BDUR 54 (T2 D

Engineering Journal of Wuhan University

DOI:10.14188/j.1671-8844.2025.0354 MEHRS: 1671-8844(XXXX)XX-0001-10
B T REALZR PR K SHAP IK Bf) 7Y 4t 101401445 {2 7 [3] V3 53 47

R AR U RGO R

(L. I 2 K R K B 2 e, V10K B9 A 2100985 2. 7K 1 5 3 ¥ it 8K 3 B 5 7K 22 42 W S 2, JT g R MT 4500035 3. S0
RIUL A WP e, S 5EE 550002)

18 ZE 0 N M D B — ML R 2 0 B WA S R AR S A 55 T AR R 5 A 1) R LA 8 100 ) R T B ML AR MR 1
130 F% 2 R B W AL R T SHAP(Shapley Additive Explanations)HE 42 4 b 7Kk 5 BE K I 2 = 2 4 784 PR %o Mt
T] (5] {57 RS 14 B Wk O et A B AT R L AR R TR DL S 4 R 3 W K TR R 5] R S U Jrg 43 A% 1Y
F R R, HR 0 B A K (0 3 T AR RS8N, 1288m LA b K A7 BT 70 %6 5 1285. 1m B3R B A Y'Y HE 30437 7% i
O (14 W S AL R ek 2 0 B 7K PR 7 68 37 % 52 WAL F 670 1) %% O 1) 5 458 700 BB A Z803R 31 O 20 B3k A7 A8 L 2 M 19 T 4% 1L B
PR, W 25 4 T DG BV 32 R 1% BT 32 5 B 400 R o B BT Rk T i i 44

ISR S5 I A W 5 B B AR PR s SHAP B s WL a2 >

FESES.TV6S.] XHEIEZEM:A

Deformation regression analysis of arch dam based on mixed random

forest and shap methods
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Abstract: To address the limitations of insufficient generalization capability and weak interpretability in
individual machine learning models for dam safety monitoring models, this study constructs a high-accuracy
displacement monitoring model based on Random Forest algorithm, using the YY arch dam as a case study.
The SHAP framework is employed to quantify the contributions of three model factors - water pressure,
temperature, and time-dependent factors to the streamwise displacement. The total displacement is decomposed
into three components based on feature attributes, thereby revealing the mechanism of environmental variables
on dam displacement. Results demonstrate that water pressure is the primary factor, with its contribution
increasing non-linearly with rising reservoir water levels, exceeding 70% at levels above 1288m. A critical
water level of 1285.1m is identified for YY's displacement response, beyond which direct water pressure factors

exert a positive influence on displacement. The model effectively identifies and eliminates redundant
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temperature factors with collinearity, significantly enhancing the contribution of key temperature factors. The

time-dependent factors exhibit no directional bias in its contribution to displacement.

Key words: arch dam; dam displacement monitoring; random forest algorithm; SHAP theory; machine

learning
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Fig.1 Flow chart of regression analysis of arch dam deformation integrating random forest and SHAP methods
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Fig.2 The time-process curve of environmental variables and fitted displacement values
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