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A XS R R R B F IR R AR AR B, AT AT EAR R AR L3R T A o dk F SRR AT RO 899 F 4R AR 4R IR L % LFBank,
KR BN THAERRIAZ AR LEEESFUFERAIBABERBELABARREARIREZENGRL, F—F &, AT
R F— AN BRI E AR GAREERBAS M RIE K B MK . LFBank 55 FBank 45 45 2 477 3] R A 45 42 )
FHAT B LRA . ¥ LFBank #=% M 4F4E FBank 5 MFCC # 47 £ I sP b, RRe 4 R AW, A TR M IE K B AW HF IR 6 & £ R
ik EFSEARS., STROFER T . E5E—HFEGF R ER Y ROFERB AN L E BB FHRAKLR, L
HETZUERAG T,
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FEESES TNIL2

Study on Voiceprint Recognition Based on Mixed Features of LFBank and FBank

CUI Lin and WANG Zhi-yue

School of Electronic Information, Xi’an Polytechnic University,Xi’an 710699, China
Abstract Speech feature extraction is an important step in the process of voiceprint recognition. There is a large gap between
men and women in the distribution of sound frequency,but the existing feature extraction algorithms have not made correspon-
ding improvements for the sound frequency characteristics of different genders. To solve the above problems.,a speech feature ex-
traction algorithm LFBank designed for female voiceprint recognition is proposed. The linear filter banks is introduced into the
feature extraction process,and its linear distribution is used to make up for the deficiency of the traditional Mel filter banks in ex-
tracting high-frequency region information. On the other hand, in order to break through the limitation of single gender and
broaden the application scenarios,combining the advantages of linear filter banks and Mel filter banks, LFBank and FBank fea-
tures are combined to obtain mixed feature vectors for voiceprint recognition. The LFBank is compared with the commonly used
feature FBank and MFCC,and experimental results show that the feature vector based on linear filter bank has more advantages
in recognizing female voice. For mixed features,in the comparison experiment with single features,they can achieve better recog-
nition effect than single features and have a wider range of application scenarios.

Keywords Voiceprint recognition, Feature extraction,Sound frequency, Linear filter banks, Mel filter banks, Mixed feature
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Fig. 1 LFBank feature extraction process
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Fig. 3 Female dataset recognition results
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Fig. 4 Male dataset recognition results
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Fig.5 Half male and half female dataset recognition results
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Table 1 Female dataset recognition results

100 300 500

FBank 16.77  11.22 7.03
LFBank 16. 69 10. 56 6.31
mix- feature 14.07 8.50 4.74

w2 BEBUELE B RIR RIS

Table 2 Male dataset recognition results

100 300 500

FBank 16. 70 9.53 5.69
LFBank 17. 49 11. 64 7.82
mix- feature 14.51 8.32 4.92

3 DA LRARE FRIR B

Table 3 Half male and half female dataset recognition results

100 300 500
FBank 16.58 10. 64 5.93
LFBank 17.12 10.98 6.87

mix- feature 14.39 8.18 4.63
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