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General introduction

General Introduction

The global energy landscape is undergoing a pivotal transformation, driven by the urgent
imperative to mitigate climate change and ensure sustainable development. This transition,
underscored by the International Renewable Energy Agency (IRENA) as both an environmental
necessity and a profound economic opportunity, is catalyzed by the rapid deployment of
renewable energy sources [1]. Among these, solar photovoltaic (PV) technology has emerged
as a preeminent force, experiencing exponential growth driven by precipitous cost declines and
continuous efficiency gains. Projections, including those from major energy outlooks, confirm
solar PV’s central role in future energy systems, with its modularity and abundance positioning

it as a cornerstone of decarbonization efforts [2].

However, the intrinsic variability of solar irradiance due to diurnal cycles, seasonal shifts,
and weather patterns poses a fundamental challenge to its seamless integration. This
intermittency creates a critical mismatch between energy supply and demand, complicating grid
management and limiting the reliability of standalone systems. Consequently, the coupling of
PV generation with energy storage, particularly electrochemical batteries, has become essential
to buffer supply, shift energy delivery to times of demand, and ensure power quality and
security [3]. This integration is not only relevant to stationary power but is also a critical enabler
for the electrification of other sectors, from transportation including pioneering applications in
electric vehicles and aviation to maritime propulsion, where hybrid systems are gaining traction

4,5, 6].

While the concept of PV-battery systems is well-established, optimizing their
performance, efficiency, and economic viability remains a significant research challenge. The
core complexity lies in the need for sophisticated control strategies that can intelligently manage
the non-linear and time-varying interactions between the PV array, the battery, and the load.
An effective control system must simultaneously maximize energy harvest from the PV source
through precise maximum power point tracking (MPPT), optimize battery cycling to extend its
lifespan, and maintain system stability under fluctuating environmental conditions. Advances
in areas like wireless charging for electric vehicles highlight the ongoing innovation in system

integration and management, pointing toward increasingly intelligent and adaptive solutions

[7].



General introduction

This thesis addresses the control challenge at the heart of efficient PV-battery system
operation. It focuses on the development and validation of advanced energy management
strategies for standalone systems, with the primary objective of enhancing overall performance
through the integration of Artificial Intelligence (Al). The central research aim is to design,
simulate, and analyse a novel control system that leverages Artificial Neural Networks (ANNs)
to improve upon conventional MPPT and battery management techniques, thereby achieving

superior energy capture and storage utilisation under dynamic operating conditions.

The thesis is structured to logically progress from foundational principles to the proposed
innovative solution. Chapter 1 establishes the technological context, reviewing PV and battery
characteristics and conducting a comparative analysis of system architectures. It justifies the
selection of a DC-coupled parallel configuration as the optimal framework for this study,

balancing efficiency, flexibility, and control potential.

Chapter 2 delves into the systematic modelling of system components employing the
single-diode model for PV panels and an equivalent circuit model for lead-acid batteries and

outlines the methodology for system sizing and power converter design.

Finally, Chapter 3 presents the core contribution: the design and implementation of an
intelligent management system. This system integrates an ANN-based MPPT algorithm with
PI/PID controllers for regulation. Through comprehensive simulation studies, this chapter
demonstrates the superior performance of the proposed Al enhanced strategy in optimising
power extraction and battery operations compared to conventional methods, validating its

potential for more efficient and resilient standalone solar energy systems.
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Technologies and System Architectures

for PV-Battery Applications
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Chapter 1. Technologies and System Architectures for PV-Battery Applications

1.1. Introduction

The transition to a decarbonized energy system, propelled by the rapid deployment of
solar photovoltaic (PV) technology, presents a critical operational challenge: the inherent
intermittency and non-dispatchability of solar power. While PV generation, having evolved
from silicon to emerging perovskite technologies, offers a clean and increasingly cost-
competitive energy source [1, 9], its direct integration into electrical systems can lead to voltage
instability, power quality issues, and significant energy curtailment [10, 11]. This variability
fundamentally limits the reliability and value of standalone PV systems and complicates large-
scale grid integration, underscoring the economic and technical rationale for more resilient

distributed generation approaches [8, 13].

To transform solar energy from a variable resource into a reliable and dispatchable one,
coupling PV arrays with energy storage, particularly battery (BAT) systems, has become
essential. PV-battery hybrid systems mitigate intermittency by storing surplus energy for later
use, smoothing power output, and providing critical backup capabilities [13]. However, the
mere combination of components is insufficient to guarantee optimal performance, economic
viability, or longevity. The overall efficacy of a PV-battery system is profoundly influenced by
fundamental architectural decisions, particularly the choice between alternating current (AC)
and direct current (DC) coupling for the microgrid. This choice involves critical trade-offs in
efficiency, complexity, control, and cost that must be evaluated against application-specific

requirements [12, 14].

Current research and industrial implementations reveal a knowledge gap in providing a
holistic, comparative framework for these design choices tailored to specific application
constraints. While individual technologies are well-understood, the systematic analysis of their
integration focusing on the synergies and trade-offs between architecture, power electronics,
and control readiness requires further elaboration [14]. This chapter addresses this gap by
conducting a comprehensive review and analysis to establish the technological foundation for

this thesis.

Therefore, this chapter aims to move beyond a simple catalog of technologies. It positions
the architectural design as a primary response to the core problem of PV intermittency and
system optimization. We systematically analyze the available solutions to justify the specific

technical choices that underpin the subsequent development of advanced control strategies in




Chapter 1. Technologies and System Architectures for PV-Battery Applications

this research. The objective is to guide qualitative decisions on system configuration, ensuring
the adopted architecture is inherently capable of supporting the intelligent, high-performance

management to be developed in later chapters.

This chapter is structured as follows. Section 1.2 provides a foundational overview of the
core components: PV generators and battery storage systems, discussing their characteristics,
models, and current technological limits. Section 1.3 presents and compares the principal
system architectures and microgrid types (AC, DC, hybrid), analyzing their feasibility,
applications, and suitability for effective PV-battery integration. Section 1.4 delves into the
critical role of power electronic converters, detailing topological options for PV and battery
interfacing and describing the resulting energy flow paths and system operational modes.
Finally, Section 1.5 synthesizes the analysis to explicitly justify the architectural and
topological selections made for this thesis, providing a clear and motivated foundation for the

system design detailed in Chapter 2 and 3.

1.2.  PV-BAT system

1.2.1. Photovoltaic generator

Many innovations in photovoltaic (PV) cells are currently being developed and are
available on the market, including crystalline silicon, thin-film, organic, single-junction and
multi-junction technologies. The National Renewable Energy Laboratory (NREL) has collected
data on the efficiencies of the main PV cell technologies tested under standard test conditions
(STC) since 1976 [15]. In the literature, the majority of authors do not specify the type of PV
technology they are modelling. Of those that do, crystalline silicon PV cell technology is
generally favoured. Several studies have been carried out on the different PV technologies and
their respective advantages and disadvantages [16,17]. Different applications, such as PV
houses, pumped irrigation and desalination systems, are analysed in relation to the various PV

technologies [18].

For system design, the choice of PV technology has direct implications for the control
strategy and sizing of other components. For instance, high-efficiency technologies like
heterojunction (HJT) or tandem perovskites can reduce the required area for a given power
output, but may present different degradation profiles or initial costs, influencing the cost-

benefit analysis of the associated storage [9]. However, accurate modelling of the I-V curve,
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essential for Maximum Power Point Tracking (MPPT), remains largely based on the single-

diode model, valid for most silicon-based technologies dominant in the market [16].

An array of combined PV cells forms a PV module, while a group of assembled PV
modules forms a PV array to supply specified loads. A PV system consists of a PV generator
and the system balancing elements (such as power converters, controllers, cabling, protection

devices, etc.) that connect the PV generator to AC or DC loads. (Fig. 1.1).

PV cell Irv
AT — '
h) oA
" Power .‘
- converter i—
i I i Load
: : : : | ococ|
i or i
i | DCAC|

PV module PV array
Figure 1. 1. Typical PV system feeding a load (AC or DC).

The principal characteristics of a PV panel are as follows:

e Short circuit current (Isc) is the maximum obtainable current from a PV panel

(voltage is zero).

e Open circuit voltage (Voc) is the maximum obtainable voltage from a PV panel

(current is zero).

e Maximum power point (MPP) is the maximum power generated by the PV panel
at given solar irradiations and temperatures. In fact, when the solar irradiation is
decreasing, the current output decreases, and when the temperature is deviating
from 25 °C (standard temperature), the voltage decreases, thus in both case the

power output decreases.
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e Installable capacity, given in “watt-peak™ (Wp), referred to the nominal power
generated by a PV panel during STC. The STC utilized to test PV panels are:
vertical irradiation of 1000 W/m?, average panel temperature of 25°C, air mass of

1.5 [19].

e (Capacity Utilization Factor (CUF) usually calculable on a yearly cycle, is the ratio
between the actual and the theoretical output of the PV system running each hour
of the year (8766 hours) over its installed capacity. A show case in India indicates

a CUF of PV systems of around 22% [20].

e Performance Ratio (PR) represents the ratio of the actual power output of the PV
system to the estimated maximum power output (on the basis of the PV system
characteristics, irradiation and temperature profiles...). PR is used to evaluate the
performance of the whole PV system, losses in the power converters, cabling
ohmic losses, dirtiness on PV panels, etc. In [19] properly conceived PV systems
are expected to attain a PR of 80% to 90% during the year. However, the literature
review in [21] found that the actual PR is lower (ranging from 55% to 76% for
about one hundred PV systems installed in Europe) which emphasizes that the

operating conditions of PV systems can be optimized [22, 23].

In order to enhance the dispatchability of PV source and improve the autonomy of the

system, an energy storage system can be added [24]. This is the point of the next paragraph.
1.2.2. Battery system

BAT storage is widely regarded as a successful strategy for mitigating (and ultimately
eliminating) power demand and intermittent PV source power imbalances [25,26]. Many PV
sector companies have started creating and marketing storage systems based on BAT
technology in response to the need for more reliable energy supply [27]. Some suggestions of
when the advantages of combining a PV source with BAT outweigh the additional cost are

provided by the scholarly literature [28].

With the exception of references [29, 30], and [31], all writers focus on lead-acid BATs
as the most recent low-cost technology for use with PV systems [32] out of the several
possibilities for BAT storage that are now available for a summary, see [33, 34, 35]. For our

thesis, we have selected lead-acid BAT as the recommended technology, as is the case with the
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majority of previous research. However, this choice requires critical justification based on a

comparative analysis of technologies. Table 1.1 presents a synthesis of the main trade-offs

between lead-acid and lithium-ion batteries, the two most relevant technologies for stationary

PV coupled storage.

Table 1. 1. Critical Comparison of Battery Technologies for Stationary PV Applications.

Criterion

Lead-Acid Battery

Lithium-Ion Battery

Implication for

System Design

Investment

Cost(€/KWh)

Low (50-150)

High (150-400)

Lead-acid favors
short term
profitability and
budget constrained

applications.

Energy
Density (Wh/kg)

Very Low (30-50)

High (100-265)

Minor impact for
fixed stationary
storage. Critical for

mobility.

Cycle Life (cycle at
80% DOD)

Low (500-1200)

High (2000-7000)

The shorter lifespan
of lead-acid
increases lifecycle
cost, requiring a
control strategy to
optimize cycles
(depth of discharge,

current).

Round-Trip cycle
Efficiency

Medium (80-85%)

High (95-98%)

Higher losses in
lead-acid reduce
overall system
efficiency and
increase PV array

sizing requirements.

Self-discharge

Low(1-3%/Month)

Very Low (1-2%)

Negligible for daily
cycling.
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Technology Very mature,>99% | Maturing, recycling The maturity of
Maturity & recycling loop in development lead-acid offers
Recycling reliability and an
established circular
economy model.
BMS Requirements Simple Complex (cell Reduces the
(Voltage/Temperature balancing, strict complexity and cost
control) voltage/temp. Range o the battery

control)

management system

(BMS).

Our choice is justified for a stationary application where weight and footprint are

secondary, and where the upfront cost criterion is paramount. This choice also imposes specific

constraints on the control strategy to be developed in Chapter 3: it must imperatively limit the

depth of discharge (DOD) and high charge/discharge currents to extend battery life.

Lead-acid BAT has a lower energy and power density and a shorter lifespan than other

systems. Nonetheless, it is now the most popular technology in PV system applications because

of its increased dependability, decreased self-discharge, and cheaper investment and

maintenance costs [36, 37].

Figure 1. 2. Typical lead acid in batteries.
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According to a number of writers, lithium-ion BATs with better aging properties and higher

energy efficiency will ultimately replace lead-acid [38]. Lithium-ion BATs are now 3.5 times

more costly than lead-acid BATs and are still at a relatively early stage of development [39].

Furthermore, lead-acid BAT’s poor energy and power density for stationary operations is not

as noticeable as it is, for instance, in electric automobiles [40,41]. Based on a comprehensive

assessment of the literature, the BAT system's round cycle efficiency and self-discharge by day

have been set at 81% and 0.03%, respectively [42,43]. A BAT's primary parameters are:

v

Battery capacity: The storage capacity of the BAT is expressed in Ampere hour
or Ah. Often BAT capacities are provided for a specified discharge/charge index
or C value. The actual capacity is dependent on operation parameters such as load,

temperature, etc.

Battery voltage: The terminal voltage under operating conditions is referred to the
rated or working voltage. This voltage is defined by the manufacturers. It can be

3V, 6V, 12V, 24V...

Depth of discharge (DOD): provides a measurement of energy removed from a
BAT in percent of its fully charged state. The BAT’ state of charge (BAT’SOC)
is the difference between the full capacity and DOD of the BAT in percent. If the
DOD is 30% then the SOC is (100 - 30) = 70%.

Battery life cycle: represents the number of complete charging — discharging
cycles a BAT can complete before the rated capacity decreases to less than 80%
of its initial nominal capacity. Once the life cycle is complete, the BAT will

operate at a decreased capacity.

Charging/Discharging Rate or C-Rating: expressed as C/X, where X is the number
of hours for complete Charging/Discharging and C is the BAT capacity. If X =20
h then C-Rate is C/20 or 0.05C. For C/20 and 80Ah BAT capacity then the
Charging/ Discharging current will be 80/20 = 4A.

Self-discharge: is the losses of the electric capacity of BAT due to its internal
electrochemical processing when it is not in use. The self-discharging will
increase with increasing of temperatures. It is best to store BATs at lower

temperature to minimize self-discharging.
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1.3.  System architecture for PV-BAT systems

Two types of architectures for PV-BAT systems have been proposed in the literature: the
parallel one converter architecture and parallel tow converters architecture [44,45]. These
architectures differ in the way the PV generator, BAT system and power converters are
connected together [46,47]. In addition, each structure needs to have its own control
mechanism, which can be distinguished by the degree of complexity. This section will explain
the ways in which the components of the PV- BAT system is interconnected and will outline
the control strategy required in each structure [48-49].

1.3.1. In-line Architecture: One converter

‘/ """"""""""""""""""""""""""""""""""""""" \‘
I ]
I ]
: DC Bus !
l DC DC |
I ]
1 1
i DC AC i
1 ]
i Unidirectional Inyerter i
i converter AC Load !
]
i BAT i
|
| - a
|
l |
| ]
| ]
1 ]
| I
1 ]
| ]
\ J

____________________________________________________________________

Figure 1. 3. In-line architecture.

In this structure, a DC bus is utilized to connect the PV array and the BAT. A
unidirectional DC-DC converter is used as an interconnection between the PV system and
the DC bus, whereas the BAT is directly linked to the DC bus. Thus, the voltage of DC bus
is fixed by the BAT [50,51]. One application of this structure, for instance, is PV-based
uninterruptible power supply (UPS) [52].

In many such cases, the output power of the PV generator is controlled in a way that the
BAT’SOC is lower than the maximum. Therefore, the BAT charge current will not exceed its
maximum rating. However, the discharging current of the BAT is not controlled [53,54].

Consequently, in these systems, in case of a short circuit on the DC bus it will cause the serious
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damages to the BAT. In addition, the BAT numbers have to be such as to attain the requested
voltage for the DC bus which limits the flexibility to adapt the BAT and system component

sizing and reduces reliability.

Figure 1.3 presents the one converter architecture for the PV-BAT system. The
controlling system in this structure consists of the unidirectional DC-DC converter control

mechanism with MPPT algorithm.
1.3.2.  DC Coupled Architecture: Two converters

This structure uses a DC bus as the common link to connect the PV and BAT systems. The PV
generator is linked to the DC bus via a unidirectional DC-DC converter, whereas the BAT is
also linked to the DC bus using a bi-directional DC- DC converter [55,56].

- —— -

14 \
: PLoad :
! DC Bus ]
i DC DC i
] 1
i DC AC E
i Unidirectional Inverter E
: sonyerter ACLoad |
I
i BAT System P i
1
i ; DC i
' :
] 1
! s i
i\ Bidirectional converter ,:'

Figure 1. 4. DC coupled architecture.

Through the use of the bidirectional DC-DC converter, the voltage of DC bus can be
regulated which allows for more flexibility in choosing of BAT voltage rating and thus
improved sizing of the BAT. The BAT discharging current is regulated and at the occurrence
of short circuit in the DC bus, BAT is secured. The dimensioning of the inverter is restricted to
the combination of PV and BAT power ratings, making this configuration subject to single

point failures since the whole power flows via the inverter [57].

The construction of the tow converters for the PV-BAT system is shown in Figure 1.4.

The bidirectional DC-DC converter controller and the unidirectional DC-DC converter
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controller with MPPT algorithm make up the controlling system in this construction. A critical

comparison of these two architectures reveals decisive trade-offs for system performance and

safety, as summarized in Table 1.2. This quantitative and qualitative analysis is essential to

justify our architectural choice.

Table 1. 2. Comparative Analysis of PV-BAT Architectures.

Evaluation In-line DC-Coupled architecture Analysis and
Criterion Architecture Implications
Simplicity & Advantage: The lower upfront

Hardware cost Minimal Disadvantage: Additional cost of the in-
component converter iI;(r:lrccleiiesst'complexity line architecture is
count, attractive but may
potentially be offset by
lower upfront higher lifecycle

cost costs (battery
replacement).
Overall Energy | Medium to High | Variable. Two conversion stages
Efficiency Single to charge battery
conversion stage (PV—Bus—BAT). Battery The Two
for PV-Bus discharge — bus via converter
Charge. No converter. Can be optimized by architecture can
conversion for control. achieve better
battery-Bus overall efficiency
discharge through
independent
control optimizing
each operating
point, despite
additional
conversion stages.
Control & Limited: Bus | High. Bus voltage independently architecture
Flexibility voltage imposed regulated by bidirectional enables advanced
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by battery. converter. Independent and control strategies
MPPT possible optimal control of MPPT and (to maximize
but battery battery charge/discharge energy harvest
management is currents. and prolong
passive (No battery life.
discharge
current control)
Battery Critical: battery | Robust: Bidirectional converter Safety and asset
Protection is directly on the | isolates battery from the bus. protection are
DC bus. A bus paramount
short circuit requirements. The
causes massive inability of the in-
uncontrolled Currents are electronically fine architecture to
protect the battery
discharge, controlled and limited. from faults is a
irreparably disqualifying
damaging the disadvantage for a
battery reliable system.
Reliability High power path The extra converter adds a The Two
(single point of (few potential point of failure. converter design,
failure) components) but However, failure of one while more
failure of the converter may allow for complex, can be
single converter degraded modes of operation engineered with
stops the entire (e.g., PV-only via inverter higher functional
system. bypass if possible). redundancy.
Sizing Rigid. Battery Flexible: PV and battery Essential for
&Scalability nominal voltage | voltages independent from the adapting the

determines bus

voltage, limiting
PV array and
battery bank

sizing options.

bus. Allows optimal sizing of
each component and easy

system evolution

system to variable
load profiles or
for future

upgrades

17



Chapter 1. Technologies and System Architectures for PV-Battery Applications

The in-line architecture offers simplicity and potentially lower hardware cost. However,
its inability to control the battery discharge current and, more critically, to protect it from a
short-circuit on the DC bus constitutes a major flaw for a system intended for reliable and
durable operation [58]. The DC-coupled architecture, although slightly more complex and
costly upfront, allows for independent and optimal control of the PV source and storage, robust
regulation of the bus voltage, and intrinsic battery protection. Moreover, power balancing might
thus be represented by the DC bus voltage, allowing for the study of control system performance
and power flow operation in terms of control sophistication. Thus, the parallel two converter’s

structure system design was chosen for the PV-BAT system in this research.

1.4.  PV-BAT power flows
1.4.1. Topologies

DC-DC converter topologies are utilized to fulfill the required load, control the DC

voltage, and provide the best possible power transmission. Boost, buck, buck-boost, cuk,
flyback-boost, and Single Ended Primary Inductor Converter (SEPIC) are some of the types of
DC converters that can act as switch mode controllers, regulating the DC voltage and converting
it to the desired operating voltage by increasing or decreasing the output of DC voltage [59-
61]. Pulse Width Modulation (PWM) commutation is used to activate the DC-DC converters
and regulate their frequency, phase, and amplitude [62,63].
Depending on the needs of the application and the circuit design specifications, power
commutating devices for PWM switching, such as MOSFETs, IGBTs, BJTs, and thyristors, are
used. A gating control circuit must be used to envision sufficient gating control signals in order
to operate the power commutating device [60], [64].

Voltage gain (AV), current gain (Ai), input impedance (Ri), boundary filter inductance
(Lv), and minimum filter capacitance (Cmin) are the parameters that may be used to describe
each converter's performance. The continuous conduction mode (CCM) and the discontinuous
conduction mode (DCM) are the two different operating modes of the converter. Because of its
great efficiency and effective use of passive components and semiconductor switches, the CCM
is recommended. Applications with unique control needs may make advantage of the DCM
[62]. The minimum inductance value required to ensure that the chopper is operating in the

CCM is the inductance value (Lb). The minimum capacitance value needed to lower the ripple
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voltage to a predetermined value is known as the capacitance Cmin. The application goal and
topology should guide the selection of the appropriate converters.

The two primary converters utilized in PV-BAT systems are the PV DC-DC converter
and the BAT DC-DC converter. The power flow of these components should be studied in order
to choose the kind of converter. In contrast, the BAT has both energy generating and storage
capabilities, whereas PV can only generate energy. Accordingly, bidirectional DC-DC
converter topologies are utilized for BAT systems based on the direction of power transfer,
whereas unidirectional DC-DC converters are favored in PV systems. PV uses a variety of
unidirectional DC-DC converter topologies. According to some earlier research, these
converters are generally divided into isolated and non-isolated categories.

The architectures of unidirectional DC-DC converters utilized in PV systems are depicted
in Figure 1.5. The boost converter architecture, depicted in Figurel.5(a), is the most often used
in the literature because of its many advantages, such as its affordability and ease of use [38],
[65]. Nevertheless, there are more output voltage ripples with this architecture [66-68]. To
reduce the output voltage ripple in the boost converters, bigger capacitors are needed, which
results in a somewhat higher volume [69]. The two-phase interleaved boost converter topology
depicted in Figure 1.5 (b) to reduce the voltage ripple [70-71]. In this configuration, the DC bus
is connected in parallel to two boost converters with the same ratings. As a result, the input
current is distributed across the branches, ensuring good PV power transmission and lowering

the current stress on the devices. Additionally, compared to a normal boost converter, the
voltage ripples in a 2-phase interleaved boost converter are decreased by a ratio of i [72].

A four-leg floating interleaved boost converter, as depicted in Fig. 1. 5 (d) [73] to further
reduce the output voltage ripple. In order to reduce the voltage stress on the commutating
devices, the output voltage ratio is raised while maintaining the same duty cycle [73].

For the battery bidirectional converter, the non-isolated bidirectional buck-boost topology
(Fig. 1.5b) was selected. It is the most prevalent topology for this application due to its structural
simplicity, relatively simple control, and good efficiency [81,82]. It allows stepping up (boost
mode) or stepping down (buck mode) the battery voltage to match the regulated DC bus voltage,
providing the sizing flexibility identified Galvanic isolation, although advantageous for safety,
was dismissed for this study to prioritize efficiency and reduce complexity and cost, as the

application is a low-voltage system with appropriate safety measures.
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Figure 1. 5. Topologies for unidirectional DC-DC converters in photovoltaic systems.

A multiphase interleaved converter, depicted in Fig. 1. 5(e), in addition to the interleaved

boost converters previously mentioned [74].

To enhance voltage gain ranging [75] proposes a distinct boost converter construction
called a modified wide voltage range gain boost, which is depicted in Fig. 1.5(c). uses an
enhanced voltage gain boost converter to increase the output voltage gain when two boost
converters are cascaded [76]. This topology's main advantage is that it just requires one switch

component to achieve these significant voltage increases.

As seen in Fig. 1. 5(f) [77], a capacitor clamped H-type boost converter is an additional
unidirectional DC-DC converter topology. This design avoids narrow PWM signal pulsing

while offering high voltage gain opportunities.
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The isolated full-bridge boost converter topology depicted in Fig. 1.5(g) [78]. In this
setup, the PV system is separated from the DC bus by a transformer. In this manner, the PV
modules may be safeguarded in the event that the DC bus sides failed. Additionally, altering

the transformer's transformation ratio could result in a higher voltage gain [79,80]

For PV-BAT hybridization applications, bidirectional DC-DC converter architectures
have also been researched whenever an auxiliary storage device is used. The most widely used
topology among these is the bidirectional buck-boost converter, which is seen in Fig. 1.6(a)
[81,82]. This architecture uses two commutating components and has a straightforward
structure and working principle. As for the unidirectional DC-DC converter, by connecting the
switches and inductors in parallel, as illustrated in Fig. 1.6(b), the bidirectional buck-boost

converter could be converted to the interleaved topology.

A modified SEPIC bidirectional DC-DC converter architecture is used [83], as seen in
Fig. 1.6(c). Small voltage strains on the commutating devices and a high input voltage

conversion ratio are characteristics of this construction.

In order to increase power, [84] built a modular multiple-input converter, which is another
bidirectional DC-DC converter topology, as shown in Fig. 1.6(d). BATs can be shared into two

or more inputs and then sent to the DC bus using this structure.

A bidirectional isolated dual full-bridge converter is suggested [78-85] as shown in Fig.
1.6(e). This arrangement is ideal for separating the BAT from the DC bus and lowering the

strain on the switching parts.

In conclusion, power flow directions, isolations, the number of switching components,
and application complexity are used to categorize the DC-DC converter topologies that are
appropriate for PV-BAT hybrid systems. Operating safety, cost, and complexity can all be taken

into account when choosing one of these converter topologies.
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Figure 1. 6. Bidirectional converter topologies for battery systems.
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1.4.2. Operations

Control strategies for PV-BAT systems remain an active area of research. A literature
review was provided to this end. Furthermore, a novel strategy for DC bus voltage regulation

and power management has been proposed [86-87].

Potential power flow modes for PV-BAT hybridization applications with two parallel
DC-DC converter architectures are depicted in Figure 1.7, and Table 1.1 details how each

converter operates in each mode.

Mode 1: PV modules are connected, the inverter is running, the DC-DC buck-boost
bidirectional converter is operating on boost, the unidirectional DC-DC boost converter is

operating on MPPT, and the BAT is in discharge mode.

Mode 2: The PV generator is connected, the buck-boost bidirectional converter is operating on
buck, the inverter is turned on, the load is powered, the boost converter is operating on MPPT,

and the BAT is in charge mode.

Mode 3: Entails disconnecting the PV panels, turning off the DC-DC boost converter, turning
on the discharge mode of the BAT, turning on the DC-DC buck-boost bidirectional converter,

running the inverter, and supplying the load.

Mode 4: The PV array is connected, the inverter is operating, the load is powered, the
unidirectional converter is operating on curtailment function, the BAT is operating on

discharge, and the bidirectional converter is operating on boost mode.

Mode 5: This mode represents a full system shutdown where all active power processing is
halted. The energy sources (PV and batteries) are isolated from the DC bus, the power
converters are switched off, and the load is disconnected. This operational state is typically

employed in standalone (off-grid) installations or for peak demand reduction strategies.

Mode 6: In this configuration, power is supplied solely by the photovoltaic source. The DC-DC
converter operates in Maximum Power Point Tracking (MPPT) mode, while the battery storage
is disconnected to prevent any charge/discharge cycling. The inverter is activated and supplies

energy coming exclusively from the PV array.

Mode 7: In this mode, the photovoltaic array is connected to the system. The boost converter

performs Maximum Power Point Tracking (MPPT) to optimize energy harvest, which is then
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directed to charge the battery via the buck-boost converter operating in buck mode. The inverter

remains deactivated, and the AC load is consequently disconnected from the system.
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Figure 1. 7. Power flow modes in PV-BAT system.

Table 1. 3. Operational Modes of the PV-BAT System.
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Mode Primary condition PV BAT Inverter | Description of
converter converter energy flow
(Boost) (Buck-
Boost)
Mixed Prv<PrLoad MPPT Boost ON PV  supplies
Supply (Discharge) its max.
(PV+BAT) Battery
covers the
deficit to
power the
load.
Battery Pprv>PLoad MPPT Buck ON PV powers
Charge (Charge) the load and
(PV>Load) surplus
charges the
battery
Battery Night/PV OFF (Or Boost ON Battery alone
Supply unavailable standby) (Discharge) powers the
Only load. PV
disconnected.
PV Ppvmax >PLoad, Current Boost ON PV 1S
Curtailment Limiting (Discharge) voluntarily
Low Battery
+Battery (curtailment) limited,
Support) battery
provides the
complement.
(SOC
management).
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System Maintenance/Fault OFF OFF OFF All sources
Shutdown and loads are
isolated
PV Supply | Ppv=Proad, Battery MPPT OFF ON PV  directly
Only full/disabled powers  the

load. Battery

floating  or

disconnected.
Forced PV available, AC MPPT Buck OFF All PV
Battery load zero (Charge) production is
Charge (No /disabled directed  to
AC load) battery
charging.

1.5.  Conclusion

This chapter has presented a comprehensive retrospective analysis of recent PV systems
integrated with battery (BAT) storage devices, as documented in the literature. A qualitative
comparison of various system architectures was conducted, leading to the selection of a specific
PV-BAT configuration. The systems were evaluated based on their architectural design,
converter topologies, isolation requirements, and the capability for bidirectional DC power
flow.

The chosen architecture for the PV-BAT system is the dual-converter parallel structure.
The power electronics for this configuration comprise a unidirectional boost converter for the
PV array and a bidirectional buck-boost converter for the battery storage unit.

The methodology employed in this selection phase was therefore structured in two steps.
First, an in-depth comparative analysis of existing solutions established a critical evaluation
framework, centered on fundamental technical criteria for system performance and integration.
Second, based on this analysis, the choice was justifiably made in favor of the parallel dual
converter architecture. This configuration offers an optimal compromise, combining the

simplicity and efficiency of a dedicated converter for photovoltaic power extraction with the
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flexibility and granular storage control provided by the bidirectional battery converter. Thus,

the hardware foundation of the system is defined to meet the identified requirements.

However, this state-of-the-art review highlights gaps that the subsequent chapters of this

thesis will address:

1.

Modelling Needs: Accurate modelling suitable for control of the components (PV and
lead-acid battery) is required to design effective strategies.

Control Requirements: The system controller must satisfy several often conflicting
objectives:

Decoupling of Dynamics: PV voltage variability must be decoupled from DC bus
dynamics to ensure its stability.

Optimized Battery Management: The bidirectional energy flow with the battery must
be controlled to regulate the bus voltage while respecting lead-acid battery constraints
(depth of discharge, charge currents).

Maximum Energy Extraction: The architecture must support a high-performance MPPT
algorithm independent of storage control.

Robustness: The control system must maintain DC bus voltage regulation under
variable conditions (partial shading, transitions between battery charge/discharge

modes).
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Chapter 2. System Modelling and Strategy Control

2.1. Introduction

Following the architectural analysis in Chapter 1, this chapter details the system
modeling, system sizing, and foundational control principles for the selected DC-coupled, dual-
converter PV-Battery (PV-BAT) system. The architecture, as shown in Figure 2.1, consists of
a photovoltaic (PV) array interfaced via a unidirectional DC-DC converter, a battery (BAT)
bank connected via a bidirectional DC-DC converter, and a common DC bus feeding an inverter

and load.

Designing an efficient and reliable standalone system requires accurate component
models to predict behavior, a rigorous sizing methodology to meet energy autonomy
requirements, and robust control strategies to manage power flows[91,92,93]. The inherent
nonlinearity and variability of the PV source and the complex electrochemical behavior of the
battery necessitate control strategies that are more sophisticated than conventional linear
approaches[94,95]. The fidelity of the models developed here directly informs and justifies the
need for the advanced control techniques, such as Artificial Neural Network (ANN) based
MPPT, which will be presented and validated in Chapter

This chapter is structured as follows: Section 2.2 presents the mathematical models for
the PV panel and the lead-acid battery. Section 2.3 outlines the systematic methodology for
sizing the PV array and battery bank, supported by a numerical example. Section 2.4 details the
design of the power electronic converters. Section 2.5 introduces the core control algorithms,
including the Perturb and Observe (P&O) and ANN-based Maximum Power Point Tracking
(MPPT) techniques, as well as the Ziegler-Nichols tuned PI/PID controllers for voltage
regulation. Finally Section 2.6 describes how these individual models are integrated into a

global simulation framework in MATLAB/Simulink.
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Figure 2. 1. Conventional parallel architecture for photovoltaic-battery systems.

2.2  System modeling

This work does not aim to propose new mathematical models. Instead, it relies on an in
depth literature review to identify, evaluate, and select established models best suited to the
specific context of this PV-Battery system[94, 99]. A rigorous selection process was conducted
to choose appropriate models for the main components[96,97,98], namely the photovoltaic
(PV) panels and the battery state of charge (SOC) [100]. The primary criterion was to select
models that accurately capture the essential physical behaviors and interactions between
components, while maintaining a level of simplicity conducive to system-level simulation and

analysis.

The selected models, drawn from the existing body of research, enable a coherent
representation of the system dynamics. This approach makes it possible to account for critical
interactions such as the impact of solar irradiance on PV output and the nonlinear
charge/discharge characteristics of the battery within a manageable computational framework.
The overall system, integrating these literature-based component models, will be implemented
and simulated using the MATLAB/Simulink software environment to validate the proposed

architecture and control strategies.
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2.2.1. Model of photovoltaic panel

The energy produced by photovoltaic (PV) panels can be assessed by developing a
mathematical model that calculates the electrical energy generated based on solar radiation and
ambient air temperature. This analysis focuses on monocrystalline silicon solar panels and
employs a single-diode model for the PV cells. Additionally, a series resistor is incorporated to
account for internal losses within the cell. The electrical model used in this study is the single-

diode equivalent circuit model (see Figure 2.2) [101,102].

NIRRT

Figure 2.2. Equivalent circuit diagram for the general photovoltaic cell model.

The model accounts for the resistive properties of the cell, represented by a series resistor

(Rs), and also considers leakage currents, which are modeled by a parallel resistor (Rsp).

CI(V+RSI)_1} V + Rl

I = Iph - Id {e nKT R (21)
sh

In this context, K represents Boltzmann's constant, while T denotes the surface

temperature of the photovoltaic cell.

A photovoltaic panel, or module, is created by connecting multiple photovoltaic cells
either in series or in parallel. By further connecting several photovoltaic modules together in
series and/or in parallel, a photovoltaic array is formed. The model of a photovoltaic panel can

be represented as follows:
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{ IPVarray = Np X IPV (2 2)
Rarray = Ng(Rs + Rgp) '

In this context, Ny represents the number of modules connected in series, while N,
indicates the number of modules connected in parallel. The P-V (Power-Voltage) and I-V
(Current-Voltage) characteristic curves for the first photovoltaic source are provided under

standard conditions of 25°C and 1000 W/m? for reference purposes. Additionally, the I-V and

P-V characteristic curves at various solar irradiance levels and temperatures are illustrated in

Figure 2.3.
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Figure 2. 3. I-V and P-V curves for varying input parameters.

The (I-V) and (P-V) characteristics indicate that the power produced by a PV panel is

directly proportional to irradiance and inversely proportional to temperature.

Equation (2.3) [103] quantitatively demonstrates how temperature and solar irradiance

affect the photogenerated current (/).

G
Ly, = (Ipyn + Kl-AT)G— (2.3)

n
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This relationship arises because the series resistance (Rg) in photovoltaic cells is
significantly lower than the shunt resistance (R, ), allowing the approximation that the short-
circuit current (I;.) equals the minimum photovoltaic current. The system employs the

following notation:

o |

pvn: Nominal photovoltaic current

e K;: Current temperature coefficient

e AT: Deviation from nominal temperature
e (: Actual solar irradiance

e (,: Standard test condition irradiance

The array configuration consists of two parallel branches, each containing four series-

connected panels. Individual panels are rated at 135 W with these key characteristics:
e Maximum Power Point: 243 V /50 A
e Open-Circuit Voltage: 22 V
e Short-Circuit Current: 8.36 A

This 8 panels array delivers a cumulative output of 12000 W. As depicted in Figure 2.3,
variations in solar irradiance dynamically alter the system's current-voltage (I-V) and power-

voltage (P-V) characteristics.
2.2.2. Lead-acid battery model

This study employed a generic lead-acid battery (BAT) model, as described in references
[101,103,104]. This type of model is well-established for energy flow analysis in microgrid
applications [61,68]. The model calculates two key parameters that represent BAT

performance: terminal voltage (Vg 4r) and state of charge (SOC), illustrated in Figure 2.4.
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Figure 2. 4. Enhanced standard battery model
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Figure 2. 5. Non-linear standard battery model.

Vear = Egar — Rin X Igar (2.4)
1 dt
S0C = 100(1 — I"L) (2.5)
Qpar
1—S0C
EBAT - EO - k WQBAT + Aexp{—B(l _SOC)QBAT} (26)

The model incorporates parameters (Figure 2.5) such as E,, which characterizes the
battery’s open circuit voltage, along with Q and R;,; to represent its capacity (measured in
ampere-hours, Ah) and internal resistance (in ohms, Q), respectively. Additionally, K denotes

the polarization constant (in volts per ampere-hour, V/Ah), A signifies the exponential voltage
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amplitude (in volts, V), and B quantifies the exponential capacity coefficient (in inverse
ampere-hours, (Ah)—1) [104].

This model focuses on the fundamental electrical dynamics (voltage-SOC-current
relationship) critical for real-time energy management and DC bus stability. While temperature
compensation and aging effects are crucial for long-term capacity estimation and lifecycle
analysis, they are excluded from this core dynamic model for two reasons:

1) The primary control objective is real-time power flow optimization and voltage
regulation, which depends more on instantaneous SOC and internal resistance than on slow-
varying parameters like capacity fade.

2) This simplification reduces computational complexity, facilitating faster simulations
and a more straightforward implementation of the real-time control algorithms. For a complete
system assessment, these factors would be integrated into a separate supervisory long-term
health management layer.

2.3.  System Sizing

The sizing procedure identifies the optimal number of components required to design a
cost-effective and high-performing standalone PV-battery (PV-BAT) system [102,105]. The
component quantities are calculated to prevent power supply interruptions during periods of
high energy demand, while adhering to the system’s operational constraints.

The primary objective is to ensure the backup system achieves a high level of autonomy,
delivering uninterrupted power supply to the household at a reasonable overall cost. The study
incorporates realistic technical constraints, including grid subscription limits, the charger’s
rated current, the maximum allowable current for battery injection, and the DC bus voltage. A
critical consideration is the configuration of photovoltaic (PV) panels and batteries in series-
parallel arrangements to maintain a DC bus voltage that is a multiple of 6 V, introducing
additional sizing complexities.

Energy flow is meticulously forecasted, as precise system sizing demands rigorous
coordination between all components of the installation such as the PV array, battery bank
(BAT), and load requirements. This coordination ensures optimal performance, balancing
energy generation, storage, and consumption efficiently.

2.3.1. Electricity Demand Assessment

The electricity demand assessment involves calculating the daily electrical energy consumed
by end-users [106,107], expressed in watt-hours per day (Wh/day) or kilowatt-hours per day
(kWh/day). The methodology, adapted from [108], involves the following steps:
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> Inventory of Electrical Devices: Identify all appliances powered by the standalone

photovoltaic (PV) system and document their rated operating power (in watts).
» Usage Duration Estimation: Determine the daily operating hours for each device.

» Energy Consumption Calculation: Multiply the rated power (W) by the daily usage

duration (hours) to compute the daily energy consumption (Wh) per appliance.

» Aggregate Demand: Sum the individual energy values to derive the total daily

electricity demand.

» Performance Ratio (PR): The performance ratio quantifies inherent losses within the
electrical installation. Represented as a dimensionless value between 0 and 1 (or 0% to

100%) [109], it serves as a critical metric for evaluating system efficiency [109,110].

This inventory provides a comprehensive overview of system power and energy
requirements. Electricity demands and daily energy consumption were quantified in the prior

inventory, enabling the establishment of a detailed power and energy balance.
2.3.2 PV Array Sizing

Based on the evaluated electrical load and solar potential, the PV array configuration is
determined. The first step involves computing the total number of modules required for the

installation using Equation (2.7) [111]:

(2.7)

where:
e Npy represents the total number of PV modules;
e P, corresponds to the peak power output of the photovoltaic array;
e P, denotes the rated power of a single PV module.

A straightforward analytical formula can be applied to determine the peak power

capacity of the PV array (P,) in equation (2.8) :
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P, = (2.8)

|| &=
eI

The photovoltaic (PV) system’s key parameters are defined as follows:

e P, represents the peak power output of the PV array, corresponding to its maximum

achievable power under ideal operating conditions.

e E_ quantifies the daily electrical energy output (in kWh/day) potentially generated by

the system.

e P; denotes the irradiance level under standard test conditions (STC), measured in

kW/m?2.
o E; reflects the total daily solar irradiation (in kWh/m?*/day) incident on the PV array.

» R, characterizes the system’s performance ratio, a dimensionless metric that evaluates

overall efficiency by accounting for energy losses.
2.3.3 Battery Sizing Methodology

The battery capacity must be sufficient to meet all electrical demand (E,). When sizing
the battery bank, the following design criteria are applied [89, 90] to ensure reliability and cost-
effectiveness [102,105]:

e Reserve autonomy period (NJ): Ensure continuous power supply during periods of

zero solar energy contribution.
o No solar input: Account for scenarios where photovoltaic generation is unavailable.

o Depth of discharge limit (PD): Maintain operation within the maximum allowable

depth of discharge to preserve battery longevity.

Here, PD refers to the maximum permissible depth of discharge for a battery. It is
therefore critical to determine the required number of batteries and their series/parallel

configuration in accordance with manufacturer specifications.

The total battery capacity (CT) is calculated using the following expression:

_ (EcxNJ)
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The parameters are defined as follows:
e NJ represents the number of consecutive days with insufficient solar irradiance.

e E_ denotes the daily energy output (in kWh/day) generated by the photovoltaic (PV)

system.

e UT corresponds to the nominal operating voltage (e.g., 12 V, 24 V, 48 V) of the
battery bank (BAT).

e PD indicates the maximum allowable depth of discharge (DoD) for the batteries, a

critical factor for preserving lifespan.

Once the battery capacity is established, the number of parallel-connected battery units
(Nb) can be computed.

2.4. Power Converter Design and Optimization

The design of power converters is a cornerstone of modern power electronics, enabling
efficient energy management in renewable systems [112,113].

To realize high-efficiency, high-power-density converter topologies, this section details
a design methodology incorporating key parameters: switching frequency, magnetic core,
copper windings, semiconductor devices, and capacitors. Selection of the switching frequency
directly influences passive element size and semiconductor loss mechanisms. Conversely,
judicious component selection serves to mitigate these losses.
2.4.1. Power Converter for Photovoltaic Systems

To achieve DC bus compatibility, the PV generator's output is processed by a
unidirectional boost converter [109,114]. Through controlled switching actions, this topology
steps up the relatively low PV voltage to a utilizable higher DC level, analogous to an inverted

buck converter operation [115,116]. The circuit diagram is provided in Figure 2.6.
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Figure 2.6. DC-DC switching regulator circuits

The boost converter under study Figure 2.6 employs eu, (t) as a binary control signal.
Defining a,,, as the duty cycle of this command variable enables the derivation of its

averaged model:

Vpus = 1 _pv (2.10)

dv I, — 1
d’t’” — P - Lpv (2.11)

dinv _ V;Jv - VBus(1 - Upv)
dt C

(2.12)

Converters universally incorporate a low-pass filter downstream of the switching device
to ensure purely continuous output characteristics. Output voltage regulation is achieved

through deliberate duty cycle modulation.

Boost converters operate via cyclic energy storage in the inductor during switch-on
phases, followed by controlled energy transfer to the load during switch-off intervals, thereby
producing voltage step-up. To maintain strictly positive current in continuous conduction
mode, inductor sizing requires adherence to a critical minimum value derived from Equation
(2.13). Intentional selection of inductance above this threshold preserves current
unidirectionality du

ring switch disconnection.
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(1 —ay)? XR
Lmin - Zf

(2.13)

Where L,,;, denotes the critical inductance required to sustain continuous conduction
mode, a,, characterizes the duty cycle parameter, R signifies the load impedance,

and f specifies the switching frequency.

Concurrently, output voltage ripple attenuation is accomplished through strategic output

capacitor oversizing, with analytical quantification provided by Equation (2.14).

AVBuS _ apv

= (2.14)
Vius Rcf

with Vg, defining the DC output voltage and c the storage capacitance.

2.4.2. Power Converter for Battery Systems

Energy storage unit interface with the DC bus through a bidirectional static power converter,
facilitating both charging and discharging operations of the battery (BAT) systems. In the
experimental configuration, the BAT modules exhibit a fixed capacity C and negligible losses.
Each module integrates an inductor Ly, and a basic switching cell (Figure 2.7), supporting

bidirectional current flow [117]. Two operational modes are implemented:

e Buck mode for energy transfer from the DC bus to the batteries.

e Boost mode when supplying energy from the batteries to the DC bus.
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Figure 2. 7. Prototyping of a Bidirectional DC-DC Converter

The duty cycle of binary control variable eu,(t) is formally defined. The time-averaged

model governing the second subsystem is expressed through these dual equations:

dipar _ Vgar — (1 — apar)Vpys (2.15)
dvpar lgar

= — 2.16

dt Cc ( )

a) Bidirectional Converter Synthesis

A bidirectional power converter architecture is realized through synergistic integration of
buck and boost converter functionalities, with semiconductor switches replacing passive diodes
(Figure 2.7) This topology is essential for modern DC microgrids and renewable energy
systems [118]. The upper switch enables buck-mode operation, facilitating energy transfer from
the high-voltage to low-voltage port. Conversely, the lower switch activates boost-mode

operation for reverse power flow from low-voltage to high-voltage domains.
b) Control Implementation

Simulink simulations validate the topology regulated by a charge controller that
dynamically manages power directionality to/from the battery (BAT) system. This control
strategy mitigates renewable source intermittency while stabilizing DC-link voltage, a
challenge addressed in various grid studies [118,119]. The component parameters maintain
buck-converter specifications except for intentional inductance reduction. Empirical analysis
demonstrates that elevated inductance values compromise voltage stability; consequently,

optimized lower inductance was selected to:
e Minimize current ripple (< 5% AI_L).
e Enhance charge/discharge efficiency (n > 97%).
o Prolong battery cycle life.

2.5.  System of battery

The lead-acid battery operates within a voltage range of 36 V (minimum) to 52.26 V
(fully charged), with a discharge termination threshold of 17.4 mA. At its nominal capacity of

36.25 Ah, the exponential region voltage reaches 48.8 V, while internal parameters include 48
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V open-circuit voltage and 0.024 Q internal resistance. Discharge characteristics in Figure 4. 1
confirm a 30 second voltage response time. The critical 52.26 V threshold governs charging
mode transitions: when battery voltage remains below this value, the MPPT controller employs
constant-current charging to maximize power transfer; upon reaching this voltage, the system
switches to constant-voltage mode to prevent overcharging. This process implements a three-
stage charging strategy: (1) initial MPPT phase delivering maximum current, (2) voltage-
regulated absorption phase, and (3) float maintenance stage, collectively ensuring optimal

battery conditioning throughout the charging cycle.

Mominal Current Discharge Characteristic at 0.2C (40A)
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Figure 2.8. Characteristics of Battery Discharge.

During constant voltage charging, the battery receives a fixed voltage while MPPT
functionality remains inactive. Upon reaching full charge, float charging maintains 100%
state of charge (SOC) to prevent overcharging and associated risks such as pressure-induced
failure. The control logic (Figure 2.9) operates through continuous monitoring of battery
voltage and SOC. When SOC < 100%, charging alternates between constant current and
constant voltage modes. Once SOC exceeds 100%, the system enters a hold state that

terminates PWM signals. Subsequent mode selection depends on battery voltage: if voltage
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drops below a predefined threshold, MPPT reactivates for constant current charging;
otherwise, MPPT remains disabled. This controller utilizes battery voltage and SOC as
primary inputs. In the Simulink implementation, float charging is disabled via a conditional
multiplication block that gates the MPPT duty cycle, enabling transition to the hold state

when specific conditions are satisfied.

Upon reaching 100% state of charge (SOC), the battery initiates the float stage where
converter activation occurs through PWM pulse inhibition. Should battery voltage

subsequently.

drop below the float voltage threshold, the system transitions to either constant-voltage or
constant-current charging modes. During this transition, the MPPT duty cycle undergoes
multiplication within the Simulink environment, with the processed signal routed to the PWM
generator. This generator then drives the power semiconductor components in both buck and
boost converters. When voltage conditions remain above threshold, the controller maintains
constant-voltage charging. This control architecture ensures voltage stability by enabling
rapid transitions between MPPT operation and zero-switching states via dedicated controller

blocks, facilitating seamless initiation of float conditions.
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Figure 2.9. Battery Charge Management Control Algorithm Flowchart

Table 2.1 details the key electrical and physical parameters essential for modeling and
simulating the photovoltaic charging system. Critical passive components include inductors L
, L,, and L5, along with input capacitance C;,,, output capacitance C,,;, and intermediate
filtering capacitors C; to C, . These components suppress voltage ripple and optimize energy
transfer efficiency in the DC-DC conversion stages. The table further specifies PV module
characteristics under Standard Test Conditions (STC), including: open-circuit voltage (V,.),
short-circuit current (I5.), maximum power output (PyLS) maximum power point voltage
(Vinp) and current (I,,,,), series-connected cell count (N), and system switching frequency (f).
These parameters enable precise tuning of the MPPT algorithm and power stage design to

ensure robust performance across variable solar operating conditions.

Table 2.1. Parameters of the PV system.
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Symbols Values Symbols Values
Ly 2.3 mH Cout 200 uF
L, 0.82 mH pre 135 W
L 3.2mH Voc 221V
Cin 300 uF Isc 8.3696 A
C; 440 uF Ns 36
C, 200 uF Vmp 17.7V
C3 100 puF Imp 7.6296A
C, 1100 puF f 150 kH

2.6 MPPT Techniques

A key limitation in commercial photovoltaic (PV) systems lies in their suboptimal energy
conversion efficiency. This challenge is addressed through Maximum Power Point Tracking
(MPPT) implementation, which optimizes power extraction to significantly enhance energy
yield and operational performance.
2.6.1 Perturb and observe algorithm

The Perturb and Observe (P&O) algorithm effectively maintains photovoltaic (PV) systems at
their maximum power point (MPP). Its operational advantages include high tracking
efficiency, computational simplicity, and straightforward implementation. As depicted in

Figure 2.10 (algorithm structure) and Figure 2.11.(control flowchart) [120], P&O [121]

dynamically perturbs the array voltage to locate the MPP. Analysis of the PV power-voltage
(P-V) characteristic curve (Figure 2.10) reveals distinct regional behaviors: left of MPP,
voltage increases with rising irradiance but decreases with falling irradiance; right of MPP,
this relationship inverts. Oscillation magnitude can be minimized by reducing the perturbation
step size.

Figure 2.10 presents the comprehensive operational schematic of the Perturb and Observe
(P&O) algorithm.

Step 1: Start

Step 2: Read variables V(n) and I(n).

Step 3: Calculate power: P(n) = V(n) X I (n)

Step 4: Call previous values of P and V from the memory. P(n — 1) and V(n — 1)

47




Chapter 2. System Modelling and Strategy Control

Step 5: Calculate the change in power dP and change in voltage dV using:
dV=Vn)—-V(n—-1) and dP=Pn)—Pn-1)

Step 6: If dP = 0, Then no change in duty ratio is required and GOTO Step 7.

Else If (dP.dV) > 0, Then increase the duty ratio by 4D and GOTO Step 7.

Else decrease the duty ratio by 4D and GOTO Step 7

Step7: return.

RD: Right MPPT Direction
WD: Wrong MPPT Direction

Current Region mm—)/oltage Regio QY

Figure 2.10. Power-Voltage Characteristics at the Maximum Power Point (MPP)
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Figure 2.11. Flowchart of P&O method.
2.6.2 MPPT with Neural Networks

Artificial Neural Networks (ANNs) are extensively employed to address intricate
challenges in photovoltaic systems, leveraging their capacity to process incomplete datasets
and extract patterns from empirical observations. Trained ANNSs enable rapid predictive
capabilities [122], optimization solutions [123-124], and sophisticated system modeling [125-
126]. A primary strength lies in their inherent capacity to bypass explicit mathematical

formulation and complex input-output relationship analysis.

This research employs an Artificial Neural Network (ANN) to optimize photovoltaic
power extraction, addressing nonlinear P-V and I-V characteristics under variable temperature
and irradiance conditions. A Multilayer Perceptron (MLP) architecture was implemented for

its proven efficacy in nonlinear system modeling [127]. The MLP features feedforward signal
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propagation across three layers: input, intermediate hidden, and output layers, with no intra-
layer neuron connections. Network topology and layer-specific neuron counts were optimized

through structured experimental validation [128-129] to maximize MPPT performance.

Training Data: The ANN was trained on a hybrid dataset generated as follows:
1) Synthetic data from the mathematical PV model (Section 2.2.1) across a wide range

of G 500 to 1000 W/m?) and T (0 to 25°C) to create a comprehensive mapping.

2) Validated with manufacturer datasheet curves for specific panel models to ensure
real-world correlation. This approach ensures robust generalization while being grounded in

physical panel characteristics.
2.6.2.1 Model tunning and ANN training process

To optimize the ANN, we iteratively tuned hyperparameters using grid

search and validation-based early stopping:
a) Hyperparameters:

e Learning rate: Tested values (0.001, 0.01, 0.1) via cross-validation; 0.01

minimized MSE.

e Hidden layers/neurons: The selection of 10 neurons represents a balance
between underperformance (architectures with 5 neurons, MSE = 0.12) and
overfitting (20 neurons, MSE = 0.07 but with high validation variance). These
results were validated during the grid search phase, which systematically

explored hyperparameter combinations to optimize model robustness see in

Table 2. 2.

e Epochs: Trained up to 200 epochs; early stopping triggered at 150 epochs (no

validation loss improvement for 20 epochs).

Table 2.2. Hyperparameter tuning results.
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Neurons Learning Rate Validation MSE
5 0.01 0.08
10 0.01 0.05

o Regularization:
e Dropout: Applied (rate=0.2) to hidden layers to prevent overfitting.
e K-fold (k=5): Ensured robustness across data splits (MSE variance: +0.02).
b) ANN Training Process
Step 1: Data Preparation

e Normalization: Inputs (voltage/current) scaled to [0,1] using min-max

normalization.

e Split: 70% training, 30% validation (stratified to maintain PV operating

condition distribution).

Step 2: Architecture

e The proposed architecture balances simplicity and nonlinear modelling
capability via a ReLU-activated hidden layer. A linear output layer avoids
constraining predictions to predefined ranges, enabling accurate estimation of

real-world physical variables like PV-generated power
e Layers: Input (2 nodes) — Hidden (10 nodes, ReLU) — Output (1 node, linear).

e Activation: ReLU for hidden layer (avoids vanishing gradients), linear output

for regression.
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Normalized Input Data
(Voltage, Current)

l

Hidden Layer: 10 Neuron
Activation: ReLu
Regularisation: Dropout (20%)

v

Output Layer: 1 Neuron
Activation: Linear
Loss: Mean Squared Error (MSE)

A 4

Predicted Power Value

Figure 2.12. Detailed ANN architecture with regularization and training parameters.

As shown in Figure 2.2, the ANN architecture comprises three key components:

1. An input layer (2 nodes) receiving normalized voltage and current measurements.

2. A single hidden layer (10 neurons) with ReLU activation to model nonlinear
relationships between inputs and outputs.

3. A linear output layer (1 node) to predict continuous power values without range
constraints.
This structure balances simplicity and predictive accuracy, as validated by the low

MSE (0.05) in Table 2.2.

Step 3: Training
e Optimizer: Adam (learning rate=0.01, $:=0.9, 2=0.999).
e Loss: MSE (Equation (2.17), monitored on validation set.
o Backpropagation: Weights updated via gradient descent with momentum (=0.9).

Step 4: Validation

e Performance: Final MSE = 0.05 on unseen test data (5% error relative to max power).

52



Chapter 2. System Modelling and Strategy Control

e Visualization: Learning curves (training/validation loss vs. epochs) confirmed no

overfitting.

Table 2.3. Model Performance for Different Training Configurations.

Numbers of Numbers of
MSE
approach neuron
100 10 9.26 x 107°
200 10 8.90 x 10~°
300 10 9.17 x 107°
400 10 9.50 x 10~°

In this case, P, stands for the photovoltaic (PV) system's anticipated power output,

P

prea for the power that the ANN predicted, and n for the database's size.

The training technique yielded optimal Mean Squared Error (MSE) values of
8.81 x 107° for 10 neurons and 8.87 X 10~®for 200 approaches in (2.17), as shown in Table
2.3. Because 10 is linked to a very efficient performance, it is therefore decided that this is the
ideal number of neurons in the hidden layer. Two neurons make up the input layer, ten
neurons make up the hidden layer, and one neuron makes up the output layer of the artificial
neural network (ANN). Figure 2.3. shows the PV system using the neural network
approach.The input layer includes the PV system's current and voltage, and the output layer

forecasts the power.

n
1
MSE = EZ(Popt — Ppred)? (2.17)
i=1
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Figure 2.13. Block diagram of the MPPT ANN controller.

The developed ANN-based MPPT controller implements a three-layer
feedforward architecture (Figure 2.14.). Network topology is governed by multiple design
parameters: layer count, neuron distribution per layer, layer-specific activation functions, and
inter-layer connectivity patterns. After evaluating various activation functions [131], the
sigmoid was selected for hidden layers due to its consistently positive first derivative - a
property facilitating gradient-based learning and bounded output range (0 to 1). Preliminary
investigations confirmed sigmoid efficacy for output normalization, but regression tasks
requiring unbounded
predictions (e.g., power/voltage estimation) necessitated linear activation in the output layer.
This configuration eliminated artificial output constraints, reducing mean squared error
(MSE) versus sigmoid-constrained alternatives while aligning with standard regression
protocols for continuous physical systems. The sigmoid function is formally defined in

Equation (2.18), with Figure 2.14. providing the complete controller schematic.

1
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Input Hidden Output
Layer Layer Layer

Vev

Figure 2. 14. Configuration of MPPT using ANN.

To achieve the V,;,,, voltage linked to the maximum Py, power, the ANN controller
measures V (k)and either increases the duty cycle D if (V(k) — Vp,,, = 0), or decreases D
If(V(k) — Viupp < 0).The corresponding flowchart for this MPPT algorithm based on neural

networks is shown in Figure 2.15.

START
A
\ 4
Measure V(k)
v
E=V(K)-Vpp
No
y A 4
Increase PWM Decrease PWM

Figure 2. 15. Flowchart of MPPT using ANN.
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2.7 Strategy of control
2.7.1 ZN-PI and ZN-PID control
This section outlines the design methodology for classical Ziegler-Nichols Proportional-
Integral (ZN-PI) and Ziegler-Nichols Proportional-Integral-Derivative (ZN-PID) controllers
specifically designed for voltage regulation using a buck converter. The differential equation
for a generalized PID controller is typically expressed in either 'parallel form' or 'ideal form,'

as indicated by equations(2.19) and (2.20), respectively.

u(t) = Kye(t) + K; f e(t)dt + Kpe(t) (2.19)

u(t) =K, [e(t) + Tlf e(t)dt + Tpé(t) (2.20)
1

Where K, K; , and K, denotes proportional, integral and derivative gains respectively,T;
andTpdenotes integral and derivative time constants respectively, and u and e are output and
input i.e. error signal of the controller respectively. The performance parameters of the PID

controller are quantified using ZN tuning method [133,134,135]; using relations as given

below:
T, Kp
For PI control: K, =0.75 X K, , T, = 5 K; = .
. 1
For PID control: K =06xK, T,=2 17, =0 g% gk, =
: p - Y u 1T 5 4D T go I_TI an D —
K, X Tp,

In control systems, where K,, and T, represent the ultimate gain and the period of the system,
respectively, Ziegler-Nichols (ZN) tuned Proportional-Integral (PI) and Proportional-Integral-
Derivative (PID) controllers can sometimes lead to unsatisfactory performance. This can be
observed in metrics such as overshoot (OS), rise time (RT), settling time (ST), Integral of the

Absolute Error (IAE), and Integral of the Squared Error (ISE) [133,136].
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2.8 Global Simulation Model Integration

The individual component models and control blocks are integrated into a cohesive
systemlevel simulation within MATLAB/Simulink, as shown in Figure 2.13. The integration
follows a hierarchical structure:

1. Plant Model: The PV model (Eq. 2.1-2.2) and Battery model (Eq. 2.3-2.5) form the

core energy sources/sinks.

2. Power Stage: The averaged models of the boost and bidirectional buck-boost

converters (Eq. 2.8-2.10) interface the sources with the DC bus.

3. Control Layer: The MPPT block (P&O or ANN) generates the reference for the PV
converter's duty cycle (ay,). The voltage controller (ZN-PI/PID) processes the DC bus
voltage error to generate the battery converter's duty cycle (o._bat), determining

charge/discharge power.

4. Load & Management: A variable load profile and the battery management system

(BMS) logic (Fig. 2.9) provide the operational context and constraints.

This integrated model allows for the simulation of complex, dynamic interactions such as a
sudden cloud passage affecting PV output while the battery compensates to maintain the DC
bus voltage and serves as the virtual testbed for validating the control strategies developed in
Chapter 3.

2.9 Conclusion

This chapter focused on the design of power interfaces and the architectural principles of
control. The design of static converters was detailed, including a unidirectional boost converter
for the PV generator interface and a bidirectional buck-boost converter for managing battery
charging and discharging. Concurrently, the mechanisms for regulating photovoltaic power
were introduced, highlighting the critical role of Maximum Power Point Tracking (MPPT).
Two MPPT approaches were outlined as a preamble: the conventional Perturb and Observe
(P&O) algorithm and an advanced approach based on Artificial Neural Networks (ANN), the

development and in-depth comparison of which will be the main focus of the next chapter.
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Chapter3. Intelligent Control Strategies for PV-Battery Systems: Performance Comparison between
Conventional P&O and ANN-Based Approaches

3.1. Introduction

While solar photovoltaic (PV) systems have achieved remarkable growth and cost
reductions, their true potential is unlocked only when coupled with efficient energy
management and storage. The pivotal component enabling this synergy is the intelligent charge
controller, which must perform a dual optimization: extracting maximum power from the PV
array under varying environmental conditions and managing the stored energy in batteries to

ensure longevity and reliability [122, 123].

Extensive research has been dedicated to Maximum Power Point Tracking (MPPT)
algorithms and, separately, to battery charge management [127-129]. However, a significant
gap exists in the holistic evaluation and optimization of these integrated functions within a
unified control architecture for standalone PV-Battery (PV-BAT) systems [130-132]. Many
proposed solutions lack either comprehensive modeling or fail to provide a rigorous,
quantitative comparison of advanced control strategies against established benchmarks under
realistic, dynamic operating conditions.

This chapter addresses this gap by presenting the core contribution of this thesis: the
development, simulation, and quantitative validation of an Artificial Neural Network (ANN)-
based intelligent energy management system. It moves beyond simple algorithm description
to prove the superior performance of an integrated ANN-MPPT and control strategy through
systematic comparison with the conventional Perturb and Observe (P&O) method. The
validation focuses on key performance indicators critical for real-world application: MPPT
tracking accuracy and speed, DC bus voltage stability, and the resulting impact on battery
charging efficiency and state-of-charge (SOC) management.

The chapter is structured to clearly separate results from their analysis. Section 3.2 describes
the complete MATLAB/Simulink model of the proposed system. Section 3.3 presents the
results in a structured manner: first detailing the simulation conditions (3.3.1), then presenting
comparative MPPT performance metrics (3.3.2), followed by an analysis of battery behavior
(3.3.3), and finally, the overall energy management under load variations (3.3.4). Section

3.4 provides a conclusive synthesis of the findings.
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3.2. Description of the designed system

The system architecture, implemented and simulated in MATLAB/Simulink (Figure 3.1),
realizes the DC-coupled dual-converter topology selected and justified in Chapter 1. It
comprises a PV array, a unidirectional DC-DC boost converter (for MPPT operation), a battery
bank, a bidirectional DC-DC buck-boost converter (for charge/discharge management and DC
bus voltage regulation), and a resistive load.

The core innovation lies in the control layer. Two distinct MPPT strategies are implemented
and tested within the same plant model:

1. Conventional P&O Controller: Serves as the performance benchmark. It perturbs the

PV operating voltage with a fixed step size (AD = 107*) and observes the power change
to converge on the MPP.

2. Proposed ANN-based Intelligent Controller: Utilizes the feedforward neural network

designed and trained in Chapter 2 (2 neurons input, 10 hidden neurons, 1 output neuron).
It predicts the optimal operating point (duty cycle) based on instantaneous PV voltage
and current measurements, bypassing the iterative perturbation process.

Both MPPT blocks output a duty cycle to the PV-side boost converter. The DC bus voltage
is regulated by a Ziegler-Nichols-tuned PI controller acting on the bidirectional battery
converter. The battery management system (BMS) implements the three-stage (bulk-
absorption-float) charging protocol for the lead-acid battery model described in Section 2.2.2.
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Figure 3. 1. Proposed Model MATLAB/Simulink.

3.3. Results and discussion
3.3.1 Simulation Conditions

The system performance was evaluated under a dynamic irradiance profile designed to test
controller robustness (Figure 3.2). The profile includes step changes (e.g., 500 W/m? to 1000
W/m? ) and a gradual ramp, simulating passing clouds and diurnal variation. The module
temperature was held constant at 25°C to isolate the impact of irradiance variation. The PV
array parameters correspond to the 12000 W system detailed in Table 2.1, and the lead-acid
battery has the characteristics defined in Section 2.2.3.

3.3.2 ANN & P&O MPPT Tracking Performance: A Quantitative Analysis

The extracted PV power for both controllers under the dynamic irradiance of Figure 3.2 is
shown in Figure 3.3. Visually, the ANN controller exhibits a faster response to irradiance steps
and significantly reduced steady-state oscillation around the Maximum Power Point (MPP)
compared to the P&O controller.

A quantitative analysis, summarized in Table 3.1, confirms these observations and provides
definitive proof of superiority. Key metrics were calculated from the simulation data:

e Tracking Efficiency: The ANN maintains an average efficiency of 99.2%,
outperforming the P&O's 96.8%.

e Power Ripple at Steady-State: Measured as the peak-to-peak oscillation at a constant
1000 W/m?. The ANN reduces ripple to £0.4% of P_mp, compared to +2.1% for
P&O.

e Response Time to Step Change: Defined as the time to reach within 98% of the new
MPP after an irradiance step. The ANN responds in 45 ms to the 500—1000 W/m?
step, while P&O requires 180 ms.

The ANN's superior performance stems from its direct, non-iterative estimation of the
optimal operating point, eliminating the inherent trade-off in P&O between response speed
(large step) and steady-state accuracy (small step). The corresponding PV voltage and current
waveforms (Figures 3.4 & 3.5) show the ANN's output is smoother, reducing stress on power
components.

Table 3.1. Quantitative Comparison of MPPT Performance Metrics.
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Performance metric ANN -based MPPT P&O MPPT Improvement
Average Tracking
Efficiency (n_track) 99.2% 96.8% +2.4 percentage
points

Steady-State Power

Ripple (at 1000 +0.4 % +2.1 % 80% reduction
W/m?)
Response Time
(500—1000 W/m? 45 ms 180 ms 75% faster
step)
A
§ 000
]
g
& 700 700
ke
I
5 T
500 i 3 500

Figure 3.2. Diagram of irradiance variation
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Figure 3.5. The voltage optimized by the ANN and P&O methods.
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3.3.3 Effect on Battery Charging Efficiency and Management

The enhanced energy capture directly improves battery system performance. Figure 3.6
shows the power transferred to the battery. The ANN controller delivers energy with less
fluctuation. The resulting battery current and voltage during the charging phase are depicted in
Figures 3.7 and 3.8, respectively. The state of charge (SOC) profile over the simulation period
is shown in Figure 3.9.

e Battery Charging Efficiency: The overall charging efficiency (from PV terminals to
battery energy stored) was calculated. The smoother current profile from the ANN
controller reduces resistive losses in the battery and converter, yielding a charging
efficiency of 89.5%, compared to 86.2% for the P&O-based system.

e SOC Management: Under the same irradiance and load profile, the ANN-controlled
system achieved a 7.5% higher net SOC gain over the simulation period. Furthermore,
the battery current ripple—a critical factor for lead-acid battery lifespan—was
quantified. The ANN system limits current ripple to <5% of the average charging
current, whereas the P&O system induces ripples of up to 15%.

This quantitative analysis demonstrates that the ANN-MPPT does not merely optimize PV
harvest; it also creates more favorable conditions for the battery, leading to more efficient

energy storage and potentially longer battery life due to reduced current stress.
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Figure 3.6. The battery power optimized by the ANN and P&O methods
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Figure 3.8. The battery current optimized by the ANN and P&O methods
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Figure 3.9.SOC battery optimized under varying irradiance

3.3.4 Overall Energy Management and DC Bus Performance

The primary objective of the battery-side controller is to maintain a stable DC bus voltage
despite variations in PV generation and load. Both control architectures successfully regulated
the bus voltage at the 400V reference. However, the quality of regulation differed markedly
during transients.

Voltage Deviation During Irradiance Steps: When irradiance dropped suddenly, the P&O
controller's slower MPPT response caused a larger, transient dip in DC bus voltage (-8.5 V
deviation) before the battery converter could compensate. The ANN controller's faster tracking
resulted in a significantly smaller deviation (-3.2 V).

Load Variation Response: Under a simulated step increase in load, both systems maintained
stability. The ANN-based system recovered to the nominal voltage 40% faster due to the more
predictable power inflow from the PV array.

This demonstrates that the higher-level goal of power system stability is directly enhanced
by the improved performance of the low-level MPPT algorithm, validating the integrated
design approach.

In summary, this study demonstrates how ANN's adaptive learning capabilities in response
to weather conditions make it superior to the P&O MPPT controller. The simulation's
findings contrast two clever approaches, highlighting ANN's quick convergence and simpler
construction, which make it an affordable option. A comparative of method P&O and
ANN is shown in Table 3. 2.

Table 3. 2. P&O vs ANN for MPPT in PV Systems.
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Criteria

P&O

ANN

Basic principle

Perturbation of
voltage/current and
observation of power

change to decide next step

Uses trained neural
network to predict MPP
from input variables
(irradiance, temperature,

etc.)

Convergence speed

Moderate to slow; depends

on step size.

Very fast once trained;

direct mapping

Accuracy at steady state

Oscillates around MPP,

causing power loss.

High  accuracy  with
minimal oscillation if well-

trained.

Low complexity; easy to

High complexity in

Complexity implement in low-cost design and training;
microcontrollers. requires computational
resources for training
phase.
Adaptability Limited; fixed step size may | High; can adapt to varying

not suit rapidly changing

conditions.

environmental conditions
if training data is

comprehensive.

Implementation costs

Low (algorithm and sensor

requirements minimal).

Higher (needs memory,
processing power, and

initial training setup).
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Robustness to noise Sensitive to measurement Can be robust if trained
noise; can cause false with noisy data or with
perturbations. filtering techniques.
Training needed No training required. Requires extensive

training data from various

weather conditions.

Popularity in industry Widely used due to Gaining interest for high-
simplicity and reliability. performance systems but

less common in low-cost

application.
Tracking efficiency Good under constant Excellent under both
conditions; decreases with steady and changing
fast changes. conditions if properly
implemented.

3.4 Conclusion

This chapter has presented a comprehensive validation of the proposed ANN-powered
intelligent management system for standalone PV-Battery applications. Moving beyond
qualitative waveform comparison, the study employed critical quantitative metrics—tracking
efficiency, response time, power ripple, and charging efficiency—to conclusively demonstrate
the advantages of the data-driven ANN approach over the conventional P&O algorithm.

The results prove that the ANN controller achieves superior performance: it extracts more
energy from the PV array (+2.4% average tracking efficiency), does so faster (75% quicker
response), and with significantly less oscillation (80% lower power ripple). Crucially, this
translates directly to downstream benefits: more efficient battery charging (+3.3 percentage
points) and superior DC bus voltage regulation during transients.

Therefore, the central hypothesis of this research is validated: integrating artificial

intelligence, specifically an ANN, into the core MPPT and control strategy of a PV-BAT
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system leads to measurable and significant improvements in overall system efficiency,
dynamics, and power quality. This work provides a validated model and a set of performance
benchmarks that can guide the development of more intelligent and adaptive controllers for

real-world renewable energy systems.
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General Conclusion

The global energy landscape is undergoing a profound transformation, driven by the urgent
need for sustainability and the integration of renewable sources. This doctoral research has
contributed to this transition by focusing on the intelligent management of energy within
buildings and photovoltaic-battery (PV-BAT) systems. The work bridges the critical gap
between energy generation, storage, and consumption by developing and validating advanced
control strategies that prioritize both efficiency and user comfort.

The work began with a comprehensive analysis of system architectures, identifying the DC-
coupled dual-converter topology as the most suitable for ensuring flexibility, safety, and
bidirectional power flow capability. This foundation allowed for the development of accurate
mathematical models for PV panels, battery storage, and power converters, all tailored to real-
world conditions and validated through detailed simulations. The use of tools such as
MATLAB/Simulink enabled not only the verification of component behavior but also the
optimization of system sizing and performance, particularly in contexts with high solar
potential such as Algeria.

A major innovation presented in this thesis is the application of artificial intelligence,
specifically Artificial Neural Networks (ANNs), for Maximum Power Point Tracking (MPPT)
and battery management. Compared to conventional methods such as Perturb and Observe
(P&O), the ANN-based approach demonstrated superior performance in terms of convergence
speed, accuracy, and adaptability to fluctuating irradiance and temperature conditions. The
neural network controller effectively reduced power oscillations, improved tracking
efficiency, and enhanced the overall stability of the system, thereby maximizing energy
harvest and extending battery lifespan.

Furthermore, the integration of an adaptive three-stage charging strategy for lead-acid
batteries ensured optimal charging cycles, preventing overcharging and deep discharge while
maintaining operational safety. The combination of smart algorithms and power electronics
enabled seamless energy transfer between PV generation, battery storage, and load
consumption, highlighting the potential of Al-driven solutions in modern energy systems.

The outcomes of this research affirm that intelligent PV-BAT systems can play a crucial role

in achieving energy sustainability, reducing dependence on conventional grids, and
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supporting decarbonization goals. The methodologies developed herein are not only
theoretically sound but also practically viable, offering scalable solutions for residential,
commercial, and industrial applications.

Perspectives

The findings of this thesis open several promising avenues for future research and

development:

o System Scalability and Hybridization: Future work could explore the integration of
additional renewable sources, such as wind or geothermal energy, into the PV-BAT
architecture to create hybrid microgrids. This would enhance system resilience and

provide a more stable energy supply through diversified sources.

e Advanced Al and Predictive Control: The use of deeper machine learning
architectures, such as recurrent neural networks (RNNs) or reinforcement learning
(RL), could further improve predictive control capabilities. Real-time adaptation to

weather forecasts and load patterns would enable proactive energy management.

o Hardware Implementation and Real-World Testing: While simulation results are
compelling, large-scale deployment and experimental validation in real-world
environments are essential. Pilot projects in urban and remote areas could demonstrate

practical feasibility and gather performance data under diverse operating conditions.

e Adaptive and Decentralized Control Strategies: Future systems may benefit from
decentralized control schemes where each energy unit (PV, battery, load) operates
autonomously yet collaboratively via communication-less or loT-enabled protocols.

This would enhance scalability and fault tolerance.

e Economic and Lifecycle Analysis: A thorough techno-economic assessment,
including lifecycle cost and environmental impact analysis, would provide deeper
insights into the commercial viability and sustainability of Al-enhanced PV-BAT

systems.

o Standardization and Interoperability: Efforts toward standardizing communication
protocols, controller interfaces, and performance metrics would facilitate the

widespread adoption of smart energy systems and their integration into existing grids.

This thesis lays a solid foundation for next-generation energy systems that are not only

efficient and reliable but also intelligent and adaptive. The continued convergence of

72



General conclusion

renewable energy and artificial intelligence hold great promise for a sustainable and energy-
independent future.

In conclusion, this research provides not just a set of solutions, but a versatile and intelligent
framework for the future of energy management. It underscores the pivotal role of advanced
control systems in harnessing the full potential of renewables, ultimately contributing to the

foundation of a more sustainable and intelligent energy infrastructure.
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Appendix A

A. Open-loop simulation of the system (chapter 3)

Continuous

:

battery subsystem

Boost converter

Solar Subsystem

Appendix B

B. 1. Photovoltaic subsystem:

Buck converter

B.2. Battery subsystem:
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Appendix C

e C.1. LOAD of system in MATLAB/ Simulink:
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e P&O Algorithm:

Step 1: Start
Step 2: Read variables V(n) and I(n).
Step 3: Calculate power: P(n) =V(n) X1 (n)
Step 4: Call previous values of PandV from the memory.
Pn—1)andV(n—1)
Step 5: Calculate the change in power dP and change in
voltage dV using:
dV=Vmn)—Vmn—-1) and dP=Pn)—

P(n—1)
Step 6: If dP = 0, Then no change in duty ratio is required
and GOTO Step 7.

Else If (dP.dV) > 0, Then increase the duty ratio by
AD and GOTO Step 7.
Else decrease the duty ratio by AD and GOTO Step 7
Step7: return.

e P&O in MATLAB /Simulink:

Vpv

V(n)




Design of a battery charger circuit with intelligent control of maximum photovoltaic

power point tracking
Abstract

Solar photovoltaic energy plays a vital role in addressing global energy challenges due to its
adaptability, scalability, and ability to meet diverse industrial and consumer demands.
Compared to other renewable sources, PV systems offer long-term electricity generation
without mechanical components, making them a reliable and low-maintenance option.
However, their power output is inherently variable, with nonlinear voltage characteristics,
leading to challenges related to intermittency. To ensure efficient energy utilization, maximum
power point tracking (MPPT) is essential for optimizing power conversion at any given
moment. This study focuses on the simulation of a battery charging circuit incorporating
MPPT to maximize power extraction from PV modules under varying solar irradiance and
temperature conditions in an off-grid system. Various MPPT techniques have been developed,
ranging from conventional to advanced approaches, depending on environmental factors and
system requirements. This work specifically compares two widely used methods: Perturb and
Observe (P&O) and Artificial Neural Networks (ANN). Chapters 1 through 3 elaborate on the
system architecture of PV-battery configurations, component modeling, power converter
design, and control strategies. The results demonstrate that the ANN-based approach provides
faster and more stable maximum power point tracking, with reduced oscillations and superior

adaptability to weather variations compared to the P&O method.

Keywords: Artificial neural networks - battery - maximum power point tracking -

perturbation and observation -photovoltaic.

Conception d'un circuit de charge de batterie avec commande intelligente de la

recherche du point de puissance maximale photovoltaique.
Résumé

L'énergie solaire photovoltaique joue un role essentiel dans la réponse aux défis énergétiques
mondiaux grace a sa flexibilité, sa modularité et sa capacité a répondre a des besoins variés,
tant industriels que domestiques. Comparée a d’autres sources renouvelables, la technologie
photovoltaique permet une production électrique durable sans pi¢ces mobiles, ce qui en fait

une solution fiable et peu exigeante en maintenance. Cependant, la production d’énergie est
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intermittente et présente des caractéristiques tension-courant non linéaires, ce qui rend
nécessaire 1’optimisation du point de puissance maximale (MPPT) pour maximiser le
rendement énergétique. Cette étude se concentre sur la modélisation et la simulation d’un
systéme de charge de batterie intégrant un algorithme MPPT, afin d’extraire le maximum de
puissance des modules PV sous des conditions variables d’ensoleillement et de température
dans un systéme hors réseau. Différentes techniques MPPT ont été développées, allant des
méthodes conventionnelles aux approches intelligentes, en fonction des conditions
environnementales et des exigences du systéme. Ce travail compare plus particuliérement
deux stratégies largement utilisées : la méthode Perturbation et Observation (P&O) et celle
basée sur les réseaux de neurones artificiels (ANN). Les chapitres 1 a 3 détaillent
respectivement 1’architecture des systémes PV-batterie, la modélisation des composants, la
conception des convertisseurs et les stratégies de contrdle. Les résultats montrent que
I’approche ANN offre un suivi plus rapide et plus stable du point de puissance maximale,
avec moins d’oscillations et une meilleure adaptation aux variations météorologiques que la

méthode P&O.

Mots-clés : Réseaux de neurones artificiels - batterie - suivi du point de puissance maximale

- perturbation et observation - photovoltaique
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Abstract

Solar photovoltaic energy plays a vital role in addressing global energy challenges due to its adaptability,
scalability, and ability to meet diverse industrial and consumer demands. Compared to other renewable sources,
PV systems offer long-term electricity generation without mechanical components, making them a reliable and
low-maintenance option. However, their power output is inherently variable, with nonlinear voltage
characteristics, leading to challenges related to intermittency. To ensure efficient energy utilization, maximum
power point tracking (MPPT) is essential for optimizing power conversion at any given moment. This study
focuses on the simulation of a battery charging circuit incorporating MPPT to maximize power extraction from
PV modules under varying solar irradiance and temperature conditions in an off-grid system. Various MPPT
techniques have been developed, ranging from conventional to advanced approaches, depending on
environmental factors and system requirements. This work specifically compares two widely used methods:
Perturb and Observe (P&O) and Artificial Neural Networks (ANN). Chapters 1 through 3 elaborate on the
system architecture of PV-battery configurations, component modeling, power converter design, and control
strategies. The results demonstrate that the ANN-based approach provides faster and more stable maximum
power point tracking, with reduced oscillations and superior adaptability to weather variations compared to the

P&O method.

Keywords: Artificial neural networks - battery - maximum power point tracking -perturbation and observation -

photovoltaic.
Résumé

L'énergie solaire photovoltaique joue un rdle essentiel dans la réponse aux défis énergétiques mondiaux grace a
sa flexibilité, sa modularité et sa capacité a répondre a des besoins variés, tant industriels que domestiques.
Comparée a d’autres sources renouvelables, la technologie photovoltaique permet une production électrique
durable sans pieces mobiles, ce qui en fait une solution fiable et peu exigeante en maintenance. Cependant, la
production d’énergie est intermittente et présente des caractéristiques tension-courant non linéaires, ce qui rend
nécessaire 1’optimisation du point de puissance maximale (MPPT) pour maximiser le rendement énergétique.
Cette étude se concentre sur la modélisation et la simulation d’un systéme de charge de batterie intégrant un
algorithme MPPT, afin d’extraire le maximum de puissance des modules PV sous des conditions variables
d’ensoleillement et de température dans un systéme hors réseau. Différentes techniques MPPT ont été
développées, allant des méthodes conventionnelles aux approches intelligentes, en fonction des conditions
environnementales et des exigences du systéme. Ce travail compare plus particulicrement deux stratégies
largement utilisées : la méthode Perturbation et Observation (P&O) et celle basée sur les réseaux de neurones
artificiels (ANN). Les chapitres 1 a 3 détaillent respectivement 1’architecture des systémes PV-batterie, la
modélisation des composants, la conception des convertisseurs et les stratégies de contrdle. Les résultats
montrent que 1’approche ANN offre un suivi plus rapide et plus stable du point de puissance maximale, avec

moins d’oscillations et une meilleure adaptation aux variations météorologiques que la méthode P&O.

Mots-clés : Réseaux de neurones artificiels - batterie - suivi du point de puissance maximale - perturbation et

observation - photovoltaique
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