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Spectrogram Transforms for Speech Enhancement by Image-to-image Translation
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We aimed to examine well-known image-to-image translation technique, so-called pix2pix based on deep neural networks.

Focusing on time-frequency analysis and implementing auxiliary classifier generative adversarial networks (ACGAN), we

estimated the transform performance of spectrograms for sound enhancement. As a result using an image index, SSIM, we

confirmed to slightly improve its performance compared to the original research.
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