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Fig. 1 The CWD T-F images of eight types of signals at SNR of 0 dB
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Fig. 4 The flow chart of the LPI radar signal recognition
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The LPI radar signal recognition based on deep learning and support

vector machine

ZHANG Muqing, WANG Huali’, NI Xue

College of Communication Engineering, Army Engineering University of PLA, Nanjing 210007, China

Abstract A radar signal recognition method of low probability of intercept (LLPT) based on the stacked autoencoder and the support vector

machine is proposed. First, the signal is transformed to the time-frequency (T-F) domain to obtain the T-F images through the Choi-
Williams Distribution. Second, image processing methods are used to process the T—F images. Then, the stacked autoencoder is used to
extract features from the preprocessed images. Finally, the support vector machine (SVM) is used to recognize the signal. The method uses
the arbitrary waveform generator (AWG) to generate eight kinds of LPI radar signals and uses the stacked autoencoder combined with the
SVM to recognize the signal. Simulation results show that the method can effectively classify the LPI radar signal in low SNR and small
sample situations.

Keywords low probability of intercept radar signal; autoencoder; support vector machine; small sample




