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[ Abstract] Using CNN for image recognition can greatly reduce the cost of image recognition, especially in classification
problems. VGG model is a very popular convolution neural network. Its characteristic is that small convolution kernel and " network
block" are used to replace the large convolution kernel and neural network layer in the traditional neural network, which means that
its depth is increased and has strong improvement potential. Through the test, we found that increasing the number of VGG blocks
and image enhancement are reliable means of improvement. Adding epoch has advantages and disadvantages, but the effect of
dropout on the network is not ideal. Finally, this project has built a lightweight VGG model with an accuracy of 83.3% , which is

much simpler than VGG-16, which shows that it is feasible to build a lightweight VGG model for animal recognition.
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Fig. 2 Dog images dataset drawn with matplotlib
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Fig. 3 Cat images dataset drawn with matplotlib
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Fig. 4 Comparison between 3 block VGG model without dropout and 3 block VGG model+dropout
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Fig. 5 Comparison between 3 block VGG model+image data augmentation and 2 block VGG model+image data augmentation
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