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ABSTRACT

We conducted a study to apply a GAN model to improve accuracy in quality prediction using press data. In this study, we
analyzed various characteristics of press process data and used GAN to determine the effect on quality. In the data
preprocessing stage, we designed a model that can effectively learn important features, reorganized the dataset to monitor
relationships between important features, and optimized GAN to learn important patterns required for quality prediction. By
comparing quality prediction results based on data generated from the press process with actual quality data, we verified the
performance of the GAN-based quality prediction model and evaluated its effectiveness.
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