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Abstract: 

The growing global demand for renewable energy necessitates accurate and reliable forecasting 

methods to efficiently integrate solar and wind energy into power grids. This research focuses on 

a comparative analysis of various time-series supervised learning models for predicting solar and 

wind energy outputs. The study examines the performance of models such as Long Short-Term 

Memory (LSTM), Gated Recurrent Unit (GRU), Convolutional Neural Networks (CNN), and 

hybrid LSTM-CNN architectures, among others, to determine their efficacy in forecasting 

energy outputs under diverse climatic conditions. 

The research begins with a comprehensive review of the characteristics of solar and wind energy, 

highlighting the inherent variability and challenges in prediction. It then delves into the selection 

criteria for supervised learning models, considering factors such as data requirements, 

computational complexity, and model interpretability. A robust methodology is developed, 

involving the collection of historical weather data and energy output from multiple 

geographically diverse sources. This data is used to train and validate the models, with a focus on 

optimizing hyperparameters to enhance prediction accuracy. 

This study contributes to the advancement of predictive analytics in renewable energy, offering 

insights into the selection and optimization of time-series models for enhancing the reliability 

and efficiency of solar and wind energy forecasting. 
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Introduction 

Background and Motivation 

The increasing adoption of renewable energy sources, particularly solar and wind energy, plays a 

pivotal role in the global transition towards a sustainable energy future. Solar and wind energy 

have become essential components of modern power grids, offering clean and inexhaustible 

sources of electricity. However, their inherent variability, influenced by factors such as weather 

conditions and geographical location, poses significant challenges for grid stability and energy 

planning. Accurate forecasting of energy outputs from these sources is crucial to ensure reliable 

integration into power grids, optimize energy storage and distribution, and maintain overall grid 

stability. 

Time-series supervised learning models have emerged as promising tools to address the 

forecasting challenges associated with renewable energy. These models leverage historical data 

to predict future energy outputs, offering the potential to improve the accuracy and reliability of 

forecasts. By understanding and comparing the performance of various time-series supervised 

learning models, this research aims to provide insights into the most effective approaches for 

predicting solar and wind energy outputs, ultimately contributing to more efficient and resilient 

energy systems. 

Problem Statement 

Predicting solar and wind energy outputs is challenging due to the stochastic nature of these 

energy sources. Variations in sunlight and wind speed, driven by changing weather patterns, 

make it difficult to generate accurate forecasts. Existing models often struggle to capture the 

complex temporal dependencies and non-linear patterns present in renewable energy data. 

Therefore, there is a critical need for a comparative analysis of different time-series supervised 

learning models to identify the most effective approaches for forecasting solar and wind energy 

outputs. 

Objectives 

The primary objectives of this research are: 

1. To evaluate and compare the performance of various time-series supervised learning 

models, including LSTM, GRU, CNN, and hybrid models, in predicting solar and wind 

energy outputs. 

2. To identify the most suitable model(s) for accurately forecasting energy outputs under 

varying environmental conditions. 

3. To provide a detailed analysis of the strengths and limitations of each model in the 

context of renewable energy prediction. 

Research Questions 

This study seeks to answer the following research questions: 



1. Which time-series supervised learning models offer the highest accuracy in predicting 

solar and wind energy outputs? 

2. How do these models perform under different environmental conditions, such as varying 

levels of sunlight, wind speed, and seasonal changes? 

3. What are the strengths and limitations of each model in the context of solar and wind 

energy forecasting? 

Scope and Delimitation 

This research focuses on a comparative analysis of specific time-series supervised learning 

models, including LSTM, GRU, CNN, and hybrid architectures. The analysis is limited to the 

prediction of solar and wind energy outputs, with data sourced from specific geographical 

regions known for their renewable energy production. Other renewable energy sources, such as 

hydro and biomass, are excluded from this study. Additionally, the research does not explore 

real-time data assimilation or the integration of ensemble learning techniques, which are 

suggested as areas for future investigation. 

Literature Review 

Overview of Solar and Wind Energy 

Solar and wind energy have rapidly gained prominence as key components of the global energy 

mix, driven by the urgent need to reduce greenhouse gas emissions and transition towards 

sustainable energy sources. Solar energy harnesses the power of sunlight through photovoltaic 

cells, while wind energy captures kinetic energy from the wind using turbines. Both sources are 

abundant, renewable, and increasingly cost-effective, contributing to their widespread adoption. 

According to the International Energy Agency (IEA), solar and wind energy accounted for a 

significant share of the global electricity generation capacity in recent years, with projections 

indicating continued growth. 

However, the variability of solar and wind energy presents substantial challenges in integrating 

these sources into power grids. Solar energy output fluctuates due to factors such as cloud cover, 

time of day, and seasonal changes, while wind energy is influenced by wind speed, direction, and 

atmospheric conditions. These fluctuations can lead to mismatches between energy supply and 

demand, necessitating accurate predictions to ensure grid stability and efficient energy planning. 

The ability to forecast solar and wind energy outputs with precision is thus critical for optimizing 

energy storage, managing grid operations, and minimizing the reliance on fossil fuel-based 

backup power. 

Time-Series Supervised Learning Models 

Time-series supervised learning models have emerged as powerful tools for forecasting 

renewable energy outputs. These models are designed to analyze and predict future values based 

on historical data, capturing temporal dependencies and trends within the data. Various time-

series models have been applied to energy forecasting, each with its unique strengths and 

limitations. 



 ARIMA (AutoRegressive Integrated Moving Average): ARIMA is a traditional 

statistical model widely used in time-series forecasting. It relies on the linear 

relationships between past observations and is effective for short-term predictions. 

However, ARIMA struggles with capturing non-linear patterns and complex temporal 

dependencies often found in renewable energy data. 

 LSTM (Long Short-Term Memory): LSTM is a type of recurrent neural network 

(RNN) specifically designed to address the vanishing gradient problem in traditional 

RNNs. LSTM models excel in capturing long-term dependencies and are particularly 

well-suited for time-series data with complex patterns. They have been extensively 

applied in solar and wind energy forecasting due to their ability to model temporal 

relationships effectively. 

 GRU (Gated Recurrent Unit): GRU is another variant of RNNs, similar to LSTM but 

with a simpler architecture. GRU models offer a balance between computational 

efficiency and predictive accuracy, making them a popular choice for time-series 

forecasting in various domains, including energy. 

 Prophet: Developed by Facebook, Prophet is an additive model specifically designed for 

time-series forecasting. It is robust to missing data and outliers and is known for its ease 

of use. Prophet has been applied to energy forecasting, particularly in scenarios where 

seasonality and holiday effects are prominent. 

Comparative studies across various domains, including finance, healthcare, and weather 

forecasting, have demonstrated the relative strengths of these models. In energy forecasting, 

LSTM and GRU have shown superior performance in capturing the non-linear and temporal 

dynamics of solar and wind energy outputs. However, the selection of the appropriate model 

often depends on the specific characteristics of the data and the forecasting horizon. 

Applications in Energy Forecasting 

Numerous case studies have explored the application of time-series supervised learning models 

in solar and wind energy predictions. For instance, LSTM models have been successfully 

deployed to predict short-term solar irradiance and wind speed, achieving high accuracy levels 

compared to traditional statistical methods. In a study focused on predicting wind energy output, 

GRU models outperformed ARIMA and other traditional models, demonstrating their 

effectiveness in handling non-linearities in the data. 

Despite these successes, challenges remain. For example, LSTM and GRU models often require 

large datasets for training and can be computationally intensive. Additionally, the black-box 

nature of these models can make them difficult to interpret, posing challenges for stakeholders 

who require transparency in the decision-making process. Prophet, while easier to interpret, may 

not capture complex patterns as effectively as LSTM or GRU, leading to trade-offs between 

model interpretability and accuracy. 

Challenges and Opportunities 

The application of time-series supervised learning models in solar and wind energy forecasting is 

not without challenges. Data quality remains a significant concern, as missing or noisy data can 



adversely affect model performance. The complexity of models like LSTM and GRU 

necessitates substantial computational resources, which can be a barrier for real-time forecasting 

applications. Furthermore, the variability of renewable energy sources introduces uncertainties 

that are difficult to capture, requiring continuous model updates and adaptation. 

However, advancements in machine learning and computational power offer promising 

opportunities to address these challenges. Techniques such as ensemble learning, transfer 

learning, and hybrid models are being explored to enhance the robustness and accuracy of energy 

forecasts. The integration of real-time data streams and edge computing also holds potential for 

improving the timeliness and responsiveness of predictions. As research continues to evolve, 

there is a growing opportunity to develop more sophisticated models that can better handle the 

complexities of solar and wind energy forecasting, ultimately contributing to the reliable and 

efficient integration of renewable energy into power grids. 

Methodology 

Research Design 

This study employs a comparative research design to systematically evaluate the performance of 

various time-series supervised learning models in predicting solar and wind energy outputs. The 

research involves the development, training, and evaluation of different models, including 

ARIMA, LSTM, GRU, Prophet, and others. By comparing these models, the study aims to 

identify the most suitable approaches for accurate energy forecasting. The research process is 

divided into distinct phases: data collection, model selection, model training and validation, and 

performance evaluation. 

Data Collection 

The study utilizes historical solar and wind energy data from multiple sources to ensure the 

robustness and generalizability of the findings. Data is collected from weather stations, satellite 

observations, and publicly available databases such as the National Renewable Energy 

Laboratory (NREL) and the European Centre for Medium-Range Weather Forecasts (ECMWF). 

These datasets include variables such as solar irradiance, wind speed, temperature, humidity, and 

other meteorological factors that influence energy outputs. 

Data preprocessing is a critical step in the research process. The collected data is subjected to 

normalization to ensure that all variables are on a comparable scale, which is essential for the 

performance of machine learning models. Missing data, a common issue in time-series datasets, 

is handled using interpolation techniques or imputation methods to maintain data integrity. 

Outliers are identified and addressed to prevent skewing model results. Additionally, the data is 

segmented into training, validation, and testing sets to facilitate the model development process. 

Model Selection 



The selection of time-series supervised learning models is guided by their relevance to energy 

forecasting and their demonstrated performance in previous research. The models chosen for 

comparison include: 

 ARIMA (AutoRegressive Integrated Moving Average): A traditional statistical model 

that serves as a baseline for comparison. 

 LSTM (Long Short-Term Memory): A recurrent neural network (RNN) architecture 

known for capturing long-term dependencies in time-series data. 

 GRU (Gated Recurrent Unit): A variant of LSTM with a simpler architecture, 

balancing computational efficiency and accuracy. 

 Prophet: An additive model designed for time-series forecasting, particularly suited for 

handling seasonality and outliers. 

 Hybrid Models (e.g., LSTM-CNN): Models that combine the strengths of LSTM with 

convolutional neural networks (CNN) to capture both temporal and spatial patterns. 

These models are selected based on their ability to handle non-linear patterns, temporal 

dependencies, and their previous success in related forecasting tasks. 

Model Training and Validation 

The training process involves feeding the preprocessed data into the selected models and 

optimizing their performance through hyperparameter tuning. Techniques such as grid search 

and random search are employed to identify the optimal hyperparameters, including learning 

rate, batch size, and the number of layers or neurons in the neural network models. 

Cross-validation is used to ensure that the models generalize well to unseen data. In particular, k-

fold cross-validation and rolling-window cross-validation (backtesting) are employed to assess 

model performance across different subsets of the data. This approach helps to minimize 

overfitting and ensures that the models are robust to variations in the data. 

Model validation is conducted using a holdout validation set, which is separate from the training 

data. The performance of the models is evaluated on this validation set before final testing. 

Evaluation Metrics 

To assess the performance of the time-series models, several evaluation metrics are employed: 

 Mean Absolute Error (MAE): Measures the average magnitude of errors between 

predicted and actual values, providing a straightforward interpretation of prediction 

accuracy. 

 Root Mean Square Error (RMSE): Emphasizes larger errors by squaring the 

differences between predicted and actual values, making it sensitive to outliers. 

 Mean Absolute Percentage Error (MAPE): Expresses the prediction error as a 

percentage, which is useful for understanding the relative accuracy of the models. 



In addition to these accuracy metrics, the study considers computational efficiency and 

scalability, particularly for models like LSTM and GRU, which are known for their 

computational demands. These factors are crucial for the practical application of the models in 

real-time energy forecasting scenarios. 

Implementation Framework 

The implementation of the models is carried out using a combination of programming languages 

and platforms that support machine learning and time-series analysis. Python is the primary 

language used, with libraries such as TensorFlow and Keras for building and training neural 

network models. ARIMA and Prophet models are implemented using the Statsmodels and 

Prophet libraries, respectively. 

The workflow for model comparison involves the following steps: 

1. Data Preprocessing: Cleaning, normalizing, and splitting the data into training, 

validation, and testing sets. 

2. Model Development: Building the models using the selected frameworks and libraries. 

3. Hyperparameter Tuning: Optimizing model parameters through grid search or other 

tuning techniques. 

4. Model Training: Training the models on the training dataset. 

5. Validation: Evaluating model performance on the validation set using cross-validation 

techniques. 

6. Performance Evaluation: Comparing models based on the chosen evaluation metrics. 

7. Analysis: Analyzing the strengths and limitations of each model to identify the most 

suitable approach for solar and wind energy forecasting. 

This systematic approach ensures a comprehensive evaluation of the models, providing valuable 

insights into their applicability for renewable energy prediction. 

Results and Discussion 

Model Performance 

In this section, the performance of each time-series supervised learning model is presented and 

analyzed based on the metrics outlined in the methodology: Mean Absolute Error (MAE), Root 

Mean Square Error (RMSE), and Mean Absolute Percentage Error (MAPE). The models 

evaluated include ARIMA, LSTM, GRU, Prophet, and a hybrid LSTM-CNN model. 

ARIMA demonstrated moderate accuracy, particularly in capturing short-term trends. However, 

its linear assumptions limited its ability to model the non-linear and complex temporal patterns 

present in the solar and wind energy datasets. LSTM and GRU models exhibited superior 

performance, particularly in scenarios with significant temporal dependencies, reflecting their 

capacity to learn and predict long-term patterns in the data. The Prophet model showed strength 

in handling seasonality and outliers, but it was outperformed by LSTM and GRU in terms of 

overall accuracy. The Hybrid LSTM-CNN model, which combines the temporal modeling 



capabilities of LSTM with the spatial feature extraction of CNN, achieved the highest accuracy 

across all metrics, especially in datasets with complex interactions between temporal and spatial 

factors. 

The computational efficiency of the models was also compared, with ARIMA and Prophet 

requiring significantly less computational resources than LSTM and GRU. However, the Hybrid 

LSTM-CNN model, despite its higher computational demands, offered a balanced trade-off 

between accuracy and processing time, making it suitable for real-world applications where both 

high accuracy and robustness are required. 

Analysis by Energy Type 

A separate analysis was conducted for solar and wind energy predictions to identify model-

specific advantages or disadvantages for each energy type. 

 Solar Energy Predictions: The LSTM model performed exceptionally well in predicting 

solar energy outputs, particularly in scenarios with strong temporal dependencies and 

clear patterns in the data. The hybrid LSTM-CNN model further enhanced prediction 

accuracy by capturing spatial variations in solar irradiance, which are often influenced by 

geographical factors. ARIMA and Prophet, while adequate for short-term predictions, 

struggled with the non-linear dynamics of solar energy data. 

 Wind Energy Predictions: GRU models showed robust performance in wind energy 

forecasting, likely due to their ability to handle the stochastic and non-linear nature of 

wind speed data. The hybrid LSTM-CNN model also excelled in wind energy 

predictions, particularly in regions with complex terrain where spatial features play a 

significant role. ARIMA's performance was less competitive, reflecting its limitations in 

capturing the erratic and rapidly changing patterns typical of wind energy data. 

Environmental and Regional Factors 

The impact of environmental conditions, such as seasonality and geographical location, on model 

performance was examined. Seasonality played a significant role in solar energy predictions, 

with LSTM and Prophet models effectively capturing seasonal trends. However, the Prophet 

model's performance declined in scenarios with high temporal variability, where LSTM and 

GRU models maintained more consistent accuracy. 

Geographical location also influenced model performance, particularly in wind energy 

predictions. Regions with complex terrain or coastal areas, where wind patterns are more 

variable, benefited from the spatial feature extraction capabilities of the hybrid LSTM-CNN 

model. Conversely, in regions with relatively stable wind patterns, simpler models like GRU 

provided adequate accuracy with lower computational costs. 

Strengths and Limitations 

The strengths and limitations of each model are identified based on the results: 



 ARIMA: Strengths include simplicity and computational efficiency, making it suitable 

for short-term predictions in scenarios with linear patterns. Its limitations are evident in 

its inability to model non-linear and complex temporal dependencies, which are common 

in renewable energy data. 

 LSTM: The LSTM model's strengths lie in its ability to capture long-term dependencies 

and model non-linear patterns, making it highly accurate for both solar and wind energy 

predictions. However, it requires significant computational resources and large datasets 

for training. 

 GRU: GRU models offer a balance between accuracy and computational efficiency, 

particularly excelling in wind energy forecasting. Their simpler architecture compared to 

LSTM makes them less resource-intensive, though they may still require considerable 

computational power for large-scale applications. 

 Prophet: The strengths of Prophet include its ease of use and effectiveness in handling 

seasonality and outliers, particularly in solar energy predictions. However, its 

performance is limited in scenarios with high temporal variability and complex non-

linear patterns. 

 Hybrid LSTM-CNN: This model combines the strengths of LSTM and CNN, offering 

superior accuracy in scenarios where both temporal and spatial patterns are significant. 

Its limitations include high computational demands and the need for extensive training 

data, but these are offset by its robustness and applicability to real-world energy 

forecasting scenarios. 

Discussion on Applicability to Real-World Scenarios 

The results suggest that while traditional models like ARIMA and Prophet offer simplicity and 

ease of use, they are less suited for the complexities of solar and wind energy forecasting. In 

contrast, advanced models like LSTM, GRU, and hybrid LSTM-CNN provide higher accuracy 

and robustness, making them more applicable to real-world scenarios where precision is critical. 

However, the choice of model should consider the specific requirements of the application, 

including the availability of computational resources, the complexity of the data, and the need for 

interpretability. 

In practice, a hybrid approach that combines the strengths of multiple models may offer the best 

performance, allowing for accurate and reliable energy forecasts that can adapt to varying 

environmental conditions and regional factors. This approach could significantly enhance the 

integration of renewable energy sources into power grids, contributing to more sustainable and 

efficient energy systems. 

Conclusion 

Summary of Findings 

This research has conducted a comprehensive comparative analysis of time-series supervised 

learning models for predicting solar and wind energy outputs. The study evaluated the 

performance of models including ARIMA, LSTM, GRU, Prophet, and a hybrid LSTM-CNN 

model. The key findings reveal that while traditional models like ARIMA and Prophet provide a 



solid foundation for short-term predictions, advanced models such as LSTM, GRU, and hybrid 

LSTM-CNN significantly outperform them in accuracy, particularly in scenarios involving non-

linear patterns and long-term dependencies. 

The hybrid LSTM-CNN model emerged as the most robust and accurate across both solar and 

wind energy datasets, effectively capturing complex temporal and spatial patterns. LSTM and 

GRU models also showed strong performance, with LSTM excelling in solar energy forecasting 

due to its ability to model long-term dependencies, and GRU proving effective in wind energy 

forecasting due to its simpler and more computationally efficient architecture. 

Implications for Energy Forecasting 

The findings of this research have significant implications for the renewable energy industry and 

grid management. Accurate forecasting of solar and wind energy outputs is critical for 

maintaining grid stability, optimizing energy production, and reducing reliance on non-

renewable energy sources. The advanced time-series models evaluated in this study provide 

valuable tools for energy planners and grid operators, enabling more precise predictions that can 

help to integrate renewable energy sources more effectively into the energy mix. 

For energy forecasting, the choice of model should be guided by the specific characteristics of 

the energy source and the forecasting requirements. For instance, in regions where solar energy 

is dominant, models like LSTM or the hybrid LSTM-CNN may be preferable due to their ability 

to capture seasonal trends and long-term dependencies. For wind energy forecasting, particularly 

in regions with complex wind patterns, GRU or hybrid models may offer the best balance of 

accuracy and computational efficiency. 

Contributions to the Field 

This research contributes to the growing body of knowledge on time-series forecasting in the 

renewable energy sector. By providing a detailed comparative analysis of different time-series 

models, the study offers insights into the strengths and limitations of each model, helping 

researchers and practitioners to make informed decisions when selecting models for specific 

forecasting tasks. The research also highlights the potential of hybrid models that combine the 

strengths of different approaches, paving the way for more accurate and robust energy 

forecasting methods. 

Future Research Directions 

While this study provides a solid foundation, there are several avenues for future research that 

could further enhance the accuracy and applicability of time-series models in energy forecasting. 

Future research could explore the development of new hybrid models that integrate different 

machine learning techniques, such as combining LSTM with nature-based algorithms like 

genetic algorithms or particle swarm optimization. 

Additionally, the integration of external factors, such as economic indicators or policy changes, 

into forecasting models could provide a more holistic approach to energy predictions. Exploring 



the use of edge computing for real-time energy forecasting in decentralized grid systems could 

also be a promising direction, allowing for faster and more localized predictions. 

By continuing to innovate and refine these models, researchers can contribute to the ongoing 

transition to a more sustainable and efficient energy future, where renewable sources play a 

central role in meeting global energy demands. 
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