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Review of Human Activity Recognition Based on Mobile Phone Sensors
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Abstract All walks of life and daily life are affected by human activities. Human activity recognition (HAR) has a wide range of
application,and has been widely concerned. With the gradual development of smart phones,sensors are embedded in the phone to
make the phone more intelligent and realize more flexible man-machine interaction. Modern people usually carry smart phones
with them,so there is a wealth of information about human activities in the signals of mobile phone sensors. By extracting signals
from the phone’s sensors,it is possible to identify users’ activities. Compared with other methods on the strength of computer vi-
sion, HAR on account of mobile phone sensors can better reflect the essence of human movements,and has the characteristics of
low cost.,flexibility and strong portability. In this paper,the current situation of HAR based on mobile phone sensors is described
in details,and the system structure and basic principles of the main technologies are described and summarized in details. Finally,

the existing problems and future development direction of HAR based on mobile phone sensors are analyzed.
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Fig. 1 General steps for human activity recognition
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Fig. 2 Structure of GAN
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Fig. 3 General process of feature selection
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