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Improve YOLOVS5s object detection algorithm for aerial images
ZHANG Qingxu,GENG Zhiqing, CHENG Yapeng, SU Jiatao

(School of Information and Electrical Engineering, Hebei University of Engineering, Handan 056038, Hebei, China)

Abstract: Aiming at the problems of complex background, excessive redundant information and undetectable small targets in aerial
images, an improved object detection algorithm ( GGS—YOLOV5) of YOLOVSs is proposed. Firstly, the GAM attention mechanism
is added to the Backbone network to reduce the interference of complex backgrounds, suppress redundant information, focus on
detection targets, and enhance the feature extraction ability of the model, and a new structure, SPPFCSPC, is proposed to enhance
the receptive field while improving the detection speed and accuracy. Secondly, the GSConv module is introduced in the Neck
network to reduce the loss of semantic information and enhance global perception and feature fusion capabilities. Finally, the loss
function is replaced with SIoU, and the angle penalty cost is added to effectively reduce the degree of freedom, further improve the
convergence speed and detection accuracy of the model. The results of the algorithm ablation in the SeaDroneSee dataset and the
comparative experimental results show that the proposed algorithm improves the recall rate by 4.9% and mAP 0.5 by 2.8%
compared with the original YOLOVSs.
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Fig. 1 YOLOVSs algorithm network structure and each module refinement diagram
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Fig. 2 Network structure diagram of the improved YOLOVSs algorithm

BT
e ” SR T
Me
Ms

iy ARRIE ] F3
HAFIERE FL
B3 GAM EEANFIREIHTE

Fig. 3 Implementation process of GAM attention mechanism
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Fig. 4 Realization process of channel attention submodule
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Fig. 5 Implementation process of spatial attention submodule
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Fig. 9 Comparison of mAP value curves of attention mechanism
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