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Abstract: [Purposes] Underground pipeline settlement is a key parameter during the construction of
rectangular pipe jacking tunnels. Traditional prediction methods mostly rely on empirical models and
statistical analysis, which struggle to accurately predict settlement in complex tunnel structures.
[Methods] To address this challenge, this paper proposes a Self-Attention mechanism integrated
prediction method for underground pipeline settlement based on particle swarm optimization (PSO)

and a long short-term memory (LSTM) neural network. First, the Self-Attention mechanism is
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introduced to adaptively assign different weights to different time steps, which enhances focus of the
LSTM neural network on critical time points and is conducive to capturing important information from
the time series. Next, the PSO algorithm is used for hyperparameter optimization of the LSTM neural
network to ensure that it can process the input data with optimal configuration. The LSTM neural
network is responsible for extracting temporal features from the input data and capturing long short-
term dependencies. Finally, the model outputs the predicted surface settlement through a fully
connected layer of the LSTM neural network. To verify the superiority and robustness of the proposed
algorithm, a dataset of underground pipeline settlement was constructed using measured data from the
Changsha Metro Line 6 project. The prediction performance of pipe jacking settlement at different
tunnel locations was compared using the LSTM, LSTM-Self-Attention, and PSO-LSTM-Self-Attention
models. [ Findings] The results show that the PSO-LSTM-Self-Attention model outperforms the others
in terms of mean squared error, root mean squared error, mean absolute error, and the coefficient of
determination. [ Conclusions] This study validates that the PSO-LSTM-Self-Attention model exhibits
superior performance in predicting underground pipeline settlement.
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Fig. 1 LSTM neural network
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PSO-LSTM-Self-Attention | 0.086 0.293 0.216 0.367

56 &A% W 4k https: //jtkxygc.

831 —— S
M~ ——PSO-LSTM-Self-Attention
/\ [ ——LSTM-Self-Attention
8.0F ~—LSTM
N - PSO-SVR
: N
&75¢ -
= \‘
7.0}
6.5 L L L 1 L ]
0 5 10 15 20 25 30

R[] /d
El6 AERFRMLER(GXT % &)
Fig. 6 Prediction results of models (GX7 pipeline)

45 —— LA
+—~PSO-LSTM-Self-Attention /\H
—=—LSTM-Self-Attention /A ,I'I
~—LSTM A P ;-\ 2
4.0F  ——PSO-SVR / '\,L_,j-* 7'“7"'\%"“:-/\\;5 A
£ N 0 A%
S35l / ,’;,/ el
& ' 1 A, ;7
= ey /f\\ T~
AP v
3.0+ ”\V, 'j v
<
N
25 1 1 I 1 L 1
0 5 10 15 20 25 30
Hif i /d

B7 BAEFRR LR (GX14F LK)
Fig. 7 Prediction results of models (GX14 pipeline )

csust. edu. cn/jtkxyge/home



%14 BE, 5 ab 82 S AMAE Y PSO-LSTM ¥ F % & i Fum 7 %

4.0r
—— SN
—— PSO-LSTM-Self-Attention ~\
3.5F ——LSTM-Self-Attention b ) \'\ -
= | T Hos AN AN |\ A
E FSO-SVR [ = A
& 3.0k I." ://Z‘ - \\/ 3 --.|l| : ¥ 2
,L,\. . ."ll ;’//.—_:F"“-"—‘H,A—A._/‘F:_h"_"’:ﬂ}-
._'_{ ._.“.___‘. —d /(.;_.
250 PA R\ A A
NV
2.0 L L 1 L 1 1
0 5 10 15 20 25 30

i R/d
E 8 AEAFM LR (GX17F &)
Fig. 8 Prediction results of models (GX17 pipeline)

—e— S
13.0f —— PSO-LSTM-Self-Attention
+— LSTM-Self-Attention }
~— LSTM \
125
g
g
;@12.0“
IS
11.5F*
11.0 1 1 1 1 1 1
0 5 10 15 20 25 30

i 1a]/d
B9 AT 4R (GX18H LK)
Fig. 9 Prediction results of models (GX18 pipeline)

5 Zig

ASCERH T —Fh G A R 1AL B PSO-LSTM
MR A LR TR IO AR AY | XoF IOV ok T bt T 5 | S A M
LR DIREVEAT T 90, £ 2 TAE R E5e IR .

1) VR 2% 2 B O TOUAS Ik 3 b T 45 4R DT R 1 T
DERAE T B ] DA YD i 3838 6 55 26 it T4 bk
T T S0, ARBCT 31 40K 0k 168 d (1l R B LUt
W KA | 300 3 X PR BB 1 b 1% 4 2R B8 T TR A 1Y
YIRAHm

2) ARSCH ARG H I HLH Y PSO-LSTM Hb
LD TR RIEE ST H R AL R LSTM #
ZeL AL o, LA el g M L T A Ay 0048 U7 o it
) — i A R0 B T B, T o 2 TR R A — e Y
2%,

5 % ik (References) :

(1] BZ2ae, XVee, 2o . 3 ROE 00 g 1 A IR K Tr
Wi 49 B A Ml B2 BT (D], B 5 B8 5 0, 2023,
13 (11) 181-184. DOI: 10.19981/j. CN23-1581/
G3.2023.11.044.
MA Anzhen, LIU Yang, ZUO Xu. Application status

[2]

and technical problems of rectangular pipe jacking tunnel
in China [J]. Technology Innovation and Application,
2023, 13(11) : 181-184. DOI: 10.19981/j. CN23-1581/
G3.2023.11.044.

SRIG I, MR, 4B, R8T i X 4R
TR T 1], 4 TR, 2020, 42 (3 T
2): 244-249. DOIL: 10.11779/CIGE2020S2043.

ZHANG Zhicheng, LIN Si, WANG Jinchang, et al.
Influences of pipe-jacking of rectangular utility tunnels
on adjacent pipelines [J]. Chinese Journal of
Geotechnical Engineering, 2020, 42 (sup 2) : 244-249.
DOI:10.11779/CJGE2020S2043.
MA W, WANG B, WANG X,

disturbance caused by pipe jacking: measurement and

et al. Soil layer

simulation of a case study [J]. KSCE Journal of Civil
Engineering, 2021, 25(4): 1467-1478. DOI: 10.1007/
$12205-021-2262-4.

LI X, LI P, LIU X, et al. Surface subsidence pattern of
construction of pipe jacking in water-rich sand layer cross
passage measured and numerical simulation analysis [J].
Structures, 2024, 60: 105949. DOI: 10.1016/j.
istruc.2024.105949.

FA AR, JRHh, SRET, S RN TR T0UE i TR BE A
B WM [J]. TR J1 %%, 2024, 41(5) : 1-12.
DOI: 10.6052/j.issn.1000-4750.2023.11.ST05.

FENG Tugen, ZHOU Kun, ZHANG Jian, et al. study
on the impact of large cross-section rectangular
pipejacking construction on existing pipelines [J].
Engineering Mechanics, 2024, 41 (5) : 1-12. DOI:
10.6052/j.issn.1000-4750.2023.11.STOS.

Xkt , BOHY, BFPR S, A5 . BREN LR TE VS i 1
IR AT (1], BAR TR, 2023, 56(3 1) 2) -
157-162. DOI: 10.15951/j.tmgcxb.2023.s2.wt10.

DENG Ting, HUANG Maosong, SHI Zhenhao, et al.
Ground deformation response induced by jacking process
of deep rectangular tunnel in soft clay [J]. China Civil
Engineering Journal, 2023, 56 (sup 2) :157-162. DOI:
10.15951/j.tmgexb.2023.s2.wt10.

RIS, RSB E , MRz i, 45 L aQDUE B AE ] T8 gk th A
11 it T A 0 S R R B [ ] BRI 215, 2013,33(5) :
354-361.D0O1:10.3973/j.issn.1672-741X.2013.05.004.
CHEN Cong, ZHENG Xinding, CHEN Yangxun, et al.
Construction monitoring
first
constructed by rectangular pipe jacking method in Wuhan
[J]. Tunnel Construction, 2013, 33(5): 354-361. DOI:
10.3973/j.issn.1672-741X.2013.05.004.

FANG K, YANG Z, JIANG Y, et al. Surface subsidence

characteristics of fully overlapping tunnels constructed

and numerical simulation

analysis of the metro entrance/exit tunnel

using tunnel boring machine in a clay stratum [J].
Computers and Geotechnics, 2020, 125: 103679. DOI:
10.1016/j.compgeo.2020.103679.

A5 W Ak < https: //jtkxyge. csust. edu. cn/jtkxyge/home 57



5 T 2 %41 %

[9] YANG X, LI Y. Research of surface settlement for a
single arch long-span subway station using the pipe-roof
pre-construction ~ method  [J].  Tunnelling  and
Underground Space Technology, 2018, 72: 210-217.
DOI: 10.1016/j.tust.2017.11.024.

(10] 2049, TR H K, JEEE . DU 15 RS i AR s e

Pr Xk s oF e [J]. A e 5 TR 4, 2004,
23 (3) 476-482. DOI: 10.3321/j. issn: 1000-
6915.2004.03.022.
WEI Gang, XU Riqing, TU Wei. Theoretical analysis
and experimental study on soil disturbance caused by
pipe jacking construction [J]. Chinese Journal of Rock
Mechanics and Engineering, 2004, 23 (3) : 476-482.
DOI: 10.3321/j.issn: 1000-6915.2004.03.022.

[1T] RGHE, R, W IR . 2 U i =48 ) A R B

WA SR AT A £ TREAR, 2003, 25(4) : 492-

495. DOI: 10.3321/j.issn: 1000-4548.2003.04.024.

ZHU Hehua, WU lJiangbin, PAN Tongyan. Theoretical

analysis of three-dimensional mechanical model of

curved pipe jacking and its application [J]. Chinese

Journal of Geotechnical Engineering, 2003, 25(4) : 492-

495. DOI: 10.3321/j.issn: 1000-4548.2003.04.024.

SRITIT A PHBH , BR A, A L ORI IR A R AR R TOUE S S

R AT R[] a £ TR AR, 2025,47(1)

184-191. DOI:10.11779/CJGE20231118.

ZHANG Kunyong, LI Danyang, ZHANG Meng, et al.

The analytical solution of large section pipe curtain box

[12

[

culvert jacking onsurface deformation [J]. Chinese
Journal of Geotechnical Engineering, 2025,47(1) : 184-
191. DOI:10.11779/CJGE20231118.

[13] 7™, )il Seitl, 45 . 36T Peck 24 T X 28 6 %
TH it T M D DT R T (T). 28 sl BB, 2015,
32(1): 110-115, 139. DOI: 10.3969/j.issn. 1002-0268.
2015.01.018.

YAN Jian, HE Chuan, WU Haibin, et al. Prediction of
ground settlement for highway tunnel construction in
Xizang based on Peck formula[J]. Journal of Highway
and Transportation Research and Development, 2015,

32 (1) : 110-115, 139. DOI: 10.3969/j. issn. 1002-
0268.2015.01.018.

[14]HU D, HUY, YIS, et al. Prediction method of surface
settlement of rectangular pipe jacking tunnel based on
improved PSO-BP neural network [J]. Scientific
Reports, 2023, 13: 5512. DOI: 10.1038/s41598-023-
32189-0.

[15] XU C, LIU X, WANG E, et al. Prediction of tunnel
boring machine operating parameters using various
machine learning algorithms [J]. Tunnelling and
Underground Space Technology, 2021, 109: 103699.
DOI: 10.1016/j.tust.2020.103699.

[16] HU M, LI W, YAN K, et al. Modern machine learning

techniques for univariate tunnel settlement forecasting: a

comparative study [J]. Mathematical Problems in
Engineering, 2019, 2019(1): 1-11. DOI: 10.1155/2019/
7057612.

[17] CHEN R, ZHANG P, WU H, et al. Prediction of shield
tunneling-induced ground settlement using machine
learning techniques [J]. Frontiers of Structural and Civil
Engineering, 2019, 13(6) : 1363-1378. DOI: 10.1007/
s11709-019-0561-3.

(18 ] 5 . AR et DX 35 Tt 1 T 9 g s D00 55 70
HrlT). A+ TR, 2019, 413 F] 1) : 201-204.
PAN Weigiang. Monitoring and analysis of ground
settlement during pipe roof construction of pipe-jacking
groups in soft soil areas [J]. Chinese Journal of
Geotechnical Engineering, 2019, 41(sup 1): 201-204.

(19 ] W2, SRIGE RS . %5 1B T i 1ol 7% ) T 99C e o 501

il A e 5 TR, 2014, 330 T D)
2605-2610.
YU Jun, GONG Xiaonan. Numerical analysis of surface
settlement control considering pipe jacking construction
process [J]. Chinese Journal of Rock Mechanics and
Engineering, 2014, 33(sup 1): 2605-2610.

[20] MAHMOODZADEH A, NEJATI H R, MOHAMMADI
M, et al. Forecasting tunnel boring machine penetration
rate using LSTM deep neural network optimized by grey
wolf optimization algorithm [J]. Expert Systems with
Applications, 2022, 209: 118303. DOI: 10.1016/.
eswa.2022.118303.

[21]HUANG H, CHANG J, ZHANG D, et al. Machine
learning-based automatic control of tunneling posture of
shield machine [J]. Journal of Rock Mechanics and
Geotechnical Engineering, 2022, 14 (4) . 1153-1164.
DOI: 10.1016/j.jrmge.2022.06.001.

[22] XU H , ZHOU J, ASTERIS P G, et al. Supervised
machine learning techniques to the prediction of tunnel
boring machine penetration rate [J]. Applied Sciences,
2019,9:3715.

[23] CHEN L, TIAN Z, ZHOU S, et al. Attitude deviation
prediction of shield tunneling machine using time-aware
LSTM networks [J]. Transportation Geotechnics, 2024,
45:101195. DOI: 10.1016/j.trge0.2024.101195.

[24] YANG Y, LIAO S, LIU M. Dynamic prediction of
moving trajectory in pipe jacking: GRU-based deep
learning framework [J]. Frontiers of Structural and Civil
Engineering, 2023, 17 (7) : 994-1010. DOI: 10.1007/
s11709-023-0942-5.

[25] KANG Q, CHEN J, LI Z, et al. Attention-based LSTM
predictive model for the attitude and position of shield
machine in tunneling [J]. Underground Space, 2023,
13: 335-350. DOI: 10.1016/j.undsp.2023.05.006.

[26] GUO M, LIU Z, MU T, et al. Beyond self-attention:
external attention using two linear layers for visual

tasks [J]. IEEE Transactions on Pattern Analysis and

58 A5 W Ak < https: //jtkxyge. csust. edu. cn/jtkxyge/home



%148

B & F b 8iEFE A G PSO-LSTM T & & T EFam 7 ik

Machine Intelligence, 2023, 45 (5) : 5436-5447. DOI:
10.1109/TPAMI.2022.3211006.

[27] PAN S, YANG B, WANG S, et al. Oil well production
prediction based on CNN-LSTM model with self-
attention mechanism [J]. Energy, 2023, 284: 128701.
DOI: 10.1016/j.energy.2023.128701.

[28] HONG J , ZHANG H, XU X. Thermal fault prognosis
of lithium-ion batteries in real-world electric vehicles
using self-attention mechanism networks [J]. Applied
Thermal Engineering, 2023, 226: 120304. DOI:
10.1016/j.applthermaleng.2023.120304.

[29] CHITTY-VENKATA K T, MITTAL S, EMANI M, et
al. A survey of techniques for optimizing transformer
inference [J]. Journal of Systems Architecture, 2023,
144: 102990. DOI: 10.1016/j.sysarc.2023.102990.

[30] KHAN A, RAUF Z, SOHAIL A, et al. A survey of the
vision transformers and their CNN-transformer based
variants [J]. Artificial Intelligence Review, 2023, 56
(3):2917-2970. DOI: 10.1007/s10462-023-10595-0.

[31] SEIFOSSADAT E, SAMETI H. Data-to-text generation
using conditional generative adversarial with enhanced
transformer [J]. Natural Language Engineering, 2024,
30: 696-721.

[32] ZHANG Hanging, SONG Haolin, LI Shaoyu, et al. A
survey of controllable text generation using transformer-
based pre-trained language models[J]. ACM Computing
Surveys, 2023, 56:1-37.

[33]LIU Z, LIL, FANG X, et al. Hard-rock tunnel lithology
prediction with TBM construction big data using a global-
attention-mechanism-based ~ LSTM  network  [J].
Automation in Construction, 2021, 125: 103647. DOI:
10.1016/j.autcon.2021.103647.

[34] LECUN Y, BENGIO Y, HINTON G. Deep learning[J].
Nature, 2015, 521 (7553) : 436-444. DOI: 10.1038/
nature14539.

[35] HOCHREITER S. The vanishing gradient problem
during learning recurrent neural nets and problem
solutions [J]. International Journal of Uncertainty,
Fuzziness and Knowledge-Based Systems, 1998, 6(2) :
107-116. DOI: 10.1142/50218488598000094.

[36] EFME, WREENE, 2R MG, 4. 25T LSTM-SVR iy
b f B DR A 00 A 5T [T]. A R AR, 2020, 44(12)

1784-1787.

WANG Yusheng, CHEN Dewang, CAI Junpeng, et al.
Research on lithium battery state of health prediction
based on LSTM-SVR [J]. Chinese Journal of Power
Sources, 2020, 44(12): 1784-1787.

[37] HOCHREITER S, SCHMIDHUBER J. Long short-term
memory [J]. Neural Computation, 1997, 9(8) : 1735-
1780. DOI: 10.1162/nec0.1997.9.8.1735.

(38 ] XA, E bl Jr, 2 MERE . REEICIC M KB FE e (1]

ML, 2021, 44(8): 1549-1589. DOI: 10.11897/
SP.J.1016.2021.01549.
LIU Jianwei, WANG Yuanfang, LUO Xionglin.
Research and development on deep memory network[J].
Chinese Journal of Computers, 2021, 44 (8) : 1549-
1589. DOI1:10.11897/SP.J.1016.2021.01549.

(39] 2= %, XIWyid, 255 . BT F U8 ) il Lattice-LSTM

M Ay 4 SRR T] T RAL T AR SR, 2021,
43 (10) 1848-1855. DOI: 10.3969/j. issn. 1007-
130X.2021.10.019.
LI Hongfei, LIU Panyu, WEI Yong. Military named
entity recognition based on self-attention and Lattice-
LSTM [J]. Computer Engineering & Science, 2021, 43
(10) : 1848-1855. DOI: 10.3969/j.issn. 1007-130X.202
1.10.019.

[40] 22, INSHE, 51k, 45 T 38tA% 50 SUIH 1 A itk

KLk [0 ] AL T A, 2008, 34(2): 181-
183. DOI: 10.3969/j.issn.1000-3428.2008.02.060.
LI Ji, SUN Xiuxia, LI Shibo, et al. Improved particle
swarm optimization based on genetic hybrid genes [J].
Computer Engineering, 2008, 34 (2) : 181-183. DOI:
10.3969/j.issn.1000-3428.2008.02.060.

[41 18R, BR2, 5254 . 2T K-means 287 1L AAH

R B 18 4 s R IR i e vt il T (0 1. W 0y A S ks
%, 2021, 41 (6) : 213-219. DOI: 10.16081/j. epae.
202103001.
TAN Fenglei, CHEN Hao, HE Jiahong. Oil temperature
forecasting of UHV shunt reactor based on K-means
clustering method and similar period [J]. Electric Power
Automation Equipment, 2021, 41(6) : 213-219. DOI:
10.16081/j.epae.202103001.

(REHEFEIR)

&A% W 1k https: //jtkxygc. csust. edu. cn/jtkxyge/home 59



