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Table 1 Performance comparison of various network models on

ImageNet dataset
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299 299

VGGt 72.98 15. 47
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Inception-v4' " 80. 00 12.31 42.0
Inception-ResNet- — 80. 10 13.22  55.0
v2
ResNet-50-°% 76. 15 76. 86 1.14 25.5
ResNet-1015%] 77.37 78.17 7.87 44.5
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Research Progress of Image Classification based on Convolution-
al Neural Network

QIN Xiao' s HUANG Chengcheng' ,SHI Yu',LIAO Zhaoqi' , LIANG Xinyan',
YUAN Changan®

(1. BAGUI Scholar Innovation Team Laboratory, School of Computer &. Information Engineering, Nanning Normal University,

Nanning . Guangxi,530000,China; 2. Guangxi Academy of Scienses,Nanning,Guangxi,530007,China)

Abstract: The advantages of image classification algorithms based on convolutional neural network are un-
matched by traditional methods. Convolutional neural network uses its designed network structure and
weight sharing characteristics to learn abstract features from the bottom of the image to the high-level se-
mantics from a huge amount of training data. End-to-end learning eliminates the need for data labeling before
the execution of each independent learning task. Over the years, after research and experimentation by re-
searchers,the convolutional neural network has evolved a variety of optimized structures from the first multi-
layer neural network model,and its performance has been continuously improved. This article introduces the
research progress of image classification algorithm based on convolutional neural network, describes the clas-
sic model of convolutional neural network in image classification and the improved methods in recent years.
Each model is been analyzed.,and the performance of various methods on ImageNet public dataset are shown.
Finally,the research of image classification algorithm based on convolutional neural network is summarized
and prospected.

Key words: convolutional neural network,image classification, classic model, improved methods, performance

comparison
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