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Abstract: In deep learning, data is one of the three core elements. Especially in some fields, scarcity of data, manpower

waste caused by manual labeling, and'the impact of data quality on the output results all show the importance of data. As in

animation field, production of characters takes a lot of time and manpower, this paper starts from animation profile picture

and combines encoder, residual network and decoder based on Generative Adversarial Network. After the encoder changes

the dimension of the imagejthe decoder is used to generate a dataset similar to the original image with extracted feature data.

The inherent shorfcomings of the Generative Adversarial Network itself will lead to an unideal final effect, so the author

tries to improve the Generative Adversarial Network by deep convolution, coupled with the gradient penalty idea of WGAN

(Wasserstein Generative Adversarial Network) to optimize the Generative Adversarial Network based on the autoencoder.
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Fig.1 The network structure of generative adversarial

network
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