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Style transfer of animation sketch based on U-net variant and the classifier
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[ Abstract] In recent years, with the emergence of some breakthrough neural style transfer methods, an animation line draft and a
matching style image can generate a color image through the method of style transfer. However, when the users need to apply the
style of the style image to a specific animation line draft, these methods just color the sketch line of the line draft as the output, and
it is difficult to get the wanted specific style type transfer. In this paper, combined with am auxiliary classifier, an improved residual
enhanced U-net variant is used to form an auxiliary classifier generative adversal network model ( AC-GAN), which could be
applied into neural style transfer animation line coloring. Experimental results show that this method can apply the color style of

auxiliary images to the line draft, and the generated colorful images have high quality.
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Fig. 1 The overall structure of the generative adversarial network
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Fig. 5 The network structure of the generator
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