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Abstract: Convolutional neural network simulates human vision recognition and extracts the abstract characteristics significantly of the image
target with better effects on the application of image target detection and classification.In the currently popular training of convolution neural
network by batch stochastic gradient algorithm when neurons in a saturated state there will be a slow gradient descent and excessive fitting
which lead to the difficulties in training of the neural network model.In this paper we propose a simple circular convolutional neural networks
combined with the characteristics of the convolutional and circular neural networks.In the training of circular convolutional neural network
model advance and retreat method and golden section are used to adaptively change the normalized parameter and the learning rate of batch
stochastic gradient descent algorithm.Experiment shows that the proposed algorithm with a better effect on detection and classification with
faster convergence can avoid the problem of slow gradient decent and excessive fitting to some extent.
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