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This study discusses the points for improving the AK-MCS proposed by Echard et al. (2011) which is an
efficient method with active surrogate model of limit state function for calculating limit state probabilities.
The proposed method introduces Importance Sampling without using design points, and is applied to an
8-dimensional consolidation settlement problem to calculate the limit state probability. It is confirmed that the
probability is calculated with small number of function call.
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Fig. 1 AK-MCS using 1,000,000 particles.
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Fig. 2 The proposed method using GPR with single random
field.
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Fig. 3 The proposed method using GPR with two random
fields.
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Fig. 4 Limit state probability in the learning process (20 runs).
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Fig. 5 Cross-sectional view of t'he target ground around point
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Fig. 6 Limit state probability of settlement by the proposed
method (5 runs).
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