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Abstract 

The increasing integration of renewable energy sources such as solar and wind introduces significant 

operational challenges due to their intermittent and weather-dependent nature. This variability affects 

grid stability, energy storage, and demand–supply balance, necessitating accurate forecasting 

systems. To address this, a hybrid artificial intelligence– based framework is proposed for renewable 

energy prediction and smart grid optimization. The methodology combines ARIMA for linear time-

series modeling with advanced deep learning techniques including ANN, CNN, and LSTM to capture 

nonlinear and spatiotemporal patterns. Additionally, a quantile regression–based probabilistic layer 

is incorporated to estimate prediction uncertainty and support risk-aware decision-making. The 

system is implemented using Python with libraries such as NumPy, Pandas, Scikit-learn, TensorFlow, 

and Keras. Experimental results using real-world meteorological and energy datasets demonstrate 

improved prediction accuracy, reliability, and consistency compared to conventional models. The 

proposed framework enhances energy storage scheduling, reserve allocation, and grid stability, 

enabling efficient and sustainable smart grid operations. 

 

`Key-words: Renewable Energy Forecasting, Smart Grid, Hybrid AI, ARIMA, ANN, CNN, LSTM, 
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Introduction 

The growing demand for energy, along with environmental concerns and the depletion of fossil fuels, 

has accelerated the adoption of renewable energy sources such as solar and wind. Despite their 

sustainability, these sources are inherently intermittent and highly dependent on meteorological 

conditions, introducing uncertainty in power system operations and challenging grid stability and 

reliability. Therefore, accurate renewable energy forecasting is essential for efficient smart grid 

management. Traditional statistical models are effective for linear patterns but fail to capture complex 

nonlinear relationships. In contrast, machine learning and deep learning techniques, including 

Artificial Neural Networks (ANN), Convolutional Neural Networks (CNN), and Long ShortTerm 

Memory (LSTM) networks, have demonstrated improved forecasting performance by modeling 

spatio-temporal dependencies. Additionally, hybrid approaches combining statistical and intelligent 

models enhance prediction accuracy and robustness. This work proposes a hybrid forecasting 

framework integrating ARIMA, ANN, CNN, and LSTM to capture linear and nonlinear dynamics 

while addressing uncertainty. The proposed system aims to improve forecasting accuracy and support 

reliable, efficient smart grid operations. 

 
Literature Review 

 Renewable energy forecasting has gained significant attention due to the increasing integration of 

solar and wind energy and the associated challenges of variability and uncertainty in smart grids. Early 

studies show that machine learning and deep learning techniques outperform traditional statistical 

models by effectively capturing nonlinear and temporal patterns, although challenges such as 

scalability and interpretability remain [1]. Probabilistic forecasting methods further improve decision-

making by incorporating uncertainty, but often lack integration with hybrid models [2]. Hybrid 

approaches combining statistical models such as ARIMA with machine learning techniques enhance 

prediction accuracy by modeling both linear and nonlinear relationships [3]. Deep learning models, 

including CNN and LSTM, demonstrate superior performance in capturing spatio-temporal 

dependencies; however, they often require high computational resources and lack uncertainty 
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modeling [4], [11]. Recent advancements include ensemble learning, transformer-based architectures, 

and multisite forecasting frameworks, though they face scalability limitations [8], [17]. Therefore, this 

work proposes a unified hybrid framework integrating ARIMA, ANN, CNN, and LSTM with 

probabilistic forecasting to improve accuracy, reliability, and real-time applicability.  

 

Methodology 

 The proposed system develops a hybrid renewable energy forecasting framework by integrating 

statistical, machine learning, and deep learning models with probabilistic forecasting. Renewable 

energy and meteorological data—including solar irradiance, wind speed, temperature, humidity, 

pressure, and historical generation—are collected from publicly available sources. Data preprocessing 

involves missing value handling, outlier removal, Min-Max normalization, and time synchronization 

to ensure consistency. Feature engineering extracts temporal features (lag values, rolling statistics) and 

spatial representations to capture complex patterns. The hybrid forecasting model combines ARIMA 

for linear trends, ANN for nonlinear relationships, CNN for spatial feature extraction, and LSTM for 

long-term temporal dependencies. A weighted ensemble integrates individual model outputs to 

improve prediction accuracy and robustness. Quantile regression is applied to generate prediction 

intervals, enabling uncertainty-aware forecasting. 
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Proposed Work  

This work proposes a hybrid artificial intelligence–based renewable energy forecasting framework to 

improve prediction accuracy and grid-level reliability. The system integrates statistical, machine 

learning, and deep learning models to capture linear, nonlinear, and spatio-temporal patterns in 

renewable energy data. The proposed framework combines ARIMA for linear trend modeling, ANN 

for nonlinear relationships, CNN for spatial feature extraction, and LSTM for temporal dependency 

learning. A quantile regression–based probabilistic layer is incorporated to estimate prediction 

uncertainty, enabling risk-aware decision-making in smart grid operations. The system utilizes 

historical energy data along with meteorological parameters such as solar irradiance, wind speed, 

temperature, and humidity. The architecture includes modules for data acquisition, preprocessing, 

feature extraction, hybrid forecasting, probabilistic forecasting, and grid optimization. This integrated 

approach enhances forecasting accuracy, scalability, and robustness, supporting efficient energy 

management, storage scheduling, and reliable demand–supply balancing in modern smart grids. 

 

Implementation  

The proposed renewable energy forecasting system is implemented using a modular architecture in 

Python with TensorFlow, Keras, Pandas, and Scikit-learn. A secure login module provides 

authenticated access to the system. After login, users interact with a dashboard for dataset selection, 

preprocessing, model execution, and visualization. The preprocessing module performs missing value 

handling, outlier removal, normalization, and time-series structuring. Feature engineering extracts 

temporal and seasonal patterns to enhance model learning. The core implementation integrates 

ARIMA, ANN, CNN, and LSTM models in a hybrid framework. ARIMA captures linear trends, ANN 

models nonlinear relationships, CNN extracts spatial features, and LSTM learns temporal 

dependencies. A weighted ensemble combines model outputs to generate final predictions. Results are 

visualized using interactive graphs along with evaluation metrics such as RMSE, MAE, and MAPE. 

Quantile regression is applied to estimate prediction intervals. The modular design ensures scalability, 

efficiency, and adaptability for smart grid applications 

 

 
 



Juni Khyat (जूनी ख्यात)                                                                                            ISSN: 2278-4632 

Vol-16, Issue-06, No.01, June: 2026 

Page | 8                                                                                                    Copyright @ 2026 Author 

Result  

The proposed hybrid renewable energy forecasting model was evaluated using historical generation 

data under diverse environmental conditions. By integrating statistical, machine learning, and deep 

learning techniques, the model effectively captures both linear trends and nonlinear dependencies in 

the dataset. The results indicate that the hybrid approach outperforms individual models in prediction 

accuracy and consistency. This improvement is due to the complementary strengths of the integrated 

methods, where statistical techniques model trend components and deep learning captures complex 

temporal patterns. The model demonstrates strong generalization on unseen data, maintaining stable 

performance across different time intervals with minimal prediction error. It also exhibits robustness 

against fluctuations inherent in renewable energy sources such as solar and wind. Overall, the proposed 

framework provides an accurate, reliable, and scalable solution for real-time renewable energy 

forecasting and grid management. 

 
Conclusion 

This paper presented a hybrid renewable energy forecasting framework that integrates statistical, 

machine learning, and deep learning techniques to improve prediction accuracy and reliability. The 

proposed model effectively captures both linear and nonlinear patterns in energy generation data, 

addressing limitations of standalone approaches. Experimental results demonstrate that the hybrid 

model achieves superior performance, with reduced prediction error and strong generalization across 

varying conditions. Its robustness against data fluctuations makes it suitable for handling the 

intermittent nature of renewable energy sources such as solar and wind. Overall, the framework 

provides a scalable and efficient solution for accurate energy forecasting. It can support real-time grid 

management, optimize energy distribution, and assist in informed decision-making for sustainable 

energy systems. The proposed hybrid forecasting framework can be further enhanced by incorporating 

additional data sources such as real-time weather streams, satellite imagery, and IoT-based sensor 

inputs to improve prediction accuracy. Future work may explore advanced deep learning architectures, 

including transformer-based and attention-driven models, to better capture long-term temporal 

dependencies. The integration of adaptive and online learning techniques can enable the model to 

update dynamically with incoming data, improving performance in real-time applications. 

Additionally, extending the framework to multi-source renewable systems, including solar, wind, and 

hydro, can enhance its applicability at the grid level 
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