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A teaching system of archery shooting using 3D pose estimation by deep learning
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Archery is a sport in which it is important to repeat the same shooting form and to improve its
repeatability. For this reason, it is essential to understand and master the basic shooting form. However,
there is a shortage of instructors, and in university club activities, the burden of teaching is placed on

the senior students.

A possible solution to this problem is the use of a practice support system based

on sports video analysis, but existing systems have a fixed positional relationship between the camera
and the person to be measured, and it is necessary to create the same environment each time the system
is used. Therefore, this study proposes a sports practice support system that uses 3D skeletal point
information extracted from video images to evaluate the learner’s shooting style in terms of points,
eliminating the need to fix the positional relationship between the camera and the learner and allowing

easy recognition of points that need improvement.
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Fig.1 Flowchart of the proposed system
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Table 1 Comparison of average scores between experi-
enced persons and beginners (%)

angle | (1) [ (2) [ (3) [ () [ (5) [ average

45° 100 55 88 86 71 80
experienced 90° 92 77 |73 87 | 80 82.4
135° 76 47 68 92 69 70.4

45° 100 | 17 | 71 | 81 | 26 59
beginners 90° 92 49 79 82 | 45 69.4

135° 80 29 80 75 47 61.6

Table 2 Correlation coefficients between scores scored by

experienced persons and calculated scores
45° | 90° | 135°
experienced 0.42 | 0.89 | 0.35

beginners 0.43 | 0.24 0.31
experienced persons and beginners | 0.72 | 0.60 0.48
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Fig.6 Experienced persons and beginners, 45 °
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Fig.7 Experienced persons and beginners, 90 °
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Fig.8 Experienced persons and beginners, 135 °
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Fig.10 Beginners’ form
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