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ABSTRACT

This paper presents a comprehensive implementation of an Artificial Neural Network (ANN)-based fault
detection and classification system for three-phase power systems using MATLAB. The proposed
methodology addresses the critical need for rapid and accurate fault identification in electrical power
networks, which is essential for maintaining system reliability and minimizing outage durations. The system
generates synthetic three-phase voltage and current waveforms representing eight distinct fault conditions,
including single-line-to-ground (LG), line- to-line (LL), and three-phase (LLL) faults. A multi-layer
perceptron neural network is trained using extracted features from these waveforms, including RMS values
and symmetrical components. The implemented system achieves an overall classification accuracy of 99.83%
on test data while providing real-time fault identification capabilities. This work demonstrates a complete
framework from data generation through model deployment, offering valuable insights for power system
protection engineers and researchers developing intelligent fault diagnosis systems.

Keywords:- Power system protection, fault detection, artificial neural networks, MATLAB implementation,
symmetrical components, intelligent systems.

1. INTRODUCTION

Power system faults represent significant threats to electrical network reliability, equipment safety, and power
quality. Traditional protection schemes based on overcurrent relays, distance protection, and differential
protection have served power systems effectively for decades [1]. However, these conventional methods often
exhibit limitations in distinguishing between different fault types, particularly under varying system conditions
and high impedance fault scenarios [2]. The increasing complexity of modern power grids, coupled with the
integration of renewable energy sources, necessitates more intelligent and adaptive protection systems.

Artificial Intelligence (Al) techniques, particularly Artificial Neural Networks (ANNSs), have emerged as
promising solutions for power system protection challenges [3], [4]. ANNs offer several advantages including
pattern recognition capabilities, noise immunity, and adaptability to varying system conditions. Despite
extensive research in this domain, practical implementation barriers persist, including the lack of
comprehensive, reproducible implementations and standardized testing frameworks.

This paper addresses these gaps by presenting a complete MATLAB-based implementation of an ANN-driven
fault detection and classification system. The contributions of this work are threefold:

Comprehensive System Design: Implementation of a complete workflow from synthetic data generation to
real-time fault classification

Feature Engineering: Development of a 12-dimensional feature vector combining RMS measurements and
symmetrical components

Interactive Testing Framework: Creation of a user-friendly testing environment for evaluating system
performance across all fault types The remainder of this paper is organized as follows: Section 2 reviews
relevant literature; Section 3 details the methodology including data generation and feature extraction; Section 4
describes the neural network architecture and training; Section 5 presents results and analysis; Section 6
discusses implementation considerations; and Section 7 concludes with future research directions.

2. LITERATURE REVIEW

Traditional Fault Detection Methods

Conventional protection schemes primarily rely on predetermined thresholds and fixed logic [5]. Overcurrent
protection detects faults based on current magnitude exceeding predefined limits, while distance protection uses
impedance measurements to determine fault location. Differential protection compares currents at different
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points in the system. Although effective for many applications, these methods struggle with:

High impedance faults

Vol. 11 Special Issue 02 | 2026

Changing system configurations

Distinguishing between similar fault types
Adapting to renewable energy integration

Al-Based Approaches

Recent research has explored various Al techniques for fault detection:

Avrtificial Neural Networks: Zhang et al. [6] demonstrated ANN applications in transmission line protection,
achieving 94% accuracy for ten fault types. Silva et al. [7] employed wavelet transforms with ANNs for
improved feature extraction.

Support Vector Machines: Dash et al. [8] applied SVMs for fault classification with reduced feature
dimensions, showing promising results for unbalanced fault conditions.

Deep Learning Approaches: Chen et al. [9] implemented convolutional neural networks for raw waveform

analysis, eliminating the need for manual feature extraction.

Hybrid Methods: Several researchers have combined multiple techniques, such as fuzzy logic with ANNSs [10]
or genetic algorithms for feature selection [11].
Despite these advances, practical implementation challenges remain, particularly regarding real- time

performance, training data requirements, and system adaptability.
3. METHODOLOGY
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Figure 1 Methodology flow chart
System Overview
The proposed fault detection system comprises four main modules:

a.Data Generation Module: Creates synthetic three-phase waveforms
b.Feature Extraction Module: Calculates relevant features from waveforms
C.Neural Network Module: Classifies faults based on extracted features

d.Testing and Visualization Module: Evaluates system performance The methodology is shown in the figure
below

NEURAL NETWORK ARCHITECTURE
Network Design
The ANN architecture consists of:
e Input Layer: 12 neurons (matching feature vector dimension)
e Hidden Layer: 25 neurons with tan-sigmoid activation
e Qutput Layer: 8 neurons with softmax activation as shown in the figure below
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Figure 2 Neural Network architecture
The network is trained using the Levenberg-Marquardt backpropagation algorithm, which offers faster
convergence compared to standard gradient descent methods [12]. Training parameters include:

e | earning rate: Adaptive (automatically adjusted by trainlm)
e Momentum: Not applicable for trainlm
e Regularization: Implemented through early stopping
e Performance metric: Mean squared error (MSE)
The training process implements early stopping based on validation performance to prevent overfitting.
Classification Logic
For an input feature vector x, the network produces output probabilities:
p = [p1.p2, ... P8l
Where p; represents the probability of fault type iThe final classification is:
Y" arg max p;
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Confidence level is computed as:
Confidence = max(p) * 100%
4. RESULTS AND ANALYSIS

Healthy and faulty signal visualization
The different fault condition and there resulting voltage and currents in time domain is shown in the figure
below.

Three-Phase Voltage and Current Waveforms for All Fault Types
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Figure 3 Different fault waveforms
Classification Results
The ANN achieved the following performance:
Overall Accuracy: 99.83%
Class-wise Performance:
Table 3 Classwise performance

Fault

Precision

Recall

F1-Score

Accuracy

Support

Normal

1.0000

1.0000

1.0000

1.0000

84

LG-A

0.9861

1.0000

0.9930

0.9983

71

LG-B

1.0000

1.0000

1.0000

1.0000

91

LG-C

1.0000

1.0000

1.0000

1.0000

63

LL-AB

1.0000

1.0000

1.0000

1.0000

81

LL-BC

1.0000

1.0000

1.0000

1.0000

78

LL-CA

1.0000

0.9844

0.9921

0.9983

64

Confusion Matrix Analysis:

The confusion matrix shows minimal misclassification, primarily between similar fault types (e.g., LG-B and LG-

C). Three-phase faults (LLL) and normal conditions show near-perfect classification.

Training Confusion Matrix Validation Confusion Matrix
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Figure 4 Confusion matrix

Real-time Testing Performance
The interactive testing module demonstrated as shown in figure below for test Line to Line Phase C, A
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Figure 5 Testing developed neural network

5. DISCUSSION

Comparison with Existing Methods
Compared to traditional methods:

Table 4 Comparison with traditional methods

Aspect Traditional Methods Proposed ANN System
Adaptation Limited Excellent

Feature Engineering Manual /Automated
Classification Accuracy 85-92% 99.83%

Response Time 1-2 cycles < 0.25 cycles

Noise Immunity Moderate High

Limitations and Considerations

a.
b.
C.
d.

Training Data Dependency: Performance depends on representative training data
Computational Requirements: Training phase requires significant computation

Generalization: Performance on real-world data may vary from synthetic results

Explainability: ANN decisions lack transparent reasoning compared to rule-based systems

Practical Implementation Considerations
For field deployment:

a.
b.
C.
d.

Data Acquisition: Requires synchronized three-phase measurements

Sampling Rate: Minimum 2 kHz recommended for accurate feature extraction
Hardware Requirements: Modern microcontroller or FPGA implementation feasible
Update Mechanism: Periodic retraining with field data recommended

6. CONCLUSION AND FUTURE WORK

Conclusion

This paper presented a comprehensive MATLAB implementation of an ANN-based fault detection and
classification system for three-phase power systems. The system demonstrates high accuracy (99.83%) across
eight fault types while providing real-time classification capabilities. The complete implementation, including
data generation, feature extraction, neural network training, and testing modules, offers a valuable resource for

researchers and practitioners in power system protection.

Future Research Directions:

Deep Learning Extension: Implementation of convolutional neural networks for raw waveform

analysis
Online Learning: Development of adaptive systems that learn from operational data
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e Hybrid Approaches: Integration with rule-based systems for improved reliability
e Hardware Implementation: FPGA or embedded system deployment
e Expanded Fault Types: Inclusion of evolving faults and high impedance faults
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