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Abstrak

Urbanisasi telah membawa tantangan signifikan dalam keberlanjutan energi, dengan
kota-kota menghadapi peningkatan permintaan energi dan tekanan lingkungan. Model
tradisional sering kali gagal mengakomodasi interaksi kompleks antara faktor iklim dan
geografis, membatasi akurasi dalam memprediksi kinerja energi perkotaan. Penelitian ini
mengusulkan kerangka kerja berbasis pembelajaran mesin menggunakan XGBoost untuk
memprediksi Urban Green Energy Score, sebuah metrik yang mengintegrasikan faktor iklim
dan geografis untuk menilai keberlanjutan energi perkotaan. Model ini memanfaatkan data
seperti suhu, curah hujan, penggunaan lahan, dan struktur perkotaan, menawarkan pendekatan
komprehensif dalam mengevaluasi keberlanjutan energi. Kontribusi dari penelitian ini meliputi
pengembangan model prediktif yang dapat dipahami, integrasi data lingkungan yang beragam,
dan penerapan teknik pembelajaran mesin canggih. Model ini dievaluasi menggunakan metrik
kinerja seperti RMSE, MAE, dan R2, dengan hasil yang menunjukkan efektivitasnya dalam
memprediksi keberlanjutan energi di berbagai lingkungan perkotaan. Pekerjaan masa depan
dapat mengeksplorasi integrasi data konsumsi energi real-time, faktor sosial ekonomi, dan
teknik pembelajaran mendalam untuk lebih meningkatkan akurasi prediksi dan generalisasi
model. Penelitian ini memberikan alat yang berharga bagi perencana perkotaan untuk
mengoptimalkan konsumsi energi dan mengurangi dampak lingkungan, berkontribusi pada
pengembangan kota yang lebih berkelanjutan.

Kata kunci: Keberlanjutan energi perkotaan, XGBoost, Urban Green Energy Score,
pembelajaran mesin, faktor iklim, faktor geografis, pemodelan prediktif, pekerjaan masa depan.

Abstract

Urbanization has led to significant challenges in energy sustainability, with cities
facing growing energy demands and environmental pressures. Traditional models often fail to
incorporate complex interactions between climatic and geographic factors, limiting their
accuracy in predicting urban energy performance. This research proposes a machine learning-
based framework using XGBoost to predict the Urban Green Energy Score, a metric that
integrates climate and geographic factors to assess urban energy sustainability. The model
leverages data such as temperature, precipitation, land use, and urban structure, offering a
comprehensive approach to evaluating energy sustainability. The contributions of this study
include the development of an interpretable predictive model, the integration of diverse
environmental data, and the application of advanced machine learning techniques. The model is
evaluated using performance metrics such as RMSE, MAE, and R?, with results demonstrating
its effectiveness in predicting energy sustainability across multiple urban environments. Future
work could explore incorporating real-time energy consumption data, socioeconomic factors,
and deep learning techniques to further improve prediction accuracy and model generalization.
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This research provides a valuable tool for urban planners to optimize energy consumption and
reduce environmental impact, contributing to the development of more sustainable cities.

Keywords: Urban energy sustainability, XGBoost, Urban Green Energy Score, machine
learning, climatic factors, geographic factors, predictive modeling, future work.

1. INTRODUCTION

Urbanization has significantly transformed the landscape of cities worldwide, with over
half of the global population now residing in urban areas. This rapid urban growth brings about
numerous challenges, especially regarding energy consumption and environmental
sustainability. Urban areas are prone to the urban heat island effect, where the local temperature
is higher than the surrounding rural areas due to human activities and altered land surfaces. This
effect exacerbates energy demand, particularly for cooling purposes, and contributes to
environmental degradation. Urban energy systems are pivotal in addressing these challenges, as
they determine the efficiency of energy use and the extent of greenhouse gas emissions. Thus,
predicting and improving the energy sustainability of cities, considering both climate and
geographic factors, has become a priority in recent urban research [24].

The need for accurate urban energy sustainability assessments remains a critical
challenge, as traditional methods often focus on simplistic models or are computationally
expensive, requiring extensive environmental data that is not always available. Additionally,
these models often fail to account for the complex and nonlinear relationships between urban
energy consumption, climate, and geography. Recent advancements in machine learning,
particularly ensemble methods such as XGBoost, provide an opportunity to model such
complexities with greater precision and efficiency. Studies have demonstrated that machine
learning techniques can successfully predict energy-related outcomes, such as greenhouse gas
emissions and energy efficiency, by incorporating a variety of climatic, geographic, and
socioeconomic factors [1][8]. However, a comprehensive framework that integrates both
climatic and geographic factors to predict a unified urban green energy score remains largely
unexplored.

This research aims to address this gap by developing a predictive framework using
XGBoost to estimate an Urban Green Energy Score, a composite metric that reflects the
sustainability of urban energy systems based on both climate and geographic factors. By
leveraging climate data (such as temperature, rainfall, and solar radiation) and geographic
factors (including topography, land cover, and spatial configurations), this model will offer an
integrated approach to evaluating energy sustainability in cities. The motivation behind this
approach stems from the increasing need for cities to adopt data-driven solutions that can
inform policy decisions, optimize energy consumption, and reduce environmental impacts.
Furthermore, this study seeks to provide actionable insights into how these factors interact,
allowing urban planners to identify critical levers for improving energy efficiency and reducing
emissions.

The proposed framework offers several contributions to the field. First, it introduces an
interpretable urban green energy score that synthesizes complex climatic and geographic
variables into a single metric. Second, it demonstrates the application of XGBoost, a state-of-
the-art machine learning algorithm, in the context of urban energy sustainability prediction.
Third, it enhances the understanding of which climatic and geographic features have the most
significant impact on energy outcomes, providing insights for urban policy and planning.
Finally, this study evaluates the predictive accuracy of the model using standard performance
metrics, thus offering a robust tool for cities to assess and improve their energy sustainability
strategies. Through this work, we aim to bridge the gap between advanced machine learning
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techniques and practical urban energy management, contributing to the development of smarter,
more resilient cities.

2. METHODOLOGY

Recent research has explored various machine learning approaches for predicting urban
energy sustainability, incorporating both climatic and geographic factors. One notable study by
Jin and Sharifi [1] investigates the application of machine learning techniques to model urban
greenhouse gas emissions. Their work primarily focuses on regression models, with limited
exploration of spatial heterogeneities. While their approach offers valuable insights into
emission patterns, it lacks integration of detailed geographic features such as land use and urban
density, which are crucial for understanding energy sustainability in diverse urban contexts.
Additionally, their model does not consider climate data directly, which may limit the
applicability of their findings in cities facing varying climatic conditions. This highlights a
significant gap that our research seeks to address by integrating both climate and geographic
factors into a unified predictive framework using XGBoost.

Another important contribution is the work of Dakre and Jadhav [8], who use XGBoost
to forecast urban energy consumption based on climatic inputs. Their study emphasizes the role
of temperature and solar radiation in determining energy demand, demonstrating the potential of
machine learning models in this domain. However, their research focuses solely on climate data,
without considering geographic factors such as green space, topography, and urban structure,
which are known to influence urban heat islands and energy consumption. In contrast, our
proposed model integrates these geographic variables, aiming to provide a more comprehensive
view of urban energy sustainability. Moreover, while Dakre and Jadhav perform well on certain
performance metrics, their model's interpretability remains a concern, a limitation that is
addressed in our approach by employing model explanation techniques like SHAP values.

Furthermore, Tran et al. [24] conducted a study on the cooling intensity of urban areas
using XGBoost, emphasizing the relationship between urban heat islands and energy efficiency.
Their research successfully incorporates a range of climatic variables, but it does not fully
explore the interaction between these variables and geographic features, such as land cover or
the presence of vegetation. Our approach differs by integrating these factors to build a more
nuanced model of urban energy sustainability. The study by Tran et al. [24] also highlights the
importance of model performance evaluation; however, their evaluation methods are limited to
a single metric. In our research, we aim to employ multiple evaluation metrics, including
RMSE, MAE, and R?, to ensure a robust assessment of model accuracy and generalizability.

In summary, while significant progress has been made in using machine learning to
predict urban energy performance, existing studies often overlook the complex interactions
between climatic and geographic factors. Our research seeks to fill this gap by integrating these
variables into a unified model, using XGBoost for predictive accuracy and interpretability.
Additionally, we aim to improve upon previous studies by employing a broader range of
evaluation metrics and providing a more comprehensive analysis of the factors influencing
urban energy sustainability.

2.1. Data Sources and Research Objects

This study aims to develop a predictive model for estimating the Urban Green Energy
Score, a composite metric reflecting urban energy sustainability. The data used for this research
includes both climatic and geographic variables that influence energy consumption patterns and
sustainability. Climatic data such as temperature, precipitation, solar radiation, and wind speed
are collected from meteorological stations across various urban areas. Geographic data includes
land use, green space coverage, topography, and spatial distribution, which are sourced from
urban planning and remote sensing databases. These datasets are crucial as they reflect the
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environmental conditions and urban structures that directly affect energy usage and
sustainability. The data used in this study spans multiple cities with varying climatic conditions,
ensuring the model’s applicability to diverse urban environments. Before delving into the
detailed methodology, the following flowchart (Figure 1) provides an overview of the step-by-
step process employed in this study to predict the Urban Green Energy Score. This systematic
approach integrates various climatic and geographic factors using the XGBoost machine
learning algorithm, ensuring a comprehensive analysis of urban energy sustainability. The
flowchart outlines each phase of the process, from data collection and preprocessing to model
training, evaluation, and the final prediction.

1 Data Scurces (Sectian
29

Rainfall, Solar Radiati
wind

3, WRoaft Model

Figure 1. Methodology flowchart for predicting Urban Green Energy Score using
XGBoost.

Figure 1 illustrates the methodology for predicting the Urban Green Energy Score using
XGBoost, integrating climatic and geographic data. The process begins with data collection and
cleaning, followed by feature selection and preprocessing. The XGBoost model is then trained,
incorporating hyperparameter tuning and regularization to enhance performance. Model
evaluation includes testing with metrics such as RMSE, MAE, and R-squared, along with
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comparisons to other algorithms and sensitivity analysis. The final outcome is a unified Urban
Green Energy Score, which provides insights for urban sustainability.

2.2. Data Preprocessing and Preparation

Data preprocessing is a crucial step in ensuring the quality and usability of the datasets
for model training. The preprocessing pipeline includes data cleaning, feature selection, and
normalization. Initially, missing or inconsistent data points are handled using interpolation
techniques or by removing rows with excessive missing values. Next, feature selection is
performed to identify the most relevant variables influencing energy sustainability, based on
domain knowledge and statistical methods such as correlation analysis. The selected features are
then normalized to ensure that all variables contribute equally to the model, avoiding issues
related to scale differences. Additionally, temporal data is synchronized to align with
geographic and climatic factors, ensuring that the data corresponds to the same time intervals
for all variables. This ensures that the model can effectively learn from the relationship between
the climatic and geographic factors.

2.3. Proposed Methodology: XGBoost Model

The core of the methodology lies in the use of the XGBoost algorithm, a powerful
machine learning technique known for its efficiency and accuracy in regression and
classification tasks. XGBoost is an ensemble learning method based on decision trees, which
uses gradient boosting to improve the predictive power of the model by iteratively adding weak
learners. The primary goal is to develop a model that predicts the Urban Green Energy Score by
integrating climatic and geographic data. The mathematical formulation of the XGBoost model
is expressed as follows:

§=> fila)
= 1)

Where:
o U represents the predicted score,

e K s the number of boosting rounds,

o [x(%) denotes the prediction function of the & tree.

The model is trained using historical data from the selected cities, where the target
variable is the Urban Green Energy Score. The model parameters, such as the learning rate,
maximum depth of trees, and the number of boosting rounds, are optimized using cross-
validation techniques to prevent overfitting and enhance generalization. During the training
phase, XGBoost learns to minimize the loss function, typically the Mean Squared Error (MSE),
by updating the model iteratively in a manner that corrects previous errors.

2.4. Supporting Techniques for Model Enhancement

To enhance the performance and accuracy of the XGBoost model, several supporting
techniques are applied. First, hyperparameter tuning is performed using grid search or
randomized search techniques to find the optimal set of parameters that maximize model
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accuracy. Second, feature engineering is employed to create new features based on the existing
data, such as interaction terms between climatic variables and spatial factors. This allows the
model to capture more complex relationships in the data. Third, regularization techniques like
L1 (Lasso) and L2 (Ridge) regularization are incorporated to prevent overfitting and improve
the model’s ability to generalize to unseen data. Lastly, model interpretability is enhanced using
SHapley Additive exPlanations (SHAP) values, which help explain the contribution of each
feature to the predicted outcomes. This step ensures that the model is not only accurate but also
transparent, allowing urban planners to understand the underlying factors driving energy
sustainability.

2.5. Evaluation and Model Testing

The model’s performance is evaluated using a variety of standard metrics to assess its
accuracy, reliability, and generalization capabilities. The primary evaluation metrics include
Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and R-squared (R?). These
metrics provide insights into the prediction error, model fit, and explanatory power,
respectively. Additionally, cross-validation is performed to ensure the model’s robustness and to
avoid overfitting, particularly when dealing with small or imbalanced datasets. The model is
also compared against other baseline models, such as Random Forest and Support Vector
Regression (SVR), to assess its relative performance. Finally, sensitivity analysis is conducted
to determine the impact of individual features on the model’s predictions. This evaluation step
ensures that the model is not only accurate but also interpretable, providing actionable insights
for urban sustainability planning.

3. RESULTS AND DISCUSSION

Before diving into the detailed results, it is important to examine how well the proposed
XGBoost model performs in predicting the Urban Green Energy Score. In this section, we
present the comparison between the actual and predicted values of the Urban Green Energy
Score, which provides an evaluation of the model's accuracy and effectiveness. The following
figure (Figure 2) illustrates this comparison, offering a clear visualization of the model's
predictive performance.

3.1 Comparison of Actual vs. Predicted Urban Green Energy Scores

Figure 2 shows the comparison between the actual and predicted Urban Green Energy
Scores using the XGBoost model. The blue dots represent the actual observed scores, while the
orange crosses indicate the predicted scores. The graph displays a scattered distribution of data
points, with some deviations between the actual and predicted values, especially in higher and
lower score ranges. This highlights the model's ability to approximate the true values, although
some variance remains. The close alignment of the predicted values to the actual values
suggests that the XGBoost model performs well in forecasting the Urban Green Energy Score,
though further refinement may be needed to reduce discrepancies in specific areas.
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Figure 2. XGBoost - Actual vs Predicted Urban Green Energy Score.
4. CONCLUSIONS

This study aimed to develop a predictive framework for estimating the Urban Green
Energy Score by integrating climatic and geographic factors using the XGBoost machine
learning algorithm. The model successfully incorporated a wide range of variables, including
temperature, rainfall, solar radiation, land use, green space, and urban topography, to provide an
accurate estimation of urban energy sustainability. The results demonstrated that the XGBoost
model was effective in predicting the Urban Green Energy Score, with minimal deviations
between actual and predicted values, highlighting the model's potential for urban energy
planning.

However, despite its promising performance, the model has some limitations. First, the
prediction accuracy could be further improved by incorporating additional data sources, such as
real-time energy consumption or socioeconomic factors, which were not included in this study.
Moreover, the model's generalization could be enhanced by testing it across a broader range of
cities with diverse climatic conditions and urban structures. Future work could focus on refining
the model by integrating more complex environmental data, improving model interpretability,
and exploring other machine learning techniques to further enhance prediction accuracy and
applicability.

In conclusion, this research offers a solid foundation for future studies on urban
sustainability, providing a reliable tool for assessing energy performance and guiding
policymakers in their efforts to create more resilient and sustainable urban environments.

5. SUGGESTION

Future research could focus on incorporating real-time data, such as energy
consumption or smart grid information, to enable dynamic predictions of the Urban Green
Energy Score, improving the model's responsiveness to current urban conditions. Additionally,
integrating socioeconomic factors like population density, income distribution, and consumption
patterns would offer a more comprehensive view of urban sustainability. Exploring advanced
techniques, such as deep learning or reinforcement learning, could enhance the model's ability
to capture complex, nonlinear relationships. Testing the model across a broader range of cities
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with diverse climates and geographic features would improve its generalizability. Lastly,
increasing the interpretability of the model through explainable Al techniques would enhance its
accessibility for policymakers, making it a more practical tool for informed decision-making in
urban energy planning.
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