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A study of robust speaker recognition feature under
noisy environment

CHENG Xiao-wei, WANG Jian, ZENG Qing-ning, XIE Xian-ming, LONG Chao
(School of Information and Communication, Guilin University of Electronic Technology, Guilin 541004, Guangxi, China)

Abstract: In order to solve the problem that speaker recognition rate is low under noisy environment, a speaker recog-
nition feature based on regularized linear predictive power spectrum is proposed. The method uses linear prediction
analysis and regularization of speech signal to get speech spectral envelope and then to get logarithmic sub-band energy
through the Gammatone filter group, and finally uses discrete cosine transform to compute feature parameters to get a
kind of speaker recognition feature named regularized linear predicted Gammatone filter cepstral coefficients
(RLP-GFCC). The simulation results show that the recognition rate of the system is significantly improved in compar-
ison with the systems of traditional feature MFCC and GFCC under noisy environment, and the robustness of the

system to noise environment is improved.
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Fig.3 Feature recognition rate in pink noise environment
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Table 3 Comparison of computation time between different
speaker recognition features

RS R I T B s
MFCCp 0.1689
GFCC 0.2762
LP-GFCC 1.4835
RLP-GFCC 2.0794
4 ZE 8

IR XS HAE SRR K, AU IE &
e DA AT RE, T L3 B A S R
FGU ) FR AR N B, ASCIE RS A 2 M T o)
Hr LR AN Sy e A FVRFPR R, SRt T i A



5 W

FE/NAE: R A AR RS 1 Ui 0 AR AR 7T 483

PHIEFE LP-GFCC #1 RLP-GFCC, FH TIMIT i&
= FEF noisex-92 MR, Matlab 1 B SLUG R,
X PR FIARFAELE B E N IR A R g M Re A T 15 S b
fIE MFCC F1 GFCC, &8 T R4t th N s Al
o I 7 P45 ) e P . (B RLP-GFCC IR 51 1k RE Y
AL THFE LP-GFCC, #ME=Z 5 A Ui ih N iR A &
SRR R R, DRI AE S5 42 A3 18 AR5 i
FLLAEH, BT RAGI A SR SCHR A 1 B IS R T

z2 £ X W

(1] R, B0E N BNBR 577 M. JE5t: 302 R,
2009.

‘WU Chaohui. The model and method of speaker recognition[M].
Beijing: Tsinghua University Press, 2009.

[2] SEEME. JTAEEE ARG EAR AU AR D). MR MR
BT R, 2013.

JIANG Ye. Research on speaker recognition over short utterance
and varying channels[D]. Nanjing: Nanjing University of Science
and Technology, 2013.

[3] Pati D, Prasanna S R M. Processing of linear prediction residual in
spectral and cepstral domains for speaker information[J]. Interna-
tional Journal of Speech Technology, 2015, 18(3):1-18.

[4] JAFE, #IEuE. ST SR RN RBF MKLEDE ARG KR
[1. 54K, 2010, 29(2): 184-187.

ZHOU Yan, HU Zhifeng. Application of immune algorithm based
RBF network to human speaker recognition[J]. Technical Acous-
tics, 2010, 29(2): 184-187.

[5] RHE, BRAL, PR, 3ETEH0TSERE R BLE A R[] R

i, 2013, 41(3): 619-624.
LIN Lin, CHEN Hong, CHEN Jian. Speaker recognition based on
robust auditory feature[J]. Acta Electronica Sinica, 2013, 41(3):
619-624.

[6] LI, k&l LF, 55 B0 S pE sk a4l 0 SERHE SN L

(7

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

VEVTALT]. AR, 2010, 38(3): 525-528.

WANG Yue, QIAN Zhihong, WANG Xue, et al. An auditory fea-
ture extraction algorithm based on y-tone filter-banks[J]. Acta
Electronica Sinica, 2010, 38 (3): 525-528.

Ekman L A, Kleijn W B, Murthi M N. Regularized linear predic-
tion of speech[J]. IEEE Transactions on Audio Speech & Lan-
guage Processing, 2008, 16(1): 65-73.

Bastys A, Kisel A, Alna B. The use of group delay features of
linear prediction model for speaker recognition[J]. Informatica,
2010, 21(1): 1-12.

Bastys A, Kisel A, Alna B. The use of group delay features of
linear prediction model for speaker recognition[J]. Informatica,
2010, 21(1): 1-12.

Saeidi R, Alku P, Backstrom T. Feature extraction using power-law
adjusted linear prediction with application to speaker recognition
under severe vocal effort mismatch[J]. Audio Speech & Language
Processing IEEE/ACM Transactions on, 2016, 24(1): 42-53.
Makhoul J. Linear prediction: a tutorial review. Proc IEEE 63:
561-580[J]. Proceedings of the IEEE, 1975, 63(4): 561-580.
KA. MATLAB TEIEHE 5o i 5a Beh B R [M]. Jbst db
FERUR RS R, 2013,

SONG Zhiyong. Application of MATLAB in speech signal analy-
sis and synthesis[M]. Beijing: Beihang University Press, 2013.
Shimamura T, Nguyen N D. Autocorrelation and double autocor-
relation based spectral representations for a noisy word recognition
system[C]// INTERSPEECH 2010, Conference of the Internation-
al Speech Communication Association, Makuhari, Chiba, Japan,
September. 2010.

Hanilgi C, Kinnunen T, Ertas F, et al. Regularized all-pole models
for speaker verification under noisy environments[J]. IEEE Signal
Processing Letters, 2012, 19(3): 163-166.

D. P. W. Ellis (2009). Gammatone-like spectrograms. http://www.
ee.co-lumbia.edu/~dpwe/resources/matlab/gamatonegram/.

Li Q, Reynolds D A. Corpora for the evaluation of speaker recog-
nition systems[C]// Acoustics, Speech, and Signal Processing, 1999.
on 1999 IEEE International Conference. IEEE Computer Society,
1999: 829-832.



