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ABSTRACT 

Fault location is increasingly essential in inverter-based active distribution networks. This is due to the large number of branches 
and laterals in such networks, as well as the presence of inverter-based distributed generators (IBDGs). Several techniques are used 
for locating faults in distribution networks, including impedance-based approaches, traveling wave-based schemes, and artificial 
intelligence (AI)-based approaches. AI-based schemes are superior to others in terms of speed and accuracy, and they do not 
demand high-frequency devices. However, there is a lack of AI-based schemes that can effectively address scenarios involving 
a high number of branches, a limited number of measurement instruments, the presence of IBDGs, and high fault resistance. 
Accordingly, this paper introduces a modified one-dimensional convolutional neural network (1-D CNN) that combines residual 
connections with 1-D CNNs. The suggested approach includes two elements for fault location: (i) determining the fault distance 
and (ii) identifying the section of the network that is faulty. The results indicate that this approach effectively pinpoints faults with 
varying resistance levels at different locations, even in the presence of IBDGs. Ultimately, the proposed solution demonstrates 
enhanced accuracy in networks featuring multiple distributed generators, numerous sub-branches, unbalanced load conditions, 
and diverse fault scenarios. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

1 Introduction 

Accurately identifying faults in power distribution systems is
essential for their effective operation. Quick fault detection helps
restore service to affected areas and enables the faulty line to
resume functioning [ 1 ]. Fault location methods are designed to
provide a more reliable and efficient approach to detecting and
addressing faults in distribution networks [ 2 ]. This algorithm
is responsible for identifying both the section of the network
that has faulted and the specific location of the fault in that
section. The complexity of fault location is heightened by the
numerous interconnected feeders and laterals in the distribution
network. Additionally, the fault resistance can significantly influ-
Abbreviations: 1-D CNN, one-dimensional convolutional neural network; ANN, artificial neural netwo
distributed generation; KNN, k -nearest neighbours; LSTM, long short-term memory; SVM, support vect
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ence the detection process. The integration of an inverter-based
distributed generator (IBDG) into the network adds another 
layer of complexity [ 3 ]. This integration transforms the network
into a multi-source system with various feeding points, compli-
cating the fault location process and requiring more thorough
analysis. During short-circuit conditions, managing the output 
currents from inverters becomes critical, further complicating 
the behaviour of IBDGs and impacting fault detection [ 4 ]. These
factors can hinder the effectiveness of fault detection methods. 

Fault location techniques are generally categorized into three 
types of: (i) impedance-based approaches, (ii) traveling wave- 
based schemes and (iii) artificial intelligence-based approaches 
rk; CNN, convolutional neural network; DGs, distributed generators; IBDG, inverter-based 
or machine. 
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[ 5 ]. Artificial intelligence-based methods have much higher speed
and accuracy than other methods in the subject of fault location.
The fault location accuracy in these methods is often above 95%.
Unlike impedance-based methods, these methods do not have
problems such as multiple answers and dependence on network
information and loads and lines [ 6 ]. Also, unlike traveling wave-
based schemes, these methods do not require high-frequency
devices. Due to these reasons, various articles and research
studies have focused on artificial intelligence-based methods in
recent years [ 7 ]. 

Methods that utilize artificial intelligence commonly employ
various tools, including CNNs, SVMs and graph neural networks,
for the purpose of identifying faults. These techniques will be
discussed in detail in the following paragraphs. 

Several studies leverage convolutional neural networks for fault
classification and localization. A method [ 8 ] transforms current
signals to images and processes them with a CNN framework
to identify the fault type and section. Simulations on an 8-
bus network achieved results with a 100 Ω fault resistance. A
one-dimensional convolutional neural network (1-D CNN) with
waveform concatenation [ 9 ] adaptively extracts features from
the transient of the zero-sequence currents to locate the fault
section. The method achieved 93% accuracy on an 11-bus, 10 kV
radial network. Another study [ 10 ] introduces a unique method
for detecting line-to-ground faults in distribution networks. This
technique combines a patch-to-patch CNN with a feeder-to-
feeder LSTM network. The CNN effectively extracts deep spatial
features, which are then processed by the LSTM to maintain the
temporal relationships of these features. The proposed patch-to-
patch CNN recognizes current waveforms at a granular level,
while the feeder-to-feeder LSTM learns and compares spatial-
temporal correlations across feeders. The integration of these
two networks enhances the ability to identify fault characteristics
in zero-sequence currents. Testing on a 10 kV radial network
with nine buses, six measuring devices, and a fault resistance of
2000 Ω yielded an impressive accuracy of 98.8%. A fast hybrid
method [ 11 ] combines an ANN to estimate the distances from
measurement points, and a KNN classifier to interpret the ANN
outputs and pinpoint the fault location. This technique uses
voltage-current data from the main substation, DG connection
points, and microgrids. 

Graph neural networks are emerging as powerful tools for fault
detection. A temporal recurrent graph neural network in [ 12 ]
extracts spatial-temporal features from voltage measurement data
to perform fault event detection, classification and location.
Simulations on a 13.2 kV, 123-bus ring network with 10 Ω fault
resistance achieved 91.6% accuracy. A heterogeneous multi-task
learning graph neural network can detect, locate and classify
faults, while providing fault resistance and current estimates.
Simulations on a 123-bus, 4.1 kV radial network with 500 Ω
fault resistance yielded 93% accuracy [ 13 ]. Deep graph learning
models consider the physical network structure as a constraint
to enhance abnormal data resistance and generalization. Simu-
lations on a 33-bus, 12.6 kV radial network with 11 measuring
devices and 600 Ω fault resistance yielded 99% accuracy [ 14 ]. 

The SVM-based techniques are also considered as machine
learning methods. Multi-task learning with SVM classification
2 of 11
and SVR regression is used in [ 15 ] to detect the class of the fault,
faulted line and predict the precise fault location. Simulations
on a 9-bus radial network with nine measuring devices and
four DGs achieved 98.99% accuracy. The [ 16 ] utilizes an SVM
for recognizing the condition of power equipment. This process
involves collecting electrical data, preprocessing it, extracting 
relevant features, and classifying the information. Additionally, 
fault-traveling wave signals are analysed through variation mode 
decomposition to determine the fault interval and calculate the
precise distance to the fault. This approach was validated on
a 138 kV, 24-bus network featuring 11 DGs. Gaussian process
regression and SVMs are used for fault location prediction and
identification, respectively, based on measuring one-cycle RMS 
voltages and currents. The error was 0.28 on a 7-bus, 33 kV
network with three DGs [ 17 ]. 

Other machine learning methods have also been explored. Deep
reinforcement learning can identify fault sections without relying 
on large labelled datasets. The methodology [ 18 ] was tested on the
IEEE 14-bus system with five DGs. Variable mode decomposition,
t-SNE manifold learning and fuzzy clustering are used to de-noise
transient zero-sequence currents, visualize fault information and 
determine the fault section. Simulations on a 13-bus, 10 kV
radial network with 3000 Ω fault resistance and two DGs were
conducted [ 19 ]. Approach [ 20 ] uses gradient boosting trees to
localize line-to-ground and balanced faults in a low-voltage sys-
tem. The method assumes general branch-independent features 
across grid topologies. Simulations on a 32-bus radial network
with 18 DGs achieved an 84% accuracy in determining the fault
section. 

The techniques discussed earlier face several challenges, such 
as limited fault resistance, a distribution network with few sub-
branches, insufficient integration of digital meters, and the exten-
sive distribution of numerous meters throughout the network. To
tackle these issues effectively, we employed a one-dimensional
conventional neural network model that incorporates a residual
block. This approach aims to accurately pinpoint fault locations
and determine the distance to these faults. Here are some key
contributions and novelties regarding our methodology. 

∙ A larger and more branched distribution network is selected
for testing, with practical meter placement and appropriately 
incorporated distributed generation to reflect real operating 
conditions. 

∙ Short-circuit faults with fault-resistance are examined to 
evaluate performance under more challenging scenarios. 

∙ Both faulted-section identification and fault-distance estima- 
tion are addressed simultaneously, as both are essential for
accurate fault location. 

∙ A residual 1-D CNN architecture is employed to extract weak
and nonlinear transient features from faults with Rf and IBDG
dynamics. 

∙ Residual (skip) connections are used to maintain gradient 
flow across deeper layers, preserving subtle fault signatures. 

∙ A multi-task learning framework shares a common feature 
extractor for both tasks, improving generalization under 
limited observability. 
IET Generation, Transmission & Distribution, 2026
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FIGURE 1 Schematic of the used test system. 

TABLE 1 IBDGS data of test system. 

Parameters Values 

Transformers Nominal voltage: 0.25 KV/11 KV 

Nominal power: 250 KVA 

R1 (pu), L1 (pu): 0.0012, 0.03 
PVs Sun Power SPR-415E 

Parallel strings: 88 
Series-connected modules per string: 7 

Irradiance: 1000 W/m2 

Temperature: 45◦C 

Inverters Nominal power: 250 kVA 

Primary voltage: 11 kV 

Secondary voltage: 0.25 kV 

DC voltage: 480 V 
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The rest of the paper is organized as follows: In Section 2 , we
will outline the testing system and the factors used for data
collection. Section 3 focuses on the fundamental principles of
the suggested fault location technique, which is based on a
traditional one-dimensional neural network. This section will
also describe the proposed method for pinpointing the faulty
segment and measuring the distance to the fault. In Section 4 ,
we will present the simulation results of our model, including
a detailed comparison with other artificial intelligence-based
approaches. Finally, Section 5 will conclude with a summary of
the main findings and contributions of this research. 

2 Test System and Data Gathering 

The single-line diagram of a modified IEEE 15-bus radial distribu-
tion system is presented in Figure 1 . This three-phase, 11 kV, 50 Hz
system is based on line parameters and load data sourced from
[ 21 ]. Three photovoltaic inverters, acting as IBDGs, are integrated
at buses 5, 10, and 15. With a total of 16 buses in the chosen test
system, incorporating three IBDGs poses difficulties for locating
faults. This observation aligns with the strict conditions outlined
at the end of Section 1 . Detailed information about the IBDGs is
listed in Table 1 . To evaluate the proposed scheme, detailed time-
IET Generation, Transmission & Distribution, 2026
domain simulations were conducted in the MATLAB/Simulink 
environment using this modified 15-bus distribution feeder. 

The system consists of 16 buses, 14 line sections, 12 load buses,
and three IBDGs with a total three-phase power capacity of 7.5
MVA. Each IBDG contributes 250 kVA and operates at an output
voltage of 250 V, connected to the network via a transformer
[ 22 ]. A four-wire grounded neutral RL model was employed to
validate the methodology, as the feeder configuration exhibits 
unequal distances between phases and non-transposed lines, 
resulting in an unbalanced line impedance matrix [ 23 ]. The
impedance of the distribution network lines and the power of
the loads connected to their ends are listed in Table 2 . The line
impedance matrix accounts for the unbalanced nature of the
system due to the unequal distances between phases and non-
transposed lines. The load data for each bus is also provided,
allowing for a comprehensive understanding of the system’s
power consumption and distribution. 

It is worth mentioning that the four-wire grounded-neutral
RL modelling used in this paper ensures that the simulated
three-phase voltage and current waveforms retain the unequal 
mutual coupling and phase-to-phase asymmetries inherent to 
non-transposed lines. Consequently, the measured signals are 
represented as multi-channel time series ( 𝑋 ∈ ℝ𝑇×𝐷 ), where T
is the number of time samples and 𝐷 the number of measured
channels. These signals inherently encode the inter-phase cou- 
pling patterns produced by the unbalanced impedance matrix. 
Physically, the unequal mutual inductances introduce cross- 
phase transient components and sequence mixing during faults;
these effects manifest as phase-dependent waveform distortions 
and distinctive temporal correlations between channels, which 
differ significantly from those observed in ideally transposed
systems. Because conventional impedance- or sequence-based 
methods often rely on symmetrical-component transformations 
that assume line transposition—and therefore may yield biased 
or incomplete representations in non-transposed feeders—the 
raw multi-channel waveforms in this dataset are retained so that
the data-driven algorithms (Section 3 ) can learn the pertinent
inter-phase coupling signatures directly. The simulated scenarios 
include both balanced and the full range of unbalanced short-
circuit types, ensuring that the dataset captures the complete
spectrum of symmetrical and asymmetrical transient behaviours 
required to evaluate performance under realistic, unbalanced 
operating conditions. 

2.1 Data Gathering 

In our proposed approach, the neural network utilizes three-
phase voltage and current data collected from the start of the
distribution network (substation) and from buses linked to DGs.
Based on the analysed network depicted in Figure 1 , we gathered
three-phase voltage and current readings from buses 1, 5, 10, and
15. The selection of these buses for measurement is motivated
by the practical constraint that measurements are not available
at every point in the network, and the installation of additional
measurement devices across many locations is neither practical 
nor cost-effective. In typical distribution systems, measurements 
are available at the substation (busbar 1 in Figure 1 ) and at the
connection points of distributed generators, and these existing 
3 of 11
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TABLE 2 Line and load data of test system. 

Line No. From To 

Line data Load data (at destination bus) 

r ( Ω) x ( Ω) kW kVar 

1 1 2 1.35309 1.32349 44.1 44.990 
2 2 3 1.17024 1.14464 70.1 71.440 
3 3 4 0.84111 0.82271 40.0 142.820 
4 4 5 1.52348 1.0276 44.1 44.990 
5 2 9 2.01317 1.3279 70.0 71.440 
6 9 10 1.68671 1.1377 44.1 44.990 
7 2 6 2.55727 1.7249 140.0 142.820 
8 6 7 1.0882 0.734 140.0 142.820 
9 6 8 1.25143 0.8441 70.0 71.414 
10 3 11 1.79553 1.2111 140 142.820 
11 11 12 2.44845 1.6515 70.0 71.414 
12 12 13 2.01317 1.3579 44.1 44.990 
13 3 15 1.52348 1.0276 44.1 44.990 
14 4 14 2.23081 1.5047 70.0 71.414 
15 4 16 1.9702 0.8074 — —
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data sources can be effectively utilized. A key objective of the
proposed approach is to extract the most useful information
using the fewest possible sensors. By relying on a small set
of strategically important buses, the high cost and operational
challenges associated with widespread sensor deployment are
avoided. 

Regarding the selection of input features, an extended set of
candidate features was evaluated in the early stages of this work
to ensure that the most informative inputs were included. A
review of the literature also indicates that most existing studies
rely primarily on voltage and current measurements for AI-based
schemes. Consistent with these observations, our experiments
showed that adding derived features did not improve model
performance; in fact, the validation accuracy was consistently
higher when only the raw three-phase voltage and current wave-
forms were used. This suggests that the information contained in
the additional features is already embedded within the original
waveforms, enabling the model to learn the necessary patterns
directly from the time-domain signals. Therefore, it is concluded
that using only the voltage and current waveforms provides
better performance while keeping the model simpler and more
computationally efficient. 

The simulation lasted for 0.3 s, with a fault occurring at the 0.1-
s mark. Data was recorded continuously during this time (data
window) with a sampling period of 0.001 s. This process resulted
in a total of 301 data points for each simulation run. The gathered
data reflects various states of the network where faults could arise,
which were subsequently utilized to train the neural network. 

To effectively prepare data for training the neural network, it is
essential to explore different scenarios. These scenarios focus on
four main aspects of the distribution network: the occurrence
4 of 11
of faults in various lines, the types of faults that can happen,
variations in fault resistance, and the distance of the fault from
the start of the line. By examining these factors, we can create a
comprehensive dataset that enhances the neural network’s ability 
to learn and predict fault conditions accurately. 

The analysed network, as shown in Figure 1 , comprises 15 lines
where short-circuit faults can occur. Thus, there are 15 distinct
states for this factor. Each of these lines can experience one of
ten types of short-circuit faults: three single-phase faults (AG,
BG, CG), three line-to-line faults (AB, BC, AC), three line-to-
line-to-ground (ABG, BCG, ACG), and one balanced fault (ABC).
For training purposes, we focused on faults AG, ABG, and ABC.
Therefore, there are three states for this factor. 

Fault resistance significantly influences voltage and current levels 
in the network. To effectively train the neural network, we need
to incorporate various fault resistance values. The maximum fault
resistance for our analysis is set at 16 Ω based on the network’s
specifications 7.5 MVA power and an operating voltage of 11 kV.
The base impedance is calculated using Formula ( 1 ). 

𝑍
𝑏 
=
𝑉2 
𝑏 

𝑆
𝑏 

( = 16 . 1 Ω ) (1) 

It is worth noting that this study does not address true high-
impedance faults (HIFs). In the technical literature, an HIF is
defined as a highly nonlinear phenomenon that typically involves
large fault resistance and produces only small, irregular current
deviations. Instead, the objective of this study is to evaluate the
model under fault resistance values that are higher than those
commonly used in related AI-based fault location research, while
remaining within a realistic range relative to the system’s base
impedance. The upper limit of 16 Ω corresponds to approximately
IET Generation, Transmission & Distribution, 2026
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TABLE 3 Scenarios used to generate data for training the neural 
network. 

Item Description 

Faulty 
line 

15 lines of test system 

Type of 
fault 

(A, B, C)-G, (A-B, B-C, C-A), (A-B, B-C, C-A) 
-G, and A-B-C 

Fault 
resistance 

0, 2, 4, 6, 8, 10, 12, 14 and 16 Ω

Fault 
distance 

10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%, 90% of 
the faulted line 
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1 p.u. of the base impedance for the 11 kV, 7.5 MVA network
under study. Previous studies on AI-based fault location typically
consider fault resistance-to-base resistance ratios below 0.6 p.u.;
in contrast, our study adopts a maximum resistance of 16 Ω,
corresponding to 1 p.u. to create more challenging conditions than
those examined in earlier works. The fault resistance values used
for training consist of 0, 2, 4, 6, 8, 10, 12, 14, and 16 Ω, yielding nine
discrete states for this parameter. 

As mentioned in Section 1 , short-circuit faults can occur across
any of the 15 lines in various locations: at the beginning or end
of a line or at specific percentages such as 10%, 25% and 30%, or
more along the line’s length. While theoretically infinite intervals
exist for potential faults along a line, this study assumes that faults
will occur at intervals of 10%, 20%, 30%, 40%, 50%, 60%, 70%, 80%
and 90% of the line’s initial length, resulting in nine states for this
factor as well. 

As mentioned in Table 3 , considering all four factors together
allows for numerous combinations where faults can emerge.
Specifically, these factors can generate a total of 3654 unique
states, each representing different fault scenarios in the simulated
network. During these simulations, we recorded three-phase
voltages and current waveforms from both the substation bus
and buses containing DG throughout the specified simulation
timeframe while training our neural network effectively. 

3 Proposed Fault Location Method 

3.1 Problem Definition and Notation 

Consider a three-phase active distribution network with 𝑁 buses
and 𝐿 distribution lines, indexed by {1 , 2 , . . . , 𝐿 } , each line poten-
tially hosting multiple fault points. Let  be the set of all consid-
ered fault scenarios, defined by the tuple (𝓁 , 𝑑, 𝑟, 𝜙) , where 𝑙 ∈
{1 , 2 , . . . , 𝐿 } denotes the faulted line index, 𝑑 ∈ {𝑑1 , 𝑑2 , . . . , 𝑑𝐶dist }
represents a discretized distance-to-fault value, expressed as a
percentage of the line length and enumerated into 𝐶dist classes,
𝑟 ∈ {𝑟1 , 𝑟2 , . . . , 𝑟𝑅 } indicates the fault resistance values considered,
and 𝜙 ∈ {AG , ABG , ABC , . . . } denotes the fault type. At selected
measurement buses (e.g., the substation and buses equipped with
DG units), we measure three-phase voltage and current wave-
forms over a time window [0 , 𝑇′] seconds. Let the measurement
sampling period be Δ𝑡, yielding a time series of length 𝑇 = 𝑇′

Δ𝑡 
IET Generation, Transmission & Distribution, 2026
samples. For each fault scenario 𝑠 ∈  , the measured voltage and
current at the selected buses are concatenated into a time series
𝑋 ∈ ℝ𝑇×𝐷 , where 𝐷 is the dimension of the combined feature
vector at each time step (e.g., three-phase voltages and currents
from multiple buses). 

In this work, we aim to design a parametric model that, given
the measurements 𝑋, identifies the faulted line and estimates
the distance class along that line. Let 𝜃 be the set of learnable
parameters (weights and biases, etc.) of this model. We introduce
two parametric classification functions as follows: 

𝑔line ( 𝑋; 𝜃) ∶ ℝ
𝑇×𝐷 → { 1 , 2 , . . . , 𝐿} (2) 

and 

𝑔dist ( 𝑋; 𝜃) ∶ ℝ
𝑇×𝐷 → { 1 , 2 , . . . , 𝐶dist } (3) 

These functions map the input measurements 𝑋 to a predicted
line index (from the discrete set {1 , 2 , . . . , 𝐿 } ) and a predicted fault
distance class {1 , 2 , . . . , 𝐶dist } , respectively. While one approach 
is to first classify the line and then, conditionally, classify the
distance on that line, we here adopt a multi-task learning
approach that jointly learns both tasks. By sharing low-level fea-
tures and intermediate representations, the model captures richer 
patterns in the input signals, ultimately improving accuracy and
robustness under various fault scenarios, fault resistances and 
network conditions. 

3.2 One-Dimensional Convolutional Neural 
Networks With Residual Connections 

In Section 3.1, we defined a multi-task learning framework that,
given time-series measurements 𝑋 ∈ ℝ𝑇×𝐷 , aims to simultane-
ously classify the faulted line and the corresponding distance
class. To accomplish this, we require a feature extraction mech-
anism capable of transforming the raw voltage and current
measurements into discriminative representations. 1-D CNNs 
provide a powerful parametric approach for this task, enabling
the model, parameterized by 𝜃, to learn complex temporal
patterns inherent in the data. A 1-D CNN operates by convolving
filters along the temporal dimension of the input sequence. As
illustrated in Figure 2 , consider a convolutional filter of size 𝑚
= 3. At a given time step 𝑡 , the filter is applied to the inputs
(𝑥𝑡 , 𝑥𝑡+ 1 , 𝑥𝑡+ 2 ) , executing element-wise multiplications with the 
filter weight (𝑤1 , 𝑤2 , 𝑤3 ) and aggregating the outcomes. The 
result of this convolutional process is subsequently processed 
through a nonlinear activation function ( ⋅), yielding a feature map
value 𝑧𝑡 . By sliding the filter across all time steps, we obtain a
feature map that encodes local temporal dependencies. 

Formally, let 𝐇( 0) = 𝑋 ∈ ℝ𝑇×𝐷in be the input at the first layer. Con-
sider a convolutional layer parameterized by Θ( 𝑐) = {𝐖( 𝑐) , 𝐛( 𝑐) } 

where 𝐖( 𝑐) ∈ ℝ𝑚×𝐷in ×𝐷out and 𝐛( 𝑐) ∈ ℝ𝐷out are the weights and 
biases associated with the convolutional layer. With zero-padding 
of the width 𝑚 − 1 at the sequence boundaries to preserve length
𝑇, the output 𝐇( 1) ∈ ℝ𝑇×𝐷out is computed as follows: 

𝐻
( 1) 
𝑡,𝑜 = 𝑓

( 

𝑏
( 𝑐) 
𝑜 +

𝐷in ∑
𝑖= 1 

𝑚− 1 ∑
𝜏= 0 
𝑊

( 𝑐) 

𝜏,𝑖,𝑜 
.𝐻

( 0) 

𝑡− 1 + 𝜏,𝑖 

) 

(4) 
5 of 11
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FIGURE 2 An example of schematic representation of 1-D convo- 
lutional operation with a filter/kernel of size 3. The filter slides across 
the input data, performing element-wise multiplication followed by 
summation at each position and the resulting output is passed through 
an activation function to generate a feature map, capturing local temporal 
patterns critical for time-series analysis. 

FIGURE 3 The architecture of a residual block used in this work, 
incorporating convolutional layers with batch normalization followed 
by an activation function. The skip connection enables the input to 
bypass intermediate layers, directly connecting to the output to enhance 
gradient flow, mitigating vanishing gradient issues, and improving model 
convergence. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 4 Our proposed model that integrates a sequence of 
convolutional layers followed by residual blocks to extract robust features 
from voltage and current measurements for fault detection and localiza- 
tion. This model uses two separate fully connected output layers with 
softmax activation: one to classify the faulty line and the other to estimate 
the fault distance, and is trained by minimizing the cross-entropy loss 
function between the softmax outputs and the ground truth labels. 
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for 𝑡 = 1 , . . . , 𝑇 and 𝑜 = 1 , . . . , 𝐷out . Stacking multiple convolu-
tional layers refines the extracted features, enabling the model to
capture more intricate temporal correlations related to different
fault types, resistances, and operating conditions defined in
Section 3.1. However, as the network depth increases, direct
stacking of convolutional layers may lead to training difficulties
such as vanishing or exploding gradients. To address this, we
incorporate residual (skip) connections, as shown in Figure 3 .
A residual block consists of two convolutional layers with batch
normalization (that normalize the distribution of data into the
layer) and nonlinear activations, and a skip connection that adds
the block input directly to its output. This skip connection ensures
that the gradient can propagate directly through the identity path,
simplifying the training of deeper architectures and allowing the
model to learn richer representations. Additionally, to further
enhance the learned representations and reduce computational
complexity, pooling layers are employed. Pooling operations (e.g.,
6 of 11
max pooling or global average pooling) condense the temporal
dimension, focusing on the most salient features. By retaining
essential characteristics and discarding redundant information, 
pooling facilitates robust feature extraction from long sequences 
of voltage and current measurements. 

Following feature extraction, the model employs fully connected 
(FC) layers to map the learned representations onto discrete
classes. As illustrated in Figure 4 , we adopt a multi-task learning
strategy by using two separate FC layers and softmax outputs:
one head for classifying the faulted line, and another for clas-
sifying the fault distance. Let 𝐖( line ) ∈ ℝ𝐷out −final ×𝐿 and 𝐖( dist ) ∈

ℝ𝐷out −final ×𝐶dist be the weights of the final classification layers 
for line and distance classification, respectively, where 𝐿 is the
number of lines and 𝐶dist is the number of distance classes defined
in Section 3.1. For the line classification, we have: 

𝑦̂
( line ) 

𝑖 
=

exp 
(
𝑤
( line ) 

𝑖 
× ℎ 

)
𝐿 ∑
𝑗= 1 
exp 

(
𝑤
( line ) 

𝑗 
× ℎ 

) ; 𝑖 = 1 , . . . , 𝐿 (5) 

and for the distance classification: 

𝑦̂
( dist ) 

𝑗 
=

exp 
(
𝑤
( dist ) 

𝑗 
× ℎ 

)
𝐶dist ∑
𝑘= 1 
exp 

(
𝑤
( dist ) 

𝑘 
× ℎ 

) ; 𝑗 = 1 , . . . , 𝐶dist (6) 

where 𝑤(line ) 
𝑖 

and 𝑤(dist ) 
𝑗 

are the 𝑖 th and 𝑗 th column vectors of
𝐖(line ) and𝐖(dist ) , respectively. These softmax outputs represent 
the model’s predicted probability distributions over the possible
line and distance classes. 

Training this architecture involves minimizing a combined loss
function that accounts for both tasks. Let 𝑦(line ) and 𝑦(dist ) be
the one-hot encoded ground-truth labels for line and distance
classification, respectively. We can define the cross-entropy losses
as follows: 
IET Generation, Transmission & Distribution, 2026
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line = −
𝐿 ∑
𝑖= 1 
𝑦
( line ) 

𝑖 
log 

(
𝑦̂
( line ) 

𝑖 

)
(7)

dist = −
𝐶dist ∑
𝑗= 1 
𝑦
( dist ) 

𝑗 
log 

(
𝑦̂
( dist ) 

𝑗 

)
(8)

Therefore, the total loss for training the model presented in
Figure 4 would be, 

total = line + dist (9)

By simultaneously optimizing both line and distance classifica-
tion tasks through minimizing total , the model learns shared rep-
resentations that improve overall fault localization performance
and enhance generalization to diverse operational conditions. 

3.3 A Discussion on the Technical Basis and 

Performance Advantages of the Proposed Method 

In this section, a detailed explanation is provided regarding how
the proposed method addresses the challenges associated with
distribution networks characterized by high branching, limited
observability, varying fault resistance, and the presence of IBDGs.
Although the technical components of the proposed scheme are
defined in the previous subsections, the conceptual basis that
explains its effectiveness under the aforementioned operating
conditions is elaborated here. 

3.3.1 3.3.1 Simulation Strategy Designed for 
Challenging Operating Conditions 

Unlike many existing works that rely on simplified test systems,
the simulation framework employed in this study is designed
to explicitly represent conditions under which conventional
methods tend to perform poorly. 

a. Presence of IBDGs: 

Three IBDGs are installed at different locations in the network.
During faults, IBDGs respond with fast control actions and
limit their output current, which creates transient behaviours
that are quite different from those in systems with traditional
synchronous machines. These characteristics are fully included
in the generated dataset, allowing the trained models to learn
fault behaviours that are often missed in conventional studies. 

b. Fault resistance variation: 

Fault resistance values up to 16 Ω (corresponding to the base
impedance of the system) are included. Although these values
do not correspond to HIFs, they cover the practical range of
distribution-level faults and introduce cases where fault signa-
tures are significantly damped. 

c. Limited measurement availability: 

Only the substation and DG buses are used as measurement
points. This constraint requires the model to infer both faulted
IET Generation, Transmission & Distribution, 2026
sections and distances for branches lacking direct instrumenta-
tion, thereby reflecting realistic operational conditions. 

d. High network branching: 

The test system contains numerous radial branches and later-
als, increasing the difficulty of distinguishing between faults
occurring on sections with similar electrical characteristics. 

All comparative methods are evaluated under identical condi- 
tions to ensure a consistent and equitable performance assess-
ment. 

3.3.2 Architectural Features Addressing These 
Challenges 

To accommodate the complexities embedded in the simulated 
dataset, the proposed model incorporates two architectural 
elements designed to enhance robustness and generalization. 

a. Residual connections for weak and nonlinear transients: 

The fault resistance produces low-energy and heavily damped 
transient waveforms. In addition, nonlinear dynamics introduced 
by IBDG control loops further distort these signatures. In stan-
dard deep neural networks, such subtle features often diminish
due to vanishing gradients during training. By employing residual
(skip) connections, gradient propagation is preserved across 
deeper layers. This enables the network to learn high-order
temporal correlations and enhances its capacity to detect weak
disturbances and nonlinear transient patterns associated with Rf 
variation and IBDG behaviours. 

b. Multi-task learning as implicit regularization: 

The model is trained to perform both fault-line identification
and fault-distance estimation using a shared feature extractor. 
This multi-task learning structure imposes a regularizing effect by
encouraging the extraction of feature representations that remain 
meaningful across different tasks. As a result, overfitting to noise
or scenario-specific artifacts is reduced, which is particularly 
beneficial when measurement availability is limited. 

4 Simulation Results 

4.1 Data Simulation and Model Structures 

In this work, we use the simulated dataset described in Section 2 ,
which comprises 3654 time-series samples, each spanning 300 ms
of measurements and containing 16 features. The dataset is
divided into training and testing subsets at an 80–20 split, and
20% of the training portion is reserved as a validation set for
hyperparameter tuning. Details regarding the model architec- 
tures, including layer dimensions and number of parameters, are
provided in Table 4 . 

The 80% (training + validation)/20% (test) split was applied to
a synthetic dataset of 3654 fault scenarios specifically designed
7 of 11
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TABLE 4 A detailed presentation of the models’ architectures used 
in this work for CNN model 1, CNN model 2, LSTM model, and the 
proposed model. All models are trained using Adam optimization with 
a learning rate of 0.001. The models were trained with a batch size of 32 
for a maximum of 400 epochs. 

CNN model 1 (inspired by [ 9 ]) 
Model complexity : 
x = Conv1D (filters = 6, kernel_size = 9) (In) 
x = AveragePooling1D(pool_size = 2) (x) 
x = Conv1D (filters = 12, kernel_size = 9) (x) 
x = AveragePooling1D(pool_size = 2) (x) 
x = Flatten () (x) 
x = Dense (168) (x) 
o1 = Dense (15, activation = ‘softmax’) (x) 
o2 = Dense (9, activation = ‘softmax’) (x) 
CNN model 2 (inspired by [ 8 ]) 
Model complexity : 
x = Conv1D (filters = 32, kernel_size = 4) (In) 
x = AveragePooling1D (pool_size = 3) (x) 
x = Conv1D (filters = 48, kernel_size = 6) (x) 
x = AveragePooling1D (pool_size = 3) (x) 
x1 = Flatten () (x) 
o1 = Dense (15, activation = ‘softmax’) (x1) 
x2 = Conv1D (filters = 64, kernel_size = 4) (x) 
x2 = Flatten () (x2) 
x2 = Dense (64) (x2) 
o2 = Dense (9, activation = ‘softmax’) (x2) 
LSTM model (inspired by LSTM module in [ 10 ]) 
Model complexity : 
x = LSTM (units = 256, return_sequences = True) (In) 
x = Dropout (0.5) (x) 
x = LSTM (256, return_sequences = True) (x) 
x = Dropout (0.5) (x) 
x = Flatten () (x) 
o1 = Dense (15, activation = ‘softmax’) (x) 
o2 = Dense (9, activation = ‘softmax’) (x) 
Our model (1-D CNN + Residual blocks) 

3 times ∶ {

x = ResBlock (f ilters = 128 )(x) 

x = MaxPooling 1D (pool _size = 2 )(x) 

x = Dropout (0 . 1 )(x) 

2 times ∶ {

x = ResBlock (f ilters = 768 )(x) 

x = MaxPooling 1D (pool _size = 2 )(x) 

x = Dropout (0 . 1 )(x) 

x = ResBlock (filters = 512) (x) 
x = GlobalAveragePooling1D ()(x) 
o1 = Dense (15, activation = ‘softmax’) (x) 
o2 = Dense (9, activation = ‘softmax’) (x) 
where each ResBlock (filters = K) (In) is: 
x = Conv1D (filters = K, kernel_size = 3) (In) 
x = BatchNormalization() (x) 
x = Activation(‘relu’) (x) 
x = Conv1D (filters = K, kernel_size = 3) (x) 
x = BatchNormalization() (x) 
x = Activation(‘relu’) (x) 
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to maximize variability and cover a large range of conditions. In
particular, 

∙ Uniform sampling: Faults were sampled at 100 equally spaced
locations along every line, covering 10 fault types, and across
a wide range of fault resistance values (up to 16 Ω) and fault
inception angles. 

∙ Unseen data: The 20% test set contained fault locations,
resistances and inception angles that were completely unseen 
during the training process, ensuring that the test set truly
measured generalization rather than memorization. 

To rigorously confirm that the performance metrics obtained 
from this initial random 80/20 split were not an artifact of that
particular data partitioning, we also performed a comprehensive 
five-fold cross-validation (CV) during our model development. 
The average performance metrics (balanced accuracy, F1-score) 
obtained from the five-fold cross-validation process were highly 
consistent with the initial results reported in the manuscript
(Table 5 ). The standard deviation across the five folds was mini-
mal, confirming the stability of the performance. The consistency
between the initial 80/20 test set result and the average five-fold
CV result strongly validates that the initial random partitioning
of our comprehensive, high-variability synthetic dataset was suf-
ficient for accurately estimating the model’s true generalization 
capability. 

In this work, both faulted line identification and fault distance
estimation are framed as multi-class classification problems, 
where each sample is assigned to one of 𝐿 = 15 possible line
classes or one of 𝐶dist = 9 possible distance classes. To assess
the effectiveness of the suggested models, let TP𝑖 , TN𝑖 , FP𝑖 and
FN𝑖 denote, respectively, the true-positives, true-negatives, false- 
positives and false-negatives associated with class 𝑖. The most
common evaluation metric is the overall accuracy, given by: 

Accuracy =
𝐶 ∑
𝑖= 1 

TP𝑖 + T N𝑖 
TP𝑖 + T N𝑖 + F P𝑖 + F N𝑖 

(10) 

where 𝐶 is the total number of classes in the considered
task (i.e., C = 15 for line classification and C = 9 for distance
classification). While accuracy provides an aggregate measure 
of correctness, it may lead to misinterpretations when class
imbalance is present. More precisely, a model that persistently
predicts the majority class can attain an inaccurately high accu-
racy, despite underperforming on minority classes. To address
this limitation, we employ balanced accuracy defined as follows: 

Balanced accuracy = 1 

𝐶 

𝐶 ∑
𝑖= 1 

TP𝑖 
TP𝑖 + FN𝑖 

(11) 

In addition, other class-sensitive metrics, including precision, 
recall, and F1-score, are defined for each class as follows [ 24 ]: 

Precision = 

TP 
TP + FP 

Recall = 

TP 
TP + FN 

F1-score = 2 
( 

Precision × Recall 
Precision + Recall 

) 

(12) 
IET Generation, Transmission & Distribution, 2026
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TABLE 5 The results of the proposed scheme based on artificial intelligence. 

Model 
Balanced 
accuracy F1-score Precision Recall 

CNN model 1 (inspired by [ 9 ]) Fault line 88.29 87.80 88.78 87.96 
Fault distance 50.41 49.63 51.96 50.31 

CNN model 2 (inspired by [ 8 ]) Fault line 86.96 85.75 86.20 87.04 
Fault distance 48.67 42.07 44.51 48.77 

LSTM model (inspired by LSTM 

module in [ 10 ]) 
Fault line 89.78 89.46 89.73 89.51 

Fault distance 90.28 90.08 90.78 90.12 
Our model (1-D CNN + residual 
blocks) 

Fault line 93.80 93.59 94.47 93.83 
Fault distance 96.94 96.92 96.94 96.91 
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When evaluating a multi-class classifier, it is common to aggre-
gate these class-level metrics into a single performance indicator.
Since the distribution of classes in the dataset can be highly
imbalanced (e.g., certain lines or distance classes occur more
frequently), we adopt a weighted averaging strategy based on the
total number of samples at each class. 

4.2 Results and Discussion 

Based on the results given in Table 5 , our proposed method, which
incorporates residual blocks, demonstrates exceptional perfor-
mance in fault localization for inverter-based active distribution
networks. Specifically, it achieves an accuracy of approximately
94% in identifying faulty components and 97% in estimating
fault distances along the line. In comparison, the CNN model 1
[ 9 ], when evaluated under the conditions specified in Section 1 ,
achieves an accuracy of 88% for fault identification and 50% for
fault distance estimation. Similarly, the approach using CNN
model 2 [ 8 ] achieves 87% accuracy for identifying faulty sections
and 48% for measuring fault distances. The method based on the
LSTM model [ 10 ] reports a balanced accuracy of about 90% for
both fault identification and fault distance measurement. The
superior performance of our method can be attributed to the
use of residual blocks within the 1-D CNN architecture. These
residual blocks mitigate the vanishing gradient problem, enabling
deeper network layers to effectively learn complex features from
the input data. By preserving gradient flow during training, our
architecture captures complex temporal patterns in voltage and
current signals, which are critical for accurately identifying faults
line and estimating their distances. Furthermore, the multi-task
learning framework employed in our model ensures that shared
representations are leveraged to improve performance across
both tasks. 

These findings highlight that our approach meets the require-
ments of realistic distribution network conditions, including
high fault resistance, limited measurement points, and the
presence of inverter-based distributed generators. This makes
our method highly suitable for practical deployment in modern
power systems, where reliability and precision are important. 

Regarding the evaluation metrics, we have deliberately focused
on balanced accuracy and F1-score due to the practical impor-
IET Generation, Transmission & Distribution, 2026
tance of correctly identifying all fault types (e.g., AG, ABC,
etc.). Although our dataset is large, these classes are not evenly
distributed in terms of frequency. Standard accuracy can be
highly skewed toward the majority classes, which would lead
to a superficial assessment and potentially misleading model 
comparisons. Balanced accuracy is a critical metric for this multi-
class classif ication problem because it is simply the average of
the per-class accuracy. This ensures that the model is penalized
equally for misclassifying a rare, but safety-critical, fault type as
it is for misclassifying a common one. 

The decision to use a discrete classification approach for fault
distance estimation (as opposed to continuous regression) was 
a deliberate, practical choice driven by the need for high-
confidence results in a real-world operational environment. A 

continuous regression model provides a single, floating-point 
distance (e.g., 2.345 km). This value is inherently associated with a
mean absolute error, which can lead to ambiguity for repair crews
(e.g., ‘The fault is at 2.3 km ± 150 m’). Our classification approach
is designed to: 

∙ Reduce ambiguity as it classifies the fault into one of nine
specific bins (or sections) per line, which directly corre-
spond to easily identifiable, physically defined sections of the
distribution line. 

∙ Ensure actionable information, as this provides crisp, action- 
able zones for the repair crews, directing them to a definite
segment (e.g., ‘Section 2 of Line L12–L13’) rather than a
continuous distance with an associated error margin. 

It is worth mentioning that, while our study does not report a
specific computational response time, the proposed fault location 
method is designed as an offline process. In practical engineering
applications, protection relays first detect a fault, and an event
recorder captures the voltage and current signals immediately 
before and after the fault. This capability is enabled by the trig-
gering system and the sequential event recording functionality 
of event recorders, which ensures that all relevant measure-
ments are accurately captured around the fault occurrence. The
recorded data is then processed by our model to identify the
fault segment and estimate the fault distance. All measurements
are synchronized using timestamps to ensure proper alignment 
for analysis. Although the model is not intended for real-time
9 of 11
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protection, this offline approach is suitable for post-event fault
analysis and provides accurate fault location information without
interfering with system operation. 

5 Conclusion 

In conclusion, the proposed fault location approach in this paper
is presented through the utilization of a modified 1-D CNN
with residual connections. Various types of faults are considered,
including line-to-ground (LG), line-to-line (LL), double line-to-
ground (LLG) and balanced (LLL) faults, which are essential for
accurately assessing the performance of the suggested approach.
To evaluate the effectiveness of the suggested scheme, extensive
time-domain simulations are conducted using a modified 15-
bus IEEE network. This network features multiple branches
and includes inverter-based distributed generation sources,
which introduce unique challenges for fault detection and
localization. 

The performance evaluation reveals that our approach achieves
an outstanding accuracy of 94% in identifying faulty components
and 97% in estimating fault distances along the distribution
lines. This high level of accuracy indicates that the proposed
approach is highly effective in real-world applications where
precise fault detection is critical. This performance represents
a notable improvement over existing methods. For instance,
CNN Model 1 achieved a balanced accuracy of only 88.29%
for fault identification and a mere 50.41% for fault distance
estimation. Similarly, CNN Model 2 reported accuracies of 86.96%
for identifying faults and just 48.67% for estimating distances.
The LSTM model previously reported a balanced accuracy of
approximately 89.78% for fault identification and 90.28% for
fault distance estimation. In contrast, our model demonstrates
superior performance with a balanced accuracy of 93.80% for fault
line identification and an impressive 96.94% for fault distance
estimation. Additionally, our model achieves F1-scores of 93.59%
and 96.92%, respectively, reflecting its ability to balance precision
and recall effectively. 

These results highlight the robustness of the proposed scheme
in addressing the complexities associated with modern distri-
bution networks characterized by high fault resistance, limited
measurement points, multilateral systems, and different types of
inverter-based resources. 

Finally, it is worth to note that the proposed model’s structural
advantages are not merely empirical, but are rooted in specific
deep learning principles designed to overcome the unique chal-
lenges of modern distribution networks. These advantages can be
summarized into three theoretical pillars: 

1. Resilience through residual connections (ResNet): The core
structural advantage is the incorporation of residual blocks
(ResNet architecture). This design directly addresses the
difficulty of training deep neural networks caused by the
vanishing gradient problem. 
∙ Addressing signal damping: The fault resistance dampens
the fault signal, resulting in weak (low-magnitude) feature
gradients. In a standard deep CNN, these subtle gradients
10 of 11
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often vanish before reaching the initial layers during 
backpropagation, preventing the model from learning the 
characteristics of faults with resistance. 

∙ The structural solution: The skip connections allow the 
gradient to bypass one or more layers and flow directly
to earlier layers. This ensures that even the subtle fea-
ture information required to detect dampened signals is 
preserved and learned effectively, enabling us to build 
a deeper network that is necessary for accurate fault
location. 

2. Adaptive feature extraction with 1-D CNNs: The choice of
a 1-D CNN structure provides a theoretical advantage by
abstracting the need for manual feature engineering. 
∙ Handling IBDG dynamics: Unlike traditional methods 
that rely on symmetrical components or pre-defined fea- 
tures, the 1-D convolutional filters automatically learn the 
optimal temporal correlations from the raw, three-phase 
voltage and current waveforms. This allows the model 
to inherently capture the highly complex and non-linear 
and dynamic transient signatures caused by IBDG control 
strategies during faults. The network is not limited by
human-designed feature sets; it learns the distinguishing 
features autonomously. 

3. Generalization via multi-task learning: Our model is struc-
tured as a multi-task learning model, which shares a single
residual backbone for two distinct outputs—fault line classi-
fication and fault distance classification (binned). 
∙ The regularization effect: The shared backbone acts as 
a powerful structural regularizer. By forcing the model 
to learn intermediate feature representations that must 
be simultaneously useful for both tasks, the model is
prevented from overfitting to task-specific noise. This leads
to the extraction of more robust, generalized features that
enhance the model’s performance on unseen fault data 
(test set) and challenging conditions (limited meters). 
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