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Abstract

The rising energy demands of buildings necessitate systems for efficient energy usage. Consequently, accurate prediction methods are
required to assist in energy planning, control, and optimization. This study aims to predict energy consumption using the X GBoost
algorithm, with parameter optimization performed via Grid Search. Additionally, Random Forest is employed as a benchmark and
comparative method, and feature importance analysis is conducted to identify the variables that most significantly influence energy
consumption. The dataset used is a synthetic dataset obtained from Kaggle. The dataset simulates environmental conditions and energy
use in buildings. The results indicate that the best-performing model is the parameter-optimized XGBoost, which outperformed both
Random Forest and the default XGBoost model. Specifically, the optimized XGBoost model achieved an MAE of 4.0029 + 0.0127, an
RMSE of 4.9352 + 0.0104, and an R2 of 0.6026 + 0.0017. Feature importance analysis identified temperature as the most important
feature for predicting energy consumption in the evaluated model. However, because the study is using synthetic data rather than real
data from actual building measurements, the findings may not fully represent real-world buildings and should not be directly
generalized without further validation. Further evaluation using real-world building energy consumption data is necessary to assess the
practical applicability of the approach.

Keywords: Energy Consumption; Prediction; Machine Learning; XGBoost; Grid Search.

1. INTRODUCTION
The increasing demand for energy due to population growth, industry, and urbanization makes resource management a
critical issue. Global energy demand is predicted to increase along with increased activity. Increased demand that is not
balanced by proper management will create problems and adversely impact other sectors, such as the economy and the
environment [1]. Therefore, an efficient energy management strategy is needed to support sustainable energy use in the
future. Energy management is needed to ensure efficient use by predicting the amount of energy needed. Accurate
predictions can aid planning, control, and optimization of energy use in various sectors.

Rapid technological developments have driven various studies on how to manage energy efficiently, one of
which is the use of machine learning. Machine learning is able to learn patterns between variables, thus producing more
accurate predictions [2]. Several previous studies have utilized machine learning for prediction. One study used SVM to
predict electricity use in homes [3], but did not use parameter optimization and feature importance analysis. Another study
used Random Forest to predict energy production from photovoltaics [4], but did not use parameter optimization.
Furthermore, research using XGBoost and Random Forest to predict energy consumption in electric vehicles to optimize
mileage [5] has not yet analyzed which variables are most influential on energy consumption. Furthermore, other research
using XGBoost to predict energy consumption in steel mills has utilized feature importance analysis [6], but has not
optimized the model parameters used. Based on previous research, a research gap inside the lack of model parameter
optimization, particularly for XGBoost, while simultaneously analyzing the most influential variables in increasing
energy consumption, and comparing other models as benchmarks within a single study. XGBoost was chosen because it
provides good predictions in prediction cases [7], handles nonlinear relationships [8], and reduces overfitting [9].

Various studies have shown that machine learning, particularly XGBoost, can produce good performance.
Parameter selection in machine learning significantly influences model performance in learning data patterns.
Inappropriate parameter selection can lead to overfitting or underfitting of the model [10]. The best combination of
parameters is needed to produce optimal evaluation. Therefore, hyperparameter tuning is needed. Hyperparameters are
used in machine learning to generate the best parameter combination to improve model performance [11].

In addition to producing accurate predictions, interpreting the factors influencing energy consumption is also a
crucial aspect of energy management. Feature importance analysis can be used to identify which variables most influence
prediction results [12]. The results of feature importance analysis can be used as the basis for recommendations [13] for
decision-making related to energy strategy and energy efficiency. However, research discussing the combination of
hyperparameter and feature importance analysis is still limited. Therefore, research is needed to demonstrate opportunities
to improve predictive performance while enhancing the interpretability of models that influence energy consumption.

Based on the existing description, this study proposes an approach to building an XGBoost model to predict
energy consumption by optimizing parameters using Grid Search. Furthermore, this study uses Random Forest as a
benchmark and provides a comparative evaluation of model performance, while XGBoost with default hyperparameters
is also evaluated to determine the effect of hyperparameter optimization. Feature importance analysis is conducted to
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identify the variables that contribute most to the prediction results. The proposed approach is based on the hypothesis that
hyperparameter optimization using Grid Search can improve predictive performance of XGBoost compared with its
default configuration. The novelty of this study lies in the integrated evaluation of predictive accuracy, performance
consistency across ten experimental trials, computational cost, and feature importance within the same experimental
framework. This evaluation provides a comparative assessment of the trade-offs between predictive performance,
computational efficiency, and feature importance for the synthetic dataset used in this study. The findings are intended to
characterize model behavior under the experimental conditions considered and should not be interpreted as direct evidence
of performance or generalizability in real-world buildings. Further validation using measured building energy
consumption data is needed to assess the practical applicability of the approach.

2. METHODOLOGY

This research uses several stages as shown in Figure 1. The first stage is collecting the electricity consumption dataset.
The second stage is EDA (Exploratory Data Analysis), which is used to understand the data and detect potential problems
in the data. The third stage is preprocessing. The stages carried out include checking for null data and converting time
feature extraction to make it easier to recognize. The fourth stage is dividing the data into training and testing data. In the
data division stage, the data is divided into 80% for training and 20% for testing using chronological split. In addition,
TimeSeriesSplit with five splits was used for cross-validation during Grid Search hyperparameter optimization to preserve
the temporal order of observations during model selection. The fifth stage introduces the Random Forest model, the
default XGBoost, and the tuned XGBoost. The tuned XGBoost uses hyperparameters by optimizing the parameters
n_estimators, max_depth, learning_rate, and subsample. The sixth stage is evaluation using MAE, RMSE, and R2. The
final stage is feature importance analysis.

‘ Dataset H EDA H Preprocessing H Splitting Data
Data

Hyperparameter

Random Forest

‘ XGBoost ’ {XGBoostTuned

Model
Evaluation

Feature
Importance

Figure 1. Research Framework

2.1 Dataset

The dataset is a public dataset obtained from Kaggle under the name Energy Consumption Prediction [14]. According to
the dataset description, the dataset represents a hypothetical environment designed to emulate real-world energy
consumption scenarios. The dataset is synthetic and it is designed to simulate building energy consumption based on 10
variables. The synthetic data used represents the relationship between variables that resemble real conditions without
using real operational data. The dataset has variables such as timestamp, temperature, humidity, occupancy, HVAC,
square footage, lighting usage, around-the-clock renewable energy, holidays, and energy consumption as research targets.
The dataset has a total of 1000 data points.

2.2 Random Forest

Random Forest is an ensemble-based algorithm built on decision trees that works by randomly constructing a number of
decision trees and combining the prediction results from all the trees to produce a final prediction [15]. In regression
problems, the final prediction is obtained by calculating the average prediction results from all the trees formed. The more
trees there are, the greater the accuracy of the prediction and reduce overfitting [16]. Therefore, Random Forest is widely
used in various prediction problems, especially energy consumption. In this study, Random Forest is used as a benchmark
model to compare performance with the proposed XGBoost algorithm whose parameters have been optimized. The
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Random Forest model uses the default hyperparameter configuration provided by scikit-learn, without additional
hyperparameter optimization. The parameter that were used in Random Forest are max_depth None, min_samples_leaf
1, n_estimators 100, and max_features 1.0.

2.3 XGBoost

XGBoost is a Gradient Boosting Decision Tree (GBDT) algorithm widely used in machine learning for classification and
prediction [17]. XGBoost works by incrementally building decision trees, with each new tree aiming to correct the
prediction errors generated by the previous tree. The algorithm has several advantages in handling nonlinear relationships
and mitigating the risk of overfitting [8].

In the baseline XGBoost model, the hyperparameter used were n-estimators 100, max_depth 6, learning rate 0.3,
and subsample 1.0. The baseline model was trained using the training set and evaluated on the test set to establish the
initial performance of XGBoost before hyperparameter optimization. Since the dataset consists of temporal energy data,
a chronological data split was applied to preserve the temporal order, where earlier observations were used for training
and subsequent observations were used for testing. Random shuffling was not applied during the train-test split to prevent
information from future observations from being introduced into the training process.

To improve XGBoost performance, this study used the Grid Search method for parameter optimization. Grid
Search is a systematic parameter search method that tests all combinations of predetermined parameter values [18]. Grid
Search uses a cross-validation mechanism to perform the model parameter testing process without the need for manual
validation one by one c[19]. Grid Search hyperparameter optimization was performed using five-fold time-series cross-
validation (TimeSeriesSplit, with n_splits=5). The negative mean absolute error (neg_mean_absolute_error) was used as
the scoring metric to select the best hyperparameter configuration. In this study, the optimized parameters include
n_estimators, max_depth, learning rate, and subsample. The model with the best evaluation results from Grid Search will
be used as the final model for energy prediction process. The parameters used in this study are shown in Table 1.

Table 1. Grid Search Parameter

Parameter Value
n_estimators 100, 200, 300
max_depth 3,57
learning_rate 0.01,0.05,0.1
Subsample 0.8,1.0

2.4 Model Evaluation

Evaluation was conducted to measure the performance of the model in predicting energy consumption. In this study, 3
model evaluation metrics were used: Mean Absolute Error (MAE), Root Mean Square Error (RMSE), and R?. MAE is
used to calculate the average value of the deviation between the actual value and the predicted value [20]. MAE is used
to describe how much prediction error is made by the model. RMSE calculates the average squared error value in
prediction between the actual value and the predicted value; the smaller the value, the better the model. RMSE is used to
determine the model's ability to minimize extreme prediction errors, so it can show the model's sensitivity [21]. R? is a
score to see how much variation in the dependent variable can be explained by the model [22]. So, the greater the R?
value, the more variation can be explained by the model.

To ensure a comprehensive assessment, the model was evaluated across ten trials using different random seeds
generated by NumPy’s random number generator initialized with a fixed seed of 42. Ten distinct seeds were randomly
choosen from 1 to 99 without replacement. Each seed is selected to control the algorithm, and the data training and testing
remain fixed for all trials. These varied experiments allow for the observation of performance fluctuations across repeated
runs. The mean and standard deviation were calculated from these ten trials to determine the average prediction
performance and the extent of result variation; the mean represents the average value across all trials, while the standard
deviation indicates the variability in model performance.

3. RESULT AND DISCUSSION
3.1 Exploratory Data Analysis

Exploratory Data Analysis (EDA) is a step to understand the characteristics of a dataset before the capitalization process.
The purpose of EDA is to identify relationships between variables. This study used a correlation heatmap to demonstrate
the level of relationship between variables in a dataset. The correlation heatmap is shown in Figure 2.

Based on the correlation analysis, the temperature variable has the highest correlation value with energy
consumption at 0.70, indicating a positive relationship; the higher the temperature, the higher the energy consumption.
The HVAC (Heating, Ventilation, and Air Conditioning) variable, or room cooling system, has a value of 0.29, indicating
a weak-to-moderate positive relationship, meaning the use of air conditioning systems will contribute to increased energy
consumption. Therefore, higher outdoor temperatures and the use of air conditioning will increase energy consumption.
Third, the variables of occupancy, lighting, and renewable energy have values of 0.19, 0.093, and 0.081, respectively,
indicating a weak positive correlation, meaning they contribute little to increased energy consumption.
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Figure 2. Correlation Heatmap

The humidity variable has a weak negative correlation of -0.094, indicating a weak negative linear association
between the two variables. Square footage has a correlation coefficient close to zero at -0.0011, indicating a negligible
linear association with energy consumption in the evaluated dataset. Similarly, the correlation analysis indicates a weak
linear association between the time-related variables and energy consumption. However, near-zero correlation
coefficients do not necessarily imply that these variables have no predictive relevance, as nonlinear relationships or
interactions with other variables may exist. The EDA results indicate that all variables can be used in the modeling
process.

3.2 Discussion

In this study, the modeling process was carried out using three approaches: Random Forest, which was used as a
benchmark model, XGBoost default via its default parameter, and XGBoost tuned were used in hyperparameter
optimization setting using Grid Search. To maintain the consistency of all model prediction, the data for training and
evaluation had the same partitions for the sake of comparison. All model was evaluated through ten experimental trials
with different seeds to obtain more reliable comparisons with a fixed random number from the generator seed, enabling
the experiment to be reproduced under same configuration.The same training and testing partitions were maintained
across all trials, while the model random states varied according to the predefined seed list. The evaluation of the Random
Forest, XGBoost default, and XGBoost tuned models is presented in Table 2. The evaluation was carried out using the
MAE, RMSE, and R? metrics. MAE and RMSE are used to measure the level of prediction error, while the R? value is
used to determine the model's ability to explain data variations. Models with small MAE and RMSE values and large R?
are models that have good performance. The mean and standard deviation of the evaluation metrics were used to assess
both predictive performance and consistency across trials.

Table 2 shows that the tuned XGBoost performed best compared to other algorithms. This is evident from the
MAE value of 4.0029 + 0.0127 and RMSE of 4.9352 + 0.0104, which are the lowest compared to other models.
Furthermore, the R? value of 0.6026 + 0.0017 indicates that the tuned XGBoost can better explain data variation. However,
the Random Forest has a slightly lower than the tuned XGBoost. Random Forest achieved an MAE of 4.2067 + 0.0487,
an RMSE of 5.1559 + 0.0482, and an R2 of 0.5662 + 0.0081. The difference in R between Random Forest and tuned
XGBoost was only 0.0364, suggesting that their predictive performance was similiar in the terms of proportion on
variance.

Table 2. Result of Modeling
Model MAE(Mean+SD) RMSE(Mean+SD)  R*(Mean+SD) Time(MeanSD)

leg;’e‘;;“ 4.2067+0.0487  5.1550+0.0482  0.5662%0.0081  0.4971:+0.1286
TOBOML  45071£00000 5452400000 05149 £0.0000  0.2406 +0.0663
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XGBoost

Tuned 4.0029 £ 0.0127 4.9352 £0.0104 0.6026 +£0.0017  16.5962 + 3.4831

The results for the default XGBoost model were an MAE of 4.5071 + 0.0000, an RMSE of 5.4524 + 0.0000,
and an R2 of 0.5149 + 0.0000; an improvement of 0,0877 was observed, along with a reduction in the MAE and RMSE
values. The results indicate that using Grid Search for parameter optimization improves evaluation results compared to
using the default model parameters. Based on Table 2, it shows that the hyperparameter configuration that is selected by
Grid Search produced more accurate predictions than the default model to evaluate the dataset. The Grid Search were
examined through 54 hyperparameter combinations.

The mean value represents the overall predictive performance, while standard deviation provides an indication
if the consistency across different experimental conditions. A lower standard deviation indicates that the model produced
more consistent results across the trials, whereas a higher standard deviation indicates greater variation in model
performance. The results of the mean and standard deviation are shown in Table 2 The tuned XGBoost had a lower
standard than other model, meaning it has smaller variation. It is shown too in Figure 3, where the tuned XGBoost is more
consistence than the other model. Figure 3 Shows the variation across ten trials by showing MAE, RMSE, and Rz2. It
shows that XGBoost default had higher error values than the other models, while tuned XGBoost and Random Forest
values remained relatively close across the ten trials.

Model Performance Across 10 Trials

MAE Across 10 Trials RMSE Across 10 Trials R? Across 10 Trials

o
—= RF Mean = 05662

—= XGB Default Mean = 0.5149
—— XGB Tuned Mean = 0.6026

& 0.56

Trial Trial Trial

Figure 3. Model Performance Across 10 Trials

The parameter combination obtained in the tuned XGBoost is learning rate: 0.01, max_depth: 3, n_estimator:
300, and subsample: 0.8. This combination of parameters produces a balanced model, thereby improving prediction
accuracy. Performance improvements in the tuned XGBoost are influenced by the right combination of parameters. In
this experimental setting, a lower learning rate may improve optimization stability by allowing the model to update its
predictions more gradually during training. Using a max_depth of 3 results in a simpler decision tree. This combination
of parameters makes the model more stable, resulting in better generalization capabilities. However, their effects depend
on the dataset and experimental configuration and do not necessarily guarantee better generalization in other settings.

However, in XGBoost Tuned also, the time execution took longer because it needs additional computational
resources to process the Grid Search procedure, which evaluates 54 hyperparameter combinations through time-series
cross-validation. The reported execution time includes the cross-validation process and the subsequent refitting of the
best estimator, where the test-set prediction and evaluation metric calculation are excluded from the measurement. The
potential predictive performance should be considered alongside the additional computational cost when assessing the
suitability of the optimized model. Given the small difference in predictive performance between tuned XGBoost and
Random Forest, model selection should consider both predictive accuracy and computational requirements. Random
Forest may be a practical alternative when computational efficiency is a priority, while tuned XGBoost may be preferred
when achieving the lowest observed prediction errors is the primary objective.

To complement the aggregate performance metrics, Figure 4 presents the actual versus predicted energy
consumption values and residual plots for the three models in Trial 4. In the scatterplot, the horizontal axis represents the
actual values, while the vertical axis represents the predicted values. The diagonal line represents the ideal distance
between predicted and actual values. The closer the points are to the diagonal line, the smaller the model's prediction
error. Figure 4 shows that the model has a distribution pattern that follows the diagonal line, indicating that the model is
capable of producing predictions with relatively small errors. In the default XGBoost, the points are still scattered away
from the diagonal line, indicating that there are some prediction errors in some observations. This indicates that, in its
predictions, the default XGBoost still produces larger prediction errors compared to the two other models.
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Figure 4. Scatter Plot Actual Vs Predicted
In both Random Forest and XGBoost, the points are more centrally located, indicating that the predicted values
are closer to the actual values, thus improving accuracy compared to the default XGBoost model. This is consistent with
the results shown in the smaller MAE and RMSE values, as well as the higher R2. In the tuned XGBoost model, the points
are also closer to the diagonal line, indicating that parameter optimization has successfully improved the model's ability
to predict energy consumption. Moreover, since Figure 4 presents only Trial 4, the scatter plots serve as an illustrative
example of model predictions rather than a complete assessment of performance across all ten trials.

Residual Plot - Representative Trial

Random Forest - Trial 4 XGBoost Default - Trial 4 XGBoost Tuned - Trial 4
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Figure 5. Residual Plot

Residual plots from Random Forest, the default XGBoost, and the tuned XGBoost are shown in Figure 5.
Residual plots are used to evaluate the prediction error generated by the model by comparing the residual values to the
predicted values. According to Figure 5, the residuals are randomly distributed around the zero line without forming any
specific pattern, indicating that the prediction error is random and there is no indication of systematic bias in the model.

In Random Forest and the tuned XGBoost, the points have a narrow range, indicating the model is able to predict
energy consumption well. No specific patterns are found in the plot indicating the model is experiencing systematic bias
in its predictions. Meanwhile, with the default XGBoost, the points are more spread out, indicating that the model does
not predict as well as the previous two models, resulting in a larger prediction error. The wider spread of residuals for
default XGBoost is consistent with its higher MAE and RMSE in Table 2. Because Figure 5 shows residuals from only
one trial, the observed patterns should be interpreted together with the ten-trial results in Table 2 and Figure 3. This
combined evaluation provides a more balanced interpretation of predictive accuracy and observed consistency

3.3 Feature Importance Analysis

To determine the variables that most influence energy consumption, a feature importance analysis was conducted. The
results of the feature importance analysis can be seen in Figure 6. The Feature importance analysis provides insight into
the relative predictive contributions of the input features and their potential relationships in building energy consumption
prediction. Feature importance was measured using the Gain metric, and the raw scores were normalized so that the sum
of the importance values across all input features equaled as one. Temperature is the feature that most influences the
increase and decrease in energy consumption, because it has the highest normalized importance value compared to other
variables. The feature importance value for the temperature variable is 41.68% from the total importance. This indicates
that temperature contributed more to the model's predictive performance than the other evaluated features. Higher
temperatures may increase cooling demand, leading to greater HVAC system usage and, consequently, higher building
energy consumption. This potential relationship may help explain the high importance assigned to temperature by the
model. Holiday was the feature with the lowest feature importance, with a value of 2.85%. This indicates that holidays
do not have a significant effect on predicting energy consumption. However, these scores represent predictive relevance
within the fitted model and do not establish causal relationships with energy consumption.
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Normalized XGBoost Feature Importance Based on Gain
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Figure 6. Analysis Feature Importance

4. CONCLUSION

Based on the results of the research, it can be concluded that the XGBoost algorithm, with optimized parameters, performs
best in predicting building energy consumption compared to Random Forest and the default XGBoost. The results of the
tuned XGBoost are indicated by lower MAE and RMSE values and higher R2 values. The most influential variables are
temperature, HVAC, and occupancy, which are the variables with the highest importance values. The variables with the
least influence on energy consumption are holidays, square footage, and humidity. These findings provide insights into
the variables associated with predicted building energy consumption in the dataset and may help guide further
investigations into building energy management and efficiency strategies. However, there is limitation in this study, the
use of a synthetic dataset generated to simulate building energy consumption rather than data collected from actual
buildings. Although synthetic data provide a controlled environment for evaluating machine learning models, the patterns
represented in the dataset may not fully capture the complexity and variability of real-world data. Further validation using
real building energy consumption data is therefore necessary to assess the practical applicability of the proposed approach.
Future research can use real-world datasets, incorporate feature engineering techniques, and compare XGBoost with other
algorithms such as LightGBM, CatBoost, and Deep Learning-based models to investigate whether these approaches can
improve predictive performance
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