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[ Abstract] Faulfis the main factor that controls the formation and distribution/ of oil and gas fields, so the detection and
identification of fault plays an important role in the exploration oil andygas fields.Based on the Attention-UNet model,
this paper proposes an improved SPD-UNet model for fault identification in earthquake images. SPD-UNet introduces
dilated convolution, which can effectively enhance image~featuresextraction while expanding the receptive field and
preventing resolution loss. At the same time, the dilated cenvolutions in the pyramid structure are stacked to form the
SPD module, which avoids the local information losg of dialted convolutions, and improves the correlation between fault
information and image identification accuracy. Experimental results show that SPD-UNet exhibits a higher identification
accuracy than SegNet and ResUNet. The fault\position and shape identified by SPD-UNet are closer to actual
information.
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pyramid structure
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Table 1 Comparison of identification performance of four UNet models in fault image identification

) 10U DICE % 4{ - QL
L N v, o~ N ZHCL 0
I 5 IR Il 254k HRERS
UNet 0.6110 05428 0758 5 0.703 6 13.4
Attention-UNet 0.755% 0.625 0 0.860 4 0.769 2 349
Attention-UNet(% i 4 F11) 0.781 1 0.504 1 0.877 1 0.670 3 20.3
SPD-UNet 0.8529 0.7209 0.920 6 0.837 8 39.5

925 T FH & L A8 AL i A1 3 17%) b 28 I 4%
LAY G 47 By 2 A0, o P9 (a) sk s FON B AU Y
P55 K 9(b) /R FE T 3405 M 45 1) ResUNet 1t
T I 45 5 1R 9 (e )k s SegNet A5 1 iy 31 il 45
& 9(d) AL SPDSUNet A5 5 (1) 32 91 45 5 . A [A]

(a)FCN (bJRESUNet
9 4TMIBENHEEBAIDALERILE

Fig.9 Comparison of identification results of four semantic segmentation models
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Table 2 Comparison of identification performance of four semantic segmentation models in fault image identification
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