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Research on small target detection in UAV aerial photography

Cui Bobin  Yi Junkai Tan Lingling
(School of Mechanical and Electrical Engineering, Beijing Information Science and Technology University, Beijing 102206, China)

Abstract: Addressing the issues of insufficient object detection accuracy in UAV aerial images caused by factors such as
high proportion of small targets, large scale differences among targets, and complex backgrounds, and considering the
limited computational power and power consumption of edge devices, this paper proposes an improved object detection
algorithm called EGD-YOLO based on YOLOv8n. First, a P2 layer for small target detection is added while the P5
layer for large target detection is removed, and the shallow channel expansion strategy is adopted to enhance the feature
representation capability for small targets. Secondly. a global hierarchical fusion architecture cascading Multi-scale
feature fusion and weighted feature fusion was designed to achieve efficient propagation and deep integration of cross-
scale semantic information in the neck network. Finally, a DyHead dynamic detection head with multiple attention
mechanisms is employed to further optimize the model’ s small target detection performance. Experiments on the
VisDrone2019 dataset demonstrate that the proposed EGD-YOLO achieves improvements of 12. 0% in mAP@0. 5 and
8.6% in mAP@0. 5:0. 95 over the baseline while maintaining a clear computational advantage; results on the DOTA
dataset further confirm its strong generalization capability, providing an effective solution for small-object detection in
UAYV aerial imagery.
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Table 2 Comparative experiments of different algorithms on the VisDrone2019 dataset

H mAP@0. 5/ % mAP@0. 5:0. 95/ % Params/M GFLOPs
Faster R-CNN 35.8 19.7 — —
Sparse DETR 42.5 27.3 — 121.0
Vectorized IOU-YOLOv5™" 44. 6 26. 6 19. 30 —
UN-YOLOv5s™" 40. 5 22.5 — 37.4
YOLOv7-tiny 35.0 18.5 6. 04 13.3
YOLOv8s™ 43.8 — 10. 90 26.9
Drone-YOLO (large)™" 40.7 — 76. 20 —
YOLO-DA™" 44.7 25.3 63. 80 147.9
EdgeYOLO™ 44. 8 — 40. 50 109. 1
BDP-YOLOs™" 45.0 27. 4 5. 80 36.7
LRDS-YOLO™’ 43.6 26. 6 4.07 23.7
EGD-YOLO 45.0 27.9 2.30 23.0
3.5 HRINWELER T 4.1%.mAP@0.5.0.95 7+ T 3.0%. F£W P2 2054

S A 11 N 1 Sl T s s s Al O R = B O R
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S BELRATRY 3 — N B R AR SO R B Y R T . T
TIEERANGR 3 FR . IWIHRSE IS5 R LUE L A P2 ks
RS /N E AR 8 R & #E T, ALY mAP@o0. 5 42 FF
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Table 3 Ablation experiment results
N . . . . mAP@ mAP®@ Params ) ]
DIk P2 Delete P5 SCE GHF DyHead P/% R/% 0.5/%  0.5:0.95/% M GFLOPs
YOLOv8n 44.5 32.8 33.0 19.3 3.0 8.9
A N 48.7 35. 6 37.1 22.3 2.9 12. 4
B J J 47.2 35.7 36. 6 21.9 1.0 10. 6
C N J J 50. 3 37.1 38.7 23.4 1.0 12.8
D N NG J 48. 8 36. 2 37.9 22.8 1.1 12.5
E N NG J 52.4 39.9 41.7 25.3 2.0 17. 4
F J J J N 51.6 40. 4 42.0 25. 4 1.2 16. 2
G N N N N N 54.5 42.0 45.0 27.9 2.3 23.0
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Table 4 Comparative experiments of different algorithms on the DOTA dataset

LAY mAP@0. 5/ % mAP@0. 5:0. 95/ % Params/M GFLOPs
YOLOv8n 40.9 24.6 3.0 8.9
YOLOvlln 39.7 24.6 2.6 6.6
YOLOvS8s 44,2 27.2 11.2 28. 8
YOLOv11s 44.0 27.7 9.5 21.7
EGD-YOLO 46. 6 28.6 2.3 23.0
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Fig. 10 Comparison of detection results in dense scenes
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Fig. 11  Comparison of detection results in nighttime environments
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