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Abstract;:  To address the reliance on a single factor selection approach in traditional dam deformation

prediction and the difficulty of comprehensively capturing complex inter-factor relationships among high-
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dimensional influencing factors, a factor screening method based on the fusion of multiple algorithms was
proposed and applied to construct an LSTM model using optimally factors. Specifically, influencing factors
were selected separately using the correlation coefficient method, neighborhood component analysis
(NCA), and least absolute shrinkage and selection operator ( LASSO) technique. The results from these
individual methods were subsequently integrated. Since correlations exist among the factors, highly
correlated ones were further eliminated using symmetrical uncertainty (SU) , thereby an optimized factors
set was obtained. The selected factor set was then used to develop a dam deformation prediction model via
an LSTM network. A concrete-faced rockfill dam in Xinjiang was used as the case study. The model
performance was evaluated using root mean square error ( RMSE ), mean absolute error (MAE) , mean
square error (MSE) , and the coefficient of determination (R*). The results demonstrate that, compared
with traditional factor selection methods, the proposed multi-algorithms are integrated and factors with
significant influence on dam deformation are comprehensively and accurately identified. MSE is reduced by
20.11% - 59.09%, RMSE by 10.61% - 36.05%, and MAE by 9.95% - 37.86%, and a superior
predictive model was obtained, compared with models using conventional factor selection methods. For

specific monitoring points, the maximum reductions in MSE, RMSE, and MAE reach 53.5%, 31.9%,
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20254F

and 34. 7% , respectively, while the highest R* value attains 0. 986 0.
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Fig.1 Construction process of LSTM deformation prediction model with multi-algorithm fusion factor screening
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Table 2 Impact of SU threshold on prediction performance

Ms | SU BIME ﬁfﬁ RMSE MAE R?
0.7 9 0.7214 | 0.5921 | 0.964 0
0.75 8 0.6882 | 0.5578 | 0.970 3
J-06 0.8 7 0.6650 | 0.5324 | 0.974 8
0.85 5 0.6731 | 0.5420 | 0.9715
0.9 4 0.7028 | 0.5623 | 0.9659
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0.75 9 0.7932 | 0.670 1 | 0.967 1
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Table 3 Comparison of the prediction performance
of the screening methods
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Table 4 Evaluation indexes of each model

HH % 4 Il 5 A] %0, LSTM #5575 1) MSE %%} [t
FERIFEAR 25. 4% ~ 53. 5% , RMSE %5 % He %% 2 [ A%
13.6% ~ 31.9% , MAE %% % Ho A& A B A% 10. 5% ~
34. 7%, F£ J2-02-1 i &, LSTM #81f) MSE 382
X LSRR 17. 2% ~40. 7% , RMSE %%} AR I
ik 9% ~ 23. 1%, MAE %5 X Fb 4 B (% 4% 13. 8% ~
19.9%, 2 W LSTM 7E i= 22 & il Ly I 55 = 3,
LSTM Y R* 4351 0.986 0 #1 0.981 1,3EH] T
LSTM REHS 5 4 b 4815 58 1) B S AR A

SVRTAT R, LSTM 578 7 5 v 28 91 5 35 00 T oAt
TOOIAS TR e 0 2 E A LA B AR 1Y) R 2% ] A
Bf, LSTM BEAE 78 43I FH G I 2544 , FFe it h i e
FRARESM: S TP T FUNRS B, A2 RINASIE | LSTM
JrE IR B SR P2 AR R e A T A R
4.6 AL EENHE

R B UEASRIAE AN R B ) B T 1932 AR RE , SR
Bsf 1] )3 41 47 58 SCBIE 7 Bk pF A, FE T 2015 4R
5 H—2019 4E 10 H 3 1 638 ZHIIZREOE , Tt ] i
PR B A5 53R 5 B AR BB R Bk 4 |
R BCBHRE I ZRER . BT TP ZR4R (5 T2 80%,
B UEAE (5 H 2 20% , 56 31F 45 15 8] 4 2 i I 2R 4
AR AT B G B R AT A i P g e I, 2 A
WA SRS R L3R 5 3R 6,

x5 MR J-06 = XIIESEXERITLE
Table 5 Comparison of cross-validation and

original results for J06

B HEA IR MSE RMSE MAE R?
JESCMRAE | 0.2457 | 0.4957 | 0.3985 | 0.986 0
E K 0.2483 | 0.4983 | 0.4012 | 0.9856
ERE 0.2517 | 0.5017 | 0.4038 | 0.985 1
ERED 0.2431 | 0.4931 | 0.3952 | 0.986 5
VD 0.2534 | 0.5034 | 0.4068 | 0.984 7
%59 0.2496 | 0.4996 | 0.4019 | 0.9855
TXEAE | 0.249 2+ | 0.499 2+ | 0.401 8+ | 0.985 5+
-1 0.0039 | 0.0039 | 0.0044 | 0.0007

F6 MAE J2-02-1 TXBIESHE LR 3TEE

M| PR | MSE RMSE MAE R? Table 6 Comparison of cross-validation and
XGBoost | 0.5294 | 0.727 6 | 0.610 3 | 0.969 8 original results for J2-02-1
BEHLARAK | 0.467 1 [ 0.683 4 | 0.4969 | 0.973 4 AR MSE RMSE MAE R
J-06 | LightGBM | 0.430 9 | 0.656 4 | 0.503 4 | 0.975 5 JECISE | 0.4529 | 0.6730 | 0.5090 | 0.9811
GRU | 0.32930.5738 | 0.4450 | 0.981 2 ol g 0.4582 | 0.6769 | 0.5143 | 0.9805
552 0.4627 | 0.6802 | 0.518 1 | 0.979 8
LSTM | 0.2457 | 0.4957 | 0.398 5 | 0.986 0 ;g T 0475 o669 05037 (09820
XGBoost | 0.764 3 [ 0.8742 [ 0.635 8 | 0.968 1 4T 04538 1 0636 T 0502 098009
BEHLARK | 0.6007 | 0.7750 | 0.627 1| 0.974 9 #s9 | 0.4591 | 0.6776 | 0.5150 | 0.980 2
J2-02-1| LightGBM | 0.565 7 | 0.752 1 | 0.594 2 | 0.976 4 URAE | 0.456 3% | 0.675 4= | 0.512 3= | 0.980 7=
GRU | 0.54710.739 6| 0.590 4 | 0.977 2 Ty 0.0061 | 0.0047 | 0.0058 | 0.0009
LSTM | 0.4529 | 0.673 0 | 0.509 0 | 0.981 1
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