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Abstract: Distance between sensor nodes can’t reflect their correlation degree in wireless sensor network (WSN) as
the sensor nodes are deployed in complex environment. In order to resolve this drawback, data density correlation degree
(DDCD) is proposed in this paper. The DDCD is a spatial correlation measurement of a sensor node’s data to its neighbor
nodes’ data. It could reflect the concentration degree of neighbor nodes’ data. As well, it could describe relative position
of a sensor node’s data to its e-neighborhood data. Based on this correlation degree, DDCD aggregation algorithm is
presented to highlight that the representative data has a low distortion on the represented data in WSN. Additionally,
simulation experiments with a real dataset are presented to evaluate the performance of the DDCD aggregation algorithm.
The experimental results show that the resulting representative data achieved by DDCD aggregation algorithm have a lower
data distortion than those achieved by the Pearson correlation coefficient based data aggregation algorithm or a—local
spatial data aggregation algorithm. Moreover, the energy consuming of DDCD aggregation algorithm is less than those of
the other two data aggregation algorithms.
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Fig. 1 Sketch map of distribution of data objects
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Fig. 2 Distributions of sensor nodes in LUCE
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