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Application of improved convolution neural network

in picture classification

Zhao Xinqiu, He Hailong, Yang Dongdong, Duan Siyu
(Key Laboratory of Industrial Computer Control Engineering of Hebei Province,
Yanshan University, Qinhuangdao 066004 )
Abstract

In order to solve the problem that the traditional machine learning algorithm performs low accuracy, long time

and difficult to adapt to the complex background in image classification, a noval method based on the improved con-

volutional neural network ( CNN) LeNet-5 is proposed. The number of convolution kernels is increased to extract

the characteristics of the target effectively, the data set is expanded reasonably to accelerate convergence of the

model. Comparing with the effect of different activation functions, the dropout layer is increased to reduce the num-

ber of parameters. The classification experiment on the 3 targets (aircraft, chair, and sailboat) of the 101_Object-

Categories image library shows that the proposed method has high accuracy, good classification effect and strong prac-

ticality.

Key words: classification, convolutional neural network (CNN) , LeNet-5, data set, activation function
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