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Fig.1 Traditional radar target detection process
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Fig.2 Radar target detection process based on deep learning
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Research Progress of Deep Learning Technology in Radar Target Detection

Song Ting"*, He Fengshou'?, Cheng Yufeng'

1. Aviation Key Laboratory of Science and Technology on AISSS, AVIC Leihua Electronic Technology Research
Institute, Wuxi 214063, China

2. Northwestern Polytechnical University, Xi’an 710129, China

Abstract: The detection of interesting targets is the basic task for radar. Target detection technology is one of the key
technologies in the field of radar signal processing. Since deep learning methods establish an end-to-end network to
avoid the lack of artificial feature expression and achieve superior detection performance, it has received more and
more attention in the radar field. This paper first introduces the relevant knowledge in target detection and points out
the limitation of traditional detection methods; then analyze the current classic methods of deep neural network
detection, mainly focuses on the research status of deep learning techniques in radar target detection. Finally, the
technical challenges of the application towards deep learning methods in targets detection are analyzed, and the
development trend of related technology in the future is prospected.

Key Words: deep learning; radar target detection technology; deep neural network; sequence signal detection;
time-frequency domain detection
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