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Acquisition of Skill Knowledge on Table Tennis Using TAM Network
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In this paper, we discuss table tennis technique evaluation using motion analysis model by neural networks
and data mining methods. For students of university, we recorded the continuous forehand stroke of the table
tennis in the video frames, and analyzed the trajectory pattern of nine marking points attached at subject’s
body with a coach’s technique evaluation and the motion analysis model. As a result, we obtained embodied
knowledge classified member of table tennis club, middle level palyer and beginner as fuzzy rules, and also

estimated the movement of the marking points to improve in table tennis technique.
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0 1: TAM Network
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0 2: Mesurement Markings
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O 1: Recognition Rate of Modified Data Sets
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0 2: Sensitivity of Input Variables
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4.

LEEE -7

Lig& -1'7—4‘-37 (y)

if M5(x)-M9(x) is big and M1(y)-M9(y) is small then LE#k&(0.98)
if M1(x)-M9(x) is small and M3(y)-M9(y) is big then E#k#(0.88)

[7]

WEEF -7 DRE-T—FLT(y)

if M1(x)-M9(x) is small and M3(y)-M9(y) is big then #)#k&(0.94)

if M1(x), M2(x), M6(x) is big and M1(y)-M9(y) is small then #)#k#(0.89)

O 3: Rule of Technique Skill
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