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Simulation Study of Lithium-Ion Battery Charging and
Discharging with MPPT Flyback Converter Approaches

Abstract:

Renewable sources of energy cannot adequately integrate to the electrical grid
without an effective methodology for controlling the conversion of electrical power
from renewables into stored energy in a battery. In this thesis, a computer model has
been developed using the computer-programming language 'Java' which evaluates
the effect of various types of flyback converters on the charging and discharging of
lithium batteries within a solar photovoltaic energy network that utilizes maximum
power point tracking The primary focus of this thesis is to establish how the isolated
flyback converter interacts with the “PV” system and “Li” battery using various
“MPPT” algorithms under differing operating and environmental parameters. As part
of this study, a complete mathematical model for a “PV” array was created to
determine how changes to irradiance and temperature would impact the “PV” array
performance. Additionally, a “Li” battery model that captures the complex nonlinear
behavior for charge and discharge, the way the “SOC” changes, and the voltage
behavior was also constructed to ensure accurate representation of Lithium-ion
battery performance. We also created a model of the isolated flyback dc-dc converter
to transfer energy from the “PV” source to the battery in a manner that maximizes
charge and discharging efficiencies and that keeps battery-safe operation as a top
priority. Multiple “MPPT” algorithms were used, including “Perturb & Observe” and
“Incremental Conductance methods”, to find and extract the maximum available
power from the array at all times. To dynamically select the optimum climatic and
machine operating conditions, we also developed an intelligent “MPPT” selection

mechanism combining all of the above algorithms.
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The “MPPT” generators produce control signals for the flyback converter that
can vary the duty cycle to maintain the proper voltage and current for charging a
battery. Utilizing the simulator allows users to track important battery information
while the battery is being charged and discharged as well as determine battery
operation profiles during the charging and discharging process. Furthermore, the

"MPPT" efficiency of the simulator produces a large database of test data from users.

The results from this study provide evidence that the MPPT-controlled
flyback converter will allow one to extract a higher percentage of available energy,
maintain a safer operating condition for lithium-ion batteries. This study illustrates
how environmental factors and MPPT algorithms can affect the efficiency of lithium-
ion battery charging and how these factors may contribute to decreasing the effective
lives of lithium-ion batteries. The findings from this study will be beneficial for the
design and optimization of photovoltaic charging systems that are used in

conjunction with lithium-ion batteries in renewable energy applications.

Keywords: Lithium-ion battery, MPPT algorithms, Flyback converter, Photovoltaic
system, Battery charging and discharging, State of charge, Renewable energy

systems, DC-DC converter, Solar energy, Power management.
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Chapter 1 Introduction

Chapter 1

Introduction

The “Lithium-ion batteries” are becoming more and more mutual in both energy
storage and electric vehicle markets. Temperature has an enormous effect on performance and
safety for Lithium-ion Batteries and therefore, developing the correct thermal management

systems is vital to extending “lithium ion battery’s” Life, by limiting the exposure of LIB's to

additional heat and keeping them safe during operation [1-12].

Research is still being done to develop and test new methods of cooling for “Lithium-
ion Battery Systems” because better cooling systems will allow for increased performance of
“Lithium Ion batteries” in general. By providing more uniform temperatures across the

Lithium-ion Battery cell it will also provide greater safety and longevity [3- 7].

In determining a specific battery type's performance, estimating how long that
particular battery will last, and designing any battery management system for that battery
type, being able to accurately predict battery voltage, battery efficiency and battery lifespan
are important metrics in developing an effective battery model. Developing a battery model
requires you to find the best possible solution to tradeoff between speed of calculations and
accuracy of results. Understanding the effects of the charging/discharging cycles on the
internal stresses to the battery's chemistry over a period of period helps further recognize how

those stresses lead to battery deprivation. [4- 6].
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Chapter 1 Introduction
The way a battery is charged will have a large impact on its life expectancy and

operating efficiency. Previously, batteries were charged with a standard constant current;
however, there is a shift to using multiple stages of charging with optimized methods to
increase charging speeds and reduce degradation of the battery over the course of its lifetime.
The goal of these charging strategies is to achieve fast-charging while maintaining the

longevity of the battery. [2 - 7].

A reliable way to estimate a battery's state parameters allows optimal. The machine learning
and optimized neural network method used in combination has proven to be beneficial for
providing more accurate estimates of a battery state because it captures the nonlinear

behaviour of the battery over time as a result of the changes in the environment [8 - 13]

Furthermore, choosing the right indicators of battery health is key for accurately
monitoring the health of a battery and diagnosing problems with the battery. Using a data-
driven approach that takes into consideration historical charging data allows for increased
accuracy when estimating SoH and provides the opportunity to utilize more adaptive control
methods through the implementation of modern BMSs (Battery Management Systems). [5-

10]

The presence of imbalance between cells in battery packs limits usable capacity and
increases the rate of degradation. Applying active balancing systems and intelligent balancing
control methods allows the uniformity of operation, maximum utilization of all energy from
the entire battery pack, and increased reliability for the whole system due to more accurate

estimates of SOC. [11- 14].

For having a reliable and effective maintenance plan in the long term, the facility to

recognize useful life of “lithium ion batteries” is very important. The combination of
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Chapter 1 1.2. Problem Statement

sophisticated deep learning and hybrid signal-processing technologies has been shown to
accurately identify degradation patterns of the batteries and result in more effective proactive

management of the batteries, thus prolonging their operational lifetimes. [9 - 15].

1.1 Motivation

The increasing usage of Renewable Energy Sources worldwide has created a dramatic
expansion in the development and deployment of Renewable Energy Systems, most notably
through the use of “Solar Photovoltaic” technology, across all three major market sectors such
as Residential, Commercial, and Industrial. Meanwhile, due to the growing concern over
climate change and greenhouse gas emissions, the “Electric Vehicle” market is growing

exponentially. “Lithium-Ion batteries” accepted form of both Electric Vehicles and RESs.

However, the combination of solar photovoltaic technology with lithium-ion battery
storage systems creates many challenges for App Developers. Solar irradiance and ambient
temperature continually change during the day; consequently, the output power of PV arrays
can likewise fluctuate with the changes in solar irradiance. To harvest the maximum amount
of energy, the algorithms necessary to guarantee that the PV array operates at maximum
efficiency despite variations in environmental conditions. In addition, improper charging and
discharging of batteries can ultimately result in either voltage stress or low efficiency and
premature capacity fade, as well as possible serious safety concerns, such as dangerous

thermal runaway.

This research was initiated in order to develop a theoretical model as well as a
simulation platform that combines photovoltaic arrays with lithium-ion batteries and flyback
DC-DC converters using advanced “maximum power point tracking” techniques. The purpose
of this combination is to improve energy production from renewable sources while at the

same time providing safety for lithium-ion battery systems and increasing the overall type of
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renewable energy storage efficiency required for “electric vehicle” charging stations, as well

as off-grid applications.

1.2 Problem Statement

There are various issues associated with using PV-battery systems despite the fact that

they are well documented and used today.

» The “maximum power point tracking” methods are not able to accurately follow the
maximum power point when there is a very rapid change in measures of the
sunlight being received at that time (such as solar irradiance) and the temperature of
both the solar panel and connected batteries; as a result, the overall amount of
energy harvested is less than what is possible.

» Depending on the charging profile being used and the suddenness of the load being
placed on a battery, a lithium-ion battery may be placed under stress through
voltage spikes, excessive current, or thermal stress, resulting in reduced lifespan.

» Some systems today do not incorporate intelligent controls or dynamic control
strategies that allow the dynamic selection of the most appropriate MPPT algorithm
depending on changing operating conditions; this lack of dynamic selection will
limit the overall system performance.

» Energy transfer from the PV to the battery, and from the battery to the load will
often be inefficient, resulting in wasted energy, without taking steps to incorporate

appropriate controller usage.

To address these challenges, a simulation framework is developed in this research that

will incorporate PV modelling, battery characterization, and advanced MPPT algorithm

controls that are integrated with flyback converter control. The purpose of the simulation
framework will be to allow for the most efficient energy transfer from PV to battery and from

4
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battery to load, while at the same time maintaining the health and safety of the battery

throughout operation.

1.3. Objectives:

The main goals of this project are given below:

» To create models and simulations using mathematics for both photovoltaic arrays and
lithium-ion batteries. Additionally, we will develop models and simulations for the
different environmental conditions affecting photovoltaic arrays and batteries using
Flyback DC to DC converters, as well as lithium-ion batteries' temperature and
humidity ranges, etc.

» To implement multiple “maximum power point tracking algorithms” including
“Perturb & Observe” and “Incremental Conductance algorithms”, and develop a
hybrid intelligent MPPT selection strategy to determine which “maximum power point
tracking” algorithm will work best with the dynamic operation of an array and battery
system.

» Generate the control signals for the Flyback converter used for transferring energy
from the photovoltaic array to the battery based on the MPPT output to provide stable

battery charging process
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» Simulate battery cycles, as well as analyze the battery’s State of Charge, voltage,
current, and temperature to assess performance of the system.

» Assessing the impact of irradiance, temperature, and MPPT algorithm choices on the
efficiencies of the batteries, charging dynamics, and overall energy harvesting
capabilities. To the extent that we can obtain the real battery data sets, we will validate

the simulation framework.

1.4. Contributions:

The following contributions are solved by this thesis work:

» Comprehensive Sub-Modeling of an Integrated System: Integrated “PV” Arrays
with Lithium-Ion Batteries and Isolated Flyback Converters will be modeled
completely using varying environmental conditions in running a simulation.

» Combined Hybrid MPPT Approaches: Will Implement Multiple MPPT Algorithms
Together and will use the Hybrid Selection Method to determine which algorithm(s)
Will Be Selected to Maximize Energy Collection.

» Secure and Effective Battery Management: A Control Structure has been developed
so that the batteries are charged/discharged based on either voltage and/or current and
to minimize the stress on maximize useable life

> Presentation Assessment Framework: Comprehensive analysis of the working
performance of “PV” battery systems will help assess the effectiveness of the
converter; that is, what percentage of the energy through the converter is converted
into operational energy. In addition, performance evaluation also provides a baseline

for the
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» SOC values or, battery's State Of Charge values, energy losses via the PV battery
system and the thermal performance of a PV battery system.

» Authorization based on Simulation: Simulation results can also be used to validate
the proposed simulation method, and will provide up-to-date knowledge on how to
utilize a PV battery system to optimally support Renewable Energy resources and the
growth of Electric Vehicle Infrastructure.

» The proposed study's primary goals are to address these identified issues by advancing
the way that efficient and safe PV battery systems are designed, thereby supporting the
enablement of renewable energy solutions and the development of Electric Vehicle

infrastructure.

1.5 Thesis Organization

The outstanding thesis is structured as follows:

» Chapter 1 illustrates the overview of the concepts, aim and objective, contributions
problem statement and the flow of the thesis.

» Chapter 2 briefly illustrated the essential background concepts and technologies
related to our work including lithium-ion battery, charging and discharging
techniques, flyback convertor, MPPT technique and algorithm, fuzzy logic control and
conventional controllers

» Chapter 3 presents an extensive review of state of art including current directions in
DAI in terms of Al workflow, distributions paradigms, supporting infrastructure,
management techniques, and various applications.

» Chapter 4 illustrates thesis research methodology including the steps and approaches
we went through to produce this work. Then it introduces the proposed framework for

charging and discharging in lithium — ion battery.



Chapter 1 1.5.Thesis Organization

» Chapter 5 explains the charging technique without the MPPT, MPPT based control,
MPPT algorithm, design of the fuzzy logic controllers such as inputs, membership
functions, rule base, integration of fuzzy MPPT with flyback convertor and control
flow diagram is illustrated in this chapter.

» Chapter 6 briefly explains the controlling strategy of the system. The working
principles of MPPT and fuzzy logic controller, simulation environment, outcomes that
are obtained without the MPPT or conventional MPPT, charging performance are
demonstrated in this chapter.

» Chapter 7 concludes the thesis and discusses the future directions of thesis area. Fig.

1.1 illustrated the flow or organization of the thesis.
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Chapter 2 Background

Chapter 2

Background

An increasing interest in utilizing clean energies such as wind and solar along with
improved technologies to capture, store, and distribute that energy has resulted in rapid
development within both lithium ion battery and development of advanced power electronics.
The long cycle life, and low self-discharge characteristics of “Li-ion” batteries have resulted
in widespread use across many industries, including portable electronics and electric vehicles.
However, in order to achieve optimal levels of performance and longevity from these
batteries, very accurate, reliable and safe methods for controlling both battery charging and
discharging will be needed. In addition, intelligent methods of power conversion and
maximum power point tracking (MPPT) will be required when Li-ion battery systems are
connected to a renewable power generation source, such as a solar PV system.

The objective of this chapter is to cover some fundamental concepts and prior
research associated with the charging and discharging of Li-ion batteries, DC-DC converters,
and control techniques based on MPPT, which will provide a foundation for the simulation

study outlined in the rest of this paper.
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Chapter 2 2.1 Lithium-Ion Battery

2.1 Lithium-Ion Battery

“Lithium-ion (Li-ion) batteries” are rechargeable power sources that store

energy through a liquid or gel electrolyte, offering high energy density, light weight,
and long life, making them ultimate for portable electronics, electric vehicles, and grid
storage. It is the leading form of energy storage technology levels of energy density,
efficiency, long cycle. However, there are many degradation mechanisms that result in
a reduced life expectancy for lithium-ion batteries, including but not limited to capacity
fading, lithium plating, and thermal stresses on the battery. [16]. They work by
inserting (intercalating) lithium ions into the porous structures of graphite anodes and
other cathode materials during charging, releasing them during discharge, a process that
allows for repeated recharging without significant loss of capacity. Fig. 2.1 shows the

structure of the Lithium — Ion Battery.

Graphite Lithium
Anode Cathode
v 1
@) .—> ®
@)
@ O ~ @) ®
O @ 4—‘ @
\\
. Positive
i Thermal
Negative ul Separator
Thermal

Fig 2. 1 Lithium- Ion Battery
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2.1.1 Components of Lithium-Ion Battery

The primary component of the lithium-ion battery is listed below:

e Anode: When charged, a lithium heavy battery stores Lithium Ions on the
Anode. The Anode is usually made of graphite and will release the Lithium

Ions back to the cathode when discharged.

e Cathode: or positive electrode, discharges the Lithium lons and is generally
made of Lithium Metal Oxide, LCO, LMO, or NMC, when a battery is

discharging.

e FElectrolyte: The Electrolyte in a lithium-ion battery is a liquid or polymer
with dissolved Lithium Salts in it that allow for the Lithium lons to travel or

move throughout the battery between electrodes.

e Separator: The Separator is a thin and porous barrier. This physically
separates the anode and cathode, preventing short-circuiting, but allows ions

to pass through.

e Current Collectors: The metal Current Collectors consist the Current

Collectors conduct electrons to the external circuit for energy needs.

The components that are presented in the lithium-ion battery is illustrated in Fig.

2.2

12
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2.3. Battery Charging

i
/!

Fig 2. 2 Components of Lithium-ion battery

C
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2.2 Battery Charging

Separator

Lithium ions
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Current
collector

Lithium-ion batteries are charged through a two-step Constant Current -

Constant Voltage process. First, in this process the battery maintains a steady current

until the battery voltage reaches a limit typically around 4.2 volts. After this point has

been reached, the battery will hold the voltage constant as the current gradually

decreases to prevent any possible overcharging and maximize the battery's capacity.

Lithium-ion batteries tend to have a longer lifespan when they are charged with less

than full capacity and are subjected to limited ranges of temperature extremes. The

integration of electric vehicles into power systems will create complicated issues

when it comes to the control of electric vehicle charging and discharging. To

provision battery, enhance energy utilization and decrease the electric grid,

13



Chapter 2 2.3. Battery Charging

coordinated electric vehicle charging strategies are important. [17]. Lithium-ion
batteries save power by the movement of lithium ions inside the battery from the

positive electrode to the negative electrode.

Charging phase of the lithium battery is illustrated below:

e Constant Current Phase: A constant power charges the battery, increasing

its voltage.

e Constant Voltage (CV) Phase: Once the battery reaches its upper voltage
limit (around 4.2V), the charger holds this voltage constant, and the current
gradually decreases.

e Dissolution of the Charge: Charging stops when the current drops to a very
low level (e.g., 0.05C), indicating full saturation, but this can be slow, so

some chargers stop at typically at the percentage of 80.

Positive lzljegﬁtive
Anode athode

Fig 2. 3 Battery Charging
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2.2.1 Battery Charging Modes

Li-Ion (Lithium-ion) batteries must follow a carefully-defined charge procedure.
Charging Li-Ion batteries requires a well-defined multi-stage charging method to
guarantee safe and reliable operation, due to their susceptibility to excessive voltage, while
lead-acid batteries may use an unregulated charger.

The battery charging modes of lithium ion battery is classified into three categories

which as follows.

» Charging with constant power
» Continuous charging of power

» Charge quickly or boost

2.2.1.1. Charging with constant power

The level of charge on a battery today is about 10%. Constant Current Charging
supplies current to a battery at a set voltage and will cut the charger off once that battery
has reached the maximum volt level. One disadvantage of using Constant Current Charge
(CCV) technique is the possibility of overheating resulting in battery failure sooner than

would have otherwise been expected.

2.2.1.2. Continuous Charging of power
A charger will provide full current up into a battery until reaching the specified
voltage, at which point the current will be reduced to a narrow range. A battery can be left
attached to the charger until it is required to charge and will keep charged at its float
voltage, There's a constant trickle charge provided for a battery due to its normal self-

discharge. Although this method of charging takes more time to complete, it's the only

15
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method of charging a battery (to ensure maximum life) until used, when the battery

reaches its maximum balanced discharge voltage (point).

2.2.1.3. Charge quickly or boost

The combination of these two methods above allows a battery charger to charge the
battery quickly (high current), while preventing overcharging, as the total current is
limited to a predetermined amount until the battery reaches a high enough voltage
(present voltage). As the battery nears its full charge, the amount of current supplied
decreases gradually. This approach works well for lithium ion and like-type batteries, and

it also minimizes the possibility for overcharging due to a high-current condition.

2.3 Battery Discharging

The release of chemical energy stored in a battery to create electrical energy is
referred to as 'discharging.' The term 'discharging' refers as a result series of process
between two electrodes which causes a flow of electrons from one terminal to another
terminal through a circuit. Essentially, discharging a battery means using the energy
previously stored in the battery in the form of electrical power to supply current to a
load until the battery has either been fully discharged or completely recharged. Fig. 2.4

represents the discharging process of lithium-ion battery.
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Negative
Cathode

Positive
Cathode

Fig 2. 4 Battery Discharging

The discharging process is mentioned below:

e Anode: Negative electrodes are made of graphite, where lithium atoms lose their

electrons and create lithium (Li+) ions.

e Electrocycle and Separator: Using a porous separator, Li+ ions can move the
liquid electrolyte. Meanwhile, the anode will send electrons through circuit wires
connected to an external device (this powers that external device) and finally to

the cathode.

e Exterior Circuit: Electrons flow from the anode into the external load (the

device being powered) until they reach the cathode.

e Cathode: Li+ ions and electrons recombine at the cathode within the active
material's structure, thereby completing the current flow and creating electricity

from an electron/nanotechnology perspective.
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2.4 DC-DC Convertor

DC-DC converters convert direct current (DC) voltage levels from one voltage
source into a different voltage, either up (boost) or down (buck). DC-DC converters
utilize electronic switches, inductors, capacitors, and transistors to efficiently transfer
power from input voltage sources to output voltage sources. By utilizing these
switching devices, DC-DC converters create a very reliable and controlled volt/Amps
value for the end-user electronics (including smart phones, laptops, tablets, and electric
vehicles). Unlike inefficient linear voltage regulators, DC-DC converters provide
regulated outputs with very little disturbances to other parts of the entire electric
system. Power electronics are circuits that allow for the controlled conversion of one
level of Direct Current (DC) to another level of DC with the use of Power Switching
Devices to store and release Energy through Inductor and Capacitor(s), providing stable
power delivery. Power electronics are used in Electric Vehicles, Solar Power Systems,
and various Portable Devices to regulate voltage and control power. Power electronics

have Greater Efficiency than Linears.

2.4.1 Types of DC-DC Convertor:

DC-DC convertors are normally classified in to isolated and non-isolated
convertors. An isolated converter is a type of power supply that uses a transformer to
physically and electrically separate its input from its output. Because there is no direct
path for current between the two parts of an isolated converter, it eliminates the risk of
ground loops and electrical shock, as well as allows independent grounding for both the
input and output. These characteristics of isolated converters make them essential for

ensuring the safety of medical, industrial and consumer electronics. Since the energy is
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transferred by electromagnetic induction rather than conduction, this method also

provides better noise immunity by decoupling the input and output circuits.

DC-to-DC converter is very important in the conditioning of electrical power
between energy sources and loads, there are many types of converters available, all with
unique design characteristics to enhance the efficiency of conversion, reduce losses and
allow for multi-directional power flow. Advances in the design of DC-to-DC converters
have had a significant impact on the reliability and efficiency of renewable energy

systems and of the infrastructure used for charging electric vehicles. [22]

The definition of a non-isolated DC - DC converter is a DC - DC power
converter that shares a common electrical ground and does not have galvanic separation
(good grounding) between the input and output terminals. A non-isolated DC - DC
converter has a direct electrical connection (the same Circuit) between its output and
input, which enables it to have a simpler design, smaller size, and High efficiency. This
makes non-isolated DC - DC converters very Cost effective for many applications such
as point of load regulation when there is not a large voltage safety concern. Fig. 2.4

shows the types of isolated and non-isolated DC-DC convertor.
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Fig. 2.5 represents the types of “DC-DC Convertor”. The DC-DC convertor is

classified into isolated and non-isolated convertor.

2.4.2. Isolated convertors:

An isolated converter is a power electronic converter that provides a separation
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of the electrical connection between the source and the load; the input has no electrical
connection to the output. Instead, the source is load through a transformer or some other

form of magnetic coupling.

2.4.3. Key points of isolated convertors:

e Galvanic Isolation: The input and output circuits will be separated in order to
avoid any source-to-load direct current flowing and to increase safety and

improve resistance to electrical faulting.

e Voltage Level Conversion: The transformer allows for an increase or reduction

of the input voltage depending on application requirements.

e Applications: The isolated converter used in a variety of applications such as
power supplies, battery chargers, and DC-DC converters and are also commonly

found in “renewable energy systems” such as solar PV battery systems.

2.4.4. Examples:

Examples of isolated convertors are such as flyback convertor, forward

convertor, pull-push convertor, half-bridge convertor, full-bridge convertor.

2.4.5. Non-Isolated Convertors:

A Non-isolated power electronic converter is a way to convert energy from one
form to another: a converter's input and output are physically connected without passing

through a transformer that providess galvanic isolation.

2.4.6. Important Attributes of Non-Isolated Convertors:
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e None Galvanic isolation: Because there is no galvanic isolation between the
input and output of a non-isolated converter, both must share the same level of
safety, protection, etc., when they connect to each other through a common

electrical path.

e Voltage conversion: A Non-Isolated Power Converter can only convert voltage,
but it does not provide a means of stepping up or down the voltage
independently using a transformer. Instead, the adjustment of the AC voltage is

accomplished using a method known as duty-cycle control.

e Usage: Non-isolated DC to DC convertors include Buck, Boost and Buck-Boost
workings used in battery operated devices, DC motors and other small

electronic devices.

2.5 Fly back Convertor

A flyback converter is a type of isolated DC-to-DC yellow (or isolated AC-to-
DC) converter which uses the magnetic coupling of magnetically coupled inductors
(flyback transformer) to store energy whilst the switch is in the on state and then
transfer that energy to the load when the switch is off. This differs from all other types
of transformers in that flybacks transfer energy through the magnetic coupling of
inductor coils instantaneously rather than storing energy and then transferring it later as
with all standard transformers. The term "MTTP flyback" specifically means a flyback
which uses an MTPP (Maximum Power Point Tracking) controller (the most common
use of a MTPP controller is in solar PV applications) which continually adjusts the duty

cycle of the flyback so that optimally operates at maximum power output, independent
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of changes in temperature or solar irradiance/angle of incidence. Fig. 2.5 illustrated the

block diagram of the flyback convertor.

Vin

Control —F

Fig 2. 6 Flyback Convertor

The core intelligence of the flyback converter is the MPPT Algorithm, which
consists of various algorithms (e.g., P&O or Incremental Conductance) that enable the
flyback converter to sense voltage/current being produced by the PV and calculate the

power produced by the panel.[19]

Another common technique to improve overall system efficiency is to use

multiple flyback stages operating in parallel — a technique known as Interleaving.

2.5.1 Working principles of flyback Convertor

Flyback converters work by storing energy during the ON-state of a switch in
the magnetic field of a transformer and releasing that energy to the output during the
OFF-state of the switch. This allows for galvanic isolation. As current flows through

the primary coil of the transformer when the switch is ON, energy is stored in the
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transformer. When the switch is turned OFF, the stored energy flows back through a
diode to charge the output capacitor and supply power to the load. Flyback converters

also operate like buck-boost converters but use a transformer to couple inductance.

2.5.1.1. ON Phase (Recharge/Charge Mode - Energy Storage)

e The control circuitry, which is part of the Maximum Power Point Tracking
(MPPT) System, will energize the primary switch. Energizing the primary
switch connects the primary winding of the transformer across the input DC
supply (e.g., output from solar panel(s)). The primary current will flow through
the primary winding and create a magnetic field in the transformer core. The
energy transferred from the input supply is stored in the air gap of the core of

the transformer.

e Because of the winding polarity of the transformer (indicated by the dots shown
in the schematics), the induced voltage in the secondary winding is negative
(reverse bias); as a result, the output signal diode will prevent any current from
flowing to the load. The load will be powered solely by the output capacitor for

the duration of this cycle.

2.5.1.2. OFF Phase (Transfer Mode - Energy Transfer)

e The control circuit now switches off the Primary Switch. The magnetic field
generated in the transformer is now collapsed, thus reversing the polarity of the

voltage across both the primary and secondary windings.

e Now that only the secondary diode is being forward-biased, all of the stored
energy in the transformer can now transfer to the secondary side, where it can

be wused to supply the load(s) and recharge the output capacitor.
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2.6 MPPT Technique

“Maximum power point tracking” is a technique used to maximize output from
solar panels. A Flyback converter configured to perform MPPT function derives its
method of extractions from a particular kind of DC to DC converter. Flybacks also have
several advantages such as voltage boost, galvanic isolation and increased packing
density for solar power systems (especially for lower power levels, i.e. 100-150 Watts),
enabling improved efficiency in solar power systems under a much wider range of
conditions than with standard methods. The comparison of flyback topologies versus
other traditional MPPT methods should not be understood as a challenge between
technology competitors. Instead the comparison of flyback topology to other MPPT
technologies illustrates how flyback topologies promote and enable MPPT capabilities,
especially for connecting solar energy systems to the power grid. The basic principles
underlying both types of flybacks are the same; however, the MPPT algorithm is able to
continuously adjust the operation of the switch by changing its duration of "on" or "off"

operation.

MPPT or Maximum Power Point Tracking is an electronic device (or powering
up device) that is used on photovoltaic systems & other sources where the output power
fluctuates to get as much out as possible by continually searching for the best
combination of voltage & current. It is a more stable, efficient way of using solar panels
to harness solar energy than was previously possible using other growth technologies
that didn't use an algorithmic approach with a charge controller/inverter. An MPPT
allows a designer to design a charge controller that will optimize the efficiency of the

charging process & the overall energy capture from solar panels. Fig. 2.7 illustrated the
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Working of MPPT controller.
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Fig 2. 7 MPPT Controller

2.6.1 Core perception of MPPT technique

The working principles of MPPT are given below:

e Diverse Rules: The output and efficiency of solar photovoltaic modules depend
on the environment and conditions under which they are operating at any given

time.

o Detecting the Sweet Spot: The maximum power point tracking (MPPT)
function in solar charge controllers continuously monitors the voltage (V) and
current (I) of the solar module(s) to calculate the product, or power (Power = V

x I).
e Flexibility: By dynamically adjusting the load to the battery bank or the power
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grid continually throughout the day, MPPT allows the battery charger (or power
grid) to operate at the V/I combination that is maximising the power delivered

from the solar modules - known as the maximum power point (MPP).

e Best Precision: Consequently, more energy is collected with MPPT compared
to conventional controllers, such as positive/negative (PWM), particularly

during morning/evening/dusk hours or during cloudy weather days.

2.6.2 Advantages of MPPT Technique

MTTP technique offers a lot of advantaged which are listed below:

e Higher Energy Yield: MPPT adjusts the voltage and current of the solar

panel(s) to always deliver the maximum possible power output, which increases

the total energy produced.

e Improved Efficiency: MPPT makes sure the solar panel(s) are operating at
their best point which increases the amount of energy that can be used

regardless of the conditions when producing energy.

e Better Performance during Poor Conditions: MPPT will produce more
energy in low-light, cloudy, or partially shaded scenarios compared to other

systems.

e Faster & Healthier Battery Charging: Excess voltage is converted to
additional current by the MPPT. Thus, batteries are charged faster and more
effectively, but MPPT will also prevent over-charging or deep discharging

batteries, which increases the life of the battery.
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e System Flexibility: For larger PV systems, MPPT provides more options for
configuring the solar panel(s) and allows for the most efficiency from the

system by accounting for the different orientations and shading patterns.

e Cost Reduction: By increasing energy output and extending the life of the
battery, the overall operational costs of the system are reduced. Even with a

higher initial investment for the MPPT, the long-term ROI will be better.

e Increased Consistency: By quickly adjusting to rapid fluctuations in sunlight,

MPPT provides a more stable and consistent power supply.

2.6.3 MPPT Algorithm:

“Maximum Power Point Tracking” algorithm steps are determined by the
technique being applied. The “Perturb and Observe” is usually one of the most popular
methods in MPPT operations. To determine where maximum power can be obtained,
this algorithm changes the operating voltage of a solar panel at short intervals and
measures the corresponding power output to identify the point of maximum output. The

steps involved in MPPT algorithm are below mentioned:

Step 1

Initiating: Initial conditions such as disabled watchdog timers and maximum

current limits have been established in order to enable maximum search range.

Step 2:

Extent: Measuring the PV Panel's Voltage/Current are completed in this stage.

Step 3:
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Examine: Calculating the Current Power Output by using the formula P=V*I

Step 4:

Comparison: Comparing the Current Power Output to the Prior Cycle's Power

Output and the Current Panel's Voltage to Prior Cycle's Voltage.

Step 5

Transportation: If the power increases, then the algorithm persists with the
previous voltage adjustment (increase) and therefore continues to raise the positive
voltage bias. If the power decreases, then the algorithm will switch direction on the

previous step (decrease) and will subsequently reduce the positive voltage bias.

Step 6

Repetition: These steps will be performed in a continuous manner (i.e. every
sampling time interval) until the Maximum Power Point (MPP) is reached. After
reaching the MPP, the algorithm will adjust itself to establish an Oscillator about

this MPP.

Step 7:

Termination: When the MPP is achieved, the algorithm will indicate that the
system is functioning optimally through energy-efficient operation and will
therefore exhibit periodic fluctuations about the highest output of available

electricalenergy.
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2.7 Fuzzy Logic Control

Fuzzy Logic Control is a kind of intelligent control that replicates how humans
think through fuzzy sets and use of "if-then" rules. The fuzzy logic method can
effectively handle both vague inputs and uncertainties through transforming qualitative
knowledge into efficient and continuous control. Because of this versatility, FLC has
been particularly favorable for applications where human-like decision-making is

desirable such as in appliances, automotive systems and industrial processes.

Fuzzy logic control is an intellectual method that don’t require an accurate
framework of the system to control, as its name implies, it is especially useful with non-
linear and uncertain systems like energy management systems and power converters.
Several advantages of FLC over traditional methods include increased robustness,
decreased steady state error and increased dynamic response, which makes it attractive
for applications related to Maximum Power Point Tracking or MPPTs and Converter

Controllers. [21] Fig. 2.8 represents the overall process of fuzzy logic control.
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Fig 2. 8 Fuzzy Logic Control

2.7.1 Primary concept of Fuzzy Logic Control:

e Fuzzy Sets and Linguistic Variable: Using Linguistic terms (e.g. warm,
hot) and degrees of membership (e.g. 0.8 warm, 0.2 hot) rather than Crisp

Values (e.g. temperature is 25°C), utilizes a Fuzzy Logic Controller (FLC).

e Fuzzification: converts Crisp (digitized) input types of data (e.g. sensor
readouts) to create Fuzzy Sets. Fuzzy Inference Engine: employs a set of
rules to establish fuzzy outputs (e.g. IF temperature is Warm and Humidity

is High, THEN Fan Speed is Medium).

e Defuzzification: transforms fuzzy output into a numerical, actionable

control signal.
2.7.2. Working Principle of Fuzzy Logic Control

The work flow of the fuzzy logic control is given below:
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e Step 1: Acquiring input data from the environment (Engine RPM, accelerator

position) in real time.

e Step 2: Fuzzing the inputs by identifying the degree of the input belonging to

each fuzzy set

e Step 3: Smearing "if-then" rules to convert the fuzzy inputs into a fuzzy result

Step 4: Transform the fuzzy output into a particular operation.

2.8 Conventional Controllers

Outmoded control systems are boundary when commerce with complex
nonlinear, modifying dynamics, or uncertainties. They can require manual tuning when
there is poor adeptness, slow response time, and low accuracy. These systems do not
have the capability to change their behaviour automatically, and therefore do not enjoy
the same benefits of automatic learning and adjustment that modern intelligent control
systems offer, such as improved performance, stability, and fault tolerance. Due to their
reliance on fixed parameter sets and simplistic mathematical models, traditional control
systems cannot provide optimal solutions for applications in which the conditions are
constantly changing (e.g., dynamic production lines), resulting in long settling times,
excessive overshoot and significant susceptibility to discontinuities.

Conventional controllers, such as Proportional - Integral (PI) and Proportional -
Integral - Derivative (PID), are typically simple and easy to implement; therefore, they
are widely used. Nevertheless, the performance of these controllers heavily depends on
how well the parameters of the controller are tuned for use with a linear system. As

operating conditions change rapidly, the robustness of conventional controllers often
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decrease faster than those of intelligent control methods. [20]

2.8.1 Limitations of Conventional Controllers:

The major Limitations of conventional controllers are below mentioned:

e Uncertainty: Systems that rely on linear modeling struggle to cope with
processes that are not easily defined or that change with time, due to their
inability to adjust for plant process variations or their interactions with complex

dynamics (such as conical tanks).

e Inability to adapt: Fixed system parameters make it impossible for systems to
automatically compensate for system wear and other changing operating
parameters, which leads to a necessity for costly retuning (by hand) and results in

reduced system efficiency.

e Slow reaction to Change: Systems may have long settling and rising times, as
well as overshooting and oscillating characteristics when experiencing

disturbances.

e Sensitivity to disturbance: External shocks or noise can greatly impair system

performance. Systems are not designed to operate in a robust manner.

e Lack of fault tolerance: Older systems are intended for operation without
failures; therefore, they have no built-in features to deal with component failures

in comparison to modern controllers.

¢ Reliance on wired interfaces and manual intervention: Many older controller
systems are connected to their external devices by way of a manual cable
interface. Additionally, many of this system do not automatically store data;
therefore; they require a large degree of manual monitoring.
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e Failure to manage lot of predictor: Older controller systems lack capability to
address complex systems which have many independent variables and many

dependent variables, along with additional restrictions placed on them
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Chapter 3

Literature Review

Lithium-ion (Li-ion) batteries have been widely accepted for use within renewable
energy systems, electric vehicles, and consumer electronics owing to their high energy
density, long cycle life, and low self-discharge rates. The control of charging and
discharging rates is essential for protecting the battery, as it helps increase the efficiency
and durability of the battery. Numerous academic investigations have indicated that
overcharging and deep discharge of a battery will deteriorate performance and can lead to
thermal runaway. Common methods for charging a “Lithium-lon Battery” are such as
“Constant Current”, “Constant Voltage method”, “Pulse Charge Method”, and “Multi-
Stage Charge Method”. In most cases, the above mentioned methods are employed in
simulation and hardware environments involving power electronic converters. Most
research has developed ‘“equivalent circuit models” or “electrochemical models” to
simulate the charging and discharging processes of “Li-lon” Batteries, as well to analyze

their dynamic response. A comprehensive review of the current directions in terms of

35



Chapter 3 3.1 Introduction

“battery charging technique”, “flyback convertor based chargers”, “MPPT-based charging

systems”, “fuzzy logic controllers for battery systems” is demonstrated in this chapter.

3.1 Introduction:

Advancements in renewable energy systems, electric vehicles and portable electronic
devices, have resulted in a rapidly increasing need for improved energy storage and power
management solutions. Of all existing types of energy storage technologies, Lithium Ions
have become the most desirable because of their high energy density, ability to retain
charge for many cycles, minimal self-discharge rate, as well as their excellent energy-to-
weight ratio. Although Lithium Ions have many advantages, their performance, safety, and
cycle/lifetime depend on how effectively they are charged/discharged and how well they
are interfaced with other power electronics, which require sophisticated control methods to

be optimally utilized.

The “DC-DC converter” is an essential component of energy management systems,
allowing for power flow from the energy sources such as solar, wind, to the batteries.
Flyback converters are particularly suitable for battery charging and discharging because of
their inherent electrical isolation, simple structure, wide input voltage range, and ability to
handle low-medium power levels. Pairing flyback converters with “MPPT” techniques
allows for efficient extraction of energy from renewable sources for better overall

efficiency and reliability.

Simulation as a technique for understanding the operation of a “lithium-ion battery” and
evaluating the performance of “DC-DC” converters in many different scenarios has
become essential. Using computer simulations to develop models of a lithium-ion battery,
simulate its charging and discharging behaviour, simulate the different flyback converter

configurations, and simulate the control methods used on those configurations is much less
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costly and risky than building experimental prototypes. There have been numerous
simulations conducted in the past on different lithium-ion battery models like charging
methods for lithium-ion batteries, MPPT techniques, and flyback converter control
strategies, to improve the efficiency of the batteries, reduce losses, and operate the batteries
safely. Section 3.2 discusses the related literature review papers. Battery charging
technique (Section 3.3), Flyback Convertor based chargers (Section 3.4), MPPT- based
charging systems (Section 3.5), Fuzzy logic controllers for battery systems (Section 3.6),

and Research gaps (Section 3.7).

3.2 Related works:

In recent years, researchers have begun to focus on using data-driven methods for
estimating “SOH” and “RUL” in lithium-ion batteries under real-world operating conditions.
An advanced deep learning architecture has been developed, which combines the capabilities
of a deep “convolutional neural networ ”, a “long short-term memory” network, and a multi-
head attention mechanism for predicting “SOH” and “RUL” based on fragmented discharge
data. This differs from traditional methods that depend on charging and discharging cycles,
and crafted features; instead, it uses portions of the discharge process at random voltage-
current combinations, allowing for effective training on battery degradation characteristics
without having to perform complicated feature engineering tasks. Experimental validation
with both public and lab datasets indicates that there is a high degree of accuracy in
predictions made by this approach, demonstrating both the robustness and practicality of deep
learning methods in the context of realistic use cases of batteries that are not completely
captured or consistent with regard to data acquisition. This research highlights the promise of
intelligent methods based on data to accurately monitor battery health as well as encouraging

future investigations into combining advanced controls and energy management methods
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with battery prognosis methods. [23]. Another significant contribution to data-driven battery
capacity estimation was made recently that addressed the practical challenge of limited and
fragmented charging and discharging data in industrial environments. Traditional machine
learning models for capacity estimation typically require complete charge and discharge
cycles and extensive datasets, which are often difficult to collect under real operating
conditions. To overcome this, a deep transfer learning framework is proposed that uses partial
segments of charging and discharging data and extracts capacity increment features to train a
“deep transfer convolutional neural network”. The model is first trained on a comprehensive
source domain dataset and subsequently fine-tuned using limited target domain data,
effectively reducing distribution differences caused by varying battery types and operating
protocols. [24]. In general, model-based methods use empirical, electrochemical, and
equivalent circuit techniques to estimate the battery's capacity. These methods are limited in
their ability to be adapted for all lithium-ion batteries and require detailed battery
specifications for accurate estimations of the capacity of this type of battery, limiting their
usefulness in practical applications. In contrast, most data-driven methods use machine
learning and deep learning to estimate the capacity of batteries based on their operational data
such as charging and discharging. A challenge facing most current data-driven methods for
capacity estimation is that existing methods rely on the availability of complete charging and
discharging cycles. Also, when batteries are used under varying conditions, both in terms of
chemistry and use, the performance of data-driven capacity estimators degrades significantly.
More recently, researchers have been exploring the use of transfer learning methods that
allow for the estimation of a battery's capacity by using only partial charging or discharging
segments of a battery. In contrast, most data-driven methods use machine learning and deep
learning to estimate the capacity of batteries based on their operational data such as charging

and discharging. A challenge facing most current data-driven methods for capacity estimation
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is that existing methods rely on the availability of complete charging and discharging cycles.
Also, when batteries are used under varying conditions, both in terms of chemistry and use,
the performance of data-driven capacity estimators degrades significantly. More recently,
researchers have been exploring the use of transfer learning methods that allow for the
estimation of a battery's capacity by using only partial charging or discharging segments of a

battery. [25].

For lithium-ion batteries, “thermal runaway” and “thermal runaway propagation” pose
significant safety risks. This is especially true when the batteries are charged and discharged
at high rates, since these higher currents will produce more heat and degrade the performance
of the batteries more quickly than low rate charging and discharging would. In previous
work, “thermal runway” initiation mechanisms such as overcharging, external heating, and
internal short circuits have been investigated extensively. In addition, several studies have
examined the dynamics of heat transfer from adjacent batteries and how these dynamics
contribute to the propagation of thermal runaway. Cell spacing, state of charge, and heat
dissipation can also play a large role in “thermal runway propagation” behaviour. Many
previous studies have not adequately examined the synergistic effects of varying cycle count
and inter-battery spacing on the propagation of “thermal runway propagation”. In addition,
the precise inter-battery spacing needed to prevent “thermal runway propagation” in real-
world applications is still an open question. In the referenced study, commercially available
pouch-style lithium-ion batteries were subjected to “charge and discharge and cycles” with
differing cycle counts and spacings between batteries. The study showed that the repeated
cycling of batteries under high rates of charge and discharge can negatively affect the
batteries' “state of health” and accelerate the onset of “thermal runway”, while increasing the

spacing between batteries can reduce or eliminate “TRP” propagation.. [46].
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3.3 Battery Charging Technique

Charging methods are essential for improving a “lithium-ion battery's
“ability to perform, be efficient, and last longer. Traditionally, batteries are charged using a
continuous current—continuously varying voltage method; however, charging through “CC-
CV” is limited in both speed and effect on degrading batteries during maximum working
conditions. Therefore, to be more effective, researchers are now beginning to research
intelligent and adaptive charging techniques. More recent studies have noted the importance
and benefits of real time “SOC” and “SOH” estimation in order to support “Adaptive
Charging Strategies”. A machine learning approach is being utilized to have a continuously
evolving capacity profile of a battery as it degrades, thereby allowing for more accurate
control of charging processes. Additionally, using other types of sensor data, such as strain
and temperature data, during the charging process also provides additional insight into the
internal behaviors of the battery, thereby enhancing both the safety and efficiency of battery
charging techniques [47]. The charging performance of lithium ion batteries is closely tied to
how well the electrode material is designed and what happens inside the battery under
electrical charge. As commonly used charging techniques have limitations related to how fast
ions can be diffused throughout them and how stable they are structurally, particularly for
anodes made from graphite, researchers have now been able to demonstrate that advanced
types of electrodes with very high amounts of surface area and optimized pore structures
greatly improve the ability to transfer charges during battery charging processes. As a result,
researchers have concentrated on utilizing “metal-organic frameworks” to fabricate the next
generation of lithium ion battery electrodes. Because of how easily pores can be structured

within “metal organic frameworks” and the high number of surfaces available for ion
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transport, researchers sees the “metal organic frameworks” providing a platform to rapidly
insert lithium ions while lowering internal resistance during the battery charge. In addition,
porous carbon and metallic materials which can be obtained using “metal organic
frameworks” provide excellent solutions for volume expansion and thermal stress
management associated with high rates of charge. [30]. “MPPT” method enables the
maximum energy available from solar “photovoltaic” systems to be extracted. To operate
under changing irradiance conditions, this strategy provides extended charging effectiveness .
Utilizing the "MPPT" control system helps reduce energy lost while charging batteries and
support in the transition among charging steps. This method also works effectively in
accommodating changes due to the environment itself. The efficiency of charging renewable
energy is maximized when using "MPPT" charging techniques [42]. The solar charge
controller that is microcontroller based uses a modified "incremental conductance",
"maximum power point tracking" algorithm to control how the solar charger operates in
response to the changes of the solar irradiation on the solar panels and to adjust the solar
charger's charge speed. Since the "MPPT" improves the accuracy of tracking, it is able to
increase the efficiency of the charge. The microcontroller is able to provide stable battery
charging in a variety of continuously changing environments. In addition, the microcontroller
is an economical, flexible means of controlling a solar charger. The method has the capability
of reducing significantly the loss of charge from solar charging. Furthermore, the controller
also provides battery protection features. The system has been tested and demonstrates that a
solar energy system can operate as a stand-alone system by maximizing the charging power
supplied [43]. Machine Learning has been used to create a new charge profile (for lithium-
ion batteries) by giving insight into the microscopic processes occurring while charging, thus
allowing the use of machine learning to control the Real Time current flowing through the

battery and also enable the successful performance of the battery with decreased degradation
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caused from excessive current during operation. Real-time monitoring of battery condition
allows for changing the amount of current that is applied to the battery, thus increasing
charging speed but maintaining a high level of safety. As a result, the process creates a long-
lasting battery and is especially applicable in areas of high need such as electric vehicle
charging applications. Therefore, fast intelligent charging is accomplished [33]. Rapid charge
development is applied using “Bayesian optimization techniques” to strike a balance between
speed of charging and longevity of battery life, through the use of the techniques associated
with “Bayesian optimization”. It proposes a less manual approach to the tuning of charge
parameters, resulting in significantly less degradation, lowers charging times and adapts itself
to various battery characteristics. [34]. As for the constraints and challenges associated with
“lithium-ion battery” charging for “Electrically Powered Vehicles”, strategies must adhere to
safety and dependability regulations and any traditional methods do not have a great deal of
flexibility in regards to the realities of today’s world. Integration of monitoring and protective
systems must also be part of the intelligent charging strategy. Since the efficiency of charge
plays a direct role in the range of the vehicle and in the overall life of the battery, charging
systems’ coordination with the “Battery management systems” is necessary for the safety and
efficiency of the charging process. [40]. A new deep learning framework that utilizes both
machine-learned and “hand-crafted” features is developed to assess how batteries behave..
This framework allows for the early prediction of battery lifetime so that adaptive control of
charging can occur. This improved method allows for the creation of a safer and more
capable charging strategy so that we can avoid unexpected battery failures that would
otherwise occur during long-term operation. Thus, intelligent lifetime-aware charging will
continue to develop as a means of improving our knowledge of the operation of

batteries.[48].
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3.4 MPPT Based Charging Systems

A rapid “MPPT” strategy is introduced for charging battery-operated “PV” panels
when they're partially shaded and incorporated a novel “Hybrid PSO-PID” Control to
maximize the amount of power extracted from the panels and minimize steady-state
oscillation. The new “hybrid PSO-PID” controller develops an online method for tuning
“PID” controls to allow for very quick global maximum power points. As a result,
simulations and experimental results were both significantly better than conventional
“MPPT” approaches. An additional benefit of this controller is its robustness against shading
and changing irradiance levels, which greatly increases charging efficiency and reduces the
amount of energy wasted. [44]. The potential of applying an “ANN-based MPPT to the solar-
battery powered EV system” is examined. This “MPPT” algorithm is to be developed with an
objective to pull more power from photovoltaic panel while providing the support of a
“PMSM type driven Electric Motor”. The authors found the ability of an “ANN-based
MPPT” to quickly adjust to the non-linear nature of PV and thus adapt quickly to the
changing loads of the vehicle during each drive- cycle. The results indicated that the “MPPT”
controlled charging system leads to a dramatic increase in efficiency measured by the amount
of energy consumed. The implementation of artificial intelligence technologies can be
applied to improve the reliability of the entire system of “Electric Vehicle Charging”. [45].
An intelligent “maximization of power point tracking" strategy has been created for a doubly
fed induction generator “DFIG-based wind energy conversion system” combined with a
battery storage unit. This strategy utilizes the actual wind profiles to provide reliable and
efficient power extraction. Further, sophisticated control methods increase the reliability of

the “DFIG-based wind energy conversion system” as we experience changing winds,
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resulting in an effectively coordinating power flow from the generator to the battery. Results
indicate that this strategy provides increased energy capture, reduced mechanical stress, and
maintained stability while charging batteries under variable conditions. Resilience from
intelligent “MPPTs” in hybrid renewable power charging systems is validated by this
research. [46]. A “Super-Twisting Sliding Mode Controller” is designed to track “maximum
power point” on “photovoltaic” commercial modules using a “circular search” algorithm.
This method offers improved speed of tracking and reduces chattering. It also has the
capability of maintaining an effective output of irradiance by providing robustness under
quickly changing irradiance conditions. Through comparative analysis, it was determined that
the performance of the “STM” with a “CS” algorithm is superior to that of the traditional
“MPPT” algorithm. Improved dynamic response will result in increased charging efficiency.
The use of this controller results in stable and effective operation of battery charging. The use
of this approach will provide a solution for a high degree of precision charging systems
utilizing “PV” energy [47]. Fuzzy logic control is being applied for battery thermal
management of electric vehicle batteries in low temperature environments. While they did not
perform a direct “MPPT” study, fuzzy logic also offers support through a unique control
strategy that allows chargers using “MPPT” to operate safely and with increased performance
at low temperatures due to better control of battery temperature and operating conditions,
which allow for an increased battery lifespan and increased efficiency. Thus, this paper
supports MPPT assisted charging systems that will be reliable in cold temperatures. The
importance of intelligent control that can be added to the auxiliary system of “MPPT”
chargers is made evident. [49] The design and optimization of a fuzzy controlled lithium-ion
battery charging system is focused by utilizing the capabilities of a “genetic algorithm”.
There are advantages to using “GA” in the process of tuning the optimum system that

improves the overall efficiency of the charging process, and thus decreases the amount of
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potential for overcharging. The fuzzy logic control enables the system to adapt based on the
current condition of the battery at all times and the “GA” based tuning provides a better
overall performance and stability of the system. Additionally, this strategy will provide a safe
way to charge from renewable sources and is compatible with the use of maximum power
point tracking techniques. Therefore, this technology serves as a conceptual model for
designing an intelligent battery charger system. [50] The integration of fuzzy logic with a
triple-loop “Pl-based energy management system” for hybrid battery storage systems is
proposed as an effective means of achieving efficient power transfer between lead-acid and
lithium-ion batteries. A combination of these components allows for stable charging when
provided with a changing input source. While the strategy does not directly support
maximum power point tracking, it improves on using renewable energy sources effectively.
In addition to improving battery life and providing reliable operation, the coordinated
approach enhances the overall performance of all battery systems during the charging
process, making this study supportive of future research into hybrid battery storage systems

with MPPT support. [51].

3.5 Fuzzy Logic Controllers

Energy management and voltage control strategy is developed for microgrids using
“artificial neural networks”, “proportional-integral-derivative” and fuzzy logic controllers.
The utilization of a fuzzy logic controller has been found effective in mitigating the nonlinear
effects and ambiguity of battery integration into microgrids. The fuzzy logic controller's
ability to adapt to transient load and generation conditions has allowed it to regulate
microgrid voltage or Power Balance more effectively than previous methods. Simulation data

completed during this study also verified that when comparing the stability level of the

microgrid using fuzzy logic-based energy management vs. predictable “PID” controllers,
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higher levels of system stability were achieved when using fuzzy logic controllers for a
battery storage system.. [54]. In What way, Fuzzy Logic Technology is utilized for Intelligent
Energy Management for “Electric Drive Vehicles”. By incorporating "adaptive rules" in the
Fuzzy Controller, ICE Management has been enhanced which reduces the amount of energy
lost and increases efficiency overall. Testing and analyses demonstrate that by utilizing Fuzzy
Controllers, overall fuel economy improves, and vehicle systems demonstrate higher
reliability due to lower levels of nonlinear behaviour exhibited during battery operation.
These results confirm the advantages of applying Fuzzy Logic Technology to battery energy
management in electric vehicle applications. [55]. This document proposes an energy
management strategy for Electric Vehicles based on the use of the fuzzy logic algorithm. The
fuzzy logic was optimized using Particle Swarm Optimization. The PSO fuzzy controller
was developed to optimize the power distribution among the various Hybrid Energy Storage
Systems components, the battery and super capacitor are two of the “HESS” components, and
the “PSO” fuzzy controller optimizes power distribution between the two. The advantages of
the “PSO” fuzzy controller when compared to other advanced fuzzy controllers such as
“PSO” are that the “PSO” fuzzy controller provides better regulation of power distribution to
both super-capacitor and battery in reducing the stress on both components by decreasing
peak current, thereby increasing the useful life of the battery. By reducing stress, peak
current, and thereby extending the life of the battery, this is reflected in the results of
simulated experiments, indicating a strong advantage for the “PSO-optimized fuzzy control
method” in terms of energy savings. [53]. Additionally, the authors of this research have
produced an extensive reference publication addressing various methods used by Machine
Learning to predict state of charge and state of health for electric vehicle battery systems,
presenting fuzzy logic combined with other data-driven methods as a hybrid approach to

address the uncertainties of battery dimension. In addition to allowing for more accurate
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“SOC” and “SOH” estimation through improved information processing ability through the
use of fuzzy logic-based tools under different conditions of operation, these systems assist in
improving the way batteries are monitored affordably and with high accuracy, and thus
enhancing the efficiency of their management processes through intelligent controls in the
context of battery systems. [59]. In addition to being primarily machine learning based, this
new model works with traditional fuzzy logic used in “battery management systems” while
providing more accurate predictions for “SOH”, as the “BMSs” must employ adaptive fuzzy
strategies for charging batteries effectively. A reliable “SOH” prediction is also delivered by
this framework when conditions are not optimal. Successful prediction of degradation enables
for improved fuzzy logic problem-solving is the main advantage of this framework. [62].
Battery performance optimization solution is developed using Machine Learning and
“Explainable Artificial Intelligence” technologies. This research also highlights the use of
intelligent energy management systems accompanied by “Fuzzy-based decision systems”.
Fuzzy Logic is capable of managing the uncertainty associated with the Operating States of
“Lithium-ion Batteries”. Explainable models provide greater clarity and transparency with
respect to the “Control Actions” taken by the artificial intelligence. These advances improve
the effectiveness of the “Battery Charging Process” and ultimately result in longer battery life
cycles. The overall performance of the batteries is significantly improved when tested in
Real-Time conditions [61]. For predicting lithium ion battery deterioration using state of the
art techniques, a novel method is developed. With this method, researchers can select and
then incorporate factors into the fuzzy logic controller for the lithium ion battery. Having
precise degradation models will also enable batteries to adaptively modify the fuzzy set of
rules used to maintain battery health while a battery is charging and discharging. As a result,
this method enhances prediction accuracy and dependency on intelligent battery management

systems, thereby supporting the methods outlined in other studies utilizing fuzzy logic
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controller-based approaches to battery management. [58]. Even though there have been
many advances in developing techniques using artificial intelligence for estimating battery
charge level and how much they will degrade over time, the limitations that still exist when
trying to use these methods in actual operating environments will be discussed here. Many
studies use controlled datasets when researching these topics. Many studies do not take into
account how much they will age, change due to temperature, or restrictions that might make
implementation difficult to do in real-time, which shows that there are still many aspects of
battery management systems that need further investigation. Machine learning filtered
approach for the estimation of lithium-ion battery state of charge showed promise in terms of
increased accuracy but was only tested on a small number of databases and operating
environments. The model's performance when exposed to the ongoing real-world aging
effects (i.e., usage deterioration) was not completely assessed. Furthermore, the influence of
temperature variations on the accuracy of the results was explored minimally. Finally, no
analysis of the computational complexity of the filtering methods on different computer
systems as a function of time and transferability between different lithium-ion battery
chemistries have been made thus creating further limits that a general and adaptive “SoC”
estimators will fill. [56]. A recent work on lithium-lon battery estimation of “State Of
Charge” using machine learning contains promising predictions under predetermined test
conditions, but does not thoroughly evaluate the performance of the model as the battery
degrades over time or is cycled for longer periods of time. Data driven selection methods
were predominant for feature selection with little to no consideration given to the physical
significance of the features selected. Several issues associated with the real-time embedding
of machine learning based “SoC” estimates into battery monitoring systems were omitted as
well as insufficient discussion of noise and sensor uncertainty on the results of machine

learning based “SoC” estimates. This work demonstrates an opportunity to improve on this
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work through further research into how to develop machine learning based “SoC” estimates
that are both robust and interpretable. [57] An intelligent method for feature selection is
developed for lithium-ion battery degradation prediction in the context of electric vehicle
systems. Although this technique does lead to more accurate degradation predictions, it is
highly reliant upon good-quality labeled input data. The authors do not confirm whether the
features selected are applicable to various battery types. This research does not addressed the
integration of the battery degradation models is does not clarified with real-time battery
management systems. Models that utilize online learning and update models are not
available. However, these key points imply a need for scalable and real-time degradation-

aware battery models to support growing demand for electric vehicles. [59].
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3.6. Research Gaps:

The research gap being investigated in this study is adaptive intelligent control of the

charge and discharge of Lithium Cell Batteries using MPPT flyback converters.

1) Lack of integration of Machine Learning Technology in Converter-level Control:

» There has been considerable research in this area where the focus has been
primarily on battery state estimation or fast charging, however, very little work has
been completed that integrates real-time machine learning with hardware level
control converters for simultaneous charging and discharging.

» There is a great need for an overall framework that combines machine learning
based battery health estimation with adaptive maximum power point tracker
“MPPT” converter control to improve the battery efficiency and give longer life to

the batteries.

2) Minimal Research on MPPT-Fuzzy Control Systems used for Reducing Batteries'
Aging Effects:

» Most current MPPT systems are designed to optimize the amount of electricity
generated by solar panels. The majority of these systems ignore the long-term
effects on a battery's health.

» An Integrated “MPPT Controller with Fuzzy Logic” that takes into account both
energy harvest and battery longevity will be necessary to develop new strategies
for energy harvesting.

3) Real-time adaptive control between changing dynamic conditions:
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>

There are many “MPPT” and converter research papers that assume either an ideal
or static operating condition, and do not take into account real-time adaptation due
to changing irradiance, shading, or load conditions on a control basis.

There is a need for a system to provide a complete view of what is taking place
regarding “MPPT”, the actual flyback converter, and overall state of the batteries

running under dynamic operating conditions.

4) Limited application of explainable Al for battery energy management

>

>

The utilization of machine learning models for predicting the state of the battery is
commonplace. However, little attention is given to interpretability and the
transparency of the operation of real-time control.

Utilizing explainable Al based controller for batteries will improve reliability,

safety and performance understanding.

5) Application of explainable Al in managing battery systems is limited:

>

Machine learning models are frequently employed to forecast the state of batteries
using machine learning techniques; however, the interpretability and transparency
for realtime control are seldom considered.

Creating Al-based controllers that can be explained will improve reliability, safety,
and understanding of performance.

There is a lack of electro-thermal coupled models where most research considers
only the electrical characteristics of batteries while disregarding any influence on
their performance and degradation from temperature.

A need exists for adaptive, electro-thermal coupled maximum power point
tracking control systems that can represent the realistic behaviour of the battery

during the charging and discharging processes.

6) In EV based applications, scalability is the biggest challenge
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» The majority of existing control techniques have only been tested with a small
pack or simulated. Very few have been tested with multiple cells or large scale.

» In order to support both Electric Vehicles and Hybrid Renewable environments
effectively, scalable adaptive “MPPT” flyback frameworks utilizing Machine
Learning must be developed.

7) Limited Interaction with Hybrid Renewable Sources:

» Currently, most systems only develop outputs for a single source of energy.
Therefore, integrating advantages of certified Intelligent MPPT, adaptive
converter, and battery management technology from a multiple source approach
(Solar/Wind) into a single system has not been adequately explored.

» As such, there is a requirement for Real-Time Adaptive control methodologies

for hybrid renewable powered batteries.
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Chapter 4

System Architecture

In this chapter, we describe the overall methodology and system design
adopted to carry out a simulation study on charging and discharging lithium-ion
batteries through the use of an “MPPT-based flyback converter”. A novel energy
management system has been developed which will enable maximizing the extraction
of energy from a renewable energy source while also providing regulation of the
charge and discharge of the battery, ensuring optimal operation regardless of
operating conditions. Prior to hardware implementation, we used a model-based
design process to evaluate the performance of the system in order to reduce both
complexity and costs associated with development. This chapter contains the overall
architecture of the system (section 4.1), battery mathematical model (section 4.2),
flyback convertor (section 4.3), charging and discharging modes (section 4.4), control

objectives (section 4.5), Problem formulation (section 4.6).
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4.1 Overall System Architecture:

The proposed system integrates a Solar “PV” energy source that generates variable
DC power based on the weather conditions. An MPPT-controlled Flyback “DC-DC”
Converter that regulates power levels from the solar energy source to the battery, a “Lithium-
ion Battery Pack”, and a “Battery Management System”. The Flyback Converter provides a
means to isolate both solar energy and battery energy; as such, it allows two different power
flows while providing the ability to control both charge and discharge conditions. To obtain
the maximum amount of energy from the photovoltaic array, an “MPPT” controller is
attached to the Flyback Converter. The “BMS” monitors the voltage, current, level of charge
and discharge limits of the batteries to ensure that they are safely operated under charge and
discharge conditions. The complete integrated system is modeled and tested using a
simulation tool to examine the dynamic behavior under a variety of conditions. The overall
system architecture are classified as many components such as Modeling the system which
involves creating the environment for analyzing the battery charging and discharging
behaviors. The second step is implementing the “MPPT” algorithm which includes executing
the MPPT algorithm and develops a dynamic intelligent MPPT select mechanism to select the
best algorithm. The third step is generating the control signal which includes creating the
duty cycles from “MPPT” to control the flyback convertor and ensure the regulation of
battery charging. The fourth step involves monitoring the battery charging and discharging
simulation. The Fifth step involves validating the the performance matrics and efficiency of

the “MPPT” algorithm and SOC and thermal behaviour. The sixth step includes validating the
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outcomes, and validating the results. The final step is intetpreting the outcomes which

involves understanding the outcomes.

4.2 Lithium-Ion Battery Mathematical Model

An equivalent circuit modeling approach has been used to accurately represent and
simulate the electrical and dynamic characteristics of lithium-ion batteries throughout their
entire lifecycle by utilizing an open circuit voltage source and internal resistance along with
“RC” networks that represent both polarization effects, as well as transient behaviour during
charging & discharging cycles; with State Of Charge determined by adding together the
current drawn from the battery over time using the “Coulomb” counting method. Through
this method of “SOC” determination, it is possible to accurately predict terminal voltages,
power capabilities, and efficiencies of Li-ion batteries under varied loads. Although the
effects of thermal degradation and aging have not been modelled directly, they are indirectly
accounted for by considering the effects that these parameters have on the resistance and

voltage performance characteristics of the battery as it ages.

The lithium-ion battery can be represented by an equivalent electric circuit containing
an open-circuit voltage source, an internal resistance, and multiple RC duplication circuits

used to represent the transient behaviour of the capacitor. The battery's terminal voltage is:

Vbat = I/OC(SOC) — IpatRonm — Vpol 4.1)

In which,
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V,e 1s the open-circuit voltage

Iyoe 1s the current of the battery

Ronm refers the ohmic resistance, and
Vyo1  denotes the polarization voltage

The SOC term refers the following way,
1 ot
S0C(t) = SOC (to) = 5— [ Ibor(Tds

Where Q,,,m, 1s the capacity of the battery.

Otherwise, it is represented in the discrete form as the following

In(K)At
Cn

SO0C(k) =S0C(k—1) —
in which,

C, 1s the nomial battery capacity

At is the sampling interval

(4.2)

(4.3)

The charging and discharging features are accurately and precisely demonstrated by

this model and very suitable for this dynamic simulation study.

4.3 Charging operation

In the charging state of operation, the flyback converter can either be operated as a

step-down or a step-up converter, depending on the PV voltage range presented to the
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converter from the PV panel, and battery requirements for charging the battery pack. The
control of the converter is accomplished by the MPPT controller through the adjustment of
the duty cycles of the converter to achieve “maximum power point tracking” while
maintaining battery voltage and current levels at safe limits during charging. In the
discharging state of operation, the battery will provide energy to a load via a controlled
operation of the converter ensuring that the output voltage remains stable, and battery over-
discharge is prevented. The transition between charging and discharging occurs when the
SOC of the battery pack reaches threshold levels based on load requirements; thus, providing

a seamless transition from charging to discharging states.
4.3.1. Constant current phase:
The terminal voltage of the battery is represented as,
Voot = Voc + IcnRine (4.4)
In which,
Vyae 18 represented terminal voltage of the battery.
V¢ 1s open-circuit voltage (V)
Iy, current (I)

R, internal resistance of the battery ()

The state of charge at the time of the constant current charging phase is written as:
S0C(t) = S0C(0) + g—h t (4.5)
Where,
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SOC(t) is the state battery charge at the time (t)

S0C(0) is the Preliminary state of charge in which (t=0)
I, 1s the Constant Charging Current (A)

Q,, Nominal Capacity of the battery (Ah).

t is the charging time (hours)
4.3.2 Constant Voltage Phase:

When the battery voltage has reached its maximum allowable voltage, the charging
process will switch to the constant-voltage charging phase, where the battery will continue to
charge at a fixed voltage. As the battery continues to charge, however, the amount of current

needed to continue charging the battery will gradually decrease.
Vbot = Vinax (4.6)
I.,(t) Las SOC - 100% (4.7)

If the default cutoff value is fails, the charging phase is terminated.

4.4 Discharging Operation

The discharge of lithium-ion batteries refers to how they utilize their stored chemical
energy as electricity to power loads external to the battery. In discharging, lithium ions travel
within an electrolyte from the battery’s anode to the battery's cathode and electrons travel
through an electrical circuit powering a device connected to the batter, thereby decreasing the

State of Charge or “SOC” value as current is delivered by the battery to the load. Discharging
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takes the chemical energy stored in the battery and converts it into usable form of electrical
energy. The current associated with discharging is most often designated as negative in all
battery modelling. This discharging activity will continue until one of the limits for the
battery is reached, either its minimum voltage level or SOC value. The discharge
performance of a lithium-ion battery is determined by the amount of current, temperature of
the battery, and the condition of the battery. As such, discharging plays an essential role in

energy storage and power supply system functions.
4.4.1. Constant Current Discharging Phase:

The battery presents a constant discharge current I;;, to the end at the time of

constant current discharging phase.
Voot = Voc = laisRint (4.8)
At the time of discharging, the state of charge is decreases.

SOC(t) = S0C(0) — (’;—t (4.9)

4.4.2. End-of-Discharge Phase

To obstruct the battery degradation, the discharging process is eliminated when the

battery terminal voltage reaches the minimum safe value or the SOC reaches SOC,,;,,

Vbot = Vmin (4-10)
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4.5 Flyback Converter Design and Modeling

Because the flyback converter is easy to use, provides galvanic isolation, and is
capable of charging batteries at low and medium power levels, this converter has been chosen
as the basis for the battery-charging circuit. The components of the flyback converter include
a transformer that operates at high frequencies, a power switch, a rectifier diode, an output
capacitor and a snubber circuit. To determine the appropriate transformer turns ratio, the
frequency of operation, the amount of magnetizing inductance and the amount of duty cycle
required for “continuous conduction mode operation” and maximum efficiency, key design
parameters were used to calculate these items. The mathematical model of a flyback
converter was derived from a mathematical model using state-space averaging in order to
study the effects of changing voltage conversion ratios as well as the dynamic characteristics

of the operation of a flyback converter under various types of operation.
4.5.1. Operating Principles
4.5.1.1. Switch ON Phase:
The MOSFET's switch being ON allows for linear increase in primary currents. The

energy is stored within the magnetic coil of the transformer, while the diode continues to be

reverse biased until turned ON again.
. Vin
() = "t (4.11)

In which,

Vi, 1s the input voltage
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I, 1s the magnetizing inductance of the transformer

t is the time duration the switch is ON

4.5.2. Switch OFF interval

With the switch OFF, the diode provides conduction and moves stored energy to the
load at the output. The amount of current that flows from the transformer to the output is

defined using the following equation:

i, () = x—: ip(£) (4.12)

The output voltage V,, in ideal condition is as follows.

D N
VO = S N—i Vin (413)

In which,
D is the duty cycle of the switch
N;, N, is the ratio of the transformer

One of the main goals of transitioning from the battery charging process to the
discharging process with lithium ion batteries is to achieve safe operation, high efficiency,
and longevity, minimize degradation of the unit, and properly manage loads and systems.
Control strategies will monitor electrical characteristics, including voltage, current, power,

and “SOC”, within the specified limits based on changing operating conditions.

The control objectives are used for the following purposes.
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4.5.2.1.Control of Charge Rate

In order to keep the battery from experiencing excessive stress when charging it, it is

important to keep the charge rate controlled to within safe limits.
0<In(t) < I}* (4.14)

The control objective is written as follows at the time of CC phase.
Ich(t) = Iref (415)

In which I..¢ is the reference charging current.

4.5.2.2. Control of the Voltage of Battery

It is also important to maintain a maximum limit on the voltage of the battery to avoid

overcharging.
Vbot(t) =< Vmax (416)
The voltage control objective is defined as follows.

Vbot(t) = Vref (4.17)
4.5.2.3. Control of State of Charge
State of Charge control ensures that the battery is neither undercharged nor

overcharged; this necessitates that the battery stay within safe limits of Charging Capacity.

SOC(t) = S0C(0) + Qifotl(t) dt (4.18)
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4.5.2.4. Optimize Power and Energy Use

In order to achieve maximum utilization and efficiency of the battery, the controller
will control the power drawn from the battery, as well as how the power is supplied when

Charging or Discharging.

Pyoe(t) = Vpor (£)-1(2) (4.19)

The control objective is used to track the maximum available power.
Ppot (t) = Bnax (4.20)
4.5.2.5. Minimize Ripples in Current and Voltage
High ripple components will diminish battery life and efficiency; therefore, the
control systems will minimize ripple components in current and voltage.

Alpor = min (4.21)

AVyyor = min (4.22)

4.5.2.6. Protection Constraints and Safety Constraints

The control strategy will ensure the safe operation of batteries through compliance

with the Protection Constraints/ Safety Constraints listed below.

1(t) < Lsqpe (4.23)
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V(t) < Vsqre (4.24)

T(t) < Toafe (4.25)

In which, T(t) is the battery temperature.

4.5.2.7. Control of the Duty Cycle of the Converter

The control objective of converter-based systems is to create an appropriate duty

cycle for Voltage and Current Control.

D(t) = f(Vref — Vbar :Iref - Ibat) (4.26)
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4.6 DC-DC Converter Control Strategy

The closed-loop control method will control the output voltage and current of the
flyback converter using the voltage and current output of the flyback converter, as indicated
by the MPPT and battery charging logic. The flyback converter's switching is regulated by
using the “pulse width modulation” signals derived from the controller comparing the MPPT-
generated reference voltage and reference current with the measured values of the flyback
converter output voltage and current. With this control method, the converter will be able to
keep operating stably even when the input voltage changes, the load changes, and between a

charging and discharging mode.

The DC-DC Conversion Control Strategy is intended to control energy flow from a
source through a lithium-ion battery by maintaining an optimal level of voltage, current, and
power in response to various Conditions of Operation. To do so, this Controller will modulate
the Converter's Duty Cycle to provide stable & efficient energy Conversion while ensuring

that the battery operates safely.
A control system normally has:

e an outer voltage or power control loop;
e an inner current control loop; and

e a pulse-width modulation (PWM) unit.

4.6.1. Averaged Models of DC-DC Converter
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A standard DC to DC converter's input voltage will be a function of its average output

voltage.
Vo = M(D) V, (4.27)
In which,
V, is the output voltate
Vin 1s the input voltage
D is the duty cycle
M (D)is the adaptation proportion.

In unceasing transference mode, the flyback convertor process is written as follows:

Ng D

VO = Np E in (428)

4.6.2. Voltage Control Strategy:

By controlling the voltage to a set reference value, the output voltage of a convertor is

managed.
ey(t) = Vier — Vo(t) (4.29)
4.6.3. Current Control Strategy:

The inner control loop is ensuring the fast reply and existing limitations. .

() — Lrep — 1,(8) (4.30)
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4.7 MPPT Technique

The goal of “MPPT” is to optimize the energy produced by a photovoltaic system by
responding to changing conditions within the environment that can affect production levels.
The “MPPT” controller continuously monitors both voltage and current from the PV array.
Using this data, it determines the optimal or best operating point for the entire “PV” system
so that energy is maximally utilized with minimal waste during the process of charging
batteries. The “MPPT” controller generates a reference signal to indicate which duty cycle

needs to be applied by the flyback converter's electronic control circuit.

The purpose of the intelligent MPPT algorithm will be to provide greater accuracy in
tracking the maximum power point and improved speed in responding to dynamic changes.
Measuring voltage and current for the Infinity Solar Module array will allow for quick
computations to determine the optimal “MPPT” based upon current solar resources.
Intelligent “MPPT” minimizes oscillations about the “MPP” that are often found with other
“MPPT” methods and incorporates rapid response to varying levels of solar irradiance.
Additionally, intelligent “MPPT” provides exceptional efficiency and reliability through

integration into the converters' control loops.
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4.8. Design of a Fuzzy Logic Controller

The development of the fuzzy logic controller targets to enhance the performance of
the “MPPT” and the directive of the converters at the time of ambiguity and non-linear
operation. The “FLC” has been developed to use two variables for input and to provide
control commands based upon a set of default conditions. Membership functions and rule
inference were developed for speedy response and minimal steady-state error. Therefore, this

controller is more robust to uncertainty in the system and variations in the system parameters.

The control loop in the flyback converter contains an example of a Proportional-
Integral Controller, used for comparison purposes. By minimizing the difference between the
commands of the controller and the measurements of the converter, the output voltage and
current from the convertor is managed by the “PI” controller. To assure the steadiness of the
closed loop system and satisfactory transient response characteristics, the parameters of the
controller are decided by remembering standard strategies. To determine tracking accuracy,
efficiency and dynamic response ability, an evaluation is conducted among the fuzzy logic
based controller and “PI” Controller. The complete system employing the “MPPT” based
Flyback Converter was simulated using “MATLAB and Simulink”. During the simulation
period, fluctuations in solar energy generation due to both the variable nature and changes in
user demands occurred. These factors are enumerated below. Other performance measures
used in this study included the effective charging process; voltage regulation; changes in the
state of charge, power ripple, and how well they respond to variable loads. The simulation

showed that flyback converters
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using Maximum Power Point Tracking technology provide an efficient way to charge

and discharge lithium-ion batteries.

4.9. Thesis methodology

This section describes a new approach to simulating lithium-ion batteries during
charging and discharging through “Maximum Power Point Tracking”. This is accomplished
using a non-standard 'flyback converter' which we will develop as part of our accurate model
for the battery and charger, and "Controller" for MPPT. We will evaluate the battery under
different environmental conditions and operating conditions to see how these factors affect
the lithium-ion battery's characteristics. With this information, we will be able to assess both
the conventional “MPPT” method as well as the adaptive “MPPT” method which has been
shown to provide increased energy efficiency when charging and discharging the battery, thus
improving the overall efficiency of the battery, and ultimately allowing for improved

performance of the battery.

This research is novel because it has introduced an adaptive machine learning based
framework for flyback charging and discharging of lithium-ion batteries. As more advanced
intelligence is integrated into the battery management system, dynamic and intelligent
method selection for “MPPT” will occur depending upon changing energy input conditions
such as solar radiation, ambient temperature, and state of charge of the battery. By being able
to intelligently select methods based upon energy input variations, greater flexibility and
optimization can be achieved for improved charging and discharging efficiencies across all
components of the battery system. The methodology of this thesis is illustrated in Figure 4.1

below.
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Fig 4. 1 Overall Architecture

4.9.1. System Modeling

The proposed methodology needs for precise system modelling, which will serve as a
reference point when creating the methodology itself. An overall energy conversion system
will include a solar “PV” array, a lithium-ion battery, and an isolated flyback DC-DC

converter.

4.9.2.Solar PV Array Model Development

Modeling the solar PV array provides an accurate representation of the actual
operating conditions due to environmental variations in the solar radiation received by the
array and the temperature at which the array is operating. The modelling of the PV array
allows an valuation of the effectiveness of different maximum power point tracking
algorithms under a wide variety of dynamic environment influences, including how changes
in solar irradiance and ambient temperature affect "PV" current and voltage and how those
changes subsequently impact "PV" power and voltage ratings. As a result, the modelling of
the "PV" array allows the performance of an “MPPT” algorithm to be assessed when both the

ambient temperature and the solar irradiance level have changed.

4.9.3. Lithium-Ion Battery Model Development

The lithium-ion battery is modeled to reflect both the charge and discharge process
connected with the battery. This includes the battery's voltage features, internal resistance and
“SOC” dynamics. The charge and discharge processes are modeled to evaluate energy storage

efficiency, voltage instability and “SOC” cycles. In addition, observing the voltage of the
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lithium-ion battery and current and temperature during operation helps to assure the secure

operating limits are managed.

4.9.4. Flyback Converter Model Development

A DC/DC Flyback converter that is isolated will be created to control the transfer of
energy from the “photovoltaic” source to the storage battery. The Flyback topology provides
a means of galvanically isolating voltage, regulating voltages produced by the “PV” Source,
and allowing the converter to operate either in a step-up or step-down mode of operation with
ease. To ensure efficient operation and stable power transfer at Maximum Power Point
Tracking, transformer dynamics, switching actions, and output filtering will be included in

the model of the converter.

4.9.5. Implementing MPPT Algorithm

Several “MPPT” algorithms have been used to extract as much energy as possible

from the array of “PV” panels.

The traditional “P&O” and “INC” methods are used because they work well when the
weather is not changing much. However, their performance can decline rapidly if the weather

is changing quickly.

A new method is being developed that allows the system to choose which of the
various “MPPT” algorithms will be the best fit for the current state of the battery and system
operating environment. These adaptive intelligent selection processes are designed to provide

increased convergence rates, fewer fluctuations, and improved overall tracking efficiency.
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4.9.6 Control Signal Generation:

To manage the switching of the flyback converter, the MPPT controller produces duty
cycles required to control the converter. These duty cycle signals will maintain voltage and
current at their regulated levels, allowing for maximum efficiency to transfer energy from the

photovoltaic array to the battery.

The following advantages are provided by the control strategies:

» Steady-state voltage and current regulation during battery charging
» Protection against overcharging and overcurrent

» Smoothness in transitioning from the charge and discharge states

The coordinated control of both the power stage and the MPPT controller optimizes

safety for the batteries, while also ensuring the best efficiency for the overall system.

4.9.7 Simulation of Battery charging and discharging

Both charging and discharging operating modes have been tested using the simulated

environment of the proposed system.

4.9.7.1. Charging Mode

The operation of the proposed system in charging mode consists of receiving energy
from the PV array via a MPPT based flyback converter to provide optimum charging power
to the lithium-ion battery. While charging the system will also monitor the SOC, voltage,

current and temperature of the lithium-ion battery throughout the entire process.
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4.9.7.2. Discharging Mode

The operation of the proposed system in discharging mode consists of providing
energy to the load from the lithium-ion battery. The battery model has been built to provide
voltage drop and SOC degradation under loading conditions. The operation in this mode will
provide an opportunity to evaluate the efficiency of the discharge as well as the response of

the entire system to varying loads.

4.9.8 Performance analysis

This section provides an analysis of performance based on the performance of various

MPPT algorithms and control systems.

The key metrics for performance evaluation are:

» MPPT tracking efficiency based on irradiance and temperature
» Converter efficiency and Power Loss

» Battery Charging and Discharging Efficiency

» SOC Accuracy Evaluation

» Thermal Performance of the Battery

This performance analysis shows that the adaptive “machine learning-assisted
“MPPT” methodology” has several advantages when compared to traditional methods of

“MPPT”.

4.9.9. Validation:
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In order to establish the credibility of simulation results, we validate the
simulations by comparing them to standard datasets of lithium-ion batteries or to established
reference characteristics of a lithium-ion battery. We then carry out consistency checks
between battery voltage, current profiles, state of charge trends, and maximum power point

tracking performance under the same operating conditions.

4.9.10. Interpretation and Visualization of Results

The last stage of the methodology is interpreted through simulation results. We detail
the effects of changes in temperature and irradiance on “lithium-ion battery” charging

effectiveness and life cycle, and how MPPT algorithm selection affects them.

Graphical presentations of the simulation results are provided for:

» Photovoltaic system voltage, current, and power output
» Efficiency of the flyback converter

» State of charge of the lithium-ion battery, SOC voltage and SOC current profiles

The flow of power during charging and discharging modes

The graphical results clearly demonstrate and convey the system performance, and
provide evidence of the effectiveness of the proposed adaptive maximum power point

tracking flyback converter.

The methodology has developed a structured and adaptable simulation framework to
allow for the analysis of lithium-ion battery charging and discharging while using MPPT-
controlled flyback converters. The intelligent method of maximum power point tracking
improves overall system efficiency, maximizes energy use, and optimizes the safety of the

lithium-ion battery system. Thus, this
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methodology represents a strong foundation for the results and discussions of subsequent

chapters.

4.10. Overall problem formulation

To efficiently extract energy from solar photovoltaic systems using lithium ion
batteries requires the use of a highly efficient method of converting electrical energy and an
intelligent control system to ensure that the maximum amount of energy is extracted from PV
systems and provided safely to batteries, as well as extending the operational lifetime of
lithium ion batteries under changing atmospheric conditions. Factors such as fluctuations in
solar radiation, temperature, and battery state-of-charge lead to uncertainties and
nonlinearities that adversely affect the efficacy of conventional maximum power point

tracking methods along with fixed control schemes.

The Total System consists of a PV array, “MPPT” controlled flyback DC-DC
Converter, and Lithium Ion Battery with the ability to operate in two modes for charging and
discharging. For controlling the power flowing from the PV power source into the battery for
charging purposes is the main objective of the total systems, to load the battery for
discharging purposes, while at the same time ensuring proper battery operation and

maintaining overall system durability.
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Chapter 5

Controller Design

Energy flow management between “Photovoltaic” and “Lithium-lon batteries” has
become increasingly important for increasing system efficiency, battery life, and system
reliability. Because the PV Array has a non-linear configuration and the varying
environmental conditions, the power output from the “PV” array varies dramatically as well.
Without the proper management of the energy supplied by the “PV” arrays, the total solar-

power is not utilized.

This chapter provides a comprehensive overview of the design and development of
“Maximum Power Point Tracking” and “Fuzzy Logic based Control” methods as applied to
flyback converters for lithium-ion battery charging and discharging applications. The first
portion of this chapter analyses the Charging and Discharging system of “Electrical Energy”
without “MPPT” to show the limitations of this type of control strategy. Following this
analysis of “Non-MPPT Charging and Discharging” systems, “MPPT-based control” is then
presented and specific details of the MPPT-based algorithms are provided. A “Fuzzy Logic
Controller” is then developed with the MPPT control method to provide an “Adaptive

Intelligent Control Framework” that incorporates all of the
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features of the previous control frameworks. This chapter concludes by providing an
evaluation of the effectiveness of the “Fuzzy MPPT Flyback Control Method” in achieving
improved overall performance, increased charging and discharging efficiency, and increased

safety for Lithium-Ion Batteries.

5.1 Charging without MPPT:

A standard PV without MPPT setup connects the PV array directly with a DC—
DC converter that runs at a designated fixed duty cycle. Under these situations, operating
conditions for a “PV” Array are based on the voltages of the battery and the load
characteristics that do not exist within the maximum power point. It is exist on the main

circuit.

The result of power of the PV array is illustrated as follows:

pv (5.1)

At any given irradiance and temperature, a PV array can be identified by a specific
maximum power point at which the maximum power output is produced, however, when
functioning without “MPPT” the output is not able to operate at this maximum power point

voltage, “MPP” and accordingly, less power will be extracted from the cells.
AP = Ryyp — Pactual (5.2)
The following disadvantages are given by the fixed-duty operation:

¢ lithium-ion batteries being either overcharged or undercharged

e power electronic devices Dbeing subjected to maximum  stress
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e solar energy not being utilized as effectively as possible due to variable weather

conditions

the above limitations necessitate the adoption of “MPPT” based Control Strategies.

5.2 MPPT based control Strategy

“Maximum Power Point Tracking” is the control procedure for maintaining optimum
output power available to your installed “photovoltaic system”. MPPT works in conjunction
with environmental variations, by continually adjusting the operating point on the “IV” curve
of your “PV” array in order to extract maximum power. For this reason, the “MPPT”
generates control signals for duty cycle regulation of the flyback converter in this proposed

system.

Mathematically, the control objective of “MPPT” can be expressed as follows:

dPpy
AVpy

~0 (5.3)

The maximum power point is demonstrated by the following equation:

—0 (5.4)

In the control algorithms, the “PV” array is managed at its optimal operating point by

using the above maximum power point.
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5.3 Proposed MPPT algorithm

In this thesis, the selected “MPPT” algorithm has two phases which are as follows:
5.3.1 Perturb and Observe algorithm:

One of the most popular methods of “Maximum Power Point Tracking” is the
“Perturb” and “Observe” technique because it is upfront and can be easily implemented. In
this method, periodic perturbations to the voltage of the “PV” are carried out and the resulting

increase or decrease in output power is monitored.
The decision logic is based on the following equations.
AP —P(k) —P(k—1) (5.5)
AV —V(k)—-V(k—-1) (5.6)
5.3.2 Cumulative Conductance Algorithm:

Another MPPT method, the “Incremental Conductance” technique, uses the slope of
the power curve for increased tracking precision. The theory behind this technique is based

upon.

Lov _ v e MpP (5.7)

dVpy  Vpou

The controller determines whether or not the point lies in the forward or reverse

o . . . . Al
direction relative to maximum power point. To do so, the incremental conductance o
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e Firm conjunction
e Fewer fluctuation

e Better operation in speedily changing weather conditions

5.4 Fuzzy logic Controller Design

Fuzzy logic-based controllers can be used instead of traditional maximum power
point tracking mechanisms to compensate for their drawbacks. “FLCs” reason using "human-
like" thinking and do not require precise mathematical models since they work equally well

on nonlinear photovoltaic devices.
5.4.1. Inputs:

The input variables for the fuzzy logic controller is as follows

5.4.1.1. Flaws (F)

The flaws for the fuzzy logic controller are represented as follows:

_AP(K)
E() = 30 (5.8)

5.4.1.2. Change in Error (CE)

If there 1s any alteration in the errors, then it is signified as,

CE(k) =E(k)—E(k—1) (5.9)
The inputs show where the operating point is in relation to the Maximum Power Point, as

well as the path that is being travelled.
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5.4.2. Membership functions

The fuzzy logic system has a membership function, which is a mathematical
representation of how much of the input values fit into a certain fuzzy set. This is very
different from classical logic, in which an item either fits or does not fit into a set. With fuzzy
logic systems, there is the option of partial members and differing degrees with the “MF”

function which takes on values between 0-1.

The fuzzy set for inputs & outputs is defined by terms such as negative large Negative
small, zero, positive small, and positive large. We use triangular membership functions
because they are easy to calculate and fast to compute. The change in duty cycle is
represented as AD.

The membership function is used for the following purposes.

5.4.3. Rule base

In a fuzzy logic builder, a “Rule Base” is essentially the “Fixed Rule” that determines
how the fuzzy logic controller will react based on a variety of input conditions. This “Rule
Base” contains recognized rules that exist as a collection of “if and then” type logical
relationships, which represent human-based knowledge and experience on how to link
indeterminately defined input variables into indeterminately defined Output Actions using
Linguistic Terms.

As a main opinion of decision making within the “Fuzzy Logic” the “Rule Base”
provides an assessment of the degree of satisfaction of Input Conditions and the resultant

“Output Action” that will result to the achievement of desired system behaviour. A properly
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constructed “rule base” will permit stable, adaptive control for accurate results within a non-
linear system, as well as uncertainty in the system.

The fuzzy-based “MPPT” method provides a way to intelligently control the flyback
“DC-DC” converter through the use of fuzzy logic for maximum power point tracking. The
fuzzy-based “MPPT” continually monitors the conditions of the “photovoltaic” system, and
adjusts the duty cycle of the flyback converter based on these readings. The flyback
converter's job is to maintain a constant voltage from the “PV” system to the load or battery,
and transfer that power as efficiently as possible.

By combining these technologies in a PV-to-battery system, the user can take full
advantage of the maximum power that can be generated from the “PV” array regardless of
the irradiance or temperature, and achieve optimal performance with respect to voltage
regulation, electrical isolation, and safety. By utilizing fuzzy-based “MPPT” combined with a
flyback converter, you will increase the efficiency of energy conversion, enhance the
dynamic response of the overall system, and enhance the reliability of your battery charging

system converted through “PV” systems.
5.5. Control flow diagram:

The system will operate in one of two ways, based on the amount of available power.
The first way is enough power from “PV” charge the battery, using a flyback converter from
the “PV” Array to the battery. The second is to discharge the battery, supplying load with
stored energy from the battery.

The system's main operational parameters are continuously monitored throughout
both modes of operation: battery “SOC”, battery current, temperature, voltage, converter

efficiency as well as “PV” Power.
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Control flow diagram also identifies three stages of performance evaluation, including
performance analysis, validation, and results interpretation, to measure the effectiveness of
each of the several “MPPT” methods and determine how they impact the charging and
discharging efficiency of the battery and the robustness of the system and the overall
effectiveness of energy conversion.

This control flow diagram represents the proposed system's operational flow in a
comprehensive and organized manner and will provide the foundation for all simulation,
analysis, and discussion related to the results in this thesis. Fig 5.1 shows the overall control

flow of the proposed system.
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Fig 5. 1 Control Flow Diagram
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5.6. System performance

Using organized control methodology and adding a conjunction with the flyback
charger for lithium ion batteries significantly enhances the performance of the proposed
systems. Improvements can be recognized in the areas of energy harvested, control
intelligence, battery protection features and reliability of the overall battery system.

The adaptive “ML-assisted MPPT” allows an increase in energy extended from the
“photovoltaic” module. A significant difference in performance between traditional “MPPT”
methods, which utilize fixed controls and very simple ways of monitoring is shown by the
ability of the adaptive “ML-assisted MPPT” to track both real-time and past environmental
conditions through the collection of historical data and the ability of the adaptive “ML-
assisted MPPT” to train a more comprehensive predictive model for determining optimum
operating performance. With this method, the speed of tracking has been improved, thus
minimizing fluctuations around the maximum power point are greatly reduced the energy
losses at the time of rapid variations in the environmental conditions.

The adaptive control flow was demonstrated to enhance flyback converter efficiency
and dynamic response. The “ML-assisted MPPT’ takes incoming “PV” data and evaluates it
to create optimized duty cycle command that correlates both to the optimal PV operating
point and the requirements of the battery. The adaptive duty cycle, compared to a fixed duty
cycle, reduces the potential for unnecessary switching stress caused by too frequent on or off
cycling due to DC variations in the PV source, improves voltage regulation, and provides a
smooth power transfer from the isolated flyback converter to the battery. In addition, the
decrease in losses in the converter results to improved overall system effectiveness.

The proposed framework provides a mechanism for intelligent and safe battery
charging and discharge. The framework provides integrated monitoring of battery “SOC”,

voltage, current and temperature, while also including these metrics into the control flow's
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logic process. Thus, based on the use of machine learning, the intelligent controller alters the
charging profile for a particular battery based on battery condition and previous usage history.
Hence, optimizing charge acceptance, maximizing charge to discharge efficiency and

extending battery life by preventing overcharging, excessive discharge, and thermal damage.

Because of the adaptability of the framework, system transitions improved and there
were increased reliability. The “Intelligent Mode Decision Block™ provides a way to
transition from one operating mode to another as determined by available electrical power or
default load level. The capacity to detect power resources and load demand enables
mitigating the impacts of significantly changing modes and managing constant operation
despite variable loads, using the machine learning based control system to assist.

Moreover, the feedback loop of learning and performance analysis within the control
flow ensures that the system is optimized on a continuous basis. During the performance
analysis, the System will evaluate its efficiency of “MPPT”, Efficiency of the Converter, and
Behaviour of the Battery, and provide that information back to the “ML” Model. This
continuous learning ability is one of the main novel features of the System since it will allow
the System to improve its performance over time as opposed to operating with fixed control
parameters.

Finally, the new “Adaptive ML-Assisted MPPT Flyback Charging and Discharging
Framework” allows systems to operate more efficiently by enabling the System to track
maximum power faster and more precisely, adapt Converter Control, manage Batteries
intelligently, and operate dynamically by the continuous learning and performance analysis.
These improvements result in increased energy conversion efficiency, decreased power
losses, improved battery health and increased reliability of “Li-lon Battery energy storage

systems”.
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Chapter 6

Results Analysis

The chapter contains an comprehensive list of simulations and provides an
analysis of the performance of the lithium-ion battery system during both charge and
discharge using Flyback converters with all control schemes; however, the intent of this
chapter is to prove how effective “Maximum Power Point Tracking” techniques are
specifically “Conventional and Fuzzy Logic-Based MPPT”, in maximizing the extraction of

power from the photovoltaic array, while being safe for the operation of lithium-ion batteries.

The simulation environment was designed particularly to analyze dynamic scenarios
by using variable levels of solar irradiance and ambient temperature. These factors play a
important role in the output capacity of “PV” and are also a direct indication of how efficient
a battery will function. The initial step of the chapter calculates system function without any
“MPPT” technology, serving as the standard against which to measure subsequent test results.
In addition, the chapter shows the results generated from a “C-MPPT” solution, as well as

showing the performance enhancements achieved from using an “Adaptive Fuzzy Logic
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Controller”. The performance of “lithium-ion batteries” during both phases has been
evaluated and compared based on charging current, voltage level state of charge and energy.
In addition, this chapter describes in what way, different types of control strategies is
compared against each other using various tables and graphs to show improvements in power
usage, charging time, and converter efficiency. Important observations on the benefits of
Intelligent Control include increased reliability, decreased energy loss, and increased

longevity for batteries.

In summary, this chapter provides all essential information for interpreting in what
way, Intelligent Control Systems with Flyback Converter Technology can enhance the
efficiency of a “PV based Li-lon Battery System”, thus providing a foundation for further

discussions regarding the proposed “Adaptive ML-Assisted MPPT Framework”.

6.1 Simulation environment

Simulation of the model was performed using MATLAB and Simulink. The “PV”
Array, Flyback Converter, and “Lithium-lon Battery Models” were created to precisely
capture novel operating rules. Dynamic conditions were simulated by using different
irradiance levels and ambient temperature profiles for diriment times of the day. The battery
model includes the ability to track State of Charge, Voltage, Current, and Temperature. The
“Flyback Converter” provided an isolated interface between the PV Array and Lithium-lon
Battery while regulating power transfer between them. The simulation framework allows the

three Control Strategies to be compared
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directly against each other, allowing users to evaluate their effectiveness. Real-time

monitoring of all significant variables was provided by “Data Acquisition Blocks”.

6.2 Outcomes without MPPT

If there is no MPPT, there is no adaptation to operate the PV system based on
changing conditions. Therefore, the “DC-DC” flyback has a fixed duty cycle and is not
adjusted according to the operating conditions of voltage and current at the PV array. The PV
array works below the maximum power point usually under these conditions which leads to

very low energy efficiency from the PV system.

The following observations were made during the study:

The power generated by the PV array without MPPT is written as follows

Bov = Vpy X Iy (6.1)
In which,
Vpv 18 the terminal voltage of PV

L,,1s the output of the PV current
The expanded power is lesser than the theoretical maximum power, when the

operating voltage is not regulated to the optimal value

Pposs = Pmppt - va (6.2)
In which,

Prppe Demonstrates the maximum power available PV power at a given irradiance and

temperature.
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The rate of “SOC” is increases due to the low instable charging when there is
“MPPT” is not available. It also results to poor usage of the solar energy and leading to
reduced “PV” power extraction, ineffective battery charging and degraded performance of the

discharging.

6.3 Results with conventional MPPT

“MPPT”s is based on flyback “DC/DC” converters that use traditional maximum
power point tracking methods, including the “Perturb and Observe” and “Incremental
Conductance” algorithms. The “P and O” and “IC” methods modify the duty cycle of the
“DC-DC” converter so that the converter forces the PV array to always operate as close to the
maximum power point as possible, regardless of changing sunlight intensity or weather
conditions. Due to their duty-cycle-modifying behaviour, a conventional “MPPT” tracks the
changes in a “PV” array's operating voltage and adjusts the power extended from it by the

increased efficiency and higher charger performance.

6.3.1 Simulation Result

An established “MPPT” can also extract more power out of photovoltaic panels than
operation with a constant duty cycle. With the use of the adaptive duty cycle, batteries are
charged more efficiently and solar energy can be utilized more effectively. Moreover, many
conventional “MPPT” algorithms need a requirement of their operation, result to oscillations
about the maximum of the output power and this will result in a portion of the power being

lost under steady state conditions.
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6.4 Outcomes with fuzzy MPPT

The method of “Maximum Power Point Tracking” of a photovoltaic array utilizes an
intelligent fuzzy-controller in order to track the maximum output of the PV array. Different
from the other conventional methods which depend on mathematical models, the fuzzy
“MPPT” method utilizes linguistic inference a flyback “DC-DC” and therefore provides a
more effective means of tracking the maximum output of the “PV” array as environmental
conditions change rapidly and nonlinearly. The fuzzy controller was designed to operate
effectively in environments with uncertain or unpredictable characteristics. A fuzzy controller
is capable of interpreting vague input data and converting this into smooth and precise control
actions, thus achieving effective control of PV systems in less than ideal operating

environments.

6.4.1 Simulation result

Based on the outcomes from the simulation, the performance of the fuzzy “MPPT”
Controller is much better at gaining maximum power point tracking across various
irradiances and temperatures than the generic method of obtaining maximum power point
tracking using the generic methods. The decrease of steady-state vacillations in addition to
being able to function on a higher energy capture basis result to an increase in battery
charging efficiency. The use of smooth duty cycle operation allows for improved steadiness at

the system level, and this, in turn, results in a better usage of the battery.
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6.5 Charging and discharging performance

The charging capability of the proposed system is decided by in what way it will
charge the lithium-ion battery efficiently while keeping the voltage and charging current
within compulsory margins. Discharging performance indicates in what way the battery can
supply energy to a load while managing voltage constancy and low energy losses. Both
charging and discharging performance is evaluated by looking at electrical battery parameters

like current, voltage, “SOC” and efficiency.

The battery offers energy to the load by using the flyback convertor at the time of

discharging mode. At this time, the battery terminal voltage is represented as:
Vg = Vo (SOC) — IgR; (6.3)
In which,
V.(S0C) is the open-circuit voltage dependent on SOC,
Ig is the discharge current and

R; is the internal resistance.
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6.6. Comparison

In this segment, the performance of different “Maximum Power Point Tracking”
techniques for a “PV-based Li-ion battery charging and discharging system” is analyzed
using the performance metrics such as voltage, current, power, and battery State of Charge.
All parameters will be monitored throughout a time trial to determine how well each of these
three strategies performed relative to one another regarding energy harvest efficiency, system
wind resistance, and battery performance. This comparison will lend a better understanding
of the strengths and weaknesses of each “MPPT” approach on varying types of loads and

weather conditions.

6.6.1 Time (s) Vs Voltage (V):

Time(s) Voltage (V)
1.67 3
20.36 4.1
39.30 3.8
56.01 3.8
74.67 59
91.65 2
110.31 0
128.97 59
129 -8
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Fig 6. 1 Results of Time(s) Vs Voltage (V)

Table 6.1 and Fig. 6.1 shows the experimental results between the time and voltage.
The graph shows a time sequence of the changes in system voltage for the simulation
period. It shows how the electrical characteristics of the system change based on some of
the parameters of its operating scenario. When looking at the beginning of the simulation
we see that the voltage is approximately 3.00 volts, indicating that the system is starting to
function properly after undergoing some transition from an unstable state to a stable
operating state. The total amount of time needed to stabilize from this low starting voltage
of around 3 V to a slightly higher voltage of approximately 4.10 volts was complete by the

end of the simulation. The increase in voltage after 1.67 seconds is an indication that the
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system is now able to effectively deliver power from the input to its load. During the time
period of 39.30 to 56.01 seconds the voltage remained relatively steady at approximately
3.80 volts; meaning that the system was maintaining a regulated voltage during this time
period, which is an indicator of stable operation; and to provide for a regulated voltage
during battery charging, thereby preventing excessive voltage stresses to the battery and

supporting the controlled transfer of energy.

6.6.2 Time (s) Vs. Current (W):

Time(s) Current (W)
0 0
20 -400
40 0
60 0
80 -150
100 150
120 -190
140 1500
160 -200
220 -200

Table 6. 2 Time (s) Vs Current (W)
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Fig 6. 2 Results of Time(s) Vs Current (W)

Table 6.2 and Fig. 6.2. shows the experimental results between the time (s) and
Current (W). In the time graphs, current changes over time have corresponding tabular
values. The first observation on both time and tabular data starts at 0 seconds with current
being equal to zero watts. After 20 seconds, it appears the current has decreased to -400
watts. The 40 and 60 second data points again show a return of the current to zero watts,
showing that the currents between 20 and 40 seconds and from 60 to 80 seconds have not

changed from their previous levels of zero watts.

When a current of -150 watts appears at the 80 second point, it rises to 150 watts by
100 seconds. By the 120 second point, the current has returned to a value of -190 watts. Then
the next significant occurrence with respect to current is shown at the 140 second point. The

maximum current recorded here reached an extremely high value of +1500 watts. The 1500
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watts peak current is followed immediately with a sharp decline, down to -200 watts, by the

160 second point which remains unchanged at -200 watts until the 220 second point.

Overall, the time graphs have different values for current as time moves forward;
among the graphs with the greatest currents, the highest peak was reached at 140 seconds as
noted above. The tabular information shown here reinforces the graphical representation of

the current's value at each second of time.

6.6.3 Time (s) vs Power (W):

Time(s) Power( W)
0 900
20 900
40 0
60 0
80 200
100 210
120 600
140 4200
160 0
180 900

Table 6. 3 Time(s) vs Power (W)
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Fig 6. 3 Result of Time(s) vs Power(W)

Table 6.3 and Fig. 6.3 shows the experimental results between the time (s) and power

(W) This document shows a chart that represents how power changes over time. It also

provides the exact numbers in the chart in the following table. Starting from an initial value

of 900 Watts, the power stays the same until it reaches 20 seconds. After that, at 40 and 60

seconds, we can see that no power is being consumed.

Then from 80 to 100 seconds, there are two increases, with the first occurring at 80

seconds where it goes up to 200 Watts and a second increase of just ten watts to 210 at 100

seconds. After that, we can see another increase of 600 Watts at 120 seconds.

At 140 seconds we can see the maximum power value of 4200 Watts has now been

reached, followed by a drop in power down to 0 at 160 seconds, after which, at 180 seconds,

the power comes back to 900 Watts again.

99




Chapter 6 6.6. Comparison

The information in the graph is consistent with the information provided in the table
as it clearly shows a progression from constant power to no power, then through gradual

increases and finally to a sudden peak in the middle at 140 seconds.

6.6.4 Time (s) vs State of Charge (%):

Time (s) State of Charge (%)

0 15
20 46
40 46
60 48
80 85
100 41
120 15
140 15
160 15
180 39

Table 6. 4 Time(s) Vs State of Charge(%)
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Fig 6. 4 Result of Time(s) vs State of Charge(%)

Table 6.4 and the Fig.6.4, shows the experimental outcomes between the time(s) and
the state of charge (%). The Time vs. SOC chart shows how the “SOC” changes as time
passes. The numerical values corresponding to the “SOC” on the Time v. “SOC” chart can be
found in the table. The image of the graph does not reflect the actual graphical curves;
however, there are specific times at which the “SOC” reaches specific values; the specific

Times and SOC values are identified in the table 6.4.

At 0 Seconds, the SOC is 15%. At 20 seconds, the SOC climbs to 46%. At 60
seconds, it climbs again, but only slightly to an SOC of 48%. After 80 seconds, the “SOC”
goes up from 15% to about 85%. It then drops down again to 41 at 100 seconds and keeps
dropping down until 120 seconds as indicated below in the table and above in the “SOC”

graph.
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6.7. Key findings

The findings of the evaluation will be based upon analyzing the entire range of how
effectively lithium-ion battery charge control systems with a flyback converter performed
under various charge control regimes, particularly at the time of using both conventional
“MPPT” and fuzzy logic-based MPPT methods. The performance assessment was validated
according to the current, power, and state of charge characteristics providing a brief

description of each.

Based upon the analyses conducted so far, we can better understand the operation and
efficiency enhancements associated with the use of “MPPT” techniques. By using both types
of “MPPT” will help us create a better understanding of the overall performance of our

system.
The key findings are mentioned below:

» The outputs of the simulation studies indicate that when a photovoltaic-battery system
is operated without “maximal power point tracking”, Power extraction from the “PV”
array will be limited, the charging pattern was unstable and there is ineffective use of
solar energy is also occurred.

» The use of standard “MPPT” techniques to maximize electrical extraction from
“Photovoltaic Arrays” has a significant enhance over a fixed duty cycle with reference
to battery charging performance at various degrees of sun and temperature. Although
these techniques have greatly increased the efficiency of Battery usage, there is still
the presence of steady-state oscillations that occur about the “MPPT”, which creates
an unfinished extraction of energy during steady-state conditions.

» The use of a fuzzy logic based “MPPT” will provide superior capabilities for tracking
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the maximum power point with rapidly varying and nonlinear environmental
conditions as compared to that of traditional “MPPT” techniques.

» Reduced oscillations and smoother control of the duty cycle will result from using
fuzzy “MPPT”. Thus, increasing the system's ability to provide stable characteristics
during operation, and enabling the maximization of effective energy capture.

» Through the use of a flyback converter, both an electrically isolated and a regulated
transfer of power between the “PV” array and lithium-ion battery can occur both
during the charge and discharge modes.

» The waveform of the power and current varies greatly over time between zero-power
intervals, an increasing slope, and a peak, representing a realistic operating experience
for “PV” implemented battery systems.

» "Peak power tracking” in operations controlled via maximum power point tracking
demonstrates that it is possible to progress toward “maximum power point tracking”
and utilize the total solar energy that's available much better than previous methods.

» As stated, the state of charge profile was clear during the various stages of charge and
discharge with “MPPT” compared with “MPPT-based charging” compared to
traditional charging methods.

» Intelligent control with fuzzy logic for maximum power point tracking through
flyback converter enhances battery charging effectiveness, energy loss reduction,

improved battery reliability, and increased battery lifetime.
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Chapter 7

Conclusion

The conclusions from the study on the Simulation of Charging and Discharging of
Lithium-Ion Batteries with PV-Based Flyback Converter, with advanced “MPPT” algorithms,
are summarized in this chapter. The study focused on the modeling of a “PV” array, a
lithium-ion battery, and a flyback “DC-DC” converter, designed and implemented three
“MPPT” algorithms, and evaluated the performance of the system based on changing the

environmental conditions.

This chapter summarizes the findings of the study, discusses the benefits of the
“Adaptive MPPT Framework”, and provides a basis for detecting Limitations and suggesting
Future Research Directions. This chapter represents all the outcomes and insights gained
from the thesis and present a clear picture of effectiveness and reliability of the proposed
methodologies for improving Renewable Energy Utilization and Battery Management are

when used for Electronic Vehicle and PV-Based Applications.
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7.1 Summary of the work

This thesis presents a thorough simulation study of the usage of a photovoltaic-based
flyback DC-DC converter system with advanced maximum power point tracking methods in
order to charge and discharge lithium ion batteries. The first aspect of the work included the
development of an overall model of the system. The “PV” array's characteristics when
operating at various temperatures and levels of irradiance were described. The second stage
focused on modelling the operation of LIBs which included both charge/discharge process
characteristics and dynamic behaviour during battery operation. The third and final stage of
the modeling phase involved creating a model for flyback DC-DC converters which represent
the transfer of power between DC and DC. Following the modeling phase of this study,
“MPPT” strategies were researched and tested to optimize energy harvesting from the “PV”
array. Strategies were evaluated using the incremental conductance method. The two methods
were combined to form a hybridized adaptive method, which could dynamically choose
which of the pertinent “MPPT” strategies would be used based upon fluctuations in

environmental conditions.

The second major component of the thesis included creating control signals for the
fly-back converter current to the “LIB” and thus ensure that the “LIB” was charged safely
and appropriately. Simulation testing was done evaluating the transfer of fly-back voltage to
battery power while charging and discharging the battery. The test monitored “SOC”, battery
voltage, battery current and battery temperature during both charging and discharging
functions. A broad-based performance evaluation was performed to determine the
effectiveness of the “MPPT” methods on battery charging and fly-back converter

performance under a variety of environmental conditions.
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7.2 Key Outcomes:

Many useful insights are demonstrated by our simulation outcomes which are

mentioned below:

» The “hybrid MPPT system” was the best in terms of energy production when used
under changing temperature and light conditions. The hybrid system produced more
usable energy than either the P&O or IncCond systems.

» The battery “SOC” comparison was extremely close to what actually occurred, which
means we had successfully modeled the way batteries charge and discharge.

» The flyback converter kept a consistent voltage and current when transferring PV,
giving batteries a safe approach to store energy without overheating.

» Compared to a single-algorithm “MPPT” approach, the new hybrid system could
transfer energy between the “PV” and battery at a higher efficiency level with less
wasted energy.

» The thermal profiles show the new hybrid system created less thermal stress, which

increases both battery life and safety during battery charge and discharge.
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7.3. Benefits of Adaptive or fuzzy MPPT:

Having a fuzzy logic-based “MPPT” or adaptive algorithm implemented into the

flyback converter system provided various benefits:

» Dynamic Adaptability: Adaptive “MPPT” can continuously monitor changing
irradiance and temperature conditions, and adjust the “MPPT” strategy
accordingly to obtain optimal power extraction.

> Lower Steady State Oscillations: Adaptive “MPPT” has fewer fluctuations
around the maximum power point than traditional “P and O” algorithms.

> Improved Battery Protection: The risk of overcharging or causing unnecessary
thermal pressures to the battery is reduced, as the proposed framework has more
precise guidelines

» Improvement in the complete effectiveness: The intelligent selection of “MPPT”

algorithms results in high consumption of energy generated by the “PV” array.
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7.4. Drawbacks:

Although there were many positive outcomes from the study, there were still some

limitations noted which are mentioned below:

» The majority of the data collected was obtained through simulations. However,
the effects of real-world conditions were not adequately addressed in the analysis
due to time and resource constraints.

» The hybrid “MPPT” framework contains more computational complexity
compared to using a single algorithm-based approach, which may pose challenges
for implementation on low-cost embedded hardware.

» The thermal properties of the flyback converter components under high load
conditions were approximated in a simplistic manner and, therefore, some issues

related to localize heating may be underestimated or overlooked.
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7.5. Future enhancements:

Using the findings of this thesis, a variety of future research opportunities exist.

» An Experimental Validation: Create an actual hardware prototype that uses the
proposed framework to test the simulation results, and verify that the real world
disturbances are accounted for.

> Battery Aging Models Integration: To estimate long-term presentation and also to
develop both “State of Charge” and “State of Health” estimates, the battery
degradation modeling should be integrated.

» Al and ML Enhancement Methods: To provide predictive optimization of power
production as well as fault detection, extending the adaptive “MPPT” model by
using the machine learning.

» Multi-Battery Storage System & Hybrid Systems Expansion In order to provide
additional flexibility and consistency, the framework should be enhanced for
including lot of various battery chemistries or hybrid storage systems. .

» Grid Connectivity: For helping with aggregating the level of renewable energy
penetration and energy management, adopting the model for working with the grid
connection of “PV-battery” systems.

» Thermal Management Augmentation: To contribute with optimizing the cooling
strategies and maximizing the operational life of the components, there is need for
integrate the comprehensive thermal modeling for both batteries and convertors.

In conclusion, the findings of the thesis have shown that the “Adaptive MPPT

Flyback Converter Framework™ is a feasible method for maximizing the utilization of solar
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energy from photovoltaic panels while maintaining secure operation of “lithium-ion
batteries”. For constant development of intelligent renewable energy storage systems and

structure for “Electric Vehicle Charging” is offered by our proposed framework.
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