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Abstract

In this paper, we propose deep convolutional neural network(CNN) with bottleneck structure which

improves the performance of earthquake classification. In order to address all possible forms of

earthquakes including micro—earthquakes and artificial-earthquakes as well as large earthquakes, we

need a representation and classifier that can effectively discriminate seismic waveforms in adverse

conditions. In particular, to robustly classify seismic waveforms even in low snr, a deep CNN with

1x1 convolution bottleneck structure is proposed in raw seismic waveforms. The representative

experimental results show that the proposed method is effective for noisy seismic waveforms and

outperforms the previous state-of-the art methods on domestic earthquake database.

» Keyword: Convolutional neural network, earthquake classification, bottleneck structure,

waveform, centering preprocessing
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Fig. 1. Earthquake classifier using CNN
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3.2 Network structure
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V. Dataset
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Fig. 3. CNN with 1x1 bottleneck structure
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Fig. 4. Extract earthquake events from 24 hour
continuous data

Table 1. Number of Earthquake events

e Number of Number of
Occurrence Observatory
Macro—earthquake 71 250
Micro—earthquake 189 671
Man—-made earthquake 73 179

Td g HAE o8 A oHES] S
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Table 2. Event Dataset

Dataset Total Number Details
Earthquake(E) vs Noise 6,357 3,888 vs 2,469
Macro—E vs Noise 2,576 876 vs 1,700
Micro—E vs Noise 4,809 2,340 vs 2,469
Manmade-E vs Noise 2,072 672 vs 1,400
Micro—E vs Manmade-E 1,376 704 vs 672

V. Experiments

5.1. Learning parameter and method
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5.2 Performance evaluation
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Fig. 5. Frequency histogram distribution according events

Table 3.Comparison performance of proposed method

(unit: %)
SVM ConvNet Proposed | Proposed
Quake[8] | CNN(1) CNN(2)
Earthqugke(E) VS 62 84 90 03
Noise
Macro-E vs 76 84 94 95
Noise
M|crol—E VS 68 85 92 93
Noise
Manmade-E vs 79 81 95 96
Noise
Micro—E vs
Manmade—E 57 81 95 96

VI. Conclusions
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