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Research on sit-up posture estimation based on Fast-OpenPose

Liu Gang' Zhang Xu* Hou Enxiang’
(1. Jiangsu Province Engineering Research Center of Integrated Circuit Reliability Technology and Testing System,
Wuxi University, Wuxi 214105, China; 2. School of Electronic and Information Engineering, Nanjing University
of Information Science and Technology, Nanjing 210044, China)

Abstract: At present, the sit-up test in many school physical fitness test projects still needs to be manually counted,
which not only consumes manpower, but also is inefficient. In order to promote the intelligent development of physical
fitness, this paper proposes a method for counting sit-up behavior based on a fusion implementation of the Fast-OpenPose
human posture estimation model and support vector machine (SVM). The position information of the key points of the
human body in the continuous video stream of sit-ups is detected by OpenPose, and the SVM is used to classify the
motion features of the coordinate data of each frame of the key points of the human body. In view of the shortcomings of
the original OpenPose network, such as high complexity, large number of model parameters and long detection time,
this paper uses FasterNet to lightweightly improve its main feature extraction part, and optimizes the more efficient
single branch network structure and convolution type in the prediction branch. Finally, spatial group-wise enhance
(SGE) is introduced to make up for the loss of accuracy. Based on the CoC02017 dataset, an additional 1 000 image data
of sit-up scene are expanded for model training, and the experimental results show that the improved Fast-OpenPose
reduces the number of model parameters by nearly 80% and improves the speed of keypoint detection by 110% , while
losing part of the accuracy but not affecting the sit-up pose estimation. Compared with other improved models in the
same series, it has more lightweight and speed advantages while maintaining similar mAP values.

Keywords: OpenPose; FasterNet; SGE spatial attention; posture estimation; sit-up
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Fig. 1 Classification of human posture estimation
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OpenPose network structure
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Table 2 Experimental data of ablation with different modified modules
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Table 3 Performance comparison of different classifiers
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KNN 96. 2 94.5 2 456
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Fig. 10  Graph of sit-up test results
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Action standard test results
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