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[ Abstract] In the process of gesture recognition, reliability and accuracy of the diversity and complexity of gesture recognition will
bring a greater impact. In order to improve the recognition speed and accuracy of the gesture recognition. In this paper, the use of
Google”s newest open — source framework for buildingTensorflow gesture recognition model, introduced the platform features
Tensorflow, and proposed a convolution Tensorflow network model based on the framework. The experimental data set is combined
with the existing data sets and data sets collected from the design. Experimental results show that the model has higher recognition
accuracy, higher calculation efficiency, and stronger robustness. It can easily adjust the network structure, quickly find the optimal

model, and complete the gesture recognition task well.
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Fig. 1 LeNet-G neural network structure
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Fig. 2 Tensorflow program
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Fig. 3 CNN model frame structure diagram
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Fig. 5 Gesture image
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Tab. 1 Gesture recognition effect under different learning rates
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Tab. 2 Recognition effects under different convolution kernels %
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Tab. 3 Recognition effect under different number of neurons
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