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Abstract

In recent years, with the rapid advancement of technology, the applications of artificial
intelligence (Al) and deep learning have profoundly transformed various fields, including
research in sports. Judo, as a highly demanding sport requiring both technical proficiency
and tactical acumen, has consistently required athletes to possess outstanding skills and
insights. Therefore, we are contemplating how to leverage modern technology, particularly
deep learning and image processing techniques, to enhance the performance of judo athletes
in terms of tactics. This initiative aims to assist coaches and spectators in better understanding
the competitions, ultimately reducing human resources and time costs.

This system consists of two parts: (1) Human Pose Estimation, utilizing the Alphapose
model for joint point detection of judo athletes. Then use the adjustment of threshold
parameters to perform a series of optimizations. (2) Results Prediction using Deep Learning
Model, employing an LSTM (Long Short-Term Memory) deep learning model to record the
joint coordinates of competing athletes. Utilizing their motion trajectories, the system
identifies the judo Nage Waza employed by the athletes and simultaneously predicts the
winner of the match. This research represents the application of modern technology to judo,
a traditional competitive sport, with the potential to contribute to a better environment and
technological development. This study aims to apply modern technology to the Judo
traditional sport, with the potential to bring about improved environments and technological
advancements.
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