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Abstract: Due to the great difference between the actual post-construction settlement and initial design settlement, the
analysis of the measured settlement data is needed to predict the late settlement. In order to improve the accuracy of high-
way s soft foundation settlement prediction, the LIB — SVM model is used to forecast the foundation settlement, and through
using the cross validation to select the optimal parameters combination, the LIB — SVM model could overcome the blindness
of SVM model in parameter selection. Aimed at instances, the LIB — SVM model’ s prediction value and exponential
model’s prediction value are compared with the field measuring values. The results show that the LIB — SVM model has

higher prediction accuracy than exponential model, so the method is feasible in the practical prediction of settlement.
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