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A Study on Image Creation and Modification Techniques
Using Generative Adversarial Neural Networks
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ABSTRACT

A generative adversarial network (GAN) is a network in which two internal neural networks (generative network
and discriminant network) learn while competing with each other. The generator creates an image close to reality, and
the delimiter is programmed to better discriminate the image of the constructor. This technology is being used in
various ways to create, transform, and restore the entire image X into another image Y. This paper describes a method
that can be forged into another object naturally, after extracting only a partial image from the original image. First, a
new image is created through the previously trained DCGAN model, after extracting only a partial image from the
original image. The original image goes through a process of naturally combining with, after re-styling it to match the
texture and size of the original image using the overall style transfer technique. Through this study, the user can
naturally add/transform the desired object image to a specific part of the original image, so it can be used as another
field of application for creating fake images.
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