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Abstract: To address the issue of poor reliability of the design parameters due to limited or incomplete geotechnical
investigation data, a cohesive soil parameter database containing 1679 sets of data from 141 sites is established. The
site-specific Bayesian method (SBM) and the hierarchical Bayesian method (HBM) are used to estimate the probability
distribution of undrained shear strength of cohesive soils by utilizing the data from a specific site and multiple sites,
respectively. The results show that compared with the SBM method, the HBM method can effectively reduce the uncertainty of
parameter estimation when there is only limited measured data at the target site, and it is less affected by the number of
measuring points at the target site. The leave-one-out cross-validation (LOO-CV) combined with the log pointwise predictive
density (Ippd) is used to compare the accuracy of the two methods. The results show that the Ippdico-cv index of the HBM
method is larger, indicating that the overall prediction accuracy of the HBM method is higher. Therefore, the HBM method is

more suitable for the estimation of undrained shear strength

parameters in the case of limited site data, and the posterior
means obtained by the HBM method can be used for parameter

estimation of new sites.
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Fig. 1 Diagram of site-specific Bayesian method
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Table 2 Sample statistics of measured data

gﬁ% mi f1 x2 Sll S12 S22
1 22 0.131 -0.632 0.015 0.027 0.163
2 39 0.839 -0.666 0.603 -0.021 1.222
3 30 0.861 -0.761 0.637 -0.005 0.806
4 32 0.932 -1.752 0.648 -0.008 0.031
5 20 0.526 -1.176 0.036 0.011 0.028
6 21 0.728 -1.306 0.139 0.015 0.065
7 20 0.598 -1.067 0.032 -0.072 0.464
8 25 0.847 -1.256 0.007 0.006 0.265
9 21 1.236 -1.213 0.093 -0.017 0.066
10 34 1.019 -1.096 0.055 0.091 0.268
11 22 0.742 -1.969 0.037 0.002 0.105
12 20 0.827 -2.253 0.092 0.009 0.120
13 22 2.368 -0.526 0.246 -0.026 0.018

W om NG NSRRGSR .
=3 SRS HEVE
Table 3 Parameter values of prior distributions
SBM HBM
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