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Abstract. Currently, Sunda Strait is one of the most active transportation hubs. However, this 

region also bears a notable history of geohazards associated with the dynamics of tectonic 

activity of the Eurasian and Indo-Australian tectonic plates, such as the super-eruption of 

Krakatoa volcano in 1883, the Sunda Strait tsunami in 2018, and decades of frequent 

earthquakes. To address these challenges, this study conducted a statistical analysis of the 

frequency and distribution of seismic activities in the Sunda Strait region based on recorded 

epicenter data in the United States Geological Survey's (USGS) Earthquake catalog. We 

assembled 440 multivariate earthquake data points between 1990 and 2023 (over three 

decades). The results of this study indicate that the machine learning approach precisely 

identifies four relevant parameters for 𝑘-means clustering, followed by an analysis of 

silhouette values to recognize Voronoi patterns (𝑘 = 3, 𝑘 = 5, 𝑘 = 10, 𝑘 = 15, and 𝑘 = 20). 

These statistical patterns also have significant implications for the number of epicenter 

clusters and recognizing its spatial distribution. It provides a new understanding of the spatial-

temporal characteristics and locates the list of frequent earthquake regions. Having all the 

necessary information would help to comprehensively evaluate geohazard risks in Sunda 

Strait region. 
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I. INTRODUCTION

Indonesia is included in the Pacific Ring of Fire, which contains around 75% of all the 

volcanoes on Earth. The formation of volcanic arcs in Indonesian territory will impact 

conditions of lithospheric activity in Indonesia, such as earthquakes, tsunamis and eruptions 

[1,2]. The Sunda Strait is an active transportation centre that connects Java and Sumatra. 

Geohistorical records show that there was a global impact due to the tectonic activity of the 

Eurasian and Indo-Australian tectonic plates, such as the large eruption and tsunami of 

Krakatoa (1883), the Sunda Strait earthquake and tsunami (2018), and the natural disasters of 
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earthquakes that have occurred over the last few decades. An earthquake is a natural event that 

occurs when energy is released through seismic waves beneath the Earth's surface. These 

activities cause extensive damage, causing massive numbers of victims, and impact global 

climate change [3-5]. 

Fig 1. Indonesia's geographical position, especially the location of the Pacific Ring 

of Fire which resulted in earthquakes in Sunda Strait; Map courtesy: Google Earth. 

Determining an earthquake's location is an important thing to consider [6]. Using a machine 

learning approach, we analysed the frequency and distribution of seismic data in the Sunda 

Strait region. 𝑘-means clustering is a clustering algorithm used in machine learning and data 

analysis [7-8]. The goal of 𝑘-means clustering is to divide a set of data into groups called 

clusters based on similar data characteristics. Silhouette analysis measures how well the data 

has been grouped by 𝑘-means clustering into relevant clusters. Search for a location in a group 

you want to know in spatial-temporal computational geometry via a Voronoi diagram. The 

Voronoi diagram shows the division of a particular area into several parts called cells, where 

each part contains one location point (site). Each point in a cell is closer to the site in that cell 

compared to other sites in that region. Thus, each point in the region has been paired with the 

closest site [9]. The main aim of this research is to determine earthquake-prone locations in the 

hope of helping understand seismic patterns and activity and evaluating geohazard risks in the 

Sunda Strait. 

II. DATA AND METHOD

3.1 Dataset 

The review of earthquake dynamics phenomena in this study covers the earthquake events 

in Indonesia from 1 January 1990 to 31 July 2023 (for 3 decades). Tectonic earthquake activity 

data is compiled from the United States Geological Survey's (USGS) Earthquake Catalog 

global earthquake database at earthquake.usgs.gov; in this case, the data extracted is only for 

the Sunda Strait region. There were 440 earthquake data collected, including the time of the 
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earthquake, epicentre coordinates (latitude and longitude), earthquake magnitude, and depth of 

the earthquake epicentre (Fig. 2 and Fig. 3). 

Fig 2. Detected earthquake epicenter locations in Sunda Strait region from Januari 1990 to 

July 2023 

Fig 2. is the distribution location of earthquake data that occurred around the Sunda Strait 

area, between the islands of Sumatra and Java, where depth and magnitude values can be 

measured. Earthquakes are measured using the moment magnitude scale. This scale measures 

the strength of an earthquake, with a higher magnitude value indicating a stronger earthquake. 

An earthquake's depth can vary from very shallow (a few kilometres below the surface) to very 

deep (hundreds of kilometres below the surface). Earthquake depth is the vertical distance from 

the surface to the epicentre. 
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Fig 3. Distribution of earthquake epicenter depth (km) and magnitude (mag) for this dataset 

from January 1990 to June 2023. 

 

The distribution of the earthquake can be seen in terms of depth (km) and magnitude (mag) 

in Fig. 3. The depth that occurred was between 5.7 km – 283 km (the bigger the circle, the 

deeper the earthquake occurred) and the magnitude that occurred was between 3.0 – 7.0 (the 

greater the mag value, the greater the earthquake vibration that occurs). The Krakatoa volcano 

area is an area that quite often experiences earthquakes with magnitudes of up to 7.0. This high 

magnitude has a destructive impact and can even trigger a tsunami if it occurs under the sea. 

 

3.2 𝒌-Means clustering 

 

One of the machine learning algorithms used to analyze data grouping into several different 

groups is k-means clustering. This grouping is formed based on each group's data similarity 

level by minimizing variation within clusters and maximizing variation between clusters. 

Following are the steps of the k-means clustering algorithm [10-12]: 

1. Random initial selection of the number of clusters (𝑘) and centroids to be created. 

2. Calculate the Euclidean distance between data points and all centroids (Equation 1) [7-

8]. The value of the closest distance between the data point and the centroid causes the 

data to be similar to that cluster. 
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𝐷(𝑥𝑖 , 𝐶𝑖) = ‖𝑥𝑖𝑗 − 𝐶𝑖𝑗‖2 = √∑(𝑥𝑖𝑗 − 𝐶𝑖𝑗)
2

𝑝

𝑗=1

                        (1) 

3. Recalculate the new centroid by taking the average value of all data points in each 

cluster (Equation 2). 

𝐶𝑖 =
1

𝑀
∑ 𝑥𝑗 

𝑀

𝑗=1

                                                            (2) 

where 𝑀 represents the amount of data in a cluster, 𝑖  represents the 𝑖 𝑡ℎ feature, and 𝑝 

represents the data dimension. 

4. Repetition of steps 2 and 3 is carried out until the stopping criteria are met, namely, the 

centroid no longer changes, the data points in each cluster no longer change, and the 

number of iterations has been reached. 

 

The choice of the number of clusters (𝑘) significantly affects the quality of the clusters. So, 

an analysis technique using the silhouette method was carried out to determine the appropriate 

and optimal 𝑘 value for this research. 

 

 

3.3 Silhouette Method 

 

The silhouette method in 𝑘-means clustering is intended to determine the optimal number 

of clusters (𝑘). Silhouette values are between -1.00 to 1.00. If the silhouette value is close to 0, 

then the data is on the boundary between two clusters, or the cluster is unclear. If the silhouette 

value is closer to 1, the data is similar to its cluster and not to other clusters. 

Here are the steps for the silhouette method [13]: 

1. Select the number of clusters (𝑘) to be created. In this research, the 𝑘 chosen is 𝑘 = 3, 𝑘 =
5, 𝑘 = 10, 𝑘 = 15, and 𝑘 = 20. 

2. Apply the 𝑘-means clustering algorithm to each selected 𝑘 value in the data. 

3. Calculation of silhouette values using  

𝑠𝑖 =
𝑏𝑖 − 𝑎𝑖

(𝑎𝑖 , 𝑏𝑖) 
                                                                       (3) 

wheres 𝑎𝑖 is the average distance from the data point to the other data points in the same 

cluster and 𝑏 is the smallest average distance from the data point to the data points in a 

different cluster. 

4. Calculation of the average value of all silhouette values with Equation 4. 

𝑆 =
1

𝑛
∑ 𝑠𝑖

𝑛

𝑖=1

                                                                        (4) 

with 𝑛 representing the amount of data. 

5. Selecting the highest average silhouette (𝑆) value in 𝑘-means clustering shows better 

grouping with the optimal 𝑘 value. 
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3.4 Voronoi Diagram 

Voronoi diagrams are a mathematical concept used in geographic information systems 

(GIS) to analyze spatial data, such as finding the nearest location of an earthquake. The division 

of a field into several regions in a Voronoi Diagram is based on a set of seed points. Each 

region in a Voronoi diagram corresponds to a region closer to a particular seed point than other 

seed points. Voronoi diagrams have the following characteristics: 

1. The seed point (𝑝𝑖) is the center of the diagram. 

2. Voronoi regions are polygonal or irregular in shape. The Voronoi region is defined by each 

seed point, consisting of all points in the plane closer to the seed point. 

3. Voronoi edge (𝑒) is a boundary between Voronoi regions formed by a set of points that are 

equidistant between two neighboring seed points. 

4. Voronoi vertex (𝑣) is the intersection point of three or more Voronoi edges, which means 

the Voronoi vertex neighbors three or more seed points. 

The following is an illustration of a Voronoi diagram 

 
Fig 4. Voronoi diagram illustration 

    

This research data processing uses Google Collaboratory with the Python programming 

language, and visualization uses ArcGIS software [14-15]. 

 

III. RESULT AND DISCUSSION 

Data from earthquake location points are formed into clusters with the help of silhouette 

analysis 𝑘 = 3, 𝑘 = 5, 𝑘 = 10, 𝑘 = 15, and 𝑘 = 20 cluster. Furthermore, spatial mapping of 

the cluster results was carried out using a Voronoi diagram; the data distribution was obtained, 

which was plotted using ArcGIS software. 
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Fig 5. Comparison of variation k value of k-Means clustering (k = 0, 3, 5, 15, 20). 

 

It can be seen in Fig. 5 that there are several variations of 𝑘 in the grouping in 𝑘-means 

clustering. The 𝑘-means clustering results divide 𝑘 regions on the Voronoi diagram. The 

smaller the 𝑘 value used, the more extensive and less detailed the Voronoi regions formed 

because the data will be grouped into a few large clusters. Meanwhile, the more 𝑘, the smaller 

and more detailed the Voronoi regions formed because the data will be grouped into more small 

clusters. In this case, having more Voronoi areas can provide information on which areas 

significantly influence the occurrence of earthquakes in the Sunda Strait region. This 

earthquake-prone area ranges from the Anak Krakataoa area [16-17]. This detailed location 

information can help us understand seismic patterns and activity and mitigate risks in areas that 

are the centre of Voronoi in the Sunda Strait region. 
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IV. CONCLUSION 

Based on Sunda Strait earthquake data from 1990 to 2023, there are two largest silhouette 

analysis values, namely 0.40 and 0.39, which are located at 𝑘 = 3 and 𝑘 = 5 in 𝑘-means 

clustering. The higher the silhouette value and closer to the value 1, which means that the 

earthquake clusters in the cluster have a fairly good distance from each other and far from other 

earthquake clusters, the better the clustering performance. In this case, the statistical pattern of 

earthquake data distribution formed from the Voronoi diagram can imply regional clusters and 

provide new information regarding spatial-temporal characteristics. This information helps 

find/recognize and identify areas where earthquake activity is not observed, namely around the 

Anak Krakatoa. The successful identification of this study led to field studies and the 
development of an early warning system perspective. The scientific facts in this study serve as 

a reference to enrich perspectives and considerations for evaluating geohazard risks in the 

Sunda Strait region. 
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