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Abstract; A noise resistant speech recognition method based on a speech enhancement algorithm was implemented.
First, it obtains the denoised speech, with significant SNR ( signal-to-noise ratio) improvement, by applying adap-
tive noise cancelling ( ANC) to the pre-treatment stage of speech recognition. Then Mel-frequency cepstral coeffi-
cients( MFCC) are computed from the enhanced speech. Then cepstral mean subtraction ( CMS) is used to compen-
sate for components of distortion and the residual noise of the enhanced speech in the cepstral domain. When
speech samples have a low SNR, ranging from 0 to 12 dB, experimental results indicate that the proposed method
performs better than a standard MFCC recognizer, conventional spectral subtraction (SS) and the ANC speech en-
hancement for digital speech recognition.
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Fig.1 The principle of adaptive noise cancelling
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noise cancelling, ANC) FBERBEHN: n=1,M=12,
§=0.01,BELEIHFHEN 1 K. ARBERES%
RS ILERE R, X 532 5 B R 75 i
AR/ BB B 4 ; 78 IR A B BT, CMS &b 22 v i) 157 98
N=20,8#$K 1 =0.94.

FR1~4 53HEHTHFEERNRED BIE
HBEF KB MALAE 7S \F16 75 A Babble RS 31
BHRIRAEE. b LR TH, A E
(MFCC + ANC + CMS) R Z: CMS Ab38 i 75 X3 H
EE IR (MFCC + ANC) B0, X EEG 4R
T+ CMS T AR 3th TH BR 3G 98 15 5 o B W 28 40
FIRWERS. TEARIEYR L (yane <O dB) R T, TR S
ZEEEBEINREFSPREETRALESE (G
SREHNEERES), XX TESEAK MFCC
TRAER IS8k AR P AT T S R A 1L, TR R
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Table 1 Speech recognition accuracy under white Gaussian noise background

MFCC +SS+  MFCC + ANC MFCC + ANC + CMS/ %
Yor/dB  MFCC/% MFGC +S5/%
CMS/% (LEF)/ % b33 5% BT 10% &3
-12 10.00 18.57 16. 67 40.48 65.24 65.71 66.19
-6 13.81 22.86 26.19 53.33 70.95 70.48 68.57
0 29.52 32.38 35.61 63.33 82.86 80.00 75.71
6 42.38 52.38 54.28 77.14 £9.05 28.10 81.43
12 54.29 71.90 83.33 87.62 91.90 83.81 61.90

R2 EEMVREERETHETIRAE

Table 2 Speech recognition accuracy under destroyer engine room noise background

MFCC +SS+  MFCC + ANC MFCC + ANC + CMS/%
Yo’ 9B MFCC/% MFCC +SS/%
CMS/% (ZLHBE)/ % THH 5% B 10% &%
-12 16. 67 21.43 22.38 42.86 55.24 54.76 52.86
-6 20.48 32.86 30.48 55.24 65.24 62.38 60.00
0 29.52 56.19 60.48 65.24 74.76 71.43 66.19
6 38.10 76.19 86.19 84.76 90.95 85.71 76.19
12 64.76 79.52 88.09 90.95 93.33 87.62 79.05

#3 Fl6 EERIE THMIETIABE

Table 3 Speech recognition accuracy under F — 16 noise background

MFCC +SS+  MFCC + ANC MFCC + ANC + CMS/%
You’9B  MFCC/% MFCC +SS/%
CMS/% (EEBE)/ % T 5%HE 10% &%
12 10.00 13.81 14.76 36. 67 57.14 57.62 59.05
-6 10.48 20.95 23.81 45.71 69.52 68.10 64.76
0 20.95 39.05 44.76 61.43 80.95 76.67 76.19
6 33.81 62.38 70. 00 82. 86 91.43 89.52 83.81
12 63. 81 75.24 89.53 90. 48 93.33 89.05 79.52

&4 Babble RERE THMEFTIRAE

Table 4 Speech recognition accuracy under Babble noise background

MFCC +SS+  MFCC + ANC MFCC + ANC + CMS/%
Yor/dB  MFCC/% MFCC +SS/%
CMS/ % (LEF)/ % TRH 5% 8F 10% 8%
-12 10.00 14.76 15.24 44.29 49.52 48.10 45.24
-6 12.38 25.71 24.76 51.90 69.52 59.52 56.19
0 20.00 42.38 43.81 59.52 80.95 69.52 64.76
6 42.86 65.71 75.71 73.81 91.43 81.90 77.14

12 70.95 80.48 87.15 93.33 93.33 87.14 80.48
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