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Abstract

In recent years, with the rapid development of deep learning and in-depth research on seismic phase
recognition intelligence, various deep learning-based seismic phase recognition methods have been
proposed both domestically and internationally. However, deep learning methods require a large
amount of labeled information to learn network parameters, and in fact, the cost of seismic data
labeling is high and difficult. In view of this, a semi-supervised seismic phase recognition method
is proposed. The seismic phase recognition model based on a semantic segmentation network is
trained using a small number of labeled data, and the model is used to infer categories for unla-
beled data. This method can expand the training dataset scale, reduce the labeling cost, and im-
prove the accuracy and generalization ability of the model. Compared with models that use only
limited labeled data, the performance of this method has significant improvements. This model
uses the Deeplabv3+ network, which has problems such as unclear edges in complex deep phase
bands and inconsistent predictions within classes. To address these issues, a semi-supervised recog-
nition method for improving the edge detection and irregular body recognition effect of seismic
phases is proposed. This method introduces a double attention mechanism into the Deeplabv3+
encoding part to improve the problem of inconsistent predictions among similar classes, while
adding an effective channel attention module to the decoding part to further improve the problem
of unclear prediction targets by combining low-level features. The improved Deeplabv3+ network
effectively improves the problem.
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Table 1. This article compares the results of the method with Deeplabv3+ in the data set
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Figure 5. This article describes the performance of the method on the data set
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