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Abstract

Flood disasters remain one of the most frequent natural hazards in Indonesia, particularly
in East Java Province, where variations in rainfall, population density, and land use contribute
to differing levels of flood vulnerability. Although numerous studies have explored flood
susceptibility using geospatial and statistical models, comparative analyses of clustering
algorithms specifically designed for complex regional topographies remain limited. This
study aims to implement and compare two clustering algorithms Density Based Spatial
Clustering of Applications with Noise (DBSCAN) and K-Means++ to map flood vulnerability
patterns across the region. The urgency of this study lies in the province’s increasing flood
frequency and its impact on infrastructure and livelihoods, which demand an adaptive and
data driven spatial analysis approach. DBSCAN was selected for its ability to detect irregular,
non-linear cluster shapes, while K-Means++ offers efficiency and stability through improved
centroid initialization. The dataset includes hydrometeorological and socio-environmental
indicators such as rainfall, elevation, slope, land cover, and population density. Clustering
performance was assessed using the Silhouette Index (SI) and Davies Bouldin Index (DBI).
Results showed that DBSCAN achieved a higher SI (0.3266) compared to K-Means++
(0.2453), indicating better cohesion and separation. Spatially, DBSCAN generated four
distinct clusters corresponding to actual flood prone areas, particularly in Jember, Lumajang,
Pasuruan, and Sidoarjo. These findings suggest that density-based clustering provides a more
reliable representation of heterogeneous spatial flood patterns, supporting local governments
in targeted mitigation planning and regional disaster risk management.
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1 Introduction

Flood hazard evaluation has undergone rapid transformation through the use of spatial analytics
and machine learning techniques. Recent research confirms that clustering algorithms are
powerful for detecting areas vulnerable to flooding by examining multiple environmental indicators
simultaneously [1], [2]. For example, in Jakarta, the HDBSCAN approach combined with ArcGIS
Pro was utilized to construct an early warning model by examining variables such as rainfall,
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drainage networks, and population concentration [3]. This method successfully grouped flood
points based on spatial density, offering new insights for disaster preparedness and illustrating
the practical value of unsupervised learning in flood management [4].

Among clustering techniques, density based approaches have shown remarkable capability
in representing complex spatial distributions [5]. DBSCAN, for instance, has been adapted
with the FlowSort method to evaluate regional flood hazards by linking hazard, exposure, and
vulnerability components [6]. This combination increased the consistency and automation of
flood risk assessments and effectively detected regions of critical concern. In other applications,
DBSCAN integrated with Kernel PCA achieved high performance in evaluating groundwater
quality, producing optimal results when parameters were tuned at € = 0.05 and MinPts = 3, as
confirmed by the Silhouette and Davies Bouldin indices [7].

The K-Means family of algorithms has also contributed greatly to flood susceptibility studies
[8]. In Imo State, Nigeria, researchers implemented a geospatial K-Means approach considering
ten environmental variables such as slope, elevation, and drainage density [4]. Their findings
indicated a silhouette index of 0.56, revealing that about 38% of the region faced a high risk
of flooding. The approach effectively delineated vulnerable zones across the landscape without
depending on administrative boundaries, providing valuable information for regional land use
planning [9)].

Comparative analyses between clustering models reveal that each algorithm demonstrates
unique strengths. In industrial process monitoring, evaluation of over 300,000 observations from
distillation systems showed that DBSCAN, hierarchical, and K-Means methods can identify
operational anomalies in real time [10]. In digital behavior studies, K-Means exhibited a balanced
compromise between cluster quality and computation time, as confirmed by indices such as
Silhouette, Davies Bouldin, and Calinski Harabasz [11].

Further improvements to clustering algorithms have emerged through hybrid and metaheuristic
combinations [12]. The integration of K-Means with the Ant Lion Optimization framework
enhanced clustering compactness and F measure accuracy relative to single algorithms such as
DBSCAN [8]. Likewise, the K-Means++ model employed for risk assessment in the rice supply
chain achieved about 93% accuracy, surpassing earlier machine learning approaches including
back propagation and radial basis function methods [13]. These developments underline the
ongoing refinement of clustering methods across scientific domains.

The scope of clustering applications extends beyond hydrological analysis. For instance,
DBSCAN and ST DBSCAN have been applied to cultural heritage mapping to uncover spatial
temporal patterns within traditional Chinese settlements [14]. Meanwhile, research on carbon
monitoring used DBSCAN for efficient data grouping, effectively minimizing redundancy and
lowering mean square error in dense datasets [5].

Despite widespread application, there remains a scarcity of comparative studies focusing
specifically on DBSCAN and K-Means++ in the context of flood vulnerability in complex
geographical settings such as East Java. Prior works mostly focused on applying a single
algorithm, DBSCAN for flood risk classification [6] or K-Means for susceptibility mapping in
regions like Nigeria and China [4], [15], while studies comparing their relative strengths are limited.
Although research on urban flood resilience has expanded [1], direct algorithmic comparisons in
heterogeneous topographical regions are still lacking, leaving an important research gap.

East Java, a province with frequent and severe flooding, is characterized by intense rainfall,
complex terrain, and high population density spanning mountains, lowlands, and coastal zones.
These diverse conditions call for analytical methods capable of identifying fine spatial variations
in flood vulnerability [16]. Given the increasing frequency and impact of floods, data oriented
spatial modeling is urgently needed to support more effective mitigation and planning policies
across the province [17], [18].

Building upon methodological insights from groundwater monitoring [7], industrial anomaly
detection [10], behavioral pattern exploration [11], and previous flood susceptibility mapping
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studies [4], this research systematically evaluates and compares the performance of DBSCAN
and K-Means++ using multiple internal validation metrics to determine the most appropriate
model for identifying flood vulnerability patterns in East Java Province.

2 Methods

2.1 Research Procedure

The research was conducted systematically through several main stages as follows:

1. Data Input and Standardization
The collected dataset was first entered into the analysis system. Each variable was
standardized using theZ-score transformation to ensure consistency of measurement scales
and to prevent bias among indicators [4].

2. Multicollinearity Test
The test was performed by examining the Variance Inflation Factor (VIF) and Tolerance
values to ensure no high linear correlations existed among independent variables|[6].

3. Clustering Analysis Using DBSCAN
The DBSCAN method was applied by calculating the distance between data points using
the Fuclidean Distance, determining parameters ¢ and MinPts through the K-Nearest
Neighbors (KNN) and Elbow approaches[7], followed by cluster formation and spatial
visualization using QGIS[3].

4. Clustering Analysis Using K-Means+-+
The number of clusters (K) was selected according to the study objectives. Cluster
initialization was performed with the K-Means++ method, followed by iterative centroid
recalculations until convergence was achieved, producing stable and distinct groupings.

5. Evaluation and Interpretation
The validity of clustering results from both methods was evaluated using the Silhouette
Indez (SI) and the Davies—Bouldin Index (DBI). The final clusters were visualized and

interpreted to identify the spatial patterns of flood-prone areas.

2.2 Data Standardization

Before performing the clustering analysis, all research variables were standardized to eliminate
the effect of different measurement scales [19]. Standardization was carried out using the Z-score
transformation, which converts each variable into a common scale with a mean of zero and a
standard deviation of one [20].

The Z-score for each observation Z;; is calculated as follows:

X — X,
Sj

Zij = (1)

where X;; represents the value of variable j for observation 4, X ; is the mean of variable j,
and s; is the standard deviation of variable j.

This transformation ensures that variables with larger numerical ranges do not dominate
the clustering process, allowing all attributes to contribute equally to the distance calculations.
The standardized data were subsequently used as input for both the DBSCAN and K-Means++
clustering methods.

2.3 Multicollinearity Test

Prior to clustering, a multicollinearity test was conducted to ensure that no strong linear
relationships existed among the independent variables. High multicollinearity can distort the
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distance calculation and reduce the reliability of clustering outcomes [21].
The test was performed using two indicators: the Variance Inflation Factor (VIF) and the
Tolerance value. The VIF for each variable is calculated as follows [22]:

1

2

VIF; = (2)
where R? represents the coefficient of determination obtained when variable j is regressed
against all other independent variables [23]. The Tolerance value is defined as:

Tolerance; = 1 — R]2~ (3)

A variable is considered to exhibit multicollinearity if VIF > 10 or Tolerance < 0.10 (Hair et
al., 2019). Variables exceeding these thresholds were evaluated and, if necessary, excluded from
further analysis to maintain model stability.

This procedure ensured that all variables used in the DBSCAN and K-Means++ analyses
were statistically independent and contributed uniquely to the clustering process.

2.4 DBSCAN

The clustering process was performed using the Density-Based Spatial Clustering of Applications
with Noise (DBSCAN) algorithm, which groups data points based on density similarity rather than
predefined cluster numbers [24]. DBSCAN is particularly effective for identifying arbitrary-shaped
clusters and distinguishing noise or outlier data [25].

DBSCAN requires two key parameters: the neighborhood radius (¢) and the minimum number
of points (MinPts) required to form a dense region [26]. The distance between two data points
was measured using the Fuclidean Distance, formulated as:

p
azl,x] JZ xzk_SU]k (4)

where x; and z; denote two observations in a p-dimensional space.
A point x; is considered a core point if the number of data points within its e-neighborhood
is at least equal to MinPts, defined as:

Ne(z;) = {z; € D|d(wi,x;) < e} (5)

The algorithm iteratively expands clusters by connecting density-reachable points until no
further expansion is possible. Points that do not belong to any cluster are classified as noise.

Parameter selection for £ and MinPts was optimized using the K-Nearest Neighbors (KNN)
and Flbow methods to identify suitable density thresholds. The resulting clusters were then
visualized spatially using QGIS to observe the distribution and pattern of flood-prone areas.

2.5 K-Means-++

The K-Means++ algorithm was employed to perform partition-based clustering by minimizing
the total variance within clusters [27]. This method improves upon the conventional K-Means by
optimizing the initialization of cluster centroids, thereby enhancing convergence stability and
reducing sensitivity to initial random selection.

The algorithm begins by selecting the first centroid randomly from the dataset. Subsequent
centroids are chosen probabilistically, where data points farther from existing centroids have a
higher probability of being selected [28]. The probability for selecting a data point x; as the next
centroid is defined as:
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IJ(Z’z)2
P(ri) = 53 (6)
' > k=1 D(zr)?
where D(z;) denotes the shortest Euclidean distance between x; and the nearest existing
centroid.
Once K centroids are initialized, each data point is assigned to the nearest centroid using the

FEuclidean Distance:

P
d(z;,c;) = Z(l‘ik — ¢j)? (7)
k=1
After assignment, new centroids are recalculated as the mean of all points belonging to each
cluster:

¢j = — i (8)

where n; represents the number of points in cluster Cj. The algorithm iteratively updates
cluster memberships and centroid positions until convergence is achieved, indicated by minimal
or no change in centroid values between iterations.

This process yields compact and well-separated clusters. The resulting patterns were then
compared with DBSCAN outcomes to evaluate the effectiveness of each method in identifying
spatial distributions of flood-prone regions.

2.6 Cluster Validation and Evaluation

The performance and reliability of the clustering outcomes produced by both DBSCAN and
K-Means++ algorithms were examined using two internal validation indices: the Silhouette Index
(SI) and the Davies—Bouldin Index (DBI). These indices quantitatively measure how compact the
clusters are internally and how well they are separated from one another, providing an objective
evaluation of clustering effectiveness.

2.6.1 Silhouette Index (SI)

The Silhouette Index evaluates both cohesion (how close data points are within a cluster) and
separation (how far they are from other clusters). For each observation ¢, the Silhouette coefficient
s(i) is computed as [29]:

b(i) — a(i)

) = ax{a() b}

(9)

where:
a(i) : the average distance between observation ¢ and all other points within the same cluster,
b(i) : the minimum average distance between observation i and all points belonging to other clusters.

The overall Silhouette Index is the average of all s(i) values:

SI = ;Xn: 5(3) (10)
=1

The SI value ranges between —1 and 1, where values close to 1 indicate well-formed clusters,
values near 0 suggest overlapping clusters, and negative values imply misclassification.
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2.6.2  Davies-Bouldin Index (DBI)

The Davies—Bouldin Index measures the average similarity between each cluster and its most
similar counterpart, where similarity is defined as the ratio of within-cluster scatter to between-
cluster separation. The DBI is formulated as [30]:

K
1 S; + 5
DBI = — ) max |~ (11)
K = J#i M;:
where:
a(i) : the average distance between observation ¢ and all other points in the same cluster,
b(i) : the minimum average distance between observation ¢ and all points in other clusters.

A lower DBI value indicates more compact and well-separated clusters, while higher values
suggest overlapping or less distinct groupings.

In this study, both indices were used to compare the performance of DBSCAN and K-Means++
in identifying spatial patterns of flood-prone areas. The combination of SI and DBI provided
a robust evaluation framework for assessing the effectiveness and reliability of the clustering
results.

3 Results and Discussion

3.1 Evaluation of DBSCAN Parameters and Cluster Formation

Before running the DBSCAN algorithm, it is necessary to determine the optimal values of the
two main parameters, namely Epsilon (¢) and Minimum Points (MinPts). To achieve this,
several combinations of € and MinPts were tested using the Silhouette Index as the primary
validity measure. A higher Silhouette value indicates that data objects are well grouped within
their clusters, while a value close to zero or negative indicates less compact cluster structures or
possible overlap between clusters.

The evaluation results of the parameter combinations are presented in Table 1. Based on the
evaluation, the highest Silhouette Score was obtained at € = 0.8 and MinPts = 3, with a score of
0.3266. This result shows that the selected parameters provide the best clustering configuration
among all combinations tested.
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Table 1: Evaluation Results of DBSCAN Parameter Combination using Silhouette Index
Epsilon (¢) MinPts Silhouette Score

0.2 3 0.0134
0.2 4 -0.1696
0.2 ) -0.1696
0.2 6 -0.1696
0.3 3 0.0943
0.3 4 -0.0866
0.4 3 0.1818
0.4 4 0.1818
0.5 3 0.1818
0.6 3 0.2403
0.6 4 0.2403
0.6 5 0.2403
0.7 3 0.2403
0.7 4 0.2403
0.8 3 0.3266
0.8 4 0.2729
0.9 3 0.3266
0.9 4 0.3008
1.0 3 0.3266
1.0 4 0.3266

Based on the parameter optimization results, the DBSCAN algorithm was then implemented
using € = 0.8 and MinPts = 3, which produced a total of four (4) distinct clusters and eleven
(11) noise points. The formation of these clusters indicates differences in flood intensity, affected
populations, and infrastructure damage among the districts and cities analyzed.

The results of the clustering process are summarized in Table 2, which shows the composition
of each cluster and its respective regions. In general, Cluster 0 represents areas with high flood
intensity and significant infrastructure impact; Cluster 1 represents areas with moderate to low
flood occurrences; while Clusters 2—4 represent specific patterns influenced by geographical and
hydrological conditions, such as midland flooding or tidal inundation.

Table 2: List of Districts/Cities Based on DBSCAN Clustering Results

Cluster  Districts/Cities

Cluster 0 Ponorogo, Blitar, Lumajang, Jember, Situbondo, Pasuruan, Sidoarjo, Mojokerto, Jombang,
Madiun, Kota Surabaya

Cluster 1 Trenggalek, Kediri, Banyuwangi, Probolinggo, Magetan, Ngawi, Nganjuk, Kota Madiun,
Kota Mojokerto, Kota Blitar, Kota Kediri, Pacitan, Tulungagung, Bangkalan, Pamekasan,
Sumenep, Kota Batu, Kota Pasuruan, Lamongan, Kota Probolinggo, Kabupaten Malang

Cluster 2 Bondowoso, Blitar (regions with medium flood intensity)
Cluster 3 Bojonegoro, Kota Pasuruan

Cluster 4 Gresik, Lamongan

The results demonstrate that DBSCAN successfully identified spatially coherent groupings
of flood-prone regions across East Java Province. These clusters can be further visualized on a
spatial map to assist in flood risk management and policy planning at the local government level.

Based on the results of the DBSCAN clustering analysis, the spatial distribution of flood-prone
regions in East Java Province can be visualized as shown in Figure 1. This map illustrates the
division of districts and cities into several clusters according to their flood characteristics, which
were formed based on variables such as the number of flood incidents, affected population, and
infrastructure damage. The visualization integrates the results of the DBSCAN and K-Means++
algorithms to present a comparative spatial perspective of regional flood vulnerability.

Each color in the map corresponds to a cluster group, namely: Cluster 0 (green), Cluster 1
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Figure 1: DBSCAN

(orange), Cluster 2 (blue), Cluster 3 (pink), and Cluster 4 (light green). Districts and cities that
are not assigned to any cluster (noise) are excluded from the visualization for clarity.

As illustrated in Figure 1, the cluster distribution shows a clear spatial pattern across East
Java. Regions classified into Cluster 0 (green) are those with the highest frequency and
severity of floods, including Jember, Lumajang, Pasuruan, and Sidoarjo. Cluster 1 (orange)
encompasses districts with moderate flood intensity and limited infrastructure impact, such as
Kediri, Trenggalek, and Ngawi. Cluster 2 and Cluster 3 represent areas with medium-level
characteristics, typically in the central and western regions of the province, including Bondowoso,
Bojonegoro, and Kota Pasuruan. Meanwhile, Cluster 4 (light green) primarily covers the
northern coastal zones such as Gresik and Lamongan, which are influenced by tidal inundation
and low-lying topography.

This spatial pattern suggests that flood vulnerability in East Java is influenced by both
topographical and hydrometeorological factors. Southern and eastern regions tend to have
higher rainfall and steeper terrain, resulting in more severe flood events, while northern coastal
regions experience more frequent but lower-intensity inundations. These findings highlight the
importance of cluster-based spatial analysis as a basis for developing targeted flood mitigation
strategies and regional disaster preparedness planning.

3.2 Clustering Analysis Using K-Means++ Algorithm

The K-Means++ algorithm was utilized to perform clustering on the flood disaster data of
East Java Province. This algorithm is an improved version of the traditional K-Means method,
providing better initialization of cluster centroids and minimizing the possibility of suboptimal
clustering results (Arthur & Vassilvitskii, 2007). Before clustering, the dataset was standardized
using the Z-score normalization method to ensure that all variables contributed equally, as each
variable had different measurement scales and magnitudes.

3.2.1 Determination of the Optimal Number of Clusters (Elbow Method)

To determine the optimal number of clusters (k), the Elbow Method was applied. This method
examines the relationship between the number of clusters and the total within-cluster sum of
squares (WSS). The WSS value decreases as k increases, but after a certain point, the rate of
decrease slows down, forming an “elbow” shape. This point represents the optimal number of
clusters, balancing accuracy and model simplicity.
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Figure 2: Elbow

As illustrated in Figure 2, the inflection point occurs at k = 3, indicating that three clusters
provide the best trade-off between compactness and separation. Hence, the number of clusters
for this study was set to three.

3.2.2  Cluster Formation Using K-Means++

After determining the optimal number of clusters, the K-Means++ algorithm was executed with
the following parameters: num_init = 10, max_iters = 100, and initializer = "kmeans++".
Each observation (district or city) was assigned to the cluster whose centroid was closest based
on Fuclidean distance. The algorithm iteratively minimized the total within-cluster variance
until convergence was achieved.

1. Cluster 1 consists of 34 districts/cities with moderate flood characteristics.

2. Cluster 2 consists of 1 district/city with localized but high flood impact.

3. Cluster 3 consists of 3 districts/cities with high flood frequency and severe damage intensity.

The resulting cluster label was then appended to the original dataset and exported as an
Excel file named Hasil _Cluster__Banjir _JawaTimur.zlsz. Table 3 summarizes the average values
of each numerical variable within each cluster.

Table 3: Average Values of Each Variable by Cluster (K-Means++)

Cluster X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11
1 2.588 0.118 0.029 5096.06 0.176  0.000  2.000 895.47 0.059 0.118 0.000
2 2.000 2.000 0.000 6405.00 10.000 10.000 16.000 1431.00 0.000 0.000 0.000
3 10.333 0.667 1.000 48160.67 0.000  0.000  0.000 7603.00 0.333 0.000 0.333

Based on Table 3, Cluster 1 represents the majority of districts with moderate flood frequencies
and damage levels, as reflected by moderate values in X1 (number of flood events) and X4
(affected population). Cluster 2, consisting of only one region, exhibits higher values in X5, X6,
and X7, suggesting a localized area that experienced severe flood impact. Cluster 3, with three
regions, has extremely high values in X4 and X8, indicating severe and widespread flood events.
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3.3 Comparison Based on Silhouette Index

The Silhouette Index is a measure of how well each object lies within its cluster, with values
ranging from —1 to 1. A higher Silhouette Index indicates that the data points are well matched
to their own cluster and poorly matched to neighboring clusters, signifying better-defined and
more cohesive groups.

Table 4: Comparison of Silhouette Index Values Between DBSCAN and K-Means+-+

Method Silhouette Index (1)
DBSCAN 0.3266
K-Means++ 0.2453

As shown in Table 4, the DBSCAN algorithm achieved a higher Silhouette Index value
(0.3266) compared to K-Means++ (0.2453). This result indicates that DBSCAN forms clusters
that are more cohesive and better separated than those produced by K-Means++. Therefore, it
can be concluded that, based on the Silhouette Index criterion, DBSCAN provides superior
clustering performance for identifying flood-prone regions in East Java Province.

3.4 Average Characteristics of Each Cluster (DBSCAN Results)

Table 5 presents the average values of all numerical flood indicators for each cluster generated
by the DBSCAN algorithm. These averages represent the general characteristics of each group
of districts or cities in East Java, classified according to their flood risk intensity and impact
indicators.

Table 5: Average Values of Each Variable by Cluster (DBSCAN)

Cluster X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 X11

0 5.182 0.545 0.364 18617.82 1.455 0.909 7.636 2760.18 0.273 0.182 0.091
1 1.476 0.000 0.000 3259.14 0.000 0.000 0.000 704.05 0.000 0.000 0.000
2 2,500 0.000 0.000  690.00 0.000 0.000 0.000 186.50 0.000 1.000 0.000
3 6.000 1.000 0.000 20494.50 0.000 0.000 0.000 1341.50 0.000 0.000 0.000
4 8.000 0.000 0.000 4273.00 0.000 0.000 0.000 3241.50 0.000 0.000 0.000

Based on Table 5, the following interpretations can be made:

1. Cluster 0 represents areas with the highest average flood impact, marked by dominant
values in X4 (total affected population) and X8 (total damage). These are the regions
that consistently face the most severe flood consequences, where inundation events tend to
affect both livelihoods and infrastructure on a large scale. Such conditions are commonly
observed in low-lying settlements along major river basins, where dense population and
poor drainage exacerbate the impact of extreme rainfall events [17].

2. Cluster 1 consists of districts with relatively low averages across all indicators, pointing to
areas that only experience light or infrequent flooding. These regions generally enjoy
higher elevation, better watershed management, and greater soil permeability—factors
that naturally limit flood intensity. For instance, northern Jombang displays this kind of
resilience, with its karstic geological layers allowing faster water infiltration and shorter
flood duration [18].

3. Cluster 2 displays very low values for most variables yet shows a mild anomaly in
X10, suggesting small-scale or episodic flood events. These cases likely occur in confined
catchment areas or semi-urban pockets where localized rainfall extremes briefly overwhelm
drainage systems before conditions stabilize. This pattern mirrors the scattered, isolated
flood hotspots seen in East Java’s province-wide hazard mapping, where risk intensity
fluctuates sharply between neighboring subdistricts [17].
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4. Cluster 3 exhibits high values in X1 (flood frequency) and X4 (affected population),
reflecting frequent but spatially concentrated flooding. This behavior is characteristic
of densely populated districts that experience recurring waterlogging during heavy rain
seasons—often near rivers or low-lying drainage basins. The Brantas River corridor is a
classic example of this, as many communities in its vicinity report repeated inundation
events every rainy season despite relatively contained spatial spread [18].

5. Cluster 4 shows consistently elevated values in X1, X4, and X8, capturing areas with
moderate to severe flood exposure that often sit between urban expansion zones and
agricultural lowlands. These semi-urban landscapes tend to accumulate surface runoff
during prolonged rainfall, creating chronic flooding patterns that disrupt daily activities
and damage property. Studies across East Java also emphasize that such mid-level flood
zones are the most widespread, reflecting the province’s transitional topography and mixed
land-use structure [17], [18].

Overall, the DBSCAN clustering effectively separated the districts and cities in East Java into
five distinct groups based on their flood characteristics. Clusters 0 and 3 clearly stand out as the
most critical regions requiring prioritized disaster mitigation and resource allocation. Meanwhile,
Clusters 1 and 2 represent low-risk areas with minimal flood occurrences, while Cluster 4 serves
as a transitional category between moderate and severe flood conditions.

4 Conclusion

This research compared the performance of DBSCAN and K-Means++ algorithms in clustering
flood vulnerability across East Java Province. The results indicated that DBSCAN achieved a
higher Silhouette Index value of 0.3266 compared to K-Means++ with 0.2453, reflecting stronger
cohesion and clearer separation between clusters. The density-based approach also succeeded in
identifying spatially coherent high-risk zones, particularly in Jember, Lumajang, Pasuruan, and
Sidoarjo, which correspond to areas historically affected by flooding events.

These findings highlight that DBSCAN is more effective for analyzing complex hydrometeo-
rological data and heterogeneous topographical conditions, while K-Means++ performs better
on relatively uniform datasets. The study confirms that density-based clustering methods can
enhance regional flood mapping accuracy and provide valuable insights for data-driven disaster
mitigation and planning.

Despite its promising results, this study has limitations related to dataset size and the use of
a single-year observation period. Future research can expand the analysis by integrating temporal
flood data, exploring hybrid clustering models, and incorporating additional environmental
parameters to improve accuracy and robustness. Overall, this work contributes to developing a
more adaptive and evidence-based approach to flood risk management in East Java Province.
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