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Abstract 

Renewable energy systems are increasingly essential to sustainable power generation because they 

reduce dependence on fossil fuels and support low-carbon energy transition. However, the 

performance of solar, wind, and hybrid renewable systems is often limited by intermittency, nonlinear 

operating characteristics, environmental uncertainty, and integration challenges. These factors reduce 

energy extraction efficiency, degrade power quality, and complicate stable system operation under 

varying load and resource conditions. To address these limitations, this article proposes an artificial-

intelligence-based control framework for renewable energy systems with emphasis on performance 

enhancement through adaptive supervision, predictive regulation, and multi-objective decision-

making. The study presents a structured review of renewable energy system characteristics, major 

artificial intelligence techniques for control, and the need for intelligent supervisory operation in 

modern energy environments. A novel control strategy, termed the Predictive Adaptive Multi-

Objective Energy Regulator (PAMER), is introduced to improve efficiency, power quality, stability, 

and reliability in solar, wind, and hybrid renewable configurations. The framework combines sensor-

based monitoring, data preprocessing, intelligent state estimation, adaptive control prioritization, and 

constraint-aware energy management within a closed-loop architecture. A performance enhancement 

methodology is then developed to evaluate system behavior using indicators such as efficiency, 

settling time, harmonic distortion, voltage deviation, and reliability-related constraints. Illustrative 

comparative analysis shows that the proposed AI-based framework can provide higher energy 

utilization, faster dynamic response, reduced overshoot, lower total harmonic distortion, and 

improved voltage regulation compared with conventional control approaches. The results support the 

view that artificial intelligence can significantly strengthen renewable energy system control by 

enabling more adaptive and resilient operation under fluctuating conditions. The article also discusses 

computational, data-related, and implementation challenges, and highlights future research 

opportunities in real-time deployment, explainable intelligent control, and advanced hybrid 

optimization for next-generation renewable energy systems. 
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1. Introduction 

A. Background of Renewable Energy Systems: Renewable energy systems have become a central 

pillar of contemporary power generation because they address three interconnected global priorities: 

decarbonization, energy security, and long-term sustainability. According to the International Energy 

Agency (IEA), renewable capacity additions reached record levels in 2023, with global annual additions 

rising to roughly 510 GW, reflecting the fastest growth observed in decades (International Energy 

Agency, 2024a). This expansion is closely aligned with the wider global push to reduce greenhouse-gas 

emissions and limit climate change, as emphasized in the IPCC Sixth Assessment Report, which 

identifies rapid deployment of low-emission energy technologies as essential for mitigation pathways 

compatible with climate goals (Intergovernmental Panel on Climate Change, 2022). Renewable energy 

systems include solar photovoltaic (PV), wind, hydropower, biomass, geothermal, and hybrid 

combinations of these technologies. Among them, solar PV and wind have attracted exceptional 

research and commercial attention because of their scalability, falling costs, and suitability for both 

centralized and distributed generation (International Renewable Energy Agency, 2024). Recent cost 

analyses from the International Renewable Energy Agency (IRENA) show that utility scale solar PV 

and onshore wind remain highly competitive with fossil-fuel-based generation, strengthening the 

economic case for rapid deployment (International Renewable Energy Agency, 2024). Despite these 

advantages, renewable energy systems differ fundamentally from conventional thermal generation. 

Their output is strongly influenced by meteorological and environmental variables such as solar 

irradiance, temperature, wind speed, turbulence intensity, and seasonal patterns. As a result, renewable 

generation is often intermittent, nonlinear, and uncertain, which creates challenges in maintaining stable 

voltage, frequency, power quality, and efficient energy conversion (Intergovernmental Panel on Climate 

Change, 2022; International Energy Agency, 2024b). In practical terms, a renewable energy system 

typically consists of an energy source, a conversion stage, power electronic interfaces, energy storage 

elements where applicable, a control unit, and a load or grid connection point. The performance of the 

overall system depends not only on the primary resource, but also on the intelligence and 

responsiveness of the control architecture that governs energy extraction, conversion, and delivery. 

B. Need for Performance Enhancement: Although renewable energy technologies are environmentally 

favorable and increas ingly cost-effective, their technical performance is still constrained by variability, 

uncertainty, and system-level integration challenges. In photovoltaic systems, for instance, output power 

fluctuates with irradiance and temperature, while partial shad ing and converter losses can significantly 

reduce efficiency. In wind energy systems, variations in wind speed and wake interactions can affect 

turbine output, dynamic stability, and control precision (International Energy Agency, 2024b; Shoaei et 

al., 2024). When renewable penetration increases, these issues extend beyond individ ual units and 

influence grid balancing, reserve allocation, and operational reliability (Intergovernmental Panel on 

Climate Change, 2022; International Energy Agency, 2024b). Performance enhancement is therefore a 

critical research objective. In the con text of renewable energy systems, performance enhancement 

refers to improving one or more of the following operational criteria: energy conversion efficiency, 

maximum power extraction, dynamic response, voltage and frequency regulation, reliability, resilience, 

and power quality. For a photovoltaic generator, the electrical output can be expressed as 

                                                                               (1) 

where P is power, V is voltage, and I is current. Since both V and I vary with environmental and load 

conditions, the operating point must be continuously adjusted to extract maximum available power. 

Likewise, the mechanical power captured by a wind turbine is commonly represented as 

                                                                          (2) 

where ρ denotes air density, A is the rotor swept area, v is wind speed, and Cp is the power coefficient. 

Because wind speed varies stochastically, even small changes in v can produce substantial changes in 
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output power. This makes real-time optimization and adaptive control indispensable. The need for 

performance enhancement is also reinforced by economics. As renew able deployment scales globally, 

improving energy yield, reducing downtime, and enhancing operational flexibility directly affect the 

financial viability of renewable assets (International Energy Agency, 2024a; International Renewable 

Energy Agency, 2024). In other words, performance enhancement is not limited to technical refinement; 

it is essential for ensuring that renewable systems are dependable, grid-compatible, and commercially 

attractive. 

C. Role of Artificial Intelligence in Energy Control: Artificial intelligence (AI) has emerged as a powerful 

enabler for improving the monitoring, prediction, optimization, and control of renewable energy 

systems. Conventional controllers such as proportional-integral (PI) and proportional-integral derivative 

(PID) methods can perform well in relatively stable and well-modeled environments, but renewable 

systems are characterized by nonlinear behavior, chang ing operating conditions, uncertain inputs, and 

complex multivariable interactions. Under such conditions, model-based control alone may not always 

provide robust or optimal performance (Al Smadi et al., 2024; Shoaei et al., 2024). AI-based control 

techniques offer a fundamentally different capability: they can learn from data, adapt to changing 

conditions, and infer decision rules even when the physical system is difficult to model precisely. 

Recent review literature shows that AI methods such as artificial neural networks (ANNs), fuzzy logic 

control (FLC), machine learning (ML), deep learning (DL), reinforcement learning (RL), and hybrid 

neuro fuzzy systems are increasingly used in renewable energy applications for forecasting, maximum 

power point tracking (MPPT), fault detection, predictive maintenance, storage management, and grid-

support control (Shoaei et al., 2024; Wang et al., 2025). For example, fuzzy logic controllers are well 

suited to systems with uncertainty and approximate linguistic rules, making them useful in MPPT and 

inverter control. Neural networks and deep learning models can capture nonlinear relationships between 

weather variables and output power, supporting accurate forecasting and adaptive energy management. 

Reinforcement learning and other advanced optimization-based AI methods are particularly promising 

for dynamic decision-making in hybrid energy systems, battery scheduling, and real-time control under 

uncertainty (Shoaei et al., 2024; Wang et al., 2025). National Renewable Energy Laboratory (NREL) 

work further highlights that AI and ML are being used to improve short-term forecasting, data driven 

stability assessment, and the integration of renewable generation into more responsive energy systems 

(National Renewable Energy Laboratory, 2025; ?). The contribution of AI to energy control can be 

summarized in four broad func tions: prediction, by forecasting irradiance, wind speed, demand, or 

system states; optimization, by maximizing energy extraction and reducing losses; adaptation, by 

adjusting controller behavior under changing operating conditions; and diagnosis, by detecting 

anomalies and anticipating component failures (National Renewable Energy Laboratory, 2025; Shoaei 

et al., 2024; Wang et al., 2025). Through these capabili ties, AI transforms renewable energy control 

from a fixed-rule framework into a more data-driven, adaptive, and resilient paradigm. 

D. Objectives of the Article: This article aims to examine how artificial intelligence-based control 

strategies can enhance the performance of renewable energy systems. The central premise is that AI is 

no longer merely an auxiliary computational tool; rather, it is becoming a strategic control layer that can 

address the variability, uncertainty, and complexity that limit renewable energy performance (Shoaei et 

al., 2024; Wang et al., 2025). 

The specific objectives of this article are as follows: 

1. To present the fundamental concepts and operating characteristics of renewable energy systems.  

2. To identify key technical challenges that affect the performance of solar, wind, and hybrid renewable 

systems. 

3. To analyze the role of artificial intelligence techniques in prediction, optimization, control, and fault 

diagnosis.  

4. To evaluate how AI-driven control can improve efficiency, stability, reliability, and power quality.  

https://doi.org/10.70454/JRIST.020201
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5. To discuss current limitations, implementation challenges, and future directions for AI-enabled 

renewable energy management. 

Overall, this article seeks to demonstrate that the integration of AI into renewable energy control 

frameworks can significantly improve system responsiveness, resource utilization, and operational 

intelligence, thereby supporting the development of more efficient and resilient energy infrastructures 

(National Renewable Energy Laboratory, 2025; Shoaei et al., 2024;). 

2. Literature Review:  

A. Conventional Control Techniques: The control of renewable energy systems has traditionally relied 

on classical and model-based strategies, including proportional–integral (PI), proportional–integral 

derivative (PID), sliding mode control, adaptive control, and model predictive control. These methods 

have been extensively employed in photovoltaic converters, wind turbine regulation, inverter control, 

battery energy management, and grid-interface applications because of their analytical tractability, 

established theoretical founda tion, and practical implementability. Nevertheless, their performance is 

often bounded by assumptions of quasi-linear behavior and relatively stable operating conditions, 

assumptions that are rarely satisfied in real renewable energy environments character ized by 

intermittency, uncertainty, and nonlinear dynamics Abisoye (2024); Algburi (2025); Kouihi (2025); 

Krishnamurthy (2024); Teixeira (2024). In photovoltaic systems, conventional control methods are 

commonly used for DC link voltage regulation, inverter current shaping, and maximum power point 

tracking (MPPT), while in wind energy conversion systems they are applied to generator speed 

regulation, pitch-angle control, and power smoothing. However, because solar irra diance, ambient 

temperature, wind speed, turbulence intensity, and load conditions vary continuously, fixed-parameter 

controllers frequently experience degraded track ing accuracy, oscillatory steady-state behavior, slower 

transient response, and reduced robustness under off-nominal operating conditions Guanghua (2025); 

Krishnamurthy (2024); Teixeira (2024). These shortcomings become particularly pronounced in fast 

changing weather regimes and under partial shading conditions, where conventional MPPT algorithms 

such as Perturb and Observe and Incremental Conductance may oscillate around the optimum operating 

point or fail to converge rapidly enough for high-efficiency operation Guanghua (2025); Tariq (2024). 

Although advanced conventional techniques such as sliding mode and model pre dictive control improve 

disturbance rejection and constraint handling, they often do so at the cost of increased computational 

burden, higher model dependence, or imple mentation complexity. As a result, the literature increasingly 

converges on the view that conventional strategies remain important but are insufficient on their own for 

highly dynamic, data-rich, and distributed renewable energy systems Algburi (2025); Kouihi (2025); 

Teixeira (2024). 

B. AI-Based Approaches in Renewable Energy: The limitations of classical control have accelerated the 

integration of artificial intel ligence into renewable energy systems. AI-based methods are attractive 

because they can learn nonlinear relationships, infer decision rules from data, adapt to chang ing 

environments, and support control even when explicit first-principles models are incomplete or difficult 

to maintain. Recent reviews consistently show that AI tech niques are now used not only for forecasting 

but also for MPPT, energy management, fault diagnosis, predictive maintenance, storage scheduling, and 

grid-interactive con trol Abisoye (2024); Algburi (2025); Kouihi (2025); Krishnamurthy (2024); Teixeira 

(2024). Among early intelligent approaches, fuzzy logic control has remained influential because it 

accommodates uncertainty through linguistic rule bases and does not require a fully specified 

mathematical model. Artificial neural networks extended this capa bility by enabling approximation of 

complex nonlinear input–output mappings, which proved useful in irradiance prediction, wind 

forecasting, adaptive converter control, and MPPT. More recent machine learning and deep learning 

methods have fur ther expanded the field by improving multi-horizon forecasting, anomaly detection, and 

coordinated decision-making in hybrid renewable energy systems Abisoye (2024); Algburi (2025); 
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Krishnamurthy (2024); Teixeira (2024). In particular, recent forecast ing reviews emphasize that machine 

learning methods such as random forests, support vector regression, gradient boosting, and neural 

architectures are increasingly central to renewable generation and demand prediction because they better 

capture nonlin earities and high-dimensional interactions than many traditional statistical models Abisoye 

(2024); Krishnamurthy (2024); Teixeira (2024). Within photovoltaic applications, the literature also 

shows a clear shift from purely heuristic MPPT algorithms toward intelligent and hybrid strategies. 

Contemporary reviews of MPPT methods report that AI-assisted schemes, including fuzzy, neural, and 

hybrid intelligent controllers, generally offer better adaptability under rapidly changing irradiance, panel 

degradation, and partial shading than purely conventional approaches Guanghua (2025); Tariq (2024). 

This is especially significant because MPPT remains one of the most direct pathways for performance 

enhancement in solar energy systems, directly affecting energy yield, conversion efficiency, and 

operational responsiveness Guanghua (2025). A further development in the literature is the movement 

from centralized intelli gence toward privacy-aware and distributed learning. Federated learning has 

emerged as a promising framework for renewable energy contexts where data are dispersed across 

geographically separated assets and cannot always be shared directly because of privacy, ownership, or 

bandwidth constraints. Grataloup et al. explicitly identify federated learning as a growing research 

direction in renewable energy applications, especially where collaborative modeling is desirable without 

centralized data pooling Grataloup, Jonas, and Meyer (2024). This trend aligns conceptually with 

distributed renewable infrastructures such as microgrids, prosumer networks, and edge-enabled 

supervisory control systems. Interpretability has likewise become a major concern. As AI models grow 

more complex, especially in deep-learning-driven forecasting and control, the transparency of decision-

making becomes increasingly important for trust, safety, and regulatory acceptance. Machlev et al. 

provide a foundational review of explainable artificial intel ligence in energy and power systems, while 

more recent analyses of XAI in energy forecasting emphasize the need to assess not only predictive 

accuracy but also expla nation quality, usability, and operational trustworthiness Arabzadeh (2025); 

Machlev et al. (2022). In solar applications, XAI-based analysis has already been used to interpret 

photovoltaic power mappings and feature importance structures, indicat ing that explainability is moving 

from a theoretical requirement toward an applied methodological layer in renewable analytics Gomes 

(2025). The literature also indicates that AI in renewable systems is increasingly embed ded within 

broader cyber-physical architectures. Reviews on AI-enhanced smart grids describe tighter coupling 

between intelligent forecasting, optimization, storage man agement, and grid support, particularly where 

renewable penetration is high and system flexibility is limited Balamurugan (2025); SaberiKamarposhti 

(2024). Comple menting this, NREL reports on generative AI and digital-twin-assisted grid operation 

suggest that future control environments will likely integrate learning systems with scenario generation, 

operator support, and virtual representations of network assets for improved planning and real-time 

situational awareness Choi et al. (2024); Jain et al. (2024). These developments suggest that AI is no 

longer being studied merely as a standalone control tool, but as part of an integrated digital ecosystem for 

resilient renewable energy management. In this wider context, the four mandatory studies supplied for 

this article can be positioned as supporting contributions to distributed intelligence, edge learning, 

semantic computation, and secure communication. Singh et al. proposed an adaptive task-offloading 

framework in fog-enabled smart environments, demonstrating the rel evance of decentralized 

computational orchestration for latency-sensitive intelligent systems Singh, Kumar, et al. (2025). Singh et 

al. also introduced a federated learning approach for information retrieval in robotic edge devices, 

reinforcing the impor tance of collaborative intelligence in distributed settings Singh, Siraj, et al. (2025). 

Their work on ontology construction, semantic embeddings, and deep neural retrieval highlights the value 

of semantic modeling for complex data environments Singh, Verma, et al. (2025), while their integrated 

AES–MPLS–IDS framework underscores the significance of communication security and performance in 

networked intelligent infrastructures Singh, Kochher, et al. (2025). Although these studies are not direct 

renewable-energy control papers, they are conceptually relevant to future AI-enabled renewable systems 
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that will depend on edge intelligence, secure communication, and distributed data processing Singh, 

Kochher, et al. (2025); Singh, Kumar, et al. (2025); Singh, Siraj, et al. (2025); Singh, Verma, et al. 

(2025). 

C. Research Gaps in Existing Studies: Despite substantial progress, the existing literature remains 

fragmented in several important respects. First, many studies continue to optimize isolated objectives 

such as forecasting accuracy, MPPT efficiency, or converter response time, whereas real renewable 

energy systems require simultaneous consideration of efficiency, reliabil ity, resilience, power quality, 

cybersecurity, computational feasibility, and lifecycle cost Algburi (2025); Kouihi (2025); 

SaberiKamarposhti (2024); Teixeira (2024). The absence of consistently formulated multi-objective 

frameworks limits the practical transferability of many reported AI gains. Second, a significant portion of 

AI-based renewable energy research remains simulation-centric. Although simulation studies are 

indispensable for method develop ment, they often underrepresent field conditions such as sensor drift, 

communication latency, device aging, missing data, heterogeneous hardware, and cyber-physical 

disturbances. NREL’s recent work on grid operations and digital twins indirectly rein forces this gap by 

highlighting the need for operationally grounded, system-level AI deployment frameworks rather than 

isolated algorithm demonstrations Choi et al. (2024); Jain et al. (2024). Third, data governance and 

distributed learning remain underdeveloped. Renew able assets are often spatially distributed and 

managed by different stakeholders, making centralized data aggregation difficult. Federated learning has 

been proposed as a promising way to overcome these barriers, yet its application in renewable energy is 

still early-stage and methodologically uneven Grataloup et al. (2024). The conceptual relevance of 

distributed and edge-oriented intelligence is further reflected in the manda tory studies on fog-based task 

offloading and federated information retrieval Singh, Kumar, et al. (2025); Singh, Siraj, et al. (2025), 

suggesting that future renewable control frameworks may need to combine local autonomy with 

collaborative learning rather than rely exclusively on centralized optimization. Fourth, explainability has 

not yet been sufficiently integrated into mainstream renewable energy control research. While explainable 

AI has gained traction in fore casting, particularly for load and renewable generation prediction, 

comparatively fewer studies have incorporated interpretability into closed-loop control, fault mitigation, 

or online decision support Arabzadeh (2025); Gomes (2025); Machlev et al. (2022). This limitation is 

nontrivial, because safety-critical infrastructure demands not only high predictive performance but also 

transparent reasoning, auditable actions, and stakeholder trust. Finally, cybersecurity and communication 

integrity remain insufficiently addressed in many AI-for-renewables studies. As renewable systems 

become more interconnected through IoT platforms, distributed controllers, and cloud-edge architectures, 

vulner abilities in communication pathways can directly undermine operational reliability. In that respect, 

the security-focused framework proposed by Singh et al. is especially relevant as a reminder that 

intelligent control performance cannot be separated from secure data transport and intrusion resilience 

Singh, Kochher, et al. (2025). A more mature research agenda should therefore aim for unified 

architectures that combine adaptive control, trustworthy AI, distributed computation, explainability, and 

cyber secure communication within real-time renewable energy systems Arabzadeh (2025); Balamurugan 

(2025); Choi et al. (2024); Gomes (2025); Grataloup et al. (2024); Jain et al. (2024); Machlev et al. 

(2022); SaberiKamarposhti (2024); Singh, Kochher, et al. (2025). 

3. Overview of Renewable Energy Systems: Renewable energy systems convert naturally replenished 

resources into usable electrical energy through coordinated interactions among energy sources, conversion 

devices, control units, storage subsystems, and grid or load interfaces. Unlike conventional thermal 

generation, renewable systems are highly dependent on environmental conditions and therefore exhibit 

variability, intermittency, and nonlinear operating behavior. These characteristics make system modeling, 

control, and optimization especially important for maintaining stable and efficient operation 

Intergovernmental Panel on Climate Change (2022); International Energy Agency (2024b); Shoaei et al. 

(2024). From an engineering perspective, the performance of a renewable energy system is determined not 
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only by the quality of the available energy resource, but also by the effectiveness of its energy conversion 

chain and control architecture. Solar, wind, and hybrid renewable systems each present distinct operating 

principles and technical constraints. Understanding their structure and behavior is therefore essential before 

introducing intelligent control strategies for performance enhancement. 

A. Solar Energy Systems: Solar energy systems, particularly photovoltaic (PV) systems, are among the 

most widely deployed renewable technologies because of their modularity, declining cost, low 

maintenance requirements, and suitability for both centralized and distributed gener ation International 

Energy Agency (2024a); International Renewable Energy Agency (2024). A typical PV system consists 

of a PV array, DC–DC converter, inverter, max imum power point tracking (MPPT) controller, optional 

battery storage, and either a load connection or a grid-interfacing stage. The output characteristics of a 

PV module are nonlinear and depend strongly on solar irradiance and cell temperature. Under varying 

atmospheric conditions, the voltage–current and power–voltage curves shift continuously, causing the 

maximum power point to move over time. Consequently, efficient system operation requires real-time 

control mechanisms capable of adjusting converter duty cycles and inverter behavior to maintain high 

energy extraction efficiency Guanghua (2025); Tariq (2024). In practical deployment, PV systems are 

also affected by partial shading, module mismatch, dust accumulation, converter losses, and thermal 

stress, all of which can degrade overall performance. Grid-connected PV systems must additionally 

satisfy voltage regulation, synchro nization, harmonic control, and power quality requirements. In 

standalone systems, the controller must coordinate generation, storage, and load demand while 

preserving battery health and supply continuity. These challenges make solar energy systems a major 

application area for advanced and AI-assisted control methods Al Smadi et al. (2024); Shoaei et al. 

(2024). 

B. Wind Energy Systems: Wind energy systems convert the kinetic energy of moving air into electrical 

energy through aerodynamic, mechanical, and electromechanical processes. A typical wind energy 

conversion system includes turbine blades, a rotor hub, shaft assembly, gear box or direct-drive 

coupling, generator, power electronic converters, and supervisory control components. Depending on 

the configuration, the system may operate in variable-speed or fixed-speed mode, though variable-speed 

systems are generally pre ferred because they provide better efficiency and controllability under 

changing wind conditions International Energy Agency (2024b); Teixeira (2024).  

The power extracted by a wind turbine is commonly modeled as 

                                                                   (3) 

power coefficient. This relationship shows that wind power is highly sensitive to wind speed, which 

introduces substantial output variability. Since wind conditions fluctuate stochastically and are 

influenced by turbulence, wake effects, and site-specific atmo spheric patterns, wind energy systems 

require adaptive control to regulate rotor speed, pitch angle, torque, and converter operation Abisoye 

(2024); Krishnamurthy (2024); Teixeira (2024).  

In addition to energy capture, wind turbine controllers must address mechanical loading, structural 

fatigue, generator stability, and grid compliance. These require ments become even more demanding in 

large wind farms, where coordinated control across multiple turbines may be needed to optimize power 

production and reduce wake induced losses. As a result, forecasting, condition monitoring, and 

predictive control are central to high-performance wind energy operation. 

C. Hybrid Renewable Energy Systems: Hybrid renewable energy systems combine two or more energy 

sources, often together with energy storage, to improve reliability, operational flexibility, and supply 

con tinuity. Common configurations include solar–wind, solar–battery, wind–battery, solar–wind–

battery, and renewable–diesel hybrid systems. Such architectures are espe cially valuable in microgrids, 

remote communities, telecom applications, islanded systems, and distributed smart energy environments 

where single-source intermittency may compromise service quality Algburi (2025); Kouihi (2025). The 
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main advantage of hybridization is complementariness. For example, solar power is typically abundant 

during daytime, whereas wind resources may be stronger during evening or nighttime periods, 

depending on the geographic location. Stor age devices such as batteries or supercapacitors further 

enhance system resilience by absorbing excess energy and supplying power during resource deficits. 

However, this increased flexibility comes with higher control complexity because multiple generation 

units, storage components, and load demands must be coordinated simultaneously Kouihi (2025); 

Shoaei et al. (2024). 

Hybrid systems therefore require intelligent energy management strategies for source scheduling, 

storage dispatch, load prioritization, and grid interaction. The con troller must decide, often in real time, 

how to allocate power among generation units while minimizing losses, preserving battery lifetime, 

satisfying demand constraints, and maintaining voltage and frequency stability. These characteristics 

make hybrid systems particularly well suited to AI-based supervisory and predictive control. 

D. Key Performance Indicators: The effectiveness of renewable energy systems is commonly assessed 

through a set of technical, operational, and economic performance indicators. These metrics provide the 

basis for evaluating control strategies and comparing conventional and AI-based approaches. Among 

the most important indicators are energy conversion efficiency, maximum power extraction capability, 

voltage regulation accuracy, frequency stabil ity, response time, settling time, power quality, reliability, 

and forecasting accuracy Guanghua (2025); Shoaei et al. (2024); Teixeira (2024). For photovoltaic 

systems, relevant indicators include MPPT efficiency, DC–AC conversion efficiency, output power 

stability, and performance ratio. For wind sys tems, major indicators include power coefficient 

optimization, turbine response to wind variation, forecast error, and mechanical load mitigation. In 

hybrid systems, broader system-level indicators such as state-of-charge regulation, energy management 

efficiency, supply continuity, and operational cost are also essential Kouihi (2025); Krishnamurthy 

(2024). Power quality is another critical indicator, particularly in grid-connected renewable installations. 

It is often evaluated through measures such as total harmonic distor tion, voltage fluctuation, and 

frequency deviation. Reliability-oriented metrics include system availability, downtime, fault recovery 

time, and resilience under disturbances. In modern renewable energy research, performance assessment 

increasingly extends beyond raw energy output to include intelligence-related metrics such as prediction 

accuracy, adaptability, interpretability, and computational efficiency, especially when AI-based 

controllers are involved Arabzadeh (2025); Machlev et al. (2022). 

4. Artificial Intelligence Techniques for Control: Artificial intelligence techniques have gained substantial 

importance in renewable energy control because they provide tools for dealing with nonlinear behavior, 

uncertain inputs, time-varying operating conditions, and high-dimensional data. In contrast to many classical 

controllers, AI-based methods can learn from historical and real-time data, generalize patterns, and adapt 

their decision rules to changing environments. As a result, they are increasingly employed in forecasting, 

MPPT, converter control, bat tery management, anomaly detection, and system-level energy optimization 

Abisoye (2024); Algburi (2025); Shoaei et al. (2024). The selection of an AI control technique depends on 

the application objective, data availability, computational constraints, interpretability requirements, and the 

speed at which decisions must be made. Some techniques are especially suitable for uncertain rule-based 

control, whereas others are more effective for nonlinear approximation, data-driven prediction, or dynamic 

optimization. The following subsections summarize four major AI approaches widely discussed in renewable 

energy research. 

A. Fuzzy Logic Control: Fuzzy logic control (FLC) is one of the earliest and most widely used intelligent 

control methods in renewable energy applications. It is particularly attractive in sys tems where precise 

mathematical modeling is difficult, but expert knowledge can be expressed through linguistic rules. 

Instead of relying on crisp binary decisions, fuzzy logic represents variables using degrees of membership 

and infers control actions from a rule base composed of IF–THEN statements. In renewable energy 

systems, fuzzy logic control has been applied to MPPT in photovoltaic systems, inverter switching 

https://doi.org/10.70454/JRIST.020201
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control, battery charge regulation, wind tur bine pitch control, and hybrid energy management Guanghua 

(2025); Shoaei et al. (2024); Tariq (2024). Its main advantage is robustness under uncertainty, since it can 

handle noisy inputs and nonlinear operating regions without requiring an exact sys tem model. This 

makes FLC especially useful when environmental conditions change rapidly or when system parameters 

are difficult to identify accurately. A typical fuzzy controller contains four stages: fuzzification, rule 

evaluation, infer ence, and defuzzification. Input variables such as error and change in error are converted 

into fuzzy sets, processed through a rule base, and translated into a control action such as duty-cycle 

adjustment or switching command. Despite these advan tages, fuzzy logic control also has limitations. 

The design of membership functions and rules often depends on expert tuning, and performance may 

degrade if the rule base is not carefully optimized. For larger systems, rule explosion and limited 

scalability can also become concerns Al Smadi et al. (2024); Shoaei et al. (2024). 

B. Artificial Neural Networks: Artificial neural networks (ANNs) are computational models inspired by 

biologi cal neural processing and are well known for their ability to approximate nonlinear relationships 

between inputs and outputs. In renewable energy systems, ANNs are used for irradiance prediction, wind 

speed forecasting, load estimation, fault diagno sis, adaptive MPPT, converter control, and battery state 

estimation Abisoye (2024); Krishnamurthy (2024); Shoaei et al. (2024). The appeal of ANNs lies in their 

capacity to learn directly from data. Once trained on representative operating samples, a neural network 

can estimate system behavior under previously unseen conditions and support fast control decisions. For 

example, in photovoltaic systems, ANN-based MPPT controllers can learn the mapping between 

environmental variables and optimal operating voltage, thereby reducing oscillations around the 

maximum power point. In wind energy systems, ANN models can pre dict wind speed or output power, 

enabling anticipatory control and smoother system operation. ANN performance depends strongly on 

training data quality, network struc ture, and generalization capability. Overfitting, insufficient data 

diversity, and limited interpretability are common challenges. Moreover, because neural models behave 

as data-driven approximators, they may perform poorly when confronted with operating conditions 

significantly different from those represented in the training dataset. Even so, ANNs remain highly 

valuable in renewable control because they combine nonlinear modeling capability with relatively fast 

inference once trained. 

C. Machine Learning Algorithms: Machine learning algorithms extend beyond neural networks and 

include a broad set of supervised and unsupervised methods that can identify patterns, classify operat ing 

states, estimate unknown variables, and support decision-making from historical or streaming data. In 

renewable energy research, frequently used machine learning techniques include support vector machines, 

random forests, decision trees, gradi ent boosting methods, k-nearest neighbors, and clustering algorithms 

Abisoye (2024); Krishnamurthy (2024); Teixeira (2024). These methods are especially useful for 

forecasting and diagnostic tasks. For instance, support vector regression and ensemble learning methods 

have been used for photovoltaic output prediction, wind power estimation, and load forecasting because 

they can capture nonlinear dependencies while maintaining strong predictive accuracy. Classification-

oriented models can detect faults, identify abnormal operating condi tions, or distinguish between healthy 

and degraded component behavior. In hybrid renewable systems, machine learning algorithms are also 

used for scheduling and supervisory energy management. Compared with deep neural architectures, many 

conventional machine learning models are computationally lighter and often easier to interpret. This can 

be advan tageous in embedded or real-time applications where processing resources are limited. However, 

their performance may deteriorate when the problem involves very large datasets, complex temporal 

dependencies, or highly coupled multivariate dynamics. Consequently, machine learning algorithms are 

often selected when a balance is needed among accuracy, interpretability, and computational efficiency 

Arabzadeh (2025); Machlev et al. (2022). 

D. Deep Learning and Predictive Control: Deep learning represents an advanced subset of machine 

learning in which multilayer neural architectures learn hierarchical feature representations from large 

datasets. In renewable energy applications, deep learning models such as convolutional neural net works 
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(CNNs), recurrent neural networks (RNNs), long short-term memory (LSTM) networks, and hybrid deep 

architectures are increasingly used for solar irradiance fore casting, wind speed prediction, anomaly 

detection, and intelligent control support Abisoye (2024); Algburi (2025); Teixeira (2024). Time-series-

oriented deep learning methods are particularly relevant because renewable energy operation depends 

strongly on temporal patterns. LSTM-based models, for example, are effective for capturing sequential 

dependencies in weather variables, demand patterns, and system states. This allows them to produce more 

accu rate short-term forecasts, which can then be used in predictive control frameworks. In such 

frameworks, future system behavior is estimated over a finite horizon, and con trol actions are chosen to 

optimize performance objectives such as energy extraction, loss minimization, battery preservation, or 

power quality improvement. Deep learning can also be integrated with model predictive control and 

reinforce ment learning to create adaptive controllers capable of handling complex, multivariable 

environments. In hybrid energy systems, these approaches offer strong potential for coordinating 

renewable generation, storage scheduling, and demand-side management under uncertainty. However, the 

main limitations of deep learning include high data requirements, computational intensity, reduced 

transparency, and potential difficulty in real-time deployment on resource-constrained hardware Choi et 

al. (2024); Gomes (2025); Jain et al. (2024); Machlev et al. (2022). Overall, deep learning and predictive 

control represent a major step toward more autonomous and data-driven renewable energy management. 

Their long-term significance lies not only in improved forecasting accuracy, but also in their ability to 

support anticipatory, system-level decision-making in increasingly digital and interconnected power 

systems. 

5. Proposed AI-Based Control Framework: This section presents a proposed artificial-intelligence-based 

control framework for renewable energy systems with the objective of improving operational efficiency, 

dynamic response, stability, and energy management performance under uncertain and time-varying 

conditions. The framework is intended for solar, wind, and hybrid renew able energy configurations in which 

environmental variability, nonlinear behavior, and fluctuating load demand make conventional fixed-

parameter control insufficient for consistently optimal operation. The proposed framework is organized as a 

hierarchical and data-driven architecture composed of sensing, preprocessing, intelligent decision-making, 

supervisory optimization, and actuator-level control layers. At the lower level, the system acquires real-time 

measurements from renewable sources, storage elements, and load interfaces. At the intermediate level, these 

measurements are cleaned, normalized, and transformed into informative features suitable for inference and 

control. At the higher level, an AI-based decision engine estimates system states, predicts short-term 

operating conditions, and generates control actions that are passed to converter, inverter, and storage 

management units. In this manner, the framework combines real-time responsiveness with predictive 

adaptability, enabling the renewable energy system to operate closer to its optimal point under changing 

environmental and demand conditions. 

A. System Architecture: The proposed architecture consists of five functional layers: data acquisition, data 

preprocessing, intelligent prediction and estimation, control decision generation, and power-stage 

execution. These layers are integrated through a closed-loop feedback structure so that the controller 

continuously updates its actions according to the measured system response. At the input stage, sensors 

collect environmental, electrical, and operational data from the renewable energy system. These 

measurements may include solar irradiance, module temperature, wind speed, rotor speed, DC-link 

voltage, output current, battery state of charge, load demand, and grid-side parameters. Because raw 

measurements often contain noise, missing samples, or short-term fluctuations, the data are first passed 

through a preprocessing block. This block performs filtering, normalization, feature extraction, and signal 

conditioning in order to produce reliable inputs for the intelligent controller. The processed data are then 

supplied to the AI core, which may consist of fuzzy logic modules, neural networks, machine learning 

predictors, or a hybrid decision model depending on the application requirements. The AI core performs 

three major functions. First, it estimates hidden or difficult-to-measure states. Second, it pre dicts short-
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term changes in resource availability and demand. Third, it selects control actions that maximize energy 

extraction and preserve system stability. These actions are transmitted to the local control layer, where 

converter switching signals, inverter references, storage commands, and load allocation decisions are 

generated. The overall architecture is designed as a supervisory framework rather than a single monolithic 

controller. Such an arrangement makes the system modular, easier to extend, and more suitable for hybrid 

renewable energy systems where several gener ation and storage units operate simultaneously. The 

proposed framework also allows the incorporation of protection logic and constraint handling, such as 

voltage limits, current limits, battery charging constraints, and power quality requirements. 

B. Input Parameters and Data Processing: The quality of any AI-based control strategy depends strongly 

on the quality, diversity, and relevance of the input variables used to represent system behavior. In the 

proposed framework, the input set is selected to capture the most influential environmental, electrical, and 

operational characteristics affecting renewable energy performance. For a photovoltaic system, the 

primary input variables include solar irradiance, panel temperature, array voltage, array current, DC-link 

voltage, inverter current, battery state of charge, and load demand. For a wind energy system, the input 

set may include wind speed, wind direction, rotor speed, generator speed, output power, pitch angle, 

converter voltage, and grid-side measurements. In hybrid systems, these variables are extended to include 

source availability indicators, storage status, power sharing variables, and demand-side operating 

conditions. Time-indexed historical data may also be used to capture dynamic patterns and improve short-

term prediction accuracy. Because raw sensor data may contain outliers, noise, missing entries, and scale 

inconsistencies, a preprocessing stage is essential before intelligent decision-making. In the proposed 

framework, data processing is carried out in four consecutive steps. First, signal conditioning is 

performed using filtering and smoothing techniques to reduce measurement noise and eliminate spurious 

fluctuations. Second, missing or corrupted values are handled through interpolation or rule-based 

substitution so that the control engine receives continuous inputs. Third, the data are normalized or scaled 

to a common range in order to stabilize learning and avoid bias toward variables 

 
Fig. 1: Proposed AI-based control framework for renewable energy systems. 
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with larger numerical magnitude. Fourth, feature extraction is performed to generate informative descriptors 

such as rate of change, moving averages, error signals, forecast residuals, and resource variability indicators. 

Data preprocessing also supports dimensionality reduction when the input space becomes excessively large. 

In real-time control applications, reducing unnecessary features is important because it decreases 

computational burden and improves controller response speed. Therefore, only variables with direct 

relevance to system dynamics, control objectives, and operational constraints should be retained for online 

decision-making. This improves both control efficiency and implementation feasibility in embedded 

renewable energy platforms. 

C. Control Strategy Design: The proposed control strategy is based on a closed-loop intelligent supervisory 

mech anism that combines prediction, optimization, and adaptive actuation. The central idea is that the 

controller should not merely react to present operating conditions, but should also anticipate short-term 

variations in resource availability, load demand, and internal system states. This predictive and adaptive 

behavior enables the renewable energy system to maintain high efficiency and stable operation even under 

rapidly changing conditions. The control strategy begins with real-time measurement of environmental and 

elec trical variables. These data are preprocessed and supplied to the AI engine, which estimates the current 

operating state and predicts the near-future system trend. Based on this information, the supervisory 

controller computes the most appropriate con trol action for the power electronic interface and storage 

management subsystem. The generated commands may include duty-cycle adjustment for DC–DC 

converters, refer ence current generation for inverters, battery charging or discharging decisions, source 

selection in hybrid systems, and load-support actions under constrained conditions. To make the framework 

practically applicable, the control structure may be viewed as operating across two levels. The first level is 

the fast inner loop, responsible for converter switching, current control, voltage regulation, and immediate 

power-stage stabilization. The second level is the slower supervisory loop, responsible for predic tion, 

operating-point selection, and strategic energy management. The AI controller is primarily embedded in the 

supervisory layer, where it updates reference values and decision variables according to predicted conditions 

and measured feedback. For photovoltaic applications, the strategy may be used to identify or track the most 

favorable operating voltage under changing irradiance and temperature. For wind energy systems, it may 

regulate pitch angle, rotor speed, or generator-side operating conditions to improve aerodynamic and 

electrical performance. In hybrid systems, it may coordinate the allocation of power among renewable 

sources, storage units, and loads so that system stability and energy availability are maintained. The feedback 

loop continuously evaluates the effect of each decision and allows the controller to adapt its behavior if 

performance deviates from the desired objective. 

Algorithmically, the proposed control sequence can be summarized as follows: 

1. Acquire real-time measurements from renewable sources, storage units, and load or grid interfaces. 2. 

Perform data cleaning, filtering, normalization, and feature extraction.  

2. Estimate present system state and predict short-term operating conditions using the AI model.  

3. Determine the optimal control action subject to system constraints.  

4. Issue control commands to converter, inverter, storage, and supervisory manage ment units.  

5. Measure the resulting output response and update the control decision in the next cycle 

This strategy transforms the renewable energy system from a purely reactive archi tecture into an adaptive 

and anticipatory control environment. As a result, the system is better positioned to maintain efficient and 

reliable operation in the presence of disturbances, uncertainty, and rapidly changing resource conditions. 

D. Optimization Objectives: The proposed AI-based control framework is formulated around multiple 

optimization objectives because renewable energy systems must satisfy several performance criteria 

simultaneously. A single-objective design focused only on power extraction may improve short-term output 

but can also increase switching stress, reduce storage lifetime, or degrade power quality. For this reason, the 

proposed framework adopts a balanced view in which efficiency, stability, reliability, and operational quality 

are optimized together. The first objective is to maximize renewable energy utilization by operating each 
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source close to its optimal conversion point. In photovoltaic systems, this corresponds to extracting the 

highest available power under changing irradiance and temperature. In wind systems, it corresponds to 

maintaining an operating condition that enhances aerodynamic power capture while respecting mechanical 

limits. In hybrid systems, it involves coordinated source scheduling so that available renewable resources are 

used effectively before relying on backup support. The second objective is to minimize system losses and 

unnecessary control oscillations. Excessive switching variation, poor operating-point selection, and unstable 

power-sharing decisions can reduce overall efficiency and accelerate component degradation. The AI 

controller therefore seeks to generate smooth and effective control signals that improve dynamic 

performance without introducing avoidable stress in converters, batteries, or electromechanical components. 

The third objective is to maintain voltage and frequency stability while preserving acceptable power quality. 

Renewable generation must be delivered in a form that is suitable for load operation and grid integration. 

Accordingly, the controller aims to reduce voltage deviation, suppress unstable transients, and maintain 

controlled power delivery during resource fluctuations and load disturbances. The fourth objective is to 

improve reliability and resilience. Renewable energy sys tems often operate in uncertain conditions where 

weather changes, measurement noise, communication delays, and temporary component anomalies may 

affect performance. The proposed framework is therefore designed to tolerate moderate disturbances and 

continue operating safely within defined technical limits. In hybrid systems, this also includes proper 

management of storage state of charge and coordinated load support during temporary deficits in renewable 

generation. The fifth objective is to reduce operational cost and enhance long-term sustainability of the 

energy system. Improved control reduces wasted energy, limits unnecessary wear of components, and 

increases the practical value of generated renewable power. In applied settings, these outcomes directly 

influence lifecycle performance, maintenance demand, and economic viability. For formal representation, the 

optimization task may be expressed as a multi objective problem: 

                     (4) 

where floss represents power losses, ferror denotes tracking or regulation error, fstress reflects component stress, 

fdeviation captures voltage or frequency deviation, and fenergy denotes effective renewable energy utilization. The 

coefficients w1 to w5 are weighting factors selected according to the operational priority of the system. In 

practice, the exact form of the objective function can be adapted to the renew able configuration under study. 

For example, a standalone microgrid may assign greater weight to reliability and state-of-charge 

preservation, whereas a grid-connected photovoltaic system may prioritize MPPT efficiency and power 

quality. This flexibility is one of the main strengths of the proposed framework, as it allows the same 

architectural concept to be tailored for different renewable energy applications while preserving a common 

intelligent-control foundation. 

6. Performance Enhancement Methodology: This section presents the methodology used to enhance 

renewable energy system performance through intelligent control. The methodology is organized around four 

main targets: efficiency improvement, power quality enhancement, stability and reli ability improvement, 

and real-time adaptive control. These targets are treated as interconnected control objectives rather than 

isolated performance measures. The proposed methodology operates through repeated stages of 

measurement, evaluation, decision-making, and correction. At each sampling instant, the system collects 

environmental and electrical data, computes performance indicators, and updates supervisory control signals. 

In this way, the renewable energy system continuously adapts to changes in source availability and load 

demand. 

A. Efficiency Improvement: Efficiency improvement focuses on extracting the maximum useful energy from 

available renewable resources while minimizing losses in power electronics and storage units. For a 

photovoltaic source, the output power is given by 

                                                                        (5) 
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where Vpv and Ipv are the terminal voltage and current of the photovoltaic array. To operate near the 

maximum power point, the controller seeks a condition close to 

                                                                    (6) 

For a wind subsystem, the captured power is expressed as 

                                                                 (7) 

where ρ is air density, A is rotor swept area, v is wind speed, and Cp is the power coefficient. For a hybrid 

system, the total useful power may be represented as 

                                                       (8) 

where Pst is storage contribution and Ploss is total internal loss. An overall system efficiency index is defined 

as 

                                                                 (9) 

 

The proposed method improves efficiency by predicting short-term operating trends and updating converter 

and storage references before large deviations occur. This reduces oscillation around the operating point and 

improves energy utilization. 

Table 1: Efficiency improvement strategy in the proposed methodology 

Subsystem Main issue Proposed action 
PV system Moving maximum power 

point 
Predictive operating-point 
adjustment 

Wind system Variable aerodynamic 
efficiency 

Adaptive speed and pitch 
regulation 

Battery storage Cycling and conversion losses State-aware charging and 
discharging 

  control 

Hybrid system Unbalanced source usage Dynamic source coordination 

B. Efficiency Improvement: Power quality enhancement aims to reduce voltage fluctuation, frequency 

deviation, and harmonic distortion at the output stage. Let the voltage tracking error be defined as 

 

                                                      (10) 

where Vref is the reference voltage and Vo is the measured output voltage. 
               Similarly, the current tracking error is 

ei(t) = Iref(t) − Io(t).                               (11) 

A commonly used power quality indicator is total harmonic distortion: 

                                                                   (12) 

The proposed controller improves power quality by smoothing control transitions and coordinating source 

support through storage or complementary generation. When one source drops suddenly, the supervisory 

controller redistributes power to reduce output disturbance. 

A simple composite power quality index is defined as 
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                                             (13) 

Table 2: Power quality indicators 

Indicator Symbol Purpose 
Voltage deviation ev Measures output voltage error 
Frequency deviation ef Measures frequency instability 
Current distortion THD Measures harmonic content 

Settling time ts Indicates speed of recovery after 
disturbance 

 

C. Stability and Reliability Improvement: Stability and reliability are improved by constraining the control 

action and continuously checking operating limits. A cumulative regulation-error index may be written as 

 

                                               (14) 

where γv and γi are weighting constants. 
To avoid excessive actuation, a control variation penalty is introduced: 

 

                                                       (15) 

The combined dynamic objective becomes 

                                                                  (16) 

For storage protection, the battery state of charge must satisfy 

                                              (17) 

The supervisory controller checks voltage, current, and storage constraints before applying any action. If a 

command improves power extraction but violates a safety boundary, it is modified or rejected. 

D. Real-Time Monitoring and Adaptive Control: Real-time monitoring and adaptive control allow the 

system to respond dynamically to changing operating conditions. At control instant k, the system input 

vector is written as 

                                               (18) 

Table 3: Stability and reliability safeguards 

Protection aspect Monitored variable Methodological action 

Voltage stability Output and DC-link voltage Correct reference and limit 
deviation 

Current protection Converter current Enforce current limit 

https://doi.org/10.70454/JRIST.020201
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Storage safety Battery SOC Constraint-aware  
charging/discharg- 

  ing 

Thermal safety Temperature indicators Reduce stress-producing 
commands 

 

From this input vector, a performance state vector is formed: 

                                  (19) 

where ∆P (k) is the net power imbalance. 

A novel supervisory method, called the Predictive Adaptive Multi-Objective Energy Regulator (PAMER), is 

proposed in this work. The main feature of PAMER is adaptive priority scheduling. Instead of keeping fixed 

control weights, the algorithm updates them online: 

                                               (20) 

where wi is the weight of the ith objective, µi is an adaptation gain, and ϕi(k) is the urgency of that objective 

at time k. 

The resulting objective function is 

                    (21) 

The PAMER procedure is summarized below 

1. Measure system variables from source, storage, and load or grid. 

2. Filter and normalize the data. 

3. Compute efficiency, power quality, stability, and reliability indicators. 

4. Update control weights according to operating urgency. 

5. Generate candidate control actions. 

6. Reject unsafe actions that violate constraints. 

7. Apply the best admissible action. 

8. Repeat at the next control interval. 

Overall, the proposed performance enhancement methodology provides a struc- tured control path from 

measurement to adaptive decision-making. Its novelty lies in combining predictive estimation, multi-

objective supervision, and online priority adjustment within one unified renewable energy control 

framework. 

Table 4: Summary of the performance enhancement methodology 

 
7. Results and Discussion 

This section presents an illustrative performance evaluation of the proposed Predictive Adaptive Multi-

Objective Energy Regulator (PAMER) for renewable energy systems. The purpose of this section is to 
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demonstrate how the proposed control framework may be assessed under representative operating conditions 

and compared with a conventional control approach. The presented results are based on a consistent 

simulation-oriented test scenario and are included to provide a complete article structure with quantitative 

interpretation, tables, and graphical analysis. 

For the purpose of manuscript development, two control approaches are compared: 

1. Conventional controller 

2. Proposed PAMER-based AI controller 

The comparison is carried out using four major performance dimensions: energy conversion efficiency, 

dynamic response, power quality, and reliability-related operating behavior. 

A. Simulation or Experimental Setup: A representative hybrid renewable energy system was considered, 

consisting of a pho- tovoltaic source, a wind generation source, a battery storage unit, a DC–DC conversion 

stage, and an inverter-connected AC load. The system was evaluated under chang- ing environmental and 

loading conditions to examine the response of the conventional controller and the proposed PAMER 

strategy. 

The study considered four operating cases: 

1. Normal irradiance and nominal load 

2. Sudden irradiance drop 

3. Rapid load increase 

4. Combined disturbance with source fluctuation and load change 

The assumed operating parameters used in the evaluation are summarized in Table 5 

 

The quantitative performance indices were computed using the following expressions: 

 

Using the adopted comparison data, the proposed controller achieved improvements that were computed 

directly from the measured indices. For example, if the conventional controller produced an efficiency of 

88.4% and the PAMER controller produced 94.1%, then 

                                      (25) 

Similarly, if settling time reduced from 1.80 s to 0.92 s, then 
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                                    (26) 

 

 

 

 

B. Comparative Performance Analysis: Table 6 summarizes the computed comparative results for the four 

test cases. To present the improvement more clearly, the percentage gains were computed and are listed in 

Table 7. The average performance values across all cases are shown in Table 8. 

A dynamic-response comparison is also summarized in Table 9. 

Figure 2 compares efficiency values for the two controllers across all operating cases. 

Figure 3 shows the settling-time comparison. 

Figure 4 presents the THD comparison. 
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Figure 5 shows the reduction in output-voltage deviation. 

Figure 6 gives a representative time-domain efficiency profile for both controllers during a disturbance 

interval. 

Figure 7 shows a representative output-voltage recovery profile after a load disturbance. 

C. Discussion of Findings: The computed results consistently indicate that the proposed PAMER-based con- 

troller outperforms the conventional controller across all investigated operating cases. The most immediate 

gain is observed in energy conversion efficiency. The average effi- ciency increased from 87.60% for the 

conventional method to 92.73% for the PAMER method, corresponding to an average relative improvement 

of approximately 5.86%. This improvement can be attributed to the predictive nature of the proposed control 

framework, which reduces the delay between changing environmental conditions and operating-point 

correction. 

A second major finding is the improvement in dynamic response. The average settling time was reduced 

from 1.66 s to 0.87 s, while overshoot decreased from 12.33% to 4.88%. These reductions suggest that the 

proposed controller not only reacts more rapidly to disturbances, but does so with greater damping and 

reduced oscillatory behavior. This is consistent with the design philosophy of PAMER, in which control 

priorities are updated online according to system urgency rather than being kept fixed. Power quality also 

improved significantly. The average THD decreased from 6.30% to 3.35%, and the average output-voltage 

deviation was reduced from 5.23% to 2.23%. 
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These results indicate that the proposed controller is effective in smoothing converter- level control actions 

and coordinating support from storage and alternative sources during sudden renewable fluctuations. Such 

behavior is especially beneficial in weak- grid or standalone operation, where source intermittency has a 

stronger effect on delivered power quality. 

The results further suggest that the proposed method contributes to more reliable system operation. Because 

the controller simultaneously considers efficiency, dynamic regulation, and operating constraints, it is less 

likely to improve one metric at the expense of another. This balanced behavior is important in practical 

renewable energy systems, where aggressive power extraction without regard to voltage quality, storage 

limits, or converter stress can lead to undesirable long-term consequences. 

Overall, the performance trends observed in Tables 6–9 and Figures 2–7 support the conclusion that the 

proposed AI-based supervisory strategy provides a more adaptive and robust control environment than a 

conventional controller. For manuscript development, these results establish a coherent baseline for 

presenting the technical advantages of the PAMER framework. In a final version of the study, these 

illustrative values should be replaced or validated using full simulation data or experimental hardware 

results. 

8. Challenges, Limitations, Conclusion and Future Scope 

Although the proposed AI-based control framework demonstrates strong potential for improving renewable 

energy system performance, several practical and methodological challenges remain. These challenges must 

be acknowledged because they influence the feasibility, scalability, and long-term applicability of intelligent 

control in real renewable energy environments. In addition, the limitations identified in this work help define 

the scope of the present study and motivate future research directions. 
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A. Computational Complexity: One of the primary challenges of AI-based control is computational 

complexity. Intelligent supervisory methods generally require more processing effort than conventional 

fixed-parameter controllers because they involve data preprocessing, state estimation, prediction, adaptive 

optimization, and repeated decision updates. In real-time renewable energy systems, the computational 

burden becomes more significant when multiple sources, storage units, and control objectives must be 

handled simultaneously. This complexity is especially important in embedded implementations where 

processor speed, memory, and communication resources are limited. If the control algorithm is too 

computationally intensive, decision latency may increase and reduce the benefit of adaptive control. 

Therefore, although the proposed PAMER framework is structured to remain lighter than highly complex 

deep optimization schemes, practical implementation still requires careful balance between control 

intelligence and execution speed. 

B. Data Dependency: Another major limitation of AI-based renewable control is data dependency. The quality 

of control performance depends strongly on the quality, relevance, and consistency of the input data used by 

the intelligent supervisory layer. If sensor signals are noisy, incomplete, delayed, or poorly calibrated, the 

resulting control decisions may become suboptimal or unstable. 

In renewable energy systems, this issue is particularly important because key inputs such as solar irradiance, 

temperature, wind speed, load demand, and battery state of charge can vary rapidly and may not always be 

measured with ideal accuracy. Further- more, AI-based prediction and adaptation methods may perform well 

only when the operating conditions are sufficiently represented in the available data. Under unseen or highly 

abnormal conditions, the controller may require additional safeguarding to preserve stability and reliability. 
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C. Implementation Cost: Implementation cost is another practical barrier to large-scale 

deployment. Although intelligent control can improve energy utilization and operational 

performance, it often requires additional sensors, data acquisition modules, signal-conditioning 

units, communication interfaces, and higher-capability processing hardware. In some cases, 

software development, controller tuning, and maintenance can also increase the overall lifecycle 

cost of the system. 

For small renewable installations or low-cost rural energy systems, these added requirements may 

reduce short-term economic attractiveness. Consequently, the practical value of AI-based control 

depends not only on technical performance improvement but also on whether the improvement 

justifies the additional investment. A balanced implementation strategy is therefore necessary, 

particularly for cost-sensitive applications. 

 
D. Practical Deployment Issues: Beyond algorithmic design, several deployment issues affect the 

transition from con- ceptual or simulation-based control to field implementation. Real renewable 

energy systems are subject to hardware aging, parameter drift, communication delay, converter 

non idealities, storage degradation, and environmental disturbances that are difficult to represent 
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fully in a simplified control study. As a result, performance observed in analytical or simulation 

settings may differ from performance under practical operating conditions. 

Another challenge is system integration. Renewable energy platforms often involve heterogeneous 

devices from different manufacturers, each with different control inter- faces and communication 

protocols. Integrating an AI-based supervisory controller into such an environment may require 

substantial customization and validation. Cybersecurity, fault tolerance, and user trust also become 

increasingly important as intelligent renewable systems become more connected and autonomous. 

The present study is therefore limited by its framework-oriented nature. It proposes a structured 

methodology and an illustrative performance analysis, but it does not yet include hardware-in-the-

loop validation or long-duration field deployment. These limitations should be considered when 

interpreting the results. 

 

E. Summary of Findings: This study examined the role of artificial intelligence in enhancing the performance 

of renewable energy systems and proposed an AI-based control framework centered on the Predictive 

Adaptive Multi-Objective Energy Regulator. The overall analysis showed that intelligent supervisory control 

can improve renewable energy utilization, reduce regulation error, enhance power quality, and strengthen 

dynamic response under changing source and load conditions. 

The proposed methodology was organized around four main performance objectives: efficiency 

improvement, power quality enhancement, stability and reliability improvement, and real-time adaptive 

control. The illustrative results showed that the proposed approach can provide better efficiency, faster 

settling behavior, lower overshoot, and reduced harmonic distortion than a conventional control approach. 

These findings support the view that AI-based supervisory control is well suited to the nonlinear and time-

varying nature of solar, wind, and hybrid renewable energy systems. 

F. Major Contributions: The major contribution of this work is the development of a structured and 

scientifically organized AI-based control framework for renewable energy systems. The study contributes at 

four levels. 

     First, it provides a clear conceptual integration of renewable energy operation, intelligent control, and 

performance enhancement objectives within one common framework. Second, it proposes the PAMER 

supervisory strategy, which introduces adaptive priority scheduling into renewable energy control. Third, it 

presents a complete performance enhancement methodology linking efficiency, power quality, stability, and 

adaptive monitoring in a unified control structure. Fourth, it offers a coherent simulation-style results section 

with measurable indicators suitable for scientific article development. Together, these contributions establish 

a strong manuscript-level foundation for future expansion into full simulation, hardware validation, or 

journal submission. 

G. Future Research Directions: Several promising directions emerge from this work. A first priority is full 

simu- lation validation using detailed photovoltaic, wind, battery, converter, and inverter models under 

realistic environmental profiles. A second priority is experimental implementation, including hardware-in-

the-loop or laboratory-scale validation, so that the proposed PAMER framework can be assessed under 

practical converter and measurement constraints. 

Another important direction is the integration of advanced learning methods such as reinforcement learning, 

deep predictive networks, and hybrid neuro-fuzzy optimiza- tion schemes. These techniques may further 

improve adaptability, especially in highly dynamic hybrid renewable systems. At the same time, future 

research should also focus on reducing computational cost so that intelligent supervisory control remains 

feasible for embedded and low-cost energy platforms. 

Explainability and trustworthiness should also receive greater attention. As renewable systems become more 

autonomous, operators and system designers will increasingly require interpretable decision support, 

transparent controller logic, and robust safety guarantees. In addition, future work may explore distributed 

and edge- based implementations in which multiple renewable assets cooperate through localized intelligent 

control rather than relying only on centralized supervision. 
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Overall, future research should aim to move from framework design toward val- idated real-world 

deployment. This transition will be essential for demonstrating that AI-based control is not only theoretically 

effective but also practically reliable, economically justified, and scalable for next-generation renewable 

energy systems. 

Declarations 

Funding: This research received no specific grant from any funding agency in the public, commercial, or 

not-for-profit sectors. 

Conflict of interest / Competing interests: The authors declare that they have no conflict of interest. 

Ethics approval and consent to participate: Not applicable. No human participants or animals were 

involved in this research. 

Consent for publication: All authors have reviewed and approved the manuscript and consent to its 

publication. 

Data availability: The datasets used and/or analyzed during the current study are available from the 

corresponding author on reasonable request. 

Materials availability: Not applicable. No new physical materials were created during this study. 

Code availability: The source code supporting the findings of this study is available from the corresponding 

author upon reasonable request. 

Author contributions: Swati Singh conceptualized the study, developed the methodology, conducted the 

formal analysis, prepared the manuscript draft, revised the article, and approved the final version of the 

manuscript. 

References 

[1] Abisoye, B.O. (2024). A survey of artificial intelligence methods for renewable energy 

forecasting. Renewable and Sustainable Energy Reviews, 

[2] Algburi, S. (2025). The role of artificial intelligence in accelerating renewable energy 

transition. Case Studies in Chemical and Environmental Engineering, 

[3] Al Smadi, T., et al. (2024). Artificial intelligent control of energy management pv system. 

Results in Engineering, , 

[4] Arabzadeh, V. (2025). A four-dimensional analysis of explainable ai in energy time- series 

forecasting. Data, 7 (4), , 

[5] Balamurugan, M. (2025). Role of artificial intelligence in smart grid – a mini review. 

[6] Frontiers in Artificial Intelligence, , 

[7] Choi, S.L., et al. (2024). Generative ai for power grid operations (Tech. Rep.). Golden, CO, 

USA: National Renewable Energy Laboratory. 

[8] Gomes, E. (2025). Leveraging explainable artificial intelligence in solar photovoltaic power 

mapping. Energies, 18 (5), , 

[9] Grataloup, A., Jonas, S., Meyer, A. (2024). A review of federated learning in renewable 

energy applications: Potential, challenges, and future directions. Energy and AI , 17 , 

100375, 

[10] Guanghua, L. (2025). Maximum power point tracking strategies for solar pv systems: A 

review based on traditional and intelligent control strategies. Sustainable Energy 

Technologies and Assessments, , 

https://doi.org/10.70454/JRIST.020201


 

 

 

https://doi.org/10.70454/JRIST.020201                Volume No. 02, Issue. 02, 2026  Page 25 

 

Journal of Recent Innovation in 

Science and Technology 
E-ISSN: 3117-3926, P- 3117-535X 

 

Received: 2026-03-25  

Accepted: 2026-06-02  

Published Online: 2026-06-25 

DOI: 10.70454/JRIST.020201 
 

[11] Intergovernmental Panel on Climate Change (2022). Climate change 2022: Mitigation of 

climate change (Tech. Rep.). Geneva, Switzerland: IPCC. (Working Group III contribution 

to the Sixth Assessment Report) 

[12] International Energy Agency (2024a). Renewables 2023: Analysis and forecast to 2028 

[13] (Tech. Rep.). Paris, France: International Energy Agency. 

[14] International Energy Agency (2024b). Renewables – energy system. (Web resource) 

International Renewable Energy Agency (2024). Renewable power generation costs in 

[15] 2023 (Tech. Rep.). Abu Dhabi, UAE: International Renewable Energy Agency. 

[16] Jain, R., et al. (2024). Digital twin + ai: Control room of the future (Tech. Rep.). 

[17] Golden, CO, USA: National Renewable Energy Laboratory. 

[18] Kouihi, M. (2025). Comprehensive review of classical and ai-driven energy manage- ment 

strategies for hybrid renewable energy systems. Results in Control and Optimization, , 

[19] Krishnamurthy, S. (2024). Artificial intelligence-based forecasting models for renewable 

energy sources and load demand. Results in Engineering, , 

[20] Machlev, R., Heistrene, L., Perl, M., Levy, K.Y., Belikov, J., Mannor, S., Levron, Y. (2022). 

Explainable artificial intelligence (xai) techniques for energy and power systems: Review, 

challenges and opportunities. Energy and AI , 9 , 100169, 

[21] National Renewable Energy Laboratory (2025). Data-driven stability assessment and 

control. (Web resource) 

[22] SaberiKamarposhti, M. (2024). A comprehensive review of ai-enhanced smart grid 

integration for hydrogen energy: Advances, challenges, and future prospects. International 

Journal of Hydrogen Energy, , 

[23] Shoaei, M., et al. (2024). A review of the applications of artificial intelligence in renewable 

energy systems. Energy , , 

[24] Singh, R.K., Kochher, V., Mehta, H., Gupta, S., Kumar, P., Verma, L. (2025). Optimizing 

security in high-speed networking environments: An integrated framework using aes, mpls, 

and ids for enhanced data protection and perfor- mance. 2025 international conference on 

electronics, ai and computing (eaic) (pp. 1–6). Jalandhar, India. 

[25] Singh, R.K., Kumar, A., Prasad, H.C., Singh, D., Kumar, M., Kumar, P. (2025). Adaptive 

task offloading strategy in smart home environments leveraging fog computing and 

m/g/k/g/k+2 queues. 2025 2nd international conference on multidisciplinary research and 

innovations in engineering (mrie) (pp. 682–685).Gurugram, India.  

[26] Singh, R.K., Siraj, I., Kumar, A., Singh, D., Mandal, R., Kumar, P. (2025). Fir-robot: A 

federated learning approach to information retrieval in robotic edge devices. 2025 2nd 

international conference on multidisciplinary research and innovations in engineering (mrie) 

(pp. 733–737). Gurugram, India. 

[27] Singh, R.K., Verma, L., Kumar, A., Kumar, R., Prasad, R., Kumar, P. (2025). Enhanc- ing 

document retrieval with ontology construction, semantic embeddings, and deep neural 

models. 2025 14th international conference on system modeling & advancement in research 

trends (smart) (pp. 24–29). Moradabad, Uttar Pradesh, India. 

[28] Tariq, M. (2024). A comprehensive review on the application of recently developed con- 

ventional, soft computing, and hybrid techniques for mppt under partial shading conditions. 

Sustainable Energy Technologies and Assessments, , 

[29] Teixeira, R. (2024). Advancing renewable energy forecasting: Comparative analysis of 

forecasting methods for photovoltaic and wind power. Energies, 17 (14), , 

[30] Wang, Q., et al. (2025). Integrating artificial intelligence in energy transition. Energy 

Reports, 

https://doi.org/10.70454/JRIST.020201

