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Abstract:

An algorithm for detecting relative outliers in dynamic environment based on information entropy was

proposed. When an object was inserted into or deleted from the dataset, the algorithm made it unneces: (ﬁcompme the
e

values of Relative Outlier Factor (ROF) for all objects in dataset, only need to compute for affected

experimental

results indicate that the running time of this algorithm is less than that of the original algonthrr@ amlc environment.
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