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A method for radar emitter signal recognition based
on time-frequency atom features

WANG Xi-Qin, LIU Jing-Yao, MENG Hua-Dong”, LIU Yi-Min
(Department of Electronic Engineering, Tsinghua University, Beijing 100084 ,China)

Abstract: A novel method for radar emitter signal recognition based on time-frequency atom feature is presented. During
training, based on the over-complete time-frequency atom dictionary, a few atoms which can separate different kinds of sig-
nals best are exiracted as a set of fixed feature according to the class separability. During testing, the module of inner prod-
uct between atoms and signals is used as the input feature for the fuzzy ARTMAP classifier, and the radar emitter signals
can be recognized automatically. Experimental results of five kinds of typical radar emitter signals show that this method
reduces the computational amount of feature extraction during testing obviously, and the input features have strong concen-

tration within classes and large separability between classes. Our method can achieve high recognition accuracy at the SNR

larger than 3 dB.
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Fig. 1  The architecture of the fuzzy ARTMAP network
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Table 1 The parameters of the first 15 atoms extracted by the LDB method

Atom 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15
s 128 64 256 64 256 256 256 64 32 128 32 128 32 16 64

u 36 88 115 131 154 140 233 63 21 128 108 57 240 219 211

x 0.2 0.8 0.9 0.1 0.5 0.92 0.1 0.23 0.41 0.12 0.2 0.2 0.98 0.85 0.11
c(e-4) 7.81 0 0 16 0 0 0.39 0.39 16 7.81 7.81 7.81 0 7.81 0.39
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Fig.2 The feature distribution of the first two exiracted atoms

100

95
85
80
75

Recognition accuracy/(%)

70 Cl B E
—o— KX 4

65 o T MR

60 1 1 1 1 1 il 1 1 1
4 2 0 2 4 6 8 10 12 14 16
SNR/(dB)

B3 PR E A R 1 L g A2 1
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