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Sensitivity analysis of influencing factors and prediction of shield
disc cutter wear

SUN Shangqu, ZHANG Gonglu, JIANG Zhibin* , LI Zhaoyang
(College of Civil Engineering and Architecture, Shandong University of Science and Technology, Qingdao 266590, Shandong,
China)

Abstract: This article was based on the monitoring data of the shield tunnel section of the Shantou Bay Subsea Tunnel and explored
the sensitivity of different influencing factors to the characteristic values of cutter wear using mathematical statistics and machine
learning methods. Four influencing factors that had a significant impact on the characteristic values of cutter wear were identified,
namely excavation distance, rotation speed, rotation distance, and rotation value. A backpropagation neural network based cutter
wear prediction model was established with the four influencing factors mentioned above as input nodes for the neural network. The
prediction model was optimized using genetic algorithm and prediction research was conducted. The results showed that the
prediction error of the model was small, compared with the BP model, the determination coefficient R* of the GA-BP model had
increased from 0.706 4 to 0.823 9, indicating a significant improvement in prediction accuracy. This indicated that the genetic
algorithm could significantly improve the predictive ability of the backpropagation neural network model.
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Table 1 Physical meanings represented by six types of monitoring data and wear value
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Fig.2 Box plots of comparison before and after data preprocessing
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Table 3 Comparison of models error results
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