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Visualization of joint positions in athlete"s video using artificial
intelligence
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We devised an algorithm for detecting the joint position of athletes in
sports video utilizing artificial intelligence (Deep Learning) as training support for all sports.
We applied a 2D joint position detection algorithm using artificial intelligence and devised a 3D
joint position detection algorithm. The proposed algorithm has been shown to work with high accuracy

with little labor. We carried out quantitative evaluation experiments of camera calibration in the
proposed 3D joint position detection algorithm, and confirmed that the proposed method had high
accuracy. We also conducted comparative experiments of the previous method and the proposed method,
and showed the effectiveness of the proposed method.
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