
Journal of Control, Automation and Electrical Systems
https://doi.org/10.1007/s40313-025-01165-6

A New Accurate and Robust Method Based on Deep Neural Networks
for Fault Location in HVDC Systems

Victor Luiz Merlin1 · Ricardo Caneloi dos Santos1 · Ahda Pionkoski Grilo Pavani1 · José Carlos Melo Vieira2

Received: 5 November 2024 / Revised: 30 January 2025 / Accepted: 17 March 2025
© Brazilian Society for Automatics--SBA 2025

Abstract
This paper proposes a new method based on deep neural networks and direct-current voltage signal for fault location in high
voltage direct current systems. An accurate performance of the fault location scheme has crucial role, enabling that planned
actions can be taken to restore the power grid as soon as possible. In general, most of current methods employ communications
links and/or require additional hardware processing current and voltage signals, as this is a complex function potentially
affected by the control loops present in the converter substations. The proposed solution uses only voltage local measurements
and a reasonable sampling frequency, which ensures its applicability. Performing an intelligent signal processing, the power
system reliability and availability can be improved, without additional devices or communication links. The proposed method
takes advantage of the high capability of neural networks for pattern recognition, associating the frequency spectrum of
faulted signals to specific fault locations. The training process is detailed, and the definition of the most suited neural
network architecture is presented. The method is validated by using different HVDC systems, different fault types and fault
resistances. The results reveal the good performance and robustness of the proposed method and its potential for application
for real scenarios.

Keywords HVDC systems · Fault location · Deep neural networks · Intelligent protection

1 Introduction

Nowadays, high voltage direct current (HVDC) systems are
considered a consolidated technology for transmitting power
through long distances. Despite several advantages over high
voltage alternating current (HVAC) systems, new challenges
are posed when considering HVDC systems. One of them is
related to fault location function, which plays a vital role in
protection schemes, collaborating to increase the electrical
system availability (Anderson et al., 2021).

An accurate fault location scheme allows taking quick and
proper actions to restore theHVDC system.However, factors
such as long distances, operating conditions, control systems,
among others, make the fault location a very complex task.
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Therefore, this issue draws the attention of many researchers
that have been considering intelligent solutions to improve
the existing fault location schemes, which are mostly based
on traveling wave (TW) theory. In fact, solutions based on
artificial intelligence are a promisingway to address this kind
of complex problems, overcoming some limitations of the
conventional solutions (Jovcic et al., 2011).

Indeed, while TW-based methods require high sampling
rates and are significantly affected by noise and high values
of fault resistance, intelligent solutions can learn by data, are
robust, efficient and accurate. These important characteristics
are suitable for complex scenarios, as the ones imposed by
the challenges related to HVDC systems (Li & He, 2020).

In Ye et al. (2021), it is presented a method based on
wavelet transform (WT) and deep belief network (DBN) for
fault location in DC transmission lines, where firstly the WT
is used to decompose the original voltage fault signal, and
then the low- and high-frequency components are used to
train different DBNs models. Yang et al. (2017) propose
the use of artificial neural network (ANN) for fault loca-
tion in a three terminal HVDC system. In this case, specific
high-frequency components are extracted by discrete Fourier
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transform (DFT) and applied to a previously trained ANN
responsible for locating the fault in the DC transmission
line. A hybrid fault location scheme based on adaptive neuro-
fuzzy inference system (ANFIS) is proposed in Rohani and
Koochaki (2020),whichuses fault current signals for estimat-
ing the fault distance in a DC transmission line of 250 km.
Promising results were achieved in Lan et al. (2019) using
convolutional neural networks (CNN) for fault location, con-
sidering unsynchronized two-end measurements. Hao et al.
(2018) propose an intelligent scheme based on support vec-
tor regression for fault location in DC transmission lines, by
using fault features captured with Hilbert–Huang transform
(HHT) as input signals. An algorithm based on ANN for
fault location in a low voltage DC microgrid is proposed by
Yang et al. (2016), which uses current samples from the DC
microgrid terminals as inputs to the previously trained ANN.
On the same line, Abdali et al. (2019) propose and imple-
ment in hardware an intelligent algorithm based on ANN for
fault location in a low voltage DC microgrid, by process-
ing current signals from the microgrid terminals. In Ankar
and Yadav (2020), a new approach for fault distance estima-
tion in CSC-HVDC systems is presented, employing discrete
wavelet transform (DWT) for feature extraction of faulted
signals and Gaussian process regression (GPR) for fault esti-
mation. A proposal based on ANN and similarity concept for
fault location in CSC-HVDC systems is proposed in Silva
et al. (2019), while Arita Torres et al. (2022) presents three
different schemes based on combinations of ANN, DFT and
DWT for fault location in MTDC systems. Despite the con-
tributions and promising results presented by these works, all
of them have at least one of the following disadvantages: (a)
designed and tested by using only one type of HVDC system
(CSC or VSC) (Ye et al., 2021; Yang et al., 2017; Rohani &
Koochaki, 2020; Lan et al., 2019; Hao et al., 2018; Ankar &
Yadav, 2020; Silva et al., 2019; Arita Torres et al., 2022), (b)
based on current signals, which are more susceptible to load
conditions and have awide variation range (Yang et al., 2017;
Rohani & Koochaki, 2020; Hao et al., 2018; Ankar & Yadav,
2020; Arita Torres et al., 2022), (c) require communication
link to process the signal from the remote terminal (Ye et al.,
2021; Lan et al., 2019), (d) use a high sampling frequency,
implying a more powerful and complex hardware (Ye et al.,
2021; Lan et al., 2019; Hao et al., 2018; Silva et al., 2019).

In this context, a new method based on deep neural net-
works and DC voltage harmonic content for fault location in
HVDC systems is proposed in this paper, aiming to provide a
robust solution where pre-fault conditions, fault distance and
fault resistance have minimal impact on the method’s perfor-
mance. The method takes advantage of the high capability
of neural networks for pattern recognition, associating the
harmonic content to a specific fault location. The proposed
solution is suited for both VSC and CSC-HVDC systems and
is based only on voltagemeasurements. Themainmotivation

for proposing this solution is to capture a fault location signa-
ture contained in the frequency spectrum of faulted voltage
signal, assuming that for each fault location there is only one
distinct frequency spectrum. Therefore, by using a reason-
able sampling frequency the voltage samples acquired at the
rectifier substation will be processed by using fast Fourier
transform, allowing that a previous trained ANN makes an
association between the obtained frequency spectrum and the
fault distance on the DC transmission line.

A comparison among the mentioned references and the
proposed work is shown in Table 1, highlighting that the
proposed method has shown the capability to operate in CSC
and VSC-HVDC systems, while there is no evidence that the
other methods are able to operate considering both technolo-
gies.

It is well known that differently from shallow ANNs, lim-
ited to few layers and neurons, deep neural networks (DNNs)
have much more complex structures with several layers and
neurons by layer. This characteristic makes the DNN capable
of handling very large and high-dimensional datasets, being
able to deal with complex real-world problems. Therefore,
this work proposes a DNN-based method to locate faults in
DC transmission lines. The main concept behind this method
is to identify fault signatures contained in the frequency spec-
trum of the DC voltage signal. By using this procedure, the
proposed method presents the following advantages: It uses
only local DC voltage signals, already available in the recti-
fier substation; it requires a reasonable sampling frequency;
it does not need communication link; it was tested consider-
ing VSC and CSC-HVDC system technologies; it presents
a robust behavior against different pre-fault conditions and
high values of fault resistance. Given the complexity of
modern power systems, especially HVDC systems based on
converter stations, the development and validation of new
solutions play a crucial role in overcoming the barriers raised
by the sector’s conservatism, which is adapted to conven-
tional methods that often present limitations when applied to
modern power grids.

By considering the main advantages of the proposed
method, its main contributions are:

• The new method is based on deep neural networks and
DC harmonic voltage content, relating fault location to
patterns in frequency spectrum;

• The proposed solution is suitable for both VSC and
CSC-HVDC systems, consistently demonstrating good
performance regardless the fault characteristics or pre-
fault conditions;

• Since only DC voltage measurements are used, the trans-
ducer specification is less critical than that of current
transducers. Indeed, voltage signal exhibits less variation
during normal operation and against fault conditions when
compared with current signal;
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Table 1 Comparison of different fault location methods

Method Input
Signals

Sampling Frequency
(kHz)

Link
Required

Fault Resistance (�) Error (%) Used
Technique

Tested
Technology

[4] V 20 Yes 10 K 0.1615 DWT and
DBN

VSC

[5] I 10 No 100 1.6 FFT and ANN VSC

[6] I NA No 10 0.8774 ANFIS VSC

[7] V 100 Yes 5.2 k 0.1683 CNN CSC

[8] I 1000 No 500 0.46 HHT and
SVR

VSC

[11] V and I 1 No 150 0.041 GPR CSC

[12] V 20 No 100 5.69 ANN CSC

[13] I 10 No 100 1.7 DWT and
ANN

VSC

Proposed V 10 No 100 < 2(1) ANN VSC and
CSC

NA Not Available; (1) Average error considering VSC and CSC technologies

• The proposed method employs a reasonable sampling
frequency (10 kHz) without needing a communication
link. By using only local signals and existing hardware
resources in the rectifier substation the solution can be
considered for practical applications.

This paper is organized as follows: In Sect. 2, the VSC-
HVDC system adopted to develop the proposed method is
presented and the fault signal characterization is performed.
In Sect. 3, the proposed DNN-based method is discussed,
including the training process and the preprocessing steps.
In Sect. 4, the proposed solution is evaluated, by analyzing
the results of thousands of different fault cases. In Sect. 5, the
proposed method is validated against a CSC-HVDC system,
showing its accuracy and robustness. Finally, the conclusions
are drawn in Sect. 6.

2 Fault Signal Characterization

Figure 1 presents the VSC-HVDC system adopted for
this study. The electrical system is a symmetric monopole
topology with three-level neutral point clamped (NPC) and
12-pulse converters on the rectifier and inverter sides. The
substations are connected to AC equivalent systems rep-
resented by nominal voltages of 230 kV (50 Hz) and
short-circuit powers of 2000 MVA. The nominal voltage in
the DC link is ± 100 kV and the rated transmission power
is 200 MVA. For modeling the DC transmission line 40 “pi”
sections were used, thus representing the distributed nature
of its parameters more closely (Merlin et al., 2022; Khatir
et al., 2006).

Table 2 Fault cases in the VSC-HVDC system

Case Type of
Fault

Fault Resistance (�) Fault Location

1 PG 0.1 20% of the DC
Line

2 PG 10 20% of the DC
Line

3 PG 50 20% of the DC
Line

4 PG 0.1 50% of the DC
Line

5 PG 10 50% of the DC
Line

6 PG 50 50% of the DC
Line

7 PG 0.1 80% of the DC
Line

8 PG 10 80% of the DC
Line

9 PG 50 80% of the DC
Line

PG Positive pole-to-ground fault

Several fault cases were simulated in the DC line, assum-
ing different fault resistances and fault locations for positive
pole-to-ground faults (PG). The simulated scenarios are
shown in Table 2. The simulation time is 2.7 s and the fault is
always applied at 2.5 s. The analyses are performed by con-
sidering the pre- and post-fault periods of 10 ms and 20 ms,
respectively.
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Fig. 1 Adopted VSC-HVDC system

Fig. 2 Fault cases considering: (a) DC voltage signals in time domain; (b) DC voltage signals in frequency domain; (c) limits of relevant frequencies
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As it can be seen in Fig. 2a, there is a unique faulted signal
for each fault case, which can be associated as a fault signa-
ture. However, by analyzing these signals as time functions,
the relationship between fault location and faulted signals
seems very complex, and almost impossible for dozens or
hundreds of cases. In general terms, after a fault event, it is
possible to observe a voltage reduction, followed by an oscil-
latory behavior produced by the discharge of energy stored
in the DC line at the fault instant. Such a phenomenon pro-
duces traveling waves that travel from the fault point to the
DC line terminals in both directions (Anderson et al., 2021;
Silva et al., 2019).

On the other hand, by plotting the voltage signals in fre-
quency domain, as shown in Fig. 2b, a more regular pattern
can be observed for fault location purposes, i.e., there is only
one set of harmonic content related to each simulated fault.

It is important to mention that by means of previous ana-
lyzes, based on hundreds of computational simulations using
PSCAD, it was verified that the relevant information about
the fault event is found until the 10th harmonic, as illus-
trated in Fig. 2c. The frequency components were extracted
by using DFT and the sampling rate of 10 kHz. After this
range, the frequency spectrum does not change significantly,
which means that there is no relevant information for the
purpose of this work.

Some studies found in literature, based on Similarity con-
cept (Farshad & Sadeh, 2013) or ANNs (Silva et al., 2019),
have been used for fault location in time domain. Never-
theless, they have important drawbacks with respect to their
practical implementation, as they are designed and tested
only to address the fault location issue in a particular tech-
nology of HVDC system (VSC or CSC). Differently from
these methods, the solution presented here is able to work
considering VSC and CSC-HVDC systems, without loss
of performance. To achieve this goal the proposed method
works in frequency domain, taking advantage of the high
capability of ANNs for pattern recognition, associating each
set of harmonic content to a specific fault location.

Given the complexity of this function, considering both
VSC and CSC-HVDC systems, different operating condi-
tions, fault resistances and fault locations, a deep neural
network (DNN) is used, thus allowing capturing all relevant
information available in the voltage signal. The use of volt-
age signal results in a more robust solution, when compared
to current signal, once the voltage is less susceptible to load
condition and varies in a lower range during fault condition.

3 ProposedMethod for Fault Location

Figure 3 gives an overviewof the proposedmethod.As can be
seen, the DNN is responsible for estimating the fault distance

based on a set with eleven frequency components, which
works as a kind of fault signature.

In the proposed method, to extract the frequency compo-
nents, a data window of 20 ms is adopted, assuming 50 Hz
as the fundamental frequency. For this purpose, it was used a
DFT where a moving data window is updated at each 0.5 ms
for the next 10 ms post-fault, thus totalizing 20 frequency
spectrums used to feed the trainedDNN. Therefore, theDNN
is fed with 220 frequency magnitudes from 0 to 10th order.

It is important to mention that this method is exclusively
designed for fault location in DC transmission lines, act-
ing only after the fault detection and classification functions,
which could be performed by different methods (Arita Torres
et al., 2022; Merlin et al., 2022). In fact, this study can be
seen as an extension ofMerlin et al. (2022), which, operating
in the time domain and using shallow ANNs, can trigger the
proposed intelligent fault location scheme. For the purpose
of this study, a fault is declared when the difference between
two consecutives DC voltage samples drops more than 0.01
pu. The DNN is composed of five hidden layers, properly
trained to issue a value between 0 and 1, proportional to the
transmission line length, e.g., an output of 0.5 represents a
fault in the middle of the transmission line, while an out-
put of 1 represents a fault at the remote terminal. Figure 4
exemplifies the operation of the proposed method for fault
location.

It is worth noting that there are three different DNNs,
but only one of them is enabled after the fault classification
function. Each DNN is responsible for a specific fault type
(PG—positive pole to ground, NG—negative pole to ground
or PN—positive pole to negative pole). In turn, depending
on the type of fault, different input signals are used, i.e.,
PG faults require voltage measurements from positive pole,
while NG faults require voltagemeasurements from negative
pole. The designed DNNs for fault location are designated
as follows:

• DNNDISTPN/PNG:Responsible for estimating the fault
distance for faults between the positive and negative poles
(with or without the ground involvement);

• DNN DIST NG: Responsible for estimating the fault dis-
tance for faults between the negative pole and ground;

• DNN DIST PG: Responsible for estimating the fault dis-
tance for faults between the positive pole and ground.

3.1 DNNs Topologies

As it is well known when working with ANNs, their topolo-
gies are defined by a trial-and-error process. Therefore, as
a preliminary analysis, a large number of simulations were
executed and analyzed, seeking to define the best DNN topol-
ogy to perform the fault location function in DC transmission
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Fig. 3 General view of the proposed method

Fig. 4 Operation of the proposed
method
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Table 3 Topologies of the DNN
for fault location System DNN Input Neurons per Layer

First Second Third Fourth Fifth Sixth

VSC DIST PN/PNG 220 19 23 22 21 20 1

DIST PG 220 21 25 24 23 22 1

DIST NG 220 20 24 23 22 21 1

Fig. 5 Topology of the DNN to
locate NG faults

lines. The best results were obtained by using six layers (five
hidden layers and one output layer), with different number
of neurons per layer, according to Table 3.

Despite the different number of neurons per layer, the
DNNs are similar with respect to their topology, since assum-
ing n1 the number of neurons in the first layer, the numbers of
neurons (n2, n3, n4 and n5) in the other layers are as follows:
n2 = n1 + 4; n3 = n1 + 3; n4 = n1 + 2; and n5 = n1 + 1. As
an example, Fig. 5 presents the DNN designed to locate NG
faults in the adopted VSC-HVDC system (DNN DIST NG).
The topology of this DNN is 20–24-23–22-21–1, which is
exactly the same as the DNN used to locate NG faults in the
adopted CSC-HVDC system, as it will be discussed later.

As an example, the matrices (1) to (3) show the weights
and bias for the first, second and sixth layers, respectively.
Table 4 summarizes the DNN (in terms of matrices’ dimen-
sions) used in this research, highlighting that the neurons
from the first layer to the fifth layer are implemented with
hyperbolic tangent as activation function, while for the sixth
layer was used the linear function. After training the DNN,
the weights and bias assume suitable values to perform the
fault location, which means that these values represent the
stored knowledge. In general, the more elements, the more
complex are the regions represented by DNNs.
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Table 4 Matrices’ dimensions of
the DNN for fault location 1st Layer 2nd Layer 3rd Layer 4th layer 5th Layer 6th Layer

Matrix of Weights [220 × 20] [20 × 24] [24 × 23] [23 × 22] [22 × 21] [21 × 1]

Matrix of Bias [20 × 1] [24 × 1] [23 × 1] [22 × 1] [21 × 1] [1 × 1]

W1 =
⎡
⎢⎣

W 1
1−1 · · · W 1

1−20
...

. . .
...

W 1
220−1 · · · W 1

220−20

⎤
⎥⎦
220x20

B1 =
⎡
⎢⎣

B1
1
...

B1
20

⎤
⎥⎦
20x1

(1)

W2 =
⎡
⎢⎣

W 2
1−1 · · · W 2

1−24
...

. . .
...

W 2
20−1 · · · W 2

20−24

⎤
⎥⎦
20x24

B2 =
⎡
⎢⎣

B1
1
...

B1
24

⎤
⎥⎦
24x1

(2)

W6 =
⎡
⎢⎣

W 6
1−1
...

W 6
21−1

⎤
⎥⎦
21x1

B6 =
[
B1
1

]
1x1

(3)

3.2 Input Signals to Feed the Specified DNNs

The adopted data window is built by DC voltage samples,
acquired during 10 ms post-fault and sampled at 10 kHz.
Many different methods could be used for fault detection,
but for the purpose of this work, a DC voltage drop higher
than 0.1 pu was employed to declare a fault condition. It is
important to note that themain goal of this work is to propose
an accurate and reliable fault location method, regardless of
the previous steps of fault detection and classification, which
are exhaustively discussed in literature. After each 10ms, the
DFT is applied on the data window (which is updated at each
0.5 ms), generating 20 frequency spectrums from 0 to 10th
order. Thus, these 220 frequency components (11 frequency
components × 20 windows) are used to feed the DNN, as
illustrated in Fig. 6.

3.3 Definition of the Training Sets for Fault Location

As discussed in the previous sections, only DC voltage sig-
nals already available in the rectifier substation are used by
the proposed method. These signals are designated as fol-
lows:

• Vpos—positive pole-to-ground voltage
• Vneg—negative pole-to-ground voltage

The training sets are built considering twenty data win-
dows with the harmonic content (from 0 to 500 Hz) present
in Vpos or Vneg, depending on the fault type. The follow-
ing situations were considered to generate the fault cases for

Fig. 6 Harmonic content to feed the DNNs

Table 5 Parameters for building the training sets and test cases

Parameter Minimum Value Maximum
Value

Voltage at the bus 1 (pu) 0.95 1.05

Voltage at the bus 2 (pu) 0.95 1.05

Power across the line (pu) 0.5 1

Fault location in the DC line
(pu)

0 1

Fault resistance (�) 0 100

Voltage angle at the bus 1 (o) 0 360

Voltage angle at the bus 2 (o) 0 360

training purposes, highlighting that 1000 simulations were
performed for each fault type, as follows:

• Positive pole to negative pole fault
• Positive pole to negative pole-to-ground fault
• Positive pole-to-ground fault
• Negative pole-to-ground fault

In addition to the fault type, the variables and ranges shown
in Table 5 were used for generating the training sets. It is
important to mention that the same ranges were used for
generating the test cases, but considering different values,
as will be discussed in the next section. Thus, the proposed
methodwill be always tested bymeans of unknown operating
scenarios.
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Fig. 7 Training set for the DNN DIST TL PN/PNG

Fig. 8 Training set for the DNN DIST TL PG

Once the training sets were built, the three DNNs to
locate PN/PNG, PG and NG were trained. They work totally
independent of each other, which means that each one is
responsible for a specific fault type, as follows:

• DNNDIST PN/PNG:DNN responsible for fault location
when the fault involves the positive and negative poles
(with and without ground involvement), responding with
a value between 0 and 1, depending on the fault distance
with respect to the rectifier substation. Thus, for faults at
the beginning of the DC transmission line, the DNN issues

0, while for faults at the end of the DC transmission line
the DNN issues 1.

• DNNDIST PG:DNN responsible for fault location when
a positive pole-to-ground fault takes place in the DC trans-
mission line, responding with a value between 0 and 1,
depending on the fault distance with respect to the recti-
fier substation.

• DNNDISTNG:DNN responsible for fault location when
a negative pole-to-ground fault takes place in theDC trans-
mission line, responding with a value between 0 and 1,
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Fig. 9 Training set for the ANN DIST TL NG

Table 6 Performance of the
proposed method Fault types in the DC transmission line

PN PNG PG NG

Number of Cases 500 500 1000 1000

Hit Rate 493 (98.6%) 494 (98.8%) 992 (99.2%) 987 (98.7%)

Fail Rate 7 (1.4%) 6 (1.2%) 8 (0.8%) 13 (1.3%)

depending on the fault distance with respect to the recti-
fier substation.

Figures 7, 8 and9 are suitable to better illustrate theDNNs’
training sets. In a simplifiedway, these figures show the train-
ing sets for the DNN DIST PN/PNG, DNN DIST PG and
DNN DIST PN, respectively.

After a large number of simulations and analyses, the best
trade-off between performance and computational burden
was verified for the DNNs topologies shown in Table 3, con-
sidering the possible fault types. Thismeans that DNNsmore
complex than the selected ones work and could be adopted,
but they would require more processing power without sig-
nificantly improving the performance. On the other hand,
DNNs smaller than the selected ones have their performance
degraded, despite requiring less processing power.

4 Fault Location in the DC Transmission Line

For evaluation purposes, by considering the ranges presented
in Table 5, the proposed method was tested against 3000
different fault cases in the DC line, distributed as follows:

• PN (positive to negative ground fault): 500 cases
• PNG (positive to negative to ground fault): 500 cases
• PG (positive to ground fault): 1000 cases
• NG (negative to ground fault): 1000 cases

In addition to the fault type, the fault cases were generated
assuming the variables and ranges shown in Table 1. The
proposed method is evaluated with respect to its accuracy
for fault location. The relative error in estimating the fault
distance is given by (4), where Dact , Dest and L correspond
to the actual fault distance, the estimated fault distance and
the total TL length, respectively.

E(%) = Dact − Dest

L
· 100 (4)

As an additional measure of the method’s performance, a
threshold value of 5% is adopted, i.e., for errors higher than
this threshold the distance estimation is considered wrong
and a failure is registered, while for errors lower than 5% the
distance estimation is considered successful (Santos & Sen-
ger, 2011; Brahma &Girgis, 2004; Petite et al., 2021; Akdağ
et al., 2024). Table 6 shows the overall performance of the
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Fig.10 Errors distribution for: a PN faults; b PNG faults; c PG faults; and d NG faults

proposed method for 3000 fault cases in the DC transmis-
sion line, with emphasis on pole-to-ground faults, as they are
much more frequent than pole-to-pole faults in HVDC sys-
tems and are the main concern of protection engineers. The
errors distribution for each fault type is presented in Fig. 10.

By analyzingFig. 10, it is possible to observe the high level
of accuracy is achieved with the solution presented here. In
general terms, faults involving both poles are similar with
most errors, around ± 2%, while pole-to-ground faults are
similar withmost errors between± 5%.Moreover, it is worth
noting that the few observed fault location errors are lower
than 8% for PG faults, 15% for PGN faults, 9% for PG faults
and 12% for NG faults.

5 A Factors Affecting theMethod’s
Performance

This subsection analyzes how the proposed method is
affected by factors as fault resistance and fault distance. For
this purpose, as an example, Fig. 11a illustrates the relation-
ship between fault resistance and fault location for PG faults,
showing that the vast majority of the tested cases present
errors lower than 5%, regardless of the fault resistance value.
Nonetheless, for more information about this relationship,
the 3D figure might not be suitable, being replaced by its
2D version, as shown in Fig. 11b. This figure allows a more
detailed visualization, where one can see that for PG faults,
assuming fault resistance of 80 �, 80% and 100% of the
tested cases present errors lower than 2% (point A) and 4%
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Fig. 11 Relationship between fault resistance and fault location in: a 3D view and b 2D view

(point B), respectively. On the other hand, assuming the same
type of fault, but with a fault resistance of 90�, it is possible
to verify that 80% and 100% of the tested cases present errors
lower than 3% (point C) and 4% (point D), respectively.

Figure 12 presents the effect of the fault resistance on the
method’s performance for PN, PNG, PG and NG faults, in
a total of 3000 fault cases, i.e., 500 cases for PN and PNG
faults and 1000 cases for PG and NG faults, respectively. As
can be seen in Fig. 12, there is not any significant dependence
between fault resistance and fault location for DC line faults.

On the other hand, when analyzing the method perfor-
mance with respect to the fault distance, it is possible to
verify a dependency between them, as the errors are higher
for faults close to the DC line terminals, as shown in Fig. 13.
However, it is important to note that the error is still lower
than 5% for more than 90% of the fault cases.

6 Validation of the ProposedMethod

A new HVDC system, based on CSC technology, is mod-
eled and simulated to validate the proposed method. Thus,
this new system allows generating 5000 different fault cases
to measure the robustness and comprehensiveness of the
solution presented here. Once again, the fault caseswere gen-
erated assuming the variables and ranges shown in Table 4.

The new CSC-HVDC system is shown in Fig. 14. This
system is connected to an AC equivalent source of 500 kV
at 60 Hz and short-circuit level of 5000 MVA on the rectifier
side and connected to an AC equivalent source of 345 kV at
50 Hz and short-circuit level of 10,000 MVA on the inverter
side. The nominal voltage of the DC link is± 500 kV, and the

rated transmission power is 1000MVA.TheDC transmission
line of 300 km length wasmodeled in Power SystemToolbox
(MATLAB) by using 40 “pi” sections, thus allowing repre-
senting the distributed nature of its parameters more closely
(Merlin et al., 2022; Khatir et al., 2006). As assumed before,
fault cases are characterized by short-circuits between posi-
tive pole and ground along theDC line, as depicted in Fig. 14.
Once again, the relative error in estimating the fault distance
is calculated by (1).

As it can be seen in Fig. 14, only positive pole-to-ground
faults are considered for the adopted CSC-HVDC system.
The procedure for training the DNN and for defining its
topology is exactly the same already discussed in the sub-
Sect. 3C, when considering PG faults and DNN DIST PG.
These characteristics simplify the practical implementation
of the proposed method, enabling its use in different scenar-
ios.

For the CSC-HVDC system, the observed results were
better than the ones observed for the VSC-HVDC system, as
all faults were accurately located.With respect to the adopted
criterion, this means that all faults were located with an error
lower than 5%. Figure 15 shows that the errors are mostly
concentrated between ± 1%.

More details about the method performance can be seen
in Fig. 16 and Fig. 17. By analyzing Fig. 16, it is possible to
verify that the errors are higher for fault resistances smaller
than 2�. With respect to fault location, Fig. 17 shows that the
errors are higher for fault cases close to the rectifier substation
(up to 3% of the DC line). However, it is worth noting that
in both analyses, the errors are still lower than 5%. For all
other fault cases, the errors are lower than 2%.
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Fig. 12 Fault resistance effect on proposed method considering: (a) PN faults; (b) PNG faults; (c) PG faults; and (d) NG faults

It is important to mention that for VSC and CSC-HVDC
systems similar to the adopted ones, the proposed method
can be appliedwithout loss of performance. Nevertheless, for
HVDC systemswith significant differences from the adopted
ones, i.e., with different topologies (multi-terminal, existence
of current limiters or other filters) a new training processmust
be performed, thus defining a new workspace. Similarly, a
new training process is required to improve the method’s
performance for fault resistances higher than 100 �, which
was defined as the upper limit in this study. These could be
considered as the limitations of the current version of the
proposed method.

After analyzing the obtained results for both VHDC sys-
tems, it was observed that this intelligent location method
is able to work properly only by using voltage signals cap-
tured with a reasonable sampling frequency regardless of the
technology (VSC or CSC). Moreover, a high accuracy was

always verified against a large number of fault cases consid-
ering different fault characteristics. It is important to point
out that using only voltage signals the method is less affected
by pre-fault or load condition, and the PT specification is not
as critical as CT specification.

In a fewworks, the main novelties of the proposedmethod
are as follows:

• The method based on DNN is able to find signatures in the
voltage frequency spectrum;

• The proposed solution is suitable for both VSC and CSC-
HVDC systems;

• Only DC voltage is used, and the method is less affected
by fault and pre-fault condition;

• A reasonable sampling frequency (10 kHz) is usedwithout
needing a communication link.
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Fig. 13 Fault location effect on proposed method considering: (a) PN faults; (b)PNG faults; (c) PG faults; and (d) NG faults

Fig. 14 Adopted CSC-HVDC system to validate the proposed algorithm
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Fig. 15 Error distribution considering the CSC-HVDC system and PG
faults

Fig. 16 Fault resistance effect considering the CSC-HVDC system and
PG faults

7 Conclusions

This work presented a new fault location method based on
DNN for HVDC systems. The proposed method showed an
accurate and robust behavior for locating faults in DC trans-
mission lines, regardless of the HVDC technology (VSC and
CSC). Despite its accuracy and robustness, the solution pre-
sented here has the advantage of using only local DC voltage
signals. To extract the harmonic content of the voltage sig-
nals, the DFTwas applied to amoving data window of 20ms,
by using a sampling frequency of 10 kHz.

The proposed method was evaluated against thousands of
test cases, and two different HVDC systems, always present-
ing an accurate performance. Against 3000 different fault
cases from the VSC-HVDC, the error was within 5% in

Fig. 17 Fault location effect considering the CSC-HVDC system and
PG faults

2966 fault scenarios (Table 6), while against 5000 fault cases
from the CSC-HVDC system the error was within 5% in
all scenarios, being most of them within 1% (Fig. 15). It is
important to mention that both adopted HVDC systems are
widely used for developing and testing protection and control
algorithms. Given the complexity of the fault location issue
in DC transmission lines, as for example, the effect of pre-
fault conditions, high values of fault resistance and converter
actions, the DNN appears as a very promising solution. This
kind ofANN ismore complex than the usual shallow ones, so
that they are able to capture relevant information bymeans of
a complex architecture composed of a large number of layers
and neurons.

It is important to point out that the training procedure
and DNN topology specified to be used in the VSC-HVDC
system were also used to locate faults in the CSC-HVDC
system. This characteristic simplifies the implementation of
the proposed solution, which will be the next planned step
for this research, i.e., hardware implementation and practical
tests by using HIL (hardware-in-the-loop) simulation.

Fault location in HVDC systems still have issues to
be addressed, since the converter stations and the adopted
HVDC technology can change the dynamic response of the
power grid under fault. As future research in this area, new
artificial intelligence techniques and hybrid algorithms could
be tested, in order to improve the accuracy of fault location
methods. Moreover, real fault signals could be used in prac-
tical tests, allowing the measure the real benefits of each
proposed methods. Another important step of this research
would be to verify how the noisy voltage signals affect the
proposed method and what its real robustness level against
noise.
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