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Abstract. In this paper, the possibility of using the random forest method 
to predict earthquake locations based on historical data was studied. The aim 
of the work was to develop a model capable of accurately predicting the 
geographical coordinates of earthquakes in India and adjacent regions. The 
model showed high accuracy of predictions, which is confirmed by low 
values of the mean quadratic error (MSE) and high coefficients of 
determination (R2). Analysis of the results showed that the model 
successfully captures patterns in the data and is able to accurately predict 
earthquakes in regions with high seismic activity. At the same time, areas 
with deviations were identified, which highlights the need for further 
research to improve the model and increase its accuracy. This study 
demonstrates the promise of machine learning methods in seismological 
forecasting tasks and can serve as a basis for creating more accurate 
earthquake early warning systems. 

1 Introduction 
Earthquakes are powerful natural phenomena that can cause significant destruction and lead 
to human casualties. In this regard, earthquake forecasting is a critical task to reduce their 
consequences and ensure the safety of people. However, despite numerous studies in the field 
of seismology, accurate prediction of the time and place of occurrence of earthquakes remains 
a difficult problem. Traditional forecasting methods often face difficulties due to a high 
degree of uncertainty and a variety of factors affecting processes in the Earth's crust [1-3]. 

The present study is aimed at exploring the possibilities of using modern machine learning 
methods to predict the location of earthquakes. The main purpose of the study is to develop 
and evaluate a model capable of predicting the geographical coordinates (latitude and 
longitude) of possible earthquakes with high accuracy based on historical data. This research 
aims to contribute to the field of predictive seismology by providing a tool that can be used 
to improve early warning and emergency preparedness systems [4-6]. 

The research objectives include the analysis of existing approaches to earthquake 
forecasting, the selection of the most appropriate machine learning method, its adaptation to 
the specifics of the task and the subsequent assessment of the quality of the model. An 
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important aspect is also the interpretation of the results obtained, which will not only improve 
the accuracy of forecasts, but also understand which factors have the greatest impact on the 
likelihood of earthquakes in a particular region [7-9]. Thus, this study has practical 
significance for improving the safety and resilience of society to natural disasters. 

2 Research methods 
In this paper, a random forest machine learning method was used to predict the locations of 
possible earthquakes. A random forest is an ensemble algorithm that builds a set of decision 
trees and combines their predictions to obtain a more accurate and stable result. This method 
was chosen because of its ability to effectively cope with regression and classification tasks, 
as well as its resistance to overfitting [10-13]. 

The random forest model was trained on historical earthquake data, including various 
characteristics such as latitude, longitude, depth and magnitude. During the training process, 
the model built many decision trees, each of which used a random subset of features to predict 
the target variable — earthquake coordinates [14-16]. The final forecast of the model was the 
average value of the predictions of all trees, which reduced the error and increased accuracy 
[17-19]. 

The quality of the model was assessed using two main metrics — the mean square error 
(MSE) and the coefficient of determination (R2) [20]. MSE allows you to measure the average 
square deviation of the predicted values from the actual ones, which gives an idea of the 
accuracy of the model: the lower the MSE value, the higher the accuracy. The coefficient of 
determination (R2) shows the proportion of variance of the dependent variable explained by 
the model and is used to assess how well the model explains the variation of the data: R2 
values close to one indicate the high quality of the model [21-23]. 

Thus, the random forest method in combination with the MSE and R2 metrics made it 
possible to build and evaluate a model capable of predicting earthquake coordinates with 
high accuracy, which is an important step towards improving natural disaster forecasting 
systems [24, 25]. 

This study used a dataset containing information about earthquakes that occurred in India 
and surrounding regions. This dataset includes the following key parameters for each 
recorded earthquake: 

1. Origin Time: timestamp indicating the exact time (in IST format) of the start of the 
earthquake. This is an important parameter that allows you to track temporal patterns in 
earthquake activity. 

2. Latitude: the geographical latitude of the earthquake site. This parameter helps to 
determine the northern or southern position of the event on the earth's surface. 

3. Longitude: The geographical longitude of the earthquake site, which determines its 
eastern or western position. 

4. Depth: the depth of the earthquake site, expressed in kilometers. This parameter is 
important for understanding the nature of an earthquake, since deep earthquakes often have 
smaller surface effects. 

5. Magnitude: the magnitude of the earthquake, expressed in units of the Richter scale. 
This parameter determines the strength of the earthquake and its potential destructiveness. 

6. Location: textual description of the location indicating the nearest settlements or 
geographical landmarks, which helps in visualizing and understanding the geographical 
context of the event. 

The description of the dataset is shown in Figure 1. 

 
Fig. 1. Description of the dataset. 

3 Results 
In the course of the study, a model was developed for predicting earthquake locations using 
the random forest method. Two key metrics were used to assess the quality of the model: the 
mean square error (MSE) and the coefficient of determination (R2). The results of the 
evaluation of the model quality were as follows: 

• Mean square error (MSE) for latitude: 0.237. 
• Mean square error (MSE) for longitude: 0.243. 
• Coefficient of determination (R2) for latitude: 0.792. 
• Coefficient of determination (R2) for longitude: 0.811. 
These values indicate the high accuracy of the model. Low MSE values indicate that the 

model has minimal errors in predicting latitude and longitude, which is confirmed by R2 
values close to one [26]. The almost perfect correspondence of the predicted values to the 
actual ones may indicate that the model was able to effectively capture the dependencies in 
the data and accurately predict the coordinates of earthquakes. 

The presented diagram, shown in Figure 2, shows a comparison of the actual and 
predicted earthquake locations by the model. The abscissa (X) axis reflects longitude, and 
the ordinate (Y) axis reflects latitude. The blue crosses indicate the actual coordinates of the 
earthquakes, while the green crosses indicate the coordinates predicted by the model. 
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Fig. 2. Scatter plot. 

Figure 3 shows graphs of residual values for latitude and longitude obtained as a result of the 
model operation. The residual values represent the difference between the actual and 
predicted values of the model. X on each graph displays the corresponding variable (latitude 
or longitude), and n Y shows the amount of the remainder. 

 
Fig. 3. Graphs of residual values. 

These graphs show that the model as a whole is successful in predicting values, since most 
of the residuals are centred around zero [27]. However, the presence of individual outliers 
and some systematic deviations may indicate areas where the model could be improved. 
These may be geographically complex regions or areas with insufficient data, which 
complicates the accuracy of forecasting. In the future, to improve the accuracy of the model, 
you can consider using additional factors or improving the learning algorithm [28-30]. 

Figure 4 shows a map with an overlay of the actual and predicted earthquake locations in 
the region covering part of South Asia, including India and adjacent territories. 

 
Fig. 4. Map with an overlay of the actual and predicted values. 

The blue dots on the map indicate the actual locations of the earthquakes recorded in the 
region in question. Several distinct earthquake clusters are visible, for example, in the 
Himalayan region, in northwestern India, and along the border with Myanmar. These areas 
are known for their seismic activity, which explains the high density of points. 

The green crosses indicate the locations of the earthquakes predicted by the model. In 
most cases, the predicted locations coincide or are very close to the actual ones, which 
confirms the high accuracy of the model. 

In areas with a high density of blue dots, there is a significant overlap with green crosses, 
which indicates the ability of the model to accurately predict earthquakes in these regions 
[31-33]. 

Nevertheless, despite the high-quality indicators, it is important to take into account the 
possible limitations of the model. For example, high accuracy on data from the past does not 
necessarily guarantee the same quality on future data, especially if seismic conditions change 
or there are significant changes in regional geophysical characteristics [34]. In the future, it 
may be necessary to test the model on data from other regions or for a longer period of time 
to confirm its versatility and stability. 

4 Conclusion 
In the course of this study, work was carried out to predict earthquake locations using the 
random forest method based on data collected between 2018 and 2021. The main focus was 
on predicting the geographical coordinates (latitude and longitude) of earthquakes in India 
and surrounding regions [35, 36]. 

The results of the model showed high accuracy of predictions, which is confirmed by low 
values of the mean quadratic error (MSE) and high coefficients of determination (R2), close 
to one. Visualization of actual and predicted locations on the map has shown significant 
overlap, especially in areas with high seismic activity such as the Himalayas and northwest 
India. 
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Despite the overall success of the model, some areas with deviations have been identified 
where the accuracy of predictions could be improved. These deviations may be related to the 
peculiarities of geological conditions, a lack of data, or the complexity of the region for 
modelling [37]. These observations highlight the importance of further research and possible 
improvements to the model, such as the inclusion of additional data or the use of more 
sophisticated machine learning methods [38, 39]. 

Thus, the presented study demonstrates the prospects of using the random forest method 
for earthquake prediction tasks and can serve as a basis for developing more accurate and 
reliable early warning systems that will help reduce risks and minimize damage from natural 
disasters. 
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