. 4k R L G N N %498 2
%“ "’%mw er ELECTRONIC MEASUREMENT TECHNOLOGY 2026 4E 1 A

DOI:10. 19651/j. cnki. emt. 2518805

EFRESINEANHARSERE L

WEEY AABHGT #ESLY hEE' A2z F
(1.FPRRXRFFELEBEIAFRE KR 030051:2. PR FEREMNBARALEELSE LB L ETELEE KR 030051;
SAFRHEIKFEMA TN %4 FKE dLFE 100081)

B OE: AR, T AN AR L AR 12 R L 7R s 0 DR B v R A AR BR R 7 A AT A T2

FL&E S T8 B0 B 2238 SRR AE I 90 48 52 26 1 . AR, TE AMLIE A5 5 78 & 2 IR BE v 5 32 T4 B Bt i s v s 2% 145
G s AR5 M7 5 30 7 ALk B b 28 ) R R A A SR BR M o AT AR SR S — Rl i IR 2 2T 1 JE AL 4 A Ll
T T R 22 I 45 119 9 i 45 45 B SelfNet, DA W 75 T B2 I 18 2% 0 o £ RO R01% 5L L 31 g B0 & 19 IR0 it 4k
SelfNet Fl FH 4 5 5 8 U A5 M 22 RRAE , O3 5 fR RS ER K B A5 5 4540 . SCI0 45 R 2 W], SelfNet 15 PSNR ¥J{ 8 17. 767 2,
SSIM {4 0. 431 7,4t F Googl.eNet il ResNet 45 £ B4 Bl 28 W 4 , H 38 1 /MR AR 52 50 R £ 2% S 50 0F T =z 1k
AE 1, R 52 2 R B TF JC A WL 5 il 28 1 J R 0L T — R

KR AN B E W 4 TR 2= ) s BGR F t

FES S, TNIS7. 51;TP391 XHkARIRED . A ERirEZER SRR 510.70
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Abstract: In recent years, UAV technology has been widely used in many fields. Radar detection is widely used
because of its advantages of long-distance, high-precision positioning and rapid response, and the research on micro-
Doppler characteristics of UAV has attracted much attention. However, the echo signal of UAV is susceptible to
interference in complex environment, resulting in time-frequency characteristics distortion. The traditional time-
frequency analysis methods have limitations in dealing with such problems. Therefore, this paper proposes a time-
frequency curve reconstruction algorithm for UAV based on deep learning. By designing autoencoder model based on
convolutional neural network SelfNet, effective information is extracted from noise interference and channel distortion,
and high-quality time-frequency curve is reconstructed. SelfNet uses the encoder to extract the characteristics of time-
frequency curve, and restores the signal structure through the decoder. The experimental results show that the average
PSNR is 17. 767 2, and the average SSIM is 0. 431 7, which is better than classical convolutional neural networks such
as Googl.eNet and ResNet, and its generalization ability is verified by small sample experiments and transfer learning,
which provides an idea for UAV time-frequency curve reconstruction in complex environment.
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Fig. 2 Micro-Doppler time-frequency curve of UAV
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