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An Improved Convolution Neural Network Image Classification Method
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Abstract ; Based on Keras deep learning framework and convolution layer inverse operation, an improved Convolutional

Neural Network structure is proposed in this paper. The first layer of the network structure uses convolutional layer inver-

sion to increase the transmission of effective feature information. The LeakyReLU activation function is effectively com-

bined to the next layer. Finally, the Softmax classifier is used to implement image classification. Compared with the tra-

ditional Convolution Neural Network model on two common datasets, the experimental results show that the improved

convolution network model in this paper is effective.

Keywords : deep learning ; Convolutional Neural Network ;image classification ;activation function



