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The Sorting of Frequency Hopping Signals Based on k- Means
Algorithm with Optimal Initial Clustering Centers

CHEN Lt hu', ZHANG Eryang' , SHEN Rong jun’
(1. College of Electronic Science and Engineering, National Univ. of Defense Technology, Changsha 410073, China;
2. General Equipment Depariment of PLA, Beijing 100080, China)

Abstract: A new method is poposed to select optimal initial cluster centers. By searching parameters higogram peak values, the
number of cluster centers can be estimated, and these optimal initial cluster centers are selected in the columns or cells where the
histogram peaks exist. Because these optimal iniial cluser centers are near to real cluster centers, the iterations of clustering are reduced
efficiently. Theoretical analysis demonsrates that the compute complexity of new method is lower than some conventional techniques. The
mproved k- Means algorihm is applied to soit frequency-hopping signals, and the simulation results demonstrate that the algorithm is
effective.
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Tab.1 Process of conventional K-means algorihm
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Tab.2 Process of initializing clustering centers based on histogram peaks search
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Tab.3 Compute complexiy of new method compared with conventional methods
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Fig. 1 Clustering process of nororthogonal FH signals based on T',— T
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Tab.4 Clustering performance of two real databases
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Tab. 5 Simulation parameters of FH signals clustering
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Fig.2 The histograms of FH parameters
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Fig.3 Networks clustering peformance based on 7',
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Fig. 4 Signals sorting performance of clustering based on To— PA
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