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[Abstract]

Recently, with the explosive development of computing power, various methods such as RNN and CNN have been proposed under the
name of Deep Learning, which solve many problems of Computer Vision have. The Generative Adversarial Network, released in 2014,
showed that the problem of computer vision can be sufficiently solved in unsupervised learning, and the generation domain can also be
studied using learned generators. GAN is being developed in various forms in combination with various models. Machine learning has
difficulty in collecting data. If it is too large, it is difficult to refine the effective data set by removing the noise. If it is too small, the small
difference becomes too big noise, and learning is not easy. In this paper, we apply a deep CNN model for extracting facial region in image
frame to GAN model as a preprocessing filter, and propose a method to produce composite images of various facial expressions by stably

learning with limited collection data of two persons.
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38 1. LeNet-5 2| F=(convolution neural net)
Fig. 1. Architecture of LeNet-5, convolution neural net
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2-3 Generative Adversarial Networks
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Fig. 3. Change according to learning epoch of GAN
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Fig. 5. Image generation using z arithmetic of DCGAN
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Fig. 9. Comparison of learning results for each dataset
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