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VGG dog and cat recognition based on convolutional neural network
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(College of Big Data and Information Engineering, Guizhou University, Guiyang 550025, China)

[ Abstract] With the advent of the era of big data, data mining and image processing has become the hot research direction. The
purpose of this paper is to automatically identify the cat and dog types using the cat and dog automatic recognition technology based
on deep learning. In this paper, convolution neural network is used to train the cat and dog images with complex appearance. In this
experiment, the researchers select the advanced deep learning framework pytorch and the powerful GPU, and use the deep neural
network VGG16 to train and test the cat and dog images. Experiments show that the accuracy of VGG16 network model is very

high, and it has outstanding advantages in cat and dog type recognition.
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Fig. 1 Model selection
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Fig. 2 Data import
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Fig. 4 Model test
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