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ABSTRACT

In this paper, we propose a dataset generation and screening method through generative adversarial neural
networks (GAN) and GSVD based linear discriminant analysis (LDA) in situations where a large amount of
learning datasets are required for the deep learning applications. We first generate the fake dataset through the
GAN and include them to the unified training dataset together with real measurement data samples. To reduce
the dimension of the unified dataset, GSVD based LDA is applied and the data samples are selected in the
reduced-dimensional space to train the deep neural network. We develop the deep neural network for the
character recognition and evaluate the recognition accuracy to verify the validity of the proposed dataset

generation and data selection methods.
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DNN train accuracy by distribution distance
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