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Ordinal Anomaly Probability Algorithm for Anomaly
Detection Problems of Massive Data Sets
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Abstract; An ordinal anomaly probability method (OAP) is proposed to improve the efficiency,
effectiveness and stability of existing anomaly detection algorithms. Since anomalies are easier to
be isolated by uniformly partitioning the data space, the order of anomaly probabilities can be
evaluated in terms of isolation depths in uniform N-ary partition trees. Then, the % largest proba-
ble anomalies are extracted. OAP can ignore the evaluation of distance and density, and hence re-
duces the complexity to O(n). Experimental results show that the CPU time of OAP increases
linearly with a linearly growing data set. Furthermore, comparisons show that OAP is 30 times
faster than iForest and is much more stable, while its accuracy is improved by 20 %-30%.
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