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Abstract: In order to improve the performance and reduce the resources usage of application-level traffic classification, a
novel fast application-level traffic classification(FATC) agorithm using IP flow record from NetFlow as input was pre-
sented. FATC adopted metric selection algorithm based on correlation coefficient to measure the correlation among flow
metric variables, and deleted the irrelevant or redundant metrics, then used Bayes discrimination to classify network traf-
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