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ABSTRACT

The rapid expansion of solar photovoltaic (PV) farms has increased the need for reliable
automated fault detection systems. To achieve optimal performance and effective
energy management in solar PV systems, it is crucial to detect faults in solar PV
modules at the early monitoring stage. Hotspot formation is one of the most critical PV
faults, often caused by shading, cell damage, or degradation, leading to power loss and
potential safety hazards. While thermal imaging effectively detects hotspots, variation
in emissivity, reflections, and temperature fluctuations can reduce localization accuracy
and affect hotspot severity classification. Moreover, classifying hotspot severity based
on temperature distribution remains a significant challenge due to the complexity of
thermal colour variations and the lack of standardized reference frameworks or
benchmarking criteria. A dual-input feature fusion strategy is introduced to integrate
thermal image features and temperature descriptors, improving hotspot severity
classification. This study proposes an automated hotspot localization and severity
classification for aerial thermal imagery using Convolutional Neural Network (CNN)
framework. Initially, a series of image pre-processing techniques such as image
annotation and resizing are applied to adapt with the CNN framework and training
process. This study proposes a two-tier semantic segmentation approach for the
automatic detection of hotspot regions in aerial thermal images of solar PV systems. In
the first tier, a semantic segmentation model is developed to isolate solar PV modules
from the background. Subsequently, in the second tier, a fine-grained semantic
segmentation model is used to segment and detect hotspot regions on the extracted solar
PV modules. For this study, three CNN models namely U-Net, ResNet-18 and ResNet-
50, were evaluated for hotspot segmentation and severity classification. Next, a novel
dual-input feature fusion strategy is introduced by combining CNN-derived features and
thermal descriptors for hotspot severity classification. This integration captures
complementary thermal information and enables more reliable severity assessment. To
further improve classification performance, an enhanced CNN model incorporating the
proposed dual-input feature fusion strategy is developed. Specifically, convolutional
layers from multiple DL models are concatenated to enhance multi-input hotspot
severity classification. Finally, the model's performance is evaluated using
classification metrics-based performance and compared with the solar thermographer
evaluation to validate the robustness and reliability. Overall, the enhanced CNN-based
framework significantly improves hotspot severity classification performance, with
ResNet-18 achieving a 23% accuracy improvement compared with the single-input
image-based model. The proposed approach extends existing hybrid and traditional
methods by integrating pixel-level hotspot localization with structured severity
classification in a fully automated framework. The developed framework provides a
practical solution for automated hotspot severity classification in PV thermal inspection
systems, supporting improved renewable energy monitoring and management.
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CHAPTER 1
INTRODUCTION

1.1 Research Background

In recent years, the global shift towards renewable energy (RE) has highlighted
the critical need for clean and reliable power generation technologies. A report from the
International Energy Agency (IEA) shows a rapid increase in the use of photovoltaics
(PV) [1], illustrating a growing transition away from fossil fuels toward solar-based
solutions. In Malaysia, the national RE target was revised in August 2023 to accelerate
the country's transition toward sustainable energy development [2]. Under this policy,
the contribution of RE to Malaysia’s electricity generation mix is targeted to increase
from 40% in 2040 to 70% by 2050 [3], [4]. This development underscores the need to
understand the operational challenges that arise as PV installations continue to grow,
particularly in ensuring long-term system reliability and performance.

Figure 1.1 presents the projected global capacity trends for primary energy
sources from 2020 to 2030, highlighting the continued expansion of renewable
technologies relative to coal-based generation. The rapid expansion of large-scale solar
farms requires efficient, scalable monitoring strategies to ensure optimal system
operation and minimize degradation. Consequently, the rapid growth of PV installations
increases inspection demands and underscores the need for automated, Unmanned
Aerial Vehicle (UAV)-based thermal monitoring to efficiently detect hotspots.

In real-world operating conditions, PV systems are exposed to significant
environmental and electrical variability, which can lead to localized overheating
phenomena known as hotspots. These hotspots are characterized by abnormal
temperature elevations within specific regions of PV modules and are commonly
associated with cell mismatch, partial shading, material defects, and material
degradation [5]. If not detected early, hotspots can reduce PV module efficiency.
Temperature differences of approximately 10 K and 18 K may result in efficiency losses
of about 4% and 7-10%, respectively, while prolonged thermal stress can compromise
long-term operational reliability [6]. In severe cases, persistent hotspot conditions may

accelerate module degradation, increase the likelihood of component failure, and pose



potential fire safety risks. Therefore, accurate localization and evaluation of hotspot
conditions are essential components of effective PV condition assessment.

Projected Global Electricity Generation Capacity by Source (2020-2030)
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Figure 1.1 Projected Global Electricity Generation Capacity for Solar PV, Wind,
Hydro, and Coal From 2020 to 2030 [7]

In this context, infrared (IR) thermal imaging has emerged as a widely adopted
non-destructive inspection technique for detecting thermal anomalies in PV systems.
Thermal imaging enables visualization of temperature distribution across PV modules,
allowing abnormal regions to be identified through thermal contrast. With the
advancement of UAVSs, aerial-based thermal inspection has significantly improved the
efficiency and coverage of large-scale PV monitoring [8]. Nevertheless, the accuracy
of UAV-based thermal inspection can be influenced by several factors, including flight
altitude, viewing angle, solar irradiance, wind conditions, surface emissivity, reflections
and thermal image resolution. In this study, visual imagery was used to provide
contextual information during data interpretation and hotspot verification, while
thermal imagery served as the primary input for hotspot localization and severity
classification. Furthermore, the combination of visual and thermal imagery provides
complementary structural and thermal information, thereby supporting more
comprehensive anomaly interpretation and verification.

As PV installations grow in complexity, automated hotspot localization and
severity assessment have become increasingly significant for automated monitoring

systems. Recent advancements in artificial intelligence (Al), particularly convolutional



neural networks (CNNSs), have demonstrated strong capability in extracting spatial and
semantic features from image data [9], [10]. The incorporation of semantic
segmentation techniques enables pixel-level classification, allowing precise localization
of hotspot regions within aerial imagery [11]. However, conventional hotspot detection
methods mostly rely on simple numerical value grouping [8], [12], threshold-based
temperature evaluations [13], [14], or manual visual examination [15]. In contrast,
semantic segmentation provides detailed spatial mapping of thermal anomalies,
facilitating a more comprehensive assessment of PV conditions [16]. Furthermore,
integrating severity classification enables hotspot regions to be categorized according
to their thermal intensity levels, supporting maintenance prioritization and decision-
making. In this study, hotspot severity level was determined based on temperature
characteristics, including the temperature differential (AT), and subsequently validated
through expert solar thermographer assessment.

Therefore, this study investigates hotspot localization and severity classification
in PV aerial thermal imagery using semantic segmentation and CNN. By integrating
UAV-acquired thermal and visual data, the research establishes a deep learning (DL)-
based framework for pixel-level hotspot delineation and multi-class severity
assessment. This approach can help reduce energy losses, minimize the risk of severe
thermal damage, and improve the reliability of large-scale PV systems. Furthermore,
the proposed framework aligns with the growing demand for automated, scalable PV

monitoring systems that support large-scale solar deployment.

1.2 Problem Statement

Hotspots in PV modules are localized thermal anomalies that can cause
persistent damage to the modules [17]. The presence of hotspots due to partial shading,
soiling, or inherent cell defects results in elevated temperatures, reducing the solar
panel's efficiency. However, conventional hotspot detection methods remain limited in
reliability, as most rely on manual visual inspection [18], simple threshold-based
temperature comparisons [19], or basic clustering of thermal values [20]. These
conventional approaches often struggle to distinguish true hotspot regions from minor
temperature variations caused by irradiance fluctuations, surface contamination, or

sensor noise, leading to inconsistent detection results [21]. Therefore, there remains a



need for an automated localization method that can distinguish true hotspot regions
from background thermal variations in aerial PV imagery.

Reliable thermal inspection of PV modules is essential for maintaining stable
energy production and enabling timely preventive maintenance, where hotspots play a
critical role in condition assessment. Although DL-based semantic segmentation has
been increasingly adopted for hotspot detection, most existing approaches rely on
single-stage models that directly segment hotspots, PV module and background classes
simultaneously from thermally complex scenes [19], [22]. In large-scale UAV-based
inspections, aerial thermal images often contain background interference, structural
variability across PV modules, and non-uniform temperature distributions, all of which
hinder consistent hotspot delineation. Performing hotspot segmentation without prior
isolation of PV modules reduces spatial discrimination and affects localization
reliability [23], [24]. However, limited studies have investigated a hierarchical
segmentation strategy that first isolates PV modules and subsequently localizes the
hotspot regions in UAV-based thermal imagery. These limitations demonstrate that
single-model segmentation lacks the structural refinement needed to effectively handle
the complexity of aerial thermal imagery. Therefore, a structured two-tier semantic
segmentation framework is expected to enhance hotspot localization by progressively
isolating relevant PV regions before detailed anomaly detection.

Furthermore, accurately assessing hotspot severity is therefore a significant
challenge in thermal-based PV inspection. Severity assessments that rely solely on
image appearance may be inaccurate, as the distribution of thermal intensities within
segmented hotspot areas can exhibit visual overlap even when the underlying
temperature differences are significant [25]. Similarly, temperature-threshold—based
approaches are highly sensitive to irradiance variability, ambient temperature
fluctuations, and sensor noise, which can obscure the true thermal deviation within
hotspot regions and reduce the reliability of severity assessment [19], [26]. These
limitations indicate that neither image-based features nor temperature-based features
alone provide sufficient discriminative information for robust hotspot severity
classification. Therefore, a feature extraction and fusion strategy is required to capture
complementary characteristics of the hotspots. By integrating temperature-based
features, including maximum temperature (Tmax), mMinimum temperature (Tmin),

reference temperature (Trer) and AT with CNN-derived thermal features extracted from



the segmented region of interest (ROI), a more comprehensive representation of hotspot
severity can be achieved.

Following the extraction of complementary features from segmented hotspot
regions, an additional challenge arises in developing a robust model for accurate hotspot
severity classification [27], [28]. Although CNNs have demonstrated strong capabilities
in thermal image analysis, conventional architecture primarily focuses on visual texture
and intensity patterns. As a result, these models are not designed to fully exploit
temperature-based information and often struggle to discriminate fine-grained hotspot
severity levels [29]. Furthermore, class imbalance and overlapping feature distributions
reduce the robustness of existing severity classification models. Besides, thermal
variations across different PV installations further limit the generalizability of these
models [30]. To address these challenges, the proposed framework employs
independent testing and expert validation to improve model robustness and
generalization performance. These limitations highlight the need for an enhanced CNN
model with an additional convolutional layer that incorporates a feature-fusion strategy
to integrate temperature-based features with CNN-derived thermal features. By
leveraging fused, complementary information, the enhanced model aims to achieve
more accurate and reliable classification of hotspot severity in solar PV thermal
inspection.

Despite recent advancements in automated hotspot severity classification, a key
limitation remains the lack of comprehensive validation against solar thermographer
assessments [31], [32], [33]. Existing studies frequently report high accuracy on
labelled datasets [34]. However, such performance does not necessarily reflect
reliability under real-world operating conditions, where expert interpretation remains
the reference standard for severity assessment [8], [40], [41], [42]. Moreover, few
studies systematically correlate automated severity predictions with expert-rated
severity scores, resulting in limited understanding of how well these models align with
domain knowledge during practical deployment [35], [36]. This gap highlights the need
for a comprehensive validation framework that evaluates model performance using
standard evaluation metrics and agreement analysis, such as Cohen's Kappa, against
expert assessments.

In summary, four key research gaps remain in the current literature. First,
existing hotspot localization approaches face challenges in accurately distinguishing

hotspot regions from complex thermal backgrounds in UAV-based imagery. Second,



current severity assessment methods often rely on either image-based or temperature-
based information alone, resulting in an incomplete representation of hotspots. Third,
conventional CNN architectures have limited capability to effectively integrate
complementary thermal information for accurate hotspot severity classification. Finally,
the lack of systematic validation against expert solar thermographer assessments limits
confidence in the practical applicability of automated hotspot inspection systems. These
research gaps motivate the development of the proposed framework presented in this

study.

1.3 Research Objectives

The main objective of this research is to develop an automated method for
hotspots localization and severity classification in solar PV modules based on aerial
thermal imagery. To achieve this objective, the work is divided into several components
and carried out systematically with four associated research objectives identified as
follows:

i To develop a new framework based on a two-tier semantic segmentation
with a hybrid image enhancement method to localize hotspot regions
accurately in solar PV aerial thermal images.

ii.  To develop a dual-input feature fusion strategy integrating hand-crafted
(HC) thermal features and CNN-based features from the segmented hotspot
regions obtained in (1) for hotspot severity classification.

iii. To propose an enhanced CNN model that incorporates the dual-input
features in (2) for accurately classifying hotspot severity conditions.

iv. To analyze the performance of the proposed CNN-based classification
model using standard evaluation metrics and validate the results through

expert solar thermographer assessment and statistical agreement analysis.

1.4  Research Scope

This research focused on developing an automated hotspot localization and

severity classification on solar PV aerial thermal imagery. The study’s scopes are as

follows:



a) Image Acquisition and Data Collection

The dataset used in this study was obtained from a utility-scale solar PV farm
located in Kelantan, Malaysia. The site was selected due to the availability of hotspot
occurrences, accessibility for aerial data acquisition, and suitability for thermal
inspection activities. The site also represents a typical large-scale PV installation
operating under the environmental conditions commonly encountered in Malaysia. It
comprises two types of imagery: visual and thermal images. Both image types were
captured simultaneously from the same aerial perspective, at the same height and angle
to ensure spatial alignment. Critical information in the visible-light spectrum is
provided by visual images, which enable identification of environmental context and
physical elements not visible in thermal imagery. Thermal imaging, on the other hand,
reveals temperature anomalies and heat distribution, which are essential for identifying
operational issues, such as hotspots. Combining thermal and visual modalities provides
a complete dataset that facilitates a more thorough examination of PV infrastructure.
This combination enhances inspection accuracy in solar PV system evaluations. It
enables a more comprehensive analysis of the site’s thermal behaviour and physical
layout, thereby supporting informed decision-making.

The images were captured using UAV. Accordingly, this study focuses
exclusively on aerial thermal and visual images for training and testing the CNN model.
A total of 670 thermal images and 670 corresponding visual images were collected for
this study. Although the dataset size is relatively limited, expert-annotated ground truth
data and pretrained DL models were utilized to support effective model training and
improve generalization performance. The study focused on a single PV installation
employing commercial PV modules. Since different PV technologies may exhibit
different thermal characteristics and hotspot patterns, the findings of this study are
limited to the panel technology available at the selected site. All images were collected
at a consistent flight altitude of approximately 15 m under similar image acquisition
conditions. Maintaining a consistent altitude helped ensure comparable image scale and
sufficient thermal resolution for hotspot detection across the dataset. This imaging
distance enables accurate thermal profiling of individual PV modules. As a result,
reliable hotspot detection can be achieved. The dataset supports a practical, application-
focused assessment of the proposed framework by reflecting actual PV system

operating conditions.



b) Methods Selection

The methodological design of this study is guided by the research objectives and
focuses on integrating image processing techniques with DL-based analysis. The
overall framework is structured into sequential stages, comprising hotspot localization,
feature extraction, and severity classification. For hotspot localization, a two-tier
semantic segmentation strategy is adopted to first segment PV modules from aerial
thermal images, followed by fine-grained segmentation of hotspot regions within the
extracted modules. The segmentation performance was evaluated using U-Net, ResNet-
18, and ResNet-50 architectures to determine the most suitable model for PV module
and hotspot localization. This staged segmentation design enables accurate ROI
extraction for subsequent analysis. Following segmentation, a dual-input feature-
extraction approach combines HC thermal features, including Tmax, Tmin, Tref, and AT,
with CNN-derived image features. The extracted features are then utilized by an
enhanced CNN architecture designed to perform hotspot severity classification. This
methodological selection provides a systematic and coherent framework for
implementing automated hotspot detection and severity assessment in PV thermal

inspection.

c) System Development and Use of Established Methods

The system algorithm was developed offline using MathWorks MATLAB®©
version R2023a. This algorithm is designed to detect and analyze hotspot regions from
thermal images of solar PV modules. Established image pre-processing techniques were
applied as preliminary processing steps prior to the proposed semantic segmentation
and classification framework. These operations included image annotation for ground
truth generation and image resizing to standardize the input data for subsequent hotspot
localization and severity classification. The Deep Learning Toolbox was utilized to
support the design and implementation of CNN architecture. This study focuses
exclusively on hotspot severity conditions rather than other types of solar PV faults.
Hotspot regions were identified and analyzed using DL-based feature extraction
techniques. Finally, the detected hotspots were classified into low, medium, and high
severity levels based on temperature characteristics, including the AT, and subsequently

validated through expert solar thermographer assessment.



d) Evaluation and Analysis

The performance of each step in the proposed framework is evaluated using a
thermal image dataset. Performance assessment for each research objective is
conducted using classification metrics, including accuracy, precision, recall, and F1-
score. Intersection over Union (loU) is adopted as the primary metric for hotspot
detection and segmentation because it provides a direct measure of the overlap between
the predicted and ground truth regions. To further validate the proposed approach, an
agreement analysis is conducted by comparing the algorithm's outputs with assessments
from experienced solar thermographers. Details regarding the thermographers’
qualifications, evaluation procedures, and agreement analysis are presented in Chapter
3.

1.5 Thesis Outline

This thesis report is organized into five chapters, each of which several sections
and subsections. It begins with a brief introduction to solar PV systems, providing an
overview of the importance and widespread use of these systems in the RE sector. The
introduction establishes the research context by highlighting key areas of concern and
outlining the challenges associated with maintaining the performance and longevity of
solar PV systems. Toward the end of the chapter, problem statements, the objectives,
and the scope of the thesis are defined.

Chapter 2 presents an extensive literature review, focusing on the fundamental
approaches for identifying and localizing hotspots within solar PV modules. The
chapter begins by discussing the fundamental characteristics of hotspot formation in PV
modules. Subsequently, the chapter reviews CNN-based approaches to hotspot analysis,
with an emphasize on widely adopted architectures such as U-Net and ResNet. The role
of CNNs in feature extraction and classification is then examined. In addition, recent
advancements in enhanced CNN models that improve detection accuracy and
robustness are discussed. The chapter then surveys past research on automated
segmentation and hotspot severity classification. This includes a review of the criteria
used for severity assessment and the integration of semantic segmentation with

classification frameworks. Finally, the limitations and research gaps in existing hotspot



detection and severity classification methods are identified. These gaps motivate the
development of the proposed methodology presented in subsequent chapters.

Chapter 3 deals with the proposed research methodology framework. The
method comprises five main parts, namely image acquisition, hotspot region
localization, feature extraction, hotspot severity, and system performance. In the image
acquisition section, the methods and equipment used to collect the images are described.
The technique begins with a pre-processing phase, which is crucial for investigating
localized solar PV hotspot regions in thermal images. This process improves data
quality and enhances relevant features, making the data more suitable for accurate and
effective hotspot detection algorithms. Next, identical solar PV modules are segmented
in an infrared image. This chapter also examines the classification process used to assess
the severity of hotspots on solar PV modules. The research methodology for the hotspot
severity classification model begins with image acquisition and concludes with the
evaluation of model performance.

Chapter 4 presents and analyzes the experimental results of the proposed
framework. The training and testing outcomes are explained in detail. This is followed
by a performance analysis comparing existing inspection approaches, including manual
delineation, with the proposed automated method. The results are organized according
to the methodological sections outlined in Chapter 3 to enable a systematic comparison
across both datasets. The chapter concludes with an evaluation of system reliability and
validity based on assessments provided by experienced solar thermographers.

Finally, Chapter 5 concludes and highlights the research's main contributions
and limitations. At the end of the chapter, some possible improvements and directions

for future research are suggested.
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CHAPTER 2
LITERATURE REVIEW

2.1 Introduction

The presence of faults, such as hotspots, significantly impacts the efficiency and
continuous operation of photovoltaic (PV) systems. Hotspots are localized thermal
anomalies that arise from internal or external issues within PV modules and serve as
early indicators of potential module failure. As PV installations expand in size and
complexity, the limitations of conventional defect detection methods have become
increasingly apparent. Consequently, researchers are developing intelligent, fully
automated systems to address these limitations. Since these systems aim to identify
hotspot localizations and classify their severity accurately, this chapter reviews the
literature related to the hotspot detection, localization and severity classification in PV
systems.

This chapter begins with an overview of hotspot phenomena in solar PV
modules and the associated thermal-based inspection techniques. The discussion covers
hotspot formation mechanisms, commonly adopted inspection approaches, and the key
challenges encountered in hotspot detection. The chapter then critically reviews DL—
based methods for hotspot analysis, with a focus on CNN-based approaches. This
review examines how CNNs have been applied for automated hotspot detection,
localization, and feature learning from thermal images. Subsequently, segmentation-
based techniques for hotspot detection in thermal images are reviewed, focusing on their
strengths, limitations, and research gaps. Finally, the chapter concludes by summarizing
the main findings and identifying research gaps that motivate the proposed methodology

in this study.

2.2 Characteristics of Hotspot in Solar Photovoltaic
Hotspots in PV modules are localized regions where the temperature

significantly exceeds that of the surrounding cells, primarily due to non-uniform current

flow within the array [17], [37]. Such thermal anomalies typically occur when one or
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more solar cells are partially shaded, cracked, or electrically mismatched, leading to
reverse-bias operation in the affected cells. Under these conditions, rather than
converting solar irradiance into electrical energy, the affected cells dissipate the
absorbed energy as heat, resulting in localized temperature increases. This phenomenon
is governed by Ohmic heating and reverse-bias conduction, which increase resistive
power losses (I'R) in the affected regions. In severe cases, excessive heat generation
may induce encapsulant browning, solder joint fatigue, or even fire hazards, thereby
compromising module integrity and operational safety [38]. Furthermore, elevated
operating temperature adversely affects PV performance, with efficiency decreasing by
approximately 0.4-0.5% for every 1°C increase in temperature [38]. The following
subsections further discuss mechanisms of hotspot formation and thermal-based

detection approaches.

2.2.1 Mechanism of Hotspot Formation

The mechanism of hotspot formation can be further explained through the
thermal runaway phenomenon, where elevated temperatures increase the cell’s
resistance, leading to further heating and a self-reinforcing feedback loop [39]. Over
time, these repetitive thermal stresses cause permanent structural deformation and
material degradation, including delamination and crack propagation within the
encapsulant layers. Such physical and electrical deterioration directly affects the
module’s current—voltage (I-V) characteristics, resulting in reduced fill factor and
efficiency losses. Under reverse-bias conditions, the affected cell behaves as a resistive
element, dissipating electrical energy as heat. The resulting current mismatch within the
PV string distorts the 1-V characteristics and reduces the output current and maximum
power output. Consequently, the fill factor and overall conversion efficiency decrease.

Figure 2.1 illustrates the mechanism of hotspot formation, showing how shaded
or faulty cells enter reverse bias and act as resistive elements, dissipating power as heat
at the P—N junction. The illustration indicates that internal currents within the hotspot
region produce excessive localized heating, raising the temperature well above standard
operating values. This not only reduces the PV module's immediate efficiency but also
triggers long-term degradation, including glass breakage, delamination, and internal

wiring failures.
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Figure 2.1 A Shaded or Defective Cell Becomes Reverse-biased, Dissipates
Electrical Energy as Heat, and Generates Localized Hotspots That
Accelerate Material Degradation and Reduce Module Reliability [40]

An electrical mismatch between interconnected solar cells generates localized
heating within PV modules creates a phenomenon widely recognized as hotspot
formation [41]. The hotspots typically arise when intrinsic material degradation,
microcracks, or partial shadowing cause one or more cells to operate at a reduced
efficiency. Under these conditions, the affected cells are driven into a reverse-bias state
by the current flowing from neighboring cells. Instead of converting solar energy into
electrical power, the defective cells act as resistive elements and consequently dissipate
electrical energy as heat at the P-N junction. The resulting resistive losses (I?R) induce
thermal anomalies that compromise module performance and long-term reliability [31].

Accurate interpretation of this mechanism is crucial because repeated cycles of
intense localized heating may trigger thermal runaway. This feedback process occurs
when increased resistance generates additional heat, further accelerating the
degradation of affected cells. Although the concept of thermal runaway has been widely
cited, most empirical studies [39], [42], [43] focus on short-term effects under
controlled shading scenarios. While controlled experiments provide valuable insights
into hotspot behaviour, these settings may not fully represent the real-world operating
conditions encountered in large-scale PV installations. In UAV-based thermal
inspections, hotspot characteristics can be influenced by varying irradiance levels,
environmental conditions, dust accumulation, module ageing, and complex fault
interactions. These factors introduce thermal variability that is often absent in laboratory
studies, making hotspot detection and severity assessment more challenging. Based on

research by Al Mahdi et al., the work has further shown that even high-efficiency PV
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modules are not immune to hotspot formation [44]. In addition, Ghosh et al. [45] have
confirmed that mismatched conditions arising from uneven dust deposition or partial
shading can cause temperature surges well above standard operational levels. For
instance, a thermal imaging study in [45] has documented hotspot areas reaching
temperatures exceeding 90°C, even during brief exposure to shade. While these findings
are significant, additional investigation into the threshold limits and thermal tolerance
of different PV cell materials could refine current understanding and inform material
selection for hotspot resistance [46].

The consequences of hotspot formation extend far beyond minor efficiency
losses. Repeated cycles of heating and cooling induce fatigue within the glass and
encapsulant materials, causing issues such as localized discoloration, interconnect
corrosion, and potential-induced degradation (PID) [47]. If left unaddressed, these
defects not only reduce energy yield but also shorten the module’s service life and
increase maintenance costs. In large-scale PV farms, even a small percentage of
defective cells can propagate systemic performance degradation and reduce overall
energy output. Such degradation may also pose significant financial and safety risks.

Understanding and identifying hotspot behavior is therefore critical for effective
PV system monitoring and preventive maintenance. Studies such as [48], [49] have
emphasized the integration of time-series thermal analysis with environmental
variables, including irradiance, temperature, and wind speed, to predict hotspot
initiation and evolution. The spatial intensity, shape, and growth dynamics of hotspots
can be characterized using advanced analysis techniques such as thermal differential
mapping and spatial intensity modeling. These insights provide a theoretical basis for
automated thermal inspection, supporting improved asset management, warranty

evaluation, and long-term system reliability.

2.2.2 Thermal-based Inspection for Hotspot Detection and Localization

Infrared (IR) thermography is the main method for detecting hotspots in PV
systems. This thermal-based inspection measures the surface temperature of a PV
module under normal operating conditions. The accuracy of thermal measurements
depends on several operational and environmental factors, including module emissivity,
viewing angle, irradiance level, wind speed, and electrical loading conditions.

Variations in these parameters can affect the observed thermal distribution and
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influence the visibility of hotspot regions. Therefore, thermal inspections are typically
conducted under stable operating conditions to ensure reliable hotspot detection and
localization. The technique is non-contact and non-destructive. Hotspots are localized
areas that show higher temperatures than adjacent cells. These areas are clear signs of
problems such as electrical mismatch, material degradation, or shading effects [17],
[50].

Thermal hotspot identification focuses on detecting abnormal heat generation in
PV modules. Detection is commonly achieved by analyzing absolute temperature
values, relative thermal contrast, or localized thermal irregularities observed in thermal
images. Such thermal signatures are frequently associated with partial shading, cell
mismatch, soiling, or micro-cracks, which disrupt current flow and induce localized
resistive heating [51]. Due to their ability to directly visualize these anomalies, IR
thermography has been widely used as an effective early warning tool to identify
potential hotspot formation before irreversible damage occurs [52].

In addition to detection, thermal-based localization aims to precisely delineate
the spatial dimensions and limits of hotspot areas. Initial localization methods relied
heavily on conventional thermal image-processing techniques, including global or
adaptive thresholding, region-growing algorithms, and clustering-based segmentation.
These methods carry out pixel-level or region-based hotspot delineation by utilizing
thermal gradients and spatial continuity in the temperature field [53], [54]. These
techniques exhibit low computational complexity and achieve accurate localization
under specified conditions. However, the performance of these methods is highly
dependent on image quality and thermal contrast. Thresholding techniques may fail
when hotspot boundaries are unclear or when temperature variations are non-uniform.
Region-growing approaches are sensitive to seed-point selection and may produce
inaccurate boundaries in the presence of thermal noise. Similarly, clustering-based
segmentation may struggle to separate hotspot regions from surrounding areas when
thermal distributions overlap. These limitations reduce localization reliability in
complex field environments and motivate the development of more robust deep
learning-based segmentation approaches.

Accurate hotspot localization is important because the quality of the extracted
hotspot region directly influences subsequent severity assessment. Inaccurate
localization may include irrelevant background information or exclude affected areas,

resulting in unreliable temperature measurements and degraded classification
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performance. Therefore, precise hotspot localization serves as a critical pre-requisite for
reliable hotspot severity classification.

Thermal-based inspection relies on the distinctive thermal patterns exhibited by
defective PV cells during operation. Hotspots exhibit clear local temperature increases,
strong thermal contrast with nearby cells, uneven heat distribution, and sharp
temperature changes at their edges [55]. These temperature patterns are the primary
indicators of hotspots in IR thermographic analysis. This method identifies unusual
areas without physical contact or interruption to system operation [52], [56].

Despite these advantages, thermal-based localization remains highly influenced
by environmental and operational variations. Factors such as non-uniform cooling
conditions, ambient temperature fluctuations, and surface emissivity variations can
significantly affect thermal contrast, leading to inconsistent hotspot boundaries and
potential false detections [57]. As a result, the reliability of hotspot localization may
vary across different PV installations and operating scenarios. In addition, many
classical thermal-based approaches rely on fixed threshold values or manual parameter
tuning, which limits their robustness and repeatability under changing environmental
conditions. These limitations restrict their applicability for large-scale PV monitoring,
particularly in utility-scale systems operating under diverse and dynamic conditions.
Table 2.1 summarizes key thermal characteristics commonly used in hotspot analysis,

together with their associated limitations that affect accurate hotspot localization.

Table 2.1
Summary of Thermal Characteristics and Limitations in Thermal-based Hotspot
Inspection
Aspect Description Limitation Implications for the
proposed method
Localized temperature ~ Hotspots appear as Magnitude affected by = Two-tier segmentation

elevation [31], [58]

Thermal contrast [8]

regions with
significantly higher
temperature than
surrounding cells

The temperature
difference between the
hotspot and
neighbouring cells
enables detection

irradiance and cooling
conditions

Reduced contrast
under non-uniform
illumination

framework improves
hotspot localization
accuracy

CLAHE and image
enhancement improve
hotspot visibility
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Aspect

Description

Limitation

Implications for the
proposed method

Thermal gradients [6]

Non-uniform heat
distribution [41]

Steep gradients at
hotspot boundaries
support spatial
localization

Irregular heat patterns
indicate electrical or
material defects

Gradient distortion due
to wind and emissivity
variation

May be confused with
benign thermal
variations

Semantic segmentation
enables more precise
hotspot boundary
delineation

Dual-input image and
temperature feature
fusion supports
severity classification

To address these challenges, thermal-based hotspot localization techniques have

gradually evolved from rule-based image processing methods toward data-driven

learning frameworks. Early approaches primarily relied on classical segmentation

techniques, such as thresholding, edge detection, and morphological operations. These

methods offered simplicity and computational efficiency. However, limited robustness

was observed under real-world operating conditions, as illustrated in Figure 2.2.
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Figure 2.2 Evolution of Hotspot Localization Techniques in PV Thermal Imagery
[28], [35], [59]

More recent studies have increasingly adopted Machine Learning (ML) and DL

approaches to improve hotspot localization accuracy and automation [14], [60], [61].
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ML-based methods introduced HC feature representations to enhance generalization,
whereas DL-based frameworks enabled automatic feature learning directly from
thermal images. These advances significantly improved localization performance and
reduced dependency on manual parameter selection.

Despite the progress made by ML and DL-based approaches, several
fundamental challenges remain unresolved. Hotspot localization accuracy can still
degrade under low thermal contrast, non-uniform irradiance, and complex background
conditions commonly encountered in field inspections. Moreover, many existing DL-
based methods focus primarily on spatial localization performance, with limited
consideration of severity-aware discrimination and boundary refinement under minor
thermal variations.

These unresolved issues highlight the need for more robust hotspot localization
strategies that can effectively suppress background interference, refine hotspot
boundaries, and provide reliable inputs for subsequent severity classification. The
following section further discusses these challenges and motivates the development of

the proposed segmentation and classification framework.

2.2.3 Issue and Challenges in Hotspot Detection and Localization based on
Thermal Imaging

Despite significant progress in thermal-based inspection and automated hotspot
localization, several unresolved issues continue to limit the reliability and scalability of
existing approaches. Current methods often struggle in real-world operational
conditions, where environmental variability, data acquisition constraints, and data
limitations introduce uncertainty into hotspot detection and interpretation. This section
critically reviews the key challenges associated with hotspot detection and localization
in PV systems, highlighting the limitations of manual inspection, UAV-based thermal
imaging, temperature variability, and data-driven learning frameworks. These

challenges include:

a) Limitations of Manual and Conventional Inspection Methods

Manual hotspot inspections rely on visual assessment and portable imaging

equipment [62]. These procedures are labour-intensive, time-consuming, and heavily
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reliant on the operator's expertise [63], [64]. Such approaches are impractical for large-
scale PV installations. Additionally, this method is also prone to subjective
interpretation, leading to inconsistent detection and localization, especially under
varying environmental conditions [64]. Differences in operator experience, camera
viewing angle, and subjective severity judgements may lead to varying interpretations
of the same hotspot condition, thereby reducing inspection consistency and
repeatability. Therefore, automated hotspot localization and severity classification

methods are required to reduce subjectivity and improve consistency.

b) Challenges Associated with UAV-based Thermal Inspection

UAYV thermal imaging can enhance inspection capabilities and reduce labour.
However, data quality can also be affected by several operational factors.
Inconsistencies in thermal patterns may be caused by variations in flight altitude, flight
speed and flight stability, as well as limitations in image resolution, camera focus,
positioning accuracy and viewing angle [65]. These factors may influence temperature
measurements, hotspot visibility and spatial localization accuracy, making reliable
hotspot detection more challenging in large-scale PV installations. Consequently,
maintaining consistent acquisition parameters is essential to ensure reliable hotspot

localization and subsequent severity classification.

c) Environmental and Temperature-Induced Variability

Thermal-based hotspot detection is highly sensitive to external environmental
factors, including irradiance fluctuations, wind-induced cooling, and ambient
temperature changes [66]. These factors can distort thermal contrast and obscure
inherent hotspot signatures, leading to false positives or missed detections. Such
variability remains a major obstacle to achieving robust and repeatable hotspot
localization across different operating scenarios. Furthermore, environmental
fluctuations may influence temperature-based descriptors and thermal distributions
extracted from hotspot regions. This thermal-feature instability may reduce the
reliability of severity assessment and increase the risk of misclassifying hotspot

severity.
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d) Limitations in Hotspot Localization and Severity Interpretation

Most existing studies focus on hotspot detection without explicitly quantifying
severity levels [67]. The absence of standardized severity interpretation limits the
practical value of thermal inspection, as visually similar hotspots may correspond to
significantly different degradation risks. This challenge is made worse when
localization methods rely solely on pixel intensity without integrating contextual or
temperature-based descriptors. Furthermore, hotspot localization alone does not provide
sufficient information for maintenance prioritization, as the severity and potential
impact of the detected hotspot remain unknown. Therefore, there is a need for integrated
approaches that combine accurate hotspot localization with severity classification using
both image and temperature-based features. Such integration can provide more
informative assessments to support condition monitoring and maintenance decision-
making in PV systems. This limitation highlights the need for a comprehensive
framework that integrates hotspot localization and severity classification using
complementary image and temperature information, which forms the primary

motivation of the present study.

e) Generalization and Dataset-Related Challenges

Data-driven hotspot detection models often exhibit limited generalization across
different PV sites due to site-specific training data and controlled experimental
conditions [31]. Furthermore, tropical climatic conditions, such as those encountered in
Malaysia, remain underrepresented in existing datasets [68]. This lack of diversity
restricts model adaptability and reduces confidence in real-world deployment across
varying climatic regions.

Collectively, these challenges highlight the limitations of existing hotspot
detection and localization frameworks in addressing real-world operational complexity.
The lack of robust severity interpretation, sensitivity to environmental variability, and
limited cross-dataset generalization underscores the need for more advanced automated
inspection frameworks. These research gaps motivate the development of the proposed
framework, which integrates a two-tier semantic segmentation approach for hotspot
localization, a dual-input feature fusion strategy combining thermal image and

temperature information for severity classification, and expert validation through solar
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thermographer assessment. The proposed framework aims to provide a more reliable
and practical solution for PV hotspot monitoring under real-world operating conditions.

23 Convolutional Neural Network (CNN) for Hotspot Classification in

Thermal Images

CNNs have been widely adopted for hotspot classification in thermal images
due to their ability to automatically learn discriminative features from complex spatial
and intensity patterns [21], [31]. In solar PV applications, CNN-based models have
demonstrated strong potential for analyzing thermal anomalies by capturing localized
temperature variations associated with hotspot regions. Compared with conventional
image-processing techniques, CNNs enable end-to-end learning without relying on HC
rules, making them well-suited for automated hotspot analysis. Despite their
effectiveness, applying CNNs to thermal hotspot classification presents several
challenges, including limited texture variation, visual similarity across severity levels,
and sensitivity to imaging conditions [69]. These challenges highlight the need for
appropriate  model architectures, feature-extraction strategies, and enhancement

techniques, which are reviewed in the following subsections.

2.3.1 CNN Model

CNNs are a type of DL model made to automatically learn features from images.
In PV thermal imagery, CNNs have demonstrated strong capability in identifying
thermal patterns associated with hotspot defects and variations in severity. Through
convolutional operations, CNN models can extract discriminative spatial features that
support automated hotspot detection, localization, and classification tasks [70]. Figure

2.3 illustrates the basic architecture of CNN-based classification.
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Figure 2.3 The Basic Architecture of CNN-Based Classification [61]

A typical CNN architecture consists of convolutional, activation, pooling, and
fully connected layers. These layers operate sequentially to extract features of
increasing complexity, ranging from low-level edges and textures to higher-level
thermal patterns associated with PV faults. The extracted features are subsequently used

for classification through the final output layer. Table 2.2 summarizes the functions of

the main CNN layers and their relevance to PV thermal image analysis.

Table 2.2

Roles and Functions of CNN Layers in Thermal Imagery Analysis for PV Systems [71]

CNN Layer Description Relevance to Thermal Imagery
Convolution Extracts feature from the input image Detects thermal edges and shapes
Layer using kernels. It captures spatial important for identifying PV faults.

Pooling Layer

Activation
Function Layer

Batch
Normalization
Layer

Fully
Connected
Layer (FCL)

Classification
Layer

hierarchies in the data.

Reduces spatial dimensions (width and
height) of feature maps while retaining
essential features.

Introduces nonlinearity into the model
using activation functions such as
ReLU or Sigmoid to enable learning of
complex patterns.

Standardizes the output of a preceding
activation layer, speeding training and
offering a degree of regularization.

Flattens feature maps into a single
vector by connecting all neurons in one
layer to all neurons in another.

Final layer that maps feature
representation  to  output  class
probabilities using  SoftMax  or
sigmoid.

Helps focus on hot or cold zones by
summarizing spatial regions.

Crucial ~ for differentiating  minor
temperature gradients present in hotspots.

Stabilizes  training across  varying
brightness levels in thermal images.

Transforms learned features for final
decision-making (e.qg., fault or no fault).

Classifies input as hotspot, crack,
shading, or normal zone in PV modules.
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Despite the promising performance of CNNs in PV thermal inspection, several
limitations remain. CNN models are highly dependent on the quality and quantity of
training data, which may affect model generalization under varying environmental and
operating conditions. In addition, conventional CNN architectures primarily rely on
image-based information and may not fully exploit temperature-related descriptors that
are directly associated with hotspot severity. Consequently, visually similar thermal
patterns may correspond to different degradation levels, leading to uncertainty in
interpreting severity. Furthermore, variations in irradiance, ambient temperature, and
thermal contrast may affect the reliability of feature extraction and classification. These
limitations highlight the need for more advanced approaches that integrate
complementary thermal information to improve the assessment of hotspot severity.
Therefore, although CNNs provide effective feature extraction, additional approaches

are required to enhance hotspot localization and severity assessment in PV systems.

2.3.2 Model Architecture

CNNs are widely used to detect and classify hotspots in PV thermal imagery
[72], [73], [74]. These models learn hierarchical spatial features directly from image
data, enabling effective representation of complex thermal patterns. Unlike
conventional rule-based or HC feature approaches, CNN-based models can capture
complex thermal patterns and contextual information that are critical for accurate
hotspot localization and severity interpretation. This section reviews the CNN
architecture used across various research areas, focusing on its structural design and

feature representation capabilities.

2.3.2.1 U-Net Architecture

In many vision applications, including image processing, deep neural networks
are crucial, especially for segmenting high-resolution images. For example, research
by [75], [76] proposed a U-Net-based approach to segment hotspot regions in solar PV
modules. U-Net is a widely adopted DL-based architecture for image segmentation,
particularly in applications that require accurate pixel-level localization [77]. Its

symmetric encoder—decoder structure facilitates hierarchical feature learning during
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segmentation. Skip connections further preserve both low-level spatial details and high-
level semantic information.

The encoder path performs successive down-sampling operations to extract
hierarchical feature representations. The decoder path restores spatial resolution
through up-sampling to generate dense pixel-wise predictions. The characteristic U-
shaped architecture facilitates effective feature fusion across multiple scales, which has
been shown to improve segmentation performance in complex imaging scenarios [78] .

Figure 2.4 presents a representative U-Net architecture, illustrating the encoder—
decoder structure and skip connections commonly employed for pixel-level
segmentation tasks. This architectural design has been widely adopted in the literature

for its effectiveness in preserving spatial information during segmentation.

512x512

5122512

conv 3x3, RelU
copy and crop
‘ max pool 2x2

f up-conv 2x2

=  conv I1x1

Figure 2.4 U-Net Architecture for Hotspot Region Segmentation in Solar PV thermal
Images [79]

To further enhance segmentation accuracy, several studies have proposed
modified U-Net architectures that incorporate attention mechanisms within the skip
connections. These attention-based variants aim to emphasize relevant feature
activations while suppressing less informative responses. This mechanism contributes
to improved model robustness and generalization. Previous studies indicate that
attention-based architectural enhancements improve the robustness of segmentation in
thermal imagery. This is especially important in the presence of low-intensity
temperature variations and background noise [81], [82].

Although attention-based U-Net variants have demonstrated improved
segmentation performance in several studies, the additional attention modules increase

model complexity and computational requirements. Furthermore, the objective of this
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study is not to develop a new segmentation architecture, but to evaluate and compare
representative segmentation models within a unified framework for PV hotspot
localization. Therefore, the standard U-Net architecture was selected as the baseline
segmentation model due to its established performance, simplicity, and widespread

adoption in thermal image segmentation studies.

2.3.2.2 ResNet Architecture

Residual Networks (ResNet) are deep neural network architectures that
introduce shortcut connections, including identity mappings, to facilitate the training of
very deep models [80]. These shortcut connections enable more effective gradient
propagation during backpropagation. As a result, the vanishing gradient problem
commonly encountered in deep CNN is reduced.

The central concept underlying ResNet is residual learning, in which the
network learns a residual mapping rather than a direct transformation. By allowing
information to bypass one or more layers through identity connections, ResNet
architectures enable deeper networks to be trained without significant performance
degradation. As a result, ResNet models have demonstrated strong performance in
image recognition and classification tasks, maintaining high accuracy even as network
depth increases.

Previous studies have extensively adopted ResNet architectures for image
classification due to their ability to learn deep and discriminative feature representations
efficiently [81]. More recent research has explored the application of ResNet-based
models in thermal image analysis and PV fault classification. In these applications,
robust feature learning is required under varying imaging conditions and limited texture
information.

Figure 2.5 illustrates a representative ResNet residual block, which serves as the
fundamental building unit of the ResNet architecture. Within each residual block, the
input is transformed through a series of weighted layers and then combined with the

original input via an identity shortcut connection.
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Figure 2.5 ResNet Residual Block Illustrating the Identity Shortcut Connection [82]

The residual mapping can be mathematically expressed as follows:

y=F(x) +x (2.1)

Where F(x) represents the transformation learned by the weight layers, and x is
the original input passed through the shortcut connection. This structure helps mitigate
the vanishing-gradient problem, enabling deeper networks to learn effectively without
performance degradation.

By focusing on learning residual representations, ResNet architectures simplify
the optimization process and improve training stability in deep networks. These
characteristics make ResNet-based models particularly well-suited to hotspot severity
classification tasks, where effective discrimination is required despite visual similarity

among thermal patterns.

a) ResNet-18

ResNet-18 is a widely used variant of the Residual Network architecture,
characterized by its relatively shallow depth of 18 layers. It employs basic residual
blocks consisting of two convolutional layers with batch normalization and ReLU
activation, followed by identity shortcut connections [83]. This design enables effective
gradient propagation while maintaining a lower computational complexity compared to
deeper ResNet variants [81]. Due to its balanced trade-off between representational
capacity and computational efficiency, ResNet-18 has been frequently adopted in image
classification tasks. This is particularly the case when training data or computational
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resources are limited. Several studies have reported that ResNet-18 achieves
competitive performance while offering faster training and inference times [84], [85].
These characteristics make it well-suited for time-critical and resource-
constrained applications. In thermal image analysis, ResNet-18 has been explored for
anomaly and fault classification tasks. These applications require robust feature
extraction despite limited texture variation and low contrast in thermal images. Its
relatively shallow architecture helps reduce the risk of overfitting while still enabling
effective discrimination of thermal patterns associated with different fault conditions.
As a result, ResNet-18 is often regarded as an attractive baseline model for hotspot
detection and severity classification in solar PV systems. This is particularly relevant in

scenarios that demand efficient and reliable performance.

b) ResNet-50

ResNet-50 is a deeper and more complex variant with 50 layers. It employs
bottleneck residual blocks, which consist of three layers: a 1x1 convolution layer for
dimensionality reduction, a 3x3 convolution for feature extraction, and another 1x1
convolution layer for dimensionality restoration. This bottleneck design reduces the
number of parameters while enabling deeper network construction and improved
representational capacity. Due to its greater depth, ResNet-50 can capture more
complex and fine-grained feature representations than shallower variants. Studies by
[86] have shown that the enhanced representational capacity of ResNet-50 leads to
superior performance in applications requiring high precision and detailed feature
learning. However, the increased architectural complexity also results in higher
computational demands and longer training and inference times.

In image classification and visual recognition tasks, ResNet-50 has been widely
adopted where sufficient training data and computational resources are available. In
segmentation applications, ResNet-50 is commonly employed as an encoder backbone
to extract discriminative features prior to pixel-wise prediction. However, this increased
depth also meant that ResNet-50 required more computational resources and longer
training and inference times than ResNet-18. These characteristics make ResNet-50
suitable for hotspot severity classification tasks that demand higher precision under

challenging thermal imaging conditions.
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The ResNet-50 model, like ResNet-18, benefited from transfer learning by
utilizing weights pre-trained on the ImageNet dataset. Although ImageNet consists
primarily of natural RGB images rather than thermal imagery, transfer learning remains
beneficial because the lower layers of CNN models learn generic visual features such
as edges, textures, and spatial patterns. These features can still provide useful
initialization for thermal image analysis, particularly when the available thermal dataset
is limited. However, domain differences between RGB and thermal imagery may reduce
feature transferability, necessitating fine-tuning using domain-specific thermal images.

It was trained on the same annotated thermal images and optimized using similar
techniques, including cross-entropy loss and data augmentation. Despite its higher
resource demands, ResNet-50 achieves superior performance in hotspot identification

and classification, making it suitable for applications requiring high precision.

2.3.3 Feature Extraction

Feature extraction is a crucial phase in CNN-based hotspot classification. This
process transforms an unprocessed image into representations appropriate for learning
and decision-making. In contrast to traditional HC descriptors, DL utilizes layered
convolutional networks for automatic feature extraction [87]. Consequently, it allows
the network to promptly acquire key features and spatial patterns from the data. For PV
thermal images, where hotspot characteristics may vary in size, shape, and condition
depending on operational conditions, this capacity is particularly important.

Despite these advantages, CNN-derived features mainly rely on visual and
spatial information from the image [87]. This means that areas that look the same might
have different severity levels if the temperature distribution is different. This issue is
important in thermal-based analysis, where severity is usually determined by actual
temperature values rather than appearance alone. Therefore, relying solely on image-
based features can make it difficult for CNN models to consistently distinguish severity
levels across different situations. Visually similar hotspot regions may correspond to
substantially different temperature distributions, as reflected by variations in Tmax, Tmin,
Tref, and AT. Since hotspot severity is closely associated with the magnitude of
temperature elevation rather than visual appearance alone, image-based CNN features
may not adequately capture the thermal characteristics required for reliable severity

assessment. Consequently, incorporating temperature-based descriptors alongside
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image features can provide complementary information and improve discrimination of
hotspot severity.

DL-based feature extraction demonstrates superior performance compared with
conventional HC features in hotspot detection and classification tasks [88]. By
automatically learning hierarchical feature representations from thermal imagery, CNN
models can capture complex spatial patterns, temperature gradients, and contextual
information that are difficult to represent using manually engineered descriptors alone
[89]. These capabilities contribute to improved hotspot localization, reduced false
detections, and enhanced severity classification performance across different PV
operating conditions [5]. Consequently, CNN-based approaches have become the
dominant paradigm for automated hotspot analysis in PV thermal imagery.

Despite these advantages, CNN-derived features remain primarily driven by
visual and spatial information contained in the thermal image. As a result, visually
similar hotspot areas may be associated with different severity levels when the
underlying temperature distribution is different. This limitation is particularly relevant
in thermal-based analysis, where severity assessment often relies on quantitative
temperature information rather than appearance alone. Therefore, relying on image-
based features may limit the ability of CNN models alone to achieve consistent severity
discrimination across a variety of operational scenarios.

This finding underscores the need for a feature representation that extends
beyond visual descriptors. Adding data such as temperature-related or contextual
features can help identify features and improve classification accuracy. This motivation
forms the basis for developing an enhanced or hybrid CNN model, discussed in the next

subsection.

2.3.4 CNN Feature Fusion Strategy

Accurate classification of hotspots in PV thermal imagery requires feature
representations that capture both spatial characteristics and underlying thermal
behaviour. DL models demonstrate strong capabilities for learning specific visual
patterns. However, hotspot severity is closely associated with temperature-related
characteristics that may not be adequately represented by image appearance alone. As
a result, image-based representations may provide insufficient information for reliable

severity assessment across diverse operational and environmental conditions [90]. In

29



practical PV monitoring scenarios, visually similar hotspot patterns may correspond to
different levels of degradation risk, which underscores the need for richer feature
representations. As a result, enhanced feature-extraction strategies have attracted
increasing attention to improve robustness and operational relevance in hotspot
analysis. Together, these considerations motivate the exploration of feature
representations that extend beyond single-modality learning.

Feature fusion has emerged as an effective strategy for improving feature
representation by integrating complementary information from multiple data sources.
In PV thermal imagery, integrating CNN-derived image features with temperature-
based descriptors can provide both spatial and thermal information relevant to assessing
hotspot severity. Such a dual-input representation has the potential to improve severity
discrimination by capturing information that may not be adequately represented by
either modality alone. This motivation forms the basis of the dual-input feature fusion
strategy investigated in the present study.

CNN-only approaches rely on spatial and intensity-based image features. These
models localize hotspots effectively but may struggle to distinguish severity levels when
visual patterns appear similar, even if the temperature distribution differs [91]. This
limitation reduces the reliability of severity classification. Particularly when thermal
contrast is influenced by environmental conditions or sensor variability. As a result,
visually comparable hotspot regions may be assigned similar severity labels even
though they represent different degradation risks. Such constraints highlight the need
for complementary feature representations to support more accurate and robust
assessment of hotspot severity.

In contrast, HC feature-based methods use predefined temperature features and
statistical measures. At the same time, it offers interpretability but limited adaptability.
These approaches are often sensitive to threshold selection and domain-specific
assumptions, which restrict generalization across different PV systems and climatic
conditions [19]. Furthermore, the complex spatial information in thermal images may
not be fully represented by HC features alone. As a result, neither CNN-only nor HC-
only approaches consistently meet the requirements for accurate, scalable hotspot
severity classification.

In classical ML approaches, HC features are commonly employed to represent
texture, intensity, and statistical characteristics extracted from thermal images.

However, these approaches rely heavily on manually designed feature representations
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and may not fully capture the complex spatial and thermal patterns associated with PV
hotspot analysis. Consequently, the effectiveness of HC features often depends on
domain expertise and feature selection strategies, which may limit generalization across
different operating conditions. In contrast, this study employs deep extraction via CNN-
based architectures and integrates temperature-related features to assess their impact on
severity classification performance.

Table 2.3 summarizes the characteristics of CNN-only, HC-only, and hybrid
feature-fusion approaches for hotspot severity classification. The comparison indicates
that hybrid feature fusion combines the strengths of both approaches by integrating
spatial information extracted by CNN models with explicit temperature-based

descriptors, thereby providing a more comprehensive representation of hotspot severity.

Table 2.3
Comparison of CNN-only, HC-only, and Hybrid Feature Fusion Approaches for
Hotspot Severity Classification

Aspect

CNN-only Features

HC-only Features

Hybrid Feature
Fusion

Feature source

Spatial information

Temperature
information

Feature extraction
Interpretability

Generalization
capability

Severity
discrimination

Image-based deep
features

Excellent

Indirectly represented

Automatic

Moderate

Good

May be limited when

hotspots appear
visually similar

Temperature
descriptors and
manually designed
features

Limited

Explicitly represented

Manual
High
Limited

May miss complex
spatial patterns

CNN-derived image
features and
temperature
descriptors
Excellent

Explicitly represented

Automatic and manual
Moderate to high
Improved

Improved through

complementary feature
representation

Several studies have demonstrated that combining HC and DL features can
boost model performance by leveraging the strengths of both approaches [92], [93].
Both HC and DL feature-extraction methods have advantages. HC features are
computationally efficient and generalize well across domains but require domain

expertise and may miss complex patterns. DL features, while computationally
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expensive, excel at capturing intricate patterns in data, especially in large datasets.
Combining the two approaches often leads to superior performance by leveraging
complementary feature representations.

The complementary strengths of DL-derived spatial features and temperature-
aware HC descriptors motivate the development of hybrid CNN-based frameworks.
Hybrid models integrate CNN-extracted feature maps with explicit thermal descriptors.
This approach jointly represents visual structure and quantitative temperature
information. Recent studies show that hybrid strategies improve discrimination between
visually similar hotspots with different severity implications [94], [95]. This integration
also enhances robustness under environmental variability and improves cross-dataset
generalization performance. Moreover, hybrid feature representations enhance
interpretability and yield more reliable assessments of hotspot severity. These
advantages provide a strong foundation for employing enhanced CNN models in
advanced PV hotspot classification systems.

2.4  Review of Past Research in Automated Segmentation and Severity

Classification of Hotspot Thermal-based Images

Research on automated analysis of PV hotspot thermal imagery has advanced
significantly over the past decade, driven by advances in image processing, ML, and
DL. Early studies focused mainly on conventional image processing methods for
hotspot detection [96], [97] . Building on these methods, more recent work has explored
semantic segmentation frameworks to achieve accurate localization of the hotspot
region [16], [53]. At the same time, increasing attention has been directed toward
hotspot severity classification to support condition assessment and maintenance
decision-making. This section reviews prior research on automated hotspot analysis,
with emphasis on conventional techniques, semantic segmentation approaches, and
severity classification strategies applied to thermal images. The review critically
examines methodological trends, performance achievements, and existing limitations,

thereby identifying research gaps that motivate the proposed framework.
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2.4.1 Conventional and Learning-Based Techniques for Hotspot Segmentation

In solar PV hotspot detection, localization is the process of identifying the exact
areas in thermal or infrared images that show unusual temperature signatures [68].
Accurate localization is essential not only for isolating defects but also for subsequent
tasks such as performance optimization, preventive maintenance, and severity
classification [68], [98].

Traditional image processing methods are widely adopted due to their
interpretability, low computational complexity, and suitability for real-time deployment
in resource-constrained environments [99]. Common techniques include global and
adaptive thresholding, Otsu-based segmentation, region growing, edge detection, and
morphological operations applied to temperature-differential maps [100], [101], [102] .
However, these methods often exhibit limited robustness to temperature variations,
sensor noise, and non-uniform thermal gradients, which restrict their performance under
real-world operating conditions [103].

To address these limitations, learning-based approaches such as Support Vector
Machines (SVM), k-Nearest Neighbors (k-NN), Random Forest, and Artificial Neural
Networks (ANN) have been introduced to enhance feature-based classification
capability. More recently, DL architecture including CNNs and U-Net-based semantic
segmentation models have been applied for automated hotspot localization.
Nevertheless, overall performance remains highly dependent on the availability of well-
annotated datasets and the quality of HC feature design [104], [105].

With the introduction of DL approaches, the debate surrounding hotspot
localization has intensified. Several studies report that CNN-based models achieve
superior precision and generalization compared to classical and traditional ML
techniques [99], [105]. However, these models usually require large-scale annotated
datasets and substantial computational resources and may also exhibit lower
interpretability [106]. To address these issues, hybrid systems that combine traditional
pre-processing with ML or DL-based feature extraction have emerged as promising
compromise solutions, effectively balancing efficiency and performance [88], [107].

The advantages and limitations of each localization method reveal
complementary characteristics. Classical approaches offer superior processing speed
but exhibit reduced robustness in complex backgrounds. Conventional ML techniques

demonstrate improved generalizability. However, scalability remains limited without
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robust engineering features. Although DL-based models require substantial
computational resources, these architectures automatically learn hierarchical feature
representations that address such limitations.

In conclusion, classical, ML, and DL-based localization strategies each offer
distinct advantages. However, persistent challenges remain in integrating severity, real-
time deployment, and dataset diversity. These limitations highlight the need for a more
comprehensive framework that combines accurate hotspot localization with reliable
severity assessment. Therefore, this study proposes a two-tier semantic segmentation
framework for precise hotspot localization, followed by a severity-aware CNN
classification framework that integrates image and temperature information for hotspot
severity assessment. This integrated approach forms the foundation of the methodology

presented in this thesis.

2.4.2 Semantic Segmentation for Hotspot Localization based on Thermal Image

Semantic segmentation has become a widely adopted and effective technique in
the analysis of PV systems, especially for identifying and localizing hotspot defects in
thermal imagery. Unlike traditional object detection methods that rely on bounding
boxes, semantic segmentation assigns class labels to each pixel, thereby enabling
precise delineation of boundaries between healthy and defective regions. This pixel-
level accuracy is particularly valuable for detecting small, localized faults such as
delamination, microcracks, or emerging hotspots, which may not be captured
adequately using conventional inspection techniques.

Recent DL architectures, such as U-Net, DeepLabv3+, and SegNet, have been
successfully applied to segment hotspot regions from thermal infrared and
electroluminescence (EL) images. While thermal imaging is effective for identifying
temperature anomalies associated with hotspot formation, defects such as microcracks
and early-stage delamination are often more effectively detected using EL imaging.
Thermal imaging becomes useful when these defects generate measurable thermal
signatures that manifest as localized temperature variations. U-Net, with its symmetric
encoder—decoder structure and skip connections, effectively preserves spatial detail and
demonstrates high accuracy in detecting small-scale anomalies in PV modules [108].
This architecture is particularly effective when applied to high-resolution aerial thermal

images collected via drone platforms, enabling real-time, non-invasive PV inspection.
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An enhanced version of the original DeepLab architecture, DeeplLabv3+,
combines an encoder—decoder framework with atrous spatial pyramid pooling to collect
multi-scale context and perform fine boundary detection. This design allows
DeepLabv3+ to perform robustly even with noisy or low-contrast thermal images,
making it particularly valuable in dense module arrays where hotspot boundaries are
difficult to distinguish [109]. ResNet-based architectures are also widely adopted as
encoder backbones in semantic segmentation frameworks due to their residual learning
capability. The residual connections facilitate the training of deeper networks by
mitigating gradient degradation and enabling more effective feature extraction. In PV
thermal imagery, ResNet backbones have demonstrated strong performance in
capturing thermal patterns and object boundaries, making them suitable for hotspot
localization tasks. Consequently, ResNet-18 and ResNet-50 have been extensively
integrated into segmentation frameworks such as DeepLabv3+ to improve localization
accuracy and feature representation.

In contrast, SegNet employs a symmetric encoder-decoder architecture that
prioritizes computational efficiency and memory optimization. Unlike U-Net, SegNet
utilizes pooling indices from the encoder during the up-sampling process, reducing the
number of trainable parameters while preserving spatial information [110]. These
characteristics make SegNet suitable for real-time and resource-constrained
applications. However, the absence of skip connections may limit its ability to recover
fine boundary details, particularly when segmenting small hotspot regions in thermal
imagery.

Additionally, the accuracy of boundary delineation between hotspot and non-
hotspot regions has been improved by incorporating edge-aware modules, attention
mechanisms, and multi-resolution inputs into PV systems’ semantic segmentation.
Such improvements have broadened the application of semantic segmentation beyond
hotspot detection, enabling tasks such as module-level labelling, fault classification, and
shading analysis [109], [110]. In these processes, image pre-processing techniques such
as contrast enhancement (e.g., CLAHE) and denoising filters (e.g., Non-Local Means)
are commonly applied to improve image quality and increase model robustness. An
essential step in thermal imaging is detecting temperature gradients, which are often
minor and therefore sensitive to external interference. A detailed comparison of the
main semantic segmentation models applied in PV hotspot detection is presented in
Table 2.4
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Table 2.4

Comparison of Semantic Segmentation Models for PV Hotspot Detection

Model Dataset Type Evaluation Performance Advantages Limitations Relevance to PV Study
Metrics Hotspot Localization
Customized U- UAV thermal Mean loU Mean IoU = 0.905 Accurate pixel-level Performance affected Directly relevant to [112]
Net infrared segmentation of by blurry thermal UAV-based hotspot
orthomosaics from overheated PV boundaries and thermal localization in PV
31 PV sites modules in aerial image resolution thermal imagery
thermal imagery limitations
U-Net, PSPNet, 593 EL images of  mloU, Recall DeepLabv3+ achieved Effective pixel-level Crack segmentation Demonstrates the [113]
DeepLabv3+ PV cells highest average defect ~ defect localization and  remains challenging effectiveness of
mloU (0.28) and crack boundary delineation due to sparse and semantic segmentation

Attention-Based
SegNet (VGG16
+ CBAM)

U-Net with
VGG16 Encoder

29-class EL image
dataset

EL images (In-
house + ELPV
dataset)

Dice, IoU,
mloU,
Precision,
Recall, F1-score

Precision,
Recall, F1-
score, Expert
Validation

recall (0.86)

Dice = 94.08%, mloU
=91.01%, F1-score =
95.38%

F1-score = 0.9064
(Dark Zone), 0.9083
(Busbar), 0.6557
(Crack)

Attention mechanism
improves feature
representation and fine
defect segmentation

Includes expert
validation and multiple
datasets

irregular defect
morphology

Performance remains
sensitive to annotation
quality and very small
defects

Crack detection
remains difficult and
evaluation is limited to
laboratory conditions

for PV defect
localization

Shows the potential of
attention-enhanced
segmentation for
accurate defect
localization

Highlights the
importance of accurate
segmentation and
expert validation

[114]

[115]
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In summary, semantic segmentation provides a high-resolution and automated
approach for hotspot localization in PV systems. By combining advanced DL
architectures with image pre-processing techniques, these methods improve the
accuracy and reliability of hotspot detection. However, most existing studies primarily
focus on hotspot localization and defect segmentation, with limited attention given to
hotspot severity classification and expert-based validation. Furthermore, the integration
of temperature-related information into severity assessment remains underexplored.
These limitations highlight the need for a comprehensive framework that combines
accurate hotspot localization, severity classification, and expert validation, which
motivates the proposed methodology in this study.

2.4.3 Hotspot Severity Classification based on Enhanced CNN Model

The severity classification of hotspots in solar PV systems is critical in ensuring
the operational reliability and long-term performance of solar PV modules.
Furthermore, it contributes to optimizing overall system efficiency and extending its
service lifespan. Hotspots are localized areas on solar PV modules that exhibit higher
temperatures compared to the surrounding areas, often indicative of underlying defects
or inefficiencies. Solar PV hotspot classification involves the identification, analysis,
and categorization of hotspots in solar PV systems to prevent performance degradation
and ensure the longevity of the system [111]. Accurately classifying the severity of
these hotspots is essential for effective maintenance and preventing potential damage
or performance loss in the solar PV module.

The classification of hotspot severity has undergone multiple separate stages of
development. Basic thermography and manual inspections were the mainstays of early
research, though these methods were constrained by subjectivity and inefficiency,
despite providing valuable information on thermal conditions [112]. Between 2010 and
2015, infrared thermography became widely adopted, enabling non-invasive thermal
imaging of PV modules with greater precision [113]. From 2015 to 2020, the
introduction of UAVs revolutionized PV monitoring by allowing large-scale inspection
at reduced cost and higher efficiency [114], [115]. Since 2020, studies have been
focusing more on Al and DL methods, such as CNNs and semantic segmentation, which
aid in automatic detection and severity classification [116], [117]. The progression from
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manual processes to Al-driven approaches illustrates the field’s movement towards

more robust, scalable, and adaptive frameworks, as summarized in Table 2.5.

Table 2.5

Timeline of Hotspot Severity Classification in PV Systems

Period Key Development Description Representative
Studies
Before 2010  Manual inspection Hotspots detected visually or with [112]
and basic handheld infrared cameras. Methods
thermography were labour intensive, subjective, and
limited in scalability.
2010-2015 Infrared Systematic use of infrared cameras for [6], [86]
thermography anomaly detection in PV modules.
integration Enabled non-invasive and more reliable
detection  compared to  manual
inspection.
2015-2020 UAV-based imaging  UAVs deployed for aerial thermal [114], [115]
imaging, allowing large-scale PV plant
inspections with reduced cost and higher
efficiency.
2020-2025  Al-driven Application of machine learning and [116], [117]
classification (CNN, deep learning techniques for automated
DL, semantic hotspot  detection and  severity
segmentation) classification.  Enabled  multi-class
categorisation and predictive

maintenance frameworks.

Despite these advances, several challenges remain unresolved. Most recent
studies focus primarily on hotspot detection or localization, while limited attention has
been given to comprehensive hotspot severity assessment. EXisting Al-based
approaches often rely solely on image features and may not adequately incorporate
temperature-related information that is directly associated with hotspot severity.
Furthermore, variations in severity definitions, environmental conditions, and dataset
characteristics continue to affect model generalization and result consistency across
different PV installations. The lack of expert-based validation further limits confidence
in the practical deployment of automated severity classification systems. These
limitations indicate that accurate hotspot localization alone is insufficient and highlight
the need for integrated frameworks that combine localization, severity classification,

and expert validation.
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Two dominant perspectives are reflected in the literature. One group of studies
argues that binary classification provides sufficient information for maintenance
decision-making [61]. According to a different group, multi-class severity
categorization, which differentiates between mild, severe, and critical irregularities, has
greater practical utility [118]. Similar debates exist regarding rule-based threshold
methods, which are interpretable and straightforward, and Al-driven approaches, which
are more precise but computationally intensive [118].

Despite being practical and straightforward to use, binary classification
techniques lack the severity granularity required to prioritize maintenance interventions.
Binary classification only differentiates between normal and faulty conditions,
providing limited information regarding the severity of hotspot degradation. In practical
PV maintenance, hotspots with different severity levels may require different
intervention priorities and response times. Therefore, multi-class severity classification
offers greater practical value by supporting condition-based maintenance and more
effective resource allocation. On the other hand, multi-class severity systems rely on
high-quality annotated datasets and computational resources to deliver targeted
maintenance recommendations [27], [119]. Moreover, Al-driven models often struggle
to generalize, as training data from specific environments does not transfer well to other
climates [120]. A lack of alignment in severity classification criteria remains a
persistent challenge, as varying definitions and threshold values across studies limit the
consistency and comparability of reported findings [121].

Clear patterns emerge when results from several sources in the literature review
are integrated. When paired with Al frameworks, UAV-based imagery improves
scalability and cost-effectiveness, enabling real-time monitoring of huge PV plants
[114], [115]. Hybrid methods that combine thermal and electrical imaging further
improve reliability [121]. Existing research contributes to SDG 7 and SDG 9 through
improved PV system monitoring and operational efficiency.

Finally, research on hotspot severity classification has progressed considerably,
moving from manual inspections to Al-powered frameworks. Binary classification
methods are efficient but provide limited information regarding hotspot severity,
whereas multi-class approaches support more informed maintenance decisions.
Nevertheless, reliable assessment of hotspot severity requires three key elements:
accurate hotspot localisation, reliable temperature reference data, and robust severity

classification. In addition, expert-based validation remains essential to ensure that
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automated predictions are consistent with practical thermographic assessment. These
requirements highlight the need for an integrated framework that combines semantic
segmentation, temperature-aware severity classification, and expert validation, which
directly motivates the methodology proposed in this study. In order to fulfil the

requirement, there are two main important aspects to be explored as follows:

2.4.3.1 Criteria for Hotspot Severity Assessment

Hotspot severity classification in solar PV systems is essential for effective
maintenance and optimization of solar panel performance. Several key criteria are used
to assess the severity of hotspots. One of the primary indicators of hotspot severity is
the temperature differential, which measures the difference in temperature between the
hotspot and the normal operating temperature of the panel [56]. A larger temperature
differential typically signifies a more severe hotspot, as it indicates a significant
deviation from the panel's optimal operating conditions. High-temperature differentials
can lead to increased thermal stress on the panel's materials, potentially causing long-
term damage and reducing the panel's efficiency [17].

Typically, the severity of defects is determined by calculating the temperature
difference between overheated and healthy areas within a module [122]. The hotspot
temperature is the temperature of a malfunctioning component that is higher than that
of a reference location. The reference location is a component of the same type, load,
or repetition with the lowest temperature. In the present study, the reference temperature
is determined from thermally healthy regions identified within the PV module image.
This image-based reference temperature is subsequently used to calculate the
temperature differential (AT), a key indicator of assessing hotspot severity.

To prevent future occurrences of the hotspot, it's critical to examine its
underlying causes in addition to addressing the immediate problem. This could entail
locating and repairing any shading or damage to the solar PV module, enhancing the
system design to reduce the risk of hotspots, or implementing routine maintenance and
inspection procedures to detect and address hotspots before they worsen. The most
relevant study by [56] suggest three levels of hotspot severity which are low, moderate,
and high.
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Table 2.6

Comparative Review of Hotspot Severity Assessment Techniques in PV Systems

Severity Basis  Dataset Type Severity Class Expert Limitation Study
Validation
Temperature Thermal IR 3 Classes: No Sensitive to [57]
Differential images Overheated, irradiance,
(AT) Potential ambient
Defect, Normal temperature,
and emissivity
variation
Temperature UAV Thermal 4 Classes: No Influenced by [128]
Gradient Images Extremely altitude,
Severe, Severe, viewing angle,
Heated Cell, illumination,
Normal and wind-
induced blur
Captured IR Thermal Images 4 Classes: No Sensitive to [129]
Images Healthy, Low, dataset size and
Medium, High hyperparameter
tuning
Time-Series Electrical and 3 Classes: No Requires stable  [12]
Waveform + Environmental  Severe, Slight, weather
Fuzzy Inference  Monitoring Medium conditions and

Data fine-grained
monitoring data

Table 2.6 presents a comparative analysis of PV hotspot severity assessment
approaches, organised by severity criteria, dataset type, classification scheme, and
reported limitations. Existing studies employ various severity indicators, including AT,
thermal gradients, image-based analysis, and fuzzy inference methods. The comparison
shows that severity definitions and classification schemes vary considerably across
studies, ranging from three-class to four-class categorization systems. In addition,
different data sources, including thermal images, UAV thermal imagery, and time-series
monitoring data, influence the applicability and generalizability of the reported
methods. Although several approaches demonstrate promising performance in severity
assessment, expert-based validation is rarely reported, limiting confidence in the
practical reliability of automated severity classification systems. Among the reviewed
approaches, AT-based methods remain widely adopted because relative temperature
differences reduce dependence on absolute temperature measurements and partially
mitigate the effects of environmental variations and camera calibration. However, AT

remains affected by factors such as irradiance, ambient temperature, and measurement
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conditions. These observations highlight the need for a standardized severity
assessment framework that combines reliable temperature references, robust
classification methods, and expert validation.

For each hotspot severity level, different maintenance actions may be required
[123]. Low-severity hotspots generally require routine monitoring to ensure that the
condition does not deteriorate over time. Moderate-severity hotspots typically require
corrective maintenance, such as addressing shading effects, repairing damaged
components, or improving operating conditions. In contrast, high-severity hotspots
demand immediate intervention because they may lead to accelerated degradation,
significant power loss, or safety risks. In such cases, repair, replacement, or temporary
system shutdown may be necessary. Therefore, hotspot severity classification plays an
important role in maintenance prioritization by enabling resources and corrective
actions to be allocated according to the level of risk and urgency.

In addition to addressing the current issue, it is essential to examine the root
causes of the hotspot to prevent future recurrence. This may involve identifying and
repairing shading or damage to the solar PV module. It can also include improving the
system design to reduce the likelihood of hotspot formation. In addition, regular
maintenance and inspection procedures can be established to detect and address
hotspots before they develop. Beyond identifying the causes and preventive measures,
the physical characteristics of a hotspot are also important for assessment.

The thermal size or area of the hotspot is another crucial criterion for evaluation.
Larger hotspots can affect a greater number of solar cells within a panel, leading to more
extensive areas of reduced efficiency and power output [17]. The size of the hotspot is
typically measured in terms of the number of pixels in thermal images, which
corresponds to the affected area on the panel [124]. Larger hotspots may also indicate
underlying issues that could spread or worsen if not addressed promptly.

The location of the hotspot on the solar PV module is a significant factor in
determining its severity. Hotspots located near critical components, such as electrical
junctions, busbars, or connectors, pose a higher risk of causing electrical failures or
fires. Additionally, hotspots in central areas of the panel can disrupt the energy flow
more significantly than those on the periphery. The spatial proximity to critical system
components and the potential for secondary damage make location an important factor

in severity assessment.
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The persistence of a hotspot over time is another important criterion. Hotspots
that appear intermittently may indicate transient issues, such as temporary shading or
minor dirt accumulation, which might not be as severe. However, hotspots that remain
constant over extended periods are generally more concerning, as they suggest ongoing
issues like cell degradation, soldering defects, or permanent shading. Persistent hotspots
can lead to continuous performance degradation and accelerated wear of the affected
cells.

Maintenance teams can prioritize interventions by evaluating this temperature
differential. They can also allocate resources more effectively by considering hotspot
size, location, and duration criteria. Addressing the most severe hotspots first helps
mitigate potential damage and maintain the overall efficiency and longevity of the solar
PV system. Accurate severity assessment enables proactive maintenance, reducing

downtime and optimizing the energy output of solar installations [56] [123].

2.4.3.2 Integration of Semantic Segmentation and Convolutional Neural Network for

Severity Classification

Recent years have seen a remarkable evolution in the use of DL in hotspot
severity identification. CNNs were primarily used in early DL-based research to classify
hotspot occurrences in a binary manner [21]. Compared with manual thermographic
analysis, the detection accuracy of these early attempts improved significantly. To
accomplish pixel-level localization of hotspot regions, researchers subsequently
incorporated semantic segmentation architectures such as SegNet, U-Net, and DeepLab
[76], [110], [125]. More recent research has expanded these frameworks by
incorporating attention mechanisms, residual connections, and lightweight CNN
models, which improve both computational efficiency and accuracy [126]. Emerging
approaches are increasingly focusing on real-time applications using UAV-mounted
thermal cameras, hybrid feature fusion, and transfer learning for improved
generalizability [105].

In contrast to conventional image processing, DL techniques show excellent
accuracy in identifying and categorizing hotspot severity. There are still a few
restrictions, though. Robust model training requires large, annotated datasets, but these
are rare and often limited to specific conditions [105]. Additionally, DL models are

prone to overfitting, especially when trained on imbalanced severity classes or small
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datasets. Another difficulty is computational complexity, as models with complex
structures require substantial resources and are challenging for real-time inspections
[71], [105]. A further weakness lies in the lack of universally accepted severity metrics,
which hinders comparability across studies and slows down industry adoption [127].

A summary of previous research reveals several recurring themes. Hybrid
frameworks that integrate segmentation and CNN-based classification provide more
accurate severity evaluation than stand-alone methods [128]. Furthermore, combining
data augmentation with transfer learning has proven effective in addressing limited
dataset challenges and enhancing model generalization [128]. UAV-enabled real-time
inspections coupled with DL algorithms are increasingly validated for industrial-scale
PV monitoring [129]. Collectively, these advancements demonstrate that progress in
DL improves performance in hotspot detection and severity classification while
contributing to broader sustainability objectives.

In conclusion, a synergistic framework for PV hotspots severity assessment can
be achieved by integrating semantic segmentation and CNN-based classification.
Semantic segmentation enables accurate hotspot localization and region-of-interest
extraction, while CNN models support automated severity classification. However,
existing studies rarely integrate segmentation-driven hotspot extraction with
temperature-aware feature representations for severity assessment. In addition, expert-
based validation remains limited, restricting confidence in the practical reliability of
automated classification systems. These gaps motivate the development of the proposed
framework, which combines two-tier semantic segmentation, dual-input feature fusion,
and thermographer-based validation to improve the classification of hotspot severity in

PV thermal imagery.

2.4.4 Research Gaps and Limitations in Hotspot Detection and Severity

Classification in Thermal Imaging

There remains a significant research gap in assessing hotspot severity, despite
advances in automated hotspot detection using PV thermal imaging. Most current
methods rely primarily on binary or coarse classification to differentiate between
healthy and defective PV modules, without explicitly identifying their severity levels.
Visually identical hotspots may correlate with different degradation risks and

maintenance priorities, limiting the practical applicability of such systems. Several
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recent reviews highlight that severity-aware analysis remains insufficiently addressed
in current thermal-based hotspot assessment frameworks, particularly in the context of
predictive maintenance and safety assessment [130], [131].

The hotspot characteristic representation is another important area of
exploration that remains underexplored. DL-based techniques, which mainly rely on
spatial and intensity-based features extracted from thermal images, frequently overlook
quantitative temperature descriptors. Image-based features improve localization
accuracy. The intensity of hotspots is fundamentally linked to absolute temperature
measurements, temperature gradients, and thermal differentials, which are not entirely
represented by visual appearance alone [55]. In contrast, methods relying solely on HC
temperature features lack spatial context and robustness. The lack of a unified
framework integrating both image-derived and temperature-based information remains
a key limitation in existing hotspot analysis studies [132].

Another unsolved issue is robustness and generality across various operating
situations. Many reported models are trained and evaluated using site-specific or
controlled datasets collected from a limited number of PV installations under fixed
conditions, which limits their ability to generalize across different PV installations and
climatic regions [133], [134]. Environmental elements that have significant effects on
thermal signatures and reduce model reliability include variations in ambient
temperature, wind-induced cooling, and irradiance fluctuations [38]. Additionally,
tropical climates, such as those in Southeast Asia, remain underrepresented in publicly
accessible datasets, limiting the practicality of current approaches [135], [136].

Limited validation in real-world operational settings is another gap in the study,
in addition to methodological limitations. Numerous studies report promising
performance in offline evaluations but lack validation through expert annotation, long-
term field testing, or large-scale deployment. Issues related to interpretability,
scalability and real-time implementation are often not sufficiently examined, reducing
confidence in operational acceptance [137]. These gaps underscore the need for
automated PV monitoring frameworks capable of accurate hotspot localization, robust
generalization, severity-aware evaluation, and reliable validation in operational
environments. Based on the critical gaps identified in the preceding review, Table 2.7
presents the alignment between the identified research gaps, the corresponding research

objectives, and the associated research contributions.
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Table 2.7

Alignment of Identified Research Gaps with Research Objectives and Contributions

Identified Research Gap

Related Research Objective

Corresponding Research
Contribution

Limited capability of existing
approaches to perform precise
pixel-level hotspot localization
in aerial thermal images.

Inadequate integration of
spatial image features and
temperature-based
characteristics for hotspot
severity analysis.

Limited focus on hotspot
severity classification beyond
binary detection.

Limited validation of
automated hotspot severity
classification against expert
assessment.

To develop a two-tier semantic
segmentation framework for
precise hotspot localization in
solar PV aerial thermal images.

To model a dual-input feature
extraction strategy that
integrates CNN-based and
temperature-based features
from segmented hotspot
regions.

To develop an enhanced CNN-
based classification model that
integrates the dual-input feature
extraction strategy for accurate
hotspot severity classification.

To validate the performance of
the proposed model using
standard evaluation metrics and
expert-based statistical
agreement analysis.

A two-tier semantic
segmentation framework that
accurately segments PV
modules and localizes hotspot
regions at pixel level.

A hybrid dual-input feature
fusion strategy combining deep
thermographic features with
temperature descriptors.

A severity-aware CNN-based
hotspot classification model
capable of distinguishing
multiple hotspot severity levels.

Expert-validated hotspot
localization and severity
classification supported by
quantitative evaluation and
statistical correlation analysis.

These identified gaps collectively justify the need for a robust and severity-
aware hotspot analysis framework, which is detailed in the subsequent methodology

chapter.

2.5  Summary

Infrared thermography's ability to detect irregularities, including hotspots, has
established it as a crucial tool for monitoring PV systems. The reviewed literature
demonstrates a clear transition from labour-intensive manual inspection and electrical
testing to automated, learning-based hotspot assessment frameworks. Advances in
image processing, ML, and DL have significantly improved the accuracy and scalability
of hotspot detection and localization in large-scale PV installations.

Despite these advances, several limitations in the research still exist. The
robustness of many techniques is reduced in real-world operating conditions due to the

high sensitivity to environmental variability, including fluctuations in ambient
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temperature, cooling effects, and solar irradiance. Furthermore, binary hotspot
identification is the primary focus of most described frameworks, with little attention
given to severity characterization. The lack of integrated, temperature-aware, and
severity-sensitive analysis limits the effectiveness of current methods in supporting risk
mitigation and predictive maintenance.

Overall, the literature highlights a significant research need for developing
robust, scalable, and severity-based hotspot assessment frameworks that can precisely
locate hotspots and evaluate their severity across a variety of operating conditions.
Addressing these limitations provides the foundation for the methodology presented in
the subsequent chapter. To address the identified research gaps, Chapter 3 proposes a
framework comprising two-tier semantic segmentation for hotspot extraction, dual-
input image and temperature feature fusion, enhanced CNN-based severity

classification, and expert thermographer validation to assess practical reliability.
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CHAPTER 3
RESEARCH METHODOLOGY

3.1 Introduction

This study employs deep learning (DL) methods to develop a hotspot
localization and classification model for solar photovoltaic (PV) modules using thermal
imagery. The proposed model is designed based on thermal images captured from solar
PV modules and verified by a solar thermographer. The model aims to classify the
detected hotspots according to the corresponding severity levels. This chapter outlines
the comprehensive research framework for developing an automated hotspot
localization and severity classification model. The proposed framework is designed to
enhance the accuracy of hotspot detection and severity classification. The proposed
methodology is systematically organized into four main stages that involve aerial
thermal image pre-processing, semantic segmentation for hotspot identification,
severity classification using convolutional neural networks (CNNs), and performance
evaluation. This study enhanced the CNN classification model through dual-input
feature fusion and additional convolutional refinement layers. The overall research
design presented in this study aims to improve the efficiency of PV module monitoring
and maintenance systems. This is achieved by minimizing energy losses associated with

undetected anomalies, with a specific focus on hotspot-related anomalies.

3.2 Research Design

This research outlines the overall technique adopted in this study, presented in
four stages with corresponding research objectives (ROs). Figure 3.1 illustrates the
overall framework of the proposed methodology for hotspot localization and its severity
classification model. Each stage corresponds to the respective ROs, and the detailed
explanation is presented at the end of each corresponding section, where the red blocks

indicate the main research contributions.
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This study began with image acquisition and data collection. All the collected
datasets contain two types of single-capture images, namely, visual and thermal images.
All images are pre-processed using an image annotation task and resized to a standard
size, which is then used as input to stage 1. Details of these processes are further
explained in Sections 3.3 and 3.4.

The first stage aims to localize all the hotspot regions in the solar PV thermal
images dataset as proposed in RO1. The pre-processed images are automatically
segmented using a new proposed segmentation technique, namely two-tier semantic
segmentation, to localize the hotspot regions in thermal images. The proposed
techniques aim to segment hotspot regions effectively, enabling precise delineation. In
this method, the first-tier segmentation is used to segment the solar PV and further
enhances the image to localize the hotspot region during the second-tier segmentation.
The segmented thermal images are further used to verify potential hotspot regions and
to extract temperature distribution features associated with each hotspot for the next
stage. The overall process of Stage 1 is further explained in Section 3.5

Furthermore, the second stage focuses on extracting features from the
segmented hotspot regions to classify severity using a CNN-based classification model.
This stage proposes a dual-input feature extraction and fusion strategy for hotspot
severity classification. The framework combines CNN-derived image features extracted
from segmented hotspot regions with hand-crafted (HC) thermal descriptors. Feature
fusion is performed at the feature representation level after independent extraction, in
which the two feature vectors are concatenated to form a unified representation. The
fused feature vector is then fed into the fully connected classification layers to classify
hotspot severity. This integration exploits complementary spatial and thermal
information to improve classification performance. This technique aims to improve the
accuracy of automated hotspot analysis by leveraging CNNs’ ability to extract complex
and hierarchical visual representations. This phase directly supports RO2 by
strengthening the characterization of features to achieve accurate classification
performance. The detailed formulation of this process is further explained in Section
3.6.

The next phase is stage 3, which involves the enhancement of the CNN model
architecture to further improve the classification of severity levels based on related
temperature features. At this stage, hotspot severity is classified using an enhanced

CNN architecture that integrates the model's architecture and adds convolutional layers.
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As in the stage 2 classification process, the segmented thermal images are split into two
datasets for training and testing. The classification model categorizes hotspots into three
severity classes, namely low, medium, and high. The model is trained on the training
dataset and evaluated on the test set to assess its classification accuracy and robustness.
The details of CNN optimization and parameter tuning are elaborated in Section 3.7.
Lastly, the final stage focuses on the proposed model performance evaluation
and validation, which corresponds to RO4. The model is evaluated using standard
metrics and analysis, with validation by certified solar thermographers. Overall, the
results were compared statistically with model predictions to validate the proposed
system. In addition, an agreement analysis was conducted to assess the agreement

between the thermographer's evaluation and the automated classification outcomes.

33 Image Acquisition and Data Collection

This section describes the image acquisition and data collection process
conducted before the development of the automated hotspot detection framework, as
outlined in Figure 3.1. The data were collected at a solar farm located in Pasir Mas,
Kelantan, Malaysia. The solar farm occupies approximately 6 hectares and has an
installed capacity of 4 MWop. Aerial imaging was employed to capture thermal images
of solar PV modules across the site.

The dataset was collected over multiple UAV flight sessions conducted between
September 2022 and August 2023. The flights were conducted on different days under
clear-sky conditions between 11:00 a.m. and 1:00 p.m. to ensure consistent irradiance
levels and adequate thermal contrast for hotspot detection. GPS coordinates embedded
in the Exchangeable Image File Format (EXIF) metadata indicate an approximate
location of 5.9924°N, 102.1099°E. During data acquisition, the average surface
temperature was approximately 307.58 K (34.43°C), with recorded irradiance values
ranging from 624.72 to 805.70 W/mz2. The thermal aerial images were captured using a
Parrot Anafi thermal camera operating in the long-wave infrared spectral band (8-14
um). The camera employs an uncooled Forward-Looking Infrared (FLIR) Lepton 3.5
microbolometer detector with a thermal sensitivity of less than 0.05°C. In addition, the
platform provides a high-resolution visual imaging sensor capable of capturing RGB
images at 3264 x 2448 pixels. Both thermal and visual images are acquired

simultaneously and spatially aligned through the dual-imaging system. These
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specifications ensure accurate temperature measurement and reliable thermal
representation of PV module surfaces.

For image acquisition, the UAV platform was operated at a low altitude of
approximately 15 m to ensure sufficient spatial resolution while providing full coverage
of the PV modules, as illustrated in Figure 3.2. The PV modules were installed at an
inclination of approximately 30°, which is typical for outdoor installations. This
mounting configuration influences heat dissipation behaviour and the observed thermal
distribution patterns. Therefore, the panel orientation and installation geometry were
considered during image acquisition and subsequent analysis.

To ensure measurement accuracy and repeatability, key environmental
parameters, including ambient temperature, target emissivity, and irradiance, were
recorded during data collection. The captured thermal images were stored in SRGB
format, which is suitable for subsequent digital image processing and ML applications.
Although the thermal images were stored in SRGB format for image processing and
CNN analysis, the associated temperature information embedded within the thermal
image files was extracted in MATLAB to obtain Tmax, Tmin, Tref, and AT. Therefore, the
HC thermal descriptors were derived from temperature information available in the
thermal image files rather than solely from colour-mapped image intensities.

W Drone

(]
Solar PV Module - :7’ 9 _____

Figure 3.2 Height for the Image Capture Procedure

Figure 3.3 illustrates the overall workflow of the dataset acquisition process

employed in this study. The process begins with image capture at the solar PV module
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site using a UAV-based dual-imaging system that simultaneously acquires thermal and
visual imagery. This dual-modality capture ensures that thermal anomalies can be
accurately correlated with the corresponding visual structures of the PV modules.
Following image acquisition, the collected thermal and visual images are
organized and prepared for subsequent processing. Ground-truth annotations were
conducted by certified solar thermographers through expert thermal interpretation of
hotspot regions and corresponding severity levels. This expert-driven annotation
process establishes reliable reference labels for subsequent model training and
evaluation. The finalized, annotated dataset forms the solar PV dataset used throughout

this study for hotspot localization, severity classification, and performance validation.
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Recording) grap

Figure 3.3 The General Flow of Dataset Acquisition

Table 3.1 presents the key specifications of the Parrot Anafi thermal camera,
which is equipped with a FLIR Lepton 3.5 radiometric sensor that captures high-
precision thermal data. This specification ensures adequate spatial and thermal

resolution for detecting minor temperature variations across PV module surfaces.

Table 3.1
Parrot Anafi Thermal Camera Specification
Parameter Specification
Test Detector Type FLIR Lepton 3.5 microbolometer (radiometric)
Photo resolution 3264 x 2448
Thermal sensitivity Less than 0.1 °C at 30°C
Temperature measurement range -20 °Cto +350 °C
Field of view 57°
Infrared spectral band 8 um to 14 pm
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Table 3.2 presents the dataset composition and summarizes the distribution of
visual and thermal images used for training, testing, and validation. A total of 670
thermal images were acquired for this study. Although the dataset comprises 670
thermal images, the use of transfer learning with pre-trained CNN architectures
mitigates the limitations of a relatively small dataset. The pre-trained networks provide
robust feature representations learned from large-scale image datasets, enabling
effective model training and improved generalization performance. The dataset was
partitioned into 80% (536 images) for training, 10% (67 images) for testing, and 10%
(67 images) for validation. Only thermal images were used as model inputs during
training. The visual images were used for verification purposes, particularly to validate

annotation quality and classification consistency.

Table 3.2
Dataset Distribution of Images for Model Execution
Process Thermal Images
Training 536
Testing 67
Validation 67
Total 670

This structured data allocation ensures that the model receives sufficient training
samples for learning and generalization while maintaining dedicated sets for evaluation
and fine-tuning. The testing dataset was used to assess model performance on unseen
data, and the validation dataset was used during training to prevent overfitting. This
distribution strategy promotes and supports evaluation under the field conditions

observed.

3.4  Image Pre-processing

Pre-processing techniques are essential for improving the quality of thermal
imagery before segmentation processes. These techniques improve the visibility of
hotspots, reduce noise, and enhance overall image contrast. In this study, there are two

procedures conducted that are image annotation and image resizing. Image annotation
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is performed to create a ground-truth dataset for supervised learning. While image
resizing is used to ensure that the thermal images are properly standardized before
performing the segmentation process. Figure 3.4 presents the overall image pre-

processing process, which includes image annotation and resizing.

Image Acquisition
and Data Collection

. Image Annotation ' . Resizing '
Thermal ITmages . Actual Dimension .
i ! i — ! |
Create Specific l ! |Reduce Dimension| '
Label ' ! '
: [Manual Annotation| : Input fm.ﬂ
' : Segmentation

— [ :

Ground Truth
Images

Figure 3.4 Image Pre-processing Techniques Performed using Image Annotation and
Resizing Techniques

The pre-processing workflow begins with manual annotation of thermal images
to generate pixel-level ground-truth masks for supervised segmentation. The annotated
images are then resized to standardized dimensions to ensure consistent input size
during model training. This sequential process ensures both accurate labelling and
computational uniformity prior to segmentation. The next subsections detail the

processes for image annotation and resizing, respectively.

3.4.1 Image Annotation
In this process, an experienced solar thermographer evaluates all collected

images and verifies the presence of hotspots in accordance with established PV

thermographic inspection practices. The thermographer examines the thermal
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characteristics and anomaly patterns within each image to distinguish actual hotspot
regions from non-defective areas. This verification procedure serves as the dataset's
annotation process and provides reliable ground-truth labels for subsequent model
training and evaluation. The use of expert assessment enhances annotation consistency
and improves the reliability of the developed dataset.

In this step, the MATLAB application Image Labeler tool is used by the
thermographer for labelling and segmentation of the thermal images’ dataset. This
labelled image facilitates the creation of ground truth datasets and ROI detection. In the
annotation process, the thermal images are uploaded into the Image Labeler, and
specific labels are assigned to the PV modules and hotspot regions. Manual annotation
is then performed to define ROI objects, such as rectangular or polygonal ROls, to mark
the hotspot areas. At the same time, visual images are used to guide the marking of
hotspot locations since sun reflections can appear like hotspots. To distinguish
reflections from true hotspots, the thermographer cross-referenced the thermal images
with the corresponding visual images during the annotation process.

Thermal anomalies were labelled as hotspots only when they corresponded to
actual PV module locations and exhibited thermal patterns consistent with PV defects.
Regions caused by sunlight reflection or reflective surfaces that did not correspond to
physical hotspot characteristics on the PV modules were excluded from the hotspot
annotations. This step produces both the image and the associated coordinate
information. The manually annotated polygonal ROIs were subsequently converted into
pixel-level binary masks using the MATLAB Image Labeler export function. In the
generated masks, hotspot pixels were assigned to the target class, while all remaining
pixels were assigned to the background class. These binary masks served as ground
truth labels for training and evaluating the semantic segmentation models. By clearly
defining hotspot zones, annotation enables precise identification of defective areas in
the solar PV modules.

Once completed, the application exports all tagged data to create a dataset that
includes the images and the corresponding coordinates. The annotated images serve as
training data for supervised machine learning (ML) models to recognize patterns and
classify the PV modules and hotspots correctly. The system examines these particulars

within the framework of performance evaluations and operational assessments.
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Figure 3.5 Image Annotation Process using Image Labeller, Manually Performed by
a Thermographer

Figure 3.5 illustrates the label procedure performed by a thermographer to
develop ground truth for segmenting the hotspot in a solar PV module. Once the
labelling process is complete, the annotated data are exported to form a dataset
comprising images, labels, and coordinates. Next, the dataset is further performing an

image resizing step as discussed in Section 3.4.2.

3.4.2 Image Resizing

After annotation, the thermal images are resized to meet the input specifications
of segmentation models. Standardizing image dimensions ensures uniformity, reduces
computational complexity, and supports reliable model training. This process
minimizes variability and provides structured input for segmentation. At the same time,
improving the accuracy and robustness of hotspot localization and classification.

In the collected dataset, the thermal images used for image processing were
stored at a resolution of 3264 x 2448 pixels. This resolution corresponds to the exported
thermal image format generated by the Parrot ANAFI Thermal system for visualization
and analysis. The thermal images are resized to ensure consistent dimensions after
labelling. The main objective of this phase is to reduce image size, thereby minimizing
computational cost and memory usage during training. In addition, this step ensures that
the proposed CNN model receives suitable patch divisions. For this study, all 670
thermal images were resized from an original resolution of 3264x2448 to 224x224
pixels to facilitate efficient segmentation.

Consistent with previous studies on CNN-based thermal image analysis, the
input images were resized to 224x224 pixels [67], [138]. This resolution was chosen

because it balances the preservation of PV modules and hotspot features with
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computational efficiency. Besides, it is widely adopted in DL models for PV fault and
thermal anomaly detection. Figure 3.6 illustrates the resizing process, showing how
high-resolution images are transformed into standardized dimensions suitable for
segmentation tasks. Figure 3.6(a) depicts the original high-resolution image, while

Figure 3.6(b) shows the standardized resized image used as input to the CNN model.

| 2448

3264 '
(@ (b)

Figure 3.6 Example of Image Resizing of Thermal Image (a) Original Resolution
Before Resizing (3264x2448) (b) Standardize Dimension After Resizing
(224x224)

Resizing from 3264 x 2448 to 224 x 224 introduces some aspect-ratio distortion.
However, the distortion was applied consistently to all images, and the key thermal
characteristics required for hotspot localization and severity classification were
preserved. Visual inspection confirmed that the PV module structures and hotspot
regions remained clearly distinguishable after resizing. Furthermore, the resized
dimensions were selected to satisfy the input requirements of the CNN architectures
while reducing computational complexity during model training.

In summary, resizing ensures uniform image dimensions across the dataset,
simplifying training and improving segmentation efficiency. By balancing
computational requirements with image quality, this pre-processing step provides a
reliable foundation for the framework’s accurate hotspot detection.
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35 Stage 1: Localization of Hotspot Region using A New Two-tier Semantic

Segmentation Framework

This section outlines the proposed methodology at Stage 1 using a two-tier
semantic segmentation framework that is aligned with RO1. The primary aim of this
stage is to enhance the localization and detection of hotspot region through a two-tier
segmentation approach. As shown in Figure 3.7, the proposed two-tier semantic
segmentation framework is designed into three subsequent processes. The first-tier
segmentation is aimed at isolating the PV module area from the background. Next, after
the PV modules are identified, an image enhancement process is applied to improve
visual contrast and structural detail before the next step. The details of the proposed

two-tier semantic segmentation framework are further discussed in the next subsections.

Stage 1: Localize Hotspot Region using A New Two-tier Semantic
Segmentation Method

1. First-tier Segmentation of Solar Photovoltaic Module
From CNN Semantic
Pre-processin Segmentation

1 2. Hybrid Image Enhancement 1

Segmented Solar PV

A of CLAHE of NLM

! “‘i Image Enhancement « Image Enhancement !

3. Second-tier Segmentation of Hotspot Region
B

Figure 3.7 Overall Method of Proposed Two-tier Semantic Segmentation at
Stage 1(RO1)

CNN Semantic ' Segmented
Segmentation Hotspot Region

The first stage focuses on the semantic segmentation for segregating solar PV
module from the surrounding background. This step isolates the PV module area by
removing irrelevant areas such as vegetation, ground surface and structural elements.
This creates a focus area of interest for further processing and reduces background

interference.

59



After PV modules are segmented, a hybrid image enhancement process is
applied to the segmented images, which represents a key contribution of the proposed
framework. This stage integrates non-local means (NLM) filtering and contrast-limited
adaptive histogram equalization (CLAHE) to enhance thermal contrast while
suppressing noise. The enhancement process enhances the visibility of minor hotspot
signatures and structural boundaries, improving feature quality for next second-tier
process.

The final process uses enhanced PV module images as input to perform semantic
segmentation of hotspot areas. The improved image quality enables more accurate
recognition of local thermal anomalies under various imaging conditions. The following

subsections discussed further details of all three main processes at Stage 1.

3.5.1 First-tier Segmentation

The initial phase of the proposed two-tier semantic segmentation procedure
involves first-tier semantic segmentation. This phase aims to identify and separate PV
modules from the surrounding background in thermal images. At this step, the pre-
processed thermal image dataset is used to train and evaluate semantic segmentation in
a supervised learning framework. Three semantic segmentation architecture were
evaluated, namely U-Net, DeepLabV3+ with a ResNet-18 and ResNet-50 backbone.
These models are widely used in image analysis due to their strong feature learning
capabilities and high pixel-level classification accuracy [77], [83], [139]. This process
supports consistent and accurate PV module segmentation across a wide range of
background scenes and environmental conditions.

The training hyperparameters adopted for the CNN-based two-tier semantic
segmentation framework are summarized in Table 3.3. A maximum of 80 epochs was
selected to allow sufficient convergence while minimizing overfitting. A mini-batch
size of 10 was employed based on computational resource constraints and training
stability considerations. An initial learning rate of 0.001 was used in conjunction with
the Adaptive Moment Estimation (Adam) optimizer to ensure stable and efficient
convergence during training. The validation frequency was set to 50 iterations to enable
consistent monitoring of model performance. These hyperparameter settings were
standardized across both the first-tier and second-tier segmentation stages to ensure

consistency and fair performance comparison among the evaluated architectures. All

60



experiments were conducted in MATLAB on a high-performance personal computer
running Windows 11, equipped with an Intel Core i5 2.5 GHz processor, 16 GB of
RAM, and an NVIDIA GeForce RTX 3060 GPU with 8 GB of memory.

ﬁz:)ilr?i r?égHyperparameters for CNN-Based Two-tier Semantic Segmentation
Hyperparameter setting Set Value
Maximum epoch 80
Mini-batch size 10
Learning rate 0.001
Validation frequency 50
Solver Adaptive Moment Estimation (Adam)

Figure 3.8 presents the first-tier semantic segmentation block diagram for

analyzing and detecting solar PV modules.

Training Testing

CNN Semantic Segmentation
Model

From Pre-
processing

To Hybrid Image Image Masking ¢ Segmented Solar PV
Enhancement Overlay (ROI) <
and Background

Figure 3.8 First-tier Semantic Segmentation Process to Segregate Solar PV and
Background in Thermal Image

The coarse-to-fine segmentation process is facilitated by this hierarchical
structure, which ensures that only the most essential module areas are sent to the next

phase. The PV module areas are effectively segmented, thereby removing irrelevant
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background components such as mounting structures, shadows and background noise.
This separation improves computational efficiency and reduces false detections during
hotspot identification. Additionally, the segmentation results obtained at this hotspot
stage serve as the foundation for the fine localization of hotspots in second-tier
segmentation. As a result, the proposed two-tier framework remains precise and
consistent.

Once the solar PV modules are segmented, the next step is to overlay the
segmented solar PV image with its corresponding thermal image. This step provides a
comprehensive view of the PV modules' condition for subsequent image enhancement,

as explained in Section 3.5.2.

3.5.2 Hybrid Image Enhancement using NLM and CLAHE

After initial segmentation, the PV module regions undergo image enhancement.
This phase is essential for the fine-tuning of image quality by enhancing contrast,
reducing noise, and emphasizing module boundaries that may not be apparent after
segmentation. By enhancing segmented images before hotspot identification, the
method reduces the possibility of misclassifying hotspot locations and enhances feature
visibility, such as thermal intensities. The step aims to improve image clarity,
particularly for blurred or low-light images affected by both low contrast and noise. The
concept is to balance noise suppression and contrast enhancement by integrating these
two techniques. A hybrid enhancement strategy that combines Non-Local Means
(NLM) denoising with Contrast Limited Adaptive Histogram Equalization (CLAHE) is
proposed to leverage the strengths of both techniques to optimize overall image quality.

This step aims to improve image clarity, particularly for blurred or low-light
images affected by both contrast and noise. To achieve the aim, NLM denoising is
employed since it is highly effective in preserving edges and suppressing noise.
However, excessive filtering can reduce contrast or blur image details. Therefore, to
avoid such conditions, CLAHE is used since it effectively increases local contrast.
Figure 3.9 illustrates the proposed hybrid image enhancement method, which integrates
NLM with CLAHE or (NLM-CLAHE).
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Figure 3.9 Overall Process of the Proposed Hybrid NLM-CLAHE Enhancement

The segmented image from first-tier segmentation serves as input to the
proposed enhancement pipeline. The proposed hybrid enhancement method begins with
the original thermal image I;,, (x, y), where x denotes the horizontal (column-wise) pixel
coordinate and y denotes the vertical (row-wise) pixel coordinate. This two-dimension
representation allows for pixel-level processing through two sequential stages.
Denoising procedure using NLM and contrast enhancement using CLAHE. This
combination is to produce an enhanced output I,,,;(x, y), optimized for the subsequent
segmentation task. The following are the procedures conducted to perform hybrid
NLM-CLAHE enhancement:

1.  The grayscale conversion process is expressed in Equation (3.1), which
transforms the first-tier output image I;,(x,y) into an intensity-based
representation.

lyray(x,y) = Grayscale(lin(x,y)) (3.1)

Subsequently, the resizing and double-precision normalization steps are defined
in Equation (3.2) and (3.3) respectively.

63



Leesizea(%,y) = ReSize(Igray(x; ¥),50%) (3.2)
Iin(x,y) = ConvertToDouble (I csizeq) (3.3)

2.  The pre-processed image I;, is filtered using the NLM denoising algorithm,
which preserves fine structural details while reducing pixel-level noise. The

NLM denoising operation is formulated in Equation (3.4).

Iyim(x%,y) = Z w(x, y,1,). Iin(i, ) (3:4)

(i,j)en

The similarity-based weighting function governing the NLM filtering process is
defined in Equation (3.5), where patch-wise intensity differences are used to quantify

structural similarity between pixels.

1 1P(x,y) — P(i,j)||§ (3.5)
W(nyfifj) =Z(x y).exp (— % )

where:

P(x,y),P(i,j) : patch neighborhoods around pixels.
h: filtering parameter.

Z(x,y): normalization factor.

3. The denoised image is then enhanced using CLAHE to Improve local
contrast and highlight minor thermal features. The CLAHE operation
applied to the denoised image is mathematically expressed in Equation
(3.6).

Icpane(x,y) = CLAHE (I, clip limit, tile grid size) (3.6)

In this study, the NLM filtering parameter h was set to 1.5, while the CLAHE
enhancement stage employed a clip limit of 0.01 and a tile grid size of [3 x 3]. These
parameter settings were adopted based on the default MATLAB implementation and
were retained throughout the study to ensure consistent image enhancement across the

dataset. The selected settings provided a balanced enhancement of local thermal
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contrast while preserving structural details and limiting excessive noise amplification.

Finally, the output for second-tier input is expressed in Equation (3.7).

Lot (6, Y) = Icpane(x,y) (3.7)

The hybrid NLM-CLAHE approach aimed to improve image quality by first
suppressing noise with NLM denoising, then enhancing local contrast with CLAHE.
The NLM stage reduces pixel-level noise by averaging structurally similar patterns
across the image while preserving fine textures and edge details. Subsequently, CLAHE
enhances local contrast by partitioning the denoised image into contextual regions and
adjusting intensity distributions within each tile, thereby preventing excessive
amplification of residual noise. This sequential integration produces a refined output
with improved structural clarity, reduced artefacts, and enhanced suitability for
subsequent thermal hotspot analysis.

The quality of the enhanced images is measured to determine the robustness of
NLM-CLAHE enhancement method. The image quality metrics based on MSE, PSNR
and SNR were calculated before enhancement (lin) and after enhancement (lout) and are
expressed in Equations (3.8), (3.9) and (3.10), respectively.

Mean Squared Error (MSE):

1 m n (3.8)
MSE =" > [lin(i,) = Loue (L))

i=1j=1

Peak Signal-to Noise Ratio (PSNR)

PSNR = 10.1 AX” (39
= 10.log1o( MSE)
Signal-to-Noise Ratio (SNR)
mean(l, ) (3.10)
SNR =10.lo
o (mean((un = Tou)®)

where:
e [,,(i,j) denotes the pixel intensity at position (i,j) in the original
(reference) image.
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o [,.:(i,)) represents the pixel intensity at position (i, j) in the processed
image.

e mand n correspond to the image height and width, respectively.

e MAX denotes the maximum possible pixel intensity value of the image.

The quantitative metrics such as MSE, PSNR, and SNR are calculated for each
image to evaluate enhancement performance. The average improvement across the
dataset represents the effectiveness of the proposed hybrid approach in enhancing image

contrast and reducing noise prior to subsequent segmentation.

3.5.3 Second-tier Segmentation

The second-tier segmentation stage focuses on detecting hotspot regions within
the solar PV modules obtained from the first-tier segmentation process. This stage is
applied after image enhancement using the hybrid NLM-CLAHE method to improve
image contrast and suppress noise. Figure 3.10 illustrates a second-tier segmentation
process for analyzing solar module images to detect hotspots ROI in the enhanced
images output from the previous process.

In this stage, the enhanced images are used to generate ROI-based pixel labels
that serve as ground-truth masks for training the semantic segmentation model. The
ROI-labelled images are then provided as inputs to a CNN-based semantic segmentation
model to distinguish hotspot regions from non-hotspot areas within the PV modules.
Model performance is subsequently evaluated based on segmentation accuracy and
related metrics to assess the effectiveness of the second-tier segmentation process. This
stage concludes the hotspot localization workflow before proceeding to subsequent

analysis stages.
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Figure 3.10 Stage 1: Localize Hotspot Region using Deep Learning at the Second-tier
Semantic Segmentation

This study evaluates three semantic segmentation architectures, namely U-Net,
DeepLabV3+ with a ResNet-18 and ResNet-50 backbones. These architectures were
selected for their strong ability to learn hierarchical image features and accurately
delineate hotspot boundaries. All models were evaluated using pixel accuracy,
Intersection over Union (loU), precision, and recall.

The training process involves feeding the model enhanced images to learn to
distinguish between normal and hotspot regions in solar PV modules. The CNN model
will segment the hotspots regions within the modules, providing detailed information
on their location and extent. Figure 3.11 shows an overall process of hotspot detection

performed at Stage 1 using the proposed two-tier semantic segmentation method.
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Figure 3.11 Overall Output of Two-tier Semantic Segmentation Framework for
Hotspot Localization

In conclusion, Stage 1 presents a structured methodology for detecting hotspots
using a new semantic segmentation method with the aim of accurately localizing
hotspots within solar PV modules. The integration of image enhancement and pixel-
level segmentation ensures reliable boundary preservation and stable network training.
This stage establishes a robust foundation for subsequent feature extraction and severity

classification processes.

3.6 Stage 2: Classification of Hotspot Severity with Dual-input Feature Fusion

Technique

This section elaborates the overall methodology at Stage 2, which corresponds
to RO2. The output from Stage 1, which is the segmented hotspot ROI, is used as input
for this stage. At this stage, a new dual-feature extraction method is proposed fora CNN
classification model to determine hotspot severity levels. The proposed method adopts

a dual-path strategy in which thermal images and HC thermal descriptors are processed
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in parallel by feature-extraction branches. The automatically learned CNN features and
encoded thermal features are subsequently fused and fed into the classification model.
This design leads to a more comprehensive and resilient feature representation within
the training pipeline. The overall works of Stage 2, including the detailed method flow

for the proposed dual-input feature extraction method is shown in Figure 3.12.

Stage 2: Classification of Hotspot Severity with Dual-input Features Extraction

Technique
Stage 1
I
Automated CNN Feature Extraction Hand-crafted Feature Extraction

CNN Feature Extraction
Properties
(Segmented Hotspot Images)

Selection for Hand-crafted Image
Input (Thermal Descriptors)

Feature Fusion and CNN Classification Model

CNN Classification Model

To Stage 3

Figure 3.12 Overall Method Flow of Stage 2 for Classifying Hotspot Severity using
Feature Extraction of CNN Model

1
1
1
Proposed Dual-input Feature Extraction I
1
1
1
1

The detailed extraction techniques for both CNN and HC streams are further
described in Subsections 3.6.1 and 3.6.2, respectively. The extracted CNN features and
thermal descriptors are subsequently combined through a feature fusion stage prior to
classification. The detailed fusion mechanism and classification architecture are
presented in Subsection 3.6.3. This integration lays a strong foundation for the

classification process.
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3.6.1 Automated CNN Feature Extraction (Image-based Feature)

This subsection discussed the process of extracting optimal CNN features from
thermal images. The process starts with selecting the best CNN architecture using the
segmented hotspot region from Stage 1. The CNN is then trained on thermal image
datasets using the corresponding CNN parameters.

In this stage, three types of CNN architecture were selected for automated
feature extraction due to their robustness in learning deep hierarchical representations,
especially when working with complex thermal imagery of PV systems. The CNN
models are U-Net, ResNet-18 and ResNet-50. Figure 3.13 illustrates the architectural
structures of the three CNN models utilized in this study. U-Net, a widely used encoder-
decoder architecture, is implemented for the task of semantic segmentation to detect
and localize hotspot regions in PV thermal imagery at the pixel level. This architecture
enables precise delineation of hotspot boundaries, essential for accurate downstream
classification.

ResNet-18 ResNet-50
|Res|dmlecl,(| r-’[:}—‘ Output
| Residual Block ’__[:]
| Residual Block
Residual Block ["‘;I
I ;
Output Output Output

Figure 3.13 Architectural U-Net, ResNet-18 and ResNet-50 for Comparison of Deep
Learning Models Used

In contrast, ResNet-18 and ResNet-50 serve as backbone models for feature
extraction from segmented thermal regions. ResNet-18, a shallower residual network,
is lightweight and computationally efficient, making it suitable for rapid inference in
real-time applications. ResNet-50, a deeper and more expressive model, offers greater
feature discrimination and is used for detailed severity classification of identified

hotspots. The inclusion of residual connections in both ResNet architectures enhances
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gradient flow and model stability, especially when dealing with complex thermal image
inputs. Furthermore, both ResNet-18 and ResNet-50 benefit from pretrained weights
learned on datasets, which enhance feature representation capability when adapted to
thermal imagery [84]. This transfer learning strategy provides better initialization and
accelerates convergence, offering improved feature discrimination compared to U-Net
models trained from scratch.

Although the pretrained weights were originally learned from RGB natural
images in the ImageNet dataset, the lower convolutional layers capture generic visual
features such as edges, textures, and spatial patterns that remain useful for thermal
image analysis. During training, the network weights were fine-tuned using the PV
thermal image dataset, allowing the pretrained feature representations to adapt to the
thermal characteristics and hotspot patterns specific to PV inspection.

The selection of U-Net, ResNet-18, and ResNet-50 was driven by their strengths
when evaluated in a typical end-to-end CNN-based framework. U-Net is used to achieve
accurate pixel-level localization of the hotspot region. This allows for accurate spatial
delineation prior to feature extraction. ResNet-18 was chosen for its computationally
efficient architecture, suitable for fast inference. Conversely, ResNet-50 is employed to
extract more comprehensive and discriminative features necessary for an accurate
classification of hotspot severity.

Examining multiple architectures enables a thorough comparison of localization
accuracy, feature effectiveness, and computational efficiency. The resulting analysis
provides insights into the suitability of each model within the proposed framework. All
the architectures adopted in this study support both spatial localization and hotspot
severity interpretation within an end-to-end CNN-based framework. A systematic
comparison of their performance characteristics is subsequently performed.

For consistency in training and performance comparison, all CNN architectures
are trained using the same hyperparameter settings. The hyperparameter configurations
used to extract CNN-based features for each of the evaluated architectures are

summarized in Table 3.4.
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Table 3.4
Hyperparameter Settings Set for CNN Feature Extraction on Thermal Datasets

Hyperparameter setting Set Value
Maximum epoch 50
Mini-batch size 20
Learning rate 0.001
Validation frequency 30
Solver Adaptive Moment Estimation (Adam)

A fixed number of training epochs and a consistent mini-batch size are used to
ensure stable convergence and fair performance evaluation. The learning rate is selected
to balance training stability and convergence speed. At the same time, the validation
frequency allows periodic performance monitoring during training. The dataset was
partitioned into 80% training, 10% validation, and 10% testing subsets. This data
allocation provides sufficient samples for model learning while preserving independent
datasets for hyperparameter monitoring and final performance evaluation. Adaptive
Moment Approximation (Adam) optimization is effective in tackling complex
optimization problems and accelerating convergence. This unified hyperparameter

setting ensures consistency and comparability across all experimental evaluations.

3.6.2 Hand-crafted Feature Extraction (Thermal-based Feature)

This subsection delineates the procedure for extracting optimal HC features. HC
feature extraction focuses on deriving explicit and interpretable descriptors from the
localized hotspot region to facilitate hotspot severity analysis. The HC features are
analytically computed from the segmented hotspot region based on temperature based.
Temperature features are derived from pixel-level temperature extrema within the
hotspot region. The process begins by isolating the hotspot region obtained from Stage
1, followed by the computation of temperature, statistical, and texture descriptors that
characterize severity behaviour within the affected PV cells. The subsequent
subsections present the mathematical formulations and selection criteria for each
category of HC features.

Thermal specifications and deviation metrics are essential for attaining severity

classification. HC feature extraction is crucial for characterizing hotspot shape and
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temperature variation under different PV operating conditions. The following
paragraph discusses the development of thermal-related HC characteristics that are the
primary indicators of hotspot severity. Table 3.5 summarizes the thermal features used

in this study and provides their physical interpretation in the context of hotspot severity

analysis.
Table 3.5
Thermal Features and Their Interpretation
Thermal Features Interpretation
Tmax Maximum pixel temperature within the hotspot region, representing the
hotspot’s peak intensity.
Tmin Minimum temperature within the hotspot region, used as an internal contrast
reference.
Tref Reference temperature derived from the median or average of surrounding
healthy PV regions.
AT The difference between Tmaxand Trer.

Temperature-based HC features are computed from pixel-level temperature
value within the segmented hotspot region obtained from Stage 1. The minimum and
maximum temperature values are extracted to characterize the thermal extrema of the

hotspot region, as defined in Equations (3.11) and (3.12), respectively.

Tinin = min(Ty), €0y (3.11)

Tax = max(Ty), [ €Ny (312)

where:
0y, the set of pixels corresponding to the hotspot region.
T; : the temperature value of each pixel within this region.

In this study, the reference region Q, was defined as all non-hotspot pixels
within the same segmented PV module after excluding the hotspot region ;. The
reference temperature was computed from the remaining healthy region of the
corresponding PV module to provide a local thermal baseline for severity evaluation.
This selection minimizes the influence of module-to-module temperature variations and
allows AT to represent the localized thermal elevation caused by the hotspot. Following

the identification of the minimum and maximum temperature, the reference temperature
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IS computed as the mean temperature of the surrounding non-hotspot PV region to
establish a consistent thermal baseline for hotspot severity evaluation, as defined in
Equation (3.13).

1 3.13
Tref = |-Qn| Z Ti ( )

€0y

where:

0,,: the set of non-hotspot pixels within the same segmented PV module after
excluding the hotspot region €2;.

T; : the temperature value of the i-th pixel within this region.

|2,,| : indicates the total number of pixels within the reference region

Subsequently, the temperature difference AT is computed as the difference
between the maximum and reference temperature, as expressed in Equation (3.14). The
temperature difference is a primary indicator of hotspot severity, reflecting the
magnitude of the abnormal thermal elevation within the affected PV cells.

AT = Tiax — Trer (3.14)

The minimum and maximum temperature values within the segmented hotspot
region are obtained using the implemented MATLAB-based processing pipeline.
Cursor-based inspection on the thermal image is subsequently performed to verify the
extracted temperature extrema and ensure accurate identification of localized thermal
peaks, particularly in regions exhibiting complex hotspot morphology. The validated
minimum and maximum temperature values are then utilized to compute the
temperature difference AT according to Equation (3.14), ensuring consistency and
reliability in hotspot severity characterization.

Figure 3.14 illustrates the workflow of thermal-based HC feature extraction,
where key temperature parameters (Tmin, Tmax and Tre) are extracted from the
corresponding thermal image and subsequently used to compute the temperature
difference AT for hotspot severity characterization. These values quantify the
temperature structure within the hotspot region and serve as fundamental indicators of
anomaly intensity, as frequently reported in fault analysis studies [127]. The extraction

Of Tmin, Tmax, Tref, and AT was performed automatically using the segmented hotspot
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and non-hotspot regions. Specifically, Tref was computed as the mean temperature of
all non-hotspot pixels within the same PV module after excluding the hotspot region.
Manual cursor inspection was performed solely for verification and was not used in

calculating the thermal descriptors.

Corresponding Thermal
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Extract Thermal
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Compute AT

—

To Feature Fusion

Figure 3.14 Workflow of Thermal-based Handcrafted Feature Extraction for Hotspot
Severity Analysis

Figure 3.15 presents an example of a thermal image used to extract temperature-
based features for hotspot severity analysis. The Tmin and Tmax temperature values
within each segmented hotspot region are automatically extracted from the thermal
image data using the implemented MATLAB-based processing workflow.

In contrast, the Trer is determined through a cursor-assisted interaction that
identifies the appropriate reference and hotspot locations within each thermal image.
The corresponding temperature values are then retrieved directly from the thermal data
at the selected locations. This semi-automated approach ensures accurate localization
of reference and hotspot regions. At the same time, maintain consistency in temperature
extraction. The extracted temperature parameters are subsequently used to compute the
AT, which serves as a key descriptor for hotspot severity characterization across the

dataset.
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Figure 3.15 Example of a Thermal Image Illustrating Hotspot Regions and the
Extraction of Minimum (Tmin) and Maximum (Tmax) Temperature Values
Used for Temperature-Based Feature Computation

Figure 3.16 illustrates the variation of temperature-based features across the
evaluated thermal images, including the Tref, Tmax, and AT. The AT value is computed
as the difference between Tmax and Trer and serves as the primary indicator for hotspot
severity characterization.

Consistent with the hotspot severity categorization proposed in [56], [122]
severity levels were defined using AT thresholds to distinguish different hotspot
conditions. Specifically, low-severity hotspots correspond to AT values of 5°C or
below, indicating minor thermal deviations that may arise from normal operating
variations or early-stage anomalies. Medium-severity hotspots are characterized by AT
values between 5°C and 15°C, representing moderate thermal stress that may require
closer monitoring. High-severity hotspots are identified when AT exceeds 15°C,
reflecting pronounced thermal anomalies commonly associated with significant fault
conditions and an increased risk of module degradation.

High-severity cases show larger AT values and are more clearly distinguishable
from the reference temperature, whereas low and medium-severity cases tend to
overlap. This makes lower severity levels harder to differentiate. As a result, AT serves

as a practical and interpretable indicator for classifying hotspot severity.
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Temperature Variation and Severity Thresholds Across Images
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Figure 3.16 Temperature Variation Across Images

The AT is arelative measure of the intensity of thermal anomalies and consistent
across a range of environmental conditions, including changes in ambient temperature
and irradiance [139]. Unlike raw pixel temperatures, AT provide a normalized measure
of fault intensity, with meaningful thresholds and gradients for distinguishing between
different severity levels [54]. Previous research has also associated AT with early
degradation behaviour and increased thermal stress risks in PV modules, reinforcing its
importance as a severity descriptor [140], [141].

The detailed feature fusion techniques for both CNN and HC streams are further
described in Subsections 3.6.3. This integration lays a strong foundation for the

classification process in the subsequent stage.

3.6.3 Dual-input Feature Fusion Strategy for CNN Classification Model

Once features are extracted from thermal PV imagery, either through CNNs or
HC methods, they must be fused and prepared for classification. This process involves

structuring the extracted feature vectors and selecting optimal combinations to enhance
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the classifier's ability to distinguish between different hotspot severity levels. Two
strategies were explored in this study: single-input and dual-input feature fusion. The
single input strategy was implemented using two independent configurations: image-
based features extracted from thermal images or thermal-based features derived from
the hotspot region. In contrast, the dual-input feature fusion strategy integrates image-
based and thermal-based features into a unified representation to enhance
discrimination of hotspot severity. The proposed structure is shown in Figure 3.17,
which illustrates how both modalities are combined into a unified representation for

classification.
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Figure 3.17 Dual-input Architecture Integrating CNN-derived Spatial Features for
Hotspot Severity Classification

The CNN branch extracts spatial features from the segmented hotspot image,
while the thermal descriptor branch processes temperature-based features derived from

the hotspot region. The resulting feature vectors are concatenated to form a fused feature
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representation, which is subsequently passed to the fully connected classification layers
for hotspot severity prediction.

To evaluate the contribution of each input modality to hotspot severity
classification, three experimental configurations were investigated. The first
configuration utilized image-based CNN features extracted from the segmented hotspot
regions. The second configuration employed thermal descriptor features, namely Tmax,
Tmin, Tref, and AT. The third configuration integrated both image-based and thermal
descriptor features through the proposed dual-input feature fusion strategy. These
experimental configurations enabled a systematic comparison of individual and
combined feature representations, thereby establishing a baseline for assessing the
effectiveness of the proposed feature fusion approach.

Both inputs' advantages and disadvantages can be easily seen by analyzing each
feature type separately. Numerical temperature distributions provide more consistent
and accurate thermal thresholds, while visual thermal images offer rich contextual and
textural details [142]. This comprehensive evaluation provides a solid foundation for
understanding how integrating both inputs into a dual-feature configuration can

improve classification accuracy and robustness.

3.7 Stage 3: Enhanced CNN Model for Classifying Hotspot Severity

This section describes Stage 3 of the study, which focuses on improving CNN-
based hotspot severity classification performance. Based on the overall workflow
presented in Figure 3.1, the detail of proposed method is shown presented in Figure
3.18. Generally, the hotspot regions extracted in the previous stage are processed using

an enhanced CNN-based classification model.
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Stage 2: Enhanced CNN Hotspot Severity Classification Model

¥

Dual-input Feature Fusion Qutput

Enhanced CNN Model

1
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T l __________

Hotspot Severity Classification using the
Enhanced CNN Model

End

Figure 3.18 Overall Method Flow for Stage 3 (Research Objective 3)

In this stage, hotspot regions extracted from the previous stage are processed
using an enhanced CNN-based classification model that integrates refined hotspot
information to improve severity discrimination. The workflow demonstrates the
transition from hotspot localization to severity-level classification, forming the final
decision stage of the proposed framework. The enhanced CNN model in this stage aims
to strengthen feature representation and classification stability for accurate hotspot

severity categorization.

3.7.1 Proposed Enhanced CNN Model

Conventional CNN architectures such as U-Net, ResNet-18, and ResNet-50
have demonstrated strong capability in feature extraction for image segmentation and
classification tasks. However, hotspot severity classification in PV thermal imagery
requires more discriminative high-level feature representations, as severity
differentiation depends not only on spatial localization but also on fine-grained thermal

patterns [31]. To address this requirement, an enhanced CNN model is proposed by
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introducing additional convolutional refinement layers at the final encoding stage of the
baseline CNN architectures.

In CNNSs, deeper layers progressively capture higher-level, more abstract feature
representations by increasing receptive fields and strengthening feature interactions
[143]. While baseline CNN models are effective for spatial learning, their original
architectures are not explicitly optimized for severity-aware discrimination. Therefore,
additional convolutional layers are incorporated to further refine high-level features
before classification, rather than redesigning the entire network architecture. This
refinement strategy enhances severity-discriminative features by introducing additional
nonlinear transformations, while preserving the original architecture of each CNN
model. The added convolutional layers progressively filter out low-activation or non-
informative feature responses and emphasize high-intensity thermal patterns associated
with hotspot severity [144]. Furthermore, severity classification differs from
segmentation in that it requires global discriminative cues rather than solely precise
pixel-level delineation [96]. Additional convolutional refinement layers enable the
network to suppress non-informative responses and amplify severity-related features,
thereby improving classification robustness under varying thermal conditions.

To systematically investigate the impact of architectural refinement, one, two,
and three additional convolutional layers were introduced, denoted Conv-1, Conv-2,
and Conv-3, respectively. The single-layer configuration represents minimal refinement
and evaluates whether limited enhancement is sufficient to improve feature
discrimination. Two layers enable deeper feature interaction and increased non-
linearity, supporting more complex severity representations. Three layers serve as an
upper-bound refinement configuration to examine diminishing performance gains and
potential overfitting effects. This progressive augmentation strategy enables controlled
evaluation of feature refinement while avoiding excessive architectural complexity.

The detailed implementation settings of the additional convolutional refinement
blocks are presented in Table 3.6. Each block comprises a 3 x 3 convolutional layers
with 64 filters, followed by batch normalization, ReLU activation, and dropout
regularization. These settings were kept constant across the Conv-1, Conv-2, and Conv-
3 configurations to ensure that performance differences were attributed solely to the

number of refinement blocks introduced.
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Table 3.6
Configuration of Additional Convolutional Refinement Blocks

Layer Kernel Size Filters Padding Activation Dropout
Conv Block 1 3x3 64 Same ReLU 0.3
Conv Block 2 3x3 64 Same ReLU 0.3
Conv Block 3 3x3 64 Same ReLU 0.3

The integration of the additional convolutional refinement layers and the

subsequent feature fusion process is illustrated in Figure 3.109.
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Figure 3.19 Architecture of the Enhanced CNN-based Hotspot Severity Classification
Framework, Illustrating the Integration of Additional Convolutional
Refinement Layers using Dual-input Feature Fusion Strategy
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Figure 3.19 illustrates the architecture of the enhanced CNN-based hotspot
severity classification framework. In this stage, a series of convolutional refinement
blocks are progressively appended to the baseline CNN architecture to enhance
discriminative feature learning. Each refinement block consists of a convolutional layer
followed by batch normalization and ReLU activation. The refined feature maps
produced by the final refinement block are subsequently flattened to form a compact

one-dimensional CNN feature vector, as mathematically expressed in Equation (3.15).

Fenn = Flatten(convomput) (315)

To incorporate thermal severity information, the flattened CNN feature vector
is concatenated with temperature-based HC descriptors through a feature fusion layer,
resulting in a unified representation as defined in Equation (3.16). The fused features
are then passed through fully connected layers to generate the final hotspot severity

classification output.

Frusion = Concatenate[Feyy, AT] (3.16)

In this study, AT was used as the final handcrafted thermal descriptor for the
feature fusion stage. The parameters Tp,;p,, Tynax, and Ty, fwere extracted during thermal

feature computation to characterize the hotspot temperature profile and to derive AT.
Therefore, Equation (3.16) represents the fusion between the CNN feature vector and
the final temperature-based descriptor, rather than the direct concatenation of all
extracted thermal parameters.

The proposed enhanced CNN model incorporates progressive convolutional
refinement layers into baseline CNN architectures. Thermal descriptors are further
integrated through feature fusion to enhance feature discrimination for hotspot severity
classification, while preserving the original network structures. This controlled
refinement strategy establishes a robust, interpretable framework for severity-aware

classification across different thermal imaging conditions.
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3.7.2 Hotspot Severity Classification

Hotspot severity classification in PV thermal imagery is a challenging task due
to the interaction between spatial hotspot patterns and temperature variations. While
temperature difference (AT) is commonly used as a severity indicator, accurate
classification requires consideration of both thermal intensity and spatial characteristics
[31], [69]. Therefore, an integrated feature representation is necessary for reliable
severity assessment. In this study, hotspot severity was categorized into multiple classes
based on established thermographic assessment criteria. Table 3.7 summarizes the AT-
based severity specifications and corresponding recommended maintenance actions

adopted in this study, following establish infrared thermography guidelines.

Table 3.7
AT Specifications and Recommended Actions Used In This Study for Condition Monitoring of
the Hotspot [56]
Condition Priority level AT between similar Recommended actions
components (°C)

Low 3 AT<5 Minor overheating; warrants
investigation.

Medium 2 5<AT<15 Indicates probable deficiency;
repair as time permits.
High 1 AT >15 Major discrepancy; repair
immediately.

In this study, hotspot regions obtained from the segmentation stage were
subjected to a feature extraction process aimed at enhancing severity discrimination.
Image-based features were automatically learned through CNN to encode spatial
patterns, texture, and morphological characteristics of the hotspot regions. In addition,
thermal descriptors such as maximum temperature and temperature difference (AT)
were extracted to capture intensity variations within each hotspot. These descriptors
provide complementary information to CNN-derived features by explicitly representing
temperature behavior associated with different severity levels. The integration of spatial
and thermal features enables a more comprehensive representation of hotspot

characteristics, supporting robust severity classification.
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Figure 3.20 Overall Stage for Hotspot Severity Classification

As illustrated in Figure 3.20, hotspot severity classification was performed as an
overall stage following hotspot segmentation. The segmented hotspot regions were first
extracted as regions of interest to ensure that feature analysis was confined to relevant
areas. Two categories of features were subsequently derived, namely image-based
features learned through the CNN-based and thermal-based features representing
temperature-related information. These complementary features were jointly used to
classify hotspot severity into three predefined levels: low, medium, and high, based on
AT thresholds. This structured classification framework enables systematic
differentiation of severity by integrating spatial characteristics and thermal intensity.
This feature-based severity classification framework provides a consistent basis for

subsequent performance evaluation and expert validation.

3.8 Stage 4: Performance Evaluation of Proposed Hotspot Localization and

Severity Classification Model

This stage presents a thorough performance analysis of the proposed hotspot
severity classification model using both metric-based evaluations and thermographer
validation. The aim is to ensure that the proposed model is technically accurate in
detecting and classifying thermal anomalies in PV systems, with supporting evidence

from experts to end users. The metrics’ performance evaluation emphasizes standard
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metrics for segmentation and classification, which include Accuracy, mean loU (mloU),
precision, F1-score, recall and confusion metrics. These metrics are selected due to
their broad adoption in semantic segmentation tasks and their effectiveness in assessing
model accuracy, particularly in imbalanced or complex image datasets. In contrast,
qualitative assessment encompasses human-centric insights by involving domain
experts and users in the evaluation process. The system's interpretability, usability, and
perceived reliability are validated through the collection of user feedback via structured
questionnaires and guided annotation exercises. By combining both forms of
evaluation, this stage offers a holistic understanding of the model’s performance in both

technical and operational contexts.

3.8.1 Performance Evaluation of Stage 1: Two-Tier Semantic Segmentation
Method

This subsection explains the two-tier segmentation phase where the main
intention of this operation is to localize hotspot region. To quantitatively assess the
segmentation performance, several standard evaluation metrics. These metrics provide
a comprehensive assessment of segmentation effectiveness in terms of classification
correctness, spatial overlap, detection reliability, and computational efficiency. In this
study, the model’s performance parameters are calculated using the values from
confusion matrix. The definition of the term used in the confusion matrix is explained
in Table 3.8.

Table 3.8
Interpretation of the Term Used in the Confusion Matrix
Matrix Evaluation Interpretation
True Positive (TP) The confusion matrix shows the number of correct predictions for positive

value.

True Negative (TN) The confusion matrix shows the number of correct predictions for negative
value.

False Positive (FP) The confusion matrix shows the yes value for actual class is no.

False Negative (FN) The confusion matrix shows the no value for actual class is yes.
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Below are the lists of performance metrics using the confusion matrix

components to evaluate the proposed method.

Accuracy: accuracy is employed to evaluate the overall correctness of the
Stage-1 segmentation by measuring the proportion of pixels correctly
classified as hotspot or non-hotspot regions within the PV module. The
mathematical expression for accuracy is given by Equation (3.17):

Accuracy = TP+ TN X 100% (3.17)
Y= TP+TN+FP+FN 0

Intersection over Union (loU): the ratio between the pixels that are correctly
classified (true positive) divided by the sum of the total number of pixels
that have been labelled with that class or that in the ground truth belong to
that same class, as in Equation (3.18):

TP
JoU = x 1009
TP+ FP+FN % (3.18)

Mean Intersection over Union (mloU): the average spatial overlap between
the predicted and ground truth segmentations by computing the ratio of the
intersection to the union of the two regions across all classes. The

mathematical expression for mloU is given by Equation (3.19):

Area of Overlap (AN B)
Area of Union ~ (AUB)

mloU = (3.19)

where:

C: the number of segmentation classes.

IoU,: the Intersection over Union value for the c-th class.

Positive Predictive Value (PPV) or Precision: the ratio of positively
predicted correct class to the number of predicted positive, as in Equation

(3.20):
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Tp (3.20)
PP Precision = ——— X 1009
V or Precision TP L FP 00%
V. Sensitivity or Recall: the proportion of true hotspot pixels that are correctly

detected by the segmentation model and is expressed as Equation (3.21):

TP
itivi =X 0 3.21
Sensitivity or Recall TPEEN 100% (3.21)

Overall, the evaluation results demonstrate the effectiveness of the Stage 1
segmentation in accurately localizing hotspot regions at the pixel level. Thereby
providing a reliable input for subsequent severity classification in Stage 2 of the

proposed framework.

3.8.2 Performance Evaluation of Stage 2: CNN Classification Model with Dual-

input Feature Fusion Technique

This subsection presents the performance evaluation of Stage 2 for the CNN-
based classification model, which aims to categorize hotspot severity conditions based
on the extracted features. The evaluation is conducted using several standard
classification metrics, including accuracy, precision, recall, and F1-score. In addition,
k-fold cross-validation is employed to assess the classification reliability and
generalization capability of the proposed model. The definitions and formulations of
accuracy, precision, and recall employed in this stage follow those presented in
Subsection 3.8.1 and are therefore not repeated here for conciseness and consistency.
To further evaluate the balance between precision and recall, the F1-score is employed.

F1-score: the ratio of predictive performance based on recall and precision, as

given by Equation (3.22):

Precision X Recall
F1 — score =2 X — X 100% (3.22)
Precision + Recall

Table 3.9 illustrates the structure of the confusion matrix and summarizes the

performance metrics employed for evaluating the CNN classification models. The
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figure highlights the relationships among true positive, true negative, false positive, and
false negative predictions, which underline the computation of accuracy, precision,

recall, and related evaluation metrics.

Table 3.9
Conceptual Representation of the Confusion Matrix and Associated Performance
Metrics used for Evaluating the Enhanced CNN Classification Model

Predicted
Low Medium High
Actual Low TP FP FP
Medium FN TP FP
High FN FN TP

To further ensure stable model performance across different data distributions,
a 5-fold cross-validation procedure is employed. The 5-fold cross-validation was
applied to the full dataset, which was randomly partitioned into five equal subsets before
cross-validation. The evaluation of the best CNN for the feature extractor was based on
test accuracy and k-fold cross-validation. The hold-out validation uses 80% for training,
10% for testing, and 10% for validation, with k-fold cross-validation. Each image used
for training, validation, and testing was labelled, and the labels were reused to ensure a
non-biased comparison between experiments. Meanwhile, k-fold cross-validation (k=5)
was also applied, with the dataset randomly partitioned into 5 subsets. The k-fold (5-
fold) cross-validation worked by training the model five times, where each model was
trained using four of the partitions, and the remaining partition was used for validation
and was then repeated for all folds. The average performance was based on validation
accuracy, and the standard deviation across all folds was calculated. Table 3.10 shows

the 5-fold cross-validation process for the experiment.
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Table 3.10
k-fold Cross-validation Process, k =5

Folds (k) Accuracy (%)
1 2 3 4 5
Testing and Train Train Train Train Fold 1 Performance
Validation
Train Testing and Train Train Train Fold 2 Performance
Validation
Train Train Testing and Train Train Fold 3 Performance
Validation
Train Train Train Testing and Train Fold 4 Performance
Validation
Train Train Train Train Testing and Fold 5 Performance
Validation
5-folds cross-validation accuracy Average Performance

Overall, the Stage 2 CNN classification model is evaluated using multiple
complementary metrics, including accuracy, precision, recall, and F1-score. These
metrics provide a balanced assessment of classification effectiveness from different
perspectives. The confusion matrix further supports this evaluation by detailing the
distribution of true positive (TP), true negative (TN), false positive (FP), and false
negative (FN) for each hotspot severity class. This allows a clearer understanding of
class-wise prediction behaviour and potential misclassification patterns. In addition, 5-
fold cross-validation enhances the reliability of the results by ensuring consistent

performance across different data partitions.

3.8.3 Performance Evaluation of Stage 3 for Enhanced CNN Classification
Model

This subsection presents the performance evaluation of the Stage 3 enhanced
CNN classification models, which aim to examine the impact of progressive
architectural refinement on hotspot severity classification in PV modules. Similar to
Stage 2, the evaluation is conducted using standard classification metrics, namely
accuracy, precision, recall, and F1-score. The definitions and formulations of these
metrics, including the confusion matrix, follow those presented in Subsections 3.8.1 and

3.8.2 and are therefore not repeated here for consistency.
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The dataset partitioning strategy remains consistent with Stage 2: 80% for
training, 10% for validation, and 10% for testing, to ensure fair performance
comparison. The baseline model adopted in this stage corresponds to the best-
performing configuration identified in Stage 2.

To investigate the effect of architectural enhancement, additional convolutional
layers were progressively integrated into the baseline CNN models. Specifically, one,
two, and three convolutional layers were added to evaluate their influence on
classification performance. This enhancement strategy was applied consistently across
three representative CNN architectures, namely U-Net, ResNet-18, and ResNet-50,
enabling a systematic comparison of model behaviour under increasing architectural
complexity.

The performance of each enhanced configuration was analyzed based on overall
classification metrics and class-wise prediction results derived from the confusion
matrix. This evaluation facilitates the identification of performance trends,
improvement patterns, and potential misclassifications across different hotspot severity
levels. Overall, this evaluation approach enables a structured comparison of the
enhanced CNN architectures and evaluates the impact of additional convolutional depth

on hotspot severity classification performance.

3.8.4 Performance Evaluation of Stage 4: Overall Performance Evaluation based

on Metric and Thermographer Evaluation

This subsection presents an overall performance evaluation of the proposed
automated hotspot detection and severity classification framework, integrating
quantitative performance metrics with expert-based validation. The earlier stages
focused on refining model performance and enhancing the architecture. This stage
provides a comprehensive assessment that integrates classification performance
analysis, solar thermographer validation, and statistical agreement evaluation.

The objective of this integrated evaluation is to determine whether the enhanced
CNN models not only achieve high quantitative performance but also demonstrate
reliable agreement with expert judgment. To achieve this, three complementary
evaluation components are employed: (i) performance analysis using standard
classification metrics, (ii) validation against Solar Thermographer assessments, and (iii)

statistical analysis using agreement-based measures. This structured evaluation
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approach ensures the proposed system is assessed for predictive accuracy, practical
reliability, and expert consistency.

a) Performance Analysis

This subsection presents the quantitative performance analysis of the major
components of the proposed automated hotspot detection and severity classification
framework. The analysis covers the two-tier semantic segmentation module, the CNN
classification model with dual-input feature fusion, and the enhanced CNN
classification architectures. The evaluation provides a systematic and consistent
assessment of model performance at both pixel-level segmentation and severity-level
classification stages.

For the two-tier semantic segmentation module, performance evaluation was
conducted using accuracy, mean Intersection over Union (mloU), precision, and recall
to comprehensively assess multi-class segmentation quality. The metric definitions and
calculation procedures are consistent with those described in the earlier performance
evaluation sections.

For the hotspot severity classification stages, including the dual-input feature
fusion model and the enhanced CNN architectures, performance evaluation was based
on confusion-matrix-derived metrics. The confusion matrix summarizes true positive
(TP), true negative (TN), false positive (FP), and false negative (FN) predictions for
each severity class. Based on these components, standard classification metrics such as
accuracy, precision, recall, and F1-score were computed to assess overall correctness
and class-wise predictive balance.

Comparative analysis was performed across different model configurations to
examine performance variations resulting from feature fusion strategies and progressive
architectural enhancement. This structured evaluation ensures a comprehensive
assessment of segmentation performance and classification consistency within the

proposed automated framework.

b) Solar Thermographer Validation

This assessment evaluates the automated system's ability to classify hotspot

severity levels. This study employed a questionnaire-based approach to assess the
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performance and user experience (solar thermographer) of the computerized system.
The questionnaire was structured into three parts: gathering personal information,
evaluating images to detect abnormalities, and soliciting feedback on preferences
regarding the proposed automated model, which was developed based on hotspot
severity levels. Informed consent was obtained from all solar thermographer
participants before their involvement in the study. Confidentiality and anonymity were
implemented to preserve respondents’ answers throughout the data collection and
analysis phases. The collected data were used solely for research purposes and managed
responsibly throughout the study. A sample of the questionnaire is attached to
Appendix.

To validate the performance of the proposed automated model, an expert-based
questionnaire study was conducted. This procedure consisted of respondent
recruitment, image selection and annotation, questionnaire development, and data
collection. The solar thermographers evaluated thermal images containing the localized
hotspot regions and the corresponding hotspot severity classifications generated by the
proposed model. The displayed information enabled the experts to assess both the
hotspot localization results and the assigned severity levels against their professional

judgement.

i) Questionnaire Development

The questionnaire was designed to obtain structured feedback from domain

experts and consisted of three main sections, as summarized in Table 3.11.

Table 3.11
Structure and Components of the Expert Validation Questionnaire
Part Task Description

1 Respondent This section gathered demographic and professional details from the
Background respondents, including age, gender, and years of experience in solar
Information thermographic analysis. The purpose was to profile the respondents and

enable a comparative study across different levels of expertise in
interpreting thermal imagery.
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Part Task Description

2 Thermal Image  In this section, respondents were presented with 20 thermal images that had
Assessment undergone automated hotspot detection and segmentation using the
proposed model (see Appendix). The 20 thermal images were selected from
the testing dataset to provide representative examples of hotspot conditions
encountered in the study. The image selection process included samples
from all three severity categories (low, medium, and high) to enable
comprehensive expert evaluation across different hotspot conditions. The
selected images were randomly and subsequently reviewed to ensure that
each severity category was represented in the validation questionnaire. Each
displayed image marked the hotspot regions identified by the system.
Respondents were asked to assess the severity of the hotspot and classify
the thermal condition based on their expert judgment. This evaluation aimed
to validate the accuracy and reliability of the model’s output by comparing
it with expert assessments.

3 System This final section explored respondents’ views on the applicability and
Perception and  usability of automated thermal analysis systems. Respondents were asked
Preferences to indicate their preferences regarding system features, including integration
with expert decision-making, suitability for different inspection scenarios,
and perceived confidence in the system’s hotspot detection capabilities.
This section aims to gather insights into how domain experts perceive the
effectiveness and practical value of the proposed automated approach in
real-world applications.

Overall, the questionnaire's structured design ensured systematic and consistent
expert feedback. This feedback was used to validate the proposed hotspot detection and

severity classification framework.

i) Respondents Recruitment

Respondents were recruited from among professional solar thermographers with
expertise in thermal imaging. The recruitment process was conducted through
professional networks and affiliated institutions. A total of nine (9) independent solar
thermographers were selected to participate in the questionnaire. The expert
respondents involved in the validation process were drawn from various academic,
utility, and industry institutions to ensure a balanced and credible assessment. Table
3.12 summarizes the distribution of expert respondents according to their institutional

affiliation.
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Table 3.12
Distribution of Expert Respondents by Institutional Affiliation

Institution / Organization Number of Respondents
Universiti Malaysia Perlis (UniMAP) 3
Tenaga Nasional Berhad (TNB) 1
Universiti Teknologi MARA (UiTM) 1
Centre for Energy Management and Sustainable Campus (COSCEM), 1
Private Electrical Consultancy Firms 3
Total 9

The involvement of qualified solar thermography experts from diverse

institutional backgrounds strengthens the credibility of the validation process.

iii) Expert Evaluation and Validation Procedure

This subsection describes the selection of thermal images and the expert-based
evaluation procedure employed to validate the hotspot severity assessment performance
of the proposed model.

A total of 20 thermal images were selected for inclusion in the questionnaire
evaluation. These images were randomly taken and sampled from the testing output
results that had been previously evaluated using the proposed automated model. Each
image presented to the respondents had undergone hotspot region detection and
segmentation during Stage 1 of the methodology. To emphasize the regions of interest,
the identified hotspot areas were graphically marked on each image as shown in Figure
3.21. This eliminated the need for hotspot detection, allowing respondents to focus on
assessing the severity of the identified hotspots. The use of model-processed images
with pre-identified hotspot regions ensured a consistent evaluation basis for all
participants. Since the hotspot locations were provided, the expert validation focused
on assessing the agreement between the severity classifications assigned by the
proposed model and the professional judgement of the solar thermographers. This
approach was intended to evaluate the reliability of hotspot severity assessment rather
than independent hotspot detection performance.
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This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Figure 3.21 Example of Expert Questionnaire Item for Hotspot Severity Classification

To support a structured and unbiased evaluation, respondents were provided
with an electronic version of the questionnaire to facilitate viewing thermal images and
streamline the evaluation process. Clear instructions accompanied the questionnaire,
outlining the objectives of each section and guiding respondents through their
assessment tasks step by step. To ensure data integrity and reduce potential bias, all
completed questionnaires were collected anonymously. This approach safeguarded
respondent confidentiality and promoted impartiality in subsequent data analysis.

Overall, the expert-based image evaluation procedure establishes a structured
and unbiased foundation. This foundation supports the subsequent performance analysis
and validation of the proposed automated hotspot detection and severity classification

model.

c) Statistical Analysis

This subsection outlines the statistical procedures employed to evaluate the
agreement between the proposed automated hotspot detection and severity
classification model and expert assessments. The objective of this analysis is to quantify
the level of consistency between model predictions, expert evaluations, and ground-

truth classifications using established statistical measures.
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Data collected from the questionnaires in Parts 1 and 3, including demographic
information and perceptions regarding automated inspection systems, were used to
support descriptive analysis. Meanwhile, responses from Part 2 were statistically
analyzed to compare hotspot severity classifications between the Solar Thermographer
(expert reference), the proposed automated model, and the validation assessments.

To measure inter-rater agreement and reliability, Cohen’s Kappa coefficient (k)
was employed. This coefficient evaluates the degree of agreement between two raters
while accounting for chance agreement. The selection of Cohen’s Kappa is appropriate
for categorical classification problems, particularly in multi-class severity assessment
where agreement beyond chance must be quantified. The interpretation of k values

follows the standard classification scale presented in Table 3.13.

Table 3.13
Interpretation Scale of Cohen’s Kappa Coefficient
Kk Values Range Interpretation of Agreement
k<0 No agreement

0.01<x<0.20 None to slight agreement
021 <x<0.40 Fair agreement
0.41 <x<0.60 Moderate agreement
0.61<x<0.80 Substantial agreement
0.81<x<1.00 Almost perfect agreement

The formula to calculate the correlation between two variables P, and P, is

given by Cohen Kappa coefficient (k) is expressed by Equation (3.23).

(3.23)

where: P, = observed agreement between raters.
P, = expected agreement between raters by chance.

In this study, the Kappa coefficient was used to assess the consistency and

reliability of hotspot severity classifications generated by the automated model relative
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to expert evaluation. This statistical validation ensures that the observed agreement
reflects meaningful predictive reliability rather than random coincidence.

3.9 Summary

This chapter presented the complete research methodology developed for
automated hotspot detection and severity classification in PV thermal imagery. The
proposed methodology was designed as a structured multi-stage framework to address
the challenges associated with thermal image quality, background interference, hotspot
localization accuracy and severity discrimination under real-world PV inspection
conditions.

The chapter began by describing the overall research design, image acquisition
process, and data collection strategy. Thermal images of PV modules were acquired
under operational conditions and subsequently analyzed. To ensure reliable processing,
several pre-processing steps were introduced, including noise suppression and image
enhancement. These procedures enhanced thermal contrast and minimized non-uniform
intensity variations that could negatively influence hotspot detection and classification
performance.

In line with ROI, a new two-tier semantic segmentation strategy was proposed
to localize hotspot regions accurately. The first segmentation stage focused on isolating
PV modules from the background, while the second stage refined the segmentation to
extract hotspot regions within the modules. This hierarchical segmentation approach
was designed to minimize background interference and reduce boundary uncertainty.
As a result, hotspot localization can be performed more precisely, even under low-
contrast and non-uniform irradiance conditions The refined hotspot regions obtained at
this stage formed a reliable spatial foundation for subsequent analysis.

Next, the proposed method addressed RO2 by introducing a dual-input feature-
extraction strategy to capture both visual characteristics and temperature-based
descriptors from the segmented hotspot regions. In this stage, image-based features
learned by CNNs were combined with temperature-driven thermal descriptors to form
a unified representation of hotspot severity. This dual-input approach allows
complementary spatial and thermal information to be jointly exploited. As a result, the
discrimination of hotspot severity levels is enhanced, addressing the limitations of

purely image-centric analysis.
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An enhanced CNN-based hotspot severity classification model was proposed to
improve severity-aware discrimination in line with RO3. Progressive convolutional
refinement layers were incorporated into baseline CNN architectures to enhance high-
level feature representations without altering the original network architecture. In
addition, hybrid feature fusion was employed by integrating CNN-derived spatial
features with physically meaningful thermal descriptors, enabling the model to learn
severity-relevant patterns more effectively. This stage represented the final decision-
making component of the proposed framework, producing severity classification
outputs for each detected hotspot.

Finally, the proposed stages are evaluated qualitatively using model metrics and
expert agreement with assessments provided by solar thermographers. This evaluation
addresses RO4 and includes correlation analysis to assess the agreement between
automated results and expert judgment. This combined evaluation strategy ensured that
the proposed framework was not only technically effective but also practically
applicable in real-world PV inspection scenarios. The results and discussion are

presented in the subsequent Chapter 4.
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CHAPTER 4
RESULTS AND DISCUSSION

4.1 Introduction

A comprehensive methodology for detecting hotspots and classifying their
severity in solar photovoltaic (PV) modules was presented in the previous chapter. The
proposed framework was designed using deep learning (DL)-based techniques to
develop an image segmentation method and classification model. Thus, this section
focuses on presenting and discussing the experimental results from the research works,
as well as on analysing the findings from the outputs.

The first part of this chapter provides the results and analysis for hotspot
localization at Stage 1. The proposed two-tier segmentation method was evaluated to
determine the most effective approach for automated hotspot detection in thermal
images. A comparative analysis of the proposed techniques is presented by highlighting
performance differences, computational efficiency, and segmentation accuracy.

Next, the subsequent section focuses on presenting the results and performance
analysis of the classification model by suggesting a new robust feature extraction
method. The reliability of the developed model was analyzed through a systematic
evaluation of the extracted features and the resulting impact on overall classification
performance. The proposed framework was validated using a labelled thermal image
dataset to ensure comprehensive analysis across single and dual-input conditions. The
improved hotspot categorization accuracy demonstrates the framework's ability to
capture complex spatial and thermal patterns. The outcome underscores the importance
of domain-specific feature engineering for advancing PV hotspot identification and
severity classification.

Furthermore, the next section concentrates on the severity classification process.
The segmented thermal images were systematically divided into training and testing
datasets to evaluate the generalization capability of the model. Hotspot severity was
categorized into predefined class labels to ensure a consistent and structured
classification framework across different datasets. The classification structure enhanced

both accuracy and reliability during performance evaluation. The analysis also provides
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valuable insights for further refinement and real-world implementation in solar PV
monitoring applications.

The discussion concludes with a comparative analysis between the proposed
classification framework and the manual interpretation conducted by a certified solar
thermographer. The degree of agreement between the two evaluations was quantified
using statistical agreement analysis. Quantitative and qualitative results were examined
to validate the performance of the proposed classification approach. The comparative
study highlights the alignment between the developed system and expert interpretation,
thereby demonstrating the practicality and reliability of the framework. The findings
emphasize the potential of the proposed method as a decision-support tool for solar
thermographers in diagnosing hotspot severity and ensuring effective PV system

maintenance.

4.2  Results and Analysis of Stage 1: Localization of Hotspot Region using A

New Two-tier Segmentation Method

This section presents the outcomes of Stage 1, which aims to localize hotspot
region using a new two-tier semantic segmentation, as detailed in Subsection 3.5. The
results of the first-tier segmentation are discussed in Subsection 4.2.1, whereas the
results of image enhancement using Non-Local Means with Contrast-Limited Adaptive
Histogram Equalization (NLM-CLAHE) are presented in Subsection 4.2.2, and finally,

the second-tier segmentation analysis is provided in Subsection 4.2.3.

4.2.1 Results of First-tier Segmentation

The first-tier segmentation is aimed at separate solar PV modules and the
background. The output of this segmentation is important because the hotspot regions
within the segmented modules are the subject of the next segmentation stage, which is
covered in the next section. Figure 4.1 illustrates qualitative results of the first-tier
segmentation outputs of selected samples from the training and testing datasets. The
outcomes at this point clearly and distinctly separate the solar panel and the background,
demonstrating the efficacy of the separating procedure. The results show that the PV
module and background regions in the thermal images were effectively clustered.
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Deep Thermal Images First-tier Segmentation Result
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a) U-Net

b) ResNet
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|:| PV Panel . Background or non-panel D GT versus Segmented

Figure 4.1 Sample of Result for the First-tier Segmentation for Separating Solar
Panel and Background using Deep Learning (a) U-Net (b) ResNet-18 (c)
ResNet-50

The qualitative results of the first-tier segmentation are generated by three DL
architectures, namely U-Net, ResNet-18, and ResNet-50. All models effectively
distinguished PV panels from the background, with white areas denoting PV panels and
purple areas denoting non-panel areas. Green outlines highlight segmentation
boundaries and residual noise.

The U-Net model, as shown in Figure 4.1(a), achieved acceptable segmentation
accuracy but exhibited noticeable edge noise, as reflected by the green artefacts around

the module boundaries. Meanwhile, ResNet-18, as shown in Figure 4.1(b), produced
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cleaner segmentation by minimizing boundary noise while maintaining some
inconsistencies at the edges. The result of ResNet-50, as shown in Figure 4.1(c)
achieved the most refined segmentation results, characterized by smoother boundaries
and minimal noise, demonstrating a superior ability to capture fine spatial details. This
finding can be attributed to the deeper convolutional layers of ResNet-50, which
enhance feature extraction and increase the receptive field, enabling better
differentiation between similar thermal intensities within PV modules.

The results of first-tier segmentation are further quantitively analyzed for all
models, as shown in Table 4.1. Among all, ResNet-50 achieved the highest accuracy of
98.33% and a mean loU of 96.41%, confirming strong agreement with the ground truth.
ResNet-18 followed closely with 97.55% accuracy, exhibiting the highest precision
(99.75%) and recall (98.80%). These results demonstrate the network’s ability to
balance sensitivity and specificity, effectively reducing both false positives and false
negatives. In contrast, U-Net recorded the lowest performance, with an accuracy of
95.03% and a mean loU of 91.54%, suggesting comparatively weaker boundary
representation and feature extraction capability than the ResNet-based architectures
evaluated in this study. These findings are consistent with recent studies [31], [145],
which reported that deeper architectures such as ResNet-50 outperform U-Net for PV
fault detection due to enhanced gradient propagation and improved feature
representation. In this study, ResNet-50 (50 layers) and ResNet-18 (18 layers) provide
deeper hierarchical feature extraction than the comparatively shallower U-Net encoder.
Moreover, both ResNet models leverage pretrained weights, enabling better feature

generalization and contributing to their superior segmentation performance.

Table 4.1
The First-tier Segmentation Result
Semantic Model Accuracy (%) Mean loU (%) Precision (%0) Recall (%)
U-Net 95.03 91.54 98.28 94.97
ResNet-18 97.55 95.69 99.75 98.80
ResNet-50 98.33 96.41 96.87 98.79
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Although the reported accuracy values are high, pixel-level accuracy in semantic
segmentation may be influenced by class imbalance between PV module and
background regions. Therefore, mean loU, precision, and recall were also considered to
provide a more comprehensive assessment of segmentation performance. The high
mean loU achieved by ResNet-50 (96.41%) indicates substantial overlap between the
predicted segmentation masks and the ground-truth annotations, suggesting that the
superior performance was not solely influenced by the dominance of background pixels.

While ResNet-18 achieved the highest precision (99.75%), ResNet-50 produced
higher accuracy and mean loU values. This indicates that ResNet-50 generated slightly
more false-positive pixels while providing more complete PV module coverage and
improved boundary localization. Since the first-tier segmentation output is subsequently
used for hotspot localization and severity classification, preserving relevant module
regions is more critical than adopting an overly conservative segmentation strategy.
Consequently, the higher l1oU and comparable recall achieved by ResNet-50 provide a
stronger foundation for the subsequent stages of the proposed framework.

In contrast, U-Net recorded comparatively lower performance, suggesting
weaker feature representation and boundary preservation capability than the ResNet-
based architectures evaluated in this study. It should be noted that ResNet-18 and
ResNet-50 were implemented as backbone networks within the DeepLabV3+ semantic
segmentation framework. Therefore, the observed performance improvement reflects
the combined contribution of the DeepLabV3+ decoder and the enhanced feature
extraction capability of the ResNet backbones. Furthermore, the use of pretrained
weights enabled better feature generalization, contributing to more accurate PV module
localization and boundary delineation.

The analysis reveals that ResNet-18 offers a practical balance between
segmentation performance and computational efficiency, making it suitable for real-
time UAV-based PV inspections. In contrast, ResNet-50 achieved the best overall
segmentation performance, particularly in terms of accuracy and mean loU, indicating
superior PV module coverage and boundary localization. These observations are
consistent with recent advancements in solar PV inspection research, where residual
learning architectures have demonstrated strong feature extraction capabilities while
maintaining reliable segmentation performance. Overall, the findings confirm that both

ResNet-based architectures provide effective solutions for first-tier PV module
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segmentation, with ResNet-18 favouring computational efficiency and ResNet-50

prioritizing segmentation accuracy and boundary preservation.

4.2.2 Results of Image Enhancement using Non-Local Means with Contrast-

Limited Adaptive Histogram Equalization Algorithm

In Stage 1, the next process after first-tier segmentation is image enhancement
using the NLM with the CLAHE algorithm. This section presents the results and output
using qualitative and quantitative evaluations. The qualitative is evaluated based on
visual validation. Meanwhile, the quantitative evaluation used standard image quality
metrics, including Mean Squared Error (MSE), Peak Signal-to-Noise Ratio (PSNR),
and Signal-to-Noise Ratio (SNR). These evaluations were used to determine the level
of improvement achieved using the NLM-CLAHE enhancement algorithm in Stage 1.

Figure 4.2 illustrates a side-by-side comparison of the original thermal images
(Figure 4.2 (i)) and the enhanced images (Figure 4.2 (ii)) produced using NLM and
CLAHE. The technique integrates NLM denoising with CLAHE. The enhanced images
show a more precise thermal pattern and increased contrast. Based on the findings, this
enhancement method enables the identification of previously obscured repetitive cell
textures in PV modules. Furthermore, enhanced visibility of such features is clearly
improved, which is essential for downstream processes, including segmentation,

damage localization, and severity classification in PV inspection systems.
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i) Thermal Image (Original) ii)Enhanced Image

Figure 4.2 Qualitative Results Compared Between the Original (i) and Enhanced
Image (ii) using the Proposed Hybrid NLM and CLAHE Method

Table 4.2 presents the quantitative comparison of image quality metrics for the
NLM, CLAHE, and combined NLM-CLAHE methods. Based on the results, the NLM-
CLAHE method achieves the best overall performance, with the lowest MSE (0.0002),
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indicating minimal pixel-level error between the enhanced and reference images. This
is further supported by the highest PSNR value of 36.4690 dB, demonstrating superior
reconstruction quality with low distortion. In contrast, the individual NLM and CLAHE
methods produce higher MSE values (0.0138 and 0.0125, respectively) and lower
PSNR values (18.7456 dB and 19.1084 dB), indicating comparatively greater pixel
variation after enhancement. Similarly, the SNR values indicate that NLM-CLAHE
(29.8610 dB) preserves signal strength better than NLM (12.1476 dB) and CLAHE
(12.9820 dB). Overall, the results confirm that the combined NLM-CLAHE approach
significantly improves image quality while preserving spatial and boundary
characteristics, outperforming individual enhancement techniques. Furthermore, MSE,
PSNR, and SNR were used as quantitative metrics to assess the preservation of thermal
information after image enhancement. Although contrast enhancement modifies image
intensity distributions, these metrics provide useful measures of structural preservation

relative to the original thermal image, which served as the reference image in this study.

Table 4.2
Quantitative Comparison of Image Quality Metrics for NLM, CLAHE, and NLM-
CLAHE Methods

Parameter MSE PSNR SNR
NLM 0.0138 18.7456 12.1476
CLAHE 0.0125 19.1084 12.9820
NLM-CLAHE 0.0002 36.4690 29.8610

The findings confirm that the proposed hybrid NLM-CLAHE enhancement in
Stage 1 effectively balances contrast amplification and noise reduction. Additionally,
enhanced visibility improves the identification of module boundaries, cell textures, and
localized hotspots. This improvement is crucial for enabling precise segmentation and
reliable fault analysis in subsequent processing stages. More importantly, the PSNR and
SNR results show that the enhancement procedure effectively preserves the images'
essential thermal properties, and the overall patterns remain similar to those of the
original thermal images. This is consistent with the work of [146] and [147], who noted
that PSNR values exceeding 30 dB are generally sufficient to ensure reliable feature

preservation for segmentation tasks.
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In conclusion, the results of this section highlight the development of a reliable
pre-processing stage that supports precise module segmentation and subsequent

classification of hotspot severity.

4.2.3 Results of Second-tier Segmentation

This section presents the findings of the second-tier segmentation phase, which
is used to detect hotspot regions in the solar PV modules. Figure 4.3 presents a
qualitative comparison of the predicted hotspot regions with the corresponding ground-
truth annotations for the three evaluated architectures. In each subfigure, the white
region represents the correctly segmented hotspot area that overlaps with the ground
truth mask, while the pink region denotes the predicted hotspot region. The black area
corresponds to non-hotspot regions.

As shown in Figure 4.3(a), U-Net produces a predicted region with noticeable
boundary irregularities and partial misalignment relative to the ground truth. The
overlap area is comparatively smaller, indicating limitations in capturing fine-grained
hotspot morphology. In contrast, ResNet-18 (Figure 4.3(b)) demonstrates improved
spatial consistency, with a greater overlap between the predicted and ground truth
regions and more stable boundary delineation.

ResNet-50 (Figure 4.3(c)) exhibits the highest degree of correspondence with
the ground truth mask. The segmented hotspot region exhibits finer contours and
reduced false segmentation, indicating superior feature representation and spatial
discrimination. The increased overlap between predicted and reference regions reflects
enhanced segmentation precision and structural preservation. Overall, the qualitative
observations align with the quantitative performance metrics, confirming that deeper
residual architectures improve hotspot boundary localization and robustness in second-

tier segmentation.
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. Predicted Hotspot Region
D Ground Truth Hotspot Region
. Non-hotspot region

D Corrected Segmented Hotspot

Figure 4.3 Sample of Result Segmented Hotspot Region using the Second-tier
Segmentation for (a) U-Net (b) ResNet-18 (c) ResNet-50 Architecture

Next, the quantitative evaluation presents the results of second-tier segmentation
with and without NLM-CLAHE enhancement, as shown in Tables 4.3 and 4.4. Without
enhancement, ResNet-50 achieved the highest accuracy (85.56%) and mean loU
(76.98%), outperforming U-Net (64.78%, 63.83%) and ResNet-18 (72.45%, 55.57%).
Following the application of the proposed NLM-CLAHE enhancement, all evaluated
models demonstrated improved segmentation performance. ResNet-18 exhibited the
largest performance gain, with accuracy increasing from 72.45% to 87.10% and mean
loU improving from 55.57% to 78.61%. Similarly, ResNet-50 achieved further
improvements, with accuracy increasing from 85.56% to 87.82% and mean loU from
76.98% to 78.95%, while maintaining the best overall segmentation performance. U-
Net also benefited from the enhancement, although the improvement was comparatively
modest, with accuracy increasing from 64.78% to 66.50% and mean loU from 63.83%
to 65.70%.

The results indicate that the proposed NLM-CLAHE enhancement improves
thermal contrast and hotspot visibility, thereby facilitating more accurate hotspot
localization. The substantial improvement observed for ResNet-18 suggests that the
enhanced thermal information provided additional discriminative features that were
effectively utilized by the residual learning architecture. Although ResNet-50 achieved
the highest overall performance, the relative improvement was more pronounced for
ResNet-18, indicating a greater sensitivity to the enhanced thermal features. These

findings are consistent with previous studies [139], [140], which demonstrated that
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residual learning architectures are effective in improving feature representation and
segmentation performance. Overall, the results confirm that the proposed NLM-
CLAHE enhancement improves second-tier hotspot segmentation, particularly when

integrated with ResNet-based architectures.

Table 4.3
The Second-tier Segmentation Result (Without NLM-CLAHE)
Semantic Model Accuracy (%) Mean loU (%) Precision (%0) Recall (%)
U-Net 64.78 63.83 66.68 65.45
ResNet-18 72.45 55.57 74.75 70.79
ResNet-50 85.56 76.98 78.86 74.85
Table 4.4
The Second-tier Segmentation Result (With NLM-CLAHE)
Semantic Model Accuracy (%) Mean loU (%) Precision (%) Recall (%)
U-Net 66.50 65.70 67.69 66.98
ResNet-18 87.10 78.61 80.89 76.83
ResNet-50 87.82 78.95 85.89 81.86

Figures 4.4 to 4.7 collectively summarize the quantitative performance of the
second-tier segmentation models with and without NLM-CLAHE enhancement. The
evaluation metrics include accuracy, mean loU, precision, and recall. The results
demonstrate consistent performance improvements across all models after applying the
proposed enhancement method. Among the evaluated architectures, ResNet-50
achieved the highest overall performance, recording an accuracy of 87.82%, a mean
loU of 78.95%, a precision of 85.89%, and a recall of 81.86% after enhancement.
ResNet-18 exhibited the largest relative improvement, with accuracy increasing from
72.45% to 87.10% and mean loU improving from 55.57% to 78.61%, indicating that
the enhanced thermal contrast provided more discriminative hotspot features for
segmentation. Although U-Net also benefited from the enhancement process, the
performance gains were comparatively smaller, with accuracy increasing from 64.78%
to 66.50% and mean loU from 63.83% to 65.70%.
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The improvement observed in the ResNet-based models suggests that the
proposed NLM-CLAHE enhancement effectively increases hotspot visibility and
boundary contrast, facilitating more accurate hotspot localization. Furthermore, the
corresponding increases in precision and recall indicate reduced segmentation errors
and improved identification of hotspot regions. These findings are consistent with
previous studies [148], [149], which reported that residual learning architectures are
effective in improving feature representation and segmentation performance in thermal
image analysis. Overall, the results confirm that the proposed enhancement strategy
improves second-tier hotspot segmentation performance, particularly when integrated

with ResNet-based architectures.

Accuracy Comparison of Second-tier Segmentation Models
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Figure 4.4 Accuracy Comparison of Second-tier Hotspot Segmentation Models with
and without NLM-CLAHE Enhancement
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Mean loU Comparison of Second-tier Segmentation Models
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Figure 4.5 Mean loU Comparison of Second-tier Hotspot Segmentation Models with
and without NLM-CLAHE Enhancement

Precision Comparison of Second-tier Segmentation Models
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Figure 4.6 Precision Comparison of Second-tier Hotspot Segmentation Models with
and without NLM-CLAHE Enhancement
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Recall Comparison of Second-tier Segmentation Models
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Figure 4.7 Recall Comparison of Second-tier Hotspot Segmentation Models with and
without NLM-CLAHE Enhancement

Overall, the results confirm that the proposed two-tier segmentation framework
incorporating NLM-CLAHE enhancement improves hotspot segmentation
performance across all evaluated models. The enhanced thermal images provide clearer
hotspot boundaries and improved feature contrast, contributing to more accurate hotspot
localization. ResNet-50 achieved the best overall segmentation performance, while
ResNet-18 demonstrated the greatest performance improvement following
enhancement. These findings are consistent with previous studies [149] [150], which
highlighted the effectiveness of contrast-adaptive pre-processing in supporting CNN-
based thermal image analysis. Consequently, the proposed framework provides a
reliable solution for hotspot localization and severity assessment in photovoltaic

monitoring applications.

4.3 Results and Analysis of Stage 2: CNN Classification Model using Dual-

input Features Extraction Technique

This section presents the results and analysis of a classification model using a
feature extraction technique. Two distinct feature extraction approaches were
investigated. The first approach employs a single-input strategy, in which image and

temperature data are trained separately using CNN. The second approach combines both
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image and temperature features derived from thermal image characteristics trained in
the CNN model.

To ensure a comprehensive evaluation, both feature extraction methods were
assessed using balanced datasets. This comparison provides insight into how data
distribution influences model performance, particularly in real-world PV monitoring
scenarios where class imbalance is common. Through this evaluation, the analysis aims
to determine the most effective feature extraction strategy for improving hotspot

localization and severity discrimination in PV systems.

4.3.1 Results of CNN Classification Model using Single Input Feature Extraction
(Image Input)

This subsection evaluates the CNN classification performance of U-Net,
ResNet-18, and ResNet-50 using image-only features for hotspot severity classification.
The analysis aims to determine whether visual image characteristics alone, without
temperature information, provide sufficient discriminatory capability for severity
recognition.

The results in Table 4.5 summarize the classification, while Figure 4.8 illustrates
the classification performance of CNN models using a single image feature input across
multiple evaluation metrics. Among the three CNN models, ResNet-18 achieved the
highest accuracy of 76.53%, marginally outperforming ResNet-50 at 73.60% and
considerably surpassing U-Net at 62.40%. However, ResNet-18 maintained superior
precision (76.77%), recall (76.53%), and F1-score (76.51%), confirming balanced
classification performance and reliable detection.

Table 4.5
The Result for Single-Feature Extraction is Based on Image Input
Metrics U-Net (%) ResNet-18 (%) ResNet-50 (%)
Accuracy 62.40 76.53 73.60
Precision 62.36 76.77 73.60
Recall 62.40 76.53 73.60
F1-score 62.37 76.51 73.55
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Meanwhile, Figure 4.8 shows that ResNet-18 achieves superior precision and
recall compared to both U-Net and ResNet-50. These results demonstrate that ResNet-
18 can derive reliable image-level representations. While ResNet-50 achieves
competitive accuracy, its slightly lower performance compared to ResNet-18 indicates
that increased model complexity does not always translate to superior generalization
under the current dataset size. Observations were reported by [143], [145], who found
that deeper CNN architectures require significantly larger datasets to achieve stable
optimization. U-Net achieved lower precision and recall (=62%) than the ResNet

models during the classification stage.

Performance of Single Input Image Feature-based Classification
Models
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Figure 4.8 Classification of CNN Models Using Single-Image Features

The results convey three key implications. First, although image input alone
achieves satisfactory classification accuracy, it remains limited in capturing the intrinsic
thermal variations that define hotspot severity. This limitation underscores the need for
complementary temperature-based information to enhance the classification robustness.
This observation aligns with findings in [17] and [151], which emphasized the role of
elevated module temperature and thermal anomaly patterns as reliable indicators for
hotspot severity classification. Second, the consistent performance of ResNet-18 and
ResNet-50 indicates that both architectures can generalize reasonably well under visual-
only conditions when the dataset provides sufficient variability. The comparatively
stronger stability of ResNet-18 further suggests that deeper architectures require

proportionally larger datasets to fully leverage their representational capacity,
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consistent with [152], which reported that increasing network depth is associated with
higher data requirements. In contrast, the comparatively weaker classification
performance of U-Net highlights limitations of its encoder—decoder structure in
capturing discriminative thermal patterns compared to the deeper residual models.

In summary, both ResNet-18 and ResNet-50 outperform U-Net when using only
image features, with ResNet-18 demonstrating slightly superior discriminative
performance across all evaluation metrics. These findings confirm the effectiveness of
residual architectures in extracting meaningful spatial patterns from visual inputs.
However, despite satisfactory performance, the results indicate limitations when image-
based information is used in isolation for hotspot severity classification. This suggests
that spatial features alone may not fully capture the thermal characteristics associated
with PV defects, thereby motivating further exploration of complementary feature

representations in subsequent analyses.

4.3.2 Results of CNN Classification Models Using Single Input Feature

Extraction (Thermal Input)

This subsection evaluates the performance of U-Net, ResNet-18, and ResNet-
50 in CNN classification when temperature values are used as the sole input feature.
Table 4.6 presents quantitative results, while Figure 4.9 illustrates the classification
performance of CNN models using a single thermal feature input across multiple

evaluation metrics.

RgleRgsﬁlt of CNN Classification Single-feature Extraction based on Thermal Input
Metrics U-Net (%) ResNet-18 (%) ResNet-50
Accuracy 74.01 85.37 66.49
Precision 58.11 85.24 66.48
Recall 7491 85.38 66.49
F1-score 57.56 85.25 66.43

From the result, ResNet-18 achieved the best overall performance with an
accuracy of 85.37%. It also demonstrated the highest balance between F1-score
(85.25%), recall (85.38%), and precision (85.24%). U-Net recorded a moderate
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accuracy of 74.01%, indicating reduced generalization capability. The relatively low
precision (58.11%) and F1-score (57.56%) compared with the accuracy suggest that the
model produced more false-positive predictions for certain severity classes. This
indicates that although the U-Net identified a substantial proportion of the target
samples, its class discrimination capability was less effective than the ResNet-based
models. ResNet-50 showed comparatively weaker results, with an accuracy of 66.49
and precision, recall, and F1 scores of approximately 66%.

The superior performance of ResNet-18 is attributed to its residual skip
connections and lightweight design, which enhance gradient stability and feature
preservation during training. Despite having fewer layers than ResNet-50, ResNet-18
effectively captures discriminative thermal patterns while avoiding overfitting. The
comparatively lower performance of U-Net indicates limitations in capturing
discriminative temperature patterns from the thermal feature input. This behaviour is
reflected by the lower precision and F1-score values, suggesting greater confusion
among hotspot severity classes compared with the ResNet-based architectures. While
deeper architecture generally offers greater representational capacity, the present results
indicate that performance gains depend on the balance between model complexity and
available training data. This observation is consistent with studies in [71], [152], [153],
which reported that deeper CNN architectures require larger datasets for convergence.

Figure 4.9 confirms the dominance of ResNet-18 across all metrics, particularly
in validation accuracy and F1-score, reflecting strong generalization capability. U-Net’s
relatively high accuracy. Meanwhile, ResNet-50 exhibits lower overall performance
across metrics, suggesting that its deeper architecture requires stronger data

augmentation or transfer learning to improve stability.
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Performance of Single Input Thermal Feature-based
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Figure 4.9 Classification of CNN Models Using Single-Thermal Features

These findings highlight several significant consequences. The strong
performance of ResNet-18 demonstrates that temperature-based features alone can
reliably distinguish between hotspot severity levels in PV systems. In line with [17],
this observation suggests that temperature differential is a useful indicator of hotspot
behaviour. However, the reliability of thermal measurements may be influenced by
irradiance, ambient temperature, emissivity, and wind conditions. Consequently,
temperature-based features should be complemented with additional image-derived
information to improve classification robustness.

Secondly, the weak performance of U-Net and ResNet-50 indicates that the
model's complexity must be addressed with the dataset's size and feature richness. The
study in [143] emphasizes that deeper networks require larger and more diverse datasets
to avoid instability and redundancy. The ResNet-18 architecture satisfies the scaling
principles outlined in [83] by providing a balanced trade-off between computational
efficiency and representational capacity. Finally, relying solely on temperature inputs
can make the system exposed to fluctuations in irradiance and ambient conditions, as
[31] highlights. This reinforces the importance of integrating hybrid feature sets to
achieve robust and more robust severity classification.

In summary, the results demonstrate that ResNet-18 achieves the best
performance with temperature-only input, consistently attaining high accuracy,
precision, recall, and F1 scores. The findings highlight the strong discriminative power

of thermal features for identifying hotspot severity levels, particularly when temperature
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variation is the dominant distinguishing factor. Compared to image-only input, thermal
data provides more direct defect-related information, thereby improving classification
robustness. Nevertheless, while thermal features exhibit strong predictive capability,
relying solely on a single modality may still limit the model’s overall representational
capacity. This observation supports the need to investigate a dual-input feature
integration strategy to further enhance classification performance.

4.3.3 Results of Dual-Input Feature Extraction (Thermal and Image)

This subsection presents the classification performance of U-Net, ResNet-18,
and ResNet-50 on dual-input features combining temperature and image data. The
experiment aimed to assess whether the fusion of complementary modalities enhances
model robustness, accuracy, and generalization beyond single-input configurations. The
results are summarized in Table 4.7. At the same time, Figure 4.10 presents the
classification performance of CNN models using dual-input across multiple evaluation
metrics.

The results show that ResNet-18 achieved the highest overall performance, with
an accuracy of 98.67%. It also achieved exceptionally consistent precision, recall, and
F1-score values of 98.67%, indicating highly reliable classification performance across
all evaluation metrics. The reported performance was obtained using independent
training, validation, and testing datasets as described in Chapter 3. The testing dataset
was not used during model training or parameter optimization, thereby providing an
unbiased evaluation of classification performance. Similarly, ResNet-50 demonstrated
strong performance, achieving an accuracy of 96.00%, precision of 96.08%, recall of
96.00%, and an F1-score of 96.01%. In contrast, U-Net performed poorly, achieving
only 33.33% accuracy, with precision, recall, and F1-score values of 11.11%, 33.33%,
and 16.67%, respectively. This result suggests that the implemented U-Net
configuration was less effective in learning discriminative multimodal feature
representations than the ResNet-based architectures. The poor performance may be
attributed to limitations in integrating complementary thermal image and temperature
features within the adopted classification framework, resulting in reduced class

discrimination capability.
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Table 4.7
The Result of Dual-input Feature Extraction

Metrics U-Net (%) ResNet-18 (%0) ResNet-50 (%0)
Accuracy 33.33 98.67 96.00
Precision 11.11 98.67 96.08

Recall 33.33 98.67 96.00

F1-score 16.67 98.67 96.01

As shown in Figure 4.10, the dual-input feature extraction approach consistently
improved the classification performance of the ResNet-based models across all
evaluation metrics. The most notable improvement was achieved by ResNet-18, with
classification accuracy increasing from 85.37% to 98.67%, a gain of 13.30%. Similar
improvements were observed for precision, recall, and F1-score. These findings suggest
that thermal images and temperature descriptors provide complementary information
for hotspot severity classification. While temperature-based features capture the thermal
characteristics and severity-related temperature variations of hotspot regions, image-
based features contribute additional spatial and contextual information that facilitates
better discrimination between severity levels. Consequently, integrating both modalities
yields a more informative and discriminative feature representation than either input
alone.

ResNet-50 also benefited from the dual-input feature representation, achieving
of 96.00% accuracy and maintaining consistently high precision, recall, and F1-score.
In contrast, U-Net recorded substantially lower performance across all evaluation
metrics, suggesting that the implemented U-Net configuration was less effective in
learning discriminative multimodal feature representations than the ResNet-based
architectures. The poor performance may be attributed to limitations in integrating
complementary thermal image and temperature features within the adopted
classification framework, resulting in reduced class discrimination capability. These
observations are consistent with the findings reported in [154] and [155], which
demonstrated that multimodal feature fusion enhances feature representation and
improves classification performance by leveraging complementary information from

multiple input modalities. Overall, the results demonstrate the effectiveness of the
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proposed dual-input feature extraction strategy, with ResNet-18 achieving the highest

overall performance among the evaluated models.

Performance of Dual-input Classification Models
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Figure 4.10 Classification of CNN Models Using Dual-input Features

The findings support several essential conclusions. First, the accuracy and
robustness are greatly improved by combining temperature and detailed image features.
This observed improvement validates the finding in [154], [156] that multimodal fusion
improves decision-making capacities in hotspot severity classification. Second, the
strong performance of ResNet-18 demonstrates that shallower residual architectures
provide a positive balance between computational efficiency and classification
accuracy. This efficiency is achieved without compromising discriminative capability
when hybrid features are utilized. Third, U-Net showed lower -classification
performance in this experimental setup, reflecting architectural differences in handling
image-level features.

Overall, ResNet-18 achieved the best balance between classification accuracy
and computational efficiency under the dual-input configuration. Therefore, ResNet-18
was selected for detailed confusion matrix analysis as it demonstrated the most balanced
and stable performance among all evaluated architectures in the dual-input
configuration. Figures 4.11-4.13 present the confusion matrices for ResNet-18 with
single-image, single-thermal, and dual-input configurations, respectively.

Figure 4.11 presents the confusion matrix for the ResNet-18 model using image-

only input. The model demonstrates reasonable classification performance, particularly
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for the medium class, which records the highest number of correct predictions.
However, noticeable misclassification occurs between the low and high-severity levels,
indicating overlapping visual characteristics between the two categories. This pattern
suggests that spatial image features alone may not adequately capture the thermal
intensity variations required for precise discrimination of hotspot severity. The findings
highlight the inherent limitation of relying solely on visual information for robust

classification performance.
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Figure 4.11 Confusion Matrix of Hotspot Severity Classification Using the ResNet-18
Architecture for Single Input Feature Extraction (Image Input)

Figure 4.12 illustrates the confusion matrix for the ResNet-18 model using
thermal-only input. Compared to image-based input, the model achieves improved
classification consistency across all severity levels, particularly in distinguishing the
medium class with minimal misclassification. Although some confusion remains
between the low and high categories, the overall prediction accuracy is more balanced
and stable. These results indicate that thermal features provide stronger discriminative
cues for assessing hotspot severity. Nevertheless, minor classification overlaps suggest
that integrating complementary spatial information may further enhance model

robustness.
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Figure 4.12 Confusion Matrix of Hotspot Severity Classification Using the ResNet-18
Architecture for Single-input Feature Extraction (Thermal Input)

Figure 4.13 demonstrates the confusion matrix for dual-input feature extraction.
The classification results show near-perfect performance, with minimal
misclassification across all severity levels. This confirms that integrating thermal and
visual image features significantly enhances discriminative capability and class

separability.
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Figure 4.13 Confusion Matrix of Hotspot Severity Classification Using the ResNet-18
Architecture for Dual-input Feature Extraction

In conclusion, dual-input feature extraction offers a substantial advantage in PV
hotspot severity analysis by merging image and temperature features. ResNet-18 is
identified as the most reliable and efficient model, achieving near-perfect accuracy and
consistency across all metrics. The results demonstrate that dual-input fusion

significantly improves hotspot assessment performance compared with single-input
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approaches, further validating the effectiveness of hybrid DL frameworks for PV fault
detection and severity classification.

4.3.4 k-fold Cross-validation for Model Generalization

To further assess the robustness and generalization capability of the proposed
models, a k-fold cross-validation procedure was implemented. In this study, a 5-fold
cross-validation scheme was adopted, focusing on the ResNet-18 architecture, which
had demonstrated superior performance in prior experiments. Tables 4.8-4.10 present
the cross-validation performance for U-Net, ResNet-18, and ResNet-50.

Table 4.8 presents the cross-validation performance of ResNet-18. Accuracy,
precision, recall, and F1-score remain consistently high across all folds, with accuracy
ranging from 98.21% to 99.40% and an average of 99.00%. Precision and recall both
averaged 99.01% and 99.00%, respectively, confirming the model’s stability in
detecting hotspot regions with minimal false positives or false negatives. The F1-score
also remained constant at 99.00%, signifying well-balanced precision—recall trade-offs.

Table 4.8
k-folds Cross-validation Process for ResNet-18, k=5
Fold Accuracy (%) Precision (%) Recall (%) F1-score (%)
1 98.60 98.62 98.60 98.61
2 98.21 98.21 98.21 98.21
3 99.40 99.41 99.40 99.40
4 99.40 99.41 99.40 99.40
5 99.40 99.40 99.40 99.40
Average 99.00 99.01 99.00 99.00
Standard 0.56 0.56 0.56 0.56
Deviation

Table 4.9 summarises the results for ResNet-50, which achieved slightly lower
but still competitive performance, with an average accuracy of 97.17 % and precision,
recall, and F1-score values of 97.19%, 97.17%, and 97.17%, respectively. Minor
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fluctuations between 95.82% and 98.41% indicate excellent consistency and robustness,
despite its deeper network configuration.

Table 4.9
k-folds Cross-validation Process for ResNet-50, k=5
Fold Accuracy (%) Precision (%) Recall (%) F1-score (%0)
1 96.21 96.23 96.21 96.21
2 98.41 98.41 98.41 98.41
3 98.21 98.23 98.21 98.21
4 95.82 95.82 95.81 95.82
5 97.21 97.25 97.21 97.21
Average 97.17 97.19 97.17 97.17
Standard 1.16 1.16 1.16 1.16
Deviation

In contrast, Table 4.10 shows that U-Net recorded highly inconsistent results,
with accuracies varying from 33% to 89% and an overall average of 44.53%. Precision
(26.86%), recall (44.47%), and F1-score (31.17%) were significantly lower, confirming

limited generalization capability under dual-input conditions.

Table 4.10
k-folds Cross-validation Process for U-Net, k=5
Fold Accuracy (%) Precision (%) Recall (%) F1-score (%)
1 33.33 11.11 33.33 16.67
2 33.47 11.16 33.33 16.72
3 89.04 89.77 89.04 89.09
4 33.47 11.16 33.33 16.72
5 33.33 11.11 33.33 16.67
Average 44.53 26.86 44.47 31.17
Standard 24.88 35.17 24.91 32.38
Deviation
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The comparison of all three models demonstrates a clear performance hierarchy.
ResNet-18 achieved the most stable and accurate outcomes, followed closely by
ResNet-50, while U-Net underperformed severely. The minimal variation across
ResNet folds indicates strong model regularization and balanced learning between
training and validation sets, consistent with the trends reported in [152] and [157],
which showed that residual architectures maintain high reliability across repeated
validation cycles.

Conversely, U-Net’s inconsistent results highlight its architectural limitations in
classification tasks requiring multimodal fusion, reaffirming observations in [158] that
encoder—decoder networks optimized for segmentation fail to retain stability under non-
pixel-level learning. The weak generalization of U-Net suggests that its spatial feature
encoder cannot effectively align dual-input modalities, leading to high variance and
unreliable predictions.

The standard deviation values further support the stability analysis of the
evaluated models. ResNet-18 achieved the lowest standard deviation across all
evaluation metrics (0.56%), indicating highly consistent performance across the five
folds. ResNet-50 also demonstrated good stability, with standard deviation values of
approximately 1.16%. In contrast, U-Net recorded substantially higher standard
deviation values, particularly for precision (35.17%) and F1-score (32.38%),
confirming unstable classification behaviour and limited generalization capability under
the dual-input configuration.

Overall, the results establish that residual networks, particularly ResNet-18,
offer superior stability, balanced precision and recall behaviour, and high predictive
reliability across multiple data folds. These findings confirm ResNet-18 as the optimal
model and validate the generalization strength of the proposed hybrid DL framework

for PV hotspot localization and severity classification.

4.3.5 Comparison and Analysis of CNN Classification Results Using Single and

Dual-Input Features

A comparative analysis across all input configurations and model architecture
provides a comprehensive overview of their relative effectiveness. Table 4.11
summarizes the classification performance of ResNet-18 across single thermal, single

image, and dual-input feature configurations. Under all evaluated configurations,
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ResNet-18 consistently outperforms both ResNet-50 and U-Net, demonstrating superior
versatility and computational efficiency.

Table 4.11
Performance Comparison of ResNet-18 Using Single and Dual-input Feature
Configurations

Evaluation Metric Single Input Dual Input
(%)
Image -based Thermal-based
Accuracy 76.53 85.37 98.67
Precision 76.77 85.24 98.67
Recall 76.53 85.38 98.67
F1-score 76.51 85.25 98.67

In single-input experiments, ResNet-18 demonstrates stable and balanced
performance across all evaluation metrics. ResNet-18 achieved balanced, stable
performance, with F1-scores of 76.51% for the image input and 85.25% for the thermal
input. This difference indicates that temperature information provides stronger
discriminative capability for hotspot severity classification than visual features alone.

A substantial performance improvement is observed when dual-input features
are employed. The dual-input configuration demonstrated substantial improvement
across all evaluation metrics. Compared with the thermal-based configuration, the
proposed dual-input feature extraction approach improved classification accuracy by
13.30%, precision by 13.43%, recall by 13.29%, and F1-score by 13.42%. When
compared with the image-based configuration, the improvements were even more
pronounced, with gains of 22.14%, 21.90%, 22.14%, and 22.16% in accuracy,
precision, recall, and F1-score, respectively. These results quantitatively demonstrate
the effectiveness of integrating thermal and image information for hotspot severity
classification.

These findings confirm that ResNet-18 effectively leverages feature fusion to
improve classification robustness without increasing architectural complexity. The
results further indicate that compact CNN architectures can achieve high performance
when supported by well-designed multi-modal input representations. This characteristic
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is particularly advantageous for scalable, real-time PV fault-monitoring systems, where
both accuracy and computational efficiency are critical.

Figure 4.14 compares the proposed dual-feature fusion approach (ResNet-18 +
dual-input) with state-of-the-art hybrid feature extraction techniques. The proposed
method achieved a testing accuracy of 98.67%, outperforming hybrid local features with
infrared and clustering (96.80%) [159], hybrid RGB-texture-HOG-LBP with SVM
(92.00%) [160], and global plus local features using binary Harris Hawks Optimization
with SVM (98.41%) [161]. The superior accuracy demonstrates that integrating DL-
based feature extraction with hybrid input modalities offers a more robust, automated
alternative to traditional HC features.

Hybrid Local Features + IR + Grid _ 96.8
Clustering [170] :
Hybrid RGB + Texture + HOG + LBP +
SVM [171] . >

Global + Local Features + b-HHO +
SVM [172] D 0841

ResNet18 + Dual-input (Proposed) 98.67

Hybrid Feature Extraction Method

88 90 92 94 96 98 100
Performance (%)

Figure 4.14 Accuracy Comparison of the Proposed Hybrid Feature Fusion Method
(ResNet18 + Dual-input) with Selected State-of-the-art Hybrid Feature
Extraction Approaches for Hotspot Detection in Solar PV Systems

This comparison serves as a contextual benchmark rather than a direct
performance ranking. The reported results were obtained from different datasets,
experimental settings, and evaluation protocols. As a result, differences in reported
accuracy may be influenced by variations in dataset characteristics and experimental
procedures. Nevertheless, the comparison provides a useful indication of the
competitiveness of the proposed dual-input feature fusion framework relative to
existing hybrid feature extraction approaches reported in the literature.

Within the context of the evaluated dataset and experimental protocol, the
observed improvement can be attributed to the ability of the deep network to
automatically extract high-level discriminative representations from fused thermal and

visual domains, consistent with findings in [162] and [163]. These results indicate that
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the hybrid fusion process enhances both feature complementarity and model
generalization, contributing to improved performance under varied operational
conditions.

The outcomes validate the potential of hybrid feature fusion strategies in
enhancing PV hotspot severity detection. ResNet-18 offers the best balance between
model depth, computational efficiency, and classification accuracy, making it highly
suitable for large-scale deployment in PV monitoring systems. The results further
demonstrate that integrating temperature and image-based features improve feature
richness and noise robustness, enabling reliable hotspot localization and severity
classification.

In summary, the proposed hybrid ResNet-18 framework demonstrates
competitive performance compared with selected hybrid feature extraction approaches
reported in the literature. The findings highlight the potential of multimodal feature
fusion to improve hotspot severity classification and support the integration of

complementary thermal and image data in PV monitoring applications.

4.4  Result and Analysis of Stage 3: Enhanced CNN Classification Models

This section presents the outcomes and analysis of the CNN-based classification
models utilized for hotspot severity classification in PV systems. The evaluation
focuses on quantitative performance metrics derived from the classification outputs of
different DL architectures. This step evaluates multiple performance metrics, including
accuracy, precision, recall, and F1-score, to clarify the strengths and weaknesses of each
model in detecting thermal abnormalities of varying severity. A comprehensive
comparison is performed to provide insight into the architectural performance,

computational efficiency, and layer-specific behaviour of the utilized models.

4.4.1 Comparison Results of CNN Layers Depth

This subsection presents the results of enhanced CNN models namely U-Net,
ResNet-18 and ResNet-50. All models are trained and tested on thermal image datasets,
with enhanced layers added to the model architecture. Each architecture is evaluated
based on its ability to accurately classify hotspot severity categories when CNN layers
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are added to the model. The results are analyzed with reference to the confusion matrix
output to determine which model offers the best trade-off in performance.

The comparative results across architectures and CNN layer depths provide
important insights into the classification performance of the tested models. Tables 4.12—
4.14 illustrate the overall performance of ResNet-18, ResNet-50, and U-Net with one,
two, and three additional CNN layers. When comparing architectures, both ResNet-18
and ResNet-50 consistently outperformed U-Net in all metrics. ResNet-18
demonstrated the strongest performance, achieving up to 99.47% accuracy in the three-
layer configuration, while ResNet-50 achieved slightly lower results at 99.20%. U-Net,
by contrast, maintained 33.3% accuracy across all layer configurations, indicating that
the implemented architecture was unable to effectively learn discriminative

representations for hotspot severity classification.

Table 4.12
Performance of a CNN with an Additional One (1) Convolutional Layer
Metric Accuracy Precision Recall F1-score
U-Net (%) 33.33 11.11 33.33 16.67
ResNet-18 (%) 97.87 97.88 97.87 97.87
ResNet-50 (%) 96.53 96.56 96.53 96.52
Table 4.13
Performance of a CNN with an Additional Two (2) Convolutional Layers
Metric Accuracy Precision Recall F1-score
U-Net (%) 33.33 11.11 33.33 16.67
ResNet-18 (%) 98.13 98.17 98.13 98.14
ResNet-50 (%) 98.93 98.93 98.93 98.93
Table 4.14
Performance of a CNN with an Additional Three (3) Convolutional Layer
Metric Accuracy Precision Recall F1-score
U-Net (%) 33.33 11.11 33.33 16.67
ResNet-18 (%) 99.47 99.48 99.47 99.47
ResNet-50 (%) 99.20 99.21 99.20 99.20
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When comparing CNN depth, both ResNet architectures showed notable
improvements as the number of layers increased. ResNet-50 exhibited a sharper
performance gain from one to two layers, while ResNet-18 displayed steady
improvements, ultimately surpassing ResNet-50 in the three-layer configuration. These
findings demonstrate that performance improvements are associated with the
incremental addition of convolutional layers in the ResNet-based models, rather than
CNN depth in general. U-Net did not show similar benefits, highlighting task-specific
architectural differences.

The consistently low performance of U-Net across all layer configurations
suggests that the model may have converged on a dominant-class prediction strategy
during training. This behaviour is reflected by the unchanged accuracy (33.33%),
precision (11.11%), recall (33.33%), and F1-score (16.67%) values despite the addition
of convolutional layers. The results indicate that the implemented U-Net configuration
was unable to effectively learn discriminative multimodal feature representations for
hotspot severity classification. Consequently, increasing network depth alone was
insufficient to improve classification performance. The limitation appears to be related
to feature representation and multimodal feature integration rather than network depth.

Overall, the comparative analyses across architecture and CNN layer depths
confirm that ResNet-18 with three additional CNN layers offers the most effective and

robust configuration for hotspot severity classification in PV systems.

4.4.2 Results of Hotspot Severity Classification

This section presents a detailed analysis of hotspot severity classification results
based on confusion matrices. The analysis focuses on class-wise prediction behavior
and misclassification patterns across different CNN architectures. Figures 4.15-4.17
illustrate the confusion matrices obtained for hotspot severity classification using U-

Net, ResNet-18, and ResNet-50 architectures, respectively.
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Figure 4.15 Confusion Matrix of Hotspot Severity Classification Using the U-Net
Architecture

As shown in Figure 4.15, the U-Net model exhibits substantial misclassification
across the three severity categories. The confusion matrix indicates that predictions are
predominantly concentrated in the medium class, with low and high-severity samples
largely misclassified. This pattern indicates limited class separability and suggests that
the U-Net struggles to distinguish fine-grained severity within differences in thermal
hotspot data. The dispersion of off-diagonal errors further reflects reduced
discriminative capability for multi-class severity classification.

The quantitative performance metrics presented in Table 4.15 reinforce these
observations. While the model achieves 100% recall for the medium class, it fails to
correctly identify low and high-severity samples, resulting in zero precision and recall
for these categories. Consequently, the overall F1-score remains low, and the overall
classification accuracy is 33.33%. Given that the dataset is balanced across the three
classes, this accuracy corresponds to random-level performance. These findings
confirm that although U-Net is effective for pixel-level segmentation tasks, it is not
well-suited to multi-class hotspot severity classification without additional feature

refinement.
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Table 4.15
Precision, Recall and F1-score of U-Net for Three-Class Hotspot Severity

Classification

Metric Low Medium High Overall
Precision (%) 0.00 33.33 0.00 11.11
Recall (%) 0.00 100.00 0.00 33.33
F1-score (%) 0.00 50.00 0.00 16.67
Accuracy (%) - - - 33.33

In contrast, the ResNet-18 model demonstrates a highly concentrated diagonal
pattern in the confusion matrix, indicating strong class separability across all severity
levels. As shown in Figure 4.16, almost all samples are correctly classified, with only
two medium-severity cases misclassified as high severity. Importantly, no low or high

severity samples are incorrectly predicted as normal or lower-risk categories.
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Figure 4.16 Confusion Matrix of Hotspot Severity Classification Using the ResNet-18
Architecture

Table 4.16 further confirms the strong classification performance of ResNet-18,
achieving an overall accuracy of 99.47%. Precision, recall, and F1-score values remain
above 98% across all hotspot severity classes, indicating highly reliable classification
performance. The slightly lower precision for the high-severity class (98.43%) is
attributed to two medium-severity samples being classified as high severity, as observed
in Figure 4.16. Nevertheless, the overall classification results demonstrate excellent

class separability and robust discrimination of severity.
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Table 4.16
Precision, Recall and Fl1-score of ResNet-18 for Three-Class Hotspot Severity
Classification

Metric Low Medium High Overall
Precision (%) 98.43 100.00 98.43 98.95
Recall (%) 100.00 98.40 100.00 99.47
F1-score (%) 99.21 99.19 99.21 99.20
Accuracy (%) - - - 99.47

These results demonstrate that ResNet-18 effectively captures discriminative
thermal patterns and severity-related feature representations. The residual learning
mechanism likely contributes to this robustness by facilitating stable gradient
propagation and deeper feature abstraction, enabling reliable classification across
varying hotspot intensities. The consistency between precision and recall values
suggests a balanced classification behaviour without bias toward specific severity
categories.

Although ResNet-50 achieves high overall classification accuracy, its confusion
matrix in Figure 4.17 shows only a few misclassifications across adjacent severity
classes. Specifically, minor confusion is observed between low and medium categories,

indicating slight overlap in learned feature representations.
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Figure 4.17 Confusion Matrix of Hotspot Severity Classification Using the ResNet-50
Architecture
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These errors may be attributed to the increased architectural complexity of
ResNet-50, which, while enhancing representational capacity, may introduce reduced
class-wise stability when trained on moderately sized datasets. This observation
suggests that deeper architectures do not necessarily guarantee superior classification
robustness, particularly when severity discrimination is primarily driven by differences
in temperature intensity rather than highly complex spatial patterns.

As summarized in Table 4.17, ResNet-50 achieves strong performance across
all evaluation metrics, with an overall accuracy of 99.20%. Class-wise precision and
recall values remain above 97% for all severity levels, demonstrating stable
discriminative capability. The overall precision, recall, and F1-score values were
calculated as the average of the corresponding metrics across the three hotspot severity
classes. However, compared with ResNet-18, the marginal performance gains indicate
that increasing network depth does not yield substantial improvements for this task.
This reinforces the suitability of moderately deep residual networks for hotspot severity

classification in thermal PV imagery.

Table 4.17
Precision, Recall and F1-score of ResNet-50 for Three-Class Hotspot Severity
Classification

Metric Low Medium High Overall
Precision (%) 99.21 100.00 98.43 99.21
Recall (%) 100.00 97.60 100.00 99.20
F1-score (%) 99.60 98.79 99.21 99.20
Accuracy (%) - - - 99.20

Overall, the comparative analysis shows that residual-based architectures
significantly outperform U-Net for hotspot severity classification. While U-Net exhibits
limited class separability and substantial misclassification across adjacent severity
levels, both ResNet-18 and ResNet-50 achieve highly concentrated diagonal structures
in their confusion matrices, indicating strong discriminative capability. Among the
evaluated models, ResNet-18 delivers the best overall performance, with superior class
balance and minimal misclassification, and slightly outperforms the deeper ResNet-50
architecture. These findings suggest that moderate-depth residual networks provide an

optimal balance between representational capacity and generalization for thermal-based
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hotspot severity classification. The results further confirm that increasing architectural
depth does not necessarily improve performance, particularly when severity
differentiation is driven primarily by temperature-intensity variations rather than highly

complex spatial features.

4.5 Results and Analysis for Stage 4: Overall Performance of Hotspot

Localization and Severity Classification

This section presents the comprehensive evaluation of the proposed hotspot
localization and severity classification framework under Stage 4. Unlike previous stages
that examined individual components independently, this stage assesses the integrated
system to determine its overall robustness, reliability, and practical applicability. The
evaluation is conducted using two complementary approaches: quantitative
performance metrics and expert-based thermographer validation. By combining
objective statistical measurements with expert interpretation, this analysis provides a

holistic assessment of the system’s operational effectiveness.

45.1 Results and Analysis based on Performance Metrics Evaluation

Overall, the experimental findings demonstrate progressive performance
improvements across all stages of the proposed framework. The two-tier segmentation
approach achieved reliable hotspot localization, with ResNet-50 providing the best
segmentation performance. In the classification phase, the dual-input severity
classification strategy significantly improved discriminative capability compared to
single-modality configurations. The integration of spatial and thermal features enabled
more refined class separation, particularly between closely related severity levels.
Furthermore, strategies that incorporate additional convolutional refinement strengthen
classification robustness and stability. Among all evaluated configurations, the three-
layer ResNet-18 model achieved the highest overall performance, attaining 99.47%
accuracy and outperforming deeper architectures while maintaining improved

computational efficiency.
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In addition to accuracy, consistent improvements were observed across
precision, recall, and F1-score metrics, indicating balanced class prediction and reduced
misclassification between severity levels. These findings confirm that integrating
spatial and thermal information enhances feature representation and strengthens
decision stability. Agreement analysis with certified solar thermographers further
validated the reliability and practical applicability of the proposed framework.

4.5.2 Results and Analysis based on Solar Thermographer Evaluation

This subsection presents an expert-based evaluation conducted by certified solar
thermographers to assess the consistency between human interpretation and the
proposed hotspot severity classification framework. A total of 20 representative thermal
images were independently reviewed by nine certified thermographers, who assigned
severity labels across three predefined hotspot categories. The expert annotations were
subsequently compared with the established ground truth to evaluate inter-rater
agreement and alignment with the reference classification. This evaluation provides an
external validation of the system’s practical reliability and its consistency with
professional inspection standards.

Table 4.18 presents the hotspot severity classifications assigned by nine
professional solar thermographers across 20 thermal images, along with the
corresponding ground truth (GT) labels used for expert agreement analysis. In addition,
the table includes the classification results generated by the proposed model (PM),
enabling a direct comparison between human expert assessments and the automated
system. This comparison facilitates the evaluation of the proposed model’s consistency
and agreement with expert judgments.

As observed in the evaluation results, a high level of agreement is evident among
thermographers for images associated with severe hotspot conditions, with most expert
assessments matching the ground truth labels. This indicates that marked thermal
anomalies are generally easier to interpret and classify due to their distinct temperature
contrasts and spatial patterns. In contrast, moderate and low-severity cases exhibit
relatively higher variability in expert judgments. Such variation is expected, as fine-
grained temperature differences and borderline hotspot patterns often require subjective

interpretation, even among experienced thermographers.
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The observed trends from the solar thermographer evaluation are consistent with
the statistical agreement analysis reported in Subsection 4.5.3. While Cohen’s Kappa
provides a quantitative measure of model reliability, the expert-based evaluation offers
complementary qualitative validation. It further confirms that the proposed framework
produces severity classifications that align well with professional judgement,
particularly for critical hotspot conditions. This dual validation strengthens the practical
applicability of the proposed hotspot localization and severity classification approach

for real-world PV inspection tasks.

138



Table 4.18

Solar Thermographer Evaluation of Hotspot Severity Classification Results
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4.5.3 Results based on Statistical Analysis

This subsection quantitatively evaluates the consistency between the automated
system and certified solar thermographer interpretations using Cohen’s Kappa (k)
coefficient. Cohen’s Kappa was selected due to its suitability for categorical
classification tasks, as it measures inter-rater agreement while adjusting for agreement
occurring by chance. This provides a more reliable representation of the consistency of
classification between raters.

Figure 4.18 presents the k values for each solar thermographer (ST1-ST9)
across two comparisons: Solar thermographer versus ground truth (ST vs GT) and
proposed model versus solar thermographer (PM vs ST). The ST vs GT results
demonstrate noticeable variability among thermographers, with k values ranging from
0.11 (ST6) to 0.57 (ST7). This spread indicates differences in individual interpretation
when assigning hotspot severity levels, particularly for borderline cases where visual
distinctions between low and medium classes are less pronounced. The observed
variability confirms that manual severity assessment is inherently influenced by

subjective judgment.
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Figure 4.18 Cohen’s Kappa Agreement Between Solar Thermographers and Ground
Truth, and Between Automated (Proposed Model) and Solar
Thermographers

A comparable trend is observed in the PM vs ST comparison. The k values

indicate fair to moderate overall agreement, with stronger agreement observed among
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thermographers who also showed greater consistency with the ground truth. This pattern
suggests that the model’s predictions align closely with expert interpretation and reflect
similar decision boundaries in severity classification.

Table 4.19 summarizes the average k values across all thermographers. The
mean agreement between ST and GT is 0.36 = 0.164, indicating fair-to-moderate inter-
expert consistency. In comparison, the agreement between the proposed model and
thermographers (PM vs ST) is slightly higher at 0.40 £ 0.131, suggesting that the
automated system achieves a level of consistency comparable to, and marginally more

stable than, human inter-rater agreement.

Table 4.19
Cohen's Kappa For The Evaluation Of The System Developed Against The Ground
Truth (GT) and Solar Thermographer (ST)

Test Item / Dataset Average score * Standard Deviation
Cohen’s Kappa, k STvsGT 0.36 £0.164
PMvs ST 0.40+£0.131

Overall, while variability exists among human thermographers, the proposed
framework demonstrates performance comparable to that of experts. The system
achieves agreement levels comparable to expert judgment, supporting its applicability
as a decision-support tool in real-world PV thermal inspection. Cohen’s Kappa analysis
confirms the effectiveness and stability of the proposed model, particularly in scenarios

where human agreement is inconsistent.

4.6 Comparative Analysis of Hotspot Localization and Severity Classification

with Existing Methods

In this section, the performance of the proposed hotspot localization and severity
classification framework is benchmarked against several recent studies that utilize
infrared thermography and DL approaches for PV fault analysis. The comparison
focuses on both hotspot detection or localization and severity classification capabilities
to provide a structured evaluation of methodological differences. Table 4.20 presents a
comparison between the proposed framework and recent studies in terms of hotspot

localization and severity classification performance. While prior studies demonstrate
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strong performance in either detection or classification tasks, the two components are
often examined independently. As a result, integrated evaluation of both localization
and severity classification remains limited in the existing literature. In contrast, the
proposed approach integrates these components into a single, fully automated

framework, enabling end-to-end processing from segmentation to severity grading.

Table 4.20
Comparative Analysis of Hotspot Localization and Severity Classification with
Existing Methods

Study Pixel-Level Localization Severity Classes Accuracy
Classification (%)

Alietal. [161] - Yes 3-class 98.41
Acikgoz et al.[67] - Binary 2-class 98.65
Sandeep et Partial Binary 2-class ~08
al.[164]
Proposed loU 98.33% PV, 78.95% Dual Input 3-class 99.47
Framework Hotspot

Recent studies have reported performance in hotspot detection and classification
using both HC feature-based techniques and DL architectures. For instance, Ali et al.
[161] proposed a hybrid global-local feature extraction approach combined with
optimization-based feature selection for three-class PV fault classification, achieving
98.41% accuracy. Similarly, Acikgoz et al. [67] evaluated multiple pre-trained CNNs
and reported a highest accuracy of 98.65% for binary hotspot classification. Sandeep et
al. [164] introduced a CNN-based model for hotspot detection with approximately 98%
classification accuracy. While these studies demonstrate strong classification
performance, explicit pixel-level localization metrics are not consistently reported. In
contrast, the proposed framework evaluates localization performance using pixel-level
loU, achieving 98.33% loU for solar PV region segmentation and 78.95% loU for
hotspot region segmentation. Since loU is computed at the pixel scale, it provides a
more detailed assessment of segmentation overlap, supporting precise spatial
delineation of hotspot regions.

In terms of hotspot severity classification, existing studies largely emphasize
binary categorization rather than structured multi-level grading. For example, Acikgoz

et al. [67] and Sandeep et al. [164] primarily distinguish between hotspot and non-
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hotspot conditions, without further differentiating severity levels. Although Ali et al.
[161] extended the problem into a three-class PV fault classification setting, the
approach relied on manually engineered feature extraction and did not integrate
segmentation-driven severity assessment. In contrast, the proposed framework performs
three-class hotspot severity classification (Low, Medium, and High) using a dual-input
feature extraction strategy that combines spatial image information with thermal
characteristics. The enhanced dual-input ResNet-18 configuration achieved an overall
classification accuracy of 99.47%, demonstrating balanced performance across
precision, recall, and F1-score metrics. By coupling pixel-level hotspot segmentation
with structured severity grading, the framework ensures that classification decisions are
based on accurately delineated hotspot regions rather than on global image
representations alone.

Overall, the comparative evaluation indicates that while existing studies achieve
strong performance in either hotspot detection or classification, fully integrated
solutions remain limited. The proposed framework addresses this gap by combining
two-tier pixel-level segmentation with structured three-class severity grading within a
single integrated and fully automated framework. The incorporation of dual-input
feature fusion further enhances classification robustness by leveraging both spatial and
thermal characteristics. Although direct numerical comparisons may vary due to
differences in datasets and evaluation methods, the proposed framework demonstrates
competitive localization performance and strong severity classification accuracy.
Overall, the results indicate that the approach provides a practical and comprehensive

solution for PV hotspot inspection.

4.7  Summary

This chapter presents and discusses the results of the proposed methodology for
classifying hotspot severity in thermal images. The results are structured into four main
components: two-tier segmentation, CNN classification performance with dual-input
feature extraction, enhanced CNN model comparison, and overall performance
evaluation.

In the first part, a two-tier semantic segmentation approach is proposed. The
resulting segmentation output provides a reliable basis for the subsequent hotspot

identification stage. The analysis demonstrates that the proposed two-tier framework
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consistently achieves higher localization accuracy than a single-stage approach. This
improvement is particularly evident in thermal images affected by low contrast and non-
uniform irradiance conditions. The integration of hybrid image enhancement
techniques, including NLM denoising and CLAHE, effectively improves thermal
contrast while suppressing noise. Consequently, hotspot visibility and boundary
definition are enhanced. As a result, the refined hotspot regions yield more
discriminative spatial and thermal features, thereby improving robustness and reliability
in subsequent severity classification.

Next, in terms of feature extraction, the study found that integrating spatial
image-based features with temperature-driven thermal descriptors yields more
discriminative representations for hotspot severity classification. While single-feature
inputs capture only partial characteristics of hotspot behaviour, the dual-feature fusion
strategy effectively preserves both geometric hotspot patterns and underlying thermal
intensity variations. The use of refined hotspot regions derived from the two-tier
segmentation further enhances feature reliability by minimizing background
interference and boundary imprecision. Consequently, this dual-feature approach
produces a more comprehensive and informative image representation. Thus, it
enhances the model’s ability to improve class separability and achieve more stable
severity classification performance.

Furthermore, the performance of the enhanced CNN classification models with
varying convolutional layer depths is analyzed. The experimental results indicate that
progressively increasing the number of convolutional layers leads to consistent
performance improvements, as deeper architectures enable more effective hierarchical
feature learning. Specifically, models with additional convolutional layers demonstrate
greater ability to capture complex spatial and thermal patterns associated with hotspot
severity. Among the evaluated configurations, the model with three convolutional
layers achieves the best overall classification performance, indicating an optimal
balance between representational capacity and model complexity.

Moreover, qualitative validation by solar thermographers supported the
effectiveness of the proposed framework. The fair-to-moderate between the predicted
severity classes and expert assessments indicates high interpretative reliability. Minor
disagreements were primarily observed at boundary hotspot regions, reflecting inherent
variations in expert judgment when interpreting slight thermal differences. Overall,

these findings demonstrate the potential of the proposed system to support consistent
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and repeatable hotspot severity assessments within operational PV inspection
workflows.

In conclusion, the proposed methodology for classifying hotspot severity from
thermal images demonstrates improved classification accuracy and robustness. The
integration of a two-tier segmentation architecture provides precise and reliable hotspot
localization, even under challenging thermal conditions. By combining spatial image-
based features with temperature-driven thermal features, the proposed framework
enables more discriminative and stable severity representations. Furthermore,
enhancing the CNN architecture through deeper convolutional layers improves
hierarchical feature learning, with the three-layer configuration achieving optimal
classification performance. Comparative analysis with existing approaches confirms
that the proposed hybrid framework demonstrates competitive performance relative to
existing hotspot localization and severity classification approaches for PV thermal
imagery. Qualitative validation by solar thermographers further supports the reliability
and practical applicability of the proposed system. Overall, these results highlight the
potential of the framework to facilitate consistent hotspot severity assessment, support
preventive maintenance strategies, reduce performance degradation, and enable
effective management of PV assets.

Despite the promising results, several limitations should be acknowledged. The
developed framework was evaluated using thermal images collected from a single PV
installation site, which may limit its applicability to different environmental and
operational conditions. In addition, the solar thermographer validation involved a
limited number of experts, and no independent external dataset was available for further
verification. Future work should evaluate the proposed framework using larger multi-
site datasets and broader expert participation to further assess its applicability under
diverse operating conditions. Nevertheless, the findings demonstrate the potential of the
proposed framework as a practical and reliable tool for automated hotspot severity

assessment in PV monitoring applications.
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CHAPTER S
CONCLUSIONS AND RECOMMENDATIONS

5.1 Conclusion

This study presented a comprehensive methodology for hotspot localization and
severity classification in solar photovoltaic (PV) modules using aerial thermal imagery.
The proposed approach integrates image processing and deep learning (DL) techniques
into a systematic pipeline comprising pre-processing, segmentation, and severity
classification stages. The results demonstrate that the proposed methodology
significantly improves the accuracy and reliability of hotspot detection. This
improvement provides valuable support for effective solar PV system monitoring and
maintenance.

The proposed framework begins with a two-tier semantic segmentation strategy
for hotspot localization, addressing Objective (1). In the first stage, the model segments
solar PV modules from the background, followed by fine-grained segmentation of
hotspot regions within the identified PV modules. The segmentation architecture
incorporates U-Net, ResNet-18, and ResNet-50 to evaluate multi-level feature learning
capabilities. Experimental results indicate that the two-tier segmentation approach
achieves strong performance, with ResNet-50 attaining the highest Intersection over
Union (loU) of 78.95%, followed by ResNet-18 (78.61%) and U-Net (63.70%). Both
ResNet-18 and ResNet-50 demonstrate superior feature extraction capability compared
to the baseline U-Net model. These results validate the effectiveness of the proposed
framework in improving hotspot localization accuracy and support reliable severity
assessment in thermal PV imagery.

The second objective of this study (Objective 2) focuses on enhancing hotspot
severity classification by effectively extracting features from segmented hotspot
regions. To achieve this, a dual-input feature extraction strategy was developed by
integrating CNN-based deep features derived from thermal images with temperature-
based numerical features. Comparative analysis shows that the single-input CNN model
and the temperature-only feature model achieved classification accuracy of 76.53% and

85.37%, respectively. By contrast, the proposed dual-input feature fusion approach
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significantly improves classification performance, achieving an outstanding accuracy
of 98.67%. These results demonstrate that combining complementary thermal image
features and explicit temperature-based descriptors substantially enhances the
discriminative capability of the classification model. The findings validate the
effectiveness of the proposed dual-input strategy in improving hotspot severity
classification in thermal PV imagery.

Building upon the effectiveness of the proposed dual-input feature extraction
strategy, Objective (3) evaluates the effectiveness of enhancing CNN-based
classification models for hotspot severity assessment by extending convolutional depth.
A series of classification experiments was conducted using the same baseline
architectures, namely U-Net, ResNet-18, and ResNet-50, under identical experimental
settings. One to three additional convolutional layers were added to each model to
assess the impact of architectural depth on classification performance. The results
indicate that both ResNet-18 and ResNet-50 benefit from deeper configurations, with
ResNet-18 demonstrating the most consistent improvement. In particular, the enhanced
ResNet-18 model with three additional convolutional layers achieved the highest
performance among the evaluated models, attaining an accuracy and F1-score of
99.47%. Although ResNet-50 also showed performance gains, these improvements
were less consistent, while U-Net exhibited limited suitability for classification tasks.
These findings confirm that increasing convolutional depth in residual network
architectures, particularly ResNet-18, is an effective strategy for improving
performance in hotspot severity classification.

Following the demonstrated effectiveness of the enhanced CNN-based
classification model, Objective (4) focuses on validating the reliability of the proposed
hotspot severity classification framework through expert-based assessment. Cohen’s k
analysis was conducted to evaluate the level of agreement between the proposed
classification results and assessments provided by nine independent solar
thermographers. The results indicate a fair to moderate level of agreement between the
proposed framework and expert evaluations, indicating reasonable alignment with
expert judgement. In contrast, comparing individual solar thermographers with expert-
derived ground truth reveals greater variability, particularly for low and moderate-
severity hotspot cases. Such variation is expected among expert assessments. This is
primarily due to minor temperature differences and borderline thermal patterns, which

often require subjective interpretation even among experienced thermographers.
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Overall, these findings confirm that the proposed framework delivers reliable

classification outcomes comparable to inter-expert variability. This supports its

practical applicability for thermal inspection and decision-making in solar PV system

monitoring.

5.2

Research Contribution

This research contributes to the advancement of automated hotspot localization

and severity classification in solar PV systems using aerial thermal imagery and deep

learning techniques. In alignment with the research objectives, the key contributions of

this study are summarized as follows:

A novel two-tier semantic segmentation framework for automated hotspot
localization is proposed. The first segmentation stage isolates PV module
regions from the background, while the second stage extracts fine-grained
hotspots within individual modules. This hierarchical segmentation strategy
effectively reduces background interference and boundary uncertainty,
enabling more accurate hotspot localization under varying thermal contrast
and non-uniform irradiance conditions.

An enhanced thermal image scheme integrating Non-Local Means (NLM)
denoising with Contrast Limited Adaptive Histogram Equalization
(CLAHE) is introduced. This hybrid (NLM-CLAHE) enhancement
technique improves thermal contrast while suppressing noise, resulting in
clearer hotspot boundaries and more reliable extraction of the hotspot region
for subsequent segmentation and analysis.

A new model of dual-input feature extraction strategy is proposed for
hotspot severity classification by integrating CNN-based image features
with temperature-driven numerical descriptors. This fusion approach
enables the joint exploitation of complementary spatial and thermal
information. As a result, the limitations of purely image-centric analysis are
addressed, and the discrimination of hotspot severity levels is improved.
An enhanced CNN-based hotspot severity classification model is developed

by incorporating progressive convolutional refinement layers into baseline
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CNN architectures. This controlled refinement strategy strengthens high-
level feature representations without altering the original network
architecture. As aresult, classification robustness and stability are improved
across diverse thermal imaging conditions.

V. A comprehensive performance evaluation and expert-based validation
framework is established to assess the reliability and practical applicability
of the proposed method. Quantitative performance metrics are
complemented by expert-agreement analysis based on evaluations by
certified solar thermographers. This demonstrates improved consistency
and alignment between automated severity classification and expert

judgement.

Overall, the proposed contributions provide a structured and robust solution for
automated hotspot detection and severity classification in PV thermal imagery. The
integration of refined segmentation, hybrid feature representation, enhanced CNN
classification, and expert validation supports the development of reliable, scalable, and

practically applicable PV inspection systems.

5.3 Recommendations for Future Work

The findings of this study highlight the importance of accurate segmentation and
effective image enhancement for hotspot detection. Furthermore, hybrid learning
approaches enhance the accuracy of PV system severity assessment. The proposed
multi-layered approach provides a solid framework for automated thermal analysis.
However, several opportunities remain to improve further the reliability, adaptability,
and scalability of future PV assessment systems.

Future research should focus on designing learning architectures that are
optimized for limited computational environments. This is important for automating
hotspot detection in large-scale PV installations. A key challenge is the inability to
implement complex models on technologies with limited computational capacity.
Addressing this issue requires adopting optimization methods that reduce
computational load without compromising segmentation accuracy or Severity

classification. Improvements of this nature would support the use of the system on edge-
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oriented platforms, including internet of thing (loT)-based monitoring devices and
compact processing units in field applications. Ultimately, such optimization will
support wider adoption of real-time fault detection, making automated hotspot
assessment more practical, affordable, and scalable across PV installations of varying
sizes.

Furthermore, distributed edge processing architectures are a high-priority
research area. Large PV installations will be able to rapidly, in real time, execute
advanced fault-detection algorithms using this method. Besides, this approach will
promote more adaptable decision-making across diverse environmental conditions.
This direction will improve operational monitoring and enable continuous performance
assessment of PV installations.

Further improvement in segmentation performance also presents an essential
direction for development. Introducing similar indices across all segmented regions
within an image may increase confidence in identifying repeated hotspot patterns,
especially when hotspot boundaries vary due to inconsistent temperature distribution.
Investigating alternative segmentation strategies that address shape variability and
thermal dispersion characteristics could also strengthen region delineation and reduce
misclassification risks.

The development and standardization of thermal imagery databases is another
essential objective for further research.  Implementing a thorough benchmark dataset
with uniform assessment standards and annotation guidelines would increase
repeatability and make cross-study comparisons more insightful. A larger and more
diverse data repository would further support robust model validation and reflect real-
world variations in PV operating conditions.

In summary, this work develops a thorough automated framework to enhance
PV system severity categorization, hotspot localization, and image terminology.
Furthermore, this study offers several opportunities for future advancement. Future PV
inspection systems can be made more reliable and scalable by incorporating real-time
edge-based processing, expanding standardized datasets, and optimizing learning
architectures for resource-constrained environments. Further improvements in
segmentation techniques will support the development of more adaptive and intelligent
monitoring systems. These advancements can reduce operational risks, facilitate
predictive maintenance, and enhance the long-term reliability of large-scale solar

infrastructure.
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APPENDIX 1

Expert Evaluation Form for Classification of Solar PV Hotspots in Thermal
Images

Sectionof5

>

Expert Evaluation Form for Classification of *
Solar PV Hotspots in Thermal Images o

Assalamualaikum wbt and Hello, Prof/Dr./Sir/Madam.

My name is Nurul Huda binti Ishak, a doctorate candidate of Doctor of Philosophy (Electrical Engineering)
student at Universiti Teknologi MARA (UiTM), Permatang Pauh Campus. | am hoping for your assistance as a
thermal image expert in responding to an expert evaluation form for the classification of hotspots in thermal
images on classifying hotspot severity conditions.

This evaluation form includes 2 sections. The first section is related to assessor background information and
opinions on the computer-aided diagnosis (CAD) system. The second section contains PV aerial thermal
imagery evaluation on whole images.

This Expert Evaluation Form is designed to assess the evaluation of expert/manual/visual diagnosis in
segmented hotspot regions in thermal images based on the expert selection. Your responses will be used as

the qualitative assessment of the CAD classification model developed in this study.

This feedback iz extremely beneficial to this research in terms of developing new technigues for developing a
CAD system for hotspot seventy classification. Thank you for taking the time to fill out this evaluation form.

Please take your time (within the stipulated time given) to evaluate each image carefully.

Rest assured that your response is strictly private and confidential. It will be utilised exclusively for this study
and will not be publicised among the assessors.

Thank you for your time and feedback.

This form is automatically coflecting emaits from all respondents. Change settings

Email *

Short answer text
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Saction 2 of 5

Section 1: Assessor Details

Please answer bazed on your expertise and background in assessing thermal images.

Description {optional)

Mame: *

Short anewer text

Occupation and position. *

Short answer text

Current Institution. *

Short answer text

Are you previously/currently invelved in solar PV activity in your institution? *
es

Mo

Howr long ia your experience in assessing thermal images (year)? *
less than 1 year

1-2 years

2-3 years

4-5 years

maore than 3 years

e

172




Saction 3of 3

Section 2: Computer-Aided Diagnosis (CAD) System for Hotspot Analysis

e

Description {optional)

1) Do you think that the implementation of a CAD system is important for maintaining PV
aysiem performance?

Yee

Mo

2) Generally, are you satisfied with your existing CAD system? *

Yes

Mo

3) From your point of view, is it crucial o proposs improvements to your existing CAD
aystem?

Strongly support — The improvements are necessary and will enhance system performance.
Support - The improvements are beneficial, though some areas could be further refined.
Meutral - | neither support nor oppose the proposed improvements.

Oppaose - The improvements may not add significant value or may cause complications.

Strongly oppose — The proposed changes are unnecessary or potentially harmful to the current system.
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4) How does the CAD used to assist in maintaining the PV system process, and what are its  *
key capabilities?

Increasas efficiency and reduces processing time.
Enhances accuracy and reduces errors.

Provides advanced festures (e.g. 30 modeling, automation).
Improves collaboration and data sharing.

Limited impact - does not significantly assist the process.

Other:

5) Have you used any infrared thermography and/or CAD systems in your institution/company *
(current and past)?

Yes

No

&) What challenges have you encountered when using CAD in thermal image interpretation?(if *
any )

Difficulty in integrating thermal image data with CAD models.

Limited accuracy in detecting thermal anomalies within the CAD environment.
Lack of user-friendly features or interface for thermal analysis.

Software limitations or compatibility issues.

Mo significant challenges encountered.

Other:

7) Have you received any training or continuing education related to CAD in thermal *
interpretation?

Yee

No
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Saction 4 of 3

Section 2 (Continue): Computer-Aided Diagnosis (CAD) System for Hotspot Analysis -

a

Flease rate the following questions based on your satisfaction levels {1=5trongly Disagree, 2=Moderately
Dizagree, 3=Meutral, 4=Moderately Agree, S=Strongly Agree)

Do you think that if & CAD thermal system focusing on hotspot severity conditions is
developed, it will contribute to new knowledge findings?

1 2 3 4

[41]

Strongly Disagr... |:| |:| D D D

Do you think that if & CAD thermal system focusing on hotspot severity conditions is
developed, it will reduce the maintenance team's workload?

1 2 3 4

[41]

Strongly Disagr.. [ [ [l ] O

Do you think that developing a CAD thermal system that focuses on hotspot severity
conditions will induce collaboration with current artificial intelligence technology?

1 2 3 4

[41]

Strongly Disagr... ] ] ™ [l O

Do you think that if & CAD thermal system focusing on hotspot severity conditions is
developed, it will complemeant or enhance your current workflow?

1 2 E 4

(4]

Strongly Disagr... [ [ O ] O
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If the CAD thermal system focusing on hotspot severity conditions is developed, as an expert, *
| definitely will use the system.

Strongly Disagr.. O [ [l ] O

What are your expectations when/if using thermal CAD during inspection asssssment? *
Improved Detection Accuracy
Second Opinicn and Support
Efficiency and Time Savings
Reducing False Hegatives

Standardization of Interpretation

Ortheer:

Please provide additional comments/suggestions: *

Short answer text
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Section 3: Hotspot Assessment

v
~

Please refer to the attached thermal images below for the classification of hotspot severity conditions from
the solar farm dataset.

1) This thermal image has been captured by a thermal camera. From your view, what is your  *
assumption on hotspot severity as per the red circle?

Low
Medium

High

2) This thermal image has been captured by a thermal camera. From your view, what isyour  *
assumption on hotspot severity as per the red circle?

Low

Medium

High

177




3) This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low
Medium

High

4) This thermal image has been captured by a thermal camera. From your view, what isyour  *
assumption on hotspot severity as per the red circle?

Medium

High
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5) This thermal image has been captured by a thermal camera. From your view, what is your  *
assumption on hotspot severity as per the red circle?

Low
Medium

High

6) This thermal image has been captured by a thermal camera. From your view, what isyour  *
assumption on hotspot severity as per the red circle?

Low

Medium

High
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*

7) This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low
Medium

High

8) This thermal image has been captured by a thermal camera. From your view, what is your  *
assumption on hotzpot severity as per the red circle?

Low

Medium

High
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9) This thermal image has been captured by a thermal camera. From your view, what isyour  *
assumption on hotspot severity as per the red circle?

Low
Medium

High

10) This thermal image has been captured by a thermal camera. From your view, what is your *
assumption on hotspot severity as per the red circle?

Low

Medium

High
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11) This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low
Medium

High

12) This thermal image has been captured by a thermal camera. From your view, what is your *
assumption on hotspot severity as per the red circle?

Low

Medium

High

182




13) This thermal image has been captured by a thermal camera. From your view, what is your *
assumption on hotspot severity as per the red circle?

Low

Medium

High

14) This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low

Medium

High
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15) This thermal image has been capturad by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low

Medium

High

*

16) This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low

Medium

High
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*

17) This thermal image has been capturad by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low

Medium

High

18) This thermal image has been captured by a thermal camera. From your view, what is your
assumption on hotspot severity as per the red circle?

Low

Medium

High
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19) This thermal image has been capturad by a thermal camera. From your view, what is your *
assumption on hotspot severity as per the red circle?

Low
Medium

High

20) This thermal image has been captured by a thermal camera. From your view, what is your *
assumption on hotspot severity as per the red circle?

Low

Meadium

High
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