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Abstract: A Bayesian procedure for outlier detection in time series is discussed. The main idea of this method is
introducing different types of classification variables into autoregressive model. Then outliers can be detected by
comparing the posterior probabilities of these classification variables with a given threshold. Besides, a procedure
for computing the posterior probabilities of classification variables and obtaining the estimates of outliers is
designed based on Gibbs sampling. A large number of simulation experiments and an experiment of real clock error
data are carried out. It is shown that the new procedure is applicable to detect additive and innovational outliers
occurring at the same time or not in time series.
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