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Abstract One of the illustration creation processes is a coloring process that applies colors to line drawings. In the coloring process,
various requirements must be considered and reflected in line drawing, which requires skill, experience, time, and so on. This research
aims to reduce illustrator’s burden during coloring process by performing automatic coloring of line drawings using deep learning.
This research proposed a method to specify the color and style by inputting a reference image in addition to the line drawing, and
conducting experiments, confirmed that the color and style of the reference image could be reflected in the line drawing.
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Fig.1 The architecture of networks
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Fig.2 Coloring results
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