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Abstract; With the acceleration of urbanization, narrow-type foundation excavation are increasingly
applied in underground pipe gallery projects. In the numerical simulation of narrow-type foundation
excavation, the HSS model is mainly used. However, the current HSS small-strain soil hardening model
often relies on empirical values for parameter selection, leading to subjective deviations in numerical
simulation results and a lack of more accurate and objective model parameters. To improve prediction
accuracy, the CNN-LSTM-Attention model is proposed to be introduced into the calculation of foundation
excavation examples. This model combines the spatial feature extraction ability of the convolutional neural
network (CNN) , the time series feature mining ability of the long short-term memory network ( LSTM) ,
and the attention mechanism ( Attention) , which can comprehensively handle the deformation problem of
foundation excavation and be used to correct the parameters of the HSS model. The results show that the
CNN-LSTM-Attention model was used to inversely correct the parameters of the HSS model, and more
accurate corrected parameters were obtained. The comparison between the predicted values of the
inversely corrected model and the measured values shows a significant improvement in accuracy.

Moreover, it was compared with the single BP model and the single LSTM model. This model
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demonstrated significant advantages, with its mean absolute error ( MAE), mean absolute percentage

error (MAPE) , and root mean square error ( RMSE) all being optimized compared to the comparison

models. In conclusion, the research results show that the CNN-LSTM-Attention model performs well in the

prediction of deformation in narrow-type foundation excavation, and can more accurately inversely correct

the parameters of the HSS model. Compared with before parameter inversion, its accuracy has improved

by 31.2%. At the same time, compared with other commonly used models, the CNN-LSTM-Attention

model has also achieved significant improvements in prediction accuracy and optimization effects.

Keywords: underground engineering; utility tunnel; foundation excavation; simulation; CNN-LSTM-

Attention model ; parameter inversion ; prediction
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Fig.1 Profile of foundation excavation support
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Table 1 Geotechnical design parameters of narrow foundation excavation
+ T bR e [
+2 EE/(KN-m™?) W NEEMA RN NEEM %ﬁif (fj(ﬁ;%%g/
¢/kPa o/ (°) c/kPa o/(°) ’ o
@, Z4i+ (18.5) — — 8 18 2.0 2.0x107°
©, ®#+ (18.0) — — 10 8 2.0 8.0x107*
@©, R (17.0) — — 9 4 2.2 2.0x107°
@, %+t 18.6 16 8 21 12 3.0 5.0x107°
@, IR TR+ 17.6 9 5 14 6 2.5 3.0x107°
@, BHRFEE ek + 17.8 8 6 16 14 5.5 2.5%107°
CMFE+ B+ BPE)E 18.4 10 7 11 19 9.0 —
@, m (20.0) — — 0 31 14.0 2.5x1072
@, Wi (20.0) — — 0 35 23.0 —
@, BrabIeky + W E + 17.8 10 7 11 20 13.0 —
®, BFEE+ 19.2 25 10 31 15 9.3 1.5%107°
®, ¥ FEh I BRI A 19.3 20 10 21 20 10.0 2.5%x1072
®; FhF ORI BROP A7 18.8 24 35 25 30 22.5 2.5%x1072

TE: O AL R{E

AR 5 L I ARHAE S5 6 1Y 7 58, Ty BR 0 A 3
A 22 20 0 I BT A R T A 3 S [ TR
(I RHE (DR ZF B TR S LA T 2m) o R
/NI B 3R RN B R | 45 A A R T BUE
B FEAT 2 HE X o3 #r | 24 A0 % 0 4 i 790 )
BH(ARTEKE RN 3mm/d) N, RE H itk =
RIELS . —RPER R EE S AN TR
UE, U il ki T2 BOR B (R I IE
J 8 34 Tl B S B ) =g T ) Sy RS Bl 2
WRIFHN L K x1L, X Fhor Gom Ak & Bk 1
TE T AU Bl 455 19 B IE P | SCaE B 1 o BE e o s A
18 5% PRI 2

FLARARME R E K 3 Frs, AR SCE S ZDX3
I AR AT e S S I 2 FE SR RO b
R I AR TN S 540 32 B H4 5] RE A8 T 4
IR EETUA AT E TR L

A DBX3
A DBX2
A DBX1

ZDX1 ZDX2 ZDX3 ZDX4 ZDX5  ZDX6
——t Oy
t Cxs1 O
PR K
®
RAAT AR
3.5m TR M0 0
l CXTI
b O Ol
ZDT1 ZDT2 ZDT3 ZDT4 ZDT5 ZDT6
A DBT1
A DBT2
A DBT3
3 BNRHE
Fig.3 Layout of monitoring points

2 CNN-LSTM-Attention %!
2.1 CNN-LSTM-Attention #7574

N T8 T LAk 7~ B B 20y SO &R
T b AR A B B i v © e B i T ik
SRFRE BEVTAl AR AR SO B A AR A A
BRI, Ak HA AT 22 4R 1) 2 2 AR 4R
PEICIBR B DI SRR A, 78 DR A5 45 s o A 25 8 1 1Y )
I, R A R SR IRE ), R RE A A% IH ] i (]
J7 3 AR AR | SRR A A s T 4 A RS G O
F PSR I el AR B A Y B0 I i
TR R R B EE .

ATATHEET XN M 28 W 28 8 | A 0 L B
HAEA SRR, LA ¥ 8 24 4 i s + ¢
v g i A R S T A2 Bl 28 9 24 0 4 R 22 1Y)
2% A BAS S I B9 36 T3 B M L i B R K
R 2 R 255

H AR A 1 sl b e A2 Bl 28 R 25 (long
short term memory network , LSTM ) == % £ %] H: fisf []
FRUESEA TS (UL 4) , AT DL A A7 X ) )45 2 1B 4%
2] 5B {H LSTM X123 [Alf5 B R s,

T R 28 W 2% ( convolutional neural network
CNN) U™ 32 3z 1T 4% 2 w8 4 BE R ik A AH ELOC 2R
(DLIELS)  HEA R 28 P 28 BR A0 v RRAE SR A A% O
PLHIMRAE T AU s S fE . BREA T Fo 1
AP 4, 8 5 -5y A BN TR R E B R R
o, SCPLAS AV RRAE A AR, BT & S AR
RG> Ry 22 5 45 BB 4 B DL I A B4 Bk
BRI S BT SRR TS S R AT



66 s THAR (330

g

g~tanh(w, [, x])
X
O=o(wo [h1, x])

h=0tanh(C, ,y

sigmoid

\ I BETT #AT] AR
X

4 LSTM &#4
Fig.4 LSTM structure

FFHESIE BUBT P R AR B 76 Tt Ak A 35 R B, T 4% %
FH DX b AECR A 5R W, 54 BRa B i i 3l v 1 AL
AR A E R R BE S D AR E S, XA T REE
T EEHE A BO BR TCAR AL, R B OGB4 B, AT
PETHERAI Y Z AL RE T, et A M kA A
XoFF I A E B A AR 2 . BT DL SR LSTM A
CNN Bk £ TR O B0 W 35 1 o2 FH A
{8, (H2Aph A B LSTM 5, CNN A5 14 fi 23 531 b 34
FPRFIESRAS [RIRRAE SR, 76 Bk 28 B BL T TP 42 0
H T X B[R] 5 28 [R] 800 HE 47 R %5 1, AR SR
FH CNN #ZM 2% 5 LSTM i 28 0 2% 25 4 9 B A
Attention AL , DT (AR Y B 4% 48 vh i 78 S 7e di A
JPHI B A, e TR R M RE . B T
AT B B IR A4, 45 T E1 R 4 R A AL
. PRI CNN-LSTM-Attention #1225 J 25 7] ) 55 -1
MBS 23 3500 A B OF A h i ) T AT i
BB A3, B b AR g AR P R B A T R X
e R I2 W B i RS TE (1 e AT AR 5%
ET 2 SIHLE B CNN #2824 5 LSTM #f
25 K455 1 CNN-LSTM-Attention #1285 % 25 25 ¥4 4
K6 FiR.,
2.2 CNN-LSTM-Attention 3445 4 1 F

-

H :
| Training set parameter

i ,’,}" el ','n'l A

[o-00] [®- o—§| E

S2: Feature Output
C2: Feature C2: Feature i
Input maps maps
S1: Feature
map:
— —
\ﬁ:-::; a— e Full
| Connection
Convolution Subsampling ~ Convolution ~ Subsampling  Convolution
L J
I
LN KR it 2
B5 HRRBUEN

Fig.5 Convolution and pooling structure

JCIIRLE KA BT, LA SR F CNN-LSTM-Attention X
Bl A 2 A TR R el 2 o 46 A5 A o S B T
TR P A A X B £ B, X CNN-LSTM-Attention 7E
SEGUITZ T SO 2 A8 T 1500 b (%) 1 DA R 1 fig
JE T

CNN-LSTM-Attention JRA B A T H A
P 265 1) 223 T R TR ) A 34 5 4 100 02 T 8% 1) s
FPRUASENTRE 1. LRSS ERE IPLEIREYS A 3h
O A BB v e E B A3, B AR TR S B
SAHHERE /1. 7E CNN-LSTM-Attention F5 %1 HL ¥
B2 LN LSTM JZ (i 0 i AR 3345 B[] 25 1Y
WEIE, —Jrm, N3 550 M R,
M RE I B TP A5, 3t G S BR ) 2t v 19 550 S 4L
THAN G S5 AL, 3 T AT A A5 B Ak A 11 el i A
LSTM JZ (B AR, 3 17 447 Dz S FE I 48 is 35
BOR S — 7, 37 2 B S T S A A B A T B
REAC U DGR Y 25 (B 47 2, SR E R I ) | 9 56
Bt AR IHLEI 7, 51 Attention #8573 BE 1%
Y b R AR B ) B [ 2B R s R, DA
Ay IR | P LA 8 A8 B L3 TR 42 sh A il
Wty ptse b, BRI E 7 Bos

1) i85 53 i

AHF5E Rl CNN-LSTM-Attention YR #1252 [ 2%
FEARMAT LR RGBT, FE T BE I TR ) Ml T

pooo;oig

/é . /é //é
| O\ — N

 [oree] -

6 CNN-LSTM-Attention 4% I 4 4544
Fig. 6 CNN-LSTM-Attention neural network



2026 No. 13 2% TR AR HT CNN-LSTM-Attention 8275 24 B FF42 48 I Fit ) 67
Fully Connected s
Neural Network +b2 mmmﬁ
Output:256x 1 x 1
Autention Layer -
=
Ar:256x128
+h2 (===
Yr:256x1x128 Input:1x256x 128x | e
Conv(input®w)+b 1x256%A28x1 P
""" T S S SRS SmSsmmnmssssssssssy
i Wyl xea]+ by  Sigmoid = =
' ) p 286 286128 H
Gi-1 2562128 Wil x4 by, ‘_‘ﬂ_“j’f[ﬁﬁw Craserizs
286% 128 4

LSTM Layer

3D 102D (input*w)+b
B ————— .
Neural Network
Input:256x 1 x24
Input:256x24
Sigmoid ‘ tanh
/
1 ,/" e —e
l+e™ ; ef+e

o

102D ’
ceuvb
b2 %

256x1x128

256x128

Dropout

~\ oY
P @) ~
& & )
~ ~
4 4
Y N\ P
4 4 @

El7 CNN-LSTM-Attention Rf5t
Fig.7 CNN-LSTM-Attention mapping

ZDX3 Wi g5 A A FE ST A E AT 3 X H R
AR5 S5 S B W 00 190 S 0 465 4 A T B O 22
HACFE 1=, 312 F§ CNN-LSTM-Attention & &
TN AR A AR R (1) SC B S B AT R AR, R
TR 5 S B9 AT S A A

2) CNN-LSTM-Attention F /Y (RpH5 B 15 34

454 CNN AR . — B e ol 29T I AR R
FZHLH AU CNN-LSTM-Attention [ 4% 5 B — i J3
P2 LSTM #5514 BP st H kR JE T RS
7 | 3B B Al Ak K P57 A% S DU B4l X L CNN-LSTM-
Attention %% TLSTM FAI N BP 15t 4% 55 1 45 AU 1) T3
WS | I # 1R A CNN-LSTM-Attention B 4%  LSTM
BRI BP 5t A% S AR | Ry BT IF 425 | S 3 Al bk
IR TR 2%
3 E%CmnsmummMnm&ﬁﬁgﬁ%%
X Z AP SIS R T
/N7 A AR AR A
A B T B HDL 1) 0000 2550 2R 5 AN A A R K
FHOG , TE X A ) A5 750 e 2 %, TR i s 9 00
Wbk, 4R LR SR T L1k
KR N5, SR 1 1 22 TR S 5 0F 58 B
Jite TR BT 121 22 85 X8 A AR Ak /N AR RS AR

3.1

DRI S W S SR AR Y O HEE U2 4K
BURHIBGT R, R U] O S A AN 0 AR T 2
FRE R Fe b G BT BE S, D
@}{‘Eﬁ%{ti*ﬁﬂ( Rl HSS jfﬁiﬂ) A Benz 7E R AL 1 5
A (HS AL ) BLAl b etk i g, 5% 11 4> HS 7‘%;%(
52 APNAESE LR A i T AR/ AR X RI
it o7 A5 P AL e Qﬂﬁ,E%ﬁ%ﬁif)uﬁ%i@ﬂﬁ%ﬁ,
DX n a8 I, SOLE R e T O I R B AR
HFREYUHZ TR S B,
BT HS BRI 24050, HSS BRI 75 2 1
SE B/ NSRS ECN S E R IR B VIR Gt R
ELSYRLAE vy, o, P 455 B % N PR A 46
TEGR DS B G 50 R, ATV &8 A (1) A
(2) FEATAGSE
G?=33(Z?l;ey

(D

1
—[2¢'(1 + cos2¢’) — o' (1 +K,)sin2¢’]

Yo7 = 96,

(2)
P e AALBRLL; o NAMBR I, o INES
s o AR EN 15 K, Bk ik 1 REG 96,
AR - T A I 0L 1K



68 s THAR (330

555 &

3.2 FUERH R S 4

PR AR B AE BB 3 K 0E HEAE 10 LA B A
ST AR FH B TT R AR 2 S 34 47 0 I B S 1 (i A
L, BUEBUN | AT BRI SRR 3. Sm, B
U Bl 2 SR A 52~ 55m, B E Ky 25m , I/
TSRO XA S5 R e, AR AR /N
I AR AL, HAREAY B AT SR T AR SR T HEA TR 4N
SR B BT AT AU, 34 R T 2 s v L
WK R FHAE 4 53300 73 19 75 =X R B — s YU L A A
W AR N AR I SR DU IR B i e . AR
FH 10 S5 ST A BT AN AR SR FHAR A TTHY 6 45 5
BTG, B SR R Y 3 45 Mot il 5t
T P TT 2% 6 A AR S 254 22 1) 4 422 fi , 235 440 (] 42
ISR AN S A5 B Al 1) S R B A AR
WA . BRI TR I A 3R b T A, A T 44 2R P
IRV FIEE BT M2, RO BRSO BT LA 2% 8
MR KA REK Sk 8 E AR T 20m &b, 2B Be
it I B e B AR B ARAE | SR 5 T2 BT, T2
T Vb N O N S AR T I B G
UK, REF T et BN,

)55 1 20 g JLA AR B T 5 SC ARk kL2
BB S SCEEHL T 20m Ab, 4nEk 2 s

2) 55 2 25 T SRR g LA RS

3) 55 3 A0 R T IEHR A AR S A 2 A S L -
PRI , 53 A%

4) 55 4 5 B E I Z TP BRR At
LR FFRTHRA,

BAUZE RN 8 Fizs AL % e KAZIE Ny

40. 12mm , FERERAFIE N 41. 25mm , i KDL HP4E
HTEHLR LT 5. 5m A4y, HAEARRIREE T, SR AR B
TG AN TP &R 0 A8 I8 B H 30, 150 B S 4 45 4 M 2
K CHERIFR/ N T 2RI 2257/

A /mm
0 10 20 30 40

or BT AR

-2 A N SE- 3
e
mor
B-8r
101
—12r
_14L

B8 MR

Fig.8 Deformation of steel sheet pile

TEUIEYT AR T 15 152 7 85 K BT iR s 4
B 3BT, i 9 FroR, FEBUME 10 AR T | KAE N
40. 53mm , (. THEGURHS, FEYIHUR & R IE
I B KB N 60. 21mm, 37 T B 37 JEE 3 v o5 5 JE 470
WA A i 3R TR, LR B KAB M 10, 25mm, £ F
FEHUMEE 1~Sm WS, dtn] DA DT 44k
N EEH P 4. O REHEUT
1. 75 A5 FHHE VR BE A LT AN 4% ) 50 P o B AR T
QFEHTJECHB A A K Ay 170 BE I A 44 1 5 e A A i
] LR ARIE T AR i A H AR TR EAR R, 5
R AR T A AR TC VR AE AR IR I 25 B, HLAE IS
AR RE T BT, AR 32 IG5 B 5 W TG AR
AR | (i 15 AR AR T X Sk A 4 w7 370 1T 5 370
JE LT Tm R SESTMEE

x2 HSSKREFTESH
Table 2 Soil layer parameters of HSS model

+)2
2 M @ Bt @, WRR OBEHL L. g g ©, HT
WA+ WD HLJe BRBR A
Z/m 1.1 2.6 3.7 5.8 8.8 14.8
¥/ (kN - m™) 18.5 18.2 18.2 18.6 18.8 18.8
Yo/ (KN + m™) 19 18.7 18.7 19.1 19.3 19.1
EX/kPa 4000 6 000 5000 18 000 28 000 45 000
E™ /kPa 4000 6 000 5000 18 000 28 000 45 000
E"'/kPa 12 000 18 000 15 000 54 000 84 000 135 000
G /kPa 7933 8 737 7 240 70 940 75 940 80 215
Yo.7 7.51x107* 1.07x107 1.80x10™* 4.20x107* 1.00x1073 1.2x107°
¢/kPa 10 12 5 7 10 24
@/(°) 18 10 15 33 31 35
W/ (°) 0 0 0 3 1 2
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Fig.9 Cloud map of soil displacement in foundation excavation
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Fig. 10 Comparison of forward modeling results
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Table 3 The parameters after correction based
on the CNN-LSTM-Attention model

¥ +J2
- QMIF+ B+ M E )R @, ¥y
Z/m 5.8 8.8
v/(kN + m™) 18.6 18.8
Y/ (KN« m™) 19. 1 19.3
EX/MPa 12. 495 31.92
E™ /MPa 12.492 31.92
E™/MPa 37. 476 95.76
G /kPa 49 232 86 571
Yo.7 4.20x107* 1.00x107°
c¢/kPa 0 0
/() 33 31
P/ (°) 3 1
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Fig. 11 Results of comparison between forward and

inversion and measured values

Myl 11 AJ 21, 2855 CNN-LSTM-Attention S Vi 5%
RN ZR 581 RO AR A, 76 0~ Tm IRBE DY,
A BRI A — B EE AR AR T A9 AROATE 1) K S 8% T
233 CNN-LSTM-Attention JiZ i A5 59 () Il 4 5 16 1
S, ST 1A PO 5 S 0 1) X6 RS RE A 3 T
PNGEST=

4 EF BP,LSTM, CNN-LSTM-Attention 3 Fhi&
B R EWMMS BB E D

4.1 AN[EBIRITIN 25 5T o B

DL 144 AR AR K S50 7 B0 Ry il 5
A+ TR s ATz 8 BP BIRIDL K LSTM
B3 34T XF FE , ¥ CNN-LSTM-Attention £ %1 55
XA E SR R P A A A H [R]AE  RR E AE a
FFINRTM , o0 BT 45 3 Z@M R A+ B+ 8
WHZ 5% 4 2@, BrabikAT 5 8 5w CE g
FHTA], 3 P A T 285 SR an i 12 Fow

- T =
LSTM R

~A- BP R T g )
CNN-LSTM-Attention RIFHH iz
(U STSETE K6

50
? B[] 7K PALES/mm

g
’?‘é ONRFEL. Bt HBER
al :—/‘“._/‘> onw
/
10—
0 50
B K AL fmm
B 12 SRARAE KT B T E X b
Fig. 12 Comparison of predicted horizontal

displacement of steel plate pile
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Fig. 13 Comparison of prediction accuracy of vertical

RMSE

horizontal displacement
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Table 4 Evaluation index of prediction model

CNN-

N I >, .

Ti{J LSTM- LSTM o fre BP N i

B i R/ % B/ %
Attention

MAE 0.061 2 0.1253 51.1 0. 095 35.8

MAPE 0.497 0 1.1156 55.4 1. 056 52.9

RMSE  0.109 9 0.126 8 13.3 0.118 7.5
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