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Frequent Items Query Algorithm for Uncertain Sensing Data
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Abstract  With advances in technology, large amounts of streaming data can be generated con-
tinuously by sensors. Due to the inherited limitation of sensors, these continuous sensing data
can be uncertain. This calls for stream mining of uncertain sensing data. Frequent items query is
valuable in wireless sensor networks (WSNs) and it can be widely used in environmental monito-
ring, association rules mining, and so on. A basic algorithm which continuously maintains sliding
window frequent items over WSNs is proposed. However the basic algorithm needs to maintain
all items in the window. Due to this, an improved algorithm is further proposed by optimizing in
two aspects; (1) the pruning rules by predicting the upper bound of items probability is devel-
oped, which can reduce the candidate set and improve the query efficiency; (2) the large amount
of the same items in different window can be compressed by cp-list structure in order to minimize
the memory utilization. Finally, experimental results and detailed analysis demonstrate that the

high efficiency and low memory cost of the proposed algorithms in WSNss,
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munication, et al. Computing statistical information on un-
certain data stream has attracted a lot of attention recently.

In this paper, we study how to efficiently discover fre-
quent items from large uncertain sensing data. This is techni-
cally challenging, since; (1) an uncertain database induces an
exponential number of possible worlds; and (2) the mining
results may be different while new tuples are being inserted
into and old tuples are expired. For uncertain data stream,
some algorithms have proposed for mining frequent items.
but the definition is based on expectation and not for sliding

window model. This paper focus on the probabilistic frequent
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items mining in sliding window model. Then, an exact incre-
mental mining algorithm is presented based on our framework
for maintaining threshold-based frequent items. In order to
reduce the computation cost, the algorithm incrementally
updates the results upon each window slide and thus eliminates
the need for complete recomputation from scratch. The prun-
ing rules are proposed, which can reduce the candidate set
and improved the query efficiently.
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