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ABSTRACT

In this paper, we propose a new algorithm for attenuating the background noises in acoustic signal. This algorithm
improves the noise attenuation performance by using the FNN(: Full-connected Neural Network) deep learning
algorithm instead of the existing adaptive filter after wavelet transform. After wavelet transforming the input signal for
each short-time period, noise is removed from a single input audio signal containing noise by using a
1024-1024-512-neuron FNN deep learning model. This transforms the time-domain voice signal into the time-frequency
domain so that the noise characteristics are well expressed, and effectively predicts voice in a noisy environment
through supervised learning using the conversion parameter of the pure voice signal for the conversion parameter. In
order to verify the performance of the noise reduction system proposed in this study, a simulation program using
Tensorflow and Keras libraries was written and a simulation was performed. As a result of the experiment, the
proposed deep learning algorithm improved Mean Square Error (MSE) by 30% compared to the case of using the
existing adaptive filter and by 20% compared to the case of using the STFT(: Short-Time Fourier Transform)
transform effect was obtained.
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