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Improved density biased sampling algorithm
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Abstract: Uniform random sampling is widely applied to many kinds of algorithms in data mining. It processes uniform
distribution data set extremely effectively, but easily loses slight cluster and consequently decreases clustering accuracy, when
the processing data set is skew distribution. A grid-based density biased sampling algorithm ( G_DBS) was proposed. It got
approximate density biased samples through scanning data only one time. Our experimental evaluation shows that G_DBS
algorithm not only improves the accuracy of clustering, but also is insensitive to noise and has high efficiency. It is one of the
effective solutions to mass data mining.
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