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A review of sensor-based human activity recognition
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[ Abstract] As a crucial subfield of ubiquitous computing, human activity recognition (HAR) has always been a popular research
scope. Sensor—based HAR provides vital information for an ocean of health care, entertainment and military applications. Compared

with the vision—based HAR system, sensor—based HAR is more flexible and has great advantages. This paper introduces the current
research status of HAR from the perspective of recognition process. In the end of the paper, the HAR technology is summarized, and

existing issues and future work are discussed.
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Fig. 1 Human activity recognition process
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