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UAV signal recognition method based on improved residual neural network

Wang Shuozhe Hao Donglai* Li Minjing Ma Siyu
Xijing University, Xi’an, Shaanxi 710123, China

Abstract: Drone radio frequency (RF) signal detection demonstrates advantages in low-altitude security applications, yet
traditional methods exhibit limited robustness in complex environments. This paper proposes an improved residual neural
network-based UAV signal recognition method. By employing short-time Fourier transform (STFT) for feature extraction and
integrating grouped convolution with cross-level skip connections, the approach enhances performance in signal detection,
aircraft type classification, and operation mode recognition. Experimental results show the method achieves 99.94% detection
accuracy, 86.66% classification accuracy, and 80.13% operation mode recognition accuracy, while reducing parameters and
computational costs. The study provides effective support for intelligent UAV identification in complex environments.
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