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The class of Bayesian methods is widely recognized as a favorable approach for uncertainty quantification (UQ), which
can combine the prior knowledge on the system of interest with the measurements on it in a probabilistic framework. In
the Bayesian approach, model parameters are inferred as a posterior distribution, where uncertainties due to measurement
errors or/and modelling errors are probabilistically quantified. However, the classical Bayesian approach assumes that the
underlying model class is deterministic; thus, parameter uncertainty cannot be considered. To fill this gap, the hierarchical
Bayesian approach has gained attention, where a specific distribution, which represents parameter uncertainty is assigned
to the model parameters and its hyper-parameters are updated While the main issue of this approach is the choice of the
distribution, we propose to employ the staircase density functions to flexibly approximate a wide range of distributions
to obtain an approximation of the target distribution that results in the model predictions identical to the measurements.
The proposed approach is demonstrated and compared with the classical Bayesian approach on numerical examples with
three cases, i.e., linear, weak nonlinear, and strong nonlinear cases.
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Table 1 Relationship between model parameter and output.
Linear model M = 2.5x

Weak nonlinear model M = exp(x/2.5)

Strong nonlinear model M = 0.5(x — 3.2)?
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Fig. 2 Results of the classical Bayesian approach (left: linear, center: weak nonlinear, right: strong nonlinear).
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Fig. 3 Results of the hierarchical Bayesian approach (left: linear, center: weak nonlinear, right: strong nonlinear).
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