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Earthquake detection using convolutional neural
network and its optimization

Zhou Benwei Fan Liping Zhang Long LiPoren Fang Lihua®

(Institute of Geophysics, China Earthquake Administration, Beijing 100081, China)

Abstract: Earthquake detection is the key step of automatic processing such as earthquake
quick report and earthquake early warning. In recent years, the use of deep learning algorithm
to detect earthquakes has developed rapidly. However, there are few detailed researches on data
processing flow and neural network parameter optimization. Taking 8 321 near earthquake data
observed by Xichang array as an example, this paper introduces in detail the data processing
flow of detecting earthquakes by using the deep convolution neural network, such as data pre-
processing, model training, waveform length, network layers, learning rate and probability
threshold on the detection results. Then we detect the continuous waveform with the optimal
model. Our research shows that data preprocessing, data augmentation can improve the detec-
tion accuracy and anti-interference ability of the model. The length of waveform window used

for model training can be approximated to the maximum value from arrival time difference
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between S- and P- wave. The detection results of different network layers (5—8 layers) are
similar. For seismic detection, it is more appropriate to set the learning rate as 10™“—107. The
earthquakes detected by convolution neural network are related to the probability threshold. By
drawing the tradeoff curve of precision with recall rate, it can provide a reference for selecting
the appropriate probability threshold. This paper provides an important reference for further
study of earthquake detection with deep learning algorithm.

Key words: deep learning; convolutional neural network; earthquake detection; model
training; Xichang array
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Table 1 Comparison of CNN model detection results from different training sets

fEEe VAR RILIE s
%5 e e e e WE AER R F
HRE WK WOV A8 BB A

1 1334 6595 2 882 2937 97.02% 96.10% 97.89% 96.99%
2 1334X3 19 785 2924 2936 97.70% 97.50% 97.89% 97.69%
3 1334X6 39570 2925 2938 97.75% 97.53% 97.96% 97.75%
4 3422 17 465 2910 2957 97.82% 97.03% 98.58% 97.79%
5 6790 34671 2929 2957 98.13% 97.67% 98.59% 98.13%
6 6790 X5 173 355 2938 2972 98.53% 97.97% 99.09% 98.53%
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Fig. 7 Histogram of arrival time difference

between P- and S-wave

time for different window lengths

Fig. 8 Relationship between training step and training
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Table 2 Comparison of CNN model detection results by training sets with different window lengths
HGH 1 f) R R s g A

BTIRRS WA H O A M e B i F
10 2904 2950 97.60% 96.83% 98.34% 97.58%
15 2929 2957 98.13% 97.67% 98.57% 98.12%
20 2920 2944 97.77% 97.37% 98.15% 97.76%
25 2904 2948 97.57% 96.83% 98.27% 97.54%
30 2900 2944 97.43% 96.70% 98.14% 97.41%
35 2895 2959 97.60% 96.53% 98.64% 97.57%
40 2904 2954 97.67% 96.83% 98.47% 97.64%
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Fig. 9 Detection results of different window lengths before the P-wave arrival

(a) The window length before P-wave arrival is 4 s; (b) The window length before

P-wave arrival is a random varying between 0 and 7.5 s
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Fig. 13 Waveforms of a local earthquake detected with CNN

Occurrence time: 23:02:43.8 on April 28, 2018; epicenter location: 101.846°E, 29.251°N; M, 1.5. Only vertical component is

shown in the figure. The red line is the manually picked P wave arrivals. The dotted box is the detected earthquake window
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