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The Study of Approximate Statistics Algorithm of Data Stream
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Abstract The statistics of data stream plays an important role in many data stream’s decision support systems. After
studying the distribution character of data stream,this paper defines the evaluation function F,and designs a system
framework based on a novel data structure called loose exponential histogram (LEH) to estimate the statistics of data

stream over sliding window. Using o(%logzN) bits of memory,the framework can estimate the number of 1’s in data

stream over sliding window of size N with relative error between 0 and e. Theory and experiments prove that the

greater the value of F is,the better the performance of the framework is.
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