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Improvement and Application of Physical Fitness Test based on Deep Learning

YANG Lei, LI Yingxiang, ZHANG Hongbo
(College of Communication Engineering, Chengdu University of Information Technology , Chengdu 610225, China)

Abstract ; In order to change the traditional way of manual counting in physical fitness test, a physical fitness test count-
ing algorithm based on deep neural network is proposed. The algorithm takes the motion video as the input, uses the
lightweight-openpose network to detect the coordinates of human joints, improves the joint missing detection and invalid
calculation of the original model, and adds a human tracking module. The image classification network is used to predict
the types of sports, and the batch normalization and transfer learning are used to strengthen the training of the network on
the self-made four kinds of common physical fitness test data sets. Four kinds of sports counting standards for physical fit-
ness test are formulated, and valid test judgment and counting are carried out combined with the results of pose estima-
tion and motion recognition. Experiments show that the running speed of the pose estimation model is improved by
17.6% compared with the original model, and the error rate of human tracking is as low as 3.2% ; The accuracy of mo-
tion recognition model is improved by 5% -8% ,reaching 94. 84% ; The average accuracy of the motion counting algo-
rithm reached 95% in the four types of physical fitness test.

Keywords : physical fitness test;lightweight-openoose ;model improvement ; motion recognition ; motion count



