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Abstract

Groundwater model of heterogeneous media and its scarcity of observation data and other related
factors makes the existence of uncertainty. In order to better predict the output of the model, we
need to estimate the input and parameters of the model based on limited observational data to
reduce the uncertainty. Bayesian method is an effective way to describe the uncertainty caused by
incomplete data, model deviation and measurement error. It can determine the posterior distri-
bution of parameter vectors according to the existing data. In practical application, the main chal-
lenge lies in sampling. The traditional sampling method degrades with the increase of the dimen-
sion of unknown parameters, that is, the convergence is slow. In this paper, an inversion algorithm
is proposed to identify sparse discrete cosine transform (DCT) coefficients in expectation max-
imized variable selection (EMVS) frame, and adaptively update the hyperparameters to improve
the solving efficiency of the problem. In particular, the inverse Hessian is used to accelerate the
convergence of Langevin dynamics Monte Carlo Markov Chain (MCMC), and the simplified model is
used to compute the gradient and Hessian effectively to solve the high dimensional uncertainty
analysis and inversion problems efficiently. Based on the high-dimensional inversion numerical
experiment of groundwater source item identification, it is verified that the inversion method can
obtain reliable parameter estimation, which provides a new idea for improving the reliability and
computational efficiency of groundwater simulation in practical application, and has important
significance for the subsequent decision-making of groundwater resource management.
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Figure 1. (a) The spatial distribution of the true f (x) and (b) the DCT coefficients of the true f (x)
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Figure 2. The first row is the results from the unpreconditioned Langevin MCMC method, the second row is the results from
the inverse Hessian preconditioned Langevin MCMC method. The first column is the mean of f (x), while the second

column is the comparison between the estimated & and the reference &
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Figure 3. The plot of the objective function Q, against the iteration number, resulted from: (a) the unpreconditioned Lange-
vin MCMC, (b) the Langevin MCMC with the inverse Hessian as the preconditioned matrix
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Figure 4. Predictions of the outputs for the unpreconditioned and inverse Hessian preconditioned Langevin MCMC method
at (a, b) x=20/45 (c, d) y=25/45. The first column is from the unpreconditioned method, while the second column is

from the inverse Hessian preconditioned method
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