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Implementation of gesture recognition algorithm on residual network
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[ Abstract] Residual network, as a classic model in convolutional neural networks, has received extensive attention from
researchers, and a variety of derivative models have been produced. At the same time, gesture recognition is also a current hot
research field, and there are a lot of research results in the use of residual network to realize gesture recognition. In this paper, a
variety of derivative models of residual network models are used to train the ASL gesture data set, and experimental results under
different models are obtained. The model with the best training result is ResNet18_v1, and its recognition accuracy can reach 93.3%.
The research results show that in the derivative model of the residual network, more convolutional layers stacked do not equal better

accuracy. Therefore, the model needs to be flexibly selected and applied according to the task requirements.
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Fig. 3 Gesture training dataset
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Tab. 1 Network parameter configuration

pom BasicBlock1 BasicBlock2 BasicBlock3 BasicBlock4
i)

ResNet18 2 2 2 2
ResNet34 3 4 6 3
ResNet50 3 6 12 3
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Fig. 4 Training accuracy curve
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Fig. 5 Testing accuracy curve
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Fig. 4 Finite state automata constructed
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