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Radar emitter recognition based on the deep learning of

time-frequency feature

LI Dongjin, YANG Ruijuan, DONG Ruijie
(Early Warning Intelligence Department, Air Force Early Warning Academy, Wuhan 430019, China)

Abstract; Aiming at the problem of insufficient expansion ability and low recognition rate in radar emitter recognition, an intelligent

recognition algorithm based on the deep learning of time-frequency feature was proposed. The shallow two-dimensional time-frequency features with

high recognition and stability were quickly extracted by down sampling of short-time Fourier transform, and the noise reduction and other pre-

processing were completed by using the sparseness of the local frequency-domain signal; a convolutional neural network for deep feature learning

and recognition was designed, and the scale of the network was expanded by different scale convolution kernels to enhance the feature representation

ability ; the network was trained and tuned by using eight kinds of emitter signals under high SNR ( signal-to-noise ratio) conditions, and the

effectiveness of the algorithm and network was verified by a low SNR sample. The experimental results showed that the system achieves overall

recognition rate of 98.31% at SNR of —8 dB, which verifies that the proposed algorithm has strong robustness.

Keywords: time-frequency feature; down sampling of short time Fourier transfer; convolutional neural network; radar emitter recognition;

deep learning
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Fig.1 Structure diagram of radar emitter recognition
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Fig.6  Recognition performances under different algorithms
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Tab.4  Comparison of timeliness

A s

CNN SCHR[9] SCHR[10]
SCR 6.807 7.451 4.612
BFSK 6.947 6.784 4.562
QFSK 7.786 7.825 4.835
LFM 8.182 8.056 4.816
NLFM 8.781 8.568 4.952
BPSK 7.864 8.354 4.528
QPSK 7.882 8.403 4.692
Frank 7.283 7.205 4.694
Total 61.532 62. 648 37.691
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