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Research on speech enhancement method based on hybrid deep neural networks
LIU Peng

(Department of Information Engineering and Big Data Science, Shanxi Institute of Technology, Yangquan 045000, Shanxi, China)
[ Abstract] The background, model principle and implementation process of speech enhancement based on hybrid deep neural

networks are systematically expounded. A hybrid DNN-based deep learning speech enhancement model was built and compared with
the stand alone DNN-based model. Experimental results show that the speech enhancement method based on hybrid DNN further

improves the quality of enhanced speech.
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