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Abstract; The problem that the activation function ReLU in the classic AlexNet network model of deep convolutional neural network is
prone to " death" of neurons and mean shift when the network model is trained is studied and improved. By combining the advantages of
arctangent function and logarithmic function, we propose a new activation function sArcReLU based on the traditional activation function
ReLU and further adjust the parameters in the subsequent training process. The improved activation function sArcReLU is used for
AlexNet network model training,and the deep convolutional neural network model trained with the new activation function is applied to
the public data set for classification experiments to verify its performance. The experiment shows that the deep convolutional neural
network trained with the sArcReLU activation function improves the classification accuracy by 1.7% and 2.4 % , respectively, than the
network model trained with ReLU and ArcReLU, which proves that the proposed improved method is fully fine—tuned by a large amount
of data. Neural network can effectively improve the accuracy of image classification, and this method also improves the practical
application value of deep convolutional neural networks.
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