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Abstract— Unexpected disturbances in electrical power transmission lines can arise due to numerous unpredictable
conditions. Such faults interrupt the flow of electricity and must be detected quickly to prevent major system failures.
Traditional fault-finding methods rely heavily on manual inspection and human interpretation, which is slow and prone to
mistakes. Therefore, automated and intelligent fault-diagnosis techniques have gained significant attention in recent years.

This research focuses on developing an AI-based model to identify faults in power transmission lines using Machine Learning
(ML). A cleaned and integrated Kaggle dataset is used for training and testing. Multiple ML algorithms—Support Vector
Machine (SVM), Naive Bayes (NB), and Random Forest (RF)—are compared for classification performance. Based on
evaluation metrics, the Naive Bayes model delivers the best results with an accuracy of 97.77%, recall of 97.09%, precision
0of 98.64%, and F1-score of 97.86%. These findings show that NB can serve as a strong and efficient tool for fault detection
in transmission systems.
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1. INTRODUCTION

To assure a consistent supply of electricity and electric power systems are essential for modern living, and even a small
disturbance in transmission lines can result in major outages. Transmission lines carry electricity over long distances, making
them vulnerable to environmental changes, equipment damage, and operational failures. When a fault occurs, the continuity of
power supply is affected, leading to instability and economic losses. Identifying and correcting such faults as early as possible
is therefore crucial. Transmission lines carry electricity over long distances, making them vulnerable to environmental changes,
equipment damage, and operational failures Power transmission networks play a vital role in delivering electricity from
generation stations to consumers. These networks operate across vast geographical areas and are constantly exposed to
environmental variations, aging equipment, mechanical failures, and unpredictable external influences. As a result, faults in
transmission lines are inevitable and, if not detected promptly, can lead to voltage instability, line outages, large-scale power
interruptions, and financial losses for utilities and consumers.

Traditionally, fault detection in transmission lines depends heavily on manual monitoring, protective relays, and periodic
inspections. While these methods have been used for decades, they suffer from several limitations. Manual inspection is slow,
labour-intensive, and sometimes impractical in remote or hazardous locations. Conventional protective devices often rely on
predefined thresholds and may not efficiently distinguish between normal disturbances and actual faults, especially in complex
and modern power grids. In addition, the increasing load demand and interconnection of multiple power sources make fault

analysis more challenging.

With the advancement of digital technologies and the increasing availability of measurement data, the power sector is gradually
shifting towards smarter, automated diagnostic solutions. Artificial Intelligence (AI) and Machine Learning (ML) have emerged
as highly promising tools for analyzing power system behaviour due to their ability to learn patterns, process large datasets, and
make accurate predictions. Machine Learning models can study current and voltage variations, identify hidden correlations, and
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classify different categories of faults without relying solely on heuristic or rule-based methods.

Earlier research has explored various ML algorithms such as Support Vector Machine (SVM), Decision Trees, Random Forests,
and neural network models for identifying power system anomalies. These studies demonstrate that ML-based approaches are
capable of improving detection speed, minimizing false alarms, and providing more reliable fault classification when compared
to conventional methods. However, the choice of algorithm and dataset significantly influences the performance of the diagnostic
system. In this study, we focus on building an efficient ML-based fault detection model using real-time current and voltage
features obtained from an open-source dataset. The research involves data preprocessing, feature analysis, model training, and
performance comparison among three widely used algorithms—Support Vector Machine (SVM), Naive Bayes (NB), and
Random Forest (RF). The aim is to identify the model that offers the best accuracy and robustness for diagnosing faults in power
transmission lines. Such an automated system can support power utilities in reducing downtime, improving reliability, and
advancing

Several studies have explored the use of machine learning for fault detection in transmission lines. One such work developed a
fault detection model using a multi-layer perceptron and compared its performance with other commonly used algorithms. The
researchers evaluated their approach on a dataset containing more than 12,000 samples of three-phase current and voltage
measurements. Their findings showed that the multi-layer perceptron delivered better accuracy than Random Forest, Decision
Tree, and SVM models, outperforming them by 0.6%, 2.7%, and 1.9% respectively.

The study also analyzed different input combinations for the ML models to identify which configuration produced the highest
accuracy. In total, 24 machine learning models were trained, and the most accurate one—with the best input features—was
selected for further use. Another related work introduced an SVM-based method using a Gaussian Kernel for identifying line
faults. This technique requires only one cycle of pre-fault and post-fault current data, making it computationally efficient... The
method was tested on a PSCAD-simulated 400 kV, 50 Hz power network consisting of two areas. The algorithm dynamically
adjusts after each cycle to incorporate updated post-fault current values. Tests were conducted under varying resistance levels,
fault distances, and different types of faults. Accurately identifying faults at an carly stage is essential because failures not only
disrupt power system reliability but can also lead to financial losses and safety hazards for both equipment and personnel.
Although faults cannot be completely eliminated, their timely detection significantly reduces severe damage in power systems.

Because of the growing complexity of modern power systems, investing in fault detection and classification (FDC) research
has become very important. Most of today’s approaches rely on sampled current and voltage data collected from the network,
which is then processed to identify faults. With the rise of Machine Learning and other Al techniques, data-driven methods are
now replacing traditional rule-based systems, as they are more flexible and often provide better performance. These Al models
excel because they can learn patterns directly from data and adapt to different fault conditions, making them more general and
reliable. In this work, we aim to develop a strong and adaptable Al-based solution for detecting and classifying faults in power
transmission lines.

PROCESS FLOW

This section explains the workflow followed for detecting different types of faults in power transmission lines. The dataset
used in this study, which includes various fault conditions with corresponding current and voltage values, is collected from the
Kaggle platform. Once the data is obtained, it goes through several preprocessing steps such as data cleaning, integration, and
splitting to prepare it for model development.. Three machine learning models—Support Vector Machine (SVM), Naive Bayes
(NB), and Random Forest (RF)—are built for comparison. After constructing these models, the dataset is divided into two parts:
one portion is used for training the models, and the other portion is used for testing them... The whole system is illustrated in
Fig. 1.
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Fig. 1. Research flow of fault detection in power transmission lines.

Data Acquisition
The delivery of electricity from power stations to homes and industries depends heavily on the condition of components
like power lines, poles, and insulators. When these components fail, two major types of faults can occur—Open Circuit
(OC) faults and Short Circuit (SC) faults. Both of these can appear as either symmetrical or asymmetrical faults. OC faults
usually happen when the voltage becomes too high, whereas SC faults have become more frequent due to rising current
levels. A typical symmetrical fault is a three-phase short circuit, where all three phases are affected at the same time, with
or without involving the ground.

Asymmetrical faults, on the other hand, involve only certain phases. Examples include:
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Single line-to-ground (L-G) fault — occurs when one phase comes into contact with the ground, usually due to insulator failure.
Double line-to-ground (L-L-G) fault — happens when two phases and the ground are shorted together.

Line-to-line (L-L) fault — occurs when any two phases short-circuit.

Three-phase to ground (L-L-L-G) fault — all three phases shorted along with the ground.

The dataset shown in Fig. 2, sourced from Kaggle, is used for training the AI model to classify these faults. In the dataset, the first
four columns indicate the type of fault:

No fault: [0000] ,L-G fault: [1001],L-L fault: [0011],L-L-G fault: [1011],L-L-L fault: [0111].

Fig. 3 depicts the breakdown of the obtained data (which comprises six different fault categories).
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Fig. 3. Fault data distribution

A. Data Processing

Data processing is one of the most crucial steps at the beginning of any machine learning project. At this stage, the main
goal is to make sure the dataset is clean, accurate, and suitable for analysis. Pre-processing helps fix issues such as duplicate
entries, inconsistent formats, noisy data, missing labels, imbalance between classes, and unnecessary features. Although this
step can be time-consuming, it plays a major role in improving the quality of the final model. In this study, careful attention was
given to cleaning and preparing the dataset before model development..

Missing values are one of the key reasons for poor classification performance. Real-world datasets often contain incomplete
entries, not only in medical fields but across all domains. A common way to handle missing data is through imputation, where
the missing values are replaced based on certain rules. However, the best imputation method depends on factors like dataset size,
the percentage of missing data, and the reason for the missing values. In many cases, it is better to work with complete datasets
to avoid any artificial adjustments. After verification, our collected dataset was found to have no null or missing entries.

The relationship between ML and data integration has grown in importance alongside the explosion in data size and variety [16].
Data Integration is critical for ML to thrive since it requires data from as many diverse sources as feasible. Simultaneously, ML
in data integration results in lower costs and more accuracy. The collected data of the first four columns represent the type of fault
and it is hard to process and classify the type of fault. In this integration step, the four columns will be merged and produce the new
column called fault type which is shown in Fig. 2. This step helps to convert four target variables to one target variable.
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Fig. 4. Outcome of data integration

To build a reliable machine learning model, the dataset must be divided into different parts. Usually, one portion of the data
is used to train the model, while the remaining portion is used to test how well the model performs. This step is essential in data
science because it helps prevent the model from learning only the training data and ensures it can perform well on new, unseen
data.

Figure 4 shows the overall process of splitting data for model development. In a basic two-part split, the training set is used to
teach the model and help it learn important patterns. This set also helps in choosing the best model and tuning its parameters.
Once the training phase is complete, the testing set is used to evaluate the final model and check its accuracy.in Table I.

TABLE.I. DATA SPLITTING

Total Train Test
7861 6289 1572

B. Al Model
Three different Al models are used in this research to identify the fault type. All models are detailed in the below sections.

Support Vector Machine (SVM) is a popular machine learning technique used for both classification and regression tasks.
It works on the principle of supervised learning, where data points are separated into distinct classes. To achieve this, SVM
converts the original data into a higher-dimensional space using nonlinear mapping. This transformation helps the algorithm
identify a function that can correctly predict the category of both current and unseen data.

In an ideal scenario, if the right nonlinear mapping is applied, two classes of data can always be separated using a
hyperplane. This hyperplane, known as the decision boundary, divides the data points into different classes. Although many
possible hyperplanes can separate the data, SVM selects the one that provides the maximum margin — the widest possible
separation between the two classes. A larger margin generally leads to better classification performance.

analysis. The recall value is attained by the ML model and it is arranged from higher to lower value. The order of the ML
model is NB (97.09%), RF (96.08%), and SVM (95.48%). The
third metric is considered precision. The NB gives a higher precision rate of 98.64%, RF provides the second largest precision
score of 94.81%, and SVM delivers lower precision of 94.21%. Finally, F1-Score is taken, the value of 94.85%, 97.86%, and
95.44% obtained by SVM, NB, and RF. The metrics value of all three ML models is detailed in table 2.

TABLE.II. DATA SPLITTING

MODEL SVM NB RF
ACCURACY 94.5929 97.7792 95.229
RECALL 95.4823 97.0979 96.088
PRECISION 94.2169 98.6486 94.813
FI-SCORE 94.8454 97.8672 95.4463

Table 11 is converted into a bar graph for easy comparison Random Forest (RF) Classifier

The Random Forest (RF) algorithm is an ensemble learning method composed of a large number of CART (Classification
and Regression Trees). Each tree is trained using a random bootstrap sample drawn from the original training dataset. The
samples that are not selected during the bootstrap process are known as out-of-bag (OOB) samples and are used to estimate the
generalization error of the model.

The OOB error provides a reliable estimate of model performance without the need for a separate validation dataset. Each
decision tree in the forest gives an individual prediction, and the final output is determined by majority voting among all trees.

RF is known for its robustness, resistance to overfitting, and high accuracy, particularly when handling noisy and high-
dimensional data. It also performs implicit feature selection using the random subspace method, which enhances its predictive
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stability and reliability in fault detection and classification tasks.

II. RESULTS AND DISCUSSION

The performance of three machine learning models—Support Vector Machine (SVM), Naive Bayes (NB), and Random
Forest (RF)—was evaluated using four key metrics: accuracy, recall, precision, and F1-score.

Among the three models, the NB classifier achieved the highest accuracy of 97.77%, indicating superior fault classification
capability. RF attained an accuracy of 95.22%, while SVM produced a slightly lower accuracy of 94.59%.

In terms of recall, NB again outperformed the other models with a value of 97.09%, followed by RF at 96.08%, and SVM
at 95.48%. A higher recall indicates that the model is more effective at identifying actual faults.

For the precision metric, NB achieved the best result with 98.64%, confirming that it made the most reliable positive
predictions. RF recorded a precision of 94.81%, and SVM obtained 94.21%.

The F1-score, which combines precision and recall into a single performance indicator, also highlighted the strength of the
NB model with a value of 97.86%. RF and SVM achieved F1-scores of 95.44% and 94.85%, respectively.
all three ML model metrics. Fig. 5 shows the ML model comparison. The three various ML models such as SVM, NB, and RF
are represented in different colours like green, blue and grey color. The height of the blue bar will be higher than the other two,
and it represents the NB will give better results for fault classification.

The Naive Bayes (NB) classifier is based on Bayes’ Theorem and follows the assumption that all predictor variables are
independent of each other. Even though this assumption is often unrealistic in real-world datasets, NB performs remarkably well
in many classification tasks, especially when handling large-scale data.

Feature importance in the NB approach is evaluated using the Gini impurity criterion. The Gini index is a non-parametric metric
that measures how well a variable separates different classes without depending on any specific data distribution. For a node n
in a binary decision tree, the Gini index is defined as:

Gini(n) =1 - \sum (p_k)"2

where is the relative frequency of class k. A lower Gini value indicates better purity of the node. Therefore, a greater reduction
in the Gini index signifies that the corresponding feature contributes significantly to class separation.

The NB classifier is simple in structure yet highly efficient. Despite its simplicity, it often competes with and even outperforms
more complex machine learning techniques. It offers an effective probabilistic framework for learning from data and is widely
used due to its fast training and prediction capabilities. The posterior probability is calculated using Bayes’ theorem as:

P(UIV) =\frac{P(V|U) \, P(U)} {P(V)}

where is the posterior probability, is the likelihood, is the prior probability, and is the evidence.

FAULT DETECTION IN POWER TRANSMISSION LINE USING NB

CURRENT PARAMETERS » VOLTAGE PARAMETERS
Phase A current: [ 657.62 ] Phase A voltage: I 0.14 |
Phase B current: | -87.18 | Phase B voltage: | 0.027 ]
Phase C current: | -9.43 | Phase C voltage: I -0.17 |
PREDICT
| LG FAULT

Fig. 6. GUI working on fault detection by deploying NB
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II. CONCLUSION

In this study, the performance of three widely used machine learning classifiers—Support Vector Machine (SVM), Naive Bayes
(NB), and Random Forest (RF)—was evaluated for fault classification. The comparison was carried out using standard
performance metrics such as accuracy, recall, precision, and Fl-score. Among all the models, the Naive Bayes classifier
consistently demonstrated superior performance across all evaluation measures. It achieved the highest accuracy, precision,
recall, and F1-score, indicating its strong capability in correctly identifying and classifying fault conditions.

The Random Forest model also showed reliable and stable performance, ranking second across most metrics, due to its robustness
and ensemble-based structure. The Support Vector Machine, although effective, produced comparatively lower results than NB
and RF for this specific dataset and application.

Overall, the results confirm that the Naive Bayes classifier is the most suitable model for the proposed fault classification system
due to its high accuracy, simplicity, and computational efficiency. This makes NB a strong candidate for real-time fault detection
applications. Future work can focus on testing the model with larger real-world datasets and exploring hybrid or deep learning
approaches to further enhance classification performance.
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