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Review of Data Acquisition Methods for Human
Motion Recognition

LONG Jiang—teng JIANG Guang—geng

(Jiangxi Vocational and Technical College of Information Application 330043)

Abstract : This article distinguishes the existing human motion recognition methods based on the different hardware devices that collect
data, introducing the current mainstream human motion recognition methods and application scenes in terms of visual sensors, inertial
sensors, radio frequency and multi-modal motion recognition. Furthermore, it summarizes the existing problems of human body move—
ment recognition methods at home and abroad, discusses the current research difficulties, and expounds the possible future research
development directions.
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