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Abstract

Weather changes caused by global warming have become a global issue that concerns many
parties. One of the main factors is greenhouse gases, which trigger the greenhouse effect in the
Earth's atmosphere. Currently, carbon dioxide concentrations in the atmosphere are estimated
to be at their highest level ever. Carbon emissions originate from organizations, events,
products, and human activities, and are referred to as carbon footprints. Carbon footprints serve
as indicators of human activities that affect the environment. Carbon emission issues will form
a trend from year to year, especially in developing and developed countries that have high motor
vehicle consumption. Predictions of individual CO2 carbon footprints on the environment by
comparing the xgboost classifier and cat boost classifier algorithms show that the xgboost
Classifier is the best performing model with an Accuracy Score of 0.997, followed by the Cat
Boost Classifier. This shows that electricity consumption and waste increase the carbon
footprint, while renewable energy reduces the carbon footprint and eco actions have an impact
but are still small.
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Introduction

Climate change caused by global warming is one of the global issues that are of concern
to many parties. The main factor that contributes to this is greenhouse gases (GHGs) which
trigger the Greenhouse Effect in the Earth's atmosphere[1]-[2]. Currently, carbon dioxide
concentrations are estimated to be the highest in the atmosphere. One of the carbon emissions
comes from an organization, event, product, and human activity called a carbon footprint. The
carbon footprint serves as an indicator of human activities that affect the environment. With the
increasing number of activities carried out by humans, the value of the emissions produced will
also increase. This shows a link between human activities and air quality in the atmosphere. An
important first step for institutions in global warming mitigation efforts is to evaluate
greenhouse gas emissions resulting from individual activities, both direct and indirect. This
aims to find out how much CO: emissions arise from use[3].

Climate change mitigation is a problem that must be addressed to reduce the carbon
footprint in the energy sector, which is a question that must be answered. The transition from
traditional to renewable energy is often hampered by a variety of technical, financial, and
policy issues. How do we address these challenges, and how much can we maximize
opportunities to develop clean energy technologies? This study aims to evaluate by predicting
the carbon footprint in energy production by identifying the main sources of emissions and
analyzing the efficiency of the production process. In addition, the analysis of the carbon
footprint in energy use is carried out by understanding energy consumption patterns, their
impact on greenhouse gas emissions, and potential reductions at the consumer and industrial
sector levels[4].

There have been several previous studies using forecasting, one of which was conducted
by Syifa et al. in 2022 to forecast carbon emissions using the SARIMA and LSTM methods.
This prediction results in more optimal LSTM when used to forecast carbon emission levels
compared to the SARIMA method[5]. Another study using the Neural Network model
conducted by Niken in 2023 in his research produced an accuracy of more than 98% with a
small error value with five times the error [6]. The next study using forecasting was carried out
by Kevin in 2024 using the Linear Regression algorithm to measure the level of CO2
expenditure that produces the best performing type of diesel fuel, with an MSE value of
0.5621[7].

From the above research, it was found that the problem of carbon emissions will form a
trend from year to year, especially in developing and developed countries that have high
consumption of motor vehicles. However, in reality, the prediction process sometimes
encounters obstacles due to a lack of data. Therefore, in this study, the prediction of the
Individual Carbon Footprint of CO2 in the Environment was carried out by comparing the
XGBoost Classifier and Cat Boost Classifier algorithms. XGBoost is a machine learning
method used to solve regression and classification problems using the Gradient Boosting
Decision Tree, where each tree is strengthened by the previous tree and the next tree is
dependent on each other[8]. CatBoost (Categorical Boosting) is a Gradient Boosted Decision
Tree (GBDT)-based algorithm developed to handle categorical data efficiently without the
need for one-hot encoding[9].

Literature Review

Global climate change is one of the main issues that has received wide attention from
various circles[10]. One of the main causes is the increase in greenhouse gas emissions,
especially carbon dioxide (COz2), which come from human activities such as transportation,
industry, and energy consumption[11]. These emissions are known as carbon footprints, which
are used as indicators to measure the impact of human activities on the environment.
Several previous studies have addressed the importance of reducing carbon footprints through
a variety of approaches, including the use of renewable energy and changing people's behavior.
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In addition, technological developments allow the analysis and prediction of carbon footprints
using machine learning-based methods[12].

Algorithms such as XGBoost and CatBoost are widely used classification methods
because they have high performance in processing complex data. XGBoost is known to improve
accuracy through efficient boosting techniques[13], while CatBoost excels at handling
categorical data without the need for complex encoding processes . Previous research has
shown that these two algorithms are effective in a wide range of prediction cases, including in
environmental analysis.

Thus, this study uses the XGBoost and CatBoost algorithms to predict individual carbon
footprints, to find out the factors that most influence the increase in carbon emissions and
provide the basis for more environmentally friendly decision-making.

Research Methodology
The following are the stages of research used, which are approaches with the type of

quantitative research and predictive methods[14]. The following are the stages carried out in

the research.

1.  Problem Identification
This research began with the identification of problems related to the increase in carbon
footprint which is one of the main causes of greenhouses. Therefore, a system that is able
to accurately predict an individual's carbon footprint is needed. The purpose of this study
is to implement a comparison of the XGBoost Classifier and Cat Boost Classifier
algorithms.

2. Data Acquisition
The next stage is carried out by collecting data that is the basis for the modeling process.
This study uses data from the Central Statistics Agency (BPS), an Indonesian government
agency tasked with collecting, processing, and presenting national statistical data, which
contains information about individual carbon footprints, including transportation
choices, energy use, food habits, waste generation and others related to carbon footprint.

3. Data Preprocessing
After the data is obtained, the pre-processing stage of data is carried out with the aim of
ensuring that the data used is in a clean condition and ready to be processed. The process
involves handling missing values, normalizing or standardizing numerical values if
necessary, and converting categorical data into numerical forms using encoding
techniques. In addition, data is divided into training data and test data with a certain ratio
to ensure that the training and testing process of the model runs optimally

4.  Model Training
At this stage, model training was carried out using the XGBoost Classifier and Cat Boost
Classifier algorithms, which are one of the algorithms that have high data classification
capabilities. Model training is carried out on training data that has been prepared through
the pre-processing stage. In an effort to improve model performance, parameter
adjustments and cross-validation were carried out to prevent overfitting and strengthen
the model's ability to generalize to new data.

5. Feature Importance Analysis
This stage aims to find out which features contribute the most to the prediction results.
The XGBoost Classifier and Cat Boost Classifier have features to calculate the
importance of each variable. The results of this analysis provide useful information to
understand the main factors that affect the carbot footprint and can be used as a
consideration in decision-making.

6.  Drawing Conclusions and Suggestions
The last stage includes drawing conclusions based on the results of model evaluation and
feature analysis that has been carried out. This conclusion summarizes how well the
XGBoost Classifier and Cat Boost Classifier models predict individual carbon footprints
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and what features are most influential. This research also provides suggestions that the
developed model can be integrated into decision support systems in the field of
environment to help.

Results

The stages in this study include several steps, namely data preprocessing, data, model
training, and evaluation of results using a confusion matrix to determine the most optimal
model. The first step is to import the required data. This study uses the Python programming
language with libraries such as sklearn, numpy, pandas, matplotlib, seaborn and plotly. The
dataset used in CSV format.
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Figure 1. Carbon Footprint Dataset
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From the imported dataset , data is displayed as many as 1400 rows and 12 columns
consisting of user id, day type, transport model, distance km, electricity kwh, renewable usage,
food type, screen time, waste generated, eco action, carbon footprint and canbon impact. Next,
it displays the dataset of each variable in the form of a histrogram graph. The following are the
results of the carbon footprint histrogram graph.
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Figure 2. Carbon Footprint Histrogram Graph

From the image above shows the results of the histogram graph of each variable, each
variable has a count, mean, std, min, 25%, 50%, 75% and max value. The next stage is to
correlate between variables. The following are the results of the correlation between variables.
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Figure 3. Correlation of Relationships Between Variables
From the image above, it shows that electricity consumption and waste increase the level
of carbon footprint, while renewable energy reduces the carbon footprint and eco actions have
an impact but are still small. Furthermore, the results of the correlation are visualized in the
form of a scatter plot regression graph.
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Figure 4. Scatter Plot Regression Chart.

The results of the image above show a positive relationship between electricity
consumption and carbon footprint. Increased electricity consumption is likely to be followed
by increased carbon emissions, although the relationship is moderate and influenced by other
factors. The next stage is to compare the boost algorithms, namely XGBoost and CatBoost.
The following are the results of the comparison of the two algorithms.

a.  XGBoost Classifier Algorithm

XGBClassifier

2e+02

n 1

CatBoostClassifier

[+]

F1 Score:8.9971383691365662

XGBClassifier:
precision recall fl-score  support
2] 1.88 1.88 1.86 56
1.06 B.99 B8.99 98
2 1.06 1.88 1.88 284
accuracy 1.88 358
macro avg 1.88 1.88 1.86 358
weighted avg 1.08 1.88 1.88 358

FigI;re 5. XGBoost Clasifier Algorithm Results
b.  Cat Boost Clasifier Algorithm

F1 Score:8.9914681858853549

CatBoostClassifier:
precision recall T1-score  support
8 B.97 1.88 B8.98 56
1 1.88 8.99 B8.99 98
2 1.88 B8.99 6.99 284
accuracy B.99 358
macro avg B8.99 B.99 6.99 358
weighted avg B.99 B.99 8.99 3508

Figure 6. Results of the Cat Boost Clasifier Algorithm

Table 1. Algorithm Comparison Results

Yes Models

F1 score Accuracy Score Precision Score Recall Score

1 XGBClassifier
2 CatBoostClassifier

0.997138 0.997143
0.991460 0.991429

0.997157
0.991612

0.997143
0.991429
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The results of the comparison table of the XGBoost Clasifier and Cat Boost Clasifier
algorithms above show that the accuracy level of the XGBoost Clasifier algorithm is more
dominant than the Cat Boost Clasifier algorithm.

Conclusion

The study compared the boost algorithms, namely XGBoost Clasifier and CatBoost
Clasifier in predicting the carbon footprint of individual CO2. The test results showed that the
XGBoost Clasifier was the model with the best performance with a F1 _score value of 0.997,
Accuracy_Score : 0.997 and followed by the Cat Boost Clasifier with a value of F1_score :
0.991, Accuracy Score : 0.991. With the results of electricity consumption and waste increasing
the level of carbon footprint, while renewable energy reduces the carbon footprint and eco
actions have an impact but are still small. Increased electricity consumption tends to be
followed by increased carbon emissions, although the relationship is moderate and influenced
by other factors.
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