6511
2025 4F 11 A

HITREC AR

Telecommunication Engineering

Vol. 65,No. 11
November, 2025

DOI:10. 20079/j. issn. 1001-893x. 240527001

T2 REEFFER JE AN BL H b UM 5%
KEX, B W

(VLIFE T 24P A E B TR R  TLR #M 213000)

B E AT RANA T RE RS BAFPRAN R o R B AL, T —AF 5 R Ak &AL
# YOLOv8-FDT AN B 47425 Frik, &2k, A KAEA Neck & P Azl & LR, § £ FK
BARK T RSEMST BAFRR 6 Zabb . suob A TAEFEA SRR 4 A ak A T B AE 45
HRAAFGREREBXAZEL, A EL TRAEFRELAR, XTRHERET KEFHENEL
( Feature Diffusion Pyramid Network , FDPN) _ i@ it T ABUALAG 2 4£ VisDrone2019 49 5236 & WA | B ik
J& B BT A K R T )M 3914 (mean Average Precision, mAP) #8423k &AL A 42 5T 6. 24%

KR AN B ARIRF ,4%/,f£§124§, % R % @kbA

s R 4R
B RLES (3553 =3 LR IEE R
FHRE (RIRIRS ) $RIRE (0SID) ; gk © L

R 2 AT RES

hE 45 ES . TP391. 4 MRS A X EHS:1001-893X(2025) 11-1773-08

UAYV Target Recognition Based on Multi-scale Features

ZHANG Bowen, XUE Bo

(School of Electrical and Information Engineering, Jiangsu Institute of Technology , Changzhou 213000, China)

Abstract ;In view of the problems of false detection and missed detection when an unmanned aerial vehicle
(UAV) detects targets at different scales,a YOLOv8-FDT UAV algorithm model with a multi-scale fusion
mechanism is proposed. First, a dynamic upsampling module is added to the Neck layer of the baseline
model to reduce the number of model parameters and improve the real-time performance of the model for
target recognition. In addition, in order to enable the entire algorithm model to capture different scale
semantic information of the target in the feature fusion stage ,adaptive downsampling and depth convolution
are integrated to design the feature diffusion pyramid network ( FDPN). Finally, experiments on the UAV
aerial photography dataset VisDrone2019 show that the mean average precision(mAP) of all categories of
the improved model is increased by 6. 24% compared with that of the baseline model.
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