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Abstract  

This study addresses the challenge of accurately clustering earthquake events based on depth to better understand seismic 

activity patterns in Sulawesi from 2019 to 2023. Traditional clustering algorithms often fail to capture the complex spatial and 

depth-based structures of earthquake data. To overcome this, we employed the DBSCAN algorithm, which is well-suited for 

identifying irregularly shaped clusters and handling noise in spatial datasets. A key focus of this research is the systematic 

optimization of DBSCAN’s parameters—epsilon (ε) and minimum samples (min_samples)—using a grid search approach. 

Epsilon values varied from 0.1 to 0.5, and min_samples ranged from 6 to 60. The optimal parameters, determined using the 

Calinski-Harabasz (CH) index, were ε = 0.4 and min_samples = 54. Compared with previous heuristic settings, the optimized 

configuration produced better separated and more interpretable clusters. Using the optimized parameters, nine distinct clusters 

were identified, capturing meaningful patterns in both depth and magnitude. The results revealed that shallow earthquakes (0–

20 km) tend to exhibit greater magnitude variation, with some clusters averaging magnitudes up to 3.7. This suggests a higher 

seismic hazard potential associated with brittle crustal activity. The findings contribute to seismic hazard analysis by providing 

a more robust understanding of three-dimensional earthquake distribution, aiding regional risk assessment and disaster 

preparedness efforts. These insights can support agencies such as BMKG and BPBD in hazard mapping, sensor deployment, 

and contingency planning for high-risk zones. 
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1. Introduction  

Sulawesi Island is one of Indonesia’s most seismically 

active regions due to its position along the Pacific Ring 

of Fire, a zone characterized by frequent tectonic 

activity. The island features complex geological 

structures, including multiple active faults that 

contribute significantly to earthquake occurrences and 

related hazards such as tsunamis [1]. Major fault 

systems in Sulawesi include the Palu-Koro and 

Walanae faults in the west, as well as the Matano, 

Lawanopo, and Gorontalo faults in the east and north 

[2]. Understanding the spatial distribution of 

earthquakes across these fault zones is essential for 

effective disaster risk mitigation. 

In seismological research, clustering algorithms such as 

k-means, hierarchical clustering, and DBSCAN 

(Density-Based Spatial Clustering of Applications with 

Noise) have been widely used to identify seismic 

activity patterns and delineate seismic gaps. These 

studies often rely on evaluation metrics like the 

Silhouette Score, Davies-Bouldin Index (DBI), and 

Calinski-Harabasz Index to assess cluster quality. 

However, many reported difficulties in achieving well-

separated and meaningful clusters, with common issues 

such as overlapping boundaries between seismic 

regions. For example, For example, as demonstrated in 

the study by Ody Octora Wijaya (2024), a silhouette 

score of 0.06097 and a DBI of 2.4648 are indicative of 

poor separation and high internal cluster variation [3]. 
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Traditional clustering methods such as k-means and 

hierarchical clustering often assume spherical cluster 

shapes and require prior knowledge of the number of 

clusters. These assumptions are problematic in 

seismological contexts, where earthquake distributions 

are irregular, sparse, and influenced by complex fault 

geometries. As a result, these methods frequently 

produce overlapping or poorly separated clusters, 

limiting their utility in seismic zone delineation. 

DBSCAN, by contrast, offers a density-based approach 

that can detect clusters of arbitrary shape and handle 

noise effectively—making it particularly suitable for 

earthquake data analysis in tectonically complex 

regions like Sulawesi. 

Our previous research applied the DBSCAN algorithm 

to examine the spatial distribution of earthquake 

epicenters in Sulawesi. However, that study relied on 

fixed, trial-and-error parameter values without 

systematic tuning and did not incorporate earthquake 

depth—an essential factor in understanding the vertical 

structure of seismic activity. This limited the clarity and 

interpretability of the clustering outcomes [3]. 

Similar limitations are also found in other seismological 

clustering studies, where the selection of DBSCAN’s 

parameters (epsilon and min_samples) is often heuristic 

and lacks reproducibility [4], [5] . Although a few 

studies have attempted to tune DBSCAN parameters 

using methods such as visual estimation or rule-of-

thumb approaches, these lack systematic evaluation and 

scalability [6]. Some recent research has begun 

exploring automated tuning techniques for clustering, 

including the use of metaheuristic algorithms or 

statistical validation, but such efforts remain rare in 

earthquake data applications [7]. 

While DBSCAN has been applied in various global 

seismological studies, its systematic use in the 

Indonesian context—especially with parameter 

optimization and depth integration—remains limited. 

To our knowledge, no prior research has 

comprehensively applied DBSCAN with grid-based 

tuning and three-dimensional clustering to earthquake 

data in Sulawesi. This study therefore represents a novel 

contribution to regional seismological analysis and 

offers a replicable framework for other tectonically 

active zones in Indonesia. 

In this study, we address these gaps by introducing two 

methodological improvements: (1) systematic 

optimization of DBSCAN parameters using Grid 

Search, and (2) inclusion of earthquake depth as a 

feature for three-dimensional clustering. Grid Search is 

selected for its exhaustive and deterministic search 

space exploration, offering consistent and reproducible 

results across combinations of epsilon and 

min_samples. While more computationally intensive, it 

provides a transparent framework for evaluating 

clustering performance across different parameter 

settings. Several studies in other domains (e.g., image 

segmentation, anomaly detection) have successfully 

employed Grid Search for DBSCAN tuning [8] , yet its 

application in seismic data clustering remains limited. 

The novelty of this research lies in integrating 

parameter optimization and vertical depth information 

into DBSCAN-based earthquake cluster analysis—an 

approach not yet systematically applied in previous 

studies of the Sulawesi region. The contributions are 

threefold: (1) improving DBSCAN clustering through 

parameter tuning tailored to Sulawesi seismic 

characteristics, (2) incorporating earthquake depth to 

enhance the discrimination of deep vs. shallow seismic 

zones, and (3) delivering refined spatial-depth 

clustering results to support more accurate seismic risk 

mapping and disaster preparedness in a highly tectonic 

region of Indonesia. This novel, data-driven approach 

seeks to advance earthquake cluster analysis in 

Indonesia by improving the reliability and granularity 

of clustering results in one of its most tectonically active 

regions. 

This data-driven approach advances existing clustering 

methodologies in earthquake analysis by improving 

both the reliability and granularity of cluster 

identification, ultimately contributing to a deeper 

understanding of seismic patterns in Southeast Asia. 

2. Methods 

This study builds upon our previous research on 

earthquake clustering in Sulawesi (2019–2023), 

utilizing the same dataset [3]. While the earlier analysis 

employed DBSCAN with heuristic parameter settings 

and focused solely on spatial epicenter distribution, the 

present study introduces an enhanced methodology. 

Specifically, it incorporates earthquake depth as an 

additional clustering dimension and applies systematic 

parameter optimization to more accurately represent the 

three-dimensional nature of seismicity in the region. 

The methodological framework of this study is 

illustrated in Figure 1, outlining the complete process 

from data collection and preprocessing to feature 

selection, hyperparameter tuning, and clustering. This 

structured workflow ensures reproducibility and 

enhances the reliability and interpretability of the 

clustering outcomes. 

As shown in Figure 1, the methodology follows a 

structured flow to support effective earthquake data 

analysis. It begins with data collection, followed by 

preprocessing steps such as integration and cleaning to 

ensure data quality. Feature selection is then conducted 

to identify key variables for clustering. Grid Search is 

used for hyperparameter tuning, systematically 

exploring combinations of epsilon and min_samples to 

optimize DBSCAN performance. Once the optimal 

parameters are determined, DBSCAN is applied to 

identify clusters in the earthquake dataset. The final 

stage involves visualization and interpretation of the 

clustering results to uncover meaningful seismic 

patterns and assess regional seismic risks. 
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Figure 1. Research Flow 

2.1 Data Collection 

The earthquake dataset used in this study was sourced 

from the official repository of Badan Meteorologi, 

Klimatologi, dan Geofisika (BMKG), Indonesia’s 

national agency for meteorological and geophysical 

monitoring. It comprises earthquake events recorded in 

the Sulawesi region between January 1, 2019, and 

December 31, 2023. The dataset was selected for its 

comprehensiveness and the credibility of BMKG as a 

national authority, ensuring high standards of reliability 

and data verification [3]. 

A total of 10,255 earthquake records were retrieved, 

each containing attributes such as event ID, origin time, 

latitude, longitude, magnitude, and depth. The data 

were accessed in CSV format and processed using the 

Pandas library within a Python-based analytical 

environment. This structure enabled efficient data 

manipulation and seamless integration with subsequent 

clustering procedures. The dataset provides a recent and 

detailed foundation for analyzing seismic activity 

patterns in Sulawesi. 

2.2 Data Preprocessing 

Prior to analysis, the dataset underwent a series of 

preprocessing steps to ensure data quality and 

consistency. First, duplicate and invalid entries were 

removed by filtering based on the unique “Event ID” 

field, reducing the dataset to 10,238 valid earthquake 

events. This step was critical for maintaining the 

integrity of the clustering process and avoiding bias 

introduced by repeated entries [3].  

An important enhancement in this study was the 

incorporation of earthquake depth as a clustering 

feature. While many previous studies focused solely on 

horizontal spatial attributes (latitude and longitude), 

depth provides essential insights into the vertical 

distribution of seismicity, which is often linked to 

tectonic processes such as subduction and faulting. To 

ensure uniform contribution from all features, the 

dataset was standardized using the z-score method, 

which centers and scales the variables based on their 

mean and standard deviation [9]. 

Depth plays a significant role in understanding 

earthquake behavior, as shallow earthquakes (depth < 

70 km) are typically more damaging due to proximity 

to the surface, while deeper events (depth > 70 km) may 

signal different tectonic origins [10].  

Sulawesi’s complex tectonic environment characterized 

by the convergence of multiple microplates and 

subduction zones produces a diverse range of 

earthquake depths [11]. By emphasizing depth in the 

clustering process, this study aims to reveal hidden 

seismic patterns below the surface that are crucial for 

accurate hazard assessment and disaster preparedness 

strategies [12]. 

Unlike studies that apply strict filtering or outlier 

removal, this research intentionally retains all recorded 

earthquake events from 2019 to 2023 to preserve the 

full spectrum of seismic activity in Sulawesi. The 

dataset was compiled by merging annual records, 

followed by duplicate removal based on the unique 

“Event ID” field. This inclusive approach ensures that 

rare or extreme events—often critical for hazard 

interpretation—are not excluded prematurely. While no 

manual noise filtering was applied, data integrity was 

maintained through consistency checks and 

standardization using z-score normalization. 

2.3 Parameter Tunning for DBSCAN 

In this study, the DBSCAN (Density-Based Spatial 

Clustering of Applications with Noise) algorithm was 

utilized for clustering earthquake data, with a particular 

focus on depth as a significant feature for cluster 

formation. DBSCAN is a density-based clustering 

method that groups data points closely packed together 

while treating isolated points as noise. However, the 

effectiveness of DBSCAN depends heavily on the 

careful tuning of two key parameters: epsilon (eps) and 

minimum points (min_samples) [13]. 

The eps parameter defines the maximum distance 

within which points are considered part of the same 

cluster. Optimizing eps is crucial, as too small a value 

may result in excessive noise (unclustered points), 

while too large a value may lead to overly general 



  
Rushendra et al                                   Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 4 (2025) 

 

 

                                                                                   853 

 

clusters that lack meaningful distinctions [14]. The 

min_samples parameter specifies the minimum number 

of neighboring points required for a core point to initiate 

a cluster. Proper calibration of this value ensures that 

clusters represent genuine seismic groupings rather than 

random aggregations [15]. 

To optimize these parameters, we employed a 

systematic tuning process. First, a range of eps and 

min_samples value were tested to evaluate cluster 

quality. Several clustering performance metrics were 

used to assess different parameter configurations, 

including the Silhouette Score, Davies-Bouldin Index 

(DBI), and Calinski-Harabasz Index (CH Index). The 

Silhouette Score helps assess cohesion and separation 

among clusters, while the DBI and CH Index provide 

insights into cluster compactness and distinctness. 

Depth was specifically used as a key feature to ensure 

that the resulting clusters reflected depth-related 

earthquake patterns [12], [16]. 

Through this tuning process, we identified the optimal 

eps and min_samples values that resulted in the best 

clustering performance for our dataset, particularly for 

analyzing depth-based earthquake distributions in 

Sulawesi. The selected parameters allow DBSCAN to 

effectively differentiate clusters based on earthquake 

depth, providing more granular insights into depth-

related seismic patterns across the region. The 

parameter tuning enhances the accuracy and 

interpretability of the clustering outcomes, facilitating a 

deeper understanding of the seismic activity patterns 

related to the geological features in Sulawesi [13], [17]. 

2.4. Grid Search Optimization 

The grid search method systematically evaluates each 

combination of parameters within a predefined range to 

identify the optimal set for DBSCAN. Given a set of 

values for epsilon (ϵ) and min_samples, the grid search 

optimizes the parameters by finding those that yield the 

highest average score across multiple cluster evaluation 

metrics [18]. 

To fine-tune the DBSCAN parameters, we used grid 

search with varying epsilon and min_samples over a 

wider range than in previous studies. We set the epsilon 

range from 0.1 to 0.5 in increments of 0.1 and 

min_samples from 6 to 60 in increments of 6. 

The selection of epsilon (0.1–0.5) and minPts (6–60) 

ranges is based on three considerations. First, since the 

input features (latitude, longitude, depth) are 

standardized, the epsilon values are chosen within a 

small range appropriate for z-score scaled distances 

[19]. Second, the minPts values are derived from the 

dimensionality rule (minPts ≥ D + 1) and expanded to 

accommodate both dense and sparse seismic regions 

[13]. Third, the extended parameter range improves 

upon the previous version of this study by increasing 

the sensitivity of DBSCAN to capture vertical (depth-

based) clustering structures in Sulawesi’s complex 

tectonic setting. This broader exploration enables more 

robust identification of distinct seismic patterns, 

potentially valuable for disaster mitigation [20], [21] . 

While some studies rely on k-distance plots for 

parameter estimation, this research adopts an empirical 

approach through repeated Grid Search experiments. 

Each configuration was evaluated using clustering 

performance metrics to identify parameter sets that 

produced coherent, interpretable clusters aligned with 

depth-related seismic behavior. 

2.5 Cluster Quality Evaluation 

Cluster quality evaluation is essential for determining 

the reliability and interpretability of clustering results. 

In this study, Silhouette Score, Davies-Bouldin Index 

(DBI), and Calinski-Harabasz Index are used to 

evaluate clustering performance from different 

perspectives [22]. During the grid search, we evaluate 

each parameter combination using the following three 

clustering metrics: 

Silhouette Score (SS): This score measures the cohesion 

within clusters and separation between clusters. A 

higher Silhouette score indicates well-defined clusters, 

as points are closer to their own cluster than to others 

[23]. Defined as Equation 1. 

𝑆𝑆 =  
𝑏−𝑎

max (𝑎,𝑏)
  (1) 

𝑎 is the mean intra-cluster distance and 𝑏 is the mean 

nearest’-cluster distance. 

Davies-Bouldin Index (DBI): Assesses cluster 

separation by measuring the average similarity between 

each cluster and the one most similar to it. Lower DBI 

values indicate better clustering because clusters are 

more compact and distinct from one another [24]. This 

is calculated as Equation 2. 

𝐷𝐵𝐼 =  
1

n
∑  

𝑠𝑖+𝑠𝑗

𝑑𝑖,𝑗
𝑗≠𝑖

𝑚𝑎𝑥𝑛
𝑖=1  (2) 

𝑠𝑖  and 𝑠𝑗  are the intra-cluster distances and 𝑑𝑖,𝑗  is the 

distance between the cluster centroids. 

Calinski-Harabasz Index (CH): Also called the 

Variance Ratio Criterion, this index evaluates the ratio 

of cluster dispersion between and within clusters. 

Higher Calinski-Harabasz scores suggest a better 

clustering structure because cluster are well-separated 

[25], expressed as Equation 3. 

𝐶𝐻 =  
𝑡𝑟(𝐵𝑘)/(𝑘−1)

𝑡𝑟(𝑊𝑘)/(𝑛−𝑘)
  (3) 

𝐵𝑘 is the between-cluster dispersion matrix and 𝑊𝑘 is 

the within-cluster dispersion matrix. 

These metrics, which are particularly used in recent 

clustering research, provide a robust framework for 

evaluating clustering structures without requiring 

labelled data, thereby making them widely applicable in 

unsupervised learning contexts. For further insights and 

current methodologies, refer to recent clustering 

evaluation metrics [26]. 
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2.6 DBSCAN Algorithm 

DBSCAN is used due to its ability to form clusters of 

arbitrary shapes and handle noise in data. Given the 

nature of earthquake data, where noise points are 

common, DBSCAN’s density-based approach is 

particularly useful.  

The algorithm works by setting a distance threshold 

(epsilon) within which points are considered part of the 

same cluster if they also meet the minimum number of 

points (min_samples) in that neighbourhood [27]. 

2.7 Visualization and Interpretation 

The resulting clusters were visualized using color 

gradients representing earthquake depth, allowing 

clearer differentiation among clusters based on depth 

variations across Sulawesi. To gain a clearer 

understanding of the earthquake distribution in 

Sulawesi, the clustering results were visualized through 

a series of map plots, overlaid with fault lines specific 

to the region. The visualization scenario involved 

mapping each identified cluster by its geographic 

coordinates and color-coding clusters to reflect 

variations in depth and magnitude [28]. This approach 

enabled the identification of spatial patterns in 

earthquake occurrences and their proximity to known 

fault lines and tectonic boundaries [29]. 

The visual outcomes reveal distinct cluster formations 

across different depths and magnitudes, showing 

correlations between cluster locations and fault lines. 

For example, clusters with shallower depths tended to 

align closely with the Palu-Koro fault system, 

indicating frequent seismic activity near this fault. 

However, deeper clusters appeared farther from major 

fault lines, indicating that tectonic activity is potentially 

related to subduction processes [30]. Thus, scenario-

driven visualization offers a comprehensive perspective 

on how different depth clusters are distributed relative 

to tectonic structures, enhancing the understanding of 

seismic patterns and potential earthquake risks in 

Sulawesi. By Visualizing these relationships, this study 

provides a deeper insight into regional seismic 

phenomena and their underlying geological influences 

[31]. 

3. Results and Discussions 

The grid search results indicate the best values for 

epsilon and min_samples based on the three-evaluation 

metrics. According to the Silhouette Score, the optimal 

parameters were set to epsilon epsilon = 0.4 and 

min_samples = 50. For the Davies-Bouldin Index 

(DBI), the best parameters were epsilon = 0.2 and 

min_samples = 7. Meanwhile, the Calinski-Harabasz 

Index (CH Index) indicates that optimal values are 

epsilon = 0.2 and min_samples = 54. Table 1 presents 

the results obtained by the grid search method. 

The grid search method identified the optimal epsilon 

and min_samples parameters based on the three-

evaluation metrics. We then visualized the results of 

these parameters within the model developed to observe 

clustering outcomes. 

Table 1. Matrix of epsilon and min point search results 

Metric SS Score  DBI CH Index 

eps 0.4 0.2 0.2 

Min samples 50 7 54 

Silhouette S. 0. 414768 -0.057093 0.034479 

DBI 2.269853 1.187298 3.244152 

CH Index 738.402986 108.612398 956.627764 

Best for Silhouette 

Score 

DBI CH Index 

Table 1 presents a matrix comparing DBSCAN 

clustering results across various epsilon (`eps`) and 

minimum points (`min_samples`) values, evaluated 

using three key metrics: the Silhouette Score, Davies-

Bouldin Index (DBI), and Calinski-Harabasz Index (CH 

Index). Each metric led to different optimal values, 

highlighting distinct clustering characteristics based on 

the evaluation criteria used. 

For the Silhouette Score, which measures the cohesion 

and separation of clusters, the best result was achieved 

with an epsilon of 0.4 and min points of 50, yielding a 

score of 0.414768. Although moderate, this score 

reflects the highest level of cohesion among the tested 

configurations. The DBI, a metric where lower values 

signify better separation, identified its optimal 

configuration at an epsilon of 0.2 and min points of 7, 

with a DBI score of 1.187298. This low DBI indicates 

clusters with minimal overlap, although the Silhouette 

Score associated with this configuration was negative (-

0.057093), indicating potential limitations in separation 

quality. 

In terms of the Calinski-Harabasz Index, which favors 

compact and distinct clusters, the highest score of 

956.627764 was achieved with an epsilon of 0.2 and 

min points of 54. This indicates dense clustering with 

strong boundaries between clusters, although the 

relatively low Silhouette Score (0.034479) for this 

configuration indicates some limitations in achieving 

high-quality separation. 

In summary, the optimal values for epsilon and min 

points vary depending on the evaluation metric being 

prioritized. For the Silhouette Score, the optimal 

parameters were epsilon 0.4 and min points 50; for DBI, 

epsilon 0.2 and min points 7; and for CH Index, epsilon 

0.2 and min points 54. The selection of the best 

parameters depends on the specific clustering goals and 

evaluation metrics that are most relevant to the analysis. 

3.1 Results 

The optimal parameters for epsilon and min_samples 

according to the Silhouette Score from the grid search 

method resulted in a score of 0.414768. Figure 2 shows 

clustering visualization using the best epsilon and min 

point parameters based on the Silhouette Score 

evaluation. 

Although this score is considered reasonably good, the 

visualization results indicate that objects within a 
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cluster are generally closer to each other than to objects 

in other clusters. However, there are still some objects 

that may be located near the cluster boundaries. 

 

Figure 2. Visualization of clusters with optimal silhouette score 

parameters 

Using DBSCAN with the optimal parameters obtained 

from Grid Search (ε = 0.4, min_samples = 50), the 

clustering process yielded a single dominant cluster 

comprising 9,617 earthquake events. The evaluation 

metrics indicate moderately good clustering quality, 

with a Silhouette Score of 0.4148, a Davies-Bouldin 

Index of 2.27, and a Calinski-Harabasz Index of 738.40. 

These values suggest that although the cluster is 

relatively well-defined, there may still be a degree of 

internal variation. 

Descriptive statistics for this configuration, as shown in 

Table 2, reveal significant variability in depth and 

magnitude. Earthquake depths ranged from 1 km to 224 

km, with a mean of 33.09 km and a standard deviation 

of 44.24 km, indicating a broad vertical spread of 

seismicity. Magnitudes ranged from 0.81 to 6.78, 

averaging 3.20 with a standard deviation of 0.72. The 

large number of points and wide variability suggest that 

the cluster may encompass multiple tectonic regimes 

that are not separable using a single parameter setting. 

The optimal values for epsilon and min_samples 

according to the Davies-Bouldin Index obtained by the 

grid search method resulted in 16 clusters in a score of 

1.187298. Figure 3 shows clustering visualization using 

the best epsilon and min_samples parameters based on 

DBI score evaluation. 

Table 2. Statistic per cluster for eps=0.4 & min point=50 

Cluster Depth Mean  Depth Std Depth Min Depth Max Mag Mean Mag Std Mag Min Mag Max Count 

0 33.091297 44.2422 1 224 3.195402 0.715765 0.813944 6.778839 9617   

 

Figure 3. Visualization of clusters with optimal DBI score 

parameters 

There are indications of overlap between clusters, 

which could be due to data noise, suboptimal parameter 

settings, or intrinsic data complexity. In addition, some 

clusters with low member density were identified, 

indicating the need to further adjust the minimum 

sample parameter.  

In the second experiment, DBSCAN was configured 

with ε = 0.2 and min_samples = 7, yielding the lowest 

Davies-Bouldin Index (1.187), suggesting relatively 

well-separated clusters compared to other 

configurations. However, the Silhouette Score was -

0.057, indicating potential overlap among clusters or 

noise, and the Calinski-Harabasz Index was 108.61, 

lower than the previous trial. Nevertheless, this 

configuration produced 16 distinct clusters, offering a 

more granular perspective of the seismic distribution. 

Table 3. Statistic per cluster for eps=0.2 & min point=7 

Cluster Depth Mean  Depth Std Depth Min Depth Max Mag Mean Mag Std Mag Min Mag Max Count 

0 32.598580 43.996759 1 216 3.190401 0.708851 0.813944 6.778839 9439   

1 12.555556 3.967327 10 24 3.670204 0.822018 2.313670 5.498359 36 

2 12.354839 3.411240 10 20 2.872166 0.876516 1.756392 4.948916 31 

3 193.266667 8.055554 177 212 3.659167 0.648644 2.580365 5.111457 30 

4 246.194030 11.595766 221 269 3.741953 0.524294 2.541016 5.337821 67 

5 18.476190 9.222901 10 34 4.582934 0.598541 3.938729 6.514208 21 

6 214.714286 8.527267 199 233 3.911726 0.375758 3.384588 4.949262 21 

7 251.076923 10.657247 236 268 3.150695 0.607238 2.199972 4.160950 13 

8 50.333333 5.830952 41 58 5.131105 0.422329 4.641149 5.900264 9 

9 117.000000 5.792716 107 122 3.780582 0.595301 2.933036 4.660106 10 

10 88.666667 6.461424 78 98 3.769941 0.498144 3.108414 4.709666 9 

11 226.500000 5.916080 221 233 3.089935 0.574405 2.417673 3.584711 4 

12 17.714286 3.683942 11 23 4.368910 0.360639 3.822556 4.923060 7 

13 276.250000 4.112988 271 280 3.482434 0.541024 2.765833 4.017639 4 

14 20.416667 6.501165 11 35 3.526485 0.609476 2.812387 4.949384 12 

15 10.833333 2.041241 10 15 2.156563 0.447696 1.587983 2.814163 6 
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As detailed in Table 3, depth and magnitude 

characteristics vary significantly across clusters. 

Several clusters represent shallow events (e.g., clusters 

1 and 2 with mean depths ~12 km), while others reflect 

deeper subduction-related activity (e.g., clusters 4, 6, 7, 

and 13 with mean depths over 200 km). Cluster 8 stands 

out with the highest average magnitude (5.13), while 

cluster 15 contains the weakest events (mean magnitude 

2.16). These variations illustrate how smaller 

min_samples values allow DBSCAN to detect more 

localized seismic patterns that may otherwise be 

overlooked. 

The analysis results show that the DBSCAN algorithm 

with parameters ε=0.2 and min_samples=54 can 

produce high-quality clusters, as indicated by the very 

high Calinski-Harabasz Index value (956.627764). 

Figure 4 displays clustering visualization using optimal 

epsilon and mi_point parameters based on the Calinski-

Harabasz Index evaluation. 

Although some clusters still appear to overlap in the 

visualization, using the optimal epsilon and 

min_sample values form the grid search method can 

provide insights into the clusters formed and their 

proximity to existing faults or tectonic plates in the 

Sulawesi region [32]. 

In the third experiment, DBSCAN was applied using ε 

= 0.2 and min_samples = 54, resulting in the highest 

Calinski-Harabasz Index (956.63) among all tested 

configurations. This suggests that the clusters formed 

are both compact and well-separated. Although the 

Silhouette Score remained low (0.034) and the Davies-

Bouldin Index was relatively high (3.24), the visual 

inspection of the clustering map revealed clearer spatial 

groupings than in the previous two trials. 

 

Figure 4. Visualization of clusters with optimal Calinski-Harabasz 

parameters 

According to Table 4, this configuration produced 9 

clusters, with most events concentrated in shallow 

zones (e.g., clusters 0, 2, 4, and 7 with mean depths 

around 10–15 km). Clusters 5 and 8 represented deeper 

seismic activity (mean depths of 164.01 km and 89.43 

km, respectively), while cluster 1 exhibited a wide 

spread of depth values. Magnitude variation was also 

distinct, with cluster 3 having the highest average 

magnitude (3.72) and cluster 2 hosting the largest 

number of events (3,601) with a moderate average 

magnitude of 3.06. Overall, this configuration achieved 

a balance between statistical strength and visual 

interpretability, making it a compelling choice for 

identifying tectonic structures in Sulawesi. 

Table 4.Statistic per cluster for eps=0.2 & min point=54 

Cluster Depth Mean  Depth Std Depth Min Depth Max Mag Mean Mag Std Mag Min Mag Max Count 

0 10.628979 2.352131 2 28 2.877901 0.642563 1.331115 6.463147 911 

1 60.466667 51.427719 4 164 3.346258 0.658888 1.883383 6.496014 1740 

2 10.786726 3.098127 1 36 3.057960 0.650652 1.010857 6.778839 3601 

3 15.251894 7.375211 5 39 3.724402 0.571625 2.034929 5.562747 528 

4 11.458824 3.247404 5 25 3.192138 0.574624 1.747259 4.594870 170 

5 164.013624 17.249925 125 200 3.028274 0.609738 1.587741 4.912976 367 

6 10.168539 0.979749 10 17 3.238843 0.604896 1.952641 5.668295 89 

7 10.460000 1.607992 10 21 3.433679 0.595444 2.208485 5.469223 150 

8 89.432927 12.348782 67 113 3.032333 0.768144 1.661972 5.479502 164 

3.2 Discussions 

Based on the results obtained, we identified parameters 

that are optimal for processing and analysis through 

visualization in the model, as indicated by the CH-Index 

evaluation using the grid search method. The 

visualization results showed that nine clusters were 

formed, providing insights into the depth of earthquake 

epicenters in the Sulawesi region. The average depth 

and magnitude of each cluster are presented in Table 2. 

The Calinski-Harabasz (CH) Index was selected as the 

primary evaluation metric due to its sensitivity to both 

intra-cluster compactness and inter-cluster separation. 

Compared to the Silhouette Score and Davies-Bouldin 

Index, CH Index provides more consistent assessments 

in high-dimensional and noisy datasets, which are 

typical in seismic applications. Preliminary tests 

showed that CH Index better captured the structural 

coherence of clusters formed in Sulawesi’s earthquake 

data. 

To further analyze the internal characteristics of each 

cluster formed by the DBSCAN algorithm, a boxplot of 

earthquake magnitudes per cluster was generated. As 

shown in Figure 5, the distribution of magnitudes varies 

significantly across clusters.  
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Figure 5. Magnitude distribution by cluster 

Cluster 3 exhibits the highest median magnitude and a 

relatively wide interquartile range, indicating a 

concentration of moderate to strong seismic events. 

Clusters 1 and 7 also show higher median values 

compared to other clusters, suggesting zones with 

generally stronger earthquakes. In contrast, clusters 

such as 0, 2, and 4 display lower median magnitudes but 

include several outliers with high magnitude, which 

may represent sporadic yet impactful seismic activity. 

The presence of these outliers emphasizes the 

heterogeneous nature of seismic energy release within 

certain clusters. These observations provide additional 

insight into the seismological patterns of each cluster 

and may reflect underlying tectonic variations in the 

Sulawesi region. 

Table 5 provides details of the clusters identified using 

DBSCAN with parameters optimized according to the 

Calinski-Harabasz (CH) Index. The table summarizes 

each cluster’s number of points, average depth (in 

kilometers), and average magnitude, offering insight 

into the distinct characteristics of each cluster. 

Table 5. Cluster information from optimal parameters 

Cluster No Number of Points Average Depth (km) Average Magnitude 

0 911 10.628979 2.877901 

1 1740 60.466667 3.346258 

2 3601 10.786726 3.057960 

3 528 15.251894 3.724402 

4 170 11.458824 3.192138 

5 367 164.013624 3.028274 

6 89 10.168539 3.238843 

7 150 10.460000 3.433679 

8 164 89.432927 3.032333 

Cluster 0, comprising 911 points, has an average depth 

of 10.63 km and an average magnitude of 2.88. Cluster 

1, the largest group with 1,740 points, had a 

significantly greater average depth of 60.47 km and a 

slightly higher average magnitude of 3.35. Cluster 2, 

with 3,601 points, is the most populated cluster, with an 

average depth of 10.79 km and an average magnitude of 

3.06. Cluster 3, smaller with 528 points, has an average 

depth of 15.25 km and the highest average magnitude 

of 3.72. Cluster 4, comprising 170 points, has an 

average depth of 11.46 km and a moderate average 

magnitude of 3.19. Cluster 5, with 367 points, is the 

deepest, with an average depth of 164.01 km and an 

average magnitude of 3.03. Cluster6, with 89 points, 

has an average depth of 10.17 km and an average 

magnitude of 3.24. Cluster 7, which contains 150 

points, has an average depth of 10.46 km and a 

relatively high average magnitude of 3.43. Finally, 

Cluster 8 includes 164 points with a depth average of 

89.43 km and an average magnitude of 3.03. 

Figure 6 presents the spatial distribution of earthquake 

clusters across Sulawesi as identified by the DBSCAN 

algorithm, using epsilon = 0.2 and minPts = 54. Each 

cluster is represented by a distinct color, highlighting 

spatially coherent groupings of seismic events based on 

their geographic coordinates and depth. The clustering 

results reveal meaningful patterns aligned with 

Sulawesi’s complex tectonic framework. Dense clusters 

are observable in several areas, such as the Palu-Koro 

fault zone, the eastern arm of Sulawesi (e.g., Luwu 

Timur), and the northern region (e.g., Bolaang 

Mongondow), indicating concentrated seismicity likely 

associated with active faults or subduction interfaces 
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Figure 6. Distribution of Earthquake Clusters by Depth in Sulawesi 

Island (2019–2023) 

These results demonstrate that DBSCAN effectively 

captures spatial groupings of seismic events while 

accounting for vertical distribution (depth), which is 

crucial for understanding tectonic segmentation and 

potential hazard zones. The visual evidence in Figure 6 

reinforces the significance of using depth as a clustering 

feature and supports the regional interpretation of 

earthquake behavior for mitigation purposes 

In this study, a Hexbin plot was used to visualize the 

relationship between average depth and average 

magnitude across different earthquake clusters. Hexbin 

plots are a powerful data visualization tool that 

aggregates points into hexagonal bins, providing an 

effective means of identifying density patterns and 

relationships in large datasets. Unlike traditional scatter 

plots, Hexbin plots are particularly useful when dealing 

with large or overlapping data points because, they 

reduce overplotting and reveal the underlying data 

distributions more clearly [33]. The use of a heatmap 

overlay in the Hexbin plot allows for additional analysis 

such as identifying areas with higher average 

magnitudes, and enhancing the interpretability of the 

data by combining spatial and intensity information into 

a single plot. This visualization approach is beneficial 

for exploring the correlation between variables like 

earthquake depth and magnitude, especially in the 

context of cluster analysis, where the density and 

characteristics of each cluster can provide insights into 

seismic activity trends. 

 

Figure 7. Hexbin plot average depth vs average magnitude 

Based on the results of the Hexbin plot with average 

depth vs. average magnitude (Figure 7). The analysis 

indicates no strong linear correlation between 

earthquake depth and average magnitude. However, 

shallow earthquakes (0-20 km) tended to show higher 

magnitude variations, with some clusters (e.g., clusters 

5 and 7) exhibiting the highest average magnitudes, 

reaching around 3.6-3.7. In contrast, deeper 

earthquakes (>100 km) tend to have lower average 

magnitudes (~3.0-3.2). The clusters with shallow 

depths and high average magnitudes may indicate 

higher seismic hazard potential, possibly related to the 

brittle nature of the Earth’s crust at these depths. Cluster 

-1, identified as noise, has a wide depth range but 

relatively lower average magnitudes, which may 

indicate weaker seismic events or poorly clustered data 

points. This analysis suggests the need for further 

studies to examine the characteristics of shallow 
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earthquakes and the source mechanisms within each 

cluster, especially those with higher magnitudes at 

shallow depths, to better understand the potential 

seismic risks in the Sulawesi area [34]. 

Cluster 0 was identified in the western region of 

Sulawesi, with 911 earthquake events and an average 

depth of 10.628979 km. Earthquakes in the study area 

are classified as shallow [35]. Figure 8 shows the 

location and shape of Cluster 0. 

 

Figure 8. Visualization of cluster 0 

The visualization shows that the center of cluster 0 is 

located in the Mamasa district. Earthquakes in this 

cluster tend to occur at shallow depths and have 

relatively low magnitudes. This indicates that although 

these earthquakes may not cause significant damage, 

they can still be felt by people in the vicinity of the 

epicenter. Shallow depths can result in stronger surface 

shaking, even when the shaking magnitude is small [6]. 

Cluster 1 include 1,740 earthquake events with an 

average depth of 60.47 km and an average magnitude of 

3.35. Earthquakes in this cluster occurred at 

intermediate depths and had slightly higher magnitudes 

than those in Cluster 0. This intermediate depth may 

indicate that these earthquakes were occurring in a 

subduction zone or at depths below the Earth’s crust, 

potentially causing different impacts than shallow 

earthquakes. Figure 9 shows the location and 

visualization of Cluster 1. 

Figure 9 represents the clustering analysis of the 

earthquake data, focusing on the seismic characteristics 

within a defined region. The visualization highlights 

cluster center 1, at latitude: 2.037155 and longitude: 

122.800466. This cluster has an average depth of 

approximately 86.34 km, indicating that most seismic 

events in this area occur at moderate depths. The 

average magnitude was 3.34, reflecting a predominance 

of moderate earthquakes. With 1740 events, this cluster 

offers valuable insights into the frequency and 

distribution of seismic activity in the vicinity of cluster 

1. The color gradient represents depth variations, 

providing visual cues for identifying the depth patterns 

of seismic events across the cluster. This analysis 

facilitates an understanding of earthquake 

characteristics by depth and magnitude, which is 

essential for regional seismic risk assessment. The 

visualization of Cluster 1 shows that it was centered 

near Tomini Bay, with a higher concentration of 

earthquake events occurring in the ocean. 

 

Figure 9. Visualization of cluster 1 

Cluster 2 contained 3,601 earthquake events with an 

average depth of 10.79 km and an average magnitude of 

3.06. This is the largest cluster in terms of the number 

of events, indicating that these earthquakes are 

relatively common at shallow depths with low to 

moderate magnitudes. The shallow depth is similar to 

that of Cluster 0, but the slightly higher magnitude 

indicates a potential for stronger shaking. Figure 10 

shows the shape of the largest cluster, Cluster 2. 

Figure 10 presents the spatial distribution of the Central 

Sulawesi during the 2019-2023 period. Clustering 

analysis identified a significant concentration of 

seismic activity along the central segment of the Palu 

Koro Fault, with an average depth of 10.7867 km and a 

mean magnitude of 3.05. The spatial distribution and 

characteristics of this cluster indicate that this segment 

of the Palu Koro Fault remains active and is under 

deformation. The results of this study contribute to a 

better understanding of the deformation mechanisms of 

the Palu Koro Fault and can be used to map zones with 

higher earthquake hazard potential. 

Cluster 3 consisted of 528 earthquake events with an 

average depth of 15.25 km and an average magnitude of 

3.72. Earthquakes in this cluster occurred at slightly 

greater depths and had higher magnitudes than those in 

the other clusters. These deeper earthquakes with higher 

magnitudes can cause more significant damage and be 

felt over a larger area [36]. The location and 

visualization of Cluster 3 are shown in Figure 11. 
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Figure 10. Visualization of cluster 2 

 

Figure 11. Visualization of cluster 3 

Figure 11 illustrates the spatial distribution of 

earthquake epicenters in the southeastern waters near 

Kotamobagu. Clustering analysis revealed a significant 

concentration of seismic activity at 526 data points. The 

cluster exhibits an average depth of 15.25 km and a 

mean magnitude of 3.72. The spatial distribution and 

characteristics of this cluster indicate a high level of 

seismic activity in the region, likely associated with 

underlying active faults or subduction zones. Further 

research is needed to specifically identify the geological 

structures and mechanisms generating these 

earthquakes. 

Cluster 4 included 170 earthquake events with an 

average depth of 11.46 km and an average magnitude of 

3.19. Earthquakes in this cluster occurred at shallow to 

intermediate depths with relatively moderate 

magnitudes. This indicate that these earthquakes may 

have moderate damage potential, especially if they 

occur near populated areas. The visualization of Cluster 

4 is presented in Figure 12. 

 

Figure 12. Visualization of cluster 4 

The spatial distribution of the earthquake epicenters 

around Buol is presented in Figure 12. A cluster 

analysis identified a significant concentration of 

seismic activity with 170 data points, characterized by 

an average depth of 11.45 km and a mean magnitude of 

3.19. The relatively shallow depth and moderate 

magnitude of these earthquakes indicate a higher 

likelihood of ground shaking and potential damage in 

the event of a larger earthquake. This highlights the 

importance of seismic hazard assessment and disaster 

preparedness in the Buol region. 

Cluster 5 contained 367 earthquake events with an 

average depth of 164.01 km and an average magnitude 

of 3.03. This cluster is unique because earthquakes 

occur at very deep depths. Earthquakes at this depth 

usually occur in deep subduction zones, and although 

their magnitudes are not very high, their significant 

depth may cause them to be less perceptible at the 

surface. The visualization of Cluster 5 is presented in 

Figure 13. 

 

Figure 13. Visualization of cluster 5 

Figure 13 presents a cluster of 367 earthquake 

epicenters located south of the Marisa region, with an 

average depth of 164 km and a mean magnitude of 3.02. 

Although the earthquakes in this cluster occurred at 

relatively deep depths, the potential for aftershocks with 

smaller magnitudes closer to the surface cannot be 



  
Rushendra et al                                   Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol. 9 No. 4 (2025) 

 

 

                                                                                   861 

 

ignored. The high seismic activity concentration in this 

region indicates a significant seismic hazard. These 

findings underscore the importance of implementing 

disaster mitigation strategies, particularly in coastal 

areas near the epicenter. 

Cluster 6 consisted of 89 earthquake events with an 

average depth of 10.17 km and an average magnitude of 

3.24. This is the smallest cluster in terms of the number 

of events, occurring at shallow depths with moderate 

magnitudes. Despite its smaller size, its shallow depth 

and moderate magnitude indicate that earthquakes in 

this cluster could be felt quite strongly on the surface. 

Figure 14 shows the visualization and location of 

Cluster 6. 

 

Figure 14. Visualization of cluster 6 

Figure 14 shows the concentration of seismic activity 

around Kendari, with 89 earthquake epicenters. These 

earthquakes, with an average depth of 10.17 km and a 

mean magnitude of 3.24, indicate the activity of a local 

fault system, possibly a segment of the Palu-Koro fault. 

The relatively shallow depth increases the potential for 

ground shaking to affect populated areas. This analysis 

highlights the need for further studies on the 

characteristics of the Palu-Koro fault in the Kendari 

region to support disaster mitigation efforts, including 

the development of early warning systems and public 

education. 

Cluster 7 included 150 earthquake points with an 

average depth of 10.46 km and an average magnitude of 

3.43. Earthquakes in this cluster occur at shallow depths 

with relatively high magnitudes. This combination 

indicates the potential for significant damage, 

especially near the earthquake's epicenter [37]. Figure 

15 illustrates the location and shape of Cluster 7. 

Figure 15 illustrates the significant concentration of 

seismic activity in the Tolitoli region, with the 

epicenters clustered around the Sojol Mountain Nature 

Reserve. Cluster 7, exhibiting an average magnitude of 

3.43, indicates a notable level of tectonic activity in the 

area. The average depth of these earthquakes, 

approximately 10.46 km, indicates that the seismic 

source was located within the upper crust. The 

proximity of the earthquake cluster to the Sojol 

Mountain Nature Reserve indicate a possible 

correlation between seismic activity and the geological 

structures or volcanic activity associated with the 

mountain. The moderate average magnitude of 3.43 

indicate the potential for minor to moderate damage to 

vulnerable structures in areas near the epicenters. To 

gain a deeper understanding of this phenomenon, 

further analyses are required, including detailed 

mapping of active faults, focal mechanism analysis, and 

a historical review of the earthquakes in the region. The 

results of these analyses can inform the development of 

comprehensive disaster mitigation plans that consider 

the seismic hazard potential of the Tolitoli area. 

 

Figure 15. Visualization of cluster 7 

Cluster 8 consisted of 164 earthquake events with an 

average depth of 89.43 km and an average magnitude of 

3.03. Earthquakes in this cluster occur at considerable 

depths with moderate magnitudes. The significant depth 

indicate that these earthquakes may have occurred in 

subduction zones and were less likely to have been felt 

on the surface. Figure 16 shows cluster 8. 

 

Figure 16. Visualization of Cluster 8 

Figure 16 shows a high concentration of seismic 

activity in the Gorontalo region. The clustering of 

earthquakes with significant depth indicates the 

subduction of tectonic plates beneath the study area. 

This will make Gorontalo susceptible to larger 
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earthquakes in the future. Additionally, the potential for 

tsunamis should not be overlooked, considering 

Gorontalo’s location within the Pacific Ring of Fire. 

Therefore, disaster mitigation efforts, such as the 

construction of earthquake-resistant infrastructure, 

early warning systems, and public education, must be 

continuously improved. 

 

Figure 17. Depth vs Magnitude per Cluster (ε = 0.2, min_samples = 54) 

Figure 17 presents the depth–magnitude distribution of 

seismic events clustered using DBSCAN with 

optimized parameters (ε = 0.2, min_samples = 54). 

Each color represents a distinct cluster. The scatter plot 

reveals that cluster separation primarily occurs along 

the depth axis, while magnitude values are more 

uniformly distributed across clusters. Shallow clusters 

(e.g., Cluster 0–4) dominate depths below 40 km, 

whereas deeper seismic activity is captured in Clusters 

5–8, with depths reaching over 200 km. This 

visualization highlights the importance of depth as a 

clustering feature, supporting the decision to include it 

in the DBSCAN parameter optimization process. 

From the formed clusters, we attempted to identify 

potential seismic gap areas. Areas with noise points, 

which are represented in black in the DBSCAN 

clustering results, are indicated in green. Several 

clusters surrounded these areas, indicating that they 

may have been seismic gap regions [38] . Figure 18 

shows the potential seismic gap areas. 

 

Figure 18. Potential seismic gap area 

The green areas were situated between the formed 

earthquake clusters. The noise identified indicates that 

earthquakes frequently occur in these regions but do not 

fall into any cluster [39]. Overall, this visualization 

appears to be used to analyze earthquake patterns and 

distributions across different regions, aiding in the 

interpretation of areas with higher seismic risk or 

specific patterns in earthquake data based on depth and 

earthquake density [40]. This output is highly valuable 

for disaster risk analysis and tectonic activity research 

in the area. Each cluster is represented by different 

colors and defines zones with similar seismic 

characteristics, while the points and depth scale indicate 

individual earthquake occurrences and their respective 

depths. This information is essential for understanding 

seismic behavior and assessing regional vulnerability to 

seismic events [41]. 

The clustering analysis has revealed diverse seismic 

characteristics across multiple regions in Sulawesi, each 

with distinct patterns in depth and magnitude. These 

differences are not only useful for categorizing seismic 

activity but also offer crucial insights for risk 

assessment [7]. Clusters with shallow depths and 

relatively high average magnitudes, such as those near 

Kotamobagu and Tolitoli, highlight regions that may 

pose greater seismic hazards due to their potential for 

strong ground shaking. Meanwhile, clusters located in 

deeper zones, like those souths of Marisa and near 

Gorontalo, point to subduction-related seismicity that, 

although occurring deeper, could still have significant 

surface impact due to potential tsunami generation or 

energy transfer toward the crust [36], [42]. 

Moreover, the identification of noise points, especially 

those scattered around active clusters, sheds light on 

areas that may represent seismic gaps or zones of 

irregular seismic activity. These green-highlighted 

regions (as shown in Figure 18) appear to be surrounded 

by active clusters, suggesting that tectonic stress may be 

accumulating. This could indicate future rupture zones 

that are currently quiet but geologically active [36]. 

Integrating these clustering outcomes with geological 
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and tectonic data may enable more precise hazard 

zoning and early warning strategies [43]. Ultimately, 

this study not only maps the spatial and depth-related 

dynamics of seismicity in Sulawesi but also emphasizes 

the need for targeted monitoring in high-risk areas, 

contributing to a more comprehensive approach to 

earthquake preparedness and mitigation across the 

region [44]. 

The clustering results presented in this study offer 

practical implications for disaster mitigation planning 

by agencies such as BMKG, BPBD, and local 

governments. Shallow clusters with higher average 

magnitudes can be prioritized in hazard mapping, 

infrastructure risk assessment, and evacuation route 

planning. Meanwhile, noise points—interpreted as 

potential seismic gap areas—may guide BMKG in 

enhancing seismic monitoring networks, such as 

deploying additional sensors or refining early warning 

systems. BPBD and local authorities can utilize these 

insights to develop region-specific contingency plans, 

conduct public education campaigns, and allocate 

resources more effectively in high-risk zones. 

Integrating clustering outcomes with geological maps 

and spatial planning data will strengthen evidence-

based mitigation strategies tailored to Sulawesi’s 

tectonic complexity. 

4. Conclusions 

This study optimized the DBSCAN parameters for 

clustering Sulawesi earthquake data (2019-2023) by 

depth using a grid search method. The optimal 

parameters with an epsilon of 0.4 and min_samples of 

54 achieved a Calinski-Harabasz (CH) index score of 

956.63. Visualization revealed 9 distinct clusters, with 

shallow earthquakes (0-20 km) showing greater 

magnitude variation, and some clusters (e.g., clusters 5 

and 7) exhibiting higher average magnitudes (~3.6-3.7). 

In contrast, deeper earthquakes (>100 km) had lower 

average magnitudes (~3.0-3.2). Shallow, high-

magnitude clusters indicate a potential seismic hazard, 

likely tied to the brittle crust, while cluster -1, identified 

as noise, displayed a wide depth range but lower 

average magnitudes, hinting at weaker seismic events 

or dispersed data. This analysis emphasizes the 

significance of parameter optimization in DBSCAN for 

generating meaningful clusters and highlights the need 

for further studies on shallow, high-magnitude clusters 

to better assess seismic risks in Sulawesi. These 

clustering insights can support agencies such as 

BMKG, BPBD, and local governments in disaster 

mitigation planning. Shallow, high-magnitude clusters 

should be prioritized in hazard mapping and evacuation 

planning, while noise-identified seismic gap areas may 

guide sensor deployment and monitoring enhancement. 

Integrating these findings into regional contingency 

plans and public education efforts can improve 

preparedness and resilience in high-risk zones. 
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