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Abstract: [ Objective ] Displacement is the most intuitive and reliable reflection of the dam’ s operating status and structural
behavior under the dual effects of internal and external environments. Establishing a scientific and reasonable dam safety
monitoring model is of great significance to ensure its safe operation. [ Methods]To address the complex nonlinear, diverse, and
time-varying characteristics of concrete dam displacement monitoring data, a two-stage concrete dam displacement prediction
model based on Variational Autoencoder ( VAE) , Improved Northern Goshawk Optimization (INGO) algorithm, Residual Neural
Network (ResNet) and Informer is proposed to improve the accuracy of dam behaviour analysis. Firstly, VAE is used to perform
latent space modeling and nonlinear feature extraction on temperature monitoring data. Then, the improved ResNet is utilized to
deeply characterize the multi-source input impact factors, the Informer model is introduced to capture the long-term dependency
information in the data, and the INGO algorithm, enhanced with multiple strategies, adaptively tunes the key hyperparameters of
the model to achieve precise modeling of dam displacement. [ Results] Taking the displacement monitoring data of a concrete
arch dam as an example, the proposed model is compared with the traditional prediction model. And the result demonstrate that
the proposed model can accurately predict the dam displacement trend, achieving the best RMSE, MAE and R’ values on the
displacement data test set of each measuring point. [ Conclusion ] The proposed model exhibits significant advantages in
prediction accuracy, stability and residual suppression ability, providing technical support for the safety monitoring and operation
management of concrete dams.

Keywords: concrete dam displacement prediction; variational autoencoder; residual neural network; Informer; improved

northern goshawk optimization algorithm; influencing factor; prediction model
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Fig. 10 Residual distribution of test set

o HE9 ATAL, AR TE R R TS5 R b R
SE RS R AR AR B, TE— R A T 4K
P 9 EBRRIER R, ST T TR AR AR R B AR A A
AR, (EARERI TN RE A7 AR R K22 5, HARR
E, V-ELM AT 35400 0 09 07 AL i, r A5 750 0
P AL RR LR I i 2 S AL e RR Lk, HLR o ad Rk
Wk, RIMRZENTUNEE ) ; M2, HAb
FETFURIE 2 2 7 i B RL T 245 SR gty JUHOR V-
INRInformer A5 75 (1) F0 43 F% 3o A 28 5 S 467 7% 5 72
LWE R, W EA BRI E 29t e
MR Az e rERE, & 10 AT A, V-INRInformer f5
TS VA A2 1 T 8% 25 43 A Y FEL BN, P
SRB R, I BARRY R, R TAE 5 52

240

DA B 22 S Ase /0y, LA 3 va %) TR 38 R 45 56 1) A
FENE
2.4.2 FMIEELT A

Sy it e VAL Ir AR B B 25 A BE, R
BIF IR 22 (RMSE ) | 348 %1% 25 ( MAE ) T8
FB(R?) B W0 5 S AqE ) 1 22 5, =
K

z (yi _5@)2
R=1-"1 (12)
z (yi _5/)2
i=1
1 & .
ﬂME:;E\%—%\ (13)
i=1

KFKEBER(PHRL) E57%H 2026 FFE 9 H



yi_&i ? (14)

K,y oy, SRR B OB A S ;o AEA
(YA n AFEARK RS,

B A FUM P BEIEAN P bR TSR A R AR 2 B
|, WM ERRTE AR E 11 B, 2 WA, V-
INRInformer # RS PPANFRAREE R Ny et Bl RMSE
U MAE S/, R ek, vl B UT A 78 ) o) {0

CRE IR (oI5 T U128 1K SN O | PP e
ﬁﬁ?o

3 4igitis

3.1 WM&ERTE

D)% BRI A PL21-2 Y6 % T 45 SR kA7 43
B, V-ELM A () 3000k & e Ik, R® {X°h 0.970,
FEOAHTC T ER R B IR TE 5 R ) PR 7 (1) 2 AR 2K
PEBRGTSE R, X FEIE R T ELM (7R 2 85 s
BRI S SO I o R P AR R L ML A A
JE . KIE Z W AR SR RS ST IR 2 2] ik
) V-LSTM , V-CLSTM Y MRS B 5 v, E 2245
%5 T LSTM 91 JHE 08 IS5 F4 FUZ IR AL R AIE 27 > W] L%

3K

B, Z//EF VAE F1 INGO-ResNet-Informer RIS EBHE K + I FMAERY

GF i 2 AR E B 1 B A AL A, i V-CLSTM
HR I RS A LA 5 0 SR SR R A AR B e Y,
1% RMSE it — W% 1.955 mm, R* & & 0.988,
X5 YANG %50 e 2516 — 8, SR, LSTM #%
RUAGERGE K 5 PP AR P 55 Y, NN 2 UK A3
T FE RN R F- R AE RS, 7T B B2 AR = 2
PR B o £, R TR 70 14 25 5
e, & T Transformer Z2 4 (1) V-Informer £ &Y PN &
ProbSparse & SIALH], BEMEHE 0 4l P2 IR B XL B8
PR T 2R, AT A R TR A (Y B R] P 51 A
TR A SRk A I R Y, R, FEAR SO R?
35 0.992, FEF I, V-INRInformer #5558 15 5 | A %%
FEFEHE, AMUEM T H AN 51 K B T 2 )
B, SR TSN RHE BRI TR SRR e, 115 R
ikF0.996, HA&WRMFERILGE T, BHRE,
V-INRInformer #%1f¢) RMSE 43 51%8 V-ELM ., V-LSTM ,
V-CLSTM #1 V-Informer 73 7| FE K T 63.9% . 61.3% .
43.4% . 32.3%, FERIFNRG REAS B AT, X1l
43 1P21-2, V-INRInformer #27f R* 4 0.990, [RIFEfE
PR R O TS B, ESE T V-INRInformer £581 H4¢
BAFHZ A | R TR AR I

Fig. 11

KFKEBEAR(PHRL) E57%H 2026 FE 9 H

F2 FMismER
Table 2 Comparison results of evaluation indicators
wom PL21-2 1P21-2
RMSE/mm MAE/mm R? RMSE/mm MAE/mm R?
V-ELM 3.072 2.557 0.970 0. 140 0.112 0.974
V-LSTM 2.862 2.256 0.974 0. 130 0.115 0.977
V-CLSTM 1. 955 1.714 0.988 0. 129 0.110 0.978
V-Informer 1. 635 1.358 0.992 0. 107 0. 092 0.985
INRInformer 1.618 1.285 0.992 0. 096 0.078 0. 988
V-INRInformer 1. 107 0. 883 0. 996 0. 088 0.073 0.990
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Radar chart of error index results
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Table 3 Calculation results of component proportion

PIUIES KR53/ % TS/ % B35/ %
PL21-2 57.45 18. 69 23.86
IP21-2 49.98 15. 14 34. 88
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