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Floods are among the most frequent natural disasters in Indonesia, with thousands
of events causing significant impacts on infrastructure damage and human lives. The
substantial increase in the number of victims and flood-related damages in 2024
indicates that flood disaster mitigation efforts in Indonesia remain suboptimal.
Consequently, a clustering-based analytical approach is required to understand
patterns of flood impact across provinces. This study aims to cluster provinces in
Indonesia based on flood impact indicators using the Hierarchical Density-Based
Spatial Clustering of Applications with Noise (HDBSCAN) method with Bayesian
Optimization to obtain optimal hyperparameters. This study comprises several
stages, including data collection, data standardization, statistical tests, data
reduction, hyperparameter optimization, HDBSCAN algorithm, model evaluation,
and analysis of clustering results. The results show that HDBSCAN with Bayesian
Optimization yields a well-separated cluster structure with a DBCV value of 0.515.
The clustering results consist of three primary clusters and one noise cluster. Cluster
0 (High Displacement & Inundation) comprising 5 provinces, Cluster 1 (High
Fatality & Structural Damage) comprising 4 provinces, Cluster 2 (Low Impact)
comprising 21 provinces, and the noise cluster comprising 8 provinces. These
findings are intended to provide a foundation for the government to formulate
targeted flood mitigation strategies tailored to the flood impact characteristics of
each province.

analytical approach is required to understand the

l. INTRODUCTION

Floods are among the most frequent natural disasters in
Indonesia, with thousands of events causing significant
impacts on infrastructure damage and human lives. In 2023,
the National Disaster Management Agency recorded 1,255
flood events across all provinces in Indonesia, affecting
3,860,136 individuals and causing 1,083,004 instances of
damage [1]. These figures increased in 2024, with 1,420
flood events affecting 6,391,056 individuals and causing
2,005,567 instances of damage [2]. Notably, floods ranked
as the most dominant natural disaster in Indonesia in 2024,
highlighting their significant prevalence compared to other
types of disasters. The substantial increase in the number of
affected individuals and damages compared to the previous
year indicates that flood mitigation efforts in Indonesia
remain suboptimal. Therefore, a more comprehensive

characteristics of flood impacts across regions and support
more targeted mitigation strategies.

Clustering is an effective approach for identifying
patterns of flood impacts and grouping provinces in
Indonesia based on similar impact characteristics. In the
context of inter-provincial flood impact analysis, several
previous studies have applied common clustering methods,
such as K-Means [3], K-Medoids [4], and Fuzzy C-Means
[5]. However, these methods have limitations in handling
datasets with varying densities and the presence of noise,
which may reduce clustering quality [6]. In practice,
disaster-related data, particularly flood impact indicators
across  provinces are generally  heterogeneous,
characterized by substantial variations in impact severity
among regions as well as the presence of several provinces
with extreme impact characteristics. These conditions pose
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a risk for partition-based and fuzzy clustering methods to
disproportionately distort cluster boundaries, leading to less
representative outcomes. To overcome these limitations,
this study employs the Hierarchical Density-Based Spatial
Clustering of Applications with Noise (HDBSCAN). A
previous study [7] demonstrated that HDBSCAN can
overcome these limitations through a hierarchical density-
based approach that effectively clusters data with complex
density structures while automatically identifying noise.
Moreover, HDBSCAN is capable of automatically
identifying the optimal number of clusters, in contrast to
other clustering methods that require this value to be
predefined [8].

HDBSCAN is an extension of the Density-Based Spatial
Clustering of Applications with Noise (DBSCAN),
developed to enhance clustering performance on datasets
with varying density structures. A previous study [9]
demonstrated that HDBSCAN outperforms DBSCAN in
identifying clusters with varying sizes, shapes, and
densities without requiring the manual specification of the
epsilon parameter as in DBSCAN. In DBSCAN, the epsilon
parameter is used as a global threshold to determine the
neighborhood density of a data point. This approach
becomes less effective when applied to inter-provincial
flood impact data, where density distributions vary
significantly across regions. Under such conditions, a
single epsilon value capable of representing high-density
regions may fail to capture lower-density clusters,
potentially leading to unrepresentative results. To
overcome these limitations, HDBSCAN transforms the
DBSCAN concept into a hierarchical density-based
clustering approach that evaluates all possible epsilon
values simultaneously. Consequently, HDBSCAN can
adapt to local density variations without depending on a
single global threshold by utilizing the mutual reachability
distance metric to construct a hierarchical structure based
on data point density and extract the most stable clusters
through a cluster condensation process. These capabilities
make HDBSCAN a highly suitable method for clustering
disaster-related data, which is typically complex and
heterogeneous across regions. Therefore, this study’s first
novelty lies in the application of the HDBSCAN to cluster
provinces in Indonesia based on flood impact indicators,
which has been relatively underexplored in similar studies.

Furthermore, previous studies [5] have generally utilized
housing damage variables as a broad aggregate, failing to
delineate the specific severity of such damage. In practice,
the degree of housing damage can represent different levels
of flood impact across regions. Therefore, the second
novelty of this study involves the application of more
granular flood impact indicators by disaggregating housing
damage into severely damaged houses, moderately
damaged houses, and slightly damaged houses, as well as
incorporating the number of flooded houses into the
analysis. By including the variables of the number of deaths
and missing victims, the number of injured and displaced

victims, the number of severely damaged houses, the
number of moderately damaged houses, the number of
slightly damaged houses, and the number of flooded
houses, this study aims to produce a more specific and
comprehensive mapping of flood impact characteristics
across provinces in Indonesia.

However, the effectiveness of the HDBSCAN model
strongly depends on the selection of hyperparameters,
particularly the minimum samples and minimum cluster
size parameters [10]. Inappropriate hyperparameter
selection may lead to less representative clustering results.
Therefore, an optimization method is required to determine
the optimal hyperparameter values. One such method is
Bayesian Optimization, a probabilistic and model-based
technique designed to efficiently search the parameter
space [11]. Unlike conventional search methods that
require numerous trials, Bayesian Optimization utilizes
Bayes’ theorem and Gaussian Processes to model the
objective  function, enabling a more efficient
hyperparameter search process in terms of both accuracy
and computational cost [12]. According to a prior study
[13], Bayesian Optimization successfully determined the
optimal hyperparameters for HDBSCAN and significantly
enhanced clustering performance, with the silhouette score
improving from 0.15 to 0.65. Consequently, integrating
Bayesian Optimization with  HDBSCAN provides an
effective strategy for obtaining optimal hyperparameters
and improving clustering performance.

This study aims to implement HDBSCAN with Bayesian
Optimization to cluster provinces in Indonesia based on
flood impact indicators. The novelty of this study is
reflected in three primary aspects. First, while HDBSCAN
and Bayesian Optimization have been applied in various
domains, the combined application of these methods to
cluster Indonesian provinces based on flood impacts
remains relatively limited; thus, this study offers a
methodological contribution to disaster risk analysis in
Indonesia. Second, this study utilizes more detailed and
multidimensional flood impact indicators compared to
previous studies, specifically accounting for the severity of
housing damage and incorporating the number of
submerged houses into the analysis. Third, Bayesian
Optimization is employed to systematically determine the
optimal HDBSCAN hyperparameters, ensuring that the
clustering results do not rely on arbitrary parameter
selection and enhancing overall clustering performance.
Consequently, the findings of this study are expected to
offer insights to policymakers and relevant agencies in
developing more targeted flood mitigation strategies based
on the specific flood-impact characteristics of each
province in Indonesia.

Il. METHOD
The systematic workflow is illustrated in Figure 1.
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Figure 1. Systematic Workflow

A. Data Collection

In this study, the datasets used are secondary data
obtained from the official website of the National Disaster
Management Agency. The dataset represents aggregated
flood impact statistics for all 38 provinces in Indonesia for
the year 2024. Each observation corresponds to a province,
with values representing the total number of flood-related
impacts recorded within the year. The variables used in this
study include the number of deaths and missing victims
(X1), the number of injured and displaced victims (X2), the
number of severely damaged houses (X3), the number of
moderately damaged houses (X4), the number of slightly
damaged houses (X5), and the number of flooded houses
(X6). All variables are measured in absolute counts and
reflect cumulative impacts of flood events within the
specified period.

B. Data Standardization

Data standardization aims to transform variable scales
so that their value ranges become comparable across
variables. This transformation is crucial in the context of
flood impact clustering, as the variables used in this study
exhibit significantly different measurement scales and
numerical ranges  across  provinces.  Without
standardization, variables with inherently larger numerical
values could potentially dominate the distance calculations
in the HDBSCAN algorithm, leading to biased and
unrepresentative cluster structures. In this study, data
standardization was performed using the z-score method
with the StandardScaler() function, which ensures scale
consistency across numerical variables in the dataset [14].
This method works by subtracting the variable's mean and
dividing the result by the standard deviation, ensuring a
uniform distribution with a mean of 0 and a standard
deviation of 1 [15]. The operation of StandardScaler is
formally defined by the following equation:

z=="F (1)

g

Where x is the original value, u is the mean value, and
o is the standard deviation.

C. Statistical Test

In this study, several statistical tests were conducted to
assess data adequacy prior to further analysis, including the
Kaiser-Meyer-Olkin (KMO) test and Bartlett's Test of
Sphericity. The KMO test evaluates sampling adequacy by
examining the relationship between observed correlations
and partial correlations among variables. The KMO value
ranges from 0 to 1, where a KMO value > 0.50 indicates
that the dataset is adequate and suitable for further analysis
[16]. The KMO statistic is defined as:
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Concurrently, Bartlett’s Test of Sphericity is employed

to evaluate the presence of significant correlations between

variables. If variables were entirely independent, the

correlation matrix would function as an identity matrix.

Therefore, a significant result in this test confirms that the

matrix deviates from an identity structure, validating the

suitability of PCA for the dataset [17]. The Bartlett’s test is
computed as follows:

2p+5
6

X=—(n—1 )1n|R| )

In this formulation, n denotes the total number of
observations, p represents the number of variables, and |R|
signifies the determinant of the correlation matrix. If the
statistics satisfies X2 ,ne > XZpe OF p-value < 0.05, the
null hypothesis is rejected, confirming that the correlation
matrix significantly deviates from the identity matrix and
indicating a significant correlation among the variables.

D. Data Reduction

Data reduction aims to minimize the number of
variables while preserving the core informational integrity
and mitigating multicollinearity concerns among the
features. This study utilizes Principal Component Analysis
(PCA) for dimensionality reduction, transforming
interrelated variables into a smaller set of orthogonal
components that preserve a significant proportion of the
original dataset's variance [18]. PCA was selected because
the flood impact indicators used in this study are potentially
intercorrelated. For instance, provinces with a high number
of flooded houses often exhibit high numbers of displaced
victims or damaged dwellings. Such correlations can impair
clustering performance and increase data redundancy.
Consequently, PCA was employed to achieve a more
compact and representative feature space prior to the
application of the HDBSCAN algorithm. The PCA is
initiated by calculating the covariance matrix of the
standardized data:

cov(X) = ﬁXTX 4
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Where n is the number of observations, X is the
standardized data matrix, and X7 is the transpose of X.
Next, eigenvalues and eigenvectors are obtained from the
covariance matrix using the following equations:

cov(X)v = v (5)
det(cov(X) —AI =0 (6)

The eigenvalues represent the proportion of variance
captured by each principal component, while the
eigenvectors specify the linear combinations of the original
variables that form these components. The principal
components are selected using the Kaiser criterion of
eigenvalues > 1 and a minimum cumulative variance of
80% [19]. These criteria ensure that the retained
components preserve most of the information contained in
the original dataset while reducing dimensional
complexity. Finally, the data are projected onto the selected
principal components using the following transformation:

Z=XV @

Where V' is the eigenvector matrix of the selected
principal components. The resulting matrix Z represents the
dimensionality-reduced dataset that serves as the input for
the subsequent HDBSCAN clustering process.

E. Hyperparameter Optimization

In this study, Bayesian Optimization is employed to
efficiently search for the optimal hyperparameters of
HDBSCAN. This optimization method utilizes the
principle of Bayes’ theorem to construct a probabilistic
model of the objective function by using a Gaussian Process
as the primary approach for modeling the relationship
between parameters and the function value [20]. At each
iteration, the Gaussian Process is updated based on all
previously evaluated hyperparameter configurations and
their associated scores, producing a posterior distribution
that estimates both the expected performance and the
uncertainty of unexplored configurations. A key advantage
of this method is its capability to identify the global optimal
solution in fewer iterations, as the search process is guided
by probabilistic information from previous evaluations
rather than by random exploration [21].

The optimization process focuses on two key
hyperparameters of the HDBSCAN, namely minimum
samples (min_samples) and minimum cluster size
(min_cluster_size). The search space of hyperparameters is
defined as min_samples € [1, 6] and min_cluster_size € [2,
7], with both parameter bounds were determined based on
the dataset size of 38 provincial observations, ensuring that
the search space remains practically meaningful and
computationally feasible. The objective of the optimization
is to maximize the clustering quality measured using the
Density-Based Clustering Validation (DBCV) index. The
DBCV index was selected as the objective function because
it is specifically designed to evaluate density-based
clustering results by considering both the intra-cluster
density and the inter-cluster density separability, making it

more appropriate for assessing HDBSCAN outputs. During
the optimization process, the objective function evaluates
the clustering result generated by a set of hyperparameters
and returns the corresponding DBCV score. The optimal
hyperparameters are obtained by maximizing the following
objective function:

X" = argmaxyexf(x) ®)

Where x represents the set of hyperparameters, X
represents the search space, and f(x) represents the
objective function that returns the DBCV score. During the
optimization process, Bayesian Optimization iteratively
evaluates different hyperparameter configurations and
updates the surrogate model to guide the search toward
parameter combinations that yield higher DBCV scores.
The resulting optimal hyperparameters are subsequently
used in the HDBSCAN clustering process.

F. HDBSCAN Algorithm

After obtaining the optimal hyperparameter values
through Bayesian Optimization, the clustering process is
performed using the Hierarchical Density-Based Spatial
Clustering of Applications with Noise (HDBSCAN)
algorithm. HDBSCAN is a density-based clustering
method that extends DBSCAN by using the mutual
reachability distance metric to construct a hierarchical
structure based on data-point density [22]. The HDBSCAN
workflow is illustrated in Figure 2.

: .St-art
|

Initialize
Hyperparameter

Calculate
Core Distance

Calculate the
Density-Based Distance
l Calculate Mutual
Reachability Distance

Generate the Minimum
Spanning Tree

|

Condense and
Extract Clusters

|

" End

Figure 2. HDBSCAN Workflow

1) Initialize Optimal Hyperparameter

The clustering process begins by initializing the
optimal hyperparameter values (min_samples and
min_cluster_size) obtained from the Bayesian Optimization
procedure. The min_samples parameter dictates the
necessary neighbor count for a data point to be designated
as a core point, thereby affecting local density estimation.
Meanwhile, min_cluster_size defines the lower threshold
for a group of points to be recognized as a legitimate cluster
[23].
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2) Calculate the Density-Based Distance

The core distance is derived from the proximity of each
point to its k-nearest neighbor, with k is governed by the
min_samples parameter. This value facilitates the
calculation of the mutual reachability distance between
points a and b, process intended to sharpen the separation
of low-density regions, as given by:

Amreach—k (@, b) = max{core,(a), core,(b),d(a, b)}

9)

Where core,(a) and core, (b) are the core distances
of points a and b, respectively, and d(a, b) is the Euclidean
distance.

3) Generate the Minimum Spanning Tree (MST)

A weighted graph is constructed in which each data
points represents a nodes and edges are weighted by mutual
reachability distances [24]. Subsequently, a MST is
generated by connecting all nodes with a minimal total edge
weight, ensuring the resulting graph remains free of cycles
[25]. The MST is subsequently transformed into a
hierarchical cluster structure by iteratively removing edges
from highest to lowest weight.

4) Condense and Extract Clusters

The final stage involves condensing the hierarchical
tree to identify stable clusters, defined as groups of points
that remain consistent across certain density levels. Clusters
that do not exhibit sufficient stability are not retained in the
hierarchy. Data points that fail to align with any stable
cluster are subsequently classified as noise.

G. Model Evaluation

Performance evaluation of the model relies on the
DBCV and Silhouette Score to ensure the generation of
well-defined and well-separated clusters.

1) DBCV (Density-Based Clustering Validation)

In this study, DBCV is employed as the primary
evaluation metric because it is specifically designed for
density-based clustering algorithms such as HDBSCAN
and can effectively account for noise as well as variations
in data density. The DBCV score is computed by
comparing the internal density connectivity of clusters with
the density separation among different clusters [26]. This
score is bounded between —1 and 1, with a higher scores
signify more well-defined clusters. The DBCV index for
clustering result C is computed as:

ICil

DBCV(C) =Y}, Ve (10)

Where |C;| is the number of points in cluster C;, |0] is
the total number of points in the dataset (including noise),
and VC; is the validity value of cluster C; that is defined as:

VCi _ minosjsl_j,gi(DSPCi_j)—DSPCi (11)

max(ming<js<y j=i(DSPC; ;)~DSPC;)

Where (DSPC;) is the maximum internal edge weight
of the MST of cluster C;, and (DSPC;;) is the minimum
mutual reachability distance between points belonging to
two different clusters (C; and C;).

2) Silhouette Score

To ensure a comprehensive evaluation of the clustering
outcomes, the Silhouette Score is employed as a secondary
metric to complement DBCV, offering a more nuanced
assessment of the compactness and isolation of the clusters
produced by HDBSCAN. As an internal evaluation metric,
ithis metric quantifies clustering quality by evaluating the
balance between intra-cluster cohesion and inter-cluster
separation. The Silhouette Score ranges from -1 to 1, where
a value close to 1 indicates well-defined clusters [28]. The
Silhouette Score is calculated using the following equation:

s(i) = b(i)-a(i)

max (a(i),b(i))
Where a(i) denotes the mean intra-cluster distance for
point i, whereas b (i) signifies the minimum mean distance
between point i and all points in the closest adjacent cluster.

(12)

H. Analysis of Clustering Results

The final step of this study is the analysis of clustering
results. Each cluster is analyzed to identify its
characteristics based on the flood impact indicators. These
characteristics are determined by averaging the values of
each variable within each cluster, which is then transformed
into relative percentages across clusters. The percentage
contribution of cluster k to variable j is calculated as
follows:

% 100%

Li=1 %k

P ; (12)

Where P, ; is the percentage contribution of cluster k to
variable j, K is the total number of clusters, and x, ; is the
mean value of variable j within cluster k.

I11. RESULTS AND DISCUSSION

A. Data Collection

The variables used in this study include the number of
deaths and missing victims (X1), the number of injured and
displaced victims (X2), the number of severely damaged
houses (X3), the number of moderately damaged houses
(X4), the number of slightly damaged houses (X5), and the
number of flooded houses (X6). A sample of the dataset is
presented in Table 1.

TABLE |
SAMPLE OF THE DATASET
Province X1 X2 X3 X6
Riau 0 248958 28 86147
Jambi 4 315814 528 103894
West Sumatra 72 303357 1363 68550
South Papua 0 3010 0 54
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B. Data Standardization

The StandardScaler() function was employed to perform
z-score standardization. The results of the standardization
are presented in Table 2.

TABLE Il
RESULTS OF DATA STANDARDIZATION
Province X1 X2 X3 X6
Riau -0.502 0.356 -0.381 0.528
Jambi -0.179 0.643 -0.331 1.118
West 5.314 0.589 4.779 0.749
Sumatra
South -0.502 | -0.700 | -0.439 -0.689
Papua

Both components exhibit eigenvalues > 1 and collectively
explain 86.09% of the total data variance. Consequently,
based on the Kaiser criteria of an eigenvalue > 1 and a
cumulative variance proportion of > 80%, two principal
components were selected as they are considered sufficient
to represent the majority of the information within the
dataset. These two components will serve as the input for
the optimization process and clustering modeling. The
results of the two-component dimensionality reduction are
presented in Table 4.

C. Statistical Test

Prior to performing PCA, the KMO test and Bartlett’s
test were applied to examine sampling adequacy and the
correlation structure among the variables. Based on the
calculation, the KMO value is 0.678, exceeding the
minimum threshold of 0.50. This result indicates that the
dataset is adequate and appropriate for further analysis.
Furthermore, the Bartlett’s test yielded a p-value of less
than 0.05, indicating that the correlation matrix is
significantly distinct from an identity matrix. This implies
that a significant correlation exists among the variables.
Based on these results, it can be concluded that the dataset
satisfies the necessary assumptions for PCA. A high KMO
value signifies sufficient sampling adequacy, while a
significant result from Bartlett’s validates the existence of
correlations. Therefore, dimensionality reduction can be
performed to identify the principal components that capture
the major variation in the flood impact indicators.

D. Data Reduction

The number of principal components is determined
based on the Kaiser criterion (eigenvalues > 1) and a
minimum cumulative explained variance of 80%. The
eigenvalues and cumulative explained variance of each
principal component are presented in Table 3.

TABLE IV
RESULTS OF THE TWO-COMPONENT DIMENSIONALITY REDUCTION
Province PC1 PC2
Riau -0.310 0.820
Jambi 0.184 1.258
West Sumatra 8.975 -4.028
South Papua -0.917 -0.524

E. Hyperparameter Optimization

Before the clustering process, Bayesian Optimization
was employed to optimize the hyperparameter values of
min_samples and min_cluster_size, with the DBCV score
used as the objective function. The search space was
defined as min_samples € [1, 6] and min_cluster_size € [2,
7]. The optimization process was conducted over a total of
38 iterations and consisted of two sequential phases. The
first phase involved 8 initial random exploration iterations,
during which hyperparameter configurations were sampled
randomly across the search space to initialize the Gaussian
Process surrogate model. The second phase consisted of 30
guided optimization iterations, in which the surrogate
model was iteratively updated and the Expected
Improvement acquisition function was employed to guide
the search toward hyperparameter configurations with
higher predicted DBCV scores. This two-phase strategy
provides a balance between broad exploration of the
hyperparameter space during the early stages and focused
exploitation of promising regions in subsequent iterations,
thereby reducing the likelihood of premature convergence

TABLEII to a local optimum. The optimization results are
EIGENVALUES AND CUMULATIVE PROPORTION OF TOTAL VARIANCE - -
summarized in Table V.
Principal Eigenvalue Cumulative TABLE V
Component PI’OpOI’_tIOﬂ of Total PARAMETER OPTIMIZATION RESULTS
Variance (%)
PC1 3.628 58.88% Parameter Search Space Optimal Value
PC2 1.677 86.09% min_samples 1-6 2
PC3 0.484 93.93% min_cluster_size 2-7 2
PC4 0.263 98.20% Best DBCV Score 0.515
PC5 0.080 99.50%
PC6 0.031 100% The optimal hyperparameter configuration was
] identified as min_samples = 2 and min_cluster_size = 2,
Based on Table Ill, the results show that the first

principal component (PC1) yields an eigenvalue of 3.628,
explaining 58.88% of the total variance, whereas the second
principal component (PC2) possesses an eigenvalue of
1.677, representing an additional 27.21% of the variance.

yielding the highest DBCV score of 0.515. A DBCV score
of 0.515 indicates a moderate to good clustering quality,
suggesting that the resulting clusters possess a sufficiently
clear internal density structure and meaningful separation
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between clusters. The convergence visualizations of the
optimal parameter search process are presented in the
Figure 3 and Figure 4.
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Figure 3. Best DBCV Score Over Time
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Figure 4. Bayesian Optimization Convergence

As illustrated in Figure 3, the best DBCV score
increased rapidly during the early iterations and reached its
maximum value at iteration 11. After this point, the best
score remained stable at 0.515, indicating that the
optimization process had converged to a stable solution.
Furthermore, Figure 4 presents the convergence behavior
of Bayesian Optimization throughout the iterations.
Although the individual DBCV scores fluctuated during the
search process due to the exploration and exploitation
mechanism of Bayesian Optimization, the best observed
value remained consistently at 0.515 after iteration 11.

These results demonstrate that the Bayesian
Optimization process successfully identified the optimal
hyperparameters, enabling HDBSCAN to effectively detect
cluster structures within the heterogeneous distribution of
flood impact characteristics across provinces in Indonesia.
The optimal hyperparameters obtained from this
optimization  process (min_samples = 2 and
min_cluster_size = 2) were subsequently used in the
HDBSCAN clustering stage.

F. HDBSCAN Algorithm

The HDBSCAN algorithm was applied using the
optimal parameters configurations derived from Bayesian
Optimization (min_samples = 2 and min_cluster_size = 2).
An optimal min_samples value of 2 signifies that a data

point qualifies as a core point provided it possesses at least
two neighboring points within its specified reachability
distance. Meanwhile, an optimal min_cluster_size value of
2 simplies that the HDBSCAN algorithm allows for the
establishment of clusters containing as few as two data
observations. Based on these parameters, the clustering
process identified three primary clusters and one noise
cluster. The resulting clusters are graphically represented as
a scatter plot in Figure 5, showing the distribution of the
identified clusters.

Scatter Plot Visualization HDBSCAN
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Figure 5. Cluster Distribution

Figure 5 shows the clustering results obtained by
projecting the dataset onto a primary PCA defined two-
dimensional subspace. Cluster 0 (green) is located in the
center-to-upper region of the data distribution and forms a
relatively compact group, indicating a high degree of
similarity among its members. Cluster 1 (orange) is
positioned adjacent to Cluster O but tends to be lower on the
PC2 axis, suggesting distinct pattern differences despite
their proximity in the feature space. Meanwhile, Cluster 2
(blue) occupies the left side of the PC1 axis and forms the
densest group with the largest number of members,
indicating that the provinces within this cluster possess the
most homogeneous characteristics among the three. The
gray points scattered outside these three clusters are
identified as noise, representing data points that do not meet
the density criteria for inclusion in any cluster.

Overall, the three main clusters exhibit relatively clear
boundaries and are well-separated from one another,
demonstrating that the model effectively groups the data
based on density levels. Furthermore, the presence of noise
does not interfere with the structure of the primary clusters,
but represents data points that lack sufficient density to be
categorized. This indicates that the HDBSCAN algorithm
with Bayesian Optimization is capable of achieving optimal
data clustering.

G. Model Evaluation

To further substantiate the efficacy of the proposed
method, the performance of HDBSCAN with Bayesian
Optimization was compared with that of DBSCAN
optimized using the same optimization framework. The
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comparison was conducted using two evaluation metrics,
namely the DBCV index as the primary evaluation metric
and the Silhouette Score as a complementary metric. The
comparison results are presented in Table VI.

TABLE VI
COMPARISON OF CLUSTERING PERFORMANCE
Evaluation DBSCAN+BO HDBSCAN+BO
DBCV 0.505 0.515
Silhouette Score 0.416 0.645

As presented in Table VI, the comparison results
demonstrate that HDBSCAN with Bayesian Optimization
outperforms DBSCAN with Bayesian Optimization across
all evaluation metrics. The DBCV score approaching 1
signifies a well-defined clustering structure with high
internal density cohesion and clear inter-cluster separation.
In terms of DBCV score, HDBSCAN achieved a higher
value of 0.515 compared to 0.505 for DBSCAN, indicating
a superior density-based cluster structure. Furthermore, the
Silhouette Score that is also approaching 1 signifies that the
clusters are well-separated and distinct. The Silhouette
Score obtained by HDBSCAN reached 0.645, substantially
higher than the 0.416 achieved by DBSCAN, suggesting
that HDBSCAN generated more well-separated clusters.
Overall, these results confirm that HDBSCAN is more
effective than DBSCAN in identifying flood impact
patterns.

H. Analysis of Clustering Results

The clustering results reveal substantial variation in
flood impact characteristics across Indonesian provinces.
The HDBSCAN algorithm identifies three primary clusters
and one noise cluster. The provincial composition of each
cluster is presented in Table VII.

TABLE VII
DISTRIBUTION OF PROVINCES ACCROSS CLUSTERS

Number of Provinces
Provinces

0 5

Cluster

Aceh, Riau, Jambi,
Central Kalimantan
Banten, Central Sulawesi, North
Maluku, Central Papua

Bengkulu,  Bangka  Belitung
Islands, Lampung, Riau Islands,
Bali, DI Yogyakarta, DKI Jakarta,
West Nusa Tenggara, East Nusa
Tenggara, South Kalimantan, East
Kalimantan, Southeast Sulawesi,
North Sulawesi, West Sulawesi,
Gorontalo, Maluku, Southwest
Papua, West Papua, Papua, South
Papua, Highland Papua

West Sumatra, South Sumatra,
North Sumatra, West Java, Central
Java, South Sulawesi West
Kalimantan, North Kalimantan

East Java,

1 4

2 21

To characterize each cluster, the percentage
contribution of each cluster to the total national mean per
flood impact indicator is computed. These percentages
reflect the relative share of each cluster's average value
compared to the sum of all cluster averages, and therefore
do not represent absolute flood impact magnitudes but
rather indicate which clusters dominate each indicator at the
national level. The characteristics of each cluster based on
the percentage contribution of flood impact indicators are
summarized in Figure 6.

Percentage Contribution of Flood Impact Variables for Each Cluster

X1 (Deaths & Missing Victims) - 11.16% 35.59% 2.66%

X2 (Injured & Displaced Victims) - 32.98% 6.96% 3.36% 56.71%

X3 (Severely Damaged Houses) -  3.65% 21.66% 2.51% 72.19%

X4 (Moderately Damaged Houses) -  1.47% 8.10% 1.24% 89.19%

Flood Impact Variable

X5 (Sightly Damaged Houses) -  2.99% 4.36% 3.34% 89.32%

X6 (Flooded Houses) - 34.73% 4.74% 3.70% 56.83% - 10

0

s

&
Contribution (%)

i . .
Cluster 0 Cluster 1 Cluster 2 Cluster -1 (Noise)

Cluster

Figure 6. Percentage Contribution of Flood Impact Variables

Based on the cluster characteristics in Figure 6, Cluster
0 (High Displacement & Inundation) comprising 5
provinces, which are Aceh, Riau, Jambi, East Java, and
Central Kalimantan. This cluster accounts for the highest
proportions of injured and displaced victims (32.98%) and
flooded houses (34.73%) compared to other valid clusters.
However, its contribution to fatality and housing damage
indicators remains relatively low. This pattern suggests that
Cluster 0 experience flood events that significantly affect
population exposure and displacement, although the level
of structural damage is not as extensive as in other clusters.
Consequently, this cluster can be characterized as regions
with moderate flood impacts with relatively higher risks of
displacement and residential inundation.

Cluster 1 (High Fatality & Structural Damage)
comprising 4 provinces, which are Banten, Central
Sulawesi, North Maluku, and Central Papua. This cluster
exhibits the highest proportions of death and missing
victims (35.59%) and severely damaged houses (21.66%)
compared to the other valid clusters. In contrast, its
contribution to injured and displaced victims is relatively
lower compared to Cluster 0. These results indicate that
flood events in Cluster 1 tend to produce more severe
structural damage and higher fatality rates, even though the
number of affected or displaced residents may be relatively
lower. Therefore, this cluster can be categorized as regions
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[0 Noise - Extreme Impact
B Cluster 0 - Moderate (High Displacement & Inundation)
B Cluster 1 - High (High Fatality & Structural Damage)
B Cluster 2 - Low Impact

Figure 7. Flood-Affected Clusters Map

with high flood impacts with high structural damage and
fatality risks.

Cluster 2 (Low Impact) is the largest clusters,
comprising 21 provinces. However, this cluster exhibits
relatively low proportions across all flood impact
indicators. The highest contributions are observed in lightly
damaged houses (3.34%) and flooded houses (3.70%), both
of which represent the least severe impact categories. This
indicates that the majority of provinces in Cluster 2
experience relatively low and evenly distributed flood
impacts, without being dominated by any specific impact
indicator. Therefore, this cluster can be categorized as
regions with low flood risk characteristics.

Meanwhile, Cluster -1 (Noise) comprising 8 provinces,
which are West Sumatra, South Sumatra, North Sumatra,
West Java, Central Java, South Sulawesi West Kalimantan,
North Kalimantan. Although the HDBSCAN algorithm
does not assign these provinces to any specific cluster and
classifies them as noise, this group exhibits exceptionally
high proportions across all flood impact indicators.
Therefore, this cluster can be categorized as regions with
extreme flood impacts.

The spatial distribution of flood impact clusters across
Indonesian provinces is illustrated in Figure 7.

As shown in Figure 7, the spatial distribution of the
clustering results reveals distinct geographical patterns
regarding the severity of flood impacts across Indonesia.
Cluster 0 (orange) is primarily concentrated in the western
part of Sumatra comprising Aceh, Riau, and Jambi, along
with Central Kalimantan and East Java, reflecting regions
that frequently experience large-scale floods characterized
by extensive residential inundation and population
displacement. Cluster 1 (red) exhibits a dispersed
distribution spanning from western to eastern Indonesia,
encompassing Banten in Java, Central Sulawesi, North
Maluku, and Central Papua, suggesting that high-fatality
and structurally destructive flood events are not

geographically confined but may arise under specific local
topographical, environmental, or infrastructural conditions
across different island groups. Cluster 2 (yellow) is the
most spatially dominant cluster, covering the majority of
provinces across Indonesia, particularly in central
Kalimantan, most of Sulawesi, Nusa Tenggara, Maluku,
and Papua, representing regions with relatively low and
evenly distributed flood impacts across all indicators.
Meanwhile, provinces classified as noise (grey) are
distributed across Indonesia's most densely populated and
economically significant islands, including Sumatra, Java,
Kalimantan, and Sulawesi. The concentration of noise
provinces in these major islands is consistent with their
extreme flood impact profiles, as higher population density
and more extensive human settlements in these regions tend
to amplify the scale of flood-related casualties,
displacement, and structural damage relative to less densely
populated provinces.

Overall, the clustering results provide practical
implications for the government in designing more targeted
flood mitigation strategies. By grouping provinces based on
their flood impact characteristics, policymakers can
allocate resources more efficiently and prioritize
interventions according to regional needs. Cluster 0, which
records the highest proportions of injured and displaced
victims as well as flooded houses, indicates that flood
events in these provinces primarily threaten population
mobility and residential safety rather than causing severe
structural damage. Therefore, provinces within this cluster
are recommended to prioritize the strengthening of
community-based early warning systems, evacuation
management protocols, and drainage infrastructure
improvements to minimize the extent of inundation. Cluster
1, characterized by the highest proportions of fatalities and
missing persons as well as severely damaged houses,
reflects flood events with highly destructive physical
consequences. Provinces in this cluster therefore require
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policy interventions focused on structural resilience and
emergency  response capacity, including  the
implementation of flood-resistant construction standards,
the strategic pre-positioning of search and rescue (SAR)
equipment, and the strengthening of emergency medical
supply chains.

Cluster 2, which consistently exhibits low proportions
across all impact indicators, suggests that flood events in
these provinces can still be managed within existing
mitigation frameworks. Accordingly, provinces in this
cluster are advised to maintain and further optimize current
strategies, including routine drainage system maintenance
and systematic environmental monitoring, to prevent
significant escalation of flood risks in the future.
Meanwhile, provinces classified as noise (Cluster -1) which
display very high proportions across all flood impact
indicators, require the highest level of policy attention. The
extreme and heterogeneous nature of their impact profiles
necessitates comprehensive in-depth assessments and the
development of region-specific policy frameworks, ranging
from spatial planning and land-use governance to the
formulation of dedicated cross-sectoral —mitigation
strategies. Therefore, these clustering results can support
data-driven decision-making for flood disaster mitigation
planning.

IV. CONCLUSIONS

This study aimed to identify patterns of flood impacts
across Indonesian provinces using the HDBSCAN with
Bayesian Optimization for automated parameter selection.
The Bayesian Optimization process yielded an ideal
configuration min_samples = 2 and min_cluster_size = 2,
yielding a DBCV score of 0.515, indicating a relatively
well-defined clustering structure. Based on these optimal
parameters, the HDBSCAN algorithm identified three
primary clusters and one noise cluster. Cluster 0 represents
provinces with moderate flood impacts dominated by large-
scale displacement and residential inundation. Cluster 1
represents provinces with high flood impacts characterized
by elevated fatality rates and substantial structural damage.
Cluster 2, comprising the majority of Indonesian provinces,
exhibits relatively low proportions across all flood impact
indicators, representing regions with comparatively lower
flood risks. Provinces classified as noise (Cluster -1) exhibit
exceptionally high and heterogeneous flood impact profiles
across all indicators, suggesting that their extreme
characteristics cannot be adequately captured by standard
cluster structures.

The spatial distribution of the identified clusters
highlights the geographical diversity of flood impacts
across Indonesia, reflecting variations in environmental
conditions, population exposure, and infrastructure
resilience among provinces. These findings demonstrate
the implementation of HDBSCAN with Bayesian
Optimization for provincial-level flood impact clustering
while providing a more detailed characterization of flood

impacts through multidimensional indicators. From a
practical perspective, the clustering results may support
disaster management authorities in developing region-
specific flood mitigation strategies based on the risk
characteristics of each province. Nevertheless, the findings
are limited to a specific observation period and may not
fully represent flood impact patterns under different
temporal conditions. Consequently, future study is
encouraged to integrate longitudinal datasets, a broader
range of environmental variables, and higher-resolution
spatial scales, while extending the application of this
methodology to other disaster types within the Indonesian
context.
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