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Abstract: A lightweight detection model YOLO-DAS was proposed to solve the problems of small target size, complex
background interference and low efficiency of multi-scale feature fusion in UAV aerial images. A dynamic multi-scale
sensing convolution module DMSConv is constructed to enhance the feature capture capability. The context-aware
feature recombination upsampling ADEPT was designed to optimize the feature map reconstruction process to improve
the integration accuracy of context information. The neck network is reconstructed using the bidirectional global-local
spatial attention SCOPE, and the single path fusion limitation is broken through the bidirectional feature interaction. A
shallow small target detection layer is added to strengthen the localization information extraction of low-level features.
Based on the VisDrone2019 dataset, the model achieved 39. 8% and 23.7% in mAP0.5 and MAPO. 5:0. 95 indexes,
respectively, which increased by 8.4% and 5.1% compared with the benchmark YOLOv8n. The accuracy and recall
rate increased by 8. 1% and 7% simultaneously, and the number of parameters decreased by 0.49 M. It provides an
effective solution for small and medium-sized target detection in UAV aerial images.
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Fig. 2 Model structure of YOLO-DAS
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Table 1 Based on the ablation results of VisDrone2019
H Y P/% R/ % mAP;, /% mAP;0,0;/ % Params/M

YOLOv8n 41. 6 31.7 31.4 18.6 3.01
YOLOv8n+DMSConv 43.1 33.6 32.7 19.0 2.99
YOLOv8n+DMSConv+ SCOPE 43. 3 33.3 33.4 19.5 2.13
YOLOv8n+DMSConv+SCOPE+ADEPT 44. 3 33.6 34.0 20.0 2.26
YOLOv8n+DMSConv+SCOPE+ ADEPT +layer 49.7 38.7 39.8 23.7 2.52
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Table 2 Comparison of VisDrone2019's accuracy by category

A Pedestrian  People Bicycle Car Van Truck  Tricycle Awning-tricycle  Bus Motor
YOLOv8n 33.1 26.0 7.23 74.2 37.5 26.6 19.5 11.6 45.0 33.3
YOLO-DAS 46.7 38.5 13.5 81.9 45.9 30. 3 25.9 13.7 52.6 47. 4
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Table 3 Comparison of target detection results of different

algorithms on VisDrone2019 dataset

R P/ R/ mAP;,/ mAP../ Params/

- % % % % M
YOLOv3-tiny 36.8 23.3 22.3 12. 4 12.1
FasterrRCNN  — — 35.2 21.3 42. 36
YOLOv5 39.3 31.0 29.7 17.5 2.50
Drone-YOLO  — — 31.0 17.5 3.05
YOLOv6 35.6 28.9 27.7 16.5 4.23
YOLOv8n 41.6 31.7 31.4 18. 6 3.01

SCHRkE29] 46.9 38.0 36. 4 20. 1 —
YOLOv9s 50.9 37.3 38.7 23.4 7.17
SSD — — 21.3 13.1 26.13
LW-YOLOv8 47.6 35.5 36. 3 — 2.83
YOLOv10n 44.0 33.0 33.3 19.2 2.26
YOLO-DAS 49.7 38.7 39.8 23.7 2.52
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