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W E AIFEANMEANR A, BEAAR %‘i“ﬁim T Abstract Manual fault interpretation is time-consuming
Wi BB RO R BT EAEALIERGERE, % and the experience of the interpreters tends to increase the
e Y P T VDS Ry T N uncertainty of the fault interpretation. With the
M ORE T MR AT i — IR S0 E R development of computers and artificial intelligence,
SRR T w6 E B W %R 5 B
B B A Z 4 UNet o 3] N5 2 A AR 4% 41 49 2 2 order to further improve the accuracy of fault
B MAAMA T BAR, BRI GRE; KRB identification, a multi attribute convolutional neural
FIAT R ERAER AR $ ERE B BEHH, 180 E network is proposed to identify faults. First, the residual
FRLEBZIHNRRAREQW ERIEEZELE RER block is introduced to replace the convolutional block in
B R R R R Bk A = A E S A 3D UNet to simplify the learning goal and reduce the
T I ITTYYTITITTYTY difficulty of training. Then the dilated convolution module
vy B A AE 4R 3 W7 B R R 69 o it BE A ] K 4 . :
Ab vl 2 4 AE 4R % BT AR G A R TR 96 AR AL X A to take advantage of multi-scale information more
% R R A 2R AW, & AL UNet A8 L, 3% 1 4 effectively and further improve the accuracy of fault
TVAR AR R WY B B S AL E LR YT BT B 69 R R recognition.  Finally, the four-channel network is
B AR IR R B G T BT E R A 4 A constructed with multiple seismic attributes to learn various

varieties of algorithms based on convolutional neural

networks are more widely used in fault recognition. In

and multi-layer deep supervision mechanism are introduced
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response characteristics of faults. The synthetic model test
and the application of real seismic data show that this
method can effectively identify the fault location, reduce
the missed and wrong identification of small faults, and
significantly improve the accuracy of fault identification.

Keywords Fault identification; Deep learning; Four

channel ; Dilated convolution ; Deeply supervised mechanism
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Fig.4 The diagram of continuous dilated convolution ( Yu and Koltun, 2016)

(a) Expansion rate is 1;(b) Expansion rate is 2;(c¢) Expansion rate is 4.
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Fig.8 Typical synthetic seismic images (left) and the corresponding fault label (right)
(a) Reverse-type step fault; (b) “X” type fault; (¢) “Y” type fault; (d) “N” type fault; (e) Forward-type step fault; (f) Horst-type fault.
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Fig. 9 Synthetic data and the corresponding seismic attributes

(a) Synthetic seismic data;(b) Coherence;(c¢) Variance cube;(d) Most positive curvature.
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Fig. 10 Fault detection results of synthetic data
(a) Fault label; (b) Fault predicted by 3D UNet; (b) Fault predicted by the proposed network.
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Fault detection results of synthetic data with different SNR by the proposed network
(a) Synthetic data without noise; (b) SNR is 10.6;(c) SNR is 7. 8;(d) SNR is 4. 4.
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Fig. 12 The field data in F3 area and the corresponding seismic attributes

(a) The filed data; (b) Coherence;(c¢) Variance cube;(d) Most positive curvature.
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Fig. 13 Fault detection results of the filed data in F3 area

(a) Fault predicted by 3D UNet; (b) Fault predicted by the proposed network.
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Fig. 14 Fault detection results of the filed data in F3 area
(a) Fault predicted by 3D UNet; (b) Fault predicted by the proposed network
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Fig. 15 The field data of some oilfield in the East area and the corresponding seismic attributes

(a) The filed data; (b) Coherence;(c) Variance cube;(d) Most positive curvature.
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Fig. 16  Fault detection results of the filed data in East area

(a) Coherence attribute; (b) Fault predicted by 3D UNet; (¢) Fault predicted by the proposed network.
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