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Lightweight gesture recognition algorithm based on improved YOLOvVS
ZHANG Changbin, SUN Lianshan, TANG Jingyan

(School of Electronic Information and Artificial Intelligence, Shaanxi University of Science and Technology, Xi’an 710021, China)

Abstract: In this paper, a lightweight gesture recognition algorithm is proposed to address the issue of resource constraints in
embedded devices. The YOLOv5-GR model is developed by improving the YOLOv5 model, aiming to improve detection speed
while ensuring detection accuracy. GhostNet is used as the feature extraction network, significantly reducing the model parameters.
The model incorporates the Bi-FPN network for weighted feature fusion to enhance feature fusion capability. The S/oU loss function
is introduced to focus on the angle information between the true anchor box and the prediction, thus improving detection accuracy.
Additionally, the K-Means++ algorithm is used to cluster the prior boxes for the ASL dataset, making them more suitable for this
dataset. Experimental results show that the YOLOv5-GR model achieves a 33. 3% reduction in model parameters while maintaining
detection accuracy comparable to the YOLOvS5 model. This enables lightweight deployment of the network model on embedded
devices with limited resources.
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Fig. 1 Structure of YOLOVSs model
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Table 3 Comparison results of different algorithms
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