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Accurate forecasting of electricity consumption with high temporal resolution is essential
for smart grid management, especially in the context of increasing integration of
intermittent renewable energy sources such as solar and wind power. This transition poses
major challenges for grid operators, who must continuously balance supply and demand
under conditions of high variability. Traditional forecasting approaches often fail to
capture the nonlinear and dynamic patterns of electricity demand, leading to limited
predictive reliability. To address these challenges, this study presents a comparative
evaluation of six machine learning models for hourly electricity consumption forecasting:
Linear Regression, Random Forest, XGBoost, CatBoost, LightGBM, and Multilayer

Perceptron (MLP). Model performance was assessed using RMSE, MAE, R2, Precision,
Recall, and Fl1-score. The results highlight the superiority of ensemble-based models.
Random Forest achieved the best performance (RMSE = 396.56, MAE = 161.35, Rz =
0.9990, F1 = 0.993), followed by LightGBM (RMSE = 544.88, MAE = 309.30, R? =
0.9981, F1 = 0.982) and XGBoost (RMSE = 671.42, MAE = 365.31, R2 = 0.9972, F1 =
0.979). In contrast, Linear Regression and MLP produced significantly weaker results.
Overall, this study demonstrates the potential of advanced machine learning, particularly
ensemble methods, to substantially improve the accuracy of energy demand forecasting,
thereby enabling more reliable smart grid operation and supporting the global transition
toward sustainable energy systems.

Copyright ©2025 by authors and Galileo Institute of Technology and Education of the Amazon (ITEGAM). This work is licensed
under the Creative Commons Attribution International License (CC BY 4.0).
BY

1. INTRODUCTION

Hourly energy consumption.

Electricity consumption is a key indicator for assessing global energy demand, as it directly affects the management of electricity
grids and energy planning [1]. With the ongoing shift towards more sustainable energy sources, such as renewable , managing
electricity consumption has become increasingly challenging [2]. The factors influencing consumption are numerous and interrelated,
including climatic conditions, economic dynamics, technological developments, and social behaviors. For example, electricity demand
often peaks during the winter and summer months due to the intensive use of heating or air conditioning systems. Other factors such as
economic growth, urban expansion, and the proliferation of networked devices also contribute to increased volatility in energy demand

[3].

Accurate forecasting of electricity consumption is critical for several reasons. It ensures a balance between supply and demand,
helping to avoid overloads or power outages and plays a pivotal role in integrating unstable renewable energy sources into the grid
while maintaining its stability. Effective forecasting also contributes to improving supply strategies and reducing operating costs, as
well as reducing carbon emissions by prioritizing renewable energies over fossil fuels [4]. However, forecasting energy consumption
faces significant challenges, most notably the complexity of the data, the nonlinear relationships between influencing factors, and the
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variability in the characteristics of electrical grids between regions. Although statistical models and traditional approaches have been
used in the past, they often fail to represent the complex temporal correlations and dynamic patterns within electricity consumption
data. This shortcoming has led to growing interest in leveraging machine learning techniques to overcome these challenges and improve
prediction accuracy [5]. In this context, this work aims to explore the potential of machine learning models in enhancing the accuracy of
energy consumption forecasting. We conduct a comprehensive comparative analysis of several machine learning models, including:
linear regression, Random Forest, XGBoost, CatBoost, LightGBM, and multilayer perceptron (MLP), based on hourly electricity
consumption data. By evaluating these models in terms of accuracy and generalization ability, we seek to provide a deeper
understanding of their strengths and weaknesses when used for high-time-resolution energy forecasting. This study emphasizes the
pivotal role of machine learning in addressing modern energy management challenges and highlights its contribution to improving the
efficiency of electrical networks and supporting the transition to more sustainable energy systems.?The main objectives of this study
are as follows:

1. To enhance forecasting accuracy of hourly electricity consumption by applying advanced machine learning techniques capable
of capturing nonlinear and dynamic demand patterns.

2. To conduct a comprehensive comparative evaluation of different machine learning models (Linear Regression, Random
Forest, XGBoost, CatBoost, LightGBM, and MLP) in terms of prediction accuracy and reliability.

3. Toidentify the most effective models for high-resolution forecasting using key performance indicators such as RMSE, MAE,
Rz, Precision, Recall, and F1-score.

4. To assess the potential of ensemble methods (Random Forest, XGBoost, LightGBM, CatBoost) in outperforming traditional
approaches and single neural models.

5. To provide insights for smart grid management, highlighting how accurate predictions can improve energy demand balancing,
operational efficiency, and the integration of renewable energy sources.

6. To contribute to the transition toward sustainable energy systems by demonstrating the role of machine learning in supporting
reliable, data-driven energy management strategies.

The remainder of this paper is organized as follows: Section Il reviews the related works in the field. Section Il outlines the
methodologies adopted in this study. Section 1V details the experimental methodology employed to implement and evaluate the models.
Section V presents and discusses the results along with their evaluation. Finally, Section VI concludes the paper and highlights
perspectives for future research.

Il. RELATED WORKS

For several decades, electricity consumption forecasting has been a key area of research aimed at improving the efficiency and
stability of smart grids (SG). Depending on the time horizon, research is generally classified into four categories: (i) very short-term
forecasting (minutes to hours) useful for immediate operational decisions [6], (ii) short-term forecasting (days to a week) applied to
daily planning [7], (iii) medium-term forecasting (one week to one year) for resource allocation [8], and (iv) long-term forecasting
(beyond one year) for strategic planning and capacity development [9]. Initial approaches exploited artificial neural networks (ANNSs)
due to their ability to model non-linear behaviour. For example, Kohonen's self-organising maps were applied to forecasting daily
consumption in Spain, with an error rate of less than 2.5% [10]. Similarly, polynomial networks combined with ordinary differential
equations have shown competitive performance in short-term load forecasting [11]. Subsequent work has focused on integrating
meteorological factors and subnetwork decomposition to improve accuracy, combining ANN, ARIMA and grey models (GM) [12]. To
further enhance this accuracy, hybrid models incorporating feature selection techniques and meta-heuristic algorithms have been
proposed [13].

The use of deep learning has also proven effective, particularly for capturing residential consumption sequences [14], although
this involves high computational costs. In the same vein, extending the ARMAX model to Hilbert space has improved the forecasting of
functional time series such as electricity prices [15]. From 2018 onwards, the focus shifted to combining optimisation methods and deep
learning. For example, approaches combining deep neural networks and optimisation heuristics have achieved significant gains in
accuracy [16]. The use of optimised EIman-type networks has also confirmed their effectiveness in forecasting loads in smart grids [17],
while online SVM-based methods have been explored for real-time forecasting [18]. At the same time, studies applied to microgrids
have shown the impact of forecasting errors on the balance between supply and demand. Comparisons between neural networks,
multilayer perceptrons, LSTMs and ensemble prediction networks (EPNs) have shown that the latter significantly reduce forecasting
errors and operating costs [19]. New algorithm variants, such as the Extreme Learning Machine (ELM) and its improved kernel-based
version (KELM), have demonstrated a greater ability to capture the complexity of electricity prices [20].

More recently, the integration of reinforcement learning for multi-period scheduling of microgrids [21] has reduced costs while
speeding up computation. New combinations such as LS-SVM combined with the BCC algorithm [22] have also proven effective in
terms of speed and accuracy. For renewable production, ANN models applied to solar forecasting [23] and improved regression
methods [24] have increased the reliability of forecasts, while the use of K-means for irradiance has been criticised for its lack of
robustness [25]. Finally, several recent approaches explore hybrid and ensemble models. Models combining neural networks, wavelet
transformation and simulated annealing (FFANN-WT-SA) have improved one-day forecasting [26], while ensemble techniques such as
Gradient Boosted Trees have shown superiority over other methods [27]. The evaluation of multiple algorithms (ARIMA, SARIMA,
SVM, XGBoost, RNN, LSTM) confirmed that sequential models (RNN, LSTM, RNN-LSTM) provide the best performance for
university campus microgrids [28].In summary, the evolution of the work shows progress: from classical neural models to hybrid
methods integrating optimization , deep learning and loT. Recent approaches highlight a trade-off between increased accuracy and
computational costs, while paving the way for integrated solutions for smart grids and microgrids.
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I1. METHODOLOGIES

In this study, we present an in-depth analysis of the application of machine learning techniques in predicting electricity
consumption based on hourly time-accurate data. The analysis included a comparison of several models [20], ranging from traditional
methods such as linear regression to more advanced techniques such as Random Forest, XGBoost, CatBoost, LightGBM, and multi-
layer perceptron (MLP) neural networks from the field of deep learning [29]. Each algorithm has distinct characteristics and specific
advantages that affect its ability to capture complex temporal patterns and improve prediction accuracy. This work highlights the
importance of combining traditional and modern approaches to address the challenges associated with the complexity of energy data,
while offering a new perspective on developing solutions tailored to the needs of contemporary energy systems, highlighting the
strengths and weaknesses of each approach [30].

111.1. MODELS OVERVIEW
This section presents the machine learning algorithms used in the proposed approach [31].
I11.1.1 Linear Regression (LR)

Linear regression is a statistical method used to model the relationship between a dependent variable and independent variables
on a linear basis. It relies on minimizing the mean square error between actual and predicted values. Despite its simplicity, it is widely
used as a baseline in forecasting studies. In the context of energy consumption, this model allows for capturing simple relationships
between consumption and factors such as temperature or time of day. Although it is limited in dealing with non-linear relationships, it
remains an important option due to its transparency and interpretability.

I11.1.2 Random Forest (RF)

Random Forest is an ensemble algorithm that builds multiple decision trees on random samples of data and then aggregates their
results to improve robustness and reduce overfitting . In energy consumption forecasting, its strength lies in handling complex
relationships and identifying the variables that most influence consumption, which helps to understand the drivers of demand. Its
robustness to noise and high-dimensional data also makes it an effective choice.

111.1.3XGBoost

XGBoost is an improved version of Gradient Boosting, where models are built sequentially to correct the errors of previous
models. It incorporates advanced techniques such as regularization and parallel processing, giving it high performance with good
computational efficiency. Its ability to handle complex relationships and time series data makes it particularly relevant for forecasting
hourly consumption, which is characterized by high volatility. Its internal regularization prevents overfitting and enhances the reliability
of forecasts.

111.1.4 CatBoost

Designed to handle categorical variables efficiently, CatBoost is a stepwise boosting algorithm that provides advanced
regularization techniques to reduce overfitting and produces accurate and fast forecasts. For hourly data that includes categorical
variables (such as days of the week), CatBoost provides accurate modeling with minimal preprocessing, which is an important
advantage in this domain.

[11.1.5 LightGBM

LightGBM is a fast and efficient gradient boosting model that uses a leaf-wise growth strategy to improve accuracy when
dealing with large and complex datasets. This model is particularly effective with large-scale time series data, combining speed and
high accuracy with a good ability to handle unbalanced data.

I11.1.6 Multi-Layer Perceptron (MLP)

MLP is a type of artificial neural network consisting of several fully interconnected layers. Thanks to the use of nonlinear
activation functions, it can capture complex relationships in data, making it suitable for multiple tasks, including time series forecasting.
In the context of energy, it can model complex patterns such as consumption peaks. Its flexibility and ability to learn deep relationships
make it a promising choice for dealing with dynamic and complex data.

111.1.7 Model selection criteria

The selection of these models was based on rigorous scientific criteria [32]. , the most important of which are :

1. Handling linear and nonlinear relationships: Combining linear (e.g., linear regression) and nonlinear (e.g., RF and XGBoost)
models to achieve comprehensive analysis.

2. Performance with time series: Models such as XGBoost and LightGBM have shown superiority in handling complex hourly
data.

3. Robustness and efficiency: Ensemble models such as RF, CatBoost, and LightGBM offer high accuracy while reducing the
risk of overfitting.
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4. Flexibility in data processing: CatBoost excels with categorical data, while MLP offers the ability to capture complex dynamic
relationships.

5. This methodological diversity provides a solid basis for comprehensive comparison and ensures interpretable and reliable
results, contributing to a more accurate understanding of changes in energy consumption and more effective forecasting.

111.2 PERFORMANCE EVALUATION MEASURES

Evaluating the performance of machine learning models is crucial for assessing their effectiveness and ability to make accurate
predictions. Several metrics are commonly used to evaluate prediction accuracy and model quality. Among these are RMSE (Root
Mean Square Error), MAE (Mean Absolute Error), and MAPE (Mean Absolute Percentage Error).

IV.2.1 RMSE (Root Mean Square Error)

RMSE is a widely used metric for measuring the difference between predicted values and actual values. It penalizes larger
prediction errors more heavily due to its squared error approach. The RMSE measures the average squared difference between predicted
and actual values

2
RMSE = J%Z?zl(yi — ) (1)
e i Actual values.

e  ¥i: Predicted values.
e n: Total number of observations.

IV.2.2. MAE (Mean Absolute Error)

MAE measures the average of the absolute errors between predicted values and actual values. Unlike RMSE, it does not
disproportionately penalize large errors, making it more robust against outliers. MAE provides a simpler and less outlier-sensitive
estimate of error, which is useful when it is important to treat all errors equally. The MAE calculates the average absolute differences

between predicted and actual values.
n
1
MAE = EZIyi—}?il (2)
i=1

e |yi—9il: Absolute difference between actual and predicted values.
IV.2.3. Coefficient of Determination (R?)

The Coefficient of Determination (R?) is a statistical metric used to assess how well a regression model explains the variance in
the dependent variable (target). It indicates the proportion of the total variance in the actual data that is captured by the model's
predictions. The R? indicates the proportion of variance in the data explained by the model.

l n . _ A s 2
Rz _ i=1(yi — ¥i) 3
1 . -
n =i —y)?
yi: Actual values.
Vi :Predicted values.
¥ : Mean of actual values.
R2: ranges from 0 (no variance explained) to 1 (all variance explained).

To assess and compare the performance of our models, we employ the standard evaluation metrics precision, recall, and the F1-
score. Precision reflects the proportion of correctly predicted positive instances among all instances labeled as positive by the model,
thus measuring the reliability of predictions. Recall quantifies the proportion of correctly predicted positives relative to all actual
positives, highlighting the model’s capacity to capture relevant cases. The F1-score, defined as the harmonic mean of precision and
recall, provides a balanced indicator that accounts for both accuracy and completeness [33]. As emphasized the precision corresponds
to the ratio of true positives to the total number of predicted positives.

Correct

Precision = 4
Correct + Spurious )

Recall is the fraction of the valid annotations over the total amount of annotations. It is formally defined as:

Recall = Correct c
el = Correct + Missing ®)

F-measure is defined as the harmonic mean of two factors, precision and recall. It is formally as:
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2 * Precision * Recall

F1 =
(Precision + Recall)

(6)

IV. EXPERIMENTAL METHODOLOGY
1V.1 DATASET DESCRIPTION

The dataset employed in this study originates from the ENTSO-E1 (European Network of Transmission System Operators for
Electricity) platform, which serves as a key reference source for collecting, aggregating, and disseminating data related to electricity
generation and consumption across Europe. Since 2019, the statistics published by ENTSO-E have been derived from the Transparency
Platform, in compliance with the Transparency Regulation, ensuring standardized formats and near real-time availability of
information. Although the primary purpose of these data is not statistical reporting, their reliability, temporal granularity, and wide
geographical coverage make them an indispensable resource for modeling and analyzing energy demand. For the purpose of this study,
we selected the dataset corresponding to the year 2024, specifically the Monthly Hourly Load Values, which provide hourly aggregated
electricity load values by European country.

Each record in the dataset corresponds to a consumption measurement for a given hour, allowing for a detailed analysis of
temporal dynamics in electricity demand, including daily, weekly, and seasonal variations. The dataset is structured into several well-
defined fields (Table 1). This homogeneous structure facilitates straightforward processing and comparative analyses. The strength of
this dataset lies in its hourly granularity combined with its European scope, which enables researchers to examine short-term variability
in electricity demand while also capturing structural trends over longer periods. Moreover, by aggregating loads at the national level,
ENTSO-E provides a consolidated basis for cross-country comparisons of energy consumption patterns, the influence of climatic
conditions, economic cycles, and the effects of energy policies.

These characteristics make the Monthly Hourly Load Values 2024 dataset a central resource for studies focused on electricity
demand forecasting, smart grid optimization, and resilience assessment of energy systems at the continental scale. This study utilized a
dataset of approximately 25,000 hourly records of electricity consumption, providing a detailed representation of load fluctuations and
enabling the analysis of consumption patterns over time. The dataset is particularly valuable due to several characteristics: its relatively
large size offers a robust foundation for experimental evaluation; its fine-grained temporal resolution (hourly) makes it highly suitable
for short-term forecasting; its broad geographical coverage allows for cross-regional comparisons of consumption behaviors; and the
inclusion of timestamp values contributes to model stability and enhances forecasting accuracy. The dataset consists of several key
attributes, as follows:

Table 1: Dataset atributes.

Column Name Example Meaning Use in Modeling
Monthly Hourly Type of measurement (here: hourly Metadata, useful for filtering
Measureltem
Load Values load values aggregated monthly) measurement types
Exact date and time of the Used to create time-related features
DateUTC 01-01-2024 00:00 (hour, day, month, season,
measurement (UTC)
weekday)
DateShort 01-01-2024 Simplified date without time Enables daily analysis or
aggregation
TimeFrom 00:00 Start time of the hourly interval Defines the measurement window
TimeTo 01:00 End time of the hourly interval Defines the measurement window
Categorical variable (requires
CountryCode AL ISO country code (e.g., Albania) encoding if multiple countries are
included)
Cov_ratio 100 Data coverage ratio (%) Usefu_l fo_r assessing data quality
and filtering incomplete records
Value 731 Recorded electrical load in MW Main target variable
Value_ScaleTo100 731 Scaled value (0-100) or same as Optional, useful for nor_mallzatlon
Value and stable learning
06-12-2024 N Metadata (traceability), usually not
CreateDate 14-36-48 Record creation timestamp used in modeling
06-12-2024 . Metadata (data freshness), usually
UpdateDate 14:36:48 Last update timestamp not used in modeling

Source: Authors, (2025).

1V.2 DATASET PREPARATION AND PREPROCESSING

In this study, the dataset (year 2024, approximately 2,500 records) was carefully preprocessed to ensure data quality,

consistency, and suitability for machine learning applications. The preparation process involved multiple stages:

1. Temporal conversion and feature extraction: The DateUTC column was transformed into a standard datetime format, from
which temporal attributes were derived, namely hour, day, month, and weekday. These variables capture short- and medium-

term temporal dynamics of electricity consumption.

Ihttps://www.entsoe.eu/data/power-stats/
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2. Categorical encoding: The variable CountryCode, representing geographical regions, was encoded into numerical values using
categorical encoding techniques. This transformation allowed the integration of categorical information into models that
require numeric inputs.

3. Definition of target and predictors: The target variable is energy consumption (Value), while the selected predictors are [hour,
day, month, weekday, CountryCode]. This feature set balances temporal resolution with geographical diversity, ensuring
interpretability and predictive strength.

4. Train/test split: To enable robust evaluation, the dataset was partitioned into 70% training and 30% testing sets, maintaining
temporal consistency to avoid information leakage.

5. Normalization and scaling: Specific preprocessing was tailored to the requirements of the algorithms:For distance- and
gradient-based models (e.g., Linear Regression, Multi-Layer Perceptron (MLP), Long Short-Term Memory (LSTM)),
normalization or standardization of input features was applied to improve numerical stability, convergence speed, and overall
model accuracy. For tree-based models (Random Forest, XGBoost, CatBoost, LightGBM), feature scaling was not strictly
necessary, as these methods rely on decision rules and are invariant to monotonic transformations of the input space.

This preprocessing pipeline ensured that the dataset was both statistically consistent and adapted to the specific conditions
of each algorithm, thereby improving the reliability of the subsequent experimental results.

V.3 IMPLIMENTATION

The proposed application follows a systematic pipeline designed to forecast electricity consumption based on hourly load values.
The process (see Figure 1) begins with data preprocessing, which ensures the reliability and consistency of the dataset through the
handling of missing values, removal of invalid entries, feature engineering, standardization, and splitting into training and testing
subsets. Subsequently, different families of models are trained, encompassing traditional machine learning approaches (Random
Forest, Linear Regression), gradient boosting techniques (CatBoost, XGBoost), and a deep learning model (MLP Classifier). This
diversified modeling strategy enables a comprehensive evaluation of predictive capabilities across distinct paradigms of learning.
Finally, the trained models are assessed using a set of well-established evaluation metrics, including Precision, Recall, F1-Score,
RMSE, MAE, and R2, complemented by confusion matrices and a comparative performance analysis. Such a methodology not only
ensures rigorous validation of the models but also provides valuable insights into their respective strengths and weaknesses, thereby
contributing to a robust framework for accurate short-term electricity demand forecasting.

Datasets
(Electricity Consumption
hourly load values )

l

Data Preprocessing

« Missing Values

» Cleaning (Invalid Zeros)
« Feature Engineering

« Standardization

« Train/Test Split

v
(
‘ Models
| Training
i armzch,:;‘:d s Gradlent Boosting Deep Learning
9 Models Model
« RandomForest >
» CatBoost * MLP Classifier
* Linear Regression | « XGBoost
Evaluation

« Pracision/Recall
» F1-Score

« RMSE/MAE/R*

« Confusion Matrices
« Comparativa Analysis

Figure 1: Comparisdn of Predicted and Actual Values with Linear Regression.
Source: Authors, (2025).
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Table 2: Algorithm Conditions, Preprocessing, and Key Parameters.

Algorithm Conditions Preprocessing Required Key Parameters (from code) Remarks
Linear Assumes linear relatlons_h P betweeq Standardization . Default sklearn parameters (no Interpretable baseline, but limited
. features and target. Sensitive to outliers | recommended. Outlier o - -
Regression regularization applied). for nonlinear data.

and collinearity.

handling desirable.

Random Forest

Ensemble of decision trees, robust to
outliers and scaling.

No normalization required.
Only categorical encoding.

n_estimators=100,
random_state=42.

Captures nonlinearities, provides
feature importance.

Gradient boosting with regularization to

No scaling needed. Encoded

n_estimators=100,

Strong performance on tabular

XGBoost g - objective=reg:squarederror, data, needs tuning (learning rate,
prevent overfitting. categorical features accepted. random_state=42. depth).
. . . Manual encoding used here .
G”"d'e'?t boosting optimized for - (CatBoost can handle iterations=500, learning_rate=0.1, Ha_ndles categorical data .
CatBoost categorical features. Reduces overfitting - - . _ > efficiently, less preprocessing
. - categories natively). Scaling depth=6, random_state=42.
with ordered boosting. effort.
unnecessary.
. . - No scaling needed. Works n_estimators=500,
LightGBM Gradient boosting framework optimized with categorical and learning,_rate=0.1, Fastt_er_ than XGBoost, but can be
for large-scale data. " _ sensitive on small datasets.
numerical features. random_state=42.
-, . . - hidden_layer sizes=(100, 50) — Captures complex nonlinearities;
MLP (Neural Sensitive to feature scaling. Requires Normalization mandatory o - AT P e
Network) dense input without missing values. (e.g., StandardScaler). 2 h'ddf.n Iaye‘r 5 actl\{atlcln- relu, longer training; risk of overfitting
solver="adam’, max_iter=500. on small data.
Source: Authors, (2025).
V. RESULTS AND EVALUATION
V.1 RESULTS

To assess the predictive performance of the different machine learning algorithms applied to our dataset, we relied on three
commonly used evaluation metrics: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the Coefficient of
Determination (R?). These indicators respectively measure the average deviation between predicted and actual values, the average
absolute prediction error, and the proportion of variance explained by the model. The results obtained for each of the six algorithms
considered (Linear Regression, Random Forest, XGBoost, CatBoost, LightGBM, and Multi-Layer Perceptron) are summarized in Table
3, highlighting the performance differences across the approaches.

Table 3: Results of perfermance models.

Models RMSE MAE R2
Linear Regression 12504.01 8575.82 0.0217
Random Forest 396.56 161.35 0.9990
XGBoost 671.42 365.31 0.9972
CatBoost 911.29 503.25 0.9948
LightGBM 544.88 309.30 0.9981
MLP 6014.80 4103.33 0.7736

Source: Authors, (2025).

In this study we applied ten-fold cross-validation (see Table 4 ) to ensure a robust assessment of model performance and
generalization. Unlike a simple train/test split, this method reduces the influence of random data partitioning and provides a more
reliable estimate of predictive accuracy. The results show strong consistency across folds, which highlights the quality and homogeneity
of the dataset. Such stability indicates that the data are representative and well-structured, allowing for reliable evaluation without major
imbalances or extreme fluctuations. Therefore, cross-validation not only strengthens methodological rigor but also serves as an indirect
indicator of data quality. By confirming that the reported results are stable and reproducible, it ensures that the findings are genuinely
generalizable and scientifically valid. Table 2: Result of model performance.

Table 4: Results of perfermance for cross-validation (10 folds)

Models RMSE MAE R?
Linear Regression 12504.01 8575.81 0.0224
Random Forest 396.55 161.35 0.9992
XGBoost 671.41 365.30 0.9971
CatBoost 911.29 503.25 0.9949
LightGBM 544.88 309.29 0.9982
MLP 6014.80 4103.33 0.7736

Source: Authors, (2025).

Table 5: Results of perfermance models Precision, Recall and F1.

Models Precision Recall F1
Linear Regression 0.502 0.999 0.669
Random Forest 0.993 0.994 0.993
XGBoost 0.977 0.982 0.979
CatBoost 0.964 0.980 0.972
LightGBM 0.981 0.982 0.982
MLP 0.687 0.919 0.786

Source: Authors, (2025).
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The Table 5 summarizes the results of the six evaluated machine learning algorithms in terms of Precision, Recall, and F1-
score. These metrics allow us to assess both the correctness and completeness of the predictions, as well as the overall balance between
them. The correlation matrix presented in Figure 2 provides an overview of the relationships between temporal features (hour, day,
month, and weekday), the country code, and electricity consumption (Value). Overall, the results indicate very weak correlations
between the consumption variable and most temporal features, suggesting that electricity demand patterns are highly nonlinear and
cannot be explained by simple linear dependencies.

The negative correlation observed between consumption and the country code (-0.14) highlights some regional variability, but its
low magnitude confirms that additional contextual and external variables (e.g., weather conditions, socio-economic factors, or seasonal
events) are necessary to capture meaningful trends. Moreover, the absence of strong correlations among temporal variables themselves
indicates that these predictors carry complementary rather than redundant information, justifying their inclusion in machine learning
models. This analysis underscores the complexity of electricity consumption dynamics and reinforces the relevance of advanced
predictive approaches, such as ensemble methods and deep learning, which are better suited to capture hidden nonlinearities and
interactions between influencing factors.

Correlation Matrx

Sy hour

month

wue CoumryCodemestday

howr day month weekdyy CountryCode \alue

Figure 2: Correlation matrix.
Source: Authors, (2025)
V.2 ANALYSIS AND DISCUSSION

The study on Machine Learning for Energy Consumption Forecasting using hourly data provided a comparative analysis of six
algorithms: Linear Regression, Random Forest, XGBoost, CatBoost, LightGBM, and Multi-Layer Perceptron (MLP). Below is an in-
depth analysis and discussion of the results based on the evaluation metrics: Root Mean Square Error (RMSE), Mean Absolute Error
(MAE), and the coefficient of determination (R?).

RMSE
— M AE
—_— R?
~ 10000
=10
- 80001
0.8
- 6000
0.6
- 4000|
04
I-2000| 55
-0 0.0
T v T v T v T T T
LR RF XGBoost CatBoost LightGBM MLP

Figure 3: Evaluation of RMSE, MAE and R2 metrics of Models.
Source: Authors, (2 025).

This study provides a comprehensive comparative analysis of six machine learning models—Linear Regression, Random Forest,
XGBoost, CatBoost, LightGBM, and Multi-Layer Perceptron (MLP)—for hourly electricity consumption forecasting, evaluated using
RMSE, MAE, and R2. Results indicate that Linear Regression, despite its simplicity and interpretability, performed the worst, failing to
capture the nonlinear and dynamic patterns in the data. Among all models, Random Forest achieved the highest accuracy, with the
lowest RMSE and MAE and an R2 close to 1, confirming its robustness and strong capability to model complex temporal dependencies.
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LightGBM also demonstrated excellent performance, outperforming XGBoost and CatBoost thanks to its efficient leaf-wise growth
strategy, which balances speed, precision, and scalability, making it well-suited for real-time applications. XGBoost, while slightly less
accurate than Random Forest, remained a strong candidate due to its computational efficiency and regularization features, particularly
for large-scale tasks. CatBoost, although slightly less precise than the other ensemble methods, showed competitive results and stands
out for its ability to natively handle categorical data, reducing preprocessing complexity. On the other hand, the MLP achieved only
moderate performance, with higher RMSE and MAE and a lower R? (0.77), suggesting difficulties in capturing nonlinear temporal
dependencies, likely due to limited tuning or insufficient feature engineering. Overall, ensemble methods clearly outperformed both
linear and neural approaches, highlighting their suitability for structured, tabular datasets such as energy consumption. In practice,
Random Forest is recommended for applications requiring interpretability and robustness (e.g., grid optimization), LightGBM for fast
and scalable real-time forecasting, XGBoost for large-scale tasks where efficiency is critical, and CatBoost for datasets involving
categorical variables.
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Figure 4: Evaluation of Precision, Recall and F1 mesures of Models.
Source: Authors, (2025).

The evaluation of the six machine learning models (Figure 4) using precision, recall, and F1-score highlights significant
differences in their ability to balance accuracy and completeness. Linear Regression, although achieving an almost perfect recall
(0.999), suffers from very low precision (0.502), indicating a high proportion of false positives and resulting in a modest F1-score
(0.669). This confirms its inadequacy for this type of task due to its simplicity and inability to capture complex relationships. In
contrast, Random Forest demonstrates remarkably balanced results (Precision = 0.993, Recall = 0.994, F1 = 0.993), reflecting the
robustness of ensemble methods and their capacity to reduce variance through the aggregation of decision trees. Boosting algorithms,
namely XGBoost (F1 = 0.979) and LightGBM (F1 = 0.982), also confirm their effectiveness by combining high precision and recall
thanks to advanced optimization mechanisms and efficient handling of imbalanced data, with LightGBM further standing out for its
computational efficiency.

CatBoost, with a competitive F1-score (0.972), occupies an intermediate po sition, offering good coverage but slightly lower
precision, which reflects a relatively higher number of false positives despite its strength in managing categorical variables. Finally, the
Multi-Layer Perceptron achieves more modest results (F1 = 0.786), with satisfactory recall (0.919) but limited precision (0.687),
indicating a tendency to overestimate positive cases and a higher dependency on fine-tuning hyperparameters and data quality. Overall,
this analysis confirms the superiority of ensemble-based methods relying on bagging and boosting, which provide an optimal trade-off
between precision and recall, resulting in F1-scores close to 1. These approaches thus emerge as the most robust and effective for this
specific problem, with Random Forest, XGBoost, and LightGBM standing out as particularly relevant choices that combine stability,
efficiency, and strong generalization ability.

Each graph corresponding to a model illustrates the comparison between actual data and predicted values.

o  X-axis (Index): represents the data points, such as hours or time steps. In this case, approximately 100 samples are shown.

e Y-axis (Energy Consumption): indicates the energy consumption, expressed in either actual or predicted values.

e Blue curve (Actual Values): shows the real energy consumption, characterized by high variability and the presence of
significant peaks, sometimes exceeding 50,000 units.

e Orange curve (Predicted Values): represents the values estimated by the model. These predictions appear much smoother
and fail to closely follow the peaks and abrupt variations in the actual data, highlighting the model’s limitations in capturing
sudden fluctuations in energy demand.
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Figure 5: Comparison of Predicted and Actual Values with Six Models.
Source: Authors, (2025).

The Figure 5 illustrates the comparison between actual energy consumption values and values predicted by different machine
learning models, including Linear Regression, Random Forest, XGBoost, CatBoost, LightGBM, and MLP. Firstly, we can see that
linear regression fails to reproduce the variability of the data, with almost constant predictions that ignore consumption peaks,
confirming its inability to capture the complex non-linear relationships present in the time series. On the other hand, ensemble models
such as Random Forest, XGBoost, CatBoost and LightGBM show significantly better performance: their prediction curves closely
follow the actual values, even during extreme fluctuations exceeding 40,000 units. These methods exploit the combination of decision
trees and boosting strategies, which allows them to better model non-linearities and reduce prediction errors. The MLP model, based on
neural networks, also shows good adaptability to dynamic variations in consumption, but with slightly lower accuracy than gradient
boosting models, probably due to the complexity of the hyperparameters to be optimised. Overall, the results confirm the superiority of
advanced models, particularly XGBoost, CatBoost and LightGBM, which offer excellent correspondence with actual data and appear to

be promising solutions for forecasting hourly energy consumption in smart grids.

Table 5: Comparison of Machine Learning Models for Hourly Energy Consumption Forecasting.

Model

Strengths

Limitations

Linear Regression (LR)

Simple, interpretable, fast to train. Serves as a
baseline reference.

Cannot capture nonlinear relationships.
Poor performance on complex and volatile
data.

Random Forest (RF)

Robust to noisy data, good accuracy, reduces
overfitting, identifies key variables.

Less effective than boosting methods on
highly dynamic data. Can be slower on
large datasets.

High accuracy, efficient handling of

Sensitive to hyperparameters (complex

imbalanced data.

XGBoost nonlinearities, built-in regularization, strong . L2 . g
. . tuning). Training can be time-consuming.

performance on time series.

Handles categorical variables automatically, Relatively new, less documented than
CatBoost strong regularization, high accuracy without XGBoost/LightGBM. May be sensitive to

heavy preprocessing. parameter selection.

Very fast and efficient on large datasets, Risk of overfitting if not properly
LightGBM excellent accuracy, good handling of regularized. Less robust than CatBoost for

small datasets.

Multi-Layer Perceptron
(MLP)

Captures very complex and dynamic
relationships, flexible and adaptable to diverse
contexts.

Requires careful hyperparameter tuning,
prone to overfitting, demands high
computational resources.
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V. CONCLUSIONS

In this study, we have investigated the application of various machine learning techniques for the accurate prediction of electricity
consumption, particularly at a high temporal resolution (hourly data). By comparing models such as Linear Regression, Random Forest,
XGBoost, CatBoost, LightGBM, and Multi-Layer Perceptron (MLP), we have demonstrated the significant advantages of machine
learning approaches over traditional statistical methods in forecasting energy demand. Our results show that ensemble models like
Random Forest, LightGBM, and XGBoost outperform other techniques in terms of accuracy, with Random Forest exhibiting the best
performance, achieving near-perfect predictions. The findings highlight the importance of leveraging machine learning for energy
forecasting, particularly given the challenges posed by the integration of renewable energy sources, which are inherently variable. The
superior predictive power of models like Random Forest and LightGBM ensures that grid operators can better balance supply and
demand, leading to more stable and efficient energy systems.

Despite the promising results, it is important to note that challenges remain, including data complexity, model interpretability, and
the need for further refinement of predictive algorithms to account for regional and sectoral variations in energy consumption. Future
work should explore hybrid models, incorporating external factors such as weather conditions, economic changes, and social behaviors,
which can further enhance prediction accuracy. Ultimately, this research underscores the potential of machine learning in advancing the
field of energy management, contributing to more sustainable and cost-efficient energy systems. The integration of these advanced
forecasting techniques will play a critical role in addressing the growing demand for energy while supporting the global transition to
cleaner, renewable energy sources.
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