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Table 1 Training dataset of sand liquefaction
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FF5 ) WALTE B
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Table 2 Test dataset of sand liquefaction
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Fig.3 Decision tree classification process
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Fig.4 Cross-validation sketch
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The method of predict sand liquefaction based on random forest algorithm

PENG Liu-Ya, XIE Hui-Ting, FENG Wei-Dong

(Anhwi Earthquake Engineering Institution ,Anhui Earthquake Administration , Hefei

230031, China)

Abstract: Among a variety of complicated factors that are related to sand liquefaction, 8 discriminant factors have been picked out of 72

samples in the earthquake event happened in Tangshan without losing any tiny but useful information.By calculating Gini coefficient with

CART algorithm,a decision tree has been undertaken to divide the features of original sample dataset. Moreover,in order to reduce over-

fitting risk of a single decision tree,random forest with multiple trees have been created. Meanwhile, with 10-fold cross validation, best

estimators with 5 max-depth and 20 trees can perform with much more stable and reliable results.The research shows that,compared to

standard penetration test from Code for seismic design of buildings, both decision tree and random forest have a better predicting preci-

sion, especially there have been no false classifications with higher stability using random forest model.

Key words: sand liquefaction ; discriminant indicator; decision tree ;random forest
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