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 Renewable energy systems play pivotal role in addressing the global 

challenge of sustainable energy production. Efficiently harnessing energy 

from renewable sources requires accurate prediction models to optimize 

system production. This paper delves into the realm of predictive modeling, 

focusing on the utilization of machine learning techniques to forecast system 

production in renewable energy systems. The investigation incorporates a 

range of factors such as wind speed, sunshine, air pressure, radiation, air 

temperature, and relative air humidity, alongside temporal data ('Date-Hour 

(NMT)'). These factors undergo rigorous curation and preprocessing to 

ensure the reliability and quality of the predictive model. Various machine 

learning algorithms, including linear regression, decision tree, random forest, 

and support vector machine (SVM), are employed to examine the 

relationships between these factors and system production. The findings are 

assessed using metrics such as mean squared error, mean absolute error, and 

R-squared. Through comparative analysis, the study illuminates the strengths 

and limitations of each algorithm, providing valuable insights into their 

suitability for renewable energy forecasting. This paper adds to renewable 

energy research by examining how machine learning predicts system 

production. The insights are valuable for researchers, practitioners, and 

policymakers in sustainable energy development. 
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1. INTRODUCTION 

The global pursuit of sustainable energy sources in response to climate change and the depletion of 

conventional fossil fuels has intensified. Renewable energy systems, particularly those harnessing wind and 

solar power, offer a promising solution. Accurate forecasting of energy production in these systems is crucial, 

influenced by meteorological and environmental factors [1], [2]. This study delves into the application of 

machine learning techniques to predict system production in renewable energy systems, focusing on features 

such as wind speed, air pressure, sunshine, air temperature, radiation, and relative air humidity [3]-[5]. 

Recent years have seen a significant integration of machine learning in renewable energy research, 

driven by the potential to enhance the accuracy of energy production predictions. The research aims to 

contribute to this field by examining the predictive capabilities of machine learning algorithms. With a 
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specific emphasis on optimizing the efficiency and reliability of renewable energy systems, the study 

addresses the broader transition towards sustainable energy practices [6]-[9]. 

This work emphasizes the critical importance of accurate system production predictions for effective 

energy planning and management. Governments, energy utilities, and private stakeholders heavily rely on 

precise forecasts for optimizing energy distribution and making informed decisions about energy  

investments [10]. The study's outcomes have the potential to impact both operational efficiency and 

economic viability of renewable energy projects, contributing to sustainable and resilient energy 

infrastructure [11]-[13]. 

Moreover, the paper delineates its specific research objectives, which encompass conducting a 

comparative analysis of various machine learning algorithms for predicting system production. Through the 

evaluation of the performance of models such as linear regression, decision tree, random forest, and support 

vector machine (SVM), the study seeks to offer insights into the most efficient methodologies for achieving 

accurate and dependable predictions. This exploration enhances the comprehensiveness of the research, 

offering a nuanced understanding of algorithmic strengths and weaknesses in the context of renewable energy 

forecasting [14]-[16]. Figure 1 shows the air pressure vs time. Figure 2 shows the sunshine vs time. Figure 3 

shows the radiation vs time. Figure 4 shows the wind speed vs time. Figure 5 shows the correlation matrix of 

various factors. In summary, the introduction and literature review chapters set the stage for exploring 

machine learning applications in predicting system production in renewable energy systems. The research 

addresses a critical gap in knowledge and contributes to the broader discourse on sustainable energy by 

offering novel insights into the effectiveness of various algorithms in optimizing energy forecasting [17], 

[18]. Figure 6 shows the application of machine learning in renewable energy prediction. 

 

 

 
 

Figure 1. Air pressure vs time 

 

 

 
 

Figure 2. Sunshine vs time 
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Figure 3. Radiation vs time 

 

 

 
 

Figure 4. Wind speed vs time 

 

 

 
 

Figure 5. Correlation matrix of various factors 
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Figure 6. Application of machine learning in renewable energy prediction 

 

 

2. METHODOLOGY 

2.1. Data collection 

The study utilizes a dataset comprising hourly observations of key environmental and 

meteorological factors along with corresponding system production data. The 'Date-Hour (NMT)' column, 

serving as the timestamp, is converted to data time format for temporal analysis. The chosen features for 

predicting system production comprise wind speed, sunshine, air pressure, radiation, air temperature, and 

relative air humidity [19], [20]. 

 

2.2. Data preprocessing 

Before commencing model training, a sequence of preprocessing procedures is executed to uphold 

the quality and appropriateness of the dataset. These procedures incorporate, they are: i) Data cleaning: 

handling missing values, outliers, and any inconsistencies in the dataset; ii) Feature scaling: standardizing or 

normalizing numerical features to bring them to a similar scale; iii) Categorical encoding: if applicable, 

encoding categorical variables into numerical format for model compatibility [21], [22]; and iv) Train-test 

split: dividing the dataset into training and testing sets to assess model generalization. 

 

2.3. Model selection 

Four distinct machine learning algorithms are chosen for this study. They are: i) Linear regression: a 

straightforward and easily interpretable model that assumes a linear relationship between input features and 

system production; ii) Decision tree: a non-linear model that recursively splits the data based on feature 

thresholds to make predictions; iii) Random forest: an ensemble model that aggregates predictions from 

multiple decision trees, providing improved accuracy and robustness; and iv) Support vector machine 

(SVM): a model aiming to find a hyperplane that best separates the input space into regions corresponding to 

different output classes. 

 

2.4. Model training 

For each selected algorithm, the dataset is used to train the model. During the training phase, the 

model learns the relationships between the input features and the target variable (system production). The 

training process involves optimizing model parameters to minimize the difference between predicted and 

actual values. 

 

2.5. Model testing and evaluation 

The trained models undergo evaluation using a distinct testing dataset that hasn't been utilized 

during the training phase. Performance metrics such as mean squared error (MSE), mean absolute error 
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(MAE), and R-squared are calculated to gauge the accuracy and predictive capability of each model. These 

metrics offer valuable insights into the models' ability to generalize to new, unseen data [23]. 

 

2.5.1. Mean squared error 

Mean squared error (MSE) stands as a commonly used metric in regression analysis, quantifying the 

average of the squared disparities between predicted and actual values. By accentuating larger errors, MSE 

offers a comprehensive evaluation of prediction accuracy. The formula for MSE entails the summation of 

squared errors divided by the number of observations, as in (1). 

 

MSE =
1

n
∑ (yi −  yîk

i=1 )2 (1) 

 

2.5.2. R-squared error 

R-squared (R²), known as the coefficient of determination, quantifies the proportion of variance in 

the dependent variable elucidated by independent variables in a regression model. Serving as an indicator of 

model fit, it gauges how effectively the model aligns with the dataset. The R² is calculated as the ratio of the 

explained variance to the total variance, as in (2). 

 

R2 = 1 −
∑ (yi− yîk

i=1 )2

∑ (yi− y̅i k
i=1 )2

 (2) 

 

Where: n is the number of data points; yi the actual value of the target variable for the ith observation; yî is the 

predicted value of the target variable for the ith observation. The following measures assess the effectiveness 

of regression models, the following metrics were utilized for performance evaluation. 

 

2.6. Hyper parameter tuning and visualization 

To optimize the performance of each model, hyper parameter tuning may be conducted. This 

involves systematically adjusting the model's hyper parameters to find the configuration that results in the 

best predictive performance [24], [25]. The results are visualized through scatter plots, illustrating the 

relationship between actual and predicted system production for each model. This visual representation aids 

in the interpretation of model accuracy and potential areas of improvement. 

 
 

3. RESULTS AND DISCUSSION 

3.1. Model performance metrics 

The predictive models underwent evaluation utilizing three crucial performance metrics: mean 

squared error (MSE), mean absolute error (MAE), and R-squared. These metrics offer insights into the 

accuracy and goodness of fit for each algorithm. Figure 7 illustrates the comparison between actual and 

predicted energy across different models. 

 

 

 
 

Figure 7. Actual versus predicted energy comparison for different models 
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The linear regression model yielded an MSE of 7.67e+05, an MAE of 461.70, and an R-squared of 

0.61. These metrics indicate a moderate level of predictive accuracy, with the R-squared value suggesting 

that approximately 61.2% of the variance in the system production can be explained by the selected features. 

The decision tree model resulted in an MSE of 9.53e+05, an MAE of 409.32, and an R-squared of 0.52. 

While the decision tree performed reasonably well, it exhibited slightly lower predictive accuracy compared 

to linear regression, suggesting a need for more complex models. Figures 8(a)-8(c) shows the comparison of 

different Models. Table 1 shows the performance metrics comparison. 

The random forest model demonstrated improved performance with an MSE of 5.54e+05, an MAE 

of 333.77, and an R-squared of 0.72. These metrics suggest that the ensemble nature of random forest 

effectively mitigated overfitting and enhanced predictive accuracy, making it a promising algorithm for 

system production prediction. The SVM model, despite being a powerful algorithm, displayed the lowest 

predictive accuracy among the models. It resulted in an MSE of 1.96e+06, an MAE of 582.10, and an R-

squared of 0.01. The low R-squared value indicates poor fit to the data, suggesting that the linear SVM might 

not be well-suited for the complex patterns present in the dataset. 

 

 

  
(a) (b) 

 
(c) 

 

Figure 8. Comparison of different models: (a) comparison of mean squarred error, (b) mean absolute error, 

and (c) comparison of R-squared 
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Table 1. Performance metrics comparison 
S. No Model Mean squared error Mean absolute error R-squared 

1 Linear regression 7.6711*10^5 461.702 0.612264 
2 Decision tree 9.63*10^5 412.920 0.513248 

3 Random forest 5.373*10^5 328.109 0.728375 

4 SVM 1.96*10^6 582.0973 0.008838 

 

 

3.2. Scatter plot analysis 

To visually assess the performance of each algorithm, scatter plots were generated comparing the 

actual system production values against the predicted values. The scatter plot for linear regression illustrates 

a moderate linear relationship between the actual and predicted system production values. However, some 

deviations from the ideal line suggest areas where the model may not capture more complex patterns in the 

data. The decision tree scatter plot shows a noticeable scatter, reflecting the model's tendency to capture  

non-linear relationships. However, the model might struggle with overfitting, as indicated by its lower R-

squared value. 

The scatter plot for random forest demonstrates a more cohesive alignment of points along the 

diagonal, indicating improved accuracy compared to the other models. The ensemble approach helps mitigate 

the over fitting observed in the decision tree. The SVM scatter plot reveals a dispersed pattern with no clear 

trend, aligning with the low R-squared value. This suggests that the linear SVM model struggles to capture 

the underlying patterns in the data adequately. In summary, the scatter plots provide valuable insights into the 

strengths and weaknesses of each algorithm, corroborating the quantitative metrics obtained. The random 

forest model emerges as the most promising for accurate system production prediction in this context. 

However, further investigations and fine-tuning of hyper parameters may be necessary for optimal 

performance. 

 

 

4. CONCLUSION 

In summary, our investigation into predicting system production in renewable energy systems has 

yielded valuable insights. The comparison of machine learning algorithms, including linear regression, 

decision tree, random forest, and support vector machine, revealed varying levels of predictive accuracy. 

Notably, the models demonstrated the importance of features such as wind speed, sunshine, and radiation in 

forecasting system production. The implications of our findings extend to the optimization of renewable 

energy systems, allowing for more informed decision-making in resource utilization and energy planning. 

Accurate predictions enable better grid management and contribute to the overall efficiency of sustainable 

energy production. 

For practical applications, integrating the identified features into real-time monitoring systems can 

enhance the responsiveness of renewable energy installations. Additionally, our research highlights the need 

for continuous refinement of models and the exploration of advanced machine learning techniques for further 

improvements in prediction accuracy. Future research avenues could explore the integration of additional 

environmental variables, advancements in model interpretability, and the adaptation of machine learning 

algorithms to dynamic and evolving energy landscapes. Our work lays the foundation for ongoing efforts to 

enhance the reliability and efficiency of renewable energy systems through advanced predictive modeling. 
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