2021 4F 12 A AT AN I Dec. 2021
Ha4 % H e Journal of Beijing University of Posts and Telecommunications Vol. 44 No.6

XEHS:1007-5321(2021)06-0134-07 DOI:10. 13190/j. jbupt. 2021-053

T [5) B S5 R 7= A 52 1Y 18 R E A

wER, x| &, & £, F-—FK

(BWFE TR [FETAES aakpe, BY 650500)

FEE . IEFMRNSZ BN R IR S AR SRR AN, S T A D U SR 7R RS T 1A RN Y [l B, 48—
FHE X O v T R ) RS A BREE AR . AR M R Rl B AN AR R AR TR I I 19 43 R X S R )
HE RS AT E R A B N EUT SRR PR SR OGBSO B TR 1 s SR 5 PR ERUAMG o R AR AR B R REAE , SR
B2 M 5 BRI HEA TN 2RI, SCO0 s SRR 2 Br 3 LB S AR T I O 1 9 P-4 U E A 3R A
X TR EE RIS RO RAR T T 27. 5% , 7F HABM: A 45T A9-F- 3R E 6 22 A $2 7t

X 8 R AN BRI  XTEUK IR E k2 A Mg BB

FESES . TN9I12. 3 XEARERS: A

Language Identification in Real Noisy Environments

SHAO Yu-bin, LIU Jing, LONG Hua, LI Yi-min

(Faculty of Information Engineering and Automation, Kunming University of Science and Technology, Kunming 650500, China)

Abstract; Language identification is heavily influenced by the real noise environment, resulting in poor
identification results. To solve this problem, an image processing method for language identification is
proposed based on the logarithmic gray-scale speech spectrogram. The logarithmic gray-scale speech
spectrogram is obtained by combining the human auditory properties and the voice filtered in real noise
environments according to the different distribution of noise and speech on the speech spectrogram. Then,
the principal component of the spectrogram is extracted as language features and, a residual neural
network model is used for training and testing. Experimental results show that the average identification
rate of the proposed method is improved by 27.5% in the noisy cockpit of a Blackburn Buccaneer
compared to the linear grey-scale speech spectrogram method. In other noisy environments, the average
identification rate is also improved.
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