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Abstract [ Objective] To address the issues of prediction
delay and accuracy degradation caused by incomplete deforma-

tion monitoring data in metro foundation pits, a prediction

method based on a CNN-GRU ( convolutional neural network-
gated recurrent unit) neural network is proposed and verified.
[ Method] A data sample set is constructed using incomplete
foundation pit deformation monitoring data and missing monito-
ring data from nearby monitoring points, and then input into
the CNN model to complete data imputation and obtain contin-
uous and complete monitoring data. Wavelet decomposition is
applied to extract low-frequency trend components and high-
frequency error components from the deformation data. The
GRU neural network model and ARMA ( autoregressive mov-
ing average) model are respectively used to predict the low-fre-
quency trend and noise components, which are then combined
to yield the final deformation prediction results. The foundation
pit project at a metro station in Nanjing is used as case study to
verify the effectiveness of the proposed method. [ Result &
Conclusion] When the proposed CNN-GRU-based prediction
method is applied to foundation pit deformation data imputation
with missing rates of 18.5% and 10.1% , the resulting predic-
tion errors are 1. 926 6% and 1.274 6% , respectively, and the
prediction accuracy improves by 35% and 6% , respectively.
These results demonstrate strong data recovery capability and
high reliability of this method. Compared to the GA-BP neural
network and LSTM prediction methods, the proposed method
improves prediction accuracy by more than 100% and effec-
tively addresses the issue of prediction lag. The accuracy of
this method could meet the requirements of practical engineer-
ing applications.
Key words metro; foundation pit deformation prediction

method; CNN-GRU neural network; incomplete data

ey ATRIPO MR YNIAE S 782 i) <K
PRAEHEST 2 42 107 i AT B AL
22 0 28 H AR R AR G Y €0 1) B dls b B O3 A BE g A R
M2 Tz, RZEEMHAL
P22 285 0 FE BT T e v ) 728 R s ) K 3 2R AT

# B R A AP G0 H (52278369 ) 5 BB T RS2 5 + VU WFE AL 077 QU3 22 0T H (CX2022165)

« 32 .



£ 6 1

AbTRAIHT , LIS B LS SR AR a3

PESEGT IS A rp W S R KRR T3
M) 5 A1 2R 5 s U 00 5 0 38 e e 2 o 2 ) A T 4
P gt 7 FEGTAS Y 10 AL AR ) K i ik Ok S AR T
AU 45 SR 5 FOORG B e Y ) T S B i A T
W28 S TJC 7238 12 L br T AR R oK . /e T 364 il %
PRI B T — g K, e 4 30 U A 4 (B 1k
DI I AME B BEoR . RIS IR IE YT S S5 01T
PG, G Y 2 BRI $2 08 5 BBl 40 45 4 P 4h
JE 712515 B, FEGTAMNER £ 7 2 h SE 3T [ 4 45
PN S H A 2R [ AR i 2 1 ) e s s )
BRF ST A S 43 P9 g A 000 50 i R L At W 00 5 B o 2
W R SR T 9T U5 A A7, DA 58 % i s B4k 1 18
S0 BILKE B DA 1) B AL g (151 434 1) B

R, AR SCHE Y — P 5L T CNN-GRU #ifi 5 % 4%
(BB Z M 41 THE IR B on i 2 4% ) (L 5T W
WS b 4 FARTE 0 753 , FF DA R 5t Tl e b gk I
YU AR M ], 56 UF 12245 7 B 85 0 16 52 %30 SR R 7 )
KR

1 BTN A EEARERE

1.1 ETF CNN py#iiRs s e

FIFH A0 28 ) 2% AT LK e 2 B8040 185 52 [ R 4
Ay [ 1 P S A A

FEFIF CNN LR 9F 17 45040 15 55 B, 7 24
BAREAEE | 04 58 B B A AR 4 A 2 BLH R FE A
B o TERBIRREAS A N AN 52 45 A8 TE BUH R i
B A3 X IO T 4 S At A 00 A e 2 A AR
RN 58 28 78 T2 Bl v ke 2 3 43 o 1oz H 309 19 3L
b W0 SRS o SO S A S B, R e A
FEASEYN 25 CNN BERY | 2 J5 1 i 2 B8040 1 A 4R
ANERGF AR RS b 0 Bk e Bl ORI HOH R 2
ANTEE AT b LA SE BB AR B 1B 4
1.2 ETF GRU #HEZMEHERTEIN A &

GRU #1450 4% j& RNN (1§ 25 i 28 9 2% ) 1) A2
A X AR OC R HAT B A 2 e T, TR L AE )
JF R Py T A LR . SR W
B 1S — P R Y B R RS

5 R B L AT AR T W A A R R R A
P B H A GRU i1 25 9 2% vh F5 0 23 2 K
REEARRTIUIOHS 2, 5007 0 A iR AT AL B, /N 43 B
JE— A E A e 8 s A B 5 15, 6 iU Ak 2R
D7 LA ARE A B, mT DL A 43 B HRHE v e g s

EX S X

(i, PRAF AR h RS B Fis s 2 P
DI 728 1 S0 v, % Mg s i (158 2 43 ik ) R b 37
PR B ER, SR sy e AT S {H 3%y
T B2 1 BB FRAE 25 2 2 s TR0IORS B R B
PR, A S0 BRI T GRU fil2: M 45 Fil ARMA (H [5]
VA B F-347) AR 53 50 Xof AV AT s A o ek T M P
HEATIRIN , P T 45 SR O A5 B S5 42 I T
g
1.3 E-F CNN-GRU #£ W 2& 19 & n T 7 F il
Fik

F e RS T i ALY 2 —Fh Rl AN 8
£ T 3T CNN-GRU #ift £ X 4% 114 JE 50 A48 JE 1 7
o ZONEEERBM T O #EBREAEARE,
15 58 HE B RE A LR T B B FEAS 4R 5 Q8 b 4
&5, R CNN [m] =% Sk R (B TR 2B 2, LIS
B 50 47 2 1) FE G AR Y WE D Ek 4 s BB 4 e, Al
FHZINEE 3 it 4 BBOTE T W W00 450 4 v R0 s 34 43 2 A
AR 25 0 i G H - U, {5 F GRU #1221
ERATARY | SRATAVR I $5 A 1 o 0 5 SR R o 0 4 2%
SR 00N 3 2 R R 25 A3 i 45 5 B U A 1R 22 40
i @R IO, A ARMA 580X 8 A4 15 22
Sy AT IO, a1 2 43 FO 25 2R © R
ST 25 TR 108 2 T 0 5% S TR b AN 900 3% O o
(E IR a2 SRR e

2 SLHBIEIE

2.1 TIiE#ER

B A Ak R T A K 2322 m, AR fE B
BUsaRE Sy 23.1 m KA K 16,86 m, FEh & 2554
R, R A FLHE MR HERE + NS S P
o TGN PN 25 32 22 00 7% W I S 45 2k 0y s
AR W D 4, JHL v A S AT T A7 B A )
24 4~
2.2 BREREEEEIE
2.2.1 MEREHRE

TREURETH 7 % Wil 25 ZQS9 i1 ZQS10 [ 2021
43 H25 HE 12 A 24 HIE275 d W IEEEE A
JRIREE . PR W S o3 R 2R 51 RIS 28 K
1) W 5 B, k2K 80331 Ry 18.5% F110. 1%

SR BRI RAN RS B s DAL — 25 00, 5 Ak T00
N F% W I ESCHE A S A 70 R AR S R AR 4 BT 3 3
SCPEN T TR K KA W B 1 R AR AL 1) AR
FEA R e B 4 o e 2 B0 2 A 455 i K B

.33 .



URBAN MASS TRANSIT

FEALE AR S8 B B REA S PR I3
2.2.2 BAEANE

FIFISEBBRREA SR UI 25 CNN BT ik
SRR EA i AL i 4 R R Bl ) A A, 7
FHEIAN BT IR A S & s T, RIVSE sk s 2
MIERE . Hha)E IS TRETI O RIS REth £ LI 1

10

_______

fir#%/mm
T

ETS ¢ipie 7089
i ——7QS10

,,,,,,,,

PIL kb SRR T A2 i 7 2k
Fig.1 Foundation pit pile top displacement time-history curve

after data completion
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after wavelet decomposition
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Tab.2 Comparison of pile top horizontal displacement prediction accuracy by different methods
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