$9% H5H g2 et E N 5 & A 2019 £9 A
Vol.9 No.5 Intelligent Computer and Applications Sep. 2019

XEHE. 2095-2163(2019)05-0146-04 R E4S%EE.TN912.35 XHEkRERS A

N =4 3 H == o — L
ETREFINESFTBRAEAR
PUR
(LBEIREEARZR FRIBREABEMFR, WLFA FHER 045000)
B O PP TIREE R T BB R TTE I OIS, RGEMNE 1A TR A ) OTE T S0 D7 IR SR AR SR B SR AN
Fohiid FE . 7E TensorFlow -5 FFAHE T 5T DNN PR EE 2 > i & B S BALIEAT T 9250, S0 Uk 1 kT DNN F1FH 5 1 58 7
L, PR TR A TR
KR WL IBEHE; DNN; 5 il
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[ Abstract] The background, model principle and implementation process of speech enhancement based on deep learning are

systematically expounded. A DNN-based deep learning speech enhancement model is built on the TensorFlow platform to conduct
experiments, and it is verified that the speech enhancement method based on DNN improves the intelligibility of enhanced speech.
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Fig. 1 Speech enhancement framework based on DNN
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Tab. 1 NCM evaluation results of speech intelligibility under

SNR= -15 dB
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Babble 0.26 0.22 0.31
Car 0.29 0.27 0.45
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Tab. 2 NCM evaluation results of speech intelligibility under

SNR= -10 dB
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