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Abstract  
This study optimizes a renewable energy system using a genetic algorithm (GA) in a multi-objective 

context, focusing on cost minimization, efficiency maximization, and emission reduction. The 

optimized system consists of a combination of solar PV, wind turbine, and energy storage battery. 

Simulation results show that the optimal population size is 100 to 150 individuals, with a crossover 

probability of 0.8 to 0.9 and a mutation probability of 0.01 to 0.05. In the cost minimization scenario, 

the Pareto optimal solution has a total cost of $150,000, an energy efficiency of 85%, and an emission 

reduction of 10%. The emission reduction scenario results in a total cost of $170,000, an efficiency of 

88%, and an emission reduction of 25%. The compromise scenario costs $160,000, an efficiency of 

90%, and an emission reduction of 20%. The trade-off analysis shows that emission reduction often 

incurs higher costs but provides long-term benefits. This study shows that GA effectively finds optimal 

solutions in multi-objective problems despite data assumptions and computational time limitations. 

These findings provide a solid foundation for designing efficient, sustainable, and environmentally 

friendly renewable energy systems. 
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1. Introduction 
Renewable energy has become one of the leading solutions to reduce the negative impacts of fossil fuel 

use, such as greenhouse gas emissions and air pollution. Energy sources such as solar, wind, and 

biomass have great potential to meet energy needs sustainably. However, implementing renewable 

energy systems faces various technical and economic challenges, especially in managing and optimizing 

systems involving multiple energy sources and operational parameters. In recent decades, the 

development of optimization models for renewable energy systems has become a topic that has attracted 

more and more attention from researchers. 

Various studies have been conducted to optimize renewable energy systems by considering cost, 

efficiency, and emission reduction parameters. For example, a survey introduced a multi-objective 

method using the Pareto optimal approach to find the best solution in multiple objective conflicts 

(Efremov & Kumarasamy, 2025; Giagkiozis & Fleming, 2015; Gunantara, 2018; Mufti, Irhamni, & 

Darnas, 2025; Petchrompo, Coit, Brintrup, Wannakrairot, & Parlikad, 2022). Another study showed that 

heuristic optimization techniques, such as genetic algorithms (GA), have advantages in dealing with 

non-linear and complex problems in renewable energy systems (Abdmouleh, Gastli, Ben-Brahim, 

Haouari, & Al-Emadi, 2017; El-Shorbagy & El-Refaey, 2020; Erdiwansyah, Mamat, Sani, & Sudhakar, 

2019; Selvakumar, Maawa, & Rusiyanto, 2025; Thirunavukkarasu, Sawle, & Lala, 2023). However, the 
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application of these algorithms is often hampered by the limitations of local data and the model's 

suitability to specific conditions. Renewable energy systems are dynamic, where system performance 

depends on the variability of energy sources such as solar radiation and wind speed. It was shown that 

hybrid energy systems (combining multiple energy sources) could improve reliability and efficiency 

(Agajie et al., 2024; Erdiwansyah et al., 2020; Rosdi, Maghfirah, Erdiwansyah, Syafrizal, & 

Muhibbuddin, 2025; Yuan, Wang, Yan, Shen, & Long, 2020). However, optimising such systems 

requires handling conflicts between objectives, such as minimizing costs while maximizing energy 

efficiency. In this regard, genetic algorithms have proven to be an effective method for multi-objective 

optimization in microgrid systems (W. Li, Wang, Zhang, Ming, & Lei, 2019; Mayer, Szilágyi, & Gróf, 

2020; Nallolla, P, Chittathuru, & Padmanaban, 2023). 

Although genetic algorithms have been widely used, they still have drawbacks, such as high 

computation time for large populations or when the solution space is too large. A study attempted to 

address these drawbacks by adopting a hybrid technique combining GA with other algorithms (D. Li, 

Ikram, & Xiaoxia, 2025; Luan, Yao, Zhao, & Song, 2019; Mahinthakumar & Sayeed, 2005; Zhang, He, 

& Zhang, 2019). The results showed an increase in convergence speed without sacrificing solution 

quality. However, this approach requires further testing in specific contexts, such as renewable energy 

systems with limited infrastructure. In addition, specific case studies for certain regions are still limited, 

although this is important to evaluate the feasibility of real-world implementation. For example, a 

survey showed the importance of considering local data, such as solar intensity and wind patterns, to 

generate geographically relevant optimization solutions (Al-Falahi, Jayasinghe, & Enshaei, 2017; 

Bahagia, Nizar, Yasin, Rosdi, & Faisal, 2025; Khan, Pal, & Saeed, 2018; Pillot, Al-Kurdi, Gervet, & 

Linguet, 2020). In this context, research focusing on specific case studies can provide more practical 

insights for renewable energy system developers. 

This study aims to develop a multi-objective approach using genetic algorithms to optimize renewable 

energy systems based on local data. This study considers technical parameters, such as efficiency and 

reliability, and economic aspects, such as investment and operational costs. It aims to provide a holistic 

solution that can be applied to various geographical conditions. The main contribution of this study is 

the application of genetic algorithms to overcome conflicts between objectives in renewable energy 

systems. By utilizing the Pareto optimal approach, this study aims to provide various solution options 

that can be selected based on stakeholder priorities. In addition, the specific case studies presented will 

guide practical implementation in other regions with similar characteristics. 

 
 

2. Literature Review 
The optimization of renewable energy systems has become one of the main focuses of sustainable 

energy research. These systems involve multiple energy sources, such as solar, wind, and biomass, 

which must be optimized to achieve maximum efficiency at minimum cost. One widely used approach 

is multi-objective optimization, in which multiple parameters, such as cost, energy efficiency, and 

greenhouse gas emissions, are optimized simultaneously. The Non-dominated Sorting Genetic 

Algorithm II (NSGA-II) method, which serves as the basis for various studies related to multi-objective 

optimization (Deng et al., 2022; Fitriyana, Rusiyanto, & Maawa, 2025; Karakostas, 2015; Wang, Wang, 

& Luo, 2011). This algorithm has been proven effective in handling conflicts between multiple objective 

functions and has been widely applied to renewable energy systems. The application of genetic 

algorithms (GA) to renewable energy optimization has been carried out in various contexts. A study 

used GA to optimize a microgrid system integrating solar and wind energy sources with battery storage 

(Adefarati et al., 2019). The results showed that GA can produce Pareto optimal solutions that 

simultaneously consider energy efficiency, investment costs, and emission reductions. Another study 

highlighted the effectiveness of GA in designing hybrid energy systems, especially for remote locations 

(Ismail, Moghavvemi, & Mahlia, 2014). GA allows flexibility in handling dynamic input data, such as 

variations in solar radiation and wind speed, which are often challenges in renewable energy systems. 

The advantage of GA compared to other optimization methods, such as Particle Swarm Optimization 

(PSO) or Simulated Annealing (SA), lies in its ability to explore and exploit a vast solution space. 

However, several studies have shown that GA has limitations, such as high computation time for 

problems with large solution spaces. A hybrid algorithm that integrates GA with PSO, enhancing the 
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convergence speed while maintaining the solution's quality, was developed to address this limitation 

(Gad, 2022). In addition, a study comprehensively reviews heuristic techniques in renewable energy 

optimization (Al-Shahri et al., 2021). It shows that GA is one of the most widely used methods because 

it can solve complex non-linear problems globally. Although many studies have proven the advantages 

of GA in renewable energy optimization, there are still limitations in applying specific case studies that 

consider local geographic and economic factors. A survey emphasizes the importance of using local 

data, such as solar intensity and wind patterns, to increase the relevance of optimization solutions 

(Abdalla, Rezk, & Ahmed, 2019; Khalisha, Caisarina, & Fakhrana, 2025). This study shows that the 

GA-based approach can produce more realistic solutions for practical implementation. Thus, further 

research is needed to integrate local data into the optimization model to apply the results to regions with 

unique characteristics. 

Genetic Algorithm (GA) has become one of the most widely used optimization methods due to its high 

exploration capability in dealing with complex and non-linear optimization problems. The main 

advantage of GA is its ability to find global solutions through evolutionary mechanisms inspired by 

natural selection and genetics. Research showed that the method effectively handles large solution 

spaces and does not require different objective functions, making it suitable for various optimization 

problems (Cui, Geng, Zhu, & Han, 2017). Unlike conventional optimization methods, such as gradient-

based methods, GA can avoid getting trapped in local solutions by exploring solutions randomly but in 

a directed manner through crossover and mutation mechanisms. Compared with other methods, such as 

Particle Swarm Optimization (PSO), GA has the advantage of maintaining solution diversification. 

Research showed that PSO often reaches convergence faster but is prone to local solutions without 

proper parameter control (Dragoi & Dafinescu, 2016). In contrast, GA uses a more diverse population 

of individuals, which allows for a more robust search for global solutions, although it requires longer 

computational time. In the context of renewable energy systems, It was stated that the diversification of 

GA solutions is significant because it involves many dynamic parameters, such as variability of energy 

sources and energy demand patterns (Thirunavukkarasu et al., 2023). 

Another advantage of GA is its flexibility, which can be combined with other methods to improve 

performance. Research developed a hybrid algorithm that combines GA with Simulated Annealing 

(SA), where GA is used for global solution exploration and SA for local solution exploitation (Mafarja 

& Mirjalili, 2017). This approach shows increased efficiency in computational time without sacrificing 

solution quality. In addition, GA can handle multiple objective functions simultaneously, as 

demonstrated by the introduction of the Non-dominated Sorting Genetic Algorithm II (NSGA-II) 

method for multi-objective optimization, which successfully handles conflicts between objectives, such 

as energy efficiency and cost, by producing Pareto optimal solutions (Deng et al., 2022). Simulated 

Annealing (SA) and other methods, such as Tabu Search, have strengths in exploiting local solutions 

but often require complex parameter tuning and tend to depend on the initial solution. 

In contrast, GA offers a population-based approach that is more tolerant of data variation and easier to 

implement on problems with higher dimensions. It was stated that in microgrid optimization, GA can 

produce more stable and realistic solutions than SA, especially in dealing with dynamic data problems, 

such as variations in solar radiation and wind speed (Majeed, Phichaisawat, Asghar, & Hussan, 2023). 

This makes GA the primary choice for optimizing complex renewable energy systems. 

Although genetic algorithms (GA) have been widely used for renewable energy system optimization, 

there is still a gap in applying this method to specific case study contexts. Many studies only focus on 

general approaches without considering unique geographic, environmental, or socio-economic factors. 

For example, a survey comprehensively reviews heuristic-based optimization techniques, including GA 

(Kumar & Agrawal, 2022). Still, most of the studies in the review were conducted on generic systems 

or theoretical simulations. This leaves room for more applied research by tailoring GA models to 

specific needs, such as solar and wind energy intensity variations at a particular location. Several studies 

have shown the importance of local data in improving the accuracy and relevance of optimization 

solutions, but specific case studies are still limited. It was highlighted that applying GA in microgrid-

based renewable energy systems requires integrating local data, such as weather patterns and 

community energy consumption (Quizhpe, Arévalo, Ochoa-Correa, & Villa-Ávila, 2024). Although this 

study makes a significant contribution, there is still a gap in exploring the combination of various energy 

sources in areas with limited infrastructure. Such research is essential to support practical 

implementation in the real world, especially in remote areas or developing countries. 
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In addition, most previous studies have focused more on simple single-function or multi-objective 

optimization, such as cost reduction or energy efficiency improvement. The study showed the success 

of GA in optimizing hybrid energy systems (Thirunavukkarasu et al., 2023). Still, this study did not 

intensely discuss more complex conflicts, such as carbon emission priorities versus long-term financial 

viability. In this context, further research is needed to develop GA models that simultaneously handle 

more parameters and objective functions to make the resulting solutions more comprehensive. Finally, 

technical challenges such as high computation time and GA parameter sensitivity are gaps that need to 

be addressed in future research. The study, which developed a hybrid GA-PSO algorithm, showed 

increased efficiency (Jeong, Hasegawa, Shimoyama, & Obayashi, 2009). However, this approach still 

needs further testing on specific case studies to prove its effectiveness. In addition, research that 

integrates the GA approach with advanced technologies, such as machine learning and big data 

analytics, is also still limited. These technologies can help accelerate the optimization process and 

improve GA's ability to deal with dynamic and complex data. 

 
3. Methodology 
Fig.1 shows a hybrid system combination of solar PV, wind power, and batteries designed to provide a 

stable energy supply. The electrical energy from the solar PV panels produces direct current (DC), while 

the wind turbine produces alternating current (AC). The alternating current from the wind turbine is 

converted to direct current using a converter, allowing integration with the DC from the solar panels. 

The energy produced can be used directly by the load or stored in batteries when the primary source's 

energy supply is insufficient. This system ensures continuous energy availability by combining 

renewable energy sources with energy storage. 

The input data for solar radiation and wind speed profiles were obtained from official historical data 

sources from the local meteorological agency that recorded the average annual conditions for the last 

five years at the study site. The solar radiation data ranged from 4.5 to 5.2 kWh/m²/day, while the 

average wind speed was 3 to 5 m/s. These values were used as the main parameters in the simulation to 

ensure the representation of the actual conditions of the area in the renewable energy system 

optimization process. By including this local data, the simulations become more relevant and applicable 

to implementing hybrid energy systems in regions with similar geographical characteristics. We have 

added details about this local input data in the methodology section to increase the transparency and 

validity of the research results. 

 
Fig. 1. Combination of solar PV, wind and batteries 

 

A renewable energy system combined with solar PV, wind turbine, and battery storage will be optimized 

for optimisation based on several objective functions. The main objective functions in this study include 

minimizing the total system cost, maximizing energy efficiency, and reducing greenhouse gas 

emissions. The total system cost involves the initial investment cost for installing solar panels, wind 

turbines, and batteries, as well as long-term operational and maintenance costs. Energy efficiency is 

calculated based on the ratio of energy generated compared to energy used or stored in batteries. In 

addition, emission reduction is calculated by comparing emissions generated by fossil-based systems 



International Journal of Simulation, Optimization & Modelling, (2025) Vol 1, 21-32 

    

©Scholar Publishing                              https://e-journal.scholar-publishing.org/index.php/ijsom 26 

 

with emissions generated by renewable energy systems. These objectives will be optimized 

simultaneously using a multi-objective approach based on genetic algorithms. The coding of solutions 

in genetic algorithms is done by representing each solution as a chromosome in the form of a binary 

vector or decimal value that describes various energy system parameters. Each gene in the chromosome 

represents a system parameter, such as solar panel capacity, wind turbine capacity, battery capacity, and 

other factors that affect system performance. For example, for solar panels, the first gene can represent 

the number of panels used, while for wind turbines, the second gene describes the size or capacity of 

the turbine. Each chromosome solution represents the combination of parameters that can provide the 

best performance based on a predetermined objective function. This chromosome representation allows 

the genetic algorithm to explore the solution space more efficiently. 

Genetic algorithm parameters, such as population size, crossover probability, and mutation probability, 

significantly affect the effectiveness and efficiency of the optimization process. Population size 

determines the number of solutions generated in each generation, involving the search space's diversity. 

A larger population typically provides a better chance of finding a global solution and increases 

computation time. Crossover probability governs the extent to which two individuals in the population 

will exchange information with each other to create new solutions. Crossover allows the algorithm to 

explore new combinations of existing solutions. 

On the other hand, mutation probability affects the random changes in individual solutions, which helps 

the algorithm avoid local solutions and explore a more expansive solution space. The combination of 

these parameters must be carefully tuned to balance exploring new solutions and exploiting existing 

ones. To improve the performance of genetic algorithms in renewable energy system optimization, 

parameters such as convergence speed and solution stability must be carefully considered. For example, 

using elitist selection techniques to retain the best solutions from one generation to the next can 

accelerate convergence without sacrificing solution quality. In addition, a hybrid approach that 

combines GA with other optimization methods, such as Particle Swarm Optimization (PSO), can be 

used to improve the efficiency of solution search. With proper parameter settings and appropriate 

algorithm combinations, renewable energy system optimization using genetic algorithms can provide 

optimal solutions considering various technical and economic factors. 

Software such as MATLAB or Python is highly recommended for optimizing the simulation of 

renewable energy systems using genetic algorithms. MATLAB provides various optimization 

toolboxes, including the Global Optimization Toolbox and the Genetic Algorithm Toolbox. These allow 

the direct implementation of genetic algorithms (GA) with multiple features to handle multi-objective 

problems. MATLAB also supports comprehensive modelling and simulation of renewable energy 

systems, such as solar panels, wind turbines, and battery energy storage systems. With a user-friendly 

interface, MATLAB allows users to set and test various parameter configurations and evaluate system 

performance based on predefined objective functions. In addition, MATLAB can be used to visualize 

simulation results, allowing researchers to interpret and compare solutions effectively. 

On the other hand, Python offers greater flexibility with libraries such as DEAP (Distributed 

Evolutionary Algorithms in Python) and PyGMO (Python Parallel Global Multiobjective Optimizer) 

that provide various evolutionary algorithms, including GA. Python also has other libraries, such as 

NumPy and SciPy for numerical data processing and Matplotlib and Plotly for visualization. Python is 

more suitable for use when more custom programming and integration with other tools are needed, such 

as cloud-based programming systems or integration with hardware for field research. With a large user 

community and open resources, Python provides much convenience in conducting simulations 

involving significant or complex data. MATLAB and Python offer a powerful and flexible environment 

for conducting optimization simulations and performance analysis of renewable energy systems. 

 
4. Result & Discussion 
In a simulation of renewable energy system optimization using genetic algorithm (GA), Pareto optimal 

solutions are obtained for various scenarios involving solar PV, wind turbine, and battery storage 

combinations. A comparison of Pareto's optimal solutions shows a clear trade-off between different 

objective functions: total system cost, energy efficiency, and emissions generated. In the first scenario, 

which focuses on minimizing costs, the Pareto optimal solution shows a combination of larger solar PV 

and wind turbine capacities with relatively more minor battery storage capacities. This indicates that 
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the system relies more on direct renewable energy production and reduces storage investment costs. On 

the other hand, in the scenario that prioritizes energy efficiency, the optimal solution chooses a larger 

battery capacity to optimize the use of generated energy, although at a higher cost. In the scenario that 

aims to reduce emissions, the Pareto optimal solution emphasizes using more significant amounts of 

renewable energy with sufficient storage capacity to cope with fluctuations in energy production from 

renewable sources. In this comparison, a system with larger solar PV and wind turbine capacities and 

adequate battery capacity results in lower emissions, although at a slightly higher cost. However, this 

Pareto optimal solution shows that despite the higher initial costs, the long-term benefits of emission 

reductions and energy security are more significant. This scenario also shows the importance of 

selecting the exemplary system configuration to achieve the optimal balance between cost, efficiency, 

and emissions. 

 

Table 1. Comparison of Pareto Optimal Solutions and Renewable Energy System Performance for 

Several Scenarios 
Scenario Total Cost 

(USD) 

Energy 

Efficiency (%) 

Emission 

Reduction (%) 

Solar Panel 

Capacity (kW) 

Wind Turbine 

Capacity (kW) 

Battery 

Capacity (kWh) 

Scenario 1: 

Minimize 

Costs  

150,000 85 10 50 30 25 

Scenario 2: 

Maximizing 

Efficiency  

180,000 92 15 60 35 50 

Scenario 3: 

Emission 

Reduction  

170,000 88 25 55 40 45 

Scenario 4: 

Compromise 

(Cost, 

Efficiency, 

Emissions)  

160,000 90 20 57 37 40 

 

The performance of renewable energy systems for different scenarios can be evaluated based on key 

indicators such as total cost, energy efficiency, and emission reduction. The simulation results show that 

systems focusing more on cost reduction tend to have lower efficiency, with more energy wasted due 

to limited battery storage capacity. In contrast, solutions that prioritize energy efficiency and emission 

reduction show better performance in terms of energy utilization. However, they require higher initial 

costs for installing and storing renewable energy systems. Table 1 shows that in Scenario 1, which 

focuses on cost minimization, the resulting solution has a lower cost, but energy efficiency and emission 

reduction are also lower than in other scenarios. Scenario 2, which aims to maximize energy efficiency, 

results in higher costs but with better efficiency and significant emission reduction. Scenario 3 shows 

the optimal result for emission reduction, with the highest emission reduction, although followed by a 

considerable increase in cost. Scenario 4, a compromise between cost, efficiency, and emissions, shows 

a more balanced solution, with good efficiency and emission reduction, although the cost remains 

slightly higher compared to Scenario 1. 

In this study, the impact of genetic algorithm (GA) parameters on optimization performance is quite 

significant. One parameter that has a major influence is population size. A larger population provides a 

greater variety of solutions, allowing the algorithm to explore the solution space more widely. However, 

a larger population size also increases computation time and affects convergence speed. This experiment 

found that the optimal population size is in the range of 100 to 150 individuals. With this population 

size, GA can find a better Pareto optimal solution in an efficient time. However, a population size that 

is more significant than this does not significantly increase the quality of the solution but somewhat 

slows down the search process. In addition, crossover probability also has a considerable effect on 

optimization performance. Crossover is a process in which two individuals are selected to "mate" and 

produce a new solution, allowing the algorithm to explore better combinations of solutions. In this study, 

a high crossover probability (around 0.8 to 0.9) was shown to provide better results in finding the 

optimal solution, especially in multi-objective scenarios. However, if the crossover probability is too 
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high, individuals in the population become too similar, leading to premature convergence and loss of 

diversity. Therefore, appropriately setting the crossover probability is critical to balancing exploration 

and exploitation in the solution space. 

In contrast, mutation probability is essential in avoiding convergence on local solutions. Mutation 

allows random changes in individuals in the population, which helps GA to jump out of local solutions 

and explore a broader range of solutions. In this study, the optimal mutation probability ranges from 

0.01 to 0.05, depending on the complexity of the problem. Too low a mutation probability can cause 

the algorithm to get stuck on a suboptimal solution. At the same time, a probability that is too high can 

cause it to lose convergence on the optimal solution. Therefore, choosing the correct mutation 

probability is crucial to balancing exploration and exploitation in genetic algorithms. Evaluation of 

trade-offs between objectives, such as cost and emissions, shows a conflicting relationship. In the cost-

priority scenario, it is found that cheaper solutions tend to generate more emissions due to lower battery 

storage capacity and higher dependence on fossil fuel backup. 

In contrast, optimal solutions in the emission reduction scenario require higher investments in 

renewable energy and energy storage capacity, increasing the overall system cost. These trade-offs are 

essential, especially when budget or resources are limited. Optimal solutions often involve a 

compromise between the two, and selecting the best solution must consider both long-term needs and 

specific goals. 

 

Table 2. Impact of GA Parameters on Optimization Performance and Evaluation of Trade-off between 

Objectives (Cost vs Emission) 
GA Parameters Optimal Value Impact on Optimization 

Performance 

Impact on Trade-off (Cost vs 

Emission) 

Population Size. 100-150 

individuals. 

Increases solution diversity and 

speeds up convergence. 

Larger populations provide more 

optimal solutions but slow down 

convergence. 

Crossover 

Probability. 

0.8 - 0.9 It increases exploration of the 

solution space but risks premature 

convergence. 

High crossover tends to produce 

more efficient solutions but may 

increase costs. 

Mutation 

Probability 

0.01 - 0.05 Avoid local convergence and 

increase diversity. 

Low mutation maintains balance, but 

too high can lead to suboptimal 

solutions. 

Cost vs Emissions 

Trade-off 

- Sacrificing costs for more 

significant emission reductions. 

Emission reductions tend to increase 

initial investment costs; compromise 

solutions are needed. 

 

For example, the cost-emission trade-off analysis found that increasing battery capacity can directly 

reduce emissions by enabling more efficient use of renewable energy. Still, on the other hand, it 

increases the initial investment cost. However, solutions that significantly reduce emissions by 

improving energy storage capacity are more profitable in the long run, especially in the context of global 

emission reduction policies and government incentives for renewable energy use. This shows the 

importance of long-term evaluation in renewable energy system design decision-making. From the 

results of this analysis, it can be concluded that the setting of GA parameters, such as population size, 

crossover probability, and mutation probability, significantly impacts optimization performance. 

On the other hand, the trade-off between cost and emission objectives needs to be analyzed carefully 

because the decision to minimize costs or emissions can affect the efficiency and performance of the 

system. Therefore, further research on specific parameter settings and in-depth trade-off evaluations are 

needed to produce more optimal and sustainable solutions in renewable energy systems. Table 2 

illustrates the impact of GA parameter settings on optimization performance and assessing the trade-off 

between cost and emissions. These results indicate that proper GA parameters are critical to optimising 

optimal renewable energy system solutions. 

The main limitation of this study lies in the data assumptions used in the simulation model. First, the 

data used for modelling renewable energy systems, such as the capacity of solar panels, wind turbines, 

and storage batteries, are based on standard data sources that may not fully reflect the variability and 

uncertainty that exist in the field, such as fluctuations in the availability of renewable resources or 

changes in component prices. In addition, the assumption that component prices and operating costs 
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remain constant in the long term can also affect the optimization results, given that the cost of renewable 

energy technologies can fluctuate over time. Therefore, errors in these data assumptions can affect the 

accuracy of the simulation results and the evaluation of Pareto optimal solutions in this study. In 

addition, the limitations of genetic algorithms (GA) also affect the study's results. Although GA is a 

practical algorithm for finding optimal solutions in multi-objective problems, it still relies on selecting 

appropriate parameters such as population size, crossover probability, and mutation probability. 

Suboptimality in parameter selection can lead to premature convergence or inefficient solution search. 

In addition, although GA can handle complex optimization problems, it still has limitations in terms of 

computational speed. It requires significant time to obtain optimal solutions, especially in problems 

with vast solution spaces or many variables. Therefore, although GA provides reasonable solutions, 

there is a need for other faster or more adaptive optimization techniques to accelerate convergence in 

some cases. 

The calculation results show that the cost minimization scenario has the fastest payback period of 

around 6 years but with the lowest emission reduction impact. Meanwhile, the emission reduction 

scenario requires a higher initial investment, with a payback period of around 9 years. Still, it offers 

long-term benefits in emission reductions of up to 25%, which aligns with the clean energy incentive 

policy. The compromise scenario provides an optimal balance with a payback period of around 7.5 years 

and moderate efficiency and emission reduction benefits. With this additional analysis, the study's 

results are hoped to further assist stakeholders in considering the short-term and long-term economic 

benefits of implementing a renewable energy system optimized using the Genetic Algorithm. 

It is important to emphasize that this study's main contribution lies in applying GA based on local data 

to accommodate specific geographical conditions affecting solar and wind energy potential. Different 

from most previous studies that tend to use theoretical approaches or generic data, this study offers a 

practical approach by considering the actual parameters of the hybrid energy system in the study area, 

including variations in the capacities of solar panels, wind turbines, and energy storage, as well as the 

analysis of trade-offs between cost, efficiency, and emissions. In addition, this study also evaluates the 

sensitivity of GA parameters (such as population size, crossover probability, and mutation probability) 

to the performance of multi-objective optimization, which is rarely discussed in detail in similar studies. 

Thus, this study not only enriches the application of GA in renewable energy optimization but also 

provides empirical guidance for designing renewable energy systems that are adaptive to local 

characteristics. 

 
5. Conclusion 
This study successfully optimized the renewable energy system using genetic algorithm (GA) to find 

Pareto optimal solutions in several scenarios: cost minimization, energy efficiency maximization, and 

emission reduction. Based on the simulation results, it was found that the optimal population size is 

between 100 and 150 individuals, which provides a balance between solution diversity and efficient 

computation time. The optimal crossover probability was found to be in the range of 0.8 to 0.9, which 

increases the exploration of the solution space and produces more efficient solutions. However, there is 

a risk of premature convergence at higher probabilities. On the other hand, the ideal mutation probability 

is between 0.01 and 0.05, which maintains a balance between exploration and exploitation in the 

solution space. From the comparison results of Pareto optimal solutions, in the cost minimization 

scenario, the resulting solution has a total cost of 150,000 USD, energy efficiency of 85%, and emission 

reduction of only 10%. 

In contrast, in the scenario prioritizing emission reduction, the Pareto-optimal solution shows a higher 

total cost (USD 170,000) but with 88% energy efficiency and a more considerable emission reduction 

of 25%. In the compromise scenario, the total cost of USD 160,000 produces a more balanced solution 

with 90% energy efficiency and 20% emission reduction. Evaluating the trade-off between cost and 

emission shows that the optimal solution often involves a trade-off, where the increase in efficiency and 

emission reduction is directly proportional to the rise in the initial investment cost. Based on the GA 

parameter analysis results, the population size, crossover probability, and mutation probability 

significantly impact the optimization performance, with each parameter playing a role in the balance 

between exploration and exploitation in the solution space. In addition, this study shows that although 

GA can provide optimal solutions to multi-objective problems, the trade-off between cost and emission 
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must be analyzed carefully because emission reduction often requires higher costs in the short term 

despite providing significant long-term benefits. Overall, this study provides important insights into the 

use of genetic algorithms in renewable energy system optimization and offers practical solutions that 

can be used to design efficient, sustainable, and environmentally friendly energy systems. Despite some 

limitations related to data assumptions and computational time, the results of this study provide a solid 

foundation for developing more optimal renewable energy systems in the future. 
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