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Epicentral distance estimation from a single station based on
convolutional neural network
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Abstract; Estimating the epicentral distance from a single station is a critical task in real-time earthquake early
warning systems. To address the limitations of the traditional B-A method, which relies on limited P-wave
information and exhibits significant prediction errors, this study utilizes strong-motion data from the Japan K-NET
network. A 3-second time window of three-component acceleration waveforms is used as input to a convolutional
neural network (CNN) , which directly extracts feature information from the waveforms to establish a CNN-based
epicentral distance estimation model ( CNN-Dis). The results show that in the test dataset, by normalizing both the
input data and labels, the CNN-Dis model achieves an mean absolute error( MAE) of 28.1196 km and a standard
deviation of 34.6827 km, outperforming the model without normalization. Compared to the traditional B-A method
the CNN-Dis model improves the reliability of epicentral distance estimation. Moreover, the CNN-Dis model
provides relatively reliable results for offshore earthquakes, in contrast to inland events. The CNN-Dis model
enhances the accuracy of epicentral distance estimation to a certain extent and provides strong support for the
iteration and performance optimization of earthquake early warning technologies.
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Fig. 1 Distribution of earthquake epicenters utilized in this article
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Fig.2 Distribution of the number of records across different epicentral distances and magnitude ranges
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Table 1  Comparison of estimation results under different convolutional layer depths
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Table 2 Epicentral distance estimation results of the CNN-Dis model under different time windows

different bandpass filters
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Table 3  Epicentral distance estimation results of the CNN-Dis model compared to the B-A method
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Fig.5 Comparison data with large and small errors of epicentral distance, magnitude, and signal-to-noise ratio
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Table 4 Performance of different methods across various epicentral distance ranges
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Table 5  Statistical analysis of epicentral distance estimation errors for inland and offshore earthquakes
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Fig. 8 Distribution of epicentral distance for onshore and offshore events
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