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Abstract: Activity wireless sensing is an important technology to implement health monitoring.
Although the research on activity perception based on Wi-Fi has made good progress, there are
still some problems, such as the difficulty of feature extraction in the traditional machine learning
and the single feature extraction method in deep learning, which leads to insufficient feature
extraction and low recognition accuracy. Here AHNNet, a hybrid neural network of human
activity recognition integrating attention mechanism is proposed. Analyzing the influence factors
of channel state information, the amplitude data of channel state information are used as the basic

data for activity recognition, and the time sliding window is used to divide the long time human
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activity sequence into short time series to construct the sample data, which solves the difficulties
AHNNet parallelizes the

bidirectional gated recurrent network and the temporal convolutional network to extract the

of non-real-time and non-fixed length global human activity data.

features of the input data, so as to fully reveal the relationship between potential features of data.
To further improve the performance of model recognition, AHNNet is combined with attention
mechanism to strengthen the main features of data in bidirectional gated recurrent network.
Then, the features extracted from the bidirectional gated recurrent network and the temporal
convolutional network are fused to increase the diversity of the features, and the fused features
are input into the Softmax classifier for classification to obtain the activity corresponding to
human activity data. Experimental results demonstrate that AHNNet has stronger classification
ability than the other models, and the average accuracy rate achieves 97.15%, and AHNNet has
fewer parameters while maintaining high accuracy. The competing model demonstrates that the
accuracy rate is 95. 7% in the bedroom environment, 1. 45% lower than that in the standard data
acquisition room. AHNNet has good recognition effect and robustness, especially in complex
home environment.
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Fig. 1 Human activity recognition model
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Fig. 2 Schematic of time sliding window and sliding step
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