
  

 

 

 

 

 

OPTIMIZED RENEWABLE ENERGY INTEGRATION: ADVANCED MODELING, 

CONTROL AND DESIGN OF A STANDALONE MICROGRID 

 

 

 

 

by 

 

 

 

 

Shiva Talebi 

 

 

 

Submitted in partial fulfilment of the requirements 

for the degree of Master of Applied Science 

 

 

at 

 

 

Dalhousie University 

Halifax, Nova Scotia 

April 2025 

 

 

Dalhousie University is located in Miôkmaôki, the  

ancestral and unceded territory of the Miôkmaq. 

We are all Treaty people. 

 

 

 

© Copyright by Shiva Talebi, 2025 

 

 
 
 
 
 
 
 
 



 ii  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Dedicated to those who wish their homeland was a place to stay. 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
 
 
 
 



 iii  

Table of Contents 

List of Tables ..................................................................................................................... vi 

Table of Figures ................................................................................................................ vii  

Abstract .............................................................................................................................. ix 

List of Abbreviations .......................................................................................................... x 

Acknowledgements ........................................................................................................... xii  

Chapter 1 Introduction ........................................................................................................ 1 

1.1 Background ................................................................................................................ 1 

1.2 Thesis Objectives ....................................................................................................... 2 

1.3 Thesis Methodologies and Contributions .................................................................. 2 

1.4 Thesis Outline ............................................................................................................ 3 

Chapter 2 Literature Review ............................................................................................... 4 

2.1 Introduction ............................................................................................................... 4 

2.2 Renewable Energy Systems and Microgrids ............................................................. 4 

2.2.1 Renewable energy sources in Nova Scotia ......................................................... 5 

2.3 Battery Energy Storage System Technologies .......................................................... 7 

2.4 Optimization Methods in Literature .......................................................................... 9 

2.5 Battery Degradation ................................................................................................. 15 

2.5.1 Terminologies of Degradation .......................................................................... 15 

2.5.2 Degradation Approaches ................................................................................... 18 

2.6 Research gaps in literature ....................................................................................... 19 

2.7 Summary .................................................................................................................. 20 

Chapter 3 Proposed Model and Methodology .................................................................. 21 

3.1 Introduction ............................................................................................................. 21 

3.2 Modeling of System Components ........................................................................... 21 



 iv 

3.2.1 PV Model .......................................................................................................... 21 

3.2.2 Wind Turbine Model ......................................................................................... 23 

3.2.3 Tidal Turbine Model ......................................................................................... 24 

3.2.4 Battery Energy Storage Model .......................................................................... 24 

3.3 Objective Functions ................................................................................................. 26 

3.3.1 Economical Objective ....................................................................................... 26 

3.3.2 Loss of Load Probability ................................................................................... 27 

3.4 Constraints ............................................................................................................... 27 

3.4.1 Decision Variables ............................................................................................ 27 

3.4.2 Battery Constraint ............................................................................................. 28 

3.5 Optimization Techniques ......................................................................................... 28 

3.5.1 Genetic Algorithm (GA) ................................................................................... 28 

3.5.2 Ant Colony Optimization (ACO) ...................................................................... 30 

3.5.3 Particle Swarm Optimization (PSO) ................................................................. 32 

3.5.4 Firefly Algorithm (FA)...................................................................................... 33 

3.5.5 Hybrid FA-PSO ................................................................................................. 35 

    3.5.6 Algorithms Comparison .................................................................................... 36 

3.7 Energy Management Strategy ................................................................................. 36 

3.8 Statistical Analysis .................................................................................................. 37 

3.9 Summary .................................................................................................................. 38 

Chapter 4 Model Layout, Results and Discussion ............................................................ 39 

4.1 Introduction ............................................................................................................. 39 

4.2 Case Study ............................................................................................................... 39 

4.2.1 System Modeling............................................................................................... 40 

4.2.2 Initial Values of System Components ............................................................... 41 



 v 

4.3 System Components Specification .......................................................................... 42 

4.4 Heuristic Techniques Optimization Results ............................................................ 46 

4.4.1 Genetic Algorithm Results ................................................................................ 46 

4.4.2 ACO Results ...................................................................................................... 49 

4.4.3 FA results .......................................................................................................... 51 

4.4.4 PSO results ........................................................................................................ 53 

4.5 Hybrid Technique Optimization Result ................................................................... 56 

4.6 HOMER Results ...................................................................................................... 59 

4.7 Validating the Proposed Method ............................................................................. 61 

4.8 Analysis of SOC, Charging and Discharging of Batteries ...................................... 64 

4.9 Hybrid Methods Comparison .................................................................................. 66 

4.10 Summary ................................................................................................................ 67 

Chapter 5 Conclusion ........................................................................................................ 68 

5.1 Real-time applications ............................................................................................. 69 

5.2 Potential challenges and future work ....................................................................... 69 

References ..................................................................................................................... 70 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 vi 

List of Tables 

Table 1 - Comparative study of methods used in literature ................................................ 13 

Table 2 ï Comparison of different algorithms implemented .............................................. 36 

Table 3 ï Wind turbine and tidal turbine specifications ..................................................... 42 

Table 4 - PV panels and converter specifications .............................................................. 44 

Table 5 - Battery energy storage specifications ................................................................. 45 

Table 6 ï Optimization results for GA ï Lead Acid battery............................................. 47 

Table 7 ï Statistical analysis results for GA ï lead acid battery ...................................... 47 

Table 8 - Optimization results for GA ï Li -ion battery .................................................... 48 

Table 9 - Statistical analysis results for GA ï Li -ion battery ........................................... 48 

Table 10 - Optimization results for ACO ï Lead acid battery .......................................... 49 

Table 11 - Statistical analysis results for ACO ï Lead acid battery ................................. 50 

Table 12 - Optimization results for ACO ï Li -ion battery ............................................... 50 

Table 13 - Statistical analysis results for ACO ï Li -ion battery ....................................... 50 

Table 14 - Optimization results for FA ï Lead acid battery ............................................. 52 

Table 15 - Statistical analysis results for FA ï Lead acid battery .................................... 52 

Table 16 - Optimization results for FA ï Li -ion battery ................................................... 53 

Table 17 - Statistical analysis results for FA ï Li -ion battery .......................................... 53 

Table 18 - Optimization results for PSO ï Lead acid battery ............................................. 54 

Table 19 - Statistical Analysis results for PSO ï Lead acid battery ................................... 54 

Table 20 - Optimization results for PSO ï Li -ion battery .................................................. 55 

Table 21 - Statistical Analysis results for PSO ï Li -ion battery ......................................... 55 

Table 22 - Optimization Results for FA-PSO (LPSP 5%) ................................................. 57 

Table 23 - Statistical Analysis (RE) Comparison results ................................................... 57 

Table 24 ï Optimization results comparison of HOMER and FA-PSO, Li-ion battery ... 59 

Table 25 - Optimization results comparison of HOMER and FA-PSO, lead acid battery 60 

Table 26 - Wind turbine and PV panels specifications at Sinai in Egypt ........................... 62 

Table 27 - Battery and converter specifications at Sinai in Egypt ...................................... 62 

Table 28 - Comparison of optimization results for Standalone grid at Sinai in Egypt ........ 63 

Table 29 - Comparison of different hybrid techniques ..................................................... 67 

 



 vii  

Table of Figures 

Figure 1 ï Energy sources used to produce electricity in Nova Scotia, 2024 .................... 5 

Figure 2 ï Wind farms locations in Nova Scotia ................................................................ 6 

Figure 3 ï Hydroelectric plants locations in Nova Scotia .................................................. 7 

Figure 4 ï Different categories of energy storage systems ................................................. 8 

Figure 5 ï Battery degradation approaches ...................................................................... 19 

Figure 6 - Hourly data of solar irradiance .......................................................................... 22 

Figure 7 - Hourly data of ambient temperature .................................................................. 22 

Figure 8 ï Hourly data of wind speed ................................................................................ 23 

Figure 9 ï Hourly data of water speed ............................................................................... 24 

Figure 10 ï Hourly data of load demand ........................................................................... 26 

Figure 11 ï Flowchart of GA ............................................................................................ 29 

Figure 12 ï Flowchart of ACO algorithm .......................................................................... 31 

Figure 13 ï Flowchart of PSO algorithm ........................................................................... 32 

Figure 14 ï Flowchart of FA ............................................................................................. 34 

Figure 15 ï Flowchart of hybrid FA-PSO .......................................................................... 35 

Figure 16 - Flowchart of energy management system ....................................................... 37 

Figure 17 ï Location of the case study .............................................................................. 39 

Figure 18 - Standalone PV/WT/Tidal/BESS configuration ................................................ 41 

Figure 19 ï Wind turbine power curve ............................................................................. 43 

Figure 20 ï Tidal turbine power curve ............................................................................. 44 

Figure 21 - Convergence curves for GA ............................................................................ 48 

Figure 22 - Convergence curves for ACO ......................................................................... 51 

Figure 23 - Convergence curves for FA ............................................................................. 53 

Figure 24 - Convergence curves for PSO .......................................................................... 56 

Figure 25 - Convergence curves comparison of hybrid FA-PSO for lead acid battery....... 58 

Figure 26 - Convergence curves comparison of hybrid FA-PSO for Li-ion battery ........... 58 

Figure 27 - Standalone PV/WT/Tidal/BESS configuration in HOMER .......................... 59 

Figure 28 ï Convergence curves for hybrid FA-PSO using the search space of HOMER, 

Li -ion battery .................................................................................................................... 60 



 viii  

Figure 29 - Convergence curves for hybrid FA-PSO using the search space of HOMER, 

lead acid battery ................................................................................................................ 61 

Figure 30 ï Standalone PV/WT/BESS grid at Sinai in Egypt ............................................ 61 

Figure 31 - Convergence curves for FA-PSO applied to standalone PV/WT/BESS grid) at 

Sinai in Egypt, Sinai. ......................................................................................................... 63 

Figure 32 - SOC over time for li-ion battery ...................................................................... 64 

Figure 33 - SOC over time for lead acid battery ................................................................ 64 

Figure 34 - Charging and discharging power of li-ion battery ........................................... 65 

Figure 35 - Charging and discharging power of lead acid battery ...................................... 66 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



 ix 

Abstract 

 

The increasing environmental impacts and limited nature of fossil fuels have accelerated 

the growth of renewable energy sources (RESS), such as solar, wind, and tidal energy. 

However, the intermittent nature of these sources poses significant challenges to reliability 

and cost-effectiveness, particularly in standalone hybrid microgrids. This study focuses on 

designing, modeling, and optimizing an off-grid 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 the long-term feasibility 

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 method combining the Firefly Algorithm (FA) and Particle Swarm 

Optimization (PSO) (FA-PSO) is proposed to achieve minimum net present cost (NPC) 

while maintaining system reliability, measured with Loss of Power Supply Probability 

(LPSP). The optimization model is tested on a standalone microgrid in Halifax, Nova 

Scotia. The results reveal that the proposed FA-PSO hybrid technique outperforms 

traditional commercial optimization tools (HOMER) and standalone heuristic techniques 

(GA, ACO, FA, and PSO). Furthermore, a comparative analysis of Li-ion and Lead-acid 

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 considers renewable 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 algorithms, 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  

1.1 Background 

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. With the worries of climate 

change, the power industry around the world is moving toward using RESS. Renewables 

are a clean source of energy and are more reliable. Hence, using them in microgrids is a 

necessity nowadays. However, using RESS, such as wind and solar, is challenging because 

they are not always available and depend on meteorological data [1][2]. Therefore, using a 

proper energy management method alongside energy storage systems can make RESS 

more efficient in microgrids. To avoid high cost of grid extension investments, it is 

necessary to use a hybrid off-grid configuration and optimize the use of the RESS available. 

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

reliability factors, renewable integration, pollution emissions, etc. [3][4].  

There are several battery technologies available, including lead-acid, lithium-ion, and 

sodium-sulfur batteries, each bringing its own set of advantages and disadvantages in terms 

of efficiency, energy density, lifespan, and operational challenges like battery degradation. 

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-

effectiveness [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, mixed-integer 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 

constraints 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 [6]. 
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Consequently, heuristic algorithms have become popular as a more practical option. 

Methods such as FA and PSO offer flexible and near-optimal 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 cost-effective sizing strategy for improving 

renewable energy integration. 

1.2 Thesis Objectives 

In this thesis different optimization techniques are used to minimize the overall cost. The 

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 

technologies, and expand the use of RESS which helps in paving the way for a more 

sustainable future. 

1.3 Thesis Methodologies and Contributions 

The proposed study focuses on the advanced modeling, design, and optimization of a 

standalone PV/wind/tidal storage-based grid to minimize the total cost of the system (NPC) 

and maintain the reliability (LPSP) of the grid. Additionally, power output modeling of the 

components, including PV, wind turbines, tidal turbines, and BESS, are included. Battery 

degradation index (BDI), 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. 
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2. A hybrid optimization method (FA-PSO) is proposed to increase renewable 

integration by minimizing costs and enhancing the system's reliability. Also, the 

proposed technique outperforms the traditional commercial software 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: lead-acid batteries and lithium-ion 

batteries. This study also compares their charging and discharging characteristics 

and their SOC to 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 the study, 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, and FA-PSO. 

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.  
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Chapter 2 L ITERATURE 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 technologies, challenges, 

and methodologies for solving optimization problems regarding an efficient microgrid. 

2.2 Renewable 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, essentially a 

microgrid containing distributed energy resources (DERs), is becoming popular in the 

electrical power industry. However, harnessing RESS, such as wind and solar energy, comes 

with challenges because their availability is unpredictable and reliant on climatic 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 vital [3]. 

Microgrid refers to the term when small number of DERs (renewable or conventional) are 

connected to one power system. DERs normally include distributed generation (DG), 

controllable loads, and distributed storage. A microgrid can operate as a grid connected or 

standalone. The choice between a grid-connected or standalone microgrid for battery 

optimization depends on several factors including the specific goals of the microgrid, the 

geographical and regulatory environment, resource availability, and financial considerations 

[6][7].  

For instance, Hlal et al. [8] optimized a hybrid photovoltaic storage-based standalone grid to 

minimize the cost and increase the reliability of the system. On the other hand, Babu et al. 

[9] implemented a multi-objective genetic algorithm based energy management system to 

optimize a photovoltaic/wind/battery grid connected system. In [10], Garip et al. divided the 

microgrid operation in the energy management system into two sections: 1) working as island 

mode, 2) grid-connected mode if there is no backup energy left in the storage system. 
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A hybrid renewable microgrid, which is also designed in this study, can provide electricity 

to a remote area using hybrid renewable sources without depending on the main grid. Solar 

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 currents. For harnessing 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 depth [11]. 

2.2.1 Renewable energy sources in Nova Scotia 

The following section highlights generation technologies that are relevant to Nova Scotia. 

The percentages of energy resources used to produce electricity in 2024 are shown in 

Figure 1 [12]. 

 

Figure 1 ï Energy sources used to produce electricity in Nova Scotia, 2024 [12] 

Å 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, 
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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 Producers (IPPs) who sell their 

electricity back to Nova Scotia Power [13]. Locations of wind farms owned by IPPs and 

communities in Nova Scotia are shown in Figure 2. 

 

Figure 2 ï Wind farms locations in Nova Scotia [13] 

Å Biomass 

Biomass is another renewable energy source used in Nova Scotia. A 60 MW biomass 

power plant located in Port Hawkesbury is owned by Nova Scotia Power, which supplies 

approximately 3% of the provinceôs electricity. It is a facility designed to meet renewable 

energy requirements while providing a reliable source of renewable energy that can support 

intermittent wind generation. Additionally, it utilizes locally sourced fuel to help reduce 

reliance on imported coal [14]. 

Å Solar 

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 best days for the sun for generating 
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electricity are when its power is least needed. It will be necessary to add more storage and 

control systems to handle large-scale intermittent energy sources, such as solar PV [15]. A 

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 annually [16]. 

Å 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 [17]. Locations of 

hydroelectric plants in Nova Scotia are shown in Figure 3. 

 

Figure 3 ï Hydroelectric plants locations in Nova Scotia [17] 

2.3 Battery Energy Storage System Technologies 

The definition of energy storage itself is a system that 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 
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management, power quality, reliability enhancement, peak shaving, frequency regulation, 

and ancillary services [4]. 

The most used battery technologies among the electrochemical energy storage are lead 

acid, lithium-ion (Li-ion), and sodium sulfur (NaS) batteries. Lead acid batteries are the 

oldest rechargeable battery in the industry, with a modest battery efficiency (70 ï 90 %) 

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

they also have disadvantages, such as low energy density and restricted cycling ability. 

They are also not very environmentally friendly because they contain toxic materials 

[4][18].  

 

Figure 4 ï Different categories of energy storage systems 

On the other hand, lithium-ion batteries are the most commonly rechargeable battery used 

in the industry. The main advantages of li-ion batteries are high energy density, high 

efficiency (85-98 %) with an expected lifetime of 5 to 15 years, low self-discharge rate, 
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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 catch fire [4][18]. 

Sodium sulfur batteries have a high power and energy density, high efficiency (89%), and 

life cycle (5 ï 15 years expected lifetime). Although to operate efficiently, NaS batteries 

need an external source of heat, which is why they are classified as high-temperature 

electrochemical batteries [4][18]. 

2.4 Optimization Methods in Literature  

Considering the intermittent nature of renewables, optimizing the hybrid grid is necessary to 

use renewable energy 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 problem. The methods that are used for optimization in literature are generally divided 

into probabilistic methods, mathematical-based methods, heuristic methods, and hybrid 

methods [19]. 

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 two components. 

Mathematical-based methods use mathematical models to solve the optimization problem. 

These methods are highly accurate for linear problems but do not fit with non-linear or 

mixed-integer problems. 

Heuristic methods are well-structured for solving complex and non-linear 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 [4][20].  

Nematollahi et al. [21] 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 of PV generation and load forecasting. The advantage of this work was its 
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consideration of load uncertainty to improve reliability. However, the study did not utilize 

hybrid heuristic algorithms to enhance optimization efficiency. 

Ntube et al. [22] presented a stochastic multi-objective 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 uncertainties. 

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

Li et al. [23] optimized PV/Battery grid-connected system to minimize long-term 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 

computational complexity. A key strength of this work is its long-term perspective, 

considering factors like inflation and energy cost trends. However, this study lacks additional 

RESS and hybrid and heuristic optimization techniques. 

Emad et al. [24] 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 solar-tidal energy system using HOMER for system 

design and employing CPSO and Cuckoo Optimization techniques for cost minimization. 

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 optimization model. 

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, 

PSO, 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. 

However, it did not explore hybrid heuristic optimization techniques and battery degradation. 
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Yuan et al. [27] utilized FA to optimize a hybrid PV/WT/BESS system sizing while 

considering battery degradation and uncertainties in power generation and demand. A 

scenario-based stochastic optimization approach was used under variable conditions. The 

paper highlighted how 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 metaheuristic optimization 

and other energy sources. 

Abu et al. [28] designed a PV/Hydrogen/Fuel cells/BESS/ supercapacitors system. PSO was 

used to optimize proportional-integral 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-II 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. 

Güven et al. [30] optimized a stand-alone 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 rule-based energy management strategies 

but did not consider 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 explicitly model battery degradation. 

Yu et al. [32] presented an optimization framework for a hybrid PV/DG/BESS using the 

AMPA to minimize CO  emissions and annualized costs and optimize LPSP. The study was 

particularly valuable due to its multi-objective optimization approach and sensitivity 

analysis. However, it did not explore hybrid algorithms and renewable configurations beyond 

PV and DG. 



 12 

Maleki et al. in [33] focused on the optimal sizing of a stand-alone PV/WT/DG hybrid system 

incorporating battery and fuel cell storage. The study used HS algorithm to 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. [34] 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 comprehensive multi-objective 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. in [35] explored the optimal sizing of an off-grid 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 

configurations 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 of hydrogen storage as an alternative to traditional battery storage. However, it did 

not explore hybrid optimization techniques or consider battery degradation, which could 

impact long-term cost-effectiveness. 

Eriksson et al. [37] introduced NWCMO algorithm for optimizing renewable hybrid energy 

systems, incorporating technical, economic, environmental, and socio-political objectives. 

The study explored different weighing strategies to balance conflicting objectives. However, 

the study did not explore hybrid metaheuristic optimization techniques, which could further 

enhance computational efficiency. 

Comparative study of literature is included in Table I. 
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Table 1 - Comparative study of methods used in literature 
 

Author Grid Settings 
Optimization 

Method(s) 
Objectives Summary Research gaps 

Nematollahi et 

al. [21] 

PV/BESS/DG 

grid 

connected 

Probabilistic: 

LDM, GPQR 

Costs, 

power 

losses 

Optimized sizing and 

placement of DERs 

and introduced 

probabilistic models 

to handle 

uncertainties in PV 

generation and load 

forecasting. 

- Battery degradation 

and SOC constraint 

were not addressed. 

- Focused on a single 

type of RES 

combination. 

- Probabilistic 

approaches used cannot 

be applied to multi-

source systems. 

Ntube et al. 

[22] 

PV/Battery 

grid 

connected 

Mathematical: 

MILP and 

Monte Carlo 

Cost, total 

energy 

imported 

 

Used a traditional 

MILP approach, and 

a detailed Monte 

Carlo-based 

sensitivity analysis 

for better scenario 

evaluation. 

- Focused solely on PV 

systems. 

- Battery degradation 

was not addressed. 

- Reliability factor was 

not investigated. 

- Methods used were 

not well suited for non-

linear problems. 

Li et al. [23] 

PV/Battery 

grid 

connected 

Mathematical: 

MINLP 

 

Cost 

Modeled calendar 

and cycle aging of 

the battery and 

converted MINLP 

into MILP using the 

B&B algorithm for 

improved 

computational 

efficiency. 

- No hybrid heuristic 

optimization was used. 

- Limited system 

components. 

- Reliability factor was 

not investigated. 

D. Emad et al. 

[24] 

 

PV/Wind/Batt

ery 

Standalone 

Heuristic: 

GWO 

Cost, 

LPSP 

 

Implemented techno-

economic 

optimization, 

addressing cost and 

reliability with 

comprehensive 

evaluation of LPSP 

thresholds. 

- Battery degradation 

was not addressed. 

- No hybrid heuristic 

optimization was used. 

V. Khare et al. 

[25] 

 

PV/Tidal/batt

ery 

Standalone 

Heuristic: 

CPSO and 

COA 

Cost 

Focused on Solar-

Tidal integration to 

minimize the costs. 

- Battery degradation 

was not addressed. 

- No hybrid heuristic 

optimization was used. 

- Reliability factor was 

not investigated. 

Shezan et al. 

[26] 

PV/Wind/Batt

ery 

Standalone 

ILP, PSO, 

GA, ACO, 

GWO 

Cost 

An advanced control 

method, PID control 

and fuzzy logic 

controller with 

automated tuning, 

was applied to 

manage voltage and 

frequency 

fluctuations. 

- No hybrid heuristic 

optimization was used. 

- Limited system 

components. 

- Battery degradation 

was not addressed. 

- Lack of detailed 

statistical and 

performance analysis of 

used algorithms. 
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Yuan et al. 

[27] 

PV/Wind/Batt

ery 

Standalone 

FA Cost 

Incorporated battery 

degradation and 

stochastic modeling 

to address 

uncertainties in 

renewable energy 

generation and load 

demand. 

- Only one algorithm 

was used, without 

extensive statistical 

analysis. 

- Limited system 

components. 

- Reliability factor was 

not investigated. 

Abu et al. [28] 

PV/Hydrogen

/BESS/Superc

apacitors 

grid-

connected 

PSO 

Reduce 

hydrogen 

consumpti

on 

Used PI controllers 

optimized using PSO 

for enhanced energy 

management. Also 

Included 

supercapacitors and 

hydrogen ESS to 

manage short-term 

fluctuations and long-

term energy 

reliability. 

- Only one algorithm 

was used, without 

extensive statistical 

analysis. 

- Limited RESS in the 

grid and mostly focused 

on storage. 

Jeon et al. [29] 

PV/Wind/Hyb

rid Battery 

Hydrogen 

grid-

connected 

Hybrid 

MILP-

NSGAII 

Voltage 

profile 

deviation, 

Active 

power 

loss, cost 

Addressed the 

challenging problems 

for integrated 

optimization of 

sizing, placement, 

and EMS of HESS 

- Hybrid method used is 

less suitable for 

nonlinear characteristics 

of RESS and storage 

systems. 

- Limited RESS in the 

grid 

Güven et al. 

[30] 

PV/Wind/DG/

Battery 

Standalone 

 

HS, Jaya 

algorithm, 

ACO 

Cost, 

LPSP 

A rule-based EMS 

was applied to 

balance power 

generation and 

consumption and 

optimized HRES for 

a university campus. 

- Only standalone 

algorithms were used 

and they require longer 

computational time for 

convergence. 

- Battery degradation 

was not addressed. 

Fathy et al. 

[31] 

PV/WT/DG/B

ESS 

SSO 

algorithm 

Cost, 

LPSP 

focused on 

optimizing multiple 

microgrid topologies, 

improving energy 

management 

strategies, and 

performing extensive 

sensitivity analysis. 

- Only standalone 

algorithms were used. 

- Limited RESS in the 

grid 

- Battery degradation 

was not addressed. 

Yu et al. [32] PV/DG/BESS AMPA 

Costs, 

CO  

emissions, 

LPSP 

Applied a multi-

objective 

optimization 

approach and did a 

comprehensive 

sensitivity analysis. 

- Only standalone 

algorithms were used. 

- Limited RESS in the 

grid 

- Battery degradation 

was not addressed. 

Maleki et al. 

[33] 

stand-alone 

PV/WT/DG/B

ESS/Fuel cell 

HS 

Cost, 

energy 

availabilit

y 

highlighted the 

advantages of fuel 

cell storage as an 

alternative to battery 

banks, reducing 

maintenance costs 

and environmental 

impact. 

- Only standalone 

algorithms were used. 

- Battery degradation 

was not addressed. 
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Atawi et al. 

[34] 
PV/WT/BESS 

MOAVOA, 

NSGA-II, 

MOPSO, 

TOPSIS 

Cost, 

reliability 

Provided 

comprehensive multi-

objective 

optimization and 

highlighted the 

benefits of 

integrating wind and 

solar energy. 

- Only standalone 

algorithms were used. 

- Limited RESS in the 

grid 

Sanajaoba et 

al. [35] 

PV/WT/BESS 

standalone 
FA 

Cost, 

LOLP 

Investigated different 

reliability scenarios 

and evaluated the 

feasibility of system 

configurations with 

different LOLP 

values. 

- Only standalone 

algorithms were used. 

- Limited RESS in the 

grid 

Zhang et al. 

[36] 

PV/WT/BESS

/Hydrogen 
SA 

LCC, 

reliability 

Included hydrogen 

storage as an 

alternative to 

traditional battery 

storage. 

- Only standalone 

algorithms were used. 

- Battery degradation 

was not addressed. 

- Limited RESS in the 

grid (lack of tidal 

energy) 

Eriksson et al. 

[37] 

PV/WT/BESS

/DG/Fuel 

cells/Electroly

ser 

NWCMO 

LPSP, 

Cost, CO  

emissions  

Explored different 

weighing strategies to 

balance conflicting 

objectives. 

- Only standalone 

algorithms were used. 

- Limited RESS in the 

grid (lack of tidal 

energy) 

 

2.5 Battery 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 degradation, which can 

cause an increase in battery cell resistance, capacity loss, and safety matters [38]. There are 

common external stress factors that cause degradation:  

Å The depth of discharge (DOD) [39] 

Å The circulated current throughout the BESS (Crate) [40] 

Å The ambient temperature of the cells [41] 

Å The state of charge (SOC) [42] 

2.5.1 Terminologies of Degradation 

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

listed below. 
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Å SOC is the energy that remains in the battery energy storage systems. SOC cannot 

be measured directly but through voltage, current, and temperature [43]. Usually, 

SOC is shown as a percentage of the rated capacity. SOC formula is defined as 

below: 

 Ὓὕὅ
    

  
. (1) 

However, the above formula cannot be accurate because the rated capacity changes 

due to different factors such as battery aging, ambient temperature, flaws in 

manufacturing, unusual chemical phenomena, etc. Therefore, estimation of the 

SOC can be challenging. However, a good and accurate analysis of SOC is needed 

to prevent battery aging [44].  

Å DOD represents the percentage of discharge from the fully charged state, and 

regarding its relationship with SOC it is stated as Eq.(2) [45]: 

 ὈὕὈ  ρππϷ  Ὓὕὅ. (2) 

Å The cycle life of the battery is the maximum amount of charging and discharging 

that can happen before a battery fails. There is a correlation between the DOD and 

cycle life. For the best performance of the battery, manufacturers usually 

recommend a maximum of DOD [46]. 

Å A batteryôs state of health, or SOH, indicates the health of a battery, which is 

described as the ratio of the actual capacity to the battery's nominal capacity [5]. 

 ὛὕὌ
 

 
. (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 time [47]. 

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 include [5][47][48]: 
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¶ Cyclic aging: Each charge-discharge cycle leads to small irreversible changes in 

the batteryôs materials, which reduce the batteryôs ability to hold charge. 

¶ Calendar aging: The time that passes can lead to chemical changes in a battery 

that reduce its capacity. 

¶ Electrolyte decomposition: Over time, the electrolyte 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 electrodes include 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 power fade [5][48][49]: 

¶ Increased internal resistance: Over time, internal resistance can rise due to changes 

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

currents. 

¶ Electrode passivation: The build-up of film or other degradation products on the 

electrode surfaces can interfere ion flow. 

¶ 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. 

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

resistance and reduce power output. 
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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 categorized as shown in Figure 5 [50]. 

There are rule-based methods that can limit degradation of the battery; however, 

Optimization-based approaches can provide an extensive range of methods. The goal in an 

optimization-based approach is limiting degradation, either through a constraint or separate 

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, either as a technical parameter 

or an economic parameter, defined in a cost-based objective function [45][50]. 

Maheshwari et al. [46] 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 cost. In [52], 

Wankmuller et al. formulated battery degradation in the objective function and in constraints. 

Restriction bounds for SOC of the battery and aging cost as 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 economic is more reasonable for 

consumer-level applications or where cost efficiency is essential, which is the case in this 

study.  
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Figure 5 ï Battery degradation approaches 

2.6 Research gaps in literature 

Many previous studies ignored or oversimplified battery degradation's impact on hybrid 

RESS optimization. The main reasons are stated below: 

¶ 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]. 

¶ Computational limitations 

In traditional optimization methods, it is challenging to express battery degradation 

because of its non-linear behavior. Also, degradation constraints can slow down the 

computation and make convergence harder [5].  
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¶ Different battery technologies 

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

acid batteries have well-documented degradation models, and Li-ion battery aging is more 

complex and dependent on chemistry-specific parameters [5][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 factors [11][25]: 

1. Tidal energy is only viable in coastal and high-current regions, making it less 

universally applicable than solar and wind. 

2. Accurate tidal resource prediction requires consideration of tidal cycles, seasonal 

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

3. Compared to solar PV and wind turbines, tidal turbines are relatively new 

technologies, with fewer commercially available models and limited real-world 

data for cost and performance analysis. 

This study addresses these gaps by: 

1. Tidal energy is integrated into a hybrid RESS model. 

2. Battery degradation modeling and constraint are included. 

3. 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 Li-ion and Lead-acid battery technologies, providing a 

realistic perspective on long-term energy storage costs and efficiency. 

2.7 Summary 

This chapter covers a comprehensive 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 discusses the RESs available in Nova Scotia. 
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Chapter 3 PROPOSED MODEL AND METHODOLOGY  

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 accurate optimization 

problem. 

Various algorithms such as GA, ACO, PSO, FA, and hybrid FA-PSO 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. Figures 6 and 7 show the hourly 

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

The PV power output is stated in Eq.(4) [24]: 

 ὖ ὖ – ρ ‌Ὕ ὸ Ὕ , (4) 

where the rated power of PV (kW) is ὖ , Ὃὸ is the solar irradiation (W/m2) at time Ô, 

–  stands for the module efficiency, Ὕ ὸ is cell temperature (°C)  at time Ô, Ὕ  is the 

reference temperature at standard temperature condition (25°C), and ‌ is the temperature 

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

Cell temperature also relies on solar irradiance, and ambient temperature. Based on Eq.(5), 

Ὕ ὸ is the ambient temperature (°C) at time Ô, and ὔὕὅὝ refers to the normal operating 

cell temperature. 
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 Ὕ ὸ Ὕ ὸ Ὃὸ. (5) 

  

Figure 6 - Hourly data of solar irradiance 

 

 

Figure 7 - Hourly data of ambient temperature 
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3.2.2 Wind 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 found in Eq.(6) [19][53]:  

 ὖ ὸ

ừ
Ử
Ừ

Ử
ứ
          πȟ                                          ὠὸ ὠ   έὶ  ὠὸ ὠ

ὖ ȟ                       ὠ ὠὸ ὠ 

ὖ ȟ                                                    ὠ ὠὸ ὠ
 

 (6) 

where ὠὸ is the wind speed (m/s) at time ὸ, ὠ  and ὠ  stand for cut-in and cut-out wind 

speeds (m/s), ὖ  refers to the rated power (kW), and ὠ is the rated wind speed (m/s). 

With different heights [54], wind speed also varies according to Eq.(7): 

 , (7) 

where ὠ  is the hub height wind speed (m/s), ὠ  is the reference wind speed close to the 

ground, Ὄ  is the hub height, Ὄ  is the reference height in which ὠ  is calculated, and 

‎ is the Hellman or power law coefficient. Figure 8 shows the hourly data of wind speed 

used in this work. 

 

 

Figure 8 ï Hourly data of wind speed 
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3.2.3 Tidal 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 currents [11]. Figure 9 shows the hourly data of water speed used in 

this work. The tidal turbine power output [25] is stated as Eq.(8):  

ὖ ὸ

ừ
Ử
Ừ

Ử
ứ
          πȟ                                          ὡ ὸ ὡ    έὶ  ὡ ὸ ὡ

ὖ ȟ                       ὡ ὡ ὸ ὡ 

ὖ ȟ                                                    ὡ ὡ ὸ ὡ
 

 (8) 

where ὡ ὸ is the water speed (m/s) at time ὸ, ὡ  and ὡ  stand for cut-in and cut-out water 

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

 

Figure 9 ï Hourly data of water speed 
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Å Charging: 

Ὁ ὸ Ὁ ὸ ρ ρ ‍  

  ὖ ὸ ὖ ὸ ὖ ὸ ‗ ὸ  – ῳὸ, (9) 

Å Discharging: 

Ὁ ὸ Ὁ ὸ ρ ρ ‍  

  ὖ ὸ ὖ ὸ ὖ ὸ ‗ ὸ ῳὸȾ – , (10) 

where Ὁ ὸ represents the energy of the battery at time ὸ; which is the forecasting energy 

generation, Ὁ ὸ ρ is the energy at time ὸ ρ, ‍ is the battery self-discharge rate, 

ὖ ὸ is the load demand (kW) at time ὸ,  –  and  –  are the charging and 

discharging efficiency, –  is the inverter efficiency, and ῳὸ is the duration of time. 

The variables ɚ1 and ɚ2 indicate that the battery cannot be charged and 

discharged simultaneously according to Eq.(11) and Eq.(12). 

 ‗ ὸ Ǫ ‗ ὸ
ρȟὦὥὸὸὩὶώ Ὥί ὧὬὥὶὫὭὲὫ
πȟὦὥὸὸὩὶώ Ὥί ὲέὸ ὧὬὥὶὫὭὲὫ

 , (11) 

 ‗ ὸ ‗ ὸ ρ. (12) 

This study examines two types of batteries: lithium-ion (li-ion) and lead-acid batteries. Lead-

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 limited cycling 

capacity. In contrast, lithium-ion 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 low self -discharge rate, portability, and 

quick response time. However, one significant downside is their high cost [4][18]. Figure 10 

shows the hourly data of load demand used in this work. 
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Figure 10 ï Hourly data of load 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 NPC [56].  NPC is stated in Eq.(13): 

 ὔὖὅὔ ὅ ὔ ὅ ὔ ὅ  

 ὔ ὅ ὅ ὅ , (13) 

where ὔ , ὔ , ὔ , and ὔ  are number of the components (sizing capacity), i.e. PV, 

WT, TT and BESS., and are considered the optimization variables. 

ὅ , ὅ , ὅ , ὅ , and ὅ  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 stated in Eq.(14) to Eq.(18): 

 ὅ ὅ ὅ
Ǫ

ὅ , (14) 

 ὅ ὅ ὅ
Ǫ

ὅ , (15) 
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 ὅ ὅ ὅ
Ǫ

ὅ , (16) 

 ὅ ὅ ὅ
Ǫ

ὅ , (17) 

 ὅ ὅ ὅ
Ǫ

ὅ . (18) 

3.3.2 Loss of Load Probability 

The probability of experiencing a power outage or interruption 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 backup or 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 demand [57]. The unmet load can be 

determined by assessing the power deficiency between energy sources and the load, as 

outlined in Eq.(19). 

 ὒὖὛὖ
В

. (19) 

3.4 Constraints 

3.4.1 Decision Variables 

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

these decision variables play a crucial role in determining sizing capacity [58]. 

 ὔ ὔ ὔ , (20) 

 ὔ ὔ ὔ , (21) 

 ὔ ὔ ὔ , (22) 

 ὔ ὔ ὔ . (23) 
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3.4.2 Battery Constraint 

There are common external stress factors that cause degradation, such as SOC. SOC is the 

energy that remains in the battery energy storage systems. Normally, SOC is shown as a 

percentage of the rated capacity. SoC formula is defined as below [59]: 

 Ὓὕὅὸ Ὓὕὅὸ ρ
  

 

 
, (24) 

where Ὓὕὅὸ is SOC of the battery at time ὸ, Ὓὕὅὸ ρ is the SOC at time ὸ ρ, and 

ὅὥὴ  is the capacity of the battery. 

Minimizing battery degradation can be achieved by controlling the boundaries of SOC. This 

constraint can be expressed as Eq.(25) [39]: 

 Ὓὕὅ Ὓὕὅὸ Ὓὕὅ . (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 limits in (25). 

If these limits are exceeded, a penalty will be applied to the NPC according to Eq.(26) [60]. 

 ὄὈὍ В ὖ Ὓὕὅὸ Ὓὕὅ ὖ Ὓὕὅὸ Ὓὕὅ . (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 selected as the 

number of populations. Potential random solutions are encoded as chromosomes, which 

have a set of genes. Those represent the decision variables of the system [61]. 

As it is seen in the flowchart in Figure 11 [62][63], algorithm starts by generating an initial 

population of solutions which are the decision variables. Equation of the initial population 

is shown in Eq.(27). 
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 ὼὭ ὼ ὼ ὶὥὲὨὼ ȟ            

 Ὥ ρȟςȟȣȟὲὖέὴȠ Ὦ ρȟςȟȣȟὲὠὥὶίȟ (27) 

where Ὦ is the variable of Ὥ chromosome (population). 

 

Figure 11 ï Flowchart of GA 

Afterwards, each solution is evaluated using the fitness function or the objective function. 

Genetic operators (parents) are selected randomly from a population and create new 

children based on Eq.(28) and Eq.(29), which are selected for the next generation based on 

ὖ which is a controlling parameter in Eq.(30), replacing the old population (or using a 

combination of new and old population).  
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 ὧὬὭὰὨρὮ ὶὥὲὨzὴὥὶὩὲὸρὮ ρ ὶὥὲὨz ὴὥὶὩὲὸςὮ, (28) 

 ὧὬὭὰὨςὮ ρ ὶὥὲὨz ὴὥὶὩὲὸρὮ ὶὥὲὨzὴὥὶὩὲὸςὮ, (29) 

 ὧὬὭὰὨ
ὧὬὭὰὨ                   ὭὪ ὶὥὲὨ ὖ
ὴὥὶὩὲὸ                       έὸὬὩὶύὭίὩ

. (30) 

Then a random gene (variable) of the child gets selected and mutated to enhance the search 

space and explore new areas, based on ὖ  which is the controlling parameter in Eq.(31). 

After a certain number of generations or if there is a convergence in the solution, the 

algorithm stops. 

ὧὬὭὰὨὮ  

 
ὼ ὼ ὶὥὲὨὼ                 ὭὪ ὶὥὲὨ ὖ

ὧὬὭὰὨὮ                                                          έὸὬὩὶύὭίὩ
. (31) 

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 ants follow this path 

[63]. 

Initially a population of ants is generated, and each ant is assigned to a position within the 

range of variables based on Eq.(32).  

 

ὼ Ễ ὼ

ể Ệ ể
ὼ Ễ ὼ

ȟ      Ὥ ρȟςȟȣȟὲὖέὴȠ    Ὦ ρȟςȟȣȟὲὠὥὶί (32) 

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 based on the level of 

influence from pheromones [64]. 

To check if the new position is within the search space or not, Eq.(33) is used: 
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 ὼ

ὼ                         

ὼ ȟ                    

ὼȟ                        

 ὼ ὼ ὼ

ὼ ὼ

ὼ ὼ

 (33) 

Finally, when the best solution is found, the algorithm stops. The flowchart of ACO 

algorithm is shown in Figure 12. 

 

Figure 12 ï Flowchart of ACO algorithm 
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3.5.3 Particle Swarm Optimization (PSO) 

PSO was 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. Each particle is 

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

particles navigate the search space, they share information with their neighboring particles 

and use their past experiences to enhance their exploration and exploitation of available 

solutions [56]. 

 

Figure 13 ï Flowchart of PSO algorithm 
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In flowchart Figure 13, initially, a random swarm of particles with random positions and 

velocity are chosen. Then the fitness of each particle gets evaluated using the objective 

function. After keeping track of the personal best position ὴὄὩίὸ (visited before), and the 

global best position ὫὄὩίὸ) in the entire search space for each particle, velocity and 

position of the particles will get updated according to Eq.(34) and Eq.(35). When the best 

solution is found, the algorithm stops.  

 ὠὸ ρ ‫ὠὸ ὧὶὴὄὩίὸὸ ὢ ὸ ὧὶὫὄὩίὸὸ ὢ ὸȟ (34) 

 ὢ ὸ ρ ὢ ὸ ὠὸ ρ, (35) 

where position and velocity of the particle are ὢ and ὠ, and ὸ and ὸ ρ are the current and 

next iteration [63]. 

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 fitness function [63]. 

The attraction between fireflies is influenced by their distance from the brighter fireflies; the 

closer they are, the stronger the pull they feel. Based on the flowchart in Figure 14, at first 

an initial population of fireflies gets generated. Then the fitness 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]. 

 ὶ ὢ ὢ ὼ ὼ ώ ώ , (36) 

ὶ is the distance between two fireflies and it is expressed in Eq.(36); where Ὥ is the first 

firefly with ὢ ὼȟώ  position, and Ὦ is the second firefly with ὢ ὼȟώ  position. 

The less bright firefly Ὥ moves toward the brighter one Ὦ, and we calculate its new 

position and movement based on Eq.(37): 
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 ὢ ὢ ὄὩ ὢ ὢ ὥ‭, (37) 

where ὄ is attractiveness at ὶ π, ‎ is the light absorption coefficient, ὥ is the 

randomization parameter, and ‭ refers to random variables as a vector. 

 

Figure 14 ï Flowchart of FA 
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3.5.5 Hybrid 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 is first used to 

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 velocity-driven 

updates. Flowchart of hybrid FA-PSO is shown in Figure 15 [66]. 

 

Figure 15 ï Flowchart of hybrid FA-PSO 
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3.5.6 Algorithms Comparison 

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

Table 2 ï Comparison of different algorithms implemented 

Algorithm  Advantages Disadvantages 

GA 

Å Robust global search via 

crossover/mutation. 

Å Handles discrete and mixed variables 

Å Slower overall convergence and prone 

to premature convergence. 

Å Sensitive to crossover/mutation rates. 

ACO 

Å Excellent for discrete problems 

Å Quickly reinforces good paths once 

found 

Å Uses past successful routes to guide 

future searches 

Å Slow convergence. 

Å Sensitive to pheromone evaporation 

and heuristic weights. 

Å Computationally intensive. 

PSO 

Å Very simple to implement 

Å Few control parameters 

Å Fast convergence 

Å Prone to premature convergence. 

Å Can get trapped in local optima. 

Å Limited diversity late in search. 

FA 

Å Strong global exploration 

Å Good at escaping local minima via 

attractiveness 

Å Slow convergence. 

Å Multiple parameters to tune. 

FA-PSO 

Å Balances FAôs exploration with PSOôs 

fast exploitation 

Å Improves solution quality and 

convergence 

Å More robust across different problems 

Å Increases algorithmic complexity. 

Å More parameters to tune. 

Å Higher computational overhead. 

 

3.7 Energy Management Strategy 

The process illustrated in the flowchart (Figure 16) outlines the energy management and 

sizing strategy. When power generated by RESS surpasses the load demand, the excess 

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

maximum capacity (Ὓὕὅ .  

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 minimum charge level 

Ὓὕὅ . If not, the LPSP will be updated before the return [24]. 
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Figure 16 - Flowchart of energy management system 

3.8 Statistical Analysis 

In order to analyze the performance of the optimization, three statistical parameters are 

defined [63]: 

Å Mean absolute error: 

MAE is the calculation of average absolute difference between the predicted (minimum) and 

actual values, and it is calculated as Eq.(38). 

 ὓὃὉ
В

. (38) 

Å Root mean square error: 

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

actual values, and it is calculated as Eq.(39). 
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 ὙὓὛὉ
В

. (39) 

Å Relative error: 

RE is calculated as the ratio of the absolute error to the predicted (minimum) value, and it is 

calculated as Eq.(40). 

 ὙὉ
В

. (40) 

where in all three errors, ὼ is the actual values of the optimization solutions, ὼ  is the 

minimum value of the optimization result (best NPC), and ὔ is 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® CoreÊ i7-12700K 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 from literature are applied to the system: 

Å Firefly Algorithm (FA) 

Å Particle Swarm Optimization (PSO) 

Å Ant Colony Optimization (ACO) 

Å Genetic Algorithm (GA) 

The top two algorithms are selected to generate the hybrid algorithm based on the 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 off-grid system in a coastal community in Halifax, Nova Scotia, 

Canada (44°39'N, 63°35'W), and the location is shown in Figure 17.  This grid is tailored to 

meet a base load of 165.24 kWh/day, with a maximum power capacity of 24.57 kW. The 

essential meteorological data related to solar irradiance, ambient temperature, wind speed, 

water speed, and hourly annual load demand are collected from [67] and [68]. 

 

Figure 17 ï 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 that bridges the two 

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 solar-generated DC power is transmitted to the 

AC side when required through the converter, which ensures compatibility between 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 

exceeds demand and converts DC power from the battery or solar panels to AC to supply the 

load when demand surpasses the instantaneous generation from RESS. Efficient 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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Figure 18 - 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 of solutions, 

initial values for these components must be defined. For selecting initial values, real-world 

case studies for similar grids, resource availability, demand, and practical constraints 

should be considered.  

For PV panels, these considerations are listed as follows [24]: 

¶ Average daily solar irradiance in Halifax. 

¶ Required energy contribution from solar panels. 

¶ Panel efficiency and capacity per unit. 

For wind turbines, these considerations are listed as follows [19][55]: 

¶ Average wind speed at the installation site. 

¶ Power output per turbine. 

¶ Space constraints and capital cost. 

For tidal turbines, these considerations are listed as follows [11]: 

¶ The tidal current velocity in Nova Scotiaôs Bay of Fundy. 

¶ High predictability of tidal energy. 
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¶ Cost and maintenance concerns. 

For BESS, these considerations are listed as follows [55]: 

¶ Battery type (Lead-acid or Li-ion) and degradation characteristics. 

¶ Expected daily energy storage requirement. 

¶ SOC constraints. 

Setting initial values should start with reasonable mid-range 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 

Tables 2, 3 and 4 show the wind and tidal turbines specifications, PV panels and converter 

and the battery energy storage specifications, respectively. 

All the tables provide 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 each component to ensure 

affordability. All information is extracted from HOMER Pro's built-in database. 

Table 3 ï Wind turbine and tidal turbine specifications 

Wind Turbine 

Parameters 
Values 

Tidal Turbine 

Parameters 
Values 

Rated power 10 KW Rated power 20 KW 

Cut in speed 4 m/s Cut in speed 1 m/s 

Cut out speed 25 m/s Cut out speed 5 m/s 

Rated Speed 12 m/s Rated Speed 3 m/s 

Capital and 

replacement costs 
$50,000 

Capital and 

replacement costs 
$125,000 

Operation and 

maintenance costs 
$500 

Operation and 

maintenance costs 
$700 

Lifetime 20 years Lifetime 20 years 

Hub height 24 m Size 2.3m × 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. The cut-in speed represents the minimum wind 

or tidal speed required for the turbines to start generating power, while the cut-out 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 contribute [69]. 

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 20 that are extracted from HOMER database to present the wind turbine 

and tidal power curves showing cut-in speed, cut-out speed and rated speed. 

 

Figure 19 ï Wind turbine power curve 
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Figure 20 ï Tidal turbine power curve 

 

Table 4 - PV panels and converter specifications 

PV panels 

Parameters 
Values 

Converter 

Parameters 
Values 

Rated Capacity 4.4 KW Relative Capacity 100% 

Temperature 

Coefficient 
-0.41 Inverter Efficiency 95% 

Operating 

Temperature 
45 °C Rectifier Efficiency 95% 

Efficiency 17.3% Capital costs $300 

Capital and 

replacement costs 
$3,000 Replacement costs $300 

Operation and 

maintenance costs 
$10 

Operation and 

maintenance costs 
$1000 

Lifetime 25 years 

Lifetime 15 years 
Panel type Flat 
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Table 3 presents 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 cost-effective 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). 

Table 5 - Battery energy storage specifications 

BESS I Parameters Values BESS II Parameters Values 

Type Li -ion Type Lead Acid 

Nominal voltage 720 V Nominal voltage 8 V 

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% 

Replacement 

degradation limit 
30% 

Replacement 

degradation limit 
20% 

Capital costs $60,000 Capital costs $2806 

Replacement costs $36,000 Replacement costs $2806 

Operation and 

maintenance costs 
$6000 

Operation and 

maintenance costs 
$10 

Table 4 compares two types of BESS: Lithium-ion (Li-ion) and Lead-acid, 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 charge storage potential. The SOC is 5% for Li-ion and 40% for Lead-acid, 

meaning Li-ion batteries can be discharged deeper before affecting their lifespan, making 

them more flexible in energy storage applications. 
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The replacement degradation limit represents the batteryôs end-of-life threshold, after 

which it needs replacement. This factor is crucial in long-term cost optimization, as 

frequent replacements increase total system costs. 

4.4 Heuristic Techniques Optimization Results 

Four different heuristic algorithms, GA, ACO, FA, and PSO are employed, each working 

with different computational strategies to minimize the NPC while maintaining system 

reliability based on LPSP. The results are presented in three main aspects: optimization 

results, statistical analysis, and convergence curves. 

4.4.1 Genetic 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 on the fitness function, 

which minimizes NPC while satisfying LPSP constraints. The algorithm iteratively selects 

the best-performing solutions and applies crossover and mutation operations to generate 

new configurations, ensuring diversity in the population while refining solutions toward 

optimality. Settings for GA are stated as below: 

Population size = 30 

Number of generations = 100   

Crossover probability = 0.8   

Mutation probability = 0.1 

4.4.1.1 Results with Lead Acid Battery 

 According to the results in table 5, GA achieved an NPC of $587,114 at 0% LPSP, using 

50 PV panels, 1 wind turbine, 1 tidal turbine, and 2 lead-acid batteries. As LPSP increased 

to 5%, the NPC slightly decreased to $584,614, indicating that allowing a slight power 

supply loss results in cost savings. 

The statistical results in table 6 show 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% LPSP. Also, GA 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 in Figure 21 shows rapid improvement in the first few 

iterations, stabilizing around the best solution, confirming that the algorithm effectively 

finds an optimal configuration without excessive computation. 

Table 6 ï Optimization results for GA ï Lead Acid battery 

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

GA 

0% $587,114 50 1 1 2 

2% $586,114 50 1 1 2 

5% $584,614 50 1 1 2 

 

Table 7 ï Statistical analysis results for GA ï lead acid battery 

Algorithm  LPSP MAE  RMSE RE 

GA 

0% 5816.14 48245.98 0.99 

2% 12554.88 65919.35 2.14 

5% 12748.48 61624.11 2.18 

 

4.4.1.2 Results with Li -ion Battery 

The results in table 7 show that GA achieved an NPC of $779,683 at 0% LPSP, with a 

configuration of 50 PV panels, 1 wind turbine, 1 tidal turbine, and 2 Li-ion batteries. When 

LPSP was increased to 5%, the NPC slightly decreased to $777,183, indicating that a slight 

relaxation of reliability constraints allows for cost savings without changing the system 

configuration.  

The statistical analysis for GA in table 8indicates 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, increasing 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 in Figure 21 confirms that it stabilizes quickly within the 

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

Table 8 - Optimization results for GA ï Li -ion battery 

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

GA 

0% $779,683 50 1 1 2 

2% $778,683 50 1 1 2 

5% $777,183 50 1 1 2 

 

Table 9 - Statistical analysis results for GA ï Li -ion battery 

Algorithm  LPSP MAE  RMSE RE 

GA 

0% 8159.99 57699.91 0.01 

2% 38712.62 223157.99 0.04 

5% 20218.95 118079.47 0.02 

 

 

Figure 21 - Convergence curves for GA 
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4.4.2 ACO Results 

ACO is known for requiring a larger search space exploration before converging to an 

optimal solution, which can sometimes lead to slow performance. The settings of ACO 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 Information) = 2.0 

Initial Pheromone = 1.0 

4.4.2.1 Results with Lead Acid Battery 

The results in table 9 indicate 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 NPC of $567,137. 

According to table 10, ACO 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% LPSP. ACO 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 ACO struggles to 

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

In comparison to GA, ACO's convergence curves in Figure 22 show 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. 

Table 10 - Optimization results for ACO ï Lead acid battery 

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

ACO 

0% $823,411 86 1 1 15 

2% $605,085 62 1 1 2 

5% $567,137 55 1 1 3 
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Table 11 - Statistical analysis results for ACO ï Lead acid battery 

Algorithm  LPSP MAE  RMSE RE 

ACO 

0% 82627.90 181026.89 10.03 

2% 109770.43 239339.82 18.14 

5% 143289.77 291022.64 25.26 

 

4.4.2.2 Results with Li-ion Battery 

According to table 11, ACO produced a higher NPC than GA, reaching $1,003,180 at 0% 

LPSP, with a system configuration of 96 PV panels and 2 Li-ion batteries, significantly 

increasing system cost. As LPSP increased to 5%, the NPC dropped to $724,220, but the 

system still required 50 PV panels, 1 wind turbine, 1 tidal turbine, and 2 batteries, showing 

inefficient resource allocation. The statistical analysis in table 12 indicates extremely high 

MAE and RMSE values, with MAE at 474,580.11 at 0% LPSP and RMSE at 797,863.72, 

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. The convergence 

curve for ACO in Figure 22 shows a slow and unstable decline in NPC values, indicating 

its inefficient search performance. 

Table 12 - Optimization results for ACO ï Li -ion battery 

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

ACO 

0% $1,003,180 96 1 1 2 

2% $845,750 53 1 1 3 

5% $724,220 50 1 1 2 

 

Table 13 - Statistical analysis results for ACO ï Li -ion battery 

Algorithm  LPSP MAE  RMSE RE 

ACO 

0% 474580.11 797863.72 0.47 

2% 272707.65 611172.53 0.32 

5% 308281.34 619301.38 0.42 

 



 51 

 

Figure 22 - Convergence curves for ACO 

4.4.3 FA results 

Unlike GA, which relies on genetic variation, FA is gradient-free, making it well-suited for 

highly non-linear 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 

4.4.3.1 Results with Lead Acid Battery 

According to table 13, FA outperformed both ACO and GA, achieving an NPC of $537,643 

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 NPC to $535,134 while maintaining the same 

system configuration, indicating its robustness in handling system constraints.  

In table 14, it can be seen that FA 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 solutions. FA's performance is better than ACO's but 

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

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

but it quickly stabilizes. FA reaches a better solution faster than ACO but slower than GA. 

The improved results suggest that FAôs exploratory nature helped avoid premature 

convergence, making it more effective in balancing cost and system reliability. 

Table 14 - Optimization results for FA ï Lead acid battery 

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

FA 

0% $537,643 50 1 1 2 

2% $536,643 50 1 1 2 

5% $535,134 50 1 1 2 

 

Table 15 - Statistical analysis results for FA ï Lead acid battery 

Algorithm  LPSP MAE  RMSE RE 

FA 

0% 108050.93 206971.02 20.09 

2% 66785.80 153036.90 12.44 

5% 85348.37 161041.99 15.94 

 

4.4.3.2 Results with Li-ion Battery 

According to table 15, FA outperformed both GA and ACO, achieving an NPC of $730,234 

at 0% LPSP and reducing it slightly to $727,734 at 5% LPSP. The system configuration 

remained consistent with 50 PV panels, 1 wind turbine, 1 tidal turbine, and 2 Li-ion 

batteries across all LPSP levels. The statistical analysis in table 16 indicates 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 curve in Figure 23 for FA indicates an initial broad search phase, 

followed by a rapid stabilization around the optimal solution, showing a well-balanced 

exploration-exploitation process. 
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Table 16 - Optimization results for FA ï Li -ion battery 

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

FA 

0% $730,234 50 1 1 2 

2% $729,234 50 1 1 2 

5% $727,734 50 1 1 2 

 

Table 17 - Statistical analysis results for FA ï Li -ion battery 

Algorithm  LPSP MAE  RMSE RE 

FA 

0% 104857.02 388417.18 0.14 

2% 148890.99 528102.88 0.17 

5% 107258.72 406226.87 0.14 

 

Figure 23 - Convergence curves for FA 

 

4.4.4 PSO results 

The settings for PSO are stated as below: 

Population size = 30 

Number of generations = 100 

Initial inertia weight = 0.7 
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Cognitive component = 1.5 

Social component = 1.5 

Maximum velocity = 0.3  

4.4.4.1 Results with Lead Acid Battery 

According to table 17, PSO provided the best results among all algorithms, achieving the 

lowest NPC of $520,139 at 0% LPSP, with a configuration of 48 PV panels, 1 wind turbine, 

1 tidal turbine, and 11 batteries. At 5% LPSP, PSO further reduced NPC to $484,528, 

requiring 44 PV panels and 8 batteries, demonstrating superior cost-effectiveness.  

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 reducing 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 PSO in Figure 24 shows rapid improvement in the first few 

iterations and then stabilizes earlier than the other algorithms. This efficiency confirms 

PSOôs strong performance in multi-objective optimization problems. 

Table 18 - Optimization results for PSO ï Lead acid battery 

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

PSO 

0% $520,139 48 1 1 11 

2% $487,353 45 1 1 7 

5% $484,528 44 1 1 8 

 

Table 19 - Statistical Analysis results for PSO ï Lead acid battery 

Algorithm  LPSP MAE  RMSE RE 

PSO 

0% 67971.39 102102.10 0.13 

2% 10162.95 69833.38 0.02 

5% 126128.95 187878.28 0.26 
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4.4.4.2 Results with Li-ion Battery 

According to table 19, PSO achieved the lowest NPC of $704,596 at 0% LPSP, reducing 

further to $687,632 at 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 2 Li-ion batteries. This suggests that PSO 

minimizes costs 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 zero (0.003 at 0% 

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. 

Table 20 - Optimization results for PSO ï Li -ion battery 

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

PSO 

0% $704,596 21 1 1 4 

2% $691,021 14 1 1 2 

5% $687,632 10 1 1 2 

 

Table 21 - Statistical Analysis results for PSO ï Li -ion battery 

Algorithm  LPSP MAE  RMSE RE 

PSO 

0% 2641.0 18674.69 0.003 

2% 24449.22 63919.55 0.035 

5% 10495.10 60962.51 0.01 
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Figure 24 - Convergence curves for PSO 

The results demonstrate that PSO consistently outperforms all other algorithms, achieving 

the lowest NPC for both Li-ion and Lead-acid batteries while converging faster with fewer 

system components. FA appears as the second-best algorithm, maintaining a strong 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 and FA. ACO is the least 

efficient algorithm since it produces significantly higher NPC values and struggles with 

convergence and accuracy, making it unsuitable for cost-sensitive 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 cost-effectiveness. 

4.5 Hybrid Technique Optimization Result 

From the results presented in section 4.4, the top two algorithms are used to generate a 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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Table 21 shows the optimization results with FA-PSO algorithm. As can be seen, the best 

NPC with lead acid battery is $460,874. On the other hand, the best NPC with li-ion 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 results in section 

4.4, the hybrid FA-PSO technique outperforms all other techniques. 

The Hybrid FA-PSO technique shows a higher RE compared to PSO algorithm according to 

table 22, and this is due to its enhanced exploration capability, allowing it to reach a better 

minimum objective function value.  

Table 22 - Optimization Results for FA-PSO (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 

 

Table 23 - 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 

Figures 25 and 26 show the 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 convergence of FA. 
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Figure 25 - Convergence curves comparison of hybrid FA-PSO for lead acid battery 

 

Figure 26 - Convergence curves comparison of hybrid FA-PSO for Li-ion battery 
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4.6 HOMER Results 

HOMER Pro is software 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 cost. HOMER Pro uses two optimization algorithms. The original grid search 

algorithm simulates all feasible system configurations defined by the Search Space. In 

contrast, the HOMER Optimizer® employs a proprietary derivative-free algorithm to 

identify the least expensive system configuration [70]. 

The same search space of HOMER for the components are used with the hybrid FA-PSO 

method to find the best NPC. 

 

Figure 27 - Standalone PV/WT/Tidal/BESS configuration in HOMER 

Table 24 ï Optimization results comparison of HOMER and FA-PSO, Li-ion battery 

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

HOMER - $1,688,996 9 5 1 8 

FA-PSO 

0% $1,442,890 26 4 1 8 

2% $1,376,780 15 4 1 8 

5% $1,328,700 7 5 1 8 
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Figure 28 ï Convergence curves for hybrid FA-PSO using the search space of HOMER, 

Li -ion battery 

According to Table 23, the best NPC using HOMER is $1,688,996, with 9 PV panels, 5 

wind turbines, 1 tidal turbine and 8 li-ion batteries in the battery bank. However, the 

proposed hybrid FA-PSO outperforms the HOMER optimization with lower NPCs 

considering different thresholds of LPSP. 

Table 25 - Optimization results comparison of HOMER and FA-PSO, lead acid battery 

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

HOMER - $1,153,678 9 5 1 43 

FA-PSO 

0% $899,246 8 5 1 53 

2% $868,230 15 5 1 40 

5% $826,160 8 5 1 40 
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Figure 29 - Convergence curves for hybrid FA-PSO using the search space of HOMER, 

lead acid battery 

According to Table 24, the best NPC using HOMER is $1,153,678, with 9 PV panels, 5 

wind turbines, 1 tidal turbine and 43 lead acid batteries in the battery bank. However, the 

proposed hybrid FA-PSO 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 hybrid FA-PSO algorithm is applied to 

another site (standalone PV/WT/BESS grid in Figure 30) at Sinai in Egypt. Components 

specifications are included in Tables 25 and 26. Complete information can be found in [24].  

 

Figure 30 ï Standalone PV/WT/BESS grid at Sinai in Egypt 
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Table 26 - Wind turbine and PV panels specifications at Sinai in Egypt 

Wind Turbine 

Parameters 
Values PV Panels Values 

Rated power 10 KW Model Polycrystalline 

Cut in speed 3 m/s Rated Capacity 265 W 

Cut out speed 25 m/s 
Temperature 

Coefficient 
-0.41 

Rated Speeds 12 m/s 
Operating 

Temperature 
45 °C 

Capital and 

replacement costs 
$5050/unit Efficiency 16.3% 

Operation and 

maintenance costs 
$10/unit 

Capital and 

replacement costs 
$450/kW 

Lifetime 20 years 
Operation and 

maintenance costs 
- 

Hub height 15 m Lifetime 25 years 

 

 

Table 27 - Battery and converter specifications at Sinai in Egypt 

BESS Values 
Converter 

Parameters 
Values 

Type 
Hoppecke- deep 

cycle battery 
Rated Power 26 kW 

Nominal capacity 1000 Ah Inverter Efficiency 85% 

Nominal voltage 2 V Capital costs $110/kW 

Max. DOD 80% Replacement costs $110/kW 

Capital and 

replacement costs 
$50/unit 

Operation and 

maintenance costs 
$1000 

Operation and 

maintenance costs 
$5/unit Lifetime 20 years 

Lifetime 5 years   

 

Table 27 shows that the proposed FA-PSO algorithm has a better performance compared to 

the grey wolf algorithm (GWO) and HOMER software which were used originally for that 
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site. With HOMER, the best NPC is $175,605, with GWO it is $146,400 (assuming LPSP = 

0%), however with FA-PSO it is $139,665 with similar number of components. 

The convergence curves for applied FA-PSO are shown in Figure 31. 

Table 28 - 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 

GWO 

0% $146,400 420 7 336 

2% $132,160 320 7 320 

5% $120,210 294 5 352 

FA-PSO 

0% $139,665 337 5 465 

2% $125,679 365 5 300 

5% $117,927 300 5 300 

 

 

Figure 31 - Convergence curves for FA-PSO applied to standalone PV/WT/BESS grid) at 

Sinai in Egypt, Sinai. 
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4.8 Analysis of SOC, Charging and Discharging of Batteries 

 

Figure 32 - SOC over time for li-ion battery 

 

 

Figure 33 - SOC over time for lead acid battery 
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