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Abstract 

The global transition toward renewable energy sources has fundamentally 

transformed modern power systems, introducing significant challenges in power 

conversion, grid stability, and control adaptability. This paper presents a 

comprehensive findings-based analysis of artificial intelligence-enabled adaptive 

control strategies for power electronic converters in renewable energy integration 

applications. Through systematic examination of recent experimental validations 

and comparative studies, we establish that AI-enabled control architectures 

substantially outperform conventional approaches across multiple performance 

metrics. Key findings demonstrate that neural network-based adaptive PID 

controllers achieve up to 96.2% conversion efficiency with total harmonic distortion 

below 3%, while deep reinforcement learning-based grid-forming converters 

achieve approximately 35% faster frequency recovery with THD reduction from 

4.8% to 3.1%. The intelligent adaptive neuro-fuzzy control framework 

demonstrates exceptional performance with 99.45% efficiency and stabilization 

within 0.02 seconds. Hardware-in-the-loop validation confirms practical viability 

with control latency below 65 ms. This paper contributes a structured analysis of 

empirical findings and provides actionable insights for researchers and 

practitioners navigating AI-enabled power converter control for sustainable energy 

systems. 
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1. Introduction 

1.1 Background and Research Context 

The accelerating deployment of renewable energy sources such as photovoltaic and wind 

systems has fundamentally altered the operational dynamics of modern power networks. 

While this transition supports sustainability and carbon neutrality goals, it introduces 

unprecedented challenges for grid stability due to the intermittent and stochastic nature 

of renewable generation. Traditional power systems relied on large synchronous 

machines to provide essential inertia, damping, and frequency regulation; however, as 

these rotating machines are displaced by inverter-based resources, the grid's natural 

inertia is significantly reduced, leading to faster and deeper frequency excursions 

following disturbances. 

Power electronic converters serve as the critical interface between renewable generation 

and electrical networks, performing essential functions including DC-AC conversion, 

maximum power point tracking, and grid support. The operational demands on these 
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converters have intensified dramatically as renewable penetration increases, requiring 

simultaneous optimization of efficiency, power quality, dynamic response, and grid 

support functionality. 

1.2 Research Objectives 

This paper presents a findings-based analysis addressing the following research 

objectives: 

1.      To systematically evaluate the performance of AI-enabled control methodologies for 

power electronic converters 

2.      To quantify improvements in efficiency, dynamic response, and power quality 

compared to conventional approaches 

3.      To assess the practical viability of AI controllers through hardware validation studies 

4.      To identify key performance benchmarks and implementation considerations 

1.3 Methodology 

This study employs a systematic review and meta-analysis approach, examining peer-

reviewed research published in SCOPUS-indexed journals and IEEE conference 

proceedings. Performance metrics including conversion efficiency, total harmonic 

distortion, frequency recovery time, voltage deviation, and settling time were extracted 

and compared across conventional and AI-enabled control approaches. 

 

2. Findings: Neural Network-Based Adaptive Control 

 

2.1 Performance Metrics and Efficiency Gains 

Neural network-based adaptive control has demonstrated substantial performance 

improvements across multiple converter topologies and application domains. Table 1 

presents a comparative analysis of key performance metrics. 

 

Table 1: Performance Comparison of Neural Network-Based Controllers 

Control 

Approach 

Converter 

Type 

Efficienc

y (%) 

THD 

(%) 

Settling Time 

(s) 

Reference 

Neural 

Adaptive 

PID 

Dual Active 

Bridge 

96.2 <3.0 -  

NN-FO-PID H-Bridge 

Inverter 

- <2.0 -  

Neuro-Fuzzy 

Control 

Multiport DC-

AC 

99.45 - 0.02  

Conventiona

l PID 

Dual Active 

Bridge 

91.5 5.8 -  

Conventiona

l PID 

H-Bridge 

Inverter 

- 5.2 -  

 

The intelligent adaptive neuro-fuzzy control (IANFC) framework for multiport DC-AC 

converters with differential power processing achieved remarkable performance with 

99.45% efficiency and stabilization within 0.02 seconds, significantly outperforming 
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conventional control techniques . This hybrid control method effectively manages the 

nonlinear and dynamic behavior of hybrid renewable power generation systems, 

ensuring reliable performance under varying load demands and environmental 

conditions. 

 

2.2 Neural Network-Fractional Order PID Control 

The adaptive neural network-based fractional-order PID controller (NN-FO-PID) for H-

bridge single-phase inverters demonstrated exceptional harmonic suppression capability, 

achieving total harmonic distortion below 2% . The proposed technique generates 

switching signals directly through a model-free controller, utilizing online NN-based 

tuning for reduced sensitivity to disturbances and enhanced stability. The single-layer 

neural network structure ensures faster dynamics and lower computational burden, 

validated through both experimental and simulation studies . 

2.3 AI Controller Comparative Analysis 

A comprehensive evaluation of AI controllers versus conventional PID and fuzzy logic 

controllers revealed superior transient response, reduced overshoot, and enhanced 

steady-state performance. The reinforcement learning-based control achieved less than 

3% THD and maximized energy efficiency of 96.2% , demonstrating that AI can 

significantly improve the reliability and adaptability of renewable power electronics 

conversion technology . 

 

3. Findings: Deep Reinforcement Learning for Grid-Forming Converters 

 

3.1 Dynamic Performance Improvements 

Deep reinforcement learning-based grid-forming converter control has demonstrated 

substantial improvements in frequency and voltage stability for high-renewable-

penetration power systems. Table 2 presents key performance findings. 

 

Table 2: DRL Grid-Forming Converter Performance Metrics 

Performance 

Metric 

Conventional 

VSM 

DRL-GFM Improvement 

Frequency Recovery 

Time 

Baseline 35% faster 35% reduction 

Voltage Deviation Baseline 22% 

reduction 

22% 

improvement 

Total Harmonic 

Distortion 

4.8% 3.1% 35.4% 

reduction 

Control Latency - <65 ms Real-time 

viable 

The proposed DRL-based GFM controller autonomously adjusts virtual inertia (Mv) and 

damping (Dv) coefficients in real time according to system operating conditions. 

Evaluation on a 400 V, 10 kVA test microgrid with 60% renewable energy share 

demonstrated approximately 35% faster frequency recovery, 22% reduction in 

voltage deviation, and decreased THD from 4.8% to 3.1% compared to conventional 

virtual synchronous machine control. 
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3.2 Hardware-in-the-Loop Validation 

Hardware-in-the-loop validation using an OPAL-RT 4510 platform confirmed stable 

operation under 0.2 p.u. load disturbance with control latency below 65 ms. The digital 

controller, executed on a DSP TMS320F28379D, exchanged data with the simulated 

microgrid model in real time, validating the practical suitability for high-speed embedded 

control in inverter systems  

3.3 Meta-Reinforcement Learning for Frequency Control 

Model-agnostic meta-learning (MAML) applied to grid-forming inverter-based energy 

storage systems demonstrated superior frequency control performance across unseen 

scenarios. The pre-trained meta-policy quickly and effectively adapts to new disturbances 

and operating conditions using only limited data and few training iterations. Simulation 

results on the IEEE 39-bus system with high renewable penetration confirmed that 

MAML outperforms other deep reinforcement learning algorithms in frequency control . 

 

4. Findings: Power Quality and Harmonic Mitigation 

 

4.1 Total Harmonic Distortion Reduction 

A consistent finding across reviewed studies is the substantial reduction in total harmonic 

distortion achieved by AI-enabled controllers. Table 3 summarizes THD reduction 

findings. 

 

Table 3: Total Harmonic Distortion Reduction Findings 

Control 

Approach 

THD (%) Reduction vs. 

Conventional 

Application 

DRL-GFM 3.1 35.4% Grid-Forming 

Converter 

RL-Based 

Control 

<3.0 >48% Power Converter 

NN-FO-PID <2.0 >61% H-Bridge Inverter 

IANFC Improved Significant Multiport Converter 

The NN-FO-PID controller achieved the most significant harmonic reduction, limiting THD 

to under 2% , compared to conventional approaches with THD exceeding 5% . 

 

4.2 Stability and Robustness 

The adaptive mechanisms in AI-enabled controllers provide enhanced stability under 

challenging conditions. The IANFC framework achieved stability in just 0.02 seconds, 

demonstrating exceptional transient response . The DRL-GFM maintained stable 

operation under 0.2 p.u. load disturbances with voltage and frequency regulation within 

acceptable IEEE limits . 

 

5. Implementation and Deployment Findings 

 

5.1 Real-Time Viability 

Hardware validation studies confirm the practical viability of AI-enabled control for real-

time power converter applications. Key findings include: 
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1. Control latency below 65 ms demonstrated for DRL-GFM on DSP hardware  

2. Single-layer neural network structure enabling faster dynamics and lower 

computational burden  

3. Model-free controller design reducing dependence on mathematical models  

 

5.2 Adaptability to Operating Conditions 

AI-enabled controllers demonstrate superior adaptability across wide operating ranges. 

The IANFC framework dynamically adjusts converter operating points to ensure optimal 

power flow and system stability under varying load demands and environmental 

conditions . The MAML-based approach enables rapid adaptation to new disturbances and 

operating conditions using limited data . 

 

6. Discussion 

 

6.1 Comparative Analysis of AI Paradigms 

Figure 1: Performance Comparison of AI Control Approaches 

 
 

Figure 2: Total Harmonic Distortion Comparison 
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6.2 Key Insights 

The findings from this analysis reveal several critical insights: 

1. Efficiency Gains: AI-enabled controllers consistently achieve efficiency improvements 

of 2-8% compared to conventional approaches, with the IANFC framework achieving 

99.45% efficiency . 

2. Harmonic Suppression: Neural network-based controllers achieve THD reduction of 

35-61%, with NN-FO-PID achieving the lowest THD below 2% . 

3. Dynamic Response: DRL-based approaches achieve 35% faster frequency recovery 

and 22% reduction in voltage deviation. 

4. Real-Time Viability: Hardware validation confirms control latency below 65 ms, 

suitable for practical deployment. 

 

7. Conclusion 

This findings-based analysis establishes that AI-enabled adaptive control substantially 

outperforms conventional approaches across multiple performance metrics for power 

electronic converters in renewable energy integration. Key conclusions are: 

1. Neural network-based adaptive control achieves up to 96.2% efficiency with THD 

below 3%, with the IANFC framework demonstrating exceptional 99.45% efficiency . 

2. Deep reinforcement learning for grid-forming converters achieves 35% faster 

frequency recovery and reduces THD from 4.8% to 3.1% . 

3.  NN-FO-PID control achieves the lowest THD below 2% through model-free adaptive 

optimization. 

4. Hardware validation confirms practical viability with control latency below 65 ms . 

5. Meta-reinforcement learning demonstrates superior frequency control across unseen 

scenarios. 

The findings confirm that AI-enabled control architectures offer a transformative pathway 

for enhancing the reliability, efficiency, and power quality of renewable energy 

integration. Future research directions include physics-informed learning, safe 

exploration strategies, and standardized benchmarking frameworks for AI controllers in 

power electronics. 

 

References 

[1] S. Shanmugam and A. Sharmila, "An intelligent adaptive neuro-fuzzy based control for 

multiport DC-AC converter with differential power processing converter for hybrid 

renewable power generation systems," Frontiers in Energy Research, 2024.  

[2] S. R. Teja and K. Yadlapati, "Machine learning based optimal control of modular 

converter for PV assisted power supply systems," International Journal of Power 

Electronics and Drive Systems, vol. 15, no. 4, pp. 2570-2579, 2024.  

[3] "Design of a optimal robust adaptive neural network-based fractional-order PID 

controller for H-bridge single-phase inverter," Applied Soft Computing, vol. 166, p. 112142, 

2024.  

[4] Blaabjerg, F., Yang, Y., Kim, K. A., & Rodriguez, J. (2023). Power electronics technology 

for large-scale renewable energy generation. Proceedings of the IEEE, 111(4), 330–350. 

[5] Pishbahar, H., Blaabjerg, F., & Saboori, H. (2023). Emerging grid-forming power 

converters for renewable energy and storage resources integration – A review. 

Sustainable Energy Technologies and Assessments, 60, 103538. 

https://doi.org/10.1016/j.seta.2023.103538 



Int. J.Adv.Sig.Img.Sci, Vol. 11, No. 5s, 2025 

846 
 

[6] Blaabjerg, F., Chen, M., & Huang, L. (2024). Power electronics in wind generation 

systems. Nature Reviews Electrical Engineering, 1, 234–250. 

[7] Bughneda, A., Salem, M., Nazari, M. A., Ishak, D., Kamarol, M., & Alatai, S. (2022). 

Resonant power converters for renewable energy applications: A comprehensive review. 

Frontiers in Energy Research, 10, 846067. https://doi.org/10.3389/fenrg.2022.846067. 

[8] Musca, R., Vasile, A., & Zizzo, G. (2022). Grid-forming converters: A critical review of 

pilot projects and demonstrators. Renewable and Sustainable Energy Reviews, 165, 

112578. 

[9] Alvarez, R., et al. (2022). State of the art of the techniques for grid forming inverters to 

solve the challenges of renewable rich power grids. Energies, 15(5), 1879. 

https://doi.org/10.3390/en15051879. 

[10] Pishbahar, H., Blaabjerg, F., & Saboori, H. (2023). Emerging grid-forming power 

converters for renewable energy and storage resources integration – A review. 

Sustainable Energy Technologies and Assessments, 60, 103538. 

https://doi.org/10.1016/j.seta.2023.103538. 

[11] Rosso, R., et al. (2023). Grid-forming control: Advancements towards 100% inverter-

based grids—A review. Energies, 16(22), 7579. 

[12] Blaabjerg, F., Chen, M., & Huang, L. (2024). Power electronics in wind generation 

systems. Nature Reviews Electrical Engineering, 1, 234–250. 


