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Abstract 
The rapid integration of renewable energy into microgrids introduces complex 
challenges for maintaining dynamic voltage stability and frequency regulation due to 

the stochastic and intermittent nature of solar and wind generation. Traditional control 

methods, including PID and model predictive controllers, often fail to adapt effectively 

to rapid fluctuations and nonlinear system dynamics, highlighting the need for 
intelligent, adaptive control strategies. This study aims to investigate the effectiveness 

of deep reinforcement learning (DRL) for real-time voltage stability and frequency 

regulation in microgrids with high renewable energy penetration. The research seeks to 

evaluate DRL’s ability to optimize control actions, improve system resilience, and 
enhance renewable energy utilization compared to conventional methods. A simulation-

based approach was employed, modeling microgrid dynamics with integrated solar and 

wind sources, energy storage systems, and variable loads. DRL controllers were 

developed using actor-critic architectures and trained to learn optimal control policies 
through iterative interaction with the simulated environment. System performance was 

assessed using voltage deviation, frequency deviation, control effort, renewable 

utilization, and resilience metrics. DRL-based control significantly reduced voltage and 

frequency deviations to 0.022 p.u. and 0.037 Hz, respectively, while minimizing control 
effort to 37% and increasing renewable utilization to 92%. System resilience improved 

to 0.91, outperforming conventional PID and MPC strategies under varying load and 

generation scenarios. Deep reinforcement learning provides a robust, adaptive approach 

for microgrid stability management, enabling enhanced reliability, efficiency, and 
sustainable integration of high-penetration renewable energy. The study demonstrates 

DRL’s potential for scalable deployment in complex renewable-rich microgrids. 
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INTRODUCTION 

Integration of renewable energy into microgrids has become a central focus of modern 

power systems, driven by global sustainability initiatives and the need to reduce carbon 

emissions (Ahmadi & Aly, 2025). High penetration of variable renewable energy sources, such 

as solar photovoltaics and wind turbines, introduces significant challenges for maintaining 

voltage stability and frequency regulation due to intermittent generation patterns (J. Liu et al., 

2025). The complexity of these systems demands advanced control strategies capable of 

adapting to dynamic operating conditions. 

Emergence of artificial intelligence techniques offers new avenues for real-time 

monitoring, predictive control, and autonomous operation in microgrids (Subrahmanyam & 

Hariharan, 2025). Deep reinforcement learning (DRL), in particular, provides a framework for 

sequential decision-making under uncertainty, enabling control agents to learn optimal policies 

for voltage and frequency management through interaction with the environment. DRL has 

shown promise in optimizing nonlinear and stochastic systems, making it a suitable candidate 

for addressing stability challenges in renewable-rich microgrids. 

Importance of dynamic stability and frequency regulation in microgrids extends beyond 

technical performance, affecting power quality, system reliability, and the economic efficiency 

of distributed energy resources (Pan et al., 2026). Voltage fluctuations and frequency 

deviations can compromise sensitive loads, trigger protection mechanisms, and reduce 

renewable energy utilization efficiency (Ioannou et al., 2025). Therefore, integrating intelligent 

control methods into microgrid operation is critical for sustainable and resilient energy 

systems. 

Voltage instability and frequency deviation are key challenges in microgrids with high 

levels of renewable penetration (Hu et al., 2026). Conventional control strategies, including 

proportional-integral-derivative (PID) controllers and model predictive control (MPC), often 

struggle to maintain stability under rapid and uncertain generation changes. 

Limitations of traditional control methods emerge from their dependence on accurate 

system modeling and pre-defined parameters (De Silva et al., 2025). These methods may not 

fully capture the stochastic behavior of renewable sources or the nonlinear dynamics of 

inverter-based microgrids, resulting in suboptimal performance and potential system instability. 

Need for adaptive and autonomous control mechanisms is intensified in multi-microgrid 

and grid-connected scenarios, where interactions between distributed generators, energy 

storage systems, and loads create additional complexity (Jadery et al., 2025). Addressing these 

challenges requires techniques capable of continuous learning, real-time optimization, and 

robust performance under uncertainty. Develop a deep reinforcement learning framework for 

voltage stability and frequency regulation in microgrids with high renewable energy 

penetration (Huang et al., 2025). The study aims to design an agent capable of learning optimal 

control policies through interaction with the microgrid environment.  

Evaluate the performance of DRL-based controllers in comparison with conventional 

control strategies under varying operating conditions, including load fluctuations, renewable 

intermittency, and fault scenarios (Wenqiang et al., 2026). Performance metrics include voltage 

deviation, frequency stability, and system resilience. Propose a scalable and adaptive control 

methodology that can be generalized to diverse microgrid configurations. The research aims to 

provide insights for real-time autonomous control and inform future policy and technical 

frameworks for sustainable microgrid integration. 

Limited application of reinforcement learning in renewable-rich microgrids has been 

observed in existing literature, with most studies focusing on simulation-based validation rather 

than practical deployment (Kiasari & Aly, 2025). Few studies integrate voltage stability and 

frequency regulation in a unified DRL framework. Inadequate consideration of dynamic 

operating conditions and stochastic renewable generation constrains the reliability of current 
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control models (Aghdam et al., 2025). Existing approaches often assume simplified load 

profiles or idealized renewable outputs, limiting generalizability to real-world microgrids. 

Scarcity of comparative studies with conventional control methods hinders the 

assessment of DRL’s practical advantage over traditional controllers (A. Liu et al., 2025). Most 

research emphasizes algorithm development without evaluating operational robustness, 

scalability, or adaptability across multi-source microgrid environments (Swami et al., 2025). 

Integration of DRL for simultaneous voltage and frequency control represents a key 

innovation, addressing both stability metrics in a single learning framework. This approach 

advances beyond separate control strategies for voltage or frequency regulation. 

Development of an adaptive and environment-interactive control model constitutes a 

methodological contribution (Shil et al., 2025). The framework enables real-time learning and 

policy optimization under uncertain and stochastic microgrid conditions, offering scalability to 

diverse configurations. Implications for sustainable and resilient microgrid operation 

underscore the significance of the study (Addai & Musilek, 2026). By demonstrating DRL’s 

capacity to maintain system stability amid high renewable penetration, the research provides 

both theoretical and practical insights for intelligent energy management, promoting reliable 

integration of renewable energy into modern microgrids. 

 

RESEARCH METHOD 

Research Design 

This study employs a quantitative-dominant, simulation-based research design to 

investigate the application of deep reinforcement learning (DRL) for dynamic voltage stability 

and frequency regulation in microgrids with high renewable energy penetration (Ramul et al., 

2025). The design integrates system modeling, algorithmic controller development, and 

performance evaluation under varying operational scenarios (Kumar et al., 2026). DRL is 

utilized to enable adaptive and autonomous control, allowing agents to learn optimal control 

policies through interaction with simulated microgrid environments. 

The research framework is grounded in power systems engineering and artificial 

intelligence, emphasizing the nonlinear and stochastic dynamics introduced by intermittent 

renewable generation (Prasad & Singh, 2026). Simulation models incorporate inverter-based 

renewable sources, energy storage systems, and variable load profiles to replicate realistic 

microgrid behavior. The design supports both steady-state and transient performance 

assessment to ensure comprehensive evaluation of system stability under dynamic conditions. 

Analytical rigor is ensured through structured experimentation using performance metrics 

such as voltage deviation, frequency deviation, control effort, and system resilience. 

Comparative analysis with conventional control methods, including proportional-integral-

derivative (PID) and model predictive controllers, provides a benchmark for evaluating the 

advantages of DRL-based strategies. Sensitivity analyses are conducted to assess the 

robustness of DRL performance across multiple scenarios and parameter variations. 

Research Target/Subject 

The target and subject of this study encompass simulated microgrid components, 

operational scenarios, and deep reinforcement learning (DRL) agent configurations designed to 

represent high renewable energy penetration conditions. The primary physical subjects include 

photovoltaic and wind generation units, battery energy storage systems (BESS), inverter 

interfaces, and variable load nodes, evaluated across both islanded and grid-connected 

configurations. Furthermore, the operational subjects consist of diverse simulation scenarios 

chosen through stratified random selection to comprehensively cover various load levels, 

renewable generation intermittency, and grid contingency conditions. Supplementing these 

infrastructure elements, the algorithmic subjects comprise multiple neural network structures 
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and reinforcement learning frameworks specifically actor-critic and deep Q-network 

architectures selected to explore policy learning efficiency and control effectiveness across 

distinct microgrid dynamics. 

Research Procedure 

The research procedure follows a structured, simulation-based execution workflow 

divided into model construction, agent training, and stress testing. The process begins with the 

development of microgrid simulation models that integrate renewable generation units, energy 

storage systems, and variable load profiles to accurately replicate realistic network topologies. 

Next, the DRL framework is initialized, and the agents undergo closed-loop training through 

repeated interactions with the simulated environment, progressively learning optimal, 

autonomous control actions to minimize system deviations. Once training concludes, the 

finalized DRL agent is subjected to operational testing across multiple predefined scenarios, 

including sudden load changes, renewable energy fluctuations, and severe grid disturbances. 

Throughout this testing phase, Python-based DRL frameworks and specialized data logging 

modules continuously monitor and record real-time time-series data for voltage, frequency, and 

control signals. 

Instruments, and Data Collection Techniques 

Data collection instruments include microgrid simulation software, Python-based DRL 

frameworks, and data logging modules for real-time monitoring of voltage, frequency, and 

control signals. Simulation software provides dynamic modeling of renewable generation, load 

fluctuations, and network topologies. 

The DRL framework is implemented using actor-critic and deep Q-network architectures 

to optimize control policies. Performance metrics, such as root-mean-square voltage deviation, 

frequency variance, and energy dispatch efficiency, serve as quantitative instruments to 

evaluate controller effectiveness. 

Post-processing and visualization tools are used to analyze system responses, compare 

DRL performance with conventional controllers, and identify stability trends under various 

operating conditions. Sensitivity analysis tools support evaluation of robustness across 

parameter variations. 

Data Analysis Technique 

Data analysis is executed through a combination of quantitative performance evaluation, 

comparative benchmarking, and robustness testing to ensure analytical rigor. Post-processing 

and visualization tools are utilized to analyze system responses based on key performance 

metrics, including root-mean-square (RMS) voltage deviation, frequency variance, control 

effort, and system resilience. These metrics form the basis of a comparative analysis, where the 

DRL-based control strategy is rigorously benchmarked against conventional methodologies, 

namely proportional-integral-derivative (PID) and model predictive controllers (MPC), to 

quantify improvements in response time and stability. Finally, sensitivity analyses are 

performed to systematically assess the robustness of the DRL policy across multiple parameter 

variations and stochastic conditions, validating the controller's efficacy for sustainable, real-

world microgrid operations. 
 

RESULTS AND DISCUSSION 

Presents simulated data of a microgrid with high renewable energy penetration. 

Indicators include voltage deviation (p.u.), frequency deviation (Hz), control effort (%), 

renewable utilization efficiency (%), and system resilience index (0–1 scale). Data compare 

deep reinforcement learning (DRL) controllers with proportional-integral-derivative (PID) and 

model predictive controllers (MPC). 



Journal of Moeslim Research Technik 

 

                                                           Page | 203  
 

 

Table 1. Performance Comparison of DRL-Based Control and Conventional Methods in 

Microgrid Voltage and Frequency Stability 

Indicators PID Controller MPC Controller DRL Controller 

Voltage 

Deviation (p.u.) 

0.065 0.048 0.022 

Frequency 

Deviation (Hz) 

0.125 0.091 0.037 

Control Effort 

(%) 

68 52 37 

Renewable 

Utilization (%) 

73 81 92 

System 

Resilience Index 

0.64 0.77 0.91 

Voltage and frequency deviations are lowest under DRL control, indicating superior 

dynamic stability. Control effort is significantly reduced, while renewable utilization is 

maximized, demonstrating efficient integration of intermittent energy sources. 

System resilience, measured as the ability to maintain stable operation under load and 

generation fluctuations, is highest with DRL controllers, reflecting robust performance under 

diverse operating conditions. These data highlight the potential of DRL to optimize microgrid 

stability in renewable-dominant systems. DRL controllers outperform conventional PID and 

MPC methods in stabilizing voltage and frequency, demonstrating lower deviations and faster 

system response. The algorithm effectively learns optimal policies, adapting to stochastic 

renewable generation and variable loads. 

Reduced control effort under DRL suggests higher efficiency in actuation, minimizing 

unnecessary interventions while maintaining stability. High renewable utilization indicates 

DRL’s capability to balance energy dispatch from distributed sources, enhancing overall 

system efficiency. Qualitative observations reveal that DRL enables adaptive responses to 

sudden load changes, faults, and renewable intermittency. Controllers adjust inverter outputs 

and energy storage dispatch in real time, maintaining both voltage and frequency within 

operational limits. 

Scenario-based simulations show that DRL handles contingencies more consistently than 

conventional controllers. MPC performs well under predictable scenarios, but DRL adapts 

autonomously to stochastic variations, ensuring robust performance even in extreme 

conditions. 

Statistical tests confirm significant differences between DRL and traditional controllers 

(p < 0.01). Paired comparisons show DRL achieves lower voltage and frequency deviations 

with higher effect sizes compared to PID and MPC. Regression analysis indicates that DRL 

control policies strongly predict system resilience (β = 0.84, p < 0.01). Performance 

improvement is most pronounced under high renewable penetration and variable load 

conditions, supporting the model’s robustness. 

Correlation analysis shows negative relationships between DRL implementation and 

voltage deviation (r = -0.88) and frequency deviation (r = -0.91). Control effort inversely 

correlates with DRL adoption (r = -0.79), while renewable utilization positively correlates (r = 

0.85). These relationships indicate that DRL simultaneously enhances stability, efficiency, and 

renewable integration. Improved system resilience is directly linked to reduced deviations and 

optimized control actions across multiple scenarios. 
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Figure 1. Controller Performance Comparison Under 60% Solar Penetration 

A case study of a microgrid with 60% solar penetration demonstrates that DRL 

controllers maintain voltage within ±0.02 p.u. and frequency deviations below 0.04 Hz under 

rapid solar fluctuations. Conventional controllers exhibit transient overshoots exceeding 0.06 

p.u. and 0.1 Hz deviations. Energy storage units are dynamically managed under DRL to buffer 

variability, ensuring stable supply. Observations highlight adaptive decision-making in inverter 

control, load shedding, and resource prioritization under high variability conditions. 

The case illustrates that DRL learns optimal control strategies through interaction with 

the system environment, outperforming human-designed control laws. Controllers adapt 

continuously to stochastic renewable inputs and variable demand profiles. 

Efficiency gains are reflected in reduced actuation requirements and higher renewable 

energy utilization. The case confirms that DRL enables real-time, autonomous management of 

microgrid stability, providing both operational efficiency and robustness under extreme 

scenarios. Overall results indicate that DRL-based controllers provide superior voltage 

stability, frequency regulation, and renewable integration compared to conventional methods. 

Lower deviations, reduced control effort, and higher resilience demonstrate the efficacy of AI-

driven adaptive strategies in complex microgrids. 

Interpretation suggests that deep reinforcement learning offers a scalable, autonomous 

solution for managing dynamic stability in renewable-rich microgrids. The findings support its 

adoption for enhancing operational reliability, system efficiency, and sustainable integration of 

distributed energy resources. 

The results of this study demonstrate that deep reinforcement learning (DRL) 

significantly improves dynamic voltage stability and frequency regulation in microgrids with 

high renewable energy penetration. Simulation data indicate that DRL controllers reduce 

voltage deviation to 0.022 p.u., frequency deviation to 0.037 Hz, and control effort to 37%, 

outperforming conventional PID and MPC controllers. Renewable energy utilization reached 

92%, and system resilience scored 0.91 on a 0–1 scale, reflecting superior operational stability 
under stochastic renewable generation. 

Case study observations confirm that DRL effectively adapts to rapid changes in solar 

and wind outputs, adjusting inverter and storage dispatch in real time to maintain system 

equilibrium. Controllers exhibit self-learning behavior, optimizing control policies through 

repeated interactions with the microgrid environment. The findings suggest that DRL can 

simultaneously enhance reliability, efficiency, and sustainability in renewable-dominant 

microgrids. 
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Figure 2. Comparative Analysis: DRL vs. Conventional Control 

Performance improvements were consistent across multiple simulated scenarios, 

including peak demand fluctuations, sudden load changes, and contingency events such as 

faults or grid disturbances. Comparative metrics demonstrate that DRL achieves both faster 

system response and more robust stability than conventional control strategies. Overall, the 

study confirms that integrating DRL into microgrid control provides measurable advantages in 

voltage and frequency regulation, operational efficiency, and renewable resource utilization, 

making it a highly effective approach for complex, high-renewable energy systems. 

Previous studies on microgrid control primarily focus on conventional methods, 

including PID controllers and model predictive control, which perform adequately under stable 

conditions but struggle with stochastic renewable generation. The present findings extend this 

literature by demonstrating DRL’s superior adaptability to nonlinear, time-varying system 

dynamics. 

Some earlier research suggests that reinforcement learning could optimize single control 

objectives, such as energy dispatch or frequency stability. This study demonstrates a 

multidimensional advantage, with DRL simultaneously improving voltage stability, frequency 

regulation, and renewable utilization, addressing limitations identified in prior work. 

Prior studies often emphasize simulation or pilot microgrid applications without 

systematic evaluation of stochastic variations in renewable output. The current results 

incorporate multiple scenarios of load fluctuations, intermittent generation, and fault events, 

providing a more comprehensive assessment of DRL robustness and reliability. 

Comparative analysis indicates that DRL outperforms both PID and MPC approaches in 

nearly all performance metrics, confirming theoretical expectations from prior AI-based control 

studies while providing empirical evidence for operational efficiency gains in high-renewable 

microgrids. The findings indicate that adaptive learning-based control represents a 

transformative approach to microgrid management. DRL enables autonomous decision-making 

in complex, uncertain environments, reflecting a shift from pre-programmed control strategies 
to self-optimizing systems. 

Results also suggest that integrating AI into power system control strengthens both 

operational stability and resource efficiency. Voltage and frequency deviations are minimized, 

indicating that DRL provides a proactive mechanism for system regulation rather than reactive 

corrections. Observed improvements in renewable utilization and system resilience indicate 

that DRL can enhance sustainability objectives while maintaining technical performance. The 

method accommodates stochastic variability, allowing for reliable integration of solar and wind 

energy. The results further imply that high-performing microgrid control is increasingly 

dependent on computational intelligence rather than conventional manual tuning, signaling a 

paradigm shift in energy management practices toward AI-driven governance. 
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The findings imply that DRL controllers can be deployed in real-world microgrids to 

improve stability and reliability, supporting higher renewable penetration without 

compromising power quality. This provides a pathway for sustainable urban and industrial 

energy systems. Microgrid operators may leverage DRL for adaptive load balancing, dynamic 

energy storage management, and predictive fault mitigation, reducing operational costs and 

enhancing efficiency. The technology can facilitate grid independence in islanded and 

distributed scenarios. 

Policy implications include the potential for regulatory support for AI-based control 

technologies in microgrid standards, encouraging investment in intelligent energy systems. 

Utilities and planners can design more resilient and flexible power networks using predictive, 

learning-based controllers. At a broader level, these findings underscore the importance of AI 

in achieving sustainable energy transition goals. DRL enables technical and operational 

strategies that integrate renewable energy, improve resilience, and contribute to long-term 

environmental sustainability. 

DRL performance improvements are driven by its ability to learn optimal control policies 

through continuous interaction with the microgrid environment. Adaptive algorithms can 

identify patterns in load variations and renewable intermittency, allowing proactive control 

actions. Reduced voltage and frequency deviations result from real-time policy adjustments 

that balance energy dispatch from multiple distributed sources. The DRL agent prioritizes 

system stability while minimizing unnecessary control interventions. 

Efficiency gains arise from intelligent management of energy storage and inverter 

outputs, reducing energy losses and maintaining equilibrium under stochastic generation. 

Automation and continuous learning allow the system to optimize performance dynamically. 

High renewable utilization and resilience scores reflect the agent’s capacity to anticipate 

fluctuations and mitigate disturbances. The learning process enables robust adaptation to 

extreme operating conditions that conventional controllers cannot manage effectively. 

Future research should focus on real-world deployment and validation of DRL in 

operational microgrids to confirm simulation results and assess scalability (Qi et al., 2026). 

Field trials can provide insight into practical implementation challenges, including 

communication latency and sensor reliability. Further studies could explore hybrid DRL 

architectures integrating predictive weather and load forecasting for improved preemptive 

control. This approach can enhance the agent’s anticipatory capabilities under variable 

generation patterns. 

Capacity building is necessary for system operators and engineers to implement, monitor, 

and maintain AI-driven controllers safely. Training programs should focus on algorithm 

understanding, data interpretation, and contingency management (Yakine Kouba et al., 2026). 

Strategic policy development should support regulatory frameworks for intelligent microgrid 

management. Incorporating DRL and AI-based control standards can accelerate the adoption of 

high-renewable microgrids while maintaining reliability, efficiency, and sustainability in 

evolving power systems. 

 

CONCLUSION 

The most important finding of this study demonstrates that deep reinforcement learning 

(DRL) significantly improves dynamic voltage stability and frequency regulation in microgrids 

with high renewable energy penetration. Simulation results indicate lower voltage deviations, 

reduced frequency fluctuations, minimized control effort, and higher renewable energy 

utilization compared to conventional PID and MPC controllers. The DRL approach also 

achieves superior system resilience under stochastic renewable generation and variable load 

conditions, confirming its effectiveness in maintaining operational stability and efficiency in 

complex microgrid environments. 



Journal of Moeslim Research Technik 

 

                                                           Page | 207  
 

The value contribution of this research lies in its development and application of a DRL-

based control framework that simultaneously addresses voltage and frequency regulation while 

optimizing renewable energy integration. The study provides a methodological contribution by 

combining simulation-based microgrid modeling with reinforcement learning, enabling 

autonomous, adaptive control in real-time dynamic scenarios. This framework bridges the gap 

between conventional control strategies and intelligent, self-learning systems, offering both 

theoretical insights and practical guidelines for the design of AI-enabled microgrid 

management systems. 

The limitations of this study include reliance on simulation data rather than real-world 

deployment, which may not capture all practical challenges such as communication delays, 

sensor inaccuracies, and hardware constraints. The study focuses on a single microgrid 

configuration, limiting generalizability across diverse network topologies and renewable 

penetration levels. Future research should investigate field implementation of DRL controllers, 

test scalability across multi-microgrid systems, and explore integration with predictive 

analytics for enhanced resilience under extreme environmental and load variations. 
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