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Abstract: A total of 117 seismic events (54 natural earthquakes and 63 explosions) that occurred
in the Capital Circle Region (Shunyi, Beijing, Sanhe, and Hebei) from February 2010 to Decem-
ber 2016 were selected in this paper. The multiscale attention residual network was proposed and
used to classify the waveforms of earthquakes and explosions. The original seismic waveform was
simply preprocessed and intercepted into seismic time series data with the same length, which
was directly used as the input of the network model. Then, the deep neural network with the re-

sidual module was selected as the basic network. The step of advanced extraction of time-domain
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waveform features as the input of classification algorithm in traditional waveform classification
can be omitted by using the automatic feature extraction ability of the deep neural network. Next,
the efficient channel attention mechanism was integrated and improved, after which information
from the spatial dimension was integrated into the channel information, thus optimizing the net-
work’s attention to key information and resulting in better concentration on essential features. Fi-
nally, the multiscale feature fusion was performed using spatial pyramid pooling instead of maxi-
mum pooling to obtain more feature information. Ultimately, a multiscale attention residual net-
work was formed. Experimental results show that the highest classification accuracy of the multi-
scale attention residual network is 97.11%, and the average classification accuracy is 96.53%.
The results demonstrate the effectiveness of this approach in seismic waveform classification and
provide a new optional approach for seismic-source type identification.
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Fig.1 Basic structure of deep residual neural network model
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Fig.6 Comparison between results of different evaluation

indicators for different network models
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Table 4 Results of validity verification experiment (Unit: % )

+ECA +CBAM +GCNet +NECA
H— 94.50 94.56 95.33 96.00
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Fig.7 Comparison between results of different evaluation

indicators in the validity verification experiment
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Table 5 Comparison between classification accuracies of the

proposed method and other methods (Unit: % )

SVM MLP STFT+CNN KNSR
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b 4 78.92 82.21 91.64 96.56
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Fig.8 Comparison between results of different evaluation

indicators for different network models
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