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Abstract: Human pose estimation is an important research problem in the field of computer vision and pattern recogni-
tion, which is used to detect and recognize human skeleton posture in video images, and has important applications in the field
of human-computer interaction. Aiming at the human pose estimation of crowd congestion and severe occlusion in gate sce-
narios, a human pose estimation network PCNet based on posture correction is proposed. In this network, a transformer fea-
ture coding module that combines global and local information is designed, which is introduced into the backbone network of
model feature extraction to improve the accuracy. The proposed attitude correction module with cascade structure based on
spatio-temporal attention mechanism corrects the predicted key points, and adjusts the key points with large errors caused by
occlusion and small-scale targets. The proposed human pose estimation method is tested on COCO dataset and CrowdPose
dataset. Experimental results show that the method improves the accuracy and robustness of the model compared with the
mainstream methods.
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