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 This study utilizes grid-connected microgrids using photovoltaics (PVs) and 

wind turbines (WTs) in a residential system. For improved reliability, the 

system uses battery storage and diesel generators (Dgen). The proposed 

system uses supervisory controllers (as a rule-based energy management 

system) for energy management strategy implementations. The essence of 

using the grey wolf optimizer (GWO) is to strategize the rule-based energy 

management system in the proposed microgrid operations. The primary 

objectives are to achieve a low levelized cost of energy (LCOE) and 

determine the optimal number of microgrid components. The performance of 

the GWO is compared with three other optimization algorithms, namely, 

antlion optimizer (ALO), particle swarm optimizer (PSO), and cuckoo 

search algorithm (CSA), for benchmarking purposes. The findings indicate 

that the proposed GWO supersedes ALO, PSO, and CSO in energy cost 

reduction by 30.3% (0.0448 $/kWh), 65.6% (0.0971 $/kWh), and 120% 

(0.1774 $/kWh), respectively. The suggested algorithm selects the optimum 

number of the system’s components, which is 46 PV modules, 30 wind 

turbines, and 10 units of batteries. An improved GWO-based algorithm 

based on hybridization with gradient descent algorithms is envisaged to 

implement a customer-centered energy management that can ensure 

customer satisfaction and further reduce energy cost. 
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1. INTRODUCTION 

Over the last century, the main contributor to climate change has been high carbon emissions. 

The combustion of fossil fuels produces between 70% and 75% of carbon emissions worldwide. 

The foregoing is considered to be the main contributor to the increasing global warming. Hence, mitigation 

of global warming has become one of the major environmental challenges of the present time due to the high 

increase in carbon emissions recorded annually [1]. Interest in harnessing renewable energy sources (solar 

and wind energy) has grown as a result of the decline in the use of fossil fuels, which includes the exhaustion 

of fossil fuel supplies, transportation of fuel, high operational costs, and fuel price fluctuations. Furthermore, 

the rate of increase in climate change affects renewable energy supplies. The foregoing factors motivated an 

investigation into hybrid energy systems to reduce environmental damage and harness the inexhaustible 

https://creativecommons.org/licenses/by-sa/4.0/
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renewable energy resources [2], [3]. Furthermore, these renewable energy sources (RESs) provide greater 

viability and ecological sustainability, presenting an alternative option to traditional energy systems. The 

implementation of renewable energy (RE) systems may promote economic growth, provide job opportunities, 

and improve general human well-being [4]. However, the unpredictable nature of these RESs necessitates the 

use of a storage device as a backup. To ensure the successful integration of RESs and energy storage systems 

(ESS) in microgrids, a meticulously designed and synchronized energy management scheme (EMS) is crucial 

to prevent extraneous expenses. 

The fundamental concepts of microgrids as multi-energy systems have been elucidated in the 

literature. Multiple studies have investigated the effective control, capacity, and performance of hybrid 

renewable energy systems that include battery storage units. The scholar in [5] presented a rule-based 

algorithm and a metaheuristic optimization method known as the Levy flight algorithm (LFA) for the EMS of 

an autonomous hybrid renewable energy system, which employs a hydrogen and battery units as a storage 

system. The study in [6] proposed a hybrid system integrated with a utility grid. They used the ALO 

technique for sizing the components of the system using a rule-based energy management strategy to control 

the flow of power in the proposed microgrid. It is proposed in [7] that a standalone microgrid was integrated 

with renewable energy, diesel generators, and battery storage with environmental considerations to produce a 

new model for charging stations and employed the Giza pyramids construction algorithm (GPCA) for 

levelized cost of energy reduction. Adar et al. [8] created an independent photovoltaic energy generation 

system utilizing a multi-level DC–DC boost converter integrated with an artificial neural network-based 

maximum power point tracking technique to optimize power extraction under fluctuating irradiance and load 

conditions. The proposed method produced better voltage gain, quicker MPPT tracking, and less current 

ripple. However, grid-tied operation was not taken into account; instead, the study concentrated on PV 

performance at the component level. Due to the substantial expense of the microgrid, selecting a superior 

metaheuristic algorithm is essential. A little enhancement in the metaheuristic algorithms may significantly 

impact the estimated optimum capacity of the subsystems. Table 1 (see Appendix) demonstrates the critical 

analysis of the literature’s optimization techniques, objectives, key findings, and limitations related to the 

microgrid system [9]-[16]. 

This study focuses on the integrated formulation by merging a rule-based energy management 

system with novel conditional renewable energy scenarios, which demonstrate unique priorities, control 

strategies, and optimization framework employed for the proposed grid-connected microgrid. Systematically 

comparing four sophisticated metaheuristic algorithms under uniform datasets and energy management 

restrictions, producing thorough analytical insights. In contrast, the previous studies often emphasize either 

system sizing or operational control independently. The following is a brief outline that delineates the main 

contributions of this study.  

˗ The sizing approach of the proposed microgrid relies on a grid-connected photovoltaic/wind 

turbine/battery/diesel generator configuration, which emulates real microgrid performance. When PV and 

WT generate more energy than is required, the surplus energy will be sold to the grid; however, if surplus 

energy cannot fulfil the demands, the battery bank and diesel generator will supply the demands. If the 

energy produced from diesel and battery is not available, the proposed system will buy energy from the grid 

to meet the demands. 

˗ A set of rule-based meta-heuristic algorithms has been implemented for creating a microgrid energy-control 

strategy and extracting concepts through the simulation system shown in Figure 1. It indicates that this 

particular EMS manages the flow and distribution of energy among the various microgrid components. 

˗ A benchmark analysis is conducted among four algorithms to find the best optimal configuration of 

microgrid components, improve the use of renewable resources, and obtaining minimum value of LCOE.  

˗ The study's findings show that the proposed system has improved the use of renewable resources, obtained 

an optimal system configuration, and reduced the LCOE. 

In this research, a proposed five-step methodology for the design and optimization of a microgrid is 

introduced. The methodology involves the metrological data set, customer demand profiles, technical 

specifications of system components, and economic information. Figure 2 indicates the execution flow of the 

proposed system. The conceptual framework indicates how the sequence is arranged in phases, starting with 

data collection, proceeding through microgrid system configuration, energy management formulation, system 

sizing, simulation, result compilation, and analysis. Figure 2 illustrates the systematic representation of the 

research methodology used in the study to achieve the objective functions (minimizing LCOE, enhancing the 

utilization of renewable resources, and obtaining the optimal number of system components).  

The rest of the paper is arranged as follows: Section 2 presents the case study as an overview with 

the aim of highlighting geographical location and the underlying weather parameters. Section 3 discusses the 

data collection approach (load demand and climatological data) of the proposed system in the research zone. 

Section 4 demonstrates the configuration and control framework of the grid-connected microgrid of the 

proposed system design. Section 5 introduces the mathematical modeling formulas for a grid-connected 
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microgrid employing diesel generators (Dgen) and energy storage system in conjunction with renewable 

energy systems. Section 6 studies and employs a supervisory control algorithm utilizing rule-based energy 

management strategies for managing power flow. Section 7 discusses the main objective functions with its 

constraint. Section 8 describes the implementation of the proposed algorithm (GWO) through descriptions 

and formulation, including benchmarking and optimization controlling parameters among four algorithms. 

Section 9 presents and discusses the findings of the proposed algorithm (GWO) with its counterparts (ALO, 

PSO, and CSA). Section 10 presents the technical justification of choosing GWO in the proposed microgrid. 

Finally, section 11, as a conclusive part of the paper, summarizes the research direction, procedure, and 

findings.  
 

 

 
 

Figure 1. The architecture of the proposed microgrid for the research area 
 

 

 
 

Figure 2. A systematic overview of system modeling for achieving the study objectives 
 

 

2. CASE STUDY 

This study focuses on the capital city of Iraq (Baghdad), situated centrally at a latitude of 33.3152° 

N and a longitude of 44.3661° E. This country is located in the MENA region (Middle East and North 

Africa). The daily average global solar irradiation in Iraq demonstrates remarkable geographical variation. 

The maximum value is shown in the desert areas and western surface, while the central and southern parts 

exhibit values between 4750 and 5000 Wh/m²/day. Studies indicate that Baghdad receives approximately 
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3,000 hours of solar irradiation each year. The monthly average wind speeds are 4.3 m/s in Baghdad, 4.3 m/s 

in Kerbela, 3.8 m/s in Tikrit, 2.8 m/s in Diwaniya, and 2.4 m/s in Kirkuk, as recorded by meteorologists. 

Additionally, the direct normal irradiance at the research site has varied between 5.4 and 5.5 kWh/m²  

[17], [18]. 

The geographical location of this study is characterized by four different seasons: winter, spring, 

summer, and autumn. The hourly data for an individual year have been collected, which include the ambient 

temperature (ranging from 8 to 51 °C), wind speed (varying from 1 to 10 m/s), solar irradiance (ranging from 

5.1 to 7 kWh/m²/day), and load demand (varying from 2 to 7 kW/day). The data was acquired from the 

Renewable Energy Research Centre (RERC) in Iraq. This study combined solar and wind energy sources to 

meet the load demand. The storage battery banks have been used to address cloudy days, such as overcast or 

unfavorable weather. Further more thorough comprehension of consumer load requirements for various 

renewable energy sources has been attained via data analysis.  
 
 

3. DATA COLLECTION 

Iraq has an abundance of renewable energy sources, mostly solar and wind energy. The microgrid is 

evaluated for ten residential houses connected to the utility grid in Baghdad, Iraq. This study utilizes the load 

demand and climatological data in the specific equations to determine the generated power that is produced 

for the whole year. The proposed system has been modelled using actual metrological data. These data are 

recorded every single hour for the entire year (01/01/2023 to 31/12/2023). In addition, these data were 

collected from a ground-based meteorological station (Davis Instruments Vantage Pro 2), which was installed 

at the Ministry of Science and Technology (coordinates at 33.277193 latitude and 44.388113 longitude). It 

has a pyranometer, an anemometer, and a thermometer to measure the solar irradiance, wind speed, and 

ambient temperature, respectively. Figures 3, 4, and 5 illustrate the graphical representation of hourly data of 

wind speed, solar irradiance, and ambient temperature, respectively.  

Energy demand has been collected and hourly recorded from local meters (installed by the Ministry 

of Electricity) in the residential house. The preprocessing steps used linear interpolation to impute missing 

data points. The processed data were classified into seasonal load variation in 2023 for the study area. Table 

2 includes the average daily load, energy demand, and maximum daily load for each season. The load profile 

of the research region is predicated on seasonal fluctuations: summer (June, July, August), autumn 

(September, October, November), winter (December, January, February), and spring (March, April, May). 

Figure 6 depicts the load demand of all seasons. Data analysis is essential for a comprehensive knowledge of 

user load needs from various renewable energy sources. Summer demonstrates the peak load demand across 

all seasons and displays the greatest sensitivity to hourly fluctuations. In the early mornings (1:00 am–5:00 

am), observe a decline in load demand, which reaches a low around 4:00 am due to a reduction in ambient 

temperature, thereby reducing the need for continuous cooling loads. The demand rises dramatically between 

6:00 am and 8:00 am when appliances and cooling systems come online due to customers' needs. A relative 

decrease in demand starting at 9:00 am to 1:00 pm due to thermal energy storage and switching off the 

cooling systems (customers joining their work and left houses). During the late afternoon (2:00 pm), a 

comparatively high and continuously increasing demand is noticeable, indicating peak demand at 9:00 pm 

due to the increase in the ambient temperature, turning on the appliances, and continuous cooling loads. After 

10:00 pm, the demand gradually decreases due to the switching off the appliances, except the cooling 

systems.  

The demand levels in the winter load profile are moderate to high and clearly vary throughout the 

day. The fluctuation of demands follows approximately the same variance in summer with lower demands. 

Spring and autumn have the smoothest weather variance due to the stable climate change, thereby resulting in 

the lowest load demand. During these two seasons, the fluctuation of demand profile exhibits the same 

variance in Winter due to utilizing to the heating systems. While in autumn the demand reduces to a 

minimum level, such as at 1:00 am and at 11:00 a due to the elimination of the need for cooling devices. 
 

 

 
 

Figure 3. Annual data for wind speed in Baghdad/Iraq 
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Figure 4. Annual data for solar irradiance in Baghdad/Iraq 
 

 

 
 

Figure 5. Annual data for ambient temperature in Baghdad/Iraq 
 

 

 
 

Figure 6. Daily load profile for a residential house in Baghdad, Iraq 
 

 

Table 2. Seasonal load variation for the individual year (2023) in Baghdad/Iraq 
Seasons Average daily load (kW)/season Maximum daily load/season(kW) Seasonal energy demands (MWh) 

Winter 95.7 121.17 206.71 

Spring 68.26 90.98 150.72 

Summer 107.70 142.51 237.81 
Autumn 77.33 101.62 168.89 

 

 

4. DESIGN OF THE PROPOSED MICROGRID  

Numerous studies focus on microgrid operation scheduling, planning, and optimization. The hybrid 

proposed system shown in Figure 1 comprises renewable energy systems (photovoltaic and wind turbines), 

battery storage, diesel generators, and the AC residential load connected to the utility grid. This figure depicts 

the configuration and control framework of the grid-connected microgrid designed to meet the load demands 

of residential units. An AC-to-DC inverter links a wind turbine, while the photovoltaic array is connected via 

a DC-to-DC converter. Furthermore, the battery bank is linked via a bilateral DC-to-DC converter to 

facilitate the bidirectional conversion of power between AC and DC. The centralized controller and charger 

collaborate to coordinate the power flow to and from the battery bank. Moreover, it regulates the available 

energy among the integrated system components by utilizing an EMS [19], [20]. 
 

 

5. MODELING AND PARAMETERS OF THE PROPOSED MICROGRID 

The physical and control architecture of the proposed system is designed to meet the demand of the 

residential loads in Iraq, as indicated in Figure 1. Modeling is the process of determining objectives, 

variables, and limitations associated with particular scenarios. Numerous papers have documented 

mathematical modeling formulas for a grid-connected system employing Dgen in conjunction with renewable 

energy resources. The modeled formulas of the RESs are extensively used by researchers to include all 

system components [21], [22].  
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5.1.  Photovoltaic system 

Various simulation models have been proposed in the literature [22]-[25] to compute the output 

power of solar systems. To determine the predicted output power of the PV system, the model must use the 

manufacturer's parameters together (see Table 3) with time-series data on solar irradiation and ambient 

temperature [26]-[30]. The model equation is presented in [24], [25], [31] and shown in (1) to ascertain the 

anticipated output power from the PV system. 
 

𝑃𝑝𝑣_𝑜𝑢𝑡 = 𝑃𝑝𝑣_𝑟𝑎𝑡𝑒𝑑 ×
G𝑡(t)

1000
× [1 + 𝛼𝑡(𝑇𝐶 − 𝑇𝐶_𝑆𝑇𝐶)] (1) 

 

Where 𝑃𝑝𝑣_𝑜𝑢𝑡 represents the output power of the photovoltaic module measured in watts (W); 𝑃𝑝𝑣_𝑟𝑎𝑡𝑒𝑑 is 

the rated power of the photovoltaic module under standard test conditions (STC) measured in watts (W); 

G𝑡(t) represents the hourly solar irradiance data measured in watts per square meter (W/m²); 𝛼𝑡   specify the 

temperature coefficient of the solar module, which is −3.6×10−3 (1/C°); and 𝑇𝐶_𝑆𝑇𝐶 represents the cell 

temperature under standard test conditions, typically established at 25 °C. 𝑇𝐶  denotes the cell temperature in 

degrees Celsius (°C), calculable by (2) [24]-[26], [31], [32]. 
 

𝑇𝐶 = 𝑇𝑎𝑚𝑏 + 𝐺𝑡 ×
T𝑁𝑂𝐶𝑇−20

800
 (2) 

 

𝑇𝑎𝑚𝑏  denotes the ambient temperature in degrees Celsius (°C), derived from time-series data, T𝑁𝑂𝐶𝑇  denotes 

the nominal operating cell temperature in degrees Celsius (°C), and PV manufacturers specify the T𝑁𝑂𝐶𝑇  

value. The total power produced by photovoltaic panels (𝑃𝑝𝑣_𝑡𝑜𝑡𝑎𝑙) in watt is determined by multiplying the 

output power of the photovoltaic module (𝑃𝑝𝑣_𝑜𝑢𝑡) by the total number of photovoltaic modules in the system 

(𝑁𝑝𝑣) as depicted in (3) [25], [26]. 
 

𝑃𝑝𝑣_𝑡𝑜𝑡𝑎𝑙 = 𝑁𝑝𝑣 × 𝑃𝑝𝑣_𝑜𝑢𝑡 (3) 
 
 

Table 3. Economic and technical specifications of solar photovoltaic system 
Components Specifications Values Units 

Solar photovoltaic 
[26]-[30] 

Solar-rated power at STC 
Temperature coefficient 

Nominal operating cell temperature 

Efficiency 
Lifetime 

Investment cost 

Replacement cost 
Operation and maintenance cost 

0.5 
-0.36 

41± 3 

20.9 
20 

600 

350 
6 

kW 
%/oC 

oC 

% 
Years 

$/unit 

$/unit 
$/kWh/year 

 

 

5.2.  Wind power system 

The second renewable energy generator is the wind turbine, which is the most often used globally. It 

can harness the maximum amount of wind energy available during day hours and transform it into electrical 

power. Wind turbines are classified into two categories: vertical-axis turbines and horizontal-axis turbines. 

The horizontal-axis design is predominant among contemporary commercial wind turbines, whereby the 

blades spin parallel to the wind flow. The advantages of these turbines are increased efficiency, reduced cut-

in wind speeds, and lower costs per kWh of output. The (4) has been used for determining the output power 

generated from turbines [26], [33], [34] by utilizing the technical specification of wind turbines in Table 4. 
 

𝑃𝑊𝑇𝑜𝑢𝑡
= {  

0
𝑃𝑊𝑇𝑟𝑎𝑡𝑒𝑑

×

𝑃𝑊𝑇𝑟𝑎𝑡𝑒𝑑

𝑣(t) − 𝑣𝑐𝑢𝑡−𝑖𝑛

𝑣𝑟𝑎𝑡𝑒𝑑 − 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡

 

𝑣(𝑡) ≤ 𝑣𝑐𝑢𝑡−𝑖𝑛    𝑜𝑟    𝑣(𝑡) ≥ 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡  

𝑣𝑐𝑢𝑡−𝑖𝑛  <  𝑣(𝑡) < 𝑣𝑟𝑎𝑡𝑒𝑑 

 𝑣𝑟𝑎𝑡𝑒𝑑  <  𝑣(𝑡) < 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡                          (4) 

 

𝑃𝑊𝑇𝑜𝑢𝑡
 represents the output power generated by a wind turbine in kW and 𝑃𝑊𝑇𝑟𝑎𝑡𝑒𝑑

 denotes the rated output 

power in watts (W). Furthermore, 𝑣𝑟𝑎𝑡𝑒𝑑  denotes the rated wind speed in m/s, 𝑣𝑐𝑢𝑡−𝑖𝑛 signifies the low cut-in 

speed in m/s, whereas 𝑣𝑐𝑢𝑡−𝑜𝑢𝑡 indicates the high cut-out speed in m/s, 𝑣(𝑡) depicts the wind speed  at turbine 

hub height in m/s. The total output power generated by wind turbines (𝑃𝑇𝑊𝑇𝑜𝑢𝑡
) in kW can be calculated by 

multiplying 𝑃𝑊𝑇𝑜𝑢𝑡
 with the total number of installed wind turbines (𝑁𝑊𝑇) as illustrated by the following (5) 

[26], [33], [34]. 
 

𝑃𝑇𝑊𝑇𝑜𝑢𝑡
=  𝑃𝑊𝑇𝑜𝑢𝑡

× 𝑁𝑊𝑇 (5) 
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As shown in (6), the generated power from wind turbines may be computed more accurately by 

taking hub height (ℎ) into account [34]. Here, ℎ is defined as the correlation between altitude and wind 

velocity in m. 𝑣 denotes the rated velocity of the wind turbine in m/s, while 𝑣𝑟𝑒𝑓 is the speed of wind flow in 

(m/s). An anemometer measures them at a reference height of  ℎ𝑟𝑒𝑓  in m, while the hub height is indicated by 

ℎ. Furthermore, the landscape friction coefficient is denoted by 𝛾 ∗. This coefficient (γ*) varies among 

locations based on the topological surface of that region, which is used as 0.1 in a flat field and 0.25 in a non-

flat field. Figure 7 illustrates the power characteristics curve of the wind turbine. 
 

𝑣 = 𝑣𝑟𝑒𝑓 × (ℎ ℎ𝑟𝑒𝑓⁄ )𝛾∗ (6) 
 

 

Table 4. Economic and technical specifications for wind turbines 
Components Specifications Values Units 

Wind turbine 

[27], [28], [35], [36] 

 

Turbine rated power 

Cut-in speed (𝑉𝑐𝑢𝑡−𝑖𝑛) 

Cut-out speed (𝑉𝑐𝑢𝑡−𝑜𝑢𝑡) 
Rate Speed (𝑉𝑟) 

Blades diameter 

Lifetime 

Investment cost 
Replacement cost 

Operation and maintenance cost 

1 

2 

40 
9 

2.4 

20 
2300 

1500 

23 

kW 

m/s 

m/s 
m/s 

m 

Years 
$/unit 

$/unit 

$/kWh/year 

 

 

 
 

Figure 7. The operational region of the ideal power curve and wind speed [33], [34] 
 

 

5.3.  Battery energy storage system 

The energy produced by RERs (solar and wind energy) that is not always accessible has to be stored 

in a battery bank. It is utilized as backup energy that supplies homes on cloudy days. In (7) is used to 

determine the battery storage capacity in ampere-hours (Ah) [6] by depending on the technical specifications 

in Table 5. Here, 𝐶𝑏𝑎𝑡 represents the rated capacity of the rechargeable battery in Ah, and 𝐷auto  denotes the 

duration of days devoid of solar irradiance (autonomy days, which is 3-5 days). 𝐸𝑙𝑜𝑎𝑑  denotes the mean daily 

load required in kW, 𝑉𝑠𝑦𝑠 is the system operating voltage (48 volts), 𝐷𝑜𝐷 indicates the maximum permissible 

depth of discharge for the battery (80%) as indicated in Figure 8, and 𝜂𝑖𝑛𝑣 , 𝜂𝑏𝑎𝑡𝑡 indicate an inverter and 

battery efficiency of 95%, 85%, respectively. 
 

𝐶𝑏𝑎𝑡 =
𝐸𝑙𝑜𝑎𝑑×𝐷auto 

𝜂𝑏𝑎𝑡𝑡×𝜂𝑖𝑛𝑣×𝐷𝑜𝐷×𝑉𝑠𝑦𝑠
 (7) 

 
 

Table 5. Economic and technical specifications for battery bank 
Components Specifications Values Units 

Battery storage bank 

[24], [27], [28], [36] 

 

 

 

 

 

 

Battery nominal voltage 
Nominal capacity 

Lifetime 

Efficiency 
Initial SoC of battery 

SoCmin 

SoCmax 
Depth of discharge (DoD) 

Initial capital cost 

Replacement cost 

Operation and maintenance cost 

12 
40 

5 

85 
100 

20 

100 
0.8 

176 

67 

5.28 

V 
Ah 

Years 

% 
% 

% 

% 
% 

$/unit 

$/unit 

$/kWh/year 
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Figure 8. The principal concept of DoD and SoC in the storage battery 

 

 

5.4.  Diesel generation specifications 

The major focus for the microgrid backup supply is the battery bank, which functions as the main 

backup, while the diesel generators (Dgen) is a secondary backup supplier. Power generation depends on the 

availability of renewable energy resources (solar and wind energy). In the absence of these resources, and the 

battery bank attains the minimum state of charge (SoC), the Dgen would commence operating to meet 

customer demands. The subsequent (8) are employed to model the Dgen with its fuel consumption [27], [28], 

[37] by using the technical specifications in Table 6 and Table 7. 
 

𝐹𝑐𝑜𝑛(𝑡) = 𝐴𝑔𝑃𝐷𝑔𝑒𝑛(𝑡) + 𝐵𝑔𝑃𝐷𝑔𝑒𝑛𝑟(𝑡) (8) 
 

Where 𝐹𝑐𝑜𝑛(𝑡) represents fuel consumption measured in Liter/h, 𝐴𝑔 represents the coefficient of fuel 

consumption (0.24 Liter/kWh), 𝑃𝐷𝑔𝑒𝑛 (t) denotes the output power from the diesel generator in (kW), 𝐵𝑔 is 

an additional coefficient of fuel consumption (0.084 Liter/kWh), and 𝑃𝑔𝑒𝑛𝑟(𝑡) denotes the generator's rated 

power in kW. The fuel cost (𝐹𝑐𝑜𝑠𝑡) in US$/h throughout the system's lifetime is delineated in (9) [32], [38]. 
 

𝐹𝑐𝑜𝑠𝑡 = (𝐶𝑝𝑟𝑖𝑐𝑒 ∑𝐹𝑐𝑜𝑛(𝑡)) ×𝐶𝑝𝑣 (9) 
 

𝐶𝑝𝑟𝑖𝑐𝑒 represents the present cost of diesel fuel for each liter (US$/Liter) and 𝐶𝑝𝑣 represents the cumulative 

present value throughout a temporal spectrum; its calculation may be found in (10) [32]. 
 

𝐶𝑝𝑣 = 𝑅𝑖 (1 + 𝑅𝑖)
𝑇/(1 + 𝑅𝑖)

𝑇 − 1 (10) 
 

Where 𝑅𝑖 denotes the interest rate and 𝑇 denotes the project's life time (20 years). 

 

 

Table 6. Economic and technical specifications for diesel generator 
Components Specifications Values Units 

Diesel generator 

[27], [30], [36] 

 

Rated power of the diesel generator 

Initial cost 

Lifetime 

Lifetime 

Replacement cost 

Operation and maintenance cost 
Fuel cost 

4 

700 

20,000 

9 

700 

8 
1 

kW 

$/unit 

hours 

years 

$/unit 

$/kWh/year 
$/liter 

 

 

Table 7. Economic parameters of the proposed system 
Components Specifications Values Units 

Economic parameters 
[37]-[39]  

Lifespan of the project 
Inflation rate 

Interest rate 

20 
2 

6 

Years 
% 

% 

 

 

5.5.  Power converter 

Bi-directional inverter connects between the AC and DC bus, which transfers the power from the 

energy sources to the loads. It is modeled based on its efficiency. It is essential to note that any selected 

converter must be capable of handling the maximum anticipated AC loads and the potential surges that occur 
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during the first startup of gadgets. The inverter rating 𝑃𝑖𝑛𝑣(𝑡) in kW may be determined using (11) [32], [40] 

and Table 8. 
 

𝑃𝑖𝑛𝑣(𝑡) =
𝑃𝐿

𝑚

ղ𝑖𝑛𝑣
 (11) 

 

Where the 𝑃𝐿
𝑚 indicates the peak residential load demand in kW, which is considered the crucial factor in 

selecting the appropriate inverter, and the inverter efficiency is represented by ղ𝑖𝑛𝑣 . 
 

5.6.  Utility grid integrations 

The primary grid can provide electricity to the microgrid in the absence of a renewable energy 

sources, Dgen, and at a minimum SoC(t). Table 9 [41] and (12) are used to calculate the income (𝐼𝑔𝑟𝑖𝑑) in US$ 

from the energy generated by photovoltaic systems (PV) and wind turbines (WT) to the utility grid [42]. 
 

𝐼𝑔𝑟𝑖𝑑 = ∑ 𝑅𝑓𝑒𝑒𝑑 𝑖𝑛 𝑡𝑎𝑟𝑖𝑓𝑓
8760
𝑡=1 × 𝐸𝑔𝑟𝑖𝑑−𝑠𝑒𝑙𝑙  (12) 

 

Where 𝑅𝑓𝑒𝑒𝑑 𝑖𝑛 𝑡𝑎𝑟𝑖𝑓𝑓  pertains to the feed-in tariff rate expressed in $/kWh, 𝐸𝑔𝑟𝑖𝑑−𝑠𝑒𝑙𝑙  refers to the energy sold 

to the utility grid in kWh, and the total number of hours in a year is represented by 8760. Furthermore, (13) is 

used to calculate the price of purchasing energy acquired (𝐶𝐺𝑟𝑖𝑑 ) in US$ from the grid [36]. 
 

𝐶𝐺𝑟𝑖𝑑 = 𝐶𝑏 × ∑ 𝐸𝑔𝑟𝑖𝑑−𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑑
8760
𝑡=1  (13) 

 

Where 𝐶𝑏 denotes the cost of acquiring 1 kW of electricity from the grid in $/kWh [37], 

∑ 𝐸𝑔𝑟𝑖𝑑−𝑝𝑢𝑟𝑐ℎ𝑎𝑠𝑒𝑑
8760
𝑡=1  refers to the total energy purchased from the utility grid for the individual year in kWh. 

 
 

Table 8. Economic and technical specifications for inverter 
Components Specifications Values Units 

Inverter 
[7], [27], [28] 

 

 

 

Inverter capacity 
Efficiency 

Lifespan 

Capital cost 
Replacement cost 

Operation and maintenance cost 

1 
95 

15 

127 
127 

1 

kW 
% 

Years 

$/unit 
$/unit 

$/kWh/year 

 
 

Table 9. Economic specifications for utility grid 
Components Specifications Values Units 

Utility Grid 

[41] 

Purchase price 

Selling price 

0.023 

0.015 

$/kWh 

$/kWh 

 

 

6. SUPERVISORY CONTROL ALGORITHM 

This study employs a supervisory control algorithm for managing power flow. There are three 

primary categories of these algorithms: learning-based (LB), rule-based (RB), and optimization-based (OB). 

Each algorithm works independently and produces differing levels of precision in its findings. The rule-based 

energy management strategies have been particularly selected for the investigation in concern. 
 

6.1.  The proposed rule-based energy management strategies 

The most important criterion in microgrid design is a resilient energy management system (EMS). 

The RB-EMS has been proposed to regulate the power distribution among different parts of the microgrid 

[43]. RB-EMS additionally enhances system efficiency, reduces battery deterioration, optimizes the use of 

renewable energy sources, and decreases fuel consumption, yielding considerable cost advantages and energy 

conservation. Furthermore, they provide real-time control with minimum computational requirements [44]. 

This article examines six operational scenarios for the best functioning of grid-connected microgrids. These 

scenarios adhere to a certain set of predetermined instructions. Table 10 presents the RB-EMS scenarios for 

the proposed microgrid situations. 
 

6.2.  Sequential flow of the rule-based energy management strategy 

The unpredictable nature of renewable energy supplies and the irregularity of demand are the 

primary factors that complicate the EMS. Consequently, fulfilling energy demand with a single energy source 

is unfeasible economically and technically due to constraints in availability, dependability, and scalability. To 

maintain the balance between power generation and demand, a diesel generator and storage battery units may 
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be integrated with renewable energy sources. Nonetheless, the proposed system must ensure the complete use 

of renewable energy sources while minimizing the usage of the diesel generator and storage battery. This is 

achievable just with a suitable and well-crafted RB-EMS approach. The primary objective of the EM method 

is to coordinate and efficiently manage the energy composition of the microgrid components [45]. The 

proposed EMS comprises RB frameworks, mostly using "if" and "then" statements. The flowcharts of RB 

EMS are demonstrated in Figure 9, which shows the priority operation steps of system components to meet 

the load demand [46]. 
 
 

Table 10. Operational scenarios of the proposed microgrid 
Scenarios Operation scenarios 

Mode 1 The generated energy from the RE systems (WT and PV) supplies the residential loads with electric power. 
Mode 2 The excess energy generated by the RE systems (WT and PV) covers the load demands, and charges batteries if 

SoC(t)<SoC(t) max.  

Mode 3 Energy generated by the RE systems (WT and PV) exceeds the load demands, and the battery's status is 
SoC(t)=SoC(t)max, then the surplus energy will be sold to the utility grid (sell to the grid). 

Mode 4 If the energy generated by the RE systems (WT and PV) is not enough to fulfill the load demand, and the batteries' 

status is SoC(t)>SoC(t)min, then the stored energy in the battery bank will be utilized to feed the load demands. 
Mode 5 Energy generated by the RE systems (WT and PV) is not enough to fulfil the load demand, and the battery's status is 

SoC(t)<SoC(t)min, then the diesel generator (Dgen) will be utilized to feed the load demands and charge the battery 

bank. 
Mode 6 Energy generated by the RE systems (WT and PV) is not enough to fulfil the load demand, and the battery status is 

SoC(t)<SoC(t)min. In addition, the Dgen does not work or does not cover the demands; in this regard, the utility grid 

will be utilized to feed the load demands and charge the battery bank (purchased from the utility grid). 

 

 

  

  
 

Figure 9. Flowcharts of the sequential flow of the rule-based energy management strategies  
 

 

Figure 9 is divided into four flowcharts; the main flowchart (it generates A and B flowcharts) 

depicts the first decision, which runs hourly. It begins by reading the metrological data set. Then find the 

output power from photovoltaic (PPV) and wind turbine (PWT) systems. After that, the RB-EMS will do the 
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first comparison regarding the energy produced from renewable energy resources, whether it is equal to load 

demands or not (PPV(t)+PWT(t)>=PRLS(t)/ղinv). If it is equal, then the energy produced will supply the 

demands; if not, go to flowchart A. The second comparison will check energy produced from renewable 

energy resources, whether it is bigger than demands or not (PPV(t)+PWT(t)>PRLS(t)/ղinv). If it is bigger, go to 

flowchart B; if it is not, obtain energy from the storage bank. 

In flowchart A, the RB-EMS calculates the energy discharge from storage battery bank  

(Pdischarge(t)=PRLS(t)/ղinv-(PPV(t)+PWT(t)) and checking whether it covers the deficit in renewable energy or not 

(Ebatt(t-1)-Ebatt-min(t)>=Edischarge(t)) , if yes, then utilize the storage bank to meet the demands (Ebatt(t)=Ebatt(t-1)-

Edischarge(t)), if not then Dgen will fulfill the demands (Ebatt(t)=Ebatt-min) thereby go to flowchart C. Flowchart C 

deals with Dgen, it demonstrates that the combination energy produced by renewable resources and Dgen will 

fully charge the battery bank and supply the demands (Ebatt(t)=Ebatt(t-1)+(Pg*ղinv+PPV(t)+PWT(t)-

(PRLS(t)/ղinv)), then RB-EMS will check if SoC(t)>SoC(t)max (Ebatt(t)>Ebatt-max(t)) or not, if it is bigger, the 

surplus energy will be sell to the grid (Egrid-sell=Ebatt(t)-Ebatt-max(t)), if it is SoC(t)<SoC(t)max, the RB-EMS will 

import from the utility grid (called grid purchase) (Ebatt(t)=Ebatt-min(t)+Egrid-purchase) to charge the battery and 

fulfill the demands. 

While in flowchart B, RB-EMS will check whether surplus energy from renewables less than or 

equal the difference between SoC(t)max and SoC(t) (Echarge(t)<=Ebatt-max(t)-Ebatt(t)), if it is bigger (Echarge), then 

the excess energy will charge the battery to be SoC(t)=SoC(t)max (Ebatt(t)=Ebatt-max(t)) and sell the rest energy 

to the grid, if not, the excess energy will charge the battery (Ebatt(t)=Ebatt(t-1)+Echarge(t)). 

 

 

7. OBJECTIVE FUNCTION FOR THE PROPOSED MICROGRID  

The main objective of this research is to reduce the levelized cost of electricity (LCOE) of the 

proposed system while ensuring optimal energy flow and choosing the optimal number of the proposed 

system components. LCOE is a vital indicator for evaluating the economic competitiveness of various 

energy-generating technologies, such as conventional (diesel and gas power plants) and non-conventional 

(PV, WT, hydropower, and Biomass plants) generation systems. It is characterized as the ratio of yearly 

system cost (𝐴𝑆𝐶) in ($/year) proportion to the total energy generated (𝑃𝑔) of microgrid components in 

(kWh/year) over a specific period [47]. The mathematical modelling (14) is employed to calculate the LCOE 

in US$/kWh [26], [48], [49]. 

 

𝐿𝐶𝑂𝐸 = 𝐴𝑆𝐶/𝑃𝑔 (14) 

 

The yearly system cost (𝐴𝑆𝐶) is a prominent metric used to assess the economic viability of a grid-

connected microgrid [50]. The subsequent expression (15) delineates the procedure for computing 𝐴𝑆𝐶 [26]. 

 

𝐴𝑆𝐶 = 𝑁𝑃𝑉𝐶𝑆𝑜𝑙𝑎𝑟−𝑃𝑉 + 𝑁𝑊𝑇𝐶𝑊𝑖𝑛𝑑 𝑇𝑢𝑟𝑏𝑖𝑛𝑒 + 𝑁𝐵𝑇𝐶𝐵𝑎𝑡𝑡𝑒𝑟𝑦−𝐵𝑎𝑛𝑘 + 𝑁𝐼𝑁𝑉𝐶𝐼𝑛𝑣𝑒𝑟𝑡𝑒𝑟 + 

𝑁𝐷𝐺𝐶𝐷𝑖𝑒𝑠𝑒𝑙 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 + 𝐶𝐺𝑟𝑖𝑑 − 𝐼𝑔𝑟𝑖𝑑 (15) 

 

Where 𝑁𝑃𝑉, 𝑁𝑊𝑇, 𝑁𝐵𝑇 , 𝑁𝐼𝑁𝑉, 𝑁𝐷𝐺 demonstrate the total numbers of PV modules, wind turbines, batteries, 

inverters, and diesel generators, respectively. 𝐶𝐺𝑟𝑖𝑑 shows the cost of buying energy from the grid 

(USD$/kWh), and 𝐼𝑔𝑟𝑖𝑑  indicates the profits from selling energy to the grid (USD$/kWh). Furthermore, to 

acquire the 𝐴𝑆𝐶, the expenses of each system component must be computed individually, as shown in (16) to 

(20) [26], [30], [40]. 
 

Photovoltaic module: 𝐶𝑆𝑜𝑙𝑎𝑟−𝑃𝑉 = 𝐶𝑃𝑉−𝐼𝑛𝑣𝑒𝑠𝑡 + 𝐶𝑃𝑉−𝑅𝑒𝑝𝑙𝑎 + 𝐶𝑃𝑉−𝑂&𝑀 (16) 
 

Wind turbine: 𝐶𝑊𝑖𝑛𝑑 𝑇𝑢𝑟𝑏𝑖𝑛𝑒 = 𝐶𝑊𝑇−𝐼𝑛𝑣𝑒𝑠𝑡 + 𝐶𝑊𝑇−𝑅𝑒𝑝𝑙𝑎 + 𝐶𝑊𝑇−𝑂&𝑀  (17) 
 

Battery unit: 𝐶𝐵𝑎𝑡𝑡𝑒𝑟𝑦−𝐵𝑎𝑛𝑘 = 𝐶𝐵𝑎𝑡𝑡−𝐼𝑛𝑣𝑒𝑠𝑡 + 𝐶𝐵𝑎𝑡𝑡−𝑅𝑒𝑝𝑙𝑎 + 𝐶𝐵𝑎𝑡𝑡−𝑂&𝑀   (18) 
 

Inverter: 𝐶𝐼𝑛𝑣𝑒𝑟𝑡𝑒𝑟 = 𝐶𝐼𝑛𝑣−𝐼𝑛𝑣𝑒𝑠𝑡 + 𝐶𝐼𝑛𝑣−𝑅𝑒𝑝𝑙𝑎 + 𝐶𝐼𝑛𝑣−𝑂&𝑀  (19) 
 

Diesel generator: 𝐶𝐷𝑖𝑒𝑠𝑒𝑙 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟 = 𝐶𝐷𝑔𝑒𝑛−𝐼𝑛𝑣𝑒𝑠𝑡 + 𝐶𝐷𝐺−𝑅𝑒𝑝𝑙𝑎 + 𝐶𝐷𝑔𝑒𝑛−𝑂&𝑀  (20) 
 

Where 𝐶𝑆𝑜𝑙𝑎𝑟−𝑃𝑉 , 𝐶𝑊𝑖𝑛𝑑 𝑇𝑢𝑟𝑏𝑖𝑛𝑒, 𝐶𝐼𝑛𝑣𝑒𝑟𝑡𝑒𝑟 , 𝐶𝐵𝑎𝑡𝑡𝑒𝑟𝑦−𝐵𝑎𝑛𝑘 , and 𝐶𝐷𝑖𝑒𝑠𝑒𝑙 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑜𝑟  denote the cost of 

photovoltaic modules, wind turbines, inverters, battery bank, and diesel generators in (USD$/unit), 

respectively. Furthermore, 𝐶𝑃𝑉−𝐼𝑛𝑣𝑒𝑠𝑡, 𝐶𝑊𝑇−𝐼𝑛𝑣𝑒𝑠𝑡, 𝐶𝐵𝑎𝑡𝑡−𝐼𝑛𝑣𝑒𝑠𝑡, 𝐶𝐼𝑛𝑣−𝐼𝑛𝑣𝑒𝑠𝑡, and 𝐶𝐷𝑔𝑒𝑛−𝐼𝑛𝑣𝑒𝑠𝑡 represent the 

installation costs of photovoltaic modules, wind turbines, batteries, inverters, and diesel generators in 
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(USD$/unit), respectively. While 𝐶𝑃𝑉−𝑅𝑒𝑝𝑙𝑎, 𝐶𝑊𝑇−𝑅𝑒𝑝𝑙𝑎 , 𝐶𝐵𝑎𝑡𝑡−𝑅𝑒𝑝𝑙𝑎, 𝐶𝐼𝑛𝑣−𝑅𝑒𝑝𝑙𝑎, and 𝐶𝐷𝑔𝑒𝑛−𝑅𝑒𝑝𝑙𝑎  denote the 

replacement costs of solar panels, wind turbines, batteries, inverters, and diesel generators in (USD$/unit), 

respectively. The 𝐶𝑃𝑉−𝑂&𝑀 , 𝐶𝑊𝑇−𝑂&𝑀, 𝐶𝐵𝑎𝑡𝑡−𝑂&𝑀, 𝐶𝐼𝑛𝑣−𝑂&𝑀, and 𝐶𝐷𝐺−𝑂&𝑀 represent the yearly operational 

and maintenance (O&M) costs of solar panels, wind turbines, batteries, inverters, and diesel generators in 

(USD$/kWh/year), respectively [30], [40].   

The objective functions are constrained by the following limitations: 

- Decision variables constraint 

The aspects of choosing the upper and lower bounds for optimization variables depend on the 

problem structure (number of variables and search space). The constraint is illustrated in (21). 
 

𝑀𝑋
𝑚𝑖𝑛 ≤ 𝑀𝑋 ≤ 𝑀𝑋

𝑚𝑎𝑥 (21) 
 

Where 𝑀𝑋 is the number of the proposed system components, 𝑀𝑋
𝑚𝑖𝑛 demonstrates the minimum number of 

components, and 𝑀𝑋
𝑚𝑎𝑥 indicates the maximum number of components. The lower bound demonstrates by 

10, 20, and 10 for wind, solar, and Battery, respectively. The upper bound is depicted by 30, 46, and 60 for 

wind, solar, and battery, respectively. 

- Battery constraint 

To increase battery longevity, the battery bank's state of charge (SOC) must remain steady between 

its highest state of charge (𝑆𝑜𝐶𝑚𝑎𝑥) and lowest state of charge (𝑆𝑜𝐶𝑚𝑖𝑛), ensuring that the battery storage 

bank is never completely charged or totally depleted during operation. The constraint is demonstrated in (22). 
 

𝑆𝑜𝐶𝑚𝑖𝑛 ≤ 𝑆𝑜𝐶(𝑡) ≤ 𝑆𝑜𝐶𝑚𝑎𝑥 (22) 
 

 

8. METAHEURISTIC OPTIMIZATION TECHNIQUES 

Optimization algorithms are considered the optimal selection of an alternative solution set for cost-

effective or superior performance [51]. The proposed algorithm is classified as a nature-inspired 

metaheuristic optimization technique capable of addressing microgrid issues. Power flow issues may be 

addressed using many techniques, one of which is GWO. GWO has been used in the current study and 

compared with ant lion optimizer (ALO), cuckoo search algorithm (CSA), and particle swarm optimizer 

(PSO) as benchmark algorithms. The key measures for assessing the performance of an optimization strategy 

are time, accuracy, and optimality [52], [53]. GWO is primarily inspired by the hunting strategies and 

leadership behaviors of grey wolves. When mathematically articulated, the algorithm identified alpha wolf as 

the best appropriate option. The second and third ideal solutions are designated as beta and delta wolves. The 

remaining possible solutions are considered to be omega wolves. The wolf social hierarchy is depicted in 

Figure 10.  
 
 

α

β

ω

δ

Dominant Breeding

Subordinate Adults

Specialized Roles

Lowest Ranking

 
 

Figure 10. Diagram of the grey wolf social hierarchy [54] 
 

 

Furthermore, it was suggested to use (23) and (24) for the encirclement of targets and the hunting of grey 

wolves. 
 

𝐷⃗⃗ = |𝐶⃗⃗  ⃗. 𝑋𝑝
⃗⃗ ⃗⃗   (𝑡) − 𝑋  (𝑡)| (23) 

 

𝑋(𝑡 + 1)⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗ = 𝑋𝑝
⃗⃗ ⃗⃗  (𝑡) − 𝐴.⃗⃗  ⃗ 𝐷⃗⃗  (24) 

 

Where 𝑋𝑝
⃗⃗ ⃗⃗    indicates the position of the prey vector, 𝑋  represents the position vector of the gray wolf, whereas 

t indicates the current status of the iteration. The coefficient vectors 𝐴  and 𝐶  are calculated using the 

formulae specified in (25) and (26). 
 

𝐴 = 2𝑎 . 𝑟1⃗⃗⃗  − 𝑎  (25) 
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𝐶 = 2. 𝑟2⃗⃗  ⃗ (26) 
 

Where the intermittent vectors ranging from 0 to 1 are represented by 𝑟1 and 𝑟2. Throughout the iteration, 𝑎  is 

diminished from 2 to 0. Grey wolves use alpha leadership to identify and encircle their prey. Nonetheless, the 

optimal prey's position inside the search space remains unidentified. The alpha, beta, and delta mathematical 

models of grey wolf hunting activities can describe their activity. They imparted to the wolves enhanced 

awareness of the potential location of the prey. Consequently, as seen in (27) to (33), the three optimal 

solutions are preserved, but the remaining solutions (omegas) must be recalibrated to more advantageous 

positions [55], [56]. 
 

𝐷α
⃗⃗ ⃗⃗  = |𝐶1

⃗⃗⃗⃗ . 𝑋𝑎
⃗⃗ ⃗⃗  − 𝑋 |   (27) 

 

𝐷β
⃗⃗ ⃗⃗  = |𝐶2

⃗⃗⃗⃗ . 𝑋𝛽
⃗⃗ ⃗⃗  − 𝑋 |  (28) 

 

𝐷δ
⃗⃗ ⃗⃗  = |𝐶3

⃗⃗⃗⃗ . 𝑋𝛿
⃗⃗ ⃗⃗  − 𝑋 |  (29) 

 

𝑋1
⃗⃗⃗⃗ = 𝑋𝑎

⃗⃗ ⃗⃗  − 𝐴1
⃗⃗⃗⃗ . ( 𝐷𝑎

⃗⃗ ⃗⃗   (30) 
 

𝑋2
⃗⃗⃗⃗ = 𝑋𝛽

⃗⃗ ⃗⃗  − 𝐴2
⃗⃗ ⃗⃗ . ( 𝐷𝛽

⃗⃗ ⃗⃗  )  (31) 
 

𝑋3
⃗⃗⃗⃗ = 𝑋𝛿

⃗⃗ ⃗⃗  − 𝐴3
⃗⃗ ⃗⃗ . ( 𝐷𝛿

⃗⃗ ⃗⃗   (32) 
 

𝑋 (𝑡 + 1) =
𝑋1
⃗⃗⃗⃗ + 𝑋2

⃗⃗⃗⃗ + 𝑋3
⃗⃗⃗⃗ 

3
⁄  (33) 

 

Grey wolves stop hunting when their prey becomes immobile. This approach is mathematically 

described by reducing the value of 𝑎  from 2 to 0. Consequently, A gets a drop, since the value of 𝐴  is 

dependent on the value of 𝑎 . Wolves initiate attacks to catch prey when the values of 𝐴  range from -1 to 1. 

GWO has a variable denoted as 𝐶 , which spans from 0 to 2. This variable adjusts the weights for prey to 

stochastically emphasize (𝐶 > 1) or de-emphasize (𝐶 < 1) their importance in determining the distance. This 

component is particularly beneficial in the last iteration for extricating the solution from local optima.  

A summary of the proposed GWO method for addressing the problem is provided in Table 11, while Table 

12 demonstrates the controlling parameters among the four optimization techniques [56]-[58]. 
 

 

Table 11. Details of the proposed GWO algorithm for solving problems [55]-[58] 
Steps Procedures Functions 

Step 1 Load input data Load the meteorological database (wind speed, solar radiation, and ambient temperature). 

Load a load demand database. 

Load the database containing the techno-economic parameters of the microgrid components as 
shown in Tables 3-9. 

Load the economic factors (project's lifetime and interest rate) (see Tables 3-9). 

Step 2 Initialize algorithm 
parameters 

GWO constants: 
Max. iterations =100, search agents = 2 

Set the search space: 

The maximum and minimum limits for the PV quantity [46, 20]. 

The maximum and minimum limits for the WT quantity [30, 10]. 

The maximum and minimum limits for the Bat quantity [60, 10]. 

Step 3 Initialize the 
population of the 

grey wolf optimizer 

Randomly produce an initial population of potential solutions inside the specified search space. 
Each solution demonstrates a combination of microgrid component dimensions (e.g., quantity 

of photovoltaic and wind turbines). 

Step 4 Examine the fitness 
of each individual 

Determine the three optimal solutions and designate them as α, β, and δ as first, second, and 
third best, respectively. 

Determine the objective function (LCOE) for each possible solution. 

Step 5 Update the locations 
of all remaining 

wolves (ω) 

Utilize the position updating equations of the grey wolf optimizer, predicated on the effect of 
the α, β, and δ wolves: 

𝑋 (𝑡 + 1) =
𝑋1
⃗⃗⃗⃗ + 𝑋2

⃗⃗⃗⃗ + 𝑋3
⃗⃗⃗⃗ 

3
⁄  

Step 6 Examine the new 
candidate solutions 

Determine the fitness values of the revised population. 
Revise the locations of α, β, and δ if superior solutions are identified. 

Step 7 Reiterate the 

position 
modification 

Continue updating locations employing the GWO mechanism across all iterations, facilitating 

the algorithm's steady convergence to the ideal solution. 
 

Step 8 Ending condition Upon reaching the maximum iteration limit or fulfilling the convergence requirement, return 

the optimum configuration represented by the best solution (α wolf). If not, return to step 5. 
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Table 12. The benchmark and optimization controlling parameters among the fourth algorithms [55], [56], 

[59]-[61] 
GWO technique ALO technique CSA technique PSO technique 

Population size = 2 Search agents = 2 Number of nets = 2 Population size = 2 

Max. iteration = 100 Max. iteration = 100 Max. iteration = 100 Max. iteration =100 

Convergence reaches the 
highest number of iterations 

Convergence is equal to the 
stability of the fitness value of 

elite antlions or reaches the 

highest number of iterations 

Convergence is equal to 
minimal modification to the 

global optimal solution 

Convergence represents the 
minimum variation in the 

global best fitness value 

across a predetermined 
number of iterations 

Leadership roles: α, β, and δ Best score: Elite antlion fitness Initial weight: 0.4 Initial weight: 0.4 

Lower bound wind, solar, 
and battery: 10, 20, 10 

Lower bound wind, solar, and 
Battery: 10, 20, 10 

Lower bound wind, solar, 
and battery: 10, 20, 10 

Lower bound wind, solar, 
and battery: 10, 20, 10 

Upper bound wind, solar, and 

battery: 30, 46, 60 

Upper bound wind, solar, and 

battery: 30, 46, 60 

Upper bound wind, solar, and 

battery: 30, 46, 60 

Upper bound wind, solar, 

and battery: 30, 46, 60 
No. of leaders: 3 (α, β, and δ) Selection method: Roulette wheel Levy flight: Used for step 

size 

Weighting factors (C1 and 

C2): 2 

 

 

9. RESULTS AND DISCUSSION  

The developed methodology employed in this study is based on a rule-based control system 

combined with optimization approaches, utilized to construct a compact hybrid system that comprises two 

primary renewable energy sources (wind and solar energy), which are integrated with a battery and with a 

diesel generator as a backup system, and connected to the grid. The technical and economic data of this study 

have been examined and used with specified optimization methods for benchmark purposes (see Tables 3 to 

9). Figures 11(a) and 11(b) illustrate the output power generated by the solar PV system and wind turbine 

system, as determined by (1) and (4), respectively. The output power of the PV system is contingent upon the 

existing climatic conditions, particularly when considering ambient temperature (𝑇𝑎𝑚𝑏) and solar irradiance 

(G). The interpretation of low solar power production in the first 8 days of February 2023, as indicated in 

Figure 11(a), was due to cloudy and rainy days, thereby reducing the solar irradiance in the proposed study 

area during that time, which led to limited solar power generation. The output power of the wind generator is 

determined by the rated speed (𝑣𝑟𝑎𝑡𝑒𝑑), cut-out speed (𝑣𝑐𝑢𝑡−𝑜𝑢𝑡), and cut-in speed (𝑣𝑐𝑢𝑡−𝑖𝑛), as defined by the 

company that produces it. The power generation from wind turbines is almost non-existent in February and 

November 2023, as indicated in Figure 11(b), during which time this is attributed to a significant decrease in 

wind speed in the study area.  
 

 

(a) 

 

(b) 

 
 

Figure 11. Annual output power of (a) the solar PV system and (b) the wind turbine system 
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Additionally, the optimal convergence is illustrated in Figure 12, which compares four optimization 

techniques, and the governing parameters are listed in Table 12. The first optimization technique (GWO) 

converged in around 3 iterations, the second (ALO) took approximately 16 iterations, the third (PSO) took 

approximately 5 iterations, and the fourth technique (CSA) took approximately 3 iterations.  The results 

indicate that the LCOE in GWO is less than that of other algorithms, demonstrating that GWO achieves 

superior outcomes compared to other benchmark methods due to its faster and more stable convergence 

speed. Moreover, it achieves a superior equilibrium between exploration and exploitation via its hierarchical 

leadership. All simulations were implemented in MATLAB R2023b, which is executing at 1.80 GHz on an 

Intel Core i7 CPU. Table 13 shows the LCOE for the last iteration (100 iterations) of these techniques and the 

optimal number of microgrid components required to utilize RESs in the research area. The findings indicate 

that the proposed GWO supersedes ALO, PSO, and CSO in energy cost reduction of 30.3% (0.0448$/kWh), 

65.6% (0.0971$/kWh), and 120% (0.1774$/kWh), respectively. 

Furthermore, GWO chooses the optimal number for the proposed system; except for the capacity of 

the diesel generator, it has been assumed to be a constant capacity (1 kW). The last iteration demonstrates the 

ending comparison of LCOE among these techniques, which is presented in US$, as seen in Figure 13. 

Figure 14 illustrates the graphical representation findings for the annual system cost of microgrid components 

using the GWO technique. The optimal results of the proposed system demonstrate that ASC is 18,900$ USD 

and a LCOE is 0.1478 (USD$/kWh). 

 

 

 
 

Figure 12. Comparison of LCOE among four optimization techniques (GWO, ALO, PSO, and CSA) 

 

 

 

 

 

Figure 13. The comparison among four algorithms 

related to the levelized cost of energy 

 

Figure 14. Annualized system cost of the proposed 

microgrid 

 

 

Table 13. The findings of optimization techniques for the proposed system 
Parameters GWO  ALO PSO CSA 

LCOE ($/kWh) 0.1478 0.1926 0.2449 0.3252 

No. of PV (photovoltaic modules) 46 22 46 46 
No. of WT (wind turbines) 30 20 10 24 

No. of BATT (batteries) 10 10 10 36 

 

 

10. OPTIMIZATION ALGORITHM BENCHMARKS 

The current study employed GWO to obtain the optimum levelized cost of energy. It benchmarked 

with three other techniques: ALO, CSA, and PSO. The aim of using optimization methods is to accurately 

determine the optimal number of system components, maximize energy gain, and reduce energy costs by 

emulating some animal or insect strategies in prey acquisition. These metaheuristic techniques use equations 
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of costs (14-20) to obtain the optimum results. The outcome fluctuates based on the technique's context and 

the intricate characteristics of the data handled. The optimal LCOE obtained from the GWO technique. 

The finding of the proposed algorithm (GWO) is benchmarked with the results produced by the ALO, PSO, 

and CSA methods, respectively. The aforementioned comparison indicates that the LCOE generated by 

GWO outperforms its counterparts (ALO, PSO, and CSA) due to many parameters, such as the convergence 

speed, exploitation, and exploration.  

The slower convergence speed in ALO could delay the achievement of optimum solutions, while it 

is faster and more stable in GWO. The convergence speed in PSO is often premature to local optima, which 

limits the exploration. Conversely, the GWO achieves a superior equilibrium between exploration and 

exploitation via its hierarchical leadership, resulting in expedited and more precise convergence. The CSA 

has reduced convergence speed owing to its dependence on Lévy flight-based random walks, perhaps 

resulting in poor exploitation of the search space. Conversely, the GWO utilizes a systematic leadership 

hierarchy that promotes a more equitable exploration–exploitation balance, resulting in expedited 

convergence to optimum solutions; hence, for all the aforementioned reasons, GWO has the first rank in 

reducing the LCOE [55]-[61]. Table 14 depicts the technical justification for choosing GWO in the current 

study.  

 

 

Table 14. Technical justification for choosing GWO in the proposed microgrid [62]-[66] 
Criterion GWO ALO PSO CSA 

Search mechanism Hierarchical leadership and 

cooperative hunting guided 

by α, β, and δ wolves 

Random walk guided 

by antlion traps 

Velocity–position update 

using global and 

personal best 

Lévy flight-based 

random exploration 

Exploration-

exploitation balance 

Well-balanced between 

Exploration and 

exploitation  

Strong exploration, 

weaker exploitation 

Fast exploitation, limited 

exploration 

Strong exploration, 

limited exploitation 

Nonlinear and 

multimodal problem 

handling 

Highly effective Effective Moderately effective Effective 

Discrete decision 

variable suitability 

High (improved solution 

stability) 

Moderate Moderate Moderate 

Number of control 
parameters 

 

 

Requires few control 
parameters (mainly 

population size and 

iterations)  

Requires moderate 
parameter dependency 

(random walk, trap 

parameters) 

Requires moderate to 
high control parameters 

(inertia weight, cognitive 

and social coefficients) 

Moderate (discovery 
probability and Lévy 

parameters) 

 
Suitability for 

hybrid microgrid 

optimization 

Highly suitable for mixed-

integer, nonlinear techno-

economic problems 

Suitable Suitable Suitable 

Convergence 

behavior 

- Fast convergence 

behavior  

- Smooth and stable 
behavior 

- Slow convergence 

during the first 

iterations 
- Possible oscillation 

behavior 

Premature convergence Irregular convergence 

behavior 

Computational time Moderate High Low Moderate to high 
Stability of 

Solutions 

High solution stability and 

reliable outcomes 

throughout several 
iterations 

Moderate stability Low stability Moderate stability 

Statistical 

Performance 

Indicators 

- Statistical Performance is 

stable and reliable  

- Consistently 

- Small standard deviation 

- Statistical 

performance is 

unstable, less reliable, 

and unpredictable. 

- Not consistently 
- Larger standard 

deviation 

Statistical performance is 

unreliable and 

unpredictable behavior 

- Not consistently 

- Big standard deviation 

less predictable, poor 

stability, and less 

reliable 

- Low consistency 

- Larger standard 
deviation 

 

 

11. CONCLUSION 

As the world is focusing more on energy scavenging, renewable energy is the main focal point for 

today’s energy policy makers and investors. However, the uncertain characteristics attributed to the resources 

involved motivate a diverse search for economic deployment and utilization of the resources. Hence, existing 

works concentrate on the development of various optimization methods to achieve sets of techno-economic 

objectives. This paper utilizes a GWO algorithm to implement an optimal design and optimization of a 

microgrid configured using PV, WT, battery bank, and Dgen support. Mathematical equations, weather 

resources, components’ cost and specification data were deployed to aid the optimal selection of the system 

components. The proposed system is configured to integrate with the utility grid to meet the stochastic 

renewable resources and customer demands. The target customers are residential setups typically found in the 
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suburbs of the Baghdad metropolitan area. Objectives of the design were the optimal configurations of the 

microgrid for energy cost reduction and supply reliability enhancement for the customers domiciled within 

the case study location. Results obtained indicate an improved performance of the proposed GWO algorithm 

over the benchmarks of the ALO, the PSO, and the CSA algorithms by 30.3% (0.0448 $/kWh), 65.6% 

(0.0971 $/kWh), and 120% (0.1774 $/kWh), respectively, in terms of levelized cost of energy reduction. The 

suggested algorithm selects the optimum number of the proposed system, which is 46 PV modules, 30 wind 

turbines, and 10 units of batteries. Performance of the proposed method can be enhanced by hybridizing the 

algorithm with a numerical type of algorithm, such that the search space of the GWO can be fully exploited 

for global outcomes. Future work will enhance the suggested framework by addressing uncertainty in 

renewable generation and load demand utilizing stochastic approaches. Furthermore, the RB-EMS can be 

improved through the incorporation of adaptive or intelligent control methods, such as fuzzy logic or 

reinforcement learning. The optimization technique may be augmented to incorporate environmental targets, 

such as pollution reduction, and dynamic power pricing mechanisms to further improve both environmental 

and economic performance. 
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APPENDIX 

 

Table 1. Critical analysis/limitations of the previous studies 
Author(s) Year System 

configuration 

Grid 

connection 

Optimization 

technique 

Objectives Key finding Limitations 

Mahmoud 
et al. [9] 

2022 - PV system 
- Wind turbine  

- Battery 
storage bank  

- Diesel 

generator 

Off-grid - Grey wolf 
optimization 

(GWO) 
- Improved grey 

wolf optimization 

(IGWO) 
- Salp swarm 

algorithm (SSA) 

- Reduce energy 
cost (COE) 

- Minimize loss 
of power supply 

probability 

(LPSP) 

IGWO 
achieved 

- Lower COE 
(≈ 0.21582 

$/kWh) 

- Increase the 
speed of 

convergence  

- Did not 
consider grid 

integration 
- Did not use 

dynamic 

electricity 
pricing 

Xu and 
Zhao [10] 

2025 - Solar thermal 
system  

- Wind turbines 

- Thermal 
storage unit 

- Hydrogen 

storage unit 

Grid-
connected 

- Grey wolf 
optimizer (GWO) 

- Multi-objective 

grey wolf 
optimizer 

(MOGWO) 

- Maximize net 
present value 

(NPV)  

- Increase the 
efficiency of 

renewable 

utilization  
- Reduce CO₂ 

emissions 

- GWO 
produced the 

greatest 

economic 
advantage 

(NPV ≈ 122.6 

M$).  
- GWO 

reaches 

around 29.7% 
renewable 

efficiency. 

- Installation 
system cost is 

ignored 

Yadav et 
al. [11] 

2023 - PV system  
- Battery 

storage bank 

- Inverter 
- Wind turbine 

- Hydro storage 

pump 

Standalone  
(isolated 

microgrid) 

- Grey wolf 
optimizer (GWO) 

- Moth flame 

optimization 
(MFO) 

- Dragonfly 

algorithm (DA) 

- Reduce 
levelized cost of 

energy (LCOE) 

- Attaining a 
100% 

renewable 

percentage 

- GWO 
reduces the 

LCOE to 

(0.3588 
$/kWh) 

- GWO 

demonstrates 
faster 

convergence 

- Did not 
consider grid 

integration 

 
- Real-time 

control is not 

considered. 

Heroual et 
al. [12] 

2024 - PV system   
- Hybrid 

storage system 

(battery and 
supercapacitor) 

- Converter 

Off-grid - Grey wolf 
optimizer (GWO) 

- Genetic 

algorithm (GA) 
- Ant colony 

optimization 

(ACO) 

- Improve 
energy 

management 

system 
performance 

- Decrease 

battery stress 

- GWO 
provides the 

fastest 

settling time 
- GWO 

outperforms 

ACO and GA 

- Levelized 
cost of energy 

(LCOE) is not 

considered 
- Did not 

consider grid 

integration 
Can et al. 

[13] 

2024 - PV system  

- Battery 

storage bank  
- DC-DC 

converter 

Standalone Converter 

topology design 

- Increase 

power 

efficiency 
 - Increases 

battery life 

using adaptable 
charging 

methods 

Stable output 

voltage, 

multiple 
modes of 

battery 

charging 
capabilities, 

and reduce 

no. of 
components 

are all 

confirmed by 
simulation 

and 

experimental 
findings. 

- Not consider 

stochastic 

renewable 
variability 

 

- Did not 
consider grid 

integration 
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Table 1. Critical analysis/limitations of the previous studies (continued) 
Author(s) Year System 

configuration 

Grid 

connection 

Optimization 

technique 

Objectives Key finding Limitations 

Wang et al. 

[14] 

2025 - PV system  

- Battery 

storage bank 
- Wind 

turbine  

- Converter 
- Biomass 

plant 

- Grid-

connected 

- Off-grid 

- Seagull 

optimization 

algorithm (SOA) 
- Tree physiology 

optimization 

(TPO) 
- Invasive weed 

optimization 

(IWO) 
- Biogeography-

based 

optimization 
(BBO) 

- Minimize net 

present cost  

(NPC) 
- Decrease 

levelized cost of 

energy (LCOE)  

SOA 

achieved the 

lowest costs 
In case of  

- On-grid 

LCOE = 
0.076 $/kWh 

and NPC = 

1,355,437 $ 
- Off-grid 

LCOE = 

0.139 $/kWh 
and NPC = 

1,821,323 $ 

(off-grid) 

Did not 

consider the 

real-time 
energy 

management 

control 
scheme 

Araoye et 

al. [15] 

2025 - PV system,  

- Wind 

turbine  
- Hydropower 

- Biogas 

system  
- Diesel 

generator 

-Battery 
storage bank  

- Power 

converter 

Autonomous - Walrus 

optimizer (WO) 

- Grey wolf 
optimization 

(GWO) 

- Particle swarm 
optimization 

(PSO) 

- Reduce cost of 

energy (COE) 

- Minimize net 
present cost 

(NPC) 

- Reducing 
emissions 

WO achieved 

- Faster 

convergence 
- Low COE 

(0.005081 

$/kWh) 
- 0% 

emissions 

- Reduce 
NPC 

- Energy 

management 

strategies are 
not addressed 

 

- Did not 
consider grid 

integration 

Rathod and 

Subramanian 

[16] 

 
 

2025 - PV system 

- Wind 

turbine 
- Battery 

storage bank 

Grid-

connected 

- Grey wolf–

whale 

optimization 
algorithm (EGW–

WOA) 

- Whale 

optimization 

algorithm 

- Genetic 
algorithm (GA) 

- Grey wolf 

optimization 
(GWO) 

- Reduce system 

cost 

 

EGW–WOA  

- Decrease 

24-h 
operating cost 

by 18.6% 

- Attained the 

lowest 

average cost 

(≈ $293,859) 

- Did not 

consider the 

long-term 
operational 

scheduling 

 

- Did not 

calculate the 

component 
size 

This study  - PV system 

- Wind 
turbine 

- Diesel 

generator 
- Storage 

battery bank 

Grid-

connected 

- Grey wolf 

optimization 
(GWO) 

- Particle swarm 

optimization 
(PSO) 

- Cuckoo search 
algorithm (CSA) 

- Ant lion 

algorithm (ALO) 

- Minimize 

levelized cost of 
energy (LCOE) 

- Optimal 

system 
components  

GWO 

achieved  
- Minimum 

LCOE with 

realistic EMS  
- Selecting 

optimum 
system 

components  

- Export the 
excess  

energy to the 

grid  

Does not 

consider the 
CO2 emission 
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