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Tab.2 Training sample values of the selected indexes affecting light loam liquefaction and pattern recognition results

/km
/kPa /% /m

1 105 65. 6 6.3 4.8 1 0.214 D D
2 50 122.0 16.0 5.0 0.21 0.439 B B
3 105 71. 4 6.1 3.6 0.8 0.221 D D
4 105 99.4 7.4 1.7 1 0.214 D D
5 105 66. 4 7.5 1.4 1 0.215 D D
6 44 113.8 16.0 6.5 0.43 0.439 B B
7 50 129.0 16.0 7.5 0. 40 0.429 A A
8 50 69. 2 10.0 6.0 0. 40 0.465 B B
9 50 120.0 16.0 9.5 0.77 0.425 A A
10 106 54.6 13.0 3.0 1.02 0.211 C C
11 106 88. 0 7.5 4.4 1. 64 0. 201 C C
12 106 82.4 6.0 3.6 1.64 0. 200 C C
13 106 98. 3 4.0 2.0 1.43 0. 206 D D
14 106 79.2 6.0 4.0 1.43 0. 205 C C
15 116 41.0 4.52 10 0. 50 0.229 C C
16 116 36.0 4.52 9 1. 06 0.192 D D
17 116 67.0 4.52 8 1. 06 0.213 C C
18 116.5 39.5 8. 65 9 0. 54 0.226 B B
19 116.5 41.5 8. 65 8 0. 68 0.219 B B
20 116.5 45.5 8. 65 9 0.68 0.221 B B
21 105 111.2 2.0 3 1. 40 0.098 C C
22 105 30. 48 2.0 3 0. 86 0. 080 C C
23 105 34.5 6.0 3.2 1 0.079 A
24 105 36.0 5.3 4.2 1 0. 081 A A
25 46. 6 45.5 15.0 8.0 1. 37 0.174 B B
26 46. 6 43.4 7.0 4.0 1 0. 189 B B
27 106 32.6 10.0 2.6 1.19 0. 180 C C
28 106 32.0 4.5 4.0 1. 20 0.181 C C

an 3

2 . 2
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Fig. 2 Change of unit numbers in hidden-layer 3, 4

during learning
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Tab.3 Index values of testing samples, prediction result by AFSs-RBF neural network modeling and actual results
/km
/kPa /% /m
1 105 40.0 7.5 6.2 1.0 0. 085 A 0. 748 A
2 105 90. 2 4.6 6.3 0. 80 0.219 C 0.202 C
3 105 100. 4 10.0 2.1 0. 80 0.217 D 0.124 D
4 116.5 35.5 8. 65 8 0. 54 0.224 B 0.514 B
5 50 63. 6 10.0 6 0.21 0.479 B 0.493 B
6 105 110. 48 2.0 3 0. 86 0. 104 C 0. 283 C
7 116 64.0 4.52 10 1.06 0.212 D 0.335 C
8 116 36.0 4.52 6 0. 50 0. 227 C 0. 357 C
b
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Abstract: The adaptive fuzzy systems (AFSs) are incorporated with the radial basic function (RBF)

to develop an integrated neural network model AFSs-RBF. In this model, the number of the hidden

layers or units, i.e. fuzzy rule number, can be dynamically adjusted and widely used in engineering

practice. This model is applied to evaluation of earthquake-induced liquefaction potential in light loam

sites. The six parameters related to earthquake and site condition which are composed of epicentral

distance of earthquake, effective overburden stress, clay percentage, SPT-blow counts, water table,

cyclic stress ratio are chosen to develop the AFSs-RBF neural network model with six-index input.

The proposed model is applied to the classification of liquefaction potential of sites located in Tianjin

area occurring in the Tangshan earthquake with the magnitude of 7.8. It is shown that such an

AFSs-RBF network model is capable to offer a more rational prediction of liquefaction potentials of

light loam site compared with those by conventional artificial neural network methods.

Key words; light loam liquefaction potential; fuzzy neural network; -classification evaluation;

AFSs-RBF



