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A Method of Fast Clustering Sorting Radar Signals

ZHANG Qiang, WANG Hongwei, WANG Yubing, CHEN You, ZHOU Dongqing
(Aeronautics and Astronautics Engineering College, Air Force Engineering University, Xi'an 710038, China)

Abstract: Aimed at the problem of the fast clustering sorting of radar signals under complex conditions of electro-
magnetic environment, a fast clustering sorting method of radar signals is proposed by adopting a variable precision
rough set model based on the similarity of border pulse. In view of some reasons that the similarity of the weigh-
ting matrix computed by the original method is determined by experts or experience on no consideration of radar
radiated properties, this leads to a low clustering sorting accuracy rate. The improved method is used to obtain the
weights of feature parameters in radar emitter by utilizing the variable precision rough set model, further compute
similarity by the weighting matrix composed of optimum feature weights, and then perform fast clustering sorting
of radar signals by using similarity of border pulse. The simulation results show that the improved method increa-
ses the clustering sorting accuracy rate by 5.93% under the same fast clustering sorting capability compared with
the original method.

Key words: variable precision rough set; radar signal sorting; clustering; weighting matrix
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Fig.1 The flow chart of improved clustering sorting method
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Fig.2  The model of improved clustering sorting method
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Tab.1 The sample information of radar
F5  PRI/ps PW/ps DOA/(") REF/MHz 2
1 43 4.10 45 1313 1
2 52 3.50 138 2746 1
3 47 2.10 211 3109 1
4 157 0.80 152 9214 1
5 52 1.70 220 2 700 2
6 184 0.60 65 2970 2
7 44 1.10 150 2 695 2
8 33 0.50 144 3 400 3
9 315 0.25 48 9 000 3
10 158 0.80 36 2 000 3
11 263 0.20 112 7500 4
12 105 0.10 73 7 200 4
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Tab.2 The discretization of sample information
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12 3 1 2 6 4
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Tab.3 The simulation data of radar
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Tab.4  The result of clustering sorting
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(USRS 94.11

42 BESEMRLELE
3 590 DS 1] 52 24% B 1z A 5 1) b 3 0 5 32 19 2R
RO BCRIATITM LR 5

Tab.5 The efficiency of clustering sorting
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