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Algorithm for Qutlier Detection in Large Dataset Based on Weighted KNN

WANG Qian YANG Zheng-kuan
(College of Computer Science, Chongging University, Chongqing 400044, China)

Abstract Traditional KNN is an advanced algorithm based on the distance of outlier detection algorithm on large data-
set. However this algorithm only uses the £ nearest neighbor as the criterion for outlier which is inaccurate under cer-
tain condition, This paper presented a weighted KNN outlier detection algorithm for large datasets, In this algorithm,a
weight factor is presented. It represents the average distance of its £ nearest neighbors. The outliers are those having the
largest distance with it’s k* neighbor and having the biggest weight under the same condition. The algorithm improves

the accuracy of the outlier detection algorithm, Experiment result shows that the algorithm is feasible compared with the

traditional KNN.
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