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Makeup transfer by applying a loss function based on facial segmentation
combining edge with color information
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ABSTRACT

Makeup is the most common way to improve a person’s appearance. However, since makeup styles are very diverse, there are
many fime and cost problems for an individual to apply makeup directly to himself/herself.. Accordingly, the need for makeup
automation is increasing. Makeup transfer is being studied for makeup automation. Makeup fransfer is a field of applying makeup style
to a face image without makeup. Makeup transfer can be divided into a traditional image processing-based method and a deep
learning-based method. In particular, in deep learning-based methods, many studies based on Generative Adversarial Networks have
been performed. However, both methods have disadvantages in that the resulting image is unnatural, the result of makeup conversion
is not clear, and it is smeared or heavily influenced by the makeup style face image. In order to express the clear boundary of makeup
and fo dlleviate the influence of makeup style facial images, this study divides the makeup area and calculates the loss function using
HoG (Histogram of Gradient). HoG is a method of extracting image features through the size and directionality of edges present in
the image. Through this, we propose a makeup transfer network that performs robust learning on edges.By comparing the image
generated through the proposed model with the image generated through BeautyGAN used as the base model, it was confirmed that
the performance of the model proposed in this study was superior, and the method of using facial information that can be additionally
presented as a future study.
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(Figure 1) Structure of makeup transfer with loss function based on facial segmentation using HoG
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