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Sparse Bayesian method applied to telecommunication alarm sequences forecasting
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Abstract; The alarm which indicates major failure in communication networks has a small number, in this case it is not suit-
able for traditional forecasting methods. This paper proposed a PBM, and compared it to SVM estimate method. The results
show that, PBM is applicable to the small sample of telecommunication alarms predict. It not only has the predict performance
of SVM, but also has lower predict errors than SVM when the number of samples increase, even it has a very good prediction

accuracy.
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