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ABSTRACT: In this paper, we propose a multi-site based earthquake event classification method using graph
convolution networks. In the traditional earthquake event classification methods using deep learning, they used
single-site observation to estimate seismic event class. However, to achieve robust and accurate earthquake event
classification on the seismic observation network, the method using the information from the multi-site
observations is needed, instead of using only single-site data. Firstly, our proposed model employs convolution
neural networks to extract informative embedding features from the single-site observation. Secondly, graph
convolution networks are used to integrate the features from several stations. To evaluate our model, we explore
the model structure and the number of stations for ablation study. Finally, our multi-site based model outperforms
up to 10 % accuracy and event recall rate compared to single-site based model.

Keywords: Earthquake event classification, Multi-site based classification, Convolution neural networks, Graph

convolution networks
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Fig. 1. The proposed network architecture for the multi—site earthquake event classification.
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Fig. 2. Convolution neural networks model structure.
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Fig. 3. Graph convolution networks.
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Table 3, Performance comparison of GCN model (w.r.t
the number of stations),

. Recall Re.cau
# of stations Accuracy (Earthquake) &r}t}ﬁlﬁl)
N=2 96.07 % 98.84 % 80.50 %
N=3 96.49 % 98.60 % 84.90 %
N=4 96.89 % 98.57 % 86.53 %
N=35 97.50 % 96.53 % 96.53 %

Table 4, Performance comparison of GCN model (w.r.t
input length).

Recall Recall
Input Length Accuracy (Artificial
(Earthquake) Earthquake)
5s 94.76 % 97.92 % 76.59 %
10s 95.38 % 98.40 % 78.53 %
30s 96.49 % 98.60 % 84.90 %
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