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Review of Convolution Neural Network
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Abstract: Deep learning theory has received extensive attention of scholars all over the
world because of its powerful modeling and high representational abilities.It solved the key
problems of pattern recognition,such as the insufficiency of expression ability and dimen-
sionality curse. Convolutional neural network ( CNN) is a successful component of deep
learning , which imitates the biological vision system.Local receptive field, sharing weights
and down sampling are three important characteristics of CNN which lead it to be the hots-
pot in the field of intelligent machine vision.Therefore , this paper summarizes the latest re-
search works of CNN. Firstly, the history of CNN is introduced. Secondly, state-of-the-art
modified models of CNN are reviewed.Then, the applications of CNN in speech,image and

video processing are illustrated.Finally,the development trends of CNN are concluded.
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Fig.1 The process of reducing the parameters of convolutional neural network
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