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Abstract

To address the inefficiency of traditional methods for evaluating face stability and their difficulty in
handling unexpected situations, a prediction method for face stability based on transfer learning is
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proposed, utilizing return slurry density and feed slurry density. Compared with theoretical cal-
culations and numerical simulations, the proposed intelligent prediction model based on Attn-
LSTM can learn the relationship between tunneling parameters and slurry density under differ-
ent geological conditions from monitoring data, and exhibits high prediction accuracy even in
complex strata. Validation using monitoring data from the China-Russia Eastern Natural Gas Pipe-
line Project shows that the average absolute percentage error between the predicted and actual
values of discharged slurry density and injected slurry density is only 0.1858%. Finally, the effec-
tiveness of the proposed method is verified on monitoring data from Section IV of the Wusongkou
Yangtze River Tunnel station of the Shanghai-Nantong Railway Project using a transfer learning
approach.
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Figure 1. Deep neural network architecture based on Attn-LSTM
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Figure 2. Pearson correlation coefficient heatmap between selected parameters
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Table 1. Input and output parameters with their statistical characteristic indices

1. WASEE SR EEXGIHER

WS LA BRAE B/ME EHE PR
DAk Rz pm 6.00 0 0.25 0.42
JIREAAE kN‘m 9957.21 —-225.28 263.73 457.84
i B mm/min 129.36 0 13.93 24.09
Heni &= m’/h 2000.00 0 425.61 551.73
B m*h 2000.00 0 444.63 546.02
HESR 5 B t/m? 1.50 1.00 1.25 0.18
pri 4 o)y t/m’ 1.50 1.00 1.27 0.18
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TeKAEHRAL 1 m 92.89 -89.37 2.14 15.11
TeKAEHAL 2 m 2.29 -2.00 -0.03 -0.69
e B 4k bar 400.00 0 129.17 68.09
JE AR A mm/m 5.00 -5.00 -0.34 0.99

PN mm 145.18 0 15.50 27.12
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Table 2. Hyperparameter searching space

2. BEYIRERTE

HSHRE etz
B 7] 7 1K i [20, 40, 60]
e [0.0001, 0.0002, 0.001]
1A= NAN [32, 64, 128]
Yl 2 B8 . G AL [16, 32, 64, 128]
TR e R [16, 32, 64, 128]
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Table 3. The optimal combination of hyperparameters
3. BE¥REAS

MRERIRRY HSEHRT Zi=A

I ) o 18 40

WIER S > % 0.0001

Attn-LSTM kiR 64

o T 45 e 7 B T 4 64

PR 25 e P T4 128

B I 7 A B 40

WG > % 0.0001

LSTM-Attn-LSTM ki K/ 64

o T 45 e 7 B T 4 16

fAETE 2% BB R TG 4 32

B 1) 7 A B 40

WG S > % 0.0001

Attn-Attn-LSTM (AN 64
I O R T

fAETS 2% BB R TG 4 32

I ) 18 40

WG S > % 0.0001

Attn-GRU-Attn-LSTM NN 64

EEE SR T4 64

fAETS 2% BB R T 4 128
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4.3. RETMESR 4T

K3 IR T Attn-LSTM A5 ) HE 2 B 55 0 90 % FE T 45 2R, ARl LU HY Attn-LSTM BB BE S
A TEML TN — 2 AR A a3 o AR 8] 5 51 1] rh s fB e B s L S R 2B B IR A%, Attn-LSTM BERL TS
RERSHR T . WA AG BT 2R 17 0.01 t/m? A TRIRG N TINME 5 U SHE I 2257 . AMER Y, 3 RS
OPATETT BIEAE A, RIUMAR e ARG o e s P 0 SR A T 1 Al 11 2 AR B S e R T £ 1
BN I A o (ER E R R SRS PR A 5 R B T R3S iz 2 MU 1 3 51 S
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Figure 3. Comparison between true values and values predicted by Attn-LSTM in the test set
3. MXEFELES Attn-LSTM FURMMERIEL : (2) HEREE; (b) HEREE

=)

N T PRARIZAE A PR RS, JEXS 4.2 IR A0 53 A = AL AE R R RO SR B EEAT IR S T
N EEMARIA BRI RERIIL S, R AATTE I 2R ST AE BRI FEARIC S B3R 4. 425 .

Table 4. Evaluation indicators of different models on train set

F* 4. TEIEREINSE LAITMN R

it RMSE MAPE
Attn-LSTM 1.7223 x 102 0.8430%
LSTM-Attn-LSTM 4.0221 x 1072 2.4248%
Attn-GRU-Attn-LSTM 2.5389 x 102 1.3419%
Attn-Attn-LSTM 2.0802 x 102 1.0112%

Table 5. Evaluation indicators of different models on test set

5. NEHEEEMNAE LT ErR

R RMSE MAPE
Attn-LSTM 3.9194 x 1073 0.1858%
LSTM-Attn-LSTM 2.1464 x 1072 1.6729%
Attn-GRU-Attn-LSTM 6.8545 x 1073 0.4235%
Attn-Attn-LSTM 6.3790 x 1073 0.4230%

44. HENRR

Rz R TP I8 B SR T ATT RSB S AT IV AR T AE BUs 6 I 45 i {0 4 RE TR AL (A ttn-LSTM) Y
ZAERE . FEELERKE, 4.2 T BRI ZRd AR ORI TR AR . O T A s S K
ZACTERE, 23 AIE A Ok BB S 0 FR. 50 FRL 100 FR. 200 FREEEE AT RO, WOR S R ZE a1 4 i
o ATLVER], BEE R BB SR OB RGN, RS BEZ W, KR OyR re A A i 3 S 5
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Figure 4. Application effectiveness of predictive models in new engineering projects

Bl 4. FUMARBVAE T TAEh AR SR

DU TRE RO 2 4.2 19 (0 SRmOa R A BEAT BT IR, R RIS RS RO e A R A2 T8 6
o HTE LR R, BRE /N REAEE T e i o) B e B R . SR S B R AR
PR TPEREAR AT L 22 . 5a 4, B DRERIRAFE R A @I, & EMR AR UIR BB 1T %, AN
PIER ARSI, TP R e U AR T RS IE,  shaRUTRE S ), 3255 BT 2 Az 2 1k,
NAEFEFW N, FUSRER TR R . W& 6 hafIEH, RERSITH Y IR 1
FERERSAR T T UIZRAOREY, (HEEE B8R A, BT 2 b 23] T B2 ARS8
BEHERCH LR AR, R A FIUIIAS LB T v -

Table 6. Comparative analysis of model transfer performance

= 6. RELTHMREXILL

g R RMSE MAPE
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