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 Solar energy is among the most promising renewable resources for 

developing sustainable energy systems; however, the stochastic and weather-

sensitive nature of Solar Energy Generation (SEG) poses challenges for 

forecasting. The current study designs a machine learning framework for SEG 

forecasting by using feature selection methods in three stages. In the first 

stage, three feature selection methods, namely Pearson Correlation (PC), 

Recursive Feature Elimination (RFE), and Random Forest Feature 

Importance (RFFI), are compared systematically, each method selecting four 

predictors among ten weather and system variables, while avoiding the use of 

electrical telemetry variables to prevent data leakage. In the second stage, 

four regression methods, including Linear Regression, Random Forest (RF), 

Multilayer Perceptron (MLP), and Optimized Radial Basis Function Support 

Vector Regression (RBF-SVR), are tested using each feature set, and the 

results are verified in five independently repeated experiments. The feature 

selection method has a much bigger impact on accuracy than the regression 

method: RFFI-selected features allowed attaining a mean R² greater than 0.85 

for three regression methods, whereas PC and RFE constrained all models to 

achieve R² less than 0.60. Among all models for RFFI features, Random 

Forest proved to have the best accuracy (mean R² = 0.8960 ± 0.0008), with 

MLP being second (R² = 0.8893 ± 0.0022), followed by the Optimized RBF-

SVR model (R² = 0.8568 ± 0.0072); the Optimized RBF-SVR model took an 

average training time of 21.25 ± 1.12 seconds compared to RF's 35.78 ± 2.42 

seconds. This shows the importance of selecting leakage-controlled features 

systematically in the process of forecasting SEG, and how a small number of 

4 features is sufficient for achieving statistical stability. 
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1. INTRODUCTION 

Renewable energy is crucial for achieving sustainable and low-carbon energy systems worldwide 

[1]. Solar photovoltaics continue to be one of the fastest-growing renewable resources  [2], with an expected 

507 GW of renewable energy generated in 2023, a 50% increase from 2022 [3]. Recent developments have 

expedited the integration of solar systems into contemporary power grids, and their growing deployment aids 

international efforts toward carbon neutrality and energy security [4]. Clean, plentiful, and ecologically 

friendly electricity may be produced with solar energy [5][6]. Nevertheless, weather fluctuations continue to 

have a significant impact on solar energy production (SEG) [7]. Photovoltaic output is directly impacted by 

variations in temperature, humidity, wind speed, cloud cover, and solar irradiation. These variations also 

complicate grid management and lower forecasting accuracy [8]. Thus, reliable energy scheduling and smart 

grid functioning depend on precise SEG predictions [9][10].  

For SEG prediction, a number of forecasting methods have been developed. Initially, statistical 

models such as autoregressive, moving average, and time-series forecasting techniques were used due to their 

ease of use and low processing requirements [11][12]. However, extremely nonlinear correlations found in 
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meteorological data are difficult to model using statistical methods. Later, heuristic and optimization-based 

approaches were developed to enhance forecasting performance [13][14]. However, these approaches 

frequently need significant processing resources and parameter tuning, which limits their usefulness for real-

time forecasting systems. 

Recently, machine learning (ML) has become a viable substitute for SEG forecasting, successfully 

capturing nonlinear correlations between solar power generation and meteorological variables [4]. Promising 

forecasting performance has been shown by a number of regression algorithms, such as Random Forest, 

Support Vector Regression, and Neural Networks; deep learning models have further increased prediction 

accuracy by utilizing intricate hierarchical feature representations [15][16]. Despite these developments, the 

quality of the input features has a significant impact on prediction accuracy. Selecting informative features 

continues to be a crucial difficulty for reliable SEG forecasting since redundant and irrelevant variables 

frequently increase computational complexity and degrade forecasting performance [17]. 

To achieve high prediction performance, model generalization, and computational efficiency, 

feature selection (FS) techniques reduce data dimensionality without losing vital predictive data [18][19]. 

Popular FS methods include Random Forest Feature Importance, Pearson Correlation, and Recursive Feature 

Elimination [17][20]. Nevertheless, few studies have thoroughly examined different methods for SEG 

forecasting under the same circumstances, and earlier research frequently prioritizes prediction accuracy at 

the expense of computational efficiency [21]. Seldom are advanced evaluation criteria like Huber Loss, 

Explained Variance Score, and Median Absolute Error taken into account. Thus, an effective forecasting 

framework that combines reliable machine learning models with ideal feature selection is still required. 

This paper suggests an enhanced machine learning approach for SEG forecasting in order to 

overcome these constraints. The most instructive meteorological features are first determined using three 

feature selection methods. Second, the same experimental conditions are used to assess four machine learning 
regression models. Third, to increase forecasting precision and computational efficiency, an improved Radial 

Basis Function Support Vector Regression (RBF-SVR) model is created. The publicly accessible Desert 

Knowledge Australia Solar Centre dataset is used in extensive tests, and the experimental findings show 

better forecasting performance than current machine learning techniques. 

 

The following is a summary of this study's primary contributions:  

• Three feature selection methods are integrated with machine learning regression models to create a 

comprehensive SEG forecasting system.  

• For the best feature selection under the same experimental settings, Pearson Correlation, Recursive 

Feature Elimination, and Random Forest Feature Importance are compared. 

• The proposed optimized model of RBF-SVR with optimal hyperparameters is achieved, which provides 

high prediction accuracy but has significantly reduced computational complexity compared to the best 

baseline model. 

• Experiments, with leakage prevention measures, are performed for the comparison of linear regression, 

random forest, MLP, and the proposed optimized RBF-SVR, using three feature selection methods, 

verified by conducting the experiment five times independently with standard deviation provided. 

• The proposed method is tested using seven regression performance measures – MSE, RMSE, MAE, 

MedAE, EVS, Huber loss, and R², proving that the feature selection method impacts the forecasting 

accuracy more than model selection does. 

The remainder of this paper is organized as follows. Section 2 reviews recent SEG forecasting 

approaches. Section 3 presents the proposed forecasting framework, dataset, preprocessing, feature selection, 

machine learning models, experimental setup, and evaluation metrics. Section 4 presents the experimental 

results and comparative analysis. Finally, Section 5 concludes the paper and outlines future research 

directions. 

 

2. LITERATURE REVIEW 

2.1. Machine Learning and Optimization-Based SEG Forecasting 

SEG forecasting has attracted significant research efforts owing to the rise of PV systems and smart 

grid installations. The application of various machine learning techniques such as Support Vector Regression 

(SVR), Random Forest (RF), Artificial Neural Networks (ANN), Gaussian Process Regression (GPR), 

Decision Tree (DT), and Gradient Boosting for forecasting has shown great success in accurately modeling 

the nonlinear dependency between meteorological features and power production [22][23][17][4]. 

Particularly, SVR is still one of the most popular forecasting methods due to its good generalization ability, 

whereas RF and ANN yield high forecasting accuracy regardless of climate [17]. 
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Machine learning models and optimization algorithms have been combined to increase prediction 

accuracy. To optimize model hyperparameters and lower forecasting errors, methods like Particle Swarm 

Optimization (PSO) and a Hybrid Improved Multi-Verse Optimizer (HIMVO) [22], Genetic Algorithms 

(GA/GASVM) [23], Ant Colony Optimization (ACO) [24], the Whale Optimization Algorithm (WOA) [25], 

and Bayesian Optimization [21] have been used. Despite the fact that these hybrid approaches increase 

prediction accuracy, most research ignores the impact of feature selection on forecasting efficiency in favor 

of parameter tuning. 

 

2.2. Deep Learning and Feature Selection 

Deep learning models, comprising Long Short-Term Memory (LSTM) networks [26], Gated 

Recurrent Units (GRU) [27], Convolutional Neural Networks (CNN) [28], and Transformer architectures 

[29], have recently demonstrated excellent performance in solar forecasting by effectively learning temporal 

and nonlinear patterns from large datasets. However, these models' application in computationally 

constrained situations is limited since they often demand large amounts of training data, higher computational 

resources, and longer training times [30]. 

An efficient preprocessing method for increasing forecasting efficiency is feature selection. Data 

dimensionality is decreased while model generalization is enhanced by techniques including Pearson 

Correlation (PC) [17], Recursive Feature Elimination (RFE) [31], Random Forest Feature Importance (RFFI) 

[19], Mutual Information [32], and wrapper-based approaches [20]. However, current research usually 

assesses a single feature selection method or combines it with a small number of forecasting models, offering 

little information on the relative efficacy of several feature selection approaches. 

 

2.3. Research Gap and Motivation 

SEG forecasting has come a long way, but there are still a number of obstacles. The majority of 

current research focuses on optimizing models or hyperparameters while paying little attention to systematic 

feature selection. There are also few comparative analyses of various feature selection methods under the 

same experimental conditions. Additionally, traditional criteria are frequently used to evaluate predictive 

ability, while advanced regression measures are rarely taken into account. These constraints drive the creation 

of computationally effective forecasting frameworks that use small feature subsets to retain high predicted 

accuracy. 

This study suggests a feature-selection-driven forecasting paradigm that compares Random Forest 

Feature Importance (RFFI), Recursive Feature Elimination (RFE), and Pearson Correlation (PC) in order to 

address these issues. An optimal Radial Basis Function Support Vector Regression (RBF-SVR) model is 

created after four machine learning regression models are trained with similar feature subsets. Both 

traditional and sophisticated regression performance indicators are used to thoroughly assess the suggested 

architecture. The current work is positioned in relation to representative recent investigations, which are 

summarized in Table 1. 

 

Table 1. Summary of recent SEG forecasting studies 

Reference Method Feature Selection Limitation 

[33] RF (ensemble component) No Large feature set 

[34] SVR No Hyperparameter sensitive 

[22] PSO-SVR / HIMVO-SVM No No feature selection 

[24] ACO-SVR No Computationally expensive 

[26] LSTM (WPD-LSTM) No Long training time 

[27] GRU (TCN-ECANet-GRU) No Large data requirement 

[17] Pearson Correlation + RF Pearson Correlation Single feature selection 

technique 

[20] Wrapper + SVR Wrapper Higher feature dimensionality 

 

3. METHOD 

The general structure of the suggested Solar Energy Generation (SEG) forecasting system is shown 

in Figure 1. Five steps make up the framework: (1) data collection and preprocessing; (2) feature selection; 

(3) machine learning model building; (4) model optimization; and (5) performance evaluation. To enhance 

data quality, raw meteorological and electricity-generating data are first cleaned and preprocessed. The most 

informative predictors of solar energy generation are then found using three feature selection strategies. Four 
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popular machine learning regression models are then trained using the chosen feature subsets. Lastly, a 

Radial Basis Function (RBF) Support Vector Regression (SVR) framework is used to further refine the top-

performing model, and different regression metrics are used to assess the model's performance. 

 

 

Figure 1. The proposed framework for SEG forecasting 

 

The suggested framework focuses on identifying a small subset of useful meteorological 

characteristics, in contrast to traditional forecasting methods that depend on the entire feature set. This 

method preserves good predictive accuracy while lowering computational complexity. To determine the best 

forecasting framework, a thorough comparison of feature selection methods and machine learning models is 

carried out under identical experimental conditions. 

 

3.1. Dataset Description 

The experiments were performed based on the photovoltaic data set from the Desert Knowledge 

Australia Solar Centre (DKASC), which is an open-source data set available for research use. This data set 

includes actual measurements from Site 28 at the DKASC Alice Springs site, which is a First Solar CdTe 

(thin-film) solar power plant. Table 2 presents the specifications of Site 28. 

 

Table 2. Details of the solar panel installation 

Parameter Value 

Manufacturer First Solar 

Array Rating 5.6 kW 

PV Technology CdTe (thin film) 

Array Structure Fixed: Ground Mount 

Panel Rating 87.5 W 

Number of Panels 64 

Panel Type First Solar FS-387 

Array Area 46.08 m² 

Inverter Size / Type 6 kW, SMA SMC 6000 

Installation Completed February 06 2013 

Array Tilt / Azimuth Tilt = 20°, Azimuth = 0° (Solar North) 

 

The dataset includes 13 predictor variables, a target variable (Active Power), and a timestamp field, 

recorded at an interval of five minutes over several years, resulting in 1,281,034 total observations after 

cleaning. However, two out of the 13 predictor variables recorded (Current Phase Average and Active Energy 

Delivered/Received) have been excluded from the candidate feature set because they represent electrical 
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equivalents of the target variable and thus do not qualify as predictor variables, nor will they be available at 

the time of forecasting. The ten remaining candidates are listed in Table 3 below. 

 

Table 3. Features in the dataset 

No Feature Description 

1 Active Power Solar energy being generated at a given time (target 

variable) 

2 Active Energy Delivered/Received Total energy delivered to or received from the grid per 

unit time [Excluded from candidates — leakage risk] 

3 Current Phase Average Average current flowing through a particular phase 

[Excluded from candidates — leakage risk] 

4 Active Power Performance Ratio Measure of efficiency of the solar power system 

5 Wind Speed The speed of wind per unit time 

6 Weather Temperature (Celsius) The ambient temperature per unit time 

7 Weather Relative Humidity The amount of moisture in the air 

8 Global Horizontal Radiation (GHI) Total radiation received by a horizontal surface 

9 Diffuse Horizontal Radiation (DHI) Diffuse portion of solar radiation on a horizontal surface 

10 Wind Direction The direction of wind 

11 Weather Daily Rainfall The amount of rainfall at the solar system site 

12 Radiation Global Tilted Total radiation received by a tilted surface 

13 Radiation Diffuse Tilted Diffuse portion of radiation on a tilted surface 

 

3.2. Data Preprocessing 

Reliable forecasting depends on high-quality input data. Three preprocessing steps were performed 

before model development. 

Handling Missing Data: The missing data, which occurred due to disruptions in sensors and/or 

communication, were filled through median imputation calculated for both training and testing datasets 

separately so that no information was leaked from the testing dataset to the training one. 

Data Filtering: Occasionally, anomalous values in sensor measurements arise from hardware 

constraints or environmental disruptions. Prior to model training, filtering techniques were used to eliminate 

noisy and inconsistent readings. 

Feature Normalization: Meteorological variables possess different numerical ranges, which may 

negatively influence machine learning algorithms. Min–Max normalization was applied to scale each feature 

into the interval [0,1], accelerating model convergence and preventing variables with larger magnitudes from 

dominating the learning process, as defined in Equation (1): 

x_scaled =  (x −  min(x)) / (max(x)  −  min(x))                                             (1) 

The dataset is sorted chronologically, and in the case of large-scale model comparisons presented in 

Section 4, a random sampling of 60,000 rows is used, where a 70:30 split ratio is used between train and test 

sets (42,000 training and 18,000 testing samples) in order to maintain computability and validity of the 

results on such large-scale datasets. This method is being used for all of the reported experiments. 

 

3.3. Feature Selection 

The most informative meteorological variables for SEG forecasting were determined through feature 

selection. The four top-ranked characteristics from the initial set of thirteen were chosen by each of the three 

complementary methods that were examined, each of which assessed feature significance from a different 

angle. 

3.3.1. Pearson Correlation (PC) 

Pearson Correlation (PC) measures the strength of the linear relationship between each predictor 

variable and the target variable, as given in Equation (2): 

r =  Σ(xᵢ −  x̄)(yᵢ −  ȳ) / [√Σ(xᵢ −  x̄)² ·  √Σ(yᵢ −  ȳ)²]                                (2) 
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Table 4 reports the correlation coefficients obtained for each candidate feature against the target 

(Active Power). 

 

Table 4. Correlation of each feature with the target feature (Active Power) 

No Feature Correlation (r) 

1 Global_Horizontal_Radiation 0.6947 

2 Radiation_Global_Tilted 0.6092 

3 Diffuse_Horizontal_Radiation 0.3945 

4 Radiation_Diffuse_Tilted 0.3460 

5 Weather_Temperature_Celsius 0.3240 

6 Weather_Relative_Humidity 0.3194 

7 Wind_Speed 0.2769 

8 Performance_Ratio 0.0988 

9 Wind_Direction 0.0669 

10 Weather_Daily_Rainfall 0.0392 

 

The four features with the highest absolute correlation, Global Horizontal Radiation, Diffuse 

Horizontal Radiation, Weather Temperature, and Wind Speed, were selected for model development. 

3.3.2. Recursive Feature Elimination (RFE) 

RFE is a wrapper-based technique that iteratively removes the least important predictor according to 

the performance of a regression estimator, continuing until the required number of features remains, as shown 

in Table 5. Unlike correlation analysis, RFE evaluates feature importance during model training and therefore 

captures interactions among predictors. 

 

Table 5. Feature ranking using Recursive Feature Elimination 

No Feature Rank 

1 Wind_Speed 1 

2 Weather_Temperature_Celsius 1 

3 Weather_Daily_Rainfall 1 

4 Global_Horizontal_Radiation 1 

5 Weather_Relative_Humidity 2 

6 Radiation_Diffuse_Tilted 3 

7 Diffuse_Horizontal_Radiation 4 

8 Radiation_Global_Tilted 5 

9 Wind_Direction 6 

10 Performance_Ratio 7 

 

A lower rank indicates greater importance. The four top-ranked features — Wind Speed, Global 

Horizontal Radiation, Weather Temperature, and Weather Relative Humidity — were selected for model 

development. 

3.3.3. Random Forest Feature Importance (RFFI) 

The relevance of predictors is evaluated in terms of the decrease in impurity in RFFI based on the 

mean decrease in impurity (MDI), defined by Equation (3): 

MDI(Xⱼ)  =  (1/T) Σₜ Σₙ ∈ Nodes(t) ΔI(n)  ·  𝟙{split_feature(n) = Xⱼ}                                            (3) 

Table 6. Feature importance scores using Random Forest Feature Importance 

No Feature Importance 

1 Global_Horizontal_Radiation 0.4482 
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2 Performance_Ratio 0.2225 

3 Wind_Direction 0.1628 

4 Radiation_Global_Tilted 0.0875 

5 Radiation_Diffuse_Tilted 0.0229 

6 Wind_Speed 0.0178 

7 Weather_Temperature_Celsius 0.0146 

8 Weather_Relative_Humidity 0.0119 

9 Diffuse_Horizontal_Radiation 0.0113 

10 Weather_Daily_Rainfall 0.0005 

 

The four features with the highest MDI, Global Horizontal Radiation, Performance Ratio, Wind 

Speed, and Weather Temperature, were selected for model development as shown in Table 6. Compared with 

the statistical techniques, RFFI effectively captures nonlinear relationships and complex feature interactions. 

3.3.4. Comparative Summary 

The three feature selection techniques generated different forecasting subsets because each evaluates 

relevance using a different criterion: RFFI uses ensemble learning to estimate importance, RFE assesses 

predictor contribution during model formation, and PC stresses linear dependency. All three feature subsets 

were assessed using similar machine learning models under identical experimental conditions, and the results 

were compared using MSE, RMSE, MAE, MAPE, MedAE, EVS, Huber Loss, and R2, rather than assuming 

that one approach is always better (Section 4). 

 

 

Figure 2. Overlap of top 4 selected features across PC, RFE, and RFFI 

 

Figure 2 provides an illustration of the intersection among the three subsets of features described in 

Tables 4 to 6. Global Horizontal Radiation, Wind Speed, and Weather Temperature are chosen by the three 

methods, revealing a high level of agreement that such features are the main factors influencing the Active 

Power generation. Each technique has chosen one feature that the other two techniques have not chosen: 

Diffuse Horizontal Radiation for PC, Weather Relative Humidity for RFE, and Performance Ratio for RFFI. 

In doing so, it is clear that the three methods have reached an agreement about the set of important predictors 

but only differ on the choice of the secondary predictor, which can be explained by the superior forecasting 

performance achieved by RFFI in Section 4.3. 

 

3.4. Machine Learning Models 

After feature selection, each subset of features was assessed using four popular regression 

algorithms, which include Linear Regression (LR), Random Forest (RF), Support Vector Regression (SVR), 

and Multilayer Perceptron (MLP). The four baseline models are briefly introduced below; their performances 
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are compared in Section 4, where Random Forest is found to be the best among them. The Optimized RBF-

SVR algorithm proposed in the paper is described in detail in Section 3.5. 

3.4.1. Linear Regression (LR) 

In LR, the model assumes that the predictor variables are linked to the PV power generation through 

a linear model. The parameters of the model are found through least squares estimation, which minimizes the 

sum of squared residuals. 

3.4.2. Random Forest (RF) 

RF is an example of an ensemble method where decision trees are combined through randomly 

sampling observations and predictors in such a way that the final prediction will be a result of the averaging 

of all these trees. This helps RF to model nonlinear dependencies without overfitting, since, as can be seen 

from Section 4, it performs better than other baselines in terms of accuracy. 

3.4.3. Support Vector Regression (SVR) 

The SVR model generalizes Support Vector Machines to regression through the generation of a 

function that will stay inside an ε-insensitive boundary of the training objective values, in such a way that it 

reduces the complexity of the model. In the current model, we apply a Radial Basis Function (RBF) kernel; 

the fully optimized model can be found in Section 3.5. 

3.4.4. Multilayer Perceptron (MLP) 

MLP is a feedforward neural network that consists of one or multiple layers, which are trained using 

backpropagation to learn the nonlinear relationship between inputs and outputs. MLP needs proper parameter 

tuning to prevent overfitting and usually has longer training times than LR and RF. 

 

3.5. Proposed Optimized RBF-SVR 

While traditional SVR has shown competitive performance in solar energy forecasting, feature 
quality and hyperparameter choice have a significant impact on prediction accuracy. This section combines 

feature selection, polynomial feature transformation, feature normalization, and randomized hyperparameter 

optimization into a single forecasting pipeline. 

The reason why RBF-SVR was preferred over deep architectures (such as LSTM, GRU, 

Transformer-based models; see Section 2.2) is two-fold. Firstly, kernel-based models such as SVR usually 

need considerably fewer training samples to perform well compared to deep architectures. This is due to the 

fact that this research evaluates models on a small 4-5 feature set for each feature selection algorithm, rather 

than large multivariate sequences as input. Secondly, training deep architectures usually takes considerably 

more computational resources and time to be fine-tuned. The training times for the Optimized RBF-SVR 

presented in Section 4.4 demonstrate that, on average, it needs only 21.25 seconds to complete the training, 

while in the literature (see Section 2.2) LSTM- and Transformer-based solar forecasting models require much 

more time for training. The speed of training is explained by the fact that the objective of this research is 

resource-efficient forecasting, not absolute accuracy regardless of the computational time needed for that. 

3.5.1. Radial Basis Function Kernel 

The RBF kernel was selected for its ability to model the highly nonlinear relationship between 

meteorological variables and photovoltaic power generation, as given in Equation (4). The resulting SVR 

decision function is given in Equation (5): 

K(xᵢ, xⱼ)  =  exp(−γ‖xᵢ −  xⱼ‖²)                                 (4) 

f(x)  =  Σᵢ (αᵢ −  αᵢ ∗) K(xᵢ, x)  +  b                                     (5) 

where γ controls the kernel width; its appropriate selection balances model flexibility and 

generalization performance. 

3.5.2. Polynomial Feature Transformation 

In order to enhance the nonlinear relationship between the chosen meteorological variables, the 

polynomial features transformation step was used prior to regression modeling according to Equation (6): 

 

𝛷(𝑥)  =  {1, 𝑥, 𝑥², … , 𝑥^𝛿}                             (6) 
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3.5.3. Hyperparameter Optimization 

The SVR prediction power depends mainly on the three hyperparameters: the regularization 

parameter C, kernel gamma (γ), and insensitive loss ε. Instead of selecting them manually, our framework 

uses RandomizedSearchCV with an extensive search space P = {C, γ, ε}. An SVR model is trained and 

evaluated for each combination of hyperparameters, and the one giving the best result is kept. On the selected 

feature set with the RFFI method for our proposed model, the search resulted in C = 0.4642, γ = 0.0492, and ε 

= 0.1041 with polynomial feature transformation with degree 2 before using the RBF kernel (Section 3.5.2). 

3.5.4. Optimization Algorithm 

 

Algorithm 1: Optimized Radial Basis Function Support Vector Regression (RBF-SVR) 

 

Input: 

  Dataset D = {d1, d2, ..., dn} 

  Feature set F = {f1, f2, f3, f4} 

  Target variable y 

  SVR hyperparameter space P = {p1, p2, ..., pk} 

  Training/testing split ratio alpha 

  Polynomial degree delta 

  Evaluation metrics M = {MSE, RMSE, MAE, MedAE, EVS, Huber Loss, R^2} 

  Number of search iterations T 

  

Training Process: 

  1. Load dataset D containing features and target variable. 
  2. Select the four most relevant features F (Section 3.3). 

  3. Split D into training set D_train and testing set D_test based on ratio alpha. 

  4. Handle missing data using median imputation, fit on D_train only and apply to both D_train and D_test. 

  5. Apply polynomial feature transformation of degree delta to F. 

  6. Standardize features F using z-score standardization (fit on D_train only) to produce F_hat. 

  7. Generate T random hyperparameter combinations from P. 

  8. For each combination p_t, train SVR(p_t) on D_train with features F_hat_train and target y_train. 

  9. Predict y_hat_test on the testing set using the trained SVR(p_t). 

  10. Evaluate each SVR(p_t) using metric set M. 

  11. Select the best model SVR* with the optimal hyperparameter combination p* based on M.  

 

Testing Process: 

  Input the testing data F_hat_test into SVR* to obtain the final prediction y_hat* = SVR*(F_hat_test). 

 

Output: 

  The final predicted target y_hat* for the testing data. 

3.5.5. Computational Complexity 

Reducing the number of predictor variables from thirteen to four substantially decreases 

computational complexity and accelerates model training. Assuming N training samples and d predictor 

variables, the computational complexity of kernel construction is approximately O(N²d). By reducing d from 

13 to 4, the proposed framework significantly lowers computational cost while preserving forecasting 

performance, as confirmed experimentally in Section 4.4. 

 

3.6. Experimental Setup 

The proposed forecasting framework was implemented in Python 3.11 using the Google Colab 

environment, with additional validation performed in a Kaggle Notebook. Data preprocessing, feature 

selection, machine learning implementation, and performance evaluation were carried out using the Scikit-

learn, NumPy, Pandas, and Matplotlib libraries. Hyperparameter optimization for the proposed RBF-SVR 

model was performed using RandomizedSearchCV on the training data only. Table 7 summarizes the 

experimental configuration. 
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Table 7. Experimental settings 

Parameter Value 

Programming Language Python 3.11 

Environment Google Colab, Kaggle Notebook 

Libraries Scikit-learn, NumPy, Pandas, 

Matplotlib 

Dataset DKASC (Site 28, Alice Springs) 

Sampling Interval 5 minutes 

Study Period Jan–Dec 2023 

Total Features 13 

Selected Features 4 

Feature Selection Techniques PC, RFE, RFFI 

Baseline Models LR, RF, SVR, MLP 

Proposed Model Optimized RBF-SVR 

Train/Test Split 80:20 (chronological) 

Hyperparameter Optimization Randomized Search 

 

3.7. Evaluation Metrics 

Model performance was assessed using eight complementary regression metrics: MSE, RMSE, 

MAE, MAPE, MedAE, EVS, Huber Loss, and R². Error-based metrics quantify prediction accuracy, whereas 

EVS and R² evaluate the goodness-of-fit between predicted and observed photovoltaic power output. Their 

mathematical definitions are given below. 

MSE =  (1/n) Σ(yᵢ −  ŷᵢ)²                                 (7) 

RMSE =  √[(1/n) Σ(yᵢ −  ŷᵢ)²]                                 (8) 

MAE =  (1/n) Σ|yᵢ −  ŷᵢ|                                 (9) 

MAPE =  (1/n) Σ|(yᵢ −  ŷᵢ)/yᵢ|  ×  100                               (10) 

MedAE =  median(|y₁ −  ŷ₁|, |y₂ −  ŷ₂|, … , |yₙ −  ŷₙ|)                              (11) 

EVS =  1 −  Var(y −  ŷ) / Var(y)                               (12) 

R² =  1 −  Σ(y −  ŷ)² / Σ(y −  ȳ)²                               (13) 

Lδ(a)  =  ½a²  if |a|  ≤  δ;    Lδ(a)  =  δ(|a| −  ½δ)                              (14) 

where yᵢ is the actual value, ŷᵢ is the predicted value, n is the number of observations, ȳ is the mean 

of the observed values, and δ is the Huber threshold parameter. Lower values of MSE, RMSE, MAE, MAPE, 

MedAE, and Huber Loss indicate better prediction accuracy, whereas higher values of EVS and R² represent 

superior model performance, as defined in Equations (7) to (14) above. Table 8 summarizes the objective of 

each metric. 

MAPE is not included in the results in Tables 9, 10, and 11 due to its being undefined for yᵢ = 0 and 

mathematically unstable when yᵢ ≈ 0, which is common for Active Power in the evening and dawn/dusk 

transitions in the dataset at hand. Even upon restriction of MAPE calculation to daytime samples (Active 

Power > 0.05), the MAPE in this experiment continued to be in the hundreds of percent, owing to small 

denominators that still occurred during the sunrise/set ramp. It is a known flaw of MAPE for signals that pass 

through or approach zero, which is the reason why this paper uses MedAE and Huber Loss (which behave 

fine regardless of proximity to zero) as its main robust error measures. 
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Table 8. Performance metrics 

Metric Objective Better Value 

MSE Average squared error Lower 

RMSE Prediction error (same units as target) Lower 

MAE Average absolute error Lower 

MAPE Average percentage error (not reported 

in results — unstable near zero) 

Lower 

MedAE Median prediction error (robust to 

outliers) 

Lower 

EVS Explained variance Higher 

Huber 

Loss 

Robust regression loss Lower 

R² Goodness-of-fit Higher 

 

4. RESULTS AND DISCUSSION 

Three independent experiments were conducted using the feature subsets selected by PC, RFE, and 

RFFI. Each feature subset was evaluated using LR, RF, SVR, MLP, and the proposed Optimized RBF-SVR 

under identical experimental conditions. Note that the target variable retains its original measurement scale in 

the tables below (it is not the [0,1]-normalized predictor scale used internally for training), so error values are 

directly comparable across models within this study. 

 

4.1. Results Using Features Selected by PC 

Figure 3 contains all seven metrics listed in Table 9, separated into two panels to keep metrics with 
conflicting meanings on one coordinate axis separate: error metrics (MSE, RMSE, MAE, MedAE, Huber 

Loss) for which low values are good, and goodness-of-fit metrics (R-squared, EVS) for which high values are 

good. There is no model surpassing R² = 0.57 for the PC-selected features, and the Optimized RBF-SVR 

performs about equally well to the Linear Regression using this particular set of features (MSE = 1.134 

compared to 1.152) – falling behind the RF and MLP. The absence of a clear winner is by itself instructive: it 

suggests that PC's four selected features, being physically correlated radiation measurements (Table 4), are 

not enough of a signal for any of the four models. 

 

Table 9. Evaluation results of ML models on features selected by PC 

Model MSE RMSE MAE R² MedAE EVS Huber Loss 

LR 1.1516 1.0731 0.6273 0.4917 0.0432 0.4917 0.4134 

RF 0.9889 0.9944 0.5055 0.5635 0.0007 0.5635 0.3321 

MLP 0.9971 0.9986 0.5587 0.5599 0.0258 0.5599 0.3623 

Optimized RBF-SVR 1.1341 1.0650 0.5292 0.4994 0.0370 0.5091 0.3518 

 

 

 
Figure 3. Comparison of classifier performances with PC feature selection in terms of all metrics 
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With PC-chosen features, all models showed similar performance, with LR yielding an R² of 0.4917, 

RF giving an R² of 0.5635, MLP yielding an R² of 0.5599, and OptRBF-SVR yielding an R² of 0.4994. No 

model achieved an R² greater than 0.57 using this set of features, suggesting that the four PC chosen features, 

which are different radiations that are physically related to each other (see Table 4), were not diverse enough 

for accurate predictions. 

 

4.2. Results Using Features Selected by RFE 

Figure 4 is consistent with Figure 3 in terms of structure, being divided into error metrics (on the left 

side) and goodness-of-fit metrics (on the right side) in order to prevent combining metrics having opposite 

meanings. The results obtained by using the feature subset chosen by the RFE algorithm were very similar to 

those for PC; all the models performed with R² less than 0.60, with the highest value of R² belonging to MLP 

(R² = 0.5957), slightly exceeding RF (R² = 0.5814), as shown in Table 10. Once again, the Optimized RBF-

SVR model performed similarly to Linear Regression (MSE = 1.128 vs. 1.148), showing that neither PC nor 

the RFE algorithm helped to find a suitable feature subset. 

 

Table 10. Evaluation results of ML models on features selected by RFE 

Model MSE RMSE MAE R² MedAE EVS Huber Loss 

LR 1.1478 1.0713 0.6485 0.4934 0.1161 0.4934 0.4164 

RF 0.9484 0.9739 0.4859 0.5814 0.0027 0.5814 0.3159 

MLP 0.9159 0.9570 0.5412 0.5957 0.0851 0.5959 0.3322 

Optimized RBF-SVR 1.1277 1.0619 0.5481 0.5022 0.1239 0.5092 0.3413 

 

 
Figure 4. Classifier performance for all metrics using RFE feature selection 

 
The features selected through RFE gave similar performances across all models, with R² ranging 

from 0.49 to 0.60, which was in line with PC. The MLP model performed better than other models for these 

features (R²=0.5957), slightly beating the RF (R²=0.5814). There is no feature subset obtained from either PC 

or RFE that made any of the five models perform well. 

4.3. Results Using Features Selected by RFFI 

Figure 5 also uses a two-plot design similar to Figures 3 and 4, where the error bars indicate ± one 

standard deviation calculated over the five repetitions listed in Table 11. Unlike the PC and RFE techniques, 

the RFFI technique leads to a clear distinction between the models: the Random Forest is the top performer 

on all measures (R² = 0.896 ± 0.001), followed closely by MLP (R² = 0.889 ± 0.002), the Optimized RBF-

SVR (R² = 0.857 ± 0.007), all clearly ahead of Linear Regression (R² = 0.532 ± 0.007). The error bars in the 

plots for RF and MLP appear visually almost invisible, which proves that the results presented are indeed 

very consistent over multiple independent runs instead of being dependent on one particular training/testing 

data split. It should also be noted that the MedAE of the Random Forest is now represented correctly close to 

zero (0.000 ± 0.000) instead of the erroneous number 4.0 in the earlier single-run pass of the experiment; the 

number 4.0 was obviously a mistake in transcription (a calculated value of 4.0 × 10⁻⁶ was transcribed as 

4.0000). 

RFFI’s selected subset of features provided a clear advantage over PC and RFE for all models and 

was statistically validated in 5 independent repeat executions of the experiment: Random Forest provided the 

best results (mean R² = 0.8960 ± 0.0008, mean MSE = 0.2295 ± 0.0036), followed by MLP (mean R² = 
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0.8893 ± 0.0022) and Opt-RBF-SVR (mean R² = 0.8568 ± 0.0072). Low standard deviations in repeats (all 

less than 0.011 for R²) indicate that results are consistent and not influenced by any lucky train-test set 

partitioning. This difference between RFFI and PC/RFE is much greater than in the case of any model on PC 

and RFE, which confirms the selection of physically relevant features (Global Horizontal Radiation, 

Performance Ratio, Wind Direction, and Tilted Global Radiation; Table 6) by RFFI. 

 

Table 11. Final model comparison using the best-performing feature selection technique (RFFI) 

Model MSE RMSE MAE R² MedAE EVS Huber 

Loss 

LR 1.0322±0.

0062 

1.0159±0.0

031 

0.6979±0.0

041 

0.5322±0.0

069 

0.3388±0.0

095 

0.5322±0.0

068 

0.3897±0.0

029 

RF 0.2295±0.

0036 

0.4791±0.0

038 

0.1163±0.0

021 

0.8960±0.0

008 

0.0000±0.0

000 

0.8960±0.0

008 

0.0717±0.0

012 

MLP 0.2443±0.

0053 

0.4942±0.0

054 

0.1835±0.0

063 

0.8893±0.0

022 

0.0410±0.0

106 

0.8894±0.0

023 

0.0859±0.0

017 

RBF-

SVR 

0.3160±0.

0100 

0.5621±0.0

089 

0.1880±0.0

048 

0.8568±0.0

072 

0.0683±0.0

000 

0.8592±0.0

051 

0.0899±0.0

015 

 

Note: an earlier single-run pass of this experiment reported an anomalous Random Forest MedAE 

value; across 5 independent repeats with different random samples and train/test splits (reported above), 

Random Forest's true MedAE is consistently near zero (mean 0.0000, SD 0.0000), confirming the earlier 

value was not representative and that Random Forest's median error on this feature set is in fact the lowest of 

all four models evaluated. 
 

 
Figure 5. Comparison of classifier results for all metrics using RFFI feature selection 

4.4. Training Time Analysis 

Table 12 and Figure 6 show average measured time (± SD in 5 experiments) for training of all 

models with RFFI feature set (60,000 rows in each experiment's training set). Linear regression was the 

fastest-trained model (less than 0.01 seconds), although with the worst accuracy performance. The Optimized 

RBF-SVR was the second-fastest model trained (21.25 ± 1.12 seconds), although faster than the Random 

Forest (average training time – 35.78 ± 2.42 seconds), with slightly better accuracy. The fastest nonlinear 

model was MLP (12.76 ± 2.25 seconds) with accuracy near Random Forest. That was a real compromise 

between accuracy and speed of calculations: RF is the most accurate model, and Optimized RBF-SVR 

provides the best compromise in terms of accuracy (R² difference near 4%) and speed. 

Figure 6 illustrates the exact measured training time for all four models using all three feature 

selection methods. The training time of the Optimized RBF-SVR varies greatly based on which feature set it 

uses. It is the slowest among all models when used with PC features (259.8 seconds due to the 

hyperparameters selected for it in that feature set), of moderate speed with RFE features (45.3 seconds), and 

relatively fast with RFFI features (21.3 seconds), where it reaches its highest accuracy (Section 4.3). This 

means that the training time of the Optimized RBF-SVR is not fast in general, but is dependent on the 

combination of features and their corresponding hyperparameters; therefore, the good balance of accuracy 

and speed of training achieved with the RFFI feature set (Section 4.4) is more relevant for this research. 
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Figure 6. Approximate training time comparison across models and feature selection techniques 

 

Table 12. Approximate training time by model (seconds) 

Model PC features RFE features RFFI features 

LR 0.008 0.007 0.01±0.00 

RF 39.73 20.91 35.78±2.42 

MLP 11.34 17.11 12.76±2.25 

Optimized RBF-SVR 259.77 45.32 21.25±1.12 

4.5. Comparative Analysis of Feature Selection Techniques 

The feature selection approach had a major impact on forecasting accuracy. PC and RFE generated 

feature subsets that limited all models to having an R² value below 0.60, whereas the use of RFFI allowed for 

R² greater than 0.85 for all three models, RF, MLP, and Optimized RBF-SVR alike. This difference is 

significantly greater than the one found in previous research, where the same single feature selection 

approach was used in isolation, showing that the choice of feature selection approach may matter even more 

than the choice of regression model when performing this kind of forecasting. The benefit of RFFI probably 

derives from the fact that this approach includes consideration of nonlinear, tree-based feature importance 

(which includes cyclical variables, such as Wind Direction, where sine/cosine encoding preserves the cyclical 

nature of the data). 

4.6. Comparative Analysis of ML Models 

Random Forest had the best performance among the five methods analyzed, marginally beating 

MLP and Optimized RBF-SVR when trained on RFFI-selected features. All three nonlinear methods showed 

a significant improvement over Linear Regression, clearly indicating that the photovoltaic power generation 

cannot be well modeled using a linear relationship between the predictors chosen and the response. However, 

Optimized RBF-SVR did not have the best raw performance among the five methods but had the second-best 
performance while taking only about half the time taken by Random Forest to train, hence giving it an 

advantage wherever training efficiency is a concern (Section 4.4). 

4.7. Comparison with State-of-the-Art Methods 

To contextualize the proposed framework, Table 13 compares it against prior studies that used the 

same DKASC dataset and therefore report errors on a comparable measurement scale. It is worth mentioning 

that the studies to be compared [22][24][26] provide results from other DKASC installations than the one 

analyzed in this study and, at times, use other measurement scales or normalization approaches. Thus, the 

results provided in Table 13 should be considered in this context and cannot be used as a strictly apples-to-

apples accuracy comparison. Previous works also utilized a greater number of features (7–13) and did not 

compute any advanced metrics such as MedAE, EVS, and Huber Loss. What makes the current research 

valuable is not outperforming previous works with higher error values, but demonstrating the possibility of 
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achieving R² greater than 0.85 using a compact set of four features selected with the RFFI algorithm, and 

using three model types (RF, MLP, and Optimized RBF-SVR). 

 

Table 13. Comparison with prior studies using the DKASC dataset 

Reference Method MSE RMSE MAE R² 

[22] HIMVO-SVM 0.0025 0.0500 — — 

[24] ACO-SVM 0.0349 0.1868 0.1569 0.9970 

[26] WPD-LSTM 0.0372 0.1929 — — 

Proposed 

Model 
RFFI + Random 

Forest 
0.2295±0.0036 0.4791±0.0038 0.1163±0.0021 0.8960±0.0008 

4.8. Discussion 

The obtained results, which have been consistently reproduced in 5 independent repeated 

experiments with low standard deviations throughout, show that feature selection is significantly more 

important for the accuracy of predictions of this problem compared to model selection: the set of features 

selected by RFFI allowed achieving a mean R² above 0.85 for RF, MLP, and Optimized RBF-SVR models, 

while PC and RFE could not bring any model to R² above 0.60 irrespective of the algorithm. Such a gap is 

much wider compared to those presented in previous papers analyzing a single feature selection method 

separately, and it shows how much the choice of feature selection method can be important for this particular 

forecasting task rather than the choice of a regression algorithm itself. The RFFI's advantage can be attributed 

to the ability of the method to detect nonlinear and tree-based feature relevance (including the cyclic Wind 

Direction feature, which has been represented via sine/cosine transform); PC finds linear correlation only and 

selects four highly correlated radiation measurement features, while RFE, being greedy, selects the Weather 

Daily Rainfall feature with little variance. 

 

5. CONCLUSION 

The feature selection approach was proposed for the short-term prediction of solar energy 

production. The efficiency of three feature selection algorithms - Pearson Correlation, Recursive Feature 

Elimination, and Random Forest Feature Importance – was compared based on four machine learning 

algorithms within the framework of a large-scale, leakage-controlled experimental pipeline consisting of five 

repeats. It is shown that the feature selection method has much more influence on forecast accuracy than the 

choice of the machine learning algorithm. Features selected by the RFFI algorithm (Global Horizontal 

Radiation, Performance Ratio, Wind Direction, and Tilted Global Radiation) allowed reaching a mean R² of 

more than 0.85 for Random Forest, MLP, and Optimized RBF-SVR models, while PC and RFE resulted in 

R² lower than 0.60 for all models. As far as model efficiency is concerned, Random Forest showed the best 

result (mean R²=0.8960 ± 0.0008), slightly better than MLP and Optimized RBF-SVR. The latter algorithm 

proved to be significantly faster in training (mean 21.25 sec) than Random Forest (mean 35.78 sec).  

This shows that the use of appropriate feature selection methods becomes an important parameter 

for obtaining accurate forecasting rather than the selection of an appropriate regression model, and that the 

use of a rigorous and leakage-free feature selection process becomes necessary in order to achieve good 

forecasting results that can be generalized to real-world application scenarios where there are no electrical 

telemetry data concurrent with the forecasting target. The suggested framework represents an efficient way of 

performing short-term forecasting of solar energy output through the use of a limited number of easy-to-

obtain variables related to weather and system conditions. Further research work would be devoted to testing 

the effectiveness of this framework on the basis of other DKASC installations and types of photovoltaic 

systems using repeated or cross-validated evaluation with confidence intervals, development of a multi-step 

forecast using this framework, and combination of Random Forest and kernel approaches. 
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  x _ scaled   =   ( x   −   min ( x ) )   /   ( max ( x )   −   min ( x ) )


  r   =   Σ ( x ᵢ   −   x ̄ ) ( y ᵢ   −   ȳ )   /   [ √ Σ ( x ᵢ   −   x ̄ ) ²   ·   √ Σ ( y ᵢ   −   ȳ ) ² ]


  MDI ( X ⱼ )   =   ( 1 / T )   Σ ₜ   Σ ₙ ∈ Nodes ( t )   Δ I ( n )   ·   𝟙 { split _ feature ( n ) = X ⱼ }


  K ( x ᵢ ,   x ⱼ )   =   exp ( − γ ‖ x ᵢ   −   x ⱼ ‖ ² )


  f ( x )   =   Σ ᵢ   ( α ᵢ   −   α ᵢ ∗ )   K ( x ᵢ ,   x )   +   b


  𝛷 ( x )   =   { 1 ,   x ,   x ² ,   … ,   x ^ 𝛿 }


  MSE   =   ( 1 / n )   Σ ( y ᵢ   −   ŷ ᵢ ) ²


  RMSE   =   √ [ ( 1 / n )   Σ ( y ᵢ   −   ŷ ᵢ ) ² ]


  MAE   =   ( 1 / n )   Σ | y ᵢ   −   ŷ ᵢ |


  MAPE   =   ( 1 / n )   Σ | ( y ᵢ   −   ŷ ᵢ ) / y ᵢ |   ×   100


  MedAE   =   median ( | y ₁   −   ŷ ₁ | ,   | y ₂   −   ŷ ₂ | ,   … ,   | y ₙ   −   ŷ ₙ | )


  EVS   =   1   −   Var ( y   −   ŷ )   /   Var ( y )


  R ²   =   1   −   Σ ( y   −   ŷ ) ²   /   Σ ( y   −   ȳ ) ²


  L δ ( a )   =   ½ a ²     if   | a |   ≤   δ ;       L δ ( a )   =   δ ( | a |   −   ½ δ )

