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UAYV REF Signal Identification Based on Residual Neural Network

YANG Xiaowei' , WANG Zeyue',YANG Hemeng’, YANG Xue® ,ZHANG Lili ' ,CHEN Yanfang’

(1. City West Power Supply Branch, State Grid Tianjin Electric Power Company , Tianjin 300301, China;
2. Tianjin Zhongwei Aerospace Data System Technology Co. ,Ltd. ,Tianjin 300301, China)
Abstract ; In order to solve the problem of small unmanned aerial vehicles( UAVs) threating low-altitude
area safety and difficulty in UAV visual identification,a method of UAV signal recognition is proposed. The
characteristics of radio frequency ( RF) signal between the UAV and its controller are learned with deep
learning technology to identify the UAVs. The UAYV signal in the RF signal dataset is preprocessed and then
fed into residual neural network for model training. Finally, the trained model is used to identify and verify
the UAV signal. The experimental results show that the accuracy of the proposed method is 99.8% for
identifying the existence of UAVs,91. 1% for identifying UAV models, and 70. 3% for identifying UAV
operating modes. The method has strong robustness and environmental anti-interference ability, and its
performance is significantly better than that of the benchmark method.
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