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W E. ¥ F KRB AEAM(Unmanned aerial vehicle, UAV)#EE 2 F &R 5T AL LA RF H1E%
W, AR TR E T AEE L TFHRAET S — P m TRAGEE, 4 EX R, AR ET 2 LA
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FoERABME BRET A THENGEOHRER BT E ABKETSBEIBRTORE. 25,4
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Bl A5 RAMAT 5 R R 0 AF 38 T e N E & A AL 89 ResNet 42 A fo 45 4L 69 Bagging % & 5 3 &
. RTANMRBENEREREAN IRFEZLETRETERA T RAMNEEY T T 69750 KL
TeAFE.
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Detection and Identification Method for Multiple UAVs with Mixed Strong Weak
Signals

WANG Jiagi, WANG Wei
(College of Electronic and Information Engineering, Nanjing University of Aeronautics & Astronautics, Nanjing 211106, China)

Abstract: Due to the varying distances of different unmanned aerial vehicles (UAVs) , the overlapping
signals often exhibit different signal-to-noise ratios, and the presence of various interference signals in
low-altitude environments further increases the difficulty of identification. To address these problems, this
paper proposes a joint detection-separation-identification scheme for overlapping signals from multiple
UAVs. The scheme effectively improves the detection and identification performance of overlapping signals
with different SNRs through three steps: signal detection, signal separation, and signal identification.
First, the YOLO detector is employed to locate potential UAV signals on the time-frequency spectrogram.
Then, a data augmentation method based on random deviation is proposed to mitigate the bias in the signal
separation process. Subsequently, the bandwidth and duration features of the signals are extracted using a
YOLO-based classifier to achieve classification of distinct UAV signals. Finally, to further improve the
recognition accuracy of signals from identical UAV models, an enhanced ResNet model integrated with

attention mechanisms and an optimized Bagging ensemble learning method are proposed. Experimental

EL2WA : BHR A RPF 4 (62371231) 5 VLJ5 4 B TF 51 404 A 56 fih BF 78 # K950 H (BK20222001); V175 44 S8 & 11 %55 3
(BE2023027)
I 5 B #3: 2025-05-13 ;4817 H #1: 2025-10-09
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results based on publicly available datasets demonstrate that the proposed scheme outperforms existing
methods in scenarios where interference signals and UAV's of the same model coexist.
Key words: unmanned aerial vehicle (UAV) detection; UAV identification; overlapping signal separation;

data augmentation; Bagging ensemble learning
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