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Research on Device-Free Gesture Recognition Method in Data-Limited Scenarios

GUO Chong,TAO Shuo, LI Hequn

( Shenyang Ligong University , Shenyang 110159 , China)

Abstract: To address the accuracy decline of device-free gesture recognition ( DFGR) technology
due to environmental differences,a cross-scenario gesture recognition model based on deep learn-
ing ,named ADAN,is proposed. The innovation of this model lies in three aspects. Firstly, an im-
proved ResNetl01 architecture is adopted to construct the feature extractor, whichi enhances the a-
bility to capture subtle gesture features by optimizing the convolutional kernel configuration. Sec-
ondly,a feature selection module based on the attention mechanism is designed, which filters and
strengthens key features through dynamic weight allocation. Finally ,an improved domain adversarial
loss function is used to apply different weight operations to different samples, achieving feature a-
lignment in different environments. To verify the performance of the model,six typical indoor envi-
ronments for training are constructed in this study based on the Widar 3. 0 dataset. The experimental
results show that ADAN achieves an average accuracy of 84.415% in cross-scenario gesture recog-
nition tasks, which is 3. 115 percentage points higher than that employing traditional method and
outperforms existing benchmark models, providing a new technical approach to solving the scene
transfer problem in wireless perception-based gesture recognition.
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