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Abstract

In recent years, deep convolutional neural network has been extensively studied in the study of
seismic phase pickup of seismic signals. However, such a model can pick up both P wave and S
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wave seismic phases, and it is well applied and popularized in seismic phase pickup of seismic da-
ta of natural seismic network. However, due to the large amount of tag data and high computa-
tional complexity, the application of such a model in microseismic monitoring with few tag sam-
ples is severely limited. Previous studies have shown that the complexity of P wave pickup is low-
er than that of S wave pickup. Only when P wave shock phase is picked up, the model complexity
can be simpler and the label demand is lower. After the p-wave pickup is completed, the S-wave
signature can be well extracted through polarization analysis and rotation, thus reducing the
complexity of s-wave pickup. Based on this idea, this paper combines machine learning, polariza-
tion analysis, time-frequency analysis and other methods to separate P-wave pickup and S-wave
pickup, so as to reduce the model complexity of deep convolutional neural network, obtain a mod-
el with high accuracy for automatic identification of microseismic signals and timely pickup, and
meanwhile reduce the amount of data required for training.
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Figure 1. Flow chart of seismic phase pickup model
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Figure 2. CNN network structure diagram
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Figure 3. Hilbert transform result. (a) Original x component seismic records; (b) Original y component seismic records; (c)
Original z-component seismic records; (d) S Wave sign curve
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Figure 4. Application results of seismic phase pickup model
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Figure 5. Performance comparison of the two methods. (a) Original x component seismic records; (b) Original y component
seismic records; (c) Original z-component seismic records; (d) The characteristic curve obtained by the model in this paper;
(e) STA/LTA characteristic curve
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Figure 6. Comparison of performance of two CNN networks. (a) Original x component seismic records; (b) Original y
component seismic records; (c) Original z-component seismic records; (d) The characteristic curve obtained by the model in
this paper; (e) Characteristic curve obtained by general CNN
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