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Abstract: Faults are the primary cause of economic losses, equipment damage, and blackouts
in distribution networks. These faults are categorized into various types and induce rapid
fluctuations in voltage and current signals. In this paper, a machine learning-based fault
detection method is considered. The proposed methodology effectively addresses the challenges
of identifying fault types and locations in distribution power systems. By applying the Wavelet
Packet Transform feature extraction method to superimposed three-phase voltage signals, the
approach achieves high accuracy and robustness, even under noisy conditions and varying
disturbances. The uncertainties associated with Renewable Energy Sources are considered,
and the optimal locations of Monitoring Units are determined using a Voltage Stability Index-
based optimization framework. Simulation results on a detailed IEEE 33-bus network validate
the method’s reliability, demonstrating its potential to enhance the efficiency and resilience of
modern distribution networks.
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1. INTRODUCTION

The optimal operation of distribution networks (DNs) is
consistently threatened by various internal faults (e.g.,
malfunctioning electrical components, miscalculations)
and environmental incidents (e.g., storms, lightning, etc.).
According to Grainger and William (1994), these faults are
either temporary or permanent. Conventional protection
systems and devices can typically clear temporary faults.
In contrast, permanent faults cannot be resolved remotely,
and the deployment of maintenance crews is necessary.
Furthermore, the expanded geographical coverage of DNs,
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their connection to sensitive loads and customers, the
presence of extensive electrical equipment, and the high
penetration of Renewable Energy Sources (RESs) intro-
duce additional operational challenges to DNs.

Overvoltage, a primary characteristic of faults, occurs
when the voltage amplitude exceeds the system’s basic
insulation level. While overvoltages typically do not cause
immediate, substantial damage to DNs, undetected and
unmitigated occurrences can escalate, leading to system-
wide blackouts and posing stability concerns. These issues
highlight the critical importance of effective fault detection
and location in DNs.

Faults that induce overvoltages in DNs exhibit distinct
characteristics and are typically classified into the fol-
lowing categories: single-phase-to-ground (LG), double-
phase (LL), double-phase-to-ground (LLG), and three-
phase-to-ground (LLLG) faults (see James et al. (2017)).
Symmetrical faults, such as lightning strikes and LLLG
faults, allow for balanced system modeling of DNs. In
contrast, asymmetrical faults, including LG, LL, and LLG
types, introduce phase imbalances, leading to unbalanced
operating conditions, as described in Grainger andWilliam
(1994).
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Produzione, Università degli Studi di Bergamo, 24044 Dalmine,

Bergamo, Italy, (email: { antonio.russo}@unibg.it).

Abstract: Faults are the primary cause of economic losses, equipment damage, and blackouts
in distribution networks. These faults are categorized into various types and induce rapid
fluctuations in voltage and current signals. In this paper, a machine learning-based fault
detection method is considered. The proposed methodology effectively addresses the challenges
of identifying fault types and locations in distribution power systems. By applying the Wavelet
Packet Transform feature extraction method to superimposed three-phase voltage signals, the
approach achieves high accuracy and robustness, even under noisy conditions and varying
disturbances. The uncertainties associated with Renewable Energy Sources are considered,
and the optimal locations of Monitoring Units are determined using a Voltage Stability Index-
based optimization framework. Simulation results on a detailed IEEE 33-bus network validate
the method’s reliability, demonstrating its potential to enhance the efficiency and resilience of
modern distribution networks.

Keywords: Fault Detection, Supervision, and Safety, Intelligent Control in Smart Grid, Smart
Grids, Distributed and Decentralized Control and Management, Decision Support Systems.

1. INTRODUCTION

The optimal operation of distribution networks (DNs) is
consistently threatened by various internal faults (e.g.,
malfunctioning electrical components, miscalculations)
and environmental incidents (e.g., storms, lightning, etc.).
According to Grainger and William (1994), these faults are
either temporary or permanent. Conventional protection
systems and devices can typically clear temporary faults.
In contrast, permanent faults cannot be resolved remotely,
and the deployment of maintenance crews is necessary.
Furthermore, the expanded geographical coverage of DNs,
⋆ This work was partially funded by the European Union under
GA no 101101961 - HECATE. Views and opinions expressed are
however those of the author(s) only and do not necessarily reflect
those of the European Union or Clean Aviation Joint Undertaking.
Neither the European Union nor the granting authority can be
held responsible for them. The project is supported by the Clean
Aviation Joint Undertaking and its Members. Project co-funded by
the European Union – Next Generation Eu - under the National
Recovery and Resilience Plan (NRRP), Mission 4 Component 1
Investment 4.1 - Decree No. 118 (2nd March 2023) of Italian Ministry
of University and Research - Concession Decree No. 2333 (22nd
December 2023) of the Italian Ministry of University and Research,
Project code D93C23000470005, within the Italian National Program
PhD Programme in Autonomous Systems (DAuSy).

their connection to sensitive loads and customers, the
presence of extensive electrical equipment, and the high
penetration of Renewable Energy Sources (RESs) intro-
duce additional operational challenges to DNs.

Overvoltage, a primary characteristic of faults, occurs
when the voltage amplitude exceeds the system’s basic
insulation level. While overvoltages typically do not cause
immediate, substantial damage to DNs, undetected and
unmitigated occurrences can escalate, leading to system-
wide blackouts and posing stability concerns. These issues
highlight the critical importance of effective fault detection
and location in DNs.

Faults that induce overvoltages in DNs exhibit distinct
characteristics and are typically classified into the fol-
lowing categories: single-phase-to-ground (LG), double-
phase (LL), double-phase-to-ground (LLG), and three-
phase-to-ground (LLLG) faults (see James et al. (2017)).
Symmetrical faults, such as lightning strikes and LLLG
faults, allow for balanced system modeling of DNs. In
contrast, asymmetrical faults, including LG, LL, and LLG
types, introduce phase imbalances, leading to unbalanced
operating conditions, as described in Grainger andWilliam
(1994).

Learning-based Detection of Fault Type
and Location in Electrical Distribution

Networks ⋆

Sajjad Miralizadeh Jalalat ∗,∗∗ Alberto Cavallo ∗

Antonio Russo ∗∗∗ Francesco Tucci ∗,∗∗

∗ Dipartimento di Ingegneria, University of Campania “L. Vanvitelli”,
81031, Aversa, Italy, (email: {sajjad.miralizadehjalala, alberto.cavallo,

antonio.russo1, francesco.tucci}@unicampania.it).
∗∗ Polytechnic of Bari, Dept. of Electrical and Information
Engineering, Via Re David 200, 70125 Bari, Italy (e-mail:

{s.miralizadehjala, f.tucci4}@phd.poliba.it ).
∗∗∗ Dipartimento di Ingegneria Gestionale, dell’Informazione e della
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The identification and detection of faults causing over-
voltages in DNs attracts significant attention in the lit-
erature. Fault detection is essential in DNs’ control and
operation (Bansal and Sodhi (2018)) due to the direct
connection of DNs to sensitive loads and components, as it
enables rapid fault isolation and system recovery, thereby
enhancing the reliability and stability of DNs. However,
the complexity of DNs, their extensive geographical cov-
erage, the lack of accurate network data, numerous con-
sumers, the presence of RESs, and the high cost of certain
equipment pose significant challenges to traditional fault
detection methods. Recent advancements in measurement
and communication technologies have enabled the develop-
ment of hybrid approaches that integrate signal processing
with machine learning (ML) techniques, as demonstrated
in Peng et al. (2020). These approaches have gained consid-
erable attention from researchers in recent years, offering
promising solutions to enhance the accuracy and efficiency
of fault detection and location in modern power systems.

On the other hand, ensuring precise and reliable data
collection is a critical challenge in DNs due to the pres-
ence of numerous busbars and the sensitivity of ML-
based methods to data accuracy and quality. Data reli-
ability depends not only on the methods and equipment
used for acquisition but also significantly on the place-
ment of Monitoring Units (MUs). While some DNs are
fully observable—meaning each busbar can serve as an
MU—observability alone is not a sufficient criterion for
determining the number and placement of MUs, as it over-
looks efficiency and performance considerations. Originally
rooted in control theory, the concept of observability has
recently been extended to various fields, including cloud
computing (Marie-Magdelaine et al. (2019), Costa et al.
(2022)). Several studies have explored the observability of
DNs through voltage measurements, such as Avendaño-
Mora and Milanovic (2012). However, to address the limi-
tations of observability-based approaches, numerous stud-
ies have proposed optimization methods for the placement
of MUs and protection devices to improve fault detection
performance (see Netto et al. (2022))

The Voltage Stability Index (VSI) is a key factor in
determining the optimal placement of MUs. Various types
of VSI exist, but this work employs the L-index (see Kessel
and Glavitsch (1986)), a widely used metric for assessing
power system stability. A comprehensive review of VSI
methodologies is provided by Salama and Vokony (2022).
In this study, an optimization problem is formulated using
VSI as a criterion, along with the distance between MUs,
to determine their optimal locations. As a result, the
placement of MUs is strategically selected based on the
VSI values.

Following the optimal placement of MUs, a hybrid ap-
proach is employed, combining signal processing and an
ML-based method for fault type detection and location.
Wavelet Packet Transform (WPT) is a powerful tool used
to extract detailed coefficients, facilitating effective fea-
ture extraction. For instance, James et al. (2017) utilizes
WPT and Deep Neural Networks (DNNs) to detect fault
types and locations in DNs, though the fault location
in that study is restricted to identifying positions within
specific distances along four predefined lines in the grid.
Additionally, Ray and Mishra (2016) presents a hybrid

technique that combines WPT with Support Vector Ma-
chine (SVM) for fault detection and localization in DNs. A
comprehensive review of fault monitoring, detection, and
classification methodologies in power systems is presented
by Labrador Rivas and Abrão (2020).

In this paper, a signal processing and ML-based approach
is proposed to detect the type and location of faults in
DNs. To mitigate the influence of noise and load vari-
ations, the superimposed fault voltage signal is utilized.
Additionally, an optimization technique based on the VSI
is proposed to determine the optimal placement of MUs.
The WPT and other feature extraction techniques are
employed to extract features from the voltage signals. The
extracted data is then used in the fault detection pro-
cess, where an NN-based classification method identifies
different types of faults. Next, a fault location detection
algorithm is proposed to accurately identify the precise
location of the fault (i.e., the faulty busbar). In Hu et al.
(2022), classification is carried out using data from all
busbars, while this paper aims to achieve good results by
using the minimum number of MUs.

2. PRELIMINARIES & PROBLEM FORMULATION

A three-phase AC DN is considered in this paper, con-
sisting of a main voltage source, multiple RESs (such as
photovoltaic systems and wind turbines) and n buses. The
topology of the overall AC power network can be modeled
as a connected, undirected graph G = (B, E), where the
nodes B = {1, . . . , n} represent the buses, and the edges
E = {1, . . . , p} represent the power line interconnecting
the buses. The bus nodes are divided into two sets, Bl

and Bg, representing the set of buses of consumers and
generators, respectively, with Bl ∪ Bg = B. The DN is
equipped with m voltage signals monitoring units MUs
(referred to as monitors), where m ≤ n is large enough so
that the observability property, intended as in Liao (2009),
is guaranteed. Subsequently, the primary objective of this
work can be stated as follows.

Objective 1. Given the AC DN represented by G, equipped
with m monitors, detect both the type and location of
faults occurring within the network.

Objective 1 is achieved through a data-driven approach.
By leveraging the data collected from the monitors, we
aim to accomplish the following:

i) identifying different types of faults occurring within
the DN,

ii) identifying the faulty busbar in the DN.

As outlined in the following sections, Objective 1 is ad-
dressed by developing data-driven algorithms, trained on
data measured by the MUs (possibly in real-time).

Fault-type classification is a relatively straightforward task
and can be accomplished using data from a single monitor.
However, identifying faulty busbars is more complex and
requires data from multiple monitors to achieve reliable
performance. Additionally, incorporating multiple moni-
tors enhances the robustness of fault-type classification,
ensuring greater accuracy and reliability. Additionally, the
optimal placement of MUs can significantly enhance sys-
tem performance. Consequently, the strategic selection of

MU locations is critical to the effectiveness of the pro-
posed fault detection and localization method. Moreover,
the presence of measurement noise necessitates a robust
approach to ensure accurate fault classification and precise
fault location.

Thus, the secondary objective of this paper is formulated
as follows.

Objective 2. Given the AC DN topology described by
G, equipped with m monitors, determine the optimal
locations of the monitors that maximizes the fault type
and fault location detection accuracy.

It is important to note that Objective 2 can be formu-
lated as an optimization problem, whose solution is highly
dependent on the DN’s topology and the characteristics
of the busbars. Solutions to this problem, focusing on
observability, have been explored by Avendaño-Mora and
Milanović (2012) using a mixed-integer linear program-
ming approach.

3. OPTIMIZED MONITOR PLACEMENT IN DN

To achieve Objective 2, an optimization problem is for-
mulated based on the VSI, with a prescribed minimum
distance between monitors as a constraint. Among the
possible VSIs proposed in the literature (see Kessel and
Glavitsch (1986)), in this work, we adopt the so-called
L-index. To define the L-index, for a given DN with n
busbars, l loads and n − l generators, let us indicate
with Y ∈ Rn×n the admittance matrix. The relationship
between bus voltages and current injections is expressed
as follows [

IL
IG

]
=

[
YLL YLG

YGL YGG

] [
VL

VG

]
, (1)

where IL ∈ Rl and IG ∈ Rn−l represent the current
injection phasors at the load and generator buses, respec-
tively; VL ∈ Rl and VG ∈ Rn−l denote the corresponding
voltage phasors. The submatrices YLL, YLG, YGL, and YGG

characterize the coupling between the load and generator
buses. Rearranging the expression to solve for the load bus
voltages yields

VL = −Y −1
LL YLGVG = −FVG (2)

where the term −Y −1
LL YLG captures the influence of gen-

erator buses on load buses. The L-index for load bus j is
defined as follows

Lj =

∣∣∣∣∣∣
1−

∑
i∈Bg

Fji
∥Vi∥
∥Vj∥

∣∣∣∣∣∣
, ∀j ∈ Bl, (3)

where Fji represents the element of the F matrix cor-
responding to load bus j and generator bus i. The L-
index ranges from 0 (indicating complete stability) to 1
(indicating voltage collapse). Buses with higher L-index
values are more susceptible to instability. Therefore, high
values of L-index for a given busbar suggest the placement
of a monitoring system at those busbars. Additionally, it
is important to avoid clustering monitors in a single area.
Thus, the monitor placement challenge can be framed as
an optimization problem that balances two key objectives:
positioning monitors at buses with high L-index values
and maximizing their geographical dispersion. The goal is
to select m buses from the set {1, . . . , n} to maximize the

Euclidean distances between them while ensuring optimal
L-index coverage. This optimization problem can be for-
mulated as follows

max
ω

1

ρ1
L⊤ω +

1

2

γ

ρ2

(
ω⊤Dω

)
(4a)

s.t. ωi ∈ {0, 1}, ∀i ∈ Bl, (4b)

ωi = 0, ∀i ∈ Bg, (4c)∑
i∈Bl

ωi = m, (4d)

ωiDijωj≥η, ∀(i, j)∈Bl×Bl : ωi=ωj=1, i ̸= j (4e)

where ωi are binary variables that represent whether a
monitor is installed on the i th busbar, Dij is defined as
the number of edges between the bus the ith and the jth

bus and gives a measure of the distance between them, γ
is a positive weight, η is the minimum distance to enforce
between the busbars equipped with monitors and ρ1, ρ2
are normalization factors defined as

ρ1 = max
i

Li, ρ2 = max
i,j

Dij .

The cost function (4a) tries to maximize the summation
of L-indices among the busbars equipped with monitors
while maximizing the distance between MUs. Here, the
1
2 term is considered to avoid counting twice the distances
Dij and Dji. Condition (4b) enforces the binary constraint
for ωi, while (4d) guarantees that the number of selected
monitors will be equal tom. Finally, the minimum distance
among monitors is guaranteed by (4e). The optimization
problem (4) is a mixed-integer quadratic programming
(MIQP) problem and can be solved by appropriate Dis-
ciplined Convex Programming (see Grant et al. (2006))
solvers. MIQP is the problem of optimizing a quadratic
function over points in a polyhedral set where some of the
components are restricted to be integral, Pia et al. (2017).

4. FAULT TYPE DETECTION DATA-BASED
ALGORITHM

This section describes the proposed methodology to ad-
dress the problem of fault location and classification based
on ML. Firstly, it is essential to select a signal that ef-
fectively captures the most relevant features of the phe-
nomenon while minimizing the impact of dynamic changes
in the distribution network, such as harmonic ripple fre-
quencies (HRF), load variations, and noise. In this context,
superimposed voltage signals are employed as a robust so-
lution. Some studies, such as Mishra and Deoghare (2014),
propose fault detection methods based solely on WPT co-
efficients by comparing the energy levels of the coefficients
in each phase before and after the fault. Specifically, the
phases with the highest energy values can be identified
as the faulty phases. However, these methods have poor
performances in distinguishing between LL and LLG faults
due to the similarity in their energy profiles. Therefore, we
selected appropriate fault features and employed a neural
network-based classification method to detect different
types of faults and their locations accurately. The complete
procedure presented in this paper is summarized in Fig. 1.

4.1 Feature Selection and Extraction

After identifying the optimal monitor locations, the su-
perimposed voltage signals are computed to extract the
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MU locations is critical to the effectiveness of the pro-
posed fault detection and localization method. Moreover,
the presence of measurement noise necessitates a robust
approach to ensure accurate fault classification and precise
fault location.

Thus, the secondary objective of this paper is formulated
as follows.

Objective 2. Given the AC DN topology described by
G, equipped with m monitors, determine the optimal
locations of the monitors that maximizes the fault type
and fault location detection accuracy.

It is important to note that Objective 2 can be formu-
lated as an optimization problem, whose solution is highly
dependent on the DN’s topology and the characteristics
of the busbars. Solutions to this problem, focusing on
observability, have been explored by Avendaño-Mora and
Milanović (2012) using a mixed-integer linear program-
ming approach.

3. OPTIMIZED MONITOR PLACEMENT IN DN

To achieve Objective 2, an optimization problem is for-
mulated based on the VSI, with a prescribed minimum
distance between monitors as a constraint. Among the
possible VSIs proposed in the literature (see Kessel and
Glavitsch (1986)), in this work, we adopt the so-called
L-index. To define the L-index, for a given DN with n
busbars, l loads and n − l generators, let us indicate
with Y ∈ Rn×n the admittance matrix. The relationship
between bus voltages and current injections is expressed
as follows [

IL
IG

]
=

[
YLL YLG

YGL YGG

] [
VL

VG

]
, (1)

where IL ∈ Rl and IG ∈ Rn−l represent the current
injection phasors at the load and generator buses, respec-
tively; VL ∈ Rl and VG ∈ Rn−l denote the corresponding
voltage phasors. The submatrices YLL, YLG, YGL, and YGG

characterize the coupling between the load and generator
buses. Rearranging the expression to solve for the load bus
voltages yields

VL = −Y −1
LL YLGVG = −FVG (2)

where the term −Y −1
LL YLG captures the influence of gen-

erator buses on load buses. The L-index for load bus j is
defined as follows

Lj =

∣∣∣∣∣∣
1−

∑
i∈Bg

Fji
∥Vi∥
∥Vj∥

∣∣∣∣∣∣
, ∀j ∈ Bl, (3)

where Fji represents the element of the F matrix cor-
responding to load bus j and generator bus i. The L-
index ranges from 0 (indicating complete stability) to 1
(indicating voltage collapse). Buses with higher L-index
values are more susceptible to instability. Therefore, high
values of L-index for a given busbar suggest the placement
of a monitoring system at those busbars. Additionally, it
is important to avoid clustering monitors in a single area.
Thus, the monitor placement challenge can be framed as
an optimization problem that balances two key objectives:
positioning monitors at buses with high L-index values
and maximizing their geographical dispersion. The goal is
to select m buses from the set {1, . . . , n} to maximize the

Euclidean distances between them while ensuring optimal
L-index coverage. This optimization problem can be for-
mulated as follows

max
ω

1

ρ1
L⊤ω +

1

2

γ

ρ2

(
ω⊤Dω

)
(4a)

s.t. ωi ∈ {0, 1}, ∀i ∈ Bl, (4b)

ωi = 0, ∀i ∈ Bg, (4c)∑
i∈Bl

ωi = m, (4d)

ωiDijωj≥η, ∀(i, j)∈Bl×Bl : ωi=ωj=1, i ̸= j (4e)

where ωi are binary variables that represent whether a
monitor is installed on the i th busbar, Dij is defined as
the number of edges between the bus the ith and the jth

bus and gives a measure of the distance between them, γ
is a positive weight, η is the minimum distance to enforce
between the busbars equipped with monitors and ρ1, ρ2
are normalization factors defined as

ρ1 = max
i

Li, ρ2 = max
i,j

Dij .

The cost function (4a) tries to maximize the summation
of L-indices among the busbars equipped with monitors
while maximizing the distance between MUs. Here, the
1
2 term is considered to avoid counting twice the distances
Dij and Dji. Condition (4b) enforces the binary constraint
for ωi, while (4d) guarantees that the number of selected
monitors will be equal tom. Finally, the minimum distance
among monitors is guaranteed by (4e). The optimization
problem (4) is a mixed-integer quadratic programming
(MIQP) problem and can be solved by appropriate Dis-
ciplined Convex Programming (see Grant et al. (2006))
solvers. MIQP is the problem of optimizing a quadratic
function over points in a polyhedral set where some of the
components are restricted to be integral, Pia et al. (2017).

4. FAULT TYPE DETECTION DATA-BASED
ALGORITHM

This section describes the proposed methodology to ad-
dress the problem of fault location and classification based
on ML. Firstly, it is essential to select a signal that ef-
fectively captures the most relevant features of the phe-
nomenon while minimizing the impact of dynamic changes
in the distribution network, such as harmonic ripple fre-
quencies (HRF), load variations, and noise. In this context,
superimposed voltage signals are employed as a robust so-
lution. Some studies, such as Mishra and Deoghare (2014),
propose fault detection methods based solely on WPT co-
efficients by comparing the energy levels of the coefficients
in each phase before and after the fault. Specifically, the
phases with the highest energy values can be identified
as the faulty phases. However, these methods have poor
performances in distinguishing between LL and LLG faults
due to the similarity in their energy profiles. Therefore, we
selected appropriate fault features and employed a neural
network-based classification method to detect different
types of faults and their locations accurately. The complete
procedure presented in this paper is summarized in Fig. 1.

4.1 Feature Selection and Extraction

After identifying the optimal monitor locations, the su-
perimposed voltage signals are computed to extract the
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Fig. 1. Flowchart of the proposed fault type and location
detection methodology

transient (non-periodic) components of the signal while
eliminating the periodic components, including the funda-
mental frequency and the third and fifth harmonic signals
(see (Isermann, 2006, Section 8)). Let x(k) denote the k-th
sample of the periodic voltage signal with p samples of x
in a single period. Then, the transient faulty signal ∆x(k)
can be computed as

∆x(k) = x(k)− x(k − p) (5)

Note that, in the case of noisy measurement, it is possible
to subtract a filtered version (e.g., by using a moving
average FIR) of x(k − p) in the above equation.

Using the computed transient faulty signal ∆x, the next
step is to select appropriate features for the machine
learning process. Utilizing time-domain signals is not an
efficient choice for data analysis due to large data storage
requirements and high computational costs. Therefore,
feature extraction methods are a crucial component of ML-
based approaches. The WPT is one of the common feature
extraction tools. In WPT, signals are decomposed into two
components: detail coefficients dj(k), and approximation
coefficients aj(k), (see Hess-Nielsen and Wickerhauser
(1996)), as follows

f(t) =
∑
k

(
aj(k)ϕ(2

jt− b)
)

+
∑
j

∑
k

dj(k)ψ(2
jt− b), (6)

where ϕ(w), and ψ(w) represent the scaling and wavelet
functions, respectively, which vary in type and shape. The
approximations and details of the signal can be obtained
as follows

aj(k) = 2j
∫

f(t)ϕ(2jt− k)dt (7)

dj(k) = 2j
∫

f(t)ψ(2jt− k)dt (8)

where j and k represent the levels and coefficients of the
WPT, respectively. In this paper, WPT with Daubechies
4 (db4) wavelet function is utilized.

A crucial aspect of applying the WPT method is the se-
lection of appropriate coefficients. Various approaches for
coefficient selection have been proposed in the literature.
For example, coefficients can be chosen from a specific
level of the WPT or selected to cover particular frequency
intervals commonly observed in fault signals. Indicating
with si−j(t) the selected coefficients of the WPT, with i
and j denoting the levels and scales of the WPT coef-
ficient, respectively, their energy can be calculated using
the following equations for discrete signals

Ei−j =
+∞∑
−∞

|si−j(t)|2. (9)

In this paper, we utilize the coefficients derived from
the methodology established in Miralizadeh Jalalat et al.
(2023) and subsequently calculate their energy. A list
of the coefficients’ energies corresponding to each phase
(here, phase A) obtained using (9) is presented as follows

EA = [E10−1, E11−3, E11−1, E8−1, E9−3, E8−3, ...

E10−6, E11−13, E9−6, E9−1]. (10)

Finally, these coefficients are summed across the three
phases and considered as the first three elements of the
feature matrix. Six additional features are computed by
evaluating the standard deviations and kurtosis for each
phase of the superimposed signals, where the kurtosis
operator for a signal s is defined as

κ[s] = E

[(
s− µ

σ

)4
]
=

µ4

σ4
, (11)

where µ4 is the fourth central moment and σ is the
standard deviation of s. This results in nine computed
features. Furthermore, to distinguish between LL and LLG
faults, one more feature is considered, namely, the zero-
sequence voltage of the faulty phase, calculated as the
summation of the voltages of the three phases. For LL
faults, this value is zero, while for other faults, it is assigned
a value of 1 (see Grainger and William (1994)). Such an
additional feature is defined as

ζ =

{
0 if (Va + Vb + Vc) = 0
1 othervwise

(12)

Finally, the vector of selected features for a single fault is
given by

Ξ = [EA, EB , EC , σA, σB , σC , κA, κB , κC , ζ] (13)

4.2 Machine Learning-Based Fault Detection algorithm

After selecting and extracting the features, the next step
is to choose an appropriate method for fault detection and
location. This paper considers ten different types of faults,
and a classification technique is employed to identify and
locate them accurately.

In this paper, fault classification is performed using neural
networks, in particular, a fully connected Feedforward

Neural Network (FFNN), a powerful machine learning
approach well suited for handling complex and high-
dimensional data. The neural network architecture com-
prises an input layer, multiple hidden layers, and an out-
put layer, enabling it to capture intricate patterns and
relationships within the data. The input layer receives
the feature vector, as defined in (13). Each hidden layer
processes its inputs by computing a weighted sum, followed
by applying an activation function. For the jth neuron in

the lth layer, the output z
(l)
j is given by

z
(l)
j =

q∑
i=1

w
(l)
ji a

(l−1)
i + b

(l)
j (14)

where w
(l)
ji is the weight connecting the i-th neuron in the

(l − 1)th layer to the jth neuron in the lth layer, a
(l−1)
i is

the activation of the ith neuron in the (l − 1)th layer, b
(l)
j

is the bias term, and q represents the number of neurons.
Commonly used activation functions are ReLU, hyperbolic
tangent, and sigmoid functions, adopted in this work and
defined as

aout = σ(zout) =
1

1 + e−zout
. (15)

The output aout represents the probability of the positive
class. The loss function measures the difference between
the predicted probabilities and the true labels. For binary
classification, the binary cross-entropy loss is commonly
used

L = − 1

N

N∑
i=1

[
yi log(a

(i)
out) + (1− yi) log(1− a

(i)
out)

]
, (16)

where yi is the true label (0 or 1) for the ith instance, and

a
(i)
out is the predicted probability.

5. NUMERICAL RESULTS

The IEEE 33-bus standard network is selected to evaluate
the proposed method. To analyze the impact of RESs,
three types of RESs are integrated into buses 6, 15, and
30 of the network. Table 1 presents the specifications of
the RESs, including their initial power values, along with
the mean and standard deviation used to model RES
uncertainties.

Table 1. Specifications of the RESs

DN Locations Mean power (p.u.) STD power (p.u.)

IEEE 33 6, 15, 30 0.2, 0.15, 0.1 0.05, 0.03, 0.02

The optimization problem (4), which accounts for the
locations of the RESs, has been solved. The MU locations
are determined to be buses 18, 25, and 33. The results
obtained from the proposed approach are compared with
those from the study by Hu et al. (2022), which employs an
MU at every busbar of the IEEE 33-bus network. Hu et al.
(2022) employs deep graph learning for fault diagnosis and
utilizes a specialized spatiotemporal convolutional block
to extract features from voltage waveforms. The presence
of RESs, load variations, and noise effect is taken into
account in Hu et al. (2022). These phenomena are also
considered in our paper.

The use of a limited number of monitors placed in op-
timal locations, along with the utilization of voltage su-

Fig. 2. L-Index of the IEEE 33-bus system showing the
locations of RESs and monitoring units

perimposed signals from the MUs to eliminate additional
harmonic signals and mitigate the impact of non-periodic
noise in MU measurements, represents some of the key
differences between this study and Hu et al. (2022).

It should be noted that Hu et al. (2022) employs two
classifiers: one for fault detection and another for fault
location identification, including the distinction of faults
occurring between two adjacent MUs. Similarly, this study
utilizes two classification methods for fault detection and
fault location identification.

Fig. 2 shows the L-indices for selected busbars in the IEEE
33-bus network. The busbars highlighted in red indicate
the monitor locations proposed in this study, while those
marked in yellow correspond to the locations suggested
in Hu et al. (2022). Additionally, Table 2 summarizes the
dataset specifications.

After selecting the optimal monitor locations, simulations
are conducted on the case studies to collect data and
apply the proposed approach for fault type and location
detection. For comparison, the results of the proposed ap-
proach using the selected monitor locations are evaluated
against those of the Hu et al. (2022) study. Moreover, the
specifications of the FFNN employed for fault detection
and location are summarized in Table 3.

The classification results are summarized in Table 4. As
shown in this table, the fault type detection component
of the proposed method remains accurate even when data
from one of the monitors is unavailable. This demonstrates
the robustness of the approach, as it maintains high
accuracy despite the lack of information from one or even
two monitors. To highlight the efficiency of optimizing the
location of the MU in the accuracy of the results, three
randomly selected buses - 6, 21, and 33 - are equipped
with MU for comparison with the proposed locations of
the MU.

The results of the fault location analysis are presented
in Table 5, illustrating the accuracy of fault location.
While the proposed method demonstrates reliable fault
detection, the fault location accuracy is comparatively less

Table 2. Specifications of the data

Considered fault types LG, LL, LLG, LLLG

Total number of simulations 27720

Variations Fault time, resistance, faulty phase

Size of train data 19404

Size of test data 8316
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Neural Network (FFNN), a powerful machine learning
approach well suited for handling complex and high-
dimensional data. The neural network architecture com-
prises an input layer, multiple hidden layers, and an out-
put layer, enabling it to capture intricate patterns and
relationships within the data. The input layer receives
the feature vector, as defined in (13). Each hidden layer
processes its inputs by computing a weighted sum, followed
by applying an activation function. For the jth neuron in

the lth layer, the output z
(l)
j is given by

z
(l)
j =

q∑
i=1

w
(l)
ji a

(l−1)
i + b

(l)
j (14)

where w
(l)
ji is the weight connecting the i-th neuron in the

(l − 1)th layer to the jth neuron in the lth layer, a
(l−1)
i is

the activation of the ith neuron in the (l − 1)th layer, b
(l)
j

is the bias term, and q represents the number of neurons.
Commonly used activation functions are ReLU, hyperbolic
tangent, and sigmoid functions, adopted in this work and
defined as

aout = σ(zout) =
1

1 + e−zout
. (15)

The output aout represents the probability of the positive
class. The loss function measures the difference between
the predicted probabilities and the true labels. For binary
classification, the binary cross-entropy loss is commonly
used

L = − 1

N

N∑
i=1

[
yi log(a

(i)
out) + (1− yi) log(1− a

(i)
out)

]
, (16)

where yi is the true label (0 or 1) for the ith instance, and

a
(i)
out is the predicted probability.

5. NUMERICAL RESULTS

The IEEE 33-bus standard network is selected to evaluate
the proposed method. To analyze the impact of RESs,
three types of RESs are integrated into buses 6, 15, and
30 of the network. Table 1 presents the specifications of
the RESs, including their initial power values, along with
the mean and standard deviation used to model RES
uncertainties.

Table 1. Specifications of the RESs

DN Locations Mean power (p.u.) STD power (p.u.)

IEEE 33 6, 15, 30 0.2, 0.15, 0.1 0.05, 0.03, 0.02

The optimization problem (4), which accounts for the
locations of the RESs, has been solved. The MU locations
are determined to be buses 18, 25, and 33. The results
obtained from the proposed approach are compared with
those from the study by Hu et al. (2022), which employs an
MU at every busbar of the IEEE 33-bus network. Hu et al.
(2022) employs deep graph learning for fault diagnosis and
utilizes a specialized spatiotemporal convolutional block
to extract features from voltage waveforms. The presence
of RESs, load variations, and noise effect is taken into
account in Hu et al. (2022). These phenomena are also
considered in our paper.

The use of a limited number of monitors placed in op-
timal locations, along with the utilization of voltage su-

Fig. 2. L-Index of the IEEE 33-bus system showing the
locations of RESs and monitoring units

perimposed signals from the MUs to eliminate additional
harmonic signals and mitigate the impact of non-periodic
noise in MU measurements, represents some of the key
differences between this study and Hu et al. (2022).

It should be noted that Hu et al. (2022) employs two
classifiers: one for fault detection and another for fault
location identification, including the distinction of faults
occurring between two adjacent MUs. Similarly, this study
utilizes two classification methods for fault detection and
fault location identification.

Fig. 2 shows the L-indices for selected busbars in the IEEE
33-bus network. The busbars highlighted in red indicate
the monitor locations proposed in this study, while those
marked in yellow correspond to the locations suggested
in Hu et al. (2022). Additionally, Table 2 summarizes the
dataset specifications.

After selecting the optimal monitor locations, simulations
are conducted on the case studies to collect data and
apply the proposed approach for fault type and location
detection. For comparison, the results of the proposed ap-
proach using the selected monitor locations are evaluated
against those of the Hu et al. (2022) study. Moreover, the
specifications of the FFNN employed for fault detection
and location are summarized in Table 3.

The classification results are summarized in Table 4. As
shown in this table, the fault type detection component
of the proposed method remains accurate even when data
from one of the monitors is unavailable. This demonstrates
the robustness of the approach, as it maintains high
accuracy despite the lack of information from one or even
two monitors. To highlight the efficiency of optimizing the
location of the MU in the accuracy of the results, three
randomly selected buses - 6, 21, and 33 - are equipped
with MU for comparison with the proposed locations of
the MU.

The results of the fault location analysis are presented
in Table 5, illustrating the accuracy of fault location.
While the proposed method demonstrates reliable fault
detection, the fault location accuracy is comparatively less

Table 2. Specifications of the data

Considered fault types LG, LL, LLG, LLLG

Total number of simulations 27720

Variations Fault time, resistance, faulty phase

Size of train data 19404

Size of test data 8316
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Table 3. Specifications of the Neural Network

Number of Layers 2

Number of Neurons in each layer 212, 287

Activation Function Sigmoid

robust and requires further investigation in future studies.
Specifically, utilizing data from all monitors is crucial to
achieving accurate fault location results.

Table 4. Fault type detection results accuracy
in the IEEE 33-bus network

Monitor location Training Accuracy Testing Accuracy

(18, 25, 33) 99.8% 99.9%

(6, 21, 33) 99.5% 99.7%

18 99.5% 99.68%
25 98.9% 99.3%
33 99.4% 99.4%

Hu et al. (2022) ** 98%

6. CONCLUSION

This study presents a robust machine learning-based ap-
proach to fault detection and location in DNs, effectively
addressing the challenges posed by various types of faults
and their impact on voltage signals. By leveraging WPT
analysis of superimposed voltage signals and optimizing
MU placement through a VSI-based framework, the pro-
posed method achieves high accuracy and resilience, even
in the presence of noise and uncertainties associated with
RESs. Validation on the IEEE 33-bus network demon-
strates the approach’s reliability and practical applicabil-
ity. These findings underscore the potential of the proposed
method to enhance operational efficiency, fault manage-
ment.
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