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Abstract

The integration of photovoltaic (PV) systems into unmanned aerial vehicles
(UAVs) offers promising advantages, such as enhanced flight endurance and energy
efficiency. However, the dynamic and environmental complexities introduced by UAV
motion and adverse conditions, such as in-flight icing, necessitate advanced modeling
and optimization approaches to investigate the behavior of the UAV-integrated PV
module and its optimal performance. This thesis develops a comprehensive framework
that addresses these challenges by incorporating a set of analytical, mathematical,

optimization, and computational intelligence-based methods.

Using rotational matrix concepts, the tilt and azimuth angles of the PV module
are calculated based on the UAV's yaw, pitch, and roll angles, while the Grey Wolf
Optimization algorithm is employed to adaptively adjust the PV module's ideality
factor. This enables accurate prediction of the maximum power point (MPP) under real-
time operational conditions. Additionally, multi-input multi-output (MIMO) and multi-
input single-output (MISO) ML models are introduced, trained on datasets representing
historical environmental and flight-condition data. These datasets are processed using
advanced optimization methods, such as the Whale Optimization Algorithm (WOA)
and Dogleg Trust Region Algorithm (DTRA), to extract moving PV system parameters

for various conditions.

The thesis further examines the critical issue of atmospheric in-flight icing,
which obstructs sunlight and affects the UAV-integrated PV module's performance. By
segmenting the operational curve of the PV module into ice-covered and normal zones,
a computational framework is developed to model the impact of icing, incorporating
its effects into irradiance calculations. Advanced computational intelligence methods

are used to predict PV performance under conditions such as partial shading and



sunlight variations induced by UAV movement. This integrated approach provides
robust methodologies for modeling and optimizing UAV-integrated PV systems,
addressing the challenges of dynamic movement and icing condition simultaneously.
The results offer valuable insights for advancing solar-powered UAV technologies and

ensuring their reliable performance in diverse operating scenarios.
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Résumé

L'intégration des systémes photovoltaiques (PV) dans les véhicules aériens sans
pilote (UAV) offre des avantages prometteurs, tels qu'une endurance de vol accrue et
une meilleure efficacité énergétique. Cependant, les complexités dynamiques et
environnementales liées au mouvement des UAV et aux conditions défavorables,
comme le givrage en vol, nécessitent des approches avancées de modélisation et
d'optimisation pour étudier le comportement des modules PV intégrés aux UAV et

optimiser leurs performances.

Cette étude développe un cadre global qui répond a ces défis en intégrant un
ensemble de méthodes analytiques, mathématiques, d'optimisation et basées sur
l'intelligence computationnelle. En utilisant les concepts de matrices de rotation, les
angles d'inclinaison et d'azimut du module PV sont calculés en fonction des angles de
lacet, de tangage et de roulis de 'UAYV, tandis que l'algorithme d'optimisation Grey
Wolf est utilisé pour ajuster de maniere adaptative le facteur d'idéalité du module PV.
Cela permet une prédiction précise du point de puissance maximale (MPP) dans des

conditions opérationnelles en temps réel.

De plus, des modeles d'apprentissage automatique multi-entrées multi-sorties
(MIMO) et multi-entrées une sortie (MISO) sont introduits et entrainés sur des
ensembles de données représentant les conditions environnementales et de vol
historiques. Ces ensembles de données sont traités a I'aide de méthodes d'optimisation
avancées, telles que l'algorithme d'optimisation des baleines (WOA) et 1'algorithme
Dogleg Trust Region (DTRA), afin d'affiner I'extraction des parametres du systeme PV
et d'améliorer la précision prédictive des modeles dans des scénarios de vol

dynamiques.

L'étude examine également le probleme critique du givrage atmosphérique en
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vol, qui obstrue la lumiére du soleil et affecte les performances du module PV. En
segmentant la courbe de fonctionnement du module PV en zones couvertes de glace et
zones normales, un cadre computationnel est développé pour modéliser I'impact du
givrage, en intégrant ses effets dans les calculs d'irradiance. Des méthodes avancées
d'intelligence computationnelle sont utilisées pour prédire les performances du module
PV dans des conditions telles que I'ombrage partiel et les variations de lumiére dues au

mouvement de 'UAV.

Cette approche intégrée fournit des méthodologies robustes pour modéliser et
optimiser les systémes PV intégrés aux UAV, en relevant les défis du mouvement
dynamique et des conditions environnementales défavorables, y compris le givrage.
Les résultats offrent des perspectives précieuses pour faire progresser les technologies
des UAV alimentés par 1'énergie solaire et garantir leurs performances fiables dans

divers scénarios d'exploitation.
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1. Introduction

1.1. Overview

Integration of solar photovoltaic (PV) technology into vehicles has been gaining
worldwide popularity to meet all or a part of the vehicle's energy requirements and to
extend its range of mission [1]. Among various vehicles, unmanned aerial vehicles
(UAVs) attract significant attention from academic researchers and industrial
specialists due to their wide range of applications. UAVs are facing issues related to
their power constraints as they need to either land for recharging or be replaced by
another UAV to continue the mission. Requiring a UAV to return every few hours for
recharging can become highly expensive [2]. Extending the UAV’s endurance,
operation range, and flight time is a main challenge to make its mission optimal. To
this aim, the immediate solution that comes to mind is adding more batteries [3].
Although adding more or larger batteries would supply additional energy to a UAV,
this approach is not feasible due to weight limitations. The increased weight negatively
impacts the UAV's endurance, making it an ineffective solution [4]. To address this
challenge, integrating a PV system into UAVs has been proposed as a promising
solution [5]. By incorporating solar cells, a UAV could harness and store solar energy
in its battery system for use during nighttime flights, eliminating the need to return for
recharging [6]. In addition, the integration of solar technology into UAVs offers several
advantages such as providing a clean source of energy with a high energy-to-weight
ratio and low maintenance need for UAV's by enhancing various factors such as battery

recharging cycles, and its endurance and the less frequent need for takeoff and landing

[1].



Solar-powered aircrafts represent an innovating concept and cutting-edge
technology, often considered the future of aviation. The limitless availability of solar
energy makes this green technology promising in terms of cost-effectiveness, safety,
sustainability, and providing clean transportation. By converting solar energy into
power, these aircrafts can achieve extended flight endurance. During periods of low
sunlight or nighttime, they rely on stored energy from batteries to stay airborne.
Although the initial cost for designing solar-powered UAVs is high, they are more fuel-
efficient and require less maintenance compared to traditional fuel-powered UAVs.
Over time, by eliminating the need for jet fuel, solar-powered UAVs can save millions

of dollars and contribute to environmental conservation [7].

Solar-powered UAVs can operate in various weather conditions and locations.
However, if used in cold regions or at higher altitudes, they may encounter mechanical
and electrical challenges, such as in-flight icing. Atmospheric in-cloud icing poses a
significant threat to all types of aircraft, particularly fixed-wing UAVs, which are
limited by icing in their operational range [8]. While icing is a well-studied issue in
general aviation [9], less researches have focused on UAVs. One key difference is that
most UAVs, except for the largest, fly at much lower speeds and altitudes and are
smaller in size compared to traditional aircraft. In-flight icing on UAVs (or any aircraft)
occurs when freezing liquid droplets accumulate on the fuselage, propellers, sensors,

and other components as the UAV passes through clouds or precipitation [9] [10].

The use of a UAV-integrated PV system in its best conditions involves an in-depth
investigation, going beyond what is currently available in the literature. The movement
of the PV modules makes the analysis and modeling challenging. The operation of PV
systems in their maximum power point (MPP) operational point is an important

concept to enhance their energy efficiency. It is more crucial for the solar UAV's PV



system moving in different directions to track the MPP leading to an optimal
performance. Additionally, extracting unknown electrical parameters of a PV module
for the purpose of determining its behavior in variable irradiance conditions plays an
important role to perform energy loss studies, to design the whole electrical and
electronics system related to the PV modules and eventually to achieve an effective
control program. Traditionally, these parameters can be derived through the PV module
manufacturer’s datasheet under only one operating condition, known as standard test
condition (STC). However, the extracted parameters under the STC condition are only
valid for that specific condition. Extracting the parameters of a solar module is a
complex optimization problem [11]. This task is generally approached using two

primary strategies including analytical techniques and numerical computations [12].

Moving of the UAV-integrated PV module and various flight condition add
complexities to the analysis of the behavior of PV modules particularly, in icing
conditions making its utilization in energy harvesting more difficult. This complexity
can be considered from two prospective. Firstly, movement causes constantly changing
conditions, from ambient environment to flight dynamics and in-flight icing. Secondly,
performing an analysis on a moving PV module needs an approach to extract the system
parameters independently without need to any prior experimental measurements. In the
context of variable and complex conditions, machine learning (ML) approaches can be
a promising solution and provide the needed prediction of the desired parameters for
various conditions of PV module utilization. These models can learn from numerous
data points and predict the behavior of the system based on the performed training. In
terms of individually extracting system parameters, utilizing metaheuristic methods
would be highly advantageous. These methods can be utilized in the dataset processing

phase to prepare reliable data for the machine learning training phase.



The current body of research on UAV-integrated PV systems primarily focuses on
the overall performance of solar UAVs, considering both the electrical and mechanical
systems. These studies often treat the integrated PV system only as a component of the
entire system, overlooking the complexities and detailed behavior of the PV module
that arise from continuous UAV movement and variable environmental conditions.
Additionally, the operation of the PV system at its MPP, which is critical for energy
efficiency, becomes even more challenging for a moving UAV that is constantly
exposed to varying irradiance and environmental conditions. Furthermore,
conventional methods for extracting the unknown parameters of PV modules depend
on manufacturer-provided data under STC and prior experimental measurements.
However, these methods are not reflective of the real-world conditions UAVs face,

including normal operational fluctuations and in-flight icing phenomena.

This research addresses these gaps by developing an adaptive, computationally
intelligent framework for predicting the behavior of UAV-integrated PV modules
under various flight conditions, including in-flight icing. To this end, this research

projects incorporate the following main steps/objectives:

1- With regard to the first objective, a computational model for MPP of a UAV-
integrated PV system is developed. The initial phase of this objective, which is
foundational for the subsequent steps of whole research, involves interpreting the
movement of UAV-integrated PV module in a 3D space into the key placement
angles of the PV system: tilt and azimuth. This is accomplished by proposing a
method that utilizes UAV dynamic equations and leverages rotational matrix
concepts. The trained computational model processes UAV movement parameters
and historical meteorological data using a set of empirical PV system equations, the

grey wolf optimization (GWO) algorithm, and several multi-input single-output



(MISO) machine learning models to predict the MPP power of the UAV-integrated
PV modules.

The second objective focuses on parameter extraction for the UAV-integrated PV
system using computational intelligence techniques. This involves processing
meteorological and UAV movement data through the whale optimization algorithm
(WOA), particle swarm optimization (PSO), and two sets of empirical PV cell
equations. These methods will enable the training of multiple MISO models and a
multi-input multi-output (MIMO) artificial neural network (ANN).

As a third objective, a computational-based performance analysis of the UAV-
integrated PV module, considering the effect of in-flight icing, is conducted. This
work begins by presenting equations that describe ice formation on the UAV wings,
derived from previous icing tests and utilizing curve-fitting approach. Moreover, a
new approach is needed to interpret the non-uniform UAV integrated PV module
ice pattern to equal uniform ice coverage which will be discussed. The UAV
movement and meteorological data is then processed using various optimization
techniques, including multiverse optimization (MVO), GWO, WOA, and moth-
flame optimization (MFO) algorithms. The datasets processed by the mentioned
approaches will be utilized to train multiple MIMO and MISO models to predict the
performance of the integrated PV module in two operational zones: non-shaded and

1ce-shaded areas

1.2. Motivation of Research and Problem Statement

As highlighted in the introduction, integrating PV modules as a power source

for UAVs is an emerging research area that has drawn attention. This integration

introduces several challenges in analyzing and evaluating the performance of the

integrated PV modules. While numerous studies have explored the performance of PV



panels in fixed applications, to the best of our knowledge none have addressed the
performance of PV systems under varying conditions, particularly regarding their
placement and environmental factors. These challenges are further amplified when the
system operates in a 3D space, requiring precise analysis. Understanding movement in
a 3D space is crucial, as these concepts can be extended to other types of applications,
such as the integration of PV technology into surface vehicles like cars, trucks, and

buses.

Moreover, while the mechanical aspects of in-flight icing have been extensively
researched, there is no existing literature that examines the impact of this phenomenon
on the performance of UAV-integrated PV module. Given this gap, the methods and
approach proposed in this research could serve as a valuable reference for future studies
on the implementation of PV technology in various types of vehicles under various

weather conditions.

According to the aforementioned challenges, three primary problems are
considered in this research. First, existing PV panel modeling studies, typically
designed for fixed applications, do not account for the movement of a PV panel,
especially when analyzing the MPP of a PV module. Second, PV module parameter
extraction methods, such as analytical and optimization-based approaches, are tailored
for static applications and struggle under dynamic conditions, particularly in UAV-
integrated PV systems. These conventional methods fall short because they cannot
handle the varying parameters and non-linear characteristics that arise when PV
modules move in 3D space on UAVs. Moreover, all these methods require prior
experimental measurements to extract the unknown parameters of the PV module,

while, obtaining such measurements and processing them at the same time is not



feasible in a moving application. Finally, the third problem addresses the challenges of
studying PV module performance in solar-powered UAVs, particularly under in-flight
icing, which leads to non-uniform coverage of the PV module and dynamic movement.
Ice accumulation on PV modules obstructs sunlight, which affects the operation of the
PV module. This issue is further complicated by the UAV’s movement, leading to

inconsistent sunlight exposure, which makes accurate analysis challenging.

1.2.1. Problem 1: Lack of a Specific Method to Determine the MPP
Characteristics of a UAV-Integrated PV System

A large number of PV panel modeling methods have been investigated and
proposed in recent years for the fixed application of PV systems. These methods can
be classified as analytical models [13]-[16] and optimization-based models [17],[18].
Analytical modeling techniques compute the PV system parameters based on the PV
cell's physics rules and the governing equations, while optimization-based methods
extract the PV parameters based on an objective function which tries to tune the PV
system parameters to reach the pre performed experimental measurements of the PV
system in some limited conditions. Although all the mentioned modeling studies
improve the PV modeling procedure by considering various scenarios, they neglect the

random movements of the PV panels in UAVs.

Given the fact that the UAV-integrated PV model’s specifications change based
on the UAV’s movement, there is no research in the literature to address this issue. In
this context, ML methods are expected to come up with appropriate solutions to this
challenge. There are some studies in the literature that use ML approaches to model
PV systems in various conditions and deal with the system complexities [19]-[22],

mostly for the fixed application of the PV panels.



According to the limitations of traditional fixed PV system modeling and the
potential for ML methods to address complexities, the use of a UAV-integrated PV
system demands even further investigation. In fact, the design and implementation of
a UAV-integrated PV system need to meet the technical demands while considering
applicable restrictions, such as solar irradiation changes, ambient temperature, and the
placement of the PV module with respect to the sun, which may vary according to the
drone’s movement. Hence, a precise model that represents the PV system's output
characteristics in relation to various input parameters is essential. This helps to
investigate all restrictions and the exact behavior of the PV system and achieve the

solar module’s best performance at its MPP.

1.2.2. Problem 2: Limitations of Conventional PV Parameter Extraction Methods
for UAV-Integrated PV Modules

In the PV module modeling and I-V characteristic description procedure, the
most frequent basic concept is the single-diode equivalent circuit (SDEC) approach
[23]. The SDEC is an equivalent circuit of a PV module that includes five unknown
parameters and is one of the most accurate among other approaches [24][25]. The
extraction of the parameters of a solar module is a complex non-linear optimization
problem [11] which can be classified into two main subclasses, namely analytical
methods [12] and numerical ones. The analytical methods utilize the equations of the
key points of the power-voltage curve of the PV module, including short circuit current,
open circuit voltage, and MPP to find out the PV module model’s unknown parameters
[26][27]. Because of the highly nonlinear properties of the PV module curves, selecting
incorrect operational points may lead to considerable errors in extracted parameters.
To address the challenges of analytical methods, much effort has been invested into

numerical methods for PV module parameter extraction [17][18]. Numerical methods



are based on iterative or optimization algorithms and try to fit all experimentally
measured points on the curves of the PV module. Numerous optimization algorithms

including PSO [28]-[32] have been proposed for this purpose.

Although the two aforementioned methods including analytical and numerical
methods are appropriate for limited circumstances, such as fixed applications of PV
modules, they may encounter challenges when the PV module is implemented under
uncertain conditions, requiring parameters to be extracted for each circumstance. In the
context of variable conditions, ML approaches can be a promising solution and provide
the needed prediction of the desired parameters for various conditions of PV utilization.
Many researchers use ML approaches to address the challenges associated with PV
technology implementation. In [19], the authors review the applications of ML
approaches in the field of PV systems including maximum power point tracking
(MPPT), fault detection, islanding detection, sizing method, and PV performance
forecasting. In [33], [20]-[22], researchers employed an artificial intelligence in the
field of PV technology power studies. The availability of a representative model for
UAV-integrated PV systems is crucial for their optimal utilization. To harness the
advantages of integration of a PV system to a UAV, an efficient and comprehensive
model which is able to predict the unknown parameters of the UAV-Integrated PV
system is needed. Such a model plays a crucial role in the design, simulation, control,
and performance evaluation of the PV system. After performing a comprehensive
literature review, to the best of our knowledge, this is the first time a method is
proposed that is independent of any prior experimental tests and capable of
independently extracting the unknown parameters of a PV module. This capability
allows the method to be employed in modeling a moving PV system, which becomes

highly complex when integrated with UAVs due to the rotation of UAVs in 3D space.
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1.2.3. Problem 3: Lack of Methodology for Analyzing In-flight Icing Effects on
UAV-Integrated PV System Parameters

Solar-powered aircrafts represent an innovative and advanced technology given
the unlimited supply of solar radiation. They use converted solar energy into the
electricity to expand flight endurance. When sunlight is inadequate or during nighttime,
these aircrafts utilize stored energy from batteries to sustain their operations. While
solar-powered UAVs entail higher costs for development and research due to the
sophisticated technology involved, they offer greater fuel efficiency and require less
maintenance compared to fuel-powered UAVs. By eliminating the need for fuel, solar-
powered UAVs have the potential to save significant amounts of money over time and

contribute to environmental preservation.

Previously done researches indicates that icing conditions can occur at any time
and in any location worldwide on the UAVs [34][35]. The effects of icing on UAVs,
urban air mobility (UAM), and advanced air mobility (AAM) applications have
become a growing concern in recent years [36][37]. Adverse weather, particularly
atmospheric in-flight icing, poses a severe hazard to these aircraft, limiting their
operational envelope and flyability [38]. Icing on aerodynamic surfaces of UAVs
increases drag, decreases lift and the stall angle, and changes the mass of the aircraft
[38][39]. In response to the need to understand the impact of in-flight icing on the

mechanical performance of UAVs, researchers have conducted extensive studies [40].

In addition to the mechanical obstacles, in-flight icing can also impact the
performance of any system integrated with a UAV, including the PV system in solar
UAVs. Ice formation on the panels can block sunlight from reaching the cells, thereby

impeding electricity generation. Whether the shading is complete or partial, it can lead
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to a decrease in the electricity output of the panels, with the reduction rate
disproportional to the shaded area [41]. Understanding the effects of shading is
essential to assess the impact of snow on PV modules. The obstruction of light has
always been a significant issue for photovoltaics, leading to extensive research on the
effects of shading and soiling. Authors of [42] and [43] explored the behavior of
various types of PV cells in low light conditions. Researches indicates that partial
shading has a more detrimental effect on PV system performance than uniform shading
[44][45]. In order to consider the application of PV systems in cold regions, some
studies have specifically focused on the effect of snow on the performance of PV

panels. [17][18][21][22].

The challenges of assessing the impact of ice on PV modules become more
complex when the module’s movement, influenced by the UAV's motion, is taken into
account. A moving PV module is exposed to varying levels of sunlight at any given
moment, leading to fluctuating output from the PV module. Analyzing this dynamic
system requires advanced computational methods rooted in computational intelligence
science. These methodologies have proven to be effective in addressing the uncertainty
associated with such issues. Computational intelligence-based approaches demonstrate
strong performance in evaluating the effects of snow, the movement of PV modules,

and the optimization of PV systems.

1.3. Objectives of Research

The integration of PV technology into UAVs offers potential to enhance their
endurance and performance. This integration is becoming increasingly attractive as the

performance of PV cells improves. Therefore, establishing an accurate modeling
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strategy enables assessing the performance of UAV-integrated PV systems under
varying flight conditions and environmental settings, including the potential obstacle
of in-flight icing that can give rise to issues related to partial shading condition. The
primary aim of this research is to predict the performance of UAV-integrated PV
systems in challenging weather conditions by developing machine learning models
through data processing using mathematical and optimization methods. To achieve this

goal, the following specific objectives have been defined for each phase of the project.

1.3.1. Computational Intelligence-based MPP Modeling of UAV-integrated PV
System

Efficient energy harvesting is an important concern for UAV-integrated PV
systems during flight. During UAV flight, it moves in six degrees of freedom, enabling
full 3D movement. This motion, combined with Earth's rotation relative to the sun,
results in variable sunlight exposure on the integrated PV module. Additionally, factors
such as ambient temperature, UAV speed, and flight altitude impact the PV module's
temperature. These variables collectively affect the performance of the UAV’s PV

system.

One of the important aims of this objective is to develop a method to interpret
the movement of UAV-integrated PV module to the basic PV module placement
parameters and then predict the MPP behavior of the UAV-integrated PV module under
various flight conditions. This predicted MPP power serves as a reference for the power
electronics converter to control the PV module at its optimal operational point.
Furthermore, considering the diode ideality factor as a variable parameter in the

variable condition of the flight of UAV is another part of this objective.

1.3.2. Objective 2: Computational Intelligence-based Parameter Extraction of
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UAV-integrated PV System

The precise modeling of the UAV-integrated PV systems is central for their
implementation on UAVs, especially due to their continuous movement. Accurate
modeling is essential for developing control methods, conducting performance studies,
and designing the whole system considering PV system parameters. UAV’s movement
and varying flight and environmental conditions lead to changes in the output and key
parameters of the UAV-integrated PV module. These parameters, which represent
important characteristics of the PV module, are crucial for assessing its behavior,
output, and overall performance. Identifying the unknown parameters of a PV module
is particularly important for UAVs due to their continuous movement, as accurate
modeling is essential for control methods, performance studies, and system design. To
enable this identification for varying flight and environmental conditions of UAV-
integrated PV modules, the second objective of this thesis is defined. The aim of
Objective 2 is to predict five unknown parameters under different flight and
environmental scenarios by leveraging the power of computational intelligence and

optimization methods.

1.3.3. Objective 3: Computational Intelligence-based Parameter Extractions of
the UAV-integrated PV System Considering In-flight Icing Phenomenon

In cold, humid conditions, icing commonly affects an aircraft's wings, fuselage,
control surfaces, and propulsion systems when supercooled water droplets in the air
collide with the aircraft, forming ice. The shape and extent of this ice buildup depend
on various factors, including aircraft parameters like flight speed and the surrounding
meteorological conditions. This phenomenon, known as in-flight icing, can reduce the
irradiance reaching the UAV-integrated PV module surface. Combined with other

UAV flight and environmental variations, in-flight icing adds complexity to the
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behavior of the UAV-integrated PV module. The behavior of a PV module is
determined by its equivalent circuit parameters, and identifying these parameters
reveals its performance, especially under movement and icing conditions. Therefore,
the third objective of this research is to predict the parameters of the UAV-integrated
PV module, taking into account in-flight icing and variations in the UAV’s flight and

environmental conditions.

1.4. Methodology

To achieve the objectives outlined in this thesis, this study employs a range of
advanced computational methods and scientific analyses. These include proposing
analytical methods based on the PV module governing equation and mathematical
concepts, employing metaheuristic optimization algorithms, nonlinear equation-
solving techniques, machine learning model training, and model validation using
analytical and experimental approaches. A concise overview of the proposed

methodologies is provided below.

1.4.1. Methodology of Objective 1

In the first objective of this thesis, a dataset comprising one year of
environmental data from the Canadian Capital Region, combined with a randomly
generated UAV movement dataset, is processed using a series of methods to prepare a
target dataset for training ML models capable of predicting the MPP properties of the
UAV-integrated PV module. Initially, the rotation and movement of the UAV-
integrated PV module is translated into the basic placement angles of a PV module
through trigonometric analysis based on the concept of rotational matrices.

Subsequently, the diode ideality factor, considered a variable parameter, is computed
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for each data point in the dataset using the GWO algorithm. Additionally, a set of PV
module empirical equations is employed to calculate the MPP properties of the UAV-
integrated PV module for each data point. The outputs of the calculations are then used
to train 23 different ML regression models to identify the most suitable model for
predicting MPP properties under any UAV placement or movement conditions.
Additionally, a hybrid MPPT method is proposed and validated on the hardware setup
to show the functionality of the proposed method. Finally, a series of experimental
measurements and hardware tests are conducted to validate the performance of the

proposed method.

1.4.2. Methodology of Objective 2

In the second objective, the same dataset used in the first objective is processed
through a group of various methods, including an analytical method based on the
rotational matrices to interpret the movement of the UAV as the basic placement
parameters of the PV system, two sets of PV module empirical derived equations
(EDEs), a nonlinear equation solver, and a metaheuristic optimization algorithm to
extract the five unknown parameters of the PV module system. Both sets of EDEs
calculate the MPP properties of the PV panel, with the second set consisting of a system
of equations that includes all five unknown parameters. The second set of EDEs is
solved using a nonlinear solving method, specifically the dogleg trust region algorithm,
and incorporated into the objective function of the WOA. By comparing the results of
the two sets of EDEs, the unknown parameters are extracted for the entire dataset. The
resulting dataset, containing the five extracted parameters for all data points, is then
used to train MISO and MIMO machine learning models. A total of 130 MISO models
and one ANN-based MIMO model are trained. The best-performing models are

selected based on their accuracy, and an experimental test is designed to validate the
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performance of the proposed method.

1.4.3. Methodology of Objective 3

In the third objective, after considering the movement of the UAV-integrated
PV module as described in the first methodology, the effect of non-uniform in-flight
icing on the irradiance reaching the PV module surface is analyzed. To this aim, an
icing pattern formula is proposed, derived using a curve-fitting approach, and a new
analytical method is introduced to model the non-uniform icing pattern as an equivalent
uniform icing pattern. Partial coverage of the PV panel due to icing alters its operational
curve, creating distinct zones. The impact of these zones is addressed by proposing a
framework for parameter extraction analysis and ML model training for each zone
separately. Four different metaheuristic optimization methods including WOA, GWO,
MVO, and MFO are employed to extract the parameters of the UAV-integrated PV
module in the ice-covered zone, with the best method selected based on error metrics.
Furthermore, 140 ML models are trained and evaluated to predict the parameters of the
UAV-integrated PV module under icing conditions. To enhance the performance of the
trained models and reduce their complexity and dependency on parameters, the
minimum redundancy - maximum relevance (MRMR) method is utilized as a feature
extraction technique. Finally, the performance of the proposed method is validated

through experimental tests.

1.5. Statement on the Originality of the Thesis

1.5.1. Contributions of Computational Intelligence-based MPP Modeling of UAV-
Integrated PV System

Considering the project's objective of analyzing the UAV-integrated PV
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module and the inherent properties of the UAV, which moves continuously in 3D
space, the first step in analyzing the electrical properties of the integrated PV module
is to establish a method to convert the UAV's operational angles into the standard
placement angles of a PV module. To the best of our knowledge, this research proposes,
for the first time, a method capable of performing this conversion. The proposed
method is based on the principles of rotational matrices. A rotation matrix is a
mathematical tool used in linear algebra to perform rotations within a coordinate
system. In this study, the Tait-Bryan rotation matrix [46], which incorporates the Roll,

Pitch, and Yaw sequences, is employed to compute the new body frame.

In the majority of research studies, the diode ideality factor of the PV module
is treated as a constant parameter. However, in this study, due to the continuous
movement of the UAV and its integrated PV module, determining the diode ideality
factor of the module is essential. This factor is the sole parameter associated with the
equivalent circuit of the PV module in the utilized equations. Hence, through the
application of a PV module governing equation and leveraging the capabilities of a
meta-heuristic optimization algorithm, the diode ideality factor of the UAV-integrated

PV module is calculated adaptively for each operational angle of the UAV.

Moreover, as the final contribution in this topic, the MPP properties of the
UAV-integrated PV system for various conditions of movement and flight is getting
predictable using a series of ML trained models. This prediction can then be utilized to
regulate the MPPT power electronics boost converter linked to the PV module,
enabling the system to optimize power harvesting under various operational conditions

of the UAV-integrated PV module.

1.5.2. Contributions of Computational Intelligence-based Parameter Extraction
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of UAV-Integrated Photovoltaic System

To the best of our knowledge, this is the first time a method is introduced in the
literature that can independently derive the unknown parameters of a PV system. This
capability allows the method to be applicable in UAV or any other vehicle scenarios
where the PV system undergoes continuous movement. Past studies have extracted PV
system parameters by utilizing metaheuristic methods based on experimental

measurements as references for their optimization techniques.

The novel method proposed in this research capitalizes on a new approach to
interpreting UAV movements by employing rotational matrices to compute the
operational angles of the PV modules. This strategy, combined with the innovative use
of PV panel governing equations, metaheuristic optimization, and a nonlinear equation
solver, proposes a precise and independent method for extracting PV module
parameters under varying environmental and flight conditions. Unlike conventional
methods, this approach does not require prior experimental measurements or data for
accurate parameter extraction. Instead, it can independently derive the unknown

parameters of the UAV-integrated PV system.

1.5.3. Contributions of Computational Intelligence-based Parameter Extractions
of the UAV-integrated PV System Considering In-flight Icing Phenomenon

The first contribution of this section is the introduction of a new approach to
incorporate the effect of in-flight icing into the calculations of irradiance hitting the
UAV-integrated PV module. To the best of our knowledge, this is the first time in the
literature that the impact of in-flight icing on a UAV-integrated PV system has been

considered.



19

Ice formation on the wings of the UAV, where the PV system is installed,
depends on the type of ice, can act as an obstacle, causing varying degrees of light to
hit the cell surface. This ice formation, as mentioned earlier, leads to a partial shading
effect. Aside from the challenges posed by partial shading on the PV module, it also
impacts the operational curve of the PV module. Partial shading restricts the current
flow through a cell string, resulting in changes on the operational curve of the PV
module. To consider this effect on the UAV integrated PV panel parameters, a method
is proposed to segment the curve into two zones: the ice-covered zone and the normal
zone. Subsequently, the unknown parameters of the ice-covered UAV-integrated PV

module are determined by combining the results from each zone.

1.6. Thesis Outline

The chapters of this thesis are organized as follows:

Chapter 2 provides a literature review that offers foundational insights into the
concepts addressed in this dissertation. This chapter focuses on studies related to the

fundamental concepts underlying this thesis.

Chapter 3 proposes a trigonometric analysis combined with the concept of
rotational matrices to translate the movement of a UAV-integrated PV system into the
placement parameters of a PV module. Additionally, it introduces the use of the GWO
algorithm, in conjunction with the EDEs of PV modules, to compute the ideality factor
of the moving PV module. A total of 23 ML regression models are trained to predict
the MPP properties of the PV module and the effectiveness of the proposed method is

validated through experimental measurements and hardware implementation.
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Chapter 4 develops a novel method involving analytical techniques,
optimization algorithms, nonlinear solvers for unconstrained problems, and both
MIMO and MISO ML methods to predict the five unknown parameters of the UAV-
integrated PV module. PSO and the WOA are utilized as optimization techniques,
while the dogleg trust region algorithm (DTRA) is employed as the nonlinear solver.
A total of 130 regression ML models and one ANN MIMO model are trained. The
performance of the proposed method in predicting the five unknown parameters is

verified through experimental tests.

Chapter S introduces a novel approach using curve fitting to model the in-flight
icing phenomenon on UAV wings. A new analytical method is proposed to translate
the effects of non-uniform ice on the PV module into an equivalent uniform ice pattern,
which is incorporated into the governing equations of the PV module. Furthermore,
four metaheuristic optimization algorithms WOA, GWO, MFO, and MVO are utilized
to extract the five unknown parameters of the UAV-integrated PV module under icing
conditions. These parameters are used to train 140 machine learning models to predict
the parameters of UAV-integrated PV modules under in-flight icing conditions. The
MRMR method is employed to simplify the ML models and enhance their performance.

The proposed approach is validated through experimental tests.

Chapter 6 summarizes the work presented in this thesis, highlights the research

contributions, and outlines the topics for future investigation.

1.7. List of Publications

A list of the papers derived from this dissertation, which are published so far or
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2. Literature Review

2.1. Introduction

In this chapter, a literature review relevant to the objectives of this thesis is
presented. The research objectives represent a multidisciplinary endeavor, combining
cutting-edge topics in various scientific fields. To the best of our knowledge, this is the
first time this specific combination of PV, computational intelligence, and UAV
sciences has been explored. The literature review provides a comprehensive overview
of related studies that are connected to the thesis objectives. Its aim is to introduce the
existing body of research, highlight the current gaps and limitations, and define the

problems addressed in this work.

The first subsection examines studies on the integration of PV technology with
vehicles, specifically focusing on UAVs. It also reviews the challenges faced by UAV-
integrated PV systems and explores the analyses required to optimize the use of PV

panels on UAVs.

The second subsection reviews research related to parameter extraction for PV
systems, commonly referred to as the comprehensive modeling of PV systems. It also
discusses studies that employ computational intelligence-based approaches for PV
system analysis, which form the foundation for achieving the second objective of this

research.
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The final subsection reviews solar UAV technologies and examines the in-
flight icing phenomenon, a critical issue for UAV-integrated PV systems. It also
considers studies that address the challenges posed by snow and ice coverage on PV

panels.

2.2. Review of Research Related to the Computational Intelligence based MPP
Modeling of a UAV-integrated PV System.

Integration of PV technology into vehicles technologies is an effective solution
to meet all or part of a vehicle's energy requirements and extend its operational range.
Some studies focus on integrating PV systems with electric vehicles charging stations
to supply their energy needs. For instance, [47] and [48] examine the benefits of such
systems and their impact on reducing environmental emissions. Additionally,
researchers in [49] propose an approach to optimize the location of solar-powered
charging stations. While some studies consider PV systems as part of the power
infrastructure for vehicles, others take a different approach by directly integrating this
technology into the vehicles themselves. This integration can extend the vehicles'
operational range [50],[51], reduce their greenhouse gas emissions [52], and allow
vehicles to utilize their full power at all speeds with minimal maintenance costs
[53][54]. Among the various vehicular systems that leverage PV technology, UAVs
are among the most attractive due to their wide range of applications, including power
facility inspections, traffic monitoring, geographic studies, surveillance, and more [55]-
[57]. Given the limited onboard battery capacity, integrating PV modules into UAVs
is a practical solution to enhance flight endurance. This approach has sparked
significant research into the control and design of PV modules for UAV integration [5].

The output characteristics of UAV-integrated solar PV systems, such as current,
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voltage, and power, are affected by the continuous movement of the UAV [58].
Another crucial parameter that varies with each flight condition is the MPP, which
represents the specific point on the current-voltage (I-V) curve where the product of
voltage and current yields the highest power output under given conditions [59].
Identifying and maintaining operation at the MPP is essential to extract optimal power,
especially in dynamic conditions like UAV flight, where the angle of solar incidence
and temperature change constantly [59]-[60]. The task of maintaining operation at the
MPP is achieved through MPPT algorithms, which adjust system parameters in real-
time to follow the optimal power point. To achieve optimal performance in solar-
powered vehicles, researchers have performed related studies which provide valuable
insights into the more complex integration problem of a PV module with UAVs, which
shows the most complex form of movement among various vehicles. In [61], the
variation of the duty cycle is discussed to examine the impact of vehicle movement on
the MPP of an integrated PV system, focusing primarily on the movement of a ship
while neglecting other parameters beyond ship movement. Similarly, the authors of [62]
investigate the effects of vehicle movement on the performance of an integrated PV
module through extensive field measurements. This study demonstrates how the
movement of surface vehicles can significantly reduce the efficiency of conventional
MPPT methods, such as perturb and observe (P&O), dropping efficiency from 95% to
55%. To study the effect of movement of the UAV specifically on the MPPT of its
integrated PV system, researchers explored various MPPT techniques. These include
conventional methods like P&O and incremental conductance (IC), as well as more
progressed approaches such as fuzzy logic-based control [60]. As with any PV system,
from fixed installations to those integrated into moving vehicles, MPPT control
modules play an important role in UAV power management by continuously adjusting

the operating point of the PV system during flight in addition to conventional methods,
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some studies propose simplified approaches, such as determining the MPP by
regulating the output voltage of a buck-boost converter through a trial-and-error
process [7]. These approaches minimize the need for input sensors, reducing both
system weight and cost. Proposed solutions in aforementioned researches are using a
modified version of the conventional MPPT techniques [58][64]-[55]. Nevertheless, it
is important to note that the response time of these methods has to be considered to

reach MPP under fast-changing conditions.

Optimal utilization of a UAV-integrated PV system requires a comprehensive
examination that goes beyond the scope of existing literature. The design and
implementation must address the technical demands while accounting for variables
such as solar irradiation, ambient temperature, and the placement of the PV module on
the UAV. Although many modeling studies focus on stationary PV systems, they fail
to capture the random movements and variable orientations encountered in UAV
applications, which involve six degrees of freedom. To design UAV-integrated PV
systems capable of maintaining MPP under dynamic conditions, it is crucial to develop

accurate models that can predict the system’s output characteristics in real time.

To achieve this, the modeling methods of PV modules must first be analyzed.
Recently proposed PV panel modeling techniques, capable of capturing the behavior
of PV modules based on their unknown parameters, can be broadly classified into
analytical models [14] and optimization-based models [17]. Analytical modeling
derives PV system parameters using the physical principles of PV cells and their
governing equations, while optimization-based methods extract these parameters using
objective functions and prior experimental measurements. Although these models

address various scenarios, they generally assume fixed PV panels, rendering them
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inadequate for applications where random movements and varying operational

conditions influence power output.

Given that the specifications of a PV model change dynamically with a UAV’s
movement and operational conditions, the current literature does not adequately
address this challenge. In this context, which involves significant complexity, moving
beyond conventional methods is necessary. Computational intelligence-based
approaches, including metaheuristic optimization algorithms and ML techniques, are
expected to offer effective solutions. Numerous studies have applied such methods to
MPPT challenges, utilizing techniques like GA-optimized ANN MPPT [66], fuzzy
logic and ANN MPPT [67], PSO-based MPPT [68], and imperialist competitive
algorithm-based MPPT [69]. Additionally, some researchers have employed ML
approaches to model fixed PV systems under varying environmental conditions,

demonstrating their capability to manage system complexities efficiently [70][19].

2.3. Review of Computational Intelligence based Parameter Extraction of a UAV-
integrated PV Module

As discussed in the previous sections, integrating UAVs with PV technology
offers numerous advantages, such as increased endurance, reduced UAV weight, and
lower maintenance requirements. One of the critical steps in optimizing this combined
technology is developing a precise model of the UAV-integrated PV module to
effectively manage its behavior and gain a comprehensive understanding of its
operation. To achieve this, a precise model capable of extracting the unknown
parameters of the UAV-integrated PV system is essential. Parameter extraction for
photovoltaic cells is a crucial aspect of optimizing, simulating, and evaluating solar PV

modules. In PV module modeling and I-V characteristic description, the most widely
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used concept is the SDEC approach [24]. The SDEC represents a PV panel as an
equivalent circuit with five unknown parameters and is considered one of the most
accurate modeling methods [24][25]. To develop a precise model of a PV module, all
unknown parameters must be determined. These parameters can initially be derived
from the PV module manufacturer’s datasheet under a single operating condition,
known as the STC. However, the parameters extracted under STC are valid only for
that specific condition. As a result, adjusting these parameters to account for varying

temperature and irradiance conditions has become a focus of research.

The extraction of solar module parameters under conditions other than STC is
a complex, non-linear optimization problem [11]. Solving this problem can be
categorized into two main subclasses: analytical methods [12] and numerical methods.
Analytical methods rely on equations corresponding to key points of the power-voltage
(P-V) curve of the PV module, such as the short-circuit current, open-circuit voltage,
and MPP, to determine the unknown parameters of the PV module model [26][27].
However, due to the highly nonlinear nature of PV module curves, selecting incorrect
operational points for analysis can lead to significant errors in the extracted parameters.
To overcome the limitations of analytical methods, significant efforts have been
directed toward numerical methods for PV module parameter extraction [17][18].
Numerical methods use iterative or metaheuristic optimization algorithms to fit all
experimentally measured points on the PV module curves. Various optimization
algorithms, including PSO [28], genetic algorithm [29], tunicate swarm algorithm [11],
ant lion optimizer [30], hybrid flower pollination (HFP) [31], and Improved
Simultaneous heat transfer search algorithm (ISHTS) [32], have been proposed for this
purpose. In addition to metaheuristic-based parameter extraction algorithms, other

strategies involve advanced mathematical modeling of the PV module's operational
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curve. For instance, in [71], the linear least squares method is employed to fit the I-V
curve of the PV module in two steps, dividing it into a linear part and an exponential
part. Furthermore, reducing the number of parameters through a separable non-linear
least squares technique and subsequently searching for the unknown parameters is

another approach proposed in [72].

Although the aforementioned insights are suitable for limited scenarios, such
as fixed PV module applications, they may encounter difficulties under uncertain
conditions, such as variable placement and operational settings of PV modules, where
parameters must be extracted for each unique combination of weather and placement
conditions. Additionally, many of these methods rely on predefined data provided by
manufacturers or experimental measurements to determine the unknown parameters of
PV modules using various techniques. In dynamic applications such as UAVs, where
the placement of the UAV-integrated PV module changes continuously, it is often
impractical to perform experimental measurements or electrical analyses for each
configuration. In such cases, computational intelligence-based approaches offer a
promising solution. These methods can predict the desired parameters for diverse PV
utilization conditions without relying on prior experimental measurements. Many
researchers have explored ML approaches to address the challenges associated with
PV technology implementation. For instance, in [19], the authors review ML
applications in PV systems, including MPPT, fault detection, islanding detection,
sizing methods, and PV performance forecasting. In [33], researchers utilized an
artificial intelligence-based model, derivative search-based political optimization
(DSPO), to optimize the dispatch of a multi-area renewable energy system, where PV
systems play a critical role. Furthermore, studies such as [20]-[22] have employed

various ML methods to model the performance of PV systems in snowy conditions,
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albeit without accounting for PV panel movement. Artificial intelligence approaches
also provide innovative solutions in UAV control, including the artificial electric field

algorithm for path planning [73] and UAV formation control [74][75].

2.4. Review of Research Related to the Computational Intelligence-based
Parameter Extractions of the UAV-integrated PV System Considering In-flight
Icing Phenomenon

To build a UAV capable of continuous flight, the design of solar-powered
UAVs equipped with PV cells, rechargeable batteries, and electronic components to
manage electrical power is essential. The relatively low energy density of current
battery technology is a primary factor limiting the performance of small-scale electric
UAVs [76]. To have sufficient room to install the PV cells, fixed-wing UAVs are
typically used, with PV cells integrated on the wings from the leading edge to cover
the entire wing surface [77]. Over the years, numerous solar UAVs have been
developed. Early models featured 1,000 cells generating 450W of power with 11%
efficiency [80]. Subsequent models increased the number of cells and power output,
with one model developed in 1981 utilized more than 4000 cells to generate 600W
power and one 1983 model incorporating over 16,000 cells to provide 2,500W [79].
Significant advancements occurred between 1993 and 2003, including developments
by NASA [80]. Recent innovations include the Solar Impulse II, which uses over
17,000 solar cells to generate 66 kW of power, and the PHASA-35 which is developed

for satellite applications with a wingspan of about 35 meters.

According to the explained trend, solar UAVs are increasingly employed in
various applications, from surveillance to military operations, where utilizing them in

harsh weather conditions is inevitable. One significant challenge that UAVs are faced
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with in the harsh environmental condition is in-flight icing, which affects both
mechanical and electrical performance. In-flight icing occurs when freezing liquid
droplets accumulate on the UAV's fuselage, its integrated PV module, propeller,
sensors, and other components. Mechanically, icing increases drag, decreases lift and
stall angle, and alters the aircraft's mass, limiting its operational envelope and flyability
[38], [81], [82]. Electrically, icing obstructs light from reaching the PV modules surface,

affecting their performance.

Scientists and engineers have studied the impact of icing on aerodynamic
surfaces such as wings [10], [83], [84], propellers [85]-[87], and engine inlets [88]-[90].
Similar considerations must be applied to understand the impact of icing on UAV-
integrated PV modules. Snow and ice can form and accumulate on PV modules,
obstructing light and reducing electricity production. However, even with a layer of
snow or ice covering the module's surface, some light may still penetrate and reach the
PV cells. The penetration of light through snow or ice can be described by the Bouguer-
Lambert law [91]. The obstruction of light has consistently been a challenge for PV
systems. To quantify the impact of snow on PV modules, it is essential to understand
the effects of shading. Uniform shading typically results in a reduction in system output,
whereas partial shading introduces complex changes in the electrical current balance

due to the conductive properties of the cells.

In the majority of studies, researchers investigate the effect of ice and snow on
the performance losses of PV systems. These researches studied the losses across
various regions and time periods, highlighting that even minor losses can significantly
impact the feasibility and success of a PV project [92]-[96]. The other group of studies

primarily focuses on the physical removal of ice from PV systems. This line of research



32

was begun years ago, with one of the earliest studies [96] proposing a material to
facilitate the melting of snow and ice from PV systems. Continuing research on
materials designed to help in the removal of snow and ice or to prevent their formation
has explored several strategies, including the development of ice-phobic and snow-
phobic materials [97][98]. While water-repellent surfaces have achieved notable
success, so-called ice-phobic surfaces are less developed. Although certain materials
and coatings have demonstrated some degree of ice-phobicity, they are currently
unsuitable for photovoltaic applications due to their lack of transparency [99]. Despite
the efforts to develop physical approaches to prevent the formation of ice and snow on
PV systems, none of these methods have achieved widespread adoption, and icing of

PV systems remains a notable challenge [45].

The next group of studies accepts the presence of snow and ice on PV systems
and explores the behavior and performance of the PV systems under such conditions.
This group represents the most advanced approach among the three, as it employs
computational intelligence-based methods to address the complexities introduced by

snow or ice on PV modules.

For instance, [28] proposes a model for a snow-covered PV module using PSO
and validated it with experimental tests. A comprehensive model for a PV module
under partial snow conditions is presented in [18]. Study [100] develops a model based
on the Newton-Raphson method to determine the parameters of a PV module under
uniform snow coverage. Additionally, [101] introduces a model to predict the
performance of a snow-covered PV system while incorporating a snow removal

mechanism.

Although these studies represent significant progress in PV research, they are
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limited to fixed PV applications. Moreover, all these models rely on prior experimental

tests to characterize the PV module's behavior under snow or ice conditions.
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3. Computational Intelligence-based Modeling of UAV-Integrated PV

Systems

3.1. Introduction

The availability of a representative model for UAV-integrated PV systems is
crucial for their optimal utilization. This model should accurately depict the PV panel's
behavior under rapidly varying ambient and placement conditions brought on by the
movement of the UAV. In addition, two major challenges i.e., shifting the earth's
position in relation to the sun during the day and year, and shifting the PV module's
placement in relation to the sun depending on the UAV's continual movement should
be taken into account. Therefore, this chapter develops a ML-based model to address
the UAV-integrated PV system movement. For this purpose, a novel approach is
employed to determine the tilt and azimuth angles of a UAV-integrated PV system in
relation to the UAV’s operation angles. Furthermore, the use of the grey wolf
optimization algorithm enables the adaptive calculation of the PV system ideality factor.
Additionally, various ML algorithms are trained to predict the MPP properties of the
PV system, accounting for the continuous movement of the UAV and the emergence
of PV modules in various conditions at every instant. Moreover, the proposed ML-
based model is integrated with the incremental conductance MPPT technique, forming
a hybrid MPPT to maximize energy harvesting from the UAV-integrated PV system
under variable movements. This approach is verified through experimental hardware

testing.
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3.2. Methodology

3.2.1. Proposed Method Block Diagram

The dynamic nature of a UAV’s flight, e.g., continuous change of height,
direction, and rotation, introduces significant variability in the PV system's parameters
for each movement and meteorological condition. This variability leads to a
considerable challenge to maintaining the PV module at its MPP. To cope with this
limitation, ML approaches are expected to provide a promising solution. In this study,
ML-based models are proposed to predict the MPP properties of the UAV-integrated
PV module enabling efficient control of the PV module’s performance under varying
UAV movements and meteorological conditions. To this aim, a historical
meteorological dataset [46] is combined with a randomly generated dataset containing
the flight properties of the UAV. These datasets are then processed using the EDE in
conjunction with the GWO algorithm to generate the final dataset suitable for training
ML models. The schematic representation of this approach is illustrated in Fig. 3.1.
The proposed approach can decrease the calculation burden of the controller of the
UAV-integrated PV module by providing initial operation point that is either precisely
at or in close proximity to MPP. In this section, ML model development, including the
preparation of the dataset, utilized machine learning models, and trained models’

performance are discussed.
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Figure 3.1. Proposed method block diagram.

3.2.2. Relationship of UAV Movement in Terms of PV Module Placement
Parameters

This section aims to propose a new approach as a solution to incorporate the
concept of PV systems into the modeling of moving PV systems. Compared to static
PV systems, UAV-integrated PV systems require a kind of modeling to account for
dynamic movements. Traditional methods that rely on fixed placements are insufficient
for moving systems. This novel perspective enables researchers to explore PV control
strategies and studies in the context of UAVs or any other type of vehicles that utilize
PV modules as their energy sources. This section provides a detailed analysis of the
relationship between UAV movements and PV module placement parameters,
highlighting their respective characteristics and interplay. Rotational matrices are used
to interpret the UAV's roll, pitch, and yaw angles, which are then translated into
operational angles for the PV modules. This relationship is crucial for accurately

modeling the dynamic behavior of UAV-integrated PV systems.
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The movement of a UAV can be described by the rotation around its principal
imaginary axes. These axes are perpendicular to each other at the UAV’s center of
gravity, referred to as the body coordination frame. The rotation around the body frame
z axis, which is perpendicular to the UAV’s wings, is called yaw angle (). The rotation
around this axis identifies the movement of the aircraft’s nose in left-right directions.
The rotation of the UAV body around its lateral axis () is known as the pitch angle (¢).
Rotations around this axis indicate the up and down movements of the UAV’s nose.
And finally, rotating around x axis denotes the roll angle (6). This axis goes from the

nose to the tail of the aircraft. These axes are shown in Fig. 3.2.

The movement of a UAV along/around the introduced axes can be expressed
as the tilt and azimuth angles of the PV module installed on the UAV. This
phenomenon can be clarified by examining the simplest scenario involving the UAV's

body placement during flight, where it rotates around a single axis at a time. For

X

Figure 3.2. UAV body frame, fixed frame, and rotation axes.
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instance, the rotation of an aircraft around its roll axis can be expressed as the tilt angle
of the integrated solar panel. Moreover, the rotation around the pitch axis can be
considered the tilt angle as well, as shown in Fig. 3.3. Actually, the rotation around the
roll and pitch axes can both be considered the tilt angle but with different azimuth
angles, perpendicular to each other as shown in Fig. 3.4. Moreover, rotating around the

Yaw axis leads to changes in the azimuth angle, as shown in Fig. 3.4. c.

To delve deeper into this problem and identify the precise relationship between
UAYV movements and PV module angles when rotations occur simultaneously around
all axes, an in-depth mathematical analysis of their interdependence is required. To
analyze the rotational movements of the UAV comprehensively, it is necessary to

introduce an additional coordinate system as a fixed frame. This fixed frame serves as

Earth’s
Surface

Figure 3.3. Tilt angle of aircraft while rotating around roll and pitch axes.
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Figure 3.4. Different azimuth angles related to the aircraft’s movement. (a) moving along
roll axis and rotating around pitch axis. (b) moving along roll axis and rotating around roll
axis. (¢) moving along roll axis and rotating around yaw axis.

a reference for interpreting all body frame placement caused by various rotations. This
fixed frame is known as the world frame. These two frames for a random condition of

the UAV flight are shown in Fig. 3.2 as well.

The positioning of the body frame shifts as the UAV maneuvers around its roll,
pitch, and yaw axes, leading to altered orientation angles in relation to the fixed frame
across different flight scenarios. Establishing a correlation between these frames amidst
varying positional conditions requires identifying a trigonometric connection that links
their corresponding axes. This objective is accomplished by employing rotational
matrices. In this investigation, the Tait-Bryan rotation matrix is utilized, incorporating
sequences of roll, pitch, and yaw, to calculate the updated body frame. This rotation
matrix is derived as the product of three matrices, each representing elemental rotations

about the X, Y, and Z axes of the fixed frame, as follows [102]:
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where 0, ¢, and y are roll, pitch, and yaw angles of the UAV’s body respectively. Also,
R, Ry, and R: are rotation matrices around X, y, and z axes, and Rz is Tait Bryan
rotation matrix, which is shown as below. Rotation sequence in this work considered

as yaw-roll-pitch.

cycl —s¢psysO —cosy cysO + spsyco
RTB =| sycl +spcysd  cpcy  sysO — spcycO (3.2)
—cpsO s cepcl

where ¢ and s are abbreviations of sine and cosine and 6, ¢, and y are the roll, pitch,
and yaw angles of the UAV’s body, respectively. In order to achieve a rotated frame,

the following relation between the world and body frames is established [102].
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The Z-axis of the body frame, accompanied by its corresponding unit vector
(ZB.), maintains orthogonality in relation to the UAV-integrated PV module, as
demonstrated in Fig. 3.5. Since the tilt angle of the PV module denotes the deviation
in degrees from the horizontal plane, this angle can be determined by measuring the
degree between Zp, and the horizontal plane. In order to find the mentioned angle, first,
the angle between Zp, and Z, needs to be examined. Given that the UAV’s position
does not influence this angle, it can be established by treating the two frames as
concentric. Fig. 3.5(a) and Fig. 3.5(b) depict the X-Y plane within both the body and
world frames, along with the corresponding angles from two distinct viewpoints.
Within these figures, a is the angle formed between Zz, and Zu, u indicates the angle
formed by Zz, with the world frame X-Y plane, and Zp, is the projection of Zz, on the
world frame X-Y plane. To calculate the angle between Zp, and Z,, the dot product
formula and trigonometric functions can be utilized. Based on the earlier discourse
concerning rotation matrices and their practical application, Zg, can be deduced in the
fixed frame coordination by applying the rotation equations on Z,. With Zu and Zz,
determined, a can be derived as follows:

Z.°%

B U
a=cos™ !

) (3.4)

< 1z,
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(2) (b)

Figure 3.5. UAV body frame and world frame with their unity vector perpendicular to their
XY plane and its angles with different axes from two different points of view.

Fig. 3.5 depicts that a and u constitute a pair of complementary angles, and
likewise, { and x form a complementary pair. It is clear that { and a denote identical
angles, and ( is derived from the calculation of a.  signifies the angle at which the
body frame’s X-Y plane is formed with the world frame’s X-Y plane, providing insight
into the PV module’s tilt angle. Additionally, the azimuth angle of the PV module,
represented by #, can be determined by the angle formed between Zg,  and the world

frame’s Y axis and calculated as follows:
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where y_ and x_ are the X and Y coordination of Zz, in the world frame X-Y plane.
“b “b

The angles and their related equations discussed in this section enable the inclusion of

UAYV movement around its various axes in the PV module equations that are used in the

upcoming sections.

As mentioned before, the whole proposed methodology consists of steps including
utilizing the PV module EDE, using optimization methods to extract the unknown
parameters, and finally training computational intelligence-based models for predicting
the performance of the UAV-integrated PV module for any potential placement of the
PV module either in the non-ice cover or ice-covered conditions. In this section the

concept of EDE is presented.

3.2.3. Module Empirical Derived Equations

Following the interpretation of UAV movement in terms of PV module angles
in the preceding section, it is now possible to incorporate UAV movements into the
analysis of its integrated PV module output power. In line with the power analysis, it
becomes crucial to adaptively determine the diode ideality factor of the PV module in
relation to each UAV movement. All of these concepts are elaborated upon in this

section.

In most instances, existing literature primarily employs the analysis of PV

modules based on the PV module equivalent circuit models, notably the single diode
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model [14]. However, the EDE analysis utilized in this thesis is based on the empirical

driven equations proposed by [103], which has been derived and validated empirically.

To find MPP voltage and current of the PV module the following equations are

proposed [103].

_ 2 _
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where a is the diode ideality factor, and the numerical parameters, including Ky, Kim,
and Cy.C3, can be extracted from the manufacturers’ datasheets or the modules’

available databases. Besides, ¥V, = N kT, /q is the thermal voltage of the PV module as

T. is the P-N junction temperature in kelvin, g=1.60217646x10% C is the charge of
the electron, k is the Boltzmann constant, which is equal to 7.3806503 x10"%% J/K, and
N; is the number of solar cells connected in series. STC as subscript denotes the
standard test condition. Moreover, Geyis the effective irradiance ratio and is calculated

based on the following equation [103]:

G, = fAM)f(Aorn) GK /G (3.9)
where K accounts for factors related to module aging, G is the effective irradiance
incident on the PV module surface, Gy, is the irradiance at the STC condition, and

J(AM) and f{AOI) determine the impact of changes of the solar spectral distribution and
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optical losses. In (3.9), three computable parameters must be determined in order to

calculate the value of Ge.

The available solar radiation (G) that a PV module can harvest that is known as
plane of array (POA) irradiance, and is a combination of direct radiation that travels
straight through the air to the PV module surface (Guir), scattered sunlight caused by
molecules and tiny particles in the air, which is known as diffused radiation (Gay), and
light that bounces off the ground or nearby surfaces and then reaches the PV surface,
which is known as reflected radiation (Gef). Since the current study is performed for
the UAV application the latter component can be neglected. Therefore, the amount of

available irradiance is derived by:
G=G,, TGy (3.10)
Direct beam radiation (Guir) is given by [14]:
G =DNIX cos(AOI) (3.11)

where DNI refers to direct normal irradiance, and the angle of incident (4OI) is basically
the angle between the direct sun ray and a line perpendicular to the surface of the PV

module. It can be calculated as follows [104]:
AOI =cos™ '(cospcos(A — qo)sinHT + sinficosO T) (3.12)

where f and A4 are the altitude and azimuth angles of
sun, ¢ is the PV panel azimuth angle, and fris the PV panel tilt angle. The altitude

angle and azimuth angle of sun are shown in the Fig. 3.6 and are computed as [105]:
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where L is the latitude of the flying UAV, w =15 X(12—ST) is the hour angle as ST is
the solar time [13], and ¢ is the angle between the imaginary line passing through the
center of the sun and the center of the earth, and the polar axis is changing over a year.
As shown in Fig. 3.7, this angle changes between -23.45° in winter and +23.45° in

summer and can be estimated by the following sinusoidal equation [105]:
& =23.45si 360( 81) 3.1
—.sm365n (3.15)

where n represents the day number in a year.
The diffused radiation component of the solar irradiance can be calculated as
follows [103]:

Figure 3.6. Sun’s position changing during a day.
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1+ COSHT
G.,=DNIXCX[ } (3.16)
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where C is a sky diffuse factor and is calculated as:
360
C =0.095+0.04sin %(n —100) (3.17)

The two other unknown parameters in (3.9) are f{AM) and f(AOI) are given by [103]:
fAM)=a +a (AM)+a (AM)* +a (AM)’ +a (AM)? (3.18)

flaon=b +b (AOI) +b (AOI)* +b (AOD’+b (A0D)*+b (A0I)’ (3.19)

where agp-as and by-bs can be accessed through different module specifications which
are prepared by the National Renewable Energy Laboratory (NREL) [46], and AM is
the air mass, which is the amount of air within the atmosphere that the sun’s rays pass
to strike the PV panel. This is shown in Fig. 3.8 and it can be seen that its amount

changes due to changing the position of earth to the sun. The amount of AM can be

N

Dec 21’4 .- +23.45°

Figure 3.7. The position of the earth relative to the sun during the year.

calculated by:
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AM =/ (rcosp)?+2r+ 1 — rcosp (3.20)

where 7 is the ratio of the earth’s radius to the thickness of the atmosphere and is
approximately 708.

Incorporating the impact of UAV speed on the integrated PV module's
performance involves calculating the module's temperature in relation to the UAV

speed, and this calculation can be carried out as described in [106]:

— 1+ b Speed
T =T +G- e+ specd) (3.21)

am

where d=-3.58 and »=-0.113 are the constants that depend on the module material and

construction, Tymp is the ambient temperature, and Speed is the UAV speed in m/s.

Another parameter that is still unknown in (3.7) is a, which is the ideality factor

Atmosphere

ual

Earth’s
Surface

Figure 3.8. Change of sun’s ray distance according to the elevation angle.
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of the PV module diode. in general, the value of this parameter is between one and two
and in numerous numbers of studies [107]-[110] is considered as a constant parameter.
But in the real application the amount of ideality factor is changed in various module
temperature and irradiance. Extracting this parameter for a specified condition of
implementation is challenging enough and usually, is done by using the repetitive
methods with considering the derivation of the calculated Py, and the measured P
as its condition of convergence. In this work a new approach is used based on GWO to

extract ideality factor of UAV integrated PV module.

3.2.4. Adaptive Computing PV Module Ideality Factor

As mentioned earlier following the interpretation of UAV movement in terms
of PV module angles in the section 3.2.2, it is now possible to incorporate UAV
movements into the analysis of its integrated PV module output power. In line with the
power analysis, it becomes crucial to dynamically determine the diode ideality factor
of the PV module in relation to each UAV movement. In this section, the GWO
metaheuristic algorithm, as proposed in [111]-[113], is employed for this purpose. The
parameters of the optimization algorithms used in this thesis were determined through
trial and error to identify the most effective configuration. The fundamental concepts
of GWO are presented in Appendix Al. The objective of the GWO is to minimize the
disparity between the results of two sets of V, equations by tuning the value of the
PV module ideality factor (a). The first set was discussed in the section 3.2.3, while the

second set is validated by [18] and is calculated as follows:

=V +V_Ln(

o= Varsre TV KJ)+K, (T =T, (3.22)

C
STC

And the explained objective function can be formulated as follows:
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— 2 12
OF vi-ve (3.23)

Throughout the optimization process, the ideality factor is constrained within
the range of 1 to 1.25 [114]. The extracted ideality factors for different movement of
UAYV are illustrated in Fig. 3.9.
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Figure 3.9. Diode ideality factor for various movement conditions.

To assess the performance of the GWO algorithm in extracting the depicted
ideality factor and compare it with another metaheuristic algorithm, namely PSO, the
convergence curves for 250 out of 10,656 curves are presented in Fig. 3.10. These
curves reveal that in each execution of the GWO, the algorithm consistently reduces
the value of the objective function by adjusting the parameter a. Moreover, one can
notice that GWO converges to the objective function faster than the PSO. PSO yielded
an average best score (convergence error) that was 3% higher than that of the GWO,
demonstrating GWQO’s superior optimization performance. This demonstrates GWO's

ability to achieve more precise parameter extraction.
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3.2.5. Computational Intelligence MPP Model
3.2.5.1. Input Dataset

The ML development related to the UAV-integrated PV module is carried out
based on the historical environmental dataset of the Canadian Capital region which is
accessible through the NREL website [46]. The dataset includes one-year data
associated with the ambient temperature (°C), DNI (W/m?), and the time and date of
data collection, which are time series datasets. Additionally, the height of the flight, the

operational angles of the plane, and their operation speed are generated randomly in
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Figure 3.10. Convergence curves of (a) PSO and (b) GWO algorithm.
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acceptable ranges. Following the classifications provided by the North Atlantic Treaty
Organization (NATO) and the National American Space Agency (NASA) as
documented in [115] and [116], the maximum flight altitude for Class I aerial vehicles,
characterized as small flying vehicles (weighing under 150 kg), is set at a threshold of
6000 meters. Additionally, the speed of the UAVs within Class I falls within the range
encompassing their stall and top speeds, as defined by various models within this class

according to [117]. This speed range is selected to be between 100 km/h and 200km/h.

Moreover, the pitch and roll angles, which are known as angle of attack and
bank angle respectively, are considered -30 to 30 and between -30 to 30 respectively
which is a reliable range [116]. Furthermore, the acceptable value of the yaw angle is
considered between 0 and 360 degrees in order to cover the whole space of possible
flight directions. The environmental temperature decreases by 6.5 °C for any 1000 m
increase in the flying height [118] and consequently the temperature of the PV panel in
the UAV’s flight height is decreased.

3.2.5.2. Final Dataset Preparation

In order to achieve the final dataset, the whole process that is shown in Fig.3.1
has to be performed. It includes the concepts that are explained earlier in the previous
sections. First of all, the flight and environmental datasets have to get processed with
UAV movement to PV module operational angles interpreter, then they will get
processed with the EDE and finally GWO is utilized to find out the PV module diode
ideality factor for each datapoint. According to the explained procedure, important
parameters of a UAV-integrated PV system, which are MPP properties are extracted
for any available UAV movement and environmental condition. In this study, the MPP

power is selected as the ML target feature. The aforementioned parameter is extracted
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for the ET-M53695 commercial PV module. The resulting dataset, obtained after
removing data points that lack logical or meaningful information using screening
algorithms, includes instances when there is no irradiance or when the module
placement results in absorbed irradiance falling below 100 W/m2 (a threshold at which
the module ceases power generation) [119], consists of 10,656 samples. This dataset
includes various parameters such as temperature, day number in a year, time of day,
irradiance, UAV flight altitude, UAV speed, roll angle, pitch angle, and yaw angle.
This preprocessing step effectively reduces model complexity by eliminating a
substantial number of data points where MPP control is not applicable. The scatter plots

of the dataset features are shown in Fig. 3.11, except for the date and time.

3.2.5.3. Data Normalization

Data normalization is an important step in data preprocessing. The goal of data
normalization is to scale all the parameters to a common range without distorting the
data points’ differences. The data is normalized between 0 and 1 according to the

following equation [120]:

—_mn 0 (3.24)
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where Xuorm, Xmin, Xmax, and x; are the normalized value of the sample, the minimum

amount of observation in the dataset, the maximum amount in the dataset, and the

current datapoint which is normalized respectively.

0 ; :
0 1000 2000 3000 4000 5000 6000 7000 BOO0 9000 10000
Sample Number

Speed (m/s)

0 1000 2000 3000 4000 5000 6000 7000 BOH00 9000 10000
Sample Number

Roll (Degree)

0 1000 2000 3000 4000 5000 6000 F000 BMAO 9000 10000
Sample Number

Yaw [Degree]

] 1000 2000 3000 4000 5000 &000 7000 BOOO 9000 10000
Sample Number

Figure 3.11. Utilized dataset for model training including input features and target feature
(Pmpp).
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Figure 3.11 continued. Utilized dataset for model training including input features and
target feature (Pmpp).

3.2.5.4. Maximum Power Point Prediction Models

In order to find the best possible ML model describing the system’s MPP point
performance in the most efficient way, various ML models are trained and evaluated
for the previously mentioned PV module type. To perform validation on training a 10-
fold cross validation is utilized, also, 20% is set aside as the test set. In total, twenty-
three models using six different techniques, including Gaussian process regression

(GPR), linear regression (LR), support vector machine (SVM), ensemble tree
regression (ETR), and ANN, are trained and evaluated.
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For stepwise linear regression, the maximum number of steps is set to 1000.
The kernel scale for fine Gaussian SVM, medium Gaussian SVM and coarse Gaussian
SVM is set to 0.75, 3, and wide neural networks, respectively. Moreover, the size of
the first and second layers is set to 10 for both the bi-layered and tri-layered models,

and the third layer size for the tri-layered model has been set to 10 as well.

3.2.5.5. Proposed MPP Model Computational Cost

All processes in this part of thesis were executed on a Dell Optiplex 9020 desktop
equipped with an Intel Core 17-4790 CPU (3.6 GHz), Intel HD Graphics 4600, and 8
GB DDR3 RAM. The computational cost primarily lies in the training phase of the

machine learning models and the optimization processes using GWO.

The training phase, which involves processing historical environmental and
flight data, training ML models, and validating their performance, was performed on

the same hardware and took approximately 1 hour.

3.3. Results

3.3.1. Machine Learning Models Performance

Various MISO machine learning algorithms are developed in order to find the
best modeling algorithm for UAV-integrated PV modules. The values of test RMSE
for each ML algorithm is presented in Table 3.1, which are shown in Fig. 3.12 for more
clarification. As can be seen, the exponential Gaussian process regression (RQGPR)
has the best performance among the other algorithms for the ET-M53695. This model

can be applied in MPPT studies to guide the power converter toward the precise or



Table 3.1. ML Models RMSE Values

Models RMSE
Gaussian Process Regression
Rational Quadratic Gaussian Process Regression (RQGPR) 0.0062269
Squared Exponential Gaussian Process Regression (SEGPR) 0.0063406
Matern 5/2 Gaussian Process Regression (M5/2GPR) 0.0063058
Exponential Gaussian Process Regression (EGPR) 0.0066008
Linear Regression
Linear Regression (LR) 0.012443
Interactions Linear (IL) 0.0070638
Robust Linear (RL) 0.012594
Stepwise Linear (SL) 0.0070628
Support Vector Machine Regression
Linear SVM (LSVM) 0.01307
Quadratic SVM (QSVM) 0.01217
Cubic SVM (CSVM) 0.012598
Fine Gaussian SVM (FGSVM) 0.13121
Medium Gaussian SVM (MGSVM) 0.016856
Coarse Gaussian SVM (CGSVM) 0.012984
Kernel Regression
SVM Kernel (SVMK) 0.016021
Least Squares Regression Kernel (LSRK) 0.021152
Ensemble Trees Regression
Boosted Trees (BoT) 0.02659
Bagged Trees (BaT) 0.018657
Artificial Neural Network Regression

Narrow Neural Network (NNN) 0.007114
Medium Neural Network (MNN) 0.007114
Wide Neural Network (WNN) 0.0066237
Bi-layered Neural Network (BNN) 0.0072531
Tri-layered Neural Network (TNN) 0.00723
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nearly exact MPP. Consequently, this approach diminishes the response time of the

converter in tracking the MPP point.
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Figure. 3.12. RMSE for different trained models.

To evaluate the training procedure, a scatter plot comparing the actual and
predicted data is presented in Fig. 3.13. This figure illustrates the proximity of the
predicted data to the actual data points. To further emphasize this closeness, the
associated errors of the predicted data points in comparison to the actual data is
depicted in Fig. 3.14. (a). In this figure, the red lines represent the distances (i.e., errors)
between the actual and predicted values. These lines are notably short for the majority

of observations, often appearing as single dots due to the minimal disparities between
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Figure 3.13. Predicted and actual datapoints of RQGPR model.
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the actual and predicted values. This behavior confirms the model's high accuracy in
predicting the UAV-integrated PV module's MPP. Conversely, Fig. 3.14.(b) shows the
unacceptable performance of the fine Gaussian support vector machine (FGSVM) by
featuring longer lines, indicative of higher error values, between the actual and
predicted data. This behavior underscores the limitations of the FGSVM model in
accurately predicting the UAV-integrated PV module's MPP properties. In contrary,
Fig. 3.14(b) proves the poor performance of the FGSVM due to existence of extended

Rational Quadratic GPR

g 140 ! [ [ [ [ |—Errors
g | .
= rale A =3 == _
@ e e S e s
D‘ = = - =-__ _- =
% = et :..,: -

0 2000 4000 6000 8000 10000

Test Number
(@)
Fine Gaussian SVM

o 140 T T 1 1
g 120 |—Errurs
E —
B E 100
o 80 |
= S 60 MR e TN T,
t = A8 a,;.r..l1..'-,&:-,!*;;,&1#rﬂi-:h‘#.#iﬁw-ﬁlw,?%_.;"F.'.L,,L',..
o Wl 40
E 20 '
L [} i i

0 2000 4000 a000 8000 10000
Sample Number
(b)

Figure 3.14. Error between actual and predicted datapoints for the best and worst performing
trained models. (a) RQGPR, and (b) FGSVM.
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lines, revealing a significant amount of error between the actual and predicted data.

3.3.2. Experimental Tests

To validate the effectiveness of the proposed model, a mobile structure capable
of rotational movement along various axes, simulating the motion of the PV module
when mounted on a UAV is prepared. This experimental setup, shown in Fig. 3.15,
mainly consists of the ET-M 53695 PV panel, IV-400 PV analyzer, temperature and
irradiance sensors, and a laptop for data collection from the analyzer. The PV panel
analyzer extracts PV module characteristics under varying temperature and irradiance
conditions. Total of 38 distinct experimental tests to determine the MPP of the ET-
M53695 module are conducted. The resulting P-V curves from these tests are presented

in Fig. 3.16. The power outputs at the MPP obtained from the experimental tests are

Figure 3.15. Experimental setup including ET-M53695 moving PV module, I-V 400 PV
analyzer, irradiance and temperature sensors.
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100 P-V Curve
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Figure 3.16. Experimental results of PV curves for different placement condition of Et-
M53695 PV panel.

compared to the predictions of the trained RQGPR model under the same conditions.
This comparison is illustrated in Fig. 3.17. In the majority of test cases, the
experimental MPP closely aligns with or precisely matches the predictions of the
computational intelligence model. This outcome serves as strong evidence of the
computational intelligence model's effectiveness in identifying the MPP under various

PV module conditions.
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Figure 3.17. Experimental tests and trained model Pmpp.
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3.3.3. Hardware Tests

To demonstrate an application of the proposed ML model, capable of predicting
the MPP power, a hardware test was conducted. In this test, the movement of the UAV
was simulated by varying the irradiance level on the TerraSAS PV simulator
equipment. The diagram depicted in Fig. 3.18 illustrates the connection setup and
hardware configuration. As shown in the figure, the UAV movement is translated into
the irradiance level hitting the UAV-integrated PV panel using concepts introduced in
previous sections. The PV simulator can be controlled by two input analog signals,
with the appropriate signal associated with the interpreted irradiance level generated
by dSpace. A designed interface circuit adjusts the generated analog signals to ensure
they fall within the acceptable range of the PV simulator. This circuit not only regulates

the analog signal level but also safeguards the signal from overvoltage to prevent any
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Figure 3.18. Connection between components of the hardware set up.
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potential damage to the PV simulator input. By controlling the PV simulator and having
access to the irradiance level and UAV movement parameters, essential for predicting
the MPP level using the ML model, the experimental setup depicted in Fig. 3.19 was

implemented.

The proposed MPPT method utilizes a combination of computational and
conventional control methods. Initially, the MPPT controller's operational point is
brought close to the MPP using the predicted MPP obtained from the ML model.
Subsequently, a conventional MPPT control method manages the converter at the MPP
operational point. This approach is based on the understanding that computational
methods inherently contain errors and might not precisely predict the exact MPP, as
discussed earlier. The control block diagram of the Al-based method is illustrated in
Fig. 3.20. Following every change in irradiance, which simulates varying conditions

during UAV flight, the MPPT Al method governs the MPPT converter for the initial

Power Electronics ‘
Components M dSpace and its
including, Boost - controller
Converter, Current Mg — Laptop
and Voltage Sensors,
and the Load

Figure 3.19. Experimental Setup.
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set of processor unit sampling cycles after change in irradiance. This duration can be
determined by observing the settling time of the waveform in the conventional method
after any system change. This settling time indicates how long the conventional method
takes to locate the MPP. This method ensures that the converter is controlled near the
MPP. Subsequently, after several cycles, the control mechanism transitions to another
method, such as IC, to precisely reach the MPP. The Al MPPT method diagram is
depicted in Fig. 3.21.

The proposed hybrid method was implemented on the aforementioned
hardware setup. This implementation showcases two key aspects: firstly, the capability
of the hybrid method to regulate the PV module at its MPP, and secondly, its ability to
enhance system control during significant changes in irradiance gradient. The power

waveform that is shown in Fig. 3.21 confirms the mentioned facts. In order to have a

—"Switch ing| Load
Signal

YaW—> D
) .PI
Roll = Machine PPredlcted > 4
H —»] L .
Speed earning

Time — Trained
Date —] Model

Figure 3.20. Al MPPT controller block diagram.
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Figure 3.21. Waveform of controlled power on MPP with the hybrid MPPT and IC
methods.

better understanding of the capabilities of the proposed method, Table 3.2 compares
the proposed method properties and the ones of conventional methods. In terms of the
speed of MPPT detection, the proposed hybrid method leverages ML models, allowing
for near-instantaneous prediction, commonly referred to as the inference time of the
trained model. In contrast, conventional algorithms typically operate on the scale of
tens of milliseconds, which is relatively slow compared to the rapid inference time
offered by ML-based predictions. To further clarify the presented table, the terms
“moderate” and “simple” refer to the implementation complexity of the methods on a
microcontroller. Conventional methods are straightforward to implement through basic

coding, whereas the proposed method requires a more complex implementation.
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Table 3.2. Comparison between the proposed and conventional methods.

MPPT Prediction
Finding MPPT speed Accuracy of the Ability of tracking Implementation
for each instant change MPPT for each MPPT after each instant complexity
instant change change
Proposed Method Immediate Good Excellent Moderate
Conventional methods Slow Good Poor Simple

3.4. Conclusion

This chapter aims to provide a novel perspective to consider the dynamics of a
moving panel, particularly in the context of a UAV application. First, an explanation
of the angular parameters of the PV panel’s equations in terms of the UAV-integrated
PV module movement has been presented. Then, the empirical derived equations of
the PV module, along with a novel solution based on the GWO, are introduced to
adaptively determine the ideality factor of the PV module diode. A meteorological
historical dataset related to the Canadian capital region together with a randomly
generated UAV movement dataset have been processed through empirical derived
equations alongside GWO in order to prepare the desired dataset for implementing the
proposed analysis. According to the rapid changes in the UAV's location brought on
by its unpredictable and fast mobility, there is a complex relationship between the
UAV-integrated PV module MPP and the other input features in the obtained dataset.
Considering the capability of the ML techniques, this limitation is expected to be
handled by developing ML-based MPP prediction models. Consequently, twenty-three
ML models are developed for a commercial PV panel, ET-M53695, and the optimal
model representing the UAV-integrated PV modules' MPP conditions is extracted. A
10-fold cross-validation method is used for model validation, and 20% of the dataset
was set aside for the model testing process. Among various ML-trained models,

RQGPR exhibits the best performance with an RMSE value of 0.006. To validate the
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proposed approach, a series of experimental tests are conducted on a PV module using
an IV-400 photovoltaic analyzer, attached to a mobile mechanism capable of
simulating UAV movements by rotating around its Yaw, Pitch, and Roll axes.
Furthermore, a hardware setup is utilized to demonstrate the feasibility of
implementing the proposed method for tracking MPP. This method combines an Al-
based MPPT technique with a traditional MPPT method using IC, resulting in
improved performance in tracking the MPP during rapid irradiance changes. This
research strategy serves as an inspiration for future investigations concerning the
integration of PV modules as primary or secondary energy sources in various vehicles,
particularly UAVs. Moreover, this research achievements hold applicability beyond
UAVs, offering valuable insights for any moving PV panel application.
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4. Computational Intelligence-based Parameter Extraction of UAV-

Integrated Photovoltaic System

4.1. Introduction

The precise modeling of UAV-integrated PV systems is central for their
implementation on UAVs, especially due to their continuous movement. Accurate
modeling is essential for developing control methods, conducting performance studies,
and designing the whole system considering PV system parameters. This original study
presents a novel modeling procedure for comprehensive modeling of UAV-integrated
PV modules using MIMO and MISO machine learning models. These models are
developed based on a historical environmental dataset and a randomly generated
dataset representing flight conditions. Both datasets get processed during the
preparation phase. In this phase, two sets of EDEs of the PV module are utilized. In
addition, the WOA is employed to optimize one set of EDE containing PV system five
unknown parameters. Moreover, the DTRA is used as an unconstrained problem solver
in each loop of WOA to solve a system of equations consisting of the unknown
parameters. Finally, the MIMO and MISO models will be trained with the processed
dataset. The proposed approach in this chapter predicts UAV-integrated PV module
behavior under diverse flight conditions, interprets panel movements, and is validated

through experiments.
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4.2. Methodology

4.2.1. Proposed Method Block Diagram

The proposed method employs a combination of analytical, metaheuristic,
computational intelligence, and nonlinear optimization methods to extract the
parameters of the PV module under any possible placement and environmental

conditions of the UAV-integrated PV system.

First, historical meteorological data (including DNI), ambient temperature, and
the date and time of the flight), combined with interpreted UAV flight data (including
UAYV air speed, flight height, and operational angles) using the method proposed in the
section 3.2.2, is processed through a set of EDE. This analysis extracts a dataset
pertaining to each placement of PV module, comprising its MPP voltage and current.
Subsequently, these extracted MPP voltage and current values are integrated into the
objective function of the WOA optimization algorithm and contrasted with data from
the secondary set of EDE. This process allows the WOA to iteratively determine the

unknown parameters, ultimately converging toward the optimal objective function.

The second set of equations includes an equation for voltage and one for current
of MPP, which must be solved simultaneously to determine the unknown parameters.
The simultaneous solving of these equations is performed by the DTRA due to its fast
and accurate performance. This technique is run in every iteration of the WOA
algorithm to solve two empirical PV module MPP equations simultaneously, aiming to
find the MPP voltage and current while its unknown parameters are defined by WOA.
The found MPP voltage and current are compared with another set of empirically

precalculated MPP characteristics in the WOA algorithm objective function to detect



72

the best possible set of unknown parameters. The output of this process is a dataset of
five unknown parameters of the PV module for data points within the input dataset,
which consists of the historical meteorological data and the UAV movement data. This
dataset serves as the target dataset for the computational intelligence model. The
mentioned target dataset alongside the historical and UAV movement dataset are used
to train the MIMO and MISO models after data normalization. The trained models are
capable of predicting the parameters of the UAV-integrated PV module for any flight
and environmental conditions. The block diagram in Fig. 4.1 demonstrates the entire
concept of this work, including the aforementioned explanations. According to the
presented procedure, the entire method consists of using the rotational matrices concept
to interpret the UAV movement as the PV system’s placement angles, the first
empirical set of equations to derive the MPP properties of the PV system based on the
meteorological conditions and placement of the PV module, the second set of equations
to derive MPP properties based on the set of unknown PV module parameters, the
WOA to compare two sets of empirical equations to extract the five unknown
parameters of the PV module, and the DTRA to solve the current and voltage equations,
simultaneously. Further details on these processes will be explained in the following

sections.
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Figure 4.1. Block diagram of the proposed method.

4.2.2. Computing Five Unknown Parameters of UAV- integrated PV Module

In order to create a precise target dataset to train ML models, the five unknown
parameters have to be computed first for a limited amount of datapoints (the available
dataset). The procedure of computing the unknown parameters is discussed in the

following sections.

4.2.2.1. Second Group of PV Module Empirical Derived Equations

As mentioned before, the first step of the whole proposed methodology consists in

utilizing the PV module EDE. The first set of EDE is introduced and used in section
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3.2.3. Another set of equations is proposed and empirically validated, which includes
all unknown parameters of the single diode equivalent circuit model [121]. This model

is developed to find out the voltage and current of MPP as follows [121]:
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where Ns and N, are the number of cells in series and parallel connections, I is the PV

cell diode reverse current, ; is the

4.2.2.2. Solving the Nonlinear System of Second Set of EDE by Trust Region
Algorithm

In order to solve the two PV module EDEs simultaneously and utilize the results
in the optimization algorithm process, a nonlinear solution should be performed. Some
problems involve determining the maximum or minimum of a differentiable function
of several variables over a set. These kinds of problems, known as unconstrained
problems, can be solved by two types of methods, including inline search and Trust
region. In inline search methods, the algorithms try to reach the answer by changing
the value of the variable in a specified step size in an appropriate direction (such as

Newton’s method, gradient descent, quasi-newton, etc.).
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Trust region approaches are a group of methods that attempt to decompose
multidimensional functions into a series of smaller and easier tasks and a sequence of

approximation steps [122].

In trust region approaches, achieving the next value of a variable involves
considering a trustable model (mx) within a trust region around the current value (xx).
This method aims to find a minimizer of my; within a certain region around x. It
simultaneously determines the direction and length of the variable step. If a step is
deemed unacceptable, the algorithm reduces the size of the trust region to address the
issue. The model function mentioned, which must be solved at every step of the trust

region, can be represented as follows [123]:

1
m(x +p)=f(x)+gp+ P Bp
4.3)

f.=fx)andg =Vflx)

where p is the vector with the starting point x, used to minimize the model in the trust
region, gi' is the gradient transpose of the f{x), and By is a variable that can take
different values according to the defined problem, including a constant, Hessian matrix
of f'at xx, or a symmetric approximation to V. f (xx) [123][124]. The problem that has
to be solved in each step of the trust region algorithm is minimizing the model

mentioned in (4.3), which is shown as follows [125]:

1
1 = T _— T <
mmmk(xk+p) ka+gkp+ 2P ka,”P"—Ak

p ER"

(4.4)
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where Ay is trust region radius. Two main concepts should be clear in the trust
region problem, namely the determination of the trust region radius and solving (4.4),
which is the sub-optimization problem. The trust region radius is chosen according to
the agreement between the model function m; and the objective function f at previous
iterations. To find out the amount of this conformity, an index could be determined as

follows [124]:

fla)=flx +p)
0=

mk(O) - mk(pk) *3)

The numerator of equation (4.5) determines the extent of reduction in the
objective function across two consecutive executions of the algorithm, while the
denominator represents the reduction in the model amount across two successive
executions. In fact, the numerator and denominator of equation (4.5) signify the actual
reduction and the predicted reduction of the trust region problem. When py is very close
to zero or a negative value, the trust region radius should be decreased to enhance the
consistency between the model and the function. A value of pi close to 1 shows that
the amounts of change in the model and function are similar, allowing for an increase
in the trust region radius for the next iterations. Finally, for situations where pj is

positive not very close to 0 or 1, there is no need to adjust the trust region radius.

Because of the lack of a plausible solution to the subproblem presented by (4.4),
the first thing that comes to mind is searching all over the trust zone for a real minimizer
of the model function, but it is also possible to use an approximate minimizer. The
Dogleg method is an approach introduced to be used as a reliable approximate

minimizer [ 125]. This method works by minimizing the model function along a certain
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path stretching from the origin to the boundary of the trust region and this path consists
of a two-line segment. This path is piecewise linear and has the shape of a dog’s leg,

which explains the method’s name [123].

The Dogleg method finds an approximate solution by replacing the curved
trajectory for p (A) with a path consisting of two-line segments. The first line segment
runs from the origin to the minimizer of m along the steepest descent direction [122],
while the second line segment runs from pY to p®, which is shown in Fig. 4.2. Formally,
we denote this trajectory by p(z) for = € [0, 2]. The Dogleg method finds the value of
p that minimizes the model m along this path, subject to the trust-region bound. Three
different situations can happen during the Dogleg minimizer calculation. According to
the condition of the path and the trust region boundary, the trust region minimizer could
be either the endpoint of the path or the intersection point of the path and trust region

boundary. Three different situations can happen, including lying the trust region

(2) (b) (©)

Figure 4.2. Location of dogleg path. (a) Dogleg path is completely within the trust region.
(b) Intersection is occurred in the first leg of dogleg path. (¢) Intersection is occurred in the
second leg of dogleg path [123].
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minimizer within the trust region, on the first line segment of the path, and on the

second line segment of the path. These conditions are shown in Fig. 4.2.

4.2.2.3. WOA to Extract the Unknown Parameters of the Integrated PV Module
Indipendently

As mentioned in the previous section, the WOA, as discussed and proposed in
[126]-[129], is utilized in this part of the research to identify the unknown parameters
of the UAV-integrated PV module. This is achieved by employing two modified
equations of the PV system, which are solved using the DTRA. The concept of this
algorithm is discussed in detail in Appendix A2. The exploration of WOA for the
unknown parameters is done according to an objective function, including the MPP
properties of the moving module. The objective function that has been used to find out

the moving PV system parameters is defined as follows:

I -1 12

mpp m

+|V -V
mpp m

2, 2 (4.6)

OF = \/ |Pmpp B Pm

In this objective function, Puyp, Vipp, and Iy are calculated by (3.6) and (3.7).
Moreover, Pn, Vi, and I, are calculated by (4.1) and (4.2). This objective function aims
to minimize the difference in MPP power, voltage, and current values of two sets of
EDE by optimizing the values of five PV module’s unknown parameters. Considering
the amount of MPP power, which is the multiplication of MPP voltage and current,
assists WOA in focusing its search efforts in a more targeted area while considering
the effect of MPP voltage and current and their combination effect enhances the

exploration process.
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The convergence curve of the WOA for the objective function in (4.6) is shown
in Fig. 4.3(a). According to the descent trend of the colored curves and converging of
them to the amounts close to zero, it is obvious that the WOA can successfully optimize

its objective function and reach the best values for the system parameters. To achieve

WOA Convergence Curves

Best Score Obtained

10 15 20 25 30
[teration number

(a)
PSO Convergence Curves

100 ! ‘ ; , .
©
Q
=
3
e}
o
° ]
—~
o
O
wn
=
%]
8]
m > e = |

5 10 15 20 25 30
[teration number
(b)

Figure 4.3. The best scores obtained by the (a) WOA, and (b) PSO method for randomly
chosen datapoints.



80

a clearer illustration, only 150 curves out of the 10680 convergence curves are shown

in this figure.

In order to approve the effectiveness of WOA compared to other optimization
methods, an additional experiment is performed to compare the WOA with PSO, which
is the most prominent optimization algorithm. The average best score obtained by PSO
(the convergence error) was 2.36 times higher than that of WOA, indicating that WOA
achieved better optimization results. This performance difference is attributed to
WOA's ability to balance exploration and exploitation more effectively, leading to
more accurate parameter extraction. Moreover, Fig. 4.3(a) confirms that WOA

converges faster compared to PSO.

4.2.3. Machine Learning Models
4.2.3.1. Input Dataset Preprocessing

The dataset used in this research consists of two main components as mentioned
in section 3.2.5.1: a historical environmental dataset from the Canadian Capital Region,
and a randomly generated UAV flight properties dataset. Each parameter in the UAV
flight dataset falls within acceptable and applicable ranges according to the references
[115]-[118]. The meteorological dataset comprises one-year data associated with
ambient temperature (°C), DNI (W/m?), and the time of data collection throughout the
day. The parameters of the input datasets are depicted in Fig. 4.4. Fig. 4.5 illustrates
the distribution of the dataset, providing insights into the spread and concentration of

data points across different ranges, while the target dataset is shown in Fig. 4.6.
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Figure 4.4. Predictors dataset
It also should be noted that processed data are normalized based on the concept



mentioned in section 3.2.5.3.
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4.2.3.2. Trained Models

Due to the complexity of the problem of this chapter and to achieve optimal

results, two different approaches are utilized for model training. This helps gain a better
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understanding of which model type is more suitable for the current problem in terms
of predictive performance and generalization to unseen data. First, a MIMO is trained
based on nine predictors and five targets shown in Fig.4.4 and Fig.4.6. In the second
approach, various MISO regression models are trained for each PV module’s five
unknown parameters, separately, using the same predictors. The performance of the

trained model will be discussed in the section 4.3.

a) MIMO Regression Model

Artificial neural networks are comprised of simple components, typically called
neurons, which operate in parallel and are inspired by the biological neurons of the
human brain. In the structure of an ANN, these neurons are interconnected by weighted
connections. The adjustment in an ANN is carried out by iteratively modifying these
weights to align the output with the target values. In this paper, a multilayer
feedforward architecture is employed. The ANN utilizes a backpropagation algorithm
to adjust connection weights. The number of hidden layers is determined based on
trying different numbers of hidden layers and hidden units and comparing the results
to find an appropriate number. The input layer consists of nine input predictors. The

Levenberg-Marquardt algorithm has been chosen as the ANN training algorithm.

The performance of the trained model across various phases of execution,
including training, validation, and testing, for the predictor and target datasets is
presented in Table 4.1. During the ANN training phase, 15% of the dataset is reserved
for validation and another 15% is randomly separated for testing. The remaining 70%
of the data is utilized for training. Mean squared error (MSE), the average squared
difference between the predictions and the targets is used as a performance metric, with

lower MSE indicating better model performance. Additionally, two other metrics are
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Table 4.1. ANN performance
Artificial Neural Network

Dataset Observations MSE R MAE

Training = 7480 0.0381  0.8697 # 0.1139
Validation 1603 0.0389 0.8674 0.1151
Test 1603 0.0391 0.8668  0.1154

used: the regression coefficient (R) that measures the correlation between the
predictions and the targets, and the mean absolute error (MAE) which is the amount of

error between targets and predictions.

The plot presented in Fig. 4.7 illustrates the ANN predictions related to all five
target variables. It demonstrates that a considerable portion of the data for different
target variables is distributed around the ideal line, reflecting the overall accuracy of

the trained model. However, given the inherent error in any trained model, certain data

Prediction
—
[*a}

0 0.5 1
Target

Figure 4.7. MIMO ANN target vs prediction
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points exhibit discrepancies in predictions, indicating potential areas of interest for

further studies.

The vertical line parallel to the Y-axis arises due to the model predicting a range
of values for specific target variables. This behavior is likely caused by the weak or
non-relevant relationship between the input features and the target features, which
highlights the importance of methods like maximum relevance minimum redundancy,

as utilized in the chapter 5.

b) MISO Regression Model

Various regression models, including linear regression, regression trees, support
vector machine, ensemble of trees, Gaussian process regression, neural networks, and
kernel approximation regression, are trained for each unknown parameter of the PV
system in this work. The total number of the trained MISO models for all the
parameters is 130 models (26 for each target parameter), where the best model for each
parameter and its prediction errors (MSE) are shown in Table 4.2. As can be seen in
this table, the best trained models for I, a, Iy, Rs, and Ry, are neural network, neural
network, boosted tree, boosted tree, and stepwise linear, respectively. For both 7, and
a, the neural network consists of one fully connected layer with ReLLU activation. The
iteration limit is set to 1000, and lambda as 0. As for the boosted tree model, which
shows the best performance for Iy, R, the minimum leaf size is set to 8, the number of

learners is set to 30, and the learning rate is set to 0.1.

4.2.3.3. Proposed Method’s Computational Cost and Inference Time

To provide a comprehensive understanding of the efficiency and applicability

of the proposed method, this section presents a detailed analysis of the computational
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Table 4.2. Best MISO trained models’ metrics for PV module unknown parameters

Parameter Lpn a 1y Rs R
Ob taine](gle;/tlo del Neural Network Neural Network Boosted Tree Boosted Tree Stepwise Linear

RMSE 0.017667 /0.016998 | 0.1216/0.12486 0.18069 / 0.19154 0.027214/0.021725 0.38175/0.38255
(Validation/Test)

MSE 0.000312 /0.000288 | 0.014786/0.015591 | 0.032647 / 0.036687 | 0.000740 /0.000471 0.14576 / 0.14634
(Validation/Test)

MAE 0.012013/0.011767 | 0.057008 / 0.05791 0.10237/0.11008 0.0090246 / 0.0088971 0.33482/0.33571
(Validation/Test)

cost and inference time.

In this part of thesis, all processes were conducted on a Dell Optiplex 9020
Desktop computer with an Intel Core 17 4790 CPU (3.6 GHz), Intel HD Graphics 4600
(3592 MHz), and 8 GB DDR3 RAM. The computational cost of the proposed method
primarily involves the training phase of the machine learning models and the
optimization process using the WOA, DTRA, and data normalization phase.
Performing training phase is a one-time cost that includes processing historical
environmental and flight datasets, training the MIMO and MISO models, and
validating their performance. This phase was conducted on the aforementioned

hardware and took approximately 4 hours to complete.

Moreover, the inference time refers to the time taken by the trained models to
predict the unknown parameters of the UAV-integrated PV system for a given set of
input parameters. The experiments show that the inference time for a single prediction
is approximately in the range of hundreds of microseconds on the same aforementioned
hardware setup. This rapid inference time ensures that the model can provide real-time
predictions during UAV flight operations regardless of the rate of change of mechanical

parameter.
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4.3. Experimental Results

In order to validate the proposed method’s performance, at this stage of our
work, experimental tests were conducted by simulating the movements of a UAV-
integrated PV module using a moving PV module. This is achieved by utilizing a PV
panel mounted on a moving structure, on a cart. Various tests (forty in total) were
conducted to simulate different Yaw, Pitch, and Roll angles of the UAV by placing the
PV panel in different positions. To extract the PV panel’s I-V curve in the experimental
phase, an IV-400 PV photovoltaic module analyzer is utilized. The experimental setup
is shown in Fig. 3.16. Six measurements out of the forty tests were randomly selected
to validate the predictions of the trained models. The experimental test parameters and
their corresponding predicted values by the MIMO ANN model and the best obtained
MISO models are presented in Table 4.3. Additionally, the extracted I-V curve of the
PV system for the selected six measurements along with their corresponding I-V curves

derived from the predicted parameters by the MIMO and best MISO models are shown

experimental tests.

Model Predictors Predicted Parameters MIMO/MISO Models
2 2| 5|¢ FlRgEE 5| ® A3 7e ogy 7EY
Test = < = @ £ 25 Be a. 2 g 2 2. 5 3 Ea S Ea
=% T e P 5 e 2w a = gso s =50
Number S 2 3 5 <) E E 2 = <
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in Fig. 4.8. According to the plotted curves, derived from the unknown five predicted

parameters of the PV module and the PV module’s basic regulating equations, both

MIMO and MISO models exhibit proficiency in predicting the set of unknown

= O MIMO Model
E:" Experimental
5 . MISO ‘Models . ‘
0 5 10 15 20 25
+
5 O MIMO Model
c Experimental
3 MISO Models ‘
0 5 10 15 20 25
£ | O MIMOModel
= Experimental
3 0 MISO Models ‘
0 5 10 15 20 25
55 TR 00 T N DY IO P, T 5 PO 2 Tt T J
= O MIMO Model !
Q;E Experimental y
8 o MISOI Models | . 1\\
0 5 10 15 20 25
. .
$5 B s N iy |
% O MIMO Model
= Experimental
5 0 MISO Models | .
0 5 10 15 20 25
— T ‘ : ‘
Al
- 5 e oo . oW o -
$ | O MIMO Model
E Experimental
&} 0 MISO Models
0 5 10 25

Voltage (V)

Figure 4.8. The I-V curve of the PV panel in the selected six experimental tests and by the
predictions using the MIMO and MISO trained models.
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parameters of the moving PV system. To provide further insight into the results, the
Root Mean Squared Error (RMSE) of the curves derived from each method is listed in
Table 4.4. This value indicates the error between the experimental test’s extracted curve
and its corresponding curve plotted based on the MIMO and MISO models’ parameters
predictions. As can be observed from the plotted curves and the provided table, the
MIMO model exhibited smaller errors in most tests. However, in some tests, the MISO
models demonstrated accurate predictions of the parameters, with errors significantly
lower than those of the MIMO model in the same tests. The enhanced accuracy in
predicting the values of photocurrent by the MISO models is the main reason for the

lower errors observed in these tests.

4.4. Conclusion

This chapter presents a comprehensive method for extracting the unknown
characteristics of a UAV-integrated PV system. The primary goal of this work is to
propose a practical approach to extracting the unknown parameters of the UAV-
mounted PV panel while considering various movements and environmental conditions.
To achieve this objective, a computational intelligence-based modeling procedure is

proposed, aiming to facilitate the identification of the moving PV system

Table 4.4. Metrics of the derived curves for MIMO and MISO Models

Test RMSE MAE MSE RMSE MAE MSE
Number MIMO MIMO MIMO MISO MISO MISO

1 0.607 0496 0368 0.621 0519  0.385
0429 | 0334 @ 0.184 | 0.406 | 0.334 | 0.164
0.025 0.021  6.25¢-4 0.053  0.044  0.002
0.375 0.279 0.140 | 0.350 | 0.263 | 0.122
0.765 0.550  0.585  0.680 0.473 0.462
0.420 | 0.321 0.176 | 0.424 | 0.333 | 0.179

AN AW N
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characteristics. The approach utilizes different techniques, including rotational
matrices theory to interpret the operational angles of the UAV as the angular
parameters of the PV panel, a performance model of PV systems, WOA to optimize a
system of empirical PV system equation parameters based on a second set of EDE,
DTRA unconstrained problem solver to simultaneously solve a system of equations of
EDE, and MIMO and MISO computational intelligence-based methods to predict the
unknown parameters for any possible movement. The first step of the proposed
modeling involves introducing a new scheme based on the concept of rotation matrices
to interpret UAV movements as existing parameters in the PV panel equations. A
historical environmental dataset related to the Canadian capital region, along with a
randomly generated dataset of the UAV flight parameters within acceptable ranges, is
employed to create the desired dataset for training the computational intelligence
method. This dataset is initially used in the equivalent circuit-based model of the PV
module to extract the system’s MPP current and voltage. The MPP voltage and current
are calculated based on another empirical set of equations that need to be solved
simultaneously. A DTRA method is utilized to solve these empirical equations
simultaneously, resulting in a new set of MPP voltage and current values, with this
algorithm integrated into the whale optimization method. The objective of the whale
optimization method is to minimize the error between two different sets of MPP current
and voltage, with the second set optimized with a varying number of PV unknown
parameters. Finally, the extracted PV unknown parameters, alongside the
environmental and flight properties dataset, are used to train MIMO and MISO
machine learning models. A comprehensive experimental measurement is conducted
to validate the performance of the trained models. The experimental results confirm the
effectiveness of the proposed method, with the MIMO trained model showing superior

performance compared to the MISO trained models. This work proposes a novel
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approach to creating a model for predicting the characteristics of UAV-integrated PV
modules under various environmental and moving conditions. This approach can play
a crucial role in further studies in the field of controlling, power and performance

analyzing, and designing integrated PV modules in moving vehicles.
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5. Computational Intelligence-Based Modeling of a UAV-Integrated
PV Module in Icing Conditions

5.1. Introduction

Solar UAVs leverage the availability of solar energy, offering substantial
advantages such as extended flight endurance, and lower maintenance requirements
compared to traditional UAVs. However, atmospheric in-flight icing poses significant
challenges to the performance and operational reliability of these UAVs. Ice
accumulation on aerodynamic surfaces like wings and fuselage adversely impacts
mechanical properties. Moreover, when integrated with PV systems, icing can obstruct
sunlight from reaching the solar cells, drastically affecting the panels' parameters. The
effects of partial shading caused by ice formation are more detrimental than uniform
shading, complicating the PV module behavior analysis. This chapter presents a novel
approach to model the behavior of UAV-integrated PV modules incorporating the
impact of in-flight icing into irradiance calculations. By analyzing how ice formation
acts as an obstacle and considering its effect on the PV module governing equations,
this chapter develops a computational framework alongside with segmenting the PV
module's operational curve into two zones: ice-covered and normal. The parameters for
these zones are determined using advanced computational intelligence methods. The
proposed method allows for predictions of PV module performance under dynamic and
adverse conditions, such as movement-induced sunlight variations and partial shading.

The research introduces a novel method to predict PV system behavior in cold regions,
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making significant contributions to understanding and mitigating the effects of in-flight
icing on solar-powered UAVs. This work serves as a reference for addressing
challenges related to PV system performance under icing conditions, advancing the

field of solar-powered UAYV technologies.

5.2. Methodology

5.2.1. Overview of the Proposed Method

The objective of this chapter is to predict the unknown parameters of the UAV-
integrated PV module while considering the in-flight icing phenomenon. To this aim
the proposed method combines various statistical, mathematical, analytical,
optimization, and computational intelligence-based approaches as shown in Fig.5.1.
Initially, in-flight icing data for three different types of ice are extracted from
specialized experimental research conducted to study the mechanical aspects of in-
flight icing. To establish a relationship between in-flight icing properties (such as
thickness and coverage) and flight speed, the curve fitting approach is employed. Four
properties of the ice formed on the fuselage, including the ice thickness on the leading
edge, the ice thickness at 1 cm from the leading edge, the ice thickness at 2 cm from
the leading edge, and the coverage of ice on the fuselage are identified as key points.
The fitted curves for these properties are extracted to incorporate in-flight icing effect
in the PV module governing equations. Subsequently, the equations of the fitted curves
are incorporated into the PV panel empirical equations to account for the effect of the
formed ice on the sunlight reaching the moving PV panel. To calculate the MPP
properties of the PV panel, environmental data, module placement parameters (such as
tilt and azimuth angles), and the impact of ice cover on irradiance are essential. The

module placement angles are determined through the approach proposed in section
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3.2.2 which translates the operational angles of the UAV into the placement angles of
the PV module. Subsequently, the calculated MPP properties serve as the reference for
a metaheuristic optimization method, where an additional empirical set of equations
containing the unknown parameters of the PV module aims to converge. A new-
generation metaheuristic optimization method, WOA, is utilized in this phase to
identify the unknown parameters of the UAV-integrated PV module for movements or
in-flight icing conditions for any input data points. Finally, the five computed
parameters of the UAV-integrated PV module, along with other input parameters, are
used to train ML models. These models have the capability to predict the unknown

parameters of the UAV-integrated PV module for various movements or in-flight icing

conditions.
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Figure 5.1. The whole block diagram of proposed method.
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5.2.2. Consider In-flight Icing and UAV Movement on the PV Module Governing
Equations

5.2.2.1. In-flight Icing Formulation

To consider the impact of ice on the UAV-integrated PV module, the first step
is to determine the icing properties, which include type of ice, thickness and coverage
in various parts of the wing, in relation to UAV movement and environmental

conditions.

Ice formation on aircraft surfaces varies with the air temperature, resulting in
different types, namely glaze, rime, and mixed ice as illustrated in Fig. 5.2. Glaze ice
is formed just below freezing, where droplets freeze more slowly, leading to a smooth,
transparent layer. Rime ice typically forms at very low temperatures, where droplets
freeze instantly upon contact, trapping small air pockets and giving it a white
appearance. Mixed ice combines characteristics of both rime and glaze ice, forming at

temperatures between those required for rime and glaze formation [130].

Figure 5.2. Various types of in-flight icing formed on the UAV wing from left glaze, rime
and mix ice [36].

In this chapter of thesis, information on the properties of in-flight icing is

derived from previous studies that specifically focused on this phenomenon and
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conducted relevant tests for their mechanical analyses. In [10][40], Richard Hann and
his colleagues conducted various tests in wind tunnels. The extracted data from [37]
related to the pattern of icing for three main types of ice related to the speed which are
used in this research are shown in Table. 5.1. Incorporating the icing properties into the
calculation of the light that reaches the PV panel surface requires formulating the ice
formation process. To achieve this, a curve fitting approach is employed to derive the
formula for each type of ice. Curve fitting is a statistical technique used to determine
the best-fitting curve that describes the relationship between two variables based on a
dataset. Essentially, it involves adjusting a mathematical function to closely match the
observed data points. The primary objective is to provide a smooth approximation of
the data, which can be utilized for predictions, analysis, or understanding the

Table 5.1. Extracted data related to the icing properties on the wing of UAV based on
experimental tests performed in [36].

UAV Glaze thickness (cm) Glaze
Speed  [cm from 2cemfrom  AtLE  Coverage
(m/s) LE LE from LE
(cm)
13 0.4 0.185 1.59 2.13
25 0.79 0.5 1.1 4.62
50 1.1 0.79 0.7 9.56
100 0 0 0 0
UAV Rime thickness (cm) Rime
Speed  [cm from 2cmfrom  at LE  Coverage
(m/s) LE LE from LE
(cm)
13 0.38 0.08 1.23 1.84
25 0.56 0.18 1.48 3
50 0.64 0.43 1.58 5.07
100 0.82 0.69 1.74 6.58
UAV Mixed thickness (cm) Mixed
Speed  Icm from 2cemfrom  atLE  Coverage
(m/s) LE LE from LE
(cm)
13 0.35 0.1 2.18 1.92
25 0.71 0.25 1.93 3.33
50 1.41 0.69 1.33 4.13

100 1.94 1.14 0.87 10.25
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underlying relationship between variables. Measurements are taken at four points for
each type of ice, including the ice thickness at the wing leading edge (LE), 1 cm after
the leading edge, and 2 cm to the leading edge. Additionally, the ice coverage distance
from the leading edge is measured for each ice type. The appropriate fitting function is
chosen based on the R-squared metric, with the function demonstrating the highest R-

squared value selected as the fitted curve.

The fitted curves equation for glaze ice is derived as follow:

Glaze, = —0.8539 X Speed”??7 +3.409 (5.1)
Gla.ze1 = 0.562 —0.492 X cos(Speed X 0.05879) +
’ (5.2)
0.279 X sin(Speed X 0.05879)
Glaze .  =3.51 %1077 X Speed” —0.0004269 X Speed’ +
2.’ld (5'3)
0.04208 X Speed —0.2907
Glaze . =0.2762 X Speed"?*’” —(0.8539 (5.4)
Cov
The equations of the fitted curves for the mixed ice are mentioned below:
. — 0.2655
szLE = —0.9575 X Speed +4.102 (5.5)
Mix  =0.6231=0.6399 X cos(Speed X 0.02252) +
e (5.6)

1.177 X sin( Speed X 0.02252)

Mix —2.902 X 107 X Speed? — 0.0003932 X Speed’+

2!1,6] (5.7)
0.0008044 X Speed +0.02946
Mix . =4.042X 107> X Speed® — 0.005867 X Speed*+

Cov (58)
0.2952 X Speed — 1.015

And finally, the equations for the Rime ice are achieved as follow:



100

Rime =1435X% €U.001926 X Speed 2706 X e —0.1858 X Speed (5 9)
LE :
Rime =0.4995X 0004957 X Speed — 5 (0 x o 02783 X Speed (5.10)

Rime_  =0.3341 —0.3288 X cos(Speed X 0.02858) +
27’1[1 (5. 1 1)
0.1438 X sin(Speed X 0.02858)

Rime | =2.149 X ¢ 70008353 Speed) — 3 149 % 105 x
Cov (5.12)
¢ ~(0.008354 X Speed)
where in the above group of equations Speed is the UAV speed. X;£is the thickness of
ice on the leading edge of UAV wing, Xy is the thickness of ice on the 1cm after the
LE , Xonais the thickness of ice on the 2cm after the LE, and Xc,v is the ice coverage

distance from the LE, where X is the type of ice.

The curves related to the extracted equations are shown in Fig. 5.3 to illustrate
and better understand the trend of ice thickness and coverage versus the speed of the

UAV.

5.2.2.2. Incorporating the Icing Effect on Irradiance Calculation

In order to consider the effect of icing cover on the UAV-integrated PV module

the following analysis is performed.

Based on the ice coverage equation derived earlier, the coverage of the
accumulated ice on the UAV wing does not exceed the width of a cell in the studied
PV module (Et-M53695), which has 36 cells in series and is divided into two strings
by two bypass diodes. In this condition, the current of a string of the PV cells would be
limited by the most covered cell, which is known as dominant cell in the PV panel

research [131]. Therefore, the coverage of this cell can be derived through the coverage
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Figure 5.3. Coverage and thickness of various type of ice versus speed of UAV.

model that is proposed in the previous section. The dominant cell and a sample of

expected icing coverage of UAV is shown in Fig. 5.4.
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Figure 5.4. A sample of UAV icing and dominant cell [132].

In a PV cell, the current is generated by the movement of free electrons created
when photons from sunlight impact the semiconductor material. The energy from these
photons frees some electrons from their atomic bonds, leaving behind positively
charged "holes." This creates electron-hole pairs. Due to the electric field at the p-n
junction of the semiconductor, these electrons and holes are directed towards opposite

sides of the cell, generating an electric current.

Since the generation of current depends on the number of photons absorbed,
and therefore on the cell's surface area, the current is approximately proportional to the
area of the PV cell exposed to sunlight. Thus, if a PV cell’s active area is halved, the
current generated will be roughly halved. This relationship holds because the current
is proportional to the number of incident photons, which in turn is proportional to the

cell area exposed to sunlight. Therefore, the following equation relation is expectable
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Iph <KG (513)

where K is a constant related to the cell area and G is the irradiance on the free surface
of the PV module. If the module is covered by ice or snow, the Bouguer-Lambert law

can be utilized [18];

G (x)=Ge ‘o 5.14
() =G e (5.14)
where G l(X) is the penetrated irradiance to the depth of x of the ice, Gy is the irradiance

on the surface of ice, Kex is the ice extinction coefficient in cm™ and x is the depth of

ice in cm. Therefore, the current can be rewritten as follow:

-k x
1,oKGe (5.15)

As mentioned earlier, to perform the analysis, four areas of icing are considered,
as shown in Fig. 5.5. Each area represents a current source, and these sources are
connected in parallel. From the leading edge to the 1 cm on the wing, from 1 cm to 2
cm, from 2 cm to the maximum ice coverage point, and from maximum ice coverage

point to the end of the cell. Therefore, the following relation is established:

—k xl 1 —k x2 1
I xKG (e @ X—+e =
ph 0 W

T —_—

(5.16)

—k, %3 Cov—2 ~k x4 W—Cov)
w

where W is the width of the PV cell, and Cov is the maximum coverage of each type of

e +e

ice in any speed which can be calculated with the formulas presented in the previous
section. This derived current can be generated by another PV cell with the same
properties, covered by a uniform ice layer known as X.,. This parameter can be

calculated using the following formulas:
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— _kwctxe
1,=KGe o« (5.17)
Therefore
-k x -k x1 1 -k x21
KGe “ea=KG (6’ e X e —
0 0 w W
(5.18)
-k x3Cov—2 -k x4 W=Cov
g W — - ext —)
w w

And after simplification:

-k x -k x1_ 1 -k x2 1
e ext eq:r:7 ext X_+€ ext _+
(5.19)
-k x3Cov—2 -k x4 W—Cov
e Xl ——— e Xl —
w w

And finally, the equivalent ice thickness can be derived as follows:
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—k xl 1 —k x2 1
X = hl(e ext X —_— +€ ext _+
eq
(5.20)
-t x3Cov—2 -k x4 W—Cov
e ext —+€ ext —)/_k
W w ext

In this way the effect of various depth of ice in different area of UAV integrated
PV module is considered as an equivalent ice depth on the wing of UAV which can be
utilized in the governing equations of the UAV integrated PV module utilized in this
research, which are two groups of empirical equations presented by [103] and [121].
These equations identified as the performance model proposed by [103] and includes
two equations to calculate the MPP voltage (V) and current (/) as follows:

I =(CG
0

2 -
m eff * CIGeff)([m,STC * klm(Tr TSTC)) (5.21)

2
C 3(aVrln(Geﬁ))

Vm = Vm,STC + CZthln(Gejf) + N (5 22)

5

+ KVm(Tc - TSTC)

where a is the diode ideality factor, and the numerical parameters, including Kyn, Kim,
and Cy.C3, can be extracted from the manufacturers’ datasheets or the modules’

available databases. Besides, V[ = Nsch/ ¢ 1s the thermal voltage of the PV module

as T. is the p-n junction temperature in kelvin, g=1.60217646 10" C is the charge of
the electron, k is the Boltzmann constant, which is equal to 7.3806503 %10 J/K, and
N; is the number of solar cells connected in series. STC as subscript denotes the STC.
Moreover, Geyis the effective irradiance and the way of its calculation discussed in

detail in section 3.2.3.

Another set of EDE, which includes all unknown parameters of the single diode
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equivalent circuit model, is proposed and validated in [121]. This model is developed

to find out the voltage and current of MPP as follows [121]:

s

N
q(V +1 N_R )
I =N1I1 - Np] exp MPP PP, S ) —1

mpp P ph
N akT
N 4
N (5.23)
+I —R
mpp mpp Np 8
N
K]
—R
P p
N 1 N
+ —_—
4 P S ex q(vmpp Impp NpRs‘) + !
N akT p N
I s ¢ N B ak T{,‘ —R
mpp N, ” (5.24)
1% Y,
mpp qlst (v 1 —R Rv
1 + exp mpp mpp N’7 s + 0
akT R
¢ N akT P

where Ns and N, are the number of cells in series and parallel connections, I is the PV

cell diode reverse current, /,» is the PV cell photocurrent.

The two latter equations contain five unknown parameters of the PV module
which can be solved by a nonlinear solver method simultaneously. By incorporating a
nonlinear solver in an optimization method and optimizing the values of five
parameters to make the calculated value of the second set converge to the calculated
value of the first set of EDE, the five parameters can be extracted. This approach is

done and validated in in section 4.2.2.
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5.2.2.3. Considering In-flight Icing Effect on the Operational Curve of the
UAV-Integrated PV Module

The curve shown in Fig. 5.6 is a sample curve of the studied module ET-
M53695 partially covered by ice. The PV module has two bypass diodes, which means
two series string of PV cells, and its curve consist of two parts. The first part which is
called here “the non-covered zone” is actually the same as a curve of a whole non
covered PV module and the covered zone is the same as a full covered module or a

partially shaded module without bypass diode.

Considering this combination, the parameters of non-covered zone could be
predicted with the discussed method in Chapter 4 and the covered zone will be

predicted by the method presented in this chapter.

The break point of the curve and switching from non-covered zone prediction

to covered zone prediction is achieved based on the following formulas [133]:

[y]
T

[uy
T

Current (A)

Non-icing Zone
—y

0 5 10 15 20 25
Voltage (V)

Figure 5.6. PV module curve under partial shading.
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A \% 4—11(1 Gl) (5.25)
sub—[ oc A n G2 ] '

where G/ and G2 are the irradiances hitting the covered and noncovered sections, and

A can be found as follows:

I
1&1—71) (5.26)

SC

B |
A ) (Vm B V(JC)
where Vi, Voe, In, and I are the module MPP voltage, open circuit voltage, MPP
current, and short circuit current, respectively, where they can be found in the module
datasheet. It should be noted that V,. and V, are the voltages related to a one string of
the module that in this research case would be the half of the mentioned voltages in the
datasheet. Moreover, the knee point of the curve (V) can be calculated by the 0.8 V.
rule that is proposed in [134],[135]. In this way both parts of the curve and their

important points can be computed.

5.2.3. Icing Condition UAV-integrated PV Module Parameters Extraction

As mentioned before, to find the unknown parameters of the moving PV panel
under icing condition, two sets of EDEs are used. These two sets compute the same
MPP properties in different ways and point to the same value. Therefore, a
metaheuristic method must be utilized to adjust the unknown parameters of the second
set so that the computed MPP properties match those calculated by the first set of EDE.
Four nature-inspired metaheuristic optimization algorithms are employed for this
purpose, with all four algorithms operating on the same objective function. The most
effective algorithm is selected from the options mentioned, and the machine learning
models are trained based on the output of the chosen algorithm. All the metaheuristic

optimization algorithms are discussed in Appendix sections Al to A4. The GWO and
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WOA were already utilized in the previous sections. In addition to GWO and WOA,
the MVO [136]-[138] and MFO [139]-[142] are employed to identify the best possible

method by their comparison.

5.2.3.1 Assessing the Performance of utilized Metaheuristic Optimization
Methods

The convergence curves of WOA, GWO, MVO, and MFO are depicted in Fig.
5.7(a) to Fig. 5.7(d). MFO exhibits the poorest optimization performance during the
convergence phase among the utilized optimization methods. While there are variations
among the other three optimization methods, a straightforward approach is
implemented to determine the best performed optimization method. The best-
performing algorithm is identified by averaging the best fitness value achieved by each
algorithm at their final iteration for each run, indicating which algorithm converged
most successfully to the objective function's closest value to zero. The average scores
of the utilized algorithms are detailed in Table 5.2. The mentioned average in Table 5.2
confirms that WOA achieves a better performance among the other optimization

methods.

Table 5.2. Average of obtained score of optimization methods at their last iteration

Optimization algorithm WOA GWO MVO MFO

Convergence score(fitness) average 0.06239 0.28321 0.287244 0.223152

5.2.4. Development of Machine Learning Models to Extract Unknown Parameters
of UAV-Integrated PV Modules under In-Flight Icing Conditions

Various ML models are trained in this work to find the best model for predicting
each unknown parameter of the moving PV panel considering in-flight icing. The
procedure, the quality of trained models, and the method to enhance the model’s

performance are discussed in this section. It should be noted that the utilized dataset is
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presented in section 3.2.5.1. Moreover, data normalization is performed according to
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Figure 5.7. Meta heuristic optimization methods convergence curves. (a) WOA, (b) GWO,
(c) MVO, (d) MFO.
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the section 3.2.5.3.

5.2.4.1. Trained ML Models and Their Performance

This study employed a variety of regression models, including linear
regression, regression trees, SVM, ensemble methods, Gaussian Process Regression,
neural networks, and kernel approximation regression, to estimate the unknown
parameters of the PV system. In total, 140 models were developed, 28 models for each
target parameter. According to the performance of the models, the best models for
estimating Iy, a, Iy, Rs, and Ry, are GPR Matern 5/2, neural network, Quadratic GPR,

Least Square Kernel, and stepwise linear, respectively.

5.2.4.2. Minimum Redundancy Maximum Relevance (MRMR)

The MRMR algorithm is a feature selection technique designed to identify a
subset of features that are highly relevant to the target variable while minimizing
redundancy among selected features. This method is particularly valuable in high-
dimensional datasets, for improving model performance by selecting the most

informative features [143].

The algorithm measures the amount of information a feature shares with the
target variable, which is known as relevance, using mutual information [143]. It also
evaluates redundancy by assessing similarity between features, with highly correlated
ones marked as redundant [143]. The MRMR process involves calculating the mutual
information between each feature and the target variable to assess relevance [144], then
measuring redundancy by computing mutual information between pairs of features
[144]. Features are ranked according to both their relevance to the target and their

redundancy with other features [145]. Finally, the top-ranked features, combining high
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relevance and low redundancy, are selected for the model [146]. This algorithm enables
the possibility of decreasing the complexity of the ML models while increase the
performance of the model. After applying this algorithm, the best obtained models are
trained again with the new set of features. The selected features, identified as the most
relevant predictors for each target feature, along with their respective MRMR scores,
are presented in Table 5.3. Additionally, the error metrics of the best ML models
derived for each parameter alongside with the models trained after feature selection are
shown in Table 5.4. Applying this approach will decrease the complexity of system
and increase the performance of the processing unit to extract the parameters of the

UAYV integrated PV systems.

5.2.5. Experimental Tests
To validate the proposed method, various icing scenarios were experimentally

conducted on a PV panel to simulate ice formation on the UAV wing. To ensure a clear

Table. 5.3. MRMR of the most important predictor features for different target features

I,» most relevant features and their scores

Feature Irradiance thht Hour in i Day in a
name Height a day year
MRMR 2.3 0.38 0.37 0.35 0.29
1y most relevant features and their scores
Feature Flight .
name Temperature height Pitch Roll Speed
MRMR 0.156 L0112 0.0186 0.018 0.017
R;most relevant features and their scores
L Temperature LDy Yaw Speed Roll
name year
MRMR 0.0630 0.0510 0.045 0.041 0.0201
a most relevant features and their scores
Feature Flight .
name Temperature height Roll Speed Pitch
MRMR 0.13 ~0.0906 0.0454 0.0418 0.0402
Rsn most relevant features and their scores
Feature Flight .
name Temperature height Roll Speed Pitch
MRMR 0.059 0.049 0.0407 0.038 0.035




Table. 5.4. Best trained models’ metrics for each parameter in the icing zone
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Parameter Ipn a Iy Ry Rsn
Best Obtained Model =~ GPR Matern5/2  Neural Network QGPR Least Square Stepwise Linear
Before Kernel
Feature RMSE (Validation/Test) 0.025/0.023 0.364/0.363 0.1901/0.1874 0.0324/0.0332 0.3193/0.3127
selection MSE (Validation/Test)  0.00062/0.00056  0.1326/0.1323 0.0361/0.0351 0.0010/0.0011 0.101/0.097
MAE (Validation/Test) 0.0187/0.0185 0.304/0.305 0.1034/0.1008 0.0121/0.0118 0.252/0.247
After RMSE (Validation/Test) 0.024/0.023 0.363/0.364 0.1900/0.1871 0.0333/0.0337 0.318/0.311
Feature MSE (Validation/Test)  0.00062/0.00055  0.1322/0.1325 0.0361/0.0350 0.00111/0.00114 0.1014/0.0971
selection MAE (Validation/Test) 0.0185/0.0180 0.3051/0.3059 0.1016/0.0988 0.0119/0.0115 0.2513/0.2466

procedure that meets the requirements for representing UAV icing conditions, the test

design is first presented, followed by a discussion of the test results.

5.2.5.1. Experimental Tests Design

Three tests were conducted to represent three types of ice. According to the

fitted curve in the first section, the maximum amounts of equivalent ice that could

accumulate in the UAV-integrated PV system are shown in Fig. 5.8 for the entire

dataset. The figure shows that the maximum amounts are approximately 0.34 cm for

1
Glaze Ice Eq Thickness (cm)

05}

04+ " Mixed Ice Eq Thickness (cmj
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0 . ‘ .
0 2000 4000 6000 8000 10000
Sample Number

Figure 5.8. Equivalent thickness of different types of ice.
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rime ice, 0.42 cm for mixed ice, and 0.65 cm for glaze ice. The experimental tests are
conducted based on the specified ice types and their respective thicknesses. For glaze
ice, water is gradually dripped onto the PV panel, which is then placed in freezing early
morning temperatures until the ice forms. For rime ice, pre-prepared ice plates from
the refrigerator are placed on the PV panel surface. Lastly, for mixed ice, crushed ice
from accumulated snow is used. Fig. 5.9 shows the experimental performed tests. To
accurately simulate UAV icing, ice is placed on a single string of the PV panel. The ice
thickness represents the UAV’s speed, crucial for predicting parameters with trained
ML models. After applying different types of ice, the PV panel is tested using the I-V
400 PV panel analyzer. The resulting PV panel curve from the analyzer is then

compared with the curves derived from the predicted parameters by the ML models.

Figure 5.9. Experimental tests by simulating of various kind of ice from top: glaze, mixed
and rime.
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5.2.5.2. Results

A series of tests were conducted under icing conditions, with their properties
detailed in Table 5.5. Fig. 5.10 shows the curves related to the predicted parameters
and their comparison with the experimentally extracted curves. The error metrics for
the predicted curves versus the actual experimental curves are listed in Table 5.6. This
table indicates that the models achieve more accurate performance after feature
selection with the MRMR method in most of the tests. Moreover, Table 5.7 provides a
comparison between the parameter extraction method proposed in this work and
conventional methods. The comparison in this table highlights the advantages of the
proposed parameter extraction method over conventional techniques. Specifically, the
proposed method demonstrates the ability to extract PV module parameters under any
movement condition and partial coverage without requiring prior experimental testing.
Moreover, it delivers results immediately, whereas conventional methods are limited
in adaptability and are comparatively slower. This suggests that the proposed approach

is significantly more flexible, efficient, and suitable for dynamic environments like

UAV-integrated PV systems.

Table 5.5. Predictions of the ML models for each parameter in the conducted experimental tests for each region of
the PV curve (zonel/zone2).

3 5 v} = o} z
Test 5 e > S Q5 =g = - 8 Ow _
Number 75 TE83 - Z £3 =ZE E -8 98% g 529 TEY
=) = o &g = 029: e & = > 6 {O"’: §: 2509 e 8 5
(Icetype) Z & 27 < 2 ] E Sa g°=5 g - ~Mso =8 = o2 g =5 a
5 327 = g2 ~9 8 3 5 “ =7 53 ° =g o
g &F g a -oe 2 B ==
1 (Glaze) 0.32 30 44 13 -2 2 535  3.11/290  3.51/4.15 78.19/82.6 8.87e-10/7.65¢-11 1.07/1.08
2 (Glaze) 0.16 10 44 13 -2 2 551 2.95/2.81 3.58/6.44 78.19/82.6 8.87e-10/6.74¢-11 1.07/1.10
3 (Mixed) 0.33 50 35 11 -6 2 280 1.47/1.37 3.49/2.30 92.6/83.1 5.97e-10/5.37e-11 1.06/1.05
4 (Mixed) 0.26 40 35 11 -5 2 320 1.71/1.59 3.38/2.32 91.9/83.1 5.97e-10/5.37e-11 1.06/1.05
5 (Rime) 0.31 47 45 12 -10 2 450 2.50/2.31 3.38/10.8 119/118 7.17e-10/1.57e-10 1.14/1.12
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Table 5.6. Error metrics between curves derived by trained model and the actual experimental curves

Tests Testl Test2 Test3 Test4 Test5 Test6

Before Feature selection RMSE 0.092 0.0504 0.0139 0.0143 0.0498 0.0577
MAE 0.071 0.0439 0.0097 0.0105 0.0419 0.0479

After Feature selection RMSE 0.089 0.0399 0.0129 0.0133 0.0498 0.0582
MAE 0.069 0.0347 0.008 0.009 0.0414 0.0500

5.3. Conclusion

This chapter investigated the impact of in-flight icing on the performance of
UAV-integrated PV modules. To achieve this, first ice formation patterns and coverage
data were extracted from prior experimental studies on the effect of in-flight icing on
UAYV mechanical performance. This data was used to develop a mathematical model
of ice formation using a curve fitting approach. Next, a new analytical method was
proposed to model non-uniform ice accumulation on the UAV wing as an equivalent
ice layer thickness, based on the icing coverage and thickness ranges observed during
flight. This approach allows for incorporating the effects of in-flight icing into
empirical equations for the PV module. The ice layer on the PV module acts as a barrier,
creating a partial shading effect and altering the module’s operating curve according to
its structure. To address this, the PV module’s operating curve was divided into two
sections: ice-covered and non-covered. Separate analyses and calculations were
performed for each section to predict unknown parameters. A one-year dataset,
including meteorological conditions and UAV movement data, was processed through
two sets of empirical equations that account for the PV module icing effect. These
equations were combined with WOA metaheuristic optimization method to extract the
unknown parameters for the ice-covered UAV-integrated PV module. In total, 140 ML
models were trained on the processed data, with the top-performing model selected for
experimental testing. The MRMR method further refined the models, and the final best

model was retrained for optimal results. Finally, the predicted parameter curves were
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validated against experimental test results, confirming the effectiveness of the proposed
method.
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Fig. 5.10. The I-V curve of PV panel related to the performed experimental tests, comparing

the experimental curve, and the curves predicted by ML methods before (Regular, in red)
and after of feature selection by MRMR (MRMR, in blue).
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Table 5.7 Comparison of the proposed parameter extraction method with conventional methods.

Parameter Extraction

Ability to extract Need to any prior Ability to extract Speed of parameter
parameters under any experimental tests parameters under PV extraction process
movement condition panel partial coverage
Proposed Method Yes No Yes Immediate

Conventional Methods No Yes No Slow



119



120

6. Conclusion and Future Work

6.1. Concluding Remarks

The use of renewable energy is steadily increasing as a reliable and clean power
source in electrical networks, microgrids, and even as the primary or auxiliary power
source for vehicles. While there are some limitations in integrating PV systems with
vehicles due to the PV panel performance, and its power density constraints, ongoing
research will advance this field, especially with improvements in semiconductor
technologies. The mentioned prospective makes the integration of PV panel with

various vehicles more and more promising.

Among various types of vehicles, the flying vehicles have the most complex
movement patterns. UAVs, cutting-edge technology, have drawn significant attention
for their wide range of applications, from military to surveillance. Integrating PV
technology into UAVs presents an exciting opportunity to extend flight times and
endurance, making it an attractive area of research. The synergy between these two
technologies offers potential advancements in optimal PV module energy harvesting
utilization, UAV endurance, and the behavior of UAV-integrated PV modules during

continuous movement.

Analyzing the performance of a moving PV module introduces new challenges

that require an innovative analytical and technical perspective. This becomes even
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more complex when considering the effect of in-flight icing on the PV module. In-
flight icing occurs when airborne water droplets collide with the UAV body, potentially

covering parts of the PV module and creating additional challenges.

The primary goal of this thesis was to investigate the performance of UAV-
integrated PV systems under in-flight icing conditions. This study employed a
comprehensive approach involving analytical, mathematical, optimization, and
machine learning methods to assess system performance. To achieve this goal, a range
of methods and analyses were employed and validated through experimental

measurements and hardware testing. The key findings of this research are as follows:

The first part of this thesis presents a new approach to explaining the angular
parameters of the PV panel equation, tilt and azimuth angles, in terms of the UAV-
integrated PV module's movement parameters, specifically the Yaw, Roll, and Pitch
angles, through detailed mathematical analysis. Furthermore, a novel method utilizing
the EDE of the PV module and the GWO algorithm simultaneously is developed to
adaptively compute the PV module's diode ideality factor for any placement condition

of the UAV-integrated PV module.

The performance of GWO was compared with PSO, demonstrating GWQ's
superiority, with PSO's convergence error being 3% higher. After processing a dataset
of 10,800 data points through the EDE of the PV module to determine the MPP current
and voltage properties and adaptively derive the diode ideality factor, twenty-three ML
models were developed for the ET-M53695 commercial PV panel. A 10-fold cross-
validation method is used for model validation, and 20% of the dataset was set aside
for the model testing process. Among the various trained ML models, the RQGPR
model demonstrated the best performance, achieving a RMSE of 0.006.
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To validate the proposed approach, a series of experimental tests were
conducted on a PV module using an IV-400 photovoltaic analyzer attached to a mobile
mechanism capable of simulating UAV movements by rotating around its Yaw, Pitch,
and Roll axes. The predictions made by the RQGPR-trained model under the
experimental conditions closely matched the actual measurements. Moreover, to
evaluate the prediction performance in a power electronics context, a hybrid MPPT
method combining Al-based techniques with traditional IC methods was implemented,
showing improved performance in tracking the MPP during high variation irradiance

changes.

This proposed method not only provides inspiration for future investigations
into integrating PV modules as primary or secondary energy sources in various vehicles,
particularly UAVs, but also enhances the performance of MPPT methods by offering
an initial MPP estimate that is either exact or very close to the actual MPP during UAV
movement. Additionally, the insights and methodologies developed in this thesis have
broader applicability, offering valuable solutions for any application involving moving

PV panels.

The second part of this thesis presents a practical approach to extracting the
unknown parameters of a UAV-mounted PV module while considering various
movements and environmental conditions. To this aim a computational intelligence-
based modeling procedure is proposed. The approach incorporates several techniques,
including rotational matrix theory to interpret the operational angles of the UAV as the
angular parameters of the PV module. Additionally, two sets of EDE of PV modules
are employed, along with the WOA to optimize empirical PV system equation

parameters based on a second set of EDE. The DTRA is also utilized to simultaneously
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solve a system of equations in the second set of EDE, and developed MIMO and MISO
computational intelligence-based methods to predict unknown parameters under

various movement conditions.

A historical environmental dataset related to the Canadian capital region, along
with a randomly generated dataset of UAV flight parameters within acceptable ranges,
is employed to create the desired dataset for training the computational intelligence
models. After translating the UAV-integrated PV module movement datapoints into
the PV module’s basic placement parameters, the entire dataset is processed through
the primary set of EDE of the PV module to extract the system’s MPP current and
voltage. A DTRA method is employed to solve the system of equations in the second
set of EDE, resulting in a new set of MPP voltage and current values. This algorithm
is integrated into the WOA, which minimizes the error between two sets of MPP
current and voltage values, with the second set optimized by varying the PV module's
unknown parameters. The performance of WOA is compared to PSO, a well-known
optimization algorithm. Results show that the average best score (convergence error)
obtained by PSO was 2.36 times higher than that of WOA, confirming the superior

optimization performance of WOA.

The computed PV parameters, alongside the environmental and flight dataset,
are used to train MIMO and MISO models. An ANN is employed as the MIMO model,
while a total of 130 MISO models are trained to predict each unknown parameter of
the PV module under various flight and environmental conditions. Among the MISO
models, neural networks demonstrate the best performance in predicting photocurrent
and the diode ideality factor. Boosted trees show superior performance in predicting

series resistance and diode reverse saturation current, while stepwise linear models
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perform best for other prediction tasks.

Comprehensive experimental measurements were conducted to validate the
performance of the trained models. The extracted operational curves for six different
experimental tests were compared with the curves derived from the predicted
parameters of the MISO and MIMO trained models. The results confirm the
effectiveness of the proposed method, with the MIMO-trained model demonstrating

superior performance compared to the MISO-trained models.

This research introduces a novel approach for predicting the characteristics of
UAV-integrated PV modules under varying environmental and movement conditions.
It holds significant potential for future studies in the fields of control, power and

performance analysis, and the design of integrated PV modules in moving vehicles.

In the third part of the project, extracting the unknown parameters of UAV
integrated PV module considering in-flight icing is investigated. To address this, the
thesis incorporates ice formation patterns and coverage derived from prior extensive
experimental studies on the effects of in-flight icing on UAV mechanical performance.
This data is utilized to formulate a mathematical model of ice formation using a curve-
fitting approach for three various kinds of ice, which is subsequently integrated into
the calculation of effective irradiance hitting the PV module. Additionally, an
analytical approach is proposed to model the non-uniform ice coverage of a UAV-

integrated PV module as its uniform equivalent ice coverage.

Depending on the type of ice, the ice covering the PV module acts as an obstacle,
resulting in a partial shading effect. This introduces local and global optimization

challenges on the PV module's operating curve. The PV operating curve is divided into
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ice-covered and non-ice-covered regions, with separate analyses and calculations
performed for each region. Once the effects of ice on the PV module are accounted for,
the behavior of the UAV-integrated PV module is analyzed using a dataset of
meteorological and UAV movement data. During the data processing stage, several
metaheuristic optimization methods, including WOA, GWO, MFO, and MVO are
employed to compute the unknown parameters of the UAV-integrated PV module,
taking the impact of in-flight icing into consideration. Among these optimization
methods, WOA demonstrates the best performance, achieving the lowest convergence

average score of 0.06239.

The processed data points are then used to train machine learning models capable
of predicting the parameters of the moving PV module under icing conditions. A total
of 140 machine learning models are trained, with 26 models dedicated to predicting
each parameter. According to the error metrics of these models, the most accurate
models for estimating the parameters s, a, Iy, Ry, and Ry, are the GPR, Matern 5/2
kernel, neural networks, Quadratic GPR, Least Square Kernel, and stepwise linear

models, respectively.

Following the model training, the MRMR approach is employed to identify a
subset of features that are highly relevant to the target variable. This feature selection
results in simpler models by reducing the number of input features to the five most
relevant ones for each target parameter. The resulting curves from both the regular
models and the simplified MRMR models are then compared with experimentally
extracted curves of the PV module under various ice and placement conditions. The
results indicate that, in most cases, the models demonstrate improved accuracy after

applying the MRMR-based feature selection method.
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The overall contribution of this thesis can be summarized as follows:

e Proposing a new approach to interpret the three-dimensional movements of a
moving PV panel in terms of its fundamental operational angles.

e Proposing a new solution based on GWO to compute the PV module diode
ideality factor for different placement condition of the PV module.

e Validating a series of machine learning algorithms designed to predict the MPP
parameters of UAV-integrated photovoltaic modules based on environmental
and positioning conditions, enabling real-time adaptation to the rapid
fluctuations in panel output throughout UAV flight.

e Proposing a hybrid MPPT technique that integrates the proposed machine
learning-based model into an IC MPPT algorithm, enabling faster tracking of
the MPP, particularly during rapid irradiance fluctuations.

e Utilizing MIMO and MISO machine learning models to develop a
comprehensive predictive model for unknown parameters of the moving PV
panel.

e Introducing a novel method for parameter extraction of PV modules based on
the WOA using two sets of empirical equations.

e Extracting the parameters of the UAV-integrated PV module model under
various UAV flight and environmental conditions

e Mathematical modeling of the UAV in-flight icing phenomenon for various
type of ice.

e Proposing an innovative method to model the nonuniform ice coverage of a
UAV-integrated PV module using an equivalent ice layer.

e Considering the effect of in-flight icing on the governing equations and

operational curve of the UAV-integrated PV module.
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e Predicting the unknown parameters of UAV-integrated PV modules under in-

flight icing conditions.

6.2. Research Perspectives

According to the research work in this study, several recommendations for the

future studies beyond the scope of this research are presented here:

- Propose a virtual model of the UAV integrated PV system to collect performance data
under regular and icing conditions to develop and train predictive models that

accurately reflect PV module behavior based on more accurate data.

-Develop optimization strategies for UAV movement and path planning that account
for PV system parameters, such as power loss and efficiency, to maximize energy

harvesting and overall flight endurance.

-Investigate the feasibility of combining PV systems with RF energy harvesting on
UAVs to create a hybrid energy source and conduct performance analysis on this

integrated system.

-Propose comprehensive models that include both electrical and mechanical parameters
including battery parameters, and variable load of the PV system to enhance the overall

performance of solar UAVs, with a focus on efficiency and energy sustainability.

-Develop advanced computational intelligence models to simulate in-flight icing,
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taking into account all effective parameters, for improved prediction and mitigation of

icing impacts on PV systems.
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Appendix

In this section the theorical concepts of four utilized metaheuristic optimization

algorithms are provided.

Al. Grey Wolf Optimization Algorithm

Grey wolf optimization algorithm, which is a metaheuristic optimization
algorithm inspired by the social structure of grey wolves is proposed by [111]. This
metaheuristic algorithm has several advantages, including fewer parameters, easy
implementation, and a simple principle, as compared to conventional optimization
methods like PSO and GA [112]. These mentioned advantages align perfectly with the
objectives of this research, which prioritize simplicity and straightforward
understanding. In this optimization method, wolves are classified into four groups
including alpha, beta, delta, and omega based on their performance. These groups
collaborate in a structured manner to reach their goal. Alpha wolves are leader of the
group and making decisions about different activities that influence the entire pack.
Beta wolves act as alternatives to alphas. Delta pairs have a hierarchical position
between omega wolves and the alpha and beta leaders, while omega wolves follow
orders and are the last to feed on prey. In the optimization problem alpha, beta, and
delta wolves are the optimal individual, second optimal individual, and third optimal

ones.
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Grey wolves hunt their prey through three main steps including pursuit,
tracking, and approaching the prey, chasing, encircling, and harassing the prey until it

stops, and finally attacking the prey [113].

Mathematical modeling of prey encirclement includes considering the distance

between the prey and the wolves (D) using the following formula [111]:

D= |5- X (1) —)?(r)| (A1)
X(+1)=X (1)-A.D (A2)
P

where ¢ indicates the iteration number, X, denotes the position vector of the prey, X is

the position of a grey wolf, and 4 and C stand for coefficient vectors and can be

calculated as follows:

-

=2a

2|

7 -d (A3)

C=2-7, (A.4)

where 7 and 7 are two random vectors between 0 to 1, and components of @ linearly

decrease from 2 to 0 as the iterations progress.

As mentioned earlier about the properties of different types of wolves, alphas
lead hunting, and wolves of type beta and delta might be cooperating in hunting. The
idea is that these three types of wolves have the best knowledge about the possible

location of the prey. So, only three best solutions are considered while the wolves’
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position updating can be considered as follows [111]:

D,=|C X, ~X|D =|C, X, =X|D =|C;- X, ~X| (A5)
X=X -A-D X=X —-A-DX=X—A-D
1 Y TP T g T ety T s T
I (A.6)
X +X +X
- 2 3
X(t+1)= 2

Using the equations provided above, the wolves adjust their positions relative
to the prey. The algorithm operates iteratively until a specified stopping condition is
met, wherein the search agents (wolves) converge on the objective function (prey). This
process involves updating the position of omega wolves based on the movements of
the other three main wolves that are exploring the search environment and are closest
to the prey. This behavior is exhibited by omega wolves during the exploration phase
and is determined by parameter 4. Essentially, the next position of a search agent can
be anywhere between its current position and the prey. When |4]| is less than 1, the
search agent is directed to approach the prey, while |4| greater than 1 leads the search
agent to adjust its position in response to the movements of the three best-performing
wolves. These concepts regarding the updating position procedure, as well as the

hunting or searching behavior for a prey, are illustrated in Fig. A.1.
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Figure A.1. Grey wolves updating position, and attacking prey versus searching for prey.
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The main idea of this algorithm is inspired by whales’ hunting behavior. This

is a population-based algorithm inspired by nature. It has been proposed in [126] and

has garnered attention from researchers in recent years due to its fast-tracking behavior

compared to other prevalent methods [127]. For hunting, whales dive down and then

ascend in a conical spiral path toward the water surface while creating bubbles, which

is known as the bubble net and illustrated in Fig. A.2. This feeding behavior is

mathematically modeled to form the basis of the algorithm.

Figure A.2. Whales’ bubble net hunting behavior to reach their prey [128].

In this algorithm, the prey that the whales aim to hunt is assumed to represent

the optimal solution. The decision variables in this context are the locations of the

whales. Once the best agent (whale) is identified, the others update their locations

accordingly. In this algorithm, the agents try to reach their prey, which in this study are



135

each unknown parameter of the PV module for various flying and environmental
conditions of the UAV. This process involves iteratively updating the locations of the
agents based on the best agent’s position. The described procedure can be
mathematically formulated as follows, initially by considering the encircling of the

prey [126]:
D= |C.X*(t) —X([)| (A.7)
~A.D (A.8)

where ¢ represents the current iteration number, and X” and X are the obtained optimal
position and the current position of the whale, respectively. D is the distance between
the current optimal solution and the search agents, and 4 and C coefficients are derived

as follows [129]:

(A.9)

=

~d
I

s

A=2

(A.10)

=4

o

=2.

where 7 is a value between 2 and 0 and is decreased linearly during the iterations (in

the extraction and exploration phases). 7o is a random value between 0 and 1.

The next mathematical modeling step involves capturing the bubble-net
attacking behavior of whales. This process encompasses two distinct modeling

approaches: shrinkage encircling mechanisms and spiral position updating.

The shrinkage behavior is represented by a gradual decrease in the value of
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parameter a from 2 to over successive iterations. To depict the spiral movement of a
whale around its prey, as illustrated in Fig. A.3, the following equation is employed.
This equation quantifies the distance between the whale located at coordinates (X, ¥)

and its prey located at (X* Y*) [126].

X(+0)=D"e".cos(271) + X *(1) (A.11)

where D represents the distance between the searching agent and the target prey. b
denotes the spiral shape constant parameter, and / is a random value in the range of -1

to 1.

Considering the humpback whale’s tendency to move along both possible
shrinking circular and spiral-shaped paths, the probability of occurrence of each
movement is considered as 50 percent during the optimization process. Therefore, the

selection between these two conditions is modeled mathematically as follows [126]:

—

X*()-A.D  if p<05

e

X(r+1)= (A.12)

5’.6[’[.008(27'[1)+X*(l‘) if p=20.5
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Figure A.3. Whales spiral updating position [128].

In order to avoid trapping in local optimum points, the search range has to be
expanded. So, the value of 4 is chosen randomly to be greater than 1 or smaller than -

1 to force humpback whales to search far away from the reference whale. The model

of this search is as follows [126]:

. - — -
b=|cx,,,-X| (A13)
X(r+1) =X —A.D (A.14)

where Xyuna 1s the random position of a random whale, and D is the distance between

the random agent and X.
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A3. Multiverse Optimization Algorithm

MVO is a nature-inspired optimization technique proposed in [136]. The key
idea of MVO is inspired from the theory of multiverses. Since its invention, it is applied
to solve several real-world problems. In [136], it is shown that MVO obtained very

competitive results compared with other metaheuristic optimization algorithms.

The MVO is a recent population-based algorithm inspired by the multiverse
theory, which suggests the existence of multiple universes created by numerous big
bangs. These universes interact with one another through different types of "holes,"
such as white holes, black holes, and wormholes. A schematic of this fact is shown in
Fig. A.4. MVO uses these concepts to guide its search for the global solution to an
optimization problem. The primary objective of MVO is to find the optimal solution
by modeling how objects (or variables) travel between universes, leveraging both

exploration and exploitation processes.

The big bang theory proposes that the universe started with a massive explosion,
but the multiverse theory goes further by suggesting that there are multiple big bangs,
each leading to the creation of different universes [136][137]. The algorithm utilizes
three key elements of this theory: white holes, which allow objects to exit a universe;
black holes, which attract objects into a universe; and wormholes, which act as

shortcuts connecting different parts of the universe or even different universes [138].
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Figure A.4. Multiverse theory schematic.

In the MV O algorithm, each solution in the search space is considered a universe,
and each variable within that solution represents an object. These universes expand at
different rates, referred to as the inflation rate, which is proportional to the quality of
the solution [138]. Universes with a higher inflation rate (better solutions) tend to send
objects through white holes, while universes with a lower inflation rate (poorer
solutions) receive objects through black holes [137][138]. This exchange of objects

between universes helps improve the quality of solutions over iterations.

In addition to the white and black hole mechanics, wormholes provide a
mechanism for objects to move randomly between different universes, independent of
their inflation rate. This allows for further exploration of the search space and prevents

the algorithm from getting stuck in local optima. The combination of white holes for



140

exploration and wormholes for exploitation helps maintain a balance between

searching broadly across the solution space and refining the best solutions found [138].

The algorithm starts by initializing a population of solutions (universes) and
updates these solutions over a set number of iterations, constantly moving objects
between universes based on their inflation rates. This process continues until the best

solution is identified [136]-[138].

The main mathematical model of MVO algorithm depends on (A.15) and (A.16)

which are described as follows:

XJ;,rl <NI(U)
i = (A.15)

b XL >NI(U)
1 I
where X/ is the jth object of the ith universe, r; is a random number in the range (0,1),

NI(U;) shows the normalized inflation rate of the ith universe and X/ represents the jth

object of the kth universe.

In MVO, the worm hole tunnels are always established between a universe and the

best universe provided so far. This mechanism can mathematically define as follows:

((Xj + TDR X (ub = Ib) X r4+ ib,r3 <05

5 <WEP
(Xj—TDR X(ub=1b) Xr +1b),r . 205" 2 (A.16)

<
I

XJj,rZ > WEP
1
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where X, is the j-th parameter of the best obtained universe, ub and /b are upper and

lower bounds, traveling distance rate (TDR) and Wormhole Existence Probability
(WEP) are coefficients, and 72, 73, and r4 are random numbers in the range of (0,1).
WEP and TDR are variables which are changed in any iterations. The former
coefficient is for defining the probability of wormhole’s existence in universes. It is
required to increase linearly over the iterations in order to emphasize exploitation as
the progress of optimization process. Travelling distance rate is also a factor to define
the distance rate (variation) that an object can be teleported by a wormhole around the
best universe obtained so far. In contrast to WEP, TDR is increased over the iterations
to have more precise exploitation/local search around the best obtained universe. These

two coefficients can be calculated based on the following formulas:

max — min
WEP=min+lX(T) (A.17)
LI/P
TDR=1—— (A.18)
L'/

where p represents the exploitation factor, / is the current iteration, and L shows the

maximum iteration.

A4. Moth Flame Optimization Algorithm

The MFO algorithm, introduced by Mirjalili in 2015, is a population-based
optimization technique inspired by the unique nocturnal navigation behavior of moths
[139]. Moths are fascinating insects, closely related to butterflies, with over 160,000

species documented in nature. Their life cycle consists of two main stages: larva and
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adult, with the transformation into moths occurring within cocoons [139][140].

One of the most intriguing characteristics of moths is their transverse orientation
mechanism, which they use for night navigation. This method allows moths to travel
in a straight path by maintaining a constant angle relative to the moon. Since the moon
is a distant celestial body, this technique is highly effective for long-distance travel,
ensuring that moths fly in a straight line. This same principle can be applied to humans;
for example, if a person keeps the moon on their left side while walking, they can

maintain a straight course eastward [139][140].

However, when moths encounter artificial light sources, such as street lamps, they
are tricked. Artificial lights are much closer than the moon, and the transverse
orientation method becomes ineffective. As a result, moths fly in spirals around the
light source, as they try to maintain the same angle relative to it, resulting in erratic

flight patterns [139][140]. A schematic of this fact is shown in Fig. A.S.

Mirjalili modeled this behavior mathematically and proposed the MFO algorithm,
which simulates the spiral motion of moths as they search for optimal solutions in a
defined search space [141]. In the MFO algorithm, moths represent candidate solutions,
and flames represent the best solutions found so far. Moths are attracted to the flames

and move toward them in a spiral trajectory, which is a key feature of the optimization
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Figure A.5. Moth-flame theory schematic.

process. The flames guide the moths toward better solutions by continuously updating

their positions in the search space [141][142].

The MFO algorithm has gained popularity due to its simplicity, robustness, and
ease of implementation, and has been successfully applied in a variety of fields
[141][142]. The interaction between moths and flames, mathematically modeled to
mimic real-life behavior, allows the algorithm to effectively explore and exploit the
search space, making it a powerful tool for solving complex optimization problems

[141][142].

This algorithm initializes the population position by the following equation.
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M=R(n,d)X(ub—1b)+1b (A.19)

where n is the population size, d is the dimension number, R is a random number
generating which generate number between 0 to 1. Moreover, ub and /b are the upper
and lower bounds. According to the fact that this algorithm is based on the population,

the moths can be presented in the form of matrix.

M=| i = (A.20)

where n is number of solutions (moths) and d is the dimension of the problem that
defines the position of moth in search space. Moreover, the fitness values of moths are

stored in another matrix as follows:

OM]

OM = : (A.21)
oM

It is notable that another variable is introduced here, i.e., flame. The moths and
flames are actually candidate solutions. The flame can be seen as the flag of the moth
in the search space. The moth is responsible for moving in the search space and finding
the best position, and the flame represents the best position that has been found so far.
The position of the flames and the corresponding fitness values are stored in the

matrices F' and OF;, respectively.



145

w I
11 1d
F=| & (A.22)
F . F
nl nd
OF
OF =| 1 (A.23)
OF

This mechanism mimics the fire-fighting behavior of moths in real life.
According to the sorted flames, the moths fly around the flames in a spiral motion. This

phenomenon is described as [141]:

M =8(M ,F)
1 [ |

(A.24)
S(M,,Fj)=D‘Xebecos(2T{t)+F, (A.25)
i i J '

D = |Fj—Ml.| (A.26)

where, M; is the updated position of the i-th moth, S represents a logarithmic spiral
curve, F; represents the j-th flame, b is a constant, ¢ represents a random number
between [a,1], where a decreases linearly from 1 to -2 as the number of iterations

increases, and D; is the distance from the i-th moth to the j-th flame.
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