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Abstract— The DC fault is one of the critical challenges in the
High Voltage Multi-Terminal Direct Current (HV-MTDC) grid.
The fixed value threshold used in some implementations may be
affected by different grid conditions and thus causes errors in the
fault detection procedure. This paper offers a two-stage fault
detection algorithm based on the integrated Artificial Neural
Network (ANN) and Discrete Wavelet Transform (DWT) theory.
The main innovations of the proposed method are: 1) Increasing
the reliability of the fault detection operation by solving the fixed
value threshold problems; 2) Offering high robustness against the
wide range of fault resistances; 3) Providing bus protection
capability and 4) Setting relays locally, and avoiding the
requirement to high-speed communications links. Also, it offers
DC fault detection in a short period of time. The performance of
the proposed protection scheme has been ascertained via
simulations in the MATLAB/Simulink environment. The results
prove the robustness of the proposed method against noise
disturbance, high resistance fault, and grid parameters variations.

Index Terms— Adaptive threshold, artificial neural network
(ANN), discrete wavelet transform (DWT), high voltage multi-
terminal direct current (HV-MTDC), modular multilevel
converter (MMC).

|. INTRODUCTION

IGH Voltage Multi-Terminal Direct Current (HV-MTDC)

systems based on the Modular Multilevel Converter
(MMC) are broadly used to transmit the power produced by
renewable sources owing to their competency to transfer energy
in abundant amounts [1]-[2]. Likewise, flexibility, redundancy,
less asset, reliability, and more controllability have made
employing the HV-MTDC system more attractive [3]-[4].
Although these systems have many proficiencies, they confront
some concerns. A critical concern is the rapid spread of DC
faults due to low DC grid impedance, a drastic challenge to
system reliability [5]. Thus, providing a proper manner for fast
DC fault detection is vital in preventing the immediate
propagation of fault in the MTDC grid.

Moreover, only the faulty line must be disconnected from the
grid in the MTDC system. Hence, grid protection must be
selective and highly reliable [6]. In this respect, some articles
proposed numerous methods for accurate fault detection. The
existing techniques can be classified into unit protection and
non-unit protection. The unit protection methods presented in
[7] and [8] collect the voltage and current from different grid
parts, and the final detection decision is made based on it. The
significant detriment of the proposed method is the need for a
fast telecommunication link, which is costly and reduces

reliability. Authors in [9] presented a non-unit protection
method to solve the problems caused by unit protection
schemes. This method provides a short delay and high
reliability.

The unit protection methods depend on the boundary effect of
DC inductors located at both ends of transmission lines. The
inherent boundary property of current-limiting inductors is used
to design the boundary protection scheme to distinguish
between internal and external faults [10]-[11]. However, non-
unit protection schemes can be categorized into four groups
based on the boundary effect, I) Rate of Change of Voltage
(ROCOV), II) Time domain method, III) Frequency-based
methods, and 1V) Artificial intelligence-based methods.

Reference [12] determines the ROCOV across the current
limiting inductor for fault detection while its precision
diminishes in high-resistance faults. The Traveling Waves
(TWSs) approach is introduced in [13]-[15]. This method
imposes a high cost due to using high-precision measuring
equipment. In addition, it suffers from low robustness against
noise and extreme susceptibility to gird transients.

Frequency-based attitudes are presented in some
publications to tackle the defects of time-based techniques. In
this respect, [16] employed the Short-Term Fourier Transform
(STFT) scheme. Although the introduced method has quick
fault detection capability, its time-frequency resolution is
inappropriate. In [17], the frequency-domain S transform
detects the DC fault. Even though the suggested scheme is
highly dependable, it is not noise resistant. Authors in [18] also
introduced the Discrete Wavelet Transform (DWT) strategy to
extract time and the transient signal frequency details. The
transient signal energy is computed and compared with the
fixed value threshold. These methods have a significant
computational burden and are also not robust to system
disturbance owning applying a fixed value threshold.

References [19] and [20] accomplished fault detection with
high precision and speed via transient energy calculation and
selected the appropriate mother wavelet function. However, the
significant weakness of these methods is using a large number
of fixed value thresholds, reducing the protection system's
reliability. In addition, this method depends on the voltage or
current derivative, which causes the protection system's
malfunction in the presence of noise. Besides, they have not
offered a systematic method to differentiate between overhead
lines (OHLs) fault and bus fault protection. In addition, all the
approaches above used fixed value thresholds, reducing the
reliability of the protection system.



The Artificial Neural Network (ANN), which has pattern
recognition capability, is one of the most dominant techniques
for solving non-linear problems [21], [22]. In [23], the thirteen
ANN units are employed for fault detection, increasing the
workload and complexity. In [24], although the fault detection
delay is small, the impact of noise is not investigated. Authors
in [25] used the combination of Fast Fourier Transform (FFT)
and ANN, which causes a large fault detection delay. The
combination of DWT and a Fuzzy neural network using a high
sampling frequency is proposed in [26]. However, the proposed
method's performance is not examined in the presence of noise.
Authors in [27] employed the integration of DWT and ANN.
Although it offers high accuracy in different fault resistances,
the fixed value threshold is used for activating the fault
detection algorithm. In addition, the impact of grid parameter
variation is not studied in the above approaches.

In this article, inspired by the abovementioned challenges, a
novel and straightforward fault detection algorithm is
presented, combining the ANN and DWT methods. One of the
significant features of the proposed method is the appropriate
threshold selection by ANN agreeing to different MTDC grid
conditions. Hence, the protection system reliability is
guaranteed by eliminating the conventional fixed value
thresholds. Moreover, using ANN as a trigger of the fault
detection algorithm increases the protection system robustness
against non-faulty case studies. Besides, the proposed strategy's
selectivity is ensured by appropriately recognizing the type of
fault (internal or external).

Additionally, using two ANN units, the mentioned conditions
are fulfilled, reducing the protection system's complexity in
terms of threshold setting of protection relays, ANN structure,
and local measurements. Moreover, a bus fault detection unit is
employed in the proposed strategy.

The remainder of the article is categorized as follows:
Section Il describes the MMC-based four-terminal DC grid
with its OHLs. Section 111 introduces the ANN method, wavelet
theory, and DC reactor boundary effect. The presented method
is scrutinized in section 1V, its performance is evaluated in
Section V, then a comparison is made in section VI. Finally, the
conclusion is outlined in Section VII.

Il. GENERAL VIEW OF MMC-BASED MTDC GRID

Fig. 1 exhibits an MMC-based four-terminal DC grid. Current
limiting inductors (Lag) are located at both ends of each OHL
(A and B are the grid's nodes). In addition, DC Circuit Breakers
(DCCBs) are employed to isolate the faulty OHL. The power
specifications of the MMC stations and OHL parameters are
given in Table I. Sz is in the DC voltage control mode, and
others are in the active power control mode.

The three-phase MMC used to link the AC source to the
MTDC grid consists of half-bridge Sub-Modules (SMs). In
addition, each MMC phase has two arms, and the arm inductors
(Larm) are employed to limit the circulating current [25-26].

1. FAULT DETECTION STRATEGY
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Fig. 1. Configuration of four-terminal MMC-HVDC.

A. ANN Design

ANN is a highly flexible tool designed to solve complicated
problems and identify patterns using weights, biases, and
activation functions. It is formed of three layers: input, hidden,
and output. Each layer has computational processing segments
that are named neurons. The input and hidden layer neurons
quantity is selected according to the fitting accuracy and error
histogram curve, and the output layer neurons quantity is
designed according to the entire outputs [25]. The ANN input
vector is classified into training, testing, and validation.

As shown in Fig. 2, R; 1 is the output of the J" neuron in the
I'" layer that can be defined as (1). wjj, 1 is the connection weight
between the i and j*" neurons in the I layer, and bj, is the added

bias of j" neurons in the I layer.
Ji-1

Rj, = y(z Rij_1wy,+ by ) 1

i=1
Weights and biases are changed continuously to minimize the
pre-defined Minimum Squared Error (MSE) cost function [25].
Towards using Back Propagation (BP) algorithm to train the
ANN, the non-linear activation function (tan sigmoid) can be
applied according to (2).
1

Y@ == ()

In this paper, ANN is utilized for two purposes. The first is
for primary fault detection, which is trained according to the
different faulty states. Additionally, the second ANN is
designed to determine an appropriate threshold according to
MTDC grid conditions.

TABLE |
MMC POWER SPECIFICATIONS AND OHL LENGTHS

Parameters Values

Length of OHL13 120km

Length of OHL12 120km

DC OHL Length of OHL24 120km
Length of OHL34 120km
Power of S; 200MW
Active power Power of S, 200MW
Power of S3 150MW
Power of S, 100MW
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Fig. 2. Three layers perceptron ANN graph.
B. DWT Theory

Wavelet transform has been noticeably utilized in the DC
fault detection field due to its ability to evaluate the signal in
the time and frequency domains and swift local changes in the
faulty signal [6]. Continuous Wavelet Transform (CWT) of a
signal f(t) can be figured.

CWT(A,8) = f F(&) x ¥ () de 3)

-6
YO = -1/2 X9 (e @

Where (1) and (o) are scale, and translation parameters,
respectively. y/(t) is a daughter wavelet which is the renovated
arrangement of the mother wavelet w(?) [6].

Based on (3) and (4), the DWT of a discrete signal f(h) can be
represented as below.

DWT(w,K) = (@) () flilplan ™k = bohl)  (5)

h
Where ap and bo can be assigned two and one, respectively,
and j is the decomposition level. When the Multi-resolution
decomposition technique is applied to the discrete signal f(h),
the high-frequency detail coefficients can be extracted by the
following equation.

Dyll] = )" Aoy K]V, [ — K] ©)
k=0

Where A, is the approximation coefficient at level v, L is the
high pass filter order, V is the high pass filter, and h is the input
signal sample. Then the energy of the high-frequency
component of the input signal can be written as follows:

Tw=1-2ms
E, = f D, [hPdt @)
0

Among the different mother wavelets, Daubechies2 has been
selected due to higher similarity to the faulty signal and less
computational burden.

C. DC Reactor Boundary Effect

The DC reactors affect the MTDC grid frequency
characteristics. Fig. 3 depicts the MTDC grid simplified
equivalent circuit at the internal Pole-to-Pole (PTP) fault
instant. It is worth revealing that the superposition theorem is
employed for DC fault analysis [10].
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Fig. 3. Simplified model of the MTDC grid during internal DC PTP fault.

Based on the model mentioned earlier, the transfer function
between faulty voltage (Ur), the OHL13 inside voltage (Uin),
and Bs voltage (Ue) are derived as (8) and (9), respectively.

H,o(5) = 2nt _ ZumcillZy + 28Lyp o
" Ur ZymcrllZy + 2SLyp + 0.3 X Zyje
U 7 7
H,.(5) =2 mmcillZs

= 9
U ZymcillZy + 2SLyp + 0.3 X Zyj, ©)
Where Znmea (A=1, 2, 3, 4) is expressed as (10).

1
Zuwcs = 3 (25Larma + 2Rorma + 555 —) (10)

Larma, Rarma, @and Csuain (8) are arm inductance, resistance, and
SM capacitance, respectively. N is the SM number per arm. Z;
also can be defined as follows:

Zy = Zymca + 4SLlap + 2Z e (11)
Based on the described equations, the transfer function ratio
between Uin: and Uey is expressed below:

Hcom(s) — Uint — ZMMClllzl + 2SLAB
Uex ZMMClllzl

The bode diagram of the stated transfer functions is
illustrated in Fig. 4. As realized, the magnitude frequency
characteristic of He(s) is similar to the low pass filter, while
Hint(s) passes all the frequencies. Besides, the Hcom(S) shows
that Ui has more high-frequency components than Uey under
the internal PTP fault. Consequently, the DC reactor's inherent
boundary effectively distinguishes external and internal DC
faults.

The proposed fault detection algorithm is designed based on
ANN, DWT, and the inherent boundary effect. The strategy
procedure is explained in the next section.

(12)

IVV. PROPOSED FAULT DETECTION ALGORITHM

A two-stage fault detection structure is proposed in this
article. Different parts of the proposed algorithm (Fig. 5) will
be explained in this section.

A. First Stage: Primary Fault Detection

In this subsection, the ANN designing procedure is
illustrated as follows:
1-Input Data: The ANN input matrix is extracted by the
simulations on the MTDC grid as:
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Fig. 4. Frequency analysis of the Ui, Uex when the fault occurs.
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Gnxk IS the case study matrix with n=3120 rows and k=20
columns representing the number of case studies and the
number of voltage samples collected in each simulation. The
case study matrix is normalized by (14):

G = 2% (14)
DC

Where Vpc is the nominal DC grid voltage, in addition, a
target vector with n rows is defined as:

Toss = [Ty)enn.... T, 17 (15)

2-Network Training: Each row of the target vector is allotted
to an extracted pattern from simulations. The name of the
hidden layer is also considered H, and the number of neurons is
chosen to be eight based on trials and errors to reach a
reasonable accuracy and desired MSE, avoid over-fitting
problems, and small delay time. The five pre-fault samples and
fifteen post-fault samples are extracted in each simulation. The
Rj+ is the output value of each neuron in the H layer, which is
calculated by the following equation:

n
Riy =y (Z Gi(ixi) X @i jxyy + bjn ) (16)
i=1
Where J is the number of neurons, Giuxk is i" simulation
matrix with k columns, and wijk=1) is the weighting matrix.
Finally, the output is defined as (17).
Where Z =1 is the number of neurons in the output layer.
Considering the output is a function of the equations and
formulas of the H layer, the output is defined as Y=f (H).

1
Y = ) = f(H) (17)

1 — o~ (Eharpmxwy, +by
The ANN's output is expressed through a linear activation
function according to (18). The fault with the highest severity
is assigned to the lowest target value (0.6), and the faulty event
with the lowest severity is allocated to the target value (0.95).
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Fig. 5. Overall view of the proposed fault detection algorithm.

The target value for the non-faulty states is also considered
between (0.1) and (0.35).

0.1<Y <0.35
0.6<Y <0.9

Non-faulty state

Y:f(H):{ faulty state

(18)

3-Training Results: The Levenberg-Marquardt training
algorithm is employed to optimize weights and biases. Fig. 6
demonstrates the simulation results of the designed network for
incipient fault detection. The training performance is illustrated
in Fig. 6(a). MSE is determined at each learning period and
stopped when it reaches its minimum value. Furthermore, the
correlation coefficient curve of the designed ANN is depicted
in Fig. 6(b). The regression index =0.9986 is obtained in the
desired range.

1*Target +.001
o
~

Fault States

Output~

No-Fault States

0.4 0.6 0.8
Target
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Fig. 6. Training results for the primary detection: (a) MSE curve, (b)
Correlation curve of the trained network.




TABLE Il

SOME OF THE PRIMARY FAULT DETECTION CASE STUDIES

Each X=2% of OHL13 with R=5Q, 25Q, 500, 75Q and
100Q
Each R=0.5Q of 5< R<100 at X=5%, 10%, 50%, 75%
and 100%

Fault at X% OHL13 with fault resistance R¢

Faulty states

Increase and decrease the active power of MMC;, MMC,,
MMC;5, and MMC, by 5% to 50%

Abrupt active power change of MMCs

Increase and decrease load power consumption by 5% to
50%

Flexible load variation
Non-faulty states

Abrupt input and exit of MMC,, MMC,, MMC3, MMC,

Input and output of each MMCs

Exit of the OHL12, OHL13, OHL34,and OHL24

The exit of adjacent OHL

After the input samples are normalized in the pre-processing
unit, they are used in the first ANN. The input patterns to the
ANN are updated at each sampling frequency.S

B. Second Stage: Threshold Selection

The fixed value threshold used in the existing methods is
unreliable in different grid conditions. From Fig. 7(a), 210 is
the chosen value for threshold (Etw) in normal conditions. This
value is a suitable criterion for discriminating internal and
external faults within the protection zone of OHL13 The
considerable difference between Ery and Eiy satisfies the
condition required for the final decision. Figs. 7(b) to (d) show
that when MMC;, MMC;, and MMC;3 exit the DC grid, the fault
energy varies highly in all fault locations, mainly when a fault
is applied in 20%, 80% of OHL13, and at Bs. In Figs. 7(¢) and
(f), the load power tied at the beginning of OHL13 is increased
by 25% and 50%, respectively. As shown in both cases, in some
parts of OHL 13, the minimum amount of fault energy compared
with the fixed value threshold is less than this value. Thus, it is
not recognized as an internal fault within the protection zone of
OHL13. As aresult, it causes malfunction.
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Fig. 7. Internal fault energy at different locations of OHL13 (with R=100€):
(a) Normal state, (b) MMC, exit, (c) MMC; exit, (d) MMC; exit, (e) 25%
load increase, (f) 50% load increase.

The ANN method is proposed to solve the mentioned
problem, which determines the threshold value in different grid
conditions. By finding the corresponding pattern between
variations of the MTDC grid parameters and their influence on
the grid voltage by the second ANN, the threshold value is
updated. To do this, a particular target value is assigned to each

pattern of input data by writing code in the MATLAB/Script
environment. First, the input samples are sorted according to
the severity of the fault. Then the values between 0.6 and 0.9
are assigned to them in a separate vector named the target
vector. The same procedure has been done for the non-faulty
state.

The designed ANN has two hidden layers with six neurons
in each layer. Also, the MSE =0.9952 is the best training
performance at epoch 36. Moreover, the second ANN
specification is provided in Table I11.

When the MTDC grid condition changes, the related voltage
pattern is analyzed by the second ANN, and the corresponding
thresholSd value is determined. Then, the updated threshold
value is sent to the DWT section.

Considering 1ms for the fault detection data window, the

TABLE 11l
SPECIFICATIONS OF THE SECOND ANN

No. of inputs 11500
No. of hidden layer 2

No. of neurons 6
Activation function Tan sigmoid
Learning algorithm Levenberg-Marquardt

Cost function MSE

minimum updating rate for the threshold value can be chosen
as 1ms to make an effective performance for the threshold
selection unit.

C. Third Stage: DWT Section

As previously clarified, the DC inductor boundary effect is
an excellent approach to discriminating between internal and
external faults. The signal energy is figured according to
equation (7) and compared to a threshold value. The appropriate
criterion is the most severe fault that occurred beyond the
protection zone (PTP metallic fault energy with R= 0Q at B
(=Enmin)), and the high resistance fault happened inside the
OHL13 (with R=100Q (=Eint)). These values are compared,
and the internal or external fault detection is determined.
Notably, the reliability coefficient (K,=2.5) for disorders and
noise coverage are also considered for the final threshold value
calculation.

Eth=KXEnmin (19)



TABLE IV
TRAINED THRESHOLD VALUES

Grid state Target | Output Relaté;ze)error
MMC; exit 96 97.25 1.2
MMC; exit 101 102.3 1.46
MMC; exit 115 1142 0.7
OHL12 exit 150 152.3 131
Load power increase (25%) 52 51.1 1.17
Load power increase (50%) 35 34.6 11
MMC, power increase (25%) 141 140.5 0.3
Normal state 210 208.9 05

Finally, this value is compared to the second ANN's
determined threshold value. The results show whether the
internal fault occurs or not. Some of the trained threshold values
are listed in Table IV. It provides training results on the grid's
normal and abnormal states. It should be noted that the target
value is chosen based on the metallic external fault energy that
is known as the most severe PTP DC fault. The maximum
relative error between targets and output values is 1.46%,
indicating that the training is well done. As a result, the
threshold values will be compatible with different MTDC grid
conditions. Other scenarios influence the threshold value, such
as changing the OHL13 parameters and the DC inductor.
However, they occur less frequently in the grid and are not in
the scope of this paper.

D. Fourth Stage: Bus Protection Unit

Due to the low impedance, the bus fault is regarded as the
most severe fault in the MTDC grid. During this interval, all
DCCBs connected to the faulty bus must operate to separate the
defective segment from the other grid parts to prevent the DC
grid from collapsing. According to the flowchart in Fig. 5, the
bus protection unit is triggered when a non-internal fault is
detected. In this case, the sum of the bus currents is checked
according to (20) and (21).

My[h] = ¥ Lug[h] + I5[h] (20)

0.3005 0.301 0.3015 0.302 0.3024
(@) Time (s)

]
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Fig. 8. Current measurement during various faults: (a) PTP DC bus fault,
(b) PTP DC OHL fault.

0.2995 ’0'.3

Uy = Ma[h + 1] = Mu[h]| > TH, (21)

Where lag is the OHL current and Iz is the converter current.

THa is considered a bit more than zero to nullify the noise
influence. If Ua is close to zero, it indicates that a fault has
happened in the adjacent OHL, and if it is considerably higher
than zero, the bus fault has occurred, and the command is sent
to the DCCBs connected to the faulty bus. Fig. 8(a) and (b)
describe the converter current (11), OHL13 current (l13), OHL12
current (l12), and the bus current (M1) at B1 and 50% of
OHL13, respectively. As seen, when a fault occurs at the DC
bus, the bus current rises significantly (red line in Fig. 8(a)), and
when a DC fault is applied at the OHL13, the bus current is
nearby to zero (red line in Fig. 8(b)). Therefore, it is a suitable
criterion for distinguishing the bus and OHL faults. Since the
corresponding DCCB takes commands from two ways (internal
fault or bus fault), a logical gate (OR) is utilized in the proposed
algorithm.

Counter Function: It is an independent setting value used in
each ANN unit to prevent ANN's incorrect decision caused by
the ANN's training errors, noise, and other transient effects in
the MTDC grid. In other words, the counter function is
employed to guarantee the reliable performance of the primary
fault detection. The threshold value for the counter function is
selected as 0.5. The counter function classifies the ANN’s
output higher than 0.5 as a faulty state and lower than 0.5 as a
non-faulty state.

V. SIMULATION RESULTS AND PERFORMANCE EVALUATIONS

A four-terminal MMC-based MTDC grid is used to verify the
proposed algorithm's effectiveness. The prototype system is
simulated in MATLAB/ SIMULINK environment. The MTDC
grid parameters are listed in Table V.

A. Primary Fault Detection Evaluation

In the first stage, the primary fault detection capability of the
proposed algorithm is elaborated. Fig. 10 shows both voltage
and ANN output behaviors in different scenarios. Fig. 9(a)
shows a 10Q PTP fault applied at 20% of OHL13 at t=0.3s. The
voltage Vi has suddenly dropped to below 0.6(p.u.).
Meanwhile, the ANN output has reached the value of 0.58.
Although this value is out of the equation (18) range caused by
ANN's training error, this event is known as a fault using the
counter value (=0.5). Also, the detection delay is 0.3ms, which
is reasonable for primary detection. As it is indicated in Figs.
9(b), when the 90Q DC PTP fault is applied at the previous
location, the corresponding ANN's output exceeds the counter
value. Thus, the proposed method successfully detects the DC
PTP fault with a broad range of fault resistances. Consequently,
the robustness of the proposed approach is satisfied. Fig. 9(c)
reveals the active power change of MMC; and MMC;3 by 20%.
Fig. 9(d) also exemplifies the sudden exit of the MMC..
Evidence indicates that ANN's outputs are well below the
counter value. Therefore, they cannot trigger the fault detection
algorithm. Figs. 9(e) and (f) demonstrate how flexible load
changes affect the ANN's output. The ANN's outputs for 15 and
50 percent load increase are 0.28 and 0.33, respectively, below
the counter value. Therefore, the ANN design for primary fault
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Fig. 9. Simulation for the primary detection: (a) PTP fault with R=10Q, (b) PTP fault with R=90€Q, (¢) MMC,; and MMC; active power change, (d) MMC,
abrupt exit, (e) 15% of load increase, (f) 50% of load increase, (n) PTP fault (R=0.5 Q) when the load increases 50% (p) PTP fault (R=0.5 Q) when the MMC,
exits, (q) PTP fault (R=0.5 Q) when the OHL34 exits, (j) P-PTG fault (R=0.5 Q) when the load increases 50%, (I) P-PTG fault (R=0.5 Q) when the OHL34

exits, (m) N-PTG fault (R=0.5 Q) when the OHL34 exits.

detection is done correctly, proving the high reliability against
the non-faulty states.

Different DC faults have been applied to the grid's abnormal
conditions to study the proposed method's performance. For
instance, Figs. 9(n) to (q) show the accurate performance of the
primary fault detection when the PTP DC fault is applied in
abnormal conditions. In addition, Positive-Pole-to-Ground (P-
PTG) and Negative-Pole-to-Ground (N-PTG) faults are also
applied on OHL13 and illustrated in Figs. 9(j) to (m), indicating
the successful operation of the proposed method to recognize the
other types of faults in abnormal grid conditions.

B. Robustness Evaluation

This section investigates the proposed method's robustness
against the vast range of fault resistances. To make a fair
assessment, first, the fault resistances are per-united by the
following equation:

2
7 |4 rated
base —

(22)
Prated i . .
Prated and Viaed are the grid's nominal active power and voltage.

4.59p.u. is the corresponding per-united value to 100Q fault
resistance, and the 50p.u. is related to 1089Q fault resistance.
Fig. 10(a) shows the robustness of the proposed method against
the P-PTG, N-PTG, and PTP DC faults.

The proposed fault detection accuracy rate is guaranteed up to
Ri=4.59 p.u. As the fault resistance increases, the accuracy rate
diminishes. The minimum accuracy rate corresponds to the PTG
faults, which is 81.5%. Because it is a high-resistance fault, it
cannot seriously damage the MTDC grid. Therefore, the DWT
scheme can recognize it in the next stage of the proposed
algorithm.

C. Impact of Sampling Frequency
As mentioned in section 1V, the sampling frequency employed
in this research is 20 kHz. As shown in Figs. 10(b), when the

number of input samples decreases (from 15 to 5), the accuracy
rate of the proposed method reduces. The minimum accuracy rate
is 84.7% when the PTP DC fault with Ri= 80Q is applied at 60%
of OHL13. Although the accuracy rate is decreased, the DWT
section is considered in the proposed fault detection algorithm to
compensate for the possible errors that occurred by insufficient
input samples. In other words, protection performance is also
reliable when the input samples decrease by 75%.

D. Influence of Noise

Practical measurements are usually done in the presence of
noise. The Gaussian white noise is added to the measured signals
to verify the proposed method’s immunity against the noise. The
Signal-to-Noise Ratio (SNR) is employed to describe the noise
level in a measured signal. The simulations with SNR=15dB are
performed, and the results are provided in Table VI. As
comprehended, threshold values are different in diverse MTDC
grid conditions. Since the designed algorithm is adjustable to
changes in grid parameters, reducing the possibility of mal-

TABLE V
MTDC SYSTEM PARAMETERS
Symbol System Parameter Value

Py Rated active power 200 MW
Vbe Rated DC voltage +200 kV
Vi Rated AC voltage 66 kV

N Number of SMs in each arm 100
Larm Arm reactor 5mH
Csm SM Capacitor 12 mF
Liine Line inductor .8 mH/Km
Riine Line resistor 15 mQ/Km
Lag Current limiting inductor 40 mH

fs Sampling frequency 20 kHz

f AC voltage frequency 50Hz
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Fig. 10. Performance evaluation of the proposed method at (a) The vast
range of fault resistance, (b) Different sampling frequencies.

operations in the protection system. Besides, as seen in Table VI,
the proposed algorithm accurately identifies the fault type
(internal or external) at different fault resistances and locations
that guarantee the selectivity of the proposed algorithm.
Moreover, the bus protection unit's performance is provided in the
last column of Table VII. As demonstrated, it correctly
recognizesthe external fault type (bus fault or adjacent OHL fault),
preventing complete grid failure during the severe PTP bus fault.

Also, the primary fault detection's accuracy against the
variations of the SM capacitor size (from 22mF to 5mF) is
investigated. The results indicate that the proposed method is

accurate and robust against the vast range of the SM capacitor
size.

As previously stated, two simple ANNS structures (in terms of
the number of neurons and hidden layers) and local data are
employed for fault detection. Hence, it is desired that the fault
detection delay be small. Table VII shows that the detection
delay range is 1.21~2.29ms, which is reasonable for fault
recognition.

V1. PERFORMANCE COMPARISON AND DISCUSSION

In this section, the proposed method is compared with existing
ANN, DWT-ANN, and non-ANN-based fault detection
approaches to verify its advantages. To make a fair comparison,
the competitors' parameters are per-united according to the
corresponding nominal voltage and active power. It is due to
differences in the parameters of the case studies.

A. Comparison with ANN and ANN-DWT-Based Methods

In [25-27], a fixed value threshold is chosen for the primary
fault detection based on voltage derivative, which is unreliable
against intense noises, system transients, and high resistance
faults. However, in the proposed scheme, an ANN method
with a comprehensive case study including the non-faulty
states is employed for primary fault detection. In addition, [25]
and [26] used a fixed value threshold for confirmation
commands vulnerable to the system parameter variation. As
said, it affects the reliability of the protection system.
However, this paper employs a straightforward, simple, and
reliable method based on ANN to solve the fixed value
threshold problems. On the other hand, except for [27] and the
proposed method, all other methods do not have a bus
protection unit, which is critical in the protection system, as
the bus fault is the most severe DC fault.

Four ANN and ANN-DWT-based fault detection methods
are implemented in a similar case study. Afterward, the
MTDC grid parameter variations are analyzed. As it is shown
in Fig. 11, the accuracy rate of the proposed method is higher

TABLE VII
PERFORMANCE OF THE PROPOSED ALGORITHM DURING A DC PTP FAULT (D13)

Fault

Noise Grid state Fault resistance Transient Determined Fault type Bus protection Detection
(SNR) location @ energy (kV?) threshold Correct (v) unit delay (ms)

F1 0 1175 208.9 External (v) Bus fault 1.21

F4 100 689 208.9 Internal (v) Not activated 2.18

F6 43 87 208.9 External (v) Adjaigmto”'- 2.29

Normal F2 32 2750 208.9 Internal (v) __ Not activated 1.65

F3 55 2023 208.9 Internal (v) Not activated 1.86

F5 18 121 208.9 Extemal (v)  AGCENORL 50

15dB Load increase F4 64 331 346 Internal (v) AdJa?:ETtOHL 2.5

0,

(50%) F3 20 402 346 Internal () Not activated 189

MMC: exit F1 20 99.1 96 External (v) Not activated 1.45

Abnormal ! F2 0 2202 96 Internal (V') Bus fault 1.61

orma OHL34 exit F2 80 1741 174 Internal (¥) __ Not activated 1.68

F1 12 169.2 174 External (V') Not activated 1.45

v
MMC; power F6 50 78.3 140.5 External (v) Adiizrl:?LgLL 2.29
change (25%) F5 30 89 140.5 External (v) ! 2.05

fault




than 98.7 % while the accuracy of other methods is lower than
91% for the same condition. Also, 81.4% is the minimum
accuracy rate corresponding to [23]. The results confirm that
the proposed method is more accurate than the other fault
detection algorithms.

In addition, the noise effect is not investigated in [23], [24],
and [26], while the proposed method’s performance is verified
in the presence of white Gaussian noise when the SNR=15 dB.
Besides, the robustness of the proposed method against the
fault resistance is verified up to 4.59p.u. The results show a
nearly 100% accuracy rate. Authors in [27] reported an
accuracy rate of 84.5% at fault with 6p.u resistance, while the
proposed method has a 96.4% accuracy at this fault resistance,
confirming the superior robustness of the proposed approach.
Authors in [28] presented a fault detection approach robust to
noise disturbance and high resistance fault. However, its
average fault detection time (= 2.047ms) is higher than the
proposed method (= 1.81ms). The summary of comparisons is
provided in Table VIII.

A. Comparison with Non-ANN-Based Methods

The local data-based protection algorithm is proposed in this
paper, while in [10], the high sampling rate communications
links are needed, which causes more implementation
complexity and cost. In addition, [10] used a high sampling
frequency (500 kHz), increasing system implementation
expenses and complexities. Moreover, it uses fixed value
thresholds. In [18] and [4], the fixed value threshold is adjusted
for the confirmation command
of each relay. In addition, a fixed value threshold is used as an

Accracy rate (%)
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Fig. 11. Comparison between the accuracy rate of four methods in terms of
grid parameters variation.

activating criterion for triggering the fault detection algorithm.
Noises or other transients may affect this criterion. However,
the proposed method is accurate and robust against fault
resistances and noise levels and solves the fixed value
threshold problems, increasing the protection system's
reliability.

VIl. CONCLUSION

This article proposes a novel fault detection algorithm for an
MMC-based MTDC grid. The critical contributions of the
proposed algorithm are enumerated below:

TABLE VIII
CoMPARISON WITH ANN AND ANN-DWT-BASED FAULT DETECTION METHODS

Algorithm activating

- Threshold selection Fault resistance Noise
REEHICE R (LIS ([ 03 (grid condition Bus robustness — endurance Considerations
BT U R changes enduring) protection capability (p.u.) (SNR)
e  Multiple ANNSs are used (13
. Direct faulty samples Low e “’?'ts)-
ANN in [23] (Low) X (Up 10 0.17) Not verified e  High workload.
' e  Direct use of faulty samples
for fault detection.
e A low number of case
. Direct faulty samples Low . studies was selected.
ANN'in [24] (Low) X (Up to 0.68) Not verified e  The noise effect is not
studied.
. e High fault detection delay
FET+ANN in [25] fixed value threshold F'X\?glfggazzzrgy X Low Low (about 4ms).
(Low) (Low) (Up to 2.06) (50dB) . Non-comprehensive case
studies.
. High sampling frequency
Fixed DWT energy rate (50 kHz).
DWT +iEu[§zﬁy]/—Neural fixed value threshold value-based X u th%WO 4) Not verified e  Complex fault detection
(Low) (Low) ' algorithm.
. Low operability.
. Low recognition rate at high
. fixed value threshold ANN based High High resistance fault (84.5% at 6
DWT + ANN in [27] (Low) (High) v (Upto4.2) (18dB) p.u.).
' . Grid parameter variations
are not considered.
. Robust against a vast range
Proposed ANN + ANN based ANN based N High High of fault resistances.
DWT method (High) (High) (Up to 4.59) (15dB) allowable fault detection

delay (1.21-2.29ms).




The ANN method will increase the MTDC grid protection
reliability by eliminating the fixed value thresholds.

The highly robust protection scheme is provided by training
numerous faulty states and other abrupt changes in MTDC
grid parameters named non-faulty states.

The bus protection unit discriminates between the bus fault
and the adjacent OHL fault.

A high-speed communication link is not required using the
local measurement, which decreases the implementation
cost and omits communication delays.

The fault detection delay is small as a fault detection scheme
is employed using two simple ANNSs and local data.

DWT also extracts the transient signal's high-frequency
components to calculate the fault energy. Numerous simulations
have been conducted, and the results confirm the proposed
method's achievements validating the suggested algorithm
performance.
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