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Abstract

The purpose of this Ph.D. thesis is to portray deep learning applications for the
Predictive Maintenance of Solar Photovoltaic Systems to identify Infrared Thermographic

anomalies.

The research work carried out initiated the conceptualization, design, implementation,
and evaluation of a novel Intelligent Fault Detection and Diagnosis (IFDD) System,
alternatively realized as an Intelligent Remote Inspection (IRI) System for large-scale (and
utility-scale) Solar Photovoltaic (SPV) Arrays having large surface areas, by deploying
drone-aided Infrared Thermographic Imaging and process acquired thermal data by
employing artificial intelligence (AI) techniques to precisely locate and capture SPV panels’
thermal degradation pattern for operational decision-making, diagnostic monitoring and

prompt maintenance.

SPV cells are fragile, and temperature is a critical environmental factor for their
cascaded and cyclical thermal stresses and irreparable degradation, which are further
accelerated by periodical and prolonged heatwave spells and global warming effects. The
emergence of Al techniques, particularly deep learning (DL) algorithms leverage the realm
of diagnostic monitoring and predictive maintenance (PdM). The thesis focuses on creating
accessible, explainable end-to-end pipelines employing the DL framework, and drawing and

preparing datasets from public repositories.

Besides, acquiring, preparing, and labeling a quality, calibrated, and noise-free SPV
panel’s thermal dataset (floating-point temperature intensity values in degrees Celsius) is a
challenging task, as SPV energy-producing assets are expected to operate under healthy
conditions and achieving targeted output continuously, resulting in fewer faulty labeled
instances, whereas a large amount of data is required to train DL models for multiclass

classification (or thermal diagnosis).

The thesis work is organized into five chapters: Chapter 1 introduces the objective of
Predictive Maintenance (PdM), including Fault Detection and Diagnosis (FDD), Solar
Photovoltaic (SPV) energy market, global warming effect, and contribution. Chapter 2
provides a comprehensive overview of the state-of-the-art Artificial Intelligence (Al)

techniques in Solar Photovoltaic (SPV) diagnostics, including their application and
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ABSTRACT

implementation challenges encountered while selecting and deploying AI algorithms,
various Deep Learning (DL) models employed for diagnosis, explainability methods, and
Infrared Radiated Thermographic (IRT) inspection for SPV power systems. Chapter 3
describes a theoretical framework for Convolutional Neural Network (CNN) comprising its
architecture, layers, and training process. Chapter 4 describes the contributions proposed in
Monitoring Diagnosis for Predictive Maintenance of Solar Photovoltaic Infrared
Thermography. Lastly, Chapter 5 summarizes the work accomplished in this thesis and

offers insights and considerations towards future works.

Keywords: Radiometric Infrared Thermography, Predictive Maintenance, Intelligent Fault

Detection and Diagnosis, Intelligent Inspection, Solar Photovoltaic Systems
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Chapter I

Introduction

Predictive Maintenance (PdM) is condition-based maintenance (EN 13306:2017) [1]
that harnesses advanced machine learning (ML) and artificial intelligence (AI) techniques
to proactively identify and address failure symptoms and anomalies, ensuring the smooth
operation of critical systems. These tools excel in detecting subtle patterns and deviations in
complex data, offering precise insights into anomalies and potential performance issues [2].
At the heart of an effective PdM strategy lies operational fault detection and diagnosis
(FDD), a cornerstone for maintaining modern industrial and renewable energy systems'

efficiency, quality, and reliability.

Traditional FDD approaches, which rely heavily on human expertise and diagnostic
experience, face scalability challenges in large-scale factories and electric power plants
where process variables proliferate [3]. In Solar Photovoltaic (SPV) systems, conventional
FDD methods such as overcurrent protection (OCP) devices and ground-fault interrupters
(GFI) often fall short. Factors like low solar irradiance, the nonlinear output characteristics
of SPV panels, the presence of maximum power point trackers (MPPT) in inverters, and

high fault impedances hinder the accurate detection of specific faults.

To address these limitations, the focus is shifting towards intelligent fault detection and
diagnosis (IFDD) techniques. Al-driven methods, particularly those leveraging ML and deep
learning (DL), are emerging as powerful alternatives to conventional FDD approaches [4].
These intelligent systems, designed for tasks like diagnosing SPV infrared radiated
thermographic (IRT) images, can analyze complex and dynamic patterns, adapt to variable
operating conditions, and detect thermal anomalies with high precision, even under
challenging scenarios. Further, the large-scale (and utility-scale) SPV electric power systems
occupy large surface areas of SPV arrays, where intelligent remote inspection (IRI)
employing drone-aided IRT imaging and advanced AI techniques makes diagnostic

monitoring efficient, accurate, and speedy. The transition to IFDD not only enhances
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anomaly classification capabilities but also drives significant advancements in PdM for
renewable energy technologies. This integration of Al-based solutions heralds a new era of
operational reliability, efficiency, and innovation, underscoring the critical role of intelligent

systems in the sustainable energy landscape.

In the SPV energy market as of 2023, the global renewable energy landscape witnessed
a significant milestone with the addition of 576 gigawatts of net renewable power generating
capacity. SPV systems dominated this growth, accounting for 78% (447 gigawatts) of the
newly installed capacity [5], reflecting their pivotal role in the transition to sustainable
energy. Within the European Union (EU27), SPV installation capacity surged by 53.124
gigawatts, bringing the cumulative installed capacity to 256.911 gigawatts. This
achievement positioned SPV to exceed 44% of the EU's total renewable electricity

generation share, highlighting its critical contribution to the region's energy mix [6], [7], [8].

From an economic perspective, investments in SPV power generation reached
unprecedented levels, totaling USD 480 billion globally in 2023, surpassing all other
electricity generation technologies, including fossil fuels (oil, natural gas, coal) and
alternative renewables (hydro, wind, nuclear), which collectively accumulated USD 413
billion [9]. Given the 25-year economic lifespan of SPV panels, utility-scale SPV energy
projects have become increasingly cost-efficient, with those commissioned in 2022 boasting
a global weighted average total capacity installation cost of USD 876/kW (4.4% < USD
917/kW in 2021), and the levelized cost of electricity (LCOE) for SPV electricity generation
also declined, reaching USD 0.049/kWh (3.9% < USD 0.051/kWh in 2021) [10].

Meanwhile, the escalating impact of climate change, particularly the intensifying effects
of global warming, has led to more frequent, prolonged, and severe heatwaves that begin
earlier, persist longer, and affect wider regions concurrently [11], [12]. Recent examples
highlight the intensity of the situation: temperatures reached a staggering 48.2°C on 24 July
2023 in Lotzorai and Jerzu (Sardinia, Italy), while Agadir (Morocco) recorded a record-
breaking 50.4°C on 11 August 2023 [13]. These extreme heat events not only strain human
health and ecosystems but also place immense stress on critical electric power infrastructure.
During heatwaves, the demand for electricity surges dramatically as households and
businesses rely heavily on refrigeration, air conditioning, and cooling systems to mitigate
the scorching temperatures. This increased load pushes energy systems to their limits,
creating significant risks of systematic overloading and supply disruptions precisely when

electricity is most critical for essential services [14], [15], [16]. The cascading effects of such
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failures are profound: infrastructure breakdowns during heat extremes can escalate local
energy crises into widespread emergencies, further amplifying the heatwave’s burden. The
consequences extend beyond power outages, jeopardizing vital humanitarian and health
operations. For instance, the interruption of electricity-dependent cold storage facilities can
compromise the preservation of essential life-saving operations and supplies, including
medications, and vaccines [12]. Such disruptions not only delay response efforts but also
intensify the vulnerabilities of communities already reeling from extreme heat, underlining
the urgent need for resilient energy systems capable of withstanding the growing challenges

posed by climate change.

The delicate nature of SPV cells [17] makes temperature a critical environmental
variable that significantly accelerates degradation mechanisms, particularly those influenced
by permeation processes such as chemical reactions and diffusion. SPV modules are
designed with specific operating conditions, typically maintaining a nominal operating cell
temperature of 42 to 43 = 2°C [18], [19], [20], [21]. However, internal cell temperatures can
deviate from ambient conditions, primarily driven by incident solar irradiance, wind speed,
and other environmental factors. Thermal degradation in SPV modules arises from three
primary causes. First, deterioration processes such as thermo-chemical reactions [22], [23]
and thermo-mechanical stresses [24], [25], directly impact the structural and chemical
integrity of the module. Second, cyclic aging conditions [26], [27], including diurnal and
seasonal temperature variations, induce wear over time amplifying the aging effects. Third,
non-uniform sunlight passage caused by environmental factors [28], [29] such as partial
shadowing, soiling, dusting, cracked glass, or biological debris like bird droppings disrupt
the thermal uniformity of the module. These factors exacerbate heat accumulation, leading

to hotspots and accelerated degradation.

The thermal conductivity and geometric configuration of surrounding materials, wind
flow, and installation design influence heat dissipation within SPV modules. Discrepancies
in the thermal expansion coefficients of module materials further contribute to thermal
stresses. These stresses result in differential expansion and contraction, which can
compromise the mechanical stability of critical electrical components such as cells, solder
joints, and interconnect ribbons. This may lead to issues like deformation, delamination, and
cell cracking. Additionally, the cyclic thermal stresses caused by temperature fluctuations
can result in fatigue-induced failures that may propagate across various components [30],

[31], [32], [33]. Thermal-related failures in SPV modules often cascade, resulting in
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irreversible damage. Such failures diminish module efficiency and lifespan, underscoring
the critical need for proactive thermal management. Here, thermographic inspection plays a
pivotal role in this context by providing a non-invasive method to assess the heat signature
and temperature profile of SPV panel surfaces. By enabling the detection of hotspots and
temperature anomalies, thermography facilitates the classification, prediction, and
mitigation of potential defects, helping to ensure the reliability and longevity of SPV energy

systems in the field.

1.1 Contribution

Within the PAM framework of renewable energy systems, my primary objective focused
on the extraction of quantitative thermal information (floating-point temperature intensity
numerical values in degrees Celsius) and analysis of drone-aided radiometric IRT images
for diagnostic monitoring of SPV electric power systems. Initially, a highly imbalanced six-
class radiometric IRT dataset (thermal matrix) of SPV panels was prepared based on IEC
TS 62446-3:2017 standards [34] from raw grayscale images of SPV arrays to visually
identify and label thermal faults, and then a customized DL ensembled model based on a
convolutional neural network (CNN) was developed for thermal fault multiclass-
classification (or thermal anomaly diagnosis) and compared the results with pre-trained
CNN models. Further, explainable artificial intelligence (XAI) techniques are applied to

elaborate the dataset pattern and prediction outcome.

1.2 Thesis Outline

The thesis work is organized as follows: This Chapter introduces the objective of PdM,
including FDD, SPV energy market, global warming effect, and the contribution to the

thesis.

Chapter 2 provides a comprehensive overview of the state-of-the-art Al techniques in
SPV diagnostics, including their application and implementation challenges encountered
while selecting and deploying Al algorithms, various DL models employed for diagnosis,

explainability methods, and IRT inspection for SPV power systems.

Chapter 3 describes a theoretical framework for CNN comprising its architecture,

layers, and training process.

Chapter 4 describes the contributions proposed in Monitoring Diagnosis for PAM of
SPV-IRT.
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Lastly, Chapter 5 summarizes the work accomplished in this thesis and offers insights

and considerations towards future works.



Chapter 11

State of the Art

2.1 Al in SPV Diagnostics

Solar energy is a pivotal renewable energy source, attracting increasing investments
from businesses and governmental bodies worldwide [35]. This surge in adoption of Al
techniques underscores the critical need for ensuring the sustained efficiency and operational
longevity of SPV energy systems through robust fault detection and diagnostic mechanisms
[36]. As the global community increasingly transitions towards sustainable energy solutions,
SPV power systems have become a cornerstone of this movement. The escalating installed
capacity of SPV energy installations necessitates the development and implementation of
efficient and reliable diagnostic methodologies to guarantee optimal performance and
maximize the return on investment (Rol). Traditional diagnostic approaches, often reliant on
manual inspections and basic electrical measurements, are increasingly proving inadequate
to address the inherent complexities of the vast scale of SPV energy system installations

[37].

2.1.1 Necessity and Overview

Necessity: The growing dependence on solar energy as a primary contributor to the
utility energy mix highlights the importance of advanced diagnostic tools in preventing
significant energy losses and maintaining the stability of the electrical grid [38]. Undetected
faults within SPV systems can lead to substantial reductions in energy generation, impacting
both the economic viability of SPV energy projects and the overall reliability of the power
supply. Consequently, the integration of Al into SPV diagnostics emerges as a crucial
advancement in this field. This integration offers the potential to move beyond the
limitations of traditional methods, providing sophisticated capabilities for analyzing system
performance, identifying anomalies, and predicting potential failures with greater speed and

accuracy [37]. The economic and environmental ramifications of overlooked malfunctions
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within SPV arrays underscore the significant role that Al can play in ensuring the continued

success and expansion of SPV power generation.

The broader movement towards a cleaner energy future is inextricably linked to the
efficiency and dependability of SPV power systems. Al-driven diagnostic techniques hold
the potential to significantly accelerate this transition by minimizing system downtime and
maximizing the energy yield from both existing and future SPV installations [36], [37]. By
enabling proactive and even predictive maintenance strategies, Al contributes directly to the
overall sustainability and effectiveness of SPV energy systems as a key technology in

mitigating climate change and meeting the world's growing energy demands [39].

Overview: Al, with its advanced analytical and ML capabilities, offers a comprehensive
suite of tools that can fundamentally optimize the performance of SPV systems, enhance
their maintenance and safety protocols, and ultimately maximize the production of clean
energy. Specifically, within the realm of SPV diagnostics, Al is being applied to address
some of the most critical challenges associated with these systems. These challenges include
accurately tracking the maximum power point (MPP) of SPV modules, reliably forecasting
the energy produced by the system, precisely estimating the parameters of equivalent circuit
models for SPV modules, and effectively detecting faults within SPV modules or individual

cells [35].

The versatility inherent in Al technologies allows for their application across a wide
spectrum of crucial aspects in SPV system management. This extends beyond mere fault
detection to encompass the overall optimization of system design, improved maintenance
scheduling, enhanced information security, real-time performance monitoring, dynamic
adjustment of SPV panel orientation, and the implementation of intelligent energy
management systems. This broad applicability signifies a shift towards a more holistic and
integrated approach to managing and securing SPV energy assets throughout their entire

lifecycle [40].

The integration of Al into SPV diagnostics represents a fundamental change in how
these systems are managed. Moving away from traditional reactive maintenance approaches,
Al enables the transition towards proactive and even predictive management strategies for
SPV energy assets. This shift leads to significant improvements in overall system efficiency
and a substantial reduction in operational costs. By leveraging the power of data analysis
and ML, Al enables operators to anticipate and address potential issues before they escalate,

ensuring the continuous and optimal performance of SPV power plants.
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2.1.2 Specific Applications of Al in SPV Diagnostics

2.1.2.1 Fault Detection and Classification

Al plays a crucial role in analyzing the operational data of SPV systems to identify faults
in panels, inverters, or other critical components at an early stage. This capability is
particularly important considering the inherent challenges in fault detection within SPV
arrays due to their current-limiting nature and nonlinear output characteristics. To address
this, Al techniques often involve comparing the performance of potentially faulty modules
with accurate models, sometimes referred to as their “factory fingerprint,” by analyzing their
current-voltage (I-V) and power-voltage (P-V) curves using algorithms such as artificial

neural networks (ANN) [41].

Various Al techniques are employed for the purpose of fault detection in SPV systems,
including classical machine learning (ML) methods like K-nearest neighbor (KNN) and
random forest (RF), as well as more advanced DL models such as CNNs. These algorithms
are adept at processing and analyzing large volumes of data to discern complex patterns and
anomalies that may indicate the presence of a fault. Furthermore, Al can be utilized to detect
and categorize a wide range of fault types, encompassing physical issues such as cracks,
corrosion, and discoloration; electrical problems including direct current (DC) and
alternating current (AC) faults; and environmental factors like hotspots and partial shading

[37].

The ability of Al to learn intricate patterns from extensive datasets enables the detection
of subtle and gradually developing faults that might escape the notice of traditional
diagnostic methods. This early identification allows for timely intervention, preventing
further damage to the system and minimizing potential energy losses. Moreover, the accurate
classification of faults by Al not only helps in pinpointing the specific problem but also
contributes to a deeper understanding of the underlying causes. This knowledge facilitates
more targeted maintenance interventions and can inform improvements in the design and

operational strategies of future SPV energy installations.

2.1.2.2 Performance Prediction and Optimization

Al is instrumental in analyzing both historical and real-time data to optimize the sizing
and configuration of SPV systems, thereby enhancing their design and overall energy
production [42]. Al algorithms can also effectively forecast energy demand and dynamically

adjust the output of SPV panels to meet these needs. By analyzing comprehensive weather

8



2.1 AT 1IN SPV DIAGNOSTICS

data, including factors like cloud cover, temperature, and wind patterns, Al can accurately
predict the energy output of SPV installations and make necessary adjustments to panel
orientation to maximize energy capture. ML models further contribute to performance
analysis by comparing the expected power output with the actual generated power,

highlighting any unusual deviations that may indicate underlying issues.

The accurate prediction of energy generation through Al enables more effective grid
management and facilitates a smoother integration of solar power into the existing energy
infrastructure. This enhanced predictability contributes to making solar energy a more
reliable and stable source of power. Furthermore, the optimization capabilities of Al extend
beyond merely adjusting individual panels. Al can optimize the entire energy system,
encompassing energy storage solutions and distribution networks, leading to a more efficient
utilization of generated energy and a reduction in overall energy waste. This holistic
approach ensures that SPV power systems are designed and operated to meet expected

energy needs effectively.

2.1.2.3 Anomaly Detection and Diagnosis

Al algorithms possess the capability to detect subtle anomalies and deviations in the
performance of SPV systems that might not be readily apparent to human operators. This is
facilitated by the real-time monitoring and analysis of system performance data enabled by
Al By continuously scrutinizing various operational parameters, Al can identify patterns or

irregularities that signify potential faults or inefficiencies within the system.

The early detection of anomalies through Al intervention is critical in preventing minor
issues from escalating into more significant failures [36], [37]. This proactive approach can
substantially reduce system downtime and associated repair costs. Moreover, by analyzing
the patterns of detected anomalies over extended periods, Al can provide valuable insights
into the degradation patterns of different SPV components. This information can then be
used to formulate effective maintenance schedules and optimize component replacement
strategies, ultimately extending the lifespan of the SPV system and maximizing its overall

Rol.

2.1.2.4 Predictive Maintenance and Remaining Useful Life Estimation
Al plays a pivotal role in predicting potential failures within SPV systems, allowing for
the proactive planning of preventative maintenance activities. By analyzing historical

performance data and identifying recurring patterns, Al algorithms can forecast when a
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particular SPV panel or system component is likely to experience a failure or require
maintenance. This predictive capability extends to energy storage systems as well, where Al
models can analyze battery charge and discharge cycles to estimate their remaining useful

life (RUL) [43], [44], [45].

The transition from reactive maintenance, where issues are addressed only after they
occur, to predictive maintenance, facilitated by Al, results in significant cost savings. This
is achieved by avoiding unplanned system downtime and optimizing the timing of
maintenance interventions, ensuring that maintenance is performed only when necessary.
Furthermore, the accurate prediction of the remaining lifespan of critical components
enables better long-term financial planning for SPV energy projects. This includes reliable
and accurate budgeting for future replacements and optimized management of operational

expenditures throughout the entire lifecycle of the SPV power system installation.

2.1.3 Al Techniques and Algorithms for SPV Diagnostics

ML and DL techniques are particularly well-suited for applications in SPV fault
detection due to their inherent capability to process and analyze large volumes of complex
data [46]. These Al approaches enable the identification of intricate patterns and subtle
anomalies that may indicate underlying faults or performance issues. A diverse range of Al
techniques is currently employed in SPV diagnostics, spanning from classical ML methods
to more advanced DL architectures and even emerging technologies like quantum circuits

[37].

Traditional ML algorithms such as Logistic Regression (LR), Decision Trees (DTs),
and Support Vector Machines (SVMs) are also utilized for various diagnostic tasks,
including fault classification. Neural networks (NNs) play a significant role in real-time data
analysis, enabling predictive maintenance capabilities within SPV energy installations.
Furthermore, optimization algorithms like Particle Swarm Optimization (PSO) and Genetic
Algorithm (GA) are employed in Maximum Power Point Tracking (MPPT) and hold

potential for optimizing diagnostic processes as well [37], [47].

The selection of a specific Al technique is often dictated by the nature of the diagnostic
problem, the characteristics and volume of the available data, and the desired balance
between accuracy and interpretability. Different algorithms possess unique strengths and
weaknesses when it comes to handling various types of faults and the complexities inherent

in SPV system data. For instance, some techniques excel at classification tasks, while others
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are particularly effective in analyzing image data or optimizing system parameters. The

following table provides a comparative overview of some of the key Al techniques used in

Optimization

(PSO)

Point Tracking
(MPPT), potentially
fault diagnosis

optimization

optimal solutions in
complex search

spaces
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slowly in some

cases

SPV diagnostics:
Table 2.1 Al techniques and its applications
Application in SPV
AT Technique Advantages Limitations References
Diagnostics
Artificial Fault detection, Effective for Can be [41], [48]
Neural Network performance nonlinear data, computationally
(ANN) prediction, can learn complex intensive, requires
model comparison relationships large data sets
Convolutional Fault detection and ~ Excellent for image  Requires large [37]
Neural Network classification using  recognition and labeled image
(CNN) thermal images or analysis datasets, can be less
visual data interpretable
Support Vector  Fault classification Effective in high- Can be [36], [46]
Machine dimensional spaces, computationally
(SVM) robust against expensive for large
overfitting in some datasets, kernel
cases selection is crucial
K-Nearest Fault classification Simple to Computationally [36]
Neighbors implement, no expensive for large
(KNN) training phase datasets, sensitive to
feature scaling
Random Forest  Fault classification, = Robust to noise and  Can be less [36]
(RF) performance outliers, handles interpretable than
prediction large feature sets Decision Trees
effectively
Logistic Binary fault Simple and efficient, Limited to linear [36]
Regression classification provides probability  relationships
(LR) estimates
Decision Trees  Fault classification Highly interpretable  Can be prone to [36], [49]
(DT) and visualizable overfitting
Particle Swarm  Maximum Power Effective in finding  Can converge [47]
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Genetic Maximum Power Effective in Can be [47]
Algorithm (GA) Point Tracking exploring large computationally
(MPPT), potentially  solution spaces expensive and may
fault diagnosis not guarantee the
optimization global optimum

Emerging as a promising direction in the field are hybrid Al models that integrate
different techniques [50], [51]. These approaches aim to capitalize on the strengths of
individual algorithms, potentially leading to even higher levels of accuracy and robustness
in the performance optimization and diagnosis of faults within SPV energy systems. By
combining the capabilities of various Al methodologies, researchers are striving to develop

more comprehensive and effective diagnostic solutions for the SPV energy industry.
2.1.4 Real-world Implementation and Case Studies

2.1.4.1 Al-powered Drones for Solar Farm Inspection

A significant real-world application of Al in SPV diagnostics involves the use of Al-
powered drones for the inspection of solar PV farms. These drones, equipped with high-
resolution cameras, can efficiently survey extensive SPV panel arrays to identify various
issues such as defects, accumulated debris, and shading problems that could negatively
impact energy production. Furthermore, infrared drones integrated with Al algorithms can
detect thermal anomalies like hotspots and poor electrical connections at an early stage of
their development [52], [53]. This early detection is crucial for preventing minor issues from

escalating into more significant problems [54], [55].

The speed and efficiency of drone-based inspections are particularly noteworthy.
Drones can inspect entire SPV power plants within a few hours, a task that would take
significantly longer using traditional manual methods. The raw data collected by these
drones, including visual and thermal imagery, is then analyzed by specialized Al software.
This software can automatically identify and geo-locate faulty modules within the SPV
energy plant, providing operators with precise information for targeted maintenance

interventions [56], [57], [58], [59].

The case studies have demonstrated the substantial benefits of employing Al-powered
drones for SPV farm inspections. For instance, one study reported achieving 97%

operational efficiency along with significant cost savings compared to manual inspection

12



2.1 AT 1IN SPV DIAGNOSTICS

methods. The combination of drone technology and AI not only enhances the speed and
efficiency of inspections but also improves their accuracy, enabling proactive maintenance
and minimizing downtime for large-scale SPV energy installations. This approach is driving
a transition towards more automated and data-driven maintenance practices within the SPV
power industry, ultimately leading to improved asset management and reduced operational

expenditures [60], [61], [62].

2.1.4.2 Al-based Software and Platforms for Performance Monitoring and Fault
Detection

Several companies are at the forefront of developing and implementing Al-based
software and proprietary platforms for the real-world performance monitoring and fault
detection in SPV systems. Companies such as Mipu (Italy) and Sun’Agri (France) utilize Al
to predict energy production from SPV installations with high accuracy and optimize the
overall efficiency of these systems [63], [64], [65]. Globally, SmartHelio offers Al-powered
diagnostic solutions that boast high accuracy rates in both fault detection and classification
[66], [67]. Their platform focuses on automating traditionally manual diagnostic tasks,

providing actionable insights to asset managers in significantly reduced timeframes.

A compelling case study from SmartHelio illustrates the transformative impact of Al in
SPV diagnostics. For a megawatt-scale SPV farm, their Al-powered diagnostic process
reduced the analysis time from an astounding 358 hours to a mere 3 hours [66]. Furthermore,
the platform successfully identified hard-to-detect faults, such as subtle damage to DC
wiring and module mismatches, which are often overlooked during conventional manual
inspections. The emergence and successful implementation of these specialized Al tools and
platforms underscore the growing recognition of the immense value that Al brings to
optimizing the management of SPV assets, providing operators with the critical insights

needed to enhance efficiency and minimize operational costs.

2.1.5 Challenges and Limitations of Al in SPV Diagnostics

2.1.5.1 Dataset Scarcity

While the application of Al in SPV diagnostics offers numerous benefits, several
challenges and limitations need to be addressed. One primary limitation lies in the substantial
amount of data and the significant computational resources required to effectively train Al

models [35]. Furthermore, a notable challenge in the field is the scarcity of publicly available
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datasets specifically designed for SPV fault detection [36], [37]. This lack of standardized
data hinders the development, validation, and benchmarking of AI models, making it
difficult to compare the performance of different approaches objectively and potentially

limiting the broader adoption of these technologies.

2.1.5.2 Computational Needs and Weather Fluctuation
The complexity of some advanced Al methods can also pose a challenge, as certain
algorithms may be too computationally intensive or too intricate for practical, real-time

implementation in all scenarios [36], [37].

Another difficulty arises in accurately distinguishing between an actual fault within the
SPV system and a temporary reduction in energy production due to external factors such as
fluctuating weather conditions [68]. The intricate nature of large-scale SPV systems, with
their multitude of interconnected components and potential points of failure, also presents a

considerable challenge for Al algorithms to effectively monitor and diagnose issues.

2.1.5.3 Data Security and AI Model Transparency

Ensuring the privacy and security of the vast amounts of sensitive energy data collected
by Al-powered diagnostic systems is another critical concern that needs to be carefully
managed [62], [67]. Developing robust and reliable Al algorithms tailored for solar PV panel
optimization and diagnostics requires specialized expertise in both Al and SPV energy

technologies, which can be a limiting factor for researchers and organizations.

Additionally, the effectiveness of Al analysis can be hampered by older or inconsistent
data management systems that may lack the standardized, clean datasets necessary for
accurate model training and performance [66], [67]. Finally, some sophisticated Al models,
particularly deep learning (DL) architectures, can operate as “black boxes”, meaning their
decision-making processes are not easily interpretable. This lack of transparency can be a
limitation in critical applications like fault diagnosis, where understanding the reasoning
behind a prediction is essential for building trust and verifying the accuracy of the results

[36].

2.2 Deep Learning
Within the domain of ML methodologies rooted in ANNs, DL has emerged as a

cornerstone, emphasizing the development of computational models capable of processing

raw data through multiple layers of abstraction. These techniques enable the automated
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discovery of complex patterns, making them especially valuable in scenarios where
designing handcrafted features is either infeasible or inefficient. Deep learning demonstrates
remarkable potential in fields such as computer vision, intelligent diagnosis, and speech
recognition, where the end-to-end learning of hierarchical features is pivotal [69]. By
automatically extracting representations at various levels of granularity, these methods
eliminate the dependency on manual feature engineering, thus allowing for more robust and

adaptable solutions.

Prominent DL architectures including CNN's [70], Autoencoders, Deep Belief
Networks (DBN's), and Restricted Boltzmann Machines (RBM's) have proven their
versatility across a wide range of big data applications. These include fault detection and
diagnosis [71], [72], [73], pattern recognition, natural image processing, natural language
processing (NLP), computer vision, and recommender systems [74], [75]. Their ability to
model intricate relationships and extract meaningful insights from vast and unstructured data
underscores their transformative role in modern data-driven technologies, unlocking new

opportunities for innovation and efficiency.

2.2.1 Classification

Classification is the fundamental computer vision task related to pattern recognition and
image classification. Image classification involves assigning a single label to an entire
image, typically representing the most prominent object within the frame. The
methodologies for achieving image classification differ significantly depending on the
approach employed. The workflows for image classification vary depending on the chosen
classification algorithm. In traditional approaches, the process is twofold: handcrafted
features are first extracted from the image (e.g. edges, textures, or shapes), and these features
are then fed into a statistical classifier, such as a SVM or DT, which assigns the label based

on predefined rules or learned patterns.

Modern advancements, driven by DL have revolutionized this process by enabling end-
to-end classification. DL models such as CNNs bypass the need for manual feature
extraction or learning hierarchical representations of the input data directly from the raw
image. These models take the image as input and produce the label in a single integrated
workflow, offering superior performance and adaptability, particularly in complex or large-
scale datasets. This paradigm shift highlights the transformative impact of DL on computer

vision tasks.

15



2 STATE OF THE ART

2.2.1.1 Convolutional Neural Networks

CNNe, first introduced by LeCun et al. [76], have become indispensable in the domain
of natural image classification, particularly over the last decade. A typical CNN architecture
comprises two main components, each serving a distinct purpose. The upstream feature
extraction module forms the foundation of the CNN. This module leveraged convolutional
layers, pooling layers, and other specialized architectural enhancements such as skip
connections, dense connections, inception modules, and batch normalization. These
elements work in tandem to extract meaningful patterns and features from raw input images,
enabling the model to learn hierarchical representations. This process is critical for capturing
both low-level details (e.g. edges and textures), and high-level abstractions (e.g. object
shapes and structures). The downstream classification module is simpler by design, serving
to translate the extracted features into actionable outputs. It employs a conventional ANN
that uses the final feature map as input to perform the classification task, assigning labels to

images based on learned patterns.

An effective strategy for leveraging CNN's is transfer learning (TL) or deep transfer
learning (DTL), wherein pre-trained DL models are utilized new tasks. Transfer learning is
especially advantageous in domains such as fault diagnosis, where datasets are often limited.
Pre-trained CNNSs, typically trained on large-scale datasets like ImageNet [77], [78] offer
robust feature extraction capabilities, as their layers have already learned to capture essential
structural and semantic patterns present in images. By fine-tuning these pre-trained DL
models, researchers can achieve state-of-the-art performance in data-scarce applications,
enhancing their diagnostic accuracy and reliability. From the wide array of CNN
architectures available, each with unique advantages for feature extraction and end-to-end
multiclass classification (or thermal fault diagnosis), we focus on the following selected pre-

trained and customized DL models applied in this study to demonstrate their practical utility:

1) ConvNeXtTiny [79] (2022, 109.42 MB size, 28.6 Million Parameters) is a modern CNN
architecture that draws inspiration from the principles of Vision Transformers (ViTs)
while retaining the simplicity and efficiency characteristic of traditional convolutional
designs. By incorporating innovative design elements such as inverted bottlenecks,
depth-wise convolutions, and layer normalization, ConvNeXtTiny bridges the gap
between CNN robustness and the scalability advantages of transformers. This
architecture seeks to harness the strengths of both paradigms: the localized feature

extraction and computational efficiency of CNNs, alongside the global attention and
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2)

3)

adaptability typically associated with transformers. The inclusion of techniques like
inverted bottlenecks enhances the efficiency of information flow, depth-wise
convolutions reduce parameter overhead, and layer normalization stabilizes training
dynamics. It is particularly notable for aligning convolutional architectures closer to the
performance benchmarks of transformers, all while maintaining computational
simplicity. This makes it a promising model for resource-constrained environments or
applications requiring both robustness and scalability, offering a compelling fusion of
CNN reliability and transformer-like flexibility.

DenseNet121 [80] (2017, 33 MB size, 8.1 Million Parameters, 242 Layers Depth)
represents a paradigm shift in CNN design by introducing dense connectivity, where each
layer is directly connected to all subsequent layers in a feed-forward manner. This
innovative approach effectively mitigates the vanishing gradient problem by ensuring
stronger gradient flow during backpropagation, thereby enhancing the model's learning
capability. The dense connectivity pattern promotes feature reuse, as each layer receives
inputs from all preceding layers and passes its own feature maps to all subsequent layers.
This not only reduces redundancy but also allows the network to learn richer feature
hierarchies. As a result, DenseNetl21 achieves remarkable parameter efficiency,
requiring fewer parameters compared to traditional architectures while maintaining or
even exceeding their performance. Such a compact design is particularly advantageous
in resource-constrained scenarios, where computational power or memory is limited.
Hence, without demanding excessive resources, it makes a compelling choice for tasks
that prioritize both accuracy and efficiency.

EfficientNetV2S [81] (2021, 88 MB size, 21.6 M Parameters) builds on the strengths of
its predecessor by introducing a more refined and efficient approach to scaling neural
networks, combining neural architecture search (NAS) with compound scaling. This
progressive learning strategy carefully adjusts network dimensions: depth, width, and
resolution, ensuring optimal balance between accuracy and computational efficiency.
The key innovation in EfficientNetV2S is its enhanced speed and memory efficiency,
achieved through advanced architectural improvements like fused convolutional layers
and optimized training methods. These enhancements not only accelerate inference but
also reduce memory consumption, making it particularly well-suited for real-time
applications. Its unique architectural design serves as a robust framework for deployment

in resource-limited environments such as mobile devices and edge computing platforms,
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4)

5)

6)

wherein scenarios demand both high accuracy and low latency, paving the way for
scalable and accessible Al solutions.

InceptionV3 [82] (2016, 92 MB size, 23.9 M Parameters, 189 Layers Depth) advances
the Inception architecture by integrating factorized convolutions and aggressive
dimensionality reduction, achieving a highly optimized balance between computational
efficiency and accuracy. By breaking down larger convolutions into smaller, sequential
operations, such as 3x3 and 5x5 kernels, the model reduces computational complexity
while maintaining its ability to capture intricate spatial patterns. One of the defining
features of InceptionV3 is its use of multi-sized convolutional filters, enabling the
network to extract features at multiple scales simultaneously. This multi-level feature
extraction is particularly advantageous for complex image classification tasks, where
understanding patterns across various granularities is essential for accurate predictions.
The model's modular design philosophy promotes architectural flexibility making it both
computationally economical and structurally deep. This hybrid approach not only
ensures scalability for large datasets but also facilitates interpretability and adaptability
across diverse applications, achieving high performance with reduced computational
overhead.

InceptionResNetV2 [83] (2017, 215 MB size, 55.9 M Parameters, 449 Layers Depth)
represents a significant leap in DL architecture by merging the multi-scale feature
extraction power of inception modules with the stability and efficiency of residual
connections. This hybrid design enables the training of substantially deeper networks
while mitigating performance degradation — a common challenge in very deep
architectures. The inception modules in this architecture excel at capturing multi-level
features by leveraging diverse filter sizes, ensuring that both fine-grained and coarse-
grained patterns are detected. Residual connections, on the other hand, facilitate
smoother gradient flow during backpropagation by bypassing unnecessary layers,
effectively countering the vanishing gradient problem. This combination provides a dual
advantage: efficient feature capture across multiple scales and stabilized learning
dynamics that allow for unprecedented depth and complexity in network design.
InceptionResNetV2 is particularly well suited for tasks requiring high accuracy and
detailed feature extraction, exemplifying how hybrid models push the boundaries of both
scalability and performance in DL.

MobileNetV2 [84] (2018, 14 MB size, 3.5 M Parameters, 105 Layers Depth)

revolutionizes lightweight neural networks by introducing two core innovations:
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7

8)

inverted residuals and linear bottlenecks. These mechanisms dramatically reduce the
model's computational and memory requirements, making it highly efficient without
compromising performance. The inverted residual structure connects bottleneck layers
with expansion layers, allowing feature maps to pass through narrower representations
and encouraging efficient feature reuse. Meanwhile, the linear bottleneck layers preserve
crucial information by avoiding unnecessary non-linearities in low-dimensional feature
spaces, thereby enhancing representational fidelity. The architecture also leverages
depth-wise separable convolutions, a key factor in achieving its remarkable efficiency.
By separating spatial and channel-wise computations, minimizes redundancy, striking
an ideal balance between model compactness and accuracy. This design is suited for
mobile and embedded device applications, enabling real-time inference with minimal
hardware requirements, where it serves as a lightweight yet powerful model in resource-
constrained environments.

NASNetMobile [85] (2018, 23 MB size, 5.3 M Parameters, 389 Layers Depth) emerges
as a groundbreaking architecture derived from Neural Architecture Search (NAS),
exemplifying the potential of automated model design tailored for mobile and low-power
environments. By employing Reinforcement Learning (RL) to systematically explore and
optimize network configurations, it identifies architectures that balance precision and
efficiency without human bias or manual trial-and-error. The model’s design prioritizes
modularity and scalability, allowing it to adapt seamlessly to resource-constrained
scenarios while maintaining high performance. Its ability to autonomously select optimal
structures ensures that computational resources are allocated judiciously, making it an
ideal candidate for personalized and domain-specific applications where efficiency is
paramount. The model symbolizes a pivotal shift in DL, where the automation of CNN
design reduces development time and democratizes access to cutting edge architectures.
By combining automation with precision, it sets the stage for future advancements in
intelligent and adaptive network customization for diverse use cases.

ResNet50V2 [86] (2016, 98 MB size, 25.6 M Parameters, 103 Layers Depth) enhances
the foundational ResNet architecture by introducing critical refinements in the residual
block design, such as reordering batch normalization (BN) and activation layers. This
adjustment improves both training stability and convergence speed, making the model
more robust in learning complex features. The core innovation of deep residual learning
remains central to ResNet50V2, enabling efficient gradient flow through the use of

identity mappings. By bypassing layers with residual connections, the architecture
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9)

mitigates the performance degradation typically encountered in very deep networks,
ensuring scalability without sacrificing accuracy. Its refined design demonstrates a
balance between depth and efficiency, making it well-suited for diverse applications,
from computer vision tasks to transfer learning (TL) scenarios. Its emphasis on
optimizing gradient flow and training dynamics ensures that it continues to serve as a
benchmark for reliable and scalable deep network architectures.

VGG16 [87] (2015, 528 MB size, 138.4 M Parameters, 16 Layers Depth) stands as a
milestone in deep learning architectures, celebrated for its simplicity and depth achieved
through the consistent use of 3x3 convolutional layers stacked sequentially. This
uniformity in design streamlines feature extraction, making it both intuitive and effective
for a wide range of image classification tasks. While its architecture involves a relatively
large parameter size, VGG16 demonstrates the power of deep, uniform convolutional
layers to capture hierarchical representations without the need for complex modular
components. It's straightforward design has not only set a foundation for subsequent
advancements but also inspired investigations into parameter reduction techniques to
address computational efficiency challenges. Its legacy lies in its methodical simplicity,
offering a clear framework that balances depth and design clarity while serving as a
stepping-stone for exploring optimization strategies in well-structured and modern

convolutional networks.

10) Xception [88] (2017, 88 MB size, 22.9 M Parameters, 81 Layers Depth) or Extreme

Inception elevates the concept of depth-wise separable convolutions to its logical
extreme, crafting a fully convolutional architecture devoid of any intermediate fully
connected layers. This streamlined structure emphasizes efficiency by minimizing
computational redundancy, while simultaneously preserving a high degree of
representational power for complex feature extraction. The model’s simplicity lies in its
modular and systematic design, which leverages separable convolutions to
independently learn spatial and channel-wise features. This approach not only optimizes
computational efficiency but also significantly enhances the network's capacity to model
high-dimensional feature spaces. By integrating efficiency and depth, this architecture is
especially adept at balancing the computational load with the need for fine-grained
feature learning, making it a prime candidate for tasks requiring extreme optimization in

resource-constrained environments.

11) Custom CNN [89] (2024, 1.80 MB size, 0.47 M Parameters, 5 Layers Depth) and

Ensembled CNN [89] (2024, 7.19 MB size, 1.88 M Parameters, 5 Layers Depth) are
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designed to strike a balance between efficiency and performance, leveraging a modular
design composed of three sequential blocks of layers: Conv2D, Batch Normalization,
and MaxPooling2D. The innovation lies in progressively increasing kernel sizes 3%X3,
5x5, and 7x7, allowing the model to capture multi-scale features effectively,
accommodating intricate patterns within the input data. The architecture concludes with
two dense layers for robust decision-making and a Global-Max-Pooling2D layer, which
reduces the spatial dimensions while retaining the most significant feature activations.
This design ensures a lightweight and computationally efficient model ideal for scenarios

with limited computational resources.

2.2.1.2 Performance Evaluation Metrics

The performance evaluation metrics provide a comprehensive quantitative evaluation
of the DL model predictions to perform multiclass classification, including accuracy,
precision, recall, F1 score, and training time (in seconds). While the Confusion Matrix is
used for the tabulated classification between Ground Truths (True Label) and Predictions
(Predicted label). These metrics are important in determining how well a model performs in
classification tasks, where the balance among true positives, true negatives, false positives,

and false negatives is crucial.

Learning curves served as a visual narrative to track and assess the learning progress
and performance of DL models over successive epochs or training iterations. These curves
provide a behavioral illustration, highlighting how the model evolves in its capacity to
minimize error and improve predictive accuracy. A well-fit model is depicted when training
and validation curves exhibit consistent improvement, reflecting effective learning from the
training data and the ability to generalize to unseen validation data. Conversely, divergent
trends — such as overfitting (training improvement without validation improvement) or
underfitting (poor performance on both sets) — indicate potential issues with the model or
the training process. By offering real-time insights into training dynamics, learning curves
become an indispensable tool for diagnosing model behavior, fine-tuning hyperparameters,
and ensuring the model achieves an optimal balance among fit, complexity, and

generalizability.

2.2.2 Explainable Artificial Intelligence Methods

The growing focus on explainability and interpretability in DL models has catalyzed the

development of explainable XAI techniques [90]. These techniques are pivotal for
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unraveling the decision-making processes of complex, often opaque, DL systems, thereby
bridging the divide between their technical intricacies and practical transparency [91].
Broadly, XAI methods can be classified into two complementary categories [92], [93]:
perceptive explainability and mathematical interpretability. Perceptive explainability
provides intuitive, visual insights into model behavior, such as saliency maps, feature
attributions, or attention heat maps. These visualizations highlight critical features or regions
within the input data that influence the model's predictions, aligning closely with human
cognition. This intuitive connection enables immediate comprehension of the model's
decision-making process, fostering confidence in its outcomes. Mathematical
interpretability, on the other hand, examines the logical and mathematical constructs
underlying the model's representation of input data. This approach investigates how features
are clustered, weighted, or transformed, offering a more structured understanding of the
mechanisms governing the model's internal processes. By exposing the mathematical
underpinnings, it ensures greater accountability and insights into the reproducibility of
model behavior. The synergistic interplay between these approaches provides a holistic
framework for understanding DL models, addressing both practical transparency and
technical depth. By fostering trust and accountability, XAl not only enhances the acceptance
and reliability of Al systems but also lays the groundwork for further refinement, innovation,

and ethical deployment across diverse domains.

2.2.2.1 Perceptive Explainability

The primary objective of XAl methods within the realm of perceptive explainability is
to provide clear, intuitive visual representations of the most influential features driving a
model's predictions. These methods emphasize identifying and analyzing the relevance of
specific regions or elements within the input data that significantly impact the model's
decision-making process. By visually mapping the contribution of specific features,
perceptive explainability enables a deeper understanding of feature-level classification
behavior. This approach is particularly useful in analyzing the relevance of specific regions
or elements in the input data, shedding light on the model's reasoning. Through such visual
insights, perceptive explainability fosters interpretability, trustworthiness, and transparency,
allowing users to better comprehend how and why a model arrives at its predictions. This,
in turn, enhances confidence in Al-driven systems and supports their refinement and
responsible deployment across various applications. The perceptive explainability methods

applied here are:
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1) The Activation Maximization [94], [95] method proposed by Erhan et al. in 2009, aims

2)

to optimize and maximize the activation of a specific neuron in a neural network by
framing it as an optimization problem. Here, input data point x (or radiometric thermal
matrix in this work), neural network parameter 6 (including both weights and biases),

and neuron activation /, (6,x) (the activation of neuron i in layer /). The goal is to find

the input x* that maximizes the activation, defined as:

x* = argmax _ h; (0,x) 2.1)

For generality, /(+)can be used to denote the activation instead of 4, (+), when specific

indexes i, j are not relevant.

To find x*, gradient ascent is used with an update rule:

xt+1 = xl + glvxh(e’xt) (2 2)

where: x, (input at iteration #), & (step size or learning rate), V (8, x,) (gradient of the

activation with respect to the input). For initialization, the choice of initial input x;is
critical to avoid convergence to local optima that may not yield meaningful
representations. There are two options for x;: First, the random noise (often used to

explore the input space broadly), and second, the real data point (in this work —
radiometric thermal matrix serves as initialization, simplifying the optimization process
and helping to avoid uninformative local optima). By starting with a radiometric thermal
matrix as xo, the gradient ascent process is guided toward meaningful representations
aligned with the input space. This ensures that the resulting maximized activations are
interpretable and directly tied to the context of the data such as radiometric thermal

matrix features.

SmoothGrad method: Simonyan et al. [96] introduced image-specific class saliency
visualization, a technique designed to identify the most influential regions in an image
that drive a deep CNN's predictions. This method provides insight into the internal
decision-making of DL models by highlighting image regions critical for classification.
In linear models, important features are typically identified using large weight values,
directly indicating feature significance. In highly nonlinear models like deep CNNs,
weight magnitudes alone are insufficient due to complex interactions between layers. To

approximate a CNN's behavior, the first-order Taylor expansion defines the saliency
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3)

map. This gradient-based saliency map highlights the most influential pixels in the
image. However, early implementations of this method often suffered from high noise,
making the visualizations difficult to interpret. To enhance interpretability, Smilkov et
al. [97] proposed SmoothGrad, which reduces noise in saliency maps by averaging
multiple perturbed versions of the input image. The advantages of SmoothGrad are: a)
reduces noise in saliency maps, b) enhances visual coherence, making the maps easier
to interpret, and c) preserves important features by averaging multiple perspectives. By
leveraging SmoothGrad, CNN explanations become more stable and visually
meaningful, helping users better understand model behavior in tasks such as image
classification and fault detection. Here, the 25 smooth samples are applied in this work
for computational purposes. Further, taking a hybrid approach, the addition of the
Guided Backpropagation (GBP) [98] method to retain high-resolution details with
SmoothGrad (preserving class-specific focus), complements the existing gradient-based
saliency map for enhanced and sharper visualizations, and this merger is known as
Guided SmoothGrad.

Guided Backpropagation (GBP) method [98]: GPB is the gradient-based saliency
visualization technique introduced by Springenberg et al., designed to improve the
interpretability of deep CNN predictions by selectively modifying the gradient flow
during backpropagation. The key idea is that the standard backpropagation computes the
gradient of the class score with respect to the input image, this can include both positive
and negative gradients. GBP modifies the gradient flow by blocking negative gradients,
allowing only positive signals to pass, which enhances the clarity of feature visualization.
During standard backpropagation, gradients can be positive (exciting neurons) or
negative (suppressing neurons). GBP blocks negative gradients during the backward
pass, preventing the influence of features that reduce the activation of the target class.
The result is a more focused, interpretable saliency map highlighting features that
positively impact the classification decision. GBP preserves fine textures and spatial
details making it useful for tasks like object localization and fine-grained feature
attribution. However, GBP does not preserve class-discrimination information, meaning
it highlights all edges and textures in an image without focusing on specific class
features. To address this, GBP is often combined with other XAI methods like
SmoothGrad [97], which preserves class-specific information (provides class-
discriminative heatmaps), while GBP highlights and retains fine-grained details, and this

combination is called Guided SmoothGrad.
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4) Grad-CAM (Gradient-weighted Class Activation Mapping) [99]: Grad-CAM generates
visual explanations for deep CNN decisions by leveraging gradient information flowing
through a specific convolutional layer. It helps interpret which parts of an input image
influence the model’s prediction by overlaying a heatmap that highlights the most
relevant regions. Grad-CAM focuses on a particular convolutional layer (typically the
last one before classification, but it's not a necessary option). Its advantage is class-
specific interpretability, which highlights only the relevant features that contribute to the
decision for a specific class. However, it has limitations, like low-resolution details
cannot be captured, as compared to pixel-wise saliency methods like Guided
Backpropagation (GBP), and focuses only on high-level features, ignoring fine-grained

textures.

2.2.2.2 Mathematical Interpretability

Mathematical interpretability methods seek to explain how DL models process
information by analyzing their internal mathematical structures. These methods reveal how
NN cluster, organize, and utilize features for decision-making, helping researchers evaluate
the relevance and meaningfulness of learned representations. For feature space visualization,
it provides an understanding how models encode and separate data in high-dimensional
space. The mathematical interpretability methods employed in this research work are t-
distributed Stochastic Neighbor Embedding (t-SNE) [100] and Uniform Manifold
Approximation and Projection (UMAP) [101].

1) t-SNE (t-distributed Stochastic Neighbor Embedding) [100]: The t-SNE is a nonlinear
dimensionality reduction technique designed for visualizing high-dimensional data in
two or three dimensions. It improves upon traditional Stochastic Neighbor Embedding
(SME) by addressing key optimization challenges and enhancing interpretability. The
advantages are: 1) traditional SNE uses a Gaussian to model similarities in lower
dimensions, which can lead to poor separation. The t-SNE replaces this with a heavy-
tailed Student’s t-distribution, reducing distortions in global structure. 2) it solves the
crowding problem, high-dimensional data often clusters tightly, making visualization
difficult. The t-SNE spreads points out more evenly in the low-dimensional space,
preventing overcrowding. 3) it optimizes cost function — unlike SNE, which minimizes
a Kullback-Leibler divergence asymmetrically, t-SNE symmetrizes this function,

leading to more stable training and better visualization.
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2) UMAP (Uniform Manifold Approximation and Projection) [101]: is a nonlinear
dimensionality reduction technique designed for high-dimensional data visualization and
feature clustering. It is particularly effective for understanding complex structures and
datasets and is often used due to its faster computation and better preservation of global
structure. The core assumptions of UMAP: 1) manifold hypothesis — data points lie on a
low-dimensional manifold within a high-dimensional space (i.e. uniform distribution of
data points). 2) topological structure preservation — the algorithm maintains the
relationships between points in the original space. 3) local connectivity — nearby points
remain connected when mapped to a lower-dimensional space. UMAP works in two
steps: Step-1, learning the high-dimensional manifold structure — constructs a fuzzy
topological representation of the data using k-NN and fuzzy simplicial sets, Step-2,
mapping the data to a lower-dimensional space — optimizes the layout to preserve local

and global structure while ensuring separation between clusters.

2.3 SPV Power Systems and Intelligent Arial-IRT Inspection

The sustainable and uninterrupted operation of large-scale and utility-scale SPV electric
power systems is paramount in achieving targeted clean energy generation goals. However,
the performance and longevity of these systems are inherently susceptible to degradation
mechanisms, particularly thermal stresses which can significantly impair energy output
efficiency [102]. To address this challenge, advanced diagnostic monitoring — specifically,
intelligent aerial IRT inspection has emerged as a transformative approach with profound

techno-economic implications.

The effectiveness of ANN-based diagnostic monitoring (thermographic diagnosis) in
SPV power systems is fundamentally contingent upon the availability, diversity, and quality
of datasets. High-quality (and high-fidelity) thermographic data acquisition is essential for
training robust predictive models capable of accurately identifying anomalies, degradation
patterns, thermal signatures, and potential failures in SPV arrays. Given the complexity and
variability of real-world operational conditions, ensuring comprehensive data coverage
across different environmental settings, seasonal variations, and panel configurations is

critical for improving generalization and reliability in ANN-driven diagnostics.

2.3.1 SPV Power System Performance Optimization and the Role of
Infrared Thermography

Periodic inspections and proactive operational maintenance are essential for early defect
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detection in SPV modules. Infrared thermographic analysis, as a non-destructive testing
(NDT) methodology, enables the identification of thermal anomalies and stress-induced
degradation patterns that may not be detectable through conventional monitoring techniques
[103]. According to EN 13306:2017, the degradation state of SPV panels due to thermal
stress compromises the system's ability to meet projected energy output levels [1]. Without
timely intervention, this thermal-based deterioration can escalate, leading to energy losses,
increased operational costs, and reduced system reliability. To mitigate these risks, PAM
strategies have gained prominence, allowing for data-driven decision-making that optimizes
both technical performance and financial viability [2]. Unlike reactive or scheduled
maintenance, PdM leveraged real-time and historical data analytics to forecast potential
failures, thereby minimizing downtime and enhancing overall system resilience [104]. This
paradigm shift aligns with the broader objective of intelligent asset management (or
intelligent asset health management), wherein operational efficiency is maximized through

advanced sensor-driven diagnostics and computational modeling.

2.3.2 Standardized Guidelines and the Need for Skilled Expertise

The implementation of aerial IRT inspections is governed by stringent technical
standards to ensure accuracy, consistency, and regulatory compliance. The International
Electrotechnical Commission (IEC TS 62446-3:2017) provides comprehensive technical
specifications for outdoor infrared thermographic analysis, outlining protocols for
evaluation, supervision, monitoring, diagnostics, inspection, and maintenance in SPV
installations [34]. Adherence to these guidelines ensures the reliability of thermographic
data, which is crucial for identifying defective modules, mitigating power losses, and
informing maintenance interventions. However, the efficacy of IRT-based diagnostics is
contingent upon the expertise of trained personnel. Proper certification and technical
proficiency in thermographic interpretation are essential for accurate anomaly detection and
meaningful data extraction [105], [106], [107]. Misinterpretation of thermal patterns or
incorrect calibration of infrared sensors can lead to false positives (incorrect defect
detection) or false negatives (missed faults), potentially undermining the effectiveness of the
PdM framework. Thus, continued investment in professional training programs and
certification initiatives is indispensable for maximizing the potential of IRT technologies in

SPV system diagnostics.
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2.3.3 Technical Prerequisites for Effective Outdoor-IRT Inspection

IRT inspections of SPV modules require strict adherence to technical guidelines, precise

calibration of equipment, and optimal environmental conditions to ensure accurate and

reproducible thermal imaging [108]. Several key parameters must be carefully controlled to

maximize diagnostic precision and minimize potential errors:

)

2)

3)

4)

Solar Irradiance Requirements: A minimum solar irradiance of S00W/m? is necessary
to generate sufficient thermal contrast on SPV panels. Lower irradiance levels may
obscure thermal anomalies, reducing the efficacy of defect detection.

Infrared Detector Specifications: The use of uncooled microbolometer detectors is
recommended, particularly those with high sensitivity in the 8-14 pm long-wavelength
infrared (LWIR) band. This spectral range is optimal for capturing radiometric emissions
from SPV glass surfaces while mitigating interference from atmospheric absorption.
Thermal sensitivity (NETD — noise equivalent temperature difference): The thermal
imaging system must exhibit a thermal sensitivity and (NETD) of <0.08 K, enabling it
to discern minute temperature variations on the glass surface of SPV modules. This level
of sensitivity is essential for detecting early-stage defects, such as microcracks, hotspots,
delamination, and electrical faults, before they escalate into significant performance
losses.

Camera Viewing Angle Optimization: To reduce SPV module glass reflections and
optimize relative emissivity (high), the camera viewing angle should be maintained
between 5° to 60° (where 0° represents the perpendicular axis to the SPV panel surface).
This angular range serves as a critical balance between minimizing reflection artifacts

and capturing precise temperature differentials across the SPV module.

28



Chapter 111

Theoretical Framework

3.1 Convolutional Neural Network

CNNs resemble the way that human beings do visual processing. Feature extraction,
one of the most important aspects of the network, can be done effectively in CNN.
Furthermore, the max pooling layer (see Section 3.1.3 Pooling Layer) of CNN is powerful

in reducing the dimension of the image without affecting the feature representations [109].

Figure 3.1 shows the architecture of AlexNet, which demonstrates a general structure
of CNN. Each of the small sections, which contains certain tasks, is called a layer. Firstly,
there are three main types of layers in CNN, which are convolutional layer, max pooling
layer and the fully connected layer. Secondly, layers inside the network are connected with
each other and use the output of the previous as its input so as neuron behavior. Furthermore,
the main task for the first two layers, convolutional layer and max pooling layer, is to achieve
feature extraction, while the last layer is considered as classification which normally has one
or more fully connected layer [110], [111]. In particular, the last fully connected layer maps
the features into an actual object with probability output. Lastly, similar to AlexNet, a classic
CNN consists of blocks of layers, where each block contains several sub-layers such as

convolutional layer, rectified linear unit (ReLU) layer or max pooling layer.

3.1.1 Input Layer
In a general CNN, like AlexNet, the input to the first layer is not the image itself, but a

so-called channel [112]. Channel refers to a certain component of an image. For example,
an RGB image has three red, green, and blue channels. There are F, =3 channels to the first

layer, where each channel corresponds to each of the RGB colors (Figure 3.2). Each of the
RGB channels, together, forms the first input layer (1-channel grayscale image is duplicated

thrice).
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Figure 3.1 Architecture of AlexNet with 8 layers, where the first five blocks of layers are convolutional
layers, and the rest are fully connected layers.
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Figure 3.2 Sample input layer: A digit 3 and 8 image with size 28 x 28 on the left and the corresponding
pixel value on the image.
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3.1 CONVOLUTIONAL NEURAL NETWORK

3.1.2 Convolutional Layer

Convolutional layer, the most characteristic layer in CNN, provides the essential
functionality to feature extraction. Like its name the operation convolves (in traditional
signal processing this operation would technically be a cross-correlation) a feature of an
input layer with two learnable parameters, weight and bias, to generate the output feature
map [112]. The operation is done by a mathematical linear operation, called convolution
product. Let us recall the convolution of two integrable functions f and g denoted as f * g, is

defined as the following:
(f*g)(r)= If(r)g(t—z‘)dz‘ (3.1)

where ¢ is an input variable and e R.

In order to obtain the most appropriate output feature map, the value of the weight and
bias are what need to be discovered in the later optimization process. The feature map refers

to the output feature for one given filter.

First, all the variables are under real number field (R), and we define some of the
important terminologies below. Filter (or kernel) is a three-dimensional matrix of size
K x K x F'where K x K refers to the single aspect of a channel and F refers to the number of
channels. The channel is also known as the depth of the image since the number of channels
in a filter is equal to the number of channels for the input image. The depth of the filters is
the number of filters, which also refers to the number of output feature maps from the
convolutional operation. For example, in the first convolutional layer of the AlexNet, given
the 227 x 227 x 3 input image, the filter is of size 11 x 11 % 3 with the depth of the filters
equal to 96. Note that the number of channels in the filter is equal to the number of channels
for the input image. Then, the convolutional layer produces 96 output feature maps

(55 x 55 x 96). The output dimension is computed via Equation (3.6) below.

It is worth mentioning that the convolutional operation is a combination of four
summations. From inner to outer, the first two sums over one channel of a filter (K x K), the
third one sums over the channel (F), and the last one sums over the depth of the filters (D).
Regarding how the operation applies to an image, we first consider =1, D = 1, and start
from an image of size 5 x 5 and a filter (or kernel) of size 3 % 3 (Figure 3.3). The convolution
is computed by sliding the filter over the image, starting from the top left corner. Then, the

first value of the output matrix is obtained by summing the product of the corresponding
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pixel value and the filter value. Similarly, the final output is computed by moving the filter

from left to right and from top to bottom.

Is1 | Isz2 | Iss | Isa | Iss

Figure 3.3 Demonstration of input map and a filter: A 5 x 5 images with a single channel on the left and
a 3 x 3 filter on the right. Note that each value from the image or filter is a pixel value.

In other words, we can define the operation mathematically for one single channel as

follow [113]:

0(i, /)= S I (i+k—1,j+1-1)K (k1) (3.2)

k=1 [=

—

where K X K is the size of the filter, O denotes output, and O(i, j) is the value of the i-
th row and j-th column of the output matrix. Furthermore, i is running from 1 to W - K —1
and; is running from 1 to H — K + 1 where W x H is the size of the image [113]. For example,

the O(1, 1) value from the above example is

3
D I(2+k-13+1-1)K(k,I)

=1

M- M-

3
D I(1+k,2+1)K (k1)

1 =1
=1,K,+1,,K,+1,K;+ (3.3)
K, + 1, Ky, + 1K, +
13Ky + 1, Ky, + 15K +

=~
Il

where we have set [;; = I(i, j) for 1 <i,j<5and Ky =K(k, 1) for 1 <k, / <3.

As aresult, a 4 x 4 matrix is produced from the above example. Now, if we consider a
normal image with RGB colors, which means /=3, D =1, the final matrix is formed by
summing all the corresponding value from each of the channel output matrices. The result

can be defined as

=>0,(i, /) (3.4)

v=1
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3.1 CONVOLUTIONAL NEURAL NETWORK

where O, denotes the output matrix from the v-th channels, F is the number of channels

and O' is the output feature map.

3.1.2.1 Padding and Stride

As we can notice, the outer pixel value of an image is only involved once in one of the
operations, whereas the inner pixel value of an image is involved multiple times. Moreover,
compared to the original image, the dimension of the output feature map has been reduced.
For example, in the above example, the original image has size 5 x 5, while the output has
size only 4 x 4. Padding (P) is added around the images with value 0 to preserve the width
and height of the original image [112] (Figure 3.4).

If the original input has size W x H, then, after adding the padding, the output has a size
(W +2P)x(H +2P) (3.5)

where each P corresponds to the padding size in each direction of the input image.

O 121 122 123 124 I25 O

0 I31 | I32 | I3z | T34 | Iss 0

O 151 152 153 154 I55 O

0 0 0 0 0 0 0

Figure 3.4 Demonstration of padding: A matrix (or image) with zero-padding of size 1 (P = 1) (shaded).

Another important term to be introduced here is called stride (S), which is the distance
between the movement of the filter (Figure 3.5 and Figure 3.6). In general, the stride value
for the convolutional layer is 1 and it is widely used in the max pooling layer (see Section

2.1.3 Pooling Layer) [110].

In conclusion, if the size of the filter is K % K, then the output width (W) and height
(Ho) are

W+2P-K H+2P-K

W, 1 and H, 1

(3.6)
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(a) Stride of 2 (b)

I i B | I R B
I T11 | T12 | I13 I Tig | I1s I | I12 I Ti3 | T1sa | Ias |
| | | |
I Io1 | T22 | I23 I Iog | I2s Io1 | I22 I Io3 | T2a | Izs I
| | | |
I Is1 | Is2 | Iss I I3q | I35 I3 | Is2 I Iss | Iss | Iss |

Ta1 | Tao | T3 | Tag | Iss Ta1 | Taz | T4z | Tag | Ias

Is1 | Is2 | Iss | Isa | Iss Is; | Is2 | Is3 | Isa | Iss

Figure 3.5 Demonstration of stride: The graph represents a movement of a filter with stride (S = 2) from
the first position (a) to the next position (b).

a Element-wise product

1
2 -
0 0
1 0 2 ~
0 2 0 ~
1 1
> 2 Kernel
1 1
0 Feature map
2

Input tensor

b Element-wise product

1™
2
2 1
0 0
1 0
0 2
1 1
0 0
2 2
1
0 Feature map
Input tensor 2
C Element-wise product
1
2
2
0
1
0
0
1
0
2
0 Feature map
5

Input tensor

Figure 3.6 Feature map extraction when kernel of 3 x 3 convolve an input tensor of 5 x 5 with stride 1.
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Also, in order to preserve the width and the height of the original image, common

padding is

2 (3.7)
where K is the dimension of the filter.

Figure 3.7 shows a general convolution operation applied to a real image with size
32 x 32, a filter of size 3 x 3, no padding and 1 be the stride value. In realistic, there is more
than one filter applied to the input to extract more features. For example, in AlexNet, the
first convolution layer applies 96 filters with size 11 x 11 % 3 and a stride of 4 to the input

image with size 227 x 227 x 3, where the 3 represents the RGB colors [114].

3.1.2.2 Parameters
In general, the convolutional operation is a matrix multiplication which can be

expressed as a single neuron function without an activation function

f(x)=W'xx+b (3.8)

where xeR", f(x)eR", W' e R™" is a weight matrix and beR” is a bias. The

high-dimensional filter is reshaped into a 2D weight matrix for the image input. A simple
example is used here to demonstrate the intuition behind it. Consider an image with the
following settings, W=4, H=4, K=2, F=3, D=2, and S= 1. In other words, the input
RGB image is of size 4 x 4 x 3 (W x H X F), the filter is of size 2 X 2 x 3 (K X K x F) with
the depth of the filters (D) equal to 2, and the stride (S) is 1 (Figure 3.8)

The conversion result of the filter and the input image is provided in Figure 3.7. The
first column of the reshaped x is formed by merging the filter area from each channel. In

other words, the first filtered areas for the input image are

1 2|17 18] |33 34
) ) (3.9)
5 621 22|37 38
from channel 1, channel 2, and channel 3, respectively. Then we flattened the matrix by
row into the first column of reshaped x.
[1 2 5 6],[17 18 21 22]',[33 34 37 38] (3.10)

[1 256 17 18 21 22 33 34 37 38] (3.11)
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Figure 3.7 Examples of how kernels in convolution layers extract features from an input tensor are
shown. Multiple kernels work as different feature extractors, such as a horizontal edge detector (top), a
vertical edge detector (middle), and an outline detector (bottom). Note that the left image is an input,
those in the middle are kernels, and those in the right are output feature maps.

Later, we combine every separated vector (Equation (3.10)) into one vector
(Equation (3.11)) to be the first column of the output matrix. The same method applies to
the rest of the columns. Note that since the stride is 1 (S = 1), we have 9 columns in total for
the reshaped x by taking the filter from left to right and top to bottom. Similarly, the new
weight matrix is obtained from the filter where the number of rows is the depth of the filters
(D =2). Each row is formed by concentrating the flattening form of the individual channel

matrix.
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17| 18| 19| 20 | 21 | 22| 23| 24 | 25| 26| 27

13 (14| 15|16 | 17 (18| 19| 20| 21 |22 | 23| 24 21| 22 (23| 24| 25|26 |27 |28| 29| 30| 31

22|l 23 (24| 25|26 | 27| 28|29| 30| 31| 32

33| 34 | 35|36 | 37|38 | 39| 40| 41 | 42| 43

34| 35| 36| 37| 38 | 39| 40 | 41 | 42 | 43 | 44

37| 38 | 39| 40 | 41 | 42 | 43 | 44 | 45 | 46 | 47

38 39| 40 | 41 | 42 | 43 | 44 | 45 | 46 | 47 | 48

Figure 3.8 Result of reshaping: The red area refers to the first filter area in Channel 1 of the input image,
the green area refers to the first filter area in Channel 2 of the input image. Similarly, the blue area comes
from the first filter area of Channel 3 of the image

The total number of values from all the learnable parameters is a critical measure of the

complexity of a CNN [111]. The number of values in this learnable parameter, W', is

Number of values = (K x K x F +1)x D (3.12)

where K is the size of the individual channel, ' is the number of channels, D is the depth
of the filters and 1 refers to a single bias for the current filter [115]. For example, the first

convolution layer in AlexNet contains

Number of values = (11x11x3+1)x 96 = 34,944 (3.13)

Moreover, AlexNet architecture has around 60 million values to be determined at the

end of the networks, which is trained in two Graphical Processing Units (GPUs) [114].

3.1.3 Pooling Layer

The pooling operation, or sub-sampling layer, integrates a down sampled operation to
the input feature map, which is also called dimension reduction operation [110]. It is worth
pointing out that the pooling operation does not require to train more parameters. In general,
there are two kinds of pooling operations, one is called average pooling, and the other one
is called max pooling. Similar to convolutional layer, the pooling layer also involves

hyperparameters including filter size (R), stride (S) and padding (P) [110].
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Figure 3.9 Demonstration of max pooling operation: A sample max pooling operation of an input feature
map of size 5 x 5 with filter size (R = 2), stride (S = 1) and no padding resulted in an output of size 4 x 4.

Max pooling, one of the most populate types of pooling operation, is essentially a max
function, which filters the input map and takes the maximum value from the filtered region

(Figure 3.9). The operation is defined by
O(i> ]) = maX[SlSiJrR—l,jskstrR—l {I(lak)} (3 14)

where O(i, j) is the value of the i-th row and j-th column of the output matrix. As an
example (Figure 3.9), with a filter size equal to 2 (R =2) and stride equal to 1 (§=1), an
output feature matrix of size 4 x 4 is computed by taking the maximum value inside the

filtered space. The first value is computed by
O, =max{[,,1,,1,,1,,} (3.15)

where we have set O; = 0(i,j) and Iy =I(l, k). Compared to the input map, the

dimension of the output map is reduced by 1.

3.1.4 Activation Function (ReLU)

Rectified linear-activation unit (ReLU), a nonlinear activation function, acts
mathematically as a biological neuron [110]. Although the traditional activation functions,
such as sigmoid (logistic) or hyperbolic tangent (tanh) [116], when perform the same task,
it has been observed that a CNN with ReLU as an activation function trains much faster than

a network with hyperbolic tangent [114].
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Activation functions

100 =++ step — [ pree boeeelos
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Figure 3.10 Three most commonly used activation functions in the hidden layers: ReLU, tanh, and
sigmoid

Furthermore, ReLLU is a very simple function, which is defined by
f(x):max(O,x) (3.16)

where the function is linear for x > 0 and 0 when x is negative (Figure 3.11).

5 | -2 7 5 1 0 | 7
-2 1 8 | -9 0| 8 | 0

Figure 3.11 Demonstration of ReLU operation: A ReLU operation on a sample matrix with input on the
left and output on the right.

In other words, the function changes all the negative value with 0 and the positive value
remains the same. Note that same as pooling layer, there are no parameters needed to be

trained.

3.1.5 Fully Connected Layer

After the previous operation (pooling or convolution), a fully connected layer, like its
name, connects all the input feature maps from the previous layers to a larger feature map.
In other words, the operation transforms the multi-dimensional input matrix, possibly of size

K x Kx F, from the previous layer to a vector (one-dimensional array) [110]. Note that there
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is more than one fully connected layers in general, and each of the layers is followed by an
activation function. In particular, the last fully connected layer inside a CNN connects all
the features to the actual predicted objects (such as a cat or dog), which will provide a score

for each object.

The operation inside this layer is relatively simple as well, which simply flatters the
output (such as input map of size 6 x 6 x 256) from the previous layer as input to a one-
dimensional vector (a 9216 X 1 vector) [114]. Note that for the first fully connected layer in
CNN, the input feature map is of size K x K x F, which is transformed into one huge vector
by taking it row by row. The transformation is similar to the conversion of filters into a
weight matrix in the convolutional layer. Then, the input vector x is multiplied by a weight
matrix (W) plus a bias (b). The operation is the same as a neuron function in Equation (3.17)

with a weight matrix W, a bias vector b, and an activation function g.
f(x)=g(Wxx+b) (3.17)

Considering the first fully connected layer in AlexNet with a transformed vector of size
9216 x 1, we initialize a weight matrix of size 4096 x 9216, which would have an output

vector of size 4096 x 1 [114].

Then, the output is treated as an input to the next fully connected layer, which is the last

fully connected layer in AlexNet and maps to 1000 distinct classes.

3.1.6 SoftMax Layer
In this layer, the input one-dimensional array is translated into a vector with probability

for each class via a SoftMax function [117]. The SoftMax function is defined as

o(y), = (3.18)

K
2.

Jj=1
where K is the number of classes, y = [y],...,yj,...,yk} e R¥ and j refers to the j-th
index in the vector y. Note that
K
Za(y)j =1 (3.19)
j=1
which makes sense since the sum of all the probability is 1. For example, if the input is

a vector of form [1, -2, —1] and there are 3 classes in total, then the output is
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ete’l+e  etrel+e  etrel el

{ ¢ e’ ¢ } (3.20)

which is [0.884, 0.042, 0.114].

3.2 Training CNN

The ambition of CNN is to classify new data into proper classes with a high score or
high probability. As a result, a strong accurate model is vital, which is able to identify all the
training datasets with a low error rate. Intuitively, minimizing the differences between output
result and given true label would be one of the options, which consists of minimizing the
mean square error (loss function) between the predicted result and the actual label. However,
since the classification output is a probability result from SoftMax layer in AlexNet, the
other common method is introduced instead, which is to minimize the cross-entropy

equation (loss function).

In CNN, training is a process of finding the optimal parameters in the convolutional
layers and the fully connected layers. Training is accomplished by applying a gradient
descent method, one of the techniques to solve the minimization problem and is commonly
used in neural networks [110], [111], [114]. In particular, backpropagation is used in the
gradient descent method to find the partial derivative with respect to the learnable parameters
since, generally, there are multiple layers inside a network, which means that chain rules are

applied multiple times when computing the gradients (see Section 3.2.2 Backpropagation).

One of the important measures of the generated model is the loss value, which is a
measure of the distance between the predicted scores (or probability) and the truth labels. It
is also a measure of the quality of the solution to the optimization problem. We want to
minimize the loss as closer to zero as possible. Training is completed by multiple iterations,
while the learnable parameters are updated during each iteration to minimize the loss value.
Before the first iteration of the training, weight initialization is done by providing small non-
zero random numbers to the weight matrix to ensure the parameters get updated correctly .
Each input data is passed into the network and output a loss value from the last layer, which
is called forward propagation [110]. After updating the result with the correct value,
backpropagation is used to find the partial derivation of each of the weight matrix. Finally,
parameters are updated according to the learning rate (hyperparameter) and the derivative of
its, which finishes the current iteration [117]. Then, the process enters the next iteration with

the new parameter (or weight matrix) [117]. Before discussing how to implement the
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network, several definitions are required.

3.2.1 Loss Function

In ML, the loss function, also known as cost function, is a function which outputs a loss
value to measure how well the model is. Two types of loss functions are commonly adopted.
One is the mean square error, which is typically employed to a continued value such as linear
regression, and the other one is cross-entropy frequently addressed in multiclass

classification because of its probability output [110]. In ML, we define the loss function as

N

—%Z(f(x ) (3.21)

i=l1
where f (xi ) is the output vector from the last layer in the network, x; is the input vector,

N is the number of training examples and y =[y,,...,¥,,...,yy ] € R" is the actual output,

defined as follows

I, 1if x ei-thclass
V= ,for 1<i<N (3.22)

0, otherwise

is the true label vector. The cross-entropy of the discrete probability distribution g

relative to a correct discrete probability distribution p is defined by [117]:

Zp log( ) (3.23)

where x=[x,...,x,]€ R" is an input to the probability distribution function. When

applying the cross-entropy to a loss function, the cross-entropy loss has the form [117]:

fy‘
e

Z o

i

£, =~log

, orequivalently [ =-f + log(z ¢’ j (3.24)

where f; denotes the j-th element of the output vector f from the SoftMax layer. Note

that the formula is derived from Equation (3.23) where

(3.25)

which is the predicted probability coming from the SoftMax layer, and p =1 which
means the correct probability for this j-th elementis 1 [117].
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Figure 3.12 describes an extremely simple example of a network with only two layers:
the fully connected layer and the SoftMax layer. Given an input data x; with only three
values, an intermediate weight matrix # and a bias b, an output vector is produced from the
layer and is set as an input to the SoftMax layer, which outputs a probability for each class
in a vector form. After that, the cross-entropy loss is calculated by the natural log and based
on the given true predicted label (y; = 1), which is equal to 0.03. Note that the goal is to leave

the loss as smaller as possible, then the probability would close to 1.

y. =2
0.10 -0.05 0.10 25 0.0 —4.55 ot 0.00 Given y, =2
0.16 003 0.00|x| 41|+ 0.1|=| 533|| > [0.97 |—>|L, =-10og(0.97)=0.03
0.08 0.07 0.05 -50 -0.5 1.87 0.03

—_— —_—
X b

Fully connected layer

Figure 3.12 Example of loss computation: A demonstration of how the loss being computed from an
input x; of size 3 x 1.

In general, given a training set of n data (such as images) and m number of actual classes,

then the general loss function for a multiclassification problem is [117]:

L= iﬁi (3.26)
where
L = —Zm‘,[y,-k log(f;)] (3.27)

Note that £ is essentially the cross-entropy loss defined before, but in a more general

form, and fi is the output from the SoftMax function, and

L if x € k-th class 398
Vi = 0, otherwise (328)
In particular, when K = 2, we have:
£==3 [y log(fir)+(1=,)-log(1- £ )] (3.29)
k=1

in which the conditional distribution of the target classes given input data x is a Bernoulli

distribution of the form:
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Py 1xaw)=[ £ ()] [1-£(x)] (3.30)

where the result is 1 if £;> 0.5 and 0 if f; <0.5. Then, the loss function is simply the
negative log of the conditional distribution given above, which makes sense since we want
to maximize the above conditional probability which is equivalent to minimize the negative
log of the function. To minimize such general form of the loss function, we apply the

optimization algorithm called Stochastic Gradient Descent (SGD) [110], [111].

3.2.2 Backpropagation

Backpropagation is an algorithm for efficiently finding the gradient of a function with
respect to each learnable parameter especially in NNs, since each neural network model can
be represented by computation graphs [111]. With that graph, the result can be deduced from
the top layer to the bottom very quickly because of the chain rule.

First, we define the function
yzf(x):g(WL g(Wg(W' -x+b1)+b2)+---+bL) (3.31)

where g() is the activation function, each L refers to the layer number, W is the weight
matrix and b; refers to bias for 1 <i < L. Note that the above structure is a typical form of the
output from a NN. To demonstrate how the backpropagation process, we consider the

composite function
y=/(g(x)) (-32)
Then, if we calculate the derivative with respect to the x, by the chain rule, we have

»_o %8 (3.33)
Ox 0g Ox

In order to find dy/ox, we first calculate 6 /0g with the value g we know from the

forward direction, Then, we obtain the result by multiplying it with og/ox .
For the value of
f(x)zx3 g()c)zx2 x=2 (3.34)

we can find the derivative of the f with respect to x by applying the backpropagation
algorithm (Figure 3.13).
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192 48 1

Figure 3.13 Example of backpropagation process: An example of finding oy / ox (2) by applying the

backpropagation algorithm. The blue number indicates the forward direction, while the red number
indicates the backward direction started from the end to the beginning.

After the corresponding values in the forward direction are successfully calculated,

backpropagation is used to compute the derivative. Since 9f/of =1, the last value is always

1. We then have

1—3g2 1

og og

_4g &

Ox

=192 (3.35)

x=2

g=4

Another example of the backpropagation process is demonstrated below, which is done
in a NN with only four layers. There are two sets of fully connected layer and ReLU layer,

one set followed the other set. Then, we can represent the network model by
f(x)zg(Wz-g(Wl-x+b1)+b2) (3.36)
where the inner layer g (W1 x+b' ) represents the first fully connected layer with

weight matrix W' and bias b', and the outer layer g (W2 X+ bz) represents the second fully

connected layer with weight and bias, #? and bias b* respectively. Note that this is a
composition function for two layers and there is no learnable parameter from the ReLU
layers. Consider the case that W' =1, W? =—1, b' = 1, b*> = 5 and x = 3, Figure 3.3 illustrates
the computation graph in a forward direction and the corresponding derivation in the
backward direction. In particularly, for the ReLU function, f{x) = max(0, x), the derivative

function, denoted as F(x), is defined as follows

1’ ifx#0
F(x)=1ox (3.37)
0, ifx=0

Since f'is not differentiable at x = 0.

45



3 THEORETICAL FRAMEWORK

Figure 3.14 Example of backpropagation process in neural network: Acyclic computation graph of the
network model s (x)=g (W2 xg (W' xx+b ) +b ) , where g is a ReLU function (f{x) = max(0, x)),
wW=[1, -1],b=[1, 5] and x = 3. The forward propagation computes values from input to output (blue)

and the backpropagation is performed from the end to the beginning by applying the chain rule and the
derivative rules (red)

In general, the backpropagation is done by the following pseudocode [111].

Backpropagation pseudocode
Input: A network with L layers, the activation function g; the output hidden layer

Ji :gz(foH +b1)

Compute the gradient ¢ = %
Y

Fori=Lto0do
Calculate gradient for present layer

oL, _0L %8 _ 59

ow, dg, oW, oW,
oL _OL 0g _ 502

ob, g, ob  0b

oL oL,
Apply gradient descent using —-and —-
pply g using oW ob,

/
Back-propagate gradient to the lower layer

_9L %8 _ 5 08

o)
og, 0g,, 0g,

End
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3.2.3 Stochastic Gradient Descent

Stochastic Gradient Descent (SGD) is among the most fundamental and widely adopted
optimization algorithms [111], [118]. The primary objective of SGD is to efficiently
minimize an objective function by iteratively adjusting model parameters based on the
gradient of the loss function. Unlike standard Batch Gradient Descent, which computes the
gradient over the entire dataset before updating parameters, SGD makes incremental updates
by evaluating a small, randomly selected batch of training samples in each iteration. This
stochasticity introduces computational efficiency, allowing for faster convergence and better

generalization, especially when dealing with large-scale datasets.

In SGD, there is a trade-off between computational speed and convergence stability. A
key advantage of SGD is its ability to significantly reduce training time without
compromising the accuracy of the final model. Since training data within the same class
often exhibits correlated patterns, using a subset of the data to approximate the full gradient
does not significantly distort the optimization path. Instead, it enables faster learning cycles,
leveraging the computational benefits of matrix-vector operations, particularly when batch
sizes are chosen as powers of 2 (e.g., 32, 128 or 256), aligning with hardware-efficient
operations in deep learning frameworks. The learnable parameter for the k™ iteration to
update the rule governing SGD follows the expression:

1 & oL

W1 = We = ”ﬁ o (3.38)
i=1 k

where:

e w represents the model parameters,
e 7 is the hyperparameter or learning rate,
e N is the batch size, and

e L denotes the loss function for an individual training sample.

This formulation ensures that the model iteratively updates its parameters in a direction
that minimizes the average loss over the selected batch. The backpropagation algorithm
computes these gradients and keeps adjusting weights accordingly. A structured pseudocode

representation of SGD provides a clear blueprint for its implementation in practical settings.
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Algorithm: Stochastic Gradient Descent

Input:

e Loss function £,

e Learning rate 7,
e Dataset X y,
e Model f(w, x) where x € X

Output:

e Optimized parameters w that minimize L;

Procedure:
1. Shuftle the dataset (X, ).
2. Partition the dataset into K mini-batches B =[B1, B2, ..., Bk] =X
3. For each batch B; containing (x, y;) samples:
e Compute the gradient of the loss function

1 &AL (f(wx).3,)
N,Z::‘ ow,

Wiat =W, =11

4. Repeat until convergence

This iterative process ensures that model parameters continually adapt to minimize the

loss function effectively.

The role of the learning rate in convergence dynamics: Among the hyperparameters

influencing SGD's performance, the learning rate 7 is arguably the most critical. It governs
the step size in the parameter space and directly impacts the convergence behavior of the

model.

e [f 5 is too large: The optimization may diverge, oscillating around the minimum
without settling.
e Ifanyistoo small: The convergence is guaranteed but at the cost of increased training

time.

To balance this trade-off a common approach is learning rate decay, where 7 is reduced

over time following:

= noﬁu (3.39)
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where 7y is the initial learning rate, f is the decay factor (often set to 0.1), and ¢ represents
the iteration step. In practice, reducing the learning rate by a factor of 10 every few epochs
is an effective strategy to fine-tune convergence.

Visualizing SGD convergence behavior: The effectiveness of different learning rates

can be observed through loss versus epoch graphs. These curves in plot illustrate how the

loss function evolves over successive iterations, highlighting [119]:

e Rapid convergence at an optimal learning rate,
e Unable to converge and stuck at a high learning rate,
e Divergence at excessively high learning rates, and

e Slow but stable convergence at lower learning rates.

Thus, selecting an appropriate learning rate is both an art and a science, requiring

empirical tuning based on the dataset and model complexity.

low learning rate

high learning rate

\

good learning rate

I
-

epoch

Figure 3.15 Effects of various learning rates on convergence
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Chapter 1V

Monitoring Diagnosis for PdM of SPV-IRT

4.1 Deep Learning for IRT-Anomaly Diagnosis

In the evolving landscape of PAM for SPV energy systems, the demand for intelligent
remote aerial IRT anomaly diagnosis has become increasingly critical. As large-scale SPV
power plant installations continue to expand, ensuring operational reliability, efficiency, and
longevity requires advanced diagnostic methodologies capable of early-fault detection and
proactive maintenance strategies. Integrating DL algorithms into SPV-IRT image analysis

presents a significant leap toward sustainable and intelligent energy management.

Unlike traditional rule-based diagnostic approaches, DL-based systems are trained to
recognize complex thermal signatures employing computer vision (CV) techniques to
decode intricate thermal defect patterns that may not be immediately apparent to human
inspectors, reducing downtime and maintenance costs. Meanwhile, Al-based thermographic
diagnostics can enhance fault detection precision by filtering noise, reducing false positives,
and improving classification accuracy, making them reliable for large-scale autonomous

inspections.

4.1.1 Related Works

DL methodologies particularly leveraging CNNs have been extensively explored for the
classification of thermal anomalies in IRT images of SPV panels. In this context, various
state-of-the-art models and algorithms have been employed to enhance diagnostic accuracy

and streamline fault detection processes. Some of them are mentioned here:

Haidari et al. utilized infrared thermal images categorized into three distinct classes —
healthy, hotspot, and hot substring — each represented by a resolution of 70 x 50 pixels. The
preprocessing pipeline involved medium blurring and grayscale conversion, implemented
via Adobe Photoshop®, to refine image quality and reduce noise. Subsequently, a pre-trained

VGG16 model was deployed for classification, yielding fault detection accuracy of 98%
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[120].

Le and others conducted an in-depth investigation into fault classification of SPV panels
using grayscale IRT images spanning 12 classes, each with a resolution of 24 x 40 pixels.
To enhance model generalization and mitigate data imbalance, an extensive preprocessing
pipeline was implemented, incorporating data augmentation techniques such as horizontal
and vertical flipping, as well as +20% size translation. Additionally, an optional synthetic
minority oversampling technique (SMOTE) was employed to address class imbalance by
generating synthetic samples for underrepresented categories. Leveraging the power of
transfer learning, the pre-trained ResNet model was utilized and an ensemble strategy was
adopted by integrating 15 models through various combination methods. This ensemble
learning approach significantly bolstered classification robustness culminating in an 86%

fault classification accuracy [121].

Korkmaz and Acikgoz utilized grayscale IRT images across 12 classes, each with a
resolution of 24 x 40 pixels. To enhance model robustness and mitigate data imbalance, an
augmented oversampling strategy was employed, incorporating £30% brightness variation,
two instances of image reversal, and a single 180° rotation. This preprocessing approach
aimed to generate a more diverse and representative data set for improved generalization. A
pre-trained AlexNet model was deployed, leveraging multiscale TL with a novel three-
parallel-branch architecture applied specifically to 11 selected classes. This innovative
strategy facilitated hierarchical feature extraction at multiple spatial scales, capturing
intricate patterns in SPV anomalies with greater precision. The proposed model
demonstrated a fault classification accuracy of 93.51%, underscoring the potential of multi-

scale TL in enhancing SPV thermal defect diagnosis [122].

Duranay investigated grayscale IRT images spanning 12 classes, each initially sized
24 x 40 pixels for intelligent thermal fault diagnosis. To enhance feature representation and
improve model performance, the images underwent a meticulous preprocessing pipeline,
including resizing to 224 x 224 pixels and the extraction of exemplary patches at 28 x 28
and 56 x 56 resolutions. The study employed a pre-trained EfficientNet BO model for feature
extraction, capitalizing on its superior balance between computational efficiency and
representational power. To refine the extracted features, neighborhood component analysis
(NCA) was utilized as a feature selection technique, optimizing the most relevant
downstream classification. An SVM classifier was then applied to leverage the selected

features for robust fault classification. To ensure model reliability and generalization, a
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rigorous 10-fold cross-validation strategy was incorporated. This integrated approach
achieved an anomaly classification accuracy of 93.93%, highlighting the effectiveness of
combining DL-based feature extraction, statistical feature selection, and traditional ML
classifiers. The findings reinforce the potential of hybrid-Al frameworks in enhancing PAM

strategies for intelligent fault diagnosis [123].

Pamungkas et al. conducted a multiclass classification study leveraging grayscale IRT
images across 12 distinct anomaly classes, each originally sized at 24 x 40 pixels. To
enhance model generalization and address class imbalances, a robust preprocessing pipeline
was implemented, incorporating augmentation techniques such as geometric transformations
alongside synthetic data generation via generative adversarial networks (GANSs). For feature
extraction and classification, the pre-trained coupled UdenseNet model was employed,
capitalizing on its densely connected convolutional layers and upsampling capabilities to
capture intricate spatial and textual patterns within the grayscale IRT images. This
sophisticated hybrid approach facilitated a more refined representation of fault
characteristics, enabling improved thermal anomaly detection in SPV panel inspections. By
integrating augmentation strategies with a DL architecture optimized for feature preservation

and hierarchical learning, the study achieved a fault classification accuracy of 95.72% [124].

4.1.2 Materials

4.1.2.1 Dataset Preparation and Visualization

A customized, severely imbalanced 6-class radiometric IRT dataset (temperature
intensity matrix) was meticulously curated to facilitate the precise thermal fault diagnosis of
SPV panels. Unlike publicly available aerial grayscale IRT SPV array dataset [125], [126],
which often lack structured categorization and labeled defect information, this dataset was
systematically refined through rigorous visual assessment. Each defective SPV panel was
identified and classified in accordance with International Electrotechnical Commission
standards (IEC TS 62446-3:2017) [34], ensuring a standardized and reliable reference

framework. The samples of defects are shown in Figure 4.1.
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ey

(a) Hotspot effect (b) Patchwork pattern (c) Faulty substring 7

Figure 4.1 Raw acrial IRT-grayscale images of the SPV array having a visually defective SPV panel
labeled as (a) hotspot effect, (b) patchwork pattern, (c) faulty substring.

The radiometric dataset construction is a challenging task to identify the grayscale
image pixel position coordinates that are truly aligned with spatial temperature intensity
values. This involves the extraction and resizing of individual SPV panel images from raw
aerial grayscale IRT SPV array images and transforming them into radiometric temperature
matrices with spatial dimensions of 60 x 100 pixels. Each panel was numerically represented
by floating-point temperature intensity values in degrees Celsius as shown in Figure 4.2. To
maintain structural consistency, zero-padding was applied, extending the images to 66 x 106

pixels as portrayed in Figure 4.3.

Junction box n
Original Magnified

45.3 46.3 46.6 46.7 46.7 46.5 46.2

46.1 47.1 4 47.7 4

46.8 47 48

5
o

Temperature [°C]

5 47.7 47.8 47.4 47.0 46.6

46.4 46.9 47.0 ) 47.1 46.7 46.5

Figure 4.2 Extracted SPV panel labeled as heated Junction Box: Original and magnified region of 2D
radiometric thermal datapoints—temperature intensity matrix [C] (jet colormap as pseudo-color applied
for visual depiction).
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Original (100 x 60) Processed (106 x 66)

Temperature [*C]

Figure 4.3 Original SPV panel image of 100 % 60 pixels (left ) and zero-padded 106 x 66 pixels (right)
having maximum temperature [°C] with jet colormap as pseudo-color applied for visual depiction (red
shades corresponds to higher temperature values, whereas blue to lower ones).

Further, a notable challenge in this radiometric dataset was the severe class imbalance;
to train, tune, and validate the DL model for multiclass classification. Of the 2672 instances,
an overwhelming majority 2647 belonged to the “Good” class (i.e., normal panels with no
detected anomalies). In contrast, only 25 instances were categorized into five distinct
“Faulty” classes, each containing just five samples. These faulty classifications encompassed
critical defect types: faulty multistring, heated junction box, faulty substring, patchwork
pattern, and hotspot affect — each visually distinguishable via pseudo-color thermal mapping

as shown in Figure 4.4.

The offline data augmentation was implemented, incorporating horizontal and vertical
flipping to enhance the visual diversity of the underrepresented faulty classes, i.e., without
enhancing or balancing minority instances quantity. Furthermore, min-max normalization
was employed to rescale the temperature intensity values into the [0, 1] range, optimizing
the dataset for subsequent DL-based analysis. The distribution of spatial temperature
intensity values across different classes was effectively visualized using raincloud plots,
offering an intuitive representation of thermal variations among normal and defective panels

as shown in Figure 4.5 and Figure 4.6.
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Original Dataset (Maximum Temperature [*C])

Figure 4.4 Original dataset of 6-class SPV panels with jet colormap applied for pseudo-color visual
depiction (max temperature [°C]). Color bar represents temperature values corresponding to colors
(higher temperature values in red shades, lower temperature values in blue shades). Data augmentation
applied for visual diversity (multistring, substring, and hotspot).

Good

Junction box

Hotspot
Temperature [°C]

Patchwork

Substring

Multistring
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This radiometric thermal dataset serves as a crucial foundation for advancing Al-driven

PdM strategies in SPV energy systems, enabling the development of robust DL models

capable of detecting intricate thermal anomalies with precision and reliability.

d plot of dataset

Rainclou

Temperature [°C]

Figure 4.5 Raincloud plot of dataset (Good and Faulty class)

Raincloud plot of dataset (faulty classes)

Multistring +

Junction box +

Substring +

w
7]
o
[

Patchwork 1

Hotspot +

20

Temperature [°C]

Figure 4.6 Raincloud plot of dataset (5-Faulty class)
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4.1.3 Experimental Resources

The experiments were performed on a computer server with 50 CPUs of Intel® (Santa
Clara, California, United States of America) Xeon® Gold 6130 Processors with 22 M Cache,
2.10 GHz. The server was equipped with 100 GB of memory (RAM). Further, the paid

version resources of Google Colab (available online at https://colab.research.google.com/,

last accessed on 30 January 2025) were also utilized.

The software environment is based on Python (v. 3.11.11) and Keras (v. 3.5.0)
frameworks with TensorFlow (v. 2.17.1) at the backend to apply pre-trained DL models
(online available: https://keras.io/api/applications/, last accessed on 30 January 2025). The

performance evaluation and analyses employed the scikit-learn (v. 1.6.1) library whereas
SMOTE resampling exploited the imbalanced-learn (v. 0.10.1) library. The explainable
predictive visualizations exploited the tf-keras-vis (v. 0.8.7) library. For extracting and
preprocessing floating-point temperature data from radiometric JPG (rJPG) images of solar
photovoltaic arrays, the FLIR® Thermal Studio Suite thermography software (v. 2.0) was
employed [127], [128].

4.1.4 Experimental Workflow

To systematically assess the operational health of SPV arrays, a drone-assisted IRT
imaging system was deployed to remotely capture high-resolution grayscale thermal images.
These raw grayscale thermographic images were then processed into a 2-dimensional
radiometric thermal dataset (temperature intensity matrix), which was subsequently fed into
a custom CNN model for automated anomaly detection and classification (radiometric
thermal fault diagnosis). The experimental workflow developed in this study is shown in

Figure 4.7.

1) Model Training via Ensemble Learning and Cross-Validation: To enhance the
robustness and generalization of the diagnostic system, an ensemble of four custom CNN
models was constructed using 4-fold cross-validation. Each iteration of the cross-
validation process was used to train and validate a unique model within the ensemble.
The dataset was partitioned as follows:

e 20% of the dataset (534 samples, including 5 anomalous instances, i.e. only
l-instance of each fault) were set aside as a final hold-out test set, ensuring an

unbiased evaluation.
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Figure 4.7 Experimental workflow. First, the dataset is acquired with a drone-aided IRT of SPV arrays.
Then, an ensemble of CNN models is realized via a stratified 4-fold cross-validation. Finally, quantitative
results are determined, and explainability techniques are used to unveil the mechanisms underlying the

diagnostic process. Heatmaps have a jet colormap, with red representing higher temperature (for

radiometric images) or activation values (for CNN explanations), and blue depicting lower temperature or

activation values.

During each cross-validation iteration, the remaining 80% of the dataset was split

into:

» 60% for training (1604 samples, including 15 anomalies, i.e. 3-instances of each
fault)

» 20% for validation (534 samples, including 5 anomalies, i.e. only l-instance of

each fault)

After completing the training cycles, the outputs of the 4-CNN models were averaged

to form an ensemble prediction, which was subsequently tested on the hold-out dataset.

2) Addressing Class Imbalance via SMOTE: Given the extreme class imbalance, where

defective panels were severely underrepresented, an additional experiment was

conducted using the SMOTE to generate a more balanced dataset. The data set was

resampled to achieve class parity, after which the following partitions were applied:

20% (3182 samples) was allocated as the final hold-out test set
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e The remaining 80% was used in each cross-validation iteration with:
» 60% (9544 samples) for training
» 20% (3181 samples) for validation

By ensuring an even class distribution, this experiment aimed to assess whether data
augmentation and oversampling techniques could improve the model's ability to detect rare

radiometric thermal faults in SPV panels.

3) Explainable AI for Model Interpretability: Beyond achieving high performance
anomaly diagnosis, the study incorporated XAl techniques with two the objectives:

e Mathematical Interpretability: To analyze and cluster the learned feature
representations, offering insights into how different radiometric fault categories are
distinguished at the feature level.

e Perceptive Explanation Mapping: To highlight the most influential radiometric
datapoint regions contributing to classification decisions, using visual explanation

techniques such as saliency maps and class activation heatmaps.

4.1.5 Results and Discussion

This section presents a comprehensive analysis of the experimental findings,
highlighting the classification (radiometric thermal diagnosis) accuracy of the proposed
model, the insights derived from XAI techniques, and the key trends observed during the
training and validation process. By integrating multiple perceptive explainability methods,
including Activation Maximization, SmoothGrad, and Grad-CAM, we provide a deeper
understanding of how the DL model identifies and classifies radiometric thermal anomalies

in SPV panels.

1) Insights from Perceptive Explainability Techniques: To ensure a robust evaluation
across different cross-validation iterations, the results of various XAl techniques are
compared.

e Activation Maximization: The maximum saliency regions vary across different cross-
validation models, indicating that distinct parts of the radiometric thermal matrix are
highlighted in each iteration as shown in Figure 4.8. This variation is not a major
concern as CNNs are inherently translation-invariant, meaning the model can
recognize patterns regardless of their spatial location within the data (radiometric

thermal matrix).
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SmoothGrad: The application of SmoothGrad on the radiometric thermal matrix
reveals consistent patterns across the trained models. Notably, all models correctly
identified high-saliency regions near hotspots and junction box areas as shown in
Figure 4.9, demonstrating the network's ability to focus on critical thermal
anomalies.

Grad-CAM  (Gradient-weighted Class Activation Mapping): Grad-CAM
visualizations extracted from convolutional layers reveal highly activated regions
near hotspot areas (or high temperature locations) as shown in Figure 4.10. The
observed class activation maps correspond closely to the final classification
decisions, reinforcing the model’s reliability in diagnosing radiometric thermal faults

in SPV panels.
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Figure 4.8 Explainable deep learning - Activation Maximization visualization from the last convolutional
layer for the 6-class classification. Results for each iteration of the stratified 4-fold cross-validation are
presented. Jet pseudo-color (red corresponds to higher activation values, whereas blue to lower ones) is

used for visual depiction.

61



4 MONITORING DIAGNOSIS FOR PDM OF SPV-IRT

SmoothGrad of Test dataset
Original Model O Model 1 Model 2 Model 3
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Figure 4.9 Explainable deep learning — SmoothGrad visualization from the last convolutional layer for
the 6-class classification. Results for each iteration of the stratified 4-fold cross-validation are presented.
Jet pseudo-color (red corresponds to higher activation values, whereas blue to lower ones)is used for
visual depiction.
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Grad-CAM of Test dataset
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Figure 4.10 Explainable deep learning — Grad-CAM visualization from the last convolutional layer for
the 6-class classification. Results for each iteration of the stratified 4-fold cross-validation are presented.
Jet pseudo-color (red corresponds to higher activation values, whereas blue to lower ones) is used for
visual depiction.
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2) Feature Space Visualization and Clustering Analysis: To further investigate how the
model structures and organizes learned representations, we employed dimensionality
reduction techniques to visualize feature embeddings:

e t-SNE (t-distributed Stochastic Neighbor Embedding) was used to depict the input
data features of healthy versus faulty panels in a low-dimensional space.
e UMAP (Uniform Manifold Approximation and Projection), using the Hellinger

metric, was applied to visually represent the CNN's predicted feature embeddings.
The results indicate that:

e In the original feature space, no clear separation is observed among healthy and
faulty samples as shown in Figure 4.11.

e After training, distinct clusters emerge, indicating that the model successfully learns
meaningful feature representations that differentiate among various types of SPV

panel’s radiometric thermal anomalies as shown in Figure 4.12.

t-SNE of complete dataset images - Ensembled

40 Multistring
204 Substring
0 1 - Patchwork
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—40 A Junction box
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T T T
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Figure 4.11 Embedding with t-SNE (cluster map) of complete input radiometric dataset images. Each
data-point is depicted as a star-shaped point. Kindly note that some points overlap.
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Figure 4.12 Embedding with UMAP (feature clustering) of test dataset predictions (Hellinger metric)—
ensembled. Each data point is depicted as a star-shaped point. Kindly note that some points overlap.

3) Classification Performance and Cross-Validation Results:

The stratified 4-fold cross-validation confusion matrices, presented in Figure 4.13
confirm the model's exceptionally high classification performance. The CNN models
achieved an impressive 99.81 £ 0.15% accuracy (mean =+ standard deviation) across
validation sets.

However, it is important to note that the dataset was highly imbalanced, with
relatively few anomaly samples, causing the accuracy to be skewed towards high
values. To deal with the imbalance dataset, the categorical cross-entropy with class-
weights are applied to test dataset.

The ensemble of all four cross-validation models achieved a perfect 100% accuracy

as illustrated in Figure 4.14, further reinforcing the model’s effectiveness.
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Figure 4.13 Confusion matrices of class-weighted test data for each iteration of the stratified
4-fold cross-validation (6-class).

Confusion Matrix of Test data - Model Ensembled (6 classes) ..

Good 529 [¢] ] [¢] [¢] 0
100.00%
80%
Junction box 0 0 0 2]
o
k) Hotspot { @ L
Qo
]
[}
= h k [¢]
= Patchworl 0%
Substring 0
20%
Multistring 4 [¢] 0 0 0 0
2 E = = = i o%
o [=} [=] = & =
§ < & & £ £
s bS] £ @ B
= 2 S 2 =]
k¥ © A El
5 £ =

Predicted label

Figure 4.14. Confusion matrix of class-weighted test data ensemble model (6-class).
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4)

Training Dynamics and Learning Curves: The learning curves, shown in Figure 4.15,

reveal that:

e The training process exhibited inherent noise, primarily due to the severely
imbalanced data set.

e Fluctuations and skews in learning curves were observed across the 4-fold cross-
validation models, reflecting challenges in optimizing the network under class-

imbalanced conditions.
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Figure 4.15 Categorical loss and accuracy of the training and validation of class-weighted test dataset for

5)

6-class output, for each iteration of the stratified 4-fold cross-validation.

Addressing Class Imbalance in DL for PdM: One of the fundamental challenges in
applying DL models to imbalanced datasets is the risk of the model disproportionately
favoring the majority class, often at the expense of the minority class. In the context of
PdM for SPV energy systems, this issue is particularly critical, as faults and anomalies
— which are scarce in healthy operations —must be accurately identified to ensure system

reliability.

To mitigate class imbalance, we applied the SMOTE for radiometric data augmentation,
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resampling, and enhancing the minority classes. By synthetically generating new instances
of radiometric faulty samples, SMOTE improves the model's ability to recognize and

classify anomalies effectively.

e Model Performance and Cross-Validation Insights: The stratified 4-fold cross-
validation results confirm that the resampled radiometric dataset led to significant
improvements in fault classification:

» Each individual model achieved an exceptional accuracy of 99.98 + 0.03%
(mean =+ standard deviation) across validation sets as portrayed in Figure 4.16.

» The ensemble model obtained by aggregating the outputs from cross-validation
models, further improved performance, achieving 100% accuracy on the final
hold-out test set as shown in Figure 4.17.

e FError Analysis and Learning Curve Trends: While the overall classification
performance was outstanding, Model-2 misclassified two samples from the majority
(healthy) class in the test dataset.

Despite these misclassifications, the learning curves exhibited stable trends

Figure 4.18, indicating that the training process converged efficiently and the model

maintained robust generalization ability across different cross-validation iterations.
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Figure 4.17 Confusion matrix of SMOTE test data—ensemble model (6-class).
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Figure 4.18. Categorical loss and accuracy of the training and validation of SMOTE test dataset for a 6-
class output, for each iteration of the stratified 4-fold cross-validation.

4.1.6 Limitations

In real-world SPV energy systems, operational conditions are predominantly healthy,
ensuring a continuous and optimal power output. As a result, thermal fault occurrences are
rare, leading to an inherent scarcity of faulty instances in available radiometric thermal
imaging dataset. This imbalance poses a significant challenge for training DL models, as

they require sufficient labeled faulty samples to accurately classify and diagnose defects.

The limited availability of labeled faulty data presents a bottleneck for developing
robust multiclass classification models. To address this issue, we focused on designing a

customized, lightweight CNN specifically tailored for:

e Single-channel radiometric thermal dataset, representing temperature intensity
matrices.
e Highly imbalanced class distributions, ensuring efficient diagnosis of rare faulty

instances.
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4.1.7 Conclusion

These results validate the effectiveness of our custom (ensembled) CNN-based
diagnostic framework for automated SPV panel radiometric thermal anomaly diagnosis. By
incorporating XAI methodologies, the study enhances model explainability and
interpretability, allowing us to rationalize classification decisions and understand the
learning feature structures. While the model achieves near-perfect accuracy, future work
should focus on addressing class-imbalance through more faulty data acquisition and
addition of other variety of labeled fault data classes, to ensure greater generalizability in

real-world applications.

4.2 Deep Transfer Learning for IRT-Anomaly Diagnosis

This study explored the effectiveness of pre-trained DL models, applying a deep transfer
learning (DTL) approach to conduct multiclass classification (or diagnosis) of radiometric
IRT anomalies in SPV panels. The methodology aimed to enhance the model's ability to
generalize despite the presence of severely imbalanced class distributions in real-world

datasets.

To wvalidate the proposed approach, we employed a highly imbalanced 6-class
thermographic radiometric dataset, where each SPV panel's thermal profile was represented
as floating-point temperature intensity values (in degrees Celsius). This dataset provided a
challenging yet realistic scenario for assessing the effectiveness of pre-trained DL models in

radiometric fault classification and thermal anomaly detection.

4.2.1 Experimental Workflow

The experimental workflow (Figure 4.19) for the proposed DTL-based radiometric

thermal fault classification in SPV power systems comprised four primary steps:

1) Input Preparation: Constructing the radiometric IRT-SPV dataset, ensuring proper
preprocessing to feed for DTL model training.

2) Model Selection: Identifying ten pre-trained DTL models as tabulated in Table 4.1 for
radiometric thermal fault classification (temperature intensity matrix diagnosis) and
compare them with our custom CNN (ensembled) model.

3) Fine-tuning: Modifying the DTL models by incorporating additional layers to enhance

classification accuracy.
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4) Performance Evaluation:
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Figure 4.19. Experimental workflow (simplified block diagram)

Table 4.1 List of DL Models

Model Year Size (MB) Parameters  Depth
ConvNeXtTiny [79] 2022 109.42 28.6 M -
DenseNet121 [80] 2017 33 8.1 M 242
EfficientNetV2S [81] 2021 88 21.6 M -
InceptionV3 [82] 2016 92 239M 189
InceptionResNetV2 [83] 2017 215 55.9M 449
MobileNetV2 [84] 2018 14 35M 105
NASNetMobile [85] 2018 23 53M 389
ResNet50V2 [86] 2016 98 256 M 103
VGG16 [87] 2015 528 138.4M 16
Xception [88] 2017 88 229M 81
Custom CNN [89] 2024 1.80 471,302 5
Ensembled Model [89] 2024 7.19 1,885,208 5

a) Challenges in Handling Highly Imbalanced Dataset: The input dataset used in this

study followed a 60%-20%-20% split for training, validation, and testing respectively.
However, given the extreme class imbalance, only a single data instance was available
for testing in each of the five minority classes, making multiclass classification a highly
complex task. This scenario is akin to “finding a needle in a haystack”, demanding robust

pre-trained DL models with advanced generalization capabilities.
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b) Deep Transfer Learning Architecture and Hyperparameter Tuning:

Each pre-trained DL model was carefully selected and customized for DTL by
incorporating: 1) Global Average Pooling/ flatten layer for dimensionality reduction,
2) Dropout layer (0.25) to mitigate overfitting, 3) Fully Connected Dense Layer
(SoftMax Activation) for 6-class radiometric thermal fault diagnosis.

To optimize training performance, the following hyperparameters were applied:
Batch size 512, Early stopping: patience of 200 epochs, Learning rate 0.0001, Loss
function: categorical cross-entropy, Class weighting strategy: addressing severe class

imbalance

4.2.2 Results and Discussion

This section presents the experimental findings of the selected DTL models and the

custom CNN (ensembled) model, focusing on their classification performance and training-

validation behavior through learning curves. To assess model effectiveness, four key

performance evaluation metrics were employed:

Accuracy: Measures the overall correctness of predictions.
Precision: Evaluates the proportion of correctly identified positive cases.
Recall (Sensitivity): Determines the ability to detect actual positive cases.

F1 Score: Balances precision and recall for a holistic performance assessment.

These metrics provide crucial insights into the models’ ability to handle true positives,

true negatives, false positives, and false negatives, ensuring robust and reliable multiclass

classification of SPV panel radiometric thermal anomalies.

1. Performance of Pre-trained DTL models vs. Custom CNN: The results reveal that

among the selected pre-trained DL models (Table 4.2), the InceptionV3, MobileNetV2,
and VGG16 architectures demonstrated an impressive accuracy of 0.998 in classifying
radiometric thermal anomalies (temperature intensity matrix diagnosis). However, the
custom CNN (ensembled) model achieved a perfect classification accuracy of 1.000,

highlighting its ability to outperform standard DTL models in this specific dataset.
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Table 4.2 DL Models Performance

Model Accuracy Precision Recall F1 Score T];L?(ill(isl:eg)
ConvNeXtTiny [79] 0.994 0.989 0.994 0.992 1068
DenseNet121 [80] 0.994 0.993 0.994 0.993 742
EfficientNetV2S [81] 0.996 0.993 0.996 0.995 2894
InceptionV3 [82] 0.998 0.996 0.998 0.997 326
InceptionResNetV2 [83]  0.994 0.993 0.994 0.993 537
MobileNetV2 [84] 0.998 0.999 0.998 0.998 1095
NASNetMobile [85] 0.996 0.996 0.996 0.996 1907
ResNet50V2 [86] 0.996 0.993 0.996 0.995 511
VGG16 [87] 0.998 0.996 0.998 0.997 2529
Xception [88] 0.996 0.993 0.996 0.995 1733
Custom CNN 1.000 1.000 1.000 1.000 204

(ensembled) [89]

2. Computational Efficiency and Training Time Analysis: Beyond classification
accuracy, computational efficiency was also analyzed:
e InseptionV3 exhibited the least training time (326 seconds) among pre-trained DTL
models.
e The custom CNN (ensembled) model demonstrated an even faster training time

(204 seconds), indicating a highly optimized and lightweight network architecture.

This finding underscores the potential of custom CNN architectures in achieving both
high classification accuracy and computational efficiency, making them viable for SPV

arrays diagnostic monitoring applications.

3. Explainability through XAI Techniques: To enhance model perceptive
explainability, Guided SmoothGrad, an advanced explainability method that merges
SmoothGrad with Guided Backpropagation (GBP) was applied. The saliency
visualizations revealed that:

e Pre-trained DL models effectively highlighted high-temperature anomaly regions
in patchwork and multistring fault cases as shown in Figure 4.20.

e Feature space embeddings, visualized using UMAP (Hellinger Metric)
demonstrated distinct clustering as shown in Figure 4.21, reinforcing the models’

ability to differentiate among healthy and faulty radiometric SPV panels.
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Figure 4.20 Explainable deep learning — Guided SmoothGrad visualizations from the last convolutional
layer for 6-class classification (jet colormap as pseudo-color applied for visual depiction). Red
corresponds to higher activation values, whereas blue to lower ones.

75



4 MONITORING DIAGNOSIS FOR PDM OF SPV-IRT

UMAP of Test predictions using hellinger metric
ConvNeXtTiny DenseNet121 EfficientNetV2S InceptionResNetV2 InceptionV3

10 * g * * [ * o
* * * "
* * Multistring
8 4 q4
* *
* &% K*x x

s ] * * J
L * 3 *
Substring
1 #% 1 * 9
*
*

5 * * |
* * % * * %
0 * * 1% ** * * * Patchwork
MobileNetv2 NASNetMobile ResNet50V2 VGG16 Xception
*
10 * * * * * * * N x Hotspot
8 ot S
* x * . *
6 J * ] * %
t** * * . R ': ** * X Junction box
4 * 1 * * * ] *
jd *
2 ] * ok A W 4 R
» * * * jraic 98 * Good
0 ol 1 * *

Figure 4.21 Embedding with UMAP (feature clustering) of test dataset predictions (Hellinger Metric).
Each data point is depicted as a star-shaped point. Kindly note that some points are overlapped.

4.2.3 Limitations

This case study presents two primary limitations that affect the training and validation
processes of DTL models for multiclass radiometric thermal anomaly classification

(temperature intensity matrix diagnosis) in SPV energy systems.

1) Data Scarcity and Imbalanced Class Distribution: One of the fundamental challenges
encountered in this study was the limited number of available instances in minority
classes. Since SPV panels are typically designed to operate under optimal conditions,
occurrences of thermal anomalies are scarce, leading to an intrinsically imbalanced
dataset.

e DTL models require a substantial amount of training data across all classes to
generalize effectively. However, the lack of sufficient faulty instances resulted in
suboptimal classification accuracy for thermal anomalies.

e Conversely, the custom CNN (ensembled) model demonstrated superior adaptability
to the radiometric thermal dataset’s imbalance, thereby outperforming pre-trained
DL models.

e This limitation emphasizes the need for larger, more diverse datasets to enhance
model generalizability and mitigate bias toward majority class predictions.

2) Absence of Synthetic Data Augmentation (Resampling Techniques): Unlike
previous studies that leverage synthetic over-sampling (e.g. SMOTE, GAN-based
augmentation), this research intentionally omitted these techniques to examine the
inherent learning capabilities of pre-trained DL models on original radiometric thermal

dataset.
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By working with floating-point temperature intensity values, the study aimed to
assess how well DTL architectures handle real-world, unaltered radiometric
thermographic data.

While this approach provides valuable insights, future studies could explore hybrid
methodologies combining resampling techniques with DTL models to further

improve diagnostic accuracy and model robustness.

4.2.4 Conclusion

The findings of this study reinforce the efficacy of DTL models in performing multiclass

classification of 6-class radiometric thermal anomalies in SPV panels. Given that pre-trained

DL architectures are originally trained on standardized image datasets, their adaptation to

radiometric thermal datasets (floating-point temperature intensity matrix) presents both

opportunities and challenges.

1) Performance Benchmarking of DTL Models vs. Custom CNN: The study highlights

key observations regarding model performance:

Among the selected DTL models, InceptionV3, MobileNetV2, and VGGI16
exhibited high classification accuracy (0.998), demonstrating their robustness in 6-
class radiometric thermal fault diagnosis.

InceptionV3 proved to be the fastest DTL model (326 seconds training time),
indicating its computational efficiency in handling the radiometric thermographic
dataset.

However, the custom CNN (ensembled) model outperformed all pre-trained DL
models, achieving:

» Perfect accuracy (1.000) in multiclass classification.

» The shortest training time (204 seconds), underscoring its efficiency in learning

from the imbalanced 6-class dataset.

These results suggest that while DTL models offer substantial accuracy, a tailored CNN

architecture optimized for the dataset can provide even greater diagnostic precision and

computational efficiency.

2) XAI Techniques — Enhancing Interpretability and Trust in DL models: A major

contribution of this research is the incorporation of XAl techniques — such as Guided

SmoothGrad and UMAP — to provide a rationale for model decision-making.
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Guided SmoothGrad (a fusion of SmoothGrad and Guided Backpropagation)
effectively vizualized high-temperature feature regions, aiding in model
explainability.

UMAP (Uniform Manifold Approximation and Projection) revealed clear clustering
of predicted features, offering deeper insights into how different anomaly types are

distinguished.

By integrating XAl techniques, this study not only enhances the transparency of SPV

arrays’ radiometric thermal anomaly diagnosis models but also fosters greater cognitive

understanding, bridging the gap between Al-driven predictions and human decision-making

in PdM frameworks.

3) Strategic Significance for SPV Energy Systems: The implications of this research

extend beyond Al-based thermographic vision inspection to real-world SPV energy

system management:

Early Fault Diagnosis: The proposed Al-driven framework enables proactive
identification of potential thermal faults, ensuring timely maintenance and reducing
energy output degradation.

Prolonged Asset Lifespan: By diagnosing latent defects, the system extends
economic life of SPV panels, mitigating capital-intensive losses.

Climate Impact and Humanitarian Efforts: In the wake of global warming and the
urgent transition to renewable energy, such Al-powered PdM solutions can:

» Safeguard investments in large-scale and utility-scale SPV power plants.

» Support humanitarian initiatives by ensuring sustainable solar power for energy-

insecure regions.
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Chapter V

Conclusions

The research works carried out for this thesis were devoted to the conceptualization,
implementation, and evaluation of novel systems of intelligent diagnostic monitoring that
can support the Operations and Maintenance (O&M) team in routine practice, offering an

objective methodology to identify thermographic anomalies in SPV energy systems.

In the proposed diagnostic pipelines, different objectives were considered, including
enhancement of the radiometric thermographic fault detection performance, usability of the
methodology, utilization of DL models, and feasibility of the integration into the PdM
practice. Moreover, the investigation of principles behind the developed systems, by
exploiting perceptive explainability and mathematical interpretability techniques, has been

carried out to ensure trust and transparency of the models' decision-making process.

Chapter 2 delves into the analysis of Al techniques in SPV diagnostics, methodologies
employed in this thesis, in particular, CNNs for image classification, performance evaluation
metrics, XAl methods, standardized guidelines, and technical prerequisites for intelligent

aerial IRT inspection of SPV Power Systems.

Chapter 3 elaborates a theoretical framework for CNN comprising a CNN architecture,

layers, and training process.

Chapter 4 features two distinctive case studies (custom CNN and DTL) for monitoring
diagnosis within PAM framework, representing a comprehensive workflow, based on end-
to-end pipelines designed and implemented for radiometric anomaly diagnosis. Initially, a
customized, severely imbalanced 6-class radiometric IRT dataset (floating-point
temperature intensity matrix in degrees Celsius) was prepared to facilitate the precise
thermal fault diagnosis of SPV panels. Then, a lightweight custom CNN (ensembled) model
was developed to classify radiometric thermal anomalies with near-perfect accuracy (1.000).
Further, the performance evaluation of the developed custom CNN (ensembled) model is
compared with the selected ten pre-trained DL models (deep transfer learning - DTL), and

the classification predictions are visualized with XAl techniques.
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5 CONCLUSIONS

In conclusion, this thesis showcases the significance of intelligent aerial thermographic
inspection in PAM framework. In the domain of PdM, the integration of intelligent fault
diagnosis presents a transformative approach, offering a cost-effective, time-efficient, and
automated solution for monitoring large-scale SPV energy systems. By leveraging remote
aerial IRT imaging with DL, ensemble learning, data augmentation, and XAl-driven
explanations, the proposed framework advances the state-of-the-art maintenance operations
in the future, which can shift from reactive to proactive strategies, thereby enhancing

reliability and sustainability in SPV power generation.
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