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Abstract: In the field of speech enhancement, deep neural network can improve the enhancement ability of the model by training
and modeling a large number of data with different noises in the supervised learning way. However, the acquisition cost of different
types of noise is large and the noise types are difficult to be comprehensive, which affects the generalization ability of the model.
Aiming at this problem, this paper proposes a noise data augmentation method based on generative adversarial network(GAN), which
learns from the real noise data and synthesizes virtual noises according to the data features, so as to expand the number and type
of the noise data in the training set. Experimental results show that the method of noise synthesis adopted in this article can effec-
tively expand the source of noise in the training set, enhance the generalization ability of the model, and effectively improve the
signal —to—noise ratio and intelligibility of speech signal after denoising.
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