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Fig.1 Modeling process
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Tab.1 Cross-section parameters of Yangxin Levee foundation along the Yangtze River

IR T /m HEEREE/m FHEHEBEREF/ (avs) WHERE/Mm WHEBER (cn/s)
60~70 1~3 1x1077 >10 1x107°
U 2y TSRS BT DM T R Gy, (1+)
BAR H ok oo py e, S5 8 AN TR == b ()
Br I T, Foh Ak Bk (A S y=pg. (2)
WS FL A T 0 (2 B 2 o/ — (3)
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R ARAT B (A0 p A p ) EA I ER JTREINAS . e FY
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o3 i o 20 RN L R R A, B AR 193
LRI VE Ry B B 5 T B P R PR g
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AR BEGEFE M T . AR 5 1.8~9.0 m,H N
1.0~13.2 m,k N 7.5x107 ~5.0x10™* ecm/s, ¢’ N
5~100 kg/cm, @'} 14. 5 ~26. 5°,p, N 1. 3 ~
1.7 g/cm’,e 5 0.6~1.3,a, H0.1~0.6 MPa™',
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1) RF J& 3T Bagging AR AY—FhE L) @
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B ] 5k A1 5k 22 R I ol 7 ) g 0
BRGE , — AR ZOR B HO 1L, GBDT KR
By R 4R CART TROMME A AR
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2.1.1 #Hr¥AF

PROT 48 b 42 J5 MR IR 22 (RMSE) F1HEL A& 18 5
(R*) Wit AR

n

z(yi _yi*)z

RMSE = -~ , (4)
n

Z(yi _yi*)z
R’=1- _ -

;(% -y)? (5)
S
y:*z,y,-o

n -

A on AREARECE v, Ly 3 A SRR S
MR FOAE 5y SAAEAS I (E

RMSE BB AN, $05KG BE B &1 5 R® 09 (H 88
T 1, BRI fL g ) R
2.1.2 ALK

R S R HROGE T AL A 2 > AR | 1 e & ¢
FE, ARG N T —22 B 2% 0
AWFFE > BUE, BPNN B )2 2808 5, %1%
RECH 1000 ¥k, % 2] %50 0. 01, Y12k H Arde/h iR
22749 °0.001 ;%5 F MLP, & B Ba & )2 R 80N 4, BOS
PRELN ReLU, 1L 28 B B A Adam, 2% 2 RN
0.001, =K E &y 200; %FF SVM, & A epsilon-
SVR #5584 ¥ pR F 25 7 5 RBF, 61 2 R £ e
0.01,

el S BERLE 1 5 H7 28 IR T S S
P, A B R U S8 W3R 2, R . n_estimators
SRR B BRER, 4 1 AR B LA SHULYE L R 0 ~
500 ; max_depth RS 14 5 TR JEE 45 il B2 28U 1Y
HARRIE , FEVERIN 1~ 10; max_features K A #4
TRAAAESN 5375 R 2 SR AR A, ST Rl
0. 1~1.0;learining_rate A BEFR L3R B (145 2 4
U AR AR, P A AR S OIS
B4 0. 1~ 1. 0; iterations A 325 FR UK, 45 il 455 4 1)
SR PE RGBS, S-ULIE L 0~ 500,
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Tab.2 Hyperparameters of ensemble learning models
iy n_estimators max_depth max_features learining_rate iterations
RF 100 8 0.7 — —

GBDT 500 4 0.7 0.1 100
XGBoost 500 3 0.3 0.3 100
CatBoost 100 6 0.7 0.3 100

2.1.3 FAMAE T 0.020 0, BEWIHUE FO TS E B A TR

BRI AR T SRS R LR 3, Horp, Uik
AT A 2 B e A v B 4% 401 1Y Lk AT
K153 FIeA, T A AR R ) 118 D11 25 4 AR 4 0
TN, MR 3 AT LLE M X F 8 — 2% ) f A
MLP 7 f 00 A% B e 1K, FEI X4 1 RMSE {E
R B30 0. 172 2 #10. 879 3, J& R* {HME— K
ILF 0.900 0 FFUAR L BPNN 1 SVM A5 A ) 7
WK B2 AR, R? {EF KT 0. 940 0, RMSE #4171

SRR LTI R AR TR — 2 S A
RE R* [HHER 4 : XGBoost > CatBoost >GBDT > RF;
BT RF Ah, HRE R # B R HB KT
0.950 0, XGBoost #2481 A 30 F A, 4R
R* {85 0.961 7,RMSE {2}y 0. 097 0, il —2%
2J BT BPNN (1) R? /NF I 22 8 2 S AR RY 1),
T BA A i 2 > S Y A Bk 7 A T T v L R S
LS 5 k[ 27 ] IIBFIE R — 3k

x3 NRFIRBTNIER

Tab.3 Evaluation indicators of machine learning models

Bl 5 g Pl S : iR 4E :
RMSE R RMSE R
s BPNN 0.001 7 0.951 2 0.019 1 0.947 8
i MLP 0.126 0 0.929 0 0.172 2 0.879 3
SVM 0.000 5 0.997 6 0.013 8 0.943 9
RF 0. 069 9 0.978 2 0.1119 0.949 1
B GBDT 0.002 6 0.999 9 0.1059 0.954 4
> XGBoost 0.030 8 0.995 8 0.097 0 0.961 7
CatBoost 0.019 6 0.998 3 0.102 2 0.957 6
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RRARAE FE DR 52 Bt 51y 52 00 1 20K 5 8 i ST A AL 9 A
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Fig.2 Prediction performance of various models under different noise ratios
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fF B 22 FTA 0. 980 6, B TkIE A 98. 06%

x4 EBEMAKFEp
Tab.4 Significance level p
FHIE N T Ah H k ¢’ @' Py e a,
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Fig.3 Results of feature importance analysis
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Fig.4 SHAP analysis results
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Prediction Model for Levee Piping Disasters Based on Data-Driven
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Abstract; [ Objective] This study aims to explore a levee piping disaster prediction method that considers both high predic-
tion accuracy and interpretability, address the low accuracy and efficiency of traditional identification approaches and the
black-box problem caused by the lack of interpretability in conventional machine learning models, and provide theoretical ref-
erences for risk early warning of levee piping and disaster prevention and control. [ Methods] Using a field-measured dataset
on piping from the Yangxin levee section of the Yangtze River and data-driven machine learning algorithms, a multi-level in-
terpretable prediction model for levee piping was constructed. The prediction performance of three single learning models
(back-propagation neural network, multi-layer perceptron, and support vector machine) and four ensemble learning models
(random forest, gradient boosting decision tree, extreme gradient boosting, and CatBoost) was compared to select the optimal
prediction model. Extreme gradient hoosting ( XGBoost) and SHapley Additive exPlanations ( SHAP) were combined for
multi-level interpretability analysis to identify the key factors influencing piping and reveal the mechanisms by which each fac-
tor affects piping disasters. [ Results] (1) Ensemble learning models had higher prediction accuracy than single learning
models. Among them, the XGBoost model had the highest prediction accuracy and good robustness, with a test-set coefficient
of determination (R*) of 0.961 7 and a root mean square error (RMSE) of 0.097 0. (2) The thickness of aquitard overbur-
den (H), void ratio (e), and water level difference (Ah) were the key influencing factors of piping disasters. (3) Accord-
ing to individual conditional expectation curves, the critical values of the three main factors triggering piping were 7.5 m,
0.84, and 4.2 m, respectively. [ Conclusions] The constructed data-driven model can predict levee piping with high accuracy,
and multi-level interpretability analysis clarifies the key causative factors and their critical thresholds for triggering piping. The
results provide theoretical reference and a scientific basis for early warning and risk assessment of levee piping disasters.
Keywords: levee piping; data-driven; machine learning; single learning model ; ensemble learning model ; multi-level inter-
pretable analysis
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