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[ Abstract] A model is proposed to solve the problems of depth map multi—person pose estimation. The model is composed of Part
Affinity Field and Convolutional Neural Network. Firstly, a set of human body features is obtained by using Convolutional Neural
Network. Secondly, Convolutional Neural Network is used to extract its keypoint information and PAF information respectively.
Finally, the graph theory matching method is used to infer the key points, the key points of the same person are connected to get the
result. The experimental results show that the proposed method can be applied to depth map scenes.
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