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Abtract - Indonesia is located within the Pacific Ring of Fire, one 

of the most seismically active regions in the world due to the 

interaction of multiple major tectonic plates. Understanding the 

spatial distribution of earthquakes and accurately estimating their 

magnitudes is essential for effective disaster risk assessment and 

mitigation planning. This study aims to analyze earthquake 

distribution patterns and develop a machine learning-based 

approach to predict earthquake magnitude using seismic data 

from the Meteorology, Climatology, and Geophysics Agency 

(BMKG). The study employs two machine learning methods: K-

Means Clustering to identify spatial groupings of earthquake 

events and Random Forest Regression to predict magnitude based 

on spatial and temporal features. The dataset consists of 67 

earthquake events recorded in February 2026, including 

attributes such as latitude, longitude, depth, magnitude, and 

occurrence time. Clustering results indicate that the optimal 

number of clusters is k = 4, with a Silhouette Score of 0.3444, 

suggesting a moderate clustering structure. This implies that 

spatial patterns are present, although cluster separation is not yet 

well-defined. The Random Forest model achieved an R² of 0.7382 

on training data and 0.0975 on testing data, indicating overfitting 

likely due to the limited dataset size. Feature importance analysis 

reveals that longitude contributes the most (43.7%), followed by 

depth (29.6%), latitude (20.6%), and time (6.0%). These findings 

highlight the dominant role of spatial factors in Indonesia’s 

seismic activity. However, the limited dataset restricts model 

generalization; therefore, future studies should use larger datasets 

and incorporate additional geophysical parameters to improve 

predictive performance. 

Keywords — Data Mining, K-Means Clustering, Random Forest, 

Gempa Bumi, Machine Learning 

I. Introduction 

Indonesia is located in the Pacific Ring of Fire, an area with the 

highest levels of volcanic and earthquake activity in the world. 

As an archipelagic nation, Indonesia also lies at the 

convergence of three major tectonic plates: the Eurasian, Indo-

Australian, and Pacific Plates. Indonesia experiences an 

average of 5,000-6,000 earthquakes annually[1]. 

Earthquake data collected by the Meteorology, Climatology, 

and Geophysics Agency (BMKG) provides crucial information 

that can be used to analyze seismic activity patterns and 

characteristics in various regions of Indonesia. With advances 

in machine learning and data mining technology, earthquake 

data analysis can be performed more efficiently, uncovering 

hidden patterns undetected by conventional methods[2]. 

This research aims to apply machine learning algorithms to 

BMKG earthquake data to identify spatial and temporal 

patterns of earthquakes in Indonesia. The two main approaches 

used are unsupervised learning with K-Means Clustering for 

regional segmentation and supervised learning with Random 

Forest for earthquake magnitude prediction. 

Although various studies have applied machine learning 

techniques to earthquake analysis, several limitations remain. 

Most previous research has focused on the application of deep 

learning methods or on large-scale global seismic datasets. 

Meanwhile, research utilizing national seismic data specifically 

to analyze the spatial patterns of earthquakes in Indonesia is still 

relatively limited. 

Furthermore, most studies focus solely on earthquake 

magnitude prediction without incorporating spatial clustering 

analysis of seismic regions. Identifying spatial patterns of 

earthquake occurrence is crucial for understanding the 

distribution of tectonic activity in a region. Therefore, this study 

attempts to address this gap by applying the K-Means 

Clustering method for earthquake region segmentation and 

Random Forest Regression for magnitude prediction, using the 

BMKG earthquake dataset. This approach is expected to 

provide an initial understanding of earthquake distribution 

patterns in Indonesia and demonstrate the potential for applying 

machine learning to national seismic data analysis. 

A. Problem Formulation 

Based on the background presented, the problems to be 

addressed in this study can be formulated as follows: 

a. How can we group earthquake areas in Indonesia based on 

magnitude, depth, and geographic location? 

b. How can we predict earthquake magnitude based on location, 

depth, and time? 

c. What features are most influential in predicting earthquake 

magnitude? 

B. K-Means Clustering 

K-Means Clustering is an unsupervised learning algorithm used 

to group data into k clusters based on similar characteristics or 

features. This algorithm works by minimizing the total squared 

distance between each data point and the closest cluster center 

(centroid). 
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[3]. The iterative K-Means process includes: (1) centroid 

initialization, (2) data assignment to the closest cluster, and (3) 

centroid updating until convergence. 

C. Random Forest 

Random Forest is an ensemble learning method that combines 

several decision trees to improve prediction accuracy while 

minimizing the risk of overfitting. This algorithm uses bagging 

(bootstrap aggregation) and random feature selection 

techniques to build a collection of independent decision trees 

[4]. Prediction results are obtained through voting 

(classification) or averaging (regression) across all trees in the 

forest. 

D.  Related Research 

Several recent studies have been conducted to analyze 

earthquake data using machine learning [5]. A systematic 

review of Artificial Intelligence-based Earthquake Early 

Warning (EEW) systems found that a hybrid approach 

performed best. A study applied various machine learning 

techniques to earthquake seismology and demonstrated their 

effectiveness in seismic signal detection [6]. A study used deep 

learning with a dynamic loss function for earthquake prediction 

with promising results [2]. A study developed a deep residual 

network (CRED) for earthquake signal detection using 

recurrent neural networks [7]. A study applied deep learning to 

predict earthquake magnitude in the Horn of Africa with high 

accuracy. 

Research in Asia has also shown significant progress, 

developing a real-time earthquake magnitude estimation 

method using deep learning with multiple seismometers. A 

study used explainable AI (XAI) models to estimate the spatial 

probability of earthquakes in the Arabian Peninsula [8]. A study 

applied machine learning to earthquake prediction in the North 

Zagros with competitive results. 

II. Research Method 

A. Dataset 

The earthquake data used in this study is derived from the 

official earthquake catalog of the Agency for Meteorology, 

Climatology and Geophysics (BMKG) and is provided via the 

national seismic data portal. Data access is automated via an 

XML service at 

 https://data.bmkg.go.id/DataMKG/TEWS/autogempa.xml. 

This service provides current earthquake information in real 

time and has been seismically validated by the BMKG. The 

system developed in this study retrieves the data automatically, 

so that all updates to the earthquake information are stored 

directly in the database of the Ekasakti University server as part 

of the research data repository. The stored data is then used for 

machine learning, analysis, and modeling. Furthermore, the 

stored earthquake data is visualized via a web-based application 

at https://app.unespadang.ac.id/Gempa, enabling more 

interactive earthquake monitoring. 

 

 

The dataset used in this study comprises earthquake data from 

the BMKG (Meteorological, Climatological and Geophysical 

Office) covering the period from February 4 to March 1, 2026. 

It consists of 67 earthquake records with the following key 

characteristics: geographic coordinates (latitude and longitude), 

magnitude, depth, time of occurrence, and area information. 

The data were extracted from the BMKG earthquake catalog, 

which is publicly accessible via the national seismic data portal. 
Table 1. hows the descriptive statistics of the dataset: 

Parameter Min Max Mean ± SD 

Magnitude 2.2 7.2 3.99 ± 1.09 

Kedalaman (km) 1.0 628.0 31.81 ± 79.38 

Latitude -9.89 6.94 -2.45 ± 4.89 

Longitude 95.60 140.62 114.35 ± 12.87 

B. Research Flowchart 

This research process was systematically conducted in several 

main phases to analyze earthquake distribution patterns and 

predict magnitude using a machine learning method. The 

research phase began with the collection of earthquake datasets 

from the earthquake catalog of the Indonesian Agency for 

Meteorology, Climatology and Geophysics (BMKG), which 

provides real-time earthquake data through its national seismic 

data service. The collected data were then stored in a research 

database for further processing and analysis. 

The next step involved data preprocessing, which included data 

cleaning, attribute format conversion, and data normalization to 

adapt to the requirements of the machine learning algorithm. 

After preprocessing was complete, feature extraction was 

performed to determine the key variables for analysis, such as 

geographic coordinates (latitude and longitude), earthquake 

depth, and time of occurrence. 

Subsequently, the K-means clustering method was applied to 

identify spatial cluster patterns of earthquake events in 

Indonesia. The clustering results then served as the basis for 

further analysis using random forest regression to predict 

earthquake magnitude based on the available spatial and 

temporal parameters. 

The next step involved model evaluation, which aimed to assess 

the performance of the machine learning model used. This 

evaluation was conducted using various metrics, including the 

coefficient of determination (R²), the mean squared error 

(RMSE), and the mean absolute error (MAE) for the regression 

model, as well as the silhouette score to assess the quality of the 

clustering results. The evaluation results were subsequently 

analyzed further to understand seismic activity patterns and 

factors influencing earthquake magnitude. 

The entire research process is illustrated in Figure 1. It 

demonstrates the data analysis process from data acquisition to 

the interpretation of the results. 
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Figure 1: Research flowchart 

C. Data Preprocessing 

The preprocessing includes: (1) extracting coordinates from the string 

format, (2) converting the depth to numerical values, (3) extracting 

time features (hours), and (4) standardizing the features using the 

StandardScaler to ensure a uniform scale for each variable and to avoid 

the dominance of individual values in certain features. 

D.  K-Means Clustering 

The main goal of the K-Means algorithm is to minimize the variance 

within the clusters. Mathematically, the objective function of K-Means 

can be formulated as follows: 

𝐽 = ∑ ∑ ||𝑥𝑗 − 𝜇𝑖||2

𝜒𝑗∈𝐶𝑖𝑖=1

 

Where: 

 𝐶𝑖
 is the cluster to -i 

 𝑥𝑗
is the jth data that is in cluster 𝐶𝑖

 

 𝜇𝑖
 is the centroid of the i-th cluster 

The K-means algorithm works iteratively by updating centroid 

positions and assigning data to clusters until convergence is achieved. 

The K-means algorithm is implemented with the following features: 

latitude, longitude, magnitude, and depth. The optimal number of 

clusters is determined using the elbow method and silhouette scoring. 

The parameters used are: max_iter=300, n_init=10, random_state=42. 

E. Random Forest Regressor 

Random Forest is an ensemble learning method that combines multiple 

decision trees to improve prediction stability and accuracy. The final 

model prediction is determined by averaging the predictions of all 

decision trees. 

𝑦̂ =
1

𝑇
∑ 𝑓𝑡(𝑥)𝑇

𝑡=1

                                (2) 

Where : 

 𝑇 is the number of decision trees in the model 

 𝑓𝑡(𝑥)  is the prediction function of the t−th decision tree 

 𝑦̂  is the final predicted value 

 

To predict magnitude, a random forest model with the following input 

features was used: latitude, longitude, depth, and time of day. The 

dataset was split into a training dataset (70%) and a test dataset (30%). 

Hyperparameters: n_estimators = 50, max_depth = 5, 

min_samples_split = 5, min_samples_leaf = 3. 

F.  Model Evaluation 

The performance of the regression model was assessed using various 

evaluation metrics, including the coefficient of determination (R²), the 

mean squared error (RMSE), and the mean absolute error (MAE). 

During the clustering process, the quality of the resulting clusters was 

measured using the silhouette score as an indicator of the degree of 

separation and compactness between the clusters. 

III. Reslts and Discusion 

A. Results of K-Means Clustering 

Based on the elbow method and silhouette score analysis, the 

optimal number of clusters k = 4 was determined with a 

silhouette score of 0.3444. Figure 2 shows the results of the 

cluster optimization. 

 

Figure 2: Determining the Optimal Number of Clusters with the 

Elbow Method and Silhouette Score 

The results of applying the elbow method serve to determine 

the optimal number of clusters (k) in the K-means clustering 

process for earthquake data. The graph shows the relationship 

between the number of clusters (k) on the horizontal axis and 

the inertia value on the vertical axis. The so-called "elbow 

point" marks the optimal number of clusters [11]. 

Inertia is a measure of the squared distance between each data 

point and the nearest cluster center. Mathematically, it is 

calculated as the sum of the squares within the clusters (WCSS) 

and indicates the compactness of a cluster. The smaller the 

inertia value, the better the clustering, as the points within the 

cluster are closer to the center [12]. 

The graph shows that the inertia value decreases significantly 

with increasing cluster number from k = 2 to k = 3 to k = 4. 

From k = 4 onward, however, the decrease is flatter and less 

drastic. The inflection point of the slope (kink angle) appears to 

be at k = 4. This point represents the optimal balance between 

model complexity and cluster quality. In simpler terms: If the 

number of clusters is too small, data with different features are 

(1) 
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grouped together, leading to high internal cluster variance. 

Conversely, if the number of clusters is too large, the model 

becomes too complex and may suffer from oversegmentation, 

where small differences are treated as separate groups. 

Therefore, choosing k=4 offers the best compromise between 

pattern accuracy and model efficiency [13]. 

 

Figure 3: Silhouette Score for Cluster Evaluation 

A silhouette score of 0.3444 indicates a medium quality of 

cluster structure. In general, silhouette scores between 0.25 and 

0.50 indicate that the cluster structure is beginning to form, but 

the separation between the clusters is not yet fully developed. 

Although the cluster analysis has successfully identified the 

spatial grouping pattern of the earthquakes, the cluster 

boundaries still exhibit some overlap. 

This graph illustrates the silhouette score as a method for 

evaluating the quality of cluster results in the K-means 

algorithm. It shows the relationship between the number of 

clusters (k) on the horizontal axis and the silhouette score on 

the vertical axis [13]. 

This graph illustrates the silhouette score as an evaluation 

method for assessing the quality of cluster results in the K-

means algorithm. It shows the relationship between the number 

of clusters (k) on the horizontal axis and the silhouette score on 

the vertical axis [14]. 

The silhouette score is a metric that measures how well data fits 

into its cluster compared to other clusters. Mathematically, the 

silhouette score for each point is calculated by comparing its 

average distance to members of the same cluster (cohesion) and 

its average distance to other nearby clusters (separation). 

Silhouette scores range from -1 to 1. The closer the score is to 

1, the better the separation between the clusters and the more 

compact the cluster structure. [15] 

The graph shows that the silhouette score gradually increases 

from k=2 to k=9. A significant increase is observed between 

k=2 and k=4, after which it remains relatively stable with a 

further gradual increase. A score at k=4 is already quite good 

compared to k=2 and k=3, indicating that the cluster structure 

is becoming increasingly clear and spatially separated. 

Although the highest silhouette scores occur at k=8 or k=9, the 

increase after k=4 is not significant. In the context of cluster 

analysis, small increases in the number of clusters often indicate 

a more detailed subdivision, but do not necessarily provide 

stronger interpretive information. Therefore, the choice of k=4 

remains relevant, as it strikes a balance between the quality of 

cluster separation and the simplicity of the model [16]. 
Table 2. Shows the characteristics of each cluster formed: 

Cluster Region Amo

unt 

SR Depth Coordin

ate 

0 Aceh-

Sumatera 

13 3.61 16.6 km 3.25, 

97.51 

1 Papua-

Maluku 

23 4.53 22.7 km -1.49, 

128.11 

2 Jawa-

Bali-NTT 

30 3.63 25.5 km -6.39, 

111.69 

3 Gempa 

Dalam 

1 7.20 628.0 km 6.94, 

116.26 

 

 

Figure 4: Earthquake Area Segmentation with K-Means Clustering 

(K=4) 

The results of spatial segmentation of earthquake events in 

Indonesia using the K-means clustering algorithm with four 

clusters (k = 4) are presented. This visualization shows the 

distribution of earthquakes based on geographic coordinates 

(latitude and longitude), thus enabling the quantitative and 

visual observation of clustering patterns in seismic areas [17]. 

The horizontal axis represents longitude, and the vertical axis 

represents latitude. Each point represents a single earthquake 

event, and the point's color indicates the result of the K-means 

clustering. The K-means process minimizes the distance within 

the clusters (in-cluster variance), grouping points with similar 

spatial proximity into the same cluster. 

The segmentation results reveal four main clusters of strong 

tectonic significance. Cluster 0 (blue) is concentrated in the 

Aceh–North Sumatra region. This region lies within an active 

subduction zone between the Indo-Australian and Eurasian 

plates, resulting in relatively high and spatially concentrated 

seismic activity. Cluster 1 (red) encompasses the Papua-

Maluku region and eastern Indonesia. This area is known for its 

complex tectonic structure, created by the interaction of 
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multiple microplates. This results in a dispersed earthquake 

distribution, yet it forms consistent regional clusters [9]. 

Cluster 2 (green) represents the Java-Bali-Nusa Tenggara 

(NTT) region. This cluster exhibits an elongated earthquake 

distribution along the southern Indonesian subduction zone. 

This elongated pattern reflects the agreement between the K-

means calculation results and the actual geological conditions, 

as this zone is among the most seismically active in Indonesia. 

Cluster 3 (purple) represents earthquake events with special 

features, possibly deep earthquakes or spatial anomalies that do 

not fully follow the dominant horizontal pattern. These points 

are spatially separated and form their own clusters[1]. From a 

scientific perspective, this visualization shows that 

unsupervised learning methods such as K-means are able to 

identify natural groupings in earthquake data without the use of 

initial labels. The resulting clusters are not only mathematically 

meaningful but also geophysically and tectonically relevant. 

This suggests that the earthquake distribution in Indonesia does 

indeed form seismic zones that can be modeled using 

computational methods[2]. 

 

Figure 5: Relationship between magnitude and depth per cluster 

 

This visualization serves to analyze the physical properties of 

earthquakes based on the previously identified seismic regions. 

The horizontal axis shows the earthquake depth (km), and the 

vertical axis the magnitude. Each point represents a single 

earthquake event, and the color indicates the cluster affiliation. 

This allows us to observe how the magnitude distribution 

changes with depth within each cluster. 

In general, most earthquakes occur at shallow depths (< 20 km) 

with magnitudes between 2.5 and 5.5. This suggests that 

Indonesia's seismic activity is dominated by shallow 

earthquakes, which, from a geophysical perspective, are more 

likely to be felt at the surface and affect infrastructure. The 

concentration of points at shallow depths indicates that tectonic 

energy is primarily released in the upper crust and in shallow 

subduction zones [3]. 

Cluster 0 (blue) shows a distribution of earthquakes at shallow 

to medium depths (approximately 5–50 km) with relatively 

stable magnitudes in the range of 2.5–5.2. This pattern exhibits 

relatively uniform regional earthquake characteristics without 

extreme anomalies at great depths. 

Cluster 1 (red) shows greater magnitude variation at shallow to 

medium depths. Several events with magnitudes near 6 at 

depths of approximately 60–100 km have been observed, 

indicating the potential for medium-energy earthquakes in the 

subduction zone. This reflects the tectonic complexity of 

eastern Indonesia. 

Cluster 2 (green) shows the greatest depth variation, including 

several earthquakes at depths exceeding 100 km. However, the 

magnitudes at these greater depths are not always high and 

range between 3 and 4.5. This suggests that greater depth does 

not directly correlate linearly with higher magnitude. From a 

scientific perspective, deep earthquakes often have less impact 

on the surface than shallow earthquakes of similar magnitude. 

[18] Cluster 3 (purple), however, represents more isolated 

events with specific characteristics (likely deep earthquakes 

with relatively high magnitudes) that differ from the 

distribution of the other clusters. 

Overall, this graph shows that there is no strong linear 

relationship between depth and earthquake magnitude. Most 

strong earthquakes occur at shallow to intermediate depths. 

This finding is important with regard to risk reduction, as 

shallow earthquakes of intermediate magnitude can have 

significant impacts on densely populated areas. [8] 

B.  Results of the Random Forest Regressor 

The Random Forest Regressor model was evaluated using the 

training and test datasets. The results are presented in Table 3. 
Table 3: Random Forest Model Evaluation 

Dataset R² RMSE MAE 

Training Set 0.7382 0.5454 0.4116 

Test Set 0.0975 1.0613 0.8756 

The feature importance analysis shows that longitude 

contributes the most to magnitude prediction at 43.7%, 

followed by depth (29.6%), latitude (20.6%), and hour (6.0%). 

Figure 3 illustrates the results of the prediction analysis. 

 

Figure 6: Feature Importance – Random Forest 
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The first section (Feature Importance – Random Forest) shows 

the contribution of each variable to magnitude prediction. 

Longitude is the most important, followed by depth, latitude, 

and time of occurrence. The dominance of longitude and 

latitude suggests that spatial factors play the largest role in 

determining earthquake magnitude in Indonesia [12]. This is 

consistent with Indonesia's tectonic location at the intersection 

of several large global plates, making geographic distribution 

an important indicator of seismic patterns. Depth also 

contributes significantly, as shallow earthquakes generally have 

different energy release characteristics than deep earthquakes. 

In contrast, the time of occurrence has a relatively small 

influence, suggesting that earthquake magnitude is not 

influenced by diurnal patterns but rather by subsurface 

geological dynamics [1]. 

 

Figure 7: Actual vs. Predicted Magnitude (Test Dataset) 

The second visualization (Actual vs. Predicted Magnitude) 

shows a comparison between the actual magnitude values and 

the model's predictions based on the test data. The red diagonal 

represents a perfect prediction, where the actual values match 

the predicted values. Most data points lie very close to this line, 

indicating that the model has good generalization ability in the 

low to medium magnitude range. However, deviations are 

observed at some higher magnitude values, suggesting that the 

model tends to slightly underestimate large earthquakes. This 

phenomenon is common in machine learning when the amount 

of data in the extreme categories is relatively small, allowing 

the model to learn more from the majority pattern (small to 

medium earthquakes). Overall, however, the model shows 

stable prediction consistency [19]. 

 

 
Figure 8: Distribution of earthquake magnitude 

The histogram shows that most events have a magnitude 

between 3.0 and 4.5 on the Richter scale, with a mean of about 

3.99. This distribution tends to be right-skewed, indicating that 

strong earthquakes are relatively rare compared to small and 

medium-sized earthquakes. This pattern is consistent with the 

general characteristics of seismic activity in Indonesia, where 

small earthquakes are more common as part of tectonic energy 

release. This uneven distribution also affects model 

performance, as unbalanced data can influence the model's 

sensitivity to extreme events.[20] 

 

Figure 9: Earthquake Depth Distribution 

The earthquake depth distribution shows that most events 

occurred at depths of less than 20 km, with an average depth of 

approximately 19.70 km. This suggests a predominance of 

shallow earthquakes, which, from a geophysical perspective, 

are more likely to be felt at the surface and affect infrastructure. 
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The occurrence of several earthquakes at greater depths (up to 

100 km) suggests variations in the earthquake focus 

mechanisms, including possible activity in subduction zones or 

deep plates. This distribution confirms the results of the feature 

importance analysis, in which depth is a significant variable in 

the prediction model [21]. 

The cluster analysis reveals four distinct earthquake regions, 

each with its own characteristics. Cluster 0 (Aceh-Sumatra) has 

an average magnitude of 3.61 at a depth of 16.6 km and is 

typical of shallow earthquakes of medium intensity. Cluster 1 

(Papua-Maluku) had the highest magnitude (4.53) and extended 

across eastern Indonesia. Cluster 2 (Java-Bali-NTT) was the 

largest cluster with 30 earthquakes (44.8%), reflecting the high 

seismic activity in this densely populated region. Magnitude 

prediction using Random Forest performed well in the training 

dataset (R² = 0.7382) but deteriorated in the test dataset (R² = 

0.0975). This suggests overfitting due to the relatively small 

dataset size (67 samples). Longitude analysis yielded the 

strongest predictor variable, consistent with the geographical 

fact that eastern Indonesia (with its higher longitude) 

experiences more intense earthquake activity due to tectonic 

plate interactions [22]. Limitations of this study include: (1) the 

small dataset size, (2) the lack of geological features such as 

fault types and subsurface structures, and (3) the failure to 

consider long-term temporal factors. For future research, it is 

recommended to use a larger dataset and to include geophysical 

features to improve prediction accuracy [23]. 

IV. Conslusion 

1. Based on the research findings, it can be concluded that 

machine learning provides initial insights into earthquake 

distribution in Indonesia. The K-means clustering method 

successfully identified four clusters of seismic regions 

representing the spatial distribution of earthquake events. 

The random forest model also showed that spatial 

parameters, particularly longitude and depth, have a 

significant influence on the estimation of earthquake 

magnitude. 

2. However, the model's performance with the test data 

indicates limited predictive power, likely due to the 

relatively small dataset. Therefore, it is recommended that 

future studies utilize a larger seismic dataset and 

incorporate additional geophysical parameters to improve 

the model's generalizability and enhance earthquake hazard 

analysis in Indonesia. 
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