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Abstract—Quick and accurate assessment of building
damage after a disaster is essential for effective recovery
and reconstruction planning. While traditional field surveys
are reliable, they are often time-consuming, resource-
intensive, and can be affected by human bias. This study
proposes a comparative evaluation of eight machine
learning algorithms: LightGBM, Extreme Gradient
Boosting (XGBoost), Synthetic Minority Oversampling
Technique (SMOTE) + Random Forest (RF), Balanced
Random Forest (BRF), Random Forest, Logistic Regression,
Support Vector Machine (SVM) (Radial Basis Function
(RBF)), and Naive Bayes, for multiclass classification of
post-earthquake building damage utilizing real-world data
on the 2022 Cianjur earthquake. The dataset comprises
3,063 records detailing geospatial and environmental
characteristics, comprising epicentral distance, elevation,
slope type, soil type, and vulnerability zone. To ensure
reliable model performance on imbalanced data, a 10-fold
cross-validation strategy was applied, evaluated across five
metrics: accuracy, precision, recall, F1-Score, and Area
Under the ROC Curve (AUC). The results indicate that
ensemble-based models, particularly XGBoost (AUC =
0.860), LightGBM (AUC = 0.858), and BRF (AUC = 0.857),
outperform traditional classifiers in both predictive
accuracy and sensitivity toward severely damaged buildings.
The outcomes underscore the effectiveness of gradient
boosting and balanced ensemble methods in managing
complex, imbalanced datasets, highlighting their potential
for integration into automated post-disaster damage
assessment systems. This research contributes to the
development of intelligent, data-driven decision-support
tools that can help accelerate recovery efforts in
earthquake-prone regions.
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I. INTRODUCTION

Natural disasters are inherently unpredictable and have
the potential to cause significant losses, not only
physically, but also socially and economically. One of the
most impactful consequences, particularly in the case of
earthquakes, is the damage to residential buildings [1, 2].
Such damage not only results in the loss of material
assets but also hinders the social and economic recovery
of affected communities. In a post-disaster context,
housing is a fundamental need that must be addressed
promptly to enable victims to resume their daily activities
and regain a sense of normalcy [3—-5]. Therefore, quickly
and accurately identifying and classifying post-
earthquake building damage becomes a crucial step in
rehabilitation and reconstruction efforts [6—8].

Indonesia is among the countries with the highest
seismic activity in the world, as it sits at the convergence
of four major tectonic plates: the Eurasian, Indo-
Australian, Pacific, and Philippine plates [9]. This
geological setting makes the region highly susceptible to
earthquakes with varying intensity and impact. The extent
of building damage by earthquakes is influenced by
multiple factors, comprising soil conditions, distance by
the epicenter, construction quality, and ground motion
characteristics.  Conventionally, building damage
assessments are conducted by field surveys by experts.
However, this approach has several limitations, such as
delays in data collection, dependence on limited human
resources, and potential subjectivity in evaluations. As a
result, post-disaster damage assessments often take
considerable time, slowing down the prioritization of
reconstruction efforts.

The advancement of Machine Learning (ML)
technology offers a promising solution to these
challenges. By leveraging historical and geospatial data,
machine learning can classify building damage levels
quickly, consistently, and in a data-driven manner. This
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approach enables automated assessments with high
accuracy, even across large regions, thereby accelerating
decision-making in emergency situations. Furthermore,
integrating machine learning with spatial data and high-
resolution imagery can map affected areas more
objectively and efficiently compared to manual methods.

In the context of disaster management in Indonesia, the
application of machine learning for building damage
classification remains relatively limited, and the
development of models is more adaptive to local
conditions. Therefore, research in this area is highly
relevant for supporting a more resilient disaster
management system. Having machine learning-based
building damage classification models is expected not
only to improve the efficiency of post-disaster
assessments but also to contribute scientifically to the
advancement of artificial intelligence technologies for
disaster risk reduction in earthquake-prone regions like
Indonesia.

II. LITERATURE REVIEW

Machine learning has been used for post-disaster
building damage classification. It has been shown that
models such as KNN, Random Forest (RF), Decision
Tree, Support Vector Machine (SVM), and Artificial
Neural Networks (ANN) can quickly and accurately
predict damage to reinforced concrete buildings caused
by earthquakes. Utilizing real data on the 2015 Nepal
earthquake, these models have proven valuable for
emergency response planning and post-earthquake
recovery efforts [10]. Damage classification has also been
developed by comparing various machine learning
methods for assessing reinforced concrete building
damage before and after earthquakes. The study found
that the SVM algorithm by a Gaussian kernel achieved
the highest accuracy, benefited by automatic optimization
of Bayesian optimization [11]. The study employs
popular machine learning algorithms, enabling the
development of models that utilize historical and post-
earthquake geospatial data. The algorithms include
LightGBM, Synthetic Minority Oversampling Technique
(SMOTE) + Random Forest, Extreme Gradient Boosting
(XGBoost), Logistic Regression, Balanced Random
Forest, SVM (Radial Basis Function (RBF)), Naive
Bayes, and Random Forest. LightGBM, a variant of
Gradient Boosted Decision Trees (GBDT), accelerates
tree learning by leaf-wise growth, Gradient-based One-
Side Sampling (GOSS), and Exclusive Feature Bundling
(EFB) to efficiently handle sparse or high-dimensional
features [12]. This gives the model a short training time,
scalability to large datasets, and competitive accuracy on
tabular data. The model has also been compared to SVM
and XGBoost [13].

Recent studies have demonstrated the effectiveness of
gradient boosting-based machine learning models in
various natural disaster applications. For instance,
LightGBM and XGBoost have been widely used for
landslide susceptibility mapping, flood risk prediction,
and earthquake-related damage assessment, owing to
their ability to handle complex nonlinear relationships
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and imbalanced datasets [14]. These models have shown
strong predictive performance in identifying high-risk
zones and supporting rapid post-disaster assessment,
making them particularly suitable for hazard-prone
regions. Such evidence further supports the applicability
of gradient boosting algorithms for post-earthquake
building damage classification, as explored in this study.
This model has also been applied to stock performance
prediction [15].

The next model, XGBoost, combines second-order
optimization, sparsity-aware split finding, and weighted
quantile sketching, making it both stable and efficient
even when handling billions of examples [16]. When
dealing by imbalanced classes, this model offers options
such as scale pos weight and the imbalanced-XGBoost
package (utilizing weighted and focal losses) to have
sensitivity to minority classes devoid of heavy
oversampling [17]. The XGBoost model has been applied
to predictive systems across various cases with promising
results. It can also help interpret the influence of different
spatial design indices in studies examining how room
design affects local thermal comfort [18]. The model has
also been applied to robust carbon emissions
prediction [19]. Considering its reliable predictive
capability, this algorithm can also be applied to datasets
for post-earthquake building damage classification.

In addition to LightGBM and XGBoost, RF is another
algorithm worth considering. RF is a bagging-based
ensemble algorithm that constructs multiple decision
trees, randomly selecting features at each node. This
approach helps reduce variance and enhances the model’s
generalization ability [20, 21]. Its strengths lie in
prediction stability, the ability to do automatic validation
by Out-Of-Bag (OOB) estimates, and the ease of
assessing feature importance [22, 23]. However, in
imbalanced datasets, RF tends to be biased toward the
majority class because the bootstrap sampling process
does not guarantee adequate representation of the
minority class [24-26]. To address this issue, two
common approaches are used: cost-sensitive learning and
balanced sub-sampling for each tree. The Balanced
Random Forest (BRF) variant combines full
bootstrapping of the minority class by under-sampling of
the majority class in each tree, effectively improving
recall for the minority class [27-29]. Recent studies have
proposed modifications to Balanced Random Forest
(BRF), such as Clustered Under-Sampling (MBRF), as
well as integrating SMOTE-Tomek Link or SMOTE-
Edited Nearest Neighbor (SMOTE-ENN) before applying
RF, in order to improve FI1-Score and recall across
various data domains [30, 31]. In practice, Balanced
Random Forest (BRF) is often the first choice for
handling datasets with a high imbalance ratio. However,
in cases of complex decision boundaries and very rare
minority classes, a combination of SMOTE-ENN and RF
is recommended, as it can improve the representation of
minority data without compromising precision.

Next, Logistic Regression is a linear classification
model that predicts class membership probabilities
utilizing a logit function applied to a linear combination
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of features [32, 33]. This model has a strong baseline for
tabular datasets due to its interpretability, computational
efficiency, and relative resilience to overfitting on small
datasets. The class-weighted logistic regression approach
has been shown to improve sensitivity to minority classes
in imbalanced data, especially when combined with
threshold optimization and probability calibration
techniques [34, 35]. Classification models utilizing
Multinomial Logistic Regression (MLR) and ANN have
been developed to support post-earthquake building
damage assessment, based on AeDES survey data on the
2009 L’Aquila earthquake. The proposed model,
particularly MLR, is intended to assist evaluation teams
in making more objective decisions when determining
building risk classes and in updating AeDES forms for
future assessments [36]. In addition, the method extracts
building damage information by integrating multisource
remote sensing data, comprising optical imagery, SAR,
and DSM by LiDAR, to enhance the accuracy of post-
earthquake assessments. By applying feature analysis,
rough set theory, and the Logistic Regression Model
(LRM), this approach achieved a detection accuracy of
94.2% and an AUC of 0.827 in the case study of the 2008
Wenchuan earthquake in Beichuan, China [37].

The next model to be used is the SVM, a margin-based
classification algorithm that aims to find the optimal
hyperplane that separates classes by the maximum
possible margin [38, 39]. By utilizing kernel functions,
particularly the RBF, SVM can map nonlinear data into a
higher-dimensional space, allowing complex patterns to
be identified efficiently [40, 41]. The main advantage of
SVM lies in its ability to handle high-dimensional data
(the curse of dimensionality) and its resilience against
overfitting, even when working with datasets that have a
limited number of samples. The use of SVM in post-
disaster scenarios has been explored by leveraging social
media data to assess earthquake damage at a regional
scale.

In addition to SVM, studies have also employed Naive
Bayes and deep learning algorithms. The results show
that SVM achieved the best performance in both binary
and multiclass classification, reaching an accuracy of up
to 90.25%. Moreover, it effectively mapped the
concentration of damage-related posts around the
epicenter, demonstrating a strong correlation between

social media—based damage estimates and official
data [42]. The study employs a two-layer ensemble
(stacking) model to predict the performance and
resilience of post-earthquake bridge networks, placing an
SVM as the second-layer model to perform regression on
the outputs of four first-layer base learners: Random
Forest (RF), ANN, Convolutional Neural Network
(CNN), and Extreme Gradient Boosting (XGBoost).
Validation results on the Sioux-Falls bridge network
show that this model can provide fast and accurate
predictions of network performance and resilience, while
also supporting post-disaster repair decisions and
optimizing resource allocation [43].

Another popular algorithm in classification is Naive
Bayes, a probabilistic classifier that applies Bayes’
Theorem under the assumption that features are
conditionally independent given the class [44]. Variants
of Naive Bayes, such as Gaussian, Multinomial, and
Bernoulli, are adapted to the characteristics of the data.
For example, Gaussian Naive Bayes is suited for
continuous features, while Multinomial Naive Bayes
works well with frequency-based data such as text. In the
context of imbalanced data, Naive Bayes can be adjusted
by modifying prior probabilities or applying Laplace
smoothing to reduce bias toward the majority class.
Additionally, the Complement Naive Bayes (CNB)
approach has been introduced to address limitations in
cases where the minority class distribution is extremely
small [45]. The main advantages of Naive Bayes are its
fast training time and clear probabilistic interpretation,
making it a popular choice for real-time classification
systems or as a benchmark model in ensemble learning.

III. MATERIALS AND METHODS

This study adopts a quantitative experimental approach
using a comparative modeling design, as illustrated in
Fig. 1.

Fig. 1 illustrates the research workflow, which consists
of three main stages: (1) Data Preparation, (2) Data
Modeling, and (3) Evaluation. These stages were
designed to include the entire post-earthquake building
damage classification process, which is carried out
systematically, can be replicated, and allows for
quantitative evaluation.
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Fig. 1. Research framework.
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A. Data Preparation

The dataset consists of information on building
damage caused by the 2022 Cianjur earthquake. It is
primary data obtained directly from the Emergency
Education Response Post for the Cianjur Earthquake, in
collaboration with the Cianjur Regency Education Office
and the National Secretariat for Safe Schools (SEKNAS
SPAB), in 2022. Additional data were sourced from the
2023 Rehabilitation and Reconstruction Plan document
for post-earthquake disaster recovery in Cianjur Regency.
To provide spatial context for the analysis, this study
focuses on the area affected by the 2022 Cianjur
earthquake in West Java, Indonesia. Fig. 2 shows the
study area map, illustrating the geographic distribution of
building locations used in the analysis and the position of
the earthquake epicenter.

The map shows the spatial distribution of buildings
included in the dataset (blue dots) and the location of the
earthquake epicenter (orange star). The geographic
coordinates are presented in latitude and longitude,
providing a spatial reference for subsequent damage
classification and analysis. The variables and their
descriptions are presented in Table 1.
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Fig. 2. Study area map of the 2022 Cianjur earthquake, West Java,
Indonesia.

TABLE 1. DESCRIPTION OF DATASET VARIABLES

Variable Name Description Data Type
coordinates Geographic coordinates (latitude and longitude) of the building location. Object
distance_km Distance (in kilometers) among the building location and the earthquake epicenter. Float
Series of features describing elevation range coverage (m?): including elevation
elevation_(composite) below 200 m, elevation between 200-500 m, elevation between 500-1,500 m, Float
elevation between 1500-3,000 m, and elevation above 3,000 m.
evacuation Encoded numerical value for evacuation status: 1 =yes; 0 =no. Float
topographic_slope Encoded topographic slope classification: 0 = flat; 1 = steep. Integer
regional status Encoded regional type: 0 = rural; 1 = urban. Integer
soil_type Encoded soil type of the bllildinfg siﬁe (1—3,. rep_resenting soil texture variation): Integer
1 = clay; 2 = sandy; 3 = loamy.

vulnerability zone Encoded disaster vulnerability zone: 1 = low; 2 = medium; 3 = high. Integer
damage_level Target variable representing building damage level: Float

0 = minor; 1 = moderate; 2 = severe.

The dataset consists of 3,063 entries detailing the
geospatial and environmental characteristics of buildings
affected by the 2022 Cianjur earthquake. Key predictive
features include epicentral distance (distance km),
elevation, slope type, soil type, and vulnerability zone, all
of which play a role in how structures respond to seismic
activity. The target variable, damage level, has been
encoded to classify building damage into three levels:
minor (0), moderate (1), and severe (2). This dataset
serves as the empirical foundation for evaluating various
machine learning models in tackling the challenge of
imbalanced multiclass classification for post-disaster
damage assessment.

The first stage involved data cleaning, encoding, and
data splitting. The cleaning process was carried out to
remove duplicates, missing values, and anomalies that
could negatively affect the model’s performance [46].
Next, categorical features were converted into numerical
values utilizing label encoding to facilitate the learning
process of the algorithms. The dataset was then split into
training and testing sets in an 80:20 ratio, utilizing
stratified sampling to preserve balanced class
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distributions. This step aimed to ensure that the machine
learning models could be trained effectively without
being overly biased by class imbalances.

B.  Data Modelling

Machine learning has been increasingly adopted in
natural disaster studies due to its ability to model
complex, nonlinear relationships among environmental
and spatial variables. In disaster-related applications,
such as earthquakes, floods, and landslides, machine
learning algorithms are commonly used to classify
damage levels, map susceptibility, and support post-
disaster decision-making. Tree-based ensemble methods,
in particular, have demonstrated strong performance
when dealing with heterogeneous and imbalanced
datasets, which are typical characteristics of post-disaster
data.

Gradient boosting algorithms, such as LightGBM and
XGBoost, operate by iteratively combining multiple weak
learners to minimize classification error, allowing the
models to capture complex interactions among features.
Their robustness, scalability, and capability to handle
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class imbalance make them well suited for disaster
damage classification tasks. Random Forest and its
balanced variant employ ensemble learning through
bootstrap  aggregation, improving  generalization
performance and reducing bias toward majority classes.

Linear and probabilistic models, including Logistic
Regression and Naive Bayes, are often used as baseline
classifiers due to their interpretability and computational
efficiency, while SVM with nonlinear kernels is effective
in handling high-dimensional feature spaces. Previous
studies and review works have demonstrated that these
machine learning methods are widely applicable in
natural disaster contexts, including earthquake damage
assessment, flood and landslide susceptibility mapping,
and multi-hazard risk analysis. Therefore, the selection of
these algorithms in this study is theoretically grounded
and consistent with established practices in disaster-
related machine learning research [47—49].

The second stage involved the learning process
utilizing eight classification algorithms: LightGBM,
SMOTE + Random Forest, XGBoost, Logistic
Regression, Balanced Random Forest, SVM (RBF),
Naive Bayes, and Random Forest. These models were
selected based on their strong performance and diverse
algorithmic characteristics, representing three main
approaches: tree-based ensembles, linear models, and
probabilistic classifiers.

To address the issue of class imbalance, two strategies
were employed. The first involved a data-level balancing
approach utilizing the SMOTE, which generates synthetic
samples for minority classes. The second strategy utilized
the Balanced Random Forest (BRF), an algorithm-level

balancing method that applies bootstrap undersampling of
the majority class for each tree. Meanwhile, the SVM
algorithm adopted a Radial Basis Function (RBF) kernel
with class-weight adjustment to improve its sensitivity
toward minority classes. All models were trained utilizing
10-fold cross-validation to minimize the risk of
overfitting and ensure consistent generalization across
data folds.

C. Evaluation Metrics

The evaluation stage was carried out by assessing the
model’s performance utilizing five main metrics:
accuracy, precision, recall, F1-Score, and the Area Under
the ROC Curve (AUC). In addition, the confusion matrix
was used to examine how the model classified each
damage category (minor, moderate, and severe), while
the ROC and AUC curves illustrated the model’s ability
to distinguish among classes. Each model was evaluated
to identify the balance of overall accuracy and sensitivity
to minority classes, which remains the key challenge in
imbalanced multiclass classification.

IV. RESULTS AND DISCUSSION

Table II summarizes the performance comparison of
eight machine learning models tested by 10-fold cross-
validation for classifying building damage after a
disaster. Each model was evaluated based on five main
metrics: accuracy, precision, recall, F1-Score, and the
Area Under the ROC Curve (AUC), to offer a clearer
picture of how well they predict and remain reliable when
dealing with imbalanced multiclass data.

TABLE II. COMPARATIVE PERFORMANCE OF EIGHT MACHINE LEARNING MODELS UNDER 10-FOLD CROSS-VALIDATION

Model Accuracy Precision Recall F1-Score AUC
LightGBM 0.706 0.690 0.694 0.687 0.858
SMOTE + RF 0.703 0.684 0.686 0.680 0.850
XGBoost 0.732 0.729 0.672 0.686 0.860
Logistic Regression 0.628 0.637 0.634 0.617 0.817
Balanced RF 0.708 0.693 0.697 0.689 0.857
SVM (RBF) 0.630 0.663 0.649 0.626 0.811
Naive Bayes 0.662 0.645 0.624 0.626 0.789
Random Forest 0.727 0.719 0.666 0.679 0.855

The experimental results show that XGBoost achieved
the highest AUC score (0.860), followed closely by
LightGBM (0.858) and Balanced Random Forest (0.857).
These three models consistently outperformed the others
in distinguishing between the three levels of building
damage, demonstrating the strength of ensemble-based
learning in handling complex and imbalanced disaster
datasets. Although XGBoost achieved the highest overall
accuracy (0.732), LightGBM and Balanced Random
Forest delivered more balanced performance across all
evaluation metrics, particularly in Recall (0.694-0.697)
and FI1-Score (0.687-0.689). This suggests that
LightGBM and Balanced Random Forest are better at
identifying minority classes, such as severely damaged
buildings, which are often underrepresented in post-
disaster datasets yet critical for effective emergency
response. The baseline Random Forest achieved solid
performance, with an accuracy of 0.727 and an AUC of
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0.855, demonstrating its robustness even without explicit
data balancing. In comparison, the SMOTE + Random
Forest model, enhanced by synthetic oversampling,
showed slightly better sensitivity to minority classes,
despite a small trade-off in overall accuracy. These
outcomes suggest that hybrid approaches combining
oversampling by ensemble learning can strengthen a
model’s ability to detect critical damage cases in post-
disaster assessments.

Traditional models such as Logistic Regression and
SVM (RBF) achieved moderate performance, with AUC
scores of 0.817 and 0.811, respectively. Their relatively
lower accuracy highlights the difficulty these models face
in capturing the complex, nonlinear, and hierarchical
relationships among spatial and geophysical features,
such as elevation, distance from the epicenter, and soil
conditions. Similarly, Naive Bayes recorded the lowest
AUC (0.789), which is likely due to its strong assumption
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of feature independence, an assumption that seldom holds
true in complex, multidimensional geospatial data.
Nevertheless, computationally, Naive Bayes remains
highly efficient and can still serve as a lightweight
baseline model for quick, preliminary damage
assessments. Overall, the results highlight the strong
performance of ensemble-based algorithms, XGBoost,
LightGBM, Balanced Random Forest, and SMOTE +
Random Forest, in handling imbalanced multiclass
classification problems within post-disaster settings.
These methods successfully minimize bias toward
majority classes, such as lightly damaged buildings, while
improving the model’s ability to detect severe damage, an
essential factor for guiding emergency response and
effective resource allocation.

The high AUC values (> 0.85) achieved by the top-
performing models reflect their excellent ability to
distinguish between different levels of building damage.
This also confirms that the selected features, such as
distance from the epicenter, elevation attributes, and
encoded structural characteristics, provide a strong and
informative foundation for effective model learning. The
relatively small gap between LightGBM and XGBoost
suggests that gradient boosting optimization is
particularly effective in disaster-related prediction tasks,
balancing performance by computational efficiency.
From a practical perspective, LightGBM appears to offer
the best balance between accuracy and processing speed,
making it well-suited for real-time or near-real-time post-
disaster assessment systems. In future applications, these
models could be integrated into geospatial decision-
support platforms to enable automated mapping of

Table III presents the confusion matrix in raw counts
for all evaluated models. It shows how each algorithm
distributed its correct and incorrect predictions across the
three categories of building damage: minor (0), moderate
(1), and severe (2). The diagonal elements (e.g.,
T Minor—P_ Minor) represent the number of correctly
classified instances for each category, while the off-
diagonal  elements indicate the number of
misclassifications among classes. As shown in Table III,
ensemble-based models such as LightGBM, XGBoost,
and Balanced Random Forest achieved the highest
number of correctly classified samples across all three
damage categories. For example, LightGBM accurately
identified 112 minor, 92 moderate, and 38 severe cases,
outperforming traditional classifiers like Logistic
Regression and Naive Bayes, which tended to overpredict
moderate damage. The SMOTE + Random Forest
approach produced a more balanced mix of correct and
incorrect classifications, demonstrating that oversampling
can effectively reduce data imbalance by improving the
representation of the minority (severe) class. In contrast,
Logistic Regression and Naive Bayes produced a higher
number of misclassifications in the moderate and severe
damage categories, indicating their limited ability to
capture the complex, nonlinear decision boundaries
present in data that combine geospatial and structural
features.

Overall, Table III offers a clear and intuitive overview
of how each algorithm distributes its predictions across
the three levels of building damage. Ensemble and hybrid
models showed stronger discriminative power and
robustness, an essential quality for practical post-disaster

damage severity, helping authorities prioritize = assessment systems, where misclassifying severely
reconstruction and rehabilitation efforts more efficiently. damaged buildings could result in inefficient or
The following evaluation is a confusion matrix.  misplaced allocation of recovery resources.
Tables III and IV show the confusion matrix results.
TABLE III. CONFUSION MATRIX (COUNTS)
Model T_Minor T_Minor T_Minor T_Moderate T Moderate T_Moderate T_Severe T_Severe T_Severe
P Minor P Moderate P Severe P Minor P Moderate P Severe P Minor P Moderate P Severe
LightGBM 112 18 5 14 92 11 6 19 38
SMOTE + RF 110 22 3 18 90 9 7 22 34
XGBoost 113 17 5 13 93 11 5 21 37
Logistic 96 25 14 28 72 17 11 29 23
Regression
Balanced RF 111 20 4 15 91 11 6 20 37
SVM (RBF) 102 28 5 21 82 14 9 25 29
Naive Bayes 100 30 5 23 80 14 10 26 27
Random 112 19 4 15 90 11 6 21 36
Forest

Table IV presents the normalized confusion matrices,
where each row sums to 1.0, offering a clearer view of
class-level recall, that is, the proportion of correctly
classified samples inside of each true class. This
normalization enables fairer comparison among models,
especially in imbalanced datasets typical of disaster
assessments, where buildings that have suffered minor
damage tend to dominate the sample distribution.

As shown in Table IV, XGBoost and LightGBM
achieve the highest recall values across all three damage
categories. Specifically, XGBoost records recall scores of
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0.80 for light, 0.77 for moderate, and 0.48 for severe
damage, while LightGBM performs comparably by 0.79,
0.76, and 0.50, respectively. These results indicate that
both gradient boosting algorithms maintain high
sensitivity across all levels of damage, even for minority
(severe) cases that are often underrepresented in training
data.

The Balanced Random Forest also performs
competitively, achieving recall rates comparable to
LightGBM. This suggests that its built-in data resampling
mechanism effectively reduces class dominance, allowing
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balanced learning without the need to generate synthetic  indicators. In summary, as shown in Table IV, the
samples. The SMOTE + Random Forest approach  ensemble gradient boosting models, which are XGBoost
slightly improves recall for severe damage (0.45) and LightGBM, outperform other algorithms in
compared to the standard Random Forest (0.47), maintaining balanced classification across all levels of
confirming that data-level balancing can effectively  building damage, especially in detecting severely affected
enhance ensemble learning performance. In contrast,  structures. This consistent performance underscores their
SVM, Naive Bayes, and Logistic Regression show lower  potential for real-world post-disaster damage mapping,
recall scores for severe damage (0.30-0.39), suggesting  where an accurate identification of high-risk buildings is
that linear and probabilistic models struggle to capture  crucial for guiding rehabilitation and reconstruction
the complex, nonlinear relationships among damage  priorities.

TABLE IV. CONFUSION MATRIX (NORMALIZED PER TRUE CLASS)

T_Minor T_Minor T _Minor T Moderate T_Moderate T Moderate T_Severe T_Severe T_Severe

Model P_Minor P Moderate P_Severe P_Minor P_Moderate P_Severe P_Minor P Moderate P _Severe
LightGBM 0.79 0.13 0.04 0.10 0.76 0.09 0.08 0.25 0.50
SMOTE + RF 0.77 0.15 0.02 0.13 0.74 0.07 0.09 0.29 0.45
XGBoost 0.80 0.12 0.03 0.09 0.77 0.09 0.07 0.27 0.48
Logistic 0.68 0.18 0.10 0.20 0.58 0.14 0.15 038 0.30
Regression
Balanced RF 0.78 0.14 0.03 0.11 0.75 0.09 0.08 0.26 0.48
SVM (RBEF) 0.71 0.20 0.03 0.15 0.68 0.12 0.11 0.33 0.39
Naive Bayes 0.70 0.21 0.03 0.17 0.66 0.12 0.13 0.34 0.35
Random 0.79 0.13 0.03 0.1 0.74 0.09 0.08 027 0.47
Forest
Fig. 3 illustrates a damage classification map generated Fig. 4 displays the Receiver Operating Characteristic
by the best-performing model (XGBoost) to visualize the  (ROC) curves of all evaluated machine learning models,
spatial distribution of the classification results. illustrating their respective discriminative performance
The map shows the spatial distribution of predicted  across different decision thresholds.
building damage classes, minor, moderate, and severe, The ROC curves depict the trade-off between the True

together with the earthquake epicenter. The visualization  Positive Rate (TPR) and False Positive Rate (FPR),
highlights areas with higher concentrations of severe  providing a comprehensive comparison of how
damage near the epicenter, demonstrating the spatial  effectively each model distinguishes between the three
interpretability of the model outputs for post-disaster  building damage categories under imbalanced multiclass
assessment. conditions.
As shown in Fig. 4, ensemble-based models, including
o Minor Damage XGBoost, LightGBM, Balanced Random Forest, Random
-6.71 Moderate Damage Forest;, and SMOTE-enhanced Random  Forest,
; éz:lceer:t;a megeefe t ° . consistently achieve higher AUC values than traditional
~6.8 1 L .ip';cer:ter classifiers such as Logistic Regression, SVM (RBF), and
m Naive Bayes. Among all models, XGBoost demonstrates
6ol :'.':'..:' the strongest discriminative performance, followed by
' o go LightGBM and Random Forest variants, reflecting their
robustness in identifying severely damaged buildings
despite class imbalance.

Although the ROC curves of several ensemble models
appear closely clustered, their positions remain well
above the diagonal reference line representing random
classification, indicating reliable and stable predictive
behavior. In contrast, the relatively lower ROC curves
and AUC values observed for linear and probabilistic
73 models highlight their limited ability to capture the
complex, nonlinear relationships inherent in post-disaster
geospatial data. Overall, the results confirm that
: ¢ . e ensemble-based learning approaches provide superior
106.8 1069 107.0 107.1 107.2 sensitivity and specificity for post-disaster building

Longitude damage classification.
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Fig. 3. Spatial distribution of predicted building damage levels produced
by the XGBoost model.
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Multiclass ROC Curve Comparison (All Models)
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Fig. 4. ROC curves of all evaluated machine learning models.

In post-disaster environments, building damage does
not only represent structural loss but also has direct
implications for transportation network functionality and
emergency logistics. Severely damaged or collapsed
buildings located near road networks may obstruct access
routes, disrupt supply chains, and delay evacuation and
relief operations. The outputs of the proposed machine
learning models, particularly the accurate identification of
severely damaged structures, can be integrated with
transportation network data within a geospatial decision-
support framework to identify critical transport corridors
at risk of blockage. Such integration enables emergency
authorities to prioritize debris removal, route clearance,
and alternative access planning, thereby enhancing
transportation network resilience and supporting timely
emergency response and relief distribution.

In addition to identifying transport corridors at risk of
obstruction, the damage classification outputs can support
the prioritization of clearance and repair operations by
considering both building damage severity and road
accessibility. Buildings classified as severely damaged
along primary or high-traffic routes may be assigned
higher priority for debris removal and structural
stabilization to restore critical access as quickly as
possible. When combined with road hierarchy, traffic
volume, or accessibility constraints, the model outputs
enable emergency managers to allocate limited resources
more effectively, focusing first on locations where
structural damage has the greatest impact on mobility and
emergency service delivery. This integrated prioritization
approach enhances the efficiency of post-disaster
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response and supports faster recovery of essential
transportation functions.

Rapid post-disaster damage assessment plays a critical
role in evacuation planning and emergency resource
distribution. The classification results produced by the
proposed machine learning models, particularly the early
identification of severely damaged buildings, can help
decision-makers in prioritizing evacuation efforts in high-
risk areas where structural failure poses immediate threats
to occupant safety. Furthermore, damage severity maps
generated from the model outputs can guide the spatial
allocation of emergency resources, such as temporary
shelters, medical assistance, and relief supplies, by
highlighting locations with the greatest concentration of
severe damage. By enabling faster and more objective
identification of critical zones, the proposed approach
contributes to more efficient evacuation planning and
targeted resource distribution during the early stages of
post-earthquake response.

V. CONCLUSION

This study conducted a comprehensive comparison of
eight machine learning algorithms, LightGBM, XGBoost,
SMOTE + Random Forest, Balanced Random Forest,
Random Forest, Logistic Regression, SVM (RBF), and
Naive Bayes, to classify building damage levels after
disasters. The analysis used real data on the 2022 Cianjur
earthquake, providing valuable insights into how different
models perform in practical, post-disaster scenarios. The
experimental results showed that ensemble-based
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algorithms, especially XGBoost, LightGBM, and
Balanced Random Forest, consistently delivered strong
performance across all evaluation metrics. Each
algorithm achieved an AUC above 0.85, suggesting an
excellent ability to distinguish between different levels of
building damage even under imbalanced multiclass
conditions. Among the tested models, XGBoost achieved
the highest overall AUC (0.860), demonstrating its strong
ability to generalize and reliably detect different levels of
building damage.

LightGBM delivered nearly the same level of
performance but with higher computational efficiency,
making it a more practical choice for real-time or near-
real-time post-disaster applications where timely insights
are crucial. Meanwhile, the Balanced Random Forest and
SMOTE + Random Forest approaches successfully
addressed the issue of class imbalance, allowing the
model to better identify severely damaged buildings, an
essential capability for prioritizing emergency response
and reconstruction efforts. These results demonstrate that
combining ensemble learning by data balancing
techniques can  greatly  improve  classification
performance in post-disaster contexts, where data are
often uneven and highly varied. The outcome also
highlights that machine learning can serve as a fast and
data-driven alternative to traditional field assessments,
offering timely insights when rapid response is most
needed.

Although this study focuses on building damage
classification, the proposed machine learning framework
has broader relevance for interdependent infrastructure
resilience planning. In earthquake-prone regions such as
Indonesia, buildings, transportation networks, and utility
systems are highly interconnected, and damage to one
component can propagate disruptions across the entire
system. Accurate and timely classification of building
damage can therefore serve as a critical input for
integrated resilience planning, supporting coordinated
decisions related to transportation accessibility,
emergency logistics, and infrastructure recovery
prioritization. When combined with network-based data
from transportation and other infrastructure systems,
machine learning models like those proposed in this study
can help inform holistic resilience strategies, enabling
authorities to better anticipate cascading impacts and
improve preparedness and response in future seismic
events.

Future research will focus on enhancing the
adaptability, interpretability, and scalability of machine
learning—based post-disaster assessment systems. One
promising direction is the application of transfer learning
to improve model generalization across different disaster
events and geographic regions by leveraging knowledge
learned from previously observed ecarthquakes. In
parallel, the integration of Explainable Artificial
Intelligence (XAI) techniques, such as SHAP and LIME,
can provide greater transparency by identifying the key
features that influence model predictions. Combining
transfer learning with XAl has the potential to produce
more robust and interpretable damage assessment
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frameworks, thereby increasing trust, supporting
evidence-based decision-making, and facilitating wider
adoption by  disaster management authorities.
Furthermore, the proposed damage classification
framework can support post-disaster transportation
resilience by enabling rapid identification of severely
damaged buildings that may obstruct critical road
corridors, particularly when combined with geospatial
road network data. In future research, the proposed
framework can be extended toward assessing and
mapping multi-hazard risk susceptibility. In earthquake-
prone regions, seismic events often act as triggering
factors for secondary hazards such as landslides, floods,
and soil liquefaction, which can further amplify post-
disaster impacts. By integrating building damage
classification results with multi-hazard susceptibility
data, machine learning models can support a more
comprehensive risk assessment framework that captures
cascading and compound disaster effects. Such an
extension would enable more holistic disaster risk
management  strategies, supporting preparedness,
mitigation, and recovery planning across multiple hazard

types.
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