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In parallel with population growth, the demand for electrical energy continues to rise. As
traditional energy sources have proved insufficient to meet this demand, attention has shifted
to environmentally friendly renewable energy sources, among which solar energy stands
out. Electricity generation from solar energy is achieved via photovoltaic (PV) systems.
Accurately predicting generated power using machine learning (ML) methods with low
error supports effective and efficient electricity planning. This study aims to predict solar
energy power using ML methods—Gradient Boosting Regressor (GBR), Decision Tree
Regressor (DTR), Random Forest Regressor (RFR), and AdaBoost Regressor (AR). For this
purpose, the “Solar energy power generation” dataset from Kaggle was utilized. The dataset
includes meteorological variables such as temperature, humidity, and radiation, consisting
of 21 variables and 4,212 measurements. The Relief feature selection method was used to
identify the most informative independent variables for predicting solar energy power.
Seventy percent of the data was used for training and the remainder for testing. Model
performance was examined with respect to the number of variables. To compare methods,
we employed MSE, RMSE, MAE, R?, and training time, and applied cross-validation to
enhance model performance. The results indicate that AR achieved superior predictive
performance, yielding lower errors (MSE = 0.111, RMSE = 0.333, MAE = 0.145) than the
other methods. In contrast, RFR was found to be better in terms of both speed (training time
= 2.896) and explained variance (R?=0.926). Additionally, except for DTR, all evaluated

techniques exhibited improved performance as the number of variables increased.

1. INTRODUCTION

Renewable energy sources are widely recognized as clean
alternatives to conventional energy. They have increasingly
supplanted traditional sources owing to their role in reducing
greenhouse gas emissions and mitigating global warming.
When optimally utilized, renewable resources also minimize
environmental impacts such as waste generation [1]. Among
these resources, solar energy holds a prominent place because
of its potential to reduce carbon footprints and alleviate rising
electricity costs [2-3]. Energy production from solar energy is
carried out through photovoltaic systems.

The decreasing costs of PV technologies and the relative
ease of installation have accelerated their adoption in recent
years. PV systems typically comprise solar panels, inverters,
charge controllers, solar cables, connection elements (e.g.,
MC4 connectors), and structural mounting components.
Broadly, PV installations are categorized as on-grid and off-
grid systems. On-grid (grid-tied) systems convert solar energy
into grid-quality electricity in real time via an on-grid inverter.
As they do not include storage, they are often described as
battery-less systems and thus cannot be used effectively when

solar irradiance is insufficient. These systems are commonly
deployed for self-consumption and for selling surplus
electricity to the distribution utility. In addition to purely on-
grid systems, grid-assisted and hybrid configurations are also
used. A representative schematic is provided in Figure 1.
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Figure. 1. On-grid photovoltaic system design [4]
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Off-grid systems, by contrast, are battery-based and are
typically installed in locations without access to the power
grid or where extending transmission lines is impractical. In
such systems, energy harvested from solar panels is stored in
batteries and subsequently used to meet demand during hours
when panels cannot generate electricity (e.g., at night). A
representative schematic is provided in Figure 2.
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Figure. 2. Off-grid photovoltaic system design [4].

The power delivered by PV systems is influenced by
project design, climatic conditions, and panel characteristics.
Accurate power prediction is therefore essential for cost-
effective energy planning [4]. In power calculations, panel
capacity is generally sized above the demand load to ensure
efficient operation. Although initial capital costs can be high,
payback periods may be relatively short. PV generation is
particularly sensitive to solar radiation intensity, temperature,
humidity, and wind speed. Photovoltaic energy production is
affected by factors such as solar radiation intensity,
temperature, humidity, and wind speed [5]. Because these
variables fluctuate over time, uncertainty in energy production
is unavoidable. Consequently, there is a pressing need to
design systems capable of operating under varying conditions
and to predict the amount of electricity they will produce [6-
7]. Reliable predictions, in turn, support effective strategies
for electricity production, distribution, and storage across the
grid [8-9]. The literature accordingly documents a growing
number of studies that employ machine learning (ML) to
predict solar power.

Machine learning comprises a family of methods that learn
from historical data to make predictions, uncovering complex
relationships among variables that may be difficult to detect
with traditional techniques [10]. The success of ML depends
on both data characteristics and algorithmic performance [11].
As a field, ML integrates concepts and tools from artificial
intelligence, information technology, and statistics [12].

This study aims to predict solar energy power using ML
methods—specifically Gradient Boosting Regressor (GBR),
Decision Tree Regressor (DTR), Random Forest Regressor
(RFR), and AdaBoost Regressor (AR). To our knowledge, few
studies have jointly applied this particular set of methods to
the problem of solar power prediction, and even fewer have
examined how prediction performance changes with different
numbers of predictor variables.

The contributions of this study to the literature include:
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e It employs ML methods to predict solar energy
production from weather-related variables.

e It identifies the most informative predictors of solar
power using the Relief feature selection method.

e It examines model performance as a function of the
number of variables included.

e It evaluates models using MSE, RMSE, MAE, R?, and
training time to determine the best-performing approach.

e |t offers a comparative assessment across regression-
based ML methods.

e By developing a model that minimizes prediction error, it
highlights the practical impact of ML for solar power
forecasting.

The remainder of the paper is organized as follows.
Section 2 reviews prior work on solar power prediction and
the methods evaluated in this study. Section 3 describes the
dataset and methodological procedures. Section 4 reports the
analysis results, and Section 5 discusses the findings and
offers recommendations.

2. RELATED WORKS

The literature reports extensive use of machine learning
(ML) techniques to forecast photovoltaic (PV) power output.
Rajulu et al. [13] aimed to predict power using Linear
Regression (LR), Random Forest Regressor (RFR), Support
Vector Regression (SVR), k-Nearest Neighbor Regression
(KNNR), Extreme Gradient Boosting (XGBoost), Decision
Tree Regressor (DTR), Lasso Regression (LassoR), and
hybrid ML approaches. Sandeep et al. [14] employed
XGBoost, DTR, RFR, SVR, LR, k-Nearest Neighbors (KNN),
Artificial Neural Networks (ANN), and hybrid ensemble
methods for the same purpose. Similarly, Abdullah et al. [10]
utilized LR, SVR, kNNR, DTR, RFR, Multilayer Perceptron
(MLP), and Gradient Boosting Regressor (GBR).

Erten and Aydilek [15] investigated solar power prediction
with LR, Ridge Regression (RidgeR), LassoR, and Elastic Net
Regression (ElasticR). In a related study, Babu et al. [16]
applied Multiple Linear Regression (MLR), RidgeR, LassoR,
DTR, SVR, RFR, AdaBoost, Bagging, and GBR.
Buyikbicakci [17] explored genetic algorithms (GA), Support
Vector Machines (SVM), and GA-SVM. Nur et al. [4]
employed Artificial Neural Networks (ANNSs). Mohanty et al.
[18] used Bayesian Linear Regression and Light Gradient
Boosting Machine (LightGBM) to model PV power. Pachauri
et al. [19] examined solar energy production using GA, while
Chang and Jia [20] proposed a hybrid system. Moreover,
Mohanty, Pati, and Mahapatra [21] investigated deep learning
architectures—Convolutional Neural Networks (CNN) and
Long Short-Term Memory (LSTM)—for solar power
prediction.

These prior studies demonstrate a wide spectrum of ML
and deep learning approaches for PV power forecasting.
However, relatively few have jointly evaluated the specific
combination of GBR, DTR, RFR, and AdaBoost Regressor
(AR), and even fewer have systematically analyzed how
performance varies with the number of predictor variables—
an empirical gap the present study addresses.
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3. MATERIAL AND METHOD

This study employed the “Solar Energy Power
Generation” dataset from Kaggle to predict solar energy
power [22]. The dataset comprises 21 weather-related
variables and 4,212 observations. Descriptive statistics for all
variables used in the analysis are presented in Table 1. In
subsequent analyses, the Relief feature selection method was
used to rank predictor importance (see Results, Table 2).

TABLE 1
DESCRIPTIVE STATISTICS OF THE VARIABLES

Variables Unit Min Max Mean De\?itgfion
Temperature 2m oc 535 34.90 15.07 8.85
above ground
Relative humidity % 7 100 51.36 23.53
2m above ' )
Mean sea level % 998 1047 1019.34 7.02
pressure
Total precipitation % 0 3 0.03 0.17
Snowfall amount % 0 2 0.00 0.04
Total cloud cover % 0 100 34.06 42.84
High cloud cover % 0 100 14.46 30.71
Medium cloud cover % 0 100 20.02 36.39
Low cloud cover % 0 100 21.37 38.01
Shortwave radiation w 0 952 387.76 278.46
backwards m? ' '
Wind speed at 10 m m
above ground s 0.00 61.18 1623 °88
Wind direction at 10 m 0.54 360.00 195.08 106.63
m above ground s ) ) i :
Wind speed at 80 m m 0.00 66.88 18.98 12.00
above ground s ) : ' i
Wind direction at 80 m 112 360.00 191.17 108.76
m above ground s : ) i :

= m
Wind speed < 0.00 61.11 16.36 9.89
Wind direction ? 112 | 36000 | 192.45 106.52
Wind gust at 10 m m 0.72 84.96 20.58 12.65
above ground s
Angle_of incidence | peqree 3.75 121.63 50.84 26.64
Zenith Degree | 17.72 | 128.41 59.98 19.86
Azimuth Degree | 54.37 | 289.04 | 169.17 64.57
Generated_power_ KW | 0.0006 | 3056.79 | 1134.35 937.96

3.1. Gradient Boosting Regressor

The Gradient Boosting Regressor is an ensemble
technique introduced by Friedman that combines multiple
weak learners—typically regression trees—via stage-wise
additive modeling and gradient-based optimization [23]. GBR
iteratively fits trees to the residuals of the current model to
minimize a specified loss (here, mean squared error) [24-25].
Model accuracy is improved by appropriately selecting the
number of iterations (trees) and related hyperparameters [26].
Concretely, a first tree is fit to the data; residuals (actual minus
predicted) are computed and used to fit the next tree, and so
on, thereby emphasizing harder-to-predict observations and
reducing overall error through gradient optimization [23, 27].

3.2.Decision Tree Regressor

Decision trees provide supervised models for both
classification and prediction and are used to derive transparent
decision structures [28-30]. For regression, the tree is built by
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iteratively applying binary splits that minimize impurity—
commonly the sum of squared deviations from the mean—
until stopping criteria are met [31-33]. Internal (decision)
nodes specify feature thresholds; leaf nodes store numerical
targets. The root node corresponds to the split offering the
largest error reduction [32]. Tree depth and minimum node
size are typically constrained to avoid overfitting.

3.3.Random Forest Regressor

Random Forest (RF) is an ensemble of decision trees
constructed on bootstrapped samples and randomized feature
subsets [34-36]. It integrates ideas from bootstrap aggregation
and randomized splits to reduce correlation among trees,
thereby lowering variance and improving generalization [37-
40]. In regression, the Random Forest Regressor (RFR) builds
many trees in parallel and averages their predictions. As an
extension of CART-style trees, RFR often achieves higher
accuracy than a single tree by averaging many noisy but
unbiased learners [26, 38-39].

3.4. Adaboost Regressor

Boosting algorithms aim to improve weak learners by
iteratively reweighting training instances so that subsequent
learners focus more on previously misfit cases [41]. Among
boosting methods, AdaBoost (Adaptive Boosting)—
developed by Freund and Schapire (1997)—is widely used
and theoretically well-founded [42-43]. AdaBoost can address
both classification (e.g., AdaBoost.M1/M2) and regression
tasks (AdaBoost.R, hereafter AR) [44]. AR typically employs
shallow trees as base learners; at each iteration, instance
weights are updated according to residual errors, and the final
prediction is a weighted aggregation of base learners [47-50].
AR is fast and simple to implement and can reduce both bias
and variance, though it may be sensitive to outliers and noisy
data; if base learners are weak in performance, the aggregate
model may also underperform [38, 44].

Performance Metrics

The following metrics were used to evaluate model
performance: MSE, RMSE, MAE, and R2R"2R2

1 ~
MSE = XL, (i — 91

1)

RMSE = [=3N,(y; — 91)? @

MAE = 31,1y ~ i )
N 52

R2=1— % 4)

[51,52].

4, RESULTS

Before conducting the main analyses, multicollinearity
diagnostics were performed. Multicollinearity is typically
indicated when VIF > 10 and tolerance < 0.1 [53]. In the
present data, VIFs ranged from 1.752 to 4.642 and tolerance
values from 0.215 to 0.571, which indicates no
multicollinearity concerns. After confirming that the dataset
contained no missing values, a z-transformation was applied.
The dependent variable was defined as solar energy power.

Next, the Relief feature selection method was used to
identify the most informative predictors (Table 2). Relief
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employs a nearest-neighbor search to capture feature
interactions in high-dimensional data and was preferred for its
ability to detect complex patterns, handle mixed data types,
and offer computational efficiency [54]. To examine how
predictor set size affects performance, models were trained
with the top 5 variables, top 10 variables, and all variables. To
support generalizability, 10-fold cross-validation was
employed, and models were evaluated using the software’s

default hyperparameters.
TABLE 2
VARIABLES CONSIDERED IMPORTANT ACCORDING TO RELIEF FEATURE
SELECTION METHODS
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obtained in the study conducted by Babu. The least important
variables are snowfall amount and total precipitation.

Before proceeding with the analyses, 70% of the data was
designated as training data, and 30% as test data. On the other
hand, in order to determine the relationship between the
dependent variable—solar energy power—and the other
variables used in the study, Spearman’s correlation coefficient
was employed. According to the Spearman correlation
analysis, the variables with the highest correlation with solar
energy power are, respectively, zenith, angle of incidence, and
shortwave radiation. The correlation coefficient between solar
energy power and zenith was —0.68, between solar energy
power and angle of incidence —0.67, and between solar energy

Performance of methods according to number of variables
100
80

4
. | FELE OERE ol AR O
5 10 All 5 10 All 5 10 All 5 10 All

GBR DTR RFR AR

o]
o O O

B MSE mRMSE MAE ER2

Figure 3. Performance of the methods with respect to the number of
variables

As seen in Table 2, according to the Relief feature
selection method, the most important factor affecting solar
energy power is the angle of incidence. The next most
important variable is azimuth. A similar result was also

Variables Relief (Score) e N
power and shortwave radiation 0.55. Lower correlations were
1 | Angle of incidence 0.118 f ;
ound between solar energy power and the other variables. In
2 | Azimuth 0.113 addition, a positive relationship was identified with shortwave
3 | Shortwave radiation backwards 0.097 radiation and temperature, while negative relationships were
- — - found with the other variables.
4 | Relative humidity 2m above grid 0.091
5 | Zenith 0.086 TABLE 3.
PERFORMANCE METRICS FOR THE METHODS
6 | Temperature 2m above grid 0.079
7 | Mean sea level pressure 0.074 Method Variables MSE RMSE MAE R? T”f‘"““g
number time
8 | High cloud cover high 0.071 5 0.244 0.494 0.340 | 0.758 8.276
9 | Wind speed 80m above grid 0.055 GBR 10 0.236 0.486 0.334 | 0.766 18.760
10 | Wind direction 80 m above grid 0.055 All 0.201 0.448 0.307 0.800 26.028
11 | Wind gust 10m above grid 0.053 5 0.248 0.498 0.249 | 0.754 10.928
12 | Wind speed 900 mb 0.051 DTR 10 0.262 0.511 0.252 0.741 19.527
13 | Wind speed 10 m above grid 0.050 All 0.234 0.484 0.238 | 0.768 38.264
14 | Wind direction 900 mb 0.044 5 0.188 0.434 0.249 0.813 2.896
15 | Wind direction 10m above grid 0.044 RFR 10 0.175 0.418 0.240 0.826 5.625
16 | Total cloud cover low 0.031 All 0.138 0.371 0.214 | 0.926 8.913
17 | Low cloud cover low 0.026 5 0.177 0.421 | 0.183 | 0.825 11.084
18 | Medium cloud cover mid 0.021 AR 10 0.159 0.399 0.172 0.842 20.524
19 | Total precipitation 0.006 All 0.111 0.333 | 0.145 | 0.890 33.346
20 | Snowfall amount 0.000

Table 3 illustrates that, when all variables were considered,
the AR method achieved superior predictive performance—
evidenced by lower errors—compared to the other
approaches. For the AR method, the MSE, RMSE, and MAE
values were determined to be 0.111, 0.333, and 0.145,
respectively. Conversely, with respect to the Rz metric, the
RFR method was observed to outperform the alternatives. The
Rz value indicates the proportion of variance in the dependent
variable explained by the independent variables. According to
the RFR method, solar power generation is explained by the
independent variables at a rate of 92.6%. Furthermore, in
terms of computational speed, the RFR method demonstrated
superior efficiency when five variables were employed. The
analysis also revealed that, with the exception of the DT
method, all evaluated techniques exhibited enhanced
performance as the number of variables increased. Figure 3
illustrates the performance of the methods with respect to the
number of variables.

The literature shows that there are studies supporting our
findings [55-61]. In contrast to our results, some studies have
also demonstrated that the use of feature selection methods has
a positive effect on the performance of the methods [63-64].
Furthermore, the literature indicates that there are studies
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suggesting that the number of variables does not have a
significant impact on the performance of the methods [41, 64—
68].

In the present study, it was observed that the GBR, RFR,
and AR methods, belonging to the family of ensemble learning
approaches, demonstrated superior predictive performance
compared to the DTR method. As is well known, ensemble
methods are algorithms that combine multiple decision trees
to generate stronger regressors. It has been noted that these
methods provide more robust predictions compared to
individual trees [69-72].

5. CONCLUSION AND SUGGESTIONS

The present study utilized machine learning methods,
specifically GBR, DTR, RFR, and AR, to predict solar energy
power. Although a small body of work has combined the
methods adopted in this study, the literature lacks systematic
evaluations of their comparative performance as a function of
variable-set size. Table 3 compares the results of this study
with those of previous studies conducted to predict solar
energy power.

Table 4 illustrates that the present study’s results exhibit
superior performance—evidenced by lower error rates—
compared to those of other studies,

Recently, due to the increasing world population and the
parallel development of technology, the global demand for
energy is rising [73], Among the efforts to meet this demand,
there is growing interest in environmentally friendly
renewable energy sources, Solar energy, being a reliable,
cheap, and clean energy source, is the most preferred among
these sources [74], Accurately predicting the power generated
by PV systems through machine learning methods makes it
possible to optimally plan energy production, which is a key
indicator of economic growth. In this way, strategies can be
developed based on the prediction results.

Therefore, using machine learning methods to make more
robust predictions of solar energy power is considered
important. Based on prediction results, it is crucial for
countries to develop strategies related to energy management,
In this study, we evaluated the performance of the ensemble
methods GBR, RFR, and AR, alongside the single-model
baseline DT, for forecasting solar power. The findings indicate
that the ensemble approaches outperform DTR. We also
examined performance as a function of the number of
predictors. In machine-learning models, the predictor count
directly affects model complexity, generalization capacity,
and computational efficiency: too few variables simplify the
model and may limit its ability to learn complex relationships,
leading to underfitting; too many variables can induce
overfitting to the training data and degrade test performance.
The appropriate number of variables depends not only on data
volume but also on model class and application context. For
these reasons, careful variable selection is essential for
improving model performance [75].

Future research could further analyze how performance
varies across different predictor set sizes. Beyond the methods
investigated here, alternative algorithms such as LSTM, GRU,
Transformer architectures, Bagging, MARS, and artificial
neural networks could be considered. Researchers might also
study the effects of varying sample sizes, cross-validation
schemes, and hyperparameter settings. In the present work,
feature selection was performed with the Relief algorithm;

subsequent studies could compare alternative feature-
selection and dimensionality-reduction techniques. Finally, to
enhance external validity, models should be tested on datasets
drawn from diverse geographic regions and climatic
conditions.

TABLE 4.
COMPARISON OF THE CURRENT STUDY WITH STUDIES IN THE LITERATURE
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Study Method MSE RMSE | MAE R? Trt?:r':éng
GBR 0201 | 0.448 0307 | 0.800 26.028
The
Current DTR 0234 | 0.484 0238 | 0.768 38.264
Study (Al | pep 0138 | 0371 0214 | 0926 8.913
variables)
AR 0111 | 0.333 0145 | 0.890 33.346
[\i‘]” et al | AnN 0.59 077 0.42 0.84
Lineer R 0.28 053 0.35 071
RFR 0.23 0.48 0.28 0.77
SVM 0.28 053 0.35 0.72
. DTR 031 0.56 0.28 0.69
Rajulu et al,
[13] KNN 0.24 0.49 0.30 0.76
XGBoost 0.18 0.42 0.23 0.82
LassoR 0.28 0.530 0.35 0.72
Hybrid
L 017 | 0410 0.23 0.83
XGBoost 0.27 051 0.33 0.74
DTR 0.42 0.65 0.37 0.60
RFR 0.22 0.47 0.30 0.77
ANN 0.24 0.49 0.32 0.76
Sandeep et
al. [14] SVR 0.23 0.48 0.29 0.76
LR 0.30 0.55 0.42 0.69
KNN 0.23 0.48 0.31 0.75
Hybrid 0.21 0.21 0.29 0.79
ensemble
MLR 352465.70 | 559.60 | 412.27 0.60
RR 252465.60 | 502.46 | 386.69 0.73
LassoR 252465.6 | 502.46 | 386.69 0.73
GBR 158550.33 | 399.44 | 253.62 0.83
'[31%?” etal. | pyg 22210013 | 47137 | 286.03 0.75
SVR 557635.43 | 746.75 | 616.352 0.39
RFR 164088.80 | 405.07 | 258.06 0.82
AR 28458140 | 533.46 | 427.64 0.69
BR 178778.30 | 422.82 | 265.82 0.81
Biylkbica | GA 0.07 0.13
kci et al,
[17] SVM 0.04 0.09
GA-SVM 0.02 0.03
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