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Abstract : For automatic vision detection systems, es%ognition is a key issue, but the traditional convolutional neu-
ral network model to recognize gestures has proBlemsS#h as over —fitting and large amount of calculation. This paper

proposes a GR—Alexnet model, which adaptiy

ifles and optimizes the Alexnet network model. In order to speed up
the calculation, three small convolution kerné ) 7x7, 5x5, and 1x1 are used to replace the original 11x11 large
convolution kernel, and delete the LRY layer aml a fully connected layer; in order to reduce the over—fitting effect, a

cogolution. The LeNet model, the Alexnet model ,the VGG16 model and the

rative experiments on the same data set. Experiments show that the GR - Alexnet

dropout optimization is added after
GR—Alexnet model were used f
model has a certain improvem cognition accuracy compared with the traditional model, can suppress the over—fit-
ting phenomenon, and has
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