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ABSTRACT This paper proposes a fault location and protection method for power distribution system
with Distributed generation (DG) resources, considering fault impedance. A multi-layer perceptron (MLP)
Artificial Neural Network (ANN)-based approach using the Levenberg-Marquardt algorithm to train the
neural network for fault location and identification within distribution networks with DGs is developed. The
proposed method emphasizes the incorporation of fault impedance in the analytic process. It also leverages
the robust computational capabilities and inherent simplicity of ANNs to accurately detect the fault type
and subsequently identify the fault location. Furthermore, it implements a zoning strategy, which partitions
the distribution system into multiple independent sections to facilitate a more organized and effective fault
management process. Simulation results and conducted analyses confirmed the effectiveness of the proposed
approach in localizing faults within the network thereby minimizing downtime during faulty conditions
and improving power system’s capabilities and reliability. Among the key advantages of the proposed fault
detection approach are its ability to adeptly handle the complexities introduced by the wide integration of
DGs in distribution networks.

INDEX TERMS Fault location, distribution networks, distributed generation sources, neural networks.

I. INTRODUCTION
Power distribution systems are increasingly prone to faults
due to environmental impacts, such as lightning, trees
falling onto lines, and infrastructure issues, such as aging
and low maintenance, leading to insulation breakdowns,
which disrupt power supply continuity and reliability [1],
[2], [3], [4]. The primary role of the protection system
is to detect faults promptly and isolate the faulty feeder,
followed by accurately estimating the fault’s location.

The associate editor coordinating the review of this manuscript and

approving it for publication was Fabio Mottola .

Accurate fault localization conserves maintenance time,
reduces service interruption duration, and enhances reliability
indices. However, as electrical power networks, including
distribution networks, expand, traditional network manage-
ment and control methods become inadequate [5], [6].
The faults in distribution networks, often characterized by
high impedance, pose challenges in detection and precise
localization by protective equipment. Consequently, some
sections of the network without faults may be unneces-
sarily disconnected, resulting in extended downtimes for
fault localization [7], [8]. This inefficiency increases the
definitive time required for network restoration, calling for
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more efficient alternative network management and control
methods [9], [10], [11].

In the electric power industry’s competitive markets
and the increased focus on customer satisfaction, ensuring
customers’ certainty is paramount for consumers and network
administrators. Delays in fixing problems can make networks
unreliable, costing network companies lower sales and
payments for service disruptions [12], [13]. These challenges
compound the complexity of tasks for maintenance teams,
especially when locating and rectifying faults in inaccessible
areas. Consequently, there’s a pressing need for innovative
solutions that expedite the fault location process while
minimizing human intervention and physical constraints [14],
[15], [16]. The fault location is a critical aspect of power
system protection, directly impacting the reduction of undis-
tributed energy, boosting system profitability, and enhancing
customer satisfaction with the power supply [17], [18], [19],
[20], [21]. On the other hand, the application of coordinate
control within a medium voltage DC grid enhances system
resilience and operational efficiency while implementing
fault location algorithms, which present intricacies [22], [23],
[24], [25], [26], especially in distribution networks that are
crucial to power system protection due to their proximity
to consumers [27], [28], [29]. This complexity stems from
factors such as the extensive and varied sub-branches,
discrepancies in cross-sections and phase arrangements in
overhead lines and underground cables, and the presence
of distribution transformers with diverse nominal capacities
across the network. In addition, integrating distributed
generation (DG) into modern networks introduces further
challenges in fault identification despite research indicating
the cost-effectiveness of DG systems over expanding trans-
mission and sub-transmission networks [30], [31], [32], [33].
High impedance faults (HIFs), caused by unintended contact
between a bare-energized conductor and a poorly grounded
object, pose a particularly concerning issue [34], [35]. In this
context, conventional overcurrent devices often fail to detect
HIFs due to their restricted fault current flow. Unlike typical
faults, HIFs exhibit non-linear voltage-current characteristics
influenced by electric arcs and changing surface conditions.
Addressing these complex dynamics necessitates a nuanced
approach to fault location in distribution networks, underscor-
ing the importance of research and development in advanced
fault location methodologies.

Fault location methodologies in power systems fall into
three major categories: traditional, observant, and intelligent
approaches. Minimizing fault-location method errors within
the distribution networks is vital [36]. The improvement
mainly relies on having precise system data supported
by rapid and reliable communication networks, resilient
control systems, and advanced algorithmic thinking for
decisions. The conventional method includes instances such
as observation—where customers might inform the utility of
issues such as fallen cables or the scent of burning wires.
The observant approach involves using smart meters or local
sensors to alert the system operators through communication

FIGURE 1. Fault location approaches for power distribution systems.

channels. The intelligent approaches [37], [38], [39], on the
other hand, utilize advanced sensors or expert systems,
including artificial neural networks (ANN) and optimization
algorithms, to identify faults [40], [41]. Figure 1 depicts a
representation of these approaches [42], [43].

Recent years have witnessed considerable investigations in
advancing fault location techniques for distribution networks,
particularly focusing on impedance-based methodologies
and integrating artificial intelligence to enhance precision
and adaptability [44], [45], [46], [47], [48], [49], [50],
[51]. These methods primarily utilize fundamental RMS
voltage and current measurements at substations to estimate
impedance and thereby deduce the fault’s distance within
the network [52]. Researchers have investigated various
approaches that include algorithms to compute fault reactance
across feeders and mitigate fault resistance effects alongside
direct circuit analysis techniques investigated for unbalanced
systems, addressing specific fault types such as line-to-line or
single-line-to-ground faults [53], [54], [55]. However, despite
their merits, these methods deal with challenges such as
iterative error accumulation or the need for extensive data for
training and tuning algorithm parameters. The development
of effective fault location strategies is further complicated
by the inherent characteristics of distribution systems, such
as radial topology, the presence of short and heterogeneous
lines, and limited instrumentation. Consequently, an effective
approach that leverages system knowledge, historical data,
and external information is imperative [56], [57]. Recent
studies have explored many HIF detection techniques,
employing diverse methodologies such as wavelet trans-
forms, pattern recognition, Bayes classifiers, empirical mode
decomposition, andmultiresolution analysis [58], [59].While
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promising, these methods often rely on extensive parameter
sets and face challenges in real-time applications due to
the dynamic topology of distribution networks and com-
putational demands. Emerging research suggests innovative
detection methods for high- and low-impedance faults, utiliz-
ing the Stockwell Transform (ST) without NN support or in
conjunction with the Hilbert transform [60], [61], [62], [63].
Although these approaches show notable detection rates, they
are critiqued for their limited impedance range and lack of
specificity in frequency range analysis. As a consequence,
concerns will be rising about their ability to distinguish HIFs
from other events with similar harmonic content variations,
which highlights the need for continuous refinement and
integration of diverse knowledge sources to enhance the accu-
racy and reliability of fault location in distribution networks,
considering the intricate interplay of fault impedance and
network dynamics. Due to the complexity of distribution
systems and various uncertainty factors that are difficult
to address using conventional approaches, knowledge-based
techniques are applied for locating faults, where a fast and
efficient fault location approach is of utmost importance.
In this respect, an investigation of various knowledge-based
fault localization methodologies considering fault impedance
in DG networks is provided. The methodologies include
conventional approaches such as k-nearest neighbors (k-
NN) and decision trees (DT), alongside more sophisticated
techniques involving optimization algorithms, fuzzy logic,
ANN, support vector machines (SVM), and deep neural
networks (DNN). Each method is evaluated for its merits
and limitations within this specific application, as illustrated
in Table 1.
This study develops an ANN-based approach for fault

location identification within distribution networks, empha-
sizing the incorporation of fault impedance in the analytic
process. The work primarily inspects the precision of fault
localization by analyzing voltage and flow parameters at the
commencement of distribution lines. Furthermore, the impact
of multiple distributed generation sources is considered, not-
ing their varied installation locales. Recognizing the efficacy
of ANNs in addressing complex engineering challenges,
such as function estimation and categorization, this research
leverages the robust computational capabilities and inherent
simplicity of ANNs. These attributes have notably helped
the adoption of ANNs in solving intricate problems. This
research introduces and examines a protective scheme that
adeptly identifies the precise coordinates of faults within
distribution networks enriched with distributed generation
sources. The methodology proposed herein is distinguished
by its accuracy in identifying fault types and locations; it
achieves this by carefully examining fault resistance and
using the computing power of ANNs.

The remainder of this paper is structured as follows.
Section II investigates the fault localization concepts. The
proposed fault localization approach is presented in Sec-
tion III. The performance of the proposed approach is
evaluated in Section IV. Section V concludes the paper.

FIGURE 2. Impedance-based method.

II. FAULT LOCALIZATION
The variability of fault impedance in distribution sys-
tems introduces considerable complexity to fault location
processes, making them more challenging than analogous
procedures in generation and transmission systems. Fur-
thermore, the economic implications of equipping low-cost
distribution network components with advanced protective
mechanisms are unfavorable. Conversely, the implementa-
tion of protective systems significantly enhances network
reliability by facilitating accurate fault positioning [71].
Traditional algorithms for fault location are predominantly
implemented for transmission systems and, consequently, are
not directly applicable to radial distribution networks. The
algorithms provided for distribution networks are developed
with a focus on the classification and modeling of multiple
fault locations, predicated on a methodology of progressive
approximation. Impedance-based approaches are favored by
electric power academic and industrial investigators due to
their straightforwardness and cost-effectiveness compared to
the traveling wave method. The main idea of the impedance
method is to employ the impedance observed from the
measurement point to pinpoint faults by taking voltage and
current measurements to figure out the impedance. Figure 2
illustrates the impedance-based method using a simple circuit
representation. In this model, Vf represents the fault voltage,
If denotes the fault current, and Zi is defined as the line
impedance per unit length. The variable fd indicates the
fault distance from the measurement node, and Vs and Zs
are the source voltage and source impedance, respectively.
Employing Ohm’s Law, one can calculate the fault distance
from the measurement node as:

fd =
Vf

If × Zi
. (1)

The developed diagnostic and location framework for
faults comprises three phases: signal processing, location,
and diagnosis. The algorithm for fault location operates
on a repetitive solution-finding approach for equations
characterizing the fault under steady-state conditions. It takes
into account the current and voltage values at the terminal
end of the faulted linear section and considers the interaction
effects on the phases. The relationship governing the faulty
phase is represented as follows:

Va = D(ZabIb = ZacIc)+ If Rf , (2)
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TABLE 1. Comparison of k-NN, DT, optimization algorithms, fuzzy logic, ANN, SVM, and DNN approaches for fault localization in distributed generation
integrated networks considering fault impedance.

where Rf signifies the resistance at the fault, If denotes the
fault current, D represents the distance to the fault location,
and Zab and Zac are the inductance between a, b and a, c
phases, respectively. The fault current is determined by the
difference in the phase current before and after the fault event,
as captured by the flow at the inception of the line:

If = Ia − Ia′ , (3)

where the linear flow Ia′ on the faulted phase post-fault is a
critical parameter for system analysis.

It is worth noting that within the architecture of a radial
distribution network, the linear flow subsequent to the fault
incident can be determined by employing a radial load
distribution algorithm. This calculation is predicated on the
voltage present at the fault point, as denoted as follows:

Ia = f (Va,Vb,Vc), (4)

where the linear flow Ia on the faulted phase post-fault is a
function f of the voltages Va,Vb,Vc at the fault point. The
phase currents and the distance to the fault can characterize
the fault point voltages. The determination of the fault current
involves the following steps:

1) Commencing with an initial presumption of fault
current If , an iterative process is employed. The fault
current is given by:

If = Ia − Ia,pre, (5)

where Ia,pre represents the pre-fault current in phase ’a’
of the distribution system. This is the current flowing
in phase ’a’ immediately before the occurrence of the
fault. The significance of Ia,pre lies in its role as a
baseline or reference value against which changes due
to the fault are measured.

2) Once the fault current has been ascertained, one
may extract the fault distance and resistance. This
extraction is facilitated by segregating the fundamental
equation into its constituent real and imaginary parts
and resolving the subsequent real equation.

3) The voltage fault and, consequently, the voltage vector
at the fault point are computed based on the previously
mentioned equation.

4) Utilizing the calculated voltage vector, the linear
flow post-fault is again obtained via the radial load
distribution algorithm. The fault location algorithm’s
pivotal component is the post-fault flow computation,
achieved through the radial load distribution algorithm.

In the described fault location algorithm, a fundamental
assumption is made regarding the accessibility of specific
values at the conclusion of the faulted section. The approach
incorporates a method designed to compute the voltages and
currents at the beginning of each line section (i+ 1) where a
fault has occurred as follows:

Vabc,i = Vabc,s −
i∑

j=1

Zabc,iIabc,j, (6)
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where Vabc is the voltage vector at the post and Zabc is the
impedance matrix of the ith line segment. Iabc denotes the
current vector in the ith line segment which can be calculated
as follows:

I ′abc = I ′abc,s −
j−1∑
k=1

[IK ], (7)

where Iabc indicates the measured current vector in the post
and Ik represents the load current to the bass k . The parameter
Ik can be calculated using a radial load distribution algorithm.
Remark 1: Given that the distribution feeder, structured

as a radial network with numerous branches, is linked
to the main feeder, faults occurring at various points can
result in identical voltage and current readings at the post-
fault stage. This means that using the post-fault values,
which are crucial for determining the fault’s location, can
lead to multiple potential fault locations. Hence, the initial
step in the fault location process involves identifying all
these potential fault sites. A thorough examination of the
network is required to address this challenge, which involves
applying the fault location algorithm in a segmented manner
and systematically analyzing each part of the network.
Accordingly, the algorithm can more accurately detect the
specific segment where the fault has occurred despite the
similar post-fault readings that may be observed across
different locations.

During the fault analysis process, the voltage and current
measurements at the base, denoted as n, are accurately
assessed up to the point where the fault has occurred in the
line section. Apart from the fault current in the affected phase,
other factors influence the accuracy of the fault distance
calculation at base n. These factors stem from the uncertain
values amidst the voltage and current data. Hence, (6) and (7)
can be rewritten specifically for the faulted phase as:

I = Is −
n∑

k=1

Ik , (8)

V = Vs − Is
n∑

k=1

ZkLk +
n−1∑
k=1

(n− k)IkZk+1Lk+1. (9)

The correlation between the voltage and current at the
endpoint of the line section where the fault is situated can
be represented as:

V = (I − I ′)Rf + DZI . (10)

Separating (10) into real and imaginary parts and solving
them for the fault distance yields,

D =
Vr Ii − Vr I ′i − ViIr + ViI

′
i

IiI ′iZi + Ir I
′
rZi − Ir I

′
iZr + IiI

′
rZr − I

2
i Z1 − I

2
r Zi

, (11)

where r represents the real part, and i denotes the imaginary
part. The values Ii, Ir ,Vi,Vr are obtained by separating the
complex equation into two distinct real equations.

Furthermore, distribution networks extensively utilize
smart electronic devices for various functions, including

protection, monitoring, and other critical operations. These
functions encompass smart measurement systems such as
smart sensors, power quality monitoring, and the automation
of distribution systems. Their placement spans from the
primary distribution post all the way to the consumers’
locations, ensuring comprehensive monitoring and control.
A diverse array of these smart electronic devices, along
with their respective applications, is exemplified in Fig. 3,
providing a clear understanding of the different types of
devices in use and how they contribute to the overall
functionality and efficiency of the distribution network.

III. PROPOSED FAULT LOCALIZATION APPROACH
This work presents an innovative approach to fault location in
distribution networks, emphasizing an ANN-based strategy
and considering fault impedance. The fundamental concept
of the proposed scheme involves segmenting the distribution
network into various zones. These zones are defined based
on the geographical positioning and generation capacity of
DG units in conjunction with the network loads. Each zone
begins at the start of a feeder and encompasses an area that
each DG unit can support in terms of the average load. The
demarcation of a zone concludes when the cumulative load
of the posts within it exceeds the generation capacity of the
corresponding DG unit. In scenarios where a subsequent DG
unit falls within the feeding range of an existing zone, and the
aggregate load remains within the first DG unit’s capacity, the
zone’s boundary is expanded to include this additional DG
unit. In zones devoid of DG units or where a balance between
generation and consumption is achievable based on the
average load, this equilibrium is maintained independently
from the main network, relying solely on the generation
capacity of the DG units within that zone. Subsequent to
the zoning process and boundary determination, the system
incorporates multiple circuit breakers capable of swift and
frequent operations positioned between the zones.

In order to implement the proposed protective approach,
a sophisticated computer-based relay, endowed with high
processing power and substantial storage capacity, is installed
at each feeder post within the distribution network. To facil-
itate load-shedding operations, switches equipped with a
shunt trip mechanism for remote tripping are integrated,
allowing connectivity to the main relay. Figure 4 illustrates
the developed scheme, and Fig. 5 depicts the distribution
network diagram featuring computer-based relays together
with the shunt trip switches.

The developed scheme is based on accurately identifying
both the type and location of faults within the protective
zones. In this work, four multilayer perceptron (MLP) ANNs
are trained using data derived from system modeling and
short circuit analysis performed across various locations
with differing fault impedances. These offline calculations
enable the main relay to accurately detect the type and
location of faults in real time. This method bifurcates into two
critical segments: diagnosing the fault type and pinpointing
its location, leveraging the capabilities of ANNs to enhance
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FIGURE 3. Illustration of smart electronic devices in a distribution network.

FIGURE 4. Illustration of the developed scheme.

FIGURE 5. Distribution network diagram featuring computer-based relays
and shunt trip switches for enhanced protective operations. Zi :
impedance, CBi : circuit breaker, and S: Electric power source.

fault location accuracy in distribution networks, especially
considering the variable fault impedances. In this study,
a comprehensive model of the distribution network using
DIgSILENT PowerFactory software has been developed,
incorporating essential components such as lines, buses,
transformers, and generation sources. Faults at various net-
work locations have been introduced, varying the impedance
values (0, 50, 100, and 150 ohms) to simulate a range of fault
conditions. The software captured key system responses such
as current and voltage during each scenario, which were then
processed and normalized to form a consistent dataset for
ANN training. Subsequently, this dataset was utilized to train
multiple MLP-ANNs, each customized to a specific fault

type, thus enhancing the models’ ability to accurately localize
faults under diverse conditions. Algorithm 1 illustrates the
developed ANN-based fault localization training procedure.

A. FAULT LOCATION DETERMINATION
The developed approach utilizes the power supply’s three-
phase current to ascertain the specific fault type. At this
juncture, the deployment of an ANN is not required. Instead,
the determination is achieved by normalizing the three-phase

Algorithm 1 ANN-Based Fault Localization Training
Procedure

Define Zimp ← [0, 50, 100, 150] Impedance values in
ohms

Define F ← {Fault locations}
Define N ← Set of network components
procedure Generate Training Data(N ,Zimp,F)

Initialize PowerFactory software
NetworkModel ←MODELNETWORKN
for each f ∈ F do

for each z ∈ Zimp do
Simulate Fault (f , z)
[I ,V ]← Get System Responses (f )
Inorm,Vnorm← Normalize (I ,V )
DataANN← DataANN ∪ {(Inorm,Vnorm)}

return DataANN
procedure Train ANN(DataANN)

for each fault type ∈ {Three-phase, Single-phase, etc.}
do
ANN ← Initialize MLP Structure (fault type)
Train MLP (ANN ,DataANN)
Validate and save ANN

TrainingData ← GENERATE TRAINING DATA
N ,Zimp,F

TRAIN ANN TrainingData
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FIGURE 6. Schematic of an MLP-ANN structure.

FIGURE 7. The developed fault-location method.

current output at the feeder post. In this context, its exact
location must be identified once the error type is determined.
In this study, an MLP-ANN—whose structure is depicted in
Fig. 6— is integrated for accurately locating the fault. A brief
overview of the developed fault-location method is illustrated
in Fig. 7. Following the detection of the fault type by the
respective unit, the specifically trained ANN for this fault
type becomes operative and processes the input data, which
the input data preparation program has prepared. The output
from the ANN indicates the fault’s proximity to all DG units
and the primary supply. Furthermore, to reduce the influence
of fault impedance on the ANN’s output, it is necessary to
define suitable features for the MLP-ANN. The incorporated
ANN considers the proportional relationship between the
DGs’ fault current and the feeder substations as its input.
Considering (2)-(5), the normalization process yields,

Inormal =
I

Imax
(12)

where I indicates the phase current and Imax represents the
maximum phase current. The fault type can be identified
using (12). Four fault types are considered in this study; a)
one phase to the ground, b) phase-to-phase contact, c) two
phases to the ground, and d) three-phase contact, as detailed

FIGURE 8. Illustration of voltage signals for various fault types.
(a) Phase-A-to-ground (Ag). (b) Phase-A-to-phase-B (AB).
(c) Two-phases-to-ground (ABg). (d) Three phases (ABC).

TABLE 2. The normalized vector of feeding current for different faults.

in Table 2, where the voltage signals for various fault types
are depicted in Fig. 8.

Once the fault type has been identified, the next step
is to pinpoint its location. The ANN’s output yields the
fault’s distance relative to all DG units and the main feeder.
As previously highlighted, a significant challenge in locating
faults within distribution networks is the influence of fault
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FIGURE 9. Illustration of a sample network with fault.

impedance. To mitigate the impact of fault impedance on the
ANN’s output, it is essential to define suitable characteristics
for the ANN. In addition, an important factor considered in
the ANN’s input is the proportional relationship between the
fault current from theDGs and the currents at the feeder posts.
The fault current contribution from each DG is computed
using (3)-(5). Considering V as the power supply terminal
voltage and Zth as the equivalent impedance of the network
tune, one has

If =
V
Zth

. (13)

Consider the network illustrated in Fig. 9. In a scenario
where a short circuit occurs and is characterized by zero
resistance, the computation of the equivalent impedance
involves both the DG and the overall network as follows:

ZDG = Z34 + Z3a, (14)

ZS = Z12 + Z2a, (15)

where Z12 and Z34 are the impedance of the transmission line
between buses 1 and 2, and buses 3 and 4, respectively. Z3a
represents the impedance of the transmission line between
bus 3 and point A (fault point), and Z2a is the impedance of
the transmission line between bus 2 and the point A (fault
point) shown in Fig. 9.
In this network, the ratio of the network short-circuit

current to the DG short-circuit current is equal to:

IS
IDG
=
Z34 + Z3a
Z12 + Z2a

. (16)

By assuming a short-circuit non-zero impedance at
point A, the implied relation is obtained as follows:

IS
IDG
=
Z34 + Z3a + Zf
Z12 + Z2a + Zf

. (17)

This observation is congruent with the estimation pro-
vided in (16). By employing this specific ratio—the ratio
representing the relationship between the injected fault
current from various sources and the input to the ANN—
the impact of fault impedance is minimized. Moreover, it is
noteworthy that augmenting the number of DG units linked
to the distribution system enhances the precision of fault
location determinations made by the ANN. The transfer
function for the output neurons is linear, and hyperbolic
tangent types are used for the hidden neurons. In order
to train the ANN, the Levenberg-Marquardt algorithm is
adopted, which is a sophisticated approach that combines
the concepts of gradient descent and Gauss-Newton methods.
The Levenberg-Marquardt algorithm iteratively adjusts the
weights of the network to minimize the error between

the predicted and actual outputs. The adjustment is made
according to the equation:

1w = −(JT J + λI )−1JT r, (18)

where 1w represents the change in weights, J is the Jacobian
matrix containing first derivatives of the network errors
with respect to the weights, r is the vector of residuals
(differences between actual and predicted outputs), λ denotes
a damping factor that adjusts the algorithm’s behavior
between the gradient descent and Gauss-Newton methods,
and I represents the identitymatrix. The algorithm is sensitive
to the choice of λ; a higher λ makes the algorithm behave
more similar to gradient descent, providing more robustness
in the presence of poor initial weight estimates, while a lower
λ leans towards the Gauss-Newton method, favoring faster
convergence when close to the minimum error.

B. FAULT ISOLATION AND NETWORK RECOVERY
The method developed in this work aims to segregate the
faulted sector from the operational segments of the network
by activating the circuit breakers that delineate the feeder
network zones. Upon identifying the fault’s location and
type, a shedding signal is dispatched to the circuit breakers
within and downstream of the faulted area. Additionally, for
zones equipped with DG units, the relay issues a shutdown
command to all such units within the impacted area. As a
result, the faulted zone experiences a power outage, its
electrical continuity with other parts of the network is
severed, and areas upstreammaintain synchronized operation
with the main network. Meanwhile, downstream zones
are either powered through the independent operation of
their DG units, if available, or face a disruption in power
supply.

The process of re-establishing the connection involves the
isolation switches, which are operated via the main power
relay control. The protocol dictates that reconnection is
executed once the faulted section is isolated by bridging the
affected zone back to the upstream network upon the main
relay’s command. Subsequent to each reconnection attempt,
the relay evaluates the network’s condition. In this context,
should the fault persist, the relay reissues the interrupt
command. Conversely, if the fault is transient and clears
during the reconnection attempt, the relay initiates commands
to restore network function. To illustrate, refer to Fig. 5,
where a transient fault in zone Z2 prompts the relay to initially
halt circuits at CB2,CB3,CB6,CB7,CB8,CB9, and all DGs
in Z2. The relay then attempts reconnection at CB2, detecting
the transient nature of the fault. Ultimately, once the fault
is cleared, the relay commands the re-synchronization and
reconnection of CB3,CB6,CB7,CB8,CB9, and all DGs in
Z2, thereby fully restoring the network.

1P =
∑

PCBi (19)

1Q =
∑

QCBi (20)
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C. LOAD SHEDDING
As the network loading exceeds the average and a system
malfunction arises, certain network regions might engage in
islanding operations post-network restoration. Consequently,
load shedding becomes essential in these areas. This study’s
approach calculates the load variance in each zone by
summing the current flows through isolation switch zones
immediately preceding the fault. By using (19) and (20)
to ascertain 1P and 1Q for every zone, one can evaluate
the mismatch or surplus relative to each zone’s generation
capacity. Subsequently, load shedding can be strategically
executed by incorporating anticipated hourly load pro-
files, fault timing, 1P, 1Q, and the importance of the
loads.

IV. SIMULATION RESULTS
The proposed approach was validated using a test system
comprising a 20KV , 22-bus grid equipped with a 3.5MWA
diesel generator connected to the 22-bus and a 4.5MWA diesel
generator linked to the 4-bus is considered. Fig. 10 illustrates
the network’s single-line diagram. Table 3 demonstrates the
technical specifications of the distributed generation sources,
where Xd and Xq are the generators’ d-axis and q-axis syn-
chronous reactances, and X ′d and X

′′
d represent the generators’

d-axis transient and subtransient reactances, respectively. The
single-line diagram of the distribution feeder post-application
of the zoning methodology augmented with circuit breakers
and their positioning for dividing the network into protective
zones is depicted in Fig. 11. The zoning procedure results in a
feeder divided into four zones, including two zones equipped
with DG capable of islanding operation. These zones are
demarcated from each other by circuit breakers CB1, CB2,
CB3, and CB4. To gather the requisite data for training the
ANN and conducting offline computations, simulations of
various system faults were carried out at 100-meter intervals,
incorporating fault impedances of 0, 50, 100, and 150 ohms,
and the output current from all feed resources was recorded.
The maximum load for all load types was set at 1 MW,
with a consistent power factor of 0.92 across all hours. The
specific ANN configurations for each fault type are detailed
in Table 4. The implemented MLP-NN holds 18 weights
between the input and hidden layers (Wi−h), 6 biases in the
hidden layer (bh), 18 weights between the hidden and output
layers (Wh−o), and 3 biases in the output layer (bo) chosen as
follows:

W T
i-h =

 0.11 −0.45 0.34 −0.29 0.07 0.55
0.43 −0.12 0.23 −0.67 0.35 −0.10
−0.22 0.29 −0.56 0.25 −0.38 0.47

 ,

bh =
[
0.05 −0.07 0.09 0.03 −0.02 0.04

]
,

W T
h-o =

−0.31 0.19 0.04 −0.12 0.49 −0.31
0.27 −0.55 0.11 0.58 −0.43 0.17
−0.48 0.66 −0.22 −0.01 0.28 −0.74

 ,

bo =
[
0.10 −0.05 0.03

]

FIGURE 10. Illustration of the modeled network.

FIGURE 11. Illustration of the zones and the determined boundaries.

A. PERFORMANCE EVALUATION AND VALIDATION
To evaluate the effectiveness of the developed protection and
location method, and illustrate the operation sequence of the
main relay in the event of a fault along the feeder, we analyzed
the performance of the MLP-ANN in zones 1 through 4,
as depicted in Figs. 12-15, respectively. Figures 12-15
demonstrate the learning curves for the MLP-ANN model,
plotting the mean squared error (MSE) against epochs for
training, validation, and test datasets across four different
faulty scenarios of three-phase, single-phase, two-phase, and
two-phases to the ground. As one can observe from Fig. 12,
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TABLE 3. Technical information of DGs.

TABLE 4. ANN structure for each fault type occurrence.

TABLE 5. Fault zone location error percentage for different fault
scenarios.

for Zone 1 and Zone 4, the best validation performance is
observed at epochs 2 and 1, respectively, which suggests
that the models quickly find a generalized solution. Zone 2
and Zone 3’s best performances are identified at epochs 3
and 1, respectively, showing early model convergence. After
the initial epochs, the MSE stabilizes across all zones,
indicating minimal gains from additional training epochs.
This consistent pattern of early convergence in all zones
suggests that the developed ANN effectively captures the
underlying patterns for fault localization tasks with high
efficiency.

To elaborate further on the accuracy evaluation of the
proposed fault-detection method, several types of faults
including one phase to the ground, phase-to-phase contact,
two phases to the ground, and three-phase contact have
been simulated and analyzed, with their respective fault
impedance and error percentages detailed in Table 5. The
results demonstrate that the presented method maintains high
accuracy, and its performance is unaffected by variations in
resistance.

On the other hand, as it can be seen in Fig. 13,
a quick learning within the first few epochs in Zone 1 is
observed and the best validation performance emerges at
epoch 4, suggesting that the model reaches a good level
of generalization early on. In contrast, Zone 2’s model
appears to learn at a similar pace but achieves its best

FIGURE 12. MLP-ANN fault localization for three-phase faults in zones 1
through 4.

validation performance much later, at epoch 24, which could
indicate overfitting or a need for more complex learning as
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FIGURE 13. MLP-ANN fault localization for single-phase faults across
zones 1 through 4.

FIGURE 14. MLP-ANN fault localization for two-phase faults in zones 1
through 4.
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epochs progress. Zone 3’s model exhibits a more gradual
improvement, not stabilizing as quickly as the others, with
the best validation performance occurring at epoch 9, which
could suggest a more challenging fault localization task
in this zone. Also, Zone 4’s model learns quickly, with
the best performance at epoch 2, and similar to Zone 1,
it does not show significant improvements after the initial
epochs, pointing to a swift convergence to an optimal
solution.

From the two-phase fault type localization shown in
Fig. 14, it can be observed that Zone 1 and Zone 3 reach their
best validation MSE later in the training process, at epochs
6 and 1, respectively, with Zone 1 showing some fluctuation
in MSE before stabilizing. Zone 2 and Zone 4 demonstrate
rapid learning, with the best validation MSE appearing as
early as epoch 2 and 4, respectively, and MSE stabilizing
shortly after. This behavior across the zones implies that
while the model is capable of rapidly understanding the
fault localization task, the faults’ complexity or nature may
vary between zones, affecting the speed and stability of
the learning process. Furthermore, Fig. 15 demonstrates
the localization of two phases to the ground fault type,
at which Zone 1 and Zone 2 exhibit a quick decline in
MSE, with the best validation performance achieved at
epoch 3 and epoch 2, respectively, indicating an effective
and rapid learning process. Zone 3 is unique, with its best
validation performance occurring much later at epoch 17,
suggesting that the model required more iterations to
adequately capture this zone’s fault characteristics. Zone 4’s
learning curve quickly plateaus, with the best performance
at epoch 1, which implies immediate model effectiveness.
Table 6 and Fig. 16 illustrate the MSE values for each
zone with various fault types. The data regression diagram
for the training, validation, and test datasets for the four
fault scenarios is depicted in Fig. 17. The scatter plots
depict a predictive model’s performance under four different
conditions, showing a strong linear relationship between
predicted outputs and actual targets.

B. PERFORMANCE VERIFICATION FOR SIGNAL
INTERFERENCE
In practice, data acquisition devices are affected by varying
levels of noise or data loss due to different working
conditions. Hence, the ability to perform well across different
situations is a key aspect of the fault diagnostic model. This
study investigates the effectiveness of the proposed approach
under different noise conditions arising from electromagnetic
interference and other environmental elements. Accordingly,
Gaussian white noise is used to simulate the impact of
these environmental factors. The signal noise ratios (SNRs)
of the data are set at 10, 15, 25, and 35 dB. The
effects of various SNRs on the voltage signals depicted
in Fig. 8 are depicted in Fig. 18. The accuracy results
for fault location of the proposed method are compared
with that of graph convolutional network (GCN) [72] under

FIGURE 15. MLP-ANN fault localization for two-phase to the ground
faults across zones 1 through 4.

various SNRs, in Fig. 19. It is evident that the GCN
approach is highly affected by noise, whereas the proposed
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FIGURE 16. MSE value demonstration of different zones for each fault type.

FIGURE 17. Data regression diagram illustration of the MLP-ANN in four fault scenarios.

TABLE 6. MSE value of different zones for each fault type.
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TABLE 7. Advantages, disadvantages, and future prospects of the proposed fault location and protection method.

FIGURE 18. Effects of various SNRs on voltage signals. (a) SNR: 35 dB.
(b) SNR: 25 dB. (c) SNR: 15 dB. (d) SNR: 10 dB.

FIGURE 19. Comparative fault location accuracy analysis under various
SNRs; proposed vs GCN.

method achieves good performance despite the presence of
noise.

V. CONCLUSION
This study introduced a novel fault location and protection
method for distribution systems with DG, utilizing a multi-
layer perceptron neural network. Central to our approach was

the implementation of a zoning strategy, which partitioned
the distribution system into multiple independent sections,
each capable of islanding operation. This zoning facilitated
a more organized and effective fault management process.
Upon segmentation, a high-capacity computer-based relay
was installed at each feeder post, playing a crucial role
in monitoring the network and accurately determining fault
locations using the ANN, which was pre-trained through
extensive offline simulations. The relay’s critical function
was to identify faults and issue commands to isolate the
affected zone, thereby safeguarding network devices and
maintaining system integrity.

The results of the implemented ANN training demonstrate
its efficacy, with an optimal performance in fault detection
and localization. The system’s capability to isolate faults
effectively minimized downtime and enhanced the reliability
of the power distribution network. Additionally, the zoning
concept not only simplified fault management but also
contributed to the overall stability and efficiency of the
network, especially in scenarios involving DGs. One of the
key accomplishments of this research is the development of
a system that adeptly handles the complexities introduced
by DG integration. The method effectively addressed the
challenges posed by fault impedance variations and ensured
precise fault localization, thereby optimizing the response
time and accuracy of the distribution system’s protective
mechanisms. The advantages, disadvantages, and future
prospects of the proposed fault location and protection
method are illustrated in Table 7.

In future works, the distinct operational dynamics of
various types of DG sources, such as renewable energy
systems and storage devices, and their implications for
fault detection and location will be investigated. The main
goal would be to explore diverse fault response behaviors
influenced by both the nature of the energy source and the
interlinking power electronics. This exploration will lead to
the development of a comprehensive protection scheme that
is cognizant of these variances. Furthermore, the complexities
introduced by the variability of renewable sources and
their control systems will be tackled, which will involve
enhancing the analytical models to factor in the influence
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of power electronic interfaces on fault current magnitudes
and profiles. Moreover, the study will also expand to include
a detailed evaluation of islanding operations within the
network, evaluating the stability and reliability of the power
supply during and after fault conditions. The efforts will be
directed toward improving the predictive capabilities of the
system by incorporating real-time data analytics to enhance
fault detection accuracy and optimize response strategies.
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