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Abstract: For UAV aerial photography, the background is complex, the detection target is small and dense. A
lightweight UAV aerial photography target detection algorithm SDS-YOL O based on YOLOv5 is proposed. Firstly,
SDS-YOLO algorithm reconstructs the lightweight network structure, the feature extraction network and feature fusion
network are reconstructed. Adjusts the detection layer and receptive field architecture, establishes the multi-scale
detection inlormation dependence between deep semantics and shallow semantics, increases the weight ol shallow
network feature layer, and improves the detection ability of small targets; Secondly, the pre selection box is adjusted
by clustering and genetic learning algorithm to realize the optimal pre selection box selection mechanism of
reconstructed network and accelerate the convergence speed of the model. Finally, SDS-YOLO was trained with
varifocal loss to make TACS regression to improve the detection ability of the model to dense objects. The results show
that the accuracy of the model is improved by 7.64% ; The volume of the model is 4. 25MB, which is significantly
lower than that of the original model; The speed and amount of reasoning are improved. Compared with the current
mainstream algorithms, SDS-YOLO has made good improvements in all aspects to meet the requirements ol real-time
target detection in UAV aerial photography.
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Cascade R-CNNM*-  ResNet-50 22.2 14. 8 7.6 54.6 31.5 21.6 14.8 8.6 34.9 21.4 23.2
Faster R-CNNI"- ResNet-50 21.4 15.6 6.7 51.7 29.5 19.0 13.1 7.7 31.4 20.7 21.7
Faster RCNNM'™-  ResNet-101 20.9 14. 8 7.3 51.0 29.7 19.5 14.0 8.8 30.5 21.2 21.8
RetinaNet™*! ResNet-50 13.0 7.9 1.4 45.5 19.9 11.5 6.3 4.2 17.8 11.8 13.9
DMNet!' ResNet-50 28.5 20. 4 15.9 56.8 37.9 30.1 22.6 14.0  47.1 29.2 30.3
CDNet"* ResNeXt-101 35.6 19. 2 13.8 55.8 42.1 38.2 33.0 25.4 49.5 29.3 34.2
HR-Cascade+ +"* HRNet-W40 32.6 17.3 11.1 54.7 42.4 35.3 32.7 24.1 46.5 28.2 32.5
MSC-CenterNet™! Hourglass-104 33.7 15.2 12.1 55.2 40.5 34.1 29.2 21.6 42.2 27.5 31.1
CenterNet™® Hourglass-104 22.6 20. 6 14.6 59.7 24.0 21.3 20.1 17.4 37.9 23.7 26.2
DBAI-Det!" ResNeXt-101 36.7 12.8 14.7 47.4 38.0 41.4 23.4 16.9 31.9 16.6 28.0
YOLOvV3-LITE"  Darknet-53 34.5 23.4 7.9 70.8 31.3 2L.9 15.3 6.2  40.9 32.7 28.5
MSA-YOLO™ CSPDarknet 33.4 17. 3 11.2  76.8 41.5 41.4 14.8 18.4  60.9 31.0 34.7
YOLOv5 CSPDarknet 38.1 30. 3 11.3 72.1 34.7 28.8 18.5 10.0  42.0 37.8 32.4
SDS-YOLO CSPDarknet 46.7 35.4 14. 4 82 45.1 35.8 26.5 12.7 54.3 47.4 40.0

MR T R AL AR
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