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Abstract: Transmitted in-seam wave seismic exploration is an effective method for detecting geological
structures and hazardous bodies in working faces, but it suffers from problems such as shallow exploration depth,
low resolution, and susceptibility to terrain and environmental noise. To address these issues, deep learning
technology was introduced into transmitted in-seam wave seismic exploration to predict the location of strike-slip
faults in working faces. A geological model of the strike-slip fault in the working face was established, and the
elastic wave finite difference algorithm was used to perform forward modeling of in-seam waves to generate a
simulation dataset. A Convolutional Neural Network—Long Short-Term Memory (CNN-LSTM) model was
constructed. CNN was used to extract local features of the in-seam wave data, and LSTM was used to capture the
temporal dependencies in the in-seam wave data, thereby achieving collaborative analysis of spatiotemporal
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features. The CNN-LSTM model was trained using the in-seam wave simulation dataset. The predicted root mean

square error was 4.393 4 m, the mean absolute error was 2.987 5 m, and the coefficient of determination was

0.988 3, verifying the model’s high prediction accuracy and good generalization capability. The CNN-LSTM

model was then fine-tuned using transfer learning and validated using transmitted in-seam wave exploration data

from the 506 working face of a mine in Inner Mongolia. The results showed that the predicted fault location and

strike were consistent with the actual position revealed by mining, and the prediction performance was better than

that of the in-seam wave energy attenuation imaging and radio borehole penetration detection technologies.
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Table 2 Hardware configurations of experimental platform

EA =

CPU Intel i7-9750H

GPU NVIDIA 1660 Ti

WA = 8 GiB DDR4 2 667 MHz
Wk WDC PC SN720 (1 024 GiB)

BAECHE 464 9 1 1 LGB AL I 43 M I R4 5
AR, SR 1) U 15 R UE4E B v RE A B0 3
B, BEEN AR UEAT 500 5, FHIZE 50K 45 2 il
LK 5 iR, FIAE BT 2 250 RaEACE IR
S, U ERAE 5 AR B R 3480 T 0, H =34 il
LR A B A S, VR
RArez 2 ae ) 51z eteag.

0.40

— gk

035t — e

0.30 |

0.25 }
=
# 0.20 f
®

0.15

0.10

0.05 |

hogos i i
0 100 200 300 400 500
ARTEL

5 CNN-LSTM i)l kihk
Fig.5 Training curve of CNN-LSTM model
WU BB TR B, RO BOE TR T AR, DL
JRE T x=90 m &b | WrJZ B 8 m. Wi JZEE 19 V47
Ty Bl ), Y ZREE TO 25 R AL 6 Fros o AR 4 Tl
LA WR A i 2, 455K 7 Fros . a1 & il

Sre 1 R A B 1) T AL 55 52 PR (E 1R 22 8K
N, AU R TR B SE PR AL B AR W) G, BE T T
IERERIAE Y Zhad B vh ] 580327 2] PR AR 5 W2 Ao
B IR AR R OC AR, AT R B4 [l ) PERE AN
ZE[RI P HERE )

160

—— PR
—=— T {E

TR PR RE
5 oo
(=)

6 YIZEmMZE

Fig. 6 Comparison of prediction results on training dataset

¥ ) ) [} ) ) ) ) ) 5

[
xR

WS

T

[ A S S SSSSSSSEAEERRRERARRRARRENEN]

B 7 YNSRI SR A it
Fig. 7 Fitting curve of prediction results on training dataset

PO B EAE T A, S s B A AR, DL
JEOLT x=120 m &b . W2 S8R K 8 m. Wi 2L P AT
Ty Bl Ry, 003X T 25 S K AL A i 2 o3 il an
8. &9 s . A& H il A vh JCHR A A 1 Tl
R ZE IR B/ INE B Y, HAUA By B2 467 B 5 SR
fEEARYE .

130

—— SPR(H
—=— TR{E

120

110 |

100 |

90

TR R BE TR IR B /m

80

BIS WAL
Fig. 8 Prediction results on testing dataset
DI #4771 #i21% 2% (Root Mean Square Error, RMSE) |
S 35) 45 %5} 5% 22 (Mean Absolute Error, MAE) . it &



. 154 - Iy Btk

% 51 %

>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>>

W R

R

O AL, S 2
Fig. 9 Fitting curve of prediction results on testing set
B R A A R TIN 45 TN FE AR 20, 25 R L 3.
Al 7t CNN-LSTM #< 2 7% Il 45 4§ I /) RMSE
4393 4 m, MAE & 2.987 5 m, 1£ i £ [ 70 % K
5.732 2, 3.840 6 m, F BB AIAE 2 s 48 Loy o)
R 25 BB/ BB X YN 2R A R 4R Y R 43 5k
0.988 3 1 0.986 5, B4 1, & BHHE R GEA %2 2 V|
R E R, H BRIz AR T .
F3 BIRPEHLE R

Table 3 Model evaluation results

G/ RMSE/m MAE/m R
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32 HAEHFEHEE
3.2.1 kR

ELSRE R IR T N 5 B 506 TR . % T
Vi T D) R K B 2 g 187 m, HEE 5 S M2, R
3.65~5.04 m, IR K 4.41 m, BIEAL K, AR
R R I B, 2 S M A o, & e b 1~
2 )3 AE 506 TAE1H 2F 47 7 B A Uk iR R . 56
1 UK B % 05 A B AR 506 [a] XU, 432 0 5 A B AE
506 BT I F A s 55 2 YK IR A TR 506 I iE
g A, RS A AR 506 (9] JXUHS o 3 A A5 2 ] R
120 m, FEWCSSEI I BE A 10 me DASE 1 IR A B
i, BARGIE 100K . K #igi'5 o P1-1—P1-9, $2
s GRS R T1-1—T1-16.

506N% \’\.\ J’\.l |’].‘ ]’].H'\.;]‘\.h T‘-\ "I’.] 8 ].)\ 9
£
]
/ 1R
%965’?% 115 31213 =11 3129317 J1-5 J1-3 111
iBhits

E10 506 T ARt ) IR I 1 B
Fig. 10 Site layout of in-seam wave seismic exploration in

506 working face

Bl R 3L 2R A 306 S M IR, AR ST R
256 R AT S o SRR R AR AR IR I [ 2 F)
el IS EN IR o /NS N R DR R e S IS 2
W A5 TR O ) o B o DRIk, SR P /0N 90 ek g 7 vk
SRAE B AT AL 2 2T B AR R T S RO A
1L s ol 7 H e R i e gz 5030 114 £ 18 L B
Tt

2000

— U

1500 b — PN

1000 |
500

[ /mm
(=]

R

=500 f
—1000 |
—1500 }

-2 000

0 100 200 300 400 500 600 700
Fif 1] /ms
B 11 M S FENRRT IS BB X 1Y
Fig. 11 Comparison of waveform of in-seam wave data before and

after noise reduction

322 MEALTHES

K I 2 2 BOR N 28 5 B4 B A AR VI 2 1y
CNN-LSTM 8 )i ] T B2 88 -, i b i) &
SRS I AR, LA 1 M S A S B R AR TR
SRENEIE B 40 25 5o X R AT DK AR A8
2B A RHIE AT A% 31 21 SR, 1R B SRR AL e
PR, i e S K4 S AL G T 2

SIS A AR SR SRS g — 3. TR
YNGR AR K 12 frs o gk 2 08504 42 U1 2
) CNN-LSTM £ HY, ¥ b5 A br 2 195548 (il 16 50%)
g AARAY, UREE CNN ACHEL, 3 1o S LSTM )22 14 i
FCORE s [A] Bh A R, SR/ 2E 2 (107D 2k
A C A B A AT KRR EE sl . FEREAT 50 %8
2 2] 5, R CNN )5 2 B FUZ BACE, B FH &
PR icAn & B EHE AT AR IR o 45 B TR A
SRR 25 i CNN-LSTM #5578 B A 85 i 1) IR SIKS
JEE R B () 1P, AT R A S b B )
MAE55 o
323 SR

K H 4% 24 2 11 25 1) CNN-LSTM £ 2 33 17
W 2 A8 35 o T o KA 1 RROR S RIS A
B A, AT Z5 S A E 13 s R T A5 SR
B, 133 — 5 RN W 2 AR By 2, aniEl 14 B
7N, Horv g e il e A S5 R, 21 Gl R A S W2
SEBRAE CIRAE 1 B W o A& L T A T J2 07
FUE 0] 5 52 Profs 0 A — 34



|

2025 5% 7 8

EAE, LT CNN-LSTM 9 & 448 ok B35 A v 7 B TR AT 7

o 155 -

e RAUAE 11 25 Y CNN-LSTM R |

RS CNNALH

e

50%¢
Jrifi -

207
CNNJZHHURFE

LSTMJZ

it T2

12 CNN-LSTM #EIER 2 > Y ZRifi
Fig. 12 Transfer learning process of CNN-LSTM model

200 ¢
190 F

E 180

170 |

o

Ik 1601

= 150 ¢

= 40}

10 20 30 40 50 60 70
HAF S
P13 55 1 R AR A U2 A 3 T2 2R
Fig. 13 Tectonic fault prediction results for the 1st in-seam wave

exploration arrangement

50617 KA piRe2 o i sfhser M0 o
;i;
IS

e
SOOI AU AR A
E;ﬁ% I ENS8N A4

P14 55 1 FRR R AT BT UMW R0 B A 25 R
Fig. 14 Fault location fitting results for the 1st in-seam wave

exploration arrangement

X5 2 b & s R IS A X, AL
W25 R 15 s, B LA 45 R iEl 16 ik,
P2—1—P2-9 Mk s, J12-1—J2-18 M5 S
5o LA BRI TN 45 SR 5 S BRE BEAR —B

& 14, & 16 R & LA 25 AR 2 1 i
LR B, HEM DN . (D S hr )2 Sk Al 2 S 4, 1 ik £e A
JZ AL 3G IR B, AR SOR AL 1R I 1 i 4R Ak

0 10 20 30 40 50 60 70
AT
15 45 2 FRER AR 57 U A 2 A TS T 45
Fig. 15 Tectonic fault prediction results for the 2nd in-seam wave

exploration arrangement

506 XA 12nTRY
1t

IR A

il

/ ’

—_—
S06JEEHT p2-82-8 poho-cp2 NP4 PR P2
hd L4 . o o e o |

P2—1

16 45 2 FRRIRAR B 7 A2 7 F LA 5 2R
Fig. 16 Fault location fitting results for the 2nd in-seam wave

exploration arrangement
SSH—EMIRE, @ A FREE SRR P, XA
Tt A BEATLGE P | Xof S R ASCHE 2E AT B2 R Ak 3L, (A 40
Bds 5 LR B AR —E 25 . AR SRS s,
A A Al DG T DB 2 A 3 AR R, AR
AR 55, TEORE B b 1 A7 1 D TR0, 2 s 900 A v
Pk

¥ CNN-LSTM A5 7Y 7 0 285 5 5 18 i1k i 2t o2 ik
BURZER . LB IUBE R ZE 5L | 10 R A8 5 1 W7 2
SEPRA B HEAT R, S5 17 iR . R E HA E
B 2t T U A 10 R DN S B A A, T £k P 3 4 %o
T U2 1) R 7 B A R 15 24 5 K, CNN-LSTM #5
LTI ) D 2 0 S PR AR — 3, iR
WE Tz AT 5 A [ A0 W 24 15 E i g T, DL T
52 F b RIS 3 FH R R T S

4 LR

1) B X5 25 b 5% B 7 VA A R X RS AN
JE Y F AR, 8 T CNN-LSTM A FH T 37 S A
P PR v ) S 1) T2 B0 L 2RI AR A T CNN Y
JRI R AE A S LSTM ) B 3 Ak B A 3, S A
F 25 AR O [R) A AT, S R T T IR R A A7
KiEZ

2) HENT T W R AL 1 R AR, SR FH S O A PR



« 156 - 5 B3k % 51 %
el (O] i it s R A B AR 24 JI Guangzhong, YANG Jianhua, ZHANG Guangxue,
% (O] ke RS, MR AR EE 4R et al. Application of in-seam wave amplitude attenuation
) fﬁﬁgi coefficient CT imaging technology[J]. Coal Geology of
0.0 China, 2015, 27(9): 75-78.

NONOSNSNONSNDShSN

COCCOOOO0O0OOOOOOC
ORI B RN NNV

17 506 T-AETH W ZHRIMZ, R

Fig. 17 Fault detection results in 506 working face
2535 AT Hb R A I A AL, R AR AL A
CNN-LSTM £ AU A7 Y1 25 I 128 B e I 25
£ Iy RMSE, MAE, R* 4314 4.393 4 m, 2.987 5 m,
0.988 3, 7EMM X4 -4 5.732 2 m, 3.840 6 m, 0.986 5,
G UE TR AR 5L A P TR B RN Iz A BE T o

3) ¥ CNN-LSTM #5437 ] F 4 58 1l 5207 506
AR TS S B Al e S RS O, 28 X% L 43 A A B
W25 5 5 SR IE L — 20, B Uk 1 % 8 AT ST 2
4 3 2 (R A7 & ) A T000 , A 40 e e 3850 il I
PR TRE R B AL 15 A e T R

4) 7 ZAF BRI, AR T 1) T 2 A T
REARY IR RH o0k At ) 3 B8 22 g s BB 5 0 [t
R — DT

2% 3k (References):

(1] W, SRFRL, VPR, 2 LR = B = AT

BRI gk J 0], o Bk B2z 0F g, 2017, 32€6)
2451-2459.
HU Zean, ZHANG Pingsong, XU Guangquan. Research
advances of seismic tomography technology in coal
seam[J]. in Geophysics, 2017, 32(6) :
2451-2459.

(2] FESp4e, T, &R, & B EEE =R )
B K FEBUIR o 35 1], B H e Jsg 5 8 98
2023, 51(2):273-282.

DONG Shouhua, HUANG Yaping, JIN Xueliang, et al.

Development status and trend of high-density 3D seismic

Progress

exploration technology for coal fields[J]. Coal Geology &
Exploration, 2023, 51(2):273-282.

(3] Wiy A&, g, §Igkuk, 5. Aol R BRg 77 1%
Je R ], SRR 4R, 2014, 39K T 2): 471-475.
JI Guangzhong, CHENG lJianyuan, HU Jiwu, et al.
Imaging method of slot wave attenuation coefficient and
its application[J]. Journal of China Coal Society, 2014,
39(S2): 471-475.

(4] Wi &, B, sk, 55 RIRIE R R % CT
BAGBARRL [I]. wh E SR, 2015, 27(9): 75-78.

[5]

[10]

(11]

[12]

[13]

T2, RS, YRR R AR L 2.5 4k ih 72
HE R T AR 7 v (1] R R 4R, 2018, 43(9) -
2579-2586.

HU Zean, ZHANG Pingsong, XU Guangquan. Pseudo
2.5 dimensional seismic velocity tomography in coal
mining face[J]. Journal of China Coal Society, 2018,
43(9):2579-2586.

FE, SRERHT, W2, A 3 SRR AT TE 5T L AR
(1R AT AR T 125 (00 5 b5 5 B4R, 2022, 50C11D:
187-194.

TIAN Han, WU Rongxin, HU Zean, et al. Tomography
method for channel

adjacent frequency shift of

transmitted in-Seam waves[J]. Coal
Exploration, 2022, 50(11): 187-194.
HAN lJianguang, LYU Qingtian, ZHANG Zhiheng,

et al.

Geology &

Application of Gaussian beam summation
migration in reflected in-seam wave imaging[J]. Acta
Geologica Sinica (English Edition), 2024, 98(1) :
276-284.

WU Yanhui, ZHU Guowei, WANG Wei. Precise
prediction of the collapse column based on channel wave
spectral  disparity  characteristics and  velocity
tomography imaging[J]. Journal of Geophysics and
Engineering, 2022, 19(3): 326-335.

FRER S, ELAREE, VOWRHRE, 55, MU AR B IR BT 7T e
(7). BB 7 5 B4R, 2020, 48(2):216-227.

GUO Yinjing, JU Yuanyuan, FAN Xiaojing, et al.
Progress in research of in-seam seismic exploration[J].
Coal Geology & Exploration, 2020, 48(2):216-227.
eI, MAETT, XIS, 55 45 G B A4 I 2% FIE
B AIHLH ) LSTM SR 7% X i 2 Ut B F3 0l 07 v (7]
£iE %, 2024(6): 53-58, 170.

GAO Motong, YANG Weifang, LIU Zuyu, et al. LSTM
goaf surface subsidence prediction method combining
network  and
mechanism[J]. Bulletin of Surveying and Mapping,
2024(6):53-58, 170.

PENG Ping'an, HE Zhengxiang, WANG Liguan, et al.

Automatic classification of microseismic records in

convolutional neural attention

underground mining: a deep learning approach[J]. IEEE
Access, 2020, 8: 17863-17876.

LI Kewen, LI Xiao, YIN Ruonan, et al. A method for
seismic fault identification based on self-training with
high-stability =~ pseudo-labels[J].  Applied  Soft
Computing, 2024, 163. DOI: 10.1016/J.ASOC.2024.
111894.

WA, RIRHT, TP, A RN TURZE N 3 B
M Love 18 WAL 5 38 J80CRFAE L1 R 22 4, 2021,
46(2):566-577.

JI Guangzhong, WU Rongxin, ZHANG Pingsong, et al.


https://doi.org/10.6038/pg20170623
https://doi.org/10.6038/pg20170623
https://doi.org/10.12363/issn.1001-1986.23.03.0116
https://doi.org/10.12363/issn.1001-1986.23.03.0116
https://doi.org/10.12363/issn.1001-1986.23.03.0116
https://doi.org/10.3969/j.issn.1674-1803.2015.09.18
https://doi.org/10.3969/j.issn.1674-1803.2015.09.18
https://doi.org/10.3969/j.issn.1674-1803.2015.09.18
https://doi.org/10.12363/issn.1001-1986.22.04.0221
https://doi.org/10.12363/issn.1001-1986.22.04.0221
https://doi.org/10.12363/issn.1001-1986.22.04.0221
https://doi.org/10.1111/1755-6724.15108
https://doi.org/10.1111/1755-6724.15108
https://doi.org/10.1093/jge/gxac019
https://doi.org/10.1093/jge/gxac019
https://doi.org/10.3969/j.issn.1001-1986.2020.02.032
https://doi.org/10.3969/j.issn.1001-1986.2020.02.032
https://doi.org/10.1109/ACCESS.2020.2967121
https://doi.org/10.1109/ACCESS.2020.2967121
https://doi.org/10.1016/J.ASOC.2024.111894
https://doi.org/10.1016/J.ASOC.2024.111894

2025 5% 7 8

JEAE. AT CNN-LSTM # 1% 5448 ok Bh45 4 & 7 & TR0 BF 2

o 157 -

(14]

(15]

(16]

(17]

(18]

(19]

(20]

(21]

Dispersion and attenuation characteristics of Love
channel waves in the three-layer model of viscoelastic TI
coal seam media[J]. Journal of China Coal Society,
2021, 46(2): 566-577.

W), B, W IR, SFHTLRZE A B
55 050 BORS AE I8 0F AL (D). M Bk B SR, 2019,
62(2):789-801.

JI Guangzhong, WEI Jiuchuan, YANG Sitong, et al.
Preliminary study on wave field and dispersion
characteristics of channel waves in HTI coal seam
medium[J]. Chinese Journal of Geophysics, 2019,
62(2):789-801.

W), R, RBE IR, SE B OR N RE = 4ER
(BB B AT BT (9], b ER P 3 2241, 2012, 55(2):
645-654.

JI Guangzhong, CHENG Jianyuan, ZHU Peimin, et al.
3-D numerical simulation and dispersion analysis of in-
seam wave in underground coal mine[J]. Chinese
Journal of Geophysics, 2012, 55(2): 645-654.

FARF, GFF, sRn =2, S AR T 2 1K 05 A
R RPRFAE (], SR A4, 2022, 47(8):2985-2991.
WANG Baoli, JIN Dan, ZHANG Huanlan, et al.
Quantitative response characteristics of transmitted in-
seam channel wave in coal seam with faults[J]. Journal
of China Coal Society, 2022, 47(8):2985-2991.

W3R S, R B 48, )< B, S5 E R OR A IX
Rayleigh 74 568 w7 2R I = 2 OB AT 5 (0] R
LF%, 2020, 52(2): 121-125.

HU Bangbing, ZHU Guowei, LIU Jinsuo, et al. Three-
dimensional numerical simulation of the Rayleigh
channel wave advance detection in the goaf of coal
roadway [J]. Coal Engineering, 2020, 52(2): 121-125.
G, B, 0, AR IR SO R U = A IR A
LI T 24, 2024, 98(7): 2258-2268.

HAN lJianguang, GU Bingluo, WANG Shuo, et al.
Study on 3D forward modeling of reflected in-seam
wave in coal seam[J]. Acta Geologica Sinica, 2024,
98(7):2258-2268.

LIU Bin, YANG Senlin, REN Yuxiao, et al. Deep-
learning seismic full-waveform inversion for realistic
structural models[J]. Geophysics, 2021, 86(1) . DOI:
10.1190/ge02019-0435.1.

ZHU Sen, WANG Yulin, XU Yunfan, et al
Asymmetric fiber grating overlapping spectrum
demodulation technology based on convolutional

network and wavelet transform noise reduction[J].
Optical Fiber Technology, 2025, 90. DOI: 10.1016/J.
YOFTE.2025.104132.

HPIL, B, BR, 5. FE T CNN-BILSTM 1R 3)
Tl 7R A O R 2 I R (D). Bk B, MK S
2022, 42(5): 1009-1016, 1040.

[22]

(23]

(24]

[25]

(26]

(27]

(28]

DONG Shaojiang, LI Yang, LIANG Tian, et al. Fault
diagnosis method of rolling bearing based on CNN-
BiLSTM under variable working conditions[J]. Journal
of Vibration, Measurement & Diagnosis, 2022, 42(5):
1009-1016, 1040.

PR, BRI, YT, AE JE TN A SR B R AE Y
CNN-LSTM #4475 H 5 T F2 A2 71 5000 v iy 2 A 0.
L TR SAAR, 2021, 43(HF] 2): 108-111.

HONG Yuchao, QIAN lJiangu, YE Yuanxin, et al.
Application of CNN-LSTM model based on spatio-
temporal correlation characteristics in deformation
prediction of foundation pit engineering[J]. Chinese
Journal of Geotechnical Engineering, 2021, 43(S2) :
108-111.

TR, KAk, MSFE, %, 5T PID R AL 1) CNN-
LSTM—Attention ‘£ A R AL AR L FE TR VAT 72 (1],
AR AR, 2025, 46(1): 324-337.

YIN Gang, ZHU Miao, QUAN Pengcheng, et al.
CNN-LSTM-Attention

electrolyzer electrolysis temperature prediction method

Research  on aluminum
based on PID search optimization[J]. Chinese Journal of
Scientific Instrument, 2025, 46(1): 324-337.

TREE AR, E o, 5K 4. 5T CNN-LSTM 4 #4
#5755 B O AT (00, 46 A AR, 2025, 76(4)
1671-1679.

ZHANG Hanxiao, WANG Ruiqi, ZHANG Yating.
Prediction of scale factor of heat exchangers based on
CNN-LSTM neural network[J]. CIESC Journal, 2025,
76(4):1671-1679.

RAFE, i, Wi 5, 5. 5 18 IPSO AL CNN-
LSTM J& #4522 H0R & TR A [1]. gy 5 T
TR, 2025, 22(6):2690-2702.

ZHU Zixu, SHI Chenghua, CHEN Haiyong, et al.
Hybrid CNN-LSTM
prediction model considering IPSO optimization[J].

shield tunneling parameter

Journal of Railway Science and Engineering, 2025,
22(6):2690-2702.

GUAN Wenhui, LI Binbin, XUE Shijie, et al. Research
on CNN-attention regression prediction method based on
GOA optimization[M]//Proceedings of the TEPEN
Workshop on Fault
Prognostic. Cham: Springer Nature Switzerland, 2024:
209-219.

SU Ziyi, LIU Handong, QIAN lJinwu, et al. Hand
sEMG

convolutional neural network[J]. International Journal

International Diagnostic and

gesture recognition based on signal and
of Pattern Recognition and Artificial Intelligence, 2021,
35(11). DOI: 10.1142/S0218001421510125.

HE He, WANG Junhan, KOJIMA S, et al. Regression
CNN based fast fading channel tracking using decision
feedback channel estimation[J]. Journal of Signal

Processing, 2023, 27(3): 49-57.


https://doi.org/10.6038/cjg2019M0230
https://doi.org/10.6038/cjg2019M0230
https://doi.org/10.6038/j.issn.0001-5733.2012.02.028
https://doi.org/10.6038/j.issn.0001-5733.2012.02.028
https://doi.org/10.6038/j.issn.0001-5733.2012.02.028
https://doi.org/10.1016/J.YOFTE.2025.104132
https://doi.org/10.1016/J.YOFTE.2025.104132
https://doi.org/10.1142/S0218001421510125
https://doi.org/10.2299/jsp.27.49
https://doi.org/10.2299/jsp.27.49

	0 引言
	1 模拟数据集建立
	1.1 透射槽波模拟
	1.2 模拟数据处理

	2 断层预测模型
	3 实验验证
	3.1 模拟数据验证
	3.2 真实数据验证
	3.2.1 数据来源
	3.2.2 模型迁移学习
	3.2.3 实验结果


	4 结论
	参考文献

