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Abstract: The widespread application of unmanned aerial vehicles (UAVs) has introduced security risks including pri-
vacy infringement, airspace intrusion, and even threats to critical infrastructure, making effective identification meth-
ods urgently needed to support airspace regulation. Existing deep learning-based UAV radio frequency signal identifi-
cation methods mostly directly employed 2D neural networks from the image domain for modeling, which ignored
the phase correlation between In-phase/Quadrature (I/Q) components, resulting in limited time-frequency feature ex-
traction capability and interpretability, and lacked dual-task collaborative recognition of UAV model and flight status.

To address the above issues, a complex multi-scale fusion dual-task network (CMS-DTN) was proposed in this paper.
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Firstly, a complex multi-scale fusion module was designed to couple 1/Q signal time-frequency spectrograms, extract-

ing multi-scale time-frequency features while preserving phase information. Secondly, a lightweight bidirectional fea-

ture pyramid network was adopted to achieve efficient feature fusion. Finally, a cascaded guidance dual-task classifi-

cation structure was designed, combined with an adaptive loss weighting strategy, to realize collaborative recognition

of UAV model and flight status. Experimental results demonstrated that the proposed method achieved higher recogni-

tion accuracy than existing methods under low signal-to-noise ratio (SNR) conditions, and exhibited better robustness

to time-frequency resolution reduction.
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