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Abstract: As an important component of big data generated in the sensor, mobile phone devices,
social networks etc. , uncertain streaming data have many characteristics, such as variable rate,
large-scale, single-pass scanning, and uncertainty. Traditional clustering algorithms cannot meet
efficient real-time inquiry requirements for the users. Firstly, MBR ( minimum bounding
rectangle) was used to describe the distribution characteristics of uncertain tuples. And then, a
clustering algorithm based on expected distance was proposed for uncertain data stream. The
bounds of expected distance range to filter the clusters with far distance can be calculated.
Secondly, cluster MBR concept based on the distribution of the tuples in a cluster was presented.
Then, a clustering algorithm was given, which excludes the clusters far from the uncertain tuple
by the spatial location relationship between uncertainty tuple MBR and clusters MBR, thereby
increasing the efficiency of clustering algorithm. Finally, experiments running on synthetic
datasets and real datasets verify that the proposed algorithms are effective and efficient.
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