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Abstract: Human pose estimation is one of the hot research topics in the field of computer vision, but its application
in traditional dance pose estimation is still in its infancy. Due to the complexity of dance pose, the strong coherence of
dance movements, and difficulty in detecting of dancers' poses caused by serious occlusion in dance images, the traditional
human pose estimation methods are difficult to accurately estimate the pose changes of dancers, thus resulting in low accura-
cy in estimating dance pose. We propose a hierarchical dance pose estimation method based on sequential multi-scale fea-
ture fusion. To address the problems of the drastic scale changes of the dancer pose, a keypoint estimation model based on
sequential multi-scale feature fusion is constructed. Furthermore, aiming to solve the issues that the large deformation and
serious occlusion of dance pose, a hierarchical pose estimation model based on the geometric relationship between human
keypoints is designed to improve the accuracy of dance pose estimation. The experimental results show that the proposed
method can achieve good pose estimation results on the standard human pose estimation dataset and the self-collected dance
dataset.
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