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Application of Machine-Learning in Predicting Ground Reaction Force of Human

Motion: A Review

FENG Ru'?, YANG Chen?, LI Hanjun', LIU Hui’

(1. College of Human Movement Science, Beijing Sport University, Beijing 100084, China;2. School of Sports and Health, Nanjing
Sport Institute, Nanjing 210014, China;3. China Institute of Sports and Health, Beijing Sport University, Beijing 100084, China)

Abstract: The 3D ground reaction force (GRF) is an important measurement parameter in human motion
analysis, but its measurement is limited. The application status of machine-learning in predicting GRF is
systematically reviewed. Searching with the combination of “ground reaction force”, “machine learning”and

“neural network as the keyword, fourteen studies of predicting GRF by using machine learning model are
screened. The motion tasks in these studies include walking, running and several special tasks in sports.
Different learning algorithms are used to predict the GRF, whose input parameters include plantar pressure
parameters, human motion parameters obtained by motion capture. The relative root mean square and
cross—correlation coefficient are adopted as evaluation indicators. The results show that using the machine
learning to predict GRF can obtain excellent prediction accuracy. The application of predicting GRF by
using machine learning models in human motion needs more research, such as increasing the sizes of
datasets for machine learning to further improve the prediction performance of learning models
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Fig.1 Search strategy and literature screening
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Table 1 Projects of machine learning model for predicting GRF
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