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Abstract: Every part of society relies on energy systems due to the growing population and the
constant demand for energy. Because of the high energy demands of transportation, industry, and
daily life, energy systems are crucial to every part of society. Electrical transmission lines are a crucial
component of the electrical power system. Therefore, in order to determine the power system’s
protection plan and increase its reliability, it is critical to foresee and classify fault types. With
this motivation, the main goal of this paper is to design a deep network model to classify faults
in transmission lines based on real, generated, and publicly available datasets. A deep learning
architecture that was based on a one-dimensional convolutional neural network (CNN) was utilized
in this study. Accuracy, specificity, recall, precision, F1 score, ROC curves, and AUC were employed
as performance criteria for the suggested model. Not only synthetic but also real data were used in
this study. It has been seen that the created model can be used successfully for both real data and
synthetic data. In order to measure the robustness of the network, it was tested with three different
datasets consisting of real, generated, and publicly available datasets. In the paper, 1D CNN, one of
the machine learning methods, was used on three different power systems, and it was observed that
the machine learning method was successful in all three power systems.

Keywords: transmission line; real and synthetic data; fault classification; deep learning; 1D CNN

1. Introduction

The necessity for energy and the growing population have made energy systems
crucial to every aspect of society. Energy systems are essential to all facets of society
because of the demand for energy, particularly in the areas of transportation, industry, and
home life. An essential part of the electrical power system is the electric transmission lines.
Consequently, in order to create the power system’s protection strategy and increase its
dependability, it is essential to anticipate and identify the kinds and locations of faults.
This increases the entire power system’s efficiency and dependability by cutting down
on the amount of time needed for a particularly lengthy transmission line. Generally
speaking, transmission line protection systems operate by identifying the fault and isolating
just the affected area [1,2]. To improve the dependability of power systems, inspections
are performed on the electrical system’s component parts. The demand for smart grid
protection, control, and monitoring increases with distributed energy generation. The
electrical grid is now much more reliable and adaptable as a result of the widespread
use of smart gadgets. In power systems, placement, classification, and fault detection are
essential to ensure that any problems are resolved immediately and that the smart network
is restarted as quickly as possible. Due to the limitations of kinetic energy storage and
the dynamic response of electronic power converters in distributed power systems, the
microgrid is in need of fast and adaptive fault classification procedures [3]. Transmission
line fault detection and classification is very important for fault root cause analysis and
rapid recovery of the power system [4].
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Deep learning techniques offer significant advantages since they can automatically
extract representative features from vast datasets for fault analysis [5]. Enhancing the
power transmission system’s protective protocols can be achieved through the application
of strong machine learning algorithms for fault prediction. Artificial intelligence-based
models and algorithms are becoming more and more widespread and essential for expe-
diting processes and optimizing strategies for meeting rising energy demand. Machine
learning continues to become one of the most important drivers of smart electrical power
systems [6]. The aforementioned illustrates the increasing enthusiasm and swift growth
surrounding the application of machine learning methodologies to effectively tackle the
multifaceted technological obstacles associated with the smart grid [7]. Artificial intelli-
gence plays an important role in power system problems such as operation, protection,
control, planning, and diagnosis. Looking through the literature, we can see that research
on finding transmission line defects has started. Deep learning techniques are frequently
used to classify fault conditions in transmission lines [8]. Presently available deep learning-
based fault detection techniques necessitate the collection of substantial volumes of data
under various fault scenarios [9]. These methods are being used in a study that addresses
the fault scenario that arises from missing parts in insulator chains [10].

Future sustainable energy systems have had their level of resilience assessed through
the use of machine learning-based approaches and methods for quantifying energy system
resilience [11]. A study was performed investigate the potential role of artificial intelligence
in electrical system fault diagnosis operation and to review and analyze the existing
research literature in this field [12]. Nominal operation and fault voltage and current
data of two different transmission lines and ten different fault types were created with
MATLAB Simulink, and sudden fault detection and classification studies were carried
out with machine learning methods [13]. A study was conducted on the classification
of faults in power systems using three models and machine learning methods together
with artificial neural networks [14]. By combining real-time, cutting-edge fault detection
sensors created by the Technical University of Ostrava with machine learning models, it
provides an automated fault detection method that addresses the drawbacks of traditional
fault detection techniques [15]. To increase the capabilities of intelligent methods and
avoid dependence on large amounts of labeled data, a new fault identification method
based on deep reinforcement learning (DRL) is being investigated in the field of fault
identification [16]. An alternate method for classifying transmission line faults makes
use of deep learning techniques, with an emphasis on the investigation of five different
kinds of short-circuit faults in power systems [17]. Using fault detection and classification
techniques, Radu-Adrian and Maria Cristea were able to increase transmission system
efficiency and prevent significant damage [18].

It becomes clear from examining the papers that fault detection and classification
are the main research topics. Some of the research using machine learning techniques is
presented in Table 1.

Table 1. A few studies using machine learning techniques for fault identification and classification.

Reference Method Content of the Research

[19] ANN Fault detection

[20] ANN Fault classification

[21] DRNN, LSTM Fault detection

[22] LSTM Fault classification

[23] ANN Fault detection and classification

[24] DNN, SVM, ANN Fault classification

[17] LSTM, LSTM-WR, ANN Fault classification

[25] Decision Tree, KNN, SVM Fault classification
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The rest of this paper is organized as follows. Section 2 introduces the real experimental
and simulation data employed in this study, the proposed deep learning model design of
the associated neural network model, and the establishment of parameters and assessment
criteria. Section 3 describes the experimental results and the analysis of the results. Section 4
concludes the paper.

2. Material and Methods
2.1. Datasets

In the literature, datasets can be generated synthetically for offline training of models.
Frequently, datasets are generated from simulated power systems rather than using real
data from the field. For instance, through the utilization of simulation, it is possible to
acquire a dataset that encompasses 10 distinct categories of short-circuit fault classes,
namely AB, AC, BC, ABG, ACG, BCG, AG, BG, CG, and ABC. As illustrated in Figure 1,
these faults are categorized as line to ground (LG), line to line (LL), line to line to ground
faults (LLG), and line to line to line faults (LLL). Of these, only the LLL fault is symmetrical,
while the other faults are asymmetrical [21]. In this study, one fault from each group was
evaluated, and the faults evaluated are shown as red boxes in Figure 1.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 3 of 17 
 

[25] Decision Tree, KNN, SVM Fault classification 

The rest of this paper is organized as follows. Section 2 introduces the real experi-
mental and simulation data employed in this study, the proposed deep learning model 
design of the associated neural network model, and the establishment of parameters and 
assessment criteria. Section 3 describes the experimental results and the analysis of the 
results. Section 4 concludes the paper. 

2. Material and Methods 
2.1. Datasets 

In the literature, datasets can be generated synthetically for offline training of models. 
Frequently, datasets are generated from simulated power systems rather than using real 
data from the field. For instance, through the utilization of simulation, it is possible to 
acquire a dataset that encompasses 10 distinct categories of short-circuit fault classes, 
namely AB, AC, BC, ABG, ACG, BCG, AG, BG, CG, and ABC. As illustrated in Figure 1, 
these faults are categorized as line to ground (LG), line to line (LL), line to line to ground 
faults (LLG), and line to line to line faults (LLL). Of these, only the LLL fault is symmet-
rical, while the other faults are asymmetrical [21]. In this study, one fault from each group 
was evaluated, and the faults evaluated are shown as red boxes in Figure 1. 

 
Figure 1. Short-circuit fault type classification. Where A, B, C, and G stand for phase A, phase B, 
phase C, and ground, respectively. 

Three different datasets were used to determine the performance of the proposed 
model. These models include the following: (a) the real dataset obtained from Gediz El-
ektrik Company [26], (b) the public dataset [27], and (c) the dataset obtained by creating 
the Simulink model. In all three datasets, four different transmission line faults were eval-
uated as shown in the Table 2. 

Table 2. Different types of faults in datasets. 

Types of 
Faults Definition of Faults 

Fault Code 
[G C B A] 

Real Dataset 
(# of Patterns) 

Public Dataset 
(# of Patterns) 

Dataset Generated Based on Simulink 
(# of Patterns) 

Normal No Fault [0 0 0 0] 400 1132 4000 

ABG Double Line to Ground 
Fault 

[1 0 1 1] 400 1134 4000 

ABCG 3 Phase to Ground Faults [1 1 1 1] 400 1133 4000 

AG Single Line to Ground 
Fault 

[1 0 0 1] 400 1129 4000 

BC Line to Line Fault [0 1 1 0] 399 1004 3999 
 Total  1999 5532 19,999 

  

Figure 1. Short-circuit fault type classification. Where A, B, C, and G stand for phase A, phase B,
phase C, and ground, respectively.

Three different datasets were used to determine the performance of the proposed
model. These models include the following: (a) the real dataset obtained from Gediz
Elektrik Company [26], (b) the public dataset [27], and (c) the dataset obtained by creating
the Simulink model. In all three datasets, four different transmission line faults were
evaluated as shown in the Table 2.

Table 2. Different types of faults in datasets.

Types of Faults Definition of
Faults

Fault Code
[G C B A]

Real Dataset (# of
Patterns)

Public Dataset (#
of Patterns)

Dataset Generated
Based on

Simulink (# of
Patterns)

Normal No Fault [0 0 0 0] 400 1132 4000

ABG Double Line to
Ground Fault [1 0 1 1] 400 1134 4000

ABCG 3 Phase to Ground
Faults [1 1 1 1] 400 1133 4000

AG Single Line to
Ground Fault [1 0 0 1] 400 1129 4000

BC Line to Line Fault [0 1 1 0] 399 1004 3999

Total 1999 5532 19,999
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(a) Dataset 1: Real (Gediz) dataset

Real-time data were obtained from the Gediz Elektrik Company. Since 2013, it has
been providing 24-h uninterrupted electricity distribution service to 3.6 million consumers
and a population of 5.9 million on a total surface area of 13,123 km2 consisting of 47 districts
and 2383 neighborhoods in Turkey’s Izmir and Manisa provinces. Fault data were recorded
in two different regions in Izmir province.

(i) The first data were taken from the M-2038 feeder with a line length of approximately
5850 km, located in Güzelbahçe district of Izmir. There are 146 transformers, including the
154/34.5 V medium voltage (MV) line in the M-2038 feeder of Izmir Güzelbahçe district
and the M-2038 feeder output of the M-2773 cabin. There are 11,392 subscribers on the
Güzelbahçe feeder. Visual diagrams of the feeder exit cabin and the energization zone of
the relevant feeder are shown in Figure 2a and 2b, respectively.
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Figure 2. Güzelbahçe district of Izmir. (a) Visual diagram of the M-2038 feeder output cabin.
(b) Diagram of the M-2038 feeder energization zone.

(ii) The second data were taken from the Yenikent feeder with a line length of approxi-
mately 3850 km in Izmir-Bergama district. Izmir-Bergama district has 154/34.5 V MV lines
and 50 transformers. A total of 1054 subscribers receive energy services from the M-2038
feeder. The cabin and energization zone diagrams of the Tekkedere DM-Yenikent Feeder is
shown in Figure 3a and 3b, respectively.
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Figure 3. Izmir-Bergama district. (a) Diagram of the Tekkedere DM—Yenikent feeder cabin. (b) Visual
diagram of the Tekkedere DM—Yenikent energization zone.

For the dataset, approximately 1999 data points were recorded and labeled. A total
of six inputs (Ia, Ib, Ic, Va, Vb, and Vc), consisting of the voltages and currents of three
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phases, were applied to the input of the created machine learning models. The types of
faults recorded in the dataset are shown in Table 2.

(b) Dataset 2: Public dataset

In this study, the public dataset labeled “Electrical Fault detection and classification”
created within the MATLAB Simulink-based simulation framework was used [26,27]. A
power system was modeled in MATLAB to simulate the fault analysis. In the power system,
four generators rated at 11,000 V are positioned at both ends of each pair of transmission
lines. Transformers were positioned at the middle point of the transmission line to simulate
and examine various faults. The circuit was simulated under normal conditions and under
various fault conditions, and the voltage and current values of the line were recorded at
the output of the power system. For the dataset, approximately 12,000 data points were
recorded and labeled. A total of six inputs (Ia, Ib, Ic, Va, Vb, and Vc), consisting of the
voltages and currents of three phases, were applied to the input of the created machine
learning models. The dataset includes different types of faults related to transmission lines.
The fault types included in the dataset are shown in Table 2.

(c) Dataset 3: Fault dataset generated using Simulink

The Simulink of the power system was modeled to generate the dataset for fault analysis
in MATLAB depicted in Figure 4. Three 25,000 MVA generators are used in the model power
system to generate alternative energy. These generators are located at the start and end of
the transmission line. Through the use of transformers that convert 120 kV to 25 kV, the
generators’ 120 kV voltage is sent to a 28 km transmission line. Two 30 MW loads are present
on the transmission line. The middle of the transmission line, at km 14, is where multiple
faults are simulated to occur at different times. The voltage and current values of the line at
the power system’s output were recorded while the circuit was simulated under both normal
and different fault scenarios. The fault types included in the dataset are shown in Table 2.
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Figure 4. A Simulink model was developed to generate the dataset.

The study evaluated the results of symmetrical three-phase short-circuit faults as well
as a single phase to ground, phase to phase, and phase to phase to ground asymmetric
faults. Every failure type’s allowed occurrence time was within 0.1 s during the simulation’s
total runtime of 1 s. Voltage and current graphs of nominal and fault conditions obtained
during 1 s of operation are given in Figure 5.
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For the dataset, approximately 19,999 data points were recorded and labeled. A total
of six inputs (Ia, Ib, Ic, Va, Vb, and Vc), consisting of the voltages and currents of three
phases, were applied to the input of the created machine learning models.

2.2. 1D Convolutional Neural Network Model

A convolutional neural network (CNN) is a deep learning methodology that was
first designed to handle arrays that are two dimensions in size. The architecture can have
multiple layers applied in order to discern various aspects within a two-dimensional image.
Convolutional filters are used to extract various picture features at various resolutions,
and the resulting output is then applied as the input for the following layer. Convolution,
activation, and pooling layers are components of the CNN architecture. These three layers
are often a collection of layers that are repeated in an attempt to attain the properties of
two-dimensional arrays. In order to estimate continuous data in regression problems, a
regression layer can be added to the end of the model.

Modern machine learning methods, especially 1D CNNs and recurrent neural net-
works (RNNs), have proven to be extremely effective in solving difficult activity recognition
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and classification tasks in recent times [28–30]. The architecture of the 1D CNN model used
in the article is shown in Figure 6.
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2.3. Normalization

In order to enhance algorithm efficiency, convergence speed, and model interpretabil-
ity, particularly for algorithms that are sensitive to feature scales, normalization is a popular
preprocessing step in machine learning. In this study, min-max normalization was used,
and the mathematical expression can be represented by Equation (1) where x represents
original values of all the samples.

xnorm =
x − xmin

xmax − xmin
(1)

2.4. Proposed Deep Learning Model for Fault Classification

In this study, one-dimensional convolutional neural network (1D CNN) architecture,
which is suitable for processing sequential data like time series or signals, was employed
for fault classification in transmission lines. The 1D CNN based deep learning model
architecture proposed in this study is shown in Figure 7, and its description is listed below.

• Keras, a high-level neural networks application programming interface (API) that
runs on top of TensorFlow, is used to define the architecture of the model.

• First Block: Two convolutional layers (Conv1D) are applied successively to the input.
Each convolutional layer has 64 filters with a filter size of three and ReLU activation
function. The output of the second convolutional layer is passed through a max
pooling layer (MaxPooling1D) with a pool size of two and “same” padding. This
reduces the length of the sequence by half while retaining important features. This
block also helps extract features from the input data.

• Second Block: Two convolutional layers are applied to the output of the first block.
These layers have the same configuration as the layers in the first block.

• Residual Connection: The output of the second convolutional layer is added element-
wise to the output of the first block. This creates a residual connection, allowing the
network to learn residual mappings, which can make training deeper networks easier.

• Third Block: Two more convolutional layers are applied to the output of the second
block. Again, the layers have the same configuration as before. Another residual
connection is formed by adding the output of the second convolutional layer to the
output of the second block.

• Final Layers: One more convolutional layer is applied to the output of the third block.

The output is then passed through a global average pooling layer, which computes the
average of each feature map across the entire sequence. The output of the pooling layer is
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fed into a dense layer with 128 units and ReLU activation. Finally, the output layer consists
of a dense layer for classification tasks, with as many units as the number of classes or
outputs in the dataset.
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2.5. Parameter Setting

Splitting data into training and test groups by numbers is still a controversial issue [15].
There is currently a lack of practical information on which strategy to choose under what
circumstances when it comes to data creation for later training of machine learning mod-
els [31]. The 80:20 ratio is recommended in accordance with the Pareto principle [32]. Thus,
20% of the data is reserved for testing, while the remaining 80% is used for training. In the
training stage, 20% of the training set is reserved for validation.

The model’s training parameters encompass various aspects crucial for effective
training. The following is a list of additional hyperparameters to consider. Since it is a multi-
class classification problem, Adam has been selected as the optimizer, and categorical cross-
entropy has been selected as the loss function. The metric for evaluation is accuracy. The
number of epochs, which is taken to be 100, determines the training time and the number
of full passes in the dataset. In addition, the batch size, which is set to 32, determines
the number of samples that are processed in each iteration before updating the model’s
weights, thereby improving efficiency.

2.6. Assessment Criteria

In the literature, different performance metrics are used to determine the accuracy
of classification models. In most scientific domains, the area under the receiver operating
characteristic curve (ROC AUC) has become the accepted standard metric for assessing
binary classifications. Binary classification is a typical activity that makes use of machine
learning and computational statistics [33]. In this study, seven measures based on true
positive (TP), true negative (TN), false positive (FP), and false negative (FN) were utilized.
The formulas of measures are briefly defined as follows [13].
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Accuracy (Acc) is the ratio of the sum of correct predictions to the total samples of
dataset.

Acc =
TP + TN

TP + TN + FP + FN
× 100% (2)

Precision (P) is the ratio of correct predictions of the positive class to the total positive
predictions.

P =
TP

TP + FP
(3)

Recall (R), also called sensitivity, is the ratio of correct predictions of the positive
class to the sum of correct predictions of the positive class and incorrect predictions of the
negative class.

R =
TP

TP + FN
(4)

The F1 score is a weighted average of precision and recall. The F1 score is usually
more valuable than accuracy, particularly if the underlying dataset has an uneven class
distribution.

F1 − score =
2 × (Precision × Recall)

Precision + Recall
(5)

The confusion matrix summarizes the accuracy, specificity, recall, and precision and
is used to measure the performance of a machine learning classification problem. In
addition, it is an efficient tool for drawing receiver operating characteristic (ROC) curves
and calculating the area under the ROC curve (AUC). The ROC curve is a graphical plot
that demonstrates the characteristic capability of a binary classifier.

3. Results of the Model
3.1. Fault Classification

In this section, the classification outcomes of the proposed model, which was indepen-
dently trained using all three datasets, are presented.

(a) Results of the public dataset

Figure 8a,b illustrates the graphs depicting the changes in accuracy and loss, respec-
tively, during the training stage of the proposed model using the public dataset. It has been
observed that as the number of epochs increases in the training process, the accuracy value
gradually increases. On the other hand, the loss curve of the machine learning process
shows that as the number of repetitions of the machine learning data increases, the loss
function value gradually decreases.
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After the training stage of the model, the confusion matrix was calculated to determine
the performance of the proposed model, and scores of different performance criteria using
confusion matrix are presented in a table in Figure 9a with a classification report. Micro
averages (avg) are useful when the classes are imbalanced, and it is important to have a
better understanding of the model’s performance on the majority class. Therefore, it was
observed that the micro avg values were 0.98.
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ROC curves provide a comprehensive overview of the performance of a classification
model across different threshold values. They plot the true positive rate (TPR) against the
false positive rate (FPR) at various threshold settings. This allows for a visual comparison
of the trade-offs between sensitivity and specificity. For these reasons, ROC curves were
drawn for each class, and the resulting changes are shown in Figure 9b. As seen in the
figure, the AUC value obtained for all classes was approximately 1.0.

(b) Results of the dataset generated based on Simulink

The generated Simulink dataset was utilized during the training stage to evaluate
the proposed model. The variations in accuracy and loss parameters that were observed
are illustrated in Figures 10a and 10b, respectively. The presence of patterns with similar
characteristics in the validation set caused the patterns to be classified incorrectly. In
addition, this situation caused a sudden drop in the accuracy graph and a sudden rise
in the loss graph, as can be seen in Figure 10. As noted in the public dataset, it has been
observed that as the number of epochs increases in the training process, the accuracy value
gradually increases. However, when compared to the public dataset, it can be seen that
high accuracy can be achieved with fewer epochs. The loss curve indicates that the loss
function value is reduced with machine learning data repetitions.
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After the training stage of the model, the confusion matrix with a classification report
was calculated to determine the performance of the proposed model depicted in Figure 11a.
It was observed that the micro avg values were 1.0. ROC curves were drawn for each class,
and the resulting changes are shown in Figure 11b. As seen in the figure, the AUC value
obtained for all classes was approximately 1.0.
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(c) Results of the real (Gediz) dataset

In the training stage, the real dataset was utilized in the proposed model, and Figure 12a,b
illustrates the changes that were noticed in terms of accuracy and loss parameters, respectively.
As noted in the public and Simulink datasets, it has been observed that as the number of
epochs increases in the training process, the accuracy value gradually increases. However, it
appears that accuracy is achieved with fewer iterations compared to the public and Simulink
datasets. The loss curve indicates that the loss function value is reduced with machine learning
data iterations.
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After the training stage of the model, the confusion matrix with a classification report
was generated to determine the performance of the proposed model depicted in Figure 13a.
It was observed that the micro avg values were 0.99. ROC curves were drawn for each
class, and the resulting changes are shown in Figure 13b. As seen in the figure, the AUC
value obtained for all classes was approximately 1.0.

3.2. Comparison with State-of-the-Art Models

The main purpose of this paper is to design a deep network model to classify the fault
in transmission lines based on real, generated, and public datasets. We can see that different
studies have been carried out in the literature for similar purposes. To demonstrate the
superiority of the proposed method, existing state-of-the-art methods for fault classification
were also compared, as shown in Table 3. The following information about some basic
studies is included in the table: methods, approaches for generating the dataset, their
objectives, performance criteria, and the results of the proposed models.

The dataset is one of the important parameters we see in studies. With these datasets,
analysis and evaluation of fault types are made. It is observed that in the literature,
MATLAB-Simulink [17,22,34] or OpenDSS-G [23] software is used to generate datasets. In
addition to this, the research utilize public datasets [25,35] as well as datasets acquired with
field measurements [35–37]. The models are then trained utilizing a variety of techniques
and the datasets that have been provided. Using the trained models, fault detection or
fault classification can be effectively accomplished. The findings, as shown in Table 3, are
satisfactory, particularly when compared to the performance requirements established for
fault classification.
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Providing real data requires businesses to have the necessary hardware and software.
This increases operating expenses. Therefore, obtaining data in businesses is a very difficult
process. For that reason, it is mentioned in the studies [38] that real data will be used,
especially within the scope of future studies. However, in this study, fault classification was
made using real data. Apart from this, a synthetic dataset was produced with the model
designed in MATLAB-Simulink and public dataset was used in this study.

Utilizing simulation tools to generate datasets results in the data values being ideal.
Performing analysis with ideal data causes a disadvantage. To prevent this, realistic datasets
are created by adding white noise, such as 20 dB or 30 dB, to the datasets [20].

The real dataset, the dataset generated with Simulink, and the public dataset were
used separately to train and evaluate the model that was suggested in this study, and the
model was found to have a strong structure based on the results. The public dataset used
in this study was also used in the reference study [25], and it was found that the outcomes
of this study yielded better results because of the proposed model.
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Table 3. Comparison of proposed model with other state-of-the-art models for fault classification.

Ref. Method Dataset—Purpose Criteria/Results

[34] Deep Adversarial Transfer
Learning

Generated with simulink—Fault
classification Acc./98.05

[22] LSTM Generated with simulink—Fault
classification

Acc./ideal 100%, 99.77% with
30 dB and 99.55% with 20 dB

for 11 classes

[23] ANN Generated dataset (IEEE-13
bus)—Fault classification Acc./avg. 99.6 for 10 classes

[17] LSTM, LSTM-WR, ANN Generated dataset with
Simulink—Fault classification

Acc./43.33, 100, and 99.98,
respectively

[25] SVM, KNN, Decision Tree,
Random Forest

Public dataset (four columns as
fault status)—Fault detection

Acc./0.85, 0.83, 0.83, and 0.84,
respectivly

[39] ANFIS
Generated dataset (IEEE-37

bus)—Fault detection,
classification and location

Acc./99.9

Proposed model 1D CNN-based Deep
Learning Structure

Real/generated with
Simulink/public datasets—Fault

classification

Micro avg./0.99, 1.00, and
0.98, respectively

4. Conclusions

The main purpose of this paper is to design a deep network model to classify the
faults in transmission lines based on a real dataset, a dataset generated with Simulink, and
a public dataset. The findings obtained in our study are listed below.

• The results obtained in fault classification are at an acceptable level compared to the
results obtained in the literature.

• Not only synthetic but also real data were used in this study. It has been observed that
the created model can be used successfully for both real data and synthetic data.

• The proposed model shows an impressive result for all datasets. Hence, it can be
said that the proposed model performance is independent of the transmission line
configuration.

• It also will be tested with 3 different sets of data, which consist of real, generated, and
public datasets to measure the robustness of the network.
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