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Support vector machine model of settlement prediction of road soft foundation

HUANG Ya-dong, ZHANG Tu-qiao, YU Ting-chao, WU Xiao-gang
(Department of Civil Engineering, Zhejiang University, Hangzhou 310027, China)

Abstract: A new method based on support vector machine (SVM) model is proposed to predict settlement of road soft foundation. A

case study shows that the prediction results accord well with the actual settlement measured data. The new method is also compared

with BP artificial neural network model and traditional hyperbola method. The prediction results indicate that the SVM model has a

better prediction ability than BP neural network model at the same training set mean-square error. Utilizing the settlement data under

multi-stage loading, SVM model has a better reflection for foundation soil deformation trend compared with hyperbola method only

using the data under pre-loading. Therefore, settlement prediction based on SVM model can reflect actual settlement process more

correctly.
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Table 1 Relative error and absolute error of different
forecasting methods
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402 176.5 -2.92 -5.15 -1.93 -3.40 0.74 1.31
405 176.9 -2.54 -4.49 -1.66 -2.94 1.11 1.97
416 179.5 -1.82 -3.27 -1.41 -2.53 1.74 3.12
424 1835 248 -4.54 -2.45 -4.49 0.95 1.75
426 184.1 243 -4.47 2.50 -4.60 0.97 1.79
453 1924 -2.07 -3.98 -3.62 -6.97 0.89 1.71
477 196.9 -0.60 -1.19 -3.65 -7.19 1.95 3.85
528 2063 1.50 3.10 -4.83 -9.96 3.30 6.81
644 218.3 5.42 11.83 -6.71 -14.65 7.53 16.43
710 223.8 5.03 11.25 -8.25 -18.47 9.12 20.40
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