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Improved MCMC method and its application

ZHU Song' , MAO Gen-hai' , LIU Guo-hua' , HUANG Yue-fei®
(1. Zhejang University, Hangzhou 310068, China; 2. Tsinghua University, Beigng 100084, China)

Abstract ;: A multi-chain sampling method based on Metropolis-Hastings algorithm was used to improve the
Markov Chain Monte Carlo (MCMC) method in order to prevent fram trapped into the local optimal
solutions that often occur to probability inversion by using current MCMC algorithm. The improved MCMC
method can adjust the number of chains according to the feedback tesults from sampling process in real
time, so that it can search out the non-unique solutions as much as possible while saving the time of
multi-chain search. As an example an inverse problem of groundwater flow was solved by using the
improved MCMC algorithm. The computational results indicate the improved method performs well in
solving inverse problems with non-unique solutions .

Key words; Markov Chain Monte Carlo; probability inversion; Metropolis-Hastings algorithm; non-
uniqueness ; environmental hydraulics
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