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Support vector machine model for predicting sand liquefaction
based on clustering binary tree algorithm

LIU Yong-jian
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Support vector machine (SVM) is a novel and powerful learning method which is derived based on statistical learning
theory (SLT) and the structural risk minimization principle. Traditional SVM only deals with the binary classification problems,
however, there are large numbers of multi-classification problems in practical engineering. With a view to the main factors with
important influence on sand liquefaction, multi-class support vector machines model based on clustering-binary tree is established.
The nonlinear relationship between sand liquefaction and influencing factors is obtained from the finite empirical data by SVM. The
results indicate that the structure of model base on SVM is reasonable; this algorithm is feasible; and it can predict the sand
liquefaction more accurately.
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Fig.1 Classification based on clustering binary tree
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Table 1 Samples of training for sand earthquake liquefaction

. FUpE EhE W IR bR KA ki 4L SRR ARBSIREL BRIt S| DR =2
1/ % R/km ds/m d, /m N/ Dsy / mm C, 7, /o) gl 4R
1 7 81 2.8 1.3 12 6.0 1.91 0.090 11 11
2 7 76 3.9 0.8 5.0 0.09 3.77 0.110 I I
3 7 82 2.3 1.4 2.0 0.19 1.93 0.080 1l 1l
4 7 79 1.8 0.6 2.0 0.22 2.25 0.210 I I
5 7 91 2.3 0.7 1.0 0.07 4.06 0.130 I I
6 7 63 8.2 2.0 10.0 0.3 2.02 0.080 11 11
7 8 117 11.9 1.5 26.0 0.08 7.54 0.220 11 11
8 7 79 3.6 1.4 19.0 0.12 1.55 0.095 I\ I\
9 7 81 8.8 1.1 14.0 0.10 1.80 0.114 I\ I\
10 7 90 4.0 0.7 11.0 0.13 1.27 0.115 I\ I\
11 8 117 5.8 3.3 5.0 0.17 1.91 0.168 1l 1l
12 8 116 9.2 1.1 12.0 0.11 2.10 0.225 1l 1l
13 8 45 5.3 1.1 6.0 0.18 2.57 0.265 I I
14 8 31 2.0 1.0 7.5 0.07 1.20 0.234 1l 1l
15 8 41 2.6 1.5 6.0 0.47 2.84 0.165 1l 1l
16 9 22 2.61 0.4 10.0 0.20 1.95 0.463 I I
17 7 81 1.8 1.3 4.0 0.11 2.30 0.091 11 11
18 9 100 8.5 3.4 31.0 0.21 3.12 0.350 11 11
19 9 17 3.8 0.6 4.0 0.19 1.89 0.458 I I
20 9 15 6.8 1.3 10.0 0.06 432 0.434 I I
21 8 117 13.8 3.3 17.0 0.265 2.78 0.190 I\ v
22 8 37 4.5 2.8 32.0 0.35 5.11 0.137 I\ I\
23 8 44 1.3 0.6 8.0 0.18 221 0.180 11 11
24 8 116 5.1 3.0 9.0 0.2 2.46 0.158 1l 1l
25 8 103 3.3 2.7 8.0 0.13 2.23 0.172 1l 1l
26 8 44 4.3 32 15.0 0.25 2.39 0.147 I\ I\
27 9 15 148 5.0 64.0 0.13 2.40 0.345 I\ I\
28 7 103 145 0.8 19.0 0.08 2.33 0.116 I\ I\
29 8 65 5.3 42 16.0 0.23 1.78 0.177 11 11
30 9 13 3.6 1.3 15.0 0.21 3.42 0.350 111 111
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Table 2 Samples of testing for sand earthquake liquefaction

. Sz EhEE REHIA bR KA PRI AESRH N Bl Bl
1/ % R/km ds/m d, /m N/ Dsy / mm C, 7, /o) gl 45
1 7 82 6.3 1.1 9.0 0.14 2.84 0.11 11 11
2 9 13 3.7 1.6 5.0 0.14 3.32 0.365 I I
3 7 82 3.9 1.0 6.0 0.10 1.81 0.113 1l 1l
4 8 65 2.1 1.3 4.0 0.15 2.25 0.126 1l 1l
5 8 67 7.3 2.9 10.0 0.21 1.97 0.106 11 11
6 8 47 32 2.0 8.0 0.31 2.42 0.161 I\ I\
7 9 12 5.8 1.1 9.0 0.09 2.18 0.444 I I
8 7 71 2.1 1.6 8.0 0.19 0.22 0.07 11 11
9 9 70 5.4 1.5 5.0 0.07 5.10 0.406 I I
10 7 86 152 2.0 11.0 0.20 2.01 0.102 \Y \Y
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