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Abstract Cardinality estimation algorithm is an algorithm based on statistics, which can estimate the cardinality of the
given data set. In this algorithm, hash function and some parameters are the key factors to the performance of the algo-
rithm. Based on the related research, an algorithm was proposed which selects hash function and parameters based on
the scale and type of data. The experimental results show that both accuracy and stabilization of this algorithm have sig-
nificant improvement than the traditional estimation algorithm.
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