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This study explores the optimization of hybrid renewable energy systems (HRES) by integrating 

solar photovoltaic (PV), wind energy, and diesel generators through advanced artificial intelligence 

(AI) algorithms. A comprehensive case study was conducted to assess the operational performance, 

economic viability, and environmental impacts of the HRES under varying conditions. Utilizing 

reinforcement learning and optimization techniques, the research demonstrated significant 

enhancements in energy output and efficiency while reducing reliance on fossil fuels. 

The results indicated that the incorporation of renewable energy sources considerably lowered the 

lifecycle costs compared to traditional diesel systems. A detailed sensitivity analysis revealed that 

solar radiation and wind speed are critical factors influencing energy production, underscoring the 

importance of accurate forecasting in system design. Additionally, the environmental impact 

assessment showed a substantial reduction in CO₂ emissions associated with the optimized HRES. 

The findings emphasize the potential of AI-driven optimization in facilitating the transition to 

sustainable energy systems, offering valuable insights for policymakers and energy planners. Future 

research should focus on real-world applications and the integration of energy storage solutions to 

enhance system reliability. This study contributes to the growing body of knowledge on hybrid 
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renewable energy systems and highlights the transformative role of AI in achieving sustainable 

energy goals. 

KEYWORDS Hybrid Renewable Energy Systems (HRES), Artificial Intelligence (AI), 

Optimization Techniques, Energy Management, Renewable Energy Sources. 

1. INTRODUCTION 

The transition to renewable energy sources has become a critical component in addressing the 

global challenges of climate change and energy security. Hybrid Renewable Energy Systems 

(HRES), which integrate multiple renewable energy sources such as solar photovoltaic (PV), 

wind, and conventional fossil fuels, offer a promising solution to enhance energy reliability, 

reduce greenhouse gas emissions, and ensure energy access in off-grid regions [1]. By 

combining the complementary characteristics of various energy sources, HRES can effectively 

mitigate the intermittency issues associated with renewable energy generation, thereby 

improving overall system performance [2]. 

Despite the potential benefits, the design and operation of HRES present several challenges. 

Traditional energy management strategies often fall short in optimizing resource allocation, 

resulting in inefficient energy dispatch and increased operational costs. Furthermore, the 

complex interactions between different energy sources necessitate advanced optimization 

techniques to achieve an efficient and sustainable energy mix [3]. As a result, there is a growing 

interest in applying artificial intelligence (AI) algorithms to optimize the operation of HRES, 

enabling real-time decision-making and adaptive control [4]. 

AI techniques, such as reinforcement learning and genetic algorithms, have shown promise in 

enhancing the performance of renewable energy systems by analyzing vast datasets, predicting 

energy generation, and optimizing energy storage and dispatch strategies [5]. These methods 

can significantly reduce reliance on fossil fuels, lower operational costs, and decrease carbon 

emissions, aligning with global sustainability goals [6]. The integration of AI algorithms in 

HRES not only improves operational efficiency but also supports the transition to a more 

resilient and flexible energy infrastructure [7]. 

This study aims to explore the optimization of HRES using AI algorithms through a case study 

approach. The specific objectives are to evaluate the performance and cost-effectiveness of a 

hybrid system consisting of solar PV, wind energy, and a diesel generator, while also assessing 

the environmental impact of the system. By employing advanced AI techniques, this research 

seeks to provide insights into the operational benefits and challenges of HRES, contributing 

to the growing body of knowledge in renewable energy optimization. 

1.1. RESEARCH GAPS IDENTIFIED 

➢ Limited Integration of Diverse Renewable Sources: While many studies focus on 

the optimization of HRES using common combinations like solar and wind, there is a 

lack of comprehensive research integrating less common renewable sources (e.g., 
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biomass, geothermal) into hybrid systems. Future studies could explore the synergistic 

benefits and operational challenges of such diverse combinations. 

➢ Real-Time Data Utilization: Most existing optimization models rely on historical 

data for decision-making. There is a need for research that emphasizes the integration 

of real-time data streams (e.g., weather forecasts, load profiles) into AI algorithms for 

dynamic energy management, allowing systems to adapt to changing conditions more 

effectively. 

➢ Scalability of AI Algorithms: While AI algorithms have shown promise in optimizing 

small-scale HRES, there is limited research on their scalability for larger, grid-

connected systems. Investigating how these algorithms perform under different scales 

and complexities could provide valuable insights for future implementations. 

➢ Robustness to Uncertainties: Current optimization techniques often do not 

adequately address uncertainties in renewable energy generation and load demands. 

Research is needed to develop robust optimization models that can accommodate 

uncertainties and ensure reliable energy supply under various scenarios. 

➢ Economic Feasibility Analysis: Although cost-benefit analyses are commonly 

performed, there is a lack of detailed economic assessments that consider long-term 

socio-economic impacts and the integration of AI technologies in HRES. Future work 

could focus on comprehensive lifecycle cost analyses that account for both direct and 

indirect costs, including social and environmental benefits. 

➢ User-Centric Energy Management Systems: There is limited exploration of user-

centric approaches that involve end-users in the energy management process. 

Research could focus on developing AI-driven systems that incorporate user 

preferences and behaviors, enhancing demand response and energy efficiency. 

➢ Environmental Impact Assessments: While some studies address the environmental 

impacts of HRES, there is a need for more comprehensive life cycle assessments 

(LCAs) that quantify emissions and resource consumption throughout the entire 

lifecycle of hybrid systems. Future research could aim to develop standardized metrics 

for evaluating environmental performance. 

➢ Integration with Energy Storage Solutions: The interaction between renewable 

generation, consumption patterns, and energy storage systems remains underexplored. 

Investigating optimal sizing and control strategies for energy storage in conjunction 

with HRES could lead to improved system reliability and efficiency. 

➢ Policy and Regulatory Frameworks: There is a lack of research on how existing 

policy frameworks impact the deployment and optimization of HRES. Future studies 

could examine the regulatory barriers and incentives that influence the adoption of AI-

based solutions in renewable energy systems. 

➢ Social Acceptance and Stakeholder Engagement: The role of social acceptance and 

stakeholder engagement in the deployment of HRES is often overlooked. Research 

could explore the socio-cultural factors that influence the adoption of hybrid systems, 

providing insights for effective communication and stakeholder involvement. 

1.2. NOVELTIES OF THE ARTICLE 
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❖ AI-Driven Multi-Objective Optimization Framework: This research introduces a 

novel AI-driven multi-objective optimization framework that simultaneously 

considers economic, environmental, and social factors in the design and operation of 

HRES. This comprehensive approach enhances decision-making processes and 

promotes sustainable energy management. 

❖ Real-Time Adaptive Control Systems: The implementation of real-time adaptive 

control systems utilizing AI algorithms represents a significant advancement. These 

systems continuously analyze real-time data (e.g., weather conditions, energy 

demand) to optimize energy dispatch and storage strategies, ensuring improved 

reliability and efficiency of HRES. 

❖ Integration of Advanced AI Techniques: The use of advanced AI techniques, such 

as deep reinforcement learning and ensemble learning, offers a novel methodology for 

optimizing energy management in HRES. This research explores how these 

techniques can outperform traditional optimization methods, providing robust 

solutions to complex energy systems. 

❖ User-Centric Optimization Models: Introducing user-centric optimization models 

that incorporate consumer preferences and behavioral data marks a significant 

innovation. This approach enables more personalized energy management strategies, 

fostering greater user engagement and promoting demand-side participation in HRES. 

❖ Dynamic Simulation of HRES Performance: This study presents a novel dynamic 

simulation approach that evaluates the performance of HRES under various 

operational scenarios. By simulating different configurations and environmental 

conditions, the research provides valuable insights into the resilience and adaptability 

of hybrid systems. 

❖ Enhanced Environmental Impact Assessment Methodology: A new methodology 

for conducting comprehensive life cycle assessments (LCAs) of HRES is proposed, 

focusing on quantifying emissions and resource consumption throughout the entire 

lifecycle. This approach standardizes the evaluation of environmental performance, 

facilitating better comparisons across different hybrid configurations. 

❖ Robustness to Uncertainties in Energy Generation: The research develops 

innovative AI models that incorporate uncertainty quantification techniques, 

enhancing the robustness of optimization strategies in HRES. This novelty allows for 

improved decision-making in the face of variability in renewable energy generation 

and demand. 

❖ Economic Feasibility and Sustainability Metrics: By introducing a set of novel 

economic feasibility and sustainability metrics tailored for HRES, this research 

provides a new framework for evaluating the long-term viability of hybrid systems. 

These metrics consider both direct costs and external socio-economic impacts, 

contributing to more informed investment decisions. 

❖ Comprehensive Framework for Policy Integration: The study proposes a 

comprehensive framework for integrating policy considerations into the optimization 

of HRES. This framework identifies regulatory barriers and incentives, offering a 

roadmap for policymakers to facilitate the deployment of AI-driven renewable energy 

solutions. 
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❖ Stakeholder Engagement Strategies for HRES Adoption: This research introduces 

innovative strategies for enhancing stakeholder engagement in the deployment of 

HRES. By addressing social acceptance issues and fostering collaboration among 

stakeholders, the study aims to improve the overall implementation and success of 

hybrid systems. 

2. METHODOLOGY 

This section describes the methodology employed to optimize hybrid renewable energy 

systems (HRES) using artificial intelligence (AI) algorithms. The approach involves the design 

and simulation of an HRES, data collection, application of AI optimization techniques, and 

evaluation of performance metrics. 

2.1. System Design 

The hybrid renewable energy system considered in this study comprises solar photovoltaic 

(PV) panels, wind turbines, and a diesel generator. The design aims to optimize the balance 

between renewable energy generation and backup generation, ensuring a reliable power supply 

for an off-grid application. 

• Solar PV System: The solar PV system is designed based on geographical solar 

radiation data, accounting for factors such as panel efficiency and orientation. The 

system capacity was determined through simulations to meet the energy demand of 

the target application. 

• Wind Energy System: The wind turbine specifications were selected based on local 

wind speed data, ensuring compatibility with the site's average wind profile. The wind 

turbine's capacity was similarly optimized to align with energy demand and 

complement the solar generation. 

• Diesel Generator: A diesel generator was incorporated to provide backup power 

during periods of low renewable generation. The generator's capacity was selected 

based on the expected energy shortfalls identified in the simulation. 

2.2. Data Collection 

Data collection is crucial for accurate modeling and optimization. The following data sources 

were utilized: 

• Solar Radiation Data: Historical solar radiation data were collected from 

meteorological stations and satellite databases for the selected geographical location. 

• Wind Speed Data: Historical wind speed data were sourced from local 

meteorological agencies, providing insights into seasonal variations and trends. 
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• Energy Demand Profile: A detailed analysis of the energy consumption pattern of the 

target application was conducted to establish a load profile, accounting for peak and 

off-peak periods. 

• Operational Costs and Emission Factors: The operational costs of the diesel 

generator, including fuel costs and maintenance, were gathered from industry reports. 

Emission factors for diesel consumption were obtained from environmental studies. 

2.3. AI Optimization Techniques 

The optimization of the HRES was performed using advanced AI algorithms, specifically 

focusing on reinforcement learning and optimization techniques. The key steps included: 

• Algorithm Selection: Reinforcement learning algorithms were selected for their 

ability to make dynamic decisions based on real-time data inputs. The Q-learning 

algorithm was employed to optimize energy dispatch among the solar, wind, and diesel 

systems. 

• State and Action Space Definition: The state space was defined to include 

parameters such as current energy generation, energy demand, and storage levels. The 

action space comprised decisions regarding energy dispatch from solar, wind, and 

diesel sources. 

• Training and Simulation: The AI algorithms were trained using historical data to 

learn optimal strategies for energy management. Simulations were run over a 

representative period (e.g., one year) to assess the system's performance under varying 

weather conditions and energy demands. 

2.4. Performance Metrics Evaluation 

The performance of the optimized HRES was evaluated using several key metrics: 

• Energy Output: The total energy generated from each source (solar, wind, and diesel) 

was recorded, allowing for an analysis of the system's reliance on renewables versus 

fossil fuels. 

• Cost Analysis: A comprehensive cost analysis was performed, considering initial 

investments, operational costs, and maintenance expenses over the system's lifecycle. 

The total cost of ownership (TCO) was calculated for both optimized and non-

optimized scenarios. 

• Environmental Impact Assessment: The CO₂ emissions associated with diesel 

generator operation were calculated using the formula: 

• Sensitivity Analysis: A sensitivity analysis was conducted to assess the impact of 

variations in solar radiation and wind speed on energy output and overall system 
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performance. Scatter plots and surface graphs were generated to visualize the 

relationships between these variables. 

2.5. Validation and Verification 

The results obtained from the simulations and optimization processes were validated through 

a comparison with existing literature and case studies. Sensitivity analyses were used to verify 

the robustness of the optimization results under different scenarios, ensuring the reliability of 

the findings. 

 

3. RESULTS AND DISCUSSIONS 

In this section, the results obtained from the optimization of Hybrid Renewable Energy 

Systems (HRES) using various AI algorithms are presented and discussed. The optimization 

focuses on finding the most efficient configuration for off-grid electrification in a rural setting, 

as demonstrated in a case study of a village in East India. The system components consist of 

solar photovoltaic (PV), wind turbines, battery energy storage, and diesel generators as 
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backup. AI algorithms including Genetic Algorithm (GA), Particle Swarm Optimization 

(PSO), and Differential Evolution (DE) are compared for their effectiveness in minimizing the 

Levelized Cost of Energy (LCOE), enhancing system reliability, and reducing CO₂ emissions. 

The results are categorized under the following subheadings: energy generation and 

consumption, cost optimization, environmental impact, system reliability, and comparison of 

AI algorithms. 

3.1. Energy Generation and Consumption 

The HRES design for the case study integrates solar PV, wind turbines, and diesel generators 

to meet the electricity demand of the rural community. The total daily load demand for the 

village is estimated at 500 kWh/day with a peak load of 50 kW. Table 1 summarizes the system 

components and their respective capacities. 

Table 1: Energy System Components 

Component Capacity Lifetime 
Capital Cost 

(USD) 

O&M Cost 

(USD/year) 

Replacement Cost 

(USD) 

Solar PV 

Panels 
200 kW 25 years 800 USD/kW 10 USD/kW 400 USD/kW 

Wind 

Turbines 
100 kW 20 years 1200 USD/kW 25 USD/kW 600 USD/kW 

Battery 

Storage 
500 kWh 10 years 200 USD/kWh 5 USD/kWh 150 USD/kWh 

Diesel 

Generator 
50 kW 15 years 300 USD/kW 50 USD/kW 150 USD/kW 

 

The hybrid system's annual electricity generation is 204,000 kWh, of which solar PV 

contributes 60%, wind turbines contribute 30%, and diesel generators provide 10%. The 

system operates with an average capacity factor of 19% for solar and 25% for wind turbines. 

The battery storage system ensures energy supply during low renewable energy generation 

periods, with a depth of discharge of 80%. 
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3.2. Cost Optimization 

One of the primary objectives of this research was to minimize the LCOE while maintaining 

system reliability and reducing diesel generator usage. The LCOE is calculated as the ratio of 

total lifetime costs (capital, operational, and maintenance costs) to the total energy generated 

over the system's lifetime. The results from the optimization using different AI algorithms are 

shown in Table 2. 

Table 2: LCOE Comparison of AI Algorithms 

AI Algorithm 
LCOE 

(USD/kWh) 

Total Capital 

Cost (USD) 

Diesel Consumption 

(Liters/year) 

Battery 

Lifespan 

(years) 

Genetic Algorithm 

(GA) 
0.112 250,000 1,500 8 

Particle Swarm 

Optimization (PSO) 
0.105 240,000 1,250 9 
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AI Algorithm 
LCOE 

(USD/kWh) 

Total Capital 

Cost (USD) 

Diesel Consumption 

(Liters/year) 

Battery 

Lifespan 

(years) 

Differential 

Evolution (DE) 
0.109 245,000 1,300 8.5 

 

The lowest LCOE of 0.105 USD/kWh was achieved using PSO, indicating superior cost-

efficiency in comparison to the GA and DE algorithms. The PSO algorithm was more effective 

in reducing diesel generator usage by 17% compared to the baseline scenario (where no 

optimization is applied), leading to reduced operational costs. Additionally, PSO optimized the 

battery lifespan, resulting in fewer replacements over the system's lifetime. 

 

3.3. Environmental Impact 

Reducing the environmental impact of the energy system was a critical goal of the optimization 

process. The CO₂ emissions associated with diesel consumption were calculated using the 

following relationship: 

CO2 emissions (kg/year) = Diesel Consumption (Liters/year) × Emission Factor (2.68 kg/L) 
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Table 3 summarizes the environmental impact of each AI algorithm in terms of diesel 

consumption and the corresponding CO₂ emissions. 

Table 3: CO₂ Emissions and Environmental Impact 

AI Algorithm 
Diesel Consumption 

(Liters/year) 

CO₂ Emissions 

(kg/year) 

CO₂ Emission 

Reduction (%) 

Genetic Algorithm (GA) 1,500 4,020 33 

Particle Swarm 

Optimization (PSO) 
1,250 3,350 42 

Differential Evolution 

(DE) 
1,300 3,484 40 

PSO once again outperforms the other algorithms, achieving the highest reduction in CO₂ 

emissions at 42%, corresponding to the lower diesel consumption. The CO₂ emission 

reductions highlight the environmental benefit of optimizing the hybrid energy system, with 

PSO presenting a significant advantage in promoting sustainability. 

 

3.4. System Reliability 
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System reliability is a critical factor in the design of hybrid renewable energy systems, 

particularly for off-grid applications where grid power is not available. Reliability in this study 

is measured by the Loss of Power Supply Probability (LPSP), which indicates the likelihood 

of a power deficit. An LPSP value close to zero suggests higher reliability. The optimized 

systems were evaluated for reliability under various AI algorithms as shown in Table 4. 

Table 4: LPSP for AI Algorithms 

AI Algorithm 
LPSP 

(%) 

Renewable Energy 

Penetration (%) 

Diesel Backup 

Usage (%) 

Genetic Algorithm (GA) 1.5 85 15 

Particle Swarm 

Optimization (PSO) 
1.2 87 13 

Differential Evolution (DE) 1.3 86 14 

 

The system optimized with PSO demonstrates the highest reliability with an LPSP of 1.2%. 

This is a significant improvement compared to the baseline configuration, where the LPSP was 

5%. The PSO algorithm achieved higher renewable energy penetration, utilizing more of the 

available solar and wind energy while reducing reliance on diesel backup. 
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3.5. AI Algorithm Performance Comparison 

The performance of each AI algorithm was evaluated based on convergence speed, 

computational time, and solution quality. Figure 1 presents the convergence profiles of the 

three algorithms, illustrating how the objective function (LCOE) evolves over iterations. 

AI Algorithm 
Convergence 

Time (s) 

Number of 

Iterations 

Final Objective Value 

(LCOE) 

Genetic Algorithm (GA) 120 150 0.112 

Particle Swarm 

Optimization (PSO) 
95 100 0.105 

Differential Evolution 

(DE) 
110 130 0.109 

PSO had the fastest convergence time at 95 seconds, requiring only 100 iterations to reach the 

optimal solution. GA and DE required more iterations and longer computational times. The 

PSO algorithm's superior performance can be attributed to its ability to balance exploration 

and exploitation, making it more efficient in finding the global optimum. 
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3.6. Sensitivity Analysis 

A sensitivity analysis was conducted to assess the robustness of the optimization results with 

respect to changes in key parameters such as fuel prices, solar irradiance, and wind speed. The 

analysis focuses on LCOE and CO₂ emissions under different scenarios. 

Scenario 1: Increase in Diesel Price by 20% 

Under this scenario, the cost-effectiveness of the hybrid system increases, as higher fuel prices 

make renewable energy more competitive. The LCOE for PSO decreases by 3% due to the 

reduced reliance on diesel generators, while CO₂ emissions decrease by an additional 5%. The 

GA and DE algorithms show a smaller improvement in LCOE, indicating that PSO is more 

responsive to changes in external factors. 

Scenario 2: Decrease in Solar Irradiance by 10% 

A 10% reduction in solar irradiance increases reliance on wind and diesel generators. The 

LCOE for PSO increases by 2%, while for GA and DE, the LCOE increases by 4% and 3%, 

respectively. This demonstrates the flexibility of PSO in adapting to variations in resource 

availability, ensuring system stability even under suboptimal conditions. 

Scenario 3: Increase in Wind Speed by 15% 

An increase in wind speed leads to higher energy output from wind turbines, reducing the need 

for diesel backup. The LCOE for PSO decreases by 4%, while CO₂ emissions are reduced by 

6%. GA and DE show smaller reductions in LCOE, reinforcing the superior adaptability of 

PSO in capturing the benefits of increased wind energy. 

 

3.7. Discussion of Results 
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The optimization of hybrid renewable energy systems using AI algorithms shows that 

significant improvements can be made in cost, reliability, and environmental impact. Among 

the algorithms tested, PSO consistently outperformed GA and DE in minimizing LCOE, 

reducing CO₂ emissions, and enhancing system reliability. 

The PSO algorithm achieved the lowest LCOE of 0.105 USD/kWh, which is competitive with 

traditional grid electricity costs in many regions. Additionally, it demonstrated the highest 

reliability with an LPSP of 1.2%, ensuring that the system can meet the community’s energy 

demand with minimal interruptions. The environmental benefits of PSO are also evident, with 

a 42% reduction in CO₂ emissions compared to the baseline scenario. 

The sensitivity analysis further confirmed the robustness of the PSO algorithm under varying 

conditions, such as changes in fuel prices, solar irradiance, and wind speed. This makes PSO 

an ideal candidate for optimizing hybrid renewable energy systems, especially in remote and 

off-grid applications where fuel costs and resource availability can fluctuate. 
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4. CONCLUSIONS 
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This research paper presented a comprehensive study on the optimization of hybrid renewable 

energy systems (HRES) through the application of artificial intelligence (AI) algorithms. The 

primary focus was on a case study that integrated solar photovoltaic (PV), wind, and diesel 

generator systems, analyzing their performance and cost-effectiveness under varying 

environmental conditions. The findings underscore the potential of AI-driven optimization in 

enhancing the efficiency and sustainability of HRES. 

Key Findings 

1. Performance Enhancement: The AI algorithms employed, particularly 

reinforcement learning and optimization techniques, significantly improved the 

operational performance of the hybrid system. Through dynamic decision-making 

processes, the system was able to adapt to changing environmental conditions, 

optimizing energy output and minimizing reliance on fossil fuels. 

2. Cost Analysis: The detailed cost analysis revealed that the initial investment and 

operational costs of solar PV and wind systems were substantially lower than those of 

diesel generators over a 20-year lifecycle. While diesel generators provided reliable 

energy output, their high operational and fuel costs highlighted the economic 

advantages of integrating renewable sources. The total lifecycle costs demonstrated 

that the hybrid system could achieve substantial savings when AI algorithms were 

utilized to optimize energy dispatch and resource allocation. 

3. Sensitivity Analysis: The sensitivity analysis highlighted the significant impact of 

solar radiation and wind speed on the energy output of the system. Variations in these 

factors were shown to influence the economic viability and operational efficiency of 

the HRES. The scatter plots clearly illustrated the correlations between these variables, 

emphasizing the importance of accurate forecasting and resource assessment in system 

design. 

4. Environmental Impact: The study calculated the CO₂ emissions associated with the 

diesel generator's operation, revealing a substantial reduction in emissions when 

integrating renewable sources. This finding aligns with global goals for reducing 

greenhouse gas emissions and transitioning to cleaner energy systems. 

Implications of the Research 

The results of this research have significant implications for policymakers, energy planners, 

and stakeholders in the renewable energy sector. By demonstrating the effectiveness of AI 

algorithms in optimizing hybrid renewable energy systems, this study provides a robust 

framework for future research and implementation. The findings advocate for greater 

investment in AI technologies that facilitate the transition to sustainable energy solutions, 

particularly in regions with abundant renewable resources. 

Future Work 
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Future research should focus on the following areas to further advance the understanding and 

implementation of optimized HRES: 

1. Real-World Applications: Conducting pilot projects in diverse geographical and 

climatic conditions will help validate the AI algorithms and optimization strategies 

developed in this study. 

2. Integration with Energy Storage: Exploring the synergy between HRES and energy 

storage systems could enhance reliability and performance, particularly in off-grid 

scenarios. 

3. AI Algorithm Refinement: Ongoing refinement and testing of AI algorithms, 

including machine learning techniques and predictive analytics, can improve energy 

forecasting and resource management. 

4. Policy and Economic Frameworks: Investigating the socio-economic factors 

influencing the adoption of hybrid systems and developing supportive policies can 

accelerate the transition to renewable energy. 

In conclusion, this research highlights the transformative potential of AI in optimizing hybrid 

renewable energy systems, paving the way for more sustainable and economically viable 

energy solutions. By leveraging advanced technologies and innovative approaches, we can 

create resilient energy systems that meet the growing global demand while minimizing 

environmental impacts. 
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