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Abstract: With the rapid development of Internet technology massive data emerge. There are a large number of useless or even wrong

“dirty data” in these data and these low quality data are difficult to provide valuable information. Data exception is one aspect of low da—

ta quality. This paper discusses the application of DBSCAN clustering algorithm in the detection of abnormal data. Aiming at the problem

that the algorithm is sensitive to parameter setting in the application process we propose a configuration method of the neighborhood

threshold ( Eps) and the point threshold ( Minpts) by applying the DBSCAN algorithm based on density to the anomaly detection of data.

This method can determine the appropriate parameters according to the statistical characteristics of the data set itself and the visual presen—

tation of the graph. Using MATLAB tool the DBSCAN clustering algorithm and the calculation of auxiliary parameters are programmed

and the experimental verification is carried out on the Iris data set. The experiment shows that the method is feasible to set the parameters

of DBSCAN clustering algorithm which makes up for the lack of experience alone of the traditional method. The accuracy and scalability

of the detection result are improved.
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