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Abstract

Gibbs sampling method is the most widely used method in MCMC algorithm. The basic idea of
Gibbs sampling is to construct the Markov chain by the conditional distribution family of the
components of the parameter vector when the high-dimensional parameters are posteriorly in-
ferred, so that its invariant distribution is the target distribution. This topic is based on the me-
thod to determine the parameters of the model, which can be based on existing information to es-
timate the number of years, the number of fire occurred in the region and the estimated confi-
dence interval of the parameters.
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Table 1. Number of fire occurrences by region in 2012
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Figure 1. Some parameters posterior histogram and density curve
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Figure 2. Iterate over 10,000 times the dynamic average of some parameters
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Figure 3. Remove the first 2000 posterior histograms and density plots
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Table 2. Parameter confidence interval
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