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Research on human motion pose recognition algorithm
based on improved YOLOv8pose
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Abstract: In response to the shortcomings of existing motion pose recognition algorithms in terms of accuracy and
efficiency in human pose detection, this paper proposes an efficient detection algorithm based on an improved
YOLOv8pose. This algorithm optimizes the occlusion scenario of key points by introducing the RL-SEAM module,
enhances the utilization of contextual information through the C2f-Context mechanism, enhances the model's ability to
recognize complex poses, and uses the Pose_SA lightweight detection head to improve the model's effectiveness and
efficiency in recognizing motion poses. The experimental results show that the improved YOLOv8pose algorithm has
achieved significant improvement in human motion pose recognition tasks. Its number of parameters and model size
have been reduced by 14. 24 and 10. 94 percentage points respectively compared to the original YOLOv8n benchmark
model. At the same time, accuracy, recall, and mean average precision have been improved by 7. 60.,7. 60 and 10. 54
percentage points respectively compared to the original model. Therefore, the YOLOv8-LSP model proposed in this
article helps to solve the challenges faced in human motion pose recognition tasks, such as key point occlusion and
complex and variable postures.

Keywords: YOLOv8;sports posture recognition; RL-SEAM ; C2{-Context; Pose_SA
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Table 1 Comparative experiments of different

data augmentation methods

Method mosaic Precision Recall mAP
YOLOv8 X 0. 855 0. 855 0. 835
YOLOv8 N 0. 884 0. 885 0. 878
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Table 3  Prior experiments of benchmark algorithm
Method Precision Recall mAP Param/M Weight/MB GFLOPS
YOLOv8n 0. 855 0. 855 0. 835 3.23 6.4 9.0
YOLOv8s 0. 85 0.85 0. 849 11.53 22.3 30.0
YOLOv8m 0. 87 0. 87 0. 843 26.42 50. 7 81.2
YOLOvSI 0. 84 0. 84 0. 817 44. 49 85.3 169. 1
YOLOv8x 0. 875 0. 875 0. 847 69. 49 133.0 263.9
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Table 4 Results of ablation experiment (model performance)

Method mosaic C2f-Context RL_SEAM Pose SA Precision Recall mAP
YOLOvS X X X X 0. 855 0. 855 0. 835
YOLOvS J X X X 0. 884 0. 885 0.878(+5.1%)
YOLOvS N J X X 0. 870 0. 875 0.881(+5.5%)
YOLOvS J X N X 0. 895 0. 895 0.903(+8.1%)
YOLOvS J X X N 0. 905 0. 905 0.895(+7.2%)
YOLOvS N N J X 0.910 0.910 0.912(+9.2%)
YOLOvS N N X N 0.915 0.915 0.909(+8.7%)
YOLOVS N X N N 0.925 0.925 0.925(4+10.8%)
YOLOvS N N N N 0.920 0. 920 0.923(+10.5%)

x5 HEZWER(RELLH)
Table 5 Results of ablation experiment (model ratio)

Method C2{-Context RL_SEAM Pose_SA Param/M Weight/MB GFLOPS
YOLOv8 X X X 3.23 6.4 9.0
YOLOvVS N X X 2.81 5.6 7.9
YOLOWVS X J X 3.34 6.7 9.2
YOLOvS X X N 3.09 6.3 7.9
YOLOvS NG J X 2.91 5.9 8.1
YOLOv8 N X N 2.67 5.5 6.8
YOLOv8 X N N 3.20 5.9 8.1
YOLOvS N N N 2.77 5.7 7.0

Rery E ey, SEl T AL A B B2 k. H Param (2. 77 M)
Weight (5. 7 MB) ¥{& T baseline(3. 23 M) (6. 4 MB) , [d]
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Fig. 9 Comparison of ablation experiment results
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Table 6 Comparison of experimental results

Model Precision Recall mAP Param/M Weight/MB GFLOPS
YOLOv8n 0. 855 0. 855 0. 835 3.23 6.4 9.0
YOLOv8-pose-p6 0. 820 0. 820 0. 801 4.77 10. 0 9.0
YOLOv7-pose 0. 854 0. 855 0. 838 3.23 6.5 9.2
YOLOv8-LSP 0. 920 0. 920 0.923 2.77 5.7 7.0
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Fig. 10 Visualization of experimental results
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