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Abstract: To predict the time characteristics of data more accurately in foundation pit engineering, two single time series
neural network models are combined, the convolutional neural network (CNN) and long short-term memory network (LSTM),
as well as the gated recurrent unit (GRU), to establish a hybrid time series neural network model CNN-LSTM and CNN-GRU.
An excavation project of a foundation pit adjacent to an existing station in Hangzhou is selected, and a rolling prediction
method is used to create a dataset of surface settlement caused by excavation of the foundation pit in the adjacent subway
stations. The predicted results are evaluated by three evaluation indexes: mean absolute error (MAE), mean relative error
(MAPE) and root mean square error (RMSE). The results demonstrate that the CNN-GRU has the best prediction effects,
followed by the CNN-LSTM, GRU and LSTM. Compared with the LSTM model, the CNN-LSTM hybrid network model
reduces the three evaluation indexes by 24.4%, 53.8% and 4.1%, respectively, and the CNN-GRU hybrid network model
decreases by 13.9%, 49.1% and 1%, respectively, compared with the GRU model.

Key words: excavation of foundation pit; deep learning; convolutional neural network; long short-term memory network; gated
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Fig. 7 Comparison of predicted surface displacements

HE 7 ATAT, 4 PSS TINS5 R85 RE i B R
WL RS SR AR A 3 T B — B 2 I 2 A5
LSTM HEAYHT GRU A58 1514 A Tt 380 b 3 by e 2]
BEFCHIAR L, H LSTM R BRI & BE A2, X T]RE
T TN % 22 W8 A I R A K R N R AR, 51
LSTM #5784 TR i 0 S5l A 2 S 120 e dh, MR i
VIR RN R  FR A B2 AR LIS &R, LSTM
BRI GRU FERY EARBENS A FHAR L L[]8, [H /2 AE /)

FEABRE LN A] B TCIEAE MR P2 B 2 26 i A 2k
PEA AL, ST TR A N B S AR DG R . X T
TRA 2 P 28 457, CNN-LSTM #7 F1 CNN-GRU #
RUFRI R T B — 2 B AR, HX T H R i
DT 38 S (1) AR A AT R P T AR o X W] BESEAE
CNN AR E 0 2 AR AE SR HUEF T, LSTM AR UL
Al GRU A4 5B 5 U A P2 255 o 1) 25 [ R AE AN
FIMH R 2R
3.2 FMEERAMIER

Kl 8 72 4 PHSTARL TN 25 SR T3 465 % 22 MAE.
SEIAE X R ZE MAPE 1337 #R 1% 22 RMSE X} HE o
8 FAET LA H, T FRZ5HRZE MAE, 4 FifERl i
MEERIZIAE 0.1 AR, Bl 4 Rl R Fum g 25N X
TR ZE RMSE, 4 FBAIF S5 B AT 0.1
e, B4 MR A B G RE T . X T P44
X% % MAPE, CNN-GRU #¢/y, H:%K/& CNN-LSTM
BifY, SRJG2& GRU BB, fE/& LSTM HiAL, AP
CNN-GRU #8 BA A ) il afite. & 1 25—
R o1 225 9 8% S A FRL R ) o1 2 ) 4% T 0 i 7
RS XS L. 3R 1 A%, FHAES T B — i e
L& FRMIBLAY LSTM BEAYFI GRU B, JRA I FHp
I 2% TR RS CNN-LSTM A7 Fil CNN-GRU #71 H
HRIFRAER . X T P4 %R 2 MAE. P44}
"% MAPE A7 Hi% % RMSE, CNN-LSTM 7
B LSTM FEBL 3K T 24.4%, 53.8%, 4.1%,
CNN-GRU ##%: GRU iR AR BFKT 13.9%,
49.1%, 1% LRI, FRAESEEUE ) LSTM AL AN
GRU 7Y 352 L B 3500 P T 2

1.4

V2 1LsT™M

CNN-GRU

N
]
ta90a%%% %%

X
X
o
35
%%

%% %% %%

RN

K5
10 %%

KRS

RRK

XK
5

R

XX
XX

XX
XX

XX

XX
o500
%
35

RS
%
255
QX

XX
o5 %
%
9%,

XXX

00
XXX

5%

IS
I

XX
XX

P
K

o%
£

MAE

»

RMSE
TRHIEEER
8 MhFRALIFETUNAE B XTEL
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Table 1 Evaluation indexes of prediction models

PEEIFRbR LSTM CNN-LSTM PARER% GRU CNN-GRU AR %
MAE 0.1019 0.0819 244 0.0902 0.0782 13.9
MAPE 1.2779 0.5909 53.8 1.0970 0.5581 49.1
RMSE 0.1251 0.1199 4.1 0.1185 0.1174 1.0
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