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Small target detection method of UAV image based on
improved YOLOv12
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Abstract: Aiming at the problems of low detection accuracy, strong background interference and weak feature
expression ability of small targets in unmanned aerial vehicle (UAV) remote sensing images, a target detection
algorithm combining multi-core feature extraction and triplet attention mechanism is proposed. Based on the
YOLOvI12 framework, the MogaNet dual-domain aggregation mechanism is introduced to enhance the multi-
scale feature extraction ability, the coordinate attention (CA) module is embedded to improve the spatial
positioning accuracy, and the triple attention mechanism is designed to jointly strengthen the attention to small
targets in the spatial, channel and scale dimensions, and the CMUNeXt feature fusion strategy is combined to
optimize cross-level information transmission. The research results show that the index /54,5 0f the algorithm
on the VisDrone2019 and NWPU VHR-10 datasets reaches 0.331 and 0.808, respectively, which is 5.7% and
15.0% higher than the YOLOv12 model, and significantly improves the detection accuracy and robustness of
small targets in complex backgrounds.
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Fig.3 CA attention mechanism model architecture
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Fig.4 triple attention mechanism model architecture
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Tab.2 ablation experiments on VisDrone2019
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1 0.274 0.155
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4 N N N N 0.331 0.191
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Tab.3 ablation experiments on NWPU VHR-10
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2 N N 0.692 0.391
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S N B X AR A R R T

FERRBCE 1 Lospaos F1 Lunvaososs 73971 4 0.658 FlI
0375, FIAMAEZEIHENG . Laeos T T+ 2
0.692, Lapaososs IETEE 0.391, B TiEEE &S
FEVE IR 40 WER R T B RRE S SR ALY, B R
Fh T AR R & 215 5 22 RO H bR G W IORS B
A 251 A CMUNeXt FRIF fill A 254 5 MogaNet (U
A HLHIG , B BERR SR b T e 4R B W) 25
Ak, Foo3 EIIE T 45 455 5 () B[R] 38 25 2000 5 5 4
SERLRE )
2.3 XfLbsEIE

Shy 56 UE T i A R A KO R BE G B
MEFREEARE SV HINZLZE S5 — %, &F




%34

AF bR, 5 R TR YOLOVI2 89 R AMUE AL N B ARk 7 & 355

VisDrone2019 (i 45 [, KA B LS HAMRE
PR R 3 B bR IR T R X HE S, SR g R
WK 4, ACH B . B BRETFAN IR
LT YOLO R4 F A, Phefae, &%
PEOE SR HAARCR U, oot S5 A ARG K B 1,
% YOLOvSn #£ 7+ 0.027, #; YOLOvS5n 27t 0.040,
R X R R FEA SR R T, A ARG E
{FREERAIM s Lo HE T FrA X LUALRY, S 77
R B AR S g % LS8 B bR B i R BE ) o AF
A& ToU K RE J) (Lyapaos M 0.321) B, A SCHE
% YOLOvSn #2 JF 0.034, % YOLOv8n #2 J}
0.033, PLFIE T XF 1 FHE A AE BE AL AL, A f
W HE 5 B SCHE 7)) B A B VU C SRS 1 . A SCHETRAE
Lovaososs TEVR L RIRESI S, SRTHXTZ R . &
Z= Y 5 H bR 0 256 K U B8 71 3 BN B 5z et
UOUE T BB AE H bR AT 55 Hh 38 2k 45 44 B1) 3 S B
M R G T, S SEBR R st T AT SR Y
fR TR S
JSEASCEL AT 24 B3 YOLOV 1 2 AL
Frsghn, SEGEFEE (494.8 FPS) T YOLOV6

SRR AR, (200 A2 e AT A LA It i
I mfE (38 % 4 30 FPS 8% 60 FPS) Hy Ak BT 5K ,
5642l AL R A ST & 1 SC R B . E &
Bl . RERIR SRR TRL”
NS, G R 43 T A A R 6 BUAG: U
KEEE (Lopaos) KIEHET:, BAT 785010 & Al
FAANAE, 350 3 B 2030 v 70 O IE TR S0 A1 M %) i 4
T, SRS B R A O
F£ NWPU VHR-10 4 4 I 09 % Eb ik 56 45

WS, AR SCH L MTE B BRECH 14.6x10°, HE
Pl 488.9 FPS, MIXT AR, HAAKE, HI,,
iKF] 0.860, % YOLOvS iR 5 0.014, HTE I
b 2k #0739, [ YOLOv6 #2 5 0.009, 7
Lovaos TEFR £, RSO0 0.808, # YOLOVS #il
YOLOVS 43 5l #2 F+ 0.039 F1 0.0525 Lpaososs M
0.466, % YOLOV6 #750.005, 7o/ iF B HAE 243
R R E MG BRI i a5z e RE T .
i, ASCEIRAEARR PR . AR S AR
Hbrw i R R irkne, ©E T HTZ /)
T8 I PR AN FHANE

F 4 VisDrone2019 #iE & 4R LR

Tab.4 performance comparison of VisDrone2019 dataset

UES Lpre Lpee ImAP@O.S 1mAP@0.5:0.95 s R0 S /FPS
YOLOv5!! 0.393 0.297 0.287 0.163 7.1 1471.0
YOLOv62” 0.348 0.274 0.267 0.154 11.8 1714.4
YOLOvS?! 0.406 0.307 0.298 0.170 8.1 1549.8
YOLOv12%2 0.378 0.283 0.274 0.155 5.8 674.9
YOLOv13% 0.391 0.292 0.280 0.159 5.0 1205.1

FFCAPY 0.395 0.295 0.283 0.161 5.8 668.8
APW-YOLOvS8?! 0.419 0.320 0.319 0.188 12.4 1268.6
YOLOVS-Ghost!*"! 0.419 0.284 0.266 0.146 5.0 12553

ARSI 0.433 0.335 0.331 0.191 14.6 494.8

*5 NWPU-VHR-10#iR&E 4BELLER
Tab.5 performance comparison of NWPU-VHR-10 dataset

ji{f IPre [Rec ImAP@().S ImAP@().S:ll,‘)S {?‘Iﬁ‘@%&ﬁ/log T&IEEJ_E/FPS
YOLOvS!™ 0.771 0.727 0.756 0.430 7.1 1475.0
YOLOv62” 0.825 0.730 0.795 0.461 11.8 1691.2
YOLOvSE! 0.846 0.704 0.769 0.441 8.1 1589.6
YOLOv12%% 0.821 0.600 0.658 0.375 5.8 667.5
YOLOv13%! 0.625 0.662 0.357 0.366 5.0 470.8

FFCAPY 0.816 0.607 0.658 0.376 5.8 659.0
APW-YOLOvS?™! 0.850 0.728 0.785 0.456 12.4 1268.6
YOLOVS-Ghost?*") 0.704 0.689 0.699 0.381 5.0 12314

ARSCE: 0.860 0.739 0.808 0.466 14.6 488.9
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