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Fig.1 Principle diagram of the isolation forest algorithm
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Fig.2 Layout of the monitoring points
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Fig. 4 Clustering results of stress time series
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Tab. 1 Indicator values at different anomaly rates
XS F P R A
1% 0.10 0.82 0.85 0.974
5% 0.08 0.78 0. 80 0.925
10% 0.15 0.72 0.74 0. 858

344 HELTEIE

Sy 36 BV A% AR TR B TR R B9 TTIK L 1
THIF P 2 20 A R S BEARE Bl L A 2% 5 e )
S ARG 1 B 5 I, DT I P 2% A R Y A A
RO FEAE R . LA TR 23 SIS B B ) 5
PR 3B 4 S FE A, 1T TForest, K-Means + +
UK EN —#F A G AF++) 5 SSA-KMIF
LS LA BT . 2 B BT R AR R 2.

x2 BB ZNITMNIERE
Tab.2 Evaluation metric values for different parts

of the algorithms

I 5 725 F p R A
IForest 0.13 0.70 0. 70 0.875
K-Means+ + 0.18 0.75 0.78 0.862
IF++ 0.09 0.76 0.75 0.891
SSA-KMIF 0. 05 0.83 0. 82 0.925
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Tab.3 Evaluation metric values for different algorithms

[ORIUK=RR F P R A
U SR 7R 0.21 0. 60 0.58 0. 862
LOF 0.18 0.72 0.70 0. 885
KNN 0.16 0.68 0. 66 0.874
SSA-KMIF 0.08 0.78 0. 80 0.925
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Fig.5 Stress time series curve of A pole of the miter gate
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Fig. 6 Detection effect of anomalies using different methods
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Prediction Model of Shield Tunneling Speed Based on

VMD-DBO-Stacking Ensemble Learning
DENG Zi-ang,ZHANG Yu-xian,ZHANG Ji-xun
(College of Water Conservancy and Hydropower Engineering, Hohai University, Nanjing 210098, China)

Abstract: Addressing the issues of single model algorithm, low accuracy, and poor generalization in existing shield
tunneling speed prediction methods, this study proposes a shield tunneling speed prediction approach to improve predic-
tion accuracy based on Variational Mode Decomposition (VMD) , Dung Beetle Optimizer (DBO), and Stacking ensemble
learning. Firstly, to obtain more effective data, VMD is applied to decompose and reconstruct the original data to obtain
denoised construction parameter data for subsequent model prediction. Secondly, based on the ensemble learning strate-
gys Support Vector Regression (SVR), Random Forest (RF), and Extreme Gradient Boosting (XGBoost) models are
selected as base learners. while Gaussian Process Regression (GPR) is chosen as the meta-learner to construct a Stacking
ensemble learning prediction model with higher prediction accuracy and stronger generalization ability. Thirdly, to further
enhance prediction accuracy, DBO is employed to optimize the hyperparameters of the ensemble learning model. Finally,
this prediction method is applied to the shield tunneling construction of a water diversion tunnel project in Henan Province
and compared with other prediction methods. Compared to other single models (SVR, RF, XGBoost), the results indi-
cate that the proposed method achieves higher prediction accuracy, with average accuracy improvements of 7. 76 %,
6.70% ., and 4. 97% , respectively, providing a new approach for shield tunneling speed prediction.

Key words: shield tunneling machine; tunneling speed; variational mode decomposition; Dung Beetle Optimizer; Stac-
king ensemble learning
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Anomaly Detection Method for Ship Lock Miter Gate Monitoring

Data Based on SSA-KMIF
XIAO Yu-si' sMA Xiang-yu’,ZHANG Liao-jun'
(1. College of Water Conservancy and Hydropower Engineering, Hohai University,Nanjing 210098, Chinaj;
2. Sugqian Port and Shipping Development Center, Sugian 223800, China)

Abstract: To address the issue of reduced detection accuracy under complex working conditions due to the fixed
threshold of the isolation forest algorithm, an anomaly detection method for ship lock miter gate monitoring data based on
singular spectrum analysis (SSA) and an improved isolation forest (KMIF) is proposed. The SSA is employed to decom-
pose and reconstruct the monitoring data. and separate the trend and noise components. The isolation forest algorithm is
improved by incorporating K-Means—+ + clustering to dynamically set anomaly thresholds for different monitoring data-
sets. The noise component is then fed into the improved isolation forest algorithm for training and anomaly detection.
Taking the stress and vibration data from multiple measuring points of the lower lock miter gate in Jiangsu ship gate pro-
ject as an example for validation, the results show that the proposed SSA-KMIF method performs excellently in terms of
false positive rate, precision, recall ratio, and accuracy. It demonstrates high accuracy and flexibility, which provides a
reliable technical support for health monitoring of ship lock miter gates.

Key words: singular spectrum analysis; isolation forest; K-Means—+ -+ ; anomaly detection; health monitoring of mi-

ter gates





