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Partial style transfer for texture image using weakly supervised
segmentation
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A style transfer technique based on Convolutional Neural Network (CNN)
can change appearance of an image naturally while keeping its structure.
However, this algorithm changes not a style of part of an image but a style
of an entire image. In this paper, we propose a partial texture style transfer
method by combining a style transfer method with segmentation. We seg-
ment target object regions using weakly supervised annotation and transfer
a given texture style to only the segmented regions. As results, we achieved
partial style transfer for only specific object regions.
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