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Abstract:

This study provides a comprehensive evaluation of Maximum Power Point Tracking
(MPPT) techniques for photovoltaic (PV) systems operating under both constant and variable
irradiance levels. Through the comparative analysis of Perturb and Observe (P&O),
Incremental Conductance (INC), Artificial Neural Networks (ANN), and Fuzzy Logic
Controller (FLC), the research documents the specific operational strengths and limitations of
each approach. Simulation results within the MATLAB-Simulink environment demonstrate
that the ANN algorithm achieves optimal performance in energy extraction, while the FLC
effectively minimizes steady-state oscillations through rapid adaptability to environmental
shifts. Ultimately, this work underscores the necessity of selecting MPPT methodologies
based on specific system requirements and environmental dynamics. furthermore, it identifies
experimental verification and the development of hybrid algorithmic frameworks as critical
avenues for future research to enhance overall system performance.

Keywords: MPPT, Photovoltaic Systems, P&O, MATLAB-Simulink, Efficiency,
Variable Irradiance, Hybrid Algorithms.

INC: Incremental Conductance
ANN: Artificial Neural Network
FLC: Fuzzy Logic Controller
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General Introduction

The integration of photovoltaic (PV) systems into the global energy matrix has
accelerated as the transition toward sustainable and carbon-neutral energy production
becomes imperative, The primary advantage of PV technology lies in its ability to convert
solar irradiance directly into electricity, thereby mitigating reliance on fossil fuels and
reducing environmental degradation, However, the operational efficiency of PV systems
remains a significant challenge, as it is highly sensitive to fluctuating atmospheric conditions,
specifically solar irradiance and ambient temperature. Under low-light or high-temperature
scenarios, the performance of PV arrays can diminish substantially, necessitating advanced
optimization strategies to ensure reliable and efficient energy harvesting.

To address these limitations, Maximum Power Point Tracking (MPPT) techniques have
become an indispensable component of modern PV architectures, These algorithms
dynamically adjust the system's operating point to ensure maximum power extraction despite
environmental variability, The primary objective of this thesis is to provide a rigorous
comparative assessment of four prominent MPPT methodologies: Perturb and Observe
(P&O), Incremental Conductance (INC), Artificial Neural Networks (ANN), and Fuzzy Logic
Control (FLC). Through comprehensive simulations, this research evaluates each algorithm’s
transient response, steady-state stability, and adaptability to dynamic irradiance profiles, The
findings demonstrate that while conventional methods like P&O offer implementation
simplicity, intelligent approaches such as ANN provide superior performance and robustness
in volatile conditions.

To provide a systematic presentation of this research, the thesis is structured into four
primary chapters.

Chapter I: Solar Radiation and Photovoltaic Energy.

Chapter 11: DC-DC Converter.

Chapter I11: Maximum Power Point Tracking.

Chapter IV: Simulation Results.

Through this comparative study, we aim to provide a comprehensive framework for
selecting the most effective MPPT techniques to maximize the efficiency of photovoltaic
systems, While the results identify the ANN-based approach as the superior solution across
most operating scenarios, the analysis also underscores the functional relevance of FLC and
INC depending on specific system constraints and implementation requirements. Ultimately,
this research contributes to the ongoing advancement of solar energy technologies, offering
insights that facilitate the development of more efficient, robust, and reliable renewable

energy infrastructures for the future.
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Chapter I : Solar Radiation and Photovoltaic Energy

I-1- Introduction :

Solar radiation, being the largest energy resource available on earth, represents the main
energy supply of photovoltaic (PV) systems, Photovoltaic energy (or solar) is produced using
photovoltaic cells that convert sunlight into electricity.

In this chapter, general information on solar energy will be described, We will outline
the principles of photovoltaic systems and electricity production from sunlight based on the

photovoltaic effect, We’ll talk about the differences in solar energy by location and season.

I-2- Overview and Motivation:

The escalating global demand for electrical energy, predominantly met by fossil fuel
combustion, has placed unprecedented pressure on finite reserves while significantly
degrading the global environment. The continued reliance on coal and oil results in substantial
greenhouse gas emissions specifically carbon dioxide (CO,), methane (CH,), and nitrous
oxide (N2O) which serve as primary catalysts for climate change (IPCC, 2007). Furthermore,
the intensive use of these fuels in transportation and expanding industrial sectors has induced
severe air pollution, necessitating a global transition toward sustainable and clean energy
alternatives to safeguard natural ecosystems [1, 2], As emphasized by international
frameworks such as the Kyoto Protocol, achieving long-term economic growth requires
coordinated efforts to mitigate these environmental impacts [3].

In response to these challenges, renewable energy sources (RES) have emerged as the
fundamental alternative for modern power generation, Over the past few decades, the
integration of RES into electricity grids has grown substantially, driven by strategic policy
measures aimed at ensuring energy security and climate stability (World Energy Outlook), By
2023, renewable sources accounted for over 33% of the global power generation capacity,
reflecting their critical role in the contemporary energy mix [4], Unlike conventional fuels,
solar, wind, biomass, and hydroelectric power facilitate carbon-free energy production,
offering a viable pathway to mitigate global warming and drastically reduce atmospheric
pollution.



Chapter I : Solar Radiation and Photovoltaic Energy
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Figure (1.1.1): Global power generating capacity [4].

Among renewable energy technologies, solar photovoltaic (PV) and wind power have
demonstrated the most substantial growth, significantly outpacing other forms of sustainable
energy, As illustrated in Figure 1.2, PV systems and wind power constitute approximately
33% and 28% of new renewable energy installations, respectively, underscoring their pivotal
role in the global transition toward decarbonizing the energy sector, However, the
geographical potential for solar energy harvesting varies considerably by region, as depicted
in the global solar resource map in Figure 1.3, which necessitates the implementation of

optimized system designs to account for regional irradiance fluctuation.
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Figure (1.1.2): Levelised cost of electricity from newly commissioned solar PV, onshore
wind power and offshore wind power, 2010-2021 [5].
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Figure (1.1.3): Solar irradiation map of the world from photovoltaic guidenr.

The Levelized Cost of Electricity (LCOE) for renewable technologies has witnessed a
substantial decline; notably, onshore wind energy saw a 50% reduction between 2010 and
2022, reaching USD 0.033/kWh, Solar photovoltaic (PV) systems followed a similar trend
with a recorded LCOE of USD 0.049/kWh, while offshore wind remains higher at USD
0.081/kWh (Figure 1.2), Despite this improved cost-efficiency, the intermittent nature of solar
PV poses significant grid integration challenges, The inherent variability of the direct current
(DC) output, driven by fluctuating environmental conditions, renders direct connection to the
electrical grid impractical.

To address these instabilities, Power Electronic Converters (PECs) have emerged as a
pivotal technological solution, Acting as intermediary devices, PECs dynamically regulate the
fluctuating output voltage to ensure efficient power conversion and balanced distribution, By
providing these critical regulatory functions, PECs enhance grid compatibility and guarantee
the reliable delivery of power generated from renewable sources.

I-3- Power Electronics Converters for Renewable Energy System:

Power Electronic Converters (PECs) play an indispensable role in facilitating the
seamless integration of renewable energy sources (RES) with electrical grids and load
systems, Their operation is a critical determinant of overall system performance, directly
influencing stability, reliability, efficiency, power quality, and the energy consumption ratio,
To achieve cost effective and efficient energy conversion, innovative converter architectures

are being developed in parallel with the expanding deployment of renewable technologies [4].
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As illustrated in Figure 1.4, the incorporation of RES into electrical infrastructures
necessitates the use of PECs to synchronize intermittent outputs with stringent grid
requirements. Consequently, research focus has shifted toward enhancing PEC efficiency
through two primary technological avenues: (a) the engineering of novel power converter

topologies and (b) the implementation of advanced control strategies.
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breaker =@ B>
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Figure (1.1.4): Schematic exhibiting the relationship of a RES to the electricity grid.

The classification of power converters within renewable energy systems (RES) is
broadly divided into two primary categories: galvanically isolated and non-isolated topologies
[6, 7], Galvanically isolated converters, frequently referred to as transformer-based systems,
utilize a transformer to provide electrical isolation between the input and output stages [8, 9,
10], While this isolation mechanism enhances safety and functional versatility, the integration
of transformers introduces significant drawbacks, including increased capital costs, greater
physical volume, and inherent efficiency losses. Conversely, non-isolated or transformer less
solutions bypass these limitations, as substantiated by empirical case studies [11, 12],
Consequently, when evaluating cost effectiveness, compact design, and operational
efficiency, non-isolated converters emerge as the superior choice for modern power

conversion processes.

I-3-1- Review of PV Energy System Applications:
Photovoltaic (PV) energy conversion systems are fundamental to the integration of
renewable sources into the utility grid, offering a sustainable framework for efficient
electricity generation, As illustrated in the structural configuration in Figure 1.5, the process

initiates with PV arrays that harvest solar irradiance to generate direct current (DC) power,

7
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which is subsequently stabilized through DC bus architectures, The pivotal stage involves a
multilevel power electronics converter, which facilitates the conversion of DC power into
high-quality alternating current (AC) while minimizing Total Harmonic Distortion (THD),
This is followed by a filtering stage designed to attenuate high-frequency noise and ensure
compliance with stringent grid standards, with an optional transformer incorporated for
voltage adaptation and galvanic isolation, Central to this architecture is the control unit, which
integrates a Maximum Power Point Tracking (MPPT) controller to optimize energy extraction
and precisely regulate the power electronic interface, This sophisticated synergy of advanced
control algorithms and conversion technologies ensures both efficient solar energy utilization

and seamless grid compatibility.

Control wint

17T A — ]
Controfler control P —

=y ﬂT$ﬁ 

Filter | | Transformer |

Power electronics
.. Muitilevel converter Optional Stoge

Utility Geld

Figure (1.1.5): A photovoltaic (PV) system with power electronics and the needed control.

I-3-2- Classification of power converters:
Power electronic converters have been used in many industrial applications for efficient
power conversion and energy conservation, Depending on the type of electric power
conversion and the electric power flow, the power converters can be divided into the

following four categories:

e 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.

e 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.

e 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.
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e 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-3-3- Classification of DC-DC converters:

Extensive research has been conducted on various DC-DC converter topologies for
renewable energy and storage applications, focusing on enhancing efficiency and mitigating
inherent operational weaknesses, As illustrated in Figure 2, these converters are categorized
into three primary technologies based on their switching modes: linear, hard-switching, and
soft switching [13-15], The linear mode is characterized by structural simplicity, low noise,
and rapid response; however, it suffers from low efficiency due to significant power losses
across diverse operating conditions.

Hard-switching converters are further classified into non-isolated and isolated variants,
Non-isolated topologies, such as Buck, Boost, Buck Boost, and Cuk converters, are identified
as chopper circuits. In contrast, galvanically isolated converters utilize transformers to ensure
safety when interfaced with the utility grid, While power electronic converters and their
associated control strategies are essential for regulating node voltages within microgrids
supporting resistive, inductive, and non-linear loads the presence of Constant Power Loads
(CPLs) poses a significant challenge, CPLs inherently destabilize output voltage and are

notoriously difficult to regulate using traditional control techniques [16, 17].
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Figure(2): Classification of DC-DC converters [18].
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I-4- Solar Radiation :

Solar radiation encompasses the entire spectrum of energy emitted by the Sun, Beyond
cosmic rays, those high-velocity, high-energy particles that traverse the vacuum of space the
Sun radiates a diverse array of electromagnetic waves, These span from the broad reaches of
radio waves to the high-frequency intensity of gamma rays, fundamentally including the
visible light that defines our perception of the world.

The Sun’s electromagnetic emission is precisely modeled as a black body at 5800
Kelvin, governed by Planck’s Law, This physical model reveals an emission peak within the
yellow spectrum (lambda = 570 nm), The total energy is distributed almost equally between
visible light and infrared radiation, with a critical 1% residing in the ultraviolet range,
However, before reaching sea level, this radiation must undertake a vital journey through the
Earth’s atmosphere, This transition is not merely a physical passage but a sophisticated
process of "natural filtration,” The atmosphere acts as a protective cradle, where absorption
bands of ozone, oxygen, carbon dioxide, and water vapor selectively intercept harmful solar

components [1].

Figure (1.1): Representation of Solar Radiation
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I-5- Radiation Spectrum:

While solar energy is often theorized as an abstract physical construct, it is
fundamentally rooted in the primordial human experience of the Sun’s thermal and luminous
radiation, The advent of photovoltaic technology in the last century catalyzed a profound shift
in this relationship, evolving our role from passive observers of sunlight to active architects of
its power, By leveraging the photovoltaic effect, we can now directly transduce the latent

energy of photons into a regulated electrical flow.
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Figure (1.2): Solar Radiation Spectrum

The electromagnetic spectrum encompasses a vast range of wavelengths; however,
approximately 99.8% of solar radiant energy is concentrated within a narrow bandwidth
ranging from 20 to 2500 nanometers.

As this radiation propagates through the terrestrial environment, the atmosphere and
ionosphere function as selective filters, reflecting or absorbing a significant portion of the
energy, Consequently, only a specific spectral fraction reaches the Earth's surface, extending
from decametric radio waves to attenuated ultraviolet radiation [2].

As depicted in Figure (1.3), the terrestrial solar spectrum is comprised of approximately

5% ultraviolet radiation, 42% visible light, and 53% near infra-red radiation.
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Figure (1.3): Representation of Solar Radiation Spectrum
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I-6- Conversion of Solar Radiation by PV Effect:

The fundamental unit of this technology is the photovoltaic cell, a semiconductor device
consisting of two distinct silicon layers specifically doped to establish polarization, The
introduction of boron atoms creates a positive ("P-type") layer, while phosphorus atoms
characterize the negative ("N-type") layer, thereby forming a permanent potential barrier,
The photovoltaic effect occurs when the semiconductor absorbs a photon possessing energy
greater than the material's bandgap, causing the rupture of a valence bond and the subsequent
liberation of an electron, creating a positive "hole”, This is what is called the photovoltaic
effect: The resulting potential difference between the layers drives an orderly migration of
electrons when an external circuit is connected, effectively converting electromagnetic energy

into a continuous electric current [1].
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Figure (1.4): Solar Radiation Conversion by PV Effect

I-7- Photovoltaic Generator:

The performance of a photovoltaic (PV) sensor is defined by its characteristic electrical
properties, specifically the non-linear relationship between current and voltage (I=f(V)), as
depicted in Figure (1.5).

This mathematical modeling is utilized to determine the electrical output based on two
primary environmental variables: incident irradiance and cell temperature received by the
sensor.

The current generated by a photovoltaic module at a specific voltage is a direct function
of the incident irradiance and the cell temperature, Under constant environmental conditions,
the conversion efficiency is governed by the impedance of the external electrical circuit, In an

open-circuit state (R = oo, I =0, V = V) or a short circuit state (R =0, | = l¢;, V = 0), the
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power transfer to the external load is zero. Between these operational boundaries, an optimal
load resistance (Ropt) exists, at which the power delivered by the photovoltaic cell reaches its

maximum value (Pmax)
( P=Vmax X Imax ) provided by the solar cell to the load resistance is maximal, thus

reaching Pmax [2].
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Figure (1.5): Typical Characteristics of a PV Generator

The energy conversion efficiency of a solar cell, denoted as n, is defined by the ratio:
n=Pmax/Py, Where P, represents the incident solar power projected onto the cell's surface. At
the optimal load resistance (Ropt), the device operates at its peak efficiency such that n=nmax .
It is important to note that Rop: is not an intrinsic constant of the cell; rather, it is dynamically
dependent on the incident spectral distribution and the junction temperature.

In practice, photovoltaic efficiency exhibits an inverse relationship with temperature,
where increased thermal energy leads to a decrease in the semiconductor's performance. To
mitigate this thermal degradation, hybrid photovoltaic-thermal (PVT) systems are often
employed. These integrated sensors facilitate the simultaneous generation of thermal energy
(e.g., hot water) while enhancing electrical efficiency by actively cooling the photovoltaic
cells, thereby maintaining the operating temperature within an optimal range.

The electrical power output of a photovoltaic cell, defined by the relation P=IxV, and its
conversion efficiency are multifaceted functions of intrinsic and extrinsic determinants.
Intrinsically, these metrics are governed by the material properties and fabrication
technologies specifically the distinction between amorphous, polycrystalline, and
monocrystalline silicon as well as the architectural geometry of the junction, including layer
thickness and multi junction configurations. Extrinsically, performance is modulated by

environmental and operational parameters, notably the operating temperature, the spectral
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composition and intensity of incident irradiance, and the impedance characteristics of the

interfaced external electrical circuit.
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Figure (1.6): Block Diagram of a PV Generator

I-7-1- Photovoltaic Cell:

Photovoltaic modules are composed of a systematic arrangement of interconnected solar
cells, encapsulated within a resin medium and protected between two layers of tempered glass
(double-glass modules) or a combination of a frontal glass pane and a Tedlar sheet
(glass/Tedlar module), This assembly is typically integrated into an anodized aluminium
frame to ensure mechanical stability; however, frameless modules are also employed in
building integration applications, utilizing aluminium profiles for mounting on facades or
roofs. The power generated by a module is determined by its surface area and the level of
incident solar irradiation, quantified in peak watts (Wy). This unit represents the maximum
power output of the module under a reference solar irradiation of (1000 W/m?).

The terminal voltage of a photovoltaic module is fundamentally determined by the
number of cells configured in series. For low capacity modules (< 75 Wp), the nominal
operating voltage typically ranges between 12 and 15 V. Higher power ratings are achieved
through a combination of series and parallel configurations: increasing the number of series
connected cells scales the output voltage, while the integration of parallel branches enhances
the total current capacity, Consequently, operating voltages of 24 V or higher are common,
depending on the specific load requirements of the system architecture.

While module surface area varies by manufacturer generally ranging from 0.5 to 1
square meter specialized large scale productions may reach dimensions of up to 3 square
meter . In terms of hierarchical assembly, multiple interconnected modules constitute a panel,
while the collective interconnection of panels forms a photovoltaic array. This modular
scalability allows for the precise tailoring of voltage and power output to meet diverse energy
demands[1].
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I-7-2- Modelling of a PV Cell:

The operational behavior of a photovoltaic module is fundamentally characterized by
the standard single diode model, originally established by Shockley for individual cells and
subsequently generalized for modules by treating them as an assembly of identical cells in
series and parallel configurations.

In technical literature, a photovoltaic cell is modeled as an electrical current generator,
whose equivalent circuit consists of a constant current source in parallel with a rectifying
diode, To accurately simulate the physical loss mechanisms inherent in the semiconductor,
this ideal model is augmented by two parasitic resistances: the series resistance (Rs) and the
shunt (parallel) resistance (Rs), as illustrated in the equivalent circuit diagram in Figure (1.7).

The series resistance accounts for the ohmic losses within the device, primarily
determined by the bulk resistance of the semiconductor material, the contact resistance
between the metal grids and the semiconductor, and the intrinsic resistivity of the collection
grids. Conversely, the shunt resistance represents the leakage current across the p-n junction,

typically resulting from structural defects or impurities introduced during the fabrication

process.
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Figure (1.7): Equivalent Circuit of a PV Cell

I-8- Types of Photovoltaic Cells :

Photovoltaic solar panels are made up of photovoltaic cells and vary according to type:

1. Monocrystalline Silicon Cells: These cells are fabricated from a single, continuous
crystal lattice structure, typically produced through the controlled coolingand solidification of
molten silicon, This process results in a high-purity, uniform crystalline matrix, which is
subsequently precision sliced into thin wafers, Characterized by a deep, consistent blue
aesthetic, this material is distinguished by its structural homogeneity, appearing devoid of

visible crystal boundaries or macroscopic impurities.
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Figure (1.8): Monocrystalline Cells

2. Polycrystalline Silicon Cells: The production of polycrystalline silicon involves the
melting of silicon within specialized elongated rectangular molds, referred to as ingots,
Unlike the single crystal variety, this cooling process allows for the formation of multiple
distinct crystalline grains, Visually, these cells exhibit a variegated blue hue with a
characteristic speckled appearance, reflecting the randomized orientation of the internal
crystal fragments, This multi grain morphology serves as a primary diagnostic feature for the

identification of this specific cell category.

Figure (1.9): Polycrystalline Cells

3. Hydrogenated Amorphous Silicon Cells: This technology utilizes silicon in a
gaseous state, which is deposited onto a substrate such as glass, flexible polymers, or metallic

surfaces via a vacuum based vaporization and deposition technique, This process creates a
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non crystalline, disordered atomic structure rather than a rigid lattice, These cells are
physically characterized by a dark gray tonality and a thin film profile, differing significantly
from the traditional wafer based silicon technologies.

Figure (1.10): Hydrogenated Amorphous Cells

I-9- The Impact of Temperature on Solar Panel:

Thermal influence constitutes a critical factor in the operational performance of

photovoltaic modules, characterized by several key degradation mechanisms:

e Efficiency Attenuation: An inverse correlation exists between operating temperature
and conversion efficiency, Elevated thermal states increase internal carrier
recombination rates, thereby reducing the efficiency of photon to electron conversion.

e Voltage Reduction: The open circuit voltage (Vo) exhibits a negative temperature
coefficient, As the semiconductor temperature rises, the bandgap narrows, leading to a
decrease in the potential barrier and a subsequent decline in terminal voltage.

e Power Output Diminution: The aggregate power output (Pmax) is compromised by the
concurrent reduction in voltage and conversion efficiency. This thermal sensitivity
necessitates the use of temperature coefficients to calculate real world yield.

e Thermal Degradation: Sustained exposure to elevated temperatures induces
mechanical and chemical stresses on the encapsulation materials and semiconductor
junctions, potentially accelerating aging and reducing the device's operational lifespan.

e Operating Thresholds: PV modules are engineered for specific thermal ranges,
Operation beyond these design limits can induce non linear performance losses and
permanent structural compromise.

In summary, while photovoltaic generation remains active under high irradiance, the
concomitant rise in cell temperature acts as a limiting factor, necessitating thermal

management strategies to optimize overall system output.
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I-10- Advantages and Disadvantages of PV Energy:

1-10-1- Advantages:

e Renewable Resource Abundance: Solar irradiance represents a ubiquitous and
inexhaustible energy flux, providing a viable foundation for long term energy
sustainability on a global scale.

e Decarbonization and Emission Mitigation: Photovoltaic conversion is characterized by
the absence of atmospheric pollutants and greenhouse gas emissions during operation,
contributing significantly to the reduction of carbon footprints and the mitigation of
anthropogenic climate change.

e Technoeconomic Viability: Substantial reductions in the levelized cost of energy for
solar technologies have enhanced their competitiveness relative to fossil fuel based power
generation.

e Energy Decentralization and Security: Distributed photovoltaic generation facilitates
energy autonomy, mitigating reliance on centralized utility grids and shielding consumers
from the volatility of energy market pricing.

e Operational Reliability: Photovoltaic installations are characterized by a lack of moving
parts, resulting in minimal maintenance requirements and high operational reliability over
the system’s lifecycle.

I-10-2- Disadvantages:

e Intermittency and Temporal Variability: Photovoltaic generation is inherently non
continuous, dictated by diurnal cycles and atmospheric conditions, This stochastic nature
necessitates the implementation of energy storage systems or hybridization with
complementary power sources to ensure grid stability and supply demand
synchronization.

e Capital Intensity: Although levelized costs have declined, the acquisition and installation
of photovoltaic infrastructure require substantial upfront capital expenditure, These initial
investment requirements remain a significant barrier to entry compared to traditional
decentralized energy solutions.

e Life Cycle Environmental Considerations: While operationally carbon neutral, the life
cycle of photovoltaic modules involves energy intensive manufacturing processes and the
utilization of specific chemical precursors. Furthermore, the absence of standardized, large
scale end of life management and recycling protocols poses long term waste management

challenges.
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e Spatial Density Requirements: Due to the relatively low energy density of solar
radiation, significant surface area either terrestrial or structural is required to achieve high
power capacities, This spatial demand introduces land use competition and complicates
deployment in high density urban environments.

e Meteorological Sensitivity: System efficiency is highly susceptible to transient
meteorological phenomena, such as cloud cover, precipitation, and particulate
accumulation (soiling), These factors induce power fluctuations and reduce predictable

energy yield.
I-11- Conclusion:

In conclusion, this chapter analyzed the fundamental principles of solar irradiance and
the mechanisms of photovoltaic energy conversion, It detailed the semiconductor physics of
the photovoltaic effect and characterized the electrical behavior of generators through single
diode modeling, emphasizing the influence of temperature and impedance matching on
efficiency, Furthermore, the structural classification of silicon based cells was examined
alongside module architecture. Finally, a technical assessment of the operational advantages
and systemic constraints of photovoltaic technology provided a comprehensive framework for
the subsequent study.
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I1-1- Introduction :

DC-DC converters represent fundamental electronic architectures that serve as the
backbone of modern power management systems, Their core utility lies in the efficient
transformation of direct current (DC) voltage from one magnitude to another, a process that
ensures consistent and optimized energy delivery across diverse electronic frameworks, In
environments where input sources are inherently unstable such as the gradual depletion of a
battery or shifting load demands these converters act as a critical stabilization layer,
maintaining a fixed output voltage to guarantee the reliability of downstream components. A
primary advantage of these systems is their exceptional conversion efficiency, achieved
through high-frequency switching techniques, By modulating energy flow in discrete
intervals, they significantly mitigate the thermal losses typically associated with resistive
elements found in linear regulators, thereby preserving energy and extending the operational
lifespan of portable electronics, Beyond simple voltage regulation, DC-DC converters provide
the architectural flexibility to either step up or step down voltage levels, facilitating
sophisticated power distribution, Furthermore, many designs incorporate galvanic isolation,
which electrically separates input and output stages to eliminate ground loops and shield

sensitive semiconductor devices from transient voltage spikes and noise.

11-2- DC-DC Converters:

DC-DC converters are specialized static power electronics designed to interface with a
direct current source to produce a precisely adjustable output voltage across a designated load,
To accommodate varying industrial demands, these converters are engineered using different
semiconductor technologies tailored to specific power scales, For high capacity applications
reaching several hundred megawatts, converters are typically constructed using thyristors,
which operate at a chopping frequency in the kilohertz range.

Conversely, for lower power requirements generally ranging up to 100 kW the
architecture utilizes transistors, These components allow for significantly higher chopping
frequencies, reaching up t0100 kHz.

The following figure illustrates the symbol of a DC-DC converter.

DC mput DC output

Figure (11.1): DC-DC Converters
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11-3- Applications of DC-DC Converter:

For several years, switch mode power converters have permeated contemporary
electronics across the industrial, commercial, utility, and consumer sectors, In the realm of
low-power DC-DC conversion, the architectural landscape is dominated by three fundamental
topologies: the buck, boost, and buck-boost converters, However, as system requirements
become increasingly specialized, advanced configurations or modified variations of these
conventional designs are necessitated to meet specific performance benchmarks, The lack of a
"universal™ converter in the literature underscores the diversity of the field, where conversion
techniques are tailored to a wide array of applications spanning rigorous industrial research to
daily consumer electronics [4].

DC-DC converters represent a cornerstone of power electronics and energy drives,
serving as integral components in a multitude of industrial frameworks, as illustrated in
Figure (11.2). High voltage gain converters, in particular, are deployed in sophisticated
environments such as radar systems, data centers, and the integration of renewable energy
sources [5], This capability is especially vital for renewable applications, where high gain
converters facilitate the significant voltage step-up required for seamless distribution system
integration, Overall, the transition toward DC distribution offers compelling advantages
including a reduction in total conversion stages, lower systemic costs, and superior power

quality establishing it as the preferred infrastructure for modern energy management.
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Figure (11.2): Applications of DC/DC Converters.

Here are some of DC-DC converter applications:

e Renewable Energy Applications: DC-DC converter topologies utilized in renewable
energy systems are specifically engineered to draw a continuous and smooth input current,
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a critical requirement for achieving significant ripple reduction, This steady current profile
is essential for protecting the longevity of sources like photovoltaic panels and fuel cells,
Furthermore, these converters must demonstrate the versatility to integrate seamlessly
with diverse power sources within a unified system, To meet these demands, non isolated
interleaved high voltage gain configurations are typically the preferred choice for
interfacing renewables with microgrids, as they provide the necessary voltage boost while
distributing current across multiple paths to enhance reliability and efficiency [6].

Medical devices: Isolated DC-DC converters are indispensable in medical environments
where patient and operator safety is the paramount concern, Their primary function is to
provide a robust galvanic barrier, effectively separating the output stage from potentially
hazardous voltages on the input side to prevent electrical shock. In contrast, non isolated
converter topologies may be utilized for specific high power medical applications, such as
the power supply units for X-ray systems, where the engineering focus shifts toward
managing extreme voltage levels and rapid energy discharge while maintaining system
level insulation.

Vehicles: In the automotive sector, the primary DC-DC converter serves as a critical
power distribution hub, stepping down the high voltage energy from the onboard traction
battery to the lower DC levels required to operate essential auxiliary systems such as
lighting, wipers, and window controls [7]. This architectural requirement is universal
across both fully electric (EV) and hybrid electric vehicles (HEV), Within these systems,
galvanic isolation is a mandatory safety and functional feature, ensuring that sensitive low
voltage control circuits are strictly decoupled from the high voltage propulsion domain,
Furthermore, specialized topologies are employed to meet specific voltage needs: buck
boost converters provide the versatility to either step up or step down voltage as load
conditions fluctuate, while charge pump converters are frequently integrated for efficient
voltage inversion.

Smart lighting: In modern lighting technology, LED backlight driver solutions must
satisfy a rigorous set of performance criteria, including high conversion efficiency, precise
direct current regulation, and integrated overvoltage protection, Furthermore, these
systems frequently necessitate PWM based control for flicker free dimming and a
streamlined design to minimize manufacturing complexity, Several DC-DC converter
architectures serve as effective drivers for these applications: linear regulators are often
chosen for their simplicity and low noise in very low-power scenarios, while charge

pumps provide a compact, inductor les solution for moderate voltage boosting, For more
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demanding configurations, conventional switching converters remain the standard choice,
offering the high power density and efficiency required to drive sophisticated LED arrays

across consumer and industrial displays.

11-4- Types of DC-DC converters:

There are three types of DC-DC converters, namely: Buck, Boost, and Buck-Boost.

11-4-1- Buck Converter:

The Buck Converter is a fundamental class of DC-DC converter specifically engineered
to perform step down conversion of an applied DC input signal, Its primary function is to
transform a fixed DC input into a regulated output signal of a significantly lower magnitude,
By precisely modulating the energy flow, the buck converter ensures that the output voltage
consistently maintains a value below that of the source, effectively "bucking” the voltage
down to the required level, Due to this characteristic behaviour, it is frequently referred to in
technical literature as a Step down DC-DC Converter, a Step down Chopper, or a Buck

Regulator.

11-4-2- Operating Principle of Buck Converter
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Figure (11.3): The Circuit Representation of Buck Converter

The architectural layout of the Buck converter highlights the strategic integration of a
primary solid state switching device such as a power MOSFET coordinated with a secondary
switch in the form of a freewheeling diode, This dual switch configuration is coupled with a
low pass LC filter to effectively suppress high-frequency noise and minimize voltage and
current ripples, thereby ensuring a stable, regulated DC output, To complete the circuit, a pure
resistive element is connected across the output to serve as the system load.

The operational cycle of this converter is divided into two distinct intervals, the first of
which occurs when the power MOSFET (Switch S1) is closed, During this conduction phase,

the switch enters an "ON" state, creating a direct path that allows current to flow from the DC
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source into the circuit, As current passes through the inductor, energy is stored in its magnetic
field while simultaneously powering the load, marking the beginning of the energy transfer

process that characterizes step down regulation.
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Figure (11.4): Buck Converter When S; is Closed

Upon the application of a fixed DC voltage to the input terminals, the closure of switch
S1 initiates a specific current path through the network, During this conduction interval, the
inductor positioned directly in the current's trajectory begins to store energy within its
magnetic field as the current ramps upward, Simultaneously, the capacitor receives a portion
of this energy, accumulating charge and smoothing the voltage transitions to ensure a steady
potential is maintained, Consequently, the energy stored and filtered by these reactive
components manifests as a regulated output voltage across the resistive load, establishing the
initial phase of the step-down conversion process.

However, due to Lenz’s law, the energy stored within the inductor will oppose the cause
which has produced it and so an induced current will get generated and the polarity across the
inductor will get reversed.

Here the total time period is a combination of T,, and Togr time.

T =T, + Tosr (IL 1)

The duty cycle is written as:

D= Lon IL.2
=7 (1L.2)
On applying KVL, in the above-given circuit
Vo=V, +Vyu (1. 3)
VL = VS - Vout (I1. 4)

Also,

25



Chapter 11 : DC-DC Converter

di,
VL :LE: Vs = Vout (IL.5)
diL VS - Vout

— == 1.6
dt L (1.6)

When S1 is in closed condition then Ty, = DT thus At = DT. Therefore, we can write

Aip Vo = Vou
Lo o 1.7
At L L7y
Aip Vo —Vou
Lot (I1.8)
Hence,

Vv, — V.,
Ai, = (%‘”) DT (I 9)

The above equation represents the change in current through the circuit when switch S1

is closed.

Now, the second mode of operation takes place when switch S; is closed and S; gets

open, However, you must be thinking about how automatically, the switch S, will be closed.

So, as we have discussed that the inductor in the circuit will store the energy so, once S; will

get open the inductor in the circuit will start acting as the source, In this mode, the inductor

releases the energy which is stored in the previous mode of operation, As we have discussed

that the polarity of the inductor will get reversed therefore this causes the freewheeling diode

to come in a forward biased state which was earlier present in a reverse biased state due to the

applied dc input.
Due to this, the flow of current takes place in a way as shown below:
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Figure (11.5): Buck Converter When S; is Closed

This flow of current will take place till the time the stored energy within the inductor

gets completely collapsed, As once the inductor gets completely discharged, the diode comes
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in reverse biased condition leading to cause opening of switch S, and instantly switch S; will
get closed and the cycle continues.

Now, let us apply KVL, in the above circuit

0=V, + Vo (11. 10)
v, = Lﬂ = —Vout (IL.11)
dt
Since, we know,
T =Ty, + Toge (1. 12)
T = DT + Ty (IL13)
Ty =T —DT (I 14)
Ty = (1=D)T (I 15)
v, = Lﬂ = —Vou (11. 16)
At
Ty = At= (1 —=D)T (1. 17)
LL = —Vou (11.18)
(1-D)T
So,
Ai, = — V‘Z“ (1-D)T (I1. 19)

This equation represents the rate of change in current through the inductor when the
switch S1 is open.

As we know that the net change of current through the inductor in one complete cycle is

zero. Thus,
Alp g, cioseay T AlL(s1-open) = 0 (1. 20)
]/S - Vout V()ut
—— DT + {— (1- D)T} =0 (I1.21)
L L
On simplifying,

ViDT ~ Vou DT VouT | Vou DT _

I1.22

L L L L ( )
VSDT VoutT

= II. 23

)= @29

Vo = DV, (1L 24)
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The figure given below represents the waveform representation of Buck Converter:

Figure (11.6): Wave form Representation

Hence, we can say, buck converters are used to provide a lower value of dc signal from

a fixed dc input.

11-4-3- Boost Converter:

The Boost Converter, also widely recognized as a step-up DC-DC converter, is a
specialized class of chopper circuit engineered to produce an output voltage significantly
higher than the initial supply voltage, The fundamental principle of its operation lies in its
ability to "boost"” the magnitude of the DC signal, transforming a low voltage input into a high
magnitude output suitable for more demanding loads. This characteristic makes it the inverse
of a buck converter, as it focuses on maximizing the potential energy delivered to the system,
The designation "boost™ serves as a literal description of its primary function: elevating the
electrical potential to a level that exceeds the source input.

11-5- Operating Principle of Boost Converter

The figure given below is the circuit representation of the boost converter:
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Figure (11.7): Elementary Circuit of Boost Converter

The fundamental architecture of this step-up DC-DC converter is characterized by the
strategic placement of a large inductor (L) in series with the input voltage source. This
configuration is essential for the circuit’s primary objective: maintaining a stable, regulated
DC output at a higher potential than the input, To achieve this, the system relies on the energy
storage properties of the inductor, which acts as a bridge between the supply and the load.

The operational cycle begins when the chopper (CH), acting as the primary switch,
enters the "ON" state, During this interval, the closed switch creates a low resistance path,
causing current to ramp up as it flows from the DC source directly through the inductor, As
the current circulates through this internal loop, the inductor absorbs energy from the source
and stores it within its magnetic field, During this specific phase, the load is typically isolated
from the source by a diode, and the inductor prepares to "boost" the voltage in the subsequent

phase of operation.

CH Vv

orPOr

Figure (11.8): The Chopper CH is in on State

During this conduction interval, the inductor’s polarity is established relative to the
direction of current flow, with energy accumulating as the magnetic field expands, In this

specific configuration, the output diode is maintained in a reverse biased state, effectively
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isolating the load from the input source while the switch remains closed. Consequently, no

current passes through the output branch during the "ON" state of the converter.
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Figure (11.9): The Chopper CH is in Off State

At the instant the chopper (CH) transitions to the "OFF" state, the primary conduction
path is interrupted, rendering the previous internal loop inactive, However, due to the energy
stored within the inductor's magnetic field, the current cannot cease instantaneously, In
accordance with Lenz’s Law, the inductor generates an induced electromotive force (EMF) to
oppose the sudden decrease in current, causing the inductor’s polarity to reverse relative to its
charging state.

This reversal in polarity places the inductor in series with the input source, effectively
"stacking" their voltages, This combined potential shifts the diode into a forward biased state,
creating a path for the stored energy to be delivered to the load, During this interval (Tos), the
inductor acts as a secondary source, discharging its energy into the system, It is important to
note that during this phase, the inductor current is of a decreasing nature, gradually depleting
until the next switching cycle begins or the field completely collapses.

Thus, the total voltage across the load will be given as:

Vo = Vin +V,, (IL. 25)

This means that the output voltage exceeds the applied input voltage, Thus, performs
step up conversion as the energy stored within the inductor during the T, period is released
during the T period.

During the T, period, the voltage across the inductor will be given as:

di

=L— II. 2
VL a1t (I1. 26)

Let us have a look at the waveform representation of the step-up chopper shown below:
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Figure (11.10): Waveform Representation

During the T,, period, the current through the inductor will change from i; to i, this is
clearly shown above, While during the Ty period, the inductor current will change from i, to
i1. Now, talking about voltage, so during the turn on period, the voltage across the inductor
will be equal to the supply input voltage, But when CH gets off then on applying KVL in the
figure shown above, we will get,

V,—=Vo+V, =0 (1. 27)
This means,
VL, =V, =V, (1. 28)

Considering that output current is varying linearly, the energy input provided by the

source to the inductor, when CH is on, is given as:

W, = (voltage across the inductor )( average current through the inductor )T,

i1 + 10,
Won = Vin (T) Ton (11.29)

Further, the energy that the inductor releases to the load when CH is off is given as:
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W+ = (voltage across the inductor ) (average current through the inductor) T

i, +1,
Woff = Vout - Vl (T) Toff (H- 30)
For a lossless system, comparing the two energies, we will have,
i1 +1, i1 +1i,
Vin <—) Ton = Vout - Vl (—) Toff (H- 31)
2 2
On simplifying,
Vin Ton = Vout Toff - Vin Toff (H- 32)
Vout Toff = Vin Ton + Vin Toff (H- 33)
Vout Toff = Vin (Ton + Toff) (H- 34)
Since we know, T = Ton + Toff, therefore,
Vout Toff = Vin T (H- 35)
Vo =V r II. 36
out — ¥i Toff ( . )
T
Vouw = Vi T—T. (I1.37)
V.. =V - 11. 38
out — ln(Z_Ton) ( )
T T
Since, we know, duty cycle i.e., a =Toy/ T
V % ! 39
-V —— 1.
out m (1 _ a) ( )

Thus, we can conclude here that the average load voltage can be stepped up with the
change in the duty cycle.

11-6- Buck-Boost Converter:

The Buck-Boost Converter is a highly versatile class of DC-DC converter capable of
producing an output voltage magnitude that is either greater than or less than the input voltage
magnitude, Much like a transformer functions in AC circuits to adjust potential levels, the
buck-boost converter "steps” the DC voltage to the desired level, regardless of whether that
level is higher or lower than the source. In terms of architectural complexity, it is often
viewed as the single inductor equivalent of a fly back converter, utilizing a simpler design to
achieve a wide range of output regulation.

This converter frequently referred to in power electronics as a universal chopper
operates based on its duty cycle, denoted as DA. By modulating this ratio, the system can
seamlessly transition between step down and step up modes, providing an adaptable solution

for applications with highly variable input sources or shifting load requirements, The
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fundamental schematic of a typical Buck-Boost converter, illustrating the unique inverted

polarity of its output, is provided below:

g — 1.
b O

Vi n

Figure (I11.11): The Circuit Representation of Buck-Boost Converter

The input voltage source is connected to a solid state device, The second switch used is
a diode, The diode is connected, in reverse to the direction of power flow from source.

to a capacitor and the load and the two are connected in parallel as shown in the figure
above.

The controlled switch in the converter uses Pulse Width Modulation (PWM) to toggle
on and off, PWM may operate based on time or frequency, with time based being the more
common approach.

Frequency based modulation, though versatile, has the disadvantage of requiring a wide
range of frequencies to precisely control the switch and thus achieve the desired output
voltage.

Time based Modulation is mostly used for DC-DC converters, It is simple to construct
and use.

The frequency remains constant in this type of PWM modulation, The Buck Boost
converter has two modes of operation, The first mode is when the switch is on and
conducting.

Mode I: Switch is ON, Diode is OFF
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Figure (11.12): The Equivalent Circuit of Mode I

When the switch is in the ON state, it ideally functions as a short circuit, offering zero
resistance and allowing current to flow from the DC source directly through the inductor
before returning to the source, During this interval, the inductor charges, storing energy
within its magnetic field, Because the diode is reverse biased during this phase, the inductor is
effectively isolated from the output stage, and the load is temporarily supported by the energy
stored in the output capacitor.

Once the solid state switch transitions to the OFF state, the inductor’s magnetic field
begins to collapse, causing its voltage polarity to reverse instantaneously, This reversal
forward biases the diode, creating a new conduction path that forces the stored energy through
the load and the capacitor, Crucially, while the voltage polarity across the inductor flips, the
direction of the current through the inductor remains the same, This continuous current flow is
what facilitates the transfer of energy to the load, regardless of whether the final output
voltage is stepped up or stepped down relative to the input.

Let us say the switch is on for a time Toy and is off for a time Togr.

We define the time period, T, as:

T =Ton + Torr (11 40)
and the switching frequency:
1
Jfewitching = T (I 41)

Let us now define another term, the duty cycle:

TON
D=—~ I1. 42
T (1. 42)

Let us analyse the Buck Boost converter in steady state operation for this mode using
KVL.
Vin=V
di;,
VL = LE = Vin
di, Ai, A,V

dt At DT L

(11. 43)

Since the switch is closed for a time Toy = DT we can say that At=DT.

, Vi
(ALL)closed = (%) DT (I1. 44)
While performing the analysis of the Buck-Boost converter we have to keep in mind

that
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e The inductor current is continuous and this is made possible by selecting an appropriate

value of L.

e The inductor current in steady state rises from a value with a positive slope to a maximum

value during the ON state and then drops back down to the initial value with a negative

slope. Therefore, the net change of the inductor current over any one complete cycle is

ZEro.

Mode Il: Switch is OFF, Diode is ON
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Figure (11.13): The Equivalent Circuit of Mode 1l

In this mode, the inductor’s polarity reverses as it transitions from an energy consumer

to an energy provider, The energy accumulated in the previous cycle is now released and

transferred to the load resistance; this discharge mechanism ensures that the current maintains

its original direction through the load, providing the necessary continuity for stable operation,

In a boost configuration, the inductor effectively acts as a secondary source in series with the

input, "stacking" its potential to step up the output voltage, For the purpose of mathematical

modeling and circuit analysis, we maintain the original sign conventions, allowing us to apply

Kirchhoff’s Voltage Law (KVL) consistently across both switching states to derive the

converter's transfer function.

11-7- Buck Boost Converter Formula

Let us now analyze the Buck Boost converter in steady state operation for Mode Il

using KVL.

=V,

v, = LdiL =V
L — dt — Yo

di, Ai Ai, v,

dt At (A-D)T L
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Since the switch is open for a time

we can say that

At =(1-D)T (11. 49)
. Vo

(ALL)open = (T) (1 - D)T (1. 50)

It is already established that the net change of the inductor current over any one
complete cycle is zero.

(AiL)closed + (AiL)open =0 (IL.51)
V. V;

21 -D)T+(=)DpT =0 (I1.52)
L L

% -D

Vfo = m (II. 53)

We know that D varies between 0 and 1, If D > 0.5, the output voltage is larger than the
input; and if D < 0.5, the output is smaller than the input, But if D = 0.5 the output voltage is
equal to the input voltage[8].

11-8- Comparison of Converter Types:

Table (11.1) summarizes the voltage gains and switch stresses for the different converter
types, For these converters, the evolution of the voltage gains as a function of the duty cycle is
shown, While several types can be considered as boost converters, particularly if the duty
cycle is greater than 0.5, only the boost type provides a boosting capability over the entire
duty cycle range, For a duty cycle of 0.5 for example, the boost converter exhibits an output
voltage twice the input voltage, Whereas for the other boost derived type, the output voltage is

equal to the input voltage for this duty cycle value, It is only when the duty cycle approaches

1 that the other boost derived types tend to resemble the behavior of the conventional boost
type.[9].

Boost 1 Vin + AVout Tout +&

1-a 2 1-a 2
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Buck a Vin + AVout Ve + AVout
1— «a 1-a 2 1-a 2
Buck-Boost a Vin i AIL

Table (11.1): Comparison of Converter Types.
11-9- Efficiency of Static Converters:

The table provides insight into the efficiency of some well-known converter types.[10]

Conversion Efficiency Battery

Boost 92% 24V
Buck 93% 12v
Buck-Boost 92% 12-24V

Table (11.2): Efficiency of Static Converters.
11-10- Conclusion:

In conclusion, DC-DC converters are the backbone of modern power electronics,
providing the necessary efficiency and precision to manage energy across a vast spectrum of
voltage requirements, By utilizing fundamental topologies like the Buck, Boost, and Buck-
Boost converters, engineers can tailor power delivery to suit the unique demands of specific
electronic architectures, ensuring that energy is never wasted during the conversion process.

These converters find wide ranging applications in industries such as automotive,
renewable energy, telecommunications, and consumer electronics, From powering small
electronic devices to managing energy flow in solar power systems, DC-DC converters are
indispensable.

Building on this foundation of power conversion, the next logical progression is the
optimization of energy harvest, Maximum Power Point Tracking (MPPT) stands as a vital
technology in this regard, particularly within the renewable energy sector, By dynamically
adjusting the electrical operating point of photovoltaic panels, MPPT ensures the extraction of
the highest possible wattage regardless of environmental fluctuations, In the following
chapter, we will explore the mechanics of MPPT, its critical role in system efficiency, and the

various algorithms used to implement it

37



Chapter Il
Maximum Power Point

Tracking



Chapter I11: Maximum Power Point Tracking

I11-1- Introduction:

To enhance the inherent performance of solar panels and achieve peak
conversion efficiency, a holistic optimization of the entire photovoltaic (PV) system is
required. Central to this strategy is the refinement of the DC/DC converter, which
serves as the critical interface between the PV generator and the load, By integrating a
Maximum Power Point Tracking (MPPT) controller, the system can continuously
extract the maximum available power, ensuring that the PV array operates at its
Maximum Power Point (MPP) without energy dissipation, This dynamic regulation
allows for the consistent capture of energy, successfully adapting to the unpredictable
nature of atmospheric conditions, such as fluctuations in irradiance and temperature.

Since the 1970s, a diverse array of MPPT control methodologies has emerged,
evolving from rudimentary voltage and current feedback loops into highly
sophisticated algorithmic solutions, These modern controllers are engineered to
autonomously calculate the system's MPP with high precision, representing a
significant leap in our ability to harness solar energy reliably, Among the most
prevalent techniques established in the field are the Incremental Conductance (INC)
method, the Perturb and Observe (P&QO) method, and the "hill climbing" algorithm
[11], Each of these approaches reflects a unique engineering solution to the challenge

of maximizing energy yield in an ever changing environment.

I11-2- Maximum Power Point Tracking:

The enhancement of photovoltaic (PV) system efficiency necessitates the
maximization of the PV generator's power output. This is achieved through the
precise selection of the operating point, effectively adapting the load impedance to the
characteristics of the voltage source, Within this architecture, the DC-DC converter
functions as an indispensable impedance adapter, ensuring the system remains
anchored at the optimal point to facilitate peak power production [12], This
synchronization between source and load is fundamental to transforming raw solar
energy into a stable and usable electrical resource.

Consequently, maximizing the output of a photovoltaic source involves a
continuous pursuit of this optimal operating state, a process formally recognized as
Maximum Power Point Tracking (MPPT), These MPPT methodologies utilize

iterative search algorithms to determine the solar module's ideal coordinates, ensuring
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maximal power generation without necessitating a disruption in system operation, By
calculating the extracted power through the real time multiplication of measured
current and voltage, these various methods can dynamically pursue the true Maximum
Power Point (MPP), While several control strategies exist including the constant
voltage, constant current, and incremental conductance methods this work focuses on
the Perturb and Observe (P&O) algorithm, This particular method was selected for its
elegant simplicity and the practical ease with which it can be implemented in real

world energy systems.

I11-3- Working principle of MPPT:

Specific control laws have been developed to drive devices toward the peak
operating points of their characteristic curves, even when these points are not
predetermined or when the underlying causes for their fluctuations remain unknown,
Within the context of energy harvesting, these optimal states are identified as
maximum power points, This control paradigm is widely recognized in technical
literature as "Maximum Power Point Tracking," or simply MPPT, The core principle
of such control schemes is to execute a dynamic search for the Maximum Power Point
(MPP), ensuring a seamless impedance adaptation between the generator and its load
to facilitate the transfer of maximum available power [13].

To streamline the operational analysis of this control mechanism, a DC load is
typically selected as the reference, As observed in this power chain, the MPPT
controller must be coupled with a four pole network possessing sufficient degrees of
freedom to enable the necessary adaptation between the PV generator and the load, In
photovoltaic conversion systems, this four pole interface is realized through a DC-DC
converter; this configuration ensures that the output provided by the PV generator
consistently aligns with its theoretical maximum power (Pwmax), Which is then

effectively transferred to the designated load.
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Figure (II1.1): Block Diagram of The PV System

A prevalent control strategy involves the automatic modulation of the duty cycle
to steer the generator toward its optimal operating value, a necessary intervention
given the sudden load variations that can manifest at any moment, As depicted in
Figure (111.2), three distinct categories of disturbances are identified which shift the
operating state from the initial maximum power point (MPP1) to a secondary point
(P1), deviating from the optimum. In instances of fluctuating solar irradiance (case a),
the system must dynamically recalibrate the duty cycle to converge upon the new
MPP2. Similarly, during a load variation (case b), the operating point undergoes a
shift that can be corrected to a new optimal position through active command
intervention, To a more subtle degree, shifts may occur due to thermal variations in
the photovoltaic module’s operating temperature (case c), While this requires a
corresponding command response, it is distinct in that it does not share the same

urgent time constraints as the former two cases [14].
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Figure (111.2): Search and Recovery Of MPP
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I11-4- Classification of MPPT Control:

In a broader sense, MPPT controllers are categorized based on their electronic
architecture, falling into analog, digital, or hybrid implementations, However, a more
insightful classification is derived from the specific nature of the search mechanism
they employ and the distinct input parameters utilized by the controller to navigate the

pOWer curve.

I11-4-1- Classification of MPPT Controllers Based on Input Parameters:

a) MPPT Controllers Operating from Input Parameters:

A diverse array of MPPT controllers has been developed to execute a maximum
power point search by monitoring the dynamic evolution of power delivered by the
PV array. Prominent examples include the Perturb and Observe (P&O) method and
incremental conductance algorithms, both of which analyse the power output to
initiate precise control actions for successful tracking. Additionally, some controllers
utilize proportional relationships between the optimal parameters of the maximum
power point specifically Vo and loy: and the fundamental characteristic parameters of
the PV module, such as the open circuit voltage (Voc) and short circuit current (ls),
This methodological variety allows for a sophisticated approach to power
management, ensuring the system can adapt its search strategy to the unique electrical
signature of the PV source.

Notably, MPPT controllers inspired by the architecture of neural networks also
fall within this category, representing a more advanced tier of intelligence, These
systems either utilize extensive memory structures to store and reference a vast library
of potential operating scenarios or rely on refined approximation techniques to
navigate the power curve, Such controllers are highly valued for their superior
precision and rapid transient response times, bridging the gap between standard

algorithmic logic and adaptive computational intelligence [15].

b) MPPT Controllers Operating from Output Parameters of the Converter:

In the academic literature, alternative algorithms have been developed that focus
on the output parameters of the DC-DC converter to guide the tracking process, A
primary example includes MPPT controllers designed to maximize the output current,
a strategy predominantly utilized when the system load is a battery, In such

configurations, an approximation of Pna is derived through the operational efficiency
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of the conversion stage; essentially, the integrity of this approximation is directly
proportional to the quality and efficiency of the converter itself, However, it is
important to note that single sensor systems generally possess an inherent degree of
imprecision compared to dual parameter sensing. Interestingly, many of these
streamlined systems were originally pioneered for the rigorous and resource

constrained requirements of space applications [15].

111-4-2- Classification of MPPT Controllers According to the Type of Search:
a) Indirect MPPT:

This category of MPPT control exploits the inherent correlation between easily
measurable variables, such as the open circuit voltage (Vo), and the estimated
position of the Maximum Power Point, It encompasses control strategies that derive
the PV system's operating point from predefined parametric models, as well as
methods that establish optimal voltage tracking by solely monitoring cell temperature
fluctuations via a single sensor, These strategies are characterized by their
straightforward implementation, offering a pragmatic solution for energy
management. Consequently, they are primarily intended for cost effective, lower
precision systems deployed in geographical regions characterized by stable climatic

conditions and minimal environmental variance [16].

b) Direct MPPT:

This category of MPPT control identifies (MPP) the optimal operating point by
analyzing real-time measurements of system currents, voltages, or power levels,
enabling a dynamic response to unpredictable fluctuations within the photovoltaic
environment, These procedures typically employ a search algorithm that tracks the
peak of the power curve without necessitating any interruption to system
performance. In practice, the operating voltage is adjusted at fixed intervals: if the
subsequent power output increases, the search maintains its trajectory, if it decreases,
the direction is reversed, While this leads to a characteristic oscillation around the true
MPP, the fundamental logic remains a robust framework for energy maximization, To
mitigate interpretation errors such as those triggered by rapid surges in solar
irradiance that might mislead the search direction more advanced iterations of these

algorithms are often employed.
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Accurately pinpointing the PV generator’s power requires the simultaneous
measurement of voltage and current followed by the multiplication of these two
variables, a process central to modern tracking intelligence, Beyond simple
incremental logic, other sophisticated algorithms introduce small-signal sinusoidal
perturbations into the converter's switching frequency. By comparing the alternating
and direct components of the PV system's voltage, these methods can precisely
position the operating point in the immediate vicinity of the MPP, This class of
control is highly regarded in the field for its superior precision and rapid transient
response, bridging the gap between basic automation and highly adaptive power

electronics [16].

111-5- Different MPPT Commands Synthesis:

A significant volume of research regarding MPPT control strategies has
emerged consistently in the literature since 1968, marking the initial publication of
control laws specifically adapted for photovoltaic renewable energy systems, This
foundational period initiated a rapid evolution in power electronics, as engineers
sought to master the volatile nature of solar energy, Given the extensive proliferation
of publications within this specialized field, it is essential to establish a systematic
classification of various MPPT techniques, By categorizing these methods according

to their fundamental operating principles.

111-5-1- First MPPT Commands Types:

The algorithms integrated into the earliest MPPT commands were characterized
by a relative simplicity, necessitated by the limited computational capacity of the
microcontrollers available during that era. Furthermore, initial applications
predominantly situated within the aerospace sector faced less volatile fluctuations in
temperature and solar irradiance compared to contemporary terrestrial systems, The
pioneering command law applied to a photovoltaic system was first detailed by A.F.
Boehringer, utilizing an adaptive control framework designed to maintain the system
at its maximum power point (MPP), This logic, as illustrated in Figure 3, represents a
foundational approach that can be readily translated into a computational routine.

The operational sequence involves the real-time calculation of power at a
specific interval (t;) derived from the instantaneous measurements of lpy and Vpy,

This value is then compared against the power signature captured at the preceding
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interval (ti-1) and stored in memory, Based on the differential between these two

states, the controller calculates and implements a revised duty cycle (D) within the

[ Measure Vi, I, ]

¥

[Calculte power P(u)]

static converter.

Yes

P(n)-P(n-1)=0

Figure (I11.3): Bloc Diagram of a Digital MPPT Command

While this foundational principle remains theoretically robust, it has been
significantly refined through integration into the highly efficient numerical
algorithms, Although the core logic of the search persists, contemporary
implementations have achieved substantial advancements in both response latency

and the precision of the Maximum Power Point (MPP) localization [14].

111-5-2- Efficient MPPT Commands Algorithms:

The four (04) methodologies most frequently encountered in the field are
generally categorized as Hill Climbing, Perturb and Observe (P&O), Incremental
Conductance, and Artificial Neural Networks (ANN), These techniques represent the
primary architectural pillars of modern power management, each offering a distinct

approach to navigating the complexities of energy optimization.

111-5-3- Algorithm Perturb and Observe (P&O):
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The operational philosophy of Perturb and Observe (P&O) control involves
introducing a small amplitude disruption to the voltage VPV, relative to its current
state, followed by a systematic analysis of the resulting power variation, PPV. As
illustrated in Figure (111.4), this feedback loop allows the system to determine its
relative position on the power curve: if a positive voltage increment leads to a rise in
power, the operating point is situated to the left of the Maximum Power Point (MPP).
Conversely, if a power reduction is observed following an increase in voltage, it
indicates that the system has surpassed the peak and is now operating on the right-
hand side of the MPP.

Prrer
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Figure (I11.4): Ppv VS Vpv Characteristic of a Solar Panel

Figure (111.5) delineates the algorithmic structure of a conventional Perturb and
Observe (P&O) MPPT controller, where the power trajectory is evaluated following
each deliberate voltage disturbance, This specific command architecture necessitates
the integration of two distinct sensors measuring current and voltage to calculate the
solar generator's power output at every discrete moment, Currently, the P&O method
remains a predominant choice in the industry, largely due to its straightforward
implementation and minimal computational requirements. However, this simplicity
introduces inherent challenges, most notably the steady state oscillations around the
Maximum Power Point (MPP), Because the algorithm must periodically re execute its
search to confirm the peak, the system is trapped in a state of continuous fluctuation,
never truly settling on the optimal coordinate.

46



Chapter I111: Maximum Power Point Tracking

dizsturbancsa
oriantation
maintainasd

Pov [W]

Figure (II1.5): Divergence of The P & O Command Due to Radiation Variations
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Figure (II1.6): Algorithm of The P & O Type of Command

To illustrate this phenomenon, consider a scenario under a specific solar
irradiance level, E1, with the initial operating point situated at A. Following a voltage

perturbation of magnitude AV, the system transitions to point B; in a stable
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environment without changes in illumination, this results in a detected negative power
derivative, This detection triggers a reversal of the perturbation direction, establishing
an equilibrium characterized by continuous oscillations around the MPP as the
operating point fluctuates between B and C, It is important to observe that the
resulting power transfer losses will vary in significance based on the proximity of
points B and C to the optimal point A. However, if the irradiance shifts from E1 to E2
during this process, the operating point moves from A to D. The algorithm interprets
this shift as a positive power variation, which can momentarily mislead the tracking
logic as it attempts to distinguish between a successful perturbation and a change in

environmental conditions [14].

111-5-4- Algorithm Hill Climbing :

The hallmark of the Hill Climbing MPPT method is its inherent simplicity,
leveraging the duty cycle of the boost converter as the primary control parameter to
execute the tracking process [17],[18]. However, the principal drawback of this
technique lies in the delicate trade off required to maintain system stability during
periods of constant irradiance. Furthermore, the method often struggles with response
latency when faced with abrupt atmospheric fluctuations [17],[18]. During steady
state conditions, an exceptionally small duty cycle variation, AD, is necessary to
minimize power oscillations around the peak and prevent significant energy loss.
Conversely, when solar radiation changes rapidly, a larger duty cycle increment is
required to accelerate the pursuit of the new maximum power point, creating a

fundamental conflict between precision and agility.
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Figure (I11.7): State Flowchart of Hill Climbing MPPT Technique.

I11-5-5- Algorithm Incremental conductance (INC) :

The operational principle of this algorithm is based on the comparative analysis
of the instantaneous conductance, G = I/V, and the incremental conductance, dG, to
precisely determine the operating point's location relative to the maximum power
point, If the incremental conductance is greater than the negative of the instantaneous
conductance (dG> -G), the system identifies that it is to the left of the peak, and the
duty cycle is subsequently decreased. Conversely, if the incremental conductance is
less than the negative of the instantaneous conductance (dG< -G), the duty cycle is
increased, This iterative adjustment continues until the condition dG = -G is satisfied,
signaling that the maximum power point has been successfully achieved [19]. This
method offers a more mathematically grounded approach to tracking, seeking to

eliminate the hesitation often found in simpler trial and error logic.

49



Chapter I111: Maximum Power Point Tracking

Measure J(k), V{k) And
Al = (k) — I(k — 1)

AW = Vikd) — ¥k — 1)

Iy

Yes
AV = 0

*
Yes Yes
I+ V(AI/AVY = 0

Mo Mo

|

Yes Mo

* * * *

[cow ] [ ] [eew ] [ow ]

Figure (II1.8): Flowchart for The Incremental Conductance Algorithm.

111-5-6- Artificial Neural Networks (ANN) :

In a general sense, an artificial neural network (ANN) functions through the
coordination of numerous processors operating in parallel, organized into a
hierarchical layer structure, The initial input layer acts as the primary receptor for raw
data, functioning much like the way optic nerves receive visual stimuli in the human
biological system, Following this initial intake, each subsequent hidden layer receives
and refines the processed information transmitted from the preceding stage, This
architecture mirrors the human neurological experience, where individual neurons
receive signals from those positioned closer to the sensory source. Finally, the
terminal layer synthesizes these collective signals to generate the system's ultimate
results or control outputs, transforming complex data into a singular, actionable

decision.
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Figure (II1.9): Functioning of Artificial Neural Networks

Neural networks empower computational systems to autonomously acquire
knowledge from novel datasets through sophisticated learning algorithms, Rather than
relying on rigid, pre-defined instructions, these systems are trained on labeled datasets
to master complex tasks, such as object recognition, by iteratively identifying and
reinforcing underlying patterns, This departure from traditional programming means
that neural networks cannot be directly scripted; instead, they evolve their internal
logic in a manner strikingly similar to the cognitive development of a child's brain.
This adaptive growth is typically achieved through three primary learning
methodologies, which allow the network to refine its predictive accuracy and
decision-making capabilities over time:

1- Supervised Learning: Within this framework, the algorithm undergoes
training on a comprehensive dataset of labeled inputs and outputs, iteratively refining
its internal parameters until it consistently achieves the target performance, In the
context of MPPT, this involves presenting the network with specific environmental
conditions such as varying irradiance and temperature paired with their known
optimal operating points, By minimizing the error between its predictions and these
established "ground truth" values, the network develops a robust mapping function
that allows it to predict the maximum power point for new, unseen data with high
precision.

2- Unsupervised Learning: In this methodology, the network operates on
unlabeled datasets, autonomously identifying hidden structures or clusters within the
information without the guidance of pre-established "correct” answers. A specifically
designed cost function serves as the system's internal compass, steering the network
toward the desired result by quantifying and penalizing deviations from the objective.

3 Reinforcement Learning: In this paradigm, the network evolves by
interacting dynamically with its environment, receiving metaphorical rewards for
positive outcomes and penalties for erroneous actions, This feedback loop empowers
the controller to iteratively refine its strategy and enhance performance over time,
mirroring the fundamental way humans acquire expertise by learning from their

mistakes.

111-6- Application of Artificial Neural Networks in MPPT:
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Artificial neural networks are increasingly employed to optimize Maximum
Power Point Tracking (MPPT), a sophisticated and essential component of modern
photovoltaic (PV) systems. By continuously modulating the operating parameters of
the PV panels, these neural architectures significantly enhance the efficiency of solar
energy capture, ensuring that the system consistently operates at its peak output
potential. This dynamic adjustment is particularly vital as it accounts for highly
variable environmental factors, including fluctuating solar irradiance, temperature
gradients, and the complex challenges posed by partial shading. Through this high-
level adaptive control, neural network-based MPPT empowers PV systems to harness
solar energy with far greater efficacy, ultimately resulting in a substantial increase in
cumulative energy production.

This example shows the use and practical application of artificial neural
networks and their valuable role in improving the performance of PV systems through
MPPT algorithms[20].

[11-7- Implementation of ANN in MATLAB/SIMULINK:

The Neural Network Fitting app in MATLAB provides a user-friendly interface
for designing, training, and evaluating artificial neural networks. The process involves
selecting the data, configuring the network architecture, training the network, and
assessing its performance through various plots and metrics. This tool is particularly
useful for tasks like MPPT, where accurate modeling of complex relationships

between inputs and outputs is crucial.

% Data Collection:
The initial phase of the proposed method involves collecting data from MPPT
method simulations performed under a variety of scenarios. Data collection is the

cornerstone for training and evaluating the ANN-based MPPT model[20].

% Setting Up the Neural Network Fitting Tool:

To begin the implementation process, we will open the Neural Network Fitting
Tool in MATLAB. This tool provides a user-friendly interface for training and
evaluating neural networks. We will import our defined variables and configure the

tool for our specific application[21].
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<\ Meural Fitting (nftool]

Welcome to the Neural Network Fitting app.

Solve an input-output fitting problem with a two-layer feed-forward neural network.
Introduction Neural Network

In fitting problems, you want a neural network to map between a data set Hidden Layer
of numeric inputs and a set of numeric targets.

Output Layer
Input Output
Examples of this type of problem include estimating engine emission ( (
levels based on measurements of fuel consumption and spesd
or predicting a patient's bodyfat level based on body

measurements

The Neural Fitting app will help you select data, create and train a network, A two-layer feed-forward network with sigmoid hidden neurons and linear
and evaluate its performance using mean square error and regression cutput neurens . can fit multi-dimensienal mapping problems
analysis. arbitrarily well, given consistent data and enough neurons in its hidden

layer.

The network will be trained with Levenberg-Marquardt backpropagation

algorithm . unless there is not enough memory, in which case
scaled conjugste gradient backpropagation will be used.

$ To continue, click [Next].

& Neural Network Start M Welcome 4= Back QD Cancel

Figure (II1.10): Setting Up the Neural Network Fitting Tool

This figure introduces the Neural Network Fitting app, explaining its purpose,

which is to solve an input-output fitting problem using a two-layer feed-forward
neural network.

Hidden Layer Output Layer

P Mk

Figure (IT1.11): Neural Network Structure

The diagram shows the structure of the neural network, which includes an input
layer, hidden layers, and an output layer.

e Training Algorithm: It mentions that the network will be trained using the

Levenberg-Marquardt backpropagation algorithm (trainlm).
1. Select Data:
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<4\ Neural Fitting (nftool) — O %

J
S Select Data
What inputs and targets define your fitting problem?

Get Data from Workspace Summary

Input data to present to the network. Inputs 'simplefitinputs' is a 1x94 matrix, representing static data: 94 samples

B nputs: simplefitinputs  ~ - of 1 element.

Target data defining desired network output.
@ Targets: simplefitTargets Targets 'simplefitTargets' is a 1x84 matrix, representing static data: 94
samples of 1 element.

Samples are: @ ] Matrix columns O [E] Matrix rows

Want to try out this tool with an exarple data set?

Load Example Data Set

Ep To continue. click [Next].

& Neural Network Start K4 Welcome 4@ Back B Next @ Cancel

Figure (I11.12): Select Data

Inputs and Targets: This figure allows you to select the input and target data
from the MATLAB workspace.

Data Summary: The summary on the right shows the dimensions of the selected

data. Here, 'simple fit Inputs’ and 'simple fit Targets' are used as example datasets,
with 94 samples each.

Import Data:

)

| Load Example Data Set |

€D Browsing for inputs.

& Neural Network Start M Welcome & Back » Next @ cancel

Figure (I11.13): Import Data

Data Import: If the data is not already in the workspace, this figure allows you to
browse and import data files from your computer. This ensures that the input and
target datasets are correctly loaded into MATLAB for network training.

Validation and Test Data:
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<\ Neural Fitting (nfteol — [m] x
Validation and Test Data
5 ome samples for validation and testing.
Select Perce Explanation
& Randomly divide up the 94 samples: & Three Kinds of Samples:
@ Training: 0% 66 samples
@ Validation: 15% ~ 14 samples
W Testing: 15% v 14 samples
are used to measure network generalization, and to halt training
when generalization stops improving.
@ Testing:
These have no effect on training and so provide an independent m: f
network performance during and after training.
Restore Defaults
B Change percentages if desired, then click [Next] to continue.
& Neural Network Start K Welcome @ Back & Next @ cancel

Figure (I11.14): Validation and Test Data

Data Division: This figure divides the dataset into training, validation, and testing
subsets. The default division is 70% training, 15% validation, and 15% testing.

e Explanation: Training data is used to train the network, validation data is used to
prevent overfitting by stopping training when performance worsens, and testing

data is used to independently assess the network's performance.
4. Network Architecture:

4 Neural

Network Architecture
Set the number of neurons in the fitting network's hidden layer.

Hidden Layer

Define a fitting neural network. ~(fitnet)

Number of Hidden Neurons: 10

Restore Defaults

Neural Network

Hidden Layer Output Layer
Input 1 e 7 Output
el.. 5 @ o .l
= ,
10 1

B) Change settings if desired, then dlick [Next] to continue.

& Neural Network Start 4 Welcome @ Back & Mext @ Cancel

Figure (I11.15): Network Architecture

e Hidden Layer Configuration: This figure allows you to set the number of

neurons in the hidden layer(s). In this example, there are 10 neurons in the hidden
layer[21].
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Network Diagram: The diagram below visually represents the structure of the
network with the specified number of hidden neurons.
5. Network Training:

T
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Figure (I11.16): Network Training

Training Process: This figure shows the progress of the network training,

including the number of epochs, performance, gradient, and validation checks.

Performance Plots: Various plots are available to monitor the training process,
including performance, training state, error histogram, and regression plots.

Stop Training: You can manually stop the training process if needed[22].

6. Train Network :

A\ Neural Fitting (nftool

- 0
Train Network
Train the network to fit the inputs and targets.
Train Network Results
Choose a training algorithm: & Samples MSE R
Levenberg- Marquardt. v @ Taining: 66 238181e-6 9.99990¢-1
a Validation: 14 7.30304e-5 9.99997e-1
ory but less time. Training
e e @ Testing 1 482986e-5 9.99997e-1
f the validation samples.
Train using Levenberg-Marquardt. ~(trainlm) Plot Fit

Plot Error Histogram
) Retrain Plot Regression

v, Training multiple times will generate different results due
o different initial condtions and sampling

Regression R Val correlation
outputs and targets. An R value of 1 means
relationship, 0 a random relationship.

) Opena plot, retrain, or click [Next] o continue.

& Neural Network Start I Welcome

4@ Back & Next @ Cancel

Figure (I11.17): Train Network

Training Results: After training, this figure shows the results, including the mean
squared error (MSE) for the training, validation, and testing datasets.
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e Regression Plot: This plot shows the correlation between the network outputs and

the targets. A high R-value close to 1 indicates a good fit.

e Error Histogram: This plot shows the distribution of errors between the network

outputs and the targets[22].
I11-8- Conclusion:

In this chapter, we have embarked upon the most critical and complex phase of
our investigation: the presentation of the fundamental principles governing the search
for the maximum power point. By establishing a comprehensive classification of
various MPPT control strategies, we have systematically explored the methodologies
most frequently documented in the scientific literature, The sheer diversity of these
command laws underscores the fact that this field of research remains in a state of

constant evolution
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Chapter 1V: Simulation Results

IV-1- Introduction:

In this chapter, a comparative performance evaluation is conducted on four
prominent Maximum Power Point Tracking (MPPT) algorithms Perturb and Observe
(P&O), Incremental Conductance (INC), Artificial Neural Network (ANN), and
Fuzzy Logic Controller (FLC) which optimize photovoltaic systems by continuously
adjusting the operational point to extract maximum energy, thereby significantly
enhancing overall efficiency and energy yield. While the P&O algorithm relies on
periodic perturbations and observation patterns to climb the power curve, the INC
technique utilizes incremental conductance for more refined adjustments, whereas the
Al-driven ANN method achieves high-precision tracking by identifying the maximum
point through learned data patterns rather than simple measurements, and finally, the
FLC employs heuristic fuzzy rules to effectively manage nonlinearities and
environmental uncertainties, resulting in a comprehensive analysis that highlights the
specific merits and demerits of each approach to help determine the most suitable

algorithm for varying operating conditions.

IV-2- Parameters of System Simulation:

The following characteristics of panel and the parameters of boost converter that

are used in our system simulation, are shown in the figure and table below:

Module data
Module: |User-defined -
Maximum Power (W) | 200.22 Cells per module (Ncell) |60 | E
Dpen circuit voltage Voc (V) |5? & | Short-circuit current Isc (A) |4 <] |
Voltage at maximum power point Ymp (V) _ Current at maximum power paint Imp (A) _
Temperature coefficient of Woc (%/deg.C) i| Temperature coefficient of Isc (%s/deg.C) _ i
Figure (IV.1): Characteristics of Panel
Boost Converter Value
Capacitor 1 200 pF
Inductor 3.5 mH
Capacitor 2 100 pF
Resistive Load 300 Q

Table (IV.1): Parameters of Boost Converter
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IV-3- Simulation Results:

1V-3-1- P&O Algorithm:

In this simulation, the Perturb and Observe (P&O) algorithm was implemented
to evaluate the output performance in terms of power, voltage, and current, as
illustrated in the general system simulation depicted in Figure (IV.2). This figure
showcases the comprehensive setup of the P&O-based MPPT system, detailing the
seamless integration of the photovoltaic (PV) panels with the controller, which
dynamically modulates the duty cycle of the DC-DC converter to maintain the
operating point at its maximum potential. By observing the resulting power shifts
following periodic perturbations, the simulation highlights how the system effectively
tracks the optimal energy extraction point, thereby validating the P&O algorithm's

practical performance under the specified simulation parameters.

| EE P&O based MPPT

=1

ANN based MPPT

©
P 3
Discrete
e-06 5.

FLC based MPPT

R

Output_Power_Monitor

PV_lnput_Monitor

at
PV dagram
Ve B

ape b aviagh

System_Efficiency

i
i

PV_vs_Load_Power

%

Voltage_Input_Output ~ System_Output_Analysis

Output_Load_Monitor

Figure (IV.2): Schema of System Simulation With P&O

a) Constant Irradiance (1000 W/m?) :

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1

Figure (IV.3): Duty Cycle Simulation Result
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Figure (IV.3) illustrates the dynamic behavior of the MPPT system’s duty cycle,
providing both a global perspective on system stability and a detailed, zoomed-in
view that captures the critical, high-frequency oscillations essential for precise MPPT
tracking, This granular analysis highlights how the controller continuously adjusts the
duty cycle to remain locked onto the maximum power point, revealing the
characteristic "perturbation" patterns that define the algorithm’s steady-state

operation.
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Figure (IV.4): Power Simulation Result

Figure (1V.4) illustrates the power response of the MPPT system employing the
P&O algorithm, featuring a main plot that captures a rapid initial ascent followed by
stabilization at approximately 350W, The accompanying zoomed-in view highlights
the inherent oscillatory nature of the power output a hallmark of the P&O algorithm
as it continuously perturbs the system to maintain its lock on the maximum power
point. These steady-state oscillations represent a calculated trade-off for ensuring
optimal energy extraction and serve as a critical metric for evaluating the overall

tracking efficiency and dynamic performance of the MPPT controller.

ol ZOOMIN N

| | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time [S]
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Figure (IV.5): Voltage Simulation Result

Figure (IV.5) illustrates the voltage response of the MPPT system utilizing the
P&O algorithm, with the primary plot capturing a rapid initial rise followed by
stabilization at approximately 320V. The accompanying zoomed-in view highlights
the characteristic oscillatory nature of the voltage output, reflecting the continuous
"searching" behavior of the controller as it modulates the operating point.

Current [A]

ol | ZOOMIN

I I I I I I I I I
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time [S]

Figure (IV.6): Current Simulation Result

Figure (IV.6) illustrates the current response of the MPPT system employing the
P&O algorithm, where the main plot captures a rapid transient phase that quickly
stabilizes at approximately 1.05A, signaling that the system has successfully reached
its maximum power point. The accompanying zoomed-in view provides a detailed
look at the inherent oscillations around this steady-state value, which are the direct

result of the controller’s continuous perturbation cycles.

b) Variable Irradiances (1000, 900, 700, 1000 W/m?) :

Power |
_ = b
= o =
= = =
T T
S
1|
1|
1|
1
1|
1|
:
N
=
2
12
1
T
1
1
1
1
1
:
I_¥__ [
(58] 1
wn =
= =
| I

IR=1000(W/m2) IR=700 (W/m2) IR=1000(W/m2) |
0 !
| | | | | | | | |
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time [S]

Figure (IV.7): Power Simulation Result
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Figure (IV.7) provides a comprehensive evaluation of the MPPT system’s
power output behavior under dynamic environmental conditions, specifically
highlighting its response to varying irradiance levels. The primary plot demonstrates
the system's robust tracking capabilities as it stabilizes at power levels of
approximately 350 W, 330 W, 270 W, and returning to 350 W in response to
irradiance shifts of 2000 W/mz2, 900 W/mz2, 700 W/mz2, and 1000 W/m?, respectively,
A red dashed ellipse and an accompanying zoomed-in view draw attention to the
system’s transient performance during sudden irradiance drops, capturing the
characteristic oscillations as the P&O algorithm re-adjusts its search parameters to
locate the new maximum power point, This detailed analysis underscores the
efficiency and adaptability of the MPPT controller, proving its effectiveness in

maintaining high energy yields during real time solar fluctuations.
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Figure (IV.8): Voltage Simulation Result

Figure (IV.8) illustrates the dynamic voltage response of the MPPT system
employing the P&O algorithm as it adapts to fluctuating irradiance levels, The
primary plot depicts a rapid initial stabilization at approximately 320V, followed by
distinct stepwise decreases that correspond to the reductions in solar intensity Then it
returns to its original state as the intensity of solar radiation increases, The
accompanying zoomed-in view offers a detailed analysis of the transient fluctuations,
capturing the algorithm’s continuous "hill-climbing" adjustments as it recalibrates the

operating voltage to ensure optimal performance.
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Current [A]
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Figure (IV.9): Current Simulation Result

Figure (IV.9) demonstrates the dynamic current response of the MPPT system
as it adapts to fluctuating irradiance levels under the control of the P&O algorithm,
The primary plot captures the current initially stabilizing at approximately 1A before
exhibiting distinct stepwise decreases in direct correlation with diminishing solar
intensity Then it returns to its original state as the intensity of solar radiation
increases, An accompanying zoomed-in view provides a detailed analysis of the
transient response during these irradiance shifts, highlighting the characteristic

oscillations as the controller recalibrates to maintain the maximum power point.

IVV-3-2- Incremental Conductance:

In this simulation, the Incremental Conductance (INC) algorithm was
implemented to evaluate the output performance in terms of power, voltage, and
current, as illustrated in the general system simulation depicted in Figure (IV.10),
This figure showcases the comprehensive setup of the INC-based MPPT system,
detailing the seamless integration of the photovoltaic (PV) panels with the controller,
which dynamically modulates the duty cycle to optimize power extraction. By
utilizing the mathematical relationship between instantaneous and incremental
conductance, the simulation highlights how the INC controller achieves a precise lock
on the maximum power point, offering a sophisticated alternative to simpler
perturbation methods by theoretically eliminating steady-state oscillations once the

peak is reached.
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Figure (I'V.10): Schema of System Simulation With INC

c) Constant Irradiance (1000 W/m?) :
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Figure (IV.11): Power Simulation Result

Figure (IV.11) illustrates the power stabilization performance of the MPPT
system managed by the Incremental Conductance (INC) algorithm, with the primary
plot capturing a rapid initial rise followed by stabilization at approximately 370W,
The accompanying zoomed-in view highlights the subtle periodic fluctuations,
detailing the algorithm’s continuous adjustments as it balances the incremental and
instantaneous conductance to maintain an optimal power output, This high-precision
tracking capability underscores the efficiency of the INC method, demonstrating its
ability to dynamically lock onto the maximum power point with minimal steady-state

deviation.
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Figure (IV.12): Voltage Simulation Result

The Figure (IV.12) demonstrates the voltage response of an Incremental
Conductance-based MPPT system, The main plot shows the voltage stabilizing

around 330V, while the zoomed-in view captures small fluctuations.
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Figure (I'V.13): Current Simulation Result

Figure (IV.13) illustrates the current stabilization performance of the MPPT
system under the management of the Incremental Conductance (INC) algorithm, with
the primary plot capturing a rapid transient phase that stabilizes at approximately
1.1A, This steady-state current level serves as a clear indicator of the system's
efficiency in successfully reaching the maximum power point, while the
accompanying zoomed-in view reveals the characteristic small-scale fluctuations
inherent in the digital control loop. By maintaining this precise current output in
tandem with the stabilized voltage, the INC controller demonstrates its superior ability
to provide a consistent and high-quality power flow to the load with minimal
deviation from the optimal operating point.
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d) Variable Irradiances (1000, 900, 700, 1000 W/m?) :
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Figure (IV.14): Power Simulation Result

Figure (IV.14) illustrates the power response of the MPPT system utilizing the
Incremental Conductance (INC) algorithm under dynamic irradiance conditions, with
the primary plot depicting an initial stabilization at approximately 350W followed by
distinct stepwise decreases as solar intensity diminishes Then it returns to its original
state as the intensity of solar radiation increases, The accompanying zoomed-in view
captures the transient fluctuations during these irradiance shifts, highlighting the
algorithm's sophisticated ability to rapidly recalibrate and track the new maximum
power point with high precision, This responsive behavior demonstrates the
robustness of the INC method in maintaining optimal energy extraction even during
sudden environmental changes, ensuring the system operates at peak efficiency across

a varying irradiance spectrum.
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Figure (IV.15): Voltage Simulation Result

Figure (IV.15) illustrates the dynamic voltage response of the Incremental

Conductance-based MPPT system as it adapts to fluctuating irradiance levels, with the

67




Chapter 1V: Simulation Results

primary plot capturing a rapid initial rise and stabilization at approximately 330V,
This is followed by distinct stepwise decreases that align with the reductions in solar
intensity Then it returns to its original state as the intensity of solar radiation
increases, while the accompanying zoomed-in view highlights the transient
fluctuations as the algorithm recalibrates the operating voltage.

=
-
g
E
=
¥}
IR=1000(W/m2) IR=700 (W/m2) IR=1000 (W/m2)
0 >
| | | 1 | | | | 1
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
Time [S]

Figure (IV.16): Current Simulation Result

Figure (IV.16) illustrates the dynamic current response of the MPPT system
employing the Incremental Conductance (INC) algorithm, with the primary plot
capturing an initial stabilization at approximately 1.1A followed by distinct stepwise
decreases as irradiance levels diminish Then it returns to its original state as the
intensity of solar radiation increases, The accompanying zoomed-in view provides a
detailed look at the transient fluctuations during these irradiance shifts, highlighting

the algorithm’s rapid recalibration to maintain the maximum power point.

I1VV-3-3- Artificial Neural Network (ANN):

In this simulation, we used the Artificial Neural Network (ANN) algorithm to
obtain results for power, voltage, and current. Figure (IV.17) represents the general
system simulation, showcasing the overall setup and performance of the ANN-based
MPPT system. The figure illustrates the integration of PV panels with the ANN-based

MPPT controller, which adjusts the duty cycle to optimize power extraction.
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e) Constant Irradiance (1000 W/m?) :
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Figure (I'V.18): Duty Cycle Simulation Result

The Figure (IV.18) demonstrates the stability and fine-tuning of the duty cycle
by an ANN-based MPPT system, The main plot shows a stable duty cycle near 1,
while the zoomed-in view reveals periodic adjustments, indicating the ANN's
responsiveness to optimize performance.
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Figure (IV.19): Power Simulation Result
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Figure (IV.19) illustrates the power stabilization performance of the MPPT
system managed by the Artificial Neural Network (ANN) algorithm, with the primary
plot capturing a rapid initial ascent and stabilization at approximately 380W, This
high power level reflects the superior efficiency of the Al-driven approach, while the
accompanying zoomed-in view reveals subtle periodic fluctuations that represent the
ANN's real-time adjustments to maintain an optimal power output, By leveraging pre-
trained data patterns to predict the ideal operating point, the ANN demonstrates a
remarkable capability to dynamically track the maximum power point with high
precision.
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Figure (IV.20): Voltage Simulation Result

Figure (IV.20) illustrates the dynamic voltage response of the Artificial Neural
Network (ANN)-based MPPT system, with the primary plot capturing a rapid initial
ascent and stabilization at approximately 335V, This high-precision voltage regulation
reflects the algorithm's trained capability to accurately identify the optimal operating
point, while the accompanying zoomed-in view reveals the subtle, high-frequency

fluctuations inherent in the neural network'’s continuous predictive adjustments.
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Figure (IV.21): Current Simulation Result
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The Figure (IV.21) shows the current stabilization of an ANN-based MPPT
system. The main plot displays a rapid rise in current, stabilizing around 1.1A. The

zoomed-in view highlights small fluctuations.

a) Variable Irradiances (1000, 900, 700, 1000 W/m?):
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Figure (IV.22): Power Simulation Result

The Figure (IV.22) demonstrates how the ANN-based MPPT system adjusts its
power output under varying irradiance conditions, The main plot shows the power
stabilizing at approximately 350W initially, with stepwise decreases as the irradiance
drops Then it returns to its original state as the intensity of solar radiation increases.

The zoomed-in view captures the transient fluctuations during an irradiance change.
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Figure (IV.23): Voltage Simulation Result

The Figure (IV.23) illustrates the ANN-based MPPT system's voltage response
to varying irradiance, The main plot shows the voltage stabilizing around 330V and
stepping down with decreasing irradiance Then it returns to its original state as the

intensity of solar radiation increases, The zoomed-in view highlights transient
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fluctuations This demonstrates the algorithm's capability to dynamically adjust to

real-time changes in solar irradiance, ensuring efficient performance.
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Figure (IV.24): Current Simulation Result

The Figure (IV.24) demonstrates the current response of an ANN-based MPPT
system under varying irradiance conditions, The main plot shows the current
stabilizing around 1.1A initially, with stepwise decreases as the irradiance drops Then
it returns to its original state as the intensity of solar radiation increases. The zoomed-

in view captures transient fluctuations during an irradiance change.

IV-4- Fuzzy Logic Controller (FLC) algorithm:

In this simulation, the Fuzzy Logic Controller (FLC) algorithm was
implemented to evaluate the output performance in terms of power, voltage, and
current, as depicted in the general system simulation in Figure (111.25), This figure
illustrates the comprehensive architectural setup of the FLC-based MPPT system,
detailing the seamless integration of the photovoltaic (PV) panels with the fuzzy

controller, which dynamically modulates the duty cycle to optimize power extraction.
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Figure (111.25): Schematic simulation system with FLC

a) Constant Irradiance (1000 W/m2):
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Figure (111.26): Power simulation result

Figure (I11.26) illustrates the system power output rapidly ascending to
approximately 370W under constant irradiance, managed by a Fuzzy Logic Controller
(FLC). Following this initial transient phase, the power maintains stability around the
target value but exhibits continuous, relatively small-scale cyclical fluctuations during
the steady-state period, The zoomed-in view emphasizes these oscillations, reflecting
the inherent control dynamics and the iterative duty cycle adjustments characteristic
of the FLC's membership function processing.
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Figure (111.27): Voltage simulation result

Figure (111.27) illustrates the dynamic voltage response of the Artificial Neural
Network (FLC)-based MPPT system, with the primary plot capturing a rapid initial
ascent and stabilization at approximately 335V, This high-precision voltage regulation
reflects the algorithm's trained capability to accurately identify the optimal operating
point, while the accompanying zoomed-in view reveals the subtle, high-frequency

fluctuations inherent in the neural network's continuous predictive adjustments.
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Figure (111.28): Current simulation result

Figure (I11.28) illustrates the current stabilization of the FLC-based MPPT
system, where the primary plot depicts a rapid transient rise followed by stabilization
at approximately 1.1A, This performance reflects the efficiency of the fuzzy
controller under constant irradiance conditions, while the accompanying zoomed-in
view highlights small-scale fluctuations near the stabilization point, These minor
deviations are characteristic of the algorithm's rule-based nature, representing the
continuous linguistic processing and duty cycle adjustments required to maintain the

maximum power point.

b) Variable Irradiances (1000, 900, 700, 1000 W/m2):
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Figure (111.29): Power simulation result

The Figure (111.29) demonstrates how the FLC-based MPPT system adjusts its
power output under varying irradiance conditions, The main plot shows the power
stabilizing at approximately 350W initially, with stepwise decreases as the irradiance
drops Then it returns to its original state as the intensity of solar radiation increases.

The zoomed-in view captures the transient fluctuations during an irradiance change.
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Figure (111.30): Voltage simulation result

The Figure (111.30) illustrates the FLC-based MPPT system's voltage response
to varying irradiance, The main plot shows the voltage stabilizing around 330V and
stepping down with decreasing irradiance Then it returns to its original state as the
intensity of solar radiation increases, The zoomed-in view highlights transient
fluctuations This demonstrates the algorithm'’s capability to dynamically adjust to

real-time changes in solar irradiance, ensuring efficient performance.
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Figure (111.31): Current simulation result

The Figure (111.31) demonstrates the current response of an FLC-based MPPT
system under varying irradiance conditions, The main plot shows the current
stabilizing around 1.1A initially, with stepwise decreases as the irradiance drops Then
it returns to its original state as the intensity of solar radiation increases, The zoomed-

in view captures transient fluctuations during an irradiance change.
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IVV-5- Comparison and Analysis Between (P&O, INC, ANN, FLC):

IV-5-1- Constant Irradiance (1000 W/m?):
The following figures compare the current and voltage outputs of three MPPT
algorithms: Incremental Conductance (INC), Perturb and Observe (P&O), Artificial
Neural Network (ANN), and Fuzzy Logic Control (FLC).
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Figure (IV.25): Current Simulation Result
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Figure (IV.26): Voltage Simulation Result

1\VV-5-2- Comparison:

e Incremental Conductance (INC): This algorithm shows rapid stabilization in
both current and voltage with minimal fluctuations, indicating efficient and stable
performance.

e Perturb and Observe (P&O): While it also achieves rapid stabilization, it
exhibits more fluctuations in both current and voltage, indicating less stability

compared to the other two algorithms.
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e Artificial Neural Network (ANN): This algorithm achieves stabilization with
minimal fluctuations, similar to INC, suggesting efficient and stable performance.

e Fuzzy Logic Control (FLC): The algorithm achieves rapid stabilization in both
current and voltage with a highly responsive tracking capability. While it
maintains efficient and stable performance throughout the simulation, it exhibits
small-scale, periodic fluctuations during the steady-state phase, reflecting the
continuous fine-tuning and rule-based adjustments inherent in its fuzzy inference
system.
IV-5-3- Analysis:

In this comparative analysis, the Artificial Neural Network (ANN), Incremental
Conductance (INC), and Fuzzy Logic Controller (FLC) demonstrate superior
performance with minimal fluctuations in current and voltage, suggesting they are
more stable and efficient in tracking the maximum power point compared to P&O.
While the ANN might have a slight edge over the others due to its adaptive nature and
potential for better optimization in varying conditions, the FLC provides a similarly
robust and rapid response by effectively managing system non-linearities, despite
exhibiting small-scale steady-state ripples.

Therefore, based on these figures, the Artificial Neural Network (ANN)
algorithm appears to be the best option for MPPT, offering efficient stabilization with
minimal fluctuations, closely followed by the Incremental Conductance (INC) and
Fuzzy Logic Controller (FLC) algorithms.

IV-5-4- Variable Irradiances (1000, 900, 700, 1000 W/m?):
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Figure (IV.27): Current Simulation Result
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Figure (IV.28): Voltage Simulation Result

IV-5-5- Comparison:

e Incremental Conductance (INC): This algorithm shows rapid stabilization but
exhibits more fluctuations and deviations during irradiance changes, indicating
less stability compared to the other two algorithms.

e Perturb and Observe (P&O): This algorithm shows noticeable fluctuations and
is less stable during transitions between irradiance levels.

o Artificial Neural Network (ANN): This algorithm exhibits the least fluctuations
and the smoothest transitions during changes in irradiance, indicating the highest
stability and efficiency.

e Fuzzy Logic Control (FLC): The algorithm demonstrates a robust ability to
manage system non-linearities, characterized by an efficient response that
stabilizes effectively under varying conditions. While it outperforms traditional
methods in tracking speed, the zoomed-in analysis reveals small-scale, cyclical
fluctuations near the stabilization point, reflecting the continuous linguistic
processing and rule-based adjustments inherent in its design.

% Analysis:

In this comparative analysis, the Artificial Neural Network (ANN) algorithm
demonstrates the most robust performance, characterized by minimal fluctuations and
smooth transitions during varying irradiance levels, which signifies superior stability
and efficiency. The ANN maintains a distinct advantage over the Incremental
Conductance (INC) and Perturb and Observe (P&O) algorithms due to its adaptive
nature and superior optimization in dynamic conditions, while the Fuzzy Logic

Controller (FLC) offers a high-performance alternative that effectively manages
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system non-linearities with a rapid response, though it exhibits slightly more steady-
state ripple than the ANN.

Ultimately, based on these simulation results, the ANN algorithm emerges as
the optimal choice for MPPT, providing the most stable and efficient performance
across the entire spectrum of fluctuating irradiance conditions.

IV-6- Comparison of efficiency between algorithms (P&O, INC, ANN
and FLC):

IV-6-1- Constant Irradiance (1000 W/m?):

94.72%

96.63%
93.18%

Table (IV.2): Table of Efficiency

Efficiency

Perturb and Incremental Artificial Neural Fuzzy Logic
Observe (P&0) Conductance (INC) Network (ANN) Controller (FLC)

Figure (IV.29): Chart of Efficiency
Under constant irradiance of 1000 W/m?, the Artificial Neural Network (ANN)
algorithm demonstrates the highest efficiency, around 97%. The Incremental
Conductance (INC) algorithm follows with an efficiency of about 96%, while the
Perturb and Observe (P&O) algorithm has the lowest efficiency at approximately

95%. This indicates that the ANN algorithm is the most effective in optimizing power
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output under stable irradiance conditions, outperforming both the INC and P&O

algorithms.

IV-6-2- Variable Irradiances (1000, 900, 700, 1000 W/m?):

84.84%
88.04%
95.06%
91.79%

Table (IV.3): Table of Efficiency

Efficiency

96.00%
94.00%
92.00%
90.00%
88.00%
86.00%
84.00%
82.00%
80.00%
78.00%

Perturb and Incremental Artificial Neural Fuzzy Logic
Observe (P&0O)  Conductance (INC)  Network (ANN) Controller (FLC)

Figure (IV.30): Chart of Efficiency

Under variable irradiance conditions, the Artificial Neural Network (ANN)
algorithm demonstrates the highest efficiency, around 95%, indicating its superior
ability to adapt to changing light conditions. The Incremental Conductance (INC)
algorithm follows with an efficiency of about 89%, showing reasonable performance
but less stability compared to ANN. The Perturb and Observe (P&O) algorithm has
the lowest efficiency at approximately 86%, reflecting its greater susceptibility to
fluctuations under varying irradiance levels. These results highlight the ANN

algorithm's effectiveness in optimizing power output in dynamic environments.
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IVV-7- Conclusion:

This research compares the performance of four Maximum Power Point
Tracking (MPPT) algorithms Artificial Neural Network (ANN), Fuzzy Logic
Controller (FLC), Incremental Conductance (INC), and Perturb and Observe (P&O)
under both constant and variable irradiation conditions. The results indicate that ANN
consistently achieves the highest efficiency, reaching 96.63% under constant
irradiation and 95.06% under variable conditions, due to its superior adaptability and
predictive capabilities. INC serves as a reliable second-best option, offering strong
performance (95.58% steady-state and 88.04% transient) with moderate
computational complexity, while FLC and P&O fall below optimal levels in dynamic
scenarios, with P&O suffering significant losses from steady-state oscillations and
slower response times. Although FLC outperforms P&O during illumination changes,
it remains less stable and efficient than ANN and INC; consequently, while ANN is
ideal for maximizing efficiency in volatile environments, P&O and INC are better
suited for cost-sensitive or simpler systems, providing a clear framework for selecting

an algorithm based on specific environmental.
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General Conclusion

This study began by laying the foundation for understanding solar radiation and
photovoltaic energy conversion principles, elucidating the mechanisms by which solar cells
harness the photovoltaic effect to generate electricity, It explored the modeling, fundamental
characteristics, and various environmental factors influencing the efficiency of photovoltaic
generators, while also presenting the distinct classifications of photovoltaic cell types based
on their specific silicon crystal structures, Building upon this, the crucial role of DC-DC
converters in power management systems was explored. These converters facilitate efficient
voltage conversion through various topologies like buck, boost, and buck-boost, enabling
their widespread use across diverse industries.

The concept of Maximum Power Point Tracking (MPPT) was then introduced as a vital
technology, particularly for renewable energy systems such as solar power installations.
MPPT algorithms optimize energy extraction by continually adjusting the electrical operating
point to track the maximum power output of photovoltaic panels.

This research led to an in-depth examination of MPPT principles, classifications, and
implementation methods, focusing on a comparative evaluation of the Artificial Neural
Network (ANN), Fuzzy Logic Controller (FLC), Incremental Conductance (INC), and Perturb
and Observe (P&O) algorithms, Among the evaluated techniques, the ANN-based approach
emerged as the most effective and reliable solution, its superior adaptability and predictive
capabilities under both steady state and dynamic irradiance conditions make it the optimal
method for maximizing energy extraction. While the FLC demonstrates high-performance
tracking by effectively managing system non linearities, and the INC provides a robust
alternative to the conventional P&O method, they both lack the advanced optimization
precision inherent in the ANN architecture, Consequently, while traditional and fuzzy logic
schemes remain viable for less complex or cost sensitive applications, the ANN algorithm
stands out as the premier solution for ensuring robust performance and long term operational

reliability in modern photovoltaic systems.
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