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Abstract: A frequent pattern mining algorithm FPM (Frequent Pattern Mining) is proposed. FPM not only
considered the frequency but also the distribution of the frequent pattern along the time series. Based on these
different types of frequent patterns, MAMC (Mixed memory Aggregation Markov Chan) is extended to FMAMC
(Frequent pattern based Mixed memory Aggregation Markov Chan) model. The proposed algorithm and model are
applied to a smart building project, experiment and practice both demonstrate FPM is efficient than existing
algorithms and FMAMC model could more accurately predict the node behavior in WSAN than MAMC.
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