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of poor generalizability of the model obtained from the direct application of
this paper proposes a two-step method to complete the human sitting posture
firstly the coordinate information of the keypoints of the upper human body in the
solution backbone network in the keypoints detection link is adopted, and the model

ed. The Squeeze-and-Excitation (SE) attention mechanism is introduced in the down-

sampling link to strengthen the expression of spatial positional features, achieving a higher detection average accuracy.
Then the Random Forest algorithm is used to classify the keypoints for sitting posture. Experimental results show that
the recognition accuracy of the proposed model can reach over 94%, and it has better generalization in unfamiliar
scenarios, which better adapts to environments with complex characters in practical applications.
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Fig. 1 Overall design of sitting posture recognition methods
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Fig. 2 Diagram of backbone network
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Fig. 3 Schematic heat map of key points
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Fig. 4 Diagram of BP neural network structure
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Fig. 6 Diagram of the improved downsampling module
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Tab.1 Accuracy of different backbone networks on COCO validation set
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Fig. 7 Visualization of the improved model prediction results
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Fig. 9 Confusion matrix of Random Forest classification model
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