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LWID: Lightweight Gait Recognition Model Based on WiFi Signals
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Abstract As an important research of pervasive computing and human-computer interaction, identity recognition is widely re-
searched. Although traditional WiFi based identification methods have made good progress, they still face challenges such as limi-
ted classification ability,high storage cost and long training time. The above problems motivate us to propose a lightweight gait
recognition model based on multi-layer neural networks,which is named as LWID(LightWeight Identification). We firstly recon-
struct original time series data into graphs to retain characteristic information among different carriers to the maximum extent.
Then we design a bionic Balloon mechanism to tailor neurons in network layer. By combining convolution kernels of different size,
we extract data features and integrate channel information in the feature map. The proposed method realizes model scale light-
weight with higher classification ability. Experimental results show that the model has 98. 8% recognition rate in a 50-person
dataset. Compared with traditional WiFi based identification model, LWID has stronger classification ability and robustness.

Meanwhile, the model is compressed to 6. 14% of current computer vision model size with same accuracy.

Keywords Light weight identification, Gait recognition, Model compression, Frequency energy diagram,Balloon mechanism
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Table 2 Results comparison of different numbers of people

nu;::;:‘eof Accuracy /%  Recall /%  Precision /% score
10 100 100 100 1
20 99. 6 99. 6 99.7 0.996
30 99.3 99.3 99.4 0.993
40 99.3 99.2 99.4 0.992
50 98. 8 98.8 98.9 0.988
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Table 3 Experimental results of different models with 50 samples
, . model size
model  Accuracy/%  Recall/% Precision /% score 'MB
GRU 75.7 75.6 76 0.758 3.12
WilD 65.6 65.4 66.0 0.657 2.2
FCN 93.0 93.2 94.1 0.936 14
LWID 98.8 98.8 98.9 0.988 2.7
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