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Abstract: In order to impr e ﬂuracy of multi-person pose detection, this paper proposes to use and
improve the YOLOvVSs model

improve the backbone n

erson pose detection. Firstly, the Coordinate Attention module is introduced to
allocating attention resources to key areas, reducing background interference in
complex environments, cing the model's precise localization ability for multi-person targets. Secondly, a
bidirectional feature py network is used to improve the feature fusion network of YOLOvSs and enhance the
network's information expression ability. The experimental results show that on the MS COCO2017 validation set for
multi-person poses, the improved YOLOVSs algorithm achieves an average detection precision of 61.9% and the
average accuracy increases by 1.5%, compared to the original YOLOv5s network. It can be seen that the improved
network can more accurately and effectively detect multiple human body postures.
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Fig. 1 YOLOv5s network structure
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Tab.1 Comparison of test results before and after CA module fusion
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