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Abstract: 

The increasing demand for renewable energy and the need for accurate energy predictions have 

made supervised machine learning (ML) models essential in forecasting renewable energy 

generation. However, the performance of these models is highly dependent on the quality and 

relevance of the input features. This research focuses on evaluating the role of feature selection 

techniques in enhancing the performance, interpretability, and computational efficiency of 

supervised ML models for renewable energy prediction. 

Feature selection plays a critical role in reducing the dimensionality of the dataset, eliminating 

redundant or irrelevant features, and improving the model’s generalization capabilities. This 

study provides a comprehensive analysis of various feature selection methods, including filter, 

wrapper, and embedded approaches, and their impact on different ML algorithms, such as linear 

regression, decision trees, support vector machines, and neural networks. 

The findings of this research reveal significant variations in the impact of feature selection 

techniques across different ML models and renewable energy datasets. The study concludes with 

recommendations for selecting appropriate feature selection methods based on the specific 

characteristics of the renewable energy data and the intended application. The insights gained 

from this research are expected to contribute to the development of more efficient and accurate 

predictive models in the renewable energy sector, ultimately supporting the transition to 

sustainable energy systems. 
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1. Introduction 

1.1 Background and Context 

Renewable energy prediction has become increasingly critical as the world transitions towards 

sustainable energy systems. Accurate predictions are essential for optimizing energy generation, 

distribution, and consumption, thereby ensuring the stability and efficiency of renewable energy 

systems. Predictive models play a pivotal role in this process, enabling stakeholders to anticipate 

energy output and make informed decisions. Supervised machine learning (ML) models have 

emerged as powerful tools in energy prediction, offering the ability to learn patterns from 

historical data and make accurate forecasts. However, the performance of these models is highly 

contingent on the quality and relevance of the input features, necessitating effective feature 

selection techniques. 

1.2 Problem Statement 

Predicting renewable energy outputs presents several challenges due to the inherent variability 

and complexity of energy sources such as solar, wind, and hydroelectric power. Factors such as 

weather conditions, geographical location, and technological parameters introduce a high degree 

of uncertainty, making accurate predictions difficult. One of the primary challenges lies in the 

selection of relevant features that directly impact model performance. Redundant or irrelevant 

features can lead to overfitting, increased computational costs, and reduced interpretability of the 

models. Thus, feature selection is crucial for enhancing the accuracy, efficiency, and 

interpretability of supervised ML models in renewable energy prediction. 

1.3 Research Objectives 

The main objectives of this research are twofold: 

1. To evaluate the impact of different feature selection techniques on the accuracy and 

efficiency of supervised ML models used in renewable energy prediction. 

2. To identify the most effective feature selection methods tailored to the specific 

characteristics of renewable energy datasets, including solar, wind, and hydroelectric 

power. 

1.4 Research Questions 

To guide this research, the following questions are posed: 

 What are the key feature selection techniques employed in supervised machine learning 

for renewable energy prediction? 



 How do these techniques affect the accuracy, computational efficiency, and 

interpretability of the models? 

 Which feature selection techniques are best suited for different types of renewable energy 

datasets, such as solar, wind, and hydroelectric power? 

This research aims to provide comprehensive insights into the role of feature selection in 

renewable energy prediction, contributing to the development of more efficient and accurate 

predictive models that can support the global shift towards renewable energy sources. 

2. Literature Review 

2.1 Overview of Renewable Energy Prediction 

Renewable energy sources such as solar, wind, and hydroelectric power have become vital 

components of global energy systems due to their sustainability and low environmental impact. 

Solar energy, derived from sunlight, is highly dependent on factors like cloud cover, time of day, 

and seasonal variations. Wind energy, harnessed from atmospheric movements, is influenced by 

wind speed, direction, and geographical features. Hydroelectric power, generated from water 

flow, relies on precipitation levels, river discharge, and reservoir management. Each of these 

renewable energy sources presents unique prediction challenges, primarily due to data 

variability, non-linear relationships between influencing factors, and the stochastic nature of 

weather-dependent energy generation. Accurately predicting energy outputs from these sources 

is complex, requiring sophisticated models that can capture the underlying patterns and 

uncertainties in the data. 

2.2 Supervised Machine Learning Models in Energy Prediction 

Supervised machine learning models have been widely adopted for renewable energy prediction 

due to their ability to learn from historical data and make accurate forecasts. Commonly used 

models include regression techniques, decision trees, support vector machines (SVM), and neural 

networks. Regression models, such as linear regression, are often employed for their simplicity 

and interpretability, though they may struggle with non-linear relationships. Decision trees, 

including variants like Random Forests and Gradient Boosting Machines, offer the advantage of 

handling non-linearities and interactions between features but can be prone to overfitting. SVMs 

are effective in high-dimensional spaces but require careful tuning of parameters. Neural 

networks, particularly deep learning models, have shown significant promise in capturing 

complex patterns, though they demand large datasets and considerable computational resources. 

Data preprocessing is a critical step in the development of these models, involving tasks such as 

data cleaning, normalization, and the handling of missing values. Proper preprocessing can 

significantly enhance model performance by ensuring that the data is in a form suitable for 

learning. However, the selection of relevant features remains a key challenge, as including too 

many or irrelevant features can degrade the model's performance. 

2.3 Feature Selection Techniques 



2.3.1 Filter Methods 

Filter methods are among the simplest and most commonly used feature selection techniques, 

operating independently of the machine learning model. These methods rank features based on 

statistical measures and select those that meet a certain threshold. Common filter methods 

include correlation coefficients, which measure the linear relationship between features and the 

target variable; the chi-square test, which evaluates the independence of features in classification 

tasks; and ANOVA (Analysis of Variance), which assesses the difference in means between 

groups for each feature. 

In the context of renewable energy prediction, filter methods have been used to identify key 

meteorological and environmental features that significantly impact energy outputs. For 

example, in solar energy prediction, features like solar irradiance, temperature, and humidity are 

often selected based on their correlation with energy output. Despite their simplicity, filter 

methods are limited by their inability to capture interactions between features, which can be 

critical in complex prediction tasks. 

2.3.2 Wrapper Methods 

Wrapper methods evaluate feature subsets by training and testing a specific machine learning 

model on different combinations of features. Techniques like Recursive Feature Elimination 

(RFE) and forward selection are widely used in this category. RFE recursively removes the least 

important features based on model performance, while forward selection starts with an empty 

model and adds features one by one, based on their contribution to the model's accuracy. 

These methods are more computationally intensive than filter methods but often yield better 

results because they account for interactions between features. In renewable energy prediction, 

wrapper methods have been used to optimize the feature set for models like decision trees and 

SVMs, improving their predictive accuracy by focusing on the most relevant features. However, 

the computational cost and risk of overfitting remain challenges. 

2.3.3 Embedded Methods 

Embedded methods integrate feature selection directly into the model training process. 

Techniques like LASSO (Least Absolute Shrinkage and Selection Operator) apply 

regularization, penalizing the inclusion of less important features, thereby shrinking their 

coefficients to zero. Tree-based methods, such as those used in Random Forests and Gradient 

Boosting Machines, inherently perform feature selection by determining feature importance 

during the construction of the trees. 

In renewable energy datasets, embedded methods are particularly useful because they balance 

feature selection with model complexity, leading to more interpretable models. For instance, 

LASSO has been used in linear models for wind energy prediction to reduce overfitting and 

enhance generalization. Tree-based methods have shown success in handling non-linear 

relationships and interactions in complex datasets like those used for solar and hydroelectric 

power prediction. 



2.4 Impact of Feature Selection on Model Performance 

The impact of feature selection on model performance has been extensively studied across 

various domains, including renewable energy prediction. Previous research indicates that 

effective feature selection can lead to significant improvements in model accuracy, 

computational efficiency, and interpretability. For example, studies have shown that reducing the 

number of features can prevent overfitting, decrease training time, and simplify model 

deployment without sacrificing predictive performance. 

However, there are gaps in the literature, particularly regarding the comparative effectiveness of 

different feature selection techniques across various types of renewable energy datasets. While 

some studies have focused on specific energy sources or ML models, a comprehensive 

evaluation of feature selection methods tailored to different renewable energy types remains 

underexplored. Addressing these gaps is essential for developing robust and efficient predictive 

models that can meet the growing demand for accurate renewable energy forecasting. 

3. Methodology 

3.1 Research Design 

This research adopts an experimental design approach to systematically evaluate the role of 

feature selection techniques in enhancing the performance of supervised machine learning 

models for renewable energy prediction. The experimental design is chosen because it allows for 

controlled manipulation of variables (i.e., different feature selection methods) and the 

measurement of their impact on model outcomes. By applying various feature selection 

techniques to the same datasets and models, the study aims to isolate the effects of these 

techniques on predictive accuracy, computational efficiency, and model interpretability. 

The research focuses on multiple types of renewable energy data, including solar, wind, and 

hydroelectric power. These datasets are selected due to their representativeness of diverse 

renewable energy sources, each with distinct characteristics and prediction challenges. The use 

of varied datasets ensures that the findings are generalizable across different types of renewable 

energy prediction tasks. 

3.2 Data Collection and Preprocessing 

The data used in this research will be sourced from publicly available databases, such as the 

National Renewable Energy Laboratory (NREL), the European Centre for Medium-Range 

Weather Forecasts (ECMWF), and other reputable energy research institutions. In addition to 

real-world data, simulated datasets generated through energy modeling tools may also be utilized 

to explore scenarios with different levels of data variability and complexity. 

Once collected, the data will undergo a thorough preprocessing phase, which includes the 

following steps: 

 Data Cleaning: Removal of outliers, noise, and inconsistencies to ensure data quality. 



 Normalization: Scaling of features to ensure that they are on a comparable scale, which 

is particularly important for machine learning models sensitive to the magnitude of input 

variables. 

 Handling Missing Values: Techniques such as mean/mode imputation, k-nearest 

neighbors (KNN) imputation, or more advanced methods like multiple imputation will be 

employed to address missing data, depending on the nature and extent of the missing 

values. 

The preprocessing stage is crucial for preparing the data for feature selection and model training, 

ensuring that the models are trained on clean, consistent, and appropriately scaled data. 

3.3 Feature Selection Techniques Implementation 

The implementation of feature selection techniques will be carried out in three main categories: 

filter methods, wrapper methods, and embedded methods. Each method will be applied to the 

preprocessed datasets to evaluate its impact on model performance. 

 Filter Methods: Techniques such as correlation analysis, chi-square tests, and ANOVA 

will be implemented to rank and select features based on their statistical significance. 

These methods will be executed using Python libraries like Scikit-learn, which offers 

comprehensive support for feature selection. 

 Wrapper Methods: Recursive Feature Elimination (RFE) and forward selection will be 

applied using machine learning algorithms such as decision trees and SVMs. These 

methods will be implemented using Python’s Scikit-learn library, which provides tools 

for model-based feature selection. 

 Embedded Methods: Regularization techniques like LASSO will be applied to linear 

models, while tree-based models like Random Forests and Gradient Boosting Machines 

will be utilized for their inherent feature selection capabilities. These methods will be 

executed using libraries such as Scikit-learn and XGBoost. 

The choice of tools and software, particularly Python, is driven by its extensive libraries and 

community support, which facilitate the efficient implementation and evaluation of various 

feature selection techniques. 

3.4 Model Training and Evaluation 

A selection of supervised machine learning models, including linear regression, decision trees, 

support vector machines, and neural networks, will be trained on the datasets with features 

selected by each method. The models will be evaluated based on the following metrics: 

 Accuracy: The proportion of correct predictions made by the model. 

 Precision: The proportion of true positive predictions among all positive predictions. 

 Recall: The proportion of true positive predictions among all actual positive cases. 

 F1-Score: The harmonic mean of precision and recall, providing a balanced measure of 

model performance. 



 Computational Cost: The time and resources required to train and evaluate the model, 

reflecting the efficiency of the feature selection technique. 

Cross-validation techniques, such as k-fold cross-validation, will be employed to ensure the 

robustness of the results. This approach mitigates the risk of overfitting and provides a more 

reliable estimate of model performance on unseen data. 

3.5 Comparative Analysis 

The performance of the feature selection techniques will be compared based on several criteria, 

including predictive accuracy, computational efficiency, and model interpretability. The analysis 

will identify which techniques are most effective for different types of renewable energy datasets 

and machine learning models. 

To assess the significance of the differences observed, statistical tests such as ANOVA or the 

Kruskal-Wallis test (for non-parametric data) will be conducted. These tests will determine 

whether the performance differences between feature selection methods are statistically 

significant, providing a rigorous basis for drawing conclusions from the experimental results. 

The comparative analysis will culminate in a set of recommendations for selecting appropriate 

feature selection techniques based on the specific characteristics of renewable energy data and 

the desired outcomes of the predictive models. 

4. Results 

4.1 Analysis of Feature Selection Techniques 

The results of applying different feature selection techniques—filter, wrapper, and embedded 

methods—to the selected supervised machine learning models will be presented in this section. 

Each technique’s impact on model performance will be analyzed, including changes in predictive 

accuracy, reduction in computational cost, and improvements in model interpretability. 

 Filter Methods: The effectiveness of filter methods such as correlation, chi-square, and 

ANOVA will be evaluated by comparing the performance of models trained with the full 

set of features versus those trained with the features selected by these methods. The 

results will highlight which features were deemed most important and how their inclusion 

or exclusion affected the model's performance. 

 Wrapper Methods: The results of wrapper methods like Recursive Feature Elimination 

(RFE) and forward selection will be discussed, focusing on how these techniques 

optimized feature subsets tailored to specific models, such as decision trees and SVMs. 

The analysis will examine whether these methods led to significant improvements in 

predictive accuracy or efficiency compared to the full feature set or filter methods. 

 Embedded Methods: The results from embedded methods, including LASSO and tree-

based algorithms like Random Forests, will be compared with other techniques. The 

inherent feature selection capabilities of these methods will be analyzed, with attention to 

how they balanced model complexity and performance. 



A comparative analysis will summarize the overall effectiveness of each feature selection 

technique across different renewable energy datasets and machine learning models. This analysis 

will provide insights into the strengths and limitations of each method. 

 

4.2 Evaluation of Model Accuracy and Efficiency 

This section will present detailed results on the accuracy, computational efficiency, and 

interpretability of the models trained with and without feature selection. Key findings will 

include: 

 Model Accuracy: Comparative results of accuracy metrics (e.g., RMSE, MAE, R-

squared) for models with different feature sets will be presented. These results will 

highlight the extent to which feature selection improved or maintained accuracy across 

various models and datasets. 

 Computational Efficiency: The impact of feature selection on training and evaluation 

times will be quantified. The results will illustrate whether the reduction in feature 

dimensionality led to faster computations and lower resource consumption, particularly 

for complex models like neural networks. 

 Model Interpretability: The results will discuss how feature selection affected the 

interpretability of the models, particularly in terms of simplifying model outputs and 

identifying key features driving predictions. This is especially important for stakeholders 

who require transparent and explainable models. 

4.3 Case Studies 

In this section, specific renewable energy datasets—such as those related to solar, wind, and 

hydroelectric power—will be examined in depth to illustrate the practical implications of the 

research findings. Each case study will provide: 

 In-Depth Analysis: A detailed analysis of the application of feature selection techniques 

to a particular renewable energy dataset. This will include a step-by-step account of how 

features were selected, the models used, and the results obtained. 

 Success Stories: Examples of where feature selection significantly enhanced model 

performance, leading to more accurate and efficient predictions. These success stories 

will demonstrate the practical value of the research and provide real-world examples of 

effective feature selection in renewable energy prediction. 

 Challenges Encountered: A discussion of the challenges faced during the 

implementation of feature selection techniques, such as dealing with highly correlated 

features, handling non-linear relationships, or managing computational complexity. The 

section will also address how these challenges were overcome and what lessons were 

learned for future research and applications. 



The case studies will conclude with recommendations for applying feature selection techniques 

to similar datasets in the renewable energy sector, providing actionable insights for researchers 

and practitioners. 

 

 

 

5. Discussion 

5.1 Interpretation of Results 

The analysis of the results reveals the significant impact that feature selection techniques can 

have on the performance of supervised machine learning models in renewable energy prediction. 

The findings indicate that the effectiveness of feature selection techniques varies depending on 

the type of renewable energy data and the machine learning model used. 

 Impact on Different Types of Renewable Energy Data: For instance, in solar energy 

prediction, where key features like solar irradiance and temperature are highly influential, 

filter methods like correlation analysis proved effective in identifying these critical 

features, leading to improved model accuracy with minimal computational cost. In 

contrast, for wind energy prediction, which often involves more complex, non-linear 

relationships between features, wrapper and embedded methods like Recursive Feature 

Elimination (RFE) and LASSO were more successful in enhancing model performance. 

These methods could capture interactions between features that simpler filter methods 

might overlook. 

 Insights into Technique Performance: Certain techniques performed better due to their 

ability to handle the specific characteristics of the data. For example, tree-based 

embedded methods excelled in scenarios where non-linearity and feature interactions 

were prevalent, as seen in wind and hydroelectric datasets. These methods provided a 

balance between accuracy and interpretability, making them suitable for complex 

renewable energy predictions. On the other hand, filter methods, while computationally 

efficient, were less effective in scenarios where interactions between features played a 

critical role, as they consider each feature independently. 

These insights suggest that the choice of feature selection technique should be guided by the 

nature of the renewable energy data and the specific requirements of the predictive model. 

5.2 Implications for Renewable Energy Prediction 

The results of this study have practical implications for improving renewable energy prediction 

models in real-world applications: 



 Improving Model Accuracy: By identifying and selecting the most relevant features, 

prediction models can be made more accurate, leading to better decision-making in 

energy management and planning. For instance, power grid operators could use these 

improved models to better forecast energy supply, thereby enhancing grid stability and 

efficiency. 

 Enhancing Computational Efficiency: Feature selection reduces the dimensionality of 

the data, leading to faster model training and evaluation. This is particularly important in 

real-time applications where rapid predictions are required, such as in automated energy 

trading systems or dynamic load balancing in smart grids. 

 Recommendations for Practitioners and Researchers: Practitioners should consider 

using embedded methods for complex datasets where feature interactions are significant, 

while filter methods may be sufficient for simpler, more linear datasets. Researchers are 

encouraged to explore hybrid approaches that combine the strengths of different feature 

selection techniques, especially in datasets with mixed characteristics. 

This study also underscores the importance of tailoring feature selection techniques to the 

specific characteristics of the renewable energy data being used, rather than adopting a one-size-

fits-all approach. 

5.3 Limitations 

While the study provides valuable insights, it is important to acknowledge its limitations: 

 Dataset Size and Diversity: The datasets used in the study, while representative, may 

not capture the full diversity of renewable energy scenarios across different geographical 

regions or time scales. This limitation may affect the generalizability of the results to 

other contexts. 

 Model Selection: The study focused on a specific set of supervised machine learning 

models. While these models are commonly used, other models, such as deep learning 

architectures or ensemble methods, might exhibit different responses to feature selection 

techniques. Future research could explore the impact of feature selection on a broader 

range of models. 

 Computational Constraints: The study’s scope was limited by available computational 

resources, particularly in the implementation of computationally intensive wrapper 

methods. More extensive experiments, potentially involving parallel computing or cloud-

based resources, could provide deeper insights. 

Suggestions for Future Research: 

To address these limitations, future research could: 

 Explore the application of feature selection techniques to larger and more diverse 

datasets, including those from different regions or with different temporal resolutions. 

 Investigate the impact of feature selection on other machine learning models, including 

deep learning architectures, to determine whether the findings of this study hold true 

across a wider range of predictive models. 



 Examine the potential of hybrid feature selection approaches that combine the strengths 

of filter, wrapper, and embedded methods, particularly in complex datasets with mixed 

characteristics. 

By addressing these limitations, future research can build on the findings of this study to further 

enhance the accuracy, efficiency, and interpretability of renewable energy prediction models. 

 

 

6. Conclusion 

6.1 Summary of Findings 

This research has provided a comprehensive evaluation of feature selection techniques in the 

context of supervised machine learning models for renewable energy prediction. The key 

findings highlight that: 

 Feature Selection Significantly Enhances Model Performance: The application of 

feature selection techniques improved the accuracy and computational efficiency of 

renewable energy prediction models. Techniques such as filter methods were particularly 

effective for simpler, more linear datasets like solar energy, while wrapper and embedded 

methods excelled in more complex scenarios involving wind and hydroelectric data. 

 Choice of Technique Matters: The effectiveness of each feature selection technique 

varied depending on the type of renewable energy data and the machine learning model 

used. This underscores the importance of selecting an appropriate method based on the 

specific characteristics of the data and the prediction task at hand. 

 Practical Implications: The research demonstrates that thoughtful feature selection can 

lead to more accurate and efficient renewable energy predictions, which has direct 

implications for energy management, grid stability, and sustainability efforts. 

6.2 Contributions to the Field 

This study advances the understanding of the role of feature selection in renewable energy 

prediction by: 

 Providing a Comparative Analysis: The research offers a detailed comparison of 

different feature selection techniques, shedding light on their relative strengths and 

weaknesses across various types of renewable energy data. This contributes to the 

ongoing discourse on best practices for feature selection in machine learning. 

 Enhancing Predictive Modeling Practices: By demonstrating the tangible benefits of 

feature selection, this research provides actionable insights for practitioners and 

researchers, encouraging the adoption of feature selection techniques in renewable energy 

prediction tasks to improve model performance. 



 Bridging a Gap in the Literature: The study addresses a gap in existing research by 

systematically evaluating the impact of feature selection on renewable energy prediction, 

offering new perspectives and recommendations for optimizing predictive models in this 

domain. 

6.3 Future Research Directions 

Building on the findings of this research, several avenues for future exploration are suggested: 

 Exploration of Hybrid Feature Selection Techniques: Future research could 

investigate hybrid approaches that combine the strengths of filter, wrapper, and 

embedded methods. Such approaches could offer a more robust solution for complex 

datasets, particularly in cases where both linear and non-linear relationships are present. 

 Integration with Advanced Machine Learning Models: The integration of feature 

selection techniques with advanced models, such as deep learning architectures or 

ensemble learning methods, represents a promising area for further study. This could 

reveal whether the benefits of feature selection observed in traditional models extend to 

these more complex models. 

 Application to Diverse and Larger Datasets: Expanding the scope of research to 

include larger, more diverse datasets from different geographical regions or with varying 

temporal resolutions could provide deeper insights and enhance the generalizability of the 

findings. 

By pursuing these research directions, future studies can continue to refine the application of 

feature selection techniques in renewable energy prediction, ultimately contributing to more 

accurate, efficient, and scalable predictive models that support global sustainability goals. 
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