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Design and Integration of Machine Learning-Based Vision System for

Automated Power Line Inspection Using a Mobile Damping Robot

Hyun Myung Kang

(ABSTRACT)

Ensuring the structural integrity of overhead power line conductors is critical for maintaining
the safety and reliability of the electrical grid. Environmental stressors such as moisture,
dust, and wind-induced vibrations contribute to surface degradation, including corrosion
and fretting, which compromise conductor conditions and therefore performance over time.
This thesis presents a vision-based, autonomous inspection framework using a modified Mo-
bile Damping Robot, with two distinct levels of health assessment. The first method fo-
cuses on a simpler binary classification, where image filtering techniques—such as Sobel,
Scharr, and Gray-scale Variance Normalization—are compared to highlight defect patterns,
followed by histogram-based feature extraction and classification into healthy or unhealthy
categories using traditional supervised machine learning models, including Random Forest,
Multi-Layer Perceptron, and Gradient Boosting. Next, the second method provides a more
detailed assessment by classifying conductors into four categories: Healthy, Minor Corrosion,
Pollution-Induced Corrosion, and Pollution-Induced Fretting. To facilitate this classification,
real-world conductor images collected via the MDR were preprocessed using segmentation
models, such as U-Net and the Segment Anything Model, to isolate the conductor from
the background. Two deep learning models, a custom-designed Convolutional Neural Net-
work and a ResNet-50 transfer learning model, were trained for multi-class classification.

Experimental results validate the effectiveness of the ResNet-50 model, demonstrating the



potential of vision-based inspection for enabling proactive, data-driven, and scalable power
line maintenance. By automating condition assessment through image-based analysis, this
approach facilitates early detection of degradation, reduces reliance on manual inspections,

and supports enhanced operational planning across transmission infrastructure.
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(GENERAL AUDIENCE ABSTRACT)

Overhead power lines are essential for delivering electricity, but they are constantly exposed
to harsh weather conditions like wind, moisture, and dust, which can cause damage over time.
To help detect early signs of wear and prevent failures, this thesis introduces an automated
inspection system using a Mobile Damping Robot. The system uses computer vision, a field
of artificial intelligence that enables computers to understand images, to assess the physical
condition of the power lines. In the first part of the research, machine learning techniques
were used to analyze these images and classify power lines as either healthy or damaged based
on patterns detected in the surface texture. In the second part, a more detailed analysis was
developed using deep learning to identify four specific conditions, including different types
of corrosion and pollution-related wear. To focus the analysis on just the cable, advanced
image segmentation tools were used to isolate the power line from its background image. This
research demonstrates that combining robotic inspection with Al-powered image analysis can
support safer, more efficient maintenance of electrical infrastructure and help prevent costly

outages.
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The power line acts as a medium to transmit electricity from power generating stations to
distribution stations. The reliability of power line conductors is crucial for the stability and
efficiency of modern energy infrastructure. Conductor failures can lead to widespread out-
ages, economic losses, and safety hazards. In the United States alone, power outages cost the
economy between $25-$70 billion annually, affecting residential, commercial, and industrial
activities [3, 4, 5, 6, 7, 8]. Thus, consistent power line inspection is key to maintaining the
reliability and safety of the electric grid. When subjected to environmental hazards such as
long exposure to rain, snow, dust, and WIV, the power line conductor is subjected to an
increased risk of fatigue symptoms in power systems. The most common signs of fatigue
include defects and corrosion. The outer layer material of power line conductors, typically
aluminum, is prone to oxidation upon contact with moisture, leading to corrosion and sub-
sequent deterioration. Figure 1.1 shows images depicting healthy, defective, and corroded
conductors. The deterioration of the conductor, combined with these factors, accelerates
material fatigue and reduces operational lifespan, especially under WIV or aeolian vibration

conditions [9].

Among the primary causes of power line failures, conductor degradation—resulting from
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Figure 1.1: Condition classifying of a conductor.

aging, mechanical stress, and environmental factors—is a significant concern. While overhead
lines are designed to last 50-70 years, many existing power lines are already 30-50 years old,
with some exceeding their expected service life [10, 11]. ACSR lines, for example, experience a
10-20% reduction in mechanical strength due to prolonged environmental exposure, leading
to corrosion and fatigue [12, 13, 14]. Nearly half of all controllable overhead conductor
failures result from material degradation [1], highlighting the urgent need for early damage

detection.

To overcome these challenges, utilities increasingly adopt condition assessment techniques
to estimate the remaining life of aging infrastructure [15, 16]. Some models indicate that
failure risks become critical within 5-10 years for older assets [17, 18]. Zhang [19] found that
67% of overhead line failures occur on conductors, with 64% attributed to mechanical issues.
Additionally, an analysis of controllable overhead conductor failures (Fig. 1.2) shows that
corrosion accounts for 30% of cases, while fatigue contributes 14% [1], meaning nearly half
of all failures stem from material degradation. These findings emphasize the need for early

detection and proactive maintenance strategies to enhance infrastructure reliability.
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Figure 1.2: Different causes of conductor failure [1].

Traditional power line maintenance relies on scheduled inspections [1], with some repairs
occurring only after failures [19]. However, this approach does not account for operational
stresses such as system faults, overloading, and environmental effects, all of which impact
conductor lifespan [20]. Long inspection intervals risk missing critical faults, while excessive

maintenance leads to unnecessary outages and resource waste [1, 21].

A more effective strategy is condition-based maintenance, which adjusts inspection and repair
schedules based on actual conductor degradation [1, 22, 23]. Early damage detection reduces
outages and repair costs, as addressing minor abrasion is significantly cheaper than replacing
a broken conductor [24]. Proactively identifying wear prevents costly failures and enhances
grid reliability. Despite these benefits, research on condition-based maintenance for power

line conductors remains limited.

Conductor health assessments typically rely on manual, aerial, and robotic inspection meth-
ods. Conventional inspections, such as pole climbing and foot patrolling, remain common
but are labor-intensive, infrequent, and inefficient for detecting localized damage such as
fretting. Additionally, these methods pose safety risks. Aerial surveillance using heli-
copters [25, 26, 27, 28], satellites [29], and UAVs [30, 31, 32, 33, 34] offers broader coverage

but has limitations, including high costs, challenges in stabilization of cameras, and issues
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with capturing high-quality images of conductors from close proximity [35]. Large vehicles
have difficulty approaching power line conductors closely, which affects the clarity and pre-
cision of image capture. The level of detail in the image is essential for effectively detecting

minute signs of defects and corrosion, which is a key focus of our research.

To overcome these limitations, robotic inspection systems have been developed, combining
the advantages of manual and aerial methods. Examples include LineDrone by Hydro-
Québec’s Research Institute (IREQ) [36], a power line inspection robot by EPRI [37],
LineScout [38], and Expliner by HiBot Corporation [39]. LineDrone, a multirotor UAV,
enables close-range inspection but is costly, bulky, and lacks full autonomy. The EPRI
robot avoids obstacles without lifting arms but requires additional jumpers, limiting prac-
ticality. LineScout operates semi-autonomously but depends on remote monitoring, while
its weight and obstacle navigation reduce efficiency. Expliner requires two power lines, is
heavy, and has a complex navigation system. While robotic inspection systems enhance
power line monitoring, they remain costly, complex, and reliant on external control, limiting

their widespread implementation.

In response to these challenges, we propose a vision-based health monitoring system that
integrates a MDR designed to inspect and assess the condition of power line conductors
autonomously. The MDR captures high-resolution images of the conductors from various
angles, enabling accurate inspection. Initially, the research focused on a binary classification
system (healthy vs. unhealthy) using machine learning models and image filtering processes.
Next, the research dives into a multi-class classification system, focusing on the use of deep
learning for improved conductor health assessment. Ultimately. this study aims to provide
a more effective, automated method for power line health assessment, facilitating condition-
based maintenance strategies that reduce inspection costs, improve reliability, and extend

the lifespan of power line infrastructure.
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The objectives of this thesis are listed below:

1.

Review the challenges and limitations of existing methods for close-view power line in-
spection, emphasizing the need for vision-based inspection capabilities. This highlights
the gaps in current methods and underlines the necessity of integrating vision-based

inspection features into the MDR.

Modify and prototype the existing MDR design to incorporate a vision-based inspection
system. Additionally, design and build a versatile testing fixture to securely hold power

line conductors for testing and data acquisition.

Investigate and categorize the various causes of power line degradation, including cor-
rosion, defects, and fatigue. This thesis focuses on binary and multiclass classification

systems to assess conductor health.

Explore and compare the performance of traditional machine learning models—Random
Forest, Multi-Layer Perceptron, Gradient Boosting—with deep learning approaches—
CNN and Transfer Learning—for the classification of power line conditions based on

visual assessment.

Utilize deep learning-based image segmentation methods—U-Net and SAM—to extract
the power line from the background, enhancing the data quality for more accurate and

reliable classification results.

Conduct experimental testing to validate and assess the performance of the trained

models in real-world scenarios.
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The remainder of the thesis is structured as follows:

1. Chapter 2 details the modifications made to the MDR design, including camera inte-

gration and software for image acquisition, along with experimental testing procedures.

2. Chapter 3 discusses binary classification between Healthy and Unhealthy using image

filtering techniques and machine learning models.

3. Chapter 4 explores multi-class classification of Healthy, Minor Corrosion, Pollution-
Induced Corrosion, and Pollution-Induced Fretting, employing image segmentation and

deep learning models.

4. Chapter 5 summarizes the research undertaken and provides recommendations for

future work.
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To enhance the accuracy and efficiency of power line inspection, substantial efforts have
been made toward autonomous integration. For example, the Kunshan Institute of Indus-
trial Research in China developed a climbing inspection robot capable of navigating tower
obstacles such as clamps and counterweights using its dual-leg mechanism to grip the con-
ductors [40, 41]. More recently, UAVs have gained popularity for power line inspection due
to their cost-effectiveness and operational flexibility, as they are not constrained by the
physical layout of the infrastructure [42]. In contrast, the MDR developed in our previous
research integrates the concept of power line health inspection with the damping properties
of aeolian vibration dampers [43], eliminating the need for complex climbing mechanisms.
By leveraging vibration control characteristics, the MDR enhances vibration mitigation by
positioning itself near anti-nodes and adapting to changing wind conditions [2, 44, 45, 46].
This capability is particularly advantageous when deploying a close-view camera system to
capture detailed images of the top of the conductor, as shown in Fig. 2.1. Finalizing this de-
sign was essential to ensure consistent and targeted data acquisition for developing a health

monitoring system based on image classification.

In this research, we retained the basic structure and gripping mechanism of the MDR but
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Figure 2.1: Conceptual design model of the MDR [2].

integrated essential components such as microcontrollers, a camera, and a power system. We
also developed software to automate image collection, including both capturing and driving
functions. Finally, a custom experimental setup was built to mount the robot onto the

conductor and facilitate image acquisition during testing.

o0 OJOd bbidgood booed

Modifications to the MDR focused on expanding its functionality while preserving its core
mechanical structure. As shown in Fig. 2.2, we added a camera, Raspberry Pi 3 B+,
motor controller, servo motor, portable charger, and Bluetooth module to enable close-range,
vision-based health monitoring. The robot’s outer shell was redesigned with flat surfaces to
simplify manufacturing and testing—particularly when using basic 3D printers. This design
simplification ensured consistent print quality and easier mounting of electronic components.
PLA was selected as the printing material due to its ease of use and compatibility with the

available 3D printers.

The robot features an adaptable gripping mechanism designed to accommodate conductors

of varying diameters. Four support rollers are arranged in a triangular configuration at the
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