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Abstract 

The intermittent nature of renewable energy sources (RES) like solar and 
wind poses significant challenges for grid stability, asset optimization, 
and energy distribution. This paper reviews the state-of-the-art Artificial 
Intelligence (AI) tools and machine learning algorithms utilized to solve 
these bottlenecks. We explore applications across predictive forecasting, 
smart grid management, and asset maintenance, demonstrating how AI 
transitions the energy sector from reactive management to proactive 
optimization. 
 

 
Introduction 
The global shift toward net-zero emissions relies 
heavily on the integration of renewable energy 
sources. However, resources like wind and solar 
are inherently dependent on fluctuating weather 
patterns, introducing high epistemic and 
aleatoric uncertainties to power systems. 
Traditional mathematical models often fail to 
capture complex, non-linear environmental 
relationships. 
Artificial Intelligence (AI) emerges as a core 
enabler. By utilizing vast streams of IoT and 

meteorological data, machine learning (ML), 
deep learning (DL), and reinforcement learning 
(RL) optimize the generation lifecycle. This paper 
provides a comprehensive breakdown of AI 
models deployed to streamline modern green 
infrastructure. 
 
Core AI Techniques in Renewable Energy 
Different AI architectures are chosen based on 
the specific constraints of the target energy 
system. 
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• Artificial Neural Networks (ANN): 
Preferred for solar irradiance modeling 
due to quick computing time and high 
generalization over non-linear data sets. 

• Long Short-Term Memory (LSTM): 
Excellent at processing sequential time-
series data, making them ideal for wind 
speed and power estimation. 

• Convolutional Neural Networks (CNN): 
Deployed with satellite imagery or 
sensor matrices to capture spatial-
temporal features and pinpoint regional 
structural anomalies. 

• Reinforcement Learning (RL): Used in 
multi-agent microgrid systems to 
dynamically balance energy supply, 
demand, and storage storage under real-
time pricing constraints. 

 
Sector-Specific Applications 
1. Solar Power Optimization 
AI models mitigate the unpredictability of cloud 
coverage and ambient temperatures. 

• Irradiance Forecasting: Algorithms like 
Support Vector Machines (SVM) and 
Backpropagation Neural Networks 
(BPNN) process historical atmospheric 
data to predict immediate solar yield. 

• Panel Efficiency: AI detects operational 
anomalies or physical dust shading on 
photovoltaic (PV) arrays via smart 
sensor data, automating optimal 
inverter alignment and robotic 
maintenance schedules. 

 

2. Wind Energy Management 
Turbines require persistent structural and 
mechanical modifications. 

• Kinetic Prediction: Deep learning 
configurations map regional terrain 
complexities and thermodynamic 
currents to forecast short-term wind 
velocity. 

• Dynamic Blade Control: Active AI 
controllers manipulate blade pitch and 
yaw settings instantly, maximizing 
energy capture while minimizing 
localized turbulent stress on mechanical 
gearboxes. 

 
3. Hydropower, Geothermal, and Biomass 
Systems 

• Hydropower Systems: Climate and 
hydrological variations dictate water 
reserves. AI predicts prolonged drought 
impacts, managing seasonal reservoir 
water release velocities to protect 
system stability. 

• Geothermal and Biomass Operations: 
Machine learning optimizes complex 
thermal distribution systems, 
monitoring chemical inhibitor dosages 
underground and modeling sub-surface 
structural reservoir profiles. 

 
Smart Grid Integration and Demand 
Response 
The ultimate challenge of the energy transition is 
integrating decentralized, fluctuating renewable 
assets into a centralized electric grid. 

 

Grid Challenge AI Solution Core Algorithm 

Load Balancing Predicts peak electricity surges and automated 
distribution adjustment. 

Deep Neural Networks 
(DNN) 

Fault Isolation Pinpoints and isolates electrical anomalies in 
real-time. 

CNN-LSTM Hybrid 
Models 

Prosumer 
Management 

Optimizes energy sharing within localized 
microgrids. 

Reinforcement Learning 

 
Technical Challenges and Vulnerabilities 
Despite its massive potential, integrating AI into 
critical national infrastructure introduces 
distinct technological bottlenecks: 

• Data Quality Constraints: AI requires 
continuous streams of high-fidelity IoT 
sensor data; missing packets or 
miscalibrated field hardware can 
degrade forecasting accuracy. 

• Cybersecurity Risks: Automated grids 
create expanded digital attack surfaces. 

Malicious actors could inject deceptive 
adversarial data to disrupt microgrid 
stability or exploit automated demand-
response loops. 

• Model Interpretability: Many high-
performing deep learning tools operate 
as "black boxes," presenting significant 
compliance hurdles for risk-averse 
utility regulators. 

 
 



International Journal on Advanced Computer Engineering and Communication Technology 
 

363 

Conclusion 
The fusion of artificial intelligence and renewable 
energy infrastructure transforms highly volatile 
natural resources into reliable, highly 
predictable power assets. By improving 
forecasting accuracy, automating mechanical 
maintenance, and securing decentralized smart 
grids, AI remains a critical catalyst for 
accelerating global decarbonization. Future 
research must prioritize standardized model 
transparency, system scalability, and defense 
mechanisms against coordinated cyber-physical 
threats. 
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