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Abstract

The increasing environmental impacts and limited nature of fossil fuels have accelerated
the growth of renewable energpurces (RESS), such as solar, wind, and tidal energy.
However, the intermittent nature of these sources poses significant challenges to reliability
and costeffectiveness, particularly in standalone hybrid microgrids. This study focuses on
designing, modeng, and optimizing an ofgrid hybrid RESS integrating solar, wind, and

tidal power along with battery energy storage systems (BESS). A key challenge that this
work addresses is battery degradation, which significantly impacts thédondeasibility

of BESS. Conventional studies often overlook degradation effects; however, this thesis
contains degradation constraints, considering characteristics such as state of charge (SOC)

to ensure an optimized sizing strategy.

A hybrid optimization methodombining the Firefly Algorithm (FA) and Particle Swarm
Optimization (PSO) (FAPSO) is proposed to achieve minimum net present cost (NPC)
while maintaining system reliability, measured with Loss of Power Supply Probability
(LPSP). The optimization model tested on a standalone microgrid in Halifax, Nova
Scotia. The results reveal that the proposedPS® hybrid technique outperforms
traditional commercial optimization tools (HOMER) and standalone heuristic techniques
(GA, ACO, FA, and PSO). Furthermorecamparative analysis of {ion and Leaehcid
batteries is conducted, evaluating their impact on NPC, degradation, and system efficiency.
This study contributes to sustainable energy management by providing an optimization
framework that considerg&newable integration challenges, battery degradation, and cost
minimization. In this study, tidal energy plays an important role in hybrid renewable
microgrids, as it is more predictable and reliable than wind and solar power alone. By using
heuristic algrithms, this research offers a practical and scalable approach for optimizing

renewable energy systems, addressing economic and technical challenges in microgrids.
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CHAPTER 1 INTRODUCTION

1.1Background

Using fossil fuels and traditional power generation methods has proven harmful to the
environment, as they produce significant amounts of greenhouse gas emissions like CO2.
On the other hand, they are not an infinite source of power. Wittvahges of climate
change, the power industry around the world is moving toward usin.REE®iewables

area cleansource of energy and are more reliable. Hence, using them in microgrids is a
necessity nowadays. However, using BESich as wind and solar, is challenging because
they are not always available and depend on meteorological d&fa THerefore, using a
proper energy management method alongside energy storage systems can nfke RES
more efficienin microgrids. To avoid high cost of grid extsion investmentsit is
necessary to use a hybdftf-grid configuration and optimize the ustthe RES available.

This requires considering various optimization aspectsh as the total cost of the system,

reliability factors, renewable integration, pollution emissions,[8}{f4].

There are several battery technologies available, includingal@dd lithiumion, and
sodiumsulfur batteries, each bringing its own set of advantages and disadvantages in terms
of efficiency, energy density, lifespan, and operational challenges litexrypdéegradation.
Battey degradation can be caused by various factors, such as depth of discharge (DOD)
and state of charge (SOC), affecting the battery performance and the system's overall cost

effectivenes$5].

Because of the challenges associated with renewable fluctuations, researchers have
explored various optimization techniques to reduce storage system size while maximizing
the utilization of available renewable energy. Traditional methods such as linear
programming, mixeenteger linear programming, and dynamic programming have been
applied to find optimal scheduling and sizing of energy storage systems. In these
approaches, mathematical models of power systems should be developed and solved under
constrains such as energy balance and battery capacity limits. However, these traditional
techniques are often not very effective because of the uncertainties and nonlinearities
associated with RESS$].



Consequently, heuristic algorithms have become popular as a more practical option.
Methods such as FA and PSO offer flexible and ‘ogdimal solutions by repeatedly

exploring the search space. Therefore, these heuristic algorithms are better suited for
renewable integration since they balance objectives like cost minimization, enhanced

reliability, and overall system performance.

This thesis aims to improve overall system performance by utilizing these heuristic
optimization techniques, which provide a ceffective sizing strategy for improving

renewable energy integration.
1.2 Thesis Objectives

In this thesis differenpptimizationtechniques are used to minimize the overall chse

hybrid FA-PSO technique is utilized to design and model an effective energy management
system(EMS) in a hybrid renewable grid. The objectives of this study are to optimize the
economic and technical parameters of the system, enhance renewable integration, find
advanced optimization techniques for grid optimization, evaluate and compare BESS
technologiesand expand the use BESSwhich helps inpaving the way for a more

sustainable future.
1.3 ThesisMethodologies andContributions

The proposed study focuses on the advanced modeling, design, and optimization of a
standalone PV/wind/tidal storagpased grid to minimize the total cost of the system (NPC)
and maintain the reliability (LPSP) of the grid. Additionally, power output mogeif the
components, including PV, wind turbines, tidal turbines, BE&S are included. Battery
degradation indefBDI), a crucial aspect of the BESS, is introduced within the constraints

affecting the optimization objective.

The novelty of this work lies in various aspects that are investigated to address the research
gaps and contributions of this study and highlighted as follows:

1. A comparative analysis of various heuristic methods (GA, ACO, FA, PSO) is
included to identify the strongest algorithms for developing a more compelling

hybrid algorithm.



2. A hybrid optimization method (FRSO) is proposed to increase renewable
integration by minimizing costs and enhancing the system's reliability. Also, the
proposed technique outperforms the traditional commesofalvare used for grid
optimization (HOMER).

3. Tidal energy is overlooked in the literature on hybrid renewable energy
management and grid optimization but has been incorporated into the proposed

model.

4. While battery degradation is often neglected in the literature, this work incorporates
it as a key constraint influencing the objective function to ensure realistic and

reliable optimization.

5. This study examines two categories of BESS:&ad batteries and lithiusion
batteries. This study also compares their charging and discharging characteristics

and theirSOCto gain valuable insights for optimization purposes.
1.4 Thesis Outline

As for the remaining chapters of the thesis, Chapter 2 provides a comprehensive literature
review of the context of thetudy, challenges, and methodologies for solving the

optimization problems.

Chapter 3 investigates the proposed model's design, objectives and constraints of the
optimization problem, and detailed information on the proposed optimization techniques.
These methods include GA, PSO, FA, ACO, andA20.

Chapter 4 includes optimization results, analysis, and discussion.

At last, Chapter 5 offers the conclusion of the study and explores the possible future

research extension of this work.



Chapter 2 LITERATURE REVIEW

2.1 Introduction

Harnessing renewable energies efficiently into microgrids has always been challenging for
researchers and engineers. This chapter investigates the nature of renewable energies and
microgrids, the use of energy storage systems and different battery tgobsatballenges,

and methodologies for solving optimization problems regarding an efficient microgrid.
2.2Renewable Energy Systems and Microgrids

The dependence on fossil fuels has harmful effects on the environment, which leads to
significant emissions of greenhouse gases such as carbon dioxide (CO2). Additionally, these
energy sources are limited. Hence, using a hybrid renewable microgrid, adlysenti
microgrid containing distribute@nergyresourcegDERS) is becoming popular in the
electrical power industrydowever, harnessing RESsuch as wind and solar energy, comes

with challenges because their availability is unpredictable and reliadinoatic factors

[1][2]. To overcome the obstacles and have an efficient renewable integration, incorporating

a suitable energy management system and battery energy storage systems to balance supply

and demand is vit§8].

Microgrid refers to the term when small numbeD&ERSs (renewable or conventional) are
connected to one power systeDERs normally include distributed generation (DG),
controllable loads, and distributed stora@enicrogrid can operate as a grid connected or
standalone. The choice between a -godnected or standalone microgrid for battery
optimization depends on several factors including the specific goals of the microgrid, the
geographical and regulatory enviroent, resource availability, and financial considerations

[61[7].

For instance, Hladt al. B] optimized a hybrid photovoltaic storagased standalone grid to
minimize the cost and increase the reliability of the system. On the other hand, Babu et al.
[9] implemented a mulibbjective genetic algorithm based energy management system to
optimize a photovoltaic/wind/battery grid connected systenidp Garip et al. divided the
microgrid operation in the energy management system into two sections: 1) working as island

mode, 2) grisconnected mode if there is no backup energy left istttrage system.



A hybrid renewable microgrid, which is also designed in this staly provideelectricity

to a remote area using hybrid renewable sowi®ut depending on the main gridolar

and wind energy are the common renewable sources that are used in microgrids, but for
stepping toward more sustainability it is important to use other available resources such as
tidal energy.Tidal energy has advantages over other renewables. The reason is the high
power density and more predictability of tidal currehts. hanessing efficient tidal power,

it is necessary to find an appropriate location while doing a proper assessment of tidal range,
tide speed, distance from the load center and the sea|di#&jth

2.2.1 Renewable energy sources in No&otia

The following section highlights generation technologies that are relevant to Nova Scotia.
The percentageof enery resourcesused to produce electricity in 2024 are shown in
Figure1[12].
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Figureli Energy sources used to produce electricity in Nova Scotia, [2QP4
A Wind power

Wind power has been a major contributor to Nova Scotia's growth in renewable electricity.

The province now has more than 300 commercial wind turbines that generate electricity,



making it one of the nation's leaders in wind energy. Nuttby Mountain and Digby Neck
wind farms are owned and operated by Nova Scotia Power. Renewable Energy Services
Ltd. operates three wind farms in Nova Scotia, including a 22 MW one at Point Tupper.
Oxford Frozen Foods operates a 102 MW wind farm in South Canoe, and the Municipality
of the District of Guysborough operates a 13.8 MW wind farm in Canso. In Nova Scotia,
many wind farms are owned by Independent Power Prodyifei’s) who sell their
electricty back to Nova Scotia Powgt3]. Locations of wind farms owned by IPPs and

communities in Nova Scotia are shown in Figure 2.

View locations: EINS Power and IPPs I COMFITs MR, 11003 5010

An Emera Company

Figure2i Wind farms locations in Nova Scofi&3]
A Bi omass

Biomass is another renewable energy source used in Nova Scotia. A 60 MW biomass
power plant located in Portawkesbury is owned by Nova Scotia Power, which supplies
approxi mately 3% of the provinceds el ectri
energy requirements while providing a reliable source of renewable energy that can support
intermittent wird generation. Additionally, it utilizes locally sourced fuel to help reduce

reliance on imported cofl4].
A Sol ar

As Nova Scotia has a good solar regime (many hours of sunlight), solar heat can be an
economical way to heat water. In contrast, the lolests for the sun for generating



electricity are when its power is least needed. It will be necessary to add more storage and
control systems to handle largeale intermittent energy sources, such as soldd5|VA

solar garden has been launched by Nova Scotia Power in Amherst, Nova Scotia.

Approximately 240 homes or 700 electric vehicles can be powered by the solar garden's
2700 MWh of electricity annuallfi6].

A Hydro

The development of hydrokinetic energy, particularly tidal power from the Bay of Fundy,
presents a significant opportunity for Nova Scotia as a clean and renewable energy source
[15]. Nova Scotia Power owns and operates 32 hydroelectric plants across 16 river systems
in the province, with a total generation capacity of 400 MW]. Locations of
hydroelectric plants in Nova Scotia are shown in Figure 3.
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Figure31 Hydroelectric plants locations in Nova Scdtid]
2.3Battery Energy Storage System Technologies

The definition of energy storage itself is a systhat stores a form of energy and releases
it over time. Energy storage systems can be categorized into four main groups, as stated in
Figure 4[18].

Among these groups, battery energy storage systems (Electrochemical) were found the
most advantageous by researchers because of the following reasons: fast response,

controllability, and geographical independence, various applications in energy



management, power quality, reliability enhancement, peak shaving, frequency regulation,

and ancillary servicedl].

The most used battery technologies among the electrochemical energy storage are lead
acid, lithiumion (Li-ion), and sodium sulfur (NaS) batteries. Lead acid batteries are the
oldest rechargeable battery in the industry, with a modest battery efficiel¢yd(I %)

and life cycle (5 15 years expected lifetime). Although they are-lmgt and available,

they also have disadvantages, such as low energy density and restricted cycling ability.
They are also not very environmentally friendly because they iootdgic materials

[4][18].
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Figure41 Different categories of energy storage systems

On the other hand, lithiunon batteries are the most commonly rechargeable battery used
in the industry. The main advantages oefoh batteries are high energy density, high

efficiency (8598 %) with an expected lifetime of 5 to 15 years, low-dedtharge rate,



highly portable, and fast response time. However, they have a high cost and limited

capacity, and the safety issue is that the battery cells can overheat and cp4{{i &re

Sodium sulfur batteries have a high power and energy density, high efficiency (89%), and
life cycle (57 15 years expected lifetime). Although to operate efficiently, NaS batteries
need an external source of heat, which is why they are classified ateimgérature

electrochemical batterig¢4][18].
2.4 Optimization Methods in Literature

Considering the intermittent nature of renewables, optimizing the hybrid grid is necessary to
use renewablesnergy efficiently. Finding the best methodology for minimizing or
maximizing an objective function in a problem is called optimization. Optimizations are
defined based on the type and number of objectives, variables, constraints, and structure of
the prollem. The methods that are used for optimization in literature are generally divided
into probabilistic methods, mathematite@ised methods, heuristic methods, and hybrid
methods [9].

Probabilistic methods are optimization techniques that use probability to explore the solution
space. These methods are generally suitable for larger search spaces but need many converge

iterations and can only be used in a system with only one or twooc@mis.

Mathematicabased methods use mathematical models to solve the optimization problem.
These methods are highly accurate for linear problems but do not fit withnean or

mixedinteger problems.

Heuristic methods are wedtructured for solving complex and niimear problems without

requiring extra information about gradients and differentiable components.

Hybrid methods, which are superior to other methods, combine two or more optimization
techniques to increase the strength of those algorithms and improve the accuracy and

convergence speed|[20].

Nematollahi et al. [2] explored the optimal placement and sizing of DERs in an active
distribution network consisting of PV/DG/BESS to minimize the cost while ensuring supply
demand balance. Probabilistic approaches like LDM and GPQR were applied to tackle the

uncertainties oPV generation and load forecasting. The advantage of this work was its



consideration of load uncertainty to improve reliability. However, the study did not utilize

hybrid heuristic algorithms to enhance optimization efficiency.

Ntube et al. [2] presented a stochastic mwdtjective optimization approach for optimizing
PV/BESS sizing in a residential setting to minimize costs while reducing grid dependency.
The optimization is solved using MILP with Monte Carlo simulations to handle uncessainti

But the study did not incorporate heuristic algorithms or explore HRES beyond PV.

Li et al. [23] optimized PV/Battery griconnected system to minimize leteym energy
costs. The optimization is formulated as a MINLP problem and solved using MILP with a
B&B algorithm. Additionally, a dynamic programming approach was proposed to reduce
computationalcomplexity. A key strength of this work is its lotgym perspective,
considering factors like inflation and energy cost trends. However, this study lacks additional
RESS and hybrid and heuristic optimization techniques.

Emad et al. [2] proposed a hybrid RESS with PV/WT/BESS for a remote microgrid to
minimize the cost while maintaining a low LPSP. The GWO is used for optimization. The
study did not explore the effects of battery degradation or uncertainties in renewable

generation.

In [25], Khare et al. optimized a hybrid sofélal energy system using HOMER for system
design and employing CPSO and Cuckoo Optimization techniques famgostization.

The research highlighted the potential of tidal energy as a complementary renewable source
and addressed intermittency issues of solar power. However, it did not explore hybrid

strategies or consider battery degradation in the optimizatidelmo

In [26], Shezan et al. examined optimizing and controlling an islanded PV/WT/BESS/DG
microgrid to minimize the NPC and Levelized Cost of Energy (LCOE) while maintaining
voltage and frequency stability. Various optimization methods are compared, including ILP,
P3O, GA, ACO, and GWO. A PID control system and FLC were also implemented in
MATLAB Simulink to improve voltage and frequency regulation. The advantages of this
study were its comprehensive analysis of optimization methods and control strategies.

Howe\er, it did not explore hybrid heuristic optimization techniques and battery degradation.
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Yuan et al. [Z] utilized FA to optimize a hybrid PV/WT/BESS system sizing while
considering battery degradation and uncertainties in power generation and demand. A
scenariebased stochastic optimization approach was used under variable conditions. The
paper highlightethow incorporating a battery degradation model improves accuracy without
significantly increasing costs. While this study effectively integrated uncertainty and
degradation modeling, it did not explore the benefits of hybrid metaheuristicizgiton

and other energy sources.

Abu et al. [8B] designed a PV/Hydrogen/Fuel cells/BESS/ supercapacitors system. PSO was
used to optimize proportioraitegral control parameters, reduce hydrogen consumption,
and improve fuel cell efficiency. On the other hand, this study did not investigate more RESS

and hybrid optimization techniques.

Jeon et al[29] proposed an integrated optimization framework for HESS, including battery
storage, electrolyzers, fuel cells, and hydrogen storage tanks. A combination of MILP and
NSGA-Il was used for cost and voltage stability optimization. The study demonstrated
significant cost savings and stability improvements. However, it did not explore different
RES and heuristic hybrid algorithms, which could further enhance computational efficiency

that is not covered by the mathematical parameters of MILP.

Guven et al. 30] optimized a standlone PV/WT/DG/BESS system using the Jaya
algorithm, HS, and ACO to minimize annual system costs while ensuring a reliable energy
supply. The study provided valuable insights into-hdsed energy management strategies

but did not conigler stochastic elements or battery degradation.

Fathy et al. 31] investigated the optimal sizing of a hybrid microgrid consisting of
PV/WT/DG/BESS using the SSO algorithm. The objective was to minimize costs while
maintaining a low LPSP. However, the study did not incorporate hybrid optimization

techniques or explidit model battery degradation.

Yu et al. B2] presented an optimization framework for a hybrid PV/DG/BESS using the
AMPAtomi ni mi z e C éndaneualizesl sost®amdoptimize LPSP. The study was
particularly valuable due to its muttbjective optimization approach and sensitivity
analysis. However, it did not explore hybrid algorithms and renewable configurations beyond
PV and DG.

11



Maleki et al. in B3] focused on the optimal sizing of a stealdne PV/WT/DG hybrid system
incorporating battery and fuel cell storage. The study HSedlgorithmto optimize the total

cost while ensuring energy availability. The research highlighted the advantages of fuel cell
storage as an alternative to battery banks, reducing maintenance costs and environmental
impact. The study did not consider the effects of battery degradation or hybrid optimization

techniques that could improve the efficiency of energy storage management.

Atawi et al. B4] optimized a PV/WT/BESS system using the MOAVOA to reduce costs and
enhance system reliability. The study evaluated different optimization techniques, such as
NSGA-II and MOPSO, and used TOPSIS for selecting optimal configurations. The study
provided compehensive multbbjective optimization and highlighted the benefits of
integrating wind and solar energy, but it did not explore hybrid optimization techniques or

explicitly model renewable resource intermittency.

Sanajaoba et al. irBp] explored the optimal sizing of an ajffid hybrid energy system
consisting of PV/WT/BESS using FA to minimize the cost while maintaining a low LOLP.
The study investigated different reliability scenarios and evaluated the feasibility of system
configuratons with different LOLP values. However, it did not integrate hybrid optimization

methods or consider additional renewable sources like tidal energy.

Zhang et al.36] investigated a hybrid PV/WT/BESS/Hydrogen system optimized by using

a modified SA algorithm to minimize the LCC while ensuring system reliability. The study
compared different energy storage configurations. The advantage of this study was the
inclusion d hydrogen storage as an alternative to traditional battery storage. However, it did
not explore hybrid optimization techniques or consider battery degradation, which could

impact longterm costeffectiveness.

Eriksson et al.37] introduced NWCM~Qalgorithm foroptimizingrenewable hybrid energy
systems, incorporating technical, economic, environmental, andgalitioal objectives.

The study explored different weighing strategies to balance conflicting objectives. However,
the study did not explore hybrid metaheurisjitimization techniques, which could further
enhance computational efficiency.

Comparative studgf literatureis included in Table I.
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Tablel - Comparative study of methods used in literature

. . Optimization A
Author Grid Settings Method(s) Objectives Summary Research gaps
- Battery degradation
Optimized sizing and  and SOC constraint
placement of DERs| were not addressed.
and introduced - Focused on a single
Nematollahi et PV/BEr%S/DG Probabilistic: Cgvit:r’ probabilistic models type of RES
al. [21] cor?nected LDM, GPQR Fosses to handle combination.
uncertainties in PV - Probabilistic
generation and load| approaches used cann
forecasting. be applied to muki
source systems.
- Focused solely on PV
Used a traditional systems.
Cost. total MILP approach, and| - Battery degradation
PV/Battery | Mathematical: X a detailed Monte was not addressed.
Ntube et al. : energy | lability f
[22] grid MILP and imported Car Qbased _ -Re |al_:)| ity factor was
connected Monte Carlo sensitivity analysis not investigated.
for better scenario - Methods used were
evaluation. not well suited for non
linear problems.
Modeled calendar
and cycle aging of | -\ ppyrig heuristic
the battery and optimization was used
PV/Battery | Mathematical: converted MINLP p_ Limited svstem ]
Li et al. [23] grid MINLP Cost | into MILP using the om oné’ms
connected B&B algorithm for comp :
: - Reliability factor was
improved : -
- not investigated.
computational
efficiency.
Implemented techro
economic
D. Emad et al.| PV/Wind/Batt o Cost, optimization, - Battery degradation
[24] ery Heuristic: LPSP addrgss_mg cost and was not _addres_se.d.
GWO reliability with - No hybrid heuristic
Standalone . LT
comprehensive optimization was used,
evaluation of LPSP
thresholds.
- Battery degradation
V. Khare et al. | PV/Tidal/batt Heuristic: Focused on Solar -WNishn%tr%dr?éisrﬁs?ii.
[25] ery CPSO and Cost Tidal integration to 10 Ny
S optimization was used,
Standalone COA minimize the costs. A
- Reliability factor was
not investigated.
An advanced control| ~N\° hybrid heuristic
optimization was used,
method, PID control L
- - Limited system
andfuzzylogic components
PV/Wind/Batt | ILP, PSO, controller with P -
Shezan et al. . - Battery degradation
[26] ery GA, ACO, Cost automated.tunlng, was not addressed
Standalone GWO was applied to '

manage voltage and
frequency
fluctuations.

- Lack of detailed
statistical and
performance analysis g
used algorithms.
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Incorporated battery
degradation and
stochastic modeling

- Only one algorithm
was used, without
extensive statistical

Yuan et al. PVN\Q pd/ Batt FA Cost to address analysis.
[27] Stand)f/alone uncertainties in - Limited system
renewable energy components.
generation and load| - Reliability factor was
demand. not investigated.
Used PI controllers
optimized using PSQ
for enhanced energy - Only one algorithm
PV/Hydrogen Reduce managementlso was used, without
IBESS/Superc hvdrooen Included extensive statistical
Abu et al.[28] apacitors PSO coynsu?npti supercapacitors and analysis.
grid- on hydrogen ESS to - Limited RESS in the
connected manage shotterm | grid and mostly focuse(
fluctuations and long on storage.
term energy
reliability.
- Hybrid method used ig
PV/Wind/Hyb Voltage Addressed the less suitable for
. . profile challenging problems - .
rid Battery Hybrid deviation for integrated nonlinear characteristic
Jeon et al.[29] Hydrogen MILP- Acti ' LS of RESS and storage
: ctive optimization of
grid- ) NSGAII power sizing, placement, - s§stems. i th
connecte loss, cost| and EMS of HESS | ~ Limite QEESS n the
A rule-based EMS - Only standalone
) was applied to algorithms were used
Giiven et al PV/I\BI; Itrt]gr/;)G/ HS, \_Jaya Cost balance_ power andthey r_equire_ longer
[30] ' Standalone algorithm, LPSI£> generation and computational time for
ACO consumption and convergence.
optimized HRES for| - Battery degradation
a university campus.|  was not addressed.
focusedon
optimizing multiple - Only standalone
microgrid topologies,| algorithms were used
Fathy etal. | PV/WT/DG/B SSO Cost, improving energy - Limited RESS in the
[31] ESS algorithm LPSP management grid
strategies, and - Battery degradation
performing extensivel  was not addressed.
sensitivity analyss.
Applied a multi - Only standalone
Costs, objective algorithms were used
Yuetal. B2] | PV/DG/BESS AMPA coO optimization - Limited RESS in the
' emissions,| approach and did a grid
LPSP comprehensive - Battery degradation
sensitivity analysis. was not addressed.
highlighted the
advantages of fuel
_ standalone Cost, cell storage as an - O_nly standalone
Maleki et al. PV/WT/DG/B HS energy alternative to battery| algorithms were used
[33] ESS/Euel cell availabilit banks, reducing - Battery degradation
y maintenance costs was not addressed.

and environmental
impact.
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Provided
comprehensive muki

MOAVOA, objective - Only standalone
Atawi et al. NSGA-II, Cost, optimization and algorithms were used
[34] PVIWT/BESS | \i0pso, | reliability |  highlighted the | - Limited RESS in the
TOPSIS benefits of grid
integrating wind and
solar energy.

Investigated different
Sanajaoba et | PV/WT/BESS FA Cost, feasibility of svstem algorithms were used
al. [35] standalone LOLP DIty OF Syste - Limited RESS in the

configurations with rid
different LOLP 9
values.
- Only standalone
Included hydrogen | algorithms were used
storage as an - Batterydegradation
Zha[régG]et al. PX_?AQ;Q BIZ?S SA rell_iglfil,it alternative to was not addressed.
yarog Y| traditional battery | - Limited RESS in the
storage. grid (lack of tidal
energy)
PV/WT/BESS _psp | Explored different alégﬂ'hyrﬁ;avrv‘gfgolj‘:e .
Frksonetal|IDelPuel | Nwovo | cosico | Eshng saleges ¢ (i RESS  he
emissions - grid (lack of tidal
ser objectives.
energy)

2.5Battery Degradation

BESS balance supply and demand by storing excess energy for later use, and it is necessary
to use them to optimize various aspects such as capacity, cost, and power quality of the
system. However, charging and discharging the batteries leads to degradaitbn;amh

cause an increase in battery cell resistance, capacity loss, and safety|B&tt€here are
common external stress factors that cause degradation:

A The depth of [8] scharge (DOD)

A The circulated currefdDthroughout the B
A The ambient templBrature of the cells

A The state o[#2 charge (SOC)

2.5.1 Terminologies of Degradation

Some terminologies should be defined when battery degradation is mentioned, which are

listed below.
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A'SOC is the energy that remains in the battery energy storage syste@saBnot
be measured directly but through voltage, current, and tempefadBjiréJsually,
SOC is shown as a percentage of the rated capadd¢. ®rmula is defined as

below:

YO O . (1)

However, the above formula cannot be

due to different factordsempehatasr ebatttle

manufacturing, unusual chemical phenome

SOC can be challenging. HoweVvE€r j sangeded

to prevent[4dhattery aging

A DODrepresents the percentage of di schar

regarding its relatibBos]@:p with SOC i

O00 pnmb YOO (2)
A The cycle |ife ohetmaxbmtmeamount of

that can happen before a batte®O dand | s.

cycl e i fe. For t he best performance

recommend a @4 mum of D

A A batteryods ,stoat eSCoH, henadlitchat es the hea

described as the ratio of the a[ft.ual

YO O : (3)

In the context of batteries, particularly those used in electric vehicles and electronic
devices, "capacity fade" and "power fade" refer to different types of performance

degradation over timgl7].

Capacity fade describes the gradual loss of a battery's storage capacity. As the battery ages,

it can hold less charge, resulting in reduced energy stored and a decrease in the usable range

per charge. The causes of capacity fade ind&{dé7][48]:

16



Cyclic aging Each chargelischarge cycle leads to smaheversible changes in

the batteryds materials, which reduce

Calendar aging The time that passes can lead to chemical changes in a battery
that reduce its capacity.

Electrolyte decomposition Over time, theelectrolyte may decompose, reducing

its effectiveness and causing capacity loss.

Solid Electrolyte Interphase (SEI) growth This layer forms on the anode during
charging. While it is necessary for battery operation, its continued growth can

consume lithium irreversibly.

Structural changes in the electrodegclude particle cracking or loss of electrical

contact within the electrode material.

Power fade refers to a decrease in the rate at which a battery can charge or discharge. A
battery that is experiencing power fade may still have a reasonable storage capacity, but its

peak power output will be reduced. Below are the causes of facep][ 48][49]:

1 Increased internal resistanceOver time, internal resistance can rise due to changes

in the electrodes and electrolyte, which reduces the battery's ability to deliver high

currents.

1 Electrode passivation:The buildup of film or other degradation products on the

electrode surfaces can interfere ion flow.

1 Loss of active material: Degradation or detachment of active material in the

electrodes can decrease the efficiency of the ion exchange required for power

delivery.

1 Contact loss:Deterioration of the physical contacts within the battery can increase

resistance and reduce power output.

17
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2.5.2 Degradation Approaches

There are strategies to monitor and mitigate battery degradation over time. Several methods

gathered from the literature are categorizeghasvn inFigure 5 pQ].

There are rukbased methods that can limit degradation of the battery; however,
Optimizationbased approaches can provide an extensive range of methods. The goal in an
optimizationbased approach is limiting degradation, either through a constragparate
objective function or, in some cases, both. Constraints can come in the form of equalities
or inequalities when considering the physical boundaries of the battery. Researchers often
focus on the degradation directly in an objective function, iedbea technical parameter

or an economic parameter, defined in a-t@sted objective functiod$|[50].

Maheshwari et al4p] considered battery degradation as a technical parameter to optimize
the capacity loss and linked it to the economic parameters using weighing factors. Zia et al.
[51] implemented battery degradation as an economical parameter and formulated the aging
cost of the battery based on the investment and operation and maintenance b@kt. In [
Wankmuller et al. formulated battery degradation in the objective function and in constraints.
Restriction bounds for SOC of the battery and agirsgj @ a penalty factor in the objective

function were defined.

For applications requiring high reliability and longevity (e.g., space applications, medical
devices), degradation as a technical parameter might be more appropriate, as the direct failure
costs can be very high. However, treating degradation as an ecosonaire reasonable for
consumetlevel applications or where cost efficiency is essential, which is the case in this

study.
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Figure51 Battery degradation approaches

2.6 Research gaps in literature

Many previous studies ignored or oversimplified battery degradation's impact on hybrid
RESSoptimization. The main reasons are stated below:

T Complexity in Modeling

Multiple internal and external factors influence battery degradation, including DOD, SOC,
temperature effects, and charge/discharge rates, and these factors cannot be modeled
directly[49].

1 Computational limitations

In traditional optimization methods, it is challenging to express battery degradation
because of its nelinear behavior. Also, degradation constraints can slow down the

computation and make convergence haf8er
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Different battery technologies

Battery degradation can be different in various battery technologies. For instanee, lead

acid batteries have wellocumented degradation models, andoln battery aging is more

complex and dependent on chemisgpecific parametef$][18].

Another research gap in previous studies is the lack of tidal energy integration in hybrid

RESS optimization models. While solar and wind resources have been widely studied, tidal

energy remains largely underexplored due to several fd&tfa5]:

1.

Tidal energy is only viable in coastal and higirrent regions, making it less

universally applicable than solar and wind.

Accurate tidal resource prediction requires consideration of tidal cycles, seasonal

variations, and water depth, which adds complexity to optimization models.

Compared to solar PV and wind turbines, tidal turbines are relatively new
technologies, with fewer commercially available models and limitedwedd

data for cost and performance analysis.

This studyaddresses these gaps by:

1.
2.
3.

Tidal energy is integrated into a hybrid RESS model.

Battery degradation modeling and constraint are included.

A hybrid FA-PSO optimization algorithm is developed that outperforms traditional
heuristic techniques regarding convergence speed, cost minimization, and solution

quality.

4. Comparative analysis of iion and Leaehcid battery technologies, providing a
realistic perspective on lorigrm energy storage costs and efficiency.
2.7 Summary

This chapter covers @omprehensive literature review on hybrid microgrid optimization

from different aspects such as optimization techniques, battery technologies and their

degradation, and other factors affecting the energy management system of the grids. The

chapter also d@usses the RESs available in Nova Scotia.
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Chapter 3 PROPOSEDM ODEL AND M ETHODOLOGY

3.1 Introduction

This chapter presents accurate mathematical modeling of the components used in the
hybrid microgrid (PV panels, wind turbines, tidal turbines, and BESS) for the proposed
methodology, alongside the meteorological data as the optimization inputs. The first
objective is to minimize the cost of the system, and the second is to keep the system as
reliable as possible by controlling the LPSP index. Constraints such as battery degradation
index and the number of components are also included for more accuratezatjim
problem

Various algorithms such as GA, ACO, PSO, FA, and hybridPS0 are employed to

solve the optimization problem, and the flowchart of these algorithms, alongside the

flowchart of the sizing strategy of the system, is also included.
3.2 Modeling of System Components

3.2.1 PV Model

A PV system depends on solar energy, and because of its feasible and environmentally
friendly nature is used in all sorts of microgrids. The variables that can affect the power
output of a PV system are solar irradiance and temperature. Figamd show thehourly

data of solar irradiance and the ambient temperature used in this work.

ThePV power output is statad Eq.(4) [24]:

o6 0 — - p Yo Y, 4)

where the rated power of PV (kW)ls ,"00 is the solar irradiation (W/m2) at ting®
— stands for the module efficiency¥ o is cell temperature (°C) at tin@"Y is the
reference temperature at standard temperature condition (25°C), iartle temperature

coefficient which varies typically from 0.004 to 0.006 for silicon cells.

Cell temperature also relies on solar irradiance, and ambient temperature. Besg8)pn
"Y 0 is the ambient temperature (°C) at ti@nd( 0 6 f&fers to the normal operating

cell temperature.

21



(%)

‘00.

Yo
Solar Irradiance

Y O

1200
1000

1758 £€58
1628 9628
£508 6508
608. zz8L
595/ G85.
T2EL 8veL
L10L TITL
£€89 189
6859 1£99
SvE9 3 0079
T0T9 = €919
1585 = 9265
€195 @ o 6895
69€S = = Z5vS
S2TS . x5 = S12S
188y £ S © 8.6Y
L9V B o 5] Tvly
geer = %5 o v0SY
6vTy 2 p = 192
506 = @ 2 0E0Y
199¢ ge) . €6/
LIvE 2 c 95G¢
€L1E > Q 6TEE
6262 mw o z80€
5892 _ e Sv8z
TVve © < 8092
1672 Qo T.€2
€561 =3 veTCT
60.T i 68T
ST 0991
1221 ezrT
116 98TT
el 6v6
68 a9
Sve Sl
T 8T
s 8 8 8 ©° !
@ e ¥ o 8 &8 883 we v g 8 v

(x/An) uoneipel Jejos (Oypanresadwa |

Time (hours)
22

Figure7 - Hourly data of ambient temperature



3.2.2Wind Turbine Model

Wind turbines use mechanical power by harnessing wind energy, to create a clean source of

electricity. The wind turbine power output can be founB8ar{6) [19][ 53]:

Tth WO0 W £iwo o
b o 0 h w Wo (6)
> U h W WO W

wherew 0 is the wind speed (m/s) at tindewy andw stand for cuin and cutout wind

speeds (m/s)) refers to the rated power (kW), atdis the rated wind speed (m/s).
With different heights34], wind speed also varies accordind=m(7):

- - (7)

wherew is the hub height wind speed (mi), is the reference wind speed close to the
ground,’O is the hub heightQ s the reference height in which s calculated, and

[ is the Hellman or power law coefficient. FiguBeshows thehourly data of wind speed

used in this work.

Wind Speed

[
o

Wind speed (m/s)
o BB N W M O O N 0O ©

Figure8i1 Hourly data of wind speed
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3.2.3Tidal Turbine Model

Tidal energy is one of the most important sources of renewable energy that has advantages
over other renewables like wind and solar. The reason is the high power density and more
predictability of tidal currentgll]. Figure9 shows thenourly data of water speed used in

this work. The tidal turbine power outp@f] is stated a&q.(8):

Tth WO W £1wo W
5 o 0 h w Wo w @)
O h W Wo

w
wherew 0 is the water speed (m/s) attimev andw stand for cuin and cutout water

speeds (m/s))  refers to the rated power (kW), aad is the rated water speed (m/s).

Water Speed

Water Speed (m/s)
= N N w
(&3] o (03] o

=
o

Figure91 Hourly data of water speed

3.2.4 Battery Energy Storage Model

BESShasemerged as a solution for balancing supply and demand by storing excess energy

for later use. Because of the battery's charging and discharging mode, the battery's power is
bidirectional. The BESS is modeled follows b5]:

24



6 6 0 6 0 &8 — _ b6 - b 9)

— 5 &6 0 o6 0 6 _o oF- | (10)

whereO 0 represents the energy of the battery at tinvehich is the forecasting energy
generationO 0 p istheenergy attimed p ,T is the battery selflischarge rate,

0 0 is the load demand (kW) at time — and — are the charging and
discharging efficiencys: is the inverter efficiency, ang as the duration of time.

The vari abl es a1 and &2 i ndicat e t hat
dischargedimultaneoushyaccordingo Eq(11) andeq(12).

pha ¢ 0 O'@H "QQE "Q

=000 mHGo o BB Q0L 0 (11)

_ 0 _ o0 p (12)

This study examines two types of batteries: lithim (li-ion) and leaehcid batteried_ead

acid batteries are the oldest rechargeable batteries in use today, with a modest efficiency
ranging from 70% to 90% and an expected lifespan of 5 to 15 years. While they are cost
effective, they come with some drawbacks, including low energy density and layiet)
capacity. In contrast, lithiusion batteries are the most used rechargeable batteries in various
industries. They offer several advantages, including high energy density, superior efficiency
(85% to 98%), a long lifespan of 5 to 15 years, a loif+discharge rate, portability, and
quick response time. However, one significant downside is their high4ids][ Figure 10

shows thénourly data of load demand used in this work.
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Figurel07 Hourly data 6load demand

3.3 Objective Functions

3.3.1 Economical Objective

The main objective in optimizing the proposed grid is to minimize the cost of the system,
which is represented by NP86]. NPC is stated ikq(13):

0 0 0 0 , (13)
whereb ,0 ,0 ,and0 are number of the components (sizing capacity), i.e. PV,
WT, TT and BESS., and are considered the optimization variables.

0 ,06 ,0 ,06 ,and0 are the annual cost of PV, WT, TT, BESS and the inverter.
The annual cost of each component is made of capital/investment cost, replacement cost, and
operation and maintenance cost, as statéd)(14) to Eq(18):

0 0 0 0 , (14)

o] 0 0 o} , (15)
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0 0 0 0 : (16)
0 0 0 0 , 17)
0 0 0 0 . (18)
3.3.2 Loss of Load Probability

The probability of experiencing a power outagenterruption in the energy supply within a
microgrid is represented by LPSP, commonly referred to as the reliability factor. A high rate
of power supply loss indicates a greater likelihood of power outages, which may lead to an
increased dependence on hatlor alternative energy sources. For optimization purposes,
thresholds of 0%, 2%, and 5% are manually defined. The LPSP is calculated as the
probability of unmet load relative to the total load demaW]. [The unmet load can be
determined by assessingetipower deficiency between energy sources and the load, as
outlined inEq.(19).

R . (19)

3.4 Constraints
3.4.1 Decision Variables

Optimizing the number of components in tmid from Eq.(20) to Eq.(23)s essential, as

these decision variables play a crucial role in determining sizing ca&glity [

6 60, (20)
5 5 0 , (1)
5 65 (22)
5 5 6 . (23)
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3.4.2 Battery Constraint

There are common external stress factors that cause degradation, sO¢h 886 is the
energy that remains in the battery energy storage systems. Norn@@yisShown as a
percentage of the rated capacity. SoC formula is defined as &pw [

YO® YOD p : (24)

where"Y0 @ is SOC of the battery at time"YO ®@ p isthe SOC attimed p , and

0 wn is the capacity of the battery.

Minimizing battery degradation can be achieved by controlling the boundaries of SOC. This
constraint can be expresseceag25) [39]:

YOO YO@® YOO . (25)

An empirical model for assessing battery degradation can be created using data provided by
the manufacturer. However, it's important to stick to the specified operational limi&.in (2

If these limits arexceeded, a penalty will be applied to the Nfe€ording td=q.(26) [60].

600 B 0 YO ® YO O 0 YO® YOO . (26)
3.5 Optimization Techniques

3.5.1 Genetic Algorithm (GA)

GA is an optimization method, invented by John Henry, which works based on genetics
including natural selection, crossover (recombination) and mutation (genes change). For
the optimization problem, a group of potential solutions (individuals) are selectkd as
number of populations. Potential random solutions are encoded as chromosomes, which

have a set of genes. Those represent the decision variables of the[6¢ktem

As it is seen in the flowchart in Figure 18P2][ 63], algorithm starts by generating an initial
population of solutions which are the decision variables. Equation of the initial population
is shown InEqQ(27).
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where’Q is the variable 0Q chromosome (population).
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Figurelli Flowchart ofGA

Afterwards, each solution is evaluated using the fitness function or the objeciitien.
Genetic operators (parentaje selected randomly from a populatiand create new
childrenbased orEq(28) andeq.(29), which are selected for the next generabased on

0 which is a controlling parametém Eq(30), replacing the old population (or using a
combination of new and old population).
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ROl Qo £®RI 000 (30)

Then a random gene (variable) of the child gets selected and mutated to enhance the search
space and explore new arghased o) which is the controlling parameter Eq(31).
After a certain number of generations or if there is a convergence in the solution, the
algorithm stops.
XNG"@
W ® 1 0EQw NIQOE Q0
7 5 ) \ AT N (31)
XNA'Q@ €I 0VQ Q

3.5.2 Ant Colony Optimization (ACO)

ACO mimics the behavior of ants to find the shortest path to food sources. When an ant
finds a food source, it leaves pheromones on the trail ground on the return path. The path
with the most pheromones means the best and shortest path, so other anthifopaiht

[63].

Initially a population of ants is generated, and each ant is assigned to a position within the
range of variablebased orEq(32).
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Afterwards, each ant builds a solution by moving within the search space. After completing
the solutions, the pheromone levels of all paths get updated. To allow exploration of new

paths, pheromones get evaporated. Then, ants follow the next path basedewe! of
influence from pheromongé4].

To check if the new position is within the search space oEgd(83) is used:
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Finally, whenthe best solution is found, the algorithm stopke flowchart of ACO
algorithm is shown in Figure 12.
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Figurel2i Flowchart ofACO algorithm
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3.5.3 Particle Swarm Optimization (PSO)

PSOwas introduced during the 1990s. This algorithm draws inspiration from the behaviors

that exist in nature, such as the coordinated movements of bird flocks. PSO is a heuristic

approach that includes a group of potential solutions called particles. Ediche pa

represented by a vector array reflecting the variables of the objective function. As these

particles navigate the search space, they share information witiméfghboringparticles

and use their past experiences to enhance their exploratibexafoitation of available

solutiong[56].
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Figure13i Flowchart ofPSO algorithm
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In flowchart Figure 13, initially, a random swarm of particles with random positions and
velocity are chosen. Then the fithess of each particle gets evaluated using the objective
function. After keeping track of the personal best positipid Q i (\@sited before), and the
global best position™Q6 Q] i the entire search space for each particle, velocity and
position of the particles will get updated accordinde¢n34) andEq(35). When the best
solution is found, the algorithm stops.

WO p 1TwO QO R6QIBO ®O i "QEQioo ® o h (34)
OO0 p WO WO p, (35)

where position and velocity of the particle areandw, andoando p are the current and

next iteration §3].

3.5.4 Firefly Algorithm (FA)

In 2008 FA was developed, inspired by the behavior of fireflies. Fireflies communicate
through their shining flashes, and a firefly with greater brightness can draw in other fireflies.

This brightness reflects how well a solution performs according to a fithes® 6.

The attraction between fireflies is influenced by their distance from the brighter fireflies; the
closer they are, the stronger the pull they.fBaked on the flowcham Figure 14 at first

an initial population of fireflies getgenerated. Then the fithess of the fireflies using objective
function get evaluated. The position of the fireflies based on the light intensity gets updated.
When the best solution is found or after a certain number of iterations, the algorithm stops
[65].

AN D 0 0 o, (36)

i is the distance between two fireflies and it is expresséft)ii36); where (s the first

firefly with & @ho position, andQs the second firefly witldd who  position.

The less bright firefly ‘Q moves toward the brighter on&), and we calculate its new

position and movement based©q(37):
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@ & 6Q w ® &, (37)

where 6 is attractiveness at T [ is the light absorption coefficientp is the

randomization parameter, dndrefers to random variables as a vector.
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3.5.5Hybrid FA -PSO

FA tends to have a better trait in broad exploration and avoids premature convergence. On
the other hand, PSO has more straightforward implementations because of fewer
optimization parameters, and they converge fast. Therefore, the FA algorithm isfireh us
explore the search space in the hybrid method. Then, the best solutions from FA are used as
the initial population in the PSO so that the PSO can refine them using its vdlbeety
updates. Flowchart of hybrid FRSO is shown in Figurk5 [66].
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3.5.6 Algorithms Comparison

A comparative overview of FA, PSO, GA, ACO, and-PS8O is included in Table 2.

Table217 Comparison of different algorithms implemented

Algorithm | Advantages Disadvantages
A Robust global 9A Slower overall
GA crossover/mutatian to premature convergence.
A Handl es di scr et ASensitive to crossover/mutation rate
A Excellent for o
) : A Sl ow convergenad
A Quickly reinfor o
A Sensitive to ph
ACO found o
and heuristiaveights.
A Uses past succe .
A Computationall y
future searches
A Very simple to|A Prone to premat
PSO A Few control parA Can get trappegqd
A Fast convergendA Limited diversi
A St r o mxplorgibno b a |
plord _|A Sl ow convergeng
FA A Good at escapir .
. A Multiple par ame
attractiveness
A Bal ances FAO6s ¢
fast exploitation A | n salgerithreiecomplexity.
FA-PSO | A | mepsplationguality and A More paramet er g
convergence A Higher computat
A More robust acr

3.7 Energy Management Strategy

The process illustrated in the flowchart (Figa® outlines the energy management and
sizing strategy. When power generatedRiySSsurpasses the load demand, the excess

energy is directed to charge the battery. The battery will continue charging until it reaches its

maximum capacity Y0 o

However, if there's an excess that cannot be stored, it will be released or discarded. On the
other hand, if the power generated is inadequate to meet the load demand, the battery will

provide the necessary supplemental energy until it reaches its mingharge level

YO O
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Figurel6 - Flowchart of energy management system

3.8 Statistical Analysis
In order toanalyze the performance of the optimization, three statistical parameters are
defined[63]:

A Mean absolute error:

MAE is the calculation of average absolute difference between the predicted (minimum) and
actual valuesand it is calculated d59.(38).

boo > — (38)

A Root mean square error:

RMSE calculates the root of the average difference between the predicted (minimum) and

actual valuesand it is calculated &q(39).
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YO yo 2 (39)

A Relative error:

RE is calculated as the ratio of the absolute error to the predicted (minimum)avalueis
calculated a&q(40).

Yo 2— (40)
where in all three errorsy is the actual values of the optimization solutiahs, is the
minimum value of the optimization result (best NPC), ani the number of iterations,

which in this study is defined as 100.
3.9 Summary

This chapter presents detailed mathematical modeling of the system, objectives,
constraints, and the proposed techniques used for the optimization. Additionally, the
statistical analysis methods used to evaluate the optimization performance are explained

mathematically.
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Chapter 4 MODEL LAYOUT, RESULTS AND DISCUSSION

4.1 Introduction

A computer with a 12th Gen Intel® Cdrei7-12700K CPU at 3.6 GHz and 32.0 GB of

RAM, running PyCharm 2024.2.3, was used to obtain the optimization results.
For this study, four common heuristic algorithms fideratureareapplied to the system:

A Firefly Algorithm (FA)

A Particle Swarm Optimization (PSO)
A Ant Colony Optimization (ACO)

A Genetic Algorithm (GA)

The top two algorithmsare selected tagenerate théaybrid algorithm based othe best

objective function performance and analytical data error comparison.

After conducting a series of trials, the optimal configuration was determined for each
algorithm to achieve the best results: the number of populations is selected as 30, and the

number of generations is chosen as 100.
4.2 Case Study

The designed microgrid is an gjfid system in a coastal community in Halifax, Nova Scotia,
Canada (44°39'N, 63°35'\and the location is shown in Figure 1This grid is tailored to
meet a base load of 165.24 kWh/day, with a maximum power capacity of 24.5/hkW.
essential meteorological data related to siotadiance, ambiertemperaturewind speed

water speed, and hourly annual load densedollected from §7] and [8].

Figurel7i Location of the case study
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4.2.1 System Modeling

The hybrid RESS shown in Figure 18 represents a standalone grid designed to supply
electricity through a combination of solar panels, wind turbines, tidal turbines, and BESS.
The system configuration ensures energy reliability and cost efficiency by optimizing the
interchange between AC and DC power components with a converter thaskihégwo

domains.

Wind turbines convert kinetic energy from wind into electrical energy, producing alternating
current (AC). The energy captured from the wind is delivered directly to the AC bus to supply

the electrical load whenever possible.

Like wind turbines, tidal turbines produce AC power, with their performance influenced by

water density, tidal current velocity, and turbine design.

On the DC side, solar panels generate electricity by converting sunlight into direct current
(DC) power through photovoltaic cells. The saj@nerated DC power is transmitted to the
AC side when required through the converter, which ensures compabbiitgen the DC

and AC domains.

The converter plays a critical role in the system by facilitating bidirectional energy flow. It
converts AC power from wind and tidal turbines to DC for battery charging when generation
exceedslemand andonverts DC power from the battery or solar panels to AC to supply the
load when demand surpasses the instantaneous generaticREREEfficient converter
operation is essential to minimize energy losses during these conversions and to maintain

grid stability.

The BESS is essential for the system's reliability. It stores surplus energy during periods of
high renewable generation and discharges it during periods of low generation or high load
demand.
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Figure18- Standalone PV/WT/Tidal/BESS configuration

4.2.2 Initial Values of System Components
In the optimization process, the optimal number of solar panels, wind turbines, tidal
turbines, and batteries should be optimized to minimize costs while ensuring system
reliability. However, since heuristic algorithms require an initial population otisok)
initial values for these components must be defined. For selecting initial valuesorkal
case studies for similar grids, resource availability, demand, and practical constraints
should be considered.
For PV panels, these considerations are listed as fo]@Ais
T Average daily solar irradiance in Halif.
T Required energy contribution from sol ar

9 Panel efficiency and capacity per unit.

For wind turbines, these considerations are listed as fo[lt®}H5]:
T Average winidnspealldaaitonheite.
T Power output per turbine.

T Space constraints and capital cost.

For tidal turbines, these considerations are listed as fo[tbiys
M9 The tidal current velocity in Nova Scot

T High predictability of tidal energy.
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1 Cost and maintenance concerns.

For BESS, these considerations are listed as fol|6%}s
T Battery -dagipeéd-i obhg¢laidnd degradati on charac
T Expected daily energy storage requireme

T SOCGonstraints.

Setting initial values should start with reasonable-raitge values; then, gradually, values
should get adjusted through trial and error to see how they affect convergence speed and
solution stability The initial values were selected as 75 PV panels, 5 wind turbines, 2 tidal
turbines, and 20 batteries.

4.3 System Components Specification

Tables2, 3 and4 show the wind and tidal turbines specifications, PV panels and converter

and the battery energy storagpecificationsrespectively.

All the tablesprovide economic parameters such as capital costs, replacement costs, and
operation and maintenance costs. These costs significantly impact the optimization of NPC.
Also, long-term investment planning is affected by the lifetime of eachponento ensure
affordability. All information is extracted from HOMER Pro's btiitt database.

Table3 1 Wind turbine and tidal turbine specifications

Wind Turbine values Tidal Turbine values
Parameters Parameters
Rated power 10 KW Rated power 20 KW
Cut in speed 4mfs Cut in speed 1m/s
Cut out speed 25 m/s Cut out speed 5m/s
Rated Speed 12 m/s Rated Speed 3ml/s
Capital and $50.000 Capital and $125.000
replacement costs replacement costs
O_peratlon and $500 O_peratmn and $700
maintenance costs maintenance costs
Lifetime 20 years Lifetime 20 years
Hub height 24 m Size 2.3m x 3m
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The information in Table 2 includes wind and tidal turbine specifications, which are

essential for modeling in the optimization process.

The rated power indicates the maximum output capacity of each turbine, which is critical
for estimating the total energy generation. Theicigpeed represents the minimum wind

or tidal speed required for the turbines to start generating power, whiteitthet speed
defines the maximum speed at which the turbines shut down to prevent damage. The rated
speed is the speed at which the turbines produce their maximum power output. These
parameters determine how much energy each turbine can conf@®ute

The hub height for wind turbines and the size of tidal turbines are also significant as they

influence the aerodynamic and hydrodynamic efficiency of energy conversion.

Figures 19 and 20that are extracted from HOMER databés@resenthe wind turbine
and tidalpower curve showingcut-in speed cutoutspeecdand rated speed.

Wind Turbine Power Curve
12

Power Qutput (kW)

0 3 10 15 20 29 30
Wind Speed (m/s)

Figure1971 Wind turbine power curve
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Hydrokinetic Turbine Power Curve

Power Output (kW)

25

3.0 4
Water Speed (m/s)

Figure207 Tidal turbinepower curve

Table4 - PV panels and converter specifications

PV panels Converter
Values Values
Parameters Parameters
Rated Capacity 4.4 KW Relative Capacity 100%
Tempgrature -0.41 Inverter Efficiency 95%
Coefficient
Operating o o i 0
Temperature 45 °C Rectifier Efficiency 95%
Efficiency 17.3% Capital costs $300
Capital and
replacement costs $3,000 Replacement costs $300
Qperatlon and $10 O_peratlon and $1000
maintenance costs maintenance costs
Lifetime 25 years
Lifetime 15 years
Panel type Flat
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Table 3presents specifications for PV panels and the converter. The parameters of a PV
panel, including rated capacity, efficiency, and operating temperature, determine its power
output. The temperature coefficient indicates how the panel's performance is affected by

temperature changes. The lifetime of 25 years ensures that the PV panels provide long

term benefits, making them a caftective energy source.

The converter parameters, including inverter and rectifier efficiency, determine how
effectively energy is converted between DC (generated by solar panels) and AC (used by
the load).

Table5 - Battery energy storage specifications

BESS | Parameters Values BESS Il Parameters Values
Type Li-ion Type Lead Acid
Nominal voltage 720V Nominal voltage 8V
Nominal capacity 55.8 kWh Nominal capacity 21.2 kWh
Maximum capacity 77.6 Ah Maximum capacity 2650 Ah
Minimum SOC 5% Minimum SOC 40%
degracatonimt | 3% | degracaton mit | 0%
Capital costs $60,000 Capital costs $2806
Replacement costs $36,000 Replacement costs $2806
Operation and $6000 Operation and $10

maintenance costs maintenance costs

Table 4 compares twtypes of BESS: Lithiurion (Li-ion) and Leaehcid, each with
distinct technical and economic characteristics. The nominal voltage and nominal capacity
define the energy storage capabilities of each system. The maximum capacity further
indicates their charggstorage potential. The SOC is 5% fotidm and 40% for Leadcid,
meaning Liion batteries can be discharged deeper before affecting their lifespan, making

them more flexible in energy storage applications.
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The replacement degr adat i o roflife thrashold, afterpr e s e |
which it needs replacement. This factor is crucial in {tergh cost optimization, as

frequent replacements increase total system costs.
4.4 Heuristic Techniques Optimization Results

Fourdifferentheuristic algorithms, GA, ACO, FA, and PSO are emplogadh working
with different computational strategies to minimize the NPC wmi&éntainingsystem
reliability based on LPSP. The results are presented in three main aspects: optimization

results, statistical analysis, and convergence curves.

4.4.1Genetic Algorithm Results

GA starts by generating an initial population of system configurations, each represented by
a set of decision variables such as the number of PV panels, wind turbines, tidal turbines,
and battery units. These configurations undergo evaluation based fitne¢ks function,

which minimizes NPC while satisfying LPSP constraints. The algorithm iteratively selects
the besiperforming solutions and applies crossover and mutation operations to generate
new configurations, ensuring diversity in the population evhéfining solutions toward
optimality. Settings for GA are stated as below:

Population size =B

Number of generations = 100

Crossover probability = 0.8

Mutation probability = 0.1

4.4.1.1Results with Lead Acid Battery

According to the results table 5 GA achieved an NPC &587,114at 0% LPSP, using
50 PV panels, 1 wind turbine, 1 tidal turbine, and 2-@eid batteries. As LPSP increased
to 5%, the NPC slightly decreased$684,614 indicating that allowing a slight power

supply loss results in cost savings.

The statistical resuli® table 6show that GA has an MAE of 5816.14 at 0% LPSP, which
increases significantly to 12,554.88 at 2% LPSP and 12,748.48 at 5% AB&FGA has

an RMSE of 48,245.98 at 0% LPSP, increasing to 65,919.35 at 2% LPSP, and 61,624.11
at 5% LPSP. Moreover, GA has an RE of 0.99 at 0% LPSP, increasing to 2.14 at 2% LPSP
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and 2.18 at 5% LPSP. These results suggest that GA performs well at strict reliability

constraints (0% LPSP) but loses accuracy when more flexibility is allowed.

The convergence curve for GA Figure 21shows rapid improvement in the first few
iterations, stabilizing around the best solution, confirming that the algorithm effectively

finds an optimal configuration without excessive computation.

Table61 Optimization results for GA Lead Acid battery

Algorithm | LPSP | Best NPC ($) No. PV | No. WT | No.TT | No.BESS

0% $587,114 50 1 1 2
GA 2% $586,114 50 1 1 2
5% $584,614 50 1 1 2

Table71 Statistical analysis results for GAlead acid battery

Algorithm LPSP MAE RMSE RE
0% 5816.14 48245.98 0.99
GA 2% 12554.88 65919.35 2.14
5% 12748.48 61624.11 2.18

4.4.1.2Results withLi-ion Battery

The resultdn table 7show thatGA achieved an NPC ¢§779,683at 0% LPSP, with a
configuration of 50 PV panels, 1 wind turbine, 1 tidal turbine, andi@riLbatteries. When
LPSP was increased to 5%, the NPC slightly decreasetViy183 indicating that a slight
relaxation of reliability constraints allows for cost savings without changing the system

configuration.

The statistical analysis for G/ table 8ndicates an MAE of 8,159.99 at 0% LPSP,
increasing to 38,712.62 at 2% LPSP and 20,218.95 at 5% LPSP. Also, GA has an RMSE
of 57,699.91 at 0% LPSP, increasing to 223157.99 at 2% LPSP and 118079.47 at 5% LPSP.
Moreover, GA has an RE of 0.01 at 0% LPSP,easmng to 0.04 at 2% LPSP and 0.02 at

5% LPSP.
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These results suggest that GA is relatively stable, but it becomes slightly less accurate at
higher LPSP thresholds.

The convergence curve for GA Figure 21confirms that it stabilizes quickly within the

first few iterations, reflecting a consistent optimization process with minor fluctuations.

Table8 - Optimization results for GA Li-ion battery

Algorithm | LPSP | Best NPC ($) No.PV | No.WT  No.TT | No.BESS

0% $779,683 50 1 1 2
GA 2% $778,683 50 1 1 2
5% $777,183 50 1 1 2

Table9 - Statistical analysis results for GALi-ion battery

Algorithm LPSP MAE RMSE RE
0% 8159.99 57699.91 0.01

GA 2% 38712.62 223157.99 0.04
5% 20218.95 118079.47 0.02

Convergence Curves for GA
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Figure21- Convergence curves for GA
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4.42 ACO Results

ACO is known for requiring a larger search space exploration before converging to an
optimal solution, which can sometimes lead to slow perform&ineesettings oACO are
stated as:

Number of Ants= 30

Number of Iterations 100

Evaporation Rate 0.5

Alpha(Influence of Pheromone) 1.0

Beta (Influence of Heuristic Informatior)2.0

Initial Pheromone= 1.0
4.4.2.1Results with Lead Acid Battery

The resultsn table 9indicate that ACO performed worse than GA at 0% LPSP, with an
NPC of$823,411 requiring 86 PV panels and 15 batteries, suggesting inefficiencies in
cost distribution. At 5% LPSP, ACO significantly improved with an NP@5&7,137

According to table 100CO has high MAE values, with 82,627.90 at 0% LPSP, increasing

to 109,770.43 at 2% LPSP, and reaching 143,289.77 at 5% LAX3P.also has high
RMSE values, with 181,026.89 at 0% LPSP, 239,339.82 at 2% LPSP, and 291,022.64 at
5% LPSP. Moreover, ACO has extremely high RE values, reaching 10.03 at 0% LPSP,
18.14 at 2% LPSP, and 25.26 at 5% LPSP. These results indicate that Agglestta

find optimal solutions, resulting in estimates that vary significantly from the best NPC.

In comparison to GA, ACO's convergence cugrire Figure 22show more fluctuations.
Based on this, it can be concluded that ACO had difficulty solving the optimization

problem, resulting in higher costs and less efficient system design.

Table10- Optimization results foACO T Lead acid battery

Algorithm | LPSP | Best NPC ($) No. PV | No. WT | No.TT | No.BESS

0% $823,411 86 1 1 15
ACO 2% $605,085 62 1 1 2
5% $567,137 55 1 1 3
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Tablell - Statistical analysis results f&CCO i Lead acid battery

Algorithm LPSP MAE RMSE RE
0% 82627.90 181026.89 10.03
ACO 2% 109770.43 239339.82 18.14
5% 143289.77 291022.64 25.26

4.4.2.2Results with Liion Battery

According to table 11ACO produced a higher NPC than GA, reactig003,18(t 0%

LPSP, with a system configuration of 96 PV panels and-idriLbatteries, significantly
increasing system cost. As LPSP increased to 5%, the NPC droppe2it@20 but the
system still required 50 PV panels, 1 wind turbine, 1 tidal turbine, and 2 batteries, showing
inefficient resource allocation. The statistical analysisble 12ndicates extremely high

MAE and RMSE values, with MAE at 474,580.11 at 0% LPSP and RM3&7a863.72,
confirming that ACO produces large deviations from the best possible solution. The
relative error is also high (0.47 at 0% LPSP, 0.32 at 2% LPSP, and 0.42 at 5% LPSP),
meaning ACO is not a reliable algorithm in terms of cost minimization.coheergence

curve for ACOin Figure 22shows a slow and unstable decline in NPC values, indicating
its inefficient search performance.

Tablel12 - Optimization results foACO T Li-ion battery

Algorithm | LPSP  Best NPC ($) No. PV No.WT  No.TT No.BESS

0% $1,003,180 96 1 1 2
ACO 2% $845,750 53 1 1 3
5% $724,220 50 1 1 2

Table13- Statistical analysis results f&ICO T Li-ion battery

Algorithm LPSP MAE RMSE RE
0% 474580.11 797863.72 0.47

ACO 2% 272707.65 611172.53 0.32
5% 308281.34 619301.38 0.42
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Convergence Curves for ACO
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Figure22 - Convergence curves for ACO

4.4.3FA results
Unlike GA, which relies on genetic variation, FA is gradifee, making it wehlsuited for
highly nortlinear optimization problems. The settings for FA are included below:
Number of fireflies = 30
Number of generations = 100
Alpha (Randomness parameter) = 0.5
Beta (Attraction coefficient base value) = 0.2

Gamma (Light absorption coefficient) = 1.0
4.4.31 Results with Lead Acid Battery

According to table 13 A outperformed both ACO and GA, achieving an NP&5¥7,643
at 0% LPSP, with 50 PV panels, 1 wind turbine, 1 tidal turbine, and 2 batteries. As LPSP
increased to 5%, FA slightly improved the NPCP&85,134while maintaining the same

system configuration, indicating its robustness in handling system constraints.

In table 14, it can be seen tiat has an MAE of 108,050.93 at 0% LPSP, which improves
to 66,785.80 at 2% LPSP and 85,348.37 at 5% LPSP. Also, FA has an RMSE of
206,971.02 at 0% LPSP, improving to 153,036.90 at 2% LPSP and further to 161,041.99
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at 5% LPSP. FA has an RE of 20.09 at 0% LPSP, improving to 12.44 at 2% LPSP, and
15.94 at 5% LPSP. These results confirm that FA is more reliable than ACO but still has a
significant deviation from optimal solutionsA's performance is better than ACO's but

deviates from optimal solutions, mainly when strict reliability constraints exist.

The FA convergence curue Figure 23shows that the algorithm initially explores widely,

but it quickly stabilizes. FA reaches a better solution faster than ACO but slower than GA.
The i mproved results suggest t hat FAGs e»
convergence, making it morefettive in balancing cost and system reliability.

Table14 - Optimization results for FA Lead acid battery

Algorithm | LPSP  Best NPC ($) No. PV | No.WT  No.TT | No.BESS

0% $537,643 50 1 1 2
FA 2% $536,643 50 1 1 2
5% $535,134 50 1 1 2

Table15 - Statistical analysis results fBA T Lead acid battery

Algorithm LPSP MAE RMSE RE
0% 108050.93 206971.02 20.09
FA 2% 66785.80 153036.90 12.44
5% 85348.37 161041.99 15.94

4.4.3.2Results with Liion Battery

According to table 15;A outperformed both GA and ACO, achieving an NP&#H0,234

at 0% LPSP and reducing it slightly $327,734at 5% LPSP. The system configuration
remained consistent with 50 PV panels, 1 wind turbine, 1 tidal turbine, ando2 Li
batteries across all LPSP levels. The statistical analysable 16indicates an MAE of
104,857.02 at 0% LPSP and RMSE of 388,417.18, which is better than ACO but worse
than GA and PSO. The relative error (RE) of 0.14 at 0% LPSP suggests moderate accuracy.
The convergence curvie Figure 23for FA indicates an initial broad search phase
followed by a rapid stabilization around the optimal solution, showing aba&hced

explorationexploitation process.
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Table16 - Optimization results for FA Li-ion battery

Algorithm | LPSP | Best NPC ($) No.PV | No. WT No.TT | No.BESS
0% $730,234 50 1 1 2
FA 2% $729,234 50 1 1 2
5% $727,734 50 1 1 2

Tablel7 - Statistical analysis results for HALi-ion battery

Algorithm LPSP MAE RMSE RE
0% 104857.02 388417.18 0.14
FA 2% 148890.99 528102.88 0.17
5% 107258.72 406226.87 0.14
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Figure23 - Convergence curves for FA

4.4.4PSO0O results

The settings for PSO are stated as below:

Population size =

30

Number ofgenerations 100

Initial inertia weight= 0.7
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Cognitive component 1.5
Social component 1.5

Maximum velocity= 0.3
4.4.4.1Results with Lead Acid Battery

According to table 17, PSO provided the best results among all algorithms, achieving the
lowest NPC o%$520,13%t 0% LPSP, with a configuration of 48 PV panels, 1 wind turbine,

1 tidal turbine, and 11 batteries. At 5% LPSP, PSO further reduced NBL346528
requiring 44 PV panels and 8 batteries, demonstrating superiegftediveness.

In table 18 PSO achieves the lowest MAE values among all algorithms, with 67,971.39 at
0% LPSP, dropping to 10,162.95 at 2% LPSP and increasing slightly to 126,128.95 at 5%
LPSP. Also, PSO shows the best RMSE performance, with 102,102.10 at 0% LPSP,
significantly redeing to 69,833.38 at 2% LPSP and slightly increasing to 187,878.28 at
5% LPSP. Moreover, PSO achieves the lowest RE values, with 0.13 at 0% LPSP, 0.02 at
2% LPSP, and 0.26 at 5% LPSP. These results suggest that PSO finds highly accurate

solutions across different reliability levels.

The convergence curve for PSOFigure 24shows rapid improvement in the first few
iterations and then stabilizes earlier than the other algorithms. This efficiency confirms

PSO6s strong p ebjdctive opienizati@n probbemsnu | t |
Table18 - Optimization resultfor PSOi Lead acid battery

Algorithm | LPSP Best NPC ($) No. PV | No.WT | No.TT | No.BESS

0% $520,139 48 1 1 11
PSO 2% $487,353 45 1 1 7
5% $484,528 44 1 1 8

Table19 - Statistical Analysis resulter PSOi Lead acid battery

Algorithm LPSP MAE RMSE RE
0% 67971.39 102102.10 0.13

PSO 2% 10162.95 69833.38 0.02
5% 126128.95 187878.28 0.26
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4.4.4.2Results with Liion Battery

According to table 19, PSO achieved the lowest NPE76#,596at 0% LPSP, reducing
further to$687,632at 5% LPSP. Unlike the other algorithms, PSO optimized the system
configuration by reducing PV panels to 21 at 0% LPSP and just 10 at 5% LPSP, while
maintaining 1 wind turbine, 1 tidal turbine, and 2i&n batteries. This suggests that PSO

minimizes cos by finding a more efficient balance between components.

The statistical analysis in Table 20 confirms PSO's superiority, with the lowest MAE values
(2,641.0 at 0% LPSP and 10,495.10 at 5% LPSP) and lowest RMSE values (18,674.69 at
0% LPSP and 60,962.51 at 5% LPSP). The relative error (RE) is nearly zerogDd803

LPSP, 0.035 at 2% LPSP, and 0.01 at 5% LPSP), proving its high reliability.

The convergence curve for PSO in Figure 24, confirms its fastest convergence speed,
stabilizing early and maintaining the lowest NPC throughout.

Table20 - Optimization resultéor PSOi Li-ion battery

Algorithm | LPSP | Best NPC ($) No.PV | No. WT No.TT | No.BESS

0% $704,596 21 1 1 4
PSO 2% $691,021 14 1 1 2
5% $687,632 10 1 1 2

Table21 - Statistical Analysis resulfer PSOi Li-ion battery

Algorithm LPSP MAE RMSE RE
0% 2641.0 18674.69 0.003
PSO 2% 24449.22 63919.55 0.035
5% 10495.10 60962.51 0.01
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Convergence Curves for PSO
1600000
1400000
1200000
1000000
800000

Best NPC ($)

600000 \

400000
200000
0

A 0O O MM AW O MIMNN W0 O MIMNN dLWU o M~ HLWw o M I~
T NN NOO I I T OO O O O MN~N~OWOOo oo o

Iteration

| PSP 0% (Lead acic¥ LPSP 2% (Lead acicy LPSP 5% (Lead acid)
LPSP 0% (Li-ion)  emm=| PSP 2% (Li-iON) e==| PSP 5% (Li-ion)

Figure24 - Convergence curves for PSO

The results demonstrate that PSO consistently outperforms all other algorithms, achieving
the lowest NPC for both Libn and Leaehcid batteries while converging faster with fewer
system components. FA appears as the selestalgorithm, maintaining ashg balance
between exploration and cost efficiency but occasionally showing higher deviations from
the optimal solution. GA is stable and reliable, performing moderately well across both
battery types but unable to match the cost reductions of PSO andl(® is the least
efficient algorithm since it produces significantly higher NPC values and struggles with
convergence and accuracy, making it unsuitable forsmsitive energy system designs.

More reliability is established with an LPSP of 0%, but it comes at a higher cost. On the
other hand, in some residential designs, LPSPs of 2% and 5% are also reasonable options

for a balance between reliability and ceffectiveness.

4.5 Hybrid Technique Optimization Result

From the results presentedsiection 4.4the top two algorithms are usedjyenerate hybrid
algorithm. First the FA algorithm is used to explore the search space and find the best

solutions, then these solutions are used as the initial population in the PSO algorithm.
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Table21 shows the optimization results with FASO algorithm. As can be seen, the best
NPC with lead acid battery #160,874 On the other hand, the best NPC wittoh battery
is $653,630

Since the cost of the LPSP of 5% threshold is lower, LPSP of 5% is chosen in the proposed
hybrid FA-PSO algorithm for comparison perspective. Compared to the resskstion

4.4, the hybrid FAPSO technique outperforms all other techniques.

The Hybrid FAPSO technique shows a higher RE compared to PSO algorithm according to
table22, and this is due to its enhanced exploration capability, allowing it to reach a better

minimum objective function value.

Table22 - Optimization Results for F°SO (LPSP 5%)

BESS Type Best NPC ($) No.PV No.WT No.TT  No. BESS

Lead Acid $460,874 50 1 1 2
Li-ion $653,630 50 1 1 2

Table23 - Statistical Analysis (RE) Comparison results

BESS Type PSO FA FA-PSO

Lead Acid 0.26 15.94 0.38
Li-ion 0.14 0.01 0.46

Figures25 and26 showthe convergence curves for both types of battery for FA, PSO and
FA-PSO. The convergence curve of hybrid algorithm has a balance in comparison with PSO
and FA, as it avoids premature convergence of PSO and has the broad exploration and

smooth convergenad FA.
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Figure25- Convergence curves comparison of hybridiF80 for lead acid battery
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Figure26 - Convergence curves comparison of hybridF80 for Liion battery
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4.6 HOMER Results

HOMER Pro issoftware used to optimize microgrid design in various sectors. To use
HOMER, the user provides the model with inputs, including components (e.g., tidal, wind,
and solar), the costs associated with these components, and the availability of resources.
Using these inputs, HOMER simulates different system configurations or combinations of
components. It produces results that display a list of possible configurations sorted by their
net present cosHOMER Pro uses two optimization algorithms. The original gadrch
algorithm simulates all feasible system configurations defined by the Search Space. In
contrast, the HOMER Optimizer® employs a proprietary derivétee algorithm to

identify the least expensive system configurafitdj.

The same search space of HOMER for the components are used with the hyBIRDOFA
method to find the best NPC.

AC DC a
_GI10 Electric Load #1 Fron4.5.——

,:,\_,__, ® |-m
| | [ =

165.24 KWh/d
2457 KW peak

P154-20 Converter | 28S24M ASM
—p > z - > I

Figure27 - Standalone PV/WT/Tidal/BESS configuration in HOMER

Table2471 Optimization results comparisai HOMER and FAPSQ Li-ion battery

Algorithm | LPSP | Best NPC ($)| No. PV | No. WT | No. TT | No. BESS

HOMER - $1,688,996 9

0% $1,442,890 26
FA-PSO 2% $1,376,780 15
5% $1,328,700 7

g | b~ | Ol
PR R e

8
8
8
8
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Figure28i Convergence curves for hybrid F2ASO using the search space of HOMER
Li-ion battery

According to Table23, the best NPC using HOMER $4,688,996 with 9 PV panels, 5

wind turbines, 1 tidal turbine and 8&itin batteries in the battery bank. However, the

proposed hybrid FASO outperforms the HOMER optimization with lower NPCs

considering different thresholds of LPSP.

Table25 - Optimization results comparisai HOMER and FAPSQ lead acidbattery

Algorithm | LPSP | Best NPC ($) No. PV | No. WT  No.TT No. BESS

HOMER - $1,153,678 9 5 1 43
0% $899,246 8 5 1 53
FA-PSO 2% $868,230 15 5 1 40
5% $826,160 8 5 1 40
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Hybrid FA-PSO- Lead acid
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Figure29 - Convergence curves for hybrid HFASO using the search space of HOMER,
lead acid battery

According to Table24, the best NPC using HOMER $4,153,678 with 9 PV panels, 5
wind turbines, 1 tidal turbine artB lead acidbatteries in the battery bank. However, the
proposed hybrid FAPSO outperforms the HOMER optimization with lower NPCs
considering different thresholds of LPSP.

4.7 Validating the Proposed Method

To validate the results of this study, the proposed hybridPBE® algorithm is applied to
another site (standalone PV/WT/BESS gridrigure 30) at Sinai in EgyptComponents
specifications are included irables 25 and26. Complete information can be found &4]J.

Remote load
357 kwWh/d

53 kW peak

AC DC
Figure3071 Standalone PV/WT/BESS grid &inai in Egypt
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Table26 - Wind turbine and PV panels specifications at Sinai in Egypt

Wind Turbine Values PV Panels Values
Parameters
Rated power 10 KW Model Polycrystalline
Cut in speed 3m/s Rated Capacity 265 W
Cut outspeed 25 m/s Tempt_ar_a ture -0.41
Coefficient
Rated Speeds 12 m/s Operating 45 °C
Temperature
Capital and $5050/unit Efficiency 16.3%
replacement costs
Qperat|on and $10/unit Capital and $A50/KW
maintenance costs replacement costs
Lifetime 20 years O_peratlon and -
maintenance costs
Hub height 15m Lifetime 25 years

Table27 - Battery and converter specificaticgisSinai in Egypt

BESS Values Converter Values
Parameters
Type Hoppecke deep Rated Power 26 kW
cycle battery
Nominal capacity 1000 Ah Inverter Efficiency 85%
Nominal voltage 2V Capital costs $110/kW
Max. DOD 80% Replacement costs ~ $110/kW
Capital and $50/unit Qperatlon and $1000
replacement cost: maintenance costs
O_perahon and $5/unit Lifetime 20 years
maintenance cost

Lifetime 5 years

Table27 shows that the proposed 2SO algorithm has a better performance compared to
the grey wolf algorithm (GWOand HOMER softwargvhich wereused originally for that
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site. With HOMER, the best NPC %&175,605 with GWO it is$146,400(assuming LPSE
0%), however with FAPSO it is$139,665with similar number of components.
The convergence curves for applied-PSO are shown in FiguBd.

Table28 - Comparison of optimization results for Standalone grid at Sinai in Egypt

Algorithm | LPSP | Best NPC ($) No. PV | No. WT | No. BESS

HOMER - $175,605 476 10 336
0% $146,400 420 7 336

GWO 2% $132,160 320 7 320
5% $120,210 294 5 352

0% $139,665 337 5 465

FA-PSO 2% $125,