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Clustering Scheme Based on Spectrum Sensing in Cognitive Radio Ad hoc Networks

Qi Quan, Wang Keren, Du Yihang
(Electronic Countermeasure Institute, National University of Defense Technology, Hefei, 230037, China)

Abstract; To improve the spectrum sensing efficiency of cognitive radio Ad hoc networks and to solve the
problem of cognitive radio Ad hoc networks clustering, a clustering scheme based on spectrum sensing for
cognitive radio Ad hoc networks clustering is proposed. By introducing the detection factor, considering
multiple primary user signals overlapping and shadow fading effect, the clustering problem of secondary
users and primary user channels is mapped to bipartitie model. Then the clustering problem can be sim-
plified to constraint maximum-weight edge biclique (C-MWEB) decomposition problem and solved by
greedy algorithm. Simulation result shows that the proposed clustering scheme is more effective and reli-
able than the traditional one in the case of multiple primary user signals overlapping and shadow fading
effect.
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