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Abstract—Traditional protection methods are not suitable for
hybrid (cable and overhead) transmission lines in voltage
source converter based high-voltage direct current (VSC-
HVDC) systems. Accordingly, this paper presents the robust
fault detection, classification, and location based on the empiri-
cal wavelet transform-Teager energy operator (EWT-TEO) and
artificial neural network (ANN) for hybrid transmission lines in
VSC-HVDC systems. The operational scheme of the proposed
protection method consists of two loops: (D an EWT-TEO
based feature extraction loop, 2 and an ANN-based fault detec-
tion, classification, and location loop. Under the proposed pro-
tection method, the voltage and current signals are decomposed
into several sub-passbands with low and high frequencies using
the empirical wavelet transform (EWT) method. The energy
content extracted by the EWT is fed into the ANN for fault de-
tection, classification, and location. Various fault cases, includ-
ing the high-impedance fault (HIF) as well as noises, are per-
formed to train the ANN with two hidden layers. The test sys-
tem and signal decomposition are conducted by PSCAD/EMT-
DC and MATLAB, respectively. The performance of the pro-
posed protection method is compared with that of the traditional
non-pilot traveling wave (TW) based protection method. The re-
sults confirm the high accuracy of the proposed protection meth-
od for hybrid transmission lines in VSC-HVDC systems, where a
mean percentage error of approximately 0.1% is achieved.

Index Terms—Voltage source converter based high-voltage di-
rect current (VSC-HVDC), protection, fault detection, fault clas-
sification, fault location, empirical wavelet transform (EWT),
artificial neural network (ANN), hybrid transmission line.

I. INTRODUCTION

HE transmission lines in the voltage source converter
based high-voltage direct current (VSC-HVDC) systems
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have been extensively investigated, particularly for bulk pow-
er transmission over long distances with a high penetration
of renewable energies [1]-[3]. In addition, the adoption of
multi-terminal VSC-HVDC systems has been increasing be-
cause of the growing penetration of large-scale offshore
wind farms into modern power networks [4]. Although the
VSC-HVDC systems present several advantages over con-
ventional high-voltage alternating current (HVAC) systems,
ensuring the protection of VSC-HVDC systems remains a
significant challenge in modern power systems [5].

Several protection methods for VSC-HVDC systems have
previously been investigated. These methods are generally
classified into traveling wave (TW) based protection method,
differential protection method, derivative/transient based pro-
tection method, signal processing based protection method,
and artificial intelligence (AI) based protection method. The
TW-based protection method has been one of the main pro-
tection methods in power systems for many years. Although
this method is applicable to both AC and DC systems, cer-
tain limitations warrant further investigation. These limita-
tions include the variation in wave propagation velocities in
hybrid (overhead and cable) transmission lines, potential sus-
ceptibility to noises, challenges in accurately detecting close-
up faults, and a lack of mathematical tools for modeling [6],
[7]. Consequently, the TW-based protection methods become
more intricate when applied to hybrid transmission lines [7]
and its effectiveness in accurate power system protection re-
mains uncertain. The communication-based protection meth-
ods such as differential protection methods exhibit high accu-
racy and robustness against high-impedance faults (HIFs).
Nevertheless, the communication-less (non-pilot) protection
methods provide several advantages over communication-
based protection methods, including high-speed performance,
smaller measurement errors, enhanced cybersecurity, and the
absence of communication costs [8], [9]. The derivative/tran-
sient based protection method relies on the rate of change of
current and voltage. Although this method is primarily em-
ployed for fault detection, it encounters challenges in the ac-
curate detection of HIFs in meshed high-voltage direct cur-
rent (HVDC) systems [8]. Therefore, further research is re-
quired to overcome these limitations and enhance the protec-
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tion performance in VSC-HVDC systems.

Recently, different signal processing methods and Al tech-
niques have attracted considerable attention in power system
protection. Several time-frequency signal processing meth-
ods, including the empirical mode decomposition (EMD),
Hilbert-Huang transform (HHT), and wavelet transform
(WT), have emerged as the most popular methods for signal
feature extraction. These methods can effectively decompose
the components of nonstationary and nonlinear signals. Al-
though the EMD has been demonstrated to be effective in
numerous applications, a significant limitation persists in the
lack of theoretical analysis [10]. In addition, the HHT pro-
vides accurate and high-resolution outcomes but it still faces
several challenges, such as a high computational burden, the
absence of a stopping mode for the number of decomposi-
tion levels, and the sensitivity to noises [8]-[11]. The WT
stands out as one of the most popular and widely utilized
methods in time-frequency signal processing. However, it
faces certain challenges, including a high computational bur-
den and incomplete matching with all real signals. It is a
complex task to select an appropriate mother WT type and
decomposition level [12], [13]. The empirical wavelet trans-
form (EWT) method has recently been proposed to address
these challenges. It can determine the optimal number of fil-
ter banks, bandwidth, and central frequency for nonstation-
ary signals [14]. The machine learning (ML) methods such
as artificial neural networks (ANNs), support vector ma-
chines (SVMs), and decision trees (DTs) have been increas-
ingly adopted in the field of protection. In [15], a fault detec-
tion and classification method based on the colony optimiza-
tion and ANN for HVDC systems is developed, where WT
is employed to extract signal features. This method enables
the fault identification for two-terminal line commutated con-
verters in HVDC transmission lines. In [16], a long short-
term memory (LSTM) method for non-pilot protection of
HVDC cable lines is presented. The signal data are extracted
through the discrete wavelet transform (DWT).

Drawing on the findings of previous studies, the protec-
tion for hybrid transmission lines in VSC-HVDC systems re-
mains a significant challenge. In this paper, a fault detection,
classification, and location method is proposed based on the
EWT-Teager energy operator (EWT-TEO) and ANN for hy-
brid transmission lines in VSC-HVDC systems. The perfor-
mance of the proposed protection method is compared with
that of a conventional non-pilot TW-based protection method
using the same feature extraction process. Remarkably, the
proposed protection method has a very high accuracy in fault
location for hybrid transmission lines in VSC-HVDC systems.
The main contributions of this paper are as follows.

1) This paper proposes a two-loop fault detection, classifi-
cation, and location method for hybrid transmission lines in
VSC-HVDC systems.

2) An adaptive time-frequency signal processing method,
i.e., EMT, is employed to extract the signal features, and
Teager energy operator (TEO) is used to capture the instanta-
neous amplitude and frequency changes of signals.

3) An optimized ANN using the signal features extracted
by the EWT-TEO as its input parameters is proposed for ac-
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curate fault detection, classification, and location.

4) The proposed protection method is effective with a
high fault resistance of 100 Q and a noise of 20 dB.

5) The proposed protection method achieves a high accura-
cy and speed in comparison with the TW-based protection
method and other existing methods.

The remainder of this paper is organized as follows. Sec-
tion II briefly introduces the modular multilevel converter
(MMC) in VSC-HVDC systems, particularly focusing on its
behavior under DC short-circuit faults. Section III introduces
the theory of the proposed protection method for the hybrid
transmission lines in VSC-HVDC systems. Simulation re-
sults are presented and discussed in Section IV. Section V
highlights the comparative results of the proposed protection
method and the TW-based protection method. A conclusion
is provided in Section VI.

II. INTRODUCTION OF MMC

MMC typically has two types of submodules (SMs): the
half-bridge (HB) SM and the full-bridge (FB) SM. The HB
topology is commonly employed in commercial applications
due to its inherent advantages. Figure 1 illustrates the struc-
ture of an MMC in VSC-HVDC system under a DC short-
circuit fault. Each phase includes upper and lower arms,
which consist of an N-series connection of SMs [17], [18].
In Fig. 1, FCL and DCCB are short for fault current limiter
and DC circuit breaker, respectively.
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Structure of MMC in VSC-HVDC system under a DC short-circuit

Fig. 1.
fault.

The behavior of MMCs under a DC short-circuit fault can
be divided into three different stages [18], [19]. At the initial
stage, the MMC capacitors discharge immediately after the
fault occurs [20]. Subsequently, the converter blocks through
the parallel diode [21]. Finally, the short-circuit current is
supplied from the AC grid. Since the fault should be detect-
ed very fast in VSC-HVDC systems, the proposed protection
method utilizes data from the initial stage.
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III. THEORY OF PROPOSED PROTECTION METHOD

A. Data Processing

In this subsection, a dataset for training ML models is gen-
erated by applying various disturbances and faults to the
VSC-HVDC system, which is modeled in PSCAD/EMTDC.
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Figure 2 outlines the operational mechanism of the proposed
protection method, including the data-processing stages for
training, where CB is short for circuit breaker; and CT and
PT short for current transformer and potential transformer,
respectively, which are used for measuring current and volt-
age signals.

and current signals under different conditions
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Fig. 2. Operational mechanism of proposed protection method.

1) Data collection: in real world, power grids may experi-
ence significant variations, encompassing various types of
faults and disturbances [22]. Therefore, the data collection in-
volves gathering information under different conditions, in-
cluding non-fault, disturbance, and fault conditions. To vali-
date the accuracy of the proposed protection method, the test
system is simulated for various fault types, such as pole-to-
pole (PtP), positive pole-to-ground (PtG), and negative pole-
to-ground (NtG), at various distances between 2.5% and
97.5% of the transmission line. Different fault impedances
ranging from 0.01 to 100 Q and different signal-to-noise ra-
tios (SNRs) ranging from 20 to 30 dB are also applied.

2) Feature extraction: EWT is an adaptive time-frequency
signal processing method that decomposes signals into vari-
ous modes based on their characteristics. It is used to select
the most relevant features from the data and decompose

—

Protection performance

them.

3) Energy of signals: the peak energy of each extracted
signal is chosen as the input data for various Al algorithms.
Once the data has been collected, they can be used to train
the ML models.

B. EWT-TEO

The EWT [10] adaptively decomposes signals using the
wavelet method. The main idea behind the EWT is to ex-
tract different signal features according to the Fourier seg-
ments and wavelet filter bank [23]. First, the Fourier trans-
form is applied to the input signals, and then the segmenta-
tion of the Fourier spectrum is identified by locating the lo-
cal maxima within the spectrum, which are sorted in decreas-
ing order. The center between two adjacent local maxima is
used to determine the boundaries of the Fourier segment.
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This construction is similar to assembling a set of bandpass
filters to decompose signals into distinct components [10].
In this method, the restriction w e [0,7] is considered along
the Fourier axis to adhere to the Shannon criteria. The Fouri-
er support [0,7] is divided into N contiguous segments, and
the boundaries w, are determined between 0 and m. Each seg-

n—1>"n

ment is represented as An:[w w ], n=12,...N, and
N
(J4, =[0.n] 4, is defined by the EWT as a bandpass fil-
n=1

ter. Equations (1) and (2) represent the empirical scaling
function @,(w) and empirical wavelet ¥ (w), respective-

ly [10].

1 lw|<(1-y)w,
7 _ T 1
?D,(w) = cos(z/)’(zywnﬂw|—l(l—y)wn])) (1=p)w,<|w|<(1+y)w, (1)
0 otherwise
1 (L+p)w,<|wl<(1=p)w,.,
1
R s L e L0 | RCESs M e
v,(w) = " @)
L 1
Sm(Z'B(ZyW,,UW| —l(l—y)wn+l:|)) (l—y)w"S [w|< (1 +y)w,,
0 otherwise
where y is the coefficient; the transition function f(x)is an C. ANN

arbitrary function, which can be expressed as:

0 x<O0orf(x)+p(l-x)=1,Vxe |0,1
ﬁ(x):% B(x)+p(1-x) [0.1] 3)
I x>1
The most commonly used S (x) is expressed as:
B(x) =x*(35—84x+70x*—20x°) 4
The coefficient y (0 <y<1) is defined as:
< min| 2z~ 5
y Wn+l+wn ( )

The TEO is a nonlinear energy operator that can track and
estimate the instantaneous energy of signals in the time do-
main. It is derived from the instantaneous amplitude and fre-
quency variations of signals [24], [25]. Equation (6) express-
es the continuous signals x(¢) using the TEO [26]:

P (x(t))=x*t) —x(1)%(1) (6)
where x and x are the first-order derivative and second-order

derivative of x(¢), respectively.
In the discrete domain, x[n]is expressed as:

v (x[n]) = (x[n]) ~x[n—1]x[n+1] ©

The energy of signals is then used to train the ML model

for fault detection, classification, and location. The fault loca-

tion error Error, and mean error M,
on (8) and (9), respectively [27].

AFL,— CFL,
l,

are computed based

rror

®)

Error;= )

M
Mg, = i ZErrori 9)

where CFL, and AFL, are the calculated and actual fault dis-
tances, respectively; /, is the total length of faulted line; and
i and M are the index and number of samples, respectively.

In recent years, ML models have been widely applied in
modeling nonlinear and complex systems, particularly in
power systems. ANNs, inspired by Al, have been successful
in data classification, pattern recognition, and prediction
[28]. An ANN typically consists of several layers, including
input, hidden, and output layers. Figure 3 shows the struc-
ture of an ANN with interconnected layers.

Input layer

Hidden layers Output layer

Fig. 3. Structure of ANN with interconnected layers.

The bilayer feedforward ANN consists of an input layer,
two hidden layers with a set number of neurons, and an out-
put layer. Despite the basic structure with only two hidden
layers, a bilayer ANN offers advantages over single-layer
perceptrons and paves the way for understanding architec-
tures of deeper network. The optimal model can be achieved
by evaluating various input combinations, such as the num-
ber of hidden layers, the number of neurons in hidden lay-
ers, and learning algorithms through different case studies.
Increasing the number of hidden layers may enhance the ac-
curacy of network prediction. Four types of learning algo-
rithms, i.e., Levenberg-Marquardt, scaled conjugate gradient,
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resilient backpropagation, and Polak-Ribiére conjugate gradi-
ent, have been previously tested and analyzed. Based on the
test results, the Levenberg-Marquardt and scaled conjugate
gradient learning algorithms are compared due to their supe-
rior accuracy. The input and target datasets are randomly di-
vided into three subsets: training, testing, and validation data-
sets. The number of hidden neurons varies from 10 to 80 for
evaluating the performance of the model with different num-
bers of hidden neurons.
The general neuron processing unit is given as:

a:¢(zwjxj+b)

where a is the unit activation; x; is the vector of unit inputs;
w; is the vector of weights; b is the vector of biases; and
#(+) is the nonlinear activation function.

The first layer is the input layer, and its units correspond
to the values of input features. The last layer is the output
layer y,, which contains one unit for output value from each
network. The layers between the input and output layers are
known as hidden layers. The network unit receives connec-
tions from the units in the previous layer. This implies that
each unit has its own bias and a weight w; exists for every
pair of units in two consecutive layers. Consequently, the
network computations can be expressed as [29]:

(10)

1
h"=¢ (zw§;>xj+ b,
J

i (11)

h£n+l):¢2(zw(n+l)h§n)+b?
J

.Vi:¢3

zwg“z)hf."”)+b?
J

where h" is the vector of units in the hidden layer; the sub-
script n is the index of hidden layer; and ¢'(:), ¢*(-), and
¢°(+) are the distinct activation functions employed by differ-
ent layers; and b, b?, and b} are the vectors of different bias-
es.

D. TW Method

The principle of TW is based on the current and voltage
waves propagating in both directions along the line after a
fault occurs. This concept can be applied to both AC and
DC lines, depending on the amplitude of the traveling wave-
front. Figure 4 shows the TW propagation during a fault
along the HVDC transmission line at the point with a dis-
tance of d from Bus M with incident and reflected waves.
The total length of the fault line is /. The fault locator is po-
sitioned at Bus M.

,‘@

Bus R

Fig. 4. TW propagation during a fault in HVDC transmission line.
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The arrival time, denoted as ¢,, and ¢,,, corresponds to
the first and second traveling wavefronts meeting at Bus M
during the fault, respectively. The TW propagation velocity
varies in the cable and overhead lines. The TW propagation
velocity in overhead lines falls in the range of 290-299 m/us,
whereas in plastic and rubber cable lines, it exhibit approxi-
mately 170-200 and 210-230 m/ps, respectively. Therefore,
the application of TW method to hybrid transmission lines is
more complicated [7]. The wave propagation velocities of
the aerial and ground modes are estimated to be approxi-
mately 295000 and 188000 km/s, respectively [30]. In this
study, the wave propagation velocity is considered to be
181500 km/s. Equation (12) calculates d using the TW-based
protection method.

d= %(th_tMl)
where v is the TW propagation velocity.

In addition, the TW-based protection method has other
drawbacks, including the requirement of precise measure-
ments of arrival time, challenges in mathematically modeling
TWs, requirement of a high sampling rate, and susceptibility
to noise interference.

In this study, an ANN with two hidden layers is utilized
for fault detection, classification, and location for hybrid
transmission lines in VSC-HVDC systems. Figure 5 presents
a detailed flowchart of the proposed protection method for
hybrid transmission lines in VSC-HVDC systems.

In the first step, the voltage and current signals are mea-
sured within a few milliseconds after a fault occurrence.
These signals undergo feature extraction using the EWT,
which decomposes the signal into different bandpass compo-
nents. Then, the high-frequency features are extracted using
the TEO. The EWT-TEO is utilized to extract suitable fea-
tures, thereby enhancing the effectiveness of training the ML
model. Finally, the ANN is employed to train the feature da-
ta for the purpose of achieving acceptable accuracy in the re-
sults. The model development process for the ANN will be
explained in Section IV-C.

(12)

IV. SIMULATION ANALYSIS

A. Test System

The test system consists of a four-terminal VSC-HVDC
system utilizing the HB topology and control strategies mod-
eled in PSCAD/EMTDC, as depicted in Fig. 6 [31]. Each
HVDC converter of offshore wind plant (OWP) is connected
to the load consumers, and line 1 connects two offshore
HVDC converters. Table I presents the comprehensive pa-
rameters of the test system. The DCCB consists of a main
CB and load branches that are connected in parallel. The
DCCB operation details are explained in [32]. Different fault
types, i.e., PtG, NtG, and PtP, are considered as different cas-
es in this study. The test system includes two 100 km trans-
mission lines (lines 1 and 3), a 200 km transmission line
(line 2), and a 150 km transmission line (line 4). The candi-
date fault point is set on line 2, which is a hybrid line con-
sisting of a 100 km overhead line and a 100 km cable line.
The distance from the fault point to Bus 1 is denoted as d.
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Fig. 5. Flowchart of proposed protection method.
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Schematic of four-terminal VSC-HVDC system.

The current and voltage signal measurements in Fig. 6 are
obtained from only one end of the transmission line using a
single-ended protection method. In Fig. 6, UFD is short for
ultra-fast disconnector, LCS is short for load commutation
switch, and RCB is short for residual current breaker.

All faults occur at r=0.7 s. The input data for ANN are
measured approximately 1 ms after the fault occurs.

B. Data Preparation for Signal Decomposition

To validate the proposed protection method, different fault
types with disturbances are simulated. Figure 7 shows the
current signals under different fault types. As shown in Fig.
7(a), the two maximum fault currents differ by a factor of 7.

TABLE I
COMPREHENSIVE PARAMETERS OF TEST SYSTEM

Parameter Value for Value for
converters 1-3 converter 4

DC voltage (kV) +320 +320

AC rated voltage (kV) 400 400
Sampling frequency (kHz) 20 20
AC converter voltage (kV) 380 380
Impedance (%) 15 15

Rated power (MW) 900 1200
Fault current limiter (mH) 100 100
Arm capacitance (p1F) 29.3 39.0
Arm reactor L, (mH) 84.8 63.6

Arm resistance R (€2) 0.885 0.670
Bus filter reactor (mH) 10 10

— Fault at d=5 km (R,= 0)
20F Fault at d=195 km (R,= 100 Q)

Current (kA)
S

P N
105 0.2 0.4 0.6 0.8 1.0
Time (s)
(a)
61— Positive cable line
g L Negative cable line
=
&)
0 0.2 0.4 0.6 0.8 1.0
Time (s)
(b)
6 — Positive cable line 3
g 4t eee- Negative cable line "
E
O
-4
0 0.2 0.4 0.6 0.8 1.0
Time (s)
(©

Fig. 7. Current signals under different fault types. (a) Solid PtP fault at d=
5 km and high impedance PtP fault at =195 km with an impedance of R,=
100 Q. (b) PtG fault at d=20 km. (c) NtG fault at d=180 km.

In this study, several passbands of EWT are used to de-
compose the current and voltage signals. These passbands en-
able the extraction of suitable data for analysis in this case
study.

Figures 8 and 9 show the signal decomposition results us-
ing three passbands and one approximation coefficient of the
EWT for current and voltage signals, respectively, under a
PtP fault at =20 km. The EWT effectively decomposes the
time-series signals into a set of passbands and an approxima-
tion coefficient.

Figure 10 shows the energy of the current and voltage sig-
nals after decomposition using Passband 1 as well as the trip
signal under different fault types and distances when using
the EWT.
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Fig. 8. Signal decomposition results using three passbands and one approx-
imation coefficient of EWT for current signals under PtP fault. (a) Passband
1. (b) Passband 2. (c) Passband 3. (d) Approximation coefficient.
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Fig. 9. Signal decomposition results using three passbands and one approx-
imation coefficient of EWT for voltage signals under PtP fault. (a) Passband
1. (b) Passband 2. (c) Passband 3. (d) Approximation coefficient.
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The protection time required includes signal processing,
ANN computation, and protection relay tripping. The fault
detection time ¢, for current and voltage signals is measured
at 0.70005 s, which is 0.05 ms after the fault occurrence, as
shown in Fig. 10(a). Consequently, the fault detection time
is exceptionally short under the proposed protection method.
The moving windowing technique employed in the EWT en-
ables the online monitoring and facilitates fault detection
within partial segments without considering the entire win-
dow. The maximum data window length utilized in this
study is less than 0.25 ms. The training time for ANN is ap-
proximately 22 min, and the protection time of the devel-
oped model aligns with the simulation solution time step,
which is set to be 100 ps. A measurement time delay can al-
so be added to the protection time, which is estimated to be
approximately 0.1 ms. The tripping signal time ¢ represents
the protection time, which includes both computational time
and delay, which are both 1 ms in this study. As shown in
Fig. 10(b), ¢, and ¢, are approximately 0.7001 and 0.7011 s,
respectively, which is 0.1 and 1.1 ms after the fault occur-
rence. The peak time of signals is 0.70015 s, which is 0.15
ms after the fault occurrence.

C. Data Preparation and Training

The proposed protection method is trained in several non-
fault and fault states with different fault types, distances,
fault resistances, noises, and line outages, to obtain a dataset
that encompasses all possible operating conditions. The
EWT is applied to extract the signal features. Indeed, the
suitable extracted features from the original data lead to bet-
ter training. Table II lists parameters of simulated non-fault
and fault states for the training dataset.

The input data matrix of ANN is created using different
case studies of the VSC-HVDC system for fault detection,
location, and classification. Several fault locations and fault
types are considered during the dataset preparation. In addi-
tion, several fault resistances and high-level noises are in-
cluded to enhance the sensitivity and selectivity of the devel-
oped model. The input data matrix Maxb includes 464 rows
that illustrate the number of conducted cases and 16 col-
umns that show the number of voltage/current features ex-
tracted in each case study. The output data matrix Naxb has
464 rows that represent the target values and 7 columns that
represent the fault detection, fault location, fault types, fault
resistance, and noise.

Each column of the created input and output data matrices
is individually normalized to scale the values within a specif-
ic range. The resulting dataset is randomly divided into three
subsets: training, validation, and testing datasets. The num-
bers of neurons in the hidden layers are chosen as 40 and 50
following several attempts based on the optimal error analy-
sis. The main objectives at this stage are to achieve high ac-
curacy with the desired mean squared error and prevent over-
fitting to obtain a more general model. The input activation
function is a hyperbolic tangent sigmoid function, and the
output activation function is a linear activation function. Fol-
lowing tests of several learning algorithms, we find that the
best results are obtained with the Levenberg-Marquardt learn-
ing algorithm.
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Fig. 10. Energy of current and voltage signals after decomposition as well as trip signal using Passband 1 under different fault types and distances. (a) Un-

der PtP fault at =20 km. (b) Under PtG fault at =30 km. (c) Under NtG fault at =40 km.

TABLE II
PARAMETERS OF SIMULATED NON-FAULT AND FAULT STATES

State Description Parameter
Fault type PtP, NtG, and PtG
d (km 5,195
Fault state (fem) [ ]
R (Q) 0.01, 10, 50, and 100
SNR (dB) [20, 30]

Non-fault state Outage lines Line 1, line 3, and line 4

At the training stage, the system parameters are adjusted
as follows. The minimum performance gradient is 10°%, the
maximum number of epochs is 1000, and the maximum vali-
dation failure is 50. Due to the random assignment of
weights and bias values, the model is retrained for 50 times
to identify the model with the best performance. Figure 11
shows the regression analysis of the trained neural network
with the proposed protection method. The training dataset
and the effect of noises on the training process are analyzed,
as shown in Fig. 11(b).

200f -+ Data
160} — Fit
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g 80+
40t
0 40 80 120 160 200
Target T’
(a)
200 - Data )
160 | Fit
B~ e Y=T
5 1201
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Fig. 11. Regression analysis of trained neural network for proposed protec-
tion method. (a) Under HIF with noises (Y=T7-+0.079). (b) Under HIF with-
out noises (Y=7+0.039).

The regression for the dataset improves by approximately
0.09% without noises. Noises at random frequencies and
fault impedances are considered during the dataset prepara-
tion to increase the sensitivity and selectivity of the pro-
posed protection method. However, the noises can introduce
variability and inaccuracies in the training process, leading
to suboptimal performance. To address these issues, the train-
ing dataset is adjusted to incorporate several cases. Data
cleaning and augmentation methods are utilized to deal with
the effects of noise on the training of ANN. At the data
cleaning stage, the noisy data points are filtered out from the
training datasets prior to model training. At the data augmen-
tation stage, the existing datasets are enhanced to increase
their diversity and reduce the effects of noises. Finally, the
ANN is trained using different subsets of data to reduce the
effects of noise and enhance generalization.

D. ANN Testing

The ANN is tested using a separate dataset that is not uti-
lized at the training stage. This dataset includes different
fault types, locations, resistances, and high-level noises.

Table III presents the results obtained for the fault detec-
tion, classification, and location with the proposed protection
method. The training process consists of three sections: fault
detection, classification, and location. The results for the non-
fault states are also presented in Table III. The proposed pro-
tection method can diagnose non-fault and fault modes. The
output of the ML model is classified into different fault
types. For example, an NtG fault corresponds to the classifi-
er outputs [0 1 1], whereas the PtN fault is represented by
the classifier outputs [1 1 0]. As a result, the mean absolute
error of the proposed protection method is approximately
0.167%.

Table IV presents the fault location results with different
fault resistances and noises. As mentioned above, the accura-
cy of ANN decreases in the presence of noises. Therefore,
different SNRs along with varying fault resistances are con-
sidered to create a robust and accurate model.
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TABLE III
FAULT DETECTION, IDENTIFICATION, AND LOCATION WITH PROPOSED
PROTECTION METHOD

quency affects the accuracy of the TW-based protection
method. Higher sampling frequencies lead to reduced fault
location errors. However, the fact that using a higher sam-
pling frequency also results in a higher computational bur-

fuﬁf;) l(i)r:e Ft?,l;l; Cfii;ﬁfr dl:tii?eléf, d,(;?;f:cﬂeat&%) Eg/f:)r den. In addition, the TW-based protection method has draw-
6.0 PN [1 1 0] Yes 50605 00187 backs such as increased complexity when dealing with hy-
35 PN [l 1 0] Yes 90242 02621 bric.i .transmission lines. Due to the Flifferent propagation ve-
16.0 N (1 1 0] Yes 155058 00525 locities of the cat?le and overhea}d lines, the accuracy of the
585 PN [1 1 0] Ves 278617 03195 ’ll"W—bas?d protection method is 1nadequgte for both 11.ne sec-
tions. Figure 12 shows the fault location results using the
300 PN L1 0] Yes 30.3546 01770 Tw.pased protection method at different fault distances, em-
33.0 PG [T 0 1] Yes 32.8708  0.0650 ploying the current signal. As Fig. 12 shows, the error in the
40.0 NG [0 1 1] Yes 40.1482  0.0740  fault location increases on the overhead line due to different
41.0 PtG [1 0 1] Yes 41.0118 0.0055 propagation velocities.
44.0 NtG [0 1 1] Yes 44.0076 0.0083
55.0 NG [0 1 1] Yes 56.6316  0.8155 TABLE IV
145.0 PG (10 1] Yes 145.0445 0.0222 FAULT LOCATION RESULTS WITI;\IEEEERENT FAULT RESISTANCES AND
155.0 PtG [l 0 1] Yes 1549132 0.0450
160.0 NtG [0 1 1] Yes 160.8540 0.4270 SNR 4 (km) Calculated distance with different fault resistances (km)
162.0 PN [1 1 0] Yes 162.6980  0.3450 (dB) 0.01 Q 10 Q 100 Q
162.3 PtN [T 1 0] Yes 161.8509 0.2250 22 21.43510 22.4770 20.7638
174.0 NtG [0 1 1] Yes 173.9353 0.0325 24 23.93590 23.0754 24.4008
176.0 PtN [T 1 0] Yes 175.4677 0.2660 0 181 180.61410 180.6404 181.5918
189.0 PN [T 1 0] Yes 189.1934 0.0965 183 182.58740 182.9955 182.6885
191.5 PtN [T 1 0] Yes 191.5763 0.0380 184 184.02590 184.1146 183.8375
194.0 PN [T 1 0] Yes 193.9071 0.0465 21 20.67510 20.8616 22.0671
Line 1 No 22 21.64930 21.8189 23.0442
Line 4 No 20 23 21.77100 22.7092 22.8557
181 180.86890 180.9329 181.6130
V. PERFORMANCE ANALYSIS 184 184.00478 183.9893 184.8035
. ) 21 21.11510 21.1975 20.2647
Table V compares the fault location results using the TW-
based protection method with different sampling frequencies 2 22.24350 220053 217527
and the proposed protection method. As can be observed, the 30 181 181.10360 180.8938 181.4932
accuracy of the proposed protection method is higher than 182 182.01090 182.1036 182.5961
that of the TW-based protection method. The sampling fre- 184 183.91570 184.1752 184.7559
TABLE V
COMPARISION OF FAULT LOCATION RESULTS WITH DIFFERENT METHODS FOR HYBRID TRANSMISSION LINE
Error (%)
Line d (km) Fault type Cl:zi}iifr TW-based protection method with different sampling frequencies Proposed
20 kHz 100 kHz 200 kHz protection method
6.0 PtN (1 1 0] 0.73120 0.27750 0.05060 0.0187
8.5 PtN [T 1 0] 0.28750 0.28750 0.16700 0.2621
16.0 PIN [T 1 0] 1.19370 0.16750 0.05930 0.0525
Cable 30.0 PtN (1 1 0] 0.88120 0.42750 0.42750 0.1770
41.0 PtG [T 0 1] 0.08125 0.08125 0.16250 0.0055
55.0 NtG [0 1 1] 0.27500 0.17875 0.04812 0.8155
145.0 PtG [T 0 1] 2.16870 1.71500 1.03430 0.0222
160.0 NtG [0 1 1] 1.67500 1.22000 0.59300 0.4270
Overhead 176.0 PtN [T 1 0] 5.01750 5.00000 4.11100 0.2660
189.0 PtN [T 1 0] 8.28750 6.23000 4.87100 0.0965
194.0 PIN [1 1 0] High 10.99000 7.36500 0.0465
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Table VI presents a comparative assessment of the pro-
posed protection method with other protection methods in
the recent literature for hybrid transmission lines in VSC-
HVDC systems. As can be observed, the proposed protection

Energy

849

3
(0.70025, 0.2779)

>\. 2

g

(=]

Horp (0.70085, 0.04501)

0 1 n L )
0.6990 0.6995 0.7000 0.7005 0.7010 0.7015 0.7020
Time (s)

b

0.08
0.06 (0.70225, 0.05055)
: (0.70055, 0.0659)
0.04
0.02}
0
-0.02 : : : !
0.690 0.695 0.700 0.705 0.710
Time (s)
(d)

Fault location results of TW-based protection method at different distances. (a) d=41 km (cable line). (b) d=55 km (cable line). (¢c) d=160 km

method has a higher accuracy, which can also detect and
classify different fault types. Moreover, the proposed protec-
tion method does not require high sampling frequency and
communication links.

TABLE VI
COMPARATIVE ASSESSMENT OF PROPOSED PROTECTION METHOD WITH OTHER PROTECTION METHODS

Which signal Sampling Fault Fault Is. . Is noise . The Mean fault
Reference Year  Method . frequency . . . communication . maximum fault location
is used? classification  location . existed? .
(kHz) required? resistance (Q) error (%)
[3] 2023 DWT Voltage 100 + + No Yes 500 0.33
[4] 2023 ANN Voltage 2.5 - + No No 100 0.53
[33] 2022 ANN Voltage 10-20 - + No No 500 0.64
[34] 2021 SSA Voltage 250 + + No Yes 450 0.50
[35] 2019  Wavelet Current 50-200 - + Yes No 300 0.44
[36] 2018 SAE Current 5000 - + No Yes 100 0.71
[37] 2015  EEMD Voltage 1000 - + Yes No 100 1.00
Distance/  Both voltage
[38] 2013 FDPM and current 80 - + No No 100 3.60
[39] 2000 DppLm  DBothvoltage 100 + + Yes No 500 032
and current
Proposed EWT-ANN Both voltage 20 + + No Yes 100 0.10

and current

Note: SSA is short for signal segmentation approach, SAE is short foe Stacked auto-encode, EEMD is short for ensemble empirical mode decomposition,
FDPM is short for frequency-dependent parameter model, and DPLM is short for distributed parameter line model. The symbol + indicates that the fault
classification or location method is included in the corresponding reference, and the symbol — indicates that the fault classification or location method is not

included in the corresponding reference.

VI. CONCLUSION

Conventional protection methods are not applicable to the
hybrid transmission lines in VSC-HVDC systems. This pa-
per presents the fault detection, classification, and location
method based on the EWT-TEO and ANN. The EWT is em-
ployed for feature extraction from the voltage and current
signals. The TEO is then applied to compute the instanta-
neous energy of the processed signals. Finally, an ANN is

utilized for fault detection, location, and classification under
various case studies. The results show that the proposed pro-
tection method is a robust candidate due to its high accuracy
and rapid performance in fault detection, classification, and
location. The proposed protection method outperforms the
existing methods including the TW-based protection method.
The proposed protection method exhibits a high accuracy of
greater than 99.90%, even in the presence of high levels of
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noises and HIFs and achieves a fault detection time of ap-
proximately 1 ms. In general, the proposed protection meth-
od offers high-speed performances in fault detection and
classification. The performance of the proposed protection
method is analyzed under different simulation scenarios in
the test system. The robustness of the proposed protection
method across various fault resistances and high-level noises
is validated.
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