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ABSTRACT

In this paper, we studied the effect of kernel size of CNN layer on performance in acoustic noise attenuators. This
system uses a deep learning algorithm using a neural network adaptive prediction filter instead of using the existing
adaptive filter. Speech is estimated from a single input speech signal containing noise using a 100-neuron, 16-filter
CNN filter and an error back propagation algorithm. This is to use the quasi—periodic property in the voiced sound
section of the voice signal. In this study, a simulation program using Tensorflow and Keras libraries was written and a
simulation was performed to verify the performance of the noise attenuator for the kernel size. As a result of the
simulation, when the kernel size is about 16, the MSE and MAE values are the smallest, and when the size is smaller
or larger than 16, the MSE and MAE values increase. It can be seen that in the case of an speech signal, the features
can be best captured when the kernel size is about 16.
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Fig. 1 Adaptive noise attenuator
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