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ET BiX-NAS R R EF & REIHA—L
T=IgiX F3 HiERH6

BREE: |, BREME ", EEEL REX?
1 oo R R A R AR 5 VR 5 A A s, LRI 430074
2 Wb E TR U ORBA, WlAE KR 435000

W (HI) TR, RS ) 77 A R B A AN RS 3 12
SFVEANRL 5 JFe A K 20 BOR B2 7 S B2 R 1 i 29 S 3R B8 A AR 442 X 245 DA SEE L
HBTARRAE SR B U0 (2 . R DL A e 5%) . AR, REERAAEE S
et nEEEANANGSE, SEEMEESHUUR . WHRRIERE. A
T AR B e, ASCR T N R RO 2R N 2 S5 A AT T R R
FRRRER A . (U775 A R 1 P B B 48 I 4% A4 5 45 1 98 & 5275 (Neural
Architecture Search, NAS)ZI KR 1 W[ 20 R EERILR S5 10 B TCRESE, 15 M 45 45
FRmE TR, MRS HOTR, BEMSERIIRRER . AR s 2 i X Y
F3 i Ha S50 B T NAS RE T U] 22 RURE X 4% 435 g 3 J2 R AR RS 3R 47 9
Zr JAEATII . (25 SERARWY, ESEbREE R MES Y, 2R R
PSRRI B B T 95.52%,  Hoxf iz B IR L IX I TR0 4 B R A 1z Ak
P Behh, RS HE Y U SR A M2 (U-Net) B BL ) 4.4%, 7EIZK
RO B ZHEESE T AT ARSI IE LA JER R R g e = By
BRI () IR, XS RRIL T BiX-NAS P2 AR 7 S brotth 72 3 /= H 3))
PRI RGN P I
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Intelligent Seismic Stratigraphic Identification
Based on BiX-NAS: A Case Study from the F3
Dataset in Netherlands Offshore Area

Chen Jianwei!, Chen Guoxiong!*, Wang Detao!, Xu Fuwen?

1 State Key Laboratory of Geological Processes and Mineral Resources, China University of
Geosciences, Wuhan 430074, China
2 The First Geological brigade of Hubei Geological Bureau, Daye 435000, China

Abstract: (Purpose) In recent years, deep learning methods have been widely focused
and applied in the field of seismic data processing and interpretation, where most deep
learning algorithms employ end-to-end deep convolutional neural networks for the
extraction and identification of geological features (e.g., stratum, fault, and salt dome).
However, these algorithms often contain hundreds of thousands or even millions of
trainable parameters, which lead to the model of parameter redundancy and low training
efficiency. Therefore, in this paper, a lightweight bi-directional multi-scale network is
constructed for the intelligent identification of stratum. (Method) Specifically, 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 is used to train, verify and
predict the simplified bi-directional multi-scale network by the NAS. (Result) 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 is superior to previous related work in terms of training
efficiency and the number of model parameters. It is also robust to noise in seismic
amplitude. (Conclusion) 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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L
][]

b2 ORI i RUWRE 2 SR U 2 I B BR, A far A K &R 10 3 7 s o
RWCARE R, MR R 0 T 2 251, 2 Sl Uik 2 RS, iR
B AT K A 56 VE A ) B5(Wu et al., 2018; Zhang et al., 2019; Qi et al., 2020; Wang
and Chen, 2021; Yu and Ma, 2021). #1252 Hi & R M R 55—, did
RSB Z Z 7 AL R R EESEE R, AT LS4 il AU =
PRALA 3 AR Gl R 50 2 R TN AR 5 i, T VR SRR H R W,
MG AR R . LT B BB Z R NE B LT =28 R T
G ERRL 2 7, T EAALE B4 IR R (Bahorich and Farmer, 1995). 222> (T
HAZEE, 1999; B ZAREE, 2011). M5 @A (Marfurt et al., 1998) 481t 7071 (H
A5, 2019)58 ARG AT TR T 1 A 145 1 L (S/N) T2 AL P A ) s 2k
(Dorn, 1998), W5 r=A b, 28 P i TIRENR S I, FEAEH
[ AL CF A8 kR 2% [E] FT, 2009) . BP 4 48 0 2 (B SC 545, 2019) F1 2 2 I ATHL
(Zheng et al., 2014)55 7715, EARNLAR % 21 TG T N TIRAI 78R H s, H
KGRI A A s, A RSB RFBIME, SBRCRA: .

W= B TR ) U7k IEAER, fE N LA HE(Artificial Intelligence, Al)
RS 50T, IR EL2E 5K L VR E T A6 1 FH VR P 2 o0 SRR A vt R 4
PR EE L R AN s e HP T TG 9 Bk 5% 1 1) 8 (Laloy et al., 2017; Araya-Polo et al.,
2018; Laloy et al., 2018; Mosser et al., 2018; Wu et al., 2019a; Wu et al., 2019b; Wu et
al., 2019¢; Yang and Ma, 2019; Lopez-Alvis et al., 2021; 5 [EKZE, 2021; Abdellatif
etal., 2022; T 185 FIRE 1, 2022). R 2% 2] (Deep Learning, DL) XFRATRE #i
LML, (R Z BRHEA DRESUR ARG T BRI U, DL i 2R AL T8
A R R U2 1 0 DA e 4 2 ) ) R e R SR LR SR L IRVRFAE A5 R, AT RO i
BTN TARBNTTIERCRAR AL G AT 5 ) BLAS 27 1 7 ik I SRt a) A o
N . Ak, 2T DL B (B a0, & B4 W 4 (Convolutional Neural
Network, CNN))FITHEALALGE R AR TE 5 BB 2 T PO KR, [FRHs
S B R R AL T B U8 (Ciresan et al., 2012; Badrinarayanan et al., 2017). Di
et al. (2018)7E £k Fris Sl [l @ % B T CNIN 5 A& Gl s 2 2] i B 41 23k
SRR . ZEBEINL), SEIREE K], CNN BRI Sl S AEHf i IR 45 2R
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SR1MT, CNN B FFEAFE B IE HIF R THE R A5 1) 8 (Ronneberger et al.,
2015). Long et al. (2015) 2 H 4= F 4 248 W 25 455 28 (Fully Convolutional Network,
FCN), FCN 5 CNN H8 f5 BB ( X RITE T A& %G A& 2, mTRMEZAEE R
SHITEBAENRIN: BhUR N ES G RAEE RS AR, B EUR R B AN,
fii 15 B 28 43 B 45 RS FE AT (Du et al., 2020). HE4h, FON &0 84 ME #1474 25,
g TR KRB KRR, GhZ 20— 8. He et al. (2016) 4 H 5k 72 W 25 B AL
(Residual Network, ResNet), %M 28 5] Nk Z2 451, 18F G X 4% 45 M) el R I L
IR EETH RIS o ResNet I 26 15520 3 ok Tk X 46 45 4], S B ARLJ31) 225 SR vk f 1 1
P TR P SR AR THEL A R, 7E 52 BR R s A AN 3 - Ronneberger
et al. (2015)4 Hh —Flt B2 FH B2 2 B R 43 51 1 Ao BRROE S (1 U TR B A 22 N 245
(U-Net), %M ZBRAEMRR 3 iR, mkg 2 1 31K S (Zeng et al.,
2018; Shi et al., 2019); [FIIN, ZEHZ R, 1% 00285 RY -t B 845 3 =y K 2 1) b
JZiR 5] 45 5 (Wang and Chen, 2021).

SRTAT, BIRIXE A S H R AR R EH TGS, SR
SHOUR S WIGRERAREE 1) o B RIS SILETE X B U M Pud K JE , Xiang
et al. (2020)2 tH—Flgr XA O T M 4% A% 8 (Bi-directional O-shape network, BiO-
Net), ‘B LSRR E AL, RIS 5IN, @i IR R e
AR, I EERE . S BiO-Net B AT LAY/ 48 240, (R TilSE B I
EARUKEL, 558 FEOH S ARG . G fr] 7 4k 0 485 254y, A4 S BEHE A S = 2
BEAGEIRL, JRUT BRI TR . R R I 4 R 5 R 2R 712 (Neural
Architecture Search, NAS)H] DVEF X RE g U8 FE 2 2] in) 8 R = A02E 0, BIFRTT
SRIERE . K HAHEL NAS 5% (Real et al., 2017; Real et al., 2019)if T 7E 48 &t 4
o BE AL ESURE AR S 23 ) SR A SR P o e 2R SRR A, 7 IO 45 5 4 119
BRI (A M AIEL NAS SR8 2 ARG, ILFE TS B . 7T 7l NAS
% (Liu et al., 2018; Guo et al., 20204 2 #4223 RIS 9 4 48 2 23 1),
K S A P SR A 2R I 28 S M B AR 2 . (HPT ik NAS BE R Ik R 245 1 ik
Z Z M. Wang et al. (2021)3&H T —Fh&E B B NAS BE R B A) 2 R
2 4 }) 15 4 (Bi-directional Multi-scale Neural Architecture Search, BiX-NAS). %
TR T v AL D 0 D) 28 A2 R 5 ) 4 2R SRV AE AN [i) 1) D) 8% 22 R Rk A T 2
TR 2 R BRI BRI BR, BRI S RAS, A8 3] — A m o i &4k
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R IR 28 S5 1)

MK, DM B DL HbE g A AR il 5l A2 RZ kG . AL,
Ke) AN B 72 e 25 7 30 o 9 5% 235 46y 52 4 P2 AR A R G T2 A/ N R TH(Yang et al.,
2020a; Zhang et al., 2021), IXASNA] 1 T 30 7R SO ST RCAS 138 0
I, ASCGHEIT NAS BIETR IR I AIBR T 3R 2 RIS SR K T RERE, §
FER G — A A H R A 2 RO B2, 72 DRI TR ) Lt b K a2
MR MG IR . AR R SR LU AP B, — 28R b, wil
Yr. WAEATNAIESE; 2T BiX-NAS ML T HLZ I3 10 B il 2k
SAEANTII, R ACIAZAGRY, 50t B 11 25 T X AR AT FN0 3 = ) T R AT 3 =R
Tl o AR SCIES LIRS 3T X () F3 R A A 9 Hdf R YR (Silva et al., 2019),
H5 AT NAH AT I TAEBEAT XS B, 8 WY AR SO 92 1 1 J2 3R A7 251k

1 FERTE

1.1 BiO-Net Mg &5 E AR [F1E

BiO-Net >R/ 5 U-Net A [ {14 i%- it {4 R 454, A[FZAET, BiO-Net
FEJZ A TR (10 i it B 5 iR R ke 2 TSl 8 RS oxe FX) XL ) 328 42 (U 1) b R 43 A I T
PROER), (T RPCERIZRIIESURFIL, a2 BAARST I 1 fros.

----- > IE [ ek

----- + [ BE
- BB IR 77 )

— HER A

K 1 BiO-Net 2% 1507 4 #)
Fig. 1 Structure of BiO-Net model
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(1) IE A EhERE R
Wb T [F— 2 B gm Al e 5 fgat e i 1 Al BRERIE BT E , 7] DO g g B B B A IK
JE R BTG SURFAE [ OREH o HE] 2 —RRIGOL, 28 & JZ ARG E AT LIS £, 5
IREI RN T AHES &, FFE N fERS P DEC () 4 Bt JZ IR IR SURHE face »

Jaee WL FRAEACHE, BB S PR, BRI E
face = DEC([ fonesTin]) )

fiehdh e DEC (x) S5 an1& 2 fios:

Fone e

—~ > Concat

Up
P2 AR B A S iy ]
Fig. 2 Internal structure of Decoder Block

(2) J [ bR 2 1
b [F)— 2 I ARAD B 5 G B i S m) BRI B AHE , T LICKS AR D BRAR E =
JERAE SURFAE faee TREE o AT 2 MAED, 28 &k BB GRS HA] LK faee 5 IS
B AN v 4G, IR g P ENC () 42 AR E R IRTE SURFAE fene »
Jone R I FRALACTE,  DUBEAT SRR E IIRFIESR A, BRI A 5E XN
fene = ENC ([ fueerTin]) 3)
i ENC (x) 258401 3 fios:

fiee M
. :
4 1
4 1
Zin - 1
— Concat |
1
1
| :
1
Conv !
1
1
1 :
Conv i
hm”mi
Z,
Down -

K 3 gt py et 14 1]

Fig. 3 Internal structure of Encoder Block
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(3) Z5kidIH
IR R B ERE B N g - R R R A B T — % O TR BB R, FRF L O
T 4516 22 U VA DR T IR RHE SR DO R, SR m i A KRR FE, AT, X Fiidh
H7 KA G NEMEINI NG SE . IERIRECH i 1F, BiO-Net [ gmbd ik
gt ek i 9
ou=DOWN(ENC([DEC([fit,&i*1),xin])) )

&4y =UP(DEC([ENC([ficcrxin]),&h])) (5)
Hrh, DOWN Fon FREEERME, UP Fon FREERE, B2, SRt gz
B, T A AT AN o] et G s i .

1.2 BiX-NAS PB4 R A R

1.2.1 &F BiO-Net B REH LK —BiO-Net++

X T 2 25 A0 i ek, T A A 5| N2 REENLHI . 141 Zhou et al. (2018)
R U-Net++503%, JEF 5 1 U-Net M2 45H, 764t b 5 @B 187
TR, IRAFESR OGS R, SRAN T gl P A HRRpAiE ) 2 1) 3 S 7%
Gao et al. (2022)F2 t | 2 R VE R JIHLHI SRR 22 ] 28 557% (Multi-scale Attention
Convolutional Neural Network, MACNN), 7E 54 ] U-Net &5 1) I, 5 J5AAb
TRl — 2 B G- AR B g Bk 51 N 22 FROBE VA S LR (2 DV S R T v 0 )),
b6 S5 R TR IR RAAE DB, 73 21 B A 0 I R R A5 R

4T 8] BiO-Net W& 45 14 il & 22 FROBERFIE , AR SCAE B XU Bk RO e P A
Y i B 5 AR R A 7 S Bz, 7R FH U M A (L VR RS AR () 2 7 2 T £ 2 T 4
ZE 5 g Bl 22 R AL 10 I 248 S5 F PR A BIO-Net++. 51l 14K H0h 2 1) BiO-
Net++M 25 S5 AN 4 fm . (R, XPh B ARG EAE i 2 RN 2 AN SRR
s, R I PEREAE T 5 RRAS 4
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Input Qutput

_—

I . Pre_block

‘ ‘E’ncode r_block

|
|
|
|
\———‘ ‘—| | TDecoder_blm:k

=L Middle_block
| | d | ‘
_J Q (—— = Post_block

I
|
|

K 4 EARECN 2. W JREON 4 1) BiO-Net++ R 45 25 14 14
Fig. 4 Structure of BiO-Net++ with 4 levels and 2 iterations

1.2.2 EF BiO-Net++RIFM B ML MR HF REIE R B EZ—BiX-NAS

(1 BrBe—: gi/MER=A

N T RO IR EE R, AR BORE 2 Bk 190 268 25 4 w22 ) T AR BE 2

R B g A B B RS B B A AR BOC 9 N, MRS JZH0E o L, IR
WA To BUE EREARFILOCA kAT Bz, Hdhke [1,N—2], NHER%

(N=2) / N\ LRT—D
sy 2 <k> BB AT Ma oo RIS D

FSZ VRN . N ORIES NI B0 1 PR MR B — B, K PiAL B 45 A b 7
FIEE RIEACHE N b e

FARH, SRR x B INARXS BRI AL 5t 24 o (Liu et al., 2018), a AJ LA
[FIRRE ALY S5 — BRI A A 5 STl A4 I AT N ZRIE FRAERE My v o), 123
PEHEREXS N AME BV & AMBE 5 NI 2 (B B AT T, R R

& (z, M) = Matmul (x, Gumbel_Softmaz(M)), (6)

Hrp Gumbel_Softmax (Jang et al., 2017)(F ARG HLE], W —FIRNEA
TG ) B MIFEIR PR FE My« v o BT “17 BIATHIX R A
MR, RZ, HANGRESIER, B S s, SoB—4i /MR 26 G 1)
W £ £5 /W FR N Phasel-Searched-Net (Wang et al., 2021).

WWW. earth—science. net

Page 10 of 30



Page 11 of 30

o N1 O\ Ul e W N

201
202

203
204

205
206
207
208
209

210
211

212
213

214
215
216
217

HoERRF

[l 5 BiO-Net+(N=5, L=4) 3 35 FF (1) A Pl i e 2 1
Fig. 5 Two cases of selection matrix, BiO-Net++(N=5, L=4)
(2) Prge=: ERRILE
R Gt SRS B B R B, W6 P o O 1 k2D b M 4t S5 T
R, AEIX— i BORE o P 4o 20 I 268 2 22 ) 155 AT A0 SR T2000 AH <R B Uy B Bk R
BEHEATIE T o FR TR AR U B S 5 1 Ik T S AR Y B, A
KB B s LS5 A 2 R s fi — NI B G, 2D R B 2 50— MUY

Bo

____________________

K6 SR BorE

Fig. 6 Extraction stage

AR, AR « DRI B 5 5 o+1 DR B Bela # R, Hop
te [1,2T—1], MEE 1 SEHErBeRIE « DR HE B iy M 28 ik 2 [ 2 1, R
Foim 44 7 M 2% (head network)s MG +1 MEEEUTBLRISE 27 A FEEUT B
2% AL R BB I i) A R B BT R34k, R i 44 04 R B R0 4% (tail network),
N7 s, AR 4 S A R B .
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Input Output

R EL:
o4 R

Bl 7 SkERmILs ., A 2 S i ]
Fig. 7 Structure of head network and tail network

B ¢ MRIUN BG5S -1 NI BRI T AT B E B AL S IS B N O,
HpCY={cl”,c’, -} ; IF H BRI Bl R 26 S5 MR B B S, v
8= {8142,8248,"" 181 (41> HS@r—1 w27+ Seos e TN B ¢ NFRELYY B B 5
t+1 DRI B B 110 0 2% 25 Ae) O B

GRS E A e BT GG AT ISR, 5 4 1R B A BERPPAR
FrUE 43 9 R th 54 2% 4 (Multiply Accumulate Operations, MACs)F1°F- 14 38 3 L
(Mean Intersection over Union, MloU). P32 thitH A= 6 A

1 Di
n+1 ; Xiopy T Xiops — Pu )

Horb, n FORINEL py oK § TR j, pyu oK 7 TR 2
A i, pa KGN § TN i

WEHERE, TMSERAFAELL T IURME DG —2& MIoU 85 . MACs By
T/ MloU 5. MACs [FFERK: =72 MIoU W/, MACs [FIFER/DN; DU
MIoU 8/, MACs 8K, K7 G VUG IR T M2 21 kR, HoR =R
(1) 2 45 K4 LR B3 (Yang et al., 2020b) . FR4F 79115 [ AH 2B $ BB B s fIt I 265 22 1) £
BHHL, AKHE MIoU MR BN AR IR Ok B B A I I 2 45 . 280k, 38 ¢ NI

MIoU =
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IrBLEIEE +1 DRI BUR R e, R A T s — I B w5 «
-1 BRIV B BEE ¢ AN REUN B TR BREOE B AL A A O, AR
Nng—y > WIBEHTBURE ZENZR M T MBI nG -y X s v 1o BERE 1A
5552 MR BUE R e oy ik, B RIRILM 7 M2 aiw, Dyt WAL 1.

BiX-NAS /2 H, o BUE kMg 4 e, (XA R il k4 45
1y, AEAREIE RS ¢ DR BRI E o+1 NPT BB (P S5 RIS, R AR 45
SR 2 HARWSC AP AE AR R, dit 4 48 28 0 A o PR SRR A AN [A) P s SR AN 22
I BAEFEZRER ¢ DIEHEN BeRISE o+ 1 SR Bela) (R 25 25401, 55 i A 2 T 1
AR IR RRT B, DO IRBE I, SRTHER AR . &L MB B2 M 4%
TR R R R TR T B AL g 45 a0 B 8 Fa

Bk 1: NAS #RE

BN WEGERRE T S ARSI B A Bh RIS R B IS C S ARSI
BB AN R EEEL S 28 25 W PR B i Rank;
# C={CV,0%,,C",..C*" "}, CORIRN Ht MBS E t+1 MEEL
B B 18] R BT Bk BR R AH & R EE 5
#CU={c,c -, c? b, ORI  NIRIPT B S E e+ 1 AR B 1)
5 MBRERERA S, n, NCY AL
# 8= {819,898, 381l 1s "ty S@I-1) 21 Sis iy AN B ¢ TR BLR A
1+ 1 SR B i) e A0 I 5% 45 44 O BE H
# Rank 73 M 28 VPN ARAE
B m AN IRE BCE A 2T PRI B i e R kR R A RS B 40,
Hrfme [1,2T —1].
# E(m) —(27) {El(m) i (2T>’E§m) A(QT)’ ,El(m) - (2T>’ ’E<m>ﬂ (27) s ‘E'Zﬁm)ﬁ (ZT)%% ZT—\A

Sms (m+1)

55 m IR BEE S 27 A S BB 5 i R R R BRI A 155

1: for r=27-1, +--, 1 do
2: ift=2T-1 then
3: forj=1, -, n,do
4: Forward head network with candidate skips C®,C®,...,C*™ "V
5: Forward tail network with sampled skips c”
6: Rank (C(l)’cr@),...’C<t*1>’c](t))
7: end for
8: ECT-D =D «Qptimal solution of Rank (CV,C®,---,C* Y c{?)
9: else
10: fori=1, ***, syin-urndo
11: Forward head network with candidate skips ¢, C®,-..,C“~ Y
12: forj=1, =, n, do
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13: Forward tail network with sampled skipsc(”, BtV E{+2 ... EET-D
14: Rank (C©V,C?, ... 0= P BT CD)
15: end for
16: end for
17: E® 7D <Qptimal solution of Rank (CV,C? .-, C¢~V P EITD D)
18: endif
19: end for
Input Qutput

Bl 8 BiX-NAS [ £ 171 45 1) <]
Fig. 8 Structure of BiX-NAS model

1.3 MLERBWEIT

ARICFET IR BiX-NAS W0 iR A b 2 B Bl IR0 I 258 . A2 AR08 LA
HbFRRIEEAE AN, HZ R 45 RAE A o iS5 RS 28 4 2,
ML E 2 MEE . 3 — 1k 4k 2 (Batch Normalization, BN)(Ioffe and
Szegedy, 2015). 3AF £k 1 3% B8 $(Rectified Linear Unit, ReLU)(Nair and Hinton,
2010) LA RRAECE K N 2)id B MR e & 2 N ERE . A — e A B,
R PEBE R AL DL K FRFECE KN 2)id B ik 2 HE RT3 4 44 ), Phasel -
Searched-Net 1 BiX-NAS % £ 15 B AE T RAL B RAE R 5 R FFIEIE A,
FHIERLE 5 1B TE BB %1 48, RAELIGLE IR, HEAEAR 2w A G .
TEM 2 A, BRZ I RSO n, BIHLEZNE, FHEH Softmax #%
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BREC, R 1 0 AN S DARBERAE p, 1T WU SRR Hl IR, Hop, € [0,1],

PR 1 2 U 2 R
2 i
2.1 SERIE

AR SESG R F AT = X F3 R B a4, HI PASGIE BiX-NAS A58 ) v ff
JEMBREA . ZLR I BARSCILRAR A 9 Fos, FEAE LT

(1) HARFALEL . of 5 4R s SR AT I S A, A IR Bl i 172 Bk
YNGR 50 TEAD TR A R IRl

(2) BERSYIGR. BRUE S T o K b2 5 PO i N 2 I 4 A5 20 v DU W
7 RBAT IS, 23d 2 YOk TR, A0k BBUR AT RS e i/ ME, FEH.
SRR B A, TR BB AN S 4 s, KR T
= 5 T B N R 2 A A v, 45 BRI 2R S5 R
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e Ak ¥
3 4t R ) e AL Y
by

¥
I ZRA 1A R R
BiO-Net

3

ot i A 4% £ g (BiX-NAS)
i 5 P AT R I

O —

< HEZH

!

=)

i % BRSO
RENTRER

1 5 o H S

*:L' RN TRE
R R
INZRA RT3 AR v H 0 % T B kAT W 2
Phasel-Searched-Net 5|

e
AT

K9 JEF BiX-NAS = R0 Fik i = & K
Fig. 9 Stratigraphic identification flow diagram based on BiX-NAS

2.2 HiEskiR

AR YK ST 56 4 B B B D A TF AT 22 30 1) F3 b 7B %48 42 (Netherlands F3
seismic dataset), ‘T H 951 5KIEZ4 I ZE (crossline)F 651 7K 32 W £k (inline) V1) F 2L,
PIR R~F43 318 651 X462 1 951 X462,

TEBIRARZETR 53, LR FEIRIEREE, L5010 K=, Wl 10 fiR. &
MEHLUZIREE, A0 29 FHFgm'S, R 1 MR SO 2 M PR M A i e o 2 e f A
JEA [ b FEAHRFAE -
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14 282

283 B 10 e 1 T Ao br 25 4 1

17 284 Fig. 10 Picture of seismic profile and label data
19 285

20 286 1 AN JZ AL I = AH R AL AR

22 287 Table 1 Interpretation of seismic facies characteristics in different horizons
> BhFE R R

2 1 TE R B 70 E IR, MOV R A RIEAM, JER R St
PR IS5 3 2 AR HLIE 8 10 SO 5 4R

IR RGHE 5 R A IES ) FRFE;

ZENRHME 5 EE BRI PATE:

22 B SRHE T L EE R IO IR S Y Hh 2 45 44

)2 1 SR T 2 B AT 1 = PR SOHE 5 2 s

ZJEI G 5 EEE R B LA HRE 1) RS 5 4R

)2 1 SOURHE S 32 2 I MR AR IE A
ZENEAWE MG S, ARIRIEA R

W [N )
) N5
wn R W N

Mol e )

il 288

” 289 2.3 BIETRALID

47 290 FEARRSLH h, AH] T RE I 2 A0 I 2 W A7 [ RO B8, SR FH S T e I
49 291 BT RERZENEIE, RAEET 910 SKELZMILE A 601 5k EMLTI F . K%
51 292 [AIRRHEEVE, 23l BA 50 A0 25 Dy TE] Rt 32 F1 62 AR T AE v bR 2 BE 2k
53 293 A ONEUESE 1 PR 2.

54
55 294 HIFANFIREA 2 ) (IR 22 5 0K, 9 T IBBR BN S R Rl 2R i, R
56

57 295 SCRAIZNE IR — X s R iR s B AT AL 2R, ORe L B (L 4 R [0, 1] X TRI Y

60 Lscale —

Lmax — Lmin
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Hf Teure LR A BRI EHE, =R 0 AL B AT B, Zoax s oo

I3 ARV — AL B T HHE B e K AR AN e/ MEL

H—t)5, N T PRGN E, iR SR R — E R 1

N, R R PR MR EE AR S HAE AT 0 HIH A,

HRE I 2 A0 1 26 V) Fr 358 Ja

RS 5N 768 X512 A1 1024 X512, N T —BFEEHIEMZ R, RHE

B T 1300 1 IR e e A s 2 s 1t AT 4 Y

& C1K/NA 256 X256, WEEhH+

KU 128, @il 11 fos. R Prfs 2 fogr8uE R 15% 9 BEsE, HR

TENUIZREE.

N TR GRER IR, PN SR EOE o B RS M SR A . U e T
AR P TR 25 Bt S 9 T P AT, DASRE. L 50 [RIRE A B, Sk ER
30 skHbARFITE, HAPEEIZY) A 18 7k, FMLDI A 12 5K, TRIUEE M Hh =
PRI Kot S HAr 2Rt AR BT S S ISR AE AR, 13l Koy 128

II“.I"I

PRIEEE IR—{LEE I AR FeEEE
(651%462) (651%462) (768%512) (15%256%256)

PR AR AR
(651%462) (768%512)

FBTEUR
(15%256%256)

B 11 IR I 2 it Ak B R 7 T

Fig. 11 Flow diagram of crossline data preprocessing process

2.4 ERSHRE

AT 5T BT W 45 3548 Adam 573 (Kingma and Ba, 2014)#3F 17 ) [A) 1%
P& SO N 28 AR 28 IS F 58 SURA 2K BR £ (Cross Entropy Loss) %I /¥ 2% 4y H
EANEC AR 2 [ B RE RS, R 28 I S0 2 A R4 0% ek 2
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L) == Y a()iog(p(a) )
Hrr, p(z) FRTUNBRDAT, q(z) RANEEMFRDAMN, n FomrKBH. W
2 B M) U % 2] % (Learning rate) ¥ B A 0.0001, %8 2% > 3 3 I 8 $ (Learning
decay rate)y 0.00003:

1
1+ Lr decay - batch number

He, L rOFRREFHATRIFIER, L r"TVRREHERFZE, Lr decay
RNZFZZWIEE batch number Rxbatch B H , epochs KM 45| 248

. S FTE R GPU SN NVIDIA RTX 5000,

L vV =1 r@.

,i€ [0,epochs —1] (10)

3 &R5iITR

3.1 BiO-Net #8j)I1%

T 34K BiO-Net W28 S5 H AR AR HL 73 5l ¥ B BiO-Net W45 45 Rk AR
RECH 1. 20 3. 4. 5. EHEESE L AR 2 Bl 100 %2, JIZRgs R
2 fin:

% 2 REERUBL BiO-Net 745 4570 75 A 7] B 45 1 1 Y11 2545

Table 2 Training results of BiO-Net with different iterations on different data sets

Params MACs

NO. Dataset Model Epochs (x106) (x10°) Val_MlIoU
#1 #1 BiO-Net(iter=1) 100 14.9641 11.3002 0.9675
#2 #2 BiO-Net(iter=1) 100 14.9641 11.3002 0.9570
#3 #1 BiO-Net(iter=2) 100 14.9801 36.4271 0.9629
#4 #2 BiO-Net(iter=2) 100 14.9801 36.4271 0.9537
#5 #1 BiO-Net(iter=3) 100 14.9960 77.2772 0.9420
#6 #2 BiO-Net(iter=3) 100 14.9960 77.2772 0.9475
#7 #1 BiO-Net(iter=4) 100 15.0119 133.8503 0.7942
#8 #2 BiO-Net(iter=4) 100 15.0119 133.8503 0.9346
#9 #1 BiO-Net(iter=5) 100 15.0279 206.1466 0.3240

#10 #2 BiO-Net(iter=5) 100 15.0279 206.1466 0.7951
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HHNZREE SR AT 50, FFIEM SRR 2, RS B il & e 2k AR B
50, EHEHELE 1 KI3RUEE MIoU fUA 0.3240. Rl K X 28 AR E Ty 4 F1 5
(Rsin s Ry s, fEESRsi PR, MZEAR IR B 2 I 3.

3.2 Phasel-Searched-Net 1R&j)I %

R T iE— 34K Phasel-Searched-Net 2% 25 44 (1) e AL AR B, BB IR SEEG:
ALK, 43 5% B Phasel-Searched-Net W48 5 #IEARIRECN 1. 24 3. RIS 1
AR 2 Eanliilge 100 6. JIZRgs Ransk 3 Prox:

% 3 AR IKELH) Phasel-Searched-Net 2% iR 7 A R $df 48 (1 2R

Table 3 Training results of Phasel-Searched-Net with different iterations on different data sets

Params MACs

NO. Dataset Model Epochs (x106) (x10%)

Val_MlIoU

#11 #1 Phasel-Searched-Net(iter=1) 100 0.4221 6.7350 0.9547
#12 #2 Phasel-Searched-Net(iter=1) 100 0.4221 6.7350 0.9462
#13 #1 Phasel-Searched-Net(iter=2) 100 0.4236 50.1427 0.9531
#14 #2 Phasel-Searched-Net(iter=2) 100 0.4236 49.7995 0.9433
#15 #1 Phasel-Searched-Net(iter=3) 100 0.4251 151.2977 0.9518
#16 #2 Phasel-Searched-Net(iter=3) 100 0.4251 124.9306 0.9441

H Il 2545 v %1, Phasel-Searched-Net X245 S5 #43ARIKECH 2. 3 TR MACs
8 1 TIEAIREON 1 IR 28 258 o DRI, K I 2 AR B 2 A 3 (R e &4
W&k, TSl B, ATEM 2R R IRECA 1 1) Phasel-Searched-Net 4% 45
HI AT NAS 5, SHREAR IR R WL 451 .

3.3 BiX-NAS #REY3)I| g Fn 7l

Y 3R S8 AT %0, B EARIKBON 1 1) Phasel-Searched-Net ¥ 2445 55 — [ Bt il
2 LR REG AL REVENRIL, WEMREECN 10 120, 7 RITESIRSE 1 AL
o 2 BEREATHR, L4 KLk

BWRENG, WA 1.2.2 THA TS ST FRTE, EH FA 4 K2R+
& BT AT A T g S5, BRI T Z ISR, 3k 8 ek . TN
SER IR RE o i F PR M 52 S R I B B 2 OR3 — 30, W I A5 80K

WWW. earth—science. net

Page 20 of 30



Page 21 of 30

HuBRRL 2

1

2

) 353 100 %, YIZhgE BINE 4 ProR:

Z 354 # 4 BiX-NAS MR EA R Erilghas 1

7 355 Table 4 Training results of BiX-NAS on different data sets

8

?0 NO. Dataset Model Epochs Rank Re_Epochs P(z:(r;:)r;;s 1(\:?0%; Val_MlIoU
> #17 #1  BIX-NAS 10 #1 100 03805 53696  0.9505
13 #18 #1 BiX-NAS 10 #2 100 0.3391 5.0272 0.9552
i #19 #2 BiX-NAS 10 #1 100 0.3805 5.3709 0.9459
S #20 #2 BiX-NAS 10 #2 100 0.3805 5.3709 0.9437
13 #21 #1 BiX-NAS 20 #1 100 0.3805 5.3716 0.9476
éz #22 #1 BiX-NAS 20 #2 100 0.3391 5.0272 0.9426
g; #23 #2 BiX-NAS 20 #1 100 0.3805 6.3977 0.9477
23 #24 #2 BiX-NAS 20 #2 100 0.3391 5.0273 0.9368
. 356

§§ 357 BHNZREE TN, EHIRE 1 b, S 7 W 2% 4514 1) 56 0FE 4 MIoU 1A F|
gg 358 0.9552, ZHEINN 0.3391x100; fEHHEHE 2 b, AL W S5 1 i KHIEER MIoU
g? 359 1&#]0.9477, ZHEN 0.3805%100,

z; 360 P B AL 5 ) T SR B R N 2 LIRS A T g, B, A
34 361 ek G SR AR 10 B, FEPHR AN B T 3BT B B0 45 S
o362 MRMLRIGHA A5 B T

ié

39 363 3.4 GERXIEE

M

- 364 ¥4 1RSI R L T NS TAEMN EL, % 5 oR 7 AW U-Net M4
i 365  #AY(Wang and Chen, 2021). Phasel-Searched-Net [% £ 457 1) %} b 45 5 o

- 366 TEHZIRAIRSBE |, BIX-NAS B L5 U-Net K7 B3 iiF 245 B 274 51 0.94
- 367 LA Fs MIFEECESE T, U-Net B0 HH £ T BiX-NAS B [ 56 3 52 46 1 13 2
o 368 0.0139, bl T I A B 48 (b 28 e 70 M 2 B e e 1A — 58 AR A
2369 iR, BRI RS BEUS KRR

370 EMSSHMSERMIAAE IS WUA . BIX-NAS B
22 371 BTREMN, ZEEN U-Net BT 4.4%, THHEE N U-Net B 36.6%.
22 372 AN, B 12 BIR T BiX-NAS B85 U-Net B8 Il et RSO 72, Hah F b
60 373 WEH, BEAN BiIX-NAS BAHUR R ESCE R B m, dEmaaiRil 2
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374 B, $RIFHEACE.

375 [t Bt — ] Phasel-Searched-Net #7025 % /)N 23 4 ] A1 PR i) 4R 11E 38 T8 005

376 ZHEW /DN U-Net B 5.4%, THE SRR A U-Net B[] 49.1%. I

377  H, #%T Phasel-Searched-Net #5874, 2855 —Fy B 28 W0 254 22 245 #0095 28 023 1

378 M)A Y BiX-NAS B8, St — 0 > 19.7%, 1H 5 & % Bt — 5 b 25.4%,
379 BEMIAIE T WBY B AR P 2% AR 2R G5 M A R AL FLE R L B . BiX-NAS FBiBLK

380  HMUm 2 REER:, DA BN, HH, Rl ma s ik Ry

381 MR R EVEIAGERL T, H070 gn A B g i B a8 Bk o (an 1] 8 kg Ze AR E TR

382 f{if3 BiX-NAS #5878 4b b =5 R il £F 55 I, AH BT U-Net #2 8 #1 Phasel-

383  Searched-Net #&%!, S EEIRE KRR .

384 P 13 JBIR T IR SR A BRI 2 V) #8511, #901 A EMIZE 1) F#100. #200 F)

385 BRESHHE A [FAE T L Z R 45 . g5 RAR I, BiX-NAS B Z R )

386  EARBONHERA, [R5 R B BRI R LR 1, IF AR FEIZ Y] F#100

387  MURRZEEIE A B B AREANR, BiXeNAS RS Hk T TBIE, #t—u

388 W] BiX-NAS 8 BA REF 2 EETT.

389 FETTIN S50 8B 7, B 14 o TN rR 48 M 26 V) Fr#725 . #975 A2k

390 VI#125. #425 AEARIRY N B E NS R . R, K 15 R TR TIXE

391 =4EHLERRISE R B 16 on TR TIXORNEHZ BRI S R . DL R R EoR

392 W, BREMHK BiX-NAS BAYEENE s Dy kb~ =) B X 35 B brth = R AE @ 1, 78

393 KLORHNZAR MRS FEARE [ E R I EECA A R R I

394 x5 AFEEMEPEREEA G

395 Table 5 Performance evaluation statistics of different models

NO. Dataset Model Epochs P(irl“:)‘g;s x‘i‘(g; Val_MlIoU thf::(‘;g
- #1 U-Net 100 7.7628 13.7194 0.9691 1039.2069
#11 #1 Phase1-Searched-Net(iter=1) 100 0.4221 6.7350 0.9547 935.1485
#18 #1 BiX-NAS 100 0.3391 5.0272 0.9552 829.3927
- #2 U-Net 100 7.7628 13.7194 0.9586 2000.4132
#12 #2 Phasel-Searched-Net(iter=1) 100 0.4221 6.7350 0.9462 1776.7559
#23 #2 BiX-NAS 100 0.3805 6.3977 0.9477 1710.1811

396
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—— U-Net
—— BIiX-NAS

22

0 N N U W N

9 2.0

—

1.8

Training Loss

16 1.6

1.4
20 0 25 50 75 100

21 397 Epochs

23 398 P 12 BiX-NAS #7515 U-Net #E AR R FEHT ()1 Zrdi ok
2 399 Fig. 12 Training loss of BiX-NAS model and U-Net model at different epochs
26 400

3 (a) Label (b) U-Net (¢) BiX-NAS
54 401

> 402 B 13 B0 S A [T 35 50 5 SRkt H
57 403 (b (b)U-Net AR ZE R (c)BiX-NAS R 45 B

59 404 Fig. 13 Comparison of identification results of different models on validation set
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(a) Label data; (b) Validation results of U-Net; (c) Validation results of BiX-NAS

(a) U-Net (b) BiX-NAS

14 _JH0U AL AN R R 1R ) 45 SR ) EE ]
(a) U-Net BiARHISE R, (b)BiX-NAS HEAL 5145 5
Fig. 14 Comparison of identification results of different models on prediction set

(a) Prediction results of U-Net; (b) Prediction results of BiX-NAS
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418 Fig. 15 The illustration of 3D stratum identification
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(a) inline #] 50 (b) inline #1 50
Q
)
&
o
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T
¥4
© inline #] 50 (d) inline #] 50
L}Q
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%
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60007
=30000 —15000 0 15000 30000 3
Amplitude Classes

Kl 16 4 SR s = B
(a) HZH TR IR HE (Time=1360ms); (b) BiX-NAS %1 51|45 B (Time=1360ms); (c) Hb
B T PR TR A (Time=1600ms);  (d) BiX-NAS #3545 5 (Time=1600ms)
Fig. 16 The profile map of 3D stratum identification
(a) Seismic profile amplitude data (Time=1360ms); (b) Prediction results of BiX-

NAS(Time=1360ms);(c) Seismic profile amplitude data (Time=1600ms); (d) Prediction results
of BiX-NAS(Time=1600ms);

3.5 RAESKW

FESEBR AR REAT 55 vy, S I 7% s 1) 28015 538 5 32 B 25l e 75 (1) -
BERLRE & R, A IR S8 7 J5 06 1 R HR b VR NS ) A R 11 v H07 g
PSRRI e FAARE, ARSEIGAERIEEE 1 EAIn T 8MEN 0, TT %)
BN 104 150 204 25, 30, 35. 40. 45. 50 Im e, I 54T BiX-NAS
5 U-Net R Il 2. A A e 7 T T4 MIoU Wil 17 fros:
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(a) Label data; (b) Identification results of U-Net model in the different Gaussian noise
environment (¢ = 10~50) (i); (c) Identification results of BiX-NAS model in the different
Gaussian noise environment (¢ = 10~50) (i); (d) Identification results of U-Net model in the
different Gaussian noise environment (¢ = 10~50) (ii); (e) Identification results of BiX-NAS

model in the different Gaussian noise environment (¢ = 10~50) (ii)
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