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Abstract— High-voltage direct current (HVDC) transmission systems in multi-terminal configurations are prone to faults due to their
structural complexity and multiple power-carrying branches. A failure in such systems may propagate fault waveforms, causing damage
to other branches and interconnected networks. To prevent this, accurate and fast protection schemes are required for fault detection,
classification, section identification, and location estimation. Traveling wave (TW) theory has been widely applied as a rapid protection
method due to its simplicity in implementing complex structures. However, its accuracy decreases under noise and frequency disturbances.
This paper proposes a modified frequency spectrum Hilbert transform (MFSHT)-based TW protection scheme that compensates for
frequency disturbance errors in conventional Hilbert spectrum analysis. Voltage signals are measured at multiple points in the HVDC
grid and processed by the protection algorithm. Simulation results demonstrate that the proposed scheme achieves 100% accuracy in
fault detection, classification, and section identification, with an average fault-location error of less than 0.2%. Sensitivity analyses and
comparative studies further confirm its effectiveness and superiority.

Keywords—Multi-terminal high voltage direct current system, fault detection, classification, section determination and location estimation,
travelling wave theory.

1. INTRODUCTION

High-voltage direct current (HVDC) transmission networks
in multi-terminal configurations are highly vulnerable to faults
because of their numerous branches and structural complexity.
Accurate and rapid identification of the faulty segment is essential
to prevent fault propagation to other branches and interconnected
AC networks [1]. Existing protection models for multi-terminal
HVDC systems mainly rely on the traveling wave (TW) theory.
However, these models often show reduced accuracy in fault
detection due to sensitivity to wave speed and the arrival times
of traveling waves at system terminals [2]. To address this issue,
learning-based approaches have been developed and have shown
promising results [3]. Methods such as adaptive neuro-fuzzy
inference system (ANFIS) [4], neural networks (NN) [5], and
support vector machines (SVM) [6] have been widely used for
two-terminal HVDC protection. Yet, as the number of terminals
increases, these approaches face major challenges, including higher
computational burden, longer response times, large training dataset
requirements, and the need for multiple protection levels (detection,
classification, section identification, and location) [7].

Received: 09 Feb. 2025
Revised: 26 Sept. 2025
Accepted: 01 Nov. 2025
∗Corresponding author:
E-mail: e.akbari@ustmb.ac.ir (E. Akbari)
DOI: 10.22098/joape.2025.16764.2298

This work is licensed under a Creative Commons Attribution-NonCommercial 4.0
International License.
Copyright © 2025 University of Mohaghegh Ardabili.

Therefore, the most effective strategy for achieving both speed
and accuracy in multi-terminal HVDC protection is to enhance
traditional TW-based models by modifying their signal processing
stages [8]. Signal processing techniques are commonly used
to extract the temporal features of traveling waves for fault
location in transmission networks [9–11]. In general, mathematical
transforms applied to fault signals can be grouped into time-
domain transforms [12] and time–frequency transforms [13].
Time–frequency transforms such as the wavelet transform (WT)
[14], Gabor transform (GT) [15], short-time Fourier transform
(STFT) [16], Hilbert–Huang transform (HHT) [17], and Stockwell
transform (ST) [18] have been widely used for fault detection,
classification, and location. Despite their accuracy, these methods
impose heavy computational demands, making them less suitable
for large-scale multi-terminal HVDC networks.

In contrast, time-domain transforms are simpler and more
computationally efficient, as they analyze the raw time-domain
features of fault signals (e.g., differentiation, integration, and
peak detection) [19]. Although these methods enable fast
implementation, their accuracy decreases in complex MTHVDC
networks where noise and system dynamics distort fault signals.
Thus, the challenge lies in balancing computational efficiency
with the accuracy required for reliable protection. This has led to
growing interest in improving time-domain methods or hybridizing
them with other techniques to achieve both precision and speed in
MTHVDC protection [20].

In this paper, we propose a simple, computationally efficient,
and accurate protection scheme for fault detection, classification,
section identification, and location in multi-terminal HVDC
systems. The method is based on a modified frequency spectrum
Hilbert transform (MFSHT). Voltage signals measured at different
points in the system are first processed by the Hilbert transform
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to obtain their instantaneous frequency spectrum. After spectrum
correction, features are extracted for further analysis. To reduce
the effects of electromagnetic coupling between the positive and
negative poles, the signals are decoupled using the Karrenbauer
transform. The 1-mode voltage component is then applied for
fault detection and section identification, while the positive- and
negative-pole voltages are used for fault classification and location
estimation.

The proposed method performs all four protection functions
using only voltage signals. Unlike previous approaches that rely
on trial-and-error thresholds, this study introduces an adaptive
thresholding scheme based on fault spectrum characteristics.
The main benefits of the proposed scheme are high speed,
low computational burden, no need for prior system data, no
requirement for simultaneous voltage–current measurements, and
independence from combined signal processing methods such
as EMD–HT [21] or LMD–HT [22]. A comparison of the
related state-of-the-art methods and their respective contributions
is presented in Table 1.

The key contributions of this work are summarized as follows:
• A new time-domain protection method for multi-terminal

HVDC lines is presented, capable of performing detection,
classification, section identification, and location estimation
in a unified framework.

• An adaptive thresholding mechanism is introduced to improve
fault detection accuracy and reliability.

• The method is scalable and can be generalized to n-terminal
HVDC systems.

• The scheme relies only on measured voltage signals,
eliminating the need for additional system information or
current measurements.

The remainder of the paper is structured as follows: Section 2
presents the proposed model, Section 3 provides the simulation
results, Section 4 discusses sensitivity analysis, Section 5 presents
a comprehensive sensitivity analysis, Section 6 provides a
comparative study with existing methods, Section 7 discusses the
findings and research limitations, and finally, Section 8 concludes
the paper with a summary of the main results.

2. THE PROPOSED PROTECTION
ALGORITHM

All protection models based on the traveling wave (TW) theory
operate by analyzing the arrival times of propagating waves at the
measurement points. The accuracy in extracting these arrival times
directly affects the performance and reliability of the protection
scheme. In a typical three-terminal HVDC system, as shown in
Fig. 1, these time components are indicated. By measuring the
initial voltage signals at the terminals and processing them through
the protection algorithm, these time components can be precisely
extracted. Subsequently, using traveling wave theory, the fault
location for each section can be estimated.

2.1. Hilbert Transform (HT)
In this paper, the proposed modified frequency spectrum Hilbert

transform (MFSHT) is applied to process the measured voltage
signals. The MFSHT is a time-domain mathematical transform
that extracts the analytic signal from a real-valued time-domain
signal. It has widespread applications in signal processing,
communications, and related fields, including envelope detection,
modulation analysis, and phase estimation. The Hilbert transform
of a signal x(t) is a linear operator that produces a new signal,
x̂(t), representing the quadrature component of the original signal,
i.e., a 90◦ phase-shifted version. Mathematically, it is defined as
follows:

x̂(t) = H {x(t)} =
1

π

∑∞

−∞

x(τ)

t− τ
dτ (1)
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Here, the integral is evaluated as a Cauchy principal value to
account for the singularity at t = τ . The analytic signal is a
complex-valued representation of the real signal x(t), defined as:

x̃(t) = x(t) + jx̂(t) (2)

Here, j denotes the imaginary unit, and x̂(t) represents the
Hilbert transform of x(t). The analytic signal x̃(t) has the
original real signal x(t) as its real part and the Hilbert transform
x̂(t) as its imaginary part. This representation captures both the
instantaneous amplitude and phase of the signal, providing a
complete description. Such a representation is particularly useful
in applications including fault detection, modulation analysis, and
general signal processing. From the analytic signal x̃(t), the
instantaneous amplitude and phase can be extracted as follows:

A(t) = |x̃(t)| =
√

x2(t) + x̂2(t)

ϕ(t) = arg(x̃(t)) = tan−1 x̂(t)
x(t)

(3)

For a real-valued signal x(t), the instantaneous frequency is
defined as the time derivative of the instantaneous phase ϕ(t).

finst(t) =
1

2π

dϕ(t)

dt
(4)

It can be observed from Eq. (4) that the instantaneous
frequency, derived through the Hilbert transform, depends on the
time derivative, allowing for the determination of the frequency
distribution at each moment. By computing the instantaneous
frequency corresponding to each voltage signal, its temporal
characteristics can be effectively extracted. Moreover, instantaneous
frequency serves as a critical parameter for fault detection, fault
section identification, and faulted phase determination. To improve
the accuracy of conventional HT-based methods, a frequency
modification mechanism is incorporated.

2.2. Frequency modification algorithm
To improve the performance of the Hilbert transform approach,

this study introduces a frequency modification algorithm. This
algorithm refines the instantaneous frequency spectrum while
preserving the flexibility and adaptability required for fault
detection in non-stationary signals. After computing the initial
instantaneous frequency via the Hilbert transform, the frequency
components are further decomposed using an adaptive filter
or wavelet packet decomposition (WPD) to isolate fault-related
components. A detailed description of WPD can be found in [23].

fdom(t) = WPD (finst(t)) (5)
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Table 1. Comparative summary of state-of-the-art protection schemes and their key contributions.

Ref. Method / Approach Domain Main advantages Limitations / Chal-
lenges

[4] ANFIS AI-based Good nonlinear map-
ping

Training complexity;
scalability issues

[5] Neural Networks
(NN)

AI-based High fault detection
accuracy

Long training, risk
of overfitting, large
datasets needed

[6] Support Vector Ma-
chines (SVM)

AI-based Robust classification Not scalable to large
n-terminal systems;
dataset dependent

[14] Wavelet Transform
(WT)

Time–frequency Good localization of
transient features

Heavy computational
demand

[15] Transient Extracting
Transform (TET)

Time–frequency Accurate transient ex-
traction

High complexity, not
real-time friendly

[16] Short-Time Fourier
Transform (STFT)

Time–frequency Simple, well-known Poor resolution trade-
off, high computation

[17] Hilbert–Huang Trans-
form (HHT)

Time–frequency Adaptive, high accu-
racy

Mode-mixing issues,
expensive computa-
tion

[18] Stockwell Transform
(ST)

Time–frequency Frequency-dependent
resolution

Heavy computation,
unsuitable for real-
time

[21] EMD–HT Hybrid Good accuracy Complex, requires it-
erative decomposition

[22] LMD–HT Hybrid Improved accuracy
over EMD–HT

Still computationally
heavy

This work Modified Frequency
Spectrum Hilbert
Transform
(MFSHT)

Time-domain
(spectrum
corrected)

Fast, low complex-
ity, no prior data,
voltage-only, adap-
tive threshold, scal-
able to n-terminals

New method; re-
quires further vali-
dation on field data

In the next step, an initial weighting function W (f) is defined
with equal importance assigned to all frequency components.
During successive iterations, the weighting function is updated
according to the significance of each frequency component.
Subsequently, an adaptive filter is applied to refine the instantaneous
frequency finst(t) as follows:

f
(n)
filtered(t) = W (n) (finst(t)) .finst(t) (6)

where W (n) represents the weighting function at the n-th
iteration. Following this step, the analytic signal is reconstructed
using the modified instantaneous frequency.

x
(n)
refined(t) =

A(t). exp j2π
∑t

0 f
(n)
filtered (τ) dτ

(7)

In the next phase, the instantaneous frequency spectrum is
updated by extracting the instantaneous frequency of the refined
signal.

f
(n)
refined(t) =

1

2π

d

dt
arg

(
x
(n)
refined(t)

)
(8)

In iteration n+ 1, the weighting function is updated according
to the following equation:

W (n+1)(f) = W (n)(f)+

η.
∣∣∣f (n)

refined(t)− fdom(t)
∣∣∣ (9)

where η denoted the learning rate controlling the adaptation
speed. Finally, the differential frequency is computed using Eq.
(10), and the stopping condition of the frequency correction

algorithm is evaluated based on ∆f(n) < ∆fthr . Here, ∆fthr
is a predefined threshold determined according to the frequency
characteristics of the fault.

∆f (n) =

∥∥∥f (n)
refined(t)− f

(n−1)
refined(t)

∥∥∥∥∥∥f (n)
refined(t)

∥∥∥ (10)

By modifying the Hilbert transform (HT) frequency spectrum
using the proposed algorithm, the temporal characteristics of the
traveling waves are identified with higher accuracy. These time
characteristics, together with the peak values of the modified
instantaneous frequency, are then used in the implementation of the
protection algorithm. The following subsections present a detailed
description of each step involved in the proposed protection
scheme.

2.3. Fault detection scheme
To detect a fault in the MTHVDC system using the proposed

algorithm, voltage signals measured at the network terminals
are required. At this stage, measuring the voltage at the
interconnection node is not necessary. The voltage components
recorded at the positive and negative terminals are processed
using the Karrenbauer transform to extract the 1-mode voltage
component for each terminal, as expressed by the following
equation:

[
V0

V1

]
=

√
2

2

[
1 1
1 −1

] [
Vp

Vn

]
(11)

where Vp and Vn represent the voltages measured at the positive
and negative pole terminals, respectively, and V1 denotes the
1-mode voltage component used for fault detection and section
identification in this study. To implement this, the maximum values
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of the instantaneous frequency spectra, obtained via the proposed
HT algorithm with frequency modification, are compared against
a predefined threshold for each terminal. If at least one maximum
value exceeds the threshold, a fault is detected. It is noteworthy
that the threshold value is computed based on the method described
in Section 2.7.

2.4. Faulted section determination scheme
Similar to the previous subsection, the 1-mode voltage

component is used to identify the faulted section(s). In this step,
the maximum value of the instantaneous frequency spectrum at
each terminal is compared with the threshold determined by
the proposed model in Section 2.7. The sections where the
maximum frequency value at the corresponding terminals exceeds
the threshold are identified as the faulted sections of the network.

2.5. Fault classification scheme
To classify faults in the MTHVDC network, the voltage

components measured at the positive and negative poles of
the faulty terminals must be analyzed separately. This approach
allows for identifying the possible fault types, including positive
pole-to-ground (PTG), negative pole-to-ground (NTG), and positive
pole-to-negative pole (PTN) faults.

After determining the faulty section, the positive and negative
pole voltages at the terminal connected to the affected section are
processed using the proposed algorithm to obtain their respective
instantaneous frequency spectra. If the fault occurs on a single
pole (PTG or NTG), the difference between the peak values of
the instantaneous frequency spectra (IFSPV) for Vp and Vn is
significant. In contrast, for a PTN fault, this difference is minimal
or close to zero. To quantify this distinction, the differential index
Epn is defined as follows:

Epn =
∣∣IFSPVVp − IFSPVVn

∣∣ (12)

If Epn is greater than ε, a pole-to-ground (PTG or NTG)
fault is identified. Otherwise, the fault is classified as a positive
pole-to-negative pole (PTN) fault. To further distinguish between
PTG and NTG faults, the following condition must be evaluated:{

if IFSPVVp > IFSPVVn , Fault Type = PTG
else, Fault Type = NTG

(13)

2.6. Fault location estimation scheme
To estimate the fault location within the faulted section, the

voltage components at both ends of the positive and negative poles
of the affected section are required. Specifically, if a fault occurs
at terminal k, which is connected to interconnection node k − 1,
the voltages Vpk ,VNk ,Vpk−1 , and VNk−1 must be analyzed. If the
fault is classified as a pole-to-ground (PTG or NTG) fault, only the
voltage components of the faulted pole are used in the TW-based
fault location algorithm. However, if the fault involves both poles
(PTN fault), all four voltage components are incorporated into the
algorithm. For example, assuming a fault occurs in the section
connected to terminal k, the fault location is estimated using the
following equations, depending on the classified fault type:

• For PTG fault:

d̂ =
v ×

(
t
(
FSPVVpk

)
− t

(
FSPVVpk−1

))
+ l

2
(14)

• For NTG fault:

d̂ =
v
[
t
(
FSPVVNk

)
− t

(
FSPVVNk−1

)]
+ l

2
(15)

• For PTN fault:

d̂ =
v∆tactual + l

2
(16)

 ∆tp = t
(
FSPVVPk

)
− t

(
FSPVVPk−1

)
∆tn = t

(
FSPVVNk

)
− t

(
FSPVVNk−1

) (17)

In these equations, l represents the length of the transmission
line between nodes k and k − 1, while v denotes the wave
propagation velocity. The wave propagation velocity is given by

1√
LC

, where L and C indicate the total inductance and capacitance
of the transmission line, respectively.

These equations highlight that fault location estimation based
on traveling wave theory is highly dependent on the accurate
determination of wavefront arrival times at the measurement points
within the network. Therefore, a precise method for identifying
these arrival times is essential. The proposed algorithm effectively
extracts these time components by analyzing the frequency
spectrum of the measured voltages. Furthermore, thanks to the
frequency spectrum modification, the performance of the proposed
protection scheme is enhanced across all stages, including fault
detection, classification, and section identification.

2.7. Threshold value computation scheme
To resolve ambiguities in traditional threshold value calculation

methods—which often rely on trial and error and the simulation
of multiple scenarios—this study proposes an adaptive threshold
model based on fault characteristics. Conventional approaches are
sensitive to variations in fault parameters, such as impedance
and fault type, which can adversely affect the accuracy of fault
detection. The proposed adaptive model overcomes these limitations
by dynamically determining the threshold value according to
fault characteristics, thereby ensuring improved reliability and
robustness. In this model, two statistical measures—energy (E) and
root mean square (RMS)—are computed based on the numerical
differences between consecutive samples in the instantaneous
frequency spectrum of the 1-mode voltage at all network terminals.
The ratio of these two measures is then defined as the threshold
value. Consequently, if the frequency spectrum contains m samples,
the resulting differential frequency spectrum vector, denoted as
∆xIF (see Eq. (18)), will have m − 1 components due to the
one-sample delay.

∆xIF = |xIF (t)− xIF (t+ Ts)| (18)

where Ts represents the sampling period. Fig. 2 illustrates
the procedure for calculating ∆xIF for an arbitrary frequency
spectrum at the moment of fault occurrence. After computing the
∆xIF vector, its energy and RMS values are determined, and this
procedure is repeated for all network terminals. Subsequently, the
threshold value is defined as the ratio of the total energy across all
terminals to the total RMS values, as expressed in the following
equation:

ThrIF(k,i)
= 1

n


n∑

k=1

m−1∑
i=1

∣∣∣∣∆xIF(k,i)

∣∣∣∣2√√√√ n∑
k=1

m−1∑
i=1

∣∣∣∣∆xIF(k,i)

∣∣∣∣2
4

 =

1
2

(
E∆xIF(k,i)

RMS∆xIF(k,i)

) (19)

In this equation, n represents the number of network terminals,
while m denotes the number of recorded samples of the 1-
mode voltage signal, determined according to the sampling rate.
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Consequently, the threshold value is adaptively computed in real
time, with a delay equivalent to one sampling period, based
on the fault characteristics. This adaptive approach enhances the
sensitivity of the fault detection model to variations in fault
parameters, thereby improving its overall accuracy and reliability.
Finally, the flowchart of the proposed protection algorithm is
illustrated in Fig. 3.
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As illustrated in Fig. 3, the proposed protection algorithm begins
with the measurement of terminal voltages in the multi-terminal
HVDC network. These signals are first processed through the
Karrenbauer transform to extract the 1-mode voltage component,
which minimizes the influence of pole coupling. The Hilbert
transform is then applied to obtain the instantaneous frequency
spectrum, followed by the frequency modification stage that refines
fault-related features. Using this corrected spectrum, the occurrence
of a fault is detected once the maximum instantaneous frequency
exceeds an adaptively calculated threshold. In the next stage, the
section in which the threshold is violated is identified as the faulted
line. To determine the fault type, the positive- and negative-pole
voltage components are analyzed: a differential index distinguishes
between pole-to-ground and pole-to-pole faults. Finally, the fault
location is estimated based on the corrected wavefront arrival times,
while the adaptive thresholding mechanism continuously updates
the decision boundary in real time to ensure robustness against
variations in fault type, impedance, and operating conditions.

3. SIMULATION RESULTS
To validate the proposed protection scheme, a three-terminal

HVDC system is simulated in the MATLAB/Simulink environment,
as illustrated in Fig. 4, and tested under various fault scenarios.
The simulated system parameters and predefined characteristics of
the protection scheme are presented in Table 2.
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Fig. 4. Simulated three-terminal HVDC system 

Table 1. Simulation parameters 

Parameter Symbol Value 

Transmission line length per section 𝑙 100 km 

Line inductance 𝐿 30 × 10−6 H/km 

Line capacitance 𝐶 50 × 10−9 F/km 

AC grid rated voltage 𝑉 50 kV 

AC grid rated power S 200 MVA 

AC grid frequency 𝑓 50 Hz 

Threshold value for the differential index Epn 𝜀 1 Hz 

Stopping criterion of  the frequency modification algorithm  Δ𝑓thr  0.01 Hz 

Sampling rate Ts 1 × 10−4s 

Although the proposed scheme is validated on a three-terminal 50 kV HVDC system, it is 

applicable to HVDC systems with different voltage levels, line lengths, and transmission 

capacities, as the algorithm adapts to system-specific wave propagation characteristics and 

utilizes an adaptive threshold for fault detection and localization. 

3-1 PTG fault scenario on Section 1 at a distance of d=65 km 

In this subsection, a PTG fault is simulated on Section 1 at a distance of 𝑑 = 65 km from 

terminal T1. The fault and ground resistances are set to 𝑅𝑓 = 1 Ω and 𝑅𝑔 = 0.1 Ω, respectively. 

The total simulation duration is 1 s, with the fault occurring at 𝑡 = 0.65 s . The voltage 
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Fig. 4. Simulated three-terminal HVDC system.

Table 2. Simulation parameters.

Parameter Symbol Value

Transmission line length per section l 100 km
Line inductance L 30× 10−6 H/km
Line capacitance C 50× 10−9 F/km

AC grid rated voltage V 50 kV
AC grid rated power S 200 MVA
AC grid frequency f 50 Hz

Threshold value for the differential index Epn ε 1 Hz
Stopping criterion of the frequency modification algorithm ∆fthr 0.01 Hz

Sampling rate Ts 1× 10−4 s

Although the proposed scheme is validated on a three-terminal
50 kV HVDC system, it is applicable to HVDC systems with
different voltage levels, line lengths, and transmission capacities,
as the algorithm adapts to system-specific wave propagation
characteristics and utilizes an adaptive threshold for fault detection
and localization.

3.1. PTG fault scenario on Section 1 at a distance of d=65
km
In this subsection, a PTG fault is simulated on Section 1 at

a distance of d=65 km from terminal T1. The fault and ground
resistances are set to Rf = 1 Ω and Rg = 0.1 Ω, respectively.
The total simulation duration is 1 s, with the fault occurring at
t=0.65 s. The voltage waveforms at the three network terminals
are shown in Fig. 5, while Fig. 6 illustrates the corresponding
1-mode voltage components for these terminals.

To detect the fault and identify the faulted section, the
instantaneous frequency spectra of the three 1-mode voltage
components are plotted in Fig. 7. Based on the proposed model
in Section 2.7, the threshold value is determined as 0.9914. As
observed, only the IFSPV corresponding to Section 1 exceeds this
threshold, whereas the IFSPVs for the other two sections remain
below it. This confirms successful fault detection and correctly
identifies Section 1 as the faulted section.

In the next step, to classify the fault type, the IF components
corresponding to the positive and negative pole voltages measured
at terminal 1 are shown in Fig. 8. It is evident that the IFSPVs of
the positive and negative poles differ significantly. In other words,
the condition Epn < ε is not satisfied, confirming a pole-to-ground
fault. To identify the faulted pole, the IFSPVs of the two poles are
compared. Since the IFSPV of the positive pole voltage is higher,
the fault is classified as a PTG fault.

In the final step, to estimate the fault location, the instantaneous
frequency spectra corresponding to the positive pole voltage at
terminal 1 and point M are plotted in Fig. 9, and the time instances
associated with the IFSPVs in both spectra are identified. Then,
based on the Eq. (14), the fault location is estimated as follows
(v = 1√

LC
= 2.582× 104 m

s
):

d̂ =
v

[
t

(
IFSPVVPk

)
−t

(
IFSPVVPk−1

)]
+l

2
=

2.582×104 (0.6524−0.6512)+100
2

= 65.4919 km

(20)
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While d=65 km and d̂=65.4919 km, the relative estimation
error is 0.4919%, and the accuracy of fault location estimation is
99.5081%.
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Fig. 5. Measured voltage waveforms at the three terminals of the multi-terminal HVDC system under 
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response following fault occurrence.

 

 
Fig. 6. Extracted 1-mode voltage components at the three terminals for Scenario 1, obtained using the 

Karrenbauer transform to reduce pole-coupling effects. 

 

Fig. 7. Instantaneous frequency spectra of the 1-mode voltage components for Scenario 1, computed 

using the proposed modified frequency spectrum Hilbert transform (MFSHT), highlighting fault-

induced frequency peaks used for detection and section identification. 

Fig. 6. Extracted 1-mode voltage components at the three terminals
for Scenario 1, obtained using the Karrenbauer transform to reduce
pole-coupling effects.
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Fig. 7. Instantaneous frequency spectra of the 1-mode voltage components for Scenario 1, computed 
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Fig. 7. Instantaneous frequency spectra of the 1-mode voltage components
for Scenario 1, computed using the proposed modified frequency spectrum
Hilbert transform (MFSHT), highlighting fault-induced frequency peaks
used for detection and section identification.

 

 
Fig. 8. Instantaneous frequency components of the positive and negative pole voltages measured at 

terminal 1 under Scenario 1, illustrating the differential response used for fault classification  

 
Fig. 9. Instantaneous frequency spectra of the positive pole voltage at terminal 1 and measurement point 

M for Scenario 1, highlighting the peak frequency features utilized in fault detection and location 

estimation 

3-2 NTG fault scenario on Section 2 at a distance of d=22 km 

In this scenario, while maintaining the same fault parameters as in the previous case, an NTG 

fault occurs on Section 2 at a distance of 𝑑 = 22 km from the measurement point (T2). The 

results for this scenario are presented in Figs. 10 to 12. Figure 10 confirms the detection of the 

fault and the identification of section 2 as the faulted section. Additionally, in Fig. 11, a 

significant difference between IFSPVs corresponding to 𝑉𝑃2  and 𝑉𝑁2  is observed. Since 

IFSPV𝑉𝑃2
< IFSPV𝑉𝑁2

, the fault is classified as an NTG fault. 

The time instances corresponding to the detected IFSPV values in the instantaneous 

frequency spectra associated with 𝑉𝑁2 and 𝑉𝑁𝑚 in Fig. 12 are 0.6542s and 0.6564s, respectively. 

Fig. 8. Instantaneous frequency components of the positive and negative
pole voltages measured at terminal 1 under Scenario 1, illustrating the
differential response used for fault classification.
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The time instances corresponding to the detected IFSPV values in the instantaneous 
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Fig. 9. Instantaneous frequency spectra of the positive pole voltage at
terminal 1 and measurement point M for Scenario 1, highlighting the peak
frequency features utilized in fault detection and location estimation.

3.2. NTG fault scenario on Section 2 at a distance of d=22
km
In this scenario, while maintaining the same fault parameters

as in the previous case, an NTG fault occurs on Section 2 at a
distance of d=22 km from the measurement point (T2). The results
for this scenario are presented in Figs. 10 to 12. Fig. 10 confirms
the detection of the fault and the identification of section 2 as the
faulted section. Additionally, in Fig. 11, a significant difference
between IFSPVs corresponding to VP2 and VN2 is observed. Since
IFSPVVP2

< IFSPVVN2
, the fault is classified as an NTG fault.

The time instances corresponding to the detected IFSPV values
in the instantaneous frequency spectra associated with VN2 and
VNm in Fig. 12 are 0.6542s and 0.6564s, respectively. Using the
following equation, the estimated fault location is determined as
d=21.5981 km.

d̂ =
v

[
t

(
IFSPVVNk

)
−t

(
IFSPVVNk−1

)]
+l

2
=

2.582×104 (0.6542−0.6564)+100
2

= 21.5981 km

(21)

Given that d=22 km and the estimated fault location is
d̂=21.5981 km, the relative estimation error is 0.4019%, and the
accuracy of the estimation is 99.5981%.
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Fig. 10. Instantaneous frequency spectra of the three 1-mode voltage components under Scenario 2, 

obtained using the proposed MFSHT, highlighting fault-induced frequency variations at each terminal 

 
Fig. 11. Instantaneous frequency components of the positive and negative pole voltages measured at 

terminal 2 under Scenario 2, showing differential behavior used for fault type classification. 

Fig. 10. Instantaneous frequency spectra of the three 1-mode voltage
components under Scenario 2, obtained using the proposed MFSHT,
highlighting fault-induced frequency variations at each terminal.

3.3. PTN fault scenario on Section 3 at a distance of d=87
km
In the third scenario, a pole-to-pole (PTN) fault occurs on the

third section of the simulated system at a distance of d=87 km
from the measurement point (T3). It should be noted that the fault
parameters remain unchanged. The graphical results are presented
in Figs. 13 to 15. Fig. 13 confirms the occurrence of the fault on
the third section. Additionally, in Fig. 14, the Epn parameter is
0.26 Hz, which is less than the threshold value of ε =1 Hz (see
Table 2). As a result, the PTN fault type is identified. Given that
the fault type is PTN, the Eq. (16) should be applied to estimate
the fault location based on the time components presented in Fig.
15, as follows:
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Fig. 12. Instantaneous frequency spectra of the negative pole voltage at terminal 2 and measurement 

point M for Scenario 2, emphasizing peak frequency features utilized in fault detection and fault location 

estimation. 

3-3 PTN fault scenario on Section 3 at a distance of d=87 km 

In the third scenario, a pole-to-pole (PTN) fault occurs on the third section of the simulated 

system at a distance of 𝑑 = 87 km from the measurement point (T3). It should be noted that the 

fault parameters remain unchanged. The graphical results are presented in Figs. 13 to 15. Figure 

13 confirms the occurrence of the fault on the third section. Additionally, in Fig. 14, the 𝐸𝑝𝑛 

parameter is 0.26 Hz, which is less than the threshold value of 𝜀 = 1 Hz (see Table 1). As a 

result, the PTN fault type is identified. Given that the fault type is PTN, the Eq. (16) should be 

applied to estimate the fault location based on the time components presented in Fig. 15, as 

follows: 

{
∆𝑡𝑝 = 𝑡 (𝐼𝐹𝑆𝑃𝑉𝑉𝑃𝑘

) − 𝑡 (𝐼𝑆𝑃𝑉𝑉𝑃𝑘−1
) = 0.6561 − 0.6523 = 0.0038𝑠

∆𝑡𝑛 = 𝑡(𝐼𝑆𝑃𝑉𝑉𝑁𝑘
) − 𝑡(𝐼𝑆𝑃𝑉𝑉𝑁𝑘−1

) = 0.6553 − 0.6534 = 0.0019𝑠    
     (22) 

∆𝑡𝑎𝑐𝑡𝑢𝑎𝑙 =
0.0038+0.0019

2
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=
2.582×104×(0.0029)+100

2
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With 𝑑 = 87 km and the estimated fault location 𝑑̂ = 87.439 km, the relative estimation 

error is 0.4390%, and the accuracy of the estimation is 99.5610%. 

Fig. 12. Instantaneous frequency spectra of the negative pole voltage at
terminal 2 and measurement point M for Scenario 2, emphasizing peak
frequency features utilized in fault detection and fault location estimation.
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∆tp = t

(
IFSPVVPk

)
− t

(
ISPVVPk−1

)
=

0.6561− 0.6523 = 0.0038 s

∆tn = t
(
ISPVVNk

)
− t

(
ISPVVNk−1

)
=

0.6553− 0.6534 = 0.0019 s

(22)

∆tactual =
0.0038 + 0.0019

2
= 0.0029 s (23)

d̂ = v∆tactual+l
2

=

2.582×104×0.0029+100
2

= 87.439 km

(24)

With d=87 km and the estimated fault location d̂=87.439 km,
the relative estimation error is 0.4390%, and the accuracy of the
estimation is 99.5610%.

 

 
Fig. 13. Instantaneous frequency spectra of the three 1-mode voltage components under Scenario 3, 

obtained using the proposed MFSHT, highlighting fault-induced frequency variations across all 

terminals 

 
Fig. 14. Instantaneous frequency components of the positive and negative pole voltages measured at 

terminal 4 under Scenario 3, showing differential characteristics used for fault classification. 

Fig. 13. Instantaneous frequency spectra of the three 1-mode voltage
components under Scenario 3, obtained using the proposed MFSHT,
highlighting fault-induced frequency variations across all terminals.
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Fig. 14. Instantaneous frequency components of the positive and negative pole voltages measured at 

terminal 4 under Scenario 3, showing differential characteristics used for fault classification. Fig. 14. Instantaneous frequency components of the positive and negative
pole voltages measured at terminal 4 under Scenario 3, showing differential
characteristics used for fault classification.

 

 
Fig. 15. Instantaneous frequency spectra of the positive and negative pole voltages at terminal 4 and 

measurement point M for Scenario 3, illustrating peak frequency features applied in fault detection and 

fault location estimation.
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To further demonstrate the scalability and general applicability of the proposed protection 

scheme, additional simulations were carried out on a larger multi-terminal HVDC (MTDC) 

network. While the previous case studies were based on a three-terminal configuration, this 

section extends the validation to an MTDC system with N=5 terminals in order to evaluate the 

impact of network size on the detection accuracy, fault location performance, and 

computational burden of the method. The considered extended network preserves the same 

control and operating principles as the baseline system but incorporates additional terminals 

and interconnections, thereby representing a more realistic scenario for practical HVDC grids. 

The simulated system is depicted in Fig. 16.  

 
Fig. 16. Simulated five-terminal HVDC system.

Owing to space constraints, this paper presents only the results for the analysis of the eight 

1-mode voltage components measured at the eight designated measurement points. These 
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Fig. 15. Instantaneous frequency spectra of the positive and negative
pole voltages at terminal 4 and measurement point M for Scenario 3,
illustrating peak frequency features applied in fault detection and fault
location estimation.
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Fig. 16. Simulated five-terminal HVDC system.

4. SCALABILITY ASSESSMENT OF THE
PROPOSED METHOD

To further demonstrate the scalability and general applicability
of the proposed protection scheme, additional simulations were
carried out on a larger multi-terminal HVDC (MTDC) network.
While the previous case studies were based on a three-terminal
configuration, this section extends the validation to an MTDC
system with N=5 terminals in order to evaluate the impact of
network size on the detection accuracy, fault location performance,
and computational burden of the method. The considered extended
network preserves the same control and operating principles as
the baseline system but incorporates additional terminals and
interconnections, thereby representing a more realistic scenario for
practical HVDC grids. The simulated system is depicted in Fig.
16.

Owing to space constraints, this paper presents only the results
for the analysis of the eight 1-mode voltage components measured
at the eight designated measurement points. These components
are processed by the proposed method for the purposes of fault
detection and faulty-section identification. Once the faulty section
is identified, the subsequent steps—namely fault type determination
and fault location estimation—are carried out in the same manner
as in the three-terminal system. This procedure is essentially
independent of the total number of terminals, as it relies solely
on the positive- and negative-pole voltage signals of the section in
which the fault occurs. Therefore, the main distinction in larger
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systems lies in the initial signal processing stage required for
detecting and locating the faulty section, while the following fault
analysis stages remain unchanged.

Table 3 summarizes the results for several fault scenarios
occurring at different distances and sections within the five-terminal
system. Additionally, the graphical results corresponding to Fault
Scenario 2 are depicted in Figs. 17-19. These figures illustrate the
extracted 1-mode voltage components, their instantaneous frequency
spectra, and the corresponding fault indicators, demonstrating the
effectiveness of the proposed method in accurately identifying the
faulty section and estimating the fault characteristics. Overall, the
results confirm that the methodology maintains high accuracy and
robustness, even as the system complexity increases from three to
five terminals.

 

 
Fig. 17. Instantaneous frequency spectra of the five 1-mode voltage components under Scenario 2 in 

Table 2, obtained using the proposed MFSHT, highlighting fault-induced frequency variations across 

all terminals 

 
Fig. 18. Instantaneous frequency components of the positive and negative pole voltages measured at 

terminal 3 under Scenario 2 in Table 2, showing differential characteristics used for fault classification. 

Fig. 17. Instantaneous frequency spectra of the five 1-mode voltage
components under Scenario 2 in Table 3, obtained using the proposed
MFSHT, highlighting fault-induced frequency variations across all terminals.
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Fig. 18. Instantaneous frequency components of the positive and negative pole voltages measured at 

terminal 3 under Scenario 2 in Table 2, showing differential characteristics used for fault classification. Fig. 18. Instantaneous frequency components of the positive and negative
pole voltages measured at terminal 3 under Scenario 2 in Table 3, showing
differential characteristics used for fault classification.

 

 
Fig. 19. Instantaneous frequency spectra of the negative pole voltages at terminal 3 and measurement 

point M2 for Scenario 2 in Table 2, illustrating peak frequency features applied in fault detection and 

fault location estimation. 

Figure 17 illustrates that the IF of the voltage measured at Terminal 3 exceeds the predefined threshold, 

thereby indicating that the section connected to this terminal is the faulted section. Figures 18 and 19, 

analogous to the previous three-terminal scenarios, identify the negative pole as the faulted pole (NTG 

fault) and estimate the fault location at 72.9611 km. 

5. SENSITIVITY ANALYSIS 

In this section, sensitivity analyses are performed to assess the robustness of the proposed 

protection algorithm under dynamic operating conditions. The analysis covers a wide range of 

scenarios, including variations in fault resistance, fault location, faulted section, and fault type, 

as well as the presence of noise in measured voltage signals, changes in line length, 

measurement synchronization errors, and nonlinear high-impedance arcing faults. The 

following subsections present the results for each case. 

5.1 Impact of fault resistance on protection algorithm performance 

To evaluate the performance of the proposed protection scheme in fault detection, 

classification, section identification, and location estimation, simulations are conducted for 

different values of fault resistance, specifically 𝑅𝑓 = 1, 10, 50, 100, 200Ω . The results are 

presented in Table 3. It should be noted that the actual fault location in all scenarios is 𝑑 = 40 

km, and the fault type is assumed to be a PTG fault on section 1 with a ground resistance of 

𝑅𝑔 = 0.1Ω. 

The results presented in Table 3 indicate that increasing fault resistance significantly impacts 

the magnitude of the IFSPV components. However, the performance of fault detection, 

classification, and section identification remains unaffected, achieving 100% accuracy in all 

scenarios. On the other hand, while the time components corresponding to IFSPV are not 

Fig. 19. Instantaneous frequency spectra of the negative pole voltages
at terminal 3 and measurement point M2 for Scenario 2 in Table 3,
illustrating peak frequency features applied in fault detection and fault
location estimation.

Fig. 17 illustrates that the IF of the voltage measured at Terminal
3 exceeds the predefined threshold, thereby indicating that the
section connected to this terminal is the faulted section. Figs. 18
and 19, analogous to the previous three-terminal scenarios, identify
the negative pole as the faulted pole (NTG fault) and estimate the
fault location at 72.9611 km.

5. SENSITIVITY ANALYSIS
In this section, sensitivity analyses are performed to assess the

robustness of the proposed protection algorithm under dynamic
operating conditions. The analysis covers a wide range of
scenarios, including variations in fault resistance, fault location,
faulted section, and fault type, as well as the presence of noise
in measured voltage signals, changes in line length, measurement
synchronization errors, and nonlinear high-impedance arcing faults.
The following subsections present the results for each case.

5.1. Impact of fault resistance on protection algorithm
performance
To evaluate the performance of the proposed protection scheme

in fault detection, classification, section identification, and location
estimation, simulations are conducted for different values of
fault resistance, specifically Rf=1,10,50,100,200Ω. The results are
presented in Table 4. It should be noted that the actual fault
location in all scenarios is d=40 km, and the fault type is assumed
to be a PTG fault on section 1 with a ground resistance of
Rg=0.1Ω.

The results presented in Table 4 indicate that increasing fault
resistance significantly impacts the magnitude of the IFSPV
components. However, the performance of fault detection,
classification, and section identification remains unaffected,
achieving 100% accuracy in all scenarios. On the other hand, while
the time components corresponding to IFSPV are not significantly
influenced by increasing fault resistance, the sensitivity of the fault
location estimation algorithm to these time components leads to a
rise in estimation error. Specifically, the results demonstrate that
as the fault impedance increases from 1Ω to 200Ω, the estimation
error increases by 79.46%.

5.2. Impact of fault location on protection algorithm perfor-
mance
To evaluate the performance of the proposed protection algorithm

under varying fault locations, simulations were conducted for
different fault distances from terminal T1 on Section 1, with a
default fault resistance of Rf=1Ω. The results are presented in
Table 5. It should be noted that the fault type is assumed to be
PTG in all cases.

The results presented in Table 5 demonstrate the high accuracy
of the proposed model in fault location estimation. It is
evident that for all simulated fault distances, the model achieves
100% accuracy in fault detection, classification, and section
identification. Additionally, the average error in fault location
estimation is 0.0832%. These findings confirm the robustness and
reliability of the proposed model under varying fault location
conditions.

5.3. Impact of fault type and faulted section on protection
algorithm performance
To assess the performance of the proposed protection scheme

under different fault scenarios across various sections, three fault
types—PTG, NTG, and PTN—are simulated on Sections 1, 2, and
3 under identical conditions. The fault distance for all cases is
assumed to be d=65 km from the measurement point, with fault
and ground resistances set at Rf=1Ω and Rg=0.1Ω, respectively.
The results are presented in Table 6 (tf=0.65s).

The numerical results presented in Table 6 confirm the high
accuracy of the proposed protection model in fault detection, fault
section determination, fault phase identification, and fault location
estimation across all fault scenarios. These findings demonstrate
that variations in fault type and fault section do not significantly
impact the accuracy of the proposed model. Notably, the standard
deviation of the estimation errors is 0.0471 (less than 1%),
highlighting the robustness and reliability of the fault location
model against changes in fault characteristics.
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Table 3. Summary of fault detection, faulty-section identification, and fault location estimation results for various fault scenarios at different distances and
sections in the five-terminal system (Rf = 1Ω, Rg = 0.1Ω).

Fault
scenario

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVPj
IFSPVVnj

t(IFSPVVPk
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2
j=Number j=Number t(IFSPVVPM

)

IFSPVV(1-mode)3
of foulted of foulted t(IFSPVVnk

)

IFSPVV(1-mode)4
section section t(IFSPVVnm

)

IFSPVV(1-mode)5
(1,2,3,4,5) (1,2,3,4,5) k = 1, 2, 3, 4, 5

M = 1, 2, 3

PTG on
Section 1 at
a distance of
38 km

104.22 >

27.48 53.69 > 27.25 38.0530 0.0530
13.74 < 0.6510287
13.55 <
12.96 < 0.6539551
12.35 <

NTG on
Section 3 at
a distance of
73 km

14.11 <

27.87 23.10 < 38.21 72.9611 0.0389
13.97 < 0.6564179
106.03 >
13.03 < 0.6620422
13.54 <

PTN on
Section 6 at
a distance of
89 km

12.56 <

27.32 25.36 ≈ 25.41

0.6538541

89.0234 0.0234
10.24 < 0.6442836
10.73 < 0.6545405
11.42 < 0.6449935
108.94 >

Mean value 0.0543
Standard deviation 0.0257

Table 4. Numerical results corresponding to the sensitivity analysis of the fault resistance.

Fault
resistance
Ω

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVP1
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2

IFSPVV(1-mode)3

t(IFSPVVPM
)

1
14.73 >

1.0784 110.1 > 24.89
0.6512582

40.1035 0.10350.3754 < 0.6520247
0.3754 <

50
5.244 >

0.3780 24.75 > 2.478
0.65133479

39.5973 0.40270.2536 < 0.65214058
0.2536 <

200
0.3719 >

0.2368 6.18 > 0.947
0.65135890

39.4961 0.50390.08393 < 0.65217253
0.08393 <

Mean value 0.3461
Standard deviation 0.1702

5.4. Impact of line length on protection algorithm perfor-
mance

To assess the robustness of the proposed protection algorithm
across different system configurations, a sensitivity analysis was
conducted with transmission lines of varying lengths. This
subsection examines the impact of line length on the accuracy
of fault detection, classification, and location. Specifically, a PTG
fault was simulated at a distance of d=85 km from the measurement
point on Section 1 using predefined fault parameters. Line lengths
were considered in three scenarios: 100 km, 200 km, and 300 km
per section. The results corresponding to these configurations are
summarized in Table 7.

The results in Table 7 demonstrate that line length has a
tangible impact on the numerical values of the IFSPV indices.
Despite these variations, the proposed algorithm successfully
discriminates between fault and non-fault cases, as indicated by
the threshold comparison results remaining consistent across all
scenarios. Moreover, the fault location estimates remain highly
accurate. The estimated distances (d̂) are closely aligned with the
actual fault location (85 km), with errors remaining below 0.15%
for all line lengths.

Overall, the sensitivity analysis confirms that the proposed
method is robust against changes in line length. Although

the signal magnitudes and time indices slightly vary with
increasing distance, the detection, classification, and localization
functions maintain high accuracy and reliability. This validates
the algorithm’s suitability for application in practical transmission
systems of different scales.

5.5. Impact of measurement noise on protection algorithm
performance
In this subsection, measurement noise is introduced into the

voltage signals recorded at the network terminals. This noise
can originate from various sources, including electromagnetic
interference, grounding and common-mode noise, capacitive
coupling, or harmonics from converters. To analyze the impact of
measurement noise, five different SNR values are simulated for the
measured voltages, with the results presented in Table 8. It should
be noted that the fault type in all cases is assumed to be a PTG
fault occurring on Section 1 at a distance of d=32 km. The fault
and ground resistance parameters are set to Rf=1Ω and Rg=0.1Ω,
respectively.

Additionally, as an illustrative example, graphical results for the
worst-case scenario, where SNR=20 dB, are depicted in Figs. 20 to
22. The results in Table 8 and Figs. 20 to 22 confirm the accurate
performance of the proposed model in fault section detection,



E. Akbari: A Novel Simplified Protection Algorithm for Multi-Terminal HVDC Systems Using Travelling Wave-Based Modified Frequency-Spectrum Hilbert Transform 10

Table 5. Optimal DGs power generations by Jaya algorithm under various fault conditions.

Fault
resistance
Ω

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVP1
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2

IFSPVV(1-mode)3

t(IFSPVVPM
)

5
14.56 >

1.0737 102.5 > 24.32
0.65034561

5.1076 0.10760.3375 < 0.65382296
0.3375 <

50
15.45 >

1.1317 101.1 > 24.98
0.6515972

49.8087 0.19130.4305 < 0.6516120
0.4305 <

95
9.993 >

0.7091 70.32 > 27.99
0.6538125

95.0216 0.02160.6331 < 0.6503252
0.6331 <

Mean value 0.0832
Standard deviation 0.0478

Table 6. Numerical results corresponding to the sensitivity analysis of the fault type and faulted section.

Faulty
Section

Fault
type

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVPk
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2
IFSPVVP2

IFSPVVn2
t(IFSPVVPM

)

IFSPVV(1-mode)3
IFSPVVP3

IFSPVVn3
t(IFSPVVnk

)

t(IFSPVVnM
)

k = 1, 2, 3

1 PTG

13.68 >

0.9944

95.1

>

24.91 0.6522896

65.1537 0.15370.4608 < NM* NM 0.6511158
0.4608 < NM NM NM

NM

2 NTG

0.6505 <

0.8029

NM

<

NM NM

65.1054 0.105411.41 > 1.055 < 22.2 NM
0.6505 < NM NM 0.6522453

0.6510753

3 PTN

0.945 <

4.1424

NM

≈
NM 0.6522433

65.0497 0.04970.945 < NM NM 0.6510586
57.82 > 93.03 93.48 0.6523152

0.6511684
Mean value 0.1101
Standard deviation 0.0471
* NM: Not measured

classification, and identification. Moreover, it is observed that for
lower SNR values, the error in fault location estimation increases
slightly, whereas the error in fault detection, classification, and
section determination remains zero. The standard deviation of
the estimation error is calculated as 0.1753, while the average
estimation error is 0.1955, both of which are significantly less
than 1%. These findings indicate that reducing the SNR from 60
dB to 20 dB results in a 97.38% increase in the estimation error.
However, the highest estimation error percentage is observed in
the Rf=200Ω scenario, suggesting that the impact of increasing
fault resistance on the accuracy of the fault location estimation
model is greater than that of measurement noise.

 

accuracy of the fault location estimation model is greater than that of measurement noise. 

Table 7. Numerical results corresponding to the sensitivity analysis of the measurement noise 

SNR (dB) 

𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟏
 

𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟐
 

𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟑
 

 𝑻𝒉𝒓(𝑰𝑭𝒌,𝒊) 
𝑰𝑭𝑺𝑷𝑽𝑽𝑷𝟏

 

 
 𝑰𝑭𝑺𝑷𝑽𝑽𝒏𝟏

 
𝒕 (𝑰𝑭𝑺𝑷𝑽𝑽𝑷𝟏

) 

𝒕 (𝑰𝑭𝑺𝑷𝑽𝑽𝑷𝑴
) 

𝒅̂ 
Estimation 

Error (%) 

20 

531.1 

32.15 

44.87 

> 

< 

< 

97.094 1825 > 506.3 

0.6517825 

0.6532123 

 

31.5414 0.4586 

40 

158.2 

8.562 

14.61 

> 

< 

< 

26.279 397.6 > 116.1 
0.6518276 

0.6532359 
31.8189 0.1811 

60 

28.78 

2.084 

1.897 

> 

< 

< 

4.7494 128.6 > 33.89 

0.6518160 

0.6532112 

 

31.9880 0.0120 

Mean value 0.1955 

Standard deviation 0.1753 

 
Fig. 20. The instantaneous frequency (IF) spectra of the three 1-mode voltage components under noisy 

conditions with SNR=20 dB Fig. 20. The instantaneous frequency (IF) spectra of the three 1-mode
voltage components under noisy conditions with SNR=20 dB.
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terminal 1 under noisy conditions with SNR=20 dB 

 
Fig. 22. The instantaneous frequency spectra corresponding to the positive pole voltage at terminal 1 

and point M under noisy conditions with SNR=20 dB 

5.6 Impact of measurement synchronization errors on algorithm performance 

To evaluate the robustness of the proposed protection algorithm under realistic conditions, a 

sensitivity analysis was carried out considering possible measurement synchronization errors. 

Since the proposed scheme relies on traveling-wave features extracted from terminal voltage 

signals, synchronization accuracy between measurement units can directly influence the 

reliability of fault detection and location. 

In this study, synchronization errors were emulated by artificially shifting the recorded 

voltage signals with respect to each other by predefined time offsets. Three representative 

scenarios were considered, namely 1 µs, 5 µs, and 10 µs synchronization errors, which 

correspond to typical tolerances of GPS- and PMU-based measurement systems in practical 

Fig. 21. The IF components corresponding to the positive and negative
pole voltages measured at terminal 1 under noisy conditions with SNR=20
dB.

5.6. Impact of measurement synchronization errors on al-
gorithm performance

To evaluate the robustness of the proposed protection algorithm
under realistic conditions, a sensitivity analysis was carried out
considering possible measurement synchronization errors. Since
the proposed scheme relies on traveling-wave features extracted
from terminal voltage signals, synchronization accuracy between
measurement units can directly influence the reliability of fault
detection and location.

In this study, synchronization errors were emulated by artificially
shifting the recorded voltage signals with respect to each other
by predefined time offsets. Three representative scenarios were
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Table 7. Numerical results corresponding to the sensitivity analysis of the line length.

Line
length
(km)

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVP1
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2

IFSPVV(1-mode)3

t(IFSPVVPM
)

100
12.45 >

0.9984 98.63 > 15.3
0.6431086

85.0889 0.08890.3132 < 0.6517036
0.3345 <

200
10.732 >

0.8523 113.44 > 25.1
0.6651213

85.1843 0.09210.2234 < 0.6723795
0.2155 <

300
7.918 >

0.6658 148.98 > 36.42
0.6515663

85.4206 0.14020.1586 < 0.6990223
0.1749 <

Mean value 0.1071
Standard deviation 0.0287

Table 8. Numerical results corresponding to the sensitivity analysis of the measurement noise.

SNR
(dB)

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVP1
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2

IFSPVV(1-mode)3

t(IFSPVVPM
)

20
531.1 >

97.094 1825 > 506.3
0.6517825

31.5414 0.458632.15 < 0.6532123
44.87 <

40
158.2 >

26.279 397.6 > 116.1
0.6518276

31.8189 0.18118.562 < 0.6532359
14.61 <

60
28.78 >

4.7494 128.6 > 33.89
0.6518160

31.9880 0.01202.084 < 0.6532112
1.897 <

Mean value 0.1955
Standard deviation 0.1753

 

 
Fig. 21. The IF components corresponding to the positive and negative pole voltages measured at 

terminal 1 under noisy conditions with SNR=20 dB 

 
Fig. 22. The instantaneous frequency spectra corresponding to the positive pole voltage at terminal 1 

and point M under noisy conditions with SNR=20 dB 

5.6 Impact of measurement synchronization errors on algorithm performance 

To evaluate the robustness of the proposed protection algorithm under realistic conditions, a 

sensitivity analysis was carried out considering possible measurement synchronization errors. 

Since the proposed scheme relies on traveling-wave features extracted from terminal voltage 

signals, synchronization accuracy between measurement units can directly influence the 

reliability of fault detection and location. 

In this study, synchronization errors were emulated by artificially shifting the recorded 

voltage signals with respect to each other by predefined time offsets. Three representative 

scenarios were considered, namely 1 µs, 5 µs, and 10 µs synchronization errors, which 

correspond to typical tolerances of GPS- and PMU-based measurement systems in practical 

Fig. 22. The instantaneous frequency spectra corresponding to the positive
pole voltage at terminal 1 and point M under noisy conditions with
SNR=20 dB.

considered, namely 1 µs, 5 µs, and 10 µs synchronization errors,
which correspond to typical tolerances of GPS- and PMU-based
measurement systems in practical HVDC grids. The results are
presented in Table 9. It should be noted that, for this case, a PTG
fault was simulated on Section 1 using the parameters specified in
subsection 5.2, with the actual fault located at a distance of d=62
km.

The results in Table 9 demonstrate that although synchronization
errors introduce noticeable variations in the secondary modal
components, the primary modal signal used in the proposed
scheme remains stable. The detection thresholds exhibit only minor
fluctuations, ensuring reliable discrimination between fault and
non-fault conditions. In terms of fault location, the estimation
error increases slightly with larger synchronization offsets, from
approximately 0.05 km at 1 µs to about 0.7 km at 10 µs.
This error corresponds to less than 1% of the line length,

 

 
Fig. 23. Fault resistance under variable-impedance arcing conditions for the sensitivity analysis scenario 

(subsection 5.7). 

 
Fig. 24. The instantaneous frequency (IF) spectra of the three 1-mode voltage components under 

nonlinear high-impedance arcing conditions 

Furthermore, the information extracted from the graphical outputs is listed numerically in 

Table 9. As observed, the proposed scheme maintains accurate fault detection and classification 

even under nonlinear high-impedance arcing conditions. However, the time-domain 

components derived from the instantaneous frequency corresponding to the voltages at both 

ends of the faulted section exhibit slightly reduced precision, which leads to a larger error in 

the estimated fault location. This behavior can be attributed to the stochastic fluctuations of the 

fault resistance during arcing, which introduce small variations in the voltage waveforms and 

slightly affect the phase and timing information used for location estimation. 

Fig. 23. Fault resistance under variable-impedance arcing conditions for
the sensitivity analysis scenario (subsection 5.7).
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Fig. 24. The instantaneous frequency (IF) spectra of the three 1-mode voltage components under 
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Furthermore, the information extracted from the graphical outputs is listed numerically in 

Table 9. As observed, the proposed scheme maintains accurate fault detection and classification 

even under nonlinear high-impedance arcing conditions. However, the time-domain 

components derived from the instantaneous frequency corresponding to the voltages at both 

ends of the faulted section exhibit slightly reduced precision, which leads to a larger error in 

the estimated fault location. This behavior can be attributed to the stochastic fluctuations of the 

fault resistance during arcing, which introduce small variations in the voltage waveforms and 

slightly affect the phase and timing information used for location estimation. 

Fig. 24. The instantaneous frequency (IF) spectra of the three 1-mode
voltage components under nonlinear high-impedance arcing conditions.

which is well within acceptable margins for practical HVDC
protection applications. The mean and standard deviation values
further confirm that the proposed algorithm maintains stable and
accurate performance under realistic synchronization tolerances,
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Table 9. Numerical results corresponding to the sensitivity analysis of the synchronization error.

∆tsync
(µs)

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVP1
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2

IFSPVV(1-mode)3

t(IFSPVVPM
)

1
55.26 >

18.0575 95.79 > 23.66
0.6530526

61.9531 0.046914.02 < 0.6501247
5.124 <

5
55.38 >

19.1456 96.33 > 24.78
0.6545561

62.2875 0.287515.15 < 0.6515463
6.023 <

10
57.42 >

19.6674 102.24 > 31.58
0.6555682

62.7039 0.703917.88 < 0.6524564
8.167 <

Mean value 0.3461
Standard deviation 0.2733

Table 10. Numerical results corresponding to the sensitivity analysis of the nonlinear high-impedance arcing.

Fault scenario

IFSPVV(1-mode)1

ThrIF(k,i)

IFSPVVP1
IFSPVVn1

t(IFSPVVP1
)

d̂
Estimation
error (%)

IFSPVV(1-mode)2

IFSPVV(1-mode)3

t(IFSPVVPM
)

A PTG fault on Section 1 at a distance
of 9 km under nonlinear high-impedance
arcing conditions

84.60 >
29.01 100.2 > 7.438

0.7027558
8.8572 0.142811.13 < 0.7128336

6.27 <

 

 
Fig. 25. The IF components corresponding to the positive and negative pole voltages measured at 

terminal 1 under nonlinear high-impedance arcing conditions 

 
Fig. 26. The instantaneous frequency spectra corresponding to the positive pole voltage at terminal 1 

and point M under nonlinear high-impedance arcing conditions 

Table 9. Numerical results corresponding to the sensitivity analysis of the nonlinear high-impedance arcing 

Fault scenario 

𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟏
 

𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟐
 

𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟑
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Estimation 

Error (%) 
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on Section 1 
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of 9 km under 

nonlinear 
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arcing 
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11.13 
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0.7128336 
8.8572 0.1428 

Fig. 25. The IF components corresponding to the positive and negative pole
voltages measured at terminal 1 under nonlinear high-impedance arcing
conditions.
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Table 9. Numerical results corresponding to the sensitivity analysis of the nonlinear high-impedance arcing 
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𝑰𝑭𝑺𝑷𝑽𝑽𝟏−𝒎𝒐𝒅𝒆𝟑
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Fig. 26. The instantaneous frequency spectra corresponding to the positive
pole voltage at terminal 1 and point M under nonlinear high-impedance
arcing conditions.

highlighting its robustness against measurement synchronization
errors.

5.7. Impact of nonlinear high-impedance arcing on algo-
rithm performance
To further examine the robustness of the proposed protection

scheme under more realistic high-impedance fault (HIF) conditions,
an arcing ground fault was simulated with a time-varying fault
resistance. Unlike the fixed-resistance scenario discussed in Section

5.1, here the fault resistance decreases from an initial value of
200 Ω toward a lower bound of 20 Ω, while superimposed
Gaussian fluctuations emulate the random and nonlinear behavior
typically observed in arcing HIFs. The simulated fault was a
pole-to-ground (PTG) fault on Section 1 at a distance of 9 km
from the measurement point, occurring at t = 0.7 s. Fig. 23 depicts
the resistance variation profile, which remains infinite before the
inception of the fault and then exhibits both a downward trend
and stochastic oscillations. Figs. 24-26 illustrate the subsequent
outputs of the proposed method, corresponding respectively to
section identification, fault-type determination, and fault-location
estimation. These results demonstrate that the algorithm maintains
accurate and reliable performance even under nonlinear arcing
HIF conditions, thereby confirming its robustness beyond the
fixed-resistance cases.

Furthermore, the information extracted from the graphical
outputs is listed numerically in Table 10. As observed, the proposed
scheme maintains accurate fault detection and classification even
under nonlinear high-impedance arcing conditions. However, the
time-domain components derived from the instantaneous frequency
corresponding to the voltages at both ends of the faulted section
exhibit slightly reduced precision, which leads to a larger error
in the estimated fault location. This behavior can be attributed to
the stochastic fluctuations of the fault resistance during arcing,
which introduce small variations in the voltage waveforms and
slightly affect the phase and timing information used for location
estimation.

6. COMPARATIVE STUDY
To verify the performance of the proposed protection scheme,

this section presents a comparative analysis with existing methods
reported in the literature. Since comparing the response speed of
different protection schemes requires a consistent computational
environment, the numerical results provided in this section are
based on simulations conducted on a computer equipped with an
Intel Core i7 processor (2.7 GHz) and 8 GB RAM. Furthermore, all
simulations were performed in the MATLAB R2021b environment.
The results of this comparative analysis are summarized in Table
11.
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Table 11. Results of comparative study against the existing methods.

Ref./Info. [24] [25] [26] [27] [28] [29] [30] [31] [32] This work

Utilized method DC Reactor Volt-
age Change Rate

Wavelet Trans-
form, Fuzzy C-
Means Classi-
fication, Neural
Networks

Rate-of-Change-
of-Current and
Rate-of-Change-
of-Voltage

Stationary
Wavelet
Transform and
Singular Value
Decomposition

Machine
Learning-Based
Algorithm

Control and Pro-
tection Coordina-
tion Strategy

Fuzzy Inference
System

Kalman Fil-
ter and Least
Squares (LS) Al-
gorithm

Extreme Gradi-
ent Boosting (AI
Technique)

Troweling Wave
Based Modi-
fied Frequency-
Spectrum Hilbert
Transform

Measured signal Voltage across
the DC terminal
reactor

Current signals Voltage and cur-
rent signals

Current signals Voltage signal Current signals Current signals Voltage and cur-
rent signals

Local current and
voltage signals

Voltage signals

Fault detection
capability

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Fault classifica-
tion capability

× ✓ ✓ ✓ × ✓ ✓ ✓ ✓ ✓

Faulty segment
determination ca-
pability

✓ ✓ NR ✓ × ✓ ✓ ✓ ✓ ✓

Fault locating es-
timation capabil-
ity

✓ ✓ × ✓ ✓ ✓ × ✓ × ✓

Fault detection
accuracy

NR NR NR NR NR NR 100% NR 98% 100%

Fault classifica-
tion accuracy

NR NR NR NR – NR NR NR NR 100%

Faulty section de-
termination accu-
racy

NR NR NR NR – NR NR NR NR 100%

Fault location ac-
curacy

NR NR – As small as 0.5
km

NR NR – 99% – Averaged
99.8168%

Sensitivity analy-
sis to the fault
resistance

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Sensitivity analy-
sis to the fault
type

✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Sensitivity analy-
sis to the fault
location

× ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

Sensitivity analy-
sis to the noisy
conditions

✓ ✓ × ✓ ✓ ✓ NR ✓ ✓ ✓

Average fault lo-
cation error

NR 0.002% – 0.007% of 100
km

0.516% 0.2% – 0.54% – 0.1837%

Maximum fault
location error

NR 0.0013% – – 0.624% 0.45% – 1.26% – 0.5039%

Standard devia-
tion of the fault
location error

NR NR – – – – – – – 0.0627

Computational
burden

Low to medium High Medium to high Moderate to high Low to medium Medium Relatively low Relatively low Low Low

Time elapsed for
fault detection

Less than 1.4–1.8
ms

0.38 ms 0.095–1.250 ms Less than 1 ms 2.5 ms 150 ms 4–5 ms Within 1 ms Less than 2 ms Averaged 0.35
ms

Time elapsed for
fault classifica-
tion

Less than 1.4–1.8
ms

NR 5 µs–10 µs Less than 1 ms – 150 ms 4–5 ms Within 1 ms Within 2 ms Averaged 0.7 ms

Time elapsed for
fault location

Less than 1.4–1.8
ms

NR – Within 1 ms 2.5 ms 150 ms – Less than 1 ms – Averaged 0.92
ms

Utilized thresh-
old value for fault
detection

Fixed Adaptive Adaptive Adaptive Adaptive Adaptive Adaptive Fixed Adaptive Adaptive

The results of the comparative study presented in Table 11
highlight the superior performance of the proposed MFSHT-based
protection model compared with existing methods in the literature.
While some studies on MTHVDC protection address only fault
detection and location [24], [28], the ability of the proposed
model to simultaneously perform detection, classification, and
section identification within a unified framework represents a
significant advancement. Although certain learning-based methods,
such as neural networks [25] or singular value decomposition
approaches [27], achieve high accuracy in fault location estimation,
their practical deployment is constrained by high computational
complexity and the requirement for prior fault data to train the
algorithms. Moreover, these approaches typically rely on current
measurements, which introduce additional challenges in HVDC
systems.

In contrast, voltage-based measurement offers several practical
benefits. Voltage signals can be acquired using capacitive dividers
or optical sensors, ensuring galvanic isolation and enhanced safety.
By comparison, current measurement requires high-power current
transformers or Hall-effect sensors, which may introduce insulation
difficulties and safety concerns. Voltage measurement techniques,
such as resistive or capacitive dividers, also provide higher accuracy
and long-term stability, being less sensitive to core saturation,
temperature fluctuations, and magnetization effects. Additionally,
voltage measurement reduces power losses, simplifies insulation
design, and facilitates digital integration, making it particularly
suitable for HVDC applications.

In summary, the proposed model combines high accuracy with
low computational burden. It achieves 100% accuracy in fault

detection, classification, and section identification, regardless of
fault type, location, or system parameters. Its reliance solely
on voltage measurements enables practical implementation with
minimal technical challenges. The introduction of an adaptive
threshold mechanism based on fault characteristics further enhances
robustness. Moreover, the model’s efficient transient response and
energy-conscious design make it a reliable and effective solution
for MTHVDC system protection.

The simulation results further demonstrate the computational
efficiency of the proposed algorithm. Unlike hybrid time–frequency
or learning-based methods, the MFSHT algorithm primarily
operates in the time domain with frequency-spectrum correction,
significantly reducing processing time. For a three-terminal
HVDC system, it achieves real-time performance on standard
computational platforms. The algorithm structure allows
straightforward extension to n-terminal HVDC networks without
a proportional increase in complexity. Since it relies solely
on local voltage measurements and avoids iterative multi-scale
decompositions or offline training, the computational load grows
linearly with the number of terminals, ensuring scalability.
Sensitivity analyses confirm that even as the system size
increases, the algorithm maintains high fault detection accuracy,
reliable section identification, and precise fault location estimation,
demonstrating its suitability for deployment in large and complex
HVDC topologies.
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7. DISCUSSION AND RESEARCH
LIMITATIONS

The proposed MFSHT-based protection algorithm has
demonstrated high accuracy and computational efficiency in
multi-terminal HVDC systems. Simulation results confirm that the
algorithm reliably performs fault detection, classification, section
identification, and location estimation with minimal computational
burden. Its reliance solely on voltage measurements and adaptive
thresholding enhances both practicality and robustness in diverse
fault scenarios.

However, this study has certain limitations. The proposed
algorithm has been tested only on benchmark three- and
four-terminal HVDC systems, which may not fully represent
the complexity of large-scale, real-world multi-terminal grids.
Additionally, no experimental validation or hardware-in-the-loop
(HIL) testing has been performed, and practical issues such
as measurement noise, communication delays, and sensor non-
idealities have not been fully addressed.

Despite these limitations, the algorithm offers several practical
implications for real-world HVDC operation. Voltage-based
measurements simplify insulation design, improve safety, reduce
power losses, and facilitate integration with digital control systems.
The low computational burden and linear scalability of the
algorithm make it suitable for larger networks where real-time
fault protection is critical.

On the other hand, the proposed method requires high-speed
communication of voltage measurements between terminals and
interconnection nodes. Using typical fiber-optic links, the resulting
communication delay is on the order of a few milliseconds, which
is negligible compared to line propagation times. Timestamped
data ensures accurate fault detection and localization despite this
delay. Furthermore, the proposed method is applicable to both
bipolar and unipolar HVDC systems. It only requires voltage
measurements at terminals and interconnection nodes, with minor
adjustments for different grounding arrangements.

For future work, the proposed model can be extended and
enhanced in multiple directions. Hardware-in-the-loop testing and
experimental validation on pilot-scale HVDC setups are essential
to confirm real-time performance and robustness under practical
conditions. Integration with hybrid HVAC-HVDC systems and
the application of AI-based adaptive thresholding or hybrid
signal processing techniques could further improve accuracy and
resilience. Additionally, exploring scalability to very large n-
terminal HVDC grids and incorporating communication constraints
or cyber-physical considerations will increase its applicability in
modern power systems.

8. CONCLUSION
In this paper, a simple, fast, and highly accurate protection

scheme is proposed for fault detection, classification, section
determination, and fault location estimation in multi-terminal high-
voltage direct current (MTHVDC) systems. The proposed scheme
requires only voltage measurements at the network terminals
and interconnection nodes. It employs a time-domain signal
processing technique—the Hilbert transform (HT)—combined with
a frequency modification algorithm to extract the time–frequency
characteristics necessary to achieve the four aforementioned
protection objectives. The proposed scheme demonstrates 100%
accuracy in fault detection, classification, and section determination,
while its average fault location estimation accuracy reaches
99.8468%. Additionally, because the scheme relies on voltage
rather than current measurements, it offers several practical
advantages, including simpler installation and faster transient
response. Furthermore, a novel adaptive algorithm is introduced
for threshold calculation, which dynamically adjusts based on
real-time fault characteristics, thereby overcoming the limitations
of traditional fixed-threshold models. Sensitivity analyses confirm
the robust performance of the proposed scheme under diverse

operating conditions. The results indicate that the standard
deviation of the fault location estimation error is only 0.0627%
on average, which is far below the recommended 1% threshold.
The proposed scheme offers several advantages: low computational
burden, short execution time, scalability for n-terminal HVDC
networks, and straightforward implementation using standard
voltage measurement devices. Moreover, it does not require
complex time–frequency signal processing, supports adaptive
thresholding in real time, and remains insensitive to parameter
variations and operating uncertainties.

In future work, the performance of the proposed scheme will
be extended to multi-terminal HVAC transmission systems with
meshed structures as well as hybrid multi-terminal HVAC–HVDC
networks. Given the increased fault scenario complexity in three-
phase HVAC grids and the greater number of network branches,
the scheme’s enhanced accuracy and speed in fault detection,
classification, section identification, and location estimation will
play a critical role in ensuring reliable protection.
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