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Fig.1 MODIS surface temperature image conversion

(a) MODIS surface temperature image; (b) Surface temperature image after format conversion
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Fig. 2 GAN network model structure
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Fig. 3 Improved DCGAN network structure

(a) Generator; (b) Discriminator
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Fig. 6 DCGAN generated image and validity check
(a) Real surface temperature image; (b) Generate surface temperature image; (¢) Thermal anomaly
results extracted by RST algorithm by real image; (d) Thermal anomaly results

extracted by RST algorithm by generated image
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Fig. 7 Curve of forecast accuracy
(a) 3-day forecast accuracy curve; (b) 5-day forecast accuracy curve; (c¢) 7-day forecast accuracy curve;

(d) 9-day forecast accuracy curve
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Fig. 8 5-day forecast confusion matrix

&2 TERERBNE R

Table 2 Comparison of forecast results in different periods

3 HBUE S/ % 5 HBUNG /% 7 HBMER % 9 H B R/ %
LR G P PR v TR LR L
A 64.74 72.93 A 69.11 73. 86 A 54.83 61.33 A 43.97 57.81
A 59. 25 64.71 A 63.99 68.09 Ay 57.04 63.12 Ay 49. 41 60. 99
A, 60. 09 76.33 Ay 63.12 79.32 Ay 50. 79 59. 67 Ay 48.57 56. 44
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Table 3 Comparison of forecast results of different methods

3 BT R/ % 5 H T 4538/ % 7 H WM R % 9 H#mZER/ %
CNN  ResNet /j]—\; CNN  ResNet ;’j; CNN  ResNet ;I:;; CNN  ResNet ij;

A 64.73 70.84 72.93 62.71 70.97  73.86 51.97 58.64 61.33 50.92 55.63 57.81
A 49.11  65.87 64.71 57.91 72.23 68.09 50.01 59.73 63.12 48.75 56.91  60.99
Ay 73.33 75.90 76.33 64.23 67.33 79.32 52.69 57.67 59.67 51.69 53.45  56.44
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Short-term and Imminent Earthquake Prediction Combined
with Data Augmentation and Residual Shrinkage Network

ZHANG Xiang' . SUN Xian-kun' . HU Jun’, YIN Jing-yuan’ . XIONG Yujic’
(1. School of Electronic and Electrical Engineering, Shanghai University of Engineering and Science, Shanghai
201620, China; 2. Shanghai Earthquake Agency, Shanghai 200062, China)

Abstract: Anomalies of temperature increase will occur before moderate and strong earth-
quakes, and thermal infrared information can be one of the ways to predict the short-term
and imminent earthquakes. However, earthquake prediction research often has the prob-
lem of insufficient earthquake samples for analysis. Based on the MODIS surface tempera-
ture data, the deep convolutional generative adversarial network (DCGAN) is used to am-
plify the pre-earthquake ground temperature data, and then the amplified ground tempera-
ture data is input into the deep residual shrinkage network for feature extraction, and pre-
dict whether there is the possibility of M—=5 earthquake in the short-term future. The ex-
periment is aimed at the central and western regions of China where earthquakes often oc
cur, and the surface temperature data is marked according to the actual occurrence of the
earthquake as the data of the occurrence of earthquakes and the data of no earthquakes.
The sample ratio is 3 ¢ 1, and the comparison is divided into different prediction time peri-
ods. The results show that the highest accuracy rate of 5-day prediction is 73. 86 %, and
the proportion of correct predictions to actual occurrences is 68. 09%. The accuracy rate
curve of multiple experiments tends to be stable, which proves that the prediction method
has good practicability., Based on MODIS data, the prediction method combining data aug-
mentation and residual shrinkage network provides a new idea for short-term, moderate-

strong earthquake prediction research.

Key words: Earthquake prediction; MODIS; Data augmentation; Deep convolution gen-

eration adversarial network; Deep residual shrinkage network



