$£15% H54 q] B I E MNE KA 2025 &5 A
Vol.15 No.5 Intelligent Computer and Applications May 2025

Zflize | AR ST Gl YOLOvSn BT AMLUTHA/N BARKEM B3 (7], B et HL5 R ,2025,15(5) :173-179. DOI.: 10.
20169/j. issn. 2095-2163. 24120902

E T YOLOvSn B9 & AHLAn A/ B Rt i & %

FHEF,F ¥
(X% BFEEREE, BER 610065)

B E. MHERELTRRE R R, TANLFERRET WM AR R 2R iR 45 24 4Tkl e B 7 [ A9 1 F A B, SR, B
MR G H )N B e ) (] 8 — R BRI vz B A M AR 2 — X T AN BRI T BAR /N B 5 4
B4 T — My YOLOVSn B ARFEINE 1 DR & AN T /N BRSNS BE . 108, 0 T S0 4 MU 42 6 AL
P TS FEALE R BAREREHE , 51 A TR ASIE BB . 380 T P2 /N BARK DNk | IF7E Neck #3419 C2f #H 5| A
T 7S () A R MU, SRR AN W] X3k B AR B XA e . R, B T B A A e eR B, (AR AR BN B ARET A
BRI RHE  SeBh45 58], 7E MDMT ( Multi-Drone Multi-Target) 3R 4E I, %55 75 /N HFRKIMDRG BE I B 3500 Tk 2k
MR A YOLOvV8n, YOLOVS £l Faster—-RCNN 25481 mAP50 538 T 61.0% , 43 42T+ T 13.7% .14. 0% .50. 8%

XK. YOLOV8n; /NEFRKN ; TEANAS ; TR IIVLS; nTAEIEEH

FESES, TP391 XEARER . A XEHS: 2095-2163(2025)05-0173-07

Research on small target detection algorithm for drone aerial photography
based on improved YOLOv8n

LI Bohao, LI Zhi

(College of Electronics and Information Engineering, Sichuan University, Chengdu 610065, China)

Abstract: With the rapid development of the low—altitude economy, Unmanned Aerial Vehicles (UAVs) have demonstrated broad
application prospects in multiple fields such as environmental monitoring, agricultural plant protection, and emergency rescue.
However, the problem of small target detection in UAV aerial images has always been one of the technical bottlenecks restricting
their wide application. In response to the characteristics of UAV aerial images, which feature wide angles of view, small targets,
and complex backgrounds, an improved YOLOv8n target detection algorithm is proposed to enhance the detection accuracy of small
targets from the perspective of UAVs. Firstly, deformable convolution kernels are introduced to better capture the shape features of
targets at different viewing distances from the UAV’s perspective. Secondly, a P2 small target detection head is added, and a
spatial—channel attention mechanism is introduced into the C2f module in the Neck part to improve the model’s ability to distinguish
targets in different regions. Finally, an adaptive bounding box loss function is proposed to enable the generation of better bounding
boxes when dealing with small targets. Experimental results show that on the MDMT ( Multi—Drone Multi—Target) dataset, this
algorithm is significantly superior to baseline models such as the native YOLOv8n, YOLOvVS5, and Faster—-RCNN in terms of small
target detection accuracy. The mAP50 reaches 61. 0% , with improvements of 13. 7%, 14. 0%, and 50. 8% respectively.
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Fig. 1 Improved YOLOvV8n network model
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Fig. 2 Modified structure diagram of the backbone network of YOLOv8n
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Table 1 Comparison of results of different networks %

GER7S Precison  Recall mAP50  mAP95
Faster—RCNN - - 10.2 7.3
YOLOvS 68.3 43.3 47.0 25.6
YOLOv7-tiny 53.5 42.4 40.5 19.8
YOLOv8n 68.6 43.9 47.3 26.8
AR S 73.8 54.7 61.0 33.7
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Table 2 Ablation experiments of different modules %
ik Precison Recall mAPS50 mAP95
YOLOv8n 68.6 43.9 47.3 26.8
YOLOv8n+P2 69.7 49.4 57.4 31.5
YOLOv8n+P2+DCNv4 71.1 53.6 59.1 33.1
YOLOv8n+P2+DCNv4+C2f-CBAM 72.3 54.1 60.2 33.4
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