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Abstract: In cognitive radio networks, it is very difficult to track the location of small-scale mobile primary users
because of their mobile characteristic.the unpredictability of its spatial and temporal spectrum usage patterns and
its weak transmission power. Based on these observations, a novel algorithm with self-adjustment mechanism is
proposed based on weighted centroid localization and particle filter to track small-scale mobile primary users. The
advantage of this method is that not only accurately and reliably track the location of small-scale mobile primary
users, but also to preserve localization accuracy depend on adjustment mechanism in the case of localization error
exceeds the threshold. Simulation results show that localization error of the proposed algorithm less than 10 m in

the range of 100 mx100 m.
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