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Research on Gesture Recognition Method Based on Integrating
YOLO v3 with Improved ReXNet

WEI Xiaoyu, JIAO Liangbao, LIU Ziheng, TANG Boyu, MENG Lin
(Institute of Artificial Intelligence Industry Technology. Nanjing Institute of Technology, Nanjing 211167, China)

Abstract: Gesture recognition requires high real-time and accuracy in engineering applications, and the on-site environment usual-
ly cannot provide sufficient computing power. Lightweight neural networks are used to solve above problem, and achieve the recogni-
tion effect of deep neural networks. To this end, a gesture recognition method based on improved lightweight neural network is pro-
posed. This method improves the ReXNet network structure by using the hand key point detection, and increase the local attention of
bone points; At the same time, the key point detection loss function MSE is replaced by Huber Loss to improve the anti-interference
of the outliers. After the experimental environment is built on the ordinary monocular lens to capture the image. the YOLO v3 hand
recognition model and improved ReXNet key point detection model are used to define different gestures according to the vector angles
with the key points of the hand bones, and finally realize the real-time detection of the gestures. Based on the improved model on the
RWTH public data set, the test results show that the detection accuracy of the improved gesture recognition method is 2. 62% higher
than that before the improvement, reaching 96. 18% , and the convergence speed is faster.
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