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Abstract: With the popularity of Wi-Fi devices, in medical, home security, and surveillance fields, traditional cameras
Wi-Fi sensing is widely used. Compared to traditional cameras, surveillance cameras better protect users’ privacy. At
present, the role of deep learning technology in human activity recognition is becoming increasingly important. Deep
learning technology can classify events based on channel state information (CSI) collected from Wi-Fi packets. However,
most models require a large amount of CSI data to provide support. These models have poor accuracy when tested in dif-
ferent environments. To address this issue, cross environment channel state information human activity recognition
model based on prototypical network (HYHCPNet) was proposed. The accuracy of the model was effectively improved
in different environments by utilizing the differences in features between the trained and untrained environments. Experi-
ments show that the proposed scheme significantly outperforms state-of-the-art human activity recognition methods,
achieving higher recognition accuracy and less training time.
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