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Three-Dimensional Human Pose Estimation Based on
Convolution Neural Network
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Abstract: To solve the problem that the traditional three-dimensional human pose estimation performance was
limited by occlusion, this paper presents a three-dimensional human pose estimation method based on
convolution neural network. Firstly, some monocular videos were used as the inputs to recognize the human
body postures in the experiment model. Secondly, a sequential convolution neural network was constructed to
extract the spatial and texture information of human body. Thirdly, the exact position of the joint points of the
head and body was found through two-dimensional human pose estimation in the video. Finally, the
three-dimensional pose of each person was estimated by projecting the correlation node to the three-dimensional
space. The experimental results show that the mean error reduces from 98.53 mm to 92.88 mm compared with
the traditional human pose estimation algorithm, and our method has higher precision in the three-dimensional
human pose estimation in the testing video.
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Fig. 2 Demonstration of Human 3.6 M dataset: (a) greeting,

(b) eating, (c) sitting, (d) walking
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Fig. 3 Three-dimensional human pose estimation of videos: (a) input videos, (b) demonstration of joint points,

(¢) three-dimensional pose estimation of left person, (d) three-dimensional pose estimation of right person
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