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Abstract-- Faults in Medium Voltage Direct Current (MVDC)
distribution networks present unique challenges, particularly in
systems with bipolar configurations. The critical challenges
include the high-speed fault current rise due to low network
impedance, making fault interruption difficult, and the complex
coordination of protection schemes in multi-terminal
configurations. This paper focuses on the calculation of fault
currents in a five-terminal bipolar MVDC distribution system,
specifically under pole-to-pole (PTP) fault. The branch currents in
the MVDC network are computed using mathematical modeling
to provide critical data for fault current estimation. This data is
utilized to train an artificial neural network (ANN) algorithm for
fault location estimation, with 80% of the data dedicated to
training, 10% for testing, and 10% for validation. The ANN
achieves a RMSE of 0.8090, MAE of 0.3896, and R? of 0.9912,
significantly outperforming support vector regression (SVR).
Further analysis, including noise and parameter deviations, shows
that the ANN maintains high accuracy, with R? values above 0.97.
This confirms the robustness of the proposed method for real-
world applications. These results confirm that the proposed ANN-
based method offers an accurate and efficient fault location
approach for MVDC networks, aiding the development of
advanced protection schemes to enhance system reliability and
safety.
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I. INTRODUCTION

In recent years, the world has been transitioning towards
renewable energy to meet the energy requirements.
Renewable energy's share in primary energy supply is projected
to rise from 14% in 2015 to 63% by 2050, with fossil fuels
decreasing from 86% to 37% [1]. One of the prime reasons for
shifting toward renewable energy resources (RES) is the
decline of fossil fuels [2]. However, the intermittent and
unpredictable nature of RES introduces challenges, particularly
when integrating them with traditional AC systems [3].
Synchronization issues arise due to the fundamental differences
between AC and DC systems [4]. In this context, DC
transmission and distribution offers an ideal solution by
enabling easier and more efficient integration of RES into the
grid [5]. Due to their flexible control capabilities, improved
voltage levels, and increased transmission and distribution
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capacity, Modular Multilevel Converter (MMC)-based multi-
terminal (MT) HVDC and MVDC systems have become widely
used in applications such as RES integration, urban power
distribution, and offshore wind farms [6]. There has been a lot
of interest in switching to DC distribution systems because of
their benefits over conventional AC systems [7]. MVDC
systems are being used more and more for applications where
minimizing power losses and simplifying power flow control
are essential [8].

However, despite these advantages, the protection and fault
detection mechanisms in MVDC systems remain a significant
challenge. Unlike AC systems, where fault detection is well
established, DC systems lack natural zero-crossings, making it
more difficult to detect and isolate faults quickly [9]. This is
especially crucial in bipolar MVDC systems, where a fault can
either occur between the two poles (PTP fault) or between a
pole and ground (PTG fault), leading to different impacts on the
system's operation [10].

Analyzing the fault response is essential for a DC network
based on an MMC to protect power semiconductors, like
IGBTs, from possible harm caused by overcurrent or
overvoltage situations [11]. Whenever a DC fault happens, all
MMC capacitors immediately discharge, which causes high
currents to flow to the fault location and starts the fault
evolution process [12], [13]. This fault current's magnitude is
far higher than it would be during normal operation of the DC
network [6], [14]. Before the MMC protection controller acts
and blocks all submodules (SMs), this period usually lasts up to
10 milliseconds [15].

Thus, effective fault detection and location methods are
essential for ensuring the reliability and stability of MVDC
distribution networks. Accurate calculation of fault currents is
the first step in developing these methods, as it provides critical
information for protection schemes and helps determine the
characteristics of different types of faults. This information is
also fundamental for developing algorithms that can precisely
locate faults along the DC distribution line, enabling rapid
isolation and restoration of the system.

Various approaches have been proposed in the literature for
calculating fault currents and detecting fault locations in
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MVDC systems. Extensive calculations have been performed
for the MMC and each branch of the system to examine the fault
currents caused by capacitor discharging [6], [16], [17]. Some
methods focus on analytical models and numerical simulations
to predict fault behavior, while others leverage artificial
intelligence to identify fault patterns. Numerous studies, such
as [18], have extensively analyzed fault currents for monopole
configurations using half-bridge MMCs. However, fault current
estimations for bipolar full-bridge MMC-based MVDC systems
have received little attention. which limits the existing methods
in more complex network configurations. This limits the
applicability of existing fault detection techniques to more
complex network configurations. Despite these efforts,
challenges remain in achieving high accuracy and robustness in
fault detection, particularly under varying system conditions
and noises [19].

Existing literature on fault detection methods, including
traveling wave techniques [20], impedance-based strategies
[21], and artificial intelligence (Al)-based algorithms [22], has
several limitations when applied to full-bridge bipolar MVDC
systems. Traveling wave techniques require high sampling rates
and extensive sensor deployment, making them impractical for
large MVDC systems. Impedance-based strategies are highly
sensitive to parameter deviations, leading to inaccuracies under
varying system conditions. Al-based algorithms, though
promising, rely heavily on simulation data, limiting their real-
world applicability. Machine learning methods have recently
drawn interest in fault location because of their versatility and
capacity to deal with nonlinear data patterns [23]. However,
existing methods in the literature primarily rely on simulation-
based data for fault location estimation, with no studies found
that utilize analytically derived data. Additionally, the current
literature predominantly focuses on monopole and half-bridge
(HB) topologies, leaving a gap in research for bipolar full-
bridge (FB) configurations.

The objective of this paper is to address these challenges by
presenting a comprehensive methodology for calculating fault
currents in a bipolar MVDC distribution system for PTP faults.
The calculated fault currents are then used to develop a fault
detection algorithm to enhance the speed and accuracy of fault
location. The key contributions of this paper are summarized
as:

o Compared to existing approaches this paper derives
analytical fault current expressions for bipolar MVDC
systems, improving stability and performance of
MTDC.

o This algorithm outperforms traditional PTP methods,
ensuring faster and more precise fault detection.

o The existing strategies focused on monopolar and HB
structure; this scheme effectively handles complex
full-bridge (FB) bipolar MTDC fault scenarios.

o The algorithm is wvalidated through extensive
MATLAB simulations, proving its robustness across
various fault conditions.

The remaining sections of the paper are organized as:
Section II addresses the fault response of an MMC and its
equivalent circuit. Additionally, the MTDC network's

mathematical modeling is shown in Section III. The
implementation of a fault location estimation algorithm and
fault current calculations are presented in Section IV, and the
paper is finally concluded in Section V.

II. FAULT RESPONSE MODELING FOR MMC IN MVDC
DISTRIBUTION

A. FB-MMC Equivalent Model

A three-phase Modular Multilevel Converter (MMC) is
shown in Fig. 1(a), while Fig. 1(b) provides further information
on the Full-Bridge Submodule (FBSM). In steady-state
operation, the MMC output voltage, Vdc, is kept close to the
rated DC grid voltage. Each phase consists of two arms that can
be described as an RLC circuit in the early phases of a DC short
circuit. These arms have submodules, resistance, and arm
inductance.

Short-circuit faults in DC grids can be classified into two
main categories: PTG faults and PTP faults. PTP faults have
more severe effects on the currents flowing through each MMC
for distribution or transmission, as evaluated in [6], [10], [24],
although PTG faults are more common. Above all, the analysis
concentrates on the Full-Bridge Submodule (FBSM) based
MTDC system in the time frame before submodule (SM)
blocking, which poses the most significant challenge.
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Fig. 1 (a) MMC Equivalent (b) FB-Sub Module
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Ry, Ly, and Cy are arm resistance, arm inductances, and sub-
module capacitance respectively. The equivalent of each can be
derived using (1)-(3)
2R,

Req = — (1)

Leq ==~ (2)
6C,

Ceq = m 3)

Where Nsu is the number of sub-modules in the arm. In a
bipolar system, the equivalent resistance and inductance will be
double, and capacitance will be half. The equivalent RLC
parameters for the bipolar MMC system are
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In (5) L, is the smooth reactance. To ensure accurate fault
current in this calculation, the source current of the MMC is
also considered. In [24] modified average value model
(MAVM) of the MMC is defined considering the source
current. The source current depends upon the control system of
the MMC for power power-controlling terminal, the source
current is calculated using (7)
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Where P* is the AC power reference and u.(?) capacitor
voltage. For the voltage control, the source current can be found
using (8)

50 = k. (U g — ue®) + kip f (U e — ue(O)dt (@)

Where U*,. is the DC reference voltage and k), y, and k; ¢ are
the proportional gain and integral gain of the DC voltage
controller.

B. Equivalent RLC Circuit of Network

For the analysis, the FB-MMC-based bipolar 5-terminal DC
network is under study. The single-line diagram of the proposed
test system having each MMC station connected to the AC
source is shown in Fig.2. Table I lists the operating conditions
and MMC parameters of each station, while Table II
demonstrates the specifications of the DC distribution lines.

154kV PCC  154/22.9kV

Line12 154/22.9kv  PCC 154kV

154/22.9kv  PCC 154kV

Fig. 2 Five Terminal Bipolar MMC-based MTDC Network

The equivalent RLC model of the test system is shown in
Fig.3 under normal operation. The subscripts e;, and e;,
show the positive and negative MMC equivalent parameters
respectively, where i=1,2,3,4.... u.,, and u,, denote the
equivalent voltages across positive and negative nodes of
MMC. The red line denotes the branch equivalent, and the black
indicates the MMC equivalent.
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Fig. 3 Equivalent RLC Model for Bipolar 5-Terminal MTDC Network

III. MATHEMATICAL MODELING OF FAULT CURRENT FOR DC
SYSTEM

There are two distinct phases to the fault current that passes
through the MMC: before MMC blocking and after MMC
blocking. Without considering blocking, we may examine the
fault current behavior in the MMC in three stages to better
understand it. The submodule (SM) capacitors must be
discharged in the first step (I). In the second stage (II), inductor
discharge, SM capacitor-discharge, and AC grid feeding are all
combined. In the third stage (IIT), only AC grid feeding is used.
Fig.4 illustrates these steps.

TABLE Il MMC PARAMETERS FOR MTDC NETWORK

Stations Lsv (H) Csm (F) Capacity Control Mode
MMC1 0.0039 0.0200 20kV Voltage
MMC2 0.0026 0.0300 -40MW Power
MMC3 0.0103 0.0075 10MW Power
MMC4 0.0103 0.0075 -10MW Power
MMC5 0.0103 0.0075 10MW Power

TABLE II SYSTEM RATING AND LINE PARAMETERS IN MTDC NETWORK

Parameters Rating
Rated DC Voltage (kV) 20
Transformer voltage ratio (kV/kV) 154/22.9
Per unit Length Resistance (€/Km) 0.1x10°
Number of Sub-Modules (Ngv) 20

Per unit Length Inductance (mH/Km) 0.02x1073
Smooth Reactor DC 2x1073

Current (A)
Normal Operation
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Fig. 4 Fault Current Stages in MMC



The SM capacitors discharge into the system when a fault
arises. The primary source of the peak fault current in the first
stage is the discharge current from the capacitor. This early
phase of the MMC action before blocking is the focus of our
investigation.

For a, b branches and n node in MMC-based DC circuits, the
branch current i, node voltage u, and the injection current by the
MMC i, are defined in matrix form as

, . . T

i=ip Ljj e eon o | , 9
u=[ug ug, Uen] n (10)
ic =i ic icn]Tn (11D

Source current vector is= [iys......isi...] T and branch current
can be calculated using the dynamic equation given in (12).
This is a general equation for the MTDC system, it can be
modified according to the network structure. In the equation
matrix L and R are the inductance and resistance matrix of the
DC network and 4 is the incidence. The starting and ending of
the branches between nodes are determined in [25];

1, if node is starting point
aki =43 -1, if node is ending point
0, otherwise
Au=R.i+L di (12)
.u=R.i T

The relationship between inserted current i and the branch
current # is shown as follows
i, =-AT.i

(13)
A. Pole-to-pole Fault

When a PTP fault occurs in a system, it distributes the fault
branch into two, thus the incidence matrix A, resistance matrix
R, and inductance matrix L should include the fault branch for
the accurate calculation. Suppose a fault occurs in the ij branch
at the fault node n,, the branch is divided into two new
branches i, and j,, the PTP fault equivalent circuit is shown
in Fig. 5.
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Fig. 5 Fault Branch Equivalent Model for MTDC network

For the PTP fault branch resistance is divided into R;, and
Rjo. Similarly, the branch inductance is L;y and Lj, and the
current is i;p and ij, respectively. The fault resistance is

denoted by R;. Modified branch current matrix i shown in (14)

i = [iyg e edio fig o] (14)

Meanwhile, the inductance metric and resistance metric are
modified into two rows and two columns, and the dimension of
A is changed from b x n to (b+1) x n.

In a bipolar, two MMCs are connected in the cascaded
structure and the midpoint is connected to the neutral line. For
a PTP fault that occurs in the bipolar system, the branch current
in a positive terminal and negative terminal are the same and
their system behaviors are like the monopole structure because
no current is flowing through the neutral line. Thus, for the
bipolar system, the dynamic equation is modified, and a new
equation is given as (15)

di

A (up+uy) =R.i+L—

T (15)

Where the subscript p and 7 denote the positive and negative
poles of MMC. The relation between the branch current and the
incidence current i, , for the bipolar structure is

icpn = —AT.0 (16)

Thus, it is possible to determine the relationship between the

node voltages, branch currents, and source currents.

Eucp,n = K(icp,n + isp,n) (17)
And K = diag[ e — ]
Ce1 pn Ceip,n

The following conditions are considered when determining
matrix R and L:
o All the resistances in a branch equation's path are
contained in each diagonal element in R and L.
o A non-diagonal element of branch ij shows the
resistance through which other branch current passes.
o The branch current's reference direction determines
the sign of each non-diagonal element.
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Fig. 6 Flow Chart of the proposed algorithm

The branch currents and the node voltage for a PTP fault in the



bipolar MTDC network can be obtained accurately using (15)
and (17).

IV. FAULT CURRENT CALCULATION AND FAULT LOCATION
ESTIMATION

The current of the faulty branch serves as a critical parameter
for extracting data, which is subsequently utilized in developing
algorithms for both fault line detection and fault location
estimation. The flowchart presented in Fig.6 outlines the entire
process, starting from the branch current calculation to the
implementation of fault location estimation algorithms.

A. Fault Current Calculation

A thorough examination of fault currents in the Multi-
Terminal DC (MTDC) network is carried out to enable precise
fault location estimation. A 5-terminal MTDC network with a
40kV voltage rating serves as the test system for this
investigation shown in Fig. 2. To analyze the system's response
and determine the resulting fault currents across each branch, a
PTP fault is introduced on line 12. MATLAB is used to
calculate fault current and voltage by solving the differential
equations (15) and (17) using ordinary differential equations for

various points along a branch with different fault resistances R,

to acquire PTP fault current data. The total length of the
distribution line between two adjacent nodes is 30 km. Table III
demonstrates the range of the fault resistance taken and the line
length division to extract fault data. For the fault on line 12 the
incidence matrix A, resistance matrix R, and inductance matrix
L are given in the Appendix.

1 0 0 0 0

|[o -1 0 0 o]l

o 1 -1 0 o
A_| 0 0 1 -1 0| (18)

-1 0 0 o0 1

Branch current vector i and node voltage u for the PTP fault
that occurs in the system can be defined as

i= [ilz' i20, Loz, U34) L5, i51]
u= [uli Uy, Uz, Uy, uS]
Where, w; =u;, +u, andi=1,23,4 ...

TABLE III VARIABLE FAULT LENTH AND FAULT RESISTANCE

Parameter Range Division
Line Length (L) 0-30km 0.200km
Fault Resistance (Ry) 0-10 Q 0.25Q

Fig.7 shows the calculated fault current for three different
fault resistance Ry, for the same time and same fault location.
From the result, it can be noticed that if the fault resistance is
increased the magnitude of the fault current decreases
dramatically, while Fig.8 shows the fault current at different
locations with constant Ry, resulting in a decrease of the fault
current but in compression to the fault resistance effect, it shows
a small impact on fault magnitude.
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Fig. 7 Fault Current Behavior Under Variable Fault Resistances
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Fig. 8 Fault Current Behavior for Different Fault Locations

B. Fault Line Detection

For fault line detection the branch currents under fault
conditions are used. If a fault occurs on the branch, the current
flowing through the line increases abruptly, this change in
branch current is used to detect the faulty line in the network.

C. Fault Location Estimation Algorithm

For MVDC systems to be more reliable and have shorter
restoration times, precise fault location is essential, particularly
in bipolar multi-terminal DC (MTDC) networks. The fault
current data is obtained from mathematical models of the
MTDC network under various fault situations to train an ANN-
based fault location estimation algorithm. The goal of the
method is to accurately locate the fault in the network while
considering a variety of fault locations and fault resistances.
The design, training process, and algorithm's ability to precisely
locate PTP faults are described in this section.
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Fig. 9 ANN Model Fault Location Estimation Training, validation, and
Testing results



Fig.9 presents regression plots evaluating the proposed ANN
model for fault location estimation in a 5-terminal MTDC
network. The results show a near-perfect correlation between
predicted and target values in the training phase. The fit
equation shows a nearly perfect connection between the
predicted and target values during the training phase, as
indicated by the regression coefficient R = 0.9984. The output
is within the range of 0.99 x Target + 0.19. Similarly, the
validation dataset shows an excellent correlation with R =
0.99813 when the parameters are tuned. Moreover, the model
works well when applied to test data that is not visible,
demonstrating its dependability and resilience. Based on the
model's overall performance, integrating all datasets, fault
location is reliably and consistently estimated.

The ANN algorithm performance for fault location
estimation in a 5-terminal MTDC system is depicted in Fig.10.
The actual fault location is displayed on the y-axis, while the x-
axis represents fault cases. The blue solid line indicates the
actual fault location, while the predicted red dashed line
represents fault locations predicted by ANN. The close
alignment of the two lines suggests the precision of the ANN in
determining the fault location with minimal deviation from the

TABLE IV PERFORMANCE METRICS COMPARISON

Metric ANN SVR

RMSE 0.8090 1.2209
MAE 0.3896 0.9525
R? 0.9912 0.9800

Across all assessed performance measures, the ANN model
performs better than the SVR model. For fault location
estimation in the MTDC network, its better R?> value and
reduced error rates (RMSE and MAE) demonstrate its
exceptional precision and dependability. While the SVR model
yields results, it is less capable of managing the non-linearities
present in fault scenarios, that is why ANN is recommended to
precisely estimate fault locations.

The outcomes of the ANN algorithm with mathematical
modeling demonstration to pinpoint fault location with reduced
percentage error. The model's capacity to generalize effectively
and precisely estimate fault locations across a range of
circumstances is demonstrated by the high R-values for each
phase. Table V shows compression with existing schemes.

TABLE V COMPRESSION WITH EXISTING METHODS
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Fig. 11 SVR Regression Model Output

D. Performance analysis of the proposed algorithm

To evaluate the performance of the model, and ensure its
effectiveness, the model is compared to the existing SVR model
to demonstrate its exceptional precision and dependability.
Fig.11 illustrates the SVR regression performance.

The following three important metrics were used to examine
the effectiveness of the ANN and SVR models for fault location
estimation in the bipolar medium voltage MTDC network: Root
Mean Square Error (RMSE), Mean Absolute Error (MAE), and
Coefficient of Determination (R?). Table IV provides a
summary of the outcomes of various indicators.

E. Performance Analysis of ANN on Non-Ideal
Condition

Real-world power systems will inevitably have
measurements and sensor noise. To evaluate the algorithm's
performance in noisy environments, an additive white Gaussian
noise (AWGN) at three distinct signal-to-noise ratio (SNR)
levels are introduced. As indicated in Table VI, the
classification performance was assessed using the RMSE,
MAE, and R? metrics. The findings show that the model retains
an R? over 0.97, demonstrating its robustness, even when
increasing noise reduces accuracy.

TABLE VI PERFORMANCE METRICS WITH NOISE

Noise Level(db) | RMSE MAE R?

20db 1.4129 0.7912 0.9732

40db 1.1948 0.7586 0.9808

60db 0.8527 0.5805 0.9902

No noise 0.8090 0.3896 0.9912
Variations in temperature, aging, or manufacturing

tolerances can affect distribution line parameters like resistance



(Rqc) and inductance (Lgc). Deviations of £10% and +20% from
the nominal values are considered and examined the impact on
performance to evaluate the robustness of the suggested fault
classification technique.

The RMSE, MAE, and R? metrics for various parameter
modifications are shown in Table VIIL. As the R? stays over 0.98,
the data show that variation has no effect on accuracy. This
implies that the model is very resistant to changes in the
parameters of the transmission line.

TABLE VII PERFORMANCE METRICS WITH LINE PARAMETERS

Variation in (Rgcand Lg.) | RMSE MAE R?

-20% 0.8782 0.6155 0.9896
-10% 0.8532 0.6041 0.9902
Nominal 0.8090 0.3896 0.9912
10% 0.8734 0.6144 0.9898
20% 0.8824 0.6204 0.9895

In DC transmission systems, power converters play a crucial
role in fault identification and categorization. However, factors
such as production tolerances, environmental conditions, and
component aging can impact their performance. To evaluate the
proposed algorithm's resilience in less-than-ideal conditions,
various converter parameters were adjusted, including
submodule resistance (Ro), inductance (L), capacitance (Co),
and the proportional (K;) and integral (K;) control gains of the
converter controller. Table VIII summarizes the effect of these
adjustments on the algorithm's performance, showing that the
model maintains an R? value over 0.97, demonstrating its
robustness.

TABLE VIII VARIATION IN CONVERTER PARAMETERS

Variation in Converter Parameters RMSE | MAE R?

-20% (Ro, Lo and Cy) 0.8747 | 0.6163 | 0.9897
20% (Ro, Lo and Cy) 0.8677 | 0.6142 | 0.9899
-20% (Kp, Ki) 1.2547 | 0.9987 | 0.9789
20% (Kp, Ki) 1.2878 1.0150 | 0.9777

The proposed algorithm is tested for various non-ideal
conditions under noise-added data, line parameters, and

converter parameter variations to simulate real-world scenarios.
However, since the study is based on simulation-generated data,
its performance in actual MVDC networks may vary. Future
work will focus on hardware-in-the-loop (HIL) testing to
further validate its practical applicability and robustness.

V. CONCLUSIONS

This work focuses on PTP faults and provides a robust
method for calculating faults and estimating their locations in
the MTDC distribution system. An ANN algorithm is trained
with this extensive dataset to precisely detect fault locations by
using mathematical modeling to extract fault current data under
different fault locations and fault resistances. The datasets are
divided into 80% of the data used for training, 10% for
validation, and 10% for testing. The system shows consistent
performance in accurately estimating fault location.

The results highlight how the ANN algorithm combined with
mathematical modeling can improve the MVDC network’s
fault detection and localization capabilities. The results
demonstrate that the ANN-based fault location approach
achieves high accuracy, with an RMSE of 0.8090 and R? of
0.9912, outperforming SVR, which achieves an RMSE of
1.2209 and R? of 0.9800. Further analysis, including the
presence of noise and parameter deviations in transmission
lines and converters, confirms the robustness of the method.
The ANN maintains a high R? above 0.97, even with noise and
variations in system parameters, demonstrating its reliability in
practical applications.

This method provides substantial advantages for MVDC
system safety, enabling faster fault diagnosis, reduced
restoration time, and improved system dependability. Modern
DC distribution networks that increasingly use RES can benefit
from the scalable and flexible solution offered by the suggested
approach, which can be incorporated into current MVDC
protection programs. Future studies should investigate real-time
implementation and extend this approach to other fault types to
improve the operational efficiency and resilience of MVDC
networks.

VI. APPENDIX
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