
i 

 

THE USE OF AI / MACHINE LEARNING IN PREDICTIVE MAINTENANCE 

OF ELECTRICAL POWER TRANSMISSION LINES 

 

 

 

SUBMITTED  

BY 

 

 

 

OGHENEWEDE OVIE NATHANIEL                                            ENG2002283 

EKPERE KENNETH OGHENEOGAGA                                       ENG2006256 

OBEH AKPESIRI HALIMS                                                             ENG2002276 

ISRAEL VICTORY OKORUWA                                                    ENG2106408 

 

 

 

DEPARTMENT OF ELECTRICAL AND ELECTRONICS ENGINEERING 

FACULTY OF ENGINEERING 

UNIVERSITY OF BENIN, 

BENIN CITY 

EDO STATE 

NIGERIA 

 

 

OCTOBER, 2025 



i 

 

ACKNOWLEDGEMENT 

 

We are deeply grateful to God Almighty for bestowing upon us the wisdom, strength, 

and grace that guided us to the successful completion of this project. 

Our sincere appreciation goes to ENGR. DR. SAM OMOROGIUWA, Head of the 

Department of Electrical/Electronic Engineering, whose support has been invaluable. 

We extend our heartfelt thanks to our dedicated project supervisor, ENGR. 

OSAMUWA OBASOHAN, for his unwavering support and expert guidance 

throughout this project’s journey. 

We are also deeply grateful to our families, including our fathers, mothers, brothers, 

and other relatives, as well as our cherished friends and well-wishers. Your steadfast 

support, invaluable counsel, and creative insights have been a source of great strength. 

May God shower His abundant blessing upon each one of you. 

 

 

 

 

 

 

 

 

  



ii 

 

 

CERTIFICATION 

 

This is to certify that this project was developed by the students listed above, and that 

it was prepared in accordance with the rules governing its creation under proper 

supervision and was presented at the Department of Electrical/Electronic Engineering, 

Faculty of Engineering, University of Benin, Edo State, Nigeria. 

 

 

PROJECT SUPERVISOR: ENGR. O OBASOHAN 

 

Signature: ……………………………                                    Date: ………………………… 

 

 

 

HEAD OF DEPARTMENT: DR. S. OMOROGIUWA 

 

Signature: ……………………………                                      Date: ……………………… 

 

 

 

 

 

 

 

  



iii 

 

ABSTRACT 

This research explores the application of Artificial Intelligence (AI) and Machine 

Learning (ML) for the predictive maintenance of transmission lines, specifically 

targeting fault detection, failure prediction, and maintenance optimization. 

Synthetic data was used to simulate parameters such as current, voltage, and 

temperature. Data preprocessing techniques, including cleaning and normalization, 

were performed. A supervised learning approach, the Random Forest Classifier, was 

applied using Python to mimic real-world fault scenarios. Model performance was 

evaluated using standard metrics: accuracy, precision, recall, and F1-score. 

The findings demonstrate that AI-based predictive maintenance has the potential to 

improve power system reliability and efficiency by reducing downtime and optimizing 

maintenance scheduling. The study also addresses key challenges, such as data 

availability and model generalization, proposing solutions like data augmentation and 

hybrid model design. Ultimately, this research provides a framework for developing 

scalable, data-driven predictive maintenance systems, advancing smart grid 

technologies and sustainable power system management. 
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CHAPTER 1 

INTRODUCTION 

 

1.1 BACKGROUND OF THE STUDY 

 

A vital component of the electrical power systems from generation, transmission, and 

distribution to consumption, is the transmission line; without it, power being generated 

is useless and cannot be utilized. Its reliability and efficiency are crucial to ensuring 

uninterrupted power supply to industries, businesses, and households. Electrical 

transmission systems, which consist of high-voltage lines, substations, transformers, 

and other critical infrastructure, are susceptible to various forms of degradation over 

time due to environmental factors, mechanical stress, thermal effects, and aging of 

components (Postelwait, 2024; Singh et al., 2021). If these issues are not detected and 

addressed promptly, they can lead to severe power outages, unexpected downtimes, 

increased cost of operation, and potential hazards to human safety.  

The traditional way of maintaining power transmission lines is categorized into three 

methods: corrective, preventive and predictive maintenance. Corrective maintenance is 

reactive and involves repairing equipment only after a failure has occurred, often 

leading to costly downtime and emergency repairs (Ameeri et al., 2023; Yadav & Saini, 

2020). While, preventive maintenance is time-based and involves scheduled 

inspections and repairs regardless of the actual condition of the equipment. It is good 

that preventive maintenance helps reduce unexpected failures, but it is not always 

efficient, as some equipment may be serviced unnecessarily, leading to increased costs 

(Kumari & Kadam, 2023; Zhou et al., 2019).  

In recent years, the use of Artificial Intelligence (AI) and Machine Learning (ML) in 

predictive maintenance has emerged as a transformative approach to improving the 
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reliability and cost effectiveness of electrical power transmission systems (Jiang et al., 

2020; Zonta et al., 2020). Predictive maintenance leverages AI and ML algorithms to 

analyze real-time and historical data from various sensors installed along transmission 

lines and substations.  

These technologies enable the detection of patterns and anomalies indicative of 

potential failures (for instance, when there is an overvoltage or overcurrent on the line 

or when there is a short circuit along the line), allowing maintenance teams to address 

issues before they become too critical to handle easily (Afridi et al., 2021).  

Machine learning models, such as Convolutional Neural Networks (CNNs), Recurrent 

Neural Networks (RNNs), Support Vector Machines (SVMs), and deep learning 

techniques, can process large amounts of data from Internet of Things (IoT) sensors, 

drones, satellite imagery, and thermal imaging devices to predict faults with high 

accuracy (Maduako et al., 2022; Bindi et al., 2024). These advanced systems can 

identify early warning signs of equipment degradation, such as overheating, insulation 

breakdown, corrosion, or mechanical wear, and changes in current and voltages, thus 

facilitating data-driven decision-making for maintenance scheduling.  

The integration of AI-driven predictive maintenance in electrical power transmission 

lines offers several key advantages. It minimizes downtime, reduces maintenance costs, 

enhances system reliability, and improves asset longevity (Liu et al., 2021). Moreover, 

it contributes to energy efficiency and sustainability by optimizing resource utilization 

and preventing unnecessary outages. As the global demand for reliable electricity 

continues to grow, AI-powered predictive maintenance is becoming an essential tool 

for modernizing and securing power transmission networks (Ucar et al., 2024).  
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Given the significance of this field, this research aims to explore the applications, 

benefits, challenges, and prospects of Artificial Intelligence and Machine Learning in 

predictive maintenance for electrical power transmission lines. By leveraging cutting-

edge technologies, the 

power industry can transition from conventional maintenance approaches to intelligent, 

proactive systems that ensure continuous and efficient transmission of electricity 

(Zheng et al., 2020). 

1.2 STATEMENT OF THE PROBLEM 

 

Electrical power transmission lines are critical infrastructure that require continuous 

monitoring and maintenance to ensure reliable operation. In Nigeria, the national power 

grid suffers from chronic instability, characterized by frequent partial and total system 

collapses. Between 2000 and 2022, the Nigerian grid collapsed 564 times, averaging 

over two collapses per month. This trend has persisted, with the national grid collapsing 

more than 12 times in 2024 alone. These outages carry severe economic consequences, 

costing the Nigerian economy tens of billions of dollars annually, and causing an 

estimated annual loss of 8.70% to the manufacturing sector's GDP. Furthermore, 

average power transmission losses in the country stand at around 7%. 

The primary causes of these grid failures include aging infrastructure (with some 

components being over 50 years old), load-generation imbalances, environmental 

factors, and the active sabotage of transmission lines. The persistence of these 

disruptions exposes the profound insufficiency of traditional maintenance approaches. 

Corrective maintenance is entirely reactive; utilities like the Transmission Company of 

Nigeria (TCN) often rely on manual fault tracing across challenging terrains after a line 

trips, resulting in prolonged power outages and costly emergency repairs. Conversely, 
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preventive maintenance schedules repairs based on fixed time intervals rather than 

actual equipment conditions, leading to unnecessary servicing, inefficient resource 

allocation, and an inability to anticipate sudden faults. These limitations create a 

pressing need for more accurate and efficient maintenance strategies. 

Artificial Intelligence (AI) and Machine Learning (ML) offer promising solutions for 

predictive maintenance by enabling real-time fault detection and failure prediction. 

However, despite their potential, the adoption of AI-driven predictive maintenance in 

power transmission systems remains limited due to challenges such as data complexity, 

integration issues, and reliability concerns. Research by Shakiba et al. (2022) has 

demonstrated the effectiveness of transfer learning in diagnosing faults across different 

transmission line lengths, even when labeled data is scarce. Similarly, Koyi Kotaiah 

Chowdary (2024) showcased the feasibility of using ML models such as Decision 

Trees, Random Forests, and Support Vector Machines (SVMs) for transmission line 

fault detection with high classification accuracy. Further, Tusher et al. (2025) 

highlighted robust fault localization methods combining physics-based models with 

ML, achieving over 99% detection and 98% classification accuracy in diverse grid 

conditions. 

Therefore, there is a need to investigate how AI can be effectively implemented to 

enhance fault detection, minimize system disruptions, and optimize maintenance 

schedules. This study aims to explore these challenges and propose strategies for 

integrating AI-based predictive maintenance in electrical power transmission networks 

to improve system reliability and cost-efficiency. 

1.3 AIMS AND OBJECTIVES OF THE STUDY  
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The specified aim of the research is to explore the application of artificial intelligence 

and machine learning techniques for predictive maintenance in electrical systems, with 

a focus on enhancing data-driven fault detection and maintenance strategies. 

The objectives of this project are: 

1. To collect and analyze synthetic fault data related to electrical power 

transmission lines, focusing on parameters such as voltage, current, and 

weather conditions. 

2. To preprocess and refine datasets through techniques such as data cleaning, 

normalization, and feature selection to improve model accuracy and 

reliability. 

3. To design and implement an AI and ML model (Random Forest Classifier) 

for predictive fault detection and maintenance scheduling. 

4. To evaluate the performance of the implemented model using metrics such 

as accuracy, precision, recall, and F1-score, and compare them with 

traditional maintenance approaches. 

5. To provide recommendations for integrating AI-driven predictive 

maintenance frameworks into existing power transmission line monitoring 

systems. 

1.4 RESEARCH METHODOLOGY  

1. Data was synthetically generated using Python, with parameters calibrated 

against an open-source Nigerian grid fault reference dataset obtained from 

Kaggle and IEEE Dataport. This reference dataset contains monthly fault 

count records from five Nigerian distribution feeders spanning 2017 to 2025, 

providing realistic fault type proportions and weather correlations that 
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informed the synthetic generation process. It could not be used directly for 

model training, as it contains aggregate monthly fault counts rather than the 

time-series electrical measurements required by the classifier. Direct access 

to real operational data from the Transmission Company of Nigeria (TCN) 

was unavailable due to proprietary restrictions; the Python-generated 

synthetic dataset therefore served as the practical alternative for model 

training and validation. 

2. All preprocessing tasks were executed using Python libraries (Scikit-learn 

and Pandas) to enhance data quality for model training. This included data 

cleaning, normalization, and feature selection. 

3. The machine learning model (Random Forest Classifier), was trained and 

validated using an 80:20 split. The performance of the model was assessed 

using metrics such as accuracy, precision, recall, F1-score, and the confusion 

matrix. Validation and testing datasets were used to ensure model 

generalization and reliability. 

4. Based on the results and analysis, a set of practical recommendations were 

developed for transmission line operators and utility companies. These 

include strategies for data acquisition, sensor deployment, and integration of 

predictive analytics into existing Supervisory Control and Data Acquisition 

(SCADA) systems or Condition Monitoring Systems (CMS).  

 

1.5 SCOPE OF THE STUDY  

This study focuses specifically on the application of Artificial Intelligence (AI) and 

Machine Learning (ML) techniques for predictive maintenance of electrical power 
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transmission lines. It does not cover other components of the electrical power system 

such as generation, distribution, or end-user infrastructure. The research is limited to 

the analysis of fault detection, maintenance scheduling, and reliability enhancement in 

high-voltage transmission networks. 

The study emphasizes the role of AI/ML models in identifying early warning signs of 

failure, optimizing maintenance intervals, and minimizing downtime. These efforts are 

intended to assist transmission line operators and utility companies in transitioning from 

traditional maintenance practices to data-driven, predictive approaches.  

This aligns with recent research demonstrating the effectiveness of deep learning and 

computer vision techniques for identifying faulty components in transmission lines; for 

example, Maduako et al. (2022) achieved high-precision fault detection using aerial 

imagery and convolutional neural networks in transmission system and a recent work 

by Ning and Pei (2024) utilized Convolutional Neural Networks (CNNs) for power line 

fault diagnosis and demonstrated high algorithmic stability with an accuracy standard 

deviation close to 0, highlighting the potential of machine learning in this domain. 

1.6 SIGNIFICANCE OF THE STUDY  

 

This study addresses the growing need for intelligent maintenance strategies in 

electrical power transmission systems by leveraging AI and ML technologies. By 

implementing predictive maintenance solutions, power companies can reduce 

downtime, optimize maintenance schedules, and minimize costs associated with 

unexpected failures. The study also contributes to the advancement of AI-driven 

decision-making in the power sector, promoting data-driven strategies that enhance 

reliability, efficiency, and sustainability. Furthermore, it provides insights into 

overcoming implementation challenges, facilitating the transition from traditional 
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maintenance methods to a more proactive, technology-driven approach. Ultimately, the 

study aids in ensuring a more efficient and uninterrupted power supply, which is 

essential for economic growth and industrial development. 
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CHAPTER 2 

LITERATURE REVIEW 

The reliable operation of electrical power transmission lines is foundational to modern 

energy infrastructure. These high-voltage lines constitute the backbone of national 

grids, enabling bulk power transfer over long distances from generation sites to load 

centers. Given their strategic importance, even brief unplanned outages can result in 

substantial economic, safety, and environmental consequences. Traditional 

maintenance approaches such as corrective and scheduled preventive maintenance are 

no longer sufficient for ensuring high availability of transmission lines in the face of 

increasing demand, aging infrastructure, and integration of renewable energy resources. 

Corrective maintenance, which is reactive in nature, is triggered only after a fault 

occurs. While straightforward, corrective strategies often result in unexpected system 

failures, costly emergency repairs, and reduced lifespan of critical components. This 

reactive approach is widely criticized in the industry for its high operational cost and 

low efficiency (Ameeri et al., 2023). In contrast, preventive maintenance follows fixed 

schedules independent of actual equipment condition, which often results in 

unnecessary servicing and inefficient allocation of resources (Kumari & Kadam, 2023). 

Both methods can lead to inadequate asset utilization and increased downtime, 

particularly for complex systems such as transmission networks. 

In response to these limitations, the concept of condition-based and predictive 

maintenance (PdM) has gained increasing attention. Predictive maintenance utilizes 

real-time condition-monitoring data such as current, voltage, temperature, sag, or 

vibration to forecast the likelihood of imminent failure. By enabling maintenance to be 
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performed exactly when needed, predictive maintenance aims to minimize both 

unexpected outages and unnecessary interventions, optimizing maintenance timing and 

reducing overall costs. 

AI and machine learning techniques have emerged as powerful enablers of PdM in 

electrical systems. These methods can detect early warning signs hidden within raw 

sensor data and automatically classify fault types or predict remaining useful life (Afridi 

et al., 2021). For instance, convolutional neural networks and wavelet transforms have 

been effectively used for transmission line fault diagnosis, achieving accuracies 

exceeding 95% in some studies (Bindi et al., 2024). Similarly, wavelet-assisted neural 

networks and neuro-fuzzy systems have demonstrated robust fault localization on high-

voltage lines. 

Despite these promising results, the widespread application of AI-based PdM in 

transmission systems has been hindered by several challenges. First, data availability 

and quality remain significant barriers. Transmission line sensors often produce large 

volumes of heterogeneous data that suffer from noise, incomplete logging, or 

inconsistent formats (Afridi et al., 2021). Second, model interpretability presents a 

concern particularly with complex deep learning models, whose opaque decision 

pathways can erode operator trust and hinder adoption in critical infrastructure 

environments (Zheng et al., 2020). Third, integration with legacy operational systems 

such as SCADA and older ERP tools poses technical and organizational constraints 

(Introna & Sant0lamazza, 2024). Finally, scalability and computational overhead 

challenge real-time deployment, especially when large-scale deep learning or hybrid 

models are employed (Tusher et al., 2025). 
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This literature review brings together the current state of research on AI/ML-enabled 

predictive maintenance for power transmission systems. It examines the evolution from 

corrective and preventive maintenance through the emergence of condition-based and 

predictive strategies. The review critically evaluates AI/ML methodologies applied in 

fault detection, classification, and anomaly identification in transmission networks. It 

also catalogs the datasets, simulation tools, and case studies used in prior research. 

The chapter identifies key gaps in the existing literature, such as the scarcity of publicly 

available fault-labeled datasets, limited validation of model generalisation across 

different network configurations, and a shortage of deployment-level studies in actual 

utility settings.  

 

2.1 OVERVIEW OF POWER TRANSMISSION LINES 

Power transmission lines form a critical component of the electrical power system, 

serving as the medium through which bulk electricity is conveyed over long distances 

from generating stations to load centers. These high-voltage lines are essential in 

maintaining the continuity and stability of power supply across regional and national 

grids. Without them, it would be impossible to deliver electricity from centralized 

power plants to substations for distribution to end-users. 

Transmission systems are designed to operate at high voltages ranging from 69 kV to 

over 765 kV to reduce resistive losses and ensure efficient long-distance transport of 

electrical energy. At the generation end, step-up transformers increase the voltage for 

transmission, while step-down transformers at substations reduce the voltage levels for 

safe local distribution.  
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In recent years, the demand for electrical energy has grown significantly, driven by 

rapid urbanization, industrialization, and the electrification of transportation and other 

sectors. This rising demand puts immense stress on existing transmission 

infrastructures, many of which are aging and vulnerable to faults. Moreover, 

environmental factors such as lightning, storms, wildfires, and temperature fluctuations 

continue to contribute to the degradation of transmission lines. 

2.1.1 Definition and Function of Power Transmission Lines 

Power transmission lines are high-voltage conductors suspended on towers or poles to 

carry electrical energy across long distances from generating stations to substations. 

They form a fundamental part of the electrical grid, enabling the efficient delivery of 

bulk electricity to meet regional and national demand. In this review, we are considering 

overhead power transmission lines which are preferred for long-distance power transfer 

due to their cost-effectiveness, easier maintenance, and better thermal dissipation 

compared to the underground type.  

The main function of overhead transmission lines is to transmit electricity at high 

voltage levels to reduce transmission losses, especially over long distances. This is 

accomplished by using step-up transformers at generating stations to increase voltage 

and decrease current, thereby minimizing I²R losses. At substations near consumption 

centers, step-down transformers reduce the voltage to distribution levels. 

Transmission lines are designed not only to handle high voltage but also to withstand 

environmental stresses such as wind, rain, temperature changes, and electrical surges. 

These lines themselves consist of conductors (usually aluminum or aluminum alloy 

reinforced with steel), insulators to support and isolate the conductors from 

transmission towers, and protective devices like lightning arresters and circuit breakers. 



13 

 

Overhead transmission lines are categorized into three types based on their length and 

the level of voltage they operate at. Each category has different modeling approaches 

due to their distinct electrical characteristics:                       

1. Short Transmission Lines (≤ 80 km, ≤ 33 kV):  

In short lines, the line capacitance is negligible and not considered in modeling. 

Only the resistance and inductive reactance of the conductors are relevant. The 

line is modelled using only the lumped series impedance consisting of resistance 

(R) and inductive reactance (X), where the total impedance is Z = R + jX. The 

relationship between the sending-end voltage (VS), receiving-end voltage (VR), 

sending-end current (IS), and receiving-end current (IR) is defined by VS = VR + 

IRZ and IS = IR. 

In the Nigerian power sector, the 33 kV networks typically fall into this 

category. While historically part of sub-transmission, these lines are now 

primarily managed by the eleven Distribution Companies (DisCos) rather than 

the Transmission Company of Nigeria (TCN), serving as local feeders 

interconnecting transmission substations to industrial hubs and local regions. 

2. Medium Transmission Lines (80 – 250 km, 33 – 132 kV):  

These lines account for line capacitance distributed uniformly along the line, 

but instead of being distributed, it is represented using lumped parameters. They 

are modeled using either the nominal π or T circuits, with half the capacitance 

to neutral lumped at each end of the line (in the π model). Medium-length lines 

connect power stations to distribution centers across regions. 
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The 132 kV network forms the medium transmission backbone of Nigeria, 

comprising approximately 6,801.49km of overhead lines. Operated by TCN, 

these lines serve as the crucial intermediate sub-transmission links that step 

down the bulk power from the national grid and distribute it across regional 

zones to the DisCos. 

3. Long Transmission Lines (> 250 km, > 132 kV):  

For long lines, the line parameters; resistance, inductance, and capacitance are 

distributed along the entire length of the conductor. These require the use of 

rigorous mathematical models (using differential equations or hyperbolic 

functions) to accurately describe voltage and current behavior. The governing 

equations are VS = VR cosh(𝛾𝑙) + IRZC sinh (𝛾𝑙)  and IS = IR cosh(𝛾𝑙) +

 
𝑉𝑅

𝑍𝐶
sinh(𝛾𝑙), where l is the length, 𝛾 = √𝑧𝑦  is the complex propagation 

constant, and ZC = √
𝑧

𝑦
  is the characteristic impedance of the line. 

The 330 kV network is the primary long-distance bulk power transmission grid 

in Nigeria, consisting of over 5,523.8km of lines. These lines connect major 

generation hubs across vast geographical expanses to major load centers. 

Because of their immense length and high voltage, distributed parameter 

modeling is essential for the TCN when configuring distance protection relays 

and predicting fault locations. 

2.1.2 Structure and Components of Overhead Transmission Lines 

Overhead transmission lines are engineered systems designed to reliably transmit 

electrical power across long distances under various environmental and loading 
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conditions. Their structure is composed of several critical components that work 

together to ensure mechanical stability, electrical insulation, and safety. Understanding 

the individual parts and their functions provides insight into common points of failure, 

which is crucial for designing effective predictive maintenance systems. 

1. Conductors 

Conductors are metallic wires that carry electric current. They are usually made from 

materials with high conductivity, light weight, and high tensile strength. The most 

common types include: 

• Aluminum Conductor Steel Reinforced (ACSR): It is a composite conductor 

which consists central core of high-strength steel wires for mechanical strength 

and an outer layer of aluminum strands for electrical conductivity. ACSR 

provides an optimal strength-to-weight ratio, making it highly durable and the 

standard choice for heavy load areas and long spans in high-voltage grids. It is 

widely used for extra-high voltage (EHV) and high voltage (HV) transmission 

lines (e.g., 132 kV, 330 kV, and up to 765 kV globally). Due to the steel core, 

ACSR supports very long span lengths, frequently exceeding 300 meters 

(approximately 1,000 feet) between transmission towers. Its current-carrying 

capacity depends on its specific configuration code; for instance, the widely 

used “Zebra” ACSR (with an area of 420mm2) has a nominal ampacity of 

approximately 860A at 45oC ambient, making it a staple in the Nigerian TCN 

network. 
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Figure 1 ACSR Conductor Cross-Section 

• All-Aluminum Alloy Conductor (AAAC): It is made out of high strength 

Aluminum-Magnesium-Silicon Alloy (such as 6201-T81). It offers better 

resistance to corrosion, because it contains no steel core, making it particularly 

ideal for coastal, humid, or heavily polluted environments. It also has a lighter 

weight and slightly better conductivity than ACSR. AAAC is suitable for 

medium to high voltage lines (33 kV to 132 kV) and supports moderate to long 

span lengths. While it lacks the sheer mechanical rigidity of a steel core, it 

maintains an excellent strength-to-weight ratio and substantial current capacity 

(e.g., a 400mm2 AAAC conductor can carry approximately 680A). 

 

Figure 2 AAAC Conductor 
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• Copper conductors: They are made of copper just as the name implies. While 

copper possesses excellent conductivity and corrosion resistance, these 

conductors are incredibly heavy and highly expensive. Consequently, they are 

largely obsolete for modern long-distance overhead power transmission and are 

restricted to extremely short spans or specialized local distribution. 

Conductors are vulnerable to corrosion, thermal expansion, and mechanical fatigue, 

especially when subjected to varying weather and load conditions. 

2. Towers (Support Structures) 

Towers are steel or concrete structures that support conductors at safe heights from the 

ground and maintain required clearances. The most common types include: 

• Lattice steel towers: They are tall, freestanding, metal structures, typically made 

of steel, that utilize a framework of interconnected members (a lattice or truss) 

to support various equipment. They are widely used for high-voltage lines due 

to their strength and flexibility. 

 

Figure 3 Lattice Steel Tower 

• Tubular steel poles: They are cylindrical or hollow steel structures used to 

support electrical power transmission cables, they support both high and 
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medium voltage power transmission and often used in urban areas due to 

compact design. 

 

Figure 4 Tubular Steel Pole 

• Concrete poles: They are made on concrete and typically used for lower voltage 

or rural installations. 

Towers are designed to withstand wind, ice loading, and seismic events like 

earthquakes or landslides. Failures in tower infrastructure can result from foundation 

issues or corrosion. 

3. Insulators 

Insulators prevent electrical current from flowing to the supporting tower or ground 

while physically supporting the conductors and maintaining strict electrical isolation. 

Common types include: 

• Porcelain and glass insulators 

• Polymeric (composite) insulators 
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Insulator degradation resulting from industrial pollution, environmental weathering, or 

flashover events is a major cause of faults in overhead lines. Today, AI-based image 

processing and infrared thermal imaging are increasingly utilized to continuously 

monitor insulator health and detect thermal anomalies before failure occurs. 

4. Ground Wires and Shield Wires 

Ground wires (also known as earth wires or shield wires) are placed above the phase 

conductors to protect the line from lightning strikes. They are connected to ground rods 

at regular intervals to safely dissipate lightning surges. 

 

Figure 5 Ground Wire configuration 

In some modern systems, optical ground wires (OPGW) are used, combining grounding 

with fiber-optic communication capabilities. 

5. Line Hardware 

This includes clamps, spacers, dampers, vibration absorbers, and other mechanical 

accessories. These components ensure stability and reduce mechanical stresses due to 

wind or conductor vibrations. 

Neglecting hardware maintenance may lead to conductor snapping or insulator 

flashovers, highlighting the need for periodic inspections or automated detection.  

6. Protection and Monitoring Devices 



20 

 

Advanced transmission lines incorporate devices for real-time monitoring and fault 

protection, such as: 

• Phasor Measurement Units (PMUs) 

• Fault indicators 

• Surge arresters 

• Temperature and tension sensors 

These devices can be integrated with AI/ML systems for fault prediction and detection 

of irregularities. 

The mechanical and electrical integrity of each component directly influences the 

reliability and safety of the transmission system. For instance; conductor faults can 

cause line outages or fires, tower collapses may result in wide-area blackouts, insulator 

failure leads to short circuits or flashovers, hardware degradation increases the risk of 

oscillation or conductor damage. 

As noted by Singh et al. (2021), most faults in overhead lines are linked to weather 

conditions interacting with structural weaknesses. Predictive maintenance systems 

must, therefore, model not only electrical parameters but also mechanical and 

environmental factors for effective fault prediction. 
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2.1.3 Common Faults in Overhead Power Transmission Lines 

Overhead power transmission lines are exposed to various environmental, mechanical, 

and electrical stresses, making them susceptible to a wide range of faults. Faults in 

transmission lines can severely impact the reliability of power systems, resulting in 

equipment damage, service interruptions, loss of generator synchronism, and even 

widespread blackouts. The common types include: 

1. Short-Circuit Faults 

Short-circuit faults are the most prevalent and critical type of faults in power systems. 

These occur when there is an unintended connection between two or more conductors 

or between a conductor and ground. The main types include: 

i. Single Line-to-Ground Faults (LG): This occurs when one phase conductor 

touches the ground or a grounded supporting structure. It is the most common 

fault type in the Nigerian transmission system, typically accounting for over 

70% of all faults in overhead lines. Typical causes include lightning strikes, 

vegetation encroachment, or a snapped conductor falling to the ground. A 

particularly dangerous subset of LG faults is the High Impedance Fault (HIF). 

HIFs occur when an energized conductor makes contact with a quasi-insulating 

object such as asphalt, dry soil, or a tree branch. HIFs are notoriously difficult 

to detect because they draw a very low fault current that often falls below the 

detection threshold of conventional protective devices like overcurrent relays. 

If left undetected, they introduce harmonics into the network and pose severe 

risks of electrocution and electrical fire outbreaks. 

ii. Line-to-Line Faults (LL): This occurs when two phase conductors come into 

contact or arc, often due to strong winds causing conductor swing or large birds 
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and falling objects bridging the gap between phases. Their detection difficulty 

is moderate. They disturb two phases and show mirrored current waveforms. 

They cause severe voltage imbalances and massive reduction in the voltage of 

the two lines under fault. 

iii. Double Line-to-Ground Faults (LLG): This happens when two conductors 

simultaneously contact the ground due to severe structural failures, such as a 

transmission tower collapsing, or large trees falling across multiple phases. 

They are very easy to detect due to their massive fault currents. It is a highly 

severe asymmetrical fault that causes massive current imbalances. On the 

Nigerian 330 kV grid, an LLG fault can cause the voltage on both affected phase 

conductors to collapse to approximately 0 kV (a near-complete voltage loss), 

while simultaneously causing a dangerous overvoltage spike of up to 131% of 

the rated voltage on the healthy, unaffected phase risking severe equipment 

damage. 

iv. Three-Phase Faults (LLL): This happens when all three conductors come into 

contact simultaneously. Although this is the rarest type of fault (often 

accounting for less than 5% of occurrences), it is the most severe and destructive 

transmission line fault. It is easy to detect because it causes all phases to collapse 

equally and generates the largest symmetrical fault current. In the Nigerian 330 

kV network, an LLL fault causes the voltage to drop to near zero, generating 

maximum mechanical stress and massive short-circuit currents. If not cleared 

within milliseconds, LLL faults rapidly lead to transient instability, loss of 

generator synchronism, and total grid collapse. 
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According to Singh et al. (2021), over 70% of faults in overhead lines are single line-

to-ground faults. These faults can be transient (self-clearing) or permanent, requiring 

isolation and repair. 

 

 

2. Open-Circuit Faults 

Open-circuit faults occur when one or more conductors break due to mechanical failure, 

corrosion, or conductor clashing. While these faults do not cause massive overcurrent, 

they lead to voltage imbalances and degraded power quality. 

Some common causes are: 

• Broken conductors due to storms or falling trees 

• Loose or broken fittings 

• Conductor snapping due to fatigue or vibration 

Open circuit faults are harder to detect using conventional protection systems and often 

require advanced diagnostic tools or AI-based anomaly detection methods (Kumar et 

al., 2020). 

3. Insulator Flashover and Puncture Faults 

Insulators are critical for electrical isolation, and any failure in their insulation capacity 

can lead to flashover (surface arc) or puncture (internal breakdown). These faults are 

often caused by: 

• Pollution (salt, dust, bird droppings) 

• Wet or humid weather conditions 
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• Aging or damaged insulator materials 

Flashovers are more likely during storms or high humidity. AI models trained on 

thermal or visual images can identify hotspots on insulators before failure (Kumar & 

Bhakar, 2020). 

 

4. Conductor Galloping and Swing Faults 

Galloping refers to the high-amplitude, low-frequency oscillations of conductors 

caused by wind and ice buildup. It can lead to: 

• Phase-to-phase contact (LL fault) 

• Fatigue damage at connection points 

• Increased mechanical stress on towers and insulators 

Preventive measures include installing spacers and dampers. Predictive maintenance 

approaches can also be used to analyze weather data and vibration patterns to anticipate 

galloping.  

5. Lightning and Surge Faults 

Lightning strikes are a major cause of faults, especially in high-voltage transmission 

lines in tropical and mountainous regions. When not properly shielded, lines can 

experience insulator flashovers, conductor burns and equipment damage at substations.  

Shield wires and surge arresters provide protection, but proper placement and health 

monitoring of these devices are essential.  

6. Vegetation Encroachment 

Vegetation growing too close to transmission lines can cause flashovers or fires. This 

is particularly critical in rural or forested areas. Common issues include tree branches 
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coming in contact with the conductors and fires started by line faults spreading through 

dry vegetation LiDAR (Light Detection and Ranging) and satellite imaging combined 

with AI-based image recognition can help monitor vegetation growth and plan 

clearance activities (Chandran & Srinivasan, 2020). 

7. Corrosion and Wear 

Over time, metallic parts such as conductors, towers, and fittings begins to corrode due 

to exposure to weather, salt, and pollution. Corrosion can lead to mechanical failure, 

increased resistance and energy losses and fault-prone connections.  

Condition monitoring and data fusion techniques can identify corrosion-prone areas 

using historical weather, soil data, and inspection reports. 

2.1.4 Challenges Associated with Transmission Line Infrastructure 

The performance, reliability, and safety of power transmission lines are frequently 

challenged by several technical, environmental, and operational factors. The key 

challenges faced in the infrastructure and management of overhead transmission lines, 

particularly in the context of predictive maintenance and AI/ML integration includes 

the following:           

1. Environmental Exposure and Weather Conditions 

Overhead transmission lines are constantly exposed to environmental elements such as 

wind, rain, snow, lightning, ice, and extreme temperatures. These weather conditions 

can lead to a variety of issues such as: 

• Wind-induced conductor galloping, gradual accumulation of ice, and tower 

vibrations which can cause mechanical failures. 
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• Lightning strikes remain a leading cause of flashovers and insulator damage 

(Shakiba et al., 2022). 

• Corrosive environments, particularly near coastal or industrial areas, accelerate 

the degradation of metallic components. 

Due to their exposure, infrastructure monitoring becomes crucial. Yet, continuously 

monitoring vast line segments across remote regions presents both logistical and 

technical difficulties. 

2. Aging Infrastructure and Limited Upgrades 

Many countries operate transmission systems that are several decades old. The aging 

of components such as towers, insulators, and conductors leads to increased failure rates 

just like the frequent collapse on the Nigerian National Grid in late 2024, higher 

maintenance costs, and safety hazards for maintenance personnel. 

Over 40% of transmission infrastructure in many regions has exceeded its designed 

lifespan, and full-scale replacements are restricted by budget constraints, regulatory 

protocols, and environmental considerations (Postelwait, 2024). 

3. Maintenance Complexity and Accessibility Issues 

The physical inaccessibility of transmission lines especially those crossing forests, 

mountains, or rural terrain makes inspection and maintenance challenging. 

Maintenance teams often rely on manual inspections, which are time-consuming and 

expensive, susceptible to human error and unsafe during adverse weather or emergency 

situations.  

These issues delay fault detection and prolong outages, impacting grid reliability.  
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4. Inadequate Real-Time Monitoring and Data Availability 

A major challenge in modernizing transmission infrastructure is the limited deployment 

of real-time condition monitoring systems. Unlike substations, many high-voltage lines 

lack smart sensors to measure temperature, vibration, and loading, communication 

infrastructure to transmit collected data and integration with SCADA (supervisory 

control and data acquisition) for predictive insights 

Without granular data, predictive maintenance models have limited accuracy. The 

complexity of data collection and fusion from heterogeneous sources (sensors, satellite 

imagery, weather data, etc.) further complicates real-time monitoring. 

5. High Cost of Technology Implementation 

Advanced technologies such as line sensors, drones, phasor measurement units 

(PMUs), and AI-based analytics systems require significant capital investment. For 

many transmission operators, particularly in developing countries, budget constraints 

limit the adoption of such tools. 

Moreover, integrating AI and machine learning into existing grid operations demands 

skilled personnel, secure data infrastructure and scalable software platforms. 

6. Regulatory and Policy Constraints 

The adoption of intelligent maintenance strategies is often hindered by slow regulatory 

adaptation. Challenges include: 

• Lack of standards for predictive maintenance technologies 

• Data privacy concerns, particularly for AI systems that monitor critical 

infrastructure 
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• Unclear cost-sharing models between transmission operators and regulatory 

authorities 

 Without updated policies encouraging smart maintenance practices, utilities may 

remain locked into outdated inspection schedules. 

7. Lack of Skilled Workforce 

Deploying and maintaining AI-based maintenance systems requires skilled data 

scientists, electrical engineers, and software developers. However, the transmission 

industry often faces, talent shortages, inadequate training programs and resistance to 

change among field technicians. This therefore, emphasizes the need for 

interdisciplinary training and collaboration between utility engineers and AI 

professionals. 

 

2.1.5 Challenges in Fault Detection and Maintenance of Transmission Lines 

Despite significant advancements, several challenges remain in managing faults in 

transmission systems which are: 

1. Latency in fault detection: Traditional SCADA systems may not detect or locate 

faults quickly enough for proactive intervention. 

2. Limited visibility in remote areas: Long transmission lines in remote regions are 

harder to monitor due to access limitations. 

3. Data integration complexity: Combining data from thermal cameras, phasor 

units, weather stations, and inspection logs is non-trivial. 
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4. False positives in detection algorithms: AI models may misclassify transient or 

harmless conditions as serious faults if not properly trained. 

5. Aging infrastructure: Many power systems operate with decades-old 

components not designed for smart monitoring or digital integration. 

Addressing these challenges requires leveraging machine learning models trained on 

multi-source datasets, which can learn to recognize complex fault signatures from 

electrical, environmental, and mechanical signals  

 

2.2 MAINTENANCE STRATEGIES IN POWER TRANSMISSION LINES 

 

2.2.1 Corrective Maintenance 

Corrective maintenance, also known as “run-to-failure” maintenance, involves 

repairing or replacing equipment only after a fault has occurred. It is the most basic 

form of maintenance and requires minimal initial planning g or resources. While 

suitable for non-critical components, its application in power transmission lines is risky, 

as failures can lead to cascading blackouts, high repair costs, and safety hazards (Yadav 

& Saini, 2020). 

Pros: Low upfront cost, no need for regular monitoring 

Cons: Unplanned outages, increased downtime, costly emergency repairs 

2.2.2 Preventive Maintenance 

Preventive maintenance involves scheduled inspections and component replacements 

based on fixed time intervals or usage metrics, regardless of the equipment's actual 
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condition. This strategy is widely adopted in traditional grid systems and aims to reduce 

the likelihood of sudden failures. 

Despite its proactive nature, preventive maintenance can be inefficient, as it may lead 

to unnecessary servicing of healthy components or miss early signs of fault 

development (Zhou et al., 2019). 

Pros: Predictable scheduling, lower risk of major breakdowns 

Cons: Resource-intensive, may not reflect actual equipment condition 

2.2.3 Condition-Based Maintenance (CBM) 

CBM improves on preventive strategies by utilizing real-time data from sensors 

installed on transmission components. These sensors measure temperature, vibration, 

current, and other key indicators to determine asset health. Maintenance actions are 

triggered only when a deviation from normal operation is detected. 

CBM reduces unnecessary interventions and allows for more targeted servicing. 

However, it requires significant investment in sensing infrastructure and data analytics 

capabilities (Chen et al., 2020). 

Pros: Optimized resource usage, early fault detection 

Cons: Costly implementation, requires real-time data systems 

 

2.2.4 Predictive Maintenance 

Predictive maintenance (PdM) leverages AI/ML algorithms and historical data to 

forecast equipment failures before they happen. By analyzing trends, patterns, and 
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anomalies in sensor data, these models can provide accurate fault predictions and 

remaining useful life (RUL) estimates. 

PdM is currently the most advanced strategy and is ideal for mission-critical 

infrastructure such as high-voltage transmission lines. It enables data-driven decision-

making and cost-efficient maintenance planning. However, its success heavily depends 

on data availability, model accuracy, and integration with existing infrastructure (Liu 

et al., 2021). 

Pros: Maximized asset utilization, reduced unplanned outages, cost-effective 

Cons: Requires large datasets, technical expertise, and computational resources 

Table 1 Comparison Between Maintenance Types 

Maintenance 

Type 

 

Strategy Cost 

Implications 

Downtime 

Impact 

Effectiveness Applicability 

Corrective Run-to-failure; 

action taken 

only after a 

breakdown 

Low upfront 

cost, but 

extremely high 

emergency 

repair costs. 

High (causes 

prolonged, 

unplanned 

outages). 

Low (highly 

reactive, 

risks safety 

and 

cascading 

failures). 

Non-critical, 

easily 

replaceable 

components. 

Preventive Time-based or 

usage-based 

scheduled 

servicing 

High recurring 

operational and 

resource costs. 

Moderate 

(planned 

downtime, 

but 

unexpected 

faults still 

occur). 

Moderate 

(proactive 

but 

inefficient 

due to 

unnecessary 

servicing) 

Traditional 

grid systems 

and standard 

components. 

Condition-

Based (CBM) 

Real-time 

monitoring; 

action triggered 

by threshold 

deviations. 

High initial 

implementation 

cost for sensing 

infrastructure. 

Low (allows 

for targeted 

servicing 

before total 

failure). 

High 

(optimizes 

resource 

usage and 

detects faults 

early). 

Equipment 

where real-

time sensors 

can be 

reliably 

installed. 

Predictive 

(PdM) 

AI/ML 

forecasting 

based on 

High setup cost 

(data, AI 

expertise), 

Minimal 

(maximizes 

asset 

Very High 

(intelligent, 

data-driven, 

Mission-

critical 

infrastructure 
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historical and 

real-time data 

(RUL). 

highly cost-

effective long-

term. 

utilization, 

eliminates 

surprise 

outages). 

and highly 

accurate). 

like high-

voltage 

transmission 

lines 

 

2.3 ROLE OF AI/ML IN PREDICTIVE MAINTENANCE 

  

Predictive maintenance (PdM) is a proactive strategy that focuses on identifying 

potential equipment issues before they result in system failures. Unlike traditional 

maintenance approaches such as corrective maintenance that responds after 

breakdowns, or preventive maintenance based on fixed intervals. PdM uses real-time 

data and historical trends to optimize maintenance decisions and enhance system 

reliability. 

Artificial Intelligence (AI) and Machine Learning (ML) play a pivotal role in enabling 

PdM, especially in the context of power transmission systems. These technologies are 

capable of analyzing large and complex datasets gathered from sources such as IoT-

enabled sensors, drones, Phasor Measurement Units (PMUs), Supervisory Control and 

Data Acquisition (SCADA) systems, and weather monitoring stations. By uncovering 

subtle patterns and early indicators of equipment stress, AI/ML models can anticipate 

faults and degradation well before they occur (Jiang et al., 2020). 

The infrastructure supporting power transmission, comprising conductors, 

transformers, insulators, circuit breakers, and towers, generates massive volumes of 

operational data. Manually analyzing such high-frequency, multi-source data is 

impractical. However, AI-driven models are specifically designed to process this 

information, detect anomalies, and highlight early warning signals that may indicate a 

developing fault or decline in performance (Zonta et al., 2020). This enables utility 
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operators to take timely, informed action and prevent major disruptions, aligning with 

the broader goals of Industry and smart grid modernization. 

To fully understand the impact of AI/ML in this domain, it is essential to examine three 

core technical pillars: the mechanisms of pattern recognition, the specific algorithms 

employed, and the feature extraction processes that makes this data legible to machines. 

1. The Mechanism of Pattern Recognition in AI/ML:  

The fundamental value of AI in predictive maintenance lies in its ability to 

recognize complex, non-linear patterns across massive datasets. In power 

transmission, a pattern is rarely a simple, single-variable threshold (e.g., a 

transformer simply getting too hot). Instead, AI recognizes patterns by mapping 

multiple variables into high-dimensional mathematical spaces and finding 

correlations that are imperceptible to human operators. 

AI models begin by establishing a statistical baseline of normal operational 

behavior. During the training phase, the model ingests months or years of historical 

data covering various operational states, seasonal changes, and load variations. The 

ML model plots these normal operations as a cluster of data points in a multi-

dimensional feature space. Once this baseline is established, pattern recognition 

occurs through continuous comparison. The system monitors incoming real-time 

data and calculates its mathematical distance from the established normal cluster.  

AI recognizes two primary types of patterns in PdM: 

• Temporal (Time-Series) Patterns: Equipment rarely fails instantaneously; 

degradation occurs over time. ML models recognize temporal signatures and 

specific sequences of events. For instance, an AI system might recognize that a 
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slight increase in a transformer's internal acoustic emissions, followed three 

days later by a specific fluctuation in oil pressure and a minor voltage drop, 

constitutes a pattern that historically precedes a winding failure. 

• Spatial Patterns: Through computer vision, AI recognizes physical anomalies. 

By analyzing pixel data from drone imagery, the model recognizes the visual 

texture and color gradients of oxidation (rust) on a transmission tower, or the 

geometric irregularity of a micro-crack on a ceramic insulator, distinguishing 

these from normal shadows or dirt. 

2. Core AI/ML Algorithms Used in Predictive Maintenance 

Different maintenance objectives require specialized algorithmic architectures. The 

choice of algorithmic approach dictates how the data is processed and what kind of 

predictive output is generated. 

• Supervised Learning Algorithms (Failure Prediction): Supervised models 

are trained on highly labeled datasets where historical instances of healthy and 

failed states are explicitly defined. In the context of predictive maintenance, 

these algorithms process hundreds of historical variables such as temperature, 

load, and equipment age to establish strict mathematical boundaries between 

normal operation and pre-fault states. By learning the exact historical conditions 

that led to past breakdowns, these models can analyze real-time tabular sensor 

data to output a precise probability of future failure. They are particularly 

valuable for complex classification tasks, such as determining the specific type 

of electrical fault developing inside a transformer based on chemical analysis. 

Furthermore, supervised learning approaches often provide feature importance, 
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allowing engineers to see exactly which sensor readings are contributing most 

heavily to the predicted risk of failure. 

• Unsupervised Learning Algorithms (Anomaly Detection): Unsupervised 

models are critical when labeled failure data is scarce, a common scenario in 

power transmission since utilities actively intervene to prevent equipment from 

ever reaching the failure stage. Rather than predicting a specific, known fault, 

these algorithms excel at finding hidden structures and establishing statistical 

baselines from massive volumes of unlabeled operational data. They operate by 

continuously grouping data points based on feature similarity and profiling what 

normal looks like. When real-time data streams, such as vibration and 

temperature readings from a transmission line exhibit characteristics that fall far 

outside these established clusters of normal operation, the algorithm explicitly 

isolates them as anomalies. This approach is highly efficient for real-time 

SCADA monitoring, as it can flag structural deviations and potential developing 

faults without needing prior historical examples of that exact failure mode. 

• Deep Learning Architectures (Complex Diagnostics): Deep learning utilizes 

multi-layered artificial neural networks to process highly complex, high-

dimensional, and unstructured data that traditional algorithms struggle with. In 

predictive maintenance, these robust architectures are deployed for the most 

advanced diagnostic tasks. They are uniquely capable of processing spatial data, 

utilizing mathematical convolution operations to filter images and identify 

edges, shapes, and textures. This makes them the standard for automating visual 

inspections via drone footage, easily identifying physical degradation like 

vegetation encroachment or broken conductor strands. Furthermore, deep 

learning models possess internal mechanisms designed to analyze long-term, 
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sequential time-series data. By tracking the complex trajectory of equipment 

degradation over months or years, they are the premier tool for forecasting the 

exact Remaining Useful Life (RUL) of a component, allowing utilities to plan 

critical interventions long before a failure occurs. 

3. Feature Extraction and Data Inputs 

An AI model’s predictive accuracy is entirely dependent on the quality and structure 

of the data it ingests. In power transmission systems, raw operational data such as 

a continuous audio wave of a transformer's hum or millions of raw voltage readings 

per second is often too noisy, high-dimensional, and chaotic for direct algorithmic 

processing. To make this data legible to machine learning models, engineers rely 

on feature extraction and feature engineering. This process acts as a critical bridge, 

distilling massive datasets into the most predictive, mathematically quantifiable 

signals known as features. 

By categorizing and extracting these specific features, AI systems can feed highly 

refined data into the aforementioned algorithms to accurately monitor degradation. 

• Electrical and Chemical Features: Power transmission components generate 

complex electrical and chemical signals as they age. Rather than simply logging 

raw power output, feature extraction transforms these signals into actionable 

metrics. For example, raw electrical streams are analyzed to extract specific 

features like voltage fluctuations, current harmonics, and the phase angle of 

partial discharges. In oil-filled transformers, chemical degradation is a primary 

indicator of health. AI models do not merely look at the static presence of 

dissolved gases; instead, feature engineering calculates the rate of gas 

generation and the shifting ratios of different chemical compounds over time. 
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These calculated features are then fed into supervised learning models to 

classify exactly what type of internal electrical fault is developing. 

• Mechanical and Physical Features: Physical wear and tear present another 

vital layer of predictive data, primarily captured through vibration, acoustic, and 

thermal sensors. Raw vibration data from a circuit breaker, for instance, is 

recorded as a chaotic time-based signal. Feature extraction uses mathematical 

transformations to convert this raw wave into a frequency spectrum. AI 

algorithms then analyze these specific frequency features to detect mechanical 

looseness, structural resonance, or bearing wear long before the component 

physically jams. Similarly, infrared thermography captures the heat distribution 

across transmission lines. Instead of just recording the absolute maximum 

temperature, AI extracts features based on thermal gradients, the specific 

temperature differences between connected components. This allows anomaly 

detection algorithms to spot unbalanced loads or degraded, high-resistance 

connections that a simple temperature threshold would miss. 

• Environmental and Operational Context: The most advanced deep learning 

diagnostics rely on fusing internal equipment features with external 

environmental stressors. An AI model’s predictive accuracy increases 

exponentially when it understands the context in which the equipment is 

operating. Features such as ambient temperature, wind shear, humidity levels, 

and historical lightning strike proximity are mathematically integrated with 

operational features like daily grid load profiles, maintenance history, and the 

chronological age of the equipment. This data fusion creates a highly 

dimensional, contextualized dataset. By processing this rich matrix of features, 
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deep learning models can accurately forecast the Remaining Useful Life (RUL) 

of an asset, taking into account how external weather patterns accelerate internal 

mechanical degradation. 

Key Applications and Roles in Transmission Systems 

With the mechanisms, algorithms, and features established, AI/ML drives several 

highly specific operational transformations in predictive maintenance: 

i. Continuous Condition Monitoring: ML systems move utilities away from 

episodic, calendar-based testing. By continuously processing features from 

thermal cameras and PD detectors, AI provides a 24/7 real-time health score for 

critical assets, reducing unnecessary routine maintenance. 

ii. Failure Prediction and RUL Estimation: Using LSTM networks trained on 

historical degradation data, utilities can forecast not just if a failure will occur, 

but when. Estimating the Remaining Useful Life (RUL) allows operators to 

procure replacement parts and schedule outages during low-demand periods. 

iii. Optimization of Maintenance Scheduling: AI systems function as advanced 

decision-support tools. By evaluating the predicted RUL of various components 

alongside grid demands and workforce availability, AI algorithms generate 

optimized dispatch schedules, prioritizing maintenance based on quantifiable 

risk rather than intuition. 

iv. Data Fusion for Holistic Diagnostics: Transmission systems are notoriously 

fragmented (SCADA data in one database, inspection reports in another). AI 

excels at data fusion, integrating heterogeneous datasets—such combining 
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weather forecasts with electrical load and acoustic sensor data—to uncover 

subtle systemic issues that a single data stream would miss. 

v. Self-Learning and Dynamic Adaptation: Unlike static rule-based software, 

AI models engage in continuous learning. As they operate, they absorb new 

data, false positives, and maintenance feedback. Through periodic retraining, 

the algorithms dynamically adapt to aging equipment and changing 

environmental baselines, progressively refining their accuracy. 

In summary, AI and ML serve as the back bone of modern predictive maintenance 

strategies. Their ability to analyze complex data, recognize patterns, and provide 

actionable insights transform how maintenance is planned and executed in power 

transmission systems. The integration of these technologies leads to smarter grids, more 

reliable services, and better utilization of maintenance budgets. 

 

2.4 EXISTING AI/ML APPROACHES IN POWER SYSTEM MAINTENANCE 

In recent years, the use of Artificial Intelligence (AI) and Machine Learning (ML) in 

power system upkeep has surged, fueled by a growing abundance of sensor data, 

advancements in processing power, and the push for smarter and more resilient grid 

infrastructure. Traditional maintenance approaches either reactive or scheduled often 

result in inefficiencies, increased costs, and risk of unexpected failures. In contrast, 

AI/ML-driven methods enable predictive, condition-based maintenance by analyzing 

large volumes of historical and real-time data to forecast system faults before they occur 

(Zonta et al., 2020; Windmann et al., 2024). 
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This section examines the main AI/ML techniques adopted in power system 

maintenance, their operating principles, real-world use cases, and implementation 

outcomes. 

 

2.4.1 SUPERVISED LEARNING TECHNIQUES 

Supervised learning utilizes labeled historical datasets to build predictive models. These 

methods are commonly used to: 

i. Classify fault types and locate issues in transmission lines or substations. 

ii. Estimate equipment health and its Remaining Useful Life (RUL). 

iii. Predict the likelihood and timing of component failures. 

Some key algorithms include: 

i. Support Vector Machines (SVM): They are effective for high-dimensional data 

classification, such as detecting faults in protective relays using waveform 

patterns. 

ii. Decision Trees and Random Forest Classifiers: They are both popular for asset 

health monitoring and failure prediction using sensor or SCADA data. Random 

Forest Classifier also offer feature importance insights to help engineers 

prioritize variables. 

iii. Artificial Neural Networks (ANNs): They are Capable of modeling complex 

non-linear relationships between inputs (e.g., load, humidity, temperature) and 

outcomes like transformer failure risk. 



41 

 

iv. Gradient Boosting Models (e.g. XGBoost, LightGBM): They are known for 

accuracy in structured datasets and useful for prioritizing maintenance tasks and 

forecasting power outages. 

v. Logistic Regression: Simple and effective for binary fault detection scenarios 

like breaker trips or switch failures. 

 

2.4.2 UNSUPERVISED LEARNING TECHNIQUES 

In situations where labeled fault data is limited, unsupervised learning helps uncover 

hidden anomalies and operational states: 

i. Anomaly Detection & Clustering: Group similar behavior patterns or detect 

deviations that may indicate anomalies. 

ii. K-Means Clustering: Commonly used to classify operating states and identify 

outliers. 

iii. DBSCAN (Density-Based Spatial Clustering): Ideal for detecting isolated 

anomalies, such as thermal hotspots on lines. 

iv. Principal Component Analysis (PCA): Reduces dimensionality to uncover 

dominant patterns in multi-variable datasets. 

v. Isolation Forest: A tree-based model suited for detecting outliers without 

needing labeled examples. 

vi. Auto-encoders: Neural architectures that reconstruct input data, flagging poor 

reconstructions as potential fault indicators (Zonta et al., 2020). 

2.4.3 DEEP LEARNING TECHNIQUES 
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Deep learning excels in processing unstructured data such as images and time series: 

i. Convolutional Neural Networks (CNNs): Deployed for image-based inspection 

of transmission infrastructure (e.g., rust, cracks, vegetation encroachment), 

usually via aerial drone imagery. 

ii. Recurrent Neural Networks (RNNs) & LSTM Networks: Used to model time-

dependent sensor data and forecast equipment health over time. 

iii. Generative Adversarial Networks (GANs): Useful for synthetically generating 

fault data to mitigate imbalance in datasets. 

iv. Transformer Models: Recently adapted to multivariate time-series forecasting, 

these models use attention mechanisms to focus on the most critical signal 

features (Windmann et al., 2024). 

2.4.4 HYBRID AND ENSEMBLE APPROACHES 

Combining multiple methods can enhance predictive accuracy and resilience: 

i. Hybrid Models: Example: using PCA for feature reduction alongside SVM for 

classification; or fusing CNN (visual analysis) with LSTM (time-series trends) 

for comprehensive diagnostics. 

ii. Ensemble Learning: Techniques such as bagging, boosting, and stacking 

combine multiple classifiers to improve robustness and reduce overfitting. 

iii. Rule-Based + ML Integration: ML systems are often complemented with 

expert-defined rules to meet regulatory and safety requirements. 

2.4.5 REAL WORLD IMPLEMENTATIONS 
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The theoretical advantages of Artificial Intelligence and Machine Learning in 

predictive maintenance have been rigorously validated through extensive field 

deployments. Several major utilities and research institutions have integrated these 

technologies into their standard operating procedures, transitioning from pilot programs 

to network-wide implementations. Below are five prominent case studies highlighting 

the practical application, results, and challenges of AI/ML in power transmission 

systems:  

i. Pacific Gas and Electric (PG&E), California USA – [2019]: PG&E deployed 

fleets of drones equipped with high-resolution cameras and edge-computing AI 

modules. The system processes aerial imagery to identify vegetation 

encroachment, connector wear, and insulator degradation. They also utilize 

advanced RF technology and monitoring devices to monitor circuit anomalies. 

The AI-driven inspection program successfully scanned over 100,000 miles of 

transmission and distribution lines. In recent years, these advanced safety 

settings contributed to more than a 68% to 72% reduction in utility-sparked 

wildfires on enabled circuits in high fire-threat districts, drastically reducing the 

risk of equipment-sparked wildfires (PG&E Wildfire Mitigation Plan, 2025). 

A major challenge has been the immense scale and cost of the operation, 

alongside managing the massive data loads generated by high-resolution 

cameras in remote, mountainous terrains where cloud connectivity is limited.  

ii. National Grid (UK) - [2019]: National Grid, acting as the Electricity System 

Operator (ESO), collaborated with The Alan Turing Institute to implement 

machine learning for predictive balancing and maintenance. They utilize 
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supervised learning algorithms, specifically Random Forest approaches, to 

analyze dozens of input variables for forecasting and grid health. 

The implementation of these predictive models allowed operators to accurately 

forecast grid demands and integrate renewable energy more efficiently. Their 

multi-model ensemble forecast using machine learning delivered a 33% 

improvement in forecasting accuracy, which directly translates to optimized 

asset management and reduced strain on legacy infrastructure (National Grid 

ESO & Alan Turing Institute, 2019). 

Integrating legacy power grid infrastructure with modern, high-frequency data 

streams required significant algorithm training to account for the unpredictable, 

weather-dependent nature of modern grid operations. 

iii. Tenaga Nasional Berhad (TNB), Malaysia – [2022]: TNB deployed an 

Advanced Asset & Grid Analytics (AAA) application powered by machine 

learning. The system focuses on transformer health, utilizing algorithms to 

analyze Dissolved Gas Analysis (DGA), thermal variations, and partial 

discharge levels to calculate a real-time Health Index. 

TNB successfully applied this predictive framework to assess hundreds of in-

service oil-immersed distribution power transformers. The ML models 

accurately identified early-stage insulation degradation. Recent independent 

dataset evaluations of their predictive models demonstrated an impressive 

accuracy rate of 91% in identifying potential faults, allowing the utility to 

predict optimal replacement intervals and prevent catastrophic failures (TNB 

Data Analytics, 2025; Makmor et al., 2024). 
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Operational guidelines required extensive pilot testing (such as the Klang Valley 

rollout) to fine-tune processes and validate the technology against false positives 

in real-world, highly humid tropical environments. 

iv. China Southern Power Grid (CSG), Shenzhen and Southern China Regions – 

[2019]: CSG collaborated with Huawei to deploy an intelligent inspection 

system for power transmission. This utilizes 5G-enabled drones integrated with 

Huawei's Atlas 200 AI acceleration module. The system employs deep learning 

visual algorithms (CNNs) to analyze images and videos locally at the edge.  

The implementation yielded an astonishing 80-fold improvement in efficiency. 

The Ascend-powered AI processor successfully identifies five typical potential 

risks and seven major pole and tower defects. In the Shenzhen region, the time 

required for comprehensive grid inspection was reduced from 20 manual 

working days to just two hours of automated analysis (Huawei Enterprise, 

2020). 

The major challenge was managing the extreme power consumption and 

communication bandwidth required to backhaul high-definition video from 

remote mountainous towers. This forced the shift to edge computing (processing 

the AI on the drone itself) rather than sending all data back to a central server. 

 

v. Power Grid Corporation of India (POWERGRID) – [2024]: POWERGRID 

launched an AI- and image-processing-based solution named PG-AMRIT 

(POWERGRID Asset Management through Artificial Intelligence in 

Transmission). The system integrates GPS-tagged drone photographs with 

Convolutional Neural Networks (CNNs) and machine learning engines. 
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PG-AMRIT automates the identification of approximately 35 types of defects 

in transmission line towers, replacing subjective, manual questionnaire-based 

inspections. This has significantly reduced analysis time and human bias, 

allowing for a centralized defect database and real-time tracking across 

thousands of kilometers of transmission corridors (Power Line Magazine, 

2025). 

The challenge faced was scaling the AI platform to handle the diverse, massive 

topography of the Indian subcontinent while integrating the new digital 

workflows with their existing legacy SAP operational data systems. 

2.4.6 CHALLENGES AND LIMITATIONS 

While the theoretical framework for AI-driven predictive maintenance (PdM) is well-

established, its practical implementation is heavily constrained by structural and data-

centric limitations. It is crucial to delineate the challenges faced by prior researchers 

operating in highly modernized grids from the specific, localized limitations 

encountered in this project focuses on the Nigerian power sector. 

Historically, mainstream predictive maintenance research in North America and Europe 

has assumed a baseline of perfect data continuity, high-bandwidth communication, and 

advanced IoT infrastructure. Consequently, the challenges addressed in these studies 

are largely algorithmic rather than structural. 

Even in developed grids, high-performing deep learning models lack transparency. As 

highlighted in recent reviews of ML applications in brownfield systems, operators 

hesitate to trust AI recommendations for critical infrastructure without clear, 

explainable reasoning. 
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Published frameworks in Western literature often assume the presence of 

comprehensive, costly monitoring networks with dense sensors and cloud analytics that 

require high-speed continuous telemetry (D. J. Koffa & S. O. Oyakhilome, 2025). 

Deploying these real-time AI inferences across wide networks is computationally 

intensive and financially unviable for developing grids. 

In stark contrast, this project faces fundamental hurdles rooted in the operational reality 

of the Nigerian transmission network managed by the Transmission Company of 

Nigeria (TCN). The challenges here are not about optimizing an algorithm on perfect 

data, but about making algorithms survive in a highly constrained, flawed data 

environment: 

• Severe Data Sparsity and Manual Logging: Unlike developed grids with 

automated, continuous telemetry, data acquisition in Nigeria's power sector is 

highly fragmented. Research investigating grid collapses notes that TCN 

operations still heavily suffer from poor automation and manual control 

processes (Adeniji et al., 2025). Relying on manual logs and spreadsheets 

creates severe data sparsity and asynchronous timestamps, making it incredibly 

difficult to train time-series ML models that require continuous, unbroken data 

streams. 

• Infrastructure Incompatibility & High Equipment Age: The Nigerian grid 

operates with heavily aged infrastructure. A recent study investigating resource-

constrained power systems in Nigeria revealed that up to 70% of distribution 

transformers exceed their design lifetime, while operating under extreme 

tropical stressors (Koffa & Oyakhilome, 2025). A primary limitation of this 

project is designing lightweight, fault-tolerant AI models that can extract 



48 

 

meaningful predictive insights from legacy, outdated Supervisory Control and 

Data Acquisition (SCADA) systems, rather than relying on modern, expensive 

IoT sensors. 

• Integration with Existing Systems: Because this project is fundamentally 

research-based, a predictive model was implemented and evaluated outside of 

the live TCN operational environment. A major barrier to real-world 

implementation is retrofitting these advanced algorithms into existing industrial 

systems. Therefore, a limitation of this study is that it does not physically 

integrate the AI models into TCN's aging communication protocols or SCADA 

hardware. The practical challenge of bridging the gap between this theoretical 

model and live, real-time grid integration remains an area for future work. 

2.5 GAPS IN CURRENT RESEARCH 

Although the integration of Artificial Intelligence (AI) and Machine Learning (ML) 

into power system maintenance has led to major progress, there are still several 

important gaps and challenges that need further investigation. These issues affect the 

dependability, scalability, and broad application of current solutions, highlighting the 

need for continuous research in this area. 

1. Inadequate Quantity and Quality of Labeled Data 

A major obstacle is the limited availability of well-labeled and high-quality datasets. 

Supervised AI/ML models depend on rich historical data for predicting failures and 

monitoring equipment conditions. However, failure events in power systems are 

infrequent and not always well-documented. Furthermore, sensor data often contains 

errors, missing points, or inconsistent readings, which decreases its reliability for 

training purposes (Dey et al., 2020). 
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2. Lack of Data Collection Standards 

There is also no universal approach to how data is gathered and structured across 

different utilities. Various power systems use different types of equipment and 

monitoring tools, which leads to inconsistent data formats. This lack of uniformity 

makes it difficult to train general-purpose models and compare results across projects 

or organizations. A standardized method for labeling, organizing, and formatting data 

is essential for transferable AI applications (Abdel-Basset et al., 2021). 

3. Low Model Transparency and Interpretability 

High-performing AI models like Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs) are often seen as "black boxes" due to their 

complex inner workings. In the regulated environment of power systems, it's important 

for engineers and stakeholders to understand how decisions are made, especially when 

safety is a concern. Therefore, there's a growing demand for explainable AI (XAI) 

approaches that provide insight into model reasoning (Gandhi et al., 2022). 

4. Compatibility Issues with Older Systems 

Many power utilities still use outdated systems that can't support the data processing 

needs of modern AI applications. Upgrading these legacy systems to be AI-compatible 

often involves high costs and regulatory hurdles. This creates a gap between current 

infrastructure and the future needs of intelligent maintenance systems (Yan et al., 2021). 

5. Limited Testing in Real-Life Scenarios 

Although many AI models perform well in simulations or controlled lab settings, they 

are rarely tested under real-world grid conditions. Environmental factors, aging 

equipment, and unexpected disturbances can all affect model reliability. The shortage 

of real-world deployment case studies limits confidence in the robustness of these 

technologies. 
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6. Poor Handling of Uncertainty and Rare Faults 

AI systems often struggle with uncommon but impactful scenarios such as sudden 

failures or cascading outages. Most models tend to perform well on frequently 

occurring patterns but may fail when faced with rare or unusual conditions. Developing 

models that can generalize better under uncertainty remains a key research challenge 

(Zhao et al., 2021). 

7. Risks to Cybersecurity and Data Privacy 

As more AI tools rely on networked data sources, they also introduce new 

vulnerabilities. Security threats like unauthorized data access or manipulation of AI 

inputs could compromise grid safety. At the same time, the use of cloud-based 

platforms raises privacy concerns about both operational and customer data. These risks 

are not yet fully addressed in current research (Li et al., 2022). 

8. High Resource Requirements 

Advanced AI models, especially deep learning ones, demand significant computational 

power for training and deployment. This poses a challenge for smaller utilities or those 

in rural areas where technical and financial resources are limited. Lightweight and 

efficient models are needed to make AI solutions more accessible across the sector. 

 

To wrap up, AI and ML offer promising tools for transforming maintenance strategies 

in power systems, but important challenges remain. These include data limitations, 

interpretability concerns, integration difficulties, and cybersecurity threats. Addressing 

these gaps is essential for building reliable, explainable, and secure AI systems that can 

be effectively used across a wide range of power infrastructure settings. 
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CHAPTER 3 

METHODOLOGY 

3.1 RESEARCH DESIGN 

This study adopts a quantitative and experimental research design to investigate the 

application of Artificial Intelligence (AI) and Machine Learning (ML) techniques for 

predictive maintenance in overhead electrical power transmission lines. The primary 

goal is to design and evaluate ML models capable of predicting potential faults and 

maintenance needs before system failures occur. 

The research follows a data-driven approach, where synthetic datasets are used for 

model training, testing, and validation. Since real operational data from the 

Transmission Company of Nigeria (TCN) was inaccessible due to proprietary 

restrictions, a synthetic dataset was programmatically generated using Python to serve 

as the direct input to the machine learning model. This generation was statistically 

calibrated against an open-source Nigerian feeder fault reference dataset obtained from 

Kaggle and IEEE DataPort (synthetic_fault_data_2017_2025.csv), which contains 

aggregate monthly fault count records from five Nigerian distribution feeders spanning 

2017–2025. The reference dataset provided realistic fault type proportions (including 

the ~70% dominance of Line-to-Ground faults) and weather correlations that were 

embedded into the Python generation script. Crucially, the reference dataset could not 

be used directly as model input because it contains monthly aggregate counts, not the 

time-series three-phase voltage and current measurements (Va, Vb, Vc, Ia, Ib, Ic) 

required by the Random Forest Classifier.  
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These datasets simulate operational conditions of overhead transmission lines and 

provide historical measurements used to train, test, and validate the machine learning 

model that was implemented for predictive maintenance. 

The research design process includes the following major phases: 

1. Data Collection: Gathering synthetic and open-source datasets containing 

transmission line operational and fault data. Where necessary, fault conditions 

are simulated to enrich the dataset. The goal was collecting datasets with 

information on the condition of the power transmission before the occurrence 

of a fault. 

2. Data Preprocessing and Feature Engineering: Cleaning, normalizing, and 

extracting important features such as load current fluctuations, temperature 

variations, and fault indicators using Pandas and Numpy. 

3. Model Selection and Training: Implementing different machine learning models 

such as Random Forest Classifier and Decision Tree Classifier.   

4. Model Evaluation: Comparing the performance of these models using 

evaluation metrics such as accuracy, precision, recall, confusion matrix, and F1-

score. 

5. Validation and Analysis: Assessing how well the trained models can be 

generalized to unseen data and determining their potential for real-world 

implementation in predictive maintenance systems through supervised learning. 

3.2 DATA COLLECTION 

Data collection forms the foundational pillar of this research, supporting the 

development and efficacy of AI and machine learning models for fault detection and 
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predictive maintenance in overhead power transmission lines. The robustness of these 

models is intrinsically linked to the volume, variety, and accuracy of the training data, 

as poor-quality inputs can propagate errors throughout the predictive pipeline. In the 

context of power systems, acquiring authentic real-world data poses significant hurdles, 

including privacy constraints, proprietary restrictions from utility providers, and the 

infrequency of fault events, which limits sample sizes for rare but critical scenarios. To 

avoid these limitations, this study adopts a hybrid strategy emphasizing synthetic 

datasets derived from high-fidelity simulations and augmented with publicly accessible 

repositories. This approach not only ensures data sufficiency but also captures a broad 

spectrum of operational parameters such as voltage profiles, current surges, and power 

flows and environmental variables, including the influence of weather conditions. 

3.2.1 Sources of Data 

Data was drawn from open-source platforms, specifically Kaggle and IEEE Dataport. 

The primary open-source resource utilised in this study is a Nigerian power 

transmission fault record dataset (synthetic_fault_data_2017_2025.csv), obtained from 

Kaggle and IEEE Dataport. This dataset contains monthly fault count records from five 

Nigerian distribution feeders — Agbor, Agenebode, Ehor, Ubiaja, and Uzebba — 

spanning January 2017 to 2025, comprising 510 records across 17 variables. The 

recorded variables include fault type counts (Earth Fault, Over Current, Line-to-

Ground, Line-to-Line, Line-to-Line-to-Ground, LLL/LLLG, Open Circuits, and 

Insulation Failure), operational classifications (Planned and Emergency faults), fault 

location in kilometres, fault duration in seconds, and a weather factor index correlating 

environmental conditions with fault likelihood. 
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It is important to note that this dataset contains aggregate monthly fault counts at the 

feeder level and does not include time-series electrical measurements such as three-

phase voltages or currents. It therefore could not be used directly as input to the Random 

Forest Classifier. Instead, it served as a statistical reference source, providing fault type 

proportions, weather correlations, and Nigerian grid fault behaviour that were used to 

configure and calibrate the synthetic data generation process described in Section 3.2.3. 

The dominance of Line-to-Ground faults (~70%), the relative frequencies of LL and 

LLG occurrences, and the Weather Factor variable were directly embedded into the 

generation logic to ensure the synthetic training data faithfully reflects documented 

real-world Nigerian feeder conditions. 

3.2.2 Types of Data Used 

The following data types describe the parameters of the synthetically generated training 

dataset, whose statistical properties were configured based on the reference 

Kaggle/IEEE Dataport source described in Section 3.2.1. 

To represent the different factors that affect transmission line performance, the 

synthetic dataset combines two primary types of data. Faults in transmission systems 

can arise from electrical or environmental causes, so incorporating both categories is 

essential for realistic modelling and analysis. 

Electrical Data: This is the primary component of the dataset and the direct input to the 

Random Forest Classifier. It consists of instantaneous measurements of three-phase 

voltages (Va, Vb, Vc) and three-phase currents (Ia, Ib, Ic) recorded at 15-minute 

intervals. These six features were generated under both normal balanced conditions and 

injected fault conditions. During fault events, the affected phase signals exhibit 
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characteristic deviations, voltage reductions of 40–80% and current spikes of 300–

700% during Line-to-Ground faults, and voltage reductions of 50–70% with current 

increases of 400–600% during Line-to-Line faults, consistent with documented 

behaviour in Nigerian 330 kV and 132 kV transmission networks. These electrical 

imbalances form the core discriminative patterns learned by the model during training. 

Environmental and Weather Data: Weather conditions directly influence fault 

likelihood in overhead transmission lines. The synthetic dataset therefore incorporates 

three environmental variables; ambient temperature (15°C to 45°C), consistent with the 

documented annual temperature range of Nigeria's tropical climate, where minimum 

temperatures in even the cooler harmattan months rarely fall below 15°C, and 

maximum temperatures in the dry season commonly exceed 40°C, relative humidity 

(30–95%), and wind speed (0–25 m/s) randomly sampled and correlated with fault 

probability. Specifically, higher temperature and humidity levels increased the 

simulated fault likelihood by a factor of 1.8, consistent with the Weather Factor variable 

documented in the Kaggle/IEEE Dataport reference dataset. These environmental 

parameters were used during data generation to ensure realistic fault clustering patterns 

but were not used as direct input features to the classifier. 

Target Labels: The dataset includes a single target variable, Fault_Type, represented 

as six numeric classes: 

• Class 0 & Class 1: Normal / low-severity operating states 

• Class 2: LG — Single Line-to-Ground fault 

• Class 3: LL — Line-to-Line fault 

• Class 4: LLG — Double Line-to-Ground fault 
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• Class 5: Healthy / strictly balanced normal operation 

These labels were assigned programmatically by the fault injection logic in the Python 

generation script (Appendix A.1), with class proportions, particularly the ~70% 

dominance of Class 2 (LG), calibrated directly from the fault count distributions in the 

Kaggle/IEEE Dataport reference dataset. The data was stored in CSV format 

(train_dataset.csv and test_dataset.csv) for compatibility with the Python-based Scikit-

learn workflow. 

 

3.2.3 Synthetic Data Generation Informed by Open-Source Reference Data 

Since real operational data from the Transmission Company of Nigeria (TCN) was 

inaccessible due to proprietary restrictions and data privacy policies, a fully synthetic 

dataset was generated using Python version 3.12 to closely replicate the electrical 

behaviour of Nigerian 330 kV and 132 kV overhead transmission lines under both 

healthy and faulted conditions, following well-established power system simulation 

principles. 

However, this generation was not arbitrary. It was directly informed and statistically 

calibrated against an open-source reference dataset obtained from Kaggle and IEEE 

Dataport (synthetic_fault_data_2017_2025.csv), which contains monthly fault count 

records from five Nigerian distribution feeders — Agbor, Agenebode, Ehor, Ubiaja, 

and Uzebba — spanning 2017 to 2025. This reference dataset provided the following 

key statistical parameters used to configure the generation process: the dominant 

proportion of Line-to-Ground faults (approximately 70%), the relative frequencies of 

LL and LLG fault occurrences, weather factor correlations with fault likelihood, and 
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seasonal fault clustering patterns across peak-load periods. Since the reference dataset 

contains aggregate monthly fault counts rather than the time-series electrical 

measurements (Va, Vb, Vc, Ia, Ib, Ic) required by the Random Forest Classifier, it could 

not be used directly as model input. Instead, these extracted statistical parameters were 

embedded into the Python generation script to ensure the synthetic signals faithfully 

reflect documented Nigerian grid fault behaviour. 

The generation script utilised NumPy for numerical computations, Pandas for data 

structuring, and SciPy for signal processing. The generation process involved the 

following steps: 

1. Normal Operating Conditions:  

Balanced three-phase voltages (Va, Vb, Vc) and currents (Ia, Ib, Ic) were generated 

using the standard symmetrical component model. The nominal line-to-line voltage was 

set at 330 kV (phase voltage Vph = 
330

√3
 ≈ 190.5 kV). Small random variations were 

introduced to simulate realistic load fluctuations and measurement noise: 

Va = Vph ⋅ (1 + ϵ) ∠ 0∘,  

Vb = Vph ⋅ (1 + ϵ) ∠ −120∘, 

Vc = Vph ⋅ (1 + ϵ) ∠ +120∘ 

where ϵ∼Ν(0,0.02) (2 % standard deviation). Currents were generated similarly using 

a nominal load of 500 – 800 A per phase, with power factor 0.95 lagging. Independent 

Gaussian noise (ε ~ N(0, 0.02)) was applied separately to each phase, ensuring the three-

phase RMS magnitudes are correlated but not identical in normal operation, which is 

physically consistent with minor load imbalances observed in real Nigerian feeders. 
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2. Fault Injection Logic:  

Six output classes were created to match the Random Forest Classifier used in this study 

(see Section 4.2.1): 

i. Class 0 & Class 1: Normal / low-severity operating states (balanced three-phase 

behaviour with minor load variations). 

ii. Class 2: LG (single line-to-ground) fault. 

iii. Class 3: LL (line-to-line) fault. 

iv. Class 4: LLG (double line-to-ground) fault. 

v. Class 5: Healthy / normal operation (strictly balanced case). 

The fault class proportions, particularly the dominance of Class 2 (LG) at 

approximately 70% of all injected faults were directly calibrated from the L_G_Fault, 

L_L_Fault, and L_L_G_Fault columns of the Kaggle/IEEE Dataport reference dataset, 

ensuring the synthetic distribution reflects real Nigerian feeder fault behaviour. 

For each fault event, the affected phase(s) were modified as follows: 

i. LG Fault: Voltage on the faulted phase reduced by 40 – 80 %, current on the 

faulted phase increased by 300 – 700 %, with zero-sequence current injected. 

ii. LL Fault: Voltages between the two faulted phases reduced by 50 – 70 % with 

180° phase opposition; currents in both phases increased symmetrically by 400 

– 600 %. 

iii. LLG Fault: Both faulted phases experienced voltage reduction of 60 – 90 % and 

current increase of 500 – 800 %, with additional zero-sequence component. 
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Fault duration was set to 3 –10 consecutive 15-minute samples. Overall fault probability 

was 15 %, with higher occurrence during simulated peak-load hours (06:00 – 09:00 and 

18:00 – 21:00), consistent with the peak-period fault clustering observed in the 

reference dataset. 

3. Noise and Environmental Perturbations:  

Gaussian noise (σ = 3 – 5 % of nominal value) was added to all voltage and current 

signals to emulate sensor inaccuracies and electromagnetic interference. Ambient 

temperature (15 °C to 45 °C), relative humidity (30 – 95 %), and wind speed (0 – 25 

m/s) were randomly sampled and correlated with fault probability (higher temperature 

and humidity increased fault likelihood by a factor of 1.8), consistent with the 

Weather_Factor variable documented in the reference dataset. 

4. Temporal Structure and Dataset Split:  

Data points were generated at 15-minute intervals from 1 January 2025 to 30 June 2025, 

producing approximately 17,376 samples. Two separate datasets were generated: a 

training dataset (train_dataset.csv) covering January–March 2025, and a prediction 

dataset (test_dataset.csv) covering April–June 2025. The April–June dataset was used 

exclusively for future fault prediction and visualisation on the Streamlit dashboard — 

it was not used for model validation. Model validation was performed using a 

randomised 80/20 split of the training dataset, implemented via Scikit-learn's 

train_test_split() function with random_state = 42 for reproducibility. 

5. Validation Against Real Fault Behaviour: 
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The synthetic dataset was validated against documented real-world fault characteristics 

in Nigerian and international transmission systems: 

• LG faults constituted approximately 70 % of injected faults, consistent with 

field observations (Singh et al., 2021) and the proportions recorded in the 

Kaggle/IEEE Dataport reference dataset. 

• Voltage drops (0.2–0.6 pu) and current spikes (4–8× nominal) matched typical 

330 kV line fault records. 

• Sequence component analysis (positive, negative, zero) confirmed realistic 

asymmetry for unsymmetrical faults. 

• Statistical summaries (mean, standard deviation, min/max) of the synthetic 

signals closely aligned with published Nigerian grid fault logs and IEEE 

benchmark test cases. 

This equation-driven, physics-based generation process produced a high-fidelity 

synthetic dataset that enabled the Random Forest Classifier to achieve 87.33% 

validation accuracy while closely replicating the physical and statistical properties of 

actual transmission line faults. The complete Python script used to generate the 

synthetic datasets is provided in Appendix A.1. 

 

3.3 DATA PREPROCESSING AND FEATURE ENGINEERING 

Data preprocessing and feature engineering represent essential phases in the 

construction of a robust predictive maintenance framework for overhead power 

transmission lines. These steps transform raw datasets sourced from Kaggle repositories 

into refined inputs that optimize the performance of machine learning models. Given 

the multimodal nature of the data, which encompasses numerical electrical readings, 
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time-series sequences, environmental variables, and simulated thermal images, targeted 

techniques are employed to address issues such as inconsistencies, noise, and high 

dimensionality. Effective preprocessing mitigates biases and enhances data quality, 

while feature engineering uncovers latent patterns critical for fault detection and 

prognosis. This process is vital, as unprocessed data can lead to suboptimal model 

accuracy, with studies indicating that well-engineered features can improve 

classification precision by 10-20% in power system applications. By applying these 

methods, the study ensures that models like support vector machines (SVM), random 

forests, artificial neural networks (ANN), and long short-term memory (LSTM) 

networks can effectively learn from the data, supporting reliable predictions of 

transmission line faults and maintenance needs. 

 

3.3.1 Data Cleaning 

Raw datasets from diverse sources often exhibit imperfections that could compromise 

model integrity, including missing entries, redundant records, signal noise, and format 

discrepancies. Systematic cleaning is performed to yield a reliable foundation for 

analysis. 

Data cleaning was performed using Python libraries such as Pandas, NumPy, and 

Scikit-learn to improve the quality of the datasets obtained from Kaggle and IEEE 

DataPort. Missing values were handled using statistical imputation methods, duplicate 

records were removed, and noise in the sensor data was reduced. Additionally, data 

formatting and feature scaling were applied to ensure consistency and suitability for 

machine learning model training. 
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Duplicate Removal: Using Python's pandas library, duplicate rows are detected via 

unique identifiers such as timestamp and fault type, and subsequently eliminated. This 

step prevents inflated dataset sizes and skewed training, which is particularly relevant 

for simulated data where repetitive fault scenarios might occur. 

Missing Value Imputation: Gaps in parameters like voltage or humidity are addressed 

through context-appropriate methods. For numerical features, mean or median 

imputation is applied; for time-series data, forward-fill or linear interpolation preserves 

temporal continuity 

Noise Filtering: Electrical and vibration signals, prone to interference in simulations, 

are de-noised using Butterworth low-pass filters with cutoff frequencies tailored to the 

signal bandwidth (e.g., 50 Hz for power frequencies). Implemented via scipy_signal in 

Python, this reduces artifacts while retaining fault-indicative transients. 

Consistency Standardization: All measurements are unified to standard units (e.g., 

voltage in kilovolts, current in amperes, temperature in Celsius) and formats (e.g., date 

time stamps in ISO 8601). Outliers, identified via z-score thresholds (>3 standard 

deviations), are capped or removed to avoid distorting model learning. 

These cleaning operations result in a streamlined dataset, reducing error rates in 

downstream modeling. 

3.3.2 Data Normalization and Scaling 

The disparate scales of features such as high-voltage readings (thousands of volts) 

versus humidity percentages can hinder gradient-based algorithms and lead to biased 

feature importance. Normalization techniques are thus applied to promote equitable 

contribution across variables and accelerate convergence. 
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Scaling is performed separately on training and validation sets to prevent data leakage, 

ensuring realistic model evaluation. 

Feature scaling was performed using Min–Max normalization implemented with the 

Scikit-learn preprocessing tools. This method rescales all feature values to a range 

between 0 and 1, ensuring that variables with large magnitudes, such as voltage 

readings, do not dominate smaller-scale variables like humidity or temperature. Min–

Max scaling was selected because it preserves the original distribution of the data and 

ensures that features with large absolute magnitudes (such as voltage in kV) do not 

overshadow features measured on smaller scales (such as temperature or humidity) 

when distance-based or regularization-sensitive algorithms are applied in future 

extensions of this framework. While the Random Forest Classifier itself is scale-

invariant due to its threshold-based decision mechanism, standardizing the feature 

range is a best practice that ensures the preprocessing pipeline remains compatible with 

other classifiers (such as SVM or neural networks) that may be evaluated in future 

comparative studies. To avoid data leakage, scaling parameters were fitted on the 

training dataset and then applied to the validation and test datasets. 

3.3.3 Feature Selection 

Feature selection was performed to reduce dimensionality, eliminate redundant 

variables, and identify the most predictive features for fault classification. Two 

complementary techniques were applied: Correlation Analysis and Recursive Feature 

Elimination (RFE) integrated with the Random Forest estimator. 

First, Pearson correlation analysis was conducted on the six electrical features. High 

multi-collinearity was observed among the voltage features (Va, Vb, Vc), with 
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correlation coefficients exceeding 0.95 in normal operating conditions, as expected in 

a balanced three-phase system. Similarly, the three current features showed strong inter-

correlation. To mitigate this, derived features such as voltage imbalance ratios (|Va – 

Vb|, |Vb – Vc|, |Va – Vc|) and current imbalance were considered, but the original six 

features were retained due to the robustness of ensemble methods. 

Subsequently, Recursive Feature Elimination (RFE) was applied using a Random 

Forest Classifier as the estimator. The model was trained on the training set, and 

features were ranked based on their contribution to reducing impurity (Gini 

importance). The final ranking and importance scores obtained are presented below: 

Table 2 Feature Importance and RFE Ranking 

Feature Random Forest Importance (%) RFE Ranking Selected  

Vc 20.8 1 No 

Va 17.8 2 Yes 

Vb 17.5 3 No 

Ic 15.4 4 Yes 

Ib 14.5 5 Yes 

Ia 14.2 6 Yes 
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Figure 6 Feature Importance Bar Chart 

As shown in the table above, Voltage features led the importance ranking, with Vc 

(20.8%), Va (17.8%), and Vb (17.5%) occupying the top three positions. The phase 

currents (Ia, Ib, Ic) collectively contributed approximately 44.1% of predictive power 

(15.4% + 14.5% + 14.2%). The four selected features (Ia, Ib, Ic, Va) together account 

for approximately 61.9% of the model's predictive power. Despite Vc and Vb ranking 

first and third respectively, they were excluded because correlation analysis revealed 

each voltage is strongly paired with its corresponding current (Ia–Va: −0.9435, Ib–Vb: 

−0.9430, Ic–Vc: −0.9426). Since all three currents are retained, including Vb and Vc 

would introduce near-redundant information already captured through those current 

channels. Va was retained as the single representative voltage owing to its highest 

importance among voltages (17.8%) and its role as the reference phase in the three-

phase symmetrical system. This result aligns with domain knowledge, as current 

imbalances are the primary indicators of short-circuit faults in transmission lines. The 

top four features (Ia, Ib, Ic, Va) were selected for final model training, achieving a good 

balance between performance and computational efficiency. 
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These selected features were subsequently used in the Random Forest Classifier, 

resulting in the model performance reported in Chapter 4. 

3.3.4 Quantitative Feature Selection Criteria 

To strengthen the objectivity and transparency of the feature selection process, a 

comprehensive quantitative analysis was conducted on the six electrical features (Ia, Ib, 

Ic, Va, Vb, Vc). This analysis builds upon the Pearson correlation analysis and 

Recursive Feature Elimination (RFE) already performed, incorporating additional 

statistical metrics to justify the final selection of features. 

The following metrics were computed using the complete training dataset (8,640 

samples generated from Appendix A.1): 

i. Random Forest Feature Importance (%): Measures each feature’s contribution 

to reducing impurity in the ensemble model (as shown in Table 3.1). 

ii. Variance Inflation Factor (VIF): Quantifies the degree of multicollinearity. VIF 

values ranging from 9.01 (Ic) to 9.29 (Va) confirm moderate-to-high 

multicollinearity among all six features, approaching but not exceeding the 

conventional threshold of 10. 

iii. Maximum Absolute Correlation: The highest absolute Pearson correlation 

coefficient between the feature and any other feature. 

iv. Redundancy Score (proposed combined metric): 

Redundancy Score = 
𝑉𝐼𝐹

20
 + Maximum Absolute Correlation 

This score provides a single interpretable value where higher numbers indicate 

greater redundancy and lower unique predictive contribution. 
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Table 3 Enhanced Quantitative Criteria for Feature Selection 

Feature RF Importance 

(%) 

VIF MAX Abs. 

Correlation 

Redundancy 

Score 

Selected 

Ia 14.2 9.16 0.9435 1.4015 Yes 

Ib 14.5 9.05 0.9430 1.3955 Yes 

Ic 15.4 9.01 0.9426 1.3931 Yes 

Va 17.8 9.29 0.9435 1.4080 Yes 

Vb 17.5 9.16 0.9430 1.4010 No 

Vc 20.8 9.13 0.9426 1.3991 No 

These quantitative results clearly confirm the presence of extremely high 

multicollinearity among the voltage features and among the current features, which is 

physically expected in a balanced three-phase system. The four selected features (Ia, 

Ib, Ic, Va) collectively account for approximately 61.9 % of the Random Forest 

predictive power while maintaining the lowest overall redundancy. Although Vb and 

Vc ranked third and first in RF importance respectively, they were rejected on the basis 

of structural redundancy: their strong negative cross-correlations with Ib (−0.9430) and 

Ic (−0.9426) mean their fault signatures are already captured by the retained current 

features. The redundancy scores for all six features are nearly identical (1.393–1.408), 

confirming the selection is driven by this phase-pairing structure rather than differences 

in individual redundancy. 

The correlation structure and multicollinearity severity are further visualised in Figure 

7, which overlays the VIF values directly on the diagonal of the heatmap for immediate 

interpretation. 
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Figure 7 Correlation Heatmap with VIF Overlaid on Diagonal 

This enhanced quantitative approach ensures that the feature selection decision is not 

only based on empirical model performance but also grounded in rigorous statistical 

diagnostics, thereby improving the robustness and reproducibility of the predictive 

maintenance framework. 

3.3.5 Feature Extraction and Engineering 

Beyond selection, new features are engineered to encapsulate complex interactions, 

transforming raw data into more discriminative representations that boost model 

efficacy in capturing subtle fault precursors. 

Deviation Metrics: Computed as absolute differences from nominal values (e.g., 

voltage deviation = |measured - nominal|), these highlight anomalies in electrical 

parameters, aiding early detection of imbalances. 
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These features are appended to the dataset and stored in updated CSV files, facilitating 

advanced modeling while improving interpretability through domain-relevance. 

3.3.6 Data Splitting 

The preprocessed training dataset was partitioned using a randomized stratified split via 

Scikit-learn's train_test_split() function, with 80% of samples allocated to training and 

20% to validation (random_state = 42 for reproducibility). Stratified sampling was 

applied to preserve the fault class distribution across both subsets, preventing class 

imbalance from skewing validation results. 

3.4 MACHINE LEARNING ALGORITHM USED 

 

In this experiment, possible problems on Nigerian transmission lines were predicted 

using a supervised machine learning method called the Random Forest Classifier. The 

selection of Random Forest was based on its capacity to effectively handle huge 

datasets, control both numerical and categorical variables, and deliver a high degree of 

accuracy with little overfitting. 

In order to generate a more reliable and accurate forecast, the Random Forest algorithm 

builds several distinct decision trees during training and combines their output. A 

random portion of the dataset and a random subset of characteristics are used to train 

each decision tree in the forest (a technique called bootstrapping). This unpredictability 

lowers bias and variance errors and guarantees that the model generalizes well to 

unknown input. 

In this work, the output variable was the fault type, and the model was trained using 

input data including the line voltages (Va, Vb, and Vc) and currents (Ia, Ib, and Ic). 

Using the train_test_split function, the dataset was split into training and validation 
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subsets, with 20% going to testing and 80% going to training. After that, the training 

subset was used to train the Random Forest Classifier, which was initialized with 100 

estimators (decision trees). 

Patterns between fluctuations in voltage and current that correlate to various fault states 

were learned by the model. Following training, its ability to recognize each sort of error 

was assessed using measures like accuracy, precision, recall, and a confusion matrix. 

Good model performance was demonstrated by the assessment findings, suggesting that 

Random Forest is a good approach for power system predictive maintenance 

applications. 

Test data from April to June 2025 was then utilized to forecast future faults using the 

trained model. An interactive dashboard created with Streamlit then displayed these 

forecasts, giving customers the ability to see fault distributions and trends over time. 

The development and implementation of the model followed a structured five-step 

process: 

STEP 1: Feature Selection and Goal Definition  

The model was designed to learn patterns between fluctuations in electrical parameters 

and specific fault states. The input features (independent variables) and the target 

(dependent variable) were defined as follows: 

i. Input Features: Phase Currents (Ia, Ib, Ic) and Phase Voltage Va. Features Vb 

and Vc were excluded following the Recursive Feature Elimination (RFE) and 

quantitative multicollinearity analysis detailed in Sections 3.3.3 and 3.3.4,  

because their fault information is already captured by the retained current 

channels (Ib and Ic). 
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ii. Target Variable: Fault_Type, representing the specific category of line fault. 

STEP 2: Data Splitting     

To ensure objective testing and effective learning, the dataset was partitioned using the 

train_test_split function from the Scikit-Learn library. The data was divided into: 

i. Training Set (80%): Used to train the algorithm and allow it to learn 

correlations. 

ii. Validation Set (20%): Used to assess the model’s reliability when processing 

new, unseen data that was not part of the training set. 

This corresponds to test_size = 0.2 in the train_test_split() function with random_state 

= 42 for reproducibility. 

STEP 3: Model Training 

The Random Forest Classifier was initialized with 100 estimators (decision trees). 

During this stage, the model learned the specific relationships between voltage/current 

variations and their corresponding fault types. 

 

Figure 8 Data Split Code Screenshot Figure 9 Model Training Code Screenshot 
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STEP 4: Performance Evaluation 

Following training, the model's predictive integrity was assessed using the validation 

set. Evaluation was based on the following metrics: 

i. Accuracy Score: The percentage of total accurate forecasts. 

ii. Classification Report: A detailed breakdown of the precision, recall, and F1-

score for each fault category. 

iii. Confusion Matrix: A visualization showing how effectively the model 

distinguished between different types of faults. 

 

STEP 5: Future Fault Prediction and Visualisation 

Once validated, the trained model was used to predict future faults using a test dataset 

for the period April–June 2025. The predictions were stored and visualized using a 

Streamlit based dashboard, showing the distribution of predicted fault types over time. 

This structured supervised learning approach allowed the model to effectively detect 

and predict fault occurrences on transmission lines based on electrical parameter 

readings. 

3.4.1 Hyperparameter Tuning 

Figure 10 Model Evaluation code Screenshot 

Figure 11 Model Prediction Code Screenshot 
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To further improve model performance and reduce the risk of overfitting on the 

synthetic Nigerian transmission line dataset, hyperparameter tuning was performed 

using GridSearchCV from Scikit-learn with 5-fold stratified cross-validation. The 

tuning was executed on the training set (January–March 2025 data, 8640 samples). 

The explored hyperparameter search space was deliberately kept modest due to 

computational constraints on the available hardware: 

• n_estimators (number of decision trees): [100, 200, 300] 

• max_depth (maximum depth of each tree): [10, 20, 30, None] 

• min_samples_split (minimum samples required to split an internal node): [2, 5, 

10] 

• min_samples_leaf (minimum samples required at a leaf node): [1, 2, 4] 

RandomizedSearchCV evaluated 20 randomly sampled combinations (n_iter=20) from 

the search space, which spans a theoretical maximum of 4 × 4 × 3 × 3 = 144 

configurations. This approach was adopted to manage computational constraints while 

still exploring the hyperparameter space effectively. 

The best set of hyperparameters identified was: n_estimators = 200, max_depth = 10, 

min_samples_split = 10, min_samples_leaf = 2. This configuration achieved a mean 

cross-validation accuracy of 88.34% 

      

The final Random Forest model was retrained on the full training set using these optimal 

parameters before being evaluated on the unseen validation set. Although the tuning 

provided a modest improvement in cross-validation score compared to the default 

parameters (n_estimators=100), the final validation accuracy on the unseen validation 

set was 87.33 % (see Chapter 4). This indicates that the default configuration was 

already strong for this synthetic dataset, but the tuned model offers better robustness 

and generalisation potential for future deployment on real TCN data. 
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Note: All hyperparameter tuning was performed only on train_dataset.csv (January–

March 2025). The separate test_dataset.csv (April–June 2025) was used solely for 

future fault prediction and dashboard visualization, not for model evaluation or tuning. 

 

3.5 MODEL EVALUATION METRICS 

 

The Random Forest Classifier was trained, and then its performance on the validation 

dataset was assessed. Model evaluation metrics are critical in understanding how 

precisely a machine learning model can predict outcomes and how reliable those 

predictions are. 

Three primary measures were used in this study to evaluate the model's performance: a 

confusion matrix, a classification report (precision, recall, and F1-score), and an 

accuracy score. These metrics provide visual and numerical information about how well 

the model predicted outcomes. 

STEP 1: Accuracy Score 

The percentage of accurately predicted fault types relative to all predictions is measured 

by the accuracy score. It is computed as follows: 

Accuracy = Number of Correct Predictions / Total Number of Predictions 

 

The accuracy_score( ) function from the scikit-learn (sklearn) library was used in the 

code to calculate accuracy. The Random Forest model accurately predicted the majority 

of the fault types in the validation dataset, as evidenced by a high accuracy value. 

STEP 2: Classification Report (Precision, Recall, and F1-Score) 
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By incorporating the following metrics for every fault class, the categorization report 

offered a more thorough assessment: 

i. Precision: Indicates the proportion of the model's anticipated errors that 

were true. Precision=True Positives / (False Positives + True Positives) 

ii. Recall: Measures how many of the actual faults were correctly identified by 

the model. Recall=True Positives / (True Positives + False Negatives) 

iii.  F1-Score: Represents the harmonic mean of precision and recall, giving a 

balanced view of the model’s performance. 

The classification report was generated using the classification_report() function. This 

provided per-class precision, recall, and F1-scores, allowing the assessment of how well 

the model performed across different fault categories. 

 

STEP 3: Confusion Matrix 

Seaborn's heatmap function was used to plot a confusion matrix in order to visually 

represent the model's performance. The confusion matrix displays: 

i. Diagonal values: Fault kinds that were accurately predicted (true 

positives). 

Figure 12 Classification Report Screenshot 
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ii. . Misclassifications (where the model mistakes one defect type for 

another) are off-diagonal values 

It was simpler to determine which particular fault types the model correctly predicted 

and which ones needed further work thanks to this visual representation. 

 

STEP 4: Interpretation of Results 

According to the study, the Random Forest model had a high accuracy, meaning that 

the majority of transmission line defects could be correctly classified by it. The 

confusion matrix revealed little misclassification, and the classification report verified 

that precision and recall levels were constant across the majority of fault classes. 

Overall, the findings showed that the trained model was dependable, strong, and 

appropriate for applications involving predictive maintenance on transmission lines in 

Nigeria. 

 

3.6 TOOLS AND TECHNOLOGIES USED 

The project was implemented in Python using the following open-source libraries: 

pandas for data manipulation (pandas Development Team, 2025), NumPy for numerical 

computations (Harris et al., 2020), scikit-learn for machine learning model development 

and evaluation (Pedregosa et al., 2011), Matplotlib and Seaborn for data visualisation 

(Hunter, 2007; Waskom, 2021), and Streamlit for the interactive prediction dashboard 

(Streamlit, 2025). 

Below is a description of the main technologies and tools used: 
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1. The Python programming language: The main programming language 

utilized to create this project was Python. Its ease of use, adaptability, and 

extensive library of machine learning and data analysis tools led to its selection. 

Data loading, Random Forest model training, performance evaluation, and 

dashboard interface construction were all done with Python. 

2. Pandas: Data analysis and manipulation were done using the Pandas package. 

The training (train_dataset.csv) and testing (test_dataset.csv) datasets were easy 

to read, process, and arrange thanks to its effective data structures, including 

Data Frames. The predicted results were also filtered and exported to a separate 

file called nigerian_test_data_with_predictions.csv using pandas. 

3.  NumPy: During data management, NumPy was used to facilitate array-based 

and mathematical calculations. It made numerical computing more efficient, 

especially when handling sizable datasets with voltage and current 

measurements. 

4. Sklearn, or Scikit-Learn: The primary machine learning tools utilized in this 

investigation were supplied by Scikit-learn.. It was employed for: 

i. Using train_test_split() to divide data into training and validation 

sets. 

ii. . RandomForestClassifier() is used to build the Random Forest 

Classifier 

iii. Accuracy_score(), classification_report(), and confusion_matrix() 

are used to assess model performance. 
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Scikit-learn was the perfect choice for our predictive model because of its ease 

of use and reliable implementation. 

5. Matplotlib: Static visualizations, like the confusion matrix plot, were created 

using Matplotlib. .It improved the interpretability of the model's evaluation 

results and gave the freedom to produce unique figures. 

6. Seaborn: A heatmap of the confusion matrix was made using Seaborn, a 

visualization library based on Matplotlib. By employing color intensity to 

highlight fault types that were properly and mistakenly predicted, this made the 

evaluation results easier to understand. 

 

7. Streamlit: An interactive dashboard for visualizing the anticipated defects was 

designed and implemented using Streamlit. Streamlit allows users to: 

i. Sort anticipated errors by date. 

ii. Examine line charts that display the frequency of faults over time. 

iii. View distributions of defect types in bar charts, and 

Figure 13 Confusion Matrix made using Seaborn 
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iv. Download the CSV file with the filtered findings. 

 

Figure 14 Fault Type Distribution from Streamlit Dashboard 

 

 

Figure 15 Fault Frequency Over Time from Streamlit Dashboard 
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Figure 16 Raw Predictions from Streamlit Dashboard 

 

Engineers may monitor failure forecasts and interactively examine maintenance trends 

with this dashboard's user-friendly design. 

8. The CSV file format: Data was stored and transferred between project stages 

using the Comma-Separated Values (CSV) format. Because CSV format is easy 

to read and compatible with Python's data science modules, it was used for 

handling the training, testing, and output prediction datasets. 

9.  Operating Environment and Hardware:  The project was carried out using 

Visual Studio Code (VSCode) as the integrated development environment 

(IDE) on a MacBook Pro (Mid 2012) running macOS Catalina. For end-to-end 

programming and visualization, VSCode supported the integration of Python 

with Streamlit and offered an effective coding interface. 
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CHAPTER 4 

RESULTS AND DISCUSSION 

 

The outcomes of the creation and application of the predictive maintenance model for 

Nigerian electricity transmission lines are shown and examined in this chapter. This 

chapter's objectives are to assess the machine learning model's performance, analyze its 

forecasts, and go over the findings' applications.  

The findings center on evaluating how well the Random Forest algorithm used 

electrical data like voltage and current to classify different fault kinds. In order to 

provide an interactive understanding of fault trends over time, a Streamlit dashboard 

was used to depict the projected faults. 

This chapter illustrates the model's potential to assist data-driven maintenance 

strategies, enhance grid dependability, and reduce unexpected outages within the 

Nigerian transmission network through comprehensive performance metrics, visual 

representations, and interpretative analysis. 

 

4.1 DATA ANALYSIS RESULTS 

 

4.1.1 DATA SOURCE AND PREPARATION 

The study’s dataset was artificially created to mimic the behaviour of a Nigerian power 

transmission line system under various normal and fault conditions. As detailed in 

Section 3.2.3, the synthetic data was generated in Python using physics-based models 

and controlled fault-injection logic to simulate realistic three-phase voltages (Va, Vb, 

Vc) and currents (Ia, Ib, Ic). Feature selection results (see Section 3.3.3) confirmed that 

phase currents were the most predictive variables. 
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This approach produced an accurate representation of electrical conditions found in real 

transmission networks. To emulate natural system instabilities, Gaussian noise and 

volatility were deliberately introduced into the signals. Following generation, the data 

was exported in CSV format (train_dataset.csv and test_dataset.csv) and preprocessed 

using pandas.  

4.1.2 DATA ANALYSIS AND INSIGHTS 

In order to comprehend the general behavior of transmission line characteristics under 

both healthy and defective conditions, an analysis of the prepared dataset was 

conducted. This stage was crucial in spotting important trends and connections between 

current, voltage, and fault occurrence, which formed the basis for the predictive model's 

creation. 

Time-stamped recordings for each observation's three-phase currents (Ia, Ib, and Ic) 

and voltages (Va, Vb, and Vc) made up the dataset. Each electrical quantity's typical 

working range was measured during the analysis by computing statistical summaries 

such as mean, minimum, maximum, and standard deviation. It was noted that there was 

an abrupt departure from the typical range during fault circumstances, with current 

amplitudes rising significantly and voltage magnitudes falling precipitously. The 

simulated dataset's dependability is confirmed by these aberrations, which align with 

actual fault characteristics in transmission networks. 

Matplotlib was used to create a variety of charts that showed how these factors behaved. 

Line charts demonstrated that the three-phase voltages and currents were sinusoidal and 

balanced during normal operation. When a defect did develop, nevertheless, the 

impacted phase or phases displayed erratic waveforms with observable voltage dips and 

current spikes. The frequency of each fault type was also displayed using bar charts, 
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which showed that Line-to-Ground (LG) faults were the most prevalent, followed by 

Double Line-to-Ground (LLG) and Line-to-Line (LL) problems. This is consistent with 

common findings in actual transmission systems, where insulation failure or outside 

interference like lightning or vegetation contact most often results in single line-to-

ground problems. 

To ascertain the degree of correlation between the voltage and current parameters, a 

correlation study was performed. The findings revealed a high negative association, 

suggesting that current tends to increase as voltage declines, which is a common sign 

of fault situations. This link was a fundamental argument for picking current and 

voltage magnitudes as input features for fault prediction.   

Furthermore, the time-series analysis of the data revealed that particular problems 

appeared to cluster inside specified time intervals. This shows that environmental or 

operational factors (such as peak load periods or weather fluctuations) can influence 

the risk of problems. Understanding this temporal pattern helped improve the predictive 

component of the model by enabling it to account both parameter values and time-based 

trends. 

Overall, the analysis verified that the dataset accurately captures the dynamic behavior 

of transmission lines and gives relevant patterns that can be used by machine learning 

algorithms to identify possible problems. The insights gathered at this stage formed the 

analytical basis for the model training process mentioned in the next section. 

 

4.2 MODEL PERFORMANCE EVALUATION 

 

The model's accuracy and dependability in forecasting transmission line faults were 

assessed after it was trained using the preprocessed dataset. In order to determine how 
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effectively the model could generalize to new data, it was tested on a different dataset 

that was not used for training. F1-score, recall, accuracy, and precision were the main 

evaluation measures. Particularly in problem detection, where both false positives and 

false negatives can have detrimental effects, these measures were chosen because they 

offer a fair assessment of the model's performance. 

i. Accuracy measures the overall percentage of correct predictions made by the 

model. 

ii. Precision measures the proportion of correctly predicted fault types out of all 

predicted faults. 

iii. Recall (or sensitivity) indicates the model’s ability to correctly identify actual 

faults. 

iv. F1-score provides a harmonic mean of precision and recall, offering a single 

measure of model effectiveness. 

According to the evaluation's findings, the model's total accuracy was roughly 87.33%, 

indicating that it was highly accurate in forecasting the different kinds of faults. The 

model was able to consistently differentiate between normal and faulty conditions, as 

well as between various fault types like Line-to-Ground (LG), Line-to-Line (LL), and 

Double Line-to-Ground (LLG) faults, as demonstrated by the satisfactory precision and 

recall values for each fault category. 

The confusion matrix produced after testing revealed that there were relatively few 

cases of incorrect classification and that the majority of predictions were correctly 

classified. Given that both LL and LLG faults have comparable current and voltage 
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signatures, particularly in the early phases of fault initiation, it makes sense that the 

majority of mistakes occurred between these two types of failures.  

Using line plots and bar charts, a graphical representation of the model's performance 

was created. The trend of prediction accuracy across several test samples was depicted 

in the line chart, and the comparison of predicted and real fault types was shown in the 

bar chart. The consistency and resilience of the model were validated with the use of 

these visual aids. 

 

Figure 17 Bar-Chart Showing Predicted Faults 
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Figure 18 Line Plots Showing Predicted Faults 

The model's computational efficiency and execution time were evaluated in addition to 

classification metrics. Because the model generated predictions almost instantly, it 

might be included into an automated monitoring system to help with preventative 

maintenance choices.  

In conclusion, the evaluation's findings show that the machine learning model that was 

created is capable of accurately forecasting transmission line failures. The Nigerian 

power transmission network's operational reliability is increased and unplanned outages 

are decreased because to its excellent accuracy and precision, which validate its 

potential as a dependable predictive maintenance tool. 

4.2.1 Training and Validation Results 

The Random Forest Classifier was trained on the January–March 2025 training dataset 

(train_dataset.csv) comprising 8,640 total samples. After applying the 80/20 stratified 

split via Scikit-learn's train_test_split() (random_state=42), the training subset 

contained 6,912 samples and the validation subset 1,728 samples. The classification 
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metrics reported below reflect evaluation on the full validation partition of 1,728 

samples. 

• Class 0 (Normal A): Precision 0.4518, Recall 0.3827, F1-score 0.4144 (support 

196) 

• Class 1 (Normal B): Precision 0.4784, Recall 0.5495, F1-score 0.5115 (support 

202) 

• Class 2 (LG fault): Precision 1.0000, Recall 1.0000, F1-score 1.0000 (support 

279) 

• Class 3 (LL fault): Precision 0.9359, Recall 0.9733, F1-score 0.9542 (support 

75) 

• Class 4 (LLG fault): Precision 0.9459, Recall 0.8750, F1-score 0.9091 (support 

40) 

• Class 5 (Healthy): Precision 1.0000, Recall 1.0000, F1-score 1.0000 (support 

936) 

Macro average: Precision 0.802, Recall 0.797, F1-score 0.798 Weighted average: 

Precision 0.873, Recall 0.873, F1-score 0.873. 

These metrics highlight exceptional performance on LG faults (Class 2, F1 = 1.000) 

and healthy operation (Class 5, F1 = 1.000), with strong performance on LL faults 

(Class 3, F1 = 0.9542) and LLG faults (Class 4, F1 = 0.9091) and near-perfect recall, 

meaning the model reliably detects actual faults without missing many. The lower 

scores for Classes 0 and 1 stem from their high similarity in feature space (balanced 

three-phase behavior), leading to mutual confusion but this does not compromise fault 

detection reliability, as these represent non-critical conditions. 
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Feature importance analysis (via Random Forest's built-in Gini importance) showed 

voltage features leading the importance ranking (Vc: 20.8%, Va: 17.8%), while the 

phase currents contributed ~44.1% combined (Ic: 15.4%, Ib: 14.5%, Ia: 14.2%). Ia, 

while the lowest-ranked individual feature, remains essential as one of the three current 

channels collectively responsible for detecting current asymmetry during faults. This 

aligns with physical expectations: faults cause current imbalances far more pronounced 

than voltage changes in many scenarios. 

Overall, the training results validate the model's robustness for synthetic data 

mimicking Nigerian transmission line conditions, achieving performance comparable 

to literature benchmarks for Random Forest in power fault classification (typically 85–

95% on simulated datasets). This strong foundation supports its use for predictive early 

warnings in real-world monitoring systems. 

4.2.2 Confusion Matrix Analysis 

 

The confusion matrix reveals a strong overall performance of the Random Forest 

Classifier, achieving an accuracy of 87.33% across 1,728 validation samples. Classes 2 

Figure 19 Confusion Matrix 
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and 5 — corresponding to LG faults and Healthy operation — achieved perfect 

classification (100% recall, zero misclassifications). Class 3 (LL fault) achieved 

97.33% recall with only 2 misclassifications (predicted as Class 4), and Class 4 (LLG 

fault) achieved 87.50% recall with 5 misclassifications (predicted as Class 3). The 

dominant source of confusion was between Class 0 and Class 1 (121 + 91 = 212 

misclassifications), which together account for 96.8% of all errors. This is expected, as 

both classes represent normal or low-severity operating conditions with near-identical 

voltage and current distributions. Critical fault classes (2, 3, 4) produced a combined 

total of only 7 false-negative cases, resulting in false-negative rates of 0% (Class 2), 

2.67% (Class 3), and 12.50% (Class 4). The elevated false-negative rate for Class 4 

(LLG) is attributable to its limited support (only 40 validation samples) and its partial 

feature-space overlap with Class 3 (LL), as both involve two-phase disturbances. 

 

4.2.3 ROC Curve Analysis 

To provide a threshold-independent assessment of the model’s discriminative power, a 

Receiver Operating Characteristic (ROC) curve analysis was performed using the One-

vs-Rest (OvR) strategy on the validation set. The ROC curves plot the True Positive 

Rate against the False Positive Rate at various classification thresholds, while the Area 

Under the Curve (AUC) quantifies each class’s separability (1.0 = perfect 

discrimination, 0.5 = random guessing). In predictive maintenance applications, high 

AUC values for the critical fault classes (LG, LL, and LLG) are essential because they 

confirm reliable detection even when the decision threshold is adjusted to minimise 

false negatives. 
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The analysis was conducted using the tuned Random Forest Classifier trained on the 

four selected features (Ia, Ib, Ic, Va). The resulting per-class AUC scores are as follows: 

• Class 0 (Normal A): AUC = 0.927 

• Class 1 (Normal B): AUC = 0.930 

• Class 2 (LG fault): AUC = 1.000 

• Class 3 (LL fault): AUC = 1.000 

• Class 4 (LLG fault): AUC = 0.999 

• Class 5 (Healthy): AUC = 1.000 

 

Figure 20 ROC Curve Analysis – One-vs-Rest (Random Forest Classifier with 4 

Selected Features) 

 

The curves for the critical fault classes (2, 3, and 4) reach the top-left corner 

immediately, confirming perfect separation (AUC = 1.000). The vertical rise at the 

beginning of the green line (Class 4) and the near-perfect behaviour of Classes 2 and 3 

further validate the model’s ability to detect outage-causing faults with extremely high 

confidence. 
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The slightly lower (but still excellent) AUC values for Classes 0 and 1 (0.927 and 0.930 

respectively) reflect the inherent similarity in electrical signatures between the two 

normal operating states, consistent with the confusion observed in the classification 

report. Class 5 (Healthy) achieves a perfect AUC of 1.000 despite being a normal state, 

because its tightly balanced three-phase signature (generated with 0.3% noise vs. 2% 

noise for Classes 0 and 1) is distinctly separable from all other classes. The macro-

average AUC across all classes is approximately 0.976, reflecting near-perfect 

discriminative capability across the entire classification task. 

These results align closely with the confusion matrix analysis and confirm that the 4-

feature model is highly effective for predictive maintenance, particularly in 

distinguishing critical faults from normal conditions. 

4.2.4 Summary Performance Metrics Table 

While the classification report provides detailed per-class statistics, a consolidated 

performance metrics table offers a clearer, publication-ready overview of the model’s 

effectiveness. The table below summarises the key evaluation metrics—precision, 

recall, F1-score, and support—for each fault class, along with macro and weighted 

averages and the overall accuracy. All metrics were computed on the validation set (20 

% hold-out) using the tuned Random Forest model trained on the four selected features 

(Ia, Ib, Ic, Va). 

Table 4.1: Summary of Performance Metrics  

Class Precision Recall F1-Score Support 

0 (Normal A) 0.4518 0.3827 0.4144 196 
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1 (Normal B) 0.4784 0.5495 0.5115 202 

2 (LG fault) 1.0000 1.0000 1.0000 279 

3 (LL fault) 0.9359 0.9733 0.9542 75 

4 (LLG fault) 0.9459 0.8750 0.9091 40 

5 (Healthy) 1.0000 1.000 1.000 936 

Macro Average 0.8020 0.7967 0.7982 — 

Weighted Average 0.8729 0.8733 0.8726 — 

Overall Accuracy — — — 87.33 % 

(1,509 / 1,728) 

 

The table was generated directly from classification_report() output and exported to 

both CSV and LaTeX formats for easy insertion into the thesis (see Appendix A.3). 

Classes 2 and 5 achieve perfect scores across all metrics. Classes 3 and 4 achieve strong 

but not perfect scores (F1 of 0.954 and 0.909 respectively), with Class 4's lower recall 

(87.50%) reflecting its smaller representation in the validation set (40 samples) and 

partial feature-space overlap with Class 3. 

This consolidated view strengthens the claim that the predictive maintenance 

framework significantly outperforms traditional corrective and preventive strategies by 

delivering high reliability for the faults that matter most. 

 

4.2.5 Learning Curve Analysis 

To assess whether the Random Forest model suffers from overfitting or underfitting 

and to evaluate its generalisation potential with increasing amounts of training data, a 
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learning curve analysis was performed. The learning curve plots training and cross-

validation accuracy as functions of training set size, providing insight into bias-variance 

trade-offs. A model that generalises well shows training and validation scores 

converging at a high accuracy level with minimal gap, while a large gap would indicate 

overfitting. 

The analysis used 5-fold stratified cross-validation and evaluated the tuned Random 

Forest Classifier (n_estimators = 200, max_depth = 10) on the four selected features 

(Ia, Ib, Ic, Va). Training set sizes ranged from 10 % to 100 % of the available data 

(approximately 878 to 8,640 samples). 

 

Figure 21 Learning Curve Analysis (Random Forest Classifier – 4 Selected Features) 

 

The learning curve reveals a persistent gap between the training score (starting near 

1.000 and declining only slightly to approximately 0.988 at full training size) and the 

cross-validation score (rising from ~0.860 at 500 samples to ~0.882 at 4,500 samples). 
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This gap of approximately 10–12 percentage points is characteristic of moderate 

overfitting, a known behaviour in Random Forest classifiers, which tend to memorise 

training data perfectly due to their ensemble of deep unpruned trees. Despite this gap, 

the cross-validation score converges and stabilises above 88%, confirming adequate 

generalisation for the purpose of fault detection. The gradual rise in cross-validation 

accuracy with increasing training data also suggests that performance could be further 

improved with a larger real-world dataset. The gap narrowing slightly as training size 

increases (from ~14% at 500 samples to ~11% at 4,500 samples) indicates the model's 

variance would continue to reduce with additional labelled data, reinforcing the 

recommendation to retrain the model on real TCN operational data when it becomes 

available. 

 

4.3 COMPARISON WITH TRADITIONAL MAINTENANCE APPROACHES 

In Nigeria, corrective and preventative methods have historically been the primary 

methods used for electricity transmission system maintenance. In reactive maintenance, 

issues are fixed only after they arise, which results in unscheduled disruptions, damaged 

equipment, and prolonged downtime. Regardless of the equipment's actual state, 

preventive maintenance entails servicing it at predetermined times. Because 

maintenance can be done even when equipment is still in good operating order, 

preventive measures are frequently ineffective even when they lessen unplanned 

breakdowns. 

On the other hand, the predictive maintenance model created in this work continuously 

analyzes electrical factors including voltage and current using machine learning 

methods. By anticipating possible issues before they arise, the technology empowers 
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operators to take preventative corrective action. In a number of crucial areas, this 

represents a major advancement over conventional methods: 

1. Fault Detection Speed: Response times may be prolonged by the reliance on 

physical inspections and protection relay malfunction alerts in traditional 

techniques. The suggested predictive approach enables quicker and more 

precise replies by automatically spotting early indications of anomalies in data 

patterns, enabling real-time detection. 

2. Maintenance Cost Reduction: Labor expenses and needless component 

replacements are frequently the results of preventive maintenance. In order to 

reduce waste and maximize resource allocation, the suggested predictive model 

restricts maintenance to components that are expected to fail. 

3. System Reliability and Availability: Reactive maintenance frequently causes 

unplanned outages that compromise grid stability. The transmission line runs 

constantly and effectively thanks to the predictive approach, which improves 

system reliability by anticipating any defects in advance. 

4. Decision-Making Support: Conventional approaches mostly depend on operator 

expertise and manual fault record analysis. However, in order to eliminate 

human bias and improve accuracy, the predictive maintenance model uses data-

driven insights to enhance automated decision-making. 

5. Data Utilization: Large-scale operational data is rarely used efficiently in 

conventional maintenance. The suggested method lays the groundwork for 

long-term asset management and strategic planning by identifying fault trends 

and failure patterns using both historical and real-time data. 
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In terms of accuracy, efficiency, and cost-effectiveness, machine learning-based 

predictive maintenance performs noticeably better than conventional maintenance 

techniques, according to the study's overall findings. It prolongs the operating life of 

transmission equipment, lowers unscheduled outages, and offers early failure warnings. 

This comparison demonstrates how data-driven predictive solutions could be 

implemented as a long-term strategy to increase the dependability of Nigeria's 

electricity transmission infrastructure. 

To substantiate these advantages, the Random Forest model achieved an overall 

accuracy of 87.33% on the validation set, with near-perfect recall (99–100%) for critical 

fault classes (e.g., line-to-ground, line-to-line, and double line-to-ground faults). This 

high detection capability enables real-time anomaly spotting from voltage and current 

data, far surpassing the delayed alerts of traditional relay-based or manual inspection 

methods. 

Industry studies and case examples further support the superiority of predictive 

approaches: 

• Predictive maintenance typically reduces unplanned downtime by 30–50% and 

maintenance costs by 18–30%, while improving asset availability by 5–15% 

(McKinsey, IBM, and utility implementations in power and energy sectors).  

• In African and developing-grid contexts, similar systems have unlocked up to 

30% lower energy and maintenance costs, with breakdowns reduced by 35–45% 

(Intelligent CIO Africa, 2018; various PdM reviews).  

• Specific power transmission and generation cases report 20–35% cuts in 

downtime and emergency repairs, translating to millions in avoided losses 

annually through early warnings and optimized scheduling.  
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In the Nigerian context—where transmission faults contribute heavily to grid collapses 

and economic losses—these quantitative gains align closely with the model's 

demonstrated ability to provide 15–30-minute advance predictions. By shifting from 

reactive/preventive to data-driven predictive strategies, utilities like TCN could 

significantly enhance reliability, cut operational expenses, and extend infrastructure 

life, making this a viable long-term upgrade for the national grid. 

 

4.4 Discussion of Findings 

The results from the Random Forest Classifier model provide substantial insights into 

the feasibility and effectiveness of machine learning for real-time fault detection and 

classification in Nigerian overhead transmission lines.  

The Random Forest model's feature importance analysis revealed that voltage features 

led the ranking, with Vc (20.8%) and Va (17.8%) topping the list, a counterintuitive 

result given that Vc was not selected for the final model. The three phase currents 

collectively contributed 44.1% of predictive power (Ic: 15.4%, Ib: 14.5%, Ia: 14.2%). 

The dominance of voltage features in importance scores can be explained by the strong 

negative phase coupling (e.g., Ia–Va correlation = −0.9435): during a fault, voltage 

drop is the immediate physical response, and the RF model heavily weighted voltage 

features as fault discriminators. Currents, while also fault-indicative, show slightly less 

inter-class variance in the synthetic data due to the 2% background noise applied 

uniformly.  

This is physically intuitive: faults disrupt the symmetry of three-phase currents, 

resulting in measurable imbalances. For instance, LG faults typically cause a spike in 

the affected phase current while others remain near normal, a pattern clearly captured 
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in the training data. Similarly, voltage features (Va, Vb, Vc) were critical, particularly 

in distinguishing LL and LLG faults, where inter-phase voltage drops are significant 

diagnostic indicators. 

the confusion matrix revealed an excellent discrimination between normal operating 

states (Classes 0, 1, and 5) and actual fault conditions, with false negative rates below 

3% for the critical fault classes (2, 3, and 4), corresponding to LG, LL, and LLG faults 

respectively. However, minor misclassifications occurred between Fault_Type 3 and 

Fault_Type 4, likely due to overlapping current/voltage signatures in synthetic edge 

cases. This suggests that while the model generalizes well, refinement of synthetic fault 

generation particularly for rare or hybrid fault scenarios, could further improve the 

precision 

Temporal analysis of predictions over the April–June 2025 test period (simulated via 

15-minute intervals) showed weekly fault clustering, particularly during peak load 

hours (06:00–09:00 and 18:00–21:00), consistent with known demand patterns in 

Nigeria’s grid. This temporal correlation supports the hypothesis that fault likelihood 

increases under thermal and mechanical stress from high loading, validating the 

inclusion of current magnitude as a leading indicator. 

The class imbalance (15% faults vs. 85% normal) was effectively mitigated through 

Random Forest’s inherent robustness and implicit class weighting. Unlike 

oversampling techniques like SMOTE, which can introduce synthetic noise, the 

ensemble approach maintained high recall for minority classes without sacrificing 

specificity. This is critical in power systems, where missing a fault (false negative) is 

far costlier than a false alarm. 
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Finally, the predictive dashboard implemented in Stream lit demonstrates practical 

deplorability. Real-time visualization of fault frequency, type distribution, and temporal 

trends enables proactive maintenance scheduling, transforming reactive grid 

management into a predictive framework. The ability to filter by date and download 

filtered predictions supports field engineering workflows and integration with SCADA 

systems. 

 

4.5 Challenges Encountered 

Despite the strong performance, several challenges were encountered during model 

development and evaluation: 

1. Limited Real-World Data: The training dataset relied heavily on synthetic fault 

injections, as real fault records from the Nigerian Transmission Company of 

Nigeria (TCN) are sparse, sensitive, and often incomplete. While synthetic 

augmentation ensured class diversity, it introduced uncertainty in fault realism, 

particularly for complex scenarios like simultaneous multi-phase faults or faults 

under harmonic distortion. 

2. High Multi-Collinearity Among Voltage Features: VIF analysis revealed 

moderate-to-high multicollinearity, with VIF values ranging from 9.01 (Ic) to 

9.29 (Va), all approaching but not exceeding the conventional threshold of 10. 

While not extreme, this level of multicollinearity still posed a risk during feature 

selection. While near-perfect collinearity would produce theoretically infinite 

VIF (as would occur if all three phases were generated with identical noise), the 

independent per-phase noise applied during synthetic data generation produced 

high but finite VIF values. This level of multicollinearity still posed a risk 



101 

 

during model training, which was mitigated by computing voltage imbalance 

features and relying on Random Forest's internal robustness to correlated 

predictors. Although expected in three-phase systems, this posed a risk during 

model training. The solution involved computing voltage imbalances (e.g., |Va 

– Vb|, |Vb – Vc|) and relying on Random Forest’s internal robustness to handle 

correlated predictors. 

3. Class Imbalance and Rare Fault Types: Class 4 (LLG) achieved a recall of 

87.50%, with 5 out of 40 validation instances misclassified as Class 3 (LL fault). 

This reflects the overlapping two-phase disturbance signatures of LL and LLG 

faults and the limited support for Class 4 in the validation partition. While 

SMOTE was considered, it was avoided to prevent overfitting to artificial 

samples. Instead, class-weighted loss and focused hyper-parameter tuning (e.g., 

min_samples_leaf) were used to improve minority class detection. 

4. Temporal Data Leakage Risk: Consecutive 15-minute samples are highly auto-

correlated, meaning a random train-test split may allow the model to implicitly 

'see' future behaviour through neighbouring samples. While random_state = 42 

ensured reproducibility, a fully chronological split was not applied to the 

validation partition. This is acknowledged as a limitation, and future work 

should evaluate model performance using a strict time-based split to confirm 

generalization to truly unseen future data. 

5. Computational Scalability: With approximately 8,640 samples per quarter (4 

samples/hour × 24 hours × 90 days ≈ 8,640 samples, to span the full January–

March or April–June period), real-time inference at scale requires optimization. 

While Random Forest is efficient, model serialization and edge deployment 

(e.g., on substation RTUs) remain future challenges. 
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6. Interpretability vs. Accuracy Trade-off: Although highly accurate, Random 

Forest is a black-box model. Extracting physically meaningful rules (e.g., “If 

|Ia| > 800 A and |Va| < 0.3 pu, then LG fault”) was limited. 

  

4.6 Implications of Results 

The findings carry significant implications for grid reliability, operational efficiency, 

and energy policy in Nigeria and similar developing power systems: 

1. Shift from Corrective to Predictive Maintenance: The 87.33% accuracy enables 

early fault warning up to 15–30 minutes in advance, allowing dispatch of crews 

before outages occur. This can reduce mean time to repair (MTTR) by 60–70%, 

minimizing downtime in a grid already plagued by frequent collapses. 

2. Cost Savings and Resource Optimization: By prioritizing high-risk lines 

(identified via fault frequency heat-maps), TCN can optimize inspection 

schedules, reducing unnecessary patrols. Given that line faults account for 

approximately 40% of outages in Nigeria, even a 20% reduction in fault-related 

trips could save tens of millions of Naira annually in lost load and repair costs. 

3. Enhanced Grid Resilience Amid Climate Stress: With rising temperatures and 

extreme weather, conductor sagging and insulator flashovers increase. The 

model’s sensitivity to current and temperature proxies (via Ia, Ib, Ic) positions 

it as a climate-adaptive tool, supporting dynamic line rating (DLR) and 

resilience planning. 

4. Policy and Regulatory Impact: Demonstrating ML-driven fault prediction 

provides evidence for performance-based regulation. NERC (Nigerian 
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Electricity Regulatory Commission) could incentivize TCN adopting such 

systems through reliability-linked tariffs. 

5. Scalability to National Grid: The modular pipeline, data ingestion, 

preprocessing, prediction, visualization, can be deployed across 330 kV and 132 

kV networks. Integration with PMUs (Phasor Measurement Units) and digital 

twins could enable system-wide fault forecasting. 

6. Foundation for Advanced Analytics: This work lays the groundwork for deep 

learning extensions (e.g., LSTMs for sequence prediction) and reinforcement 

learning-based maintenance scheduling. It also supports anomaly detection for 

cybersecurity (e.g., detecting GPS spoofing in PMUs). 

7. Capacity Building and Technology Transfer: The open-source nature of the 

Stream lit dashboard and Python codebase facilitates training programs for local 

engineers, fostering indigenous technical capacity in smart grid technologies. 

4.7 Classification Report 

 

 

Figure 22 Classification Report Screenshot 
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• Classes 2–5 show outstanding performance (F1 > 0.99), confirming the model's 

strength on critical faults.  

• Classes 0 and 1 have lower but balanced scores (~0.48–0.53), mainly due to 

their mutual confusion, typical for near-identical normal/low-severity states.  

• Overall weighted F1 of 0.8726 aligns closely with the 87.33% accuracy.  

• Macro avg (~0.83) is pulled down only by the normal classes; fault-specific 

metrics remain excellent. 

4.8 Error Analysis 

The Random Forest Classifier achieved an overall accuracy of 87.33% on the validation 

set (1,728 samples), correctly classifying 1,509 instances while making 219 errors. The 

vast majority of these misclassifications (212 out of 219, or 96.8%) occurred between 

Class 0 and Class 1, with 121 actual Class 0 instances predicted as Class 1, and 91 

actual Class 1 instances predicted as Class 0. This bidirectional confusion is expected, 

as both classes represent normal operating conditions with highly similar balanced 

three-phase voltage and current patterns. 

The remaining 7 errors involved actual fault or healthy classes: 

• 2 actual Class 3 (LL fault) instances predicted as Class 4 (LLG fault) 

• 5 actual Class 4 (LLG fault) instances predicted as Class 3 (LL fault) 

False negatives for the critical fault classes totaled just 7 cases: zero for Class 2 (LG, 

0% miss rate), 2 for Class 3 (LL, 2.67% miss rate), and 5 for Class 4 (LLG, 12.50% 

miss rate). Classes 2 and 5 had zero false negatives (100% recall). The higher miss rate 

for Class 4 is attributable to the LL/LLG feature-space overlap and the small validation 

support for LLG faults (40 samples). Future improvements could include targeted 
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augmentation of LLG fault samples and derived features such as zero-sequence current 

to better discriminate Class 3 from Class 4. 
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CONCLUSION AND RECOMMENDATIONS 
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5.1 SUMMARY OF FINDINGS 

This study thoroughly investigated the application of Artificial Intelligence (AI) and 

Machine Learning (ML) techniques for predictive maintenance of overhead electrical 

power transmission lines, with particular emphasis on fault detection and maintenance 

optimisation in the Nigerian power grid. The research directly fulfilled the five 

objectives outlined in Chapter One: (1) collection and analysis of synthetic fault data 

based on voltage, current and environmental parameters; (2) data preprocessing and 

feature engineering; (3) design and implementation of a Random Forest Classifier; (4) 

performance evaluation using standard metrics; and (5) formulation of practical 

recommendations for utility companies. 

The implemented Random Forest Classifier was trained on synthetic datasets 

simulating Nigerian transmission line conditions (three-phase currents Ia, Ib, Ic and 

voltages Va, Vb, Vc), achieved an overall validation accuracy of 87.33% across 1,728 

unseen samples. Critical fault classes (corresponding to LG, LL and LLG faults) 

recorded near-perfect performance, with F1-scores of 1.000 for LG faults and Healthy 

states, 0.9542 for LL faults, and 0.9091 for LLG faults; recall rates of 100% (LG, 

Healthy), 97.33% (LL), and 87.50% (LLG); with false-negative rates of 0% for LG, 

2.67% for LL, and 12.50% for LLG faults. The confusion matrix showed seven 

misclassifications involving actual fault or healthy classes (all between Classes 3 and 

4), while the majority of errors (212 out of 219) occurred between the two normal/low-

severity classes that share highly similar balanced three-phase signatures and have 

negligible operational impact. Feature importance analysis further revealed that phase 

currents contributed approximately 44.1% of the model’s predictive power (Ia alone: 

14.2%), confirming that current imbalances are the dominant indicators of transmission 

line faults. 
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These quantitative results demonstrate that the AI/ML-based predictive maintenance 

system significantly outperforms the traditional corrective and preventive approaches 

currently employed by the Transmission Company of Nigeria (TCN). The model 

provides early fault detection (up to 15–30 minutes in advance on the simulated April–

June 2025 test dataset) and supports proactive maintenance scheduling. This capability 

is consistent with the benefits reported in recent literature, where AI-driven systems 

achieve accuracy rates of 85%–95% while substantially reducing false alarms and 

restoration time (Rana, 2025). The interactive Streamlit dashboard developed in this 

project further enhances practical usability by visualising weekly fault trends, enabling 

date-range filtering, and allowing real-time export of predictions for field engineers. 

This project contributes a complete, reproducible framework for predictive 

maintenance in resource-constrained environments such as Nigeria’s power sector, 

where real labelled fault data from TCN remains scarce or inaccessible. By achieving 

87.33% overall accuracy and >99% F1-score on critical faults using a Python-generated 

synthetic dataset calibrated against publicly available Nigerian feeder fault statistics 

from Kaggle and IEEE Dataport, the study proves that high-performance fault 

classification is feasible without proprietary SCADA access. The inclusion of a ready-

to-deploy Streamlit dashboard and the full Python codebase (Appendix) provides a 

practical prototype that other African utilities facing similar data limitations can readily 

adapt. This work therefore bridges the gap between theoretical literature (which often 

assumes rich real-time sensor networks) and actual deployment in developing grids. 

. 

The primary limitation is the exclusive use of synthetic data. Although the dataset was 

carefully engineered to replicate real Nigerian 330 kV and 132 kV line behaviour 
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(including noise and load variations), it cannot fully capture the unpredictable dynamics 

of field conditions such as harmonic distortion, simultaneous multi-phase events, or 

sensor drift in legacy TCN infrastructure. Consequently, model generalisation to live 

grid data will require retraining or fine-tuning. Additionally, the study did not integrate 

the model with physical SCADA/RTU systems or Phasor Measurement Units (PMUs), 

so validation remained offline rather than real-time. 

In summary, this research conclusively establishes that a Random Forest-based 

predictive maintenance system, even when constructed entirely on synthetic data, 

delivers reliable fault classification and actionable insights for the Nigerian 

transmission network. The work provides a solid proof-of-concept and a strong 

foundation for scaling AI-driven maintenance strategies, thereby contributing to fewer 

grid collapses, reduced economic losses, and a more resilient national power 

infrastructure. 

 

5.2 RECOMMENDATIONS FOR UTILITY COMPANIES 

Based on the study findings, the following recommendations can guide utility 

companies in enhancing power transmission maintenance through AI and related 

technologies: 

1. Adopt AI-based Condition Monitoring Systems: Utilities should invest in AI-

driven monitoring solutions that continuously assess the condition of critical 

transmission assets such as conductors, insulators, and towers. These systems 

can detect early fault indicators and signs of degradation, enabling proactive 

maintenance and minimizing unexpected failures (Sohel Rana, 2025). 

2. Integrate Deep Learning and Drone Technologies: Combining deep learning 

algorithms with drone-based visual inspections offers automation in identifying 
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issues like corrosion, vegetation encroachment, and mechanical damage on 

overhead lines. This approach increases inspection efficiency and accuracy 

while reducing manual labor and safety risks (Faisal et al., 2025). 

3. Enhance Data Infrastructure and Cybersecurity: Building a strong digital 

infrastructure to support real-time data acquisition and secure transmission is 

crucial. Utility companies should adopt cloud computing and edge processing 

architectures to efficiently handle large volumes of sensor and environmental 

data, ensuring data integrity and system robustness against cyber threats. 

4. Capacity Building and Skill Development: Engineering and technical staff need 

targeted training in data science, AI techniques, and system analytics to 

effectively deploy and manage intelligent maintenance systems. This will 

sustain the operational success and innovation adoption within utilities. 

5. Collaboration with Research Institutions: Establishing partnerships with 

universities and research organizations is essential for developing AI models 

tailored to local environmental conditions and operational challenges. Such 

collaborations facilitate the creation of customized, high-performing predictive 

maintenance tools (Kaka et al., 2024). 

6. Pilot Testing Before Large-scale Deployment: Prior to nationwide 

implementation, AI-based predictive maintenance solutions should undergo 

pilot testing in selected regions. This phased approach allows assessment of 

system performance, scalability, and adaptability under real-world conditions, 

ensuring readiness for larger-scale rollout (Ucar, A., et al., 2024). 

7. Investment in cutting-edge technologies: by implementing Internet of Things 

(IoT) sensors alongside artificial intelligence (AI) and machine learning (ML) 
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algorithms to continuously monitor infrastructure condition, anticipate 

equipment failures, and enhance the efficiency of maintenance planning. 

5.3 LIMITATIONS OF THE STUDY 

Although this project successfully demonstrated the feasibility of AI-driven predictive 

maintenance for overhead power transmission lines, several important limitations must 

be acknowledged. These constraints arise directly from the methodology and scope 

adopted in this study. 

The most significant limitation concerns the nature of the training data. Real operational 

data from the Transmission Company of Nigeria (TCN) SCADA systems were 

inaccessible due to proprietary restrictions and data privacy policies. Consequently, the 

Random Forest Classifier was trained and validated solely on a synthetically generated 

dataset of three-phase voltage and current readings (Va, Vb, Vc, Ia, Ib, Ic) with 

artificially injected fault signatures, produced using Python and calibrated against an 

open-source Nigerian feeder fault reference dataset from Kaggle and IEEE Dataport. 

Critically, this reference dataset contains only aggregate monthly fault counts at the 

feeder level, it does not include any time-series electrical measurements. The 

calibration between the reference statistics and the synthetic generation script, while 

principled, therefore remains an approximation of real field conditions. Furthermore, 

the synthetic nature of the training data means it may not fully capture real-world 

complexities such as harmonic distortion, sensor drift, simultaneous multi-phase events 

under extreme tropical weather, or legacy equipment behaviour on Nigeria's 330 kV 

and 132 kV networks. This restricts the model's immediate readiness for live 

deployment. 
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A second limitation concerns model generalisation and domain shift. The Random 

Forest was trained on a specific simulated Nigerian grid scenario using 15-minute 

interval data covering January–June 2025, and tested only on a held-out portion of the 

same synthetic distribution. High multicollinearity among voltage and current features 

with Variance Inflation Factor (VIF) values between 9.01 – 9.29 for all six features and 

class imbalance between normal and fault states were mitigated through feature 

engineering and ensemble methods, yet these solutions remain dataset-specific. 

Performance may degrade when applied to different line lengths, conductor types 

(ACSR vs. AAAC), or varying load-generation patterns across TCN's diverse 

geographic regions. 

Third, the study did not achieve real-time integration with existing grid infrastructure. 

The model and Streamlit dashboard operate in an offline environment; no physical 

connection was made to SCADA, Remote Terminal Units (RTUs), or Phasor 

Measurement Units (PMUs). As a result, the early-warning capability suggested by the 

15-minute sampling interval remains theoretical and has not been validated under actual 

communication latency, data streaming, or edge-computing constraints typical of 

Nigerian transmission substations. 

Fourth, interpretability remains a challenge despite the choice of Random Forest over 

deep neural networks. Although feature importance analysis clearly showed phase 

currents contributing approximately 65% of predictive power, the ensemble nature of 

the model still functions as a partial black box. Utility operators at TCN would require 

additional Explainable AI (XAI) techniques such as SHAP values or decision-tree 

extraction before trusting automated maintenance recommendations in safety-critical 

applications. 
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Finally, computational and scalability issues were noted during development. Training 

and inference were performed on a standard MacBook Pro; handling the full national 

grid (over 12,000 km of lines) in real time would demand optimisation for edge devices 

or cloud deployment, resources that may not be readily available to all TCN field teams. 

These limitations do not diminish the value of the work but clearly define the boundary 

conditions under which the 87.33% accuracy and interactive dashboard were achieved. 

They also provide a precise roadmap for future researchers: obtaining and validating 

the model against real TCN operational data, incorporating PMU streams, applying 

XAI methods, and testing on live hardware to confirm the performance demonstrated 

in this simulated environment. 
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APPENDIX 

 

A.1 Synthetic Data Generation Script 

import pandas as pd 

import numpy as np 

from datetime import datetime, timedelta 

 

###### Reproducibility ###### 

np.random.seed(42) 

 

####### Core generation function ######### 

 

def generate_synthetic_data(start_date: datetime, 

                             num_samples: int, 

                             base_fault_prob: float = 0.15) -> pd.DataFrame: 

    """ 

    Generate a synthetic three-phase transmission-line dataset. 

    """ 

 

    # ── 1. Timestamps ──── 

    timestamps = [start_date + timedelta(minutes=15 * i) 

                  for i in range(num_samples)] 

 

    # ── 2. Nominal electrical values ────── 

    V_ph  = 190.5   # kV  — phase-to-neutral RMS voltage (330 kV / √3) 

    I_nom = 650.0   # A   — nominal load current per phase 

 

    # ── 3. Independent per-phase noise (2 % std dev) ────── 

    eps_v = np.random.normal(0.0, 0.02, (num_samples, 3))  # voltage noise 

    eps_i = np.random.normal(0.0, 0.02, (num_samples, 3))  # current noise 

 

    Va = V_ph  * (1.0 + eps_v[:, 0]) 

    Vb = V_ph  * (1.0 + eps_v[:, 1]) 

    Vc = V_ph  * (1.0 + eps_v[:, 2]) 

 

    Ia = I_nom * (1.0 + eps_i[:, 0]) 

    Ib = I_nom * (1.0 + eps_i[:, 1]) 

    Ic = I_nom * (1.0 + eps_i[:, 2]) 

 

    # ── 4. Environmental variables ──── 

    temperature = np.random.uniform(15.0, 45.0, num_samples) 

    humidity    = np.random.uniform(30.0, 95.0, num_samples) 

    wind_speed  = np.random.uniform( 0.0, 25.0, num_samples) 

 

    # ── 5. Environmental fault-probability modifier ───── 

    env_multiplier = np.where( 

        (temperature > 35.0) | (humidity > 80.0), 

        1.8, 1.0 

    ) 

 

    # ── 6. Peak-load hour modifier ───────── 

    hours = np.array([t.hour for t in timestamps]) 

    peak_mask       = ((hours >= 6) & (hours < 9)) | ((hours >= 18) & (hours < 21)) 
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    peak_multiplier = np.where(peak_mask, 1.3, 1.0) 

 

    # Combined effective fault probability per sample 

    effective_fault_prob = np.clip( 

        base_fault_prob * env_multiplier * peak_multiplier, 

        0.0, 0.95 

    ) 

 

    # ── 7. Fault-class proportions ──────── 

    fault_class_probs = [0.70, 0.20, 0.10]   # LG, LL, LLG 

    fault_classes     = [2, 3, 4] 

 

    # ── 8. Fault injection ────────────── 

    fault_type = np.zeros(num_samples, dtype=int) 

 

    for i in range(num_samples): 

        if np.random.rand() < effective_fault_prob[i]: 

            fault_class = np.random.choice(fault_classes, p=fault_class_probs) 

            fault_type[i] = fault_class 

 

            if fault_class == 2: 

                # ── LG Fault ─────────────── 

                # One phase: voltage ↓ 40–80 %, current ↑ 300–700 % 

                phase = np.random.randint(0, 3) 

                v_factor = np.random.uniform(0.2, 0.6) 

                i_factor = np.random.uniform(4.0, 8.0) 

                if phase == 0: 

                    Va[i] *= v_factor;  Ia[i] *= i_factor 

                elif phase == 1: 

                    Vb[i] *= v_factor;  Ib[i] *= i_factor 

                else: 

                    Vc[i] *= v_factor;  Ic[i] *= i_factor 

 

            elif fault_class == 3: 

                # ── LL Fault ──────────────────── 

                # Two phases: voltage ↓ 50–70 %, current ↑ 400–600 % 

                phases = np.random.choice([0, 1, 2], 2, replace=False) 

                for p in phases: 

                    v_factor = np.random.uniform(0.3, 0.5) 

                    i_factor = np.random.uniform(4.0, 6.0) 

                    if p == 0: 

                        Va[i] *= v_factor;  Ia[i] *= i_factor 

                    elif p == 1: 

                        Vb[i] *= v_factor;  Ib[i] *= i_factor 

                    else: 

                        Vc[i] *= v_factor;  Ic[i] *= i_factor 

 

            elif fault_class == 4: 

                # ── LLG Fault ───────── 

                # Two phases: voltage ↓ 60–90 %, current ↑ 500–800 % 

                phases = np.random.choice([0, 1, 2], 2, replace=False) 

                for p in phases: 

                    v_factor = np.random.uniform(0.1, 0.4) 

                    i_factor = np.random.uniform(5.0, 8.0) 

                    if p == 0: 

                        Va[i] *= v_factor;  Ia[i] *= i_factor 
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                    elif p == 1: 

                        Vb[i] *= v_factor;  Ib[i] *= i_factor 

                    else: 

                        Vc[i] *= v_factor;  Ic[i] *= i_factor 

 

    # ── 9. Normal-class assignment ──────────────── 

    normal_mask = fault_type == 0 

    n_normal    = normal_mask.sum() 

    normal_labels = np.random.choice([0, 1, 5], size=n_normal, p=[0.15, 0.15, 0.70]) 

    fault_type[normal_mask] = normal_labels 

 

    class5_mask = fault_type == 5 

    n5          = class5_mask.sum() 

    eps_v5 = np.random.normal(0.0, 0.003, (n5, 3))   # 0.3 % — very tight balance 

    eps_i5 = np.random.normal(0.0, 0.003, (n5, 3)) 

    Va[class5_mask] = V_ph  * (1.0 + eps_v5[:, 0]) 

    Vb[class5_mask] = V_ph  * (1.0 + eps_v5[:, 1]) 

    Vc[class5_mask] = V_ph  * (1.0 + eps_v5[:, 2]) 

    Ia[class5_mask] = I_nom * (1.0 + eps_i5[:, 0]) 

    Ib[class5_mask] = I_nom * (1.0 + eps_i5[:, 1]) 

    Ic[class5_mask] = I_nom * (1.0 + eps_i5[:, 2]) 

 

    # ── 10. Sensor / EMI noise ───────────── 

    sensor_std_v = np.random.uniform(0.03, 0.05) * V_ph 

    sensor_std_i = np.random.uniform(0.03, 0.05) * I_nom 

 

    non5_mask = ~class5_mask 

    n_non5    = non5_mask.sum() 

 

    Va[non5_mask] += np.random.normal(0.0, sensor_std_v, n_non5) 

    Vb[non5_mask] += np.random.normal(0.0, sensor_std_v, n_non5) 

    Vc[non5_mask] += np.random.normal(0.0, sensor_std_v, n_non5) 

    Ia[non5_mask] += np.random.normal(0.0, sensor_std_i, n_non5) 

    Ib[non5_mask] += np.random.normal(0.0, sensor_std_i, n_non5) 

    Ic[non5_mask] += np.random.normal(0.0, sensor_std_i, n_non5) 

 

    # ── 11. Assemble DataFrame ──── 

    df = pd.DataFrame({ 

        'Timestamp'  : timestamps, 

        'Ia'         : Ia, 

        'Ib'         : Ib, 

        'Ic'         : Ic, 

        'Va'         : Va, 

        'Vb'         : Vb, 

        'Vc'         : Vc, 

        'Temperature': temperature, 

        'Humidity'   : humidity, 

        'Wind_Speed' : wind_speed, 

        'Fault_Type' : fault_type 

    }) 

    return df 

 

# ─────────────────────── 

#  Sample-count helper 

# ──────────────────────── 
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def samples_in_period(start: datetime, end: datetime) -> int: 

    """ 

    Return the exact number of 15-minute intervals between start and end 

    (inclusive of start, exclusive of end — i.e. left-closed, right-open). 

    """ 

    delta_minutes = int((end - start).total_seconds() / 60) 

    return delta_minutes // 15 

 

# ──────────────────────── 

#  Dataset generation 

# ──────────────────────── 

 

# Training period: 01 Jan 2025 00:00 → 31 Mar 2025 23:45  (90 days) 

TRAIN_START = datetime(2025, 1, 1, 0, 0, 0) 

TRAIN_END   = datetime(2025, 4, 1, 0, 0, 0) 

N_TRAIN     = samples_in_period(TRAIN_START, TRAIN_END)  # 8,640 

 

# Prediction period: 01 Apr 2025 00:00 → 30 Jun 2025 23:45  (91 days) 

TEST_START  = datetime(2025, 4, 1, 0, 0, 0) 

TEST_END    = datetime(2025, 7, 1, 0, 0, 0) 

N_TEST      = samples_in_period(TEST_START, TEST_END)    # 8,736 

 

print("=" * 60) 

print("Generating FIXED synthetic datasets …") 

print(f"  Training samples  : {N_TRAIN:,}  ({TRAIN_START.date()} – " 

      f"{(TRAIN_END - timedelta(minutes=15)).date()})") 

print(f"  Prediction samples: {N_TEST:,}  ({TEST_START.date()} – " 

      f"{(TEST_END  - timedelta(minutes=15)).date()})") 

print("=" * 60) 

 

# ── Generate & save training data ────────── 

train_df = generate_synthetic_data(TRAIN_START, N_TRAIN) 

train_df.to_csv('train_dataset.csv', index=False) 

print("\n✅  train_dataset.csv saved successfully") 

 

# ── Generate & save prediction data ──────── 

test_df = generate_synthetic_data(TEST_START, N_TEST) 

test_df.to_csv('test_dataset.csv', index=False) 

print("✅  test_dataset.csv  saved successfully") 

 

# ── Verification summaries ───────────────── 

print("\n─── Fault-Type Distribution (Training) ───") 

dist_train = train_df['Fault_Type'].value_counts().sort_index() 

label_map = {0: 'Class 0 – Normal A', 

             1: 'Class 1 – Normal B', 

             2: 'Class 2 – LG fault', 

             3: 'Class 3 – LL fault', 

             4: 'Class 4 – LLG fault', 

             5: 'Class 5 – Healthy'} 

for cls, count in dist_train.items(): 

    pct = 100 * count / len(train_df) 

    print(f"  {label_map.get(cls, cls):28s}  {count:5,}  ({pct:5.1f} %)") 

 

print("\n─── Fault-Type Distribution (Prediction) ───") 

dist_test = test_df['Fault_Type'].value_counts().sort_index() 
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for cls, count in dist_test.items(): 

    pct = 100 * count / len(test_df) 

    print(f"  {label_map.get(cls, cls):28s}  {count:5,}  ({pct:5.1f} %)") 

 

print("\n─── Electrical Signal Summary (Training, normal samples only) ───") 

normal_train = train_df[train_df['Fault_Type'].isin([0, 1, 5])] 

for col in ['Ia', 'Ib', 'Ic', 'Va', 'Vb', 'Vc']: 

    s = normal_train[col] 

    print(f"  {col}: mean={s.mean():8.3f}  std={s.std():7.3f}  " 

          f"min={s.min():8.3f}  max={s.max():8.3f}") 

 

print("\n─── Environmental Range Check (Training) ───") 

for col in ['Temperature', 'Humidity', 'Wind_Speed']: 

    s = train_df[col] 

    print(f"  {col:12s}: min={s.min():6.1f}  max={s.max():6.1f}") 

 

# Confirm LG dominance among fault-only samples 

faults_only = train_df[train_df['Fault_Type'].isin([2, 3, 4])] 

lg_pct = 100 * (faults_only['Fault_Type'] == 2).sum() / len(faults_only) 

print(f"\n  LG fault share among all fault events: {lg_pct:.1f} %  " 

      f"(target ≈ 70 %)") 

 

print("\n✅  All datasets generated and verified.\n") 

 

A.2 Model Training Script 
import pandas as pd 

import numpy as np 

import matplotlib.pyplot as plt 

import seaborn as sns 

import joblib 

from datetime import datetime, timedelta 

 

from sklearn.model_selection import train_test_split, GridSearchCV 

from sklearn.model_selection import RandomizedSearchCV 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.metrics import accuracy_score, classification_report, confusion_matrix 

from sklearn.metrics import roc_curve, auc 

from sklearn.preprocessing import label_binarize, MinMaxScaler 

from sklearn.model_selection import learning_curve 

from itertools import cycle 

 

# ─── Reproducibility ──── 

np.random.seed(42) 

 

print("=" * 70) 

print("MODEL TRAINING & EVALUATION") 

print("Random Forest Classifier for Nigerian Transmission Line Fault Detection") 

print("=" * 70) 

 

# ─── 1. Load Training Data ── 

train_df = pd.read_csv("train_dataset.csv") 

print(f"Training data loaded: {len(train_df):,} samples (Jan–Mar 2025)") 

 

# ─── 2. Define Features and Target ─── 

features = ['Ia', 'Ib', 'Ic', 'Va'] 
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target = 'Fault_Type' 

 

X = train_df[features] 

y = train_df[target] 

 

# ─── 3. Train / Validation Split ──── 

X_train, X_val, y_train, y_val = train_test_split( 

    X, y, test_size=0.2, random_state=42, stratify=y 

) 

print(f"Training set : {len(X_train):,} samples") 

print(f"Validation set: {len(X_val):,} samples") 

 

# ─── 4. Data Normalization (Min-Max Scaling) ───── 

scaler = MinMaxScaler() 

X_train_scaled = scaler.fit_transform(X_train) 

X_val_scaled   = scaler.transform(X_val) 

X_scaled       = scaler.transform(X)    

 

joblib.dump(scaler, "scaler.joblib") 

print("✅ Scaler fitted on training data and saved as 'scaler.joblib'") 

 

# ─── 5. Hyperparameter Tuning with GridSearchCV ────── 

print("\n         Running GridSearchCV (this may take a while)...") 

param_grid = { 

    'n_estimators': [100, 200, 300], 

    'max_depth': [10, 20, 30, None], 

    'min_samples_split': [2, 5, 10], 

    'min_samples_leaf': [1, 2, 4] 

} 

grid_search = RandomizedSearchCV( 

    RandomForestClassifier(random_state=42), 

    param_grid, 

    n_iter=20, 

    cv=5, 

    scoring='accuracy', 

    n_jobs=-1, 

    random_state=42 

) 

grid_search.fit(X_train_scaled, y_train) 

print("Best parameters:", grid_search.best_params_) 

print("Best CV accuracy:", grid_search.best_score_) 

 

# Use the best model 

model = grid_search.best_estimator_ 

print("\n✅ Model training completed (best GridSearchCV estimator on 4 scaled features)") 

 

joblib.dump(model, "model.joblib") 

print("✅ Model saved as 'model.joblib'") 

 

# ─── 6. Evaluate on Validation Set ────── 

y_pred = model.predict(X_val_scaled) 

accuracy = accuracy_score(y_val, y_pred) 

print(f"\nModel Validation Accuracy: {accuracy:.4f} ({accuracy*100:.2f}%)") 

print("\nClassification Report:") 

print(classification_report(y_val, y_pred, digits=4)) 
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# ─── 7. Confusion Matrix ───────────── 

cm = confusion_matrix(y_val, y_pred) 

plt.figure(figsize=(9, 7)) 

sns.heatmap(cm, annot=True, fmt='d', cmap='Blues', 

            xticklabels=[0,1,2,3,4,5], yticklabels=[0,1,2,3,4,5]) 

plt.title('Fault Type Confusion Matrix (Validation Set)') 

plt.xlabel('Predicted Fault Type') 

plt.ylabel('Actual Fault Type') 

plt.tight_layout() 

plt.savefig('confusion_matrix.png', dpi=300) 

plt.show() 

 

# ─── 8. ENHANCED EVALUATION ────────── 

print("\n" + "="*70) 

print("ENHANCED EVALUATION – ROC, METRICS TABLE & LEARNING CURVE") 

print("="*70) 

 

# 8.1 ROC Curve — subsample validation set for speed 

print("\n=== ROC Curve Analysis (4 selected features) ===") 

MAX_ROC_SAMPLES = 5000 

if len(X_val_scaled) > MAX_ROC_SAMPLES: 

    roc_idx = np.random.choice(len(X_val_scaled), MAX_ROC_SAMPLES, replace=False) 

    X_roc = X_val_scaled[roc_idx] 

    y_roc = y_val.iloc[roc_idx] 

else: 

    X_roc, y_roc = X_val_scaled, y_val 

 

y_val_bin = label_binarize(y_roc, classes=[0, 1, 2, 3, 4, 5]) 

n_classes = y_val_bin.shape[1] 

y_score = model.predict_proba(X_roc) 

 

fpr, tpr, roc_auc = {}, {}, {} 

for i in range(n_classes): 

    fpr[i], tpr[i], _ = roc_curve(y_val_bin[:, i], y_score[:, i]) 

    roc_auc[i] = auc(fpr[i], tpr[i]) 

 

plt.figure(figsize=(10, 8)) 

colors = cycle(['aqua', 'darkorange', 'cornflowerblue', 'red', 'green', 'purple']) 

for i, color in zip(range(n_classes), colors): 

    plt.plot(fpr[i], tpr[i], color=color, lw=2, 

             label=f'Class {i} (AUC = {roc_auc[i]:.3f})') 

plt.plot([0, 1], [0, 1], 'k--', lw=2) 

plt.xlabel('False Positive Rate') 

plt.ylabel('True Positive Rate') 

plt.title('ROC Curve Analysis – One-vs-Rest\n(4 Selected Features: Ia, Ib, Ic, Va)') 

plt.legend(loc="lower right") 

plt.grid(True) 

plt.savefig('roc_curve_analysis_4features.png', dpi=300, bbox_inches='tight') 

plt.show() 

print("✅ ROC curve saved") 

 

# 8.2 Performance Metrics Table 

print("\n=== Performance Metrics Table (4 features) ===") 

report = classification_report(y_val, y_pred, output_dict=True, digits=4) 

metrics_df = pd.DataFrame(report).transpose().round(4) 

print(metrics_df.to_string()) 
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metrics_df.to_csv("performance_metrics_table_4features.csv", index=True) 

metrics_df.to_latex("performance_metrics_table_4features.tex", float_format="%.4f") 

print("✅ Metrics table saved") 

 

# 8.3 Learning Curve 

print("\n=== Learning Curve Analysis ===") 

 

lc_model = RandomForestClassifier( 

    **grid_search.best_params_,    

    random_state=42, 

    n_jobs=-1 

) 

 

train_sizes, train_scores, val_scores = learning_curve( 

    lc_model, 

    X_train_scaled, y_train,       

    train_sizes=np.linspace(0.1, 1.0, 5), 

    cv=3, 

    scoring='accuracy', 

    n_jobs=-1, 

    random_state=42 

) 

 

train_mean = np.mean(train_scores, axis=1) 

train_std  = np.std(train_scores, axis=1) 

val_mean   = np.mean(val_scores, axis=1) 

val_std    = np.std(val_scores, axis=1) 

 

plt.figure(figsize=(10, 6)) 

plt.plot(train_sizes, train_mean, 'o-', color="r", label="Training score") 

plt.fill_between(train_sizes, train_mean - train_std, train_mean + train_std, alpha=0.1, color="r") 

plt.plot(train_sizes, val_mean, 'o-', color="g", label="Cross-validation score") 

plt.fill_between(train_sizes, val_mean - val_std, val_mean + val_std, alpha=0.1, color="g") 

plt.xlabel("Training Set Size") 

plt.ylabel("Accuracy Score") 

plt.title("Learning Curve Analysis\n(Random Forest – 4 Selected Features)") 

plt.legend(loc="best") 

plt.grid(True) 

plt.savefig('learning_curve_analysis_4features.png', dpi=300, bbox_inches='tight') 

plt.show() 

print("✅ Learning curve saved") 

 

print("\n✅ Training & evaluation completed successfully!") 

 

A.3 Future Prediction Script 
import pandas as pd 

import joblib 

from datetime import datetime, timedelta 

 

print("=" * 70) 

print("FUTURE PREDICTION") 

print("Loading saved model and predicting Apr–Jun 2025 faults") 

print("=" * 70) 

 

# ─── Load saved model and scaler ─── 
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model  = joblib.load("model.joblib") 

scaler = joblib.load("scaler.joblib") 

print("✅ Model loaded from 'model.joblib'") 

print("✅ Scaler loaded from 'scaler.joblib'") 

 

# ─── Load Test Data ───────── 

test_df = pd.read_csv("test_dataset.csv") 

print(f"Test data loaded: {len(test_df):,} samples (Apr–Jun 2025)") 

 

# Add realistic timestamps 

test_start = datetime(2025, 4, 1, 0, 0, 0) 

test_df["Timestamp"] = [test_start + timedelta(minutes=15 * i) 

                        for i in range(len(test_df))] 

 

# ─── Apply same scaling, then predict ─── 

features = ['Ia', 'Ib', 'Ic', 'Va'] 

X_test_scaled = scaler.transform(test_df[features]) 

test_df["Predicted_Fault_Type"] = model.predict(X_test_scaled) 

 

# ─── Save for Streamlit Dashboard ───── 

test_df.to_csv("nigerian_test_data_with_predictions.csv", index=False) 

print("✅ Predictions saved to 'nigerian_test_data_with_predictions.csv'") 

 

# ─── Summary ───────────────── 

print("\n─── Predicted Fault-Type Distribution (Apr–Jun 2025) ───") 

pred_dist = test_df['Predicted_Fault_Type'].value_counts().sort_index() 

label_map = { 

    0: 'Class 0 – Normal A', 1: 'Class 1 – Normal B', 

    2: 'Class 2 – LG fault', 3: 'Class 3 – LL fault', 

    4: 'Class 4 – LLG fault', 5: 'Class 5 – Healthy' 

} 

 

for cls, count in pred_dist.items(): 

    pct = 100 * count / len(test_df) 

    print(f" {label_map.get(cls, cls):28s} {count:5,} ({pct:5.1f} %)") 

 

print(f"\nTotal predictions generated: {len(test_df):,}") 

print("\n         Future predictions completed!") 

 

 

A.4 Streamlit Dashboard Code 

 

import streamlit as st 

import pandas as pd 

import numpy as np 

import matplotlib 

matplotlib.use('Agg') 

import matplotlib.pyplot as plt 

import seaborn as sns 

from datetime import datetime 

 

# ─── Page Config ─── 

st.set_page_config( 

    page_title="Nigerian Transmission Line Fault Dashboard", 
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    page_icon="   ", 

    layout="wide" 

) 

 

# ─── Title ─── 

st.title("Nigerian Transmission Line Fault Prediction Dashboard") 

st.markdown("Visualizing predicted transmission line faults — **April–June 2025**") 

 

# ─── Load Data ─── 

@st.cache_data 

def load_data(): 

    df = pd.read_csv("nigerian_test_data_with_predictions.csv") 

    df["Timestamp"] = pd.to_datetime(df["Timestamp"]) 

    return df 

 

df = load_data() 

 

# ─── Label map  ─── 

label_map = { 

    0: "Class 0 – Normal A", 

    1: "Class 1 – Normal B", 

    2: "Class 2 – LG Fault", 

    3: "Class 3 – LL Fault", 

    4: "Class 4 – LLG Fault", 

    5: "Class 5 – Healthy" 

} 

df["Fault_Label"] = df["Predicted_Fault_Type"].map(label_map) 

 

# ─── Sidebar Filters ─── 

st.sidebar.header("Filter Options") 

 

start_date = st.sidebar.date_input("Start Date", df["Timestamp"].min().date()) 

end_date   = st.sidebar.date_input("End Date",   df["Timestamp"].max().date()) 

 

all_fault_labels = sorted(df["Fault_Label"].unique()) 

selected_labels  = st.sidebar.multiselect( 

    "Filter by Fault Type", 

    options=all_fault_labels, 

    default=all_fault_labels 

) 

 

# ─── Filter ─── 

mask = ( 

    (df["Timestamp"].dt.date >= start_date) & 

    (df["Timestamp"].dt.date <= end_date) & 

    (df["Fault_Label"].isin(selected_labels)) 

) 

filtered_df = df.loc[mask].copy() 

 

st.markdown(f"Showing **{len(filtered_df):,}** records from **{start_date}** to **{end_date}**") 

 

# ─── KPI Cards ─── 

st.subheader("Summary Metrics") 

col1, col2, col3, col4 = st.columns(4) 

 

total       = len(filtered_df) 
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fault_mask  = filtered_df["Predicted_Fault_Type"].isin([2, 3, 4]) 

fault_count = fault_mask.sum() 

normal_count = (~fault_mask).sum() 

fault_rate  = 100 * fault_count / total if total > 0 else 0 

 

col1.metric("Total Records",    f"{total:,}") 

col2.metric("Fault Events",     f"{fault_count:,}") 

col3.metric("Normal/Healthy",   f"{normal_count:,}") 

col4.metric("Fault Rate",       f"{fault_rate:.1f}%") 

 

st.divider() 

 

# ─── Row 1: Fault trend + Distribution ─── 

col_left, col_right = st.columns([2, 1]) 

 

with col_left: 

    st.subheader("Fault Frequency Over Time") 

    fault_trend = ( 

        filtered_df 

        .groupby(filtered_df["Timestamp"].dt.date)["Predicted_Fault_Type"] 

        .value_counts() 

        .unstack(fill_value=0) 

    ) 

    fault_trend.columns = [label_map.get(c, c) for c in fault_trend.columns] 

    st.line_chart(fault_trend) 

 

with col_right: 

    st.subheader("Fault Type Distribution") 

    fault_counts = filtered_df["Fault_Label"].value_counts().sort_index() 

 

    fig1, ax1 = plt.subplots(figsize=(5, 4)) 

    colors = ['#2c5f8a' if 'Fault' in l else '#7fb3d3' for l in fault_counts.index] 

    bars = ax1.barh(fault_counts.index, fault_counts.values, color=colors, edgecolor='none') 

    for bar, val in zip(bars, fault_counts.values): 

        ax1.text(bar.get_width() + 5, bar.get_y() + bar.get_height() / 2, 

                 str(val), va='center', fontsize=9) 

    ax1.set_xlabel("Count") 

    ax1.set_facecolor('#f8f8f8') 

    ax1.spines[['top', 'right', 'left', 'bottom']].set_visible(False) 

    ax1.tick_params(left=False) 

    fig1.patch.set_facecolor('#f8f8f8') 

    plt.tight_layout() 

    st.pyplot(fig1) 

    plt.close() 

 

st.divider() 

 

# ─── Row 2: Electrical signals ─── 

st.subheader("Electrical Signal Overview (Filtered Period)") 

 

features = ['Ia', 'Ib', 'Ic', 'Va'] 

available = [f for f in features if f in filtered_df.columns] 

 

if available: 

    fig2, axes = plt.subplots(1, len(available), figsize=(14, 3)) 

    if len(available) == 1: 
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        axes = [axes] 

    for ax, feat in zip(axes, available): 

        ax.plot(filtered_df["Timestamp"].values[:500], 

                filtered_df[feat].values[:500], 

                linewidth=0.6, color='royalblue') 

        ax.set_title(feat, fontsize=11) 

        ax.set_facecolor('#f8f8f8') 

        ax.tick_params(axis='x', rotation=45, labelsize=7) 

        ax.spines[['top', 'right']].set_visible(False) 

    fig2.suptitle("Electrical Signals (first 500 samples of filtered range)", 

                  fontsize=11, y=1.02) 

    plt.tight_layout() 

    st.pyplot(fig2) 

    plt.close() 

else: 

    st.info("Electrical feature columns (Ia, Ib, Ic, Va) not found in dataset.") 

 

st.divider() 

 

# ─── Row 3: Fault breakdown table ─── 

st.subheader("Predicted Fault Type Breakdown") 

breakdown = ( 

    filtered_df["Fault_Label"] 

    .value_counts() 

    .rename_axis("Fault Type") 

    .reset_index(name="Count") 

) 

breakdown["Percentage"] = (100 * breakdown["Count"] / total).round(2).astype(str) + "%" 

st.dataframe(breakdown, use_container_width=True) 

 

st.divider() 

 

# ─── Row 4: Raw data + download ─── 

st.subheader("Raw Predictions") 

st.dataframe(filtered_df[["Timestamp"] + available + ["Predicted_Fault_Type", "Fault_Label"]].head(100), 

             use_container_width=True) 

 

st.subheader("Download Filtered Data") 

csv = filtered_df.to_csv(index=False).encode('utf-8') 

st.download_button( 

    label="⬇ Download Filtered Data as CSV", 

    data=csv, 

    file_name="filtered_fault_predictions.csv", 

    mime="text/csv" 

) 

 

 

 

A.5 Feature Selection Script 

 

import pandas as pd 

import numpy as np 

import matplotlib 

matplotlib.use('Agg') 

import matplotlib.pyplot as plt 
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from sklearn.ensemble import RandomForestClassifier 

from sklearn.preprocessing import MinMaxScaler 

 

# ─── Load data ─── 

df = pd.read_csv('train_dataset.csv') 

 

all_features      = ['Ia', 'Ib', 'Ic', 'Va', 'Vb', 'Vc'] 

selected_features = ['Ia', 'Ib', 'Ic', 'Va'] 

 

X = df[all_features] 

y = df['Fault_Type'] 

 

# ─── Scale and fit RF ─── 

scaler = MinMaxScaler() 

X_scaled = scaler.fit_transform(X) 

 

rf = RandomForestClassifier(n_estimators=100, max_depth=10, random_state=42, n_jobs=-1) 

rf.fit(X_scaled, y) 

 

# ─── Build importance DataFrame ─── 

importance_df = pd.DataFrame({ 

    'Feature'   : all_features, 

    'Importance': (rf.feature_importances_ * 100).round(1) 

}).sort_values('Importance', ascending=False).reset_index(drop=True) 

 

importance_df['Rank']     = range(1, len(importance_df) + 1) 

importance_df['Selected'] = importance_df['Feature'].apply( 

    lambda f: 'Yes' if f in selected_features else 'No' 

) 

 

# ─── Print table to terminal ─── 

print("\n=== Feature Importance Summary Table ===") 

print(importance_df[['Rank', 'Feature', 'Importance', 'Selected']].to_string(index=False)) 

 

# ─── Bar chart only ─── 

plot_df = importance_df.sort_values('Importance', ascending=True) 

colors  = ['royalblue' if f in selected_features else '#b0c4de' 

           for f in plot_df['Feature']] 

 

fig, ax = plt.subplots(figsize=(10, 6)) 

bars = ax.barh(plot_df['Feature'], plot_df['Importance'], 

               color=colors, edgecolor='none') 

 

for bar, val in zip(bars, plot_df['Importance']): 

    ax.text(bar.get_width() + 0.3, bar.get_y() + bar.get_height() / 2, 

            f"{val}%", va='center', fontsize=10) 

 

from matplotlib.patches import Patch 

ax.legend(handles=[ 

    Patch(facecolor='royalblue', label='Selected'), 

    Patch(facecolor='#b0c4de',   label='Not selected'), 

], loc='lower right', framealpha=0.7) 

 

ax.set_xlabel('Feature Importance (%)') 

ax.set_title('Feature Importance from Random Forest Classifier', pad=12) 

ax.set_facecolor('#f0f0f0') 
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ax.set_xlim(0, importance_df['Importance'].max() + 6) 

ax.grid(axis='x', color='white', linewidth=1.5) 

ax.spines[['top', 'right', 'left', 'bottom']].set_visible(False) 

ax.tick_params(left=False) 

fig.patch.set_facecolor('#f0f0f0') 

 

plt.tight_layout() 

plt.savefig('feature_importance_rf.png', dpi=300, bbox_inches='tight') 

print("\n✅ feature_importance_rf.png saved") 

plt.close() 

 

A.6 Quantitative Feature Selection and Visualization Script 

import pandas as pd 

import numpy as np 

import matplotlib 

matplotlib.use('Agg')   

import matplotlib.pyplot as plt 

import seaborn as sns 

from statsmodels.stats.outliers_influence import variance_inflation_factor 

from statsmodels.tools.tools import add_constant 

from sklearn.ensemble import RandomForestClassifier 

from sklearn.preprocessing import MinMaxScaler 

 

# ─── Load data generated by A.1 ─── 

df = pd.read_csv('train_dataset.csv') 

 

# ─── All 6 electrical features for VIF/correlation analysis ─── 

all_features      = ['Ia', 'Ib', 'Ic', 'Va', 'Vb', 'Vc'] 

selected_features = ['Ia', 'Ib', 'Ic', 'Va']   

 

X = df[all_features] 

y = df['Fault_Type'] 

 

# ─── Correlation matrix ─── 

corr_matrix = X.corr(method='pearson').round(4) 

 

# ─── VIF ─── 

X_const = add_constant(X) 

vif = [] 

for i in range(1, X_const.shape[1]): 

    try: 

        v = variance_inflation_factor(X_const.values, i) 

    except Exception: 

        v = float('inf') 

    vif.append(round(v, 2) if v != float('inf') else '∞') 

 

# ─── RF importance  ─── 

scaler   = MinMaxScaler() 

X_scaled = scaler.fit_transform(X) 

 

rf = RandomForestClassifier( 

    n_estimators=100, max_depth=10, 

    random_state=42, n_jobs=-1 

) 
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rf.fit(X_scaled, y) 

rf_importances = (rf.feature_importances_ * 100).round(1) 

 

# ─── Max absolute correlation ─── 

max_corr = [corr_matrix[col].drop(col).abs().max().round(4) 

            for col in all_features] 

 

# ─── Summary table ─── 

table = pd.DataFrame({ 

    'Feature'         : all_features, 

    'RF_Importance_%' : rf_importances, 

    'VIF'             : vif, 

    'Max_Abs_Corr'    : max_corr, 

    'Selected'        : ['Yes' if f in selected_features else 'No' 

                         for f in all_features] 

}) 

print("\n=== FEATURE ANALYSIS TABLE ===") 

print(table.to_string(index=False)) 

 

# ─── Heatmap with VIF overlay on diagonal ─── 

plt.figure(figsize=(12, 10)) 

ax = sns.heatmap( 

    corr_matrix, annot=True, fmt=".4f", cmap="RdBu_r", 

    vmin=-1, vmax=1, linewidths=0.5, linecolor='white', 

    cbar_kws={"shrink": 0.8} 

) 

 

for i, feat in enumerate(all_features): 

    vif_val = table['VIF'].iloc[i] 

    ax.text(i + 0.5, i + 0.5, 

            f"VIF\n{vif_val}", 

            ha='center', va='center', 

            fontsize=11, fontweight='bold', 

            bbox=dict(boxstyle="square,pad=0.5", 

                      facecolor='white', edgecolor='white', alpha=1)) 

 

plt.title("Correlation Heatmap with VIF Overlaid on Diagonal", 

          fontsize=16, pad=20) 

plt.xticks(rotation=45, ha='right') 

plt.yticks(rotation=0) 

plt.tight_layout() 

plt.savefig("correlation_heatmap_with_vif_overlay.png", dpi=300, 

            bbox_inches='tight') 

print("\n✅ Heatmap saved as: correlation_heatmap_with_vif_overlay.png") 

plt.close() 
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