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WiGNet: A Gesture Recognition Model for the Wireless Sensing Scenario
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Abstract: Existing research suggests low accuracy of gesture recognition based on the WiFi sens-
ing technology because of difficulties in extracting hard-to-recognize perceptual features. To solve
this problem, this paper, through multidimensional reconstruction of perceptual data and two-di-
mensional discrete wavelet transform, proposes a high-precision gesture recognition model WiG-
Net based on the convolutional neural network. Firstly, based on the analysis of influence factors
of channel state information, the amplitude data is extracted as the base data for gesture recogni-
tion; secondly, the perception data is reconstructed into a multidimensional matrix to fully ex-
tract the spatio-temporal characteristics of gestures; next, the two-dimensional discrete wavelet
transform is applied to the reconstructed data in the temporal and spatial dimensions to reduce
noise and smooth the perceptual data; finally, a neural architecture search technique is used to
optimise the network depth and rationalise the number of convolutional kernels. Thus WiGNet, a

gesture recognition model that can be better adapted to reconstructed data, is proposed. The ex-

Wk H . 2022-07-13,  FEZE M. SELEL1999—), B 8L A4k s BRI A GRS 1R B i Yk, R4WH. EX
B AR B 4 BE B35 H (61972092) 5 FB N i1 B W) A1 3 75 X & 30 5% By 35 B (20XTZX06013) 5 18] 7ig 44 155 55 2% 1 7 s BHOF 31 X 5%
BhIH (21A520043)

Do 2 B[] . 2022-12-14 W 2% i b ik . hetps: // kns. enki. net/kems/detail/61. 1069, T, 20221213. 1647. 002. html



o505

HYLEL . 4 WiGNet: —Fiid Fl T Jo 4 7 53 i T 3 3R 5 AL 195

perimental results show that the model significantly improves the feature identification accuracy

and has a higher overall operation speed after the perception data is processed by two-dimensional

discrete wavelet transform. WiGNet achieves an average recognition accuracy of 98. 1% and 96. 0%

based on the self-built dataset and the public dataset respectively, outperforming similar models.

In addition, WiGNet can not only achieve high-precision gesture recognition, but also maintain a

fast computing speed and have a certain degree of robustness.

Keywords: channel state information; gesture recognition; two dimensional discrete wavelet

transform; convolutional neural network
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Fig. 1 Overall flow chart of gesture recognition
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Fig. 9 Confusion matrix in two environments
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Table 3 Comparison of accuracy in public data sets
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Fig. 10 Evaluation results on public datasets
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