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the model eliminates the obvious redundant connections of the bi-directional multi-scale network structure through the two-stage

Neural Architecture Search (NAS), which greatly simplifies the network structure, reduces the parameter redundancy, and

improves the training efficiency. The Netherlands F3 dataset was used to train, verify and predict the simplified bi-directional multi-

scale network by the NAS. The results show that the average recognition accuracy of the lightweight model reaches 95.52% in the

actual stratigraphic identification task, and it has well generalization to the prediction work area far from the training work area. In

addition, the number of parameters of the proposed model is only 4.4% of the U-shaped convolutional neural network (U-Net),

and which outperforms the previous related work in terms of training efficiency and the number of model parameters. It is also

robust when processing noisy seismic data. Therefore, the BiX-NAS network model has good prospects for application in practical

automatic seismic stratigraphic identification.

Key words: stratigraphic identification; deep learning; neural architecture search; bi-directional multi-scale network.
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end for
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6
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8:  E"T V"< Optimal solution of Rank (H" ’(’),fj(”)
9:

else

10: fori=1,-+, 5,41 ~(sp do

11:  Forward head network H"™"

12: forj=1, -+, n, do
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15: end for

16:  end for
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18: end if
19: end for
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Table 1 Interpretation of seismic facies characteristics in different horizons
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Table 2 Training results of BiO-Net with different iterations 55 | SR
on different data sets —— BiX-NAS
NO. Dataset Model Epochs Params - MACs - Val M 2.0 1
(X10")  (X10")  oU 2
=1 =1 BiO-Net(iter=1) 100 14.9641 11.3002 0.967 5 Ebl o L
=2 #2  BiO-Net(iter=1) 100 14.9641 11.3002 0.957 0 ‘§
=3 =1 BiO-Net(iter=2) 100 14.9801 36.427 1 0.9629 -
24 £2 BiO-Netlter=2) 100 14.980 1 364271 0.9537 Ler
=5 =1 BiO-Net(iter=3) 100 14.996 0 77.277 2 0.9420 —
26 #2 BiO-Netlter=3) 100 14.9960 77.2772 0.9475 b= e P =5 200
=7 #1  BiO-Net(iter=4) 100 15.0119 133.850 3 0.794 2 Epochs
#8  #2  BiO-Netliter=4) 100 15.0119 133.850 3 0.934 6 12 BiX-NASHIE 5 U-Net BB [ 56 50T B9 U240 2k
#9  #1  BiO-Net(iter=>5) 100 15.027 9 206.146 6 0.324 0 Fig. 12 Training loss of BiX-NAS model and U-Net model
#10  #2  BiO-Net(iter=5) 100 15.027 9 206.146 6 0.795 1 at different epochs
#£3 FEERREH Phasel-Searched-Net M & 18 8 A R E R & LAl %42
Table 3 Training results of Phasel-Searched-Net with different iterations on different data sets
NO. Dataset Model Epochs Params MAC‘S Val_MIoU
(X 10%) (X 10"
#11 #1 Phasel-Searched-Net(iter=1) 100 0.422 1 6.7350 0.954 7
#12 #2 Phasel-Searched-Net(iter=1) 100 0.422 1 6.7350 0.946 2
#13 #1 Phasel-Searched-Net(iter=2) 100 0.423 6 50.142 7 0.953 1
#14 #2 Phasel-Searched-Net(iter=2) 100 0.423 6 49.799 5 0.943 3
£#15 £1 Phasel-Searched-Net(iter=3) 100 0.4251 151.297 7 0.9518
#16 £2 Phasel-Searched-Net(iter=3) 100 0.4251 124.930 6 0.944 1
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Table 4 Training results of BiX-NASon different data sets
NO. Dataset Model Epochs Rank Re_Epochs Param.s MACs Val_MIoU
(X10%) (X10%)
=17 #1 BiX-NAS 10 =1 100 0.380 5 5.369 6 0.950 5
=18 =1 BiX-NAS 10 =2 100 0.3391 5.027 2 0.955 2
=19 72 BiX-NAS 10 =1 100 0.380 5 5.370 9 0.9459
£#20 72 BiX-NAS 10 =2 100 0.380 5 5.370 9 0.943 7
#21 #1 BiX-NAS 20 =1 100 0.380 5 5.371 6 0.947 6
#22 #1 BiX-NAS 20 =2 100 0.339 1 5.027 2 0.942 6
#23 22 BiX-NAS 20 =1 100 0.380 5 6.3977 0.9477
724 22 BiX-NAS 20 =2 100 0.339 1 5.027 3 0.936 8
x5 AREEBEERITGSEIT
Table 5 Performance evaluation statistics of different models
NO. Dataset Model Epochs Params MACs Val_MIoU Training time(s)
(x10% (x10"

=1 U-Net 100 7.762 8 13.719 4 0.969 1 1039.206 9
#11 =1 Phasel-Searched-Net(iter=1) 100 0.4221 6.7350 0.954 7 935.148 5
£18 =1 BiX-NAS 100 0.3391 5.027 2 0.955 2 829.3927
=2 U-Net 100 7.762 8 13.7194 0.958 6 2000.413 2
#12 =2 Phasel-Searched-Net(iter=1) 100 0.422 1 6.7350 0.946 2 1776.7559
#23 =2 BiX-NAS 100 0.380 5 6.3977 0.947 7 1710.181 1
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Fig. 15  The illustration of 3D stratum identification
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Fig. 16  The profilemap of 3D stratum identification
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