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ABSTRACT
This research explores the application of Artificial Intelligence (Al) 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 Al-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 (Al) and Machine Learning (ML) in

predictive maintenance has emerged as a transformative approach to improving the
1



reliability and cost effectiveness of electrical power transmission systems (Jiang et al.,
2020; Zonta et al., 2020). Predictive maintenance leverages Al 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 (10T) 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 Al-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, Al-powered predictive maintenance is becoming an essential tool

for modernizing and securing power transmission networks (Ucar et al., 2024).



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,
3



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 (Al) 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 Al-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 Al 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 Al-based predictive maintenance in electrical power transmission networks

to improve system reliability and cost-efficiency.

1.3 AIMS AND OBJECTIVES OF THE STUDY



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. Todesign and implement an Al 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 Al-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
5



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 (Al) and

Machine Learning (ML) techniques for predictive maintenance of electrical power
6



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 (CNNSs) 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 Al 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 Al-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
7



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.



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

9



performed exactly when needed, predictive maintenance aims to minimize both
unexpected outages and unnecessary interventions, optimizing maintenance timing and

reducing overall costs.

Al 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 Al-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 & SantOlamazza, 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 Al/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.
12



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 = Vg +

IrRZ 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 & or T circuits, with half the capacitance
to neutral lumped at each end of the line (in the =7 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(yl) + IrZc sinh (yl) and Is = Ir cosh(yl) +

gsinh(yl),where | is the length, y = \/5 is the complex propagation

constant, and Zc = \/% 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 420mm?) has a nominal ampacity of
approximately 860A at 45°C 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 400mm? AAAC conductor can carry approximately 680A).

o
050°

Figure 2 AAAC Conductor
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o 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:

o 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.

N

Figure 3 Lattice Steel Tower

e 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

o 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:

e Porcelain and glass insulators

e 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, Al-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.
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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 snhapping or insulator

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

6. Protection and Monitoring Devices
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Advanced transmission lines incorporate devices for real-time monitoring and fault

protection, such as:
e Phasor Measurement Units (PMUs)
o Fault indicators
e Surge arresters
e Temperature and tension sensors
These devices can be integrated with AlI/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:

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.

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.

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.

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:

o Broken conductors due to storms or falling trees

e Loose or broken fittings

e 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 Al-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:
e Pollution (salt, dust, bird droppings)

o Wet or humid weather conditions
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e Aging or damaged insulator materials

Flashovers are more likely during storms or high humidity. Al 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:

e Phase-to-phase contact (LL fault)

o [Fatigue damage at connection points

o 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 Al-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 Al/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:

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

vibrations which can cause mechanical failures.
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e 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 Al-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 Al 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:

o Lack of standards for predictive maintenance technologies

o Data privacy concerns, particularly for Al systems that monitor critical

infrastructure
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e 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 Al-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 Al

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: Al 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

etal., 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 Strategy Cost Downtime Effectiveness  Applicability

Type Implications Impact

Corrective Run-to-failure;  Low upfront High (causes Low (highly  Non-critical,
action taken cost, but prolonged, reactive, easily
only after a extremely high  unplanned risks safety replaceable
breakdown emergency outages). and components.

repair costs. cascading
failures).

Preventive Time-based or ~ High recurring  Moderate Moderate Traditional
usage-based operational and  (planned (proactive grid systems
scheduled resource costs.  downtime, but and standard
servicing but inefficient components.

unexpected  dueto
faults still unnecessary
occur). servicing)

Condition- Real-time High initial Low (allows High Equipm