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Abstract

Phase-Picking is a basic and important task in seismic data processing. In order to solve the problem
of low accuracy of seismic event and first-to-wave pickup in continuous waveforms, a two-phase hy-
brid pickup model is proposed based on deep learning to perform phase pickup in two steps.
Firstly, a CNGNet model is constructed to detect seismic events; secondly, a GPkNet model is con-
structed to accurately pick up the P-arrivals time for the detected events by introducing the
self-attention mechanism and the gated recurrent unit. The data used for network training and
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validation testing are derived from continuous waveforms from 20 stations of the 2019 California
earthquake sequence. The precision and the recall ratio of seismic event detection by our method
are more than 98% for the test sets, and detection reaches more than 99%, and the estimated er-
ror of P-arrival is 0.019 s.
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Figure 1. Fundamentals of network design
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Figure 2. CNGNet for event detection and GPKNet model for waveform picking
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Figure 3. Basic schematic diagram of the GRU module
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Figure 4. Data preprocessing and data augmentation
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Figure 5. CNGNet (top) and GPkNet (bottom) training iterative processes
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Table 1. Performance test results for each method
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Figure 6. Example of station pickup results
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