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[Abstract]

In this paper, we aim to improve the problem that the original data are removed like noise by mistakenly recognizing the data
in the high frequency domain as noise in the prediction process of the existing U-Net neural network. The proposed U-Net neural
network identified a specific frequency to block the voice and noise by confirming that the frequency distribution of the noise
exists in the upper region compared to the voice, and the improvement in sound quality with the existing U-Net neural network
algorithm was achieved by prioritizing preprocessing. In addition, by using a new active function that finds the optimal parameters
in the process of updating the weights, it is possible to prevent overfitting and lower the verification loss value. Improvement in
sound quality was quantitatively evaluated through evaluation indicators SNR and RMSE. Through the experiment, it was
confirmed that the performance of SNR was improved by 50% and RMSE by 30% or more and the verification loss value
decreased by 30% by using the new activation function PReLU.
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