2
F38% FE3W ’% ﬂf? Vol. 38, No. 3

2019 £ 5 H Journal of Applied Acoustics May, 2019

o FARIRE ©
—FUEA DNN-HMM BB Z 1R 5 755%™

Frat ZFEAED FHA' KME K B O R
IRR' FHE?

(1 WRIRRFETFEEER 1% 710048)

(2 HEMEZEAR % 710032)

FEE IR BT e 2 W0 2% 5 [ T R ] R AL (DNN-HMM) 45 & ) 75 27 A5 B 70 18 3% PR 50 ol FE vh e i B o
PR S5 ) L, 2t T — P S0 ) DNIN-HMM B8 15 55 01 50 00k . 1 e A48 R 2 15 I 4% (DBN) 45 45 R J5 3%
IR2E 2N (DBM), LR FE 0 22 P 2% 75 A A5, SR 5 R HOHG R 43136 (513 22 250 (MIFCC) A% 25035 ¥ Mel 8 %
A R B (Foank) 1B N7 SR E S 4L, @ TIMIT 85 R 3475050 . LR g5 LW 454 7T DBM I
DNN-HMM £ 34 AH bt DNN-HMM 28 88 B A%, Mo, ff il MFCC SR iEAE T AR R 5 A RE R 7 1 70
B RBE T 1.26% #10.20%. LhAh, 1 FH ERJE I8 25 21 1) Fbank KR AF 75 1 # 5 % 5 A 8 R R 7 TH 0 5 F R T
0.48% F110.82%, JF H.id & I yg sk 4 2 v] DARRARER R . B, WF P AR AU B 1R 30 55 10 i R 32 4 1) P (I )
21.06% A1 3.12% (R4 45 -

KIBIA B U, DR N4, PR AR, 7R AR AR

FEEES XS : TN912.34 SCERARIRES: A XEHS: 1000-310X(2019)03-0371-07

DOI: 10.11684/j.issn.1000-310X.2019.03.012

An improved speech recognition method based on DNN-HMM model

LI Yunhong! LIANG Sicheng! JIA Kaili’® ZHANG Qiuming’ SONG Peng'
HE Chen! WANG Gangyi'! LI Yuxuan?

(1 School of Electronics and Information, Xi’an Polytechnic University, Xi’an 710048, China)

(2 State Grid Xi’an Power Supply Company, Xi’an 710032, China)

Abstract The acoustic model combined with deep neural network and hidden Markov model (DNN-HMM)
has been used extensively in today’s speech recognition system. In this paper, an improved DNN-HMM model
speech recognition algorithm is proposed. First, a deep neural network acoustic model is built by the deep
belief network (DBN) and the deep Boltzmann machine (DBM). Then the Mel frequency cepstral coefficient
(MFCC) and the log filter coefficient of the log domain (Fbank) are extracted as an acoustic feature parameter.
Finally, the experiment is performed on the TIMIT speech data set. The experimental results show that the
DNN-HMM model combined with DBM has more advantages than DNN-HMM model, in which the MFCC
acoustic features can reduce the word error rate and sentence error rate by 1.26% and 0.20% respectively.

Moreover, using the Fbank feature default filter group rate decreases the word error rate and sentence error
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rate by 0.48% and 0.82% respectively, and an appropriate increase in the filter bank group can reduce the error

rate. In brief, the sentence error rate and the word error rate are reduced to 21.06% and 3.12% respectively.
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