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Fig. 1 Image stylization results by using van Gogh’s starry night style
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Fig.2 Image stylization results using method presented by Gatys et al'™*!
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A survey of image artistic stylization
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Abstract In recent years,image artistic style transfer has become a prosperous research field. More and more activ-
ities in this field have been promoted by scientific challenges and industrial needs, so image artistic style transfer is
worthy of researching. In this paper, we analyze the present situation of image artistic style transfer, the
characteristics of different style transfer methods,the shortcomings of the current style transfer methods and the de-
velopment trend of image style transfer.Finally,we provide the direction for further style transfer research.
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