
Academic Editors: Roberto Romano,

Alessandro Lampasi and

Sabino Pipolo

Received: 4 November 2024

Revised: 6 December 2024

Accepted: 12 December 2024

Published: 1 January 2025
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Abstract: The real-time prediction of energy production is essential for effective energy
management and planning. Forecasts are essential in various areas, including the efficient
utilization of energy resources, the provision of energy flexibility services, decision-making
amidst uncertainty, the balancing of supply and demand, and the optimization of online
energy systems. This study examines the use of tree-based ensemble learning models for
renewable energy production prediction, focusing on environmental factors such as tem-
perature, pressure, and humidity. The study’s primary contribution lies in demonstrating
the effectiveness of the bagged trees model in reducing overfitting and achieving higher
accuracy compared to other models, while maintaining computational efficiency. The
results indicate that less sophisticated models are inadequate for accurately representing
complex datasets. The results evaluate the effectiveness of machine learning methods in
delivering valuable insights for energy sectors managing environmental conditions and
predicting renewable energy sources

Keywords: environmental factors; renewable energy sources; machine learning; EL;
decision tree

1. Introduction
In recent years, scientists have been working on the use and development of systems

based on machine learning principles. Machine learning systems achieve almost 100%
accuracy in predicting results based on input data with advanced algorithms. Renewable
energy production prediction from alternative energy sources is becoming increasingly
critical in revealing economic potential and promoting sustainable practices. Machine
learning (ML) is a powerful tool that provides almost optimum precision in energy pro-
duction prediction applications in renewable energy sources. Prediction has significant
problems, including data quality fluctuations, environmental uncertainty, and complexities
of energy systems. These problems require the investigation of sophisticated ML techniques
designed specifically for the renewable energy sector [1]. Such problems have led to various
algorithms and artificial intelligence models over time. New algorithms, new approaches
emerge, and solutions are produced day by day. ML models use different methods for
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classification, prediction, and detection. In these methods, certain paths are followed for
training the data. Generally, ML techniques are divided into four categories: supervised,
unsupervised, semi-supervised, and reinforcement learning [2–4].

Tree-based models play an important role in predictions of renewable energy resources.
Tree-based models are important in improving the energy prediction accuracy in renew-
able energy resources [5]. Ensemble learning (EL) has shown significant effectiveness in
improving the prediction stability using multiple models. EL approaches such as bagging,
boosting, and stacking have increased the accuracy and robustness in various applications
including renewable energy prediction [6]. Although ML approaches have shown ver-
satility in various fields, their use in real-time renewable energy prediction has not yet
been sufficiently explored. Precise prediction models are essential for improving energy
production, storage, and integration in smart grids, especially for renewable resources.

This study aims to fill this gap by using tree-based ensemble learning methodologies
to increase the accuracy and reliability of renewable energy forecasts, especially targeting
photovoltaic production. The effect of the methodologies used in increasing the accu-
racy of energy production forecasts under different weather environmental conditions
is highlighted. The effects of weather conditions are an important step in revealing the
connections between the factors affecting energy production, and these connections are
critical for making accurate forecasts. While traditional econometric methods, such as
regression analysis, have been widely used in renewable energy prediction, they often
struggle to capture the non-linear and dynamic interactions between environmental factors
and energy production. This study highlights the advantages of machine learning ap-
proaches, particularly ensemble learning methods, in addressing these challenges through
improved accuracy and robustness. In addition, the novelty of this study lies in its system-
atic evaluation of tree-based ensemble learning methods, such as bagged and boosted trees,
for renewable energy prediction. Unlike prior works that focus on standalone models, this
study integrates environmental factors and compares computational efficiency, thereby
providing practical insights for optimizing energy management systems.

1.1. Literature Review

The literature indicates significant advancements in ML, especially in EL and tree-
based algorithms. The methods, including random forests (RF), Gradient Boosting Ma-
chines (GBM), and their derivatives, have reliably attained elevated accuracy in predicting
endeavors [7]. The study [8] demonstrated that RF algorithms have exhibited 99% accuracy
on datasets such as MNIST, signifying their reliability in classification jobs.

In renewable energy, the precision of prediction is crucial; nonetheless, difficulties
remain due to data variability and the unpredictable nature of energy sources. Current
research has predominantly concentrated on theoretical progress rather than practical
implementation [9–14]. Recent studies in renewable energy prediction highlight the ne-
cessity for tailored models to tackle domain-specific issues [15]. The proposed model
in [16] employs sophisticated ML approaches, including genetically optimized Convo-
lutional Neural Networks (CNN), Long Short-Term Memory (LSTM), and Bidirectional
LSTM (BiLSTM), to categorize strokes. Wildwood is a revolutionary RF methodology that
offered efficient subtree aggregation for batch-supervised learning, presenting potential
applications in renewable energy contexts. Likewise, sophisticated ML models such as
genetically optimized CNN and LSTM networks have improved predicted accuracy and
potentially fostered advancements in energy forecasting [17,18]. There are also several
studies on enhancing security predictions with tree-based applications [19–24]. Table 1
provides detailed highlights of different tree-based approaches and features used in the
literature toward identifying the research gaps. EL optimizes Mutual Information Criterion



Appl. Sci. 2025, 15, 336 3 of 18

(MIC) strategies in DL with consortia of classifiers trained from the same dataset to provide
improved classification performance [25].

EL is a method that combines multiple models to enhance the overall generalization
and prediction ability of a classification or prediction model [26]. Yang and Chen aimed
to produce an often more accurate ensemble than any individual model. Their practical
performance fueled extensive interest in the development of a variety of applications [24].
In essence, EL methods often yield higher predictive accuracy and generalize better on new
datasets than any of the single models. There can be marginal effectiveness over single
models but they require additional computational resources and algorithm sophistica-
tion [27,28]. There have been efforts using EL to provide more robust global support while
handling local and regional details using model training based on regional features [29,30].
Many factors can impact EL’s performance, including the choice of base learners, how
they are combined, how to manage base learner learning processes, and how to refine
the final model, among others [31]. Several theoretical and numerical deep forest studies
have shown the existence of a difficult counterpart between the difficulties paramount
for EL models’ functioning and the characteristics of the training data [32]. Each of these
techniques applies to any learning algorithm, making them suitable for classification as
wrapper methods. In addition, the final prediction for regression, classification, or probabil-
ity prediction tasks can be obtained using a weighted average, majority voting, or product
of probability values [33].

Table 1. Highlights of the literature comparison.

Ref. ML
Explanation

EL
Explanation

Real Time
Data Usage

Proposed
Algorithm

Tree Based Meth-
ods Comparison

Enhancing
Results Suggestions

[34]
√

X X RF X X X

[35]
√ √ SVM, MLPNN, DT,

GBM, KNN X
√

X

[7] X X
√

Victim Detection Decision Tree
√ √

X

[36]
√ √

X X X X X

[15]
√

X

√

University of Wis-
consin Hospitals

CNN, LSTM,
bİLSTM X

√
X

[16] X X SVM With Kernel X
√

X

[18] X X
√

Telecom Industry Decision Tree X
√

X

[24] X X X
Random

Forest, SVM,
Naive Bayes

X
√ √

Spam Detection

[19] X X X
Random

Forest, SVM,
Neural Networks

X
√

X

This Study
√ √ √ √ √ √ √

Table 1 highlights the need for advanced ML and ensemble learning techniques
to address the challenges of renewable energy forecasting. It connects the theoretical
background to the practical methodologies used in the study, laying the foundation for
the research. Table 1 is not just a summary of prior research but also a tool for critically
analyzing the field of renewable energy forecasting. It provides a clear rationale for
the methodologies adopted in the study and serves as a benchmark for evaluating the
performance of tree-based and ensemble learning models in energy prediction tasks. Also,
it demonstrates the evolution of renewable energy forecasting methods, transitioning
from traditional econometric models to machine learning-based approaches. The results
presented in this study align with the literature, confirming the superiority of ensemble
learning methods over traditional techniques in terms of accuracy and robustness.

Upon examining its past, the EL traces back to the method of bagging proposed by
Leo Breiman [37], which combines multiple decision tree models trained on different sub-
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sets of the training data using different random instances of feature subsets. The method,
also called Bagging Bootstrap Aggregating, was introduced in 1996 [38]. It is known for
reducing the variance, overfitting, and noise in the dataset. In the beginning, several
bootstrap samples for the training dataset are generated, and a separate model is trained
on each of the datasets by its own training set. After the method of boosting by Robert
Schapire in 1990 was proposed [39], EL entered its increasing period. In boosting, multiple
weak models are combined to give a good model. It is a method that is used to reduce bias.
The weak model in derivative boosting is the one that is better than random classification.
The error in boosting is minimized by training another model with a dataset that has more
instances whose prediction is not correct. During the prediction of an observation, the
weighted majority vote of the modeling is an example of an EL method. The term GBM
is described by Friedman with his regression technique [40]. Multiple additive regres-
sion trees (MART) is an advancement of gradient-boosted models as also developed by
Friedman et al. [40]; with Breiman’s report [41], Mason, Baxter et al., and Friedman referred
to the generalized abstract class of algorithms on different applications [42–44]. Elith et al.
generalize that method as “Boosted Regression Trees” (BRT) [45]. GBM is the name given
to it by a well-known open-source R implementation [46], whereas packages that enhance
this work use BRT [47]. Another term for it is TreeNet, named for an early commercial
implementation made by Dan Steinberg of Salford Systems, one of the academics who first
used tree-based approaches [48].

Nonetheless, practitioners have since derived various ensemble methods and steadily
expanded their applicability to many areas in the context of different learning algorithms.
For example, well-known ensemble methods like random forests, Adaboost, and Gradient
Boosting Decision Tree (GBDT), and their variants have been extensively used and studied.
Recent experimental results have shown that ensembles can provide significant gambling
enhancement when used as classifiers [49]. The study shows that ensemble learners have
been successfully used in a wide variety of applications, analyzing data from images, audio,
video, and text databases [50]. The EL method derives from empirical research, spanning
several application domains and analytics tasks, showing that in practice [51], a group of
weak learners (not too weak, not too strong) can outperform a single model or a collection
of stronger learners.

1.2. Impact of Environmental Conditions on Renewable Energy Forecasting in the Literature

Environmental conditions play a pivotal role in renewable energy production. Factors
such as temperature, humidity, solar irradiance, and wind patterns introduce variability
that complicate accurate forecasting. Studies emphasize the necessity of incorporating real-
time environmental data into ML models to enhance prediction accuracy. For instance, the
research demonstrates that integrating weather forecasts with ML algorithms significantly
improves the reliability of solar energy predictions and highlights the effectiveness of these
models in improving prediction accuracy [52].

Research on case studies on renewable energy predictions are worldwide:
Mexico by 2050: A study by the International Renewable Energy Agency (IRENA)

outlines Mexico’s potential to achieve a 100% renewable energy system by 2050. The
research emphasizes the importance of integrating solar and wind energy, considering the
country’s diverse climatic conditions. Advanced forecasting models are recommended to
manage variability and ensure grid stability [53].

Latin America and the Caribbean by 2050: IRENA’s report on the region highlights the
feasibility of a renewable energy transition, focusing on the integration of hydropower, solar,
and wind resources. The study discusses the need for robust forecasting tools to address
environmental challenges such as seasonal variability and extreme weather events [53].
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Spain: Research published in the journal Renewable Energy examines Spain’s path to
a 100% renewable energy system. The study utilizes machine learning models to predict
energy production from solar and wind sources, accounting for environmental factors like
temperature and wind speed. The findings suggest that accurate forecasting is crucial for
effective energy management and policy planning [54].

Japan: A study in the journal Energy explores Japan’s renewable energy prospects,
emphasizing the role of advanced forecasting models in managing the country’s unique
environmental conditions, including typhoons and seasonal changes. The research high-
lights the integration of machine learning techniques to improve the accuracy of energy
production predictions [55].

Island Case Studies (Canary and Galapagos Islands): Research on the Canary Islands
investigates the challenges of achieving 100% renewable energy in isolated systems. The
study emphasizes the importance of accurate forecasting models to manage the variability
of renewable sources and ensure energy security [56]. Similarly, a study on the Galapagos
Islands discusses the integration of renewable energy sources and the necessity of reliable
prediction models to address environmental challenges unique to island ecosystems [57].

Southeast Asia by 2050: An analysis by IRENA focuses on Southeast Asia’s renewable
energy outlook, highlighting the region’s potential for solar and wind energy. The report
underscores the need for advanced forecasting tools to manage environmental factors such
as monsoons and tropical storms, which significantly impact energy production [52].

In conclusion, the literature research shows that achieving 100% renewable energy
by 2050 in various regions necessitates the development and implementation of advanced
forecasting models that account for environmental conditions. Machine learning techniques
offer a viable solution to enhance prediction accuracy, thereby facilitating the integration of
renewable energy sources into existing power systems. Also, renewable energy generation
prediction presents numerous challenges such as the following:

Data Quality and Variability: Includes variable environmental conditions that impact
data reliability.

Intricacy of Energy Systems: The interplay of various variables, including meteorolog-
ical conditions and energy consumption, complicates modeling.

Integration with Smart Grids: Precise predictions are crucial for equilibrating energy
supply and demand in real time.

Confronting these problems necessitates resilient ML models that can adjust to chang-
ing settings and yield interpretable outcomes. In addition, prediction photovoltaic (PV)
energy has emerged as a vital element of renewable energy systems. ML approaches, such
as support vector machines (SVM), artificial neural networks (ANN), and EL methods,
have been extensively utilized. Research demonstrates that ensemble methods, including
GBM and RF, surpass conventional statistical techniques in predicting PV production by
effectively capturing non-linear correlations and minimizing errors.

The incorporation of real-time data, including solar irradiance and meteorological
variables, improves the precision of photovoltaic forecasting models. Nonetheless, obstacles
persist in expanding these models to accommodate greater datasets and integrating long-
term forecasts. Subsequent studies ought to concentrate on enhancing machine learning
techniques to mitigate these constraints and augment the incorporation of photovoltaic
predictions into smart grid systems. This study confirms the supremacy of ML methods,
particularly bagged trees, over traditional econometric approaches in renewable energy
prediction. By effectively handling non-linear relationships and complex environmental
interactions, ML models provide a significant advancement in accuracy and practicality for
real-world applications
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The reasons why DL models are superior to decision trees can be stated as follows:
Since it can extract features from data, it learns more complex relationships and patterns.
Model performance increases in large datasets. It has a higher performance than decision
trees. This is because it contains more parameters. However, the low number of parameters
in the dataset examples given in our study has led to the preference for decision trees
instead of DL models, since they contain little information such as temperature, humidity,
and pressure. This allows important information to be obtained in terms of explaining how
the model makes decisions. It enables the interpretation of the given parameters and the
emergence of relationships between them. In addition, having low computational costs
allows it to produce the results more quickly. Another factor in preferring decision trees is
that there is no need for data pre-processing.

This research combines ML techniques with specialized knowledge to improve the
precision of renewable energy predictions. The study seeks to deliver practical insights for
optimizing energy production and integration by utilizing advanced ML approaches such
as EL models. The results are anticipated to enhance the wider implementation of ML in
renewable energy, tackling both theoretical and practical deficiencies.

Notwithstanding the considerable progress in machine learning methodologies for
renewable energy forecasting, there is a deficiency in studies that thoroughly assess tree-
based ensemble algorithms in real-time contexts. Moreover, the majority of the research
neglects the computational efficiency of these models, which is essential for practical
use. Also, this study addresses this gap by performing a thorough investigation of tree-
based algorithms, highlighting their accuracy, resilience, and computational viability for
photovoltaic energy prediction across diverse environmental conditions.

2. Materials and Methods
Using decision trees to estimate energy production from solar panels provides sig-

nificant advantages. Decision trees are easy to use and interpretable, do not require data
preprocessing, and can model non-linear relationships. Non-linear energy production
and the factors affecting it affect energy production in different environmental conditions.
Decision trees can model this complex relationship flexibly and detail the effects of envi-
ronmental factors. In addition, since these models do not have the risk of over-learning,
they can demonstrate their generalization abilities. Providing flexibility, accuracy, inter-
pretability, low cost, and high speed reveal the advantages of these models used for the
purpose of the present study. In this section, the methodology used to examine the effects
of environmental conditions on renewable energy estimates will be discussed in detail.
The accurate prediction of renewable energy resources including solar is very important
for providing energy management and sustainability insights. The present study pro-
vides detailed information on improving the performance of tree-based learning methods
linked to the effects of environmental variables. Different tree structures such as fine tree,
medium tree, coarse tree, bagged tree, and boosted tree are among the methods used make
it possible to effectively model the complexity and variability in the dataset. In-depth
analyses will be made on how each of these methods responds to the characteristics of the
dataset and environmental conditions, and the reliability and validity of the results will
be evaluated. In addition, information about the scope and content of the datasets used
will be provided, and the training processes and performance criteria of each model will be
detailed. Consequently, the role of environmental factors in renewable energy estimates
will be realized while having the literature of the field contributed.
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2.1. Data Description

The study used a data collection that includes temperature, pressure, humidity, and
solar energy production. Table 2 includes the maximum, minimum, and median data of
temperature, pressure, humidity, and energy amounts in the dataset used from 17,544 data
points. The dataset includes real-time solar energy production amounts originating from
the EPİAŞ platform, which is the authorized data supplier for Turkey’s energy provider [58].
The dataset, taken every hour for 729 days for 24 months, was collected from a 1 MW
solar power plant located in Sivas City Center for the period of January 2020—December
2021. Environmental data are accessed simultaneously from Meteonorm and Weatherspark
databases through the same interface.

Table 2. Statistical information about the dataset.

Max Min Median

Temperature (◦C) 39.2 −22.9 10.5
Pressure (Psi) 888.2 854.6 872

Humidity (RH) 97 −22.9 62
Solor Production (MWe) 10.04 854.6 0

2.2. Variable Description

The variables used in this study are as follows:
Temperature (◦C): Affects the efficiency of solar panels, with higher temperatures

often leading to reduced energy conversion efficiency.
Pressure (Psi): Represents atmospheric conditions that influence solar irradiance and,

consequently, energy generation.
Humidity (%): Determines atmospheric clarity, impacting the amount of solar radia-

tion reaching the panels.
Solar Energy Production (MW): The target variable, representing the energy output of

the solar plant.
The K-Fold cross-validation [59] method was used in the study. The data were made

using 5-fold cross-validation and was set to 20% for 80% test for training. K-Fold cross-
validations provide the opportunity to divide the dataset into k equal parts and use each
part as a training-test set, respectively. Consequently, the assessment of the complete
dataset is guaranteed. In other methodologies [60], the random selection of training and
test sets may, in certain instances, result in the test set providing a misleading assessment
of the model’s overall performance. Although the Stratified K-Fold method [61] performs
better in cases where the classes are imbalanced, the overall performance of K-Fold is
quite valuable in terms of evaluating the overall performance. Furthermore, the K-Fold
method reduces the risk of over-learning and allows performing the test on different data
subsets. This increases the generalization ability of the model. Methods such as Leave-One-
Out [62] can be effective for very small datasets; however, it is not favorable in terms of
computational load when it comes to large datasets. In terms of computational efficiency,
K-Fold cross-validation allows the training time of the model to be averaged for each fold.
Other methods may cause the same model to be trained repeatedly in each evaluation,
which leads to a loss of time. K-Fold cross-validation is chosen for its efficacy in dataset
representation, model generalization capability, and computing economy.

2.3. Decision Trees

Decision trees are rule-based algorithms used to solve classification and regression
problems. It is one of the most appropriate algorithms used in classification and prediction
processes because of its ease of understanding and interpretation [63]. An example of the
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decision trees consisting of roots, knots, and leaves is shown in Figure 1. The root nodes are
at the top, the internal nodes are in the middle, and the leaf nodes are located at the bottom.
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2.4. Fine Tree

A fine tree contains a low complexity of branches and partitions leading to simpler
rules. It is especially used to test the complexity of decision trees and the generalization of
the model. It is a decision tree used when datasets are low. When resources are limited, it
is preferred for real-time applications. The fine tree has fewer fading points. Each branch
contains a small number of properties and rules. Thanks to their simplicity, the training
and testing process of fine trees is relatively fast with low overfitting probability [64].

2.5. Medium Tree

Medium tree is a decision tree of medium complexity. The complexity level is higher
than that of the fine tree. It is usually used to optimize modeling. The complexity of the
trees involves a structure where the fissures and divisions are moderate. Every decision
point and rule has a certain depth. Each twist represents a certain level of complexity.
Medium tree captures middle-level qualities in each data and is designed to work on both
simple and complex data. Therefore, this method is suitable for data processing in different
dimensions and usually has an average training and test duration even in cases of data
change [65].

2.6. Coarse Tree

Coarse tree is a structure in which branches and divisions of trees have a higher degree
of complexity with deeper fissures. The level of complexity is higher because of the high
twisting and depth. It is more convenient to use it for the evaluation of larger dataset
details. Decision points can make the details come to light better. However, there is a risk
of over-adaptation in the dataset. This increases the likelihood of overfitting against noise
and non-pattern data in the data. It is used both in high-resolution datasets and in complex
structures leading to lengthy training and test periods [66]. The complexity of the fine trees,
medium trees, and coarse tree trees, the number of leaves, the training and test time, and
the overfitting comparison are shown in Figure 2.

The ensemble tree method seeks to enhance the effectiveness and predictability of a
model by combining numerous decision trees. These strategies encompass two prominent
types of models, boosted trees and bagged trees. These strategies are designed to merge
trees in various ways to enhance their performance.
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2.7. Boosted Trees

The aim of this approach is to advance by methodically correcting errors in the tree.
Sequencing is employed to train trees. Each tree corrects the shortcomings of its predecessor.
This model is trained on trees and is primarily based on the fundamental model. The weight
of each data point is calculated, and attempts are made to correct the mistaken prediction
points. The recently established trees are trained using a dataset of this magnitude. The
errors of the previous model have been rectified. Once the model training is over, the
outcomes manifest through the aggregation of weights. Operations in this model are
executed concurrently. Therefore, the operations are simultaneously trained. The bug
extraction feature is a prominent aspect of this model. It possesses the ability to effectively
extrapolate patterns and construct intricate models. Due to the potential for overfitting, it
is essential to appropriately alter the settings. AdaBoost, Gradient Boosting, XGBoosting,
LightGBM, and CatBoost are boosting algorithms that have been specifically designed and
improved to enhance their performance and efficiency [67].

2.8. Bagged Trees

This model aims to decrease the variability of the tree. It extracts multiple sub-samples
from the data collected and trains a decision tree on each. These operations are executed
sequentially. A novel tree arises by amalgamating the outcomes of all the individual trees.
This tree attempts to generate predictions as the definitive tree. This process occurs in
three distinct steps. Sampling, modeling, and consolidation. This decision tree operates on
diverse samples, hence diminishing the variance of the model.

Additionally, it serves as a highly efficient approach for mitigating overfitting in
decision trees. Random forest is a type of bagging technique. In these three variants, the
attributes used for splitting at each node are chosen randomly. Figure 3 illustrates the
operational mechanism of bagging and boosting on trees. Parallel bagging executes each
tree concurrently, whereas boosting is carried out sequentially [68].

The flow diagram illustrating the application of the models in the investigations is
provided in Figure 4.

Data such as temperature, pressure, and humidity measurements obtained from solar
panels are used as inputs in our predictive model to estimate PV energy production. These
measured environmental parameters are important to estimate the potential production
output through the applied methodology using machine learning algorithms.

Before training the models, several modifications must be implemented to ensure their
usability. Table 3 includes details about these nuances. Additionally, it provides information
on the duration of training and the specific sections that are stored in memory. The purpose
of these decision trees is to enhance performance by augmenting correlation [63].



Appl. Sci. 2025, 15, 336 10 of 18

Appl. Sci. 2024, 14, x FOR PEER REVIEW 9 of 17 
 

LightGBM, and CatBoost are boosting algorithms that have been specifically designed and 

improved to enhance their performance and efficiency [67]. 

2.8. Bagged Trees 

This model aims to decrease the variability of the tree. It extracts multiple sub-sam-

ples from the data collected and trains a decision tree on each. These operations are exe-

cuted sequentially. A novel tree arises by amalgamating the outcomes of all the individual 

trees. This tree attempts to generate predictions as the definitive tree. This process occurs 

in three distinct steps. Sampling, modeling, and consolidation. This decision tree operates 

on diverse samples, hence diminishing the variance of the model. 

Additionally, it serves as a highly efficient approach for mitigating overfitting in de-

cision trees. Random forest is a type of bagging technique. In these three variants, the 

attributes used for splitting at each node are chosen randomly. Figure 3 illustrates the op-

erational mechanism of bagging and boosting on trees. Parallel bagging executes each tree 

concurrently, whereas boosting is carried out sequentially [68]. 

D
at

as
e

t

Classifier 1

Classifier 2

Classifier 3

Bagging

Classifier 1

Classifier 2

Classifier 3

Boosting

Parallel Sequential

 

Figure 3. The concepts of parallel and sequential processing. 

The flow diagram illustrating the application of the models in the investigations is 

provided in Figure 4. 

D
at

as
e
t

Temperature Pressure Humidity Solar Production Input

Decision Trees 

Training

Predict Solar Production Output

 

Figure 4. Graphical illustration of the predictive algorithm of decision trees. 

Figure 3. The concepts of parallel and sequential processing.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 9 of 17 
 

LightGBM, and CatBoost are boosting algorithms that have been specifically designed and 

improved to enhance their performance and efficiency [67]. 

2.8. Bagged Trees 

This model aims to decrease the variability of the tree. It extracts multiple sub-sam-

ples from the data collected and trains a decision tree on each. These operations are exe-

cuted sequentially. A novel tree arises by amalgamating the outcomes of all the individual 

trees. This tree attempts to generate predictions as the definitive tree. This process occurs 

in three distinct steps. Sampling, modeling, and consolidation. This decision tree operates 

on diverse samples, hence diminishing the variance of the model. 

Additionally, it serves as a highly efficient approach for mitigating overfitting in de-

cision trees. Random forest is a type of bagging technique. In these three variants, the 

attributes used for splitting at each node are chosen randomly. Figure 3 illustrates the op-

erational mechanism of bagging and boosting on trees. Parallel bagging executes each tree 

concurrently, whereas boosting is carried out sequentially [68]. 

D
at

as
e

t

Classifier 1

Classifier 2

Classifier 3

Bagging

Classifier 1

Classifier 2

Classifier 3

Boosting

Parallel Sequential

 

Figure 3. The concepts of parallel and sequential processing. 

The flow diagram illustrating the application of the models in the investigations is 

provided in Figure 4. 

D
at

as
e
t

Temperature Pressure Humidity Solar Production Input

Decision Trees 

Training

Predict Solar Production Output

 

Figure 4. Graphical illustration of the predictive algorithm of decision trees. Figure 4. Graphical illustration of the predictive algorithm of decision trees.

Table 3. Hyperparameters, training time, and size used for the models.

Model Training Time (Sec) Prediction Speed (Obs/Sec) Model Size (Bytes) Hyperparameters

Custom Tree 9.207 72,806 337,475 Minimum leaf size: 7
Surrogate decision splits: Off.

Fine Tree 7.008 67,993 475,771 Minimum leaf size: 4
Surrogate decision splits: Off.

Medium Tree 6.509 86,341 21,2367 Minimum leaf size: 12
Surrogate decision splits: Off.

Coarse Tree 5.673 90,821 75,919 Minimum leaf size: 36
Surrogate decision splits: Off.

Boosted Trees 11.720 95,299 152,608

Minimum leaf size: 8
Number of learners: 30

Learning rate: 0.1
Number of predictors to sample:

Select All

Bagged Trees 13.733 41,320 7,909,624

Minimum leaf size: 8
Number of learners: 30

Number of predictors to sample:
Select All
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2.9. Evaluation Measures

The outcomes achieved using the specified hyperparameters for decision trees are
detailed in the results section, employing evaluation metrics.

The evaluation metrics used are RMSE (Root Mean Square Error), MSE (Mean Squared
Error), and R2 (R-squared) [69].

RMSE is a quantitative statistical metric that assesses the degree of deviation between
estimated and actual values. This relationship is mathematically expressed in Equation (1).

RMSE =

√
1
n

n

∑
i=1

(yi − ŷi)
2 (1)

Here, yi is the actual value and ŷi is the predicted value, and n represents the number
of samples.

MSE is a statistical metric that quantifies the average squared difference between an
estimated value and the true value as below. This calculation is formally represented in
Equation (2).

MSE =
1
n

n

∑
i=1

(yi − ŷi)
2 (2)

In Equation (3), R2, often known as RSquared, is a statistical metric that yields a value
ranging from 0 to 1. This statistic is crucial for both explaining and predicting data points.

R2 = 1 − ∑n
i=1(yi − ŷi)

2

∑n
i=1(yi − yi)

2 (3)

In Equation (4) MAE quantifies the absolute difference between the predicted value
and the true value. It quantifies the magnitude of the medium, irrespective of the orientation
of the errors.

MAE =
1
n

n

∑
i=1

|yi − ŷi| (4)

3. Experimental Results
The hyperparameters employed in the fine tree, medium tree, coarse tree, bagged

tree, and boosted tree models were provided, along with corresponding parameters and
details regarding training time and memory usage. Figure 5 displays the current pre-
diction data and the corresponding outcomes for the verification estimate, based on the
information provided.

The temperature, pressure, and humidity parameters within the dataset have an
impact on the production quantity. Each parameter in this effect carries a distinct weight.
These values have a direct impact on the level of production. Figure 6 illustrates the
quantity of energy generated carrying the influence of these independent variables.

The findings are evaluated based on the information provided in each row of the
training validation dataset. The study was performed in MATLAB Toolboxes were used.
The evaluation metrics findings are provided in Table 4. Based on these findings, bagged
tree shows superior performance compared to the other examined decision trees while fine
tree ranked last.

The box plot obtained according to the data of error indices is shown in Figure 7.
Using the data provided, we achieved results by independently using decision tree models
in the study. The prediction of solar energy production is derived from factors that are
reliant on temperature, humidity, and pressure. Decision trees are the most interpretable
regression models that can be derived from this type of data. The decision trees, namely
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the fine tree, medium tree, and coarse tree, exhibit similarities but also possess varying
levels of complexity. The accuracy of the outcomes derived using these decision trees has
been proven to be inferior to that of the ensemble decision tree.

Empirical evidence suggests that higher levels of complexity are positively correlated
with improved outcomes. Studies employing econometric methods for energy prediction
often report significant limitations, such as reduced accuracy when dealing with non-
linear and high-dimensional datasets. For example, linear regression models typically
achieve R2 values between 0.3 and 0.5 in similar applications, whereas the bagged trees
model in this study achieved an R2 of 0.5650, demonstrating its superior performance.
This comparison underscores the potential of ML approaches to address the inherent
complexities of renewable energy forecasting.

Table 4. Results of statistical indices from decision trees.

M
od

el
Ty

pe

Pr
es

et

St
at

us

R
M

SE
(V

al
id

at
io

n)

M
SE

(V
al

id
at

io
n)

R
2

(V
al

id
at

io
n)

M
A

E
(V

al
id

at
io

n)

M
A

E
(T

es
t)

M
SE

(T
es

t)

R
M

SE
(T

es
t)

R
2

(T
es

t)

Tree Fine Tree Tested 1.9696 3.8793 0.4264 1.1718 1.1978 4.0324 2.0081 0.4007

Tree Medium Tree Tested 1.8213 3.3172 0.5095 1.1198 1.1256 3.3111 1.8196 0.5079

Tree Coarse Tree Tested 1.7658 3.1180 0.5390 1.1104 1.1253 3.1815 1.7837 0.5272

Ensemble Boosted Trees Tested 1.7566 3.0857 0.5437 1.1462 1.1657 3.1479 1.7742 0.5322

Ensemble Bagged Trees Tested 1.7152 2.9420 0.5650 1.0666 1.0781 2.9928 1.7300 0.5552
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4. Discussion and Conclusions
This study aimed to evaluate the effectiveness of various tree-based EL models in

predicting photovoltaic (PV) energy production by analyzing the effects of environmental
factors such as temperature, pressure, and humidity. The results revealed that bagged
trees and boosted trees models exhibit favorable prediction results on complex datasets,
which highlight the advantages of using advanced tree-based algorithms for similar use
cases. The bagged trees model was shown to be the most effective model, producing
an RMSE of 1.7152 and an R2 value of 0.5650. These metrics showed that the model
effectively reduced dataset noise and minimized overfitting, thus increasing the reliability
of the predictions. Regarding the learning results, bagged tree and boosted tree models
achieved the best performances among tree-based models with a minimum of eight leaves.
Bagged tree trained each decision tree on many different subsamples taken from the dataset
and combined the results of all the trees to produce a new tree. This tree was tried to
produce predictions as the final tree. At this point, it has been seen that the bagged tree
produces successful results and exhibits superior performance than other tree structures.
The working principle has shown that it produces better results than other tree structures.
The fine tree model showed the weakest performance with an RMSE value of 1.9696 and
an R2 value of 0.4264. This highlights the limitations of simpler decision tree models
when faced with complex datasets, suggesting that they may not be equipped to capture
the complex relationships found in PV energy production. Our findings are consistent
with previous literature suggesting that EL approaches such as bagged and boosted trees
tend to outperform individual decision trees. Figure 5 visually presents the validation,
testing, and response results of the fine tree, medium tree, coarse tree, bagged tree, and
boosted tree. As shown in Table 4, extracted through a systematic review of the literature,
the superiority of these models reinforces the idea that more sophisticated algorithms are
required to accurately predict energy production under changing environmental conditions.
However, it is important to acknowledge that training these EL models requires significant
computational resources and time. When we look at the MAE validation and MAE test
results, the fact that the difference between these two values is very small indicates that there
is no overfitting and that the data and models work correctly. Researchers working on this
topic should consider the size and complexity of the datasets when selecting appropriate
models for real-world applications. Despite significant advances in tree-based, random tree,
and random forest algorithms, the current body of research focuses primarily on survey
studies rather than practical applications in the energy sector. In addition, although tree-
based algorithms are widely used in healthcare, especially in disease identification through
image processing, their application in processing real-time data for energy prediction
remains limited. This study addresses this gap by providing a comparative analysis of
different methods, thus providing valuable insights into the existing literature.
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The findings show that solar energy forecasting models have the potential to signifi-
cantly increase the accuracy of production estimates. The effects of temperature, pressure,
and humidity on energy production are presented in Figure 6. It shows how the tem-
perature, pressure, and humidity data produced results during the training and testing
period. The figures showing a comparative result provide suggestive indicators. The
models developed in our study could apply to effective management and strategic plan-
ning of renewable energy resources. Future research should investigate the validation of
these models under various environmental conditions and geographical regions, thereby
expanding their applicability and improving the prediction accuracy under various climatic
conditions. The results reveal that temperature, pressure, and humidity have significant
impacts on PV energy production, requiring models capable of capturing their non-linear
interactions. Policies supporting localized weather monitoring and adaptive forecasting
systems can enhance the accuracy of renewable energy management and planning.

Investigating the impact of these models on the management and strategic planning
of renewable energy resources can further strengthen their practical benefits in the energy
sector. Strengthening the algorithms and working with real-time data can lead to new
working approaches that will improve energy efficiency and sustainability.

This study not only addressed the gaps identified through the literature but also
highlighted the critical role of advanced tree-based EL models in the future of PV energy
production forecasting. Proving that bagged trees offer the optimal balance between
accuracy and computing efficiency. Establishing a comprehensive framework for the
incorporation of environmental data into prediction models. Continuing research in this
area merits further efforts through the evaluation of accuracy, computational cost, and
applicability of such models in a holistic manner for developing robust renewable energy
management and planning tools.
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