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A Fast Radar Emitter Recognition Algorithm Based on Rough
K-means Combined with AdaBoost

WANG Wenzhe', WU Hua', SUO Zhongying'*, CHEN You', CHENG Siyi'
(1.Aeronautics and Astronautics Engineering College, Air Force Engineering University, Xi'an 710038 ,China;
2. Science College, Air Force Engineering University, Xi'an 710051, China))

Abstract: Aimed at the fact that data samples in the same data set are difficult to recognize because of mal-
distribution, this paper proposes a fast radar emitter recognition algorithm based on rough K-means com-
bined with AdaBoost. The algorithm is composed of two stages. At the primary recognition stage, an im-
proved rough k-means algorithm is proposed, and the data feature space is divided into the certain area,
the rough area and the uncertain area to construct a fast radar emitter recognition algorithm model so as to
filter and recognize the data set. And at the same time a heuristic approach is proposed to solve the inherent
shortcomings of the original rough K-means by ascertaining its initial clustering number and centers. And
at the advanced recognition stage, unknown samples dwelling in the uncertain area are recognized by the
multi-class AdaBoost classifier trained by the unknown ones in the rough area, thus promoting the recog-
nition accuracy of the algorithm. The simulation results show that compared to RBF-SVM and AdaBoost,

the scope of an accuracy fluctuation is from —0.1% to +1.4% . the shrinkage of a training time is 0.857 s,
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and the shrinkage of a test time is 0.005 s at most, and apparently the computational complexity is lowered

and the time consumed is shortened respectively by using this new algorithm under conditions of reserving

comparatively high recognition accuracy and generalization capability. By so doing. this provides fast radar

emitter recognition algorithms-designing with new train of thought.

Key words:radar emitter recognition; rough K-means; AdaBoost; computational complexity
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Fig.1 Area division of the rough K-means algorithm
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Tab.1 The data information table of known radar signals

J¥H%  RF/GHz PRF/Hz  PW/ps
1 8 346 1 600 0.15 3
2 8 590 1300 0.25 3
3 7 850 1500 0.5 1
4 7 806 750 0.1 1
5 7 909 585 0.5 2
6 7 967 580 0.5 2
7 7920 620 0.5 2
8 7 857 750 0.5 1
9 7 786 1 500 0.1 1
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Tab.2 The discrete information table usingthe

equivalent width method
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Tab.3 The classification rules extracted

based on rough sets theory

F5 A B d
1 3 3 3
2 2 3 1
3 1 3 1
4 2 2 1
5 1 2 2
6 x 1 2
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Tab.4 Parameters of the K-means classifier

T BRI MG AR A E R AR
1 (8 467.9,1 452.9) 175.0 218.8
2 (7 850.8,1 497.6) 58.3 72.9
3 (7 786.0,1 514.2) 70.7 88.4
4 (7 831.6 , 751.7) 60.0 75.0
5 (7.919.3 , 620.4) 4.9 6.2
6 (7 938.6 , 582.8) 27.4 34.3
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Tab.5 Comparison results of experiment 1

Y YIgRbE /s MEREEE /s KR/ Y%
RBF-SVM 2.634 0.012 94.4
AdaBoost 2.915 0.010 95.9
AR 2.058 0.007 95.8
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Tab.6 Comparison results of experiment 2

YR WGRE/s  WEREE /s R/ %
RBF-SVM 0.539 0.003 94.0
AdaBoost 0.644 0.001 93.7
AR ICEE 0.368 0.001 93.9
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