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Abstract

Renewable energy, particularly photovoltaic (PV) systems, plays a crucial role in sustainable
energy development. Its production is largely dependent on external factors, especially weather
conditions, making the forecasting of generated energy a significant research challenge. Se-
lecting appropriate features that influence electricity production can enhance forecasting accu-
racy. This paper evaluates various feature selection methods relevant to energy output, aiming
to identify the most effective selection strategy and determine the most influential variables.
Three groups of methods were analyzed: correlation-based statistical methods, ensemble-based
importance metrics, and univariate significance tests. The results highlight the importance of
choosing suitable feature selection algorithms to improve the accuracy of PV energy production
forecasting.
Keywords: Predictive models, Energy forecasting, Feature selection, Renewable energy, Pho-
tovoltaic systems

1. Introduction
Accurate energy production forecasting is crucial for optimizing the performance of photo-
voltaic (PV) systems. This task is challenging due to the variability and complexity of weather
data that influence energy output. Proper feature selection plays a vital role in identifying the
most relevant variables affecting the process under study [2]. This study focuses on evaluating
three groups of feature selection methods used in PV energy production forecasting: correlation-
based statistical methods, ensemble-based importance metrics, and univariate significance tests.
The goal is to identify the most effective combination of feature selection strategies and predic-
tive algorithms for photovoltaic datasets, ultimately improving the accuracy and robustness of
energy forecasting models.

2. Brief Literature Review of Feature Selection Methods in PV Applications
In the field of PV energy forecasting, feature selection plays a key role in improving the accu-
racy, efficiency, and interpretability of predictive models. Due to the high dimensionality and
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variability of meteorological and operational data, various approaches have been developed and
applied in the literature to identify the most relevant input variables.

Some studies adopt correlation-based methods to select features that exhibit strong linear re-
lationships with PV energy output. These approaches often rely on metrics such as the Pearson
correlation coefficient to identify solar-related variables - particularly global horizontal irradi-
ance and clearness index - as the most significant predictors of system performance (see e.g. [1]).
Other research utilizes importance measures derived from ensemble models, especially Random
Forests, which are well suited to handling non-linear interactions and high-dimensional datasets.
These methods evaluate the contribution of each feature to reducing model variance, effectively
identifying variables such as temperature, wind speed, and solar irradiance as crucial for short-
term and day-ahead forecasting (see e.g. [3]). Additionally, univariate statistical tests, including
ANOVA F-tests and chi-squared tests, are used in several works as a computationally efficient
means of ranking feature relevance. These tests assess the statistical significance of each vari-
able with respect to the target output and are often applied in early stages of model development
(see e.g. [5]). However, such methods typically ignore multicollinearity and potential feature
interactions.

Given the diversity of approaches, feature selection techniques in PV forecasting can gen-
erally be categorized into three major groups frequently discussed in the literature: correlation-
based statistical methods, ensemble-based importance metrics, and univariate significance test-
ing. Each of these has specific strengths and limitations depending on the characteristics of the
data and the type of predictive model employed.

3. Methodology
This study analyzes the effectiveness of different feature selection approaches, grouped into
three categories, aimed at optimizing PV energy forecasting. The objective is to evaluate and
compare various feature selection techniques to identify the group of methods that most effec-
tively reduces redundancy and noise in the dataset while preserving variables that significantly
enhance predictive performance. The focus is on meteorological variables most relevant to PV
systems.

The dataset used in this study includes three years (2022-2024) of PV energy production
records from the University of Mein [4], combined with comprehensive meteorological data
obtained from satellite observations and publicly available online platforms [6, 7]. A total of
18 different features were considered. This diverse set of environmental descriptors enabled a
broad characterization of solar conditions relevant to energy production.

This study evaluates feature selection methods categorized into three groups: correlation-
based statistical methods, ensemble-based importance metrics, and univariate significance test-
ing. As a representative of the first group, the Pearson correlation-based feature selection method
was used. It employs the Pearson correlation coefficient, calculated as:

ρ(X,Y ) =

∑
(Xi − X̄)(Yi − Ȳ )√[∑

(Xi − X̄)2 ·
∑

(Yi − Ȳ )2
] , (1)

where X and Y represent the feature and the target variable, Xi and Yi are individual observa-
tions, and X̄ and Ȳ denote their means. Features with a high absolute correlation value (closer
to ±1) are considered strongly predictive of the target.

The second group of methods was represented by Random Forest-based feature selection. It
uses the feature importance measure Ij for feature j, calculated as:

Ij =
1

T

T∑
t=1

∆t,j , (2)
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where T is the total number of trees in the forest, and ∆t,j is the contribution of feature j in tree
t.

The third group employed ANOVA F-test feature selection. It uses the F-statistic, which
measures the ratio of variability between groups to variability within groups, expressed as:

F =
Between-group variability
Within-group variability

=

∑
ni(X̄i − X̄)2∑
(Xij − X̄i)2

, (3)

where ni is the number of observations in group i, Xij denotes the j-th observation in group i,
X̄i is the mean of group i, and X̄ is the overall mean.

To evaluate the impact of each feature selection method on model performance, three re-
gression algorithms were employed: K-Nearest Neighbors (KNN), Decision Trees (DT), and
XGBoost (XGB). These models were chosen for their capacity to capture both linear and non-
linear relationships, as well as for their established utility in renewable energy forecasting tasks.

Model performance was evaluated using three standard metrics: (1) RMSE, to capture the
magnitude of prediction errors with emphasis on large deviations, (2) MAPE, to express accu-
racy as a percentage of actual values, (3) R2, to indicate the proportion of variance explained by
the model. Together, these metrics provide a comprehensive assessment of forecasting accuracy
and generalization.

4. Simulation Results
As part of this study, simulations were carried out in a custom testing environment implemented
in Python, in accordance with the assumptions outlined in Section 3.

Table 1 summarizes the features selected by each of the three feature selection methods from
the 18 considered. Pearson correlation-based selection identified features with strong linear
relationships to energy output - such asKT, IUV, andRDIFF - effectively reducing dimensionality
and noise. Random Forest-based selection captured non-linear dependencies, selecting variables
like Tmax and RTOA, but sometimes introduced seemingly less relevant features. ANOVA F-test
selection emphasized individually significant features like Hsun, IUV, and KT, but could not
account for multicollinearity or feature interactions. All methods were evaluated using three
regression models: XGBoost, Decision Tree, and K-Nearest Neighbors.

In Table 2, the performance of three regression models for the considered feature selection
techniques is presented. The results revealed significant variation in model performance depend-
ing on the selected method. The best results were achieved by combining Pearson correlation-
based feature selection (a correlation-based statistical method) with the K-Nearest Neighbors
model, reaching an RMSE of 424.33, a MAPE of 6.55%, and an R2 of 0.907. This feature
selection method also achieved the best average results across all regression models (RMSE:
502.46, MAPE: 7.33%, R2: 0.862). In contrast, the average prediction performance of all
models without feature selection was the worst (RMSE: 608.43, MAPE: 8.94%, R2: 0.801),
confirming the validity of the adopted assumptions.

The obtained results confirm that the appropriate selection of weather-related features used
for predicting the electricity production level of photovoltaic panels has a significant impact on
forecast accuracy. The high effectiveness of the Pearson correlation-based method highlights
the value of linear dependency-based filtering in identifying the most relevant input variables.
Among the analyzed feature selection methods, the weakest performance was observed for the
Random Forest-based approach when combined with the Decision Tree regression model. Al-
though both this method and the ANOVA F-test selected the same number of features, the per-
formance of the Decision Tree model was lower when using features selected by Random Forest.
This suggests that, beyond the number of selected features, the type and structure of the vari-
ables - as well as their interaction with the applied regression model - play a crucial role in
prediction quality.
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Table 1. Description of features selected from a set of 18, based on all considered feature selection
techniques.

Symbol Feature Name Unit Selected by technique using
Correlation-
Based
Methods

Random
Forest-
Based
Importance
Measures

Univariate
Statistical
Tests

Tmax The highest temperature °C no yes yes
Hsun The total number of sunlight

hours
h no yes yes

IUV Strength of sunburn-producing
ultraviolet radiation

Unitless yes yes yes

Hrel Relative humidity (the amount
of water vapor present in air)

% no yes no

RTOA The total solar irradiance inci-
dent on a horizontal plane at the
top of the atmosphere

W/m2 no yes yes

RDNI Direct solar irradiance on a hor-
izontal plane aligned perpen-
dicularly to the sun

W/m2 no yes yes

RDIFF The diffuse solar irradiance in-
cident on a horizontal plane at
the surface of the earth

W/m2 yes no no

KT A fraction representing clear-
ness of the atmosphere

Unitless yes no yes

Table 2. Model Performance for Different Feature Selection Methods. Average results for each
method are bold. Lower values of RMSE and MAPE indicate better performance, whereas
higher values of R2 are preferable.

Feature Selection Methods Predictive Model RMSE MAPE R2

None (all features are used)

XGBoost 598.25 9.45% 0.811
Decision Tree 669.42 8.47% 0.758

K-Nearest
Neighbors

557.63 8.91% 0.835

Average values 608.43 8.94% 0.801

Pearson correlation-based feature
selection (correlation-based statistical
method)

XGBoost 458.16 6.72% 0.889
Decision Tree 624.89 8.71% 0.791

K-Nearest
Neighbors

424.33 6.55% 0.907

Average values 502.46 7.33% 0.862

Random Forest-based feature selection
(ensemble-based importance metric)

XGBoost 496.45 7.68% 0.868
Decision Tree 729.37 8.21% 0.715

K-Nearest
Neighbors

517.80 9.91% 0.857

Average values 581.21 8.60% 0.813

ANOVA F-test feature selection
(univariate significance testing)

XGBoost 488.92 7.43% 0.871
Decision Tree 558.20 7.79% 0.832

K-Nearest
Neighbors

529.41 8.48% 0.851

Average values 525.51 7.90% 0.851

5. Conclusions
This study addressed a key issue in PV energy forecasting: the selection of the most rele-
vant weather-related features affecting production levels. Three feature selection methods were
tested, each representing a different category of techniques commonly used in photovoltaic
energy prediction: Pearson correlation-based feature selection (a correlation-based statistical
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method), Random Forest-based feature selection (an ensemble-based importance metric), and
ANOVA F-test feature selection (univariate significance testing). The conducted simulations
demonstrated that the choice of feature selection method significantly impacts prediction ac-
curacy. Correlation-based feature selection methods proved to be the most effective, offering
an optimal balance between predictive accuracy, simplicity, and robustness. They focused on
the most relevant linear features, such as the clearness index, the strength of sunburn-producing
ultraviolet radiation, and the diffuse solar irradiance incident on the Earth’s surface. These vari-
ables helped reduce noise and overfitting while keeping the models efficient. As part of future
research, a hybrid feature selection approach is planned, combining the strengths of all the meth-
ods considered. We also intend to explore additional machine learning-based feature selection
methods, including wrapper-based and model-agnostic approaches. Furthermore, the develop-
ment of an interpretable regression model based on a flexible neuro-fuzzy system is envisioned.
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