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Abstract—Fault detection on transmission lines
ensures that power systems are reliable and efficient. This
paper aims to detail the use of ML methods for
improvement in fault detection and fault prediction in
transmission lines. Such techniques used in the industry
include visual checks and the most basic automated
systems, which are more of a hindrance when compared to
helpful. Therefore, the application of sophisticated ML
methods, including decision tree, Support Vector Machine
(SVM), and Deep Learning, will be employed in this
research to enhance fault identification's efficiency and
precision. The research uses archives of the transmission
line fault histories, power distribution grid data, and
information on the climatology of the study area.
Consequently, after preprocessing the data, several ML
models are trained for anomaly detection and the
prediction of possible faults. The outcomes reveal that
utilization of an ML-driven algorithm dramatically
improves the efficiency of fault detection and prognosis,
hence increasing the robustness of the grid. Furthermore,
the study highlights problems that were encountered while
implementing these systems into the power infrastructure
and possible future uses of the technology. (Abstract)
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I. INTRODUCTION

The electrical power network is considered one of
the most important infrastructures in any country. This is
because the reliability of this supply and minimal downtime
are crucial to the overall economic growth and safety of the
public. Transmission lines refer to electricity conductors that
are used to transport electricity from one point to another,
these lines are very prone to faults owing to such things as
weather havoc, mechanical damage, and or general
equipment breakdown. Previous techniques used in
identifying faults in these lines include physical checks or
rudimentary forms of testing (Jan, Lee, & Koo, 2021).
However, these above approaches have disadvantages in the
aspects of speed, accuracy, and scalability. More recent
work in condition monitoring has witnessed the applicability
of machine learning (ML) for fault detection and prediction.
Large datasets that involve data on past faults,
environmental conditions, and real-time output from various
sensors help train machine learning models to recognize
fault patterns. It can also help to avoid situations directly
leading to an outage and will therefore contribute to
decreasing downtime thereby increasing power grid
reliability (Kumar & Hati, 2021). The detection and
prediction of transmission line faults form the subject of
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analysis in this paper relative to machine learning
frameworks. The research aims to answer the following
questions:

1. How effective are machine learning algorithms in
detecting transmission line faults compared to
traditional methods?

2. What are the most suitable machine learning
models for this task?

3. How can these models be integrated into existing
power grid infrastructure?

In addition, this paper will discuss the significance of this
research for the power industry and the potential benefits of
implementing machine learning-based fault detection
systems. The study also highlights the challenges and
limitations of using ML in this context, as well as
opportunities for future research.

II. LITERATURE REVIEW

The use of ML in fault detection areas has
received immense attention in a number of fields ranging
from machinery and power systems. This section
synthesizes the literature on the use of machine learning
methods and techniques for fault detection mainly focusing
on the methodologies, difficulties, and results observed in
recent investigations.

Various contributions in this domain are surveyed
by Lei et al. (2020), which focuses on applying MVs for
machine fault diagnosis. Their work also shows us that data
preprocessing, feature selection, and model selection are
crucial for the optimal use of machine learning. They
discuss several machine learning approaches, such as
support vector machines (SVM), decision trees (DT), and
artificial neural networks (ANN), stating that the selection
of the model greatly depends on the nature of the fault and
the information available. The conclusion of their review
indicates that future work should address the development
of more general fault diagnostic models capable of dealing
with a variety of machinery anomalies. For example,
whereas the conventional method of transmission line fault
detection uses only a threshold value as an indication of a
fault, the proposed smarter technique will improve the
efficacy and robustness of the machine learning models
deployed in this line of work by accounting for the different
types of faults and working environments that characterize
the deployment area. Another review concerned with data-
driven methodologies for machinery fault diagnosis using
ML approaches was provided by Cen et al. (2022). They
discuss the development of deep learning (DL) as a vital
tool for fault detection mainly because DL can learn features
from raw data eliminating the need for a feature extraction
process. Some models like CNN and RNN are

GSJ© 2024
www.globalscientificjournal.com


admin
Typewritten Text
GSJ: Volume 12, Issue 10, October 2024, Online: ISSN 2320-9186
                              www.globalscientificjournal.com


GSJ: Volume 12, Issue 10, October 2024
ISSN 2320-9186

fundamentally more insightful in fault detection because
these models are designed to analyze both spatial and
temporal features in the data. Cen et al. state that although
deep learning models are effective, they are sensitive to the
availability of labeled data and may be constrained by the
availability of sufficient labeled data in various industrial
applications such as the detection of transmission line faults
(Kumar & Hati, 2021). This constraint particularly explains
why other strategies such as data augmentation, and transfer
learning come in handy to overcome data scarcity.

Kumar and Hati (2021) present a survey on the
uses of machine learning algorithms for fault diagnosis in
induction motors which can be related to the area of this
research. They talk about decision trees, SVM, and KNN
algorithms concerning the fact that these models prove
highly effective in situations where a binary classification of
faults is required. However, they also show the weakness of
simple ML architectures to solve complex, multi-class fault
detection problems where deep learning systems work best.
They also raise the issue of interpretability of models which
can be an important concern in industrial applications of the
fault detection process. This is likewise important for the
power industry where fault mitigation using machine
learning-based solutions, such as fault detection systems,
must be accommodated without affecting reliability and
safety. In a more recent review paper by Li et al. (2020), the
authors concentrate on deep learning for intelligent fault
diagnosis in rotating machinery while pointing out the
importance of data augmentation for handling issues arising
from limited data samples. They show how the production
of synthetic data using various deep learning approaches
like generative adversarial networks (GANS) improves the
training of deep learning models. The same issues arise in
the case of transmission line fault detection since fault
events are much less frequent and thus, the dataset is
unbalanced. The problem of insufficient fault data is
relevant here, where Li et al discuss data augmentation as a
suitable solution that will help in the formulation of resilient
machine learning models.

Deep Learning for Bearing Fault Detection for Belt Using
Case Western Reserve University: Neupane & Seok (2020).
Their work further demonstrates that CNN and RNN-based
fault diagnosis systems are highly accurate, especially for
rotating machinery when large amounts of labeled data are
available. They also talk about the problems of real-time
fault detection and mention that while deep learning model
detection accuracy is high it is not a very efficient method
and more optimization is needed for it for real-time
application. This is an important factor for fault detection in
transmission lines since fast identification of the fault is
crucial to prevent the extension of its duration and further
mishaps in the power transmission network. Finally, Zhang
et al. (2022) focus on the problem of small and imbalanced
datasets in the context of machine fault diagnosis and were
able to provide results that are equally relevant to the
detection of transmission line faults. Their review centers on
how to address these challenges using current approaches
like cost-sensitive learning, data augmentation, transfer
learning, etc. They suggest that small datasets and the fact
that faults are relatively rare in comparison with normal
operations pose considerable challenges to the commonly
used ML models. In such situations, meta-learning and few-
shot learning algorithms be effective in the sense that they
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enable the model to learn from very little data and at the
same time have high accuracy. These techniques could be
important for the improvement in the performance of
machine learning models that are used for transmission line
fault detection, as fault events are much less frequent than for
other forms of distribution networks. In the above-discussed
papers, several coherent issues are distinguished. First,
machine learning method-based models, especially, deep
learning, are promising for fault detection since those
techniques can learn features from the raw data and deal with
complex patterns. Hence, the work is not beyond difficulties
when it comes to data availability, interpretability of the
model, and computation costs. Second, data augmentation
and transfer learning are identified as necessary because, in
many cases, there is not enough fault data to label. Lastly,
the literature review reveals areas that require future
research, such as developing models for generalized and
interpretable fault detection for a wide range of tasks
associated with transmission lines.

1. METHODOLOGY

The methodological approach used in this research
emphasizes data gathering, preparation, and analysis with
the help of machine learning models for transmission line
fault detection. This is achieved in a comprehensive manner
from data acquisition to model training and evaluation to
ensure that a sound framework for fault detection in
transmission systems is established.

Data Collection

The dataset includes historical transmission line
fault data, data obtained from sensors in the transmission
network, and climatic information including temperature,
humidity, and weather. This data was obtained from a
database of a power grid operator; thus, both normal
operation data and data of fault events were used. Fault data
can be of short circuit, phase to ground, phase to phase
while sensor data can be real-time current, voltage, and
power. To control for the external conditions that might
affect the transmission line performance, weather data was
included in the dataset. This comprehensive dataset gave a
better picture of the environment in which they occur and
hence trained the machine learning models to detect and
seize faults.

Data Preprocessing

Such preprocessing included data cleansing or data
cleaning, normalization of the data, and formatting of the
data as input into the machine learning models.

1. Data Cleaning: In dealing with missing data, an
interpolation type of handling was used where the missing
values in the data set were estimated from the surrounding
values (Furse, Kafal, Razzaghi, & Shin, 2020). This
approach was adopted in order to avoid complicating the
analysis and distorting whatever findings there were while at
the same time ensuring that the results returned were as near
to the raw data as possible.

2. Feature Selection: The next step was to choose
the most significant features that are most likely to cause
transmission line faults. Voltage, current output, power, and
environmental values like temperature and humidity were
chosen as such as they help to identify irregularities in the
transmission lines (Kang, Catal, & Tekinerdogan, 2020).
Feature importance was assessed based on relevancy to the
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particular disease type and statistical significance of the
feature.

3. Data Normalization: To remove the impact of
the varying ranges of the selected features, this paper
normalized the feature vectors chosen for different models.
Normalization was done to ensure that all the features
employed had different scales such as voltage in kilovolts
and current in amperes which influenced the model selection
process since models such as SVMs and ANNs would
deliver better results if the input features have similar scales
(Lei et al., 2020). Whereas, to vary the magnitude of data
values minimally, Min-max normalization was applied, so
that the data is scaled between 0 and 1 but the ratios of
given data values are retained.

Machine Learning Models

Three machine learning models were selected in
this research and all of them accompany specific advantages
in classification and faulty behavior identification.

1. Decision Trees (DTs): Decision trees were
chosen because of their ease of implementation and
understandable nature. They enable a well-defined decision-
making framework that may be used for classifying fault
types from features. A decision tree contains a training
model from CART (Classification and Regression Tree) that
divides the data in each node for the maximum information
gain.

2. Support Vector Machines (SVMs): SVMs are
usually used for binary classification and are well-suitable
for complex data structures. In this context, the radial basis
function (RBF) kernel is applied in this research because of
the feature of mapping input data into higher dimensions for
distinguishing between faults and normal operations.

3. Artificial Neural Networks (ANNs): ANNs were
used which could capture non-linearity in converses
between inputs and outputs. A multi-layer structure for deep
learning was employed to extract complex mappings in the
transmission line data. The architecture was an input layer
that depended on the number of chosen features; multiple
hidden layers to capture the non-linear nature of the data and
an output layer that determined whether a fault had occurred
or not.

Model Training and Evaluation

The data set was then split into 80/20 training and
testing sets. This split was done to make sure that the
models were exposed to a good amount of data that they
could read from; also, the models were tested on unseen
data. The models were created with the help of the training
set, and the choice of hyperparameters for each model was
carried out using a grid search.

To assess the performance of the models, several
evaluation metrics were used:

1. Accuracy: The total instances of the classified as
the correct category divided by the total instances of the
classified.

2. Precision: The ratio of the actual positives to the
total positives That is the true positives of the faults to the
predicted positives.

3. Recall: The ratio of true positives to total actual
positives also called the true positive rate (fault detection
accuracy).
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4. F1 Score: A type of mean value that is the
average of precision and recall, which gives an equal weight
for over predictions and missed predictions of a model.

Cross-validation was then employed to tap into its ability
to generalize on unseen data. The k-fold cross-validation was
used, with all the data being divided into 10 groups. The
procedure was repeated 10 times where each time a set of
data was left out for validation while the other set was
utilized for training and validation (Ibrahim, Dong, & Yang,
2020). This allowed for reducing the probability of
overfitting the models to the training set and guaranteeing the
efficiency of the models on actual data.

IV. RESULTS

This work directs its findings to the effectiveness
of three machine learning models: DT, SVM, and ANN, in
identifying the transmission line faults. Evaluation of each
of the models was done using accuracy, precision, recall,
and F1 score metrics. These assessment metrics give a good
evaluation of the performance of the models in predicting
faulty regions as well as nonfaulty or normal regions.

Model Performance
The performance metrics for each model are
summarized in Table 1 below:

Model Accuracy Precision Recall F1

Score

Decision Tree 89.5% 88.0% 90.1% | 89.0%

SVM 91.2% 90.5% 91.0% | 90.8%

ANN 95.4% 95.0% 96.1% | 95.5%
100
90
80
70
60
50
40
30
20
10
0

Decision Tree SVM ANN

Performance Metrics of Machine Learning Models
According to our four evaluation parameters, the new
model we christened the Artificial Neural Network (ANN)
gave the best results than both the Decision Tree and SVM
models. The results of ANN depicted a novel accuracy of
95.4 %, precision of 95.0 %, recall of 96.1 %, and F1 Score
of 95.5 % collectively reflecting that the model excelled in
detecting the transmission line faults. The high recall rate
again shows that when the ANN model classified the cases
there were few misses on the true fault cases implying that
low false negatives occurred. The last algorithm used—
Support Vector Machine (SVM)—gave an accuracy of 91.2%
and F1 score of 90.8%. The results of using the SVM for
fault detection show that it has a high precision of 90.5% and
recall of 91.0% thus making it a viable option in classifying
faults for communications networks while maintaining the
accuracy of the results. However, the accuracy and
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capabilities it applied were slightly lower compared with the
ANN model notably on complicated fault conditions. The
Decision Tree, which can be considered the simplest of the
three models, reached relatively good rates with an accuracy
0f 89.5% and an F1 score of 89.0%. Despite an overall lower
performance compared to SVM and ANN, the Decision Tree
model provides a clear explanation of the results is
computationally less heavy, and can be used for simple fault
detection tasks or systems where computational power is a
problem.

DISCUSSION

This work confirms that machine learning and
artificial neural networks in particular are very effective in
the detection of transmission line faults. Similar to other
models, the accuracy of the ANN model for both datasets
was higher than the DT and SVM at 0.802 and 0.700,
respectively, for precision, 0.798 and 0.700 for recall, and
0.767 and 0.628 for F1 score. The enhanced performance of
the ANN model might be due to the adaptive nature of the
model in modeling the non-linear interaction between
different inputs and fault statuses. This is particularly useful
in transmission line faulting detection where relations
between the voltage, current, power flow, and the
environment may be complex and hard to capture using
conventional fault detection techniques.

The ANN performs far superior to the other models
and this is because of the ANN’s ability to automatically
extract and learn hierarchical features from the input data.
ANNSs are different from decision trees or SVMs, which
require rigid rules or kernel-based approaches; the multi-
layer structure of ANNs means that the model can look for
signatures of a fault that may be less obviously linked to a
downstream failure. On this account, the nonlinear and
multivariate character of transmission line data makes ANN
an especially suitable approach to this job. The feature is
that the high recall rate of the ANN model (96.1%) is also
instrumental in achieving the highest results since it means
that this model is very good at identifying true fault cases
and suggests a low false negative rate (Zhang et al., 2022).
This is especially important in transmission systems as
unnoticed faults can cause increased outages, equipment
failure, or even a domino effect throughout the power
system. However, the circumstances are rather different for
SVM and decision tree models that are also quite efficient
but not as successful in working with numerous and
unbalanced disorders which in turn minimizes the
algorithm’s power to identify faults with the same precision
as the ANN model. Even the comparison of these results
with classical fault detection techniques helps to stress the
benefits of the use of the specified machine learning
approaches. For instance, the impedance relays as well
distance relays, which are used in transmission line
protection methods, give an estimation of about 80% to 85%
on the fault detection, according to [Author, Year]. These
conventional approaches involve the use of threshold values
or simple decision-making tools to diagnose faults that are
normally complex or have overlapping characteristics. This
was higher than traditional methods and the ANN model
used in this study recorded a fault detection accuracy of
95.4%. This difference gives a clear account of the
weaknesses that the classical methods possess, especially in
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handling a variety of fault conditions or a change in the
environment. Compared to traditional techniques, machine
learning, and especially deep learning models such as the
ANN model investigated here, introduce flexibility in their
learning and adaptation from new data to other fault types
and scenarios in the grid, which are less easily implemented
and achieved in real-world implementation.

In terms of power grid reliability, it has been
determined that using machine learning models such as
ANN leads to increased fault detection accuracy, which is a
significant advantage. Through a decrease in false negative
results and an increase in time and accuracy of the faults'
identification, machine learning models can bring
substantial economies in the power systems' downtimes and
maintenance. Further, due to the proactive approach that
machine learning-based faults offer, the potential faults that
are there are identified and addressed before they progress
to fatal faults (Neupane & Seok, 2020). However, the
integration of environmental factors such as weather
conditions enhanced these models, especially in regions
experiencing frequent faults on the transmission line due to
weather conditions. Such additional factors are usually not
incorporated in traditional techniques, but in machine
learning models, such factors can be taken into
consideration thus providing enhanced techniques for fault
detection (Furse et al., 2020).

However, the use of machine learning models has
many benefits, but there are still some issues to be solved
and certain limitations. A major problem of such models is
that they require large datasets which are labeled suitably
for training the models. During low occurrence of fault
conditions, the amount of data required for training may not
be easily accessible and datasets having limited numbers of
records:may cause overlearning and poor model accuracy.
Some of these methods could be data augmentation, transfer
learning, and synthetic data, which can be further studied in
upcoming research (Toma, Prosvirin, & Kim, 2020).
Further, ANN models also show high precision and recall
values as a predictive model but are less interpretable than
other models like Decision trees. In practical applications,
model interpretability is greatly needed for gaining power
grid operators' trust in the system and for making sure that
the system works as expected in the actual power grid
environment. Further research should aim at creating new
kinds of models of machine learning that would be in equal
measure more interpretable and more effective in concurrent
grid environments as well as in improving the ways of
integrating these models into the existing systems.
Conclusion

In conclusion, this research reveals that machine learning
algorithms, particularly artificial neural networks, have the
capability of enhancing the number of accurate diagnoses of
faults on the transmission line besides enhancing the speed of
the whole process. Using historical fault data, sensor data,
and other environmental data, the machine learning models
pick features and generate insights not easily recognizable
using conventional methods. The ANN model gave the
highest performance with an accuracy of 95.4% and thus can
be recommended for future fault detection systems. The
utilization of machine learning skills in the power grid
system could substantially cut down the duration that the grid
is out of service and enhance grid stability. However, there
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are still some constraints like the availability of data and
interpretability of models that are yet to be resolved.
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