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Speaker recognition algorithm based on multi-featured I-Vector

ZHAO Hong, YUE Lupeng, CHANG Zhao-bin, WANG Werjie

(College of Computer and Communication, Lanzhou Univ. of Tech., Lanzhou 730050, China)

Abstract: Aiming at the problem of inaccurate and inefficient speaker recognition presented by single a-
coustic feature, a speaker recognition algorithm was proposed based on multi-featured I-Vector. Firstly,
different acoustic feature vectors were extracted and combined into a high-dimensional feature vector.Then
principal components analysis (PCA) was used to effectively remove the correlation of these feature vec-
tors, so that the features became orthogonalized. Finally, probabilistic linear discriminant analysis(PLDA)
was used for modeling and scoring, which led to reduce the spatial dimension to a certain degree. Experi-
ments were carried out on TIMIT corpus in combination with Kaldi speech recognition toolkit, and the re-
sults compared with the single-featured systems including Mel-frequency cepstral coefficients (MFCC) and
perceptual linear predictive (PLP) coefficients based on I-Vector, the equal error rate (EER) of the pur-
posed algorithm were increased by 8.18 %and 1.71% , respectively;the model training time were decreased
respectively by 60.4% and 47.5% ,respectively. Therefore, the purposed algorithm has betterspeaker recog-
nition performance and efficiency.

Key words: speaker recognition algorithm; multi-featured I-Vector; principal components analysis; prob-
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Tab.4 Gender differences are not considered in the system
EER/ % /h
MFCC 8.33 1.06 [1] ,
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0.833 0.42 2] . , ,
Ll ( ). 2018,58(4);
5 337-341.
Tab.5 Differences in system recognition of male voice [3] SUNE L.GU T,XIE K,et al.Text-independent speaker iden-

EER/% /h
MFCC 11.67 0.46
PLP 2.77 0.38
1.38 0.21
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Tab.6 Differences in system recognition of female voice

EER/% /h
MFCC 9.72 0.72
PLP 3.50 0.50
0.694 0.27
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