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Abstract: Transmission lines are critical components of modern power systems, and their reliable operation is
essential for uninterrupted electricity supply. However, faults such as line-to-ground (LG), line-to-line (LL),
double line-to-ground (LLG), and three-phase faults frequently occur due to environmental and operational
factors. This paper proposes an optimal fault detection and classification framework using Deep Neural
Networks (DNN) integrated with Swarm Intelligence optimization techniques. The proposed model utilizes
voltage and current signals extracted from transmission lines, applies feature extraction techniques, and
optimizes neural network parameters using Particle Swarm Optimization (PSO). Simulation results demonstrate
improved classification accuracy, faster detection time, and enhanced robustness compared to conventional
methods.
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1. Introduction

Transmission lines form the backbone of modern electrical power systems, enabling the transfer of electricity
from generation stations to distribution networks over long distances.[1-2] Due to their extensive geographical
span and exposure to environmental conditions, transmission lines are highly susceptible to various types of
faults. These faults may arise from lightning strikes, insulation breakdown, conductor failures, or external
interferences such as falling trees and extreme weather conditions. Such disturbances not only disrupt power
supply but can also lead to severe damage to equipment if not detected and cleared promptly.[3]

The occurrence of faults in transmission lines can significantly impact the stability, reliability, and
efficiency of power systems. Even a minor fault, if left undetected, can propagate through the network and result
in cascading failures, leading to large-scale blackouts. Therefore, rapid and accurate detection and classification
of faults are critical for ensuring system security and minimizing downtime. Protective relaying systems are
designed to identify abnormal conditions and isolate faulty sections, but their effectiveness depends on the
accuracy and speed of fault identification mechanisms.

Traditional fault detection methods primarily rely on impedance-based techniques, traveling wave
methods, and overcurrent protection schemes. While these approaches have been widely used in practical
systems, they often face challenges under dynamic operating conditions. Variations in system parameters, load
changes, and the presence of noise can reduce the accuracy of these methods. Moreover, conventional
techniques may struggle to distinguish between different types of faults, especially in complex and
interconnected power networks.
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With the rapid advancement of artificial intelligence, particularly deep learning, new opportunities have
emerged for improving fault detection systems. Deep Neural Networks (DNNs) have the capability to learn
complex patterns and relationships from large volumes of data. Unlike traditional methods that require manual
feature extraction, deep learning models can automatically extract relevant features from raw voltage and
current signals. [4,5] This ability enhances the accuracy and robustness of fault classification, even in the
presence of noise and uncertainties.

In addition to deep learning, optimization techniques play a crucial role in improving the performance
of neural network models. Swarm intelligence algorithms, inspired by the collective behavior of natural systems
such as bird flocking and fish schooling, have gained popularity in solving complex optimization problems.
Among these, Particle Swarm Optimization (PSO) is widely used due to its simplicity, fast convergence, and
ability to find global optimal solutions. PSO can be effectively applied to optimize neural network parameters
such as weights, biases, and learning rates.[7-10]

The integration of deep neural networks with swarm intelligence techniques provides a powerful
framework for fault detection and classification in transmission lines. By combining the feature learning
capability of DNNs with the optimization strength of PSO, it is possible to achieve higher accuracy and faster
response times compared to conventional methods. This hybrid approach not only improves classification
performance but also enhances the generalization capability of the model across different fault scenarios.[11]

In this context, the present research focuses on developing an optimal fault detection and classification
system using deep neural networks and swarm intelligence. The proposed methodology aims to overcome the
limitations of traditional techniques by leveraging advanced machine learning and optimization strategies. The
study contributes to the development of intelligent and reliable power system protection mechanisms, which are
essential for the efficient operation of modern smart grids. Fig 1
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Fig. 1 Operation of modern smart grids
e Input Signals
The process begins with acquiring raw voltage and current signals from the transmission line. These
signals represent the electrical behavior of the system and contain information about normal operation
as well as fault conditions.
e Data Preprocessing
Raw signals often contain noise, missing values, or irrelevant variations. The data preprocessing step
cleans the signals, normalizes them, and ensures that the dataset is suitable for feature extraction. This
step improves model accuracy and reduces the likelihood of misclassification due to noisy data.
e Feature Extraction
After preprocessing, relevant features are extracted from the voltage and current signals. This could
include time-domain features (RMS, peak values), frequency-domain features (Fourier or wavelet
coefficients), and statistical measures. Feature extraction reduces the input complexity for the neural
network while retaining essential information for fault detection.
e Dataset Splitting
The processed dataset is split into two parts:
e Training Dataset: Used to train the deep learning model.
e Testing Dataset: Used to evaluate model performance and generalization on unseen data.
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e Data Balancing
Fault datasets often have imbalanced classes, where certain fault types occur less frequently. The data
balancing step ensures that all fault types are represented adequately in the training data. Techniques
like oversampling, undersampling, or synthetic data generation can be applied to prevent bias in the
model.

e Feature Reduction
Feature reduction, or dimensionality reduction, is applied to remove redundant or less informative
features. Methods such as Principal Component Analysis (PCA) or autoencoders reduce computational
complexity while preserving critical information, which improves both training speed and model
performance.

e  Optimized Classification Models
The refined dataset is fed into optimized classification models—in this case, a Deep Neural Network
whose parameters (weights, learning rate, network structure) are optimized using swarm intelligence
techniques such as Particle Swarm Optimization (PSO). This ensures the model achieves high accuracy
and robustness.

e C(lassification Output / Evaluation
Finally, the model produces fault classification outputs, identifying the type of fault (e.g., LG, LL,
LLG, LLL). The results are evaluated using metrics such as accuracy, precision, recall, and F1-score to
verify the model’s performance and reliability for real-world application.[13]
The image represents a complete end-to-end workflow for intelligent fault detection in transmission

lines. It integrates data preprocessing, feature engineering, optimization, and classification to ensure fast,
accurate, and robust detection under practical conditions.

2. Literature Review

2.1 Deep Neural Networks for Fault Detection

Recent studies have demonstrated that Deep Neural Networks (DNNs) are highly effective in detecting and
classifying faults in transmission lines. Zhang et al. (2021)[18] implemented a DNN-based fault classification
system using voltage and current signal features. The model achieved classification accuracy above 95% across
different fault types. The automatic feature extraction capability of DNNs eliminates the need for manual pre-
processing, making it suitable for real-time fault detection in dynamic power systems.

2.2 Convolutional Neural Networks (CNN)

CNNs have been widely applied to extract spatial features from time-series signals of power systems. Li and
Kumar (2022) [7] proposed a CNN-based approach for transmission line fault classification using 2D
representations of wavelet-transformed current signals. The method showed robustness against noisy
measurements and outperformed traditional machine learning models in both detection speed and accuracy.
CNNs are particularly effective in capturing local signal patterns that are crucial for distinguishing similar fault

types.

2.3 Long Short-Term Memory (LSTM) Networks

LSTM networks are designed to handle sequential data and are well-suited for analyzing temporal dependencies
in voltage and current signals. Ahmed et al. (2020)[2] implemented an LSTM model to capture dynamic
behavior in transmission lines during transient faults. The study reported high accuracy in classifying single-
line-to-ground, line-to-line, and three-phase faults. LSTM models are advantageous for applications where fault
signals evolve over time, providing reliable real-time fault detection.

2.4 Wavelet Transform with Neural Networks

Hybrid approaches combining Wavelet Transform (WT) with neural networks have been effective for both
feature extraction and fault localization. Singh and Gupta (2021)[14] proposed a method where wavelet
coefficients of current signals were fed into a feedforward neural network. This approach significantly improved
detection reliability, especially under noisy operating conditions. Wavelet-based preprocessing helps to capture
both time and frequency characteristics of fault signals, enhancing the overall classification performance.
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2.5 Swarm Intelligence and Hybrid Models

Despite the success of deep learning, many models suffer from high computational complexity and suboptimal
parameter tuning. To address this, swarm intelligence algorithms such as Particle Swarm Optimization (PSO)
have been used to optimize neural network parameters. Zhao et al. (2022)[19] implemented a PSO-optimized
DNN for transmission line fault classification, achieving higher accuracy and faster convergence than traditional
gradient descent methods. Hybrid models combining deep learning and swarm intelligence show superior
robustness under noisy conditions and varying system parameters.

Deep learning models such as Convolutional Neural Networks (CNN) and Long Short-Term Memory
(LSTM) networks have been widely used for fault detection in power systems. LSTM models can capture
temporal dependencies in voltage and current signals, achieving high classification accuracy.

Wavelet Transform combined with neural networks has also been used for feature extraction and fault
localization, improving reliability. Ensemble and hybrid machine learning techniques further enhance robustness
in complex scenarios.

However, existing models often suffer from:
e High computational complexity
e  Suboptimal parameter tuning
e Reduced performance under noisy conditions
This paper addresses these issues using swarm intelligence optimization.

3. Problem Statement
The main challenges in transmission line fault detection include:
e  Accurate classification of multiple fault types
e Handling noisy and nonlinear data
e  Optimizing neural network parameters
e Real-time implementation

4. Proposed Methodology
4.1 System Overview
The proposed system consists of:
1. Data Acquisition (Voltage & Current signals)
2. Preprocessing & Feature Extraction
3. Deep Neural Network Model
4. Swarm Intelligence Optimization (PSO)
5. Fault Classification Output
4.2 Data Acquisition
Simulated transmission line model:
e Voltage: 132 kV
e Line length: 100 km
e Sampling frequency: 10 kHz
Fault types considered:
LG (Single Line to Ground)
LL (Line to Line)
LLG (Double Line to Ground)
LLL (Three Phase Fault)
4.3 Feature Extraction
Features extracted:
e RMS Voltage
e RMS Current
e Wavelet coefficients

e Harmonic components
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4.4 Deep Neural Network Model
Architecture:
e Input Layer: Feature vector
e Hidden Layers: 3-5 layers (ReLU activation)
e  Output Layer: Softmax (fault classification)
Mathematical representation:

y— f(Waz +b)

4.5 Swarm Intelligence Optimization (PSO)
PSO is used to optimize:

e  Weights of neural network

e Learning rate

e Number of neurons

Velocity update:
t+ t i
v; b — wv! + eyri(pbest — xt) + cora(gbest — xt)

* w — Inertia weight
® Controls how much of the previous velocity is retained
* Balances exploration vs exploitation

* ¢; — Cognitive coefficient
e Weight for personal experience

* ¢y — Social coefficient

e Weight for group influence

Position update:

. ’Uf — Velocity of particle % at iteration ¢

. ’U§+l — Updated velocity for next iteration

. ;BZ — Current position of particle ¢
* p; — Personal best position of particle 2

®* g — Global best position among all particles

5. Simulation And Results
5.1 Performance Metrics

e Accuracy

e  Precision
Recall

e  Detection Time
5.2 Fault Detection Accuracy Comparison

Table 1. Fault Detection Accuracy Comparison

Method Accuracy (%)
ANN 89
CNN 93
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Fig 2. Fault Detection Accuracy Comparison

Table 2. Fault Detection Time

Method Time (ms)
ANN 25
CNN 20
LSTM 18
Proposed Model 12
Time (ms)
30
25
25
20
20
15 18
=T ime (ms)
10 + 12
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Fig 3. Fault Detection Time
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5.4 Confusion Matrix (Ref)
Table 3 Confusion Matrix

Actual \ Predicted | LG | LL | LLG | LLL
LG 98 1 1 0
LL 2 96 1 1
LLG 1 2 96 1
LLL 0 1 2 97
120 -
58 95 a5 a7
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80
——|
60 | |
LLG
40 - ]
20
i i B
0 — ' v T d.1 1
LG LL LLG LLL

Fig 4. Confusion Matrix

6. Discussion

The proposed Deep Neural Network (DNN) model optimized using Particle Swarm Optimization (PSO)
demonstrates significant improvements in fault detection and classification for transmission lines. Compared to
traditional methods such as impedance-based protection and standard feedforward neural networks, the hybrid
DNN-PSO framework achieves higher classification accuracy across multiple fault types. The automatic feature
extraction capability of the DNN allows the model to capture complex patterns in voltage and current signals,
which are often missed by conventional approaches.

One of the key advantages of integrating swarm intelligence into the neural network framework is the
optimization of network parameters. PSO efficiently tunes the weights, biases, and learning rates of the DNN,
ensuring convergence to an optimal solution. This reduces the trial-and-error approach commonly used in
conventional neural network training and eliminates the risk of getting trapped in local minima. As a result, the
proposed model not only improves accuracy but also reduces the overall training time, making it more suitable
for practical deployment in power systems.

The model also exhibits robust performance under noisy conditions, a scenario where many existing
models struggle. Transmission line data are often contaminated with measurement noise, harmonics, or
disturbances caused by switching operations. The DNN’s inherent non-linear mapping capability, combined
with PSO’s optimization, allows the system to maintain high fault classification accuracy even in the presence
of such irregularities. This makes the proposed approach highly reliable for real-world applications where signal
quality cannot always be guaranteed.

Another notable aspect of the proposed framework is its ability to handle multiple fault types, including
single-line-to-ground (LG), line-to-line (LL), double line-to-ground (LLG), and three-phase faults (LLL). The
confusion matrix analysis indicates minimal misclassification between different fault types, demonstrating the
model’s discriminative power. This capability is crucial for modern power systems where rapid identification of
the specific fault type directly affects protective relay operation and system stability.
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The hybrid approach also provides scalability for integration into smart grid systems. As power grids
evolve to include distributed generation, renewable energy sources, and IoT-enabled monitoring devices, the
volume and complexity of data increase significantly. The proposed DNN-PSO model can efficiently process
large datasets and adapt to varying operational conditions, making it a promising solution for next-generation
intelligent power system protection.

Finally, the proposed methodology opens avenues for further enhancements. For instance, combining
this framework with real-time phasor measurement unit (PMU) data or incorporating other optimization
techniques such as Genetic Algorithms or Ant Colony Optimization could further improve detection speed and
accuracy. Moreover, deploying the model on edge-computing platforms can enable real-time fault monitoring
with minimal latency, contributing to more resilient and self-healing power networks.

7. Conclusion

This study demonstrates the effectiveness of integrating Deep Neural Networks (DNNs) with Particle Swarm
Optimization (PSO) for fault detection and classification in transmission lines. By combining the feature
learning capability of DNNs with the optimization strength of PSO, the proposed framework overcomes many
limitations of traditional methods, including slow detection, suboptimal parameter tuning, and reduced accuracy
under noisy conditions. The hybrid approach enables the automatic extraction of relevant features from voltage
and current signals while ensuring optimal network performance.

The results of this research indicate that the proposed model significantly outperforms conventional
techniques and standard neural network models. Fault classification accuracy was consistently high across
multiple fault types, including single-line-to-ground, line-to-line, double line-to-ground, and three-phase faults.
Additionally, the model achieved reduced detection times, which is critical for minimizing the impact of faults
on system stability and preventing cascading failures in interconnected power networks.

One of the key contributions of this study is the demonstration that swarm intelligence algorithms such
as PSO can effectively optimize deep learning models for complex power system applications. By fine-tuning
neural network parameters automatically, the proposed system ensures faster convergence, improved robustness,
and better generalization to unseen fault scenarios. This makes it highly suitable for real-world power systems
where data can be nonlinear, noisy, and highly variable.

Future research can extend this work by implementing the proposed methodology in real-time power
system monitoring environments. Integrating IoT-enabled smart grid devices and phasor measurement units
(PMUs) could allow continuous fault detection and classification with minimal latency. Moreover, exploring
hybrid Al approaches, such as combining DNNs with reinforcement learning or other metaheuristic
optimization techniques, may further enhance detection accuracy and operational efficiency, contributing to the
development of intelligent, resilient, and self-healing power networks.

8. Future Scope
e Integration with smart grid systems
e Real-time PMU-based monitoring
e Hybrid models (DNN + Reinforcement Learning)
e Edge computing deployment
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