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Abstract
This work focuses on enhancing fault detection in photovoltaic (PV) systems by

combining current–voltage (I–V) curve analysis with artificial intelligence techniques. As
the demand for renewable energy continues to grow, PV systems have become a key
solution due to their sustainability and environmental benefits. However, their performance
is often affected by environmental conditions such as dust, shading, humidity, temperature
variations, and system degradation.

In this study, an experimental setup based on a DC/DC buck-boost converter was
developed to extract real-time I–V characteristics of PV systems. These characteristics were
analyzed under different fault conditions to understand their impact on system performance.
Furthermore, artificial intelligence models were applied to classify and diagnose faults
accurately by learning patterns from the extracted data.

The results demonstrate that combining I–V curve analysis with AI significantly
improves fault detection accuracy and system reliability compared to traditional methods.
This approach enables early detection of anomalies, reduces maintenance costs, and
enhances the overall efficiency and lifespan of photovoltaic systems. Ultimately, this
research contributes to the development of smarter and more sustainable solar energy
systems.

Keywords:Photovoltaic Systems , Fault Detection ,I–V Curve Analysis , Artificial
Intelligence , Machine Learning , Renewable Energy

Résumé :

Ce travail vise à améliorer la détection des défauts dans les systèmes photovoltaïques
(PV) en combinant l’analyse des courbes courant–tension (I–V) avec des techniques
d’intelligence artificielle. Avec la croissance de la demande en énergies renouvelables, les
systèmes PV représentent une solution durable et respectueuse de l’environnement.
Cependant, leurs performances sont souvent affectées par des facteurs environnementaux
tels que la poussière, l’ombrage, l’humidité, les variations de température et la dégradation
des composants.

Dans cette étude, un dispositif expérimental basé sur un convertisseur DC/DC buck-boost
a été développé pour extraire en temps réel les caractéristiques I–V des systèmes PV. Ces
caractéristiques ont été analysées sous différentes conditions de défaut afin d’évaluer leur
impact sur les performances du système. Par ailleurs, des modèles d’intelligence artificielle
ont été utilisés pour classifier et diagnostiquer les défauts avec précision.

Les résultats montrent que la combinaison de l’analyse des courbes I–V et de
l’intelligence artificielle améliore considérablement la précision de détection des défauts et
la fiabilité du système par rapport aux méthodes classiques. Cette approche permet une
détection précoce des anomalies, une réduction des coûts de maintenance et une
amélioration de l’efficacité et de la durée de vie des systèmes photovoltaïques. Ce travail
contribue ainsi au développement de systèmes solaires plus intelligents et durabl.
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Mots-clés : Systèmes photovoltaïques, Détection de défauts, Analyse des courbes I-V,
Intelligence artificielle, Apprentissage automatique, Énergies renouvelables

: ملخص

الكهروضوئية النظمة في العطال كشف تحسين على العمل هذا يرككز (PV) التيار–الجهد منحنيات تحليل دمج الل من (I–V)
ًلل الكهروضوئية النظمة أصبحت المتجددة، الطاقة على الطلب تزايد استمرار ومع الصطناعي. الذكاء تقنيات مع

الغبار مثل البيئية بالظروف غالبلا يتأثر النظمة هذه أداء فإن ذلك، ومع البيئية. وفوائدها استدامتها بفضل ل ،أساسيا
الزمن مع النظام مكونات تدهور إلى إضافةل الحرارة، درجة وتغيرات والرطوبة، .والتظليل،

محول على تعتمد تجريبية منصة تطوير تم الدراسة، هذه في DC/DC نوع من Buck-Boost اصائص لستخراج
تأثيرها لفهم مختلفة أعطال ظروف تحت الخصائص هذه تحليل تم وقد آني. بشكل الكهروضوئية للنظمة التيار–الجهد
الل من بدقة العطال وتشخيص لتصنيف الصطناعي الذكاء نماذج تطبيق تم ذلك، إلى بالضافة النظام. أداء على

البيانات من المستخلصة النماط .تعلم

كشف دقة كبير بشكل يحسن الصطناعي الذكاء وتقنيات التيار–الجهد منحنيات تحليل بين الجمع أن النتائج أظهرت
الطبيعية غير الحالت عن المبكر الكشف المقاربة هذه تتيح كما التقليدية. بالطرق مقارنة النظام وموثوقية ،العطال

البحث هذا يساهم النهاية، وفي الكهروضوئية. للنظمة التشغيلي والعمر العامة الكفاءة وتحسين الصيانة، تكاليف وتقليل
واستدامة ذكاءل أكثر شمسية طاقة أنظمة تطوير في

التعلم الصطناعي، الذكاء التيار-الجهد، منحنى تحليل العطال، كشف الكهروضوئية، الخليا أنظمة المفتاحية: الكلمات
المتجددة الطاقة اللي،
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General Introduction :

Global interest in renewable energy sources has grown because of increased

demand for electricity, environmental worries, and the shrinking supply of fossil fuels.

Photovoltaic (PV) systems stand out considering their sustainability, ability to be

scaled, and low environmental impact. PV systems are now common in different

places around the world, both as stand-alone setups and connected to power grids.

Even with their benefits, PV systems are subject to changing conditions like

variations in solar power, temperature changes, and gradual wear and tear. These

things can cause issues that hurt how well the system works, lower energy output, and

shorten its lifespan. Often, these issues develop slowly and aren't found by standard

monitoring methods, so better diagnostic tools are needed.

Electrical properties, like current–voltage (I–V) curves, give a clear picture of how

PV systems are working. Changes in these curves usually point to problems or

unusual conditions. But, reading I–V curves can be hard when the environment is

always changing, making basic or manual ways of finding problems not good enough.

Recently, artificial intelligence (AI) has shown it can handle these difficulties by

smartly looking at complicated data. When AI is used to keep an eye on PV systems,

it can get better at spotting problems by learning what normal and problem states look

like. This leads to quicker discovery, better correctness, and improved reliability

compared to regular methods.

This paper focuses on improving problem detection in PV systems by using both I–

V curve study and AI. By making a smart diagnostic system, this work hopes to make

systems more trustworthy, make maintenance better, and help create PV energy

systems that are more useful and lasting.

systems.
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I.1. Introduction :

Solar radiation represents the most plentiful energy resource available on Earth and

serves as the fundamental energy input for photovoltaic (PV) systems. Photovoltaic

energy, commonly known as solar energy, is obtained through photovoltaic cells that

directly transform incident sunlight into electrical power.

This chapter presents an overview of solar energy. It introduces the fundamental

principles of photovoltaic systems and the process of electricity generation based on

the photovoltaic effect. In addition, it examines the variation of solar energy as a

function of geographical location and seasonal conditions.

I.2. Overview and Motivation

Fossil fuel reserves are under a lot of strain due to the growing worldwide demand

for electrical energy, which is mostly produced from fossil fuels like coal and oil. This

has also had a major impact on the environment. Fossil fuels continue to be the

primary energy source, but their limited supply leads to significant emissions of

greenhouse gases, such as carbon dioxide (CO₂), methane (CH₄), and nitrous oxide

(N₂O), which are major causes of climate change (IPCC, 2007).

Environmental problems are further exacerbated by the use of fossil fuels for

transportation and the continuous growth of industrial operations, which have

resulted in severe air pollution [1, 2] . It is essential to switch to alternate, sustainable,

and clean energy sources in order to maintain economic growth while protecting

natural ecosystems for future generations. International frameworks such as the Kyoto

Protocol underline the need for coordinated global efforts to achieve these goals [3].

Renewable energy sources (RES) are being advocated more and more as a power

generation alternative in response to these issues. Due to regulatory initiatives aimed

at preventing climate change and guaranteeing a sustainable energy supply, the

contribution of renewable energy to electrical grids has increased significantly over

the past few decades (World Energy Outlook). As shown in Figure 1.1, RES made up

more than 33% of the world's power generation capacity in 2023, indicating their

growing importance in the energy mix [4]. In contrast to fossil fuels, renewable

energy sources including wind, solar, biomass, and hydroelectric power generate
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electricity without releasing greenhouse gases, which helps to reduce air pollution and

mitigate climate change.

Figure I.1 :Global power generating capacity [4]

Wind power and solar photovoltaic energy have grown significantly among

renewable energy technologies, surpassing other types of RES. Photovoltaic systems

(PV) and wind power make up around 33% and 28% of new renewable energy

installations, respectively, as Figure 1.2 illustrates. The potential of these technologies

to take the lead in decarbonizing the energy sector is highlighted by this trend. In

instance, the geographical potential for solar energy varies greatly by area, as Figure

1.3 shows.

Figure I.2 Levelised cost of electricity from newly commissioned solar PV, onshore wind power and offshore
wind power, 2010-2022 [5].
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Figure I.3 :Solar irradiation map of the world from photovoltaic guidenr

Recent years have seen a significant decrease in the levelized cost of electricity

(LCOE) related to renewable energy technology. With the global average LCOE

falling by 50% between 2010 and 2022 to reach USD 0.033 per kilowatt-hour (kWh),

onshore wind energy has shown the most notable decline among them. In a similar

vein, solar photovoltaic (PV) systems have seen a notable decrease in cost; in 2022,

the global average LCOE was recorded at USD 0.049 per kWh. On the other hand,

with an LCOE of USD 0.081 per kWh, offshore wind energy is still relatively more

expensive (see Figure 1.2).

Even with these improvements in cost-efficiency, the intermittent nature of

renewable energy sources, especially solar PV, makes it difficult to integrate them

into the power grid. Direct grid connection is not feasible because of the inherent

variability of the direct current (DC) voltage output from these systems, which is

impacted by changing climatic circumstances. Power electronic converters (PECs), a

crucial technological answer, have advanced as a result of this difficulty.

Power electronic converters are devices that act as a bridge between the electrical

grid and renewable energy systems. By dynamically controlling the output voltage,

guaranteeing effective power conversion, and upholding a balanced power

distribution, these converters mitigate output voltage variability. By performing these

tasks, PECs improve grid compatibility and guarantee the dependable distribution of

electricity produced from renewable sources.
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I.3. Power Electronics Converters for Renewable Energy System

When integrating renewable energy sources (RES) with the electrical grid or load

systems, power electronic converters (PECs) are crucial. Their operation has a

significant impact on the system's overall performance, especially on elements like

stability, dependability, efficiency, power quality, and consumption ratio.

To ensure energy conversion processes that are both cost-effective and efficient,

various innovative Photo electrochemical (PEC) systems are being developed

alongside the increasing practical implementation of renewable energy technologies

[4]. Figure 1.4 presents a detailed framework for the integration of Renewable Energy

Sources (RES) through the application of Power Electronic Converters (PEC). The

incorporation of RES into electrical systems necessitates the deployment of PEC to

align the outputs of RES with the requirements of the power grid. Consequently,

significant advancements have been made in enhancing the efficiency of PEC systems.

These improvements can be achieved through two primary approaches: (a) the

development of novel power converter designs or (b) the implementation of advanced

control strategies.

Figure I.4:.Schematic exhibiting the relationship of a RES to the electricity grid
The classification of converters in renewable energy systems (RES) encompasses

two primary categories: galvanic ally isolated and non-isolated variants [6], [7].

Galvanically isolated converters, also known as transformer-based converters, employ

a transformer to achieve input-output isolation, as highlighted in the topological

analyses of [8],[9], [10]. This isolation mechanism enhances their functional potential.

However, the inclusion of transformers introduces notable challenges, including

increased financial costs, larger physical dimensions, and reduced operational

efficiency. These limitations, absent in non-isolated or transformer-less solutions, are
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substantiated by empirical findings from case studies [11, 12]. Therefore, non-isolated

converters emerge as a more favorable option in power conversion processes when all

critical factors are considered.

I.3.1. Classification of power converters

For effective power conversion and energy conservation, power electronic

converters have been utilized in numerous industrial applications. The following four

categories can be used to classify power converters based on the type of electric

power conversion and the electric power flow:

AC-DC rectifiers: Convert a single-phase or three-phase AC voltage to DC is

used as front-end in variable-speed motor drives and wind energy conversion systems.

 DC-DC converters: Convert a DC voltage from one level and a certain
polarity to a DC voltage of another level and in some applications to another
polarity.

 DC-AC inverters: Conversion from DC to variable-voltage and variable-
frequency AC is used invariable-speed motor drives. Conversion of
unregulated or regulated DC to fixed AC is used in grid-connection of
renewable energy sources.

 AC-AC cycloconverters: Convert an AC voltage of one level, frequency and
number of phases to an AC voltage of a different level, frequency, and in some
applications to different number of phases.

I.3.2. Review of PV Energy System Applications

Photovoltaic (PV) energy conversion systems play a crucial role in the integration

of renewable energy into the utility grid, providing a sustainable and efficient solution

for electricity generation. Figure 1.5 illustrates the structural configuration of such a

system, beginning with PV arrays that harvest solar irradiance and convert it into

direct current (DC) electrical energy, which is subsequently stabilized via DC bus

structures. A multilevel power electronics converter serves as the pivotal component,

facilitating the conversion of DC power into alternating current (AC) power

characterized by high quality and reduced Total Harmonic Distortion (THD). A

filtering stage ensures compliance with grid standards by attenuating high-frequency

noise, while an optional transformer is incorporated to perform voltage adaptation and

provide electrical isolation between the PV system and the grid. The control unit,
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incorporating a Maximum Power Point Tracking (MPPT) controller, ensures optimal

energy harvesting from the PV arrays and precise regulation of the power electronics

converter. Ultimately, the AC power is injected into the utility grid, demonstrating a

sophisticated integration of advanced control algorithms and power conversion

technologies for efficient solar energy utilization and grid compatibility.

Figure I.5.A photovoltaic (PV) system with power electronics and the needed control

I.3.3. Classification of DC–DC converters

In order to increase efficiency and overcome the drawbacks of converters,

numerous researchers have studied various DC-DC converter types for storage and

renewable energy applications. Figure 1.6 [13–15] illustrates how DC–DC converters

are divided into three main technologies according to how they operate. They are hard

switching mode, gentle switching mode, and linear mode. Features of the linear mode

include simplicity, fast response, and low noise with effective regulation. However,

its disadvantage is low efficiency because of power losses under different operating

situations. Based on galvanic isolation, hard switching mode converters can be further

divided into isolated and non-isolated converters. Hard switching mode topologies

that lack galvanic isolation (non-isolated) and are referred to as chopper circuits

include the buck, boost, buck–boost, and Cuk converters. However, when the

converters are powered by the utility grid, galvanic isolation (transformer) is required

for safety reasons. With their control strategies, power converters (PCs) assist in

controlling the voltages of microgrid nodes with a variety of loads, including resistive,

inductive, nonlinear, constant power, and critical loads. However, constant power
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loads (CPLs) have an impact on PC output voltage stability and are typically

challenging to control using conventional control methods [16, 17].

Figure I.6 : Classification of DC – DC converters[18]

I.4. Solar Radiation :

Solar radiation encompasses the totality of radiative emissions produced by the

Sun. Alongside cosmic rays particles distinguished by extremely high velocities and

energies the Sun releases electromagnetic radiation spanning a broad spectrum, from

radio waves to gamma rays, including the visible region.

The Sun’s electromagnetic emission can be accurately represented by a blackbody

model at a temperature of approximately 5800 K, in accordance with Planck’s law.

The maximum of the emission spectrum lies within the yellow region (λ = 570 nm),

with the energy distribution being approximately equally divided between the visible

and infrared ranges, while about 1% lies in the ultraviolet domain. After propagating

through the Earth’s atmosphere and reaching sea level, solar radiation is subjected to

several filtering processes. These are evidenced in the spectrum by absorption bands

attributed notably to ozone which absorbs a substantial fraction of ultraviolet radiation

as well as oxygen, carbon dioxide, and other atmospheric constituents [19].
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Figure I.7 : Representation of Solar Radiation

I.4.1. Radiation Spectrum:

The notion of solar energy may initially appear abstract; however, it fundamentally

corresponds to the heat and light naturally emitted by the Sun. The development of

photovoltaic cells during the previous century enabled the utilization of this resource

to supply energy for modern civilization. Through photovoltaic solar panels, incident

light energy is directly converted into an electrical current.

Figure I.8 : Solar Radiation Spectrum
Although the electromagnetic spectrum covers a broad range, approximately

99.8% of the Sun’s radiant energy is concentrated within a relatively narrow

wavelength interval extending from 20 to 2500 nanometers. Only a limited portion of

this solar radiation reaches the Earth’s surface, ranging from radio waves with

wavelengths of several decameters to the longest ultraviolet rays, while the remaining

radiation is either reflected or absorbed by the atmosphere and the ionosphere [20].

Figure (1.9) presents the solar radiation spectrum. The spectral distribution of solar

energy consists of approximately 5% ultraviolet radiation, 42% visible light, and 53%

near-infrared radiation
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Figure I.9 : Representation of Solar Radiation Spectrum

I.5. Conversion of Solar Radiation by PV Effect:

A photovoltaic (PV) cell is composed of two silicon layers that are intentionally

doped to establish electrical polarization. One layer is rendered positive (P-type)

through the incorporation of boron atoms, while the other is made negative (N-type)

by introducing phosphorus atoms, resulting in the formation of a potential barrier at

their junction. When a photon possessing sufficient energy is absorbed by the

semiconductor material, it disrupts a valence bond and liberates an electron,

simultaneously generating a positively charged hole. This phenomenon, known as the

photovoltaic effect, gives rise to a potential difference between the two layers. When

the layers are electrically connected, electrons flow from one region to the other,

thereby producing an electric current [19].

Figure I.10: Solar Radiation Conversion by PV Effect
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I.6. Photovoltaic Generator:

The electrical characteristics of the photovoltaic sensor, specifically the

relationship between current and voltage (I=f(V)), are depicted in Figure (1.11).

Using two input variables,temperature and the illumination the sensor receives,this

modeling is frequently used to estimate the sensor output (voltage, current).

The photovoltaic module's current output at a specific voltage is solely dependent

on the cell's temperature and light. The load in the electrical circuit affects a solar

cell's efficiency when the temperature and illumination are constant. In an open circuit

configuration (Rc = ∞, I = 0, V = Voc) or a short circuit (Rc = 0, I = Icc, V = 0), no

energy is transmitted outside. Between these two extremes, an optimal value Ropt of

the load resistance Rc exists, for which the power

Figure I.11: Typical Characteristics of a PV Generator

( P=Vmax × Imax ) provided by the solar cell to the load resistance is maximal, thus

reaching Pmax [20].

The formula for the solar cell's energy efficiency is �=�/��, where �� is the

incident light power on the cell's surface. The solar cell's efficiency reaches its

maximum at the ideal value R opt of the load resistance Rc, and �max=�max/��. The

spectrum of the incident radiation and the junction temperature determine the value of

Ropt, which is not a characteristic constant for a particular cell. In actuality, efficiency

declines with temperature, which occasionally prompts the development of hybrid

sensors that combine a solar cell and a thermal sensor.
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The material and manufacturing technology (amorphous silicon, polycrystalline
silicon, monocrystalline silicon), the junction geometry (layer thickness, multilayers,
etc.), and external factors (temperature, spectrum and power of the incident radiation,
external electrical circuit connected to the cell, etc.) all affect the power and
efficiency of the solar cell (�=�×�)

Figure I.12: Block Diagram of a PV Generator

I.6.1. Photovoltaic Cell:

An arrangement of connected solar cells makes up photovoltaic modules. These

resin-embedded cells are enclosed either between a glass pane and a Tedlar sheet

(glass/Tedlar module) or between two tempered glass panes (double-glass modules).

Although frameless modules are available for building integration applications using

aluminum profiles on facades or roofs, this assembly is usually placed into an

anodized aluminum frame. A module's highest power for a reference maximum solar

irradiation of 1000 W/m² is represented by peak watts (Wp), which are determined by

the module's surface area and incident solar irradiation.

An arrangement of connected solar cells makes up photovoltaic modules. These

resin-embedded cells are enclosed either between a glass pane and a Tedlar sheet

(glass/Tedlar module) or between two tempered glass panes (double-glass modules).

Although frameless modules are available for building integration applications using

aluminum profiles on facades or roofs, this assembly is usually placed into an

anodized aluminum frame. A module's highest power for a reference maximum solar

irradiation of 1000 W/m² is represented by peak watts (Wp), which are determined by

the module's surface area and incident solar irradiation.

The voltage output of a module is related to the number of cells wired in series. For

modules with lower power (less than 75 Wp), the voltage usually stays in the 12 to 15

volts range. We can get higher power modules by putting more cells in series to raise

the voltage. Also, adding more cell branches in parallel raises the current. Depending

on the needs of the system, the voltage can then be 24 volts or higher. Module surface
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area changes between producers, but it is usually between 0.5 and 1 square meter. For

custom builds, it can reach 3 square meters. Several interconnected modules create a

panel, and several panels together create a photovoltaic array. By connecting modules

in series or parallel, we can make different voltages and power levels [19].

I.6.2. Modelling of a PV Cell:

The working of a photovoltaic module can be shown by using the standard one-

diode model. Shockley created this model for a single photovoltaic cell. It was then

made more general for a photovoltaic module by thinking of it as many similar cells

wired in series or parallel.

In papers, a photovoltaic cell is often seen as a current generator that acts like a

current source with a diode across it. To explain cell-level physics, the model adds

two resistances, Rs and Rsh, as seen in the circuit diagram in Figure (1.13).

The series resistance is the cell's internal resistance. It mainly depends on the

resistance of the semiconductor used, the contact resistance of the collecting grids,

and how resistive these grids are. The shunt resistance comes from leakage current at

the junction, which depends on how the cell was made

Figure I.13: Equivalent Circuit of a PV Cell

I.6.3. Types of Photovoltaic Cells :

Photovoltaic solar panels consist of photovoltaic cells, which differ based on their

type:

(1) Mono crystalline Cells: These cells are created by cooling molten silicon,

which then solidifies into a consistent crystal. This crystal is sliced into thin
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pieces to make the photovoltaic cell. The material is typically blue and free

from visible crystals or impurities.

Figure I.14:Monocrystalline Cells

(2) Poly-crystalline Cells: These cells are made by melting silicon in a square metal

mold, called an ingot. The cells appear blue with speckled patterns left by the

crystals, making them easy to identify.

Figure I.15: Polycrystalline Cells

(3) Hydrogenated Amorphous Cells: Amorphous silicon is produced from silicon

gas that is vaporized onto a support like glass, flexible plastic, or metal through

vacuum deposition. These cells are usually dark gray.

Figure I.16: Hydrogenated Amorphous Cells
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I.7. The Impact of Temperature on Solar Panel:

The performance of solar panels is greatly impacted by temperature. Here's how:

• Reduction in Efficiency: Solar panels lose efficiency as their temperature rises. The
process by which solar panels generate power from sunlight becomes less efficient as
the temperature rises.

• Voltage Decrease:When a solar panel's temperature rises, its voltage falls. This is
because as the temperature rises, the semiconductor material used in solar panels loses
some of its ability to transfer charges.

• Power Output Reduction: As temperatures rise, solar panels may produce less
power. This is due to the fact that the overall power production is adversely affected
by the decline in efficiency and voltage.

• Thermal Degradation: Over time, high temperatures can lead to thermal
degradation of solar panel materials, which shortens their lifespan and decreases their
efficiency.

• Operating Temperature Range: Solar panels are made to function in a specific
range of temperatures. The panels' performance may be further hampered if temps rise
over this range.

As temperatures rise, solar panels' efficiency declines, affecting their overall

performance and output, even if they can still produce power on hot days.

I.8. Advantages and Disadvantages of PV Energy:

I.8.1. Advantages:

 Renewable Energy: Solar energy is a long-term, sustainable energy source

since it is a plentiful and readily accessible renewable resource.

 Low Greenhouse Gas Emissions: Using solar energy helps to prevent climate

change by lowering carbon emissions because it doesn't emit greenhouse gases.

 Decreasing Costs: Over time, the price of solar technology has dropped

dramatically, making solar energy more affordable than traditional energy

sources.

 Energy Independence: By enabling customers to generate their own

electricity, photovoltaic systems lessen reliance on energy providers and

changes in market prices.
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 Low Maintenance: After installation, solar installations require little upkeep,

which lowers long-term maintenance expenses.

I.8.2. Disadvantages:

 Sunlight Variability: Because solar energy is dependent on the amount of

sunlight, photovoltaic electricity generation is erratic and sporadic, frequently

necessitating energy storage or integration with other energy sources.

 High Initial Costs: Initial investments in solar systems can still be somewhat

substantial, even though the costs of solar technology have fallen.

 Environmental Impact: While solar energy is generally considered clean, the

manufacturing and disposal of solar panels can have an environmental impact.

 Space Requirement: In order to fit solar panels, solar installations frequently

need sizable land or roof surfaces, which might present difficulties in crowded

cities or places with little space.

 Dependency on Weather Conditions: At some times, weather conditions like

clouds, rain, or snow can lower the efficiency of solar electricity production.

I.9. Conclusion:

In conclusion,The principles of solar radiation and photovoltaic energy conversion

were discussed in this chapter. It described how solar cells use sunlight to create

electricity by utilizing the photovoltaic effect. The modeling and characteristics of

photovoltaic generators were discussed, including factors influencing their efficiency

like temperature and load resistance. A variety of silicon crystal-based photovoltaic

cell types were showcased. The chapter also touched upon the components of

photovoltaic modules and highlighted the key advantages and disadvantages of solar

photovoltaic technology.



Chapter II
Modeling and control of photovoltaic

systems



Chapter II: Modeling and control of photovoltaic systems

32

II.1. Introduction

With the increasing demand for renewable energy, photovoltaic (PV) systems have

emerged as a significant means of generating sustainable power. However, integrating

these systems into the electrical grid requires accurate modeling, effective control

strategies, and efficient power conversion techniques to ensure their reliability and

optimal performance.

This chapter provides an overview of the key components involved in grid-

connected PV systems. It emphasizes elements such as DC-DC converters, maximum

power point tracking (MPPT), voltage source inverters (VSIs), and grid

synchronization methods. Each component plays a critical role in enhancing energy

conversion efficiency and maintaining power quality.

The discussion begins with a summary of PV system modeling approaches,

followed by an examination of DC-DC converters and their function in voltage

regulation. Subsequently, MPPT algorithms are reviewed to illustrate their

contribution to optimizing energy extraction from solar panels. The chapter then

addresses the control of VSIs, which are essential for converting DC power to AC and

ensuring a stable interface with the grid. Lastly, the principles of grid synchronization

are outlined, highlighting mechanisms that support continuous operation within the

power network.

II.1.1. Grouping cells in series

A single photovoltaic cell produces a small amount of power, which isn't enough

for most home or factory uses. So, to make more powerful photovoltaic generators,

many cells are linked together in series or parallel arrangements.

When cells are connected in series, the generator's voltage goes up. The same

current flows through each cell, and the total voltage is the sum of each cell's voltage,

as shown in Figure II.1.

Equation (1.3) summarizes the.electrical characteristics.of a series.connection of

(Ns) cells:

�����
= �� × ���; �����

= ��� II.1

VocNs
: The sum of the.open-circuit.voltages of the (Ns) cells in series.
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IccNs
: The short-circuit.current of the (Ns) cells in series.

This connection.system is generally.the most commonly.used

for.commercial.photovoltaic modules.

As the surface.area of the.cells increases, the.current produced.by a single cell

steadily increases with technological advancements, while its.voltage remains

very.low. The.series connection thus allows.for an increase.in the overall.voltage,

thereby.enhancing the total power.output.

Figure II.1: Resulting characteristic of a series connection of (Ns) cells.

II.1.2. Parallel Connection of Cells

A parallel.connection of (Np ) cells is.possible and allows.for an increase in the

output current of the generator.thus created. In a grouping.of identical.cells

connected.in parallel, the cells are subjected to the same.voltage, and the.resulting

characteristic.of the grouping is obtained by adding the.currents.

Figure II.2 summarize the .electrical characteristics. of a parallel connection of (Np)

cells.

Ns Cells in series1 Cell

Np Cells in parallel
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Figure II.2: Resulting characteristic of a parallel connection of (Np) cells [19, 20].

�����
= �� × ���

�����
= ���

II.2
II.3

IccNp
: The sum of the. short-circuit currents .of (Np) cells .connected in parallel.

VocNp
: The open-circuit.voltage of (Np) cells.connected.in parallel.

II.1.3. Hybrid Connection of Cells (Series & Parallel)

Depending on the.series and/or parallel.connection of these.cells, the values.of the

total.short-circuit current and the.total open-circuit.voltages are.given by.the

following.relations:

��
�� = �� × ���

��
�c = �� × ���

II.4
II.5

Figure II.3: Resulting characteristics of a hybrid connection of(Ns x Np) cells [19, 20] .

Where:

Nc: Number of.cells connected.in. parallel.

Np: Number of.cells connected. in series.

It
cc: Total.short-circuits. current.

Vt
oc: Total .open-circuit. voltage.

Thus, the characteristic Ip Vp of a photovoltaic.generator can be.considered the

result of a network of Ns x Np cells connected.in series/parallel. The.overall

characteristic.can also vary depending.on illumination, temperature, cell aging,

shading.effects, or illumination.inhomogeneity. Furthermore, even single.shading

Np Cells

in parallel

Ns Cells

in series

Cell
Defectiv



Chapter II: Modeling and control of photovoltaic systems

35

or.degradation of a.cell in a series.connection can cause a significant reduction in

the.current produced by.the photovoltaic module.

When a cell that isn't getting much light draws more current than it makes, its

voltage goes negative, and it starts acting like a load. This can cause it to waste too

much power, which could ruin it if the problem lasts. This is called the hot spot effect.

To fix this, solar panels use bypass diodes. They keep cells that go passive safe.

When a bypass diode turns on, it shorts out part of the panel, stopping reverse currents

in bad cells. This fix lowers both the power output and the voltage at the panel's ends.

If a cell goes bad, the group of cells linked to it and protected by the bypass diode

can't make power anymore.

When a module experiences a single cell failure without protective measures, the

result, a complete power loss, calls for comparison with the partial power reduction

seen in this event.

Figure II.4: a) Classical architecture.of a photovoltaic module.with protective diodes

b) Failure of one of the PV.module cells and activation of the bypass diode, highlighting the circulation
current .

II.2. Modeling of Photovoltaic Installation Elements

II.2.1. Conversion of Light into Electricity

Photovoltaic generators change light into electricity through semiconductor

devices known as photovoltaic cells, often made of silicon [21].

Np Cells

in parallel

Ns Cells

in series

Cell
Defectiv
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A photovoltaic generator, also called a solar field, has photovoltaic panels linked in

series and/or in parallel to get the needed power. These panels sit on a metal frame

that holds the solar field at a certain angle.

The photovoltaic panel has cells in series and cells in parallel, covered by glass.

Putting cells in series raises the voltage for a given current, while parallel ties raise the

current while keeping the voltage the same.

II.2.2. Two-Diode

The two-diode.model includes an additional diode for better curve fitting. This

diode represents the phenomenon of recombination.of.minority carriers, both on

the.surface of the material and within its.volume.

This model appears.more sophisticated.and provides greater.precision but

is.somewhat.complex and.challenging to solve. It.requires.knowledge of four

parameters.under standard sunlight and temperature.conditions. These.parameters

are.generally.provided by the manufacturer.or can be obtained.through.module

testing.fewer than three.conditions: short-circuit.current ( Icc ), open-circuit.voltage

( Voc ), maximum.voltage ( Vmax ), and.maximum current (����) at.the point of

maximum.power.

Temperature.coefficients are also.necessary in this.modeling technique to.account

for the effect of temperature.on the critical.parameters of.the solar cell.

Figure II.5: Electrical two-diode equivalent model of a photovoltaic cell.

Id1 = Is1 e
q V+IRs

n1kT − 1

II.12

Avec :
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Id2 = Is2 e
q V+IRs

n2kT − 1
II.13

Ainsi :

Iph = I + Id1 + Id2 + IRp

I = Iph − Id1 − Id2 − IRp

II.14

Alors :

I = Iph − Is1 e
q V+IRs

n1kT − 1 − Is2 e
q V+IRs

n2kT − 1 −
V + IRs

Rp

II.15

n1 , n2 : Ideality.factors of diodes d1 and d2 (ranging.between 1 and 2,

depending.on the technology).

The photocurrent.depends on the.temperature, and its.expression is:

Iph(T) = Iph(T = 298K) 1 + (T − 298K) ⋅ 5 ⋅ 10−4

Is1 , Is2 : These are.the saturation.currents of diodes d1 and d2 , respectively, and .

they depend on the.temperature:

IS1 = K1T3e
−Eg
KT

IS2 = K2T
5
2e

−Eg
KT

II.16

Where:

Eg: Energy, with

�1=1.2A/cm2 �3K1 and �2=2.9×105A/cm2 �5/2.

For a solar.panel consisting of z cells.connected in series, and.considering

the.model in Figure II.6, the.equation.describing.this panel is:

I = Iph − Is1 e
q V+IzRs

zn1kT − 1 − Is2 e
q V+IzRs

nz2kT − 1 −
V + IzRS

Rp

II.17
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The Three-Diode.Model: The.third diode.is included.in the.equivalent.schematic to

account for effects.not considered.in the other.models (e.g., leakage current related to

the diodes).

The current.and voltage.across the terminals.of a photovoltaic.panel are.given by:

IP = NcpIc

VP = NcsVc

II.18

Whereas the current and voltage across the terminals of a photovoltaic generator

are given by:

Ig = IPv = NppIP = NppNcpIc
Vg = VPv = NpsVP = NpsNcsVc

II.19

The current generated.by the photovoltaic.generator at a.given voltage.depends

solely on the illumination.and the temperature.of the cell.

II.2.3. Single-Diode Model

The characteristic (I-V) of an elementary.cell is modeled by.the equivalent.circuit

represented in Figure II.5. This circuit includes.a current source.and a diode.in

parallel, as well.as series resistance. (Rs ) and parallel (shunt) resistance (Rsh ), to

account.for dissipative phenomena.at the cell level [20, 23].

Figure II.6: Equivalent electrical schematic.of the PV cell with.a single diode.

With:

Ic : Current delivered by the cell.

Iph: Photocurrent.generated by the.cell (proportional to the.incident.radiation)

Id: Current of the diode.
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Ish: Shunt current.

��ℎ = �1 ⋅ �� ⋅ 1 + �2 ⋅ �� − �ref + �3 ⋅ �� − �jref

�� = �� + ��
���� − 20

800

�� = �� exp 
�

� ⋅ � ⋅ ��
����−� ⋅ �� − 1

�� = �4 ⋅ ��
3exp 

− ��

� ⋅ ��

��ℎ =
��

��ℎ
�� = ��ℎ − �� − ��ℎ

II.6

II.7

II.8

II.9

II.10

II.11
With:
��: Solar irradiation.

�1, �2, �3, �4: Constants.dependent on the nature.of the cell material, determined

experimentally by the.manufacturer.

Ta: Ambient.temperature.

Tref: Reference temperature (298 K).

Tj: Temperature.of the cell.

Noct : Nominal.operating temperature of the.solar cell, as provided by

the.manufacturer (45°C).

Eef: Reference.illumination (1000 W/m²).

Is: Saturation.current of the diode.

Eg: Energy gap for crystalline silicon (1.12 eV).

A: Ideal factor of the junction (1 < � < 3).

Rsp: Series resistance.of a photovoltaic panel.

Rsh−p: Equivalent resistance of a.photovoltaic panel.

q: Electron.charge (1.6 × 10⁻¹⁹ C).

K: Boltzmann constant (1.38 × 10⁻²³ J/K).



Chapter II: Modeling and control of photovoltaic systems

40

Vc: Voltage across the.cell terminals.

II.2.4. Simulation results

Figure II.7: I-V characteristics, variation of
irradiance at constant temperature

Figure II.8: P-V characteristics, variation of
irradiance at constant temperature.

Figure II.9: I-V characteristics, temperature
variation at constant solar radiation.

Figure II.10: P-V characteristics, temperature
variation at constant solar radiation

A solar panel's performance is very sensitive to changes in light and temperature

because these factors greatly change how much power the panel makes. Figure II.7

shows how current and voltage change with voltage at different light levels, while the

temperature is held at 25°C. The figure shows a few power curves with the highest

power points. Figure II.8 shows that both the open circuit voltage and short circuit

current change at the same rate as the light level. In Figure II.9, when the light is

constant (1000) and the temperature goes up, the open circuit voltage goes down, but
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the short circuit current stays about the same. So, how a solar panel works mainly

depends on the environment around it. It's important to keep these things in mind

when figuring out what size solar panel system is needed to get the power output you

want.

Figures II.7 and II.8 show the effect of light on a solar panel through I-V and P-V

curves, with the light ranging from 100 to 1000 at a steady 25°C. The current is

steady as voltage goes up to 30 V, then it starts to drop. Also, the current goes up with

stronger light, which proves that light has a big impact on the short circuit current. On

the other hand, the open circuit voltage barely changes. The power performance

curves confirm where maximum power can be found.

Looking at the figure, when the temperature changes from 0 to 80°C, it's clear that

higher temperatures cause a drop in power as voltage changes.

II.3. factors and phenomena affecting the efficiency of photovoltaic cells
module

II.3.1. Dust

The data shows how outside conditions impact how well solar panel systems work.

Graph A shows how humidity affects voltage and power. As voltage goes up, power

rises until it hits its highest point at about 13 V and 45 W. After that, power drops

quickly, which means the system is not working as well. This could be due to

humidity changing how well parts conduct electricity or how well they work overall.

Graph B shows how dust affects current and voltage. Current stays about the same

until a certain voltage, which is where the system works best. Then, it starts to go

down slowly before dropping sharply after the highest voltage is reached, which

shows that dust has a clear, bad impact. This is because dust can block some of the

light or make it scatter oddly, which lowers the amount of electricity made and how

well it is converted. Because of this, it is good to clean and care for the system often

to make it work better.
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Figure II.11: shows the impact of dust accumulation on the PV panels. I-V curves below radiation

levels show a reduction in current output and obvious distortion, emphasizing the importance of regular

maintenance and repair

II.3.2. Shadow

The two figures represent curves illustrating the effect of partial shading on the

performance of photovoltaic systems. Figure A shows the relationship between

electrical power and voltage under partial shade. The behavior is nonlinear and

exhibits multiple peaks, reflecting the varying efficiency of solar cells due to some

being shaded while others remain in optimal operation. These multiple peaks indicate

the presence of multiple maximum power operating points (MPPs), making the

maximum power point tracking (MPPT) process more complex and increasing the

likelihood of the system reaching suboptimal power points. Figure B shows the

current-voltage relationship for a solar cell under the same effect. The current starts

constant at low voltage and gradually decreases as the voltage increases, with clear

breaks in the curve due to the effect of the shade on the cells. Different current levels

reveal the presence of multiple operating points, calling for the use of advanced

technologies such as multi-point MPPT or bypass diodes to improve performance.

Partial shading is an environmental factor that negatively impacts system efficiency,

requiring effective engineering solutions to mitigate its impact.
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Figure II.12: shows the impact of partial shading on the PV panels. The I-V curves show large

fluctuations and decreases compared to the healthy condition, which can significantly affect the system

performance and power output.

II.3.3. Humidity

The graphs show how humidity affects a photovoltaic system's performance. Graph

A plots power (amperes) versus voltage (volts). Power goes up as voltage increases,

reaching a peak around 13.5 V, which is the best operating point. After this, power

drops quickly, suggesting that humidity negatively impacts or some physical thing

reduces performance at higher voltages. Graph B plots voltage versus current under

the same conditions. Up to 7 V, the current stays steady at about 4 A, showing a stable

conductivity area. Then, the current slowly goes down as voltage goes up, probably

because humidity changes the electrical properties of the materials, such as raising

resistance. The current drops sharply between 13 and 16 volts, which means the

system is breaking down or reaching saturation. The drop keeps happening until the

current hits zero at 20 volts, showing that there's no conductivity left because of

moisture and high voltage together.

Figure II.13: shows the impact of the humidity intensity on the PV system. The I-V curves are

irregular and show decreased efficiency, indicating the need for moisture protection measures
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II.3.4. Short circuit

These two graphs show how a photovoltaic system acts when there's a short circuit.

Graph A shows how voltage and power relate. Power goes up as voltage increases,

peaking at about 11 V. This is the point where the system works best. After this,

power drops fast, meaning there's a short circuit. A big current flows without a good

load, so power is lost quickly. This unusual action suggests there are problems inside

or the system is damaged. It's important to protect the system and check it regularly to

avoid serious issues. Graph B shows how current and voltage relate in a solar cell.

Current starts high (about 4.2 A) when voltage is zero. This is called the short-circuit

current. As voltage goes up, current slowly goes down, almost reaching zero at about

13 V. This is the open-circuit voltage. The graph shows current dropping quickly

before hitting zero. This spot is the maximum power point (MPP), which shows when

the system is most effective under good lighting. This graph shows how a solar

module usually works and why it's important to track the MPP to get the most

sunlight.

Figure II.14 : shows the impact of short circuit in PV system. The I-V curves exhibit a significant

voltage drop which emphasizes the need for regular maintenance.

II.3.5. PV degradation

Figures A and B show how natural decay affects how well a solar power setup

works.

Figure A has two curves that show how voltage and power relate to each other and

how voltage and current relate. In Figure A, as voltage goes up, power also goes up

little by little until it hits its highest point at about 13 V. After that, if the voltage

keeps going up, the power starts to drop off slowly. This tells us that the system is

getting less good over time because of natural decay from things like heat, ultraviolet

light, and dampness. These things hurt how well the whole system works, but they
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don't make the curve change a lot all of a sudden, which proves that the decay is

happening naturally from inside the system.

Figure B shows how current and voltage relate. The current begins high and stays

almost the same until the voltage gets to about 11 V. Then, it slowly goes down until

it hits zero when the circuit is open. This gradual drop shows that the solar cells are

wearing out slowly because of heat expansion and weather conditions. Again, there

are no sharp changes, so this is also natural decay, not sudden breaks. Watching these

curves regularly is very important for figuring out how fast the system decays each

year, putting in place methods like MPPT, and making better maintenance plans to

keep the solar system working well over its life.

Figure II.15:shows the impact of degradation of PV panels with time. The I-V curves show a gradual
decrease in performance, indicating the importance of timely repair and replacement of old

deteriorating components.

II.4. .Conclusion

System modeling and the study of external influences are important for

understanding and designing complicated systems. Modeling simplifies reality and

helps predict how a system will act. Studying outside influences allows one to find the

key things that impact how well it does. This method supports well-informed

decisions and flexible strategies, leading to systems that are strong and can last.
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III.1. Introduction

Health monitoring and fault detection in photovoltaic (PV) systems are essential

for maximizing efficiency and lifespan. Deviations in current-voltage (I-V) curves

indicate potential faults, requiring advanced diagnostic methods. This study presents

an AI-enhanced approach combining optimization and classification for accurate fault

analysis. A DC/DC buck-boost converter is implemented for real-time I-V data

extraction. The proposed method improves reliability and reduces maintenance costs

in PV power plants. This research contributes to smarter, more sustainable solar

energy management.

III.2. Explantation of the applied part

Figure III.1 : Proposed Circuit for Extracting Voltage-Current Characteristics Using a DC-DC Buck-
Boost

III.2.1. Main Components in the Circuit

Voltage Sensor:
Measures the voltage (Vpv) coming from a power source such as solar panels or
batteries.
Current Sensor:
Measures the current (Ipv) coming from the same source.
Buck-Boost DC/DC Converter:
Used to convert voltage and current to appropriate levels (stepping up or down)
depending on the load settings.
Load:
Represents the device or circuit that consumes electrical power, such as a resistor or
motor.
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TMS Control Module (Reference Number: 320128379d):
power management and control system used to adjust the operation of the Buck-

Boost converter, such as changing the duty cycle.
Data Acquisition Module:
Collects readings from sensors and stores them to analyze voltage and current
characteristics -

III.2.2. Circuit Operation Steps

Measuring Source Voltage and Current (Vpv and Ipv) Sensors measure voltage
and current on the primary (source) side of the circuit. These readings are sent to a
data acquisition unit for recording and analysis.

Power Conversion via a Buck-Boost Converter

The converter operates in either Buck or Boost mode, depending on the load and
control settings provided by the TMS.

Buck mode: The voltage is reduced if the source voltage is higher than the load
voltage.

Boost mode: The voltage is increased if the load voltage is higher than the source
voltage.

The conversion ratio is controlled by changing the duty ratio of the PWM signal
received from the TMS.

Connecting the Load

The load is connected to the secondary side of the converter.

The current flowing through the load is determined by the converter's
characteristics and control settings.

Data Collection and Analysis

The data acquisition unit records the voltage and current values on both sides
(source and load). This data is used to plot the voltage-current curve (V-I curve).

III.2.3. Steps for Extracting Electrical Characteristics

Power the circuit and stabilize the power supply (e.g., 24 VDC).

Gradually change the load (e.g., using a variable resistor).

Record the Vpv and Ipv values with each load change.

 Use the TMS module to adjust the converter's operation and maintain system
stability.

Plot the curve using the recorded data: Horizontal axis: Current (Ipv). Vertical axis:
Voltage (Vpv).
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III.2.4. Parallel Connection of Cells :

Figure III.2: Experimental Test Bench for Integrating the PV System and Buck-Boost Converter
Controlled by the TMS320F28379D LaunchPad.

in components such as inductors, capacitors,and semiconductor switches. The
Buck-Boost curve starts with the load increasing from zero, and at a duty cycle of
around 0.5, the PV panel appears directly connected to the load. Beyond this, the
Boost mode maximizes power output, covering all functional points and providing a
more accurate VI curve compared to using only Boost or Buck converters.

(1) the role of every component in the system :
 PV Panel :
Converts solar energy into DC electrical power (voltage and current) that
supplies the system under test.
 MOSFET (Electronic Load) :
It regulates the amount of current drawn from the PV panel, allowing the system
to test different operating points of the panel
 Gate Driver :
Provides the required gate voltage and current to switch the MOSFET efficiently
and safely.It isolates the low-power controller from the high-power stage.
 TMS Controller:
Processes measured data and executes control algorithms.
It generates PWM control signals to regulate the MOSFET and manage the
system operation.
 Voltage Sensor :
Measures the output voltage of the PV panel.
This information is essential for monitoring, control, and system analysis.
 Capacitor :
Stores energy temporarily and smooths voltage fluctuations.
It reduces ripple and improves the stability of the DC output.
 Series Resistance :
Limits excessive current to protect system components.
It also helps stabilize the electronic load operation.
 Communication Interface :
Transfers measured data and control information between the controller and the
laptop (e.g., USB, UART, or CAN).
 Laptop :
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Used for programming the controller, receiving data, and displaying results such
as I–V and P–V curves.

III.3. Applied results display

After using the previous device, several results were extracted under several

variable conditions, including dust, shade, humidity, short circuit, and deterioration.

The analytical results for all phenomena were presented. A curve was extracted. (I-V

curve) and (P-V curve)

III.3.1. Dust

Figure A (I-V curve) and Figure B (P-V curve) clearly and gradually demonstrate

the impact of dust accumulation on photovoltaic performance. In Figure A, we

observe a significant decrease in the short-circuit current (Isc) as the dust level

increases from level 1 (blue) to level 4 (red), while the open-circuit voltage (Voc)

remains relatively constant, indicating that the losses are primarily due to the decrease

in the amount of light transmitted to the cell surface.In Figure B, the curve shows a

decline in the maximum power point (MPP) and a decrease in the output power with

increasing dust accumulation, indicating a direct impact on the efficiency of the

photovoltaic system. The maximum power decreases significantly, resulting in

operational losses that can reach high percentages if neglected. This deterioration is

associated with increased surface resistance caused by the dust layer, as well as

reduced photon absorption efficiency, which distorts the performance curves. The

analysis highlights the importance of regular maintenance and panel cleaning to

maintain stable performance and ensure energy production in dusty environments.

(A) (B)

Figure III.3: The effect of dust on solar panels . (I-V curve) and (P-V curve)
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III.3.2. Shadow

In Figure (A), which represents the current-voltage (I-V) curve under shade, we

observe that the current gradually decreases as solar radiation levels decrease from

Level 1 to Level 4. This indicates that solar radiation intensity directly affects the

amount of current generated in the solar cell. The maximum cell voltage also

gradually decreases with decreasing radiation, indicating poor electrical performance

under shaded conditions. Figure (B), which represents the power-voltage (P-V) curve

under the same conditions, clearly shows a decrease in the maximum power point

(MPP) with decreasing radiation levels. We observe that the highest power is

generated at the first radiation level, while it decreases significantly at other levels,

reflecting the direct relationship between solar radiation and power output. The shape

of the curve also becomes flatter and more distorted at lower levels, making it

difficult to track the maximum power point. These results demonstrate that the

effect of shadowing has a significant impact on the performance of photovoltaic

systems, leading to power losses and altering the electrical output characteristics

of the cell. These findings are essential for designing shadow compensation systems

or adopting techno logies such as MPPT to ensure optimal operation.

(A) (B)

Figure III.4: The effect of shade on solar panels . (I-V curve) and (P-V curve)

III.3.3. Humidity

Figure (A) shows the current-voltage (I-V) curves under different humidity

conditions at four solar radiation levels, while Figure (B) shows the power-voltage

(P-V) curves for the same conditions. The results demonstrate that high humidity
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negatively affects solar cell performance. A clear decrease in current at the same

voltage is observed as we move from Level 1 to Level 4, indicating a decrease in

photovoltaic efficiency. In Figure (A), the blue curve (Level 1) shows the highest

current, indicating the lowest humidity effect, while the red curve (Level 4) shows the

lowest current. In Figure (B), the maximum power (Pmax) 47 Chapter III Analysis of

Experimental Results gradually decreases with increasing humidity, indicating a clear

effect on the output power. This decrease in power is associated with a decrease in

both voltage and current at the maximum power point. We also note that the shape of

the curve becomes less steep and more distorted at high humidity, reflecting the

presence of additional losses in the system. These results demonstrate that humidity

reduces the efficiency of solar cells due to water vapor absorption of light, reducing

the effective radiation incident on the cell, and potentially causing changes in the

cell's surface properties. Therefore, humidity control is recommended to improve the

performance of photovoltaic systems, especially in regions with humid climates.

(A) (B)

Figure III.5: The effect of humidity on solar panels . (I-V curve) and (P-V curve)

III.3.4. Short circuit

The electrical curves of a solar cell in a short circuit are an important diagnostic

tool for understanding the performance of a photovoltaic system. Figure (A) shows

the current voltage (I-V) curve under varying irradiance levels. The short-circuit

current (Isc) increases directly with the intensity of light radiation, reaching its highest

value at the maximum irradiance level (Level 4) and its lowest value at the minimum

level (Level 1). The curve has a constant linear slope, reflecting the nature of the

cell's internal resistance, with a clear intersection with the voltage axis at the
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theoretical open-circuit voltage.Figure (B) shows the power-voltage (P-V) curve,

revealing a nonlinear relationship where the power reaches near zero values in this

case. The curve exhibits an inverted hyperbolic shape with a weak peak representing

the transition point between the two modes of cell operation. It is worth noting that

the area under the curve is almost zero, indicating a near-total loss of useful electrical

power.

These results confirm that short circuits are a practically undesirable situation, as

the absence of an effective potential difference prevents the exploitation of the

generated photovoltaic energy. They also highlight the importance of short circuit

protection systems in practical solar system designs. These curves provide valuable

data for energy engineers to understand the internal properties of cells and develop

more efficient and safer systems.

(a) (b)

Figure III.6: The effect of short circuit on solar panels (I-V curve) and (P-V curve)

III.3.5. Degradation

Figure A shows the relationship between current (A) and voltage (V) for four

irradiance levels (Level 1 to Level 4) under photovoltaic cell degradation conditions.

We observe that the current decreases with increasing voltage, a typical behavior for

solar cells due to increased internal resistance. Higher irradiance levels (such as

Level 1) exhibit higher current at lower voltages, reflecting higher energy conversion

efficiency. Degradation is demonstrated by a decrease in current at the same voltage

levels compared to ideal conditions, indicating a loss in performance due to factors

such as corrosion or cracking. Figure B (P-V Curve) :Figure B shows the
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relationship between power (W) and voltage (V) for the same irradiance levels. We

observe a peak power point (MPP) for each level, whose value decreases as the

irradiance level decreases. Degradation is evident by a decrease in the maximum

power and its shift toward lower voltages, indicating a loss in efficiency. The curve

also shows a variation in the peak shape, becoming flatter with degradation, reflecting

increased heat loss or junction resistance. The results confirm that degradation

negatively impacts cell performance, as the peak current and power decrease as the

curve characteristics change. These analyses are the basis for assessing cell life and

improving their maintenance.

(A) (B)

Figure III.7: Effect of photovoltaic cell degradation . (I-V curve) and (P-V curve)

III.4 Conclusion:

This study highlights the importance of advanced diagnostic techniques in

enhancing the performance and reliability of photovoltaic systems. By leveraging

artificial intelligence alongside real-time I-V data extraction using a DC/DC buck-

boost converter, the proposed approach enables accurate fault detection and efficient

system optimization. Ultimately, this contributes to reducing maintenance costs and

promoting smarter, more sustainable management of solar energy resourcesr.



Chapter IV
AI-Based Fault Diagnosis of Photovoltaic
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IV.1. Introduction :

Renewable energy is gaining traction due to growing energy needs, the

environmental cost of unsustainable sources, and the finite nature of fossil fuels [86,

87]. Solar energy is a main renewable option due to its green nature, low running

costs, and simple tech needs [88, 89].

Photovoltaic (PV) systems, which change sunlight into power, are quickly

spreading globally as solar cell tech improves and panel costs go down [90, 91]. Yet,

issues like partial shading and changing conditions can hurt their performance [92,

93].

Looking at I–V curves helps check PV system performance and spot problems [9].

Artificial intelligence (AI) methods, like enhanced artificial neural networks,

ensemble learning, and combined deep learning models, have proven useful for real-

time system checks and correct problem identification [94,95].

This paper puts forward an AI method to study I–V curves and find PV system

faults. The aim is to improve performance, speed up response times, and keep systems

working well in different settings.

Figure IV. 1 : Block diagram of the proposed methodology for fault diagnosis

IV.2. Foundations of Machine Learning (ML)
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Machine Learning (ML) is a subfield of artificial intelligence that focuses on

developing computational methods that allow systems to automatically improve their

performance on a task through experience. Unlike traditional programming, where

explicit rules are coded for every scenario, ML systems learn patterns and

relationships from data to make predictions, classifications, or decisions[102].

The foundation of ML combines mathematical modeling, statistical analysis,

optimization theory, and computer science techniques to construct models that can

generalize from observed data to unseen scenarios. This ability to generalize is central

to ML and distinguishes it from memorization or simple rule-based systems[103].

Machine learning tasks are commonly formulated as constrained or unconstrained

minimization problems. The learning process involves optimizing a loss function that

quantifies the discrepancy between predicted and actual outputs. Regularization

techniques are often incorporated to penalize overly complex models and improve

generalization, particularly when dealing with noisy or limited datasets [104].

The theoretical foundations of machine learning provide the essential mathematical

and algorithmic framework for constructing intelligent models capable of learning

from data. These foundations enable machine learning methods to operate effectively

in high-dimensional and nonlinear problem domains, making them well suited for

advanced diagnostic and decision-support applications [105].

IV.3. Types of Machine Learning

IV.3.1. Supervised Learning Concept

Supervised Learning is a central paradigm in machine learning in which a model is

trained using labeled data to learn the underlying relationship between input features

and corresponding output labels. In this framework, the learning algorithm is

“supervised” by the provided labels, meaning it receives direct feedback on its

predictions during training. This enables the model to generalize from the observed

examples and make accurate predictions for new, unseen data. [106]

The supervised learning paradigm provides a robust theoretical foundation for

developing intelligent diagnostic systems. Its reliance on labeled data allows models

to achieve high predictive accuracy and interpretability, making supervised learning
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particularly suitable for classification-based decision support and fault diagnosis tasks

in complex engineering systems [107]

IV.3.2. Unsupervised Learning

Unsupervised Learning is a key paradigm in machine learning where the algorithm

is trained on unlabeled data, meaning that the output labels yi are unknown. Instead of

being guided by correct answers, the algorithm explores the structure and patterns

within the input data xi​ to identify relationships, groupings, or underlying

distributions[108].

In contrast to supervised learning, unsupervised learning focuses on discovering

hidden patterns, clusters, or representations in the data, rather than predicting specific

outputs.

Learning methods are widely used across various fields, including customer

behavior analysis, image and text processing, fraud detection, and organizing large

datasets. These methods are particularly useful when labeled data are unavailable or

difficult to obtain, making them a powerful tool for exploratory data analysis and

understanding the internal structures of complex systems[109].

Reinforcement Learning

Branch of machine learning that focuses on sequential decision-making through

the interaction of a model, known as an agent, with its surrounding environment. In

this type of learning, the agent is not provided with predefined correct outputs for

each state. Instead, it learns through trial and error by receiving rewards or penalties

based on the actions it takes. The agent’s primary objective is to maximize the

cumulative long-term reward, that is, to learn an optimal policy that achieves the best

possible outcomes[110].

Reinforcement Learning (RL) is a fundamental paradigm of machine learning in

which an agent learns to make decisions by interacting with an environment. Unlike

supervised learning, RL does not rely on labeled input-output pairs; instead, the agent

learns through trial and error by receiving feedback in the form of rewards or

penalties. The objective of the agent is to learn a policy that maximizes the

cumulative reward over time[111].
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Figure IV.2 Taxonomy and Paradigms of Machine Learning Methods

IV.3.3. Deep Learning

Deep Learning (DL) is a subfield of machine learning that focuses on learning data

representations through artificial neural networks (ANNs) with multiple layers.

Unlike traditional machine learning models, which often rely on manually engineered

features, deep learning models can automatically extract hierarchical features from

raw data, enabling them to handle complex, high-dimensional data such as images,

audio, and natural language [112].

IV.3.4. Ensemble Learning

Ensemble Learning is a machine learning approach that consists of combining

multiple base learners to produce a final model that is more accurate and stable. This

approach is based on the principle that aggregating several models helps reduce bias

and variance errors, thereby improving the model’s generalization ability [113].

This framework is built upon three main components:

(1) Base Learners:

These can be homogeneous models (e.g., multiple decision trees) or heterogeneous

models (e.g., combining SVM, KNN, and decision trees).
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(2) Diversity Mechanism:

Ensures variation among models through techniques such as bootstrap sampling,

hyperparameter tuning, or using different algorithms.

(3) Aggregation Strategy:

Combines model outputs using methods such as majority voting for classification,

averaging for regression, or a meta-learner in the case of stacking.

Ensemble Learning techniques are generally categorized into three main strategies:

Bagging: e.g., Random Forest, which reduces variance by training models on

different data samples.

Boosting: e.g., XGBoost, where models are trained sequentially, each focusing on

correcting the errors of previous ones [114].

IV.4. Study of Proposed Classification Algorithms

IV.4.1. Support Vector Machine (SVM)

(SVM) represent one of the advanced classification methods in machine learning

and were developed based on Vapnik’s research in the 1990s. This algorithm relies on

a discriminant function to determine the optimal hyperplane that effectively separates

different classes within a dataset. SVM is recognized for its high accuracy and

robustness in classification, whether dealing with linear or nonlinear data, making it

well-suited for data mining applications and complex analyses [115]. Figure IV.3

illustrates the general structure of the SVM algorithm, which works by identifying the

optimal separating hyperplane, mathematically defined by the following equation:

�(�)=�T �+� for all � (IV.1)

Where � is the weight vector, � is the input feature vector, and � is the bias. The

objective is to maximize the margin 2‖�‖ between the classes, subject to the

constraints � is the weight vector, � is the input feature vector, and � is the bias. The

objective is to maximize the margin 2
‖w‖

between the classes, subject to the

constraints:
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� T�i+ �) ≥1 (IV.2)

�i the effectiveness of Support Vector Machines (SVM) largely depends on the

selection of the Kernel Function, which enables the transformation of the input space

into a higher-dimensional feature space. This transformation allows the model to

perform linear discrimination efficiently, even when dealing with complex or

nonlinear data [116].

Kernel Trick can be represented as

�(��,��)=�(��)T �(��) (IV.3)

FigureIV.3 Enhanced Hyperplane Optimization in SVM for High-Dimensional Data Classification.

IV.4.2. k-Nearest Neighbors (k-NN)

The K-Nearest Neighbor (KNN) algorithm is considered one of the simplest

learning algorithms, as it does not rely on a traditional training phase. Instead, it stores

the training data and uses it directly during the classification process. Its mechanism is

based on calculating the distance between a query point and the data points in the

dataset, then selecting the closest k points. The class label assigned to the new point is

determined by the class that appears most frequently among these nearest

neighbors[117].

This can be mathematically expressed as:
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�^=argmax�
�=1

�
 � �� = c (IV.4)

where � is an indicator function that equals 1 if the class label �� matches c and 0

otherwise. The distance between points is often measured using Euclidean distance:

� ��, �� =
�=1

�
 � ��� − ���

2
(IV.5)

This method enhances the classification process by extending the nearest neighbor

concept, allowing the algorithm to leverage more information from multiple nearby

points during the d

Figure IV .4 Principle of KNN algorithm with different k value

IV.4.3. Decision Trees (DT)

Decision Trees (DT) are a widely recognized classification algorithm known for
their relatively simple structure. They excel at accurately analyzing substantial
amounts of data within a short timeframe, making them particularly well-suited for
efficient mass data processing [118]. The DT classifier is constructed using a
combination of internal nodes and leaf nodes, where internal nodes represent decision
thresholds based on feature values, and leaf nodes correspond to the predicted class
labels as in Figure IV.5. The training process involves recursively identifying the best
partition at each node to minimize uncertainty about the class labels, commonly
assessed through metrics such as Entropy and Gini Impurity [119].
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Entropy is calculated as:

�(�) =−
�=1

�

��� log2 ��

(IV.6)

Gini Index is defined as:

��(�, �) = �(�) −

�∈�

|��|
|�|

� �(��)
(IV.7)

where pi is the probability of class i in set S.

Information Gain is used to determine the best feature to split on:

Gini(�) = 1 −
�=1

�

(��)2�
(IV.8)

This process continues until the dataset is fully analyzed, ensuring that each path

through the tree leads to a definitive classification outcome.

Figure IV.5 Decision tree structure

IV.4.4. XGBoost

The XGBoost algorithm, short for Extreme Gradient Boosting, is an advanced

machine learning technique that relies on the principle of Gradient Boosting to build a

strong model by combining a set of weak learners, typically small decision trees. It is

designed to deliver faster and more efficient performance, with mechanisms to

prevent overfitting and to handle large and complex datasets effectively.
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XGBoost is widely used in competitive machine learning applications due to its

high accuracy and flexibility. Its key features include support for missing value

handling, parallel execution for faster training, and regularization techniques to reduce

overfitting and improve generalization.

Used in competitive machine learning applications due to its high accuracy and

flexibility. Its key features include support for missing value handling, parallel

execution for faster training, and regularization techniques to reduce overfitting and

improve generalization

IV.4.4.1 XGBoost Model (Ensemble of Trees)

In XGBoost, the model is expressed as a sum of weak learners (small decision

trees):

�� � =
�−1

�
 � �� �� , �� ∈ ℱ (IV.9)

where:

 �� � is the model's prediction for sample i,
 T is the total number of trees,
 �� represents a weak decision tree from the tree space ℱ
 �� is the feature vector of sample.

IV.4.4.2 Classification Decision for Binary Classes

After computing ​ i, the sigmoid function is used to convert it into the probability

of belonging to class 1, followed by class assignment:

if �� ≥ 0.5
if �� < 0.5

0
= �

class �, 1
�−�+1

= (���)� = �� (IV.10)

 Pi is the predicted probability of class 1,
 y^​ i class​ is the final predicted class,
 σ (⋅) is the sigmoid function.

IV.4.4.3 XGBoost Multi-Class Classification Model

Explanation of the symbols in the equation:
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�� � = arg  ���
�∈{1,…,K}

 
exp

�=1

�
 � ��,k ��

�=1

�
 � exp 

�=1

�
 � ��,� ��

(IV.11)

were

 �� :The ��-th sample (input instance).
 �� � :The predicted class label for sample.
 � :The number of classes.
 � :Index of the current class.
 � :The number of trees (boosting rounds).
 � :Index of the tree.
 ��,k �� :The output of tree � for class � given input ��.
 arg ���: Selects the class with the highest probability.

Figure IV.6 Structure of Boosting

IV.5. Performance evaluation metrics in classification

Are used to assess a model’s ability to correctly classify samples into their

respective categories. These metrics help compare different models, identify their

strengths and weaknesses, and improve model performance before practical

deployment.

IV.5.1 Accuracy

Represents the proportion of correctly classified samples out of the total samples:
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Accuracy= (IV.12)

Where:

TP (True Positives): Positive samples correctly predicted as positive

TN (True Negatives): Negative samples correctly predicted as negative

FP (False Positives): Negative samples incorrectly predicted as positive

FN (False Negatives): Positive samples incorrectly predicted as negative

Interpretation:

High accuracy → Most predictions (both positive and negative) are correct.

Low accuracy → Many predictions are wrong.

Suitable for balanced datasets, but may be misleading in the case of imbalanced

classes.

IV.5.2 Confusion Matrix

The confusion matrix is a fundamental tool for summarizing classification

performance, consisting of four elements in the case of binary classification:

Predicted Positive Predicted Negative

Actual Positive True Positive (TP) False Negative (FN)

Actual Negative False Positive (FP) True Negative (TN)

 TP (True Positive): Number of positive samples correctly classified.
 TN (True Negative): Number of negative samples correctly classified.
 FP (False Positive): Number of negative samples incorrectly classified as

positive.
 FN (False Negative): Number of positive samples incorrectly classified as

negative.

IV.5.3. Precision and Recall

Precision: The proportion of correctly predicted positive samples out of all

samples classified as positive by the model:
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Precision = (IV.13)

TP (True Positives): Correctly predicted positives

FP (False Positives): Incorrectly predicted positives

Interpretation:

High precision → Most of the predicted positives are correct.

Low precision → Many predicted positives are actually negative (false alarms).

Recall (Sensitivity): The proportion of positive samples correctly classified out of

all actual positive samples:

Recall = TP
TP+FN

(IV.14)

TP (True Positives): Correctly predicted positives

FN (False Negatives): Positives that the model missed

Interpretation:

High recall → The model catches most of the actual positives.

Low recall → The model misses many positives.

IV.5.4. F1-Score

The harmonic mean of precision and recall, particularly useful when dealing with

imbalanced classes:

F1=2. (IV.15)

IV.5.5. ROC Curve and AUC

Plots True Positive Rate (TPR / Recall) vs False Positive Rate (FPR) at various

thresholds.

Shows the model’s performance across all possible thresholds, not just a fixed one.
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Formulas:

TPR= (Recall) (IV.16)

FPR= (IV.17)

TPR = fraction of actual positives correctly detected

FPR = fraction of actual negatives incorrectly classified as positive

AUC (Area Under the Curve): Represents the model’s ability to discriminate

between classes. The closer the AUC is to 1, the better the model performance.

Important Notes on Metric Selection

Balanced datasets: Accuracy is usually sufficient.

Imbalanced datasets: F1-Score or AUC is preferred.

High cost of false negatives (e.g., disease detection): Focus on Recall.

High cost of false positives (e.g., spam detection): Focus on Precision.

IV.6. Evaluation Metrics :

The effectiveness of AI classifiers in diagnosing panel conditions is evaluated

using several key criteria. These criteria are essential in determining the overall

performance of each model in accurate, real-time detection [100, 101].

Accuracy = TP+TN
N

(IV.18)

Precision = TP
TP+FP

(IV.19)

Recall = TP
TP+FN

(IV.20)

F1 − Score = 2 x Precision x Recall
Precision+Recall

(IV.21)

Specificity = TN
TN+FP

(IV.22)
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IV.7. Result and Discussion:

To evaluate the effectiveness of both the SVM and RF algorithms, based on I-V

curve characteristics, designed to classify seven PV system states (Case 1 = Healthy,

Case 2 = Dust, Case 3 = Shadow, Case 4 = Humidity, Case 5 = Open Circuit, Case 6

= Short Circuit, and Case 7 = PV Degradation), the test samples and the original

dataset were obtained in a previous work [13]. Fig.3 shows the panel states obtained

using the proposed monitoring device. The dataset consists of 658 samples, divided

into 461 training samples and 197 test samples, and was analyzed using MATLAB.

The following sections present the comparison results and evaluate the performance

of the proposed models.

IV.7.1. Overall comparison of proposed models :

This Fig.IV.7 presents the confusion matrices for both the SVM model and the RF

model. The matrices compare the true classes with the predicted classes across seven

distinct cases, providing insight into the performance of both models.

SVM Confusion Matrix (A): The SVM model shows strong performance with 22

correct predictions for Case 1 and a perfect match for Case 6 (33 out of 33 correctly

classified). However, there are some misclassifications in Case 2 (2 misclassified),

Case 3 (2 misclassified), Case 4 (1 misclassified) and Case 7 (1 misclassified).

RF Confusion Matrix (B): The RF model performs similarly but shows improved

results in Case 2 and Case 3, with 28 out of 28 correct predictions in Case 3. The RF

model also has no misclassifications in Case 5 and Case 6, achieving 100% accuracy

for these cases, while SVM had a few misclassifications in these areas.
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(A)

(B)

Figure IV.7. Confusion Matrix for model

The Table III and Fig.IV.8 presents the overall comparison between the SVM and

RF models across several key metrics. RF consistently outperforms SVM in all

aspects: it achieves 96.97% precision compared to 95.48% for SVM, and 97.50%

recall, higher than 95.42% for SVM, indicating that RF is better at detecting true

positive cases. The F1-Score for RF is 97.48%, surpassing SVM’s 95.41%,

confirming its better balance between precision and recall. RF also shows better

specificity (99.58%) and accuracy (97.47%) than SVM (99.24% and 95.45%,

respectively). Overall, RF provides a more reliable and effective performance in fault

detection for photovoltaic systems
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IV.7.2. Performance evaluation of proposed models :

Table I shows the evaluation metrics for the SVM model across seven different test

cases. The performance of the SVM model varies depending on the type of fault or

condition affecting the PV system. Overall, the model performs well across all cases

with precision, recall, and F1-Score values exceeding 90% in most cases.

Case 1 shows a precision of 88% and recall of 95.65%, achieving an F1-Score of

91.67%.

Case 4 demonstrates the best performance with 100% precision, a recall of 96.30%,

and an F1-Score of 98.11%, showcasing the model's ability to handle more complex

cases with high accuracy.

Case 6 achieves perfect scores across all metrics with 100% in precision, recall,

F1-Score, and specificity.

The model performs slightly lower in Case 1 and Case 7, with precision and recall

ranging between 88-96%, but specificity remains very high (above 98%).

These results indicate that the SVM model is effective at detecting faults across a

wide range of conditions, with particularly strong performance in more ideal scenarios

such as Case 6, where all metrics are at their maximum values.

(A) Healthy
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Table II displays the evaluation results for the Random Forest (RF) model across

the same test cases. Like the SVM model, the RF model demonstrates robust

performance across all cases, with precision, recall, F1-Score, and specificity

(B) Dust (C) Shadow

(D) Humidity (E) Open Circuit

(F) Short Circuit (G) PV Degradation



Chapter IV AI-Based Fault Diagnosis of Photovoltaic Systems Using I–V
Curve Analysis

73

consistently above 90%. However, the RF model performs slightly better than SVM

in most cases, particularly in Case 1, Case 2, and Case 3.

Case 1 for RF shows precision and recall both at 95.65%, with an F1-Score of

95.65%, and specificity of 99.43%.

Case 3 performs with 100% recall, an F1-Score of 96.55%, and high specificity of

98.82%, indicating the RF model's strong ability to detect faults under a wide variety

of conditions.

Case 6 also achieves perfect results with 100% across all metrics, similar to the

SVM model.

In Case 7, the RF model achieves 96.97% for both precision and recall, with an F1-

Score of 96.97% and specificity of 99.39%, showing solid performance even in the

more challenging cases.

Table I SVM performance for different panel cases

Types of cases SVM evaluation metrics (%)

Precision Recall F1-Score Specificity

Case 1 88.00 95.65 91.67 98.29

Case 2 90.62 93.55 92.06 98.20

Case 3 92.86 92.86 92.86 98.82

Case 4 100 96.30 98.11 100.

Case 5 100 95.65 97.78 100

Case 6 100 100 100 100

Case 7 96.88 93.94 95.38 99.39
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Table II RF performance for different panel cases

Types of cases RF evaluation metrics (%)

Precision Recall F1-Score Specificity

Case 1 95.65 95.65 95.65 99.43

Case 2 96.67 93.55 95.08 99.40

Case 3 93.33 100.0 96.55 98.82

Case 4 100 96.30 98.11 100

Case 5 100 100 100 100

Case 6 100 100 100 100

Case 7 96.97 96.97 96.97 99.39

Table III Overall comparison for model

Overall SVM (%) RF (%)

Precision 95.48 96.97

Recall 95.42 97.50

F1-Score 95.41 97.48

Specificity 99.24 99.58

Accuracy 95.45 97.47
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Figure.IV.8. overall comparison for mode

IV.8. Conclusion

This paper introduces a method for finding faults in PV systems. It uses real-time

I-V curve study with artificial intelligence (AI). A DC/DC buck-boost converter

gathers I-V data for correct fault finding. Random Forest (RF) and Support Vector

Machine (SVM) models use AI to sort PV system faults. RF did better than SVM in

key areas. RF got 96.97% precision, 97.50% recall, a 97.48% F1-score, 99.58%

specificity, and 97.47% accuracy. SVM had 95.48%, 95.42%, 95.41%, 99.24%, and

95.45%, respectively. The findings suggest RF is an accurate, reliable, and efficient

way to find faults and watch PV systems in real-time. This method, which joins

machine learning and I-V curve study, may make solar energy systems easier to

maintain and run. Future studies will add to the data set and test the method on bigger

setups. This will check how well it works in real situations.
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This study explored ways to better find errors in solar panel systems by mixing

electrical measurements and computer intelligence. It stressed how vital it is to get

how solar panels change sunlight into power and act under changing conditions. This

base is needed for making systems that are dependable in design and observation.

It was shown that correct models and studies of solar systems are key to judging

how well they work. They assist in finding the impact of things like temperature, load,

and setup. These things give good knowledge on how systems act. They back the

making of strong ways to spot and fix the problems.

A main point of this study is using current and voltage plots done live with

computer intelligence to spot errors. By adding a DC/DC converter to get live data

with machine learning, a strong way to find errors got made. The data showed that

ways using AI can correctly find errors and make system checks better. A model

called Random Forest worked better than Support Vector Machine in being correct

and exact.

In general, the plan given helps make solar systems more dependable, efficient,

and easier to keep up. By finding errors early and backing good choices on fixes, this

way helps cut running costs and back keeping solar power sources healthy. Work later

will add more data, test the way given on bigger solar setups, and see how it does in

real use. This will make it more helpful in present solar power system.
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