feature extraction time for NNMF is
greater than that of SVD. Consequently, the overall performance
of SVD surpasses that of PCA, LDA, and NNMF. The Std of
accuracy for PF is 0.08%, which is lower than those associated
with other feature extraction methods.

The feature extraction time of CF2 and CF3 are around 40
ms, which does not differ by an order of magnitude from that
of the proposed method (93.8 ms). The feature extraction time
of CF5 (759.1 ms) is the largest among the feature extraction
seven methods. In terms of feature extraction time, the proposed
method does not have absolute advantages, however, which is
still acceptable. Standard UL1699B stipulates that the arc fault
detection time should not be more than 2.5 s [28], [39], and
Section VII-D will verify whether the online detection speed
of the proposed method could satisfy the requirements of the
standard.

Under varying training and testing datasets, the proposed
feature extraction method achieves a higher average detection
accuracy and a lower Std of accuracy compared to nine reference
methods. The method presented in this article demonstrates
enhanced effectiveness in mitigating the interference of un-
known states within test samples on detection results when
compared to these nine methods. The robustness, stability, and
scalability of the proposed feature extraction method have been
validated.

TABLE IV
OFFLINE PERFORMANCE OF DIFFERENT CLASSIFICATION METHODS

C. Performances Comparison of Different Classification
Methods in Offline Environment

In this article, the KELM used in the proposed method is
compared with 10 classification methods. RF, AdaBoost (ABT),
GradientBoosting (GRBT), HistGradientBoosting (HiGRBT)
[40], and extra trees (ET) are ensemble methods. SVM and neu-
ral network (NN) are traditional machine learning algorithms.
The features used for KELM, RF, AdaBoost, GradientBoosting,
HistGradientBoosting, SVM, and NN are extracted based on
the proposed feature extraction method. Enhanced convolutional
neural network (EHCNN) [41], Locality to Vision Transformers
(LOCALVIT) [42], RESNET18 [43], and VGG16 [44] are deep
learning methods, note that those deep learning methods use the
original current signal as the input.

In RF, ABT, GRBT, and ET, the tree number is 50. In Hi-
GRBT, the maximum number of iterations is 200. In SVM, the
parameters of penalty σ and kernel function ρ are selected using
PSO. In NN, the maximum number of training times is 200,
the learning rate is 0.001 and the network structure is [120, 50,
1]. The learning rates of EHCNN, LOCALVIT, RESNET18,
and VGG16 are 6× 10−4, 1× 10−5, 2× 10−6, and 1× 10−4.
For more details on EHCNN, LOCALVIT, RESNET18, and
VGG16, please refer to [41], [42], [43], and [44], respectively.
In order to obtain optimal performance, the parameters in the
abovementioned models are selected carefully.

In this section, the performance of various classification meth-
ods is compared based on statistical results from 30 runs. In each
experiment, 18 900 samples and 12 600 samples are randomly
selected to form the training set and test set, respectively.

Table IV demonstrates that the average detection accuracy
of KELM (98.97%) is superior to that of RF (98.37%), ABT
(95.49%), GRBT (95.63%), HiGRBT (98.56%), ET (98.22%),
SVM (98.50%), and NN (98.09%). The Std of the accuracy
of KELM (0.08%) is lower than those of RF (0.12%), ET
(0.12%), ABT (0.28%), GRBT (0.31%), HiGRBT (0.11%),
SVM (0.10%), and NN (0.13%). This indicates that KELM
exhibits more stable detection results compared to these seven
machine-learning methods. The training time of KELM is infe-
rior to that of RF (1.95 s), ET (0.39 s), HiGRBT (3.85 s), and
SVM (2.07 s), and is superior to that of ABT (4.86 s), GRBT
(12.14 s), and NN (43.61 s). Considering the detection accuracy
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Fig. 12. Loss curve and accuracy curve of EHCNN. (a) Relating to training
datasets. (b) Relating to testing datasets.

and training time comprehensively, KELM is of advantages over
the five ensemble methods (RF, ET, ABT, GRBT, and HiGRBT)
and two traditional machine learning methods (SVM and NN).

Four deep learning methods can mine fault characteris-
tics in arc current based on deep network structure, but only
EHCNN (98.98%) has a slightly higher average detection ac-
curacy than KELM (98.97%). The average detection accuracy
of LOCALVIT (97.25%), RESNET18 (98.71%), and VGG16
(98.02%) is lower than that of KELM. The training time of
KELM is much smaller than those of EHCNN (816 s), LO-
CALVIT (2843 s), RESNET18 (3892 s), and VGG16 (8685 s).
Fig. 12 depicts the loss curve and accuracy curve of EHCNN.
Fig. 12(a) pertains to the training datasets, and Fig. 12(b) relates
to the testing datasets. As the iterative training proceeds, the loss
value of both the testing and training datasets initially decreases
rapidly, and the training accuracy and testing accuracy increase
promptly. This is because the model’s performance is suboptimal
at the outset, and the initial training can enhance the model’s
performance swiftly. As the iterative training continues, the
model’s performance gradually improves. The rate of decrease in
the loss value of the testing and training datasets slows down, and
the rate of increase in the training accuracy and testing accuracy
also diminishes. When the number of iterations reaches 150, the
variations in the loss curve and accuracy curve become stable.
During the training process of EHCNN, there are fluctuations in
the loss curve and accuracy curve, because the model parameters
are updated based on the gradient descent method, this makes
the improvement of the model’s performance somewhat random
and cannot guarantee that the model’s performance is superior
to that of the previous iteration in each training. EHCNN,
LOCALVIT, RESNET18, and VGG16 have complex network
structures, and the training process of deep learning methods is

Fig. 13. Online detection results under SAF conditions. (a) Inverter load.
(b) DC–DC. (c) Resistance load.

very time-consuming. Moreover, the training of these four deep
learning methods requires additional GPU acceleration, and the
hardware cost of training these four deep learning models is also
much higher than KELM. The Std of the accuracy of KELM
(0.08%) is only higher than EHCNN but lower than the other
nine methods. The experimental results derived from various
training sets and testing sets demonstrate that the robustness,
stability, and scalability of KELM are competitive among the
11 classification methods. Therefore, among the twelve classi-
fication methods, the detection performance of KELM is very
competitive.

D. Online Experimental Results Analysis

The proposed method is implemented in MCU for online
SAF detection to further verify the detection speed. This study
also presents the waveforms of the detection flag under various
scenarios.

The detection accuracy under inverter, dc–dc, and resistor is
96.66% (58/60), 98.33% (59/60), and 100% (60/60), respec-
tively. Fig. 13 shows the online detection results under the
different load types. For example, in Fig. 13(a), after 310 ms
of SAF occurrence, the detection flag output by MCU could
change by a step, indicating that SAF occurred in this system.
The maximum detection time during online experiments is less
than 400 ms, which satisfies the requirement of UL1699B that
the detection time should be less than 2.5 s [28], [39].

This article also verifies whether the proposed method
can effectively avoid false alarms under unknown transient
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Fig. 14. Online detection results under transient conditions. (a) Inverter load.
(b) DC–DC. (c) Resistance load.

Fig. 15. Operation interface of the PV simulated source.

conditions, as shown in Fig. 14. Unknown transient conditions
include MPPT operation of the inverter, voltage fluctuation of
dc–dc, and voltage fluctuation of resistance load. The amplitude
and direction of the fluctuations are unknown for the proposed
SAF detection method. It should be noted that the PV-simulated
source employed in this article is capable of simulating the V-I
characteristics of actual PV cells. The operation interface of the
PV simulated source is depicted in Fig. 15. The PV simulated
source is produced by Yanxu Electric. The model of this PV
simulated source is YXMG-PVG05, with a capacity of 5 kW
and a maximum output voltage of 500 V. At a low voltage
range, the PV cell is approximately a constant current source.
Once the voltage exceeds a certain value, the V-I characteristics
of the PV cell turn nonlinear, that is, the current drops rapidly
as the voltage rises. The inverter can regulate the output voltage
of the PV cell to enable it to output the maximum power, a
process known as MPPT. By rotating the adjustment knob, the
open-circuit voltage and short-circuit current shown in Fig. 15
can be modified conveniently to simulate the effect of actual

TABLE V
ONLINE DETECTION RESULTS OF DIFFERENT FEATURE EXTRACTION METHODS

TABLE VI
ONLINE DETECTION RESULTS OF DIFFERENT CLASSIFICATION METHODS

light intensity changes on the V-I characteristics of a PV cell.
As a result, the maximum power point of the PV cell will also
change along with the variation in the V-I characteristics, and
the inverter will trace a new maximum power point, leading to
fluctuations in the line current. In Fig. 14(a), the area encircled
by the dashed line represents the simulation of the changes in
the V-I characteristics of the PV cell due to changes in light
intensity, which is characterized by a significant fluctuation in
the current signal, but the detection flag does not change at the
corresponding moment. Therefore, changes in light intensity
cannot trigger a false alarm. Under the different load types, 40
unknown transient conditions are generated, respectively, and no
misjudgment occurs, from which the robustness and scalability
of the proposed detection method are verified.

The comparison feature extraction methods in Table III are
implemented using Python programming language, which can
be readily migrated to the MCU for online SAF detection. In
Table IV, some of the classification methods (NN, EHCNN,
LOCALVIT, RESNET18, and VGG16) are programmed based
on PyTorch during offline experiment, however, there is a com-
patibility issue between PyTorch and the MCU used in this
article, which is currently difficult to resolve. Therefore, NN,
EHCNN, LOCALVIT, RESNET18, and VGG16 are not able to
be applied to online SAF detection.

Tables V and VI present the online SAF detection results
of different methods. In Table V, the performance of PF and
nine feature extraction methods (CF1, CF2, CF3, CF4, CF5, CF6,
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CF7, CF8, and CF9) are compared. In Table VI, the performance
of employed KELM and six classification methods (RF, ABT,
GRBT, HiGRBT, ET, SVM) are compared.

In Table V, the online detection accuracy of PF is 99%,
which is higher than that of the other eight comparison methods.
Among the ten feature extraction methods in Table V, only CF5

has a detection time exceeding 2.5 s, while the detection times
of the remaining nine feature extraction methods are all within
500 ms. In Table VI, the online detection accuracy of KELM is
higher than that of the other six classification methods (RF, ABT,
GRBT, HiGRBT, ET). Only the detection accuracy of SVM is
equal to that of KELM. In Table VI, the detection speed of
classification methods can meet the requirements of the standard
UL1699B.

Since the MCU is a low-power embedded processor with
significantly lower computing performance than desktop-level
processors in a PC, the algorithm execution time in the on-
line experiment is higher than that in the offline experiment.
In the future, this article will contemplate the utilization of
high-performance embedded processors and parallel computing
methods to further enhance the online detection speed.

VIII. CONCLUSION

In this article, SAF detection for PV systems with power
electronic devices is achieved based on TFMPTF. Arc current
can be decomposed into multiple modes using VMD, and those
modes are transformed into two-dimensional matrixes based on
TFMPTF. The singular values extracted from matrixes are input
into KELM for yielding detection results.

The pivotal contribution of this article is the proposal of
TFMPTF. TFMPTF is a novel methodology for analyzing the
state transition characteristics of time series. TFMPTF can fully
explore the dependency between adjacent data by analyzing
the transition characteristics of permutation pattern states in
high-dimensional space, thus more comprehensively portray-
ing the dynamic characteristics of data compared with MTF.
TFMPTF can also analyze the transition characteristics of FDE
distribution states at different instants of time, overcoming the
limitation of MTF that ignores the important fault information
in the frequency domain.

This article has built an experimental platform that can sim-
ulate the real working environment of a PV system and has
conducted research on the SAF detection method based on this
experimental platform. Offline experimental results and online
experimental results show that the performance of TFMPTF is
significantly superior to that of traditional MTF. Under operating
conditions with interference from power electronic devices, the
proposed method is compared with different feature extraction
methods and different classification methods. The comparison
results verify the adaptability and advancement of the proposed
method. Besides, online experiments demonstrate that the detec-
tion results of the proposed SAF detection method are stable, and
the detection time is less than 400 ms, from which it is indicated
that the real-time performance of the proposed method can
satisfy the requirement of standard UL1699B and the proposed
method is feasible for practical PV systems.

In future research, we plan to apply the proposed TFMPTF
to various fault detection fields, such as bearing fault detection,
power transformer fault detection, and air conditioning system
fault detection. For different application fields, we will explore
combining different time-frequency analysis methods (such as
EMD, empirical wavelet transformation, local mean decompo-
sition, etc.) with TFMPTF to enhance detection performance.
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