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Effective Analsis of GAN based Fake Date for the Deep Learning Model
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Abstract

To inspect the power facility faults using artificial intelligence, it need that improve the accuracy of the diagnostic model are required. Data
augmentation skill using generative adversarial network (GAN) is one of the best ways to improve deep learning performance. GAN model can
create realistic-looking fake images using two competitive learning networks such as discriminator and generator. In this study, we intend to
verify the effectiveness of virtual data generation technology by including the fake image of power facility generated through GAN in the deep
learning training set. The GAN-based fake image was created for damage of LP insulator, and ResNet based normal and defect classification
model was developed to verify the effect. Through this, we analyzed the model accuracy according to the ratio of normal and defective training

data.
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Fig. 1. Generative Adversarial Network 7H'd
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