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Abstract 

The integration of Artificial Intelligence (AI) in solar energy systems over the past decade has opened new frontiers in 

renewable energy optimization. This review presents a comprehensive synthesis of AI methods including machine learning 

(ML), deep learning (DL), reinforcement learning (RL), and hybrid techniques used to enhance solar power forecasting, 

fault detection, energy output prediction, and intelligent control. Through comparative analysis of key studies, experimental 

results, and performance evaluations, it becomes evident that AI-driven models, particularly LSTM networks and 

convolutional neural networks (CNNs), outperform traditional methods in both accuracy and adaptability. However, critical 

challenges remain, such as data scarcity, interpretability, model generalization, and integration with real-time systems. This 

review not only outlines the evolution and current state of AI in solar energy optimization but also offers future directions 

to guide further interdisciplinary research. By bridging engineering, data science, and sustainability goals, AI has the 

potential to significantly accelerate the transition to smarter, greener solar energy infrastructures. 
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Introduction 

The global shift towards renewable energy sources is accelerating in response to the dual challenges of climate change and 

energy security. Among these sources, solar energy has emerged as one of the most promising and rapidly expanding 

solutions due to its abundance, scalability, and decreasing cost of deployment. In the last decade, the integration of Artificial 

Intelligence (AI) technologies in solar energy systems has become increasingly significant, offering transformative 

potential in optimizing system performance, improving energy yield predictions, and reducing operational costs [1]. 

The surge in global solar photovoltaic (PV) capacity from under 100 GW in 2012 to over 1,000 GW by the end of 2022 

underscores the growing importance of harnessing AI to manage and optimize these complex systems efficiently [2]. AI 

methods, including machine learning (ML), deep learning (DL), reinforcement learning (RL), and hybrid approaches, 

have been applied across a variety of use-cases such as solar irradiance forecasting, panel orientation optimization, fault 

detection, predictive maintenance, and energy output maximization [3]. The inherent variability of solar power generation, 

due to weather changes and geographical diversity, further emphasizes the need for intelligent systems that can adapt and 

learn in real time. 

The importance of this topic lies at the intersection of renewable energy engineering and advanced computational 

technologies. AI is enabling the energy sector to move beyond static modeling toward dynamic, self-optimizing systems 

that can significantly boost the efficiency and reliability of solar installations. For instance, in some cases neural networks 

have been used to model the nonlinear relationships between meteorological data and solar output, while support vector 

machines (SVMs) and decision trees have shown effectiveness in classifying system faults and performance anomalies [4]. 

The application of AI in solar energy not only enhances the economic viability of renewable projects but also contributes 

to global decarbonization goals, aligning with international commitments such as the Paris Agreement and the UN 

Sustainable Development Goals (SDG 7: Affordable and Clean Energy) [5]. 

http://www.ijrti.org/


© 2025 IJRTI | Volume 10, Issue 9 September 2025 | ISSN: 2456-3315 

IJRTI2509076 International Journal for Research Trends and Innovation (www.ijrti.org) a671 
 

However, despite its growing application, there are critical challenges and gaps in the current research landscape. Although 

there are some common features and data points collected from systems, yet one major limitation is the lack of standardized 

datasets, which restricts the development and benchmarking of AI models across different geographical regions and system 

configurations [6]. Additionally, many studies are narrowly focused on specific algorithms or limited case studies, resulting 

in fragmented knowledge and a lack of holistic frameworks that can guide practitioners in selecting the appropriate AI 

techniques for given solar applications. Furthermore, the interpretability of AI models, especially deep learning 

architectures, remains a concern in operational settings where transparency and explainability are vital for decision-making 

[7]. 

Table 1: Key Research Papers on AI Methods in Solar Energy Optimization  

 

 

Year Title Focus Findings (Key Results 

and Conclusions) 

[8] 2009 Online short-term solar 

power forecasting 

Time-series and 

statistical forecasting 

for PV output 

Demonstrated real-time 

forecasting capabilities 

using autoregressive 

models; highlighted 

value for grid ops. 

[9] 2015 Assessment of 

forecasting techniques 

for solar power 

production with no 

exogenous inputs 

Model comparison for 

PV power forecasting 

Found that persistence 

and autoregressive 

models perform well in 

the absence of weather 

data [9]. 

[10] 2017 Machine learning 

methods for solar 

radiation forecasting: A 

review 

Review of ML 

algorithms for solar 

radiation forecasting 

Identified neural 

networks and SVMs as 

top performers; 

emphasized feature 

selection importance 

[10]. 

[11] 2018 Deep learning for solar 

irradiance forecasting: 

A review 

Deep learning in solar 

irradiance and energy 

yield forecasting 

Found DL outperformed 

traditional ML in 

capturing 

spatiotemporal patterns 

[11]. 

[12] 2019 A hybrid model for 

short-term solar power 

prediction using time 

series and neural 

networks 

Combining statistical 

and neural approaches 

for prediction 

Hybrid models reduced 

forecasting error by 15–

20% compared to 

individual methods 

[12]. 

[13] 2020 Comparative study of AI 

models for PV output 

forecasting in tropical 

regions 

Model accuracy 

comparison (ANN, 

SVM, RF) under 

different climate zones 

ANN outperformed 

others under tropical 

climates; weather 

features improved all 

models [13]. 
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[14] 2021 A data-driven model 

using LSTM networks 

for solar power 

forecasting 

Use of LSTM for hourly 

and daily PV forecasting 

LSTM networks 

showed superior long-

term forecasting ability 

due to memory retention 

[14]. 

[15] 2022 Solar panel fault 

detection using 

convolutional neural 

networks (CNNs) 

Real-time fault 

detection and 

classification using 

CNNs 

CNNs achieved 96% 

accuracy in identifying 

PV faults from infrared 

images [15]. 

[16] 2023 Reinforcement 

learning-based control 

of PV-battery 

microgrids 

Optimization of energy 

dispatch in hybrid PV 

systems 

Reinforcement learning 

led to 12% higher 

energy efficiency in 

microgrids versus rule-

based systems [16]. 

[17] 2024 Interpretable AI models 

for solar energy 

prediction and policy 

making 

Transparent AI models 

(e.g., XAI, SHAP) for 

solar energy systems 

XAI tools improved 

trust in AI decisions, 

enhancing stakeholder 

confidence and 

regulatory support [17]. 

 

Proposed Theoretical Model: AI-Based Solar Energy Optimization Framework 

The theoretical model for AI-based solar energy optimization integrates multiple subsystems that allow for intelligent 

decision-making, accurate forecasting, and real-time system control. The model can be broken into the following main 

modules: 
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AI-Based Solar Energy Optimization Framework 

 

 
 

Explanation of Modules 

1. Sensor Data Collection 

This module gathers raw input from field devices such as pyranometers, temperature sensors, and current-voltage 

detectors. It forms the basis of the dataset required for model training and real-time analysis [18]. Solar systems 

typically collect data like sunlight intensity, panel and ambient temperatures, voltage, current, and overall power 

output, along with weather conditions and equipment status. This information is used to monitor performance and 

build machine learning models for predicting energy generation, spotting faults, scheduling maintenance, and 

understanding losses due to dirt or shading. 

2. Data Preprocessing 

Includes cleaning noise, normalizing the dataset, handling missing values, and converting formats. Preprocessing 

is essential to ensure data consistency and improve model accuracy [19]. Numerical features must be scaled 

appropriately, and additional features such as power efficiency, lagged values, and time-based indicators should be 

engineered. Categorical variables should be encoded, and the data must be split into training and test sets while 

maintaining temporal integrity to prevent information leakage. 

3. Feature Extraction & Selection 

Identifying the most relevant variables using statistical methods, domain expertise, and model-based techniques 

like feature importance or regularization. Optimization follows through hyperparameter tuning using approaches 

such as grid search or Bayesian optimization to improve model accuracy and generalizability. This stage identifies 

key variables such as solar irradiance patterns, humidity, temperature trends, etc. that significantly affect system 

performance. Feature engineering greatly enhances model interpretability and reduces computational overhead [20]. 

4. AI Model Implementation (ML/DL/RL) 

Depending on the application, models such as Support Vector Machines (SVM), Artificial Neural Networks (ANN), 

Long Short-Term Memory (LSTM) networks, or Reinforcement Learning (RL) agents are deployed. LSTM and 

CNNs are particularly effective for sequential and image-based data, respectively [21]. 
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5. Prediction / Optimization 

The AI model generates outputs such as: 

○ Forecasted power generation 

○ Detected faults (e.g., panel degradation) 

○ Optimal panel tilt or tracking angles 

○ Energy yield maximization strategies [22] 

6. Control & Decision System 

Takes optimized decisions from the AI model and translates them into actionable steps e.g., sending actuator signals 

to adjust PV tilt or dispatch maintenance alerts. This feedback loop ensures dynamic control and real-time response 

[23]. 

7. Cloud/Edge Deployment 

The processed data and decisions are sent to the cloud or edge servers for storage, further analysis, and remote 

system supervision. This hybrid cloud-edge deployment reduces latency and improves operational efficiency [24]. 

Experimental Results and Comparative Analysis of AI Methods 

To validate the effectiveness of AI methods in solar energy optimization, researchers have conducted a wide range of 

experiments using real-world datasets from weather stations, solar PV installations, and satellite-based solar irradiance 

measurements. The evaluation metrics typically include Mean Absolute Error (MAE), Root Mean Squared Error 

(RMSE), and Mean Absolute Percentage Error (MAPE), which measures the deviation between predicted and actual 

solar energy outputs. 

1. Experimental Setup 

Most experimental setups for evaluating AI models involve the following steps: 

● Dataset: Real-world historical datasets of solar irradiance, temperature, humidity, and power output, such as the 

National Renewable Energy Laboratory (NREL) solar dataset [26]. 

● Data Split: 70% of data for training, 15% for validation, and 15% for testing. 

● Models: A mix of ML models (Support Vector Machines, Decision Trees), DL models (LSTM, CNN), hybrid 

models (ARIMA-LSTM), and RL models. 

● Metrics: RMSE, MAE, MAPE are most commonly used for regression tasks, while classification models (e.g., 

fault detection) use accuracy and F1-score. 

2. Performance Comparison of AI Models in Solar Forecasting 

The following table presents experimental results for several AI models trained and tested on standardized solar energy 

datasets. 

Table 2: Performance of AI Models for Solar Power Forecasting 

 

Accurate solar power forecasting is essential for improving the efficiency, reliability, and stability of renewable energy 

systems. In recent years, various artificial intelligence (AI) models have been developed and tested for this purpose, offering 

promising results across different datasets and environments. 

This table summarizes the performance of several popular AI techniques including traditional methods like Linear 

Regression and more advanced models like LSTM, CNN, and Hybrid approaches based on key forecasting metrics: 
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Model RMSE (kW) MAE (kW) MAPE (%) Dataset Used Reference 

Linear 

Regression 

0.84 0.71 18.5% NREL-

PVWatts 

(USA) 

[26] 

Support Vector 

Machine 

(SVM) 

0.62 0.51 14.3% Solar 

Radiation Data 

(India) 

[27] 

Artificial 

Neural 

Network 

(ANN) 

0.55 0.42 12.1% NREL Data 

(Phoenix, AZ) 

[28] 

Long Short-

Term Memory 

(LSTM) 

0.48 0.38 9.8% TMY3 Dataset 

(California) 

[29] 

Convolutional 

Neural 

Network 

(CNN) 

0.51 0.39 10.2% GHI Dataset 

(Spain) 

[30] 

Hybrid 

ARIMA-

LSTM 

0.47 0.36 9.5% NREL + 

NASA SSE 

[31] 

Reinforcement 

Learning (RL) 

0.58 0.44 11.7% Simulated 

Microgrid Env. 

[32] 

Note: Best performing model metrics are highlighted in bold. 
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Fault Detection Using AI 

AI has also been applied for fault detection in solar panels using image data and sensor readings. Below is a performance 

table for classification models using metrics like Accuracy and F1-Score: 

Table 3: Fault Detection Accuracy Using AI Models 

 

Model Accuracy (%) F1-Score Dataset Reference 

Decision Tree 89.2 0.88 IR Thermal Image 

Dataset 

[33] 

Random Forest 92.4 0.91 Lab-Condition PV 

Image Set 

[34] 

CNN (Infrared 

Images) 

96.7 0.95 Kaggle PV Fault 

Database 

[35] 

CNN models significantly outperform others due to their capacity to learn from spatial patterns and textures in panel thermal 

images. 

 

Energy Optimization in Smart Microgrids 

Recent experiments using Reinforcement Learning (RL) agents for energy scheduling and dispatch in hybrid PV-battery 

microgrids showed substantial operational improvements. 

● Energy Savings: Up to 12% improvement in energy dispatch efficiency [32]. 

● Reduced Curtailment: RL reduced curtailment during overproduction periods by 8% compared to rule-based 

controls. 

● Response Time: Real-time decision-making improved by 35% using edge AI deployment. 
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Future Directions 

As AI becomes increasingly embedded in energy infrastructures, future research must address several emerging challenges 

and opportunities to enable wider adoption and real-world impact. 

1. Federated and Privacy-Preserving AI Models 

With the proliferation of smart meters and edge sensors in solar PV systems, maintaining data privacy has become crucial. 

Federated learning allows models to be trained across multiple decentralized devices without moving sensitive data to 

central servers [36]. This approach can unlock access to diverse datasets while addressing privacy and regulatory concerns. 

2. Generalization Across Geographies 

Many current models are trained on region-specific datasets, limiting their applicability in different climatic or geographical 

conditions. Future research should prioritize building globally generalizable models by leveraging transfer learning and 

domain adaptation techniques [37]. This is particularly important for deploying AI in regions with limited labeled data. 

3. Explainable and Trustworthy AI (XAI) 

Operational transparency is vital for adoption in safety-critical solar applications. The next wave of AI research must 

incorporate explainable AI tools (e.g., SHAP, LIME) into model pipelines to help users understand why a model makes 

specific predictions [38]. This is especially critical in applications like predictive maintenance and fault detection, where 

decisions have physical or financial consequences. 

4. Integration with Internet of Energy (IoE) 

AI algorithms should evolve to interface seamlessly with the Internet of Energy (IoE), enabling decentralized, intelligent 

control over PV-battery systems, smart inverters, and microgrids [39]. Research on real-time co-optimization of demand-

response, weather forecasting, and energy storage will be essential. 

5. Resilient and Adaptive Learning Systems 

Real-world solar systems are exposed to unpredictable changes (e.g., dust storms, hardware failures). Future AI models 

should employ online learning and continual learning architectures to adapt to evolving operational conditions without 

requiring complete retraining [40]. 

6. Interdisciplinary Approaches 

Collaborations across disciplines combining meteorology, energy systems, AI, and policy will be vital to design holistic 

optimization models. These can also incorporate socio-economic variables such as cost, incentives, and environmental 

impact in model decisions [41]. 

Conclusion 

This review underscores the transformative role that AI has played and continues to play in optimizing solar energy systems. 

From enhancing forecasting precision to automating fault detection and real-time control, AI models such as LSTM 

networks, CNNs, and hybrid ARIMA-LSTM systems are reshaping the future of renewable energy. Experimental evidence 

confirms their superior performance over traditional approaches, particularly in nonlinear and high-dimensional 

environments. 

However, while significant progress has been made, several gaps still impede full-scale deployment. Key among these are 

limited data diversity, lack of explainability, regional constraints, and integration challenges in live environments. Future 

research must therefore focus on building adaptable, interpretable, and robust AI systems capable of operating across diverse 
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conditions and geographies. Advancements in federated learning, real-time control, and integration with IoE platforms offer 

promising pathways forward. 

Ultimately, the synergy between AI and solar energy holds immense promise for accelerating the global transition toward 

cleaner, smarter, and more resilient energy systems. 
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